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Abstract

We propose a new technique for clustering of text doc-
uments that relies on a biclustering structure constructed
on terms and documents. Our approach makes use of a
greedy algorithm applied to bit sequences associated with
each group of synonym terms. The use of bit sequences al-
lows us to achieve superior time performance. Additionally,
our algorithm provides meaningful cluster descriptions.

1 Introduction

Immense amount of data can be found in digital format
due to the cheap storage devices and advances in data com-
pression. In the World Wide Web (WWW), the biggest data
collection ever created, each web page can be treated as a
text document with some additional features such as hyper-
links. Thus, finding documents that are relevant for a query
or searching a collection of documents related to a subject
is increasingly more expensive.

To contain the cost of searches various techniques were
developed in Information Retrieval (IR), Natural Language
Processing (NLP), and in Text Data Mining (TDM). Al-
though each of these fields borrow from each other, there
are some distinctions.

The IR approach may be the most common one because
it is preferred by the current Internet search engines. The
input of a typical IR algorithm consists of a collection of
keywords treated as a small document, and the algorithm
returns those documents on the WWW that are close to the
collection of keywords by a specific dissimilarity criterion;
the process is using ranking functions [3].

NLP, which started as a subfield of Artificial Intelli-
gence, is concerned mainly with communication in natural
languages, that is, with the understanding and generating
natural language [14]. While searching the text documents,
NLP uses the semantics of words as extracted from the am-
bient document to produce more refine search results. This

deeper analysis is, generally, more expensive compared to
the IR approach.

TDM uses standard data mining techniques on text doc-
uments; for example k-means, and hierarchical clustering
algorithms. These algorithms generally require a certain
amount of pre-processing that creates suitable structures.
Since our aim is to present a new text clustering algorithm,
we will discuss briefly several other text clustering tech-
niques.

In [19] the authors investigate the outcome of the k-
means and hierarchical clustering algorithms and conclude
that an improved version of k-means (which modifies the
centroids incrementally, and runs multiple times because of
the local minimum problem) yields better results. In the
same source [19] the bisecting k-means algorithm is intro-
duced and mentioned as yielding even better results than
k-means.

A hybrid approach that combines the hierarchical clus-
tering algorithm with the k-means algorithm for browsing
documents is presented in [4]. Initial clusters are found
by hierarchical clustering, then the centroids of the initial
clusters and their members are refined using k-means. This
hybrid approach is proposed in other sources such as [19].

In addition to the difficulties in determining the num-
ber of clusters the k-means generally requires multiple runs
to achieve better clusters, because randomly selected initial
centroids produce a different clustering at each run. Hier-
archical clustering algorithms such as UPGMA [11, 13] are
slow by operating in quadratic time complexity.

In TDM it is very common to represent documents as
vectors, where each unique term’s frequency is specified.
Let ¢f(d,t) be the number of occurrences of a term ¢ in
a document d. A term is considered unimportant if it ap-
pears in many documents; therefore a scaling factor idf (¢)
(inverse document frequency) is needed to assign an im-
portance value to each term. If ¢ occurs in n; documents
among a collection of n documents, then idf (t) = log ;-
The numbers ¢f(d,t) and idf(t) are combined together



(see [20]) to yield the ¢ fidf measure as

tFidf(d,t) = tf(d,t) x idf (t).

If (t1,...,t,) is the sequence of terms under con-
sideration the ffidf-vector of a document d is the se-
quence (tfidf(d,t1),...,tfidf(d,t,)). The cosine simi-
larity measure is the cosine of the angle between two nor-
malized document vectors. In most cases, ¢ fidf-document
vectors do not contain any components for stop words, and
the terms are stemmed. A popular stemming algorithm can
be found in [18]. Stemming algorithms are heuristic ap-
proaches for stripping suffixes. For example using [18]
the words “stemming”, “stems”, and “stemmed” will be
stemmed to “stem” which is a valid word in the dictionary.
On the other hand “January” will be stemmed to “januari”
which is an invalid entry in an English dictionary.

An entirely different approach is adopted in [2] where
overlapping (by HFTC Algorithm) and non overlapping (by
FTC Algorithm) clusters are formed by using the frequent
terms. Using the frequent term sets reduces the dimension-
ality and provides description of clusters. Authors of [2]
mention that overlapping clusterings generated by their al-
gorithm have superior clustering quality compared to the
non overlapping clusterings. We observe that generating
frequent terms may be an overwhelming task for especially
large vocabulary. Total runtime around three minutes is re-
ported in [2] for just 30 terms and 6,000 documents.

Each unique stemmed term creates a dimension in the
vector space of the documents. If we think the corpus of
documents as a matrix where documents are the rows and
terms are the columns, singular value decomposition used
in principal component analysis may be used to reduce the
dimensionality of the matrix [17]. Latent Semantic Analy-
sis (LSA) or Latent Semantic Indexing [5] is a method built
on to the singular value decomposition and it relates seman-
tically similar terms. As a result, semantically similar terms
are mapped into a single principal component term, and this
new term can be considered to indicate that the document is
related to a topic which is represented by the semantically
related terms [17]. In other words, LSA overcomes relat-
ing two terms literally, two different terms having similar
meanings will be matched using LSA.

Stemming algorithms such as [18] reduce dimensionality
very little. It has been a known fact that people use differ-
ent words to mention the same thing. In [10, 9, 8] there has
been an interest for using related concepts. A concept is set
of synonyms in their terminology. In the same source it is
also mentioned that this solves the synonym problem. Our
approach is different than [10, 9, 8], because we do not use
concepts we use the closest synonyms as explained in Sec-
tion 3. As different documents use different terminologies,
it is wise in our opinion, to look for synonyms and relate the
documents even though the documents do not have identi-

cal terms. We use WordNet [16] which is a popular lexical
database for English to find out synonyms. Our strategy for
finding the synonyms is explained in detail in Section 3.

By using bit sequences for representing the associations
between the terms and documents instead of tfidf vec-
tors, we achieve faster computational results. In our ap-
proach each unique term is denoted by a bit sequence, where
these bit sequences form a binary data matrix. Binary data
matrix representation is used in the literature; for exam-
ple, [20] refers to this representation as a binary spread-
sheet of words in documents. We reduce the dimensionality
by coalescing synonyms into a single bit sequence using
WordNet [16]. Instead of using a stemming algorithm, we
use base of a term provided by WordNet. In WordNet ter-
minology the base of a term is also known as lemma. Better
clusterings are reported in [10] when lemmas are used in-
stead of stemmed terms.

Our algorithm finds out the core vocabularies for each
topic and clusters the documents using same vocabulary. If
a document contains more than one core vocabulary, for ex-
ample frade and mortgage vocabularies, it is assigned to
both trade and mortgage clusters by our algorithm. Thus,
the clusterings that we compute are, in general, overlapping.

The use of bit sequences allows us to develop a fast al-
gorithm and achieve low memory requirements. As a side-
product of the algorithm, we obtain meaningful cluster de-
scriptions as the term sets that characterize these clusters.

The paper is structured as follows. In Section 2, we de-
fine bit sequences and examine a few properties that are rel-
evant to our algorithm. The algorithm itself is presented in
Section 3, followed by a section dedicated to experimental
results. A final section contains our conclusions and plans
for future work.

2 Bit Sequences and Document Systems

Starting from the algorithm presented in [1] we develop
a biclustering algorithm that works on collections of docu-
ments and uses bit sequences. In following, we introduce
several basic concepts.

Definition 2.1 A document system is a triplet § =
(D, T,10), where D and T are two non-empty finite sets
referred to as the set of documents and the set of terms, re-
spectively, and to : D x T — {0, 1} is a function known
as the term occurrence.

We have to(d, ¢) = 1if ¢ occurs in d and to(d,t) = 0,
otherwise.

Let A be a number such that 1 < A\ < |D|. A k-term
A-bicluster of 8 is a pair of non-empty sets (7', D) such that
T CT,DC D, to(d,t) =1foreveryd € Dandt € T,
|D| > A\, and |T| = k.
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Example 2.2 Consider the document system & =
(D77, tO), where D = {d(),dl, do, d3,d4, d5} and T =
{to,t1,t2,t3,ts}. Suppose that the matrix that represents
S is:

11110
01110
101 1 1
Bs=1, 111 0
100 0 1
0100 1

There is only one 2-term 4-bicluster, namely B; =
{{tz,tg},{do,dl,dg,dg}}. B2 and B3 are 3-term 3-
biclusters:

By = {{to,t2,t3},{do,d2,ds}},
B3 = {{t17t27t3}7{d0ad17d3}}-
il

Document systems can be represented by binary matri-
ces starting from the operations A, V and * which are defined
on the set B = {0, 1} by:

aAb=min{a,b},a Vb= max{a,b},a’ =1—a,

for a,b € {0,1}. These operations are extended compo-
nentwise to bit sequences and the set of bit sequences of
length n, B™ = {0,1}"™ can be equipped with the opera-
tions V, A and '. Thus, we obtain a Boolean algebra having
0" = (0,...,0) as its least element, and 1*" = (1,...,1)
as its greatest element.

If § = (D, T,10), the binary matrix that represents 8 is
the matrix Bg defined by:

1 ift; occursin d;
Bg);i = J !
(Bs) J {O otherwise.

The j-th column b'i of the matrix Bg corresponds to the
term ¢;.
The notion of bit sequence of a term can be extended to

bit sequences for term sets. Namely, if L = {t;,,... s, }
is a term set, then b” and b"” are given by:

b =b' A A, (1)
and

bVl = bl v ... v bl )

We have b))% = 1 if and only if the document d,, has all
the terms in L, and by* = 1 if and only if the document d,,
has at least one term in L.

For a bit sequence b € {0,1}" denote by || b | the

number v'b - bi" = | /Zzzl by. The row that is obtained

by transposing the column b is denoted by b'".

The Euclidean norm of b considered as a sequence in R
is denoted by || b ||. Since b*> = b for every b € {0,1} we
have || b [|= /S0 by

Note that (7', D) is a |T|-term A-bicluster if || b7 ||2>
A

3 The Biclustering Algorithm

We make basic use of semantics for clustering text docu-
ments by using synonyms, as mentioned earlier. We search
the synonyms using the publicly available dictionary Word-
Net [16]. Our implementation uses a Java API designed to
work with WordNet, called JWNL [7].

Before applying the algorithm we execute a pre-
processing that consists of two parts which are carried out
in parallel. For each term we find its base term, and for
each term we determine its most related synonym. As we
mentioned earlier, we do not stem the terms. Instead, we
use WordNet for finding the base form of each word. While
looking up the base terms we find out the most related syn-
onyms by using the WordNet.

Synonyms of a term are referred as synset. A term may
have several synsets, which are provided in the order of rel-
evance by WordNet

In following we discuss in detail the implementation of
pre-processing phase. For each term ¢;, we use WordNet
to carry out the algorithm described in Figure 1. Stop
words are removed, therefore pre-processing is applied to
the terms that are not stop words.

Using the pre-processing algorithm from Figure 1 on
each term in the test file, we create a new numerical file.
Note that every term ¢ is treated as identical with its most
related synonym. Starting from this file we create the bit se-
quences of terms such that a unique bit sequence b"%* exists
for the set of synonyms L; of each term ¢.

Our algorithm, Text Biclustering Using Bit Sequences
(TEBUBS) is presented in Figure 2. The variable .S (line 9)
denotes the current set of biclusters. Step 8 of the algorithm
discovers all the 2-term A-biclusters, which is the computa-
tionally most demanding step of the entire algorithm. For
this task, we reduce the number of computations by consid-
ering potentially useful terms only, instead of using all the
terms in the corpus. A term, ¢; is said to be a potentially
useful term, if number of 1s in its bit sequence is at least A,
that is || b* H2 > ). Note that if a term is not a potentially
useful term, it cannot be a useful term, hence it cannot take
part in forming a bicluster.

Expansion of an n-term A-biclusters (7', D) to (n + 1)-
term A-biclusters (7" U {¢;}, D) is done as follows. The
algorithm selects a term ¢; which is a useful term, but is not
one of the terms in 7" as stated in line 15. Observe that for
each ¢ € T all the needed 2-term biclusters ({¢,¢;}, D’) are
computed (and stored in a hash table) in line 8. Therefore,



Procedure Pre-Processing:
Input:
atermt;
Output
an identification number
Method:
if ¢; does not have a base (it does not appear in WordNet) then
check the hash table to see if ¢; appears in the hash table;
if ¢; does not appear in the hash table then
assign it a new id, store (Z;, id) in the hash table, output id,
halt.
else
use the already assigned id obtained from the hash table,
output id, halt.
else it has base(s)
check the hash table to see if any of its bases already
exist;
if any of its bases appear in the hash table then
obtain already assigned id from the hash table, output id,
halt;
else no bases appear in the hash table;
while(¢; has a synset) do
obtain the next synset of ¢; from WordNet
for (syn:=each member of the synset)
check the hash table to see if syn appears in the
hash table
if syn does not appear in the hash table then continue;
else syn appears in the hashtable
obtain the already assigned id, output id, halt;
create a new unique id, store (base of ¢;, id) in the hash table,
output id, halt;
end Pre-Processing

Figure 1. Pre-Processing Algorithm

checking the conditions at line 16 requires no new compu-
tation. If conditions at line 16 are satisfied, (7, D) will be
expanded to (7" U {t;}, D) as shown in line 17, assuming
that it is not a duplicate. Duplications can be avoided easily
by using a hash table or by checking only n-1 term biclus-
ters when creating n term biclusters. We choose the second
approach that is more memory efficient. Expansion of terms
are carried out until no further expansion is possible.

4 Experiments

We conducted experiments on Reuters-21578 [15] col-
lection. We included both multi-label and single-label doc-
uments; however, documents without any predefined la-
belling were not included in the testing.

Our document clusters are non-exclusive collections of
documents. Formally, a non-exclusive document cluster-
ing is a family X of subsets of a document set D such that
JX = D, that is, a collection of sets of documents such
that each document d € D belongs to a set in K. To com-

1 Procedure TEBUBS:

2 Input:
3 M (data matrix of documents and terms
M= (D,T))
4 A (minimum number of documents for every
bicluster)
5  Output
6 B (final set of biclusters)
7 Method:
8  Initialize B to contain all the A-biclusters (7', D)
with |T| = 2, where D = {d|b)T =1, | b"T ||>>
A}
9 S=0
10  repeat

11 B'=B-S

12 Useful Terms = J{T|(T,D) € B'}
13 S=B

14 for each bicluster (T, D) € B’

15 for each t’ € (Useful-Terms —T)
16 if for each ¢/ € T there is a bicluster
({',t"},D") with D C D'
17 Add (T'U {t'}, D) to B if not already
added

18 until |B| =S|
19 end TEBUBS

Figure 2. The TEBUBS Algorithm

pare non-exclusive document clusterings we need to define
an adequate metric on the family NECq, of all such cluster-
ings.

Let X,X’ € NECop be two collections of documents,
where X = {Ky,..., K}, X' ={K{,...,K]},and § =
{dla R dé}

Consider the tri-partite graph G that has as vertices the
disjoint union X & D W K'. An edge exists between a doc-
ument dj, and a cluster K; (or a cluster KJ’-) if dj, € K; (or
dn € K, respectively). Denote by u; and v; the number
of edges that join d; to sets of documents from X and X',
respectively. Then, the distance d between the collections
XK and K’ is defined as the Canberra distance d.. defined
on the set R! between the vectors u = (ug,...,u;) and
v = (v1,...,vp), given by:

d(K,X') = doo(u,v) = max [up, — vpl.
Example 4.1 If D = {dy, ds, d3,dy4,ds} and

{{d1,d2, ds},{d2,d5,d5},{d1, d5}}
{{d17d27d3}7 {d27 d37 d47d5}3 {d27d37 d5}7
{dla d37d5}}7

the tri-partite graph of this collection is shown in Figure 3.

0

[
K =



{d1,ds5} {d1,ds, ds}
{d2,ds,ds} {d2,ds,ds}
{d1,d2,ds} {d2,ds,da,ds}

{d1,d2,ds}

Figure 3. Tripartite Graph of the Collections
X, X'

This distance can be used to evaluate the difference in
the distribution of the documents in the collections X and
X', respectively. Actually, we shall use a modification of
this distance that can be obtained using Steinhaus transform
(see, for instance [6], p. 118), which we describe next.

Let J{ be an arbitrary collection of sets of documents.
The Steinhaus transform of the distance d is the distance
dg¢ defined by

(%K, X')

Ao (3K = G50 T a9, 50) T A1)

The new metric dg¢ has the advantage of being bounded (it
varies in the interval [0, 1]). Distance between covers K, K’
that are close to J{ appear relatively larger than distances
between pairs that are situated at larger distances from J{.
If we select H to be any partition of the set of documents,
then

d(H,X) = max lup, — 1] = max up, — 1,

where (uy, ..., uy) is the vector of the collection K. Thus,
we obtain

maxp|up, — v
dge (K, X') = nlun = on|

For example, the vectors corresponding to the non-exclusive
clusterings of Example 4.1 are u = (2,2,1,1,2) and v =
(2,3,4,1,3). Thus, the distance dg¢ (K, X') is 0.428.

We compared our clustering results with the predefined
classes of Reuters-21578. Fig. 4 shows the variation of the
distance between the clustering we generate and the Reuters
predefined classes when A, the minimal number of docu-
ments per cluster, ranges between 5 and 40.

The smallest distance, 0.35, is obtained for A = 30,
when TEBUBS generates 12 clusters. Hierarchical ag-
glomerative clustering using group average linkage method

maxp|up — vp| + maxpu, + mazrpoy — 2

Distance between TEBUBS clusters and predefined Reuters classes

Distance
o
@

o 2 10 19 20 23 0 39 40 43
Lambda

‘_._mn Reuters documerts having 6719 (1936 nique) words ‘

Figure 4. Distance between our generated
clusters and predefined Reuters classes

produces a distance of 0.48 (not shown), which is consider-
ably higher than our result. Fig 5 shows the execution time
of TEBUBS for the corresponding values of \. We also

Execution time of TEBUBS

100000

10000 \

1000 \\
100

Time (ms) in Logarithmic scale

0 5 10 15 b} 25 30 35 40 45
Lambda

‘—.—'NDEI ReLters documents having 6719 (1936 Unidle) words ‘

Figure 5. Execution time of TEBUBS

compared our results to those obtained by using CLUTO
(see [12]), a software package for clustering high dimen-
sional data, that has been used for clustering documents
(see [19]) and is implemented in C. Specifically, we used
CLUTO?’s bisecting k-means implementation. It is worth
mentioning that TEBUBS is fully implemented in Java.

For experiments we used a 32-bit, Pentium 4 3.0 GHz
processor with 2GB of physical memory; only 1.5GB of
that memory was assigned TEBUBS (CLUTO did not have
such a restriction). Each test is conducted 10 times and av-
erage of 10 runs is reported as the outcome. TEBUBS and
CLUTO take different input parameters therefore we fixed a
number of generated clusters, which is an input to CLUTO,
and for each generated number of cluster we used the corre-
sponding A as an input to TEBUBS. In the table below \s
and corresponding number of clusters are reported.



A | # generated clusters
35 3
30 12
25 31

Fig. 6 compares the execution time of TEBUBS and
CLUTO. Under the conditions outlined above TEBUBS
clearly outperforms CLUTO.

TEBUBS vs CLUTO Execution Time Comparison
70
60 oo
50 —
E 40 ]
E 30 — +—
20
1m0
o T T
3 12 il
Number of Clusters Generated
BTEBUBS ®CLUTO ‘
Figure 6. Execution time of TEBUBS and
CLUTO

5 Conclusion and Future Work

We presented a novel technique which uses biclusters,
term synonyms, and bit sequences to generate overlapping
clusterings. By using synonyms we reduced the dimension
of the document space considerably, and discovered other-
wise unnoticed similarities between documents. The usage
of bit sequences allows us to obtain considerable speed gain
compared with the other state-of-the-art clustering software
packages. Furthermore, our technique provides meaning-
ful cluster descriptions a feature not frequently present in
clustering algorithms.

Our future experimental work will involve dealing with
document sets that cannot fit into the memory. We expect
that TEBUBS will perform very well by utilizing the speed
gains and low memory requirements of bit sequences.
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