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INTRODUCTION 
Background and Context 

AI is no longer confined to experimental analytics 

in financial services. It now supports fraud 

detection, credit assessment, anti-money-

laundering review, customer service, trading, 

underwriting, software development, document 

analysis, and internal knowledge work. In a 2024 

survey, the Bank of England and Financial 

Conduct Authority found that 75% of responding 

firms were already using AI; the comparable 2022 

figure for machine-learning use was 58%, and a 

further 10% expected to adopt AI within three 

years (Bank of England & Financial Conduct 

Authority [FCA], 2024). U.S. evidence points in 

the same direction. The Department of the 

Treasury (2024b) described expanding adoption 

alongside concerns about privacy, bias, 

explainability, cybersecurity, and concentrated 

dependence on external providers. At the system 

level, the Financial Stability Board (FSB, 2024) 

cautioned that shared models, data, and 

infrastructure may intensify market correlation, 

cyber exposure, model risk, and institutional 

interdependence. 
 

For managers, this expansion creates a genuine 

tension. The same features that make AI 

attractive—speed, scale, personalization, and 

pattern detection—can also magnify opacity, 

interconnectedness, and the consequences of error. 

Those consequences are unusually serious in 

finance. AI-assisted decisions can influence access 

to credit or insurance, the detection of suspicious 

activity, asset pricing, and the propagation of 

operational failures. A flawed model may injure 

one consumer; common dependence on the same 

model or supplier may generate correlated 

behavior across institutions. The pressing issue is 

therefore one of design: how can governance 

protect stakeholders without suppressing useful 

experimentation, and how can it turn technical 

potential into measurable, risk-adjusted 

performance? 
 

Management theory offers a reason to expect 

governance to shape value creation. From a 

resource-based perspective, owning or accessing a 

technology is not equivalent to deploying it well 

(Barney, 1991). Dynamic-capabilities theory shifts 

attention to whether an organization can recognize 

opportunities, commit resources, and reconfigure 
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routines as circumstances change (Teece et al., 

1997). Empirical work on AI reaches a similar 

conclusion: managerial, technical, and human 

complements help determine whether AI capability 

improves creativity and firm performance (Mikalef 

& Gupta, 2021). Studies of organizational 

readiness additionally emphasize strategy, 

resources, knowledge, culture, and data (Jöhnk et 

al., 2021). Even so, two largely separate 

conversations persist. Governance research 

foregrounds accountability and harm prevention, 

while performance research concentrates on 

adoption and capability. This separation obscures 

the mechanisms that connect responsible control 

with business value. 
 

Research Problem and Gap 

This study responds to three gaps. The first is the 

distance between principle and practice. Fairness, 

accountability, transparency, and safety identify 

desired qualities, but they do not specify who must 

act, what evidence must be produced, or when a 

system should be stopped. Papagiannidis et al. 

(2025) narrow this gap by distinguishing 

structural, relational, and procedural practices. 

Financial services nevertheless require a more 

specific account because model risk, consumer 

protection, operational resilience, and systemic 

stability converge within the same regulated 

processes. 
 

The second gap is evidentiary. Assertions that 

governance improves performance often run ahead 

of the research design used to support them. 

Regulatory documents can reveal convergent 

expectations and plausible mechanisms, but they 

cannot show that a control caused higher 

profitability, productivity, or customer trust. 

Conversely, studies linking AI capability with firm 

performance rarely isolate governance as the 

operative factor. Credible synthesis must therefore 

keep normative convergence, mechanism-based 

inference, and causal evidence analytically 

distinct. 
 

The third gap concerns the definition of 

performance. Short-run efficiency may improve 

even as conduct risk, model drift, vendor 

dependence, or reputational exposure accumulates. 

For consequential AI applications, durable 

performance necessarily spans efficiency, decision 

quality, resilience, compliance, stakeholder 

legitimacy, and adaptive capacity. The analysis 

that follows treats responsible AI governance as a 

dynamic capability through which AI resources 

may be converted into sustainable, risk-adjusted 

value. 
 

Objectives, Research Questions, and 

Propositions 

The study has four objectives: (a) identify 

governance mechanisms that recur across 

authoritative financial-sector evidence; (b) assess 

their prevalence and co-occurrence; (c) explain 

how they may influence organizational 

performance; and (d) develop a testable framework 

for future empirical research. 
 

The analysis addresses three research questions: 

RQ1: Which responsible AI governance 

mechanisms recur across authoritative financial-

sector regulatory, supervisory, standards, and 

policy documents? 

RQ2: How have the emphasis and configuration of 

these mechanisms changed as AI adoption has 

expanded? 

RQ3: Through what organizational pathways can 

responsible AI governance plausibly contribute to 

durable financial-institution performance? 
 

Because the present evidence is documentary 

rather than causal, hypotheses are framed as 

propositions for subsequent testing: 

P1: The positive relationship between AI 

capability and durable organizational performance 

is stronger when accountable ownership and 

lifecycle controls are mature. 

P2: Data governance, validation, and human 

challenge improve AI-enabled decision quality, 

which mediates the relationship between 

governance maturity and operational performance. 

P3: Transparency, contestability, and consumer-

fairness controls improve stakeholder legitimacy, 

which mediates the relationship between 

governance maturity and customer-related 

performance. 

P4: Third-party governance and continuous 

monitoring improve operational resilience, 

particularly where institutions depend on 

concentrated external model and cloud providers. 

P5: Risk-tiered governance has an inverted-U 

relationship with innovation velocity: insufficient 

governance increases rework and failure, while 

disproportionate controls slow low-risk 

experimentation. 
 

Significance of the Study 

The theoretical contribution is to position 

responsible AI governance between dynamic 

capabilities, organizational readiness, and risk-

adjusted performance. Methodologically, the paper 
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replaces untraceable appeals to ―best practice‖ 

with a documented corpus, explicit codebook, and 

reproducible matrix. For managers, it translates 

regulatory convergence into a proportional 

operating model and scorecard. For policy makers, 

it challenges the assumption that consumer 

protection and institutional performance are 

competing objectives. Well-designed controls can 

reduce avoidable loss, make deployment more 

repeatable, and strengthen confidence in AI-

enabled finance. 
 

LITERATURE REVIEW 
Theoretical Framework 

The resource-based view locates durable 

performance differences not in acquisition alone, 

but in an organization’s ability to assemble and 

coordinate valuable, scarce, difficult-to-imitate, 

and non-substitutable resources (Barney, 1991). As 

sophisticated models become accessible through 

vendors and application programming interfaces, 

access by itself offers little defensible advantage. 

Value rests instead on complements: proprietary 

and well-governed data, domain expertise, 

workflow integration, evaluation capacity, senior 

accountability, and organizational learning. 

Mikalef and Gupta (2021) define AI capability in 

similarly organizational terms—the ability to 

select, orchestrate, and exploit AI-related 

resources—and associate it with creativity and 

firm performance. Governance, from this 

perspective, is not an external brake on capability. 

It is part of the architecture by which capability is 

assembled. 
 

Dynamic-capabilities theory extends the argument 

from possession to adaptation (Teece et al., 1997). 

AI systems are not stable organizational objects. 

Data distributions move, users discover unintended 

applications, vendors alter underlying models, and 

legal or social expectations evolve. A single pre-

deployment approval cannot govern that motion. 

Institutions must detect new opportunities and 

risks, commit to suitable applications with 

proportionate controls, and reconfigure or 

withdraw systems when evidence changes. 

Inventory management, monitoring, incident 

response, and periodic reassessment consequently 

serve two purposes: they protect the institution and 

generate learning. 
 

Institutional theory adds a legitimacy pathway. 

Financial firms operate under coercive pressures 

from law and supervision, normative pressures 

from professional standards, and mimetic 

pressures created by peer practices (DiMaggio & 

Powell, 1983). Governance can become 

ceremonial when organizations adopt policies to 

signal conformity without altering decisions. This 

risk is acute for principle-based AI statements. 

Governance affects performance only when formal 

commitments are translated into decision rights, 

evidence requirements, escalation paths, and 

resource allocation. 
 

Socio-technical systems theory supplies a fourth 

lens (Baxter & Sommerville, 2011). Outcomes 

arise through interactions among technologies, 

tasks, people, and structures rather than from 

model accuracy alone. Human oversight is 

meaningful only when reviewers possess expertise, 

time, authority, and information to challenge 

outputs. Transparency is useful only when 

explanations match the needs of consumers, 

operators, validators, or regulators. Responsible 

governance must consequently align technical 

metrics with workflows and stakeholder 

consequences. 
 

Read together, these theories suggest four routes 

from governance to durable value: better decisions, 

stronger operational resilience, greater stakeholder 

legitimacy, and faster adaptive learning. They also 

identify important limits. A material credit, 

insurance, trading, or identity decision calls for 

stronger evidence and oversight than a low-risk 

productivity aid. Institutions with weak data, 

limited expertise, or uncertain executive 

commitment may experience governance mainly 

as friction because the complementary capabilities 

that make control productive are missing. 
 

Review of Related Work 

The performance literature largely favors a 

capability-based explanation over technological 

determinism. From a synthesis of AI-enabled 

transformation cases, Wamba-Taguimdje et al. 

(2020) argue that process reconfiguration links AI 

resources with organizational performance. 

Mikalef and Gupta (2021) identify relationships 

among AI capability, creativity, and firm 

performance, while Jöhnk et al. (2021) derive 

readiness dimensions involving strategy, 

resources, knowledge, culture, and data from 

expert interviews. Collectively, these studies show 

why technology alone is an incomplete 

explanation. They say less, however, about 

governance as a distinct construct or about the 

prudential and consumer consequences peculiar to 

finance. 
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Responsible-AI scholarship, by contrast, is rich in 

principles. Fairness, accountability, transparency, 

privacy, robustness, safety, and human autonomy 

recur across frameworks. The persistent difficulty 

is operational translation. Principles may conflict, 

offer no decision threshold, or mean different 

things to engineers, business owners, lawyers, and 

consumers. Papagiannidis et al. (2025) address this 

weakness by organizing governance into 

structural, relational, and procedural practices over 

the AI lifecycle. Their contribution provides a 

strong foundation. A finance-specific account must 

go further by reconciling enterprise governance 

with model-risk management, consumer law, 

operational resilience, vendor oversight, and 

prudential duties. 
 

Financial-sector guidance shows both continuity 

and novelty. The Federal Reserve and Office of the 

Comptroller of the Currency’s model-risk 

guidance predates the current AI wave but 

establishes enduring expectations for robust 

development, independent validation, governance, 

documentation, and ―effective challenge‖ (Board 

of Governors of the Federal Reserve System & 

Office of the Comptroller of the Currency [OCC], 

2011). The Consumer Financial Protection Bureau 

(CFPB, 2022, 2023) clarified that complex or 

opaque algorithms do not excuse a creditor from 

providing specific and accurate adverse-action 

reasons, and the CFPB joined the Department of 

Justice, the Equal Employment Opportunity 

Commission, and the Federal Trade Commission 

in affirming that existing antidiscrimination and 

consumer-protection laws apply fully to automated 

and AI-based systems regardless of technical 

complexity (Consumer Financial Protection 

Bureau et al., 2023). The National Association of 

Insurance Commissioners (NAIC, 2023) expects 

insurers to maintain a written AI systems program 

proportionate to risk and designed to prevent 

inaccurate, arbitrary, capricious, or unfairly 

discriminatory outcomes. 
 

Broader frameworks expand the lifecycle view. An 

early cross-border marker came from securities 

regulation: the International Organization of 

Securities Commissions (2021) called on market 

intermediaries and asset managers to maintain 

senior accountability, testing, and ongoing 

monitoring of AI and machine-learning tools, 

anticipating governance themes that later cross-

sector frameworks would generalize. The National 

Institute of Standards and Technology’s AI Risk 

Management Framework organizes activity around 

govern, map, measure, and manage functions and 

emphasizes validity, safety, security, resilience, 

accountability, transparency, explainability, 

privacy, and fairness (NIST, 2023). Its generative-

AI profile addresses risks such as confabulation, 

data privacy, information integrity, cybersecurity, 

harmful bias, and value-chain dependencies 

(NIST, 2024). The European Union’s AI Act 

establishes risk-tiered obligations and, for high-

risk systems, requirements concerning risk 

management, data governance, documentation, 

logging, transparency, human oversight, accuracy, 

robustness, and cybersecurity (European 

Parliament & Council of the European Union, 

2024). Academic work on financial explainable AI 

illustrates one technical response to these 

expectations: Bussmann et al. (2020) show that 

Shapley-value methods can render complex credit-

risk models interpretable to validators and 

consumers alike, operationalizing the 

explainability principles that NIST and the EU AI 

Act articulate at a general level. 
 

Sector-level evidence increasingly emphasizes 

systemic and third-party risks. Treasury’s 

financial-sector reports highlight data and model 

risks, fraud, cybersecurity, privacy, discrimination, 

explainability, skills gaps, and regulatory 

fragmentation (U.S. Department of the Treasury, 

2024a, 2024b). The FSB (2024) identifies third-

party dependencies, market correlations, cyber 

risk, and model risk as channels through which AI 

could affect financial stability. The Bank of 

England and FCA (2024) found that one third of 

reported AI use cases were third-party 

implementations and that respondents expected 

this share to rise. Subsequent Financial Stability 

Board monitoring (2025) and consultation work 

(2026) extended this analysis toward concrete 

adoption metrics and sound-practice expectations, 

while the Bank for International Settlements 

(2024) catalogued the regulatory instruments 

available to supervisors managing these exposures. 

These findings complicate institution-centered 

governance because accountability remains with 

the regulated firm even where visibility and 

technical control are distributed across a value 

chain. 
 

Four weaknesses cut across this literature. Much of 

the evidence comes from cross-sectional surveys, 

conceptual models, case material, and policy 

documents. Measures of ―AI adoption‖ seldom 

distinguish a low-risk drafting tool from a 

consequential decision system. Performance is 

often captured as perceived benefit instead of an 

audited operational result. Finally, studies invoke 
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outcomes such as trust or performance without 

establishing temporal ordering or confronting 

selection bias. Better-managed firms may both 

govern AI more effectively and perform better, 

leaving governance endogenous to broader 

managerial quality. 
 

Synthesis of Gaps 

The central problem, then, is not an absence of 

principles. What remains missing is an integrated 

account of how governance mechanisms work 

together and when they generate value in financial 

institutions. Three distinctions discipline that 

inquiry. A governance input is not evidence of 

governance effectiveness: a committee or policy 

does not establish effective challenge. Raji et al. 

(2020) propose an end-to-end internal algorithmic-

auditing framework precisely to convert broad 

accountability commitments into documented, 

stage-specific evidence, illustrating how this 

distinction can be operationalized in practice. 

Technical performance is not organizational 

performance: greater accuracy may coexist with 

consumer harm or operational fragility. 

Documentary convergence is not causal validation: 

repetition across authoritative sources signals 

institutional salience, not an economic effect. 
 

To address those distinctions, the study integrates 

eight observable mechanisms and links them to 

four value pathways. Governance is treated as a 

portfolio of complementary controls whose 

contribution depends on materiality, lifecycle 

integration, and feedback. The resulting 

framework is deliberately falsifiable. Subsequent 

research can measure the mechanisms, test 

mediation through decision quality, resilience, 

legitimacy, and learning, and compare realized 

benefits with the cost of control. 
 

METHODOLOGY 
Research Design 

The research design combines a structured 

integrative review with directed qualitative content 

analysis. This approach accommodates evidence 

drawn from management theory, financial 

supervision, technical standards, and public policy. 

A conventional meta-analysis would have been 

misleading because the documents do not report 

comparable effect sizes. Accordingly, one 

authoritative document—not each sentence or 

recommendation—served as the unit of analysis. 
 

The design follows the logic of transparent 

evidence synthesis without claiming exhaustive 

systematic-review coverage. Regulatory and 

standards materials are unevenly indexed in 

academic databases, and several influential 

documents are updated or hosted outside journal 

platforms. The analysis therefore prioritized 

relevance, authority, and reproducibility over an 

artificial claim of database completeness. 
 

Corpus Construction and Eligibility 

Documents were identified through directed 

searches of official websites and reference 

chaining from major frameworks. Searches were 

completed on September 4, 2026. Search concepts 

combined ―artificial intelligence,‖ ―machine 

learning,‖ ―financial services,‖ ―banking,‖ 

―insurance,‖ ―capital markets,‖ ―governance,‖ 

―model risk,‖ ―responsible,‖ ―financial stability,‖ 

―explainability,‖ and ―third party.‖ 
 

Inclusion required that a document (a) be issued by 

a governmental, supervisory, intergovernmental, or 

recognized standards body; (b) address 

organizational governance or risk management of 

AI, machine learning, or complex models; (c) 

apply directly to financial services or provide a 

cross-sector framework demonstrably applicable to 

finance; (d) contain substantive mechanisms rather 

than a brief announcement; and (e) be publicly 

accessible in English. Earlier model-risk guidance 

was retained when it remained foundational to 

current supervisory practice. Speeches were 

included only where they supplied distinct, 

institutionally attributable analysis of emerging 

risks not yet fully represented in formal rules. 
 

Documents were excluded if they were vendor 

marketing, unsigned commentary, news 

summaries, duplicates, superseded versions 

without analytical value, or purely technical papers 

lacking organizational governance content. The 

final corpus comprised 18 documents: 10 from the 

United States, four international or 

intergovernmental documents, two United 

Kingdom documents, one European Union 

regulation, and one global securities-regulatory 

report. Publication years ranged from 2011 to 

2026. 
 

Data Collection and Variables 

Bibliographic metadata and document URLs were 

recorded in a structured evidence sheet. Eight 

binary governance variables were defined before 

final coding: 

1. Accountable ownership (AO): explicit 

responsibility of boards, senior management, 

named owners, or defined governance bodies. 
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2. Data governance (DG): requirements 

concerning data quality, representativeness, 

lineage, privacy, access, or provenance. 

3. Validation and testing (VT): predeployment 

or independent evaluation of performance, 

robustness, bias, security, or conceptual 

soundness. 

4. Transparency and explainability (TE): 
documentation, disclosure, traceability, 

interpretability, or reason-giving obligations. 

5. Human oversight and competence (HC): 
effective challenge, human review, training, 

expertise, or authority to intervene. 

6. Lifecycle monitoring (LM): ongoing 

performance monitoring, drift detection, 

incident response, change control, or 

retirement. 

7. Third-party governance (TP): due diligence, 

contracting, concentration, outsourcing, 

supply-chain, or vendor-monitoring controls. 

8. Consumer fairness (CF): nondiscrimination, 

fairness testing, consumer protection, 

contestability, or remediation of affected 

persons. 
 

A mechanism was coded 1 only when the 

document prescribed, recommended, or 

substantively analyzed it. Incidental use of a term 

did not qualify. Missing mention was coded 0 and 

does not mean the issuing body opposes the 

mechanism. Each document also received fields 

for jurisdiction, institutional level, year, document 

type, principal risk orientation, and performance-

relevant outcomes. 
 

Data Analysis 

Analysis proceeded in four stages. First, 

document-level frequencies were calculated for 

each mechanism. The percentage was the number 

of documents coded 1 divided by 18. Second, 

temporal comparison separated legacy and 

transition documents published through 2023 (n = 

7) from acceleration-era documents published 

from 2024 through September 2026 (n = 11). 

Because cells were small and the corpus was 

purposively selected, temporal differences were 

interpreted descriptively; no null-hypothesis 

significance tests were performed. Third, pairwise 

co-occurrence counts were examined to identify 

mechanism bundles. Co-occurrence indicates that 

two mechanisms appear in the same document, not 

that the issuer established a causal relationship. 

Fourth, negative cases were examined: documents 

with a narrow legal or prudential mandate often 

omitted mechanisms outside that mandate. These 

cases helped prevent the false conclusion that 

every authoritative document should contain every 

code. 
 

The mechanism-to-performance analysis used 

abductive reasoning. Statements about expected 

benefits or avoided losses were compared with 

resource-based, dynamic-capability, institutional, 

and socio-technical explanations. Candidate 

pathways were retained when supported by 

multiple document types and theoretically 

coherent. The output was the Governance-to-Value 

Conversion (GVC) framework. 
 

Validity, Reliability, and Research Integrity 

Construct validity was strengthened by operational 

definitions, a conservative presence rule, and 

separation of governance mechanisms from 

desired outcomes. Source triangulation included 

prudential, consumer-protection, insurance, 

securities, standards, and financial-stability bodies. 

Temporal triangulation linked legacy model-risk 

controls with newer generative-AI and systemic-

risk guidance. 
 

Coding was conducted by a single analyst, so 

interrater reliability could not be estimated. To 

reduce drift, the corpus was coded twice using the 

fixed codebook; disagreements between passes 

were resolved by returning to the source and 

applying the conservative rule. The full document-

level matrix is reported in Appendix A and 

supplied as a machine-readable CSV. This 

transparency permits independent recoding and 

calculation of Cohen’s kappa in a future multi-

coder replication. 
 

The study makes no claim that frequency equals 

importance or effectiveness. It reports no 

fabricated participants, interviews, financial 

outcomes, p values, or ethics approvals. Results 

are bounded to the selected public corpus. Causal 

claims are reserved for future hypothesis testing. 
 

RESULTS 
Corpus Characteristics 

Four overlapping governance logics were visible 

across the 18 documents. Prudential and model-

risk sources centered on validation, 

documentation, effective challenge, monitoring, 

and vendor exposure. Consumer-protection 

authorities focused more sharply on specific 

explanations, nondiscrimination, and responsibility 

for outcomes regardless of technological 

complexity. Cross-sector standards organized 

governance around the lifecycle and the attributes 

of trustworthy systems. Financial-stability sources 

moved to a wider level of analysis, emphasizing 
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correlated behavior, cyber threats, information 

gaps, and concentration among external providers. 
 

The timing of publication also reveals how the 

policy problem changed. Sources published 

through 2023 mainly adapted established 

principles of model risk, conduct, and 

accountability to automated decisions. Beginning 

in 2024, attention broadened to foundation models, 

generative-AI uncertainty, systemic dependence, 

deepfake-enabled fraud (Board of Governors of 

the Federal Reserve System, 2025), and rapid 

changes introduced by models or vendors. In 

effect, the object of governance expanded from an 

individual model to a shifting socio-technical 

value chain. 

 

Prevalence of Governance Mechanisms 

Table 1: Document-Level Prevalence of Responsible AI Governance Mechanisms (N = 18) 

Mechanism Documents, n Prevalence Primary organizational function 

Lifecycle monitoring 16 88.9% Detect drift, incidents, misuse, and change 

Accountable ownership 15 83.3% Assign decision rights and escalation 

responsibility 

Validation and testing 15 83.3% Establish fitness, robustness, and limits 

Data governance 14 77.8% Control quality, lineage, privacy, and 

representativeness 

Human oversight and 

competence 

14 77.8% Enable informed challenge and intervention 

Third-party governance 14 77.8% Manage vendor, outsourcing, and concentration 

risk 

Transparency and 

explainability 

13 72.2% Support documentation, reasons, and 

contestability 

Consumer fairness 11 61.1% Reduce discrimination and consumer harm 

Note. Percentages are descriptive counts from the purposive document corpus; they are not population 

estimates or measures of effectiveness. 
 

Lifecycle monitoring appeared more often than 

any other mechanism. Its prominence reflects both 

the possibility that AI behavior will change after 

deployment and finance’s longer tradition of 

model-performance review and change control. 

Accountable ownership and validation followed 

closely. Taken together, these results indicate a 

broad expectation that a system needs a 

responsible decision structure as well as evidence 

that it is fit for its intended use. 
 

Consumer fairness was the least frequent code, 

despite receiving substantial attention from the 

CFPB, NAIC, NIST, Treasury, and the European 

Union. Negative cases help interpret this pattern. A 

cybersecurity or financial-stability report may 

quite reasonably concentrate on institutional 

resilience without specifying consumer 

remediation. The lower count is therefore better 

read as fragmentation across mandates than as 

evidence that fairness lacks importance. 
 

Temporal Change 

Third-party governance showed the clearest 

descriptive increase. It appeared in four of seven 

documents through 2023 (57.1%) and 10 of 11 

documents from 2024 onward (90.9%). Later 

documents connected outsourcing controls with 

foundation-model opacity, cloud dependence, 

concentration, supply-chain security, and limited 

bargaining power. The FSB (2024) treated third-

party dependency as a potential systemic 

vulnerability, while the Bank of England and FCA 

(2024) documented extensive external 

implementation. NIST’s generative-AI profile 

similarly broadened risk analysis across the AI 

value chain (NIST, 2024). Consistent with this 

shift, the Bank of England’s (2025) financial-

stability analysis identified AI-related 

concentration and interconnectedness as an 

emerging monitoring priority for the UK financial 

system. 
 

Monitoring remained consistently prominent but 

changed in meaning. Legacy guidance emphasized 

model performance, overrides, and periodic 

review. Later guidance added prompt and output 

monitoring, incident disclosure, adversarial threats, 

misinformation, unanticipated user behavior, and 

changes introduced by upstream providers. Thus, 

the code frequency understates substantive 

expansion: the same governance category now 

covers a more dynamic object. 
 

Human competence also gained strategic 

importance. Earlier ―effective challenge‖ focused 
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on independent model validation and 

knowledgeable oversight. Newer materials 

emphasize AI literacy across boards, managers, 

developers, risk functions, and users. Human-in-

the-loop language alone was insufficient; 

meaningful oversight required understanding 

limitations, avoiding automation bias, and 

possessing authority to stop or modify use. 
 

Table 2: Temporal prevalence of coded governance mechanisms 

Period N AO DG VT TE HC LM TP CF 

2011–

2023 

7 6 

(85.7%) 

4 

(57.1%) 

4 (57.1%) 6 

(85.7%) 

4 

(57.1%) 

5 (71.4%) 4 

(57.1%) 

5 

(71.4%) 

2024–

2026 

11 9 

(81.8%) 

10 

(90.9%) 

11 

(100.0%) 

7 

(63.6%) 

10 

(90.9%) 

11 

(100.0%) 

10 

(90.9%) 

6 

(54.5%) 

Note. Values are document counts with prevalence percentages in parentheses. The two periods are 

descriptive groupings, not statistically independent samples. 
 

Mechanism Bundles 

The clearest control bundle combined accountable 

ownership, validation, and lifecycle monitoring. 

Together they form a closed loop. A named owner 

authorizes a use case on the basis of evidence; 

monitoring tests whether the underlying 

assumptions continue to hold; and escalation 

enables correction when they do not. Each element 

depends on the others. Monitoring without 

ownership can produce alerts that no one resolves. 

Ownership without validation creates authority 

unsupported by evidence. Validation without 

monitoring assumes that initial performance will 

persist. 
 

Across the 18 documents, the strongest pairwise 

co-occurrences were validation and testing with 

lifecycle monitoring (15/18), followed by several 

pairs occurring in 14/18 documents, including 

accountable ownership with lifecycle monitoring; 

data governance with validation and testing, 

human oversight and competence, lifecycle 

monitoring, and third-party governance; validation 

and testing with human oversight and competence 

and third-party governance; and human oversight 

and competence with lifecycle monitoring and 

third-party governance. These descriptive patterns 

support the interpretation of governance as a 

bundle of complementary controls, but they do not 

establish functional dependence or causal 

interaction. 
 

A second bundle joined data governance, 

transparency, and consumer fairness. Data 

provenance and representativeness affect whether 

outcomes are systematically distorted; 

documentation and specific reasons make such 

distortions more detectable and contestable. CFPB 

guidance is especially clear that complexity cannot 

excuse failure to provide accurate reasons for 

adverse credit decisions (CFPB, 2022, 2023). The 

bundle therefore converts technical traceability 

into legal accountability and stakeholder 

legitimacy. 
 

A third bundle joined third-party governance, 

monitoring, and resilience. Vendor due diligence 

at procurement is necessary but insufficient where 

external models change after deployment. 

Institutions need contractual notification, 

performance evidence, incident cooperation, 

fallback arrangements, and exit capability. The 

relevant governance object is not merely the 

purchased model but the service relationship and 

its dependency network. 
 

Governance-to-Value Conversion Framework 

The documentary evidence supports a three-layer 

Governance-to-Value Conversion framework. The 

first layer, governance architecture, contains the 

eight coded mechanisms.  
 

The second comprises four conversion pathways: 

decision quality, operational resilience, 

stakeholder legitimacy, and adaptive learning.  
 

The final layer is durable performance, 

understood as risk-adjusted efficiency, service 

quality, repeatable innovation, reliable compliance, 

customer trust, and resilience rather than short-run 

output alone. 
 

Decision quality arises when governed data, 

validation, documentation, and human challenge 

reduce avoidable error and clarify when a model 

should not be used. Operational resilience arises 

when monitoring, incident response, third-party 

controls, and fallback plans reduce the frequency 

and severity of disruption. Stakeholder legitimacy 

arises when decisions are fair, explainable to the 

relevant audience, contestable, and owned by 

accountable humans. Adaptive learning arises 

when incidents, overrides, complaints, drift, and 

performance evidence feed back into model 

change, workforce development, and portfolio 

decisions. 
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Two moderators shape the conversion.  

Use-case materiality should determine control 

intensity: AI affecting credit, insurance, trading, 

employment, or identity verification warrants more 

rigorous evidence than low-impact drafting 

support.  
 

Governance proportionality determines whether 

control creates or destroys value. Under-

governance externalizes risk and creates rework; 

over-governance imposes uniform burdens that can 

delay low-risk learning. The optimal design is 

tiered, evidence-based, and revisable. 
 

DISCUSSION 
Interpretation of Results 

The evidence converges on an operating core, not 

on a universal rulebook. Despite differences in 

mandate and jurisdiction, authoritative sources 

repeatedly require accountable ownership, 

evidence before deployment, governed data, 

informed human challenge, and post-deployment 

monitoring. That consistency suggests that 

responsible AI governance is taking shape as an 

organizational capability rather than remaining a 

statement of ethical intent. 
 

Monitoring is especially consequential. 

Conventional information-technology governance 

tends to concentrate on acquisition and project 

approval, whereas AI governance must follow 

behavior over time. Drift, feedback loops, 

upstream revisions, new attack techniques, and 

changing user practice make deployment the 

beginning of a governance cycle, not its end. The 

information produced by monitoring also enables 

organizational learning, thereby linking risk 

control with dynamic capability. 
 

The increasing attention paid to third parties marks 

a shift in the practical boundary of the firm. A 

financial institution may obtain foundation models, 

cloud infrastructure, data, and specialized 

applications from several organizations, yet its 

legal and reputational responsibility generally 

remains in place. Governance must therefore 

combine relational capabilities—contracting, 

information exchange, escalation, and joint 

testing—with sufficient internal expertise to 

evaluate what vendors claim. 
 

The relative scarcity of consumer-fairness 

provisions points to a structural weakness. 

Prudential, cybersecurity, and conduct teams often 

govern different parts of the same application. A 

credit model may be statistically stable and 

operationally resilient yet still produce 

discriminatory outcomes. A model that performs 

fairly across groups may nevertheless fail during a 

vendor outage or adversarial attack. These 

perspectives have to meet at the level of the use 

case, where their consequences actually interact. 
 

Comparison with Prior Literature 

The GVC framework adds an intermediate layer to 

AI-capability research by specifying what may 

occur between resource orchestration and 

performance. Mikalef and Gupta (2021) associate 

AI capability with creativity and organizational 

performance; the present analysis proposes that 

governance conditions that association and 

identifies plausible mediating routes. It also 

extends the readiness perspective of Jöhnk et al. 

(2021). Readiness is not exhausted at adoption: 

competence, data, strategy, and governance must 

be renewed throughout operational use. 
 

The framework also complements Papagiannidis et 

al.’s (2025) structural, relational, and procedural 

account. Accountable ownership maps primarily to 

structural practices; human competence and third-

party governance include relational practices; and 

data controls, validation, transparency, fairness 

assessment, and monitoring depend heavily on 

procedures. The finance-specific addition is the 

explicit connection to risk-adjusted performance 

and systemic or consumer consequences. 
 

The results are consistent with the NIST (2023) 

govern-map-measure-manage cycle but add a 

management-theory explanation of value 

conversion. They also integrate the Federal 

Reserve and OCC’s concept of effective challenge 

with newer concerns about generative AI and 

provider concentration. Rather than discarding 

established model-risk management, financial 

institutions should extend it selectively. Generative 

AI requires controls for open-ended outputs, 

prompt behavior, content provenance, and 

changing upstream models; it does not eliminate 

the need for documentation, validation, 

monitoring, and accountability. 
 

Theoretical Implications 

First, governance should be modeled as a second-

order organizational capability rather than a binary 

policy variable. Each mechanism is incomplete in 

isolation, and complementarities matter. Future 

studies should test configurations using structural-

equation modeling, panel data, or qualitative 

comparative analysis. 
 

Second, performance should be measured on a 

risk-adjusted and longitudinal basis. A useful 
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outcome model would combine productivity or 

revenue effects with model losses, remediation 

cost, downtime, complaints, adverse-action 

reversals, regulatory findings, and time to safe 

deployment. This avoids rewarding short-run gains 

that create latent liabilities. 
 

Third, governance is both constraining and 

enabling. The inverted-U proposition reconciles 

competing intuitions. Minimum controls create 

reusable evidence and reduce late-stage rework, 

but uniform approval requirements can burden 

low-risk experimentation. Materiality-based tiering 

is therefore a theoretical moderator, not merely an 

administrative convenience. 
 

Fourth, legitimacy is a productive asset. Specific 

explanations and credible contestability can reduce 

information asymmetry, support consumer trust, 

and provide error signals. Fairness and 

transparency are not solely moral endpoints; they 

can improve feedback and service quality when 

designed for the relevant stakeholder. 
 

Practical Implications 

Boards and senior executives should view AI as a 

governed portfolio rather than a collection of 

unrelated projects. For every material use case, the 

portfolio record should identify business and 

technical owners, risk tier, affected stakeholders, 

model and data lineage, external providers, 

validation status, monitoring measures, incident 

history, and an eventual retirement path. Reports to 

management should distinguish the volume of 

adoption from value created under effective 

control. 
 

A balanced scorecard can operationalize the GVC 

framework: 

 Decision quality: error rates by segment, 

calibration, false-positive and false-negative 

costs, override quality, and stability under 

stress. 

 Operational resilience: uptime, recovery 

time, model or vendor incidents, fallback 

coverage, concentration exposure, and 

unresolved monitoring alerts. 

 Stakeholder legitimacy: explanation 

sufficiency, complaint and appeal rates, 

outcome disparities, remediation time, privacy 

events, and customer trust. 

 Adaptive learning: time from incident to 

control change, repeat findings, percentage of 

use cases with current validation, workforce 

proficiency, and retirement of 

underperforming models. 

 Value realization: cycle-time reduction, loss 

prevention, service quality, revenue 

contribution, compliance cost, and total 

control cost. 
 

Metrics should be disaggregated where harms can 

be unevenly distributed. Aggregate accuracy can 

conceal poor performance for smaller demographic 

or product segments. Institutions should predefine 

thresholds, owners, escalation times, and actions 

rather than collecting dashboards without decision 

rules. 
 

Leadership behavior remains central. Sponsorship 

should not become unconditional advocacy. 

Responsible leaders clarify risk appetite, fund 

control functions, protect independent challenge, 

reward credible escalation, and ensure that model 

owners possess both accountability and authority. 
 

Third-party contracts should address data use, 

audit evidence, security, model changes, 

subcontractors, incidents, continuity, and exit. 

Material services require tested fallback 

arrangements; where direct inspection is 

impossible, institutions need compensating 

controls or conservative restrictions. 
 

Policy Implications 

Supervisors can improve comparability through 

common inventories, incident taxonomies, and 

minimum documentation while retaining 

proportionality. Cross-agency coordination matters 

because one use case may implicate prudential 

safety, privacy, consumer protection, 

cybersecurity, and competition. Authorities should 

also monitor infrastructure and foundation-model 

concentration that firm-level controls cannot fully 

resolve. 
 

Policy should not equate explainability with one 

technique. Validators need evidence about 

behavior and limitations; consumers need specific 

reasons; boards need portfolio exposure and 

residual risk; supervisors need accountability. 

Outcome-oriented requirements can preserve 

technical flexibility while maintaining standards of 

proof. 
 

Limitations 

Because the corpus was purposively selected and 

restricted to English-language material, its 

prevalence estimates cannot be generalized to all 

publications or jurisdictions. Institutional mandates 

shape what a document is likely to discuss, and 

binary coding necessarily compresses differences 

in depth and legal force. A regulation, supervisory 
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bulletin, consultation paper, and speech do not 

carry equivalent authority. Counts are therefore 

used to describe convergence, not to rank 

obligations. 
 

Single-coder analysis limits reliability. Although 

recoding and a conservative decision rule reduced 

drift, independent double coding would strengthen 

replication. The study also examines stated 

expectations rather than implementation inside 

firms. Organizations may decouple formal 

governance from practice, and public documents 

cannot establish control effectiveness. 
 

Most importantly, the study does not estimate 

causal effects on profitability, productivity, trust, 

or resilience. Its performance pathways are 

theoretically grounded inferences supported by 

convergent documentary evidence. They require 

testing with longitudinal institutional data, 

matched comparisons, natural experiments 

surrounding regulatory change, or appropriately 

protected supervisory datasets. 
 

CONCLUSION AND 
RECOMMENDATIONS 
Summary of Key Findings 

Analysis of 18 authoritative documents shows that 

financial-sector governance is coalescing around 

lifecycle monitoring, accountable ownership, 

validation, governed data, and knowledgeable 

human oversight. Third-party governance became 

far more prominent after 2023, as foundation 

models, cloud dependence, and provider 

concentration made institutional control less direct. 

Consumer fairness remained important, but its 

integration across prudential, cybersecurity, and 

financial-stability mandates was uneven. 
 

The GVC framework links eight governance 

mechanisms to durable performance through four 

pathways: decision quality, operational resilience, 

stakeholder legitimacy, and adaptive learning. The 

argument is deliberately conditional. Governance 

contributes to value when its intensity matches 

materiality, when controls extend across the 

lifecycle, and when evidence leads to action. A 

policy binder or ethics committee without 

authority, usable evidence, and feedback is 

unlikely to change outcomes. 
 

Recommendations for Research and Practice 

Researchers should develop and validate a 

multidimensional financial-services AI governance 

scale, then test the propositions with longitudinal 

data. A strong design would combine surveys of 

business, risk, and technology leaders with 

objective use-case outcomes; use temporal 

separation or archival controls to reduce common-

method bias; and test mediation, moderation, and 

endogeneity. Cross-country work should measure 

regulatory intensity rather than treating country 

labels as explanations. 
 

Financial institutions should create a complete AI 

inventory, assign accountable owners, tier use 

cases by materiality, validate both technical and 

stakeholder outcomes, monitor deployed behavior, 

integrate complaints and incidents into learning, 

and manage third-party dependencies as 

continuing relationships. Boards should receive 

risk-adjusted value metrics rather than adoption 

counts. Regulators should promote interoperable 

documentation and incident reporting while 

allowing lighter controls for demonstrably low-risk 

uses. 
 

The practical and scholarly task is to move past the 

false choice between innovation and control. 

Responsible governance may provide the 

infrastructure for repeatable innovation. Whether it 

actually does so must be established through 

empirical testing, transparent evidence, and 

disciplined implementation rather than assertion. 
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