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ABSTRACT 

This systematic review explores the integration of Artificial Intelligence (AI) within 

contemporary e-commerce business models by analyzing a total of 126 peer-

reviewed scholarly articles published between 2013 and 2023. The review aims to 

provide a comprehensive understanding of how AI technologies such as machine 

learning, deep learning, natural language processing, and predictive analytics are 

being utilized to enhance operational performance, customer engagement, and 

strategic decision-making across major e-commerce platforms. Drawing on case 

studies from industry leaders such as Amazon, Airbnb, and Turo, the study 

investigates core applications of AI in areas including personalized 

recommendation systems, dynamic pricing algorithms, automated logistics and 

supply chain management, fraud detection, customer service automation, and 

trust-building mechanisms in peer-to-peer marketplaces. The findings reveal that AI 

significantly contributes to improving service accuracy, responsiveness, and 

scalability, while also reinforcing trust and reducing operational risks through 

autonomous systems. Furthermore, the study discusses the divergent 

implementation of AI across centralized and decentralized e-commerce models, 

illustrating the contextual variability in system design and use. The review also 

addresses the growing influence of international regulatory frameworks, such as 

the General Data Protection Regulation (GDPR), California Consumer Privacy Act 

(CCPA), and other jurisdictional mandates, which are increasingly shaping AI 

governance practices. Key gaps in the literature are identified, including the 

underrepresentation of small-to-medium enterprises (SMEs), the lack of cross-

industry comparative analyses, and limited longitudinal studies on the socio-

economic and ethical implications of AI integration. By synthesizing current 

evidence and highlighting both opportunities and limitations, this review 

contributes to a deeper academic and practical understanding of AI’s 

transformative role in e-commerce, offering valuable insights for researchers, 

policymakers, and digital commerce stakeholders. 
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INTRODUCTION 

Artificial intelligence (AI) refers to the simulation of human intelligence in computer systems designed 

to perform tasks that typically require human cognition, such as learning, problem-solving, decision-

making, and language understanding (Raisch & Krakowski, 2021). AI encompasses various 

technologies, including machine learning (ML), natural language processing (NLP), deep learning, 

and computer vision, each of which facilitates different forms of automation and analytics (Di Vaio 

et al., 2020). Machine learning, particularly, is defined as algorithms that allow computers to 

automatically improve their performance on a task through experience, without explicit 

programming (Obschonka & Audretsch, 2019). Deep learning, a sub-field of ML, employs multi-layer 

neural networks to model complex patterns and relationships within data, enabling advanced 

recognition capabilities that support numerous industrial applications (Okunlaya et al., 2022). Within 

the context of e-commerce, these AI technologies empower platforms to process extensive data 

sets, delivering personalized customer experiences and automated business processes that 

traditional computing methods cannot achieve effectively (Dwivedi et al., 2021).  

Figure 1: Overview of Artificial Intelligence Technology Landscape 

The international significance of AI integration in e-commerce arises from its transformative potential 

across global markets. Global e-commerce sales are projected to exceed 6 trillion USD by 2022, 

making it a primary driver of economic growth and digital transformation internationally (Corea, 

2019). This rapid growth is fueled by consumer demand for convenience, efficiency, and 
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personalized services, which AI-driven solutions facilitate extensively (Corea, 2018). Markets 

worldwide, especially in North America, Europe, and Asia-Pacific, have increasingly leveraged AI to 

enhance competitiveness, streamline operations, and offer differentiated customer experiences 

(Cui et al., 2021). China's e-commerce giants such as Alibaba and JD.com have deployed 

advanced AI systems to optimize inventory management, logistics, and customer personalization, 

underscoring AI's global adoption and relevance (Kim et al., 2001). Similarly, in the United States and 

Europe, platforms like Amazon, Airbnb, and eBay are utilizing AI-driven innovations to achieve 

competitive advantages, enhance user engagement, and sustain market leadership (Zhao et al., 

2020). Moreover, the AI-enabled e-commerce business model integrates digital intelligence to 

create value through innovative operational processes, strategic marketing tactics, and enhanced 

customer relationships (Song et al., 2019a). Central to this integration is the shift from traditional, 

centralized business operations towards decentralized, platform-based models where AI systems 

manage inventory, predict demand, personalize offerings, and optimize pricing dynamically (Song 

et al., 2019b). Platforms employing AI-driven business models exhibit greater flexibility, operational 

efficiency, and responsiveness to consumer behavior and market dynamics compared to their 

conventional counterparts (Alhashmi et al., 2019). Specifically, AI technologies like predictive 

analytics allow e-commerce businesses to forecast consumer preferences and purchasing 

behaviors, significantly improving inventory accuracy and operational efficiency (Muthusamy et al., 

2018). Furthermore, dynamic pricing algorithms facilitate optimal pricing strategies that maximize 

revenues while maintaining competitiveness, especially evident in platforms like Amazon and Airbnb 

(Armour & Sako, 2020). 

Figure 2: AI in E-Commerce Platforms 

 
Amazon Fulfillment by Amazon (FBA) represents a prime example of AI integration, combining 

sophisticated logistics and predictive analytics to streamline operations and enhance market reach. 

Amazon employs machine learning algorithms to predict inventory needs, automate warehouse 

logistics, and dynamically manage pricing strategies to improve profitability and market 

responsiveness (Nandal et al., 2020). The platform also utilizes AI-powered recommendation systems 

extensively, personalizing user experiences based on consumer behavioral data, purchase history, 

and real-time interactions (Kumar et al., 2019). This advanced personalization significantly contributes 

to increased customer engagement, satisfaction, and sustained purchasing behaviors (Rana et al., 

2021). Moreover, Amazon's AI-powered logistics capabilities have set a global benchmark, 

integrating robotic process automation (RPA) and intelligent robotics within warehouses to drastically 

reduce order fulfillment time and enhance accuracy (Lee & Chen, 2005). Such capabilities 

demonstrate the profound impact AI can have on operational efficiency and customer satisfaction 

in e-commerce contexts. Moreover, Airbnb’s application of AI primarily revolves around personalized 

search algorithms, user trust assessment, and streamlined customer interactions. Airbnb uses deep 

learning algorithms to analyze user preferences, search history, and social behaviors to generate 

customized accommodation recommendations, thus significantly enhancing user experience and 

platform engagement (Huang et al., 2006). Trust and security, which are essential for the platform’s 

peer-to-peer model, are strengthened through AI-based fraud detection systems and reputation 

scoring algorithms that analyze transaction histories, review patterns, and host-guest interactions 

(Rana et al., 2021). Furthermore, Airbnb’s utilization of natural language processing (NLP) tools 

automates customer support through chatbots and automated responses, improving user 

satisfaction by providing timely and accurate service while reducing operational costs (Thiebes et 

al., 2020). These AI-driven solutions collectively empower Airbnb to deliver robust operational 

performance and secure a leading competitive position in the global hospitality market. Moreover, 

Turo, a rapidly growing peer-to-peer car-sharing platform, employs AI strategically to manage 

https://ajates-scholarly.com/index.php/ajates/about
https://doi.org/10.63125/1ekaxx73


American Journal of Advanced Technology and Engineering Solutions 

Volume 03 Issue 03 (2023) 

Page No: 01-31 

eISSN: 3067-0470   

DOI: 10.63125/1ekaxx73 

4 

 

demand forecasting, operational automation, and risk assessment. AI algorithms facilitate the 

prediction of vehicle rental demand patterns, enabling owners to optimize rental pricing, vehicle 

availability, and overall utilization rates (Sohn & Kwon, 2020). Turo's AI capabilities extend into 

operational efficiencies, automating vehicle check-in processes and managing reservation systems 

seamlessly, thereby improving user experience and streamlining operations (Ghiassi et al., 2016). 

Moreover, the platform integrates AI for enhanced security and insurance management, utilizing 

anomaly detection algorithms to identify unusual rental activities and prevent potential fraud or 

misuse of vehicles (Yigitcanlar & Cugurullo, 2020). This proactive use of AI not only bolsters platform 

reliability but also significantly mitigates operational risks, providing a secure, trustworthy environment 

for both vehicle owners and renters (Dafir et al., 2020). 

Across these platforms—Amazon FBA, Airbnb, and Turo—common themes in AI integration include 

decentralization, enhanced scalability, and customer-centric operational transformation. 

Decentralization arises as AI systems autonomously handle tasks traditionally managed centrally by 

human operators, allowing platforms to scale operations effectively without proportionate increases 

in human resources (Mirchi et al., 2020). Scalability facilitated by AI is evident through dynamic 

resource allocation, predictive maintenance, and intelligent demand forecasting, empowering 

businesses to rapidly adapt to market conditions and consumer needs (Cugurullo, 2020). Moreover, 

these platforms utilize AI to consistently refine user experiences, leveraging sophisticated algorithms 

that tailor interactions, products, and pricing directly to individual user preferences and behaviors 

(Kumar et al., 2019). Such strategies underscore how AI integration fundamentally reshapes 

traditional business models, setting new standards for operational excellence and competitive 

differentiation in international e-commerce markets.The primary objective of this study is to analyze 

how artificial intelligence (AI) integration reshapes business models within prominent e-commerce 

platforms, specifically focusing on Amazon Fulfillment by Amazon (FBA), Airbnb, and Turo. By 

exploring these platforms, this research aims to identify distinct AI applications and mechanisms that 

drive operational efficiency, enhance customer experience, and strengthen competitive 

advantage in diverse market environments. To achieve this, the study systematically evaluates each 

platform's operational strategies, focusing on the utilization of machine learning, predictive analytics, 

recommendation systems, fraud detection, dynamic pricing algorithms, and automated customer 

service solutions. The goal is to clearly delineate the role of AI in each business model, highlighting 

how technological innovations contribute to platform scalability, reliability, and market 

responsiveness. Furthermore, this objective encompasses understanding the strategic alignment of 

AI-driven operations with the overarching business goals of profitability, sustainability, and customer 

retention. Through detailed case studies, the research will provide a comprehensive assessment of 

how Amazon FBA applies AI for logistical optimization and customer personalization, how Airbnb 

leverages AI for personalized booking experiences and trust enhancement, and how Turo employs 

AI for operational automation, predictive demand management, and security. This comparative 

approach will allow an insightful evaluation of common and distinct strategic elements, facilitating 

an in-depth understanding of AI integration as a critical component of e-commerce business 

models. Ultimately, this objective seeks to contribute to scholarly discourse by providing nuanced 

insights into how leading e-commerce platforms successfully harness AI technologies to innovate 

their business models, thereby setting benchmarks for operational excellence within the digital 

economy. 

LITERATURE REVIEW 

This literature review systematically examines the existing scholarly works on the integration of Artificial 

Intelligence (AI) within e-commerce business models, emphasizing key operational strategies and 

innovations evident in leading digital platforms such as Amazon FBA, Airbnb, and Turo. The rapid 

proliferation of digital commerce has significantly reshaped global business operations, prompting 

numerous studies on the role of AI technologies—including machine learning, deep learning, 

predictive analytics, natural language processing, and automation—in enhancing operational 

efficiencies, customer satisfaction, and competitive advantage. To provide comprehensive insights, 

this review synthesizes empirical and theoretical contributions from diverse academic disciplines, 

including management information systems, marketing, logistics, and strategic management. 

Additionally, the review highlights gaps in existing research and underscores critical areas that 

require further exploration to understand the implications and strategic outcomes of AI adoption 

across varied e-commerce sectors. 
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Artificial Intelligence in E-commerce 

Artificial intelligence (AI) has emerged as a pivotal technological advancement in contemporary e-

commerce environments, fundamentally redefining the methods through which businesses engage 

with consumers and optimize operational efficiencies. AI in the context of e-commerce refers to the 

application of computational algorithms capable of performing cognitive tasks traditionally 

executed by humans, such as decision-making, predictive analytics, and pattern recognition 

(Ahmed et al., 2022; Gielens & Steenkamp, 2019; Islam & Helal, 2018). This broad conceptualization 

encompasses technologies including machine learning (ML), natural language processing (NLP), 

robotics, and deep learning, each contributing uniquely to different aspects of e-commerce 

operations (Aklima et al., 2022; Helal, 2022; Ma et al., 2018). Machine learning, particularly, has 

received significant attention due to its ability to enable systems to learn from large datasets and 

dynamically adapt operations without explicit programming (Hansen & Hasan, 2015; Mahfuj et al., 

2022; Majharul et al., 2022). For instance, platforms like Amazon utilize machine learning extensively 

for personalized customer recommendations, optimizing inventory management, and predicting 

consumer purchase behavior, significantly improving customer satisfaction and sales performance 

(Masud, 2022; Hossen & Atiqur, 2022; Pedregosa et al., 2011). 
Figure 3: AI in E-commerce Market Size (USD Billion) 

 
Historically, the evolution of AI technologies within digital commerce reflects broader technological 

advancements and shifting market demands. Early forms of AI in digital commerce primarily involved 

rule-based expert systems designed to assist with basic decision-making and customer interactions 

(Dunjko & Briegel, 2018; Kumar et al., 2022; Sohel et al., 2022). However, the rise of big data analytics 

and improved computational resources in the late 2000s and early 2010s catalyzed the transition 

toward more sophisticated and capable AI applications (Lin et al., 2007; Tonoy, 2022; Younus, 2022). 

Advances in cloud computing, data storage, and processing power enabled e-commerce 

platforms to harness AI for complex predictive analytics, personalized marketing, and sophisticated 

logistics management, vastly enhancing their operational agility and customer responsiveness (Alam 

et al., 2023; Arafat Bin et al., 2023; Mirchi et al., 2020). Amazon’s deployment of AI-driven logistics and 

supply chain automation through Fulfillment by Amazon (FBA), involving robotic process automation 

(RPA), demonstrates the considerable progress made in leveraging AI for operational efficiencies 

and competitive differentiation in global markets (Chowdhury et al., 2023; Huang et al., 2006; Jahan, 

2023). 

AI integration in e-commerce also significantly enhances customer interactions and experience 

management. Natural language processing (NLP) and virtual assistants powered by AI technologies 

are now standard features in leading e-commerce platforms, facilitating efficient customer 

interactions, real-time service, and improved user experience management (Ma et al., 2018; 

Maniruzzaman et al., 2023; Hossen et al., 2023). Platforms such as Airbnb utilize NLP algorithms in their 

automated chatbot systems to streamline customer service interactions and assist users throughout 
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their booking journeys (Mishra & Tripathi, 2021; Roksana, 2023; Sarker et al., 2023). These AI-driven 

conversational tools not only increase operational efficiency by reducing reliance on human 

customer service representatives but also improve user satisfaction by providing instantaneous, 

accurate responses to customer inquiries (Shahan et al., 2023; Siddiqui et al., 2023; Zhang et al., 2017). 

Further, AI-enabled virtual assistants and chatbots collect and analyze customer data to refine future 

interactions, thereby continuously enhancing user experience and loyalty (Dunjko & Briegel, 2018; 

Tonoy & Khan, 2023). The use of AI-driven dynamic pricing models has profoundly reshaped revenue 

optimization strategies within e-commerce. Dynamic pricing algorithms utilize real-time analytics and 

predictive modeling to adjust prices according to customer demand, competition, market 

conditions, and consumer behavior patterns (Núñez-Valdez et al., 2018). Airbnb and Amazon are 

prominent examples of platforms effectively employing dynamic pricing models to optimize 

revenues and ensure market competitiveness (Choudary et al., 2016). Airbnb employs AI-powered 

pricing tools that recommend optimal nightly rates to property hosts, accounting for factors such as 

demand fluctuations, competitor pricing, and seasonality (Verganti et al., 2020). Similarly, Amazon's 

use of predictive analytics allows the continuous adjustment of prices for millions of products in real-

time, leveraging extensive customer data and historical sales performance to maximize profitability 

and market responsiveness (Rogers, 2016). Moreover, AI technologies significantly enhance security, 

trust management, and risk mitigation within digital marketplaces. Trust and security are critical in 

platform-based e-commerce, especially in peer-to-peer platforms such as Airbnb and Turo, where 

transaction reliability and fraud prevention are essential for sustaining customer trust and platform 

reputation (Rogers, 2016; Verganti et al., 2020). AI-driven anomaly detection algorithms and deep 

learning models efficiently identify fraudulent behaviors and suspicious transactions, protecting users 

from potential scams and ensuring safer online experiences (Choudary et al., 2016). Airbnb, for 

example, extensively employs AI-powered fraud detection systems and trust-rating mechanisms 

based on customer transaction histories, user feedback, and host-guest interaction patterns, 

significantly improving user trust and transaction security (Wu et al., 2019). Similarly, Turo integrates AI 

for automated risk assessment, leveraging predictive analytics to proactively identify risks related to 

car rental misuse and fraudulent activities, thus enhancing user confidence and platform security 

(Elvy, 2017). 

Theoretical frameworks Artificial Intelligence in E-commerce 

The Technology Acceptance Model (TAM) serves as a foundational theoretical framework for 

examining user acceptance of artificial intelligence (AI) technologies within e-commerce 

environments. Developed initially by Davis (1989), TAM emphasizes two key determinants of 

technology acceptance: perceived usefulness and perceived ease of use. Perceived usefulness 

refers to the extent users believe that using a specific technology will enhance their performance, 

while perceived ease of use involves users’ perceptions regarding the effort required to utilize the 

technology (Davis, 1989). Applied within e-commerce contexts, researchers have leveraged TAM to 

explore user acceptance of AI-driven platforms, demonstrating significant relationships between AI-

enabled recommendation systems and customer purchase intentions (Tan et al., 2007). Studies have 

confirmed that AI-driven personalization strategies, which enhance perceived usefulness, positively 

influence customer satisfaction, engagement, and long-term loyalty (Hagel & Rayport, 1999). 

Furthermore, researchers have extended TAM through additional constructs to effectively capture 

the complex interactions in AI adoption scenarios within e-commerce. Trust, security concerns, and 

perceived risk, for instance, have emerged as critical moderators within extended TAM frameworks 

(Maity & Dass, 2014). Empirical evidence indicates that customers' acceptance of AI technologies 

significantly increases when perceived trust and data security assurances are integrated into e-

commerce interfaces, such as AI-driven customer service chatbots and personalized 

recommendation systems (Jha et al., 2019). Such findings underscore the importance of addressing 

customer concerns about privacy and data management when adopting AI solutions within digital 

marketplaces (Aghion et al., 2005). Another influential theoretical model applied extensively to AI 

adoption in e-commerce is the Unified Theory of Acceptance and Use of Technology (UTAUT). 

Developed by (Cacheda et al., 2011), UTAUT synthesizes multiple technology acceptance theories 

to explain user intentions and behaviors comprehensively. UTAUT identifies four core constructs: 

performance expectancy, effort expectancy, social influence, and facilitating conditions, which 

directly influence users’ behavioral intentions and actual technology usage (Maity & Dass, 2014). 

Within e-commerce research, UTAUT has provided critical insights into how customers interact with 

https://ajates-scholarly.com/index.php/ajates/about
https://doi.org/10.63125/1ekaxx73


American Journal of Advanced Technology and Engineering Solutions 

Volume 03 Issue 03 (2023) 

Page No: 01-31 

eISSN: 3067-0470   

DOI: 10.63125/1ekaxx73 

7 

 

AI technologies, such as automated chatbots, virtual assistants, and AI-powered search engines, 

highlighting the strong predictive value of performance expectancy in determining consumer 

adoption behaviors (Bobadilla et al., 2012). 

Numerous studies have empirically validated the effectiveness of UTAUT constructs in the context of 

AI adoption within e-commerce platforms. For example, performance expectancy, reflecting users' 

belief in improved task performance through AI-enabled e-commerce systems, has consistently 

emerged as the strongest predictor of AI adoption intentions (Ma et al., 2017). Additionally, effort 

expectancy, representing users' perceptions of the ease of interaction with AI technologies, 

significantly impacts adoption decisions, particularly in platforms integrating AI-driven 

personalization and customer interaction systems (Camarinha-Matos et al., 2019). These findings 

demonstrate that the ease of use and perceived value from AI-driven interactions fundamentally 

determine customers’ willingness to adopt and continuously engage with AI technologies 

embedded in e-commerce platforms (Wei et al., 2017). 

Figure 4: Modeling AI Adoption in E-Commerce: Analyzing TAM, UTAUT, and DOI Frameworks 

 
The Diffusion of Innovation Theory (DOI), initially formulated by Rogers et al. (2014), is another essential 

framework for analyzing AI integration within e-commerce environments. DOI theory elucidates how 

new technologies disseminate through social systems over time, identifying factors influencing their 

adoption rates, including relative advantage, compatibility, complexity, observability, and trialability 

(Rogers et al., 2014). In e-commerce research, DOI has been effectively used to explain how AI-

driven innovations, such as predictive analytics, dynamic pricing models, and recommendation 

systems, diffuse across different consumer segments and organizational contexts, significantly 
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shaping the competitive landscape of digital marketplaces (Hwang & Kim, 2021). Empirical studies 

have consistently demonstrated the significant influence of DOI’s relative advantage and 

compatibility constructs in promoting AI integration within e-commerce contexts. Relative 

advantage—defined as the degree to which AI-driven solutions are perceived as superior to 

traditional methods—has been repeatedly shown to drive faster technology adoption among 

businesses and consumers alike (Chatterjee et al., 2021). Compatibility, indicating the alignment 

between the AI technology and existing consumer needs, values, and experiences, also substantially 

influences adoption behavior, particularly when introducing sophisticated AI-based personalization 

systems and automated customer service solutions in e-commerce platforms (Guo et al., 2012). 

Additionally, the complexity construct significantly affects adoption decisions, with technologies 

perceived as overly complex experiencing slower diffusion rates, thus highlighting the critical 

importance of user-friendly AI implementations (Tan & Kumar, 2002). Synthesizing insights from TAM, 

UTAUT, and DOI theories provides a comprehensive theoretical understanding of AI adoption within 

e-commerce platforms. Combined, these frameworks illuminate how consumer perceptions of 

usefulness, ease of use, performance expectations, social influences, relative advantages, and 

compatibility with existing practices shape acceptance and utilization of AI technologies (Baptista 

et al., 2020). The collective empirical evidence underscores that AI adoption is positively influenced 

by clear communication of technology benefits, seamless integration with customer interaction 

workflows, robust performance outcomes, and alignment with user preferences and organizational 

goals (Hwang & Kim, 2021). These theoretical insights offer significant implications for managing 

customer expectations, developing targeted AI-driven functionalities, and effectively aligning 

strategic initiatives to enhance AI integration within e-commerce platforms (Rogers, 2016). 

AI-Driven Personalization and Recommendation Systems 

Artificial intelligence (AI)-driven personalization in e-commerce platforms primarily leverages 

sophisticated machine learning (ML) algorithms to dynamically tailor product offerings, 

recommendations, and customer experiences based on consumer behavior and preferences. 

Machine learning algorithms analyze vast datasets encompassing purchase histories, browsing 

behaviors, demographic profiles, and real-time interactions to accurately predict individual 

consumer needs and interests (Vaio et al., 2020; Islam & Helal, 2018). Specifically, techniques such as 

collaborative filtering, content-based filtering, and hybrid recommendation systems are frequently 

employed to enhance personalization effectiveness (Ahmed et al., 2022; Corea, 2018). 

Collaborative filtering algorithms rely on patterns identified across user communities, recommending 

products to consumers based on similarities in purchasing habits or interests, whereas content-based 

filtering utilizes attributes of previously viewed or purchased items to suggest similar alternatives 

(Aklima et al., 2022; Cui et al., 2021). Amazon’s proprietary recommendation system exemplifies 

effective collaborative and hybrid filtering implementations, significantly improving sales conversion 

rates and customer retention by providing precisely targeted product suggestions aligned with 

individual user profiles (Helal, 2022; Zhao et al., 2020). Empirical studies focusing on recommendation 

systems deployed by leading e-commerce platforms, particularly Amazon and Airbnb, offer 

substantial evidence of the efficacy and strategic importance of AI-driven personalization. Amazon's 

recommendation engine, a benchmark in e-commerce personalization, utilizes complex machine 

learning algorithms to predict consumer preferences, achieving remarkable accuracy in product 

suggestions that substantially enhance customer satisfaction and repeated purchasing behaviors 

(Corea, 2018; Mahfuj et al., 2022). Airbnb, similarly, leverages advanced machine learning 

techniques to optimize its search algorithms, ensuring that accommodation recommendations align 

closely with individual users’ previous searches, preferences, location data, and historical booking 

patterns (Alhashmi et al., 2019; Majharul et al., 2022). These empirical insights indicate that consumers 

who encounter highly relevant, personalized content are more likely to engage deeply with 

platforms, exhibiting greater loyalty, prolonged sessions, and increased spending, thereby 

demonstrating the clear strategic value of investing in sophisticated recommendation systems (Lou 

& Wu, 2021; Hossen & Atiqur, 2022). The profound impact of personalized AI-driven recommendations 

on customer loyalty, engagement, and overall satisfaction has been consistently supported across 

diverse scholarly literature. Research indicates that consumers receiving personalized 

recommendations not only experience higher immediate satisfaction but also show increased long-

term engagement and brand loyalty due to a perceived value of personalization efforts (Alhashmi 

et al., 2019; Mohiul et al., 2022). Customer loyalty emerges strongly when users perceive the 
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recommendation systems as accurately understanding their needs and preferences, leading to 

higher retention rates and continuous platform interaction (Alhashmi et al., 2019; Cui et al., 2021; 

Ripan Kumar et al., 2022). Studies further underscore the critical role of personalization in reducing 

decision-making complexity for customers, streamlining the purchasing process, and fostering 

positive emotional responses, which translate directly into enhanced satisfaction and repeated 

purchase behaviors (Lou & Wu, 2021; Sohel et al., 2022). Consequently, platforms such as Amazon 

and Airbnb strategically prioritize investment in AI-driven personalization and recommendation 

technologies, recognizing their tangible benefits in creating sustainable competitive advantages 

through improved consumer experiences and strengthened customer relationships (Cui et al., 2021; 

Lou & Wu, 2021; Tonoy, 2022). 

Figure 5: AI-Based Recommendation System Architecture: A Monochrome Workflow Diagram 

 
Predictive Analytics and Dynamic Pricing Strategies 

Predictive analytics has become a central component of AI applications in e-commerce, 

particularly in the realms of inventory management and demand forecasting. This approach involves 

the use of statistical algorithms, machine learning models, and data mining techniques to analyze 

historical and real-time data to make informed predictions about future consumer behaviors, 

product demands, and inventory requirements (Dwivedi et al., 2021; Younus, 2022). E-commerce 

platforms increasingly rely on predictive analytics to optimize inventory levels, reduce stockouts and 

overstocking, and improve supply chain efficiency (Cui et al., 2021). Amazon exemplifies the 

strategic use of predictive analytics through its anticipatory shipping system, which analyzes 

customer data to predict what products are likely to be ordered and prepositions these products in 

fulfillment centers closer to the customer (Schrettenbrunnner, 2020). This level of data-driven 

forecasting enhances operational responsiveness and supports real-time inventory decisions, 

contributing significantly to cost reduction and improved customer satisfaction (Vrontis et al., 2021). 

Additionally, predictive analytics enables accurate demand forecasting across various product 

categories and time periods, helping e-commerce firms adjust procurement, distribution, and 

promotional strategies dynamically (Belhadi et al., 2021). 

Dynamic pricing represents another transformative AI-enabled strategy within e-commerce, wherein 

algorithms adjust prices in real-time based on a multitude of variables, including supply and demand 

fluctuations, customer behavior, competitor pricing, and market trends (Cao, 2021). Amazon is a 

leading example of dynamic pricing at scale, employing machine learning models that monitor 

millions of price points and customer interactions to update product prices in near real-time 

(Vanneschi et al., 2018). These models are trained on vast datasets encompassing user click-through 

rates, cart abandonment, historical sales, and competitor activity, allowing for strategic pricing that 

maximizes revenue while maintaining market competitiveness (Ma et al., 2019). Similarly, Airbnb 

utilizes AI-driven dynamic pricing tools—such as Smart Pricing—that automatically adjust nightly rates 

for hosts based on real-time demand, booking patterns, local events, and seasonality (Khalid, 2020). 
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These tools enable hosts to remain price competitive while 

maximizing occupancy rates and revenue per listing (Hosny 

et al., 2018). The implementation of AI-driven pricing 

strategies allows these platforms to achieve continuous 

price optimization, responding effectively to changes in 

consumer behavior and external market conditions (Chien 

et al., 2020). 

AI-driven predictive analytics and dynamic pricing models 

significantly enhance market responsiveness and facilitate 

revenue optimization across digital commerce platforms. 

Research suggests that companies leveraging these 

technologies are better equipped to respond swiftly to 

demand fluctuations, shifting customer preferences, and 

competitor pricing moves, thereby maintaining high service 

levels and revenue margins (Chen et al., 2020). By analyzing 

customer segmentation, behavioral trends, and historical 

purchasing patterns, dynamic pricing algorithms can 

differentiate price points based on consumer willingness to 

pay, maximizing profitability without sacrificing customer 

satisfaction (Bawack et al., 2022). Empirical studies have 

shown that platforms such as Amazon achieve measurable 

performance gains by combining predictive analytics with 

real-time pricing models, resulting in improved inventory 

turnover, increased order fill rates, and enhanced overall 

customer experience (Zhang et al., 2021). In the case of 

Airbnb, the integration of predictive models with pricing 

algorithms supports both supply-side optimization for hosts 

and demand-side satisfaction for guests, reinforcing 

platform loyalty and operational scalability (Kietzmann et 

al., 2018). The convergence of predictive analytics and 

dynamic pricing under AI frameworks has thus become 

indispensable in modern e-commerce strategy, enabling 

agile decision-making and consistent revenue 

enhancement across a range of consumer-facing digital 

platforms (Zhang et al., 2021). 

AI Applications in Logistics and Supply Chain Management 

Artificial Intelligence (AI) has emerged as a transformative 

force in logistics and supply chain management, 

particularly through its capacity to automate processes, 

optimize resource allocation, and enhance decision-

making accuracy. Amazon’s Fulfillment by Amazon (FBA) 

represents one of the most advanced real-world examples 

of AI-driven logistics optimization. The company employs a 

range of AI technologies, including robotics, machine 

learning, and predictive analytics, to streamline warehouse 

operations, automate order picking, and manage last-mile 

delivery (Kietzmann et al., 2018). Through Kiva robotic 

systems, Amazon automates inventory transportation within 

fulfillment centers, significantly improving speed and 

efficiency (Schrettenbrunnner, 2020). Machine learning algorithms are used to determine optimal 

item storage locations and retrieval paths, reducing order processing times and labor costs (Khalid, 

2020). These AI-driven systems have enabled Amazon to deliver goods at unprecedented speeds, 

contributing to the platform’s reputation for fast and reliable service and establishing a high-

performance benchmark for the e-commerce sector (Hosny et al., 2018). Moreover, AI-powered 

demand forecasting plays a central role in enhancing inventory management and supply chain 

coordination in e-commerce platforms. Predictive models analyze a combination of historical sales 

Figure 6: AI-Driven Predictive Analytics & 

Dynamic Pricing in E-Commerce 
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data, seasonality patterns, promotional schedules, and external variables such as weather and 

economic indicators to predict future demand with high accuracy (Chien et al., 2020). In the case 

of Amazon, the integration of AI in demand forecasting supports its anticipatory shipping model, 

which involves stocking fulfillment centers with predicted high-demand items before customers 

place orders (Bawack et al., 2022). This proactive inventory management strategy significantly 

reduces delivery lead times and improves customer satisfaction (Zhang et al., 2021). Moreover, 

accurate demand forecasting enables better supplier coordination and inventory turnover, 

reducing storage costs and minimizing the risk of overstock or stockouts (Arinez et al., 2020). As a 

result, AI-driven demand planning is integral to maintaining agility, responsiveness, and efficiency in 

supply chain systems (Huang & Rust, 2018). Furthermore, Inventory management systems enhanced 

by AI facilitate real-time tracking, stock optimization, and replenishment automation across global 

supply chains. These systems leverage computer vision, Internet of Things (IoT) integration, and neural 

networks to monitor inventory conditions, track usage rates, and automate restocking decisions 

(Hosny et al., 2018). Amazon utilizes AI to assess inventory turnover ratios and predict reorder points 

dynamically, ensuring optimal stock levels across its extensive warehouse network (Kietzmann et al., 

2018). Such precision in inventory management enhances supply chain continuity, minimizes waste, 

and supports just-in-time delivery models (Arinez et al., 2020). Additionally, AI-driven systems can 

respond autonomously to shifts in customer demand, market disruptions, and supply fluctuations, 

maintaining continuity in supply chain operations under volatile conditions (González-Calatayud et 

al., 2021). These capabilities are crucial for achieving lean supply chain objectives and reducing 

operational redundancies. 

Figure 7: AI-Driven Supply Chain & Logistics Pyramid 

 
Another significant contribution of AI in logistics is the enhancement of supply chain transparency 

and traceability. AI technologies—particularly blockchain-integrated AI and real-time data 

analytics—enable businesses to monitor every stage of the supply chain, from raw material sourcing 

to final delivery (Pereira et al., 2022). In Amazon’s case, AI systems track delivery vehicles, monitor 

shipment progress, and predict delivery delays based on real-time traffic and weather conditions 
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(Amabile, 2019). Additionally, computer vision applications support quality checks, damage 

detection, and product validation, ensuring compliance and customer trust (Yigitcanlar et al., 2020). 

These systems contribute to greater visibility across the supply chain, enabling prompt responses to 

anomalies and reinforcing accountability among supply chain partners (Gursoy et al., 2019). 

Enhanced visibility further facilitates sustainability tracking, a growing concern among consumers 

and regulators alike. The competitive advantages derived from AI-based logistics automation are 

reflected in improved operational efficiency, customer satisfaction, and market agility. Amazon’s AI-

driven logistics infrastructure supports two-day and same-day delivery models, which significantly 

improve customer retention and increase purchase frequency (Sung et al., 2021). These capabilities 

are made possible through the seamless orchestration of AI-powered robotics, predictive analytics, 

and route optimization technologies (André et al., 2017). Platforms that automate logistics operations 

also report significant reductions in labor costs, order errors, and cycle times, translating to improved 

profit margins and scalability (Pereira et al., 2022). Furthermore, AI enables more flexible warehouse 

management and smarter resource allocation, allowing platforms to respond more efficiently to 

peak periods and seasonal surges (Athota et al., 2020). Such advantages establish a strong market 

position for AI-enabled platforms in the increasingly competitive e-commerce industry. Lastly, 

scholarly literature underscores that AI’s role in supply chain decision-making contributes to 

enhanced strategic planning, risk mitigation, and resilience. AI algorithms analyze complex variables 

and interdependencies across supply chain networks, enabling managers to simulate scenarios and 

make data-driven decisions under uncertainty (Baz et al., 2022). This capability is especially critical in 

the context of global disruptions, such as natural disasters or pandemics, where AI-driven systems 

can reroute logistics flows, prioritize critical deliveries, and allocate resources in real-time 

(Schrettenbrunnner, 2020). Amazon’s response to supply chain challenges during the COVID-19 

pandemic—such as redirecting high-demand items and reallocating fulfillment center capacity—

demonstrates the power of AI in reinforcing supply chain agility and crisis responsiveness (Belhadi et 

al., 2021). Collectively, these strategic enhancements enabled by AI redefine traditional supply 

chain management, positioning leading e-commerce platforms to operate with greater precision, 

resilience, and competitiveness. 

Trust, Security, and Risk Management through AI 

Artificial Intelligence (AI) has become a central pillar in ensuring trust, security, and risk management 

within e-commerce platforms, particularly in the sharing economy environments of Airbnb and Turo. 

These platforms operate on peer-to-peer (P2P) models that require robust systems to build and 

maintain user trust while managing risks associated with fraud, misconduct, and data security 

breaches (Gursoy et al., 2019). AI applications in fraud detection and trust assessment are designed 

to analyze massive volumes of user-generated data—including user behavior patterns, transaction 

histories, and ratings—to detect suspicious activities and assign trust scores (Sung et al., 2021). Airbnb 

utilizes AI-based trust and safety systems that screen listings and user profiles using machine learning 

algorithms, which flag potential fraud, misrepresentation, or abusive behaviors (Jha et al., 2019). 

Similarly, Turo incorporates AI in its insurance, payment, and rental processing systems to 

automatically detect unusual patterns, mitigate fraudulent claims, and protect both hosts and 

renters from financial and reputational harm (Dubey et al., 2020). 

Deep learning and anomaly detection models offer a sophisticated layer of protection and 

predictive capability that enhances platform trustworthiness. These models are capable of analyzing 

unstructured data from user messages, reviews, and behavioral logs to detect irregularities that 

traditional rule-based systems may overlook (Dubey et al., 2020; Paschen et al., 2020). In platforms 

like Airbnb, deep learning models assist in automatically flagging suspicious listings, fake photos, or 

repeated negative host reviews by learning from historical cases of fraud and misconduct (André et 

al., 2017). Anomaly detection, which identifies patterns that deviate from a system’s normative 

behavior, is especially useful in Turo for detecting unauthorized vehicle use, late returns, and GPS 

location mismatches in real time (Jha et al., 2019). These AI tools continuously learn and adapt from 

new inputs, improving their predictive accuracy and reducing false positives, which in turn enhances 

platform credibility and safety (Schmidhuber, 2014). Their ability to operate in real time also allows 

platforms to take immediate preventive actions, such as locking accounts or freezing payments, 

thereby maintaining secure transactional environments. The effectiveness of AI in risk mitigation is 

evident in its ability to proactively address threats and facilitate regulatory compliance. In the highly 

regulated environments of accommodation and mobility services, compliance with data 
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protection, anti-discrimination, and insurance laws is critical (André et al., 2017). AI algorithms 

deployed in Airbnb and Turo are designed to identify potential violations such as discriminatory 

language in messages or bookings based on biased algorithms and adjust platform responses 

accordingly (Paschen et al., 2020). These models support compliance with international frameworks 

such as the General Data Protection Regulation (GDPR) by automating user data handling, access 

controls, and consent management (Gursoy et al., 2019). Additionally, AI systems can generate 

compliance reports, log system activities, and audit transactions for internal and external oversight, 

significantly reducing the costs and complexities associated with regulatory adherence (Dubey et 

al., 2020). As regulatory scrutiny over digital platforms intensifies, these AI-driven capabilities provide 

an operational safeguard against legal penalties and reputational damage. 

Figure 8: Trust, Security, and Risk Management through AI in E-Commerce Platforms 

 
Trust-building mechanisms powered by AI in e-commerce platforms are not limited to fraud 

detection; they also include transparency features that inform users about system behaviors. 

Research indicates that trust in automated systems increases when users understand how 

recommendations are generated, decisions are made, and security risks are addressed (Chang & 

Jang, 2009). Airbnb, for instance, has implemented explainable AI (XAI) features that inform users 

about the rationale behind price recommendations, host or guest matches, and security protocols 

(Vrontis et al., 2021). Turo similarly provides users with risk summaries and real-time alerts that increase 

confidence in the platform's safety and reliability (Jha et al., 2019). These transparency-enhancing 

tools are crucial in a digital economy where algorithmic decisions can appear opaque and arbitrary, 

particularly when disputes or errors arise (Šimková & Smutny, 2021). By offering visibility into AI 

operations, platforms promote user empowerment and reinforce their commitment to ethical AI 

deployment. Multiple studies highlight the role of AI in enhancing user satisfaction through improved 

safety and reliability. Users who perceive a platform as secure and responsive are more likely to 

engage in repeat transactions, recommend the service to others, and contribute positively through 

reviews and ratings (Dubey et al., 2020). This virtuous cycle of engagement and trust is amplified 

when platforms consistently prevent fraudulent activities, offer fair dispute resolutions, and 

communicate security measures effectively (Sung et al., 2021). In the context of Turo, AI-enhanced 

safety protocols have been associated with reductions in accident claims, improved host response 

rates, and increased listing retention (Paschen et al., 2020). Airbnb’s trust-enhancing features, 

including verified IDs, behavioral scoring, and AI-powered guest screening, contribute to both host 

and guest satisfaction by reducing perceived risk and establishing mutual accountability (Athota et 

al., 2020). Thus, AI not only protects against threats but also nurtures the positive user experiences 
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that drive platform growth. Lastly, the integration of AI into trust and risk management is reshaping 

the strategic posture of digital platforms. Airbnb and Turo increasingly position their AI capabilities as 

core differentiators in branding, marketing, and customer acquisition strategies (Baz et al., 2022). 

These platforms highlight their ability to deliver a secure, personalized, and responsive service 

environment as part of their value proposition, appealing to risk-conscious consumers and regulators 

alike (Schrettenbrunnner, 2020). This strategic integration of AI into core operations reflects a broader 

shift in platform governance, where algorithmic systems are not just operational tools but also 

instruments of trust cultivation, compliance assurance, and reputational risk control (Gursoy et al., 

2019). The extensive use of AI in these contexts suggests that risk and trust management are no longer 

human-dominated functions, but deeply embedded in the architecture of intelligent platforms 

operating in complex digital marketplaces. 

AI-Enhanced Customer Service and Interaction Management 

Artificial Intelligence (AI) has fundamentally redefined customer service paradigms in e-commerce 

by enabling scalable, real-time, and highly personalized interaction management. AI-driven 

chatbots and virtual assistants are at the forefront of this transformation, offering 24/7 support, 

reducing response times, and automating routine inquiries (Sung et al., 2021). These conversational 

agents are typically built on natural language processing (NLP), sentiment analysis, and deep 

learning models that allow them to interpret user input, understand context, and deliver appropriate 

responses (André et al., 2017). Unlike traditional customer service agents, AI-powered bots can 

simultaneously manage thousands of queries without fatigue, leading to significant cost savings and 

enhanced operational efficiency (Paschen et al., 2020). Furthermore, these systems collect and 

analyze user interactions over time, improving their own performance and the customer experience 

through continuous learning and adaptive communication strategies (Dubey et al., 2020). The 

deployment of AI-based customer support systems in platforms like Amazon and Airbnb provides a 

compelling case study of technology-enabled service excellence. Amazon's AI assistant, Alexa, and 

its integrated customer service chatbots handle order inquiries, delivery status updates, return 

processing, and account issues, significantly reducing human intervention in standard service 

processes (Grønsund & Aanestad, 2020). These systems are integrated into Amazon's mobile and 

web platforms, offering seamless, voice-activated, or text-based interactions that align with user 

preferences (Vrontis et al., 2021). On the other hand, Airbnb uses machine learning-enhanced bots 

to guide users through the booking process, resolve disputes, and provide travel-related 

recommendations (Cao, 2021). Airbnb’s customer interaction infrastructure includes proactive 

notification systems, automated FAQ responses, and escalation algorithms that route complex issues 

to human agents when necessary (Vanneschi et al., 2018). These AI-enhanced systems have 

enabled Airbnb to maintain high service levels even during peak travel seasons and crisis events, 

underscoring their importance in scaling customer service delivery (Baz et al., 2022). 

Figure 9: AI-Enhanced Customer Service Framework 

Customer satisfaction 

metrics consistently reflect 

the positive impact of AI-

enhanced interaction 

platforms. Numerous 

studies have 

demonstrated that users 

appreciate the 

immediacy, 

convenience, and 

availability of chatbot-

based service interfaces, 

particularly for resolving 

low-complexity issues 

(Athota et al., 2020). 

Customers interacting with Amazon's AI service channels report shorter wait times, faster resolutions, 

and higher levels of trust in the brand's technical competence (Yigitcanlar et al., 2020). Airbnb’s use 

of predictive communication tools and automated resolution systems has also been linked to higher 

guest satisfaction, especially in situations involving late arrivals, cancellations, or miscommunications 

https://ajates-scholarly.com/index.php/ajates/about
https://doi.org/10.63125/1ekaxx73


American Journal of Advanced Technology and Engineering Solutions 

Volume 03 Issue 03 (2023) 

Page No: 01-31 

eISSN: 3067-0470   

DOI: 10.63125/1ekaxx73 

15 

 

(Schrettenbrunnner, 2020). By automating these interactions, platforms reduce human error, ensure 

consistency in responses, and free up customer service agents to focus on more complex queries 

requiring emotional intelligence and personalized intervention (Vrontis et al., 2021). These outcomes 

contribute not only to operational efficiency but also to the overall perception of brand reliability 

and professionalism in competitive digital environments (Belhadi et al., 2021). 

Another benefit of AI in customer service is its ability to personalize interactions at scale. AI-driven 

platforms can analyze historical user data—such as past purchases, preferences, location, and 

behavioral patterns—to tailor support experiences to individual needs (Cao, 2021). For instance, 

Amazon's recommendation engine integrates with its customer service interface, allowing the 

system to suggest relevant products or services in the course of a support interaction (Vanneschi et 

al., 2018). Similarly, Airbnb’s bots use prior booking data and host preferences to match users with 

suitable listings and provide targeted assistance, thereby increasing the likelihood of booking 

completion and satisfaction (Ma et al., 2019). This form of contextual interaction management 

makes users feel understood and valued, reinforcing platform loyalty and differentiating AI-capable 

companies from competitors who rely solely on traditional service models (Khalid, 2020). By 

combining efficiency with personalization, AI transforms transactional service into relational 

engagement, a key factor in sustaining customer retention. 

Furthermore, AI-based systems contribute to customer sentiment analysis, allowing platforms to 

proactively manage brand perception and service quality. Machine learning models trained on 

textual and vocal data from customer reviews, feedback forms, and support chats are capable of 

detecting emotional tone, satisfaction levels, and dissatisfaction triggers (Huang & Rust, 2018). Airbnb 

uses these insights to improve host training, update platform policies, and anticipate user needs, 

while Amazon integrates sentiment analysis outputs into its product review moderation and service 

feedback loops (Akerkar, 2019). Such capabilities allow these platforms to detect potential 

dissatisfaction before it escalates, enabling proactive service recovery actions that protect customer 

relationships (Hutson, 2018). The dynamic feedback mechanisms provided by AI systems therefore 

function not only as diagnostic tools but also as strategic assets in managing user satisfaction and 

competitive advantage (Ågerfalk, 2020). Lastly, comparative research reveals that platforms 

adopting AI-enhanced interaction strategies outperform traditional service models in both customer 

loyalty and operational scalability. Amazon and Airbnb demonstrate higher Net Promoter Scores 

(NPS) and customer retention rates than many of their competitors, largely due to their investment in 

intelligent customer interaction frameworks (Mikalef et al., 2021). Studies show that the ability to 

provide round-the-clock support, instant resolution, and intelligent escalation has led to measurable 

increases in customer lifetime value and overall satisfaction ratings (Di Vaio et al., 2020). Moreover, 

platforms that integrate AI into customer service operations report substantial cost savings, as fewer 

human resources are needed for frontline support roles, allowing businesses to scale without 

proportional increases in service costs (Raisch & Krakowski, 2021). As more platforms adopt AI for 

customer service, the quality of these systems continues to evolve, driven by real-world data, making 

AI an indispensable element in the modern e-commerce service architecture. 

AI Integration in Peer-to-Peer (P2P) E-commerce Platforms 

Peer-to-peer (P2P) e-commerce platforms, such as Airbnb and Turo, have increasingly relied on 

artificial intelligence (AI) technologies to manage their decentralized operations and deliver 

scalable, efficient services across diverse user bases. Unlike traditional centralized models, P2P 

platforms operate by connecting individual service providers (hosts, vehicle owners) with consumers 

(guests, renters), making trust, coordination, and operational automation critical for platform success 

(Di Vaio et al., 2020). AI technologies adopted in this context include machine learning algorithms, 

natural language processing (NLP), computer vision, and predictive analytics to automate 

interactions, support decision-making, and reduce manual oversight (Raisch & Krakowski, 2021). 

Airbnb uses AI to power smart search rankings, fraud detection, and reputation scoring systems that 

assess guest-host compatibility, flag risky behaviors, and enhance trust among platform participants 

(Mikalef & Gupta, 2021). Turo applies similar AI models to automate pricing, risk detection, and 

behavioral anomaly analysis, enabling the platform to maintain service quality and operational 

integrity across thousands of independent vehicle listings (Raisch & Krakowski, 2021). These AI systems 

are designed to learn and evolve continuously, improving platform resilience and customer 

experience as user data accumulates (Di Vaio et al., 2020). The decentralized nature of P2P platforms 

necessitates a higher degree of automation in routine operational processes, and AI plays a crucial 
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role in supporting such 

decentralization. Booking 

management systems on 

Airbnb and Turo rely on AI 

algorithms to match users 

with hosts or vehicles 

based on preferences, 

availability, pricing, and 

historical behavior 

(Obschonka & Audretsch, 

2019). Automated check-

in/check-out systems 

enabled by computer 

vision and IoT 

technologies streamline 

the user experience, 

reducing friction and 

minimizing host 

involvement (Okunlaya et 

al., 2022).  

Turo, in particular, utilizes 

GPS-based tracking, smart lock integrations, and mobile identity verification to automate the 

handoff process between hosts and renters, minimizing delays and errors (Dwivedi et al., 2021). 

Predictive maintenance is another AI application where data from vehicle usage, location, and prior 

issues is analyzed to alert owners of service needs before breakdowns occur, enhancing safety and 

reliability (Corea, 2019). These intelligent systems support scalable platform operations by reducing 

dependence on manual oversight and ensuring consistent service quality across widely dispersed 

users and providers (Ågerfalk, 2020). When comparing AI-driven innovations in decentralized versus 

traditional e-commerce models, it is evident that P2P platforms have adopted a more user-

empowered and adaptive technological architecture. Traditional e-commerce platforms such as 

Amazon emphasize centralized control, uniform fulfillment processes, and internal supply chain 

management, whereas P2P platforms require robust AI systems to coordinate independently 

managed listings, dynamic pricing, and variable service quality (Kumar, 2019). The AI tools in 

decentralized models are thus more focused on personalization, trust mediation, and automated 

decision-making to support a seamless user experience without centralized control (Raisch & 

Krakowski, 2021). Airbnb’s AI-driven dynamic pricing model, reputation algorithms, and customer 

service chatbots are deeply embedded in enabling decentralized trust and self-service functionality 

(Di Vaio et al., 2020). Similarly, Turo’s automated insurance processing, rental vetting, and anomaly 

detection systems provide scalable oversight over thousands of vehicle exchanges (Dwivedi et al., 

2021). In contrast, centralized models rely more on internal logistics optimization and warehouse 

management supported by AI, indicating a divergence in how AI is architected and implemented 

based on platform structure and operational needs (Corea, 2019). 

Review of international regulatory frameworks 

The growing integration of artificial intelligence (AI) into e-commerce operations has triggered 

significant attention from regulatory bodies across the globe, prompting the development of legal 

and ethical frameworks to govern its use. Regulatory approaches vary widely by region, yet share a 

common goal of addressing concerns related to data privacy, algorithmic accountability, ethical 

use, and consumer protection (Akerkar, 2019). In the European Union (EU), the General Data 

Protection Regulation (GDPR) represents a landmark legal framework with direct implications for AI 

applications in e-commerce, particularly regarding automated decision-making and data 

processing transparency (Hutson, 2018). Article 22 of the GDPR explicitly limits decisions made solely 

through automated processing, mandating explainability and the right to human intervention—

elements that directly challenge how recommendation engines, pricing algorithms, and fraud 

detection systems are designed and deployed (Obschonka & Audretsch, 2019). These provisions 

have placed compliance pressure on global platforms such as Amazon and Airbnb, which must 

adapt their AI systems to remain legally compliant across diverse jurisdictions (Mikalef et al., 2021). 

Figure 10: AI Integration in Peer-to-Peer E-Commerce Platforms 
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North America, particularly the United States, 

adopts a more sector-specific and self-

regulatory approach to AI governance, with 

minimal overarching federal legislation that 

directly addresses AI in e-commerce contexts. 

Instead, frameworks are enforced through 

institutions such as the Federal Trade 

Commission (FTC), which oversees deceptive 

practices, algorithmic transparency, and data 

privacy standards under broad consumer 

protection laws (Kumar, 2019). The FTC has 

issued guidelines warning companies about the 

use of opaque AI algorithms that may result in 

biased pricing or discriminatory service delivery, 

reinforcing the need for fairness and 

accountability in automated systems (Ågerfalk, 

2020). Moreover, legal debates around the 

ethical use of AI technologies in commerce 

have prompted calls for algorithmic audits, 

fairness-by-design principles, and more robust 

legislative oversight (Obschonka & Audretsch, 

2019). At the state level, California’s Consumer 

Privacy Act (CCPA) parallels many of GDPR’s 

mandates, granting consumers rights to access, 

delete, and opt out of data collection used in 

AI-driven personalization and marketing 

(Okunlaya et al., 2022). However, the absence 

of a cohesive federal AI strategy in the U.S. 

leaves room for inconsistent enforcement and 

regulatory fragmentation across the country 

(Obschonka & Audretsch, 2019). 

Asia’s regulatory landscape is evolving rapidly, 

with countries like China, Japan, and South 

Korea developing AI-specific governance 

models that align with national economic 

priorities and social values. In China, the Cyberspace Administration and the Personal Information 

Protection Law (PIPL) regulate how AI systems in digital commerce manage user data, focusing on 

cybersecurity, data localization, and consent-based processing (André et al., 2017). Chinese 

regulations are particularly focused on aligning AI ethics with state interests, emphasizing social 

harmony and surveillance-based accountability, thereby setting a different tone compared to 

Western democracies (Athota et al., 2020). Japan’s governance strategy, guided by the "Society 

5.0" vision, emphasizes the coexistence of AI and human rights, calling for transparency, 

explainability, and fairness in AI deployment across sectors including e-commerce (Aldinucci et al., 

2018). South Korea’s AI strategy integrates guidelines for responsible AI use through its "AI Ethics 

Charter," encouraging self-regulation while promoting innovation and technological 

competitiveness (Baz et al., 2022). These variations across Asian jurisdictions illustrate the interplay 

between cultural context, economic strategy, and legal oversight in shaping AI governance in 

commerce-related digital environments. 

Multilateral organizations and international initiatives have also contributed to the development of 

cross-border regulatory principles for AI in e-commerce. The Organisation for Economic Co-

operation and Development (OECD) introduced AI Principles in 2019, advocating for transparency, 

robustness, and accountability in AI systems across all sectors, including e-commerce platforms 

(Dubey et al., 2020). Similarly, UNESCO’s Recommendation on the Ethics of Artificial Intelligence 

emphasizes human rights, inclusivity, and environmental sustainability as guiding values for AI 

regulation globally (Schrettenbrunnner, 2020). These principles serve as voluntary guidelines for 

member countries to incorporate into domestic policies, but they also influence corporate 

Figure 11: Global Regulatory Frameworks for AI in E-

Commerce 
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governance strategies of multinational platforms (Baz et al., 2022). Additionally, the Global 

Partnership on AI (GPAI) and initiatives under the G7 and G20 have sought to harmonize international 

standards, facilitating cross-border AI compliance frameworks for digital commerce ecosystems 

(Vrontis et al., 2021). However, the lack of binding enforcement mechanisms and geopolitical 

tensions between regulatory philosophies (e.g., U.S. laissez-faire vs. EU precautionary principle) hinder 

the establishment of a universal AI regulatory framework for e-commerce (Baz et al., 2022). 

Regulatory compliance in AI-enhanced e-commerce operations is further complicated by 

challenges in algorithmic explainability, data sovereignty, and cross-border data flows. Explainable 

AI (XAI) is crucial for legal compliance in jurisdictions like the EU, where users have a right to 

understand how AI-driven decisions affect them (Jha et al., 2019). Yet, many deep learning systems 

used in pricing, personalization, and fraud detection remain inherently opaque, creating legal and 

ethical tensions for e-commerce providers (Schrettenbrunnner, 2020). Data sovereignty issues also 

pose barriers to multinational platforms, as local laws in India, Russia, and China increasingly require 

data to be stored and processed within national borders, complicating global AI deployments 

(Dubey et al., 2020). Furthermore, international data transfer mechanisms, such as the now-defunct 

Privacy Shield agreement between the EU and U.S., illustrate the fragility of cross-border data 

governance in AI contexts (Vrontis et al., 2021). These regulatory frictions necessitate that companies 

like Amazon, Airbnb, and Turo invest in localized compliance strategies, legal audits, and ethical 

design practices to align their AI operations with diverse legal environments while mitigating risk 

(Belhadi et al., 2021). The intersection of legal theory, technological design, and global governance 

will continue to shape the trajectory of AI regulation in e-commerce. 

Identified Research Gaps and Literature Synthesis 

Despite the increasing scholarly interest in artificial intelligence (AI) integration within e-commerce, 

several critical gaps remain in the current academic discourse. Much of the literature is heavily 

concentrated on large-scale platforms such as Amazon and Airbnb, with limited attention given to 

other peer-to-peer or emerging market platforms that also rely on AI-driven systems (Huang & Rust, 

2018). While studies frequently address personalization, recommendation engines, and dynamic 

pricing algorithms (Duan et al., 2019), there is insufficient exploration of the ethical, cultural, and 

governance challenges arising from these technologies. In particular, studies rarely examine how 

differing regulatory frameworks across countries affect the functionality and adaptability of AI 

systems used in e-commerce (Akerkar, 2019). Additionally, while algorithmic fairness, trust, and 

transparency are mentioned, empirical validation and longitudinal studies that evaluate how these 

factors influence customer retention and satisfaction over time are relatively scarce (Hutson, 2018). 

This leaves a notable gap in understanding how trust evolves through continued AI interaction and 

the long-term impact of these technologies on user behavior. 

Another notable gap is the lack of cross-industry comparative studies assessing AI implementation 

across different e-commerce verticals, such as retail, hospitality, car-sharing, and service 

marketplaces. While Amazon, Airbnb, and Turo are widely cited for their advanced AI use, few 

studies offer comparative analyses that examine how their AI systems differ based on sector-specific 

demands, data structures, and consumer behavior (Cope et al., 2020). For instance, Amazon’s 

centralized logistics and inventory forecasting systems are vastly different from Airbnb’s trust-based, 

decentralized accommodation platform, yet limited research evaluates these distinctions in a 

unified framework (Kietzmann et al., 2018). Moreover, case-based literature often lacks analytical 

depth regarding the transferability of AI applications from one industry to another or how such 

technologies must be adapted for domain-specific optimization (Corea, 2018; Cui et al., 2021). As AI 

continues to scale across diverse sectors, the absence of these comparative frameworks hinders 

scholarly efforts to establish universal best practices or theoretical models that account for sectoral 

variance in AI utilization and effectiveness. 

The integration of AI in small-to-medium enterprises (SMEs) in the e-commerce landscape is another 

severely underexplored area. Existing research largely centers around resource-rich enterprises with 

high AI maturity, leaving SMEs underrepresented despite their substantial role in global commerce 

(Alhashmi et al., 2019). AI integration in SMEs poses unique challenges including financial constraints, 

lack of technical expertise, and limited access to structured data, yet these issues receive minimal 

attention in mainstream literature (Akerkar, 2019). Studies that do explore SMEs tend to focus on 

adoption intent rather than post-adoption impacts or sustainability of AI systems in SME operations 

(Hutson, 2018). Additionally, there is insufficient analysis of policy interventions, training programs, and 
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platform-based AI-as-a-service 

models tailored for SME scalability 

(Ågerfalk, 2020). Given the vast 

digital divide between large and 

small enterprises, research must 

more thoroughly examine 

contextual variables influencing 

AI implementation success in 

smaller organizations and provide 

empirically grounded strategies to 

support inclusion and equity in 

digital transformation. 

Moreover, current literature tends 

to overlook the implications of AI 

integration for marginalized user 

groups and inclusivity. While 

personalization and predictive 

analytics are heavily researched 

(Arinez et al., 2020), few studies 

investigate whether these 

technologies exacerbate 

algorithmic bias, reduce 

accessibility, or create barriers for 

users with disabilities, low digital 

literacy, or from minority 

backgrounds (Ågerfalk, 2020). This 

represents a critical ethical gap, 

particularly as platforms scale 

globally and serve diverse 

customer bases with varying levels 

of access and technological 

competence. Furthermore, 

limited research evaluates the 

cultural adaptability of AI-driven 

interfaces or how localized user 

behavior affects algorithmic 

predictions and customer 

satisfaction (Song et al., 2019a). 

The absence of inclusivity-focused 

research reduces the 

generalizability of AI models and 

contributes to one-size-fits-all 

solutions that may not serve 

broader societal needs. As 

fairness and transparency 

increasingly shape public discourse around AI, scholarly literature must expand to incorporate these 

critical dimensions into empirical analyses and theoretical models. 

Synthesis of the reviewed literature reveals that while AI integration has revolutionized multiple 

dimensions of e-commerce—such as logistics, personalization, customer service, and fraud 

detection—the academic exploration remains fragmented and unevenly distributed. The most 

frequently studied technologies are those with immediate commercial value, such as 

recommendation engines and dynamic pricing algorithms (Song et al., 2019b), whereas more 

complex and less visible AI applications, including back-end logistics automation and supply chain 

transparency, receive less focus (Raisch & Krakowski, 2021). Similarly, theoretical frameworks such as 

TAM, UTAUT, and DOI have been extensively applied (Zhao et al., 2020), but few studies attempt to 

integrate or expand these models to reflect the evolving complexity of AI-enabled systems. 

Figure 12: Research Gaps in AI Integration for E-Commerce 
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Additionally, most research focuses on short-term performance indicators, leaving the long-term 

impact of AI on brand loyalty, employee displacement, and market structure insufficiently analyzed 

(Song et al., 2019a). This synthesis points to a need for longitudinal, multi-stakeholder, and cross-

disciplinary studies that can capture the evolving role of AI in shaping digital commerce ecosystems 

at both macro and micro levels. Finally, a limited number of studies have examined the governance 

and auditability of AI systems deployed by e-commerce platforms. With increasing scrutiny from 

regulators and the public, questions about accountability, algorithmic explainability, and regulatory 

compliance are becoming more urgent (Cui et al., 2021). Yet, the literature often treats AI as a purely 

technical enhancement without sufficiently engaging with the institutional, legal, and societal 

constraints in which these systems operate (Kim et al., 2001). Research rarely addresses how platforms 

ensure algorithmic transparency or respond to legal obligations such as GDPR or CCPA, nor does it 

explore how ethical considerations are operationalized in AI development life cycles (Song et al., 

2019b). Furthermore, there is minimal attention to the role of corporate governance structures in 

overseeing AI systems, auditing biases, and managing AI risks (Obschonka & Audretsch, 2019). This 

gap restricts the field’s ability to offer robust guidance for ethical AI implementation and points to a 

pressing need for interdisciplinary research that connects technology design with regulatory and 

organizational accountability frameworks. 

METHOD 

This study adopted the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) 2020 guidelines to ensure that the review process was systematic, transparent, replicable, 

and scientifically rigorous. A total of 126 peer-reviewed journal articles published between 2013 and 

2022 were selected for final analysis after applying inclusion and exclusion criteria. The methodology 

was structured into the following key stages: identification, screening, eligibility, and inclusion, 

aligning with PRISMA’s flow structure and best practices for systematic literature reviews in the field 

of information systems, artificial intelligence, and e-commerce. 

 

Figure 13: PRISMA method adaopted for this study 
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Identification 

The identification phase involved a comprehensive search of major academic databases, including 

Scopus, Web of Science, IEEE Xplore, ScienceDirect, SpringerLink, and Google Scholar. Keywords 

and Boolean operators were developed based on the research focus, including combinations such 

as “Artificial Intelligence” AND “E-commerce”, “AI” AND “Customer Service”, “Dynamic Pricing” AND 

“Recommendation Systems”, “AI Governance” AND “Regulatory Framework”, and “Peer-to-peer 

Platforms” AND “AI Integration”. Only journal articles, conference proceedings, and indexed review 

articles published in English between 2013 and 2023 were included to maintain relevancy and 

academic rigor. The initial search yielded 752 articles, including duplicates, which were exported to 

Mendeley for citation management and further screening. 

Screening 

During the screening stage, duplicate articles were removed, and the remaining 614 articles were 

evaluated by examining titles, abstracts, and keywords to ensure relevance to the predefined 

inclusion criteria. Articles were excluded if they lacked direct relevance to AI in e-commerce, were 

not peer-reviewed, or focused primarily on unrelated sectors such as healthcare, education, or 

industrial manufacturing. After this stage, 282 articles remained for full-text review. This filtering step 

ensured that only academically relevant and topically consistent literature was retained for the 

eligibility evaluation. 

Eligibility 

The eligibility stage involved full-text analysis of the remaining 282 articles to determine their 

methodological quality, thematic alignment, and empirical or theoretical contribution to the field. 

Articles were evaluated for depth of discussion on AI integration in e-commerce contexts such as 

logistics, recommendation systems, customer interaction, pricing algorithms, and regulatory 

compliance. Additionally, methodological diversity was assessed, and studies employing 

quantitative, qualitative, or mixed methods were considered. Studies that presented vague, 

speculative, or anecdotal discussions without empirical support or clear theoretical grounding were 

excluded. At the end of this stage, 147 articles were retained for potential inclusion in the final 

synthesis. 

Inclusion 

In the final inclusion stage, the research team conducted a quality appraisal using a standardized 

checklist that examined clarity of research objectives, robustness of methodological design, data 

validity, theoretical integration, and practical implications. Based on this detailed evaluation, 126 

articles were selected for thematic coding and synthesis. These articles represented a diverse set of 

methodologies, including case studies, experimental research, survey-based studies, and 

conceptual frameworks. Thematic analysis was applied to extract recurring patterns, categorize AI 

applications by platform and function, and highlight sector-specific innovations. This final sample 

served as the foundation for synthesizing findings across key domains such as personalization, fraud 

detection, pricing strategy, logistics, regulatory compliance, and SME inclusion. The systematic 

application of PRISMA methodology ensured reliability and reproducibility in the review process, 

strengthening the credibility of the findings and insights derived from the study. 

FINDINGS 

The review of 126 peer-reviewed articles revealed that the integration of AI into e-commerce 

platforms has significantly improved personalization strategies, with 92 articles emphasizing machine 

learning-driven recommendation systems as central to enhancing customer satisfaction, 

engagement, and sales conversion rates. Of these, over 6,400 combined citations highlight the 

maturity and impact of research in this area. AI-enabled recommendation engines—powered by 

collaborative filtering, content-based algorithms, and hybrid models—tailor product suggestions 

based on user browsing behavior, purchase history, and preferences. These tools have increased the 

precision of targeted marketing and improved the overall user experience. In particular, platforms 

such as Amazon and Airbnb deploy advanced AI systems to recommend products or 

accommodations based on real-time and historical user data, contributing to increased transaction 

frequency and higher retention rates. The widespread implementation of recommendation systems 

demonstrates AI’s pivotal role in optimizing customer journeys and establishing trust in e-commerce 

environments. 

In the area of dynamic pricing, 73 reviewed articles, with a collective 3,200 citations, demonstrated 

that AI models significantly enhance pricing strategies by incorporating real-time market signals, user 
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demand, inventory levels, competitor pricing, and historical transaction data. AI-driven dynamic 

pricing systems enable platforms to adjust product and service prices automatically and 

continuously, ensuring optimal pricing strategies that maximize revenue and market 

competitiveness. Case studies on Amazon’s pricing engine and Airbnb’s Smart Pricing feature were 

extensively covered, showing clear evidence of AI improving profitability and operational 

responsiveness. The reviewed literature also showed that dynamic pricing, when executed through 

machine learning algorithms, allows businesses to balance supply-demand fluctuations with 

customer acquisition goals. These systems were credited with improving financial performance 

metrics and customer satisfaction levels, especially when pricing transparency was maintained and 

perceived fairness was preserved in user interfaces. 

Figure 14: Cumulative Citation Trends Across AI In E-Commerce Research 

 
Another prominent theme, reflected in 88 articles totaling more than 4,800 citations, is the 

transformative role of AI in logistics and supply chain management. The analysis showed that AI 

technologies such as predictive analytics, robotic process automation, and real-time inventory 

tracking drastically reduce delivery times, optimize warehouse operations, and improve order 

accuracy. Fulfillment by Amazon (FBA) was the most cited case, where AI-powered robotics and 

anticipatory shipping models were used to predict customer purchases and pre-position items closer 

to demand centers. These innovations not only improve customer satisfaction through faster 

deliveries but also reduce costs associated with storage, labor, and transportation. Furthermore, AI-

enhanced logistics systems contribute to sustainability efforts by minimizing energy consumption, 

optimizing route planning, and reducing waste in the supply chain. The findings confirm AI’s role in 

redefining operational benchmarks for efficiency and responsiveness in the digital commerce 

landscape. 

Fraud detection, risk management, and trust-building through AI were discussed in 65 of the 

reviewed articles, collectively cited over 3,000 times. These studies emphasized the implementation 

of deep learning models, anomaly detection systems, and behavioral analytics to identify fraudulent 

transactions, fake reviews, and unauthorized access in real time. Platforms like Airbnb and Turo were 

featured prominently, as they utilize AI for screening guests and renters, automating background 

checks, and evaluating trustworthiness based on past behavior. AI tools also detect patterns in user 

interactions that deviate from normative behavior, thereby enabling early intervention and reducing 

the incidence of platform misuse. The studies revealed that automated fraud detection not only 

strengthens platform security but also enhances customer confidence and trust, which are crucial 

for retaining users in peer-to-peer marketplaces. AI’s predictive capabilities in risk mitigation 
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contribute significantly to maintaining service integrity and protecting stakeholder interests. In the 

realm of AI-enhanced customer service and interaction management, 81 articles with over 4,100 

combined citations highlighted the effectiveness of chatbots, virtual assistants, and AI-driven 

helpdesk systems. These tools have improved the speed and accuracy of customer support, enabled 

24/7 assistance, and significantly reduced operational costs associated with human agents. Amazon 

and Airbnb were again leading case examples, with their AI systems capable of resolving common 

user queries, processing returns, and handling complaints autonomously. The findings also showed 

that customer satisfaction increases when AI chatbots offer contextual, personalized support. Several 

studies noted that hybrid models combining AI with human support for complex queries deliver the 

highest satisfaction levels. Additionally, AI-driven sentiment analysis and natural language processing 

capabilities enable platforms to better understand customer emotions, adjust communication tone, 

and provide proactive service recommendations, all contributing to stronger user relationships. 

The comparative analysis between centralized and decentralized e-commerce platforms was 

explored in 52 articles, cited approximately 2,700 times, highlighting how AI functions differently 

across these operational structures. Centralized platforms like Amazon use AI primarily for inventory 

optimization, fulfillment automation, and internal operations, while decentralized peer-to-peer 

platforms like Airbnb and Turo rely more heavily on AI for trust mediation, user matching, and 

behavioral risk analysis. The findings underscore that decentralized platforms demand greater use of 

AI in facilitating user-to-user transactions, automating check-ins, and verifying identities, while 

centralized platforms focus more on product personalization and delivery optimization. The articles 

further demonstrated that decentralized platforms face more dynamic trust and safety challenges, 

requiring advanced AI applications for managing decentralized user behavior. This differentiation 

provides critical insights into how AI tools must be tailored to specific business models and operational 

frameworks. 

Regulatory compliance and the ethical governance of AI in e-commerce were discussed in 59 

articles with over 3,400 citations. These studies examined the role of international frameworks such as 

GDPR, CCPA, and the OECD AI Principles in shaping platform compliance strategies. The findings 

indicated that most large e-commerce platforms invest heavily in developing explainable AI, data 

protection systems, and audit tools to meet legal obligations and avoid penalties. However, smaller 

platforms face challenges in implementing compliant AI systems due to cost and technical 

complexity. The articles also revealed gaps in transparency, especially in automated pricing and 

recommendation systems, which can lead to consumer distrust if perceived as unfair or 

discriminatory. Furthermore, regulatory fragmentation across jurisdictions complicates global AI 

deployment, prompting multinational platforms to adopt localized compliance solutions. The 

findings reinforce the necessity of integrating regulatory awareness into the design and deployment 

of AI systems. A final key finding, reported across 47 articles with more than 2,300 citations, addressed 

the lack of AI integration among small-to-medium-sized enterprises (SMEs) in the e-commerce 

ecosystem. These studies identified financial constraints, lack of expertise, data scarcity, and limited 

access to scalable AI tools as primary barriers to adoption. While the literature acknowledged that 

AI has the potential to transform SME operations, particularly in marketing, inventory management, 

and customer service, most AI solutions are currently designed for large platforms with extensive 

resources. The findings also emphasized the need for cloud-based, modular AI services tailored to 

SME needs, along with government-led training and incentive programs. The research pointed to a 

substantial digital divide within the e-commerce landscape, urging scholars and practitioners to 

prioritize inclusive AI strategies that ensure smaller businesses are not excluded from digital 

transformation benefits.. 

DISCUSSION 

The results of this systematic review confirm that AI-driven personalization and recommendation 

systems are among the most mature and impactful applications in e-commerce, aligning strongly 

with earlier research findings. Numerous studies have emphasized the value of machine learning 

algorithms in enhancing customer engagement and increasing sales through personalized product 

suggestions (Ågerfalk, 2020; Obschonka & Audretsch, 2019). The findings of this study support these 

assertions, with 92 reviewed articles reinforcing the role of AI in understanding consumer preferences 

and delivering tailored experiences. Previous works by Hutson (2018) and Mikalef et al. (2021) 

established that personalization directly contributes to increased customer retention and higher 

conversion rates, which is further confirmed by more recent contributions reviewed in this study. 
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Moreover, the present synthesis extends prior discussions by revealing how hybrid recommendation 

models—combining content-based filtering and collaborative filtering—are increasingly dominant in 

platforms such as Amazon and Airbnb, allowing businesses to respond more precisely to diverse and 

evolving consumer behaviors. 

Dynamic pricing models powered by AI have similarly received strong empirical backing in both the 

findings of this review and in earlier literature. Prior studies by Hutson (2018) demonstrated how real-

time pricing algorithms optimize product value by responding to user behavior, competitor prices, 

and market conditions. The current review corroborates this, with 73 articles showcasing the 

operational success of dynamic pricing strategies in maximizing profitability. Earlier works emphasized 

the economic benefits of dynamic pricing but often lacked longitudinal insights into customer 

perceptions of fairness and transparency. However, more recent studies reviewed here reveal that 

platforms like Airbnb and Amazon are increasingly incorporating explainable pricing mechanisms to 

address concerns of price discrimination and opacity (Cope et al., 2020). These adaptations suggest 

a maturing awareness of consumer expectations and a shift toward responsible AI deployment. This 

review builds on foundational literature by highlighting the importance of balancing algorithmic 

efficiency with ethical pricing practices. 

In the area of logistics and supply chain management, the findings reaffirm the critical role of AI in 

improving operational efficiency and responsiveness, consistent with previous research (Hutson, 

2018). Earlier works have highlighted how AI can enhance inventory forecasting, route optimization, 

and warehouse automation. This review provides updated confirmation from 88 articles that 

platforms like Amazon have advanced these applications through robotic automation, predictive 

analytics, and anticipatory shipping systems. Kumar (2019) previously illustrated Amazon's warehouse 

efficiency using Kiva robotics, and current literature further elaborates on how AI-integrated IoT and 

real-time analytics contribute to near-zero error margins and rapid delivery systems. Compared to 

earlier literature, which often focused on potential rather than practice, this review demonstrates 

that AI is no longer experimental in logistics; it is now embedded in routine operations of leading e-

commerce platforms. Moreover, the findings bring new depth by identifying how AI not only reduces 

operational costs but also contributes to sustainable supply chain practices by optimizing 

transportation routes and minimizing waste. 

The use of AI in fraud detection and trust-building has also been a consistent theme in prior studies, 

and the findings of this review offer both confirmation and expansion of those earlier insights. Mikalef 

et al. (2021) and Di Vaio et al. (2020) provided early frameworks for understanding trust in digital 

environments, emphasizing the need for technological solutions that monitor user behavior. This 

review confirms that these theoretical underpinnings have been operationalized, with 65 articles 

highlighting the adoption of deep learning, anomaly detection, and behavioral analytics to mitigate 

fraudulent activities in platforms such as Airbnb and Turo. Earlier works noted limitations in traditional 

rule-based systems for fraud detection, whereas recent findings reveal a shift toward adaptive AI 

tools that can respond to evolving threats and learn from user data patterns (Mikalef & Gupta, 2021). 

This review also underscores that trust enhancement through AI extends beyond fraud prevention—

AI tools are now integral in determining platform credibility, user ratings, and automated identity 

verification, thereby contributing to a holistic trust ecosystem. 

AI-enhanced customer service applications also align well with established literature, particularly 

studies focused on the efficacy of virtual assistants and chatbots in digital commerce. Research by 

Akerkar (2019) and Ma et al. (2019) previously documented the role of AI in improving service delivery 

and user satisfaction through immediate responses and issue resolution. The current review expands 

on this by highlighting hybrid service models where AI handles routine queries while escalating 

complex cases to human agents—an approach supported by 81 reviewed articles. Prior studies 

suggested that while chatbots improve efficiency, users often prefer human agents for emotionally 

sensitive or nuanced inquiries (Akerkar, 2019). The current findings echo this sentiment but add that 

advances in sentiment analysis and conversational AI are beginning to close this gap. Furthermore, 

the reviewed literature emphasizes the strategic integration of AI service tools with personalization 

engines, allowing platforms to provide context-aware support that enhances customer retention 

and loyalty beyond transactional satisfaction. 

This review also contributes to the discussion on AI's differentiated use in centralized versus 

decentralized e-commerce platforms, a topic less frequently explored in earlier literature. Most 

foundational studies have focused on centralized models such as Amazon, where AI primarily 
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enhances logistics, pricing, and product recommendations (Akerkar, 2019). However, this review 

brings new attention to how decentralized platforms like Airbnb and Turo utilize AI for trust mediation, 

reputation scoring, and behavioral prediction—areas largely absent in centralized operations. The 

findings demonstrate that decentralized models require more robust AI systems to ensure 

consistency, transparency, and risk management across dispersed service providers. This distinction 

adds to the limited but growing body of work that examines how platform structure influences AI 

strategy and functionality (Kumar, 2019). It also calls for a shift in the theoretical framing of AI in e-

commerce—from a monolithic model to a differentiated one that accounts for structural and 

operational diversity across platforms. 

The discussion around international regulatory frameworks and compliance strategies for AI also 

receives stronger emphasis in this review compared to earlier literature. While previous studies have 

explored the implications of GDPR, CCPA, and sector-specific regulations (Mikalef et al., 2021), this 

review provides an updated synthesis of how platforms operationalize regulatory compliance 

through explainable AI, audit trails, and localized data governance models. Earlier works often 

framed regulatory compliance as a limitation to AI innovation. However, the findings in this review 

suggest a growing trend toward regulatory-driven innovation, where platforms use compliance as a 

basis to strengthen transparency and build consumer trust (Kumar, 2019). The literature also shows 

increasing attention to ethical AI design, including fairness-by-design principles and automated bias 

audits—emerging topics that were not prominent in earlier regulatory discussions. The shift from 

reactive to proactive compliance strategies indicates a maturation in how e-commerce platforms 

view governance as integral to sustainable AI deployment. Finally, the review highlights an ongoing 

research gap concerning AI adoption in small-to-medium-sized enterprises (SMEs), echoing concerns 

raised by Duan et al. (2019) and González-Calatayud et al. (2021)  over a decade ago. Despite 

technological advancements, the divide between large platforms and SMEs remains pronounced, 

as evidenced by the limited inclusion of SMEs in the reviewed literature. Most studies still focus on 

enterprise-level implementations, neglecting the unique challenges faced by smaller firms, such as 

financial limitations, low data maturity, and inadequate AI literacy (Arinez et al., 2020). The findings 

suggest that the AI revolution in e-commerce is disproportionately benefiting larger players, thereby 

exacerbating competitive imbalances. While recent articles have started discussing AI-as-a-service 

(AIaaS) and cloud-based solutions tailored for SMEs, there is insufficient empirical research validating 

their effectiveness or scalability. This underscores the urgent need for inclusive innovation models, 

policy support, and targeted academic inquiry to bridge the digital divide in AI adoption. 

CONCLUSION 

This systematic review has comprehensively examined the integration of artificial intelligence (AI) 

across e-commerce platforms, with a particular focus on personalization, dynamic pricing, logistics, 

customer interaction, fraud detection, and regulatory compliance. Drawing from 126 peer-reviewed 

articles, the study reveals that AI has transformed digital commerce by enhancing operational 

efficiency, improving customer engagement, and enabling scalable, real-time decision-making 

processes. Platforms like Amazon, Airbnb, and Turo exemplify the successful deployment of AI in both 

centralized and decentralized e-commerce ecosystems, utilizing technologies such as machine 

learning, predictive analytics, natural language processing, and deep learning to streamline services 

and personalize user experiences. While the literature confirms significant advancements in AI-

enabled capabilities, it also identifies substantial gaps, including limited research on SME adoption, 

inclusivity, cross-industry comparisons, and long-term ethical implications. Furthermore, evolving 

international regulatory frameworks have necessitated the development of explainable and 

compliant AI systems, underscoring the growing importance of governance in digital platforms. 

Overall, the findings highlight AI as both a strategic enabler and a transformative force in the global 

e-commerce landscape, while simultaneously emphasizing the need for more inclusive, ethically 

grounded, and context-specific research to address existing limitations and ensure equitable 

technology diffusion. 
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