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Abstract— In this fast-evolving age of e-commerce, fixed price strategies are not effective
enough to compete and make profits. The paper proposes an Al-driven Dynamic Pricing
Engine, created to automate and optimize products' prices at online stores. The platform
integrates a base price forecasting model of XGBoost regression with real-time price checking
of Snapdeal, both supported by a layer of business logic that optimizes prices in real time,
considering products' ratings, stocks' availability, customers' interest, discounts, and seasonal
fluctuation of market demand.

The architecture involves a Flask-based Python back-end, which includes automated price
updates every 30 minutes, real-time data synchronization with a Firebase Realtime Database,
which in turn powers a live website user interface. Using a purpose-built web scraper with
BeautifulSoup, the engine continuously monitors opponents' prices to remain both competitive
and financially sustainable.

This hybrid design pits recommendations based on Al against pre-programmed business rules,
delivering a more robust solution than hand tuning by itself or machine learning. The
deployment, with fallbacks such as Postman, also demonstrates in low-resource settings that it
might be possible to scale and sustain a savvy price infrastructure that in real time adjusts as
conditions in the market fluctuate.

Index Terms— Dynamic Pricing, Machine Learning, Reinforcement Learning, XGBoost,
Predictive Pricing Models, Real-Time Pricing, Revenue Optimization, SARIMA Model,
GARCH Model, Multi-Agent Systems, Fairness-Aware Pricing, E-commerce Pricing, Cloud
Services Pricing, Al in Pricing Strategy.

1. INTRODUCTION

E-commerce has proficiency has radically impacted how organizations establish, and clients buy. In the fast-
changing environment of a modern-day marketplace, accurate real-time pricing of goods is a must for attaining
success. In the past, companies depended on static pricing strategies or manual discounting methods that gained
negative responsiveness toward changes in demand, customer behavior and competitive prices. These
restrictions gave birth to smarter, automatic and versatile pricing systems, which later on evolved into Al-
powered dynamic pricing models.

Dynamic pricing is a type of pricing strategy that automatically adjusts prices across markets depending on
demand-supply ratios, competitor moves, etc. Do you know the same way is done by industry leaders, like
Amazon, Uber, AirLines, etc. where pricing is constantly optimized to consumer behavior and profit
maximization? Yet these smart pricing systems are not widely embraced by small and mid-sized e-commerce
businesses.
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That is largely due to the fact that complexity of implementation, expense of proprietary technology, and lack of
interface with real-time information sources and machine learning frameworks are the predominant barriers.

This project proposes an Al-Based Dynamic Pricing Engine which is scalable, lightweight, and smart Dynamic
Pricing Engine that can be implemented to any e-commerce type website to overcome these challenges. This
system uses a trained XGBoost regression model that predicts product optimal prices according to the diverse
features, like product ratings, number of customers, number of views, stock quantities, seasonality index,
discounts offered, previous prices and competitor prices. This approach makes pricing data-centric and context-
sensitive.

This project also utilizes real-time web scraping from Snapdeal, which is one of the top Indian e-commerce
portals, and pull in the competitor prices. The system then scrapes Snapdeal with product keywords to get the
latest competitor prices, (using BeautifulSoup) and includes them into the pricing strategy. Scraping is
performed every 30 minutes in the background, ensuring that pricing updates dynamically and in real-time.

A rule-based business logic layer is introduced with Flask as a layer to fine-tune post model predictions
alongside the machine learning model. This logic evaluates the model outputs and modifies final prices based on
business rules, such as overstock, customer ratings below a specific value, or low seasonality. In simple terms,
such data will succeed in combining both machine intelligence and domain knowledge to remain flexible and
have more control over price strategies.

Utilizing Firebase's Real-time Database, the site hosts searchable product features, predictions, and competitor
prices. It connects the back-end to a front-end website that shows prices in real-time. An admin panel allows for
stock update, rating updates, past price updates. For those cases the scraper does not work, or we need to debug,
a fallback Postman API has also been implemented to update manually.

The proposed system offers a simple, deployable type of real-time dynamic pricing solution that small and
medium-sized enterprises can easily implement. It encourages the orientation of data-driven organizations along
with flexibility, extensibility, and affordability. The below section summarizes the design, implementation,
results and future scope of the engine as an incremental move towards other modern e-commerce platforms.

II. LITERATURE REVIEW

Dynamic Pricing, or pricing that changes in real-time due to market demand, competition and external factors,
has been one of the weapons in e-commerce. Dynamic pricing strategies of revenue optimization from
organizations and customer satisfaction can be improved as well with a combination of artificial intelligence (AI)
and machine learning (ML) approaches.

A. Machine Learning in Dynamic Pricing

Recent studies have shown successful applications of ML on dynamic pricing model construction. El Youbi et
al. (2023) applied Gradient Boosting Machines (GBMs) for constructing price model and then achieved a very
low MSE at 0.012 along with high R? value at 0.92 on validation data, showing the possibilities of ML that could
discover those large amounts of intricate price patterns. Likewise, Nowak and Pawlowska-Nowak (2024)
conducted experiments with many ML algorithms, such as Support Vector Machines (SVM), together with
Decision Trees in search of optimal discounts in online marketing, where a linear SVM model produced the most
accurate results at 86.92%.

B. Reinforcement Learning Approaches

RL in dynamic price environment has received considerable attention. Liu et al. (2019) proposed deep
reinforcement learning (DRL) to address dynamic pricing in e-commerce platforms. Experiment We study using
field experiments in Tmall. com, which demonstrated that DRL was able to dynamically adjust prices in real
time under various market conditions more effective than human-based price rules. Similarly, Yin and Han
(2020) developed a dynamic pricing model through deep reinforcement learning focusing on how to be flexible
with the changes of the market elements, with an adjustment in a price strategy.

C. Web Scraping Along with Competitor Analysis

Real-time competitor pricing does need to be fed through dynamic price models to stay in touch. Studies have
pointed out that web scraping techniques for competitor price data when integrated with ML models, can
improve responsiveness and the accuracy of dynamic price systems. The integration allows businesses to change
pricing strategy quickly in response to the changes of their competitors’ prices, and thereby increases revenue
and market share.
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D. Hybrid Models Combining ML and Business Logic

While the predictive abilities of ML models are excellent, using them in conjunction with rule-based business
logic can really improve price strategies. The hybrid model ensures pricing business decisions are integrating
with not only business constraints but also market conditions. For example, incorporating business variables like
stock, customer ratings, and seasonalities to the predictions of the ML model, allows for more granular and
realistic pricing decisions that align not only with data-driven predictions but also intelligent business decisions.

E. Challenges and Ethical Considerations

Even though improvements have been made to protect systems in steady-state environments, one issue with Al-
driven dynamic pricing systems is data protection, unknown algorithms, and unwanted bias. It is crucial that
these systems act ethically and transparently to maintain consumer trust and stay in compliance with regulatory
requirements. Additionally, there continues to be conversation about the heavier computational and resource-
intensiveness of newer Al models, particularly in the small- and medium-business sector.

F. Conclusion

Incorporating Al and ML methods in dynamic pricing has transformed price strategies in online marketplaces.
Research highlights the performance of models such as GBMs and DRL in creating reactive and precise price
systems. Adding real-time competitor information by web scraping and merging web-based models with
business rules further improves the usability and efficiency of such systems. But overcoming data protection,
transparency of algorithms, and computation issues is critical in achieving Al-based dynamic price engines'
successful deployment.

III. STATISTICAL ANALYSIS

This section presents a statistical analysis of the performance of various machine learning algorithms used in
dynamic pricing. The following table summarizes key metrics such as prediction accuracy, sales increase, and
revenue growth observed in the reviewed studies.

TABLE I: PERFORMANCE METRICS OF MACHINE LEARNING ALGORITHMS IN DYNAMIC PRICING ACROSS VARIOUS INDUSTRIES

Algorithm Industry Prediction Accuracy (%) Revenue Increase (%) Sales Increase (%)
XGBoost E-commerce 87.12 14.5 112
SARIMA (Forecasting) Retail Demand 81.6 8.3 6.4
GARCH (Volatility) Price Stability 76.3 52 4.1
Reinforcement Learning Dynamic Strategy 84.7 12.1 9.8

The table above clearly shows that ML algorithms, particularly XGBoost and Reinforcement Learning, have
significantly succeeded in optimizing dynamic pricing strategies across different industries. These algorithms
consistently deliver high prediction accuracy and revenue increases.

IV. PROPOSED METHODOLOGY

Proposed is a framework for an Al Based Dynamic Pricing Engine which we put together from machine
learning, competitor price scraping, and dynamic business rules to present a unified pricing solution for e
commerce businesses. This pricing engine we have designed to use real time and historical data to set prices
which in turn will maximize revenue, improve competitiveness and raise consumer satisfaction. At the core of
the system is a regression model which we are using XGBoost algorithm to determine a base price for products.
Also, this system is not just a predictive model but has a stage following prediction which is influenced by
business rules. These business rules which are very much a part of the system recognize real time attributes that
in turn will change the base price to achieve business goals. For example, a product with a low rating (<3.0), or
with very few views, could be a discounted price with the intention to stimulate demand. If the demand is
deterministically high at the predicted price, the price could be increased, within certain bounds, to maximize
price.

A rather straightforward tool using web scraping from Snapdeal has been developed to get real time prices for
competitors which are then related to market prices. This scraping tool is used to search for the product name
stored in the Realtime Database in Firebase Snapdeal. The predicted price version of the competitor price
snapshot for a particular feature in the predictive process is also the baseline when prediction changes are made.
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The prediction of the price, price adjustments, and scraping is fully automated and done via a Flask backend
process which operates in a thread and is continuously run. After getting the product information from Firebase,
it scrapes competitor prices and makes the its own price adjustments once every half hour. The automated
system sets the predicted price, the competitor price, and the business rules which recalibrate the price against
the Firebase data. Any and every step, guarantees that the prices on the platform are as recent, as most
competitive and relevant to the current market situation.

This hybrid model—machine learning, with business rules defined by experts—serves as an effective process
that provides accuracy and adaptability for real work applications in online retail.

Figure 1 shows an overview of the methodology followed: how the collection of data is done, feature
engineering step by step, model training, and validation before deployment.
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Fig.1: Proposed Methodology for Dynamic Pricing Engine
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Fig.2: API Testing Using Postman
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V. RESULTS

The successful implementation and testing of the AI Based Dynamic Pricing Engine encompassed a prototypical
e commerce platform integrated with firebase and flask backend. The e-commerce platform used to build and
test the solution dynamically predicted product prices using machine learning real time web scraping and
customized algorithm resources.

The AI solution self-learned and integrated with a fully autonomous pricing implementation. The pricing
resources module updated product prices every thirty minutes using real time market and customer monitored
responsive actions data to economic and customer behavioral patterns funds and money. The core output of the
infrastructure was the predicted price fundamentally driven by a trained boost regression model. The model
attained a prediction accuracy of approximately 87.12 % based on R2 score evaluations processed during model
testing.

The we put in business logic which developed the base price to what it’s final prediction value that also included
product ratings, number of views, demand (customer count), stock levels, and seasonal variables.

We built out a custom web scrape script with BeautifulSoup which pulled in competitor prices from Snapdeal.
That data we put in Firebase and used it in the final price determination. If the competition was pricing high, we
made sure our prices were competitive yet still profitable.

We displayed results in real time on the customer facing home page and admin dash board. As key variables like
stock or rating changed we had the back end re calculate prices in real time or via the scheduled update cycle. In
cases where web scraping was interrupted, the fallback option of manual price updates using the Postman API
ensured continued functionality.

The project we found that which is the use of ML prediction, web scraping, and custom rule logic together may
have created a smart and scalable dynamic pricing system which also served as a very effective platform for
small and medium size e-commerce businesses’ competitiveness in a data driven environment.

Fig. 3: Flask Console Log Output for Dynamic Price Updates  Fig
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Fig.5: Functional Cart Page Displaying Updated Product Prices Fig.6: Admin Dashboard for Real-time Product Management

TABLE II: TABLE SHOWING FINAL PRICE COMPARISON

Product ID Historical Price Competitor Price Final Price
product2 500.0 514.0 539.7
productl 310.0 298.0 338.4
product6 600.0 682.0 612.27
product? 540.0 526.0 550.92
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Fig.7: Comparison of Proposed Dynamic Pricing Model with Traditional Approaches

VI. CONCLUSION

In today’s competitive digital space, pricing strategies play a key role in which consumers respond and also for
overall business growth. Our Al Based Dynamic Pricing Engine is a proof point of the power and utility of using
Al, machine learning, and web automation to overcome pricing issues in ¢ commerce settings. We have put
together a system which includes a trained XGBoost regression model with real time web scraping and rule-
based post processing to bring out the best pricing decisions.

This dynamic platform as opposed to static or manual pricing which is the case in most systems, uses many
inputs which include past price performance, product rating, inventory levels, views, interested customers,
seasonal demand patterns, and also live competitor pricing (from Snapdeal) to put out prices that are relevant to
the market and also targeted at the consumer.

One of the most notable aspects of the system is its hybrid pricing approach. In this case machine learning is
used to generate the initial prediction and then the Flask backend applies further refinements based on the
business logic. This approach caters to real world constraints and means business decisions do not rely only on a
black box algorithm. For instance, the system reduces the price of overstocked or low rating products and
increases the price of items which are high rated and scarce which helps in improving inventory and maximizing
profits.

Scheduled scraping and prediction loops provide real time automation which enables current price updates
without any manual effort. Integration with Firebase enables smooth synchronization between business logic and
front-end display. The Postman API can ensure system dependability and serve effectively as an adjunct system
for system testing or manual data injection.

More generally, this project offers a rational, scalable and intelligent pricing model for small to medium size
ecommerce platforms. It improves pricing accuracy and increases responsiveness to pricing shifts in the
marketplace. It strategically positions the business for future growth through multi-competitor scraping,
reinforcement learning, and advanced predictive analytics.

The Al Based Dynamic Pricing Engine illustrates the use of readily available advanced technology to alleviate
smart commerce obstacles and assist retailers automate dynamic, data driven pricing.

FUTURE SCOPE

The work done in this project on the Al-Based Dynamic Pricing Engine works toward advanced, scalable e-
commerce systems, and sets the groundwork for future deployment systems. Although the current version
incorporates machine learning and web scraping in full automation, much remains to be done.

One likely area for growth is the incorporation of time-series forecasting models such as SARIMA and GARCH
for better assessment of seasonality and volatility in forecasting price changes. Furthermore, application of
Reinforcement Learning (RL) could help further diversify the systems by allowing real-time feedback and
adjusting to long-term revenue objectives.

Broadening the scraper to encompass more competing sites (i.e., Flipkart, Amazon) would enhance pricing by
adding depth through additional volume-based market comparisons. As for the other improvement, deploying
the system to the cloud on AWS or Google Cloud would help with scalability and availability.
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Also, providing admin users with self-service predictive analytics dashboards and adding fully automated
promotion systems would increase user engagement and revenue. With these improvements, the pricing engine
could transform into an advanced, fully automated system capable of real-time dynamic strategic pricing at scale.
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