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INTRODUCTION

ABSTRACT

Business news assists as an important tool which enables business leaders and marketers to
create strategic plans through their decision-making process. The large number of news arti-
cles spread across different platforms creates difficulties when trying to find important infor-
mation through efficient methods. The research presents an approach which employs unsu-
pervised learning methods to cluster business news articles for solving information overload
problems. The system uses K-Means and Agglomerative clustering algorithms together with
Bag-of-Words and TF-IDF and BERT embeddings to identify articles with similar content.
The research evaluates clustering performance through various assessment methods which
include Elbow Score and Silhouette Score and Calinski-Harabasz Index and Davies-Bouldin
Index to determine which approach works best. The combination of BERT with K-Means
produces better results than TF-IDF because it reaches an accuracy level of 84.46%. The pre-
processing stage required tokenization and stop word removal and stemming to solve the
problems which occurred when dealing with noisy data and unimportant information. The
results show that BERT achieves better clustering results because it understands deep semantic
meanings in text data. The research investigates both scalability and practical implementation
of the system through its proposed studies about real-time system flexibility and data bias
ethical problems. The proposed solution improves users’ ability to access business news which
enables them to make better decisions.

Cite this article as: Dahake GV, Ali MS. Clustering business news for strategic insight: An unsu-
pervised learning approach. Sigma J Eng Nat Sci 2026;44(1):55-73.

solving these problems [1]. The system uses information
retrieval and natural language processing to organize news

The fast expansion of digital news platforms together
with the large quantity of news content has created major
difficulties for news organization and valuable information
retrieval from this extensive information system. The pro-
cess of grouping similar news articles has proven useful for
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articles through their semantic and thematic and contex-
tual connections. The goal is to group articles with everyday
topics, themes, or characteristics, enabling users to discover
relevant content more efficiently [2,3]. The analysis of news
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article text content through information retrieval and nat-
ural language processing methods in clustering techniques
helps researchers detect similar patterns in the data. Users
can discover related content and hidden relationships and
gain complete knowledge about various subjects through
the process of clustering news articles [4]. The process of
clustering news articles with similar content helps users
organize information while recommending content and
identifying trends which results in better news delivery and
improved digital news access efficiency [5].

The process of clustering news articles which share
similarities requires multiple solutions to achieve success-
ful results. News articles contain language which remains
ambiguous and subjective because this creates different
ways for readers to understand what makes things similar.
The process of article clustering becomes difficult because
articles contain both background noise and unimportant
data. The system needs to handle increasing news article
numbers because its scalability becomes a problem which
demands better algorithm performance [6]. The process
of feature extraction and similarity measurement becomes
more complicated because of different writing styles and
language choices which appear in textual variations. News
requires immediate processing because of its time-sensitive
nature which makes temporal analysis essential for achiev-
ing proper clustering results [7]. The evaluation of cluster-
ing quality and determination of cluster numbers remains
difficult while researchers face challenges when dealing
with overlapping topics and multiple cluster assignments
for articles [8]. The solution of these problems requires
sophisticated methods for data preprocessing and feature
extraction and similarity assessment and evaluation which
produce better clustering results for news articles with sim-
ilar content.

The current clustering methods lack sufficient power to
detect semantic relationships between words because they
use Bag-of-Words and TF-IDF approaches. The methods
fail to handle high-dimensional data while their ability to
process large datasets including continuously updated news
articles remains limited. The current clustering methods fail
to consider how news topics change over time which results
in clusters that become irrelevant. The current methods
fail to process news data which contains noisy informa-
tion together with missing or unimportant content that
appears in actual news datasets. Research studies depend
on restricted evaluation criteria which produce restricted
assessments of clustering performance. The current meth-
ods lack practical use in real-world settings which creates
challenges for evaluating their performance in active oper-
ational environments. The research fills these knowledge
gaps through its implementation of BERT embedding
methods and its use of strong text processing techniques
and its detailed assessment protocol which enhances its
ability to work in practical scenarios.

The Paper contains its primary contribution which
follows.

The system provides an organized framework to pro-
cess large news datasets which enables users to find relevant
information and discover important knowledge from their
data. Clustering facilitates effective content organization
and trend analysis by grouping similar articles together. It
assists in identifying hidden patterns, emerging topics, and
relationships within news articles, allowing users to navi-
gate the news landscape more effectively.

« In order to develop clustering algorithms the following
can be used: K-mean and Agglomerative, these inte-
grated with Bag-Of-Words, Word2Vec, TF-IDF and
BERT to generate data embeddings.

o The choice of evaluation metric such as Silhouette
Score, Davies-Bouldin Index, Calinski Harabasz Index
and Elbow method plays a crucial role in refining and
improving clustering techniques for news articles that
are similar.

The organization of the Paper is as follows: Section 2
presents the different approaches and techniques for clus-
tering similar news articles. Section 3 presented the com-
plete methodology for clustering identical news articles.
The final section of this study presents both result analysis
and establishes the research findings and future research
possibilities.

Related Work

The field of text clustering involves various algorithms
for grouping similar texts together. Among the most com-
monly used algorithms are the vector space model, k-means
clustering plus its derivatives, techniques based on gener-
ation and on spectra, methods to reduce dimensionality
and lastly, methods based on phrases [1]. This traditional
approach, vector space model, is well suited to problems
that have similar themes however the model assumes the
number of clusters beforehand [2]. K-means clustering can
be used for hierarchical clustering and partitioned cluster-
ing [3]. However, this kind of clustering has a few significant
limitations. These include a high computational demand for
large data sets, requirement for random initialisation and
also the sensitivity to outliers present in the data. Another
approach for clustering fake news based on the k-mean
algorithm [9]. Advanced deep learning techniques such as
CNN and BERT are being utilised for clustering based fake
news detection [10]. The performance of generative algo-
rithms decreases when working with different types of data
and they need to know the number of clusters in advance
[5]. The algorithm of spectral clustering achieves its best
results when data exists as a bipartite graph because it lacks
the need for cluster number specification [4-6]. The origi-
nal computer vision methods for dimensionality reduction
achieve high performance but they need random starting
points which produce different results when analyzing the
same data [7,8]. Phrase-based methods encode word order
but don't guarantee higher accuracy than other clustering
methods [9,10]. The Agglomerative were proposed for
clustering short texts and news articles [11]. For instance,
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discriminant topic models and social network analysis on

Twitter [12,13]. Special kernel functions for semantic sim-

ilarity and collective clustering methods have also shown

promise in improving clustering accuracy for short texts
and news [14,15]. RELEVANTNews, a web feed reader by

Sonia Bergamaschi et al.[16], organizes news on similar

topics from different newspapers based on syntactic and

lexical similarities. However, many aggregators with similar
functionalities are commercial products with proprietary
systems [17]. Text clustering has become a crucial approach
used to manage the enormous quantity of textual data
that exists in the healthcare sector which holds important
health-related information. In recent years, there has been a
growing interest in the fields of natural language processing
to the area of healthcare due to significant advancements in
emerging deep learning approaches [18]. A combined opti-
mal strategy utilizing K-means has been proposed that help
doctors properly aggregate healthcare information con-
nected to heart problems and discover the optimal remedy

[18]. A cloud-edge computation architecture is the founda-

tion for the C-means method established, allowing for the

gathering of health information from several institutions

[19]. Numerous techniques have been put out thus far for

optimizing the cluster design [20]. These fall within the cat-

egories of neutral and biased techniques. Most approaches
used to address the atomic framework optimization involve
variations, namely, some methodologies, such as static lat-
tice search [21]. These can make cluster optimization eas-
ier. However, their usefulness is severely limited because
they work only with certain clusters and are hard to apply
to other optimized feature situations. The Rock algorithm
was used to optimizing the data cluster based on k-means

[22,23]. In evaluating performance, hyperparameter opti-

mization (HPO) acts as a valid process in and of itself. In

contrast to the very substantial scientific work on the suit-

able assessment of supervised using, however, there is a

lesser understanding regarding the appropriate assessment

of cluster techniques in combination with HPO [24].
These clustering techniques fall into three broad cate-

gories, each with specific characteristics and applications.

1. Straightforward per user gives a graphical interface
to imagining and gathering RSS channels from vari-
ous papers. Essential capacities supporting the client
in perusing are shown (for example, web crawler, dis-
tinctive requesting, a relationship of information to a
guide);

2. News classifiers show the news arranged based on stan-
dards nowand then chosen by the client. Straightforward
characterizations might take advantage of the classes or
potentially the watchwords given by the sites;

3. Progressed aggregators give extra elements to support
the client in perusing, grouping, arranging, and putting
away news.

Various studies have explored different approaches to
organizing and presenting news. Velthune, introduced in

[25], is a news search engine that uses a simple classifier

to categorize information. In contrast, RELEVANTNews
focuses on clustering similar information based on their
content. This clustering method can create large news-
groups in the same category, making navigating harder
for readers. RCS (RSS Clusgator device) proposed in [26]
updates clusters of news over time, aiming to maintain the
relevance of information. NewsInEssence [27], another
aggregator, uses the TF*IDF clustering algorithm to group
similar news and provide summarized content for readers.
However, RELEVANTNews doesn’t offer summaries but
utilizes a customizable clustering algorithm based on syn-
tax, words, and primary relationships to improve clustering
accuracy.

The authors describe a system based on Matrix-based
News Aggregation (MNA) which operates through a five-
stage processing pipeline in their research [28]. The system
starts by gathering data from web sources which gets stored
before it moves to article classification and content reduc-
tion and visual presentation for user consumption. The
main MNA methodology uses a structured matrix format
to organize information where news entities serve as matrix
rows and their attributes function as matrix columns. The
system enables users to personalize their search preferences
which become the starting point for the matrix. The pro-
cess of summarization comprises several tasks such as sum-
marization based on a topic and TF-IDF summarization of
the content within each cell of the matrix.

These works illustrate various techniques used in clus-
tering similar news articles, utilizing different techniques
such as topic modeling, entity-based attributes, graph
ranking, embedding techniques, and personal clustering.
These works help in improving clustering techniques used
in the task of clustering similar news articles, as they pro-
vide effective means of dealing with challenges of clustering
news.

Proposed Methodology

This study employs a methodology to cluster similar
news articles by combining text embedding techniques
with K-Means and Agglomerative clustering. Initially, tex-
tual data is converted into numerical feature vectors using
four representations: Bag-of-Words (BoW), which counts
word frequencies; TF-IDF, which weights word impor-
tance; Word2Vec, which captures semantic relationships;
and BERT, which generates context-aware embeddings. The
embeddings provide a vector representation that captures
the semantic meaning of each article. During the next stage
the algorithm makes clusters by successively placing each
story into the cluster whose centroid is closest according
to a distance function such as Euclidean distance, thereby
aiming to reduce the within cluster sum of squares. The
iterations are continued until a stopping criterion is met.
The hierarchical clustering algorithm employed is agglom-
erative clustering, where the procedure starts with each
item of information as a separate cluster and then merges
those clusters which are closest to each other according
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Figure 1. Proposed Architecture of clustering similar news articles.

to a defined similarity measure. The choice of appropriate
clustering validation tool depends on data type. Techniques
like silhouette, Calinski Harabasz, Davies-Bouldin index
and elbow method can be used to decide on the optimal
number of clusters. Through the use of these clustering
algorithms and the appropriate application of embeddings,
the proposed methodology seeks to efficiently cluster news
articles based on content and facilitate an understanding of
the relevant groupings of information.

Overview of Dataset

The dataset used in this study is the News Aggregator
Dataset from Kaggle, a well-established resource for text
analysis and machine learning research. This dataset
encompasses many articles sourced from diverse publishers
and covers a wide range of topics, including politics, tech-
nology, entertainment, and sports. The dataset contains
422,937 news stories or articles. Each item within the data-
base includes detailed information, for instance publication
date, news agency, the category the news story belongs to
and title. This combination of large scale, topical variety,
and rich metadata provides a robust foundation for devel-
oping and evaluating our clustering methodology, enabling
rigorous testing of the algorithms’ ability to organize and
categorize real-world news content.

Data Preprocessing

At the beginning of the processing stage of a program
which gathered news articles a number of problems were
encountered. The presence of these elements, though, led to
aloss of semantic coherence and a lessening of the semantic
importance of the words used in the text, which resulted in
a clustering accuracy that was lower than expected. In order

to tackle these problems, various natural language process-
ing techniques were utilised. The text was initially split into
individual words by means of tokenisation, which at the
same time removed punctuation from the text. By exclud-
ing articles such as ‘the} @ and ‘in; word filtering removes
words which generally do not add much to the meaning of
the document during the process of clustering. Stemming
further reduced words to their root forms, minimizing
variations of the same word, and Case Transformation stan-
dardized the text by converting all characters to lowercase.
The NLTK tools were used to apply a series of text pre-pro-
cessing steps which cleaned the data, improved its relevance
and increased the accuracy of the clustering algorithms.

Embedding Techniques

This study employed three-word embedding techniques:
Bag-of-Words, TF-IDF, and BERT. Each method was inte-
grated with two clustering algorithms, namely K-means
and Agglomerative, to cluster similar news articles.

Bag of words

A bag-of-words model is a method for extracting the
relevant features from a similar news article dataset for
modeling, such as with proposed classifiers. The approach
is very simple and flexible and can be used in a myriad of
ways [29].

To create a mathematical model using the Bag of Words
(BoW) approach for clustering similar news articles,

Create a vocabulary V by collecting all unique terms

from the preprocessed articles.

V= [n(Wl,d) n(wz_d) n(w3_d) ....n(WT_d)] (1)

N(.) is the number of news articles occurring in datasets
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The similarity between the two articles is measure using
distance based on cosine similarity

d(p,q;) = cos 6 @)
— Di-4qj
[1p:l] Hajll (3)

Term Frequency-Inverse Document Frequency (TF-IDF)

Term frequency-inverse document frequency (TF-IDF)
is a commonly used statistical technique in natural lan-
guage processing and information retrieval. It assesses the
similarity of an article compared to a set of news articles.
TF-IDF turns an article into a vector by multiplying its TF
with the Inverse Document Frequency (IDF). This calcu-
lation helps determine how relevant a news article is to a
dataset.

To establish a mathematical model using TF-IDF for
clustering similar news articles

V= [n(wie) n(waa) n(wsg) .n(wrg)] (4)
all the articles are not equally created

Va=[(W1,a) 1 n(W;,0) o n(W3.0) 5 ... (W) 7] (5)
D
n(Wi,d) = n(Wi.d) log {Zd,l[wiedl} (6)

Word2Vec

Word2Vec creates vectors of the article that are distrib-
uted numerical representations of news article features;
these features could comprise articles that represent the
context of the individual news articles present in datasets
[30]. Word embeddings eventually help establish the asso-
ciation of news articles with other similar-meaning news
articles through the created vectors.

To create a mathematical model using Word2Vec for
clustering similar news articles, Measure the position x
of each article and define the center news article at that
position as ¢ and the context article o. To recognize arti-
cle, define window size w, denotes the proposed model will
used as articles in position f - w to t + w as the context. Once
the measure of all the context article at position ¢, to max-
imize the context article given the centroid article, mea-
sure the probability of the proposed model predicting the
context news articlesbased on center article. The following
equation shows to maximize the probability.

L(@) = [i=1 [T-wsjsw P(My4|M; @) (6)

j#0
Convert equation 6 into derivations and make it maxi-

mization problem, take the log and multiply by -1

J(@)=—21ogL(@)=—1 Y-, T-wejew l0g (M, |Mi; ) (7)

j#0

Measure the probability of context article. Denote each
article by two sets of vectors, Pm and Qm. If m is context
article, then use Pm and if m is centre article, then use Qm.
according to this vector, probability equation for center
article o and context article ¢ as shown in equation 8

exp (PoTqc)

P(0=0lC=c)=
( Ol C) YmeDatasetD €XP (PmTdc) (8)

Equation 8 retrieves the similarity of two vectors o and
c. More similarity, more probability.

_le_
Qm2
Qm3

Qmn
Pmil
Pm?2
Pm3

€ RZdV (9)

L Pmn-

Equation 9 represents the vector that consists of both p
and q vectors of d length for the articles.

BERT

This study uses BERT for word embedding to cluster
similar articles. BERT embeddings capture contextual and
semantic information of words and phrases, which highly
benefits clustering similar news articles. By represent-
ing articles as vectors of BERT embeddings, measure the
semantic similarity between articles. This enables the clus-
tering of articles based on their content and context [31].

Figure 2 shows the representation of the BERT model
to generate the context-based data embedding. This model
is trained on a massive news article dataset of the English
language. BERT’s depth (12 layers), hidden size (512), and
multi-head self-attention (12 heads) are vital components
that allow it to capture rich contextual information from
similar article data. In this research, information is taken
from the output of the second-to-last layer of a transformer
model, specifically the 11th layer. This information is
turned into a form that looks like a tensor with measure-
ments (n, 25, 511). Where ‘n’ stands for the number of arti-
cles in the dataset, 25’ is how many words or parts are in
each article, and 511° shows the size of the hidden informa-
tion. Later, methods for extracting features and making the
data consistent will be used on this information, leading to
a matrix with measurements of (n, 511).

Utilizing BERT to cluster similar news articles involves
the following mathematical model:

For the Articles Ai shows the sequence of words w =
[wl, w2, w3.... wn], the article embedding E(A) can be com-
puted as:

E(Ai) = BERT([wl,w2,w3....wn]) (10)
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Figure 2. Representation of BERT for context-based data embedding.

The Max pooling layer cab be showed by further equa-
tion 11

alk] = max wi (11)

where, w[k] is the k-th entry of similar articles data of vec-
tor w. The complete articles can represent all the contextual
information vectors, and taking the mean of these vectors
removes noise in the data, which is why mean pooling is con-
sidered. Equation 12 illustrates the mean pooling approach.
wlk] = Zstie (12)

flw) = w represents the identity normalization, which
is used as an identity function. For the vector ai, standard
normalization involves applying the function as described
in the equation 13.

Wi

Y (13)

Where, w represents the normalized vector. it converts
vector into norm of 1. The layer normalization approach
can minimize the covariate shift issue, during the training

the model [31], equation shows the function in layer.

o

Where, 0; and o; represents the mean and SD of the vec-
tor w;. min-max normalization approach is used to main-
tain the primary distribution of the similar article data
vectors. It utilizes the function described in the equation 15.

wi—ming(Wiq)

w= maxg(wig)-ming(w;q) (15)

BERT processes the entire sequence and retrieves the
contextual data and semantics of the articles. With article
embedding obtained from BERT, similarity between arti-
cles is computed using various similarity measures based
on Cosine similarity techniques. Example two articles
embedding E(Ai) and E(Aj), the cosine similarity S(Ai,Aj)
is calculated as:

E(AD).E(AJ)

ALAJ) = S SITE @R
S( L ]) ||E(AD||||E AN

(16)

The dot (.) is used to measure the similarity the vectors,
and the Euclidean norm (magnitude) is used to normalize
the vectors.

Functioning of Clustering Techniques

Clustering methods used include K-Means and
Agglomerative hierarchical clustering, due to their suitability
for handling large numbers of features in each data point, such
as those found in text vector representations. The K-means
algorithm works well with very large collections and also per-
forms well with techniques such as BERT and TF-IDF feature
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extraction when the number of groups is known. In contrast,
agglomerative clustering enables hierarchical cluster structur-
ing which facilitates the identification of connections between
documents that exhibit varying degrees of similarity. In such
instances where these methods may not be optimal is when
dealing with non-spherical cluster forms.

K-Means Clustering

Clustering analysis using the k-means method groups
together a collection of data points, without prior knowledge,
into K clusters. Randomly select k cluster centers from the
data, which are often referred to as the centroids of the clus-
ter. The centroids used are actually randomly chosen points
from the given set of data. They are used to train a classifier
with these centroids. This classifier then assigns data points
to clusters, initially creating random clusters [33]. Afterward,
each centroid is updated to the average position of the cluster
it represents. This classification and centroid update process
is repeated until the centroids’ positions stop changing. As a
result, the vectors lying in this space finally converge to stable
centroids, which in turn classify the data points into groups
or classes. This classification gives anonymous data points a
particular identity and assigns them to specific clusters. In
order to establish a mathematical model for K-means clus-
tering for clustering similar news articles, we can define the
equation 17 (Table 1):

A= Y Yo Tl 2, — el 2 (17)

7, is belongs to (0,1) represents the membership value
of data x,, in cluster K. To minimizes the objective function
A need to measure the specific value for r,; and y;. The
objective function A can be minimized by set the values of
7, and g, based on the equation 18

(1 k = arg ming||x, — wl|?
Tnke = { 09015}1(5'1Iis| n il (18)
N
U = Yn=1TnkXn (19)

N
Xn=1Tnk

Agglomerative Clustering
News articles are clustered based on their similar-
ity in vector space, using agglomerative hierarchical

Table 1. K-means clustering

clustering. This method uses a measure of distance such as
the Euclidean distance. The program provides a compre-
hensive view of the way clusters are formed. Through this,
it is possible to establish a detailed level of granularity in
the clustering which the algorithm produces. This makes it
easier to discover which news items are grouped together in
the hierarchy created by the Table 2.

To create a mathematical model for Agglomerative
Clustering to cluster similar news articles and define the
following:

The agglomerative clustering techniques applied to
non-vector data

Consider A = x1, X2, ..... xn

A is the article dataset

Now updated the predefined threshold of distance.
There are two cluster p and g are combined to each other
and create new cluster r. Consider k represents the other
existing cluster. If measured the distance between cluster g
and cluster k. p and g are the existed, the distance between
p and k and the distance between g and k. Represents the
distance by D(p, k) and D(q, k)

The cluster is the single link cluster

D(r, k) = min(D(r, k), D(g, k)) (20)

D(r, k) represents the minimum distance between the
articles in cluster r and k resp. It can be denoted the equa-
tion 20 update the distance is similar to minimum distance
between two articles over the two cluster.

Complete cluster is

D(r, k) = max(D(r, k), D(s, k)) (21)

where, D(r, k) represents the max distance between two
articles in cluster r and k

The two distances, D(p, k) and D(q, k) are aggregated
with the weighted sum

D(p,k) = 3D(p,k) + 5D(q.k) (22)

The centroid measure for each cluster article and the
distance between article clusters is represented as the dis-
tance between their centroids.

D(p,k) = D(p,k) + 5D(q. k) = ;D@.q)  (23)

Step 1: Initialize K cluster centroids, y = {u1, y2.. .., uK}, randomly.

Step 2: Assign each news article xi in X to the nearest centroid:

zi = argmin(||xn - pk||), for k = 1 to K, using a distance metric such as cosine similarity.

Step 3: Update the centroids by computing the mean of the vectors in each cluster:

uk = (1/|Ck]) * Zxi, for xi in Ck.

Step 4: Repeat the assignment and update steps until convergence or a predefined stopping criterion is met. Convergence is achieved
when the centroids no longer change significantly or when the maximum number of iterations is reached.




62

Sigma J Eng Nat Sci, Vol. 44, No. 1, pp. 55-73, February, 2026

Table 2. Agglomerative clustering

Step 1: Initialize each news article xi as a separate cluster.

Step 2: While the number of clusters is greater than 1

o Find the pair of clusters with the minimum distance, i.e., the closest pair of clusters in the distance

e« Matrix D.

« Combine the two neighbour clusters into a single cluster.

» Modify the distance D by recalculating the distances between the new cluster and the remaining clusters using a link-

age criterion such as complete linkage.

Step 3: Assign each news article to its corresponding cluster based on the final clustering structure.

The following equation 24 can update the distance

_ np+ng ng+ng
D(r. k) = np+ngtny D, k) + np+ngtny D(q.k)
ni (24)
e e—— 9
Hyperparameter Setting

When performing cluster analysis on similar news sto-
ries using K-means and agglomerative clustering, parame-
ter tuning is required. The choice of the number of clusters,
the way of initializing cluster centroids and the maximum
number of iterations relate to the k-means clustering algo-
rithm. Three metrics can be used to determine the number
of clusters for k-means: the Silhouette method, the Davies-
Bouldin method and the elbow method. The k-means algo-
rithm can be enhanced by using the ‘k-means++’ algorithm
for initialization to improve the clustering’s stability and
efficiency of convergence. The number of iterations (max_
iter) should be set to 300, which ensures a sufficient num-
ber of iterations for convergence. Agglomerative clustering
can be optimised by adjusting three parameters: the num-
ber of clusters, the average linkage method and the metric
used to calculate the distance between clusters. In general,
grid search with cross-validation was employed to find the
best parameters of the algorithm so as to improve the clus-
ter’s accuracy and quality.

Parameter Evaluation

To obtain the most accurate cluster results in grouping
similar news articles together, parameter settings need to be
optimised. Some key parameters to consider when evaluat-
ing the effectiveness of clustering techniques:

Elbow Score: A heuristic to determine the optimal
number of clusters. Generally, the cluster radius is obtained
from the within cluster sum of squares, calculated as follows:

WCSS = Zlitzl ?zl(xij - C]_)Z (25)

Where, K represents the number of clusters to measure,
n represents the number similar articles, x;; denotes the jth
similar articles in the ith cluster, ¢; is the centroid of the ith
cluster

Silhouette Score: The Silhouette Score is a tool that
checks how healthy clusters created by a clustering method
work. It determines how much an article matches its cluster
compared to the other clusters. To find the Silhouette Score
for a particular article, a specific formula is used:

() = b(i) - a(i)

max{a(i),b(i)} (26)

Where, S(i) is the Silhouette Score for similar news arti-
cles point i, a(i) represents the average distance of similar
news articles i to all other articles in the similar cluster, b(i)
is the smallest average distance of similar news articles i to
all news articles in other cluster

Calinski-Harabasz (CH): The Calinski-Harabasz (CH)
score, also called the Variance Ratio Criterion, is used to
judge how good clusters are when created by a cluster-
ing method. It calculates the ratio between how different
clusters are from each other compared to how similar data
points are within the clusters. A higher CH score means
more apparent and more distinct clusters. The formula for
the Calinski-Harabasz score is used to calculate this:
N-K
K-1

cH = 28

wW(K) (27)

Where, CH is the Calinski-Harabasz score, K is the
number of clusters, N is the total number of similar news
articles. B(K) is the between-cluster variance, which is cal-
culated as the sum of squared distances between cluster
centroids and the overall mean of the similar news articles,
weighted by the number of articles in each cluster. W(K)
is the within-cluster variance, which is the sum of squared
distances between similar news articles and their respective
cluster centroids.

Davies-Bouldin: The Davies-Bouldin Index is a tool
used to judge the quality of clusters made by a clustering
method. It looks at how similar each cluster is to its most
similar one while also considering the size of the clusters.
The formula for calculating the Davies-Bouldin Index is
utilized for this purpose:

1 K 5i+5j
DB Yis1Maxjy, (

- E d(Ci,Cj) (28)
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Each evaluation metric provides a different perspective
on clustering quality. The Elbow method for determining
the optimal number of clusters, while the Silhouette Score
evaluates how well-separated the clusters are. Calinski-
Harabasz and Davies-Bouldin indexes measure the internal
structure of clusters, with the former focusing on the vari-
ance ratio and the latter assessing cluster compactness.

RESULT AND DISCUSSION

Clustering Result of K-Mean
In this phase, we employ various combinations of
embedding techniques and clustering methods to group

Elbow method

news articles. To assess these combinations, we used a
collection of 3811 news articles. Techniques such as
Bag-Of-Words, TF-IDF, Word2Vec, and BERT embed-
dings were applied to these articles. Subsequently, we
employed K-means and Agglomerative clustering meth-
ods on the embedded news articles. The elbow method
was utilized to determine the optimal value for K in
K-means clustering.

Figure 3(a) shows the inertia of clusters from 15 to 30.
The Bag-Of-Words technique was used to embed text into
vectors. It can be observed from Figure 3 that there are con-
siderable variations in inertia as try clusters from 15 to 25,

Elbow method
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¢. Vector obtained using BERT

Figure 3. Vector obtained using Elbow method (a) Bag-Of-

Words (b) TF-IDF (c) BERT of K-Mean.
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and after 25 shows that inertia does not change much. So,
according to Figure 3(a), the value of K can be taken as 25.

Figure 3(b) shows the inertia of clusters from 15 to 30.
The TF-IDF technique was used to embed text into vectors.
From Figure 3(b), the elbow shape is formed at 22 clusters.
So, according to Figure 3(b), the value of K is 22.

Figure 3(c) shows the inertia of clusters from 15 to 30.
The BERT technique was used to embed text into vectors.
From Figure 3(c), it can be seen clearly that the elbow shape
is formed at 22 clusters. According to Figure 3(c), the value
of Kis 22.

Silhouette Score for Bag-Of-Words and K-Means

0.75 1

0.70 1

0.65

scores

0.60 1

0.55 ~

0.50 1

T T T T L

T T
16 18 20 22 24 26 28
Number of clusters

a. Vector obtained using Bag of Words

Figure 4 (a) shows the Silhouette Score of clusters from
15 to 30. The Bag-Of-Words technique was used to embed
text into vectors. According to Figure 4 (a), the value of K
is 22.

Figure 4 (b) shows the Silhouette Score of clusters from
15 to 30. The TF-IDF technique was used to embed text
into vectors. According to Figure 4 (b), the value of K is 22.

Figure 4 (c) shows the Silhouette Score of clusters from
15 to 30. The BERT technique was used to embed text into
vectors. According to Figure 4 (c), the value of K is 23.

Silhouette Score for TF-IDF and K-Means
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Silhouette Score for BERT and K-Means
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T
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T
22 24 26 28
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Figure 4. Vector obtained using Silhouette Score (a) Bag-Of-Words (b) TF_IDF (c) BERT of K-mean.
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Calinski Harabasz for Bag-Of-Words and K-Means
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Figure 5. Vector obtained using Calinski Harabasz (a) Bag-Of-Words (b) TF-IDF (c) BERT of K-mean.

Figure 5 (a) shows the Calinski Harabasz Score of clus-
ters from 15 to 30. The Bag-Of-Words technique was used
to embed text into vectors. According to Figure 5 (a), the
value of K is 23.

Figure 5 (b) shows the Calinski Harabasz of clusters
from 15 to 30. The TF-IDF technique was used to embed
text into vectors. According to Figure 5 (b), the value of K
is 22.

Figure 5 (c) shows the Calinski Harabasz of clusters
from 15 to 30. The BERT technique was used to embed text
into vectors. According to Figure 5 (c), the value of K is 22.

Figure 6(a) shows the Davies-Bouldin Score of clusters
from 15 to 30. The Bag-Of-Words technique was used to
embed text into vectors. According to Figure 6(b), the value
of K is 24.

Figure 6(b) shows the Davies-Bouldin of clusters from
15 to 30. The TF-IDF technique was used to embed text
into vectors. According Figure 13, the value of K is 22.

Figure 6(c) shows the Davies-Bouldin of clusters from
15 to 30. The BERT technique was used to embed text into
vectors. According to Figure 6(c), the value of K is 22.

Clustering Result of Agglomerative

A for loop is used to find the optimum threshold
value, which starts from 0.75 to 0.85. In each iteration, this
value is incremented by 0.0125. So, various scores, such as
Silhouette, Calinski-Harabasz, Davies-Bouldin, etc., are
evaluated for eight threshold values.

Figure 7(a) shows the Silhouette Score for threshold
0.75 to 0.85. The Bag-Of-Words technique was used to
embed text into vectors. According to Figure 7(a), the value
of threshold is 0.8.

Figure 7(b) shows the Silhouette Score for threshold
0.75 to 0.85. The TF-IDF technique was used to embed text
into vectors. According to Figure 7(b), the value of thresh-
old is 0.7875.
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Davies-Bouldin for Bag-Of-Words and K-Means
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Figure 6. Vector obtained using Davies-Bouldin (a) Bag-Of-Words (b) TF-IDF (c) BERT of K-mean

Figure 7(c) shows the Silhouette Score for threshold
0.75 to 0.85. The BERT technique was used to embed text
into vectors. According to Figure 7(c), the value of thresh-
old is 0.7875.

Figure 8(a) shows the Calinski-Harabasz Score for
threshold 0.75 to 0.85. The Bag-Of-Words technique was
used to embed text into vectors. According to Figure 8(a),
the value of threshold is 0.7875.

Figure 8(b) shows the Calinski-Harabasz Score for
threshold 0.75 to 0.85. The TF-IDF technique was used to

embed text into vectors. According to Figure 8(b), the value
of threshold is 0.7875.

Figure 8(c) shows the Calinski-Harabasz Score for
threshold 0.75 to 0.85. The BERT technique was used to
embed text into vectors. According to Figure 8(c), the value
of threshold is 0.7875.

Figure 9(a) shows the Davies-Bouldin score for thresh-
olds 0.75 to 0.85. The Bag-Of-Words technique was used to
embed text into vectors. According to Figure 9(a), the value
of the threshold is 0.8.
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Figure 9(b) shows the Davies-Bouldin score for thresh-
old 0.75 to 0.85. The TF-IDF technique was used to embed
text into vectors. According to Figure 9(b), the value of
threshold is 0.7875.

Figure 9(c) shows the Davies-Bouldin score for thresh-
olds 0.75 to 0.85. The BERT technique was used to embed
text into vectors. The threshold value is 0.7875.

So, considering Figure 9(c), the value of K was set to 22.
whereas for Agglomerative the threshold was set to 0.7875.

Once the clustering was done, the important task was
to check the quality of the clusters, i.e., whether similar

news was clustered in the same group or not. The proposed
algorithm finds out the number of similar news articles
correctly clustered in the same group. The accuracy was
obtained by dividing this number by the total number of
articles obtained, and finally, this ratio was multiplied by
100.

Total number of articles obtained

Accuracy = X 100 (29)

Total Number of Articles

Tables 3 and 4 show the optimal and threshold values for
tailoring the clustering process to the specific characteristics
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Figure 8. Vector obtained using Calinski-Harabasz (a) Bag-Of-Words (b) TF-IDF (c) BERT of agglomerative.

of the similar news article dataset and to ensure effective
clustering of similar news articles.

Table 5 shows the accuracy of each embedding tech-
nique and clustering technique combination. It concludes
that the combination of BERT and K-means algorithms was
better than all other combinations.

A comparative analysis of the proposed BERT based
clustering model is presented in Table 4 to the existing
clustering algorithms that are used for clustering news
articles. Malo et al. cite{malo} achieved an accuracy of
71% using the LPS approach, while Krishnamoorthy et al.
cite{krishnamoorthy2} achieved 89% accuracy. The team’s
approach also reached an accuracy of 71% in the HSC
assessment. Researchers achieved a score of 80.31% with

a model they called “Ctrl-BERT”. By combining K-means
clustering with a pre-trained BERT language model, the
study achieved a clustering accuracy of 84.46%, outper-
forming previously reported results in text-based classifi-
cation tasks. This better performance is because BERT can
understand the full context of a news article, including
the relationships between the different pieces of informa-
tion in it. This means it groups similar news stories more
accurately. The proposed approach exhibits a notable edge
over traditional methodologies as reflected in the data
(Table 6).

When atechnique that uses BERT to derive word embed-
dings and K-Means clustering was tested, it achieved higher
accuracy than methods which use Bag-of-Words and Term
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Figure 9. Vector obtained using Davies-Bouldin (a) Bag-Of-Words (b) TF-IDF (c) BERT of agglomerative.

Frequency-Inverse Document Frequency in experiments,
84.46% clustering accuracy was achieved. One of the main
reasons BERT can improve upon traditional clustering
methods is its ability to identify the deep relationships that
exist between words. This relationship identification helps
to improve the accuracy of the clustering results. In addi-
tion, several overall performance metrics were found to be
useful. This includes the Davies-Bouldin Index, Calini ski
- Harabasz statistic and the Silhouette Statistic, which are
three methods that give cluster evaluation from multiple

angles. Despite the effectiveness of BERT, one major draw-
back of BERT is the significant increase in computational
power required for its operation, leading to difficulties
when working with datasets of a considerable size. In order
to minimize the effect of computational overhead, use of
batch operations and the distribution of computational
task were adopted. While BERT embeddings are effective
to retain contextual and semantic information within text,
which offers higher computational resources compared
to Word2Vec and TF-IDE This limitation becomes more
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Table 3. Optimum value of ‘K’ using K-Mean algorithm

Methods Embedding techniques K-value
Elbow Bag of Words 25
TF-IDF 22
BERT 22
Silhouette Score Bag of Words 22
TF-IDF 22
BERT 23
Calinski-Harabsz Score Bag of Words 23
TF-IDF 22
BERT 22
Davies-Bouldin Score Bag of Words 24
TE-IDF 22
BERT 22

Table 4. Optimum value of threshold using agglomerative algorithm

Methods Embedding Techniques Threshold Value
Silhouette Score Bag of Words 0.8

TF-IDF 0.7875

BERT 0.7875
Calinski-Harabsz Score Bag of Words 0.7875

TF-IDF 0.7875

BERT 0.8
Davies-Bouldin Score Bag of Words 0.7875

TF-IDF 0.7875

BERT 0.8

Table 5. Comparative result analysis of each embedding technique and clustering algorithm

Embedding Technique Size of Each Vector Clustering Algorithm Accuracy (%)

Bag of words 1567 K-means clustering 63.89
Agglomerative clustering 60.16

TF-IDF 1567 K-means clustering 74.96
Agglomerative clustering 68.85

BERT 512 K-means clustering 84.46
Agglomerative clustering 80.71

pronounced when working with large-scale datasets. In  K-Means makes it properly matched for handling large vol-
contrast, to ensure that the proposed method can be effi- ume of datasets. An additional efficiency was achieved by
ciently used with large datasets, the K-Means method employing BERT embeddings with the use of batch opera-
was optimised. The linear computational complexity of tions and distributed computing methodologies.
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Figure 10. Bar represents the result analysis of each embedding technique and clustering algorithm.

Table 6. Comparative result analysis of cluster with existing methods

Authors Methods Accuracy in %

Malo et. al [35] LPS 71.00

Krishnamoorthy et al. [36] HSC 71.00

Raaci et al. [37] ULMFit 83.00

Proposed BERT 84.46

CONCLUSION crucial to determine the ideal number of clusters by tak-

Large archives of similar news stories can be better
understood and their key information identified through
grouping news stories of a similar type together. News arti-
cles can be grouped based on their statistical properties
by applying clustering algorithms such as K-means, hier-
archical agglomerative clustering, Hierarchical or other
techniques. The advantages of clustering data include the
simplification of data retrieval, better structured data, the
ability to more easily identify trends, the generation of
tailored suggestions and the improvement of the process
of exploring data. By facilitating browsing through news
articles, it is possible to more easily discover trends and
links. This also allows users to learn about topics which
are becoming popular. This allows readers to gain greater
insight into news and trends which are developing.

The number of clusters, K, which best categorizes news
articles of a similar nature can differ based on the specific
collection of articles and the degree of similarity desired.
Since there is no single universally applicable value for
the number of clusters (K) that works for all data sets, it is

ing into account several factors. These include the nature of
the data, the amount of data available, and the goals which
the cluster analysis aims to achieve. Upon examination of
all these algorithms and methods, it appears that the best
outcome for this grouping of like news stories is obtained
by setting k to 22 and a threshold of 0.7875. Presently the
integration of real-time adaptability and deep learning into
a news aggregator poses difficulties such as the mainte-
nance of low computational costs, the processing of con-
tinuous streams of data and the adaptation to changing
news topics. In future work, we anticipate the challenges
identified in this research to be addressed by various meth-
ods including online learning and incremental clustering.
Texts such as news websites can also use clustering to man-
age their content and offer readers with a news feed that is
more tailored to their interests. Research into the grouping
of similar newspaper articles is likely to be mainly based
on deep learning techniques, the ability to process data in
real time, clustering methods which use elements of other
techniques, the incorporation of data in multiple formats,
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understanding how decisions are made, tailoring the results
to individual users, the detection of false information and
large-scale applications. While the temporal effects of news
articles were not studied here, their consideration is essen-
tial for further research. The evolving nature of news stories
can be captured by the incorporation of techniques such
as trend analysis or time-based clustering. In the rapidly
changing news media environment, a goal of this research
is to improve both the usability and the accuracy of cluster
analysis tools.
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