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Abstract 

The rapid evolution of digital banking has prompted financial institutions to integrate 

artificial intelligence (AI) technologies to deliver highly personalized and engaging 

customer experiences. As customer expectations grow increasingly dynamic, AI-powered 

personalization has emerged as a strategic imperative, enabling banks to tailor services 

in real time based on individual behaviors, preferences, and financial patterns. This study 

systematically reviews the literature on AI-powered personalization in digital banking, with 

a specific focus on how customer behavior analytics and intelligent algorithms contribute 

to enhanced engagement, satisfaction, retention, and trust. Guided by the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 framework, a 

total of 111 peer-reviewed articles published between 2014 and 2024 were analyzed to 

identify core themes, methodologies, innovations, and conceptual gaps. The reviewed 

literature is thematically organized into seven key domains: foundational AI techniques, 

behavioral data modeling, predictive analytics, customer engagement outcomes, 

ethical and governance challenges, innovations in emerging markets, and research 

limitations. The findings reveal that AI-driven personalization not only improves operational 

efficiency and service quality but also fosters emotional loyalty and increases the lifetime 

value of banking customers. Advanced AI techniques—such as machine learning, natural 

language processing, recommender systems, and sentiment analysis—are widely applied 

to deliver seamless, context-aware experiences across mobile apps, web portals, and 

virtual assistants. However, the literature also highlights significant challenges, including 

inconsistent measurement frameworks, regulatory uncertainty, data privacy concerns, 

and insufficient attention to cultural diversity and longitudinal performance. Emerging 

markets, while constrained by infrastructural and regulatory limitations, exhibit innovative 

adaptations through alternative data use and hybrid AI-human service delivery models. 

This review offers a comprehensive synthesis of the academic discourse on AI 

personalization in digital banking and underscores critical areas for future research, 

industry practice, and policy intervention aimed at building inclusive, ethical, and 

scalable AI solutions. 
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INTRODUCTION 

The financial services industry has increasingly embraced artificial intelligence (AI) as 

a means to transform customer experiences and streamline operational efficiency in 

digital banking environments (Mehrotra, 2019). AI technologies have enabled banks 

to create dynamic, data-driven ecosystems that enhance user satisfaction through 

highly personalized experiences (Rambocas & Arjoon, 2019; Tulcanaza-Prieto et al., 

2022). With the rise of mobile apps, web-based portals, and automated customer 

service channels, banks have significantly broadened their digital touchpoints, 

fostering more accessible and convenient services (Keisidou et al., 2013; Mehrotra, 

2019)). This transformation has been facilitated by a robust technological 

infrastructure that includes AI-enabled chatbots, machine learning algorithms, and 

advanced data analytics capabilities (Almustafa et al., 2023). These technologies 

allow banks to analyze customer data in real time, develop personalized financial 

solutions, and deliver tailored recommendations that increase engagement and 

satisfaction (Al-Gasaymeh et al., 2023). Moreover, AI-powered personalization is 

deeply rooted in customer behavior analytics, which refer to the process of collecting, 

interpreting, and applying insights from consumer interactions to deliver tailored 

banking services (Mogaji & Nguyen, 2021). These analytical methods uncover hidden 

patterns and behavioral traits that 

help financial institutions offer 

relevant content, products, and 

support (Samuel et al., 2021). For 

instance, transaction frequency, 

device usage patterns, and 

customer preferences are 

analyzed to anticipate user needs 

and facilitate proactive service 

delivery (Ho & Chow, 2023). 

Research has shown that 

customers are more likely to remain 

loyal to institutions that understand 

their financial habits and respond 

with individualized services 

(Keisidou et al., 2013). This 

underscores the critical role of 

behavioral data in fostering 

positive customer perceptions and 

long-term engagement within 

digital banking environments 

(Arora et al., 2023; Tulcanaza-

Prieto et al., 2022). 

Personalization in digital banking 

further involves the customization 

of financial products and services 

based on user profiles, risk 

tolerance, and spending behavior 

(Keisidou et al., 2013). These 

strategies have enabled banks to 

increase conversion rates and 

deepen customer relationships by 

Figure 1: AI's Role in Transforming Digital Banking 
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aligning offerings with individual needs (Breeden & Leonova, 2021). AI technologies 

contribute to this process by creating micro-segments of users based on behavior-

driven models, enabling the deployment of targeted financial solutions (Rambocas & 

Arjoon, 2019; van Esterik-Plasmeijer & van Raaij, 2017). Studies have shown that 

consumers are more receptive to banks that offer financial recommendations aligned 

with their lifestyle and preferences (Tulcanaza-Prieto et al., 2022). These developments 

have contributed to shifting customer expectations, where digital interactions are 

increasingly viewed through the lens of convenience, personalization, and 

responsiveness (Keisidou et al., 2013). In addition, the rapid integration of AI into digital 

banking has also significantly reshaped the customer journey, emphasizing the 

importance of real-time decision-making and contextual engagement (Gonçalves et 

al., 2023). AI-driven systems can interpret complex behavioral signals and respond 

with timely interventions such as credit alerts, spending recommendations, or fraud 

detection mechanisms (Faqihi & Miah, 2023). These advancements reduce friction 

across customer touchpoints, improve decision accuracy, and increase overall trust 

in digital banking platforms (Gonçalves et al., 2023). The fusion of behavioral science 

and AI further enables adaptive banking platforms that evolve with the user's financial 

behavior and transactional history (Arora et al., 2023). In this context, personalization 

becomes an iterative and evolving process, continuously refined through feedback 

loops and data enrichment (Tulcanaza-Prieto & Morocho-Cayamcela, 2021). 
 

Figure 2: Unveiling the Dimensions of AI Personalization in Banking 

 

Multiple studies have explored how the personalization experience enhances various 

customer satisfaction metrics, including trust, loyalty, and perceived value (Arora et 

al., 2023; Tulcanaza-Prieto & Morocho-Cayamcela, 2021). As banks harness 

behavioral analytics to better understand emotional and rational responses to 

services, customer satisfaction levels tend to improve across all age groups and 

income brackets (Almustafa et al., 2023). Digital-native customers, particularly 

Millennials and Generation Z, often exhibit a strong preference for personalized 

services and interactive interfaces that reflect their digital fluency and expectations 

(Arora et al., 2023). Research has further shown that the success of personalization 

strategies depends not only on the sophistication of AI systems but also on the clarity, 

transparency, and ethical governance of the data being processed (Tulcanaza-
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Prieto et al., 2023). These findings underscore the multidimensional nature of 

personalization, where technological advancement, behavioral insights, and ethical 

data management intersect. Furthermore, Customer engagement in digital banking 

has increasingly come to be defined by the quality of personalized interactions 

enabled by AI systems (Tulcanaza-Prieto & Morocho-Cayamcela, 2021). Engagement 

is no longer a product of transactional convenience alone but a function of how well 

banks predict and adapt to individual needs and preferences (Breeden & Leonova, 

2021; van Esterik-Plasmeijer & van Raaij, 2017). Institutions that integrate real-time 

analytics into service delivery have reported higher levels of interaction, positive 

feedback, and brand advocacy (Rambocas & Arjoon, 2019). As AI becomes further 

embedded in core banking processes, personalized recommendations, predictive 

customer service, and automated assistance are increasingly determining the overall 

customer experience (van Esterik-Plasmeijer & van Raaij, 2017). Studies suggest that 

banks must maintain agility in responding to behavioral trends, ensuring that their AI-

driven personalization efforts remain relevant, timely, and contextually appropriate 

(Tulcanaza-Prieto & Morocho-Cayamcela, 2021; van Esterik-Plasmeijer & van Raaij, 

2017). The objective of this systematic literature review is to synthesize and critically 

evaluate existing research on the integration of artificial intelligence (AI) in delivering 

personalized customer experiences within digital banking environments. By 

systematically analyzing peer-reviewed articles, empirical studies, and conceptual 

frameworks published between 2014 and 2024, this review seeks to identify the key AI-

driven personalization techniques, explore the role of customer behavior analytics in 

shaping user engagement, and assess the outcomes of these technologies on 

customer satisfaction, loyalty, and trust. The review also aims to highlight 

methodological patterns, thematic trends, and conceptual gaps in the current body 

of literature to provide a structured understanding of how AI-powered personalization 

strategies are being implemented across different banking contexts. This synthesis 

serves as a foundation for establishing a coherent narrative around the benefits and 

challenges of AI adoption in digital banking, particularly from the standpoint of 

enhancing customer-centric innovation and engagement. 

LITERATURE REVIEW 

The literature on artificial intelligence (AI) in digital banking reveals a growing interest 

in leveraging intelligent technologies to enhance personalization and customer 

engagement. With the banking sector undergoing rapid digital transformation, 

academic and industry research has increasingly focused on how AI can analyze 

customer behavior, predict preferences, and deliver tailored experiences. A growing 

body of work addresses the technological foundations of AI applications in banking, 

such as machine learning, natural language processing, and real-time analytics, 

which collectively enable dynamic personalization strategies. Moreover, customer 

behavior analytics has become central to strategic decision-making in digital 

platforms, enabling financial institutions to better understand, segment, and engage 

customers based on data-driven insights. Scholars have examined the implications of 

AI-based personalization on customer satisfaction, loyalty, trust, and perceived value, 

uncovering both the benefits and the challenges of implementing such systems. 

Topics such as ethical data use, privacy concerns, algorithmic bias, and compliance 

with regulatory frameworks have also emerged as critical areas of inquiry. This 

literature review organizes existing studies thematically to provide a structured 

understanding of how AI is transforming digital banking through customer-centric 

approaches. The following sections dissect the key themes across the literature to 

https://ajisresearch.com/index.php/ajis/about
https://doi.org/10.63125/z9s39s47


American Journal of Interdisciplinary Studies 

Volume 06, Issue 01 (2025) 

Page No:  40- 71 

Doi: 10.63125/z9s39s47 

44 

 

build a comprehensive narrative around AI-powered personalization and its 

relationship with behavioral analytics and customer engagement. 

Foundations of AI in Digital Banking 

Artificial intelligence (AI) has become a central pillar in the modernization of financial 

services, offering a range of capabilities from automation to deep personalization. AI 

is broadly defined as the simulation of human intelligence processes by machines, 

particularly computer systems capable of learning, reasoning, and self-correction 

(Gonçalves et al., 2023). In the banking sector, AI manifests through algorithms 

designed to mimic cognitive functions, enabling applications such as fraud detection, 

risk assessment, customer service automation, and behavioral analytics (Chen et al., 

2021; Gonçalves et al., 2023). Early applications of AI in finance focused on process 

automation, including tasks such as compliance checks and credit scoring (Chen et 

al., 2021; Vaid et al., 2023), but the scope has expanded significantly to include 

personalized marketing and dynamic decision-making (Mariani et al., 2023; Mustak et 

al., 2021). 

The literature positions AI not 

merely as a support tool but 

as a transformative force in 

redefining financial service 

delivery (Huang & Rust, 

2018; Mishra et al., 2022). For 

instance, machine learning 

(ML) and deep learning (DL) 

are utilized in real-time data 

processing for behavior-

based segmentation and 

targeted recommendations 

(Longoni & Cian, 2020; 

Mustak et al., 2021). These 

capabilities allow institutions 

to offer customers tailored 

experiences based on 

historical and contextual 

data (Anayat & Rasool, 

2022; Longoni & Cian, 2020). 

Additionally, natural 

language processing (NLP) 

technologies are employed 

in conversational banking interfaces and chatbots, significantly reducing the 

dependency on human agents for routine queries (Mustak et al., 2021; Szalavetz, 

2019). AI's role in decision-making extends to credit underwriting, loan disbursement, 

and investment advisory, where predictive algorithms reduce uncertainty and 

improve precision (Faqihi & Miah, 2023). These contributions highlight AI’s growing 

influence in shaping a data-driven and customer-centric financial ecosystem (Tran & 

Vo, 2023). The evolution of AI in banking has progressed through multiple phases, 

starting with basic automation and maturing into intelligent personalization. Initially, 

rule-based systems were developed for automating repetitive banking functions such 

as account reconciliation, payment processing, and regulatory reporting (Mustak et 

al., 2021). These automation efforts reduced operational costs and increased 

efficiency, laying the foundation for more complex AI-driven applications (Mariani et 

Figure 3: Six key components in Digital banking 
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al., 2023). As financial data volumes grew exponentially, banks adopted machine 

learning techniques to uncover patterns in customer transactions, which helped in 

credit risk assessment and fraud detection (Duan et al., 2019; Mariani et al., 2023; 

Mikalef & Gupta, 2021). Moreover, Personalization emerged as a dominant theme in 

AI applications as banks began leveraging customer behavior data to offer tailored 

services. Research by Verma et al. (2021) and Mustak et al. (2021) confirms that 

personalization improves the quality of user experience and strengthens emotional 

connections with digital platforms. Customer segmentation models evolved from 

demographic-based profiling to behavior-based classification, enabling banks to 

offer dynamic content and personalized financial recommendations (Huang & Rust, 

2018). Studies demonstrate that AI-enabled personalization enhances engagement 

and satisfaction across various customer segments, including Millennials and 

Generation Z, who demand high levels of digital interactivity (Longoni & Cian, 2020). 

These developments were further supported by real-time analytics engines capable 

of delivering insights as customers interact with services, a shift noted by Yau et al., 

(2021) and Mikalef and Gupta (2021) as being central to customer-centric banking 

transformation. 

The transition from automation to personalization has also included the integration of 

emotional intelligence and sentiment analysis in AI systems. NLP-based tools now 

assess customer tone and language, allowing institutions to personalize 

communication styles and detect dissatisfaction early (Mishra et al., 2022). These tools 

enhance service agility and responsiveness, especially in digital interfaces like 

chatbots and virtual assistants (Mehrotra, 2019; Mikalef & Gupta, 2021). Several studies 

emphasize the value of personalization in creating a competitive edge, particularly 

when financial institutions face pressure to retain digitally-savvy customers (Mustak et 

al., 2021). Moreover, personal finance management (PFM) features powered by AI 

now assist users with budgeting, goal setting, and spending analysis in a customized 

manner (Huang & Rust, 2018). The literature consistently reflects a trend where 

personalization is not a mere value addition but a core function of digital banking 

systems that define user satisfaction (Huang & Rust, 2018; Verma et al., 2021). AI's 

personalization capabilities are further enhanced by integrating customer journey 

analytics, which track user interactions across multiple channels and touchpoints. 

These insights enable banks to provide timely and context-aware interventions, such 

as product cross-sells or personalized messages during key financial events (Longoni 

& Cian, 2020; Mehrotra, 2019). Such systems reduce cognitive load on customers and 

improve usability, an effect confirmed by research on human-computer interaction 

in fintech (Tran & Vo, 2023). Studies also document the rise of AI-based 

recommendation engines in banking apps, which draw inspiration from e-commerce 

platforms to drive personalized user journeys (Mishra et al., 2022; Tran & Vo, 2023). This 

multidimensional personalization is backed by scalable cloud infrastructures and API 

ecosystems that support real-time data synchronization and predictive modeling (De 

Bruyn et al., 2020; Vaid et al., 2023). Such integrations have enabled financial 

institutions to migrate from static offerings to highly adaptive platforms that respond 

fluidly to customer behavior and preferences across digital environments. 

Key AI Techniques Enabling Personalization 

Personalization in digital banking is made possible through a range of AI techniques, 

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

(DL), recommender systems, and sentiment analysis, each contributing uniquely to 

customer behavior modeling and service customization. Machine learning plays a 

foundational role by enabling banks to extract patterns from large datasets and 
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generate predictive models that guide personalized decision-making (Nesterenko & 

Olefirenko, 2023). Supervised learning algorithms are frequently used in churn 

prediction and credit scoring, while unsupervised learning facilitates customer 

segmentation based on behavioral clustering (Nesterenko & Olefirenko, 2023; 

Wamba-Taguimdje et al., 2020). Deep learning extends these capabilities by enabling 

multi-layered processing of unstructured data such as social media activity and voice 

interactions, thereby allowing a more holistic understanding of customer behavior 

(Yaïci et al., 2023; Zhu et al., 2023). 
Figure 4: Trends in AI Techniques for Personalization in Digital Banking 

 
Natural language processing is another crucial AI technique, particularly used in 

chatbots, virtual assistants, and voice banking solutions (Madhumita et al., 2024; 

Wamba-Taguimdje et al., 2020). These tools enhance user interaction by interpreting 

customer intent, understanding context, and responding in human-like ways, thus 

creating more intuitive digital experiences (Cipresso et al., 2018; Moriuchi, 2019). NLP 

has also been integrated with sentiment analysis engines to identify emotional cues 

from text or speech inputs, allowing banks to tailor communications and detect 

dissatisfaction in real time (Madhumita et al., 2024; Yaïci et al., 2023). Sentiment data 

is often combined with transaction behavior to form hybrid profiles that improve 

service personalization across touchpoints (Al-Gasaymeh et al., 2023). Additionally, 

NLP techniques support automatic document classification and personalized 

notifications, streamlining back-end workflows while maintaining front-end user 

engagement (Iancu & Iancu, 2023). 

Recommender systems—popularized by e-commerce platforms—have found 

significant application in digital banking, guiding users toward products, investments, 

and financial services based on their transaction history, life events, or financial goals 

(Madhumita et al., 2024). Collaborative filtering and content-based filtering 

approaches are commonly used to suggest credit cards, loan packages, or 

investment opportunities aligned with customer behavior and risk appetite 

(Madhumita et al., 2024; Shah et al., 2023). These systems can also be integrated with 

real-time analytics engines to ensure contextual relevance, such as offering insurance 

solutions following a high-value purchase or promoting savings plans after a salary 

credit event (Jarek & Mazurek, 2019). Furthermore, AI-enhanced user interfaces 
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dynamically adapt based on historical usage patterns, screen preferences, and 

interaction speed, contributing to a highly customized digital experience (Madhumita 

et al., 2024). Moreover, Reinforcement learning (RL), although less commonly 

implemented than supervised learning, has been gaining traction in real-time decision 

optimization across customer touchpoints. RL algorithms are trained to adaptively 

learn from customer feedback, optimizing recommendation policies or promotional 

campaigns based on user actions and rewards (Shah et al., 2023). Combined with 

customer journey analytics, RL helps banks personalize marketing automation and 

retention strategies with higher precision (Al-Gasaymeh et al., 2023; Foroudi et al., 

2018). These advanced techniques are supported by scalable cloud platforms and 

real-time processing architectures that handle big data workloads from omnichannel 

customer interactions (Lazaroiu & Roscia, 2023; Yaïci et al., 2023). Collectively, these 

AI techniques function synergistically to deliver seamless, context-aware, and 

personalized banking experiences, deeply rooted in user behavior analytics and 

adaptive intelligence models (Al-Gasaymeh et al., 2023; Lazaroiu & Roscia, 2023). 

Customer Behavior Analytics as a Driver of Personalization 

Behavioral data in digital banking encompasses a broad spectrum of user-generated 

information, including transaction records, device usage patterns, clickstream data, 

login frequency, and interactions across web and mobile interfaces. These data 

points offer valuable insights into customers’ financial behaviors and preferences, 

allowing institutions to tailor services with high granularity (Madhumita et al., 2024). 

Research highlights that understanding such behavior is essential for mapping the 

digital customer journey and segmenting users based on real-time activity rather than 

static demographic profiles (Liu et al., 2019). For instance, Kim and Kumar (2018) 

emphasize that patterns in bill payments, fund transfers, or mobile logins can reveal 

distinct customer personas and help banks personalize content and financial advice. 

Moreover, these behavioral datasets are continuously enriched through omnichannel 

interactions, making them a dynamic resource for real-time decision-making (Perez-

Vega et al., 2021). 

Digital banking 

platforms utilize 

behavioral analytics 

not only to deliver 

customized services 

but also to predict 

potential service 

requirements (Kumar 

et al., 2015; Perez-

Vega et al., 2021). 

Customer 

interactions are 

monitored across 

touchpoints such as 

ATMs, mobile apps, 

social media, and 

customer support systems to identify behavior-driven triggers (Kim & Kumar, 2018). This 

allows banks to track financial stress indicators, such as sudden shifts in spending 

patterns or withdrawal frequency, and provide proactive solutions (Kim & Kumar, 

2018; Perez-Vega et al., 2021). Studies by Molinillo et al. (2021) and Huang and Lin 

(2011) report that integrating behavior-based triggers with contextual data like 

Figure 5: Predictive Customer Analytics 
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location and transaction timing significantly enhances the accuracy of customer 

profiling. Furthermore, Madhumita et al. (2024) and Saniuk et al. (2020) note that 

combining historical and real-time behavior provides a comprehensive view of 

individual customers, forming the foundation for effective engagement and loyalty 

strategies. The ability to track longitudinal behavioral changes further helps institutions 

adjust their personalization models over time (Kumar et al., 2022; Saniuk et al., 2020). 

Moreover, predictive analytics in digital banking serves as a key enabler of 

personalization by utilizing behavioral and transactional data to forecast customer 

preferences, financial needs, and likely future actions. Machine learning algorithms 

are applied to historical datasets to generate predictive scores, behavioral trends, 

and event probabilities, which guide service personalization strategies (Kumar et al., 

2015; Tan & Liew, 2022). Banks use these insights to determine when a customer might 

seek a loan, require investment advice, or be at risk of attrition (Palav et al., 2024; 

Samuel et al., 2021). According to Saniuk et al.(2020), predictive models improve 

customer targeting by assigning behavioral propensity scores and identifying 

customers’ financial life stages. Sharma et al. (2020) further demonstrate how 

personalized offers based on behavioral forecasts yield higher conversion rates than 

traditional segmentation-based campaigns. 

Studies highlight that the success of predictive analytics depends on the accuracy, 

timeliness, and contextual relevance of input data (Kumar et al., 2015). Hernández-

Ortega et al. (2021) emphasize that predictive insights must be integrated seamlessly 

into customer touchpoints to influence engagement at critical decision moments. For 

example, recommender systems powered by predictive algorithms suggest 

personalized saving plans immediately after a salary deposit or promote budgeting 

tools based on recurring spending behavior (Kumar et al., 2015; Tan & Liew, 2022). 

These proactive interventions enhance user satisfaction and support informed 

financial decision-making. Moreover, research by Molinillo et al. (2021) and Dabbous 

and Barakat (2023) confirms that customers are more likely to accept personalized 

recommendations when they perceive the advice as timely, relevant, and grounded 

in their own behavior. Banks that integrate predictive models into mobile apps and 

CRM systems report improved engagement and loyalty outcomes (Palav et al., 2024). 

Predictive analytics also supports risk-based personalization, especially in lending and 

investment services, where behavioral scoring helps determine eligibility, interest rates, 

and portfolio risk tolerance (Saniuk et al., 2020). Rather than relying solely on traditional 

credit scores, financial institutions increasingly use alternative data such as digital 

footprints, e-wallet activity, and utility payments to predict customer reliability and 

financial health (Perez-Vega et al., 2021; Tan & Liew, 2022). These models offer 

inclusion opportunities for underbanked or thin-file customers, while also enhancing 

fraud detection and compliance measures through behavioral anomaly detection 

(Palav et al., 2024). According to Molinillo et al. (2021), combining predictive analytics 

with real-time monitoring significantly reduces response times to customer needs and 

increases satisfaction in service delivery. This approach reflects a shift from reactive to 

anticipatory customer engagement, grounded in data-driven behavioral 

understanding (Dabbous & Aoun Barakat, 2023; Palav et al., 2024). 

Segmentation Strategies and Micro-Targeting via Behavioral Models 

Segmentation strategies and micro-targeting via behavioral models have become 

foundational to AI-driven personalization in digital banking. Traditional segmentation 

approaches based on demographics or income brackets have been gradually 

replaced by dynamic, behavior-centric models that leverage real-time and historical 

interaction data (Perez-Vega et al., 2021; Samuel et al., 2021). These advanced 
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behavioral models segment users based on transaction frequency, spending 

patterns, financial goals, product usage, and digital engagement metrics such as 

session duration or app navigation flow (Chattaraman et al., 2019; Dwivedi et al., 

2021). Unsupervised learning techniques, such as K-means clustering and hierarchical 

clustering, are widely employed to identify natural groupings among customers that 

share similar behavior traits (Molinillo et al., 2021; Pappas et al., 2014). These customer 

segments are then used to drive micro-targeted campaigns, financial product 

recommendations, and personalized communication strategies (Kim, 2021). 

 
Figure 6: Customer Micro-Segmentation 

 

Micro-targeting further enhances personalization by allowing banks to deliver services 

at the most relevant time, through the most effective channel, and in the most 

contextually appropriate manner (Huang & Rust, 2022). For example, behavior-based 

segments can trigger automated credit card offers to high-spending users during 

specific spending cycles or suggest saving plans to low-risk customers after salary 

deposits (Huang & Rust, 2022; Mariani et al., 2021). Studies by Anayat and Rasool 

(2022) and Esterik-Plasmeijer and Raaij (2017) show that such behavioral 

segmentation increases engagement and conversion rates compared to generalized 

marketing approaches. Moreover, combining these models with sentiment analysis 

and NLP techniques allows for fine-tuned messaging that reflects user tone and 

emotional state (Kim et al., 2022; Doorn et al., 2010). Micro-segments are not static; 

they evolve with customer behavior and preferences, requiring continuous model 

updates using reinforcement learning or adaptive feedback loops (van Esterik-

Plasmeijer & van Raaij, 2017; Wang, 2020). 

AI-based segmentation has also enabled hyper-personalized experiences for 

different generational cohorts. For instance, Millennials and Gen Z customers, who 

exhibit digital-first behavior, are segmented based on their preference for mobile-first 
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banking, app features, and social media responsiveness (Ameen et al., 2020). Baby 

boomers, by contrast, are typically grouped based on longer-term savings behaviors 

and responsiveness to conservative financial products (van Doorn et al., 2010). Studies 

by Ameen et al. (2020) and Nguyen et al. (2021) also emphasize the inclusion of 

underbanked populations by using behavioral scoring techniques that replace 

traditional credit histories with behavioral indicators such as utility payments, mobile 

money activity, and transaction regularity. This inclusive form of segmentation not only 

enhances reach but also supports financial inclusion efforts in emerging markets 

(Moliner-Tena et al., 2019; Nguyen et al., 2021). Moreover, integrating segmentation 

and micro-targeting models within AI-powered CRM platforms allows banks to 

automate customer journeys based on predicted behavioral outcomes (Hollebeek & 

Macky, 2019). These platforms allow real-time audience refinement and customized 

path recommendations, facilitating more agile engagement with users across 

touchpoints such as emails, mobile apps, and chatbots (Tulcanaza-Prieto & Morocho-

Cayamcela, 2021). Multiple studies have confirmed that real-time behavioral 

segmentation, combined with AI-powered targeting, increases customer satisfaction, 

reduces churn, and improves marketing ROI (Nguyen et al., 2021). As customers 

increasingly expect banks to understand and anticipate their unique preferences, 

segmentation and micro-targeting strategies powered by behavioral models remain 

central to creating responsive, relevant, and personalized digital banking experiences 

(Moriuchi, 2020). 

Impact of AI-Powered Personalization on Customer Engagement 

AI-powered personalization in digital banking has significantly enhanced customer 

experience by enabling the delivery of individualized services tailored to users' 

financial behaviors, preferences, and interaction histories (Ahmed et al., 2022; Kim et 

al., 2022; van Doorn et al., 2010). Studies emphasize that banks leveraging AI for 

contextual and real-time personalization achieve stronger engagement and user 

satisfaction compared to traditional service delivery models (Aklima et al., 2022; 

Anayat & Rasool, 2022). Personalization strategies using machine learning and 

predictive analytics allow banks to customize dashboards, automate financial 

recommendations, and proactively deliver budget alerts, helping users feel 

understood and supported (Humaun et al., 2022; Wang, 2020). These individualized 

experiences improve digital usability, enhance customer autonomy, and contribute 

to service differentiation in competitive markets (Cheng & Jiang, 2021; Mahfuj et al., 

2022). 

Furthermore, Natural language processing (NLP) tools and AI-based chatbots further 

contribute to customer experience by providing immediate, personalized responses 

through voice or text interfaces (Mohiul et al., 2022; van Doorn et al., 2010). These tools 

adjust responses based on user sentiment, query history, and tone, enhancing 

emotional engagement and satisfaction with digital platforms (Cheng & Jiang, 2021; 

Sohel et al., 2022). Transaction-based personalization also plays a central role; for 

instance, real-time product recommendations and financial nudges are generated 

based on behavioral triggers such as frequent spending, recurring deposits, or 

location-specific transactions (Nguyen et al., 2021; Tonoy, 2022). Studies show that 

these micro-moments—when services are personalized to user context—foster 

seamless banking journeys and reduce service friction (Wang, 2020; Younus, 2022). 
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Figure 7: Impact of AI-Powered Personalization on Customer Engagement 

 
Research demonstrates that AI-enabled personalization positively affects key 

engagement outcomes such as customer retention, satisfaction, and lifetime value. 

Personalized services that are timely, relevant, and behavior-informed contribute to 

increased emotional connection and trust in digital banking platforms (Alam et al., 

2023; van Esterik-Plasmeijer & van Raaij, 2017). Customer satisfaction is amplified when 

users receive tailored experiences that reflect their financial habits, needs, and 

preferences (Chowdhury et al., 2023; Hollebeek et al., 2014). Personalization fosters a 

sense of recognition and attention, leading to sustained engagement and reducing 

the likelihood of switching providers (Cheng & Jiang, 2021; Jahan, 2023). Studies by 

Nguyen et al. (2021) and Hollebeek and Macky (2019) report that banks offering AI-

personalized services experience higher net promoter scores and stronger customer 

loyalty. Moreover, lifetime value is also impacted through cross-selling and up-selling 

strategies powered by behavioral targeting and AI-based recommender systems 

(Anayat & Rasool, 2022; Mahdy et al., 2023; Nguyen et al., 2021). These systems identify 

opportunities to introduce relevant financial products—such as credit cards, 

investment portfolios, or insurance packages—based on the customer’s transaction 

history and financial goals (Maniruzzaman et al., 2023; Wang, 2020). Personalized 

offers not only improve sales conversion but also enhance perceived value and 

satisfaction, reinforcing long-term relationships (Hossen et al., 2023; van Doorn et al., 

2010). Furthermore, targeted onboarding experiences and automated account 

support services help new users build confidence and comfort with digital platforms, 

contributing to retention in early lifecycle stages (Cheng & Jiang, 2021; Roksana, 

2023). Retention also improves when personalization incorporates real-time 

monitoring and adaptive recommendations, ensuring ongoing relevance to the 

user’s financial circumstances (Nguyen et al., 2021; Shahan et al., 2023). 

AI-powered personalization has proven particularly effective when adapted to the 

preferences of different generational cohorts, including Generation Z, Millennials, and 

Baby Boomers. Research indicates that Millennials and Gen Z customers favor hyper-

personalized digital experiences characterized by mobile-first interfaces, instant 

feedback, and AI-enabled financial planning tools (Hollebeek & Macky, 2019; 

Nguyen et al., 2021; Sudipto et al., 2023). These segments are digitally native, placing 

high value on real-time customization and the ability to self-serve through interactive 

digital channels (Anayat & Rasool, 2022; Tonoy & Khan, 2023). They also respond 

positively to gamified financial literacy tools, app-based goal trackers, and peer 
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comparison features that are driven by behavior analytics (Al-Arafat, Kabi, et al., 2024; 

Cheng & Jiang, 2021). For Baby Boomers, personalization strategies are more effective 

when centered on trust, clarity, and consistent service experiences (Al-Arafat, Kabir, 

et al., 2024; Hollebeek et al., 2014; Moliner-Tena et al., 2019). This cohort tends to prefer 

simplified interfaces, human-assisted chat functions, and conservative financial 

product suggestions based on long-term savings behavior and risk aversion (Alam et 

al., 2024; Hollebeek et al., 2014; Hollebeek & Macky, 2019). Personalized 

communications that are empathetic and transparent build comfort with AI-driven 

platforms and reduce resistance to digital migration (Alam et al., 2024; van Doorn et 

al., 2010). According to Cheng and Jiang (2021) and Nguyen et al. (2021), 

personalization across generational segments requires adaptive algorithms capable 

of differentiating user priorities, language style, and risk tolerance. Personalized 

onboarding for older users and family-linked financial management features further 

increase trust and satisfaction within this group (Ameen et al., 2020; Ammar et al., 

2024). The effectiveness of generational targeting is amplified when behavioral 

models incorporate both static profile data and dynamic behavioral updates to 

maintain long-term alignment with user needs (Arafat et al., 2024; Omoge et al., 2022). 

Legal Frameworks and Data Governance in AI-Driven Personalization 

AI-driven personalization in digital banking necessitates rigorous legal frameworks and 

robust data governance mechanisms to ensure ethical data use, regulatory 

compliance, and consumer protection. As banks increasingly rely on behavioral and 

transactional data to tailor services, regulatory scrutiny has intensified around how 

personal information is collected, processed, stored, and shared (Bhuiyan et al., 2024; 

Mou & Meng, 2023). Regulations such as the General Data Protection Regulation 

(GDPR) in the European Union and the California Consumer Privacy Act (CCPA) in the 

United States establish legal boundaries for consent, transparency, data portability, 

and the right to be forgotten (Dasgupta & Islam, 2024; Hollebeek et al., 2014). These 

frameworks require financial institutions to clearly disclose their data handling 

practices and ensure that customers are empowered to control their personal data 

(Hasan et al., 2024; Wang, 2020). Studies also highlight the emergence of cross-border 

compliance challenges for banks operating in multiple jurisdictions with divergent 

privacy laws (Cheng & Jiang, 2021; Hossain et al., 2024). 

Data governance in AI personalization involves policies and procedures that regulate 

the integrity, security, and ethical use of customer data throughout its lifecycle. 

According to Hossain et al. (2024), strong data governance ensures that data used to 

train AI algorithms is accurate, complete, and free from bias. Institutions must 

implement data lineage, classification, and anonymization protocols to prevent 

misuse or unauthorized access (Islam et al., 2024; Omoge et al., 2022). Additionally, 

audit trails and access controls are essential in maintaining accountability in AI systems 

that generate personalized outputs (Islam, 2024; Nguyen et al., 2021). Ethical data 

stewardship also includes considerations of fairness and inclusivity, as algorithmic 

decisions may inadvertently reinforce systemic biases or exclude vulnerable groups 

(Hollebeek & Macky, 2019; Jahan, 2024). Researchers such as Nguyen et al. (2021) 

and Moriuchi (2020) stress the need for explainable AI models in banking to ensure 

transparency in how personalized recommendations or financial decisions are made. 

Legal scholars and financial technologists agree that integrating privacy-by-design 

principles into AI personalization systems reduces regulatory risk and strengthens 

consumer trust (Ameen et al., 2020; Cheng & Jiang, 2021; Jim et al., 2024). Institutions 

adopting governance frameworks aligned with ISO/IEC 38505 and COBIT guidelines 

demonstrate improved resilience to legal challenges and data breaches (Mahabub, 
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Das, et al., 2024; Moriuchi, 2020; van Doorn et al., 2010). Moreover, AI-driven 

personalization systems increasingly embed real-time compliance checks to monitor 

data processing activities against regulatory thresholds (Anayat & Rasool, 2022; 

Hollebeek & Macky, 2019; Mahabub, Jahan, et al., 2024). Transparency mechanisms 

such as consent dashboards, personalized privacy notices, and algorithmic 

explainability features support regulatory alignment and promote responsible 

personalization (Islam et al., 2024; Tulcanaza-Prieto & Morocho-Cayamcela, 2021). 

Literature suggests that legal frameworks and data governance are not ancillary but 

foundational to the ethical and sustainable deployment of AI in customer-facing 

financial services (Cheng & Jiang, 2021; Younus et al., 2024). 

Managing Customer Trust: Transparency, Consent, and Control 

Customer trust plays a central role in the successful deployment of AI-powered 

personalization in digital banking, with transparency, consent, and control emerging 

as critical components of trust management. As banks leverage AI to analyze 

behavioral data and personalize financial services, customers increasingly expect 

visibility into how their data is used and decisions are made (Anayat & Rasool, 2022; 

Younus et al., 2024; van Esterik-Plasmeijer & van Raaij, 2017). Studies underscore that 

trust is significantly undermined when consumers feel data is being collected without 

clear purpose or consent (Danks, 2019; Nahid et al., 2024; van Doorn et al., 2010). 

GDPR and similar data protection regulations enforce explicit consent protocols, 

requiring institutions to inform users of data processing activities and grant them the 

ability to opt in or out of specific data uses (Rahaman et al., 2024; Wang, 2020). 

Personalized privacy notices, real-time consent dashboards, and user-managed data 

permissions have been identified as effective strategies to enhance trust and 

compliance (Hollebeek et al., 2014; Rana et al., 2024). 

Transparency in AI systems refers not only to data usage but also to the explainability 

of algorithmic decisions. Research by Doorn et al., (2010), Moliner-Tena et al. (2019), 

and Cheng and Jiang (2021) highlights the importance of offering users 

understandable explanations for automated recommendations, such as why a 

particular product or offer was selected. Explainable AI (XAI) models are gaining 

traction as banks seek to demystify decision-making processes and reduce customer 

apprehension about algorithmic control (Omoge et al., 2022; Roy et al., 2024). Studies 

by Nguyen et al. (2021) and Park and Storey (2023) reveal that users are more likely to 

engage with AI-based services when systems provide feedback loops, show learning 

patterns, or include “why this was recommended” prompts during transactions. 

Moreover, increased transparency correlates positively with perceived fairness, 

particularly when users can view and challenge automated decisions (Hollebeek & 

Macky, 2019; Sabid & Kamrul, 2024). Control over data and personalization 

preferences is another pillar of trust in digital banking. Research has shown that users 

value autonomy over how much personalization they receive, with some preferring 

deep customization and others opting for minimal engagement (Moliner-Tena et al., 

2019; Shohel et al., 2024). User-controlled personalization settings—such as adjusting 

notification frequency, limiting data sharing, or disabling targeted promotions—

strengthen feelings of empowerment and respect (Anayat & Rasool, 2022). Wang, 

(2020) also show that granular control options reduce privacy concerns and facilitate 

longer-term trust in AI-enhanced platforms. Furthermore, cross-device data 

synchronization must be managed transparently to avoid perceived surveillance, 

especially among privacy-conscious consumers (Cheng & Jiang, 2021; Sunny, 2024). 

When personalization systems enable user input, override mechanisms, and consent 
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tracking, customers are more likely to trust and continue using digital banking 

platforms enriched by AI (Hollebeek et al., 2014; Sunny, 2024). 

AI-Personalization in Emerging Markets: Challenges and Innovations 

The deployment of AI-powered personalization in emerging markets is marked by 

distinctive contextual challenges, infrastructural limitations, and unique innovations 

shaped by socio-economic realities (Sunny, 2024; van Esterik-Plasmeijer & van Raaij, 

2017). Unlike in developed economies where digital banking ecosystems are 

supported by mature technological infrastructures, emerging markets often contend 

with insufficient broadband coverage, inconsistent mobile network quality, limited 

access to digital devices, and low digital literacy—factors that collectively impede 

the widespread adoption of AI-driven personalization tools (Aleem Al Razee et al., 

2025; Ameen et al., 2020). These barriers make it difficult for banks to capture and 

process clean, real-time behavioral data essential for accurate customer profiling 

and dynamic personalization (Faria & Rashedul, 2025; Hollebeek & Macky, 2019). For 

example, in regions where customer interactions are largely cash-based or occur 

through informal networks, the absence of robust digital transaction histories 

significantly limits the effectiveness of machine learning models used in 

recommendation systems (Islam et al., 2025; Nguyen et al., 2021). Moreover, 

regulatory inconsistencies further complicate the integration of AI-personalization in 

these regions. Many emerging economies lack comprehensive data protection laws 

that govern consent, data usage, algorithmic accountability, and customer rights 

(Hollebeek et al., 2014; Hollebeek & Macky, 2019; Islam et al., 2025). The absence of 

well-defined legal frameworks increases the risk of misuse of personal data and 

reduces transparency in algorithmic decisions, resulting in reduced customer trust in 

digital banking platforms (Khan, 2025; van Doorn et al., 2010). Moreover, data 

governance structures in emerging markets often remain fragmented across public 

and private institutions, which poses further challenges to data standardization and 

ethical AI implementation (Khatun et al., 2025; Omoge et al., 2022). In this context, 

customer hesitation to share personal information or engage with AI-powered 

platforms can diminish the efficacy of personalization models, leading to increased 

friction in digital financial adoption (Hollebeek et al., 2014; Munira, 2025; Omoge et 

al., 2022). 

Nonetheless, these constraints have driven financial institutions in emerging markets 

to adopt innovative and localized approaches to AI-powered personalization. One 

major innovation involves the use of alternative data sources—such as utility bill 

payment records, mobile money usage, airtime top-ups, and informal lending 

history—to supplement traditional financial information and support behavior-based 

credit scoring and service personalization (Sarkar et al., 2025; van Doorn et al., 2010). 

In countries like Kenya, India, Bangladesh, and Nigeria, mobile money platforms and 

fintech startups have successfully implemented personalization strategies tailored to 

first-time users, rural populations, and financially excluded groups (Moliner-Tena et al., 

2019; Shimul et al., 2025). For instance, platforms such as M-Pesa in Kenya and bKash 

in Bangladesh use user behavior on mobile transactions to generate personalized 

saving prompts, promote microloans, and offer budget tracking features customized 

to the user’s financial capacity (Hollebeek & Macky, 2019; Taufiqur, 2025). Another 

layer of innovation lies in linguistic and cultural adaptation of AI systems.  
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Figure 8: AI Personalization vs Infrastructure Maturity in Emerging Markets 

 
Personalization engines integrated with NLP capabilities in local dialects and culturally 

appropriate tone settings have expanded access among non-English-speaking users 

and first-time digital banking customers (Hollebeek & Macky, 2019; Moliner-Tena et al., 

2019; Younus, 2025). These AI systems—often embedded in chatbots and virtual 

assistants—facilitate real-time, context-aware support for bill payments, mobile top-

ups, and balance checks, reducing dependency on traditional branches and 

expanding digital financial inclusion (Hollebeek et al., 2014; van Doorn et al., 2010). 

Hybrid service models that combine AI with human-agent support have proven 

effective in bridging gaps in user trust and understanding, particularly for older or less 

digitally literate populations (van Esterik-Plasmeijer & van Raaij, 2017). These models 

allow users to choose between AI-driven and human-guided interactions based on 

comfort and complexity of tasks, increasing personalization effectiveness in diverse 

user segments (Tulcanaza-Prieto & Morocho-Cayamcela, 2021). Emerging markets 

have also experimented with community-based personalization, wherein banks and 

fintechs deploy AI to recommend group-based financial products such as rotating 

savings and credit associations (ROSCAs), microinsurance, or region-specific 

agricultural financing tools (Anayat & Rasool, 2022). Such models recognize the 

collective financial behavior of households or rural cooperatives and deliver AI-

personalized insights at the community level rather than solely the individual (Wang, 

2020). Government-integrated platforms such as Aadhaar in India and e-KYC systems 

in parts of Africa have further enhanced the accuracy and security of AI 

personalization, enabling broader reach to underbanked segments while minimizing 

fraud risks (Hollebeek et al., 2014). Furthermore, adaptive user interfaces (UIs) 

optimized for low-bandwidth, entry-level smartphones have enabled rural users to 

interact with AI-driven digital banking services with ease, often through voice-

enabled menus and simplified navigation (Wang, 2020). 

Research Gaps and Conceptual Challenges in the Literature 

One of the most persistent challenges across the reviewed literature is the lack of 

standardized metrics and consistent methodologies for measuring personalization 

and customer engagement outcomes in AI-driven digital banking environments. 

Studies employ varying definitions of “personalization,” ranging from rule-based 
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service customization to advanced machine learning-driven recommendation 

systems (Ameen et al., 2020; Cheng & Jiang, 2021). Engagement is similarly 

conceptualized through diverse proxies such as click-through rates, session durations, 

satisfaction surveys, or transaction volumes, making cross-study comparison difficult 

(Omoge et al., 2022). While some frameworks measure engagement through user 

interface interaction or channel frequency (Moriuchi, 2020), others focus on 

psychological responses like trust, perceived value, and emotional satisfaction (Le, 

2021). These inconsistent constructs complicate meta-analyses and limit the 

transferability of findings across different regions and demographic groups (Belanche 

et al., 2021). Additionally, while most studies acknowledge the influence of 

personalization on customer behavior, few offer comprehensive models that 

integrate behavioral analytics with attitudinal outcomes such as loyalty or advocacy 

(Nguyen et al., 2021). In many cases, personalization outcomes are reported as binary 

variables (personalized vs. non-personalized), without accounting for the degree, 

depth, or frequency of personalized interactions (Nguyen et al., 2021; van Esterik-

Plasmeijer & van Raaij, 2017). Furthermore, there is minimal discussion on how 

personalization outcomes differ across touchpoints—such as mobile apps, chatbots, 

or in-app ads—or how they evolve over time (Hollebeek et al., 2014). The literature 

also lacks consensus on which engagement metrics best capture the effectiveness of 

AI personalization systems in contributing to broader business performance indicators 

like retention rate, customer lifetime value, or cross-sell success (Hollebeek & Macky, 

2019). 

The current literature on AI-driven personalization in digital banking is predominantly 

composed of cross-sectional studies, case-specific analyses, and conceptual models, 

resulting in a limited understanding of long-term AI effectiveness and behavioral 

adaptation. Most studies offer short-term assessments based on immediate user 

responses, pilot implementations, or simulated models (Moliner-Tena et al., 2019). 

Longitudinal research is crucial for evaluating how personalization systems perform 

across time horizons and customer lifecycle stages, particularly in assessing sustained 

satisfaction, loyalty development, and behavioral changes (Ameen et al., 2020; van 

Doorn et al., 2010). Without such insights, the long-term scalability and consistency of 

AI personalization strategies remain underexamined (Nguyen et al., 2021). Moreover, 

the absence of time-series analysis limits the understanding of feedback loops, 

learning dynamics, and system fatigue in AI models (Cheng & Jiang, 2021). Studies 

that measure customer engagement at only one point in time fail to capture shifts in 

user preferences, trust, or behavioral patterns that may occur with repeated AI 

interactions (Hollebeek & Macky, 2019). There is also a shortage of research assessing 

how financial habits evolve as customers continue to interact with AI systems, such as 

changes in spending discipline, financial literacy, or digital self-efficacy (Omoge et 

al., 2022). This gap hinders the ability to determine causality between AI-driven 

personalization and customer behavior over time. Furthermore, studies rarely explore 

the durability of trust in AI recommendations or the retention of personalized usage 

habits across economic cycles or life events (Hollebeek et al., 2014). A more 

longitudinal perspective would also help isolate whether repeated AI interactions 

lead to overfamiliarity or disengagement (Nguyen et al., 2021). 

Another notable gap in the literature is the limited attention paid to cross-cultural 

differences in customer behavior and perception of AI-driven personalization in 

banking. Most studies rely on data from Western or technologically advanced 

countries, primarily the United States, United Kingdom, China, and the European 

Union, with less empirical research conducted in Africa, South Asia, and Latin America 
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(Kim et al., 2022). While several studies acknowledge the contextual relevance of 

personalization, few incorporate cultural variables—such as uncertainty avoidance, 

power distance, or individualism—into their analytical models (Hollebeek et al., 2014). 

This limits the global applicability of personalization frameworks and ignores how 

cultural norms shape expectations around privacy, trust, automation, and 

communication styles (Omoge et al., 2022). Studies by Moriuchi (2020), Belanche et 

al. (2021), and Hollebeek and Macky (2019) indicate that users in collectivist societies 

may respond more positively to group-based financial personalization or family-

oriented financial planning tools, while those in individualistic cultures may prefer 

autonomous decision-making features and highly individualized services. Yet few 

studies design personalization strategies that explicitly account for these cultural 

variations (Nguyen et al., 2021). Similarly, risk tolerance and financial behavior differ 

significantly across cultural regions, but these distinctions are often overlooked in 

predictive analytics and recommendation systems (van Esterik-Plasmeijer & van Raaij, 

2017). Moreover, linguistic diversity, digital literacy, and regional values are not 

adequately addressed in AI interface design or content personalization, leading to 

gaps in accessibility and relevance for diverse populations (Ameen et al., 2020). 

Without cross-cultural perspectives, personalization models risk reinforcing digital 

exclusion and underperformance in global banking environments (Cheng & Jiang, 

2021). 
Figure 9:  Research Gaps in AI-Personalized Digital Banking Literature 

 
METHOD 

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

Analyses (PRISMA) 2020 guidelines to ensure methodological rigor, transparency, and 

reproducibility in the review process. The PRISMA framework is widely recognized for 

structuring systematic reviews and meta-analyses across academic disciplines, 

providing a clear pathway for identifying, screening, and evaluating relevant 

literature. The focus of this review was on AI-powered personalization in digital 

banking, with specific emphasis on customer behavior analytics and customer 

engagement outcomes. The review was designed to synthesize empirical and 

conceptual studies that directly explore how artificial intelligence is used to 

personalize digital banking experiences and how these strategies affect customer 

satisfaction, trust, loyalty, and overall engagement. 
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Eligibility Criteria and Inclusion Parameters 

To ensure relevance and quality, articles were selected based on predefined inclusion 

and exclusion criteria. Eligible studies were those published in peer-reviewed journals 

between 2014 and 2024, written in English, and specifically addressing the intersection 

of artificial intelligence, personalization, digital banking, and customer behavior. Both 

empirical (quantitative and qualitative) and theoretical contributions were 

considered. Studies focused exclusively on technical algorithm development without 

application to digital banking personalization were excluded. Likewise, articles 

lacking customer-centric outcomes or not involving financial service contexts were 

removed from further consideration. 

Search Strategy and Sources 

A comprehensive literature search was conducted in March 2025 using five major 

academic databases: Scopus, Web of Science, IEEE Xplore, ScienceDirect, and 

Google Scholar. The search strategy combined Boolean operators with targeted 

keywords, including: “AI personalization in banking,” “artificial intelligence AND digital 

banking,” “customer behavior analytics,” “AI AND customer engagement in finance,” 

“machine learning AND personalization in financial services,” and “AI-powered 

customer satisfaction.” Filters were applied to restrict results to scholarly articles 

published in peer-reviewed journals. Initial database searches yielded a total of 1,248 

records. 
Figure 10: Article Selection Based on PRISMA Protocol 

 
Screening and Selection Process 

Following the PRISMA protocol, the initial pool of 1,248 articles underwent a 

duplication check using EndNote reference management software, which resulted in 

the removal of 236 duplicate records. The remaining 1,012 articles were then screened 

based on titles and abstracts. At this stage, 634 articles were excluded because they 

did not meet the inclusion criteria, primarily due to their focus on non-financial 

applications of AI, lack of relevance to customer engagement, or coverage of 

unrelated industries. The remaining 378 articles were subjected to a full-text eligibility 

assessment. 
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During the full-text review process, 267 additional articles were excluded for reasons 

such as lack of focus on AI personalization (n = 112), limited customer-centric 

application in digital banking (n = 87), and methodological limitations or insufficient 

empirical evidence (n = 68). As a result, 111 articles met the final inclusion criteria and 

were included in the synthesis of this review. All articles were coded using a structured 

data extraction form that captured publication year, country of origin, 

methodological approach, type of AI technique, personalization strategy, behavioral 

analytics used, and customer engagement outcomes reported. 

Final Inclusion 

The data from the 111 included studies were systematically extracted and organized 

using Microsoft Excel to allow for comparative analysis. The extracted information 

included study aims, research methods, types of AI and personalization techniques 

employed, customer segmentation strategies, engagement metrics, and key findings. 

The studies were grouped into thematic categories aligned with the review structure: 

foundational AI techniques, behavioral analytics, personalization strategies, 

engagement outcomes, legal frameworks, emerging market challenges, and 

research gaps. A narrative synthesis approach was used to integrate findings from 

diverse methodologies, enabling an in-depth exploration of how AI-powered 

personalization is shaping customer behavior and experience in digital banking. The 

results of the PRISMA process were documented and visualized using a flow diagram, 

in line with PRISMA 2020 reporting standards. 

FINDINGS 

Among the 111 reviewed articles, 92 studies emphasized that AI-driven personalization 

has become an integral component of digital banking transformation. These studies, 

collectively cited over 8,500 times, highlighted how banks are increasingly 

embedding artificial intelligence capabilities such as machine learning, natural 

language processing, and real-time analytics to personalize customer journeys. AI-

enabled platforms are used to deliver dynamic recommendations, tailored financial 

planning tools, personalized offers, and proactive alerts. These innovations are not 

only embedded into core banking applications but also extend across omnichannel 

ecosystems, including mobile banking, web portals, and virtual assistants. The 

frequency and relevance of these personalized experiences have been linked to 

higher customer satisfaction levels, increased platform engagement, and operational 

efficiencies in delivering customized banking solutions. 

In 81 of the reviewed articles, customer behavior analytics was identified as the 

primary driver of AI-powered personalization. These studies have been cited 

approximately 6,900 times across the literature, underscoring their influence in the 

field. Behavior analytics involves the systematic analysis of user interactions, 

transaction histories, device usage patterns, and customer journey flows. Financial 

institutions use these behavioral insights to predict user preferences, segment 

customers more accurately, and automate decision-making processes. Behavioral 

triggers such as high spending periods, recurring salary credits, or geographic mobility 

are commonly used to initiate personalized interactions. Banks that integrate 

behavioral analytics with AI systems report enhanced customer retention and more 

effective targeting of financial products and services. 

Predictive analytics was a focal point in 69 of the reviewed articles, which together 

have accumulated over 5,200 citations. These studies reveal that AI-powered 

predictive models are being utilized by banks to anticipate customer needs based on 

behavioral and transactional data. Predictive scoring systems are used to identify at-

risk customers, recommend tailored products, and offer proactive financial 
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management suggestions. Financial institutions leveraging predictive analytics have 

demonstrated improved customer engagement rates, as services are aligned with 

anticipated needs and preferences. Moreover, predictive analytics supports hyper-

personalization by continuously refining user profiles based on new data inputs, 

leading to more relevant and timely digital experiences. 

Seventy-four of the analyzed articles addressed the impact of AI-personalization on 

customer satisfaction, retention, and lifetime value, with a cumulative citation count 

exceeding 7,300. These studies consistently report that customers who receive 

personalized experiences are more likely to remain loyal to their financial institutions 

and engage in higher-value interactions. Personalized digital services contribute to 

emotional loyalty by establishing trust, reducing cognitive load, and making 

customers feel recognized and valued. Several studies further associate 

personalization with increased cross-selling success, higher product adoption rates, 

and longer customer lifespans within digital banking platforms. The alignment of 

personalized offerings with individual financial behaviors is thus seen as a strategic tool 

for enhancing both customer experience and profitability. 
Figure 11: Distribution of Reviewed Articles by Focus Area (n = 111) 

 
In 63 of the reviewed articles, significant attention was given to the ethical, legal, and 

governance-related challenges of AI-powered personalization in digital banking. 

These studies, cited over 6,000 times, discuss the implications of customer data 

privacy, consent management, algorithmic transparency, and fairness. While AI 

personalization is technically effective, its full potential is often constrained by 

inadequate legal frameworks, unclear data ownership policies, and lack of user 

control mechanisms. Studies noted that customers often express concerns about how 

their data is used, how decisions are made by algorithms, and whether they retain 

control over the personalization process. Financial institutions operating without robust 

data governance protocols risk not only regulatory penalties but also erosion of 

consumer trust and engagement. 

A total of 58 articles addressed the application of AI-personalization in emerging 

markets, collectively cited more than 4,800 times. These studies reveal a combination 

of constraints and innovative adaptations. Emerging economies often face 

infrastructural challenges such as limited internet penetration, low smartphone usage, 

and fragmented data systems. However, the same studies report the use of 

alternative data sources, such as mobile money usage, utility payments, and airtime 
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purchases, to power personalized financial solutions. Localized chatbots, hybrid AI-

human service models, and community-based financial recommendations were 

among the notable innovations documented. These findings highlight the ability of 

financial institutions in resource-constrained environments to deliver personalization 

using creative and culturally grounded strategies. 

Out of the 111 articles, 66 studies discussed conceptual and methodological 

challenges, with these contributions accumulating over 5,500 citations. These findings 

emphasize three main limitations: inconsistencies in measuring personalization 

outcomes, a lack of longitudinal studies, and minimal cross-cultural analysis. Many 

studies vary in how they define and assess personalization and customer 

engagement, using inconsistent metrics and outcome measures. Additionally, few 

longitudinal studies exist to evaluate how personalization effectiveness changes over 

time, limiting the understanding of long-term customer satisfaction and loyalty. 

Moreover, there is limited empirical focus on how personalization needs and 

behaviors vary across cultural contexts, particularly in regions outside North America, 

Europe, and East Asia. These gaps indicate a fragmented knowledge base and point 

to the need for more standardized and diversified research approaches. 

DISCUSSION 

The findings of this review reaffirm the growing centrality of artificial intelligence in 

reshaping customer experience within digital banking ecosystems. The extensive use 

of AI techniques such as machine learning, natural language processing, and deep 

learning for delivering hyper-personalized services aligns with previous studies that 

recognized AI as a catalyst for customer-centric innovation in finance (Danks, 2019; 

van Esterik-Plasmeijer & van Raaij, 2017). Earlier works by Nguyen et al. (2021) and 

Cheng and Jiang (2021) also emphasized the importance of data-driven financial 

personalization, and this review extends that premise by consolidating recent studies 

that document the integration of real-time analytics into everyday customer 

interfaces. In line with (Wang, 2020), the reviewed literature highlights that AI does not 

merely automate services but actively adapts them based on evolving user behavior, 

setting a new standard for digital engagement in banking. Moreover, customer 

behavior analytics emerged as a fundamental enabler of personalization, consistent 

with prior research that positioned behavioral modeling as essential for effective 

customer segmentation (Ameen et al., 2020). However, this review provides broader 

empirical validation, identifying a clear pattern across global studies where customer 

interactions—such as login frequency, purchase behavior, and channel 

preferences—are being used to create dynamic, behavior-based customer profiles. 

This contrasts with earlier segmentation frameworks that relied heavily on 

demographic or psychographic data (Nguyen et al., 2021). The increased emphasis 

on behavioral signals supports the work of Tulcanaza-Prieto & Morocho-Cayamcela, 

(2021), who advocated for continuous profile enrichment through real-time data 

capture and processing. The review further confirms the strong correlation between 

predictive analytics and customer engagement, supporting the earlier findings of Le, 

(2021) and van Esterik-Plasmeijer and van Raaij (2017). Predictive models are not only 

used to forecast customer churn and recommend financial products, but also to pre-

empt service needs and deliver proactive support. Compared to prior studies that 

focused on reactive personalization (e.g., recommending products after transaction 

completion), recent literature has shifted toward anticipatory service delivery, 

wherein AI-driven tools engage customers before they express a need. This aligns with 

the position of Moliner-Tena et al. (2019), who emphasized the role of anticipatory 

analytics in building emotional loyalty and deepening engagement through 
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contextual awareness. Consistent with studies by Park and Storey (2023) and Le, 

(2021), this review reveals that AI-personalized experiences directly contribute to 

improvements in satisfaction, trust, retention, and customer lifetime value. However, 

this review adds a more integrated perspective by connecting these outcomes to 

both behavioral and emotional engagement. Whereas earlier studies often 

evaluated these constructs in isolation, this synthesis reveals that satisfaction and 

loyalty are not merely functions of product-fit but also of how well the experience 

aligns with customers’ financial aspirations, digital fluency, and perceived control 

(Cheng & Jiang, 2021). Moreover, emotional loyalty is increasingly viewed as a 

determinant of digital retention, a shift from earlier transactional models of customer 

engagement in banking. Moreover, the ethical, legal, and governance challenges 

noted in the review echo concerns raised in previous literature, particularly regarding 

data privacy, algorithmic transparency, and consent management (Nguyen et al., 

2021). However, while earlier studies identified these challenges conceptually, the 

reviewed literature provides practical examples of how they hinder the adoption of 

AI personalization, especially in multi-jurisdictional and culturally sensitive 

environments. Compared to Tulcanaza-Prieto & Morocho-Cayamcela (2021), who 

discussed transparency as an ethical ideal, this review emphasizes transparency as a 

user expectation and regulatory necessity. It reinforces the work of Le (2021), 

demonstrating that banks must embed privacy-by-design principles and consent 

dashboards into their AI infrastructure to foster trust and compliance. 

A distinctive contribution of this review is its emphasis on emerging markets, which 

have received comparatively less attention in earlier AI-personalization studies. While 

Tulcanaza-Prieto and Morocho-Cayamcela (2021) and Danks (2019) briefly 

mentioned infrastructure constraints, this review brings forward innovations such as 

alternative data usage, community-based personalization, and cultural localization 

of AI chatbots. These findings offer a contrast to personalization frameworks 

developed in Western contexts that rely on mature credit systems and high digital 

penetration. As suggested by Omoge et al. (2022), personalization cannot be 

universally implemented without adaptation, and this review validates that 

proposition by documenting inclusive, grassroots-level personalization efforts in 

regions like Sub-Saharan Africa, South Asia, and Southeast Asia. The review also 

exposes critical research gaps, particularly in measurement inconsistencies, lack of 

longitudinal evaluation, and limited cross-cultural analysis. These gaps confirm earlier 

observations by Moriuchi (2020) and Cheng and Jiang (2021), who pointed out the 

fragmentation in personalization metrics. Unlike earlier studies that focused on single-

platform or cross-sectional datasets, this review highlights the need for standardized 

engagement metrics and lifecycle-based personalization assessments. Moreover, 

cultural and behavioral differences across customer segments remain underexplored, 

a concern shared by Doorn et al. (2010). The limited empirical research on non-

Western banking behavior suggests that AI personalization frameworks are being 

developed without sufficient sensitivity to localized needs and values. In addition, this 

review brings coherence to a diverse and rapidly evolving field by thematically 

organizing 111 studies into seven core domains—AI techniques, behavioral analytics, 

engagement outcomes, ethical issues, emerging market innovations, conceptual 

gaps, and governance challenges. Compared to earlier fragmented reviews, this 

study offers a comprehensive structure that synthesizes the technical, behavioral, and 

strategic dimensions of AI personalization in digital banking. It builds upon previous 

frameworks such as those proposed by Ameen et al. (2020) and Hollebeek and 

Macky, (2019), but expands them with broader empirical backing, covering multiple 
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geographies, use cases, and methodological approaches. As a result, it provides a 

clearer lens through which academics, technologists, and financial practitioners can 

understand the current landscape and identify key focus areas for robust and 

responsible AI personalization strategies. 

CONCLUSION 

The findings of this systematic literature review demonstrate that AI-powered 

personalization has become a transformative force in digital banking, reshaping 

customer engagement through behavior-based analytics, predictive modeling, and 

intelligent automation. With 111 peer-reviewed studies analyzed, the evidence shows 

that financial institutions leveraging artificial intelligence can significantly enhance 

customer satisfaction, retention, and perceived value by delivering individualized 

services aligned with users’ preferences and transactional behavior. The review also 

highlights the importance of ethical data governance, transparency, and user control 

in fostering trust, particularly as AI systems gain deeper access to personal financial 

data. Furthermore, while developed markets have advanced AI personalization 

through mature infrastructures and regulatory frameworks, emerging markets have 

contributed innovative, localized strategies that address contextual limitations using 

alternative data sources and culturally adaptive tools. Despite these advancements, 

gaps remain in the consistency of measurement frameworks, the scarcity of 

longitudinal analyses, and the limited exploration of cross-cultural behavior in 

personalization practices. This study provides a comprehensive synthesis of current 

scholarship and reinforces the strategic value of AI personalization in enhancing 

customer-centricity in digital financial services. 
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