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Abstract.In the current digital market, what buyers and sellers ought to know is
the cost of consumer electronics, particularly televisions. With online retailing
getting bigger and bigger, data available on the web can be utilized for finding
pricing trends, customer preferences, and market dynamics. This study aims to
develop an efficient predictive model for television pricing by web scraping, da-
ta preprocessing, feature engineering, and machine learning techniques. Web
scraping, the extraction of television data from different e-commerce websites,
is where the project starts:Python has some handy web scraping tools called
BeautifulSoup and Scrapy. The data we collect includes very significant attrib-
utes like brand, size, resolution, type of display technology (LED, OLED, and
QLED), refresh rate, smart features, customer ratings, and pricing history. Sen-
timent analysis on customer reviews is also performed to get a pulse on con-
sumer sentiment that might affect pricing. Once the data has been collected,
preprocessing techniques like dealing with missing values, identifying outliers
and feature encoding, will be used to ensure that the data is coherent with re-
gards to usability. Feature selection methods will find out the most influential
features with respect to price. Second, several machine learning algorithms like
gradient boosting, decision trees, random forests, and linear regression are ap-
plied to develop models predicting television prices. Lastly, 89% accuracy is at-
tained. Cross-validation and regression analysis are applied to measure the per-
formance of the models and verify their validity.

Keywords:Television, Machine Learning Algorithms, Beautifulsoap and Sele-
nium, Web Scraping, Ecommerce Sites.
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The system is intended to retrieve the information of the product from several E
commerce sites and display it on a single web interface for comparison purposes. Datd
extraction refers to the gathering of information from different sources. It be comes
extremely complex to retrieve data from dynamic websites because they are dynamic.
This system provides input in the form of a product name that can be posted on differ-
ent sites. The corresponding input is searched on each respective site, product infor-
mation will be scraped and stored into the database. The data is displayed in a differ-
ential format through API. This system employs MySQL as a database. Connection
between python and MySQL is made through mysql connector [1].Application and
use of web scraping examples are vast. One or a collection of wholesalers have their
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competition prices monitored with minimal human interaction so that they are com-
pared with each other. For the second time, multiple web sites' search is efficiently
allowed and greater transparency in research because of web scraping. Web scraping
is very usual on academic database sources such as Scopus, Web of Science. Infor-
mation otherwise not machine-readable such as lists of authors and related author's
information can readily be scraped. After that, automating web searching does dis-
band into various twitches in those occasions where search on the web becomes a
time-consuming affair [2].

This work shows the application of web scraping and machine learning to monitor
prices of products on different e-commerce websites. By utilizing Beautiful Soup,
Scrapy, Java, and Ruby, information is extracted for analysis. By applying several
machine learning techniques, namely random forest regression, it forecasts prices in
the future such that users can obtain the best price offers and receive an email alert
when prices drop, ultimately allowing them to save and make smart shopping deci-
sions [8].

The system by Dr. G Madhusudhan et al. allows remote product price management,
where the administrator can schedule data retrieval from e-commerce sites, display
the latest prices for these products on a dashboard, and notify users if the prices fall
within user-specified ranges. Installed on.NET and MySQL, it provides real-time
price tracking of products via user alerts once the desired price point is achieved,
enabling the software to be deployable on a cloud for extended range access as well as
third-party software for tracking prices on other websites [9].

Sandeep Shreekumar et al. outline the necessity of web scraping in e-commerce, spe-
cifically competitive intelligence collection, price optimization strategy, and studying
customer behavior, and so on. They indicate how web scraping facilitates market
intelligence, optimizes data-driven business decisions, accelerates everything and
mentions a few legal and quality of data implications. Finally, web scraping enables
the e-commerce company to stay competitive, generate leads, maximize profit, and
keep up with the competition through a legitimate data gathering and analysis [10].

Scholars A. Shalini et al. name e-commerce web mining methods to extract infor-
mation from e-commerce sites with the intention of exploring customer activities that
will help improve business strategies and provide suitable product comparison to
users for imposition of their decision-making mechanisms to save costs.. The web
crawler and scraping were combined to one product comparison for this setting that
permitted users to compare product prices, find the best deals, and do product specifi-
cation comparisons, combining offers that save the time and effort of buyers while
giving them the perfect and proper information on sellers [14].

Dilip Kumar Sharma et al. introduce an algorithm for Flipkart and Amazon product
details analysis on the basis of recurrent website refreshing, merely by providing a
straightforward administrative console for setting up software and configuring to
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identify which of the platforms comes out better-suited for every category. Their pro-
cess includes scraping and preprocessing, loading into a database, and using the rules-
based comparison to determine best procurement platforms while incorporating user
preferences that would customize product recommendations through software robots
created through UiPath for automated data updates and management every day in the
quest to serve their end-customers in the best possible way [17].

Mehak et al. suggest a website based on web scraping for fetching product categories
from five online shopping websites that involves steps such as Python library usage,
fetching URLs, HTML parsing, and lastly extracting the data with 93% accuracy in
fetching data and less computing required. Their design retrieves best offers on the fly
and does not rely on local database storage for improved storage availability and pro-
cessing speed, thereby enabling efficient product search and comparison by the user
[18].

2 LiteratureReview
Author(s) | Study Algorithms | KeyFindings
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ma-
chine
learnig

Chen et Television | Multiple Lin- | This gave a prediction of accuracy
al.,2021[15] | price pre- | ear Regres- 86.9%.

diction sion Price prediction is aggravated by season-
using al trends.

machine
learning

Kim et al Price ANN and Neural networks handled time-series
Lee, Com- LSTM. price data.

2021[16] pa-
rision
Web-
sites.

3 Proposed System

The use of web scraping in obtaining data from various e-commerce sites, this ap-
proach proposes a machine-learning-driven prediction model for determining televi-
sion prices.Systematic steps of the process start with data extraction and follow
through feature selection, data preprocessing, training of the model, and evaluation to
generate very accurate predictions.

First, BeautifulSoup, Scrapy, and Selenium are scraping tools used to extract TV
specification data, picture pricing history, customer ratings, and reviews. The data is
then cleaned and preprocessed by treating it for missing data, eliminating duplicate
entries, encoding categorical variables, etc. The influencing key attributes comprise
the brand, screen-size, resolution, refresh rate, smart features, and the display kind
(LED, OLED, QLED). The data can further improve the accuracy of pricing estima-
tions through determination and evaluation of sentiment in the consumers' reviews
about that product.

The system subsequently develops predictive models through a combination of ma-
chine learning algorithms, including Neural Networks, Random Forest, Gradient
Boosting, Decision Trees, and Linear Regression. To optimize model performance,
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the dataset is split into a training set and a test set, and practices like cross-validation
and hyperparameter tuning are used. In order to select the model that works best, cri-
teria like Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R2
Score are utilized to measure the accuracy of a number of models.

Combining real-time data acquisition with advanced machine learning methodologies
offers a robust solution for forecasting television prices. The insight gained from this
will assist companies implement dynamic pricing and a better decision-making pro-
cess for consumers to buy, hence spawning market competitiveness. It is an excellent
case of how data science and Al-driven analytics, along with web scraping, can trans-
form e-commerce by providing actionable intelligence on product pricing.

The first stage is to use Python web scraping technologies like BeautifulSoup, Scrapy,
and Selenium to extract real-time data.The data collected includes, but is not limited
to, television specifications, their current and historical prices, customer ratings and
reviews, and seller information. Further, the system can be enhanced by actual im-
plementation of real-time API-based data collection, embedding deep learning models
on top of existing features representation, and adding macroeconomic indicators (in-
flation or demand-supply factors) to have a better view on the price prediction results.
Finally, price modeling can be extended to include consumer electronics such as
computers, smartphones, and home appliances to increase applicability.

4 Methodology

Amazon request
Flipkart
Save Data
Snapdeal Web Scrape
Application
Croma
i response U
Data Source Data Storage
Extract data from
Source

Fig 1 : Television Price Prediction System
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4.1 Data Collection

The Data Collection Most of the price data were collected through web scraping from
e-commerce sites like Amazon, Flipkart, eBay, Best Buy and so forth. Libraries based
m Python are used for this: BeautifulSoup, Scrapy and Selenium extract products.
Picture Quality,Operating System,Speaker Output,Refresh Rate,
HD, Roku, 18W, 12@Hz,
4K UHD,Tizen,3eW,144Hz,
HD, Roku, 5eW, 12eHz,
HD,Android TV,2@W,12eHz,
4K UHD,WebOS,10W,126Hz
8K UHD,Android TV,1@W,75Hz,
8K UHD,WebOS,4@W,120Hz,
Full HD,WebOS,20W,144Hz,
Full HD,WebOS,26W,144Hz,
HD,Tizen,2@W,75Hz,
8K UHD,Roku,1@MW,144Hz,
4K UHD,Android TV,3eW,75Hz,
4K UHD,Roku,5@W,75Hz,
HD,Android TV, 3@MW,144Hz
HD, Roku, 56W, 144Hz ,
Full HD,Fire TV,3@W,144Hz,
Full HD,Roku,2@W,6@Hz,
Full HD,Roku,2@W,75Hz,

Fig 2 : Dataset

4.2 Data Preprocessing and Cleaning

Data Preprocessing and Cleaning After data collection, preprocessing and cleaning
are done for the data to be used for machine learning models. Handling missing val-
ues; that is to say, filling missing screen size data using median values. Removing
duplicate entries, where multiple instances of the same TV model appear. Standardiz-
ing price formats; in essence, converting the prices into one currency and one format.
Converting categorical data to numerical form; for example, turning "Brand" into
numerical labels. Removing outliers, or aberrant values; the wrong prices or extreme
values.
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Part of a shared dataset
Domain Acquired
Characteristics Data

Stored,
processed Data

Fig 3 : Data Preprocessing and Cleaning

4.3  Feature Engineering

Feature engineering is the effort to design extraordinary qualities that can replace
machinery after they have learned it. Brand Impact: Premium brands like Sony and
Samsung are generally more expensive than mid-range brands like TCL and Vizio.
Screen Size & Resolution: The larger size and higher resolution of screens represent
higher prices. Costumer Ratings & Reviews: Better-rated products will sell better and
be more stable.

4.4 Machine Learning Model Development

Linear Regression a basic model that gives an understanding of price trends. Random
Forest Regressor deals better with non-linear relationships and multiple features. Neu-
ral Networks: utilized when trends in pricing data can be replicated by deep learning
techniques.To assess model performance, the dataset is split into 20% for testing and
80% for training.

4.5 Model Assessment and Performance Indicators

Average Absolute Error This measure shows the average price prediction error. Larg-
er prediction errors are penalized using mean squared error. R-Squared this indicates
the degree in which the model accounted for the price variation.Root Mean Squared
Error this implies that errors of prediction are better understood.

according to feature values.
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5 RESULTS AND DISCUSSIONS:

masaen

Fig 4 :Line Charts

This allows for comparison of product prices among multiple online shopping web-
sites and present results on one page. The system is designed to be able to extend
comparisons to cover product specification analysis. The web miners retrieve the
information needed for the product specifications and utilize web-scraper capabilities
to assist in gathering data about such products available from multiple websites to be
able to achieve this objective.

The predictive model accurately predicts the prices of televisions based on features
like brand, screen size, resolution, refresh rate, smart TV features, and customer rat-
ings with great success. The Random Forest and XGBoost machines gave the best
results in predicting, achieving an R? score of about 92% with a low mean absolute
error, hence accurate predictions. The web scraping module also employed a script to
scrape the real-time central price data from e-commerce platforms for model updates.

6 OUTPUT

TV Price Prediction App

Enter the TV details to predict the price
Brand

OnePlus

Size (Inches)

Streaming Channels

Netflix > YouTube > Amazon Prime x

Fig 5: Television Price Prediction Output
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Picture Quality

4K UHD

Operating System

Tizen

Speaker Output

20w

Refresh Rate

120Hz

Predicted Price: ¥51,195.00

Fig 6 : Television Price Prediction Output

7 Conclusion and Future Scope

The project that revolves around web scraping and machine learning techniques for
television price prediction offers great potential for consumers and suppliers to base
their future decisions on substantial data. Real-time analysis of price trends can be
achieved through automatic data collection from different e-commerce sites. By
means of using machine learning algorithms, we can exploit factors such as brand,
specifications, and previous data in order to provide for reliable predictions.

This project addresses the shortcomings of existing price comparison bread-and-butter
internet disturbances like few, if any, possessing any predictive capabilities. Our
method is innovative and increases prediction accuracy and flexibility to market
change by incorporating advanced models on a continually updated dataset. While
challenges such as anti-scraping mechanisms and data consistency persist, this work
lays the groundwork for the scaling of automated pricing predictions.

Future Scope:

This The Television Price Prediction system can be extended to cover a broader cate-
gory of electronic items like smartphones, laptops, and home appliances, thus making
it a generalized price analysis tool. With the integration of Al-based chatbots, users
can get customized suggestions based on their budget and taste. Real-time price moni-
toring can be augmented with automated notifications through email or mobile alerts,
so customers never miss the best prices. Moreover, e-commerce companies can lever-
age dynamic pricing analysis to set their prices according to competitor trends and
demand in the market. Widening the scope to global e-commerce websites would
enable customers to compare prices across regions, enabling them to make more in-
formed buying decisions. Advanced user behavior analysis can be employed to fore-
cast consumer buying behavior and recommend the optimal times to buy a television
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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