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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 RoOBERTa 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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Term

ABSA

ATE

Aspect
Polarity

BERT

DistilBERT

EDA

Embedding

Fine-Tuning

NLP

RoBERTa

SA

Tokenization

Transformer

GLOSSARY
Definition

Aspect-Based Sentiment Analysis — A sentiment analysis technique that
identifies specific aspects within a text and determines the sentiment

expressed toward each.

Aspect Term Extraction — The process of identifying and extracting aspect

terms or product features mentioned in a review or text.

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

neutral) to each extracted aspect term.

Bidirectional Encoder Representations from Transformers — A transformer-
based deep learning model trained bidirectionally to understand word

context.

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

most of its performance capabilities.

Exploratory Data Analysis — A statistical approach used to explore patterns,

trends, and anomalies in a dataset.

A method for converting words or phrases into numerical vectors for
computational processing in machine learning models.

The process of adapting a pre-trained model to a specific task or domain by
further training it on targeted data.

Natural Language Processing — A field of artificial intelligence that focuses
on enabling machines to understand, interpret, and generate human

language.

Robustly Optimized BERT Pretraining Approach — An improved version of

BERT that removes next sentence prediction and uses dynamic masking.

Sentiment Analysis — A computational method for detecting and classifying

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

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

subwords, for analysis by NLP models.

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

used for processing sequential data like text.
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CHAPTER
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:

e RQI: How effectively can transformer-based models separately perform aspect

classification and overall sentiment classification in consumer electronics reviews?



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 20247

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



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, Fl-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:
e Chapter I: Introduction (background, objectives, scope).
e Chapter II: Literature Review (theoretical foundations, previous research).
e Chapter III: Methodology (detailed methods, data handling).
e Chapter IV: Results and Discussion (model results, insights, comparisons).

o Chapter V: Conclusion (key findings, limitations, future directions).



CHAPTER 11
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



insights into aspect mentions and their correlation with overall review sentiment, offering a

granular and interpretable analysis process.
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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



multiple attention-based encoder layers to generate rich, context-aware representations used in

downstream tasks such as aspect recognition and sentiment classification.
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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 RoOBERTa’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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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, DistiIBERT 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.



Table 2.1 Comparison of BERT, RoBERTa, and DistilBERT (Novita Al., May 2024)

BERT RoBERTa DistilBERT XLNet
Size Base: 110 Base: 110 Base: 66 Base: ~110
(millions)  Large: 340 Large: 340 Large: ~340
Training Base: 8 x Large: 1024 x Base: 8 x V100 Large: 512 TPU
Time V100 x 12 V100 x 1 day; 4-5  x 3.5 days; 4 Chips 2.5 days; 5
days* times more than times less than = times more than
Large: 64 TPU BERT. BERT. BERT.

Chips x 4 days
(or 280 x V100

x 1 days*)

Performanc Outperforms 2-20% 5% 2-15%

e state-of-the-art improvement over  degradation improvement over
in Oct 2018 BERT from BERT BERT

Data 16 GB BERT 160 GB (16 GB 16 GB BERT  Base: 16 GB
data (Books BERT data + 144 data. BERT data
Corpus + GB additional) 3.3 Billion Large: 113 GB (16
Wikipedia). words. GB BERT data +
3.3 Billion 97 GB additional).
words. 33 Billion words.

Method BERT BERT without BERT Bidirectional
(Bidirectional =~ NSP** Distillation Transformer with
Transformer Permutation-based
with MLM and modeling
NSP)

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.



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.

Aspect Term
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E Extracted
v—
(ATE)

Aspects

Input: Raw
Product
Review

Sentiment
Classification
(sC)

Prediction & - Aspect-
aa Combination )}( Sentiment
Step Pairs

Figure 2.4 Modular ABSA pipeline

Review
Sentiment

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.
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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
Informal and

Noisy Text

Mixed Sentiment

in Reviews

Aspect Ambiguity

Aspect Sparsity

Lack of Aspect-
Level Sentiment
Labels

Review Length

Variation

Model Overfitting

and Class Bias

Description
Includes slang, emojis, typos,

inconsistent grammar

Reviews often contain both

praise and criticism

Synonyms or vague terms used
for the same concept (e.g.,
“screen” vs. “display”)

Rare aspects like
"Customization" have limited
training examples

Most datasets only offer overall

sentiment, not per aspect

Short reviews are vague; long
reviews are complex and hard to

parse

Smaller models tend to overfit or

favor dominant classes

Impact on ABSA Pipeline
Decreases model accuracy
during tokenization and aspect
extraction

Single overall sentiment may
not align with each extracted
aspect (semantic mismatch)
Reduces consistency in aspect
identification and frequency
tracking

Results in poor performance on
low-frequency classes in F1
evaluations

Forces sentiment classification
to remain global, limiting
sentiment granularity

Affects both ATE precision and

sentiment pairing accuracy

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

Aspect-Based Sentiment
Analysis Using BERT
(Zhang et al., 2021)

Utilizing Transformer
Models for Analysing
Fake Reviews (Chen et
al., 2022)

Sentiment Classification
System Using BiGRU (Ali
et al., 2020)

Improving Performance of
ABSA using RoBERTa
(Kim et al., 2021)

DistilRoBERTa2GNN
Hybrid for ABSA (Singh
etal., 2023)

Hierarchical LSTM with
Attention for Product
ABSA (Wang et al., 2021)

Deep CNN for Domain-
specific Sentiment Mining

(Rahman et al., 2020)

Methods Used

BERT-based
ABSA classifier

DeBERTa for
sentiment + fake

review detection

BiGRU-based

classification

RoBERTa-based
ABSA with
CRISP-DM

pipeline

DistilRoBERTa +

GNN

H-LSTM with
attention

mechanism

Convolutional
networks for
domain-adapted

ABSA

Contributions

Demonstrated
effectiveness of
BERT for ABSA

Achieved high
accuracy in fake
review

classification

High accuracy in
emotion-rich

airline reviews

RoBERTa
outperformed

other baselines

Novel hybrid
architecture for
mixed-domain

ABSA

Improved
context
sensitivity in
ABSA
Achieved good
results on niche

datasets

Limitations

Sensitive to
noisy,
unstructured

review data

Dataset
imbalance
affects model

generalization

Low scalability
and high
computational

cost

Large model
size limited

deployment

Semantic loss in
informal

language

Complex

architecture hard

to scale

Poor
generalization
beyond training

domain

Research Gap

Limited work
on dynamic
product
sentiment over
time

Focused only
on deception
detection, not
fine-grained
aspects

Did not explore
transformer
models or
modular ABSA

design

Lacked real-
time or
temporal
sentiment
tracking

Did not address
sentiment drift
or time-series

modeling

No modular
separation of

ATE and SC

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). RoOBERTa
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.
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0.70

Training Tim
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BERT RoBERTa DistilBERT
Transformer Model

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

2.6 Key Contributions of This Research

e 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.

e 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.

e 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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e 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
1Phone 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 2023-06-12  Apple Phone
quickly.
Love the sleek design. Worth the price. 2024-01-04 Samsung Watch
Comfortable to wear but syncing takes too 2022-10-20 Xiaomi Watch
long.
iPhone 14 is smooth and fast. Face ID works ~ 2023-11-25  Apple Phone

even in the dark.

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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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.
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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:

o Lowercasing all text to eliminate case-based variation.

e Removing punctuation and special characters using regular expressions.

e Spelling correction using automated libraries such as TextBlob.

o 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 | the phone is sleek amazing camera but

',?

Battery Sucks battery sucks
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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 3.60utlines 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 e  love this phone :heart eyes: best camera

Ever, But Price is Too High $. :camera: ever but price too high
S E—
Identify
E& Special
Characters
_
A 4
—
Rule-Based
B Text
Cleaning
" Convert Remove Remove Remove
oy EMOji %3 Control Formatting @ Non-English
Sequences Characters Symbols Characters

I | I |

Ensure

Linguistic
Coherence

Uniform
Dataset

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:

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

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

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

o <s> (start of sequence),

e </s>(end of sequence),

o <pad> (padding).
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It also encodes whitespace as part of the token itself using a visible marker such as G (e.g.,
Gbattery, Glife) 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, Glife, Gis, Gfantastic, Gon, Gthe, GGalaxy, GS, 24, GUltra, !</s>

As shown:

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

« ROBERTa treats white space as meaningful and separates tokens using the G 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
etal., 2019).
These models generate embeddings by combining three distinct components:

e Token Embeddings

e Position Embeddings

o 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:

e The token [CLS] receives Position 0,

e The first word receives Position 1,

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

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.

Token Position Token Type  Normalize
Embeddings Embeddings Embeddings Output

+ + ;r;::% —» 0.17}-029]----(0.16
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+ TT;::’(‘) R 0.00/0.16|----(0.36
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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.
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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.

Review Distribution By Device Type

Watch

Phone

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:
e Samsung leads in smartphone reviews (5,100), and maintains a strong presence in
wearables (2,585),
e Xiaomi shows a higher concentration of smartwatch reviews (4,356),

e 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.

Stacked Bar Chart: Reviews By Brand And Device Type
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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
BATTERY

PERFORMANCE

CAMERA
DISPLAY

PRICE
MULTIMEDIA
FITNESS &
TRACKING
CUSTOMIZATION

HEALTH

Definition

Mentions of longevity, charging performance, or power
efficiency.

System speed, lag, app responsiveness, or general
performance.

Photo or video quality, lens clarity, and camera features.
Screen brightness, resolution, refresh rate, and visual
clarity.

Perceptions of cost, affordability, or value for money.
Audio output, speakers, and media playback experience.
(For wearables) Heart rate, step count, sleep tracking,
workout monitoring.

Watch face personalization, themes, strap changes, and

layout flexibility.
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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 sleep tracking, heart rate monitor, steps tracking, calories
TRACKING 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 (k) 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 Camera, Design Neutral

quality is excellent.
Too slow and keeps freezing. Not worth the Performance, Price Negative
price.

Accurate heart rate and fitness features very Fitness &  Health Positive

useful. Tracking

Looks great, smooth interface, but the sound Performance, Neutral

quality is poor. Multimedia

Expensive for the features offered. Could be Price Negative
better.

Very customizable Ul 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:

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

solutions already available.

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

sentiment mining research.

o It significantly reduces computational overhead without compromising prediction

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

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

mentioned in the review.

e 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.
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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:
o Aclassification head (dense layer) added to the final transformer output
e Sigmoid activation for multi-label classification
e Cross-entropy loss and Adam optimizer
e 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 RoOBRETa were trained jointly on the two tasks.
While aspect extraction performed adequately, the sentiment predictions suffered from:

e Overfitting during training

e Poor generalization on test data

e 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:

o Persistent overfitting

o Bias toward dominant sentiment classes

e 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:

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

o Sentiment Classes: Positive, Neutral, Negative
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o Tokenization: Max sequence length of 256
o Evaluation Metrics: Accuracy, Precision, Recall, F1
e 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:
o The aspect extraction task was handled by fine-tuned transformer models.
o The sentiment classification task was assigned to pretrained, publicly available
sentiment analysis models.
This design:
o Prevented task interference
e Reduced training complexity
e 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 Efficient sentiment Reduced complexity, still poor

Tuning training accuracy
Modular ATE + Pretrained Final hybrid architecture Balanced performance,
SA 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.

45



¢y Annotated
O Reviews

Transformer
t-3 Model
. Multi-task
Training

Out put 1: Aspect Labels
Output 2: Sentiment Labels

Validation &
Inference

(= End

sl

&

Figure 3.15 Fine-Tuning Process — Experiment (Multi-label ATE Model)

l [I—) Strat I
N

B Review Text

Fine-Tuned Pretrained
o Sentiment
ATE Model
Model

I

.y Combine
L0 Qutputs

Final ABSA
Output

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

46



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.

# correctly classified samples TP+TN

A = =
cc #all samples 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.

#true positive sample _ TP

PREC = (Hicks et al., 2022)

#samples classified positive ~ TP+FP
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 _ TP (HiCkS et al., 2022)

#actual positive samples TP+ FN

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.

Precisionx Recall _ 2TP
Precision+Recall  2xTP+FP+FN

F1 =2+x (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:
e Micro-averaged metrics: Emphasize performance on common classes
e Macro-averaged metrics: Reveal performance on underrepresented aspects
o Hamming Loss: Measures the fraction of labels incorrectly predicted
o 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:
o Confusion Matrix: To detect misclassification patterns
e Class-wise Precision, Recall, and F1-scores
e Overall Accuracy: As a summary of correct predictions
e 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.
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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

BATTERY

PERFORMANCE

DISPLAY

PRICE

CAMERA

MULTIMEDIA

FITNESS & HEALTH TRACKING

CUSTOMIZATION

f T T T T T
0 1000 2000 3000 4000 5000
Total Mentions

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

Aspect Mentions by Brand
2500

2383
Brand
= Apple
. Samsung
20007 = Xiamoi
1739
618
150!

1500 - 162
= 1286
5 1217
S 032

1002
1000 A 9751
77770
69 70 |
500 36
5715414
b miim |
& o R & ¥ N S
& S & & & & R
& Sl < & &5 R\
£ » > )
- - A &
& Ral &
X
o
&
&e

aspect

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

Aspect Mentions: Phones vs. Watches
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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.
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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
2021-Q1
2021-Q3
2022-Q1
2022-Q3
2023-Q1
2023-Q3
2024-Q1
2024-Q3

Battery

120
150
300
350
500
700
1050
1185

Performance

100
120
220
270
450
630
820
980

Monthly Aspect Mentions
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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

56



Figure 4.6 Average Aspect Mentions by Review Length

Average Number of Aspects

Medium Long Extra-Long
Review Length

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

99 €6

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).
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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)

59



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
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Figure 4.7 Sentiment Distribution per Model
These findings indicate that BERT and RoBERTa are more reliable in handling diverse
sentiment expressions, while DistiIBERT 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

Sentiment by Brand
2662 Brand

2500

2000

+ 1500

Coun

1000

Negative Neutral Positive
sentiment

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

Sentiment by Device Type

3536 Product_type
3500 . Phone
N Watch

3000

25004

2000

Count

1500

1000

500

Negative Neutral Positive
Sentiment

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

Sentiment
Em Positive
- Neutral
2000 = Negative

1500

1000

Number of Sentiments

500

Battery Performance Camera Display
Aspect

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:

e Battery and Performance are often polarizing eliciting both high praise and strong
dissatisfaction.
o Camera and Display also evoked substantial sentiment variation.
o 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, Fl-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:

e Overfitting during training

e Poor generalization to test data

e 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 Fl-scores were observed for major aspects such as
BATTERY, CAMERA, and FITNESS & HEALTH TRACKING, with RoOBERTa 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
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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:
e Overfitting, particularly visible in training vs. validation accuracy fluctuations
¢ Bias toward dominant sentiment classes, especially Positive and Negative
e 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
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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
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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
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Figure 4.17 DistilBERT Training and Validation Loss
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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
o Tokenization: Max sequence length = 256
e Hyperparameter Optimization: Grid search, random search, and Optuna with pruning
for early stopping
e Training Configuration:
o BERT: LR = le-4, batch size = 16/64, epochs = 50, weight decay = 0.1
o RoBERTa: LR = le-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
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Figure 4.19 BERT + LoRA Train vs Validation Loss
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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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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
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Figure 4.23 DistilBERT + LoRA Train vs Validation Loss
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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:

e Fine-tuned transformer models (e.g., BERT, RoBERTa) were used exclusively for

aspect extraction, optimized using labeled aspect-level annotations.

e 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 SA overfitting; ATE acceptable
model

Isolated SA Model Sentiment-only training Persistent overfitting

LoRA + Hyperparameter Efficient sentiment Reduced complexity, still poor

Tuning training accuracy
Modular ATE + Pretrained Final hybrid Balanced performance,
SA architecture 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. RoOBERTa 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 RoOBERTa.

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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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
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Figure 4.28 Confusion Matrixes for Battery - BERT
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Figure 4.29 Confusion Matrixes for Camera - BERT
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Figure 4.31 Confusion Matrixes for Display - BERT
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Figure 4.35 Confusion Matrixes for Price - BERT
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b. RoBERTa
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Figure 4.36 Confusion Matrixes for Battery - ROBERTa
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Figure 4 38 Confusion Matrixes for Customization - RoOBERTa
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Figure 4.40 Confusion Matrixes for Fitness & Health Tracking - RoOBERTa
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Figure 4.41Confusion Matrixes for Multimedia - RoOBERTa
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Figure 4.42 Confusion Matrixes for Performance - RoOBERTa
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c. DistilBERT
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Figure 4.44 Confusion Matrixes for Battery - DistilBERT
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Figure 4.45 Confusion Matrixes for Camera - DistilBERT
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Figure 4.46 Confusion Matrixes for Customization - DistilBERT
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Figure 4.47 Confusion Matrixes for Display - DistilBERT
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Figure 4.48 Confusion Matrixes for Fitness & Health Tracking - DistilBERT
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Figure 4.49 Confusion Matrixes for Multimedia - DistilBERT
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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:

o Balanced sentiment detection

o Reliable prediction across all classes

o 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 Longer training time Academic or enterprise
classification evaluations

RoBERTa  Strongest FI1 across Slight negative In-depth, multi-aspect
aspects, robust sentiment bias, slower product feedback
generalizer to train analysis

DistilBERT Fastest training, Over-skews to Lightweight, real-time
resource efficient positive, lower recall 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 DistilIBERT 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, RoOBERTa 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:
e RQI: Confirmed transformer models can separately and effectively perform ATE and
SA (Section 4.2).
e RQ2: RoBERTa performed best for ATE, BERT for SA; DistilBERT was fastest (Table
4.8, Table 4.14,Table 4.15).
e RQ3: Battery, Performance, and Camera were most mentioned; brand comparisons
highlighted key differences (Table 4.2, Table 4.11).

e 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

arcas:

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. Al 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.

Sentiment Granularity: Sentiment classification was conducted at the review level,
which can obscure sentiment variance across different aspects within a single review.
Domain-Specific Training: The pretrained models were not fine-tuned on
electronics-specific datasets, potentially reducing classification performance for
technical product descriptions or jargon.

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.
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55 4182024 Watch works wellbut t Galey Watch 4 Watch S Samsung [0.9585685729560469, 0.0 SATIERY]
)OI4'244'202‘ Comtontabie and e6sy | G Witch 4 IWetch o Semung [0.038478486238910120, 1| FITNESS & HEALTH TRACKING |
57 32022 Salve onlyhad ane ot Galawy Wazch 4 Warch 5 Samsung (0, 5. 0.5 |'BATIERY", | 'FITNESS & HEALTH TRACKING'|
58 4172024 Bottery only lasts for 1. 0alegy Watch & Watch 5 Swnsung [0.9258052276611328, 0.5 'BATTERY, 'PERFORMANCE']
50 11162021 lowothia woteh! | have Galuy Witch 4 Waorch 5 Samung (0.0401261. , 0.8 BATTERY, | ‘DISPLAY. 'MULTIMEDIA' |
60 771712022 Thiz 1 myun-bowing re GolaxyWatch 4 Wawch 5 Samsung [0.8681150509765143, 0. \TTERY", 'PERFORMANCE', 'DISPLAY,'PRICE", 'FTNESS & HEALTH TRACKING]
01 7202022 Gox on amaang ded (ol Goley Witch 4 Weich o Samsung [0.988717794418330, 0,80 [ BATTERY,"PERFORMANCE', 'DISPLAY . PRICE", 'FITNESS & HEALTH TRACKING', 'CUSTONSIZATION |
£2 122(v2022  Thewatchisan old ver: Galawy Watch 4 Watch S Somsung (0.03038079928278623, 0. | PERFORMANCE', 'FITNESS & HEALTH TRACKING . 'CUSTOMEATION|
68 714023 Mywdelows this watc Galay Watch 4 Watch 5 Samsung [0.014091257005926947 (| PERFORMANCE',"MULTIMEDIA', ' FITNESS & HEALTH TRACK NG |
68 8200202 lupgindad 10 1hi wite Galuy Witch 4 Watch 5 Samiung (0.4 , 0.2{'BATTERY", E','DISPLAY,'MULTIMEDIA', 'FITNESS  HEALTH TRACKING'|
65 252023 ‘What | like 13 this wazof Golasy Watch 4 Wetch S Somsung J779. 0.9 BATTERY, ‘PE| \'PRICE", 'MULTIMEDIA','CUSTOMIZATION]
66 11072022 This thingdhd more thn Golasy Watch 4 Wotch 5 Semwng [0.9053325663075172, 0.0 'BATIERT, "MULTIMEDIA', ‘FITNESS & HEALTH TRACKING'|
£ 4382024 Wishthe batiery asted Golowy Wetch 4 Wotch § Somsung [0.9632854567037354, 0.0|'BATTERY'|
6 11002024 Creat product nice lool Osloy Watch 4 Watch S Samsung [0.882216930386404, 0.0 BATTERY]
09 1/12/2023  Iwas sick and thed of L Galay Witch 4 Worch 9 Samung [0.930091917014501. 0,39 [ BATTERT, PERFORMANCE', MULTIMEDIA'|
N 3212024 Moved up fram a fibl alayWasch & Watch & Somsung (0.9480356574068532, 0.0 BATTERY'|
T IV1S2023  Themedo could not be Goleg Watoh 4 Wotch & Somwung [0.568452494 1444367, 0.0 'BATTERT, 'PRICE]
72 11uS2023 This basbeen, by far, i Golawy Watch 4 Wach S Samsung [0.5C46104264268239, 0.0|'BATTERY, 'MULTIMEDIA', 'FITNESS & HEALTH TRACKING'|
T3 U18/2024 Ibought for my adhaitdi Oalawy Watch 4 Wach 5 Samsung [0.016170144081115723,1] FITNESS & HEALTH TRACKING']
T4 1024/2022  Thisting Is owesoma, Goluy Witch 4 Worch o Samung [0.00308245489127934. 0, | PERFORMANCE,'DISPLAY . PRICE . FITNESS & HEALTH TRACKING . CUSTOMIZATION'|
75 1222022 I've gatren onefor mys: Galawy Watch Watch 5 Somsung [0.017638577221536838, | |' PERFORMANCE . DISPLAY'|
76 31372024 comectingto motorol Galay Watch & Watch 5 Samsung [0.966458587386529, 0.21 [ BATTERT]
7 111002022 Thic ks myfirst sman w Galesy Watch 4 Watch § Samiung [0.871711254110272 0.24 |'BATTERY',"MLTIMEDIA', 'FITNESS L HEALTH TRACKING'|
T8 121602021 | have dlagnozed wrh 1 Golawy Watch 4 Wotch S Somsung [0.977233775806427. 0.01 [ BATTERY', "MULTIMEDIA', 'FITNESS & HEALTH TRACKING']
™ 2132022 1had o Daloxy Watch Ac Goluoy Watch 4. Wotch 4 Someung [0,37631569640641077, 0. | FITNESS & HEALTH TRACKING'}
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1 782024 Igotthis wiech rétarcr Dol Véotch & Watch 4 Sammung {0 9452872466114502.0 0 BATIERY, HULTIMEDIR', ‘TITNESS 8 HEALTH TRAGKING', CUSTOMZATION]
2 7242024 Irmally warned to lovet! Golmy Watch 4 Voarch 4 Sameung [0.9690316915512085, 0.0 [BATTERY, 'DISPLAY]

3 7762022 ve ooy had thiawatck Gelawy Yatch & Viah 4 Samzung [0.9162254542304442,0.1[ BATTERY, ITNESS & HEALTH TRACKING |

5 7302024 Movethecomiortandi Golawy Waich & Yich & Samsung 10.9630256568818297, 0.0 [ BATTERY]

8 BA2024  lorderedihis, notinkis Golowy Watch & Yiach & Samsuing 0.8650718550543091, 0.0 [BATTERY, MULTINEDIX', FITKESS & HEALTH TRACKING |
" 17:11:2m 1o 3 ton of smar watd Galay Watch 4 Waweh 4 Samsung [0.9027420016140002,0.0 [ BATTERY', 'MULTIMEDIA', HTNESS & HEALTH TRACKING |
7 [6E0/2024  Luvethe heart ratetrac ol Wiotch & Wotch 4 Someuny 10.5601876530091795,0.0 | BATTERY, FTNESS & HEALTH TRAGKIND |
3121152021 |prestousiy hada reslly Coly Watch & Woch 4 Sameung [0.00001427599430589, 0. [PERFORMANCE ' MULTIMEDIA]

49 ®E2024  Enjoyolithe feanures ot Galow Viatoh & Viach 4 Samzung O [ BATIERY, L DISPLAY |

%) SA22004  lswitched fromafit bir Golaw Watch & Viach 4 Samsng 0.5 BATTERY, MLETMEDIA]
44242004 Ineeched sometiing to Galawy Watch & Yach 4 Samacing [0.0525520209541321, 0.5 BATIERY, ‘RTNESS & HEALTH TRACKING|

W 2022 Themain reason lwant Galiey Watch £ Wach 4 Sameung 10.19272472061972046, 0. | MULTIMEDIA', "HTMESS & HEALTH TRACKING |

93 52012024 | struggingwaith exe Golny Wotch 4 Viotch 4 Sameung 0.0737445271512986, 0. [ FITNESS & HEALTH TRACKING']

21102772021  TheQOOD: this watch Golmey Watch & Viach & Sameang 10 0.5 [BATTERY, PE DISPLAY, MULTIMEDI&]
% 511/202¢  lowethewayitiooks, ¢ Galay Viatch 4 Yiach 4 Samzung [0.6G16688776016235, 0.0 BATTEY', ATRESS & HEALTH TRACKING |

% 4202024 |thethe tuncrionaikya Golow Watch & Yiach & Sameng 09735087224008553,0. [BATTERY, FTNESS & HEALTH TRACKING |

57 4182028 lenjoyed of how it keey Galawy Watch 4 Vioch 4 Samsung [0.5795436754460992, 0.0 [ BATIERY. ATNESS & HEALTH TRACKING |

92 10122023 1o Lbethiswinchwory Galioy Yatch 4 Watch 4 Samsung 0.97E263TUS370824, 0.25 [ BATTERY, HTMNESS & HEALTH TRACKING |

9 1022/2022  hwanvery hesitant o b Golaey Votch 4 Viotch 4 Sameuns 09911 0.7 [ BATTERY, PEl NCE", FITNESS & HEALTH TRACKING']
100 &20/2022  Ipurchasec the Same Dol Watch & Watch 4 Sameung 117,08 [BATTERY, PER NCE' DISPLAY]

101 416:2024  Bought the watehtora Golaw¥atch 4 Yiatch 4 Someung 10.6566616052423708, 0.0 SATTERY, MULTIMEDIX|

102 4192023 Lonweali of the features Galawy Watch 4 Wawch 4 Samsung {0.9940706895423203, 0.7 BATTERY', 'DISPLAY', MULTIMEDIA', FITNESS & HEALTH TRACKING ]
10312132023 Look by and e ¥a a Galowy Watch 4 Yiach 4 Samsung [0.5622151064872742, 0.0 BATTERY, MULTINEDIA', FITNESS & HEALTH TRACKING |
10 20472024 It @ berla g for my s Galisy Yeateh 4 Veach 4 Samoung |0.9733U7826550203, nmlmm‘ MULTINEDIA', ATAESS & HEALTH TRACKING |
105 542022 Miow Samyurgprocet Dolasy Watch 4 Vioch 4 Sameung [0, FORMANCE . DISFLAY . FITHES: THTRACKING, 1
106 252022 Solhadiheveryfrstve Golmy Watch & Viach 4 Sameung 0.9623883910473135, oammtw MULTIMEDIE, rrn:ss& HEALTH TRACKING ]

107 218/2024 Ilove this zamsung gal Golowey Watch & Viowch 4 Samoung BATTERY,

106 2/26:2024 Bantery bsts ol the wiry Galasy Wotch 4 Yach & Samsung {0.59909163026836853, 0.0 BATIERY'. HTDESSINE:\LWTWO]

109 182024 lenjoy ll the things thi Galawy Watch & Wach 4 Samsung [0.9565183254727854, 0.0 BATTERY'|
10 22002024 Product ac discribed. Galisy Yratch 4 Yach 4 Samsung [0.92102080900032043,0.0 | BATTERY, FTNESS & HEALTH TRACKING |
111 52472022 Aer uming this watch { ol Watch 4 Yiatch 4 Semsung {0 9480646621704102, 0.0 BATTERY',"HULTIMEDIA','FITNESS & HEALTH TRACKING |
11222002028 Chirger gots REALLY f Cobony Watch & Watch 4 Sameung [0.9635326241463225, 0.1 [BATTERY]

113 2672024 Myhuzband hos 2 anet Galawy Watch & Viach 4 Samzung [0.66440744250002441, 0.0 BATTERY, FITNESS & HEALTH TRACKING |

112 12002028 MNave everyshing about Galasy Watch 4 Wawch & Samsung 10.5647771716117858,0.1| BATTERY', FITNESS & HEALTH TRACKING |
115 11002024 Lovethe match, hate th Galawy Watch 4 Woarch 4 Samsung |0.9735654097518921, 0.0 BATTERY', 'FITNESS & HEALTH TRACKING |
1 Wach 4 Samsung 0. 0.8 BATTERY', ", FITNESS & HEALTH TRACKING |
117 8172023 Iw!(huvlmﬁ lldvr Dalovey Watch 4 Viotch 4 Samaung [0.8511566923690796, 0.0 BATTERY|
1 Wach 4 Someung [0.8342134475706008, 0,3 [BATTERY, MULTINEDIA', ATHESS & HEALTH TRACKINGT
119 8152022 | nmumeﬂm-mn: Galawy Watsh & Yiach 4 Sameung [0.6954842796235504, 0.5 [ BATTERY, PERFOFMANCE. DISPLAY. FITHESS & HEALTH TRACKING |
120 1972024 Thewrech it's soif wod Gl Watch 4 Wweh 4 Samscns 10864292 29RRGRIA 0.7 1 RATIFRY

4 8 3 o F 6 H | I [ L "M Q

1 3 gt Ch Galey Watch 4 Samaung (0.77 D.E[BATTERY, CE . FITHESS & HEALTH TRACKING |

117 802023 Igotthis watch 11 daye Galary Watch 4 Watch 4 Sersung [0.6511565923630796, 0.0 BATTERY]

118/3714/2022  This 18 2 grecc wtch. |1 Golary Watch & watch 4 Samsung (0 8342124479708008, 0.1 BATTERY, MULTIMEDIA . FITNESS & HEALTH TRACKING |

119852022 Imcomingatfomning GaluyWatch4 Vatch 4 Samaung 3, 0.5] BATIERY,, . DEPLAY, FITHESS & HEALTHTRACKING')

120 V12024 Themarchits selfwor Oalasy Watch Wawch 4 Sarmung [0.9944302438689635, 0.2 BATTERY]

121 Works weil 1 Watch 4 Somsungs [0.9560478830337524, 041 BATIERY, 'FITNESS & HEALTH TRACKING'|

12212812008 Tockawhilsto lelsGullunm:h4 Waich 4 Samaung (0.9131540000740051,0.0| BATTERY, PRICE'

123 Watch 4 Samaung [0.5355265440646004, 0.0 BATTERY]

124101612024 Grest it and feel Lots GolagyWatch & Watch 4 Samsung [0.8310762551765442, 0,5 BATTERY]

125110242021 Don'tgen mewrong. th GalaryWorch 4 Wotch 4 Samsung [0.9409464267234802, 0.0 BATIERY','FITNESS & HEALTH TRACKING'|

1261172024 veryuerszile anddoas  Galary Wartch & Watch 4 Samaung (0.62500656C7 705354, 0.0] BATTERY, DISPLAY |

Watch 4 Semsung [0.6804347157476333, 0.1 BATTERY', 'MULTIMEDIA . FITNESS & HEALTH TRACKING |

125101152022 | liovetechnclogy, eapo GolaeyWaich & wotch 4 Samsung [0.5433173003196710, 0.2 BATTERY, DISPLAY , CUSTOMIZATION]

128 luse it for cycli y Wah 4 Sarsung [0:6272775650024414, 0.0[ BATTERY, 'DISPLAY, FITNESS & HEALTH TRACKNG |

12 So 4 Watch 4 Samsung [0.0117134808434010, 0.0[BATTERY', 'MULTIMEDIA]

131 10/02023  Reolly good watch! Lve Golary Wotch 4 Watch 4 Sorsung [0.9573763055479736, 0.0 BATTERY, 'PRICE')

132202022 kwocks quite well with GalaeyWatch & Wach 4 Sarsung (015358521 70050714, 0.5 PERFORMANCE', ATNESS £ HEALTH TRACKING )

1324102022 |amawemsnweh big|Galmey Watch & Watch 4 Samvung [0.422182035188335, 0.01 DISPLAY]

13 y Wakch 4 Somsuny [0.9442865424567708,0.0] BATTERY]

138 y Warh 4 Sameung [0.9477381110191343,0.01 BATTERY, PRICE)

136122023 ushod erywaech for ol GalaxyWatch & Worch 4 Saraung [0.7226778325007212,0.0{ BATIERY', 'FITNESS & HEALTH TRACKING'|

1373222022 |havehad this watch fc Galany Watch & Watch 4 Semmung [0.587006425857544,0.36 [ BATTERY, ‘DISPLAY . MULTIMEDIAT

138 laved y + Watch 4 Sorrwung: [0.8827225208262471, 011 BATTERY]

130/620/2008  Thewatchiareallygres GolieyWatch & Watch 4 Samsung [0.0205710406544838, 0.1 [ FITNESS 2 HEALTHTRACKING']

140 Fezwell 4 Wach 4 Samzung [0.6959241328230441, 0.4TBATTERY]

141 5/26/2022  |aemvery hapgrywith thi Galary Watch & Vistch 4 Somsung [0.9755317341604504,0,1{ BATTERY, 'FITNESS & HEALTH TRACKING'|

142/011/2022  lamolong me Somsu GolaryWoich Watch 4 Sameung 0.8[ BATTERY','F . 'ATNESS & HEALTH TRACKING |

143162023 Upgraded from Galaxy | Galary Watch & Wateh 4 Samaung (0.8316115403175354, 0.0 BATIERY, 'PERFORMANCE . FITNESS & HEALTH TRACKING |

18451252023 Ido really ke ths watc alany Watch & Wach 4 Samsung [0.41573359274864157,0,[ DISPLAY]

143 332022 Thamedio couid not b GolaryWorch wath 4 Samsung 0.7 [BATTERY, F CE. DISPLAY, FITNESS & HEALTH TRACKING']

146 6280021 llove ollthe featurss or Galary Watch 4 Wawh 4 Suuraung (0.G76846077155004 0,90 | BATIERY, PERFORMANCE  FITHESS & HEALTH TRACKING |

147 12/17/2023  Thebaweryisverylow GalaryWatchd. Watch 4 Samaung [0.6701540417286734,0.0] BATTERY]

148/925/2021 [ have ro doubt this wil Golagy Watch 4 Watch 4 Sormung [0.9967260626296297, 0,1 BATTERY, 'FITNESS & HEALTH TRACKING','CUSTOMZATION'|

140 3L002 Boed davicn. ikt 3 e Galary Watch 4 Watch 4 Samaung (0G35782265662147,0.02[ BATIERY)

1501722023 Todayiamyfrstiullus GalaryWatch 2 Watch 4 Samaung [08530107975006104, 0.1 BATTERY]

151 6772022 The sheep svd stress ir: Galany Watch 4 Watch 4 Somsung [0.8550610456374023, 0.0/ BATTERY,,"MULTIMED(A'. FITNESS & HEALTH TRACKING ]

132(2252022 | solutety lowe myves Golary Watch & woch 4 Samsung [0.9394944800234741, 0.0 BATTERY, MULTIMED(A

153 32202 Hadta charge it since n GalaxryWatch 2 Watch 4 Samwung (09467799653543701, 0.2 BATTERY', DISPLAY , MULTIMEDIA)

154 772802023 Svllbreaking it inakcer GalanyWatch 4 Worch 4 Somzung [0.028854501152039, 0.1 BATTERY, ‘DISPLAY]

155 12400007 Theswht m:--wd-hﬂnhr-Wm—h‘ Wach 4 Sarmune [N M2TIE0I0RDARG 1014 (I'PRIF

o s i
A B C D E F G H I ] K L P !
1042022 Ilove how Samaung sy Galaxy Watch 4 Watch 3 Samsung [0.07775681465854182, 0. 'PERFORMANCE’]
177 628/2024 1just boughe this two d Galaxy Watch 4 Watch 3 Samsung [0.8497501254081726,0.0 [RATTERY]
178 7r112024 larderedthis watchin Galaxy Watchd Watch 3 Samsung [0.8406075042673224, 0.0 [RATTERY]
179412024 Ivebeentingtoser Galaxy Watch & Wach 3 Samsung [0.6507771558761507,0.4 [BATTERY]
180 5712024 Notsurewhythe blooc Galay Watch 4 Wach 3 Samsung [0.10755375027656555, 0. [MULTIMEDIA", FITNESS & HEALTHTRACKING]
181 282023 I waited two months to Calaxy Watch 4 Watch 3 Samsung [0.9585435461044312.0.2 'BATTERY', 'MULTIMEDIA", 'FITNESS & HEALTH TRACKING']
182 52572024 Iden'tfeel thevibratior Calaxy Watch 4 Watch 3 Samsung [0.003312276443466544, | 'MULTIMEDIA']
183 Tz Ihavehad the watch 41 Calaxy Watch 4 Watch 3 Samsung [0.11611661314964254, 0. 'DISPLAY, FITNESS & HEALTH TRACKING']
184 54/2024 Everything but the batt Galaxy Watch 4 Watch 3 Samsung [0885734224319458,0.01 [BATTERY']
185 V2023 This is 3 beautiful wate Galaxy Watch 4 Watch 3 Samsung [095884875202178965, 0.8 ['BATTERY', PERFORMANCE", "MULTIMEDIA", 'FITNESS & HEALTH TRACKING')
186 11712021 Thove owned o lot of or Galoxy Wotch 4 Waotch 3 Ssmsung [0.04618034611804581, 0. [ PERFORMANCE", ‘DISPLAY')
187 10r117/2022  This isthe second Sam Galaay Watch 4 Waich 3 Simsung [0.9811111092567444,0.2 [ BATTERY, MULTIMEDIA', FITNESS & HEALTH TRACKING ]
138/41182024  Itstays connected tory Galay Watch 4 Wotch 3 Simsung [0.9917681217193604,0.0 [ BATTERY', MULTIMEDIA', FITNESS & HEALTH TRACKING ]
189 1212/2022  Ilowethis watch, Allth: Galasy Wotch 4 Wotch 3 Simsung [0.992206040058135,0.23 [ BATTERY', MULTIMEDIA')
190 11142024 |was hopingthe review Galasy Wotch 4 Wotch 3 Simsung [0.9634425044059753,0.0 [ BATTERY', FITNESS & HEALTHTRACKING'|
101 71220228 heaprattywatch. Mucl Galay Watch 4 Watch 3 Samsung [0.0840206045280457, 0.0 | BATTERY', MULTIMEDIA'. FITNESS & HEALTH TRACKING |
102 2/6/2024 The batterylifa is shore Galaxy Watch 4 Watch 2 Ssmsung (0.0810268584251404, 0.4 | BATTERY
183 52024 Thewatch is amazing, | Galaxy Watch & Wach 8 Samsung [0.016433756798505783, 1 | PERFORMANCE', 'PRICE]
1542272024 This isaverynicewatel GalasyWatch 4 Watch 3 Samsung (0.9526007771492004,0.0 [ BATTERY
185 24172024 llawe all of the festures Galaxy Watch 4 Warch 3 Samaung [0.07069152259135208, 0. [FITHESS & HEALTH TRACKING ]
166 4192022 FA-Ipurchased thew: Galaxy Watch 4 Warch 3 Samaung [0.8368285665555654 0.1 [RATTERY', MULTIMEDIX', FITNESS & HEALTH TRACKING')
167 71292022 1.Wyeuwant o useSa Galawy Watch 4 Warch 3 Samsung [0.048001663141172,0.8 [RATTERY, PERFORMANCE . ‘DISPLAY']
150 6/5/2022  I\ewomsmartwatche Galawy Watch 4 Warch 3 Sameung [0.8275656168655494,0.0 [BATTERY]
159 9/10/2022  ILOVEthis watch and : Galawy Watch 4 Warch 3 Sameung [0.6517554575681558, 0.0 [BATTERY', MULTIMEDIA', FITNESS & HEALTH TRACKING]
200 1302029 |ewerienced intermity Galery Watch & Wach 3 Samsung [0.012004924338082695. 1 TMULTIMEDIA", FITNESS & HEALTHTRACKING]
201 22872024 esterday | got mmywratc Galaxy Watch & Watch 3 Samsung [0.885442042350769, 0.03 'BATTERY']
20271132022 I've been an awd fitkit v Calaxy Watch 4 Watch 3 Samsung [0.9764541387557963, 0.1 'BATTERY', DISPLAY', 'FITNESS & HEALTH TRACKING |
203 1U12021  Thewatch was OK. Set Galaxy Watch 4 Watch 3 Samsung [0.933756847517386,0.07 ['BATTERY', DISPLAY', MULTIMEDIA', 'FITNESS & HEALTH TRACKING', 'CUSTOMIZATION']
0 4 Watch 3 Samsung [0.9085128370689392, 0.0 [ BATTERY', 'PRICE')
205 11972023 1 ke the kack of this vee Galoxy Watch 4 Waotch 3 Samsung [0.8990050863494873, 0.0 ['BATTERY', DISPLAY','MULTIMEDIA', 'FITNESS & HEALTH TRACKING'|
206 1271642023  The medio could not b Galoxy Wotch 4 Watch 3 Samsung [0.974961519241333,0.02 [BATTERY', DISPLAY)
207 10142023 Ihive been abig fanof Galay Watch 4 Waich 3 Simsung [0.9927894473073867, 0.0 [ BATTERY, MULTIMEDIA', FITNESS & HEALTH TRACKING')
208 71272022 The bigeestthing| don Galasy Watch 4 Wotch 3 Swmsung [0.9661017060279846,0.0 [ BATTERY', PRICE', FITNESS & HEALTHTRACKING ]
208(7172022  Hodmy Active 2 for ove Galasy Watch 4 Wotch 3 Simsung [0.982066423034568, 0,15 [BATTERY', DISPLAY, MULTIMEDI', FITNESS & HEALTH TRACKING ]
210|3/302023  Evenwhen ihavencthi Galasy Watch 4 Wotch 3 Simsung (0.890190084907074,0.78 [ BATTERY', PERFORMANCE . 'MULTIMEDLA', 'FITNESS & HEALTH TRACKING )
211 40262022 I bought thia wateh bot Galasy Watch 4 Watch 8 Simsung [0.9800006465574036. 0.0 | BATTERY |
21270192028 Thewatch was working Galasy Watch 4 Watch 8 Samsung (0.023881975561380396, | | DISPLAY , PRICE')
213 4222022 Aed, S eve tried sevel Galasy Watch 4 Watch 8 Samsung [0.9262562384142151,0.0 | BATTERY', MULTIMEDIA')
214| 2082024 Myfirs: purchase seem Galaxy Watch & Watch 3 Samsung (0.9768161773681641,0.0 [ BATTERY
215 9982007 Ihad the nreturs salm Galan Watch Warch 2 Sameauns [ 9F1444950RASAANA 0.1 TRATTFRY ‘PRICF MU TIMFTIA' ‘FITNFSS & HFAI TH TRACKINGT
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531 G153023  Thewstch surpassed r Gatam Watch 4 Watth &
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Appendix 3. Remove Punctuation & Special Character Removal

1

2

2 # Step 2: Data Cleaning Function

A def clean_text(text):

S # Handle non-string values (e.g., Nall or float)

6 if not isinstance(text, str):

7 retuen "7

8

9 # Romove URLs

18 toxt = re.sub(r http\S+lune\S+|https\S+*, *', toxt, flags=re MULTILINE)
1 # Resove HTML tags

1z text = re.sub(r’<.*?>', ', text)

13 text = re.sub(r’<.*708% 0aVu8aVEeE™ ", T, text)

14

15 # Remove special characters and nusbers, keep letters and spaces
16 toxt = re.sub(r'[*a-24-Z\z]', '', text)

17 toxt = ro.cub(n'[AVedY’ oAV« 8VEne ]!, '', toxt) # Remove specific symbols/amojic
18 text = re.sub(r'[+]', '', text) F# Remove specific symbols/emciis
19 text = re.sub(r'[8¥]", '', text) # Remove specific symbols/emojis
b text = re.sub{r'[¥]', '', text) # Remave specific symbols/emojis
21 text = re.sub(r'[8]', '', text) # Remove specific symbols/emojis
2 text = re.sub(r'[E]', "', text) # Remove specific symbols/emoiis
23 text = re.sub(r'[»]', '*, text) # Remove specific symbols/emojis
24 text = re.sub(r'\s+', ' ', text).strip() # Normalize whitespace
5 text = re.sub(r’[..]", "', text) & Remove specific symbols/emojis
2% text = re.sub(r’[€™]", "', text) # Remove specific symbols/emojis
27 text = re.sub(r'[]", '', text) # Remove specific symbols/emojis
2]

29

30

31

2 # Remove extra whitespace

3 text = * ".join{text.split())

Appendix 5. Fine-tuning the model for Multi Classification (RoBERTa)
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P> !pip install -U accelerate
Ipip install --upgrade transformers

Requirement already isfied: accelerate in fusr/local/lib/python3.11/dist-packages (1.6.8)
Requirenent already : numpy<3.0.9,>=1.17 in fusr/local/lib/python3.11/dist-packages (from accelerate) (1.26.4)
Requiremont already satisfied: packaging>=20.8 in Jfusr/local/lib/python3.11/dist-packages (from accolorste) (24.2)
Requirenent already isfied: psutil in fusr/local/lib/python3.11/dist-packages (from accelerate) (7.6.8)
Requirenent already pyyanl in Jusr/lecal/lib/python3.11/dist-packages (from accelerate) (6.0.2)
Requiresent already satisfied: torch>=2.0.8 in fusr/local/lib/python3.11/dist-packages (from accelerate) (2.5.1scul2a)
Requirem already satisfied: huggingface-hub>=6.21.0 i y packages (from accelerate) (6.30.2)
Reguirement already 5 @. scal/. ist-packages (froa accelerate) (9.5.2)
Requirement already satisfied: filelock in Jusr/local/lib/python3.11/dist-packages (from huggingface-hub>=0.21.0->accelerate) (3.18.8)
Requirement already satisfied: fsspec>=2023.5.0 i /13 thon3.11/dist (from huggingface-hub>=0.21.8->accelerate) (2025.3.2)
Requirement already satisfied: requests in /i 5 s ingface-hub>=8,21.8->accelerate) (2.32.3)
quiremont already satisfiod: tqdm>=4.42.1 in fusr/local/lib/python3.11/dist-packages (from huggingface- 0.21.8->accelorata) (4.67.1)
already satisfied: typing-extensions»-3.7.4.3 in /use/local/lib/python3.11/dist-packages (from huggingFace-hu plorate) (4.13.1)
already saticfiod: skl fft in fusr/localflib/ z kages (from numpy<3.0.8,5=1.17-accalorato) (1.3.8)
already satisfied: mkl_random in fuse/local/lib/pythons. -packages (from numpy<3.8.8,>=1.17->accelerate) (1.2.4)
already satisfied: mkl _umsth in /usr/local/lib/python3.11/dis
already satisfi nkl In fusr/local/lib/python3.11/dist-packages
q already : thbapy in fusr/local/lib/python3.11/dist-packages (from numpy<3
Reguirement already i wkl-service in fusr/local/lib/python3.11/dist-packages (from numpy<3.0.@,>=1.17->accelerate) (2.4.1)
Requirement already : networkx in Jusrflocal/lib/python3.11/dist-packages (from torch»=2.8.8->accelerate) (3.4.2)
Requirenent already i jinja2 in Jusr/local/lib/python3.11/dist-packages (From torch>=2.8.0->accelerate) (3.1.6)
Requirement already satisfied: nvidia-c nvrtc-cul2==12.4.127 in fu /1i n3.11/dist-packages (from torch>=2.0.8->accelerate) (12.4.127)
Requirem satisfied: nvidia-c itime-cul2==12.4.127 in / ib/python3.11/dist -packages (from torch>=2.8.0->accelerate) (12.4.127)
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output =
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matplotlib.pyplot
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plt.t (figsize=(17, ©))
bars = plt 5o (emotion_counts , amotion_counts
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sklewrn lection train split

df_train, ¢f_test « train_test_splitdf. random_states77, test

df_test, df_valid = traan_test_splie(df s random_states=

df_train.t
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train datsset = CustosDatsset(df_train, tokemizer, MAX_LEN, target_list)
valid datseet = CustonDatsset(dr_valid, tokenizer, MAX_LEN, target list)
test_dntaset = Customllotaset (df_test, tokenizer, MAX_LEN, target list)
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train_dat_loadar 2 ; (train_dataset,
batch_s1ze-TRATN_BATCH_STZE
sbufflesTeue,
num_warkers

val_dats_lnader = torch.
batch_s170-VALID_BATCH_!
shufflo
nue_workers=

lest_date_loader = toreh. (test_dataset
batch_sire=TEST_BATCH.
shufflersloe,
nun_workers:

(tarch

xalf) {
= RobertaNodel . Teturn_dict=

input_ids, stin ssek):
(

(selr
output = salf.
input_
attent ion_mask=attn_sssk
)
autput_dropout « salf, oUTPUT.
output = salf (output_dropout)
output
model « RoBERTaC)ass()
wodel | (device)
fallzed From the wodel checkpolnt ot roberte-hose aod are

del were pot e
ean task to be able to wse it for predictices s infeen

Some welghts of Roder
You stould probetly TRAIN this model on a down

(outpats,

tarch {)(outputs, targets)

torch.optin

optimizar = Adawd(model

sodel, optimizer)

losses
corroct_prodictions
num_sarples

wodal

total= «i(training losder),
)

(device, dtypestorch
I {device, dtype-tor
(device, dty

ids = dota
nask = data
torgets = data 5

outputs = model{ids, mssk)
loss = loss_fnfoutputs,

lo: (1o ten())

outputs « Torch, (outouts

oler. dense weight"]
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{validation_loac model, optimizer):
losses =
correct_predictions = ¢
num_samples =

model.cval()

torch grad():
batch_idx, data (validation_loader, 0)
1ds = data ut_1ds |.to(device, dtype=torch. )
mask = datal ‘ot 10n.m .to(device, dtype=torch.
targets = datal targe .to(device, dtype=torch.

outputs = model(ids, mask)
loss = loss_fn(outputs, targets)
losses. (loss 0)

outputs = toreh.sl (outputs).cpuf). (-
targets = targets. 0. (). (9]
carrect_predictions 4= np. (outputs==targets)
num_sanples += targets.

(correct_predictions)/num_samples, np. (losses)

7 content =

output_dir = os.path.join(content,
08.03 (output_dir, exist_ok=

collections defaultdict
torch
os

history = defaultdict(

otmiireser

treln oI (Trein dern Toader, wadel, spTintees]

Sara looosr, o
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(history
(history
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— traln accuracy
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Training Loss per Epach
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lie' (the carrimt defimalt vilue), whdch es e dessult stckle moduls Laplicttly, U 15 possible o cometruct malicicus pickle Aota Wilch will exscute irbltrary case Guring umlexling
| Ths LLalls the AUnctisrs Dt Could be dascuted Quriag UWASKLing. AFLTfery GNJECTs WLl ne lorga- B Alioved t b Loeded Vi this medk inless they s Belicl
sse coen n it &0 GLUWE f0° tw Lisess relited Lo Uhis eate-imetal Fhsturs.

eval_nodel (test_data_loader, model,

2.509493540%

sklearn.metrice confuston matrix, elsssification repory

+ Code ) [ + Markdown

(model, data_loader) =

wodel .

Reviens =
pradictions
prediction_prabs
target_valles =

toreh.(
dota
taxt
ids = da {device, diype-torch
nagk = dats JLo(device, ¢
targets « data To(device, dtypestorch,
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numpy a6 np
sklearn.metrics precision_recall fscore_support, accuracy_score
tabulate t tabulate

Requirement already satis tebulate in fusr/local/lib/python3.11/dist-packages (B.3.8)

test_texts, test_predictions, test_prediction_probs, test_target_values = \
get_predictions(model, test_data_loader)

predictions_thresholded = (test_prediction_probs »= ¢

accurecy, precision, recall, 1, support, \
macro_precision, macro_recall, macro_f1, TP, TN, FP, FN = \
calculate_metrics(test_target_values, predictions_thresholded)

predictions_thresholded = (test_prediction_prob
. pr on, recall, f1, support, macro_precision, macro_recall, macro_f1, TP, TN, FP, FN = calculate metrics(test_target values, predictions_thr
metrics_table =

metrics_table.apos est Ac torch.mean{accuracy) .- (303
metrics_table. B Pre , macro_precision!)
metrics_table. ‘ R 17, macro_recalll)
metrics_table. aral Score”, macro_f1])

metrics_table. erall avg', "N )

| Metric | Precicion | Recall |

| Test Accuracy | ©.9994955921173896 | |

+ t 1
| Overall Precision | ©.8992115629238561 | ]

i i
| overall Recall | @.72aseza7155801 | |
] i

| Overall F1 Score | ©.7651106519241086 | |

I i t 1 1
| Overall Macro Avg | NA | | |

| BRTTERY | ©.9750098366655737
I t
| PERFORMANCE | 8.69

| CAMERA | ©.9398243932439324 | ©.865169 | ©.900585 | N/A

©.894737 | 8.933333 | N/A

I
f
|

|
{
e.6 | o.64185 | /A

f i

| DISPLAY | ©.8478588235298118 | ©.757895 | 9.8 | wra

!

| PRICE | ©.9188327868852459 | ©.736842 0.817518 | N/A
i

| MULTIMEDIA | 8.75 | e.72s806 | @.737705 | N/A

| FITNESS & HEALTH TRACKING | ©.B54166666666566 ' £.911111 | 0.86172 I N/A
b

t 1
CUSTOMIZATION | e.s | e.34a328 | 0.488163 | N/A

L] predictions.

array([[0., 1., 0., ..

118



(classification_report(target_values, predictions, target_names=target_list))

precision recall fl-score support

BATTERY

PERFORMANCE

CAMERA

DISPLAY

PRICE

MULTIMEDIA

FITNESS & HEALTH TRACKING
CUSTOMIZATION

98
69
94
85
92
75
85
50

89
60
87
76
74
VE]
91
34

93 133
64 115
9% 89
80 95
82 76
74 62
88 45
41 29

PO
PO
OO0

85
81
84
74

76
73
76
69

80
77
80
69

micro avg
macro avg
weighted avg
samples avg

[ R
[
[

/usr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1344: UndefinedMetricWarning: Precision and F-sco
is behavior.

_warn_prf(average, modifier, msg_start, len(result))
/usr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1344: UndefinedMetricWarning: Recall and F-score
ior.

_warn_prf(average, modifier, msg_start, len(result))

[189]: raw_text =

sncoded_text = tokenizer
raw_text
max_longth-MAX_LEN,
#4_special_tek

ta{devica)
outpet « nodel(1nput_1ds, attention nask)
output = torch (output)

output

raw_text| |
(output)

target_list|1dy

perforeas
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narging are ©

model{1nput_1ds, atteation_sack)
tarch. 53 0

t, probabilities per
w0t 10n_prod; 5, hey: ! | revOrse

matplotlib.pyplot
seaborn sns

sklearn.metrics sion_matrix, classification_report
numpy np

(y_true, y pred, labels):
fusion_matrix(y_true, y_pred)
ire(figsize=(12, 8))
(cm, annot= , fmt='d', cmap= Blues' K xticklabels=labels, yticklabels=labels)
Prodicted Labels')

1x°)

plt.s

titles, predictions, prediction_probs, target_values = get_predictions(model, test_data_loader)

y_true = target_values. (0]
y_pred = predictions.t ()

i, label (target_list):
( for {label}')
plot_confusion_matrix(y_truel:, 1], y pred : 1], labels=[®

('t (titles) predictions.shape prediction_probs.

(classification_report(target values, predictions, target names=target list))

Confusion Matrix for BATTERY

Confusion Matrix

vers vibrent coler and shaf

érs vinrant coler ma snal
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Confusion Matrix for PERFORMANCE

Confusion Matrix

True Labels

Predicted Labels
Confusion Matrix for CAMERA
Confusion Matrix

3
=
g
=

FIEQICIED Lavers

titles:11
predictions:torch.Size([337, E])
prediction_probs:torch.Size([37, 8])
target_values:torch.Size([337, 8])

precision  recall fl-score

BATTERY 8.98 .89 08.93

PERFORMANCE @.659 .68 8.54

CAMERA 8.94 .87 8.%8

DISPLAY @.8s .76 e.20

PRICE e.92 .74 8.82

MULTIMEDIA 8.75 .73 874

FITNESS & HEALTH TRACKING 2.85 N 8.88
CUSTOMIZATION 8.5 A 8.41

micro avg 0.85 g a.88
mecro avg 8.81 g 0.7

weighted avg 0.84 0.88

samples avg 0.74 8.69 0.59 644

Jusr/local/l1b/pythond.11/a1st-packages/sklearn/metrics/_classification.py:1344: UndefinedMetricWarning: Precision and F-score are 1ll-defined and being set To @.4 1n samples with no p
_warn_prf(average, modifier, msg start, len(result))

Jusr/local/1ib/python3. 11/dist-packages/sklearn/metrics/ _classification.py:1388: UndefinedMetricWarning: Recall and F-score are 111-defined and being set to 8.8 in samples with no true
_warn_prf(average, modifier, msg start, len(result))

(+ cade ) (+ Markdown )

seaborn ens
matplotlib. pyplot plt
sklearn.metrics confusion_matrix

(y_true, y_pred, labels, label _name):
om = confusion_matrix(y_true, y_pred)
plt.f e(figsize=(12, 2))
ans. =o{cm, snnot=True, fmt='d, cmap='Elues , xticklabels-labels, yticklsbels=labels)
plt Prodicts 12')
plt. ( e Labels
plt_titls( 1sbel_name| )
plt. 1
confusion_matrix_filename - label_name
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hiatory,
{hastory,

shloarn setrice clasel tication repect
text_twxts, met_prwdictions, tewt_predirtson srobs, test_tsgel_valiss - gwt_predictions(mcel, twet_dete_losder |

ELHCATION.FADACT AT « GIBINITICATION. FAPOrT{TANT. tArgeT valuns, TASt Prasictionn, TATZET_AmRes-TargeT_liot

(c1ane1t100t10n_resare_str)

S 1oeAT CLINTythand 111151 paCkigs/ SKLoern/wet rics_rInssiFlent ion. 2y 13881 (niesinametrioening: Precicion ind F-scors wre 111-0671ne8 aul teng 562 10 K8 In Samples With as pratictnd Tiwls. se “Tam_division” facameter 1o cwrtral TH1S beevior

1 Methll and F-acerd are Lil-setised 40 being S5t €0 0.9 1n sisples WiTh ro true Lotels. ise féru fivisios’ parmeter to tetrol this Sehrei.
e mcags, woditer, ug

Predicion

= of _unlabeled 1 . ). 8]

urlobeled de - UnlabeladAspectDataset(texte, tokenizer, WAX_LEN)
urilsbeled_loader= Dataloadar(unlabeled_ds, batch s1ze=TEST_BATGH_SIZE, shuffle

811 probs
81l preds =
all_texts
woded cval()
ol i():
batch in unlabaled loader
ide = batch! input ids’].to(device)
mask « batch m ~1o(device)

autputs - mdel
Togits « putputs

Aspects_list =

predicted aspects =
Aspects_listi1 1, flag
row in sll_preds

all_texts,
all_probs.t (),
: predicted_aspects

redictlons_roberta

Appendix 6. SC Prediction with Fine-tuned models




transformers
AutoTokenizef,
Bertfo

assification
RobertaForSequenceClassification,
DistilBertForsequenceClaseirication

skisarn.metrics
matplotlib.pyplat
klcarn.matrics accuracy_score, classif
natplotlib.pypl It

sccuracy_ecore, clageificetion report
plit
ation_raport

tade

display

+ Markdowr

taxts = df

labelz1d | 2,
has_labels o
hos_sbels:
df ar o (lsbal21d)
of e (S L]
ValoeEr ror
labels - df f

Total reviews

16796

models =

(BertForSequenceClassification,
(RobertaForSequenceClassification,

: (DistilBertForSequenceClassificatis

results =
all_preds =

os

transformers AutoTokenizer

m(xre, path models. (
exists = os. : (path)
( nam NI ex1sts
exists:
FileNotFoundError(
"\ Verl
name models:

nama arch_map:

KeyError(

neme, (ModelClass,

base_id)

Tok = AutoTokenizer.
m = ModelClass.

( name
Exception

( name:

e
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Chec checkpoint files_

BERT FOUND 3t /kaggle/input/models/BERT_epoch_:

DistilBERT: FOUND et /keggle/irgut/models/best model distilbert.bin
: FOUND ot /kaggle/irput/models/robertn sentiment model ba

Verifying arch_wap entries.
All model names in ‘models’ are present in “arch mep .

ng ¥ base-wocel instantiation.

Loading widget
Loading widget
Loading widg
Loading widget.
Xet Storage is enabled for this repo, but the “hf xet® package s not Installed. Falling back to regular HTTP download. For better performance, install the package with: “pip install huggingface hubfh]
Loading widget.
Some welghts of BertForSequenceClassification were mot Initialized from the model checkpoint at bert-base-uncased and are nenldy initialized: ['classifier.bias®, ‘classifier.welght’]
You should probebly TRAIN this wodel on a down-stresm tesk to be sble to use it for predictions and

BERT 10aced " bert-base-uncased”
Loading widget
Londing widget
Loading widget. .
Loading widge
Loading widget
Xet Storage Is enabled for this repo, but the “hf_xet® package Is not Installed. Falling back to regular HTTP download. For better performance, Install the package with: “pip Install hugelngface_hus[hd]
Loading widge
Some weights of RobertaforSequenceClassitication were not d $rom the model checkpoint at rober e and are newly initialized: ['classifier.dense.nias’, ‘classifier.dense.weight', 'classifi
You ahwld probebly TRAIN this model on & down-stresw task to be sble to use it for predictions and inference.

ERTa loaded “roberta-base sfully

Loanng widg
Loading widg:
Loading widget..
Loading widget
Xet Storage is enabled for this repo, but the “hé_xet® package iz not installec. Falling back o regilar HITP downlosd. For better performance, install the package with: 'pip install huggingface huone]
Loading widget
Some weights of DistilllertforSequenceClassification were not initinlized from the model checkpoint at distilbert-base-uncased and are newly imitialized: |'classifier.bins', 'classifier.weight', 'pre cl
You should probably TRATN this model on @ down-stream ta e able to It for predictions and inference.

DistilBERT: v loeded ~distilbert-base-unce

you're gocd to go!

roberta_ckpt =

m
torch, pickle, warnings
tqdm.auto tqdm
transformers RobertaForSequenceClassification, RobertaTokenizer
transformers.models. robertn, tokenization_roberta Robertalokenizer SafeRobertaTok

category=FutureNarning)

(| _SafeRobertaTok |)

model = RobertaForSeguenceClas: Lfmauon.
tokenizer = RobertaTokenizer,f

raw = torch. I(roberta_ckpt, map_ Mcannm , weights_only=
(TypeError, pickle.
= torch. lozd(roberta_ckpt, map. locnnon- cpu”, weights only=

state = raw.get(“model_state_dict”, raw)
model . 3 (state, strict=
model. 0

preds, probs = ||,

text tqdm(texts, desc="R

inp = tokenizer(text, return_tensors="pt’, truncation= , padding=
torch. ad():
out = model(~1np)

logits = out.

probs.a (torch. «(logats, dim=

preds.ap i(2~*(torch. 3% (logits, dim=
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df_roberta =

)
df_roberta.
("8 R

¥ ROBERTe done -+ roberta_predictions.csy

[@.31193241477@12634, @_.387951940293a80844, @.3061156151204708 ]
[@.313T1842799186787, @.398510618686676, @.296370@9533214560]
[8.31479692459106445, @_3874779871948613, 9.2981253584125519]
[@.31545200884643555, @.3879779573917389, 9.29746994376182556]
[@.3146877536841583, 0.386163897151947, €.20014334416389465]

torch, pickle, warnings

pandas pd
taqdm.auto tqdm
transformers BertForSequenceClassification, BertTokenizer
transformers.models bert.tokenization_bert BertTokenizer _SafeBertTok

warnings, o7, category=FutureWarning)
({_SafeBertTok])

bort_ckpt

nodel = BertForSequenceClassification.t d”, num_labels=i)

{

tokenizer - BertTokenizer.

raw = torch (bert_ckpt, map_location= , weights_only=
(TypeError, pickla, )i
rew = torch.losd{bert_ckpt, map_location u®, weights_only=i

state = raw.g= stat , rem)
nodel. (state, strict= )
nodel. ()

df
zexts = df
ds df.

prods, probs = ||,

text 11 tadw(tests, desc I ¥

inp + tokenizer(text, retur_tensorss =, truncation
Toreh
out =

Togits = out

probe torch

preds {111 (xoreh

row the model checkpaint at bert urcased ang sre rewdy initisliceds [“clmsifier.bies®, “clasifier.weight’]
be able o use It for predictions and Laference




torch, pickle, warnings

pandas pd
tqdm. auto tqdm
transformers DistilBertForSeguenceClassification, DistilBertTokenizer
transformers.models.distilbert. tokenization_distilbert DistilBertiokenizer _safeD1st11Tok

warnings.? i ¢", category=FutureWarning)
torch.ser t < _globals( | _SefeDistilTok])
distil ckpt =

model = MstilBertForSequenceClassification. . 3 bert-ba wased”, nun_labels=3)
tokenizer = DistilBertiokenizer.? tra ( t

rew = torch.load(distil_ckpt, map_location="cpu", weights_only=
(TypeError, pickle. k xS
rew = torch.load(distil_ckpt, map_location="cp ts_only=
state = raw fel_state_dict”, raw)
model . tate_ (state, strict= )
model.c

df = pd.
texts = df
ids = df.

preds, probs = >

text tqdm(texts, desc= (15T ER €):

inp = tokenizer(text, raturn_tensors="pt  truncation= , padding=
toreh.no_ ():
out = model(«+inp

logits = out.

probs. apj (torch.soft (logits, dim=-1). eza( ).

preds. append( it torch. (logits, dim=-1)))

df = pd.
texts = di
ids = df.

prads, probs = ||,

text tqdm(texts, desc-"DastalbL Infe

inp - tokenizer(text, return_tensors- pt , padding
torch O:
out del(~~inp)

logits = out.

probs (toreh.

prods. ( (tor

df_distil - pd.

)
df _distil.:
("™

Seme weights of D 5 i ¢ initi 1 checkpoint at distilbert-base-uncased and are newly initia t erbiagt, ‘c
You should probably TRAIN this model 0n a down-streas task to be able to use predictions and Lnference.

Loading widget

¥ DistilBERT dane + distilbert_pregictions

Appendix 7. Aspects & Sentiment Visualization
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timesTaop device ame device type
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ropna (). head( ),

, len(df exp))

value counts
rename_ax

reset_index(nane

head(top_n).tali

Raow aspect strings (first 5):
o

["BATTERY", FITHESS & HEALTH TRACKING']
[BATTERY', "DISPLAY®, 'PRICE', "MULTIMEDIA']
[*BATTERY, FITNESS & MEALTH TRACKING' ]
["BATTERY', FITHESS & HEALTH TRACKING']
['BATTERY', 'DISPLAY', 'MULTIMEDIA', 'FTTNESS .
Mome: aspects, dtype: object

Msber of parsed aspects per
aspects_list

1 o13¢
2 3825
3

ow (value counts)

162¢
586

n
7 3
Mame: count, dtype: Intés

st probs aspects

Samoeng [0 5433603556345609, 0 0375757654 138385, 0.00 [BATTERY, FITNESS & HEALTH TRACKING]

Sameeng [0 9274224487310486, 0,109 96212415, 0.00 BATTERY, TISPLAY, PRICE, MULTIMEOIA]

[0.9853327759306541, 0. 0542750433057 38854, 0 0 [BATTERY, FITNESS & HEALTH TRACKING]
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print(aspe

TON_3SPects = ASpact_counts[ s maad(top_n).tolist()

nal list of aspects & frequency counts:

aspect  count
BATTERY 5365

PERFORMANCE 4852

DISPLAY 2949

PRICE 2569

CAMERA 2493

MATINEDIA 2208

FITHESS & HEALTH TRAGUING 1924
CUSTOMIZATION 362

+ bar.get_beight(1/2,

tignt_1eyout

sha

Aspect Frequency Distribution
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DISPLAY

CAMERA

MULTIMEDIA

FITNESS & HEALTH TRACKING

CUSTOMIZATION

Aspect Frequency Distribution
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Aspect Mentions: Phones vs. Watches
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eoumsrate(to c
b in top aspects[i+1:]:
append

, ascending=

alt. Figues(+1geiza
pll.utle

tar in bars:
x = bar.get width(
Pl text(x + pairs_df

kar. get
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