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Abstract

This paper describes a new bipartite formulation for
word-document co-clustering such that hyperclique pat-
terns, strongly affiliated documents in this case, are
guaranteed not to be split into different clusters. Our
approach for pattern preserving clustering consists of
three steps: mine maximal hyperclique patterns, form
the bipartite, and partition it. With hyperclique pat-
terns of documents preserved, the topic of each clus-
ter can be represented by both the top words from that
cluster and the documents in the patterns, which are
expected to be more compact and representative than
those in the standard bipartite formulation. Experi-
ments with real-world datasets show that, with hyper-
clique patterns as starting points, we can improve the
clustering results in terms of various external cluster-
ing criteria. Also, the partitioned bipartite with pre-
served topical sets of documents naturally lends itself
to different functions in search engines.

1. Introduction

Document clustering is usually based upon their
word distributions, while word clustering is determined
by co-occurrence in documents. Such a duality between
document and word clustering can be modeled with a
bipartite, where documents and words are modeled as
vertices on two sides respectively, and only edges link-
ing different kinds of vertices are considered [7]. Find-
ing an optimal partitioning in such a bipartite gives a
co-clustering of documents and words. It is expected
that top documents and words in the same cluster can
represent its topic, where top vertices usually means
the ones with highest degrees within the cluster.

However, such claims may fail if the cluster is not

pure enough or it includes words/documents with very
general topics. To perform natural clustering and to
precisely capture the cluster topic, we need to iden-
tify those micro-sets of words/documents that are very
similar and typical of their respective topics. Besides,
we need to ensure that they would not be separated
into different clusters during the clustering process.

Recently, a new pattern for association analysis[2],
hyperclique pattern, was defined in [30]. Hyperclique
patterns truly possess such desirable property: the ob-
jects in a hyperclique pattern have a guaranteed level
of global pairwise similarity to one another as mea-
sured by the cosine or Jaccard similarity measures [31].
Since clustering depends on similarity, it is expected
that good clustering algorithms should not break the
hyperclique pattern. However, this is not the case for
traditional clustering algorithms, as demonstrated in
[29]. There are two main reasons: 1)clustering algo-
rithms have no built-in knowledge of these patterns;
2)many clustering techniques produce a partitioning of
disjoint clusters, while hyperclique patterns are some-
times overlapping.

By now, a natural question arises if we can use hy-
perclique patterns explicitly such that they are pre-
served in the resultant clustering. A clustering tech-
nique automatically preserve patterns if it has the
following two properties. First, it can be set such
that clustering begins with starting points that are ei-
ther original objects or patterns. Second, it must not
breakup these points of patterns during the cluster-
ing process. According to these two properties, this
paper proposes a new bipartite formulation for word-
document co-clustering, where hyperclique patterns of
documents are guaranteed not to be split into different
clusters. Our approach, BIpartite GrAph partitioning
with Pattern preservation (BIGAP), is compared with
the standard bipartite formulation on five real datasets,
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using four external evaluation criteria. The empirical
results show that we can make improvement in terms
of all criteria.

The HIerarchical Clustering with PAttern Preser-
vation (HICAP) algorithm [29] also used hyperclique
patterns as starting points. The major difference is
that HICAP is purely on clustering documents, which
is very different from our case, co-clustering words and
documents in the bipartite. Besides, the high compu-
tational cost of hierarchical clustering practically pre-
vents its use in very large datasets, e.g., for search en-
gines, which is elaborated a little bit below.

Due to the high affiliation within patterns, the pat-
tern preserving partitioned bipartite naturally lends it-
self to various functions in search engines. For instance,
instead of a long ranked list for keyword queries, it is
better to return clustered search results by topic. This
can be done by showing only the documents in the
patterns, which must be more compact and represen-
tative of those topics. For a query session, instead of
returning the documents where all the query words just
co-occur, we can select to return the documents from
hyperclique patterns that connect the queries and em-
body their common topic. Because we also have a by-
product of word clustering in the meantime, it can be
used for relevant term suggestion such as search engine
advertisement words.

The rest of the paper is organized as follows. Sec-
tion 2 describes related work and Section 3 presents the
details of our algorithm. Experimental results are re-
ported in Section 4, together with a demonstration on
its applications to search engines. Finally we conclude
this paper in Section 5.

2. Background and related work

2.1. Document clustering

Clustering has been extensively studied in data min-
ing, statistics and pattern recognition fields [15]. Clus-
tering algorithms generally come in two categories:
partitional and hierarchical. The former produces a
set of un-nested clusters by partitioning the data into
disjoint groups. The latter produces a nested sequence
of partitionings, with a single cluster at the top and
singleton clusters at the bottom. Approaches to docu-
ment clustering can be also roughly divided into these
two classes.

Hierarchical clustering approaches falls into two
classes: divisive and agglomerative. Group Average
(UPGMA) belongs to the latter and defines cluster
similarity in terms of the average pairwise similarity
between the points in the two clusters. A recent study

[33] found UPGMA to be the best in this class for clus-
tering text. As for the partitional clustering, probably
K-means is the most widely used method. As a mod-
ification, bisecting K-means [22] can also be employed
in hierarchical clustering of documents and produces
competitive results [22, 33].

2.2. Graph based document clustering

Graph-theoretic techniques have also been consid-
ered for clustering[23]. They model the document sim-
ilarity by a graph whose vertices correspond to docu-
ments and weighted edges give the similarity between
vertices. Graphs can also model words as vertices and
similarity between words is based on documents in
which they co-occur. Partitioning the graph yields a
clustering of words, which is assumed to be associated
with similar concepts[4].

Document clustering is based upon their word dis-
tributions, while word clustering is determined by co-
occurrence in documents. Such a duality between doc-
ument and word clustering can be modeled using a bi-
partite, where documents and words are modeled as
vertices on two sides respectively, and only edges link-
ing different kinds of vertices are considered [7]. Find-
ing an optimal partitioning in such a bipartite gives a
co-clustering of documents and words, with the expec-
tation that documents and words in the same cluster
are related to the same topic.

2.3. Pattern preserving clustering

Pattern preserving clustering is related to con-
strained clustering and frequent item set based clus-
tering. Constrained clustering [25] is based on stan-
dard clustering approaches with additional restriction
on the clustering process. Hyperclique pattern preserv-
ing clustering can be viewed as constraining certain
objects to stay together during the clustering process.
Such constraints are automatically imposed in our case
of graph partitioning with patterns as vertices. There
have been other clustering approaches based on fre-
quent itemsets [5, 19, 6]. They are quite different from
ours, for we start directly with sets of correlated ob-
jects which may not be frequent. Besides, they are not
pattern preserving.

Since agglomerative clustering approaches starts
with individual objects as clusters, and then succes-
sively combining the two most similar clusters, they
automatically preserve patterns if patterns are used as
starting points. Based on this observation, [29] pro-
posed HICAP and showed that its clusters are more
interpretable than those of UPGMA. HICAP is purely
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on clustering documents, which is very different from
our case, co-clustering words and documents in the bi-
partite. Besides, the high cost of hierarchical clustering
practically prevents its use in large datasets, e.g., for
search engines.

2.4. Relations to search engines

In this subsection, we briefly review related work on
search engines, where pattern preserving partitioned
bipartites can play a role.

For keyword queries, current search engines nor-
mally return a long ranked list of several hundred doc-
uments and leave it to the user to find which ones are
of his interest. Users, on the other hand, usually only
explore the first one or two pages. Because high ranked
documents may not meet the user need, it is better to
give the user a quick view of the whole results, say,
by returning clustered search results by topic. Related
work includes the topic sensitive PageRank that com-
putes a set of PageRank vectors biased using a set of
representative topics [12]. Vivisimo[26] provides clus-
tered search results based on distinct frequent words.
Within the cluster, the documents are still shown ac-
cording to their original ranks. However, a frequent
word may not represent a topic and it may be mean-
ingless. Here for each topic(cluster), we can select to
show only the documents in the patterns and use them
for generating topical words.

Search engines often provide query term suggestions,
which attempts to suggest relevant terms to help users
formulate more effective queries. Document-based ap-
proaches extract co-occurring key terms from retrieved
documents that are ranked high [32]. Log-based ap-
proaches identify relevant query terms in collected logs
of user queries, e.g., by clustering queries based on
‘click-through data’ composed of the query and the
URLs that the user actually visits among the list pro-
vided by the search engine [28]. The main problem
with the above two kinds of approaches is that they
only use high-ranked search results, which may not be
relevant to the topic and may cause bias to the clus-
tering results. Query session-based approaches suggest
for a user query those that co-occur in similar query
sessions from search engine logs, totally ignoring the
retrieved documents [13]. With pattern preserving bi-
partites, we can make use of contextual information
from both queries and retrieved documents.

2.5. Hyperclique patterns

In this paper, hyperclique patterns are what we pre-
serve during clustering. They are based on the concepts

on frequent itemsets. In this subsection, we first briefly
review the concepts on frequent itemsets, then describe
the concept of hyperclique patterns.

Let I = {i1, i2, ..., im} be a set of distinct items.
Each transaction T in database D is a subset of I.
We call X ⊆ I an itemset. An itemset with k items
is called a k-itemset. The support of X , denoted
by supp(X), is the fraction of transactions containing
X . If supp(X) is no less than a user-specified min-
imum support, X is called a frequent itemset. The
confidence of association rule X1 → X2 is defined
as conf(X1 → X2) = supp(X1 ∪ X2)/supp(X1). It
estimates the likelihood that the presence of a sub-
set X1 ⊆ X implies the presence of the other items
X2 = X − X1 in the same transaction.

If the minimum support threshold is low, we may
extract too many spurious patterns involving items
with substantially different support levels, such as
(caviar, milk) in the basket data. If the minimum
support threshold is high, we may miss many interest-
ing patterns occurring at low levels of support, such
as (caviar, vodka). To measure the overall affinity
among items within an itemset, the h-confidence was
proposed in [30]. Formally, the h-confidence of an
itemset P = {i1, i2, ..., im} is defined as hconf(P ) =
mink{conf(ik → P−ik)}. Given a set of items I and a
minimum h-confidence threshold hc, an itemset P ⊆ I
is a hyperclique pattern if and only if hconf(P ) ≥ hc.
A hyperclique pattern P can be interpreted as that the
presence of any item i ∈ P in a transaction implies the
presence of all other items P − {i} in the same trans-
action with probability at least hc. This suggests that
h-confidence is useful for capturing patterns containing
items which are strongly related with each other. A hy-
perclique pattern is a maximal hyperclique pattern if
no superset of this pattern is a hyperclique pattern.

3. Bipartite graph partitioning with pat-
tern preservation

BIGAP is based on the bipartite graph partitioning
with hyperclique patterns as vertices. So the objects
in the hyperclique pattern will not be separated during
graph partitioning. Fig. 1 gives the overview of the
algorithm. Detailed description is given later in this
section.

3.1. Mining maximal hyperclique patterns

To apply clustering algorithms, a document data set
is usually represented by a matrix. First we extract
from documents unique content-bearing words as fea-
tures, which involves removing stopwords and those
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Figure 1. Overview of the BIGAP algorithm.

with extreme document frequencies. More sophisti-
cated techniques use support or entropy to filter words
further. Then each document is represented as a vector
in this feature space. With rows for words and columns
for documents, the word by document matrix A’s non-
zero entry Aij indicates the presence of word wi in
document dj , while a zero entry indicates an absence.

By regarding words as transactions and documents
as items, we first mine all maximal hyperclique pat-
terns of documents, which are the patterns we want
to preserve. For this purpose, we employ a hybrid ap-
proach proposed in [14], which exploited key advan-
tages of both the depth first search strategy and the
breadth first search strategy. The experimental results
showed that it can be orders of magnitude faster than
standard maximal frequent pattern mining algorithms,
particularly at low levels of support.

3.2. Forming the bipartite

First some notations for general graph representa-
tion. A graph G = (V, E) is composed of a vertex set
V = {1, 2, ..., |V |} and an edge set {(i, j)} each with
edge weight Eij . The graph can be stored in an adja-
cency matrix M , with entry Mij = Eij if there is an
edge (i, j), Mij = 0 otherwise.

Given the m × n word-by-document matrix A, the
standard bipartite graph G = (V, E) is constructed as
follows. First we order the vertices such that the first
m vertices index the words while the last n index the
documents, so V = VW ∪VD, where VW contains m ver-
tices each for a word, and VD contains n vertices each

Figure 2. The bipartite with meta-documents.

for a document. Edge set E only contains edges linking
different kinds of vertices, so the adjacency matrix M

may be written as
(

0, A
AT , 0

)
.

In our case, with the maximal hyperclique patterns
of documents MS, we first identify those remaining doc-
uments LS that never appear in MS. Then we construct
vertex set V = VW ∪VD as follows. VW still contains m
vertices each for a word. As shown in Fig. 2, VD con-
tains |MS| + |LS| vertices each for a meta-document,
i.e., either a pattern in MS or a document in LS. The
new m×(|MS| + |LS|) word by meta-document matrix
A′ is defined as A′

ij =
∑

dk∈Dj
Aik. That is, the asso-

ciation between word wi and meta-document Dj is the
sum of association between word wi and all documents
dk in Dj .

3.3. Graph partitioning

Given a weighted graph G = {V, E} with adja-
cency matrix M , clustering the graph into K parts
means partitioning V into K disjoint clusters of ver-
tices V1, V2, ..., VK , by cutting the edges linking vertices
in different parts. The general goal is to minimize the
sum of the weights of those cut edges. Formally, the
cut between two vertex groups V1 and V2 is defined
as cut(V1, V2) =

∑
i∈V1,j∈V2

Mij . Thus the goal can
be expressed as min{V1,V2,...,VK}

∑K
k=1 cut(Vk, V −Vk).

To avoid trivial partitions, often the constraint is im-
posed that each part should be roughly balanced in
terms of part weight wgt(Vk), which is often defined
as sum of its vertex weight. That is, wgt(Vk) =∑

i∈Vk
wgt(i). The objective function to minimize be-

comes
∑K

k=1 cut(Vk, V − Vk)/wgt(Vk). Given two dif-
ferent partitionings with the same cut value, the above
objective function value is smaller for the more bal-
anced partitioning.

In practice, different optimization criteria have been
defined with different vertex weights. The ratio cut
criterion [10], used for circuit partitioning, defines
wgt(i) = 1 for all vertices i and favors equal sized clus-
ters. The normalized cut criterion [21], used for image
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segmentation, defines wgt(i) =
∑

j Mij . It favors clus-
ters with equal sums of vertex degrees, where vertex
degree refers to the sum of weights of edges incident on
it.

Finding a globally optimal solution to such a graph
partitioning problem is in general NP-complete [9],
though different approaches have been developed for
good solutions in practice [16, 1, 8]. Here we employ
Graclus [8], a fast kernel based multilevel algorithm,
which involves coarsening, initial partitioning and re-
finement phases. Unlike existing multilevel approaches
like METIS [16], Graclus does not constrain the cluster
sizes to be nearly equal. Recently graph partitioning
with a general cut objective was shown to be math-
ematically equivalent to an appropriate weighted ker-
nel K-means objective function. Graclus exploits this
equivalence to perform K-means at multilevels during
refinement to ensure decrease in the objective function
further.

4. Experimental evaluation

In this section, we present an experimental evalu-
ation of BIGAP. First we introduce the experimental
datasets and cluster evaluation criteria, then we eval-
uate the clustering performance of BIGAP against the
standard bipartite formulation.

4.1. Experimental datasets

For evaluation, we used five real data sets from dif-
ferent domains. The LA1 data set is part of the TREC-
5 collection [24] and contains news articles from the
Los Angeles Times. The RE0 and RE1 data sets are
from the Reuters-21578 text categorization test collec-
tion Distribution 1.0 [17]. The data set WAP is from
the WebACE project [11]; each document corresponds
to a web page listed in the subject hierarchy of Ya-
hoo. The data set TR31 was derived from the TREC-
5 collection [24]. For all data sets, we used a stoplist
to remove common words, and stemmed the remain-
ing words using Porter’s suffix-stripping algorithm [20].
Some characteristics of these data sets are shown in Ta-
ble 1.

4.2. Evaluation criteria

Because the true class labels of documents are
known, we can measure the quality of the clustering so-
lutions using external criteria that measure the discrep-
ancy between the structure defined by a clustering and
what is defined by the class labels. First we compute
the confusion matrix C with entry Cij as the number of

Table 1. Characteristics of data sets.

data LA1 RE0 RE1 WAP TR31
#doc 3204 1504 1657 1560 927
#word 31472 2886 3758 8460 10128
#class 6 13 25 20 7

MinClass 273 11 13 5 2
MaxClass 943 608 371 341 352
min/max 0.29 0.018 0.035 0.015 0.006

documents from true class j that are assigned to clus-
ter i. Then we calculate the following four measures:
normalized mutual information (NMI), conditional en-
tropy(CE), error rate(ERR) and F-measure.

NMI and CE are entropy based measures. The
cluster label can be regarded as a random variable
with the probability interpreted as the fraction of
data in that cluster. Let T and C denote the ran-
dom variables corresponding to the true class and
the cluster label, respectively. The two entropy-
based measures are computed defined as NMI =
(H(T ) + H(C) − H(T, C)) /

√
H(T )H(C) and CE =

H(T |C) = H(T, C) − H(C), where H(X) denotes the
entropy of X . NMI measures the shared information
between T and C. CE tells the information remained
in T after knowing C. Error rate ERR(T |C) computes
the fraction of misclassified data when all data in each
cluster is classified as the majority class in that cluster.
It can be regarded as a simplified version of H(T |C).

F-measure combines the precision and recall con-
cepts from information retrieval [3]. We treat each
cluster as if it were the result of a query and each class
as if it were the desired set of documents for a query.
We then calculate the recall and precision of that clus-
ter for each given class as follows: Rij = Cij/C+j ,
Pij = Cij/Ci+, where C+j/Ci+ is the sum of jth
column/i-th row, i.e., j-th class size /i-th cluster size.
Note that C+j could be larger than the true size of
class j if some documents from it appear in more than
one cluster. F-measure of cluster i and class j is then
given by Fij = 2RijPij/ (Pij + Rij). The overall value
for the F-measure is a weighted average for each class:
F =

∑
j C+jmaxi{Fij}/n, where n is the total sum of

all elements of matrix C. F-measure reaches its max-
imal value of 1 when the clustering is the same as the
true classification.

4.3 Hyperclique pattern of words

Before presenting clustering results, let us have a
flavor of words in the hyperclique pattern. By treating
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Table 2. Example patterns of words from WAP.

pattern support h-confidence
solaris, unix, sparc 0.19% 100%

wnba, lineman 0.19% 75%
martina, hingis 0.51% 80%

wavetop, wavephore, tuner 0.51% 75%

documents as transactions and words as items, Table
2 shows example word patterns from WAP, whose doc-
uments are from categories like people, television, etc.
Apparently, the first two rows are from class technol-
ogy and sports, respectively. Martina Hingis is a star
player of woman tennis. WaveTop is a data broad-
cast software by WavePhor Inc. that allows users with
TV tuner-enabled PCs to watch cable TV. Although
their h-confidence is high, their support is low, which
means there are few edges between them and the doc-
uments. Thus it is very possible for graph partitioning
algorithms to assign words of a pattern into different
clusters. Taking them as initial clusters, however, pre-
vents them from being separated.

4.4 Clustering results

All the datasets used here are of transactional form,
that is, the word by document matrix A is binary. Al-
though the hybrid approach [14] used to mine hyper-
clique patterns can only handle transactional data, we
could use other values such as term frequency for entry
Aij during the graph generation phase. This is ex-
pected to produce better clustering results. Neverthe-
less, because our main purpose is to show the advan-
tage of using hyperclique patterns as starting points,
we just compare BIGAP with the standard bipartite
formulation on transactional data.

As for the graph partitioning criterion used in Gra-
clus, we choose the normalized cut criterion instead
of the ratio cut criterion for two reasons. First,
as shown above, our datasets are highly imbalanced,
which makes unreasonable the constraint of equal sized
clusters by the ratio cut criterion. Second we find
that sometimes it yields clusters of pure word vertices,
which makes it impossible to determine the number of
document clusters (clusters containing the document
vertices) beforehand. Those words with low frequen-
cies are likely to be isolated together, since few edges
linking outside are cut. As for the normalized cut cri-
terion that tries to balance sums of vertex degrees in
each cluster, the resultant clusters tend to contain both

Table 3. Comparison on five datasets.

data method ERR F NMI CE
LA1 BIGAP 0.5379 0.4734 0.2605 0.4844

STD 0.7057 0.3045 0.1012 1.1256
RE0 BIGAP 0.4152 0.3675 0.3304 1.6739

STD 0.4501 0.3024 0.2698 1.8858
RE1 BIGAP 0.5202 0.3445 0.3628 1.7389

STD 0.5890 0.3052 0.3139 1.6068
WAP BIGAP 0.4795 0.4579 0.4728 0.9269

STD 0.5179 0.3640 0.3895 1.1671
TR31 BIGAP 0.4276 0.5816 0.2715 0.7870

STD 0.4984 0.5344 0.2644 0.6253

Table 4. Top words from WAP clusters.

subject words
film hollywood, star, film, director, comedy
sports champion, finish, brian, tournament, jordan
TV screen, night, cable, tell, feel
politics washington, republican, senator, white, campaign
business stock, financial, quote, wire, price
technology internet, computer, access, technology, right
people diana, princess, paris, crash, car
health test, discover, diet, process, gene

document and word vertices.
By setting the number of clusters equal to the true

number of classes, the clustering results are shown in
Table 3, where STD denotes the standard bipartite for-
mulation. NMI and F are preferred large while ERR
and CE are preferred small. One can see that BIGAP
is able to achieve improvement on all five datasets in
terms of nearly all four measures. The only excep-
tion is that BIGAP leads to worse CE values on RE1
and TR31. The two parameters, support threshold,
h-confidence threshold, were tuned separately for each
dataset, but not for each criterion. For instance, all
results on RE1 in the table are recorded at (supp =
0.005, hconf = 0.5), though better CE results could be
obtained at other parameter settings.

Ideally, when obtained clustering is the same as true
classification, every row(cluster) in the confusion ma-
trix should contain exactly one nonzero value. Al-
though the word by document matrix used here is bi-
nary, the results on some datasets are promising, as
indicated by many zeros in their confusion matrices.
Fig. 3 plots the confusion matrices for WAP and RE0.
Each matrix is first normalized by dividing it with the
maximum entry and then entries are shown by dark-
ness proportional to their values. One can see there
are many white (zero) entries and a number of rows
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Figure 3. Confusion matrices for WAP and RE0.

have only one nonzero entry. Table 4 illustrates the
top five words from some of clusters for WAP, which
are obviously representative of corresponding subjects.

Discussions. The clusters corresponding to the last
two rows in Table 4 are both nearly pure. At first
glance, words like paris, crash and car have nothing
to do with subject people, whose top words are sup-
posed to be something like names and titles. However,
they are really dominant words in that cluster, due to
the extensive reports of tragedy of Princess Diana. For
the itemset I = {diana, princess, paris, crash, car}, its
two parameters are supp = 0.025, hconf = 0.29. Since
words like princess/paris are too general, the docu-
ments it appears can talk about any topic, so the
h-confidence for itemset {princess, paris} is generally
low, not to mention {princess, I − princess}. Never-
theless, if we generalize item to superitem(i.e., item-
set), the h-confidence is about 1 for 2-superitem-set
{(diana, car), (princess, paris, crash)}. Mining such
hyperclique patterns of superitems deserves further in-
vestigation.

4.5 Applications to search engines

In this subsection, we illustrate potential applica-
tions of such pattern preserving partitioned bipartites
to search engines. The motivation is still the high af-
filiation within hypercliques.

Since many words have several topics, it is better
to return clustered search results by topic for keyword
queries. The standard bipartite formulation can do this
job by grouping all the documents containing the query
according to the cluster label. In the pattern preserving
case, however, we can output only the hyperclique pat-

terns for each cluster, which are often fewer. Besides,
they are more representative of the cluster topic, for
the documents in the pattern must share many topical
words, which is possible only if they are very typical
for the topic.

Second, such bipartites can help return more rele-
vant results for a query session. Due to the ambigu-
ity of words and the shortness of queries, it is hard for
search engines to return relevant results based on a sin-
gle query. The user often needs to input more queries
in subsequent requests, which forms a query session. It
is important to exploit the contextual information in
the query session. Current search engines usually just
return the documents where the query words co-occur,
not the documents of the topic common to them. Given
that the user information need is exactly the topic
shared by all queries in the session, a better way is to
return such documents only from the hyperclique pat-
terns(possibly from multiple clusters), which are more
compact and representative. In other words, the hyper-
clique patterns connect the queries and embody their
common topic.

Suppose a user who needs information about
Princess Diana’s accident. If he first inputs paris and
then princess, besides documents on the accident, he
would get irrelevant results from other classes, such as
‘Movie Reviews by Greg Paris - Princess Mononoke’
from class film, and ‘U.S. Women Name Paris Hilton
Princess’ from class media. However, if we just return
the hyperclique patterns, we have only two documents
from a hyperclique pattern in WAP with supp = 0.02,
hconf = 0.82, which belongs to a nearly pure clus-
ter corresponding to class people. Both of them also
contain words diana, crash and car.

Last such bipartites can be applied to topic sensitive
term suggestions. With pattern preserving bipartites,
we can make use of contextual information from both
queries and retrieved documents. For instance, given
all the keywords Q in the query session so far, we first
retrieve the hyperclique patterns of documents where
they co-occur from each cluster. Then from the cor-
responding document patterns of each cluster, we seek
key terms T for which {Q, T } forms a term hyperclique
pattern. Such T is guaranteed to reflect the cluster
topic and to be highly affiliated with the query terms.

5. Conclusion

In this paper, we presented a new approach, BIpar-
tite GrAph partitioning with Pattern preservation (BI-
GAP), for word-document co-clustering. Hyperclique
patterns capture strong connections between groups of
objects and should not be separated during clustering.
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Using them as starting points on the document side in
the bipartite, we showed that better clustering results
could be obtained in terms of various external criteria
in our experiments. Besides, because of high affiliation
within the patterns, the cluster topic can be captured
more precisely by pattern documents together with the
top words in the respective clusters. Due to the unique
structure of the partitioned bipartite, it naturally lends
itself to various functions in search engines. Finally we
illustrated such potential applications for future work.
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