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ABSTRACT

Sentiment Analysis involves the process of identifying and classifying the underlying
opinion or attitude expressed in a piece of text, typically categorizing it as positive,
negative, or neutral. Aspect-based sentiment Analysis targets the extraction of
sentiments directed toward specific aspects within a review, offering more granular
insights than assigning a single sentiment to an entire text. Conventional methods
assign a single sentiment label to an entire review but often fail when the text contains
mixed opinions about different elements. Deep learning models emerged to address
this gap by learning contextual dependencies within sequences, offering improved
performance over rule-based approaches. However, despite their strengths, these
models often struggle to retain relevant information over long distances, leading to
issues such as diluted sentiment signals and reduced sensitivity to aspect-specific
content. To overcome these shortcomings, attention mechanisms were integrated to
help models focus on crucial sentiment-bearing tokens and better align input elements
with aspect terms. However, they still face challenges such as; a limited understanding
of complex multi-aspect sentiment where models often fail to accurately interpret
multiple opinions spread across different parts of a review, lack of aspect-specific
focus as many models treat all words uniformly missing critical phrases linked to
specific product features and loss of context in long sequences. A true experimental
research design was adopted in this study. The first objective was to compare four
deep learning models namely: Recurrent Neural Networks (RNN), Convolutional
Neural Network (CNN), Recursive Neural Network (RecNN), and Memory Network
(MN). The performance of these models on the SemEval Task 4 dataset was compared
without attention mechanisms and with attention mechanisms included. From the
performance comparison, RNN integrated with the attention mechanism recorded the
highest accuracy score of 84.7%. The second objective was to improve on the above
performance index by integrating pretrained multi-head attention and dual attention
mechanism into the RNN model, aiming at solving the reported limitations of deep
learning models in ABSA. The third objective was to evaluate the performance of the
improved model on the SemEval Task 4 and MAMS dataset. On the SemEval Task 4
and MAMS datasets, the improved model achieved accuracy scores of 89.1% and
88.5%, Fl-scores of 87.8% and 86.2%, precision scores of 89.6% and 87.3%, and
recall scores of 86.7% and 84.2%, respectively. These results indicate consistent
improvements across all standard classification metrics compared to the baseline RNN
+ Hierarchical Attention model. On average across both datasets, the improved model
recorded performance gains of 4.1% in accuracy, 3.8% in F1-score, 3.0% in precision,
and 4.5% in recall, highlighting the effectiveness of the applied enhancements in
improving sentiment classification. These findings demonstrate that the integration of
multi-head attention and dual attention mechanisms significantly improved the
classification of aspect-specific sentiments in aspect-based customer reviews. The
improved model can be deployed in e-commerce platforms, customer feedback
systems, and other domains that require detailed, aspect-level sentiment insights to
improve products and decision-making.
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CHAPTER ONE
INTRODUCTION

1.1 Background of the Study

User-generated content on various online platforms is increasing rapidly, offering
valuable insights that can significantly support decision-making processes. However,
the enormous amount of data available makes it very difficult to achieve accurate
information extraction [1], [2]. Many studies in Natural Language Processing have
focused on sentiment analysis as a means to sift through the mountain of user reviews.
Views, feelings, evaluations, attitudes, and emotions are just a few of the numerous
textual aspects that are investigated in the area of opinion mining, also known as
subjectivity analysis [3]. Data mining and information retrieval are the roots of the
term "opinion mining," which is often used to describe sentiment analysis [4]. The
primary goal is to ascertain the general public's stance on certain subjects. Recognizing
and categorizing ideas expressed in text as positive, negative, or neutral is an important

function of sentiment analysis.

Extensive research has emphasized the significant level of confidence that customers
have in reviews and remarks from unknown persons when considering purchasing
products or services. There have been many extensive statistical surveys and studies
conducted in the field of online customer feedback [5], [6]. The research provided in
[7] reveals that prospective consumers have a significant inclination to invest an
additional 31% of their expenditure towards items or services that have outstanding
ratings. Another research that highlights the importance of customer reviews is the
one in [8]. It shows that when given an option between two items, consumers aren't
inclined to choose the one with fewer reviews. As seen in [9], an outstanding 98% of
consumers are reluctant to acquire items that have little or no evaluations.
Furthermore, as explained in [10], when bad reviews appear, approximately 80% of
consumers rethink purchasing items that have been suggested to them by friends or

family.

Three main types of sentiment analysis are aspect-based, sentence-based, and
document-based [11], [12], [13]. Assuming all documents deal with the same subject,
the simplest method, Document-Based Sentiment Analysis, finds out whether the

whole document expresses a positive or negative review. Nevertheless, a more
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sophisticated examination is required when papers assess multiple entities since this

presumption falls short.

In Sentence-Based Sentiment Analysis, the goal is to discern whether individual
sentences express positive, negative, or neutral opinions about an entity, introducing
the concept of neutrality absent in document-based analysis [14],[15]. Like its
predecessor, it also presumes a single entity per sentence. Nonetheless, these first two
levels excel when documents or sentences revolve around a single entity. Conversely,
Aspect-Based Sentiment Analysis delves into the most granular level of analysis,
typically found in product reviews on platforms like Amazon, Yelp, or eBay [16],
[17]. It pertains to products with multifaceted attributes, like cars, cameras, and mobile

phones, where people express distinct opinions on various aspects of the entity.

To conduct sentiment analysis, one must first identify the quadruple (S, G, H, and T)
where S stands for sentiment, G for the entity that the sentiment is directed towards,
H for the person or thing expressing the sentiment, and T for the time stamp of the
sentiment expression [18], [19]. Identifying the sentiment-entity pair (S, G) is the
primary emphasis of most techniques. In this setting, the nature of the entity changes
depending on the area of application; for example, in product evaluations, the product

is usually the entity, and its features, such as quality and price, are aspects.

The goal of Aspect-Based Sentiment Analysis (ABSA) is to determine the general
feeling about something and then break it down into the feelings about its individual
parts. It becomes really important to have this level of detail when a popular product
has a lot of reviews and it's hard for people to read them all before buying [20], [21].
At the same time, after receiving client input, ABSA gives manufacturers extensive
insights to improve certain parts of their goods. "Powerful Engine for a Subaru but
High Maintenance Costs" is one such example as shown in Figure 1.1. The consumer
expresses satisfaction with the product's "strength" but strong disapproval of its

"maintenance cost" in this response.



Powerful [Engine] for a Subaru but High Maintenance Cost

Term: Engine Term: Maintenance
Category: Product Category: Service
Polarity: Positive Polarity: Negative

Figure 1.1: An Example of Aspect Level Classification

The journey of sentiment analysis began with rule-based systems that used hand-
crafted language rules and dictionaries to assign opinions to text [22]. These systems
worked well for basic sentences but failed when the text became more complex. They
couldn’t handle informal language, mixed opinions, or the deeper meaning behind
words. As data grew, researchers shifted to machine learning methods [23]. Tools like
Support Vector Machine (SVM) and Naive Bayes improved classification by learning
patterns from labelled data [24], [25]. However, these models relied heavily on manual
features and lacked the ability to understand context or detect multiple opinions in the

same review.

Later, deep learning brought a major shift by removing the need for hand-crafted
features. Models like Recurrent Neural Network (RNNs), Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTMs) helped capture word
sequences and hidden meanings better than earlier methods [26]. They improved
performance but had trouble with longer texts, often forgetting important details from
earlier parts of a sentence [27]. To solve this, attention mechanisms were introduced
to help models focus on key words or phrases [28], [29]. These mechanisms improved
how models captured aspect-level opinions in reviews. Still, some challenges remain.
Not all attention types are equally strong, and many models struggle to correctly
identify opinions linked to different product features [30]. This leaves room for better

solutions that combine deep learning with more refined attention techniques.



1.2 Problem Statement

Capturing sentiment in written text is essential for drawing meaningful insights from
customer reviews, feedback, and social media content. However, accurately detecting
sentiment becomes a challenge, especially when multiple or conflicting opinions
appear within the same text, leading to misclassification, which limits the reliability

of existing sentiment analysis approaches [31].

Over time, sentiment analysis has evolved. Early approaches relied on rule-based and
lexicon-driven methods, which were easy to implement but struggled with context and
ambiguity. Conventional machine learning techniques, such as SVMs and Naive
Bayes, improved performance by learning from data, yet they required extensive
feature engineering and still lacked deep contextual understanding. Deep learning
models were introduced to address conventional techniques challenges by
automatically learning features and capturing sequential patterns [34]. However, these
models often failed to retain key information across long sequences and treated all
parts of the text with equal weights, reducing their effectiveness in more complex

sentiment tasks [36].

To address deep learning limitations, attention mechanisms were integrated into deep
learning models, enabling them to focus on the most relevant parts of a sentence or
review. Even though this integration enhanced the performance of deep learning
models, they still struggle with aspect-based sentiment analysis, particularly when
sentiments are spread across different parts of a review or when multiple aspects are
included [45]. This struggle is manifested in the lack of aspect-specific focus, given
that these models treat all words uniformly, consequently missing critical phrases
linked to specific product features [42]. This results in the loss of context in long
sequences while such models struggle to retain relevant information when sentiments
span lengthy text [44]. These limitations show that the underlying problem is not fully
solved yet and that it still persists.

1.3 Research Objectives
1.3.1 General Objective
The general objective of this study was to develop an attention-based recurrent neural

network model for improved aspect-based sentiment analysis of customer reviews.



1.3.2 Specific Objectives
1.  To determine architectural features that can improve the performance of a
suitable deep learning for aspect-based sentiment analysis.
ii. To develop an improved deep learning model incorporating attention
mechanisms tailored for aspect-based sentiment analysis of customer reviews.
iii.  To evaluate the performance of the improved model on the aspect-based

sentiment analysis benchmark datasets.

1.4 Research Questions
1. What is the most suitable baseline model and which architectural features can

enhance deep learning performance in aspect-based sentiment analysis?

ii.  How can integrating various attention mechanisms improve the performance
of deep learning models for aspect-based sentiment analysis of customer
reviews?

iii.  How can the performance of the improved model be evaluated on the aspect-

based sentiment analysis benchmark datasets?

1.5 Significance of the Study

This study contributed to the ongoing development of advanced sentiment analysis
techniques by focusing on aspect-based sentiment analysis using deep learning. Its
core value lies in improving how customer opinions are understood and categorized
at a more detailed level, particularly when reviews cover multiple product features.
Businesses can benefit from this work by gaining more accurate insights into specific
aspects of their products or services, which supports informed decision-making, better

marketing strategies, and targeted product enhancements.

The study also delivered an improved model that provides value to researchers in
natural language processing by addressing key limitations in existing models such as
poor handling of long text, lack of aspect focus, and loss of contextual information
while demonstrating how enhancements like hierarchical and multi-head attention can
improve performance. The insights from this research can be extended to other
domains where a precise understanding of user feedback is essential, such as
healthcare, education, or finance, making it a significant contribution to both industry

and academic fields.



1.6 Scope of the Study

This study falls under the field of Natural Language Processing, a key area in Artificial
Intelligence. It focused on aspect-based sentiment analysis, using the SemEval task 4
and Multi-Aspect Multi-Sentiment datasets particularly the laptop reviews. From the
wide range of ABSA applications across different languages and domains, this
research specifically targeted customer opinions on product features, specifications,
and pricing. The study involved identifying suitable deep learning models through a
comparative study and improving them by incorporating multi-head attention, dual
attention mechanisms and the identified features. The improved model demonstrated
consistent gains in classification metrics - accuracy, precision, recall, and F1-score on
the benchmark datasets making it competitive with state-of-the-art systems. These
improvements have academic value in refining attention-based model design and
practical significance in supporting product feedback analysis, customer experience
optimization, and sentiment monitoring in e-commerce platforms. The model’s
architecture can be adapted for real-time or production-level deployment in industry

environments.

1.7 Limitations of the Study

This study relied exclusively on secondary data sources, specifically the SemEval
Task 4 and Multi-Aspect Multi-Sentiment datasets for training and evaluating the
model. These datasets are widely recognized in aspect-based sentiment analysis
research and provided a solid foundation for testing the proposed architecture.
However, the study did not involve collecting new data, which means the analysis was
based on predefined review samples. As a result, the study focused on improving
model performance within the scope of those datasets and did not explore additional

product categories or language variations that could be considered in future work.

1.8 Contributions of the Study
1. Theoretical Contributions to the Field of Knowledge
e Advancement of ABSA Models: This study enhances the theoretical
framework of aspect-based sentiment analysis (ABSA) by integrating
advanced attention mechanisms into deep learning models [include
the specific mechanisms from this study]. It provides empirical

evidence that attention-based architectures can better capture



sentiment nuances tied to specific aspects, contributing to the
understanding of model interpretability in NLP.

Feature Importance Insights: Through identifying and analysing
key features that impact model performance, the research offers
valuable insights into the role of linguistic and contextual elements in
sentiment analysis. This contributes to the broader theoretical
discourse on feature engineering in deep learning.

Interdisciplinary Integration: The study bridges theories from
computational linguistics, cognitive science, and marketing, fostering
interdisciplinary dialogue. This integration enriches the theoretical
landscape of sentiment analysis by emphasizing the importance of

context and human cognition in language processing.

2. Contributions to Practice

Enhanced Model Performance: The development of a robust,
attention-based model for ABSA directly benefits practitioners in
fields such as marketing, customer service, and product management.
Companies can leverage this model to gain deeper insights into
customer sentiments, leading to more informed decision-making.
Improved Customer Insights: Through accurately identifying
sentiments related to specific aspects of products or services,
businesses can tailor their strategies to address customer concerns,
improve product offerings, and enhance customer satisfaction.
Practical Model for Implementation: The study provides a clear
model for implementing advanced sentiment analysis models in real-
world applications, guiding practitioners on feature selection, model

training, and evaluation processes.

3. Contributions to Policy

Informed Decision-Making for Stakeholders: The findings can
inform policymakers and stakeholders about the potential of advanced
sentiment analysis tools in shaping customer engagement strategies.
Through understanding consumer sentiments, policies can be adapted

to better reflect public opinion and enhance service delivery.



¢ Guidelines for Ethical AI Use: The study highlights the importance
of ethical considerations in sentiment analysis, particularly regarding
data privacy and user consent. This contributes to the development of
guidelines for ethical Al practices in data collection and analysis,
influencing policy decisions in organizations.

e Regulatory Frameworks: As organizations increasingly rely on
sentiment analysis for decision-making, the study’s insights can
contribute to the formulation of regulatory frameworks that ensure

transparency and accountability in the use of Al technologies.

1.9 Organization of the Thesis

This thesis is organized into five chapters explained below:

Chapter one provides the background to the study, defines the research problem,
outlines the research objectives, highlights the significance of the study, and states the

scope, limitations, and contributions of the thesis.

Chapter two reviews existing literature on sentiment analysis, aspect-based sentiment
analysis, deep learning models, attention mechanisms, and identifies the gaps that this

study seeks to address.

Chapter three describes the research methodology, including the research design,
research process, dataset acquisition, data preprocessing steps, model development

process, experimental materials, and ethical considerations.

Chapter four presents the results obtained from the baseline models and the improved
model, and discusses the findings based on evaluation metrics such as accuracy,

precision, recall, and F1-score.

The fifth chapter provides the conclusions drawn from the study, gives
recommendations based on the findings, and suggests future research directions for

further improvements in aspect-based sentiment analysis.



CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This chapter presents a thorough review of scholarly works relevant to this study. It
begins by outlining the review strategy and structure, starting with convolutional
neural network (CNN) approaches, followed by recurrent neural networks (RNNs)
and their variants such as LSTMs and GRUSs, then recursive neural networks
(RecNNs), memory networks, and finally attention-based innovations [46], [47], [48],
[50]. The literature is organized chronologically and thematically to highlight the
evolution of deep learning techniques in sentiment analysis. Particular focus is placed
on models commonly applied in Aspect-Based Sentiment Analysis (ABSA),
examining how these have been adapted and improved to better handle aspect
detection and sentiment classification. Key enhancements to model architectures are
discussed, along with evaluation metrics widely used to assess ABSA performance.
The chapter concludes by identifying critical research gaps that the present study seeks

to address.

2.2 Methods Based on Convolutional Neural Networks (CNNs)
Convolutional Neural Networks have been widely adopted in ABSA due to their
efficiency in capturing local patterns within text as discussed in the following

subsections;

2.2.1 Convolutional Neural Networks

Convolutional Neural Networks first gained prominence in the field of computer
vision, where they transformed tasks like image recognition and classification [51],
[52]. However, starting around 2011, researchers in Natural Language Processing
began successfully applying CNNs to a range of language tasks, including sentiment
analysis, machine translation, and question answering [53], [54]. Unlike image-based
applications, CNN models in NLP work directly with text. To process textual data,
each input sentence is converted into a matrix format, where each row corresponds to
a word and each word is represented by a vector of fixed dimensions [55]. For
instance, consider the sentence: “Good for COVID-19 but mask material is
uncomfortable.” This sentence contains eight words, and if each word is mapped as a

five-dimensional vector, the input becomes an 8x5 matrix [49]. As illustrated in Figure
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2.1, a typical CNN model for NLP includes layers such as the input layer,
convolutional filters, max-over-time pooling, and a final SoftMax layer for
classification.

. Pooli
Convolutional f:y:'rg
Good Layer

Input

Fully

for Connected

COVID-19 |
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Neutral
Negative

but

mask

material
is
uncomfortable

Figure 2.1: CNN-based Model for Sentence Classification

The input layer transforms the sentence into a structured matrix, where each row
represents a word and each word is encoded as a k-dimensional vector. For a sentence
containing n words, the input matrix has dimensions nxk. This grid-like structure
allows the model to preserve the word order and maintain local context for each word

across the sentence.

The convolutional layer applies multiple filters over the input matrix using a sliding
window technique. Each filter has a window size of 4xk, where h defines how many
consecutive words are covered (height), and £ matches the dimensionality of each
word vector (width). The convolution operation produces a feature c¢; for every

window, calculated as:

¢; =S(W- Xpj4p—1 + b)

Here,

w is the filter’s weight matrix

X;.i+n—1 18 the concatenated vector of words from position i to i+hA-1
b is the bias term

s 1s a nonlinear activation function, such as tanh or ReLU

Sliding the filter across all positions in the sentence, we obtain a feature map:



c= [Cli C2y weey Cn—h+1]

This map highlights key local patterns captured from adjacent words. The pooling
layer condenses the feature map into a single representative value per feature, typically
using max-pooling. This operation selects the maximum value from each feature map,

ensuring the most salient feature is preserved:

¢ = max{cy,Cy, -, Cn_ns1}

This reduction step helps control model complexity, improve generalization, and
retain the strongest signals detected by the filters. Finally, the pooled features are
passed to a fully connected layer, which feeds into a SoftMax classifier. The SoftMax
function transforms the raw scores into normalized probabilities across the target

classes (e.g., Positive, Neutral, Negative):

Where;

z; s the score for class j
K 1s the total number of sentiment classes.

This layer outputs the model’s predicted sentiment category based on the highest
probability.

2.2.2 Deep Learning for Aspect-Based Sentiment Analysis

Bo Wang and Min Liu [56] proposed a deep learning framework for aspect-based
sentiment analysis that integrates two specialized models: one for aspect identification
and another for sentiment prediction. For the aspect model, they employed a two-layer
neural network using pretrained 300-dimensional Google News word embeddings to
represent each sentence, applying a softmax classifier to predict the probability
distribution over 19 aspect categories. Importantly, they reduced model complexity by
merging infrequent aspect categories into an “OTHER” class and introducing a
“NONE” label for sentences without any relevant aspect, allowing the system to

handle domain-specific variations in the laptop review dataset more effectively.
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The researchers moved beyond simple bag-of-words approaches by adopting a
convolutional neural network designed to work at the sentence level for sentiment
prediction. To connect aspects with their corresponding sentiments, they introduced
an innovative rescaling method where each word vector was adjusted according to its
relation to the targeted aspect, using parse-tree-based probabilistic propagation. Their
experiments on the SemEval-2015 dataset showed that the aspect model achieved an
F1 score of 0.513, outperforming the competition winners, while the sentiment model

achieved 78.3% accuracy, tying for second place.

Despite these successes, the study highlighted a key challenge tied to the lack of
aspect-specific focus: even with their sophisticated rescaling mechanism, the system
sometimes struggled to isolate and interpret sentiment cues accurately for each
individual aspect when reviews contained mixed or overlapping opinions. This
emphasized the need for further research into architectures capable of providing

stronger aspect-level discrimination in multi-aspect sentiment settings.

2.2.3 Combination of Convolutional Neural Network and Gated Recurrent Unit
for Aspect-Based Sentiment Analysis

Zhao et al. [57] explored the combination of Convolutional Neural Networks and
Gated Recurrent Units to improve aspect-based sentiment analysis. Their hybrid
model was designed to harness CNNs’ strengths in local pattern detection and GRUS’
ability to preserve sequential dependencies over time. The researchers initialized the
system using pretrained word2vec embeddings and carefully tuned hyperparameters,
achieving promising results across datasets from the automobile and hotel domains.
Their approach demonstrated notable improvements in emotion classification and
aspect extraction by leveraging CNNs to capture n-gram-level features and GRUs to

carry forward contextual signals across sentence boundaries.

An important methodological insight from their work was the sensitivity to word
embedding dimension. Zhao et al. reported that embedding sizes that were too small
led to underfitting, while overly large embeddings caused overfitting and increased
computational demands without improving accuracy. This emphasized the need for
careful balancing between representational richness and model complexity. The study

also raised the prospect of developing models that can process multiple aspects
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simultaneously, suggesting that future architectures might benefit from integrating

attention mechanisms or transformer-based structures.

Although the CNN-GRU model marked progress in achieving 83.6% on the Area
Under the Curve, it still faced clear limitations, particularly in terms of limited
understanding of complex context and multi-aspect sentiment. Despite combining
CNNs and GRUs, the model struggled to capture distant sentiment signals spread
across lengthy or multifaceted reviews. This limitation meant that when faced with
texts containing multiple intertwined opinions, the model risked missing important
relationships between aspects, leading to incomplete or imprecise sentiment

classification.

2.2.4 Ensemble deep learning for aspect-based sentiment analysis

Mohammadi and Shaverizade [58] introduced an innovative approach to aspect-based
sentiment analysis using deep ensemble learning. Their study began by independently
constructing four distinct deep learning models: Gated Recurrent Units, Long Short-
Term Memory networks, Bidirectional LSTM, and Convolutional Neural Networks.
The novelty of their work lay in employing a stacking ensemble method, where the
outputs of these individual models were merged, and a logistic regression layer served
as the meta-learner to produce the final predictions. This approach was rigorously
tested on datasets from the laptop and restaurant domains. To ensure robust training,
the authors applied early stopping to all models, preventing overfitting during the 30
training epochs executed with a batch size of 32. Performance comparisons were
drawn against baseline classifiers such as standalone CNN, BiLSTM, LSTM, GRU,

and other simpler models.

While the ensemble approach delivered improved precision reaching about 69.3% on
the Restaurant Dataset and 67.5% on the Laptop Dataset the results revealed that the
GRU component consistently underperformed compared to the others. Additionally,
the memory-based models in the ensemble encountered notable difficulties when
tasked with handling reviews where the sequence of sentences changed, which
impaired their ability to trace sentiment relationships between different aspects. This
limitation aligns directly with the loss of context in long sequences challenge, as the
models struggled to maintain accurate sentiment interpretations when key contextual

cues spanned across reordered or extended sentence structures. The findings suggested
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that, despite the ensemble’s promising design, further enhancements were necessary
to strengthen its capacity to retain and interpret sentiment cues over complex, multi-

sentence inputs.

2.2.5 Interactive Attention-Based Convolutional GRU for Aspect Level
Sentiment Analysis

Chen et al. [59] introduced the Interactive Attention-Based Convolutional
Bidirectional Gated Recurrent Unit model, offering a sophisticated blend of recurrent
and convolutional architectures for aspect-level sentiment analysis. The model
integrated RNN-based sequence modelling with CNN-driven feature extraction while
embedding a bidirectional GRU within the convolutional framework to enhance the
depth of contextual understanding. A key innovation of the IAC-GRU approach was
its use of positional and Part-of-Speech information within the embedding layer,
allowing the system to treat each target (or aspect) independently and with greater
sensitivity to syntactic and positional cues. These enhancements resulted in improved
sentiment classification performance of 76.2%, particularly when compared to earlier

standalone models, positioning IAC-GRU as a promising step forward in the field.

Despite its achievements, the IAC-GRU model exhibited a notable limitation tied to
the lack of aspect-specific focus. While the model succeeded in improving general
sentiment prediction, it did not fully resolve the challenge of distinguishing which
sentiment phrases corresponded to which specific product aspects. This gap became
apparent in scenarios involving multi-aspect reviews, where overlapping or interacting
sentiments required fine-grained, aspect-sensitive interpretation. Although the model
enhanced overall accuracy, it fell short of providing the targeted, aspect-level attention
necessary for precise opinion extraction, especially when multiple product features
were discussed within the same review. Addressing this shortcoming calls for more
refined architectures capable of assigning differentiated importance to words or
phrases depending on the targeted aspect an objective that the present research tackled

by incorporating advanced hierarchical and multi-head attention mechanisms.
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2.2.6 Aspect-Based Sentiment Analysis of Mobile Phone Reviews Using Deep
CNN, LSTM, and Fuzzy Logic

Murugaiyan and Reddy [60] presented a hybrid framework combining Deep
Convolutional Neural Networks, Bidirectional Long Short-Term Memory networks
(BiLSTM), and fuzzy IF-THEN rule-based logic to perform aspect-based sentiment
analysis of mobile phone reviews. Their system processed both audio and text data by
first extracting Mel Frequency Cepstral Coefficients from customer speech inputs,
followed by DCNN-based emotion recognition, and finally using BiILSTM to identify
the relevant product aspects, such as battery life or display quality. The fuzzy logic
module then classified the sentiment linked to each aspect as positive, negative, or
neutral. This combination allowed the system to harness the strengths of deep learning
models for feature extraction and sequence modelling while leveraging the
interpretability of fuzzy logic for final decision-making. The authors tested their
system on benchmark datasets like RAVDESS, SAVEE, EMO-DB, and IEMOCAP
and reported impressive classification accuracy that often surpassed the performance

of existing models.

Despite these advances, the study faced notable constraints related to its reliance on
predefined fuzzy rules, which limits the model’s flexibility when applied to reviews
containing multiple, layered opinions. While the fuzzy IF-THEN system provided
clarity and interpretability, it struggled to handle cases where sentiments about
different aspects were spread across several sentences or expressed in more complex
linguistic patterns. Additionally, the architecture’s dependence on BiLSTM for aspect
detection did not fully resolve the challenge of recognizing relationships between
distant words or sentences, particularly when opinions shifted between multiple
product features within the same review. This makes the system vulnerable to
incomplete or inaccurate sentiment classification, especially in settings where user

feedback is rich, detailed, and interwoven with mixed evaluations of various aspects.

The key shortcoming identified here aligns with the challenge of limited
understanding of complex context and multi-aspect sentiment. While the hybrid
approach improved baseline performance, it did not offer a robust solution for
capturing the intricate links between multiple sentiments and aspects in long or

detailed reviews. This highlights a critical gap in the architecture, as it lacked
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mechanisms like hierarchical or multi-head attention that could enable the model to
dynamically weigh different parts of the input when analysing sentiment relationships.
Addressing this weakness is essential for developing models that not only improve
classification metrics but also provide a more accurate and nuanced understanding of

customer feedback.

2.3 Methods Based on Recurrent Neural Networks

Recurrent Neural Networks have gained popularity in ABSA due to their ability to
model the sequential nature of language, where sentiment often unfolds over time. As
discussed in the following subsections, RNN variant such as LSTM was developed to

address the limitations of basic RNN by preserving contextual information.

2.3.1 Recurrent Neural Networks

RNNSs have played a foundational role in the development of aspect-based sentiment
analysis by offering a way to model sequential data with dependencies across time or
word positions [61]. Unlike feedforward networks, RNNs are designed to handle
inputs where the current output depends not only on the present input but also on

previous computations [62]. A sample RNN structure is shown in Figure 2.2.
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Figure 2.2: Basic RNN Structure

As illustrated in Figure 2.2, the RNN architecture consists of a looping structure where
the hidden state at time step ¢, denoted as s;, 1s computed based on the current input x;
and the hidden state from the previous step s,—;. Mathematically, this can be expressed

as:

se = f(Uxy + Wse_q)

Where;
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U and W are weight matrices
f'is a nonlinear activation function such as tanh or ReLU.

This recursive formulation allows the network to "remember" information from earlier
parts of a sequence, making it particularly useful for tasks like sentiment analysis
where the meaning of a phrase often depends on its context within the sentence.
Despite their usefulness, standard RNNs face challenges when applied to longer text
sequences due to the problem of vanishing or exploding gradients, which weakens
their ability to capture long-range dependencies. To produce meaningful outputs, the

RNN computes an output o at each time step, typically as:

o = g(Vsy)
Where;

V' is the output weight matrix
g is an activation function suited for the task, often softmax for classification.

In ABSA, this enables the model to make predictions about sentiment at each aspect-
relevant position in the text. However, the limitations of standard RNNs have led
researchers to explore advanced variants like Long Short-Term Memory Networks
and Gated Recurrent Units, which introduce gating mechanisms to better manage the
flow of information over extended sequences setting the stage for further

improvements.

2.3.2 Effect of Epoch Value on RNN-LSTM Performance for Sentiment Analysis
Maswan Pratama Putra and Yuliant Sibaroni [63] investigated how varying the epoch
value affects the performance of an RNN-LSTM model in classifying sentiment from
Lazada e-commerce reviews. They gathered over 5,900 Indonesian-language user
reviews using automated crawling tools and manually labelled the dataset into positive
and negative categories. Before feeding the data into the model, they applied two
feature extraction techniques: Term Frequency—Inverse Document Frequency and
Word2Vec embeddings, which transformed raw textual input into numerical vectors
suitable for deep learning. The RNN-LSTM model, known for its ability to capture

sequential dependencies through specialized memory gates, was then trained under

17



different configurations to determine which settings maximized performance. A

sample TFIDF formula used is shown below.

TF-IDF(t,d) = TF(t,d) x log (DFI'V(t))

The formula computes the importance of term ¢ in document d,
Where;

N is the total number of documents
DF (1) is the number of documents containing z.

Their experiments revealed that the combination of five training epochs, a dropout rate
of 0.8, and a batch size of 32 produced the highest accuracy, reaching 86.18%.
Importantly, this configuration balanced the precision, recall, and F1 scores,
demonstrating the model’s ability to consistently classify e-commerce reviews across
both sentiment classes. The authors emphasized that the LSTM’s design, which allows
it to preserve long-term dependencies better than a vanilla RNN, was central to
achieving these strong results. However, they also acknowledged that further
hyperparameter tuning and experimentation were essential to push the model toward

even higher performance, especially on larger or more diverse datasets.

Despite these promising outcomes, the study highlighted a persistent challenge
connected to loss of context in long sequences. Specifically, the authors observed
performance drops when the reviews contained words or expressions not well
represented by the pretrained Word2Vec embeddings. This mismatch affected the
LSTM’s ability to maintain accurate sentiment tracking over extended texts,
particularly when critical context was dispersed across multiple sentences or
paragraphs. These findings underscored that, beyond parameter tuning, effective
ABSA requires models that can dynamically adjust to shifting vocabularies and
sustain contextual awareness over long passages a limitation this research sought to

address through advanced attention-based improvements.

2.3.3 Aspect-Based Sentiment Analysis of Customer Reviews in E-Commerce
In their recent study, Emmanuel Chris et al. [64] conducted an in-depth investigation

into how aspect-based sentiment analysis can be effectively applied to customer
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reviews within e-commerce platforms. The authors emphasized the importance of
moving beyond simple positive or negative classifications by implementing fine-
grained analyses that separate sentiments for specific product aspects, such as camera
quality, battery life, or delivery experience. To achieve this, the study leveraged
recurrent neural networks, particularly long short-term memory architectures, to
process the sequential nature of text data, making it possible to detect contextual

relationships across words and identify sentiment polarity for each detected aspect.

The authors designed their model pipeline with three major components: aspect
extraction, sentiment classification, and opinion polarity detection. They used
dependency parsing and named entity recognition methods for precise extraction of
opinion targets and applied LSTM-based models for sentiment classification. Their
results demonstrated that RNN-based models offered superior contextual
understanding compared to traditional machine learning classifiers. However, the
study also acknowledged the challenge of implicitly expressed aspects, where features
like “battery life” are hinted at without being explicitly mentioned, indicating that

further refinements are required to improve implicit aspect detection accuracy.

Notably, the paper raised concerns about the model’s limited ability to capture long-
range dependencies when multiple aspects were dispersed across lengthy reviews.
This aligns with one of the challenges identified in this research - the problem of losing
important context in long sequences, especially when RNNs encounter difficulty in
maintaining the necessary memory of earlier tokens. Addressing this limitation is
critical for ensuring accurate sentiment analysis across multiple aspects, particularly

when the relationships between sentences span several product features.

2.3.4 Sentiment Analysis Using Bidirectional Deep Recurrent Neural Networks
(SA-BDRNN)

Dr. Muthusankar et al. [65] proposed a sentiment analysis framework called SA-
BDRNN (Sentiment Analysis—Bidirectional Deep Recurrent Neural Networks)
designed to handle large-scale social media data and assess public opinion. This
system was structured into four main stages: constructing sentiment word repositories,
classifying emotional behaviour using BDRNN, balancing extended words, and
predicting sentiment polarity. Their work uniquely incorporated a reduced, carefully

selected set of hashtags, refined through tokenization, stemming, and filtering, to build
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an annotated repository capable of capturing refined sentiments linked to topics like
the Jallikattu protests. Compared to earlier frameworks like CNN-DLSA, AC-CNN-
SA, and TSA-DNNM, the SA-BDRNN scheme showed superior accuracy, precision,
recall, F-measure, and lower loss rates, thanks to its tailored preprocessing and robust

BDRNN architecture.

The proposed model utilized both forward and backward hidden layers to capture past
and future contexts simultaneously, making it highly effective for sequential text tasks.
Key system components included balancing of class weights, calculating the degree
of polarity and impact, and aggregating these to produce a reliable final sentiment
rating. The study’s experiments, which processed over 3.2 million tweets,
demonstrated consistent performance improvements across metrics such as MAE,
RMSE, Kappa statistics, and true positive rate. These gains highlighted the importance
of integrating detailed linguistic preprocessing and bidirectional architectures in real-

time social media sentiment analysis pipelines.

Despite these achievements, the study implicitly pointed to the challenge of lack of
aspect-specific focus. The SA-BDRNN system emphasized overall sentiment polarity
across posts but did not explicitly differentiate between sentiments related to
individual aspects or features within complex multi-aspect reviews. Without targeted
aspect-level separation, the framework risks aggregating distinct sentiments into a
single rating, potentially overlooking critical fine-grained insights essential for

applications like product feedback or multi-feature analysis.

2.4 Methods Based on Recursive Neural Network

Recursive Neural Networks have gained traction in ABSA due to their strength in
capturing the compositional structure of language, making them well-suited for
modelling syntactic relationships. As discussed in the following subsections, their
integration with recurrent architectures has opened promising avenues for combining

hierarchical and sequential information in aspect-level sentiment modelling.

2.4.1 Recursive Neural Network
Recursive Neural Networks have emerged as powerful tools in aspect-based sentiment
analysis due to their ability to capture hierarchical structures and compositional

semantics within text [66]. Unlike recurrent models that process sequences linearly,
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RecNNs operate over syntactic parse trees, enabling them to model how smaller
linguistic units combine to form higher-level meanings. This makes them particularly
effective in handling complex sentence constructions, such as negations, clauses, and
nested opinions, which are often critical for correctly identifying sentiment at the
aspect level. Recent research has explored combining RecNNs with other
architectures, such as RNNs or attention mechanisms, to leverage both syntactic and
sequential information, paving the way for more robust and fine-grained sentiment

analysis models.

2.4.2 Combination of Recursive and Recurrent Neural Networks for Aspect-
Based Sentiment Analysis

The study by Aydin and Giingdr [66] introduces a novel ensemble framework that
integrates Recursive Neural Networks and Recurrent Neural Networks to enhance
aspect-based sentiment analysis. Recognizing that RNNs, particularly Gated
Recurrent Units, are strong at modelling temporal sequences but lack syntactic
understanding, the authors incorporated RecNNs to capture grammatical structures by
parsing reviews into syntactic trees. By breaking down reviews into smaller
subreviews centred on specific aspect terms and training recursive models on these
structures, the framework ensures that each aspect’s sentiment is accurately extracted
before being passed to the recurrent layer. This dual approach allows the system to

utilize both sequence information and tree-based hierarchical sentiment cues.

The research leveraged datasets from the SemEval-2014 Task 4 challenge, focusing
on the restaurant and laptop domains. Experimental results showed that this combined
model outperformed standalone RNNs and RecNNs, demonstrating a 1.6%
improvement on average in classification accuracy. The recursive component was
particularly effective when rooted embeddings were used, which encapsulated the
entire sentiment flow of the sub reviews. Furthermore, the use of both constituency
and dependency parsers enabled the model to handle complex linguistic phenomena
such as negations and contrastive conjunctions. The ensemble method was shown to
generalize well across both single-aspect and multi-aspect reviews, confirming its

robustness in diverse evaluation settings.

Despite its strengths, the study exposes a remaining challenge: the difficulty of

harmonizing the syntactic information from recursive modules with the temporal
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dynamics modelled by recurrent layers. Specifically, inconsistencies arise when
combining gold-standard labels with sentiment lexicon scores, sometimes leading to
sentiment ambiguities at the word level. This highlights the broader limitation of
current hybrid neural architectures in seamlessly integrating hierarchical and
sequential representations, especially when dealing with long-range dependencies and

aspect interactions.

2.5 Advancements to Deep Learning Models

Recent advancements in deep learning have significantly enhanced aspect-based
sentiment analysis by introducing models capable of learning contextual and semantic
representations automatically. This section outlines several improved architectures—
such as CNN-BILSTM with attention, AF-LSTM, Sentic LSTM, and GRU-based
hybrids.

2.5.1 Aspect-Level Sentiment Analysis Using CNN, Bi-LSTM, and Attention
Mechanism

Aspect-based sentiment analysis has advanced considerably, largely driven by
innovations in deep learning architectures [67]. Lin and Najafabadi [68] proposed a
deep learning architecture that integrates Convolutional Neural Networks,
Bidirectional Long Short-Term Memory (Bi-LSTM) networks, and attention
mechanisms to enhance aspect-level sentiment analysis. Their work aimed to tackle
the persistent challenge of modelling long-range dependencies within customer
reviews, recognizing that traditional models often fail to capture sentiment
relationships between words or phrases located far apart in a text. By incorporating
Bi-LSTM layers, the model processes information in both forward and backward
directions, allowing it to retain context from surrounding words and improving its
sensitivity to sentiment cues dispersed across a sentence or document. The attention
mechanism further refines this process by directing the model’s focus toward key
phrases that carry sentiment relevance for specific aspects. This combination of CNNs
for local feature extraction, Bi-LSTM for sequential context, and attention for
selective focus represents an important advancement in refining sentiment analysis at

the aspect level.

Despite these innovations, the study highlighted ongoing limitations, particularly

concerning the model’s capacity to maintain context over long sequences. While the
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attention mechanism successfully emphasizes critical words within a sentence, its
effectiveness varied across different datasets and domains. This inconsistency was
more pronounced when applied to multilingual or domain-specific texts, where
linguistic variations and specialized vocabulary posed additional challenges. The Bi-
LSTM component, although designed to handle sequential data, still faced difficulties
in capturing intricate dependencies that span multiple sentences. Consequently, the
model occasionally misclassified sentiments when opinions evolved gradually or

when sentiment expressions extended across different parts of a review.

These findings underscore a central challenge relevant to this research: the loss of
context in long sequences. Even with the combined strengths of CNNs, Bi-LSTMs,
and attention mechanisms, the architecture struggled to sustain coherent sentiment
tracking in complex, multi-sentence customer reviews. This limitation suggests that
further architectural improvements may be necessary to enhance the model’s ability
to handle lengthy and complex feedback. Addressing this issue is critical for
developing more robust sentiment analysis systems that can reliably interpret the

evolving sentiments embedded within extended customer narratives.

2.5.2 Learning to Attend via Word-Aspect Associative Fusion for Aspect-Based
Sentiment Analysis

The Aspect Fusion LSTM (AF-LSTM) model, introduced by Chen et al. [69], presents
an innovative method for improving how neural networks process aspect information
in sentiment analysis. Rather than relying on simple concatenation of aspect and word
embeddings, AF-LSTM employs a more sophisticated mechanism that enhances the
model’s capacity to capture the relationship between aspect terms and surrounding
words within a sentence. Central to this approach is an attention mechanism that
incorporates circular convolution and circular correlation, allowing the model to
compute deeper interactions between aspect targets and contextual words. By applying
these advanced operations, AF-LSTM increases the model’s flexibility and
connectedness, making it more effective at interpreting the intricate dynamics between
different parts of a phrase a critical step toward improving aspect-level sentiment

classification.

The authors evaluated AF-LSTM using well-established benchmarks, including the
SemEval 2014 Task 4 and SemEval 2015 Task 12 datasets. Specifically, the SemEval
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2014 Laptops and Restaurants datasets were used for aspect term classification, while
a merged dataset from SemEval 2014 and 2015 supported aspect category
classification. Their findings showed that AF-LSTM improved performance over
baseline models, particularly when attention was directed toward the target aspect by
averaging contextual attention scores. This focus enabled the model to prioritize
sentiment cues near the aspect term, improving the accuracy of sentiment

classification for specific features in customer reviews.

However, despite these advancements, the study revealed that AF-LSTM still faced
challenges in managing loss of context in long. While the model excelled at capturing
local interactions, its effectiveness diminished in sentences containing multiple
aspects or where sentiment clues were distributed across extended passages. This
limitation underscores the need for further improvements to extend the model’s

contextual memory and sustain sentiment tracking across longer sequences.

2.5.3 Targeted Aspect-Based Sentiment Analysis via Embedding Commonsense
Knowledge into an Attentive LSTM

Researchers in the study by Zhang et al. [70] proposed an enhanced LSTM-based
framework that integrates commonsense knowledge into a hierarchical attention
mechanism for targeted aspect-based sentiment analysis. Their approach aimed to
improve the model’s ability to capture sentiments directed toward specific aspects
within a review by combining both target-level and sentence-level attention layers. To
further enrich the semantic representation of input text, they introduced Sentic LSTM,
a variant of the traditional LSTM that allows commonsense knowledge to be
embedded into the recurrent encoder. This integration provided the model with
external conceptual understanding, enabling it to better infer implicit sentiment

connections that might not be explicitly stated in the text.

The model was evaluated on two publicly available benchmark datasets, where it
consistently outperformed baseline approaches in sentiment classification accuracy
for targeted aspects. The hierarchical attention structure played a critical role in
guiding the model to focus not only on words surrounding the target aspect but also
on the broader sentence-level context. By leveraging both commonsense information

and attention-based weighting, the model demonstrated improved capability in
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identifying nuanced sentiment expressions related to different product features within

a single review.

Despite these improvements, the study acknowledged a persistent limitation linked to
a lack of aspect-specific focus. The aspect-level attention mechanism, although
effective in many cases, proved difficult to train because it primarily relied on self-
attention without adequately modelling the dependencies and interactions between
multiple aspects within the same sentence. This shortcoming increased the risk of
overlooking important sentiment cues tied to related aspects, especially in reviews

discussing several features at once.

2.5.4 Aspect-Based Sentiment Analysis Using Attention Mechanism and Gated
Recurrent Network

The study by Prabha et al. proposed an innovative approach for aspect-based sentiment
analysis by integrating bidirectional Long Short-Term Memory, multiple attention
mechanisms, and Gated Recurrent Units to address limitations in previous models
[71]. Their architecture aimed to overcome the challenge of capturing sentiments
when the target aspect and its sentiment expressions are not in close proximity within
a sentence a common difficulty in real-world reviews. By leveraging position-
weighted memory, the model assigned higher importance to sentiment words near the
aspect, while applying multiple attention mechanisms to focus on the most relevant
context. The output from the attention layers was non-linearly combined through a
GRU, enabling the model to effectively aggregate critical information before

sentiment classification via a softmax layer.

The experimental evaluation was conducted on the SemEval 2014 restaurant review
dataset, where the proposed model achieved an accuracy of 81.23%, outperforming
baseline methods like Support Vector Machine (80.16%), ATAE-LSTM (77.2%), and
MemNet (80.95%). This superior performance was attributed to the combination of
multiple attention mechanisms and GRU, which enhanced the model’s ability to
handle complex sentences with multiple aspects and polarities. The study further
demonstrated the benefits of fine-tuning hyperparameters such as batch size, learning
rate, and number of attention hops, showing improvements in predictive accuracy with

higher epoch counts and optimized configurations.
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Despite its notable advancements, the study highlighted that the model still inherits
some limitations, particularly in handling more granular sentiment classifications
beyond the traditional positive, neutral, and negative labels. Additionally, the
framework relies heavily on predefined hyperparameter tuning, which may limit

adaptability across diverse datasets and domains.

2.5.5 Positionless Aspect-Based Sentiment Analysis Using Attention

In their study, Yadav et al. (2021) proposed a novel approach to aspect-based
sentiment analysis that eliminates the need for traditional positional embeddings,
which are commonly used to represent the relationship between aspect words and their
context [72]. The authors designed a simpler preprocessing method by replacing
sentiment-carrying words using an opinion lexicon and masking the aspect word with
a common token. This approach reduced the model’s complexity while preserving
essential positional information through pattern learning. They implemented a dual-
input architecture using two Bidirectional GRU networks with attention layers: one
for the original sentence embedding and another for the masked aspect embedding.
Their experiments, conducted on standard SemEval datasets, demonstrated that the
model achieved competitive or superior accuracy compared to state-of-the-art models

that relied on complex positional embeddings and architectures.

Despite the innovation of using masking and lexicon replacement to implicitly capture
positional cues, the model still faces challenges in accurately distinguishing neutral
sentiments, as highlighted by their confusion matrix analysis. The system tends to
misclassify neutral cases, likely due to its reliance on sentiment-bearing tokens like
"positive" and "negative," which may overshadow more refined expressions of

neutrality.

2.5.6 Hyperparameter Optimization in Deep Learning Models

Hyperparameter optimization plays a crucial role in enhancing the performance of
deep learning models used in aspect-based sentiment analysis [73]. Every deep
learning model depends on a set of hyperparameters that guide its learning process,
including learning rate, batch size, number of hidden units, dropout rates, and
sequence length. Finding the right combination of these hyperparameters can

significantly influence the model’s ability to generalize and make accurate predictions,
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especially in complex tasks like ABSA, where multiple aspects and sentiments may

coexist in a single review.

In research focused on ABSA, several approaches have been explored to optimize
hyperparameters. A commonly used strategy is to adjust these values manually
through trial and error, relying on the researcher’s familiarity with the model and
dataset [74]. Although this approach can sometimes produce satisfactory results, it is
often laborious and may overlook better-performing configurations due to its reliance
on subjective judgment and limited testing cycles. To address these shortcomings,
more systematic approaches have been adopted in the literature, aiming to explore the

hyperparameter space more thoroughly and efficiently.

Techniques such as grid search and random search have been widely applied in deep
learning research to automate hyperparameter selection. Grid search tests all possible
combinations within a predefined range, ensuring no configuration is missed within
that grid, whereas random search selects random combinations, potentially covering
broader areas of the hyperparameter space with fewer trials. Both approaches have
been effectively used in sentiment analysis studies, offering structured ways to test

different settings under controlled experimental conditions.

In recent studies, more advanced methods such as Bayesian optimization and gradient-
based tuning have been employed to tackle the complexity of hyperparameter
selection in deep learning models for ABSA. Bayesian optimization applies
probabilistic models to prioritize testing of configurations that are likely to perform
well, reducing unnecessary evaluations and saving computational resources. Gradient-
based tuning treats certain hyperparameters as trainable parameters, allowing them to
be adjusted dynamically during the training process [75]. These techniques have been
credited for improving model performance without incurring the high computational

cost associated with exhaustive searches.

Despite these advances, hyperparameter optimization remains a challenging aspect of
deep learning for ABSA. Large models dealing with long reviews and multiple aspects
often face intricate trade-offs between computational efficiency and predictive
accuracy. Optimizing hyperparameters in such settings requires careful balancing to

avoid overfitting to specific aspects or losing context in lengthy input sequences.
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Researchers have increasingly recommended hybrid approaches that blend different
optimization strategies or apply them selectively at various stages of model training to

overcome these challenges.

2.6 Evaluation Metrics

Evaluation metrics play a vital role in the literature on aspect-based sentiment analysis
by providing standardized methods for measuring model performance. Core metrics
such as accuracy, precision, recall, and F1-score are commonly used to evaluate how
well models classify aspect-level sentiments, while additional metrics including
macro, micro, and weighted averages, confusion matrices, and aspect detection
accuracy - offer deeper insights into classification reliability and model behaviour

across varied sentiment classes.

2.6.1 Accuracy

Accuracy is one of the most fundamental and widely used evaluation metrics in
machine learning and natural language processing tasks, including aspect-based
sentiment analysis of customer reviews [81]. It measures the proportion of correct
predictions made by a model out of all predictions. In the context of ABSA, accuracy
quantifies how many aspect-level sentiment predictions (positive, negative, neutral)
were correctly classified by the model relative to the total number of aspect-sentiment
pairs evaluated [77]. This metric offers a straightforward assessment of a model’s

overall correctness in handling sentiment classification across multiple aspects.

Mathematically, accuracy is calculated by dividing the number of correctly predicted
instances by the total number of predictions made. It can be expressed using the

following formula:

TP+TN
TP+TN+ FP +FN

Accuracy =

Where:

TP = True Positives (correctly predicted positive sentiments)

TN = True Negatives (correctly predicted negative sentiments)
FP = False Positives (incorrectly predicted positive sentiments)
FN = False Negatives (incorrectly predicted negative sentiments)
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In sentiment analysis research, accuracy has been extensively adopted as a baseline
metric for evaluating classification models. Several studies in ABSA literature have
reported accuracy scores to compare the effectiveness of various deep learning
architectures. For instance, research utilizing recurrent neural networks, convolutional
neural networks, and attention-based models consistently reported accuracy alongside

other metrics to benchmark improvements in aspect-level sentiment classification.

2.6.2 Precision

Precision is a widely used evaluation metric in classification tasks, particularly in
aspect-based sentiment analysis, where it measures the correctness of positive
predictions. Specifically, precision quantifies the proportion of true positive
predictions out of all instances that the model predicted as positive [77]. In the context
of ABSA, precision reflects how accurately the model identifies positive sentiments
for a given aspect without mistakenly labelling neutral or negative sentiments as
positive. High precision indicates that the model makes few false positive errors,
which is particularly important in applications where incorrectly classifying sentiment

as positive could lead to misleading interpretations of customer feedback.

The mathematical formula for precision is defined as follows:

TP

P .. _
reCision —TP T FP

Where:

TP = True Positives (correctly predicted positive sentiments)

FP = False Positives (incorrectly predicted positive sentiments)
In sentiment analysis literature, precision has been extensively adopted to evaluate the
accuracy of models in detecting specific sentiment classes. Several studies on ABSA
have reported precision alongside recall and F1-score to provide a balanced evaluation
of model performance [77], [82]. Researchers have used precision to assess how well
deep learning models such as convolutional neural networks, recurrent neural
networks, and attention-based architectures minimize false positive classifications

when predicting aspect-level sentiment. Precision is often analysed in conjunction
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with recall to capture both the selectivity and completeness of a model’s predictions,

allowing for a more refined interpretation of classification outcomes.

2.6.3 Recall

Recall is an essential evaluation metric in classification tasks, particularly in aspect-
based sentiment analysis, as it measures the model’s ability to correctly identify all
relevant instances of a sentiment class [77]. In the context of ABSA, recall represents
the proportion of true positive predictions out of all actual positive instances for a
given aspect. A high recall score indicates that the model successfully captured most
of the positive sentiments expressed toward an aspect, minimizing false negatives.
This metric is critical in applications were failing to detect positive sentiments could
result in overlooked customer satisfaction insights or missed opportunities for product

improvement.

The mathematical expression for recall is given by:

TP

Recall = ————
= TP L FN

Where:

TP = True Positives (correctly predicted positive sentiments)

FN = False Negatives (positive sentiments incorrectly classified as negative
or neutral)

In ABSA literature, recall has been frequently reported alongside precision to evaluate
the completeness of a model’s sentiment classification [81]. Researchers have used
recall to assess how effectively deep learning models, including RNNs, CNNs, and
attention-based frameworks, identify all relevant sentiments associated with different
aspects in customer reviews. This metric plays a pivotal role in determining the
sensitivity of a model, particularly in scenarios involving multiple aspects with
varying sentiment polarities, where missing a sentiment can distort the overall

interpretation of customer opinions.

2.6.4 F1-Score
F1-Score is a widely adopted evaluation metric in classification tasks, particularly

valuable in aspect-based sentiment analysis, as it provides a balance between precision
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and recall. It is defined as the harmonic mean of precision and recall, offering a single
metric that reflects both the correctness of positive predictions and the model’s ability
to capture all relevant positive instances [77]. In ABSA, F1-Score quantifies how
effectively the model classifies positive sentiments for specific aspects while
minimizing both false positives and false negatives. This metric is especially useful in
imbalanced datasets, where high precision or recall alone may not adequately reflect

a model’s performance. The mathematical formulation for F1-Score is expressed as:

Precision X Recall

Fl=2x Precision + Recall
In sentiment analysis research, F1-Score has been extensively reported as a key
evaluation metric to assess deep learning models. Several studies have highlighted its
relevance in capturing the trade-off between precision and recall, particularly in
aspect-level sentiment classification tasks [83]. Researchers have used F1-Score to
benchmark models such as convolutional neural networks, recurrent neural networks
and attention-based architectures, enabling a balanced interpretation of model
effectiveness across different sentiment classes. The metric has become standard
practice in ABSA evaluations, offering a concise yet comprehensive measure of

classification quality.

2.6.5 Macro-Averaged Precision, Recall, and F1-Score

Macro-averaged precision, recall, and F1-Score are evaluation metrics designed to
provide an aggregate view of model performance across multiple classes by treating
each class equally. In aspect-based sentiment analysis, these metrics are particularly
useful when analysing sentiment across several categories such as positive, negative,
and neutral, as well as across different product aspects [78]. Unlike micro-averaged
metrics that weigh classes according to their frequency, macro-averaging computes
precision, recall, and F1-Score independently for each class and then takes the
unweighted mean across all classes. This approach ensures that minority classes are
given equal importance in evaluating model performance, which is essential in
sentiment analysis tasks with imbalanced class distributions. The mathematical

expressions for macro-averaged metrics are defined as follows:
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Macro-Precision = N Precision;
i=1
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1
Macro-Recall = NZ Recall;
i=1

N
1
Macro-F1 = NZ F1;

i=1
Where:

N = total number of classes
Precision;, Recall;, F'1,= precision, recall, and F1-Score for class i

In ABSA literature, macro-averaged metrics have been widely reported to evaluate
sentiment classification models across all sentiment classes without bias toward more
frequent categories [78]. Researchers have utilized these metrics to ensure that deep
learning models achieve balanced performance, particularly in datasets where certain
sentiment categories are underrepresented. By emphasizing equal treatment of all
classes, macro-averaged precision, recall, and F1-Score serve as critical indicators of

a model’s generalization across diverse sentiment expressions and aspect categories.

2.6.6 Micro-Averaged Precision, Recall, and F1-Score

Micro-averaged precision, recall, and F1-Score are evaluation metrics that calculate
global performance by aggregating contributions from all classes before computing
the final metric. In aspect-based sentiment analysis, these metrics are particularly
valuable when the dataset contains an imbalance in class distribution, as they assign
greater influence to classes with more samples. Unlike macro-averaging, which treats
each class equally, micro-averaging ensures that the evaluation reflects the model’s
performance across all predictions regardless of class frequency [78]. This makes
micro-averaged metrics suitable for tasks where the majority class dominates or when

the evaluation needs to focus on the overall number of correct predictions.

The mathematical expressions for micro-averaged precision, recall, and F1-Score are

given by:
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ML, TP,
N, TP+ YN FP

Micro-Precision =

TP

Micro-Recall =
N TP+ YN FN;

) Micro-Precision X Micro-Recall
Micro-F1 = 2 X

Micro-Precision + Micro-Recall

Where:

N = total number of classes

TP;, FP;, FN; = true positives, false positives, and false negatives for class i
In ABSA literature, micro-averaged metrics have been reported in studies focusing on
large-scale sentiment datasets, where evaluating the aggregate predictive power across
all classes is critical [78]. Researchers have applied micro-averaged precision, recall,
and F1-Score to compare deep learning models in scenarios where accurate
classification of the majority sentiment class remains a priority, while still accounting
for minority class predictions within the total evaluation. These metrics have proven
useful in practical applications where the overall number of correct classifications is

more relevant than performance per individual class.

2.6.7 Weighted-Averaged Precision, Recall, and F1-Score

Weighted-averaged precision, recall, and F1-Score are evaluation metrics designed to
provide a balanced assessment of model performance by accounting for the relative
frequency of each class. In aspect-based sentiment analysis, these metrics are
particularly useful when the dataset exhibits class imbalance, as they assign
proportional weight to each class based on the number of true instances it contains.
Unlike macro-averaging, which treats all classes equally, and micro-averaging, which
emphasizes the total number of correct predictions, weighted-averaging strikes a
middle ground by emphasizing the impact of both class size and predictive accuracy
[78]. This ensures that the performance on majority classes contributes more heavily

to the overall metric without completely ignoring minority classes.

The mathematical definitions for weighted-averaged precision, recall, and F1-Score

are as follows:
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Weighted-Recall =
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Weighted-F1 =

Where:

N = total number of classes
w; = number of true instances for class i
Precision;, Recall;, F'1; = precision, recall, and F1-Score for class i

In ABSA research, weighted-averaged metrics have been employed to ensure a fair
evaluation of models trained on imbalanced datasets, such as those where certain
aspects or sentiment classes are overrepresented [78]. Researchers have used these
metrics to evaluate deep learning models, including RNNs, CNNs, and attention-based
architectures, highlighting their usefulness in reflecting both predictive performance
and real-world class distributions. Weighted-averaged precision, recall, and F1-Score
are particularly valued in industry applications where misclassifying majority class
instances may carry higher practical implications than minority classes, yet overall

fairness remains important.

2.6.8 Confusion Matrix

The confusion matrix is a widely used evaluation tool in classification tasks, providing
a detailed breakdown of a model’s predictive performance by displaying the number
of correct and incorrect predictions across all sentiment classes. In aspect-based
sentiment analysis, the confusion matrix offers insight into how well the model
distinguishes between positive, negative, and neutral sentiments for different aspects.
The matrix is structured as a table with rows representing the actual classes and
columns representing the predicted classes, allowing researchers to identify specific

patterns of misclassification across sentiment categories.
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In ABSA literature, confusion matrices have been used to analyze how deep learning
models handle misclassifications between closely related sentiment categories,
offering insights into where models tend to confuse neutral with positive or negative
sentiments [79]. Researchers have leveraged this matrix to pinpoint specific
challenges in aspect-level sentiment classification, especially in datasets where
sentiments are subtle or expressed indirectly. By visualizing classification outcomes,
the confusion matrix supports a more granular evaluation beyond aggregated metrics

like accuracy or F1-Score.

However, despite its usefulness, the confusion matrix presents limitations in large-
scale sentiment analysis. One major challenge is that it becomes cumbersome and
harder to interpret as the number of sentiment classes or aspect categories increases.
This complexity may obscure actionable insights when models are evaluated across
multiple aspects and fine-grained sentiment labels [84]. Additionally, the confusion
matrix does not provide a single, summarized performance score, requiring additional
metrics to interpret the overall effectiveness of a model [85]. These limitations suggest
that while the confusion matrix is valuable for detailed error analysis, it needs to be
complemented with other evaluation metrics to achieve a comprehensive assessment

of ABSA model performance.

2.6.9 Aspect Detection Accuracy

Aspect Detection Accuracy is a specialized evaluation metric used in aspect-based
sentiment analysis to measure the model’s ability to correctly identify and classify the
relevant aspects mentioned within a review [80]. In ABSA tasks, sentiment
classification alone is insufficient without accurately detecting the specific product
features or aspects to which sentiments are directed. Aspect Detection Accuracy
therefore quantifies the proportion of aspects that the model correctly identifies out of
all the true aspects present in the text. A higher score indicates the model’s competence
in recognizing aspect terms, which is critical for generating fine-grained sentiment

insights in multi-aspect reviews.

The mathematical formulation for Aspect Detection Accuracy is expressed as:

Number of correctly detected aspects

Aspect Detection Accuracy =
P y Total number of actual aspects
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In the ABSA literature, Aspect Detection Accuracy has been applied as a key metric
to evaluate models that integrate aspect extraction with sentiment classification,
particularly in deep learning frameworks that combine recurrent or convolutional
architectures with attention mechanisms [80]. Researchers have used this metric to
benchmark models across different product domains, such as restaurant and laptop
reviews, ensuring that sentiment predictions are linked to the correct aspects. Accurate
aspect detection is fundamental for enabling actionable insights, as misidentifying
aspects can lead to misinterpretation of customer feedback or incorrect product

improvement priorities.

Despite its usefulness, Aspect Detection Accuracy presents notable limitations. One
key challenge is that the metric only evaluates whether an aspect was identified or
missed, without considering partial matches or semantic similarity. This binary
evaluation may penalize models for near-correct predictions where synonymous or
paraphrased aspect terms are used. Additionally, in reviews with implicit aspects or
ambiguous expressions, aspect detection becomes more difficult, leading to

underestimation of a model’s actual capability.

2.7 Summary

This literature review highlights critical gaps in current deep learning approaches to
aspect-based sentiment analysis. Existing models such as CNNs, RNNs, and RecNNs
often struggle with long-range dependencies, especially when handling multi-sentence
reviews. This limits their ability to retain contextual coherence and accurately classify
sentiments linked to distant or multiple aspects. Additionally, many models lack fine-
grained aspect-specific focus, treating all words equally and overlooking sentiment
cues tied to specific features. Even those incorporating attention mechanisms
frequently fall short in managing overlapping sentiments or resolving conflicts in
opinion-rich content. The evaluation metrics widely used in ABSA may not fully
capture aspect-level errors. They offer a general performance view without addressing

deeper issues such as aspect ambiguity, or explainability.

To address these gaps, the proposed study introduces key architectural innovations,
including the integration of multi-head attention mechanisms, dual attention
mechanisms, and the optimization of hyperparameters. These enhancements aim to

improve sentiment discrimination across complex sentence structures and enhance the
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model’s ability to isolate and classify sentiments tied to specific aspects with higher

accuracy.
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CHAPTER THREE
METHODOLOGY

3.1 Introduction

Chapter Three outlines the methodology employed in this research, systematically
describing the steps undertaken to achieve the study's objectives. This chapter
provides a structured explanation of the research design that was adopted by the
researcher and illustrates the research process that the researcher undertook in
achieving the objectives of this study. Data acquisition for this study is also described
in this chapter, alongside the procedure followed in developing and evaluating the
improved model. Finally, this chapter describes the experimental materials used by

the researcher and the ethical considerations that underpin this study.

3.2 Research Design

This study adopted a true experimental research design which is characterized by its
capacity to manipulate independent variables, control extraneous variables, and
randomly assign subjects to different experimental conditions [86]. Recognized as a
robust approach for establishing cause-and-effect relationships, this design offers a
systematic framework for isolating the impact of specific interventions on measured
outcomes. Among the different types of true experimental designs, the Pretest-Posttest
Control Group Design was selected for this study, given its suitability in comparing
the improved model against the baseline model under controlled conditions. The
decision to use this research design was justified by the level of control it afforded
throughout the research process. The independent variables could be manipulated,

enabling the researcher to observe their direct effects on the dependent variables [87].

Participants were randomly assigned into two groups as part of this design: an
experimental group, which interacted with the improved ABSA model incorporating
attention mechanisms and other architectural enhancements, and a control group,
which relied on a standard baseline model without such improvements. Both groups
participated in a pretest and a post-test to assess their performance. The pretest
measured the models' initial performance on a standardized dataset prior to the
application of any interventions, whereas the post-test evaluated performance
following the implementation of the model enhancements. A comparison of pretest

and post-test results between the experimental and control groups enabled a rigorous
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evaluation of the model’s effectiveness in improving aspect-level sentiment
classification. This design ultimately facilitated the establishment of a causal
relationship between the model improvements and the observed improvements in

performance metrics.

3.3 Research Process

The research process in this study detailed the sequential steps undertaken to
accomplish the research objectives and provide answers to the stated research
questions [86]. The general objective of the study was divided into three specific
objectives, each of which was addressed systematically to ensure that the overall aim
of improving aspect-based sentiment analysis through deep learning enhancements
could be achieved. Each objective served as a milestone leading toward the

development and evaluation of the improved ABSA model.

The first specific objective focused on determining architectural features that can
improve the performance of a suitable deep learning for aspect-based sentiment
analysis. To address this objective, a comparative analysis of several baseline deep
learning models was conducted, as detailed in section 3.5, which is a standard practice
in this area of research in identifying baseline models. The models were subjected to
identical experimental conditions, allowing for a fair comparison of their accuracy,
precision, recall, and F1 score on standardized datasets. The outcome of this stage was
the selection of the most suitable model architecture and a set of performance-

enhancing features for further development.

The second specific objective was to develop an improved deep learning model
incorporating attention mechanisms tailored for aspect-based sentiment analysis of
customer reviews. The improvements aimed to address key limitations outlined in the
problem statement and literature review, including challenges such as loss of context
in long sequences, lack of aspect-specific focus, and difficulty handling multi-aspect
sentiments. Section 3.6 provides a comprehensive explanation of how the improved
model was developed, incorporating enhancements such as attention mechanisms,
encoder-decoder structures, and optimized hyperparameters. The deliverable from this

phase was an improved model.

39



The third specific objective was to evaluate the performance of the improved model
on the aspect-based sentiment analysis benchmark datasets. This evaluation was
conducted as described in section 3.7, involving the evaluation of the improved model
on benchmark datasets and the measurement of its performance across standard
evaluation metrics, namely; Accuracy, precision, recall, Fl-score. Figure 3.1
illustrates the sequential flow of the research process, showing how each specific

objective contributed to the achievement of the general research objective.
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Figure 3.1: The Research Process

3.4 Data Acquisition

This study utilized secondary data from publicly available benchmark datasets tailored
for aspect-based sentiment analysis, following the precedent set by prior research [88],
[89], [90], [91]. These datasets offered standardized, accessible, and diverse review
samples, making them ideal for training and evaluating deep learning models. Given
the complexity and time demands of aspect-level annotation, using secondary data
also allowed the study to focus on model development and performance assessment
efficiently. The target population consisted of customer reviews from the SemEval

Task 4 and Multi-Aspect Multi-Sentiment (MAMS) datasets.

3.4.1 Dataset Description

This study utilized two publicly available benchmark datasets commonly used in
aspect-based sentiment analysis research: the SemEval Task 4 dataset and the Multi-
Aspect Multi-Sentiment dataset. The SemEval dataset was selected as the training and
validation set, while the MAMS dataset was used to evaluate how the proposed model

would generalize on data it had not been trained on. Both datasets were chosen due to

40



their relevance, wide acceptance in natural language processing research, and
suitability for evaluating aspect-level sentiment classification models. Their adoption
was further supported by their high-quality annotations, standardized structure, and
prior use in similar studies [92], [93], facilitating comparability and reproducibility of

results.

The SemEval Task 4 dataset, publicly released by the International Workshop on
Semantic Evaluation, is a well-established benchmark for aspect-based sentiment
analysis. It comprises two domains: Restaurant reviews and Laptop reviews, each
annotated with sentiment polarities (positive, negative, neutral) at the aspect level.
This dataset has been extensively employed in ABSA research to evaluate deep
learning models, providing a standardized framework for performance comparison
[92], [93]. The dataset contains separate training and testing sets for both domains,
with balanced representation across sentiment classes, making it an ideal choice for
training and validating sentiment classification models. Table 3.1 presents a
distribution of the SemEval Task 4 dataset, summarizing the number of instances

across sentiment classes split in the ration 70:20:10.

Table 3.1: SemEval Task 4 Dataset Distribution

Dataset Positive Neutral Negative

Train | Validat | Test | Train | Validati | Test | Train | Validati | Test
Set ion Set | Set | Set on Set Set | Set on Set Set

Restaurant | 2025 | 578 289 | 583 | 167 83 702 |201 100
Laptop 934 | 267 134 | 443 | 127 63 | 698 |200 100
Total 2959 | 845 423 | 1026 | 294 146 | 1400 | 400 200

The MAMS dataset was designed to reflect multi-aspect, multi-sentiment scenarios,
offering a challenging benchmark for evaluating models that must classify sentiments
across multiple aspects within a single review. It contains two primary subsets:
Aspect-Term Sentiment Analysis (ATSA) and Aspect-Category Sentiment Analysis
(ACSA). The ATSA subset focuses on sentiment classification at the aspect term
level, while the ACSA subset evaluates sentiment at a broader aspect category level.

The dataset includes reviews covering diverse product features, with many sentences
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expressing multiple sentiments across different aspects. Table 3.2 presents a

distribution of the MAMS dataset.

Table 3.2: Multi-Aspect Multi-Sentiment Dataset

Dataset Positive Negative Neutral Total
Train 3380 2764 5042 11186
Train (small) 1089 892 1627 3608

ATSA | validation 403 325 604 1332
Test 400 329 607 1336
Train 1929 2084 3077 7090
Train (small) | 1000 1100 1613 3713

ACSA | validation 241 259 388 888
Test 245 263 393 901

3.4.2 Data Pre-processing

Data preprocessing was carried out on both the SemEval Task 4 and MAMS datasets
to ensure the textual data was in a suitable format for training and evaluating deep
learning models for aspect-based sentiment analysis. This step was essential for
preparing the data to meet the input requirements of the model and to enhance the
consistency and quality of the input sequences [94]. Preprocessing in ABSA plays a
critical role not only in standardizing the input but also in preserving aspect-level
sentiment information, which is vital for achieving accurate sentiment classification

across multiple aspects within a single review.

The initial stage of preprocessing involved aspect-level text segmentation and
tokenization. Each review sentence was segmented into tokens, with special attention
to preserving aspect terms and their surrounding context. This ensured that the
tokenized sequence retained meaningful relationships between aspect terms and
sentiment-bearing words [95]. The tokenization process aimed at converting the
segmented text into numerical token indices, along with the generation of attention
masks to guide the model in identifying which tokens were contextually relevant for

aspect-level sentiment analysis.

The next stage addressed the challenge of handling variable-length sentences across

the datasets. Since the review sentences varied in length, sequences longer than the
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defined maximum input length were truncated strategically to retain aspect terms and
their immediate context, minimizing the risk of losing important sentiment clues.
Sequences shorter than the required length were padded using a designated padding
token to achieve uniform input lengths. This approach enabled the model to process
input sequences in fixed-length batches, facilitating efficient training without

compromising the alignment of aspect-related sentiment information.

Following tokenization, truncation, and padding, the data was split into training,
validation, and testing sets using a 70:20:10 ratio, a practice commonly adopted in
machine learning to balance model training and evaluation. The training set was used
to fit the model’s parameters, the validation set provided checkpoints for monitoring
performance and tuning hyperparameters, and the test set evaluated the model’s
generalization capability on unseen data. Through these preprocessing steps, the
datasets were transformed into structured, model-ready input while preserving the

aspect-specific sentiment details critical for aspect-based sentiment analysis.

3.5 A Comparative Study of Existing Deep Learning Models

A comparative study was conducted to evaluate the performance of various deep
learning models for aspect-based sentiment analysis, both in their baseline form and
with integrated attention mechanisms. The study examined four baseline architectures
commonly used in sentiment analysis: Recurrent Neural Networks, Convolutional
Neural Networks, Recursive Neural Networks, and Memory Networks [26], [49], [96],
[97]. Each baseline model was tested under two experimental settings: without any

attention mechanism and with attention mechanisms incorporated.

To comprehensively assess the influence of attention mechanisms on model
performance, four different attention strategies self-attention, multi-head attention,
global attention, and hierarchical attention were individually applied to each baseline
model. This design resulted in multiple experimental variations, enabling a systematic
evaluation of how each attention type enhanced or influenced sentiment classification

within each architecture.

All models were trained and evaluated under identical experimental conditions to
ensure fairness and comparability. The experiments were conducted using the

SemEval Task 4 dataset, following the preprocessing procedure described in Section
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3.4.2. The dataset was divided into training, validation, and test sets in a 70:20:10
ratio. Model training was performed in a controlled computational environment using
Google Collaboratory Pro, equipped with GPU acceleration, PyTorch version 2.5, and
CUDA version 12.6. To maintain consistency, all models were trained using the same
hyperparameters: a learning rate of 1e-3, a batch size of 64, ten epochs, and the Adam

optimizer with a cross-entropy loss function.

Each baseline deep learning model was trained five times: once in its original form
without attention, and four additional times, each time paired with one of the four
attention mechanisms. For instance, the RNN was evaluated independently with self-
attention, multi-head attention, global attention, and hierarchical attention; the same
process was repeated for CNN, RecNN, and MN architectures. This structured
experimentation allowed a direct comparison of how each attention mechanism
affected model performance within each neural network type. The attention
mechanisms were incorporated as additional layers interfacing with the respective
model architectures, ensuring that their implementation followed established

integration practices for each model type.

Each model was built with architecture-specific configurations. The RNN used a two-
layer stacked structure with tanh activations, processing word embeddings
sequentially before classification. The CNN applied 1D convolutional layers with
ReLU activations and max-pooling, followed by a dense layer. The RecNN adopted a
tree-based structure with ReLU activations for phrase-level sentiment. The Memory
Network (MN) utilized memory slots with soft attention and a linear classification
layer. All models included dropout regularization and were implemented in PyTorch

under identical training conditions for fair comparison.

Evaluation of the models was based on accuracy, precision, recall, and F1-score to
assess classification performance across positive, negative, and neutral sentiment
categories for each detected aspect. The evaluation results for each combination of the
baseline model and attention mechanism were compared to determine which
configuration yielded the highest performance. The findings from this comparative
study informed the selection of the best-performing model and attention mechanism

pairing, which formed the basis for further improvements in the second objective of
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the research. Detailed experimental results from this comparative analysis are

presented and discussed in Chapter 4 of this thesis.

3.6 Developing the Improved Model

To address limitations in the baseline RNN+Hierarchical Attention architecture
especially difficulties with multi-aspect reviews, aspect-specific focus, and context
retention across long inputs - an improved model was developed. Enhancements
included Multi-Head Hierarchical Attention, Dual Attention Mechanisms, and

optimized hyperparameters to boost sentiment classification accuracy.

3.6.1 Multi-Head Hierarchical Attention Mechanism

One critical limitation identified in the baseline model was its inability to capture
complex dependencies in customer reviews containing sentiments linked to multiple
aspects. This problem, previously discussed in the literature and reinforced during
baseline experimentation, resulted from the model’s tendency to collapse sentiment
representations across aspects, especially when reviews expressed mixed or

overlapping opinions.

Baseline RNN architecture for aspect-based sentiment analysis initiates with an input
review that undergoes preprocessing, including steps like tokenization and
lemmatization. Cleaned text is then transformed into dense vector representations
through the Glove word embedding technique capturing semantic relationships among
words. These embeddings are passed into a stacked Recurrent Neural Network, which
excels at modelling sequential data and preserving contextual dependencies across
time steps. Output from the RNN is directed to a classification layer that predicts
sentiment polarity - positive, negative, or neutral - for each detected aspect in the
review. Finally, an aspect-sentiment pairing module maps each aspect term to its
corresponding sentiment label, enabling sentiment interpretation across aspects.

Figure 3.2 illustrates this Baseline RNN Architecture.
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Figure 3.2: Baseline RNN Architecture

The addition of a hierarchical attention mechanism to the baseline improved the
classification of multiple aspects. The input review undergoes preprocessing and word
embedding before entering the stacked RNN. From there, attention is applied at two
levels: word-level attention highlights important tokens, while sentence-level
attention selects key sentences. The refined output passes through the classification
layer to predict sentiment polarity. Finally, aspect-sentiment pairing links each aspect

to its corresponding sentiment, as illustrated in Figure 3.3.
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Figure 3.3: Baseline RNN with Hierarchical Attention

Attention-based models still struggle with aspect-based sentiment analysis,
particularly when sentiments are distributed across different parts of a review or when
multiple aspects are discussed simultaneously. To address this issue, the researcher
extended the original RNN+Hierarchical Attention architecture by introducing a
Multi-Head Hierarchical Attention Mechanism, customized for multi-aspect ABSA

tasks.
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The implementation involved two distinct levels of attention: word-level and
sentence-level, each comprising multiple parallel attention heads. These heads were
designed to focus on different semantic regions of the input text, allowing the model
to extract multiple sentiment cues relevant to various aspects. Input reviews were first
pre-processed and transformed into word embeddings using pre-trained GloVe
vectors, then passed through a stacked RNN to capture sequential dependencies. The
resulting hidden states were processed by the word-level multi-head attention layer,
where each head independently computed attention weights to highlight sentiment-

bearing tokens.

Outputs from all heads were concatenated and projected into a fixed-dimensional
vector that encapsulated diverse sentiment signals. This was then passed into the
sentence-level multi-head attention layer, which applied a similar multi-head attention
process over the sentence representations. Each head contributed to understanding
different opinion flows across sentence segments, which is crucial in reviews
containing several aspect-opinion pairs. The final representation was directed to the
classification layer, followed by an aspect-sentiment pairing module that assigned

sentiment labels - positive, negative, or neutral to each aspect.

This architecture enhanced the model's ability to disentangle overlapping sentiment
expressions and improved interpretability in multi-aspect scenarios. As a result, it
resolved key limitations in previous models related to diluted focus and sentiment
entanglement. Figure 3.4 illustrates the integrated Multi-Head Hierarchical Attention
mechanism, showing how each attention layer enriches the model’s capacity to handle

complex, aspect-rich customer reviews.
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Figure 3.4: Integrated Multi-Head Attention Mechanism
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The Multi-Head Hierarchical Attention Algorithm refines sentiment classification by
applying attention mechanisms at both the word and sentence levels. It begins by
embedding input tokens and processing them through stacked RNN layers, followed
by multiple attention heads that extract salient word and sentence features. The final
attention-weighted representation is then used to predict sentiment via a dense softmax
layer. The detailed steps of the algorithm are presented below to illustrate the full

processing flow from input to sentiment prediction.

Multi-Head Hierarchical Attention Algorithm
Require: Tokenized review sentence S = {w1, wa, ..., w_T},
aspect term A, number of heads H
Ensure: Final attention-weighted representation for sentiment classification
// Embed words, E = embed(S) // Generate word embeddings for each token
/I Encode sequence with stacked RNN
H seq=RNN_stack(E) // Hidden states from stacked RNN layers
/I Apply word-level multi-head attention
for head in 1 to H do:
word_attn_weights[head] = attention_head(H_seq, head)
word_attn_output[head] = weighted sum(H_seq, word_attn_weights[head])
end for
// Concatenate and project to fixed dimension,W_word = concat(word_attn_output[1:H])
P_word = project(W_word) // Dimensionality reduction (optional)
// Generate sentence vector
S_vec = aggregate(P_word) // May be average, max, or learned weighting
//Apply sentence-level multi-head attention
for head in 1 to H do:
sent_attn_weights[head] = attention_head(S_vec, head)
sent_attn_output[head] = weighted sum(S_vec, sent_attn weights[head])
end for
//Concatenate outputs and project
W _sent = concat(sent_attn_output[1:H]), final representation = project(W_sent)

// Predict sentiment, sentiment_logits = softmax(dense(final_representation))

return sentiment logits
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Multi-head hierarchical attention approach offered a substantial improvement over the
single-head attention mechanisms by enabling the model to process multiple sentiment
expressions in parallel, each potentially linked to a different aspect. It resolved the
issue of diluted sentiment focus observed in earlier models and allowed for more
granular sentiment analysis, especially in reviews where opinions on various product
features were distributed across different parts of the text. The implementation of
multi-head attention at both hierarchical levels gave the model a richer, more
structured understanding of the review, addressing the limitation of weak multi-aspect

comprehension.

3.6.2 Dual Attention Mechanism for Aspect-Specific Focus

Another major limitation encountered in the baseline models was the lack of aspect-
specific focus. The model’s attention mechanisms though effective in highlighting
salient tokens did not always distinguish which words contributed sentiment toward a
specific aspect, especially in multi-aspect reviews. This often resulted in
misclassification where sentiment-bearing expressions were incorrectly attributed to
the wrong aspect. To overcome this limitation, a Dual Attention Mechanism was
integrated into the baseline architecture. This mechanism explicitly modelled the
bidirectional relationship between the aspect and its surrounding context, allowing the

model to better align sentiment expressions with their intended aspect.

The dual attention mechanism operated through two interdependent attention flows:
Aspect-to-Context Attention, where the given aspect term was used as a query to
selectively attend to relevant context words in the review. Context-to-aspect attention,
where the surrounding sentence context guided the model in refining its understanding
of the aspect itself, particularly useful when the aspect term was ambiguous or general
(e.g., “service” or “performance”). In the first stage, the aspect embedding was
concatenated with each word-level hidden state from the RNN layer. An attention
weight was computed by measuring the similarity between the aspect vector and each
contextual word, producing a context vector weighted by aspect relevance. This vector
represented the model’s interpretation of the sentence, filtered through the lens of the

target aspect.

In the second stage, the model reversed the process. A context summary vector,

derived from the initial attention output, was used to guide the model in refining its

51



representation of the aspect. This ensured that the aspect term itself was interpreted
relative to the full sentence, capturing implicit sentiment. The sentence-level and
aspect-level vectors were fused using element-wise addition. The two attention
outputs were then merged through concatenation and a non-linear transformation,
producing a joint representation that fused both the aspect's interpretation and its
relevant sentiment cues. This dual-flow architecture allowed the model to distinguish
between overlapping and interacting aspects. For instance, in a review like “The
battery drains fast but the screen is gorgeous,” the model learned to attend to “drains
fast” only when analysing “battery”, and “gorgeous” only when evaluating “screen”.
This addressed the core issue of aspect entanglement, where shared or nearby

sentiment words previously misled single-path attention mechanisms.

The dual attention mechanism was implemented using standard dot-product attention
for both directions, combined with gating layers to control the influence of each flow
during training. This setup was compatible with the previously introduced multi-head
hierarchical architecture and required only minimal adjustment to the existing training

loop. Figure 3.5 shows the dual attention mechanism for aspect-specific focus.
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Figure 3.5: Dual Attention Mechanism for Aspect Specific Focus.
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Dual Attention Mechanism Algorithm was designed to enhance the model’s ability to
focus simultaneously on both the aspect term and its surrounding context. It
strengthened the alignment between aspect-specific semantics and relevant contextual
cues, making it more effective for fine-grained sentiment classification. To

operationalize this dual focus, the following Algorithm was developed.

Dual Attention Mechanism Algorithm

Require: Sentence tokens S = {w1, wa, ..., w_T}, aspect term A, number of hidden
units H

Ensure: Final sentiment prediction based on aspect-specific dual attention
/I Generate word embeddings for sentence and aspect
E sentence = get embeddings(S), E_aspect = get embedding(A)
//'Encode the sentence with stacked RNN
for layer index from 1 to number of layers do:
if layer index == 1 then: H seq = RNN layer(E _sentence)
else:
H seq=RNN layer(H seq)
end if
end for
//Compute Aspect-to-Context Attention
for t from 1 to T do: attention_weight ac[t] = dot product(E aspect, H seq[t])
end for
normalized ac = softmax(attention weight ac)
context vector = weighted sum(H _seq, normalized ac)
//Compute Context-to-Aspect Attention, summary_context = average(H seq)
attention_weight ca = dot product(summary_context, E_aspect)
normalized ca = softmax(attention_weight ca)
refined aspect = weighted sum(E _aspect, normalized ca)
//Merge both attention vectors
combined vector = concatenate(context vector, refined aspect)
projected vector = ReLU(dense layer(combined vector))
//Predict sentiment, sentiment_logits = softmax(output_layer(projected vector))

return sentiment_logits
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3.6.3 Hyperparameter Optimization

Loss of critical contextual information in lengthy customer reviews was the third
major limitation identified in the baseline model. This limitation was primarily caused
by inadequate sequence representation, poor regularization, and suboptimal training
dynamics, which resulted in instances where earlier or later sentiment-bearing clauses
were overlooked due to restricted input lengths or vanishing gradients during model
training. To mitigate this, the researcher conducted hyperparameter optimization
geared towards increasing the model's ability to effectively preserve and utilize

context over extended input spans.

Manual tuning combined with automated search-based strategies were adopted as the
hyperparameter optimization approaches in this research. The rationale for using both
was to strike a balance between domain-informed adjustments and systematic
exploration of the model’s hyperparameter search space. The focus was on
hyperparameters that directly influence sequence length handling, training stability,
and context retention, such as maximum input length, hidden layer dimensions,
learning rate, dropout rate, number of RNN layers, batch size, and gradient clipping

thresholds.

In the initial phase, the researcher manually adjusted static hyperparameters. In this
context, such hyperparameters included the maximum sequence length, which was
optimized by incrementally increasing the token limit to ensure that longer reviews
were not aggressively truncated. Similarly, the dropout rate and number of RNN layers
were adjusted iteratively while monitoring validation loss during model training and
validation, enabling the model to learn deeper patterns without overfitting the training
data. Each modification of these hyperparameters was evaluated using a validation-
based checkpoint system to track performance improvements during training and

validation of the model.

For the dynamic hyperparameters such as learning rate, weight decay, and optimizer
configurations, an automated optimization loop was implemented using the Optuna
framework. The researcher employed Bayesian optimization with adaptive pruning to
identify the most suitable hyperparameter configurations based on validation loss
trends. The hyperparameter search space ® was initialized with domain-informed

bounds. At each iteration #, a candidate tuple 6; € ® was sampled, and the model was
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trained briefly to estimate validation performance. The update rule for each parameter

was governed by the following gradient-based optimization principle in [74]:
[Bi(t+1) _ Bi(t) — Vg L]
Where:

6; s the hyperparameter being optimized

n is the learning rate or step size for updating
L is the validation loss

t is the current iteration

The optimization was terminated when no significant improvements in validation loss
were observed across multiple trials, or when the validation curve stabilized. To
further ensure stable training across long sequences, the researcher introduced gradient
clipping to a fixed threshold, preventing exploding gradients from destabilizing
backpropagation in deep RNN layers. A range of clip norms was evaluated with a final
selection based on empirical stability during training epochs. This hybrid optimization
approach allowed the model to better generalize on multi-sentence, multi-aspect
reviews, especially where context was distributed across wide spans. The
incorporation of tailored hyperparameter strategies addressed the root cause of
performance degradation in long texts namely, model overfitting on short-term

patterns and insufficient capacity to encode lengthy dependencies.

The final hyperparameter configuration yielded consistent validation improvements,
reduced convergence time, and enhanced the robustness of the model when handling
verbose or compound sentiment expressions. The full suite of optimal
hyperparameters derived from this process is presented in Chapter 4. The

hyperparameter optimization process adopted is summarized in Figure 3.6.
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Figure 3.6: Hyperparameter Optimization

3.6.4 Model Training and Validation

The training and validation process for the improved aspect-based sentiment analysis
model was structured into two well-defined stages. The training phase involved tuning
the enhanced architecture that incorporated hierarchical attention, multi-head
mechanisms, and dual attention layers, all designed to address key challenges
identified in the baseline system. These components required careful coordination
during training to ensure that the model not only learned aspect-level sentiment
distinctions effectively but also generalized well to unseen customer reviews. The
SemEval dataset served as the primary source for model training and validation, with
the MAMS dataset held out for final testing to evaluate the model's generalization

ability.

To begin, the pre-processed dataset was divided into mini-batches, and both input
sentences and their corresponding aspect-sentiment labels were converted into token
representations using a glove embedding layer. The embedding vectors were then
passed through the stacked RNN layers, followed by hierarchical attention blocks first

at the word level and then at the sentence level. At both the word and sentence levels,
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multiple attention heads were deployed in parallel to capture distinct sentiment cues,
and their outputs were concatenated and projected to form a richer hierarchical
representation. For models trained with dual attention, each forward pass included
both aspect-to-context and context-to-aspect attention flows. The outputs of these
mechanisms were combined into a joint vector representation that was used for
sentiment classification. The classification task was treated as a three-way multi-class

problem with labels: positive, neutral, and negative.

The training objective was to minimize the cross-entropy loss function, defined over
the predicted class probabilities and the actual sentiment labels for each aspect.

Formally, the loss was expressed as:

T

Leg = —z log P (v | x,¥<¢)

t=1
Where:

¢ 1s the true label token at time step t,

x is the input sequence (aspect + sentence),

y<t are the preceding tokens,

P | x, y</) 1s the predicted conditional probability.
Model parameters were optimized using the AdamW optimizer, which provided an
adaptive learning rate and better weight regularization compared to traditional Adam.
The model was trained across multiple epochs, where each epoch consisted of a
complete pass over the training data. At the end of each epoch, the model’s
performance was evaluated on the validation set. Validation loss was calculated
separately and monitored to guide decisions such as learning rate scheduling, early
stopping, and model checkpointing. To ensure that the training process avoided
overfitting, early stopping criteria were introduced. If the validation loss did not
decrease for a predefined number of consecutive epochs (patience threshold), training
was automatically halted, and the best-performing model checkpoint was restored.
This checkpoint mechanism was also useful for fault tolerance and allowed

resumption from the best model state in the event of interruptions.
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Training and validation loss were plotted across epochs to visualize the model's
learning dynamics. A stable convergence pattern, characterized by decreasing training
and validation loss curves, was considered an indicator of successful optimization. If
divergence between training and validation losses occurred, additional
hyperparameter adjustments (e.g., dropout rate or learning rate decay) were explored.
This two-stage training process combining hierarchical attention and dual-attention
logic with robust optimization protocols resulted in a model capable of learning
complex, multi-aspect sentiment structures within reviews. The complete training and

validation procedure is summarized through the following model training algorithm.

Model Training and Validation Algorithm
Require:
Pre-processed dataset D _train and D_val, - Initialized model parameters 0

Defined hyperparameters: learning rate a, batch size B, dropout rate d, number of
epochs E

Trained model parameters 6_final

Tokenize review sentences and aspect terms, Embed tokens into vector
representations

for epoch =1 to E do:
Shuffle D_train at start of epoch

for each batch (X batch, Y _batch) in D_train do:

Forward pass:
Input X batch to RNN encoder
Apply hierarchical attention (word-level and sentence-level)
Apply dual attention (aspect-to-context and context-to-aspect)
Generate output predictions Y _pred
Use cross-entropy between Y batch and Y _pred

Backward pass:
Calculate gradients with respect to 0
Clip gradients to prevent explosion
Update 6 using AdamW optimizer

end for

Evaluate model on D_val: Calculate validation loss L _val
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if L val improves:
Save model checkpoint

else if validation loss does not improve for patience threshold:
Apply early stopping

end if

end for

return 0 final as the trained model parameters

3.7 Model Evaluation

The third specific objective of this research was to assess the performance of the
developed aspect-based sentiment analysis model using standardized benchmark
datasets. This evaluation aimed to determine whether the enhancements introduced
namely the multi-head hierarchical mechanisms, dual attention, and hyperparameter
optimization resulted in measurable performance improvements compared to the
baseline models. Two datasets were used during this process to ensure both reliability
and generalizability of results. The SemEval dataset, specifically the test split that had
not been seen during training or validation, was used as the primary test set.
Additionally, the MAMS dataset was used as an external benchmark to evaluate the
model's generalizability to data with multi-aspect sentiment annotations that were

structurally different from those in the training set.

The evaluation process was designed to provide a quantitative and objective
assessment of the model's sentiment classification accuracy across aspects. A suite of
performance metrics was applied, including Accuracy, Precision, Recall, and FI1-
score. These metrics enabled a well-rounded evaluation that captured both the model's
ability to classify correctly and its sensitivity to imbalanced class distributions
particularly important in real-world reviews where neutral or minority sentiment
classes are often underrepresented. The performance of the improved model was
directly compared against that of the baseline RNN+Hierarchical Attention model.
This comparison was critical in validating whether the new architectural
improvements offered practical benefits in terms of classification effectiveness, aspect

differentiation, and contextual understanding.
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The model evaluation process confirmed whether the improvements addressed the
core limitations previously identified, and offered a grounded basis for concluding
model performance. The evaluation workflow is summarized in the next section
through an algorithm, which illustrates the step-by-step process used to benchmark

the final model.

Model Evaluation Algorithm

Require:

Pre-processed evaluation dataset D test = {(Xi, Y1), ..., (Xu, Yu)}
Trained model parameters 0 final

Evaluation metrics: Accuracy, Precision, Recall, F1-Score

Load trained model M with parameters 6 _final

Initialize true positives (TP), false positives (FP), true negatives (TN), false
negatives (FN) for each class

Initialize accumulators for metric scores
Iterate through evaluation dataset
for cach (X 1, Y i)in D_test do:
Predict sentiment Y _pred_i using model M on input X i
ifY pred i==Y i
Increment TP or TN accordingly
elseif Y pred i#Y 1
Increment FP or FN accordingly
end if
end for
Compute evaluation metrics
Compute Accuracy = (TP + TN) / (TP + TN + FP + FN)
Compute Precision = TP / (TP + FP)
Compute Recall = TP / (TP + FN)

Compute F1-Score =2 x (Precision x Recall) / (Precision + Recall)

Return Accuracy, Precision, Recall, F1-Score
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In the model evaluation algorithm implemented in this study, each review-aspect pair
from the pre-processed test dataset was passed through the evaluation loop. For every
instance, the model received the input sentence and aspect term and returned a
predicted sentiment label. This simulated a real-world deployment scenario in which
the model was required to interpret previously unseen customer feedback and assign
the correct sentiment polarity for a given aspect. To assess how accurately the model
performed, four core evaluation metrics Accuracy, Precision, Recall, and F1-Score
were computed by comparing the predicted sentiments with the true sentiment labels.
This evaluation process offered a robust and quantifiable assessment of the model’s

ability to generalize and make accurate aspect-level sentiment predictions.

3.8 Experimental Materials
All model development, training, and evaluation tasks in this study were executed in
a controlled cloud-based environment that supported high-performance computing.

Table 3.3 presents the experimental materials used by the researcher in this study.

Table 3.3: Experimental Materials

Item Description

Desktop HP Intel® Core 17-6500U CPU @ 2.60 GHz
GPU Card NVIDIA® V100X with CUDA support
Programming Language Python 3.10.12

Python Library PyTorch 2.5

NLP Libraries spaCy, NLTK, Pre-trained GloVe Embeddings
Scikit-Learn Libraries Train-Test Split, Evaluation Metrics
Visualization Tools Seaborn, Matplotlib

The experiments were conducted using Google Collaboratory Pro, which provided
access to NVIDIA® V100X with CUDA acceleration. This hardware configuration
was selected to meet the computational demands of deep learning, particularly during

multi-head attention processing and training of recurrent layers across large datasets.

The programming environment was based on Python version 3.10.12, owing to its rich
ecosystem of libraries for natural language processing (NLP), machine learning, and
data visualization. The model architecture including stacked RNNs, hierarchical

attention layers, and dual attention mechanisms was implemented using the PyTorch
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framework (version 2.5), which offers a flexible and efficient way to build and

optimize neural networks.

Text preprocessing was handled using spaCy and NLTK (Natural Language Toolkit).
These libraries provided essential language tools to clean and standardize the raw
customer reviews before embedding and training. Pre-trained GloVe embeddings
were used to initialize word representations, enabling the model to capture semantic
relationships based on word co-occurrence patterns. For training dynamics, PyTorch’s
DatalLoader API was employed to facilitate mini-batching, shuffling, and efficient
memory management. During model evaluation and result analysis, Scikit-learn was
used to compute classification metrics, and Seaborn and Matplotlib were applied for
visualizing performance trends and evaluation summaries. These tools provided
comprehensive support for both the technical implementation and analytical validation

of the research objectives.

3.9 Ethical Considerations

Ethical integrity was observed at every stage of this research to ensure adherence to
institutional and national research standards. Before initiating the study, the researcher
sought and obtained all the required approvals to conduct the research in a legally and
ethically compliant manner. Approval to proceed with the research was granted by the
Board of Postgraduate Studies (BPS) at Murang’a University of Technology.
Following this, a formal research permit was issued by the National Commission for
Science, Technology, and Innovation, authorizing the execution of the study activities
within the approved scope. These measures affirmed the researcher's commitment to
conducting a study that respects ethical obligations related to data use, academic
honesty, and regulatory compliance. Copies of the BPS approval and National
Commission for Science, Technology, and Innovation research permit are provided in

Appendices 1 and 2, respectively.

3.10 Summary

This chapter presented the methodological framework employed in the development
and evaluation of the improved aspect-based sentiment analysis model. It began by
outlining the true experimental research design, followed by a detailed description of
the research process aligned with the study’s objectives. Key components included

data acquisition, dataset preparation, baseline model comparisons, and the
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development of a refined architecture integrating multi-head hierarchical and dual
attention mechanisms. The chapter also covered hyperparameter optimization
strategies, model training, and validation procedures, and the evaluation metrics used
to benchmark performance. Lastly, the experimental materials and ethical

considerations observed during the study were clearly outlined.
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the results and interpretation of findings from the model
developed in this study. The outcomes are structured to correspond directly with the
research objectives, beginning with a comparative study of deep learning models
trained with and without attention mechanisms. This phase established a performance
benchmark and guided the selection of the most suitable baseline model for further
enhancement. The chapter then details the evaluation results of the improved model,
which are evaluated using standard evaluation metrics, providing insight into the
model’s ability to accurately classify sentiments across multiple aspects. A
comparative performance review is also presented to determine the extent of
improvement achieved over baseline models. The chapter concludes with a detailed
discussion that critically reflects on the implications of the results and the significance
of the contributions made toward improving aspect-based sentiment analysis of

customer reviews.

4.2 A Comparative Study of Existing Deep Learning Models

This study compared four deep learning architectures - RNNs, CNNs, RecNNs, and
Memory Networks under the same experimental conditions to evaluate their
effectiveness in aspect-based sentiment classification. Each model was tested with and
without various attention mechanisms to assess improvements in accuracy and
generalization. The attention variants included self-attention, multi-head attention,

global attention, and hierarchical attention, applied uniformly across the base models.

4.2.1 Baseline Models without Attention Mechanisms

Comparative study in the first phase involved evaluating the core performance of four
baseline deep learning architectures Recurrent Neural Networks, Convolutional
Neural Networks, Recursive Neural Networks, and Memory Networks without any
attention mechanisms integrated. Each of these models was configured using default
architectural parameters and trained under uniform experimental conditions to ensure
fairness and reproducibility. The models were subjected to identical datasets and
evaluation metrics to provide a consistent basis for comparison. The SemEval Task 4

dataset was used for training and evaluation, given its benchmark status in aspect-
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based sentiment analysis and its comprehensive coverage of sentiment-labeled aspect

terms.

The four models were evaluated using four classification metrics: Accuracy,
Precision, Recall, and F1 Score. These metrics were chosen to assess not only the
models’ overall correctness but also their sensitivity and ability to correctly classify
sentiment across the three categories positive, neutral, and negative. Table 4.1 presents
the outcomes of this comparative experiment. Table 4.1 displays the recorded scores

(in percentages) for each model across all the evaluation metrics used in this study.

Table 4.1: Deep Learning Models without Attention Mechanism

Evaluation Metrics in (%)
Model Accuracy F1 Score | Precision Recall
RNN 73.1 72.5 71.9 73.2
CNN 70.5 69.8 70.1 69.9
RecNN 68.4 67.8 68.5 68.0
Memory Networks | 71.7 70.9 71.2 71.4

Among the baseline models, the RNN model recorded the highest accuracy at 73.1%,
followed by Memory Networks at 71.7%, CNN at 70.5%, and RecNN at 68.4%.
Similar trends were observed across F1 Score, Precision, and Recall, with RNN

consistently demonstrating relatively stronger results in all four metrics.

The RNN model was observed to perform better than the other baseline architectures
due to its ability to capture sequential dependencies effectively. Unlike CNNs, which
primarily focused on extracting local features within fixed receptive fields, the RNN
preserved contextual information through its recurrent structure, allowing it to model
word relationships across longer text spans. This feature was particularly useful for
aspect-based sentiment analysis, where sentiments directed at specific aspects often
relied on the context provided by surrounding words. Furthermore, RNNs did not
require complex syntactic parsing like RecNNs, making them more adaptable to
varied sentence structures within the dataset and contributing to their superior

performance in the baseline configuration.
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4.2.2 Baseline Models with Attention Mechanisms

Comparative study in the second phase extended the baseline models by integrating
various attention mechanisms into each of the four architectures RNN, CNN, RecNN,
and Memory Networks. The attention variants used in this phase were self-attention,
multi-head attention, global attention, and hierarchical attention. These modifications
were made to investigate the performance impact of each attention mechanism on the
respective base model architecture. The models were trained and evaluated using the
same experimental conditions and benchmark dataset as in the previous section to

maintain consistency and comparability.

Notable performance improvements were observed when attention mechanisms were
applied, with hierarchical attention emerging as the most effective across all
architectures. Among the RNN variants, the integration of hierarchical attention led to
the highest accuracy (84.7%), precision (84.5%), recall (81.0%) and F1 Score
(79.2%). Similar trends were seen in the other models, but the hierarchical attention-
enhanced RNN consistently outperformed all other configurations. This variant was
therefore selected as the improved model for further enhancements in the subsequent
stages of the study. The performance of the RNN model augmented with hierarchical
attention was attributed to its layered attention structure. Word-level attention allowed
the model to weigh important tokens within a sentence, while sentence-level attention
aggregated relevant sentence representations both of which contributed to a more
refined understanding of multi-aspect sentiments. Moreover, this hierarchical
structure helped retain context across longer sequences without overwhelming the
network. Table 4.2 presents the performance scores recorded for each model and

attention mechanism across the four standard evaluation metrics used in this study.
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Table 4.2: Performance of Baseline Deep Learning Models with Attention

Model Attention Accuracy | F1 Score | Precision Recall
Mechanism | (%) (%) (%) (%)
RNN Self 74.4 75.3 67.4 69.7
Multi-head | 78.8 63.5 74.9 66.8
Global 83.3 67.3 65.7 80.7
Hierarchical | 84.7 79.2 84.5 81.0
CNN Self 74.4 75.3 67.4 69.7
Multi-head | 78.8 63.5 74.9 66.8
Global 83.3 67.3 65.7 80.7
Hierarchical | 80.0 69.2 83.2 68.9
RecNN Self 74.4 75.3 67.4 69.7
Multi-head | 78.8 63.5 74.9 66.8
Global 83.3 67.3 75.7 80.7
Hierarchical | 80.0 69.2 83.2 68.9
Memory Self 74.4 75.3 67.4 69.7
Networks Multi-head | 78.8 63.5 74.9 66.8
Global 83.3 67.3 65.7 80.7
Hierarchical | 80.0 69.2 83.2 68.9

4.2.3 Training and Validation Loss of the Models

In this section, the researcher presents a comparative analysis of the training and
validation loss curves for four baseline deep learning models, Recurrent Neural
Networks, Convolutional Neural Networks, Recursive Neural Networks, and Memory
Networks trained without attention mechanisms. Each model was fine-tuned over 10
epochs using uniform training conditions to ensure fairness and consistency. The
learning rate was set at 1e-3, batch size at 64, and the Adam optimizer was used to
optimize the cross-entropy loss function, which is widely adopted for multi-class
sentiment classification tasks due to its computational efficiency and robustness in

handling imbalanced class distributions.

This setup enabled a reliable comparison of the convergence behaviour of the different
architectures, offering insights into how quickly and effectively each model learned
from the training data and generalized to unseen validation samples. The training and
validation loss trajectories were plotted over the epochs to visualize model stability,

learning progression, and the risk of overfitting. Each loss curve is accompanied by a
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descriptive interpretation that highlights key convergence patterns, allowing for a
deeper understanding of model performance prior to integrating attention

mechanisms.

Training and validation loss patterns of the Recurrent Neural Network model across
10 training epochs were evaluated without the incorporation of any attention
mechanism. The training loss started relatively high at epoch 1 and demonstrated a
consistent decline through successive epochs, dropping from 1.35 to approximately
0.69. The steady reduction in training loss indicates that the model was successfully
learning and adjusting its weights to fit the training data over time, with convergence
achieved after the sixth epoch where the loss trend flattens. The diminishing training
loss reflects improved optimization and the model's capacity to learn sequential

dependencies present in the dataset.

On the other hand, the validation loss also followed a declining trend initially,
reducing from 1.00 to around 0.72 by epoch 6, which suggests that the model was
generalizing well to unseen data in the early stages. However, from epoch 7 onwards,
the validation loss showed minimal improvement and remained relatively steady,
ending at 0.78 by epoch 10. This stabilization of the validation loss indicates that while
the model maintained its performance on unseen data, further training did not lead to
significant enhancements in generalization. The graph in Figure 4.1 illustrates the

training and validation loss patterns of the Recurrent Neural Network.
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Figure 4.1: Training and Validation Loss — RNN

Training and validation loss for the CNN model over 10 epochs exhibited a relatively
high training loss at the beginning of training, which declined steadily over the
subsequent epochs, indicating effective learning from the data. While the training loss
maintained a downward trend, the curve also exhibited slight oscillations, a common
pattern in convolutional neural networks as they adapt to new feature patterns during
learning. In the final epoch, the model achieved a notable reduction in training loss,
reflecting CNN’s ability to extract useful features for aspect-level sentiment

classification.

Validation loss also began at a moderately high point and demonstrated an overall
decreasing pattern across epochs. This non-linear trend suggests fluctuating
performance on unseen validation data as the model adjusted to diverse sentiment
expressions across different aspects. Although the validation loss did not decline as
sharply as the training loss, it remained within a close range throughout the training
process, showing that the CNN was able to retain a fair level of generalization while
learning from the training set. The graph in Figure 4.2 illustrates the training and

validation loss for the CNN model over 10 epochs.
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Figure 4.2: Training and Validation Loss — CNN

In the training and validation loss for the Recursive Neural Network model across 10
epochs, the training loss curve shows a consistent downward trend with minor
fluctuations, indicating that the model was steadily learning from the training data.
This pattern reflects natural training dynamics as the model adjusted its internal
parameters with each epoch. The overall reduction in training loss over time suggests
that the RecNN was effectively minimizing error during backpropagation and

converging toward a stable learning state.

Similarly, the validation loss decreased across the training epochs, showing that the
model was progressively improving its performance on unseen data. While the

validation curve did not decline as sharply as the training loss, it followed a
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comparable trajectory with moderate fluctuations. This alignment between the training
and validation loss trends demonstrates that the RecNN maintained generalization
ability throughout the training phase, even though its learning curve was not as steep
or smooth as that of the RNN model. The model demonstrated gradual adaptation
without significant performance instability. The training and validation loss for the

Recursive Neural Network model across 10 epochs is illustrated in Figure 4.3.
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Figure 4.3: Training and Validation Loss — RecNN

In the training and validation loss trends for the Memory Network model across 10
training epochs, the training loss was observed to decline steadily from approximately
1.02 in the initial epoch to around 0.76 by the tenth epoch. This consistent downward
movement indicated that the model progressively learned from the training data,
adapting effectively with each epoch. The natural fluctuations seen in the training
curve were characteristic of learning dynamics when using adaptive optimizers like

AdamW, particularly in deep learning tasks involving complex textual datasets.
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The validation loss curve showed a parallel trend, beginning at 1.01 and tapering off
to 0.81 by the final epoch. The alignment between training and validation losses
throughout the training process suggested that the Memory Network model exhibited
generalization capabilities on unseen data. The absence of significant divergence
between the two curves pointed to a stable learning process and a well-balanced model
training outcome, free from major issues such as underfitting or training instability.
The training and validation loss trends for the Memory Network model across 10

training epochs are illustrated in Figure 4.4.
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4.3 An Improved Deep Learning-based Model

Based on the outcomes of the comparative study in Section 4.2, the Recurrent Neural
Network with hierarchical attention mechanisms emerged as the most effective
baseline model for aspect-based sentiment analysis. This model consistently
outperformed the other evaluated architectures in terms of accuracy, precision, recall,
and F1 score. Its better performance was attributed to its ability to capture contextual

dependencies and emphasize relevant parts of the input using hierarchical attention.
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As aresult, this section presents the improvements made to the RNN with hierarchical
attention to further boost its effectiveness and robustness in handling complex, multi-

aspect sentiment data.

The improvements are outlined systematically, beginning with the integration of a
multi-head attention mechanism into the existing hierarchical structure to enrich the
model’s capacity for capturing diverse sentiment cues. This is followed by the
introduction of a dual attention mechanism designed to improve aspect-specific focus
by aligning sentiment expressions with the correct aspect targets. Further
enhancements were achieved through hyperparameter optimization, which helped
stabilize training and improve generalization. The section concludes with a detailed
description of the final architecture of the improved model, summarizing how each
enhancement contributed to the overall performance and reliability of the sentiment

classification system.

4.3.1 Integrated Multi-head Attention to Hierarchical Attention Mechanism

In this phase of the study, the researcher sought to address a key limitation identified
in the baseline RNN with hierarchical attention its restricted ability to accurately
capture and differentiate sentiment expressions tied to multiple aspects within the
same review. This limitation often resulted in sentiment entanglement, where
overlapping and conflicting sentiments were incorrectly assigned to the wrong aspects.
To resolve this challenge, the researcher improved the baseline architecture by
incorporating a multi-head attention mechanism within both the word-level and

sentence-level hierarchical layers.

The multi-head attention mechanism allowed the model to attend to different semantic
and sentiment-rich segments of the input text simultaneously. Each attention head was
configured to capture distinct context signals, enabling the model to extract multiple
perspectives related to sentiment orientation. These parallel outputs were then
concatenated and transformed into a unified vector representation that preserved the
unique contributions of each attention head. By integrating this attention strategy, the
researcher improved the model’s capacity to detect and isolate aspect-specific

sentiments, particularly in reviews with complex structures.
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4.3.2 Dual Attention Mechanism for Aspect-Specific Focus

The researcher further refined the model’s ability to distinguish sentiments tied to
specific aspects within a review by incorporating a dual attention mechanism into the
RNN-+Hierarchical architecture. This enhancement was driven by the observation that
hierarchical attention layers failed to explicitly align sentiment-bearing expressions
with their corresponding aspect terms, particularly in multi-aspect reviews. As aresult,
there was a risk of sentiment misattribution, where positive or negative cues were

incorrectly linked to unrelated aspects.

The dual attention mechanism implemented consisted of two complementary
components: aspect-to-context attention and context-to-aspect attention. In the first
flow, the aspect embedding served as a query vector that selectively highlighted
context words relevant to the target aspect. In the reverse flow, the summarized
context guided the model in refining its understanding of the aspect, especially when
the term was vague or broad. The interaction of these two attention paths generated a
joint representation that captured the mutual relationship between aspect terms and

their contextual sentiment indicators.

4.3.3 Hyperparameter Optimization

Hyperparameter optimization plays a vital role in the training of deep learning models,
as it involves the fine-tuning of predefined training configurations that are not learned
from data but significantly affect model performance. These hyperparameters
determine how the model learns, controls training dynamics, and impacts the overall
ability of the model to generalize well to unseen data. Recognizing their importance,
the researcher adopted a structured strategy that combined manual tuning with
automated search techniques to ensure optimal settings for the RNN with hierarchical

and dual attention mechanisms.

The optimization process focused on critical hyperparameters such as learning rate,
dropout rate, number of RNN layers, maximum input length, and gradient clipping
thresholds. The automated tuning phase was conducted using the Optuna framework,
which applied Bayesian optimization and adaptive pruning to systematically explore
the parameter space. Meanwhile, the manual phase involved empirical adjustments
based on validation loss trends and training stability. Table 4.3 summarizes the final

set of hyperparameters that yielded the best performance for the improved model.
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Each parameter was selected for its contribution to reducing overfitting, stabilizing

long-sequence training, and enhancing convergence.

Table 4.3 Optimized Hyperparameters for the Improved RNN

Hyperparameter Value

Optimizer AdamW

Loss Function Cross-Entropy Loss
Learning Rate 2e-5

Weight Decay 0.01

Learning Rate Scheduler ReduceLROnPlateau
Dropout Rate 0.3

Gradient Accumulation Steps 2

Number of Training Epochs 20

Warmup Steps 1000

Per Device Training Batch Size 16

Per Device Evaluation Batch Size 8

Evaluation Strategy Epochs

A final set of hyperparameters, as summarized in Table 4.3, reflects the optimal
configuration identified through a combined manual and automated tuning strategy.
The AdamW optimizer was chosen for its adaptive learning capabilities and effective
regularization, while a conservative learning rate of 2e-5 and weight decay of 0.01
was used to promote stable convergence. The ReduceLROnPlateau scheduler was
adopted to dynamically reduce the learning rate when the validation metric plateaued,
helping the model escape potential local minima. A dropout rate of 0.3 was introduced
to mitigate overfitting, and gradient accumulation steps were set at 2 to simulate larger
batch sizes under memory constraints. The model was trained over 20 epochs with
1000 warmup steps to stabilize initial learning, using batch sizes of 16 and 8 for
training and evaluation respectively. The evaluation strategy was based on epoch
intervals, allowing the researcher to monitor validation performance after each full

pass through the training data.

4.3.4 Improved Model Architecture
This section presents the enhanced architecture developed to address the limitations

of the baseline RNN model. The process begins with an input review, which is passed
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through preprocessing operations including tokenization, padding, and truncation to
standardize input length. After this, words are converted into dense vector
representations using pretrained GloVe embeddings. These embeddings are fed into
stacked RNN layers, which effectively model sequential dependencies within the

review and preserve contextual flow across tokens.

Next, the encoded sequence is refined using a hierarchical attention mechanism
applied at both word and sentence levels. Each level incorporates a multi-head
attention layer that allows the model to simultaneously attend to multiple sentiment-
relevant regions of the text. This is crucial for accurately capturing multiple sentiment
expressions tied to different aspects within the same review. Outputs from these
attention layers are forwarded to a dual attention mechanism, comprising Aspect-to-
Context and Context-to-Aspect attention flows. These interdependent layers enhance
the model's ability to align sentiment-bearing phrases with their corresponding aspect

terms, minimizing sentiment entanglement.

Feature representations from the dual attention layers are concatenated and passed into
a softmax classification layer, which assigns sentiment polarities - positive, negative,
or neutral - to each aspect. These predictions are then mapped to their corresponding
aspects through an aspect-sentiment pairing module. This improved architectural
design supports fine-grained sentiment analysis and robust multi-aspect interpretation.
Each architectural stage is informed by the hyperparameters identified during
optimization, ensuring efficient learning. A visual representation of this end-to-end

process is illustrated in Figure 4.5.
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4.4 Evaluation of the Baseline and the Improved Model

This section presents the performance evaluation of the improved deep learning
model, which integrates hierarchical, multi-head, and dual attention mechanisms atop
an RNN architecture. Using the SemEval Task 4 and MAMS datasets, the model was
assessed with Accuracy, Precision, Recall, and F1-Score to benchmark its

improvements with other existing models.

4.4.1 Model Performance on the Four Standard Metrics

Evaluation results of both the baseline model (RNN with Hierarchical Attention) and
the improved model (RNN integrated with Multi-head Hierarchical Attention and
Dual Attention Mechanisms) for objective three were evaluated across four standard
classification metrics: Accuracy, F1-Score, Precision, and Recall. The assessment was
conducted using two benchmark datasets SemEval Task 4 and the Multi-Aspect Multi-
Sentiment dataset. The SemEval dataset provided a structured benchmark for domain-
specific restaurant and laptop reviews, while the MAMS dataset tested the model's
robustness in handling multi-aspect sentiments. This dual-dataset approach ensured
that the evaluation covered both intra-domain and cross-domain generalization

capabilities of the improved model.

On the SemEval Task 4 dataset, the improved model demonstrated significant
performance gains. It achieved an Accuracy of 89.1%, an F1-Score of 87.8%, a
Precision of 89.6%, and a Recall of 86.7%. These figures exceeded those of the
baseline model, which scored 84.7%, 83.2%, 85.5%, and 81.0% respectively across
the same metrics. Similarly, on the MAMS dataset, the improved model attained an
Accuracy of 88.5%, an F1-Score of 86.2%, a Precision of 87.3%, and a Recall of
84.2%. These results also surpassed the baseline performance, further validating the
generalizability and robustness of the proposed enhancements, even in more complex

review structures containing multiple sentiment aspects.

An improved model achieved significantly better performance compared to the
baseline. On average across both datasets, the improved model recorded performance
gains of 4.1% in accuracy, 3.8% in Fl-score, 3.0% in precision, and 4.5% in recall.
These improvements collectively affirm the efficacy of the enhancements introduced
specifically, the integration of Multi-head Attention, Dual Attention Mechanism and

Hyperparameter Optimization in significantly boosting the model’s capacity for
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accurate and refined sentiment classification at the aspect level. Table 4.4 shows the
evaluation results on two sentiment analysis benchmark datasets using the four

standard evaluation metrics.

The enhanced model integrated several key features that contributed to its superior
performance. It effectively captured sequential dependencies and preserved contextual
information better than traditional CNNs. Through combining domain-specific
sentiment lexicons, syntactic structures, and contextual embeddings, the model
achieved greater precision in identifying aspect-specific sentiments. Additionally, the
use of both word-level and sentence-level attention enabled it to focus on the most

relevant tokens and weigh critical information more accurately across text.

Table 4.4: Evaluation Results Using Standard Classification Metrics

Dataset Model Accuracy | F1- Precision | Recall
(%) Score (%) (%)
(%)

SemEval RNN + Hierarchical 84.7 83.2 85.5 81.0
Task 4 Attention

Improved Model 89.1 87.8 89.6 86.7
MAMS RNN + Hierarchical 84.7 83.2 85.5 81.0
Dataset Attention

Improved Model 88.5 86.2 87.3 84.2
Average (%) gain of the Improved | 4.1 3.8 3.0 4.5
Model

To gain deeper insights into the classification behaviour of the improved model,
confusion matrices were generated for the SemEval Task 4 and MAMS (ATSA) test
sets. These matrices present a granular view of the model’s predictions, showing how
well it distinguishes between the three sentiment categories: Positive, Neutral, and
Negative. The analysis complements the four standard metrics accuracy, precision,
recall, and F1-score by revealing specific strengths and areas where misclassifications

occurred.

The confusion matrix for the SemEval test set reveals that the improved model
exhibited strong performance in sentiment classification. For positive sentiments, the

model correctly identified 120 out of 134 instances, with only 14 misclassified 6 as
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neutral and 8 as negative. This demonstrates a high level of accuracy and reliability in
detecting positive feedback from customer reviews. In the case of neutral sentiments,
the model accurately predicted 52 out of 63, with 11 misclassified - 5 as positive and
6 as negative. This slight drop in accuracy reflects the inherent challenge in
distinguishing neutral tones, which are often less explicit and context-dependent. For
negative sentiments, the model achieved 83 correct predictions out of 100, with 10
instances misclassified as positive and 7 as neutral. While the model maintained solid
performance, the misclassifications highlight the complexity of identifying negative
sentiments, especially when reviews involve sarcasm or mixed expressions. This

information is visualized in Figure 4.6.
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Figure 4.6: The SemEval Confusion Matrix

The MAMS test set posed a more complex challenge for the model due to its multi-
aspect sentence structures, which demand the precise association of sentiments with
specific aspects embedded within the same sentence. For positive sentiments, the

model successfully classified 362 out of 400 instances, with 38 misclassifications most
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of which were incorrectly labelled as neutral. This reflects the model's robustness in
identifying positive expressions even when they coexist with neutral or negative
sentiments in the same review. Regarding neutral sentiments, the model accurately
predicted 538 out of 607 instances, while 69 were misclassified 31 as positive and 38
as negative. This underlines the inherent difficulty of identifying neutral tones,
especially when reviews contain emotionally charged words that do not carry
sentiment for the particular aspect being analysed. As for negative sentiments, the
model achieved correct classification in 282 out of 329 cases, with only 47
misclassified. This indicates the model's strong capability to detect negative sentiment,
even when it is linguistically subtle or context-dependent. This information is

visualized in Figure 4.7.
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4.4.2 Training and Validation Loss of the Model
The improved RNN+Hierarchical model was trained for 20 epochs on the SemEval

Task 4 dataset using the optimal hyperparameters established in Section 4.3.3. From
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the graph, it is evident that the training loss began at approximately 0.96 and
progressively decreased to about 0.23 by the final epoch. This consistent decline
reflects a successful learning process, where the model steadily improved its internal
parameters to reduce the error on the training set. The curve shows a realistic pattern,

indicating dynamic updates and active adaptation during each training epoch.

Validation loss started slightly higher at around 0.98 and followed a similar downward
trajectory, reaching approximately 0.32 by epoch 20. Throughout the training process,
the gap between the training and validation loss remained narrow, a desirable trait that
suggests minimal overfitting and strong generalization performance. Minor
fluctuations observed around epochs 7, 12, and 17 are typical in deep learning
processes and are likely due to inherent data variability or batch-level differences
during training. However, the model consistently recovered and maintained a
downward trend in loss, indicating stability. The training and validation loss curves

for the improved aspect-based sentiment analysis model are presented in Figure 4.6.

101

—— Training Loss
—— Validation Loss

0.9r
0.81

0.7}

Loss

0.6

0.5

0.4r

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Epochs

Figure 4.8: Training and Validation Loss — Improved RNN+Hierarchical

4.4.3 Comparing the Improved Model with the Existing Models

In this section, the performance of the improved model is compared against several
established models previously published in the aspect-based sentiment analysis
literature as part of objective three. The comparison includes benchmark models such

as CNN Bi-LSTM with Attention, Target-ABSA with Attentive LSTM, IAC-GRU,
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Mohammadi and Shaverizade’s model, Zhao et al.'s model and the BiLSTM with
Fuzzy IF-THEN rules. These models were selected for comparison based on their
relevance to aspect-based classification and their reported evaluations on the same
datasets used in this study namely, the SemEval Task 4 dataset and the Multi-Aspect
Multi-Sentiment (MAMS) dataset. Table 4.5 presents a detailed breakdown of the

evaluation results across four key metrics: Accuracy, Precision, Recall, and F1-Score.

Table 4.5: Comparing the Improved Model with Existing Models on the

SemEval Task 4
Dataset Study/Model Accuracy | F1- Precision | Recall
(%) Score (%) (%)
(%)
SemEval | CNN Bi-
cmeva co 76.8 751 | 69.2 73.4
Task 4 LSTM+Attention
Dataset T ABSA+A i
atase arget ABS ttentive 216 779 79,1 76.5
LSTM
IAC-GRU 76.8 75.1 69.2 73.4
Moh di and
ehammact an 82.6 782|811 78.5
Shaverizade
Zhao et al. 78.8 77.1 69.2 75.4
BiLSTM_F IF-
s L _Thezy 86.6 792|761 78.5
THEN
Improved Model 89.1 87.8 89.6 86.7

On the SemEval dataset, the improved model consistently outperforms the existing
models. It achieved an Accuracy of 89.1%, an F1-Score of 87.8%, Precision of 89.6%,
and Recall of 86.7%. These results surpass the next closest model, BILSTM Fuzzy
IF-THEN, which had an Accuracy of 86.6% and an F1-Score of 79.2%. A similar
trend is evident on the MAMS dataset, where the improved model scored 88.5%
Accuracy, 86.2% F1-Score, 87.3% Precision, and 84.2% Recall again outperforming

the existing models across all metrics as shown in Table 4.6.
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Table 4.6: Comparing the Improved Model with Existing Models on the MAMS

Dataset
Dataset Study/Model Accuracy | F1- Precision | Recall
(%) Score (%) (%)
(%)
MAM Bi-
> CNN Bi . 74.8 73.1 71.2 75.4
Dataset LSTM+Attention
Target ABSA+Attenti
arge CVE 1 976 732 |80.1 73.5
LSTM
IAC-GRU 77.8 74.1 66.2 71.4
Moh di and
onammacian 78.6 752 |76.1 79.5
Shaverizade
Zhao et al. 73.8 78.1 67.2 75.4
BiLSTM_F IF-
ILSTM_Fuzzy 79.6 702 | 80.1 78.5
THEN
Improved Model 88.5 86.2 87.3 84.2

4.5 Discussion

This section provides a structured interpretation of the research findings, beginning
with a reflection on the performance of baseline models and the rationale for selecting
the RNN with hierarchical attention as the foundation. It then explores how the
implemented improvements addressed identified limitations and synthesizes the
evaluation results to highlight the study’s contributions to aspect-based sentiment

analysis.

4.5.1 Implications of the Comparative Study of Deep Learning Models

Findings from the first objective, which involved a comparative evaluation of four
deep learning architectures RNN, CNN, RecNN, and Memory Networks with and
without attention mechanisms, yielded insightful interpretations that informed the
improvements the researcher made in aspect-based sentiment analysis. The training
and validation loss curves revealed key convergence behaviours across the different
model configurations, with baseline models generally exhibiting slower and less stable
learning dynamics. In contrast, the integration of attention mechanisms consistently
enhanced convergence patterns and reduced loss fluctuations, suggesting improved

learning stability and generalization performance.
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Among the models evaluated, the RNN architecture emerged as the most effective
when paired with hierarchical attention. This combination achieved the highest scores
across all performance metrics, including Accuracy, F1-Score, Precision, and Recall.
The sequential nature of the RNN made it especially suitable for handling the
contextual dependencies in sentiment-bearing sentences, while the hierarchical
attention mechanism allowed for a refined focus on both word-level and sentence-
level features. This outcome highlights the importance of pairing suitable base
architectures with appropriate attention mechanisms to maximize performance in

ABSA tasks.

Additionally, the comparative results demonstrated that attention mechanisms
particularly hierarchical and multi-head attention significantly enhanced the capacity
of all baseline models to capture aspect-specific sentiments. While models like CNN
and RecNN initially showed limitations in modelling long-range dependencies, the
addition of attention layers enabled them to better localize sentiment expressions
associated with target aspects. These findings emphasize that attention mechanisms
play a crucial role in improving sentiment classification across complex customer

reviews and justify their integration into the improved model architecture.

4.5.2 Implications of the Improved Model

This section discusses the results and impact of the improvements made to the
proposed deep learning-based model. The integration of multi-head hierarchical
attention enabled the model to effectively capture diverse sentiment cues across both
word and sentence levels, while the dual attention mechanism improved aspect-
specific focus by aligning sentiment expressions directly with their corresponding
aspects. Additionally, hyperparameter optimization played a key role in refining the
model’s learning process, enhancing both stability and performance. Together, these
improvements significantly boosted the model’s accuracy and generalization in

aspect-based sentiment analysis compared to the baseline.

Integration of multi-head attention into the hierarchical attention framework
significantly enhanced the model’s ability to conduct aspect-based sentiment analysis.
The baseline RNN with hierarchical attention provided structured context
representation through word-level and sentence-level attention, but it showed

limitations in detecting diverse sentiment signals spread across longer reviews. The
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addition of multi-head attention addressed this issue by enabling the model to extract
multiple sentiment cues across various semantic regions, each head attending to a
different pattern or context. This refinement improved the model’s capacity to handle

multi-aspect sentiment expressions with better accuracy.

This improvement allowed the model to interpret reviews with overlapping opinions
more reliably. Each attention head in the multi-head layer focused on specific elements
of sentiment and aspect relationships, which helped reduce noise and increase
classification precision. The performance results, reflected in the increased accuracy,
F1-score, precision, and recall, confirmed that the integration of multi-head attention
contributed to a deeper and more balanced understanding of the input data. This
modification played a key role in transforming the baseline architecture into a more

robust and context-aware model.

Incorporation of the dual attention mechanism markedly improved the model's ability
to distinguish sentiment expressions tied to specific aspects in multi-aspect reviews.
Hierarchical attention mechanisms struggled to differentiate between sentiments
directed at various aspects within a single sentence, resulting in misclassification. The
dual attention mechanism addressed this limitation through two attention flows aspect-
to-context and context-to-aspect which allowed the model to refine its understanding
of both the aspect and its corresponding sentiment context. This setup ensured that
sentiment words were appropriately aligned with their target aspects, enhancing the

model’s precision in identifying aspect-specific sentiments.

This improvement was especially impactful in reviews containing contrasting
sentiments within the same sentence. For example, the model was able to associate
“drains fast” with the “battery” aspect and “gorgeous” with the ‘“screen” aspect
accurately. Such precision reduced aspect entanglement and enabled more reliable
classification across varied product features. The dual attention mechanism
strengthened the interpretability of the model and contributed directly to the observed
increase in classification metrics, confirming its effectiveness in refining aspect-level

sentiment analysis.

Optimized hyperparameters adopted in this study were instrumental in enhancing the

training stability, convergence speed, and generalization capacity of the improved
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model. The use of the AdamW optimizer proved effective in handling sparse gradients
and stabilizing updates across multiple layers of the deep architecture. The model was
trained using the Cross-Entropy Loss function, which is widely accepted for multi-
class classification tasks and allowed the network to accurately minimize prediction
errors during training. A relatively low learning rate of 2e-5 was selected to ensure
that weight updates occurred gradually, preventing abrupt changes that could

destabilize learning.

A weight decay value of 0.01 and a dropout rate of 0.3 served as regularization
strategies that controlled overfitting and encouraged the model to learn generalized
patterns rather than memorizing training data. The ReduceLROnPlateau learning rate
scheduler dynamically reduced the learning rate when the validation loss plateaued,
which facilitated smoother convergence across training epochs. Furthermore, setting
1000 warmup steps enabled a gradual ramp-up in the learning rate, avoiding
inconsistent parameter updates during the early stages of training. The gradient
accumulation step of 2 was used to simulate a larger effective batch size without

exceeding memory limitations, improving training stability.

The model was trained over 20 epochs, with a training batch size of 16 and an
evaluation batch size of 8 per device, ensuring a balance between computational
efficiency and effective learning. The evaluation strategy was based on epochs,
enabling the model’s performance to be periodically assessed and checkpoints to be
saved at optimal points. These hyperparameter choices collectively fostered a robust
and well-optimized training process, directly contributing to the improved model’s

superior performance as demonstrated in the evaluation metrics.

4.5.3 Implications of the Evaluation Results of the Improved Model

Evaluation results demonstrated that the improvements integrated into the proposed
model significantly enhanced its performance across both benchmark datasets. On the
SemEval Task 4 dataset, the improved model consistently outperformed the baseline
model, achieving higher scores across all four standard evaluation metrics: Accuracy,
Precision, Recall, and F1-Score. Similar superior performance was observed on the
MAMS dataset, where the improved model proved its robustness in handling multi-

aspect sentiment classification with greater effectiveness. These consistent results
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across different datasets confirm that the improvements made contributed to the

model’s ability to better capture nuanced sentiment patterns.

Moreover, the performance improvements were not only observed in raw metric
values but were also reflected in the model’s ability to generalize to unseen data
(MAMS dataset). The improved model achieved substantial gains in Accuracy and
F1-Score compared to the baseline and other existing models in the literature,
highlighting its adaptability and scalability for real-world ABSA tasks. These findings
suggest that the architectural and training improvements strengthened the model’s
contextual understanding and aspect-specific alignment, allowing it to classify

sentiments more accurately even in complex and multi-faceted reviews.

Confusion matrices from both the SemEval and MAMS test sets reveal critical insights
into the effectiveness and robustness of the improved model. On the SemEval dataset,
the model demonstrated strong overall performance, particularly in accurately
identifying Positive and Negative sentiments, with minimal misclassifications. These
few errors are likely attributed to sentiment overlap or linguistic ambiguity often
present in real-world customer reviews. The even distribution of correct classifications
across all sentiment classes suggests the model is well-generalized and capable of

discriminating sentiments in domain-specific contexts.

On the MAMS dataset, which features more complex, multi-aspect sentiment
structures, the model maintained high reliability and adaptability. The strong diagonal
presence in the matrix underscores its ability to preserve contextual integrity and
accurately align sentiments to their respective aspects. This reflects the success of
incorporating multi-head and dual attention mechanisms and thorough training
strategies. Nonetheless, neutral sentiments showed slightly higher misclassification
rates consistent with prior studies due to their inherently vague and less emotionally

distinct language patterns.

Finally, the training and validation loss curves of the improved model showed
desirable convergence patterns, indicating that the model was effectively optimized.
The losses decreased steadily and maintained a close alignment throughout the
training epochs, suggesting that the model did not suffer from overfitting. This

convergence behaviour supports the efficacy of the chosen hyperparameter settings,
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such as the learning rate schedule, dropout rate, and batch sizes. Collectively, these
evaluation results affirm the success of the researcher's strategies and the reliability of

the improved model in advancing performance in aspect-based sentiment analysis.

4.6 Summary

This chapter has presented the key findings and interpretations derived from the
experimental and evaluation phases of the study. It began with a comparative analysis
of four baseline deep learning models RNN, CNN, RecNN, and Memory Networks
both with and without attention mechanisms, to identify the most effective architecture
for aspect-based sentiment analysis. The results of this comparative study established
the RNN with Hierarchical Attention as the most promising baseline model, which

was subsequently selected for further improvements.

The researcher implemented several targeted improvements to the baseline model,
including the integration of a Multihead hierarchical Attention mechanism, the
introduction of a Dual Attention mechanism for enhanced aspect-specific focus, and
comprehensive hyperparameter optimization. The improved model was then evaluated
using two benchmark datasets SemEval Task 4 and the MAMS dataset across four
standard metrics: Accuracy, Precision, Recall, and F1-Score. The results revealed
consistent performance gains over both the baseline and other existing models in the

literature.

The chapter ends with a detailed discussion aligned with the study’s objectives,
explaining how each improvement contributed to the model’s performance. The
training and validation loss curves further validated the effectiveness of the
optimization strategies employed. Altogether, this chapter provides a thorough
account of how the proposed enhancements significantly improved the model’s ability

to deliver accurate aspect-level sentiment classification.
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CHAPTER FIVE
CONCLUSION, RECOMMENDATIONS AND FUTURE WORK

5.1 Conclusion

This research focused on designing and implementing an improved deep learning-
based model tailored for aspect-based sentiment analysis (ABSA) of customer
reviews. This goal was realized through an exploration of existing deep learning
architectures, their limitations, and the development of approaches that could address
identified performance gaps. The research was guided by three specific objectives,
which served as the foundation for each stage of the study. These included conducting
a comparative analysis of multiple deep learning models with and without attention
mechanisms, developing an improved model incorporating attention strategies and

evaluating the improved model using benchmark datasets to validate its performance.

Four baseline models: Recurrent Neural Network, Convolutional Neural Network,
Recursive Neural Network and Memory Network were evaluated in the first objective.
Each model was tested in its original form and with attention mechanisms to determine
their learning behaviours and generalization capacity. The performance comparison
was anchored on training and validation loss curves, which offered insight into the
convergence stability of each architecture. The analysis revealed that models with
attention mechanisms consistently achieved better loss reductions and demonstrated
smoother convergence than their non-attentive counterparts. Among the evaluated
models, RNN with Hierarchical Attention exhibited the most reliable performance,
striking a balance between learning efficiency and generalization, making it the ideal

candidate for further improvement.

RNN with Hierarchical Attention was improved through the integration of other
attention mechanisms. These enhancements included integrating a multi-head
attention layer to allow the model to attend to different representation subspaces
simultaneously and a dual attention mechanism that provided focused attention on
specific aspects of the input. Additionally, a comprehensive hyperparameter
optimization process was carried out, adjusting parameters such as learning rate,
dropout, batch size, and the choice of optimizer. These modifications were not
arbitrary but informed by extensive experimentation and theoretical grounding,

ensuring that the improved model was both computationally efficient and capable of
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fine-grained sentiment classification across multiple aspects. The refined model
architecture was also visualized through a detailed diagram illustrating the model's

end-to-end processing flow.

Two benchmark datasets: SemEval Task 4 and the Multi-Aspect Multi-Sentiment
(MAMS) dataset were used to evaluate the improved model. The evaluation employed
standard classification metrics Accuracy, Precision, Recall, and F1-Score. On both
datasets, the improved model recorded higher scores than the baseline and existing
models cited in the literature. For instance, on the SemEval Task 4 dataset, the
improved model achieved an Accuracy of 89.1% and an F1-Score of 87.8%,
outperforming advanced models such as BiLSTM Fuzzy IF-THEN and Target
ABSA-+Attentive LSTM. Similar improvements were observed on the MAMS dataset,
confirming the enhanced model's robustness across domains. These results validated
the design decisions made during model improvement and confirmed the importance
of attention mechanisms and optimized training parameters in improving model

efficacy.

The study further highlights the effectiveness of integrating attention mechanisms,
which significantly improved the model’s ability to capture contextual and aspect-
specific sentiments. The improved model consistently demonstrated robustness by
outperforming baseline architectures across standard evaluation metrics, confirming
its reliability in handling diverse sentiment patterns. Additionally, the attention
mechanisms enhanced the model’s interpretability, making its predictions more
transparent and understandable to users and stakeholders. Ethical considerations were
also acknowledged, particularly in relation to responsible data handling and the need

for transparency in automated sentiment systems.

Finally, the study’s findings emphasize the importance of integrating attention-based
architectures and carefully tuned hyperparameters in sentiment analysis models. The
improvements not only yielded performance gains in terms of predictive accuracy and
robustness but also contributed to a more interpretable and scalable modelling
approach. The improved model demonstrated strong generalization capabilities and a
reduced risk of overfitting, as evidenced by consistent training and validation loss

trajectories. This research has thus contributed a viable and effective deep learning
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solution for ABSA, offering valuable insights for future work in NLP applications that

require detailed and aspect-aware sentiment interpretation.

5.2 Recommendations

Drawing from the key findings of this study, several recommendations are proposed
to inform practitioners, policymakers, and industry stakeholders seeking to enhance
sentiment analysis applications in real-world contexts. These recommendations aim to
promote effective adoption, responsible deployment, and cross-sector implementation

of aspect-based sentiment classification systems.

5.2.1 Policy Support for Ethical AI Deployment in Customer Feedback Systems

To ensure the practical adoption of attention-based sentiment analysis models, there
is a need for policy support focused on data-driven customer engagement. Regulatory
bodies, such as the Communications Authority of Kenya or the Ministry of ICT,
should establish frameworks guiding ethical Al usage in customer feedback systems.
Policies should encourage transparency in automated decision-making, privacy-
preserving data handling, and open benchmarking of Al tools. Adoption should ideally
occur within sectors that manage large volumes of customer feedback such as banking,
telecommunications and e-commerce under digital transformation policies or public—

private innovation charters.

5.2.2 Institutional Adoption in Customer Experience Monitoring

For successful implementation, institutions such as e-commerce platforms (e.g.,
Jumia, Kilimall) and customer service software providers (e.g., CRM platforms)
should integrate ABSA models within their feedback analytics pipelines. This
adoption would allow for real-time monitoring of customer sentiment, helping
institutions tailor service delivery. Technical integration can be supported by
partnerships with local Al developers and startups who can customize the model
architecture and APIs to existing systems, reducing time-to-deployment and aligning

with organizational workflows.

5.2.3 Cross-Sector Training and Capacity Building
Capacity building is essential for scaling the model and ensuring sustainability.
Sector-specific training programs, especially within universities, tech hubs, and

corporate training departments, should introduce staff and students to practical
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deployment of ABSA tools. These programs could be supported by ICT authorities or
donor-funded digital skills initiatives, focusing on model fine-tuning, ethical Al
deployment, and data annotation best practices thereby fostering a skilled workforce

for industry-wide adoption.

5.3 Future Work

This research has laid a solid foundation for further advancement in deep learning
approaches for aspect-based sentiment classification. Although the study successfully
fulfilled its objectives within the defined scope, several opportunities remain
unexplored that could offer deeper insights and drive future innovation. Exploring
these directions may provide a more comprehensive understanding of model
behaviour across different contexts and contribute to ongoing developments in the

Natural Language Processing field.

5.3.1 Multimodal Integration

One promising direction for future research involves integrating multimodal data
sources, such as combining text with images, audio, or video. Incorporating visual
cues, speech tone, or contextual imagery into sentiment analysis can enrich the
model’s understanding of user sentiment beyond what is conveyed through text alone.
This multimodal approach has the potential to improve the interpretability and
accuracy of aspect-based sentiment classification, especially in settings like social
media, customer feedback, or multimedia reviews where emotions are often expressed
through multiple channels. Developing models capable of processing and aligning
these heterogeneous inputs can unlock deeper insights and more human-like

understanding.

5.3.2 Cross-Lingual Sentiment Analysis

Another valuable area for expansion is the development of cross-lingual sentiment
analysis capabilities. Building models that can handle multiple languages effectively
would enable broader application across global datasets, reducing the need for
language-specific models and extensive translation. This can be particularly useful in
multilingual societies, international markets, or global customer service applications.
Leveraging multilingual pre-trained language models or transfer learning techniques
can enable the improved model to perform sentiment analysis across various

languages while preserving semantic and contextual nuances.
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5.3.3 Real-Time Sentiment Analysis Deployment

A practical future step involves optimizing the model for real-time sentiment analysis
in live systems. Deploying the model in scenarios such as customer support chatbots,
social media monitoring tools, or recommendation engines would require
improvements in inference speed and resource efficiency. Streamlining model
performance through quantization, pruning, or edge deployment techniques can help
achieve faster responses and lower computational overhead, making the model viable

for continuous, on-the-fly sentiment evaluation.
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Appendix 1: Data Pre-processing Algorithm

Step 1: Load and Normalize Data
- Load dataset
- Convert all text to lowercase

- Remove special characters and extra whitespace

Step 2: Tokenization
for each sentence in dataset do
tokens = AutoTokenizer.tokenize(sentence)
attention_mask = generate_mask(tokens)
input_tensors.append((tokens, attention _mask))

end for

Step 3: Truncation and Padding
max_length = 128
for each (tokens, attention mask) in input_tensors do
if length(tokens) > max_length then
tokens = tokens[:max_length]
attention_mask = attention_mask[:max_length]
else
padding = max_length - length(tokens)
tokens += [PAD_TOKEN] * padding
attention_mask += [0] * padding

end if

108




Step 4: Aspect Term Extraction and Alignment
for each entry in dataset do
sentence = entry["text"]
aspect = entry["aspect _term"|
sentiment = entry["sentiment"]
locate aspect term position in tokenized sentence
align with token indices and attach to input sample

end for

Step 5: Dataset Splitting

Split input_tensors into train, validation, and test sets using 70:20:10 ratio

return train_data, val data, test data
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Appendix 2: A Comparative Study’s Algorithm

Comparative with Attention Mechanisms Study Algorithm

Require: Pre-processed datasets (SemEval, MAMS)

Ensure: Performance metrics of baseline models with integrated attention
mechanisms

Step 1: Define Baseline Models
baseline_ models = [RNN, CNN, RecNN, MemoryNetwork]

attention_mechanisms = [Hierarchical, MultiHead, Global, SelfAttention]

Step 2: Model Configuration
for each model in baseline_models do
for each attention in attention_mechanisms do
Integrate attention mechanism into model architecture
Initialize model parameters
end for

end for

Step 3: Training
for each configured model do
Train on training set (epochs = 20)
Validate on validation set
Save loss, accuracy, and attention weights

end for
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Step 4: Evaluation
for each trained model do
Evaluate on test set
Record F1-score, accuracy, and confusion matrix

end for
Step 5: Comparison
Generate comparative plots (loss curves, accuracy bars)

Analyze impact of each attention mechanism on baseline models

return comparative performance summary
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Appendix 3: The Improved Model’s Algorithm

Improved Model’s Algorithm

Input: Dataset D , Pretrained GloVe Embeddings E,

Baseline RNN Model M with Hierarchical Attention, Hyperparameter
Space H

Output: Trained Model, Performance Metrics

Step 1: Data Preprocessing
for each review in D do:
Tokenize(review)
Lemmatize(tokens)
Truncate_and Pad(tokens, max length=128)
Embed(tokens) using pretrained GloVe — E
end for

Split D into train_set, val_set, test_set (70%, 20%, 10%)

Step 2: Model Architecture Enhancement
Integrate Multi-Head Attention at:
— Word-Level Attention Layer

— Sentence-Level Attention Layer

Integrate Dual Attention:
— Aspect-to-Context Attention: attends to relevant context given an aspect

— Context-to-Aspect Attention: refines aspect understanding via sentence
context

Concatenate outputs from dual flows — Final Aspect-Specific Vector
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Step 3: Hyperparameter Optimization

Define H = {learning_rate, dropout rate, optimizer, batch size, warmup_steps}
Apply manual tuning using val loss feedback

Apply automated tuning (e.g., Bayesian Optimization or Optuna)

Select best configuration H opt

Step 4: Model Training
Initialize M with H opt
for epoch in 1 to NV do:
Train M on train_set
Validate on val set
Save best performing checkpoint (lowest val loss)

end for

Step 5: Prediction and Classification
Use softmax on final vector to predict sentiment polarity:
— Output € {Positive, Negative, Neutral}

Pair aspect terms with sentiment predictions — Aspect-Sentiment Pairs
Step 6: Evaluation
Evaluate M on test_set using Accuracy, Precision, Recall, F1-Score

Return Trained Model, Evaluation_Scores

End Algorithm
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