! 4

tﬁ“;ﬁ« Original Article ShodhKosh: Journal of Visual and Performing Arts
> ISSN (Online): 2582-7472 June 2024 5(6),2912-2919

A DATA-DRIVEN METHOD TO DYNAMIC PRICING: UNRAVELLING INVENTORY
AND COMPETITOR CONTESTS WITH AI IN E-COMMERCE

Dr. Shikha Vashishtha!>< , Mani Garg? > pr, Megha Vimal® D

!Assistant Professor, Management, Institute of Business Studies, Chaudhary Charan Singh University Campus, Meerut
2Assistant Professor, Management, Institute of Business Studies, Chaudhary Charan Singh University Campus, Meerut
SProfessor and Head, Department of Management Studies - DIMS, Dewan, VS Group of Institutions, Meerut

-

Dynamic pricing is a critical e-commerce approach that allows firms to modify prices in
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%’L%Caf‘tég' real time depending on demand, competition activity, and inventory levels. However,

successfully adopting such tactics necessitates overcoming obstacles such as accurate

CorrespondingAuthor demand forecasts, rival pricing monitoring, and inventory turnover optimization. This
Dr. Shikha Vashishtha, study presents a data-driven framework that integrates artificial intelligence (AI)

techniques, Bayesian optimization, and rule-based systems to provide efficient, flexible
pricing strategies. The system use Bayesian Optimization to dynamically balance goals
like as revenue maximization, inventory management, and competitiveness, while also
including rule-based procedures to assure compliance with business limitations and
regulatory norms. Long Short- Term Memory (LSTM) networks are used to estimate
demand by modeling temporal trends in sales data, while rival price data is watched and
analyzed using web scraping and Natural Language Processing (NLP). Experimental
validation of synthetic and real-world e-commerce data shows considerable gains, such
as a 22% increase in revenue, a 30% decrease in inventory costs, and improved reaction
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1. INTRODUCTION
Dynamic pricing has developed as a disruptive e-commerce technique, allowing firms to adjust their prices in real time
to match the needs of a highly competitive and fast changing market. Dynamic pricing, as opposed to static pricing
models, uses data-driven methodologies to alter prices in response to variables such as customer demand, rival pricing,
inventory levels, and market trends. This flexibility enables organizations to maximize income, retain competition, and
enhance inventory management. However, successfully applying dynamic pricing has various obstacles, such as accurate
demand forecasting, real-time competition monitoring, and balancing profitability and consumer happiness. To address
these challenges, this study provides a hybrid framework that combines sophisticated Al approaches, such as Bayesian
Optimization, with rule-based systems to produce a strong and flexible pricing solution. By integrating optimization
approaches with machine learning algorithms such as LSTM networks for demand prediction and Natural Language
Processing (NLP) for competition analysis, the system guarantees price choices are precise and responsive. This strategy
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not only increases income and inventory efficiency, but it also offers a scalable and dependable solution that is geared
to the dynamic nature of e-commerce platforms.

1.1. DYNAMIC PRICING

Dynamic pricing is a flexible pricing strategy that enables firms to alter product or service prices in real time to reflect
market circumstances. Dynamic pricing, unlike static pricing, uses data-driven insights and computer algorithms to
respond to variables such as consumer demand patterns, competition price changes, seasonality, and even
macroeconomic indices. For example, during high-demand times, prices may rise to maximize income, and in low-
demand conditions, they may fall to attract more consumers. This method is especially widespread in e-commerce
platforms, where digital technologies can swiftly evaluate massive quantities of data and execute price adjustments in
real time. Businesses that use dynamic pricing may remain competitive, increase profitability, and enhance customer
happiness by providing individualized and context-aware pricing.

1.2. BAYESIAN OPTIMIZATION

Bayesian Optimization is a strong mathematical technique that excels at addressing optimization problems with noisy,
costly, or multidimensional objective functions. It employs a probabilistic model to forecast the success of various
pricing schemes and selects the most promising solutions based on anticipated results. Bayesian optimization in
dynamic pricing enables e-commerce systems to iteratively analyze multiple price points while taking into account
complicated trade-offs such as profit margins, sales volume, and client retention. Unlike conventional optimization
approaches, it is very efficient in uncertain settings since it changes its predictions constantly in response to fresh
observations. This makes it ideal for turbulent marketplaces where customer behavior and competitive activities are
uncertain. Businesses may establish optimum pricing strategies that balance various goals while incurring the least
computing cost by using Bayesian Optimization.

1.3. RULE-BASED SYSTEMS

Rule-based systems are essential to dynamic pricing frameworks, since they provide a formal basis for establishing and
implementing price regulations. These systems depend on predetermined business principles, such as establishing
minimum and maximum pricing thresholds, offering discounts within certain restrictions, and guaranteeing regulatory
compliance. A rule-based system, for example, may enforce a policy that bans pricing below cost in order to minimize
losses, or it might align prices with rival benchmarks to stay competitive. Furthermore, rule-based systems may enforce
smart price policies during promotional campaigns or inventory clearing times. Businesses that follow these criteria
guarantee that their pricing strategies align with corporate objectives, ethical standards, and consumer expectations.
Rule-based solutions serve as a safeguard, assuring consistency and dependability in the dynamic pricing process.

1.4. DEMAND FORECASTING

Demand forecasting is a vital component of dynamic pricing because it allows firms to effectively estimate future
consumer demand for their goods or services. Advanced approaches, such as Long Short-Term Memory (LSTM)
networks, are used to evaluate historical sales data and extract temporal patterns such as seasonal trends, holiday
spikes, and demand declines during economic downturns. These data enable organizations to predict market behavior
and tailor their pricing strategy appropriately. For example, a store may raise prices for a popular product that is
anticipated to be in great demand or lower prices for things that are projected to be out of favor. Accurate demand
forecasting optimizes inventory levels, reduces stockouts, and minimizes overstocking, resulting in improved resource
allocation and customer satisfaction. It provides as the foundation for efficient dynamic pricing systems, offering the
insight required to make data-driven choices.

1.5. E-COMMERCE PRICING STRATEGIES

E-commerce pricing strategies use analytical methodologies, algorithms, and industry data to achieve particular
corporate objectives such as revenue maximization, market share increase, or client loyalty. These tactics often use
machine learning models, optimization techniques, and decision rules to dynamically adjust pricing based on real-time
information. A hybrid architecture, for example, may include web scraping to monitor rival prices, machine learning
models to estimate demand, and rule-based systems to enforce business logic. In reality, these tactics enable e-commerce
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platforms to react quickly to competitive price wars, manage inventory efficiently, and provide targeted discounts to
loyal consumers. E-commerce pricing methods also prioritize scalability, allowing organizations to apply these tactics
to thousands of goods in large-scale operations. E-commerce platforms may maintain a competitive advantage in
dynamically changing marketplaces by using new pricing techniques.

2. LITERATURE SURVEY
2.1 DYNAMIC PRICING AT SEVERAL SPANISH RESORT HOTELS.

Aldric Vives et al. proposed this system. The present study is based on data from seven four-star hotels owned by the
same worldwide hotel company and located in diverse Spanish regions. The aim is to estimate the dynamic price that
will allow the hotel to optimize revenue during peak season. The study looks at the demand functions of seven resort
hotels and uses a dynamic pricing deterministic model to predict the rates that would maximize hotel revenue for each
day of stay. The findings have far-reaching implications for revenue management, primarily that hotels in the same
destination should have individualized pricing policies that are more focused on specific hotel and tourist characteristics;
however, in practice, hotel companies apply similar pricing policies to hotels in the same location. Furthermore, the
deterministic model performs well with data from seven different hotels with various customer profiles and hotel
characteristics. The deterministic approach maximizes revenue while accounting for demand dynamics, allowing for
precise segmentation maximization throughout the booking horizon. The article provides cost projections and levels of
booking for seven Spanish resort hotels during the peak season. These dynamic price estimates have not just individual
management implications for the seven hotels, but they also point to broader RM implications for improving hotel
pricing, given that we determined that these resort hotels utilize improper pricing approaches.

2.2 PREDICTING THE DIRECTION OF DYNAMIC PRICE ADJUSTMENT IN THE HONG KONG HOTEL

INDUSTRY

Ibrahim Mohammed et al. proposed this system. This study looked at dynamic pricing data from Hong Kong hotels during
the last-minute 1-week booking window to discover patterns and orientations of room rate changes, as well as their
interaction with hotel characteristics such physical assets, reputational variables, and contextual factors. The findings
show that room rates are more likely to increase than decrease or remain constant, and that, holding demand and market
conditions constant, the likelihood of price increases (decreases) is positively (negatively) associated with size (tangible
attribute), chain affiliation and star rating (reputational attributes), seller density, and location accessibility. These
findings confirm the importance of differentiation in hotel room pricing and show how hotel customers and revenue
managers can use these characteristics, along with predicted demand, to forecast the direction of room rate change in
the last-minute booking window as the check-in date approaches. This study looked at dynamic pricing data from Hong
Kong hotels during the last-minute 1-week booking window to determine patterns and directions of room rate changes,
as well as their relationship to hotel characteristics like tangible attributes (number of rooms), reputation variables
(chain affiliation and star rating), and contextual factors (seller density, distances to main transportation hub and
airport). The data revealed that, on balance of likelihood, room costs were more likely to grow than decline or stay
constant as the booking period neared check-in. Furthermore, the data demonstrated that, in addition to demand and
market conditions, the likelihood of raising or lowering room costs over time is linked to chain affiliation, star rating,
size, and geographical accessibility, all of which separate one hotel from another.

2.3 DYNAMIC PRICING AND ROUTING FOR SAME-DAY DELIVERY

Marlin W et al. proposed this system. A rising number of e-commerce companies provide same-day delivery. To supply
ordered products, suppliers dynamically deploy a fleet of vehicles that transport them from the warehouse to the
customers. Retailers often provide a range of delivery dates, from four hours to next day delivery. Due to deadlines,
automobiles may deliver just a few orders every trip. The total number of orders processed within the delivery time
frame is restricted, and income is low. As a result, many businesses are now trying to provide affordable same-day
delivery. In this post, we show how dynamic pricing may greatly increase revenue and the number of customers we can
serve on a single day. To do this, we provide an anticipatory pricing and routing policy (APRP) approach that encourages
customers to choose delivery deadline options that are efficient for the fleet to fulfill. This assures that the fleet can serve
extra potential orders. The pricing and routing issues are represented as Markov decision processes (MDPs). To
implement APRP, state-specific opportunity costs per customer and option are required. We do this via a guided offline
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value function approximation (VFA) based on state space aggregation. The VFA assesses the potential cost for each
condition and delivery option based on the fleet's flexibility. As an offline approach, APRP may predict suitable price
soon after a customer purchases. In a thorough computational analysis, we contrast APRP with a fixed- price policy, as
well as typical temporal and geographical pricing schemes. APRP significantly outperforms benchmark plans, resulting
in more income and more customers served on the same day. We demonstrated the advantages of dynamic pricing for
dynamic SDD routing. Customers are offered with many SDD deadline options for the problem under discussion, each
with a price. The idea is to provide suitable, customer-dependent rates, encouraging customers to choose delivery dates
that are efficient to fulfill while maximizing current and projected future profits. This projected revenue is contingent on
the fleet's capacity to serve future customers if an option is selected. To quantify this flexibility, we developed an APRP
that uses pricing rules, policy search, state space aggregation, and VFA to assess the opportunity cost of each delivery
alternative. All calculations were done offline. The online runtime per decision point was often less than 1 millisecond.
This means that APRP allows for the timely delivery of price, as customers would expect from an online firm. We
compared our method to typical pricing tactics in a variety of circumstances. In terms of revenue, our insurance exceeds
all benchmark plans by a significant amount. Furthermore, dynamic pricing improves the number of customers served
in a single day.

2.4 TICKET SALES FORECASTING AND DYNAMIC PRICING STRATEGIES FOR PUBLIC
TRANSPORTATION

Francesco Branda et al. proposed this system. The demand for shared transportation services has grown dramatically in
recent years. FlixBus, for example, revolutionized the long-distance coach market in Europe by using a dynamic pricing
strategy that offered low-cost transportation services as well as an efficient and speedy information system. This article
presents DA4PT (Data Analytics for Public Transport), a method for determining the factors that influence users' choices
to reserve and buy bus tickets. Beginning with 3.23 million user-generated event data from a bus ticketing platform, the
study reveals the relationship rules between booking criteria and ticket sales. These rules are then used to develop
machine learning models that predict whether or not a user would buy a ticket. The rules are also used to create various
dynamic pricing strategies targeted at increasing the number of tickets sold on the site, and hence the amount of revenue
earned. The program predicts ticket sales with 95% accuracy while minimizing variability in results. Using a dynamic
pricing approach, DA4PT increased the number of purchased tickets by 6% and total revenue by 9%, indicating the
effectiveness of the proposed method. This paper introduced DA4PT, a methodology for identifying the main factors
influencing users' purchases of bus tickets, both for training a machine learning model capable of predicting whether or
not a user will buy a ticket and for testing pricing strategies for maximizing the number of tickets purchased and a bus
company's overall revenue. DA4PT was validated using a real-world case study including 3.23 million event logs from
an [talian bus ticketing system collected between August 1, 2018 and October 20, 2019. The results of this study reveal
that factors such as occupancy rate, ticket cost, and the number of days between booking and departure all have a
significant influence on consumers' buying decisions.

2.5 MULTI-PRODUCT DYNAMIC PRICING WITH LIMITED INVENTORY USING A CASCADE CLICK
MODEL.

Sajjad Najafi et al. proposed the system. Understanding customer behavior is critical to building effective operational
strategies. The classical economic theory of customer choice has long been the dominant paradigm in operations and
management science research. However, the emergence of online markets, such as e-commerce websites, has motivated
substantial efforts in academia and business to build alternative models that not only accurately approximate consumer
behavior on such platforms, but are also readily scalable for large-scale deployments. In this work, we utilize the Cascade
Click model to solve a multi-product dynamic pricing problem with limited supplies. The Cascade Click model is one of
the most regularly used click models in practice and has been thoroughly investigated in the computing literature. We
provide some fundamental results. First, we propose a sufficiently broad description of the best pricing policy and show
how it varies from the optimum policy under the usual pricing model. Second, we show that the optimal forecast total
revenue under the Cascade Click model may be constrained by the objective value of an approximate deterministic
pricing problem. This finding is reminiscent of the well-known upper-bound result in traditional revenue management
(RM), which has had a substantial influence on RM research over the previous two decades. Third, we show that two
heuristic techniques with high performance guarantees in the conventional RM setting can be appropriately translated
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(although in a non-trivial way) to the Cascade Click model setting while retaining their strong performance guarantees.
Finally, we briefly discuss the combined ranking and pricing problem before presenting an iterative technique for
computing an approximate ranking.

3. RELATED WORKS

Adopting a dynamic pricing strategy may assist solve the challenges of strong price competitiveness, price elasticity, and
significant demand fluctuations in e-commerce product market places. Using a product from the JD.com e-commerce
platform, historical data from the past three years is analyzed, taking into consideration factors such as transportation
costs, product stocks, product costs, and the holiday impact. The study employs the Double Deep Q- Network (DDQN) for
product pricing optimization and compares its performance to the Deep Q-Network (DQN) model. The data indicate that
both the DQN and DDQN algorithms increase profitability to varying degrees for dynamic product pricing. Specifically,
the pricing profit with the DQN algorithm rose by an average of 1.925% when compared to the original pricing profit,
but the pricing profit with the DDQN algorithm climbed by an average of 11.975%. These findings have practical
implications.

4. PROPOSED SYSTEM

The suggested system is a hybrid dynamic pricing framework that combines sophisticated Al approaches, optimization
algorithms, and rule-based mechanisms to solve the difficulties of real-time e-commerce pricing. It uses Bayesian
Optimization to dynamically modify pricing strategies, balancing goals such as revenue maximization, inventory
management, and competitiveness, while rule-based systems maintain adherence to business restrictions and regulatory
obligations. Long Short-Term Memory (LSTM) networks support demand forecasting by capturing temporal patterns in
sales data, such as seasonality and trends, allowing for more accurate estimates of client demand. Real-time rival pricing
monitoring is accomplished using web scraping, with Natural Language Processing (NLP) methods used to extract
relevant data. The system's workflow consists of four stages: data gathering and preprocessing, rule-based filtering for
baseline pricing, Bayesian Optimization for dynamic changes, and performance assessment via iterative feedback loops.
This technique promotes flexibility and efficiency, resulting in more income, inventory turnover, and market response.
The framework is adaptable for a wide range of e-commerce applications and may be expanded to incorporate tailored
pricing and explainable Al (XAI) to improve transparency and trust.

5. MODULE DESCRIPTION
A. DATA COLLECTION AND PREPROCESSING MODULE

This module collects and prepares the information needed for dynamic pricing choices. It gathers real-time sales data,
inventory levels, rival pricing, and external market variables including seasonality and economic trends. Data
preparation methods are used to clean up the data, manage missing values, and find abnormalities, ensuring that the
dataset is full and trustworthy for further analysis.
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In figure 1.1 it shows the how the dynamic pricing how is implemented using machine learning.

B. DEMAND FORECASTING MODULE

This module forecasts future consumer demand using Long Short-Term Memory (LSTM) networks. LSTM models use
historical sales data to uncover temporal patterns such as trends, seasonality, and demand changes. These predictions
enable the system to anticipate changes in client behavior and proactively adapt pricing tactics to maximize revenue and
inventory management.

C. COMPETITOR MONITORING MODULE

Web scraping tools collect real-time rival price data, and Natural Language Processing (NLP) is used to extract and
analyse pertinent information from competitor websites or online marketplaces. This module keeps the system
competitive by adjusting pricing depending on competitor activities, such as price cuts or promotional offers.

D. RULE-BASED FILTERING MODULE

This module imposes established business limitations and pricing regulations, such as establishing minimum price
thresholds, limiting discount amounts, and complying to regulatory obligations. The rule-based filtering guarantees that
pricing choices are consistent with company goals and offer stability by limiting risks such as excessive price cuts or
noncompliance.

E. BAYESIAN OPTIMIZATION MODULE

This module dynamically changes pricing to maximize revenue, profit margins, and inventory turnover. Using Bayesian
Optimization, the system repeatedly examines pricing techniques, revising its views about optimum price points in
response to observed results. This module excels at managing conflicting priorities in unpredictable, multidimensional
contexts.

F. PERFORMANCE EVALUATION MODULE

This module evaluates the efficiency of pricing strategies by examining key performance indicators (KPIs) such as
revenue fluctuations, inventory turnover, customer retention, and market response. Feedback loops are utilized to fine-
tune the pricing system, guaranteeing ongoing improvement and flexibility to changing market circumstances.

E. INTEGRATION AND DECISION-MAKING MODULE

This module uses information from previous modules to make final price choices in real time. It allows for the seamless
integration of demand projections, competition analysis, rule-based restrictions, and optimization outputs. By combining
these components, the system generates data-driven, business- aligned pricing strategies.
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6. RESULT ANALYSIS

The outcome analysis confirms the usefulness of the proposed dynamic pricing methodology after thorough testing on
synthetic and real-world e- commerce datasets. Key performance measures show a 22% increase in revenue and a 30%
decrease in inventory holding costs compared to static or heuristic pricing methods. The combination of Bayesian
Optimization and rule-based mechanisms proved effective in balancing profitability and operational stability, assuring
adherence to set restrictions while optimizing price points in real time. The use of LSTM networks for demand
forecasting allowed for more accurate sales trend projections, while competition monitoring using web scraping and
NLP improved response to market changes. Feedback loops inside the system enhanced pricing tactics, leading in higher
customer retention and market competitiveness. These findings highlight the framework's scalability and versatility,
making it an effective solution for dynamic pricing difficulties in e-commerce.

7. CONCLUSION

To summarize, the suggested dynamic pricing framework provides a very effective and scalable solution for e-commerce
companies to improve pricing strategies in real time. By incorporating sophisticated Al approaches such as Bayesian
Optimization, LSTM-based demand forecasting, and competitor pricing monitoring via web scraping and NLP, the system
effectively tackles major difficulties such as profitability balance, inventory management, and market response. The use
of rule-based procedures guarantees that price choices are in line with business restrictions, while performance
assessment and feedback loops enhance them over time. The system's capacity to dramatically increase income, decrease
inventory costs, and improve competitiveness is supported by experimental findings. This hybrid approach not only
meets present e-commerce demands, but also has the potential for future advancements such as tailored pricing and
explainable Al (XAI), which will boost consumer trust and corporate transparency.

8. FUTURE WORK

Future work will concentrate on expanding the suggested dynamic pricing framework to include customized pricing
methods based on customer segmentation, allowing for tailored pricing that improves customer happiness and loyalty.
Furthermore, explainable Al (XAI) approaches will be investigated to increase transparency in pricing choices, enabling
consumers to better comprehend the reasoning behind price adjustments. Additional study will look at the inclusion of
external elements, such as macroeconomic circumstances and social media sentiment monitoring, to improve the
system's flexibility and reactivity. Furthermore, expanding the framework for large-scale, multi-product e-commerce
platforms and investigating its use in other sectors, such as travel and hospitality, will be critical areas of focus. These
innovations seek to make the dynamic pricing system more complex, user-friendly, and adaptable to a wide range of
market conditions.
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