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ABSTRACT 

AI has the potential to reshape the global economy, offering predictive functions. However, in a strictly controlled 

industry such as finance, its deployment creates deep tensions between innovation and regulatory stability. Current 

research highlights possible uses and benefits; nevertheless, industry leaders still face a lack of clarity in handling 

these opposing forces in real-world settings. This study fills this missing piece by examining public statements from 

financial world leaders, thus analyzing practical viewpoints on AI deployment. This research identifies the main 

tensions that emerge during AI deployment and provides a structure for how financial institutions can direct and 

oversee the deployment process. For practitioners, this research offers principles that guide financial leaders, 

managers, developers, and regulators to govern AI deployment. 
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1. INTRODUCTION 

Artificial Intelligence (AI) has emerged as a transformative force in the global economy, offering predictive 

functions (Alt et al., 2018). AI has developed an abstract idea of a General Problem Solver (GPS), designed to copy 

human problem-solving skills (Newell et al., 1958), into a ubiquitous digital instrument that independently reproduces 

human mental capabilities to solve complex problems (Haenlein & Kaplan, 2019; Wamba-Taguimdje et al., 2020). AI 

greatly improves data-driven decision-making and predictive accuracy by using sophisticated computational rules to 

process enormous amounts of information (Bao et al., 2019; Kozodoi et al., 2019; Zhang et al., 2019). Organizations 

across the globe are strongly funding these capabilities (Collins et al., 2021), to improve efficiency of their operational 

resources, predict market directions, and launch a new period of economic disruption and technological innovation 

(Rahman et al., 2023).  

AI deployment creates deep conflicts between innovation and regulatory stability in tightly controlled fields such 

as finance (Čihák & Tieman, 2011). The financial services industry is governed by strict mandates, one of the most 

strictly regulated sectors in the world, giving priority to transparency, security, and consumer protection (Butler & 

O’Brien, 2018). Sophisticated AI deployment (e.g., deep learning and neural networks) offers better forecasting 

ability; however, these systems naturally possess an opaque characteristic that hides their inner workings (Giudici & 

Raffinetti, 2023). This opacity generates a sharp opposition with regulatory authorities, which demand that banks 

openly clarify and defend machine-made choices to stop unfair treatment, guarantee equity, and preserve market 

stability (Weber et al., 2024).  

Recent literature stresses possible uses and benefits of AI deployment in finance (Cao, 2022; Li et al., 2023); 

nevertheless, industry leaders still face a lack of clarity in handling these opposing forces in real-world settings. 

Academic and professional research broadly records the operational gains of AI in particular areas like credit 

scoring (Aziz et al., 2022), algorithmic trading (Dou et al., 2025), and fraud detection (Luo et al., 2024). Researchers 

face a clear shortage of thorough experimental proof regarding the structural and behavioral changes required to 

effectively deploy AI (Nair et al., 2025). The perspectives of senior executives, those assigned to balance investor 

concerns, compliance requirements, and long-term goals in the public forum within their distinct corporate settings 

(Weber et al., 2024; Zhang et al., 2023), are frequently missed by detailed analysis. 

This study fills this missing piece by analyzing public statements from financial world leaders, thus studying 

practical viewpoints on AI deployment. The opinions of key decision-makers need to be studied, as these individuals 

are directly accountable for setting the strategic direction, safety procedures, and ethical guidelines of their 

organizations (Weber et al., 2024). Researchers can reveal the personal, practical difficulties that determine how AI 

technologies are truly incorporated into business operations through assessing their public statements (Cao, 2022; 

Zhang et al., 2023). Such a multiple-stakeholder method offers a complete view of how top management tries to 

Proceedings of the International Symposium on Management (Volume 23, 2026)

e-ISSN: 3047-857X

8

mailto:m.izharuddin@uq.edu.au


  

 

balance the intense drive for digital transformation with the careful requirement for oversight and stakeholder trust 

(Elbouknify et al., 2026; Rodrigues et al., 2022).  

2. METHOD 

2.1. Data Sources 

This study utilized publicly available YouTube videos (74 videos of finance and banking professionals worldwide 

discussing AI deployment in their respective sectors) as primary qualitative data. The complete dataset totaled 26 

hours, 31 minutes, and 25 seconds of English-language content. Following established qualitative approaches to 

digital video data (Izharuddin, 2025; Mohammed et al., 2023; Patterson, 2018), sampling was guided by four 

considerations: 1) content scope, 2) video length, 3) clear inclusion/exclusion criteria, and 4) pre-identified relevant 

audiovisual elements. Videos were selected only when creators explicitly self-identified as finance/banking 

professionals and directly addressed AI-related practices. Given the dynamic nature of the platform, we maintained a 

structured hyperlink database, instead of downloading videos, that would preserved creator control over their content 

while enabling systematic, reproducible access (Patterson, 2018).  

2.2. Ethical Considerations and Researcher Positionality 

Although the analyzed videos were publicly accessible, we approached them as artifacts with ethical implications. 

Aligning with Patterson (2018) framework, we recognized the contested boundaries between public and private digital 

spaces and adopted a humanizing approach that prioritized creator integrity. Content generators were recognized as 

informants, acknowledging the asymmetrical nature of the researcher–data relationship. To mitigate potential harm 

and respect evolving privacy expectations, all channel names, real names, and identifiable personal details were 

anonymized in transcripts, and coding files (Mohammed et al., 2023; Patterson, 2018). However, for data 

transparency in reporting, we disclosed the duration, date published, and URL. Throughout data collection and 

analysis, we maintained reflexive memos to document positional biases, interpretive decisions, and the ethical 

tensions inherent in mining publicly shared professional narratives. Following Patterson (2018) emphasis on reflexive 

data engagement, we iteratively watched, re-watched, transcribed, and re-read the videos, allowing both verbal and 

nonverbal cues to inform early interpretive insights. 

2.3. Data Analysis 

The data analysis employed a systematic, three-phase approach to identify, categorize, and refine tensions 

surrounding AI deployment in financial industry. Beginning with an inductive, line-by-line coding of expert 

transcripts and video interviews, analysts flagged 127 distinct tension statements (i.e., expressions of competing 

priorities or legitimate trade-offs) while preserving semantic nuance to avoid premature consolidation. These initial 

tensions were then deductively grouped through semantic clustering, definition standardization, and frequency 

aggregation, yielding a consolidated taxonomy of 30 master tension categories supported by 431 coded quotations, 

with top themes like Human vs. Machine (77 mentions), Innovation vs. Regulation (58 mentions), and Hype vs. 

Reality (32 mentions) emerging as dominant tensions. Throughout the process, iterative refinement cycles (e.g., 

revisiting ambiguous cases, ensuring cross-group consistency, and conducting frequency-weighted audits) enhanced 

conceptual coherence and analytical rigor. 

3. FINDINGS 

Through systematic standardization and cross-group mapping, fragmented tension statements were harmonized 

into a unified taxonomy tensions category. The resulting landscape reveals that AI deployment in finance is no longer 

a purely technological challenge, but a complex strategic balancing act where innovation, governance, infrastructure, 

and human capital intersect. 

3.1. Dominant Strategic Fault Lines 

3.1.1. Human vs. Machine/Oversight 

This is the most pervasive tension in the dataset, 77 mentions or 17.5%. Financial institutions recognize AI's 

analytical scale and speed yet remain deeply cautious about ceding judgment in high-stakes domains such as credit 

underwriting, risk modeling, compliance, and wealth advisory. The data consistently reflects a preference for 
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augmentation over automation, with organizations seeking hybrid architectures where AI handles computation and 

pattern recognition, while humans retain final accountability, ethical calibration, and client relationship management. 

3.1.2. Innovation vs. Regulation 

The tension between rapid AI deployment and stringent compliance obligations emerges, innovation vs. regulation 

is mentioned 58 times, or 13.1%. These tensions are perceived as a structural reality of the industry. Quotes highlight 

that regulatory frameworks are simultaneously perceived as constraints on speed and as essential market stabilizers. 

Institutions that treat compliance as an afterthought face costly rework and model rejection, while those embedding 

governance-by-design report higher long-term deployment rates and stakeholder confidence. 

 

Figure 1 Master tensions categories: Count and percentages share 

3.1.3. Hype vs. Reality 

A persistent gap exists between executive enthusiasm and operational readiness, hype vs. reality is mentioned 32 

times, or 7.3%. While pilot-stage experiments frequently demonstrate promise, many institutions struggle with 

production-scale deployment, measurable ROI, and managing internal expectations. This tension underscores a 

maturing industry transitioning from speculative exploration to pragmatic deployment, where disciplined scoping and 

phased validation are increasingly prioritized over blanket transformation narratives. 
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3.2. Dominant Strategic Fault Lines 

Beyond the top tier, taxonomy surfaces critical operational and strategic fault lines that shape deployment 

feasibility. 

3.2.1. Trust, Transparency & Fairness 

Trust dynamics, explainability vs. black-box complexity, and bias/fairness (55 combined mentions) concerns form 

a tightly interlinked governance cluster. Financial institutions recognize that model opacity directly undermines 

customer deployment, regulatory approval, and internal risk tolerance. Explainability is increasingly treated as both a 

technical add-on and a core product requirement. 

3.2.2. Infrastructure & Execution Gaps 

Legacy system modernization, data readiness, and the pilot-to-production gap (35 combined mentions) highlight a 

persistent bottleneck. AI ambitions are frequently constrained by technical debt, fragmented data architectures, and the 

absence of mature MLOps pipelines. The data suggests that institutions cannot scale AI without first modernizing 

foundational data and deployment layers. 

3.2.3. Workforce & Organizational Design 

Tensions around reskilling, role evolution, centralized control vs. decentralized empowerment, and behavioral 

deployment friction (30 combined mentions) underscore that AI transformation is fundamentally an organizational 

change challenge. Success depends on aligning incentives, redesigning workflows, and cultivating cross-functional 

literacy long before models are deployed. 

4. CONTRIBUTIONS AND IMPLICATIONS 

4.1. Theoretical  

This research makes three primary contributions to theory. First, the study bridges fragmented literatures on AI 

technical capabilities, organizational deployment, and institutional sensemaking. By analyzing executive discourse, 

we reveal how macro-level regulatory pressures and micro-level deployment challenges are cognitively reconciled by 

decision-makers. This advances AI deployment body of literature by showing that successful deployment depends less 

on algorithmic superiority and more on organizational trust, perceived usefulness, and readiness protocols (Rahman et 

al., 2023). It also responds to calls for deeper investigation into the psychological and accountability dimensions of 

AI, particularly the stress and liability frameworks that shape executive sensemaking under uncertainty (Issa et al., 

2025).  

Second, the proposed taxonomy of 30 tension categories offers a conceptual scaffold for future research. Our 

framework positions it as a multi-dimensional balancing act. This enables scholars to investigate how specific tension 

clusters interact across contexts, building on calls to formalize frameworks that balance sustainability, accuracy, 

fairness, and explainability simultaneously (Giudici et al., 2023). Future theoretical work can extend this scaffold to 

examine the "dark side" of AI, including ethical trade-offs, systemic interdependencies, and institutional resilience 

(Nguyen et al., 2023).  

Third, it extends the domain of AI deployment within highly regulated sectors using paradox theory (Smith & 

Lewis, 2011). While prior work has documented the technical benefits of AI, our findings demonstrate that tensions 

such as Human vs. Machine and Innovation vs. Regulation are structural features of financial AI governance. This 

aligns with emerging research showing that AI introduces new systemic risks, trust paradoxes, and groupthink 

dynamics that destabilize traditional risk management paradigms (Danielsson et al., 2022). Furthermore, the persistent 

trade-off between predictive performance and transparency/governance confirms that these contradictions require 

ongoing managerial equilibrium (Ali et al., 2025). 

4.1. Managerial  

For practitioners, this research shifts the focus from whether to implement AI to how to govern its deployment 

amid competing demands. The RISE principles, (Rebalancing, Integrating, Seeing the whole picture, and Evolving), 

translate into actionable guidance across stakeholder groups, addressing the persistent gap between technical potential 

and real-world deployment challenges.  
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For financial leaders, this study suggests framing AI strategy as a portfolio of balanced priorities, allocating 

resources to governance infrastructure with the same rigor as model development, aligning with comprehensive 

frameworks for trustworthy AI governance. Evaluate AI initiatives using multi-criteria dashboards that incorporate 

ethical alignment and long-term sustainability metrics. 

For managers and employees, this study offers understanding of design workflows that embed human oversight 

checkpoints and co-create AI tools with frontline staff to ensure contextual fit. This directly addresses documented 

workforce readiness barriers and the risk of skill gaps derailing deployment. Position AI as an augmentation tool that 

enhances professional judgment, recognizing that human intervention remains non-negotiable in high-stakes financial 

decision-making.  

This study advises developers and data scientists to treat regulatory compliance, ethical safeguards, and 

explainability as first-class engineering constraints. Adopt development pipelines that prioritize transparency from 

inception, as explainability is now a core requirement for model validation, risk assessment, and stakeholder trust. 

Continuously monitor for drift, bias, and model risks such as hallucinations in production environments.  

For regulators and policymakers, this study offers the perspective to move toward principles-based, adaptive 

supervision that encourages responsible innovation while safeguarding systemic stability. Develop sector-specific 

guidelines and shared standards for auditability to reduce fragmented compliance burdens and address the unique risks 

of autonomous algorithmic agents. 
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