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Abstract: The rapid growth of online skincare markets has led to an overwhelming amount of customer reviews, making it
difficult for consumers and companies to extract meaningful insights. This project presents an Al-driven skincare product
analytics and sentiment analysis system that leverages Natural Language Processing (NLP) and Machine Learning techniques
to analyze and classify customer feedback.

The system processes textual data from skincare product reviews by performing data preprocessing steps such as text cleaning,
tokenization, and stop-word removal. It then transforms the processed text into numerical features using the TF-IDF
vectorization technique. A supervised machine learning model is trained on this data to classify sentiments into categories such
as positive, negative, and neutral.

To enhance usability, the trained model is integrated into a web-based application developed using Flask, allowing users to input
reviews and receive real-time sentiment predictions. This system helps businesses understand customer opinions, identify
product strengths and weaknesses, and make data-driven decisions.

Overall, the project demonstrates the practical application of Al and NLP in analyzing consumer behavior and improving
product strategies in the skincare industry.

I. INTRODUCTION
In recent years, the skincare industry has experienced significant growth due to increased consumer awareness and the widespread
use of online platforms for purchasing beauty products. Customers frequently share their experiences and opinions through online
reviews, which serve as a valuable source of information for both consumers and companies. However, the large volume of
unstructured textual data makes it challenging to manually analyze and extract meaningful insights.
To address this challenge, Artificial Intelligence (Al) and Natural Language Processing (NLP) techniques can be used to
automatically process and analyze customer reviews. Sentiment analysis, a key application of NLP, helps in identifying the
emotional tone behind textual data by classifying it into categories such as positive, negative, or neutral. This enables businesses to
understand customer satisfaction, preferences, and areas for improvement more effectively.
This project focuses on developing an Al-driven skincare product analytics and sentiment analysis system that automates the
process of analyzing customer feedback. The system uses machine learning algorithms to classify sentiments from skincare product
reviews and provides insights through a user-friendly web interface. By integrating data preprocessing, feature extraction, and
model prediction into a single pipeline, the project demonstrates a practical solution for handling real-world text data.
The proposed system not only reduces manual effort but also improves decision-making by providing accurate and timely insights
into customer opinions. It can be widely applied in e-commerce platforms, product review systems, and business intelligence tools
to enhance customer experience and product quality.

Il. LITERATURE REVIEW

The rapid expansion of e-commerce platforms has led to an increase in user-generated content such as product reviews, which play
a crucial role in influencing customer decisions. As a result, sentiment analysis has gained significant attention in recent years as a
method to automatically interpret and classify opinions expressed in textual data.

Several studies have explored the use of Natural Language Processing (NLP) techniques for sentiment classification. Traditional
approaches involve text preprocessing methods such as tokenization, stop-word removal, and stemming, followed by feature
extraction techniques like Bag of Words (BoW) and Term Frequency—Inverse Document Frequency (TF-IDF). These methods
convert textual data into numerical representations suitable for machine learning models.
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Researchers have applied various machine learning algorithms for sentiment analysis, including Naive Bayes, Logistic Regression,
Support Vector Machines (SVM), and Decision Trees. Among these, Naive Bayes and Logistic Regression are widely preferred due
to their simplicity, efficiency, and good performance on text classification tasks. Studies have shown that TF-IDF combined with
these algorithms often provides reliable results for medium-sized datasets.

In recent years, deep learning techniques such as Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and
Transformer-based models have also been used for sentiment analysis, achieving higher accuracy by capturing contextual
relationships in text. However, these methods require large datasets and high computational resources, making them less suitable for
lightweight applications.

Some research has specifically focused on product review analysis in the skincare and cosmetics domain, where sentiment analysis
helps identify customer preferences, product effectiveness, and common issues such as skin reactions or ingredient concerns. These
insights assist companies in improving product quality and enhancing customer satisfaction.

Based on the existing literature, this project adopts a machine learning-based approach using TF-IDF and a classification algorithm
to build an efficient and scalable sentiment analysis system. Additionally, the integration of a Flask-based web application ensures
practical usability by enabling real-time sentiment prediction for user input.

1. PROPOSED METHODOLOGY
This work proposes an intelligent framework for analyzing skincare product reviews using Natural Language Processing (NLP) and
supervised machine learning techniques. The overall architecture of the system is designed to transform unstructured textual data
into meaningful sentiment insights through a multi-stage processing pipeline.
A. Data Acquisition
The dataset used in this study consists of a large collection of skincare product reviews obtained from publicly available sources.
The dataset contains textual feedback along with corresponding sentiment labels, enabling supervised learning. The diversity of the
dataset ensures coverage of various user opinions and linguistic patterns.

B. Text Preprocessing

To improve the quality and consistency of the input data, several preprocessing techniques are applied. These include normalization
(conversion to lowercase), removal of punctuation and special symbols, tokenization, and elimination of stop words. This step
reduces noise and enhances the semantic clarity of the textual data.

C. Feature Representation

The preprocessed text is transformed into numerical feature vectors using the Term Frequency—Inverse Document Frequency
(TF-1DF) technique. This method effectively captures the importance of words in individual documents relative to the entire corpus,
thereby improving the discriminative capability of the model.

D. Model Development

A supervised machine learning model is employed for sentiment classification. The dataset is partitioned into training and testing
subsets to ensure unbiased evaluation. Algorithms such as Logistic Regression and Naive Bayes are considered due to their
effectiveness in text classification tasks. The model learns to map input feature vectors to corresponding sentiment labels (positive,
negative, or neutral).

E. Performance Evaluation
The performance of the proposed model is evaluated using standard classification metrics, including Accuracy, Precision, Recall,
and F1-score. These metrics provide a comprehensive assessment of the model’s predictive capability and robustness.

F. System Deployment

To demonstrate practical applicability, the trained model is deployed using a lightweight web framework. The system accepts user
input in the form of text reviews, processes the input through the trained pipeline, and generates real-time sentiment predictions. The
deployment ensures accessibility and usability in real-world scenarios.
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G. Workflow of the Proposed System
The overall workflow of the system is summarized as follows:
1) Input acquisition from user or dataset
2) Text preprocessing and cleaning
3) Feature extraction using TF-IDF
4) Sentiment prediction using trained model
5) Output visualization through web interface
Table I. Dataset Description and Composition

Review_id Product_nam Skin_type Rating Review_text Review_date Sentiment
e
1 Aloe Vera Dry 4 | have been using 12-07-2021 | Positive
Moisturizer this Aloe Vera

Moisturizer for a few
weeks and my skin
feels smoother.

2 Aloe Vera Normal 4 This Aloe Vera 07-05-2023 Neutral
Moisturizer Moisturizer feels
lightweight and
keeps my skin
hydrated.
3 Hydrating Dry 4 After regular use this | 11-09-2021 Positive
Face Cream Hydrating Face

Cream improved my
skin condition.

Table | outlines dataset distribution, in such a manner that normal samples are well represented so that models can be trained.

a) Data Preprocessing and Feature Engineering:

Raw skincare product reviews are preprocessed to improve data quality and model performance. The preprocessing steps include
lowercasing, removal of punctuation and special characters, tokenization, and elimination of stop words. These steps help in
reducing noise and retaining meaningful textual information.

For feature engineering, the cleaned text is transformed into numerical form using the TF-IDF (Term Frequency-Inverse Document
Frequency) technique. This method assigns weights to words based on their importance in a document relative to the entire dataset,
enabling effective representation of textual data.

NLP Pipeline
. Pre- Feature
Text Cleaning . processing . Engineering
Monitoring

and Model Deployment Evaluation Modeling
ploy

Updating

Figl:Flowchart of the NLP Pipeline
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Each review is associated with a sentiment label, categorized into three classes: positive, negative, and neutral. These labels are used
to train and evaluate the supervised machine learning model for sentiment classification.
The dataset is primarily composed of the following attributes:
e Review Text: User-generated feedback describing product experience
e Sentiment Label: Classification of reviews into positive, negative, or neutral
Prior to model training, the dataset undergoes preprocessing steps including text normalization, removal of noise (punctuation and
special characters), tokenization, and stop-word removal. The processed data is then transformed into numerical feature vectors
using the TF-IDF (Term Frequency—Inverse Document Frequency) technique.

pie chart for positive,negative and neutral sentiments

positive 23%

negative 38%

neutral 39%

Fig2:Pie Chart ForPostive,Negative and Neutral Sentiments

b) Model Training and Demand Prediction:

In this phase, the preprocessed and feature-engineered data is used to train a supervised machine learning model for sentiment-based
demand prediction. The dataset is divided into training and testing sets to ensure proper evaluation. Algorithms such as Logistic
Regression and Naive Bayes are employed due to their effectiveness in text classification tasks.

During training, the model learns the relationship between TF-1DF feature vectors and corresponding sentiment labels. Once trained,
the model is used to predict the sentiment of new, unseen reviews, which reflects product demand and customer preference.

c) Web Application and Visualization:

To ensure practical usability, the proposed system is deployed as a web application using the Flask framework. The application
provides an interactive interface where users can input skincare product reviews and obtain real-time sentiment predictions
generated by the trained machine learning model.

The system integrates all processing stages, including preprocessing, feature extraction using TF-IDF, and sentiment classification,
into a unified pipeline. The prediction results are presented through a user-friendly interface, enabling easy interpretation of
customer feedback.

Summary

This study presents an Al-driven system for analyzing skincare product reviews using Natural Language Processing and machine
learning techniques. The proposed approach includes data preprocessing, feature extraction using TF-IDF, sentiment classification,
and demand prediction. Additionally, opportunity scoring and skill gap analysis are performed to identify product strengths and
areas for improvement.

The system is further deployed as a web application to provide real-time predictions and visual insights. Overall, the proposed
framework offers an efficient and scalable solution for understanding customer feedback and supporting data-driven decision-
making in the skincare industry.
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V. RESULTS AND DISCUSSION
A. Dataset Overview and Experimental Setup:
The dataset used in this study consists of approximately 12,000 skincare product reviews collected from online platforms. Each
review is labeled into three sentiment classes: positive, negative, and neutral. The data is preprocessed using standard NLP
techniques such as text cleaning, tokenization, and stop-word removal, followed by feature extraction using TF-IDF.
For experimental evaluation, the dataset is split into training and testing sets in an 80:20 ratio. A supervised machine learning model
is trained on the training data and evaluated on the test data using performance metrics such as accuracy, precision, recall, and F1-
score.

Transformers Estimator

Tokenizer Count Logistic
Vectorizer Regression

Pipeline

\L Fit

Extract Features Predict With Model
— >
Load Data —> ‘ — > —) _

Test Pipeline Predictions
DataFrame Model DataFrame

Fig3:Machine Learning Pipeline

B. Model Performance and Demand Prediction Accuracy:

The performance of the proposed model is evaluated using standard classification metrics, including accuracy, precision, recall, and
F1-score. The model achieves an accuracy of 0.88, indicating its effectiveness in correctly classifying sentiment from skincare
product reviews.

The predicted value is
positive and its positive

‘\ ACTUAL VALUES Type | error :
The predicted value is

N\ Positive Negative positive but it False

\

™

Positive

PREDICTED VALUES

Negative

Type |l error : The predicted value is
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negative but its positive

Fig4:Proposed Methodology Flowchart
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C. Dashboard Visualization and User Interaction:

The proposed system includes an interactive dashboard that enables users to visualize sentiment analysis results and demand
insights effectively. The dashboard presents key information such as sentiment distribution, demand levels, and opportunity scores
using graphical representations.

Sentiment Analysis: Dataset-II
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Fig5:Dashboard Visualization

Total Counts

D. Discussion and Observations:

The experimental results demonstrate that the proposed system effectively classifies customer sentiments and provides reliable
demand insights. The use of TF-IDF for feature extraction and supervised machine learning algorithms contributes to high
classification accuracy and efficient performance.

V. CONCLUSIONS
This study presents an ai-driven system for analyzing skincare product reviews using natural language processing and machine
learning techniques. The proposed approach effectively preprocesses textual data, extracts meaningful features using tf-idf, and
classifies sentiments with high accuracy.
The integration of demand prediction, opportunity scoring, and skill gap analysis provides deeper insights into customer feedback
and product performance. Furthermore, the deployment of a web-based application enables real-time interaction and visualization of
results.
Overall, the system demonstrates a scalable and efficient solution for sentiment analysis and decision support, making it valuable for
enhancing product quality and customer satisfaction in the skincare industry.
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