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1. [bookmark: _Toc228177135]Executive Summary
JPMorgan Chase ought to consider artificial intelligence governance as a fundamental risk-management field, as opposed to a technology-side innovation programme. Credit, fraud detection, complaints handling, personalization, cybersecurity, employee decision support, and operational resilience are already AI-informed in the banking industry. The strategic issue is whether JPMorgan can scale AI without normalising weak accountability, harming customers, misusing models, or failing to provide adequate supervision.
This report posits that the AI problem at JPMorgan can be viewed as a governance-at-scale issue that is caused by the interplay of model risk, conduct risk, data governance, and third-party concentration within two differently structured regulatory frameworks. The firm in the United Kingdom is confronted with a principles-based regime in which the Financial Conduct Authority anticipates AI to adhere to the current frameworks like Consumer Duty and senior-management accountability. Only with protections like information, challenge rights and human intervention does the Data (Use and Access) Act 2025 permit solely automated significant decisions in certain cases. The United States does not yet have a single omnibus AI law, but the practical regime is not permissive: SR 11-7 remains in place to regulate model governance, the CFPB demands particular justification of adverse action despite the use of complex algorithms, and Treasury and the OCC have both noted AI-related risks to concentration, compliance, and resilience.
It is suggested in the report that there is one enterprise AI control architecture and local legal overlays. The operating model must have a required AI inventory, a four-level use-case categorisation, independent verification of customer-impacting and high-impact systems, enhanced third-party AI procurement policies, standardised model cards and audit records, and compulsory human review of AI systems that materially impact customer treatment.  
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2. [bookmark: _Toc228177136]Introduction
This report will look at AI risk management in JPMorgan Chase in the United Kingdom and the United States alone. The scope is very limited. It targets applications in which AI generates either direct customer effects or control implications that are material, i.e. credit underwriting, fraud detection, AML and compliance support, customer servicing, personalization, pricing-related processes, and employee productivity systems that can impact judgment or workflow. This delimitation is important since a thinly veiled paper on this subject matter soon turns into abstract reflection on innovation, trust or digital ethics. This is a more specific problem. It is the way in which a highly regulated multinational bank ought to control the use of AI in which mistakes can result in legal, supervisory, operational and conduct ramifications in a variety of jurisdictions simultaneously.
The key point is that the AI issue of JPMorgan is a governance-at-scale problem, rather than a generic trust problem. The methodology of the report is a combination of comparative regulatory analysis of the UK and U.S. with a use-case evaluation of where AI can have a material impact on customers, controls or resilience.
3. [bookmark: _Toc228177137]Strategic and Macroeconomic Environment
3.1 [bookmark: _Toc228177138]AI as a productivity and competitive necessity
Big banks cannot afford to avoid the use of AI since it has become a cost base of the industry and is no longer a technology theme of choice (Biswas et al., 2020; Boobier, 2020; Christensen, 2021). According to the World Economic Forum, financial-services companies spent $35 billion on AI in 2023 and spending in banking, insurance, capital markets and payments is expected to hit $97 billion by 2027, which means that the industry is one of the largest AI investors in the world (World Economic Forum, 2025). The economic reasoning is simple macroeconomics. AI has the potential to reduce the cost of servicing, enhance fraud detection, speed up knowledge work, enhance workflow routing and facilitate faster decision-making processes at a time when digital competition, client expectations, and cost pressure are all rewarding speed and scale. A similar conclusion is arrived at by the Bank of England on the basis of public-policy concerns. It defines AI as a general-purpose technology, which has the potential to increase productivity in most industries, help sustain economic growth over the long term, and enhance decision-making and personalisation in financial services, but cautions that these advantages will require adoption without compromising financial stability (Bank of England, 2025). In the case of a bank such as JPMorgan, non-adoption is a strategic withdrawal of capabilities that are already becoming an operating advantage to competitors (Jameaba, 2024; Kumari et al., 2021). In the case of JPMorgan, governance capability will thus constitute the business case for AI, as capital will be more inclined to be invested in systems that enhance efficiency without compromising control, explainability or operational resilience (Medina Gonzalez, 2025; Yanney, 2025; Roopram, 2025). 
3.2 [bookmark: _Toc228177139]Reason why the logic of move fast does not work in banking
Acceleration in the banking sector is uncontrollably irrational since mistakes are passed on to regulated decisions, customer results and prudential exposures. The Bank of England cautions that sophisticated AI systems may be dynamic and learn automatically based on new information, produce complex results and, in certain environments, become increasingly autonomous. It also determines the issues with predictability, explainability, transparency, data integrity and concentration in AI-related services, such as models provided by vendors (Bank of England, 2025). These features make it a more challenging governance issue than traditional analytics. Even a model which enhances internal efficiency at the expense of explainability or responsibility can result in financial redress, legal challenge or operational failure. The same report clearly states that there is a risk of conduct-related risks when AI is relied upon in making critical decisions and processes can be challenged and compensated. A bank which condones opaque model behavior in customer-facing or control-relevant environments is not acting in an entrepreneurial manner, it is pricing risk wrongly and confusing short-term deployment velocity with long-term strategic ability.
3.3 [bookmark: _Toc228177140]JPMorgan-specific strategic exposure
The disclosures of JPMorgan bring the issue to the forefront and not to speculation (JPMorgan Chase & Co., 2026a). The bank reports mature AI and machine-learning applications in credit, fraud and operations, increased value capture by these applications, and massive enterprise implementation using LLM Suite and more significant technology investment. It is also expanding AI into the areas of coding, marketing, pricing and personalization, expanding the productivity upside and conduct exposure (JPMorgan Chase & Co., 2026b; JPMorgan Chase & Co., 2026c). The strategic aspect here is that JPMorgan cannot afford not to adopt, but the extent of adoption increases the cost of bad governance since the same infrastructure that creates efficiency can equally amplify misjudgments, opaque customer outcomes and supervisory failures.
4. [bookmark: _Toc228177141]Enterprise AI Risk Architecture
4.1 [bookmark: _Toc228177142]Data governance and data lineage
In banking, the upstream determinant of the defensibility of any AI output is data. According to the AI RMF of NIST, the characteristics of trustworthy AI should be valid and reliable, safe, secure and resilient, accountable and transparent, explainable and interpretable, privacy-enhanced, and fair, but they should be balanced based on the context of use of the system and not in the abstract (AI, 2023). That fact is conclusive for JPMorgan since a model that has been trained on technically available data may not be trained on decision-suitable data. As soon as the bank is unable to rebuild the origin of data, the purpose of data collection, data transformation, who accessed the data, and whether the data is still appropriate to the current use case, the control failure already took place prior to the official model validation.
The typical managerial fallacy is to believe that data that is obtained lawfully can be reused by AI. It is not the case in a bank. The legal basis, quality characteristics, and risks of bias of data used in fraud prevention, KYC, customer support, complaints handling or transaction monitoring vary. The reality of the economic world is frequently distorted by historical policy rules, manual overrides, incomplete fields or operational workarounds instead of economic reality. NIST makes it clear that the features of trustworthiness are context-dependent and that the decisions to deploy a system should be based on the relative risks, impacts, costs and benefits of the proposed use (AI, 2023). The same point is supported by Ratzan and Rahman (2024) in a banking setting, where the definition of responsible AI is based on transparent inputs, explainable outputs, and fairness aligned with the expectations of the stakeholders, organisational values and legal norms.
4.2 [bookmark: _Toc228177143]Model risk control and validation
When data governance is considered to be the input discipline, the control spine would be model risk management. SR 11-7 is the most significant supervisory anchor to model risk in the U.S. banking sector since it characterizes model risk in terms of its consequences, as opposed to its technical form. It involves sound model development, implementation and utilization, effective independent validation and sound governance, policies and controls, all geared towards minimizing negative consequences of wrong or abused models (Board of Governors of the Federal Reserve System, 2011).
The Spring 2025 Risk Perspective of the OCC states that banks are already applying AI to real-time fraud and anomaly detection, elements of credit underwriting, document extraction, personalised customer recommendations, compliance support and enterprise risk management. It also cautions that internally developed or third-party AI may result in model, cybersecurity and compliance risk (Office of the Comptroller of the Currency, 2025). The Generative AI Profile of NIST further states that generative systems create or exacerbate risks like confabulation, data leakage, failures due to poor generalisation and provenance, and that they must be governed, mapped, measured and managed throughout the lifecycle as opposed to being patched once deployed (AI, 2024). Collectively, these sources assert that it is wrong to say that a customer-service bot, an analyst copilot or a complaint-drafting assistant is merely a tool. A system that influences the way customers are treated or how the staff judges is already in operation within the risk perimeter of the bank (Van Greuning & Bratanovic, 2020).
This is the reason why JPMorgan must not give in to a strictly formal definition of model materiality. A chatbot that hallucinates or omits caveats or incorporates biased assumptions may cause model risk and conduct risk. Yeo et al. (2025) demonstrate explainability in finance to be a practical limitation on deployability, whereas Cosma et al. (2023) believe that unresolved model-risk issues in banking are more organisational than computational.
4.3 [bookmark: _Toc228177144]Dependency between third parties and foundations
The third-party AI dependency is the point of innovation strategy and operational frailty. According to the 2024 report by Treasury, respondents in the financial sector are deeply worried about the risk posed by third-party AI, such as concentration, supply-chain opaqueness, lack of bargaining power over large providers and the inability to perform meaningful due diligence on complex external models (U.S. Department of the Treasury, 2024). A financial-stability viewpoint would also lead the Bank of England to the same conclusion, by noting that institutions are becoming more dependent on a handful of providers to provide vendor models, cloud services and large datasets, and that it may not be possible to quickly switch to alternative providers in the event of their failure or disruption (Bank of England, 2025).
In the case of JPMorgan, vendor risk is not limited to the direct supplier, but also to subprocessors, cloud regions, model hosts, data brokers and API intermediaries. One of the validation barriers is vendor opacity. A contract failing to provide expectations of provenance, incident-notification rights, audit rights, subprocessor disclosure and exit planning is structurally weak. The Generative AI Profile of NIST clearly states that the cross-sector use of generative AI is frequently reliant on cloud-based services or foundation models and must be regulated in that way (AI, 2024; Pokomy, 2026).
4.4 [bookmark: _Toc228177145]Use case tiered governance
The management issue is the differentiation of governance. It is not possible to have a single approval process for all the AI use cases since the impacts of failure are not the same. NIST AI RMF is context-sensitive, and JPMorgan is advised to categorize AI based on customer, control and supervisory impact and not on its technology label. With hundreds of live AI or ML applications and enterprise-wide access to LLM, it is governance drift at JPMorgan, at its scale. This is solved by a four-tier model which enables Tier 1 and chosen Tier 2 tools to move fast and compel Tier 3 and Tier 4 systems to follow validation, explanation, human review and reapproval disciplines. The application of all AI as the same will either slow down the adoption of low-risk systems or under-control high-impact systems as this is a management failure.
[bookmark: _Toc228177160]Table 1 Differentiated AI governance by use case
	Tier
	Use-case class
	Examples
	Minimum control standard

	Tier 1
	Internal productivity and drafting support
	Note summarisation, coding assistance, internal search
	Approved platform, restricted data access, logging, periodic review

	Tier 2
	Operational support with limited customer effect
	Workflow routing, document extraction, analyst support
	Named owner, performance monitoring, fallback procedures, change control

	Tier 3
	Customer-affecting advisory or service outputs
	Service chat assistance, complaint drafting, personalised offers
	Validation, QA sampling, explanation standards, complaint escalation routes

	Tier 4
	High-impact decision systems
	Credit, fraud blocks, surveillance, pricing, account access, compliance escalation
	Independent validation, human review, override governance, incident playbooks, periodic reapproval


5. [bookmark: _Toc228177146]UK-U.S. Regulatory and Supervisory Analysis
5.1 [bookmark: _Toc228177147]United Kingdom
The UK is a principles-based jurisdiction for AI in financial services, but that is not to be confused with softness. The FCA has now made it clear that it has no intention of implementing additional AI-specific regulation, but will use the current frameworks to address most of the risks posed by AI. It also re-focuses firms on the current requirements like Consumer Duty and senior-management responsibility in the SM&CR (Authority, 2025). This is in line with the broader AI model of the UK government, which is outlined in its 2023 white paper, which is based on five cross-sector principles, including safety, security and robustness, transparency and explainability, fairness, accountability and governance, and contestability and redress (Charlesworth et al., 2023). The appeal of that strategy is that it maintains flexibility and does not entrap regulation in a rapidly-evolving technology. It has a weakness of flexibility that transfers interpretive burden to firms.
Instead of being eliminated with the Data (Use and Access) Act 2025, that burden was added (Chubaka et al., 2025; Marton & Szent‐Iványi, 2025). An explanation of UK automated decision-making by the old shorthand of Article 22 alone would still be provided in a report. The Act provides a more liberal regime for purely automated decisions that have legal or other similarly important consequences, but only where there are safeguards, such as the provision of information about significant decisions, representations and challenge, and the provision of human intervention. It also involves having a significant human engagement in which decisions are rethought (Lloyd, 2025). The legal issue is whether the safeguards are real, i.e. whether challenge routes are effective in practice, whether information is sufficiently specific to be contestable, and whether human review is effective in practice and not merely nominal (Hodgson, 2019; Cate, 2016).
5.2 [bookmark: _Toc228177148]United States
The U.S. system is not empty, as fragmentation is not to be confused with regulatory emptiness (Lehmann, 2017). No single economy-wide federal law on AI that serves as an omnibus banking AI law exists. But the pragmatic regime is dense. The NIST AI RMF is cross-sectoral and voluntary, yet it has gained power due to the need of institutions to have a shared governance vocabulary in the face of inconsistent legal and supervisory touchpoints (AI, 2023). Simultaneously, banking organisations are still under strong expectations under SR 11-7, prudential supervision, consumer-protection regulations and third-party risk management. The U.S. predicament is thus one of congruency.
The intersection is most evident where AI is involved with customer outcomes. According to CFPB Circular 2022-03, even creditors who rely on complex or black-box algorithms have to give certain reasons as to why they took adverse action under ECOA and Regulation B (Griffith, 2023; Packin & Lev-Aretz, 2024). The technology used does not dilute the requirement (Consumer Financial Protection Bureau, 2022). This is important as it transforms explainability from an ethical ideal to a design constraint that is legal. When a bank is not able to state the reason as to why credit was not given or a limit decreased, it is not just that it has a problem with communications. It suffers compliance problem. The same is repeated on the supervisory side in the OCC Spring 2025 Risk Perspective, which says that AI is already used to detect fraud, in underwriting factors, to assist compliance and tailored recommendations, and warns that internal and third-party AI may create model, cybersecurity and compliance risks (Office of the Comptroller of the Currency, 2025). The Treasury 2024 report offers the strategic layer that highlights the need to focus on interagency coordination, review compliance before deployment, and focus more on third-party concentration, explainability and resilience (U.S. Department of the Treasury, 2024).
5.3 [bookmark: _Toc228177149]Comparative implication to JPMorgan
The point that makes the difference is that fragmentation does not decrease burden, but increases the cost of inconsistency. The UK requests JPMorgan to work in a principles-based, outcomes-driven regime in which AI should be safe, responsible, transparent enough to be put into context, and challengeable when there are material impacts. The U.S. requests the bank to fulfill a more intricate supervisory mosaic in which model risk, consumer protection, adverse-action disclosure, cyber resilience and third-party oversight overlap without a single statute. These regimes vary structurally, but operate operationally in the same way in requiring evidence that the bank is aware of where AI is applied, what data it relies on, what controls are in place, when human oversight is required, and how harms or disagreements can be escalated.
It is here that the Institutional Theory comes in handy and is not superfluous. The supervisors and law are sources of coercive pressure. Standards like the NIST AI RMF are sources of normative pressure, as well as new responsible-AI expectations in financial services. Mimetic pressure is created by peer institutions creating formal AI governance infrastructures since unregulated AI is becoming less and less prudent and more innovative (DiMaggio and Powell, 2000; Papagiannidis et al., 2025). These pressures are not going to give the same rules, but they are going to drive JPMorgan towards one enterprise control model. The jurisdiction-by-jurisdiction improvisation would be inferior since it would result in duplication, drift in definition and accountability loopholes. It is impossible to have a global bank with one loosely regulated AI stack in the U.S. and another, more regimented, stack in the UK without increasing the complexity of operations and regulatory risk.
The logical reaction is consequently a solitary enterprise AI control architecture with local legal overlays. Some of the common layer should consist of inventory, tiering, validation standards, third-party review, human-oversight triggers, incident management and board reporting. Jurisdiction-specific needs should then be covered by local overlays, such as UK protections against important automated decisions and U.S. adverse-action-explanation obligations. JPMorgan requires a single plausible system that is able to absorb regulatory variation without losing its consistency.
6. [bookmark: _Toc228177150]Customer Treatment, Ethical AI, Explainability and Conduct Risk
6.1 [bookmark: _Toc228177151]Customer treatment
Ethical AI in banking is not a values agenda in itself, but a matter of designing systems that impact customers in a manner that ensures results are equitable, understandable, challengeable and accountable. In banking, customer harm occurs at the interface of an AI output being transformed into an action that alters a customer’s access, price, priority or treatment. The apparent risk, in credit underwriting, is not just bias, in the statistical sense, but denial or repricing, which cannot be explained in terms that can be comprehended by a customer, regulator or complaints investigator. The trade-off in the context of fraud controls is the same but even sharper. JPMorgan notes that more powerful models have been used to detect suspicious logins, more risky transactions in the Chase app and a 21% annual decrease in fraud and scam claim rates across payment options (JPMorgan Chase & Co., 2026c). That demonstrates the positive aspect of AI. It also demonstrates the points of damage, as the same control logic that minimizes scams may incorrectly block valid payments, or slow down urgent transactions or cause repeated friction to genuine customers. Other comparable risks are in complaints triage, transaction monitoring, personalization, pricing and customer-service escalation. A misclassified model of complaints that can slow justifiable resolution can be created by the model. A personalization engine may turn out to be covert segmentation. A monitoring tool can generate too many false positives and turn them into customer friction.
Yeo et al. (2025) demonstrate that explainability in finance is a feasible adoption limit, rather than a cosmetic addition, and the CFPB is clear that a creditor cannot count on a complicated model if it cannot offer particular and correct justifications for adverse action (Consumer Financial Protection Bureau, 2022). The fact that unjust algorithmic recommendations can lead managers to discriminatory decisions without increased feelings of guilt only exacerbates the danger, as demonstrated by Ghasemaghaei and Kordzadeh (2024). Even a statistically powerful model may not be commercially usable, however, when the bank is unable to explain, challenge or defend the result it obtains.
6.2 [bookmark: _Toc228177152]Explainability, contestability and human review
Contestability is not a PR-accessory. It is the process that makes AI-enabled conduct failures become solidified into customer harm. The UK stance is now more operational and transparent than most of the drafts acknowledge. In certain instances, only automated significant decisions are allowed to be made under a more permissive regime by the Data (Use and Access) Act 2025, but only under the conditions of safeguards such as information rights, the right to make representations, the right to challenge, and the right to obtain human intervention (Lloyd, 2025). ICO advice on how to explain the decisions made with AI sharpens the practical need even more. It claims to assist organisations in explaining AI-assisted decisions to the individuals that the decisions impact, and emphasizes that the main goal of explanation is to justify a specific outcome to the individual whose interests are involved (Kazim and Koshiyama, 2020).
The U.S. arrives at the same destination, by another path. The CFPB Circular 2022-03 clarifies that the requirements of adverse-action notice apply to all credit decisions irrespective of the technology applied (Consumer Financial Protection Bureau, 2022). The credit is not the only logical connotation. In case a customer is denied access to credit, account access or a time-sensitive payment due to AI-assisted screening, the bank must have an avenue that generates a rationale, a challenge process and, where necessary, a human decision-maker with the power to reverse the decision. Guidance on automated decision-making by the ICO also makes a distinction between meaningful human involvement and nominal review. Banking trust is, however, not created through warm messaging but rather through effective dispute resolution. A bank that is unable to re-examine its own AI-assisted decisions cannot be trusted in any sense of the word in its operations, no matter how it talks about its brand language.
6.3 [bookmark: _Toc228177153]Control outcomes and Trust
The working controls have the output of trust as seen through the stakeholder lens. Customers desire just treatment and legitimate redress. Regulators desire paperwork, records and responsible proprietors. Investors desire AI usage that is disciplined so as to prevent unnecessary incidents. When there is a suspicion that there is something wrong with model outputs, employees desire to have clear routes of escalation and authority limits. The alignment of these interests is in governance (Freeman, 2010). This is the reason why the trust debate ought to be re-packaged as customer-outcome design and control architecture. Durongkadej et al. (2024) discover that the short-term cumulative loss of the abnormal return in AI incidents in banks and financial-services companies is on average 21.04%, and that there are lower operating cash flows. The 2025 survey by McKinsey also reveals that organisations that realise greater value with AI are also more inclined to redesign workflows, enhance governance and incorporate human-in-the-loop validation (Singla et al., 2025; Torre t al., 2025; Dai & Swaminathan, 2026). It is trust, then, which is left when governance is put to the test.
7. [bookmark: _Toc228177154]Recommendations and Implementation Roadmap
7.1 [bookmark: _Toc228177155]Target operating model
JPMorgan needs to implement a centralised standards-and-oversight but federated-execution operating model. The Enterprise AI Control Tower with the Chief Risk Officer as the chairperson and formally linked to Technology, Data, Compliance, Legal, Cybersecurity, Procurement and the key business lines should be located at the centre. In the case of JPMorgan, decentralised experimentation, in the absence of a shared control structure, is a false economy. The company has already hired 200,000 employees to use LLM Suite, there are already over 500 AI and ML applications in production, and it continues to invest heavily in AI, data and engineering capacity (JPMorgan Chase & Co., 2025; JPMorgan Chase and Co., 2026b). The local speed through fragmentation of governance would merely result in inconsistency across the enterprise.
There should be seven minimum requirements for the Control Tower. To start with, a required AI inventory of all business lines, with a unique identifier, owner responsible, business purpose, data dependencies, vendor dependencies and tier classification of each system (Sarioguz, 2025). Second, a tiered use-case taxonomy so that low-risk drafting assistance is not subject to regulation as though it were a credit model, and high-impact systems are not smuggled through light-touch approval. Third, all Tier 3 and Tier 4 systems need to be independently validated. Fourth, obligatory human inspection of outputs that have a material impact on customers and clear guidelines on when human intervention is necessary. Fifth, enhanced procurement requirements for third-party and foundation-model providers, such as provenance requirements, subprocessor mapping, incident notification, audit rights and exit planning. Sixth, model cards and system documentation that are standardised. Seventh, logging prompts, outputs, overrides and incidents at an enterprise level. This is the least architecture that can be scaled safely.
The ownership needs to be explicit in order to transform the target operating model into an executable model instead of an aspirational one. The AI Control Tower must establish standards, make exceptions and report to the Board Risk Committee, but delivery should not be dispersed across the three lines of defence and the major control functions in a way that accountability is evident at the use-case level, as opposed to being dissolved in central oversight (Falco et al., 2021; Locke & Bird, 2020).
[bookmark: _Toc228177161]Table 2 Named ownership matrix
	Role
	Primary responsibility
	Core outputs

	Chief Risk Officer, Chair of AI Control Tower
	Enterprise AI risk policy, escalation, risk appetite, board reporting
	Quarterly AI risk pack, approval of Tier 4 exceptions, incident escalation

	Chief Data Officer
	Data lineage, quality standards, retention, access governance, cross-border data mapping
	Data-control standards, lineage assurance, data-quality dashboards

	CIO/CTO
	Platform controls, model deployment standards, logging, security architecture
	Approved platforms, release controls, audit logs, environment segregation

	Chief Compliance Officer / General Counsel
	UK-U.S. regulatory overlays, consumer-protection review, documentation standards
	Regulatory mapping, customer-outcome review, legal escalation

	Chief Procurement Officer / Third-Party Risk Lead
	Vendor due diligence, audit rights, subcontractor transparency, exit planning
	Approved supplier list, vendor risk reviews, contract standards

	Business-line CEOs / Product owners
	First-line ownership of use case, outcomes, overrides, challenge routes
	Named accountable owners, use-case attestations, remediation actions

	Internal Audit
	Independent third-line assurance
	Annual assurance reviews, control-effectiveness testing



7.2 [bookmark: _Toc228177156]Four-phase implementation plan
Numerous companies are trying to compose elaborate approval policies when they are not even aware of where AI is being implemented. That is backwards. JPMorgan ought to roll out the programme in such a way that visibility precedes design, design precedes scale and live assurance precedes strategic expansion (Danzer, 2023). It ought to also enforce strict gating policies. No new Tier 4 deployment is permitted to be put into operation before Phase 2 controls are in operation and no extension of Tier 3 or Tier 4 use cases are permitted to be put into operation before Phase 3 proves that controls are functioning in production and not just on paper. The McKinsey 2025 survey comes in handy in this case since it indicates that organisations that reap more value of AI are more likely to redesign workflow, develop and monitor KPIs, and place senior leaders at the helm of governance and include human-in-the-loop validation in business processes (Singla et al., 2025). The scaling firms are the successful ones who are not the ones that have the loosest controls. It is they who have more disciplined operation.
[bookmark: _Toc228177162]Table 3 Implementation roadmap for JPMorgan Chase
	Phase
	Timing
	Core workstream
	Deliverables and control intent
	KPI

	Phase 1: Inventory and risk classification
	Months 1-3
	Visibility and ownership
	Map every AI/ML system across credit, fraud, service, compliance, surveillance and internal productivity; assign business owner, risk owner, data owner and tier
	100% inventory completion; 100% of Tier 3 and Tier 4 systems with named accountable owners

	Phase 2: Control design and approval standards
	Months 4-9
	Control architecture
	Define validation requirements, human-oversight triggers, incident thresholds, change-control rules, vendor review requirements, documentation templates and release gates
	No unapproved external-model deployment; all Tier 4 systems independently validated before release

	Phase 3: Assurance and stress testing
	Months 10-15
	Proof under live conditions
	Run drift monitoring, bias testing, scenario analysis, override-quality reviews, red-team testing and incident drills; test dispute-resolution routes
	Remediation plan within 30 days of every material breach; reduction in unexplained override variance; zero repeat critical incidents

	Phase 4: Strategic scaling
	Months 16-24
	Controlled expansion
	Scale Tier 1 and selected Tier 2 use cases; expand Tier 3 and Tier 4 only where monitoring, challenge routes and assurance results meet thresholds
	Efficiency gains in target workflows without increase in substantiated customer-harm incidents or regulatory breaches


The periods 1-4 are to be viewed as gates and not calendar milestones. The growth of Tier 3 and Tier 4 use cases should thus be based on the monitoring outcomes, challenge-route performance and incident performance instead of internal passion. The programme can only be successful when the rate of deployment is subject to control readiness. 
The 24-month AI-governance programme is estimated to cost between US 55 million and US 80 million (excluding wider AI product-development expenditure). That includes inventory tooling, validation capacity, monitoring infrastructure, third party due diligence, training, red-team testing and independent assurance. This is sufficiently large to be a formal budget sponsorship, called owners and quarterly benefits tracking, in the case of a bank of the size of JPMorgan.
[bookmark: _Toc228177163]Table 4 Estimated implementation costs
	Phase
	Main cost drivers
	Indicative cost

	Phase 1:  
	inventory tooling, data mapping, use-case discovery, owner assignment
	US$6m-10m

	Phase 2:  
	validation tooling, policy drafting, documentation templates, vendor due diligence
	US$18m-28m

	Phase 3:  
	drift monitoring, red teaming, bias testing, scenario analysis, internal assurance
	US$15m-22m

	Phase 4:  
	training, workflow redesign, controlled scale-up, external assurance support
	US$16m-20m

	Total
	24-month governance programme
	US$55m-80m



7.3 [bookmark: _Toc228177157]Board dashboard and assurance model
Vanity measures like prompts created, pilots launched or employees testing chatbots should not be reported to the board. They are measures of activities, not measures of control. Board reporting on a quarterly basis should rather concentrate on the completeness of the control architecture, the increasing number of exceptions and the accelerating customer or supervisory exposure that is exceeding the ability of the management to contain it. The board must at least view the inventory coverage, validation exceptions, model-drift violations, override rates and override quality, number of incidents by tier, a third-party dependency map, complaints associated with AI-assisted processes, negative customer-outcome reviews, and regulatory findings and remediation status. This is what enables the board to determine whether the deployment rate is in line with the control preparedness as opposed to internal motivation.
[bookmark: _Toc228177164]Table 5 Quarterly board dashboard
	Dashboard item
	Why the board should care

	Inventory coverage
	Shows whether the bank actually knows where AI is operating

	Validation exceptions
	Reveals where deployment is outrunning control readiness

	Model-drift breaches
	Indicates when live behaviour is diverging from validated expectations

	Override rates and override quality
	Shows whether staff judgment is compensating for weak models

	Incident counts by tier
	Distinguishes nuisance errors from material customer or regulatory events

	Third-party dependency map
	Identifies concentration and substitution risk across providers

	Complaints linked to AI-assisted processes
	Converts ethics language into observable conduct outcomes

	Adverse customer-outcome reviews
	Tests whether decisions remain defensible in practice

	Regulatory findings and remediation status
	Shows whether supervisory concern is accumulating or being closed out


The assurance model must be placed directly within the three lines of defence. The first line owns the use case and its results. The second line tests design, validation, vendor-risk and compliance assumptions. The third line is Internal Audit, which checks that the reported controls are functioning as intended. Here is the point of application of the Resource-Based View. The ability to govern AI becomes a strategic resource as it enables the bank to scale Tier 1 and Tier 2 tools more quickly, with less debate over ownership, and fewer pockets of uncontrolled experimentation, and to reduce the downside in Tier 3 and Tier 4 systems where failure is more costly (Barney, 2000; Xia et al., 2026). AI-enabled productivity is, in that regard, not the foe of good governance. It is the state that enables productivity to accrue without becoming conduct and resilience breakdowns.
8. [bookmark: _Toc228177158]Conclusion 
JPMorgan should control AI as a bank-wide control architecture issue. Its size, the regulatory exposure and deployment that have taken place in credit, fraud, personalization, customer service and internal workflows dictate that the central management challenge now is governance differentiation, including the understanding of which systems can be moved quickly, which systems need more validation, and which systems must be kept closely contestable because they influence customer outcomes or supervisory exposure. The appropriate strategic reaction is to isolate low-risk productivity tools from customer-impacting and high-impact decision systems and to regulate them with significantly different data controls, validation, explanation, human review and incident response thresholds.
 


9. [bookmark: _Toc228177159]References
1) AI, N. (2023). Artificial intelligence risk management framework (AI RMF 1.0). URL: https://nvlpubs. nist. gov/nistpubs/ai/nist. ai, pp.100-1.
2) AI, N. (2024). Artificial intelligence risk management framework: Generative artificial intelligence profile. NIST Trustworthy and Responsible AI Gaithersburg, MD, USA.
3) Authority, F.C. (2025). AI and the FCA: Our Approach. Financial Conduct Authority (FCA): London, UK.
4) Bank of England. (2025). Financial Stability in Focus: Artificial intelligence in the financial system. Bank of England. https://www.bankofengland.co.uk/financial-stability-in-focus/2025/april-2025
5) Barney, J.B. (2000). Firm resources and sustained competitive advantage.
6) Biswas, S., Carson, B., Chung, V., Singh, S. and Thomas, R. (2020). AI-bank of the future: Can banks meet the AI challenge. New York: McKinsey & Company, p.28.
7) Board of Governors of the Federal Reserve System. (2011). Supervisory guidance on model risk management (SR 11-7). Board of Governors of the Federal Reserve System. https://www.federalreserve.gov/supervisionreg/srletters/sr1107a1.pdf
8) Boobier, T. (2020). AI and the Future of Banking. John Wiley & Sons.
9) Cate, F.H. (2016). The failure of fair information practice principles. In Consumer Protection in the Age of the'Information Economy' (pp. 341-377). Routledge.
10) Christensen, J. (2021). AI in financial services. In Demystifying AI for the Enterprise (pp. 149-192). Productivity Press.
11) Chubaka, B., Manary, C., Mohr, A. and Wilson, S. (2025). Reducing Administrative Burdens For Families in Need 2024-2025: Capstone Final Report.
12) Consumer Financial Protection Bureau. (2022). Consumer Financial Protection Circular 2022-03: Adverse action notification requirements in connection with credit decisions based on complex algorithms. CFPB. https://www.consumerfinance.gov/compliance/circulars/circular-2022-03-adverse-action-notification-requirements-in-connection-with-credit-decisions-based-on-complex-algorithms 
13) Cosma, S., Rimo, G. and Torluccio, G. (2023). Knowledge mapping of model risk in banking. International Review of Financial Analysis, 89, p.102800.
14) Charlesworth, A., Fotheringham, K., Gavaghan, C., Sanchez-Graells, A. and Torrible, C. (2023). Response to the UK’s March 2023 White Paper ‘A Pro-innovation Approach to AI Regulation’.
15) Dai, T. and Swaminathan, J.M. (2026). Artificial Intelligence and Operations: A Foundational Framework of Emerging Research and Practice. Production and Operations Management.
16) Danzer, C.B. (2023). The Acquisition of JP Morgan & Co. Inc. by Chase Manhattan Corporation in Year 2000-What were the Key Drivers, Challenges, and Outcomes of the Post-Merger Integration Process afteR JP Morgan & Co. Inc. and Chase Manhattan Corporation Merged, and how Did this Merger Affect the Financial Services Industry? (Master's thesis, Universidade NOVA de Lisboa (Portugal)).
17) DiMaggio, P.J. and Powell, W.W. (2000). The iron cage revisited institutional isomorphism and collective rationality in organizational fields.
18) Durongkadej, I., Hu, W. and Wang, H.E. (2024). How artificial intelligence incidents affect banks and financial services firms? A study of five firms. Finance Research Letters, 70, p.106279.
19) Falco, G., Shneiderman, B., Badger, J., Carrier, R., Dahbura, A., Danks, D., Eling, M., Goodloe, A., Gupta, J., Hart, C. and Jirotka, M. (2021). Governing AI safety through independent audits. Nature Machine Intelligence, 3(7), pp.566-571.
20) Freeman, R.E. (2010). Strategic management: A stakeholder approach. Cambridge university press.
21) Ghasemaghaei, M. and Kordzadeh, N. (2024). Understanding how algorithmic injustice leads to making discriminatory decisions: An obedience to authority perspective. Information & Management, 61(2), p.103921.
22) Griffith, M.A. (2023). AI lending and the ECOA: Avoiding accidental discrimination. NC Bank. Inst., 27, p.349.
23) Hodgson, J. (2019). The challenge of universal norms: Securing effective defence rights across different jurisdictions and legal cultures. Journal of Law and Society, 46, pp.S95-S114.
24) Jameaba, M.S. ( 2024). Digitalization, emerging technologies, and financial stability: challenges and opportunities for the Indonesian banking sector and beyond. Emerging Technologies, and Financial Stability: Challenges and Opportunities for the Indonesian Banking Sector and Beyond (April 26, 2024).
25) JPMorgan Chase & Co. (2025). Trending at JPMorganChase’s 10th Annual Innovation Week. JPMorgan Chase & Co. https://www.jpmorganchase.com/about/technology/blog/innovation-week25
26) JPMorgan Chase & Co. (2026a). Annual report 2025. JPMorgan Chase & Co.  https://www.jpmorganchase.com/ir/annual-report 
27) JPMorgan Chase & Co. (2026b). Future-Proofing the Company and Our Operations. JPMorgan Chase & Co. https://www.jpmorganchase.com/content/dam/jpmc/jpmorgan-chase-and-co/investor-relations/documents/line-of-business-ceo-letters-to-shareholders-2024.pdf 
28) JPMorgan Chase & Co. (2026c). 2026 Company Update Transcript – Firm Overview. JPMorgan Chase & Co. https://www.jpmorganchase.com/content/dam/jpmc/jpmorgan-chase-and-co/investor-relations/documents/2026-company-updates/company-update-firm-overview-transcript.pdf 
29) Kazim, E. and Koshiyama, A. (2020). Explaining decisions made with AI: a review of the co-badged guidance by the ICO and the Turing Institute. Available at SSRN 3656269.
30) Kumari, B., Kaur, J. and Swami, S. (2021). System dynamics approach for adoption of artificial intelligence in finance. In Advances in Systems Engineering: Select Proceedings of NSC 2019 (pp. 555-575). Singapore: Springer Singapore.
31) Lehmann, M. (2017). Legal fragmentation, extraterritoriality and uncertainty in global financial regulation. Oxford Journal of Legal Studies, 37(2), pp.406-434.
32) Lloyd, I. (2025). UK: The Data (Use and Access) Act 2025—Data Protection and More. Computer Law Review International, 26(3), pp.111-115.
33) Locke, N. and Bird, H. (2020). Perspectives on the current and imagined role of artificial intelligence and technology in corporate governance practice and regulation. Perspectives on the Current and Imagined Role of Artificial Intelligence and Technology in Corporate Governance Practice and Regulation (February 9, 2020). Australian Journal of Corporate Law.
34) Marton, P. and Szent‐Iványi, B. (2025). Minding the Gaps: Solidaristic Transfers and Burden‐Sharing in the European Union and Its Member States' Pandemic Response. JCMS: Journal of Common Market Studies, 63(6), pp.1966-1983.
35) Medina Gonzalez, J.J. (2025). The AI Imperative: Reshaping Global Investment Banking in the Decade Ahead. Available at SSRN 5272841.
36) Office of the Comptroller of the Currency. (2025). Semiannual Risk Perspective: Spring 2025. OCC. https://www.occ.gov/publications-and-resources/publications/semiannual-risk-perspective/files/pub-semiannual-risk-perspective-spring-2025.pdf 
37) Packin, N.G. and Lev‐Aretz, Y. (2024). Decentralized credit scoring: Black box 3.0. American Business Law Journal, 61(2), pp.91-111.
38) Papagiannidis, E., Mikalef, P. and Conboy, K. (2025). Responsible artificial intelligence governance: A review and research framework. The Journal of Strategic Information Systems, 34(2), p.101885.
39) Pokorny, L. (2026). Optimizing AI-Driven Anomaly Detection and Automated Response Orchestration for Multi-Sector Cyber Defense: A Comparative Framework for Military, Critical Infrastructure, Corporate, and Financial Systems.
40) Ratzan, J. and Rahman, N. (2024). Measuring responsible artificial intelligence (RAI) in banking: a valid and reliable instrument. AI and Ethics, 4(4), pp.1279-1297.
41) Roopram, S. (2025). Strategic Leadership for Digital Resilience: Developing a Human–AI Synergy Model for Risk-Intensive Industries in Emerging Economies. Doctorate in Business Leadership & Management.
42) Sarioguz, O. (2025). Enhancing supply chain visibility through generative AI and intelligent control tower systems. International Journal of Science and Research Archive, 15(3), pp.1568-1581.
43) Singla, A., Sukharevsky, A., Yee, L., Chui, M. and Hall, B. (2025). The state of AI. How Organizations are Rewiring to Capture Value. Publisher: McKinsey.
44) Torre, F., Hägertz Engstam, L., Teigland, R. and Shekshnia, S. (2025). AI Strategy, Leadership, Talent and Workforce, and Transformation. In AI Leadership for Corporate Boards: Leading Responsible AI for Value Creation (pp. 15-50). Cham: Springer Nature Switzerland.
45) U.S. Department of the Treasury. (2024). Artificial intelligence in financial services. U.S. Department of the Treasury. https://home.treasury.gov/system/files/136/Artificial-Intelligence-in-Financial-Services.pdf 
46) Van Greuning, H. and Bratanovic, S.B. (2020). Analyzing banking risk: a framework for assessing corporate governance and risk management. World Bank Publications.
47) World Economic Forum. (2025). Artificial intelligence in financial services. World Economic Forum. https://reports.weforum.org/docs/WEF_Artificial_Intelligence_in_Financial_Services_2025.pdf 
48) Xia, H., Chen, H., Zhang, J.Z. and Kamal, M.M. (2026). Exploring the impact of responsible AI governance on corporate performance: A quasi-natural experiment. Technological Forecasting and Social Change, 223, p.124425.
49) Yanney, A.A.S. (2025). Redefining corporate financial governance through AI-Powered predictive models for global business risk management. International Journal of Research Publication and Reviews, 2(6), pp.25-49.
50) Yeo, W.J., Van Der Heever, W., Mao, R., Cambria, E., Satapathy, R. and Mengaldo, G. (2025). A comprehensive review on financial explainable AI. Artificial Intelligence Review, 58(6), p.189.





image2.png




image1.png




