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Abstract 

The rapid digitalisation of financial services has compelled Indian commercial banks to adopt advanced technologies 

capable of managing increasingly complex and fast-changing customer relationships. Artificial Intelligence-enabled 

Customer Relationship Management (AI-CRM) has emerged as a key strategic response, giving banks the ability to interpret 

vast streams of customer data, personalise service delivery, and build durable customer engagement. This paper presents 

an integrated conceptual and empirical review of the principal forces driving AI-CRM adoption in the Indian banking 

service sector. Building on a systematic review of the academic literature and technology-adoption theory (TOE, TAM, 

UTAUT), the study is grounded in recent empirical evidence released by the Reserve Bank of India (RBI), the Ministry of 

Finance (Press Information Bureau), and NITI Aayog. Official data show an exponential expansion of retail digital 

payments, from 7,176.90 crore transactions in FY 2021-22 to 22,167.90 crore transactions in FY 2024-25 (valued at ₹849.12 

lakh crore), creating the transactional data foundation on which AI-CRM analytics depend. A text-mining based AI-

adoption index constructed across 32 Indian commercial banks further shows that private-sector banks lead AI adoption, 

with asset size and Capital to Risk-Weighted Assets Ratio (CRAR) acting as statistically significant determinants, while 

RBI survey data indicate that 84% of commercial banks now deliver digital services through FinTech collaborations. The 

review evaluates technological, organisational, customer-facing, competitive, and regulatory drivers alongside this 

quantitative evidence, and, drawing on the RBI FREE-AI Committee's seven guiding "Sutras" for responsible AI 

governance, argues that data privacy, algorithmic transparency, and customer trust function not as constraints on AI-CRM 

but as adoption drivers in their own right. In doing so, the study reframes AI-CRM from a purely operational tool into a 

core relationship-building capability and lays a combined conceptual-empirical foundation for future primary research into 

AI-driven CRM performance in Indian and other emerging-market banking contexts. 

Keywords: Artificial Intelligence, AI-CRM, Customer Relationship Management, Digital Transformation, Digital Public 

Infrastructure, RBI Bulletin, FinTech Collaboration, Data Privacy, Indian Banking. 

1. Introduction 

Over the last decade, the Indian banking service sector has undergone a profound structural shift, propelled by rapid 

digitalisation, regulatory modernisation, and evolving customer expectations. The traditional, branch-centric banking model 

is steadily giving way to an omnichannel, technology-mediated financial ecosystem. Intensifying competition from private-

sector banks, foreign entities, and agile FinTech firms has pushed institutions to move away from product-first strategies 

and toward customer-centric relationship paradigms. Within this shift, Customer Relationship Management (CRM) has 

become the central mechanism for acquiring, retaining, and deepening customer relationships. 

The integration of Artificial Intelligence (AI) into CRM systems represents a further, generational step in relationship-

management capability. AI-enabled CRM (AI-CRM) draws on machine learning, natural language processing, predictive 

analytics, and big-data architectures to read customer behaviour, anticipate financial needs, and deliver hyper-personalised 

service in real time. Within Indian banking, this translates into intelligent conversational chatbots, automated grievance 

redressal, real-time fraud monitoring, tailored product cross-selling, sentiment analysis of customer feedback, and dynamic 

modelling of customer lifetime value (CLTV). 
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This shift is supported by a broad and increasingly data-rich ecosystem. Government programmes such as Digital India, the 

widespread uptake of digital payments, and India's Digital Public Infrastructure (DPI) — often referred to as the 'India 

Stack' and encompassing Aadhaar-based e-KYC, the Unified Payments Interface (UPI), and the Account Aggregator 

framework — have created the scale of transactional data on which AI-CRM systems depend. Official Ministry of Finance 

data indicate that UPI transactions now account for approximately 81% of total retail digital payments in India, making the 

country the world's largest real-time retail payment ecosystem. Even so, empirical assessments by the Reserve Bank of 

India show that AI adoption remains heterogeneous across bank ownership structures, asset scales, and capital tiers, and 

adoption more broadly remains held back in places by gaps in infrastructure, skills, data-privacy safeguards, and 

organisational readiness. As AI systems increasingly rely on sensitive customer financial data, questions of algorithmic 

transparency, consent, and cybersecurity have also begun to shape how quickly and how confidently banks move forward. 

Understanding the multifaceted drivers behind AI-CRM adoption therefore matters both for academic enquiry and for 

practical decision-making inside banks. 

 

Fig. 1: Bank executives' assessment of the most beneficial uses of AI in banking (UBS Evidence Lab survey). 

 

Fig. 2: Growth of India's digital economy, 2017-2025 (Source: Ministry of Electronics and Information Technology, 

India's Trillion Dollar Digital Opportunity). 
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2. Problem Statement and Study Objectives 

2.1 Aim of the Study 

This study examines CRM practices within the Indian banking service sector, with particular attention to artificial 

intelligence as a driving force behind CRM adoption and its ongoing evolution. It seeks to unpack the strategic, 

technological, competitive, customer-centric, and regulatory drivers of AI-CRM adoption in Indian banking, while 

grounding established technology-adoption frameworks (TOE, TAM, UTAUT) in empirical data released by Indian 

regulators and government bodies. 

2.2 Objectives of the Study 

• To examine the role artificial intelligence plays within CRM practices in the Indian banking service sector. 

• To identify and analyse the key motivational drivers accelerating AI-CRM adoption across technological, 

organisational, customer-centric, competitive, and institutional dimensions. 

• To review existing literature on AI-driven CRM in banking so as to surface prevailing trends and research gaps, 

and to integrate quantitative empirical findings from the Reserve Bank of India (RBI Bulletin, FREE-AI Report, 

Trend & Progress Report) and the Ministry of Finance into the conceptual adoption model. 

• To assess the strategic relevance of AI in strengthening customer engagement and service efficiency, including 

bank-specific determinants such as asset size, capital adequacy (CRAR), and ownership structure that influence the 

rate and scale of AI implementation. 

• To explore the data-privacy, cybersecurity, governance, and trust-related considerations that may shape the pace 

and direction of future, responsible AI-CRM adoption. 

3. Review of Literature 

3.1 Conceptual Background: AI as a CRM Enabler 

In relational service sectors such as banking, Customer Relationship Management centres on building long-term customer 

value through trust, satisfaction, and engagement (Payne & Frow, 2005). Traditional CRM systems operated largely as 

static repositories, relying on historical transaction logging and fixed, backward-looking rules. AI reshapes CRM 

fundamentally by allowing systems to keep learning from customer interactions — including unstructured data — and to 

convert behavioural data streams into insights that can be acted on in real time (Ngai et al., 2009; Davenport & Ronanki, 

2018). 

Within banking, AI-CRM shows up as intelligent chatbots for customer interaction, predictive models for churn, sentiment 

analysis of customer feedback, automated complaint resolution via NLP virtual assistants, and hyper-personalised product 

recommendations (Wirtz et al., 2018; Verhoef et al., 2021). These capabilities shape relationship quality directly by 

sharpening the accuracy, speed, and relevance of service. Seen this way, AI adoption in banking is less a simple technology 

upgrade and more a deliberate, strategic investment in relationship capital (Payne & Frow, 2005). 

3.2 Theoretical Foundation 

AI-CRM adoption in banking can be understood through an integrated set of technology-adoption frameworks (Dwivedi et 

al., 2021). The Technology-Organisation-Environment (TOE) framework points to technological readiness (data pipelines, 

core-banking systems), organisational context (asset scale, capital strength, top-management support), and environmental 

pressure (competitive FinTech threats, regulatory mandates) as the joint forces shaping adoption decisions. The Technology 

Acceptance Model (TAM) foregrounds perceived usefulness and ease of use, both especially relevant to how bank staff and 

customers come to accept AI-driven interfaces such as conversational chatbots and automated credit decisioning (Singh et 

al., 2020). The Unified Theory of Acceptance and Use of Technology (UTAUT) adds further explanatory power by 
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synthesising performance expectancy, effort expectancy, social influence, and facilitating conditions to explain 

organisational readiness and behavioural intention toward deploying complex AI capabilities (Venkatesh et al., 2003). 

Read together, these frameworks suggest that AI-CRM adoption in Indian banking emerges from a mix of internal readiness, 

strategic intent, customer-driven value creation, and environmental pressure (Shankar & Datta, 2018; Singh et al., 2020). 

3.3 Empirical Literature on AI and Digital Banking in India 

Recent empirical literature published by Indian regulatory authorities provides quantitative validation for these theoretical 

frameworks. A landmark study published in the RBI Bulletin by Goel et al. (2024) developed a text-mining AI-adoption 

index across 32 commercial banks in India — together accounting for close to 100% of public-sector assets and 99.3% of 

private-sector assets — covering FY 2015-16 to FY 2022-23. Using panel fixed-effects modelling, the authors established 

that firm size (log of assets) and capital adequacy (CRAR) are statistically significant determinants of AI adoption, with 

private-sector banks showing significantly higher adoption momentum than their public-sector counterparts. 

The RBI FREE-AI Committee Report (2025) further surveyed 612 financial institutions, finding that while overall AI 

deployment is currently concentrated in larger commercial banks (20.8% of surveyed entities actively deploying or 

developing AI), adoption is heavily weighted toward customer support (15.6%), credit underwriting (13.7%), sales and 

marketing (11.8%), and cybersecurity (10.6%) functions. Taken together, these empirical findings validate that AI adoption 

in Indian banking is driven by a combination of scale economies, capital buffers, and competitive positioning — 

complementing, and giving quantitative weight to, the conceptual drivers identified in the wider literature. 

4. Drivers of AI-Enabled CRM in the Indian Banking Sector 

4.1 Technological Readiness, Data Availability, and the Digital Payments Surge 

A foundational driver of AI-CRM adoption is the sheer scale of granular customer transaction data generated across digital 

banking platforms (Ngai et al., 2009; Kumar & Gupta, 2022). Progress in cloud computing, big-data architecture, and 

machine-learning algorithms allows banks to convert raw transaction logs into real-time behavioural customer profiles. AI-

CRM systems support real-time customer profiling, behavioural prediction, and service personalisation, which is why 

technological readiness stands out as a foundational driver of adoption (Ransbotham et al., 2018); banks that have already 

invested in core-banking modernisation and open API-based architectures integrate AI-CRM tools considerably faster than 

those still working with legacy systems. 

Official Ministry of Finance and RBI data highlight an unprecedented expansion in digital-payment volume, creating 

exactly the big-data foundation needed to train predictive AI-CRM models. As Table 1 shows, total retail digital payment 

transactions in India expanded from 7,176.90 crore in FY 2021-22 to 22,167.90 crore in FY 2024-25, a transaction value 

of ₹849.12 lakh crore, with UPI's share of retail digital payments rising to 81%. 

Financial 

Year 

Volume 

(Crore) 

Value (₹ Lakh 

Crore) 

YoY Volume 

Growth (%) 

YoY Value 

Growth (%) 

UPI Share 

(%) 

FY 2021-22 7,176.90 457.44 — — ~69% 

FY 2022-23 11,369.56 587.39 58.42% 28.41% 75% 

FY 2023-24 16,416.02 719.37 44.39% 22.47% 78% 

FY 2024-25 22,167.90 849.12 35.04% 18.04% 81% 

Table 1: Growth of Retail Digital Payment Transactions in India, FY 2021-22 to FY 2024-25 (Source: Ministry of 

Finance / Press Information Bureau, 2026). 
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The expansion to over 22,000 crore annual digital-payment touchpoints gives Indian banks an unprecedented volume of 

behavioural data, enabling real-time churn prediction, dynamic credit scoring, and automated conversational engagement 

across a UPI-dominated digital channel mix — reinforcing technological readiness as a primary, and increasingly 

empirically demonstrable, driver of AI-CRM adoption. 

4.2 Customer Experience and the Personalisation Imperative 

Customer expectations in Indian banking have moved decisively away from standardised, transactional service and toward 

seamless, context-aware, hyper-personalised experience (Verhoef et al., 2021). Customers now expect responsive, 24/7 

interaction across mobile and web touchpoints. AI-CRM meets this demand by analysing individual spending patterns, 

anticipating customer needs, suggesting tailored financial products, and automating routine service queries through NLP-

based chatbots, while maintaining consistent service across channels (Davenport & Ronanki, 2018; Wirtz et al., 2018). By 

lifting perceived service quality and the relevance of each interaction, AI-CRM feeds directly into customer satisfaction, 

loyalty, and trust (Payne & Frow, 2005; Wirtz et al., 2018). 

4.3 Strategic and Organisational Drivers 

Organisationally, AI-CRM adoption is driven by banks' strategic ambition to deepen long-term customer relationships, 

maximise Customer Lifetime Value (CLTV), and lower operational cost-to-income ratios (Payne & Frow, 2005). Backing 

from senior management, digital-transformation mandates, and closer alignment between IT and CRM objectives all weigh 

heavily on adoption decisions (Verhoef et al., 2021). AI-CRM also lifts internal efficiency by automating processes such 

as customer onboarding, e-KYC verification, grievance logging, and follow-up management (Ransbotham et al., 2018); 

these efficiency gains, in turn, reinforce organisational appetite for further investment in AI-enabled relationship systems 

(Kumar & Gupta, 2022). 

4.4 Competitive Pressure, FinTech Synergy, and Industry Adoption Dynamics 

Competition within Indian banking has sharpened as FinTech firms use AI to deliver noticeably better customer 

experiences, resetting the benchmark for speed, convenience, and personalisation across the sector (Singh et al., 2020; 

Dwivedi et al., 2021). Rather than engaging purely in zero-sum competition, however, Indian commercial banks have 

increasingly pursued strategic FinTech collaborations to strengthen their own CRM service delivery. According to the RBI 

Report on Trend and Progress of Banking in India (2024), 84% of commercial banks now deliver digital banking services 

in active collaboration with FinTech firms, compared with only 35% among NBFCs. 

Empirical data from the RBI Bulletin study (Goel et al., 2024) also reveal structural differences between public- and private-

sector banks that help explain differing speeds of AI adoption, summarised in Table 2. 

Bank 

Ownership 

Category 

Total Assets 

(₹ Lakh Cr) 
CRAR (%) 

Return on 

Assets (%) 

Cost-to-

Income (%) 

Gross NPA 

(%) 

Retail Loan 

Share (%) 

Public 

Sector 

Banks 

(FY22) 

119.87 14.62% 0.55% 53.09% 7.57% 27.80% 

Public 

Sector 

Banks 

(FY23) 

130.39 15.53% 0.75% 51.77% 5.22% 29.20% 

https://ijsrem.com/


          
      International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 09 | Sep - 2026                               SJIF Rating: 8.659                                         ISSN: 2582-3930                                                                                                                                               
 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM67247                                           |        Page 6 
 

Private 

Sector 

Banks 

(FY22) 

72.40 18.78% 1.44% 44.83% 3.73% 30.50% 

Private 

Sector 

Banks 

(FY23) 

83.01 18.61% 1.60% 48.38% 2.17% 35.20% 

Table 2: Financial Health and Banking Characteristics of Public vs. Private Banks in India (Source: RBI Database on 

Indian Economy / RBI Bulletin, Goel et al., 2024). 

Private-sector banks' comparatively stronger capital buffers and lower NPA ratios help explain why they have moved faster 

on AI-CRM adoption, even as public-sector banks command a substantially larger asset base. Competitive pressure, in other 

words, functions as an external driver that is accelerating AI-CRM adoption unevenly, but sector-wide. 

 

4.5 Regulatory, Institutional and Ethical Governance Drivers 

Regulatory attention to customer protection, grievance redressal, and service quality has, both directly and indirectly, 

encouraged AI-CRM adoption. Regulators actively promote the use of technology to raise transparency, responsiveness, 

and inclusivity in banking services, and AI-CRM systems support compliance by enabling precise customer tracking, timely 

complaint resolution, and ongoing service monitoring (Dwivedi et al., 2021; Verhoef et al., 2021). Government initiatives 

centred on digital banking and financial inclusion add further strength to this institutional environment (Reserve Bank of 

India, 2024). 

In August 2025, the RBI FinTech Department published the landmark FREE-AI Committee Report (Framework for 

Responsible and Ethical Enablement of Artificial Intelligence), setting out seven guiding 'Sutras' for AI deployment in 

financial services, summarised in Table 3. 

Sutra No. Core Principle 
Governance Imperative for AI-

CRM Adoption 

1 Trust as the Foundation 

Trust is non-negotiable; AI 

systems must enhance public 

confidence. 

2 People First 

AI must augment human 

decision-making and defer to 

human judgment. 

3 Innovation over Restraint 

Responsible AI innovation 

aligned with societal value 

should be prioritised. 

4 Fairness and Equity 

AI-CRM outcomes must be 

unbiased and non-discriminatory 

across demographics. 
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5 Accountability 

Accountability rests with 

deploying entities, not the 

underlying algorithms. 

6 Understandable by Design 

Explainability and algorithmic 

transparency must be engineered 

by design. 

7 Safety and Sustainability 

AI systems must be resilient to 

cyber threats and energy-

efficient. 

 

Table 3: The Seven Sutras for Ethical AI Adoption in Financial Services (Source: RBI FREE-AI Committee Report, 

2025). 

RBI survey data from the same report provide an empirical baseline of where production AI applications are currently 

deployed across Indian financial institutions, shown in Table 4. 

Functional Deployment Area 
Share of Total AI Applications 

(%) 

Primary AI-CRM 

Functionality 

Customer Support & 

Engagement 
15.60% 

Conversational chatbots, 24/7 

query handling, voice virtual 

assistants 

Credit Underwriting & Scoring 13.70% 

ML alternative credit scoring, 

automated loan document OCR 

extraction 

Sales & Marketing Analytics 11.80% 

Predictive cross-sell/up-sell, 

CLTV modelling, churn 

prediction 

Cybersecurity & Fraud Detection 10.60% 

Real-time anomaly detection, 

threat intelligence, transaction 

screening 

Other Operations & 

Administration 
48.30% 

Robotic process automation 

(RPA), document 

summarisation, coding 

Table 4: Deployment Distribution of Production AI Applications in Indian Financial Institutions (Source: RBI 

Department of Supervision & FinTech Department Surveys, 2025). 

4.6 Data-Driven Relationship Decision-Making and Empirical Determinants 

AI-CRM supports evidence-based decision-making by generating predictive insight into customer behaviour, churn risk, 

and cross-selling opportunity, moving CRM out of a purely operational role and into a strategic decision-support function 

(Ngai et al., 2009; Payne & Frow, 2005; Davenport & Ronanki, 2018). To identify which bank-level financial characteristics 

drive this shift empirically, Goel et al. (2024) estimated a panel fixed-effects regression model across 32 commercial banks 
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over an eight-year panel (256 observations), with a text-mined AI-adoption score (AISCORE) as the dependent variable. 

Table 5 summarises the results across six model specifications. 

Independent 

Variable 
Model 1 

Model 2 

(GNPA) 

Model 2a 

(NNPA) 

Model 3 

(RoA) 

Model 4 

(Eff. Ratio) 

Model 5 

(Full) 

Log Assets 

[Ln(Assets)] 
49.34*** 48.62*** 49.09*** 48.40*** 48.72*** 50.13*** 

Capital Ratio 

(CRAR) 
1.68*** 1.78*** 1.90*** 1.88*** 1.98*** 1.98*** 

Gross NPA 

Ratio 
— 0.31 — 0.19 0.25 0.26 

Return on 

Assets (RoA) 
— — — -0.79 -0.04 0.01 

Efficiency 

(Cost-to-

Income) 

— — — — 0.17 0.20 

Private Bank 

Dummy 
20.51* 17.05 21.56* 17.23 17.06 18.14 

Model R² 0.76 0.76 0.76 0.76 0.76 0.76 

F-Statistic 19.49*** 18.98*** 19.03*** 18.41*** 18.05*** 17.54*** 

 

Table 5: Panel Fixed-Effects Regression Results on Determinants of AI Adoption in Indian Banks. *** p<0.01, * p<0.10 

(Source: RBI Bulletin Empirical Study, Goel et al., 2024). 

The panel regression confirms that asset size (p<0.01) and CRAR capital adequacy (p<0.01) are the two statistically 

significant determinants of AI adoption across all six specifications. This strongly supports a resource-based reading of 

TOE theory: well-capitalised, large-asset banks possess the scale and financial buffers required to absorb the high fixed 

costs of AI-CRM deployment, while the (weaker, less consistently significant) private-bank effect suggests that ownership 

structure and strategic agility add a further, secondary layer of explanatory power. 

4.7 Data Privacy, Cybersecurity, and Trust as an Emerging Driver 

A driver that has only recently begun to receive sustained attention in the literature is the role of data privacy, cybersecurity, 

and customer trust in shaping AI-CRM adoption. Because AI-CRM systems depend on continuous access to sensitive 

financial and behavioural data, banks face growing pressure — reinforced in India by the Digital Personal Data Protection 

(DPDP) Act, 2023 — to demonstrate privacy-by-design, algorithmic explainability, and robust cyber-defence alongside the 

personalisation benefits they promise (Dwivedi et al., 2021). Customers who do not trust how their data is collected, stored, 

and used are unlikely to fully engage with AI-mediated services, however sophisticated those services may be. 

The institutionalisation of the RBI FREE-AI framework marks a shift in how this dimension is treated: rather than a 

compliance bottleneck, data privacy, transparency, and trust are increasingly positioned as active adoption drivers. Forward-

looking banks that treat privacy-by-design and security assurance as strategic differentiators — not merely constraints — 

are better placed to ensure that personalisation initiatives translate into genuine relationship value rather than eroding the 

trust that CRM is meant to build. 
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5. Research Gap 

Much of the existing research has confined its treatment of artificial intelligence in banking to technological and operational 

impact, leaving its role in driving CRM innovation comparatively under-examined. AI is increasingly framed as a 

relationship-enabling mechanism within Indian banking, yet solid empirical evidence directly linking AI-driven CRM 

adoption to customer loyalty and relationship strength remains largely missing. While recent regulatory datasets (RBI 

Bulletin, FREE-AI Committee Report) now allow bank-level determinants of AI adoption to be tested empirically, three 

specific gaps stand out: 

• Linkage to Customer Loyalty: direct quantitative studies connecting bank-level AI-CRM adoption indices to 

longitudinal customer retention, satisfaction, and Net Promoter Score (NPS) outcomes remain scarce. 

• Governance Operationalisation: granular empirical research on how public, private, and small finance banks 

operationalise responsible AI governance (e.g., the FREE-AI Sutras) in practice is still needed. 

• Trust Moderation in Regional Segments: limited empirical work exists on how customer trust and perceived privacy 

risk moderate the effectiveness of generative-AI chatbots and automated lending applications across rural versus 

urban demographics. 

Together, these gaps point to a clear need for primary, empirical investigation — building on, rather than repeating, the 

conceptual and secondary-data synthesis offered here. 

6. Research Methodology 

This study adopts an integrated descriptive, conceptual, and empirical synthesis methodology, chosen because the aim is to 

document and analyse existing trends, practices, and regulatory evidence on AI-enabled CRM rather than to manipulate 

variables or test new causal relationships directly. The conceptual foundation rests on a systematic review of secondary 

academic literature: fifty research papers were examined in total, of which thirty were selected as directly relevant based 

on how closely they aligned with the study's objectives and thematic focus on CRM and AI-adoption frameworks. 

To ground these conceptual models in official quantitative evidence, secondary empirical datasets released by Indian 

government and regulatory bodies were integrated, comprising: (1) the RBI Bulletin panel dataset covering 32 commercial 

banks (Goel et al., 2024); (2) the RBI FREE-AI Committee survey dataset covering 612 financial institutions (2025); (3) 

Ministry of Finance / Press Information Bureau digital-payments releases (2026); and (4) the RBI Report on Trend and 

Progress of Banking in India on bank-FinTech partnerships (2024). 

7. Discussion and Results 

The literature and empirical evidence reviewed together suggest that customer relationship management in Indian banking 

has moved from a transactional, software-driven function toward a strategic, AI-enabled capability. Artificial intelligence 

stands out as the key motivational driver of this shift, enabling data-driven personalisation, automation, and stronger 

customer engagement, while regulatory and government datasets now allow several of the conceptual drivers identified in 

the literature to be validated quantitatively: 

• Organisational Scale and Readiness: the statistical significance of asset size (p<0.01) and capital buffers (CRAR, 

p<0.01) in the RBI panel regressions confirms that organisational scale is essential for absorbing the fixed costs of 

AI deployment, providing empirical grounding for TOE theory and a resource-based view of adoption. 

• FinTech Ecosystem Synergy: an 84% bank-FinTech collaboration rate underscores that competitive pressure is 

pushing traditional banks toward partnership-based, rather than purely in-house, CRM innovation. 

• Transaction Data Velocity: the expansion to over 22,000 crore retail digital transactions annually supplies the data 

volume required for predictive customer profiling, confirming technological readiness as a primary, and now 

measurable, driver. 

https://ijsrem.com/


          
      International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 09 | Sep - 2026                               SJIF Rating: 8.659                                         ISSN: 2582-3930                                                                                                                                               
 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM67247                                           |        Page 10 
 

• Institutional Governance and Trust: the institutionalisation of the RBI FREE-AI framework shifts data privacy from 

a passive constraint into an active driver of customer trust and, by extension, of sustainable AI-CRM adoption. 

Within Indian banking specifically, AI adoption in CRM is therefore best understood as jointly motivated by competitive 

pressure, digital-transformation initiatives, and rising customer expectations, and as materially conditioned by bank-level 

scale and capital strength. How well AI-enabled CRM systems ultimately succeed will continue to depend on customer 

acceptance, trust, and perceived usefulness; the growing use of AI-mediated service encounters — chatbots and virtual 

assistants foremost among them — widens service accessibility but also raises governance questions that banks cannot 

ignore. Empirical evidence directly linking AI-driven CRM to customer loyalty or relationship strength nonetheless remains 

limited, underscoring a clear research gap for future studies to address through primary data collection. 

8. Limitations and Future Research Directions 

As a conceptual and secondary-empirical review, this study relies on published literature and aggregated bank-level datasets 

rather than primary survey data from retail banking customers or bank employees; its conclusions should be read as a 

foundation for, rather than a substitute for, further empirical validation. The literature base, while purposefully selected, is 

not exhaustive, and the relative weight of each driver may vary across bank types (public, private, foreign, and small finance 

banks) and customer segments in ways the secondary datasets used here cannot fully capture. Future research could usefully 

adopt survey-based or structural equation modelling (SEM) designs to test the direct impact of AI-CRM feature adoption 

on customer lifetime value, trust, and brand loyalty across bank ownership categories and across rural versus urban customer 

segments. 

9. Implications for Research, Practice, and Policy 

• Managerial Implications: bank leadership can draw on this study to identify the drivers that most effectively support 

AI-CRM strategy, and should align AI investment with customer-centric goals — including board-approved AI 

policies and structured FinTech collaborations — rather than pursuing technology adoption for its own sake, in order 

to lift both relationship quality and long-term profitability. 

• Policy Implications: regulators and policymakers can use these findings to implement and extend the FREE-AI 

Committee's recommendations — for example, shared compute 'landing zones' for smaller banks and enforceable AI-

disclosure standards — to encourage AI-CRM innovation while safeguarding data security, transparency, and the 

ethical use of AI in customer management. 

• Academic Implications: this study offers an empirically grounded conceptual foundation, combining 

TOE/TAM/UTAUT models with official central-bank and government data, on which future empirical research into 

AI-CRM adoption, customer satisfaction, and relationship performance — in Indian banking and other emerging-

market contexts — can build. 

10. Conclusion 

AI-enabled Customer Relationship Management marks a significant evolution within the Indian banking service sector, 

driven by the need to fuse advanced digital technology with relationship-centred banking strategy. As competition sharpens 

and customer expectations climb, AI-CRM has moved from being a mere operational tool to functioning as a genuine 

strategic capability — a shift now visible not only in the conceptual literature but in official regulatory data. 

This study identifies technological readiness, underpinned by India's Digital Public Infrastructure and an exponential surge 

in digital-payment touchpoints, as a foundational driver that lets banks deploy AI on the strength of robust IT infrastructure 

and integrated digital platforms. Rising demand for personalisation further pushes adoption forward, as AI-CRM allows 

banks to offer tailored products, proactive service, and a seamless omnichannel experience that strengthens engagement 

and loyalty. Banks' strategic orientation toward digital transformation reinforces AI-CRM implementation, positioning AI 
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as a long-term investment aligned with customer-centric, innovation-driven objectives, while competitive pressure from 

private banks, FinTech firms, and digital financial-service providers pushes traditional institutions toward AI-CRM for 

service differentiation — increasingly through partnership rather than pure competition, as the 84% bank-FinTech 

collaboration rate illustrates. 

Empirical evidence from the Reserve Bank of India confirms that private banks, larger-asset institutions, and well-

capitalised banks are leading this transformation, supported by extensive FinTech partnerships, while regulatory influence 

— most recently through the RBI FREE-AI Committee's seven Sutras — increasingly steers responsible AI use in data 

protection, risk management, and customer trust. Data-driven decision-making functions as a core driver in its own right, 

letting banks convert large volumes of customer data into actionable insight for better relationship management and strategic 

planning; increasingly, however, how well banks manage privacy, security, and trust will determine whether these gains 

are sustained. By framing AI as a relationship-enhancing capability rather than a purely operational one, and by grounding 

that framing in official empirical data, this study adds to the literature on digital transformation in banking and offers a 

combined conceptual-empirical foundation for future research into AI-enabled CRM adoption and its outcomes within the 

Indian banking context and comparable emerging markets. 
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