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Abstract

This work delves into the dynamic domain of Natural Language Processing (NLP),
which has experienced remarkable strides owing to the advent of machine learning
and deep learning methodologies. Within this expansive field, the identification
and assessment of claims within textual data have emerged as pivotal tasks, neces-
sitating automated solutions to gauge their validity and relevance. Our exploration
extends beyond the confines of English to encompass a spectrum of languages,
with a keen focus on Indian linguistic diversity, thereby broadening the applica-
bility of NLP techniques across diverse cultural and linguistic contexts. Central
to our investigation is the paradigm of Multi-task Learning (MTL), which offers
the promise of concurrent task execution to enhance overall model performance.
While MTL has traditionally been applied to similar tasks, our research pioneers
its application to dissimilar tasks, thereby pushing the boundaries of its utility and
efficacy. To this end, we employ innovative fusion methodologies and a long-head
approach in task-specific layer strategies, helping our MTL models with enhanced
adaptability and accuracy. Furthermore, our study delves into the intricate do-
main of Span Identification, particularly honing in on Sentiment and Claim Span
Identification tasks. Leveraging transfer learning techniques, we develop robust
models capable of effectively extracting specific spans of text containing pertinent
information across multiple languages. By imbuing our models with multilingual
support, we strive to ensure their versatility and applicability in diverse linguistic
contexts, particularly within the rich variety of the Indian linguistic landscape. In
synthesizing these methodologies and approaches, our research contributes to the
advancement of NLP applications, fostering greater understanding and automa-
tion of textual data analysis, especially within the intricate and diverse linguistic

fabric of India.
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CHAPTER 1

Introduction

atural Language Processing (NLP) has witnessed remarkable advancements
N in recent years, driven by breakthroughs in machine learning and deep learn-
ing techniques. These advancements have led to significant improvements in var-
ious NLP tasks such as text generation, sentiment analysis, and machine transla-
tion. One of the notable pros of these advancements is the ability to handle more
complex linguistic structures and nuances, enabling more accurate and contextu-
ally relevant results. Additionally, NLP models have become more scalable and

efficient, allowing for faster processing of large volumes of text data.

In the realm of NLP tasks, Claim Detection has emerged as a crucial area, aim-
ing to automatically identify and assess claims made in the text for their validity
or relevance. Multi-task Learning has gained traction as a promising approach,
where models are trained to perform multiple NLP tasks simultaneously, lever-
aging shared knowledge and improving overall performance. Span Identification,
another important task, focuses on identifying and extracting specific spans of
text that contain relevant information, contributing to tasks such as named entity
recognition and information extraction. These advancements signify the contin-
uous evolution of NLP towards more sophisticated and versatile applications in

various domains.

1.1 Natural Language Processing

NLPJ0], a subfield of computer science within the larger field of artificial intel-
ligence (AI), aims to enable computers to interpret and process human language,
both spoken and written, in the same way that humans do. It blends computa-
tional linguistics, which uses rules to represent human language, with statistical,

machine learning, and deep learning approaches. These technologies enable com-
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puters to comprehend the meaning, intentions, and emotions conveyed by text or
voice, making activities like translation, speech recognition, and summarization
possible even in real-time. NLP enables a variety of consumer applications such
as voice-activated GPS, digital assistants, and chatbots, while its use in corporate
solutions is growing to optimize company operations and increase productivity.

However, it is difficult to create algorithms that correctly comprehend text or
audio data since human language is inherently ambiguous. Applications that use
natural language must be able to identify and comprehend subtleties like idioms,
sarcasm, homophones, metaphors, grammatical exceptions, and sentence structure
changesthings that people pick up on intuitively over time but that computers need
to be expressly taught.

Many natural language processing (NLP) jobs entail decomposing human tex-

tual and auditory input to enable machine understanding, such as:

« Part of Speech Tagging[2]: Part of speech tagging, or grammatical tag-
ging, involves identifying the role of a word within a sentence by analyzing
its context and usage. For instance, the word "make" can function as both
a verb and a noun, as seen in the sentences 'l can make a paper airplane'

and "What make of car do you own?"

« Named-Entity Recognition[3]: Named Entity Recognition (NER) de-
tects words or phrases in the text that refer to specific entities, such as
locations, people’s names, organizations, and so on. For example, NER can

recognize "Kentucky"' as a location or "Fred" as a name.

o Text Classification[d]: Text Classification is analyzing textual material
to detect subtle components such as attitudes, emotions, sarcasm, doubt,

and mistrust.

o Natural Language Generation: NLG, often known as speech-to-text or
reverse voice recognition, is the process of translating structured text into

human languages.

1.2 Claim Detection

Claim Detection is the act of recognizing and evaluating claims or assertions
in a text that can be true or false and are commonly used to persuade or convince
the audience of a specific perspective or argument. This problem is important in a
variety of sectors, including information retrieval and natural language processing,

as well as politics, science, and health.
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The significance of textual claim identification is demonstrated by its function

n:

o Fact-Checking: Organisations that do fact-checking must guarantee the

veracity of assertions made by persons or businesses.

o Information Retrieval: Enables the retrieval of important information
from vast text databases, making it easier for consumers to look for certain

claims or information.

e« Argument Analysis: Necessary for properly understanding the form and

strength of arguments.

However, claim identification presents obstacles such as ambiguity, context depen-
dence, and heterogeneity in format, structure, and language. Identifying claims is
becoming increasingly difficult because many online statements are in the CodeMix
language, meaning they include multiple languages within a single sentence. In
essence, Claim Detection is an important procedure for extracting and analyz-
ing claims from textual material, with applications ranging from fact-checking to
information retrieval and argument analysis. It entails using a variety of tech-
niques, including rule-based and machine-learning approaches, but also carefully

considering the inherent problems and ethical implications.

1.3 Multi-task Learning

Multi-task learning, also called MTL, has emerged as a potent and promising
focus within the domain of machine learning. This powerful paradigm empowers
machine learning models to simultaneously tackle multiple tasks, leveraging shared
representations to optimize efficiency and learning speed. Deep learning, while
transformative in many aspects, has traditionally been hampered by large-scale
data requirements and extensive computational demands. MTL offers a break-
through in addressing these limitations, unlocking new possibilities for efficient

and effective learning across diverse tasks.

« Background of Multi-task Learning: At its core, MTL mirrors the
essence of human learning, where knowledge integration across domains
plays a pivotal role in human intelligence. Just as humans acquire general
motor skills, like balance and intuitive physics, that serve as the foundation
for tackling complex tasks later in life, MTL enables models to rapidly learn
from minimal examples and leverage learned concepts for efficient learning

across diverse settings. By promoting positive transfer between tasks and
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facilitating concept-based learning, MTL aims to develop systems that em-

ulate the cognitive capabilities of human intelligence.

o Types of Multi-task Learning: Traditionally, MTL methods have been
categorized into hard parameter sharing and soft parameter sharing. The
former entails sharing model weights between tasks, whereas the latter al-
lows for task-specific models with parameters designed to encourage simi-
larity between tasks. While this dichotomy captures important aspects of
MTL, the breadth and diversity of MTL techniques extend far beyond this

classification.

e MTLs Capability in Multilingualism: MTL can be used to handle
Multilingualism which refers to a high degree of proficiency in two or more
languages. It enables individuals to communicate in written and oral modes
effectively. It often leads to language mixing, also known as code-mixing,
where multilingual speakers switch between multiple languages within a sin-

gle utterance of text or speech. This is a unique issue that can be taken care
of with the use of MTL.

e Scope of Multi-task Learning: As researchers delve deeper into the realm
of multi-task learning, they interpret its scope as a learning setting with a
fixed set of tasks treated equally. This interpretation excludes scenarios with
a single "main task' and auxiliary tasks, as well as those with dynamically
changing task sets over time. By clarifying the scope of MTL, researchers
ailm to create a more comprehensive understanding of its application and

impact in various domains.

In Multi-task learning, we can concurrently experiment with various tasks like Lan-
guage Identification, Named-Entity Recognition, Sentiment Analysis, etc. In NLP,
Language Identification or language guessing is the problem of determining which
natural language given content is in. Named-entity recognition is a subtask of In-
formation Extraction that seeks to locate and classify named entities mentioned in
unstructured text into pre-defined categories such as person names, organizations,
locations, medical codes, time expressions, quantities, monetary values, percent-
ages, etc. Sentiment Analysis is the use of NLP, Text Analysis, Computational
Linguistics, and Biometrics to systematically identify, extract, quantify, and study
affective states and subjective information.

Multi-task learning holds immense promise in verifying scientific claims and
enriching knowledge exploration in the data-rich digital age. By advancing MTL

methods and seamlessly integrating NLP techniques, researchers can effectively
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combat the spread of misinformation and enhance the standard of informed decision-
making across various fields. As MTL continues to evolve and diversify, researchers
must embrace the challenges and complexities to unlock its full potential, ushering

in a new era of transformative scientific discoveries and advancements.

1.4 Span Identification

Span Identification tasks are essential components of practical NLP, spanning
a variety of studies inside a single text. These tasks include recognizing and
categorizing sequences of tokens. They range in complexity from lemmatization
and sentiment analysis to connection extraction. Deep learning advancements have
resulted in a wide range of model architectures for span detection, including token
classification models, recurrent neural networks, and transformers like BERT.

However, there is no systematic understanding of how various span identifi-
cation tasks compare. Questions emerge about the efficacy of alternative model
designs across tasks and whether certain task features might influence the selec-
tion of appropriate models. Answering these concerns might make architectural
selection easier and allow for comparisons of existing methodologies and new im-
provements.

Span Types, such as quote detection and named entity identification, have a
variety of features. While there is little research on assessing their similarities and

variances, four criteria can capture essential characteristics:

o Frequency: The number of spans for a span type in the training corpus;
larger frequencies often improve model performance. Architectural options

such as transfer learning may reduce the requirement for large training data.

o Span Length: It is the geometric mean of span lengths in tokens. Tradi-
tional models based on rigid assumptions may struggle with larger spans,
but models such as LSTMs or transformers may outperform owing to their

ability to describe long-distance relationships.

e Span Distinctiveness: Determines how diverse the text inside spans is
from the total text of the corpus, with higher distinctiveness suggesting

variable word use within spans.

 Boundary Distinctiveness: Determines how different the start and end
points of spans are from the remainder of the text. High boundary unique-
ness indicates recognized span borders, whilst low distinctiveness denotes

smoother transitions.
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In this work, we concentrated on two major types of Span Identification tasks that
are frequently used in many industries: Claim Span Identification and Sentiment
Span Identification.

Claim Span Identification includes extracting sentences that contain one or
more claims. The key goal is to identify the exact location of the assertion inside
the phrase. For example, in the context of combatting fake news, this activity is
critical for quickly and reliably recognizing portions of sentences containing erro-
neous assertions. On the contrary, Sentiment Span Identification is likewise
concerned with sentence extraction. The system processes a document conveying
favorable or negative thoughts about a certain topic. The idea is to detect spans
or segments inside phrases that express any type of sentiment.

Both Claim Span Identification and Sentiment Span Identification play critical
roles in a variety of applications. For example, in the field of news verification
and disinformation detection, Claim Span Identification helps to indicate possibly
erroneous or misleading assertions, allowing fact-checking organizations to assess
material quickly. Similarly, Sentiment Span Identification is extremely useful in
sentiment analysis applications, allowing companies to measure public opinion,
customer happiness, and brand sentiment by extracting feelings stated in customer
reviews, social media postings, or product feedback.

Furthermore, advances in natural language processing (NLP) and machine
learning approaches have resulted in the creation of sophisticated algorithms ca-
pable of correctly distinguishing claim spans and sentiment expressions in text
data. These developments have considerably increased the efficiency and accu-
racy of tasks such as false news identification, sentiment analysis, and information

extraction, allowing for better-informed decision-making across several domains.

1.5 Research Challenges

In this section, we will briefly outline the challenges encountered during our

research. These are presented in a point-wise format below:

o Numerous scholarly studies have investigated Claim Detection and its prac-
tical consequences in everyday situations. But, a significant void remains in
the evaluation of its relevance in the Indian context. Example: Research
has explored how claim detection can be used to fact-check news articles,
highlighting its importance in combating misinformation. Despite global
research efforts, there is a lack of studies examining how claim detection

applies to Indian media and discourse.

» Existing research mostly focuses on binary determinations of claim presence
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within textual constructions. Little emphasis has been paid to explicit cat-
egorization by claim type. Example: Many studies only identify whether
a statement contains a claim or not, without further analysis. Research sel-
dom differentiates between types of claims, such as factual claims, opinions,

or predictions.

Our thesis seeks to discover assertions and categorize them, overcoming the
binary dichotomy. We used a dataset relevant to different opinions regarding
vaccination in India, reflecting the unique features of the Indian narrative.
Example: Instead of merely detecting claims, our study classifies them into
categories like medical claims, political claims, etc. Our dataset includes
social media posts, news articles, and public statements about vaccines in

multiple Indian languages.

There is a considerable corpus of research on multi-task learning, mostly
focused on homogenous or similar task sets. There is very little in-depth
research on the dynamics of Multi-task Learning in the context of diverse or
dissimilar task designs. Example: Studies often look at multi-task learn-
ing within related tasks like anger detection and sentiment analysis, which
share similarities. Few studies examine how multi-task learning performs
when combining tasks like claim detection, sentiment analysis, and language

identification.

Nothing is known about the influence of certain model architectures on
multi-task frameworks’ overall performance metrics. Our research aims to
address this imbalance by investigating various task paradigms and their ef-
fects on learning dynamics. We want to understand the usefulness of model
designs in tolerating such task variation. Example: We study how different
combinations of tasks, such as claim detection and sentiment analysis, affect
learning outcomes. Our research tests various neural network architectures

to determine which ones handle diverse tasks most effectively.

Existing research on span identification has mostly focused on basic ap-
proaches and pre-processing techniques, frequently limited to monolingual
English. Our attention moves to multilingual or codemix textual corpora,
attempting to find and extract spans from documents among different lan-
guage modalities. Example: Techniques for identifying specific text seg-
ments, like names or dates, are usually developed for English-only datasets.
We develop methods to identify spans in documents that switch between

languages, such as Hindi-English code-mixed texts.
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1.6 Motivation

The need for researching Claim Detection in the Indian context arises from
an understanding of its ability to address urgent socioeconomic concerns unique
to the region. While Claim Detection has received a lot of attention across the
world, its applications in India are still untapped. Understanding and categorizing
statements in the Indian narrative can give insights into current societal discourses,
notably on healthcare, politics, and socioeconomic challenges. By diving into this
subject, we want to contribute to a more nuanced knowledge of India’s linguistic
environment, allowing for more informed decision-making and discourse analysis.

The objective behind Multi-task Learning is to improve the flexibility and ef-
ficiency of machine learning models across a wide range of task domains. While
previous research has been focused on homogenous task sets, real-world applica-
tions frequently demand models to address different tasks at the same time. By
investigating the dynamics of Multi-task Learning with diverse tasks, we hope to
gain new insights into model architecture design and optimization methodologies.
Furthermore, knowing the relationship between task variety and model perfor-
mance might help to design more resilient and adaptable Al systems capable of
solving a wider range of real-world situations. Moreover, multi-task models are
appropriate for sustainability and resource efficiency, even if they are only 80%
accurate compared to single-task models.

The motivation for Span Identification research is the need for more effective
and inclusive natural language processing approaches. While significant progress
has been achieved in detecting individual textual components, such as names or
phrases, these gains have primarily been limited to monolingual English environ-
ments. However, in today’s globalized world, multilingual and codemix textual
data are more common, necessitating approaches that can accommodate language
variety. We want to overcome this gap by concentrating on multilingual span
identification and developing approaches that can efficiently parse and extract
information from many linguistic modalities, resulting in more inclusive and com-

plete natural language processing capabilities.

1.7 Objective

In this thesis, we intend to look into the many types of opinionated statements
that exist in the Indian environment, identifying them based on their distinguish-
ing characteristics. While most research in India focuses on binary categories in
Claim Detection, we strive to build a more complex categorization.

In our study on Multi-task Learning, we hope to delve into the complexities
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of model adaptation within a broad framework. While conventional wisdom holds
that Multi-task Learning thrives on the alignment of similar activities, we want
to pioneer approaches that enable the concurrent training of dissimilar tasks, re-
sulting in impressive results.

Within the domain of Span Identification, our goal is to experiment with sev-
eral pre-trained models and fine-tune them for best performance in the Indian
environment. Furthermore, we want to incorporate a multilingual dimension into
our research, resulting in a robust model capable of handling the linguistic variety

seen across India.

1.8 Contribution

In this segment, we will discuss our contributions in brief.
 Beyond Binary Classification of Claims:

— We moved past simple binary classification to identify complex traits
within each claim.
— Claims were organized into various categories reflecting their unique

qualities.

o Innovative Approaches in Multi-task Learning:

Aimed to improve performance metrics for handling dissimilar tasks.

— Employed methods such as the fusing of internal layers.

Utilized long-head and short-head tactics to enhance learning effective-

ness.

— Detailed examination of these methods will be provided in a later sec-

tion.

 Expanded Scope in Span Identification:

Traditionally focused on the English language domain.

Expanded to include multilingualism in our experiments.

Trained models using India’s rich linguistic diversity.

— Ensured models are adaptable across multiple languages, enhancing the

span identification methodology’s applicability.
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1.9 Thesis Outline

This thesis work has been divided into seven chapters.
e The has the introductions of the topics we are going to discuss.

o In chaptfer 3, a comprehensive literature survey is presented. This survey
delves deep into the recent progress in Claim Detection, Multi-task Learning,

and Span Identification.

e The discusses how the raw dataset has been collected and prepared
to be fed to different models. We have also provided the necessary statistics

for a better understanding of the datasets.

o Next, provides various kinds of classification experiments related

to claim detection.

o In chapfer 3, we have discussed how multi-task learning models work and
how we can improve their performances by using different unique mecha-

nisms.

o Subsequently, delves deep into claim and sentiment span iden-
tification techniques and various pre-processing mechanisms accompanying
it.

o Finally, discusses the conclusion and future work that can be done

additionally in this domain.

Through this research, the aim is to contribute to the advancement of natural
language processing, ultimately facilitating more accurate and efficient techniques

used in claim detection, multi-task learning, and span identification.
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CHAPTER 2

Literature Survey

R ecent advancements in natural language processing (NLP) have witnessed
significant progress in Claim Detection, Multi-task Learning (MTL), and
Span Identification. In Claim Detection, transformer-based models like BERT
have excelled, leveraging large-scale datasets and contextual understanding to
accurately identify claims in textual content. MTL has emerged as a powerful
paradigm, with frameworks such as T5 enabling simultaneous optimization of mul-
tiple tasks, leading to improved efficiency and generalization. Span Identification
has seen notable strides with the adoption of neural architectures and structured
prediction techniques, enhancing the extraction of specific spans in text. These
advancements underscore the growing capabilities of NLP systems in understand-
ing and extracting valuable information from textual data, with the potential for
further breakthroughs as research in these areas continues to evolve. A few recent
publications related to claim detection are highlighted in Becfion 271, multi-task
learning in Eecfion 22, and span identification in Eecfion273.

2.1 Claim Detection

Claim detection encompasses various methodologies, and it can be performed
with or without context, depending on the specific research objectives. Addition-
ally, apart from claim detection, several related tasks, such as Misinformation
Detection, Evidence Mining, Scientific NLP tasks, Claim Extraction, and Claim
Clustering, can be tackled using similar techniques. To address the diverse range
of tasks effectively, we will explore the potential of multi-task learning, aiming
to incorporate and leverage the shared knowledge across these related tasks to
improve overall performance and efficiency in information verification and natural
language processing applications. A basic functioning of the claim detection [G]

task is shown in Figure 2.
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Claim Span  Vitamin C Protects
The claim originated in a Jan. 26, 2020 press Claim Sentence 1 Topic: Detection  Against Coronavirus
release titled “Vitamin C Protects Against The claim originated in a Jan. -
” " ; Protection
Coronavirus,” from the International Society for 26, 2020 press release titled G Stance s
Orthomolecular Medicine, which promotes “Vitamin C Protects Against OIS Detection Affirm
large doses of nutritional supplements. The »| Coronavirus,”, from the ... virus | N
article was then republished in full the next day Claim Sentence 2 Claim Oblect
on HealthimpactNews.com, a Red-rated . ) Vitamin C
3 From the WHO, there has Topic: A

network of health sites. From the WHO, there s 9 pic: Detection

n | ; been no information nor T itti
has been no information nor evidence to P ransmitting 5

. evidence to suggest that the the vii n International Society

suggest that the new coronavirus could by 3 € virus Claimer
¢ tted b t new coronavirus could by N for Orthomolecular
ransmitted by mosquitoes. transmitted by mosquitoes. Detection Medicine

Figure 2.1: An example demonstrating the claim detection task and its subtasks.

2.1.1 Claim Extraction

Pavllo et al. [6] and Smeros et al. [{7] develop rule-based heuristics for ex-
tracting quotes from general and scientific news articles using weakly supervised
models. Levy et al. [8] and Stab et al. [d] propose ML models for claim detection
and argument mining, providing publicly available datasets for training extraction
models. Hassan et al. [10] and Popat et al. [I1] employ claim classification models
with fact-checking portals for verifying political claims. Zlatkova et al. [2] focus
on claim extraction for images, while Karagiannis et al. [[3] present a framework
for statistical claims verification. This approach [I4], unlike others, is specifically
tailored for claims, utilizing advanced language models with and without contex-
tualized embeddings fine-tuned with domain-specific knowledge and capable of
processing various input sources like social media postings, blog posts, or news

articles.

2.1.2 Misinformation Detection

Fact-checking plays a pivotal role in combatting the dissemination of misinfor-
mation, making it an integral component of various Natural Language Processing
(NLP) tasks focused on misinformation detection [5]. Within this domain, related
tasks encompass fake news detection [I6], propaganda detection [I7], rumor detec-
tion [I8], and stance detection [T9]. While most of these tasks primarily address
misinformation related to politics and society, there has been a notable increase
in scientific and health-related misinformation detection, particularly concerning
content related to the COVID-19 pandemic [20] [21] [22]).

2.1.3 Claim-Paper Clustering

Few approaches address the challenge of clustering multimodal information,
which includes both textual representations of claims and papers and the inter-
connectedness between them via a bipartite graph. To achieve this, we can draw

inspiration from several multimodal clustering approaches proposed by Yao et
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al.[23], who suggest a unified convolutional network for terms and documents, and
Zhou et al.[24], who utilize weighted graphs encoding attribute similarity. Hamil-
ton et al.[25] introduce a methodology for jointly training embeddings based on
text and graph information, while Reimers et al.[26] apply numerical clustering
to these embeddings. Additionally, Wang et al.[27] propose a technique for train-
ing network embeddings that preserve graph communities, and Duong et al.[2R]
present interpretable embeddings. Few researchers approaches are the first to
tackle the clustering of heterogeneous passages in terms of length and vocabulary

type while accounting for their interconnectedness through a bipartite graph.

2.1.4 Evidence Mining

Automated fact-checking, as shown in Figure 22, relies on detecting claims
in the open domain, which has been approached by Yuan and Yu [29] through a
rule-based system for identifying health claims in news headlines, and by Wiihrl
and Klinger [30] with a BERT-based model to detect biomedical claims in social
media posts. After claim detection, determining check-worthiness is a critical next
step, addressed in the shared task CLEF-CheckThat! [31] [82] for scientific claims
related to health from news articles. Another research area involves automatic evi-
dence gathering for scientific claims. Some focus has been on humanities and social
sciences [33], while the majority of work pertains to life sciences. Various tools,
such as PubTator [34], Textpresso [35], LitSense [36], and EvidenceMiner [37],
have been developed for searching PubMed, the largest biomedical publications
database. These methods typically employ query analysis to detect named enti-
ties, keywords, or metadata patterns to retrieve relevant results from the database,
assisting scientists in gathering evidence for their research. In fact-checking, evi-

dence retrieval is only one part of the entire process|I3].

2.1.5 Context-Dependent Claim Detection

Assume a Topic and a small set of relevant free-text articles [38] [89] and aim
to automatically pinpoint context-dependent claims (CDCs) within these docu-
ments. The detected CDCs should be well-phrased and relevant to the given
Topic, making them useful in discussions. This task is a part of the argumentation
mining field but has distinctive features, requiring context-specific identification of
claims and exact claim boundaries [40] [@1]. Unlike other tasks, CDCD deals with
free-text articles from various domains, adding complexity to claim identification
[@2]. While related to Argumentative Zoning [43] [42]), CDCD extends beyond
sentence classification, aiming to identify relevant claims for a given Topic, not

just any claim mentioned in an article. It also differs from Textual Entailment
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2) Evidence Selection
: [}y EED
oHA{I
L}~ o
—

3) Verdict Prediction

Figure 2.2: The standard three components of the framework for automated fact-
checking

(TE) [#4]), which focuses on factual assertions, while CDCD deals with persua-
sive opinions that may not have strict truth values[@5]. The CDCs and the Topic
may correspond to different sentence types, including imperative and exclamatory

sentences. Figure 223 shows an abstract workflow of CDCD.

200 Best Best Boundaries
Sentences Per Sentence

Topic and Sentence Boundaries Ranking > 50 Best
Relevant Articles Component Component Component CDCs
Boundaries

Sentence Scores
Scores

Figure 2.3: High-level design of the CDCD approach

2.1.6 Context Independent Claim Detection

Argumentation mining has garnered increasing attention as it aims to auto-
matically identify structured argument data from unstructured natural language
text[46]. Most approaches primarily focus on specific domains, despite argumenta-
tive sentences often exhibiting common rhetorical structures across domains. The
proposed methodology, however, utilizes structured parsing information for claim
detection, achieving comparable performance to state-of-the-art methods without
relying heavily on context. Figure 224 shows the claim detection pipeline involves
splitting the given text document into sentences using a tokenizer, parsing each
sentence to obtain a constituency tree, discarding sentences without a verb (VP

tag), substituting words at leaves with their stemmed versions for improved gen-
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eralization, and finally, employing an SVM to classify each sentence as potentially

containing a claim or not.

Figure 2.4: Constituency trees for two sentences containing claims. Boxed nodes
are common elements between the two trees.

2.1.7 Claim Detection in Scientific Domains

Scientific fact-checking is a part of NLP tasks that involve understanding scien-
tific text, which presents challenges due to complex language and specialized ter-
minology. Large language models pre-trained on general data struggle with NLP
tasks in the scientific domain, emphasizing the importance of domain adaptation.
Natural Language Inference (NLI) or Recognizing Textual Entailment (RTE) is
crucial in automated fact-checking, as it involves inferring if a premise supports
or contradicts a hypothesis, serving as a basis for verifying claims. For the sci-
entific domain, datasets like MedNLI [47], SciNLI [48], and NLI4CT [49] provide
relevant medical and computational linguistics claims and evidence. Additionally,
question-answering tasks, such as open-domain question answering, share similar-
ities with fact-checking, aiming to find answers in unstructured text [60]. Biomed-
ical QA datasets like BioASQ [61] and PubMedQA [57], along with BLURB [63],
are important benchmarks. Furthermore, automated evidence synthesis automates

systematic reviews for clinical trials [54].

2.2 Multi-task Learning

Multi-task Learning (MTL) and its practical applications have gained increas-
ing attention in recent years. Despite being a relatively new concept, the domain
offers a variety of methodologies. MTL enables us to address multiple related
tasks effectively, such as Saliency Detection, Single Sentence Classification, De-
tailed Image Classification, Pairwise Text Classification, and Relevance Learning.
Leveraging MTL in claim detection and related tasks opens up promising possi-
bilities for enhancing accuracy and efficiency in these areas. By delving deeper

into this field, we can explore the potential of MTL to revolutionize the way
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we handle various NLP tasks, including fact-checking and misinformation detec-
tion, contributing to more reliable information dissemination in today’s data-rich
landscape. Figure 273 shows a short comparison of different multi-task learning
methods[b].

Transparency Feature Conciseness

in task relation generation and efficiency T exibility
Shallow MTL v X v X
Hard-parameter
sharing x \/ v X
Soft-parameter
sharing X v X v
SRDML v v v v

Figure 2.5: Comparison of different MTL methods

2.2.1 Multi-Task Representation Learning

Despite the notable achievements of multi-task learning, particularly in rep-
resentation learning[56], only a limited number of theoretical studies have been
conducted [67] [68] [59]. Existing statistical learning bounds mostly apply to lin-
ear multitask learning scenarios [60] [61] [62]. Learning-to-learn, also known as
inductive bias learning or transfer learning, was proposed by Thrun and Pratt
(1998)[63] and investigated theoretically by Baxter (2000)[68]. Baxter’s work in-
cludes an error analysis, demonstrating that a shared representation performing
well on training tasks will also generalize to new tasks from the same "environ-
ment". Recent papers presenting dimension-independent bounds can be found in
Maurer (2006)[62]; Maurer et al. (2013)[64], and Pentina and Lampert (2014)[65].

2.2.2 Single-Sentence Classification

In the context of natural language processing tasks, a model is presented with
a sentence and is tasked with categorizing it into one of the predefined class labels
[66]. To illustrate, consider the CoLA task, which involves predicting whether
an English sentence is grammatically plausible or not. Similarly, the SST-2 task
requires determining the sentiment of a sentence taken from movie reviews and
labeling it as either positive or negative. In these scenarios, the model’s ability
to accurately classify sentences plays a crucial role in various applications. For
instance, in the CoLA task, the model’s proficiency in identifying grammatical
correctness aids in language understanding and comprehension. On the other
hand, the SST-2 task’s sentiment classification capability is valuable for sentiment

analysis in movie reviews, enabling sentiment-based insights and opinion mining.
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2.2.3 Saliency Detection

Saliency detection [55] is a process aimed at identifying the most crucial and
informative parts of input features. Figure 2@ shows the relation between saliency
and relation. This approach has found applications in diverse domains, including
computer vision (CV), and natural language processing (NLP), among others. An
example of the salience map approach can be seen where the network is tested
by occluding portions of the input to visualize the areas influencing the network’s
output. In the field of computer vision, Class Activation Mapping (CAM) mod-
ifies CNN architectures for image classification, resulting in class-specific feature
maps. Grad-CAM, a generalized version of CAM, visualizes the linear combi-
nation of the last convolutional layer’s feature map activations and label-specific
weights, providing heuristic explanations of image saliency. Other saliency-based
methods, such as Guided Propagation and Deconvolutional Networks, exist along
this research line but are specifically designed for certain architectures, like ReLLU
Network for Guided Propagation. While direct computation of input gradients
has limitations, various approaches have been developed to propagate quantities
other than gradients through the network to address these challenges.

Task 1: Smile ~ Task 2: Open Mouth Task 1: Person Task 2: Horse

Input Salient region Input Salient region

Figure 2.6: Illustrative examples of the relation between saliency and task simi-
larity. Left: Two tasks are to detect whether the man is smiling and his mouth is
open. Right: Two tasks are to detect the horse and the person. The salient regions
are close to each other, indicating the potential similarity between the tasks.

2.2.4 Pairwise Text Classification

In the context of natural language processing tasks, a common scenario involves
analyzing pairs of sentences to establish their relationship. To achieve this, a model
is designed to determine the connection between the two sentences by considering
a predefined set of labels [B6]. For example, two widely studied language inference
tasks are the Recognizing Textual Entailment (RTE) and the MultiNLI (MNLI)
tasks. In these tasks, the goal is to predict whether a given sentence entails,
contradicts, or remains neutral concerning another sentence. Additionally, there
are other intriguing tasks like the Quora Question Pairs (QQP) and Microsoft
Research Paraphrase Corpus (MRPC) datasets. These datasets comprise pairs

of sentences, and the objective is to discern whether the sentences in each pair
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hold semantic equivalence or not. The model is tasked with determining if the

sentences convey the same meaning, making it a paraphrase detection challenge.

2.2.5 Relevance Ranking

Figure 220 shows the architecture of a MT-DNN model. The model is pre-
sented with a query and a list of potential answers, and its objective is to rank
the candidates based on their relevance to the query [66]. The QNLI task, a vari-
ant of the Stanford Question Answering Dataset, involves determining whether a
given sentence contains the correct answer to the query. While QNLI is typically
classified as a binary task in GLUE, this study approaches it as a pairwise rank-
ing task, where the model’s goal is to prioritize the candidate that contains the
correct answer over the candidate without it. This alternative formulation proves
to yield a notable enhancement in accuracy compared to binary classification, as

demonstrated in the research.

P(c|X) Sim(Xy, X;) P.(R|P,H) Rel(Q,4)
(e.g., probability of (e.g., semantic (e.g., probability of (e.g., relevance score
labeling text X by c) similarity between X; logic relationship R of candidate answer A
and X, ) between P and H) given query Q)
Task specific | i T i 1
layers ' . T
Single-Sentence Pairwise Text Pairwise Text Pairwise
Classification Similarity Classification Ranking
(e.g., CoLA, 55T-2) (e.g., STS-B) (e.g., RTE, MNLI, (e.g., QNLI)
WNLI, QQP, MRPC)
L,: context embedding vectors, one for each token.
Transformer Encoder (contextual embedding layers)
Shared ) T
layers
L1: input embedding vectors, one each token.
Lexicon Encoder (word, position and segment)

X: asentence or a pair of sentences

Figure 2.7: Architecture of the MT-DNN model for representation learning. The
lower layers are shared across all tasks while the top layers are task-specific.

2.3 Span Identification

Following significant advances in deep learning, a wide range of model archi-
tectures have arisen to support the execution of span identification tasks. These
include a wide range of approaches, from traditional isolated token classification

models to more advanced probabilistic frameworks such as hidden Markov models,
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maximum entropy Markov models, and conditional random fields. The landscape
also contains recurrent neural networks, such as LSTMs, which are well-known for
their sequential processing capabilities, and transformers, such as BERT, which
have revolutionized natural language interpretation through self-attention pro-

cesses.

2.3.1 Modeling Peer Relation for Span Identification Tasks

Span Identification (SpanlID) tasks entail recognizing distinct spans within
input text and categorizing them, which is a critical step in natural language pro-
cessing (NLP) for scoping significant information [67] [68] [69]. Several domain-
specific SpanlD tasks have recently come up, including social media Named Entity
Recognition (NER) [i70], Aspect-Based Sentiment Analysis (ABSA) [71], Contract
Clause Extraction (CCE) [72], Span Based Propaganda Detection (SBPD) [73],
and Argument Extraction [74], to cater to a wide range of NLP applications. Pre-
viously addressed as sequence tagging issues, current techniques have redefined
SpanID challenges as Machine Reading Comprehension (MRC) tasks to better
use category semantics [75] [I75] [76]). However, depending simply on the span-
category Subordinate (SUB) connection in training data might result in overfitting
and data scarcity concerns. To circumvent these restrictions, researchers recom-
mend using the span-span Peer (PR) connection, which associates two spans as
examples of the same category without explicitly labeling them. Models prioritize
span semantics above-memorized patterns by recognizing SUB and PR relations
together, decreasing overfitting risks, and allowing successful learning even with
minimal data for particular categories.

As depicted in Figure 228 (a), Span Identification (SpanID) involves extracting
spans representing subordinate (SUB) categories from the input text. Early ap-
proaches treated SpanlD as a sequence tagging task, predicting the category for
each token in context. Recent efforts reformulate SpanID as a Machine Reading
Comprehension (MRC) problem, generating SUB queries for each category and
identifying relevant spans in the input text as responses to these queries (Figure

2.3.2 Span-based Named Entity Recognition

Tishby et al. (1999) [77] developed the information bottleneck (IB) approach,
which has been included in cutting-edge (SOTA) deep models such as Variational
Autoencoder (VAE) [[78] [79] and Deep Variational Information Bottleneck (Deep

VIB) [80]. These models, which are classified as supervised generative (e.g., Deep
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(a) Relations in SpaniD

e

Category
SUBl SuB
Span Hawaii Pr London Pr Hangzhou
Pr
(b) SpanID in MRC Paradigm
Context: Gotta dress up for [London fashion week and party in style!

Highlight the parts (if any) related to “LOC”.
. |Details: the name of politically or geographically
defined locations such as cities, provinces, etc.
Answer: London

Pr Query-1: |Highlight the parts (if any) similar to “Hawaii”.
Answer London

Pr Query-2: |Highlight the parts (if any) similar to “Hangzhou”.
Answer: London

Original data |8 QUetY

Augmented data

Figure 2.8: (a) Illustrations of Subordinate (SUB) and Peer (PR) relations in
SpanlD tasks. (b) The constructions of augmented data with PR relations in the
MRC paradigm. We use NER here for demonstration purposes.

VIB) and unsupervised (e.g., VAEs) [&1], have been used in a variety of domains,
including natural language processing.

In the context of Named Entity Recognition (NER), which has traditionally
been addressed using sequence models such as BiLSTM and BERT, there has been
an increase in span-based models known for their simplicity and effectiveness [82]
[83] [84] [85] [86] [87] [8]]. This research [89] looks at the benefits of integrating
VAE and VIB for the NER challenge by training a span-based NER system with
two VAE components and one VIB component. The first VAE component focuses
on span reconstruction, similar to Sentence VAEs but works with spans rather
than sentences. The second VAE component is synonym generation, which adds
semantic information from synonyms to span representations. The workflow is
shown in Figure 2Z9. The VIB component compresses span representations while

conserving essential features for NER.

2.3.3 Aspect-based Sentiment Span Detection

Before making purchase decisions or using services, people frequently seek rec-
ommendations from prior customers. With the internet’s fast expansion, this
guidance is increasingly coming via websites, e-commerce platforms, forums, and
product review channels. User evaluations on e-commerce platforms are becoming
useful tools for both customers and businesses, providing insights regarding prod-
uct compatibility and areas for development. Aspect-based sentiment analysis

(ABSA) [a0] on user input is a difficult process that requires recognizing the men-
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Spans [ Synonyms S
4 § f <] kB (mentions,
A Span Synonym synonyms)
reconstruction generation

T
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! Entity
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:L >>>>> -
Encoder -
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Input sentence

Figure 2.9: Span-based NER is jointly trained with one supervised VIB compo-
nent: information compression, and two unsupervised VAE components: span
reconstruction and synonym generation. The encoder is shared across the compo-
nents. Synonyms are collected from an external knowledge base (KB).

tioned features and analyzing sentiment. This study [91] focuses on span detection
for ABSA, to extract views and sentiments about aspects from customer feedback.
Figure 2210 shows an example of aspect-based sentiment span detection. The user
interface of e-commerce platforms has a significant influence on the purchasing
experience, with ABSA approaches helping users focus on relevant reviews. While
several platforms in Vietnam provide rudimentary feedback systems, there is an
increasing need for more advanced ABSA-driven interfaces. To support the study
in this area, the publication provides UIT-ViSD4SA, a benchmark Vietnamese
smartphone feedback dataset annotated with ABSA spans.

Input Output

May dep, sangpesicnzposiive, Sd thi rat 1a oKcexerar#posiTIvE MAY
MWOteErFoRMANCE#POSITIVE. Pin sd ciing rat lau méi hét, nhiéu khi ca
ngay va qua luén ngay hom sau méi sac, sac rat nhanh khoang
chirng 1 tiéng 5 phut 1a day roi, ko liu nhw iPhones mat gan 3 dén
4 tiéng daysatreryv#positive. Chi sd dé ludt web, facebook.‘ youtube.

g [ C g ang tarng . " 1 "
e s pchydicbicid ahebing i e AKG. RAGSUE | 13 -pesiospostTIvE

" ” 15, 31, "GENERAL#POSITIVE"

32, 40, "PERFORMANCE#POSITIVE"
42,175, "BATTERY#POSITIVE"
315, 346, "GENERAL#POSITIVE"

Beautifull phone, luxuriousprsicy:rosiive, use very ok
GENERaL#POSITIVE the machine is smoothrrrrorisvcesrosive. The
battery use also takes a long time to run out, sometimes it takes all
day and the next day need to charge, very fast charging about 1
hour and 5 minutes is full, not as long as iphone takes nearly 3 to 4
hours to fulls.irrerysrosimve. Only use to surf the web, facebook,
vyoutube. Listening to music is very good, especially listening with
AKG /1eedp/1or1es. Well worth the MOney SPentGeNerAL#POSITIVE.,

Figure 2.10: Examples illustrating spans for aspect-based sentiment analysis in
Vietnamese.

2.3.4 Automatic Identification of Claim Spans on Twitter

The fast rise of Online Social Media (OSM) platforms has democratized content
production while simultaneously facilitating the spread of disinformation, as seen
during the COVID-19 epidemic. Identifying and validating claims on OSM has
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become a significant research challenge in Argument Mining (AM). 'Claim’ [97] is
an important term in arguments [93], but present methodologies frequently fail to
effectively identify the finer argumentation components inside a claim. This seg-
mentation is critical for extracting further assertions, confirming their legitimacy,
and assisting manual fact-checkers. While claim detection has attracted atten-
tion, claim span identification, which recognizes the argumentation components
of a claim, is still under-explored due to a lack of annotated datasets. To address
this gap, CURT (Claim Unit Recognition in Tweets) [94], a massively annotated
Twitter corpus, is proposed. Baseline models for claim span detection and claim
descriptions, offering specific instructions to models, are introduced and assessed
on CURT. Furthermore, DABERTa, a plug-and-play adapter-based variation of
RoBERTa that incorporates description information, regularly outperforms tra-
ditional baselines and generic models in terms of claim span detection across a
variety of criteria. Figure 221 shows a few examples of the original tweet and the

claim span in it.

oRT @PirateAtLaw: No no no. Corona beer is the cure

not the disease.
\ ,

N
oWe don’t have evidence but we are positive our wine
keeps you from getting #COVID19 if you drink enough
of it. Better alternative to # DisinfectantInjection
don’t you think? #winecures.
\ J

@adamseconomics Vaccine is probably made from
Chinese ingredients sourced in Wuhan.

RT @angeliicamde: Mexicans are immune to the
coronavirus because we have sana sana colita de rana

Figure 2.11: Examples of claim tweets and their ground truth claim spans high-
lighted in boldface text (blue).
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Dataset Preparation

I n this segment, we will thoroughly examine all the datasets utilized in our the-
sis. This discussion is meticulously organized into three distinct subsections,
each corresponding to one of the three primary tasks of our research: Claim De-
tection, Multi-task Learning, and Span Identification. In each subsection, we will
delve into the specifics of how the data was collected, offering a comprehensive
overview of the methods and processes involved. Additionally, we will analyze
the trends and statistical insights gleaned from these datasets, providing a de-
tailed understanding of their characteristics and significance. To facilitate better
comprehension and to provide a clearer perspective, we will also include various
figures and visual representations throughout this section. These visuals will help
illustrate the data trends and statistics more effectively, making the information

more accessible and engaging.

3.1 Claim Detection

3.1.1 Binary Claim Detection

In this task, the datasets from Sara Rosenthal’s [95] paper are used for various
tasks. These datasets consist of sentences from LiveJournal blogs and Wikipedia
talk pages that have been annotated for opinionated claims. Specifically, there are
2,190 entries from LiveJournal and 2,197 from Wikipedia. Each entry is labeled
to indicate whether it contains a claim (Yes or No) and includes sentiment anno-
tations for all the texts. Figure B shows the train data distribution and Figure
B2 shows the test data distribution.
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Claim Detection Training Data Distribution Claim Detection Test Data Distribution
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Figure 3.1: Data Distribution of Bi- Figure 3.2: Data Distribution of Bi-
nary Claim Detection Train Data nary Claim Detection Test Data

3.1.2 Multi-class Claim Detection

For this task, we utilized a modified version of the JUCCD dataset, known as
the “Jadavpur University Claim Classification DRDO”. This dataset is prepared
by DRDO and provided to us. The dataset comprises approximately 700 training
samples, split between English and Hindi languages, with around 500 samples in
English and roughly 200 in Hindi. The content of these samples primarily revolves
around geopolitical and Indian political topics. Each data instance includes the
text of a claim and the specific type of claim being made. This bilingual dataset
provides a valuable resource for analyzing political discourse and claims within
different linguistic contexts. Figure B33 shows the English data distribution and
Figure B4 shows the Hindi data distribution.

Multi-class Claim Classification Data Distribution (English) Multi-class Claim Classification Data Distribution (Hindi)
250
100
200 4
80
150 .
100 2
SU_I ) l
0 0
Composite Simple Compound Simple Compound Composite
Figure 3.3: Data Distribution of Figure 3.4: Data Distribution of
Multi-class Claim Classification En- Multi-class  Claim  Classification
glish Data Hindi Data

3.1.3 Multi-label Claim Detection

We received a training dataset from a previous paper titled "CAVES: A Dataset

to facilitate Explainable Classification and Summarization of Concerns towards

24



Chapter 3: Dataset Preparation

COVID Vaccines." The current version is available on Arxiv [96], and the original
article can be found on the ACM site [97]. This dataset includes 9,921 tweets
from 2020-21 that expressed anti-vaccination sentiments towards COVID-19 [95].
Human annotators labeled each tweet with one or more labels. Additionally, we
were provided with a test set of 500 unlabeled tweets. This test set extends beyond
discussions of COVID-19 vaccinations to also cover debates on other vaccines, such
as the MMR vaccine and the Flu vaccine. Figure B3 shows the category-wise data
distribution.
Trends in the dataset:

o The dataset is divided into 12 categories.
o ’Side-effect’ is the most common category, appearing 3,805 times.
o ’'Religious’ is the least common category, with 64 instances.

e ’Pharma,” ’Ineffective,” 'Rushed,” and ’Mandatory’ are moderately repre-

sented.
e 'None’ is associated with 629 items, indicating neutral or unlabeled data.

o The categories ‘Conspiracy’ and "Political’ suggest discussions on potentially

contentious issues.
o 'Pharma’ and ’Side-effect’ are significant health-related categories.

o The 'Mandatory’ and 'Country’ categories suggest social impact considera-

tions.

o ’Ineffective,” 'Rushed,’” "Unnecessary,” and "Conspiracy’ reflect negative sen-

timents.

3.2 Multi-task Learning

3.2.1 Claim Detection

For this task, the datasets from Sara Rosenthal’s [95] paper are utilized. These
datasets include sentences from LiveJournal blogs and Wikipedia talk pages that
have been annotated for opinionated claims. There are 2,190 entries from Live-
Journal and 2,197 from Wikipedia. Each entry is labeled to show whether it
contains a claim (Yes or No) and includes sentiment annotations for all texts.
Figure B displays the train data distribution and Figure B2 displays the test

data distribution.
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Distribution of Labels in the Train Dataset
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Figure 3.5: Data Distribution of Multi-label Claim Classification Data

3.2.2 Sentiment Analysis

For the Sentiment Analysis task, we utilized a publicly available pre-trained
DistilBERT model” to generate sentiment labels. We started with the datasets
from Sara Rosenthal’s [95] paper as our foundation. By applying this model,
we were able to assign sentiment labels to all the examples in these datasets.
Figure B8 displays the train data distribution and Figure BZ displays the test

data distribution.

Sentiment Analysis Train Data Distribution Sentiment Analysis Test Data Distribution

2000 200

1750 175
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1250 125

1000 100

750 75

500 50

250 I 25 l

% egative neutral positive ® egative positive neutral

Figure 3.6: Data Distribution of Sen- Figure 3.7: Data Distribution of Sen-
timent Analysis Train Data timent Analysis Test Data

3.2.3 Language Identification

A different dataset has been gathered for the Language Identification task,
which is a preprocessed version of WiLI-20182, the Wikipedia language identi-

Thttps://huggingface.co/Ixyuan/distilbert-base-multilingual-cased-sentiments-student
Zhttps://bit.ly /language-identification-datasst
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fication benchmark dataset. This version includes 22 specific languages: En-
glish, Arabic, French, Hindi, Urdu, Portuguese, Persian, Pushto, Spanish, Korean,
Tamil, Turkish, Estonian, Russian, Romanian, Chinese, Swedish, Latin, Indone-
sian, Dutch, Japanese, and Thai. Figure B8 displays the train data distribution
and Figure B displays the test data distribution.

Language Identification Train Data Distribution Language Identification Test Data Distribution

8
c
8

Figure 3.8: Data Distribution of Lan- Figure 3.9: Data Distribution of Lan-
guage Identification Train Data guage Identification Test Data

3.3 Span Identification

3.3.1 Claim Span Identification

For this task, we utilized the JUCSI (Jadavpur University Claim Span Iden-
tification) dataset that was specifically provided for our research. This dataset
comprises approximately 750 training samples across multiple languages, includ-
ing English, Hindi, Bengali, and CodeMix. The data predominantly focuses on
topics related to COVID-19 vaccines and social distancing measures. Fach entry in
the dataset includes the original text, an indication of the language used, and the
specific span within the text where the claim(s) can be found. This multilingual
and topical diversity offers a rich resource for analyzing how different linguistic
and cultural contexts handle information related to the pandemic. Figure B0

shows the language-wise data distribution.

3.3.2 Sentiment Span Identification

For this task, we utilized a dataset from an Open Source Competition [99]
hosted by Kaggle®, referenced as Sentiment Analysis: Emotion in Text tweets,

and used under the Creative Commons Attribution 4.0 International license. This

Shttps://www.kaggle.com/
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Figure 3.10: Data Distribution of Claim Span Identification Data

dataset includes approximately 27,000 training samples and about 4,000 test sam-

ples. Each entry in the dataset comprises the text of a tweet along with a corre-

sponding sentiment label. In the training set, an additional feature is provided:

a word or phrase (selected text) extracted from the tweet that represents the

assigned sentiment. Figure BT displays the train data distribution and Figure

B2 displays the test data distribution.
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CHAPTER 4

Claim Detection

I n this section, we will delve into the diverse classification mechanisms available
for Claim Detection, offering a comprehensive examination of each approach.
Initially, we will outline the problem statement, provide context for our research,
and explain our chosen methodology to address it. Following this, we will provide
detailed insights into the practical implementation of our approach, highlighting
the strategies employed and the intricacies encountered. Subsequently, we will
meticulously analyze the results attained, discussing their significance and impli-
cations. Finally, we will conduct a thorough error analysis, identifying areas of

improvement and potential avenues for future research and development in this
field.

4.1 Binary Classification

4.1.1 Problem Statement

In the realm of automated fact-checking, the process encompasses three pri-
mary tasks: claim detection, evidence retrieval, and claim verification. Claim
detection involves scouring social media and political sources to pinpoint state-
ments that merit scrutiny. Subsequent phases involve sourcing credible documents

to refute detected claims and delivering a verdict.

Attempting to verify every assertion about the real world is unfeasible, ne-
cessitating a prioritization process. This objective typically involves assessing the
checkworthiness of verifiable claims, a task fraught with subjectivity. Determining
the checkworthiness of a claim is complex and can vary depending on the topic

and the interests of the user group discussing the claim.
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4.1.2 Proposed Approach

In our workflow, once we had acquired our datasets, we meticulously split them
into two components: the training set and the validation set. With this division
in place, we did a few basic data preprocessing tasks. This initial phase involved
cleaning and organizing the data to ensure its suitability for analysis. One of the
key steps in this process was text tokenization, a technique where we segmented
the textual data into individual tokens or words.

After tokenization, we encountered the challenge of varying sequence lengths
within our tokenized texts. To address this, we implemented padding techniques
to standardize the length of each sequence to 300 tokens. This standardization
ensures consistency and compatibility across the dataset, laying a solid foundation
for subsequent analysis.

With our preprocessed data in hand, we tried out the realm of word embed-
dings, leveraging the power of GloVe300. This method facilitated the transforma-
tion of our tokenized text into dense vector representations, capturing intricate
semantic nuances within the textual data.

The heart of our project lies in the construction of the model architecture,
meticulously crafted to extract meaningful insights from the textual data. Our
model architecture is an amalgamation of dual Bidirectional LSTM layers, strate-
gically followed with Dropout layers to mitigate overfitting, and culminating in a
GlobalMaxPooling Layer to extract salient features.

As our tokenized texts journey through this intricate neural network architec-
ture, they undergo a transformative process, emerging as probability values at the
output layer. These probabilities serve as the foundation for our binary prediction
logic, enabling us to derive actionable insights and make informed decisions based

on the model’s output.

4.1.3 Implementation

4.1.3.1 Architecture

Input Layer: First, we have appointed an input layer for the neural network.
The input to the neural network is X = [k, ko, k3, ..., kr]. Here L represents the
length of each input sequence, where L = 300.

Embedding Layer: The input sequences are transformed into dense vectors
using an embedding layer. As shown in Figure B0, to embed words, we utilized
pre-trained “GloVe”[I00] word embeddings, which are vectors with a dimensional-
ity of D = 300. Each token k; from the sentence X was transformed into a sequence

of vectors x; of length D. Thus, from a tokenized sentence X = [ky, k2, k3, ..., k]
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we obtain Xpxp = [x1, %2, 23, ...,x1]. These vectors were then input into a Bil-
STM layer, as illustrated in Figure B0. This layer converts words (represented as
indices) into dense vectors of fixed size. Here, we have used trainable = False so
that these embeddings will remain fixed during training.

Bidirectional LSTM Layers: The BiLSTM]I0T] is a variant of the recurrent
neural network (RNN) architecture known for its bidirectional long-short-term
memory. Bidirectional LSTM layers are used to capture the sequential information

in the data.

o The First layer consists of two LSTM layers with 512 units each, processing
the input sequences in both forward and backward directions and returning

sequences.

e Another Bidirectional LSTM layer is added with 64 units.

Sentence X
o X X3 X orrren I I
e e o e e e
e e o e ‘e e
e @ & @ e @

............................

.LST\I-—hLST\IthST\I.—)- ------- —HLST\I'
[LSTM s v e v s «{LSTM i« LSTM«{LSTM:
BJLST\I Layer: Output |:I1n:|ens1on LX 1024
[LSTM »{LSTM B{LSTM e« =« v+« —»{LSTM]
LSTM i v e vvee «{LSTM - LSTM 4{LSTM
EJLST\I Layer: QOutput |:I1men51on LX 128

|

GlobalMaxPoolinglD : Output Dimension =1 X 128

v

20 @
Delaim

2o
Claim

Figure 4.1: The Graphical Representation of the Claim Detection Model

Dropout Layer: Dropout is applied to the output of the LSTM layers to
prevent overfitting. It randomly drops 50% of the units during training.
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Global Max Pooling Layer: This layer reduces the sequence data to a single
vector by taking the maximum value across each feature dimension. It helps in
capturing the most relevant information from the sequences.

Dense Layers for Claim Type Prediction: This part is a combination of

three layers. These are:
o A dense layer with 64 units and a ReLLU activation function is added.
o Dropout of 50% is applied in this layer.

o Finally a dense layer with 1 unit and sigmoid activation function, which

outputs the probability of the claim being true.

4.1.3.2 Compilation

The model is compiled with the binary cross-entropy loss function (suitable
for binary classification tasks), Adam optimizer with a learning rate of 0.0005,
and accuracy as the evaluation metric. Early stopping is employed to monitor
the validation loss. If the validation loss does not improve for three consecutive
epochs, training is stopped, and the weights corresponding to the best validation

loss are restored. The details are shown in Table B—1

Table 4.1: Parameters used to train the binary claim detection model

Parameters Value
Embedding GloVe word embedding 300d
BiLSTM hidden units 512, 64
Dropout 0.5
Loss function BinaryCrossEntropy
Optimizer Adam
Metric Accuracy
Learning rate 0.0005
Epoch 25
Batch size 64

4.1.3.3 Training

As shown in Table BZ1l, the model is trained on the training data with labels
(0 or 1) for 25 epochs using a batch size of 64. Validation data and corresponding
labels are used for validation during training. The early stopping callback is

applied during training.
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Task Precision | Recall | F1-Score | Accuracy
Claim Detection 0.711 0.711 0.711 0.711

Table 4.2: Performance Metrics of Binary Claim Detection Task

4.1.3.4 Prediction and Probability Calculation

After training, the model is used to predict claims for the test data. As the
model uses a sigmoid activation function in the output layer, it outputs the prob-
ability of the claim being true. So, if the probability is more than 0.5 it will be

labeled as true, or else false.

4.1.4 Experimental Results

4.1.4.1 Experimental Setup

We use TensorFlow® and Keras? to implement our proposed model and use the
Collaboratory® environment to execute the code for the proposed model. We have
used the Precision, Recall, F1 Score metrics, and Accuracy for the validation split

of our final dataset for evaluation.

TP
Precision = ————= 41
recision TP+ FP (4.1)
TP
=5~ 42
Reca TP+ EN (4.2)
2 x Precision x Recall
Fl= 4.
Precision + Recall (4.3)
TP+TN
Accuracy = i (4.4)

TP+TN+ FP+ FN

4.1.4.2 Result

The findings from our experiment are laid out comprehensively in Table B2,
offering insights into key metrics such as Precision, Recall, F1-Score, and Accu-
racy. Furthermore, Figure B2 visually represents the confusion matrix, providing

a clearer understanding of the data distribution and performance evaluation.

Thttps: //www.tensorflow.org/
Zhttps://keras.io/
3https://colab.research.google.com/
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Claim Detection Confusion Matrix

True

predicted

Figure 4.2: The Confusion Matrix of Binary Claim Detection Task

4.1.5 Error Analysis

This segment delves into the error analysis of our suggested framework. Specif-
ically, we’ve conducted this analysis solely on the validation dataset, showcasing

select examples in tabular form. Table BZ3 outlines the error analysis for tasks

with varying characteristics.

In Sentence Si, there’s an abundance of numbers and abbreviations, which
might have led to our model’s failure in this instance. Sentence Sy presents named
entities, adding complexity and resulting in our model erroneously predicting "no"
instead of "yes." Sentence S5 suggests the presence of a claim, but the true label
contradicts this, causing confusion for our model. Sentence Sy poses a challenge

in determining the presence of a claim, leading our model to incorrectly predict

its absence despite the true label indicating otherwise.

ID | Text True Predicted

S — Preceding unsigned comment added | no yes
by 24.196.105.69 -LRB- talk

So There are no reliable sources that assert | yes no
a Muslim heritage, so Snopes is entirely
adequate to refute such nonsense.

S Yet he states in his book he was study- | no yes
ing the Koran.

Sy In Western Europe, using IE or non-IE | yes no
as a comparative yardstick is accept-
able.

Table 4.3: Error Analysis of Binary Claim Detection Task
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4.2 Multi-class Classification

4.2.1 Problem Statement

In this study, we’re presented with text containing sentences related to claims.
Our goal is to categorize these sentences into three types: Simple, Compound, and
Composite.

Simple sentences are those found in tweets that contain direct responses or
statements from notable individuals, public figures, government entities, or courts.
Example: court-ordered stay order against the application of three Krishi bills. It
provides a clear statement that can be easily verified for its accuracy.

Compound sentences, on the other hand, involve two or more sentences that
are closely intertwined or dependent on each other. Example: Narendra Modi said
In Parliament If China doesnt stop aggression in the border area, there may be a
high probability of starting a war; After winning the gold medal in Javelin through
an honorary post of Captain was given to Neeraj Chopra (Indian Athletic) from
Indian BSF force. It illustrates how the truth of one statement hinges on the truth
of another.

Composite sentences are those where the veracity of the statement may be
challenging to confirm, either due to a lack of concrete evidence or complexities
surrounding the context. For instance, verifying statements attributed to historical
figures like Lal Bahadur Shastri or events like India’s independence from British
rule can be intricate. Similarly, statements made by political figures in certain
contexts may lack clear evidence or accountability. If anyone wants to take action
based on those statements, he/she can easily say that this is a fake document, so
we are unable to prove the actual reality.

It’s worth noting that handling claims within tweet texts, especially across
different languages, poses challenges due to the informal and noisy nature of tweets.
Nonetheless, with the right frameworks and techniques, classifying claims from

both Hindi and English tweets is feasible, albeit complex.

4.2.2 Proposed Approach

In our workflow, we began by dividing our datasets into training and valida-
tion sets. We then performed fundamental data preprocessing tasks, including
tokenization, converting text to lowercase, removing stop-words, and handling
special characters. This initial stage was crucial for cleaning and organizing the
data, ensuring its readiness for analysis.

Following tokenization, we addressed the challenge of varying sequence lengths
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in our tokenized texts by employing padding techniques to standardize each se-
quence to 300 tokens. This standardization ensured consistency and compatibility
across the dataset, providing a strong foundation for further analysis. With our
preprocessed data, we utilized GloVe300 for word embeddings, transforming the
tokenized text into dense vector representations. This method captured intricate
semantic nuances within the textual data.

The core of our project involved constructing a model architecture designed
to extract meaningful insights from the data. The architecture included an Input
Layer, Embedding Layer, Bidirectional LSTM layers, Dropout layers to combat
overfitting, and a GlobalMaxPooling Layer to extract prominent features.

As the tokenized texts passed through this neural network, they underwent
a transformative process, culminating in probability values at the output layer,
facilitated by the softmax activation function. From these probabilities, we derived
our output label using the argmax function, which identified the label with the

highest output probability.

4.2.3 Implementation

4.2.3.1 Architecture

Input Layer: Input(shape = (L,)) creates an input layer. The input to
the neural network is X = [kq, ko, ks, ..., kr]. Here L is the length of the input
sequences, where L = 300.

Embedding Layer: As shown in Figure B3 Embedding(vocab_length, L,
weights = [embedding matriz),input_length = T,trainable = False)(i) cre-
ates an embedding layer. It converts input sequences into dense vectors of fixed
size. vocab_length is the size of the vocabulary, L is the dimensionality of
the output vectors, embedding matrix is a pre-trained embedding matrix, and
trainable = False indicates that the embeddings will not be updated during
training.

Bidirectional LSTM Layers: Two Bidirectional LSTM layers are used.
LSTM (Long Short-Term Memory) is a type of recurrent neural network (RNN)
that is capable of learning long-term dependencies. The first layer has 512 units
and returns sequences, while the second layer has 64 units and also returns se-
quences. Both layers use the hyperbolic tangent (tanh) activation function.

Dropout Layer: It applies dropout regularization, randomly setting a frac-
tion of input units to 0 at each update during training, which helps prevent over-
fitting.

Global Max Pooling Layer: Global M axPoolingl D() reduces each sequence

to a single vector by taking the maximum value of each feature across the sequence.
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Figure 4.3: The Graphical Representation of the Claim Classification Model
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This helps in capturing the most important features of the sequences.

Dense Layers for Claim Type Prediction: The first dense layer has 64
units with ReLLU activation function, followed by a dropout layer with a dropout
rate of 0.5. Another dense layer with 3 units (as there are 3 types of claims) and

a softmax activation function is added to output the probabilities of each claim

type.

4.2.3.2 Compilation

The model is compiled using the Sparse Categorical Crossentropy loss func-
tion, Adam optimizer with a learning rate of 0.0005, and accuracy as the evaluation
metric as shown in Table B4. Early stopping is employed to monitor the valida-
tion loss. If the validation loss does not improve for three consecutive epochs
(patience=3), the training is stopped, and the weights corresponding to the best

validation loss are restored.

Table 4.4: Parameters used to train the multi-class claim classification model

Parameters Value
Embedding GloVe word embedding 300d
BiLSTM hidden units 512, 64
Dropout 0.5
Loss function SparseCategorical CrossEntropy
Optimizer Adam
Metric Accuracy
Learning rate 0.0005
Epoch 25
Batch size 64

4.2.3.3 Training

As depicted in Table B4, the model is trained using the fit() function on
training data and training labels for 25 epochs with a batch size of 64. Validation
data and validation labels are used for validation during training. The early

stopping callback is applied during training with the patience of 3 epochs.

4.2.3.4 Prediction and Probability Calculation

After training, the model is used to predict claim types for the test data. The
predicted probabilities for each claim type are calculated using softmax activation.

The claim type with the highest probability is considered the predicted claim type.
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Task Precision | Recall | F1-Score | Accuracy
Claim Detection 0.418 0.495 0.451 0.636

Table 4.5: Performance Metrics of Multi-class Claim Classification Task

4.2.4 Experimental Results

4.2.4.1 Experimental Setup

We use TensorFlow? and Keras® to implement our proposed model and use the
Collaboratory® environment to execute the code for the proposed model. We have
used the Precision (1), Recall (B22), F1 Score (E3), and Accuracy (24) for the

validation split of our final dataset for evaluation.

4.2.4.2 Result

In Table B3, we have detailed the results of our experiment, providing a com-
prehensive overview of important metrics like Precision, Recall, F1-Score, and
Accuracy. Additionally, Figure B4 serves to visually depict the confusion matrix,

enhancing comprehension of both data distribution and performance assessment.
Claim Classification Confusion Matrix

0.000 0.105 0.084

0.007 0.462 0.042

0.007 0.119

True
simple composite
' '

compound
.

' ' 0
composite simple compound
Predicted

Figure 4.4: The Confusion Matrix of Multi-class Claim Classification Task

4.2.5 Error Analysis

This section explores the error analysis of our proposed framework. We've
specifically focused on analyzing errors using the validation dataset, presenting
specific examples in a tabular format. Table B8 provides a breakdown of the error
analysis for tasks that exhibit different characteristics.

In Sentence S7, our model identified the sentence as a simple claim when it’s ac-

tually a composite claim. This flaw in our model is evident as composite claims are

4https://www.tensorflow.org/
Shttps://keras.io/
Shttps://colab.research.google.com/
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frequently misidentified as simple sentences, as indicated by the confusion matrix
in Figure B=4. Sentence S5, despite being a compound claim, was also wrongly clas-
sified as a simple claim, aligning with the observations from the confusion matrix.
Sentence S3 presents a rare instance where a compound claim was misclassified
as a composite claim, possibly due to the presence of numerous named entities.
In Sentence Sy, distinguishing between a composite and compound claim proves
challenging. Regrettably, our model labeled it as a compound claim, contrary to

its designation as a composite claim in our dataset.

ID | Text True Predicted

S1 | UN: Widespread russian Torture in Ukraine | Composite | Simple
is  Deliberate  #Bakhmut  #Defeatrussia
#Ukraine  #Standwithukraine  #Zelenskyy
#Kyiv #Kakhovka #Terrorism #Flood #Tor-
ture #Warcrimes

Sy | The number of people who have recuperated | Compound | Simple
from the disease surged to 4,44,59,514, while
the case fatality rate was recorded at 1.18 per
cent. #Covid19

S3 | No wonder Rishi Sunak allows #BorisTheLiar | Compound | Composite
to continue to have influence - Not only did
#RichRishi also go against #Covid19 rules too,
just look how much he backed lying Boris at
every opportunity #GeneralElectionNOW #To-
riesOut

Sy | Our babies are our future. The devel- | Composite | Compound
opment of our nation depends on our ba-
bies. Let the students learn lessons peace-
fully. #WhatsHappeningInMyanmar #terror-
ism #rejectPDF #NUG #MyanmarNews

Table 4.6: Error Analysis of Claim Classification Task

4.3 Multi-label Classification

4.3.1 Problem Statement

Vaccination is becoming increasingly crucial in the ongoing battle to safeguard
public health, reducing the risks and spread of numerous diseases. Recent events
underscore the pivotal role immunization plays in mitigating the widespread im-
pacts of the COVID-19 pandemic. However, the necessity for widespread vaccina-
tion extends beyond the current crisis to encompass a broader spectrum of ailments

such as childhood illnesses and seasonal flu outbreaks. Nevertheless, skepticism
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surrounding vaccine acceptance is a complex landscape shaped by political maneu-
vers, concerns over potential adverse effects, and other nuanced issues. A compre-
hensive understanding of the diverse factors surrounding vaccines is essential for
effectively addressing this intricate subject. In the digital era, social media serves
as a vast repository of diverse viewpoints, facilitating rapid insights into vaccine-
related discussions. People worldwide hold varying perspectives on vaccination,
often expressed through platforms like Twitter. A single tweet can convey a multi-
tude of viewpoints and subtly influence others’ perceptions. However, some tweets
may diverge from the positive intentions of vaccination and should not be widely
disseminated. Consequently, there is an urgent need to develop machine-learning
algorithms capable of categorizing COVID-19 vaccine-related tweets.

The primary objective is to establish a robust multi-label categorization system
capable of assigning meaningful labels to tweets, encompassing a wide array of
vaccine-related concerns expressed by authors. It is important to note that a single
tweet may fall into multiple categories, reflecting the author’s diverse concerns.
This is our submitted work for the shared task Artificial Intelligence on Social
Media (AISoMe) in FIRE 2023[102].

The taxonomy of concerns for classification includes the following:

1. Unnecessary: Suggests immunizations are unnecessary or advocates for al-

ternative treatments.

2. Mandatory: Opposes mandatory vaccination, arguing against compulsory

immunization.

3. Pharma: Criticizes pharmaceutical companies, alleging profit-driven motives

or opposing such corporations.

4. Conspiracy: Implies deeper conspiracies beyond profit motives, such as

tracking individuals or labeling COVID as a hoax.

5. Political: Expresses concerns about the political manipulation of vaccines

for governmental or political agendas.

6. Country: Criticizes vaccination based on its country of origin or manufac-

turing.

7. Rushed: Raises concerns about the expedited or insufficiently tested vacci-

nation process.

8. Ingredients: Worries about vaccine components or technology, such as fetal

cells or mRNA vaccines affecting DNA.
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9. Side-effect: Expresses concerns about negative effects or fatalities associated

with vaccination.
10. Ineffective: Claims vaccines are ineffective or worthless.
11. Religious: Opposes vaccination on religious grounds.

12. None: Indicates no specific reason stated or reasons other than those listed.

4.3.2 Proposed Approach

In tackling this challenge, our initial emphasis was on thoroughly preparing the
tweets for analysis. We meticulously preprocessed the data, ensuring its quality
and relevance. Subsequently, we broke down each tweet into tokens and fed them
into our model, leveraging a fine-tuned BERT Model renowned for its effectiveness
in natural language processing tasks. Following this, we implemented a distinc-
tive prediction method, allowing for the assignment of multiple labels to a single
tweet. This approach acknowledges the nuanced nature of discussions surrounding
vaccination, recognizing that a single tweet may encompass various concerns or

viewpoints simultaneously.

4.3.3 Implementation

4.3.3.1 Pre-processing

The dataset’s tweets underwent preprocessing to eliminate irrelevant elements,
thereby enhancing the BERT model’s word embeddings’ efficiency. Tweets often
include links, emojis, punctuation, and Twitter embeds like images or GIFs, which
can impact the BERT model’s performance.

Our preprocessing pipeline included the following steps:

1. Lowercasing: All words within the tweets were converted to lowercase to

enhance the classification process.

2. Emojis to words: Emojis and emoticons carry contextual information and
are valuable for sentiment analysis. We transformed them into text format

(:emojiname:) using the emoji’ library [I03], removing the colons afterward.

3. Removal of non-alphanumeric characters: Python’s 're’ library was
employed to discard irrelevant characters such as colons, semicolons, brack-
ets, and hashtags. Additionally, we retrieved the raw words by eliminating

colons from the processed emojis.
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4. Removal of URLs: URLs present in the tweets were eliminated using

regular expressions.

Input: #VAERS 16yQ#Pfizer died pulmonary embolism suspected #Car-
diacarrest #vaccinedeaths #adolescent Symptoms: Cardiac arrest, Circulatory
collapse, Computerised tomogram thorax abnormal, Death, Lung assist device
therapy, Pulmonary embolism https://t.co/dTAdjik8gO.

Output: vaers 16y female sign pfizer died pulmonary embolism suspected
cardiacarrest vaccinedeaths adolescent symptoms cardiac arrest circulatory col-
lapse computerized tomogram thorax abnormal death lung assist device therapy

pulmonary embolism.

4.3.3.2 Methodology

Model: BERT-BASE-UNCASED [104] is a model built on transformer archi-
tecture, pre-trained on a vast English text corpus in a self-supervised manner. The
uncased variant of the model operates on lowercase text, simplifying its training

and usage. Its pretraining involved two main methods:

1. Masked Language Modeling (MLM): In this approach, a sentence un-
dergoes random masking of 15% of its words. The model then predicts these

masked words, enhancing its understanding of contextual word relationships.

2. Next Sentence Prediction (NSP): This method aids the model in com-
prehending relationships between consecutive sentences. By presenting two
sentences as input, BERT predicts the correct sequence of these sentences,

fostering its grasp of longer-term dependencies in text.

Experimental Setup: First, the tweets undergo tokenization, and then the
labels are transformed into a binary matrix, which serves as input for classification.
Sklearn’s MultiLabelBinarizer facilitates this conversion, generating a 1x12 matrix
for our current task, which involves 12 labels for tweet classification.

The tokenized tweets are comprised of three components: input_ ids, atten-
tion_mask, and segment_ ids. Input_ids represent the raw tokenized tweets,
while attention masks distinguish relevant tokens from those to be disregarded.
Segment_ ids aid in distinguishing different parts of the input, such as separate
sentences.

These input components are fed into a Keras layer, which embeds and encodes
the tokens into a dense vector. Subsequently, two dense layers follow, with 128

and 64 units respectively, processing the embeddings and generating new features.
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The output layer, also a dense layer, comprises 12 units corresponding to the
12 classification labels. It takes the features from the preceding dense layers as
input and produces probabilities for each label.

To mitigate overfitting during training, dropout layers are employed after each
dense layer while fine-tuning the model.

The model’s graphical representation is depicted in Figure 3.
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Figure 4.5: The Graphical Representation of the Model

L

Prediction: We utilized the fine-tuned BERT model to create embeddings for
the tweets and determine the probability scores for each tweet across twelve classes.
If the probability of a class exceeded the threshold of 0.25, it was considered a
predicted class for that tweet.

4.3.4 Experimental Results

The objective is to classify data into multiple classes and labels. Evaluation
of performance is based on two metrics: the macro-F1 score and the Jaccard
Coefficient, applied across 12 distinct categories. Table B2 displays the outcomes

of our submission for this task. Among three attempts, our most successful model
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Run file | Summary of Methodology Macro-f1 | Jacc

runl.csv Overall model is the same as discussed | 0.54 0.58
above and for this run, We set the
learning rate at le-4

run3.csv Overall model is the same as discussed | 0.5 0.55
above and for this run, We set the
learning rate at le-6

run2.csv Overall model is the same as discussed | 0.4 0.5
above and for this run, We set the
learning rate at le-8

Table 4.7: Results of three trials

achieved a macro-F1 score of 0.54 and a Jaccard Coefficient score of 0.58.

4.3.5 Observations

In our study, we employed a transformer-based model pre-trained on a siz-
able dataset of COVID-19-related anti-vaccination tweets. Our primary objective
was to classify tweets into 12 distinct categories. Surprisingly, our findings in-
dicate that the transformer-based model surpasses traditional natural language
processing classifiers such as Naive Bayes, Logistic Regression, and Support Vec-
tor Machine. This superiority stems from the transformer model’s capacity to
generate more expressive word embeddings, leading to enhanced performance on
our task.

Considering the transformer-based model’s affinity for extensive data, we sug-
gest exploring data augmentation techniques to bolster our model’s performance.
Additionally, we propose employing adversarial training to enhance the model’s re-
silience and robustness. These advancements have the potential to further elevate

our categorization accuracy.

4.4 Discussion

This chapter delves into a multifaceted exploration of various claim-related
tasks, encompassing Claim Detection, Multi-class Claim Classification, and Multi-
label Claim Classification. Through rigorous experimentation, we investigated the
efficacy of several models including LSTM, BiLSTM, and BERT across these tasks,
contextualizing our research within datasets rooted in the Indian landscape. While
our efforts shed light on the strengths and weaknesses of each model, there remain
ample opportunities for refinement and advancement. For instance, incorporating

diverse embedding techniques could enhance the robustness of our models, while
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harnessing transformer-based architectures across all tasks could potentially yield
more efficient and accurate results, given their proven efficacy in claim-related
contexts. Additionally, expanding our experimentation to encompass a broader
spectrum of data could offer deeper insights and validation of our findings, paving
the way for further advancements in claim detection methodologies tailored to the

Indian context.
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Multi-task Learning

I n today’s digital age, where the internet is readily available to all, people freely
express their thoughts and emotions across various social media platforms like
Twitter, Facebook, and Reddit. These platforms host a multitude of posts writ-
ten in different languages, containing sentiments ranging from positive to negative,
along with claims on various topics. To ensure comprehension across diverse au-

diences, there’s a need for language detection or translation tools.

Natural Language Processing (NLP) encompasses fields such as sentiment anal-
ysis, sarcasm detection, claim analysis, and language classification, which aim to
decipher sentiments, identify sarcasm or irony, detect hate speech, offensive lan-
guage, political claims, etc. Traditionally, researchers focused on individual tasks
like sentiment analysis or claim detection. However, some sentences may encom-
pass multiple aspects, necessitating separate models for sentiment, sarcasm, and
claim detection.

Multi-task learning (MTL) as the name suggests, refers to a single shared
machine-learning model that is capable of performing multiple different tasks si-
multaneously [I05]. While multi-task learning (MTL) models have been explored
extensively for almost a decade, most emphasize similar tasks like sentiment anal-
ysis, sarcasm detection, irony detection, hate speech detection, etc. MTL models
are scarce for dissimilar tasks. This study proposes an MTL model for dissimilar
tasks like claim detection, language identification, and sentiment analysis.

There are a few advantages of Multi-Task Learning (MTL) compared to single-

task learning, presented in bullet points[06]:

o Facilitates Generalization: MTL enables achieving generalization for

multiple tasks simultaneously.

o Enhanced Task Performance: Each task improves performance by lever-

aging associations with other participating tasks.
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o Sustainability and Power Efficiency: MTL embraces sustainability and
saves power by employing a single model to handle multiple tasks concur-

rently.

 Reduced Complexity: MTL reduces the complexity from the user’s per-

spective, offering a streamlined approach to handling various tasks.

The main objectives of this study are to evaluate whether integrating different
classification tasks into an MTL model enhances overall performance compared
to single-task models and to determine how each task benefits from MTL. Two
types of MTL models are proposed: a simple MTL model and an MTL model

with fusion techniques.

5.1 Task Descriptions

5.1.1 Claim Detection

Identifying claims within text entails recognizing and evaluating claims that
may be true or false, and are often intended to persuade or move an audience
towards a certain position or argument. This job has wide-ranging implications,
including information retrieval and natural language processing, as well as disci-
plines like politics, science, and health.

Finding textual claims is important for a variety of reasons. First, in fact-
checking, organizations can guarantee that comments made by individuals or
groups are correct. Second, it facilitates the search for specific claims or informa-
tion inside massive text databases. Third, argument analysis requires an awareness
of the structure and power of arguments. Overall, the ability to detect textual
assertions is important for checking facts, gathering information, and successfully
analyzing arguments.

Nonetheless, recognizing claims has obstacles such as ambiguity, dependency
on context, and variation in style, structure, and language.

In conclusion, Claim Detection is an important process for extracting and ana-
lyzing claims from textual content, with applications ranging from fact-checking to
information retrieval and argument analysis. It entails using a variety of method-
ologies, including rule-based and machine-learning methods, as well as dealing

with the inherent difficulties and ethical implications.

5.1.2 Sentiment Analysis

Sentiment analysis evaluates whether a text has a positive, negative, or neutral

tone. The goal of sentiment mining is to understand people’s opinions in a way
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that helps businesses grow. It goes beyond basic polarity to include joy, sadness,
and anger. Sentiment analysis, which employs a variety of Natural Language
Processing approaches such as rule-based, automatic, and hybrid algorithms, is

becoming increasingly important in understanding sentiment across different data

types.

With individuals expressing their opinions and feelings more publicly than ever
before, sentiment analysis is an essential tool for monitoring and understanding
sentiment across varied datasets. Businesses may automatically analyze client
feedback via surveys and social media interactions to determine which parts delight
or upset their consumers, allowing them to modify their products and services

appropriately.

For example, using sentiment analysis to assess over 4,000 open-ended replies
in customer satisfaction surveys might reveal the causes of consumer happiness or
dissatisfaction at each stage of the process. Whether it’s tracking brand sentiment
to quickly handle unsatisfied consumers or comparing sentiment between quarters
to determine what actions are required, sentiment analysis enables organizations
to dive deeper into qualitative data and effectively comprehend sentiment move-

ments.

5.1.3 Language Identification

Language Identification is one of the most popular tasks in Natural Language
Processing. Language Identification or Language Guessing is the task of deter-
mining the natural language of the content. It is considered as a special case of
Text Categorization or Text Classification. Language Identification is used as a

preprocessing task in various Natural Language Processing tasks.

Language Identification is the task of automatically detecting the language(s)
present in a document based on its content. Language Identification task com-
monly assumes that the documents are written in one of the closed sets of known
languages from the training examples. Hence, it is the task of selecting the most

likely language from the set of training languages.

In Language Identification, documents are modeled as a stream of characters
(Cavnar and Trenkle, 1994; Kikui, 1996), often approximated by the corresponding
stream of bytes (Kruengkrai et al., 2005; Baldwin and Lui, 2010a) for robustness

over variable character encoding.
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5.2 Multi-task Environment

5.2.1 Two Tasks Combinations

In this part, we will look at how to pair two jobs at the same time. Essentially,

our model will be trained to handle two distinct tasks simultaneously.

e Claim Detection + Sentiment Analysis: First, we will look at the
combination of Claim Detection and Sentiment Analysis. Claim Detection
distinguishes between two labels (yes and no), whereas Sentiment Analysis

categorizes text into three labels (positive, negative, and neutral).

« Sentiment Analysis 4+ Language Identification: Next, we will consider
the combination of Sentiment Analysis and Language Identification. Senti-
ment Analysis sorts text into three Sentiment Analysis categories (positive,
negative, and neutral), whereas Language Identification selects a language

from a pool of 22 choices.

e Claim Detection + Language Identification: Finally, we will discuss
the pairing of Claim Detection and Language Identification tasks. Claim
Detection involves identifying two labels (Yes and No), while Language Iden-

tification requires recognizing one of 22 different languages.

5.2.2 Three Tasks Combination

In this section, we’ll explore the integration of three tasks simultaneously. Here,

our model will be trained to handle three distinct tasks concurrently.

o Claim Detection + Sentiment Analysis + Language Identification:
In this case, the tasks we’'ve chosen to combine are Claim Detection, Senti-
ment Analysis, and Language Identification. Claim Detection involves dis-
tinguishing between two labels (Yes and No), Sentiment Analysis involves
categorizing text into three labels (Positive, Negative, and Neutral), and

Language Identification entails recognizing one of 22 different languages.

5.3 Proposed Approach

In this section, we outline our proposed approach, which aims to create a
unified multi-task learning model capable of classifying three distinct types of
tasks: claim detection, language identification, and sentiment analysis. Here’s

how we proceed:
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5.3.1 Text Preprocessing

Before diving into classification, we preprocess each sentence S to ensure uni-

formity and cleanliness. This involves several steps:

o Removal of HTML tags.
e Conversion of S into lowercase.
o Elimination of punctuation and extra spaces.

o Handling of usernames: Any username starting with 'Q’ is replaced with

"Quser’.
o Handling of website links: Any website link is substituted with "http’.

o If S contains any emoji convert that emoji to its corresponding text using

the “emoji” package® of Python.

5.3.2 Tokenization

We convert each preprocessed sentence S into a sequence of tokens [ky, ko, k3,
..., kn]. Since sentence lengths vary, we standardize them by padding with zeros
to achieve a fixed size. Consequently, every sentence S transforms into a token

sequence [kq, ko, ks, ..., k1] where L = 300.

5.3.3 Classification Task

For our dissimilar classification task, each tokenized sentence X = [ky, ko,
ks, ..., kr] consists of L words (tokens) where k;s are words (tokens) and L = 300.

The sentence is associated with three labels:
o Claim Label: Indicates whether the sentence contains a claim (Yes/No).

« Language Label: Specifies the language of the sentence (one out of 22

options).

« Sentiment Label: Represents the sentiment conveyed by the sentence (pos-

itive/negative /neutral).

Thttps://pypi.org/project /emoji/
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5.3.4 Modeling

Our primary objective is to predict the appropriate labels for each sentence
using a single neural network. This network is trained to simultaneously handle
the classification tasks of claim detection, language identification, and sentiment
analysis, leveraging the shared knowledge and representations across these tasks

for improved performance.

5.4 Implementation

5.4.1 Word Embedding

To embed words, we utilized pre-trained “GloVe”[00] word embeddings, which
are vectors with a dimensionality of D = 300. Each token k; from the sentence X
was transformed into a sequence of vectors x; of length D. Thus, from a tokenized
sentence X = [ky, ko, k3, ..., k1] we obtain Xy .p = [z1, 2, 3, ..., z1]. These vectors

were then input into a BiLSTM layer, as illustrated in Figure 5.
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[kl.' kQ.' k3: kL] l
v Word Embedding Matrix GloVe Word
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Figure 5.1: Proposed Model Architecture for Dissimilar Tasks: (a) MTL with
shared backbone and long task-specific heads, (b) MTL with shared backbone,
long task-specific head, and fusion.
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5.4.2 BiLSTM Layer

The BiLSTMJI01] is a variant of the recurrent neural network (RNN) archi-
tecture known for its bidirectional long-short-term memory. Traditional neural
networks suffer from short-term memory issues and the vanishing gradient prob-
lem. LSTMs address these problems by effectively recognizing patterns, retaining
crucial information, and mitigating the vanishing gradient issue. BiLLSTMs, be-
ing more potent than unidirectional LSTMs, can analyze inputs from both the
beginning and the end of a sequence. This bidirectional analysis enables them to
utilize features from both past and future contexts, thereby enhancing language

comprehension compared to unidirectional LSTMs.

5.4.3 GlobalMaxPooling Layer

We incorporated two BiLSTM layers followed by a dropout layer of 0.5 (as
shown in Figure B1) and introduced a “GlobalMaxPooling” layer. The “Glob-
alMaxPooling1D” operation selects the maximum value from the hidden output
vectors. If the output of the second dropout layer is represented as [§1, 92, U3, .-
,Ym|Lxm where y; are vectors of length L and M is the number of hidden units of
a BiLSTM layer, then it is processed according to the equation provided. Subse-
quently, the result Z GlobalMaxPooling1D is fed into a dense layer consisting of

300 neurons.

ZG’lobalMaxPoolinng - [Max(?jl)a Maf(?fz), Max(?j?))a (5 1)

oy Maz (yar)] )

However, we conducted experiments without the “GlobalMaxPooling” layer to
assess performance under different conditions. In the absence of the GlobalMax-
Pooling layer, the output of the 2"4 BiLSTM layer is directly fed into a dense layer

containing 300 neurons.

5.4.4 MTL with Task-Specific Long Heads

Figure 61(a) gives the architectural representation of the MTL with long task-
specific heads or layers, where the output of the “GlobalMaxPooling” Layer is fed
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into individual dense layers corresponding to each task.

Dunitl - RGLU(ZG’lobalMaacpoolinng) (52)
Doynita = Dropout(Dypis1) (5.3)
Dfinal == ReLU(Dunzt2) (54)

5.4.5 Fusion with Task-Specific Dense Layer

Figure BI(b) gives the architectural representation of the MTL with a task-
specific dense layer; where instead of using a single dense layer of 300 neurons,
separate dense layers of 300 neurons are used for each task to perform the task-

specific learning.
D, = ReLU(ZgiobaiMazPooling1 D) (5.5)

where D, represents task-specific dense layer outputs for each task (Dugim, Dsen,
Diang)? for our dissimilar tasks.

Now, the outputs of the task-specific dense layers are passed to dropout layers,
and then we merge the outputs from the previous layers and feed them into the

final task-specific dense layers as follows:

Merge; = Dropout(Dggim) @ Dropout(Dsey,) (5.6)
Densege,, = ReLU(Mergey) (5.7)
and,
Merges = Daim @ Dsen @ Dropout(Diang) (5.8)
Densey = ReLU(Merges) (5.9)

where ® represents the concatenation of the outputs of the dense or dropout layers.

5.4.6 Classification

For classification, we have used separate dense layers for each task. For MTL
with long task-specific heads, the outputs of the individual dropout layers are fed

into task-specific dense layers which use softmaz as their activation function.

P, = softmax(D,) (5.10)
Y, = argmaz(P,) (5.11)

J

2claim, sen, lang are the abbreviations of claim, sentiment and language respectively.
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where P, represents the probability value of each class of each classification task
and Y, represents the predicted class value.

For MTL with task-specific dense layers and fusion, the output of Dropout uim
is fed as an input to the claim detection layer, fed the output of Dense; as an
input to the sentiment classification layer, fed the output of Denses as an input

to language identification task layer.

P.gim = sigmoid(Dropout qgim) (5.12)
Psen, = softmax(Densey) (5.13)
Piang = softmax(Denses) (5.14)
and,

Pclaim

Y, = argmazx Pio (5.15)
Jj
Plang

where Pgim, Psen, Plang Tepresents the probability value of each class of claim,
sentiment, and language classification tasks respectively and Y. represents the

predicted class value for each classification task.

5.4.7 Training

To train our proposed model, the final dataset is split out in an 80-20 ratio

"8 ‘train-test split’ package, where 80% of the data was used

using the “scikit-learn
to train the model (train split) and 20% of the data was used to test the model
(test split).

For the multi-task loss function, the CrossEntropy loss is used for each of the

tasks and monitors the loss for the test split of the dataset.

3
Liotar = » _ Li (5.16)
=1

where L; is the loss for different tasks.

For training, the Adam optimizer [I07] is used with a learning rate of 0.0005
and the number of epochs taken to train the model is 25, but we have used
the EarlyStopping® method provided by TensorFlow’s ‘keras’ module to reduce

overfitting in our model. The parameters that are used to train the model are

3https://scikit-learn.org/
4https://www.tensorflow.org/api_ docs/python/tf/keras/callbacks/
EarlyStopping
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given in Table BTl

Table 5.1: Parameters used to train the model.

Parameters Value
Embedding GloVe word embedding 300d
BiLSTM hidden units 2 x 400 = 800
Dropout 0.5
Loss function CrossEntropy
Optimizer Adam
Learning rate 0.0005
Epoch 25
Batch size 64

5.5 Experimental Results

5.5.1 Experimental Setup

We use TensorFlow® and Keras® to implement our proposed model and use
the Collaboratory? environment to execute the code for the proposed model. We
have used the Precision (), Recall (B22), F1 Score (E=3) metrics, and confusion

matrix for the validation split of our final dataset for evaluation.

5.5.2 Task Comparison

We evaluate our proposed model for all the possible combinations of tasks.

One Task Learning (1-TL): In 1-TL, the standalone classifiers for each
sentiment, claim, and language classification are developed .

Two Task Learning (2-TL): Here all possible combination of two tasks i.e.
sentiment + claim, language + claim, and sentiment + language are taken for
classification.

Three Task Learning (3-TL): Here all three tasks are taken i.e., claim +
sentiment + language.

For our dissimilar tasks, the performance of 2-TL and 3-TL is compared with
the baseline classifier 1-TL. For dissimilar tasks in 1-TL and 2-TL, the simple
MTL architecture (Figure B1(a)) is followed and for 3-TL both the simple MTL
and MTL with fusion (Figure BJI(b)) is followed. In Table B33 the performance

Shttps://www.tensorflow.org/
Shttps://keras.io/
Thttps://colab.research.google.com/
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of all the combinations of MTL for dissimilar tasks is given and in Table b2, the

performance of the standalone classifiers and 2 types of 3-TLs is given.

Table 5.2: Performance comparison of 1-TL vs 3-TL vs 3-TLjysion-

Task | Precision | Recall | F1-Score

Claim 0.711 | 0.711 0.711

1-TL | Sentiment 0.66 | 0.669 0.664
Language 0.788 | 0.738 0.723

Claim 0.589 | 0.564 0.534

3-TL | Sentiment 0.597 | 0.528 0.55
Language 0.762 | 0.705 0.715

Claim 0.61 | 0.599 0.59

3-TLfusion | Sentiment 0.63 | 0.566 0.586
Language 0.722 | 0.706 0.707

Claim Detection: For claim detection task, the performance of 3-TLpon
model is better than 3-TL model. However, all multi-task models perform worse
than the 1-TL model. The best precision, recall, and fl-score are 0.711, 0.711,
and 0.711 respectively which all are achieved by the 1-TL model. Although it is
noticeable that the claim detection task benefits when combined with the senti-
ment classification task as we can see in Table b23. The confusion matrices for
claim detection of 1-TL, 3-TL, and 3-TL with fusion are given in Figure b2.

1-TL 3-TL 3-TL Fusion

no

0.353 0.137 2- 0.167 0.214

Q-

yes

0.152 0.358 g- 0.085 g- 0192

| ! !
no yes no yes no yes

Figure 5.2: Confusion matrices for claim detection for 1-TL, 3-TL and 3-TLyysion

Sentiment Classification: In the case of sentiment classification, the 3-
TLjysion model performs better than 3-TL model. The best fl-score of 0.664 is
achieved by the single task (1-TL) model and sentiment + claim combination of
MTL. The best precision of 0.709 and recall of 0.642 is achieved by the senti-
ment + claim combination of MTL (2-TL). The confusion matrices for sentiment
classification of 1-TL, 3-TL, and 3-TL with fusion are given in Figure B3.

Language Identification: For the language identification task, the single
task model overperforms all other combinations of MTL. In this scenario, the

performance in 3-TL is better than the 3-TLj,0, model. The best precision,
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Table 5.3: Performances of all combinations of MTLs.

Claim Sentiment Language
Task P R F P R F P R F
claim | 0.71 | 0.71 | 0.71 - - - - - -

sen - - -| 0.66 | 0.67 | 0.66 - - -
lang _ : . _ _ ~10.79 | 0.74 | 0.72
claim+sen | 0.71 | 0.71 | 0.71 | 0.71 | 0.64 | 0.66 - - -
sen+lang - - -1 0.57 ] 059 | 0.58 ] 0.75 ] 0.70 | 0.69
lang+claim | 0.59 | 0.57 | 0.54 - - -1 0.69| 0.69 | 0.68

3-TL | 0.59 | 0.56 | 0.53 | 0.60 | 0.52 | 0.55 | 0.76 | 0.71 | 0.72
3-TLpysion | 0.61 | 0.60 | 0.59 | 0.63 | 0.57 | 0.59 | 0.72 | 0.71 | 0.71

1-TL 3-TL 3-TL Fusion

SOPEEN 0.090 0.010 - 0.147 NowPiW 0.012 0.259
- 0.100 MekeyEN 0.025 - 0.127 mOEEIR:E 0.052 -OREPA N 0.020

- 0.012 0.047 0.062 - 0.015 0.040 0.067 - 0.020 0.057 0.045

0.005

neutral negative positive
neutral negative positive
neutral negative positive

| ! | | ! l | l !
positive negative neutral positive negative neutral positive negative neutral

Figure 5.3: Confusion matrices for sentiment classification for 1-TL, 3-TL and
3'Tqusion

recall, and fl-score are 0.788, 0.738, and 0.723 which are achieved by the 1-TL
model. The confusion matrices for language identification of 1-TL, 3-TL, and

3-TL with fusion are given in Figure b4.

1-TL 3-TL 3-TL Fusion

Figure 5.4: Confusion matrices for language identification for 1-TL, 3-TL and 3-
Tqusion

5.6 Error Analysis

In this section, the error analysis of our proposed MTL framework is discussed.

This error analysis has been done only on the validation dataset and presented
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a few of the examples in Tabular format. For simplicity purposes, only the error
analysis between the baseline classifier, 3-TL, and 3-TLj,s0, is compared.

The error analysis for dissimilar tasks is given in Table b4. From Table b,
in the example Sy, it is seen that although claim and language labels are correctly
assigned, the 3-TL model failed to correctly predict the positive sentiment of the
sentence. This is quite justified according to the confusion matrix in Figure
that the model tends to predict negative for sentences having positive sentiment.
For the example Sy, for claim detection, 1-TL and 3-TLj,0n, models failed to
predict the claim correctly, but the 3-TL model did. This also follows the confusion
matrix in Figure B2. For sentence S3, only the 1-TL model correctly predicted
the claim but the MTL models couldn’t. The 3-TL model also incorrectly predicts
it as a sentence in Dutch whereas it is an English sentence. Only the 1-TL model
correctly predicted the language of the sentence for sentence S; which explains the
confusion matrix in Figure b4. 1-TL and 3-TLyys0n, models predict this sentence
as a sentence with negative sentiment despite this being a neutral sentence. This
is also obvious according to the confusion matrix in Figure b23 which shows these

models tend to predict neutral sentences as negative sentences.

Table 5.4: Error analysis between 1-TL, 3-TL and 3-TLyys0n

Claim Sentiment Language
id Text Task | True | Pred | True | Pred | True | Pred
I will admit it has less than the Sab- 1-TL yes yes pos pos eng eng
S1 | bath albums before it, but it still very 3-TL yes yes pos neg eng eng
much holds onto the blues. 3-TLp yes yes pos pos eng eng
1-TL yes no neu neu eng eng
Sa Maybe I could do my own statistics. 3-TL yes yes neu neu eng indo
3-TLp yes no neu neg eng eng

1-TL no no ne ne en en,
3 Have not got around to sorting out the & & & &
3 history yet. 3-TL no yes neg neg eng dut
3-TLp no yes neg pos eng eng
miiller mox figura centralis circulorum 1-TL no no neu neg lat lat
S4 | doctorum vindobonesium fiebat quibus 3-TL no yes neu neu lat por
intererant petrus 3-TLp no no neu neg lat spa

5.7 Discussion

In this study, our main motive was to study the performance of our model
for different dissimilar tasks and draw some insights from that. After all the
experiments, there were a few noticeable points we delved deep into.

Firstly, it is observed that the performances of dissimilar tasks are not that
good in our MTL setting. This is because in dissimilar tasks, the learning from
one task cannot help other tasks properly and we see a performance drop in MTL

for our dissimilar tasks.
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Secondly, as already discussed in Section b4, for dissimilar tasks, the Long-
Head approach has been used. The reason behind this is the simple fact that the
dissimilar tasks have very few things in common among them and each task needs
extra standalone attention. For this reason, for our dissimilar tasks, we have used
more layers in the individual task-specific layers.

Thirdly, it can be seen that when the experiments are carried out in the infused
architectures as shown in Figure b(b), the performances are better in most of
the cases. After seeing these statistics it can be said that learnings of one task
help the other tasks in an MTL architecture.

Finally, our work has some limitations. Firstly, the size of our final dataset is
small, so there needs to be a large size dataset to validate this model. Secondly,
there is a high level of imbalance in our final dataset, so there may be a performance
bias in the model for those tasks. Thirdly, we have not explored the current state-
of-the-art transformer-based models such as “BERT”. Our future work includes
trying to balance the existing imbalance classes, add more data to our existing
dataset, add other similar types of classification tasks, and explore transformer-

based architectures.
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CHAPTER 6

Span Identification

I n this chapter, we will explore Span Identification tasks in depth. Our investiga-
tion encompassed not only English but also underrepresented languages such
as Hindi and CodeMix, particularly within the Indian cultural framework. We
concentrated on identifying spans related to claims and sentiments, underscoring
their increasing relevance in business contexts. This approach, which integrates
multiple languages and cultural settings, underscores the critical need for Nat-
ural Language Processing (NLP) models capable of performing efficiently across

diverse linguistic and cultural landscapes.

6.1 Claim Span Identification

To elaborate, Span Identification involves detecting specific segments within
a text that correspond to particular types of information, such as claims or sen-
timents. Our research ventured into less-explored languages, recognizing the ne-
cessity to bridge the gap in NLP resources and tools for these languages. By
incorporating Hindi and CodeMix, which is a blend of English and other lan-
guages commonly used in informal communication in India, we aimed to create
models that are more inclusive and capable of understanding a wider range of
linguistic nuances.

In the context of claim span identification, we focused on pinpointing exact
phrases that make assertions or statements, which is crucial for applications like
fact-checking, news summarization, and information extraction.

Our multilingual and multi-context methodology not only addresses linguistic
diversity but also adapts to the cultural variations that influence language use.
This comprehensive approach ensures that NLP models are robust and versatile,
capable of delivering accurate results in different languages and contexts. As busi-

nesses continue to expand globally, the ability to analyze and interpret text across
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various languages and cultures becomes increasingly vital, making our research an
essential contribution to the field of NLP.

6.1.1 Problem Statement

The rapid rise of social media has boosted content creation and information
sharing, benefiting many. However, these platforms also harbor those spreading
rumors, fake news, propaganda, and misinformation. Claims shape our worldview
but are often misused by fake news spreaders to deceive. The COVID-19 Infodemic
exemplifies this, with false information about politics, social issues, and medical
claims spreading widely. Social media companies employ content moderators to
combat this, but the high volume of information makes it hard to spot fake news
effectively. Consequently, developing methods to identify and verify social media
claims automatically has become a critical NLP research challenge.

Most current claim detection research concentrates on identifying claims at
the sentence level, neglecting the precise details of exact claim spans. Recently,
advancements in this field have shifted from broad sentence-level models to more
detailed identification of specific claim spans. After determining if a post contains
a claim, the next step is to pinpoint the exact span of the claim within the post.
Accurately identifying the specific words or phrases forming the claim is essential,

as this precision is crucial for fact-checking accuracy.

6.1.2 Proposed Approach

Initially, we gathered a dataset consisting of approximately 750 training sam-
ples in English, Hindi, Bengali, and CodeMixed languages. The input for each
sample is a text document, and the output is a string or an array of strings repre-
senting the claim span(s). We divided this data into training and testing subsets.
For our task, we employed transfer learning techniques using XLM-RoBERTa,
MuRIL, and BERT Multilingual models. We began by tokenizing the sentences.
Following tokenization, each token was labeled with B-I-O tags. These tagged

tokens were then fed into the model, which produced the predicted claim span(s).

6.1.3 Implementation

6.1.3.1 Tokenization

Tokenization involves breaking down a text into smaller units known as tokens.

In this study, we explored three primary approaches:
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« XLM-RoBERTa (Robustly Optimized BERT Pretraining
Approach): This model leverages a robust pretraining method to enhance

BERT’s performance across various languages.

o MuRIL (Multilingual Representations for Indian Languages):
Specifically designed to handle the intricacies of Indian languages, this model

offers multilingual capabilities.

« BERT (Bidirectional Encoder Representations from Transformers)
Multilingual: A model that captures context from both directions in a

sentence, enhancing its ability to understand multilingual text.

For each of these models, we utilized distinct pre-trained tokenizers tailored to

their respective architectures.

6.1.3.2 B-I-O Tagging

After tokenization, each token must be assigned a B-I-O tag, where B stands
for the Beginning of a Claim, I indicates the Inside of a Claim, and O signifies the
Outside of a Claim. The use of return_ offsets mapping=True in the tokenizer
configuration allows us to retrieve the start index and the end index (plus one)
for each token within the original text.

Additionally, the start and end indices of each claim span within the original
text are calculated and recorded. This enables us to determine which tokens
correspond to which parts of the claim. When the offset mapping of a token falls
within the range of the start and end indices of a claim span, the appropriate
B-1-O tagging is applied to that token. This process ensures that each token is

accurately labeled according to its position within or outside the claim spans.

6.1.3.3 Model Architecture

To accomplish our task, we utilized transfer learning methods with models
such as XLM-RoBERTa, MuRIL, and BERT Multilingual. Initially, we performed
tokenization on the sentences. After this step, each token was annotated with B-
[-O tags. The annotated tokens were subsequently input into the model, which
generated the predicted claim span(s). Figure B shows an abstract overview of

our model.

6.1.4 Experimental Results

Among the three models, XLM-RoBERTa demonstrated the best performance.

The other models also yielded good results. We evaluated their performance us-
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xIm-roberta-base
or Claim
B-1-O A
: muril-base-cased Span
Tagging or Predict

bert-multilingual-cased

Token Ids and Attention Mask

Figure 6.1: Architecture of Claim Span Identification Model

ing Accuracy and F1-Score metrics. After 4 epochs, XLM-RoBERTa reached an
accuracy of 81% and an F1-Score of 54%. The performance metrics for the other
models are detailed in Table B.

Epoch xlm-roberta-base | muril-base-cased | bert-base-multilingual-cased

Acc. | F1-Score | Acc. | F1-Score | Acc. | F1-Score
1 0.75 | 0.50 0.50 | 0.26 0.78 |1 0.52
2 0.80 | 0.54 0.72 | 0.48 0.79 | 0.53
3 0.81 | 0.54 0.74 | 0.50 0.80 | 0.53
4 0.81 | 0.54 0.75 | 0.50 0.80 | 0.53

Table 6.1: Results on Test Split of the Dataset

6.1.5 Error Analysis

Although the evaluation metrics indicate that XLM-RoBERTa performs the
best overall, this is not always consistent. Table B2 presents three examples
to highlight the strengths and weaknesses of our models. For the first sentence,
XLM-RoBERTa achieved perfect results, whereas MuRIL and BERT-Multilingual
included a few extra words at the beginning. In the second sentence, all models
performed poorly, capturing more words than the actual claim span. For the third
sentence, the BERT-Multilingual model performed the best, accurately identify-
ing the claim span, while XLM-RoBERTa and MuRIL captured more than the
necessary span.

6.1.6 Discussion

The dataset we utilized is relatively small, containing only about 750 samples.
To thoroughly validate the overall performance of our models, a larger dataset is
necessary. Additionally, we have not explored other potentially effective models
such as GPT or BERT-large. Further, we need to perform more hyperparameter
tuning to enhance the models’ performance. Our current training is based solely

on social media data; in the future, we plan to extend our training to other types of
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Original Span

xlm-roberta

muril

bert-multilingual

‘Under which provi-
sion you got re elected
as RS member inspite
of getting defeated in
#BengalElection2021

‘Under which provi-
sion you got re elected
as RS member inspite
of getting defeated in
#BengalElection2021

‘@ swapanbb Under
which provision you
got re elected as RS
member inspite of get-
ting defeated in

‘@, ‘Under which
provision you got re
elected as RS member
inspite  of  getting
defeated in # Bengal-
Election2021’

jankibaatl and Par-
dip would continue to
bark for the next 6
months to make that
a reality!

First BJPee would es-
tablish a fake theory!
Then Low Level Dal-
lals, @jankibaatl and
Pardip would continue
to bark for the next 6
months to make that a
reality

First BJPee would es-
tablish a fake theory!
Then Low Level Dal-
lals, @ jankibaatl and
Pardip would continue
to bark for the next 6
months to make that a
reality

First BJPee would es-
tablish a fake theory!
Then Low Level Dal-
lals, @ jankibaatl and
Pardip would continue
to bark for the next 6
months to make that a
reality!

they have spent huge
amount in #Bengal-
Election2021 for BJP

not, expect that
#J10 will solve your
problems’, ’they are
making fool to the
customers as they
have  spent  huge
amount in #Bengal-

Election2021 for BJP

##jio Do not ex-
pect that # JIO will
solve your problems..
they are making fool
to the customers as
they have spent huge
amount in

have  spent  huge
amount in # Bengal-
Election2021 for BJP

Table 6.2:

Error Analysis of Claim Span Identification Task

texts, such as news articles and online blogs, to evaluate and improve the models’

versatility and robustness across various domains.

6.2 Sentiment Span Identification

Span Identification involves pinpointing specific sections within a text that

match particular types of information, such as claims or sentiments. Our research
delved into under-explored languages, addressing the need to enhance NLP re-
sources and tools for these languages. By incorporating Hindi and CodeMixa
blend of English and other languages frequently used in informal communication
in Indiawe aimed to develop models that are more inclusive and adept at under-
standing a broader spectrum of linguistic nuances.

Sentiment span identification entails identifying parts of the text that convey
emotions or opinions, which is particularly valuable for sentiment analysis in areas

like customer feedback, social media monitoring, and market research.

6.2.1 Problem Statement

As previously mentioned, the rise of social media has highlighted the need
for claim span identification. Similarly, businesses now also require Sentiment

Span Identification. With countless tweets posted every second, it’s challenging
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to determine whether the sentiment of a tweet will positively impact a brand
by going viral or harm profits due to its negative tone. Accurately capturing
sentiment in language is crucial in an era where decisions and reactions are made
rapidly. However, identifying the specific words that convey this sentiment is a
complex issue.

Businesses need to understand which parts of a tweet contribute to its overall
sentiment to respond appropriately and protect their brand’s reputation. Positive
sentiments can enhance brand image and increase engagement, while negative
sentiments can lead to crises that require swift management. The challenge lies in
pinpointing the exact words or phrases within tweets that drive these sentiments.

To address this, machine learning tools can be employed to analyze large vol-
umes of social media data. These tools can help identify the specific words or
phrases that indicate a positive, negative, or neutral sentiment. By doing so, com-
panies can gain deeper insights into public perception and tailor their responses
more effectively. Developing robust algorithms for sentiment span identification
not only aids in understanding social media dynamics but also empowers busi-

nesses to make informed decisions in real time.

6.2.2 Proposed Approach

For this task, we will employ SpanBERTY, a specialized version of BERT de-
signed for span prediction, as our transformer model. After gathering our dataset
and dividing it into training and testing sets, we proceed with tokenizing the text.
To tackle the problem, we can frame the tweet as the context, the sentiment as
the question, and the selected portion of the tweet as the answer. We then create
an object for the input data, which involves tokenizing both the text and the se-
lected text, identifying the indices of the selected text within the main text, and
preparing the data for input into SpanBERT. We apply the same process to the
test dataset. Next, we build the model using the SpanBERT transformer, adding
additional layers on top. The model outputs the start and end indices of the

sentiment span.

6.2.3 Implementation

6.2.3.1 Data Preprocessing

We have observed that for neutral tweets, the “selected text” usually corre-
sponds to the entire tweet. Based on this observation, we will proceed with the

assumption that for neutral tweets, the selected text is always the entire tweet.

Thttps://github.com/facebookresearch/SpanBERT
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Therefore, we will focus on predicting the selected text only for tweets with posi-
tive or negative sentiments. This approach simplifies the task by narrowing down

the scope of predictions to just those tweets that express a clear sentiment.

6.2.3.2 Tokenization

We'll break down the text into tokens, effectively converting it into a se-
quence of numerical representations. This process, known as tokenization, assigns
a unique numerical value to each token, enabling the text to be processed by ma-
chine learning algorithms. For this task, we will use the tokenizer provided by

SpanBERT, utilizing the BertTokenizerFast’s pretrained function.

6.2.3.3 Input Preparation

We took our inspiration from the example provided on the Keras website? that
deals with the SQUAD dataset, which is renowned for text extraction tasks. In this
dataset, each instance contains a "context" (typically a paragraph), a "question,"
and an "answer" (a segment of text extracted from the context). In this scenario,
the tweet can be regarded as the context, the sentiment as the question, and
the selected text of the tweet as the answer. An object is instantiated to handle
the input data, which involves tokenizing both the text and the selected text,
identifying the indices of the selected text within the text, and preparing the data
for input into the model. The same process is applied to the testing data, which

comprises only the text and the sentiment of the tweet.

6.2.3.4 Creating and Training the Model

The process begins by loading a pre-trained SpanBERT model from a specified
directory. It defines three types of input data: tokenized text, token types, and
attention masks, each with a predefined shape. These inputs are processed by the
SpanBERT model to produce embeddings, which are rich numerical representa-
tions of the input data. The embeddings are further processed to predict the start
and end positions of an answer within the text. This involves applying dropout for
regularization, followed by convolutional layers and activation functions to convert
the embeddings into logits, which are raw prediction scores. The logits are then
flattened and transformed into probability distributions using the softmax activa-
tion function, providing the probabilities of each position being the start or end of
the answer. Figure 62 gives a brief overview of our model architecture. A Keras
model is then created with these inputs and outputs. The model is compiled using

a Sparse Categorical Crossentropy loss function and the Adam optimizer with a

Zhttps://keras.io/examples/nlp/text__extraction_with_ bert/
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learning rate of be-5, preparing it for training. Table B23 displays the parameters

chosen for this task.

Input Layer Input Layer Input Layer

(input_ids) (token_type_ids) (attention_mask)
TF BERT Model
(Encoder Layer)
‘ Dropout Layer ‘ Dropout Layer
¥ ¥
‘ Conui D) Layer ‘ ConuiD Layer
) ¥ § ) v .
LeakyReLU Layer ‘ LeakyReLU Layer ‘
¥ ¥
‘ Conui D) Layer ‘ ConuiD Layer
¥ ) v
‘ Dense Layer ‘ ‘ Dense Layer ‘
) ¥ : } ¥ .
‘ Flatten Layer ‘ Flatten Layer
) ¥ § ) v .
‘ Activation Layer ‘ Activation Layer
¥ § ; ¥

‘ Start Index ‘ ‘ End Index ‘

Figure 6.2: Architecture of Sentiment Span Identification Model

6.2.3.5 Fitting the Model

Next, the model undergoes training using the processed input and output data
through the fit() function. Training spans across 5 epochs, with a batch size set
to 8. Throughout the training process, validation data and labels are employed
for validation purposes, ensuring the model’s performance is assessed and refined

as it learns. Table B23 shows the details of hyper-parameters used during training.
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Table 6.3: Parameters used to train the model.

Parameters Value
Dropout 0.3
Loss function | SparseCategorical Crossentropy
Optimizer Adam
Learning rate be-H
Epoch D
Batch size 8

6.2.3.6 Prediction using the Model

Every Tweet object includes the character-level offsets for every token within
its input text. We utilize these offsets to retrieve the text span that aligns with the
tokens positioned between our predicted start and end tokens. Additionally, all the
actual answers are available within each Tweet object. We compute the percentage
of data points where the text span derived from model predictions aligns with one

of the actual answers, serving as a measure of the model’s accuracy.

6.2.4 Experimental Results and Error Analysis

Following each epoch, we assessed the exact match score. Upon completing 5
epochs, our model achieved an accuracy of 0.55. The exact match scores for each

epoch are detailed in Table 64 for reference.

Epoch | Exact Match Score
1 0.11
2 0.27
3 0.39
4 0.57
5 0.55

Table 6.4: Exact match score of Sentiment Span Identification Model

Table B3 illustrates several instances where our model made incorrect pre-
dictions. This analysis provides insights into the limitations of our model. In
the Sentence S7, our model’s prediction was partially incorrect, which is under-
standable given the difficulty of accurately predicting such cases where only a few
words differ. Similarly, in the Sentence S5, our model predicted one or two extra
words as part of the span, demonstrating a common challenge in prediction tasks.
Interestingly, the Sentence S; was a neutral sentence, where most instances in
our dataset have the entire sentence as the span. However, our model may have

misinterpreted it as a negative sentence and made predictions accordingly.
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ID Original Sentence Original Span Predicted Span
Sy I really really like the song | really like like
Love Story by Taylor Swift
Sy i want to go to music | lost lost my voice
tonight but i lost my voice.
Ss3 oh Marly, I'm so sorry!! I | oh Marly, I'm so sorry!! I | so sorry
hope you find her soon!! <3 | hope you find her soon!! <3
<3 <3

Table 6.5: Error Analysis of Sentiment Span Identification Task

6.2.5 Discussion

In the sentiment span identification task, our model demonstrated a moderate
level of accuracy, with an exact match score of 0.55 after five epochs. Despite this,
several shortcomings were observed. The model struggled with partial matches,
often predicting slightly more or fewer words than the actual sentiment span,
particularly in complex sentences where the sentiment is not clearly delineated.
Additionally, the model occasionally misclassified neutral sentences, indicating a
possible or negative bias or limitation in distinguishing between sentiment types.
These errors highlight the need for a larger and more diverse dataset to better
train and validate the model.

Future work should focus on expanding the dataset to include a wider range of
sentence structures and sentiment expressions. Incorporating more advanced mod-
els, such as GPT or BERT-large, could also enhance performance. Furthermore,
extensive hyperparameter tuning and exploring different preprocessing techniques
could help refine the models accuracy. Applying the model to other types of text,
such as news articles or online blogs, could also test its versatility and improve
its robustness across various contexts. Addressing these areas will be crucial for

developing a more accurate and reliable sentiment span identification system.
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CHAPTER 7

Conclusion

I n this thesis, we have delved into three critical areas of Natural Language Pro-
cessing (NLP): Claim Detection, Multi-task Learning, and Span Identification.
Our comprehensive exploration and experimentation demonstrate the considerable
potential of machine learning (ML) and deep learning (DL) techniques in tackling
the unique challenges posed by multilingual, informal, and dynamic social media

content.

Social media, with its evolving and diverse nature, necessitates robust and
adaptable NLP models. Our research underscores the importance of these models
in maintaining the relevance and accuracy of claim-related tasks, which are crucial
for various business applications. Specifically, we addressed claim checkworthiness
and classification, recognizing that a single tweet can encompass multiple types of
claims. To this end, we developed a multi-label classifier capable of handling such
complexity effectively.

In the realm of Multi-task Learning, our work extends beyond the prevalent
focus on homogeneous task environments. By exploring multi-task learning with
dissimilar tasks, we identified the challenges and potential solutions, such as the
long-head approach and layer fusion, to enhance performance. This exploration is
vital as it broadens the understanding and applicability of multi-task learning in
more varied and realistic settings.

For Span Identification, our research ventured into less-explored languages like
Hindi and CodeMix, alongside English, with a particular focus on the Indian
context. We tackled both claim and sentiment span identification, reflecting their
growing significance in business applications. This multilingual and multi-context
approach highlights the necessity for NLP models that can operate effectively
across different languages and cultural contexts.

Throughout our research, we employed a variety of evaluation metrics, includ-
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ing accuracy, precision, recall, Fl-score, and confusion matrices, to thoroughly
assess the performance of our models. These metrics provided a comprehensive
understanding of the strengths and areas for improvement in our approaches.

In conclusion, our thesis contributes to the field of NLP by addressing signif-
icant gaps and challenges in claim detection, multi-task learning, and span iden-
tification. As social media continues to evolve, the development of adaptable and
robust NLP models remains crucial. Our findings not only advance the current
state of research but also lay the groundwork for future studies aimed at enhancing

the capabilities of NLP systems in increasingly complex and diverse environments.

7.1 Future Work

While this thesis makes significant contributions to the field of Natural Lan-
guage Processing in multilingual social media text, there are numerous opportu-

nities for future research and enhancement:

e Multimodal Integration: Expand the research to include image and video
data from tweets, as these modalities can provide additional context and

valuable information for various NLP tasks.

o Cross-language Models: Develop models that can handle claim detec-
tion, multi-task learning, and span identification across multiple languages

without requiring language-specific training.

» Real-time Processing: Modify the models to enable real-time claim de-
tection or span identification, addressing the dynamic nature of social media

and the necessity for swift responses to emerging claims.

« Detailed Classification: Investigate fine-grained claim detection to differ-
entiate between various types of claims, such as factual, opinion-based, and

controversial statements.

o User and Contextual Analysis: Incorporate user profiles and contextual
information to enhance classification accuracy by considering user credibility

and historical tweet behavior.

o Ethical and Bias Assessment: Assess the ethical implications and poten-
tial biases in automated task completion, and develop strategies to mitigate

biases and ensure fairness.

e Scalability and Generalizability: Test the scalability of the models to
manage large-scale social media data and generalize the approaches to other

languages and platforms.
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Class Imbalance Resolution: Implement strategies to address and rectify
the class imbalances within the dataset used for multi-task learning, ensuring

a more balanced representation of different classes.

Transformer-based Architectures: In future work, we want to investi-
gate and incorporate transformer-based architectures to leverage their ad-
vanced capabilities for improved performance in multi-task learning scenar-

10s.

Dataset Expansion and Additional Tasks: Increase the size and diver-
sity of the dataset to enhance the model’s ability to generalize and perform
effectively across a wider range of inputs. Introduce new, similar classifica-
tion tasks to the model, broadening its scope and improving its versatility

in handling various types of data.

Diversified Training Data: Expand the training data beyond social media
to include other types of texts, such as news articles and online blogs, to

enhance the model’s applicability and robustness across different domains.
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