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ABSTRACT

This study explores the application of deep learning to automate the identification of
research fields within scientific paper abstracts. The goal is to create a resilient model that
effectively categorizes the primary subject matter discussed in abstracts, enhancing
precision and efficiency. The dataset undergoes preprocessing, tokenization, and
transformation into sequences suitable for input into various models, including Artificial
Neural Networks (ANN), Convolutional Neural Networks (CNN), and Bidirectional Long
Short-Term Memory (BLSTM) cells. The trained model incorporates techniques such as
word embedding and dropout, and its performance is evaluated using metrics like accuracy
and the AUC-ROC score. The research addresses challenges in identifying research fields
within English language abstracts, employing language-specific preprocessing and data
augmentation. The results highlight the efficacy of deep learning in accurately categorizing
diverse research fields within English abstracts, showcasing its potential applicability
beyond English contexts. The findings contribute to advancing automated techniques for
recognizing research themes, streamlining the comprehension and classification of
scientific papers. Various algorithms, including ANN, CNN, BLSTM, DT, GB, ABC, RF,
SVC, XGB, MNB, PA, RC, and LR were employed. Notably, the Gradient Boosting (GB)
model demonstrated exceptional performance with an 83.82% accuracy rate, and the
Support Vector Classification (SVC) yielded impressive results with an 83.50% accuracy
rate. These outcomes were achieved through meticulous hyperparameter tuning, enhancing

the overall robustness of the model.

Keywords: Abstract, Detection, Deep Learning, Algorithms, Ensemble Model, Dropout,
Embedding.
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Chapter 1

INTRODUCTION

1.1 Introduction

In recent world, landscape of scientific research, the ability to efficiently identify and
categorize the research field of a scientific paper is crucial for scholars, academics, and
researchers. The abstract of a scientific paper serves as a concise summary, encapsulating
the essence of the research and its contributions to a particular field. Traditionally, this
categorization process has been undertaken manually, requiring extensive domain
expertise and time-consuming efforts. However, with the advent of deep learning
approaches, there exists an unprecedented opportunity to automate and enhance this
process, bringing about a paradigm shift in the way we comprehend and navigate scholarly
literature. This study focuses on the innovative application of deep learning methodologies
to address the challenging task of automatically identifying the research field of a scientific
paper based on its abstract. While there has been considerable progress in natural language
processing (NLP) and machine learning, adapting these techniques to the nuanced
complexities of scientific language and diverse domains remains an intricate challenge.
Deep learning, that excels in capturing intricate patterns within large datasets, emerges as
a potent solution for tackling this nuanced task. The motivation behind this research stems
from the recognition of the growing volume of scientific literature across diverse
disciplines and the need for an efficient, scalable, and accurate system to navigate and
comprehend this vast intellectual terrain. As scholars and researchers grapple with an ever-
expanding corpus of knowledge, an automated approach to identify the research field from
abstracts becomes not only a convenience but a necessity. The methodology employed in
this study centers on the development and training of a deep learning model specifically
tailored for the intricacies of scientific abstracts. Leveraging advanced architectures, such
as recurrent neural networks (RNNs) with Long Short-Term Memory (LSTM) cells, the
model aims to discern subtle contextual cues and linguistic nuances that indicate the
research field. The utilization of carefully curated datasets, incorporating abstracts from
diverse scientific disciplines, enhances the model's adaptability and generalizability across
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varied domains. Furthermore, the study delves into the exploration of techniques to
mitigate potential challenges, including the incorporation of domain-specific preprocessing
methods and the consideration of cultural and contextual factors that might influence the
abstraction of scientific content. In essence, this research aspires to contribute to the
ongoing evolution of scholarly communication by proposing an automated, deep learning-
driven paradigm for identifying the research field from abstracts. The outcomes of this
study not only hold the promise of revolutionizing the way we navigate scientific literature
but also offer a glimpse into the transformative potential of deep learning approaches in

the broader realm of scientific inquiry.
1.2 Motivation

The motivation behind this research lies at the intersection of the escalating volume of
scientific literature and the need for advanced, automated tools to efficiently navigate and
comprehend this expanding intellectual landscape. In the current era, where knowledge
production is rapidly accelerating across diverse disciplines, traditional manual approaches
to categorizing and understanding the research field of scientific papers are proving
increasingly cumbersome. As scholars and researchers confront an ever-growing corpus of
knowledge, the quest for an automated system capable of swiftly and accurately identifying
the research field from abstracts becomes paramount. The motivation is rooted in the
recognition that such a system not only offers convenience but is fundamentally necessary
for staying abreast of the vast and intricate web of scholarly information. Deep learning,
as a subset of machine learning, emerges as a compelling solution for this challenge. The
motivation to employ deep learning methodologies stems from their proven ability to
discern intricate patterns within large datasets. Scientific abstracts, often laden with
nuanced language and discipline-specific terminologies, present a unique set of challenges
that demand the sophistication and adaptability of deep learning models. The overarching
goal is to streamline and revolutionize scholarly communication by introducing an
automated approach that significantly enhances the efficiency and accuracy of identifying
the research field from abstracts. This research recognizes the transformative potential of
deep learning approaches in addressing the complexities of scientific language and diverse
domains, ultimately contributing to the ongoing evolution of how knowledge is accessed,
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comprehended, and disseminated. Moreover, the motivation extends beyond the immediate
benefits for researchers and academics. A more automated and efficient system for research
field identification has the potential to democratize access to knowledge, making scholarly
information more accessible to a broader audience. This inclusivity aligns with the broader
goals of fostering collaboration, interdisciplinary research, and the democratization of
knowledge across global communities. In summary, the motivation behind this research is
deeply rooted in the imperative to adapt to the evolving landscape of scientific inquiry. By
leveraging the capabilities of deep learning, this study aspires to not only address the
challenges posed by the expanding volume of scientific literature but also to pave the way

for a more accessible, efficient, and transformative scholarly communication process.
1.3 Rationale of the Study

In this research, the rationale of this study lies in filling the gap in abstract class detection
research for scientific contexts, addressing the cultural and linguistic specificities of the
science papers, empowering research communities, exploring the potential of deep learning
in natural language processing, and promoting a safer digital environment for all

individuals communicating in the research field.
1.4 Research Question

What is the likelihood that abstract is predicted well?
How difficult is this task?

What benefits does our proposed model offer?

How can we evaluate our model for detecting abstract?
How well do the algorithms in this proposed model work?
What was the precautions of the study?

How many ways to detect abstract?

What credentials are required for this position?
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1.5 Expected output

This study on abstract classification using deep learning aims to fill the gap in research
pertaining to English contexts and address the specific challenges faced by the scientific
research community. By focusing on abstract classification in research, we strive to provide
language-specific approaches to effectively detect and combat classification. The cultural
and linguistic nuances unique to the English language require tailored strategies and
interventions. Leveraging the power of deep learning techniques, specifically RNNs with
LSTM cells, we seek to develop a model capable of accurately identifying instances of
abstract classification. The outcomes of this study will contribute to the development of
language-specific tools and policies to prevent and mitigate abstract classification

incidents, fostering a safer and more inclusive online environment for researchers.
1.6 Project Management and Finance

Our proposed model offers cost-effective utility for everyday use and has the potential to
be a valuable asset in the context of abstract detection for scientific research. The practical
implementation of this detection process necessitates the use of common tools, although
optimal performance and exceptional results can be achieved with high-configuration
tools. However, even with simpler tools, our model can still effectively serve its purpose,

providing seamless operation and aiding in the support to research.

1.7 Report Layout

The structure of the report encompasses the following key sections:

Background Study: Providing an in-depth exploration of the context and relevant research

in the field of hypothyroidism.

Research Methodology: Detailing the approach, tools, and techniques used to conduct the

study and develop the proposed model.

Experimental Results and Discussion: Presenting the findings, outcomes, and a

comprehensive discussion of the research results.
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Summary, Conclusion, and Future Analysis: Summarizing the key takeaways, drawing

conclusions, and outlining potential directions for future research.

References: Citing the sources and literature used to support the study and its findings

©Daffodil International University 5



Chapter 2

BACKGROUND STUDY

2.1 Preliminaries

The precise analysis of abstract patterns employs deep learning techniques. In this segment,
we investigate research related to the assessment of published research paper reports.
Various computational models, including Bidirectional Long-Term Memory (BLSTM),
Conventional Nural Network (CNN), Artificial Nural Network (ANN), Decision Tree
(DT), Gradient Boosting (GB), Adaboost Classifier (ABC), Random Forest (RF), Support
Vector Classifier (SVC), XGBoost Classifier (XGB) Multinomial Naive Bayes (MNB),
Passive Aggressive (PA), Ridge Classifier (RC) and Logistic Regression (LR) are utilized.
Deep learning models are implemented in this section to conduct the research. The section
also highlights multiple researchers who have employed various models in their respective
studies to enhance our understanding of abstract detection.

2.2 Related Works

In the domain of abstract classification, our proposed methodologies showcase a tailored
approach to effectively discern and categorize scientific paper abstracts. Addressing the
intricacies of this task involves an exploration of diverse research studies and
methodologies that contribute to the advancement of abstract classification techniques.
These investigations encompass the deployment of an array of deep learning algorithms
and natural language processing (NLP) methodologies, each presenting unique strengths
and perspectives. First and foremost, deep learning models stand out as a powerful tool in
the endeavor to identify abstract. These models, which leverage algorithms based on
decision trees, often referred to as "tree structures,” enable effective decision-making

processes. The application of deep learning algorithms is crucial in this context.

In the contemporary landscape, the proliferation of scientific articles across diverse
disciplines is on the rise [1]. Notably, these articles often span multiple disciplines, as

exemplified by Akshai and Anitha's study on early plant disease detection, which
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seamlessly integrates agricultural and computer science [2]. The challenge for researchers
lies in efficiently identifying articles pertinent to their specific discipline amidst this vast
and varied scientific literature. The existing manual categorization process is both time-
consuming and prone to errors, with some articles not aligning with the designated

disciplines of journal portals.

Automated classification of scientific articles into relevant disciplinary categories, coupled
with insights into the interdisciplinarity within articles, emerges as a valuable solution for
researchers and journal portals. While prior research has delved into text classification
encompassing abstracts, sentiment, and news categories, there remains room for
improvement. Notably, existing text classification approaches predominantly rely on
traditional word embedding models like Word2Vec, FastText, and TF-IDF [1], [3]-]9].

The advent of advanced word embedding models, particularly the pre-trained BERT
model, offers a promising avenue for enhancing natural language processing (NLP) tasks
[10]. However, previous BERT-based text classifications primarily focus on English
datasets, centering around sentiment or news category classification [11]-[17]. Notably,
these studies often overlook the crucial text preprocessing stage, acknowledged to impact
model accuracy [9], [12], [13]. Moreover, a majority of past research merely conducts a
single round of hyperparameter testing, neglecting the significance of fine-tuning

hyperparameters for optimal model accuracy [3], [12], [13], [16], [17].

In advancing text classification methodologies, future research should address these gaps,
exploring the potential of BERT models across various languages and incorporating robust
text preprocessing. Additionally, a more comprehensive exploration of hyperparameter
combinations through fine-tuning is essential for achieving superior accuracy.
Furthermore, acknowledging the possibility of a text belonging to more than one category
introduces a nuanced perspective that warrants consideration in future text classification
endeavors [1], [16], [18]-[21].

In summary, these various approaches and methodologies highlight the diversity and

effectiveness of techniques employed to detect abstract type. From deep learning
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algorithms to NLP methods and innovative word embedding models, researchers have
explored a wide array of tools and strategies to address this pressing issue. While each
approach has its unique strengths and limitations, collectively, they contribute to the
ongoing effort to combat abstract type effectively.

2.3 Comparative Analysis and Summary

Deep learning models are currently in high demand, and our journey to identify our specific
role demanded a significant undertaking. Many related projects experienced subpar model
results and limited accuracy. To attain the highest accuracy in dataset detection, we had to
adopt a distinct deep learning model. This endeavor required the utilization of top-tier
hardware to run these models efficiently. The process involved performing individual
computations to gauge categorization rates. The integration of expensive GPUs allowed
for the execution of intricate models, even though they could extend the runtime
considerably.

2.4 Scope of the Problem

Abstract class prediction in the English language is multifaceted, encompassing language-
specific challenges, cultural factors, diverse online platforms, and individuals of different
age groups. Understanding and addressing these aspects are crucial in developing effective
strategies to detect and combat abstracts. By considering the linguistic nuances, cultural
dynamics, and the wide range of online platforms, we can create comprehensive solutions
to mitigate abstract classification incidents and promote a safer digital environment for

individuals communicating in research.

2.5 Challenges

The difficulties in detecting abstract class in research include linguistic problems, cultural
quirks, changing internet infrastructures, and the constantly evolving nature of abstract
practices. Overcoming these challenges requires developing language-specific algorithms,
accounting for cultural contexts, adapting to platform changes, and staying updated with

emerging abstract class trends. Addressing these challenges is essential to effectively detect
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and combat abstract class in the English language and create a safer online environment

for individuals research in science.
Chapter 3

RESEARCH METHODOLOGY

3.1 Research Subject and Instrumentation

To achieve optimal accuracy with our dataset, we harnessed a variety of algorithms and
hybrid models. Critical to our success were the use of cutting-edge hardware tools,
particularly top-tier GPUs, and the employment of Python programming language and its
associated resources. These tools, including Jupyter Notebook, Google Colab, and
Anaconda, played a pivotal role in our workflow. Python, known for its versatility and rich
ecosystem of libraries, enabled us to seamlessly develop and execute code, facilitating
efficient data processing and model training. Furthermore, platforms like Jupyter
Notebook, Google Colab, and Anaconda provided the flexibility of browser-based coding,
enhancing our collaborative efforts and accessibility. Through this comprehensive toolkit
and resource integration, we were able to push the boundaries of our dataset's accuracy and

deliver robust results in our pursuit of excellence.
3.2 Data Collection Procedure

The dataset was collected manually from IEEE research papers, it was nearly prepared for
implementation, comprising two essential components: the textual data and corresponding
labels. This supervised dataset encompassed five distinct categories, facilitating a
comprehensive understanding of the content. To facilitate model evaluation, the dataset
underwent a division into two segments: a test set and a training set. This partitioning
allocated 20% of the data for the test section, while the remaining 80% was designated for

in-depth analysis and training purposes.
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Figure 3.1: Number of target values dataset

The dataset exhibited an absence of inaccurate or missing values, including the category
values. For a comprehensive understanding of the dataset's characteristics the count plot is
shown in Figure 3.1.

3.2.1 Categorical Data Encoding

The transformation of categorical variables into numerical values is referred to as
categorical encoding. This encoding method played a pivotal role in our research, as
machine learning algorithms exclusively handle numeric data for input and output. To
implement this categorical encoding approach effectively, we focused on the "Labels"
column within our dataset.

3.2.2 Missing Value Imputation

This process involves replacing imputed values with missing or incomplete data identified
through the analysis of data from other datasets. However, it's worth noting that our dataset

had the advantage of containing no missing values, obviating the need for such imputation.
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3.2.3 Handling Imbalanced Data

This technique pertains to the manipulation of the class distribution within a dataset. It
accomplishes this by systematically introducing new instances into the dataset, effectively
balancing the data. The primary objective is to bolster the representation of minority data,

all while utilizing the entire dataset as input.
3.3 Statistical Analysis

In every research project, an essential component is the analysis section, which hinges on
the development and evaluation of the algorithms utilized. In our case, since we've opted
to work with an Excel file format, several preparatory steps were necessary to ensure the
dataset's usability. These measures encompassed data collection and meticulous pre-

processing, all of which were integral to the successful execution of our research.

In this research, we used different types of algorithms, including BLSTM, CNN, ANN,
DT, GB, ABC, RF, SVC, XGB, MNB, PA, RC and LR. Among these algorithms, the GB
model demonstrated exceptional performance, achieving an accuracy rate of 83.82%. The
SVC also delivered impressive results, with an accuracy rate of 83.50%. These high-
performance outcomes were achieved through the meticulous application of

hyperparameter tuning, further enhancing the robustness of our model.
3.4 Proposed Methodology

In our research, we have applied a diverse range of classifiers, including Bidirectional
Long-Term Memory (BLSTM), Artificial Nural Network (ANN), Conventional Nural
Network (CNN) Decision Tree (DT), Gradient Boosting (GB), Adaboost Classifier (ABC),
Random Forest (RF), Support Vector Classifier (SVC), XGBoost Classifier (XGB),
Multinomial Naive Bayes (MNB), Passive Aggressive (PA), Ridge Classifier (RC) and
Logistic Regression (LR) algorithms. These classifiers were instrumental in our data

analysis and algorithm evaluation process.

©Daffodil International University 11



Artificial Nural Network (ANN)

Artificial Neural Networks (ANNSs) are a fundamental component of machine learning,
inspired by the structure and function of the human brain. Comprising interconnected
nodes, or artificial neurons, organized into layers, ANNSs process information through a
series of mathematical operations. The layers typically include an input layer, one or more
hidden layers, and an output layer. Each connection between neurons has an associated
weight, representing the strength of the connection. During training, the network learns to
adjust these weights by minimizing the difference between predicted outputs and actual
targets. This is achieved through a process called backpropagation, where the error is
propagated backward through the network, and the weights are updated accordingly using
optimization algorithms like gradient descent. The strength of ANNS lies in their ability to
capture complex patterns and relationships within data, making them versatile for various
tasks such as image recognition, natural language processing, and regression analysis.
Deep learning, a subfield of machine learning, extends the capabilities of ANNs by
introducing deep neural networks with multiple hidden layers. This depth enables ANNs
to automatically extract hierarchical features from data, empowering them to tackle
intricate and high-dimensional problems with remarkable efficacy. The flexibility and
adaptability of ANNSs contribute to their widespread application and continual evolution in

the field of artificial intelligence.
Conventional Nural Network (CNN)

The Convolutional Neural Network (CNN) is a powerful deep learning architecture
specifically designed for processing structured grid data, such as images. At its core, a
CNN comprises layers that systematically learn hierarchical representations of the input
data. The fundamental building blocks include convolutional layers, pooling layers, and
fully connected layers. In the initial layers, convolutional operations are performed to
detect spatial patterns and features within the input data. Filters, also known as kernels,
slide across the input, extracting local patterns through convolutional operations.
Subsequent pooling layers reduce spatial dimensions, preserving essential features while

enhancing computational efficiency. The extracted features are then flattened and fed into
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fully connected layers, enabling the network to understand complex relationships and make
predictions. Activation functions, like Rectified Linear Units (ReLU), introduce non-
linearity, enhancing the model's capacity to capture intricate patterns. CNNs are renowned
for their ability to automatically learn hierarchical representations, making them highly
effective in tasks like image classification, object detection, and feature extraction. Their
inherent capability to recognize spatial hierarchies in data makes CNNSs indispensable in
various domains, ranging from computer vision to natural language processing. Despite
being initially developed for image-related tasks, CNNs have demonstrated adaptability

and success across a wide array of structured grid data applications.

Bidirectional Long- Short Term Memory (BLSTM)

The architecture of BLSTM consists of two LSTM layers, each processing the input
sequence in a different direction—forward and backward. This bidirectional flow of
information allows the model to maintain a comprehensive understanding of the temporal
relationships within the data, contributing to its ability to grasp intricate patterns and
dependencies. Consequently, BLSTM finds wide application in various fields, including
natural language processing, speech recognition, and time series analysis, where capturing
contextual information is paramount. The bidirectional nature of BLSTM facilitates a more
holistic comprehension of sequential patterns, empowering the algorithm to excel in tasks
that demand a nuanced understanding of the temporal dynamics inherent in sequential data.
[23].

Long Short-Term Memory (LSTM)

Since its inception in 1995, the LSTM (Long Short-Term Memory) architecture within
recurrent neural networks has undergone several refinements. LSTM models have proven
to be effective and widely adopted for learning from sequential data, incorporating hidden
components [24]. LSTM, an advanced version of the RNN (Recurrent Neural Network),
enhances the system's ability to capture context when processing inputs and generating
outputs [25]. Within LSTM blocks, various sub-components, including outputs, input
gates, inputs from previous blocks, and activation functions, contribute to its complexity

and functionality [26]. The name "Long Short-Term Memory" reflects its capability to
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extend short-term memory techniques into the realm of longer-term memory, making it a

valuable tool for sequence-based learning.
Adaboost Classifier

The AdaBoost (Adaptive Boosting) classifier is a powerful ensemble learning method
designed to enhance the performance of weak classifiers by combining them into a robust
and accurate model. AdaBoost operates iteratively, sequentially adjusting the weight of
each training instance based on the accuracy of the previous weak classifiers. This means
that instances that are misclassified receive higher weights, allowing subsequent weak
classifiers to focus on them and improve their classification accuracy. The final prediction
is then made by combining the weighted outputs of these weak classifiers. One of
AdaBoost's strengths lies in its adaptability to different classification problems, as it can
work with a wide range of base classifiers, typically decision stumps or shallow decision
trees. It's particularly effective in addressing complex datasets and overcoming issues such
as overfitting, as it gives more emphasis to challenging data points during training.
Moreover, AdaBoost is known for its ability to handle high-dimensional feature spaces
effectively. While AdaBoost is a powerful algorithm, it's not immune to outliers or noisy
data, which can adversely affect its performance. However, its capacity to mitigate these
issues is strengthened by its sequential learning process. By leveraging AdaBoost's
combination of weak learners, it often results in a strong and accurate classifier that is
widely used in various fields, including face detection, text classification, and
bioinformatics, where high performance and adaptability are essential [27]. The graph is

shown in Figure 3.2.
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Figure 3.2: Adaboost Classifier
Decision Tree (DT)

Decision trees are a powerful method for categorizing occurrences by branching them out
from a central node to leaf nodes that represent different categories. This methodology,
known as the Decision Tree approach, is particularly effective for prediction tasks
involving binary classes. Each inner node in a decision tree represents an attribute test, and
the hierarchical structure of the tree culminates in leaf nodes that indicate separate classes.
The DT (Decision Tree) structure is commonly used based on decision trees, and it can be
applied to both classification and regression problems. As the tree grows from the root
node, the "splitting™ process is employed to select the "Best Feature” or "Best Attribute"
from the available pool of potential characteristics. Two metrics, namely "Entropy" and
"Information Gain,” are often used to determine the best attribute. Entropy (formula

indicated as (1)) is a measure of dataset homogeneity, indicating the impurity or disorder
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within a set of instances. On the other hand, Information Gain (formula indicated as (2))
quantifies the rate of change in entropy when splitting the dataset based on different
attributes. The attribute that provides the most valuable information is considered the "best
attribute.” In summary, decision trees offer a hierarchical structure to classify instances,
with attribute tests represented by inner nodes. The selection of the "best attribute” is
determined by metrics like entropy and information gain, which help measure the dataset's

homogeneity and the usefulness of attributes in reducing uncertainty shown in Figure 3.3.

E(D) = —P (positive)log2P (positive) — P(negative) log 2P (negative) ... ... (2)

Gain (Attribute X) = Entropy (decision Attribute Y) — Entropy (X,Y) ...(3)
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Figure 3.3: Decision Tree Classifier
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Logistic Regression (LR)

Logistic Regression is a widely utilized and interpretable machine learning classifier that
excels in binary and multiclass classification tasks. Unlike linear regression, which predicts
continuous values, logistic regression models the probability of an instance belonging to a
particular class using the logistic function (sigmoid). It estimates the odds of an event
occurring and maps them to a range between 0 and 1, allowing it to provide clear class
separation. The model is trained by minimizing the logistic loss or cross-entropy loss
through iterative optimization techniques like gradient descent. Logistic Regression is
advantageous for its simplicity, quick training, and ease of interpretation. It can handle both
linear and non-linear relationships between features and the target variable through
polynomial or interaction terms. While primarily a binary classifier, it can be extended to
multiclass problems through techniques like one-vs-rest or softmax regression [28]. One
limitation is its susceptibility to overfitting when dealing with high-dimensional data or
complex relationships, which can be mitigated through regularization techniques like L1
(Lasso) or L2 (Ridge) regularization. Despite its simplicity, logistic regression is a valuable
tool in various domains, including healthcare (predicting disease outcomes), finance (credit
risk assessment), and natural language processing (text classification), and it serves as a
foundational model in many machine learning pipelines due to its transparency and

effectiveness shown in Figure 3.4.

Output

Net Input Activation Unit Step
Function Function Function

Figure 3.4: Logistic Regression

©Daffodil International University 17



Random Forest (RF)

The Random Forest classifier is a powerful and versatile machine learning algorithm that
has gained immense popularity for both classification and regression tasks. It operates by
creating an ensemble of decision trees, where each tree is constructed using a random
subset of the training data and a subset of the available features. This technique introduces
variability and decorrelates the individual trees, mitigating overfitting and improving the
model's generalization performance. In classification, the Random Forest combines the
results from these decision trees through a majority vote, while in regression, it computes
the average of the individual tree predictions. One of the key advantages of Random Forest
lies in its ability to handle high-dimensional data, maintain robustness against outliers, and
provide feature importance for model interpretability. The algorithm is less prone to
overfitting compared to single decision trees, thanks to its inherent bagging (Bootstrap
Aggregating) and feature bagging components. Random Forest is particularly useful when
dealing with complex and noisy datasets, and it's less sensitive to hyperparameter tuning
than other algorithms. Additionally, the Random Forest can identify influential features
and provide insights into their contribution to the model's predictive power. Its robust
performance, scalability, and flexibility have made it a popular choice across various
domains, including finance, healthcare, and image analysis. However, the trade-off for its
power and versatility is increased computational cost and complexity, which can be a
consideration for real-time or resource-constrained applications. Nonetheless, the Random
Forest remains a reliable workhorse in machine learning, delivering accurate predictions
and valuable insights for diverse problem-solving scenarios [29]. The methods shown in

Figure 3.5.
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Figure 3.5: Random Forest
Gradient Boosting (GB)

The Classifier is a powerful and versatile ML algorithm that excels in predictive modeling,
particularly in classification tasks. It operates by iteratively building a strong predictive
model through the combination of multiple weak models, typically decision trees, in a
sequential manner. At each iteration, the algorithm focuses on the misclassified data points
from the previous stage, assigning them greater importance. This iterative process allows
the algorithm to continuously refine its predictions, ultimately creating a robust ensemble
model. One of the key advantages of the Gradient Boosting Classifier is its ability to handle
complex, high-dimensional data and capture intricate relationships between variables. By
combining the outputs of multiple weak learners, it can achieve superior predictive

performance. However, this power comes at a computational cost, and training a Gradient
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Boosting model can be more time-consuming compared to some other algorithms. To
mitigate the risk of overfitting, careful hyperparameter tuning and cross-validation are
essential when implementing Gradient Boosting. The choice of the learning rate, the
number of boosting iterations (trees), and the maximum depth of trees are critical factors
that influence the model's performance. In practice, Gradient Boosting is widely used in
various fields, including data mining, finance, and biology, due to its effectiveness in
addressing complex classification challenges and producing accurate results. Its versatility
and robustness make it a valuable tool for both beginners and experienced data scientists

aiming to tackle a wide range of classification tasks shown in Figure 3.6.
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Figure 3.6: Gradient Boosting model

XGB

The XGB Classifier is a gradient-boosted decision tree. Decision trees are constructed one
after the other using this procedure. Weights are critical when utilizing the XGB classifier.
The decision tree, which predicts based on several criteria, is fed information about the
weights assigned to the independent variables. Factors that the tree did not examine at first

are given more weight and utilized to train a second decision tree. By integrating numerous
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separate classifiers, a more robust and accurate model is created. It is capable of doing
regression, classification, ranking, and bespoke prediction tasks. The concept is shown in

below Figure 3.7.
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Figure 3.7: XGB model

Support Vector

Regression and classification problems may both be resolved using the Support Vector
Classifier (SVC). However, categorization issues are where machine learning is most
frequently applied. The SVM approach looks for a straight line, or judgment boundary, that
divides the area into categories in all n variables in order to successfully classify fresh data
points. A hyperplane is this highest utility bound. Using SVM, which chooses the most
extreme points and vectors, the hyperplane may be created. As a result, the word "support
vector," which is used to describe these severe situations, is where the technique's name,

"support vector machine,” comes from. Figure 3.8 shows the procedure.
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Figure 3.8: SVC Classifier
Multinomial Naive Bayes (MNB)

Multinomial Naive Bayes (MNB) is a probabilistic classification algorithm designed for
text and document-based data. It is particularly effective for tasks involving discrete
features, such as word frequencies in natural language processing. MNB models the
likelihood of observing a set of words in a document given its class, assuming
independence between features. This algorithm is widely used for tasks like text
categorization and spam filtering, where the focus is on counting occurrences of words and
making predictions based on the frequency distribution. MNB's simplicity, efficiency, and

ability to handle large datasets make it a popular choice for various text-based applications.
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Passive Aggressive (PA)

The Passive-Aggressive (PA) algorithm is a machine learning classification algorithm
known for its efficiency and simplicity. It belongs to the family of online learning
algorithms and is particularly suited for large-scale, real-time scenarios. The "passive"
aspect refers to its conservative approach during correct predictions, where the model does
not undergo significant updates. However, when faced with misclassifications, the
algorithm becomes "aggressive,” adapting swiftly to the new information. This
characteristic makes PA well-suited for scenarios where data distribution may change over
time. Common applications include text classification, financial fraud detection, and spam
filtering. Due to its adaptability and low computational complexity, Passive-Aggressive is

valuable in situations requiring swift adjustments to evolving data patterns.
Ridge Classifier (RC)

The Ridge Classifier (RC) is a linear classification algorithm that operates on the principles
of ridge regression. It is commonly used in machine learning tasks where the relationship
between the features and the target variable is linear. The Ridge Classifier addresses the
issue of multicollinearity in the input features by introducing a regularization term, known
as the ridge or L2 penalty, into the linear regression equation. In the context of
classification, the Ridge Classifier aims to find the optimal hyperplane that separates
different classes in the feature space. The regularization term helps prevent overfitting by
penalizing large coefficients. This regularization is particularly useful when dealing with
high-dimensional data. The Ridge Classifier is employed in scenarios where a balance
between model simplicity and predictive accuracy is crucial. Its effectiveness is notable in
tasks such as text classification, sentiment analysis, and medical diagnosis, where linear
relationships are prevalent and feature interpretability is valuable.

Proposed Methodology Flow chart:
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Figure 3.9: Methodology of Abstract Classification

The methodology for detecting abstract from scientific research dataset involves several
steps. Firstly, a dataset is collected. The dataset is preprocessed by removing irrelevant
columns, handling missing values, and cleaning the text. The target column is then mapped
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to numerical values for model training. There are sets for testing and training created from
the dataset. Transforming categorical data to numerical form is a vital step in machine
learning. We opted for an 80-20 split, utilizing 80% of the resources for training and
allocating the remaining 20% for testing. The text is tokenized and padded to prepare it for
model input. Various models such as CNN, ANN, BLSTM, DT, GB, ABC, RF, SVC,
XGB, MNB, PA, RC and LR are trained on the data. The models are evaluated using
metrics like accuracy, precision, recall, F1 score, and AUC-ROC. For models with
probability estimates, the ROC curve is analyzed. Finally, the best-performing model is
selected based on the evaluation results [13]. This methodology provides a comprehensive
approach to detect abstract in the dataset and can guide researchers in developing effective

abstract detection systems shows in Figure 3.9.
3.5 Implementation Requirements

To effectively train and assess our proposed model, we began by sourcing the required
datasets. Ensuring the dataset's cleanliness was of utmost importance, achieved through a
series of filtering methods. Subsequently, data preprocessing techniques like the Scaler
Transform were applied, translating categorical data into numerical values. An 80-20 split
was employed for training and testing, allowing us to thoroughly evaluate our chosen
algorithms. We then put our selected algorithms into practice and conducted a
comprehensive evaluation of the results. Employing ensemble techniques, we sought to
maximize our detection accuracy. The outcomes of these ensemble algorithms were
rigorously assessed, and the results were further validated through hyperparameter tuning.
This process involved a meticulous examination of the mathematical frameworks utilized.
Following these steps, the data analysis phase was initiated, culminating in the
implementation of model learning and a tailored detection strategy. The best model was
selected based on key metrics, including accuracy, precision, recall, and the F-1 score.
Additionally, we measured the AUC-ROC score and implemented the corresponding curve
for a holistic evaluation of our model's performance. This structured approach ensured a

thorough and well-informed model selection and validation process.
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Chapter 4

EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Experimental Setup

In this study, a supervised learning approach was adopted, which relies on the training and
testing phases. The deep learning model was constructed using the training dataset, and the
model's performance was assessed by applying it to the testing dataset. The subsequent
sections will provide a concise and swift illustration of the deep learning algorithm

employed in this research.
4.2 Experimental Results & Analysis

At this juncture, our focus turned to the evaluation of existing models and assessing the
efficiency of our proposed model. To gauge the overall performance, we employed various
performance evaluation methods on unseen data. This section entails presenting an
analytical report based on our experimental findings pertaining to deep learning models
designed for the specific context of abstract datasets. Our methodology began with the
initial implementation of our selected dataset. We meticulously handled missing or
incorrect values, ensuring dataset integrity. Next, we introduced a range of diverse
algorithms and conducted a thorough analysis of their performance. To evaluate the
effectiveness of these algorithms, we employed key metrics, including Confusion Matrices,
Accuracy, Precision, Recall, and the F-1 Score. These metrics allowed us to
comprehensively assess both our proposed models and traditional algorithms. In our
analysis, we employed a variety of algorithms, including BLSTM, ANN, CNN, DT, GB,
ABC, RF, SVC, XGB, MNB, PA, RC and LR algorithms, specifically tailored to our
dataset. To further enhance our evaluation, we explored different ensemble techniques,
leveraging Confusion Matrices for both datasets. This comprehensive approach aimed to
provide a holistic understanding of the performance and effectiveness of the various

models under consideration.
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Accuracy

This section explores accuracy, denoting the proportion of accurate predictions made with
testing data. It measures the percentage of predictions that precisely match the actual
outcomes. Accuracy is a measure of the model's correctness, comparing its predictions to
the actual real-world measurements. It focuses on a single variable and primarily addresses
intentional errors, making it one of the most straightforward and widely used evaluation
techniques for any model. Ensuring the accuracy of our models is a crucial aspect of model

validation and performance assessment.

TruePositive + TrueNegative

Accuracy =
Y TruePositive + FalsePositive + TrueNegative + FalseNegative

Precision

This section addresses precision, which measures the proportion of positively predicted
observations that actually occurred. Precision reflects the true positive rate, highlighting
the actual percentage of instances when the model correctly predicted true positive
outcomes. It's important to note that while a strong recall is desirable for many models, it
can sometimes be misleading if not considered in the context of precision and other

performance metrics.

TruePositive

Precision =
TruePositive + FalsePositive

Recall

This section discusses recall, which is the proportion of actual positive data points correctly
predicted by the model. Recall is crucial in determining the model's ability to capture true
positive instances, and it establishes the ratio of all positive labels to the predicted positives.
While high accuracy is generally desirable, it's essential to recognize that it can sometimes

be misleading if not assessed alongside other important metrics like recall.

TruePositive

Recall =
eca TruePositive + FalseNegative
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F-1 Score

This section discusses the evaluation metrics of accuracy and recall, emphasizing their
relevance in assessing a model's performance. Key metrics to consider are the recall and
accuracy ratios, which provide insights into the model's ability to correctly identify relevant
instances and overall accuracy. It's important to note that if the mean of the harmonic mean
of these metrics is relatively low, it may indicate that the model's performance is not
optimal, warranting further improvements.

Recall * Precision
F —1Score =2 %

Recall + Precision

Accuracy

BLST ANN CNN LR RF ABC XGB MNB SVM

Accuracy
~N N N N O 00 0o O
N B O 0O O N B O

~
o

m Accuracy 77.01 82.84 80.42 85.65 76.20 8545 77.47 8572 7815 85.18 84.65 82.70 84.51
Algorithms

Figure 4.1: Experimental Results of Accuracy

First, we looked at algorithmic accuracy performance. Using XGB, the best accuracy was
85.72%. SVM got 85.18%, BLSTM got 77.01%, DT got 76.20%, ANN got 82.84%, ABC
got 77.47%, RF got 85.45%, GB got 84.65%, MNB got 78.15%, CNN got 80.42%, PA got
82.70%, RC got 84.51% and LR got 85.65%. The visualization is shown in Figure 4.1.
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Precision
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Figure 4.2: Experimental Results of Precision

Second, we looked at the algorithmic precision performances. Using LR, the best precision
was 85.89%. GB got 84.89%, BLSTM got 77.33%, DT got 79.24%, CNN got 80.49%,
ABC got 79%, RF got 85.75%, XGB got 85.82%, MNB got 78.60%, ANN got 82.88%,
PA got 83%, RC got 84.83% and SVM got 85.22%. The visualization is shown in Figure
4.2.

Recall

Recall

BLST
M

Recall 77.01 82.84 8042 85.65 76.20 8545 77.47 8572 7815 8518 84.65 8270 8451
Algorithms

ANN CNN LR DT RF ABC XGB MNB SVM GB PA RC

Figure 4.3: Experimental Results of Recall

We looked at algorithmic recall performance, and using XGB, the best recall was 85.72%.
SVM got 85.18%, BLSTM got 77.01%, DT got 76.20%, ANN got 82.84%, ABC got
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77.47%, RF got 85.45%, GB got 84.65%, MNB got 78.15%, CNN got 80.42%, PA got
82.70%, RC got 84.51% and LR got 85.65%. The visualization is shown in Figure 4.3.

F-1 Score
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—
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7
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N

N O

= F-1

Score 76.97 8278 80.36 8560 76.75 8532 77.72 8571 77.66 85.09 84.71 8271 84.44

Algorithms

Figure 4.4: Experimental Results of F-1 Score

F-1 Score, the best F-1 Score had obtained at 85.71% using XGB. SVM got 85.09%,
BLSTM got 76.97%, DT got 76.75%, ANN got 82.78%, ABC got 77.72%, RF got 85.32%,
GB got 84.71%, MNB got 77.66%, CNN got 80.36%, PA got 82.71%, RC got 84.44% and
LR got 85.60%. The visualization is shown in Figure 4.4.
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Figure 4.5: Experimental Results of Training and Testing time
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We considered the performances of algorithmic training and testing time. The highest time
was assumed for training is 0.74 second for BLSTM, ANN took 1.02 second and CNN
took 0.64 second. The visualization is shown in Figure 4.5.

Table 4.1: Details of the algorithms results

Algorithm Accuracy Precision Recall F-1 Score Tfasting T.raining
Time Time
BLSTM 77.01 77.33 77.01 76.97 0.74 202.99
ANN 82.84 82.88 82.84 82.78 1.02 252.08
CNN 80.42 80.49 80.42 80.36 0.64 198.09
LR 85.65 85.89 85.65 85.60 0.00 0.25
DT 76.20 79.24 76.20 76.75 0.08 9.00
RF 85.45 85.75 85.45 85.32 0.04 2.32
ABC 77.47 79.00 77.47 77.72 0.02 231
XGB 85.72 85.82 85.72 85.71 0.00 0.00
MNB 78.15 78.60 78.15 77.66 0.38 8.83
SVM 85.18 85.22 85.18 85.09 0.75 0.00
GB 84.65 84.89 84.65 84.71 0.02 44.76
PA 82.70 83.00 82.70 82.71 0.00 0.08
RC 84.51 84.83 84.51 84.44 0.00 0.11

Table 4.1 shows the overall evaluation result each algorithms. Here we also represent the

training and testing time for each algorithms.
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Figure 4.6: AUC-ROC Curve Analysis for CNN

Figure 4.6, CNN had multiple classes in target column. Here the graph was drawn for each

class.
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Figure 4.7: AUC-ROC Curve Analysis for BLSTM

Figure 4.7, BLSTM had multiple classes in target column. Here the graph was drawn for

each class.
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Logistic Regression ROC Curves
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Figure 4.8: AUC-ROC Curve Analysis of for LR

Figure 4.8, LR had multiple classes in target column. Here the graph was drawn for each

class.
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1.0 4
0.8 A
W
T 0.6
5o
[
2
g
3
a —— Class 0 (AUC = 0.89)
£ 041 R —— Class 1 (AUC = 0.94)
= e —— Class 2 (AUC = 0.88)
/’ —— Class 3 (AUC = 0.94)
e —— Class 4 (AUC = 0.93)
0.2 L —— Class 5 (AUC = 0.93)
R Class 6 (AUC = 0.93)
o —— Class 7 (AUC = 0.96)
.
P Class 8 (AUC = 0.90)
0.0 —-- Random
T T T . T .
0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

Figure 4.9: AUC-ROC Curve Analysis for DT

Figure 4.9, DT had multiple classes in target column. Here the graph was drawn for each

class.
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Figure 4.10: AUC-ROC Curve Analysis for RF

Figure 4.10, RF had multiple classes in target column. Here the graph was drawn for each

class.
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Figure 4.11, ABC had multiple classes in target column. Here the graph was drawn for

each class.
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Figure 4.11: AUC-ROC Curve Analysis for ABC
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XGBoost ROC Curves
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Figure 4.12: AUC-ROC Curve Analysis for XGB

Figure 4.12, XGB had multiple classes in target column. Here the graph was drawn for

each class.
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Figure 4.13, MNB had multiple classes in target column. Here the graph was drawn for

each class.
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Figure 4.13: AUC-ROC Curve Analysis for MNB
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SVM ROC Curves
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Figure 4.14: AUC-ROC Curve Analysis for SVM

Figure 4.14, SVM had multiple classes in target column. Here the graph was drawn for

each class.
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Figure 4.15: AUC-ROC Curve Analysis for ANN

Figure 4.15, ANN had multiple classes in target column. Here the graph was drawn for

each class.
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Figure 4.16: AUC-ROC Curve Analysis for GB

Figure 4.16, GB had multiple classes in target column. Here the graph was drawn for

each class
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Figure 4.17: AUC-ROC Curve Analysis for PA

Figure 4.17, PA had multiple classes in target column. Here the graph was drawn for each

class.
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Figure 4.

Figure 4.18, RC had multiple classes in target column. Here the graph was drawn for

each class.
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In this stage, we will elucidate the evaluative framework for our proposed model. Our

assessment criteria encompassed [22]. Within this study, we harnessed four distinct types
of algorithms, which included BLSTM, CNN, ANN, DT, GB, ABC, RF, SVC, XGB,
MNB, PA, RC and LR. Among these algorithms, the GB model demonstrated exceptional

performance, achieving an accuracy rate of 83.82%. The SVC also delivered impressive

results, with an accuracy rate of 83.50%. These high-performance outcomes were achieved

through the meticulous application of hyperparameter tuning, further enhancing the

robustness of our model.
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Chapter 5

IMPACT ON SOCIETY, ENVIRONMENT AND SUSTAINABILITY

5.1 Impact on Society

The impact of research abstract classification in the English language is profound,
encompassing various aspects. This process has detrimental effects on the systematic
organization of academic knowledge, leading to challenges in information retrieval,
comprehension, and scholarly advancement. Academic performance and educational
attainment are compromised, as researchers may experience difficulty navigating through
diverse abstracts, potentially hindering their ability to extract relevant information.
Scholarly relationships suffer, as individuals may find it challenging to connect with the
most pertinent research, resulting in feelings of academic isolation and limited
collaboration. Moreover, the reputation and visibility of scholarly works can be affected,
impacting their recognition within the academic and professional realms. The pervasive
challenge of abstract classification in the English language necessitates proactive measures
to enhance the organization, accessibility, and understanding of research abstracts, thereby

fostering a more efficient scholarly environment.
5.2 Impact on Environment

It is essential to specify that the ramifications of abstract classification predominantly
manifest in the digital realm rather than the physical environment. Nevertheless, the impact
of abstract classification on the online environment is significant. It establishes an
atmosphere that influences how abstracts are perceived, evaluated, and categorized. This
process can shape the digital discourse and the way scholarly information is accessed and
utilized. The effective implementation of abstract classification strategies is crucial for
promoting a positive online scholarly community, facilitating the efficient organization and
retrieval of information, and enhancing the overall accessibility and impact of academic

knowledge in the digital space.
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5.3 Ethical Aspects

Ethical considerations surrounding abstract classification in the English language are
crucial. It is essential to individuals involved in the research process, safeguarding their
personal information and sensitive data. Ethical guidelines must be followed when
collecting and analyzing academic abstracts, respecting the rights and consent of the
authors whose data is being utilized. Additionally, fairness and impartiality should be
upheld to avoid potential biases or stigmatization of certain research areas. Transparency
in the use of algorithms and models is necessary, allowing for scrutiny and accountability.
Ethical awareness and responsible practices are vital to ensure the well-being and rights of
all individuals impacted by abstract classification, while advancing the understanding and

organization of scholarly information in the English-speaking society.

5.4 Sustainability Plan

A sustainable approach to abstract classification in the English language involves long-
term strategies and measures to ensure ongoing effectiveness and impact. This includes
establishing collaborations with relevant stakeholders such as academic publishers,
research institutions, and scholarly organizations to implement awareness campaigns,
policies, and support systems. Continuous monitoring and evaluation of the classification
methods and algorithms are essential to adapt to evolving research topics and trends.
Regular updates and improvements to the classification model, incorporating user feedback
and advancements in technology, can enhance its accuracy and relevance. Additionally,
fostering a culture of academic integrity, resilience, and responsible research behavior
through education and awareness programs can contribute to sustainable organization
efforts and create a more robust and transparent scholarly environment for the English-

speaking community.
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Chapter 6

SUMMARY, CONCLUSION, RECOMMENDATION AND
IMPLICATION FOR FUTURE RESEARCH

6.1 Summary of the Study

This study concentrates on abstract classification using deep learning techniques for the
English language. The objective is to fill the research gap in abstract classification within
non-English contexts and specifically cater to the linguistic and cultural nuances of the
English-speaking community. The study aims to develop an effective model capable of
identifying instances of abstracts in English text, particularly in scholarly articles. The
study acknowledges the unique challenges associated with abstract classification in the
English language, including language-specific complexities and academic factors. The
outcomes of this research have the potential to contribute to the development of language-
specific tools, policies, and interventions to enhance the accuracy and relevance of abstract
classification, thereby fostering a more efficient and transparent scholarly environment for

individuals communicating in English.
6.2 Conclusions

In summary, this study on abstract classification using deep learning for the English
language offers valuable insights into addressing the prevalent challenge of abstract
classification in non-English contexts. By devising a deep learning model tailored for the
English language, the study takes into account the linguistic and cultural nuances that
influence abstract classification dynamics. The research underscores the significance of
language-specific methodologies and the efficacy of deep learning techniques, particularly
recurrent neural networks with LSTM cells, in accurately classifying abstracts in English
text. The study's findings fill a research gap on abstract classification detection in non-
English languages, emphasizing the necessity for inclusive approaches that cater to diverse
language communities. By concentrating on the English language, the study aims to

empower individuals communicating in English, ensuring they receive equitable attention
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and protection in abstract classification. The research outcomes have practical implications
for developing language-specific tools, policies, and interventions to enhance the accuracy
and relevance of abstract classification in the English-speaking community. The study
stresses the importance of ongoing monitoring, evaluation, and improvement of
classification models to adapt to evolving abstract classification tactics. Furthermore, it
underscores the significance of cultivating a culture of digital empathy, resilience, and
responsible online behavior through education and awareness programs. Overall, this study
establishes a foundation for future research and initiatives aimed at enhancing abstract
classification in non-English languages, emphasizing collaborative efforts among
researchers, policymakers, and educational institutions to create a more efficient and

transparent scholarly environment for individuals communicating in English.

6.3 Implication for Further Study

The implications for further study lie in the expansion and refinement of the developed
deep learning-based abstract classification model. Future research could explore the
extension of this approach to multilingual contexts, assessing its applicability to languages
beyond Bangla to enhance universality. Additionally, investigating the adaptability of the
model across diverse scientific domains would provide valuable insights into its robustness
and potential for cross-disciplinary application. These avenues for further study aim to
broaden the scope and effectiveness of automated abstract classification, contributing to
the development of more versatile and comprehensive systems for information

categorization and retrieval.
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