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Clustering

e Partitional clustering partitions objects into disjoint groups
©~ Such as K-means, DBSCAN

e Hierarchical (nested) clustering produces a nested set of clusters

< Each level is equivalent to a partitional clustering

o Start with each point as a cluster and merge clusters according to
some scheme, e.g. Single link, complete link, group average.
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Group Average Hierarchical Clustering

e Similarity between clusters is based on the pairwise average
similarity between the objects to be clustered.

e Also called UPGMA: Unweighted pair-group method using
arithmetic averages
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Pattern Preserving Clustering: Motivation

e In many domains, there are groups of objects that are involved in
strong patterns that are key for understanding this domain.
In text mining, collections of words that form a topic.
In genomics, sequences of nucleotides that form a functional unit.
e We want to design a clustering schema that preserves these

patterns, I.e. that puts the objects or attributes of these patterns in
the same cluster.

Otherwise, the resulting clusters will be harder to understand
since they must be interpreted solely in terms of objects instead
of well-understood patterns.

The value of a data analysis is greatly diminished for end users.
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The Hyperclique Pattern

e [The H-confidence Measure:] The h-confidence of an itemset
P = {iy, 19, -+, 1, } IS defined as hcon f(P) = min [con f{i1 — is,
s tm ), conflis = d1,03, -y imby e confli, = i1, . imo1 ),
where con f follows from the conventional definition of association
rule confidence.

e [Hyperclique Pattern:] An itemset I = {iy,is,...,%,} IS a
hyperclique pattern if hcon f(P) > h., where h. is a user-specified
minimum h-confidence threshold.
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Hyperclique: Example

e For a hyperclique pattern P = { A, B, C'}, assume that:

o supp({A}) = 0.1, supp({B}) = 0.1, supp({C}) = 0.06,
supp({A, B,C}) = 0.06.
=
oconf{A — B,C} = supp({A, B,C})/supp({A}) = 0.6
oconf{B — A,C} =0.6
oconf{C — A, B} =1.

e Hence, the h-confidence of the hyperclique pattern P is:

o heonf(P) = min{conf{B — A,C},conf{A — B,C},conf{C —
A, B}}=0.6.
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Properties of H-confidence

e Computational Efficency

< Anti-monotone property
* h-confidence is non-increasing in the size of the itemset.
o Cross-support property

e High Affinity Nature

o The items in an itemset with h-confidence h are guaranteed to
have a pairwise cosine similarity of h.
- For example, items in an itemset with h-confidence 0.5 are
guaranteed to have a pairwise cosine similarity of 0.5.

o ltems in a hyperclique pattern are closed associated in a way that
agrees well with the goal of clustering to find groups of objects
that have high similarity.
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HICAP: Key Foundations

e Hypercliques seem like a promising pattern on which to base
pattern preserving clustering.

< High affinity nature.
o Efficency of finding hypercliques vs. frequent patterns.
<~ Smaller number of patterns.

e Hierarchical clustering approaches such as group average are
promising techniques to use for pattern preserving clustering.

o Group average never splits groups of points.
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HICAP Algorithm

e Find maximal hyperclique patterns

Non-maximal hypercliques will tend to be absorbed by their
corresponding maximal hyperclique pattern and not affect the
clustering process.

Thus, using all hyperclique patterns would cause a great deal of
overhead with little if any gain.

e Perform a group average hierarchical clustering

The starting clusters are hyperclique patterns and the points not
covered by hyperclique patterns.

Except for the starting point, the clustering algorithm is the same
as the group average approach.

Since hypercliques are overlapping, resulting clustering may also
be overlapping.
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Experimental Setup

e Data Sets
Data Set LA1 REO | WAP
#Documents 3204 1504 | 1560
#Words 31472 | 11465 |8460
#(Classes 6 13 |20
Min Class Size 273 11 |5
Max Class Size 943 608 | 341
Min/Max Ratio of Class Size| 0.29 0.018 |0.015
Source TREC-5 | Reuters | WebAce
e Entropy:

Ej = =X pilog(p;;) and E = gil Yk By
1 j=1n

pi; Is the probability that a member of cluster j belongs to class .
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Experimental Results: Entropy of Hypercliques

e Hypercliques tend to contain documents of the same class.
e Entropy of frequent patterns is high.
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Experimental Results: Pattern Splitting

e HICAP does not split patterns.
e Ratio: the percentage of hyperclique patterns being split.
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Analyzing the Nature of Clusters

e Two pure hyperclique patterns are traced (Cluster from REO).

4045 47 50 74 83 84 89 90 123 151 155 165 170
206 207 240 249 253 302 323 326 364 365 371
380 428 431 439 444 447 450 490 492 505 508
516 519 569 581 586 588 591 617 619 629 638
641 674 685 686 695 697 735 738 747 759 798
811 816 824 857 875 887 891 941 942 946 950
987 1000 1022 1027 1076 1086 1103 1149 1160
1175 1200 1203 1209 1215 1219 1222 1274 1276
1280 1284 1341 1350 1364 1371 1387 1394 1396
1403 1407 1467 1470

302 569 617 798 857 40490 569 617 674 798 857 1274 1341
(money money money money money) (money money money money money
money money money money)
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Analyzing the Nature of Clusters ...

e The cluster is also relatively pure.

money Imoney money money money money money money
mMoney money money money money money money money money
money money money money money money money money money
money money money money money money money money money
money money money money money money money money money
interest money money interest money money money money
money money money money money money money money money
money money money money money money money money money
money money money money money money money money money
money money money money money money money money money
money money money money money money money money money
money money money money
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Analyzing the Nature of Clusters ...

e Two hyperclique patterns are pure, but different (Cluster from WAP).

2312395461 718595106114 154 167 192
201202 210 224 235 286 317 347 352 354 372
381 386 391 406 424 453 477 491 492 502 535
537 555557 560 565 571585 586 587 591 598
611 616 634 643 645 650 672 676 681 704 710
721723 733 735 747 752 774 782 787 788 790
792 798 814 824 839 851 859 877 884 888 907
918 920 941 964 977 981 982 1004 1019 1029
1031 1036 1053 1062 1067 1093 1113 1125
1126 1130 1147 1176 1177 1178 1182 1193
1195 1216 1217 1218 1231 1243 1247 1264
1267 1277 1279 1284 1296 1313 1315 1319
1374 1377 1390 1394 1427 1434 1435 1460
1468 1491 1511 1512 1516 1517 1518 1523 1524

586 710 859 982 1195 354 391 424 704 1460

(Film Film Film Film Film) : (Television Television Television
Television Television)
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Analyzing the Nature of Clusters ...

e The cluster is also mixed.

Television Television Television Film Film Television Stage Television Television
Television Film Cable Television Television Television Variety Film Television Film
Television Stage Television Film Television Film Television Film Television Film
Television Television Film Cable Television Stage Film Television People Television
Film People Television Cable Film Television Television Media Stage Television Film
Television Film Television Television Stage Film Television Film Television Television
Stage Film Television Film Television Television Film Film Television Television Cable
Television Television People Television Film Television Film Television Television
Film Television Variety Variety Television Film Film Cable Film Television Television
Film Television Television Film Television Television Television Film Film Television
Film Film Television Television Television Film Television Television Television Film
Television Film Television Film Television Film Television Film Variety Film Television
Film Industry Television Film Television Art Television Television Film Media Industry
Stage Television Television Television Television Television
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e Some statistics from WAP (covered 808 out of 1560 documents).

CNo |size |#unmatch | #hyperclique Classes of hypercliques
1 49 5 16 People/Online

2 66 0 9 Sports

3 169 |59 10 Business/ Tech /Politics
4 313 |2 49 Health

5 33 3 4 Film

6 61 9 9 Politics

7 18 0 7 Culture

8 44 2 1 Television

9 25 0 7 Sports

10 22 4 1 People

11 8 0 2 Television /Stage

Total | 808 | 84 115
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Conclusions and Future Work

e Conclusions
o HICAP is a pattern preserving clustering technique based on the
hyperclique pattern and the group average clustering approach.

o A key benefit of pattern preserving clustering lies in aiding cluster
interpretation

e Future Work
o Investigating whether other patterns can be used for pattern
preserving clustering.
* What properties of patterns are needed for meaningful results?
< Applying HICAP to additional fields.

< Extending pattern preserving clustering to other types of
clustering algorithms, such as K-means.
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Questions?

e Personal Homepage - http://www.cs.umn.edu/~huix

Thank You !
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