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Abstract

Identification of distinct clusters of documents in text col-
lections has traditionally been addressed by making the as-
sumption that the data instances can only be represented by
homogeneous and uniform features. Many real-world data,
on the other hand, comprise of multiple types of heteroge-
neous interrelated components, such as web pages and hy-
perlinks, online scientific publications and authors and pub-
lication venues to name a few. In this paper, we present K-
SVMeans, a clustering algorithm for multi-type interrelated
datasets that integrates the well known K-Means clustering
with the highly popular Support Vector Machines. The ex-
perimental results on authorship analysis of two real world
web-based datasets show that K-SVMeans can successfully
discover topical clusters of documents and achieve better
clustering solutions than homogeneous data clustering.

1. Introduction

Discovery of latent semantic groupings and identifica-
tion of intrinsic structures in datasets is a crucial task for
many data analysis needs. This task falls in the field of clus-
tering, where the goal is to find distinct groups of instances
within data collections. In general terms, clustering is an
optimization problem that tries to find a partition of the data
collection such that the items that belong to the same cluster
are as similar as possible (cluster compactness) and the dis-
covered clusters are as separate as possible (cluster distinct-
ness) based on a specified (dis)similarity metric within the
high dimensional space that the data objects exist. Although
research in the field of clustering predates the vast popular-
ity of the world wide web, the characteristics of web-based
data requires us to tailor traditional clustering algorithms to
utilize the heterogeneous relationships between the data ob-
jects. Most real-world data, especially data available on the

web, possess rich structural relationships. One of the most
pronounced characteristics of web based data is that the data
contains heterogeneous components; that is, they have mul-
tiple types of information that describe the entities that we
are interested in clustering, such as authorship and citation
graph of scientific documents [2], hyperlinks in web con-
nectivity graph [11] and surrounding text around images in
web pages [7].

Traditionally, research in clustering has mainly focused
on ”flat” data clustering where the data instances are rep-
resented as a vector of homogeneous and uniform set of
features, like words in text documents or visual features
in image collections. For instance, scientific papers, email
messages, blog and newsgroup posts can be directly clus-
tered solely based on the textual content of the documents
using traditional clustering algorithms. One problem with
this approach is that it discards the global view of the au-
thorship of documents. Figure 1 depicts the document and
authorship spaces of a given corpus. In addition to the tex-
tual content of the documents, authors can be represented
by the collection of words of the documents they have au-
thored. Since documents authored by the same person tend
to be topically similar, we can use this information as an
additional dimension of similarity in the clustering process.
Combining these two dimensions has the potential to yield
better clustering solutions than investigating a single source
of similarity in isolation.

We present K-SVMeans that clusters datasets with het-
erogeneous similarity characteristics. K-SVMeans simul-
taneously clusters along one dimension of the data while
learning a classifier in another dimension, which, in turn
effects the intermediate cluster assignment decisions in the
original dimension. K-SVMeans clustering is a hybrid clus-
tering solution that merges the well known K-Means clus-
tering algorithm with Support Vector Machines (SVM), a
highly popular supervised learning algorithm that has been
shown to be highly effective, especially for text classifica-
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Figure 1. Author space and Document space.
In addition to the textual representation of
documents, each author can be represented
as the collection of the words of the docu-
ments they have (co)authored.

tion tasks. The hybrid nature of K-SVMeans comes from
the fact that it merges an unsupervised learner with a su-
pervised learning algorithm, while eliminating the need for
labeled training instances for SVM learning. The cluster as-
signments of K-Means are used to train an Online SVM in
the secondary data type, and the SVM effects the cluster-
ing decisions of K-Means in the primary clustering space.
This ping-pong style clustering of heterogeneous datasets
effectively increases the clustering performance compared
to clustering using a single homogeneous data source.

2 Related Work

Although clustering is a decades old problem, research
in multivariate data clustering where the data can be repre-
sented by multiple interrelated components has gained mo-
mentum only in the past couple of years due to its appli-
cability in many domains. The initial directions towards
multivariate clustering started with the simultaneous clus-
tering of both rows and columns of contingency tables, also
known as coclustering, biclustering, or block clustering. [4]
proposed a spectral graph bipartitioning algorithm that clus-
ters documents based on words, and words based on docu-
ments by finding the normalized cut of the bipartite graph.
The same problem has been addressed in [5] by taking an
information-theoretic approach. The proposed solution at-
tempts to minimize the loss in mutual information between
the original and the clustered contingency tables. In [12],
a partial singular value decomposition of the edge-weight
matrix of the bipartite graph is computed to cocluster words
and documents. Although these works have laid the foun-
dations of multivariate data clustering, these algorithms can
not handle multi-type interrelated data objects.

A multi-type extension of the bipartite spectral graph
partitioning has been proposed in [8] for textual datasets
and then for images and surrounding texts in web environ-
ment [7]. The data objects form a tripartite graph, and the
tripartite graph is treated as two separate bipartite graphs.
The spectral partitioning of the bipartite graphs is obtained
by minimizing the cuts of both bipartite graphs using semi-
definite programming in m+n+t dimensional space where
each dimension represents the dimension of a separate data
type. The high-dimensionality of the problem space is pro-
hibitive and prevents its applicability to real-world datasets
of big sizes. A multi-way clustering framework is proposed
in [1] that maximizes the mutual information between the
clusters of multiple data types based on representation of
the interaction between each pair of data types as a con-
tingency table of co-occurence counts. The generation of
clusters is performed by a combination of agglomerative
(bottom-up) and partitional (top-down) clusterings of dif-
ferent data types. The decision as to which types will be
clustered agglomeratively or partitional, and the order of
their clusterings is determined by a clustering schedule de-
termined beforehand of the clustering process, and an opti-
mal clustering schedule needs to be provided by the user.

3 Background on Support Vector Learning

A key feature of K-SVMeans is the integration of Sup-
port Vector Machines with K-Means clustering. In this sec-
tion, we provide background on SVMs and Online Support
Vector Learning, which is a key component in clustering de-
cisions made by K-SVMeans. Section 4 will tie K-Means
with Online SVM and provide details of K-SVMeans algo-
rithm.

Support Vector Machines are well known for their gen-
eralization performance and ability to handle high dimen-
sional data which is a common case in document classifi-
cation problems. Considering the binary classification case,
let ((x1, y1) · · · (xn, yn)) be the training dataset where xi

are the feature vectors that represent the observations and
yi ∈ (−1,+1) be the two labels that each observation can
be assigned to. From these observations, SVM builds an
optimum hyperplane – a linear discriminant in the kernel
transformed higher dimensional feature space – that max-
imally separates the two classes by the widest margin by
minimizing the following objective function

min
w,b,ξi

1
2
w ·wT + C

N∑

i=1

ξi (1)

where w is the norm of the hyperplane, b is the offset, y(xi)
are the labels and ξi are the slack variables that permit the
non-separable case by allowing misclassification of training
instances. The convex quadratic programming (QP) prob-



lem in equation 1 can be solved analytically by Sequential
Minimal Optimization(SMO) [10]. It solves the QP prob-
lem by optimizing the dual form of equation 1, given as:

max LD ≡
N∑

i=1

αi − 1
2

∑

i,j

αiαjyiyjxi · xj (2)

∀i , 0 ≤ αi ≤ C

where the αi are the Lagrange multipliers introduced in the
dual representation of equation 1. SMO optimizes two α’s
at a time while holding the remaining α’s fixed. The most
significant benefits of being able to solve the QP problem
analytically is increased efficiency of SVMs, the ability to
handle massive datasets and thus make it practical for real-
world applications, and lead way to online SVM algorithms,
such as LASVM [3]. LASVM does not require all the la-
beled training instances be presented to the learner before
the SVM training phase, unlike traditional batch learners.
Thus, it can incrementally build a learner by updating its
model when new observations become available. Once a
training instance becomes available, LASVM searches a
pairing support vector in its set of existing support vectors
that maximizes the dual function, and adjusts both α’s by
the maximal step size. If no such pair can be found, the new
observation does not become a support vector. It has been
shown that the classification accuracies of Online SVM is
competitive to the batch SVM learning while the perfor-
mance of online learning is much faster with the freedom
of adding new labeled observations during training phase
[3]. The ability to use SVMs in an online setting enables
us to efficiently integrate it with unsupervised learners, and
as will be shown later, this combination does not require
labeled training data for SVM.

4 K-SVMeans Algorithm

K-SVMeans is a K-Means based clustering algorithm for
heterogeneous datasets where clustering along one data type
learns a classifier in another, and the classifiers effect the
clustering decisions made by the clusterer.

The original formulation of K-Means algorithm first ini-
tializes k clusters with data objects and then assigns each
object di, 1 ≤ i ≤ N to a cluster ci, 1 ≤ i ≤ k where
di’s distance to the representative of its assigned cluster ci

is minimum. Variants of K-Means algorithm differ in the
initialization of clusters (e.g. random or maximum clus-
ter distance initialization), the definition of similarity (e.g.
Euclidean or Kullback-Leibler Divergence), or the defini-
tion of cluster representativeness (e.g. mean, median or
weighted centroid vector). K-SVMeans is independent of

any of those variations, but for brevity, we describe the al-
gorithm for Spherical K-Means with random initialization
that represents each cluster by its centroid vector.

We start with a brief overview of traditional K-Means.
Given n data objects x1, x2 · · ·xn , ∀xi ∈ Rw where w is
the size of the feature space and each xi is normalized such
that ||xi|| = 1, K-Means partitions the xi into k disjoint
clusters π1, π2, · · · , πk, so that

k⋃

i=1

πi = {x1, x2, · · ·xn} where πi ∩ πj = ∅, i �= j

(3)
where the centroid ci of each cluster πi is defined as

ci =

∑
xk∈πi

xj

||∑xj∈πi
xj|| (4)

The goal of the clusterer is to maximize the similarity be-
tween the data objects and their assigned clusters, hence,
the objective function becomes

max Q =
k∑

j=1

∑

xi∈πj

xT
i · cj ∀πi 1 ≤ i ≤ k (5)

K-Means optimizes the objective function iteratively by fol-
lowing two steps: A cluster assignment step, where each
data object is assigned to a cluster with the closest centroid,
followed by a cluster centroid update step. The algorithm
terminates when the change in the objective function value
between two successive iterations is below a given thresh-
old. Upon the termination of the algorithm, each data object
belongs to one of the k clusters. This partitioning, however,
is done on a single dimension.

Consider that the instances in the set X =
(x1, x2, · · · , xn), which we want to obtain a clustering so-
lution, are related to another set U = (u1, u2, · · · , um) in
some way. Each xi can be related to one or multiple uj’s
in a X → U mapping where objects in U denote a unique
property of xi. The reverse map U → X lets us represent
each u as a mixture of the xi’s that are connected to it. Let T
denote the relationship matrix where Tij = 1 if xi is related
to uj , and zero otherwise.

During the clustering process, the intermediate cluster
assignments in K-SVMeans are determined by two condi-
tions. In the first condition, a data object xi is reassigned
from a cluster πi to πj if xi is closer to πj’s centroid than
πi’s centroid and the u’s of xi are classified into the positive
class by πj’s SVM and into the negative class by πi’s SVM.



K-SVMeans Cluster Assignment
Definitions:

xi:Objects to be clustered
dij : distance of object xi to cluster πj

m(i): assigned cluster of xi

l(πi): SVM learner of cluster πi

ŷ(u, π) =
∑n

z=1 απ
z Kπ(u, uπ

z ) + bπ SVM decision
value u for cluster π

λ: Penalty term
1. For each xi ∈ X
2. d = xi · cm(i) , πi ← m(i)
3. s =

∑

∀uk ,Tik=1

ŷ(uk, πi)

4. For each cluster πj , i �= j

5. d̂ = xi · cj

6. ŝ =
∑

∀uk ,Tik=1

ŷ(uk, πj)

7. If (d̂ < d and s < 0 and ŝ > 0) or
(d̂ · λ < d and ŝ < 0)

8. Remove u’s related with xi from l(πi)
9. Insert u’s related with xi to l(πj) as +1
10. Insert u’s related with xi to l(πp) as -1, j �= p
11. m(xi)← πj

12. End
13. End
14. End

Second condition is as follows: In case the candidate
cluster’s SVM learner decides that the objects in U that
are connected to xi do not belong to that cluster (i.e. the
decision values of the u’s are negative), then we apply a
penalty term (λ > 1) on the distance metric of K-Means
so that the similarity between xi and the candidate cluster
centroid must be strong enough to warrant a cluster assign-
ment change of xi. The penalty term also ensures us that the
SVM classifiers are not adversely effected by incorrect clus-
tering decisions of K-Means that result in mislabeling of the
uj . Only highly similar xi are allowed a cluster change in
case the SVM classification decision is not trusted. A repre-
sentation of the clustering in K-SVMeans is given in Figure
2. Each cluster has an associated SVM learner that is trained
during the clustering process. In the graphical example, the
object x is closer to Cluster 2, and its mapping u is mis-
classified in the SVM of Cluster 1, and correctly classified
in the SVM of Cluster 2. The algorithm, therefore, assigns
x to Cluster 2, updates the learners of all learners to reflect
the cluster change of x. Depending on the model charac-
teristics of each cluster’s SVM learner, the change of status
of u (moving from one cluster to another) may or may not
effect the learners. Note that the label change of u can only
potentially effect either the old class of u (where it’s label
changed from +1 to -1), or it’s new class (where the label
changed from -1 to +1). The learners of rest of the clusters

Objects in U

Cluster 3

Cluster 1

Cluster 2

SVM for Cluster 1 SVM for Cluster 2 SVM for Cluster 3

x

u

Objects in Xx−u pair in the dataset

(a) Before Cluster Assignment Change

Cluster 3

SVM for Cluster 1 SVM for Cluster 2 SVM for Cluster 3

Cluster 2

Cluster 1

(b) Document assigned to Cluster 2
and it’s author added as a positive ob-
servation to Cluster 2, and negative ob-
servation to the rest of the clusters.

Figure 2. Cluster assignment and SVM up-
date in K-SVMeans for three clusters

are not effected by this cluster reassignment.
K-SVMeans can be run in multiple iterations where the

SVM learner initialization is performed by using the clus-
tering solution generated in the previous run. In the first it-
eration, we run standard K-Means algorithm to yield a clus-
tering based on the primary space X . This iteration has two
purposes. First, we use the clustering result from this step as
a baseline for comparison. Second, and more importantly,
it generates the labeled initialization set for the SVM learn-
ers of K-SVMeans. In the beginning of an iteration t + 1,
we look at each cluster πt

i generated in the previous run and
select m objects closest to the centroid of πt

i and use their
associated ui for SVM initialization. We use one-against-
rest classification in the SVMs, so the u’s become positive
observations for their respective clusters, and negative ob-
servations for the rest of the clusters. Although it is possi-
ble that the previous iteration may have assigned some of
the xi’s to incorrect clusters, the xi’s that are closest to the
centroids are more likely to be correctly assigned to their



CITESEER DATASET
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Venue Samples Venue Samples Venue Samples Venue Samples Venue Samples
AAAI 606 SIGCOMM 680 EUROCRYPT 379 POPL 803 KDD 607
IJCAI 961 INFOCOM 1109 CRYPTO 265 ASPLOS 300 PKDD 134
ICTAI 207 ASIACRYPT 145 ECOOP 316 CIKM 392

ICLP 296 SIGIR 423
total 1774 total 1789 total 789 total 1715 total 1556

20 NEWSGROUP DATASET
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Religion Hardware Politics Software Sports
talk.religion.misc sci.electronics talk.politics.guns comp.os.ms-windows.misc rec.sport.hockey

soc.religion.christian comp.sys.mac.hardware talk.politics.mideast comp.graphics rec.sport.baseball
alt.atheism comp.sys.ibm.pc.hardware talk.politics.misc comp.windows.x
2424 posts 2924 posts 2625 posts 2938 posts 1993 posts

Table 1. CiteSeer Dataset Venue Distribution and 20 NG Topic Distribution among five topical clusters

correct clusters whereas the incorrect assignments tend to
appear towards the boundaries of the clusters. One thing
to note about K-SVMeans is that the objective function in
equation 5 is guaranteed to converge to a local maxima since
K-SVMeans, as in the case of K-Means, reassigns an object
from an old cluster πi to a new cluster πj only if the object
is more similar to πj’s centroid than πi’s centroid.

5 Data Sets and Evaluation

We ran experiments on a subset of CiteSeer’s1 paper col-
lection and on the 20 Newsgroup dataset to evaluate the
clustering performance of K-SVMeans by comparing the
predicted cluster of each document with the categorical la-
bels from the document corpus. In both datasets, we are
interested in the effect of the authorship of documents for
the topical clustering of documents. We use the standard F1

measure as our evaluation criteria. F1 measure combines
precision(p) and recall(r) with equal weight in the form of
F1(p, r) = 2.p.r

p+r . The reported results are micro-averaged
F1 scores which gives equal weight to each document, re-
gardless of the size of individual clusters. The character-
istics of the datasets and the results are presented in the
following subsections. We selected the RBF kernel for the
online SVM and ran the experiments with the SVM parame-
ters C = 100 and γ = 0.001 after 10-fold cross validation.
For the K-Means clustering section of K-SVMeans algo-
rithm, we used the Gmeans clustering toolkit [6], which we
integrated it with the LASVM package [3].

5.1 CiteSeer Dataset

The first dataset we used is a collection of scientific pa-
pers extracted from CiteSeer’s [9] repository. The categori-

1http://citeseer.ist.psu.edu

cal distribution of the subset of papers from CiteSeer’s col-
lection we used in our experiments is given in Table 1. From
each paper, we extracted the title, abstract and keyword sec-
tions, and removed stop words. We also removed the words
that appear less than three times in the overall collection.
In the corpus that we used, there are a total of 7623 papers
that have been authored by 5623 researchers. Each author
is represented as a collection of the words in the documents
that he/she has (co)authored. Since there is a one to many
relationship between the documents and the authors, we in-
tegrated the effect of order of authorship in the representa-
tion of authors in vector form. The weight of feature fi of
author vector �ai is

�ai
fj =

∑

ai∈dk

1
Rank(ai, dk)

· w(fj , dk) (6)

where Rank(ai, dk) is the rank of authorship of author
ai in document dk and w(fj , dk) is the TF-IDF score
of feature fj in dk. The author vectors are L2 nor-
malized to eliminate the effects of different document
lengths and number of authored documents. The docu-
ments are clustered based on their topics, where the topics
of documents are determined from their publication venues.

5.2 20 Newsgroup Dataset

The second collection we used is the 20 Newsgroup
dataset, a collection of approximately 20.000 postings to
Usenet newsgroups. Each message is authored by one au-
thor and is about a single topic. We used the reduced ver-
sion of the dataset where the cross-posts in the collection
are removed and the messages only contain the From and
Subject fields in addition to the message body. We com-
bined 14 of the newsgroups in 5 categories for a total of



Dataset Distance / Clus. Init. K-Means K-SVMeans(x1) K-SVMeans(x2) K-SVMeans(x3)

CiteSeer

Spherical / Random 68.418 73.318 76.102 76.194
Spherical / Well Sep. 69.306 75.243 77.713 80.596
Euclidean / Random 55.945 60.284 61.575 62.082
Euclidean / Well Sep. 58.712 64.392 65.941 66.746

20 Newsgroup

Spherical / Random 70.792 75.486 76.918 77.315
Spherical / Well Sep. 72.314 77.263 78.368 78.764
Euclidean / Random 52.623 54.978 55.711 56.013
Euclidean / Well Sep. 53.747 55.549 56.292 56.426

Table 2. Experimental Results based on the F1 scores of the clusterings.

12904 messages submitted by 5992 users. The list of news-
group topics we used and their categorical groupings are
given in Table 1. Each unique person is identified from
the email address found in the From fields of the messages.
Since each message has only one sender, each author has
a straightforward representation of the cumulative collec-
tion of words found in all of that person’s messages. Each
message is cleaned from stop words, infrequent words less
than three occurences are removed and vectors normalized
to unit length. The author vectors are constructed from their
corresponding document vectors and the lengths of author
vectors are also normalized.

6 Experimental Results

We report results on each dataset for two clustering crite-
rion functions of K-Means, averaged over ten runs. The first
clustering algorithm is the Euclidean K-Means that makes
the cluster assignment decisions based on the euclidean dis-
tances between the document vectors. The second algo-
rithm we used is the Spherical K-Means that uses the cosine
distances between documents as the similarity metric.

For both clusterings, we experimented with two separate
initialization schemes. In the first scheme, each document
is assigned a random cluster ID upon the initialization of
K-Means. The second scheme chooses one of the cluster
centroids as the farthest point from the center of the whole
data set, and all cluster centroids are well separated.

In each experiment, following the completion of K-
Means, K-SVMeans initializes each cluster’s SVM learner
with the authors of 50 documents that are closest to the clus-
ter centroids in the first run. In each successive iteration,
we increase our confidence in the clustering achieved in the
previous K-SVMeans run, and we increase the number of
authors that are used for SVM initialization by %50 of the
previous run. The penalty term that accounts for SVM mis-
classification of authors for the clustering distance function
of the documents is empirically set to 1.5.

From Table 2, it can be seen that we were able to outper-

form K-Means clustering results significantly, regardless of
the clustering criterion function, or the initialization scheme
of K-Means. K-SVMeans(x2) and K-SVMeans(x3) are the
second and third iterations of the clustering, respectively.
The inclusion of more and more authors to the SVM initial-
ization set in each successive iteration enables the learners
to build accurate models earlier in the clustering solution,
and thus, increases the clustering accuracies.

It can be observed that we have obtained higher im-
provement in clustering accuracies for CiteSeer dataset than
the Newsgroup collection. In scientific publications, re-
searchers generally target the venues that lie within their re-
search interests. Therefore, it is easier for the SVM learner
to predict the category that a particular author is interested
in. On the other hand, since the newsgroup messages are
comparably more random, and are based on personal inter-
ests, a person’s messages may be more distributed across
topics, hence making it difficult for the classifier to make

K-Means
AI COMM CRYPT PL DM

Cluster 1 681 15 11 23 667
Cluster 2 13 1697 3 200 23
Cluster 3 428 20 762 263 33
Cluster 4 86 23 0 1103 43
Cluster 5 566 34 13 126 790

K-SVMeans(x3)
AI COMM CRYPT PL DM

Cluster 1 1271 8 10 70 69
Cluster 2 17 1658 1 113 22
Cluster 3 25 56 770 42 8
Cluster 4 132 23 1 1444 43
Cluster 5 329 44 7 46 1414

Table 3. CiteSeer confusion matrix for K-
Means and K-SVMeans(x3) for a sample run.
The topical clusters are AI : Artificial Intel-
ligence, COMM: Communications, CRYPT:
Cryptography, PL: Programming Languages,
DM: Data Mining



K-Means
REL HW POL SW SP

Cluster 1 2121 10 153 11 9
Cluster 2 33 2165 114 2041 36
Cluster 3 175 691 1132 165 20
Cluster 4 93 41 1206 711 1
Cluster 5 2 17 20 10 1927

K-SVMeans(x3)
REL HW POL SW SP

Cluster 1 2144 10 205 21 10
Cluster 2 29 2478 39 314 23
Cluster 3 228 50 2367 27 4
Cluster 4 17 371 5 2572 28
Cluster 5 6 15 9 4 1928

Table 4. Newsgroup confusion matrix for K-
Means and K-SVMeans(x3) for a sample run.
The topical clusters are REL : Religion, HW:
Hardware, POL: Politics, SW: Software, SP:
Sports

accurate predictions. Even in that case, the SVM classifi-
cation of authors was able to assist the clustering decisions
made by K-Means significantly. In Tables 3 and 4, we show
the confusion matrices of CiteSeer and Newsgroup datasets
where K-SVMeans has outperformed K-Means by a wide
margin. In the CiteSeer dataset, clusters Artificial Intelli-
gence and Data Mining contain many documents that have
been incorrectly assigned to each other. The same problem
can be observed with the Hardware and Software categories
of the Newsgroup dataset. The problem stems from the nar-
row focus of K-Means which only looks at each document
in isolation. The presence of common terms between those
categories misleads the K-Means clusterer to make incor-
rect clustering decisions. A global view that considers the
main interests of an author by looking at all of the content
generated by that person helps us correctly model his/her
interests and enables us to gain better understanding of the
nature of the information produced by that author.

7 Conclusions

Traditional clustering algorithms do not handle rich
structured data well by either focusing on a single homo-
geneous type or by disarding the interrelationships between
the multiple aspects of the data. Hence, those algorithms are
not sufficient to deal with the existing (and emerging) data
that is heterogeneous in nature, where relationships between
objects can be represented through multiple layers of con-
nectivity and similarity. In this paper, we presented a novel
clustering algorithm K-SVMeans which is designed to per-
form clustering on rich structured multivariate datasets. We
have shown that the applicability of Support Vector Ma-
chines are not limited to classification problems and SVM

classification can greatly effect the performance of cluster-
ing algorithms for multivariate datasets. Even in the ab-
sence of labeled training instances for SVM, generating la-
bels on-the-fly effectively increases clustering performance.
Our experimental results on the integration of authorship
analysis with topical clustering of documents show signifi-
cant improvements over traditional K-Means and confirms
that there is great benefit in incorporating additional dimen-
sions of similarity into a unified clustering solution.
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