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ABSTRACT

The rapid development of e-commerce platforms has created a growing need for intelligent technologies
capable of improving customer experience, operational efficiency, and business profitability. This review
paper presents a comprehensive analysis of recent studies related to the application of Deep Reinforcement
Learning, machine learning, and artificial intelligence techniques in e-commerce systems. The paper reviews
major research contributions published between 2018 and 2024 focusing on dynamic pricing, recommendation
systems, fraud detection, search ranking, and customer behaviour prediction. The reviewed studies reveal that
deep reinforcement learning models provide adaptive and data-driven solutions that outperform conventional
static and rule-based approaches. Similarly, reinforcement learning-based recommendation systems and fraud
detection models showed enhanced personalization, customer engagement, and transaction security. The
review also discusses existing challenges such as cold-start issues, interpretability, computational complexity,
and data imbalance. The study concludes that deep reinforcement learning has become an effective and
promising technology for intelligent decision-making and future advancement in modern e-commerce
platforms.
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l. Introduction

The rapid growth of e-commerce platforms has significantly transformed global business operations by
enabling personalized shopping experiences, automated decision-making, and real-time customer
interaction. In recent years, advanced artificial intelligence (Al) technologies, particularly machine
learning, deep learning, and deep reinforcement learning (DRL), have increasingly been adopted to
address complex challenges in e-commerce systems such as dynamic pricing, recommendation
optimization, fraud detection, and customer engagement. According to Deep Reinforcement Learning
research, intelligent systems are capable of learning adaptive strategies from user behaviour and
environmental feedback, thereby improving operational efficiency and customer satisfaction. The
integration of reinforcement learning with neural networks has provided e-commerce platforms with the
ability to optimize decisions continuously under uncertain and dynamic market conditions.

Zhu, C. et al. (2024) proposed the DRL-PricePro framework for personalized dynamic pricing in e-
commerce platforms with supply constraints. Their study demonstrated that the proposed system achieved
significant revenue improvements while maintaining a high constraint satisfaction rate. Similarly,
Agnihotri, A. and Raj, I. I. (2024) developed a deep reinforcement learning-based pricing optimization
framework capable of adapting prices according to customer behaviour, competitor pricing, and inventory
conditions. Their findings highlighted improved profitability and customer satisfaction through adaptive
pricing strategies.

https://doi.org/10.31426/ijesti.2024.4.10.4819 78



Vol 4, Issue 10, October 2024 www. ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

Furthermore, Zhang, X. et al. (2023) reviewed the applications of machine learning and deep learning in
e-commerce and identified important domains such as recommendation systems, fraud detection,
sentiment analysis, and customer behaviour prediction. In the area of fraud prevention, Tang, Y. (2023)
proposed a DRL-based fraud detection framework integrated with artificial neural networks that
demonstrated high classification accuracy for identifying fraudulent transactions.

Recommendation systems have also been significantly enhanced through reinforcement learning
techniques. Bharadwaj, D. R. R. et al. (2022) developed a DRL-based session recommendation system
capable of improving user engagement during browsing activities, while Sharma, A. et al. (2022)
combined collaborative filtering with deep reinforcement learning to overcome issues such as data
sparsity and cold-start problems. Earlier studies by Liu, J. et al. (2019) and Hu, Y. et al. (2018) further
established the effectiveness of reinforcement learning in dynamic pricing and search ranking
optimization. Overall, these studies indicate that deep reinforcement learning has emerged as a powerful
technology for improving automation, personalization, pricing efficiency, and intelligent decision-making
in modern e-commerce platforms.

Il. Research Background

Zhu et al. (2024). proposed DRL-PricePro, a deep reinforcement learning framework for personalized
dynamic pricing in e-commerce platforms that explicitly incorporated supply constraints. The study had
observed that conventional pricing optimization approaches frequently ignored inventory limitations,
which resulted in inefficient pricing decisions when product availability became critical. The researchers
formulated the pricing problem as a constrained Markov Decision Process (CMDP) and implemented a
modified Soft Actor-Critic algorithm suitable for e-commerce environments. The framework was reported
to integrate multi-level constraint handling mechanisms that combined strict inventory restrictions with
soft constraints derived from learned inventory patterns. It was further explained that the personalization
engine segmented customers according to behavioural characteristics and adapted pricing strategies while
maintaining supply compliance. Experimental evaluation conducted on a dataset containing 2.7 million
transactions demonstrated that the framework achieved a 12.3% improvement in revenue over static
pricing models and outperformed rule-based pricing approaches by 7.6%. The study also reported a 98.7%
constraint satisfaction rate, indicating strong effectiveness in real-world e-commerce applications.

Agnihotri and Raj (2024) emphasized that pricing transparency had played a significant role in online
commerce by influencing customer purchasing decisions and encouraging transactional activities. The
study had proposed a novel deep reinforcement learning (DRL) framework for optimizing dynamic
pricing strategies in e-commerce environments with the objective of maximizing revenue and
profitability. Using the Online Retail 1l Dataset, the researchers had developed a data-driven framework
capable of adapting prices according to temporal data patterns, market conditions, competitor actions, and
customer preferences. The state space had incorporated variables such as product demand, inventory
levels, competitor pricing, and time-sensitive factors. A DRL-based agent had been trained to identify
optimal pricing strategies while balancing long-term profitability with ethical considerations related to
price fairness. Experimental findings had demonstrated that the proposed framework outperformed
baseline models in improving revenue generation and profitability. The study had concluded that the
automated and adaptive pricing system significantly enhanced competitiveness, customer satisfaction, and
pricing efficiency in digital marketplaces.

Zhang et al. (2023). examined the rapid expansion of e-commerce and highlighted the growing need for
advanced computational techniques to address various domain-specific challenges. The authors had
conducted a concise survey of machine learning and deep learning approaches applied in e-commerce

https://doi.org/10.31426/ijesti.2024.4.10.4819 79



Vol 4, Issue 10, October 2024 www. ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

between 2018 and 2023 using Google Scholar sources. The study had reviewed a wide range of
techniques, including support vector machines, decision trees, random forests, conventional neural
networks, recurrent neural networks, and generative adversarial networks. It had further identified major
application areas such as sentiment analysis, recommendation systems, fake review detection, fraud
detection, customer churn prediction, sales forecasting, customer purchase behaviour prediction, product
classification, and image recognition. The researchers had also discussed critical challenges associated
with imbalanced datasets, overfitting, generalization, multi-modal learning, interpretability,
personalization, chatbots, and virtual assistants. The survey had provided an overview of existing
developments and highlighted future research directions in the evolving e-commerce landscape.

Tang (2023) stated that fraud had remained a persistent challenge in e-commerce despite the
implementation of various fraud detection strategies, which had only been able to identify a limited
proportion of fraudulent transactions. The study highlighted that such inefficiency had resulted in
significant financial losses worldwide and emphasized the urgent need for advanced fraud detection
mechanisms due to the anticipated growth of online transactions. To address this issue, the author had
proposed a deep reinforcement learning-based approach for the automatic detection of fraudulent e-
commerce transactions. The framework had employed Artificial Neural Networks (ANNS) to construct
the policy architecture and had treated the classification task as a sequential decision-making process. The
Artificial Bee Colony (ABC) algorithm had been utilized to initialize the network weights. Furthermore,
the environment had rewarded the agent for each classification action, with greater rewards assigned to
correctly identifying fraudulent transactions. Experimental evaluation conducted on a publicly available
dataset from the Université Libre de Bruxelles had demonstrated high accuracy, thereby validating the
effectiveness of the proposed model for fraud detection in e-commerce systems.

Bharadwaj et al. (2022) had emphasized that sustaining user interest and engagement was essential for
the success of e-commerce platforms. The study had explained that user sessions generally consisted of
known intent and unknown intent activities. Known intent activities had referred to situations where users
searched for specific products, whereas unknown intent activities had represented casual browsing
behaviour similar to window shopping. The researchers had primarily focused on the unknown intent
setting, where the objective had been to recommend a sequence of products capable of maintaining user
engagement and encouraging purchases. The problem had been formulated within the framework of a
Markov Decision Process (MDP) and solved using Deep Reinforcement Learning (DRL) techniques. The
authors had further highlighted that predicting next-product recommendations in reinforcement learning
was difficult because of the high variance in user browsing and purchasing behaviour. Therefore, the
recommendation process had been divided into predicting product attributes, enabling the identification
of behavioural patterns and improving recommendation accuracy. The DRL-based approach had
demonstrated superior performance compared to greedy recommendation strategies.

Sharma et al. (2022) had presented an innovative approach for enhancing e-commerce product
recommendation systems through the integration of hybrid collaborative filtering and deep reinforcement
learning algorithms. The authors had highlighted that traditional recommendation systems often faced
challenges such as data sparsity, cold-start issues, and rapidly changing user preferences. To address these
limitations, the study had combined collaborative filtering techniques with deep reinforcement learning
models to capture complex user-item interaction patterns and adapt recommendations dynamically over
time. A matrix factorization-based collaborative filtering method had initially been employed to predict
user preferences, which had subsequently been refined using a policy gradient-based deep reinforcement
learning architecture. The proposed framework had continuously learned from real-time user feedback
and interactions to optimize recommendations. Experimental evaluations conducted on large-scale e-
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commerce datasets had demonstrated superior performance of the integrated model in terms of accuracy,
precision, scalability, and user satisfaction. The findings had suggested that the proposed hybrid approach
significantly improved personalized recommendation effectiveness and enhanced consumer engagement
on e-commerce platforms.

Yin & Han (2021) had examined the expanding application of artificial intelligence technology,
particularly deep reinforcement learning, in the field of dynamic pricing. The authors had developed an
intelligent dynamic pricing system and had reviewed reinforcement learning approaches associated with
pricing mechanisms. Their study had also discussed previous research concerning single and multiple
suppliers, environmental models, and algorithm selection techniques. Furthermore, a two-period dynamic
pricing game model had been designed to evaluate optimal pricing strategies for e-commerce platforms
under varying market and consumer participation conditions. In mature markets, the study had analysed
pricing strategies, enterprise profits, and market equilibrium conditions, while the Nash equilibrium had
also been determined. In emerging markets with naive consumers, the pricing behaviour of duopoly e-
commerce platforms had been investigated through comparative analysis of profits and strategies. Finally,
the study had further explored emerging markets involving experienced consumers and had assessed the
resulting pricing strategies and equilibrium outcomes.

Schneider et al. (2021) had examined dynamic pricing as a crucial mechanism through which e-
commerce platforms balanced revenue generation, customer demand, and user engagement. The authors
had observed that conventional pricing strategies largely depended on static rules and predictive models,
which often failed to respond effectively to rapidly changing market environments. The study had
investigated the application of reinforcement learning techniques for dynamic pricing and demand
optimization in e-commerce systems. A learning-based pricing framework had been proposed that
continuously adjusted pricing decisions according to observed customer demand patterns and
environmental feedback. Through empirical evaluation, the researchers had demonstrated that
reinforcement learning agents performed more effectively than static and heuristic pricing approaches in
terms of revenue stability, demand alignment, and market responsiveness. The findings had emphasized
the practical significance of reinforcement learning as an advanced decision-support mechanism for
modern digital commerce platforms, thereby highlighting its potential to improve adaptive pricing
strategies in highly competitive online markets.

Chopra et al. (2020) investigated the integration of reinforcement learning and neural networks for
developing optimized dynamic pricing strategies in the e-commerce sector. The study had addressed
major challenges associated with price optimization in a rapidly changing marketplace characterized by
fluctuating demand and varying consumer behaviour. The authors had proposed a framework in which a
reinforcement learning algorithm dynamically adjusted prices in real time according to market conditions
and customer responses. A neural network model had been employed to analyse historical sales data and
market trends for predicting consumer purchasing behaviour, thereby supporting the decision-making
process of the reinforcement learning agent. The integrated approach had improved the accuracy and
efficiency of pricing decisions, resulting in enhanced revenue generation and customer satisfaction. The
methodology had involved training the model within a simulated e-commerce environment to evaluate
different pricing scenarios. Experimental findings had demonstrated superior performance compared to
traditional static and rule-based pricing approaches, while emphasizing the significance of adaptive
pricing strategies in future e-commerce operations.
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Liu et al. (2019) had presented an end-to-end framework to address the problem of dynamic pricing on
e-commerce platforms using deep reinforcement learning (DRL) techniques. The researchers had
modelled the dynamic pricing problem as a Markov Decision Process (MDP) by utilizing four groups of
business data to represent the states of each time period. The study had contributed significantly in three
aspects. First, it had extended the pricing mechanism from discrete price sets to continuous price sets.
Second, instead of directly applying revenue as the reward function, the authors had introduced a new
reward function termed Difference of Revenue Conversion Rates (DRCR). Third, the cold-start issue in
MDP had been addressed through pre-training and evaluation with carefully selected historical sales data.
The proposed approaches had been evaluated through offline experiments using Alibaba datasets and
online field experiments, where the framework had demonstrated superior performance compared to
manual pricing strategies adopted by operational experts.

Hu (2018) had examined the ranking of items in E-commerce platforms such as Amazon and TaoBao as
a multi-step decision-making problem within search sessions. The study had observed that conventional
Learning to Rank (LTR) methods generally treated each ranking step independently, despite the strong
correlations existing among them. To address this limitation, the author had proposed the application of
reinforcement learning (RL) for learning an optimal ranking policy that could maximize expected
accumulative rewards throughout a search session. The concept of a Search Session Markov Decision
Process (SSMDP) had been formally defined to model the multi-step ranking problem. Furthermore, the
properties of SSMDP had been analysed, and the necessity of maximizing accumulative rewards had been
theoretically demonstrated. The study had also introduced a novel policy gradient algorithm capable of
handling high reward variance and unbalanced reward distributions. Experimental findings from
simulations and the TaoBao search engine had shown significant improvements over state-of-the-art LTR
methods, achieving notable increases in total transaction amounts.

II. Major Findings from Study

S. Authors Objective of Study Methodology / Technique Major Findings
No. | & Year Used
1 Zhu, C. et | To develop a | Deep Reinforcement Learning | Achieved 12.3% higher
al. (2024) personalized dynamic | (DRL), Constrained Markov | revenue than static pricing
pricing framework with | Decision Process (CMDP), | models and  98.7%
supply constraints in e- | Modified Soft  Actor-Critic | constraint satisfaction rate
commerce Algorithm
2 Agnihotri, | To optimize dynamic | Deep Reinforcement Learning | Improved profitability,
A. & Raj, I. | pricing strategies in e- | using Online Retail Il Dataset | customer  satisfaction,
. (2024) commerce marketplaces and pricing efficiency
through adaptive pricing
3 Zhang, X.|To review machine | Survey of ML and DL methods | Identified applications in
et al. | learning and  deep | from 2018-2023 recommendation systems,
(2023) learning techniques in e- fraud detection, sales
commerce forecasting, and sentiment
analysis
4 Tang, Y. | To detect fraudulent e- | Deep Reinforcement Learning | Demonstrated high fraud
(2023) commerce transactions | with Artificial Neural Networks | detection accuracy on
automatically and Artificial Bee Colony | publicly available datasets
Algorithm

https://doi.org/10.31426/ijesti.2024.4.10.4819

82




Vol 4, Issue 10, October 2024

www. ijesti.com

E-ISSN: 2582-9734

International Journal of Engineering, Science, Technology and Innovation (IJESTI)

5 Bharadwaj, | To improve Deep Reinforcement Learning | DRL-based
D. R. R. et | engagement and Markov Decision Process | recommendations
al. (2022) | session-based (MDP) outperformed greedy
recommendations recommendation
approaches
6 Sharma, A. | To enhance e-commerce | Hybrid Collaborative Filtering | Improved
et al. | recommendation with  Deep Reinforcement | recommendation
(2022) systems Learning accuracy, scalability, and
user satisfaction
7 Yin, C. & | To analyze Two-period dynamic pricing | Determined optimal
Han, J. | pricing strategies using | game model with DRL pricing strategies and
(2021) deep reinforcement Nash equilibrium
learning conditions
8 Schneider, | To investigate | Reinforcement Learning-based | RL  methods showed
L. et al.| reinforcement adaptive pricing framework better revenue stability
(2021) for pricing and demand and market
optimization responsiveness
9 Chopra, N. | To optimize e- | Reinforcement Learning | Enhanced pricing
et al. | commerce pricing | integrated with Neural | efficiency, customer
(2020) strategies using RL and | Networks satisfaction, and revenue
neural networks generation
10 | Liu,J.etal. | To solve dynamic | Deep Reinforcement Learning | Outperformed  manual
(2019) pricing problems in e- | with MDP and DRCR reward | pricing  strategies in
commerce using DRL function Alibaba field
experiments
11 | Hu, Y. et | Toimproverankingine- | Reinforcement Learning with | Achieved higher
al. (2018) | commerce search | Search ~ Session ~ Markov | transaction amounts
engines Decision Process (SSMDP) compared to traditional
Learning-to-Rank
methods

I\VV. Conclusion

The reviewed studies demonstrated that Deep Reinforcement Learning and machine learning techniques
have significantly transformed modern e-commerce systems by improving pricing optimization,
recommendation accuracy, fraud detection, and customer engagement. The findings of Zhu, C. et al.
(2024) and Agnihotri, A. and Raj, 1. I. (2024) highlighted the effectiveness of adaptive dynamic pricing
strategies in maximizing revenue and maintaining supply constraints. Similarly, recommendation systems
developed by Bharadwaj, D. R. R. et al. (2022) and Sharma, A. et al. (2022) demonstrated superior
personalization and user satisfaction compared to traditional approaches. Studies on fraud detection and
ranking optimization further proved the capability of reinforcement learning in handling complex
decision-making tasks. Overall, the literature indicated that intelligent reinforcement learning frameworks
provide scalable, adaptive, and efficient solutions for improving operational performance and customer
experience in highly competitive digital commerce environments.
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