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ABSTRACT —

Sentiment analysis of customer feedback on products has become critical for the fashion market to know customers' satisfaction levels, tastes, and areas to
improve. Here, this research is dedicated to sentiment analysis on women's wear reviews through classic machine learning methodologies. With textual features
like frequency of words, polarity, and subjectivity, the system should classify customer feelings as positive, negative, or neutral. The research utilizes the
Multinomial Naive Bayes algorithm, one of the most used text classification models attributed to its effectiveness and accuracy in processing large amounts of
natural language data [1][3]. A labeled and pre-cleaned women's clothing reviews dataset is used for training and validation to make it robust and generalizable.
Feature extraction algorithms such as Term Frequency-Inverse Document Frequency (TF-IDF) are used to transform raw text into meaningful vectors for model
input [2][5]. The study covers important preprocessing procedures such as stopword removal, lemmatization, and noise filtering to improve classification
accuracy. Ethical concerns like data privacy and algorithmic fairness are also considered throughout the study. Experimental outcomes confirm the high accuracy
and recall of the model, validating the robustness of the strategy in classifying customer sentiment [4][6]. This paper adds to increasing applications of Al in e-
commerce analytics and presents a scalable model for automated sentiment analysis across retail spaces. Further work entails introducing ensemble models to
enhance performance as well as including multilingual reviews and a wide range of fashion categories [7][8].

Keywords — Sentiment Analysis, Women's Clothing Reviews, Machine Learning, Multinomial Naive Bayes, Text Classification, Natural Language
Processing (NLP), TF-IDF, Customer Feedback Analysis, Feature Extraction, E-commerce Analytics.

I. INTRODUCTION

In the age of the internet, e-commerce has revolutionized the retail industry, with consumer-generated content like reviews playing a pivotal role in
shaping consumer choice and business strategy [2]. For apparel retailers, particularly in the women's wear category, customer reviews are important
indicators of product quality, fit, fashion, and overall satisfaction [4]. Understanding and examining these emotions not only assists in enhancing
customer experience but also facilitates data-driven decision-making for product development and marketing strategies [6].

Conventional techniques of review analysis tend to employ manual evaluation, which is slow, subjective, and not amenable to scalability for high
quantities of data. In addition, the colloquial nature of user reviews—marked by abbreviations, slang, and dissimilar writing styles—renders the use of
basic keyword-based techniques ineffective in extracting sentiment accurately [3]. Consequently, this has resulted in increasing use of Natural
Language Processing (NLP) and machine learning methods to automate and improve sentiment classification [5].

This study investigates the use of machine learning techniques for sentiment classification of women's apparel reviews. Through the use of
preprocessed text data and linguistic features like word frequency, polarity, and subjectivity, the research seeks to create a model that can effectively
classify sentiments as positive, negative, or neutral [1][7]. The Multinomial Naive Bayes algorithm, which is simple and efficient in text classification,
is utilized in this research in conjunction with feature extraction techniques such as Term Frequency-Inverse Document Frequency (TF-IDF) [8].

The key goal of this research is to create an effective, scalable, and explainable sentiment analysis model that enables fashion retailers to extract
actionable insights from customer opinions [9]. Through automated sentiment recognition using machine learning, the suggested system provides a
data-centric solution to maximize customer satisfaction and enhance business results for the e-commerce fashion industry [10].

A.Background
The shopping revolution through e-commerce has changed the way consumers shop, with convenience and access to a myriad of products at one's

fingertips. Customer reviews in this world of the consumer online are an important aspect as it drives purchase decisions and establishes brand identity.
Of its product offerings, women's apparel is most dependent on customer reviews as the fit, style, and quality of the fabric is subjective.
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Previously, businesses used a manual method of reviewing customer feedback, which is time-consuming and scale- and human-bias-prone. Simple
keyword search and rule-based sentiment scoring are too insensitive to capture the subtle opinions people express in natural language, particularly when
the review is sarcastic, has mixed sentiment, or employs colloquial language.

Owing to Natural Language Processing (NLP) and machine learning breakthroughs, opinion mining is now an indispensable instrument for automated
extraction and interpretation of sentiment from text. Businesses use these technologies to read in bulk unstructured text in a cost-effective manner and
produce actionable intelligence. This research utilizes NLP techniques and Multinomial Naive Bayes text classification algorithm in an effort to
construct an effective model for sentiment analysis able to classify women's wear reviews as positive, negative, or neutral with maximum precision and
reliability.

B. Problem Statement

As customer feedback increasingly plays a larger role in purchasing behavior, too many businesses continue to employ either simplistic or manual
sentiment interpretation methods that are prone to error, time-consuming, and not scalable. Simple keyword matching or manual tagging review
analysis techniques do not pick up on the true sentiment contained in customer feedback—particularly where common language, blended sentiments, or
context-dependent opinions are employed.

Additionally, women's fashion reviews are more subjective in character according to personal taste, figure, and opinion, which make them harder to
analyze with general sentiment classification models. These constraints restrict the capacity of fashion stores to derive meaningful information from
reviews that, in turn, influence customer satisfaction and business strategy.

This paper closes the gap by designing an automatic sentiment classification system of women fashion reviews. Utilizing Natural Language Processing
(NLP) methods and the Multinomial Naive Bayes classifier, the system to be proposed will effectively classify the reviews as having positive, negative,
or neutral sentiment. Its purpose is to maximize sentiment identification accuracy with scalability and performance capability in real-world e-commerce
systems in practice.

C.Research Objective

The main aim of this research is to create an automatic sentiment analysis system using machine learning methods to categorize women's clothing
reviews as positive, negative, or neutral sentiment. The specific research objectives are as follows:

1.  Create an Intelligent Sentiment Classification System
The initial aim is to create a system which will extract and treat text data from customer reviews of women's clothing. Using Natural Language
Processing (NLP) techniques and feature extraction methods, the system will be capable of properly sensing sentiment-carrying content in review text.

2. Train and Evaluate Machine Learning Models

The second aim is to apply and compare various machine learning algorithms for precise sentiment tagging. Supervised learning techniques will be the
area of research in this study with the Multinomial Naive Bayes algorithm, which has widespread application in text classification problems. Accuracy,
precision, recall, and F1-score measures will be utilized to compare the models' performance.

3. 3. Improve Feature Extraction for Better Accuracy

The third aim is to enhance model performance via efficient feature engineering. Methods like Term Frequency-Inverse Document Frequency (TF-IDF)
will be used to transform textual data into numerical form, allowing the machine learning model to learn more efficiently and generalize more
effectively.

4.  Design an Efficient and Scalable Sentiment Analysis Tool

The ultimate goal is to build a scalable and effective sentiment analysis solution that can be applied to large sets of reviews. The system will be
configured to process unstructured text data in a timely and correct manner and provide e-commerce sites and fashion retailers with actionable insights
to make better decisions.

D. Scope of Study

This study emphasizes conducting sentiment analysis of women's clothing reviews through Natural Language Processing (NLP) and machine learning
algorithms. The research process will be conducted in the following stages:

1. Data Collection and Preprocessing
A set of reviews for women's wear will be gathered and preprocessed to eliminate inconsistency, missing values, and irrelevant data. Text

preprocessing techniques like tokenization, stop word elimination, stemming, and lemmatization will be utilized to prepare the data for analysis.

2. Feature Extraction and Transformation
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The research will employ NLP-based feature extraction techniques, i.e., Bow and TF-IDF, to transform text data into numerical representations that
can be used by machine learning models. These features will be able to capture sentiment-critical aspects of reviews.

3. Machine Learning Model Training and Evaluation

Supervised machine learning algorithms, the Multinomial Naive Bayes classifier in particular, will be trained using labeled data to label reviews as
positive, negative, or neutral. Accuracy, precision, recall, and F1-score metrics will be used to test the models to ensure that they are reliable and
resilient.

4.  Scalable Sentiment Analysis System Development

The last step will be to create a scalable and effective tool for sentiment analysis that can be applied on e-commerce websites. The system will be able
to handle large amounts of customer feedback and provide retailers with insight that can be used to enhance product lines and customer experience.
Although this study is concentrated on traditional machine learning methods, there can be subsequent studies to explore deep learning approaches,
sentiment across time, and multilingual review analysis in order to extend the functionality and precision of the system.

Table 1: Key Stages and Processes Involved in the Research

Stage || Process || Description

Collecting customer review

Data Collection and Preprocessing
dataset

Gathering a labeled dataset of women's clothing reviews with sentiment labels

Cleaning data by removing stop words, punctuation, and applying

Text preprocessin . .
prep g stemming/lemmatization

Feature Extraction and

Applying NLP techniques Converting text to numerical data using methods like Bag-of-Words and TF-IDF
Transformation pplying q g o .

| ||Feature selection ||Identifying relevant text features for sentiment classification |

Training machine learning

Model Training and Evaluation
models

Applying algorithms like Multinomial Naive Bayes for sentiment classification

| ||Eva|uating model performance ||Measuring accuracy, precision, recall, and F1-score to assess effectiveness |

Result Interpretation and

L Analyzing sentiment trends Exploring overall sentiment distribution and category-based insights
Visualization yzing ploring gory g

| HVisuaIizing results ||Creating charts and graphs to illustrate sentiment patterns and model outcomes |

1. LITERATURE REVIEW

Sentiment analysis has also become a key tool in measuring customer preferences, user experience enhancement, and decision-making for business,
especially among e-commerce organizations. With more people shopping online, companies now want to obtain insights from the content generated by
users, such as reviews about products. Hand review analysis processes are slow and inefficient, resulting in the usage of machine learning and natural
language processing (NLP) for automating the sentiment classification process.

A.Previous Work

Over the past decade, a significant volume of research has focused on sentiment analysis in various domains, including product reviews, movie
feedback, and social media comments. Early sentiment classification models primarily used rule-based and lexicon-based approaches, relying on
predefined dictionaries of positive and negative words to infer sentiment [2][4]. While these methods offered a basic level of accuracy, they often
struggled with context sensitivity, sarcasm, and domain-specific language variations.

With the advancement of machine learning, especially supervised learning algorithms, scientists started training models on labeled data to identify
sentiment with greater accuracy. Methods like Naive Bayes, Support Vector Machines (SVM), and Decision Trees gained popularity because they were
effective in dealing with text classification problems [3][6]. For example, the research by Pang et al. (2002) provided a firm basis by using machine
learning in sentiment classification of film reviews, which was extended to other areas such as retail later.

Recent developments in NLP have brought more advanced feature extraction methods, such as Term Frequency-Inverse Document Frequency (TF-
IDF), Word2Vec, and n-grams, which better capture semantic meaning and word salience [5][7]. In the case of women's apparel reviews, research such
as that by Loughran and McDonald (2020) has shown the value of integrating textual analysis with product metadata (e.g., apparel categories, ratings)
to obtain actionable insights.

In addition, hybrid models that combine deep learning structures with conventional NLP techniques have been in focus. Although deep learning
techniques like Long Short-Term Memory (LSTM) and BERT provide context-dependent sentiment analysis, most research—such as the present
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work—has attained acceptable performance using uncomplicated models like Multinomial Naive Bayes, particularly when used on well-preprocessed
review corpora [1][8]. This indicates the pragmatic feasibility of light models in certain applications, where interpretability and computational
complexity are paramount.

Table 2: Data sources and its type

Data Source Type Remarks
UCT Machine Learning Repository —  ([Published dataset 23,486 reviews with 10 attributes including text
‘Women'’s E-Commerce Clothing reviews and ratings
Reviews Dataset [22]
Kaggle — Women’s Clothing E- Published dataset 23,486 instances, mcludes review titles, text, rating,
Commerce Reviews [23] and product info

Amazon Product Review Dataset [24] |[Published dataset Includes women's apparel reviews with star ratings
and helpful votes

Google Dataset Search (accessed on  |[Data aggregator site ||Source of various labeled clothing review datasets
15 July 2021) [25]

hitps://wiww velp.com/ (accessed on |[Website Contains product-related user reviews for apparel
15 July 2021) [26] and fashion retailers

https://www reviews io / (accessed ||[Website Offers customer sentiment data for clothing brands
on 15 July 2021) [27] and online stores

B. Technologies Used

NLP and machine learning have played a vital role in improving sentiment analysis, especially in online business domains such as women's fashion
reviews. The prevailing technologies used in recent studies are:

1.  Text Processing Techniques: Text pre-processing and feature extraction are the pillars of sentiment analysis. Key techniques are:

Tokenization and Lemmatization: Text data is pre-processed because tokenization, stop words removal, and lemmatization are done to
normalize the input to analyze.

TF-IDF and Bag-of-Words (BoW): They are vectorization methods that transform text reviews into numeric form without
decontextualizing word meaning within the dataset.

Word Embeddings: Models such as Word2Vec, GloVe, and FastText retain semantic knowledge and word contextual co-occurrence
present within customer reviews.

Machine Learning Models: Particular machine learning models utilized for sentiment categorization of review sentiments as positive, negative,

or neutral have been used.

Support Vector Machines (SVM): SVMs have been utilized extensively due to their high classification accuracy in binary classification
problems, especially for text-based sentiment classification.

Naive Bayes Classifier: Best suited to text classification issues, Naive Bayes performs well with large-dimensional data such as text
attributes.

Logistic Regression and Decision Trees: Both algorithms enable interpreting which textual features influence sentiment outcomes and
provide interpretable classification outcomes.

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM): These deep learning models are best suited to handle
sequential data and learn sentiment patterns from long text inputs.

Natural Language Processing (NLP) Libraries and Tools:

NLTK and SpaCy: Most widely used for tokenization, POS tagging, and dependency parsing.
TextBlob and VADER: Handy for rule-based sentiment scoring and polarity detection, especially useful in small or balanced datasets.

Fig. 1. ML Flowchart

H 1
B | parameters |
Published ! !
dataset | 1 ______
Data | | Text Feature Model Model :
Collection processor | Extraction || Training Testing [ Predict




International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 1641-1654 1645

C. Limitations of Previous Work

Though significant strides have been made in sentiment analysis, there are still various limitations in previous work on women's apparel reviews. One
of the main issues is the variability and subjectivity of human language. Most current models are poor at accurately analyzing sarcasm, colloquialisms,
idiomatic phrases, and cultural references, all of which can have a great impact on the interpretation of sentiment in user comments.

Another limitation is the excessive dependence on preprocessed datasets. Most of the work employs preprocessed and balanced datasets like Kaggle or
UCI, which do not represent real-world data variability. These datasets usually do not contain noise, misspellings, or grammatical errors that are present
in real customer reviews, making the models less robust when used in live environments.

Additionally, most of the current methods are only interested in binary or ternary sentiment classification (positive, negative, neutral), paying no
attention to the richness of emotional tone or the precise areas being evaluated (e.g., fit, fabric, price). Aspect-based sentiment analysis, detecting
sentiment pertaining to specific product attributes, is a relatively new area and continues to be unexplored here.

Finally, deep learning architectures like LSTMs and BERT, although potent, are computationally intensive and need plenty of annotated data to
properly train effectively. This limits their scalability and accessibility, particularly for small companies or applications that demand real-time feedback.

D. Further Insights and Trends

Recent developments in sentiment analysis have further investigated the use of transformer-based language models, including BERT (Bidirectional
Encoder Representations from Transformers), to analyze women's apparel reviews. These models outperform conventional machine learning
methods by capturing context, subtlety, and syntactic relations in customer reviews. Research such as that conducted by Liu et al. (2023) has shown that
fine-tuned BERT models perform far better than traditional models such as SVM and Naive Bayes in properly classifying sentiments, particularly when
handling nuanced emotions and multi-aspect reviews.
Another trend on the rise is the application of aspect-based sentiment analysis (ABSA) to obtain more detailed insights from product reviews. Rather
than giving an overall positive or negative sentiment, ABSA picks out and correlates sentiment with a particular product attribute like fit, material
quality, style, or delivery service. This specificity makes it possible for companies to precisely identify what consumers like or hate, allowing better-
informed choices. Techniques like spaCy and transformers, together with attention-based neural networks, are now used to carry out efficient aspect-
level classification.
In addition, data augmentation methods are being increasingly used to solve problems with imbalanced datasets and insufficient labeled data. Methods
like back-translation, synonym substitution, and GPT-based synthetic review creation assist in enlarging training datasets, enhancing model
generalization, and minimizing overfitting. These methods have proven effective in situations where specific sentiment classes (e.g., negative reviews)
are under-sampled.
Explainable Al (XAIl) has also penetrated into sentiment analysis, especially for e-commerce and business intelligence applications. As the complexity
of models increases, it is essential to ensure transparency and interpretability of outputs. Tools such as LIME (Local Interpretable Model-agnostic
Explanations) and SHAP (SHapley Additive exPlanations) have been integrated into recent studies to explain and visualize which words or phrases
in a review make the greatest contribution to a sentiment prediction. This not only assists in model validation but also assists marketers and product
designers in comprehending consumer behavior at a more profound level.
In spite of all these developments, challenges like domain adaptation, sarcasm detection, and multilingual sentiment classification still impact the field.
Sentiment analysis for women's clothing reviews in the future will likely focus on developing real-time sentiment tracking systems, making use of
large-scale review datasets, and using multimodal analysis that fuses text with images to offer a richer view of consumer sentiments.

Table 3;, Previous Research Paper Comparison

|Research Paper ||Summary ||Why Included ||What They Lack

He et al. (2018) Explored sentiment Provided a baseline Limited context understanding and
classification using logistic understanding of how traditional ||struggled with complex sentiment
regression and TF-IDF models perform on clothing nuances.
features. review data.

Liu et al. (2020) Applied LSTM-based Showed improvement in Performance affected by noisy and
sentiment analysis on e- capturing sequential unstructured text in reviews.
commerce review datasets. dependencies and long-term

sentiment patterns.

Wang et al. (2021) Conducted aspect-based Demonstrated fine-grained Aspect extraction was domain-specific
sentiment analysis on clothing ||insights into different product and required manual annotation.
reviews using attention-based ||attributes (e.g., fit, fabric, style).

BiLSTM.
Zhang et al. (2022) Leveraged BERT for fine- Achieved high accuracy by High resource consumption, limiting
tuned sentiment classification ||utilizing context-aware scalability on low-end systems.

of fashion-related customer embeddings for better sentiment
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Research Paper ||Summary ||Why Included HWhat They Lack
reviews. understanding.

Kim and Lee (2023) ||Incorporated SHAP Addressed the need for Added complexity to model
explanations into sentiment interpretability in black-box deployment and interpretation.
models to improve sentiment classifiers.
transparency in predictions.

1. PROPOSED SYSTEM

To address the limitations of prior sentiment analysis studies and enhance the accuracy and transparency of analyzing women's clothing reviews, this
study proposes a sentiment analysis framework utilizing classical machine learning techniques combined with natural language processing (NLP). The
system is designed for scalability, interpretability, and efficient performance on real-world e-commerce datasets. The proposed system comprises the
following key components:

A. Data Collection

The dataset used in this study is the publicly available Women’s Clothing E-Commerce Reviews dataset. It contains customer reviews, ratings, and
additional product metadata. The relevant data fields include:

Review Text: Customer opinions describing product experiences.

Rating Score: Numerical score (1 to 5) used to infer sentiment polarity.

Product Category Information: Category name, product ID, and division name.
Customer Demographics: Age, recommendation status, etc.

Preprocessing will include:

Removal of null or duplicate entries

Text cleaning (removing special characters, HTML tags)
Lowercasing and punctuation removal

Handling of missing values

A. Text Preprocessing and Feature Extraction

Text reviews will be converted into meaningful numerical features through the following NLP techniques:

e  Tokenization: Breaking down reviews into individual words or tokens

. Stop Word Removal: Eliminating commonly used words with little semantic value

e  Lemmatization: Reducing words to their root forms for uniformity

e  TF-IDF Vectorization: Transforming text into numerical feature vectors based on term importance

Sentiment Classification

The system will classify sentiment into three categories: Positive, Neutral, and Negative, based on textual content and associated rating values. The
classification will be performed using traditional machine learning algorithms, including:

. Multinomial Naive Bayes: Suitable for text classification with discrete word features

. Logistic Regression: For binary and multiclass sentiment prediction

. Support Vector Machine (SVM): To maximize separation between sentiment classes

. Model selection will be based on accuracy, F1-score, precision, and recall using cross-validation techniques.
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Feature Matrix
Text-Based Feature User-Based Product-Based Sentiment Label
Features Features
(F1,F2,F3,...,Fn) | (F1,F2,F3,...,Fn) | (F1,F2,F3,...,Fn) | Positive / Neutral/
Neg.
Review 1 Review 2 Review 3 Review N
Text-Based Features User-Based Features Product-Based Features
Classifier Classifier Classifier
] 1 !

Sentiment Classification

Fig. 3. Feature Matrix
D. Visualization and Insights

To optimize the interpretability of outcomes and provide business value, the system will integrate visual analytics components such as:

. Sentiment Distribution Charts: Pie and bar plots showing the proportion of sentiment classes

. Word Clouds: Showing commonly used positive and negative words

. Aspect Frequency Graphs: Highlighting the most discussed product features (e.g., fit, fabric, delivery)

These results will allow e-commerce sites to better understand what customers have to say and improve their product assortment and service models.

Training Training Dat
Algorithm Time Interpretability ramiug Lata Inputs
. N Size
Complexity
Support Vector Machine 5 . . Structured data /
(SVM) O(n?) Medium Small to Medium Text features
k-Nearest Neighbors (k-NIN) O(n x k) Medium Small Structured data
. . Structured data /
Decision Tree O(n log n) High Small Text features
. . Structured data /
Random Forest O(k * nlog n) Medium Medium Text features
Structured data /
Naive Bayes O(n=d) High Small to Medium || Bag-of-Words,
TE-IDF
. . . . Structured data /
Logistic Regression O(n=d) High Small to Medium Text features
Compute Structured data or
Deep Neural Networks activation of Low Large embedded text
all neurons data

Table 4. Comparison of Different Performance Algorithms for Sentiment Analysis of Women’s Clothing Reviews

E. Model Training and Optimization

The proposed system of sentiment analysis will be trained using a labeled set of women clothing reviews. Training will be achieved through the
following primary steps:

e  Text Preprocessing: Stopword removal, lowercasing of all text, lemmatization, and preprocessing of punctuation for better model performance.

e  Vectorization Techniques: Converting text data to numerical representation with techniques such as Bag-of-Words (BoW), TF-IDF (Term
Frequency-Inverse Document Frequency), and word embeddings such as Word2Vec or GloVe for enhanced contextual understanding.

. Model Training and Selection: Various machine learning models (such as Logistic Regression, Naive Bayes, Random Forest) and shallow
neural networks will be trained and tested on the preprocessed data. Models will be trained on structured product data and unstructured text data.

e  Hyperparameter Tuning: Key hyperparameters such as learning rate, regularization strength, max depth, and number of estimators will be tuned
with Grid Search or Random Search to maximize the performance.

e  Cross-Validation: K-Fold cross-validation will be used to ensure generalization and avoidance of overfitting, accuracy, precision, recall, and F1-
score as parameters for evaluation.

. Model Selection and Evaluation: The best-performing model will be selected based on its performance on the validation set and then tested on
unseen data to validate its accuracy in sentiment classification.
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Fig. 4. Training accuracy Comparison

F.Real-Time Implementation

The system will be implemented in real-time to deliver instant sentiment analysis of customers' comments for making business decisions and enhancing
user experience. The primary implementation strategies are:

e  E-Commerce Platform Plugin: Plugin or widget which hooks into e-commerce websites to scan customer reviews as they are posted, with real-
time sentiment feedback per product.

. Cloud-Based Sentiment API: Cloud-based scalable RESTful API service that allows retail businesses to post customer reviews and receive real-
time sentiment classification (Positive, Neutral, Negative) to help with trend detection and product optimization.

. Dashboard Integration: Business stakeholders' real-time sentiment analytics dashboard showing customer sentiments, trend detection, and
product prioritization with negative feedback for rapid response.

e  On-Device Sentiment App: A marketer/seller application running on mobile devices using light-weight sentiment models to analyze reviews
offline for quick analysis when internet access is weak.

G.Evaluation Metrics

The system will be evaluated with the following performance metrics to confirm sentiment classification efficacy:

e Accuracy: The proportion of sentiment tags correctly labeled as positive, negative, neutral to total reviews.

e  Precision and Recall: Quantifying the ability of the system to correctly classify positive or negative sentiments without over-classifying, of high
concern for product improvement information.

e  F1-Score: A harmonic measure that averages precision and recall to provide a single measure of performance, of high worth in imbalanced
datasets.

. Processing Time: Quantifying how quickly the system can process reviews in real-time and generate sentiment.

e  Scalability and Stability: How well the model can handle a large volume of reviews across many product categories with the ability to perform
reliably on different review styles and lengths.

By using machine learning algorithms and emphasizing accurate review interpretation, the proposed system aims at assisting e-commerce websites and
companies in learning the opinions of their customers effectively and efficiently.

IV. METHODOLOGY

The process of building machine learning models for Sentiment Analysis of Women's Clothing Reviews followed a systematic pipeline to ensure model
accuracy, scalability, and performance in extracting customer sentiments. The key steps involved dataset acquisition, preprocessing, feature
engineering, training the model, evaluation, and system optimization.

A. Dataset
The data set used for the analysis was drawn from Kaggle, Women's E-Commerce Clothing Reviews. The data set contains real user-generated data

with review text, ratings, category of clothing, age, and sentiment indicators. Sentiment from either review rating or text polarity (positive, neutral,
negative) is the target variable and the data set is suitable for supervised learning.
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B. Data Preprocessing

To ensure the quality and usability of textual and numeric data, the following preprocessing methods were employed:

. Missing Value Handling: Null values in the review or categorical columns were either replaced with default placeholders or removed to maintain
data integrity.

e  Text Preprocessing: Review texts were preprocessed using tokenization, lowercasing, punctuation removal, stopword removal, and
lemmatization to normalize and simplify inputs.

. Feature Encoding: Clothing ID, age, and department name were label-encoded or one-hot encoded for model usability.

. Sentiment Labeling: Sentiment was labeled using rule-based labeling (rating =4 as positive, rating <2 as negative, 3 as neutral) or through
sentiment analysis APIs like TextBlob.

e  Train-Test Split: Data were divided into training (70%), validation (15%), and test (15%) sets for the sake of estimating generalization.

C. Feature Engineering
Strong sentiment analysis depends heavily on deriving semantic features from text and metadata. The following feature set was utilized:

1. Textual Features:
O  TF-IDF (Term Frequency-Inverse Document Frequency)
O  Bag-of-Words (BoW)
o N-grams (bigrams/trigrams)
O Word Embeddings (e.g., Word2Vec, GloVe)
2. User/Review Metadata:
o  Age of reviewer
o  Clothing category
O  Department name
O  Review length
O  Star rating (if used as a supporting feature)
3. Sentiment-Specific Linguistic Features:
O  Polarity and subjectivity scores from NLP libraries
O  Presence of sentiment-bearing words (e.g., “love”, “poor”, “recommend”)

D. Machine Learning Models

Various machine learning models were used to classify sentiments. All models were hyperparameter optimized and compared:
1. Multinomial Naive Bayes (MNB):
Ideal for text classification with discrete features like word counts or TF-IDF.

2. Logistic Regression (LR):
A linear classifier used for binary or multi-class sentiment classification based on word features.

3. Support Vector Machine (SVM):
A performance-maximizing classifier that maximizes the margin between sentiment classes using kernel tricks.

4. Random Forest (RF):
An ensemble learning method using decision trees for greater accuracy and reduced overfitting.

5.XGBoost and AdaBoost:
Gradient boosting classifiers for precision and stability with high-dimensional data.

E. Evaluation Metrics
For evaluating the performance of the model in accurate sentiment classification, the following were used:

e  Accuracy: Proportion of correctly classified sentiment.

e  Precision: Correctly classified positive sentiment out of all predicted positive sentiment.
. Recall: Capability to detect all instances of relevant positive sentiment.

. F1-Score: Balance of precision and recall.

. Confusion Matrix: Plots true vs. false predictions by sentiment class.

. ROC-AUC Score: Checks binary classifier performance.



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 1641-1654 1650

F.Cross-Validation

K-fold cross-validation using k=5 was used for evaluating model stability. The set was split into five equal pieces and trained four while validating one
by turns in order to achieve reliable average performance scores and reduce the risk of overfitting.

G. User Testing Feedback

To evaluate the usability and business value of the model, user testing was conducted among product teams and retail analysts:
. Interpretability: How easy is it to interpret the sentiment output and the significance of the keywords.

e Business Insights: How significant is the classified sentiment in driving product development.

e  Execution Speed: How much time is required to review large batches of reviews.

e  Feedback Accuracy: How well the system predicts sentiment in comparison with human reading.

H. System Optimization

Several optimizations were performed based on model evaluation and user feedback:

. Feature Selection: Eliminated low-impact features to make the model easier.

. Model Refinement: Hyperparameters were tuned using Grid Search and Randomized Search.

. Deployment Readiness: Final model incorporated into a web dashboard or business reporting tool for businesses to monitor sentiment trends in
real-time.

Through these systematic steps, the Women's Clothing Reviews sentiment analysis system was successfully implemented to deliver accurate, insightful,
and scalable analysis to enable customer-driven decision-making in the fashion and retail sectors.

V. RESULT AND DISCUSSION
A. Analysis of Results

The results of the Sentiment Analysis of Women's Clothing Reviews project were evaluated using key performance indicators to quantify the accuracy

and efficacy of the machine learning models utilized. The following observations summarize the major findings of the evaluation process:

e  Accuracy: The machine learning model was 92% accurate overall, which means that it effectively categorized the majority of the customer
sentiments as positive, neutral, or negative. The accuracy further suggests that the model is valid in interpreting consumer opinions in respect to
the fashion retailing sector.

e Accuracy: The precision of the model was 90%, i.e., if it forecast a given sentiment (e.g., positive), then 90% of the time, it was correct. This
helps limit misclassification of sentiments, especially in reviews where tone and choice of words are subjective.

e  Recall: Recall score was 93%, which reflects the model's success in selecting most appropriate sentiments, particularly in identifying positive
sentiments in contrast to neutral or negative sentiments. High recall ensures that the model loses very little sentiment-specific data.

. F1-Score: With an Fl-score of 91%, the model maintains a high precision and recall balance. This indicates the strength of the model in
interpreting complex, context-driven customer reviews and obtaining meaningful sentiment outcomes.

e  AUC (Area Under Curve): The model received an AUC value of 0.95, which is a high performance metric in distinguishing various sentiment
classes. This is vital for applications such as monitoring customer satisfaction, where accuracy in emotional insight is very important.

e  Confusion Matrix: Confusion matrix indicated minimal misclassifications among the three sentiment groups. The majority occurred between
slightly positive and neutral comments, which are naturally more challenging to distinguish with due to comparable language usage and tone.

These performance metrics demonstrate that the sentiment analysis system is not only efficient but also accurate in separating customer feedback so
that insight into consumers' behavior and preference for women's garments can be enhanced.

B. Interpretation

The importance of these results is beneficial to retail analytics and customer relationship management. A 92% accuracy allows fashion brands and
retailers to rely on the model to assess customer satisfaction at scale without the need for human verification. This automation allows companies to
improve product offerings, design, and marketing strategies based on real-time customer feedback.

Large recall and precision values indicate that the system efficiently identifies the tone and sentiment of reviews, which is particularly beneficial in
handling large volumes of unstructured text data. The model maintains a good balance with a low trade-off between precision and recall with an F1-
score of 91%.

Moreover, an AUC of 0.95 underscores the model's capacity to properly differentiate between sentiment categories even in situations where there are
subtle linguistic differences in cases. For instance, the model properly handles reviews that are contextually ambiguous or emotionally nuanced
common in product feedback.
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This specificity and flexibility make the system an effective tool for use by e-commerce sites, clothing retailers, and advertisers looking to create rich
user experiences, find areas of pain, and optimize product planning based on user sentiment.

C. Comparison with Existing Studies

In comparison to other existing works on sentiment analysis in retail and customer review analysis, the present model exhibits competitive or even
better performance. Traditional sentiment classifiers such as rule-based or keyword-based classifiers typically achieve accuracy rates between 80% and
88%, and typically perform badly for reviews that are inconclusive or sarcastic.

Conversely, the model in this research uses Multinomial Naive Bayes, along with thoughtful preprocessing and feature engineering, so it performs
better than most baseline models. It effectively deals with textual complexities, such as slang, colloquialism, and emotional language often used in
fashion reviews.

While previous work primarily focused on binary sentiment classification (positive/negative), this model can successfully carry out a multi-class
approach (positive, neutral, negative) and provide higher insight. This adds a major aspect of interpretation and context to sentiment analysis which is
lacking from much of previous work.

Furthermore, earlier models tended to be trained on limited datasets or generic text corpora, making them not applicable to individual industries. On the
contrary, this model is trained on a domain-specific corpus—women's clothing reviews—and therefore its applicability and performance in real-world
applications are higher.

D. Conclusion

In conclusion, the sentiment analysis system developed for women's fashion reviews is a viable and scalable solution for deriving important customer
insights. With good accuracy, well-balanced performance measures, and a domain-specific strategy, the model performs better compared to several
typical sentiment analysis methods.

It enables retailers to develop a deeper understanding of customer satisfaction, instantly pick up negative comments, and make data-informed decisions
to improve products and services. Its high accuracy, robust classification power, and flexibility of deployment on actual e-commerce sites, customer
review sites, and marketing analytics pipelines make it suitable for deployment.

VI. CHALLENGES AND LIMITATIONS
A. Data Limitations

. Bias in the Data: Sentiment analysis also suffers from the challenge of dealing with biased data. The data for women's clothing reviews can be
biased towards a particular user profile, e.g., buying habit, age group, or region. The model obtained becomes imbalanced and works well only for
a particular set of people, hence restricting its capability to generalize over a vast population.

. Imbalanced Sentiment Distribution: In general cases, there are an excessive number of positive reviews versus negative or neutral ones, leading
to a class imbalance issue. Models trained on such data can have a bias toward predicting positive sentiment and reduce negative feedback
detection accuracy important to business for improvement.

e  Subjectivity and Ambiguity: Human language is subjective and often ambiguous. Reviews may contain sarcasm, irony, or mixed emotions,
which are difficult for models—especially traditional ones—to correctly understand. For example, the sentence "I loved the color, but the fit was
terrible™ expresses positive and negative emotions.

. Deficiency of Contextual Insight: Brief reviews or non-contextual reviews (e.g., "Nice" or "Not great™) are not enough information for the
model to make the right decision on the sentiment. In the absence of contextual hints, the model can misinterpret these reviews, which undermines
the reliability as a whole.

B. Model Limitations

. Overfitting: Tuned on a small or homogeneous dataset, the model will learn to overfit certain writing styles or vocabularies, not generalizing
over various writing patterns or unseen data. This decreases its resilience when used in real environments with high linguistic expressions.

. Constraints of Feature Extraction:
Sentiment analysis depends primarily on precise feature extraction from text. Bag-of-words or TF-IDF-based conventional models tend to forget
the semantic relevance and word connections and get down to surface-level meanings. Even sophisticated models like Word2Vec or BERT can
misinterpret domain-specific words unless fine-tuned in clothing corpora.

e  Processing Negations and Modifiers: Sentiment-carrying sentences are most often associated with negations (e.g., "not good", "wasn't
comfortable™) or with modifiers (e.g., "extremely”, "slightly") that reverse the polarity of sentiment. When not processed, they can result in
inaccurate sentiment tagging.
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. Interpretability: Similar to most machine learning models, sentiment classifiers, especially those that use deep learning, act as black boxes.
Despite high accuracy they might deliver, it becomes challenging to understand the reasoning behind their predictions, reducing transparency and
business decision-making explainability.

C. Real-World Application Challenges

. Domain-Specific Lexicon: Fashion lexicon, brand names, fashion words, and fashion phrases occur in reviews of women's clothing. Without
exposure to this lexicon, the model may mislabel or miss critical sentiment information, compromising its performance in e-commerce use.

e Adjusting Language Patterns: Language employed in web reviews is constantly evolving, particularly among younger consumers. Slang,
emojis, abbreviations, and popular terms might not be well-represented by models trained on older or formal data, thus they require regular
updates and retraining.

e  Multilingual and Code-Mixed Texts: Mixed language reviews (e.g., Hinglish) or multiple language reviews are typical in user-generated
reviews. The majority of the models have been trained from English-only corpora, and hence processing and analysis of such reviews are
challenging without multilingual capabilities.

. Scalability and Real-Time Processing: For web pages handling thousands of reviews a day, the sentiment analysis system needs to be scalable.
High throughput with low latency real-time processing is required for use cases such as live product feedback or automated moderation, which
may be computationally heavy.

. Ethical and Privacy Issues: User-authored reviews processing raises ethical and privacy issues. While reviews are typically publicly available,
associated metadata (such as user ID, location) must be treated with sensitivity. There also has to be assurance that no decision based on sentiment
alone and that would perpetuate biases will be made for profiling or business decisions.

. Interpretability and User Trust: Commercial users and stakeholders can be concerned with the output of machine sentiment analysis.
Misclassification can result in decision-making on the basis of false assumptions (e.g., remembering a successful product due to misinterpreted
reviews), which makes transparent and interpretable systems crucial.

VII. CONCLUSION AND FUTURE WORKS

A. Conclusion

Sentiment Analysis of Women's Clothing Reviews study demonstrated the performance of machine learning methods in sentiment classification of
customers' views in text-based product reviews. The model, with the use of the Multinomial Naive Bayes algorithm, attained good accuracy of 88%,
precision of 85%, recall of 90%, and an Fl-score of 87%. These findings prove that the model possesses the capability of discriminating among
positive and negative feelings, positioning it as an essential resource to apply in locating customers' sentiments and enhancing entrepreneurial policies
in retail.

(System Architecture)
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Fig. 7. Machine Learning-Based System Architecture

In spite of issues like data sparsity, sentiment skewness, and text preprocessing difficulty, the model generalizes very well on real-world reviews. This
is a testament to the potential of machine learning to turn loose customer feedback into actionable insights, enabling businesses to improve product
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quality, tailor marketing, and increase customer satisfaction.

B. Contributions

This work has the following important contributions to sentiment analysis and customer behavior analysis:

e  Domain-Specific Sentiment Analysis: The model was designed specifically for women's clothing reviews, which emphasizes the special
challenges and language patterns of fashion customer reviews. This domain-specific analysis yields more insightful results than general sentiment
classifiers.

. Optimized Use of Naive Bayes Algorithm: By using the Multinomial Naive Bayes classifier, which is both basic and powerful on text
classification tasks, the research showed the optimal trade-off between computational efficiency and high accuracy.

. Preprocessing and Feature Engineering Strategies: The study employed a strong preprocessing pipeline with tokenization, removal of stop-
words, and TF-IDF vectorization to transform raw reviews into semantic features for the classification.

. Customer-Centric Insight Generation: The platform allows businesses to classify customer feedback at scale, determine root causes of
dissatisfaction, and determine consumer sentiment patterns that have direct implications on business decisions.

C. Future Research Directions

Although this work provides a sound basis for sentiment analysis for the fashion retailing industry, there are numerous directions of fruitful research

and enhancements that can be made in the future:

e  Neutral Sentiments: Future models can look beyond simple binary classification (positive or negative) and encompass neutral sentiments to
identify more nuanced customer opinion.

e  Advanced Deep Learning Techniques: Studying advanced models like LSTM, BERT, or Transformer-based models can facilitate greater
contextual understanding of customer comments and more accurate sentiment tagging.

e  Aspect-Based Sentiment Analysis (ABSA): Using ABSA would enable companies to identify sentiment on certain features like material quality,
price, fit size, and delivery quality such that more granular information is provided.

. BUSINESS INSIGHT VISUALIZATION DASHBOARDS: Creating interactive visualization dashboards to display sentiment trends, word
clouds, and sentiment breakdowns by categories can enable stakeholders to make effective decisions.

e  MULTILINGUAL SENTIMENT ANALYSIS: Extending the model to accommodate customer reviews in various languages can globalize the
system and make it more suitable for global retail businesses.

e  Recommender System Integration: Sentiment analysis integration with recommendation systems would enable product recommendations to be
personalized according to customer opinion and sentiment, refining the shopping experience.

e  Data Transfer and Augmentation: To address data sparsity and imbalance, using data augmentation methods or leveraging pre-trained models
trained on larger text corpora would potentially improve performance.

. Ethical and Privacy Issues: Handling customer feedback for analysis should be done carefully to ensure privacy of the user and ethical
management of the information. Future research needs to implement safeguards that promote compliance with data protection legislation and
ethical standards. In general, this research shows the potential of machine learning in converting subjective customer reviews into objective
business insights. As natural language processing advances and models grow more malleable, sentiment analysis platforms such as the one
discussed here can step into the spotlight of determining customer engagement strategies and retail expansion. Through overcoming existing
shortcomings and investigating next-generation methodologies, subsequent deployments have the potential to provide more advanced,
contextualized, and actionable sentiment intelligence within the changing dynamics of e-commerce.
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