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Abstract— The Web is overcrowded with news articles, an
overwhelming information source both with its amount and
diversity. Assigning news articles to similar groups, on the
other hand, provides a very powerful data mining and
manipulation technique for topic discovery from text
documents. In this paper, we are investigating the application
of a great spectrum of clustering algorithms, as well as
similarity measures, to news articles that originate from the
Web and compare their efficiency for use in an online Web
news service application. We also examine the effect of
preprocessing on clustering. Our experimentation showed that
k-means, despite its simplicity, accompanied with preliminary
steps for data cleaning and normalizing, gives better aggregate
results when it comes to efficiency.

to compare the resulting clusters and determine which
technique is best fitted for the extreme amount and diversity
of news articles that an indexing system needs to address.
The rest of the paper is organized as follows. The next
section gives a short establishment of the related work on
document clustering in general. In Section III, we give a
brief overview of our system which we are enhancing with
clustering techniques, while in Section IV we elaborate more
on our experimental approach towards the clustering
methodologies used. Section V presents our evaluation
results and Section VI concludes this paper with some
remarks about the future work that is underway.
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Clustering data in general has been heavily researched by
the scientific community over the last 20 years. Especially
for document clustering, a huge variety of techniques has
been proposed. A major goal of document clustering is to
improve the results of information retrieval systems in terms
of precision / recall, and thus serve better filtered and
adequate results to their users, helping in essence the
decision making process.
Two generic categories of the various clustering methods
exist: agglomerative hierarchical and partitional. Typical
hierarchical techniques [5] generate a series of partitions
over the data, which may run from a single cluster containing
all objects, to n clusters each containing a single object, and
are widely visualized through a divisive (root to leaves) or
agglomerative (leaves to root) tree structure. On the other
hand, partitional algorithms typically determine all clusters at
once, but can also be used as divisive algorithms in the
hierarchical clustering. For partitional techniques, a global
criterion in most commonly used, the optimization of which
drives the entire process.
We will now briefly elaborate more on the techniques
that are applied within the scope of this paper to our
clustering experimental approach.

I.

INTRODUCTION

News articles are flooding the Web every day from an
extreme amount of major or minor news portals from around
the globe. It’s utterly impossible for a single individual to be
able to keep track of an event, or a series of related events,
from an unbiased and truly informative point of view.
Clustering of news articles on the other hand, can help
dealing with this situation by depicting the underneath
content hierarchy of a huge amount of articles within the
reach of a single individual. Consequently, clustering can
provide to information retrieval (IR) systems with the
potential to alleviate users while browsing and detecting
quickly the needed information.
Using clustering techniques on news articles from the
Web is not new. In [12] the authors study the formation of
useful news clusters from a structural point of view by
utilizing the links between Web pages containing similar
information. This approach is however online, focusing on
speed and not efficiency. We solve the problem differently:
given the availability of data kept offline by our system,
PeRSSonal [11], we aim at applying data manipulation
techniques, along with clustering algorithms in order to find
hidden relationships among the data. Discovering clusters
within this overwhelming amount of data is expected to
provide significantly improved results compared to offline
clustering. This approach is similar to gene [13] and
multimedia [14] clustering.
In this paper, we are describing a variety of document
clustering techniques, and evaluating their application on our
data set: news articles originating from the Web. Our aim is

II.

CLUSTERING METHODOLOGIES

A. Hierarchical Clustering
Divisive hierarchical methodologies generate a nested
sequence of partitions, with a single, all-inclusive cluster at
the top and singleton clusters of individual points at the
bottom [1]. The vice-versa procedure occurs with
agglomerative methodologies: the algorithm starts by
considering each data point as a cluster of each own and
proceeds by merging together tree nodes that share a certain
degree of similarity.

In the above sense, hierarchical techniques require a
cluster similarity or distance measure, in order to
successively split clusters or merge data points belonging to
different clusters. Most commonly, a similarity (distance)
matrix is computed whose ijth element expresses the distance
between the ith and jth cluster. This matrix is updated on each
step, where subsequent nodes are created by pairwise joining
(for agglomerative) or splitting (for divisive) of nodes until
the process is complete. The result of the above techniques is
a tree-like structure, a dendrogram, displaying the merging
process, and the intermediate clusters that occur during the
procedure can be taken by “cutting” the tree at the required
precision level. The aforementioned procedure is
deterministic, compared with the ones described in the
following subsection for partitional techniques. However, as
explained in [2], sequential agglomerative hierarchical nonoverlapping (SAHN) clustering methods, feature an average
complexity of at least O(n2) and most commonly O(n3) - on
the input size n - which in many cases is aversive for use
with large datasets.
There are several flavors of hierarchical clustering
techniques that we are evaluating in this paper. Their
difference lies in how the distance between clusters is
defined in terms of their members - articles. Typically,
pairwise single, maximum, average, and centroid linkage
distances between clusters are considered. For pairwise
single linkage, the shortest among the pairwise distances of
the clusters is considered as the inter-cluster distance,
whereas for pairwise maximum linkage this is the longest
among them. Moreover, for pairwise average linkage the
mean of the pairwise distances is defined as the inter-cluster
similarity (i.e. distance). Finally, for the centroid linkage,
each cluster is represented by its centroid which is calculated
on each step of the algorithm and the inter-cluster distance is
the distance between the cluster centers.
B. Partitional Clustering
Contrary to hierarchical clustering, partitional techniques
produce a single-level division of the data. Given the number
of desired clusters, let k, partitional algorithms find all k
clusters of the data at once, such that the sum of distances
over the items to their cluster centers is minimal. Moreover,
for a clustering result to be accurate, besides the low intracluster distance, high inter-cluster distances, i.e. well
separated clusters, is desired. Typical partitional algorithms
are: k-means, k-medians and k-medoids. These algorithms
are based on the notion of the cluster center, a point in the
data space, usually not existent in the data themselves, which
represents a cluster. Their difference consists in how the
cluster center is defined in each case. Following we will
briefly describe each approach as well as some of their
variations in the literature.
In k-means clustering, the cluster center is defined as the
mean data vector averaged over all items in the cluster. In kmedians, instead of the mean, the median is calculated for
each dimension in the data vector. Finally, in k-medoids the
cluster center is defined as the item which has the smallest
sum of distances to the other items in the cluster. K-medoids
has the advantage of better handling of the outliers existing

in data, while it does not depend on the order in which the
objects are examined. The family of k-means partitional
clustering algorithms [7] usually tries to minimize the
average squared distance between points in the same cluster,
i.e. if d1, d2,…, dn are the n documents and c1, c2,…, ck are
the k clusters centroids, k-means tries to minimize the global
criterion function:
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Typically, all those algorithms share the following
Expectation Maximization (EM) [8] steps:
1. Randomly Select K points as the initial centroids
2. Assign all data to the closest centroid
3. Calculate the new centroids for each cluster
4. Repeat steps 2 and 3 until no reassignments of the centroids takes
place.
Algorithm 1. Basic k-means EM algorithm

The EM algorithm suffers from frequently converging to
local minima (or maxima), due to the random choice of the
initial centroids. Computing thus a refined starting condition
can yield significant improvements [3]. For example kmeans++ [6], selects a point x as an initial cluster center,
using a probability that is proportional to the square of the
distance between each successive choice and the previous
ones and then proceeds as k-means. This heuristic offers a
significant boost compared with regular k-means as far as
error and execution time are concerned. Another approach
commonly used is multiple executions of the k-means
algorithm, with different starting conditions, and finally
keeping the best result; if a specific cluster assignment
appears to be repeating, it is possible to be the best.
Bisecting k-means [4] introduces an alternative approach:
initially the whole data set is treated as one cluster. A cluster
is selected for split into two at each step by using a criterion
such as the cluster size or the overall similarity. The split of
the selected cluster is done using regular k-means and the
procedure completes when the desired number of clusters is
created. Consequently, unlike regular k-means, which splits
the whole data set into k cluster at each iteration step, its
bisecting variation splits only one existing cluster into two
sub-clusters. The selection of which cluster to split can be
based on its size, or on the centroid’s neighbors network.
Surprisingly, bisecting k-means is reported with a
performance that generally beats k-means and even
hierarchical approaches, while keeping the complexity linear.
The low complexity is commonplace for all of the
previously mentioned partitional algorithms and thus they
are best suited for clustering large document databases, as it
is the case of this paper. Especially for Algorithm 1, the
average complexity is linear in all relevant factors: iterations,
number of clusters and number of documents, even though
the worst case can get [8].
III.

ARCHITECTURAL OVERVIEW OF PERSSONAL

Our system, PeRSSonal [11], features a staged and
modular approach for performing the various tasks

concerning news articles that originate from the Web. Figure
1 gives an overview of the system’s architecture.

Figure 1 Overview of the PeRSSonal’s architecture
Figure 2 Flow of information for evaluating the clustering methodologies

At its input stage, PeRSSonal crawls and fetches news
articles from major or minor news portals from around the
world. This is an offline procedure and once articles as well
as metadata information are fetched, they are stored in the
centralized database from where they are picked up by the
following procedures.
A key procedure of the system as a whole, which actually
makes the rest of the steps viable, is text preprocessing on
the fetched article’s content, that results to the extraction of
the keywords each article consists of. Analyzed in [10],
keyword extraction applies several heuristics to come up
with a weighting scheme that appropriately weights the
keywords of each article based on information about the rest
of the documents in our database. Keyword extraction in
essence generates the term-frequency vector for each article
that is used by the information retrieval techniques that
follow. In this paper, we are using the results of this step,
which is a weighted scheme of stemmed nouns existing in
the original text, as input to various clustering approaches.
Our target is to determine the effect of text preprocessing, as
far as stemming and noun extraction are concerned, on the
clustering process.
Text summarization, categorization of the articles on a
predetermined set of classes, as well as personalization of the
results, are some additional steps deployed in order to extract
useful information from the data [9]. It is this level of the
system that we are enhancing in this paper with the
application of document clustering algorithms, in order to
generate better results that the system’s users view.
Following the retrieval techniques, information is transmitted
back to the end user.
IV.

CLUSTERING NEWS ARTICLES

A. Clustering Process
The overall clustering process as evaluated in this paper
proceeds as depicted in Figure 2.

Once the articles are fetched, we proceed with cleaning
the originating webpage and keeping the article’s body. This
is afterwards analyzed by recognizing its language and its
sentences. Following, the article’s stopwords (i.e. words
without any practical significance) are removed; the part of
speech identification takes place [10] then, while a stemmer
keeps only the stems of the words. Next comes the creation
of the term - frequency vector for the article, which is given
as input to the subsystem evaluated in this paper: the
clustering kernel. By applying a variety of clustering
algorithms and distance metrics, we try to determine whether
preprocessing has an effect on the domain of clustering news
articles and which approach benefits the most and would
thus be applicable in our case. Most importantly, we try to
estimate the effect of noun identification and stemming on
each clustering approach and thus utilize the algorithm that
will prove to be the most effective for the domain of Web
news articles.
An important aspect that has to do with news articles in
general, is their diversity and similarity at the same time.
When fetching information from numerous news portals, it is
normal to expect a certain degree of similarity, as far as the
content is concerned, since a great amount of the published
news articles are copied from other sources. However, it’s
important to be able to understand minor differences which
may usually betray biases to certain opinions expressed in
the articles. Moreover, when dealing with documents, the
amount of terms that the system can possibly come across is
limitless (even more when multiple languages are taken into
consideration), compared for example with gene-clustering.
The applied algorithms, as well as the similarity measures
used should take into consideration the above.
Following, we describe the various similarity measures
that are applied on high dimensionality sparse data within the
scope of this paper.

B. Similarity Measures
All clustering methods described in Section 2 need to
embed the documents to a suitable similarity space, thus
share the notion of establishing the distance, i.e. similarity,
between two data points, two clusters, or a data point and a
cluster. In this paper, we are using the following distance
functions for comparing the various methodologies:
• Euclidian, where the distance between two data
points a and b is defined as:

d ( a, b) =

1 n
∑ (ai − bi )2
n i =1

(2)

n being the dimensionality of the data. The Euclidean
distance takes the magnitude of the input data into account
and consequently preserves more information about them.
•
•

1 n
City-block: d ( a , b) = ∑ | ai − bi |
n i =1

(3)

Pearson correlation coefficient:

r ( a , b) =

1 n ⎛ a i − a ⎞⎛ b i − b ⎞
⎟
⎟⎜
∑⎜
n i =1 ⎜⎝ σ α ⎟⎠⎜⎝ σ b ⎟⎠

(4)

in which a and b are the sample mean of a and b
respectively, and σ α , σ b are the sample standard deviation
of a and b. The Pearson correlation coefficient can be
thought as a measure for how well a straight line can be
fitted to a scatterplot of a and b. The Pearson correlation
coefficient is either +1 or −1 for the points in the scatterplot
that lie on a straight line. Note that the Pearson distance is
thus defined as: d ( a , b) = 1 − r (5)
•

Cosine similarity:

d (a, b) = cos(θ ) =

a•b
(6)
| a || b |

where the similarity between the two data points is
viewed by means of their angle in the n-dimensional space.
• Spearman-rank correlation ρ,
which is a non-parametric measure that performs well
against outliers. It originates from the Pearson correlation by
replacing every data value with its rank having the values
firstly ordered. Due to the diminishing of the data values,
there is no weight information taking place to the distance
calculation compared to the previous – parametric similarity
measures. The Spearman-rank distance between two data
(7)
points a,b is defined as: d ( a , b) = 1 − ρ
• Kendall’s τ,
which is similar to the Spearman rank correlation, but
using the relative ranks instead of the absolute ones. The
Kendall’s distance between two data points a,b is defined as:
d ( a, b) = 1 − τ
(8)
Once the distance measure is defined, each clustering
algorithm proceeds by calculating the distance matrix
containing all the distances between the items that are being
clustered. From the above distance functions, only Euclidian
and City-block distance are true metrics since they satisfy the
triangle inequality.

V.

EVALUATION

In the current section we are presenting the results of our
experimental procedure for clustering news articles. In this
frame we conducted a series of experiments on a
predetermined set of news articles that are available in the
system’s database and have been offline analyzed as
explained in section 3. Our dataset consists of 10000
randomly selected news articles originating from 20 major
news portals, with a time span of 3 months. The news
articles belong equivalently to seven basic domains:
business, politics, health, education, science, sports and
entertainment. After the preprocessing procedure described
in Section 3, and most notably stemming and noun
identification, we have kept for each article its list of
stemmed nouns. Notice that duplicate articles originating
from different sources have been removed from the dataset
based on their title and main body.
On this dataset we applied the afore-mentioned clustering
methodologies: single, maximum, linkage and centroid
linkage hierarchical clustering, as well as regular k-means, kmedians and k-means++. For those, we utilized the open
source clustering library described in [15] as well as the kmeans++ implementation from [6]. Furthermore, for each of
the above techniques, except k-means++ (which only
supports Euclidian) we used the similarity measures
described in section 2.3, i.e., Euclidian distance, city-block
distance, Pearson correlation coefficient, cosine similarity,
Spearman-rank correlation and Kendall’s τ. For partitional
algorithms, we used a 10 pass scheme with different starting
conditions in order to avoid phenomena of local minima for
the distance measures.
In order to determine the efficiency of each clustering
method, we use the notion of Clustering Index (CI) as
explained in [16]. Intuitively, since the most efficient clusters
are the ones containing articles close to each other within the
cluster, while sharing a low similarity with articles belonging
to different clusters, CI focuses on increasing the first
measure (intra-cluster similarity) while decreasing the
second (inter-cluster similarity). The Clustering Index of
each pass is defined as:

CI =

σ2
σ +δ

(9)

where σ is the average intra-cluster similarity and δ
the average inter-cluster similarity. Furthermore, for
determining the similarity between two articles we used the
distance vector which is produced using the respective
similarity measure per case. The results for each clustering
methodology and distance measure run for a number of
clusters from 100 to 1000, are depicted in Figures 3-8. The
notions mentioned in the graphs are explained in Table 1.
TABLE 1 HIERARCHICAL CLUSTERING NOTATIONS
Type of distance
Pairwise Maximum (complete) linkage

Distance Between two Clusters
PCL

Pairwise Single linkage

PSL

Pairwise Centroid linkage

PKL

Pairwise Average linkage

PAL

Figure 3 Clustering results using the Euclidian
distance

Figure 4 Clustering Results using the cosine
distance

Figure 5 Clustering Results using the Pearson’s
distance

Figure 6 Clustering Results using the Spearman
distance

Figure 7 Clustering Results using the Kendal’s tau
distance

Figure 8 Clustering Results using the City-block
distance

From the above graphs, k-means almost always
outperforms any other clustering approach. Furthermore,
cosine similarity and Euclidian distance proves better for kmeans, since the clusters seem better connected, rather than
with the city-block distance, which seems to be better fit to
k-medians. Another observation is that the number of
clusters directly affects the CI metric and that after a certain
cluster threshold, each algorithm deteriorates in terms of CI.
For example, the best CI for partitional algorithms is
observed for k-means/cosine similarity and 100 clusters
followed by k-means/Euclidian and 200 clusters. The best CI
scores for hierarchical algorithms are observer for PKL and
the Pearson’s distance. Moreover, for most similarity
measures we observed lower CI scores for hierarchical
methodologies compared to partitional approaches. This
originates from the manner that those algorithms operate
when “cutting” the dendrogram: generation of many
singleton clusters and a few clusters containing many
articles.
As far as partitional clustering is concerned, k-means
outperforms k-medians and even k-means++ which seems to

deteriorate sooner as the number of clusters increases.
Moreover, as Figure 9 shows, k-means++ is significantly
slower than its counterparts given the number of clusters.

Figure 9 Average intra-cluster sum of distances for partitional clustering;

Following,
we
repeated
the
aforementioned
experimentation omitting the steps of stemming and noun
identification from the preprocessing procedure. The average

modification of the CI results is presented in Table 2.
Clearly, stemming and noun identification on the article’s
keywords has a significantly beneficial effect for all
methodologies, especially for k-means, explaining partly the
CI results presented earlier in Figures 3-8.
TABLE 2 THE EFFECT OF PREPROCESSING ON CLUSTERING METHODOLOGIES
Percent increase of CI when using
stemming and noun identification
5%
6%
6%
5%
18%
16%
15%

Clustering Method
PCL
PSL
PKL
PAL
k-means
k-medians
k-means++

Even though internal objective functions like CI are
capable of giving a generic overview of the clustering
process efficiency, an alternative approach is user-based
evaluation. Based on this intuition, for our final set of
experiments we tried to evaluate the generated clusters by
using a group of 10 individuals. We requested that they
grouped 50 random articles from the previous data set into
10 clusters according to their personal opinion. Afterwards
we averaged their clustering selections and compared those
results with the clustering passes of each of the various
methodologies explained earlier using the Euclidian
similarity distance. The evaluation metric at this case is the F
measure, i.e. the weighted harmonic mean of the precision
and recall observed between the users choices and the results
generated by each clustering pass. The F results per
clustering pass, depicted in Table 3 show that from a user
based perspective, the resulting clusters produced by kmeans are closer to what most of the users selected for the
selected data set of articles.
TABLE 3 USERS’ EVALUATION OF THE CLUSTERING METHODOLOGIES
Clustering Method
PCL
PSL
PKL
PAL
k-means
k-medians
k-means++

improve significantly the clustering results by a factor of 515% depending on the clustering algorithm.
Since we are only at the beginning of the clustering
kernel of our application, we are aiming to its stability at first
and its everyday use by the system daemons, in order to
serve clusters of articles and not mere articles to the user.
This has various future implications to the profile generation
procedure for the system users. Moreover, we will be
researching towards using the clustering kernel for clustering
system users based on their dynamic profiles, and we will
proceed with evaluating more extensively the clustering
module with user feedback.
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