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ABSTRACT: This study examines how banking 
and financial institutions adapt organisationally to 
artificial intelligence (AI), and develops a 
framework linking that adaptation to risk 
efficiencies and decision-making quality. Grounded 
in organisational adaptation theory, the dynamic 
capabilities framework, and theories of risk 
management and organisational decision-making, 
AI adaptation is conceptualised as a multi-
dimensional process spanning workforce 
transformation, strategic alignment and leadership, 
data and technology infrastructure, and governance 
and accountability. Adopting a pragmatist research 
philosophy, the study employs a qualitative, 
multiple case study design across four banking 
institutions at different stages of AI maturity, 
drawing on semi-structured interviews, 
organisational documents, and field observations, 
analysed using the Gioia methodology and cross-
case analysis. The findings show that organisational 
adaptation to AI is an uneven, path-dependent 
process shaped by leadership commitment, data 
infrastructure readiness, and governance maturity, 
and that AI adoption improves risk efficiency and 
decision quality only when accompanied by 
deliberate organisational and governance change. 
These findings are synthesised into the 
Organisational Adaptation-AI Integration 
Framework, comprising an adaptation pathway, 
enabling dimensions, and outcome dimensions, with 
sub-frameworks for risk efficiency and decision-
making. The study contributes to organisational 
adaptation and dynamic capabilities theory in the 
context of AI-driven transformation and offers 
practical recommendations for banking leaders, risk 
managers, and policymakers.

KEYWORDS: Artificial Intelligence, Banking, 
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I.  INTRODUCTION

The financial services industry stands at a 
pivotal moment in its evolutionary trajectory. 
Artificial intelligence (AI) has moved from the 

periphery of banking operations to the centre of 
strategic decision-making, reshaping how financial 
institutions operate, compete, and create value. The 
banking sector, historically characterised by 
cautious incrementalism, now finds itself at the 
forefront of one of the most significant 
technological transformations since the advent of 
digital computing. The journey has moved from 
rule-based systems in the 1990s, through the 
machine-learning models of the 2010s, to the 
generative and agentic AI of the 2020s, with each 
wave expanding what financial institutions can 
achieve.

The scale of this transformation is substantial 
and accelerating. According to nCino's 2026 AI in 
Banking Benchmark, 84 percent of banks now use 
AI at the enterprise level, with generative AI at 91 
percent adoption, predictive AI at 87 percent, and 
agentic AI at 81 percent [1]. Yet adoption has 
significantly outpaced governance. Research 
indicates that just 11 percent of banks have the 
governance frameworks necessary to scale AI 
safely, and 84 percent report that inadequate 
governance holds them back [2]. The Asian Institute 
of Chartered Bankers' 2026 report on Malaysian 
banking illustrates the gap starkly: while 92 percent 
of banks and development financial institutions have 
begun using AI, only 25 percent trust AI-generated 
outputs enough to act on them in key business 
decisions, only 33 percent have structured AI 
governance and model-risk-management 
frameworks, and only 26 percent have a defined 
strategy linking AI to business goals [2].

This governance gap is not merely a compliance 
issue; it reflects a deeper organisational challenge. 
Legacy hierarchies, siloed governance structures, 
and rigid processes designed for a slower, more 
predictable era of banking are ill-suited to AI-driven 
transformation. As one industry leader observed, 
AI-native banking requires changes to 
organisational design, decision rights, product 
architecture, and operating models, not simply a 
migration from conventional IT to AI infrastructure. 
New failure modes such as Agentic Workflow Drift, 
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where autonomous systems execute tasks according 
to definitions no one explicitly authorised, are not 
addressed by traditional model-risk frameworks 
built for deterministic, narrowly scoped models.

This study addresses this gap by developing a 
comprehensive framework for organisational 
adaptation to AI in banking, focused on the 
intersection of risk efficiencies and decision-
making. The primary research question is: how can 
banking organisations adapt their structures, 
processes, and capabilities to effectively integrate 
AI for enhanced risk efficiencies and decision-
making? Four supporting objectives guide the 
enquiry: (i) to develop a comprehensive framework 
for organisational adaptation to AI in banking; (ii) to 
identify the pathways through which AI enhances 
risk efficiencies; (iii) to examine the transformation 
of decision-making processes in AI-enabled 
banking; and (iv) to propose actionable 
recommendations for banking leaders and 
policymakers.

II.  LITERATURE REVIEW AND THEORETICAL 
FRAMEWORK

The literature on AI in banking documents a 
rapid technological progression from automation of 
routine tasks toward intelligent decision support 
and, increasingly, autonomous decision-making. 
Organisational adaptation theory provides the first 
theoretical anchor for this study, conceptualising 
organisations as open systems that must 
continuously realign structures, processes, and 
capabilities with a changing environment to survive 
and perform. The dynamic capabilities framework 
extends this view, arguing that competitive 
advantage in fast-moving environments depends on 
an organisation's capacity to sense opportunities and 
threats, seize them through timely investment, and 
transform internal structures accordingly [5].

Risk management theory in banking has 
traditionally emphasised model validation, capital 
adequacy, and periodic revalidation of relatively 
static, well-documented models [12]. This body of 
work is increasingly strained by generative and 
agentic AI systems, which behave probabilistically, 
operate across a far broader range of tasks, and are 
frequently difficult to fully interpret even by their 
developers. Theories of organisational decision-
making, meanwhile, describe a shift from intuition-
based, hierarchical decision processes toward 
evidence-based and, ultimately, collaborative 
human-AI decision architectures. Taken together, 
the literature reveals a significant gap: while there is 

substantial research on AI's technical capabilities 
and function-specific applications, there is limited 
integration of organisational adaptation, risk 
management, and decision-making perspectives into 
a single explanatory framework. This study 
responds to that gap by developing an integrative, 
empirically grounded framework.

III.  RESEARCH METHODOLOGY

This study adopts a pragmatist research 
philosophy, which integrates elements of positivist 
and interpretivist paradigms and evaluates 
knowledge by its practical usefulness rather than by 
correspondence to a single objective reality or 
coherence within one interpretive community. 
Pragmatism was judged the more appropriate choice 
than a purely positivist stance, which would have 
been poorly matched to a field still concerned with 
understanding how adaptation unfolds rather than 
testing precisely specified causal hypotheses, and a 
purely interpretivist stance, which would have 
limited the study's aim of producing a transferable 
framework.

A qualitative, multiple case study design was 
employed, following the replication logic described 
by Yin [6], across four banking institutions selected 
for diversity in AI maturity, institutional type, and 
geographic and regulatory context: an AI-native 
digital bank (Case A), an incumbent bank in active 
AI transformation (Case B), a traditional bank with 
more cautious adoption (Case C), and a regional 
banking leader with enterprise-wide deployment 
(Case D). Table 1 summarises the overall research 
design.

Table 1: Research Design Summary

Element Choice Justification

Philosophy Pragmatism

Practical focus, 
methodological 
pluralism, contextual 
sensitivity

Approach Qualitative
Rich, contextualised 
understanding; 
theory development

Strategy Multiple case 
study

Context-dependent 
phenomenon; 
analytical 
generalisation

Data 
collection

Interviews, 
documents, 
observations

Triangulation

Analysis Gioia Rigorous, systematic 
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methodology theory development

Data were collected through semi-structured 
interviews with leaders and practitioners at each 
institution, organisational documents, and field 
observations, enabling methodological triangulation. 
Data analysis followed the Gioia methodology [7], 
involving open coding of first-order concepts, 
abstraction into second-order themes, and 
aggregation into overarching theoretical dimensions, 
complemented by systematic cross-case analysis to 
identify convergent and divergent patterns. 
Trustworthiness was addressed through the criteria 
of credibility, transferability, dependability, and 
confirmability [9], including member checking, 
thick description, and an audit trail of coding 
decisions. Ethical considerations included informed 
consent, confidentiality of participating institutions, 
and data protection; a full protocol and consent 
instruments are held on file. Limitations of the 
design, including its qualitative, non-random sample 
and cross-sectional time horizon, are discussed in 
Section VIII.

IV.  FINDINGS: CASE OVERVIEW

The four cases form a rough continuum of AI 
maturity. Case A and Case D anchor the mature end 
of the continuum but arrive there by different routes: 
Case A achieves depth of integration through the 
absence of legacy constraint, having been designed 
around AI from inception, while Case D achieves 
comparable depth despite substantial legacy 
infrastructure, through sustained multi-year 
investment and an explicit strategic decision to treat 
AI as core infrastructure. Case B occupies the 
middle of the continuum, actively transforming but 
still constrained by legacy integration challenges 
that Case A never faced, while Case C anchors the 
early end, with adoption concentrated in lower-risk, 
customer-facing applications. Table 2 summarises 
the four cases and illustrative outcomes.

Table 2: Case Institutions Overview

Case Profile Illustrative Outcome

A AI-native digital 
bank

1.4m+ customers; case 
processing time cut from 
15-20 min to 1-3 min at up 
to 95% accuracy

B Incumbent bank, 
AI-transforming

50+ AI solutions 
deployed; ~£50m value in 
2025, >£100m expected in 
2026

C Traditional 

bank, early 
adopter

AI confined to pilots; 

governance and data 
capabilities still maturing

D Regional leader, 
enterprise-wide

2,000+ models, 430+ use 
cases; S$1bn economic 
value from AI in 2025

V.  FINDINGS: ADAPTATION, RISK EFFICIENCY AND 
DECISION-MAKING

A. Organisational Adaptation to AI
Across all four cases, a consistent finding was 

the evolution of workforce roles and the emergence 
of new skill requirements, alongside visible 
leadership commitment operating through two 
distinct mechanisms: a symbolic mechanism, in 
which leadership statements signal that AI 
initiatives will be sustained, and a structural 
mechanism, in which commitment is translated into 
formal resource allocation, governance authority, 
and protected budget. The latter was the factor most 
consistently associated with AI initiatives 
progressing from pilot to enterprise scale. Data and 
technology infrastructure emerged as a further 
differentiator: Case A's AI-native architecture 
illustrates the advantages of building without legacy 
constraint, while Case B's experience illustrates the 
integration challenges facing incumbent institutions. 
Governance and accountability structures remained 
the least mature dimension across cases, consistent 
with the finding that only 33 percent of Malaysian 
banks have established structured AI governance 
and model-risk-management frameworks [2].

B. AI and Risk Efficiencies
AI enabled earlier detection, more accurate 

assessment, and more effective mitigation of risk 
across the case institutions. Case A's dual 
generative-AI framework reduced case processing 
time from 15-20 minutes to 1-3 minutes while 
maintaining up to 95 percent accuracy. Comparable 
agentic AI tools observed in the wider sample 
compressed multi-day source-of-wealth review 
processes into approximately one hour. These gains, 
however, were accompanied by new categories of 
model risk: Agentic Workflow Drift and Runtime 
Semantic Divergence, in which the operational 
interpretation under which an autonomous system 
acts diverges from its authorised definition, do not 
map cleanly onto traditional risk taxonomies built 
around overfitting, data drift, and specification error, 
and case institutions consistently struggled to fit 
these new failure modes into existing risk-reporting 
categories.

C. AI and Decision-Making
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AI transformed decision-making from a largely 
intuition-based process toward an evidence-based 
one. Onboarding turnaround times fell by up to 50 
percent at institutions in the sample, and wealth-
account opening times were compressed from over 
30 business days to 15. Three models of human-AI 
collaboration were observed across the cases: AI as 
co-pilot, AI as agent, and AI as orchestrator, with 
several institutions anticipating an evolution from 
co-pilot toward more autonomous configurations as 
governance maturity increases. Across all cases, 
accountability and transparency emerged as 
paramount concerns, with institutions converging on 
three operating conditions for AI in regulated 
decision-making: decisions must be explainable, the 
process from data to outcome must be auditable, and 
the path from input to result must be traceable.

VI.  THE ORGANISATIONAL ADAPTATION-AI 
INTEGRATION FRAMEWORK

The empirical findings were synthesised into the 
Organisational Adaptation-AI Integration 
Framework, comprising three components. 
Antecedents - AI readiness, strategic alignment, and 
leadership commitment - create the conditions for 
successful integration. Processes - sensing AI 
opportunities, seizing AI capabilities through 
investment and deployment, and transforming 
organisational structures - enable adaptation to 
occur. Outcomes - risk efficiencies, decision quality, 
and organisational performance - reflect the benefits 
of successful integration and, importantly, feed back 
into the antecedents: realised efficiencies and 
decision-quality improvements were observed, 
across all four cases, to strengthen subsequent 
leadership commitment, creating a reinforcing cycle 
rather than a single linear progression.

The framework identifies a three-phase 
adaptation pathway - AI readiness and foundation 
building; AI integration and capability development; 
and AI transformation and strategic renewal - 
corresponding empirically to Case C, Case B, and 
Cases A/D respectively. Five enabling dimensions 
support progression along this pathway: strategic 
leadership and vision, workforce and talent 
transformation, data and technology infrastructure, 
governance and accountability, and culture and 
change management. Three outcome dimensions 
capture the benefits of successful adaptation: risk 
efficiencies, decision quality, and organisational 
performance.

The framework's explanatory power is expected 
to be strongest for retail and commercial banks of a 

scale comparable to the case institutions, operating 
in jurisdictions with an active AI-specific regulatory 
regime; its applicability to smaller community banks 
or to jurisdictions with minimal AI-specific 
guidance is more speculative. From this boundary-
condition analysis, four propositions are advanced 
for future testing: (P1) the rate of progression 
through the adaptation phases is positively 
associated with parallel, rather than sequential, 
advancement across the enabling dimensions; (P2) 
native-design and incumbent-transformation 
institutions achieve comparable outcome 
performance via different enabling-dimension 
investment profiles; (P3) a formally documented 
decision architecture moderates the relationship 
between AI deployment scale and accountability 
disputes; and (P4) institutional trust in AI outputs is 
more strongly predicted by governance maturity 
than by technical accuracy alone.

VII.  DISCUSSION

Theoretically, the study extends organisational 
adaptation theory and the dynamic capabilities 
framework into the specific context of AI-driven 
transformation in banking, showing how sensing, 
seizing, and transforming operate as parallel, 
mutually reinforcing rather than strictly sequential 
processes, and demonstrating that outcomes feed 
back into antecedents to sustain further adaptation. 
Practically, the findings indicate that the primary 
determinant of successful AI transformation in 
banking is not the sophistication of the AI 
technology deployed but the extent to which the 
deploying organisation redesigns its structures, 
governance, and decision processes to match the 
demands of that technology. Institutions that treated 
AI as an addition to existing organisational 
arrangements consistently reported governance 
friction, trust deficits, and fragmented initiatives, 
while institutions that undertook more fundamental 
organisational redesign reported correspondingly 
stronger risk-efficiency and decision-quality 
outcomes. This pattern, replicated with variation 
across four institutions of differing scale, 
geography, and starting maturity, is the empirical 
foundation on which the framework and the 
recommendations below are built.

VIII.  CONCLUSIONS AND RECOMMENDATIONS

A. Conclusions
● AI requires fundamental organisational redesign, 

not incremental change; successful 
transformation involves changes to 
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organisational design, decision rights, product 
architecture, and operating models.

● Workforce transformation is as important as 
technological transformation; persistent 
shortages of specialised AI skills constrain the 
pace of adaptation.

● Leadership commitment and strategic alignment 
are critical success factors, operating through 
both symbolic and structural mechanisms.

● AI significantly enhances risk identification, 
assessment, and mitigation, but efficiency gains 
must be balanced with risk governance, and 
model risk management requires new capabilities 
and, in places, new risk taxonomies for agentic 
AI.

● AI transforms decision-making from intuition-
based to evidence-based, with human-AI 
collaboration models evolving from co-pilot 
toward greater autonomy, provided 
accountability and transparency are maintained.

● The Organisational Adaptation-AI Integration 
Framework provides a comprehensive, 
empirically grounded, and practically applicable 
approach to AI transformation, adaptable across 
institutional contexts.

B. Recommendations
● Banking institutions should develop a 

comprehensive AI strategy embedded in business 
strategy, spanning generative, predictive, and 
agentic capabilities, and invest in data quality, 
governance, and scalable technology 
infrastructure.

● Banking leaders should champion AI 
transformation with visible, sustained, and 
structurally resourced commitment, and invest in 
workforce development and organisation-wide 
AI literacy.

● Risk managers should establish formal AI 
governance structures with clear decision rights 
and accountability frameworks, and develop risk-
tiering approaches that extend beyond traditional 
model-risk categories to address agentic failure 
modes.

● Policymakers and regulators should continue to 
advance AI-specific supervisory guidance that 
raises expectations for explainability, 
auditability, and traceability while remaining 
proportionate to institutional scale and risk.

IX.  LIMITATIONS AND FUTURE RESEARCH

As a qualitative, multiple case study of four 
institutions, this research supports analytical rather 
than statistical generalisation, and its cross-sectional 
design captures AI transformation at a single point 
in a fast-moving field. Future research could test the 
propositions advanced in Section VI through 
quantitative, large-sample methods; extend the 
framework to smaller community banks and 
jurisdictions with less developed AI-specific 
regulation; and track the longitudinal evolution of 
the reinforcing cycle between outcomes and 
antecedents identified in this study.

X.  CONCLUSION

This study set out to examine how banking 
organisations adapt to AI and to develop a 
framework linking that adaptation to risk 
efficiencies and decision-making. Drawing on a 
multiple case study of four institutions at different 
stages of AI maturity, the study finds that 
organisational adaptation to AI is an uneven, path-
dependent process shaped by leadership 
commitment, data infrastructure readiness, and 
governance maturity, and that AI adoption improves 
risk efficiency and decision quality only when 
accompanied by deliberate organisational and 
governance change. The resulting Organisational 
Adaptation-AI Integration Framework offers both a 
theoretical contribution to organisational adaptation 
and dynamic capabilities scholarship and a practical 
roadmap for banking leaders, risk managers, and 
policymakers navigating the transition from AI 
experimentation to responsible, enterprise-wide 
deployment.
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