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Abstract
Extraction of events has been an important task in the field of Natural Lan-

guage Processing. However, in the recent years establishing and studying of re-
lationships between events has garnered wide importance. One such relationship
between events is the cause-and-effect relationship which is present in major Socio-
Political, Biomedical, Legal and Financial events and holds great importance.
Hence detailed research on the causality between events has become so signifi-
cant. Utilizing the Causal News Corpus (CNC) dataset, this thesis delves into the
analysis of Socio-Political events worldwide, aiming to extract cause-effect spans
to enhance our understanding of event causality. Leveraging the capabilities of
Gen-AI (Llama-2), new data was generated and integrated into the CNC dataset,
leading to a notable improvement in performance metrics. Specifically, the F1
Score for test data increased from 46% to 56% when employing the BERT model.
Furthermore, to broaden the scope of the research, a comprehensive Causal News
Corpus Bengali (CNCB) dataset was curated, encompassing news articles covering
events from diverse geographical regions. This dataset, spanning over 100 news
articles and consisting of 245 cause-effect relationships across 5 primary categories,
serves as a valuable resource for studying event causality in Bengali. Additionally,
by extracting the causes and effects from the CNCB dataset, a question answering
dataset was also created called the CNCB-QA dataset, containing 355 questions
in total—187 questions for the cause extraction subtask and 168 questions for the
effect extraction subtask, respectively. Remarkable results were achieved through
token classification and question answering tasks utilizing BERT as the underly-
ing model, with an F1 score of 82.3% for token classification and 100% similarity
score for the question answering task, highlighting the efficacy of the approach
in extracting cause-effect spans. Overall, this research contributes to the growing
field of event causality extraction, offering insights into the intricate relationships
between events. The findings underscore the importance of causality studies in
advancing our understanding of global phenomena and inform decision-making
processes in various domains.
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CHAPTER 1

Introduction

Event extraction is a natural language processing task that involves automat-
ically identifying and extracting specific events and their relevant details from
unstructured text. The process aims to recognize and extract essential informa-
tion about events, such as the type of event, its participants, time, and location,
transforming textual data into a structured format that can be analyzed more
effectively.

On the other hand, Event causality delves into understanding the causal re-
lationships between different events or entities mentioned in the text. It aims to
identify cause-and-effect associations, revealing the underlying connections and
dependencies among events. Event causality analysis helps unravel the reasons
behind specific occurrences and sheds light on how different events are intercon-
nected, providing valuable insights into the sequence and impact of events.

1.1 Event Extraction

An event is a specific occurrence of something that happens in a certain time
and a certain place involving one or more participants, which can frequently be
described as a change of state [1].

The aim of event extraction is to identify event instances within texts and
determine the event components which are listed below:

• Event mention: An Event mention usually is a phrase or sentence that
describes an event in which a trigger and corresponding arguments are in-
cluded.

• Event trigger: It usually is a verb or a noun that most clearly expresses
the core meaning of an event.

1



Chapter 1: Introduction

Figure 1.1: An example of two events in one sentence: Die and Attack. The upper
arcs link event triggers to their corresponding arguments, with argument roles on
the arcs. The lower side demonstrates the syntactic parser results.

• Event argument: Event arguments are the main attributes of events. They
are usually entity mentions describing the event state change, involving who,
what, when, where, and how.

• Argument role: An argument role is a function or position that an event
argument performs in the relationship between the event argument and the
trigger.

While event types may have varying arguments, the fundamental purpose of
event extraction is to transform unstructured natural language into structured
representations of events. This process helps answer the “5W1H” questions, which
include “who, when, where, what, why,” and “how,” providing insights into real-
world events from various textual sources such as news articles and social media
posts. An example of event extraction is shown in Figure 1.1.

Event extraction plays an important role in various natural language processing
applications. For example, Structured events obtained through event extraction
serve as valuable additions to knowledge bases, enabling logical reasoning and
inference. For governments, event detection and monitoring play a crucial role
in public affairs management. By promptly identifying and understanding the
developments of significant social events, authorities can respond efficiently and
effectively.

In the business and financial sector, it aids companies in swiftly gauging mar-
ket responses to their products and deriving signals for risk analysis and trading
recommendations. In the biomedical domain, event extraction is employed to
identify changes in bio-molecule states (e.g., genes and proteins) or interactions
between bio-molecules, as described in scientific literature. This understanding of
physiological and pathogenesis mechanisms proves invaluable. Overall, event ex-
traction techniques and systems offer substantial benefits across multiple domains
[2].
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Chapter 1: Introduction

1.2 Causality Extraction

Events are often linked to temporal expressions, and their temporal attributes
can be used to establish temporal relationships between events. This information
is valuable for organizing event sequences in timelines, improving the presentation
of news or historical texts [3].

A significant relationship between events is causality. Identifying causal rela-
tions between events is vital for predicting the occurrence of future events and
can have substantial benefits in risk analysis and decision-making support. Listed
below are the Five Tests for Causality given by Tan et al., 2022b [4] that helps
in determining and extracting causal events from texts.

1. Why: The example is not causal if the reader is unable to construct a “Why”
question regarding the Effect.

2. Temporal order: The example is not causal if the Cause does not precede
the Effect in time.

3. Counterfactual: The example is not causal if the Effect is equally likely
to occur or not occur without the Cause.

4. Ontological asymmetry: The example is not causal if the reader can
readily swap the Cause and Effect claims in place.

5. Linguistic: The example is likely to be causal if it can be rephrased into
“X causes Y” or “Due to X, Y.”

Causality has been studied extensively in a wide range of disciplines, includ-
ing Psychology, Linguistics, Philosophy and Computer Science. Causality mining
(CM) in informal, ambiguous, heterogeneous, and domain-independent datasets
has been a key topic in natural language processing (NLP) for decades, and it
plays an important role in many related NLP applications including Question
Answering , Event-Prediction, Scenarios Generation, Medical Text Decision, Ma-
chine Reading and Comprehension, Process Extraction [5]. The causality of events
or the cause-effect relationship that exists between events holds three important
properties which are as follows:

• Temporal Sequence: Cause and Effect events occur in a temporal se-
quence, where the cause precedes the effect in time.

• Transitivity: If A is the cause of B and B is the cause of C, then A indirectly
causes C.

3
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Figure 1.2: An instance of event causality extraction. The cause event is marked in
yellow and the effect event is marked in green. The cause-effect interactions include
intra- and inter-event interactions. Solid lines indicate intra-event interactions
between the event type and the corresponding arguments, while the dashed line
indicates inter-event interaction between the cause-effect event.

• Asymmetry: Cause and Effect relationships are asymmetric, meaning that
the cause influences the effect but not vice versa.

The relation between event extraction and event causality is symbiotic. Event
extraction provides the foundation for event causality analysis by identifying the
events and their attributes that serve as the basis for establishing causal relation-
ships. Event causality analysis, in turn, enriches event extraction by adding a layer
of meaning to the extracted events. By combining these two processes, researchers
can gain a deeper understanding of the complex narratives hidden within textual
data. The integrated approach enhances our ability to construct comprehensive
knowledge bases, enrich information repositories, and derive valuable insights from
vast amounts of unstructured text data. Ultimately, the synergy between event
extraction and event causality contributes significantly to advancing natural lan-
guage understanding and knowledge discovery.

Causality extraction finds extensive applications across various domains. In
finance and economics, causality extraction helps analysts and investors under-
stand the relationships between different financial events and market movements.
By extracting causal relationships from news articles, reports, and financial data,
analysts can make more informed investment decisions and predict market trends
with greater accuracy. This application is particularly valuable in high-frequency
trading and algorithmic trading systems, where real-time insights into causal re-
lationships can lead to competitive advantages.

In the healthcare domain, causality extraction plays a crucial role in pharmacy

4



Chapter 1: Introduction

co-vigilance and drug safety monitoring. By analyzing medical literature, patient
records, and adverse event reports, researchers can extract causal links between
drug interactions, side effects, and patient outcomes. This information is vital for
identifying potential safety concerns, updating drug labels, and improving patient
care by avoiding harmful drug combinations or dosages. Causality extraction also
aids in post-marketing surveillance of pharmaceutical products, contributing to
overall public health and drug regulatory efforts.

5



CHAPTER 2

Literature Survey

The task of causality extraction (CE) involves developing systems to identify
cause-effect relationships between events in text. There are three main groups
of approaches used in CE: knowledge-based, statistical machine learning based,
and deep learning based methods. The study of CE can also be classified based
on different representation patterns: explicit or implicit causality, intra-sentential
or inter-sentential causality. Explicit causality involves clear cause-effect relation-
ships connected by explicit causal connectives like words such as “so,” “hence,”
“therefore,” and phrases like “because of” or “on account of.” Causative verbs (e.g.,
break, kill), resultative phrases, conditionals (i.e., if...then...), and causative ad-
verbs and adjectives also indicate explicit causality. Implicit causality, on the other
hand, lacks explicit causal cues, requiring readers to use background knowledge for
analysis and reasoning to identify causality in the text. In intra-sentential causal-
ity, both the cause and effect are within a single sentence, while in inter-sentential
causality, the cause and effect are present in different sentences. Many texts con-
tain implicit and/or inter-sentential causality, which is more complex than the
basic forms of causality.

This literature survey explores various approaches, techniques, and challenges
in this domain, aiming to provide insights into the current state-of-the-art methods
and future research directions.

2.1 Traditional Knowledge Based Methods

Knowledge-based causal extraction (CE) systems can be categorized into pat-
tern based and rule-based approaches. Pattern-based systems use pre-defined
graphical patterns or keywords to express linguistic patterns, and they can also
explore patterns through sentence structure analyses for better performance and
of implicit causality relations. On the other hand, rule-based systems may rely on

6



Chapter 2: Literature Survey

Figure 2.1: Taxonomy of Causal Extraction techniques

patterns or templates like pattern-based approaches, but others utilize heuristic
algorithms on sentence syntactic structures.

Patterns are used to identify explicitly expressed causal relations within single
sentences. COATIS, developed by Garcia et al. [6] extracts causality from French
texts through lexico-syntactic patterns based on explicit causal verbs, achieving
85.2% precision.

Radinsky et al. [7] propose a rule-based Pundit algorithm for generating causal-
ity pairs from news articles, achieving higher automation but with limited recall.

Ittoo and Bouma [8] present a minimally supervised method for identifying
three types of implicit causality iteratively. They define causal patterns, including
resultative verbal patterns with verbs like increase, reduce, kill, become; insepa-
rable cause-effect patterns; and nonverbal patterns like rise and due to, which are
acquired from Wikipedia. Their experimental study in the Product Development
Customer Service domain achieves an 85.0% F-score, comparable to state-of-the-
art systems.

In another study, Kang et al. [9] focus on extracting adverse drug effects from
the ADE corpus using a concept identification module and a knowledge-based
module that checks for relationships between concepts. The system combines a
rule-based NLP module with a dictionary-based concept recognition and normal-
ization tool called Peregrine for recognizing relevant concepts.

In their approach, Khoo et al. [10] utilize four types of causative links and
2082 causative verbs to construct verbal linguistic causal extraction (CE) pat-
terns. Their computer program can identify causal relations within a sentence
and between adjacent sentences by matching these linguistic patterns. However,
the system achieves an accuracy of 68.0% on a set of 1082 sentences from the WSJ
newspaper, with errors attributed to complex sentence structures and the lack of

7
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inferencing capability from world knowledge.

2.2 Statistical Machine Learning Based Methods

Statistical machine learning-based approaches in causal extraction require fewer
manual pre-defined patterns compared to knowledge-based approaches. These
methods make use of third-party natural language processing (NLP) tools like
Spacy, Stanford CoreNLP or Stanza to generate a set of features from labelled
data. After extracting the relevant features, machine learning algorithms such
as support vector machine (SVM), maximum entropy (ME), naïve Bayes (NB),
and logistic regression (LG) are employed for classification tasks. These statistical
machine learning techniques offer a detailed and effective approach for causality
detection and identification rather than causality extraction.

Various models for detecting causal relations have been proposed. Girju’s
[11] model introduces a method for the automatic detection and extraction of
causal relations through pattern matching. It also presents an inductive learning
approach to discover lexical and semantic constraints that help disambiguate these
causal relations. A classification system for causal questions was developed and
tested on a QA system to evaluate the effectiveness of this approach.

Blanco et al. [12] presents a supervised method for detecting and extracting
causal relations from open domain text. It begins with an overview of causation,
its relation to other semantic relations, and how causation is encoded. The focus
is on marked and explicit causations. The approach involves identifying syntactic
patterns that may indicate causation and then using machine learning techniques
to confirm if a pattern instance encodes causation. The primary patterns examined
are a verb phrase followed by a relator and a clause, and its reverse. Relators
include the words “as”, “after”, “because” and “since.” The paper details the lexical,
syntactic, and semantic features used for classification, provides their rationale and
examples, and discusses the results and error analysis. This approach achieves a
high F-score of 91.3% on a question classification dataset.

Pakray and Gelbukh [13], introduces a supervised method for detecting causal
relations from text, leveraging dependency relations, WordNet features, and Parts-
of-Speech (POS) features. Using the SemEval-2010 Task 8 datasets, with 7954
training instances and 2707 testing instances, the method employs the decision
tree algorithm to identify semantic causal relations between nominal pairs. The
approach achieved an overall F1 score of 85.8% for detecting causal instances.

Sorgente et al. [14] presents a hybrid approach for discovering causal relations
from text, combining rule-based methods and machine learning techniques. Ini-
tially, logical rules identify plausible cause-effect pairs based on word dependencies.

8
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Bayesian inference is then used to filter out ambiguous pairs. The approach was
evaluated using the SemEval-2010 Task 8 dataset, demonstrating the effectiveness
of the rule-based extraction and the improvements from the filtering process.

Zhao et al. [15] introduces a new Restricted Hidden Naive Bayes model for
extracting causality from texts. In addition to common features such as contex-
tual, syntactic, and positional features, the model uses a novel category feature
for causal connectives derived from the tree kernel similarity of sentences con-
taining these connectives. Unlike previous studies that often assume feature in-
dependence, this model addresses partial interactions among features to prevent
overfitting, particularly the interaction between connective categories and syntac-
tic structures. Evaluation on the SemEval-2010 Task 8 corpus demonstrates that
this method surpasses all existing baselines.

Hidey and McKeown [16] address the shortage of causal connectives by using
PDTB 2.0 AltLex connectives as seed data to identify new alternative lexicaliza-
tions from parallel corpora. They train an SVM classifier with parallel connectives
and lexico-semantic features, achieving an F-score of 75.3%, an 11.1% improve-
ment over the baseline on the AltLex corpus. Airola et al. [17] use a dependency
path kernel to extract protein-protein interactions from BioInfer, achieving success
with kernel-based machine learning. Keskes et al. [18] propose a ME model for-
learning causality in Arabic, achieving an F-score of 78.1% and accuracy of 80.6%
with eight linguistic features. Pechsiri et al. [19] use verb-pair rules, NB, and SVM
to mine implicit causality from Thai texts, obtaining precision and recall metrics
of 86.0% and 70.0%, respectively. Gurulingappa and colleagues [20] train a ME
model with simple features to signal the availability of the ADE corpus, serving
as baseline performance values for other systems.

Marcu and Echihabi [21] use lexical pair probability to discern causality in
inter-sentential forms. They identify candidate sentence pairs using keywords
“Because of” and “Thus” and explore causal lexical pairs with pre-collected explicit
causality nouns, verbs, and adverbs.

Oh et al. [22] develop a Japanese why-QA system that identifies cue phrases
for causality using regular expressions with explicit keywords, then extracts three
sentences as one causality candidate for each cue phrase. They use semantic and
syntactic features with a conditional random field (CRF) model to generate cause-
effect labels for each word.

Qian and Zhou [23] propose two ME models to extract chemical-induced disease
(CID) relations from biomedical articles at both intra- and inter-sentential levels.
They use heuristic rules to construct training and test instances at the inter-
sentence level and employ an ME classifier with lexical features to extract this
relationship from a collection of 1500 medical articles.

9
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2.3 Deep Learning Based Methods

Neural networks (NNs) are fundamental algorithms in deep learning (DL) that
mimic the human neural system. They consist of three types of layers: input,
hidden, and output. Neurons in each layer receive input from previous neurons
and produce output for subsequent neurons. When an NN learns multiple levels of
representation through multiple hidden layers, it becomes a “deep” neural network,
and this process is called “deep learning.”

Compared to knowledge-based and statistical machine learning models, deep
learning models transform words and features into low-dimensional dense vec-
tors, which helps mitigate the feature sparsity problem. Additionally, the use of
attention mechanisms allows these models to focus on relevant aspects while ig-
noring others, making deep learning models more effective. Since deep learning
can automatically deduce higher-level information from input vectors and make
adjustments to the expected results, these systems are able to focus more on the
choice of input features and model architecture, rather than on the preparation of
linguistic information. Deep learning-based systems thus have better portability
to different applications. However,they require access to larger corpora and more
substantial computational resources than the other two techniques. As illustrated
in Fig. 2.2, stated in the survey by Yang et al. [24] specific needs and other contex-
tual aspects should be taken into consideration in order to choose an appropriate
method for causality extraction.

Common deep learning models include convolutional neural networks (CNNs)
and recurrent neural networks (RNNs). Variants of RNNs such as long short-
term memory (LSTM) and gated recurrent units (GRU) are also widely used.
Unsupervised pretraining language models (PTMs) like BERT have significantly
improved performance on various natural language processing (NLP) tasks by
providing contextualized embeddings for each token.

CNNs and RNNs are sequential-based models, capturing semantic and syn-
tactic information in local consecutive word sequences. In contrast, graph-based
models such as graph convolutional networks (GCNs) and graph attention net-
works (GATs) model relationships between nodes in a graph, allowing them to
handle more complex structures. In the following paragraphs, the text discusses
how deep learning architectures have been applied to solve the Causality Extrac-
tion problem in NLP.

The below mentioned studies are dedicated to utilizing different deep learning
models to extract causality. Xu et al. [25] introduces SDP-LSTM, an innova-
tive neural network for relation classification in NLP, which leverages the short-
est dependency path (SDP) between entities and utilizes multi-channel recurrent

10
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neural networks with LSTM units to gather diverse information along the SDP.
Key features include the retention of relevant information through SDP, effective
information integration from various sources via multi-channel LSTMs, and a cus-
tomized dropout strategy to mitigate overfitting. Tested on the SemEval 2010
relation classification task, SDP-LSTM achieved an impressive F1-score of 83.7%,
surpassing existing methods.

Li et al. [26] redefines causality extraction as a sequence labeling task us-
ing a novel tagging scheme and introduces SCITE (Self-attentive BiLSTM-CRF
wIth Transferred Embeddings). SCITE, which utilizes the BiLSTM-CRF model,
directly extracts causes and effects without the need to separately identify can-
didate causal pairs and their relationships. To mitigate data insufficiency, the
model incorporates Flair embeddings trained on a large corpus. Additionally, a
multihead self-attention mechanism is integrated to enhance the learning of depen-
dencies between causal words. Evaluation on a public dataset shows that SCITE
significantly outperforms existing baseline methods.

Kyriakakis et al. [27] explore the application of pretraining language mod-
els (PTMs) like BERT and ELMO for causality extraction using bidirectional
GRU with self-attention (BIGRUATT) as the baseline. PTMs prove useful for
datasets with hundreds of training examples, and BIGRUATT reaches a perfor-
mance plateau with thousands of instances.

Martínez-Cámara et al. [28] propose an LSTM model that uses only word
embeddings as input, avoiding the use of linguistic features to represent causality.
The experimental results on the PDTB 2.0 AltLex corpus show a promising F-
score of 81.9%.

Joint models for entity and relation extraction from the ADE corpus are pro-
posed by Li et al. [29], Wang and Lu [30], Zhao et al. [31].

Li et al. [29] proposed a neural joint model that simultaneously extracts
biomedical entities and their relations. Evaluated on two tasks—extracting ad-
verse drug events between drug and disease entities, and extracting resident rela-
tions between bacteria and location entities—the model significantly outperformed
state-of-the-art systems, improving F1 scores by 5.1% for entity recognition and
8.0% for relation extraction in the first task, and by 9.2% for relation extraction in
the second task. The results show that neural networks are effective for biomed-
ical entity and relation extraction, reducing the need for feature engineering and
facilitating biomedical text mining research.

Wang and Lu [30] proposed a novel approach with table-sequence encoders,
utilizing two distinct encoders—a table encoder and a sequence encoder—to sepa-
rately and effectively capture the different types of information required for NER
and relation extraction. Experimental results demonstrate that having two spe-
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Figure 2.2: The process to choose the appropriate technique for causality extrac-
tion

cialized encoders provides significant improvements over using a single encoder,
achieving better performance on several standard datasets.

Zhao et al. [31] construct a cross-modal attention network (CMAN) using
BiLSTM-enhanced self-attention (BSA) and BiLSTM enhanced label-attention
(BLA) units to obtain dense correlations over token and label spaces, achieving
state-of-the-art performance on ADE with an F-score of 81.1%.

Dasgupta et al. [32] extend the annotation of the SemEval 2010 Task 8 to the
phrase-level and propose a linguistically informed BiLSTM model that encodes
word embeddings with linguistic features. The misclassification of causal instances
as non-causal instances is attributed to the dependency parser’s failure to parse
the texts correctly, leading to improperly syntactic features.

In the recent times studying causality in socio-political events have gained
great importance. The study of causality in socio-political events may involve
both retrospective analysis and prospective forecasting. By identifying causal
relationships and underlying patterns, researchers can gain insights into the drivers
of past events and potentially anticipate future developments.

Kim et al. [33] employed a data augmentation technique utilizing Part-Of-
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Speech (POS) based on the observation that some parts of speech are more (or
less) relevant to causality. The approach which used the ELECTRA model as the
base model especially improved the recall of detecting causal events in sentences.

The majority of current systems for socio-political event detection rely on text-
based data, yet a growing volume of web content is multimodal. To address this
gap, Raj et al. [34] propose a method that utilizes annotated unimodal data to per-
form event detection in another modality, specifically in a zero-shot manner. Our
focus is on protest detection in both text and images, and we demonstrate that a
pretrained vision-and-language alignment model, such as CLIP, can be effectively
leveraged for this purpose. Our findings indicate that annotated protest text data
can complement the detection of protests in images, while substantial transfer-
ability is also demonstrated in the reverse direction. This approach demonstrates
promise for bridging the gap between text-based and multimodal event detection
systems.

Fajcik et al. [35] detect cause-effect-signal spans in a sentence using T5 a
pre-trained autoregressive language model. They iteratively identify all cause-
effect-signal span triplets, always conditioning the prediction of the next triplet
on the previously predicted ones. To predict the triplet itself, they consider dif-
ferent causal relationships such as cause→effect→signal. Each triplet component
is generated via a language model conditioned on the sentence, the previous parts
of the current triplet, and previously predicted triplets.

Trust et al. [36] aimed to detect causal relationships between event mentions
in text. While deep learning models have achieved state-of-the-art performance in
various NLP tasks, they often struggle to capture the rich semantic and syntac-
tic structures within sentences essential for causality classification. The proposed
solution leverages gated graph neural networks (GGNN) and contextualized lan-
guage embeddings to capture this crucial information.

Chen et al. [37] model the task as a reading comprehension (RC) problem
and apply a token-level RC-based span prediction paradigm to the task as the
baseline. They explore different training objectives to fine-tune the model, as
well as data augmentation (DA) tricks based on the language model (LM) for
performance improvement. Additionally, they propose an efficient beam-search
post-processing strategy to due with the drawbacks of span detection to obtain a
further performance gain.

Akdemir et al. [38] tackle the classification problem by framing it as an en-
tailment problem and employing zero-shot ranking on socio-political texts. This
approach allows for the top-ranked documents to be considered positively classi-
fied, thus reducing the close reading time needed for information extraction. We
utilize Transformer Language Models to obtain entailment probabilities and ex-
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plore various query types. Our experiments reveal that DeBERTa achieves higher
mean average precision scores than RoBERTa, and using the declarative form of
the class label as a query outperforms the dictionary definition of the class label.
We demonstrate that the close reading time can be reduced by selecting a certain
percentage of top-ranked documents, contingent on the desired recall level. How-
ever, our results also indicate that the percentage of documents requiring close
reading increases as the topic broadens.

Saha et al. [39] address the causal information extraction problem with differ-
ent neural models built on top of pre-trained transformer-based language models
for identifying Cause, Effect and Signal spans, from news data sets. They use the
Causal News Corpus subtask 2 training data set to train span-based and sequence
tagging models. The span-based model based on pre-trained BERT base weights
achieves an F1 score of 47.48% on the test set with an accuracy score of 36.87%.

Tan et al. [40] created Resource for Extracting Cause, Effect and Signal Spans
(RECESS), a comprehensive corpus annotated for causality at different levels,
including Cause, Effect, and Signal spans. The work also focuses on how causal
relations are related to causal question answering (QA). To adapt causal relations
for QA, one can create questions from the cause or effect and use the corresponding
argument as the answer. For example, asking “Why did <effect>?” with the cause
as the answer. Using this method, 4,514 Why-Questions were generated from
causal relations in the training set with two randomly selected templates.

The baseline model, t5-small, was trained on the train set and evaluated on the
development set of SQuAD. An improved version of this model was pre-trained
on the generated Why-Questions before following the same training schedule. In
the evaluation, 335 Why-Questions containing the words ‘reason’, ‘why’, ‘cause’,
or ‘resulted’ were identified. The baseline model scored 53.42 EM and 63.21 F1,
while the improved model scored higher with 55.52 EM and 65.61 F1 for Why-
Questions. This indicates that pre-training on RECESS, which focuses on causal
questions, enhances performance on Why-Questions in QA tasks.
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Datasets

Datasets play a crucial role in any research. Firstly, they serve as the founda-
tion for training and validating machine learning or deep learning models. More-
over, datasets enable researchers to explore hypotheses, test theories, and derive
insights from real-world data. They provide empirical evidence to support findings
and conclusions, enhancing the credibility and robustness of research outcomes.

For the purpose of event causality extraction, we used the Causal News Corpus
(CNC) dataset annotated with causal information in English. Also, to broaden
the scope of research, we curated a comprehensive CNC Bengali (CNCB) dataset
similar to the CNC dataset. The CNCB-QA dataset, derived from the CNCB
dataset, serves as a question answering dataset designed to extract cause-and-
effect spans through question-answering.

3.1 Causal News Corpus (CNC) Dataset

The corpus we used in our model training and evaluation is the CNC dataset
(Tan et al., 2022b) [4]. This dataset is built on the extraction of social-political
events from News (AESPEN) (Hürriyetoglu et al., 2020) [41] in 2020 and the
CASE 2021 workshop @ ACL-IJCNLP (Hürriyetoglu et al., 2021) [42]. Each
sample in the dataset is annotated with causal labels, that is, whether a sentence
contains a causal event. Furthermore, sentences are annotated with the span of
the specific Cause and Effect of a causal event, that imply the causality. The spans
are labelled by <ARG0> and <ARG1> annotations to represent the cause-and-
effect spans in the sentence, respectively. Note that it is possible to have multiple
annotations for the same sentence in the dataset if the sentence contains multiple
casual relationships of events.

The CNC dataset consists of 3767 sentences out of which 1982 sentences have
causal relations and the rest 1785 are non-causal. The 1982 sentences having causal
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Figure 3.1: Augmentation Process for CNC Dataset

CNC Dataset Statistic Train Dev Test Total

Original # Sentences 1624 185 173 1982
# Relations 2257 249 248 2754

Updated # Sentences 1444 185 180 1809
# Relations 2007 249 250 2506

Generated using LLaMa 2 # Sentences 56 0 0 56
# Relations 103 0 0 103

Augmented # Sentences 1500 185 180 1865
# Relations 2110 249 250 2609

Table 3.1: CNC Dataset Statistics

relations are divided into train, dev and test data with 1624, 185 and 173 sentences
respectively. However, the 173 sentences in the test data are not annotated. Hence
the 1809 causal sentences from the train and dev are integrated and divided into
three groups forming the train, dev and test datasets for our experiment.

The CNC dataset is further augmented with causal sentences generated from
the LLaMa 2 (Llama-2-7b-chat-hf) [43] language model. Cause and Effect spans
are extracted from the sentences of the CNC dataset which are the fed into the
LLaMa 2 language model along with a suitable prompt to generate new sentences
but with the same cause and effect spans. The generated sentences are then
augmented to the CNC dataset for further experiments. The entire process of data
augmentation is shown in Figure 3.1. 56 sentences with 103 causal relationships are
augmented to the above training dataset. The original, updated and augmented
CNC dataset statistics is shown in Table 3.1.
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3.2 Causal News Corpus Bengali (CNCB) Dataset

The Causal News Corpus Bengali (CNCB) dataset serves as a Bengali corpus
with the primary aim of investigating event causality extraction within Bengali
text. Despite the pivotal role of event causality detection in NLP, there is a
glaring scarcity of corpora available for Indian languages. Hence, a key objective
of this thesis is to develop a Bengali dataset, which could serve as a starting point
for exploring, identifying, and comprehending the basis of event causality across
Indian languages.

The CNCB dataset spanning over 100 news articles and consisting of 245 cause-
effect relationships across 5 primary categories, serves as a valuable resource for
studying event causality in Bengali. Similar to the CNC dataset, as shown in the
Figure 3.2, the CNCB dataset is annotated with the span indicating the specific
cause and effect of a causal event, aligning with one of the five major categories
of causality outlined below. The spans are labelled by <ARG0> and <ARG1>
annotations to represent the cause-and-effect spans in the sentence, respectively.
The detailed statistics of CNCB dataset is shown in Table 3.2.

The 5 major categories of cause-effect relationships between events are listed
below:

• Explicit - Single Cause and Single Effect which are present in the same
sentence having clear and direct relationship between two events where one
event directly influences or causes the occurrence of another event.

• Implicit - Single Cause and Single Effect which are not present in the same
sentence having indirect relationship between events where the cause-and-
effect link may not be immediately apparent or explicitly stated.

• Chained - A chain or sequence of events where each event (except the first
and the last event) serves as both the effect of the preceding event and the
cause of the subsequent one, forming a continuous chain of causation. The
first event is only a cause, the first cause that starts the entire chain of events
and the last event is only an effect, the final effect that concludes the chain
of causation.

• One Cause Multiple Effect (OCME) - An event which serves as a major
cause that triggers a list of potential outcomes or effects.

• Multiple Cause One Effect (MCOE) - A list of events each serving as
a potential cause leading to a singular effect.
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All Train Validation Test
No of Articles 100 80 10 10
Avg Sentences/ Article 3.68 3.93 2.5 2.8
Total Relations 245 214 17 14
Combined Relations 186 162 12 12
Total Exp Relations 93 84 5 4
Total Imp Relations 51 42 3 6
Total Chained Relations 12 9 2 1
Total OCME Relations 24 22 2 0
Total MCOE Relations 6 5 0 1

Table 3.2: CNCB Dataset Statistics

Figure 3.2: Examples illustrating the 5 major causal categories in CNCB Dataset;
Causes in pink, Effects in green.

3.3 CNCB Question Answering (CNCB-QA) Dataset

The Causal News Corpus Bengali Question Answering (CNCB-QA) dataset is
an extension of the CNCB dataset created specifically for the extraction of cause-
and-effect spans through question answering. The creation of the dataset was
inspired from the works of Tan et al. [40] where the causality extraction task was
reduced to a QA task inorder to address the question, “How are causal relations
related to causal question answering (QA)?”

The dataset is divided into two parts QA for cause extraction and QA for
effect extraction. However, the combined CNCB-QA dataset can also be used for
Question Answering (QA) task in Bengali.

The CNCB-QA dataset is created by extracting the causes and effects from
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Sub-Task Total QA Train Validation Test
Effect Extraction 187 155 17 15
Cause Extraction 168 140 16 12
Total 355 295 33 27

Table 3.3: CNCB-QA Dataset Statistics

Figure 3.3: Examples illustrating the Context, Questions and Answers for the
Cause and Effect Extraction Sub-tasks in CNCB-QA Dataset.

the CNCB dataset and creating questions from the effect to extract the cause and
vice versa where the original article text serves as the context. An example of the
same is shown in Figure 3.3. There are 355 questions in total out of which 187
questions are for the effect extraction subtask and 168 questions are for the cause
extraction subtask. The statistics for the CNCB-QA dataset is shown in Table
3.3.
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Experiments and Results

In this study, we conducted experiments on three distinct datasets: the CNC
dataset, CNCB dataset, and CNCB-QA dataset, with the aim of extracting vari-
ous cause-and-effect events. Our experimental approach is centered on leveraging
the encoder-only transformer BERT model to grasp contextual information, sub-
sequently generating contextual embeddings for sequence tagging and question-
answering tasks, which are integral to our experiments.

4.1 Model Architecture

The model architecture consists mainly of the WordPiece tokenizer, and the
BERT model designed to understand the contextual relationships between words
in a sentence which in turn helps in the extraction of cause-effect spans.

4.1.1 WordPiece Tokenizer

The WordPiece tokenizer which serves as the foundation for the BERT Tok-
enizer [44] is used to tokenize raw text and preprocess it to convert it into a format
that can be fed into the BERT (Bidirectional Encoder Representations from Trans-
formers) model. An illustration depicting the working of the BERT Tokenizer is
shown in Figure 4.1. The major functions done by the BERT Tokenizer are listed
below:

1. Tokenize using the Wordpiece Tokenizer: The Wordpiece Tokenizer is
a subword tokenizer employed by BERT to segment words into smaller units
called subwords or tokens. This tokenizer divides input text into meaning-
ful subword units, enabling BERT to handle out-of-vocabulary words more
effectively. Each subword token is represented by its corresponding index in
the BERT vocabulary.
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Figure 4.1: Working of BERT Tokenizer

2. Adding special tokens: BERT requires special tokens to denote the be-
ginning ([CLS]) and separation ([SEP]) of sentences or text segments. [CLS]
is placed at the beginning of the input text, indicating the classification task,
while [SEP] is used to separate two sentences or text segments.

3. Add Padding: BERT requires inputs to be of fixed length. If the input
text is shorter than the maximum sequence length allowed by BERT, the
BERTTokenizer adds padding tokens (usually represented by the index 0)
to make all input sequences of equal length. Padding ensures uniformity in
input dimensions across different samples, facilitating batch processing.

4. Encoding: After tokenization and padding, the BERTTokenizer converts
the tokens into numerical representations. Each token is mapped to its
corresponding index in the BERT model’s vocabulary. This process turns
the input text into a sequence of integers that can be fed into the BERT
model for further processing.

5. Add Attention Mask: The attention mask decides which tokens are to
be considered and which are not to be considered by the attention layer in
the BERT model: The attention mechanism in BERT attends to different
parts of the input sequence to capture contextual information effectively.
The attention mask is a binary mask indicating which tokens are actual
input tokens (1) and which are padding tokens (0). By masking padding
tokens, the attention layer focuses only on relevant tokens during processing,
improving computational efficiency and model performance.
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Figure 4.2: BERT Embedding Layer

4.1.2 BERT Architecture

BERT (Bidirectional Encoder Representations from Transformers) [45] is a
state-of-the-art natural language processing model developed by Google. It utilizes
a transformer architecture, which is a type of neural network architecture known
for its effectiveness in capturing long-range dependencies in sequential data like
text. Listed below are the components that make up the BERT architecture.

4.1.2.1 Embeddings

The first layer in the BERT model is the embedding layer, shown in Figure
4.2, which mainly consists of three types of embeddings that captures the semantic
and positional information of the input text.

1. Token Embedding: BERT takes input text and converts each token (word
or subword) into a high-dimensional vector representation. This token em-
bedding captures the semantic meaning of each word in the context of the
entire sentence.

2. Sentence Embedding: Sentence embedding in BERT is a crucial com-
ponent designed to help the model understand and differentiate between
multiple sentences or segments within a single input sequence.

3. Positional Embedding: Since transformers do not inherently understand
the order of tokens, BERT incorporates positional embedding to encode the
position of each token in the sequence. This positional information is crucial
for understanding the sequential nature of language.

4.1.2.2 Encoder

The Encoder is the main component of the BERT architecture responsible for
capturing the contextual information of the text with the help of the Attention
mechanism. Based on the BERT size layers of encoders are stacked on top of each
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Figure 4.3: BERT Architecture

other. Figure 4.3 gives a high level view of the BERT architecture. Listed below
are the components of the Encoder.

1. Multi-Head Self-Attention Mechanism: BERT employs a multi-head
self-attention mechanism in its encoder layers. Self-attention allows each
word in a sequence to attend to all other words, capturing dependencies
between words regardless of their distance within the sequence. By using
multiple attention heads, BERT can capture different aspects of inter-token
relationships simultaneously.

2. Position-wise Feed-Forward Networks: After the self-attention mech-
anism, BERT applies position-wise feed-forward networks to each token in-
dependently. These feed-forward networks consist of multiple layers of fully
connected neural networks, allowing BERT to model complex non-linear re-
lationships between tokens.

4.1.2.3 Residual Connections and Layer Normalization

The output of the Encoder needs to be normalized before feeding it to the
next encoder layer, since it plays a crucial role in maintaining the effectiveness
and stability of BERT architecture.

1. Residual Connections: BERT uses residual connections, also known as
skip connections, to connect the output of each layer to the input of the
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Figure 4.4: Residual Connections

subsequent layer. This helps in mitigating the vanishing gradient problem
during training, enabling the model to effectively learn from deep architec-
tures. Figure 4.4 shows examples of Residual Connections.

2. Layer Normalization: Layer normalization is applied after each sub-layer
in the transformer encoder. It normalizes the activations of each layer, mak-
ing the training process more stable and accelerating convergence. This
normalization step contributes to BERT’s ability to generalize well across
different tasks and datasets.

4.2 Evaluation

Metrics for evaluation are crucial in determining a predictive/learning model’s
potency and usefulness. These metrics are used to assess how well a system per-
forms in predicting the correct class label for an input in classification challenges.
Considering a situation with two classes, where one class is designated as “positive”
and the other as “negative.”

• True Positive (TP ) refers to the number of accurately categorized positive
samples.

• False Positive (FP ) refers to the number of negative samples that are
mistakenly labeled as positive.

• False Negative (FN) refers to those samples that are mistakenly labeled
as negative despite being positive.
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• True Negative (TN) refers to the number of accurately categorized negative
samples.

For the present work, the following performance metrics are used:
Precision: The proportion of accurate positive predictions amongst all pos-

itive predictions made by a model is known as its precision. It is determined
by dividing TP by the product of TP and FP . Mathematically, precision can be
represented as in Equation 4.1.

Precision =
TP

TP + FP

(4.1)

Recall: Recall is the percentage of actual positive events that the model cor-
rectly identifies. It is the proportion of TP to TP plus FN as shown in Equation 4.2.
A higher recall demonstrates that the model is better at identifying positive ex-
amples, whereas a lower recall raises the possibility that some positive cases may
have been missed by the model.

Recall =
TP

TP + FN

(4.2)

F1 Score: F1 Score is the harmonic mean of the two measures, Precision
and Recall, ensuring that both false positives and false negatives are considered
as shown in Equation 4.3. By combining these two, the F1 score provides a
single measure that balances the trade-off between precision and recall, making it
especially useful when the class distribution is imbalanced.

F1− Score =
2 ∗ TP

(2 ∗ TP + FN + FP )
(4.3)

4.3 Causality Extraction from CNC Dataset

We used a standard sequence tagging model that classifies each token in the
sentence with BIO-style tags. The input text is tokenized with Huggingface’s
BertTokenizer [44]. For an input sequence, each token is assigned one of the
following tags: {B-Cause, I-Cause, B-Effect, I-Effect, O}, where “B” stands for
“Beginning”, “I” for “Inside”, and “O” for “Outside”. Figure 4.6 shows such an
example with the BIO tags.

We experiment with BERT-large [45] as the encoder for the input sentence.
The BERT-large (bert-large-cased) model has 24 encoder layers with a token em-
bedding dimension of 1024. We used the cased version of BERT-large since it
preserves the original casing of entity names, helping the model differentiate be-
tween entities and other words in the text. This is particularly important when
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Figure 4.5: BERT for Token Classification Model Architecture

Figure 4.6: Examples showing input text labeled with ARG0 and ARG1 tags
converted to BIO labels for Cause-and-Effect spans.

entity names are proper nouns or acronyms, where capitalization carries semantic
significance.

The output from the BERT is the output[0] with dimensions (1, n, 1024), where
1 is the batch size, n is the sequence length, and each token has a corresponding
hidden state vector of size 1024. The output[0] is chosen as it includes the hidden
states of all tokens and provides token-level contextual information. The output
contextual embedding (output[0]) from the BERT model is fed to a 2-layer MLP
to classify each token into one of the 5 classes: [B-C, I-C, B-E, I-E, O] in the
sentence. Figure 4.5 gives a high-level view of the model architecture.

4.3.1 Experimental Setup

We used the simpletransformers API [46] to implement our system. We use
the train and development data during the model training phase. We fine-tuned
our model setting the maximum sequence length to 16, training batch size and
evaluation batch size to 8. The model was trained for 20 epochs. We configured
the AdamW optimizer [47] with a learning rate of 4e−5.
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4.3.2 Results

The results of the token classification model on the CNC dataset for the up-
dated and the augmented versions are presented in Table 4.1. From the results
obtained it can be seen that the Span Based Model by Saha et al. [39] performs
similar to the Updated CNC version but since the datasets are different so the
results are not comparable.

It can also be observed that the augmented version performs much better than
the non-augmented version thus validating that augmenting to a dataset does add
value since it introduces contextually relevant variations to the text.

Dev Set Test Set
Dataset Precision Recall F1 Score Precision Recall F1 Score
CNC [39] 0.57 0.72 0.63 0.58 0.44 0.47
Updated CNC 0.55 0.71 0.62 0.57 0.41 0.46
Augmented CNC 0.593 0.715 0.65 0.502 0.627 0.56

Table 4.1: Results on the CNC Dataset

4.4 Causality Extraction from CNCB Dataset

We used a standard sequence tagging model, like the CNC dataset, that clas-
sifies each token in the sentence with BIO-style tags. The input text is tokenized
with Huggingface’s BertTokenizer [44]. For an input sequence, each token is as-
signed one of the following tags: {B-Cause, I-Cause, B-Effect, I-Effect, O}, where
“B” stands for “Beginning”, “I” for “Inside”, and “O” for “Outside”. Figure 4.8 shows
such an example with the BIO tags in Bengali.

We experimented with the multilingual BERT (mBERT) [45] model as the
encoder for the input sentence. The mBERT (bert-base-multilingual-cased) model
has 12 encoder layers with a token embedding dimension of 768. We used the
multilingual version of BERT-base since it allows for processing and understanding
text in 104 languages including Bengali, which is the requirement in this case.

The output from the mBERT is the output[0] with dimensions (1, n, 768),
where 1 is the batch size, n is the sequence length, and each token has a corre-
sponding hidden state vector of size 768. The output[0] is chosen as it includes
the hidden states of all tokens and provides token-level contextual information.
The output contextual embedding (output[0]) from the mBERT model is fed to a
2-layer MLP to classify each token into one of the 5 classes: [B-C, I-C, B-E, I-E,
O] in the sentence. Figure 4.7 gives a high-level view of the model architecture.
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Figure 4.7: mBERT for Token Classification Model Architecture

Figure 4.8: Examples showing input text labeled with ARG0 and ARG1 tags
converted to BIO labels for Cause-and-Effect spans.

4.4.1 Experimental Setup

We used the simpletransformers API [46] to implement our system. We use
the train and development data during the model training phase. We fine-tuned
our model setting the maximum sequence length to 16, training batch size and
evaluation batch size to 8. The model was trained for {10, 20, 30} epochs. We
configured the AdamW optimizer [47] over a learning rate of {2e−5, 4e−5}.

4.4.2 Results

The result of the token classification model on the CNCB dataset is presented
in Table 4.2. From the results obtained it can be observed that the test set result
for 20 epochs for both the learning rates are similar and comparable. However,
the F1-score for the validation set differs by 0.052.
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Parameters Validation Set Test Set
No of Epochs L.R Precision Recall F1 Score Precision Recall F1 Score

10
2e−5

0.7 0.875 0.77 0.63 0.875 0.736
20 0.77 0.875 0.823 0.77 0.875 0.823
30 0.77 0.875 0.823 0.7 0.875 0.77
10

4e−5

0.7 0.87 0.77 0.5 0.75 0.6
20 0.875 0.875 0.875 0.7 0.875 0.823
30 0.77 0.875 0.823 0.77 0.875 0.823

Table 4.2: Results on the CNCB Dataset

4.5 Causality Extraction from CNCB-QA Dataset

We experiment with the CNCB-QA dataset to extract the causes and effects
from sentences through question answering. For that we divided the task into two
subtasks – the cause extraction subtask and the effect extraction subtasks which
are described below:

• Cause Extraction Sub-task – This sub-task aims at extracting the cause
of an event by framing the effect as a question and the cause is an answer
to the question. For Multiple Cause One Effect (MCOE) category, multiple
answers (causes) are possible for a single question (effect).

• Effect Extraction Sub-task – This sub-task aims at extracting the effect
of an event by framing the cause as a question and the effect is an answer
to the question. For One Cause Multiple Effect (OCME) category, multiple
answers (effects) are possible for a single question (cause).

We used the BERT for QA model which takes as input the question and the
context. The input is then tokenized with Huggingface’s BertTokenizer [44]. We
experimented with the multilingual BERT (mBERT) [45] model as the encoder
for the input. The mBERT (bert-base-multilingual-cased) model has 12 encoder
layers with a token embedding dimension of 768. We used the multilingual ver-
sion of BERT-base since it allows for processing and understanding text in 104
languages including Bengali, which is the requirement in this case.

Unlike the BERT for token classification model which takes output[0], we take
the output[1] with dimension (1,768), where 1 is the batch size and each token has
a corresponding hidden state vector of size 768. For question answering tasks, the
pooled output (outputs[1]) is often used as it provides a high-level representation
of the entire input sequence, which is beneficial for understanding the overall
context and locating the answer span. The pooled output contextual embedding
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Figure 4.9: mBERT for Question Answering Model Architecture

Figure 4.10: Flowchart for Predicted Answer Classification

(output[1]) from the mBERT model is fed to two different 2-layer MLP that gives
as output the answer starting index and the answer ending index. Figure 4.9 gives
a high-level view of the model architecture.

The starting and ending indices are used to locate and extract the predicted
answer from the context. Once the predicted answer is extracted it is compared
with the actual answer and if it is an exact match then it is classified as correct. If
the actual answer is a substring of the predicted answer or the predicted answer is
a substring of the actual answer then it is classified as similar else incorrect. This
process is illustrated through a flowchart in Figure 4.10.
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4.5.1 Experimental Setup

We used the simpletransformers API [46] to implement our system. We use
the train and development data during the model training phase. We fine-tuned
our model setting the maximum sequence length to 400, training batch size and
evaluation batch size to 8. The model was trained for 10 epochs. We configured
the AdamW optimizer [47] with a learning rate of 4e−5.

The training was done separately for the cause extraction and effect extraction
subtasks.

4.5.2 Results

The result of the question answering model on the CNCB-QA dataset is pre-
sented in Table 4.3. From the results obtained it can be observed that we achieved
a 100% similarity score for both validation and test dataset for both cause and
event extraction subtask.

Sub-Task Validation Set Test Set
Correct Similar Incorrect Correct Similar Incorrect

Effect Extraction 0 17 0 0 15 0
Cause Extraction 0 16 0 0 12 0

Table 4.3: Results on the CNCB-QA dataset
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Conclusions

This thesis work tries to understand and study the nature of events and how
they are temporally and causally related to each other. Cause and Effect relation-
ships or Causality between events has been studied philosophically at great length
however not much studying has been done for practical applications given that it
is very common to occur almost in every possible field of study such as biomedi-
cal, legal, financial, socio-political etc. In recent years, the study of causality has
gained great attention, particularly in practical realms, propelled by advancements
in Natural Language Processing (NLP).

5.1 Conclusions of the Present Work

The study aims at studying event causality majorly in the socio-political realm.
The Causal News Corpus (CNC) dataset is in English that aims at listing social
events from all around the world thus studying, understanding and extracting
the causes and effects from them. However, while studying the CNC dataset, we
understood the need and importance for the existence of such dataset in Indian
Languages as well. Hence, we created and annotated the Causal News Corpus
Bengali (CNCB) dataset which lists socio-political events across the world an-
notated with cause, effect spans in Bengali. The Causal News Corpus Bengali
Question Answering (CNCB-QA) dataset is derived from the CNCB dataset, also
in Bengali which tries to extract the cause-and-effect spans through question an-
swering. The dataset contains 100 articles collected carefully that covers events
from around the world.

We experimented with the CNC dataset by augmenting it with new data gen-
erated from the LLaMa 2 LLM. The F1-Score for the test data increased by
10% by augmenting only 56 sentences having 103 cause-effect relationships to
the training data. The CNCB dataset gave an impressive 82.3% F1-Score for
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cause-effect extraction through token classification and the CNCB-QA dataset
gave 100% similarity score for both event and cause extraction subtasks through
question answering.

5.2 Scope for Future Works

Causality studies in events is a field that is experiencing rapid growth and in
the future such studies need to be expanded into other domains such as biomedical,
legal and financial. In addition to this studies also need to be conducted in other
languages including Indian languages since in India legal and governance systems
operate in multiple languages. Also, Indian society is characterized by its diversity,
and social and political discussions often take place in regional languages.

In the future, expanding the CNCB dataset and in turn the CNCB-QA dataset
will be crucial as it will allow for the inclusion of newer and significant events.
This expansion will contribute to a deeper understanding of causality studies by
broadening the scope of captured phenomena. In addition to that new datasets
in other Indian languages in domains like finance, law and policy making might
have a great impact in understanding causality of events that directly impact our
society.
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