International Journal of Innovative Research in Engineering R |
Volume 6, Issue 4 (July - August 2025), PP: 30-38. N 1

https://www.doi.org/10.59256/ijire.20250604005 | updates |
www.theijire.com ISSN No: 2582-8746

A Commodity Search System for Online Shopping Using Web
Mining

Chittakula Rohini!, A Tagor Pavan Kumar?, Mara Srikar?, Rajula Sai Kiran*,

Thumanpally Voman®
12345Information Technology, VNR VJIET, Hyderabad, Telangana, India.

How to cite th'f paper: ,  Abstract: Online shopping and browsing are made convenient for customers by the rapidly
k:/lhntagu]s '302”.' YI AST 39}? Pf"?ﬂ Kumar . expanding global e-commerce industry. However, different websites frequently charge different
ara Srikar’, Rajla Sal Firan’, \umanpaty 5 mounts for the same things, which leads to wasteful spending. Online shoppers must overcome

V 5“°AC dity Search System f toc . A X L
O%?n?Shopp?rT;anosir% w?JCMmiﬁva ™7 the difficulty of devoting a significant amount of time and energy to finding the greatest offers

IJIRE-V614-30-38. and discounts, even though it is convenient and accessible. Although it can take time, manually

filtering and comparing data can still produce ambiguous findings. Using web mining
Copyright © 2025 by author(s) and5th techniques, this work proposes a commodity search system for online shopping. Product data is
Dimension Research Publication. This work  obtained from well-known online stores like Amazon and Flipkart by using web scraping with
is licensed under the Creative Commons Cheerio. Modern recommendation models like TF-IDF, Word2Vec, BERT, and Skip-Gram are

Attribution International License
(CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

used to improve user experience and support decision-making. These models' accuracy is
determined to be 82.42%, 94.47%, 96.72%, and 97.35%, respectively, by thorough study. By
giving consumers customized recommendations, this approach simplifies the online buying
process and eventually helps consumers make wise purchases.
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ILINTRODUCTION

In the current digital era, a commaodity search system— also known as a digital purchasing platform—has grown to
be an essential tool. It makes it easier for customers to shop online in the broad expanse of the internet. Due to the time and
effort people used to spend looking for goods across multiple internet platforms, these systems have become increasingly
important. Users can now effortlessly compare items, prices, and ratings instead of having to laboriously browse across
numerous platforms, which improves the efficiency and usability of the entire process. In the current digital era, a commodity
search system also known as a digital purchasing platform has grown to be an essential tool. It makes it easier for customers
to shop online in the broad expanse of the internet. Due to the time and effort people used to spend looking for goods across
multiple internet platforms, these systems have become increasingly important. Users can now effortlessly compare items,
prices, and ratings instead of having to laboriously browse across numerous platforms, which improves the efficiency and
usability of the entire process.

The amount of e-commerce websites has grown significantly in tandem with the increasing popularity of the
internet. Finding the best offers and products can become overwhelming for customers due to the proliferation of platforms.
Commodity Search Systems provide a centralized hub where consumers can readily access a wide range of products and
compare prices from various websites, thereby mitigating this challenge. These systems help users find products at the best
prices and improve the personalization of their shopping experience by integrating content-based recommendation
algorithms. These algorithms suggest products based on user behavior, past purchases, and product preferences, which
increases the likelihood of the suggestions connecting with the specific user. These systems improve the personalization of
the shopping experience while also helping users find products at the best prices through the integration of content-based
recommendation algorithms. These algorithms suggest products that are more likely to be appealing to each user based on
an analysis of their past purchases, behavior, and product preferences.

To sum up, commodity search systems are now a vital resource for anyone involved in online shopping. For
customers looking to quickly search and compare products across several e-commerce platforms, they provide an easy- to-
use solution. They gather a multitude of data, including comprehensive product specifications and costs, by means of web
scraping. In addition, the incorporation of recommendation algorithms based on content guarantees a more customized
shopping experience by directing customers towards products that correspond with their tastes. These systems streamline
the shopping experience, empowering consumers to make informed decisions and confidently locate the best deals in a
digital world overflowing with shopping websites. Future Commodity Search Systems are expected to become even more
important as technology develops and the online shopping environment changes. These systems have the capacity to develop
further, offering users recommendations that are more precise and tailored to them They will keep evolving to meet the ever-
changing needs of the ecommerce industry, enabling customers to transact more quickly and easily online.
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I.LITERATURE SURVEY

The study by Syed Muhammad Zawwar Asif and Faraz Gul Solangi[1] explores the combination of the Naive Bayes
text classification algorithm and Selenium for web scraping. Their goal is to accurately classify and rapidly extract pertinent
information from web pages by combining various technologies. This integration provides a strong solution for tasks like
sentiment analysis, topic classification, and information retrieval, and shows potential for applications that need to extract
and categorize data from the web.

By creating an algorithm and related Python library with an emphasis on content-based suggestions, Titipat
Achakulvisut and Daniel E. Acuna[2] make a contribution to the field of recommendation systems. Their approach focuses on
articles in particular, using the content to produce customized recommendations. Their technique shows the efficacy of
content-based approaches in suggesting appropriate information to users with certain interests or preferences. It was tested
on a large dataset consisting of 15,000 posters from the 2015 Society of Neuroscience Conference.

Music-to-scrape.org, a mock-up digital retail store introduced by Jonne Y. Guyt[3], is a useful tool for academics and
students to practice online scraping and API-based web data collection techniques. This programme gives participants
practical experience in online data collection, which is crucial for a number of research fields, such as data science, market
analysis, and e-commerce. Guyt makes it easier to learn web scraping techniques by providing a useful platform, enabling
users to efficiently explore and analyze data from the internet.

A summary of recommender systems is provided by Poonam B. Thorat [4], who covers hybrid techniques, content-
based filtering, and collaborative filtering. Thorat offers insights into the landscape of recommendation algorithms, their
advantages, disadvantages, and useful applications by combining data from several sources. This broad view helps scholars,
professionals, and enthusiasts comprehend the subtleties of recommender systems and choose the best methods for particular
situations or uses.

A suggested baggage item recommendation system using Association Rule Mining (ARM) and FastText word
embeddings is put out by Mudavath Ravi and Atul Negi [5]. Through the utilization of these technologies, their goal is to
provide consumers with customized recommendations, therefore improving their travel experiences. Their method provides
personalized recommendations for luggage items that fit specific needs and preferences by analyzing user preferences
and extracting relevant patterns using sophisticated text processing and data mining techniques.

To create tags for Marathi news items, Parmesh Walunj[6] uses the Binary Relevance (One versus. Rest) method
of multi-label classification. This methodology enables tailored content suggestions by detecting pertinent articles according
to user preferences. Walunj improves the granularity of article tagging by utilizing multi-label classification, which makes it
possible for articles to be more precisely matched with user preferences. This enhances the Marathi-language user experience
when accessing and consuming pertinent news material.

In order to propose cafes, Himma Filangga Sutopo[7] investigates the use of cosine similarity in a user-based
collaborative filtering system. Sutopo utilizes a dataset of 284 cafes with over 25,000 ratings that was gathered by scraping
Google reviews in order to offer consumers personalized recommendations based on their prior behavior and interests. In
order to accommodate the wide range of user likes and preferences, this research helps to improve the effectiveness and
accuracy of recommendation systems in the field of food and beverage services.

In his study, Abdullah Mohammed Saleh[8] looks at research trends on the recommendations, reviews, analyses,
and comparisons of research articles pertaining to ebooks that were posted on Google Scholar between 2018 and 2022. Saleh
hopes to find new trends, approaches, and topics of interest in the field of ebook research by examining the literature
published during this period. This thorough analysis clarifies changing patterns and offers insightful information to scholars,
professionals, and other interested parties working on ebook-related projects. Saleh's work advances our knowledge of ebook
technologies, practices, and scholarship by synthesizing and analyzing a wide range of publications.

With an average accuracy of 87.85% and an average error rate of 9.1%, NYIMAS SOPIAH[9] examines a number
of classifiers, including Decision Tree, Backpropagation Neural Network, Naive Bayes, Support Vector Machine, and
Recurrent Neural Network. Sopiah examines how various machine learning approaches perform on a range of tasks by
utilizing a variety of classifiers. This study helps practitioners and researchers choose the best models for given applications by
offering insightful information on the advantages and disadvantages of various classifiers.

A price comparison tool called "Upoma (Comparison)," designed specifically for Bangladeshi websites, is presented
by Ashraful Alam and Atgiya Abida [10]. Even products with titles and prices printed in Bangla, English, and translated
Bangla can be compared with this application. Based on user searches, Upoma enhances search results with a wide database
of over 9,053,015 product details that are retrieved from different websites. Every twelve hours, the database is automatically
updated to guarantee relevancy in real time. With an astounding accuracy score of 93.06%, the system offers consumers
current, dependable information to help them make wise purchasing decisions.

In her research, Apoorva Chaudhari [11] presents a Shop Bot that not only provides low search costs but also makes
it easier to compare products across different websites. This optimisation feature makes farming and buying commodities
more efficient, giving consumers more affordable options and a more convenient shopping experience. Utilizing Shop Bot's
capabilities allows consumers to make well-informed decisions while cutting down on the time and effort required for product
searches and comparisons.

In order to find the best offers from five e-commerce websites, web crawling and scraping techniques are the main
emphasis of Shakra Mehak's study [12]. The framework's goal is to minimize time and computational overhead while
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streamlining deal recognition. It is created with PHP for the back end and HTML and CSS for the front end. With an
astounding 93% accuracy rate, Mehak's method gives customers a dependable way to find good deals on a variety of
platforms, improving their shopping experience and saving them time and money.

The work by Ming-Hsiung Ying [13] presents a novel commodities search engine designed to monitor consumer
demand. The way the system works is that it continuously scans multiple websites for commodities prices. The technology
alerts customers in advance when the price of a good on any website drops below the predetermined consumer pricing
parameters. By giving customers timely notifications about possible cost-saving options, this strategy empowers them and
improves both their purchasing selections and overall shopping experience.

In order to identify people with similar behavior patterns, Chunhua Ju's study [14] focuses on estimating the
similarity between online shopping data and commaodity rates. The study specifically identifies individuals as prospective
friends of the target user by focusing on those who show a high degree of similarity in their commodity preferences and
shopping behavior. Ju's method, employing Taobao as the study object, delivers remarkable accuracy, as demonstrated by
experimental data, with an accuracy value of 0.315 when P@N equals 15. This technology allows for social networking and
personalized recommendations within e- commerce platforms by providing a strong way for recognising user connections
based on purchase behavior.

Another paper Qiangian Deng, Yuan Guo & Tan Meng[15], E-Commerce Commodity Recommendation System
Based on Social Perception and Mobile Computing, This work builds an upgraded algorithm-based e- commerce product
recommendation system and uses modeling to carry out experimental trials.

IIILCOLLECTION OF DATA

For the sake of accuracy, efficiency, and compliance, gathering real-time data for a commodity search engine
requires a number of complex stages. Priority one should be given to carefully defining the parameters of data collecting,
including the categories and kinds of products you want to include in your search engine. In the case of electronics, for
instance, this might include a broad range of products like computers, tablets, cell phones, televisions, and more. Choosing
the target websites to collect data from is an essential next step after defining the scope. Many people choose platforms like
Amazon and Flipkart because of their extensive product catalogs and regular updates. To ensure compliance and prevent any
legal difficulties, it is necessary to carefully review and abide by their terms of service and scrape policies.

Table nol: Dataset

Product Type No. of Products
Watches 13600
Ear Phones 6466
speakers 6466
Washing Machine 4410
Laptops 3984
phones 2418
TV 2418
Fridges 2494

We have scrapped the data and the dataset contains 42256- rows. A unique product is represented by each row in
the dataset, which also contains necessary details like the product's name, brand, price, description, product link, and image
link.

Utilizing resources such as Cheerio, a scraping strategy must be created in order to effectively harvest data from the
target websites. With the help of Cheerio, a powerful Node.js web scraping framework, you can parse HTML and navigate
the Document Object Model (DOM) to find and get pertinent data. For each product category, this entails finding distinct IDs
and patterns inside the HTML markup to precisely capture the required data. The method for storing the gathered data must
be taken into account when the data extraction procedure has been defined. The scraped data can be efficiently stored and
organized for further analysis and use in the commaodities search system using structured formats such as database systems
or JSON or CSV files. In summary, a comprehensive approach to collecting real-time data for a commodity search system
encompasses precise scope definition, careful selection of target websites, meticulous extraction of data fields, strategic
scraping technigues using tools like Cheerio, and diligent monitoring and maintenance of the scraping process. By following
these steps, you can ensure the effective and efficient collection of data to power the search and recommendation
functionalities of your system.

IV.PROPOSED WORK
This section covers the formalization of the problem and its theoretical basis. Conventional approaches contain
static data in SQL databases, lack an interactive user interface, serve websites that are generally single-platform or single-
commodity, and offer data without recommendations. They also make use of advanced technologies. These elements may
limit the system's efficiency and lower customer satisfaction by affecting its capacity to adjust to shifting user preferences
and the dynamic nature of e-commerce. The suggested system uses dynamic data storage strategies to effectively handle
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the ongoing evolution of e-commerce data in order to overcome these constraints. For multiplatform development, it makes
use of the React framework, guaranteeing a uniform user experience for both online and mobile applications. The system
places a high priority on its interactive user interface, which improves user happiness by being easily customized and
accessible.It also has a content-based filtering recommendation engine that makes customized product recommendations
based on cosine similarity. The suggestion function obtains the associated embedded vector representation of the product title
when the user enters it. These embedded vectors encode semantic information about the product titles. They are produced by
methods such as Word2Vec, Skip-gram, TF-IDF, or BERT. The technology stack ensures scalability and flexibility in data
collection, processing, and presentation. It consists of Cheerio for web scraping and MERN (MongoDB, Express, React, and
Node.js) for web development.

We preprocessed our dataset using Natural Language Processing (NLP) techniques in order to improve the
efficiency of our commodities search system. To maintain accuracy and reduce noise, this required multiple steps,
commencing with the removal of special characters and changing all text to lowercase. The most important characteristics
of each product were then captured in a single "tag" column that we created by combining the "title,” "brand,"” and
"description” columns. The "tag" column was then stemmed in order to reduce terms to their most basic form and encourage
semantic consistency. In order to prepare the textual data for more thorough analysis and modeling, we tokenized the "tag"
column in the end. By using natural language processing (NLP) to provide more accurate and thoughtful product
recommendations, these pretreatment methods have improved the user experience by turning our dataset into a polished and
well-organized resource.

We have used the below models for the generation of the embedded vectors.

Word2Vec:
Input layer Hidden layer Output layer
XI 6 6)’1
’\,_1 O O _V_'-
X3 Ol Ol Y3
Xk 1O O _V,‘
Xy 10 O Yy

Figure nol: Word2vec Architecture

The given picture shows the neural network architecture utilized in the Word2Vec word embedding technique.
Word2Vec comes with two architectures: Skip- Gram and Continuous Bag-of-Words (CBOW). The model in CBOW uses
the context to predict a target word. The Skip- Gram model uses a target word to predict context words. The embedding layer,
also known as the hidden layer, is essential to both systems since it is responsible for learning the syntactic and semantic links
between words. In order to minimize the loss function, the training procedure modifies the weights of this layer, hence
improving the embeddings' ability to represent the words in the context.

What interests us most are the weights between the input and hidden layer (shown in the figure as W). These weights
become the desired word embeddings after training. By contrast, upon training, the weights between the hidden and output
layer (represented by W) are usually removed. Word embeddings are useful for many natural language processing
applications, including text categorization, sentiment analysis, and machine translation, since they capture syntactic and
semantic word associations in a compact vector form. Following training, related words (based on their contexts) will have
embeddings that are closer together in the embedding space, making these embeddings useful for a variety of downstream
natural language processing applications. Metrics like cosine similarity can be used to quantify this proximity.

Skip Gram:

The Skip-Gram model, a word embedding architecture included in the Word2Vec framework, is depicted in the
attached visual. Unlike the Continuous Bag- of-Words (CBOW) model, which predicts the target word from a window of
surrounding context words, this model aims to predict context words given a target word.

Every word in the vocabulary is first represented in the input layer of the Skip-Gram model as a one-hot encoded
vector of size N, where N is the vocabulary's size. This indicates that every word in the vocabulary is represented as a vector
with all zeros and a single one at the index that corresponds to that term. Next, a hidden layer with a smaller, defined size M
is projected onto the input word wi. This effectively maps the high-dimensional one-hot encoded vector to a lower-
dimensional continuous vector. The desired word embeddings are finally represented by the weights W of size NxM that are
learned during training and placed between the input and hidden layer.
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Figure no2: Skip Gram Architecture

Next, predictions for context words are produced using the dense representation of the input word found in the
hidden layer. Another set of weights, W', of size MxK, is used for this, with K being the same as the vocabulary size. The
model creates a probability distribution over each word node in the output layer, representing a word in the lexicon. The goal
is to assign greater probabilities to the actual context words surrounding the input word. The Skip-Gram model modifies the
weights W and W' during training in order to optimize the likelihood that a given target word will have the correct context
word.

Backpropagation and optimization techniques like stochastic gradient descent are typically used for this. To convert
the raw output scores into probabilities, the output layer's activation function is usually softmax. Word embeddings are stored
in the matrix W, which comprises the weights between the input layer and the hidden layer, following training. Word syntactic
and semantic commonalities are captured by these dense and continuous vector embeddings. Words that occur in comparable
situations, for instance, are probably going to have comparable word embeddings. Because the model can capture these kinds
of linkages, word embeddings are very helpful in many applications related to natural language processing.

TF-IDF:

A statistical metric called Term Frequency-Inverse Document Frequency (TF-IDF) is employed to assess a word's
significance in a document in relation to a corpus, or group of documents. In order to account for the fact that some words
appear more frequently than others overall, the TF-IDF value rises with the number of times a word appears in the document
but is balanced by the word's frequency in the corpus.

The Term Frequency (TF) is the number of times a word appears in a document, divided by the total number of
words in that document:

No. of times term t appears in the document d

TR(td)=

Total no.of terms in the document

The logarithm of the number of documents in the corpus divided by the number of documents containing the term
tis used to compute the inverse document frequency, or IDF. In order to avoid division by zero and guarantee that terms with
a frequency of 1 do not produce a zero idf, add 1 to the divisor before taking the logarithm:

Total no.of documents in corpus D

IDF(tD)=1 1
A D)=log( No.of documents with term t D

Finally, the TF-IDF is simply the product of these two figures:
TF-1DF(t,d,D)=TF(t,d)xIDF(t,D)

This makes sure that terms that are commonly used in one document but not in the corpus are given high scores,
indicating how important they are to that particular text. In contrast, common phrases (such "the," "is," and") that are present
in a large number of documents within the corpus will receive a lower score. TF-IDF is a popular weighting factor in text
mining and information retrieval that is also utilized in machine learning methods for feature extraction.

BERT:

The below image appears to depict the architecture of the BERT (Bidirectional Encoder Representations from
Transformers) model, a language representation pre-training technique. During the training phase, BERT gathers information
from both the left and right side of a token's context, a feature that makes it stand out from other models.
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Figure no3: BERT Architecture

The lowest layer of the architecture is shown to display the input embeddings for each word in the sentence.
Each input token is originally represented by the sum of its WordPiece embedding, positional embedding, and segment
embedding when using BERT, which employs WordPiece embeddings with a predetermined vocabulary size. For the
purpose of pre-training BERT for the masked language model challenge, the "[MASK]" token is used instead of random
tokens, and the model is trained to predict the original token just by its context.

The transformer encoder, which sits above the embeddings, is made up of several layers that make up the intricate
transformer structure. Multi-head self-attention mechanisms and fully integrated feed-forward networks make up each layer.
Through the application of self-attention mechanisms, the transformer enables the model to provide context for each word by
weighing its value within the phrase.The output of the transformer encoder, which displays a sequence of vectors for every
input token, is seen at the top. When BERT is used for tasks like sentence categorization, these are sent through a classification
layer. A fully connected neural network, the Gaussian Error Linear Unit (GELU) activation function, and a layer normalization
step are usually included in this layer.

Lastly, BERT takes into account sentence pairs during training and can provide representations that capture the
relationships between two word sequences for tasks that call for comprehending the relationship between two phrases.
Although it's not shown in the diagram directly, this is an essential component of BERT's operation. The architecture is built
to jointly condition on both left and right context in all layers, hence pre-training deep bidirectional representations. With just
one more output layer after pre-training, the model may be refined to provide state- of-the-art models for a variety of tasks,
including language inference and question answering, without requiring significant changes to the model architecture.

A more advanced and precise recommendation system is made possible by these models, which extract context and
semantic meaning from the product descriptions. Similar products can be identified by calculating the distance between the
vectors created from the text using the cosine similarity calculation.

The following formula is used to determine the cosine similarity between two vectors, A and B:

A.B
411181

where A- B is the vectors' dot product and the vectors magnitudes, or Euclidean norms, are denoted by
[|JA]l and ||B||. This yields a similarity score that ranges from -1 to 1, where -1 denotes the opposite direction,
0 represents orthogonality, and 1 indicates the identical direction. We are interested in scores that are
closer to 1 for product recommendations since they show a higher degree of product similarity.

In Figure 4 the workflow diagram shows the organized procedure of integrating a content-based recommendation
system into an application that uses the MERN (MongoDB, Express, React, and Node.js) stack. Data extraction is the first
step in which pertinent data is located and stored in the lightweight JSON (JavaScript Object Notation) format for data
interchange. The data is then transformed into CSV (Comma Separated Values) format, which is a more conventional and
popular format for storing data and makes processing it easier in a variety of applications. The data is pre-processed once it
isin CSV format. This may include cleaning, normalization, and transformation to make sure the data is in the right format
for additional analysis.

The data is subjected to a content-based recommendation system following pre-processing.Using item features and
the user's past actions or explicit feedback, this algorithm suggests more items that are similar to what the user loves. In order
to apply the recommendation system in a web application context and dynamically provide end users with individualized
content recommendations, the last step is to integrate the recommendation system into a MERN application.

cosine similarity(A,B) =
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Figure no4: System Architecture

V.RESULTS AND DISCUSSIONS
The performance metrics of our trained models using our dataset utilizing standard architectures are shown in this
summary table below. The parameters in the table are accuracy, loss, F1 score, specificity, and sensitivity, and offer
information on how well the models perform in classification and prediction tasks.

Table no2: Showing accuracies of the products for first 25 recommendations

Product Type | Word2vec |Skip Gram Model| Tf-1df Bert
Fridges 94.56 95.68 93.68 70.08
Phones 97.44 99.44 98.24 84.88

Washing Machine| 98.8 99.52 99.2 83.28
Speakers 79.92 90.16 82.96 47.68
Laptops 97.76 99.44 98 78.32

TV 99.76 99.28 99.68 72.64
Watches 99.92 99.68 99.68 72.64
Ear Phones 86.24 87.12 93.28 60.16

Accuracy for first 25 recommendations
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Figure no5: Accuracies for different types of models for the first 25 recommendations

The graph compares the accuracy of the first 25 recommendations made by four recommendation system models—
Word2vec, Skip-gram, TF-1df, and BERT—across a number of product categories. In general, the models exhibit consistent
performance in most categories. Notably, the Word2vec and Skip-gram models exhibit comparable efficacy, potentially
indicating their parallel feature capture capabilities. In categories like laptops and TVs, the TF-1df model lags a little bit. The
BERT model's accuracy decline in the Speakers category is a noteworthy discovery, suggesting a possible weakness in its
capacity to handle characteristics unique to audio equipment. With the exception of this one, the model's performance is
notably stable, and the high accuracy scores accurately reflect most of the categories. This succinct study can help with a
report that focuses on finding the recommendation systems' advantages and disadvantages. It can specifically look into
BERT's poor performance for speakers and potentially earphones, as well as the models relative resilence when managing a range
of products.
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Table no3: Showing accuracies of the products for first 30 recommendations

Product Type Word2ve (Skip Gram Model| Tf-Idf Bert
Eridaes 93.8 94.46 93.4 69.4
Phones 97.06 99.53 98.4 79.6

Washing Machine 99 99.6 98.93 80.8
Speakers 774 89.33 79.73 44.46
Laptops 9773 a9 4 08 2 7613

TV 99.66 99.33 99.6 70.46
Watches 99.93 99.53 99.66 68.73

Ear Phones 84.8 85.73 91.2 57.2

Accuracy for first 30 recommendations
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Figure no6: Accuracies for different types of models for the first 30 recommendations

The Word2vec, Skip-gram, and TF-1df models perform consistently well across most product categories, as seen by
the accuracy graph for the first 30 recommendations, indicating their ability to generalize over a variety of items. Specifically,
Word2vec keeps its accuracy over 75%, suggesting that its recommendations are trustworthy. The Skip-gram model exhibits
a strong alignment with Word2vec, indicating its ability to accurately represent word relationships. Similar high accuracy is
shown by TF-1df, most likely as a result of its skillful distinction of product relevance. But when it comes to "Speakers" and
"Earphones," BERT's accuracy drastically drops, indicating that these categories may need more contextual information or
optimization. It appears from the constant model performance even with a larger suggestion set that adding more
recommendations has no negative impact on the overall accuracy of the model.An analysis of the data set's balance and
representativeness for each category, as well as a look into the causes of BERT's poorer accuracy in some categories,
would be essential for a more straightforward report.

V1. CONCLUSION

The study comes to the conclusion that improving the online buying experience for customers in the digital age
requires the creation and application of a commodities search engine utilizing web mining techniques like TF-IDF,
Word2Vec, BERT, and Skip-Gram. In addition to making it easier for customers to search and compare products across
several e-commerce platforms, the system guarantees that they may make well-informed decisions based on their interests
and past behavior by offering precise and personalized recommendations. This research is essential for the future of e-
commerce and online buying since the models' high accuracy rates show how successful these strategies are at improving the
relevancy of product recommendations.

VII.FUTURE ENCHANCEMENT
There is a lot of room for creativity and growth for our enterprise in the internet retail space. By extending to other
e-commerce platforms, we may reach a worldwide market and offer a more thorough search experience. Customizing
recommendations via user-profile learning can significantly enhance the aspect of personalisation associated with shopping.
Users can gain from real-time price tracking and forecasts using dynamic pricing analysis, which may result in cost savings
and increased user satisfaction.Our system can provide sophisticated visual search capabilities by implementing an image
recognition module, enabling users to locate products with just a picture.Natural language processing will be incorporated

into the interface to improve its intuitiveness and support conversational queries.
Creating a mobile application could greatly increase our user accessibility and reach. Since data is essential to
recommendation systems, more advanced preparation methods will be needed to handle bigger datasets and raise algorithmic
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precision. Content-based systems rely heavily on machine learning, and ongoing optimisation will make sure our
recommendations are interesting and relevant. Blockchain technology has the potential to revolutionize supply chain
transparency and boost customer confidence. By leveraging the expanding market for voice-activated gadgets, voice- assisted
shopping can improve customer convenience. Finally, by providing advanced analytics to vendors, we may foster a mutually
beneficial partnership between our platform, users, and product suppliers by helping them optimize their offers. These
improvements can put our project at the forefront of innovative e-commerce.
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