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ABSTRACT 

The exponential growth of online consumer reviews has amplified the need for effective 

analytical techniques to accurately capture user sentiment toward specific product features. 

This research provides a detailed analysis of Apple, Samsung, and Xiaomi consumer reviews 

collected from major e-commerce platforms from 2021 to 2024, employing transformer-based 

Natural Language Processing (NLP) models BERT, RoBERTa, and DistilBERT. Specifically, 

two critical tasks were conducted separately: Aspect Classification, identifying eight pre-

defined product aspects (Battery, Performance, Camera, Display, Price, Multimedia, Fitness & 

Health Tracking, and Customization), and Overall Sentiment Classification, assigning each 

review a general polarity (positive, neutral, negative). 

Results indicate that RoBERTa achieved the highest accuracy (F1 score of 0.791) in 

aspect classification tasks, effectively handling nuanced linguistic variations within reviews. 

In overall sentiment classification, BERT provided the most balanced performance across 

sentiment classes, whereas DistilBERT, despite lower accuracy, significantly reduced 

computational overhead with the fastest training times (approximately 6.3 minutes), 

highlighting an important trade-off between speed and accuracy. 

Temporal analysis of over 20,000 reviews from 2021 to 2024 highlights distinct 

sentiment trends across brands. Apple consistently achieved high user satisfaction, particularly 

for Performance and Camera aspects, reflecting stable positive sentiment. Samsung 

demonstrated significant improvements in Fitness & Health Tracking, aligning with evolving 

consumer preferences for smartwatch features. Xiaomi, while competitive on Price, showed 

variable sentiment for Battery and Performance, indicating areas for targeted improvement. 

These findings, derived from a modular approach separating aspect classification and overall 

sentiment analysis, provide granular insights into consumer preferences over time. 

This research contributes methodologically by decoupling aspect classification from 

sentiment analysis, thereby improving transparency and reducing model complexity. While 

product aspects were extracted using transformer-based models, sentiment analysis was 

conducted only at the overall review level. This design choice improves scalability and 

annotation consistency. Practically, the findings offer actionable insights for product 

improvement, customer satisfaction management, and competitive analysis within the 

consumer electronics market. 

Keywords: Aspect Classification; Sentiment Analysis; Consumer Reviews; BERT; 

RoBERTa; DistilBERT; Transformer Models; Temporal Analysis; Consumer Electronics. 
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GLOSSARY 

Term Definition 

ABSA 

Aspect-Based Sentiment Analysis – A sentiment analysis technique that 

identifies specific aspects within a text and determines the sentiment 

expressed toward each. 

ATE 
Aspect Term Extraction – The process of identifying and extracting aspect 

terms or product features mentioned in a review or text. 

Aspect Term 

Polarity 

A classification task that assigns a sentiment polarity (positive, negative, or 

neutral) to each extracted aspect term. 

BERT 

Bidirectional Encoder Representations from Transformers – A transformer-

based deep learning model trained bidirectionally to understand word 

context. 

DistilBERT 
A compressed version of BERT that is faster and smaller while retaining 

most of its performance capabilities. 

EDA 
Exploratory Data Analysis – A statistical approach used to explore patterns, 

trends, and anomalies in a dataset. 

Embedding 
A method for converting words or phrases into numerical vectors for 

computational processing in machine learning models. 

Fine-Tuning 
The process of adapting a pre-trained model to a specific task or domain by 

further training it on targeted data. 

NLP 

Natural Language Processing – A field of artificial intelligence that focuses 

on enabling machines to understand, interpret, and generate human 

language. 

RoBERTa 
Robustly Optimized BERT Pretraining Approach – An improved version of 

BERT that removes next sentence prediction and uses dynamic masking. 

SA 
Sentiment Analysis – A computational method for detecting and classifying 

sentiment polarity (positive, negative, neutral) in text. 

Tokenization 
The process of breaking text into smaller units (tokens), such as words or 

subwords, for analysis by NLP models. 

Transformer 
A deep learning model architecture based on self-attention mechanisms, 

used for processing sequential data like text. 
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CHAPTER I  

INTRODUCTION 

1.1 Background of the Study 

The proliferation of digital platforms has dramatically reshaped consumer behavior, 

making online reviews a pivotal source of information influencing purchase decisions. It is 

estimated that over 80% of consumers rely heavily on online reviews to assess product quality, 

usability, and reliability (Zhang et al., 2021). For consumer electronics, such as smartphones 

and smartwatches, online reviews offer detailed insights into product strengths and weaknesses, 

creating a valuable but complex dataset for businesses and researchers. 

Traditional sentiment analysis methods typically provide a simplistic, overall sentiment 

label (positive, neutral, negative), lacking granularity and potentially obscuring valuable 

insights. To address this limitation, more advanced methods specifically Aspect Classification 

and Sentiment Analysis are increasingly employed. Aspect classification identifies distinct 

product features mentioned in reviews, while sentiment analysis assesses the general sentiment 

expressed, providing clearer insights into consumer opinions (Hu & Liu, 2022). 

The rise of transformer-based NLP models, notably BERT (Devlin et al., 2019), 

RoBERTa (Liu et al., 2019), and DistilBERT (Sanh et al., 2019), has significantly improved 

performance in natural language understanding tasks. These models, with their deep contextual 

representations and computational efficiencies, present significant opportunities to improve 

accuracy in aspect identification and sentiment classification. 

This study focuses explicitly on consumer reviews for smartphones and smartwatches 

from Apple, Samsung, and Xiaomi, collected between 2021 and 2024 from major e-commerce 

platforms including Amazon, Walmart, Flipkart, and Best Buy. 

1.2 Problem Statement and Research Questions 

Despite significant advancements in NLP, extracting precise aspect-level details and 

accurately classifying sentiment at scale remain challenging. Existing methods often merge 

these two tasks, particularly in multi-classification scenarios, leading to reduced interpretability 

and potential inaccuracies in understanding consumer sentiment dynamics (Sun et al., 2019; 

Rustam et al., 2021). 

Thus, this research aims to answer the following key questions: 

• RQ1: How effectively can transformer-based models separately perform aspect 

classification and overall sentiment classification in consumer electronics reviews? 
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• RQ2: Which transformer model BERT, RoBERTa, or DistilBERT provides the most 

accurate aspect classification and overall sentiment classification? 

• RQ3: What are the most frequently mentioned product aspects, and how does overall 

consumer sentiment vary across reviews mentioning these aspects for Apple, Samsung, 

and Xiaomi? 

• RQ4: What temporal trends in consumer sentiment can be observed in reviews collected 

from 2021 to 2024? 

1.3 Scope and Delimitation 

Scope 

This research focuses on consumer reviews for smartphones and smartwatches from 
Apple, Samsung, and Xiaomi, collected from Amazon, Walmart, Flipkart, and Best Buy 
between 2021 and 2024. Reviews initially presented in languages other than English were 
translated into English for consistency and accuracy. Aspect classification covers eight 
predefined product aspects: Battery, Performance, Camera, Display, Price, Multimedia, Fitness 
& Health Tracking, and Customization. Sentiment classification is performed at the overall 
review level rather than at the individual aspect level. 

Delimitations: 

• Sentiments are assigned at the review level rather than at the sentence or phrase level, 

which may generalize mixed sentiments within a single review. 

• The aspect classification used eight predefined categories, potentially overlooking other 

emerging or niche aspects. 

• Only reviews from four prominent e-commerce platforms (Amazon, Walmart, Flipkart, 

Best Buy) were analyzed, potentially excluding diverse demographics. 

1.4 Research Objectives 

The primary objective is to independently assess product aspects and overall consumer 

sentiment using transformer-based NLP models. Specific objectives include: 

• Developing separate models for aspect classification and overall sentiment analysis. 

• Comparing performance between BERT, RoBERTa, and DistilBERT. 

• Analyzing sentiment distribution and frequency across brands and product types. 

• Identifying temporal trends in consumer sentiment from 2021 to 2024. 

• Providing practical insights for enhancing product quality and customer satisfaction 

strategies 
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1.5  General Research Methodology 

The research adhered to a structured and sequential methodology, which is summarized in 

the following steps and visually represented in Figure 1.1. This figure provides an overview of 

the research workflow, encompassing the entire process from initial problem identification to 

final evaluation and interpretation of results: 

a. Problem Identification: The study began by recognizing the need for a more 

nuanced, aspect-specific analysis of consumer sentiment in electronics reviews 

an area underserved by traditional sentiment models. 

b. Literature Review: A comprehensive survey of existing literature was 

conducted to understand ABSA techniques and the application of transformer 

models such as BERT, RoBERTa, and DistilBERT in sentiment classification. 

c. Data Collection: Over 20,000 reviews of smartphones and smartwatches were 

collected from Amazon, Flipkart, Walmart, and Best Buy, focusing on Apple, 

Samsung, and Xiaomi devices released between 2021 and 2024. 

d. Preprocessing and Annotation: The dataset was cleaned and normalized. A 

stratified sample was manually annotated to identify eight predefined aspects 

and assign sentiment labels (positive, neutral, or negative) to each aspect and 

the review overall. 

e. Model Development and Fine-Tuning: A modular pipeline was implemented. 

Aspect classification and sentiment classification were handled in two distinct 

modules using transformer models. Fine-tuning was performed on annotated 

data to optimize performance. 

f. Evaluation and Comparative Analysis: Each model's performance was assessed 

using accuracy, precision, recall, F1-score, and training time. Results were 

benchmarked to determine the most suitable model for each task. 

g. Insights and Interpretation: Aspect-sentiment patterns were aggregated to 

identify brand-specific and time-based trends. Visualizations such as heatmaps 

and frequency charts supported interpretation. 

This structured approach ensured methodological rigor and facilitated both model 

evaluation and meaningful insights from consumer feedback. 
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Figure 1.1 Research Workflow: illustrates the overall research workflow, summarizing each 

methodological phase from problem identification through to model evaluation and analysis. 

1.6 Report Structure 

This thesis consists of five structured chapters: 

• Chapter I: Introduction (background, objectives, scope). 

• Chapter II: Literature Review (theoretical foundations, previous research). 

• Chapter III: Methodology (detailed methods, data handling). 

• Chapter IV: Results and Discussion (model results, insights, comparisons). 

• Chapter V: Conclusion (key findings, limitations, future directions). 
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CHAPTER II  

LITERATURE REVIEW 

2.1 Aspect Classification and Sentiment Analysis 

Aspect Classification and Sentiment Analysis extends traditional sentiment analysis by 

identifying specific product features within a review and evaluating the overall sentiment 

expressed. Unlike traditional Aspect-Based Sentiment Analysis (ABSA), which assigns 

polarity to each aspect (e.g., battery: positive, display: negative), this study separates Aspect 

Term Extraction (ATE) and Sentiment Classification (SC) into distinct tasks (Zhang et al., 

2021). ATE identifies features like battery or display, while SC determines the overall sentiment 

of the review (positive, neutral, or negative), providing a clearer understanding of consumer 

opinions in domains like consumer electronics, where reviews often contain mixed sentiments 

(Hu & Liu, 2022). 

This modular approach improves model transparency and reduces complexity, 

especially in multi-aspect reviews with ambiguous or contrasting sentiments. ATE focuses on 

extracting product features, while SC assesses the broader emotional tone, allowing for more 

interpretable results when analyzing user preferences, pain points, and areas of satisfaction or 

dissatisfaction. 

Recent advancements in Natural Language Processing (NLP), particularly transformer-

based models, have enhanced the effectiveness of Aspect Classification and Sentiment 

Analysis. Models like BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019), and DistilBERT 

(Sanh et al., 2019) provide contextual embeddings that improve both aspect recognition and 

overall sentiment classification. 

To illustrate the framework applied in this study, Figure 2.1 presents the Modular 

Aspect Classification and Sentiment Analysis Pipeline. As shown, Aspect Term Extraction is 

handled by fine-tuned transformer models, while Sentiment Classification is conducted using 

pretrained models. During inference, the outputs of both modules are combined to provide 
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insights into aspect mentions and their correlation with overall review sentiment, offering a 

granular and interpretable analysis process. 

 

 
Figure 2.1 ABSA Pipeline Diagram 

 

2.2 Transformer Models in ABSA 

To fully understand the capabilities of transformer models within ABSA, we examine 

individual architectures that contribute to model performance. 

2.2.1 BERT 

BERT (Bidirectional Encoder Representations from Transformers) was pre-trained on 

massive corpora using masked language modeling and next sentence prediction. It processes 

input in both directions, enabling nuanced contextual understanding. BERT uses WordPiece 

tokenization and a 12-layer architecture in its base form. Its strength lies in capturing complex 

dependencies between aspect terms and sentiment indicators within reviews (Devlin et al., 

2019). 

To illustrate BERT’s internal structure and tokenization mechanism, Figure 2.2 presents 

the model’s architecture along with the WordPiece tokenization flow. This diagram 

demonstrates how BERT processes input tokens into embeddings and passes them through 
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multiple attention-based encoder layers to generate rich, context-aware representations used in 

downstream tasks such as aspect recognition and sentiment classification. 

 

 
Figure 2.2 BERT architecture with WordPiece tokenization flow (Dinithi Vithanage) 

 

2.2.2 RoBERTa 

RoBERTa builds on BERT by removing the next sentence prediction objective, 

increasing batch size, and training on a more extensive dataset with dynamic masking. It uses 

Byte-Pair Encoding (BPE) for tokenization and is known for capturing fine-grained semantics 

in noisy textual data like product reviews (Liu et al., 2019). 

Figure 2.3 provides a visual overview of RoBERTa’s architecture, highlighting its key 

structural differences from BERT and emphasizing its capability to better generalize over 

diverse review contexts encountered in this study. 
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Figure 2.3 RoBERTa architecture (Zihan Huang., Jun 2021) 

 

2.2.3 DistilBERT 

DistilBERT is a smaller, faster version of BERT, designed to maintain 97% of BERT's 

performance while cutting down on computational cost (Sanh et al., 2019). However, due to its 

reduced complexity, DistilBERT has a tendency to overfit on dominant sentiment classes, 

particularly in imbalanced datasets. 

To compare the performance and efficiency trade-offs among the three models used in 

this research, Table 2.1 presents a side-by-side comparison of BERT, RoBERTa, and 

DistilBERT. This comparative visualization underscores RoBERTa’s superior accuracy, 

BERT’s robust alignment with sentiment nuances, and DistilBERT’s lightweight architecture 

suitable for faster inference. 
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Table 2.1 Comparison of BERT, RoBERTa, and DistilBERT (Novita AI., May 2024) 
 

BERT RoBERTa DistilBERT XLNet 
Size 
(millions) 

Base: 110 
Large: 340 

Base: 110 
Large: 340 

Base: 66 Base: ~110 
Large: ~340 

Training 
Time 

Base: 8 × 
V100 × 12 
days* 
Large: 64 TPU 
Chips × 4 days 
(or 280 × V100 
× 1 days*) 

Large: 1024 × 
V100 × 1 day; 4-5 
times more than 
BERT. 

Base: 8 × V100 
× 3.5 days; 4 
times less than 
BERT. 

Large: 512 TPU 
Chips 2.5 days; 5 
times more than 
BERT. 

Performanc
e 

Outperforms 
state-of-the-art 
in Oct 2018 

2-20% 
improvement over 
BERT 

5% 
degradation 
from BERT 

2-15% 
improvement over 
BERT 

Data 16 GB BERT 
data (Books 
Corpus + 
Wikipedia). 
3.3 Billion 
words. 

160 GB (16 GB 
BERT data + 144 
GB additional) 

16 GB BERT 
data. 
3.3 Billion 
words. 

Base: 16 GB 
BERT data 
Large: 113 GB (16 
GB BERT data + 
97 GB additional). 
33 Billion words. 

Method BERT 
(Bidirectional 
Transformer 
with MLM and 
NSP) 

BERT without 
NSP** 

BERT 
Distillation 

Bidirectional 
Transformer with 
Permutation-based 
modeling 

 

2.3 Modular ABSA Architecture 

While Section 2.2 focused on the individual capabilities and training characteristics of 

transformer models, this section builds on the discussion of individual models by describing 

how they are modularly integrated within the ABSA pipeline. In this study, Aspect Term 

Extraction (ATE) and Sentiment Classification (SC) are treated as separate tasks, enabling 

better optimization, interpretability, and generalizability (Cambria et al., 2020). 

Transformer models are fine-tuned specifically for ATE using annotated datasets, 

enabling them to identify relevant product features within reviews. Meanwhile, sentiment 

classification is handled by robust, pretrained models that assign an overall polarity to the 

review. By decoupling these tasks, the modular approach mitigates task interference and 

enhances the overall performance and stability of the system. 

This modular design not only allows task specialization but also reflects real-world data 

limitations. Due to the lack of fine-grained sentiment labels per aspect, the sentiment classifier 

operates at the review level, not aspect level. This design choice was also influenced by 

scalability needs and annotation efficiency. 
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The architecture of this modular pipeline is illustrated in Figure 2.4. It shows how 

aspect terms are extracted independently from sentiment classification, with the latter 

producing a single polarity label that is applied uniformly to all identified aspects within a 

review. While this approach simplifies integration, it can result in generalized aspect–sentiment 

pairings, especially when mixed sentiments are present in the same review. 

In the context of this study, the term modules refer specifically to the three transformer-

based language models BERT, RoBERTa, and DistilBERT that are independently employed 

within the modular ABSA pipeline. Each model functions as a self-contained module 

responsible for either Aspect Term Extraction (ATE) or Sentiment Analysis (SA), allowing for 

flexible experimentation and task-specific optimization across the sentiment analysis process. 

 

 

 

 
Figure 2.4 Modular ABSA pipeline 

 

Although Figure 1.1, Figure 2.1, Figure 2.4, and Figure 3.1 use different visual formats, 

they represent a consistent and unified methodology. Figure 1.1 introduces the overall research 

workflow at a high level, outlining each stage from data collection to evaluation. Figure 2.1 

elaborates on this by presenting the ABSA architecture with a focus on modularity specifically 

the separation of Aspect Term Extraction (ATE) and Sentiment Analysis (SA). Figure 2.4 

provides a more technical perspective, detailing the decoupled inference process, where fine-

tuned transformer models (BERT, RoBERTa, and DistilBERT) are applied independently for 

aspect and sentiment tasks before merging results. Lastly, Figure 3.1 revisits the process from 

a data preparation and experimentation standpoint, tying together implementation stages within 

the modular ABSA pipeline. Thus, the figures are complementary representations of the same 

methodological structure and should be interpreted as layered views of the same system. 

 



 

11 

2.4 Challenges in ABSA for Product Reviews 

While the modular ABSA framework enhances flexibility and interpretability, its 

application to real-world product reviews introduces several persistent challenges. One of the 

foremost issues is the informal and noisy nature of user-generated content, which frequently 

contains slang, emojis, abbreviations, typos, and inconsistent grammar. These elements can 

undermine the effectiveness of tokenization and aspect extraction even after preprocessing (Hu 

& Liu, 2022). 

Another complication arises from mixed sentiments within a single review where users 

often praise one feature (e.g., “great display”) while criticizing another (e.g., “poor battery 

life”). When sentiment classification is applied globally rather than per aspect, such 

contradictions lead to semantic mismatches between aspect terms and assigned sentiments. 

Furthermore, aspect ambiguity poses difficulties in both model training and evaluation. 

Synonymous expressions like “screen,” “display,” or “panel” may refer to the same concept, 

yet without proper normalization or synonym resolution, these variations can fragment aspect 

identification and reduce learning effectiveness. 

Aspect sparsity also limits performance: certain features such as “Customization” or 

“Fitness & Health Tracking” appear too infrequently in the data, making it difficult for models 

to generalize and learn meaningful representations. 

Compounding these issues is the lack of aspect-level sentiment annotations in most 

publicly available datasets. Without granular labels, models are constrained to predicting 

overall sentiment, reducing the precision and utility of the ABSA pipeline. 

Reviews in non-English languages were translated into English before analysis. This 

language normalization step introduces variability in tone and phrasing, which can affect aspect 

extraction and sentiment classification. 

Review length introduces additional complexity. Short reviews often lack sufficient 

context and tend to be vague, while longer reviews contain intricate sentence structures and 

multiple aspects, which increase the likelihood of aspect boundary errors and misclassified 

sentiment. 

Lastly, model-specific challenges were observed in this study. For instance, DistilBERT 

was prone to overfitting on dominant sentiment classes, leading to biased predictions 

particularly a tendency to overpredict positive sentiments in multi-class classification tasks 

where class imbalance is present (Sun et al., 2019; Rustam et al., 2021). Table 2.2 provides a 

concise overview of these challenges, describing their causes and their specific impact on the 

ABSA pipeline. 
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Table 2.2 Common ABSA Challenges and Their Impact 

Challenge Description Impact on ABSA Pipeline 

Informal and 

Noisy Text 

Includes slang, emojis, typos, 

inconsistent grammar 

Decreases model accuracy 

during tokenization and aspect 

extraction 

Mixed Sentiment 

in Reviews 

Reviews often contain both 

praise and criticism 

Single overall sentiment may 

not align with each extracted 

aspect (semantic mismatch) 

Aspect Ambiguity Synonyms or vague terms used 

for the same concept (e.g., 

“screen” vs. “display”) 

Reduces consistency in aspect 

identification and frequency 

tracking 

Aspect Sparsity Rare aspects like 

"Customization" have limited 

training examples 

Results in poor performance on 

low-frequency classes in F1 

evaluations 

Lack of Aspect-

Level Sentiment 

Labels 

Most datasets only offer overall 

sentiment, not per aspect 

Forces sentiment classification 

to remain global, limiting 

sentiment granularity 

Review Length 

Variation 

Short reviews are vague; long 

reviews are complex and hard to 

parse 

Affects both ATE precision and 

sentiment pairing accuracy 

Model Overfitting 

and Class Bias 

Smaller models tend to overfit or 

favor dominant classes 

Leads to imbalanced predictions 

skewed toward dominant 

sentiments 

 

2.5 Critical Model Analysis and Research Contribution 

Among the tested models, RoBERTa demonstrated superior performance in extracting 

aspects due to its pretraining techniques. It effectively handled fine distinctions in feedback on 

features like battery life or camera performance (Liu et al., 2019). 

While BERT offered strong sentiment alignment and DistilBERT was efficient, both 

had limitations. DistilBERT’s architecture, while lightweight, favored dominant classes in 

sentiment prediction. Despite these constraints, its speed makes it suitable for real-time 

applications (Sanh et al., 2019). 
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The modular ABSA design, separating ATE and SC tasks, reduces task interference and 

allows better scalability. This method supports adaptability to future extensions such as cross-

lingual or multimodal ABSA (Cambria et al., 2020). 

A unique contribution of this study is the integration of temporal sentiment dynamics 

across over 20,000 reviews (2021–2024). This innovation enables longitudinal insights into 

how sentiment evolves by brand and product type a gap rarely addressed in prior ABSA 

literature (Xu et al., 2020). 

Among the models compared, RoBERTa achieved the highest accuracy in aspect 

classification, while BERT showed more balanced performance in overall sentiment prediction, 

especially across neutral and negative labels. These findings help guide future model selection 

based on task specificity and computational constraints. 

To contextualize this study’s methodological approach and contributions, Table 2.3 

presents a comparative overview of recent deep learning studies in ABSA. These include 

variations in model architecture, dataset type, and identified limitations, helping to frame the 

novelty and scalability of the current research. 
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Table 2.3 Deep Learning Models for ABSA: A Literature Review 

Title Methods Used Contributions Limitations Research Gap 

Aspect-Based Sentiment 

Analysis Using BERT 

(Zhang et al., 2021) 

BERT-based 

ABSA classifier 

Demonstrated 

effectiveness of 

BERT for ABSA 

Sensitive to 

noisy, 

unstructured 

review data 

Limited work 

on dynamic 

product 

sentiment over 

time 

Utilizing Transformer 

Models for Analysing 

Fake Reviews (Chen et 

al., 2022) 

DeBERTa for 

sentiment + fake 

review detection 

Achieved high 

accuracy in fake 

review 

classification 

Dataset 

imbalance 

affects model 

generalization 

Focused only 

on deception 

detection, not 

fine-grained 

aspects 

Sentiment Classification 

System Using BiGRU (Ali 

et al., 2020) 

BiGRU-based 

classification 

High accuracy in 

emotion-rich 

airline reviews 

Low scalability 

and high 

computational 

cost 

Did not explore 

transformer 

models or 

modular ABSA 

design 

Improving Performance of 

ABSA using RoBERTa 

(Kim et al., 2021) 

RoBERTa-based 

ABSA with 

CRISP-DM 

pipeline 

RoBERTa 

outperformed 

other baselines 

Large model 

size limited 

deployment 

Lacked real-

time or 

temporal 

sentiment 

tracking 

DistilRoBERTa2GNN 

Hybrid for ABSA (Singh 

et al., 2023) 

DistilRoBERTa + 

GNN 

Novel hybrid 

architecture for 

mixed-domain 

ABSA 

Semantic loss in 

informal 

language 

Did not address 

sentiment drift 

or time-series 

modeling 

Hierarchical LSTM with 

Attention for Product 

ABSA (Wang et al., 2021) 

H-LSTM with 

attention 

mechanism 

Improved 

context 

sensitivity in 

ABSA 

Complex 

architecture hard 

to scale 

No modular 

separation of 

ATE and SC 

Deep CNN for Domain-

specific Sentiment Mining 

(Rahman et al., 2020) 

Convolutional 

networks for 

domain-adapted 

ABSA 

Achieved good 

results on niche 

datasets 

Poor 

generalization 

beyond training 

domain 

No adaptation 

to diverse 

product review 

formats 
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To further support comparative performance analysis, Figure 2.5 visually presents each 

model's trade-off between training time and classification accuracy (F1-score). RoBERTa 

achieved the highest F1 score (0.791) in aspect classification but required the longest training 

duration (~11.8 minutes). In contrast, DistilBERT completed training fastest (~6.3 minutes) but 

with a lower F1 score (0.753). BERT offered a balanced trade-off between performance and 

efficiency. 

 

 
Figure 2.5 Training Time vs. F1 Score Comparison for BERT, RoBERTa, and DistilBERT 

2.6 Key Contributions of This Research 

• Modular Architecture: Unlike many joint-task ABSA models, this research separates 

aspect classification and sentiment classification into distinct modules. This approach 

reduces task interference and enhances system interpretability and maintainability. 

• Temporal Sentiment Dynamics: The analysis spans consumer reviews from 2021 to 

2024, uncovering longitudinal trends in user sentiment across brands and product types 

a rarely addressed area in prior ABSA literature. 

• Broad Dataset Coverage: The study uses over 20,000 reviews sourced from multiple 

platforms (Amazon, Flipkart, Walmart, Best Buy), covering diverse writing styles, 

devices (phones and watches), and brands (Apple, Samsung, Xiaomi). 
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• Real-World Scalability: The modular structure and evaluation of lightweight models 

(e.g., DistilBERT) ensure that the proposed system is not only accurate but also 

deployable in commercial or resource-constrained environments. 

This chapter thus establishes the theoretical foundation and positions this study’s 

contributions within the broader ABSA and sentiment classification landscape. 
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CHAPTER 3  

RESEARCH METHODOLOGY 

This chapter outlines the systematic methodological approach employed to analyze 

consumer feedback on recent products from leading consumer electronics brands: Apple's 

iPhone series (13–15) and Apple Watch series (7–8, Ultra 2), Samsung's Galaxy series (S21–

S24) and Galaxy Watch series (4–6), and Xiaomi's Redmi Note series (11–13), Redmi Watch 

(3 Active, 4), and Redmi Smart Band 8 released between 2021 and 2024. As depicted in Figure 

3.1, the structured and comprehensive methodology facilitates accurate extraction and 

classification of consumer sentiments related to specific product aspects, such as battery life, 

camera quality, user interface, and design. 

Figure 3.1 aligns consistently and logically with the workflows presented previously in 

Figure 1.1 (Chapter 1) and Figure 2.4 (Chapter 2), reinforcing the structured, modular, and 

coherent nature of the methodology throughout the study. 

Given the vast quantity and complexity of product reviews on platforms like Amazon, 

Best Buy, and social media, traditional sentiment analysis methods have struggled to capture 

nuanced aspect-level details effectively. To address this challenge, three state-of-the-art 

transformer-based models BERT, RoBERTa, and DistilBERT are utilized. Each model brings 

unique strengths to the ABSA task: BERT provides deep bidirectional context understanding, 

RoBERTa enhances training stability and predictive accuracy through optimized training 

objectives, and DistilBERT offers computational efficiency with minimal performance loss. 

These models independently perform two core tasks: Aspect Extraction, which identifies 

and categorizes the key product aspects mentioned in reviews, and Aspect Sentiment 

Classification, which determines sentiment polarity (positive, neutral, negative) associated 

with each identified aspect. Leveraging these complementary models ensures robust handling 

of linguistic variations and informal textual structures characteristic of online consumer 

reviews. 

The outlined methodological approach enables a detailed, in-depth analysis of consumer 

opinions, highlighting specific aspects that significantly influence customer satisfaction or 

dissatisfaction. The insights derived from this analysis provide actionable recommendations 

for businesses to enhance product quality, refine marketing strategies, and strengthen customer 

engagement. 
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Moreover, this research contributes to the academic field by demonstrating the 

effectiveness and comparative strengths of BERT, RoBERTa, and DistilBERT in performing 

nuanced aspect-level sentiment analysis. This comparative evaluation establishes benchmarks 

for future ABSA studies, guiding the selection and optimization of advanced NLP models in 

practical consumer feedback scenarios.  

Figure 3.1 elaborates on the broader research flow introduced earlier in Figure 1.1. While 

Figure 1.1 offers a high-level conceptual overview from problem identification to results 

interpretation, Figure 3.1 breaks down the same process into detailed methodological stages 

including data handling, modeling, and evaluation. This consistent structure ensures that both 

diagrams serve complementary roles strategic orientation and operational detail. 

Figure 3.1 visually summarizes the structured methodology adopted in this study. The 

diagram illustrates the logical flow across key phases: data collection, preprocessing, data 

analysis, model development, evaluation, and deployment. This clear visual representation 

reinforces the modular and sequential nature of the research process and enhances reader 

understanding of how each phase contributes to the overall study objectives. 
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Figure 3.1 Research Methodology Workflow 

 

3.1 Research Understanding 

The Research Understanding phase is fundamental in establishing a clear 
comprehension of the research context and setting detailed, actionable objectives. This stage 
integrates creative analysis with structured investigation to effectively address the defined 
research challenges. 

In this research, a modular approach inspired by Aspect-Based Sentiment Analysis 
(ABSA) is applied to evaluate consumer perceptions of Apple, Samsung, and Xiaomi products. 
The study separates two key tasks: Aspect Classification, which identifies significant product 
attributes mentioned in user-generated reviews (e.g., battery, camera), and Review-Level 
Sentiment Classification, which assigns an overall polarity (positive, neutral, negative) to each 
review. 
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While grounded in ABSA methodologies, this research does not perform sentiment 
classification at the aspect level, due to annotation constraints and the goal of maintaining 
interpretability and scalability. By leveraging advanced NLP models BERT, RoBERTa, and 
DistilBERT this design delivers precise and insightful outcomes that directly support the 
research goals and practical business decision-making.  

3.2 Data Collection 

Web scraping was selected as the primary data collection technique for this research 

due to its effectiveness in systematically capturing extensive and authentic user-generated 

reviews from popular e-commerce platforms. These platforms specifically Amazon, Best Buy, 

Flipkart, and Walmart are prominent sources of consumer feedback, particularly for electronic 

products such as smartphones and smartwatches from Apple, Samsung, and Xiaomi. This 

targeted scraping method was preferred for its precision and its capability to gather highly 

relevant and contextually rich data, essential for conducting an accurate Aspect-Based 

Sentiment Analysis (ABSA). Although the process was automated using Python libraries like 

BeautifulSoup, meticulous manual checks were integrated to ensure accuracy and contextual 

relevance. This combination of automated efficiency and manual curation significantly 

enhanced the reliability and specificity of the collected dataset, directly aligning with the 

defined research objectives. 

This structured data collection methodology allowed the research to deeply investigate 

consumer sentiments and provided insights into the specific factors influencing product 

satisfaction and dissatisfaction. By carefully selecting relevant review data, this method 

ensured that the analysis directly supported strategic recommendations for businesses seeking 

detailed consumer insights into electronic products. 

3.2.1 Data Types 

The dataset compiled for this research primarily consists of textual consumer reviews 

sourced from Amazon, Best Buy, Flipkart, and Walmart. These reviews include comprehensive 

consumer-generated textual content, numerical ratings, and relevant metadata such as reviewer 

profiles and product specifics. Each review provides insights into the user’s experience and 

opinions about distinct product features, including battery life, camera quality, design, and user 

interface. These detailed textual elements underpin the core analytical tasks of Aspect 

Extraction and Aspect Sentiment Classification, crucial for identifying nuanced sentiment 

trends and public perceptions regarding specific product attributes. 
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By concentrating on these textual reviews, the research effectively addresses its primary 

analytical goals, providing rich, contextually accurate sentiment data that allows for targeted 

and meaningful analysis of consumer feedback. 

3.2.2 Estimated Data Volume 

Considering the scope and precision of the scraping activities, approximately 20,000 

product reviews have been successfully collected from the targeted platforms, covering the 

period between 2021 and 2024. This substantial dataset volume ensures robust analytical 

capability, offering statistically meaningful insights into customer sentiment patterns relevant 

to ABSA across various product types and brands. The diversity and volume of collected 

reviews enhance the validity and applicability of the findings, forming a comprehensive 

foundation for in-depth ABSA. Table 3.1 provides sample entries from the collected dataset, 

illustrating the structure of review text along with associated metadata such as date, brand, and 

product type. 

Table 3.1 Presents an example of dataset 

Text (Excerpt) Date Brand Product Type 

The camera is great, but the battery drains 

quickly. 

2023-06-12 Apple Phone 

Love the sleek design. Worth the price. 2024-01-04 Samsung Watch 

Comfortable to wear but syncing takes too 

long. 

2022-10-20 Xiaomi Watch 

iPhone 14 is smooth and fast. Face ID works 

even in the dark. 

2023-11-25 Apple Phone 

3.2.3 Web Scraping Approach 

To collect the required review data, a custom web scraping pipeline was developed 

using Python and the BeautifulSoup library. The scraper was designed to navigate product 

listing pages and extract relevant review sections, including review text, star ratings, review 

timestamps, and product metadata. Pagination controls and dynamic loading mechanisms were 

accounted for to ensure the scraper could collect reviews across multiple pages without 

duplication or data loss. To ensure compliance with platform policies and ethical standards, 

scraping frequency was regulated using timed requests and randomized user-agent headers. 

The scraper’s performance was iteratively validated by comparing outputs against visible site 

content and ensuring accurate parsing across all four target platforms. 
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3.2.4 Data Quality Assurance 

To ensure the accuracy, consistency, and analytical relevance of the collected data, a 

structured multi-step quality assurance process was implemented, as illustrated in Figure 3.2. 

For reviews originally in languages other than English, automated translation tools (Google 

Translate API integrated via Python) were utilized, followed by manual verification to ensure 

semantic consistency and correctness. 

Next, the system detected and removed duplicate entries based on content and user 

metadata to avoid redundancy. Once uniqueness was confirmed, the reviews were examined 

for metadata completeness ensuring each entry included the brand, product name, device type, 

and numerical rating. Reviews missing this essential metadata were excluded. 

Following structural validation, the content was assessed for its semantic relevance to 

Aspect-Based Sentiment Analysis (ABSA). Only reviews that referenced specific product 

aspects such as battery life, camera performance, screen quality, or design were retained. 

Irrelevant or overly generic reviews were discarded. 

This pipeline, combining automation and logical branching, helped filter out noise and 

non-informative records while preserving meaningful data. The resulting dataset was thus 

optimized for ABSA tasks, enhancing the precision, credibility, and reliability of downstream 

sentiment classification. 
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Figure 3.2 Data Quality Assurance Process 

 3.3 Data Preparation 

The data preparation phase is essential to ensure the quality, structure, and 

consistency of textual data collected from electronic product reviews. Effective 

preparation significantly enhances model performance by reducing noise and 

facilitating meaningful insights during Aspect-Based Sentiment Analysis (ABSA). This 

phase comprises two critical stages: Text Preprocessing and Text Representation, 

illustrated comprehensively in Figure 3.3. 
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Figure 3.3 Overall Workflow of Data Preparation 

 

3.3.1 Text Preprocessing 

Text preprocessing is the initial step, aiming to refine the raw review data into an 

analyzable format by systematically addressing issues such as linguistic noise, inconsistent 

formatting, and incomplete entries (Jurafsky & Martin, 2019). This step includes 

normalization, tokenization, and handling incomplete data entries, These operations are 

outlined in detail in the subsections below and visually depicted in Figure 3.4, which presents 

the step-by-step workflow applied in this study to prepare the textual dataset for aspect-based 

sentiment analysis. 

 
Figure 3.4 Workflow of Text Preprocessing 

 

a. Normalization 

Text normalization refers to the process of converting text into a uniform and 

standardized format, reducing variability while maintaining semantic integrity. In this research, 

stemming and stop-word removal were deliberately excluded, following recommendations by 
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Sun, Huang, & Qiu (2019), who caution that such steps may eliminate syntactically valuable 

cues needed for fine-grained sentiment classification. Instead, lightweight normalization steps 

were adopted to preserve sentiment-relevant tokens while reducing noise. 

The normalization process included: 

• Lowercasing all text to eliminate case-based variation. 

• Removing punctuation and special characters using regular expressions. 

• Spelling correction using automated libraries such as TextBlob. 

• Whitespace normalization to remove repeated or trailing spaces. 

These techniques were implemented using a Python-based preprocessing pipeline. 

1. Removing Punctuation 

Punctuation introduces structural markers but also adds computational noise including 

dashes (-), periods (.), commas (,), and other symbols, particularly in large-scale datasets. To 

streamline model input, punctuation such as periods, commas, exclamation marks, quotation 

marks, and dashes were removed using a rule-based system. This improves tokenization quality 

and model attention mechanisms. 

As per Rustam et al. (2021), removing punctuation enhances consistency in model 

inputs, which is especially beneficial in Transformer architectures trained on clean corpora. 

However, care was taken to preserve sentiment-bearing emoticons only when explicitly 

relevant. Table 3.2 shows a side-by-side comparison of a review before and after normalization, 

highlighting how punctuation removal improves input consistency for model processing. 

The punctuation removal process applied during normalization is visually summarized in 

Figure 3.5, demonstrating the structured approach used to clean review text. 

Table 3.2 Comparative Examples Before and After Normalization 

Original Review After Normalization 

“The Phone Is SleekAmazing Camera, But 

Battery Sucks!” 

the phone is sleek amazing camera but 

battery sucks 
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Figure 3.5 Workflow for Removing Punctuation 

 

2. Removing Special Characters 

The removal of special characters is a critical step in the text preprocessing pipeline for 

Aspect Classification and Sentiment Analysis tasks, particularly when handling informal, user-

generated content from online platforms such as Amazon, Flipkart, Walmart, and Best Buy. 

These characters include non-alphanumeric elements such as emojis (e.g.,      ,       ), hashtags 

(#), currency symbols ($), percentage signs (%), ampersands (&), typographic marks (e.g., “ ”, 

…), and HTML entities (e.g., &amp;, &apos;). Left untreated, these elements can introduce 

ambiguity, disrupt token alignment, and reduce model interpretability. 

To preserve emotional cues embedded in emojis common in consumer reviews this 

study applied a text-to-code conversion method using the Python emoji library. Emojis were 

transformed into standardized textual representations (e.g.,       → :smile:), allowing models 

like BERT, RoBERTa, and DistilBERT to capture sentiment without introducing token 

fragmentation. For instance, the phrase “battery     ” becomes “battery :broken_heart:”, 

ensuring proper segmentation and preserving sentiment-bearing signals during tokenization 

(Devlin et al., 2019). 

Other special characters not contributing to sentiment, such as hashtags, formatting 

symbols, control sequences (e.g., \n, \t, \u2019), and isolated non-English glyphs, were 

removed using a rule-based text cleaning approach involving regular expressions and Unicode 

filtering. This ensured uniformity and reduced parsing errors across transformer models. 

This hybrid strategy emoji conversion combined with selective special character 

removal enhanced the semantic clarity and structural consistency of the dataset. Prior studies 

report that noisy inputs from inconsistent character usage can degrade classification accuracy 

by up to 7%, especially in polarity-sensitive tasks (Rustam et al., 2021; Fang et al., 2022). 

While some emotion detection studies advocate retaining raw emojis (Zhang et al., 2019), this 
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study found that text-based encoding offered a balance between expressiveness and 

preprocessing stability. 

Evaluation of the preprocessing pipeline confirmed improved validation accuracy 

across all models, particularly for reviews containing sarcasm, abbreviations, or informal 

syntax. Table 3.3 illustrates how this process transforms noisy user-generated content into a 

cleaner and model-compatible format, and Figure 3.6outlines the rule-based workflow adopted 

for special character handling. 

 

Table 3.3 Example on Removing Special Characters 

Original Review After Special Character Removal 

Love This Phone       ! Best Camera            

Ever, But Price is Too High $. 

love this phone :heart_eyes: best camera 

:camera: ever but price too high 

 

 

 
Figure 3.6 Workflow Special Characters 
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b. Tokenization 

Tokenization is the process of segmenting normalized text into smaller linguistic units 

called tokens which serve as the fundamental building blocks for natural language processing 

models. Effective tokenization ensures that the textual data is accurately interpreted by deep 

learning models, particularly those built on Transformer architectures. In this research, 

tokenization is aligned with each model's native tokenizer: WordPiece for BERT and 

DistilBERT, and Byte-Pair Encoding (BPE) for RoBERTa. 

The tokenizer choice impacts how the model handles vocabulary, rare words, subword 

units, and structural markers like sentence boundaries. Table 3.4 summarizes the tokenizer 

types and special tokens used by each model, providing a clear overview of their preprocessing 

configurations. 

Table 3.4 Tokenizer characteristics for all models 

Model Tokenizer Tokenizer Type Special Tokens Used 

Bert bert-base-uncased WordPiece [CLS], [SEP], [PAD] 

DistilBERT distilbert-base-uncased WordPiece [CLS], [SEP], [PAD] 

Roberta roberta-base Byte-Pair Encoding (BPE) <s>, </s>, <pad> 

 

WordPiece tokenization, used by BERT and DistilBERT, segments words into frequent 

subword units. This approach minimizes the out-of-vocabulary problem and captures rich 

syntactic information. For example, the word "uninstallable" might be tokenized as: 

["un", "##install", "##able"]. 

Additionally, the following special tokens are added: 

• [CLS] (Classification token): Prepended for sentence-level tasks. 

• [SEP] (Separator token): Used to separate sentences or input segments. 

• [PAD]: Used to pad sequences to a uniform length for batching. 

This structure supports downstream tasks such as aspect classification and sequence 

labeling, enhancing contextual alignment. 

Byte-Pair Encoding Tokenization (RoBERTa) 

Unlike BERT, RoBERTa uses Byte-Pair Encoding (BPE). BPE merges frequently co-

occurring characters or character sequences to form a variable-length subword vocabulary. 

RoBERTa also forgoes the use of the [CLS] and [SEP] tokens used in BERT, instead utilizing: 

• <s> (start of sequence), 

• </s> (end of sequence), 

• <pad> (padding). 



 

29 

It also encodes whitespace as part of the token itself using a visible marker such as Ġ (e.g., 

Ġbattery, Ġlife) to distinguish between words and continuation tokens (Kudo, 2018). 

Example: Comparing Tokenization in BERT and RoBERTa 

To demonstrate the difference, consider the review sentence: 

"Battery life is fantastic on the Galaxy S24 Ultra!"  

Table 3.5 provides a comparative example of how BERT and RoBERTa tokenize the same 

review sentence, highlighting key differences in subword segmentation and special token 

usage. 

Table 3.5 Comparing Tokenization in BERT and RoBERTa 

Model Tokenized Output 

BERT [CLS], battery, life, is, fantastic, on, the, galaxy, s, ##24, ultra, [SEP] 

RoBERTa <s>, Battery, Ġlife, Ġis, Ġfantastic, Ġon, Ġthe, ĠGalaxy, ĠS, 24, ĠUltra, !</s> 

As shown: 

• BERT splits S24 into s, ##24 using its WordPiece subword logic. 

• RoBERTa treats white space as meaningful and separates tokens using the Ġ space 

marker. 

• RoBERTa also keeps punctuation like ! as a separate token. 

This distinction is not just cosmetic models trained with these tokenizers are sensitive to 

the format, and incorrect alignment between tokenizer and model can degrade performance or 

lead to misinterpretation. Figure 3.7 illustrates the tokenization pipeline, showing how input 

text is transformed into IDs, masks, and embeddings before feeding into transformer models 

for downstream tasks. 
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Figure 3.7 Tokenization Process Example 

 

3.3.2 Text Representation 

In Natural Language Processing (NLP), embedding refers to the process of mapping 

discrete linguistic units such as tokens into continuous vector spaces. This transformation is 

essential, as machine learning models cannot interpret text directly and instead require 

numerical representations that capture both the syntactic and semantic properties of words 

(Mikolov et al., 2013). Embeddings provide a means of representing the meaning and structure 

of language in a form that models can analyze, compare, and learn from. 

A key distinction in this context is between word embeddings and sentence embeddings. 

Word embeddings represent the meaning of individual words in local contexts, whereas 

sentence embeddings capture the holistic semantics of a complete sentence or phrase. While 

sentence-level representations are more suitable for tasks like text summarization or paraphrase 

detection (Reimers & Gurevych, 2019), word-level embeddings are fundamental in Aspect-

Based Sentiment Analysis (ABSA), where the sentiment tied to each individual aspect is 

context-dependent. 

Transformer-based models like BERT, RoBERTa, and DistilBERT generate contextual 

word embeddings each word's representation varies depending on the surrounding context. For 
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instance, the word “bright” in “bright screen” versus “bright future” is embedded differently in 

each sentence, which is a critical advancement over static embeddings (Devlin et al., 2019; Liu 

et al., 2019). 

These models generate embeddings by combining three distinct components: 

• Token Embeddings 

• Position Embeddings 

• Token Type (Segment) Embeddings 

As shown in Figure 3.8: Embedding Process in Transformer Models, each input token 

undergoes this composite embedding transformation before being processed by the attention 

mechanism in the encoder (Vaswani et al., 2017). 

Token Embeddings 

Token embeddings form the core representation of the textual input. Each token, 

produced during the tokenization process, is mapped to a pre-trained vector from the model’s 

vocabulary. For example, in BERT, the token [CLS] corresponds to a fixed vector, while real-

word tokens like “battery”, “poor”, or “ultra” also have corresponding dense vectors. These 

embeddings preserve both lexical and syntactic meaning and are essential for capturing aspect-

specific semantics in customer reviews (Devlin et al., 2019). 

In the example illustrated in Figure 3.8, the token [CLS] is assigned an ID of 2, while 

other tokens such as “battery” and “life” are mapped to their respective IDs and vectors using 

a pre-trained vocabulary. 

Position Embeddings 

Unlike recurrent neural networks (RNNs), Transformers do not process sequences 

sequentially and thus lack an inherent sense of word order. Position embeddings are added to 

token embeddings to restore this lost temporal structure (Vaswani et al., 2017). Each token is 

assigned a unique position ID that is mapped to a position vector. For example: 

• The token [CLS] receives Position 0, 

• The first word receives Position 1, 

• The second word receives Position 2, and so on. 

This mechanism ensures the model understands not just what the tokens are, but also where 

they are in the sentence. 

Token Type (Segment) Embeddings 

Token type embeddingsalso called segment embeddingsare used to distinguish between 

different parts of an input sequence. This is especially important for tasks that involve sentence 

pairs, such as question answering or aspect-opinion matching (Sun et al., 2019). Each token is 
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assigned a segment ID, typically 0 or 1, depending on whether it belongs to the first or second 

segment. 

In this research, since most ABSA inputs involve a single review or sentence, all tokens 

were assigned token type 0, as seen in Figure 3.8. However, the capability to distinguish 

segments ensures flexibility for future model extensions involving multi-sentence reasoning. 

Embedding Normalization and Output 

Once these three embeddingstoken, position, and segmentare computed, they are 

summed element-wise and passed through a normalization layer. This step scales the vectors 

appropriately for entry into the self-attention layers of the Transformer. The final output is a 

high-dimensional vector for each token (typically 768 dimensions in base models), 

representing the full context-aware embedding. 

As shown in Figure 3.8, the final embeddings are numerical vectors such as: 

[-3.2649e, 6.1285e, 3.3932e, ..., -1.1258e] 

These contextual vectors are passed through the layers of the Transformer to compute 

downstream sentiment classifications, making them a cornerstone of the ABSA pipeline. 

Through this three-fold embedding strategy, the models generate a detailed, structurally 

coherent, and contextually informed representation of textual input. This layered representation 

enables deep learning models to effectively capture linguistic nuance, sentiment shifts, and the 

subtle semantic variations that are critical in analyzing customer opinions on products like 

smartphones and smartwatches. 

Figure 3.8 illustrates how token, position, and segment embeddings are combined for 

each token in a review. These are then normalized into high-dimensional vectors, enabling the 

transformer model to generate rich contextual representations used in ABSA tasks. 

 
Figure 3.8 Embedding Process in Transformer Models 
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Note: While BERT and DistilBERT utilize all three embedding types token, position, and 

segment RoBERTa omits segment embeddings during pretraining, relying solely on token and 

position embeddings (Liu et al., 2019). 

3.4 Exploratory Data Analysis 

Exploratory Data Analysis (EDA) is a critical phase in NLP-based research that enables 

the researcher to examine patterns, distributions, and biases in the dataset before proceeding to 

modeling. For this study, EDA was performed on approximately 20,000 reviews collected from 

Amazon, Walmart, Best Buy, and Flipkart, covering products from Apple, Samsung, and 

Xiaomi between 2021 and 2024. 

This phase aims to assess the representativeness of the dataset across brands and device 

types and validate its richness for Aspect-Based Sentiment Analysis (ABSA). The analysis was 

conducted using Python libraries such as Pandas, Matplotlib, and WordCloud, following best 

practices for textual data exploration (Aggarwal & Zhai, 2012). 

3.4.1 Review Distribution by Brand 

To evaluate brand coverage, reviews were grouped by brand name. As visualized in 

Figure 3.9, Samsung accounts for the highest number of reviews (7,685), followed by Xiaomi 

(7,332), and Apple (5,526). This balanced distribution ensures a robust foundation for 

comparative sentiment modeling across all three major consumer electronics brands. 

 

 
Figure 3.9 Number of Reviews per Brand 
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3.4.2 Review Distribution by Device Type 

The dataset was further analysed based on device type Smartphones vs. Smartwatches. 

As shown in Figure 3.10, smartphones constitute 52.8% of the total reviews, while 

smartwatches represent 47.2%. This relatively even distribution supports the study’s objective 

of evaluating consumer sentiment across both device categories. 

 
Figure 3.10 Review Distribution by Device Type 

3.4.3 Combined Brand and Device Distribution 

To understand brand-specific focus on different product categories, a stacked bar chart was 

constructed. Figure 3.11 illustrates that: 

• Samsung leads in smartphone reviews (5,100), and maintains a strong presence in 

wearables (2,585), 

• Xiaomi shows a higher concentration of smartwatch reviews (4,356), 

• Apple displays a balanced distribution between phones (2,765) and watches (2,761). 
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These insights guided later decisions about dataset balancing during training and model 

evaluation. 

 
Figure 3.11 Stacked Bar Chart of Reviews by Brand and Device Type 

3.4.4 Word Frequency and Aspect Validation 

To validate the presence of aspect-level details in the reviews, a WordCloud visualization was 

generated. As seen in Figure 3.12, users frequently mention product features such as battery, 

screen, camera, quality, charger, and performance. This confirms that the dataset is rich in 

aspect-specific feedback, reinforcing its suitability for ABSA tasks (Feldman, 2013). 
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Figure 3.12 Word Cloud of Most Frequent Terms in Review Texts 

3.5 Human Annotation Process 

To prepare a high-quality labeled dataset suitable for training and evaluating the 

models, a meticulous human annotation process was conducted after preprocessing and 

exploratory analysis. The primary objective was to create a structured, thematically rich corpus 

that accurately captured user opinions across multiple product features and their associated 

overall sentiments. 

A schematic overview of this annotation pipeline is presented in Figure 3.13, which 

outlines each step in the workflow, from aspect identification to sentiment labeling and quality 

control. 

3.5.1 Aspect Definition and Thematic Analysis 

The aspect categories used in annotation were derived through a multi-stage refinement 

process. Initially, 238 raw aspect terms were extracted from the dataset using keyword 

frequency analysis and thematic clustering informed by literature review (Hu & Liu, 2022) and 

exploratory data analysis (EDA). These terms were then organized into 38 mid-level aspect 

terms, which were finally grouped under eight main categories that serve as the core aspects in 

this study. 

Each of these final aspects is associated with a list of representative keywords. 

Annotators used these keywords to guide consistent identification of aspects within reviews. If 

a keyword associated with a specific aspect appeared in the review text, the corresponding 

aspect was marked as present. Table 3.6 provides definitions for each main aspect category, 
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while Table 3.7 (to follow) lists the specific keywords mapped to each aspect to support 

reproducibility and annotation transparency. 

Table 3.6 Aspect Definitions Based on Annotated Review Categories 

Aspect Definition 

BATTERY Mentions of longevity, charging performance, or power 

efficiency. 

PERFORMANCE System speed, lag, app responsiveness, or general 

performance. 

CAMERA Photo or video quality, lens clarity, and camera features. 

DISPLAY Screen brightness, resolution, refresh rate, and visual 

clarity. 

PRICE Perceptions of cost, affordability, or value for money. 

MULTIMEDIA Audio output, speakers, and media playback experience. 

FITNESS & HEALTH 

TRACKING 

(For wearables) Heart rate, step count, sleep tracking, 

workout monitoring. 

CUSTOMIZATION Watch face personalization, themes, strap changes, and 

layout flexibility. 

 

  



 

38 

Table 3.7 Aspect Categories and Associated Keywords 

Aspect Associated Keywords 

BATTERY charge, battery life, charger, power, fast charging, battery 

drain, charging cable, full charge 

PERFORMANCE ROM, fast, connect, RAM, lag, slow, Bluetooth, network, 

speed, 5G, simple, fingerprint, GB, easy to use, LTE, storage, 

processor, cellular, chip, memory, interface, internet, space 

CAMERA photo, camera quality, picture, zoom, image 

DISPLAY screen, OLED, resolution, brightness, AMOLED 

PRICE worth, cost, cheap, expensive, Overpriced, bargain, pricing, 

reasonable price, best value, high price, 

MULTIMEDIA media, sound, notifications, volume, audio 

FITNESS & HEALTH 

TRACKING 

sleep tracking, heart rate monitor, steps tracking, calories 

burned, sleep tracking, workout tracking, fitness app, exercise 

tracking, health monitoring 

CUSTOMIZATION watch face, customization 

 

While the WordCloud in Figure 3.12 presents the most frequently occurring terms in 

the dataset, the aspect categories used in annotation were derived through a structured thematic 

analysis, focusing on terms that hold contextual sentiment value. These aspect keywords were 

curated based on their relevance, semantic clarity, and frequency across reviews. As such, they 

may differ slightly from the general high-frequency terms found in the WordCloud, which 

includes both sentiment-bearing and non-informative words. This refinement ensures more 

reliable aspect tagging and training performance. 

3.5.2 Annotation Procedure 

Annotations were conducted by three individuals. Two annotators are specialized in 

English linguistics and were responsible for identifying aspects and assigning sentiment labels. 

The third person, who has two years of experience in Natural Language Processing (NLP), 

served as the evaluation checker. His role was to verify the annotation accuracy and resolve 

discrepancies by comparing results across annotators. This multi-role annotation team ensured 

both linguistic depth and technical consistency in the final labeled dataset. 
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3.5.3 Inter-Annotator Agreement 

To assess consistency between annotators, Cohen’s Kappa (κ) was calculated. A score 

of 0.91 indicated excellent agreement (Landis & Koch, 1977). Remaining discrepancies (less 

than 9%) were resolved through consensus discussion, resulting in a high-confidence annotated 

dataset ready for supervised learning. Table 3.8 presents sample annotated reviews, showing 

how aspect terms and overall sentiment were labeled during the manual annotation process. 

 

Table 3.8 Sample of Manually Annotated Reviews with Aspects and Overall Sentiment 

Review Text Aspects Identified Overall 

Sentiment 

Battery lasts for days and charges quickly. Battery Positive 

The camera is underwhelming, but the build 

quality is excellent. 

Camera, Design Neutral 

Too slow and keeps freezing. Not worth the 

price. 

Performance, Price Negative 

Accurate heart rate and fitness features very 

useful. 

Fitness & Health 

Tracking 

Positive 

Looks great, smooth interface, but the sound 

quality is poor. 

Performance, 

Multimedia 

Neutral 

Expensive for the features offered. Could be 

better. 

Price Negative 

Very customizable UI and watch faces. Love it! Customization Positive 

3.5.5 Annotation Impact 

The manually annotated dataset played a pivotal role in enabling accurate and targeted 

aspect identification. It provided the structural foundation to fine-tune transformer-based 

models specifically for the task of aspect extraction, allowing them to recognize which product 

features such as Battery, Performance, and Camerawere discussed within each review. 

For sentiment classification, however, the study adopted a different approach. Rather than fine-

tuning sentiment models on the same dataset, the methodology relied on pretrained sentiment 

analysis models available through well-established NLP repositories such as HuggingFace. 

These models trained on large-scale corpora of reviews and opinions have consistently 

demonstrated strong generalization across diverse domains. 
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This decision was supported by several justifications: 

• Review-level sentiment classification is a well-established task with robust pretrained 

solutions already available. 

• Using existing models enhances reproducibility, aligning with prevailing practices in 

sentiment mining research. 

• It significantly reduces computational overhead without compromising prediction 

accuracy. 

During inference, the outputs from both modules were combined into a unified prediction: 

• The fine-tuned aspect extraction model identified the relevant product features 

mentioned in the review. 

• The pretrained sentiment model assigned the overall sentiment polarity to the review as 

a whole. 

This modular pipeline delivered both flexibility and performance. It allowed for task-

specific fine-tuning where necessary (aspect extraction), while leveraging mature and 

optimized solutions for general sentiment classification. The result is a scalable and efficient 

ABSA system capable of processing diverse customer feedback without redundant training or 

loss of analytical depth. 

Figure 3.13 illustrates the human annotation workflow, outlining the process used to label 

aspect terms and overall sentiment in the sampled reviews. 

Figure 3.14 presents the distribution of annotated aspects, highlighting which features (e.g., 

Battery, Performance) were most frequently identified across the dataset. 

 

 



 

41 

 
Figure 3.13 Human Annotation Workflow 

 

 
Figure 3.14 Aspect Frequency Distribution in Annotated Dataset 

 

 

 



 

42 

3.6 Modeling 

Modeling in this research represents a systematic approach to understanding and 

predicting patterns in user-generated reviews across smartphones and smartwatches. This 

section describes the model development strategy adopted for performing Aspect Term 

Extraction (ATE) and Sentiment Analysis (SA). Rather than training a single monolithic model, 

a modular hybrid framework was employed: transformer models were fine-tuned for ATE, 

while pretrained models were used for SA, and both outputs were combined at inference to 

achieve robust, interpretable ABSA results. This architecture reflects recent advances in 

Natural Language Processing (NLP), where fine-tuning pretrained transformers has become 

the dominant paradigm for task-specific adaptation (Mosbach, Andriushchenko, & Klakow, 

2020). The goal was to utilize this methodology efficiently while ensuring generalizability, 

reproducibility, and domain-specific precision 

3.6.1 Model Fine-Tuning 

Transformer-based models such as BERT, RoBERTa, and DistilBERT have 

transformed NLP since 2018 by enabling general-purpose language models to be fine-tuned 

for specific tasks with minimal architectural changes (Mosbach, 2023). In this research, these 

models were used to fine-tune only the Aspect Term Extraction (ATE) component, using the 

manually annotated dataset of 2,250 reviews. 

Following the two main paradigms of pretrained model adaptation outlined by Howard 

& Ruder (2018)  feature extraction and fine-tuning  this study opted for full fine-tuning, where 

model weights were updated using task-specific data. This method yields superior results, 

especially when subtle contextual understanding is needed (Azhar & Khodra, 2021). 

Fine-tuning was performed using: 

• A classification head (dense layer) added to the final transformer output 

• Sigmoid activation for multi-label classification 

• Cross-entropy loss and Adam optimizer 

• Early stopping and dropout to prevent overfitting 

The fine-tuning dataset consisted of the manually annotated aspect labels (see Section 3.5), 

and this process allowed the model to internalize how users express concern, praise, or criticism 

about specific features like battery life, design, and display. Insights from the manual 

annotation process (see 3.5 Human Annotation Process) were instrumental in shaping the ATE 

fine-tuning strategy. Annotated aspect labels derived from a keyword-guided process ensured 
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that the transformer models learned to associate contextual patterns with frequently mentioned 

product features. 

3.6.2 Experiments Overview 

To determine the most effective modeling strategy, multiple experimental 

configurations were tested for ABSA. These experiments revealed the importance of separating 

sentiment analysis and aspect detection into distinct components. 

a. Joint ATE + Sentiment Modeling 

The first approach attempted to use a single model to predict both aspects and overall sentiment 

labels. Models such as BERT, DistilBERT, and RoBRETa were trained jointly on the two tasks. 

While aspect extraction performed adequately, the sentiment predictions suffered from: 

• Overfitting during training 

• Poor generalization on test data 

• Incorrect sentiment classification during inference 

These results indicated a potential mismatch between the learning dynamics of aspect and 

sentiment tasks. 

b. Isolated Sentiment Modeling 

A second experiment focused on training a dedicated model for sentiment classification. 

However, even with isolated training, the model showed: 

• Persistent overfitting 

• Bias toward dominant sentiment classes 

• Low prediction accuracy and inconsistent performance 

This prompted a shift to more advanced fine-tuning techniques. 

c. Hyperparameter Tuning with LoRA 

To address overfitting and reduce parameter complexity, a parameter-efficient fine-

tuning strategy was implemented using Low-Rank Adaptation (LoRA). LoRA introduces small 

trainable matrices into the attention mechanism’s query and value projections, allowing the 

base model to remain frozen while still adapting to task-specific nuances. This approach was 

inspired by the work of Hidayatullah (2024), who successfully applied LoRA for emotion 

classification in Indonesian texts, demonstrating its effectiveness in improving generalization 

while drastically reducing training overhead. 

The pipeline involved: 

• Base Models: BERT, DistilBERT, and XLM-RoBERTa 

• Sentiment Classes: Positive, Neutral, Negative 
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• Tokenization: Max sequence length of 256 

• Evaluation Metrics: Accuracy, Precision, Recall, F1 

• Search Strategies: 

o Grid Search 

o Random Search 

o Optuna-based Bayesian Optimization with pruning 

Despite these optimizations, sentiment performance remained unsatisfactory. 

Overfitting continued, and model generalization was limited even with LoRA adapters and 

extensive tuning. 

d. Final Approach: Modular ABSA Architecture 

Given the consistent challenges with sentiment modeling, a modular inference strategy was 

adopted: 

• The aspect extraction task was handled by fine-tuned transformer models. 

• The sentiment classification task was assigned to pretrained, publicly available 

sentiment analysis models. 

This design: 

• Prevented task interference 

• Reduced training complexity 

• Leveraged best-in-class tools for each component 

This modular pipeline aligned with common practices in recent ABSA research, where 

pretrained sentiment classifiers trained on large review datasets offer strong performance 

without additional fine-tuning.  

Table 3.9 summarizes the experimental evolution leading to the final modular pipeline, 

outlining each phase, its objective, and the corresponding outcome. 

Table 3.9 Summary of Experimental Evolution 

Phase Goal Result 

Joint ATE + SA Unified multitask model SA overfitting; ATE acceptable 

Isolated SA Model Sentiment-only training Persistent overfitting 

LoRA + Hyperparameter 

Tuning 

Efficient sentiment 

training 

Reduced complexity, still poor 

accuracy 

Modular ATE + Pretrained 

SA 

Final hybrid architecture Balanced performance, 

generalizable 
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3.6.3 Hybrid Prediction Pipeline 

During inference, the outputs of both model types were combined into a cohesive ABSA 

result: 

1. Aspect Prediction: The fine-tuned ATE model detects relevant aspects (e.g., Battery, 

Display). 

2. Sentiment Classification: The pretrained SA model classifies the overall tone of the 

review. 

3. Result Merging: Both outputs are merged into a structured interpretation. 

Example: 

“Battery life is excellent, but the screen is dull.” 

→ Aspects: Battery, Display 

→ Sentiment: Neutral 

This hybrid strategy balances task-specific learning with reusable general capabilities, 

making the ABSA model both efficient and scalable. Figure 3.15 illustrates the fine-tuning 

process used for the multi-label ATE model, showing how aspect terms were learned from 

annotated data. 

Figure 3.16 presents the final modular ABSA architecture, combining fine-tuned ATE 

with a pretrained sentiment classifier to generate structured predictions. It is important to note 

that the sentiment classification component in this pipeline predicted overall sentiment per 

review, rather than sentiment toward each individual aspect. This decision, driven by practical 

considerations and dataset limitations, reflects a hybrid ABSA implementation where aspect 

detection is fine-tuned, while sentiment is assigned globally using pretrained review-domain 

classifiers. 
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Figure 3.15 Fine-Tuning Process – Experiment (Multi-label ATE Model) 

 

 
Figure 3.16 Final Modular ABSA Architecture (Fine-Tuned ATE + Pretrained SA) 
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3.7 Model Evaluation 

Model evaluation plays a critical role in assessing the performance, stability, and 

generalizability of the proposed ABSA system. This section outlines the metrics, data splits, 

and techniques used to evaluate both the Aspect Term Extraction (ATE) and Sentiment Analysis 

(SA) components, each of which required a tailored evaluation strategy due to their differing 

classification structures. 

In alignment with standard machine learning practices, the labeled dataset was divided 

into training (70%), validation (15%), and test (15%) subsets. Random sampling was employed 

to ensure representative distributions across all sentiment classes and aspect categories. All 

fine-tuning operations were carried out exclusively on the manually annotated subset of 2,250 

reviews, ensuring data integrity and evaluation reliability. 

3.7.1 Evaluation Metrics 

The evaluation of both ATE and SA relied on four core performance metrics: Accuracy, 

Precision, Recall, and F1 Score, supported by class-level breakdowns and aggregated averages. 

The significance of each metric is described below: 

a. Accuracy (ACC) 

Accuracy measures the ratio of correctly predicted labels over the total number of instances. 

While informative, this metric can be misleading in class-imbalanced datasets. 

ACC =  # correctly classified samples
#all samples

=  TP+TN
TP+TN+FP+FN

   (Hicks et al., 2022) 

 

b. Precision (PREC) 

Precision evaluates the proportion of correctly predicted positive observations out of 

all predicted positives. It is particularly useful in minimizing false positives. 

PREC =  #true positive sample
#samples classified positive

=  TP
TP+ FP

  (Hicks et al., 2022) 

c. Recall (REC) 

Also known as sensitivity, recall measures the proportion of true positives identified 

out of all actual positives, making it critical in identifying class coverage. 

REC =  #true positive sample
#actual positive samples

=  TP
TP+ FN

   (Hicks et al., 2022) 

d. F1 Score 

The F1 score is the harmonic mean of precision and recall. It offers a balanced measure, 

especially valuable when dealing with class imbalance. 

F1 = 2 ∗ Precision× Recall
Precision+Recall

=  2TP
2×TP+FP+FN

  (Hicks et al., 2022) 
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3.7.2 Evaluation Strategy by Task 

Aspect Term Extraction (ATE) 

ATE was formulated as a multi-label classification task, where a single review could 

contain multiple aspect mentions (e.g., “Battery” and “Camera”). Evaluation focused on: 

• Micro-averaged metrics: Emphasize performance on common classes 

• Macro-averaged metrics: Reveal performance on underrepresented aspects 

• Hamming Loss: Measures the fraction of labels incorrectly predicted 

• Subset Accuracy: Evaluates exact match between predicted and ground-truth label sets 

The imbalance across aspects such as "Fitness & Health" and "Multimedia" necessitated 

the use of macro-F1 to highlight low-resource label performance. Macro-F1 was 

particularly emphasized to fairly assess model performance on underrepresented aspects 

such as "Customization" and "Fitness & Health Tracking," where fewer training examples 

could otherwise skew standard metrics. 

Sentiment Analysis (SA) 

Sentiment classification was designed as a single-label, 3-class classification task (Positive, 

Neutral, Negative). Evaluation included: 

• Confusion Matrix: To detect misclassification patterns 

• Class-wise Precision, Recall, and F1-scores 

• Overall Accuracy: As a summary of correct predictions 

• Macro-F1 Score: To balance performance across uneven sentiment classes 

The sentiment analysis was conducted using a pretrained classifier sourced from the 

Hugging Face model hub, fine-tuned on large-scale customer review corpora. This approach 

avoided the need for additional training and allowed the model to generalize well across typical 

review language, particularly for positive and negative classes. 

3.7.3 Overfitting Prevention and Validation Protocol 

To avoid overfitting where models perform well on training data but poorly on unseen 

data early stopping was implemented. Training was halted when validation loss failed to 

improve over three consecutive epochs, as recommended by Alyami et al. (2022). Additionally, 

the best-performing model weights were restored before testing to ensure maximum 

generalizability. 

After evaluation on the 2,250 manually annotated reviews, the best-performing pipeline 

was deployed on the remaining unlabeled dataset of over 18,000 reviews. This broader 
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application enabled high-confidence extraction of aspect-frequency patterns and sentiment 

trends across three brands and multiple product categories. 

Following the training phase, predictions were generated over the remaining 

unannotated corpus using the fine-tuned aspect model and the pretrained sentiment classifier. 

These results were then used for downstream analysis and insight extraction. 

The complete evaluation and prediction flow is summarized in Figure 3.17, offering a 

structured visualization of the end-to-end model application. 

 

 
Figure 3.17 Prediction Framework: A structured overview of the modeling pipeline, showing 

how fine-tuned models (for ATE) and pretrained sentiment classifiers (for SA) work in 

tandem, from training through evaluation and final inference on unlabeled reviews. 
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CHAPTER IV  

RESULT AND DISCUSSION 

4.1 Overview 

This chapter presents the key results of the Aspect-Based Sentiment Analysis (ABSA) 

conducted on a large-scale dataset of user reviews related to Apple, Samsung, and Xiaomi 

products, spanning the years 2021 to 2024. The findings are organized into two main parts.  

The first section focuses on Aspect Term Extraction (ATE), identifying the most 

frequently discussed product features such as battery, performance, camera, and display and 

analysing their distribution across different brands and device types (phones and 

smartwatches). Visual tools, including bar charts, tables, and heatmaps, are used to illustrate 

trends, co-occurrence patterns, and the evolving prominence of these aspects over time. 

The second section examines Sentiment Analysis (SA), evaluating the emotional tone of 

the reviews (positive, neutral, or negative) using fine-tuned transformer models (BERT, 

RoBERTa, and DistilBERT). This section explores sentiment trends by brand, device type, and 

year, while also comparing model performance. The chapter concludes with a critical 

discussion of the findings in relation to the existing literature and implications for product 

development and brand strategy. 

4.2 Results 

4.2.1 Aspect Term Extraction Task (ATE) 

a. Aspect Frequency 

The analysis of aspect frequency revealed that certain product features dominated 

customer discussions. As shown in Figure 4.1, Battery emerged as the most frequently 

mentioned aspect, with 5,365 occurrences, indicating its centrality in consumer concerns 

particularly for mobile and wearable devices. Performance followed with 4,052 mentions, 

highlighting its continued importance in evaluating device usability. 

Other frequently mentioned aspects include Display (2,949), Price (2,569), and Camera 

(2,493), all of which reflect fundamental criteria in consumer purchasing decisions. In contrast, 

Customization was the least discussed, with only 362 mentions, suggesting that users may 

prioritize functionality and reliability over personalization. Table 4.1 summarizes the frequency 

of each extracted aspect, providing quantitative support for the dominance of battery, 

performance, and display in user reviews. 
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Table 4.1 Summarizes the frequency of each aspect 

Aspect Mentions 

Battery 5,365 

Performance 4,052 

Display 2,949 

Price 2,569 

Camera 2,493 

Multimedia 2,208 

Fitness & Health Tracking 1,914 

Customization 362 

 

 
Figure 4.1 Aspect Frequency Distribution 

b. Aspect Distribution by Brand and Device Type 

The distribution of aspect mentions across brands shows distinct user preferences and 

focus areas. As illustrated in Figure 4.2, Samsung received the highest number of mentions for 

Battery (2,383) and Performance (1,739), reflecting a strong consumer emphasis on power 

efficiency and operational speed for Samsung devices. Xiaomi, in contrast, dominated the 

Camera aspect (1,286 mentions), suggesting users associate Xiaomi products with imaging 
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capabilities. Apple, while having overall fewer mentions, showed relatively balanced 

distributions, with moderate emphasis on all aspects. As shown in Table 4.2, the raw counts 

complement the visual trend, offering precise numerical insight into brand-wise aspect focus. 

 

Table 4.2 Presents the raw counts of key aspects by brand 

Aspect Apple Samsung Xiaomi 

Battery 1,500 2,383 1,482 

Performance 695 1,739 1,618 

Camera 332 875 1,286 

Multimedia 369 1,002 837 

 

 
Figure 4.2 Aspect Mentions by Brand 

 

Looking at the aspect distribution by device type, Figure 4.3 reveals that Phones 

received more mentions for Camera (2,410), Performance (2,402), and Display (1,758), which 

are common differentiators in smartphone purchasing. Watches, on the other hand, led in 

Battery (3,084) and Fitness & Health Tracking (1,892), aspects more relevant to wearable 

usage. 

This distinction highlights how consumer expectations vary by device form factor. As 

shown in Table 4.3, this breakdown reinforces the distinction in user priorities across devices, 
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with Phones emphasized for performance and imaging, while Watches are centred around 

battery life and health tracking. 

Table 4.3 Shows the aspect breakdown by device category 

Aspect Phones Watches 

Battery 2,281 3,084 

Performance 2,402 1,650 

Camera 2,410 83 

Display 1,758 1,191 

Multimedia 1,346 862 

Fitness & Health Tracking 22 1,892 

 

 
Figure 4.3 Aspect Mentions by Device Type 

c. Aspect Co-occurrence Patterns 

The analysis of aspect co-occurrence reveals that customers frequently mention 

multiple features within the same review, often highlighting related or interdependent aspects. 

As illustrated in Figure 4.4, the strongest co-occurrence was observed between Battery and 

Performance, with 1,434 joint mentions. This suggests that users often evaluate power 

efficiency alongside device responsiveness. 

Other notable pairings include Battery with Display (1,134 mentions) and Performance 

with Camera (1,000 mentions), indicating that these combinations are commonly evaluated 
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together in product reviews. As shown in Table 4.4, the top co-mentioned aspect pairs reflect 

how consumers often evaluate multiple interrelated features within a single review. 

Table 4.4 Shows the top co-mentioned aspect pairs 

Aspect A Aspect B Co-Mentions 

Battery Performance 1,434 

Battery Display 1,134 

Performance Camera 1,000 

Camera Display 765 

 

These patterns suggest that consumer perceptions of product quality are holistic battery life, 

performance, display, and camera are often assessed together rather than in isolation. 

 

 
Figure 4.4 Aspect Co-occurrence Heatmap 

 

d. Temporal Aspect Trends 

The longitudinal analysis of aspect mentions reveals distinct growth patterns in user 

attention toward key product features over the 2021–2024 period. As depicted in Figure 4.5, 

the number of mentions for Battery, Performance, Display, and Price increased steadily, with 

notable surges beginning in early 2023. 
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Battery maintained the lead as the most consistently mentioned aspect, with mentions 

rising sharply from mid-2023 and peaking around Q3 2024. Performance and Display followed 

similar trajectories, reflecting growing user focus on operational efficiency and screen quality. 

Price while the least discussed of the four also experienced an upward trend, indicating its 

increasing role in consumer evaluation, especially during periods of product launches or 

economic sensitivity. Table 4.5 provides a numeric summary of how aspect mentions evolved 

across key time periods, offering a clearer view of user priorities shifting over time. 

 

Table 4.5 Summarizes the normalized temporal trends across key periods 

Time Period Battery Performance Display Price 

2021–Q1 120 100 80 60 

2021–Q3 150 120 110 85 

2022–Q1 300 220 190 140 

2022–Q3 350 270 220 180 

2023–Q1 500 450 330 310 

2023–Q3 700 630 490 420 

2024–Q1 1050 820 750 640 

2024–Q3 1185 980 840 710 

 

 
Figure 4.5 Monthly Trends of Top Aspects (2021–2024) 
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These results demonstrate that user interest in core technical specifications has 

intensified over time, particularly as product options diversify and expectations rise in the 

wearable and smartphone markets. 

e. Review Length vs Aspect Mention Analysis 

The number of aspects mentioned within a review is closely related to the length of the 

review itself. As shown in Figure 4.6, longer reviews tend to cover a wider range of product 

features, indicating that detailed reviews provide richer insight for aspect-based analysis. 

Extra-long reviews had the highest average number of aspects mentioned (2.6), followed by 

long (1.9) and medium (1.4) reviews. Short reviews typically mentioned only a single aspect, 

averaging just 1.0. 

This trend suggests that reviews of greater length often stem from more engaged users, 

who are likely to comment on multiple dimensions of their product experience. These reviews 

are particularly valuable for training models in aspect-based sentiment analysis and for 

businesses seeking in-depth customer feedback. The connection between review length and 

aspect richness is further quantified in Table 4.6, which shows the average number of aspects 

mentioned across different review lengths. 

Table 4.6 Summarizes this relationship 

Review Length Avg. Number of Aspects Mentioned 

Short 1.0 

Medium 1.4 

Long 1.9 

Extra-Long 2.6 
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Figure 4.6 Average Aspect Mentions by Review Length 

f. Model Performance and Evaluation 

The performance of BERT, RoBERTa, and DistilBERT was evaluated using standard 
metrics including accuracy, precision, recall, and F1 score. As shown in Table 4.7, RoBERTa 
achieved the highest overall F1 score (0.791), indicating its strong balance between precision 
and recall. BERT, on the other hand, recorded the highest precision, while DistilBERT, though 
slightly lower in accuracy, demonstrated fast training times and maintained competitive 
performance. 

To better understand model strengths across specific product aspects, Table 4.8 presents 
aspect-level F1 scores. RoBERTa emerged as the top performer in most categories, including 
Battery, Price, and Fitness & Health Tracking, while DistilBERT led in Performance and 
Camera. BERT and DistilBERT shared top scores on Display, showing that model effectiveness 
varies by aspect complexity and frequency. 

Performance-related predictions showed relatively lower F1 scores across models. This 
can be attributed to the broad and ambiguous nature of performance-related terminology. 
Unlike aspects such as Battery or Camera, which have clearly defined and context-specific 
vocabulary, performance is often described using overlapping, context-dependent, or vague 
expressions such as “slow,” “laggy,” “smooth,” “fast,” or even “good,” which may also relate 
to other features like software or display. Additionally, many performance-related terms are 
shared across different aspects (e.g., “fast charging” vs. “fast processor”), increasing the risk 
of misclassification or diluted context in multi-aspect reviews. This semantic ambiguity makes 
it difficult for models even fine-tuned ones to precisely differentiate and label the aspect, thus 
reducing precision and recall. The class imbalance (Performance being a mid-frequency aspect) 
may also have contributed to weaker learning during training (Zhang et al., 2018; Cambria et 
al., 2022). 



 

58 

Customization and Multimedia also showed lower performance. These aspects are less 
frequently mentioned in reviews, leading to aspect sparsity in the training data. Sparse data 
limits the model’s ability to generalize and results in poor recognition of less common features 
(Pontiki et al., 2016). Additionally, customization involves highly subjective and varied 
vocabulary (e.g., "watch face," "theme," "layout"), increasing the difficulty of extraction (Wang 
et al., 2020). Multimedia, on the other hand, often includes terms like "sound" or "display," 
which overlap semantically with Display and Performance aspects, further complicating 
classification (Zhang et al., 2018) 

In terms of training efficiency, Table 4.9 highlights that DistilBERT completed training 
in nearly half the time of RoBERTa and BERT, making it an ideal candidate for rapid 
experimentation or resource-limited environments. Overall, RoBERTa offered the best trade-
off between accuracy and robustness, while DistilBERT proved well-suited for lightweight 
deployment scenarios. 

Table 4.7 Overall evaluation shows 

Model Accuracy Precision Recall F1 Score 

BERT 0.911 0.832 0.718 0.770 

RoBERTa 0.912 0.812 0.774 0.791 

DistilBERT 0.908 0.829 0.696 0.753 

 

Although the overall accuracy values for BERT, RoBERTa, and DistilBERT appear 

close, the differences in F1 scores are meaningful, especially in imbalanced multi-label 

classification settings. For example, RoBERTa consistently delivered stronger recall and F1 

metrics across high-impact aspects such as Battery and Price, making it more effective in real-

world scenarios where capturing minority classes is critical. While BERT showed the highest 

precision. DistilBERT was fastest to train. 

Table 4.8 Aspect-level F1 scores 

Aspect BERT RoBERTa DistilBERT Best Model 

Battery 0.921 0.937 0.909 RoBERTa 

Performance 0.663 0.670 0.688 DistilBERT 

Camera 0.880 0.877 0.886 DistilBERT 

Display 0.768 0.756 0.768 BERT/DistilBERT 

Price 0.823 0.855 0.811 RoBERTa 

Multimedia 0.773 0.793 0.748 RoBERTa 

Fitness & Health Tracking 0.860 0.905 0.805 RoBERTa 

Customization 0.471 0.533 0.409 RoBERTa 
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Table 4.9 Training Time 

Model Training Time 

DistilBERT 6.31 min (378.4 sec) 

RoBERTa 11.80 min (707.8 sec) 

BERT 11.99 min (719.2 sec) 

 

RoBERTa offers the best balance of performance and accuracy. DistilBERT is well-

suited for quick iterations and deployment in resource-constrained environments. 

4.2.2 Sentiment Analysis Task (SA) 

a. Sentiment Distribution per Model 

The sentiment distribution analysis across the three transformer models BERT, 

RoBERTa, and DistilBERT reveals stark contrasts in how each model classifies sentiment. As 

shown in Figure 4.7, BERT displayed the most balanced sentiment output with 5,556 positive, 

7,115 neutral, and 4,118 negative mentions. This suggests BERT captures a nuanced sentiment 

distribution suitable for general-purpose feedback analysis. 

RoBERTa, in contrast, leaned more toward negative sentiment, registering 6,322 

negative mentions out of 16,789 total predictions, indicating that it may be more sensitive to 

critical expressions within reviews. Neutral sentiment was significantly lower than in BERT's 

predictions. 

DistilBERT produced a highly positive-skewed distribution, with 15,735 positive 

mentions and only 1,054 negative and neutral combined. This suggests potential calibration 

issues, likely due to its simplified architecture or tuning sensitivity. 

Table 4.10 Summarizes the sentiment output per model 

Model Positive Neutral Negative Dominant Sentiment 

BERT 5,556 7,115 4,118 Neutral 

RoBERTa 5,881 4,586 6,322 Negative 

DistilBERT 15,735 46 1,008 Positive (heavily skewed) 
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Among the three models, BERT produced the most balanced and realistic sentiment 

distribution, offering consistent performance across all sentiment classes. While RoBERTa 

excelled in identifying negative sentiments and DistilBERT favored positive classifications, 

BERT maintained the best equilibrium, making it the most accurate and dependable choice for 

holistic sentiment analysis in this study. 

 

 
Figure 4.7 Sentiment Distribution per Model 

These findings indicate that BERT and RoBERTa are more reliable in handling diverse 

sentiment expressions, while DistilBERT may need threshold adjustments or retraining to 

avoid overly optimistic predictions. 

b. Sentiment Distribution by Brand and Device Type 

The sentiment analysis across brands highlights divergent consumer perceptions. As 

shown in  

Figure 4.8, Samsung generated the highest overall feedback volume, with 2,662 negative, 1,981 

neutral, and 2,301 positive sentiments. This reflects a highly engaged customer base with 

polarized experiences likely due to Samsung’s expansive product lineup. 

Xiaomi followed with relatively high negative (2,129) and neutral (1,886) sentiments, 

slightly trailing in positivity (1,920). The concentration of negative sentiment suggests either 

unmet expectations or critical engagement, particularly for value-centric offerings. 

Apple received the fewest total mentions but had the lowest negative sentiment (1,531) among 

the three brands. With 1,823 positive and 921 neutral mentions, Apple reviews appear more 

moderate and consistent, indicating either fewer polarizing features or a more satisfied user 
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base. These brand-level differences in sentiment are detailed in Table 4.11, which presents a 

side-by-side comparison of sentiment distribution across Apple, Samsung, and Xiaomi. 

Table 4.11 Summarizes sentiment distribution per brand 

Brand Negative Neutral Positive 

Samsung 2,662 1,981 2,301 

Xiaomi 2,129 1,886 1,920 

Apple 1,531 921 1,823 

 

 
Figure 4.8 Sentiment Distribution by Brand 

 

When analyzed by device type, the results in Table 4.12 show that phones prompted a 

wider range of emotional responses, with the highest volume of negative (3,536) and positive 

(3,116) sentiments. This indicates that smartphones, being more feature-rich and used 

frequently, often evoke strong consumer reactions. 

Watches, though generating fewer mentions, were associated with relatively balanced 

sentiment: 2,103 negative, 2,008 neutral, and 2,575 positive. The slightly higher positivity 

suggests better alignment with user expectations in the wearables segment. Figure 4.9 

visualizes sentiment distribution by device type, highlighting the broader emotional variance 

in phone reviews compared to the more balanced sentiment seen in smartwatch feedback. Table 

4.12 complements this by providing the exact sentiment counts by device type, reinforcing the 

finding that smartphones tend to elicit stronger emotional responses than wearables. 
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Table 4.12 Shows sentiment distribution by device type 

Device Type Negative Neutral Positive 

Phones 3,536 2,780 3,116 

Watches 2,103 2,008 2,575 

 

 
Figure 4.9 Sentiment Distribution by Device Type 

d. Sentiment by Aspect Analysis 

 A cross-analysis of sentiment polarity with specific product aspects reveals how users 

perceive individual features. As shown in Figure 4.10, Battery is the most sentimentally 

charged aspect registering 2,300 positive and 2,100 negative mentions highlighting its crucial 

role in user satisfaction and dissatisfaction alike. 

Performance and Camera also received high attention, with 1,800 and 1,650 positive mentions, 

respectively. However, both aspects also attracted substantial negative feedback, suggesting 

they are key differentiators where users have strong expectations. 

 Display and Price trailed slightly in sentiment volume but showed more balanced 

distributions, especially with neutral mentions. This implies that while these aspects are still 

important, they tend to elicit more mixed reviews, possibly due to subjective preferences or 

brand-specific design philosophies. To support this analysis with numerical detail, Table 4.13 

summarizes the sentiment volume across key aspects, highlighting which features are most 

polarizing for users. 
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Table 4.13 Summarizes sentiment volume across selected aspects 

Aspect Positive Neutral Negative 

Battery 2,300 950 2,100 

Performance 1,800 800 1,700 

Camera 1,650 700 1,450 

Display 1,400 620 1,300 

Price 1,100 500 1,200 

 

 
Figure 4.10 Sentiment Distribution by Aspect 

 These results underscore that Battery and Performance are often make-or-break features 

for consumers. Identifying and addressing concerns within these aspects could yield substantial 

improvements in overall customer satisfaction. 

4.2.3 Results Analysis 

The analysis of over 20,000 user reviews reveals significant patterns in how consumers 

evaluate mobile and wearable devices across brands and over time. Two key insights emerge: 

the prominence of specific product aspects and the variability of sentiment across models, 

brands, and device types. 

 Aspect Prioritization and Engagement Battery consistently emerged as the most 

frequently mentioned aspect, dominating both smartphone and smartwatch reviews. Its strong 

co-occurrence with Performance and Display (as seen in the heatmap analysis) further confirms 

its centrality in consumer decision-making. Performance and Camera were also heavily 

discussed, particularly for smartphones, reflecting user expectations around speed and imaging 

quality. 
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 Brand-wise, Samsung leads in mentions for most technical aspects, especially Battery 

and Performance, while Xiaomi stood out for Camera, likely due to its aggressive positioning 

in photography features. Apple, although lower in total mentions, showed more consistent 

engagement across all aspects, with a particularly notable presence in Fitness & Health 

Tracking likely tied to Apple Watch users. Interestingly longer reviews tend to include 

significantly more aspects, suggesting that engaged users often assess multiple features in a 

single post. This makes review length a useful heuristic for identifying high-information 

feedback. 

Sentiment Dynamics and Brand Perception In terms of sentiment classification, BERT 

and RoBERTa provided the most realistic distributions. DistilBERT, while efficient, displayed 

a heavy positive bias indicating potential overfitting or calibration issues during training. 

Samsung received the highest overall review volume but also had the most polarized sentiment, 

especially in smartphones. This duality suggests a wide customer base that is both critical and 

appreciative. Xiaomi, meanwhile, received strong feedback for its camera and affordability, 

but negative mentions were also high, especially for watches. Apple received the fewest 

negative comments, indicating either higher user satisfaction or more reserved consumer 

engagement. 

 When analyzed over time, positive sentiment increased sharply from 2021 to 2024, 

especially in the last year pointing to improvements in product quality, brand trust, or general 

user satisfaction. This temporal trend aligns with peaks in aspect mentions, particularly for 

Battery and Performance, possibly coinciding with new product releases or feature upgrades. 

Joint Interpretation of Sentiment and Aspects Cross-tabulation of sentiment with aspects 

highlighted that: 

• Battery and Performance are often polarizing eliciting both high praise and strong 

dissatisfaction. 

• Camera and Display also evoked substantial sentiment variation. 

• Less-discussed aspects like Customization received minimal engagement and sentiment 

variance, suggesting lower consumer priority or less clarity in feature recognition. 

These results emphasize that technical reliability (battery life, speed, display quality) 

remains the dominant theme in customer evaluations. Addressing negative feedback in these 

areas could result in measurable improvements in user satisfaction and brand perception. 

 In conclusion, the analysis reveals a consistent consumer focus on core device aspects 

such as battery, performance, and camera quality. These features not only dominated discussion 
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volume but also carried substantial emotional weight in user sentiment. RoBERTa proved to 

be the most balanced and accurate model for aspect extraction, while BERT and RoBERTa 

yielded the most realistic sentiment distributions. Brand-wise, Samsung experienced the widest 

sentiment range, Xiaomi excelled in imaging engagement, and Apple maintained stable and 

moderate sentiment levels. The overall upward trend in positive sentiment from 2021 to 2024 

reflects growing user satisfaction, emphasizing the importance of continuous product 

improvement in driving consumer loyalty. 

4.3 Discussion 

The findings of this study reinforce the pivotal role that aspect-based sentiment analysis 

(ABSA) plays in understanding customer preferences and perceptions in the consumer 

electronics market. The detailed analysis across Apple, Samsung, and Xiaomi devices 

highlights both expected trends such as the importance of battery life and emerging ones, like 

the rise of health tracking as a competitive differentiator in smartwatches. 

The dominance of Battery, Performance, and Camera as key aspects aligns with prior 

research suggesting that technical specifications continue to shape consumer satisfaction more 

than aesthetic or customizable features (Zhang et al., 2021). The limited mentions of 

Customization echo findings from (Hu and Liu 2022), who noted that users are more vocal 

about tangible features that affect daily use. 

Sentiment analysis further deepens the insight. While BERT and RoBERTa offered 

realistic sentiment distributions, the extreme positivity of DistilBERT mirrors past observations 

on smaller models’ tendency to favor dominant sentiment classes (Devlin et al., 2019; Sanh et 

al., 2019). The increasing volume of positive sentiment from 2021 to 2024 suggests either 

improving product experiences or shifts in consumer expectations an area worth exploring in 

longitudinal sentiment studies (Jiang & Cambria, 2023). 

Brand-specific trends such as Xiaomi's camera-centric discussions and Apple’s steady 

sentiment balance illustrate brand positioning in action. Samsung’s polarization reflects its 

broad product range and the high expectations set by its flagship devices, similar to patterns 

seen in (Lim et al. 2020). 

This study contributes to the growing body of ABSA work by combining aspect-level 

frequency, sentiment polarity, co-occurrence, and model performance into a comprehensive 

framework. It also highlights practical challenges: the difficulty of detecting abstract aspects, 

the trade-off between speed and accuracy in model selection, and the variability in sentiment 

across device categories. 
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These findings can inform manufacturers’ product development cycles, helping 

prioritize improvements in aspects with high negative sentiment and reinforcing strengths 

identified through positive feedback. Moreover, marketing strategies can be adapted to 

highlight strong-performing aspects by brand or device type, particularly in a competitive space 

where nuanced consumer opinion increasingly drives brand loyalty. 

4.4 Model Performance Results 

 This section presents a comparative evaluation of the fine-tuned transformer models 

BERT, RoBERTa, and DistilBERT used for Aspect Term Extraction (ATE) and Sentiment 

Analysis (SA). The models were assessed based on key metrics such as accuracy, precision, 

recall, F1-score, and training time, offering insight into their performance effectiveness and 

operational trade-offs. 

4.4.1 Experimental Evolution 

The modeling strategy evolved through four major experiments, reflecting an iterative 

approach to resolving task-specific challenges. 

a. Joint ATE + Sentiment Modeling 

An initial approach attempted a unified model to predict both aspects and sentiment labels 

simultaneously. While aspect extraction achieved acceptable performance, sentiment analysis 

suffered from: 

• Overfitting during training 

• Poor generalization to test data 

• Misclassification of sentiment at inference 

This highlighted interference between the two tasks, where the shared representation layers 

compromised the learning process for sentiment classification. 

Performance results for aspect term extraction across RoBERTa, BERT, and DistilBERT 

are summarized in Table 4.14. High F1-scores were observed for major aspects such as 

BATTERY, CAMERA, and FITNESS & HEALTH TRACKING, with RoBERTa achieving the 

best overall aspect accuracy (0.916) and macro-F1 (0.809). However, performance was notably 

weaker for the CUSTOMIZATION aspect across all models, indicating difficulties in learning 

from low-support categories. 

Meanwhile, sentiment classification metrics are presented in  
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Table 4.15. All models underperformed on the Neutral sentiment class, with DistilBERT 

recording an extremely low F1-score of 0.11. Overall sentiment accuracy did not exceed 0.62, 

and macro-F1 scores remained below 0.60, reinforcing the issue of class imbalance and 

ineffective representation learning for sentiment when jointly modeled with aspect extraction. 

The learning behavior is further illustrated in Figure 4.11 and Figure 4.12, which show 

the train vs. validation loss curves for both aspect and sentiment modules. While the aspect 

model demonstrates smooth convergence and stable validation loss, the sentiment model 

clearly suffers from overfitting, with validation loss increasing after just a few epochs despite 

decreasing training loss. This divergence confirms poor generalization in the sentiment 

prediction component. 

Finally, Figure 4.13 displays the confusion matrix for sentiment classification, 

highlighting frequent misclassifications between Neutral and both Positive and Negative 

labels. Notably, 31 instances of Positive and 26 of Negative were misclassified, while only 22 

of 54 Neutral samples were correctly identified demonstrating a systemic weakness in handling 

this class. 

Table 4.14 Aspect Term Extraction Performance (F1-Scores by Aspect) 

Aspect / Metric RoBERTa BERT DistilBERT 

BATTERY 0.961 0.935 0.914 

PERFORMANCE 0.745 0.747 0.763 

CAMERA 0.944 0.933 0.952 

DISPLAY 0.862 0.815 0.837 

PRICE 0.805 0.725 0.719 

MULTIMEDIA 0.815 0.778 0.786 

FITNESS & HEALTH TRACKING 0.920 0.867 0.855 

CUSTOMIZATION 0.423 0.361 0.523 

Overall Accuracy 0.916 0.895 0.905 

Macro-F1 0.809 0.770 0.793 
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Table 4.15 Sentiment Classification Performance (Per Class) 

Model Class Precision Recall F1-Score Accuracy Macro-F1 

RoBERTa Negative 0.71 0.69 0.70 0.62 0.57 
 

Positive 0.76 0.64 0.69 
 

Neutral 0.28 0.41 0.33 

BERT Negative 0.64 0.61 0.63 0.57 0.52 
 

Positive 0.75 0.61 0.67 
 

Neutral 0.22 0.35 0.27 

DistilBERT Negative 0.63 0.70 0.66 0.56 0.47 
 

Positive 0.67 0.60 0.63 
 

Neutral 0.11 0.11 0.11 

 

 
Figure 4.11 Aspect Train vs Val loss 
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Figure 4.12 Sentiments Train vs Val loss 

 

 
Figure 4.13 Sentiment Confusion Matrix 
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b. Isolated Sentiment Modeling 

The next step was to train a dedicated sentiment classifier, decoupled from the aspect 

extraction module. The goal was to eliminate multitask interference observed in the joint 

setup. However, results indicated that separating the tasks alone was insufficient to achieve 

robust performance. Despite using isolated training, the models still experienced: 

• Overfitting, particularly visible in training vs. validation accuracy fluctuations 

• Bias toward dominant sentiment classes, especially Positive and Negative 

• Low prediction confidence on straightforward test inputs 

BERT Model Performance 

As shown in Table 4.16, the BERT model achieved a moderate accuracy of 0.60. 

Although performance improved compared to joint training, precision and recall scores for the 

Neutral class were still low. 

Figure 4.15 shows loss and accuracy curves that fluctuate, with significant accuracy 

drops at certain epochs, reflecting training instability. The confusion matrix (Figure 4.14) 

reveals that 37 Negative and 39 Positive predictions were misclassified as Neutral. 

Table 4.16 Sentiment Classification Report (BERT) 

Class Precision Recall F1-Score Support 

Negative 0.67 0.58 0.62 132 

Neutral 0.43 0.57 0.49 101 

Positive 0.70 0.63 0.67 142 

Accuracy 0.60 375 

Macro-F1 0.59 
 

 
Figure 4.14 BERT Confusion Matrix 
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RoBERTa Model Performance 

RoBERTa yielded slightly better results. As shown in  

Table 4.17, it reached a macro-F1 of 0.63, with higher precision on the Neutral class. 

Yet, confusion persisted Figure 4.16 shows considerable overlap, particularly in Neutral 

misclassifications (28 as Negative and 22 as Positive). 

Table 4.17 Sentiment Classification Report (RoBERTa) 

Class Precision Recall F1-Score Support 

Negative 0.65 0.71 0.68 124 

Neutral 0.53 0.49 0.51 91 

Positive 0.71 0.68 0.70 131 

Accuracy 0.64 346 

Macro-F1 0.63 
 

 

 
Figure 4.15 BERT & RoBERTa – Training and Validation Loss and Accuracy

 

Figure 4.16 RoBERTa Confusion Matrix 
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DistilBERT Model Performance 

The performance of DistilBERT, presented in Table 4.18, showed some strength in 

handling Neutral (F1 = 0.71) but completely failed to classify Positive sentiments (F1 = 0.25). 

Figure 4.17 illustrates diverging loss curves, where validation loss begins rising after epoch 5. 

The confusion matrix (Figure 4.18) further confirms that 24 Positive instances were incorrectly 

labeled as Negative, and only 15 were classified correctly. 

Table 4.18 Sentiment Classification Report (DistilBERT) 

Class Precision Recall F1-Score Support 

Negative 0.64 0.63 0.63 142 

Neutral 0.75 0.67 0.71 145 

Positive 0.22 0.30 0.25 50 

Accuracy 0.60 337 

Macro-F1 0.53 
 

 

 
Figure 4.17 DistilBERT Training and Validation Loss 
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Figure 4.18 DistilBERT Confusion Matrix 

 

c. LoRA + Hyperparameter Tuning 

To address persistent issues in isolated modeling, an efficient fine-tuning strategy was 

employed using Low-Rank Adaptation (LoRA). LoRA inserts trainable low-rank matrices into 

a frozen base transformer model, significantly reducing parameter complexity while preserving 

core performance. 

The following setup was adopted: 

• Base Models: BERT, DistilBERT, and RoBERTa 

• Tokenization: Max sequence length = 256 

• Hyperparameter Optimization: Grid search, random search, and Optuna with pruning 

for early stopping 

• Training Configuration: 

o BERT: LR = 1e-4, batch size = 16/64, epochs = 50, weight decay = 0.1 

o RoBERTa: LR = 1e-4, batch size = 16/32, epochs = 50, weight decay = 0.1 

o DistilBERT: LR = 3e-4, batch size = 16/32, epochs = 50, weight decay = 0.01 

Despite these improvements, all models continued to show signs of overfitting, 

especially reflected in diverging loss curves and inconsistent Neutral-class prediction. 
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BERT + LoRA Results 

As summarized in Table 4.19, BERT with LoRA achieved accuracy = 0.5593 and 

macro-F1 = 0.5601. While Positive sentiment classification reached a fair F1-score of 0.6090, 

performance on the Neutral and Negative classes remained moderate. 

Training dynamics, shown in Figure 4.19, reveal steadily decreasing training loss but 

increasing validation loss an indication of overfitting. The confusion matrix (Figure 4.20) 

shows many Neutral samples being misclassified as Negative or Positive. 

 

Table 4.19 BERT + LoRA Classification Report 

Class Precision Recall F1-Score Support 

Negative 0.5315 0.5429 0.5371 140 

Neutral 0.5401 0.5286 0.5343 140 

Positive 0.6090 0.6090 0.6090 133 

Accuracy 
  

0.5593 413 

Macro-F1 
  

0.5601 
 

 

 
Figure 4.19 BERT + LoRA Train vs Validation Loss 
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Figure 4.20 BERT + LoRA Confusion Matrix 

RoBERTa + LoRA Results 

RoBERTa was expected to perform best, but actual results, shown in Table 4.20, yielded 

only accuracy = 0.5424 and macro-F1 = 0.5322. While Positive class performance was 

acceptable (F1 = 0.6115), Neutral class recall dropped drastically to 0.33, indicating difficulty 

capturing more subtle sentiment. 

This is further visualized in Figure 4.21, where the evaluation loss starts diverging 

around epoch 6. The corresponding confusion matrix (Figure 4.22) reveals significant 

confusion between Neutral and Negative predictions. 

Table 4.20 RoBERTa + LoRA Classification Report 

Class Precision Recall F1-Score Support 

Negative 0.4973 0.6643 0.5688 140 

Neutral 0.5679 0.3286 0.4163 140 

Positive 0.5862 0.6391 0.6115 133 

Accuracy 
  

0.5424 413 

Macro-F1 
  

0.5322 
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Figure 4.21 RoBERTa + LoRA Train vs Validation Loss 

 
Figure 4.22 RoBERTa + LoRA Confusion Matrix 

 

DistilBERT + LoRA Results 

Among the three models, DistilBERT had the lowest overall performance, achieving 

accuracy = 0.5182 and macro-F1 = 0.5146 (see Table 4.21). Surprisingly, the model achieved 

high precision for the Positive class (0.75), but recall was poor (0.3669), indicating 

overconfidence in positive predictions and misclassification of other classes. 

Training progression in Figure 4.23 shows a clear overfit pattern, with evaluation loss 

climbing after epoch 6. The confusion matrix (Figure 4.24) reveals Neutral class being 

overpredicted, while Positive and Negative classes are often confused with each other. 
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Table 4.21 DistilBERT + LoRA Classification Report 

Class Precision Recall F1-Score Support 

Negative 0.4573 0.6500 0.5369 140 

Neutral 0.4932 0.5373 0.5143 134 

Positive 0.7500 0.3669 0.4928 139 

Accuracy 
  

0.5182 413 

Macro-F1 
  

0.5146 
 

 

 
Figure 4.23 DistilBERT + LoRA Train vs Validation Loss 

 
Figure 4.24 DistilBERT + LoRA Confusion Matrix 
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d. Final Modular ABSA Architecture 

To resolve the persistent limitations encountered across previous experiments, a modular 

architecture was adopted as the final modeling strategy. This approach clearly separates the 

two core tasks of ABSA Aspect Term Extraction (ATE) and Sentiment Classification (SC into 

distinct processing pipelines: 

• Fine-tuned transformer models (e.g., BERT, RoBERTa) were used exclusively for 

aspect extraction, optimized using labeled aspect-level annotations. 

• Pretrained sentiment classifiers, carefully selected and tuned, were dedicated to 

handling sentiment classification, using sentence-level or clause-level sentiment 

annotations. 

This design addressed key issues such as task interference, overfitting, and imbalanced 

sentiment prediction, by allowing each model to specialize without shared representational 

constraints. As a result, the modular framework led to improved generalization, better class-

wise F1 scores, and more interpretable outputs especially for real-world product review 

analysis. 

The complete evolution of modeling strategies is summarized in Table 4.22, outlining each 

phase's objectives, configurations, and key outcomes. It illustrates how each stage contributed 

incremental insights that culminated in the adoption of the final hybrid solution. 

Table 4.22 Experiments Table 

Phase Goal Result 

Joint ATE + SA Unified multitask 

model 

SA overfitting; ATE acceptable 

Isolated SA Model Sentiment-only training Persistent overfitting 

LoRA + Hyperparameter 

Tuning 

Efficient sentiment 

training 

Reduced complexity, still poor 

accuracy 

Modular ATE + Pretrained 

SA 

Final hybrid 

architecture 

Balanced performance, 

generalizable 

 

The adoption of the final modular architecture was informed entirely by the 

experimental results obtained in this study. This approach, which separates aspect extraction 

and sentiment classification into distinct components, consistently outperformed all prior 

configurations. It effectively addressed the limitations identified in earlier phases namely task 

interference, overfitting, and limited generalization while delivering the most stable and 
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balanced performance across evaluation metrics. As such, the modular setup is presented as the 

optimal architecture for the objectives and constraints defined within this research. 

4.4.2 Final Modular Model Performance 

As presented earlier in Tables Table 4.7 to 4.9, the final modular ABSA architecture 

combining fine-tuned aspect extraction with pretrained sentiment classification yielded strong 

and balanced performance across all three models. RoBERTa consistently delivered the highest 

F1 scores for key aspects such as Battery, Price, and Fitness & Health Tracking, confirming its 

ability to capture sentiment-bearing tokens and contextual nuances effectively. 

DistilBERT, while slightly behind in overall accuracy, demonstrated competitive performance 

in Performance and Camera, indicating its usefulness for scenarios where faster inference is a 

priority. Its lower recall, however, suggests limitations in handling nuanced or less frequent 

expressions. 

BERT showed the highest precision, suggesting that it is more conservative in 

predictions, making it reliable when false positives need to be minimized. Despite this, its 

overall balance was slightly outpaced by RoBERTa. 

In terms of efficiency, training time comparisons confirmed DistilBERT as the most 

time-efficient, completing training in nearly half the time of the other models. This makes it 

suitable for rapid iteration or resource-constrained deployment. 

Overall, the results support the adoption of a modular strategy, where RoBERTa is 

preferred for performance-critical applications, while DistilBERT offers a practical alternative 

for scalable or lightweight use cases. 

4.4.2.1 A Visualization of Performance Monitoring During Fine-Tuning 

To further illustrate the learning behavior of each model during the fine-tuning phase, 

Figure 4.25 to Figure 4.27 visualize the training and validation accuracy and loss curves for 

BERT, RoBERTa, and DistilBERT, respectively. These plots reveal that while all three models 

reached convergence, RoBERTa maintained a more stable validation curve, indicating better 

generalization. BERT exhibited slight overfitting after several epochs, whereas DistilBERT’s 

training was more efficient, albeit with slightly higher variance in validation performance. 
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Figure 4.25 Training vs Validation (accuracy and loss) BERT 

 

 

 
Figure 4.26 Training vs Validation (accuracy and loss) RoBERTa 

 

 
Figure 4.27 Training vs Validation (accuracy and loss) DistilBERT 
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4.4.2.1.1 Confusion matrixes 

In addition to the accuracy and loss monitoring, the confusion matrices presented in 
Figures 4.28 to 4.51 provide detailed insights into model-level sentiment prediction outcomes. 
These visualizations reveal RoBERTa’s superior balance in handling all sentiment classes, 
while BERT shows fewer false positives, and DistilBERT tends to overpredict the positive 
class. Such differences are crucial in selecting the appropriate model based on application needs 
and error sensitivity. 

a. BERT 

 

 
Figure 4.28 Confusion Matrixes for Battery - BERT 

 
Figure 4.29 Confusion Matrixes for Camera - BERT 
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Figure 4.30 Confusion Matrixes for Customization - BERT 

 
Figure 4.31 Confusion Matrixes for Display - BERT 
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Figure 4.32 Confusion Matrixes for Fitness & Health Tracking - BERT 

 
Figure 4 33 Confusion Matrixes for Multimedia - BERT 
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Figure 4.34 Confusion Matrixes for Performance - BERT 

 
Figure 4.35 Confusion Matrixes for Price - BERT 
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b. RoBERTa 

 
Figure 4.36 Confusion Matrixes for Battery - RoBERTa 

 
Figure 4.37 Confusion Matrixes for Camera - RoBERTa 
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Figure 4 38 Confusion Matrixes for Customization - RoBERTa 

 
Figure 4.39 Confusion Matrixes for Display - RoBERTa 
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Figure 4.40 Confusion Matrixes for Fitness & Health Tracking - RoBERTa 

 
Figure 4.41Confusion Matrixes for Multimedia - RoBERTa 
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Figure 4.42 Confusion Matrixes for Performance - RoBERTa 

 
Figure 4 43 Confusion Matrixes for Price - RoBERTa 
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c. DistilBERT 

 
Figure 4.44 Confusion Matrixes for Battery - DistilBERT 

 
Figure 4.45  Confusion Matrixes for Camera - DistilBERT 
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Figure 4.46  Confusion Matrixes for Customization - DistilBERT 

 
Figure 4.47 Confusion Matrixes for Display - DistilBERT 
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Figure 4.48 Confusion Matrixes for Fitness & Health Tracking - DistilBERT 

 
Figure 4.49 Confusion Matrixes for Multimedia - DistilBERT 
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Figure 4.50 Confusion Matrixes for Performance - DistilBERT 

 
Figure 4.51 Confusion Matrixes for Price - DistilBERT 

4.4.3 Sentiment Analysis Results (Pretrained Model) 

In the modular setup, sentiment classification was outsourced to a pretrained transformer-

based model. This approach eliminated the need for additional fine-tuning and removed 

overfitting issues. The pretrained model demonstrated: 

• Balanced sentiment detection 

• Reliable prediction across all classes 

• Better generalization than prior experimental setups 

This approach avoided the issues observed in DistilBERT's experimental sentiment outputs, 

which heavily skewed toward positive predictions (~15,735 positives out of ~17,000). 
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4.4.4 Trade-off Summary 

Table 4.23 Trade-off Summary 

Model Strengths Limitations Best Use Case 

BERT High precision, stable 

classification 

Longer training time Academic or enterprise 

evaluations 

RoBERTa Strongest F1 across 

aspects, robust 

generalizer 

Slight negative 

sentiment bias, slower 

to train 

In-depth, multi-aspect 

product feedback 

analysis 

DistilBERT Fastest training, 

resource efficient 

Over-skews to 

positive, lower recall 

Lightweight, real-time 

applications 

 

4.5 Conclusion 

This chapter provided a comprehensive examination of the results obtained from aspect 

term extraction and sentiment analysis conducted on user reviews of Apple, Samsung, and 

Xiaomi products. By analyzing over 20,000 reviews spanning the years 2021 to 2024, several 

key insights emerged regarding consumer priorities, emotional responses, and model 

performance. 

Aspect Term Extraction revealed that Battery, Performance, and Camera are 

consistently the most discussed features across all brands and device types. Samsung led in 

overall aspect frequency, especially for watches, while Xiaomi dominated camera-related 

discussions in smartphones. Apple reviews, though fewer, showed a balanced distribution of 

attention, particularly in health-tracking features. Notably, longer reviews contained richer 

aspect content, making them valuable for extracting nuanced feedback. 

In terms of Sentiment Analysis, the study showed that consumer sentiment has grown more 

positive over time, especially between 2023 and 2024. BERT and RoBERTa produced reliable 

sentiment distributions, while DistilBERT was prone to overpredicting positive sentiment. 

Phones evoked more polarized opinions, while watches received a higher share of balanced 

and favorable reviews. 

The model performance evaluation confirmed that no single model was universally 

superior. RoBERTa demonstrated the best F1-scores across most aspects, while BERT excelled 

in precision. DistilBERT was the fastest to train, making it useful for rapid deployment despite 

some accuracy trade-offs. The final adoption of a modular ABSA architecture, separating 
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aspect extraction and sentiment classification, resolved key training limitations such as task 

interference and overfitting, and allowed the use of pretrained sentiment classifiers for optimal 

results. 

Overall, the results offer practical insights for both researchers and product teams. 

Manufacturers can focus improvements on high-impact aspects like battery life and 

performance while tracking sentiment evolution to inform brand positioning and customer 

engagement strategies. 
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CHAPTER V  

CONCLUSION 

5.1 Conclusion 

This research implemented a modular Aspect-Based Sentiment Analysis (ABSA) 

framework to extract actionable insights from over 20,000 English-language reviews of Apple, 

Samsung, and Xiaomi smartphones and smartwatches collected from 2021 to 2024. By 

decoupling Aspect Term Extraction (ATE) and Sentiment Analysis (SA) tasks (Figure 2.4), the 

study leveraged transformer-based models BERT, RoBERTa, and DistilBERT to independently 

address each task, enhancing scalability and interpretability (Section 3.6.3). 

The analysis revealed that Battery, Performance, and Camera were the most frequently 

discussed aspects (Table 4.1), with Battery receiving the most polarized feedback. Brand-wise, 

Apple maintained consistent satisfaction, Samsung improved in fitness features, and Xiaomi 

faced mixed reviews on performance and battery (Section 4.2.3, Table 4.11). Temporal 

sentiment trends (Figure 4.5) indicated a rise in positive sentiment during 2024, aligning with 

newer product releases and feature improvements. 

Model-wise, RoBERTa achieved the highest F1 scores in ATE (Table 4.10), while 

BERT provided the most balanced sentiment classification (Table 4.15, Table 4.10). 

DistilBERT, despite lower accuracy, proved ideal for real-time or low-resource settings due to 

its significantly reduced training time (6.3 minutes; Table 4.9). 

Critically, the study found a strong correlation between review length and aspect 

richness (Figure 4.6), affirming that longer reviews provide more detailed consumer feedback. 

These findings demonstrate that a modular pipeline not only improves task performance but 

also enhances generalizability and real-world deployment potential. 

 

Research Questions Revisited: 

• RQ1: Confirmed transformer models can separately and effectively perform ATE and 

SA (Section 4.2). 

• RQ2: RoBERTa performed best for ATE, BERT for SA; DistilBERT was fastest (Table 

4.8, Table 4.14,Table 4.15). 

• RQ3: Battery, Performance, and Camera were most mentioned; brand comparisons 

highlighted key differences (Table 4.2, Table 4.11). 

• RQ4: Sentiment trends showed improvement over time, especially in 2024 (Figure 4.5). 
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5.2 Theoretical Implications 

This study contributes to the academic field of NLP and sentiment analysis in three key 

areas: 

• Validation of Modular ABSA Architecture: By decoupling ATE and SA (Section 3.6.3, 

Figure 2.4), the research demonstrated enhanced interpretability and model-specific 

optimization, which aligns with best practices suggested by Cambria et al. (2020). 

• Transformer Model Benchmarking: The empirical evaluation across BERT, RoBERTa, 

and DistilBERT offers comparative insights on performance vs. efficiency trade-offs 

(Table 4.23), reinforcing findings from Liu et al. (2019) and Sanh et al. (2019). 

• Longitudinal Sentiment Tracking: Incorporating a time-series dimension (Section 4.3) 

advances the field of temporal ABSA, revealing shifts in sentiment tied to product 

updates, brand strategies, or consumer expectations supporting calls from Jiang & 

Cambria (2023) for dynamic sentiment modeling. 

5.3 Practical Recommendations 

Based on the findings, the following recommendations are proposed for various 

stakeholder groups: 

a. Product Design and Development Teams 

• Prioritize battery longevity and performance optimization, especially in smartphones 

where dissatisfaction was most evident. 

• Enhance camera capabilities in Xiaomi phones and expand health tracking features in 

Apple wearables to align with user preferences. 

b. Marketing and Branding Teams 

• Highlight high-performing features such as Xiaomi’s camera and Apple’s health 

integration in promotional campaigns. 

• Address areas of negative sentimentsuch as Samsung’s battery-related concernsthrough 

transparent communication and proactive updates. 

• Tailor advertising strategies based on product category (phones vs. wearables), as 

engagement patterns differ across device types. 

c. AI and NLP Deployment Teams 

• Use DistilBERT for real-time, low-latency deployments where computational resources 

are limited. 

• Deploy RoBERTa in feedback-intensive systems to maximize extraction accuracy and 

sentiment precision. 
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5.4 Limitations of the Study 

Despite its contributions, the study has several limitations: 

1. Annotation Scope: The aspect term extraction model was trained on a limited 

manually annotated subset of 2,250 reviews, which may constrain its ability to 

generalize across more diverse expressions of product features. 

2. Sentiment Granularity: Sentiment classification was conducted at the review level, 

which can obscure sentiment variance across different aspects within a single review. 

3. Domain-Specific Training: The pretrained models were not fine-tuned on 

electronics-specific datasets, potentially reducing classification performance for 

technical product descriptions or jargon. 

4. Platform Bias: Data was sourced from four major e-commerce platforms, which may 

not represent global user behavior due to platform-specific demographic and regional 

factors. 

5.5 Suggestions for Future Research 

To advance ABSA in sentiment analytics, future work should explore the following 

directions: 

• Aspect-Level Sentiment Annotation: Incorporate sentiment labels at the aspect level to 

improve resolution and prevent oversimplification. 

• Multilingual ABSA Extension: Expand the dataset to include multilingual corpora to 

enable cross-cultural consumer sentiment insights. 

• Prompt-Based and Few-Shot Learning: Investigate the use of prompt-based or few-shot 

learning models (e.g., GPT-family) to reduce reliance on manual annotation. 

• Domain-Specific Fine-Tuning: Train sentiment classifiers on electronics-specific 

corpora to improve accuracy on brand and product terminology. 

• Real-Time Dashboards: Deploy lightweight ABSA pipelines into interactive 

dashboards to support real-time feedback monitoring. 

• Event-Sentiment Mapping: Correlate shifts in sentiment with external events (e.g., 

product launches, software updates, recalls) to identify causality in consumer opinion.  



 

98 

REFERENCES 

 

Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep 

bidirectional transformers for language understanding. arXiv preprint 

arXiv:1810.04805. 

Hu, M., & Liu, B. (2022). Mining and summarizing customer reviews. Proceedings of the 

Tenth ACM SIGKDD International Conference on Knowledge Discovery and Data 

Mining, 168–177. 

Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., & Stoyanov, V. (2019). RoBERTa: A 

robustly optimized BERT pretraining approach. arXiv preprint arXiv:1907.11692. 

Sanh, V., Debut, L., Chaumond, J., & Wolf, T. (2019). DistilBERT, a distilled version of 

BERT: Smaller, faster, cheaper and lighter. arXiv preprint arXiv:1910.01108. 

Zhang, Z., Wang, Y., & Liu, Q. (2021). Aspect-based sentiment analysis: A survey. IEEE 

Transactions on Affective Computing, 13(1), 1–17. 

Antoun, W., Baly, F., & Hajj, H. (2020). AraBERT: Transformer-based Model for Arabic 

Language Understanding. Proceedings of the LREC 2020 Workshop on Resources and 

Tools for Arabic Language Processing, 9–15. 

Cambria, E., Poria, S., Bajpai, R., & Schuller, B. (2020). SenticNet 5: Discovering conceptual 

primitives for sentiment analysis by means of context embeddings. Proceedings of the 

AAAI Conference on Artificial Intelligence, 34(01), 5076–5083. 

Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep 

bidirectional transformers for language understanding. arXiv preprint 

arXiv:1810.04805. 

Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., ... & Stoyanov, V. (2019). RoBERTa: 

A Robustly Optimized BERT Pretraining Approach. arXiv preprint arXiv:1907.11692. 

Sanh, V., Debut, L., Chaumond, J., & Wolf, T. (2019). DistilBERT: a distilled version of 

BERT: smaller, faster, cheaper and lighter. arXiv preprint arXiv:1910.01108. 



 

99 

Xu, H., Liu, B., Shu, L., & Yu, P. S. (2020). BERT-based models for sentiment analysis: A 

survey. IEEE Access, 8, 133577–133591. 

Zhang, L., Wang, S., & Liu, B. (2021). Deep learning for aspect-based sentiment analysis: A 

survey. arXiv preprint arXiv:2103.15600. 

ResearchGate. (n.d.). BERT word embedding model architecture. Retrieved from 

https://www.researchgate.net/figure/BERT-word-embedding-model-

architecture_fig3_377114517 

ResearchGate. (n.d.). The RoBERTa model architecture. Retrieved from 

https://www.researchgate.net/figure/The-RoBERTa-model-

architecture_fig2_352642553 

Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of Deep 

Bidirectional Transformers for Language Understanding. Proceedings of NAACL-HLT 

2019, 4171–4186. https://doi.org/10.48550/arXiv.1810.04805 

Hu, M., & Liu, B. (2022). Mining and summarizing customer reviews. Proceedings of the 

Tenth ACM SIGKDD International Conference on Knowledge Discovery and Data 

Mining, 168–177. 

Jiang, Y., & Cambria, E. (2023). Longitudinal aspect-based sentiment analysis: Methods and 

applications. Information Processing & Management, 60(1), 103193. 

https://doi.org/10.1016/j.ipm.2022.103193 

Lim, S., Lee, S., & Lee, D. (2020). Analyzing product review polarities for strategic brand 

positioning. Journal of Business Research, 110, 373–381. 

Sanh, V., Debut, L., Chaumond, J., & Wolf, T. (2019). DistilBERT, a distilled version of 

BERT: Smaller, faster, cheaper and lighter. arXiv preprint arXiv:1910.01108. 

https://doi.org/10.48550/arXiv.1910.01108 

Zhang, Z., Wang, Y., & Liu, Q. (2021). Aspect-based sentiment analysis: A survey. IEEE 

Transactions on Affective Computing, 13(1), 1–17. 



 

100 

Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., … & Stoyanov, V. (2019). RoBERTa: 

A Robustly Optimized BERT Pretraining Approach. arXiv preprint arXiv:1907.11692. 

https://doi.org/10.48550/arXiv.1907.11692 

Zhang, Y., Zhang, Y., & Cambria, E. (2021). A deep learning framework for cross-domain and 

cross-lingual ABSA. Information Fusion, 70, 92–103. 

https://doi.org/10.1016/j.inffus.2021.01.004 

Lim, C., Lee, M., & Lee, J. (2020). Consumer insights through opinion mining on smartphones: 

Sentiment analysis and review clustering. Telematics and Informatics, 51, 101404. 

https://doi.org/10.1016/j.tele.2020.101404 

Fang, X., Xu, L., Long, C., & Tang, Y. (2022). Noise-aware Transformer for Social Media 

Sentiment Analysis. Knowledge-Based Systems, 246, 108680. 

https://doi.org/10.1016/j.knosys.2022.108680 

Little, R. J. A., & Rubin, D. B. (2019). Statistical Analysis with Missing Data (3rd ed.). Wiley. 

Rustam, F., Ashraf, I., Mehmood, A., Choi, G. S., & Ahmad, M. (2021). Text Classification 

Using Deep Learning Models: A Review. Applied Sciences, 11(16), 7625. 

https://doi.org/10.3390/app11167625 

Rustam, F., Ashraf, I., Mehmood, A., Ullah, S., & Choi, G. S. (2021). Tweets classification on 

the basis of sentiments for US airline companies. Entropy, 23(7), 870. 

Sun, C., Huang, L., & Qiu, X. (2019). Utilizing BERT for Aspect-Based Sentiment Analysis 

via Constructing Auxiliary Sentence. Proceedings of NAACL-HLT 2019, 380–385. 

https://doi.org/10.18653/v1/N19-1035 

Jurafsky, D., & Martin, J. H. (2019). Speech and Language Processing: An Introduction to 

Natural Language Processing, Computational Linguistics, and Speech Recognition (3rd 

ed.). Pearson. 

Rogers, A., Kovaleva, O., & Rumshisky, A. (2020). A primer in BERTology: What we know 

about how BERT works. Transactions of the Association for Computational 

Linguistics, 8, 842–866. 



 

101 

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., … & Polosukhin, 

I. (2017). Attention is All You Need. In Advances in Neural Information Processing 

Systems, 30, 5998–6008. https://doi.org/10.48550/arXiv.1706.03762 

Wolf, T., et al. (2020). HuggingFace's Transformers: State-of-the-art Natural Language 

Processing. Proceedings of the 2020 Conference on Empirical Methods in Natural 

Language Processing: System Demonstrations. 

Mikolov, T., Chen, K., Corrado, G., & Dean, J. (2013). Efficient Estimation of Word 

Representations in Vector Space. arXiv preprint arXiv:1301.3781. 

https://doi.org/10.48550/arXiv.1301.3781 

Reimers, N., & Gurevych, I. (2019). Sentence-BERT: Sentence Embeddings using Siamese 

BERT-Networks. Proceedings of EMNLP-IJCNLP 2019, 3982–3992. 

https://doi.org/10.48550/arXiv.1908.10084 

Aggarwal, C. C., & Zhai, C. (2012). Mining Text Data. Springer. 

Feldman, R. (2013). Techniques and Applications for Sentiment Analysis. Communications of 

the ACM, 56(4), 82–89. https://doi.org/10.1145/2436256.2436274 

Landis, J. R., & Koch, G. G. (1977). The measurement of observer agreement for categorical 

data. Biometrics, 33(1), 159–174. https://doi.org/10.2307/2529310 

Villena, R. J., Martínez-Cámara, E., Martín-Valdivia, M. T., & Ureña-López, L. A. (n.d.). 

Corpus design and evaluation for aspect-level sentiment analysis in Spanish customer 

reviews. [Online Manuscript] 

Pontius, R. G., & Millones, M. (2011). Death to Kappa: Birth of quantity disagreement and 

allocation disagreement for accuracy assessment. International Journal of Remote 

Sensing, 32(15), 4407–4429. https://doi.org/10.1080/01431161.2011.552923 

Mosbach, M., Andriushchenko, M., & Klakow, D. (2020). On the Stability of Fine-tuning 

BERT: Misconceptions, Explanations, and Strong Baselines. 

https://arxiv.org/abs/2006.04884 

Howard, J., & Ruder, S. (2018). Universal Language Model Fine-tuning for Text 

Classification. https://arxiv.org/abs/1801.06146 



 

102 

Azhar, H., & Khodra, M. L. (2021). Fine-tuning BERT for Aspect-Based Sentiment Analysis. 

https://ieeexplore.ieee.org/document/9409947 

Go, A., Bhayani, R., & Huang, L. (2009). Twitter Sentiment Classification using Distant 

Supervision. Stanford NLP Class Project. 

Kouloumpis, E., Wilson, T., & Moore, J. (2021). Twitter Sentiment Analysis: The Good the 

Bad and the OMG!. Proceedings of ICWSM. 

Wilson, T., Wiebe, J., & Hoffmann, P. (2005). Recognizing Contextual Polarity in Phrase-

Level Sentiment Analysis. Proceedings of HLT/EMNLP. 

Hidayatullah, A. F. (2024). Parameter Efficient Fine-tuning using Low-Rank Adaptation for 

Emotion Classification in Indonesian Texts. IEEE 

https://ieeexplore.ieee.org/document/10810037 

Hicks, S., Martin, D., & Johnson, R. (2022). A Guide to Evaluation Metrics for Classification 

Problems. Journal of Applied AI, 10(2), 45–58. 

Alyami, H., Alqhtani, F., & Alshahrani, S. (2022). Fine-Tuning Strategies for NLP Tasks in 

Arabic. Applied Computational Intelligence, 8(4), 311–326. 

Tinkerd. (n.d.). BERT Embeddings. Retrieved from https://tinkerd.net/blog/machine-

learning/bert-embeddings/ 

Pontiki, M., Galanis, D., Papageorgiou, H., Androutsopoulos, I., & Manandhar, S. 
(2016). Semeval-2016 Task 5: Aspect Based Sentiment Analysis. SemEval-2016. 

Zhang, M., Wang, Y., & Liu, B. (2018). Deep Learning for Aspect-Based Sentiment 
Analysis: A Survey. IEEE Transactions on Affective Computing. 

Wang, W., Lu, Y., & Zhai, C. (2020). Target-Aware Deep Modeling of Review 
Helpfulness: A Unified Perspective from Review Content and Aspect Attention. ACM TOIS. 

Cambria, E., Poria, S., Gelbukh, A., & Thelwall, M. (2022). Sentiment Analysis Is a 
Big Suitcase. IEEE Intelligent Systems. 

 

 

 

 



 

103 

 

 

 

 

  



 

104 

APPENDIX 

 

Appendix 1. Dataset 
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Appendix 2. Human Annotated dataset 
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Appendix 3. Remove Punctuation & Special Character Removal 

 
 

Appendix 5. Fine-tuning the model for Multi Classification (RoBERTa) 
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Appendix 6. SC Prediction with Fine-tuned models 



 

123 

 

 



 

124 

 

 



 

125 

 

 

 



 

126 

 

 
 

Appendix 7. Aspects & Sentiment Visualization  
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