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My research is focused at the intersection of machine learning and public policy.

Increasingly critical importance of Continuously increasing size and
addressing global policy problems complexity of policy data, and rapid growth
(di sease pandemi cs, c rofineweand transformative teshnoégies.

N /

Machine learning has become increasingly essential for data-driven policy analysis
and for the development of new, practical information technologies that can be
directly applied for the public good (e.g. public health, safety, and security)

Goals of the MLP initiative: increase collaboration between ML and PP
researchers, train new researchers with deep knowledge of both areas, and
encourage a widely shared focus on using ML to benefit the public good.

A quick advertisement for the new and growing MLP curriculum at CMU:

Joint Ph.D. Program in Machine Learning and Public Policy (MLD & Heinz)
Artificial Intelligence Tools for Policy (introductory course for PPM students)
Research Seminar in Machine Learning and Policy (ML & Heinz PhD students)
Special Topics in Machine Learning and Policy (Event & Pattern Detection)
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My research has two main goals: to develop new machine learning methods for
automatic detection of events and other patterns in massive datasets, and to
apply these methods to improve the quality of public health, safety, and security.

Customs monitoring: Biosurveillance: early Law enforcement:
detecting patterns of illicit ~ detection of emerging detection and prediction
container shipments outbreaks of disease of crime hot-spots

/ /
Our methods could have detected We are able to accurately predict
the May 2000 Walkerton E. coli emerging clusters of violent crime 1-3
outbreak two days earlier than the weeks in advance by detecting clusters
first public health response. of more minor Al ead:i
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Pattern detection by subset scan

One key insight that underlies much of my work is that pattern
detection can be viewed as a search over subsets of the data.

First challenge: what subsets of the data to search?

Anomaly detection = Individual anomalous records
Anomalous pattern detection = Groups of records (and attributes)
Event detection = Spatial and space-time regions
Pattern characterization = Groups of records x pattern types, parameters
Pattern discovery = Iteratively learn what patterns are relevant

Second challenge: how to decide if a Third challenge: how to make this
subset is anomalous, matches a pattern, search over subsets efficient for
or is otherwise interesting/relevant? massive, high-dimensional data?
New statistical machine learning New algorithms and data structures.
methods (e.g. expectation-based, Exploit properties o
nonparametric, Bayesian, and Make previously impossible detection

Bayesian Network scan statistics)  tasks computationally feasible and fast!
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Disease survelllance

Bioterrorist attacks, e.g.
release of anthrax spores

Avian influenza and other
emerging infectious diseases
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Early detection of disease outbreaks can
save thousands of lives, and can
significantly reduce the human and
economic impacts of an outbreak.

Our solution: automatic surveillance

Automatic monitoring of electronically available
public health data sources in near real-time.

(Hospital ED visits, OTC medication sales, 911 calls, etc.)

Automatic detection of anomalous patterns
that are indicative of an outbreak, using a
variety of new statistical and ML methods.

Automatic reporting of alerts to public health.



A recent potential outbreak

Spike In sales of pediatric electrolytes near Columbus, Ohio
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A recent potential outbreak

Spike In sales of pediatric electrolytes near Columbus, Ohio
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Under the hood: how does it work?

Simplest case: Finding emerging spatial clusters in a single data stream.

R Bk " This increase
o g PR T —
@Rl " A U WM could be due to
- By [ an outbreak, or
. Yoo £F RS Rt B3 RE KR 68 Vi 65 A A8 4 04 due to chance.
T & e - -
& BRI Time series of counts for Which increases
: each zip code (at least 3 are significant?
. months of historical data).
Daily over-the-counter sales of

cough/cold medication, for each of
over 20,000 zip codes nationwide.
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The space-time scan statistic

(Kulldorff, 2001; Neill & Moore, 2005)

Rather than searching for
single locations that are
anomalous, we search for
regions containing a group of
anomalous locations.

Imagine moving a window
around the scan area,
allowing the window size,
shape, and duration to vary.
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The space-time scan statistic
(Kulldorff, 2001; Neill & Moore, 2005)
L .
v e
th h”/f % Rather than searching for
h_ﬁ'\_ﬁ-"‘gﬂ single locations that are
"A’ e anomalous, we search for

regions containing a group of
anomalous locations.

.

Imagine moving a window
around the scan area,
allowing the window size,
shape, and duration to vary.

Time series of

For each space-time region, past counts Actual counts

we examine the aggregated Y o “ of last 7 days
time series, and compare ooy T T e ected counts
actual to expected counts.  ° ¢ W e

| | | | | of last 7 days
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The space-time scan statistic
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F(S) =

(Kulldorff, 2001; Neill & Moore, 2005)

We find the highest-scoring
space-time regions, where the
score of a region is computed
by the likelihood ratio statistic.

Alternative hypothesis:
eventinregion S

_ PrDataHy(S)) ¥
PrOata|Ho) %

Null hypothesis:
no events

how can we t el |




The space-time scan statistic

(Kulldorff, 2001; Neill & Moore, 2005)

Thus we end up with a list of
the significant spatial clusters
for each data stream.

Each cluster represents a
potential event (e.g. an
outbreak of disease) which
may be of interest to the user.

<+ Maximum region |
score = 9.8

Many unanswered questions:

A How do we choose appropriate models for the null and alternative hypotheses?

A How do we efficiently search over the billions of possible regions?

A How do we achieve better results by combining results from multiple data streams?
A How do we reduce the number of false p
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Why multivariate event detection?

ED visits ED visits OTC sales| |OTC sales é
(fever) (respiratory) (nasal) (cough)

Multivariate Event
Detection System

)

No Anthrax Influenza é
outbreak outbreak outbreak
In region S In region S
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Why multivariate event detection?

ED visits
(fever)

[t
T\

OTC sales
(nasal)

K
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S

Goal 1: More
timely detection.

Multivariate Event
Detection System

We can detect emerging
events in the early
stages, when they have
a smaller impact on

//\each individual stream.
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No Anthrax
outbreak outbreak
In region S

Influenza
outbreak
In region S
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Why multivariate event detection?

- (respiratory)

ED visits

T\

Sl
L

Goal 2: Event
characterization.

Multivariate Event
Detection System

V4

e

We can distinguish

between different

event types based
on the affected

//N}ion and streams.

No
outbreak

Anthrax
outbreak
In region S
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Why multivariate event detection?

ED visits

ED visits

(fever) (respiratory)

T\

Sl
S

V4
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Goal 3: Reduce
false positives.

Multivariate Event
Detection System

We can model various
other causes of a
detected pattern and
distinguish these from

//\elevant events.

Anthrax Influenza
outbreak outbreak
In region S In region S
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Overview of the MBSS method

Neill and Cooper, Machine Learning, 2009

- :> Multivariate
Dataset j> Bagfasrl]an :> Outputs
| Models | j> Statistic

Given a set of event types E,, a set of spatial regions S, and the multivariate
dataset D, MBSS outputs the posterior probability Pr(H,(S, E,) | D) of each type

of event in each region, as well as the probability of no event, Pr(H, | D).

MBSSusesBay es 6 Tthhoombine the data likelihood given each hypothesis
with the prior probability of that hypothesis: Pr(H | D) = Pr(D | H) Pr(H) / Pr(D).
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The Bayesian hierarchical model
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Space-time K Type of event
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Effects of / t \,‘/ Parameter priors
event \ qi,m /
Expected counts Relative risks

Observed counts
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Advantages of MBSS

Can incorporate prior knowledge Results are easy to
of event prevalence, size, shape, Interpret, visualize, and
duration, spread, and impact. use for decision-making.

Computation is fast in the Bayesian
framework, and randomization
testing Is not necessary.

P(anthrax) = 22%

P(other ILI) = 33%

We can detect faster and We can model and differentiate
more accurately by integrating between multiple potential
multiple data streams. causes of an event.
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Incorporating learning into detection

We have made major advances in detecting anomalous patterns,
but not in determining which of these anomalies are relevant.

/20, 5213 cough/ col ¢—% A al =
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alerts to do with

/

9
9
9
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We must model and differentiate between multiple causes of a
detected pattern, and provide only the relevant patterns to the user.

How can we classify patterns, and
determine which ones are relevant
to a given user at a given time?
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Incorporating learning into detection

We have made major advances in detecting anomalous patterns,
but not in determining which of these anomalies are relevant.
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We must model and differentiate between multiple causes of a
detected pattern, and provide only the relevant patterns to the user.

How can we classify patterns, and
determine which ones are relevant
to a given user at a given time?

Incorporate user feedback
Into the detection process,
and use it to learn models!
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Active learning of new event types

C

AAny clusters of interest today?o

. nYes, this appears to be an anthr .
based on increased OTC\g ' and f

o, we donodt see a corresp@(” I nc
visits. Il think this cl usit us-t
nOK. Can you identify why hes:
clusters also correspond t\o promoti or
ARYes, all of these. Any y(her c\Jste
ANot really, jJjust more seasonal flu and
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