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ABSTRACT
Rough Set (Pawlak, 1982) theory is a well-developed mathematical methodology to deal
with uncertainty in data. The idea of Rough Set is to partition a given data of entities
represented as attribute-value pairs into three classes: positive region, negative region and
boundary region. The positive and negative regions separate the objects that belong to a
specific class or outside it, while the boundary region consists of entities for which such a
clear decision cannot be made with certainty.
Rough Set-based approaches have been used in different application areas including feature
selection, data classification, knowledge acquisition, data mining, decision analysis among
others. However, no significant work has been found for its application in the area of
Extractive Text Summarization. Text Summarization, in general, condenses one or more
collection of source text(s) into a single concise text that preserves the information content
while reducing the size of the input text. In our approach we consider Extractive Text
Summarization as a decision-making process, where corresponding to each input sentence
the system takes a decision whether or not the sentence will be included in the summary.
From this perspective we consider the process of sentence selection for generation of
extractive summary as a process of decision making under uncertainty. The uncertainty
comes from several aspects: the user-specified size of the summary, the relative importance
of the sentences, presence of redundant information, the size and content of the document
under consideration, among others.
We have proposed four different techniques for Rough Sets based Text Summarization.
The schemes developed in the thesis are the following:
(1)

Novel concepts of Rough Set based span and spanning sets are proposed for
generating a smaller representative representation of the Universe under
consideration. Properties and computation of spanning sets are described. Further,
v

the unsupervised concept of spanning set is applied to generate extractive summary
with a required number of important sentences, typically specified by the user, from
the text.
(2)

Sentence to sentence similarity measures based on Fuzzy Rough Set are proposed
and are further applied to unsupervised Single document Text Summarization. This
new measure when applied to the problem of Text Summarization has been found
to perform even better than the span-based approach with respect to certain sets of
documents.

(3)

Suitability of learning from existing data (e.g. Document Understanding
Conference 20021) using supervised Rough Set based techniques for Multidocument Text Summarization (MDTS) is analysed. Firstly, a Rough Set based
ranking measure called Rank-Measure is proposed for post-processing the results
obtained by supervised MDTS. The results show a significant improvement over
results computed without using Rough Set based ranking measure. Further, a
Neighborhood Rough Set based supervised learning algorithm is also proposed for
MDTS and is found to improve the ROUGE scores further.

(4)

Rough Sets have been popularly used for feature selection. Selection of important
features for Text Summarization using Rough Set based techniques is analysed.
Further, two new algorithms for Rough Set based feature selection are proposed
and their effect on performance for MDTS is analysed.

(5)

Finally, two more new techniques are developed during this research which are
novel efforts in different areas to improve on the summarization results. The
techniques are sentiment-based summarization and Random Indexing for MDTS.
The suitability of these techniques is analysed for Text Summarization.

1. URL: http://www-nlpir.nist.gov/projects/duc/guidelines/2001.html
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सार
रफ सेट (पावलक, 1982) डेटा में अनिश्चितता से निपटिे के ललए एक अच्छी तरह से ववकलसत गणितीय
पद्धनत है । रफ सेट का वविार ककसी दिए गए डेटा सेट को तीि वगों में ववभाश्ित करिा है : पॉश्िदटव रीिि,
िेगेदटव रीिि और बाउं ड्री रीिि।

पॉश्िदटव रीिि और िेगेदटव रीिि उि डेटा पॉइंट्स को अलग करते हैं

िो एक ववलिष्ट वगग या उसके बाहर हैं , िबकक सीमा क्षेत्र में ऐसी संस्थाएं हैं श्ििके ललए इस तरह का स्पष्ट
नििगय निश्चितता के साथ िहीं ककया िा सकता है ।

रफ सेट-आधाररत दृश्ष्टकोिों का उपयोग ववलभन्ि एश्ललकेिि क्षेत्रों में ककया गया है , श्िसमें फीिर ियि,
डेटा वगीकरि, ज्ञाि अिगि, डेटा माइनिंग, िस
ू रों के बीि नििगय ववचलेषि िालमल हैं। हालांकक, एक्स्टस्रे श्क्स्टटव
टे क्स्टस्ट समराइिेिि के क्षेत्र में इसके आवेिि के ललए कोई महत्वपूिग काम िहीं लमला है । पाठ संक्षेपि,
सामान्य रूप से, स्रोत पाठ के एक या अधधक संग्रह को एक संक्षक्षलत पाठ में सश्ममललत करता है , िो
इिपट
ु पाठ के आकार को कम करते हुए सि
ू िा सामग्री को संरक्षक्षत करता है । हमारे दृश्ष्टकोि में हम
एक्स्टस्रे श्क्स्टटव टे क्स्टस्ट समराइिेिि को नििगय लेिे की प्रकिया मािते हैं , िहााँ प्रत्येक इिपुट वाक्स्टय के अिुसार
लसस्टम नििगय लेता है कक वाक्स्टय को सारांि में िालमल ककया िाएगा या िहीं। इस दृश्ष्टकोि से हम अकग
सारांि के निमागि के ललए वाक्स्टय ियि की प्रकिया को अनिश्चितता के तहत नििगय लेिे की प्रकिया
मािते हैं। अनिश्चितता कई पहलुओं से आती है : सारांि का उपयोगकताग-निदिग ष्ट आकार, वाक्स्टयों का सापेक्ष
महत्व, निरथगक िािकारी की उपश्स्थनत, वविाराधीि िस्तावेज़ का आकार और सामग्री, अन्य।
हमिे रफ सेट्स आधाररत टे क्स्टस्ट सारांि के ललए िार अलग-अलग तकिीकों का प्रस्ताव दिया है । थीलसस
में ववकलसत की गई योििाएं निमिललणित हैं:

(१) रफ सेट आधाररत स्पैि और स्पैनिंग सेट्स की िोवेल अवधारिाएं वविाराधीि यूनिवसग के एक छोटे
प्रनतनिधध प्रनतनिधधत्व को बिािे के ललए प्रस्ताववत हैं। स्पैनिंग सेट्स
विगि ककया गया है ।

इसके अलावा, स्पैनिंग सेट्स

की

अवधारिा, आमतौर पर उपयोगकताग द्वारा

निदिग ष्ट महत्वपूिग वाक्स्टयों की एक आवचयक संख्या के साथ निष्कषगि
ककया िाता है ।

के गणितीय गुि और गििा का

सारांि उत्पन्ि करिे के ललए लागू

(2) फिी रफ़ सेट के आधार पर वाकया का वाकया से मेल का प्रस्ताव ककया गया हैं और आगे इसे एकल
िस्तावेज़ पाठ संक्षेप के ललए लागू ककया गया है ।
यह िया उपाय िब टे क्स्टस्ट समराइिेिि की समस्या पर लागू ककया गया है , तो िस्तावेिों के कुछ सेटों के
संबंध में स्पैि-आधाररत दृश्ष्टकोि से भी बेहतर प्रििगि करिे के ललए पाया गया है ।

(3) मौिि
ू ा डेटा (िैसे डॉक्स्टयम
ू ें ट अंडरस्टैं डडंग कॉन्रेंस 2002) से सीििे की उपयक्स्ट
ु तता, मल्टी-डॉक्स्टयम
ू ें ट
टे क्स्टस्ट सुमरीकरि (MDTS) के ललए पयगवेक्षक्षत रफ सेट आधाररत तकिीकों का उपयोग करके ववचलेषि
ककया गया

हैं ।

सबसे पहले, एक रफ सेट आधाररत रैंककं ग माप, पयगवेक्षि MDTS द्वारा प्रालत पररिामों

के बाि के प्रसंस्करि के ललए प्रस्ताववत है ।

पररिाम रफ सेट आधाररत रैंककं ग उपाय का उपयोग ककए

बबिा गििा ककए गए पररिामों पर एक महत्वपूिग सुधार दििाते हैं।
सेट आधाररत सुपरवाइज्ड लनििंग अल्गोररथम

इसके अलावा, एक िेइबोहूगि

भी MDTS के ललए प्रस्ताववत ककया गया हैं

रफ

और ROUGE

स्कोर को और बहुत बेहतर पाया िाता है ।

(4) फीिर ियि के ललए रफ सेट्स का लोकवप्रय रूप से उपयोग ककया गया है । रफ सेट आधाररत
तकिीकों का उपयोग करके पाठ संक्षेपि के ललए महत्वपूिग वविेषताओं का ियि ककया िाता है । इसके
अलावा, रफ सेट आधाररत सुववधा ियि के ललए िो िए एल्गोररिम प्रस्ताववत हैं और एमडीटीएस के
प्रििगि पर उिके प्रभाव का ववचलेषि ककया गया है ।
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Chapter 1
Introduction
Text Summarization (Mani and Maybury, 1999) condenses a text document or a collection
of text documents that preserves the information content while reducing the size of the
input text.

The primary aim of Text Summarization is to provide a shorter and crisp

overview of document(s) given as input. Not only does it save user time to comprehend
the document(s), but also it enables a user to draw quick and useful conclusions.
Summarization systems have assumed significant importance because of preponderance
of text data available through the web, various repositories, data centres among others.
Processing and comprehension of such huge volume of text data is often computationally
infeasible. The above observation necessitates development of efficient schemes for Text
Summarization.
Summaries generated from a given input text can be classified into various categories
depending upon the nature of the input text, the technique employed, and also the purpose
of the summarization task. Some such basic classifications of summaries are:
i.

Extractive Summary vs. Abstractive Summary: Summaries generated can be
abstractive or extractive. When the output of the summarized text is verbatim
subset of the initial input text, the summarization is called the text extraction.
Extractive summaries of texts are created by selection of important sentences
based on heuristics or algorithms, and producing them as it is in the summary.
While abstractive summaries require sentence reformation and fusion
producing a totally new text.

1

ii.

Generic vs. Query-focused: A summary can be generic, giving an overall view
of text, or query specific summary, where summary is generated against
specific queries to serve specific needs of an individual.

iii.

Single-document vs. Multi-document: Multi-document summarization
condenses the most important pieces of information from a given set of
documents to produce a summary while single-document considers only one
text document for processing. Most existing approaches for the problem
employ various sentence selection criteria to obtain the relevant extract.

iv.

Indicative summary vs. Informative summary: An indicative summary
provides a higher degree compression, typically up to about 5-10%, of the
original text. While an informative summary provides a compressed version
of the input text keeping all essential information intact.

1.1 Rough Set
The theory of Rough Set (Pawlak, 1982) is developed around a knowledge based system,
also referred to as Information System, which is a pair (U, R) which is a pair of two nonempty sets U and R where U is a finite set of objects called the Universe and R is set of
attributes describing U. Every attribute a  R imposes an equivalence relation on the set
U. The indiscernibility relation is the intersection of all equivalence classes induced by
elements of R, the equivalence classes so obtained are denoted by U/R. Given a set of
objects, Z ⊆ 𝑈 and an attribute set 𝑅, Z is represented by a pair of sets, 𝑅𝑍, the upper
approximation and 𝑅𝑍, the lower approximation. The positive region of Z, denoted as
POSR(Z), consists of elements of Universe that can certainly be classified as elements of
Z using knowledge R and is also called the lower approximation. The boundary region,
denoted as BNR(X), is the set of elements that are not decidable with certainty to be
2

element of set X. The negative region, viz. NEGR(X), are the elements which cannot be
classified as elements of X using the given knowledge. The boundary region consists of
entities for which a clear decision cannot be made with certainty towards their belonginess
to negative or positive region. The region (POSR(X)∪ BNR(X)) is called the upper
approximation of X denoted as 𝑅𝑋 . A set is called a Rough Set when the boundary region
is non-empty and when 𝑅(X) = 𝑅 (X), then the set X is said to be R-definable.
Let Q be the decision attributes for a given Universe of objects U. The Universe U together
with R and Q will be referred as a decision system and is denoted as (U, R, Q). The
dependency degree between Q and R denoted by ϒR(Q), is proportional to the cardinality
i.e. the number of elements in the positive region of each concept of U/Q. The higher is
the dependency ratio, the better is the rate of classifying objects of U to different decision
classes of Q. A reduct R of a decision system (U, R, Q) is a subset P of R that is sufficient
for defining the concepts occurring in the knowledge R.

1.1.1 Motivation
In the domain of reasoning and decision making under uncertainty Rough Set theory
(Pawlak, 1982) has been established as a well-developed mathematical technique. Despite
its overwhelming use in other aspects of knowledge-based decision-making Rough Set
has not been pursued for the purpose of Text Summarization. Since its inception Rough
Set theory has been used in different areas including classification, feature selection, data
mining, knowledge acquisition, information retrieval, decision analysis etc. This made
Rough Set an interesting and worthy technique for developing an efficient scheme for
extraction-based Text Summarization by exploring its potential due to the following
observation with respect to natural languages. A typical characteristic of natural language
texts is their inherent vagueness and uncertainty. Hence the process of sentence selection
for extractive summarization can logically be considered as a process of decision making
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under uncertainty. As Rough Set theory is designed to take care of decision making under
uncertainty in data, we propose to use Rough Set for the task of Text Summarization.
Text Summarization had its inception in 1950s. Due to the lack of powerful computers
and difficulty in natural language processing (NLP), early work (Luhn, 1958, Edmundson,
1969) focused on the study of text genres using approaches such as word frequency,
sentence location and presence of title keyword. Although various techniques have been
developed for Text Summarization, no significant work has been reported on Rough Set
based on Text Summarization using standardized datasets.

1.1.2

Objectives of the Thesis

In this research our aim is to analyse the application of Rough Set based techniques for
Text Summarization. We study the limitations and possible improvements in application
of Rough Set based techniques to automatic extractive summarization of singledocuments and multiple documents. Further, we aim to develop Rough Set based
algorithms and evaluate their effectiveness in solving the problem of Text Summarization.

1.1.3 Organisation of the Thesis
This chapter-wise organization of the thesis is as follows.

Chapter 2: Related Work
This chapter gives a brief description of major extractive summarization approaches
presented in the literature till date. This chapter also presents the past work on Rough Sets
and evaluation measures viz. ROUGE (Lin, 2004) that we have used for evaluation of
system summaries.
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Chapter 3: Rough Set based Span and its Application to Text Summarization

s

Rough Set theory provides a mathematical tool to handle decision making under
uncertainty. One major domain that can be characterized with inherent ambiguity is
natural language texts which often leads to uncertainty in understanding the intent and
relative importance of a sentence with respect to its context in the whole text. As a
consequence, the process of sentence selection for generation of extractive summary can
logically be considered as a process of decision making under uncertainty. We propose a
novel Rough Set based uncertainty measure called span and define special Rough subsets
of Universe called spanning sets. Span measures salience of a subset of Universe and
spanning set is the subset that maximizes the span. Spanning set corresponds to the key
elements representing a problem.
Here, the aim is to perform the following task:
(i)

To study properties of the proposed uncertainty measure.

(ii)

To apply the proposed concepts for the task of extractive Text Summarization.

The evaluations are performed on DUC2001, DUC2002 (http://www-nlpir.nist.gov/projects/duc/) and Enron Email datasets (Loza et al, 2014) viz. Personal Email
dataset, Corporate Email Dataset. It follows from our experiments that the proposed
Rough Set-based Span is performing best among all the proposed models and
experimented models of Text Summarization. The comparison models considered are
Rough Set based baseline, Graph based summarization, LSA based summarization,
Random Indexing based summarization and PSO based summarization.
Chapter 4: Fuzzy Rough Set based Sentence Similarity and its Application for Text
Summarization
Fuzzy Rough Set (Komorowska et al, 1999, Jensen and Shen, 2007) are designed for
decision making with uncertainty and incompleteness. As mentioned earlier, text data
inherently possess uncertainty and incompleteness for data representation. We used Fuzzy
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Rough Set for the task of sentence similarity-based Text Summarization. Here, the aim is
to perform the following work:
(i) To evaluate effectiveness of Fuzzy Rough Set in computing similarity between two
sentences. Computing the similarity between the sentences is a challenging task
when the representation of sentences contains disjoint words. Firstly, we developed
several models based on Fuzzy Rough Set for computing the similarity of two
sentences. Secondly, we proposed a novel technique using GLOVE and Fuzzy
Rough Set to compute the similarity between sentences. Experiments on all the
proposed models were conducted on SICK2014 sentence similarity datasets.
Further, mean square error and co-relation between actual sentence similarity score
and computed score is computed and evaluated. The proposed technique using
GLOVE and Fuzzy Rough Set is performing the best.
(ii) To evaluate Fuzzy Rough Set based sentence similarity for single-document Text
Summarization. The aim behind computing Fuzzy Rough Set based sentence
similarity experiments is to firstly evaluate its effectiveness and secondly, to
measure its effect on similarity-based summarization models. All the Fuzzy Rough
Set similarity techniques as well as the novel proposed Fuzzy Rough Set and
GLOVE based techniques are here evaluated for their performance for Text
Summarization.
The evaluations are performed on DUC2001, DUC2002 (http://www-nlpir.nist.gov/projects/duc/) and Enron Email datasets (Loza et al, 2014) viz. Personal Email
dataset, Corporate Email Dataset. Here several Fuzzy Rough Set based models were
developed and the proposed method show considerable improvements over the
comparison models viz. Rough Set based baseline, Graph based summarization, LSA
based summarization, Random Indexing based summarization and PSO based
summarization.
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Chapter 5: Rough Set based Supervised Multi-Document Text Summarization
Multi-document Text Summarization (MDTS) summarizes a collection of text
documents. For MDTS the dimensionality of the problem, measured in terms of the size
of the word vectors, increases several times with the increase in the number of documents
added. Hence, we propose to use supervised learning techniques for efficient MDTS.
Supervised Rough Set based techniques have not been analysed and evaluated for MDTS.
Here, the aim is to perform the following work:
(i) To compare existing Rough Set based techniques to other supervised techniques
for MDTS; which have not been performed before.
(ii) To analyse and develop Rough Set based supervised techniques for MDTS.
(iii) A novel Rough Set based measure called Rank-Measure for ranking elements of
a decision class is performed. Further, Rank-Measure is applied to improve on the
existing supervised algorithms.
We are considering generic supervised summarization. Hence the datasets used are
DUC2002, DUC2003 and DUC2005 which are used for evaluations for generic MDTS.
Here the algorithms are trained on DUC2002 MDTS dataset. The testing is performed on
DUC2003 MDTS dataset and DUC2005 MDTS dataset. The Rough Set based algorithm
LERS and Fuzzy Rough Nearest Neighbour are considered for evaluations apart from the
proposed technique viz. Neighborhood Rough Set (NLER). The other supervised
techniques that are evaluated for performance are: Fuzzy Nearest Neighbour, K-Nearest
Neighbour, Neural Networks, Support Vector Machine, Naïve Bayes and Random Forest.
We have evaluated the proposed Neighborhood Rough Set based LEM algorithm with
several Neighborhood radius. We found that proposed Rough Set based techniques are
performing better than other supervised techniques evaluated. Further, the proposed
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membership viz. Rank-Measure is considerably enhancing ROUGE scores of all the
supervised techniques evaluated.
Chapter 6: Rough Set based Feature Selection and its Application to Text
Summarization
Selection of features (Chouchoulas, 2001) has assumed a very important role in today’s
data processing world. Handling a large volume of data, irrespective of the underlying
domain (E.g. spam mails, medical electronic records, fraud transactions, speaker
identification), and the content (e.g. gene data, text data, image data, audio-video data) is
always computationally challenging for both time and cost.
In this chapter we developed two Rough Set based techniques for feature selection and
subsequently evaluate their effectiveness for Text Summarization. The first technique
developed employ Best first search heuristic search with Rough Set based techniques. The
second technique propose novel Rough Set based feature selection techniques using
clustering algorithms.
The results in terms of ROUGE scores are validated on standard DUC2002 Multidocument datasets for MDTS. It was found that the proposed supervised MDTS results
were an improvement to the ROUGE score over firstly, the popular quick reduct algorithm
and secondly, without any kind of feature selection being performed.
Chapter 8: Conclusion and Future Work
This chapter concludes the thesis by highlighting the major contributions of this research
work with future research directions.
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Chapter 2
A Survey of Related Past Works
Several techniques have been proposed and developed for Single document Extractive
Text Summarization and Multi-document Text Summarization. We here discuss some of
the important and novel techniques developed and used over the last few decades. Text
Summarization had its inception in the 1950s. Because of the lack of powerful computers
and difficulties in natural language processing (NLP), early work (Luhn, 1958,
Edmundson, 1969) focused on the study of text genres using approaches such as word
frequency, sentence location and presence of title keyword. Some of the popular and
recent methods of Text Summarization are discussed below.

2.1 Text Summarization
[

2.1.1 Latent Semantic Analysis
The technique of Latent Semantic Analysis (LSA) have been used for Text Summarization
(Gong and Liu, 2001, Steinberger and Jezek, 2004, Yeh et al, 2005, Batcha, 2010). LSA
is a theory and method for mining the concepts from the text fragments by mathematical
computations. LSA does not require any kind of lexicon or knowledge bases. The only
input it takes is the text document(s) in a specified language. In this approach the term by
sentence matrix is decomposed using LSA. The sentences are subsequently extracted
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using various methodologies. These methods are popular for text data dimensionality
reduction and Text Summarization.
The first step in extracting concepts from text for summarization is to generate the wordby-sentence matrix, in which each row stands for a unique word and each column stands
for a sentence. The entry M(i, j) of matrix represent the weight ith word holds for the jth
sentence, typically represented by frequency with which the word appears in a sentence.
Let m be the number of words and n be the number of sentences in a document. The LSA
decomposition of M viz. M = U ∑ V T, where M is the input matrix of size m × n, U is an
m × r matrix representing the description of the original rows of the input matrix in the
form of vectors of extracted concepts, ∑ is an r × r diagonal matrix of square root of
positive eigenvalues values arranged in descending order, and V is an n × r matrix
representing the description of the original columns of input matrix as a vector of concepts
described in sentences. Typically, r is much smaller than n. Gong and Liu (2001) proposed
to select important sentences using VT matrix. The columns of VT matrix refer to the
sentences of the input matrix and the rows represent the concepts. From each concept, the
key sentences are extracted for summary.
However, the major shortcomings of the LSA based techniques include the fact that matrix
computations are computationally expensive and time consuming which pose a problem
to modern day scenario when a large volume of text is made available in electronic media,
and rapid processing of these documents is needed for summarization and information
extraction.

2.1.2 Non-Negative Factorization
Another mathematical technique for Text Summarization that has become popular
recently is based on non-negative matrix factorization (Lee et al, 2009). Non negative
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matrix factorization (NMF) is related to both unsupervised and supervised methodologies.
The NMF of a given m × n matrix A is given as follows:
A ~ WH
It decomposes a given m × n non-negative matrix A as a product of two matrices W and
H where W is m × r non-negative semantic feature matrix and H is r × n non-negative
semantic variable matrix. The authors used Frobenius norm in order to satisfy the
approximation condition A ~ WH. This is described as follows:
Let, 𝜃𝐸 (𝑊, 𝐻) = ||𝐴 − 𝑊𝐻|| 2
𝑛
𝑟
2
= ∑𝑚
𝑗 ∑𝑖 (𝐴 𝑗𝑖 − ∑𝑙 𝑊𝑗𝑙 𝐻𝑙𝑖 )

This is lower bounded by zero and vanishes when A = WH. W and H are continuously
updated till 𝜃𝐸 (𝑊, 𝐻) converges under some user specified threshold, or until it exceeds
the number of iterations. The relevance of a jth sentence is given by
𝑟

∑ 𝐻𝑖𝑗 . 𝑤𝑒𝑖𝑔ℎ𝑡( 𝐻𝑖∗ )
𝑖=1

Where,
𝑤𝑒𝑖𝑔ℎ𝑡( 𝐻𝑖∗ ) =

∑𝑛𝑞=1 𝐻𝑖𝑞
∑𝑟𝑝=1 ∑𝑛𝑞=1 𝐻 𝑝𝑞

The generic relevance of a sentence indicates to what extent a sentence reflects major
topics, represented through the semantic features.

2.1.3 Graph Based Models for Text Summarization
Graph based models cater for language independent summarization techniques typically
based on techniques of web page linking analysis. Primarily, graph-based techniques work
on ranking algorithm viz. Google’s PageRank algorithm (Brin and Page, 1999). Mihalcea
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(2004) proposed the application of Graph based techniques for the problem of Text
Summarization.
The PageRank algorithm is based on the concept that if a web page has important links
towards it then the links of that page to other pages are also important. The algorithm pays
emphasis on backlinks to calculate the rank of a web page which is given as follows.
𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑢) = 𝑐 ∑ 𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑣)/𝑁𝑣
𝑣∈𝐵(𝑢)

Here B(u) is the set of links pointing to u, 𝑁𝑣 is the number of outlinks of v and c is the
normalization factor. This was modified keeping in view that not all nodes follow the
direct links.
𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑢) = (1 − 𝑑) + 𝑑 ∑ 𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑣)/𝑁𝑣
𝑣∈𝐵(𝑢)

Here d is the damping factor which is the extent to which a node or a user in case of web
page linking analysis utilize the direct links. It was noted that outgoing links play a pivotal
role and hence weighted PageRank algorithm was proposed. The weighted PageRank is
given as follows:
𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑣𝑖 ) = (1 − 𝑑) + 𝑑

∑
𝑣𝑗𝜖𝐵(𝑣𝑖)

𝑤𝑗𝑖 𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘(𝑣𝑗 )
𝑁𝑣𝑗

Here, 𝑤𝑖𝑗 is the weight of the connection between the nodes i and j. These algorithms find
global information about each node 𝑣𝑖 of the graph by recursively computing pagerank by
considering all the nodes of the graph connected to 𝑣𝑖 . Graph based summarization
techniques (Mihalcea, 2004, Mihalcea and Tarau, 2005) have been used popularly in
several applications.
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Thakkar et al (2010) have used the shortest path algorithm starting from the first sentence
to the last sentence for sentence extraction. WordNet based similarity measures have been
used with Graph based summarization (Ferreira et al, 2013) for computing edge weight.

2.1.4 Random Indexing based Text Summarization
Random Indexing (RI) based Text Summarization has been first proposed by Chatterjee
and Mohan (2007). The difference between RI and traditional Vector Space models is
that in RI instead of conventional word representation one uses ternary vectors of fixed
size, predetermined by the users, to represent the terms present in the text data. Gustavsson
and Jönsson (2010) experimented on Random Indexing and PageRank (Brin and Page,
1999) based technique for summarizing government documents which produced best
results among other summarizers. Chatterjee and Sahoo (2015), in their modified RI
approach, have enhanced the above model using convolution.
Each term in the text document is assigned a d-dimensional index vector. An index vector
are sparse vectors and compromises of a small number of ±1s and large number of 0s.
The number of non-zero values are much smaller, ε in number, than the number of 0’s. ε
is determined by problem specific conditions. The left half of the vector have ε number of
‘+1’ and in the right half the vector have ε number of ‘−1’s. Both ‘−1’ and ‘+1’ are placed
randomly and it prevents the cancellation while creating the context vectors. The value
of d depends upon the number of 1’s and −1’s used along with the number of different
terms in the document. For example, if only one 1 and one −1 is used in the index vector,
then the minimum dimension required to represent a document with 𝑚 distinct words
would be 2√𝑚. The context of a term is computed by a p+p context window from the
sentence in which the term occurs, where p is an integer representing the window size.
The context vector is computed using the following formula, 𝐶(𝑤𝑖,𝑗 )=𝐶(𝑤𝑖,𝑗 ) +
∑p𝑘=−p,≠0 (𝑣𝑤 ∗ 𝐼(𝑤𝑖+𝑘,𝑗 ) the multiplying factor, 𝑣𝑤 is typically taken as 21−|𝑘|. Here,
𝐼(𝑤𝑖,𝑗 ) is the index vector of word 𝑤𝑖,𝑗 . The sentence vector is calculated using the
13

𝑚

𝑗
following: 𝑆(𝑠𝑗 ) = ∑𝑖=1
𝐶( 𝑤𝑖,𝑗 ). Here 𝑚𝑗 is the number of words in sentence 𝑠𝑗 .

Finally graph based summarization is applied on top of this model.

2.1.5 WordNet based Summarization
WordNet is a lexical database containing information of mostly all the words used in the
dictionary of a particular language. Lexical chain-based summarization use WordNet to
generate an extract. Lexical chain is collection of related terms of text based on semantic
relations present in the given text. The concept and application for lexical chains was
presented by Morris and Hirst in 1991, though they devised the algorithm but by that time
there was no computational model for Rogets Therausas (Roget, 1911). The drawback
with this method is that it does not consider all the senses of the words in document under
consideration. Barzilay and Elhadad (1999) improved on the drawback and proposed the
technique of lexical chains for Text Summarization. This algorithm for lexical chains
considered a word from text and finds a chain to which it belongs depending on the
relatedness of the term based on WordNet. Further, the strongest chains are chosen as the
central theme of the text. Heuristics for choosing sentences for their inclusion in
summarized text are: (i) Finding the representative of chain (words with highest frequency
in chain) and finding the sentences that contain first appearances of these words. (ii)
Finding the text units that have the highest concentrations of a strong chain. Silber and
McCoy (2000) proposed a linear time algorithm for the technique proposed by Barzilay
and Elhadad (1999), wherein it was proposed to select a word to be in a chain based on
the score of effect of removal of the word. The summary is computed in three steps.
Firstly, the text is segmented, then lexical chains are computed. Finally, chain which is
strongest is selected and key sentences are selected based on it.

14

Pal and Saha (2014) have presented an approach for summarization using wordnet in
which a simplified Lesk algorithm (Ekedahl and Golub, 2004) to calculate the weight of
the sentences has been presented. Following which the sentences are arranged in an
increasing ordered and the top sentences are selected.

2.1.6 Optimization Based Models for Text Summarization
Several popular summarization methods that have used optimization techniques for Text
Summarization and are discussed as follows:

2.1.6.1 Integer Linear Programming
Alguliev et al (2011) method for summarization constructs summaries by solving 0-1
integer programming problem, where either a sentence belongs to a summary or not. The
objective function is to maximize the importance of the selected sentences and minimize
their pairwise similarity. The linear constraints to the optimization problem are the prerequisite summary length. It can discover key sentences in the given document and cover
the main content of the original document and at the same time removing redundancy. In
the above work the optimization problem for a document D has been formulated as
follows:

𝑚𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝑓 = ∑[𝑠𝑖𝑚(𝐷, 𝑠𝑖) + 𝑠𝑖𝑚(𝐷, 𝑠𝑗) − 𝑠𝑖𝑚(𝑠𝑖, 𝑠𝑗)]𝑥𝑖𝑗
𝑖,𝑗

Subject to
∑𝑖,𝑗[𝑙𝑒𝑛(𝑠𝑖) + 𝑙𝑒𝑛(𝑠𝑗)]𝑥𝑖𝑗 ≤ 𝐿
xij ∈ {0,1}
Here xij is 1 if pair of sentences si and sj are selected in the summary, else it is 0. The
problem is solved using Branch and Bound algorithm.
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2.1.6.2 Archetypal Analysis
Archetypal Analysis is based on the concept that text can be partitioned into subsets called
Archytypes. The application of Archetypal Analysis to Text Summarization follows the
work of Cutler and Breiman (1994) who laid the foundation of Archetypal Analysis.
Canhasi, Ercan and Kononenko (2014) proposed the model for Text Summarization based
on archetypal analysis. It requires solving multiple convex programming problems to
determine the archetypes. The archetypal analysis problem can be explained as follows.

Consider a data matrix X with n observations and m variables. The Archetypal Analysis
for given constant p << n factorizes a given matrix X into matrices P of dimension n x p
and Q of dimension n x p. The archetypal analysis problem is to calculate matrices Q and
P such that to minimize the sum of squares:
|| X - PV T|| with, V = X T Q
Subject to:
∑𝑝𝑗=1 𝑃𝑖𝑗 = 1, 𝑃𝑖𝑗 ≥ 0,
∑𝑚
𝑖=1 𝑄𝑖𝑗 = 1, 𝑄𝑖𝑗 ≥ 0 .
The data matrix is a convex combination of archetypes and each archetype is a
combination of data points. Here norm used is the Euclidian norm. V is the archetype
matrix. The algorithm to solve this problem is through several convex least squares
problem until Residual Sum of Squares is reduced to considerable level. The first step is
to initialize Q which satisfies constraints and compute initial archetypes V. The following
problems are solved for best P and for best Q.
𝑚𝑖𝑛𝑃𝑖 = || 𝑋𝑖 − 𝑃𝑖 𝑉 ||2 , 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜,
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∑𝑝𝑗=1 𝑃𝑖𝑗 = 1, 𝑃𝑖𝑗 ≥ 0 ,
The archetypes V are recalculated by solving X= PV T, for V.
𝑚𝑖𝑛𝑄𝑗 = || 𝑉𝑗 − 𝑋𝑄𝑗 ||2 , 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜,
∑𝑚
𝑖=1 𝑄𝑖𝑗 = 1, 𝑄𝑖𝑗 ≥ 0 ,
This is followed by re-computation of V = X TQ. These steps are continued till required
precision or maximum number of iterations are reached. Canhasi and Kononenko (2014)
proposed to select most important sentences from each archetype.

2.1.6.3 Genetic Algorithms
Genetic Algorithms (GA) have been used for its application in the area of Text
Summarization by several authors such as (Yeh et al, 2005, Suanmali et al, 2011,
Chatterjee et al, 2012). The population for GA is a collection of chromosomes which have
genes with binary values of ones and zeros. Optimization is based on maximizing a
suitable fitness function. Yeh et al (2005) have used GA to compute the importance of
selected features for Text Summarization.

Chatterjee et al (2012) considered the

population as a collection of chromosomes which are collection of n bits having s 1’s and
rest 0’s, here n is number of sentences in text and s is the number of sentences to be part
of summary. The fitness function used by authors is a weighted mean of (i) topic relation
factor and (ii) cohesion factor. The crossover function used is one-point crossover
function. Further, mutation is done in a slightly different way in order to preserve the
number of sentences to be chosen in the summary. Mendoza et al (2014) performed
experiments with various parameters using GA for evaluating the appropriateness of
summary.
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2.1.7 Machine Learning Based Models for Text
Summarization
Different Machine Learning based approaches have been proposed for Text
Summarization over the last two decades or more. Some of the most novel ones are being
mentioned below.
Kupiec (1995) used Bayesian classifier to design a trainable summarizer. Recently Saran
et al (2008) experimented application of Naïve Bayesian classifier for Text
Summarization. This follows the following approach. Let s be a sentence and S the
collection of summary sentences. Let F1, F2,…,Fn be the k features each describing the
sentences in some sense. For a sentence s its probability of belonging to the summary S,
is computed as follows:
𝑃(𝑠 ∈ 𝑆 |𝐹1, 𝐹2, … . . 𝐹𝑛) =

Π 𝑃(𝐹𝑖 |𝑠 ∈ 𝑆)
. 𝑃(𝑠 ∈ 𝑆)
Π 𝑃(𝐹𝑖)

where P(Fj | s  S) is the probability that the jth feature Fj appears in a summary sentence,
P(s S) is the ratio of the number of summary sentences to the total number of sentences
in the original corpus, and P(Fi) is the probability that Fj appears in the training corpus.
These entities are computed from the training corpus. The features chosen here are the
following:
•

Position of sentence in paragraph,

•

Sentence length

•

Presence of cue word

•

Presence of uppercase word

•

Presence of title word.
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SVM based method for query focused summarization has been proposed in literature
(Chali et al, 2009). G-Flow (Christensen et al, 2013) aims at increasing the coherence in
summarized text at the same time choosing sentences with high salience. The key
sentences that cover important concepts are determined with SVM classifier that takes
surface level features. The authors considered a directed graph called coherence graph to
measure the coherence of the generated summary. The nodes of the graph are sentences
and edges represents the pairwise ordering of constraints necessary for coherent summary.
The coherence graph measures the coherence between the sentences in the document. It
consists of edge from sentence i to sentence j if sentence j can be placed right after
sentence i in a coherent summary. This is performed if sentence i and sentence j contains
same entities and the timestamp of sentence i is less than or equal to timestamp of
sentence j.

The aim is to maximize salience and coherence subject to length and

redundancy constraint.
More recently Neural Network and GA hybrid technique was proposed (Chatterjee et al,
2018). The features used in this research are as follows: (i) theme similarity, (ii) sentiment
factor, (iii) cohesion factor, (iv) readability factor, (v) aggregate similarity and (vi)
sentence position. The results proved an improvement over the baseline system where
only three of the above six features were used. Chatterjee and Bhardwaj (2010) have
proposed a hybrid technique using Neural Network and Random Indexing for Text
Summarization.
Several works (e.g. Suanmali et al, 2009, Kyoomarsi et al, 2010) may be found in literature
where Fuzzy logic has been used for Text Summarization. In these Fuzzy memberships
and rules were created using human experts. In (Suanmali et al, 2009), the input linguistic
variables for the fuzzy system are the features that affect the determination of important
sentences. The linguistic variables are: (i) word frequency, (ii) title words, (iii) sentence
length, (iv) term weight, (v) sentence position, (vi) sentence to sentence similarity, (vii)
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proper noun, (viii) thematic/cue word, (ix) numerical data. These features were extracted
and triangular membership function were used.

2.1.8 Centroid Method for Text Summarization
Centroid based method (Radev, 2004) for Multi-document Summarization is based on
clustering and selection of key sentences from the clusters. Cluster centre of a cluster is
defined as the vector of average of the tf-idf vectors of the documents in that cluster. A
cluster centroid indicates words that are statistically important to the cluster. The way the
cluster centroids are generated, these can be used to identify sentences central to the topic
of the entire cluster by using similarity functions. The first step of the algorithm is preprocessing which involve stop word removal, sentence segmentation, tokenization and
stemming. The pre-processed text documents are clustered. Further, centroid is computed
for each cluster. Finally, sentences are ranked and summary is generated. In the traditional
centroid method, the number of clusters are pre-specified. The sentence scores are
computed for all the sentences in each document for summary generation. The score of
the sentence is calculated using the following three features:
1) Centroid Value: The centroid value of a sentence is the sum of centroid values of
all the words in the sentence, which is given by,
𝐶𝑖 = ∑𝑤 𝐶𝑤,𝑖
2) Positional Value: The positional value is computed as follows:
𝑃𝑖 = ((𝑛 − 𝑖 + 1)/𝑛) ∗ 𝐶_𝑚𝑎𝑥
Here, ‘i’ indicates the ith sentences, n is the total no of sentences in the document
and C_max is the maximum centroid value amongst the sentences of that
document.
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3) First Sentence Overlap: The overlap value is computed as the inner product of
two sentence vector viz. the sentence 𝑖 and the first sentence.
The total score of the sentence is the weighted sum of these three features.

2.1.9 Other Techniques for Text Summarization
Maximum Marginal Relevance (MMR) by Carbonell and Goldstein (1998) is a popular
technique for query-focused Multi-document Text Summarization based on maximizing
the relevance to the query and minimizing the redundancy in summary with user defined
parameters.
In cluster-based summarization (Hatzivassiloglou, 2001) all the documents from various
sources are clustered and the sentences closest to the cluster centroid are chosen as
important for summary. Two heuristics used for sentence selection phase are firstly, the
clusters that are spread over multiple documents are considered important and secondly,
the sentences near to the start of the documents are preferred.
One of the recent approaches for Multi-document Text Summarization is hierarchical
summarization (Marujo et al, 2015).

In this method documents are summarized

individually in such a way that each of the summaries have the size of the final Multidocument summary. This is followed by the concatenation of all the resulting summaries,
which are in turn summarized again into the final output summary. In another approach
the authors Marujo et al (2015) rather than considering all summaries simultaneously,
takes one summary s1, concatenates it with another summary s2 and summarizing the
result to obtain a summary of documents s1 and s2, which is denoted as s1...2. Next, taking
s1...2 and performing the same operation with s3, and hence obtaining the summary s1...3.
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This is done until all the N documents are processed, and the final summary obtained is
s1...N.

2.2 Summary Evaluation
The results for the proposed models are evaluated using ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) score. ROUGE (Lin 2004), is a 𝑁−𝑔𝑟𝑎𝑚𝑠 word cooccurrence-based technique for automatic evaluation of summaries. Various ROUGE
based techniques (Lin 2004) have been developed to compute similarity of system
generated summary and a model summary provided by language experts. The popular
variants of ROUGE scores are given as follows:
a)

ROUGE-𝑵

It is 𝑁−𝑔𝑟𝑎𝑚𝑠 measure to compute the effectiveness of the system generated summary.
ROUGE-𝑁−𝑔𝑟𝑎𝑚𝑠
=

∑𝑆∈{𝑀𝑜𝑑𝑒𝑙 𝑆𝑢𝑚𝑚𝑎𝑟𝑖𝑒𝑠} ∑𝑁−𝑔𝑟𝑎𝑚 ∈𝑆 𝐶𝑜𝑢𝑛𝑡𝑐𝑜𝑚𝑚𝑜𝑛 (𝑁−𝑔𝑟𝑎𝑚𝑠 )
∑𝑆∈{𝑀𝑜𝑑𝑒𝑙 𝑆𝑢𝑚𝑚𝑎𝑟𝑖𝑒𝑠} ∑𝑁−𝑔𝑟𝑎𝑚 ∈𝑆 𝐶𝑜𝑢𝑛𝑡(𝑁−𝑔𝑟𝑎𝑚𝑠 )

where 𝑁 stands for the length of the 𝑁−𝑔𝑟𝑎𝑚𝑠 , 𝐶𝑜𝑢𝑛𝑡𝑐𝑜𝑚𝑚𝑜𝑛 (𝑁−𝑔𝑟𝑎𝑚𝑠 ) is the
maximum number of 𝑁−𝑔𝑟𝑎𝑚𝑠 co-occurring in a system summary and a model summary,
and 𝐶𝑜𝑢𝑛𝑡(𝑁−𝑔𝑟𝑎𝑚𝑠 ) is the number of N-grams in the model summary. The formula
presented above is a Recall measure owing to the presence of total sum of the number of
𝑁−𝑔𝑟𝑎𝑚𝑠 occurring at the model summary.

ROUGE-𝑁−𝑔𝑟𝑎𝑚𝑠 compares a system-generated summary with summaries provided by
multiple experts. The formula emphasizes on common 𝑁−𝑔𝑟𝑎𝑚𝑠 present in the provided
model summaries. Hence, a system-generated summary which contains more words
present in model summaries is preferred by this metric.
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b)

ROUGE-L

It is a summary evaluation metric which is based on the longest common subsequence of
words between sentences of the reference summaries and the system generated summary.
For illustration, consider the following example: S1: Cricketer threw the ball; S2: Cricketer
caught the ball; S3: Man threw the bat. The bigram ‘the ball is present in both S1 and S2.
S1 and S3 has bigram ‘threw the’ common with S1. If S1 is assumed to be the model
summary and S2 and S3 assumed to be the system summaries, then S2 and S3 would have
the same ROUGE-2 score even though their meanings are completely different. However,
ROUGE-L, will rank S2 higher than S3.
c)

ROUGE-W

ROUGE-W metric works similar to ROUGE-L metric but it assigns weights. Weights are
determined by the closeness of the words in the subsequence to the reference model
summary. We illustrate the working of ROUGE-W using the following example: S1: A
cricketer is one who does things for a country; S2: A cricketer in one who plays cricket;
S3: A thief is one who steals things.
If S1 was the reference summary and S2 and S3 were summaries generated by two methods.
Then, S2 and S3 would have the same ROUGE-L score. Though, S2 is better choice than S3
owing to the similarity between S2 than S1. Using ROUGE-W metric, S2 shall have higher
score than S3.
d)

ROUGE-S

ROUGE-S metric considers skip-bigrams common in the reference and system
summaries. Skip-bigrams consider the bigrams with maximum N number of words
between the two words of the bigram. For illustration, consider the sentence ‘Sky is blue’.
The ROUGE-S shall consider the following bigrams: ‘Sky is’, ‘Sky blue’ and ‘is blue’.
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Here N specifies the words to skip while computing the bigrams. ROUGE-S* does not
pose any limits on length of words to be skipped. To illustrate it consider the reference
sentence S1: ‘Sky is blue’ and summary sentences S2: ‘Grey is sky’ and S3: ‘Sky was blue’.
There are no skip bigrams in between sentences S1 and S2 while ‘Sky blue’ is a common
bigram between sentences S1 and S2.
e)

ROUGE-SU

ROUGE-SU metric use both the ROUGE-S and ROUGE-1 metrics. To illustrate it
consider the reference sentence S1: ‘Sky is blue’ and summary sentences S2: ‘Blue is sky’
and S3: ‘Ink is black’. There are no skip bigrams in these sentences. ROUGE-SU for
second sentence S2 will be higher than ROUGE-SU of third sentence S3 due to presence
of unigrams. ROUGE-SU* metric is similar to the ROUGE-SU but there is no limit on
number of words to be skipped.

2.3 Rough Set
Rough Set theory (Pawlak, 1982) is a well-developed mathematical methodology for
decision making under uncertainty. Since its inception Rough Set has been used in
different areas including classification, feature selection, data mining, knowledge
acquisition, decision analysis to mention a few. A knowledge representation system is a
pair (U, R) where U is a nonempty, finite set of objects called the Universe and R is
nonempty, finite set of attributes. Every attribute imposes an equivalence relation. The
indiscernibility relation is the intersection of all equivalence classes induced by elements
of P, where 𝑃 ⊆ 𝑅, the partition of U so obtained is denoted by U/P and individual
elements of the it is called a concept. In Rough Set theory the objects of the Universe are
partitioned into three classes: positive, negative and boundary region, as shown in Fig 2.1.
The positive region of Z, denoted as POSP(Z),consists of elements of Universe that can
certainly be classified as elements of Z. The boundary region is the set of elements that
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are not decidable with certainty to be element of set Z. The negative region, viz. NEGP(Z),
are the elements which cannot be classified as elements of Z using the given knowledge.
While the positive and negative regions clearly demarcate the entities belonging to a
specific class or lying outside it. The boundary region comprises of entities for which such
a clear decision cannot be made with certainty.

.

Fig 2.1. Positive, Negative and Boundary Regions

Let Q be the decision attributes for the given Universe of objects. The Universe U together
with P and Q will be referred as a decision system following Pawlak (1982) and denoted
as (U, P, Q). The dependency degree between Q and P denoted by ϒP(Q), denotes the
number of elements in positive region of each concept of U/Q. The higher is the
dependency ratio, the higher is the rate of classifying objects of U correctly to different
decision classes of Q. A reduct R of a decision system (U, P, Q) is the minimal subset B
of P that is enough to define all the concepts occurring in knowledge P.
Despite its overwhelming use in other aspects of knowledge-based decision making it has
not been pursued for the purpose of Text Summarization which has a long history of about
60 years. In our research, we propose to investigate the efficiency of Rough Set techniques
for extractive Text Summarization.
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2.5.1 Rough Sets Theory
As discussed above, a knowledge representation system is a pair (U, R) where U, the
Universe, is a nonempty, finite set of objects, and R is a nonempty, finite set of attributes.
Every attribute imposes an equivalence relation on U. For any set of attributes 𝑃 ⊆ 𝑅, the
indiscernibility relation is defined as:
𝐼𝑁𝐷(𝑃) = { (𝑥, 𝑦) ∈ 𝑈 × 𝑈 | 𝑎(𝑥) = 𝑎(𝑦), ∀ 𝑎 ∈ 𝑃 }
The equivalence classes of IND(P) are denoted by

𝑈
𝑃

. Each individual equivalence class

shall be referred to as a concept. Given a set of objects, X ⊆ 𝑈 and an attribute set 𝑃 ⊆
𝑅, X is represented by a pair of sets called lower approximation and upper approximation
denoted by 𝑃X and 𝑃X, respectively, as mentioned in Section 2.5. The objects of
Universe are partitioned into three classes: positive, negative and boundary region. The
positive region of X, denoted as POSP(X), consists of elements of Universe that can
certainly be classified as elements of X and is called the lower approximation. The
boundary region, denoted as BNP(X), is the set of elements that are not decidable with
certainty to be element of set X. The negative region, viz. NEGP(X), are the elements which
cannot be classified as elements of X using the given knowledge. The boundary region
consists of entities for which a clear decision cannot be made with certainty of belonging
to positive or negative region. The region (POSP(X) ∪ BNP(X)) is called the upper
approximation of X denoted as 𝑃𝑋 . A set is called a Rough Set when the boundary region
is non-empty otherwise the set is a crisp set and when 𝑃(X) = 𝑃 (X), then the set X is said
to be P-definable. Mathematically,
𝑈
:𝑌 ⊆ 𝑋 }
𝑃
𝑈
𝑃𝑋 = ∪ {𝑌 ∈ ∶ 𝑌 ∩ 𝑋 ≠ ∅}
𝑃
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𝑃𝑋

= ∪ {𝑌 ∈

𝐵𝑁𝑃 (𝑋 ) =

𝑃𝑋 − 𝑃𝑋

Let P and Q be equivalence relations over U. Positive region of Q is the set of all objects
of the Universe U which can be properly classified to classes of U/Q by employing the
knowledge expressed by classification U/P. It is denoted by POSP(Q). Mathematically,
POSP(Q) = ∪𝑋 ∈ 𝑈/𝑄 { PX }
Q is generally taken as the decision class for the given Universe of objects. The Universe
U together with P and Q is denoted as (U, P, Q) and will be referred as the decision system.
We say that the knowledge Q depends in degree k (0 ≤ k ≤ 1) from knowledge P, where
k is given by
k = ϒP(Q) =

|𝑃𝑂𝑆𝑃 (𝑄)|
|𝑈|

ϒP(Q) is called the dependency degree between Q and P. It is evident that higher the
dependency ratio, the higher is the rate of classifying objects of U to different decision
classes of Q. Let R be a family of equivalence relations and let a ∈ R, then a is dispensable
in R if:

IND(R) = IND (R – {a}) otherwise a is indispensable in R. The family R is

independent if each a ∈ R is indispensable in R, otherwise R is dependent. A reduct R of
a decision system (U, P, Q) is the subset B of P that is enough to define all the concepts
occurring in knowledge P, whereas core is the most important part. Mathematically,
reduct can be described as follows:
RED(P) = {B: B ⊆ P and ϒP (Q) =ϒB(Q) | B is independent},
CORE(P) = ∩𝑃 { RED(P) },
where RED(P) is the family of all reduct of P.
Memberships provide an equivalent characterization of a Rough Set. The membership of
an element x in U to set X is given by:

𝜇𝑋𝑅 (𝑥) =

|𝑋∩ [𝑥]𝑅 |
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|[𝑥]𝑅 |

The concepts are illustrated with the following examples.
Example 2.1: Let us assume a company wants to select 10 candidates for job and 50
people applied. Conditions for selection are:
1. Good in Java
2. Very good in Data Structures
3. Satisfactory interview
The values considered are symbolic and are imprecise. Let us assume that only 5
candidates satisfied all the three criteria. Hence, they are to be taken. 10 candidates do
not satisfy the criteria and hence are not to be chosen. Other 35 candidates satisfy some
of the criteria but not all. The last case creates ambiguity. As shown in Fig 2.1 the positive
region is all the candidates that satisfy the criterion. The negative region consists of those
candidates that do not satisfy the criterion. And boundary region is the set of candidates
that may possibly be chosen. The set of possible selection is not defined crisply, it is
defined with positive region, negative region and boundary region. Thus, it differs from
classical set. Such sets are Rough Sets.
Example 2.2: Consider the knowledge representation system in Table 2.1.
U
x1
x2
x3
x4
x5
x6

A1
Yes
Yes
Yes
No
No
No

A2
0
1
2
0
1
2

A3
Yes
No
Yes
No
Yes
No

Table 2.1: Knowledge Representation System for Example 2.2
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U/A1 ={{x1, x2, x3}, {x4, x5, x6}}
U/A2 = {{x1, x4}, {x2, x5}, {x3, x6}}
U/A3 ={{x1, x3, x5}, {x2, x4, x6}}
U/IND(R) = {{x1}, {x2}, {x3}, {x4}, {x5}, {x6}}
The classification defined by the set of these relations is the same as the classification
defined by the attributes “A1 and A2” or “A3 and A2”. Hence, the following are the
reducts:
Reduct 1 = { A1 , A2}
Reduct 2 = { A3 , A2}

2.5.2 Variants of Rough Set Theory
Various applications of Rough Set led to continuous growth of the subject. Several
researchers proposed different approaches of computing the lower and upper
approximations. Different definitions of lower and upper approximation lead to various
variants of Rough Sets. The following are the key variants of Rough Set Theory that are
discussed in literature.

2.5.2.1 Probabilistic Rough Approximation Space
Let U be Universe and R be an equivalence relation on U. Let P be a probabilistic measure
on U. For every subset X of U and given two parameters a, b where 0 ≤ 𝑏 < 𝑎 ≤ 1,
the lower and upper approximations are given as follows (Ge et al, 2017):
𝑅𝑋 = {𝑥 ∈ 𝑈| 𝑃𝑟( 𝑋| 𝑅(𝑥) ) ≥ 𝑎 }
𝑅𝑋 = { 𝑥 ∈ 𝑈 | 𝑃𝑟( 𝑋| 𝑅(𝑥) ) > 𝑏 }
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Here, 𝑃𝑟(𝐴|𝐵) is the conditional probability of A given B, and R(x) is the equivalence
class of x under R. It is to be noted if a = 1 and b = 0 the probabilistic approximations
defined above reduces to Pawlak’s approximations.

2.5.2.2 Neighborhood Rough Set Approximations
Neighborhood Rough Set theory (Yao, 1999), is based on indiscernibility relation created
based on a distance metric to estimate the similarity of two objects for a Neighborhood
radius. Consider the Information System (𝑈, R) where 𝑈 is the Universe under
consideration. Let 𝑃 ⊆ 𝑅 be a set of attributes. For an element x ∈ 𝑈 the 𝛿-Neighborhood
of x with respect to P is given as:
𝛿𝑃 (𝑥) = { 𝑦 | 𝑦 ∈ 𝑈, ∆𝑃 (𝑥, 𝑦) ≤ 𝛿 }
where, ∆𝑃 is the Minkowsky distance function given in (Hu et al, 2008) and is given as
follows:
𝑛

∆ 𝑥, 𝑦) = (∑| 𝑓(𝑥, 𝑎𝑖) − 𝑓(𝑦, 𝑎𝑖)| 𝑃 )1/𝑃
𝑃(

𝑖=1

Neighborhood Rough set based lower and upper approximations are defined as (Hu et al,
2008):
𝑃𝑋 = { x ∈ 𝑈 ∶ 𝛿𝑃 (𝑥) ⊆ 𝑋}
𝑃𝑋 = { x ∈ 𝑈 ∶ 𝛿𝑃 (𝑥) ∩ 𝑋 ≠ ∅}
The other definitions such as boundary region and negative region can be defined as before
using these new definitions of lower and upper approximations.

2.5.2.3 Neighborhood System based Approximation Space
Neighborhood System (NS) based Rough Set theory (Zheng and Zhu, 2015) is an extension
of classical Rough Set theory. Let ℛ be a family of binary relations. For any x in U and
𝑅 ∈ ℛ, a Neighborhood of x is defined as:
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𝑁𝑅 (𝑥) = { 𝑦 ∈ 𝑈: (𝑥, 𝑦) ∈ 𝑅 }
The collection of all the Neighborhoods of x is called a Neighborhood System of x,
denoted by NS(x), mathematically given as follows:
𝑁 𝑆(𝑥) = {𝑁𝑅 (𝑥): 𝑅 ∈ ℛ }
The lower and upper approximation of a set X on NS-space is defined as:
𝑃𝑋 = {𝑥 ∈ 𝑈 | ∃ N(𝑥) ∈ 𝑁𝑆(𝑥),

N(𝑥) ≠ φ Λ 𝑁(𝑥) ⊆ 𝑋}

𝑃𝑋 = {𝑥 ∈ 𝑈 | ∀ N(𝑥) ∈ 𝑁𝑆(𝑥), 𝑁(𝑥) ∩ 𝑋 ≠ φ}
Further, (Zheng and Zhu, 2015) have proposed various uncertainty measures of NS based
Rough Sets.

2.5.2.4 Covering based Rough Sets Approximations
Zakowski (1983) proposed Covering based Rough Sets wherein covers have been used in
place of traditionally used equivalence classes. Let 𝒞 be a family of nonempty subsets of
𝑈, each called candidate cover and ∪{C: C ∈ 𝒞} = 𝑈, then 𝒞 is called a covering of 𝑈
and (𝑈, 𝒞) is called a covering approximation space. For 𝑥 ∈ 𝑈 the minimal description
of 𝑥 is the minimal sized candidate cover is referred as 𝑀𝑑(𝑥). Mathematically,
𝑀𝑑(𝑥) = {𝐾: 𝐾 ∈ 𝐶𝑥 𝑎𝑛𝑑 (∀ 𝑆 ∈ 𝐶𝑥 ( 𝑆 ⊆ 𝐾 ⇒ 𝑆 = 𝐾)) },
where 𝐶𝑥 = { 𝐾 ∈ 𝐶 : 𝑥 ∈ 𝐾 }
The operations of lower and upper approximations for covering Rough Set is defined as
follows (Zhu and Wang, 2007):
𝐿(𝑋) = ∪ {𝐾 ∈ 𝐶 : 𝐾 ⊆ 𝑋 }
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𝑈(𝑋) = 𝐿(𝑋) ∪ (∪ { 𝑀𝑑(𝑥): 𝑥 ∈ 𝑋 − 𝐿(𝑋)})
L is the covering lower approximation and 𝑈 is the first type of covering upper
approximation. (Ge et al, 2017) proposed the definitions of rough membership functions
on four types of covering-based rough sets.

2.5.2.5 Fuzzy Rough Set
Let us consider a non-empty Universe U and let R be fuzzy binary relation on U, i.e. R
satisfies:
1) Reflexivity: R(x,x) = 1
2) Symmetry: R(x,y) = R(y,x) and
3) Transivity: R(x,y) ≥ minz {R(x,z), R(z,y)}
The fuzzy equivalence class [x]R associated with x and R is a Fuzzy Set on U, where
[x]R (y) = R(x,y) for all y in U. Let F(U) be the fuzzy power set of U. Given a Fuzzy Set
F in F(U) the two Fuzzy Sets viz. lower and upper approximations are defined as:
𝑅𝐹(𝑥) = min{ max { 1 − 𝑅(𝑥, 𝑦), 𝐹(𝑦)}, y ∈ U}
𝑅𝐹(𝑥) = max { min{𝑅(𝑥, 𝑦), 𝐹(𝑦)}, y ∈ U}

2.5.2.6 Variable Precision Rough Set Model
The Variable Precision Rough Set model (VPRS) was developed by Ziarko (1993) to
handle uncertain and noisy information. With noise in data the lower and upper
approximation cannot be formed properly and hence VPRS model was proposed for
handling uncertain and noisy information.
Let two sets X and Y be non-empty subsets of Universe U. The relative degree of
misclassification of the set X with respect to set Y is defined as:
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𝐶(𝑋, 𝑌) = {

1−

|𝑋 ∩ 𝑌|
|𝑋|

, 𝑖𝑓 |𝑋| > 0,

0, otherwise
The actual number of misclassified elements is given by the product C(𝑋, Y) ∗
𝐶𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦(𝑋) which is referred to as an absolute classification error. Based on the
relative degree of misclassification Ziarko (1993) generalized the lower and upper
approximations of original Rough Set model with threshold 𝛽.
For X ⊆ U and parameter 𝛽 such that 0 ≤ 𝛽 ≤ 0.5, the 𝛽-lower and 𝛽-upper
approximations of X with respect to R are defined as follows:
𝑅𝛽 𝑋 = ∪ {𝐸 ∈ 𝑈/𝑅| 𝐶(𝐸, 𝑋) ≤ 𝛽 }
𝑅𝛽 𝑋 = ∪ {𝐸 ∈ 𝑈/𝑅| 𝐶(𝐸, 𝑋) < 1 − 𝛽 }
The generalized model allows for a controlled degree of misclassification in its formalism
leading to more general notions of set approximations.

2.5.3 Applications of Rough Sets
Rough Sets have been widely used since its inception in 1982. The following are some of
the existing applications of Rough Sets.
Over last several decades Rough Sets have been popularly used for feature selection.
Chouchoulas (2001) proposed Quick Reduct for Rough Set based feature selection which
has been used efficiently in many applications. Khan-Revett (2004) have worked on
PIMA dataset. Wang et al (2006) have used discernibility matrix for reduction of
attributes. Zhao and Tusang (2008) have experimented on various UCI datasets viz. tae,
glass, wine, Bupa datasets having 5, 10, 13, 6 features, respectively. Concern in feature
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selection is handling of large sized datasets. Jenson and Shen (2007) have proposed Fuzzy
Rough Set based approach for feature selection. Wang et al (2007) worked on RoughPSO based feature selection. Here the authors applied Particle Swarm Optimization
(Eberhart and Kennedy, 1995) based feature selection using Rough Set. Other works on
Reduct computations include Foitong (2008). Rough Set and GA (Liu et al, 2009) based
approach for attribute selection have been proposed wherein GA was utilized for feature
selection with Rough Set based dependency degree. Maji (2014) proposed Rough
hypercuboid based method for feature selection. Their work focuses on several benchmark
datasets of UCI and Kent Ridge Bio-Medical Data Set Repository. For each feature three
parameters have been used viz. dependency, relevance and significance for selecting the
best features. Inbarani et al (2014) developed a model for medical diagnosis using Rough
Sets where the authors propose PSO based Reducts for feature selection of medical data.
The feature selection step on medical data is of key importance since medical data
typically have a lesser number of examples in comparison to the number of features. The
experimental result presented by them establishes the significance of Rough Set based
feature selection.
Rough Sets have been used for classification problems. Akbar (2003) performed
classification on marketing data using Rough Sets. They generated Rough Set based rules
for data with 208 objects and 5 features. Out of which 15 were used for training and 193
for testing. The technique proposed by them produces an accuracy of 60%. Hassanien
and Ali (2004) proposed classification algorithm for breast cancer using Rough Sets where
360 samples were used in training data. All the Reducts were computed and henceforth
rules were generated from them. The methodology was found to be better than existing
classification techniques and the authors concluded that Rough Set is a useful tool for
building an expert system.
Gupta and Chatterjee (2013) classified human traits using Rough Sets using the Rough
Set based algorithm LERS. According to the authors, such personality-based
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identification can be obtained from self-written articles, messages etc. Not much work has
been performed in this area and the authors obtained motivating results. Mai et al (2010)
performed soil evaluation and analysis with Rough Sets. The dataset consisted of 1400
samples for soil evaluation. Training sample space was reduced using clustering which
reduced the complexity of the problem. Rough Set was used to reduce the dimensionality
of the problem which produced simpler decision trees for inferencing the soil dataset.
Khan and Revett (2004) analysed PIMA India diabetes dataset using Rough Set based
rules. They used Genetic Algorithm based Rough Set theory to produce lesser number of
rules with high prediction accuracy than traditional methods in practice.

Several

techniques for economic and financial predictions using Rough Set theory were proposed
by Tay and Shen (2001).
Lingras (2001) considered Rough Set genomes for classification. A Rough Set genome
consists of n genes, one gene per object. The gene for an object is a string of bits that
describes to which lower and upper approximations an object belongs. The ith bit in
lower/upper string tells whether the object is in the lower/upper approximation of Xi.
Based on these representations of objects of Universe various error are computed. A
weighted sum of these errors is computed and is taken as fitness function of the GA.
Lingras (2012) proposed to use Rough Sets to the problem of clustering. RoughClustering approach has been derived from the classical K-means clustering algorithm. In
K-Means the objective is to assign n objects to K clusters. Each of the clusters is
represented by an m-dimensional vector, which is the mean vector for that cluster. The
objects are assigned to one of the K clusters based on the minimum value of the distance
d(v, x) between the object vector v = (v1,...,vj ,...,vm) and the cluster vector x = (x1,...,xj
,...,xm). The object is assigned to the cluster with minimum distance. The new cluster
centres (also called centroids) are computed by averaging the feature values of the objects
assigned to each cluster. In Rough K-Means the computation of centroids is performed
using the lower and upper approximations.
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Recently, Hu et al (2011) proposed a Rough Set Based Classifier based on the concept
that a wrongly classified sample can affect the classification of other samples. They
introduced the concept of soft margin wherein they overlooked the erroneous points in
computing the approximations.
Text categorization is another area where Rough Sets have been used. Chouchoulas (2001)
proposed Rough Set aided text categorisation which was evaluated on email datasets.
They proposed Rough Set based techniques dimensionality reduction. This was enhanced
by Jenson and Shen (2004) who proposed Fuzzy Rough Set based term extraction for web
categorization. The motivation for the authors was information overload of textual data is
present on web. The authors have proposed technique for Fuzzy Rough Set based
reduction in information which they proved to be superior than traditional Rough Set
based techniques.
Rough Sets have also been used for text filtering by Li (2004) where the authors have
performed text filtering prior to feature selection by Rough Set based techniques. This is
followed by performance testing of the algorithm using Naïve Bayes classifier.
Bai and Wang (2006) proposed Rough Set and Neural Network based hybrid model called
Rough-ANN. In this model the vector space representation of documents is processed for
feature selection using Rough Set algorithm. The selected features are fed into a Neural
Network and efficiency is measured against the traditional approaches. Chen and Liu
(2008) proposed Rough Set and SVM based method for text categorization. They used
Rough Set based feature selection followed by application of SVM classifier on the
reduced dataset. The resulting algorithm produced improvement in results.

36

Chapter 3
Rough Sets based Span and its Application to
Extractive Text Summarization
There has been substantial work on Rough Sets in different applications. However, only
very few of them considered stochastic Rough-subset (of the Universe U) and examined
its suitability as a representative of the Universe. This area of research is still largely
unexplored in Rough Set based decision making. In this chapter we propose and use
Rough Set based techniques solve this problem. To begin with this chapter proposes a
novel Rough Set based uncertainty measure called span, and define special Rough subsets
of Universe called spanning sets. Span is a Rough Set based measure for salience of a
subset of Universe, while a spanning set is the subset of U that maximizes the span. A
spanning set corresponds to the key elements representing a problem, and therefore can
be used to solve various real-life applications. Subsequently, the above concepts are
applied to determine extracts of text documents. The idea behind the present work is to
determine the most suitable subset(s) of the Universe of sentences in the text document(s)
under consideration. An optimization problem is formulated to generate the extract for the
text under consideration using the proposed uncertainty measure of span.

3.1 Introduction
The motivation behind the work is to propose a novel Rough Set based uncertainty
measure called span to evaluate the importance of a subset of a given Universe. The span
of a subset is the weighted average of the proportion of certainly covered concepts, as
given by the lower approximation, and proportion of possibly covered concepts, as given
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by the boundary region of the subset. The subset of the Universe that maximizes the
proposed measure of the span shall be referred to as spanning set. A spanning set is an
equivalent representation of the Universe satisfying certain user-specific criteria, and will
have cardinality smaller than the Universe. Several Rough Set based uncertainty
measures, such as membership value, accuracy and roughness have been studied in
literature (Yao, 1999, Zhu, 2007, Zheng & Zhu, 2015, Ge et al, 2017) although none of
them deals with the spanning capabilities of a subset of Universe. The aim of this chapter
is to apply the proposed concepts to solve the problem of Extractive Text Summarization.
Rough Set based Text Summarization was proposed in literature by Yadav & Chatterjee
(2014). The overall scheme proposed therein consists of two major steps. Firstly,
determining the key sentences using heuristic function and secondly, selection of
sentences using Rough Sets based lower approximation and memberships. We consider
this as our baseline system for comparing results. In our experiments with the baseline
system we observed the following. Firstly, selecting the candidate set of sentences based
entirely on heuristics is not adequate for the task. Secondly, selection from this set based
on approximations and membership alone is not suffice for an efficient summarization.
We, in this chapter have worked on these drawbacks and improved upon them in the
following way. Typically, for extractive summarization of an input text an upper bound is
imposed on the size of the target summary in terms of number of words, or number of
sentences included in the summary. Hence the task of extractive summarization may be
viewed as a problem of generating a subset of the Universe of sentences which is the best
representation of the Universe with a reduced cardinality and without losing on essential
information.
The above problem can be viewed as an application of the proposed uncertainty measure
i.e. span. The subsets are generated in a dynamic manner and corresponding spanning sets
are computed. We have defined the concept of complete span to address the drawback
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which arises due to sparse indiscernibility relation. The complete span measures the
cumulative effect of each attribute of the Information System to produce a spanning set.
A spanning set of a collection of sentences under certain constraints represents a set of
distinct sentences having maximum information. The extract is computed using spanning
set and document similarity. The optimization problem of finding spanning set is solved
using Particle Swarm Optimization. Although applied to the domain of extractive Text
Summarization, the novelty of the proposed uncertainty measure is that it can be used to
solve various real-life applications as well.

3.2 Span and Spanning Sets
Let (𝑈, 𝑅) be an Information System and 𝑋 be a subset of 𝑈. To compute the degree of
possibly included and certainly included concepts by a set 𝑋  𝑈 we propose the notion
of span. Formally, we define the span for a subset 𝑋 of 𝑈 as follows.
Definition 1. Let 𝑈 be a non-empty Universe of objects and 𝑅 be set of attributes
describing 𝑈. Let 𝑃 be a subset of 𝑅. The span of a subset 𝑋 of 𝑈 w.r.t. 𝑃 is defined as:
δ𝑃,𝑋 = (𝑤1 ∗

|𝑃𝑋 |
|𝑈|

+ 𝑤2 ∗

|𝐵𝑁𝑃 (𝑋)|
|𝑈|

), where 𝑤1, 𝑤2 ϵ [0,1], 𝑤1+𝑤2 =1.

Thus, span is defined as the convex combination of degree of certainly covered concepts
and possibly covered concepts by the set 𝑋. Convex combination is computed for a tradeoff between lower approximation and boundary region. The relative importance of
certainly-contained and possibly-contained concepts are determined by the weights where
the weights are application specific entities.
Given an Information System (𝑈, 𝑅) we define spanning set of as follows.
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Definition 2. Let (𝑈, 𝑅) be an Information System and let 𝑃 ⊆ 𝑅. A subset 𝑍 of 𝑈 is
called a spanning set of (𝑈, 𝑅) if 𝑍 maximizes the span.
Definition 3. A spanning set 𝑍 is called a minimal spanning set of (𝑈, 𝑅) if 𝑍 is of
minimum cardinality.
We now discuss some properties of span and spanning set.
Lemma 1. Let 𝑋 ⊆ 𝑈 be a subset of the Universe. Further, let 𝑄 ⊆ 𝑃 ⊆ 𝑅. Then, the
following holds (Pawlak, 1982):
(i) 𝑃𝑋 ⊇ 𝑄𝑋
(ii) 𝐵𝑁𝑃 (𝑋) ⊆ 𝐵𝑁𝑄 (𝑋).
Proof. The proof follows from the fact that

𝑈
𝑃

is finer than

𝑈
𝑄

when 𝑄 ⊆ 𝑃. Hence, the

lower approximation of X w.r.t attribute subset P is larger than the lower approximation
of X w.r.t. Q attribute subset. Since

𝑈

𝑈

is finer than 𝑄 the boundary region of X w.r.t. P is
𝑃

smaller than the boundary region of X w.r.t. Q.
Proposition 1 below states that the span of a subset of attributes is larger than the span
with respect to the attribute set R subject to some constraints.
Proposition 1. Suppose (𝑈, 𝑅) is an Information System. Let 𝑋 ⊆ 𝑈 and 𝑃, 𝑄 ⊆ 𝑅, such
that Q ⊆ P ⊆ R, and |𝑃𝑋| = |𝑄𝑋 |, then δ𝑃,𝑋 ≤ δ𝑄,𝑋 .
Proof. We have, δ𝑃,𝑋 = (𝑤1

δ𝑄,𝑋 = (𝑤1

|𝑃𝑋 |
|𝑈|

+ 𝑤2

|𝑄𝑋 |
|𝑈|

|𝐵𝑁𝑃 (𝑋)|
|𝑈|

+ 𝑤2

)

|𝐵𝑁𝑄 (𝑋)|
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|𝑈|

),

Then since Q ⊆ P ⊆ A, 𝑃𝑋 ⊆ 𝑄𝑋. Also, it is given that |𝑃𝑍| = |𝑄𝑍 |,
Hence, |δ𝑃,𝑋 | = | 𝑤1

|𝑃𝑋 |

|𝐵𝑁𝑃 (𝑋) |

|𝑈|

|𝑈|

+ 𝑤2

| ≤ |𝑤1

|𝑄𝑋 |
|𝑈|

+ 𝑤2

|𝐵𝑁𝑄 (𝑋) |
|𝑈|

|

Hence, δ𝑃,𝑋 ≤ δ𝑄,𝑋 .
It is evident from these results that a smaller attribute subset always leads to a higher span,
subject to satisfying the constraints given in Propositions 1 and 2. The above knowledge
helps us to identify suitable attributes for computing a spanning set. This motivated us to
define the complete span as follows.
Definition 5. The complete span of a subset 𝑋 of 𝑈 based on the given attribute set is
given by:

1

δ𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒
= |𝑅| ∑𝑎𝑖 ∈𝑅 𝛿𝑎𝑖 ,𝑋
𝑅,𝑋

The corresponding spanning sets obtained using complete span shall be referred to as
complete spanning set. The complete spanning set of least cardinalities is called minimal
complete spanning set.
Proposition 2 given below follows from the definition of span (See Definition 1).
Proposition 2. The following properties hold for any Rough Set based span: `
(i) If 𝑋 = 𝑈, and 𝑤1 = 1 then span is maximum and its value is 1.
(ii) If 𝑋 = 𝑈, and 𝑤1 = 0 then span is minimum and its value is 0.
(iii) If 𝑤1 = 𝑤2 = 0.5, then span is equal to |𝑃 𝑋|/(2* |U|) for any subset 𝑍 of 𝑈.

(iv) If 𝐵𝑁𝑃 (𝑋) = 𝑈, then span is 1 if 𝑤1 = 0 and span is 0 if 𝑤2 = 0.
(v) If X = ∅ , then span is 0 irrespective of values of 𝑤1 and 𝑤2 .
The proofs of (i) to (v) follow from the definitions.
Proposition 3 proves relation that exists between two different spans for a set X.
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Proposition 3. Let 𝑤1, 𝑤2 be such that 𝑤1 + 𝑤2 = 1 and 𝑤1 ≤ 𝑤2 . Let another set of
weights be 𝑢1 and 𝑢2 , such that 𝑢1 + 𝑢2 = 1, and 𝑢1 ≤ 𝑢2 . Let the two span’s
corresponding to the two set of weights be δ′𝑃,𝑋 = (𝑢1
(𝑤1

|𝑃𝑋 |
|𝑈|

+ 𝑤2

|𝐵𝑁𝑃 (𝑋) |
|𝑈|

|𝑃𝑋 |
|𝑈|

+ 𝑢2

|𝐵𝑁𝑃 (𝑋)|
|𝑈|

) and δ𝑃,𝑋 =

) . If |𝑃𝑋| ≤ |𝐵𝑁𝑃 (𝑋)|, then,

(i) δ′𝑃,𝑋 ≤ δ𝑃,𝑋 if 𝑢1 > 𝑤1
(ii) δ′𝑃,𝑋 ≥ δ𝑃,𝑋 if 𝑢1 < 𝑤1
Also, when |𝐵𝑁𝑃 (𝑋) | ≤ |𝑃𝑋| the inequalities reverse. Further, equality holds for |𝑃𝑋|
= |𝐵𝑁𝑃 (𝑋) |.
Proof. Consider the case when 𝑢1 > 𝑤1
𝑢1 - 𝑤1 = (1- 𝑢2 ) – (1-𝑤2 ) = (𝑤2 – 𝑢2 ) > 0
Given, |𝑃𝑋| ≤ |𝐵𝑁𝑃 (𝑋) |
 ( 𝑢1 − 𝑤1 )|𝑃𝑋| ≤ ( 𝑢1 − 𝑤1 )|𝐵𝑁𝑃 (𝑋)|
 ( 𝑢1 − 𝑤1 )|𝑃𝑋| ≤ (𝑤2 − 𝑢2 )|𝐵𝑁𝑃 (𝑋)|
 ( 𝑢1

|𝑃𝑋 |
|𝑈|

+ 𝑢2

|𝐵𝑁𝑃 (𝑋) |
|𝑈|

) ≤ ( 𝑤1

|𝑃𝑋 |
|𝑈|

+ 𝑤2

|𝐵𝑁𝑃 (𝑋) |
|𝑈|

)

 δ′𝑃,𝑋 ≤ δ𝑃,𝑋 .
The other inequalities follow similar explanations.
Proposition 4 given below provides relation between upper approximations of a spanning
set and any other set.
Proposition 4. Let Z be a spanning set and X is any subset of U, then the following holds:
(i) If 𝑤2 ≤ 𝑤1, then |𝑃𝑋 | ≤ |𝑃𝑍 | provided |𝑃𝑍 | ≤ |𝑃𝑋 |
(ii) If 𝑤1 ≤ 𝑤2 then |𝑃𝑋 | ≤ |𝑃𝑍 | provided |𝑃𝑋 | ≤ |𝑃𝑍 |
Proof. Let Z be a spanning set so Z maximizes the span i.e.
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𝑤1

|𝑃𝑋 |

|𝑃𝑋 |−|𝑃𝑋|

|𝑈|

|𝑈|

+ 𝑤2

 (𝑤1- 𝑤2 )
 𝑤2

|𝑃𝑋 |

|𝑃𝑋 |

≤ 𝑤1

|𝑈|

≤ (𝑤1- 𝑤2 ) (

|𝑈|

|𝑈|

|𝑃𝑋 |

+ 𝑤2

|𝑈|

|𝑃𝑍 |

|𝑃𝑍 |−|𝑃𝑍|
|𝑈|

≤ (𝑤1- 𝑤2 )

|𝑃𝑍 |
|𝑈|

+ 𝑤2

−

|𝑃𝑋 |
|𝑈|

|𝑃𝑍 |
|𝑈|

) + 𝑤2

+ 𝑤2

|𝑃𝑍 |
|𝑈|

|𝑃𝑍 |
|𝑈|

If 𝑤2 ≤ 𝑤1
 𝑤2
 𝑤2

|𝑃𝑋 |
|𝑈|
|𝑃𝑋 |
|𝑈|

≤ 𝑤2
≤ 𝑤2

|𝑃𝑍 |

+ (𝑤1- 𝑤2 ) (

|𝑈|
|𝑃𝑍 |
|𝑈|

, provided

|𝑃𝑍 |
|𝑈|

−

|𝑃𝑋 |
|𝑈|

)

|𝑃𝑍 | ≤ |𝑃𝑋 |

 |𝑃𝑋 | ≤ |𝑃𝑍 |
Similarly, the other inequality follows.
Proposition 5. The boundary region of a spanning set Z is largest provided |𝑃𝑍 | ≤
|𝑃𝑋 |for any other subset X.

Proof. Let Z be the spanning set and X be any other subset of 𝑈. Then,
δ𝑃,𝑋 = (𝑤1
δ𝑃,𝑍 =(𝑤1

|𝑃𝑋 |
|𝑈|

|𝑃𝑍 |
|𝑈|

+ 𝑤2

+ 𝑤2

|𝐵𝑁𝑃 (𝑋)|
|𝑈|

|𝐵𝑁𝑃 (𝑍)|
|𝑈|

),

)

By definition,
(𝑤1

|𝐵𝑁𝑃 (𝑋)|
|𝐵𝑁𝑃 (𝑍)|
|𝑃𝑋 |
|𝑃𝑍 |
+ 𝑤2
) ≤ (𝑤1
+ 𝑤2
)
|𝑈|
|𝑈|
|𝑈|
|𝑈|

or
𝑤1 (

|𝑃𝑋 | |𝑃𝑍 |
−
)≤
|𝑈|
|𝑈|

𝑤2 (

Given that |𝑃𝑍 | ≤ |𝑃𝑋 |,
Hence, it follows that

|𝐵𝑁𝑃 (𝑍)|
|𝑈|

≥

|𝐵𝑁𝑃 (𝑋)|
|𝑈|

.
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|𝐵𝑁𝑃 (𝑍)|
|𝐵𝑁𝑃 (𝑋)|
−
)
|𝑈|
|𝑈|

Proposition 6. Given an Information System (𝑈, 𝑅). Let 𝑋 ⊆ 𝑈, P ⊆ R and Z be a
spanning set satisfying |𝑃𝑍 | ≤ |𝑃𝑋 | and 𝑤2 ≤ 𝑤1 . Then the following holds:
(i) The accuracy given by 𝛼𝑃 (𝑋) =

|𝑃𝑋|

, satisfies 𝛼𝑃 (𝑍) ≤ 𝛼𝑃 (𝑋)

|𝑃𝑋|

(ii) The roughness given by 𝜌𝑃 (𝑋) = 1 − 𝛼𝑃 (𝑋), satisfies 𝜌𝑃 (𝑋) ≤ 𝜌𝑃 (𝑍).
Proof. Let Z be a span and X be a subset of U. Since 𝑤2 ≤ 𝑤1, by Proposition 5 the
following holds:
|𝑃𝑋 | ≤ |𝑃𝑍 |, provided |𝑃𝑍 | ≤ |𝑃𝑋 |


|𝑃𝑍|
|𝑃𝑍|

≤

|𝑃𝑋|

, hence 𝛼𝑃 (𝑍) ≤ 𝛼𝑃 (𝑋),

|𝑃𝑋|

 𝜌𝑃 (𝑋) ≤ 𝜌𝑃 (𝑍)
In Proposition 5 it is proved that boundary region of spanning set is largest given the
condition on lower approximation cardinality. In Proposition 6 it is proved that roughness
of a spanning set of given dimensions is highest provided it satisfy some criterion and the
accuracy of the decision system formed with the spanning set is least. Hence, spanning
set is a Rough Set with high degree of roughness.
With the above background we define weighted Rough Sets as follows.
Definition 6. Let 𝑈 be a non empty Universe and 𝑅 be set of attributes describing objects
of 𝑈. Let 𝑃 be a subset of attributes of 𝑅. Let 𝑣𝑖 be the weights assigned to each of the
indiscernibility class 𝑌𝑖 of

𝑈
𝑃

such that ∑𝑖 𝑣𝑖 = 1. The measure of weighted lower and

upper approximation is given as follows:
𝑈
𝑎𝑛𝑑 𝑌𝑖 ⊆ 𝑍}
𝑃
𝑈
𝑚(𝑃𝑍) = ∑ { 𝑣𝑖 ∗ |𝑌𝑖 |: 𝑌𝑖 ∈ 𝑎𝑛𝑑 𝑌𝑖 ∩ 𝑍 ≠ ∅}
𝑃
𝑚(𝑃𝑍) = ∑ {𝑣𝑖 ∗ |𝑌𝑖 | ∶ 𝑌𝑖 ∈
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𝑚(𝐵𝑁𝑃 (𝑍) = ∑ {𝑣𝑖 ∗ |𝑌𝑖 |: 𝑌𝑖 ∈

Using weighted Rough Sets each class of

𝑈
𝑃

𝑈
𝑎𝑛𝑑 𝑌𝑖 ∩ 𝑍 ≠ ∅, 𝑌𝑖 ⊈ 𝑍}
𝑃

is assigned an appropriate weight representing

its importance. The idea behind weighted Rough Sets is that lower approximations and
upper approximation containing higher number of important equivalence classes is
considered more important that the one containing higher number of less important
equivalence classes.
Definition 7. Let 𝑈 be a non-empty Universe and 𝑅 be set of attributes describing objects
of 𝑈. Let 𝑃 be a subset of 𝑅. The weighted span of a subset 𝑋 of 𝑈 w.r.t. 𝑃 is defined as:
δ𝑃,𝑋 = (𝑤1 ∗

|𝑚(𝑃𝑋) |
|𝑈|

+ 𝑤2 ∗

|𝑚(𝐵𝑁𝑃 (𝑋))|
|𝑈|

), where

𝑤1, 𝑤2 ϵ [0,1], 𝑤1+𝑤2 =1.
Weighted span measures the spanning capability of a subset using weighted measures of
lower approximations and boundary region defined above.
Definition 8. The complete weighted span of a subset 𝑋 of 𝑈 based on the given attribute
set is given by:
δ𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒
=
𝑅,𝑋

1
∑
𝛿𝑎𝑖 ,𝑋
|𝑅|
𝑎𝑖 ∈𝑅

The corresponding spanning sets obtained using complete span shall be referred to as
complete weighted spanning set. The complete spanning set of least cardinality is called
minimal weighted complete spanning set.
Section 3.3 gives example of span and spanning set computations.
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3.3 Computing Spanning Sets
The following example illustrates the concept of computing complete spanning set.
Example 1. Let U = {x0, x1,…, x6} and R = {a1, a2, a3}. Consider the Information System
(U, R) given in Table 3.1.
Let X = {x1, x2, x5}, w1 = 0.1 and w2 = 0.9.
δ𝑃,𝑋 = 𝑤1

|𝑃𝑋 |

+ 𝑤2
|𝑈|

|𝐵𝑁𝑃 (𝑋) |
|𝑈|

, where P ={ai}.

We compute the span with respect to the three attributes as follows:
δ𝑎1 ,𝑋 = 0.1 *

2
7

3

+ 0.9 * 7 = 0.4142
a1
3
1
1
2
2
2
3

x0
x1
x2
x3
x4
x5
x6

a2
1
1
2
2
2
3
3

a3
2
1
2
2
3
3
3

Table 3.1. Example on span and spanning set computation
δ𝑎2 𝑋 = 0.1 *

0
7

+ 0.9 * 7 = 0.9

7

δ𝑎3 ,𝑋 = 0.1 *

1

6

+ 0.9 * 7 = 0.7857
7

The complete span is given by
δ𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒
=
𝑃,𝑋
=

1
∑
δ
|𝑃| 𝑎𝑖 ∈𝑃 𝑎𝑖 ,𝑋
1
3

(0.4142 + 0.9 + 0.7857) = 0.6999
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Now, consider another set Y = {x0, x1, x3} and weights being same as above.
Then,

δ𝑎1 ,𝑌 = 0.1 *

0
7

δ𝑎2 ,𝑌 = 0.1 *

2

3

δ𝑎3 ,𝑌 = 0.1 *

1

3

7

+ 0.9 * 7 = 0.9

+ 0.9 * 7 = 0.4142
7
+ 0.9 * 7 = 0.4
7

Hence we get,
δ𝐶𝑜𝑚𝑝𝑒𝑡𝑒
= 0.5714
𝑃,𝑌
The span of Y for this problem is less than span of X which means that the set X represent
the Universe in a better way than the set Y. It is evident from this example that different
subsets of U produce different span and complete span.
Table 3.2 gives the complete spanning sets, minimal complete spanning sets and complete
span for the Information System given in Table 1. To compute complete spanning set for
the given problem, it requires computing 27 viz. 128 possible subsets of Universe and
finding the one with maximum complete span. This grows exponentially as size of
Universe increase.

Parameters

No. of

Minimal Complete Maximum

Complete

Spanning Set

Span

Spanning Sets
w1= 0.1, w2=0.9

2

{1, 3, 6}

0.8619

w1= 0.9, w2=0.1

1

{0, 1, 2, 3, 4, 5, 6}

0.9

w1= 0.5, w2=0.5

31

{0, 1, 2, 5}

0.5

Table 3.2.

Minimal Complete Spanning set for Example 1
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3.4 Span based Text Summarization
Here, the application of Rough Set based span and spanning set to solve the problem of
Extractive Text Summarization is proposed. For the task of extraction, the Information
System (U, R) has to be constructed. The Universe U consists of all the sentences in the
given text. The set of attributes R consists of the features that describe the text.

3.4.1 Determining Extract of Text using Span
The problem of Text Extraction evaluates the sentences for their salience. The extract so
created includes all essential information since the span of a text document with more
emphasis on boundary region shall cover as much key topics present in the text as possible.
This follows from the fact that while lower approximations guarantee that certainly
covered topics are included in the summary, a larger boundary region implies higher
number of topics of the text will be covered in the extractive summary. Hence spanning
set is the subset of all the sentences of the text that includes maximum number of concepts
of the text represented as individual features.
Computing an extract requires evaluating subsets of Universe for their span and finding
the one with highest value. Evaluating span of all subsets is computationally expensive.
Hence, we solve it using optimization problem. In the following sections, we describe the
optimization problem used to compute the optimal spanning set for the problem of Text
Summarization.

3.4.2 Text Pre-processing
Stop Word Removal: Certain words belonging to certain grammatical classes, such as
pronouns, conjunctions, determiner, are not very relevant from the point of view of
summarization (Sahlgren, 2006). These words occur in almost all sentences and are of
lesser importance. These words are called stop words and these words are removed from
the text as they lack to distinguish important sentence form less important sentence.
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POS Tagging: POS tagging determines the part of speech of each word using Stanford
POS tagger (Toutanova and Manning, 2000) via MaxentTagger class in Java. The POS
tags considered for processing are: "NN", "JJ", "RB" and "VB".
Sentence Segmentation: In this step consecutive sentences are separated. The following
punctuation denote the end of a sentence and are used for sentence segmentation:
1. period (.)
2. exclamation point (!),
3. question mark (?)
Word Segmentation: Once sentences are segmented, they are further segmented into
words based on spaces and punctuations in the document. It is done in an automated way
using the Java StringTokenizer method. All words are converted to lowercase for code to
understand it better.
Stemming: Stemming removes the suffixes of words and reduces it to its base form. For
example, words such as ‘playing’, ‘plays’, ‘played’, ‘play’ can be stemmed to the root
word ‘play’. Hence, all four words can be treated as a single word ‘play’. Many words in
English are present in their morphological variants and hence stemming helps reduce the
dimensionality of problem. A map is maintained for words and corresponding stem words
that are used. Figure 3.1 illustrates the first four steps of text pre-processing.
Input to pre-processor

Output of pre-processor

The motion picture industry's most coveted award

motion/NN picture/NN industry/NN

trophy is Oscar. Oscar was created by Mayer. Oscar

award/NN trophy/NN

oscar/NN. oscar/NN

trophy is made of gold plate. This has a history of

created/VBN

oscar/NN trophy/NN

40 years.

made/VBN

mayer/NN.

gold/NN plate/NN. history/NN

years/NN.

Fig 3.1. Pre-processed text example
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coveted/JJ

3.4.3 Optimization Problem
Consider a universe U which is the collection of all sentences, and Z is spanning set of U.
Experiments show that spanning set for an Information System (U, R) may not be unique,
hence it is paramount to add additional application specific objective to the optimization
problem. For the given problem of extractive summarization, the additional objective
function is span with higher similarity with the text document.
Hence, determination of Rough Set based extract for Single document summarization is a
multi-objective optimization problem given as follows:
𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 (δ 𝑃,𝑍 , 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑍, 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡))

subject to,

length(Z) ≤ p, where p is the degree of compression.

Here, notations are as discussed in Section 3.1 and δ 𝑃,𝑍 is the complete span of all the
attributes under consideration.

3.5 Proposed Solution for Computing Spanning
Sets of Text Documents
The above examples suggest that computing a spanning set is a computationally complex
problem. Further, the objective function does not have a well-formed mathematical
formulation. Hence, we propose to use Particle Swarm Optimization (Eberhart and
Kennedy, 1995) to compute a complete spanning set. Particle Swarm Optimization (PSO)
is inspired by social behaviour of birds and insects. A collection of particles participates
to generate an optimal solution to a problem. Each particle has a velocity and a location.
The particles move in direction simulated by the guidance of global best (GB) and local
best (LB) positions. The velocity vi and position xi of a particle are updated as follows:
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𝑣𝑖+1 = 𝑤 ∗ 𝑣𝑖 + 𝑐1 ∗ 𝑟1 ∗ (𝐿𝐵 − 𝑥𝑖 ) + 𝑐2 ∗ 𝑟2 ∗ (𝐺𝐵 − 𝑥𝑖 )
𝑥𝑖 = 𝑥𝑖 + 𝑣𝑖+1
In the above equation 𝑐1, 𝑐2 are the cognitive parameters and 𝑟1 and 𝑟2 are two random
numbers in interval [0, 1]. This collection of particles determines the optimal solution.

3.6 Results and Observations
3.6.1 Experiments
Experiments of the proposed methodology have been conducted on benchmark DUC
datasets for Single document Summarization, viz. DUC2001, DUC2002 (http://wwwnlpir.nist.-gov/projects/duc/) and Enron Email datasets (Loza et al, 2014) viz. Personal
Email dataset 2014, Corporate Email Dataset 2014. 100-word summary is computed for
both the DUC datasets for evaluations, while fifty percent compression was computed for
Enron dataset.
Dataset

Number of data
sets

Maximum
Number of
Words

Average Number
of Words

DUC2001

Minimum
Number of
Words

288

154

1510

306

DUC2002
Personal Email

90
103

133
66

664
535

285
221

Corporate Email

109

66

867

177

Table 3.3. Description of datasets
We have used the following ROUGE metrics: (i) ROUGE-N (N-gram measure), (ii)
ROUGE-L (Longest common subsequence measure), (ii) ROUGE-W (Weighted
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measure) and (iv) ROUGE-SU (Skip bigram with 1-gram measure) (Lin, 2004). The
results were compared with abstracts created by human experts.
We have experimented on several Information System and evaluated their effectiveness
for Extractive Summarization. The following systems were evaluated:

1) Span based Summarization
In this model Universe is collection of all sentences and the features taken are nouns,
adjectives, adverbs and verbs present in the pre-processed text. The Information
System is the one-hot representation of the text described by these features. The extract
here is a complete spanning set solved using PSO.

2) Span-Similarity based Summarization
The Information System is the one-hot representation of the text and is created as in (i)
above. The extract is a weighted Rough Set based spanning set with binary weights
obtained by solving optimization problem given in Section 3.5. This system outputs a
spanning set with highest similarity with the document.

3) Span-Lexical based Summarization
Lexical Chains (Kaushik and Luthra, 2005) are collection of semantically related words
present in the text. Each lexical chain describes the group of similar terms which convey
same meaning. It plays a vital role in reducing the dimensionality of the problem. The
Information System has top 20% lexical chains as attributes. If a sentence i is related to
an attribute viz a lexical chain, the value a(i) is set to one else the value is zero. Once
the Information Set is formed, the extract is generated as in Span-Similarity. Similar
terms detected by following relations: synonym, hypernym, hyponym and meronym.
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4) Span-LSA based Summarization
Latent Semantic Analysis (LSA) (Gong and Liu, 2001) based decomposition is
performed on matrix M which is frequency-based representation of the document. The
entry M[i, j] of matrix M is equal to frequency of term j in sentence i. The LSA based
decomposition of M is M=USVT. V is r x n matrix, r represents the key concepts
determined by LSA and n is the number of sentences in text. The matrix VT describe
each sentence in terms of each of the key concepts. The Information System obtained
by discretizing the matrix VT obtained by LSA based decomposition. It is evaluated for
its use in Span based summarization. The extract is formed by solving optimization
problem given in previous section.

5) Span-GLOVE based Summarization
GLOVE (Pennington et al, 2014) vectors are pre-trained vectors which represent words
and sentences based on learning huge corpus of textual data. Since a sentence can be
represented using GLOVE vectors, experiments are performed to evaluate its
effectiveness for Span based summarization. The sentences present in text forms the
Universe and attributes are the GLOVE features. The Information System is obtained
with discretization of GLOVE representation of 100 dimension. The summary
generated is spanning set obtained by solving optimization problem given in previous
section.

6) Baseline based Summarization
The baseline summarization system developed by Yadav & Chatterjee (2014). The overall
scheme proposed therein consists of two major steps. Firstly, determining the key
sentences using heuristic function and secondly, selection of sentences using Rough Sets
based lower approximation and memberships. We consider this as our baseline system for
comparing results.
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7) Graph based Summarization
Graph based technique for summarization using PageRank (Page et al, 1999) is performed
here. The algorithm was first performed by Mihalcea (2004). In this work we have used
cosine similarity to compute sentence to sentence similarity.

8) LSA based Summarization
Latent Semantic Analysis based technique for summarization (Gong and Liu, 2001) was
used to compare the results. Here tf-idf matrix in one-hot representation was used for LSA
computations.

9) PSO based Summarization
Particle Swarm Optimization (Eberhart and Kennedy, 1995) with fitness function as
similarity between document and extract has also been used as a comparison model.
The systems are evaluated for comparison of results in terms of ROUGE recall scores in
the Tables 3.4 through Table 3.7. Table 3.4 summarizes the results for DUC2001 dataset.
The best results for all the ROUGE parameters evaluated are obtained for Span-Similarity.
Baseline

Graph

PSO

Span

Span

Span

Span

Span

LSA

ROUGE-1

0.3298

0.4222

0.4237

0.3939

Similarity
0.4276

Glove
0.3925

Lexical
0.4206

LSA
0.3870

0.3970

ROUGE-2

0.1677

0.1789

0.1822

0.1530

0.1870

0.1495

0.1824

0.1466

0.1518

ROUGE-3

0.1149

0.1139

0.1178

0.0955

0.1217

0.0917

0.1192

0.0898

0.0935

ROUGE-4

0.0529

0.0843

0.0880

0.0701

0.0912

0.0670

0.0897

0.0656

0.0692

ROUGE-L

0.2877

0.3472

0.3497

0.3191

0.3538

0.3173

0.3487

0.3146

0.3220

ROUGE-W

0.1291

0.1280

0.1296

0.1163

0.1312

0.1157

0.1291

0.1147

0.1174

ROUGE-SU

0.1311

0.2008

0.2038

0.1775

0.2079

0.1748

0.2040

0.1726

0.1782

Table 3.4. Average of Recall Results DUC2001
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Table 3.6 gives the results for DUC2002 dataset. The results for are best for Span-Lexical
Similarity model. For Enron Personal Email dataset and Enron Corporate Email dataset
the best results are obtained for Span similarity which is performing better than all other
comparison models. The results presented in Tables 3.4 to 3.7 show that the SpanSimilarity based methods performed better than all other techniques. It is evident that only
spanning set is not enough for efficient summary generation. The reason as mentioned
before is the fact that a spanning set is not unique for a given Information System.
Baseline

Span

Span
Similar

Span
Glove

Span
LSA

LSA

PSO

Graph

ROUGE-1

0.4021

0.5199

0.5602

0.4890

0.4939

0.5590

0.5206

0.4777

ROUGE-2

0.1798

0.2303

0.2621

0.2147

0.2154

0.2151

0.2384

0.2105

ROUGE-3

0.1110

0.1407

0.1635

0.1305

0.1299

0.1281

0.1499

0.1278

ROUGE-L

0.3217

0.4186

0.4564

0.3923

0.3964

0.3923

0.4186

0.3862

ROUGE-W

0.0981

0.1232

0.1343

0.1168

0.1169

0.1168

0.1245

0.1140

ROUGE-SU

0.1922

0.2443

0.2763

0.2296

0.2313

0.2296

0.2545

0.2256

Table 3.5. Average of Recall Results for Enron Personal Email Data
Baseline

Span
Glove

Span

Span
LSA

Span
Lexical
Chain

Span
Similarity

PSO

LSA

Graph

ROUGE-1

0.4293

0.4407

0.4371

0.4418

0.4783

0.4758

0.4645

0.4407

0.4686

ROUGE-2

0.2199

0.1936

0.1878

0.1907

0.2284

0.2252

0.2161

0.1936

0.2175

ROUGE-3

0.1342

0.1244

0.1208

0.1211

0.1517

0.1488

0.1429

0.1244

0.1429

ROUGE-4

0.0887

0.0910

0.0892

0.0878

0.1139

0.1106

0.1085

0.0910

0.1057

ROUGE-L

0.3772

0.3674

0.3575

0.3655

0.4012

0.3979

0.3903

0.3674

0.3937

ROUGE-W

0.1330

0.1354

0.1333

0.1346

0.1506

0.1490

0.1458

0.1354

0.1469

ROUGE-SU

0.1690

0.2134

0.2084

0.2117

0.2451

0.2417

0.2329

0.2134

0.2350

Table 3.6. Average of Recall Results DUC2002
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Baseline

Span

Span
Similar

Span
Glove

Span
LSA

LSA

PSO

Graph

ROUGE-1

0.4629

0.5247

0.6142

0.5132

0.5359

0.5342

0.5792

0.5013

ROUGE-2

0.2509

0.2686

0.3407

0.2609

0.2748

0.2769

0.3198

0.2713

ROUGE-3

0.1720

0.1778

0.2341

0.1727

0.1837

0.1869

0.2217

0.1855

ROUGE-4

0.1276

0.1269

0.1725

0.1248

0.1339

0.1367

0.1650

0.1367

ROUGE-L

0.3784

0.4263

0.5064

0.4150

0.4331

0.4339

0.4733

0.4096

ROUGE-W

0.1242

0.1367

0.1616

0.1337

0.1393

0.1393

0.1521

0.1328

ROUGE-SU

0.2618

0.2821

0.3498

0.2751

0.2886

0.2906

0.3285

0.2796

Table 3.7. Average of 109 ROUGE Results Enron Corporate Email Data

3.7 Concluding Remarks
In this chapter a novel Rough Set based uncertainty measure called span has been
proposed. Further, special Rough subsets of Universe called spanning sets and complete
spanning sets are defined and their properties are analysed. In this work we have applied
the above concepts to deal with the problem of Single document Extractive Text
Summarization where the task reduces to finding suitable optimal spanning sets. The
results are analysed in terms of ROUGE scores for standard datasets for Single document
summarization viz. DUC2001, DUC2002, Enron Corporate Email dataset 2014 and Enron
Personal Email dataset 2014. The major advantage of using the above datasets is that for
all of them human-generated summaries are available. This gives us the advantage of
comparing the system outputs with reference summaries, and compare them with standard
algorithms available in literature that have been developed popularly for extractive
summarization task. It follows from our observations that the proposed Rough Set-based
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Span is performing best among all the proposed models and experimented models of Text
Summarization.
Fuzzy Rough Set have been used in several applications in Artificial Intelligence, in the
next chapter we develop techniques based on Fuzzy Rough Sets with an aim to analyse its
application to the problem of Text Summarization.
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Chapter 4
Application of Fuzzy Rough Set Based Sentence
Similarity Measure in Text Summarization
Fuzzy Rough Sets are designed for decision making with uncertainty, imprecision and
incompleteness in data. In this chapter we propose to use Fuzzy Rough Sets for the task
of sentence similarity-based Text Summarization. Text data inherently possess
uncertainty, imprecision and incompleteness for data representation. Two sentences may
be equivalent in their meanings despite having different vector space representation while
Fuzzy Rough Sets incorporates the meanings of sentences. In this chapter we propose
Fuzzy Rough Set based sentence similarities and its application to Single document Text
Summarization.

4.1 Fuzzy Rough Set
Fuzzy Rough Set (Dubois and Prade, 1991) is an application of fuzzification on the
concept of uncertainty handling via Rough Sets (Komorowski et al, 1999). The basic idea
is inherited from both Fuzzy Set that handles uncertainty with the help of membership
functions, and Rough Sets, where uncertainty is handled with the help of lower and upper
approximations of a set. Fuzzy Rough Sets have been used significantly in various
domains of decision making. In this work we investigate the applicability of Fuzzy Rough
Set based similarity for the task of summarization of a given text. Fuzzy Rough Set has
attained immense popularity for its ability to deal with imprecision, uncertainty and
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incompleteness. These concepts can very well be associated with text data. They are
explained as follows:
i.

Imprecision: A text data is said to be imprecise if every sentence does not convey
the exact meaning. For illustration, consider the sentence “Ram is a man of
medium height”. Here, neither what exactly is the height of Ram is explicitly
mentioned, nor it is clear from which perspective it is considered to be medium.
Here what is medium for one person may not be so for another. Hence the notion
of medium depends on Fuzzy Logic.

ii.

Uncertainty: Natural language sentences are often associated with certain amount
of uncertainty due to various reasons, such as polysemy, anaphoric pronoun,
structural ambiguity. The following examples illustrate the point.
a. Consider the sentence “I am going to the bank” has some amount of
uncertainty as the semantic of the word ‘bank” is not clear. Here the word
bank is polysemous word which leads to ambiguity.
b. Similarly, the meaning of the sentence “I saw the man with a binocular” is
uncertain as it is not clear whether the man is carrying a binocular, or the
binocular here defines a mode of vision. This is the case of structural
ambiguity.

iii.

Incompleteness: Some sentences may be grammatically correct, but may not give
the complete information. For illustration, consider the pair of sentences “He will
come tomorrow evening” and “He will come tomorrow”. In comparison with the
first one the second sentence gives lesser information.
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Graph based summarization is based on the work of Page et al (1999) and this scheme
typically represent sentences as the nodes (Michalea, 2004) of a graph. In the graph the
arc between two nodes represents the similarity between the corresponding sentences.
The above works, based on Graph based Text Summarization application, deal with vector
space model-based sentence to sentence similarity computation. However, vector-based
representation of words and subsequent construction of sentence vectors as a sum over the
constituent words take into account distributional semantics, they may not capture the
inherent relationship between the words. This motivates us to propose a Fuzzy-Rough
Set based approach to compute similarity between sentences. The underlying intuition is
not to view a text as merely a sequence of sentences with similarity between them
measured in terms of commonality of words between them. Rather, in our approach, we
look at a text as a Universe of terms present in it which play a pivotal role in understanding
the structure and its intended semantics.
In this chapter we propose a novel technique for sentence similarity using Fuzzy Rough
Sets. Further, we have used the concept of lower and upper approximations of Fuzzy
Rough Sets for modelling the Text Summarization technique. The summarization models
built here take into account the similarity between the sentences from a deeper perspective
to provide an efficient tool for handling the imprecision, uncertainty and incompleteness.
This is further used with the popular PageRank algorithm (Page et al, 1999). Although
text data are often laden with such above types of impreciseness not much work has been
done in application of Fuzzy Rough Sets for the key areas of text information processing
tasks, such as summarization. Not much work has been done to analyse the applicability
of Fuzzy Rough Sets for Text Summarization.
In contrast we propose to model similarities between the sentences using Fuzzy Rough
Sets utilizing WordNet (Miller, 1995) based semantics and other databases as discussed
in following sections.
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4.2 Fuzzy Rough Sets Theory
In the context of a text document, we analyse that the Universe under consideration that
may be the assimilation of terms present in the document or the collection of sentences in
the document. In the present work we consider the Universe as the collection of words
present in the collection of all sentences of the text document.
Rough Set approximates a concept X (a subset of Universe) as a pair <lower
approximation, upper approximation>. The lower approximation consists of those
elements of Universe that certainly belongs to X while upper approximation consists of
elements that may belong to the set. While Fuzzy Rough Sets the concept X, is represented
as a pair <F_lower approximation, F_upper approximation> where lower approximation
and upper approximation are both Fuzzy Sets. The basic building blocks for Rough Sets
and Fuzzy Rough Sets are equivalence classes which partitions the Universe based on
given knowledge R. Rough Sets and Fuzzy Rough Sets define the equivalence, partial
equivalence, inclusion, partial inclusions of two concepts based on this notion.
The challenge in using Rough Sets for computing sentence similarity is computation of
equivalence classes. The possible technique for same is creating a build-in knowledge
base consisting of a number of files each of synonymous terms. The drawback of this
methodology is that the method is static and do not take into account the senses of words.
Typically, such methods require semantic knowledge. Hence, we propose to use Fuzzy
Rough Sets for the process of sentence similarity computations. In order to propose the
sentence similarity measure using Fuzzy Rough Set we first discuss the definitions and
notations given in (Radzikowska and Kerre, 2002).
Definition 4.1. A fuzzy equivalence relation R on Universe U is a binary relation that
satisfies the following:
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(i)

Reflexive i.e. R(x, x) = 1 for all x ∈ X;

(ii)

Symmetry, R(x, y) = R(y, x) for all x, y ∈ X;

(iii)

Transitive, R(x, y) ≥ min {R(x, z), R(z, y): z ∈ U } for all x, y ∈ U.

A fuzzy equivalence class [x] R with x ∈ U, is a Fuzzy Set on U given by [x]R (y) = R(x,
y) for all y ∈ U.

Definition 4.3. A definition of lower and upper approximations of Fuzzy Rough Set (DasGupta, 1988), where R be the fuzzy equivalence relation, is as follows:
𝑅(𝑋)(𝑥) = 𝑚𝑖𝑛 {𝑚𝑎𝑥 (1 − 𝑅(𝑥, 𝑦), 𝑋(𝑦)): 𝑦 ∈ 𝑈 }

(4.1)

𝑅(𝑋)(𝑥) = 𝑚𝑎𝑥 {𝑚𝑖𝑛 (𝑅(𝑥, 𝑦), 𝑋(𝑦)): 𝑦 ∈ 𝑈 }

(4.2)

Das-Gupta (1988) have worked on Fuzzy Rough Set based document similarity measure.
The work focused on computing similarities between query terms and terms in the
document. In (Singh and Dey, 2005) the authors proposed a Fuzzy Rough Set based
approximation approach for information retrieval. Under this approach two different
similarities, viz. lower and upper, are computed for query and input text document. A
decision tree is constructed on the basis of the above two approximations and a classifier
is built using Fuzzy Inference Engine. The authors have considered the synonymy relation
as the fuzzy equivalence relation. These are the only work that considers Fuzzy Rough
Set based similarities for query and document. In line with this approach, we propose a
Fuzzy Rough Set based similarity measure for computing similarity between sentences by
computing the lower and upper similarities between two sentences. Below we discuss the
proposed scheme for determining the Fuzzy Rough Set based similarity between two
sentence and the proposed algorithm for Text Summarization.
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We propose to utilize an alternative technique of computing Fuzzy Rough Set based upper
and lower approximation. The computation shall be as explained in equation (4.1) and
(4.2) except that the Gaussian function is used for computing 𝑅(𝑥, 𝑦). 𝑅(𝑥, 𝑦) is defined
as:

 (xi − yi )2 

R( x, y ) = Exp 
2

 i 2


(4.3)

Here parameter 𝜎 depends on the problem where R(x, y) is employed. The Fuzzy lower
and Fuzzy upper approximations given in (4.1) and (4.2) are used to find similarity
between the sentences S and S′ which are considered as two different sets of words. We
now describe how these approximations can be used to compute similarity between two
sentences and proposed Text Summarization algorithm using Fuzzy Rough Set based
similarities.

4.3 Proposed Fuzzy Rough Set based Sentence
Similarity Measure
Each sentence can be represented as a pair of Fuzzy Sets namely lower approximation and
upper approximation. Practical application of operators, such as equality and containment
for a pair of sentences represented in this form is possible. The accumulation of results
will guarantee the establishment of the facts of inclusions of certain knowledge by the two
sentences under consideration. In this work firstly two sentences are represented as Fuzzy
Sets of lower and upper approximations. Then lower similarity and upper similarity
between the two Fuzzy sets is computed. Various similarity measures have been defined
to compute the lower and upper similarity between a two Fuzzy Sets. One such measure
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of similarity on the basis of the intersection and union given by (Das-Gupta, 1988) as
follows.

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑆1, 𝑆2) =

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑆1, 𝑆2) =

|𝑅(𝑆1)∩𝑅(𝑆2)|

(4.4)

|𝑅(𝑆1)∪𝑅(𝑆2)|
|𝑅(𝑆1)∩𝑅(𝑆2)|

(4.5)

|𝑅(𝑆1)∪𝑅(𝑆2)|

The equation (4.4) and (4.5) defines the upper similarity and lower similarities between
the two sentences respectively. The requirement of two similarities: the lower similarity
and upper similarity arise from the fact that the sentences are represented as two Fuzzy
Sets namely lower approximation and upper approximations. The lower similarity is the
degree of certainly similar content of two sentences via the lower approximations, and
upper similarity is the degree of possibly similar content of the two sentences measure
with the respective upper approximations of the two sentences. Further, we propose to use
cosine similarity between the lower approximations of two sentences to compute the lower
similarity. The cosine similarity between sentences 𝑠𝑗 and 𝑠𝑘 represented as 𝑠𝑗 =
(𝑤1,𝑗,……., 𝑤𝑛,𝑗 )

and

sentence
𝑠⃗𝑗 ⋅𝑠⃗𝑘

𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚(𝑠𝑗 , 𝑠𝑘 ) = |𝑠||𝑠⃗ | =
𝑘

𝑠𝑘 = (𝑤1,𝑘,……., 𝑤𝑛,𝑘 ) is

given

as

follows:

∑𝑛
𝑖=1 𝑤𝑖,𝑗 𝑤𝑖,𝑘
𝑛
2
2
√∑𝑛
𝑖=1 𝑤𝑖,𝑗 √∑𝑖=1 𝑤𝑖,𝑘

Here the denominator involves the lengths of the vectors. Although cosine-based
similarity measure is popularly used in language processing, its use in the context of Fuzzy
Rough Sets is still very limited. In this work we have also used the cosine similarities
reflect the lower similarity and upper similarity between the two sentences. This is given
as follows:
𝑆𝑖𝑚𝐿𝑜𝑤𝑒𝑟(𝑆1, 𝑆2) = 𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚 (𝑅(𝑆1), 𝑅(𝑆2))
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(4.6)

𝑆𝑖𝑚𝑈𝑝𝑝𝑒𝑟(𝑆1, 𝑆2) = 𝑐𝑜𝑠𝑖𝑛𝑒𝑠𝑖𝑚 (𝑅(𝑆1), 𝑅(𝑆2))

(4.7)

The equations (4.6) and (4.7) define the upper and lower similarities using cosine measure
between the two sentences respectively. To represent a sentence in terms of lower and
upper approximation we have employed two techniques, namely:
1

Synonymy Relation. Here 𝑅(𝑥, 𝑦) for computation of equivalence relation is
computed using lexical database that measures the similarity of terms x and y. We
have employed the use of WordNet for our experiments. Further, lower and upper
approximations are computed utilizing formulas (4.1) and (4.2).

2

Using Gaussian distance. In this approach 𝑅(𝑥, 𝑦) is computed using formula
(4.3), which measures the similarity of terms x and y represented as GLOVE
(Pennington, 2014) vectors. The lower and upper approximations are computed
utilizing formulas (4.1) and (4.2).

Further X(y) in equation (4.1) and (4.2) is the traditional membership measure of element
y in the set X. Different sentence similarity measures proposed in this section have been
compared with existing similarity techniques.

4.4 Proposed Text Summarization Technique
By the very structure of a well-formed text describing a scene, news, event, movie etc. not
all sentences are of equal importance in a given text. We aim to extract the important
sentences out of all the sentences. Now we present in this section the utilization of the
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proposed similarity measures with existing and well-established Text Summarization
techniques. The algorithm for Fuzzy Rough Set based summarization is given in Fig. 4.1.

ALGORITHM.

Proposed Fuzzy Rough Set based unsupervised Text Summarization

Input. Text document to be summarized.
Output: Relevancy of Sentence Importance
Start
1. Pre-processing the text. The pre-processing step involves stop word removal and word, sentence segmentation. These
processes are same as discussed in Section 3.4.2.
2. Representation of sentences as a pair of Fuzzy Sets consisting of the F_lower and F_upper approximations defined in
Section 4.3. Given a sentence S, its representation will be: ⟨𝑅(𝑆), 𝑅(𝑆)⟩.
3. The lower and upper approximation are computed using equation (4.1) and (4.2). R(x, y) and X(y) is the membership of
y to set X.
4. For each pair of sentences compute the Fuzzy Rough Set based similarities as defined in Section 4.3.
5. Build a graph using above calculated similarities.
6. Apply PageRank Algorithm (Page et al, 1999) to obtain sentences in increasing order of importance.
7. Extract top p% of sentences, where p is the summarization compression rate.
End

Fig. 4.1. Algorithm to compute extract using Fuzzy Rough Set
Several variants have been developed an experimented by us. These variants are discussed
below:
1. Algorithm 1 (M1): R(x, y) is computed using Wu-Palmer relatedness of words (Wu
and Palmer, 1994) for similarity measure. The membership X(y), i.e. the membership of
y  U to the fuzzy set X, is computed using the crisp containment of words. Further, lower
and upper similarity has been computed using equation (4.4) and (4.5).

2. Algorithm 2 (M2): R(x, y) is computed using Wu-Palmer relatedness of words (Wu
and Palmer, 1994) for similarity measure. The membership is computed using the
semantic belongingness of a word to a sentence computed using Wu-Palmer relatedness
of words.
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3. Algorithm 3 (M3): R(x, y) is computed using Gaussian distance between the GLOVE
(Pennington et al, 2014) vectors representing the words x and y. The membership is
computed using the Rough Set based membership of a word to a sentence. Fuzzy Rough
Set based similarities are computed using cosine similarity measure as given in equation
(4.6) and (4.7).
Each of the above three algorithms has been tested for three variants, viz. lower similarity
(L), upper similarity (U) and average of lower and upper approximation (LU). This leads
to nine algorithms: M1_L, M1_U, M1_LU, M2_L, M2_U, M2_LU, M3_L, M3_U, and
M3_LU.
We illustrate these concepts of sentence similarity computation using the following
example sentences description of a scene by two different individuals with their individual
choice of words:
S1: “The boy is on the bank”
S2: “The man is near the river”.
The Universe under consideration is the following set of words:
U= {“boy”, “bank”, “man”, “river”}.
The Fuzzy Rough Set based approximations of Sentence 1 and Sentence 2 are given in
Table 4.1 and Table 4.2.
Fuzzy Sets

“bank”

“boy”

M1 Lower Approximation

0.5294

0.9999

0

0

M1 Upper Approximation

1

1

0.9

0.4285

M2 Lower Approximation

0.5714

0.647

0.674

0.4285

M2 Upper Approximation

1

1

0.9

0.4285

M3 Lower Approximation

0.1884

0.0386

0

0.2233

M3 Upper Approximation

1

1

0.9614

0.7937

“man”

“river”

Table 4.1: Fuzzy Rough Set based lower & upper approximations for Sentence 1
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Fuzzy Sets

“bank”

“boy”

“man”

“river”

M1 Lower Approximation

0

0

0.0999

0.5714

M1 Upper Approximation

0.4705

0.9

1

1

M2 Lower Approximation

0.4705

0.5294

0.5294

0.5714

M2 Upper Approximation

0.4705

0.9

1

1

M3 Lower Approximation

0.125

0.125

0.125

0.2062

M3 Upper Approximation

0.8115

0.9614

1

1

Table. 4.2. Fuzzy Rough Set based lower & upper approximations for Sentence 2

The lower similarity and the upper similarity for the three algorithms are:
M1:

𝑆𝑖𝑚𝐿𝑜𝑤𝑒𝑟(𝑆1, 𝑆2) = 0, 𝑆𝑖𝑚𝑈𝑝𝑝𝑒𝑟(𝑆1, 𝑆2) = 0.6747

M2: 𝑆𝑖𝑚𝐿𝑜𝑤𝑒𝑟(𝑆1, 𝑆2) = 0.8034, 𝑆𝑖𝑚𝑈𝑝𝑝𝑒𝑟(𝑆1, 𝑆2) = 0.6747
M3: 𝑆𝑖𝑚𝐿𝑜𝑤𝑒𝑟(𝑆1, 𝑆2) = 0.8445, 𝑆𝑖𝑚𝑈𝑝𝑝𝑒𝑟(𝑆1, 𝑆2) = 0.9886
This shows that the proposed technique M3 of computing lower and upper similarity are
the best indicator of similarity of the given sentences. To concretize the results, we
evaluate the effectiveness of these techniques on standardized datasets of sentence
similarity. Further, we have tested on DUC2002 dataset the gold standard dataset for
single document Text Summarization. Section 4.5 presents the results computed through
experiments.

4.5 Results & Discussions
The results are analysed for both Fuzzy Rough Set based sentence similarity and Fuzzy
Rough Set based Text Summarization. The experiments for sentence similarity have been
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performed on 5000 sentences taken from the SICK2014 dataset (Marelli et al, 2014). The
dataset consists of similar sentences with their similarity scores in the interval [0, 5]. The
variance parameter 𝜎 in equation (4.5) is learned through experiments over 1000
sentences selected randomly from the above dataset. The optimal value of 𝜎 obtained with
experimentations with PSO (Eberhart and Kennedy, 1995). In our experiments the fitness
function was the mean square error which is given as follows:

𝑀𝑆𝐸 = √

∑𝑛𝑖=1(𝑋𝑜𝑏𝑠,𝑖 − 𝑋𝑚𝑜𝑑𝑒𝑙,𝑖 )2
𝑛

where between 𝑋𝑜𝑏𝑠 is the vector of actual similarity score and 𝑋𝑚𝑜𝑑𝑒𝑙 is the vector of
reference similarity score given in the dataset. The length of PSO chromosome was taken
to be unity, and the number of chromosomes in the population was set to 15. The optimal
value of 𝜎 , after rounding off has been found to be 5.
The results of the proposed technique are presented in Table 4.3. The measurements are
measured in terms of:
i.

Means Square Error: It is computed as explained above.

ii.

Pearson Correlation: It is given as follows:

𝑟=

(𝑋𝑜𝑏𝑠,𝑖 – 𝑋𝑜𝑏𝑠 ) (𝑋𝑚𝑜𝑑𝑒𝑙,𝑖 – 𝑋𝑚𝑜𝑑𝑒𝑙 )
√(𝑋𝑜𝑏𝑠,𝑖 – 𝑋𝑜𝑏𝑠 ) 2 (𝑋𝑚𝑜𝑑𝑒𝑙,𝑖 – 𝑋𝑚𝑜𝑑𝑒𝑙 Y) 2

where between 𝑋𝑜𝑏𝑠 is the vector of actual similarity score obtained from
experiments and 𝑋𝑚𝑜𝑑𝑒𝑙 is the vector of reference similarity score given in the
dataset.
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As can be seen in Table 4.3 the proposed GLOVE (Pennington et al, 2014) and Rough Set
based approaches improved the mean square error as well as the Pearson Correlation value
between the computed similarity score and gold values provided with the dataset. The
proposed technique using Fuzzy Rough Set and GLOVE is giving Pearson Correlation
value of 0.6091 and Mean Square Error of 0.8625, which is the best among all the
experiments conducted.

S.No.

1

Technique

Pearson

Mean Square

Correlation

Error

0.6091

0.8625

2

Fuzzy Rough Set Upper approximation with GLOVE
and cosine similarity
Fuzzy Rough Set Upper approximation with GLOVE

0.5883

2.085

3

Rough Set average of Lower and Upper approximation

0.2091

1.4375

4

Rough Set Upper approximation

0.3922

1.325

5

Cosine similarity of VSM

0.4527

2.0725

Table 4.3. MSE and correlation score of various approaches of sentence similarity
on SICK2014 dataset

The experimental results for Text Summarization performed on 90 news articles taken
from DUC2002 dataset are given in Table 4.4. We have shown the results obtained
through ROUGE-1, ROUGE-2, ROUGE-L, and ROUGE-SU scores. The values for other
ROUGE metrics follow similar patterns. The following summarization methods are
considered for evaluations of technique.
For the following three models R(x, y) is computed using Wu-Palmer relatedness of words
(Wu and Palmer, 1994) for similarity measure. The membership X(y) is computed using
the crisp containment of words.

70

1. M1_L: The lower similarity has been computed using equation (4.4) and is used
as edge weight in graph.
2. M1_U: The upper similarity has been computed using equation (4.7) and is used
as edge weight in graph.
3. M1_LU: The average of lower and upper similarity has been computed using
equation (4.4) and (4.5), and is used as edge weight in graph.
For the following three models R(x, y) is computed using Wu-Palmer relatedness of words
(Wu and Palmer, 1994) for similarity measure. The membership is computed using the
semantic belongingness of a word to a sentence computed using Wu-Palmer relatedness
of words.

4. M2_L: The lower similarity has been computed using equation (4.6) and is used
as edge weight in the graph.
5. M2_LU: The upper similarity has been computed using equation (4.7) and is used
as edge weight in graph.
6. M2_U: The upper similarity has been computed using equation (4.6) and (4.7) to
be is used as edge weight in graph.
For the following three models R(x, y) is computed using Gaussian distance between the
GLOVE (Pennington et al, 2014) vectors representing the words x and y. The membership
is computed using the Rough Set based membership of a word to a sentence.
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7. M3_L: Lower Fuzzy Rough Set based similarities are computed using cosine
similarity measure as given in equation (4.6) and is used as edge weight in graph.
8. M3_U:

Upper Fuzzy Rough Set based similarities are computed using cosine

similarity measure as given in equation (4.7) and is used as edge weight in graph.
9. M3_LU: Average of lower and upper Fuzzy Rough Set based similarities are
computed using cosine similarity measure as given in equation (4.6) and (4.7) to
be used as edge weight in graph.
10. Graph: Graph based technique for summarization using PageRank (Page et al,
1999) is performed here. The algorithm was first proposed by Mihalcea (2004). In
this work we have used cosine similarity to compute sentence to sentence
similarity.
11. LSA: Latent Semantic Analysis based technique for summarization (Gong and
Liu, 2001) was used to compare the results. Here tf-idf matrix representation was
used for LSA computations.
12. PSO: Particle Swarm Optimization (Eberhart and Kennedy, 1995) with fitness
function as similarity between document and extract has been used as a
comparison model.
Table 4.4 depicts the results for 50% summarization. It is seen that the proposed technique
Fuzzy Rough Set and GLOVE with cosine similarity is performing better than baselines
Graph, LSA, RI and other models developed by us with a ROUGE score of 0.7234 for
50% summarization. For 10% summarization as well, this method is performing better
than all other models. As is evident from the results that the modified Fuzzy Rough Set
72

based technique which use GLOVE based representation is performing exceedingly well
in comparison to other models. Further, the results of M3 hybrid technique is producing
increased results for 10%, 25% and 50% summarization uniformly. It can be seen from
results that M3_U is performing better than all other models experimented including other
GLOVE and Fuzzy Rough Set based models viz. M3_LU and M3_L.

Com

Methods

M1_L

M1_U

M1_LU

M2_L

M2_U

M2_LU

M3_U

M3_LU

M3_L

LSA

GW

PSO

ROUGE-1

0.6471

0.6658

0.6633

0.6580

0.6634

0.6638

0.7234

0.7221

0.7242

0.6798

0.6505

0.6436

ROUGE-2

0.3366

0.3478

0.3490

0.3335

0.3463

0.3446

0.3861

0.3848

0.3855

0.3237

0.3396

0.3126

ROUGE-L

0.6150

0.6330

0.6312

0.6220

0.6303

0.6303

0.6871

0.6850

0.6868

0.6397

0.6173

0.6104

ROUGE-SU*

0.4041

0.4180

0.4180

0.4082

0.4141

0.4139

0.4925

0.4902

0.4924

0.3998

0.4021

0.3838

ROUGE-1

0.4212

0.4434

0.4422

0.3991

0.4405

0.4272

0.5069

0.5096

0.5091

0.4564

0.4426

0.3782

ROUGE-2

0.1841

0.2019

0.2005

0.1735

0.1983

0.1921

0.2420

0.2438

0.2444

0.1936

0.2010

0.1625

ROUGE-L

0.3951

0.4153

0.4140

0.3728

0.4132

0.3997

0.4771

0.4795

0.4786

0.4250

0.4135

0.3507

ROUGE-SU*

0.1792

0.1937

0.1919

0.1603

0.1938

0.1808

0.2510

0.2522

0.2522

0.1869

0.1924

0.1362

ROUGE-1

0.1986

0.2006

0.2144

0.1670

0.2036

0.1854

0.2734

0.2701

0.2665

0.2205

0.2125

0.1796

ROUGE-2

0.0769

0.0795

0.0892

0.0615

0.0842

0.0686

0.1287

0.1250

0.1205

0.0817

0.0864

0.0757

ROUGE-L

0.1827

0.1844

0.1983

0.1535

0.1884

0.1704

0.2531

0.2501

0.2465

0.2017

0.1966

0.1655

ROUGE-SU*

0.0500

0.0474

0.0562

0.0350

0.0485

0.0412

0.0874

0.0846

0.0816

0.0511

0.0542

0.0389

press
ion
50%

25%

10%

Table 4.4: ROUGE scores for summarization using proposed and standard
summarization techniques for 50%, 25% and 10% compression degrees.

4.6 Concluding Remarks
The research work presented in this chapter proposes a novel approach for computing
sentence similarity using Fuzzy Rough Sets. Further, nine different sentence extraction
algorithms based on different Fuzzy Rough similarity measures are proposed. The results
have been compared with traditional summarization algorithms, viz. Graph-based, LSAbased and PSO. The proposed methods are found to be giving superior results on
DUC2002 dataset.
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The methods proposed in this work use knowledge-based schemes for both similarity
computation and automatic sentence extraction. The strength of knowledge-based systems
relies substantially on the knowledge base used in the scheme. The same is true for the
proposed methods. Knowledge in the form of lexical database of WordNet was used for
computing the synonymy relation between the two words present in the Universe of words
under consideration. Moreover, the results with Fuzzy Rough Set and GLOVE based
models are found to be giving high ROUGE scores on the same dataset. The precision and
recall values are computed and compared with existing summarization techniques. Here
too the proposed methods show considerable improvements.
In this and previous chapters we analysed the unsupervised techniques for Text
Summarization. Rough Set based supervised techniques are also popularly used in several
applications. In the next chapter we study the applicability of supervised Rough Set based
techniques for Text Summarization.
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Chapter 5
Rough Set based Supervised Techniques for
Multi-Document Summarization
Rough Set based techniques have been of interest in theory and application in various reallife problems. However, its use in generic Multi-document Text Summarization (MDTS)
is still unexplored. In this chapter we first analyze popular Rough Set based supervised
techniques for MDTS and compare their results with existing supervised techniques. To
enhance the performance of existing supervised techniques further we rank the important
sentences using the proposed Aggregate-Rank-Measure. Furthermore, we improve Rough
Set based LERS algorithm using Neighborhood Rough Set for Multi-document
Summarization which is proved experimentally to be superior to the base LERS technique
for MDTS.

5.1 Introduction
Multi-document Text Summarization (Mani and Maybury, 1999) condenses a collection of
documents to produce a shortened representative of the documents. With the increase in
amount of text data available from various sources Multi-document Text Summarization
(MDTS) has become of paramount importance. The MDTS techniques are used in various
applications such as summarizing news from multiple sources, review summarization,
using summarizers over the retrieval engines, for providing personalized news feedbacks
to mention a few.
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In recent times there has been enormous increase in the textual documents available on
personal computers, servers and internet. The typical sources that adds this much of
amount of information include the news articles, blogs, reviews, social media, legal
documents, to mention a few. The document collection pertaining to a particular type of
information have become enormous. It is not humanly possible to comprehend this much
of data at regular intervals. Additionally, significant amount of information in these data
collection is redundant as many of them contain information already conveyed in some
other document. Hence a stronger need is felt to develop methodologies that can analyze
and summarize multiple documents automatically. When the summarizer takes only one
document as input the technique is called Single document Summarization while when
multiple documents are taken as input this process is referred to as Multi-document Text
Summarization (MTDS) (Mani, 1999).
Unsupervised summarization techniques are primarily based on searching for key topics
covered in the text without considering the decision class. Also, the unsupervised
techniques do not require training phase using tagged data. While supervised
summarization techniques typically consider the problem as a two-class classification
problem given the features representing the documents. In supervised learning one
decision class corresponds to the sentence being important from summarization
perspective while the other class corresponds to non-relevancy of sentence. Annotated
data is made available by Document Understanding Conference (DUC). This data is in
the format of abstracts made by human experts which is used in creating labelled classes.
In this chapter we have considered the problem of MDTS and have evaluated it on
DUC2003 and DUC2005 datasets while DUC2002 datasets has been used for training.
We consider the task of generic summarization and generated 100 words and 250 words
extractive summaries for DUC2003 and DUC2005 datasets respectively. The key phases
in the in supervised MDTS techniques are:
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(1) Feature Extraction. In this phase statistical features are extracted from the given
cluster of documents. Selecting appropriate features for MDTS is paramount to
lead to efficient classification. The most commonly used features found in
literature are: characteristics of sentences such as sentence position, similarity
with title, presence of proper nouns and numeric quantities, cohesion and
coherence to mention a few. These features are described in detail in Section 5.3.
(2) Tagging Training Data. The training data is assigned the decision class based on
the value of ROUGE score between the sentence and gold summaries. It involves
assigning the classifying target class of relevant or non-relevant class for each
sentence.
(3) Testing Phase. The features computed in Phase 1 and decision class in Phase 2 are
given as input to a selected classifier. A model is built from the training data and
the testing data is fed into it for evaluation. The relevant or non-relevant classes
are assigned to the testing data in this step.
(4) Summary Creation Phase. This step creates the final summary based on testing
phase. Once a trained model is built the sentences from relevant classes from (3)
above are selected for candidates for the extract.
In the next section we propose to use a new feature for MDTS viz. sentiment value.

5.2 Sentiment as a Feature in Summarization
Sentiment analysis is applied to text reviews, news, twitter data or other voluminous text
data. Its primary task is to assign a positive, negative and sometimes neutral sentiment to
each word of a sentence (Basari et al, 2013). Some sentiment analysis engines assign a
score in the range [-1, +1] through its review of a product/object, which can be a person,
thing or any other subject, where a high negative value represents a negative classification,
while a high positive value represents a positive classification of the product. Sentiment
values close to zero are considered to be (near) neutral irrespective of its sign.
77

Often sentiment classification is performed on corpus level, such as a collection of
millions of tweets. This motivates us to model extraction-based Text Summarization using
the sentiment values attached to different sentences. Owing to high use of sentiments in
various social media data, our aim here is to analyse what is the effect of sentiment
expressed in a sentence on the importance of the sentence in a text. The hypothesis for
this model is that any sentence that is important in the text should have an associated
sentiment value that is high in magnitude either positive or negative. Thus, each sentence
may be considered as an independent piece of text review on its own. A sentiment value
is being assigned to each sentence depending on the terms present in the sentence. In this
section our focus is to examine the effect of selecting sentences according to their
sentiment score. In sentiment-based summarization one does not require deep semantic
analysis (Guerini et al, 2013). The scores of a text can be combined and analysed in
various ways, such as on the basis of the sum of scores of all terms in the text, or average
of all scores. Although the value of factual sentences cannot be discarded, by focusing on
sentiments we are exploring the novelty of this feature in categorizing sentences.

5.2.1 Sentiment Analysis
Natural language texts are generally filled with variety of words and expressions, making
sentiment determination of a text a challenging task. Also, when a huge amount of text
data has to be analysed, it becomes imperative to develop more efficient algorithms for
dealing with the problems arising out high dimensionality scenario. Two of the popular
techniques to perform Sentiment analysis are as follows:
1) Using lexical database that has marked word senses along with the positive and
negative sentiments they have and,
2) Using machine learning techniques to learn sentiments from tagged data and use
it on test set.
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Sentiment analysis has already been used in various applications, e.g. twitter data analysis,
social media sentiment analysis, trading behaviour in financial markets, political exit polls
analysis (Mostafa, 2013).

Document polarity (Denecke, 2008) is obtained by the

positivity and negativity scores of the words present in a document. SentiWordNet
(Guerini et al, 2013) is a lexical database for sentiments that has been developed using
machine learning techniques. It has the positivity and negativity scores of various words
of different part of speech, e.g. adjective, verb, adverb. It is a database in the form of a
text file of about one hundred thousand lines. Each entry in it may be considered as a
record as is shown in Table 5.1 and Table 5.2.

Unable#1

POS

Positive

Negative

Tag

Score

Score

a

0

0.75

Definition
not having the necessary means or skill or knowhow; "unable to get to town without a car"; "unable
to obtain funds"

Unable#2

a

0

0.375

lacking necessary physical or mental ability;
"dyslexics are unable to learn to read adequately";
"the sun was unable to melt enough snow"

Unable#3

a

0.125

0.25

lacking in power or forcefulness; "an ineffectual
ruler"; "like an unable phoenix in hot ashes"

Table 5.1: Various Sentiments associated with word “unable”
Each word is given a positive and negative score, followed by lemma of the word. This
is illustrated with examples in Table 5.1 for the word “unable”. Unable#1 has a negativity
score of 0.75 and its positivity score is 0. Unable#2 have a 0.375 negativity score and
positivity score equal to 0, while Unable#3 have non-zero scores for both positivity and
negativity score, viz. 0.125 and 0.25, respectively. The POS tags in the file are adjectives
denoted as “a”, verbs denoted as “v”, nouns denoted as “n” and “r” representing the
adverbs, examples of these POS tags are given in Table 5.2.
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POS

Positive

Negative

Definition

Tag

Score

Score

statement#7

n

0.375

0.25

a document showing credits and debits

interrupt#4

v

0.25

0.125

terminate; "She interrupted her pregnancy"; "break a
lucky streak"

sternly#1

r

0

0.125

with sternness; in a severe manner; "`No,' she said
sternly"

Table 5.2: Various Sentiments associated with different POS tags

Basari et al (2013) proposed sentiment analysis of movie reviews using a hybrid approach
of SVM and Particle Swarm Optimization method. Awadallah et al (2012) have modelled
a two-stage sentiment analysis process for political topics. Sentences with opinions were
collected, and opinion holder and topics were extracted. Oshana et al (2009) proposed
SentiWordNet for computing sentiment reviews. Since then SentiWordNet has been
popularly used in several applications and it is publicly available for use. Seki et al (2006)
performed a similar work for query-based summarization, while in the present work we
are focusing on generic summary generation, which is conceptually more challenging.
Yadav and Sharan (2016) have worked on text extraction using statistical and sentiment
features. The authors considered sentiments of terms in sentences with other features. In
this work the authors dealt with a self-created dataset collected from articles from "The
Hindu", "Times of India" etc. with the help of Alchemy API. However, effect of
sentiments on summarization using standardized datasets were not performed.
We, in this research have worked only on sentiments using standardized dataset of
DUC2002 for evaluating the effectiveness. In Section 5.2.2 we evaluated the effectiveness
of sentiment for summarization.
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5.2.2 Proposed Summarization Model
This section presents the proposed summarization scheme for evaluating the effectiveness
of using sentiment alone for Text Summarization. The approach is based on the hypothesis
that sentiment computation of sentences can be used to figure out the key sentences in a
document. The steps of the summarization process are explained below.
1. Pre-processing: This step involves removal of stop words. Further sentences and
paragraphs are split into separate entities. Each word of the sentence is reduced to
its stem word using Porter Stemming algorithm and base word is stored in a map
for future reference. The details of the steps followed in pre-processing is same as
in Chapter 3.
The algorithm assigns sentiments according to the POS tags of the words. In order
to achieve this, we have used Stanford POS tagger. As indicated in earlier this
step is performed considering each sentence as an independent text. For each term
in the sentence the sentiment is retrieved from the SentiWordNet database
Term

POS tag

Sentiment

years

n

0

produced

v

0

oscar

n

0

award

n

0.13636

statuettes

n

0

motion

n

-0.006713

created

v

0

term

r

0

coveted

a

0.625

industry

n

0.015

picture

n

-0.007152

Table 5.3: Example of sentiment scores in a sentence
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corresponding to its POS tags. Here the sentence sentiment score is computed as
the sum of the sentiment values of all the terms in the sentence. A highest positive
sentence is selected followed by a highest negative and so on (Yadav & Chatterjee,
2016).
2. Sentences are arranged in order of importance by the values of sentiments as
discussed in Step 2. Further, top p% of the sentences are selected, where p is the
percentage of compression required.
Section 5.2.3 discusses the results and analysis of the several experiments conducted.

5.2.3 Results & Analysis
Articles of DUC2002 dataset have been used for evaluation purpose of the proposed
technique using ROUGE scores. The results are computed for 10%, 25% and 50%
summarization. The results for recall measures over comparison summarization systems,
are presented in Table 5.4. The results clearly show that the proposed technique is a
competent feature for Text Summarization. Hence, sentiment can be used as a measure to
evaluate the effectiveness of a sentence as important.
Methods

LSA

GW

PSO

Sentiment

ROUGE-1

0.6798

0.6505

0.6436

0.6401

ROUGE-2

0.3237

0.3396

0.3126

0.2734

ROUGE-L

0.6397

0.6173

0.6104

0.5945

ROUGE-SU

0.3998

0.4021

0.3838

0.3860

25%

ROUGE-1

0.4564

0.4426

0.3782

0.3716

Summar

ROUGE-2

0.1936

0.2010

0.1625

0.1204

ROUGE-L

0.4250

0.4135

0.3507

0.3391

ROUGE-SU

0.1869

0.1924

0.1362

0.1347

10%

ROUGE-1

0.2205

0.2125

0.1796

0.1306

Summar

ROUGE-2

0.0817

0.0864

0.0757

0.0362

ROUGE-L

0.2017

82 0.1966

0.1655

0.1182

ROUGE-SU

0.0511

0.0542

0.0389

0.0217

50%

y

y

Table 5.4. Results for sentiment-based summarization

From Table 5.4 it can be seen that the sentiment-based summarization technique despite
being simple performs at a variation of 6.2% when compared with the popular
summarization techniques. Sentiment can be an effective feature in discriminating
important sentences in conjunction with other features. The other popular features used in
literature are given in Section 5.3.

5.3 Features for Supervised Summarization
We here describe the features that are considered in this research for Multi-document
Summarization based on deep analysis of previously chosen features in various supervised
summarization techniques. The features we have chosen for our experiments are the best
state of art features and are given as follows.
i) Sentence Position: The position of a sentence (Kupiec et al, 1995, Yeh et al, 2005,
Sharan et al, 2008, Chali et al, 2009) in a text document plays a key role in
determining its importance level. The sentences placed at the start of the text are
generally more important than the ones in the interior. We shall follow the
approach given in (Chatterjee et al, 2012), which measures the importance of the
ith sentence in a document with N sentences as follows:
𝑆𝑃𝑖 =

2(𝑁 − 𝑖)
𝑁(𝑁 + 1)

ii) Sentiment score: Sentiment scores have recently been proposed for Text
Summarization (Chatterjee and Yadav, 2016). The details of this feature are
discussed in Section 5.2. The sentiment associated with a text fragment is the
opinion that persists in it. Higher sentiment in the text fragment emphasizes on the
presence of certain key facts. The neutral sentiment conveys absence of any key
subjectivity by the author. In this work we have used SentiWordNet (Baccianella
et al, 2010) for computing sentiment score of words present in the sentence.
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iii) Presence of positive and negative words: A sentence containing a greater number
of positive words is more important than the one without any positive words.
Hence, in this work a count of number of positive and negative words is taken into
consideration. The positive and negative words are determined using
SentiWordNet (Baccianella et al, 2010). Kiani and Akbarzadeh (2006) and Chali
et al (2009) have use this concept.
iv) Cohesion: Cohesion is the property of mutual relatedness of sentences among each
other. Cohesion is computed (Yeh et al, 2005, Chatterjee et al, 2018) using
sentence to sentence similarity for each sentence of the collection. The idea behind
using cohesion as a feature for summarization is that the sentences that are more
important tend to be more cohesive and hence gather key information.
v) Tf-isf: tf-isf is the term frequency and inverse sentence frequency score of a
sentence in a document. Mathematically, it is given by: tf-isf𝑖𝑘 = 𝑡𝑓𝑖𝑘 ∗
𝑙𝑜𝑔( 𝑁/𝑛𝑘 ) where 𝑡𝑓𝑖𝑘 is term k in sentence i, 𝑛𝑘 is the number of sentences in the
input text that contains the term k and N is the total number of sentences in the
input text.
The sum of tf-isf scores is computed to evaluate the importance of a particular
sentence (Suanmali et al, 2009). The tf-isf score measures the importance of terms
from the point of view of sentence as well as importance of terms seen form the
view of the full text document.
vi) Presence of Nouns: Presence of Nouns play a key role in determining the salience
of a sentence (Kupiec et al, 1995) and hence has been used as a feature for
supervised MDTS. It has been elaborated (Kupiec et al, 1995) that sentences
containing nouns play a more important role in the summary generation process.
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vii) Presence of Numeric Quantities: Presence of numeric quantities also emphasize
importance of a sentence (Suanmali et al, 2009). The sentences containing numeric
quantities are considered more important than other sentences.
The following section describes the supervised techniques that are used for comparing
results.

5.4 Supervised Learning Techniques
Several supervised Machine Learning techniques are being used for various applications
and MDTS in particular. We aim to study and evaluate the performance of the popular
Machine Learning based techniques for MDTS and compare their results with Rough Set
based supervised techniques. The subsections below provide a brief description of the
popular Machine Learning based methods used for comparison by us. We use the
implementation of the following algorithms which are part of Weka (Hall et al, 2009,
Jensen, 2014, Wojna and Kowalski, 2017).

5.4.1 Support Vector Machine
Support Vector Machine (SVM) is a supervised learning technique proposed by Cortes
and Vapnik (1995). Initially, SVM was proposed for two-class classification problem.
Classification using SVM’s involve determination of optimal separating hyperplanes
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separating the two target classes such that the distance between them is maximum. Let us
illustrate the working of SVM algorithm with the dataset 𝐷 = {(𝑥⃗𝑖 , 𝑦𝑖 ), 𝑖 = 1. . . 𝑁} where
𝑦𝑖 is the decision class which is -1 for a negative sample and +1 for a positive sample. The
SVM algorithm finds hyperplane separating the two decision classes. This is illustrated
in Fig. 5.1 where there are several hyperplanes separating the two classes denoted by ‘+’
and ‘-’. The aim is to find that hyperplane which maximizes the distance between the two
decision classes. The classifier is based on the sign of f(xi) = wTxi + b, where wT x + b =
0 is the equation of hyperplane separating the two decision classes. The SVM algorithm

Fig. 5.1. Two Class Classification by Hyperplane
determine the optimal values of w and b for the given problem at hand (determined by 𝐷).
The SVM model for finding w and b and hence the separating hyperplane wT x + b is
based on the following optimization problem:
Minimize ½ wTw subject to
yi (wTxi + b) ≥ 1
When the training data is not linearly separable, a slack term, ξi, is included in the
optimization problem to deal with the misclassification that occurs while classifying. The
new optimization problem is as follows:
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minimize ½ wTw + CΣξi
yi (wTxi + b) ≥ 1- ξi
ξi ≥ 0
The parameter C is a regularization term to control the misclassification rate. The dual of
the optimization problem are solved by a quadradic programming problem solver.
Moreover, Kernel based techniques are used with SVM while solving the non-linearly
separable decision classes by mapping the input to a higher dimension.

5.4.2

Neural Networks

Neural Networks (Lippmann, 1987) mimics the working of biological nervous systems to
solve many real-life problems. A Neural Network processes information using massive
number of neurons which are immensely interconnected to each other. The neurons are
arranged in form of input layer, hidden layer and output layer. The connections between
neurons is represented by weights and determine the strength of association between them.
This is represented in Fig. 5.2. At each neuron i in hidden layer or output layer the net
output is computed as 𝑛𝑒𝑡_𝑜𝑢𝑡 = ∑𝑑𝑗=1 𝑤𝑗 𝑥𝑗 + 𝑤0 ≡ ∑𝑑𝑗=0 𝑤𝑗 𝑥𝑗 , where there are d
number of neurons in the current layer being considered, 𝑤𝑗 is the weight of jth neuron
in layer to the ith neuron, 𝑤0 is the weight of the bias and 𝑥𝑗 is the input at neuron j.
Subsequently, an activation function is applied on the net output to determine the output
at that neuron as 𝑦 = 𝑓(𝑛𝑒𝑡_𝑜𝑢𝑡).
The learning process involves determination of appropriate weights for the problem at
hand such that the error between the target and computed decision class is minimized. The
weights are updated using gradient descent approach. It typically takes several hundreds
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of iterations for the algorithm to converge. Once the final weights are obtained the model
can be used for the purpose of testing on unknown samples.

Hidden Layer



Input features







Output Classification

Output Layer

Input layer

Fig 5.2. Architecture of a Neural Network based training algorithm.

5.4.3 Random Forest
Decision trees (Shepherd, 1983) are individual learners and are one of the most commonly
used classification techniques. Here a node, represented by a feature, is selected for
expansion based on its purity value. There are various kinds of purity measures for
splitting a node in tree. One such popular measure is information gain which use the
concept of entropy. Entropy is defined in terms of information content of data given the
probability p(x) of occurrence of x. Mathematically,
1

𝐻(𝑋) = 𝐸(𝐼(𝑋)) = ∑𝑖 𝑝(𝑥𝑖 )𝐼(𝑥𝑖 ), where, 𝐼(𝐸) = 𝑙𝑜𝑔2 𝑝(𝑥) = − 𝑙𝑜𝑔2 𝑝 (𝑥) is the amount
of information reduction in uncertainty.

The lesser the probability the higher the

information content in it. Hence,
88

𝐻(𝑋) = 𝐸(𝐼(𝑋)) = ∑ 𝑝(𝑥𝑖 )𝐼(𝑥𝑖 ) = − ∑ 𝑝(𝑥𝑖 ) 𝑙𝑜𝑔2 𝑝 (𝑥𝑖 )
𝑖

𝑖

When the distribution is less uniform, the entropy value is lower and the purity is high.
The conditional entropy is defined as: 𝐻(𝑋|𝑌) = − ∑𝑗 𝑝(𝑦𝑗 ) 𝐻(𝑋|𝑌 = 𝑦𝑗 )
= − ∑𝑗 𝑝(𝑦𝑗 ) ∑𝑖 𝑝(𝑥𝑖 |𝑦𝑗 ) 𝑙𝑜𝑔2 𝑝 (𝑥𝑖 |𝑦𝑗 )
The information gain in choosing a feature Y is the amount of reduction in uncertainty by
knowing Y. Mathematically, information gain = (information before split) – (information
after split). The decision tree algorithm chooses the splitting node as the one which
produces highest information gain. Nodes are split until reduced dataset belong to a single
decision class. The method is powerful and simple.
Random forest (Breiman, 2001) is an ensemble based supervised learning technique that
generate several decision trees. Random samples of equal sizes are drawn from the given
data with replacement. For each of these samples a decision tree is formed. Testing of a
new sample is performed on all the decision trees so constructed. The final classification
is determined as the mode of all the predicted classes from the ensemble. This is
illustrated in Fig. 5.3.

Fig. 5.3. Illustration of workflow of Decision Tree
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5.4.4 K-Nearest Neighbor (KNN)
The K-Nearest Neighbor algorithm is a classification technique that assigns a decision
class to a sample based on the similarity between the sample to the K-nearest neighbours
from the training data. Euclidean distance is the most commonly used distance metric for
computing the distance between the n-dimensional sample point and training data points

The K-Nearest Neighbors are selected by comparing the Euclidean distances over the full
training set. The sample in n-dimensional space is assigned to a particular target class
which is the mode of the target classes of the K-Nearest Neighbors. In this way
classification of all the testing samples is computed. The algorithm is given in Fig. 5.4.
ALGORITHM. K-Nearest Neighbor Algorithm for Classification
Input. Training and testing data, K, the number of neighbors.
Output. Target decision class assignment of testing data.
1. For each y in testing set. Do
2. i = 0
3. Do until K-nearest neighbors found.
4. Evaluate Euclidean distance between y and xi
5. If i < K
6. Then NearestNeighbors = NearestNeighbors ∪ {xi}
7. Else if xi is closer to y than any z in set NearestNeighbors
8. Then choose largest such z
9. NearestNeighbors = NearestNeighbors – {z}
10. NearestNeighbors = NearestNeighbors ∪ {xi}
11. i = i + 1
12. End of until
13. Assign xi to majority class in NearestNeighbors
14. End of for loop
End

Fig. 5.4. Algorithm for K-Nearest Neighbor
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5.4.5 Fuzzy Nearest Neighbour
Fuzzy Nearest Neighbour (Keller et al, 1985) is an enhanced version of K-Nearest
Neighbour classification algorithm. In contrast to simple Nearest Neighbour algorithm
each nearest neighbour is assigned a membership up to which it may belong to a target
class. The memberships to a class guarantee that a particular sample belongs to a specific
class with an assigned membership. The importance of this method can be illustrated with
the following example, where a sample has a membership of 0.49 to one class and 0.51 to
the other class. Here both memberships are nearly equal. If crisp assignment of sample to
a class is required then this may lead to error in assignment. To obtain the classification
of the sample K-nearest neighbours of the sample are selected. The maximum membership
out of K-nearest neighbours determine the class of the test data. The algorithm is given in
Fig 5.5.
ALGORITHM. Fuzzy K-Nearest Neighbor Algorithm for Classification
Input. Training and testing data, K, the number of neighbors; uij,the membership of ith training data to jth target
class, parameter m.
Output. Target decision class assignment of testing data.
Start
1. For each y in testing set. Do
2. i = 0
3. Do until K-nearest neighbors found and i < K
4. Evaluate Euclidean distance between y and xi
5. If i < K
6. Then NearestNeighbors = NearestNeighbors ∪ {xi}
7. Else if xi is closer to y then any z in set NearestNeighbors
8. Then choose largest such z
9. NearestNeighbors = NearestNeighbors – {z}
10. NearestNeighbors = NearestNeighbors ∪ {xi}
11. i = i + 1
12. End of until
13. Assign y fuzzy membership to each class using 𝜇 𝑖 (𝑦)

=

1
)
||𝑦−𝑥𝑗||2/(𝑚−1)
1
𝐾
∑𝑗=1 (
)
||𝑦−𝑥𝑗||2/(𝑚−1)

∑𝐾
𝑗=1 𝑢𝑖𝑗 (

14. End of for loop
End

Fig. 5.5. Algorithm for Fuzzy K-Nearest Neighbor
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5.4.6

Logistic Regression

Logistic Regression (Hosmer et al, 2013) is a classification technique which use logit
distribution to evaluate the likelihood of observed data as function of parameters. The
maximum likelihood is estimated which maximizes this function and determines the
parameters that best fits the training data. Let Y be random variable of binary classifier
with classes being ‘0’ and ‘1’ and 𝑥⃑ be the input vector. The Logistic Regression classifier
models 𝑝(𝑥⃑) as 𝑃(𝑌 = 1|𝑥⃑). When a linear model is used viz. 𝑝(𝑥⃑) = 𝛽0 +
𝛽1 𝑥1 +. . . +𝛽𝑝 𝑥𝑝 , its range lies outside the interval [0, 1] and hence the following logit
transformation model is used in this technique:

𝑙𝑜𝑔 (

𝑝(𝑥⃑)
) = 𝛽0 + 𝛽1 𝑥1 +. . . +𝛽𝑝 𝑥𝑝
1 − 𝑝(𝑥⃑)

And from this it follows that:

𝑝(𝑥⃑) =

𝑒𝑥𝑝( 𝛽0 + 𝛽1 𝑥1 +. . . +𝛽𝑝 𝑥𝑝 )
1 + 𝑒𝑥𝑝( 𝛽0 + 𝛽1 𝑥1 +. . . +𝛽𝑝 𝑥𝑝 )

The parameters 𝛽0 , 𝛽1 , . . . , 𝛽𝑝 in this model are determined iteratively by using maximum
likelihood estimate of the following:
∏𝑛𝑖=1{𝑝(𝑥⃑) 𝑦𝑖 [1 − 𝑝(𝑥⃑𝑖 )] 1−𝑦𝑖 },
Once convergence is reached, the parameters are determined and testing is performed with
determination of the target class.

5.4.7

Naïve Bayes

Naïve Bayes (Friedman et al, 1997) is a popular Machine Learning technique for
classification due to its proven use in handling high dimensional data and simplicity of
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the concept. The Naïve Bayes classifier employ the concept of assigning the target class
from a set of target classes 𝐷 which maximizes the conditional probability of target class
given the features defining the class. This is given as follows:
a = arg 𝑚𝑎𝑥𝑎 ∈𝐷 P(a | f1 f2 … fn)
where P(a | f1 f2 … fn) is the probability of target class 𝑎 ∈ 𝐷 given the features f1 f2 … fn.
Bayes Theorem is used to compute P(a | f1 f2 … fn). Subsequently, the conditional
independence of the features is applied.

5.5 Rough Set based Supervised Techniques
Rough Set-based supervised techniques have inherent ability to handle inconsistencies
present in data. The popular Rough Sets based classifiers viz. LERS (Gyzmala, 2005) and
Fuzzy Rough Nearest Neighbor (Jensen and Cornelis, 2011) are being discussed in this
section.

i)

Rough Set based LERS Algorithm
Consider a Universe 𝑈 of objects under consideration. Each object of Universe is
defined by a set of attributes R. Rough Set based techniques are based on the elements
which are indistinguishable from each other with respect to the attribute set. As
discussed before such elements are said to be in an indiscernibility class. The partition
induced by an indiscernibility relation R shall be denoted by R*, for simplicity. These
concepts are used in the algorithm for rule generation using Rough Sets known as
Global Rule Generation Algorithm (Grzymala, 2005). We shall study here a version
of LERS namely, Learning from Examples Module 1 (LEM1) which is based on
computing rules through global covering. A global covering is the attribute set that is
the minimal subset of attributes satisfying the condition that the concepts covered by
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these attributes are contained in some equivalence class of the decision attribute.
Given a decision system a global covering P satisfies the following two conditions:
a)

P* ≤ D*, viz. all concepts determined by P are contained in concepts
determined by D.

b)

For any r ∈ R, the following does not hold (P - {r}) * ≤ D*.

Finding all global coverings is a problem of exponential time complexity and most
problems compute a single global covering. Each indiscernibility class of (U, P), where
P is a global covering, corresponds to a rule. Here, the consequent of the rule
corresponds to the decision class and the antecedent of rule corresponds to attributevalue pair. The attribute corresponds to the global coverings and corresponding values
of objects in the indiscernibility class forms the required pair. Further, each attributevalue pair is dropped from a rule and resulting rule set is checked for consistency. The
minimal number of attribute-value pairs are kept in the final rule. Finally, this rule set
is used to evaluate the testing phase.

ii) Fuzzy Rough Nearest Neighbour Algorithm
Jensen and Cornelis (2011) proposed Fuzzy Rough Nearest Neighbour Algorithm. This
is based on Fuzzy Rough Set based lower and upper approximations of K-nearest
neighbours to various decision classes. A decision class is assigned is the one that
takes the maximum of the average of lower and upper approximations. The maximum
membership out of K nearest neighbours determine the class of the test data.
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5.6 Comparison of Rough Set based methods
with other Supervised Techniques for MDTS
Here we analyse the generic Multi-document Text Summarization problem with respect to
supervised techniques. We have evaluated the algorithms on DUC2003 and DUC2005
datasets. These datasets contain a clusters of multiple news files and each is provided with
sample reference summary. In case of DUC2003 multiple 100-word summary are provided
while in case of DUC2005 multiple 250-word generic summaries are provided. These
summaries have been generated by human experts. DUC2002 Multi-document dataset has
been used for the purpose of training. We use automatic evaluations of summaries
generated by our systems and other supervised techniques using ROUGE scores.
Table 5.1 and Table 5.2 provide the comparison of results for the supervised techniques
discussed and Rough Set based techniques.
FuzzyNN

Fuzzy
Rough
NN

KNN

Naïve
Bayes

Neural
Networks

Random
Forest

ROUGE-1

0.2798

ROUGE-2

SVM

LERS

0.2815

0.2794

0.2772

0.2726

0.2476

0.2654

0.2952

0.0482

0.0480

0.0478

0.0457

0.0441

0.0412

0.0460

0.0548

ROUGE-L

0.2349

0.2369

0.2354

0.2338

0.2330

0.2125

0.2240

0.2459

ROUGE-SU

0.0866

0.0863

0.0853

0.0852

0.0829

0.0761

0.0815

0.0926

Table 5.5. Results of DUC2003 dataset for supervised techniques and Rough Set
based techniques.
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FuzzyNN

Fuzzy
Rough
NN

KNN

Naïve
Bayes

Neural
Network

Random
Forest

SVM

LERS

ROUGE-1

0.2859

0.2863

0.2832

0.2884

0.2689

0.2623

0.2770

0.2796

ROUGE-2

0.0375

0.0363

0.0353

0.0368

0.0333

0.0337

0.0348

0.0375

ROUGE-L

0.2386

0.2377

0.2344

0.2382

0.2234

0.2189

0.2304

0.2336

ROUGE-SU

0.0870

0.0865

0.0854

0.0871

0.0812

0.0796

0.0668

0.0861

Table 5.6. Results of DUC2005 dataset for supervised techniques and Rough Set
based techniques.

From Table 5.5 it is evident that LERS performs best for DUC2003 dataset among all the
techniques evaluated. Though, no such inference can be drawn for DUC2005 dataset as
presented in Table 5.6. However, we also noted some drawbacks in the application of
supervised techniques for MDTS. The key drawback is the number of sentences selected
for summary is much smaller than the sentences classified as important. To improve this
problem and enhance the results of supervised learning we propose the measure called
Rank-Measure. The technique is described in the following section.

5.7 Proposed Rough Set based Rank-Measure
Most problems in Machine Learning classifies the objects of Universe to a relevant
decision class but the objects are not ranked after classification. Ranking of classified
objects of Universe per decision class is a challenging problem. In this section we propose
a novel Rough Set based measure called Rank-Measure to solve this problem. It shall be
utilized for ranking the elements to a particular class. It differs from Pawlak’s Rough Set
based membership function which gives an equivalent characterization of the Rough Set
based approximations. It becomes important to look beyond the traditional approach while
handling inconsistent, erroneous and missing data that is typically present in real world
problems. This led us to propose the Aggregate-Rank-Measure. This is utilized for
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numerical characterization of within-class ranking of objects. We also establish certain
properties of Rank-Measure and Aggregate-Rank-Measure based ranking. Finally, we
apply the concept of ranking and aggregate ranking to the problem of supervised Multidocument Summarization wherein first the important class of sentences are determined
using various supervised learning techniques and are post-processed using the proposed
ranking measure

5.7.1

Motivation

The motivation behind the work is firstly to propose a novel Rough Set based ranking
functions to rank important sentences for their belongingness to the extract. Each element
of the Universe may belong to the decision class Di with a membership measure called
Rank-Measure. Here we propose to use the theory of Rough Sets to define the RankMeasure. Once the ranks are assigned, top elements of Universe belonging to a particular
decision class are selected. In supervised Multi-document Text Summarization (MDTS)
typically there are two classes - relevant and non-relevant. The MDTS data is huge and
the supervised classes obtained after classification by a Machine Learning algorithm can
be ranked by the proposed technique.
[

The major work related to application of Rough Sets to the problem of ranking are as
follows. Greco and Slowinski (1999) have proposed multi-criterion decision making using
Rough Sets wherein decision rules generated through rough approximation of a preference
relation is used for ranking. Zhang et al (2010) performed object ranking in ordered
Information System via transforming the data into a binary form. The authors have
conducted experiments on university ranking datasets. Here, decision class was used only
to compute the importance of an attribute and not the decision class. Naim and Ali (2011)
proposed technique for rank-fusion using Rough Sets. None of these works propose
ranking of objects of Universe using ranking functions as proposed in this chapter.
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Furthermore, any classification algorithm for MDTS, in general, selects the key sentences
according to the classifier. However, they do not assign any ranking to the decision class.
The absence of ranking of the sentence in such supervised techniques makes selection of
sentences limited to top sentences of corpus which are labelled as ‘relevant’, while
ignoring the remaining equally important ones. Hence, we have designed a ranking
procedure, named Rank-Measure, on the top of a classifier. This ranking is performed on
the basis of a Rough Set based function. We have evaluated the Rough Set based rankings
for the effectiveness of the proposed techniques.

5.7.2

Proposed Rank-Measure

Rough Set based Rank-Measure is defined by using indiscernibility relation for improving
the results obtained by supervised techniques for Rough Set based MDTS. The problem
can be viewed as an element ranking problem wherein a rank is assigned to each sentence
(object) of the Universe given a decision class.
The Rough Set based Rank-Measure of an object x is used to measure the degree of
belongingness of a set X into a concept of a partition containing x. It measures the degree
of overlap of the set and the concept of partition to which it belongs. It is defined for a set
of attributes P = {a1, a2, .. , an} as follows:
𝜌𝑃 (𝑥) =

|[𝑥]𝑃  𝑋|
|𝑋|

Here [𝑥]𝑃 is the equivalence class to which x belongs and X is the decision class which is
to be ranked. This can be interpreted as the membership of each element of the Universe
to decision class X, given the set X.
One problem of Rank-Measure is that in reality there are situations where errors in
measurements or noise may affect the results. In such cases X may intersect with
maximum indiscernibility classes [𝑥]𝑎𝑖 without intersecting [𝑥]𝑃 . Example 5.1 below
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illustrate this case. Here decision class X={x2, x5} and x1 and x2 differ in one bit only.
Still the rank of x1 produced by Rank-Measure is 0 while intuitively it should be greater
than 0. This led us to define Aggregate Rank-Measure as given in next section.

5.7.3

Proposed Aggregate-Rank-Measure

We now define the Aggregate-Rank-Measure function on U given the decision class X
and a set of attributes P as follows:
𝐴𝑔𝑔

𝜌𝑃

( ∑𝑎𝑖 𝜖 𝑃 𝜇𝑎𝑖 (𝑥) )
|𝑃|

=

(𝑥)

The aggregate membership function proposed above caters to the membership of x given
the decision class X with respect to all the features considered for evaluation. As can be
seen in Example 5.1 the aggregate Rank-Measure of x1 is substantially better than the
results obtained using Rank-Measure alone.
Example 5.1. Consider the Information System given in Table 5.7. Let X = {x2, x5}.
a1

a2

a3

x1

0

1

1

x2

0

1

0

x3

0

0

0

x4

1

1

1

x5

0

1

0

x6

0

1

1

Table 5.7. Information System for Example 1

Then, 𝜌𝑃 (𝑥1) =

𝐴𝑔𝑔

𝜌𝑃

(𝑥1) =

| {x1,x6 } ∩ { x2,x5 } |
| { x2,x5 } |

=0

1 | {x1, x2, x3, x5, x6 } ∩ {x2, x5 }|
{
|{x2, x5 }|
3
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+

|{x1,x2,x4,x5,x6 } ∩ {x2,x5 }|
|{x2,x5 }|

+
1

2

=3{ 2 +

2
2

+

| {x1,x4,x6 } ∩ { x2,x5 } |
| { x2,x5 } |
0
2

}

2

} = 3 = 0.66
𝐴𝑔𝑔

It is to be noted that x1 and X differ in one bit only. While 𝜌𝑃 (𝑥1) is 0, 𝜌𝑃

(𝑥1) is

providing a better estimate of Rank-Measure of x1 to the set X. The ranks of all the objects
of Universe are given in Table 5.8. Hence the list of objects that belong to decision class
X={x2, x5} arranged in ascending order is {x2, x5, x1, x3, x4, x6}.
𝜌𝑃

𝐴𝑔𝑔

𝜌𝑃

x1

0

0.66

x2

1

1

x3

0

0.66

x4

0

0.33

x5

1

1

x6

0

0.33

Table 5.8. Rank-Measure and Aggregate Rank-Measure of Example 1

The proposed measure can be used for misclassification, missing values and errors in
measurements. Here, a re-ranking of objects of Universe is performed with respect to the
set X, which may be obtained from a supervised or unsupervised learning algorithm.
In the next section we analyze some properties of Rank-Measure and relationship between
Rank-Measure and Aggregate-Rank-Measure.
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5.7.4

Properties of Rough Set based Rank-Measure and
Aggregate-Rank-Measure

We have established some important properties of Rank-Measure. These are given as
follows. In the following proofs A[x, i] refers to information table entry with sample x
and attribute value i.
𝐴𝑔𝑔

Proposition 1. 𝜌𝑃 (𝑥) = 1 if and only if 𝜌𝑃
𝐴𝑔𝑔

Proof. Suppose 𝜌𝑃
⇒

( ∑𝑃𝑖 𝜖 𝑃 𝜌𝑃𝑖 (𝑥) )
|𝑃|

(𝑥) = 1.

(𝑥) = 1

= 1, ∀ i

⇒ 𝜌𝑃𝑖 (𝑥)= 1, ∀ i
⇒

|[x]𝑃𝑖  𝑋|
|𝑋|

=1, ∀ i

⇒ ∀ x ∈ X, x ∈ [x]𝑃𝑖 , ∀ i
⇒ x ∈ [x]𝑃
Hence, 𝜌𝑃 (𝑥) = 1.
Conversely, let 𝜌𝑃 (𝑥) = 1
⇒

|[x]𝑃  𝑋|
|𝑋|

=1

⇒ ∀ x ∈ X, x ∈ [x]𝑃
⇒ ∀ x ∈ X, x ∈ [x]𝑃𝑖 , ∀ i
⇒ 𝜌𝑃𝑖 (𝑥)= 1, ∀ i
𝐴𝑔𝑔

Hence, 𝜌𝑃

(𝑥) = 1.
𝐴𝑔𝑔

Note though 𝜌𝑃 (𝑥) = 0, may not imply 𝜌𝑃

(𝑥) = 0. The counter example is illustrated

in Example 5.1.
Proposition 2. If 𝜌𝑃 (𝑥) = 1 then 𝜌𝑄 (𝑥) = 1, where Q ⊆ 𝑃.
Proof. 𝜌𝑃 (𝑥) = 1
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⇒
⇒

|[x]𝑃  𝑋|
|𝑋|

=1

|[x]𝑄  𝑋|

= 1, since Q ⊆ 𝑃 implies [x]𝑃 ⊆ [x]𝑄 . Hence, 𝜌𝑄 (𝑥) = 1.

|𝑋|

Also, note that Proposition 2 may not hold when P ⊆ 𝑄. This is illustrated in the example
given in Table 5.3. Let us consider the case when P = {a1, a2} and 𝑄 = {a1, a2, a3}. Here
P ⊆ 𝑄 and consider X = {x2, x5}. Then, 𝜌𝑃 (𝑥) = 1 but 𝜌𝑄 (𝑥) = 0.
Proposition 3. If 𝜌𝑃 (𝑥) = 0 then 𝜌𝑄 (𝑥) = 0, where P ⊆ 𝑄.
Proof. 𝜌𝑃 (𝑥) = 0
⇒
⇒

|[x]𝑃  𝑋|
|𝑋|

=0

|[x]𝑄  𝑋|

= 0, since P ⊆ 𝑄 implies [x]𝑄 ⊆ [x]𝑃 . Hence, 𝜌𝑄 (𝑥) = 0.

|𝑋|

𝐴𝑔𝑔

Proposition 4. If 𝜌𝑃
𝐴𝑔𝑔

Proof. 𝜌𝑃
⇒

(𝑥) = 1 then 𝜌𝑄𝐴𝑔𝑔 (𝑥) = 1 where Q ⊆ 𝑃.

(𝑥) = 1

( ∑𝑃𝑖 𝜖 𝑃 𝜌𝑃𝑖 (𝑥) )

=1

|𝑃|

⇒ 𝜌𝑃𝑖 (𝑥) = 1, ∀ 𝑃𝑖 𝜖 𝑃
⇒ 𝜌𝑃𝑖 (𝑥) = 1, ∀ 𝑃𝑖 𝜖 𝑄, since Q ⊆ 𝑃
⇒

( ∑𝑃𝑖 𝜖 𝑄 𝜌𝑃𝑖 (𝑥) )

𝐴𝑔𝑔

= 1. Hence, 𝜌𝑄

|𝑄|

𝐴𝑔𝑔

Proposition 5. If 𝜌𝑃
𝐴𝑔𝑔

Proof. 𝜌𝑃
⇒

(𝑥) = 0 then 𝜌𝑄𝐴𝑔𝑔 (𝑥) = 0 where Q ⊆ 𝑃.

(𝑥) = 0

( ∑𝑃𝑖 𝜖 𝑃 𝜌𝑃𝑖 (𝑥) )
|𝑃|

(𝑥) = 1.

=0

⇒ 𝜌𝑃𝑖 (𝑥) = 0, ∀ 𝑃𝑖 𝜖 𝑃
⇒ 𝜌𝑃𝑖 (𝑥) = 0, ∀ 𝑃𝑖 𝜖 𝑄, since Q ⊆ 𝑃
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⇒

( ∑𝑃𝑖 𝜖 𝑄 𝜌𝑃𝑖 (𝑥) )
|𝑄|
𝐴𝑔𝑔

Hence, 𝜌𝑄

= 0.

(𝑥) = 0.

Also, we may note the fact that Proposition 4 and 5 may not hold when P ⊆ 𝑄.
𝐴𝑔𝑔

Proposition 6. If 0 ⋖ 𝜌𝑃 (𝑥) < 1 then 0 ⋖ 𝜌𝑃

(𝑥) < 1 .

Proof. Since 𝜌𝑃 (𝑥) < 1, ∃ y ∈ X such that y ∉ [x]𝑃 . Hence, ∃ i ∈ P such that A[x, i] ≠
𝐴𝑔𝑔

A[y, i] and hence y ∉ [x]𝑃𝑖 . From this it follows that 𝜌𝑃

(𝑥) ≠ 1.

Also since 𝜌𝑃 (𝑥) ≠ 0, ∃ y ∈ X such that y ∈ [x]𝑃 .
Hence, ∀ i ∈ P A[x, i] = A[y, i] and hence y ∈ [x]𝑃𝑖 i.e. y ∈ the indiscernibility class of
𝐴𝑔𝑔
𝐴𝑔𝑔
X with respect to 𝑃𝑖. Hence 𝜌𝑃𝑖 (𝑥) ≠ 0. Therefore, it follows that 0 ⋖ 𝜌𝑃 (𝑥) < 1.

Proposition 7. If 𝜌𝑃 (𝑥) = 𝜌𝑃 (𝑦) = 1 then [x]𝑃 = [y]𝑃 𝑓𝑜𝑟 x, y ∈ 𝑋.
Proof. 𝜌𝑃 (𝑥) = 𝜌𝑃 (𝑦)
⇒

|[x]𝑃  𝑋|
|𝑋|

=

|[y]𝑃  𝑋|
|𝑋|

=1

⇒ X ⊆ [y]𝑃 and X ⊆ [x]𝑃
Also, [x]𝑃 = { u ∈ U: A[u, i] = A[x, i] ∀ i }
[y]𝑃 = { u ∈ U: A[u, i] = A[y, i] ∀ i }
If y ∈ X, and X ⊆ [x]𝑃 then A[x, i] = A[y, i] ∀ i
From the above it follows that [x]𝑃 = [y]𝑃 .
In general, if 𝜌𝑃 (𝑥) = 𝜌𝑃 (𝑦) ≠ 1, the Proposition may not hold.
In Section 5.7.5 we discuss the application of Aggregate-Rank-Measure in the area of
supervised Multi-Document Text Summarization.
103

5.7.5 Results for Rough Set based Rank-Measure based
Multi-document Text Summarization
The algorithm for using Aggregate-Rank-Measure for MDTS for extract computation is
given in Fig. 5.6. The flowchart for the overall architecture of the proposed technique is
given in Fig. 5.7. The algorithm starts with feature extraction on training data and tagging
the target class to relevant or non-relevant. The training data is sent to a supervised
technique and a model is built. Testing is performed using this model and set of all
sentences which are classified as relevant are separated to the set D. The sentences in
testing data are parsed and are represented using the GLOVE based word embeddings. An
Information System (U, A) is built, here U is the Universe of all the sentences, P is the
GLOVE features. For the decision class D of important sentences, the Aggregate-RankMeasure of each sentence is computed. Consequently, the sentences having higher rank
are selected to form the extractive summary.

ALGORITHM. Proposed Rough Set based Aggregate-Rank-Measure computation for Post-Processing Supervised
Multi-document Text Summarization
Input. Sentences selected from a supervised learning algorithm L.
Output: Relevancy of Sentence Importance and Extract
1. Compute target class D from the input viz. sentences classified as important based on L.
2. Parse the sentences in testing data and compute the word embeddings of the sentences using GLOVE
representation of the sentences.
3. Add the sentences and all features to Information System (U, A), where U is the Universe of sentences, the set A
corresponds to the GLOVE features.
4. For the decision class D of important sentences generated from a supervised learning algorithm evaluate the
Aggregate-Rank-Measure of each sentence.
5. Sort the sentences selected in descending order of Aggregate-Rank-Measure.
6. Generate N word summary from the sorted list.
End

Fig. 5.6. Algorithm to compute Rank-Measure and Extract
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Figure 5.7. Flowchart of overall flow of the proposed Supervised MDTS
In Table 5.9 results of MDTS for DUC2003 with the proposed Aggregate-Rank-Measure
are provided. The results are best for Rough Set based Fuzzy Rough Nearest Neighbor
FuzzyNN

ROUGE-1

0.2940

Fuzzy
Rough
NN
0.2956

KNN

Logistic

Naïve
Bayes

Neural
Network

Random
Forest

SVM

0.2954

0.2750

0.2858

0.2903

0.2647

0.2789

ROUGE-2

0.0508

0.0517

0.0518

0.0483

0.0476

0.0493

0.0460

0.0490

ROUGE-L

0.2476

0.2492

0.2507

0.2312

0.2392

0.2448

0.2246

0.2352

ROUGE-SU

0.0920

0.0919

0.0921

0.0856

0.0877

0.0902

0.0829

0.0866

Table 5.9. Results of DUC2003 for various supervised learning algorithms with Aggregate-RankMeasure
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algorithm and K-Nearest Neighbor algorithms among all the supervised techniques
evaluated viz. Fuzzy Nearest Neighbor, Fuzzy Rough Nearest Neighbor, K-Nearest
Neighbor, Logistic Regression, Naïve Bayes, Neural Network, Random Forest and SVM.
Table 5.10 provide the percentage increase in ROUGE for all the supervised techniques
with the proposed post-processing using Aggregate-Rank-Measure for DUC2003 dataset.
The increase is computed over the previous results computed in Table 5.5 which does not
perform the post-processing.

Fuzzy NN

Fuzzy
RoughNN

KNN

Logistic

ROUGE-1

5.07

4.99

5.70

5.80

ROUGE-2

5.37

7.64

8.24

ROUGE-L

5.41

5.21

ROUGE-SU

6.22

6.50

Naïve
Bayes

Neural
Network

Random
Forest

SVM

3.08

6.51

6.91

5.09

8.20

4.16

11.88

11.73

6.57

6.48

5.50

2.31

5.10

5.70

5.00

7.91

7.30

2.89

8.83

8.87

6.27

Table 5.10. Percent increase in DUC2003 results for various supervised learning algorithms with
Aggregate-Rank-Measure.
Form Table 5.10 it is evident the results of all the supervised techniques are increasing
when the proposed post-processing was performed. The ROUGE scores are improved to
various degrees upon using Aggregate-Rank-Measure, the maximum increase being 11.88
percent.

In Table 5.11 results of MDTS for DUC2005 with the proposed Aggregate-

Rank-Measure are presented. The results are computed for the following supervised
techniques: Fuzzy Nearest Neighbor, Fuzzy Rough Nearest Neighbor, K-Nearest
Neighbor, Naïve Bayes, Random Forest and SVM. The best results for DUC2005 are
obtained for Fuzzy Nearest Neighbor and Naïve Bayes algorithm. Table 5.12 presents the
percentage increase in ROUGE scores for the supervised techniques evaluated with the
proposed post-processing using Aggregate-Rank-Measure for DUC2005 dataset.

106

FuzzyNN

Fuzzy

KNN

Rough

Naïve

Neural

Random

Bayes

Network

Forest

SVM

NN
ROUGE-1
ROUGE-2

0.3064

0.3096

0.3054

0.3058

0.2692

0.2811

0.2900

0.0418

0.0404

0.0418

0.0429

0.0334

0.0392

0.0378

ROUGE-L

0.2513

0.2506

0.2493

0.2494

0.2239

0.2319

0.2366

ROUGE-SU

0.0941

0.0939

0.0933

0.0944

0.0814

0.0873

0.0880

Table 5.11. Results of DUC2005 for various supervised learning algorithms with AggregateRank-Measure
The increase is computed over the previous results computed in Table 5.6 which does
not perform the post-processing.

Table 5.12 shows that aggregate Rank-Measure

improves the ROUGE scores for all supervised techniques for DUC2005 datasets to
various degrees, the maximum increase being 18.36 percent.
FuzzyNN

Fuzzy

KNN

RoughNN

Naïve

Neural

Radom

Bayes

Networks

Forest

SVM

ROUGE-1

7.17

8.12

7.82

6.03

0.12

7.18

4.68

ROUGE-2

11.59

11.48

18.36

16.37

0.30

16.19

8.44

ROUGE-L

5.32

5.42

6.36

4.71

0.20

5.92

2.72

ROUGE-SU

8.17

8.58

9.24

8.40

0.30

9.70

5.92

Table 5.12. Percent increase in DUC2005 results for various supervised learning algorithms with
aggregate Rank-Measure.
We conclude this section with a note that the supervised MDTS systems has improved in
performance drastically by using the proposed Rough Set based algorithm. In Section 5.8
we propose Neighborhood Rough Set based technique for supervised Multi-document
Text Summarization with an aim to improve the results further.
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5.8 The Proposed Neighborhood LER Algorithm
The main drawback of the LERS algorithm is that it requires nominal attribute for rule
generation. Most of the real-life applications contain numerical values generated though
algorithms, collected through sensors or obtained through sources such as measurements.
Also, it may be noted that the Information System used in this work is numeric valued.
We propose to modify the existing LERS algorithm using Neighborhood Rough Sets.
Firstly, we define Neighborhood Rough Sets as follows.
Neighborhood Rough Set theory (Yao, 1999), is based on the indiscernibility relation
created using a distance metric to estimate the similarity of two objects for a
Neighborhood radius. Consider the Information System (𝑈, A) where 𝑈 is the Universe
under consideration and A is the knowledge about U in the form of the set of attributes
{a1, a2, … an}. For an element x ∈ 𝑈 the 𝛿-neighborhood of x is given as
𝛿𝑃 (𝑥) = { 𝑦 | 𝑦 ∈ 𝑈, ∆𝑃 (𝑥, 𝑦) ≤ 𝛿 }
where, ∆𝑃 is the distance function. A generic metric for distance functions is Minkowsky
distance (Hu et al, 2008):
𝑛

∆𝑃 (𝑥, 𝑦) = (∑| 𝑓(𝑥, 𝑎𝑖) − 𝑓(𝑦, 𝑎𝑖)| 𝑃 )

1/𝑃

𝑖=1

Where f (x, a) is value of x for attribute value a. The following are specialized and popular
forms of Minkowsky distance metric.
i.

∆𝑃 is Manhattan distance if P = 1.

ii.

∆𝑃 is Euclidean distance if P=2.

iii.

∆𝑃 is called Chebychev distance if P = ∞

The upper and lower approximations defined in terms of Neighborhoods are given as
follows (Hu et al, 2008):
𝑃𝑋 = { 𝑥 ∈ 𝑈 ∶ 𝛿𝑃 (𝑥) ⊆ 𝑋}
𝑃𝑋 = { 𝑥 ∈ 𝑈 ∶ 𝛿𝑃 (𝑥) ∩ 𝑋 ≠ ∅}
108

The other definitions such as boundary region and negative region can be defined as before
using these new definitions of lower and upper approximations.
We here propose Neighborhood Rough Set based Learning from examples which shall be
referred as NLER algorithm. The algorithm is given in Fig. 5.8 and is based on LER
algorithm given in Section 5.5.
ALGORITHM.

Proposed NLER Algorithm for Text Summarization

Input: Training and Testing Data in form of document collection and N = number of words
required in summary.
Output: Extractive summary
Start
1. Compute target class D for training data using ROUGE scores.
2. Parse the sentences in training data using and compute the features P of the sentences.
3. Add the sentences and all features to Information System (U, P).
4. Determine the Global Covering call it A using Neighborhood Rough Sets based distance for
each feature viz. each feature should be in a α-neighborhood for a specific α.
5. If A* ≤ D*
then
5.1 Generate the Global Covering and rules.
5.2 Reduce the rules further by deleting attributes from rules.
5.3 Check for consistency of reduced rules.
End
6. Output the rules
7. Test the rules on testing data and generate importance of sentences.
8. Create the N words summary by selecting N words form beginning of text.
End

Fig. 5.8. Algorithm for NLER based MDTS
Here the lower approximation and upper approximation are computed using
Neighborhood Rough Set. The attributes which corresponds to the global coverings are
selected. Further, each attribute-value pair is dropped from a rule and resulting rule set is
checked for consistency using Neighborhood Rough Set. The minimal number of
attribute-value pairs are kept in the final rule. Finally, this rule set is used to evaluate the
testing phase.
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In Section 5.9 the proposed Rough Set based techniques are evaluated with the popular
supervised techniques and the experimental results are analysed.

5.9 Concluding Experiments & Results of
Proposed Techniques
In this section we study and analyse the techniques namely (i) Neighbourhood Rough Sets
based supervised learning, (ii) Rough Set based LERS, (iii) Fuzzy Rough Set based Nearest
Neighbor Algorithm and (iv) other non-Rough Set based supervised techniques. Moreover,
these techniques are evaluated with and without post-processing with Aggregate-RankMeasure and with classical membership based post-processing to get the conclusions of the
results of experiments conducted.
The non-Rough Set based supervised techniques that are evaluated for performance are:
Fuzzy Nearest Neighbour, K-Nearest Neighbour, Logistic Regression, Naïve Bayes,
Neural Networks, Random Forest and Support Vector Machine. The proposed
Neighborhood Rough Set based LERS algorithm is evaluated with a Neighborhood radius
of 0.2 and 0.3 and these are represented as Nbhd_0.2 and Nbhd_0.3 respectively.
The datasets used for training consists of documents from DUC2002 corpus. Each cluster
consists of five to ten documents. DUC2003 and DUC2005 datasets have been used for
evaluation of the results. From DUC2003 datasets sixty document clusters each made up
of multiple Single documents have been used for evaluations. We considered DUC2005
dataset consisting of 50 large document clusters of news articles for evaluation. The
results were computed by comparing the extracts with the gold summaries created by
experts.
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The results for all the supervised techniques and Neighborhood Rough Sets models for
summarization of DUC2003 documents without post-processing with Aggregate-RankFuzzyNN

Fuzzy
Rough
NN

KNN

Logistic

Naïve
Bayes

Nbhd
0.2

Nbhd
0.3

Neural

Random
Forest

SVM

LERS

ROUGE-1

0.2798

0.2815

0.2794

0.2599

0.2772

0.2849

0.2812

0.2726

0.2476

0.2654

0.2952

ROUGE-2

0.0482

0.0480

0.0478

0.0447

0.0457

0.0489

0.0475

0.0441

0.0412

0.0460

0.0548

ROUGE-L

0.2349

0.2369

0.2354

0.2191

0.2338

0.2394

0.2375

0.2330

0.2125

0.2240

0.2459

ROUGE-SU

0.0866

0.0863

0.0853

0.0798

0.0852

0.0877

0.0868

0.0829

0.0761

0.0815

0.0926

Table 5.13. Results of DUC2003 for various supervised learning algorithms and Neighborhood Rough Sets
without Aggregate-Rank-Measure
Measure are provided in Table 5.13. The results show that best results are obtained for
LERS algorithm for all measures of ROUGE scores.
Table 5.14 gives results for DUC2003 datasets with post-processing with classical
membership function. It is evident from the results given here that no improvement in
results are noted when instead of post-processing with Aggregate-Rough-Sets we postprocess with classical Rough Set based membership. Table 5.15 provide results with

FuzzyNN

Fuzzy
Rough
NN

KNN

Logistic

Naïve
Bayes

Nbhd
0.2

Nbhd
0.3

Neural

Random
Forest

SVM

LERS

ROUGE-1

0.2640

0.2716

0.2666

0.2681

0.2667

0.2628

0.2628

0.2522

0.2629

0.2698

0.2640

ROUGE-2

0.0425

0.0453

0.0427

0.0436

0.0422

0.0426

0.0426

0.0370

0.0390

0.0444

0.0425

ROUGE-L

0.2640

0.2716

0.2666

0.2681

0.2667

0.2628

0.2628

0.2522

0.2629

0.2698

0.2640

ROUGE-SU

0.0866

0.0863

0.0853

0.0798

0.0852

0.0877

0.0868

0.0829

0.0761

0.0815

0.0926

Table 5.14. Results of DUC2003 for various supervised learning algorithms and Neighborhood Rough Sets
with classical membership functions
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FuzzyNN

Fuzzy

KNN

Rough

Naïve

Nbhd

Nbhd

Neural

Random

Bayes

0.2

0.3

Network

Forest

SVM

LERS

NN
ROUGE-1

0.2859

0.2863

0.2832

0.2884

0.2915

0.2910

0.2689

0.2623

0.2770

0.2796

ROUGE-2

0.0375

0.0363

0.0353

0.0368

0.0391

0.0386

0.0333

0.0337

0.0348

0.0375

ROUGE-L

0.2386

0.2377

0.2344

0.2382

0.2396

0.2396

0.2234

0.2189

0.2304

0.2336

ROUGE-SU

0.0870

0.0865

0.0854

0.0871

0.0884

0.0884

0.0812

0.0796

0.0668

0.0861

Table 5.15. Results of DUC2005 for various supervised learning algorithms and Neighborhood Rough Sets
without Aggregate-Rank-Measure
Aggregate-Rank-Measure applied on the top of all the supervised summarization
techniques, both Rough Set based and non-Rough Set based, for DUC2003 dataset.It is
evident that Rough Set based techniques performs better for DUC2003 dataset both with
and without Aggregate-Rank-Measure. The proposed Neighborhood Rough Sets model
(NLER), namely Nbhd_0.2, with neighborhood radius of 0.2 is found to be performing
the best for ROUGE-1, ROUGE-L and ROUGE-SU metrics while LERS performs best
for ROUGE-2 scores. There is increase in ROUGE scores on using Aggregate-RankMeasure in DUC2003 documents and this increase in scores is persistent for all the
supervised techniques analysed. Tables 5.16 presents the results for DUC2005 dataset
FuzzyNN

Fuzzy

KNN

Logistic

Rough

Naïve

Nbhd

Nbhd

Bayes

0.2

0.3

Neural

Random

SVM

LERS

Forest

NN
ROUGE-1

0.2940

0.2956

0.2954

0.2750

0.2858

0.2985

0.2955

0.2903

0.2647

0.2789

0.2952

ROUGE-2

0.0508

0.0517

0.0518

0.0483

0.0476

0.0522

0.0486

0.0493

0.0460

0.0490

0.0548

ROUGE-L

0.2448

0.2448

0.2448

0.2448

0.2448

0.2448

0.2448

0.2448

0.2448

0.2448

ROUGE-SU

0.0920

0.0919

0.0921

0.0856

0.0877

0.0928

0.0899

0.0902

0.0829

0.0866

0.2448
0.0926

Table 5.16. Results of DUC2003 for various supervised learning algorithms and Neighborhood Rough Sets
with Aggregate-Rank-Measure
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with Neighborhood Rough Sets models. No post-processing has been performed here. It
is observed that proposed Neighborhood Rough Sets models (NLER) namely Nbhd_0.2
and Nbhd_0.3 with neighborhood radius of 0.2 and 0.3 have been found to be performing
the best for ROUGE-1, ROUGE-2, ROUGE-L and ROUGE-SU metrics.
Table 5.17 gives results for post-processing with classical Rough Set based membership
FuzzyNN

Fuzzy

KNN

Rough

Naïve

Nbhd

Nbhd

Neural

Random

Bayes

0.2

0.3

Network

Forest

SVM

LERS

NN
ROUGE-1

0.2627

0.2738

0.2656

0.2682

0.2697

0.2710

0.2710

0.2656

0.2657

0.2711

ROUGE-2

0.0275

0.0299

0.0287

0.0302

0.0296

0.0324

0.0324

0.0297

0.0295

0.0308

ROUGE-L

0.2163

0.2259

0.2183

0.2207

0.2224

0.2271

0.2271

0.2184

0.2203

0.2234

ROUGE-SU

0.0870

0.0800

0.0773

0.0780

0.0787

0.0815

0.0815

0.0771

0.0772

0.0798

Table 5.17. Results of DUC2005 for various supervised learning algorithms and
Neighborhood Rough Sets with classical membership
function for DUC2005 dataset. It is clear that the post-processing with the classical
membership has not improved the results. Moreover, the results in Table 5.18 for
DUC2005 dataset establish that there is a significantly good increase in performance after
post-processing with the proposed Aggregate-Rank-Measure. Further, the proposed
FuzzyNN

Fuzzy

KNN

Rough

Naïve

Nbhd

Nbhd

Neural

Random

Bayes

0.2

0.3

Network

Forest

SVM

LERS

NN
ROUGE-1

0.3064

0.3096

0.3054

0.2893

0.3058

0.3164

0.3104

0.2692

0.2811

0.2900

ROUGE-2

0.0418

0.0404

0.0418

0.0392

0.0429

0.0432

0.0409

0.0334

0.0392

0.0378

ROUGE-L

0.2513

0.2506

0.2493

0.2367

0.2494

0.2590

0.2529

0.2239

0.2319

0.2366

ROUGE-SU

0.0941

0.0939

0.0933

0.0883

0.0944

0.0983

0.0947

0.0814

0.0873

0.0880

Table 5.18. Results of DUC2005 for various supervised learning algorithms with Aggregate-RankMeasure with Neighborhood Rough Sets
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NLER has been found to have performed better for DUC2005 dataset than other models
evaluated after the proposed post-processing. Rough Set based techniques are found to
be performing best with or without post-processing among all the supervised techniques
evaluated for DUC2005.

5.10 Conclusion
This chapter presents Rough Set based supervised techniques for Multi-document Text
Summarization. Although Rough Sets based supervised learning has been used in various
Machine Learning applications, its use in supervised Text Summarization is somewhat
missing from the existing literature. The present work aims to fill this gap. In this work
we analyse the applicability of Rough Set based supervised techniques for Text
Summarization. The steps carried out are the following. Firstly, we check existing Rough
Set based algorithms for their effectiveness for MDTS. Then we propose a novel measure
called Aggregate-Rank-Measure for determining the importance of each sentence to the
extract. This concept is utilized in selecting important sentences to form an extract in
which only top ranked sentences are selected for summary generation. Thereafter we
enhance the popular Rough Set based supervised technique, viz.

LERS, using

Neighborhood Rough Sets.
We have performed extensive experiments with DUC2003 Multi-document dataset and
DUC2005 Multi-document datasets while using DUC2002 Multi-document dataset for
training. We conclude that Rough Set based techniques are performing better using the
following four criteria.
i) Firstly, Rough Set based techniques are performing competently among other
best summarization techniques for MDTS. Also, we learn that the Rough Set
based Aggregate-Rank-Measure improves the results of all the supervised
techniques being analyzed in this chapter.
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ii) Secondly, among the Aggregate-Rank-Measure based post-processing of all
the supervised techniques Rough Set based algorithms are performing best.
iii) Finally, Rough Set based proposed technique viz. NLER is improving results
considerably.
iv) We analyze that Rough Set based LER and Fuzzy Rough Nearest Neighbour
without post-processing with Aggregate-Rank-Measure is performing better
than other techniques in many cases.
In Chapter 6 we study the importance of Rough Sets based feature selection and its
application to Multi-document Text Summarization.
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Chapter 6
Rough Set based Feature Selection & Its
Application to Text Summarization
With the emergence of high information overload scenario in almost all areas of Machine
Learning, in particular for textual data, selection of features has assumed a very important
role in today’s data processing world. A very important step towards efficient handling of
the high dimensional data (textual) is reduction of the volume of the data through selection
of appropriate features, and thereby reducing its dimension. Moreover, inferring from large
dimensional data often proves to be difficult in terms of accuracy; since with the increase in
dimensionality the amount of noise content also increases. Text data is inherently high
dimensional and hence the concept of feature selection can be analysed for application to the
problem of Text Summarization. This chapter aims to improve and apply the techniques of
Rough Set based feature selection for the problem of Multi-document Text Summarization.

6.1 Introduction
Feature Selection (Liu and Yu, 2005) is being used in many of the data mining and
Machine Learning applications. It is one of the most important pre-processing steps in
supervised learning involving huge volume of data. As a consequence, the need for an
efficient feature selection scheme is more pronounced these days in order to eliminate the
redundant features (i.e. that which do not play any important role in data classification);
and then to select most important part of data that is useful for classification and/or further
processing. The basic assumption here is that the entire data knowledge is represented by
the original feature set. The selected subset of features should be such that its classification
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ability is high, i.e. the classificatory property of the reduced data set should be same or
better than the original set of features.
Feature selection (Deng et al, 2013, Lu et al, 2014, Maji, 2014) is the technique of
reducing the number of attributes representing the data to the most essential minimum set
required. Hence, the original data is represented as a shorter version with lesser features
but still having a good classification ability. In general, the data for feature selection can
be from various domains such as spam mails, fraud transactions, speaker identification,
gene data, text data, image data, audio-video data is always computationally challenging
for both time and cost. Feature Selection may be broadly classified into three types (Liu
and Yu, 2005):
1) Filter based methods (Karegowda et al, 2013). Filter based methods generally use
mean and covariance-based approaches. The techniques do not use classifiers to
improve its processing. Some of the earlier works on feature selection are gain ratio
and correlation-based feature selection. These methods measure the importance of a
selected feature based on decision class using entropy and correlation respectively.
They select features with highest measures of entropy/relevance.
2) Wrapper methods (Li et al, 2008). These techniques require the use of classifiers as
a wrapper to improve its feature selection capabilities. The classifier is applied to
evaluate the increase in classification accuracy. This is performed on the training set
and appropriate features are selected. The selected features can be used on a testing
set for further processing.
3) Embedded methods (Bradley and Mangasarian, 1998, Kochenberger et al, 2014).
These methods are intrinsically different wherein feature selection is embedded in the
classifier itself, examples of this are Quadratic Programming Feature Selection
(Kochenberger et al, 2014), SVM based feature selection (Bradley and Mangasarian,
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1998) to mention a few. Thus, not only does an embedded method selects features,
but it also does the classification simultaneously.

6.2 Rough Set based Feature Selection
Over the last few decades Rough Sets have been extensively used for the problem of
feature selection. A subset of features selected using some Rough Set based algorithm is
commonly referred to as a Reduct. In general, the classification ability of a Reduct
competes with the classification ability of the full feature set. The Quick Reduct algorithm
(Chouchoulas and Shen, 2001) for feature selection has been popularly used in various
research applications. The primary concern here is selection of features from large sized
datasets. In this regard Maji and Pal (2007, 2014) proposed Rough Set based techniques
and verified them on several benchmark datasets of UCI and Kent Ridge Bio-Medical
Data Set Repository. For each feature three parameters, viz. dependency, relevance and
significance, are used for selecting the best features. Past works on Rough Set based
feature selection is given in Section 2.5.3. Feature selection is used in various applications
still there has been no noteworthy analysis for its applicability for the problem of Text
Summarization.
In Section 6.2.1 we discuss the popular Quick Reduct algorithm. The feature selection
algorithms proposed in this chapter are enhancement to this Reduct finding approach.

6.2.1 Quick Reduct Algorithm
The feature selection based on Rough Set theory computes a Reduct of a given
Information System (U, P). Let Q be the decision class of the training data. The positive
region, POSP(Q), of Q is the set of all objects of the Universe U which can be properly
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classified to classes of U/Q by employing the knowledge expressed by classification U/P.
The dependency degree between Q and P is ϒP(Q) =

|𝑃𝑂𝑆𝑃 (𝑄)|
|𝑈|

.

A higher dependency degree leads to high classification ability of the objects of U to the
decision classes of Q. A Reduct as discussed in Section 2.5.1 is a subset B of P that is both
necessary and sufficient to define all the concepts occurring in knowledge P. Several
algorithms have been developed for computing a Reduct. Finding a Reduct by brute force
approach is a computationally complex problem and so is finding a minimal sized Reduct.
Quick Reduct algorithm (Chouchoulas and Shen, 2001) is based on simple hill climbing
heuristic search technique (Russell and Norvig, 2016). The algorithm selects the features
incrementally till the required classification ability of the system is achieved This is
algorithm starts with a null set and adds features sequentially. Here selection is based on
the increase in Rough Set based dependency degree. Since the dependency degree
measures the classification ability of a decision system it is an ideal candidate for
measuring the effectiveness of a feature. The algorithm is given in Fig 6.1.
ALGORITHM.

Quick Reduct Algorithm for Feature Selection

Input: C, the set of all conditional attributes; D, the set of decision attributes.
Output: R, the attribute reduct, R ⊆ C
Start
1
2
3
4

R ←{}
do
T←R
for each x ∈ (C − R)

5
6
7
8

if γR∪{x}(D) > γT(D)
T ← R∪{x}
R_Old ← R;
R←T

9 until γR(D) = γR_OLD(D)
10 return R
End

Fig 6.1. Quick Reduct Algorithm
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The algorithm starts with the Reduct set as empty set and adds one feature at a time in
Reduct on the condition that it increases the dependency degree. Although the algorithm
is theoretically and experimentally sound, we could figure out some limitations of this
algorithm. To handle these, we first propose new approaches to compute Rough-Cluster
based indiscernibility, and subsequently apply them for feature selection. This gives us
the insight to discover the knowledge hidden in the given data. Subsequently, the work
proposes a novel search strategy based on Best First Search for exploring the features. In
the Section 6.3 and Section 6.4 we shall discuss these strategies and overcome the
drawbacks of Quick Reduct algorithm.

6.3 Rough-Cluster Reduct
Classical Rough Set based techniques suffer from several problems. Firstly, the problem
of discretization is prevalent in many applications of Rough Sets viz. data need to be
discretized before application of Rough Set based algorithms. Secondly, each
discretization process adds some unintended errors in the output. These errors vary with
the algorithm implemented. Moreover, the algorithm is also associated with the overhead
of complexity of discretization. Further, the indiscernibility relation may become sparse
as the number of attributes increase. To overcome the above-mentioned drawbacks, we
have proposed several variants of the proposed Rough-Cluster Reduct algorithm as
discussed below.
As a first step, we propose a novel indiscernibility relation that partitions the Universe
into classes of similar objects through some clustering techniques. The inspiration behind
the development of the proposed technique is that indiscernibility relation partitions the
Universe into classes of similar objects based on exact values of the parameters. This
motivated us to partition the objects based on nearly same values determined by a suitable
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clustering algorithm. Here we have considered K-means and hierarchical clustering
schemes for the above purpose. The main advantage is that by specifying the number of
clusters the data can be partitioned into equivalence classes without the problem of
sparseness and without the use of any other discretization process. As a consequence, the
clusters themselves can be considered as a partition of the Universe. We have used
Euclidean distance for computing the similarity between two objects of Universe. The
proposed concepts are as follows.
Definition 6.1. The Rough-Cluster based indiscernibility relation for a set of attributes A
is defined as: INDC(P) = { (x,y) ∈ U × U : x ∈ ClusterP (i) , y ∈ ClusterP(i), 1 ≤ i ≤ K}.
Here, ClusterP(i) = ith cluster formed by using attribute subset P of the original features.
INDC(P) denotes the classes of P and K denotes the number of clusters.
The Definition 6.1. states that two objects are in the same equivalence class provided they
lie in the same cluster based on some subset of attributes. The clustering technique can
vary and so does the number of clusters. In Definition 6.2 we define the positive region
using the proposed Rough-Cluster indiscernibility relation.
Definition 6.2. For a given decision class Q, the Rough-Cluster based positive region is
defined as: POS CP(Q) = ∪ {PX: X ∈ IND(Q)}.
Definition 6.3. The degree of dependency of an attribute set P and decision class Q
measures the importance of P in classifying objects of classes of Q. Mathematically we
define the degree of dependency as:  CP(Q) =

C
|𝑃𝑂𝑆𝑃
(𝑄)|

|𝑈|

.

In Definition 6.3 we define the degree of dependency using the proposed Rough-Cluster
based indiscernibility relation. The degree of dependency is an indicator of number of
correctly classified objects of the Universe using the proposed technique.
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Rough-Cluster Reduct algorithm proposed here selects the important features in an
incremental way. The algorithm starts with the Reduct set being empty. The key step of
this process is to find the indiscernibility relation which is formed using Definition 6.1.
For each new feature the algorithm checks whether the Rough-Cluster based dependency
degree is increased. If it does not the feature is discarded in the first iteration and the next
feature is evaluated. A feature that increases the Rough-Cluster based dependency degree
is added to the partially formed Reduct.
Also, the indiscernibility relation is formed again using the enhanced feature set according
to Definition 6.1. These steps are repeated until the algorithm terminates. The algorithm
for Rough-Cluster Reduct is given in Fig 6.2. The cluster size specifies the number of
concepts covered by the given data. Determining an optimal value of K is crucial. Note the
value of K depends on the type of data as well as the data size. Higher the data size, more
are the classes of similar objects. We illustrate this concept with the help of an example.
ALGORITHM.

Rough-Cluster Reduct Algorithm for Feature Selection

Input: C, the set of all conditional attributes; D, the set of decision attributes.
Output: R, the attribute reduct, R ⊆ C
Start
1
2
3
4
5
6
7
8
9
10

R ←{}
Do
T←R
for each x ∈ (C − R)
if γCR∪{x}(D) > γCT(D)
T ← R∪{x}
R_Old ← R;
R←T
until γCR(D) = γCR_OLD(D)
return R

End

Fig 6.2. Rough-Cluster Reduct Algorithm
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Example 6.1. Consider the Information System given in Fig 6.3. Here, U = {x1, x2, x3,
x4, x5, x6, x7}. Let decision class partition U as IND(Q) = {{x2, x5, x6}, {x1, x3, x4, x7}}
From Figure 6.3 it is clear that the indiscernibility class obtained using the Pawlak’s Rough
Set theory approach shall contain only singletons. The following example illustrates the
use of Rough-Cluster based indiscernibility approach.

Fig 6.3. Example Information System
Consider for illustration the attribute set P = {A1, A2, A3} as the collection of all attributes
in the given Information System
Case 1: Let the number of clusters, K = 2 and P = {A1, A2, A3}, then by applying KMeans algorithm it follows that: ClusterP(1) = {x2, x5},

while ClusterP(2) = {x1, x3,

x4, x6, x7}
Hence, INDC(P) = {{x2, x5}, {x1, x3, x4, x6, x7}}
From this it follows that, POSCP(Q) = {x2, x5}
CP(Q) =

C
|𝑃𝑂𝑆𝑃
(𝑄)|

|𝑈|

. Hence, CP(Q) = 2/7

Case 2: When K=3 and P = {A1, A2, A3}the clusters obtained by K-Means algorithm are:
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ClusterP(1) = {x2, x5}, ClusterP(2) = {x4, x6} and ClusterP(3)= {x1, x3, x7}.
INDCluster(P) = {{x2, x5},{x4, x6},{x1, x3, x7}}
Then, POSCluster P(Q) = {x2, x5} ∪ {x1, x3, x7} and hence, ClusterP(Q) = 5/7
Clearly, the Rough-Cluster based dependency degree has increased on choosing K=3 as
against K=2.
Case 3: Consider the case when the attribute subset B = {A1, A2} and the number of
clusters, K=3
Then it follows that: ClusterB(1) = {x4, x6}, ClusterB(2) = {x2, x5},
ClusterB(3) = {x1, x3, x7}
INDC(B) = {{x4, x6}, {x2, x5}, {x1, x3, x7}}
POSC B(Q) = {x2, x5} ∪ {x1, x3, x7}
CB(Q) = 5/7
Since the addition of attribute A3 does not increase the degree of dependency, this attribute
is not considered to be part of the proposed Reduct. Hence the attribute A3 is redundant.
The above example illustrates the logic behind the proposed algorithm for feature selection.
Only those attributes which increase the dependency degree are kept in the final solution
of the algorithm. Several combinations are possible for this algorithm. Firstly, the cluster
size K can be varied and secondly, the clustering algorithm themselves can be changed and
analyzed. In our research we have considered two algorithms, viz. K-Means algorithm
and hierarchical clustering. These algorithms shall be referred to as Rough-Cluster-KMeans and Rough-Cluster Hierarchical, respectively. We have conducted several
experiments for analyzing the effectiveness of feature selection for reducing the
dimensionality of Multi-document Text Summarization. In Section 6.5 we have discussed
the experiments conducted and the results of the proposed algorithm.
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6.4 Best-First Reduct
Reducts have been traditionally computed using hill climbing techniques (Hu et al, 2008).
The main drawback of algorithms based on hill climbing approach is that there are chances
of getting struck in local optima, ridges and plateau regions. Since Reduct generation
algorithm also rely on hill climbing, it also susceptible to the above-mentioned problems.
In order to overcome the above difficulty we propose an Artificial Intelligence based on
popular techniques of Best First Heuristic Search and A* Search, which are known to
overcome these problems of simple hill climbing.
We first introduce the basic concepts of state space tree and heuristic search techniques.
Some problems in Artificial Intelligence may be represented and solved using a state space
tree representation. A state space is a tree which consists of a start node, goal node(s) and
intermediate nodes. Nodes represent the different states that are present in a problem.
Edges between the nodes represent the possible transitions from that node. The edges
between a node and its children denote the transition from parent state to the next state.
Firstly, a problem is represented using state space tree. Then the state space tree is
traversed in best possible way to reach one or more goal nodes from the start state. There
are several techniques for traversing the tree which include: Depth First Search, Breadth
First Search and Iterative Deepening algorithm (Russell and Norvig, 2016). These
algorithms are based on searching the tree in an ordered fashion. There is no problemspecific information in these algorithms. When in addition to state space tree, some
problem-specific heuristic information is also known then heuristic search techniques are
used. The most popular heuristic search techniques (Russell and Norvig, 2016) are:
(i)

Hill climbing
The hill climbing based technique finds a node in the state space tree from the given
node that has best value based on some objective function. Hence in this approach
it is always that the best node is selected and thereafter explored further. Rest all the
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nodes are ignored and search continues in this direction. The process is repeated till
a goal node is reached.
(ii)

Best first search
Best first search finds a node in a state space tree by expanding the most promising
node. The best node is chosen based on some information computed through some
heuristic function and added to the set of all available nodes for expansion. The node
with best heuristic value from this set is selected for further expansion. The process
is repeated till a goal node is reached.

(iii) A* search
A* search expands a node in a state space tree and selects the one with optimal value
of objective function. The objective function chosen in this method is given as f =
g + h, where g is the cost of path from start node to the current node, while h is the
cost of path from the current node to the goal node. Further, the best node is selected
as a possible candidate for further expansion and added to the set of available nodes
for expansion. The node with best objective value from this set is selected for further
expansion. The process is repeated till a goal node is reached. A* algorithm finds
the shortest path, which is nearest to the goal.
The deciding criterion for choosing an appropriate algorithm to be used in a given situation
is dependent on the problem under consideration. The heuristic value is chosen such that
it is the best approximation to the distance to the goal node for the chosen problem.
Various Rough Set based feature selection techniques have been proposed in literature.
Many of the techniques are based on the underlying concept of hill climbing for searching
the state space tree. The proposed technique in this section is based on popular Best First
Heuristic search and A* search for Reduct computation. Feature selection can be
performed using Best First Search (Romanski et al, 2018), where the authors explained
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the use of best first search to select appropriate features. In this section we analyse the
use of Rough Set for feature selection using heuristic search techniques. Fig 6.4 describes
the Best-First Reduct Algorithm, and Fig 6.5 describes the Rough Set based proposed A*
Reduct Algorithm, respectively.

ALGORITHM.

Best First Reduct Algorithm for Feature Selection

Input: C, the set of all conditional attributes; D, the set of decision attributes.
Output: F, the attribute reduct, F ⊆ C
Start
1. PQ ← PriorityQueue ← [], count ← 0, 𝐹 ← {}
2. Do while ! PQ. Empty ()
3. y ← PQ. Pop ()
4. Heuristic ← 𝛾𝐹∪ {𝑦} (𝑄), dependency degree; count ← count +1
5. If ( 𝛾𝐹∪ {𝑦} (𝑄) == 𝛾𝑅 (𝑄) || max_iterations < count)
6. Return F ∪ {𝑦}
7. If ( 𝛾𝐹∪ {𝑦} (𝑄) > 𝛾𝐹 (𝑄) )
8. F ←F ∪ {𝑦}
9. Generate children of 𝐶 as F ∪ {x}, x 𝜖 R - F
10. Compute Heuristic → 𝛾𝐶 (𝑄) of each child 𝐶
11. Add each child to PQ
12. End While
13. Return F
End

Fig. 6.4. Proposed Best First-Reduct

Best First Reduct selects a feature that has highest value among all the available options.
This is maintained in the priority queue data structure. While A* Reduct selects a feature
that has highest value among all the available options and at the same time is at the shortest
distance from the start node. This information is maintained in the priority queue data
structure. The simplified version of A* Reduct is due to the incremental nature of the
heuristic chosen.
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In Section 6.5 we discuss the results of various experiments. The proposed algorithms for
feature selection are compared with the Quick Reduct algorithm (QR).

ALGORITHM.

A* Reduct Algorithm for Feature Selection

Input: C, the set of all conditional attributes; D, the set of decision attributes.
Output: F, the reduct, F ⊆ C
Start
1. PQ ← PriorityQueue, count ← 0, 𝐹 ← {}
2. Do while ! PQ. Empty ()
3. PQ ← []
4. Do while !PQ.Empty()
5. y ← PQ. Pop ()
6. Heuristic ← w1 𝛾𝐹∪ {𝑦} (𝑄) + w2 (1-length(F ∪ {𝑦})/length(R)) , count ← count +1
7. Here w1 and w2 are weights assigned to the heuristic and the distance form start
node.
8. If (𝛾𝐹∪ {𝑦} (𝑄) == 𝛾𝑅 (𝑄) || max_iterations < count)
9. Return 𝐹 ∪ {𝑦}
10. If ( 𝛾𝐹∪ {𝑦} (𝑄) > 𝛾𝐹 (𝑄) )
11. F ←F ∪ {𝑦}
12. Generate children of F as F ∪ {x}, x in R- F
13. Compute Heuristic as in step 7 for each child
14. Add each child with Heuristic value to PQ
15. End While
16. Return F
End

Fig. 6.5. Proposed A* Reduct

6.5 Experiments and Results
We here propose the applicability of the proposed Reduct techniques to the task of Text
Summarization. Text data is high dimensional and involves very large number of features.
Hence, assessing the applicability of feature selection algorithms on the task of Text
Summarization is of prime importance. Here, the training data is the decision table (U, R,
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D) where U is the set of sentences and R is the word embedding based representation
(Mnih and Kavukcuoglu, 2013) of the sentences, and D is the decision attribute that
signifies whether the sentence is important form summarization perspective or not. D is
constituted using ROUGE scores computed over training data.

The first step in

summarization is determining the features using the various feature selection algorithms
proposed in previous sections. Secondly, applying SVM based classifier on the reduced
dataset on the test data for evaluations.
In our experiments 5000 sentences were considered for training. The sentences were taken
from DUC2002 MDTS dataset. The evaluations were conducted on 36 document clusters
from DUC2002 MDTS dataset which were not considered in training. Each cluster has
around 8-12 documents. Each document has multiple sentences of varying lengths. The
results are measured in terms of ROUGE Scores (Lin, 2004) for the five feature selection
algorithms, namely, (i) Best First Reduct, (ii) A*-Reduct and (iii) the traditional Quick
Reduct (iv) Rough-Cluster-K-Means and (v) Rough-Cluster Hierarchical. The results are
presented in Table 6.1.
It can be seen from the Table 6.1 that A*-Reduct and Best-First Reduct performed better

A*Reduct
0.3515

Best First
Reduct
0.3515

Rough-Cluster
-Hierarchical
0.3929

Rough-Cluster
-Kmean
0.3929

Quick
Reduct
0.3483

Complete
Data
0.3887

ROUGE-2

0.0656

0.0656

0.0759

0.0759

0.0665

0.0741

ROUGE-L

0.1695

0.1695

0.1857

0.1857

0.1662

0.1803

ROUGE-SU4

0.1155

0.1155

0.1313

0.1313

0.1164

0.1279

ROUGE-1

Table. 6.1. ROUGE Scores of DUC2002 dataset
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than Quick Reduct as measured in terms of ROUGE scores. While Rough-Cluster
Hierarchical and Rough-Cluster K-Means is found to perform better than not only Quick
Reduct algorithm. Also, Rough-Cluster based algorithms perform better than the complete
data without any feature selection algorithm performed.

6.5.1 Conclusion
In this chapter we have proposed novel techniques to compute Reduct using heuristic
Best-First, A*-Algorithm with Rough Set based heuristics and Rough-Cluster Reduct
algorithms using K-Means and Hierarchical Clustering techniques. Experimental results
show that Best-First, A*-Reduct have performed better in terms of ROUGE scores than
the Quick Reduct algorithm. Also, Rough-Cluster Reducts performed best among all the
comparison models. Further, these perform better than the full data without any feature
selection. Hence, we conclude that Rough Set based techniques is found to be suitable for
dimensionality reduction for the purpose of Multi-document Text Summarization.
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Chapter 7
Conclusion of Thesis
In this research we have proposed several Rough Set based techniques for both single and
Multi-document Text Summarization (MDTS). Rough Sets have been used enormously
for various applications though there has been no substantial work on the application of
Rough Set for the problem of the problem of Text Summarization. The aim of the thesis
is to fill this gap. In this thesis we have modelled Text Summarization problem using
Rough Set based techniques form both supervised and unsupervised approach. The work
proposed in the thesis contributes in four major areas.
1) In Chapter 3 the concepts of span and spanning sets of an Information System are
defined and their application in Text Summarization is analysed.
2) A novel sentence similarity measure between two sentences is proposed using
Fuzzy Rough Set and it is subsequently applied to the problem of Text
Summarization. This work is described in Chapter 4.
3) In Chapter 5 a Rough Set based supervised algorithm viz. NLERS has been
proposed, and its applicability for Multi Document Text Summarization is
explored. Further, we proposed a novel Rough Set based post-processing measure
called Rank-Measure to improve the summarization results.
4) Chapter 6 presents two novel Rough Set based feature selection techniques and
provides their application to Text Summarization.
In this concluding chapter, we summarize the achievements of this research work and
possible future directions ahead.
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7.1 Summary of the Research Work
In this research we proposed various Rough Set based mathematical models for extractive
summarization of single as well as multiple documents. Despite having a long history of
applications in different applications, Rough Sets have not been used for Text
Summarization. Inspired by the above observation in this research we proposed several
Rough Set-based algorithms for Single-document Text Summarization and Multidocument Text Summarization. Moreover, Rough Sets can be used both in supervised as
well as unsupervised approach. Hence, we have explored the potential of Rough Set in
both contexts. Subsections 7.1.1 and 7.1.2 summarize the contributions and findings of
the present research.

7.1.1

Single-Document Summarization

Development of single-document summarization schemes in this thesis are based on the
preliminary work of Yadav and Chatterjee (2014), which is referred as ‘Baseline’ in our
work. However, we identified two basic flaws in this scheme. Firstly, selecting the
candidate set of sentences based entirely on heuristics is not adequate for the task.
Secondly, selection from this set based on approximations and membership alone is not
suffice for an efficient summarization. In our work we have analysed the Baseline scheme,
and tried to find solutions to the above problems. Accordingly, different schemes have
been proposed in this thesis. Below we describe our contributions with respect to singledocument summarization using Rough Sets.

7.1.1.1 Rough Set based Span for Text Summarization
A novel concept of span is proposed to measure the importance of a subset of universe.
Further, spanning sets are defined as that subsets of Universe which maximize the span.
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We have described the theoretical properties of span and spanning sets. Further, we have
evaluated the application of span to the problem of Text Summarization. This
summarization scheme has been proposed to overcome the limitations of the Baseline
summarizer. Typically, for extractive summarization of an input text an upper bound is
imposed on the size of the target summary in terms of number of words, or number of
sentences included in the summary. Hence the task of extractive summarization may be
viewed as a problem of generating a subset of the universe of sentences which is the best
representation of the universe with a reduced cardinality and without losing on essential
information. The above problem can be viewed as an application of the proposed
uncertainty measure i.e. span. The subsets are generated in a dynamic manner and
corresponding spanning sets are computed. We have defined the concept of complete span
to address the drawback that arises due to sparse indiscernibility relation. The complete
span measures the cumulative effect of each attribute of the Information System to
produce a spanning set. A spanning set of a collection of sentences under certain
constraints represents a set of distinct sentences having maximum information. Several
variants of Span based Summarization were proposed.
Span produces much better summaries in comparison to Baseline. The results are analysed
in terms of ROUGE scores for standard datasets for Single document summarization viz.
DUC2001, DUC2002, Enron Corporate Email dataset 2014 and Enron Personal Email
dataset 2014. It follows from our observations that the proposed Rough Set-based Span is
performing best among all the proposed models and experimented models of Text
Summarization.

7.1.1.2 Fuzzy Rough Set based Text Summarization
To improve the results further, we analysed other approaches of Text Summarization
where Rough Sets can be employed. Graph based summarization uses weighed PageRank
algorithm to rank the sentences for extraction. Cosine similarity measure between
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sentences often lacks in situations where in synonym, hypernym, meronym, hyponymy
and such relations exist. To overcome this limitation, we proposed to construct similarity
based on the concept of Fuzzy Rough Sets. Further, we also proposed a novel wordembedding based Fuzzy equivalence relation to improve on the results further.
The best of results from Chapter 3 and Chapter 4 are presented in Tables 7.1 through Table
7.4 for various datasets.

Best of
Fuzzy
Rough Set

Best of
Span

Graph

PSO

LSA

RI

ROUGE-1

0.4826

0.4783

0.4686

0.4645

0.4286

0.4822

ROUGE-2

0.2360

0.2284

0.2175

0.2161

0.1735

0.2306

ROUGE-3

0.1586

0.1517

0.1429

0.1429

0.1103

0.1531

ROUGE-L

0.4058

0.4012

0.3937

0.3903

0.3518

0.4015

ROUGE-W

0.1525

0.1506

0.1469

0.1458

0.1294

0.1502

ROUGE-SU

0.2508

0.2451

0.2350

0.2329

0.1969

0.2455

Table 7.1. Average ROUGE Scores of DUC2002 Dataset

ROUGE-1

Best of
Fuzzy
Rough
Set
0.4035

ROUGE-2
ROUGE-3

Best of
Span

Graph

PSO

LSA

RI

0.4277

0.4222

0.4237

0.3971

0.4178

0.1587
0.0988

0.1870
0.1217

0.1789
0.1140

0.1822
0.1178

0.1518
0.0935

0.1767
0.1130

ROUGE-L
ROUGE-W

0.3278
0.1199

0.3538
0.1312

0.3473
0.1281

0.3497
0.1296

0.3220
0.1174

0.3429
0.1263

ROUGE-SU

0.1840

0.2079

0.2009

0.2038

0.1783

0.1984

Table 7.2. Average of ROUGE Scores DUC2001
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Best of
Fuzzy
Rough
Set

Best of
Span

PSO

Graph

LSA

RI

ROUGE-1
ROUGE-2
ROUGE-3

0.5590
0.2634
0.1649

0.5602
0.2621
0.1635

0.5206
0.2384
0.1499

0.4777
0.2105
0.1278

0.5590
0.2151
0.1281

0.4878
0.2245
0.1415

ROUGE-L
ROUGE-W
ROUGE-

0.4589
0.1356
0.2786

0.4564
0.1343
0.2763

0.4186
0.1245
0.2545

0.3862
0.1140
0.2256

0.3923
0.1168
0.2296

0.3003
0.1174
0.2394

SU

Table 7.3. Average ROUGE Scores of Enron Personal Email Dataset

Best of
Fuzzy
Rough
Set

Best of
Span

PSO

Graph

LSA

RI

ROUGE-1

0.5538

0.6141

0.5791

0.5013

0.5342

0.5452

ROUGE-2

0.3068

0.3406

0.3198

0.2712

0.2769

0.3044

ROUGE-3

0.2131

0.2340

0.2217

0.1855

0.1868

0.2095

ROUGE-L

0.4539

0.5063

0.4733

0.4096

0.4339

0.4451

ROUGE-W

0.1464

0.1615

0.1521

0.1328

0.1392

0.1445

ROUGESU

0.3160

0.3497

0.3285

0.2796

0.2905

0.3112

Table 7.4. Average ROUGE Scores of Enron Corporate Email Dataset

The best result obtained from Span based Summarization of Chapter 3 is referred to as
Best of Span. The Best of Fuzzy Rough Set is the best result obtained when summarization
is performed according to Fuzzy Rough Sets as discussed in Chapter 4. It follows from
the observations that Rough Set based techniques perform better than several other
135

techniques, namely Graph based summarization, LSA based summarization, PSO based
summarization and Random Indexing based summarization for Single document
summarization, with which we compared the proposed techniques. From Tables 7.1
through Table 7.4 it is evident that Rough Set based techniques have performed better
than other comparison models. Further, in DUC2002 and Enron-Personal 2014 dataset
Fuzzy Rough Set based technique is performing the best. In case of DUC2001 and EnronCorporate 2014 Rough Set based Span technique is performing the best among all the
comparison models.

7.1.2 Multi-document Text Summarization (MDTS)
7.1.2.1 Rough Set based Techniques MDTS
In this Chapter 5, Rough Set based supervised techniques for Multi-document Text
Summarization are analysed in depth. Rough Sets based supervised learning have been
used in various applications though its use in supervised Text Summarization was missing
from literature. The present work aims to fill this gap and analyse the applicability of
Rough Set based supervised techniques for Text Summarization. Further, we have
evaluated Rough Set based LERS algorithm to find appropriate subset which can form the
extract. LERS algorithm have not been used for MDTS before this work. Further, we have
proposed novel aggregate Rank-Measure computation for determining the importance of
each sentence in the extract. Hence, only top ranked sentences were selected for summary
generation. Experiments confirm the improvements in result by using the Rough Set based
Rank-Measure for sentence importance evaluations. Further, in this work we have used a
novel feature for MDTS viz. sentiment score. This feature has not been used previously
for MDTS. We have conducted experiments evaluating the effectiveness of sentiment as
a feature for Text Summarization by evaluating it on DUC2002 datasets. The experiments
were performed on DUC2003 MDTS and DUC2005 MDTS datasets while training was
136

performed on DUC2002 MDTS dataset. Also, we have improved on results further by
using the proposed Neighborhood Rough Set based LERS algorithm. The results
improved by up to 11% for DUC2003 and up to 18% for DUC2005 MDTS datasets.

7.1.2.2 Rough Set based Feature Selection for MDTS
Rough Set based feature selection techniques have been popularly used in several
applications. Considering the high dimensional property of the textual data, we analysed
the application of Rough Set based feature selection algorithm for MDTS. Firstly, to
improve the result produced by popular Quick Reduct Algorithm, we proposed a novel
technique of searching the state space tree viz. Best First Reduct and A* Reduct. Further,
to improve the shortcomings of the existing algorithms when applied to MDTS we
analysed that the data is real-valued and the algorithm can be improved on by proposing
a novel indiscernibility relation based on clustering. The results were evaluated on
DUC2002 MDTS dataset and the proposed feature selection techniques when applied to
Text Summarization performed better than the QuickReduct algorithm.

7.2 Future Research Directions
Every research work has a beginning and from there it continues forever. The following
are the immediate future directions of our research work:
1. Rough Set based Span
In this research we proposed the novel concept of Rough Set based span and
developed techniques for Single-document Summarization using this concept. The
work can be extended by constructing span using alternate techniques. Further, the
system can be upgraded to deal with query focussed summarization. Also, other
application of Rough Set based span can be explored.
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2. Fuzzy Rough Set based Text Summarization
The work proposes Fuzzy Rough Set based sentence similarities and their
subsequent applications to Single-document Summarization. The key advantage
of the proposed technique is the ability to look beyond typical vector space models
and extract key information. The present work can be extended by incorporating
domain specific knowledge base to judge the effectiveness of such a scheme when
used with Fuzzy Rough Set. Further, we like to examine the efficacy of various
other membership functions. Presently, the proposed technique of sentence
selection is focused on generic summarization, it can be extended to query
focussed summarization as well.
3. Rough Set based Supervised Multi-document Text Summarization
Rough Set based supervised techniques for Multi-document Summarization have
been proposed and analysed. Further, we propose novel aggregate Rank-Measure
computation for determining the importance of each sentence in the extract. We
plan to extend the work using various kinds of rule generation algorithms. Further,
the proposed aggregate Rank-Measure can be applied to other supervised learning
applications as well.
4. Rough Set based feature selection and its Application to Text Summarization
We have shown that the proposed Rough Set based feature selection techniques
result in good accuracies when tested on for feature selection for Text
Summarization. The method has an advantage that it does not require
discretization. However, one important area that needs exploration is to determine
the how may clusters should be used for a particular dataset. At present with the
proposed algorithm the number has to be given as an input. However, in a fully
automated system we aim at removing this human intervention. In future we plan
to improve on this shortcoming of the proposed techniques using dynamic
clustering algorithms. Moreover, in order to establish the efficacy of our algorithm
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the testing needs to be extended for other data sets. For our future experiments we
target large data sets such as kdd2010 (algebra and bridge to algebra) which
contains around 30000000 features. Another important aspect of the future
direction is to work with large number of decision classes which is missing from
our current experiments.

7.3 Concluding Remarks
In this thesis we proposed mathematical models for automatic Text Summarization based
on Rough Set theory. We proposed novel concepts based on Rough Set viz. span,
sentence-similarity and Aggregate-Rank-Measure. We have applied the proposed
concepts on the task of Text Summarization. For Single document summarization span,
sentence-similarity are employed successfully with appropriate problem specific
modifications. Also, in case of Multi-document Text Summarization the proposed Rough
Set based supervised techniques are producing improvements. We conclude that Rough
Set theory can be used efficiently for Text Summarization in various scenarios.

139

References

Akbar, Z. (2003). Marketing data classification using Johnson's algorithm. In Knowledge discovery and
discrete mathematics. International conference (pp. 257-266).
Al Nasseri, A., Tucker, A., & de Cesare, S. (2015). Quantifying StockTwits semantic terms’ trading
behavior in financial markets: An effective application of decision tree algorithms. Expert systems with
applications, 42(23), pp. 9192-9210.
Alguliev, R. M., Aliguliyev, R. M., Hajirahimova, M. S., & Mehdiyev, C. A. (2011). MCMR: Maximum
coverage and minimum redundant text summarization model. Expert Systems with Applications, 38(12),
pp. 14514-14522.
Asgari, H., Masoumi, B., & Sheijani, O. S. (2014, February). Automatic text summarization based on
multi-agent particle swarm optimization. In 2014 Iranian Conference on Intelligent Systems (ICIS) (pp.
1-5). IEEE.
Awadallah, R., Ramanath, M., & Weikum, G. (2012, November). Opinions network for politically
controversial topics. In Proceedings of the first edition workshop on Politics, elections and data (pp. 1522). ACM.
Ayodele, T., Khusainov, R., & Ndzi, D. (2007, December). Email classification and summarization: A
machine learning approach. In 2007 IET Conference on Wireless, Mobile and Sensor Networks
(CCWMSN07) (pp. 805-808). IET.
Baccianella, S., Esuli, A., & Sebastiani, F. (2010, May). Sentiwordnet 3.0: an enhanced lexical resource
for sentiment analysis and opinion mining. In Lrec, 10(1), pp. 2200-2204.
Bai, R., & Wang, X. (2006, December). An effective hybrid classifier based on Rough sets and Neural

141

Networks. In 2006 IEEE/WIC/ACM International Conference on Web Intelligence and Intelligent Agent
Technology Workshops (pp. 57-62). IEEE.

Banerjee, M., Mitra, S., & Pal, S. K. (1998). Rough fuzzy MLP: Knowledge encoding and
classification. IEEE Transactions on Neural Networks, 9(6), pp. 1203-1216.
Basal, G. P., Verma, B., Tiwari, A. K., & Chande, P. K. (2002). Genetic algorithm-based fuzzy expert
system. IETE Technical Review, 19(3), pp. 111-118.
Bao, Y., Aoyama, S., Du, X., Yamada, K., & Ishii, N. (2001, December). A rough set-based hybrid
method to text categorization. In Proceedings of the Second International Conference on Web
Information Systems Engineering, 1, pp. 254-261.
Barzilay, R., & Elhadad, M. (1999). Using lexical chains for text summarization. Advances in automatic
text summarization, pp. 111-121.
Basari, A. S. H., Hussin, B., Ananta, I. G. P., & Zeniarja, J. (2013). Opinion mining of movie review
using hybrid method of support vector machine and particle swarm optimization. Procedia
Engineering, 53, pp. 453-462.
Batcha, N. K., & Zaki, A. M. (2010, May). Algebraic reduction in automatic text summarization–the
state of the art. In International Conference on Computer and Communication Engineering
(ICCCE'10) (pp. 1-6). IEEE.
Bradley, P. S., & Mangasarian, O. L. (1998). Feature selection via concave minimization and support
vector machines. In ICML, 98, pp. 82-90.
Canhasi, E., & Kononenko, I. (2014). Multi-document summarization via archetypal analysis of the
content-graph joint model. Knowledge and Information Systems, 41(3), pp. 821-842.
Canhasi, E., & Kononenko, I. (2016). Weighted hierarchical archetypal analysis for multi-document

142

summarization. Computer Speech & Language, 37, pp. 24-46.
Carbonell, J. G., & Goldstein, J. (1998, August). The use of MMR, diversity-based reranking for
reordering documents and producing summaries. In SIGIR, 98, pp. 335-336.
Chali, Y., Hasan, S. A., & Joty, S. R. (2009, May). A SVM-based ensemble approach to multi-document
summarization. In Canadian Conference on Artificial Intelligence (pp. 199-202). Springer, Berlin,
Heidelberg.
Chatterjee, N., & Bhardwaj, A. (2010). Single document Text Summarization using Random Indexing
and Neural Networks. In KEOD (pp. 171-176).
Chatterjee, N., Jain, G., & Bajwa, G. S. (2018, July). Single document Extractive Text Summarization
Using Neural Networks and Genetic Algorithm. In Science and Information Conference (pp. 338-358).
Springer, Cham.
Chatterjee, N., Mittal, A., & Goyal, S. (2012, November). Single document extractive text
summarization using genetic algorithms. In 2012 Third International Conference on Emerging
Applications of Information Technology (pp. 19-23). IEEE.
Chatterjee, N., & Mohan, S. (2007, October). Extraction-based single-document summarization using
random indexing. In 19th IEEE International Conference on Tools with Artificial Intelligence (ICTAI
2007) (Vol. 2, pp. 448-455). IEEE.
Chatterjee, N., & Sahoo, P. K. (2015). Random indexing and modified random indexing based approach
for extractive text summarization. Computer Speech & Language, 29(1), pp. 32-44.
Chen, P., & Liu, S. (2008, October). Rough set-based SVM classifier for text categorization. In 2008
Fourth International Conference on Natural Computation, 2, pp. 153-157.
Chouchoulas,

A.,

&

Shen,

Q.

(2001).

Rough

set-aided

categorization. Applied Artificial Intelligence, 15(9), pp. 843-873.

143

keyword

reduction

for

text

Christensen, J., Soderland, S., & Etzioni, O. (2013). Towards coherent multi-document summarization.
In Proceedings of the 2013 conference of the North American chapter of the association for
computational linguistics: Human language technologies. pp. 1163-1173.
Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine learning, 20(3), pp. 273-297.
Cutler, A., & Breiman, L. (1994). Archetypal analysis. Technometrics, 36(4), pp. 338-347.
Das, D., & Martins, A. (2007). A survey on automatic text summarization. literature survey for language
and statistics. II Course at CMU.
Das-Gupta, P. (1988, May). Rough sets and information retrieval. In Proceedings of the 11th annual
international ACM SIGIR conference on Research and development in information retrieval (pp. 567581). ACM.
Denecke, K. (2008, April). Using sentiwordnet for multilingual sentiment analysis. In 2008 IEEE 24th
International Conference on Data Engineering Workshop (pp. 507-512). IEEE.
Dubois, D., & Prade, H. (1991). Fuzzy Sets in approximate reasoning, Part 1: Inference with possibility
distributions. Fuzzy Sets and systems, 40(1), pp. 143-202.
DUC. Document understanding conference 2002, http://wwwnlpir.nist.gov/projects/duc.
Eberhart, R., & Kennedy, J. (1995). A New Optimizer Using Particle Swarm Theory. In MHS'95.
Proceedings of The Sixth International Symposium on Micro Machine and Human Science IEEE. (pp.
39-43).
Edmundson, H. P. (1969). New Methods in Automatic Extracting. Journal of The ACM (JACM), 16(2),
(pp. 264-285).
Erkan, G., & Radev, D. R. (2004). Lexrank: Graph-based lexical centrality as salience in text
summarization. Journal of artificial intelligence research, 22, pp. 457-479.

144

Ekedahl, J., & Golub, K. (2004). Word sense disambiguation using WordNet and the Lesk algorithm.
Projektarbeten 2004, 17.
Ferreira, R., Freitas, F., de Souza Cabral, L., Lins, R. D., Lima, R., França, G., ... & Favaro, L. (2013,
November). A four dimension graph model for automatic text summarization. In 2013 IEEE/WIC/ACM
International Joint Conferences on Web Intelligence (WI) and Intelligent Agent Technologies
(IAT) (Vol. 1, pp. 389-396). IEEE.
Foitong, S., Srinil, P., & Pinngern, O. (2008, October). Rough Sets Based Approach to Reduct
Approximation: RSBARA. In 2008 Fifth International Conference on Fuzzy Systems and Knowledge
Discovery 2, pp. 250-254.
Friedman, N., Geiger, D., & Goldszmidt, M. (1997). Bayesian network classifiers. Machine
learning, 29(2), pp. 131-163.
Ge, X., Wang, P., &Yun, Z. (2017). The Rough Membership Functions on Four Types of Covering based
Rough Sets and their Applications. Information Sciences, 390, pp. 1-14.
Grzymala-Busse, J. W., & Ziarko, W. (2003). Data Mining Based on Rough Sets. In Data Mining:
Opportunities and Challenges. IGI Global, 2, pp. 142-173.
Grzymala-Busse, J. W. (2005). Rough set theory with applications to data mining. In Real World
Applications of Computational Intelligence (pp. 221-244). Springer, Berlin, Heidelberg.
Gong, Y., & Liu, X. (2001, September). Generic text summarization using relevance measure and latent
semantic analysis. In Proceedings of the 24th annual international ACM SIGIR conference on Research
and development in information retrieval (pp. 19-25). ACM.
Guerini, M., Gatti, L., & Turchi, M. (2013). Sentiment analysis: How to derive prior polarities from
SentiWordNet. arXiv preprint arXiv:1309.5843.
Gupta, U., & Chatterjee, N. (2013, August). Personality traits identification using rough sets based
machine learning. In 2013 International Symposium on Computational and Business Intelligence (pp.

145

182-185). IEEE.
Hall, M., Frank, E., Holmes, G., Pfahringer, B., Reutemann, P., & Witten, I. H. (2009). The WEKA data
mining software: an update. ACM SIGKDD explorations newsletter, 11(1), pp. 10-18.
Hassanien, A. E., & Ali, J. M. (2004). Rough set approach for generation of classification rules of breast
cancer data. Informatica, 15(1), pp. 23-38.
Hatzivassiloglou, V., Klavans, J. L., Holcombe, M. L., Barzilay, R., Kan, M. Y., & McKeown, K. (2001).
Simfinder: A flexible clustering tool for summarization.
Hosmer Jr, D. W., Lemeshow, S., & Sturdivant, R. X. (2013). Applied logistic regression (Vol. 398).
John Wiley & Sons.
Hu, Q., An, S., Yu, X., & Yu, D. (2011). Robust fuzzy rough classifiers. Fuzzy Sets and systems, 183(1),
pp. 26-43.
Hu, Q., Yu, D., Liu, J., & Wu, C. (2008). Neighborhood rough set based heterogeneous feature subset
selection. Information sciences, 178(18), pp. 3577-3594.
Huang, H. H., Kuo, Y. H., & Yang, H. C. (2006, August). Fuzzy-rough set aided sentence extraction
summarization. In First International Conference on Innovative Computing, Information and ControlVolume I (ICICIC'06) (Vol. 1, pp. 450-453). IEEE.
Inbarani, H. H., Azar, A. T., & Jothi, G. (2014). Supervised hybrid feature selection based on PSO and
rough sets for medical diagnosis. Computer methods and programs in biomedicine, 113(1), pp. 175-185.
Jensen, R., & Shen, Q. (2004). Fuzzy–rough attribute reduction with application to web
categorization. Fuzzy Sets and systems, 141(3), pp. 469-485.
Jensen, R., & Shen, Q. (2007). Fuzzy-rough sets assisted attribute selection. IEEE Transactions on fuzzy
systems, 15(1), pp. 73-89.

146

Jensen, R., & Cornelis, C. (2011). Fuzzy-rough nearest neighbour classification. In Transactions on
rough sets XIII(pp. 56-72). Springer, Berlin, Heidelberg.
Jensen, R., Parthaláin, N. M., & Shen, Q. (2014). Tutorial: Fuzzy-Rough data mining (using the Weka
data mining suite).
Karegowda, A. G., Manjunath, A. S., & Jayaram, M. A. (2010). Comparative study of attribute selection
using gain ratio and correlation based feature selection. International Journal of Information Technology
and Knowledge Management, 2(2), pp. 271-277.
Karwa, S., & Chatterjee, N. (2014). Discrete Differential Evolution for Text Summarization. In 2014
International Conference on Information Technology. IEEE. (pp. 129-133).
Kaushik, S., & Luthra, P. (2005). Automatic Text Summarization. In IICAI (pp. 810-820).
Khan, A., & Revett, K. (2004, December). Data mining the PIMA dataset using rough set theory with a
special emphasis on rule reduction. In 8th International Multitopic Conference, 2004. Proceedings of
INMIC 2004. (pp. 334-339). IEEE.
Keller, J. M., Gray, M. R., & Givens, J. A. (1985). A fuzzy k-nearest neighbor algorithm. IEEE
transactions on systems, man, and cybernetics, (4), pp. 580-585.
Kochenberger, G., Hao, J. K., Glover, F., Lewis, M., Lü, Z., Wang, H., & Wang, Y. (2014). The
unconstrained binary quadratic programming problem: a survey. Journal of Combinatorial Optimization,
28(1), pp. 58-81.
Kiani-B, A., & Akbarzadeh-T, M. R. (2006, July). Automatic text summarization using hybrid fuzzy gagp. In 2006 IEEE International Conference on Fuzzy Systems (pp. 977-983). IEEE.
Komorowski, J., Pawlak, Z., Polkowski, L., & Skowron, A. (1999). Rough sets: A tutorial. Rough fuzzy
hybridization: A new trend in decision-making, pp. 3-98.
Kupiec, J., Pedersen, J., & Chen, F. (1999). A trainable document summarizer. Advances in Automatic

147

Summarization, pp. 55-60.
Kyoomarsi, F., Khosravi, H., Eslami, E., & Davoudi, M. (2010). Extraction-based text summarization
using fuzzy analysis. Iranian Journal of Fuzzy Systems, 7(3), pp. 15-32.
Lee, J. H., Park, S., Ahn, C. M., & Kim, D. (2009). Automatic generic document summarization based
on non-negative matrix factorization. Information Processing & Management, 45(1), pp. 20-34.
Li, Q., Li, J. H., Liu, G. S., & Li, S. H. (2004, August). A rough set-based hybrid feature selection method
for topic-specific text filtering. In Proceedings of 2004 International Conference on Machine Learning
and Cybernetics (IEEE Cat. No. 04EX826) (Vol. 3, pp. 1464-1468). IEEE.
Li, M., Deng, S., Feng, S. Z., & Fan, J. (2013). Attribute reduction based on approximation dependency
degree. Journal of Computers, 8(4), pp. 920-928.
Li, S., Wu, X., & Hu, X. (2008). Gene selection using genetic algorithm and support vectors machines.
Soft computing, 12(7), pp. 693-698.
Liu, H., & Yu, L. (2005). Toward integrating feature selection algorithms for classification and
clustering. IEEE Transactions on Knowledge & Data Engineering, 4, pp. 491-502.
Liao, C. C., & Hsu, K. W. (2012, July). A rule-based classification algorithm: a rough set approach.
In 2012

IEEE

International

Conference

on

Computational

Intelligence

and

Cybernetics

(CyberneticsCom) (pp. 1-5). IEEE.
Lin, C. Y. (2004). Rouge: A package for automatic evaluation of summaries. In Text summarization
branches out (pp. 74-81).
Lingras, P. (2001). Unsupervised rough set classification using GAs. Journal of Intelligent Information
Systems, 16(3), pp. 215-228.
Lingras, P., & Peters, G. (2012). Applying rough set concepts to clustering. In Rough Sets: Selected
Methods and Applications in Management and Engineering (pp. 23-37). Springer, London.

148

Lippmann, R. P. (1988, July). An introduction to computing with neural nets. In Artificial neural
networks: theoretical concepts (pp. 36-54). IEEE Computer Society Press.
Liu, H., Abraham, A., & Li, Y. (2009). Nature inspired population-based heuristics for rough set
reduction. In Rough Set Theory: A True Landmark in Data Analysis (pp. 261-278). Springer, Berlin,
Heidelberg.
Loza, V., Lahiri, S., Mihalcea, R., & Lai, P. H. (2014). Building a Dataset for Summarization and
Keyword Extraction from Emails. In LREC (pp. 2441-2446).
Lu, Z., Qin, Z., Zhang, Y., & Fang, J. (2014). A fast feature selection approach based on rough set
boundary regions. Pattern Recognition Letters, 36, pp. 81-88.
Luhn, H. P. (1958). The Automatic Creation of Literature Abstracts. IBM Journal of research and
development, 2(2), (pp.159-165).
Mai, L., & Chen, G. F. (2010, September). Research on rough set theory and decision tree method applied
to soil evaluation. In 2010 World Automation Congress (pp. 493-497). IEEE.
Maji, P., & Pal, S. K. (2007). Rough set based generalized fuzzy $ C $-means algorithm and quantitative
indices. IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics), 37(6), pp. 15291540.
Maji, P. (2014). A rough hypercuboid approach for feature selection in approximation spaces. IEEE
Transactions on Knowledge and Data Engineering, 26(1), pp. 16-29.
Mani, I. (1999). Advances in automatic text summarization. MIT press.
Marelli, M., Bentivogli, L., Baroni, M., Bernardi, R., Menini, S., & Zamparelli, R. (2014). Semeval2014 task 1: Evaluation of compositional distributional semantic models on full sentences through
semantic relatedness and textual entailment. In Proceedings of the 8th international workshop on
semantic evaluation (SemEval 2014) (pp. 1-8).

149

Marujo, L., Ribeiro, R., de Matos, D. M., Neto, J. P., Gershman, A., & Carbonell, J. (2015). Extending
a single-document summarizer to multi-document: a hierarchical approach. arXiv preprint
arXiv:1507.02907.
Mendoza, M., Bonilla, S., Noguera, C., Cobos, C., & León, E. (2014). Extractive single-document
summarization based on genetic operators and guided local search. Expert Systems with
Applications, 41(9), pp. 4158-4169.
Mihalcea, R. (2004). Graph-based ranking algorithms for sentence extraction, applied to text
summarization. In Proceedings of the ACL Interactive Poster and Demonstration Sessions (pp. 170173).
Mihalcea, R., & Tarau, P. (2004). Textrank: Bringing order into text. In Proceedings of the 2004
conference on empirical methods in natural language processing (pp. 404-411).
Mihalcea, R., & Tarau, P. (2004). Textrank: Bringing order into text. In Proceedings of the 2004
conference on empirical methods in natural language processing (pp. 404-411).
Mihalcea, R., & Tarau, P. (2005). A language independent algorithm for single and multiple document
summarization. In Companion Volume to the Proceedings of Conference including Posters/Demos and
tutorial abstracts.
Miller, G. A. (1995). WordNet: a lexical database for English. Communications of the ACM, 38(11),
39-41.
Mnih, A., & Kavukcuoglu, K. (2013). Learning word embeddings efficiently with noise-contrastive
estimation. In Advances in neural information processing systems. pp. 2265-2273.
Mostafa, M. M. (2013). More than words: Social networks’ text mining for consumer brand
sentiments. Expert Systems with Applications, 40(10), pp. 4241-4251.
Murali Krishna, R. V. V., & Satyananda Reddy, C. (2015). Extractive summarization technique based
on fuzzy membership calculation using rough sets. International Journal of Computational Intelligence

150

and Applications, 14(02), pp. 1550012.
Ohana, B., & Tierney, B. (2009). Sentiment classification of reviews using SentiWordNet.
Ozsoy, M. G., Cicekli, I., & Alpaslan, F. N. (2010, August). Text summarization of turkish texts using
latent semantic analysis. In Proceedings of the 23rd international conference on computational
linguistics (pp. 869-876). Association for Computational Linguistics.
Page, L., Brin, S., Motwani, R., & Winograd, T. (1999). The PageRank citation ranking: Bringing order
to the web. Stanford InfoLab.
Pal, A. R., & Saha, D. (2014, February). An approach to automatic text summarization using WordNet.
In 2014 IEEE International Advance Computing Conference (IACC) (pp. 1169-1173). IEEE.
Pawlak, Z. (1982). Rough sets. International journal of computer & information sciences, 11(5), pp. 341356.
Pawlak, Z. (2012). Rough sets: Theoretical aspects of reasoning about data (Vol. 9). Springer Science &
Business Media.
Pennington, J., Socher, R., &Manning, C. (2014). Glove: Global Vectors for Word Representation. In
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP).
(pp. 1532-1543).
Polkowski, L. (Ed.). (2013). Rough sets in knowledge discovery 2: applications, case studies and
software systems(Vol. 19). Physica.
Radev, D. R. (2000). Centroid-based summarization of multiple documents: sentence extration, utilitybased evalutation, and user studies. In Proc. ACL/NAAL Workshop on Summarization, Seattle,
WA.(2000).
Radev, D. R., Jing, H., Styś, M., & Tam, D. (2004). Centroid-based summarization of multiple
documents. Information Processing & Management, 40(6), pp. 919-938.

151

Radzikowska, A. M., & Kerre, E. E. (2002). A comparative study of fuzzy rough sets. Fuzzy Sets and
systems, 126(2), pp. 137-155.
Ribeiro, R., & de Matos, D. M. (2011). Centrality-as-relevance: support sets and similarity as geometric
proximity. Journal of Artificial Intelligence Research, 42, pp. 275-308.
Roget, P. M. (1911). Roget's Thesaurus of English Words and Phrases. TY Crowell Company.
Sarkar, K. (2009). Sentence clustering-based summarization of multiple text documents. TECHNIA–
International Journal of Computing Science and Communication Technologies, 2(1), pp. 325-335.
Sahlgren, M. (2006). The Word-Space Model: Using distributional analysis to represent syntagmatic and
paradigmatic relations between words in high-dimensional vector spaces (Doctoral dissertation).
Seki, Y., Eguchi, K., Kando, N., & Aono, M. (2006, June). Opinion-focused summarization and its
analysis at DUC 2006. In Proceedings of the Document understanding conference (Duc) (pp. 122-130).
Selvam, S. (1998). Fuzzy logic control for the drier of a washing machine. IETE Technical Review,
15(3), pp. 217-219.
SentiWordNet, http://sentiwordnet.isti.cnr.it/.
Shetty, A., & Bajaj, R. (2015). Auto text summarization with categorization and sentiment
analysis. International Journal of Computer Applications, 130(7), pp. 57-60.
Silber, H. G., & McCoy, K. F. (2002). Efficiently computed lexical chains as an intermediate
representation for automatic text summarization. Computational Linguistics, 28(4), pp. 487-496.
Singh, S., & Dey, L. (2005). A rough-fuzzy document grading system for customized text information
retrieval. Information processing & management, 41(2), pp. 195-216.
Sharan, A., Imran, H., & Joshi, M. (2008, July). A trainable document summarizer using Bayesian
classifier approach. In 2008 First International Conference on Emerging Trends in Engineering and

152

Technology (pp. 1206-1211). IEEE.
Shepherd, B. A. (1983, August). An Appraisal of a Decision Tree approach to Image Classification. In
IJCAI (pp. 473-475).
Srinivasan, P., Ruiz, M. E., Kraft, D. H., & Chen, J. (2001). Vocabulary mining for information retrieval:
rough sets and Fuzzy Sets. Information Processing & Management, 37(1), pp. 15-38.
Steinberger, J., & Jezek, K. (2004). Using latent semantic analysis in text summarization and summary
evaluation. Proc. ISIM, 4, pp. 93-100.
Suanmali, L., Salim, N., & Binwahlan, M. S. (2009, May). Feature-based sentence extraction using fuzzy
inference rules. In 2009 International Conference on Signal Processing Systems (pp. 511-515). IEEE.
Suanmali, L., Salim, N., & Binwahlan, M. S. (2011, December). Fuzzy genetic semantic based text
summarization. In 2011 IEEE Ninth International Conference on Dependable, Autonomic and Secure
Computing (pp. 1184-1191). IEEE.
Thakkar, K. S., Dharaskar, R. V., & Chandak, M. B. (2010, November). Graph-based algorithms for text
summarization. In 2010 3rd International Conference on Emerging Trends in Engineering and
Technology (pp. 516-519). IEEE.
Tay, F. E., & Shen, L. (2002). Economic and financial prediction using rough sets model. European
Journal of Operational Research, 141(3), pp. 641-659.
Toutanova, K., & Manning, C. D. (2000, October). Enriching the knowledge sources used in a maximum
entropy part-of-speech tagger. In Proceedings of the 2000 Joint SIGDAT conference on Empirical
methods in natural language processing and very large corpora: held in conjunction with the 38th Annual
Meeting of the Association for Computational Linguistics-Volume 13 (pp. 63-70). Association for
Computational Linguistics.
Van Coillie, F. M., Verbeke, L. P., & De Wulf, R. R. (2007). Feature selection by genetic algorithms in
object-based classification of IKONOS imagery for forest mapping in Flanders, Belgium. Remote

153

Sensing of Environment, 110(4), pp. 476-487.
Velayutham, C., & Thangavel, K. (2011). Unsupervised quick reduct algorithm using rough set
theory. Journal of electronic science and technology, 9(3), pp. 193-201.
Vidhya, K. A., & Aghila, G. (2010, February). Hybrid text mining model for document classification.
In 2010 The 2nd International Conference on Computer and Automation Engineering (ICCAE) (Vol. 1,
pp. 210-214). IEEE.
Wang, D., Li, T., Zhu, S., & Ding, C. (2008, July). Multi-document summarization via sentence-level
semantic analysis and symmetric matrix factorization. In Proceedings of the 31st annual international
ACM SIGIR conference on Research and development in information retrieval (pp. 307-314). ACM.
Wang, R., Miao, D., & Hu, G. (2006, December). Discernibility matrix based algorithm for reduction of
attributes. In Proceedings of the 2006 IEEE/WIC/ACM international conference on Web Intelligence
and Intelligent Agent Technology (pp. 477-480). IEEE Computer Society.
Wang, X., Yang, J., Teng, X., Xia, W., & Jensen, R. (2007). Feature selection based on rough sets and
particle swarm optimization. Pattern recognition letters, 28(4), pp. 459-471.
Wei, J., Huang, D., Wang, S., & Ma, Z. (2002, June). Rough set based decision tree. In Proceedings of
the 4th World Congress on Intelligent Control and Automation (Cat. No. 02EX527) (Vol. 1, pp. 426431). IEEE.
Wojna, A., & Kowalski, L. (2017). RSESLIB Programmer’s Guide. In Faculty of Mathematics,
Informatics and Mechanics. University of Warsaw.
Wu, Z., & Palmer, M. (1994, June). Verbs semantics and lexical selection. In Proceedings of the 32nd
annual meeting on Association for Computational Linguistics (pp. 133-138). Association for
Computational Linguistics.
Xing, W., & Ghorbani, A. (2004, May). Weighted pagerank algorithm. In Proceedings. Second Annual
Conference on Communication Networks and Services Research, 2004. (pp. 305-314). IEEE.

154

Yadav, N., & Chatterjee, N. (2014). Text Summarization using Rough Sets. In International Conference
on Natural Language Processing and Cognitive Processing.
Yadav, C. S., & Sharan, A. (2015). Hybrid approach for single text document summarization using
statistical and sentiment features. International Journal of Information Retrieval Research (IJIRR), 5(4),
pp. 46-70.
Yao, Y. Y. (1999). Granular computing using neighborhood systems. In Advances in soft
computing (pp. 539-553). Springer, London.
Yeh, J. Y., Ke, H. R., Yang, W. P., & Meng, I. H. (2005). Text summarization using a trainable
summarizer and latent semantic analysis. Information processing & management, 41(1), pp. 75-95.
Ziarko, W. (1993). Variable precision rough set model. Journal of computer and system sciences, 46(1),
pp. 39-59.
Zhao, S., & Tsang, E. C. (2008). On fuzzy approximation operators in attribute reduction with fuzzy
rough sets. Information Sciences, 178(16), pp. 3163-3176.
Zheng, T., &Zhu, L. (2015). Uncertainty Measures of Neighborhood System based Rough Sets.
Knowledge-Based Systems, 86, (pp. 57-65).
Zhou, B., Chen, L., & Jia, X. (2014). Information Retrieval Using Rough Set Approximations. In ICTs
and the Millennium Development Goals (pp. 185-197). Springer, Boston, MA.
Zhu, W., &Wang, F. Y. (2007). On three types of Covering based Rough Sets. IEEE Transactions on
Knowledge and Data Engineering, 19(8), (pp. 1131-1144).

155

Appendix - I
Random Indexing and Centroid based Summarization

In the era of presence of multiple textual information about a particular topic, it becomes
of immense importance to process these multiple documents and summarize them. This is
the process of Multi-document Text Summarization (MDTS). Random Indexing has been
proposed for Single document Summarization. This research aims to develop the technique
of MDTS using Random Indexing. One of the very famous technique for Multi-document
text Summarization is centroid based method (Radev, 2004) which is used popularly.
Primarily, the centroid based technique works on vector space model of representation of
sentence vectors. In this chapter we build a hybrid technique for MDTS which utilizes the
best of both these techniques in one.

Proposed Algorithm
The proposed algorithm is described in Figure 1 and is explained as follows. The Random
Indexing (RI) vectors for each of the document are generated as discussed in Section 7.2.3.
The proposed Idf values are calculated corresponding to each dimension. The Idf here is
log(N/n) where N is the total number of documents and n is the number of documents
whose vectors have non-zero value corresponding to that dimension. Further, the proposed
Tf-Idf matrix is obtained by multiplying Idf values with the RI value of vectors computed.
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Clustering is performed using the Tf-Idf matrix as document vectors. For sentence scoring
of each document, the Centroid Value, Positional Value, first sentence overlap is calculated
in a manner similar to the centroid based method.
The next section we discuss the summarization models developed and validated.

Fig. A1.1. Flowchart of Random Indexing and Centroid based MDTS

Results & Analysis
The dataset used for evaluating the proposed unsupervised techniques is DUC2005. The
task for DUC2005 is processing a set of 50 document sets and generating a summary of
250 words from it. Each document set itself contain 25-50 text documents. We have
developed and implemented five models based on the algorithms described in previous
section. These are described as follows:
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1) System 1 is the centroid method which is given in Section 7.2.1 and is considered
as baseline.
2) System 2 is the proposed Centroid and Random Indexing based technique wherein
the weight of every word in context window is taken to be one while evaluating the
context vector. Further, the entire document is given as a string to compute the
document vector.
3) System 3 is the proposed Centroid and Random Indexing technique where varying
weights are assigned to each word in a context window. The words closest to the
focus word in the context window are given higher weights. The weights are
computed and set as the multiplying factor, v. v is taken as 21−|k|, where k is the
window size. The entire document is presented as a string to compute the document
vector.
1) System 4 is the proposed Centroid and Random Indexing technique where the
document vector is calculated by taking mean of the sentence vectors of the
constituent sentences. v is taken as 1.
2) System 5 is the proposed Centroid and Random Indexing technique where the
document vector is calculated by taking mean of the sentence vectors of the
constituent sentences. The words closest to the focus word in the context window
are given higher weights. The weights are computed and set as the multiplying
factor, v. v is taken as 21−|k|, where k is the window size.
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The results are computed using parameters where p is set to 2 and v is computed
accordingly for all the models. The ROUGE scores are given in Table A1.1.
It can be seen that System 4 and System 2 is performing consistently better than other
models which are evaluated. The ROUGE-1 score of System 4 is 0.3068, this is followed
by results in System 2. ROUGE-1 score of System 2 is 0.3063 as compared to score of
0.3001, 0.3044 for System 3 and System 5 respectively. The similar patterns are observed
for ROUGE 2, ROUGE L, ROUGE W and ROUGE SU. The proposed method has
obtained an increase in 15% of accuracy over the baseline algorithm.

System1

System2

System3

System4

System5

ROUGE-1

0.2881

0.3062

0.3001

0.3068

0.3044

ROUGE-L

0.2444

0.2556

0.2533

0.2584

0.2561

ROUGE-SU

0.0864

0.0942

0.0916

0.0951

0.0936

Table A1.1. ROUGE scores for MDTS with the proposed models

Concluding Remarks
This chapter presents a hybrid technique for Multi-document Text Summarization based
on Random Indexing and centroid based technique. The work presented and proposed aims
to improve the accuracy. In this approach Random Indexing technique is incorporated into
the popular centroid technique for Multi-document Text Summarization. The developed
models have been tested on DUC2005 dataset. The experimental results confirm an
improvement in accuracy of summarization results.
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Appendix - II
Rough-Cluster based Feature Selection: Other Datasets

Feature Selection is an important pre-processing step towards Data Mining and Machine
Learning. In this work we depart from the conventional use of Rough Set for clustering.
Rather we use clustering for computing the indiscernible objects of a Rough Set. We
propose the use of clustering for computing, a new indiscernibility relation as given in
Chapter 6. In particular we have proposed two approaches, viz.

i.

Rough-Cluster K-Mean (RCK): This method uses K-mean clustering for
indiscernibility relation,

ii.

Rough-Cluster Hierarchical (RCH): This method uses hierarchical clustering for
indiscernibility relation.

The schemes have been tested on several available standard datasets as discussed in Chapter
6 and compared with Rough Set based Quick Reduct (QR) over two classifiers i.e. SVM
and KNN. In this chapter we present the performance of the techniques presented in Chapter
6 over popular Machine Learning datasets.

Results of Rough-Cluster on other Machine
Learning Datasets
The proposed algorithms for feature selection are evaluated on standard datasets, mainly
two class problems. Accuracies are computed using SVM and KNN. The datasets used for
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evaluation are: colon, svmguide3, sonar, leukemia from libsvm, duke data, mushroom,
ionosphere and satimage from UCI. The details about the datasets are given in Table A2.1.
Experiments were performed with varying values of K, the number of clusters in the
Rough-Cluster reduct algorithm. Table 1 describes the properties of datasets used. Table
A2.2 and Table A2.3 summarize the results over various values of K for RCK and RCH
with the classifier SVM and KNN respectively. Table A2.4 compares the number of
selected features by the proposed techniques RCK and RCH. All experiments were
performed on random samples of the dataset with 5-fold cross validation.

Concluding Remarks
The proposed algorithms for feature selection are compared with the baseline quick reduct
algorithm (QR) for feature selection. The cluster size specifies the number of concepts covered
by the given data. Determining an optimal value of K is crucial. Note the value of K depends on
Data Set

Leukemia
Colon
Satimage
Ionosphere
Wine
Sonar
Duke Data
Svmguide3
Lung
Cancer

Number
of
Objects
72
62
6435
351
178
208
44
1284
32

Number
of
Features
7129
2000
36
34
13
60
7129
21
56

Number
of
classes
2
2
6
2
3
2
2
2
2

Table A2.1: Properties of datasets used
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DataSets

QR

RCK
K=5

RCH
K=5

RCK RCH
K=7 K=7

RCK
K=10

RCH
K=10

RCK
K=11

RCH
K=11

Svmguide3

83.47

81.25

81.48

83.94 81.13

80.85

80.62

82.73

80.85

Leukemia

86.43

83.57

80.00

82.14 85.71

80.71

81.42

81.42

83.57

Colon

78.33

79.16

80.83

82.50 81.66

76.66

83.33

85.83

84.16

Satimage

89.91

90.17

85.93

88.31 88.56

89.31

88.01

89.98

88.09

Ionosphere

91.71

75.14

91.11

75.14 88.00

75.14

89.42

75.14

88.85

Wine

95.43

94.41

92.00

94.12 96.57

93.71

94.57

94.28

93.42

Iris

96.00

97.33

92.33

97.00 94.00

97.66

96.33

97.33

96.33

Lung
Cancer

71.66

70.00

71.66

73.33 68.33

68.33

73.33

68.33

78.33

Duke

76.25

73.75

65.00

70.00 68.75

72.50

71.25

76.25

70.00

Table A2.2: Results for 5-folds with SVM classifier.

DataSets

RCK
K=5

RCH
K=5

Svmguide3

82.61 80.11

81.36

84.37

80.74

80.85

Leukemia

85.71 80.71

76.42

80.00

77.14

77.85

Colon
Satimage
Ionosphere
Wine

QR

78.83

76.66

90.58 88.52
88.84

84.57

87.29 94.00

77.50
86.27
89.28
90.28

RCK
K=7

76.67
88.95
84.57
94.00

RCH
K=7

75.83
86.82
86.57
94.00

RCK
K=10

78.33
86.52

RCH
K=10

RCK
K=11

79.68

84.37

80.00
82.50
87.04

84.57 88.57
92.85

92.85

80.14
78.33
87.99
84.57
93.14

RCH
K=11
79.68
76.42
80.00
87.35
87.57
89.42

Iris

96.00

97.33

93.66

96.66

95.67

97.66

96.00

97.33

96.00

Lung Cancer

66.66

70.00

76.66

75.00

65.00

70.00

75.00

73.33

78.33

Duke

71.25

78.75

66.25

75.00

66.25

66.25

65.00

76.25

66.25

Table A3.3: Results for 5-folds with KNN classifier.

the type of data as well as the data size. Higher the data size, more are the classes of similar
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objects that can be present in data. There is a unique cluster centre for each object of universe
under consideration. This states that there is no ambiguity in choosing the cluster centres.

QR

RCK
K=5

Svmguide3

17.3

4.0

Leukemia

2.4

22.9

Colon

3.1

Satimage

36

Ionosphere

10.5

2.8

3.0

3.6

3.8

2.2

2.4

2.3

2.5

Wine

5.3

4.9

5.3

6.1

6.6

5.8

6.2

6.2

6.7

Iris

3.9

3.8

3.4

3.9

3.4

3.9

3.9

3.9

3.9

Lung Cancer

3.8

Duke

2.4

DataSets

RCH
K=5
4.5
24.9

15.1 16.3
9.3

3.8

10.0

4.2

15.6 17.2

RCK
K=7

RCH
K=7

RCK
K=10

RCH
K=10

RCK
K=11

RCH
K=11

3.8

4.4

3.6

4.3

4.0

4.7

21.2
14.0
12.8

5.0
15.7

23.5
15.1
14.0

5.4
17.0

21.8
15.8
8.6

4.7
12.6

23.2

21.0

17.8
9.5

4.9

16.3
11.0

5.1

13.9

13.3

23.1
18.2
11.7

5.3
15.0

Table A2.4: Average number of features selected

The following points briefly describe the major observations from the experiments:


Satimage data has 36 features and QR selects all 36 features while RCK and
RCH on an average selects 8 to 14 features. The accuracies vary marginally for
quick reduct (89.91%) and RCK algorithms (90.17%) for SVM. While for KNN
QR the accuracy obtained is 90.58% and for RCK with K=7 the obtained
accuracy is 88.95%.



Ionosphere data set has 34 features. QR selects on an average 10.5 features.
However, for RCK and RCH the average number of selected features lie in the
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range of 2.2 to 4. The KNN classification accuracy of QR i.e. 88.84 is less than
the best given by RCH method viz. 89.28. For SVM, a marginal difference in
accuracy between QR (91.71) and RCH method (91.11).


For svmguide3 RCK (83.94%) performs better than QR (83.47%) for SVM
classifier with a vast difference in the number of features selected.



We observe that for lung cancer QR achieves 71.66% accuracy for SVM, while
the accuracy is 78.33% for RCH, K=11. The KNN classifier accuracy is 78.33%
for RCH, K=11 which is better than QR accuracy.



The Colon data has 2000 features. The RCK for K=11 is performing best for the
SVM classifier giving 85.83% accuracy while QR gives 78.33%. For KNN
classifier RCH for K=10 is performing best with 82.50% accuracy and QR
giving 78.83% accuracy.

It can be seen in Table A2.2, A2.3 and A2.4 that the results obtained are at par with the
results obtained with QR method barring a few cases. In this chapter we have shown that
the proposed Rough Set based feature selection techniques RCK, RCH result in good
accuracies when tested on standard classifiers of SVM and KNN. We have experimented
on various cluster sizes for several data sets. The method has an advantage that it does not
require discretization.
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Appendix - II
Rough-Cluster based Feature Selection: Other Datasets

Feature Selection is an important pre-processing step towards Data Mining and Machine
Learning. In this work we depart from the conventional use of Rough Set for clustering.
Rather we use clustering for computing the indiscernible objects of a Rough Set. We
propose the use of clustering for computing, a new indiscernibility relation as given in
Chapter 6. In particular we have proposed two approaches, viz.
i.

Rough-Cluster K-Mean (RCK): This method uses K-mean clustering for
indiscernibility relation,

ii.

Rough-Cluster Hierarchical (RCH): This method uses hierarchical clustering for
indiscernibility relation.

The schemes have been tested on several available standard datasets as discussed in Chapter
6 and compared with Rough Set based Quick Reduct (QR) over two classifiers i.e. SVM
and KNN. In this chapter we present the performance of the techniques presented in Chapter
6 over popular Machine Learning datasets.
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Results of Rough-Cluster on other Machine
Learning Datasets
The proposed algorithms for feature selection are evaluated on standard datasets, mainly
two class problems. Accuaracies are computed using SVM and KNN. The datasets used
for evaluation are: colon, svmguide3, sonar, leukemia from libsvm, duke data, mushroom,
ionosphere and satimage from UCI. The details about the datasets are given in Table A2.1.
Experiments were performed with varying values of K, the number of clusters in the
Rough-Cluster reduct algorithm. Table 1 describes the properties of datasets used. Table
A2.2 and Table A2.3 summarize the results over various values of K for RCK and RCH
with the classifier SVM and KNN respectively. Table A2.4 compares the number of
selected features by the proposed techniques RCK and RCH. All experiments were
performed on random samples of the dataset with 5-fold cross validation.

Concluding Remarks
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The proposed algorithms for feature selection are compared with the baseline quick reduct
algorithm (QR) for feature selection. The cluster size specifies the number of concepts covered
by the given data. Determining an optimal value of K is crucial. Note the value of K depends on

Data Set
Leukemia
Colon
Satimage
Ionosphere
Wine
Sonar
Duke Data
Svmguide3
Lung
Cancer

Number
of
Objects
72
62
6435
351
178
208
44
1284
32

Number
of
Features
7129
2000
36
34
13
60
7129
21
56

Number
of
classes
2
2
6
2
3
2
2
2
2

Table A2.1: Properties of datasets used
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DataSets

QR

RCK
K=5

RCH
K=5

RCK RCH
K=7 K=7

RCK
K=10

RCH
K=10

RCK
K=11

RCH
K=11

Svmguide3

83.47

81.25

81.48

83.94 81.13

80.85

80.62

82.73

80.85

Leukemia

86.43

83.57

80.00

82.14 85.71

80.71

81.42

81.42

83.57

Colon

78.33

79.16

80.83

82.50 81.66

76.66

83.33

85.83

84.16

Satimage

89.91

90.17

85.93

88.31 88.56

89.31

88.01

89.98

88.09

Ionosphere

91.71

75.14

91.11

75.14 88.00

75.14

89.42

75.14

88.85

Wine

95.43

94.41

92.00

94.12 96.57

93.71

94.57

94.28

93.42

Iris

96.00

97.33

92.33

97.00 94.00

97.66

96.33

97.33

96.33

Lung
Cancer

71.66

70.00

71.66

73.33 68.33

68.33

73.33

68.33

78.33

Duke

76.25

73.75

65.00

70.00 68.75

72.50

71.25

76.25

70.00

Table A2.2: Results for 5-folds with SVM classifier.

DataSets

RCK
K=5

RCH
K=5

Svmguide3

82.61 80.11

81.36

84.37

80.74

80.85

Leukemia

85.71 80.71

76.42

80.00

77.14

77.85

Colon
Satimage
Ionosphere
Wine

QR

78.83

76.66

90.58 88.52
88.84

84.57

87.29 94.00

77.50
86.27
89.28
90.28

RCK
K=7

76.67
88.95
84.57
94.00

RCH
K=7

75.83
86.82
86.57
94.00

RCK
K=10

78.33
86.52

RCH
K=10

RCK
K=11

79.68

84.37

80.00
82.50
87.04

84.57 88.57
92.85

92.85

80.14
78.33
87.99
84.57
93.14

RCH
K=11
79.68
76.42
80.00
87.35
87.57
89.42

Iris

96.00

97.33

93.66

96.66

95.67

97.66

96.00

97.33

96.00

Lung Cancer

66.66

70.00

76.66

75.00

65.00

70.00

75.00

73.33

78.33

Duke

71.25

78.75

66.25

75.00

66.25

66.25

65.00

76.25

66.25

Table A3.3: Results for 5-folds with KNN classifier.
the type of data as well as the data size. Higher the data size, more are the classes of similar
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objects that can be present in data. There is a unique cluster centre for each object of universe
under consideration. This states that there is no ambiguity in choosing the cluster centres.

QR

RCK
K=5

Svmguide3

17.3

4.0

Leukemia

2.4

22.9

Colon

3.1

Satimage

36

Ionosphere

10.5

2.8

3.0

3.6

3.8

2.2

2.4

2.3

2.5

Wine

5.3

4.9

5.3

6.1

6.6

5.8

6.2

6.2

6.7

Iris

3.9

3.8

3.4

3.9

3.4

3.9

3.9

3.9

3.9

Lung Cancer

3.8

Duke

2.4

DataSets

RCH
K=5
4.5
24.9

15.1 16.3
9.3

3.8

10.0

4.2

15.6 17.2

RCK
K=7

RCH
K=7

RCK
K=10

RCH
K=10

RCK
K=11

RCH
K=11

3.8

4.4

3.6

4.3

4.0

4.7

21.2
14.0
12.8

5.0
15.7

23.5
15.1
14.0

5.4
17.0

21.8
15.8
8.6

4.7
12.6

23.2

21.0

17.8
9.5

4.9

16.3
11.0

5.1

13.9

13.3

23.1
18.2
11.7

5.3
15.0

Table A2.4: Average number of features selected

The following points briefly describe the major observations from the experiments:
•

Satimage data has 36 features and QR selects all 36 features while RCK and
RCH on an average selects 8 to 14 features. The accuracies vary marginally for
quick reduct (89.91%) and RCK algorithms (90.17%) for SVM. While for KNN
QR the accuracy obtained is 90.58% and for RCK with K=7 the obtained
accuracy is 88.95%.

•

Ionosphere data set has 34 features. QR selects on an average 10.5 features.
However, for RCK and RCH the average number of selected features lie in the
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range of 2.2 to 4. The KNN classification accuracy of QR i.e. 88.84 is less than
the best given by RCH method viz. 89.28. For SVM, a marginal difference in
accuracy between QR (91.71) and RCH method (91.11).
•

For svmguide3 RCK (83.94%) performs better than QR (83.47%) for SVM
classifier with a vast difference in the number of features selected.

•

We observe that for lung cancer QR achieves 71.66% accuracy for SVM, while
the accuracy is 78.33% for RCH, K=11. The KNN classifier accuracy is 78.33%
for RCH, K=11 which is better than QR accuracy.

•

The Colon data has 2000 features. The RCK for K=11 is performing best for the
SVM classifier giving 85.83% accuracy while QR gives 78.33%. For KNN
classifier RCH for K=10 is performing best with 82.50% accuracy and QR
giving 78.83% accuracy.

It can be seen in Table A2.2, A2.3 and A2.4 that the results obtained are at par with the
results obtained with QR method barring a few cases. In this chapter we have shown that
the proposed Rough Set based feature selection techniques RCK, RCH result in good
accuracies when tested on standard classifiers of SVM and KNN. We have experimented
on various cluster sizes for several data sets. The method has an advantage that it does not
require discretization.
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