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Abstract

Document clustering is a fundamental task of text min-
ing, by which efficient organization, navigation, sum-
marization and retrieval of documents can be achieved.
The clustering of documents presents difficult challenges
due to the sparsity and the high dimensionality of text
data, and to the complex semantics of the natural lan-
guage. Subspace clustering is an extension of traditional
clustering that is designed to capture local feature rel-
evance, and to group documents with respect to the
features (or words) that matter the most.

This paper presents a subspace clustering technique
based on a Locally Adaptive Clustering (LAC) algo-
rithm. To improve the subspace clustering of docu-
ments and the identification of keywords achieved by
LAC, kernel methods and semantic distances are de-
ployed. The basic idea is to define a local kernel for
each cluster by which semantic distances between pairs
of words are computed to derive the clustering and the
local term weightings. The proposed approach, called
Semantic LAC, is evaluated using benchmark datasets.
Our experiments show that Semantic LAC is capable of
improving the clustering quality.

1 Introduction

With the astonishing expansion of the internet, in-
tranets, and digital libraries, billions of electronic text
documents are made available. Extracting implicit,
non-trivial, and useful knowledge from these huge cor-
pora is essential for applications such as knowledge man-
agements in large business enterprises, semantic web,
and automatic processing of messages, emails, surveys,
and news.

Document clustering is a fundamental task of text
mining by which efficient organization, navigation, sum-
marization, and retrieval of documents can be achieved.
Document clustering seeks to automatically partition
unlabeled documents into groups. Ideally, such groups
correspond to genuine themes, topics, or categories of
the corpus [19].

The classical document representation is a word-

based vector, known as Vector Space Model (VSM) [16].
According to VSM, each dimension is associated with
one term from the dictionary of all the words that ap-
pear in the corpus. VSM, although simple and com-
monly used, suffers from a number of deficiencies. Inher-
ent shortages of VSM include breaking multi-word ex-
pressions, like Machine Learning , into independent fea-
tures, mapping synonymous words into different com-
ponents, and treating polysemous as one single compo-
nent. Although traditional preprocessing of documents,
such as eliminating stop words, pruning rare words,
stemming, and normalization, can improve the repre-
sentation, it is still essential to embed semantic infor-
mation and conceptual patterns in order to enhance the
prediction capabilities of clustering algorithms.

Moreover, the VSM representation of text data can
easily results in tens or hundreds of thousands of fea-
tures. As a consequence, any clustering algorithm would
suffer from the curse of dimensionality . In such sparse
and high dimensional space, any distance measure that
assumes all features to have equally importance is likely
to be not effective. This is because points within the
same cluster would have at least few dimensions on
which they are far apart from each other. As a result,
the farthest point is expected to be almost as close as the
nearest one. In order to capture local feature relevance,
local operations that embed different distance measures
in different regions are required. Subspace clustering is
an extension of traditional clustering that is designed to
group data points, i.e. documents, with respect to the
features (or words) that matter the most.

In this paper, a subspace clustering technique based
on the Locally Adaptive Clustering (LAC) algorithm
[7] is applied. To improve the subspace clustering of
documents and the identification of keywords achieved
by LAC, kernel methods and semantic distances are
deployed. The idea is to define a local kernel for each
cluster, by which semantic distances between pairs of
words are computed to derive the clustering and the
local term weightings.

The rest of the paper is organized as follows. Some



background on kernel methods for text is provided in
Section 2. The LAC algorithm is briefly described in
Section 3. In Sections 4 and 5, we present our approach,
the experimental design and results. A review of recent
work on the application of semantic information in
kernel-based learning methods is provided in Section 6.
Our final conclusions and suggestions for future work
are discussed in Section 7.

2 Kernel Methods for Text

Kernel methods are a promising approach to pattern
analysis. Formally, the Vector Space Model (VSM) can
be defined as the following mapping

φ : d 7→ φ(d) = (tf(t1, d), tf(t2, d), . . . , tf(tD, d)) ∈ RD

where tf(ti, d) is the frequency of term ti in document
d, and D is the size of the dictionary.

To represent the whole corpus of N documents, the
Document-Term matrix, D, is introduced. D is a N×D
matrix whose rows are indexed by the documents and
whose columns are indexed by the terms [16].

The basic idea of kernel methods is to embed the
data in a suitable feature space, such that solving the
problem in the new space is easier (e.g., linear). A
kernel represents the similarity between two objects
(e.g, documents or terms), defined as dot-product in
this new vector space. The kernel trick allows to keep
the mapping implicit. In other words, it is only required
to know the inner products between the images of the
data items in the original space. Therefore, defining a
suitable kernel means finding a good representation of
the data objects.

In text mining, semantically similar documents
should be mapped to nearby positions in feature space.
In order to address the omission of semantic content of
the words in VSM, a transformation of the document
vector of the type φ̃(d) = φ(d)Sem is required, where
Sem is a semantic matrix. Different choices of the
matrix Sem lead to different variants of VSM. Using this
transformation, the corresponding vector space kernel
takes the form

k̃(d1, d2) = φ(d1)SemSem>φ(d2)>(2.1)
= φ̃(d1)φ̃(d2)>

Thus, the inner product between two documents d1 and
d2 in feature space can be computed efficiently directly
from the original data items using a kernel function.
The semantic matrix Sem can be created as a composi-
tion of successive embeddings, which add additional re-
finements to the semantics of the representation. There-
fore, Sem can be defined as:

Sem = RP

where R is a diagonal matrix containing the term
weightings or relevances, while P is a proximity matrix
defining the semantic similarities between the different
terms of the corpus. One simple way of defining the
term weighting matrix R is to use the inverse document
frequency (idf). In this paper, a new weighting measure,
dynamically learned by means of the LAC algorithm, is
used to construct R.

P has non-zero off diagonal entries, Pij > 0, when
the term i is semantically related to the term j. Em-
bedding P in the vector space kernel corresponds to
representing a document as a less sparse vector, φ(d)P ,
which has non-zero entries for all terms that are seman-
tically similar to those present in document d. There
are different methods for obtaining P . A semantic net-
work, like WordNet, which encodes relationships be-
tween words of a dictionary in a hierarchical fashion,
is one source of term similarity information. In alterna-
tive, the proximity matrix can be computed using Latent
Semantic Indexing (LSI). The Singular Value Decompo-
sition (SVD) of the matrix D> is calculated to extract
the semantic information, and to project the documents
into the space spanned by the first k eigenvectors of the
D>D matrix. The corresponding kernel is called Latent
Semantic Kernel (LSK). The simplest method to com-
pute P , and used in this paper, is the Generalized VSM
(GVSM) [21]. This technique aims at capturing cor-
relations of terms by investigating their co-occurrences
across the corpus. Two terms are considered seman-
tically related if they frequently co-occur in the same
documents. Thus, a document is represented by the
embedding

φ̃(d) = φ(d)D>

and the corresponding kernel is

k̃(d1, d2) = φ(d1)D>Dφ(d2)>(2.2)

where the (i, j)th entry of the matrix D>D is given by

(D>D)ij =
∑

i,j

tf(ti, d)tf(tj , d)

The matrix DTD has a nonzero entry (DTD)ij if there is
a document d in which the corresponding terms ti and tj
co-occur, and the strength of the relationship is given by
the frequency and the number of their co-occurrences.

3 Locally Adaptive Clustering (LAC)

In LAC [7] (a preliminary version appeared in [8]), a
weighted cluster is defined as a subset of data points,
together with a weight vector w, such that the points
are closely clustered according to the corresponding
weighted Euclidean distance. wj measures the degree of



correlation of points along dimension j. The objective
of LAC is to find cluster centroids, and weight vectors.

The partition induced by discovering weighted clus-
ters is formally defined as follows. Given a set S of N
points x ∈ RD, a set of k centers {c1, ..., ck}, cj ∈ RD,
j = 1, ..., k, coupled with a set of corresponding weight
vectors {w1, ...,wk},wj ∈ RD, j = 1, ..., k, partition S
into k sets:

Sj = {x|(
D∑

i=1

wji(xi − cji)2)
1
2 < (

D∑

i=1

wqi(xi − cqi)2)
1
2 ,

∀ q 6= j}

where wji and cji represent the ith components of
vectors wj and cj , respectively.

The set of centers and weights is optimal with
respect to the Euclidean norm, if they minimize the
error measure:

E1(C, W ) =
k∑

j=1

D∑

i=1

(wji
1
|Sj |

∑

x∈Sj

(cji − xi)2)

subject to the constraints ∀j ∑
i wji = 1. C and W

are (D × k) matrices whose columns are cj and wj

respectively, i.e. C = [c1...ck] and W = [w1...wk], and
|Sj | is the cardinality of set Sj . The solution

(C∗,W ∗) = arg min
C,W

E1(C, W )

will discover one-dimensional clusters: it will put maxi-
mal (unit) weight on the feature with smallest dispersion

1
|Sj |

∑
x∈Sj

(cji − xi)2, within each cluster j, and zero
weight on all other features. In order to find weighted
multidimensional clusters, where the unit weight gets
distributed among all features according to the respec-
tive dispersion of data within each cluster, LAC adds
the regularization term

∑D
i=1 wji log wji. This term rep-

resents the negative entropy of the weight distribution
for each cluster. It penalizes solutions with maximal
weight on the single feature with smallest dispersion
within each cluster. The resulting error function is

E(C,W ) =
k∑

j=1

D∑

i=1

(wji
1
|Sj |

∑

x∈Sj

(cji−xi)2+hwji log wji)

subject to the constraints ∀j ∑
i wji = 1. The coefficient

h ≥ 0 is a parameter of the procedure; it controls the
strength of the incentive for clustering on more features.
Increasing its value will encourage clusters on more
features, and vise versa. By introducing the Lagrange
multipliers, the solution of this constrained optimization

problem is

w∗ji =
exp (

− 1
|Sj |

∑
x∈Sj

(cji−xi)
2

h )
∑D

i=1 exp (
− 1
|Sj |

∑
x∈Sj

(cji−xi)2

h )
(3.3)

c∗ji =
1
|Sj |

∑

x∈Sj

xi(3.4)

To find a partition that identifies the clustering solution,
a search strategy that progressively improves the quality
of initial centroids and weights is proposed. The
search starts with well-scattered points in S as the
k centroids, and weights equally set to 1/D. Then,
for each centroid cj , the corresponding sets Sj are
computed as previously defined. Next, the average
distance of the points in Sj to the centroid cj , along each
dimension, is computed. The smaller the average, the
larger the correlations of points along dimension i. To
credit weights to features (and to clusters), the average
distances are used, as given above. Consequently, the
computed weights are used to update the sets Sj , and
therefore the centroids’ coordinates. The procedure is
iterated until convergence is reached.

4 Semantic LAC

The local weights provided by LAC are exploited to
identify the keywords specific to each topic (cluster).
To improve the subspace clustering of documents and
the computation of local term weights, the learning
paradigm of kernel methods is used. The idea is to
use a semantic distance between pairs of words by
defining a local kernel for each cluster, derived from
Equation (2.1), as follows:

Kj(d1, d2) = φ(d1)SemjSem>
j φ(d2)>(4.5)

where Semj = RjP . Rj is a local term weighting
diagonal matrix corresponding to cluster j, and P is the
proximity matrix between the terms. The weight vector
that LAC learns is used to construct the weight matrix
R for each cluster. Formally, Rj is a diagonal matrix
where rii = wji, i.e. the weight of term i for cluster j,
for i = 1, . . . , D, and can be expressed as follows:

Rj =




wj1 0 ... 0
0 wj2 . . . 0
...

...
...

...
0 0 . . . wjD




To compute P , GVSM is used. Since P holds a
similarity figure between words in the form of co-
occurrence information, it is necessary to transform it



to a distance measure before utilizing it. To this end,
the values of P are recomputed as follows:

P dis
ij = 1− (Pij/max(P ))

where max(P ) is the maximum entry value in the
proximity matrix.

4.1 Semantic LAC Algorithm Similarly to the
LAC algorithm described in Section 3, Semantic LAC
starts with k initial centroids and equal weights. It par-
titions the data points, recomputes the weights and data
partitions accordingly, and then recomputes the new
centroids. The algorithm iterates until convergence or
a maximum number of iterations is exceeded. Semantic
LAC uses a semantic distance. A point x is assigned
to the cluster j that minimizes the semantic distance of
the point from its centroid. The semantic distance is
derived from the kernel in (4.5) as follows:

Lw(cj ,x) = (x− cj)SemjSem>
j (x− cj)>

Thus, every time the algorithm computes Sj ’s, the
semantic matrix must be computed by means of the
new weights. The resulting algorithm, called Semantic
LAC, is summarized in Algorithm 1.

Algorithm 1 Semantic LAC
Input: N points x ∈ RD, k, and h
1. Initialize k centroids c1, c2, . . . , ck

2. Initialize the weights, wji = 1
D , for each centroid

cj , j = 1, . . . , k, and for each feature i = 1, . . . , D
3. Compute P ; then compute P dis

4. Compute Sem for each cluster j:
Semj = RjP

dis

5. For each centroid cj , and for each point x, set:
Sj = {x|j = arg minl Lw(cl,x)},
where Lw(cl,x) = (x− cl)SemlSem>

l (x− cl)>

6. Compute the new weights:
for each centroid cj , and for each feature i:

- wji = exp

1
|Sj |

∑
x∈Sj

(cji−xi)
2

h

∑D

i=1
exp

1
|Sj |

∑
x∈Sj

(cji−xi)
2

h

;

7. For each centroid cj , and for each point x:
- Recompute Sem matrix using new weights;
- Recompute Sj = {x|j = arg minl Lw(cl,x)}

8. Compute the new centroids:

Set cj =
∑

x
x1Sj

(x)∑
x

1Sj
(x)

for each j = 1, . . . , k,

where 1s(.) is the indicator function of Set S
9. Iterate 5, 6, 7, and 8 until convergence, or

maximum number of iterations is exceeded

The running time of one iteration of LAC is
O(kND). For Semantic LAC, local kernels are com-

puted for each cluster, based on semantic distances be-
tween pairs of terms. Thus, the running time of one
iteration becomes O(kND2). However, we perform fea-
ture selection in our experiments, and reduce D to the
hundreds. In addition, as discussed later, Semantic LAC
reaches better solutions in fewer iterations than LAC in
general. Thus, by stopping the execution of Semantic
LAC when a maximum number of iterations is reached,
we are able to limit the computational burden without
affecting accuracy.

5 Experimental Results

5.1 Datasets The datasets used in our experiments,
see Table 1, were preprocessed according to the follow-
ing steps: removal of stop words, stemming of words to
their root source, and removal of rare words that ap-
peared in less than four documents. A global feature
selection algorithm, called DocMine, which is based on
frequent itemset mining, was also performed [3]. Briefly,
DocMine mines the documents to find the frequent item-
sets, which are sets of words that co-occur frequently in
the corpus, with a given support level (SL). In princi-
ple, the support level is driven by the target dimension-
ality of the data. The union of such frequent items is
used to represent each document as a bag of frequent
itemsets. The weight of the new entry is the frequency of
the corresponding word in the document [11, 3]. In the
following, we provide a short description of the datasets.

Email-1431. The original Email-1431 corpus con-
sists of texts from 1431 emails manually classified into
three categories: conference (370), job (272) and spam
(789). The total dictionary size is 38713 words. In this
paper, we consider a 2-class classification problem by
combining the conference and job emails into one class
(Nonspam). In addition, the set with 285 features, that
corresponds to 10% support level, is used.

Ling-Spam. This dataset is a mixture of spam
messages (453) and messages (561) sent via the linguist
list, a moderated list concerning the profession and
science of linguistics. The original size of the dictionary
is 24627. In our experiments, the sets with 350, 287,
227, and 185 features were used, corresponding to 7%,
8%, 9%, and 10% support level, respectively.

20NewsGroup. This dataset is a collection of 20,000
messages collected from 20 different netnews news-
groups. In this paper, two-class classification problems
are considered using the following two categories: Auto
(990 documents) and Space (987 documents); and Elec-
tronics (981 documents) and Medical (990 documents).
The dimension of the former set is 366 which correspond
to 3% support level, while the latter set has 134 features
with 5% support level.

Classic3. This dataset is a collection of abstracts



from three categories: MEDLINE (1033 abstracts from
medical journals), CISI (1460 abstracts from IR pa-
pers); CRANFIELD (1399 abstracts from aerodynam-
ics papers). We consider 4 problems constructed from
the Classic3 set, which consist of 584 (SL = 2%), 395
(SL = 3%), 277 (SL = 4%), and 219 (SL = 5%) fea-
tures, respectively.

Table 1: Characteristics of the datasets
Dataset k SL D N points/class

Email1431 2 10 285 1431 S(789), NS(642)

LingSpam(10%) 2 10 185 1014 S(453), NS(561)

LingSpam(9%) 2 9 227 1014 S(453), NS(561)

LingSpam(8%) 2 8 287 1014 S(453), NS(561)

LingSpam(7%) 2 7 350 1014 S(453), NS(561)

Auto-Space 2 5 166 1977 A(990), S(987)

Medical-
Electric

2 5 134 1971 M(990), E(981)

Classic3(5%) 3 5 219 3892 Med(1033), Cran
(1399), Cisi(1460)

Classic3(4%) 3 4 277 3892 Med(1033), Cran
(1399), Cisi(1460)

Classic3(3%) 3 3 395 3892 Med(1033), Cran
(1399), Cisi(1460)

Classic3(2%) 3 2 584 3892 Med(1033), Cran
(1399), Cisi(1460)

5.2 Results We ran LAC 6 times on all the datasets
for 1/h = 1, . . . , 6. Table 2 lists the average error rate,
standard deviation, and the minimum error rate ob-
tained by running Semantic LAC on all the datasets,
along with the corresponding results of the LAC algo-
rithm, and K-Means as baseline comparison. Figures 1
and 2 illustrate the error rates of Semantic LAC and
LAC as a function of the h parameter values for the
Classic3 (3%) and NewsGroup/Medical-Electronic, re-
spectively. Error rates are computed according to the
confusion matrices using the ground truth labels.

LAC and Semantic LAC provided superior parti-
tionings of the data with respect to K-Means for all
the datasets. As a further enhancement, Semantic
LAC provided error rates lower than LAC for all the
datasets, many of which, as in Ling-Spam and Clas-
sic3, are with major improvements. Although, in some
cases, LAC found solutions with minimum error rates,
e.g. Newsgroup/Auto-Space and Classic3 2% and 3%,
Semantic LAC, on average, performed better. In ad-
dition, the standard deviations of the error rates for
Semantic LAC were significantly smaller than those of
LAC, which demonstrates the stability of our subspace
clustering approach when semantic information is em-
bedded. This is a relevant result since the setting of the
h parameter is an open problem, as no domain knowl-

edge for its tuning is likely to be available in practice.
Furthermore, parameter tuning is a difficult problem for
clustering in general. Thus, the achievement of robust
clustering is a highly desirable result.
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Figure 1: Error rate vs. h values for Semantic LAC and

LAC on Classic3 3%.
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Figure 2: Error rate vs. h values for Semantic LAC and
LAC on NewsGroup20/Medical-Electrical.

We further investigated the behavior of Semantic
LAC using different support levels. Figures 3 and 4
illustrate the error rate vs. h values for different support
levels on the Classic3 data, using Semantic LAC and
LAC, respectively. For increasing support values, i.e.
decreasing number of selected features, Semantic LAC
resulted in a clear increasing trend for the minimum
rate, as well as the average error rate. At the same
time, no clear trend can be observed for LAC, (see
Figure 4). As expected, as more features are used to



Table 2: Experimental results of Semantic LAC compared to LAC and K-Means
LAC Sem LAC K-Means

DataSet Ave Error Std Dev Min Error Ave Error Std Dev Min Error Ave Error Std Dev Min Error

Email1431 2.12 0.45 1.54 1.7 0.21 1.50 42.85 3.95 40.01
LingSpam 10% 6.33 0.28 5.96 4.67 0.26 4.24 20.07 19.16 6.31
LingSpam 9% 10.8 12.7 5.3 3.63 0.08 3.55 23.47 19.78 8.97
LingSpam 8% 5.5 0.9 4.0 3.18 0.18 3.06 20.15 18.74 7.40
LingSpam 7% 12.2 12.1 5.2 3.1 3.06 5.4 31.69 19.09 6.71
Auto-Space 28.7 6.35 24.7 27.6 2.02 25.0 42.85 3.95 40.01
Medical-Electric 27.47 4.37 24.7 25.67 2.61 24.35 44.83 2.96 42.89
Classic3 5% 24.54 10.97 12.25 10.79 0.32 10.38 27.22 11.44 12.79
Classic3 4% 10.18 0.81 9.0 9.36 0.33 8.99 29.05 9.24 10.63
Classic3 3% 18.28 8.49 7.24 8.46 0.45 8.04 28.44 9.59 9.27
Classic3 2% 11.8 7.3 5.9 7.15 0.5 6.45 23.03 16.13 8.58

represent the documents, better clustering results are
obtained with semantic LAC, and embedding semantic
information within distance metrics further enhanced
the clustering quality.
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Figure 3: Error rate vs. h values for different support levels
on Classic3 data using Semantic LAC.

Moreover, lower error rates were achieved for higher
h, i.e. lower 1/h (Figure 3), which favors multi-
dimensional clusters. Nonetheless, the trend is slightly
different for Ling-Spam dataset (Figure 5). The average
and minimum error rates have the same increasing trend
with respect to the support level but, in general, lower
error rates resulted from lower h, i.e. higher 1/h. In
general, it is expected that the optimal dimensionality
depends on the nature of the dataset. The Non spam
emails in the Ling-Spam data comes from one narrow
area of linguistics, so fewer words are required to
correctly identify the class. On the other hand, Classic3,
although collected from three different areas, is basically

1 2 3 4 5
5

10

15

20

25

30

35

40

1/h

E
rr

or

Classic 2%
Classic 3%
Classic 4%
Classic 5%

Figure 4: Error rate vs. h values for different support levels
on Classic3 data using LAC.

a collection of scientific journal abstracts. Therefore,
many words may be shared across classes, and the
algorithm requires more features to correctly identify
the classes.

Finally, we compared the convergence behavior of
Semantic LAC and LAC. Results are shown in Figures
6, 7, and 8. To partially eliminate the randomness
of the initial centroids, the figures plot the error rate
starting at iteration three for both LAC and Seman-
tic LAC. Figure 6 shows the error rate at every itera-
tion of a single run for the Classic3 5% set. Figures 7
and 8 illustrate the error rate at each iteration averaged
over six runs for the LingSpam 10% and the Medical-
Electric datasets, respectively. Although one iteration
of Semantic LAC requires more computations, Seman-
tic LAC does converge to a stable error value in fewer
iterations. In fact, on average, Semantic LAC reaches
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Figure 5: Error rate vs. h values for different support levels
on Ling-Spam data using Semantic LAC.

better error rates in less than six iterations. Particu-
larly, the results reported in Table 2 are executed with
the maximum threshold for the number of iterations set
to five. This demonstrate the potential of using local
kernels that embed semantic relations as a similarity
measure.
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Figure 6: Error rate vs. number of iterations for LAC and
Semantic LAC on Classic3 5%.

6 Related Work

There exists a number of subspace clustering algorithms
in the literature of data mining. Examples of such
algorithms include the CLIQUE algorithm [2], Density-
based Optimal projective Clustering (DOC) [15], and
Projected Clustering (PROCLUS) [1]. A comparative
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Figure 7: Average error rate vs. number of iterations for
LAC and Semantic LAC on LingSpam 10%.

survey of subspace clustering techniques can be found
in [14].

The problem of embedding semantic information
within the document representation and/or distance
metrics has recently attracted a lot of attention. Most of
the work focused on text classification, e.g. [4, 5, 6, 12].
In particular, Cristianini et al. [6] introduced and de-
veloped latent semantic kernels (LSK), as described ear-
lier, and applied their novel approach on multi-class
text classification problems. LSKs were tested using
Reuters21578, and some improvement was reported.
The authors in [17] have also combined a semantic ker-
nel with SVMs to define a new similarity measure for
text classification. To identify semantic proximities be-
tween words, WordNet was utilized: the length of the
path linking each possible pair of words in the taxonomy
was used to measure the similarity. By incorporating
the proximities within the VSM, documents were rep-
resented by new less sparse vectors and, hence, a new
distance metric was induced and integrated into K-NN
and SVMs. While the work in [17] reported improve-
ment in terms of accuracy when the semantic kernel was
deployed, the task involves supervised learning.

Hotho et al. [9] integrated conceptual account
of terms found in WordNet to investigate its effects
when deployed for unsupervised document clustering.
They introduced different strategies for disambiguation,
and applied Bi-Section-KMeans, a variant of KMeans
clustering [18], with the cosine similarity measure on the
Reuters21578 corpus. Similarly, [20] deployed WordNet
to define a sense disambiguation method based on
the semantic relatedness among the senses which was
used in basic document clustering algorithms, e.g. K-
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Figure 8: Average error rates vs. number of iterations for
LAC and Semantic LAC on Medical-Electric

means, bisecting K-means, and HAC. They found that
the use of senses of words can improve the clustering
performance, but the improvement was statistically
insignificant.

Recently [10], a subspace clustering approach that
uses an ontology-based semantic distance has been pro-
posed. In this approach, an ontology-based VSM is con-
structed from the original term-based VSM by means of
a Principal-Component-Analysis-like factorization of a
term mutual information matrix. This approach cap-
tures the semantic relationship between each pair of
terms based on the WordNet ontology. Similarly to
LAC, the work in [10] applied the new representation
to a subspace clustering algorithm, extended from the
standard KMeans. It identifies clusters by assigning
large weights to the features that form the subspaces
in which the clusters exist. The work in [10] generates
fixed weights prior to the clustering process. On the
other hand, our semantic distance measure is driven by
the local term weighting within each cluster, and the
clusters together with the local weights are derived and
enhanced by the embedded semantic, iteratively during
the clustering process.

7 Conclusion and Future Work

In this paper, the effect of embedding semantic infor-
mation within subspace clustering of text documents is
investigated. In particular, a semantic distance based
on a GVSM kernel approach is embedded in a locally
adaptive clustering algorithm to enhance the subspace
clustering of documents, and the identification of rel-
evant terms. Results have shown improvements over
the original LAC algorithm in terms of error rates for

all datasets tested. In addition, the semantic distances
resulted in more robust and stable subspace clusterings.

The proposed approach requires more analysis and
exploration. In particular, in our future work we plan
to perform more experiments using different datasets
and various feature selection approaches. In addition,
other kernel methods, e.g. semantic smoothing of
VSM, LSK, and diffusion kernels, may provide more
sophisticated semantic representations. Furthermore,
an analysis of the distribution of the terms’ weights
produced by Semantic LAC may identify the keywords
that best represent the semantic topics discussed in the
documents.
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