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ABSTRACT

For effective and efficient natural language processing (NLP) systems, it is of great significance that a discourse unit
must be made a unit of processing. The major obstacle to achieving that goal is the identification of discourse
boundaries (DBs). This paper presents an algorithm about the identification of DBs in English text using anaphorically
annotated text. The proposed algorithm is based on the structure of anaphoric annotations carried out in Phrase
Detectives Corpus 2.1.4 (PD2). It has been tested on anaphorically annotated documents selected at random from PD2
and showed an accuracy of 97.66%.
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INTRODUCTION

The term discourse was used for the first time in
1952 by Zellig Harris. Harris defined it as a joined
chunk of text which may consist of one or more
sentences connected by different words known as
anaphoric devices [1]. Consider the following:

“[Ali is son of Jamila. He is ten years old. Kashif is
his elder brother.] [Kashif is a student of MS Computer
Science. He studies in University of Peshawar.]”

This is an example which consists of two discourse
units delimited from each other by the squared
brackets. The brackets represent discourse boundaries
(DBs). Related work in the discipline of Discourse
Analysis (DA) shows that most of earlier work has
focused more on word and individual sentence-based
studies. However, when this study is extended beyond
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sentence level and

discourse unit is introduced as a unit of processing to
NLP systems e.g. text understanding, text
simplification, text classification, text summarization,
Question-Answering systems, machine translation and
machine learning more complexities are resolved and
performance of these applications can be boosted up to
a great extent [2]-[8]. Most of these NLP systems need
such a unit of text which is complete semantically &
referentially and describe the sub/idea entirely. When
such a unit of text is provided as a unit of processing
these NLP systems would boost up in terms of
accuracy, efficient processing and getting more
effective & useful results. Therefore, to have such a unit
of text it is indispensable to first identify DBs. Therefore,
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this paper presents an algorithm for the identification of
DBs in English text using anaphorically annotated text.

LITERATURE REVIEW

DA has been used for many applications e.g.
Reciprocal Anaphora Resolution [9], the representation
and identification of discourse markers and their errors
correction and possible applications [10]-[13], making
the process of group discussion easier and more fruitful
[14], and comparing the discourse markers annotations,
done both manually and automatically [15]. The authors
in [16]-[21] have summarized the text summarization
tools and techniques. They have performed the
performance analysis of these tools and techniques
from discourse and knowledge discovery perspective
and exposed great importance of DA to the text
summarization techniques. Authors in [22]-[25] have
proposed innovative machine learning approaches and
reworked on the model of the language for language
and dialect identification. In case of language
identification, they concluded with experimental
justification that the unsupervised approaches which
adapts language models should be considered in all
languages identification tasks due to its encouraging
performance. For the task of dialect identification their
experiments preferred the use of derived feature vector
over the use of raw feature vectors.

Similarly, the problem of anaphora resolution has
also attracted focus of many researchers. These
researchers have worked to provide innovative
solutions, to improve the available ones and also to
make a comparative analysis among them, in different
natural languages such as English, Hindi, Spanish and
Pashto using different approaches [26]-[36].

Text classification in is also one such problem
addressed by many in past and proposed traditional
and machine learning-based approaches [37]-[40]. The
authors in [37] proposed a method called compound
word statistics which makes use of feature extraction
followed by a ranking function. The features that are
considered for extraction are lexical, semantic and
syntactic feature. The single ranking function is used to
consider the frequencies of the extracted features. This
method performs about 6% — 10% better than other 6
well-known approaches in terms of accuracy.
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The task of translating the source language to the
target language is called machine translation. Different
statistical and machine learning based models are
proposed for this duty in past while some have
proposed hybrid approaches. The models in [41], [42]
mainly makes use of a parser to parse the source text,
an analyzer to analyze the source text, a mapping
function to map the sentences of the two languages
and a sentence generator to finally generate the target
language sentences.

Sentiment analysis is another popular task in NLP
that is usually applied to social media texts for deciding
on critical business decisions. In [43] the authors used
three methods i.e. bag of words, Word2Vec and
Doc2Vec for the first time in Turkish texts to carry out
the task of sentiment analysis on Twitter tweets. They
justified that Word2Vec is the method which performs
better when compared with other methods for text
representation while Random Forest is considered the
most effective among the many machine learning
algorithms. Another recent study on sentiment analysis
is done by Mariam Khader et al and Anwar Alnawas et
al [44], [45] on social media texts. They used a
technique called MapReduce to study big data. A twitter
dataset is used in Mariam Khader et al study and
enhanced the accuracy of the sentiment analysis.
Authors in [46] developed a sentiment analysis system
which is applicable to a resource-poor language called
Roman Urdu. A dataset is also created followed by its
annotations in [46]. The system showed 80.07%
accuracy rate and reduced the error rate up to 12%.

Research shows that the earlier work on discourse
analysis is very different from each other but one thing
which is common in most of them is that, they need
such a unit of text which is complete at least from three
perspectives i.e. to achieve effective and useful results
the unit of text needs to havelinclude the details
regarding the Semantics, Anaphoric References &
idea/topic being discussed in the unit of text. Therefore,
it is necessary to identify DBs so that the relevant NLP
systems could enjoy such a unit of text.

ALGORITHM

The proposed algorithm is implemented in Python
3.6 using Spyder Integrated Development Environment.
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The developed system operates on anaphorically
annotated text. It processes the input document
sentence by sentence. At the end of each sentence
processing, based on some algorithm conditions (given
in pseudo code), it is decided to mark or not to mark
discourse boundaries. After processing the whole input
document, a new textual file is generated which serve
as the final output. This file now contains the source
text with discourse boundaries being identified.

e Input to the Algorithm

The algorithm inputs an anaphorically annotated
document at a time. Among many, Phrase Detectives
Corpus 2.1.4 is one such latest corpus that has been
anaphorically annotated [47]-[50]. In total, phrase
detectives corpus 2.1.4 consists of 542 documents
having 408153 tokens and 49990 markables (any
linguistic expression of interest). Over ten years of
efforts and with the help of 1958 annotators, second
version of phrase detectives corpus 2.1.4 was released
in January 2019 which makes this corpus more reliable.
lts current release consists of two subsets: Silver and
Gold. The algorithm is tested on documents of the gold
subset in the hope of being more accurate than the
silver one because the gold subset is additionally
annotated by two expert annotators.

e PSEUDO CODE

The algorithm processes the sentences of the input
document in a loop. The discourse starting and ending
boundary is marked by the algorithm before the first
sentence and after the last sentence of the input
document. The discourse starting boundary is placed to
the head of the first sentence while the discourse
ending boundary is placed to the tail of the last
sentence.

If an anaphoric device is identified in a sentence, it
means that it is pointing within a discourse unit that is
already started. Therefore, there is neither need to start
a new discourse nor to close the already started one.
After this, the algorithm just checks the algorithm
termination condition i.e. whether the current sentence
is the last sentence of the input document then,
generate the final output file from the processed input
document otherwise, read the next sentence.

If there is no anaphoric device in a sentence, it
means that there is no reference to the discourse under
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process. As a result, it ends here while a new discourse
begins from this sentence. In this situation, the
algorithm places a discourse ending and starting
boundaries to the head of the current sentence. Finally,
the algorithm termination condition is checked once
again, and appropriate actions are performed as
explained in above paragraph. Algorithm is given
below, and its flowchart is given in Figure 1.
1. Open an anaphorically annotated document
2. Read next sentence from the anaphorically
annotated input document
3. If current sentence being read is the first
sentence of the input document
a. Mark a discourse starting boundary
b. If this sentence contains one or more
anaphoric device for the antecedents
which are in previous sentence, then
i. If current sentence is the
last sentence of the input

document
1. Mark a discourse
ending boundary

2. Go tostep 5.
i. Else, Go to step 2.
4. If there’s no anaphoric device in current
sentence
a. Mark a discourse ending boundary
b. Mark a new discourse starting
boundary
c. If current sentence is the last
sentence of input document
i. Mark a discourse ending
boundary
ii. Go tostep 5.
d. Else, Go to step 2.
5. Copy the processed XML input document
into a new textual file that serves as final
output file
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Figure 1: Algorithm Flowchart

EXPERIMENTS AND RESULTS

Our  algorithm  has  been tested on
documents/samples selected at random from the gold
subset of phrase detectives’ corpus 2.1.4 and showed
an accuracy of 97.66%. After error analysis, it is
revealed that most of the times our algorithm gives
incorrect result when there is a fault in the anaphorically
annotated input text. Therefore, based on the algorithm
evaluation (explained later), it is accomplished that the
more error free is the anaphorically annotated input text
the better is the algorithm accuracy.

DISCUSSION AND EVALUATION

A similar study has been carried out on discourse
boundaries identification using a different approach [51]
having accuracy of 96%. The algorithm proposed in [20]
can be applied only to English monologue which
narrows down its applicability. Moreover, that algorithm
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design follows a static type approach which makes it
very difficult to improve its accuracy.

In this paper, an algorithm for the identification of
discourse boundaries using anaphorically annotated
text is introduced which is the main contribution of this
paper. In the proposed approach, the algorithm makes
use of anaphorically annotated text that makes our
work unique. Therefore, our work laid the foundation for
all those future studies on the same subject that will
make use of anaphorically annotated text. Moreover,
our algorithm can be applied to both monologue and
dialogue instead of only monologue text as reported in
[51].

After careful error analysis, it was observed that
most of the time the algorithm performance is affected
due to faults in the anaphorically annotated input text.
Al the input faults affecting the accuracy of the
algorithm are categorized into three categories as given
in the sub-sections below.

e Missing Annotation
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This category of faults includes all the missing
annotations. Missing annotations means that some
entities/phrases during annotations have not been
annotated by the annotators at all. Missing of this
annotation happened due to lack of the knowledge of
anaphoric annotations, ambiguity in the anaphoric
devices and their corresponding antecedents or some
other error in the annotating software e.g. a phrase
could not be selected.

o Incorrect Annotation

In this category, all those annotations include
which are incorrect. Annotators have performed
annotations but those are incorrect.
¢ Inconsistent Annotation

This category of faults includes all those
annotations which have been carried out in the corpus.
Although they are correct, but they violate the
annotation rules of the corpus. Each markable/phrase
in Phrase Detectives Corpus 2.1.4, if it is a pointing
word, must point to its antecedent indirectly through the
nearest intermediate phrase/antecedent. When the
annotators do not follow this rule, the resultant
annotation called an inconsistent annotation due to
which the algorithm accuracy is affected.

After corrections of the input faults the proposed
algorithm accuracy increased from 88.72% to 97.66%.
Therefore, based on this, it can be emphasized that if
an anaphorically annotated text is to be used for
discourse boundaries identification then accurate
anaphoric annotations serve as backbone for achieving
high accuracy in discourse boundaries identification
systems.

The results we achieved can now be used by other
NLP systems such as text understanding, text
simplification, text summarization, Question-Answering
systems, text paraphrasing, machine translation and
other similar systems to get more accurate and highly
valuable results.

The implemented algorithm, however, has two
limitations as follows:

e The algorithm can process text only if it is

anaphorically annotated

o The anaphorically annotated text needs to be

in XML format
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CONCLUSION

Accurate identification of discourse boundaries is a
preprocessing step that once performed can improve
the performance of other NLP systems after this barrier
is removed. In this paper, an innovative algorithm is
designed and implemented for the identification of
discourse boundaries which takes anaphorically
annotated text as input. The proposed algorithm is
tested on anaphorically annotated documents taken
from phrase detectives’ corpus 2.1.4 which produced
accuracy of 97.66%.

In future it is intended to implement the idea of
discourse  boundaries identification in  Pakistani
languages having Urdu language as the first priority.
The two limitations of this study will also be removed in
future. To do that, an anaphorically annotating software
will be developed and combined with the present
algorithm. This annotating software will be acting as an
intermediate processor to input natural text in its
original form, anaphorically annotate it and produce the
results in XML form that will then become input to the
present algorithm. When this intermediate program is
combined with the current algorithm then this whole
system will be able to input text in natural form and
produce the same text as output with discourse
boundaries being identified.
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