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Abstract 

Finally, focusing on product features rather than overall sentiment, ABSA turns out to be a very important tool for the proper 

understanding of consumer opinions. We will apply ABSA to over 10,000 Amazon product reviews, extracting sentiment 

regarding quality, price, usability, etc., using both lexicon-based and machine learning-based approaches for performance in the 

accurate classification of specific sentiments for aspects. 

Our results show that deep learning models, especially BERT, achieved up to 88.7% in sentiment classification accuracy, 

compared with traditional machine learning models like Support Vector Machines (SVM) and Naive Bayes, with 78.3% and 

75.6%, respectively. Although a bit slower, the lexicon-based methods showed off approximately 68.2% but are advantageous in 

obtaining quick, interpretable insights for real-time applications. 

Aspect extraction revealed that the reviews contained and mentioned price among other factors that the clients concerned most: 

65% of the reviews mentioned the price, which was followed by quality at 58%, while durability was in 42%. Sentiments 

regarding durability appear to be very polarized; 40% of sentiments were very negative regarding durabilities. On the other hand, 

design received predominantly positive feedback in 70% of reviews. 

Results The results show that ABSA offers a fine-grained view of consumer feedback, and businesses can thus focus on specific 

points of the products they are improving. In future work, it would be possible to look at optimizing ABSA for different domains, 

so its applications may not be restricted to e-commerce. 

 

1.Introduction 

1.1 Background: 

These millions of reviews on platforms like Amazon hold significant information related to customer experiences. However, 

traditional sentiment analysis-in the form of rating reviews as positive, negative, or neutral-overlooks aspects specific to product 

features that are precisely interesting in the determination of consumer satisfaction. For instance, a review can be highly positive, 

but there is some dissatisfaction with a certain aspect of the device-for example, the battery life or price. To bridge this limitation, 

Aspect-Based Sentiment Analysis has come to be one of the powerful techniques in extracting and analyzing the sentiments 

attached to individual features of the product. 

Figure 1.1.1 Workflow diagrammatic representation of the various steps involved in the ABSA process: data collection, 

preprocessing, aspect extraction, and finally the classification of sentiment. The diagrammatic representation indicates on a top-

view what the entire analysis pipeline looks like. 
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Figure 1.1.1: ABSA Workflow Diagram

 

Further detailing the process, Table 1.1.1 outlines each step, showing how reviews are processed to extract insights from different 

product aspects. 

Table 1.1.1: ABSA Workflow Overview 

STEP DESCRIPTION 

DATA COLLECTION Collecting product reviews from Amazon. 

DATA 
PREPROCESSING 

Cleaning, tokenization, stopword removal, and normalization of text data. 

ASPECT EXTRACTION Identifying specific aspects of the product (e.g., price, quality). 

SENTIMENT 
CLASSIFICATION 

Determining the sentiment (positive, negative, neutral) for each aspect. 

EVALUATION Assessing model performance (accuracy, precision, recall, F1-score). 

 

This table complements the figure by breaking down the stages involved in ABSA. 
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1.2 Problem Statement: 

 

Although traditional sentiment analysis provides an overview of customer satisfaction, it is not possible to grasp fine-grained 

opinions or expressions that customers make regarding specific features of the product. Being more detailed and intuitive, the 

analysis would be required for an e-commerce application like Amazon, where specific aspects, such as quality, usability, and 

price, are important. This paper provides an implementation of ABSA in extracting sentiments related to a product aspect, using 

Amazon product reviews, compared with different techniques used in sentiment analysis. 

To better elucidate the relevance of the various aspects of products, Table 1.2.1 shows examples of illustrative sentences extracted 

from Amazon reviews. It is evident now that certain product features, like price, quality, and durability, are assessed within the 

framework of sentiment. Table 1.2.1: Aspect Categories and Example Sentences 

Aspect Example 

Sentence 

Sentiment 

Price "The price is 

reasonable for 

the features 

offered." 

Positive 

Quality "The build 

quality is 

disappointing." 

Negative 

Durability "The phone 

lasted longer 

than expected." 

Positive 

Battery 

Life 

"Battery drains 

too fast." 

Negative 

To provide an overview of which aspects are most commonly discussed in reviews, Figure 1.2.1 shows a pie chart illustrating the 

distribution of product aspects in the dataset. 

Figure 1.2.1: Aspect Distribution Pie Chart 
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1.3 Research Objectives: 

 

Research Objectives 

Apply ABSA techniques to the text of Amazon product reviews. Compare effectiveness of approaches: lexicon-based and machine 

learning approach, deep learning models; namely compare the effectiveness of different approaches for aspect extraction and 

sentiment classification. Emphasizes frequently-mentioned product aspects and maps the distribution of sentiment about these 

aspects. Provable insights for business in terms of what features of a product drive satisfaction or dissatisfaction. 

For comparison of model performance, Figure 1.3.1 presents a bar chart comparing the accuracy of the different models of 

sentiment classification. 

Figure 1.3.1: Model Performance Comparison Bar Chart 

 

This chart complements the data in Table1.3.1, which provides detailed performance metrics for each model. 

Table 1.3.1: Model Performance Comparison 

Model Accuracy 

(%) 

Precision Recall F1 

Score 

Lexicon-

Based 

68.2 0.65 0.7 0.67 

SVM 78.3 0.77 0.8 0.78 

Naive 

Bayes 

75.6 0.73 0.78 0.75 

BERT 

(Deep 

Learning) 

88.7 0.9 0.88 0.89 

 

1.4 Motivation: 

For businesses competing in a very competitive market, the deeper insights into the opinions of customers can enhance product 

development and marketing strategies. In ABSA, it provides granular consumer feedback view that enables companies to focus 
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on one specific product aspect that matters most to its customers. In Figure 1.4.1, the stacked bar chart illustrates the distribution 

of sentiment such as positive and negative and neutral for each product aspect, thus enabling businesses to know which features 

are best appreciated or criticized.. 

Figure 1.4.1: Aspect Sentiment Distribution Bar Chart 

  

Table 1.4.1 also provides a numerical breakdown of the aspect distribution, indicating which features are most frequently 

mentioned in reviews. 

Table 1.4.1: Aspect Distribution in Amazon Reviews 

Aspect Percentage of Mentions 

Price 35% 

Quality 30% 

Durability 20% 

Battery Life 10% 

Design 5% 

 

1.5 Scope and Contributions: 

This study will pursue the application of ABSA on Amazon product reviews through different sentiment analysis methods. The 

following section provides a detailed comparison of the performances of the models for revealing the effectiveness of the 

different approaches for aspect-based sentiment analysis.. 
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2.Literature Review 

2.1 Overview of Sentiment Analysis 

Sentiment analysis or opinion mining involves the identification and categorization of opinions in text, determining the polarity 

of sentiment, namely positive, negative, or neutral (Liu, 2021). With the rapid rise in user-generated content on platforms like 

social media, e-commerce, and review sites, there exists a need for efficient sentiment analysis methods (Zhao et al., 2022). The 

effectiveness of sentiment analysis has been observed in a variety of industries, such as in marketing and customer service 

sectors and even in political discourses (Vishnu et al., 2021). 

The classical approaches to sentiment analysis classify text at the document or sentence levels, which are usually too coarse for 

detailed nuances in complex opinions. ABSA attempts to remedy this problem by associating the sentiments with the aspects of 

products or services being referenced, a more fine-grained analysis (Sun et al., 2022; Akhter & Rahman, 2023). 

2.2 Evolution of Sentiment Analysis Techniques 

Sentiment analysis has evolved significantly, transitioning from rule-based and lexicon-based methods to machine learning and 

deep learning techniques: 

Lexicon-Based Methods: 

Prior approaches to very early sentiment analysis relied heavily on the use of a sentiment lexicon that mapped individual 

words to polarity values. SentiWordNet and VADER lexicons are still used, and their ability to cope with context and 

complex linguistic structures is often not sufficient. Lexicon-based approaches are still valuable in specific settings, like 

low-resource languages or areas of sparse labelled data. Table 2.1.2.1 gives some lexicons used in recent applications of 

sentiment analysis.

Table 2.2.1: Popular Sentiment Lexicons 

Lexicon Description Language 

SentiWordNet Lexicon 

mapping 

words to 

sentiment 

polarity. 

English 

VADER Valence 

Aware 

Dictionary 

and 

sEntiment 

Reasoner 

for social 

media. 

English 

SenticNet Concept-

based 

sentiment 

lexicon for 

opinion 

mining. 

Multilingual 
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1. Machine Learning-Based Methods: 

The advent of machine learning introduced models such as Support Vector Machines (SVM), Naive Bayes, and 

Logistic Regression which perform well on large datasets labeled, but also demand considerable feature engineering. 

Despite such constraints, deep learning has minimized the dependency on manual feature extraction significantly (Cai 

& Yang, 2022). Deep Learning and Neural Networks: 

Changes in deep learning have revolutionized the area of sentiment analysis by models such as RNNs, LSTMs, 

transformers. BERT and GPT-3 recently have shown much better performances regarding contextual understanding and 

nuances of sentiment. Superior performances across multiple domains are achieved with pre-trained models on 

language, which are fine-tuned to perform well for sentiment-analysis tasks (Guo et al., 2022; Singh & Kumar, 2023). 

Table 2.2.2 compares traditional machine learning models with modern deep learning approaches for sentiment analysis. 

 

Table 2.2.2: Comparison of Machine Learning vs. Deep Learning in Sentiment Analysis 

Model Feature 

Engineering 

Performance Domain 

Adaptability 

Naive 

Bayes 

Required Moderate Low 

Support 

Vector 

Machine 

Required Good Low 

BERT 

(Deep 

Learning) 

Not 

Required 

Excellent High 

GPT-3 

(Deep 

Learning) 

Not 

Required 

Excellent High 

2.3 Aspect-Based Sentiment Analysis (ABSA) 

ABSA attaches sentiment with particular features of a product or service, therefore it is very fine-grained towards sentiment 

analysis. That is pretty useful for e-commerce like Amazon as reviews are strongly worded opinions regarding different 

attributes of the product (Li et al., 2022). For example, "price," "quality," and "design" refer to aspects linked with a product, and 

analyzing such aspects can help a company improvise its product development through better understanding of customer 

reactions (He et al., 2023). 

Aspect Extraction 

Aspect extraction is the process of identifying those major features or attributes from texts. Deep learning development lately has 

now bettered automatic aspect extraction from text, now made possible through models such as BERT, fine-tuned for this use case 

(Mao et al., 2022). The Transformer models have demonstrated better aspects extracting capabilities than previous ones, such as 

ERNIE or other variants, since they can capture contextual dependencies (Dai & Zhang, 2023). Figure2.3.1 illustrates the ABSA 

pipeline, showing how aspects are extracted and associated with sentiment. 
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Figure 2.3.1: ABSA Pipeline for Aspect Extraction and Sentiment Classification 

 

Aspect Sentiment Classification: 

Once aspects are extracted, the sentiment polarity of each aspect needs to be determined. Traditional lexicon-based methods are 

being replaced with more powerful neural network models employing attention mechanisms in focusing on sentiment-laden 

words (Zhang et al., 2022). Attention mechanisms within transformer-based models help in identification of key words of 

sentiment, thus improving accuracy in classification (Han & Zhang, 2022). 

 

Table 2.3.1 summarizes recent sentiment classification techniques applied in ABSA. 

Table 2.3.1: Sentiment Classification Techniques in ABSA 

Method Description Accuracy 

Lexicon-

Based 

Uses 

sentiment 

lexicons to 

classify 

sentiment. 

Moderate 

SVM Supervised 

model trained 

on labeled 

data. 

Good 

BERT 

(Transformer) 

Pre-trained 

language 

model fine-

tuned for 

aspect-level 

tasks. 

Excellent 

2.4 Applications of ABSA in E-Commerce 

ABS has found extensive application in e-commerce, where reviews are crucial for understanding the wishes of customers. 

Amazon uses ABS to obtain information on what customers think of a product's attributes, making its product suggestions much 

more targeted (Chen et al., 2023; Zhang & Zhao, 2021). 

Figure 2.4.1 presents an example of aspect-based sentiment distribution for a popular consumer electronics product. 
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Figure 2.4.1: Aspect Sentiment Distribution for Product Reviews 

 

2.5 Challenges and Future Directions 

Yet, several challenges remain with these developments. Some of the most important challenges are the ways of processing 

ambiguous aspect terms, negation and sarcasm analysis, and the absence of specific-domain labeled datasets (Zhou & Liu, 

2022). Then, future research can be targeted toward challenges with more robust and context-aware models to extend ABSA into 

cross-domain and multilingual applications (Gao et al., 2022; Saha & Biswas, 2023). 

3.Methodology 

This section presents an idea for doing ABSA that depicts the comprehension of the opinions of the consumers gleaned from 

reviews on Amazon. It further divides the method into four crucial phases. These are data collection, data preprocessing, aspect 

extraction, and sentiment classification. Thus, each step contained detailed specifications to ensure accuracy and relevance in 

analysis. 

3.1. Data Collection 

The dataset for this research is composed of Amazon product reviews. Reviews were obtained from the Amazon product review 

datasets using the Amazon Product Review API for given specific categories, such as electronics and home appliances, as well as 

fashion. Reviews acquired include text, ratings in the form of stars, and the category of the products. About 10,000 reviews were 

gathered spread across different product categories to really analyze. 

Table 3.1.1: Example Data Sample 

Review 

ID 

Product Review Text Rating Category 

R1 Smartwatch "The design is 

sleek, but the 

battery life is 

disappointing." 

3 Electronics 

R2 Blender "This blender is 

powerful and 

durable, perfect 

for making 

smoothies." 

5 Home 

Appliances 

30%

25%
20%

15%
10%

Positive Sentiment Distribution

Price

Design

Durability

Battery Life

Camera Quality
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R3 Sneakers "Comfortable to 

wear, but the 

color fades after 

washing." 

4 Fashion 

 

3.2 Data Preprocessing 

Raw text reviews have involved various preprocessing steps to be performed before aspect-based sentiment analysis, ensuring that 

data is cleaned and ready for analysis. Techniques applied include: 

•Tokenization: Splitting review text into individual words or tokens. 

•Stopword Removal: Eliminating common but irrelevant words, such as "the," "is," and "and." 

•Lowercasing: Using all lowercase letters to keep it consistent. 

•Lemmatization: This reduces words to their base or root form-for example, turning the word "running" into "run.". 

• Special Character Handling: Remove any non-alphabetic characters, including punctuation and numbers. 

Figure 3.2.1: Preprocessing Steps in Sentiment Analysis 
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3.3. Aspect Extraction 

Aspect extraction refers to the key attributes or features of the product reviews, such as "battery life," "design," and "comfort." In 

this study, a Bidirectional Encoder Representations from Transformers model was used for the extraction of aspects since it is an 

encoder that captures contextual dependencies within text. This model had been fine-tuned for the detection of specific product 

aspects on labeled aspect-based sentiment datasets from the review texts. 

Aspect extraction may thus be broken down into the following steps: 

1. Aspect Terms Extraction Identify Using BERT. 

2. Grouping Synonyms: Grouping semantically similar terms under the same aspect. Example of grouping synonyms : battery life 

and power. 

3. Mapping aspects to categories: assign each aspect to a corresponding product category.Table 3.3.1: Extracted Aspects from 

Review Text 

Product Review Text Extracted 

Aspects 

Smartwatch "The design is 

sleek, but the 

battery life is 

disappointing." 

Design, 

Battery Life 

Blender "This blender 

is powerful and 

durable, 

perfect for 

making 

smoothies." 

Power, 

Durability 

Sneakers "Comfortable 

to wear, but the 

color fades 

after washing." 

Comfort, 

Color 

3.4. Sentiment Classification 

Based on the extracted aspects, one should find out how much positive, negative, or neutral polarity is associated with each of 

them. For this purpose, BERT was used, taking into account its potential to model contextual word and phrase meanings. 

Sentiment classification encompasses: 

1. Aspect-Sentiment Pairing: every identified aspect is mapped to corresponding sentiments presented in the review text. 

2. Polarity classification: In this case, the output of the BERT model is used to classify the polarity for each aspect. This includes 

labeling each aspect as negative, positive, or neutral, according to the text of the review.

 

 

 

 

 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 
                        Volume: 08 Issue: 11 | Nov - 2024                           SJIF Rating: 8.448                                     ISSN: 2582-3930             
 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM38657                                |        Page 12 

Figure 3.4.1: Aspect-Based Sentiment Classification Process 

 

3.5. Evaluation Metrics 

To evaluate the effectiveness of the aspect-based sentiment analysis model, several performance metrics were used: 

• Precision: The accuracy of the positive and negative sentiments assigned to each aspect. 

• Recall: The proportion of true positives identified for each sentiment category. 

• F1 Score: The harmonic mean of precision and recall, providing an overall measure of model performance. 

Table 3.5.1: Model Performance Evaluation 

Metric Score 

Precision 89.7% 

Recall 87.5% 

F1 Score 88.6% 

3.6. Visualizations 

To better understand the sentiment distribution, visualizations were created to represent the results. A bar chart was used to show 

the distribution of positive, negative, and neutral sentiments across different aspects of the products. The visualization revealed 

interesting insights into consumer opinions for various aspects like "battery life" and "design." 
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Figure 3.6.1: Sentiment Distribution by Aspect 

 

4.Results 

In this section, the Aspect-Based Sentiment Analysis performed on the product reviews dataset on Amazon are reported. The 

results have been dedicated to aspects, the corresponding polarities of sentiments, and how consumers' opinions will vary when 

targeted at different categories of products. It has incorporated visualizations and tables so that a proper overview can be depicted 

regarding how the sentiments are distributed along with the trends that occur concerning the different aspects of the products. 

4.1 Aspect Extraction 

After passing the Amazon reviews through BERT, several product aspects were identified. Table 1 shows the most frequent 

extracted aspects of three different categories - Electronics, Home Appliances, and Fashion. 

Table 4.1.1: Most Frequent Aspects Extracted from Product Reviews 

Product Category Top Aspects Frequency 

Electronics Battery Life, Design, Screen, Price 1,350 

Home Appliances Power, Durability, Noise, Price 1,110 

Fashion Comfort, Size, Color, Fit 950 

Key Insights: 

• In Electronics, aspects like "Battery Life" and "Design" were the most discussed, indicating that these are critical features 

for consumers when purchasing gadgets. 

• For Home Appliances, "Power" and "Durability" were frequently mentioned, reflecting consumer priorities in terms of 

performance and longevity. 

• In the Fashion category, aspects such as "Comfort" and "Size" dominated the discussions, pointing to the importance of 

fit and comfort in clothing products. 
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4.2. Sentiment Polarity Distribution 

The sentiment polarity for each aspect was classified as positive, negative, or neutral. Table 2 summarizes the sentiment 

distribution across the top aspects in each product category. 

Table 4.2.1: Sentiment Distribution for Key Aspects (in %) 

 
Positive Negative Neutral 

Aspect Electronics 

Battery Life 40% 50% 10% 

Design 65% 25% 10% 

Screen 70% 20% 10% 

Price 55% 30% 15% 

Home Appliances 

Power 75% 15% 10% 

Durability 65% 25% 10% 

Noise 35% 55% 10% 

Price 50% 40% 10% 

Fashion 

Comfort 80% 15% 5% 

Size 60% 30% 10% 

Colour 50% 40% 10% 

Fit 65% 25% 10% 

Key Insights: 

• Electronics: Sentiment around "Battery Life" was largely negative (50%), indicating a common issue with the duration 

of battery performance in many products. On the other hand, "Design" and "Screen" aspects had more positive sentiment, 

suggesting that users are generally satisfied with these features. 

• Home Appliances: "Power" and "Durability" were positively reviewed, showing that these aspects meet customer 

expectations. However, "Noise" had a higher negative sentiment (55%), pointing to dissatisfaction with noise levels in 

appliances. 

• Fashion: "Comfort" had an overwhelming positive sentiment (80%), indicating a strong consumer preference for 

comfortable clothing. Aspects like "Size" and "Color" showed more mixed reviews, with a notable portion of negative 

sentiment. 

 

 

 

 

 

 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 
                        Volume: 08 Issue: 11 | Nov - 2024                           SJIF Rating: 8.448                                     ISSN: 2582-3930             
 

© 2024, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM38657                                |        Page 15 

Figure 4.2.1: Sentiment Polarity Distribution for Key Aspects 

 

 

4.3. Sentiment Analysis by Product Category 

By examining the sentiment distribution across product categories, deeper insights can be gained into consumer opinions and areas 

where products may need improvement. Electronics and Home Appliances showed a relatively balanced distribution of positive 

and negative sentiments, while Fashion was more skewed toward positive sentiments. 

Figure 4.3.1: Overall Sentiment Distribution by Product Category 
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Key Insights: 

• Electronics: The overall sentiment for electronics products is mixed, with some aspects like "Battery Life" showing clear 

dissatisfaction, while others, like "Design," were viewed positively. 

• Home Appliances: Positive sentiment dominates in terms of "Power" and "Durability," but "Noise" was a clear pain 

point for many consumers. 

• Fashion: Positive sentiment, particularly around comfort, was significantly higher in the fashion category, indicating 

higher satisfaction levels overall. 

 

4.4. Case Study: Sentiment Distribution for a Smartwatch Product 

To illustrate the practical application of ABSA, a smartwatch was selected as a case study. The aspect extraction and sentiment 

classification revealed the following distribution for the key aspects: Battery Life, Design, and Price. 

Table 4.4.1: Aspect-Based Sentiment for Smartwatch 

Aspect Positive Negative Neutral 

Battery Life 35% 55% 10% 

Design 70% 20% 10% 

Price 50% 35% 15% 

Key Insights: 

• Battery Life was a major area of concern, with the majority of consumers expressing dissatisfaction. 

• Design received overwhelmingly positive feedback, suggesting that consumers appreciate the aesthetic and build quality 

of the smartwatch. 

• Price had a mixed sentiment distribution, indicating that while some consumers found the price reasonable, others felt it 

was too high for the value offered. 

Figure 4.4.1: Sentiment Distribution for Smartwatch Aspects 
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Summary of Results 

The results of this study indicate that the aspect-based sentiment analysis actually gives useful insights into what the consumers 

think regarding the features of a product. In the case of aspects like Design and Comfort, the consumers heavily had positive 

comments, but for aspects such as Battery Life and Noise, potential improvements are seen. The above findings will be very useful 

for a business to concentrate on improving certain aspects of a product and, accordingly, customize as per the expectations of the 

consumer.

 

5.Discussion 

The results of this study highlight the utility of Aspect-Based Sentiment Analysis (ABSA) in understanding consumer opinions 

at a granular level. By focusing on specific aspects of products rather than general sentiment, this approach provides actionable 

insights for businesses, allowing them to identify areas for improvement and leverage strengths. In this section, we will discuss 

the implications of the findings, potential applications, and limitations of the study. 

5.1. Key Findings and Implications 

The analysis reveals several interesting patterns across different product categories, such as Electronics, Home Appliances, and 

Fashion. These findings have significant implications for manufacturers, retailers, and marketers aiming to enhance customer 

satisfaction and product offerings. 

• Electronics: The negative sentiment surrounding Battery Life suggests that this is a common pain point for consumers, 

particularly in products like smartphones and smartwatches. Improving battery performance could lead to better consumer 

satisfaction. On the other hand, aspects like Design and Screen received positive feedback, indicating that consumers 

appreciate the aesthetics and usability of electronic devices. These strengths should be emphasized in marketing and 

product development strategies. 

• Home Appliances: The strong positive sentiment toward Power and Durability in home appliances suggests that these 

features are highly valued by consumers. However, the negative sentiment regarding Noise points to a potential 

improvement area. Manufacturers could benefit from focusing on reducing noise levels in future product iterations, 

particularly for appliances like blenders, washing machines, and vacuum cleaners. Addressing this concern could 

significantly enhance customer satisfaction in this category. 

• Fashion: In the fashion category, Comfort was consistently rated positively, making it a critical selling point for clothing 

and footwear products. However, Size and Color showed mixed reviews, which suggests that improvements in sizing 

accuracy and color consistency could enhance customer satisfaction. Implementing size guides or better quality control 

in color production could mitigate these negative sentiments. 

Table 5.1.1: Improvement Opportunities by Product Category 

Product Category Positive Aspects Improvement Areas 

Electronics Design, Screen Battery Life 

Home Appliances Power, Durability Noise 

Fashion Comfort Size, Color 

5.2. Practical Applications of ABSA 

The findings of this study underscore the practical value of Aspect-Based Sentiment Analysis in various business contexts: 

• Product Development: Companies can use ABSA to identify which product features consumers appreciate the most and 

which aspects are causing dissatisfaction. For example, electronics companies can focus on improving battery life, while 

fashion brands can refine sizing accuracy and comfort. 
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• Marketing and Positioning: Positive aspects such as Design in electronics or Comfort in fashion can be emphasized in 

marketing campaigns to attract more customers. Additionally, addressing the negative aspects (e.g., battery life or noise) 

in communications and product descriptions can help set the right expectations and improve customer perception. 

• Customer Feedback Management: ABSA can be integrated into real-time customer feedback systems, enabling 

businesses to track sentiment trends and respond quickly to negative feedback. This can lead to improved customer 

support and satisfaction. 

5.3. Limitations of the Study 

While the results are promising, several limitations should be acknowledged: 

• Data Bias: The study relies on product reviews from Amazon, which may not be representative of all consumers. Reviews 

on e-commerce platforms tend to come from either highly satisfied or dissatisfied customers, potentially skewing the 

sentiment analysis toward more extreme opinions. Future research could benefit from including data from other sources, 

such as social media, forums, and customer surveys. 

• Aspect Identification: The aspect extraction process, though accurate, may miss subtle or implicit aspects mentioned in 

reviews. Some features or issues may not be directly named but implied through context, leading to an incomplete picture 

of consumer opinions. Fine-tuning models for domain-specific language could help mitigate this limitation. 

• Sentiment Classification: While the BERT model used for sentiment classification performs well, it may still 

misclassify sentiments in cases where sarcasm, irony, or complex phrasing is involved. More advanced models trained 

on nuanced language data could improve accuracy. 

• Generalization: The study is based on specific product categories (Electronics, Home Appliances, and Fashion). While 

the methodology can be applied to other categories, the insights may not directly translate to industries like services, 

software, or entertainment. 

5.4. Future Work 

Future research could address the following areas: 

• Cross-Platform Sentiment Analysis: Expanding the dataset to include reviews from multiple platforms (e.g., Google 

Reviews, social media) could provide a more comprehensive view of consumer sentiment. 

• Multilingual Sentiment Analysis: Extending ABSA to work with reviews in multiple languages could enable global 

businesses to analyze sentiment across diverse markets. This would require the use of multilingual models such as 

mBERT or XLM-R. 

• Aspect-Based Sentiment Trend Analysis: Investigating how sentiment trends evolve over time could provide insights 

into how customer satisfaction changes as new versions or updates of products are released. Time-series sentiment 

analysis could uncover patterns in consumer behavior and preferences. 

5.5 Conclusion 

The study demonstrates the effectiveness of Aspect-Based Sentiment Analysis in extracting detailed insights from customer 

reviews. By identifying specific product aspects and determining the sentiment toward each aspect, businesses can better 

understand customer needs and preferences. The findings suggest several areas for improvement, particularly in electronics 

(battery life), home appliances (noise reduction), and fashion (size and color consistency). Overall, ABSA provides a valuable tool 
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for businesses to enhance product development, customer support, and marketing strategies, driving improved customer 

satisfaction and loyalty. 

This discussion highlights the potential impact of sentiment analysis in consumer research and the opportunities for businesses to 

leverage these insights for competitive advantage. 

6.Conclusion 

Here, this paper studies the application of ABSA to grasp consumer sentiment from Amazon product reviews. The analysis comes 

out with information that explains how customers think about specific features in certain categories such as electronics and home 

appliances, fashion, and more. ABSA is able to enable fine-grained study of sentiments associated with specific aspects such as 

battery life, design, comfort, and price, bringing forth critical actionable insights to the businesses. 

Major insights include such aspects as Design in electronics and Comfort in clothing that consumers like, yet relatively large gaps 

exist-Battery Life in electronics and Noise Levels in household appliances. These findings could be used as a roadmap for guiding 

manufacturers on further product development or refinement to meet customers' expectations better. 

Therefore, the results indicate the possibility of re-engineering unstructured customer feedback into structured aspect-based 

insights that may more effectively help organizations find out about their strengths and weaknesses in a product. The study also 

emphasizes practical applications of ABSA within the context of product development, marketing strategies, and customers' 

feedback management, where organizations can assert consumer insights as a source of competitive advantage. 

Despite the promising results, this study has limitations like potential bias in online reviews and identifying implicit aspects. The 

future can be toward enlargement of the size of datasets to review other platforms apart from English alone, it can be multilingual 

or even time-wise sentiment analysis. 

Conclusion At a deeper and multifaceted level, Aspect-Based Sentiment Analysis can be used as an extremely effective tool for 

businesses to enhance the satisfaction of customers through the comprehension of the emotional tone of product reviews. What 

the above approach thus does is merely be seen as a means of helping businesses meet the needs of their consumers, but it may 

actually go beyond just such compliance due to high consumer loyalty.
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