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Abstract

The interaction between a computer and a human or natural language is
known as Natural Language Processing (NLP). The ultimate goal is to make
the natural language text understandable, which in turn, requires its meaning
to be captured. Text can be analyzed on several levels, such as lexical, syntax,
semantics, discourse, and pragmatics. These NLP tasks deal with text at
different levels, such as word, phrase, sentence, paragraph, and document.
Discourse analysis is a type of text analysis that goes beyond the sentence
level. The discourse analysis is currently performed on expository (essay)
type of texts. There are currently no state-of-the-art NLP applications that
handle Tamil literary texts at a discourse level. Tamil classical literature is
rich with ethical, moral, and philosophical values that should be explored for
the benefit of society. This paper proposes an automatic semantic interpre-
tation framework for Tamil literary texts using discourse parsing by giving
works on discourse parsing, text classification, discourse-based clustering
and information retrieval, and Tamil language and Tamil literatures. This
semantic interpretation can be developed as a smart mobile application using
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multimedia components. This paper also discusses how the Tamil literary text
processing differs from the essay type of text.

Keywords: Discourse parsing, tamil literature, text classification, discourse-
based clustering, information retrieval, mobile application, multimedia, natu-
ral language processing.

1 Introduction

The natural language text can be analyzed on several levels, such as lexical,
syntax, semantics, discourse, and pragmatics. The study of how words are
generated from morphemes, which are smaller meaning-bearing components,
is known as morphology; syntax refers to the rules that define how words
combine to form phrases, clauses, and sentences; semantics is concerned
with the interpretation of the meaning of words and the sentences they
form; discourse is concerned with the coherent sequences of sentences; and
pragmatics is concerned with how the interpretation of a text is influenced by
the use of words and sentences in various contexts. It can be observed that the
morphology deals mostly with words; syntax deals with sentences; semantics
deals with both words and sentences, discourse and pragmatics deal texts
beyond sentences.

Collection of sentences does not make sense. Sentences must be related
to each other for a better interpretation. A discourse comprises of coher-
ent sentences. A discourse structure captures the semantic relations that
relate the sentences. There are theories to construct the discourse structure.
Rhetorical Structure Theory (RST) introduced by Mann, and Thompson at
the University of Southern California (Thompson and Mann [1], Mann and
Thompson [2]), is a widely used theory to analyse the text at the discourse
level and to form a discourse structure representation called, rhetorical struc-
ture. Tamil language and literature have a long and illustrious history, with
written Tamil reaching back to 600 BC. Tamil ancient literature is alive with
ethical, moral, and philosophical values that should be investigated for the
benefit of society. It motivates the paper to propose a semantic interpretation
framework for Tamil literary texts using discourse parsing by works on text
classification, discourse-based clustering and information retrieval, and Tamil
language and Tamil literatures. It can further be developed as a smart mobile
application by using multimedia components.

The rest of the paper is organized as follows: Section 2 discusses related
works and Section 3 gives the semantic interpretation of Tamil literary texts.
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Section 4 discusses the results and discussion, and the conclusions and future
work are presented in Section 5.

2 Related Works

The state-of-the-art works on RST based discourse parsing are discussed in
this section. Using the shift reduce parsing method and WordNet, Subba and
Di [3] discovered discourse relations. The authors have used linguistic cues
as features. The document was examined sentence by sentence. Hernault
et al. [4] built a discourse parser by employing a Support Vector Machine
(SVM) Classifier to build a discourse tree. The document was processed
beyond the sentence level, and feature sets were created using a combination
of syntactic and lexical features such as lexical heads, words, and POS
tags. For discourse relation classification, Hernault et al. [5] utilized a semi-
supervised approach called Feature Vector Extension. The technique was
centred on detecting co-occurring features in unlabelled data, which were
then utilised to extend the classifier’s feature vectors. Word pairs, parse tree
production rules, and Lexico-Syntactic context at the boundary between two
units of text were used as features in the method.

This section also discusses the works that have been done on discourse-
based clustering. Alonso et al. [6] used discourse connectives to try hier-
archical clustering. The discourse connectives were found in the MACO
morphological analyzer’s Spanish dictionary. They tested their method with
a 16 million word corpus (5.5 million words of balanced Spanish text LEX-
ESP and 10.5 million words of newspaper text). Precision was employed
as the criterion for evaluation. Miltsakaki et al. [7] proposed employ-
ing discourse connectives to annotate discourse structure. The discourse
connectives were discovered using WordFreak, an annotation tool. They
annotated the PDTB with Penn Tree Bank and Propbank. Ramesh and
Yu [8] proposed employing conditional random fields - supervised machine
learning classifier to automatically identify discourse connectives in biomed-
ical text. They employed PDTB as a data set and used biomedical articles
for cross validation. The evaluation metrics were precision, recall, and
F1-score.

The related works on text classification are also discussed in this section.
Al-Salemi and Aziz [9] used the simple Naive Bayes algorithm, multinomial
Naive Bayes algorithm, and multi-variant Bernoulli Naive Bayes algorithm to
automatically categorize Arabic documents into four classes, with the most
frequent terms in the documents serving as features. To test their findings,
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they used their own Arabic news collections as a dataset, in all on 3172 Arabic
documents. Macro average is the average of Fl-measure of all categories.
Precision, recall, F1-measure and macro-average were used as evaluation
metrics and achieved overall Macro-F1, 0.941. Rizzo et al. [10] classified
research articles into two classes, relevant and non-relevant papers, using
the multinomial Naive Bayes classifier. The classification assists researchers
retrieve relevant papers for their research. Authors’ names, names of journals,
journal references, abstracts, introductions and conclusions were used as
features. Their work was tested on 2215 papers from the benchmark Sys-
tematic Literature Review dataset, with recall as the evaluation metric and
achieved 95%.

This section also describes the works on Information Retrieval (IR)
systems. Fauzi et al. [11] proposed an IR system to retrieve information from
Arabic figh texts. In all, 13 Arabic figh e-books were used as a dataset. The
pages of the 13 books were treated as documents, and an inverse book fre-
quency for ranking developed. They tested their work with precision, recall,
and F-measure evaluation metrics and achieved 76% precision, 74% recall
and 75% F-measure. Zamani et al. [12] proposed a standalone neural ranking
model for document retrieval, using an inverted indexing technique to index
the documents collected. Their work was tested using newswire and web
collections. Precision, mean average precision (MAP), recall, and normalized
discounted cumulative gain were used as evaluation metrics. Liu et al. [13]
proposed a parallel indexing method to index traditional Chinese medical
reports. A multifactor ranking model was applied for ranking, and the medical
reports displayed using a template-based visualization method. Precision,
MAP, normalized discounted cumulative gain, and average response times
were used as evaluation metrics.

This section also examines computational works carried out on Tamil
language and literature. Elanchezhiyan et al. [14] proposed the Kuralagam
search engine for the Thirukkural, which retrieves couplets based on key-
words, concepts and expanded query words. It retrieves couplets that are
conceptually relevant to the query. MAP was used as the evaluation met-
ric and achieved the score of 0.83. Madhavan et al. [15] classified Tamil
poems into four protocols called “Paa”, using a rule-based approach, and
context-free grammar to create the rules. Tamil poems have been parsed, an
intermediate representation created, and the poems subsequently classified
into four categories. They have achieved classification accuracy of 90%.
Sridevi and Subashini [16] classified 11th century Tamil handwritten texts
using the probabilistic neural network. Line, word, character segmentation
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and feature extraction were done before the classification, with structural
and syntactic features put to use. Testing involved the use of 500 characters,
with accuracy as the evaluation metric. They have achieved the classification
accuracy of 80.52%.

It can be observed that the existing works have been done on the essay
type of texts. The NLP tools are available for processing the texts and datasets
are also available. The existing works have not focussed on the literary type
of text. The proposed work focusses on the Tamil literary type of texts. The
NLP tools and datasets are not available. For most Indian languages, language
tools such as ontology, parts-of-speech tagging, and morphological analyzers
have yet to be fully developed. These are the challenges for processing
Tamil literary type of texts than essay type of texts. The proposed work
builds the semantic interpretation framework for Tamil literary type of texts
by discourse processing and it can also be implemented as a smart mobile
application by using various multimedia components such as text, audio, and
video etc.

3 Semantic Interpretation of Tamil Literary Texts

A semantic interpretation framework for Tamil literary texts using discourse
parsing is proposed in this paper by giving works on discourse parsing, text
classification, discourse-based clustering and information retrieval, and Tamil
language and Tamil literatures.

3.1 Works on Discourse Parsing

For the Penn Discourse Tree Bank (PDTB), Ghosh et al. [17] identified
explicit discourse connectives. For token level argument segmentation, they
developed shallow discourse parsing. The document was examined sentence
by sentence. As features, lexical, syntactic, and semantic features were used.
Ghosh et al. [18] used a constraint-based strategy based on conditional
random fields to increase the recall of a shallow discourse parser. Ghosh
et al. [19] developed a parser that employs both local and global constraints.
They used lexico-syntactic features to assess the text at the inter-sentence
level. Subalalitha and Ranjani [20] utilized suthras and sangatis, notions from
Tamil and Sanskrit literature, as well as modern text processing techniques
like RST, Universal Networking Language, to identify semantic indices for
Tamil documents. Suthras are used to represent text in a clear and concise
manner.
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For the Indian languages of Tamil, Malayalam, and Hindi, Sobha
et al. [21] proposed automatic detection of connectives and their arguments.
They employed a machine learning technique called Conditional Random
Fields. As a corpus, they have used 3000 sentences from the health domain.
Sobha et al. [22] annotated the discourse relations in three language corpora:
Tamil, Malayalam, and Hindi. Lin et al. [23] developed a PDTB-style end-to-
end discourse parser. Their parser found the sense of relation between argu-
ments by identifying all discourse and non-discourse relations, and labelling
the arguments. At the paragraph level, the document was examined. The
features that were used were lexical, syntactic, and semantic. Ji and Eisen-
stein [24] used a representation learning strategy to convert surface features
into latent space, making RST-based discourse parsing easier. They evaluated
the document at the sentence level with a shift reduced discourse parser. For
RST-based discourse parsing, Sidarenka et al. [25] segmented the German
text. They looked over the text sentence by sentence.

Using RST-based discourse parsing and a recursive neural network,
Bhatia et al. [26] suggested document level sentiment analysis. They used
lexical features as features in their text analysis at the document level. In
Tamil documents, Subalalitha and Ranjani [27] discovered 13 RST Rela-
tions. Beyond the sentence level, the Naive Bayes probabilistic classifier
was utilised to analyse the Tamil documents. Their discourse parser, which
was inherited from Universal Networking Language, employed the high level
semantic properties to generate rhetorical structure trees. RST and Segmented
Discourse Representation Theory were used to annotate the corpus by Stede
et al. [28]. The argumentation annotation was also added to it. The document
was examined sentence by sentence. As a feature set, syntactic and semantic
features were used. For identifying the discourse relation between adjacent
sentences, Ji et al. [29] suggested a latent variable recurrent neural network.
They used lexical features to examine the text at the inter-sentence level.
Using a recursive neural network and RST, Ji and Smith [30] presented text
categorization. The document was examined sentence by sentence.

3.2 Works on Discourse-based Clustering

For literary text analysis, Luyckx et al. [31] used K-means clustering. The
authors have used parts of speech tags as features. For their experiments, they
employed the Wall Street Journal as a dataset. In terms of the text’s discourse
relation, Rysova and Rysova [32] focused at the discourse connectives. In dis-
course connectives, they suggested constraints and preferences. The Prague
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Dependency Treebank was utilized to test their findings. Rutherford and
Xue [33] proposed utilizing Maximum Entropy classifiers to improvise
implicit discourse relations by classifying explicit discourse connectives.
They tested their method using two datasets: English Gigaword Corpus
Version 3, and PDTB 2.0. The evaluation metrics were precision, recall, and
F1-score.

Braud and Denis [34] suggested a semi-supervised approach for strength-
ening implicit discourse relations. A binary classifier was used to identify the
discourse connectives. They tested their method using PDTB and newspaper
articles from the Wall Street Journal datasets. As evaluation measures, F1-
score and accuracy were utilized. Malmi et al. [35] proposed that discourse
connectives in shorter sentences and passages be automatically predicted. For
this assignment, they employed web-based papers. A decomposable attention
model was utilized to predict discourse connectives automatically, and the
results were compared to human ratters. The Fl-score was utilized as a
criterion for evaluation. The primary and secondary discourse connectives
have been analyzed by Rysova and Rysova [36]. Primary connectives, such
as therefore, have only one word and are grammaticalized, but secondary con-
nectives, such as for this reason, have multiple words. To test their technique,
they employed the Prague Discourse Treebank and Czech newspaper texts as
datasets.

3.3 Works on Text Classification

Al-Badarneh et al. [37] investigated different indexing approaches for Arabic
text classification using the multinomial Naive Bayes classifier and identi-
fied five categories. Word frequencies were used as features in their 1000
normalized Arabic documents dataset. Micro average accuracy was used
as evaluation metric. Xu [38] classified a text into 20 categories, compar-
ing algorithms such as the classical Naive Bayes classifier as well as the
Bernoulli and Gaussian event models. Word frequencies of the document
were used as features. Their work was tested on 23020 English documents
from the 20 Newsgroups and WebKB datasets. As evaluation measures,
precision, recall, and F-measure were used. Bahgat et al. [39] classified the
email into two categories using semantic methods. The Principal Compo-
nent Analysis and Correlation Feature Selection techniques were used for
feature selection. The benchmark Enron dataset was used for evaluating their
work. The comparative study was performed with different machine learning
techniques.
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The real time classification of social media data for disaster response
and recovery was proposed by Ragini, et al. [40]. The SVM algorithm
was used for text classification. The authors have used the data collected
from Twitter. They have used precision, recall and Fl-score as evaluation
metrics. Text classification of Arabic documents was proposed by Elnagar
et al. [41]. The authors have used deep learning models for the text clas-
sification task. They have used SANAD and NADiA Arabic datasets for
classification. Accuracy was used as evaluation metric and obtained 96.94
percent in SANAD dataset and 88.68 percent in NADiA dataset. Meta-feature
representation, sparsification and selective sampling were proposed in the
pre-processing step of the text classification by Cunha et al. [42]. The authors
have used kNN algorithm for selecting the meta-features. They have used four
datasets namely, WebKB, 20NewsGroup, a subset of ACM digital library, and
Reuters. Micro Averaged F1 and Macro Averaged F1 evaluation metrics were
used to evaluate their work.

The fine tuning algorithm for Naive Bayesian classifier is proposed by El
et al. [43]. They have compared their algorithm with the existing Naive Bayes
algorithm. The performance of their work is tested using 47 UCI datasets. The
comparison is performed with different machine learning algorithms using 18
UCI text classification datasets. An interaction representation was proposed
by Zheng et al. [44] for text classification, which gave interaction among
words. They have used five datasets, namely, IMDB dataset, Yelp dataset,
open domain fact based questions dataset, AG news corpus and DBpedia
dataset. Natured inspired algorithm and ensemble classifier were used by
Khurana et al. [45] for optimal text classification. They have used 10 datasets
taken from UCI repository and one real-time airline dataset. They tested their
work using precision, recall, F-score and accuracy.

The hierarchical multi label Arabic text classification was proposed by
Aljedani et al. [46]. The authors have used various machine learning algo-
rithms for the classification. They have used the in house dataset. They have
evaluated their work using micro-averaged precision, recall and F-measure.
The discharge summary classification based on sentimental analysis was
proposed by Waheeb et al. [47]. They have used various machine learning
algorithms. They have used 1237 discharge summaries as the dataset. They
have evaluated their work using F1-score. The combination of different pre-
processing steps were used to improve the text classification by HaCohen-
Kerner et al. [48]. They have used three machine learning algorithms, namely,
Bayes network, a variant of SVM, and Random Forest. The authors have used
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four datasets namely, R8, WebKB, sentiment labelled sentences, and SMS
spam collection. They have evaluated their work using accuracy.

Automatic medical protocol classification was proposed by Lépez-Ubeda
et al. [49]. The authors have used random forest, and SVM algorithms
for their text classification task. They have used HT-medica dataset which
composed of CT and MRI examinations. They have evaluated their work
using precision, recall, F1-score, and accuracy. The reasoning mechanism
was proposed in multi label text classification by Wang et al. [50]. The
authors have used AAPD dataset for testing their work. They have used
recall, precision, and Fl-score for evaluating their work. Luo [51] used
SVM, Naive Bayes, and Logistic Regression machine learning algorithms to
classify English documents. Word frequency, question mark, full stop, initial
word and final word of the documents were used as features. The author has
tested the work with 1033 English documents.

3.4 Works on Information Retrieval Systems

Meng et al. [52] proposed a scheme for indexing and retrieving social
media data. Experiments were undertaken on two image datasets and an
e-commerce dataset. Precision, recall, MAP, and response time were used
as evaluation metrics. Tekli et al. [53] proposed an approach for semantic
indexing to retrieve information from structured, unstructured and semi-
structured data. An algorithm developed to facilitate searching was tested on
the IMBD movie dataset. Their work was evaluated using precision, recall,
F-score and MAP metrics.

Samia and Khaled [54] proposed an Arabic plagiarism detection system.
Semantic indexing was carried out using Arabic ontology and parts-of-speech
tagging. The AraPlagDet corpus was used to evaluate their work using preci-
sion, recall and F-score metrics. Agosti et al. [55] proposed an unsupervised
neural framework for IR. Semantic indexing, synonymy, and polysemy were
used to eliminate semantic gaps, indicating a mismatch between document
terms and queries. The TREC CDS and OHSUMED collections were used to
test their work, with precision and recall as the evaluation metrics.

3.5 Computational Works on Tamil Language and Tamil
Literature

Prasath et al. [56] proposed a cross-language IR approach for a given user
query in another language. A corpus-driven query suggestion approach for
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re-ranking was used on Tamil and English news collections of the FIRE
corpora, with precision as the evaluation metric. Subalalitha and Anita [57]
proposed a page ranking algorithm based on discourse relations, to retrieve
web pages. The rhetorical structure theory was applied to ascertain semantic
relations between web pages, as well as hyperlinks in the web pages. In all,
500 Tamil and 50 English tourism web pages were tested, using precision as
the evaluation metric. Giridharan et al. [58] proposed a scheme to retrieve
information from ancient Tamil texts inscribed in temples, and after that
transform the epigraphy into current Tamil digital texts, along with their
meaning. The Brahmi database was used as a dataset, and accuracy of 84.57%
obtained.

Sankaralingam et al. [59] put forward a methodology for IR for Tamil
texts, using ontology to convert ontological structures into visual represen-
tations that aid retrieval. Lexical and semantic relations such as homonymy,
synonymy, antonymy, and meronymy were used on their S0000-word general
domain dataset. Thenmozhi and Aravindan [60] suggested an ontology-
based cross-lingual IR system. Tamil queries were translated into English
and the relevant documents were retrieved in English. Ambiguity was elim-
inated from Tamil and English queries with word-sense disambiguation and
ontology, respectively. A Tamil-English bilingual dictionary, a Tamil morpho-
logical analyzer, and a named entity database were used to translate Tamil
queries into English. Their methodology was evaluated for the agricultural
domain, with precision as the evaluation metric. Subalalitha and Poovam-
mal [61] constructed an automatic bilingual dictionary for the Thirukkural
using the Naive Bayes machine learning algorithm. They used G. U. Pope’s
English translation and commentary, as well as Dr. M. Varadharajan and Dr.
Solomon Pappaiya’s Tamil explanations. Precision was used as an evaluation
metric.

Subalalitha [62] proposed an information extraction scheme for the Tamil
literary work, Kurunthogai. Food, flora, fauna, vessels, waterbodies, noun
unigrams, verb unigrams, adjective-noun bigrams, and adverb-verb bigrams
were all extracted for information. N-grams were extracted using a Tamil
morphological analyzer tool. Precision was used as the evaluation metric.
Clustering of Thirukkural couplets based on discourse connectives was pro-
posed by Anita and Subalalitha [63]. The machine learning algorithm used
was K-means clustering. Cluster purity, Rand index, precision, recall, and
F-score were used as evaluation metrics, resulting in 79 percent purity, 92
percent overall Rand index, 79 percent precision, 80 percent recall, and a
79 percent F-score. A rule-based method for creating a discourse parser
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for the Thirukkural was proposed by Anita and Subalalitha [64]. Discourse
connectives have been used as the features. Precision and recall were used as
evaluation metrics and achieved 81.5% precision and 81.86% recall.

Saravanan [65] proposed a cluster-based Tamil document retrieval system
using semantic indexing. The K-means algorithm was used on a dataset taken
from the Tamil Language Consortium Repository. F-score was used as an
evaluation metric. Tamil handwritten character recognition was proposed by
Vinotheni et al. [66]. The authors have used modified convolution neural
network model for this work. They have collected the dataset from various
schools. They have evaluated their work with accuracy. A discourse-based
information retrieval system for the Tamil literary texts such as, Thirukkural
and Naladiyar was proposed by Anita and Subalalitha [67]. The discourse
structure was constructed and discourse-based inverted indexing, searching
and ranking were performed for information retrieval. The work is compared
with the Google search and keyword-based search. Mean Average Precision
(MAP) was used to evaluate their work and achieved 89 percent.

4 Results and Discussion

Existing discourse approaches analyzed text in English documents and expos-
itory type Tamil documents, as can be shown. This paper aids to propose a
discourse technique that employs RST to identify semantic/discourse rela-
tions in a Tamil literature text that lacks a consistent pattern for semantic
analysis. Unlike English, which uses a fixed Subject Verb Object (SVO)
sentence pattern, Tamil expository texts use either SVO or Subject Object
Verb (SOV). Tamil literature, on the other hand, does not follow the SOV
or SVO pattern. Tamil literatures contain a diverse range of morphological
variants (Anand et al. [68]). The usage of words in expository documents is
different from literature-type text.

The existing works have targeted building IR system for English, Chi-
nese and Arabic languages. These IR systems are capable of semantically
interpreting the query, whereas, Indian language based IR systems are still
at the keyword-based search level. This is due to the fact that language tools
like ontology, parts-of-speech tagging, and morphological analyzers are yet
to be comprehensively developed for most Indian languages. It is observed
that much of the existing research carried out has restricted itself to the
Tamil expository text, with very few studies undertaken on Tamil literary
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texts. These challenges has to be met to achieve high accuracy and better
performance in the discourse-based interpretation framework construction for
Tamil literary texts and it can be developed as a smart mobile application by
using multimedia components.

The proposed work is evaluated using precision, recall, F-score and
accuracy as the evaluation metrics using Equations (1)—(3) (Ravi et al. [69])
and (4) (Makaju et al. [70]). The fraction of relevant outcomes among the
retrieved results is known as precision. The percentage of relevant results that
are successfully retrieved is known as recall. The harmonic mean of precision
and recall is the F-score. The percentage of right decisions is calculated by
accuracy.

.. TP
Precision (P) = m (1)
TP
Recall (R,) = m (2)
2PR
F- = 3
score PIR 3)
TP + TN
Accuracy = + @)

TP + TN+ FP + FN

Where true positive, true negative, false positive, and false negative are
represented by the letters TP, TN, FP, and FN. The number of similar elements
in the same class is true positive; the number of dissimilar elements in
separate classes is true negative; the number of dissimilar elements in the
same class is false positive, and the number of similar elements in different
classes is false negative.

Figures 1-4 show the performance comparison of the existing works
using various machine learning algorithms and datasets. The algorithms are
Logistic Regression (LR) algorithm, Support Vector Machine (SVM) algo-
rithm, Random Forest (RF) algorithm, and Multinomial Naive Bayes (MNB)
algorithm. Figure 1 shows the performance comparison of the algorithms
using precision. It shows that MNB algorithm works well (85.78%) than other
algorithm.

Figure 2 shows the performance comparison of the algorithms using
recall. It shows that MNB algorithm has good recall value (86.42%) than
others.
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Precision %

87.00
86.00
85.00
84.00
83.00

82.00
81.00
80.00
79.00
78.00
LR RF SVM MNB

Figure 1 Performance comparison of precision.

Recall %

88.00
86.00
84.00

82.00
80.00
78.00
76.00
74.00
72.00
LR RF SVM MNB

Figure 2 Performance comparison of recall.

Figure 3 shows the performance comparison of the algorithms using
F-Score. It shows that MNB algorithm works well (86.1%) than other
algorithm.

Figure 4 shows the performance comparison of the algorithms using
accuracy. It can be observed that the accuracy of 87.98 percent is achieved
in MNB, which shows the MNB algorithm outperforms the other algorithms.
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F-Score %
88.00
86.00

84.00

82.00
80.00
78.00 I l
76.00
LR RF SVM MNB

Figure 3 Performance comparison of F-score.

Accuracy %

90.00
88.00
86.00
84.00

82.00
80.00
78.00
76.00
74.00
LR RF SVM MNB

Figure 4 Performance comparison of accuracy.

5 Conclusions and Future Work

Tamil literary classics, dating prior to 300 BCE, are a treasure trove of invalu-
able information. Computationally analyzing them to make them accessible
to today’s generation is inevitable. A discourse/semantic analysis on the
Tamil literary texts must be performed. In this paper, various methodologies



An Analysis on Semantic Interpretation of Tamil Literary Texts 675

with different datasets for text classification, clustering, and IR has been
discussed. This paper has observed the gaps related to the works done on
essay type of texts which has to be performed to achieve high accuracy
and better performance in Tamil literary texts. This paper has proposed
automatic semantic interpretation of Tamil literary texts by giving works on
discourse parsing, text classification, discourse-based clustering and infor-
mation retrieval systems. The semantic interpretation framework can be
developed as a mobile application by using multimedia components. This
mobile application can be used as a search engine for retrieving relevant
information from the Tamil literary texts for the given user query.
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