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High Level Overview of Contrasting

m Contrasting -- one of the most basic types of analysis
= routinely used, by all types of people, perhaps subconsciously
* to better understand the world around us
* to better deal with the problems/challenges we face

= Contrasting involves the comparison of one set/kind/class

of objects against another set/kind/class.

= Aim: identify the differences b/w them, to provide useful insights on
how, and perhaps also why, the
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Contrasting can be employed in many
situations/contexts

two population groups — the young vs the elderly;

two medical conditions -- the normal vs the diseased tissues of a
cancer;

two time periods -- performance of various groups/styles of stocks in
2009 vs in 2010;

two spatial locations — states in US vs provinces in Canada;

two DNA sequence locations — gene start sites vs non-gene start
sites;

analyzing holes and bumps in data;
analyzing model shifts over time;

THE UNIVERSITY OF
WRIGHT STATE

»). MELBOURNE

Guozhu Dong and James Bailey, ContrastDM Workshop



Traditional Approaches to Contrasting

= Before the age of computers, technigues for contrasting were
often based on traditional statistical methods:
m comparing the respective means of features of objects in the two sets
m comparing the respective distributions of attribute values of objects in
the two sets
m These approaches are limited -- difficult to use them to
identify specific patterns that offer novel/actionable insights.

= In the last dozen years, significant progress on contrast data
mining has been made.
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General Definitions & Terminology (1)

Given two datasets, D1 and D2, that one wishes to
contrast, contrast patterns are patterns that describe
significant differences between D1 and D2.

A pattern X is considered as describing differences b/w the
two datasets if some statistics (e.g., support or risk ratio) for
X with respect to the datasets are highly different. E.G.

m [suppl(X) — supp2(X)|is large

m suppl(X)/supp2(X) is large
We often refer to the dataset/class where a pattern P has
the highest frequency as its home dataset/class.

Contrast mining studied for many data types: transactions,
vectors, sequences, graphs, images, texts, ...
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General Definitions & Terminology (2)

= Many names have been used to describe contrast patterns,
Including emerging patterns [7], contrast sets [4], group
differences, patterns characterizing change, classification
rules, discriminating patterns, conditional contrast [39], ...

m Contrast patterns are often expressed as conjunctions of
simple conditions on attributes; recent research has studied

contrast patterns involving constructs:
m disjunctive emerging patterns [23]

fuzzy emerging patterns [15]

contrast inequalities [11]

contrast functions [10]

emerging cubes [29]
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Representative Contrast Pattern
Mining Algorithms (1)

®= A range of techniques/algorithms have been proposed.

The algorithms often push pattern constraints (such as
minimum/maximum frequency and minimum support
difference/ratio) deep into the mining process.

Data reduction based algorithms
m Tree based algorithms [3]
m Zero-suppressed binary decision diagram based algorithms [23]

Lossless pattern space reduction algorithms
= Border based algorithms [7]
m Equivalence class based algorithms [19]

Some algorithms mine subset of CPs to be used as feature set for classifiers [35].
Some others mine other kinds of incomplete subsets [36,37].
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Representative Contrast Pattern
Mining Algorithms (2)

For some data, e.g. microarray data for cancer, it may not be
feasible or desirable to mine all contrast patterns

Work in [28] presents a technique that mines desirable subsets
of contrast patterns, using a gene club based approach

A gene club for a given gene g is a set of genes that can
differentiate between two different disease states and which are
likely to interact with g with respect to the disease.

This approach can mine some high quality (near optimal)
contrast patterns involving each of the given genes, to offer
Insight on the role played by each of the genes in the disease.

Very good performance — see next slide
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EPs with high support for colon cancer
found by Gene Club based Methods

A tissue is represented by ~2000 of features/genes

Colon Cancer EPs

{1+ 4- 112+ 113+} 100%
{1+ 4- 113+ 116+} 100%
{1+ 4- 113+ 221+} 100%
{1+ 4- 113+ 696+} 100%
{1+ 108- 112+ 113+} 100%
{1+ 108- 113+ 116+} 100%
{4- 108- 112+ 113+} 100%
{4- 109+ 113+ 700+} 100%
{4- 110+ 112+ 113+} 100%
{4- 112+ 113+ 700+} 100%
{4- 113+ 117+ 700+} 100%
{1+ 6+ 8- 700+} 97.5%

1+: glis high

4-: g4 is lowtr
WRIGHT STATE

Colon Normal EPs

{12- 21- 35+ 40+ 137+ 254+} 100%
{12- 35+ 40+ 71- 137+ 254+} 100%
{20- 21- 35+ 137+ 254+} 100%
{20- 35+ 71- 137+ 254+} 100%

{5- 35+ 137+ 177+} 95.5%

{5- 35+ 137+ 254+} 95.5%

{5- 35+ 137+ 419-} 95.5%

{5- 137+ 177+ 309+} 95.5%

{5- 137+ 254+ 309+} 95.5%

{7- 21- 33+ 35+ 69+} 95.5%

{7- 21- 33+ 69+ 309+} 95.5%

{7- 21- 33+ 69+ 1261+} 95.5%

Colon cancer dataset (Alon et al,
1999 (PNAS)): 40 cancer tissues,
22 normal tissues. 2000 genes
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These EPs have 95%-
-100% support in one
class but 0% support
in the other class.

Minimal: Each proper
subset occurs in both
classes.

Only one of these EPs
are be found from the
top 70 genes (info gain
order) .

None found using top 35
genes; highest home
freq of EPs from top 35
genes was ~77%
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Applications of contrast mining for
fundamental KDD tasks — classification (1)

m Since contrast patterns contain signals discriminating the
classes, there have been on how to use
contrast patterns to build accurate classifiers.

= In general, three issues need to be addressed in order to
build a contrast pattern based classification model:
m contrast pattern mining, [covered by mining algs]
m contrast pattern selection for use in classifier,
m scoring strategy for the classification decision.

= Two main scoring approaches:
= Deciding by matching pattern for given sample t (e.g. CBA [25])
= Decision by all matching patterns for t (aggregation) (e.g. CAEP [9])
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Applications of contrast mining for

fundamental KDD tasks — classification (2)

m CAEP: Classification by aggregating emerging patterns
= Each matching EP for t contributes a discriminative vote/score for each
class; class with highest aggregated score is the predicted class
= Many variants of CAEP have been proposed

m ICAEP [34]: The predicted class for t is the one requiring the shortest
EP based description length for t

m DeEPs [20]: The predicted class for t is the class having the largest
volume of data that match some matching EPs of t; the EPs are mined
on projected data that only contain items in t (lazy learner)

m CPAR [34]: The predicted class of t is the class having highest average
prediction among the best k contrast patterns that match t

= EPs with low support can be very useful here
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Applications of contrast mining for
fundamental KDD tasks — classification (3)

m Emerging patterns were also used to improve other classifiers
CAEP style EP based scores were used to assign weights to instances

Weight of a case t can indicate confidence that t belongs to a class; used to
build weighted decision tree [2]

Weight of a case t can indicate whether confidence on t’'s class is ambiguous;
used to build weighted SVM [13]

m Emerging patterns were used to add new training data instances for rare
class classification [1]

m Reference [5] proposed an EP length statistics based one-class classifier
for outlier/intrusion detection

m Ref[16][17] proposed emerging pattern based methods to classify images.

= Images are first partitioned into grids; then represented as transactions (of
color/texture features) with occurrence counts.
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Applications of contrast mining for
fundamental KDD tasks -- clustering

m CPCQ clustering quality index [24]
m CPC clustering algorithm [12]

= They do not require distance functions.

m Distance functions are hard to define, since clustering is
usually applied in explorative situations where little is
known about the data.
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The CPCQ o
Clustering Quality Index ﬁA

e

« ACP characterizes its home cluster and distinguishes its home
cluster from other clusters.
« CPCQ Rationale:
* Ahigh-quality clustering has many, diversified, high-quality
contrast patterns (CPs) for its clusters.

« CPCQ often recognizes expert-determined clusterings as
superior to algorithm-determined clusterings (UCI data)

THE UNIVERSITY OF

WRIGHT STATE B MELBOURNE




CP Quality and Diversity

CP quality of a CP X: length ratio of closed pattern of X over
minimal generator patterns of X.

X’s EC = <{M1,...,Mn}, P>

avg {length(Mi) | i=1...n} is small =» easy to distinguish tuples in mat(X)
against other tuples

length(P) is large =>» tuples in mat(X) are highly coherent

EC of CPs: all CPs with the e.g. <{ab’ac’cd}, abcdef>
same set of matching data

CP diversity: Many high quality CPs very dissimilar to each other
High dissimilarity in both the items they contain and their mat().
There are many different ways to characterize tuples in the clusters
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CPC Algorithm: Clustering to

Select Seed CPs,

using MPQ

WRIGHT STATE

Maximize CPCQ

3. Assign Patterns as
CPs of Clusters, using
Tuple Overlap

tuples

2. Assign Patterns to

CP Group G; of

Clusters, using MPQ

PS(C1

PS(C2

4. Assign Tuples to

Clusters, Using
Tuple Overlap
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High quality mutual pattern vs low
qguality mutual pattern (MPQ)

* Xis a mutual pattern of P1 & P2 if mat(X) overlaps with both mat(P1)
and mat(P2), but mat(X) is not contained in either.

High-Quality Low-Quality
Mutual Pattern X Mutual Pattern X

items .....

tuples

Left:

- X becomes CP
alongside P, & P, iff
P, and P, are CPs of

the same cluster. X
mat(P,) P, P,

X Right:
- X may or may not be
mat(P,) P, a CP in either case. P,

5 s THE UNIVERSITY OF
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Applications or contrast mining In
bioinformatics, medicine, blog analysis,
Image analysis and subgroup mining (1)

= Microarray gene expression data based bioinformatics:

m [22] used emerging patterns to characterize disease subtypes, used
an emerging pattern based classifier to predict those subtypes.

m [21] conjectured the possibility of using emerging patterns to design
personalized treatment plans

m [26] considered the use of contrast patterns to identify strong
compound risk factors that have big risk differences.

m [27] considered the use of transferability of discriminating genes
(genes that occur in high guality emerging patterns) across
microarray technology platforms to measure the concordance of
microarray technology platforms.
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Applications or contrast mining In
bioinformatics, medicine, blog analysis,
Image analysis and subgroup mining (2)

= Blog community analysis.

= [6] studied the use of contrast patterns as distinct interest profiles of
communities of blogs.

m [t uses the CPC algorithm to form clusters of blogs based on their
common distinct interest profiles, & uses a very small number of
contrast patterns to characterize the discovered blog communities.

m Useful for discovering and tracking blog communities based on their
dynamic distinct interest profiles, instead of being based on the
statically declared key words of interest of the blog authors.

m Image analysis: [16][17] -- discussed earlier

m Subgroup discovery and analysis: [30] examined the relationship
between contrast patterns and subgroup mining and analysis.
[38] studied mining differences between groups.
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Blog Clustering/Description Experiments
on data = Heath U Music U Sports U Business

Blogs of four known categories were mixed, then clusters
and cluster descriptions were generated by CPC

TABLE V. CLUSTER DESCRIPTIONS FOR. CPC-GENERATED
CLUSTERS. k=4, mun5=3%

CPCQ-generated CP groups (min5=3%)
Cluster F-score: 0.77. CPCQ score: 0.325
DIFP (CP group) 1 DIP (CP group) 2
) {bodi, food}. {symptomy} .
{suffer, medic} fhealth, fit}
band, song}, _
: {jE-:-nmh_ musi:} treleas. song}
3 {team. game} {season, team}
4 {busi. market} {busi, mone1}
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RESUILS ON contrast pased dataset
similarity measure, and on analyzing item
Interaction in contrast patterns

Work in [32] considered the use of cross dataset/class minimum coding
length difference to define a similarity measure between datasets.
= Here, encoding is done by using codes that represent patterns.

for domain experts is
Important. [14] analyzed the types of that may occur
among items in contrast patterns, and categorized contrast patterns
according to four types of item interaction

= driver-passenger,

= coherent,

= Independent additive,

m synergistic beyond independent additive.
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Open research guestions

Many challenges still remain and there is great potential for exciting
research. Some open research guestions for this field include:

= How does one assess the quality of contrast patterns, particularly for
cases where the underlying datasets are of a complex type, such as
a graph?

How can one incorporate domain knowledge to guide the discovery of
contrast patterns?

How can one use domain knowledge to understand the semantics of
the mined contrast patterns, such as causation effects?

Is it feasible and desirable to discover highly expressive contrast
patterns, such as patterns defined by first order logic formulae?

What other applications can benefit from contrast mining? How?
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Overview of upcoming book (to
appear in Spring 2012): ~ 20 chaps

Mining algorithms (basic
algorithms, incremental
algorithms, mining subset of
contrast patterns as features for
classification, more expressive
contrast pattern mining) — 6
chapters

Contrast pattern based
classification (basics chapter,
Image classification, enhancing
classification, one-class
classification) — 4 chapters

Contrast pattern based clustering
— 1 chapter
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Emerging cubes — 1 chapter

Contrast patterns and microarray
data analysis / bioinformatics -- 3
chapters

Emerging patterns for
chemoinformatics — 1 chapter

Contrast patterns for geospatial
applications — 1 chapter

Emerging patterns for activity
recognition — 1 chapter

Emerging pattern and rough sets
-- 1 chapter

Other topics -- 1 chapter
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Example EP in microarray data for cancer

Normal Tissues Cancer Tissues
genes. —> gl g2 |93 |04 gl |g2 |93 |04 Z:\Z::Se }
tissuesi L H L H H H L H data

L H L L L H H H

H |L |L |H SNSRI HRN Ty
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EP example: X={gl=L,g2=H,g3=L}; suppN(X)=50%, suppC(X)=0
Or X={1-,2+,3-}
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