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Abstract

Clustering is regarded as one of the most important tools for data analysis, especially
when label information is not available. Basically, it segregates a collection of data points
into such groups that each group contains as similar data points as possible. A Big dataset
in general, is characterized by several complexities including high dimensionality. Specif-
ically, in the case of textual datasets, high dimensionality poses a great challenge for
clustering as well as other text mining tasks. In a textual dataset, the number of unique
words across the whole corpus (set of documents) becomes the dimensionality of the
dataset. Hence, the number of dimensions can reach anywhere from tens of thousands to
a few millions, for a dataset containing some thousands of documents. In addition, the
matrix representation of such datasets become very sparse (containing a large number of
Z€er0s).

These major challenges make traditional clustering techniques such as partitioning-based,
hierarchical, and density-based unsuitable for clustering on such high-dimensional and
sparse data. In some cases, they even fail to perform clustering. Another important chal-
lenge in the case of textual datasets is to include the semantics (meaning) of text while
forming clusters. In the literature, several semantic-based text clustering techniques are
also defined which consider the semantics and to some extent attempts to reduce the high
dimensionality problem. Still, there is a crucial requirement of text clustering techniques
that can scale to the high dimensionality of large textual datasets.

In this thesis, such text clustering techniques have been proposed that attempt to simul-
taneously solve the aforementioned challenges. The first proposed technique is named
“Stamantic Clustering” which is based on lexical chains (groups of semantically related
words) and WordNet (a lexical database for English). The other proposed technique is
named “WEClustering” which is based on word embeddings (a numerical vector that
represents a word). Both the techniques have been validated on sufficiently large text
datasets having high dimensionality. Based on various performance metrics, a compar-
ative analysis of both techniques has also been performed with some of the existing
state-of-the-art text clustering techniques. The analysis shows that the proposed tech-
niques are more efficient in clustering high-dimensional textual datasets. Additionally,
the two proposed text clustering techniques are compared among themselves for factors

such as accuracy, execution, and scalability.

Keywords: Document clustering, High dimensionality, Unsupervised learning, Text

datasets, Big datasets, Word embeddings, Lexical chains, Cluster analysis.
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Chapter 1

Introduction

Clustering has emerged as a highly active area of research in the field of data mining and
machine learning. The numerous applications of clustering in various domains such as
business intelligence, security, medicine, information retrieval, and biology make cluster-
ing a very useful tool for data analysis. Alternatively, it also serves as an intermediate
step for other data analysis techniques such as classification and outlier analysis. A basic
definition of clustering can be given as follows: [7]

“Given a collection of data objects, organize them into different groups such that objects

i each group are as similar as possible.”

This chapter presents the basic concepts involved in the complete process of clustering a
dataset. Section 1.1 provides an introduction to clustering. Section 1.2 defines various
proximity measures which are an important component in many clustering techniques.
Section 1.3 presents different performance metrics used to measure the accuracy of clus-
tering. Section 1.4 presents various application domains of clustering. Section 1.6 gives
an overview of the contributions of this thesis. Lastly, section 1.5 presents the organiza-
tion of this thesis.

1.1 Clustering

Clustering is the process of segregating a collection of data objects (known as a dataset)
into different groups such that the objects in one group are more similar to each other in
comparison to the objects of different groups. Hence the underlying principle behind this
process is to mazimize the intraclass similarity and minimize the interclass similarity [8].

Each group or subset resulting out of this process is called a cluster.

The definition of a data object can be different for different applications. For example, a
data object can be a patient in a medical dataset, a document in a text dataset (corpus),
a house in a real estate dataset, an image in an image dataset, a student in a university
dataset, and so on. Other terms that are generally used for data objects are data points,

examples, and instances. To process a dataset, each data object is generally represented
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Figure 1.1: Clustering performed on two different datasets [1] each having 1000 data
points.

by a set of attributes. For example, a house can be represented by attributes such as
its area, the number of bedrooms, year of built, price/sq. feet of land and so on. Terms
such as features, dimensions, attributes, and variable are used interchangeably in the
literature. A simple illustration of clustering performed on two synthetic datasets [1]
each containing 1000 data points is shown in Figure 1.1. As shown, 5 clusters are found
in the dataset labelled as (A) and 3 clusters are found in the dataset labelled as (B).

There exist many techniques in the literature to perform clustering on a given dataset.
Broadly, these techniques can be categorized into five categories [9, 10] namely: Partitioning-
based, Hierarchical, Density-based, Grid-based, and Model-based. The definition and de-
tails of these categories are provided in chapter 2. In general, a good clustering technique

should have the following capabilities [8].

1. Ability to deal with complex data types: A large number of clustering tech-
niques are designed for numerical data types. With the advancement of the Internet,
datasets of other complex types such as documents, images, and graphs are also
being generated on a large scale. Hence, clustering techniques specific to these data

types are required.

2. Ability to handle high-dimensional data: Traditional clustering techniques
are more suitable for clustering datasets with a low number (less than 10) of di-
mensions. However, in a text dataset, for example, each unique word is considered
as a dimension, hence, the number of dimensions may reach several thousand or
even more, and that may be sparse too. Clustering techniques suitable to this kind

of scenario are required.

3. Insensitivity to input order: Some clustering techniques are sensitive to the
input order of data objects given to them. Clustering algorithms insensitive to the

input order are required.



4. Fewer input parameters: Many clustering algorithms require such input param-
eters that can be hard to determine. For example, the number of clusters can be
difficult for users to determine in the initial stage. Hence, clustering techniques

that require less and easy to supply parameters are desirable.

5. Scalability: Several clustering techniques are suitable for small-sized datasets only,
such as those with only a few hundred data objects. With time, datasets have grown
very large which may contain up to millions of data objects. Hence, clustering

techniques scalable to the large size of datasets are required.

1.2 Proximity Measures

A dataset is a collection of data objects and a data object represents an entity that can
be, for example, a patient in a medical database, a document in a document dataset, a
student in a university database, and an image in an image dataset. Each data object
is represented by some attributes that are also known as features. In data analysis tasks
such as clustering, classification, and outlier analysis, the first and very crucial step is to
calculate the proximity (similarity/dissimilarity) between two data objects. If important
factors such as sparsity in data, the correlation among data features, and feature format
are ignored in this step, meaningful patterns may remain obscure [11]. The first and
obvious distinction to be made for selecting a proximity measure is the category (or
type) to which an attribute belongs. These four basic categories are nominal, binary,
ordinal, and numeric [8] as shown in Fig. 1.2. Nominal attributes contain names that
represent a category; hence, these are also known as categorical attributes. There is no
specific order or sequence to be followed for these names. In the case where nominal
attributes contain only two values, attributes are known as binary attributes. Ordinal
attributes are the same as nominal but a specific order exists among the labels/names.

Lastly, numeric attributes consist of numerical values.

This research work specifically focuses on proximity measures that deal with the numeric

type of data attributes. These are discussed in the next subsection.

1.2.1 Proximity measures for numeric data

Various widely used numeric proximity measures are described below.

1. Euclidean distance: Let p; = (pi1, pi2, ..., Pin) and p; = (pj1, Dj2, --., Pjn) be two data



Figure 1.2: Types of attributes

points in some dataset X. The Euclidean distance between p; and p; is given as
d*(pi,p;) = (P — Pin)* + (Di2 — j2)* + - + (Pin — Pjn)’ (1.1)

. Manhattan distance (or city block distance): This distance is defined as

d(pi,pj) = |pi2 — pjal + |piz — Pjal + . + [Pin — Pjn] (1.2)

That is, it walks along only one of the axis at a time. This is analogous to walking
in a city of blocks where one cannot go diagonally between two locations; instead,

we have to walk along with either of the two dimensions at a time.

. Minkowski distance: This distance measure is given by the function:

n

d(pi, pj) = Z(m’,k - pj,k\)x)l/x (1.3)

k=1

Note that, for x = 1, it becomes Manhattan distance and for x = 2, it becomes

Euclidean distance. Hence, it is a general form of both of them.



4. Chebyshev distance: For two vectors, this metric is defined as the maximum of

the difference across any of the dimensions of vectors; hence it is also known as
the maximum metric. Thus, for two data points p; = (pi1, pi2, ..., Pin) and p; =

(pj1,Pj2s -, Pjn), Chebyshev distance is calculated as

d(pi;pj> = mgx(|pm - Pjn|) (1~4)

. Cosine similarity: For sparse datasets (those in which a significant number of zeros

are present), the aforementioned traditional measures often do not work well. For

example, in document clustering, the representation of a document often consists of

a large number of zeros, making the dataset sparse. In such cases, cosine similarity is

often used for measuring the similarity between two documents [8]. It is calculated

as the cosine value of the angle between vectors that represent two documents.
dg.dy

im(d,, dy) = —x__ 15
sim(da, &) = [Tl (15)

Here, d,.d, is the dot product between the vectors d, and dy,. ||d,|| and ||dp|| denote
the length of the vectors d, and d; respectively.

. Pearson distance: Based on the Pearson correlation, the Pearson distance is defined

as

1 —Corr(a,b) (1.6)
Here, Coorr(a,b) is the Pearson correlation of two variables a and b. It is defined as

Cov(a.b)

0q4-0p

Corr(a,b) = (1.7)
where Cou(p, q) is the covariance between a and b. o0, and o, are the standard
deviations of a and b respectively.

The Pearson distance lies in [0, 2]. This measure has been shown as sensitive to

outliers [12] by Anscombe who highlights the importance of studying graphs.

7. Kullback-Leibler Divergence (KLD): If a dataset is assumed to be following some



10.

probability distribution, then a measure proposed by Kullback and Leibler [13]

calculates the distance between two probability distributions P, and P, as

DralRilR) = 3 Rl o8 ) (1.9

This measure lies in the category of non-metric because it is not the symmetric
measure and secondly it does not satisfy the triangle inequality [14]. Huang [15]
compared the effectiveness of the average KLLD measure with other measures such as

Euclidean, Cosine, Jaccard, and Pearson in the domain of text document clustering.

Canberra distance metric: This distance metric is used when data vectors contain all
non-negative elements [16]. For the n-dimensional vectors p and ¢, it is formulated

as

Ipi — ail
i Qi 1.9
s, %) Z Ipi + qil (1.9)

Bray-Curtis: This dissimilarity measure is specifically used in the field of ecology
and biology to calculate the difference between the counts of species existing on two

different sites. It is formulated as

2Cab

BC, =1—
b S, + S,

(1.10)

where S, and S, are the counts at two sites a and b, and C,;, is the sum total of

smaller counts for each species on both the sites [17].

Jaccard similarity coefficient: Between two finite sample sets, it measures the simi-

larity as the ratio of the intersection and the union of two sets (say S and S) [18].

51152

J(S1,5:2) = 505

(1.11)

In generalized form, the Jaccard index between two vectors P = (py, p2, P3, -y Dn)

and @ = (q1, 92, G35 ---, n) is calculated as

Zi min (p;, ¢;)

J(P,Q) = > max (pj, g;)

(1.12)



Table 1.1: Capability of different proximity measures.

Proximity measures Capability factors
Metric Affected by Considers  Considers
variable’s scale sparsity correlation
Euclidean Distance Yes Yes No No
Manhattan Distance Yes Yes No No
Minkowski Distance No No No No
Chebyshev Distance Yes Yes No No
Cosine similarity No No Yes No
Pearson Correlation No No No Yes
KLD No Yes Yes No
Canberra distance Yes No No No
metric
Bray-Curtis No No* No No
Jaccard Coefficient Yes Yes No No
Dice coefficient No No Yes No
Mahalanobis distance: Yes No No Yes

11. Dice coefficient: For two vectors = and y, the dice coefficient [19] is given as

2x.y

_— (1.13)
r.r+y.y

SDic(xv y) =

12. Mahalanobis distance: For two vectors u and v, Mahalanobis distance [20] is given
by

Aman, = \/(u — v)S=(u — v)T (1.14)

Here, S is the covariance matrix of the dataset.

All the aforementioned proximity measures have been mathematically analyzed
in this paper for some preprocessing aspects. These are the effects of scales of
variables, the sparse structure of data, existing correlation between the attributes,

and metric/non-metric. This analysis is presented in Table 1.1.

*Only if the scales for all the variables are same.



1.2.2 Domain specific proximity measures

Apart from proximity measures mentioned in the previous subsection, it is worth men-
tioning some proximity measures that are relatively recent and have been designed in

pertinent to a specific domain such as text mining. These are described below.

1. Extensive Similarity (ES): This similarity measure [21], extensively takes each and
every document dj present in the corpus to determine the similarity between the
two documents d; and d;. According to ES, two documents are said to be exactly
similar to each other if they both are similar to each other and they both are either

similar or dissimilar to every other document contained in the corpus.

The first step of ES is to calculate the value of dis(di,dj) as follows.

1, if p(di, dj) < ©

0, otherwise.

where p(d;, d;) is a similarity measure (cosine has been used in the original work)
and 6 € (0,1). If dis(d;,d;) = 0, a score [ is assigned as follows.

N
Lij =Y |dis(di,dy) — dis(dy, dy)] (1.16)
k=1

Here, N denotes the total documents in the corpus, and finally, ES for two docu-

ments d;, d; is

N — l@j, if dlS(dZ, dj) =0
-1, otherwise.

Thus, two documents d; and d; can have a maximum ES value of N when the
distance between them is zero and for every k, the distance between d; and d; and

the distance between d; and dj, is the same.

2. Similarity Measure for Text Processing (SMTP): This measure considers the ab-
sence and presence of a feature in two documents to be more significant than the
difference of feature values. For example, if a feature w, is absent in d; but present
in dy so that di; = 0 and dy; = 2, and another feature ws, is present in both d; and
dy so that dio = 3 and dys = 5, then w; is considered to be more important than

wy in calculating the similarity between the documents d; and ds despite of the



same difference value which is 2. This property was shown to remain unsatisfied
by other traditional proximity measures such as Euclidean, Cosine, Dice coefficient
and I'T-Sim, etc in a previous study [19]. Additionally, the study indicated that the

usefulness of a similarity measure strongly depends on the following factors:
(a) Applications domains (e.g., image or text).

(b) Representation format of the feature, for example, Term Frequency Inverse

Document Frequency (Tf-IDF) or word count in case of a text document.
(c) The classification/clustering algorithms used.

These results form the basis to propose a theoretical procedure in Section 4.

. DRSim: Between the two document vectors x; and x;, DRSim [22] finds the simi-

larity as

m 2 1/m
m
where m denotes the dimension of the feature vectors of documents. The results

were shown to be better than those achieved using the Minkowski distance measure
22].

. Style based: In a previous study [23], a novel similarity metric was proposed that
considers the position of concepts(terms) in a document. The idea behind this
was that two similar documents should share some structural arrangement of terms
contained in them. Thus, the final metric of this study contained two aspects, one
for concepts of terms derived using EuroWordNet[24] ontology and the other as the

position of concepts.

. Kernel induced: To capture patterns contained in the form of non-spherical clusters,
Kannan et al. [25] used kernel functions instead of Euclidean distance. Kernel
functions map the original feature space to a higher dimension space by using some
non-linear transformation (such as Gaussian kernel, sigmoid kernel and polynomial

kernel). The new distance function obtained out of this is as follows:

d*(zp — vi) = 2(1 — K (21, v;)) (1.19)
Where, )
K(z,y) = exp (%) (1.20)
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Figure 1.3: Comparison of compactness of clusters (Clusters with label (A) are more
compact than the clusters with label (B).

1.3 Performance Metrics

To evaluate the quality of clusters formed using any clustering technique, several metrics
have been defined in the literature. These metrics evaluate clustering quality based on
several factors such as compactness of a cluster, inter-cluster distances (separation be-
tween clusters), and the number of data points correctly included in a cluster (as matched
from given ground truth labels), etc. Based on these factors, the performance metrics can
be classified into two broad categories, external metrics, and internal metrics. External
metrics measure clustering performance with the help of externally provided ground truth
labels for each data point. Examples of this kind are Normalized Mutual Information,
F-measure and Adjusted Rand Index, etc. Internal metrics such as Silhouette coefficient,
Calinski-Harabasz index, and Dunn index evaluate clustering quality based on the inter-
nal structure of a cluster such as compactness (Figure 1.3) and separation (Figure 1.4).
The pros and cons of various clustering metrics have been identified in several research
studies [26, 27, 28]. Clustering metrics that are widely used and most relevant to this

research work are defined below.

1.3.1 Normalized Mutual Information (INMI)

As per its name, NMI is a normalized version of Mutual Information (MI) [26] to scale

it in the range [0,1]. It is given by the following equation.

MI(C1, C2)
mean(H (C1), H(C?2))

NMI(C1,C2) = (1.21)

10
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Figure 1.4: Comparison of separation of clusters (Clusters with label (A) are more
separated than the clusters with label (B).

Where M1 is given by

|C1] |C2]

01, m02| N|C1,nC2
1(C1,C2) 2; log cLlc, (1.22)

H(C) is the entropy associated with a clustering C' and is given by the following equa-

tion.

€]

=— Z P(i) log(P(i)) (1.23)

where P(i) = |C;]/N is the probability of an object taken at random from C' falls into
class C;.

1.3.2 Adjusted Mutual Information (AMI)

It is an adjusted version of MI for the impact of number of clusters and number of samples
on metrics of clustering performance evaluation. For two clusterings C'1 and C2, AMI

[26] is given as:

[MI(C1,C2) — E(MI(C1,C2))]

AMI(C1,02) = lavg(H(C1), H(C2)) — E(MI(C1,C2))]

(1.24)

E(MI(C1,C2)) is the expected Mutual information between two clusterings C'1 C2 (for
more details refer [26]). M1 and H(C') are given by the same equations as for NMI.

11



Value of AMI ranges in [0, 1] where a large value implies better clustering.

1.3.3 F-measure

It is defined as the harmonic mean of precision and recall [29]. Hence, as per its definition

more is the balance between precision and recall, better is the F-measure. Mathemati-

cally,
TP
Precision = ———— 1.2
recision = oo p (1.25)
TP
ll = —/——F—— 1.2
Recall = 5 FN (1.26)
where,

True Positives (TP) is the total number of correctly labeled positive instances whereas
True Negatives (TN) are the correctly labeled negative instances. Similarly, False Posi-
tives (FP) is the total number of incorrectly labeled positive instances and False Negatives
(FN) is the total number of incorrectly labeled negative instances. Based on these defi-

nitions, F-measure is given as:

Fo 9y precziszion X recall (1.27)
precision + recall

For a multiclass dataset (which is our case), the average value of the F-measure for each
class is computed as the final score. This ranges from [0,1.0] where the score of 1.0
implies perfect clustering and 0 implies bad clustering. F-measure is a reliable measure

even if the data is not evenly distributed.

1.3.4 Adjusted Rand Index (ARI)

Adjusted Rand Index (ARI): ARI is a widely used metric for assessing cluster quality
in the case of availability of true labels [30]. It can be used to measure two different
clustering assignments that ignore different permutations of the same clustering. Two
similar clusterings achieve a score near +1.0 and completely different clusterings achieve

a score approaching -1.0.

12



1.3.5 Purity

Given the cluster assignments and the actual class labels, Purity is calculated by first
counting the number of documents (our case) in a cluster of the class which is the most
frequent in this particular cluster [31]. This value is summed over all the clusters and is

divided by the total number of documents. Formally, it is given as:

1
Purity = — Z arg max|c N d| (1.28)
N = ‘dep

Where C' is the set of clusters, D is the set of actual classes and N is the total number

of documents. It ranges in [0, 1.0] where a better clustering has a greater value.

1.3.6 Silhouette Coefficient

Silhouette coefficient [32] measures the quality of clustering when truth labels are not
available which is a more realistic case of clustering. It is a widely used metric that

measures how dense and well separated the clusters are. It is given by:

b—a
s = —max(b ~ ) (1.29)
In this equation, a is the average distance between a sample and all other points in the
cluster. b is the average distance between a sample and all other points of the next nearest
cluster. The range of the Silhouette coefficient is [-1,1], where a higher value indicates

better clustering.

1.3.7 Calinski-Harabasz (CH) index

CH index is defined as the ratio of between clusters dispersion and within clusters, dis-
persion [33]. A higher CH score indicates a better clustering which is generally in the case
of dense and well-separated clusters. However, it is more biased towards convex-shaped

clusters than other shapes of clusters.

13



1.3.8 Dimensionality

Dimensionality is the number of features used to find clusters of documents. Less features
lead to less execution time. However, accuracy should not get reduced using less number
of features. Hence, a trade-off between execution time and accuracy of clustering is

required based on the number of features.

1.3.9 Execution Time

The Time taken for finding the groups of similar kinds of texts/documents in a corpus is

called the execution time of a clustering algorithm.

1.4 Application domains of Clustering

Various application domains of clustering are listed in the following subsections.

1.4.1 Medical data analysis

In medical domain, clustering is used for applications [34] such as predicting the likelihood
of diseases [35, 36, 37|, image segmentation of medical images [38, 39], resource decision

making [40] and analysis of gene expressions data [41, 42].

1.4.2 Market data analysis

In the stock market domain, clustering is often useful to extract useful patterns using
which profitable opportunities of buying and selling shares can be identified [43]. Sec-
ondly, clustering can be used to identify fraudulent insurance claims such as those related
to health insurance [44] and vehicle insurance. Customer segmentation is another appli-
cation of clustering in the market domain which helps to identify consumer structure

especially for an emerging market [45] (such as electric vehicles).

1.4.3 Search engines

A search engine is used to retrieve information from the web corresponding to a user query.

Clustering is used to organize the search results to find coherence groups according to

14
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Figure 1.5: Search results clustering for web pages from carrotsearch.com [2].

subtopics. This is known as search results clustering (SRC) [46]. Specifically for images,
the process is known as Image Search Results Clustering (ISRC) and for the case of web
pages, this process is known as Page Search Results Clustering (PSRC) [47]. Examples
of such type of search engines include Carrotsearch [2] and Yippy [3]. Figure 1.5 and
Figure 1.6 shows clustering results for web pages and images respectively for the query

“machine learning”.

1.4.4 Text data analysis

With the advancement of the Internet and other related technologies along with its in-
creasing availability, a massive amount of textual data is being generated in the form
of electronic documents. According to the latest report published by the International
Association of Scientific, Technical and Medical Publishers (STM) [48], around 33,100
scholarly journals of English language alone exist. This gives rise to the generation of
more than 3 million articles per year. Additionally, the rate of growth of research articles
is around 4% per year owing to the continued growth of investment in research and devel-
opment and the increasing number of researchers. This in turn brings to us the challenges
of harnessing valuable insights from such massive amounts of textual data. Clustering of
data is the most fundamental technique that is used to group similar items in a cluster (or
group). Some important applications [49] of clustering in text data analysis are discussed

below.

1. Automatic document organization and browsing: Organizing a large collection of
documents into coherent categories helps in systematic browsing. Carrot is a pop-

ular software used for document clustering and visualization [50].
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Figure 1.6: Search results clustering for images from carrotsearch.com [3].

Automatic text summarization: The task of producing a concise summary for a
collection of documents for fast selection is known as text summarization. According
to Radef et al. [51] “a text that is produced from one or more texts, that conveys
important information in the original text(s), and that is no longer than half of the
original text(s) and usually, significantly less than that”. Clustering of documents
is often used as an intermediate step to produce a summary for a corpus consisting
of a large number of documents [52]. News websites and search engines use text

summarization to provide a better browsing experience [53, 54].

Document classification: Classification of documents is a process in which a doc-
ument is assigned to one (or more) pre-defined categories based on its context.
Although clustering cannot assign a pre-defined category to a document, however,

generation of clusters can be used to improve the process of document classification
[55, 56, 57].

Social news clustering: In recent years, the emergence of social media as a huge
platform for information sharing has led news organizations to extract useful infor-
mation from it. Some recent attempts for the news clustering task involve modeling
of pair of words that co-occur in a corpus of short texts [58, 59]. In [60] a cluster-
then-label semi-supervised approach for labeling of tweets as spam/not spam was
proposed. Grouping of news written in different languages is another interesting
area of research; for instance, in [61], the Chinese-Vietnamese news dataset was

used for clustering based on the semantic correlation between two languages.

Sentiment analysis: Various e-commerce websites such as Amazon and Flipkart offer

their users to express their reviews regarding their products and services. Similarly,
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social networking sites such as Facebook, YouTube, and Twitter, allow users to
express their opinions regarding any social event or political news. “Sentiment
analysis is the task of detecting, extracting and classifying opinions, sentiments and
attitudes concerning different topics, as expressed in textual input” [62]. This type
of analysis helps other users on the same platform to make purchase decisions and
service providers to improve the quality of services. Clustering is an important step
in the whole process of sentiment analysis for grouping similar sentiments together.
Ravi et.al [63] presented a comprehensive survey of different techniques used in
sentiment analysis. Recent research in this area has focused on i) a language-
independent approach for sentiment analysis such as the one presented in [64],
and ii) a novel vector space model for concept-level sentiment analysis that allows

reasoning by analogy on natural language concepts namely AffectiveSpace2 [65, 66].

As a part of pre-processing, following steps are generally performed in a text data analysis

task to be somewhat more efficient.

1. Punctuation removal: To perform discrimination among text documents, punctu-
ation marks such as a full stop (.), comma (,), colon (:), semi-colon(;), question
mark (?) and quotation marks (“”) are not important. Hence, these are removed

to make a process more accurate and computationally lighter.

2. Stop-words removal: A large number of words in any language are used to make
the language grammatically correct but do not contribute to the actual theme of a
text. These words include “the”, “a”, “and”, “in”, “of”, “are”, “that”, “by”, “for”
and so on. These must be removed to compare any documents for their semantic

aspect.

3. Tokenization: It is the process of converting a document (consisting of a large
number of sentences concatenated together) into a list of words (or sentences). This
is generally done for extracting features from any dataset on the basis of which any

task such as categorization or classification can be performed.

4. Lowercasing: As the name suggests, it is the process of lowercasing each word in a

document. This is generally done in order to reduce the size of corpus vocabulary.
5. Stemming: It is a process in which each word of a document is converted into its

root word. For example, the three words consist, consists, consisting can be reduced

only to the single word consist.
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1.5 Thesis Organization

This thesis is organized as follows.

Chapter 1 initially gives an introduction about clustering and the characteristics of
a good clustering method. Secondly, it describes various proximity measures used in
clustering, followed by different performance metrics used to measure the accuracy of
a given clustering. Then it lists various application domains of clustering. Finally, the

chapter provides thesis organization and highlights thesis contributions.

Chapter 2 firstly presents a detailed review of different techniques used for represent-
ing text in a form suitable to clustering. Secondly, the chapter provides an extensive
literature review of a wide variety of text clustering techniques. Based on this literature
review, identified research gaps, problem formulation, and research objectives are also

presented.

Chapter 3 describes the first proposed clustering technique named “Stamantic Cluster-
ing” (STC) for text datasets. It also provides the implementation details of STC such as

datasets used, parameter settings, performance metrics, and compared techniques.

Chapter 4 describes the second proposed clustering technique named “WEClustering”
for text datasets. Following this, it provides the details of implementation such as datasets

used, parameter settings, performance metrics, and techniques compared.

Chapter 5 covers all the experimental results and analysis of the proposed text cluster-
ing techniques. It also provides an experimental comparison of the performance of the
proposed text clustering techniques for a variety of datasets. This comparison is pre-
sented based on factors such as accuracy, execution time, and dimensionality reduction,

ete.

Chapter 6 provides the concluding remarks on the thesis and in the end, the future

scope of the work has been discussed.

1.6 Thesis Contributions

This thesis makes the following research contributions.

1. An extensive literature review of different techniques for text representation and
text clustering is presented. Also, various research gaps are highlighted for de-

vising a new text clustering technique with high scalability for a large number of
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dimensions and a high volume of text data.

2. A novel text clustering technique named “Stamantic Clustering” (STC) is proposed
and implemented on a variety of text datasets. This technique combines the statis-
tical and semantic features of the text to reduce the effect of high dimensionality

to produce better clustering results.

3. A comparative analysis of STC is performed with several widely used techniques
for text clustering. The analysis shows more efficiency of STC in terms of accu-
racy, execution time, and dimensionality reduction, in comparison to the other text

clustering techniques.

4. Another novel text clustering technique based on modern deep learning architec-
ture is proposed and implemented on different text datasets. This technique named
“WEClustering” captures the semantics of words in the form of numerical vectors
known as word embeddings. These embeddings are useful for comparing different
words and combining them into groups to achieve a significant amount of dimen-

sionality reduction for a large volume of datasets.

5. A comparative analysis of WEClustering with other widely used and state of the art
clustering techniques is performed. The analysis shows the efficiency of WEClus-
tering in terms of higher accuracy, better dimensionality reduction, and thus more

suitability for big datasets.

6. STC and WEClustering are compared among themselves for their performances
on different text datasets. The results are analyzed for accuracy, execution time,
scalability to high dimensional and high volume datasets, and language dependency.

Lastly, concluding remarks and suggestions for future research are provided.

In the next chapter, an extensive literature review of text representation and clustering

techniques is presented.
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Chapter 2

Literature Review

In general, data clustering has been studied for the past several decades. Many review
studies have been published from time to time which surveyed the existing clustering tech-
niques. This chapter aims to present an exhaustive review of clustering techniques, es-
pecially in view of textual data. The advantages and disadvantages of different types of
existing clustering techniques are also highlighted. A comparative analysis of a number of
text-specific clustering techniques is also presented. This chapter is organized as follows.
Section 2.1 presents different ways of representing a text dataset in a suitable form for
clustering are presented. In section 2.2, an extensive review of various text clustering
techniques which cover the broad categories of clustering as well as text-specific clustering
techniques is presented. Based on the presented literature review, this chapter provides
the identified research gaps, problem formulation and the research objectives in sections
2.3, 2.4 and 2.3 respectively.

2.1 Representation of Text for Clustering

The ways of representation of a set of documents for clustering are given in the following

subsections.

2.1.1 Vector Space Model

To perform the clustering of documents contained in a corpus, all the documents are
converted or represented into some numerical form. Generally, each document is con-
verted into a numerical vector in which each numerical value reflects the importance of
a word in deciding the category of document. It is also called a document vector. This
representation is also known as Bag of Words [31] model for a document. Based upon
this representation, each of the documents contained in the corpus is mapped to a com-
mon space of vectors. In a vector corresponding to a document, each vector component
corresponds to a word contained in vocabulary of the whole corpus. This set is generally

formed by eliminating words of less importance such as stop words and other items as
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d, d,

mouse 1 0
quicker 1 1
cat 1 1
dog 0 1

Figure 2.1: An example of a term-document matrix.

punctuation and digits etc. This representation of a set of documents is known as Vector
Space Model. The output of this representation for a collection of N documents is an M
x N matrix called as term-document matriz having M words (also called as dimensions)
in vocabulary.

For example, let us assume that a corpus contains two documents Mouse is quicker than
cat, say dy and Cat is quicker than dog, say do. Vocabulary formed from this set of two
documents is the set {mouse, quicker, cat, dog} after eliminating stop words. A 4x2
term-document matrix resulting out of this is shown in Figure 2.1. The numerical values

indexed at (i, j) are frequencies of i** word in j* document.

2.1.2 Term Scoring

In a document classification or clustering task, computing similarity between two doc-
uments is often done. As aforementioned, a document is represented as a vector that
quantifies the importance of a word in that document. This quantification of the relative
importance of each word can also be called term scoring. In a first attempt, term scoring
can be done using the frequency of each term ¢ occurring in a document d denoted by
TF(t,d). As two different words contribute differently for deciding the actual theme of
a document, the term frequency approach suffers from the limitation of providing equal
weights to every term. Hence, a mechanism is required that distinguishes the relative
importance of each term in a document. For example, stop words occur too often in a
document but contribute very little in deciding its similarity to another document.

For a term (or word) ¢, to give it a higher weight when it occurs in few documents and
lower weight when it is frequent among all the documents, a scaling factor known as

inverse document frequency [67] denoted by IDF(t) is defined below.

IDF(t) = log% (2.1)
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where N is the total number of documents in a corpus and df is the number of documents

in which the term ¢ occurs.

Now a weighting scheme known as T F'— I DF is defined by combining the term frequency
and inverse document frequency that assigns a weight to a term ¢ in a document d. It is

given as follows.

TF — IDF = TF(t,d) x IDF(t) (2.2)

Thus T'F — I DF scoring mechanism gives the highest score to a term that is rare among
documents but frequent within a document. Similarly, it assigns the lowest score to a term
that is much frequent in a large number of documents in a collection of N documents.
Other modifications in this scheme like ¢ f.r f where r f stands for relevance frequency are

also defined in literature. [68, 69] presents a comparison of these kinds of schemes.

After a document is represented as a vector using the Bag of words model and TF —IDF
scoring scheme, it is often required to calculate the similarity between two documents. In
section 1.2.1, several measures are listed to calculate this difference. Euclidean distance,
for example, can be used as the simplest approach. However, it has a limitation that two
documents that are very similar as per the semantics (meaning) of their content can have
Euclidean distance much higher. To overcome this limitation, Cosine distance is generally
used, which measures the cosine value of the angle between two document vectors. It
is given in equation 1.5 and is again defined as follows for two documents d;, do having

document vectors d_i, d; respectively.

Sim(dl,dg) = d_,' = (23)

Numerator in equation 2.3 is the dot product between the document vectors s, dy which
is given by > ", dy;dy;, where m is the number of components in each vector. Denomi-
nator in equation 2.3 denotes the product of magnitude of each vector, which is given as
\/m for any vector #. The denominator helps to normalize each document vector

to unit length so as to neutralize the effect of document length on similarity.

As a final step in text clustering, any clustering algorithm reviewed in section 2.2 is
applied on a term-document matrix formed using statistical features like term frequency,
TF — IDF scoring, or any other suitable scoring mechanism. A comparison of clustering

algorithms especially for text documents was performed in [70]. The authors showed that
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Table 2.1: Semantic relations in WordNet.

Relation Name Syntactic category Examples
Synonymy (similar) Noun, Verb, Adjective, Ad- (document, papers),
verb (cluster, bunch)
Antonymy (opposing) Noun, Verb, Adjective, Ad- (tall, short), (light, dark)
verb
Hyponymy (is-a relation) Noun (cluster, knot), (docu-
ment, certificate)
Meronymy (part-of) Noun (car, engine), (tree,
trunk)
Troponymy (manner-name) Verb (talk, orate), (eat, slurp)
Entailment Verb (eat, chew, masticate)

bisecting k-means algorithm performs better than the K-means and hierarchical clustering
algorithms when compared on eight benchmark datasets. However, this kind of approach
does not incorporate semantic features or characteristics of textual data. As a result of
which many issues such as word sense disambiguation, polysemy and synonymy, etc. are
not taken into account. In the next subsection, techniques involving semantic features of

the text are reviewed.

2.1.3 WordNet and Lexical Chains

To discover semantic relations between different words in a text, an openly available!
hierarchical database known as WordNet is generally used in various text processing

tasks. WordNet is defined and briefly explained as follows:

“WordNet is a database that links English nouns, verbs, adjectives, and adverbs to sets
of synonyms that are in turn linked through semantic relations that determine word defi-
nitions” [71]. Each set of synonyms is called a synset. WordNet 2.1 consists of a total of
155,327 words organized into 175,979 synsets. Each synset contains a definition known
as gloss along with few example sentences. Additionally, each of the synsets is linked to
other synsets using some semantic relation. Table 2.1 lists and explains all the semantic
relations that WordNet has along with the syntactic category (part-of-speech) in which
it exists [71].

In earliest papers using semantic feature-based document categorization [72, 73], a word

sense disambiguation strategy using WordNet is used to deal with polysemy, and syn-

Thttps: //wordnet.princeton.edu/
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onyms of terms were included in the global set of features to deal with synonymy. In
[72], specifically three improvements namely: i. Disambiguation using part-of-speech
tagging, 4:. including synonyms and #ii. including hypernyms in the Bag of Words model
were separately analyzed. Using a fixed level of hypernyms and simple disambiguation
strategies were its limitations. In [74] WordNet was used for mapping each word of a
document to one of the 41 lexical categories provided by WordNet. This was done to
reduce the high dimensionality of the feature vector. In it, another information resource
called ANNIE [75] was used for extraction of co-referenced words such as: ” Tony Blair,
Mr. Tony Blair, Prime Minister” etc. Then in [76], the importance of using only nouns
as cluster features were highlighted and a more complex Word Sense Disambiguation
Strategy (WSD) was used using WordNet ontology. The results in it highlighted that dis-
ambiguating polysemous and synonymous nouns yields better clustering performance. In
a recent research paper[77], a similar WSD technique with some modification in semantic
similarity measure was proposed. A semantic similarity measure computes the similarity
between two senses. Various similarity measures for two given senses exists in literature
[78] like path length, wu-palmer distance, Leacock-Chodorow, and Resnik, etc.

Afterward, lexical chains which are widely used for the task of document summarization
had also been used for clustering of documents [79]. “Lexical chaining is the process
of grouping and identifying such words together to form chains which in turn will help
in identifying and represent the topic and content of a document.” These are based on
semantic relations such as synonyms, hypernyms (hyponyms), Holonyms (meronyms),
etc. Importance of Lexical chains was initially realized for finding the structure of a text
to determine its meaning. In [80], lexical chains were computed as an indicator of text
structure using a thesaurus as the knowledge base. In [81] lexical chains were computed
using WordNet specifically for the detection of malapropisms (existing words with the
same sound as the correct word but with a different meaning and which generally goes
undetected by a spell checker.) [82] presented an efficient lexical chain computation tech-
nique and used it for automatic text summarization. In a few papers, the importance of

lexical chains for document clustering had also been realized [83, 79, 77].

2.1.4 Word Embeddings

Representation of a word is a very trivial task required in almost all Natural Lan-
guage Processing (NLP) tasks. Conventionally, given a fixed size vocabulary V =
w1, Wa, W3, ..., Wy, each word w is represented as a vector w of length of vocabulary size
|V|. Each index of this vector corresponds to a word in the vocabulary, thus for a word

only one component value is 1 and all others are zeros in its vector. Mathematically, it
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can be given

, ifw=w;
w; = (2.4)
0, otherwise.

This representation is called the one-hot representation and has been used widely in NLP
tasks due to its simplicity. However, it has some drawbacks, firstly, it is high dimensional
and sparse representation because most of the values remain zero. Secondly, it does
not capture semantic relatedness among words. Thirdly, if new words get added to the
dictionary, the size of the vector gets increases for each word, thus it is not flexible
[84].

To overcome these limitations of one-hot representation and also to provide a mecha-
nism by which words can be compared among themselves, a distributed representation
of a word known as word embeddings was introduced Tomas Mikolov in 2013 at Google
[4]. Here, distributed representation means that the semantics of a word is mapped to a
vector having continuous real values based on the context of the word. This is based on
distributional hypothesis [85, 86] which says that words with similar context are semanti-
cally similar to each other. This representation is also dense, meaning that the semantics
of a word is represented by more than one dimension of the vector. Additionally, this
representation is flexible in contrary to one-hot representation because the length of the
vector for all words remains fixed even if a new word is added to the vocabulary. For-
mally, word embedding can be defined as “a dense, distributed and fixed-length vector

used to represent the semantics of a word using its context.”

A general idea for the generation of word embeddings is to optimize an objective func-
tion such that the probability of a central word in a context window of a fixed size m
is maximized (in the case of Word2Vec algorithm [4]). This is done by training a neural
network architecture for a large corpus of text. The output of the network architecture is
a numerical vector (or embedding) corresponding to a word. Other algorithms for word
embeddings are Glove developed by Stanford university [87] and FastText by Facebook
[88]. These all are open source projects and thus can be freely downloaded!:?. Several
recent studies present a good survey on various algorithms used to generate word embed-
dings [89, 90, 91, 92]. The dimensionality of this vector generally lies from one hundred
to one thousand. Several algorithms proposed in the literature since 2013 are described

below.

thttps:/ /nlp.stanford.edu/projects/glove/
https://fasttext.cc/
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2.1.4.1 Word2Vec

Given a large corpus of text as a sequence of words, Word2Vec finds word vectors (em-
beddings) such that they can best predict the context words w(t + j) for a given center
word w(t) in a window to fixed-size m. This idea is represented mathematically in the

form of an objective function given in the following equation[89].

T
1
J(0) = 7 Z Z log P(wyj|wy; 0) (2.5)
t=1 —mgé]ogm
j

where,

exp (4 ve)
Zwe\/ eXp(:ugvc)

P(wyj|wy; 0) = (2.6)
The objective function in equation 2.5 is the average negative log-likelihood function
in which 6 denotes all the variables to be optimized. This optimization is generally
done by minimizing it using stochastic gradient descent function [93]. The probability
of occurrence of a context word w(t + j) given a center word w(t) is given as shown
in equation 2.6. The numerator in equation 2.6 contains the exponential value of dot
product of word vectors of a context word and the center word. This value is normalized
(in the denominator) by summation of exponential values of the dot product of center
word vector v, and each word vector p, in the entire vocabulary V. However, the
calculation of denominator becomes computation process very slow, hence the process
of negativesampling [94] is applied in which a modified objective function to make the
process efficient. This type of model of Word2Vec is known as Skip-gram model. In the
original paper, [4], the second variant of Word2Vec was also proposed which is known
as the Continous Bag Of Words (CBOW) model. In the CBOW model, the objective
function tries to maximize the probability of a target center word given the context words.
Figure 2.2 shows the two models of the Word2Vec algorithm.

2.1.4.2 Global Vectors (GloVe)

As compared to the one-hot representation of words, the Word2Vec model provides vec-
tors of much smaller size (300) and better captures the semantics and relationship between
words. However, Pennington et. al [87] observed that Word2Vec can capture informa-

tion only from a local context of words ignoring the information from a global context.
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Figure 2.2: Architectures of Word2Vec model[4].

Hence, they proposed a different model for word vectors named Global Vectors (GloVe)
[87]. In GloVe, information from the global context is used with the help of the global
co-occurrence matrix X in which each element X;; represents the co-occurrence frequency
of the 7" word and ;" word. This observation is formulated into the following objective

function to calculate word vectors.

J =" f(Xij) (0] v; + bi + b — logXyj) (2.7)

.3

In above equation [87], v; and v; are word vectors corresponding to " and j** word
respectively which are to be learned. b; and b; are word-specific biases that also need to
be learned. All these parameters are learned by minimizing J for all these parameters.
Function f(z) is used as a weight function to not over-weight very frequent words and

rare words. It is defined as follows.

(=), if 2 < Tpas
f(z) = ¢ “m= (2.8)

1, if © > -

where %4, (upper cutoff for co-occurence frequency) and a can be tuned for a given
dataset.
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2.1.4.3 FastText

Word2Vec and GloVe models fail to provide word vectors for words that are out of vocab-
ulary (OOV) which means the words that do not appear in the training dataset. In [88],
a model for word representation and text classification tasks was introduced and made
publicly available as a library named fastText!. The architecture of the model is similar
to Word2Vec but uses subwords (or character n-grams) to find vector representations and
related words for queries of OOV words. For example, the word “gearshift” which may
not exist on Wikipedia is broken down into subwords which are all the substrings con-

13

tained in it like “gea”, “ear”, “rsh”, and “shi” etc. The length of subwords is controlled
using minn and mazn parameters. Each of these subwords gets a vector corresponding to
them and the final vector for the complete word is achieved by summing up the vectors
of these subwords. In comparison to Word2Vec and GloVe models, fastText is fast in
its training on large corpora for classification tasks such as tag prediction and sentiment

analysis [95, 88].

2.1.4.4 Bidirectional Encoders Representations using Transformers (BERT)

Representation of words and sentences in a way that can truly capture their meaning
according to the context in which they fall is a rapidly evolving area of research in the
field of Natural Language understanding. An important recent milestone in this direction
was reached in late 2018 with the introduction of BERT. BERT is a deep learning model
that made new records in dealing with language-based tasks such as sentence/sentiment
classification, question answering system and Named Entity Recognition (NER). Soon
after the paper release [96], various versions of BERT were open-sourced?. These versions
are already pre-trained on huge datasets of books and Wikipedia. Hence, one can use
these models as it is or also can fine-tune them for different supervised task mentioned
before, to generate context-based embeddings.

A high-level architecture of the BERT model is shown in Figure 2.3. Basically, it is a
stack of Transformer (encoder) layers. Two architectures BERT}use and BERT e with
12 and 24 encoder layers respectively have been proposed in the original paper. The
model takes as input a sequence of words, the first of which is a special token “[CLS]”.
The minimum length of the input sequence can be 1 and the maximum length is 512.
Each encoder layer of BERT outputs a vector that is passed as input to the layer above
it. For each individual word of the input sequence, the BERT*® and BERTarge model

thttps://github.com/facebookresearch /fast Text
Zhttps://github.com/google-research /bert
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gives a vector of length 768 and 1024 respectively as its final output. These vectors
encode in them, the semantics and relationship among them. These vectors can be used
for different supervised downstream tasks such as for question answering systems and
sentiment analysis. This is generally done by adding an additional neural network layer
plus a softmax function at the end of the model. The original paper reports outstanding

results for these kinds of tasks in comparison to other state-of-the-art models.

A A A A A
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| |
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| |
2 | [ Encoder J |
| |
|
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1 2 3 511 512
[CLS] word clusters with BERT model

Figure 2.3: Architecture of BERT [5].

2.2 Clustering Techniques

In this section, a description of various clustering algorithm categories along with their

advantages and disadvantages is provided.
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2.2.1 Classification of clustering techniques

Fig. 2.4 shows a broad classification of clustering algorithms [8]. A brief description of

various categories is as follows:

2.2.1.1 Partitioning based

Let a dataset D contain n number of objects. Given a value k (where k < n), partitioning
methods partition the n objects into k clusters C, Cs, ..., C%. The following conditions
are to be satisfied by the obtained partitions: (1) none of the clusters should be empty
and (2) each object must be contained in either one (Hard c-means) or more than one
(Fuzzy c-means) clusters. First, k cluster centers are chosen either randomly or by using
some more sophisticated methods, and then a relocation method is used to shift the clus-
ter centers towards an optimal solution, for instance, (1) in K-means [97], the average
value of all data points in the cluster is used to find the new cluster center whereas (2)
k-medoids [98] represent a cluster by an object that is located near to the center of the
cluster. The quality of clustering is measured by an objective function. This objective
function is designed to achieve high intracluster similarity and low intercluster similarity.
Other well-known algorithms in this category are: K-modes [99], PAM [100], CLARA
[101] and FCM [102]. A detailed explanation of some widely used partitioning clustering

techniques are as follows:

1. K-means clustering algorithm

(a) A set of k points from the dataset D are chosen randomly as centers repre-

senting k clusters.

(b) Each point is assigned to the cluster whose center is at the minimum distance

from it using Euclidean distance.
(c) Cluster centers are recomputed using current cluster memberships.
(d) Go to step (ii) till the membership to clusters stops changing.

Several variants of K-means can be found in the literature [9]. Some of these tar-
gets to initialize cluster centers more efficiently to reach a global optimum, whereas
others use a different objective function. However, K-means and other similar algo-
rithms of this type tend to get trapped in locally optimal solutions. This limitation
was overcome when in 1990, the data clustering problem was solved by the ap-

plication of nature-inspired metaheuristic algorithms by using simulated annealing
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Partitioning-based

—  K-means

Figure 2.4: Broad classification of clustering algorithms.

[103]. A similar recent approach using the gravitational search algorithm (GSA)
is presented in [104]. A detailed survey of the usage of these algorithms for data
clustering is presented in [105]. In recent research, deep neural networks have been
used to achieve a non-linear mapping of the original feature space to solve the
problem of high dimensionality [106]. Learning of the parameters of the deep neu-
ral network and cluster centers was performed simultaneously by optimizing a KLLD
based objective function. However, because of simplicity and less computational

cost, k-means is still used widely.

When it comes to applications where a data object can belong to more than one
category (i.e., when a degree of ambiguity or uncertainty is involved), the role of
fuzzy cluster analysis comes into the picture to provide a better partitioning of data
objects. Fuzzy cluster analysis allows the degree of membership of an object to a
cluster to be measured in the range [0, 1] (denoted by ). This concept of degree of
membership allows greater flexibility to express the belongingness of data objects
to multiple clusters [107]. Given a dataset X = {z1,zs...x,} these memberships
lead to the output of the clustering process to be a fuzzy label vector of degree of
memberships to all clusters for each data point ;. The fuzzy label vector can be
represented as p; = (f15, faj, s fej) ' - The ¢ x n matrix U = (u;;) is called a fuzzy
partition matrix, where ¢ is the number of clusters and n is the total number of

data points.

2. Fuzzy c-means algorithm
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Let D = {x1,...,x,} be the set of data points and the number of required clusters
be ¢ (1 < ¢ < n). To find a fuzzy partition matrix U = (y;;), Dunn [108] introduced
the FCM algorithm. Bezdek [109] later improved this algorithm. In FCM, the goal
of finding the optimum fuzzy c-partition matrix U is encoded with an objective
function J,, [110] as

Z Z (i)™ (dir,)? (2.9)

k=1 i=1

where,
(d1k>2 ( Ty — U’L Z xk] - Uz] (210)
7j=1

Here, m is the dimension of the dataset. The weighting parameter m’ controls
the extent to which the membership is shared between clusters. It ranges in [1, 00).
When m’ = 1, the membership value y;; is either 0 or 1. By contrast, when m’ — oo,
the value of J,,, — 0. In general, the bigger the value of m’ is, the more the fuzzier

is the partition matrix U.

An optimal partition matrix U corresponds to the minimum value of this objective

function J,,, which is a solution to the following equation:

Jr(U*,v*) = min J(U, v). (2.11)
under the constraints
D iy >0Vie{l, ..}, (2.12)
j=1
and .
> =195 €{1,..,n} (2.13)
i=1

An iterative algorithm introduced by Bezdek (1981) [109] popularly known as the

FCM algorithm to get a solution to this equation is as follows:

(a) Choose ¢ (1 < ¢ < n) and m'. Initialize the partition matrix U, As in [110],
here, each step is labelled by r, where » = 0,1,2,...
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(r)

(b) Calculate the ¢ centers v; ' as:

e — > e (i)™ i
D D (77 K

(2.14)

(c) Update the partition matrix as follows:

(r1) A=
i =13 (%) (2.15)

J=1

(d) If |[UT) — UM|| < ep, stop; else, go to step 2 and make r = r + 1.

The next subsection presents different variants of FCM which are observed in the

literature in the past three decades.
Variants of FCM based on distance functions:

Euclidean distance used in FCM had been replaced many times by some other mea-
sure leading to better clustering results. An attempt to cover them comprehensively

is given below.

(a) Gustafson-Kessel algorithm:
The Euclidean distance which is originally used in FCM favors clusters that
are spherical. In [111], it was replaced by the Mahalanobis distance, thus the
algorithm could find clusters of arbitrary shape. The Mahalanobis distance

related to a cluster ¢ is given by the equation

& (25, Ci) = (2 — C)T Y2 (a; — Cy) (2.16)

where ), is the covariance matrix of the cluster. Cluster centers and member-
ship degrees are calculated in the same way as in original FCM. The covariance

matrix [112] is updated as

_ 2
2 = T (2.17)
where,
" ii(xi—ci)(zj—c;)T
7 = Dyl aler e 219

However, owing to matrix inversions, computational costs are higher for this
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algorithm in comparison with FCM [112].

Pedrycz-97:

Early semi-supervised fuzzy clustering techniques as in [113] also used Maha-
lanobis distance. In [113], a total of three experiments were performed based
on three different datasets. The results of that study showed that when Ma-
halanobis distance was used, the convergence rate was the highest among all

algorithms used.

Kernel-based clustering;:

In 2003 [114], a Fuzzy Kernel C-Means algorithm (FKCM) was proposed to
deal with datasets that may consist of non-spherical clusters. In kernel-based
clustering, the original feature space is transformed into a high-dimensional
feature space. The transformation of space is denoted as ¢: X — F, where
X is the original feature space and F' is the transformed feature space. The
transformed data is denoted by ¢(z). In FKCM, FCM is integrated with a
mercer kernel function to capture the non-spherical shape of clusters (such
as the annular ring shape). The results presented in [114] showed that for
spherical datasets, FCM and FKCM perform equally well, but for annular
ring-shaped datasets, FKCM clusters more effectively.

S?KFCM:
In 2004 [115], using Gaussian kernel, a new Semi-Supervised Kernel Fuzzy C-
Means (S2KFCM) algorithm was introduced by Zhang et al. Gaussian kernel

is given by the equation

K(x,y) =exp (_Hx—;yHQ) (2.19)

g

Experiments conducted on benchmark datasets indicated that better classi-
fication results were obtained using S2KFCM than other classical algorithms
such as K-NN and SVM [115].

Bouchachia et. al.:
In 2006 [116], Bouchachia et al. investigated the effect of four different distance

measures named Euclidean, weighted Euclidean, fully adaptive, and kernel-
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based distance with the same objective function. After performing experiments
on three datasets (fully labeled), it was found that the relative performance
(high to low) was in the order of usage: fully adaptive(e.g., Mahalanobis dis-
tance), weighted FEuclidean, kernel-based distance, and Euclidean distance.

Thus, the use of fully adaptive distance yielded the best results.

(f) Lai and Garibaldi:

In 2011 [117], Lai and Garibaldi compared four algorithms with different ob-
jective functions (Pedrycz-97 [113], Li-08 [118], Zhang-04 [115] and Endo-09
[119]) by using different distance metrics, namely Euclidean distance, Ma-
halanobis distance and Gaussian kernel-based distance. They indicated that
Pedrycz-97 and Li-08 perform better than others owing to the presence of Ma-
halanobis distance. Because of the presence of the inverse of covariance matrix
in Mahalanobis distance, different scales of variables are normalized, and the
correlation between features is also handled. The results also showed that the
infinity problem arises when using FEuclidean distance with high dimensional
datasets.

Based on the literature reviewed in this paper, in the next section(4) a concise
view of factors upon which an appropriate selection of a proximity measure
depends is presented. Based on the factors reviewed, a procedure for the same

has also been proposed.

2.2.1.2 Hierarchical based

These methods perform a hierarchical breakdown of a given dataset which can be clas-
sified as agglomerative and divisive. In agglomerative methods, initially, each object is
regarded as a cluster on its own and they are then successively merged till they satisfy a
termination condition. By contrast, in the divisive approach, initially, the set of objects
is considered as a single large cluster and is successively split up into smaller clusters until
a termination condition is satisfied. The former is also called the bottom-up approach
whereas the latter is called the top-down approach. A general algorithm for agglomera-

tive clustering is as follows.

Agglomerative clustering algorithm

1. Let each data point be a cluster on its own.
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2. Compute the proximity matrix of individual points.
3. Merge the two closest clusters and then update the proximity matrix.
4. Repeat step (iii) until a single cluster remains.

In the form of output, a hierarchical clustering algorithm yields a tree-like structure
known as a dendogram which can be broken at different levels to give corresponding dif-
ferent data clusterings. Depending on how the inter-cluster similarity is defined, three
important agglomerative hierarchical clustering algorithms include single-linkage, com-
plete linkage and average linkage. Single linkage algorithm uses the distance between
the closest pair of data points in clusters as a measure of inter-cluster similarity. Com-
plete linkage algorithm uses the distance between the farthest pair of data points as the
inter-cluster similarity; while the average linkage algorithm uses the distance between the
group average of all data points contained in a cluster as the proximity measure between
clusters. Fig. 2.5 [6] shows a dendogram created as a result of single linkage cluster-
ing applied on seven data points. Other popular hierarchical algorithms include BIRCH
[120], ROCK [121], CURE [122] and Chameleon [123].

2.2.1.3 Density based

Methods described above find the clusters based on a proximity measure and hence face
difficulty while finding clusters of arbitrary shape [8]. On the other hand, density-based
methods discover clusters based on density. These methods can find clusters of arbitrary
shapes. Here, a cluster is kept growing as long as the number of data objects in the
neighborhood exceeds some threshold value. In any density-based clustering method,
density at some point p is defined to be the number of data points lying in a circle of
radius eps around p. Also, if a circle of radius eps consists of some minimum number
of data points denoted by minpts then the region is called the dense region. A core
point is a point that consists of a dense region around it. A border point is a point that
has points less than minpts around it but itself lies inside the neighborhood of a core
point. Lastly, a point that is neither a core point nor a border point is known as a noise
point. DBSCAN [124], a basic density-based algorithm can be abstracted as follows [125].

DBSCAN algorithm

1. Identify all core points.

37



A B C D E F G

Figure 2.5: A dendogram showing clustering hierarchy on 7 points [6].

2. Assign neighboring core points into a single cluster.
3. For each non-core point do

If possible, assign it as a border point to the cluster of the closest core point

otherwise, add it to noise.

Other algorithms of this category include OPTICS [126], DBCLASD [127] and DEN-
CLUE [128].

2.2.1.4 Grid based

Here, each dimension is divided into several cells thus forming a grid structure between
dimensions. Clustering operations are then performed on this quantized space. The
processing time of these methods is independent of the number of objects. Rather, it is
determined by the number of cells in the grid structure. STING [129] , Wavecluster [130],
CLIQUE [6] and OptiGrid [131] are well-known examples of this category.

An overview of CLIQUE which is one of the initial algorithms in this category is presented

as follows [8].

1. Partition the d-dimensional data space into non-overlapping rectangular units(or

cells) and identify dense units in all subspaces based on a density threshold [.

2. Dense cells in each subspace are then used to generate clusters by starting with an
arbitrary dense cell and finding the maximal region covering the cell and working

on the remaining dense cells.
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A more detailed description of this algorithm can be found in [132].

2.2.1.5 Model based

These methods perform clustering by first hypothesizing a mathematical model and then
finding its best fit for a given dataset. For example, the EM algorithm performs an
expectation-maximization analysis [133], COBWEB performs a probability analysis [134]
and a neural network based method, Self-Organizing Maps (SOMs) [135], performs clus-
tering by mapping high dimensional data onto a 2-D or 3-D feature map. CLASSIT [136]

is an extension algorithm of COBWEB for continuous-valued data.

The advantages and disadvantages of the aforementioned clustering algorithms deter-
mined from the literature are summarized in Table 2.2. In [137], a performance compar-
ison of these algorithms is presented according to the size of datasets and time taken for
cluster formation. In [20], a performance comparison of partitioning algorithms such as K-
means and K-medoids, based on different proximity measures was performed; however,
the range of data dimensionality did not cover datasets of much larger dimensionality
(such as textual data). In this study, experiments to study and compare the perfor-
mance of various clustering algorithms of different categories are presented (section 5)
which cover a considerably wide range of data dimensionality. Having reviewed proximity
measures in Section 2 and clustering algorithms in Section 3.1, in the next subsection,

partitioning-based algorithm FCM is reviewed especially for proximity measures.

2.2.2 Semantic text clustering techniques

Apart from the clustering techniques mentioned in section 2.2 which are directly applica-
ble to the VSM representation of text, various semantic text clustering techniques have
been defined in the literature. Most of these techniques exploit WordNet to extract the
semantics of text, while some use Wikipedia database as well. A few other techniques
use some domain-specific ontology such as defined by L.Yue et al. [138]. A complete
summary based on several important factors identified from the related research papers
is provided in Table 2.3. Important fields used in Table 2.3 are defined below.

1. Solves synonymy
A checkmark (v') indicates that the technique uses the synonymy relation between
words to be more efficient, while a crossmark (X) indicates that it does not use

synonymy relation.
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Table 2.2: Advantages and disadvantages of different types of clustering techniques.

Clustering
technique

Advantages

Disadvantages

Partitioning
based

Hierarchical
based

Density-
based

Grid-based

Model-
based

Algorithms converge faster and are
robust to noise.

Can find nonconvex clusters. The
number of clusters is not required.

Arbitrary shaped clusters can be dis-
covered and the number of clusters is
also not required. Has the ability to
treat outliers as noise robustly.

More suitable to high dimensional
datasets. The order of input of
records has no negative effect.

There exists a choice for appropriate
statistical models to capture latent
clusters. Data points are not ex-
plicitly assigned instead they have a
probability of belongingness to mul-
tiple clusters.

Tends to produce only convex clus-
ters. Difficult to work with nomi-
nal/ordinal attributes.

Fails in the presence of noise and
is more time-consuming. It re-
quires large memory space for large
datasets.

Clustering quality highly depends on
an appropriate selection of parame-
ters. In the case of varying density,
algorithms do not perform well (in
the case of DBSCAN). It also suffers

from the curse of dimensionality.

Clustering quality is highly depen-
dent on the size and number of grid
cells.

EM algorithm can be considerably
expensive if there are a large number
of distributions and the algorithm
does not guarantee to get settled on
a global optimum (a more serious
concern in high dimensions.).
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. Solves polysemy
A checkmark (v') indicates that the technique uses the polysemy relation between
words to tackle the ambiguity problem, while a crossmark (X) indicates the non-

usage of the same.

. Semantic source
This field tells the usage of any semantic source (Wikipedia, and WordNet etc.) by
the technique.

. Dimensionality

This field tells about the actual dimensionality used by the technique for clustering
the documents. The “High” value implies no mechanism is used to reduce the
dimensionality, while the “Medium” value implies some mechanism has been used

to reduce the dimensionality.

. Language independency
In this field, a checkmark (v) indicates that the technique is applicable for any
language dataset while a crossmark (X) indicates that it is for a specific language

only (mostly English).

. OOV words
This field tells whether the technique is capable of handling the out of vocabulary
(OOV) words. OOV words are those words that are not contained in the vocabulary

of the semantic source used.
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Table 2.3: A summary of various semantic text clustering techniques.

S.no.  Authors Solves Solves Semantic  Dimensionality Language 010)% Reference
Synonymy  Polysemy source indepen- words
dency

1 T. Wei et v v WordNet Medium X X [77]
al.(2015)

2 Y. Liet al.(2015) X X Nil High v X [139]

3 L. Yue et v X Dairy Medium X X [138]
al.(2015) Ontology

4 J.A. Nasir et v X WordNet/ Medium X X [140]
al.(2013) Wikipedia

5 C. Bouras et v X WordNet Medium X X [141]
al.(2012)

6 S.  Fodeh et v v WordNet Medium X X [76]
al.(2011)

7 A. Huang et al. v v Wikipedia High X X [142]

8 R. Baghel et v X WordNet Medium X X [143]
al.(2010)

9 C. Luo et X X Nil High v X [144]
al.(2009)

10 D.R. Recupero v X WordNet/ Medium X X [74]
et al.(2007) ANNIE

11 D. Jayarajan et v X WordNet Medium X X [79]

al.(2007)




2.3 Research Gaps in Text Clustering

Based on the literature review presented in previous sections, the following research gaps

have been found in text clustering techniques.

2.3.1 High dimensionality and sparsity

Vectors resulting from the BOW model lead to a very high dimensional representation
of documents, for example, it may reach in order of 10° for some thousands of docu-
ments. This also leads to a very sparse term-document matrix that affects the accuracy
of clustering techniques [145, 146]. Techniques such as Latent Semantic Indexing (LSI)
[147] and Topic modelling [148, 149] reduces the original space to a lower-dimensional
space. However, dimensionality reduction techniques exploiting more recent distributed

[94] representation of words do not much exist.

2.3.2 Semantic ambiguities

Dealing with problems such as Synonymy (different words with the same meaning) and
polysemy (the same word with different meaning) often decreases the accuracy of text
clustering. Various approaches have explored methods to derive semantic relations using
WordNet ontology [77, 72, 73]. However, these approaches are highly dependent on word
coverage and the design of WordNet [71]. Additionally, these approaches are mainly useful
for only a few languages. Hence, text clustering methods covering these limitations are

required.

2.3.3 Use of distributed representation of words

Almost all the text clustering techniques use a Bag of Words model in which every single
word is treated as a dimension. As a result, the term-document matrix becomes very
sparse. However, with the invention of word embeddings in which a word is represented
with a dense vector, semantic relations between words can use to combine the words
around a single topic. This area of research has not been much explored especially for

text clustering tasks except for only a few research studies [150, 151].
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2.3.4 Clustering of large text datasets

When the number of the document becomes very large in a corpus, above mentioned
problems like high dimensionality, sparsity, and semantic ambiguities, etc. become even
more challenging for a text clustering task. For large datasets, efficient clustering methods
that can use recently proposed context-based dense representations (based deep learning)
such as Embeddings from Language Models (EIMo) [152] and BERT [96] are required.

These types of embeddings can capture the semantics of a word based on its context.

2.4 Problem Formulation

On sufficiently large textual datasets of very high dimensionality (tens of thousands or
more), traditional clustering techniques can not perform well. Most of the research gaps
as highlighted exist in currently existing text clustering techniques. The target of this

thesis is to develop such text clustering techniques which have the following features.
1. More accurate as compared to the existing techniques.
2. Includes semantics of text to solve the ambiguity problem.
3. Scalable to big datasets having high dimensionality.

4. Effectively handle the sparsity issue of textual datasets.

2.5 Research Objectives

Research objectives defined for this thesis are as follows.

1. To perform an in-depth study and analysis of text clustering techniques for big data

analysis.
2. To propose efficient text clustering techniques for big datasets.
3. To implement the proposed techniques for big datasets.

4. To validate the efficiency of proposed techniques in terms of suitable metrics like

NMI, F-measure and run time, etc.

The concerned chapter number of this thesis and the publication for each of these
objectives are given below (The publication number is in accordance with the order

of publications given in “List of Publications” at the end of this thesis).
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(a)

(b)

Literature review as per Objective 1 is mainly reported in chapter 2 “Literature

Review”, and published in Publication 1.

A part of objective 2 is achieved in chapter 3 “Proposed Clustering Technique:
Stamantic Clustering (STC)” and another part of it is achieved in chapter 4
“Proposed Clustering Technique: WEClustering”. A part of the work done
corresponding to objective 2 is published in Publication 2 and another part is
published in Publication 3.

A part of objective 3 is achieved in chapter 3 “Proposed Clustering Technique:
Stamantic Clustering (STC)” and another part of it is achieved in chapter 4
“Proposed Clustering Technique: WEClustering”. A part of the work done
corresponding to objective 3 is published in Publication 2 and the other part
is published in Publication 3.

Objective 4 is achieved completely in chapter 5 Experimental Results and
Validation of Proposed Clustering Techniques. These findings are partially
published in Publication 2 and also in Publication 3.

45



46



Chapter 3

Proposed Clustering Technique: Stamantic
Clustering (STC)

In this chapter, a novel text clustering technique is proposed based on the literature survey
and the research gaps presented in the previous chapter. This proposed technique attempts
to use two types of features of the text. First, the semantic features of the text, which
relate to the meaning of the text, and second, are the statistical features of the text. The
first kind of features is generated with the help of lexical chains formed using WordNet.
The second kind of feature is incorporated using TF-IDF scores of words in the text. The
proposed technique is named “Stamantic Clustering” (STC) based on these two types of
features.

In this chapter, section 3.1 presents the overall working of STC with the help of an
architecture diagram. Then, section 3.2 presents the detailed working of each phase of
STC. Lastly, section 3.3 gives the implementation details of STC such as datasets used,
parameter settings applied, performance metrics used to measure the performance, and

the techniques compared with STC.

3.1 STC

STC, the proposed text clustering technique can be broadly divided into three phases

which are as follows.

Phase 1: This phase consists of pre-processing and word sense disambiguation.
Phase 2: This phase consists of extraction of statistical and semantic features.
Phase 3: This phase generates clusters based on the inputs received from phase 2.

Figure 3.1 shows these phases of STC along with the sequence of processes involved in
each phase. In the first phase, pre-processing steps (explained in section 1.4) such as
punctuation removal, stop-words removal, tokenization, and lowercasing are performed
on the set of raw documents. In previous works [77, 76, 82] only the nouns were given

utmost importance for features extraction but in this work, both nouns and adjectives are
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considered. The second step in this phase is to disambiguate all the words extracted in
the first step. The Word sense disambiguation technique used in this paper is proposed
in [77]. In the second phase, statistical scoring of concepts® is performed using TF-
IDF. The list of concepts corresponding to nouns and adjectives is then used to create
lexical chains in step ii. In step iii. semantic scoring of lexical chains is done using a
novel scoring scheme. In step iv., the lexical chains are used to create a chain-document
matrix. Finally, in the third phase, clustering is performed on this data matrix. In the

next section, a detailed description of STC’s phases is presented.

3.2 Phases of STC

STC consists of seven different processes which are Pre-processing, Word sense disam-
biguation, Statistical scoring based on TF-IDF, Lexical chaining, Semantic scoring of
lexical chains, Formation of the chain-document matrix M and Clustering using K-
means upon the data matrix M. These seven processes are grouped into three phases

namely
1. Pre-processing and word sense disambiguation.
2. Extraction of statistical and semantic features.
3. Generation of document clusters.

These are described in detail in the following subsections.

3.2.1 Pre-processing and word sense disambiguation

The two processes contained in this phase are described as follows.
1. Pre-processing

Let D = {d;,ds,ds, ...,d,} be the corpus that consists of a set of n raw documents.
In pre-processing phase, each document d; goes through the following sub-processes
in sequence: punctuation removal, tokenization, lower-casing, stop words removal,
part of speech tagging, and the extraction of nouns and adjectives. The output
of this phase is denoted by D' = {d},d),...,d,} which is the set of pre-processed
documents. Each d is the set of tokens all of which are either nouns or adjectives.

It is denoted as d; = {nay, nas, nas, ...,na,}. Most of the previous research works

!The term concept here, refers to the sense of a word in a document. Sense and concept are used
interchangeably.
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Figure 3.1: Architecture of the proposed text clustering technique: STC.
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on semantic document clustering involved only nouns as document features. In
this research work, adjectives which are an important part of speech in the English
language are also used. It is found in this research work that adjectives play an

important role in deciding the document category.
. Word Sense Disambiguation:

Word sense disambiguation (WSD) is a process that determines (or disambiguates)
the actual sense of a word in a document according to the context surrounding the
term. Basically, it deals with the problems of synonymy and polysemy. Synonymy
refers to the situation when multiple distinct words refer to a single sense or concept.
Thus WSD maps those multiple words to a single sense. Polysemy is the situation
when a single word may have different senses according to the surrounding context.
Thus WSD decides a single sense of the word as per the context. Researches [76]
shows that WSD significantly improves the accuracy of text mining tasks such as
information retrieval, topic mining, document clustering, and classification, etc.
Reviewing all the techniques of WSD goes beyond the scope of this research work.
A quite recent WSD procedure mentioned in [77] is followed in this research work
with addition nouns and adjectives both are used than just nouns. The procedure

is originally proposed in [153] and is described as follows:

Let d, = {nay,nag, nas, ...,na,} be the set of all pre-processed nouns and adjectives
for a document d; in corpus D and let S; = {s;1, Si2, ..., Sin} be the set of all senses
corresponding to any token na;. Each sense s;, contains the definition, examples,
synonyms plus the definition of the senses related to it with relations of hyper-
nym, hyponym, meronym, and holonym as found in WordNet ontology. The most

appropriate sense §; from this set is determined by the following equation.

~

§; = arg max E arg max sim(Sk, Sjm) (3.1)
sik€S; na;ed, Sjm €S

This equation determines the most appropriate sense of a noun or an adjective
na; by calculating the sum of its similarity to all other senses of the same part of
speech in a document d;. As stated in [76], a restriction is made up to only the
top three senses of each term to make the process less computationally expensive.
Furthermore, this task is done only once and then stored for later use. Also, this
can be done in parallel as the task is for a single document and thus independent
of other documents. To calculate the semantic similarity sim(s;x, i), many mea-

sures exist in the literature such as Path length, Leakcock-Chodorow, Wu-palmer,
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and Resnik similarity, etc. In this paper, a quite recent semantic similarity measure
as proposed by [77] has been followed. The said similarity measure combines the
implicit as well as explicit semantic relationships using WordNet ontology. The im-
plicit semantic relationship between two senses involves characteristics such length
of the path between two senses. Its examples include Path Length and Wu-palmer
semantic similarity measure. Whereas explicit relationships between two senses ex-
ploit relationships such as identity, synonym, hyponym, hypernym, holonym, and

meronym, etc. The mathematical representation of this measure is:

. 2d+ D
SZm(Sl, 82) = m (32)

where

1
D= :
si ftd(stry, stry) (33)

i.e. inverse of sift4 [154] distance between two strings stry and stry. stry and stry
are the string descriptions of two senses s; and sy for which similarity is to be
calculated. d is the depth of the of LCS from the root in the WordNet hierarchy.
ly, o are the path lengths between LCS and sq, sy respectively.

3.2.2 Extraction of statistical and semantic features

1. Statistical scoring of concepts:

The output of the aforementioned steps results in disambiguated concepts for each
term in each document of the corpus. In this step, TF-IDF term scoring is performed
for each document. Let us again define a document d;, = {s1, s9, s3, ..., S, } as the set
containing all the disambiguated senses s;. In this step, for a document d;, TF-IDF

scores for each of the sense is calculated using the following equation:

|D| +1

TF —IDF(s;) = freq(si) » (log(doc,count(s‘) +1

)+ 1) (3.4)

Here, |D| is the total number of documents in the corpus D, and doc_count(s;) is
the total number of documents that contain the term corresponding to sense s;.
These values are stored in the form of a map of keys and values where keys are

senses s; and values are TF — I DF(s;) values. This mapping of statistical scoring
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of terms is used in the third step of this phase.
. Lexical chaining:

After taking benefit from statistical scoring in the above step, now semantic in-
formation will be used in this step to build lexical chains using WordNet. Lexical
chains have been successfully used in [77] to extract a small subset of semantic
features. In this work, for building the lexical chains, the procedure as described in
[155] has been followed. Algorithm 3.1 depicts this process of formation of lexical
chains. It uses four kinds of semantic relations which are identity, synonymy, hy-
pernymy (hyponymy), and meronymy. However, in this research paper, adjectives
are also included in disambiguated concepts. It should also be mentioned here that
WordNet supports the semantic relations of hypernymy, hyponymy, and meronymy

only for nouns. So for adjectives, only identity and synonymy will be used.
. Semantic scoring of lexical chains:

After construction of lexical chains, final scoring of lexical chains contained in a
document are performed in this step. This step incorporates the semantic infor-
mation from the lexical chains as well as the statistical information in the form of
TF-IDF score mapping which was obtained in step i. Let d;,,,, = {s1 : ti1,s2 :
tig, s3 : tiz, .., S, : ti,} be a document represented as a map between the disam-
biguated senses s; and their TF-IDF values ti;. Let TF-IDF score of a sense s; be
denoted as score(s;).

Score of a lexical chain is defined as the sum of all the concepts (senses) contained in
it. Let Ly, = {l1,ls,...,1,,} be the set of lexical chains corresponding to a document

d; . Also, let I; contains the senses {s1, Sa, ..., s, }. Mathematically, it is given as

Score_chain(l;) = Z score(s;) (3.5)

3.2.3 Generation of document clusters

Once the lexical chains from each document d; of the corpus D are extracted, they

are combined in this step to create a global set of features denoted as Featgopa =

{f1, f2, ..., fu}. This set is finally used to create a chain-document matrix M., = (a;;),

where m is the total number of documents in the corpus and n is the length of the total

number of unique chains in the whole corpus. The values a;; are computed using the

formula given by equation 3.5. Each feature vector in this matrix is further normalized
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Algorithm 3.1 Algorithm for construction of lexical chains

Input: document as a list of senses s;, d; = [s1, S2, ..., Su)

Output: Set of lexical chains L

1: procedure LEXCHAIN(d)

2: Initialize: L = {}, V =set(d)), E = {}, G = (V,E)

3: for each s; in d; do
4: for each s} in d; do
5 if s; in identity(s;) OR s; in synon

ymy(s;)

OR s; in hypernym(s;) OR s, in hypernym(s;)
OR s; in meronym(s;) OR s, in meronym(s;) then

E(s;,sh) =1
end if
end for
end for

L = Connected components(G) > Each connected component is a lexical chain

10: end procedure

Algorithm 3.2 Algorithm for phase 2 and phase

3.

Input: List of all documents D = [d},d}, d;, ...
biguated senses s;; i.e. d; = [s;1, Si2; .-, Sin)-

Output: document features,

. Initialize: Featgopa = {}
: for each d; in D do
Initialize: d; ., = {}, L = {}
for each s;; in d; do
ti;; < TF — IDF(s;5)
end for
Add pair (s;; : t;;) as an element to d; .,
L < LEXCHAIN(d})
for each [ in L do
10: Add ! to Featglobal
11: end for
12: end for
13: Keep only the unique items in Feat gopqi-
14: for each d; in D do

15: for each [; in Featgyopa do
16: M{i][j] <= Score_chain(l;)
17: end for

18: end for

19: Perform clustering on M using K-means clust

,d)] where each d} is a list of disam-

> according to Eqn. 4.2

> Identify the lexical chains

> according to Eqn. 3.5

ering algorithm.

53



to a unit scale using L2 normalization. This normalized matrix is used to cluster the

documents using the K-means algorithm. It is because of the usage of lexical chains in-

stead of single words that the STC technique can reduce dimensionality to a great extent.

Algorithm 3.2 describes phases 2 and 3 in an algorithmic form.

3.3 Implementation of STC

3.3.1 Datasets used

To validate the efficiency of the proposed STC technique, it has been implemented to

generate clusters in a variety of datasets. Table 3.1 shows different characteristics for each

dataset such as the number of documents, and the number of classes, etc. A description

of each dataset is given as follows.

1.

Reuters_15_50: This dataset is prepared as a subset of Reuters-21578' a dataset

that consists of a minimum of 15 and a maximum of 50 documents in every class.

Reuters_15_500: Similar to above but with a minimum of 15 and a maximum of
500.

. Reuters_408-3945: Similar to (i.) but with a minimum of 408 and a maximum of

3945.

Articles_253: This dataset consists of 253 articles obtained from 5 different pub-
lication houses. This dataset has been previously used in [156]. The publication
houses which also correspond to the 5 classes of this dataset are Transactions on

Mobile Computing, American Political Science Review, Monthly Weather Review,
British Food Journal, and DNA Research.

Classic_3%: This collection consists of 3891 articles distributed into three classes

namely: aerodynamics, medical and computing algorithms.

Pubmed_4k: This collection of the dataset consists of 4000 medical articles equally
distributed among 4 categories namely: alzheimer, cancer, diabetes, and HIV. (see

footnote 3 to download.)

Scopus_2.8k: This dataset is originally prepared using titles and abstracts of articles

in the Scopus database. The total number of articles is 2800 equally distributed

! Available at: https://archive.ics.uci.edu/ml/datasets/reuters-21578+text+categorization +collec-
tion. Accessed: 2020-02-03.
2Available at: https://vhasoares.github.io/downloads.html. Accessed: 2020-02-03.
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Table 3.1: Characteristics of datasets used for validating STC.

S.no Dataset name  Total categories Total documents

1. Reuters_15_50 24 280
2. Reuters_15_500 55 2172
3. Reuters_408_3945 6 3624
4. Articles-253 5 253
5. Classic-3 3 3891
6. Pubmed_4k 4 4000
7. Scopus_2.8k 7 2800
8. Webkb 4 3877
9. Newsgroups NA 700

among 7 categories namely: investment, neural network, hyperactivity, photosyn-

thesis, proton, concrete, and tectonic plates. (see footnote 3 to download.)

8. Webkb': This is a dataset of webpages widely used in text mining community.
Originally it consists of 7 classes, however 4 classes namely: course, department,

faculty and student are used in this paper.

9. Newsgroups?: This dataset is extracted from a widely used 20 Newsgroups dataset.
The extracted dataset consists of 700 documents and the corresponding categories
are not taken in the experiments. This dataset is used to demonstrate the Elbow

method to determine the number of clusters in this dataset.

3.3.2 Parameter settings

At the time of implementation, a few parameter values are required by the proposed
STC clustering technique as well as other techniques used in the comparison. K-means
clustering performed in phase 3 of STC and other techniques requires no. of clusters
k which is set to be the same as the number of classes. For each dataset, k-means
clustering is repeated 25 times and the maximum score is reported. This is because the
clustering results depend on random data points which are chosen as initial clusters. In
the next section, metrics used to measure the performance of all clustering techniques

are given.

! Available at: http://www.cs.cmu.edu/ webkb/. Accessed: 2020-02-03.
2 Available at: https://archive.ics.uci.edu/ml/datasets/ Twenty+Newsgroups. Accessed: 2020-11-12.
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3.3.3 Performance Metrics

Measures of clustering performance are generally categorized into two types: Internal
and External validity measures. Internal measures are used when no ground truth labels
are available whereas external measures are used when clustering performance is to be

measured against available ground truth labels. Metrics used here are defined below:

1. Silhouette coefficient:
Silhouette coefficient measures the quality of clustering when truth labels are not
available which is the actual case of clustering. It is a widely used metric that

measures how dense and well separated the clusters are. It is given by:

b—a

s = max(h—a) (3.6)
In this equation, a is the average distance between a sample and all other points in
the cluster. b is the average distance between a sample and all other points of the
next nearest cluster. The range of the Silhouette coefficient is [-1,1], where a higher
value indicates better clustering.
Additionally, if the k value is not available for k-means clustering, a method called
as “Elbow method” is generally used to find the optimal &k value [8]. In this method,
the Silhouette coefficient (or similar scores) are plotted against different values of k.
In the resulting graph, the most significant turning point (also known as the elbow)
often indicates the optimal k value. Here, this method is used for the Newsgroups

dataset for which categories are not available.

2. Purity:
Given the cluster assignments and the actual class labels, purity is calculated by
first counting the number of documents (our case) in a cluster of the class which is
the most frequent in this particular cluster [31]. This value is summed over all the

clusters and is divided by the total number of documents. Formally, it is given as:

1
Purity = — arg max|c Nd 3.7
§ 2 mgmaxlend (5.7

Where C' is the set of clusters, D is the set of actual classes and N is the total
number of documents. It ranges in [0, 1.0] where better clusterings have a greater

value.
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3. AMI: Tt is an adjusted version of Mutual Information (MI) for the impact of the
number of clusters and number of samples on metrics of clustering performance

evaluation. For two clusterings C'1 and C2, AMI [26] is given as:

[MI(C1,C2) — E(MI(C1,C2))]

AMI(C1,C2) = :
(C1,C2) l[avg(H(C1),H(C2)) — E(MI(C1,C?2))] (38)
Where M1 is given by
|c1] |C2|
|C; N Oy N|C; NG}
MI(C1,C2) = log 3.9
CLEN =227 CIIC; (39)

H(C) is the entropy associated with a clustering C' and E(MI(C1,C2)) is the
expected Mutual information (refer [26]) between two clusterings C'1 C2. Value of

AMI ranges in [0, 1] where a large value implies better clustering.

3.3.4 Techniques compared

To assess the effectiveness of STC, its comparative analysis is performed with several

other clustering techniques which are listed below.

3.3.4.1 Bag of All Words (BOAW)

In this, features of the term-document of the corpus are composed of all the words coming
as a result of the following pre-processes: punctuation removal, lowercasing, and stop
words removal. Term frequency is used to score the features in a document. Once a term-

document matrix is prepared, K-means [10] is applied to obtain document clusters.

3.3.4.2 Bag of nouns (BONW)
Here, the pre-processing techniques and the scoring scheme are the same as that of

BOAW but instead of all the words, only nouns are used as features of the term-document

matrix.
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3.3.4.3 Bag of nouns and adjectives (BONA)

Here, adjectives are additionally used to nouns to create the features. Pre-processing and

scoring are the same as those for BONW.

3.3.4.4 Disambiguated concepts (DC)

This is identical to BONW but in pre-processing, a Word Sense Disambiguation strategy

is also used using Wu-palmer semantic similarity measure [77].

3.3.4.5 Disambiguated core semantics (DCS)

This approach used lexical chains to find the most important concepts in a document
along with a WSD strategy [77].

In conclusion, this chapter described the details of the proposed text clustering technique
STC. The details covered the architecture and the three different phases of STC. It also
provided the implementation details of STC such as datasets used, parameter settings,
performance metrics, and the compared techniques. In the next chapter, a second text

clustering technique is proposed and similar details for it are provided.
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Chapter 4

Proposed Clustering Technique: WECluster-

ing

In this chapter, another text clustering technique is proposed which solves the problem of
high dimensionality more precisely, which makes it even more suitable to Big datasets.
This technique leverages the power of context-based numerical representation of words that
are generated by a recently introduced deep learning architecture called BERT (already
introduced in chapter 2). The proposed technique is named “Word Embeddings Based
Clustering” (WEClustering). To cluster similar documents, WEClustering performs a
semantic comparison between documents based on a very small number of concepts ex-
tracted from the whole corpus. Hence, WEClustering achieves better clustering accuracy
i comparison to other state-of-the-art text clustering techniques.

Firstly, this chapter introduces the underlying idea of WEClustering with the help of a
flowchart. Secondly, it gives the details of all phases of WEClustering. Finally, it provides
the implementation details such as datasets used, parameter settings, and performance

metrics used for validating the efficiency of WEClustering.

4.1 WEClustering

WEClustering comprises of five different phases which are listed below.
Phase 1: Pre-processing.

Phase 2: Embeddings extraction and filtration.

Phase 3: Clustering of word embeddings.

Phase 4: Generation of Concept-Document (CD) matrix.

Phase 5: Clustering C'D matrix.

All these phases of WEClustering are shown in the form of a flowchart in Figure 4.1.
The Figure also shows the sub-processes involved in each of these phases. For example,
the pre-processing phase consists of two sub-processes, first, lower-casing of the whole
text and second, splitting the text into a list of sentences. The input to WEClustering

is a corpus (a set of documents) and the output is the clusters of documents. The next
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section describes each phase of WEClustering in detail.

4.2 Phases of WEClustering

The proposed clustering technique attempts to incorporate the context-based meaning
of words (semantics) using state-of-the-art BERT architecture. The technique is divided
into five different phases which are pre-processing, embeddings extraction and filtration,
clustering of embeddings, generation of concept document matrix C'D, and clustering the
matrix C'D. This process is shown in Figure 4.1. Each phase is described in the following

subsections.

4.2.1 Pre-processing

In this first phase, all the documents are prepared in a format suitable for giving it as input
to the BERT model. Firstly, all the documents are converted in lower case. Although
BERT is capable of producing case-sensitive embeddings for words, to simplify, all the
documents are converted in lower case. Secondly, each document is split into sentences.
This is done because BERT finds contextually dependent embeddings for which it takes
a complete sentence as its input. So the output of the first phase is a list of documents

in which each document is a list of sentences contained in it.

4.2.2 Embeddings extraction and filtration

In this phase, firstly, the pre-processed data is fed into the pre-trained (weight parameters
are fixed) BERT model. As a result of this, each word of all the documents is converted
into a vector (embedding) of size 1024. Secondly, embeddings that are not so semantically
important and hence do not play role in discriminating the documents are removed. These
include embeddings corresponding to digits, punctuations, and stop words.

Algorithm 4.1 shows detailed steps corresponding to the two aforementioned phases.

4.2.3 Clustering of word embeddings

The conversion of all the words (string format) into a numerical vector format makes it
very easy and accurate to measure similarity (or dissimilarity) between words. This kind

of semantic comparison between words was not much accurate before the introduction of
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Algorithm 4.1 Algorithm for pre-processing and extraction of BERT embeddings from
a document.
Input: raw document in string format as variable doc, pre-trained BERT model as

variable model, list of all stop words as stop_words, list of all punctuations as punc.

Output: list of word embeddings as result.

procedure PREPROCESS(doc, model)

1:
2
3 sentences = doc.split(‘.”) > split the document based on sentences.
4 for each sentence s in sentences do
5: s = s.lower() > convert into lower case.
6 result <— model(sentences)
7 end for
8 rl < stop_words > fetch the list of all stop words.
9: r2 < punc
10: r3 < digits
11: remove =rl+1r2+1r3 > append rl, r2 and r3.
12: for item in remove do

remove word embedding from result corresponding to item.
13: end for

return result
14: end procedure
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Figure 4.1: Flowchart of proposed the text clustering technique: WEClustering.

models like BERT. Hence, in this research, the difference in semantics of words based on
embeddings is leveraged to form document clusters. In this phase, all the word vectors
achieved out of Phase 2 are arranged in the form of a matrix of dimension (no. of words x
1024). Then, Minibatch K-means (Algorithm 4.2) clustering algorithm is applied to this
matrix. As a result, clusters of words, now onwards called as a concept are formed. These
clusters represent a unique theme contained in some documents. The idea is to use these
concepts instead of individual words as a vocabulary (also called features) to represent
any document. The total size of the vocabulary will be equal to the number of clusters
kyoe that is empirically chosen for different datasets. Hence, the size of vocabulary gets
reduced drastically from tens of thousands to less than one hundred.

This phase is shown in the form of Algorithm 4.3. The reason behind choosing this algo-
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rithm is that it drastically reduces the computational time as compared to the standard
K-means algorithm. As the name suggests, it uses mini batches instead of the complete

dataset for each iteration of training.

Algorithm 4.2 Minibatch K-means.
Input: £, mini-batch size b, iterations ¢, data set X

procedure MINIBATCHKMEANS(X, k, b, 1)

1:

2

3 Initialize each ¢ € C' with an x picked randomly from X
4: v <0

5: fori=1tot do

6 M <« b examples picked randomly from X

7

8

9

for x € M do
dx] < f(C,x) > Cache the center nearest to x
: end for
10: for x € M do
11: ¢« d[x]
12: v[e] = v[c] + 1 > Update per-center counts
13: N ﬁ > Get per-center learning rate
14: ¢ + (I-n)c + nx > Take gradient step
15: end for
16: end for

17: end procedure

4.2.4 Generation of Concept-Document (CD) matrix

After generating concepts in phase 3, each document now is represented in terms of all
the concepts. As a result, all the corpus are collectively represented in the form of a
matrix which is hereafter called a concept-document C'D matrix. Each concept is given a
score in each document to represent its degree of relation to that document. The scoring
mechanism for an i™ document d; for j* concept c¢; is represented by C'D;; and is defined

as follows.
CD;; =Y TF — IDF(wj) (4.1)
k

where

|D| 4+ 1

TF — ]DF(wjk) = fTQQ(wjk) * (log(doc count(wjx) + 1
_ J

)+ 1) (4.2)
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Algorithm 4.3 Algorithm for generating the set of concepts from the corpus.

Input: number of concepts to find as k.., list of all documents as corpus, BERT
embeddings for all documents as corpus_bert_embeds, b as batch size for clustering
embeddings and ¢ as number of iterations to be used in Minibatch K-means.

Output: Set of concepts as vocab_set.

1:

2

>

10:
11:
12:
13:

14:

procedure CONCEPT_EXTRACTION(Kyoe, cOrpus, corpus_bert_embeds)
Initialize: TF-IDF corpus = [ |, vec_for_clustering = | |, word_for_clustering = |
|, vocab_set = [ ]
for each doc in corpus do
Assign doc T'F — I DF' the TF-IDF scoring for each word in the document and
store it as a map between the word and its score.
Add doc_.TF — IDF to the list TF-IDF _corpus.
for each word in doc do
Add word to the single list word_for_clustering.
Add corresponding BERT embedding to the single list vec_for_clustering.
end for
end for
embed_labels <~ MINIBATCHKMEANS (kyo., vec_for_clustering, b, t)
Generate cluster of words as cluster_words corresponding to clustering achieved
as embed_labels in the previous step.
Append cluster_words to vocab_set.
return vocab_set, TF-IDF _corpus
end procedure
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Here, TF-IDF values of all k& words contained in the concept ¢; corresponding to the
document d; are added together. |D| is the total number of documents in the corpus D,
freq(w;ji) is the frequency of word wj; in document d; and doc_count(w;y) is the total
number of documents that contain the word wj;. The size of matrix CD comes out to

be (no. of documents x vocabulary size).

4.2.5 Clustering CD matrix

In this final phase, document clustering is performed by applying either hierarchical ag-
glomerative clustering or k-means on concept-document matrix CD. Because the number
of features that are used to represent a document is drastically reduced, a traditional
algorithm like hierarchical agglomerative clustering or k-means performs nicely on the in-
put matrix. As a result of this phase, well separated clusters of documents are achieved.

Phases 4 and 5 are collectively shown in the form of Algorithm 4.4.

Algorithm 4.4 Getting document clusters.
Input: Set of concepts as vocab_set, TF-IDF scores for all documents as TF-IDF _corpus .

Output: Clusters of documents.

1: procedure DOCUMENTCLUSTERS (kyoc, corpus, corpus_bert_embeds)
2: Initialize: Matrix of size (no. of documents x length of vocab_set) as C'D
3: for each doc d; in corpus do

4: for each concept ¢; in vocab_set do
Assign C'D;; a value ), TF — IDF(w,;,) using TF-IDF_corpus >
according to equation 4.2

5 end for

6 end for

7 Normalize the matrix C'D.

8 Perform document clustering using either Kmeans or Agglomerative algorithm.
9: end procedure

4.3 Implementation of WECIlustering

4.3.1 Datasets used

A total of seven benchmark datasets of different sizes and domains are used for validating
the proposed technique. Relevant details of these datasets are summarized in the form
of Table 4.1 and described below.
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7.

. Articles-253

This corpus! is a collection of five different categories of research articles. Each
document consists of title, abstract, and references. The categories of this dataset
correspond to the publication houses from which they are obtained. These are
Transactions on Mobile Computing, American Political Science Review, Monthly
Weather Review, British Food journal, and DNA research. The number 253 in the

title depicts the total number of articles in this dataset.

Scopus

This dataset is a part of a complete dataset and contains 500 articles. These articles
are equally divided into 5 categories namely ‘concrete’, ‘hyperactivity’, ‘investment’,
‘photosynthesis’, and ‘tectonicplates’. As per its name, it is obtained from scopus
database and each document consists of a title and an abstract(see footnote 1 to

download the complete dataset).

20NG

This dataset is a subset obtained out of widely used 20 newsgroups dataset? which
consists of news articles of 20 different categories. The subset of categories included
for this dataset are ‘alt.atheism’, ‘talk.religion.misc’, ‘comp.graphics’, and ‘sci.space.

The total number of documents in this dataset is 700.

Classic4

This collection is made up of research articles of different domains which are aero-
dynamics, medical, computing algorithms, and information retrieval. In the im-
plementation, however, only the first three categories are included because in the
fourth category documents were very short. The total number of documents in this

corpus is 800(see footnote 1 to download).

Scopus-long

This is a collection of 2800 research articles from Scopus database containing the
titles and abstracts. All the documents are equally divided into 7 categories each
containing 400 articles. The categories are investment, neural network, hyperactiv-

ity, concrete, proton, photosynthesis, and tectonic plates(see footnote 1).

Classic4-long
This is a large version of the Classic4 dataset consisting of 3891 documents divided

into three categories.

20NG-long

! Available at: https://vhasoares.github.io/downloads.html. Accessed: 2020-11-18.
Zhttp://qwone.com/ jason/20Newsgroups/
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Table 4.1: Properties of datasets used for validating WEClustering.

S.no Dataset Total categories Total documents
1. Articles-253 5 253
2. Scopus 5) 500
3. 20NG 4 700
4. Classic4 4 800
5. Scopus-long 7 2800
6. Classic4-long 4 3891
7. 20NG-long 9 8131

This is a large part obtained from 20 newsgroups dataset(footnote 2). The cate-
gories included in this dataset are ‘alt.atheism’, ‘talk.religion.misc’, ‘comp.graphics’,
‘sci.space’, ‘rec.motorcycles’; ‘rec.sport.hockey’; ‘sci.med’, ‘sci.electronics’, ‘talk.poli-
tics.misc’. Total number of documents in this corpus are 8131 divided into afore-

mentioned 9 categories.

4.3.2 Parameter settings

Different parameter settings used in different phases of the proposed clustering technique

are explained below.

1. Embeddings Extraction and Filtration (Phase 2): Two different BERT models are

available to use:

(a) BERTgpan, that generates embedding vectors of size 768. Further, this can be

case sensitive or case insensitive.

(b) BERT e, that generates embedding vectors of size 1024. This is available as
only case-sensitive model'. In our approach, BERT . is used in the embed-

dings extraction and filtration phase.

2. Clustering of Word Embeddings (Phase 3): In this phase of the technique, the Mini-
batch K-means algorithm is used to perform clustering of embeddings (as already
explained). Important parameters of this algorithm are the number of clusters of
words ko, batch size b, and number of iterations ¢. It is easy to determine the value
of these parameters empirically. Table 4.2 lists the value of all these parameters
used for all seven datasets. For the first six datasets, a value of 25 or 35 has been

determined empirically to work with a batch size of 5000. In the largest dataset

Lpypi.org
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Table 4.2: Values of parameters k,,., batch size b and number of iterations ¢ used for
cach dataset in phase 3 (subsection 4.2.3).

S.no Dataset kvoc b t Total documents
1. Articles-253 35 5000 2000 253
2. Scopus 35 5000 2000 500
3. 20NG 25 5000 1200 700
4. Classic4 35 5000 2000 800
D. Scopus-long 35 5000 2000 2800
6. Classicd-long 35 5000 2000 3891
7. 20NG-long 75 25000 4000 8131

that is 20NG-long, a higher value of 75 was determined to work best with a batch
size of 25000. Along with this, the number of iterations used to achieve the results

is also listed.

3. Document Clustering (Phase 5): In the last phase of the proposed clustering tech-
nique that is document clustering, a simple clustering algorithm such as Agglomer-
ative clustering or partitioning algorithm such as K-means is used. In Agglomera-
tive clustering, an important parameter is ‘linkage’ as defined in subsection 2.1.1 of
chapter 2. In this paper, ward linkage is used to complete the process of document
clustering. While using K-means clustering, the parameter ¢ that is the number of
clusters is the number of classes/categories contained in the dataset. Also, as K-
means is sensitive to the initialization of the centroids, the method of K-means++
[157] is used for initialization. Additionally, the number of times it is run is 10 and

the best result is reported.

4.3.3 Performance Metrics

Several metrics are defined in the literature to assess the quality of clustering. Based
on the availability of ground truth labels, they can be classified as external (when true
labels are available) and internal (when true labels are not known). For assessment of

the results produced in this research study, the following metrics are used.

1. Silhouette coefficient: This is a widely used metric when true labels are not available

which is the actual case in a clustering task. It is a measure of how dense and well
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separated the clusters are. Its mathematical formulation is given as:

s = (b—a)/max(b—a) (4.3)

Where a is the average distance between a sample and all other points in the
cluster and b is the average distance between a sample and all other points of the
next nearest cluster. Its range lies between -1 and +1 (both inclusive). A higher

value indicates dense and well separated clusters.

2. Adjusted Rand Index (ARI): ARI is a widely used metric for assessing cluster
quality in the case of availability of true labels [30]. It can be used to measure two
different clustering assignments that ignore different permutations of the same clus-
tering. T'wo similar clusterings achieve a score near +1.0 and completely different

clusterings achieve a score approaching -1.0.

3. Purity: This measure is also an external measure that calculates the quality of
clustering by first assigning all the data points in a cluster to the class for which
the maximum number of data points are present in this cluster. This is done and
summed over all the clusters and then normalized by the total number of data
points [31].

4.3.4 Techniques compared

For performing a comparative analysis of the proposed technique with other existing
techniques, a comparison with the following clustering techniques based on the Bag of

words model representation of documents is performed.

4.3.4.1 K-means

It is a popular partitioning based [10] clustering algorithm. Originally, it was proposed
in 1967 [158] but because of its simplicity and less computational cost, it is widely used
still.

4.3.4.2 Agglomerative clustering

This is a hierarchical type of clustering algorithm [159] in which data points are combined
to gradually form clusters to give a tree-like structure known as dendogram [160]. This

dendogram is cut at a specified level to give required clusters.
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4.3.4.3 Hierarchical Density Based Spatial Clustering of Applications (HDB-
SCAN)

This algorithm [161, 162] is a robust variant of density-based clustering algorithms like
DBSCAN [124]. Tt is a quite recent clustering technique that has shown better perfor-

mance than several other algorithms.

4.3.4.4 Genie

It is quite recent hierarchical clustering algorithm [163] that form clusters based on Gini
index [164] (a popular statistical measure used for measuring dispersion in a given list of
frequency values) value. Genie makes sure that the value of the Gini index should not
exceed a given threshold. If it exceeds then the smallest cluster is merged with its nearest

neighbor.

In the next chapter, all the experiments conducted to validate the proposed text clustering
techniques (STC and WEClustering) are presented. Also, an analysis and comparison of

results with other text clustering techniques are provided.
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Chapter 5

Experimental Results and Validation of Pro-

posed Clustering Techniques

In the previous chapters, the design and implementation of the proposed text cluster-
ing techniques i.e. STC and WEClustering were discussed. To validate their efficiency,
the proposed techniques have been implemented and tested on a variety of text datasets.
Besides, their performances are compared with several other text clustering techniques.
This chapter presents all the related experiments and also discusses the results obtained.
Mainly, the performance comparison is performed based on the accuracy, execution time,
and scalability.

Firstly, this chapter presents the analysis of the results individually for STC and WEClus-
tering. Secondly, STC and WEClustering are compared among themselves based on sev-

eral important factors such as their accuracy, execution time, and scalability.

5.1 Result analysis of STC

In this section, a discussion on the results of STC obtained by its implementation on
different datasets along with a comparison with other techniques (already mentioned in
chapter 3) is presented.

5.1.1 Accuracy

Analysis of the accuracy of STC for different performance metrics is as follows.

5.1.1.1 Silhouette coefficient

The Silhouette coefficient measures how dense and well separated the clusters are, es-
pecially when truth labels are not available. Hence, it is one of the most important
clustering performance metrics (see chapter 1 for more details). In Table 5.1, the cluster-

ing performance of all the six techniques including STC is given as values of the Silhouette
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Table 5.1: Silhouette coefficient values for clustering with different techniques.

S.no. Datasets BOAW BONW BONA DC DCS STC

1. Reuters_15_50 0.017 0.045 0.014 0.055 0.051 0.085
2. Reuters_15_500 0.012 -0.026  -0.016 0.045 0.050 0.077
3. Reuters 408_3945 0.082  0.087 0.091  0.032 0.033 0.099
4. Articles-253 0.108 0.123 0.126 0.133 0.099 0.247
5. Classic-3 -0.01 0.027 0.142 0.017 0.015 0.400
6. Pubmed 4K 0.022 0.066 0.057 0.017 0.022 0.070
7. Scopus_2.8k -0.040 -0.022  -0.034 0.027 0.027 0.047
8. Webkb 0.070  0.095 0.098  0.026 0.030 0.102
9. Newsgroups 0.012 0.015 0.012 0.032 0.030 0.032

coefficient. The best values are indicated in bold. Owing to the capability of STC to
reduce dimensionality, as well as efficiency due to a combination of semantic and statisti-
cal features, STC has outperformed all other clustering techniques. For the Newsgroups
dataset, the DC technique also achieves the same good value of 0.032. In addition, as
the number of categories (k value) is not available for Newsgroups dataset, hence k value
is determined using Elbow method as described in subsection 3.3.3 of chapter 3. The
range of k values taken is 2 to 8 and the elbow is detected at value 4. Hence, values
listed in Table 5.1 for Newsgroups dataset are for k value 4. For elbow identification, the

Silhouette coefficient values are plotted for different values of k£ in Figure 5.2. Figure 5.1

shows a column chart corresponding to values contained in Table 5.1.
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Figure 5.1: Results comparison of STC and other clustering techniques using Silhouette coefficient scores.



Table 5.2: Purity values for clustering with different techniques.

S.no. Datasets BOAW BONW BONA DC DCS STC

1. Reuters_15_50 0.418 0.475 0.446  0.629 0.570 0.672
2. Reuters_15_500 0.447 0.490 0.466  0.666 0.599 0.640

3. Reuters_408_3945 0.725 0.773 0.767  0.849 0.809 0.843
4. Articles-253 0.909 0.909 0.901  0.992 0.945 0.996
D. Classic-3 0.726 0.590 0.623  0.678 0.638 0.802
6. Pubmed_4K 0.602 0.448 0.565  0.660 0.547 0.845
7. Scopus_2.8k 0.782 0.766 0.785  0.863 0.475 0.883
8. Webkb 0.464 0.479 0.466  0.615 0.560 0.652

5.1.1.2 Purity

Purity is an external measure of performance i.e. it measures the quality of clustering
for available ground truth labels. In terms of purity, results are shown in the form of
Table 5.2. The actual values show that the proposed STC technique outperforms all other
techniques in six datasets out of eight. For other datasets as well, it does not lag much
because it is only the DC technique that performs a little well. For all the other four
techniques, STC outperforms all the datasets. Figure 5.3 shows these results in the form

of a column chart which also indicates the high performance achieved by STC.
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Table 5.3: AMI values for clustering with different techniques.

S.no Datasets BOAW BONW BONA DC DCS STC

1 Reuters_15_50 0.323 0.372 0.311  0.457 0.430 0.470
2 Reuters_15_500 0.325 0.343 0.327  0.480 0.425 0.495
3 Reuters_408_3945 0.241 0.333 0.310  0.449 0.420 0.430

4 Articles-253 0.848 0.849 0.839 0.979 0.867 0.988

5 Classic-3 0.495 0.279 0.351  0.409 0.390 0.501

6 Pubmed_4k 0.361 0.182 0.349  0.395 0.250 0.420

7 Scopus_2.8k 0.697 0.641 0.738  0.759 0.399 0.748

8 Webkb 0.036 0.035 0.240  0.164 0.224 0.255
5.1.1.3 AMI

AMI is also an external measure of performance which measures the quality of clustering
for available ground truth labels. In Table 5.3, AMI values are listed corresponding to
all the experiments. Again, for the majority i.e. six out of eight datasets, the STC
clustering technique achieved higher values than all other techniques. For the other two
datasets also, it is only the DC technique that shows a good competition to STC. Figure
5.4 shows a column chart corresponding to the AMI values achieved by all the clustering

techniques.
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Table 5.4: Dimensionality used by different techniques.

S.no. Datasets BOAW BONW BONA DC DCS STC

1 Reuters_15_50 4776 2330 3186 2330 1894 2563
2 Reuters_15_500 13963 7771 10222 7771 7541 8465

3 Reuters_ 4083945 19271 11008 14173 11008 9996 10813
4 Articles-253 33083 22064 28450 22064 7882 8964

) Classic-3 21741 12499 17674 12499 11195 13696
6 Pubmed_4K 22839 13974 18640 13974 11568 13874
7 Scopus_2.8k 29644 18657 25289 18657 12474 14651
8 Webkb 44667 28555 36355 28555 14280 17140
9 Newsgroups 13994 7996 8099 7996 5572 6543

Apart from the accuracy, analysis of the proposed STC technique, space analysis for

dimensionality reduction, and execution time analysis is also presented below.

5.1.2 Dimensionality reduction

In addition to accuracy, space efficiency in terms of dimensionality reduction is also of
much importance in the field of text mining. Using the proposed STC technique, a sig-
nificant dimensionality reduction is achieved as well. Table 5.4 shows the dimensionality
of different datasets used by different techniques including STC* to form clusters. The
highest number of dimensions for each dataset is used by BOAW. DCS can reduce di-
mensionality greater than others. Following DCS, STC is also able to reduce the high
dimensionality by a significant amount as shown for each dataset. However, for a small
increase in the number of dimensions, STC achieves better performance accuracies than
DCS. This demonstrates the capability of the proposed technique to deal with high-

volume datasets.

5.1.3 Execution time

The execution time of a clustering algorithm depends directly on the dimensionality of

the dataset. If the number of dimensions increases, correspondingly execution time also
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Table 5.5: Execution time (in seconds) used by different techniques.

S.no. Datasets BOAW BONW BONA DC DCS STC

1 Reuters_15_50 3.19 1.85 1.99 1.51 0.82 1.02
2 Reuters_15_500 53.86 26.77 2847 2743 25.66 29.677

3 Reuters_408_3945 73.00 42.49 4490  69.45 28.58 32.57
4 Articles-253 15.81 12.93 12.50 11.24 0.84 1.04

) Classic-3 90.192  35.02 4795  36.78 31.53 32.55
6 Pubmed_4K 83.02 42.85 50.71  41.67 37.48 40.54
7 Scopus_2.8k 59.48 49.10 65.64  50.26 34.41 48.04
8 Webkb 80.30 42.61 48.17  42.70 35.38 52.28
9 Newsgroups 6.24 2.41 2.91 233 1.82 2.09

increases and vice-versa. In Table 5.5, the time taken (in seconds) in WEClustering to
form clusters using its low dimensional concept-document matrix representation for each
dataset is shown. Similarly, the time taken by other techniques to form clusters using
the high-dimensional term-document matrix representation for each dataset is also shown.
The highest execution time is taken by the BOAW technique followed by BONW, BONA,
and DC. The lowest execution time is taken by DCS and then by STC. However, for this

small difference, STC achieves better performance in the accuracy of clustering.

In the next section, a similar analysis of WEClustering is presented.

5.2 Result analysis of WEClustering

Analysis of the accuracy of WEClustering for different performance metrics is given be-

low.

5.2.1 Accuracy
After running the proposed clustering technique i.e. WHEClustering many important

results are obtained. In this subsection, the results of WEClustering and its comparative

analysis with other techniques are presented in detail with the help of suitable graphics
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and tables. From now onwards, WEClustering-K and WEClustering-A denote that in the
last phase of WEClustering, K-means and Agglomerative clustering are used respectively.

Analysis for each of the performance metrics is as follows.

5.2.1.1 Silhouette coefficient

Table 5.6 shows the performance of WEClustering and other techniques based on Sil-
houette coefficient. This metric is most important of all the three performance metrics
because, in a real scenario of clustering, true labels are not available to us. As already
mentioned, the Silhouette coefficient determines the quality of clusters without requiring
external labels. For all the seven datasets, the value of this metric goes much higher for
WEClustering. Best values are indicated in bold. To get some more insights a column
chart corresponding to the Table 5.6 is plotted in the form of Figure 5.5. It makes it
very clear that WEClustering outperforms all other clustering techniques. On the other
hand, in the proposed technique itself, WEClustering-K performs marginally better than
WEC]lustering-A. Additional minute details of performances can be seen with the help of
Table 5.9 and Figure 5.8. Table 5.9 highlights the minimum %age improvement made by
the proposed clustering technique over other techniques for all datasets and performance
measures. Figure 5.8 shows a column chart corresponding to this improvement in terms

of silhouette coefficient. Minimum %age improvement is calculated in this paper as:

Scoreproposed — MaxScoreoners

min_Y%age_improvement = 100 x (5.1)

MazScoreghers

where

Scoreproposed = score achieved by the proposed technique
MazxScoreyne.s =maximum score of all other techniques

For example, the silhouette coefficient score achieved by the proposed technique for
dataset Articles-253 is 0.458 and the maximum score among all scores of the other four
techniques is 0.097. Hence, according to equation 5.1, minimum %age improvement be-
comes 372.164. A very large %age improvement can be seen for the Silhouette coefficient
in all the datasets. This can be attributed to the fact that by its definition silhouette
coefficient measures how well separated and dense the resulting clusters are formed. As
the proposed technique can reduce the dimensionality of datasets from tens of thousands
to less than 100, the resulting clusters formed in the last phase are quite well separated

and dense.
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Table 5.6: Silhouette coefficient values of WEClustering and other techniques on different datasets.

S.no Datasets WEClus- WECIus- K-means  Agglo- HDB- Genie
tering-K  tering-A merative SCAN

1. Articles-253  0.458 0.454 0.097 0.097 0.087 0.077
2. Classic4 0.264 0.258 0.013 0.011 0.010 0.014
3. Classic4-long 0.259 0.253 0.010 0.010 0.008 0.011
4. Scopus 0.314 0.298 0.017 0.015 0.005 0.016

Scopus-long  0.240 0.238 0.012 0.012 -0.016 0.003
6. 20NG 0.130 0.110 0.002 0.009 0.002 0.007

7. 20NG-long 0.086 0.023 0.007 0.004 0.001 0.007
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Figure 5.5: Column chart indicating the values of Silhouette coefficient for WEClustering and other clustering techniques.



Table 5.7: Purity values of WEClustering and other techniques on different datasets.

S.no Datasets WECIlus- WECIus- K-means  Aggloo  HDBSCAN Genie
tering-K  tering-A merative
1. Articles-253  0.988 1.0 1.0 0.992 0.893 0.798
2. Classic4 0.970 0.981 0.887 0.961 0.830 0.971
3. Classic4-long 0.961 0.974 0.845 0.966 0.802 0.947
4. Scopus 0.956 00.936 0.916 0.866 0.378 0.838
5. Scopus-long  0.765 0.775 0.750 0.729 0.439 0.576
6. 20NG 0.637 0.600 0.607 0.506 0.339 0.341
7. 20NG-long 0.409 0.277 0.365 0.363 0.120 0.128

5.2.1.2 Purity

For the case when external labels are available, purity can be used to measure the clus-
tering results. Table 5.7 highlights the purity values achieved by all the clusterings for all
the datasets. Again, it is very clear that the proposed clustering technique outperforms
all other techniques. A visualization chart corresponding to these values is provided in
Figure 5.6. In column 4 of Table 5.9, values of %age improvement gained by the proposed
technique over others are provided. This improvement is calculated in the same way as
for silhouette coefficient i.e. using equation 5.1. Figure 5.9 shows a column chart corre-
sponding to these improvement values. It can be inferred from the table that for each
dataset, there is a significant improvement of performance. For the Articles-253 dataset,
the proposed technique and K-means achieved the maximum Purity score i.e. 1.0, there-
fore improvement comes out to be zero. It should also be noticed from the figure that as
the size of the dataset grows more improvement performance is taking place. This trend

proves the efficiency of the proposed technique for large datasets.
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5.2.1.3 ARI

To more verify the results achieved as measured by the above two performance metrics,
ARI is also used. Like purity, it measures performance for available ground truth labels.
Individual values of ARI for clustering achieved by different clustering algorithms for all
datasets are shown in Table 5.8. It can be seen that for Articles-253, WEClustering and
K-means both achieved the maximum ARI score of 1.0. It is probably because it is a
small dataset containing 253 articles, so it is easy to find clusters in it. For all other
datasets, WEClustering achieves greater ARI values. The best values are shown in bold.
Figure 5.7 depicts the same trend with the help of a column chart. Additionally, minimum
%age performance improvement in terms of ARI is shown with the help of Figure 5.10.
Again, it can be seen that there is a significant performance improvement made by the
proposed clustering technique. As one goes from smaller to larger datasets, performance
improvement also increases.

The reason behind these results can be attributed to the fact that word embeddings
achieved from the BERT model capture the semantics of the word and its context better.
Other clustering techniques which are just based on a scoring mechanism like TF-IDF
cannot capture the meaning of a word with respect to its context. The proposed technique
combines the advantages of statistical scoring mechanisms like TF-IDF as well as the
semantics of the word. Additionally, the clustering of word embeddings using Minibatch
K-means combines the words with similar context into a single group or a cluster. Hence,
it reduces the dimensionality of the problem drastically i.e. from tens of thousands to
less than a hundred. This enables clustering algorithms like K-means and Agglomerative

clustering to give better clusters.
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Table 5.8: ARI values of WEClustering and other techniques on different datasets.

L8

S.no Datasets WEClus-  WEClus- K-means  Agglo-  HDBSCAN Genie
tering-K tering-A merative
1. Articles-253  0.970 1.0 1.0 0.978 0.734 0.687
2. Classic4 0.912 0.945 0.737 0.886 0.456 0.916
3. Classic4-long 0.888 0.922 0.641 0.902 0.477 0.859
4. Scopus 0.893 0.849 0.807 0.702 0.108 0.680
5. Scopus-long  0.600 0.611 0.518 0.524 0.010 0.279
6. 20NG 0.344 0.264 0.272 0.149 0.003 0.001

7. 20NG-long 0.165 0.131 0.079 0.085 0.001 0.000
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Table 5.9: Minimum %age improvement in performance using WEClustering.

S.no Datasets Minimum %age Minimum %age Minimum %age
improvement in improvement in improvement in

Silhouette Purity ARI
coefficient

1. Articles-253 372.164 0 0

2. Classic4 1785.714 1.029 3.165

3. Classic4-long 2254.545 0.828 2.217

4. Scopus 1747.058 4.366 10.656

D. Scopus-long 1900 3.333 16.603

6. 20NG 1344.444 4.942 26.470

7. 20NG-long 1128.571 12.054 94.117

5.2.2 Dimensionality reduction

In WEClustering, the idea of forming groups of vocabulary words, (which are called
concepts in this research work) reduces the dimensionality of the CD data matrix sig-
nificantly. Essentially, the values of k,,. parameter shown in Table 4.2 of chapter 4 are
the actual number of dimensions used for each dataset. It is also shown again in Ta-
ble 5.10. Hence, instead of thousands of words that were used to form term-document
matrix by other clustering techniques, WEClustering combines them to form only less
than a hundred concepts to form the CD matrix. This also results in higher clustering

accuracy.

5.2.3 Execution time

The time taken to form clusters from a data matrix directly depends on the dimensionality
of the data matrix. As WEClustering reduces the high number of dimensions to a low
number of dimensions, the time taken to form clusters is significantly lower than other
techniques. Table 5.11 shows time taken (in seconds) to form clusters by WEClustering
and other techniques. For all seven datasets, the time taken to form document clusters
by WECIlustering is very less than all other techniques i.e. K-means, Agglomerative,
HDBSCAN, and Genie.
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Table 5.10: Values of parameters k,,. showing reduced dimensionality obtained by
WEClustering and the actual dimensionality.

S.no Dataset kvoc/reduced dimensionality Actual dimensionality
1. Articles-253 35 44555
2. Scopus 35 12680
3. 20NG 25 21916
4. Classic4 35 18330
5. Scopus-long 35 82970
6.  Classicd-long 35 80970
7.  20NG-long 75 85513
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Table 5.11: Execution time (in seconds) of WEClustering and other techniques on
different datasets.

S.no Datasets WEClus- WEClus- K-means  Agglo-  HDB- Genie
tering-K  tering-A merative SCAN

1. Articles-253  0.082 0.009 10.692 0.275 2.387 0.353
2. Classic4 0.107 0.022 13.018 1.142 5.358 1.462

3. Classic4-long 0.266 0.638 73.029 70.011 270.604  71.791
4. Scopus 0.152 0.010 11.053 0.464 2.606 0.558

5. Scopus-long  0.060 0.258 2.120 1.140 203.293  44.779
6. 20NG 0.089 0.017 9.567 1.147 6.823 1.161
7. 20NG-long 2.274 5.223 129.195 1017.126 4886.316 803.929

5.3 Comparison between STC and WEClustering

In this section, a comparison of performance between the two proposed clustering tech-
niques which are STC and WEClustering is presented. This comparison is based on
accuracy, execution time, scalability, and language dependency of the two techniques.

Datasets used for this comparison are the same as listed in Table 4.1 of chapter 4.

5.3.1 Accuracy

The clustering accuracy of both techniques is determined using three performance metrics
which are the Silhouette coefficient, Purity, and ARI. These are explained in sequence as

follows.
1. Silhouette coefficient

In almost all the datasets, WEClustering achieved a higher value of silhouette
coefficient value as shown in Table 5.12. In the dataset Classic4, STC achieved a
higher value (0.400) than that of WEClustering (0.264). This can be attributed to
the fact that WEClustering lowers down the dimensionality of each dataset very
well. Hence, values of silhouette coefficient which measures the compactness of
clusters are higher for WEClustering. Line chart shown in Figure 5.11 gives a

visual comparison of these values for the two techniques.
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Table 5.12: Silhouette coefficient values of STC and WEClustering on different datasets.

05

0.45

0.4

Silhouette coefficient

S.no  Datasets STC WEClustering
1. Articles-253 0.247 0.458
2. Classic4 0.400 0.264
3. Classic4-long 0.026 0.259
4. Scopus 0.056 0.314
D. Scopus-long 0.047 0.240
6. 20NG 0.032 0.130
7. 20NG-long 0.025 0.086
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Figure 5.11: Results comparison of STC and WEClustering using Silhouette coefficient

scores.
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Table 5.13: Purity values of STC and WEClustering on different datasets.

S.no  Datasets STC WEClustering
1. Articles-253 0.996 0.988
2. Classic4 0.785 0.970
3. Classic4-long 0.746 0.961
4. Scopus 0.750 0.956
D. Scopus-long 0.883 0.765
6. 20NG 0.345 0.637
7. 20NG-long 0.221 0.409

2. Purity

The trend in values of Purity is somewhat different than that of the Silhouette
coefficient. Purity values as listed in Table 5.13 show that there are two datasets
in which STC achieved a higher value of purity than WEClustering. These two
datasets are Articles-253 and Scopus-long. For the other five datasets, WECluster-
ing performs better than STC. Overall, WEClustering achieved a higher accuracy.
This can be attributed to the fact that using word embeddings, WEClustering cap-
tures better semantic relationships among different words than STC which captures
the semantic relationships based on WordNet which has some limitations. A visual
comparison of Purity values is shown in Figure 5.12 in which the orange line cor-
responding to WEClustering remains above the blue line of STC except for two

datasets.
3. ARI

The pattern of ARI values is nearly the same as that of Purity values. Again for the
dataset Articles-253, STC achieved a higher value than WEClustering. However,
for all the other six datasets, WEClustering shows better performance than STC.
The values are shown in Table 5.14. Articles-253 is relatively a smaller dataset than
others, hence the performance of both STC and WEClustering are nearly the same
(STC being a little higher). For other datasets which are larger, the use of word
embeddings to capture the semantic relationships among words shows its positive
effect in clustering results. Figure 5.13 shows the linechart of ARI values for both

clustering algorithms.
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Figure 5.12: Results comparison of STC and WEClustering using Purity scores.

Table 5.14: ARI values of STC and WEClustering on different datasets.

S.no  Datasets STC WEClustering
1. Articles-253 0.989 0.970
2. Classic4 0.458 0.912
3. Classic4-long 0.467 0.888
4. Scopus 0.579 0.893
5. Scopus-long 0.258 0.600
6. 20NG 0.180 0.344
7. 20NG-long 0.098 0.165
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Figure 5.13: Results comparison of STC and WEClustering using ARI scores.

Table 5.15: Reduced dimensionality obtained by STC and WEClustering on different

datasets.
S.no  Datasets STC WEClustering
1. Articles-253 8964 35
2. Classic4 13696 35
3. Classic4-long 6003 35
4. Scopus 6017 35
5. Scopus-long 14651 35
6. 20NG 6543 25
7. 20NG-long 25153 5
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Table 5.16: Execution time (in seconds) of STC and WEClustering on different datasets.

S.no  Datasets STC WEClustering
1. Articles-253 1.168 0.082
2. Classic4 32.55 0.109
3. Classic4-long 3.332 0.266
4. Scopus 2.516 0.152
D. Scopus-long 48.04 0.328
6. 20NG 2.09 0.089
7. 20NG-long 35.38 0.172

Both the proposed clustering techniques achieved a significant reduction in dimensionality
to perform clustering on large text datasets. Both techniques have the same underlying
idea that combining the semantically related words to form groups can achieve dimen-
sionality reduction. STC attempts to group the related words using a lexical database
known as WordNet which provides typical semantic relations such as synonyms, hyper-
nyms, hyponyms, and meronyms. On the other hand, WEClustering attempts to group
semantically related words using a recently proposed deep learning architecture called
BERT. BERT provides a simple numerical representation of each word known as a word
embedding. Hence, comparing and grouping words based on a numerical vector is more
effective than grouping words using lexical chains. That is why WEClustering provides

a much better dimensionality reduction than STC.

As shown in Table 5.15, WEClustering reduces the number of dimensions to less than
a hundred by forming large groups of words known as concepts in this research work.
This is made possible only due to a numerical representation of words which makes the
semantic comparison of words much easier. In WEClustering, Minibatch K-means is
used to perform grouping (or clustering) of words falling in the complete vocabulary of
a corpus using these numerical word vectors. This was not possible in STC in which
simple string-based comparison was used to form groups of words which are called lexical

chains.
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5.3.2 Execution time

Table 5.16 shows execution time taken to obtain clusters on the final data matrix repre-
sentation of documents in each dataset. This data matrix is termed as a chain-document
matrix in the case of STC and concept-document matrix in the case of WEClustering.
Due to a very less number of features formed in the concept-document matrix than the
chain-document matrix, the execution time of obtaining clusters of documents in each
dataset is very less in the case of WEClustering. Hence, it can be said that WEClustering

is more time-efficient than STC.

5.3.3 Scalability to big datasets

Accuracy of clustering in big textual datasets mainly depends upon two factors:

1. How effectively the semantics of text have been incorporated to determine the

category of the document.
2. How less the number of features have been used for clustering.

Both the proposed clustering techniques achieved a significant reduction in dimensionality
to perform clustering on large text datasets. Both techniques have the same underlying
idea that combining the semantically related words to form groups can achieve dimen-
sionality reduction. STC attempts to group the related words using a lexical database
known as WordNet which provides typical semantic relations such as synonyms, hyper-
nyms, hyponyms, and meronyms. On the other hand, WEClustering attempts to group
semantically related words using a recently proposed deep learning architecture called
BERT. BERT provides a simple numerical representation of each word known as a word
embedding. Hence, comparing and grouping words based on a numerical vector is more
effective than grouping words using lexical chains. That is why WEClustering provides

better dimensionality reduction than STC.

As shown in Table 5.15, WEClustering reduces the number of dimensions to less than
a hundred by forming large groups of words known as concepts in this research work.
This is made possible only due to a numerical representation of words which makes the
semantic comparison of words much easier. In WEClustering, Minibatch K-means is used
to perform grouping (or clustering) of words falling in the complete vocabulary of a corpus
using these numerical word vectors. Hence, the proposed techniques are more scalable
to big datasets in comparison to other techniques to which they have been compared.

Among the two proposed techniques, WEClustering is more scalable to big datasets.
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5.3.4 Language dependency

STC and WEClustering both perform a semantic comparison of words for each dataset.
STC uses WordNet and WEClustering uses word embeddings of BERT to perform this
comparison. Unfortunately, a lexical database like WordNet is not available for every lan-
guage. WordNet is the database corresponding to the English language only. Hence, STC
can perform the clustering of text datasets that consists of English language documents
alone. However, BERT is a general deep learning architecture for language. It takes
a large corpus of documents of a language and produces embeddings for all the words
contained in the corpus. Hence, the corpus may belong to any language rather than a
single language. This makes WEClustering a language-independent technique that can

be used to cluster text documents of any language.

In the next chapter, various conclusions drawn out of the research work presented in this
thesis are provided. Additionally, the scope of future work which can be performed for

further improvement is given.
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Chapter 6

Conclusions and Future Scope

This chapter presents the concluding remarks on the whole research work presented in this
thesis. It highlights various contributions and outcomes of the work that marks its validity,
applicability, and completeness with respect to the defined objectives. It also highlights the
novelty, efficiency, and scalability of each of the two proposed text clustering techniques
“STC” and “WEClustering” with respect to big datasets. Finally, the future scope of this

research work is presented.

6.1 Conclusions

This thesis entitled “Efficient Text Clustering Techniques for Big Datasets” focuses
mainly on clustering the big textual datasets having high dimensionality. The major
outcomes of the research carried out and presented in this thesis are as follows.

In chapter 2 entitled “Literature Review”, an extensive literature review of methods and
techniques used for text representation and text clustering is presented. A comparative
analysis of various existing text clustering techniques with respect to factors more con-
cerned with big datasets is also presented. This review along with the highlighted research
gaps can help the related research community in getting a quick review and analysis of the
presented techniques. This, in turn, may help to design novel text clustering techniques
which can handle the challenges encountered in big datasets.

In chapter 3 entitled “Proposed Clustering Technique: Stamantic Clustering (STC)”, a
novel text clustering technique is proposed that combines the statistical features with
semantic features using WordNet and lexical chains. This is done in order to include
semantics as well as reduce the dimensionality of datasets significantly. This reduction
in dimensionality makes the proposed STC clustering technique scalable to big datasets.
This idea of using lexical chains can motivate the researchers to use the same for other
text mining tasks such as text summarization and text classification.

In chapter 4 entitled “Proposed Clustering Technique: WEClustering”, another novel
text clustering technique is proposed based on the state-of-the-art deep learning architec-

ture BERT. This proposed technique presents a unique idea of the incorporation of word
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embeddings into text clustering. This helps in solving the ambiguity problem and more
importantly the high dimensionality problem. The proposed technique WEClustering
is much more scalable to big datasets due to its ability to reduce the high number of
dimensions to a much lower value. The core idea used in WEClustering can be used by
other researchers to apply it in other text mining tasks as well.

In chapter 5 “Experimental Results and Validation of Proposed Clustering Techniques”,
the two proposed text clustering techniques are validated on several big datasets having
as high dimensionality as tens of thousands. The results presented for both the tech-
niques prove the efficiency of the proposed techniques in terms of accuracy, significant
dimensionality reduction, and thus more scalability to big datasets as compared with the

existing text clustering techniques.

6.2 Future Scope

1. Usage of a different procedure for extracting semantic features
In the proposed clustering techniques STC and WEClustering, lexical chains and
word embeddings are used respectively for semantics extraction. In the future,
some change or a completely different mechanism for semantics extraction can be

explored for more efficiency.

2. Implementation on other language datasets
The proposed technique WEClustering can be implemented on textual datasets of

some different languages than English.

3. Scalability to much bigger dimensions
As the size of datasets keeps on increasing day by day, the proposed text clustering

techniques can be implemented on datasets having millions of documents.

4. Usage in other text mining tasks
Other tasks which use text clustering as an intermediate step such as multi-document

summarization can be designed with the help of proposed text clustering techniques.

5. Fine-tuning of BERT for specific domain
The BERT model used in WEClustering can be fine-tuned for more suitability to
textual datasets of specific domains such as medicine, computer science dataset,

and so on.
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