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[bookmark: _Toc228047115]Executive Summary
The application of artificial intelligence (AI) is fundamentally transforming credit decision-making in the bank industry globally, offering efficiency benefits, but risking bias in the algorithm, regulatory violations, and loss of customer trust. This report proposes how Barclays PLC can address these obstacles, in light of a PESTLE analysis of the UK and the European Union (EU) regulatory environments, and the competitive analysis in terms of Porters Five Forces.
The analysis also gives four major points of risk i.e. discriminatory practices in AI-based credit scoring; lacks capacity to explain automated decision; cross-regulatory expectations; and reputational risk through failure of AI-related ethical practices. These are strategic risks that could undermine the market positioning and competitiveness of Barclays in the long term. The central thesis of the report is that the regulation of AI should not be a compliance measure, but rather an ethical standard, and the research facts supplied within it allow justifying this idea.
The report suggests three implementation steps, including short-term governance reforms (0-12 months), mid-term integration of Explainable AI (XAI) and fairness-conscious modelling (1-3 years), and long-term establishment of ethical AI as a strategic differentiator (3-5 years). Recommendations are priced, outcome-based, and include specific checklists. Barclays can also strategically position itself to set sector-wide standards for responsible AI rather than responding to external directives.
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[bookmark: _Toc228047116]Introduction
The spread of artificial intelligence within the financial services sector has shifted to experimental deployment to operational infrastructure. In the credit markets, machines have now taken over lending decisions for millions of consumers, with claims of efficiency and accuracy, but systemic risks that regulators, academics, and civil society have only just begun to scrutinise in their full dimensions. The implementation of AI in credit scoring and lending in the case of Barclays PLC, one of the most geographically diversified and the largest banking groups in the world, is not the future but a present reality with both short-term and long-term consequences of strategy.
The report is presented to RFD Global in competition internship application and to top executives in Barclays risk, compliance and strategy areas. It is founded on the thesis that. 
This report has been designed to be used on behalf of RFD Global as a competition internship application to a top decision-maker in the risk, compliance and strategy departments of Barclays. It is anchored on the main thesis that ethical AI governance is a precondition to competitive advantage and not a compliance issue. The primary distinguishing factor of retail banks is the trust of consumers, and the control of algorithmic systems is becoming increasingly more rigid. Those institutions that have observed fairness, explainability and accountability best will be at a better position when it comes to retaining their franchises and reshape the sector. The analysis, risk management and implementation sections that follow support the construction and support of this thesis.
Two regulatory environments have been analyzed, the United Kingdom and the European Union. It applies the PESTLE framework and Five Forces of Porter to put the problems of Barclays in the competition and macroeconomic context. The report focuses specifically on credit scoring and the automated decisions on lending, where the tension between the efficiency of operations and the ethical duty is the most acute. It comes after the discovery that the reactive compliance is not sufficient as a long-term strategic posture.
[bookmark: _Toc228047117]Company Overview and AI Context
Barclays PLC is a universal British multinational bank based in London, operating in over 40 countries, employing around 83,500 people, and possessing total assets of more than 1.5 trillion (Barclays, 2024b). The company has two major divisions: Barclays UK, which serves retail and small-business customers, and Barclays International, which includes corporate and investment banking, as well as a large consumer credit portfolio in the United States. This two-jurisdiction exposure means that Barclays is simultaneously subject to the principles-based regulatory regime of the UK and the more prescriptive legislative regime of the EU.
Barclays has made a significant investment in machine learning and AI. The 2024 annual report recognises the use of AI in the bank to model credit risk, detect fraud, analyse customer behaviour, and optimise operations, but also notes AI-related model risk, data governance lapses, and regulatory uncertainty as significant risk factors (Barclays, 2024a). This is a frank admission of a wider industry truth: a survey of AI adoption in UK financial services, commissioned by the Bank of England (2024), revealed that machine learning models have become embedded into primary credit decision pipelines of most of the largest retail banks, but internal governance structures often remain behind the implementation. The main issue this report will address is the discrepancy between what Barclays has committed to in terms of governance (Barclays, 2022) and what is actually done in model development and output monitoring.
[bookmark: _Toc228047118]PESTLE Analysis
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Figure 1: PESTLE factors influencing AI credit decision environment (Self-made)
[bookmark: _Toc228047119]Political and Regulatory Environment
The political and regulatory context of AI in financial services is defined by both pressure on one hand, on national regulatory reform, and at the same time, on the other, on the international level, and increased parliamentary oversight of automated decision-making. The 2023 white paper on AI regulation by the UK government adopted a notably non-regulatory, principles-based framework and shared regulation across the current sectoral regulators, rather than creating a dedicated AI regulator (GOV.UK, 2023). This attitude of promoting innovation creates uncertainty in governance, as firms interpret general principles into their own operational requirements.
The primary responsibility in AI regulation in retail credit markets has been taken over by the Financial Conduct Authority (FCA). The introduction of its Consumer Duty in 2022 imposes a substantive duty to deliver good outcomes for retail customers, and this duty is expressly applied to automated decision-making processes (FCA, 2022a). The FCA's feedback statement on AI and machine learning is an indicator of the regulator shifting towards more proactive supervision of model risk management, without yet prescribing technical standards (FCA, 2022b). The government guidance on applying AI regulatory principles in 2024 asks regulators to incorporate five AI principles safety, transparency, fairness, accountability, and contestability into the existing supervisory frameworks, i.e. model governance should be integrated in the Senior Managers and Certification Regime (SM&CR) infrastructure (GOV.UK, 2024). The political intent to take action against perceived AI discrimination is strong, supported by the 2020 review of algorithmic bias, which found that automated systems were generating discriminatory results based on race and socioeconomic status, with insufficient mechanisms to challenge them (GOV.UK, 2020). The increased involvement of responsible AI in ESG disclosure systems also increases the pressure in politics and institutions (Vukovic, Dekpo-Adza, and Matovic, 2025).
[bookmark: _Toc228047120]Technological Change
The technology behind the AI-based credit scoring has changed significantly, as the gradient boosting algorithms, deep neural networks, and ensemble models have replaced the traditional logistic regression throughout the industry. The report on machine learning in UK financial services by the Bank of England (2022) cited this interpretability deficit as the biggest governance issue in the sector, with the most accurate models being the least transparent about how they make their decisions. This systematic review by Helmi Ayari, Guetari, and Kraiem (2025) confirms that performance-interpretability trade-offs continue to be a characteristic of state-of-the-art credit scoring systems, and that agreement is needed on how institutions ought to handle the tension between the two within regulatory expectations.
Open banking data and behavioural analytics, among other alternative data, are the new sources of credit scoring pipelines and they pose profound questions on data provenance and bias. The inclusion of non-traditional data, whether deliberately or not, can be a surrogate of the attribute that has been preserved, leading to discriminatory results, which are difficult to detect according to traditional validation tools. It is against this that new Explainable AI (XAI) software, including SHAP, LIME, and post-hoc interpretability techniques, could provide viable technical solutions to the problem of opacity, and a systematic review by Yeo et al. (2025) has shown that such techniques are being increasingly empirically validated in financial applications.
[bookmark: _Toc228047121]Economic and Policy Context
The macroeconomic environment significantly affects the risk profile of AI-based credit models. Pre-pandemic trained models were systematically miscalibrated during the COVID-19 economic shock, as behavioural patterns were no longer representative of the past. The current wave of high inflation and rising interest rates has added further pressure on consumer credit portfolios, heightening the stakes for credit scoring accuracy and the distributional implications of algorithmic credit denial. In a higher-rate environment, discriminatory lending outcomes increase the social and political costs for affected consumers, as they find it more difficult to access alternative finance. Governments under strain from housing affordability and financial exclusion are increasingly concerned about evidence that AI-supported lending will contribute to inequality and, thus, the possibility of regulatory or legislative action in response to documented discriminatory consequences.
Table 1: Focused PESTLE Summary AI in Credit Decision-Making at Barclays
	Factor
	Key Dynamic
	Implication for Barclays

	Political
	UK principles-based AI regulation; growing parliamentary scrutiny
	Regulatory ambiguity creates interpretation risk; proactive FCA engagement is advisable

	Economic
	Higher-rate environment amplifies consequences of credit miscalibration
	Greater reputational and political exposure if AI systems discriminate

	Social
	Consumer awareness of automated decisions; declining trust in opaque systems
	Customer attrition and reputational risk if explainability is inadequate

	Technological
	Rapid AI model evolution; maturing XAI methods; alternative data expanding
	Opportunity to deploy XAI for compliance and trust; risk of bias via proxy variables

	Legal
	FCA Consumer Duty; UK GDPR Article 22; EU AI Act extraterritorial reach
	Compliance obligations span jurisdictions; divergent standards require differentiated governance

	Environmental
	ESG integration in AI governance; social footprint of algorithmic exclusion
	Responsible AI narratives intersect with ESG disclosure obligations.


[bookmark: _Toc228047122]AI Risk Management Analysis
[bookmark: _Toc228047123]Taxonomy of AI Risks in Credit Decision-Making
The risk environment that Barclays will face in AI-based credit operations can be organised into four dimensions, interconnected with one another. The former is model risk: the possibility that credit scoring models can generate systematically misleading predictions due to bad assumptions, poor training data, or distributional drift between the training and deployment settings. The qualitative model risk of AI systems cannot be compared to the traditional statistical model risk because the complexity of algorithms renders the usual methods of validating models partially ineffective (Abbas, 2025). It has been shown that models with high aggregate performance can incorporate systematic error concentrated within safeguarded demographic groups (Chen, Calabrese, and Belén Martín-Barragana, 2024).
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Figure 2: Taxonomy of AI risks in credit decision-making (Self-made)
The second is discrimination and risk of algorithm bias. Variables that are often used in credit prediction, even when protected characteristics are explicitly not included in the model inputs, such as postcode, employment sector, and transaction behaviour, can serve as proxies, carrying historical social inequalities into automated lending decisions. The implications for Barclays include regulatory actions, civil suits, and reputational loss, which are not commensurate with the operational cost reductions AI brings. The third dimension is operational and systemic risk: a failure in one model can spread thousands of credit decisions before it is discovered, and the interdependence of AI systems across financial institutions can result in correlated failures that increase systemic risk in sectors (Sargeant, 2022). Fourth is strategic risk, which includes over-dependence on AI systems, lock-in with third-party model providers, and the loss of the human skills in credit evaluation (Jammalamadaka and Itapu, 2022).
[bookmark: _Toc228047124]Risk Management Frameworks
The risk management standard ISO 31000 provides a framework for integrating AI-specific risks. The ISO 31000 standard establishes a framework for risk identification, assessment, treatment, monitoring, and review that is flexible enough to be adapted to AI-specific problems (GrooveSquid.com, 2025). Nevertheless, implementing ISO 31000 for AI risk requires considerable modification. The assumption in the standard that risks can be identified with reasonable precision before materialisation is disputed by the very fact that complex machine learning models are inherently opaque and that failure modes can only be discovered through post-deployment monitoring, not through pre-deployment validation.
One of the major shortcomings of current frameworks is their insufficient attention to distributional outcomes. In traditional model risk management, aggregate performance is measured; it is not measured whether model errors occur randomly over the population, or are concentrated in particular demographic groups. To do so, it is necessary to incorporate fairness indicators into model validation processes, which remain an emerging feature in most large banks (Bank of England, 2022). Various competing mathematical definitions of fairness, such as demographic parity, equalised odds, and calibration, are often mutually incompatible, e.g. optimising one criterion could violate another. This technical complication requires that institutions explicitly and in writing decide which fairness criteria take priority and why.
[bookmark: _Toc228047125]Competitive Context: Porter's Five Forces
Five Forces analysis (Porter, 2008) is a methodical way of appreciating the forces of competition that informs the reaction of Barclays to AI governance pressures. It helps to uphold the thesis of the report that responsible AI governance is a strategic resource and not a liability.
the threat of new entrants in the consumer credit based on AI is high. Fintech lenders, including Monzo, Starling, and alternative finance providers specialized in lending, can operate on modern technology stacks that can process model iteration quicker than their incumbent peers using legacy technology, and less compliance overhead. Their entry makes margins tighter and forces Barclays to move quickly into AI use, which may lead to a decrease in focus on bias and fairness testing. The open banking regulations have contributed to the material increase in the bargaining power of buyers because of the reduced switching costs and increased access to comparison tools by consumers. This puts the power in the hands of borrowers and heightens the reputational expense of perceived unfairness: an applicant who is denied by an algorithm gains more and more significant avenues to sue by use of regulatory complaints, social media activism, and litigation.
The most powerful suppliers are those providing third-party data and those supplying models. Barclays is vulnerable to concentration risk and governance complexity because it depends on proprietary external data sources since it cannot be able to gain full transparency on the provenance and biases of the sources. As peer-to-peer lending expands, risks of substitutes, Buy Now Pay Later, and credit based on cryptocurrencies, all expose Barclays credit origination volumes to competition. Finally, other banks are becoming more competitive in their rivalry by leveraging AI capabilities as a competitive edge. This competition motivates the incentive of prioritising model performance over governance rigour, which Barclays must not in the context of ethical AI being perceived as a compliance cost rather than long-term competitive advantage generator.
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Figure 3: AI Risk Matrix Credit Decision-Making at Barclays (Likelihood vs. Impact)
Table 2: Risk Priority Summary
	Risk
	Likelihood
	Impact
	Priority

	Algorithmic Bias (proxy discrimination)
	High
	High
	Critical

	Model Drift (macroeconomic shift)
	High
	High
	Critical

	Regulatory Non-Compliance (Consumer Duty; GDPR)
	Medium
	Very High
	Critical

	Reputational Damage (public disclosure of bias)
	Medium
	Very High
	Critical

	Third-Party Model Risk (external data bias)
	Medium
	High
	High

	Explainability Deficit (adverse action notice)
	Medium
	Medium
	Medium



[bookmark: _Toc228047126]Regulatory Comparison: UK and European Union
[bookmark: _Toc228047127]The UK Regulatory Landscape
The UK's policy towards AI regulation in financial services is indicative of a conscious decision to prioritise flexibility over prescriptive rule-making. The 2023 AI regulation white paper stated five cross-sectoral principles: safety and security, transparency and explainability, fairness, accountability and governance, and contestability and redress, but did not codify them, instructing current regulators to implement them within existing frameworks (GOV.UK, 2023). In the case of the FCA, this would mean that companies should demonstrate compliance through current SM&CR accountability frameworks, rather than through technical standards specifically addressing AI compliance.
The ICO's guidance on explaining AI decisions states that Article 22 of the UK GDPR grants individuals the right not to be subject to automated decisions with significant legal consequences, and the right to a meaningful explanation of those decisions (ICO, 2023). Under credit scoring, this results in a direct legal requirement to explain in terms comprehensible to a layperson and capable of challenge. The ICO's principles of AI decision-making provide a substantive standard for evaluating Barclays' existing practices in explanation (ICO, 2024). A research note by the FCA (2025) on the use of AI in credit decisions indicates that the regulator is taking proactive steps to determine whether current disclosure practices meet the standard.
[bookmark: _Toc228047128]The EU Regulatory Landscape
The EU AI Act that will be in effect in 2024 and fully in effect in 2026 is the first broad legislation that seeks to regulate the AI systems in the world. It classifies AI applications into four levels, namely unacceptable risk (prohibited), high risk (extensive pre-deployment obligations), limited risk (transparency obligations), and minimal risk (unregulated) and places AI systems in credit scoring under the high-risk category (Vukovic, Dekpo-Adza and Matovic, 2025). The classification involves mandatory evaluations of conformity, technical documentation, subscribing to a publicly accessible EU database, human supervision procedures and system of post-marketing controls.
EU AI Act and Barclays are most directly applicable to each other through its extraterritoriality. The Act will apply to any provider/deployer of AI systems posting outputs to the EU market or affecting people within the EU, irrespective of the location of the provider. The extensive activities of Barclays in Europe subject its AI systems to the provisions of the Act. In the case of the most severe offences, the non-compliance fines are between 30m to 6 per cent. of global annual turnover, which is a material financial risk in the case of Barclays. In the EU model, a totally different regulatory philosophy the UK is motivated by a system of outcome-based supervision, the EU has obligations based on technology-oriented and legally binding processes.
[bookmark: _Toc228047129]Critical Evaluation of Regulatory Divergence
The variations in the regulation of AI between the UK and EU present a strategic issue that is a real challenge to a multinational bank. Barclays can either implement AI governance to the more stringent EU standard, which would provide one, cross-jurisdictional governance structure, or it can remain with parallel systems that are locally optimal but globally inconsistent. The latter is linked to higher initial compliance costs, greater long-term operational and reduced risks of regulatory arbitrage claims. The latter is not only flexible on a short term basis but also leads to fragility since the requirements in both jurisdictions continue to vary. We know that both regimes are converging towards the accountability and explainability standards, and it is a strategy to adjust to the EU standard and apply it as a working standard.
Table 3: Regulatory Comparison UK vs. EU AI Frameworks in Credit Decision-Making
	Dimension
	United Kingdom
	European Union

	Legislative basis
	Principles-based; no primary AI legislation
	EU AI Act (2024); binding regulation

	Risk classification
	Outcome-based; FCA discretion
	Four-tier hierarchy; credit scoring = high-risk

	Pre-deployment requirements
	Internal governance; FCA notification for novel models
	Mandatory conformity assessment; technical documentation

	Explainability obligation
	UK GDPR Article 22; ICO guidance
	AI Act Article 13; GDPR Article 22

	Enforcement body
	FCA; ICO
	EU AI Office; National Market Surveillance Authorities

	Maximum penalty
	Unlimited (FCA); £17.5m / 4% turnover (ICO)
	€30m or 6% of global turnover

	Extraterritorial reach
	Limited
	Broad applies to any system affecting EU persons

	Policy philosophy
	Pro-innovation, flexible
	Consumer protection-centred, prescriptive


[bookmark: _Toc228047130]Data Governance and Ethical AI
[bookmark: _Toc228047131]Algorithmic Fairness in Credit Scoring
The body of research on algorithmic discrimination in credit markets has expanded significantly, yielding strong empirical results on discriminatory outcomes and controversial theoretical attempts to address them. Bartlett et al. (2021) found that FinTech mortgage lenders in the United States were charging higher interest rates to Black and Hispanic borrowers than to similarly creditworthy white borrowers, even after adjusting for creditworthiness, and that discriminatory trends were observed in human and algorithmic lending decisions. Although the US regulatory environment is not comparable to the UK, the proxy discrimination through the geographically and behaviourally correlated variables can be directly applied in the UK.
Discrimination in AI credit scoring occurs through three main mechanisms. The former is the utilisation of variables that act as proxies for the characteristics being controlled: postcode represents residential segregation patterns, employment sector is an indicator of occupational segregation by gender and ethnicity, and educational institution attendance is a measure of socioeconomic background (Cristina, Gomes and Rigobon, 2023). The second is bias in historical data; under this, models trained on historical lending decisions assume the discriminatory behaviour of previous human underwriters. The third is amplification of feedback loops, in which discriminatory credit refusal leads to less credit history accretion in discriminated populations, impairing subsequent scoring and forming a vicious cycle of financial exclusion.
Studies have found several mathematical definitions of fairness, demographic parity, equalised odds, and calibration that are not mutually incompatible: one commonly satisfies the others (Hurlin, Perignon, and Saurin, 2021). This is a basic normative conflict regarding what fairness entails in the assignment of credit. Barclays must devise particular, documented evaluations of the principles of fairness that its models fulfill and be prepared to defend in front of regulators, courts, and the general population. Genovesi et al. (2023) contend that the optimal fairness standards to assess creditworthiness need to be interdisciplinary, comprising contributions of computer science, law, and ethics because there is no technical definition that best reflects the normative complexity of the problem. The FCA research note (2025) confirms that the reasons provided to applicants who are rejected credit are frequently insufficient to permit meaningful challenge, and Agarwal, Muckley, and Neelakantan (2023) present evidence that model-agnostic interpretability models can greatly reduce the adverse impacts of discrimination without impairing prediction. Similar concepts are supported by Mariscal et al. (2024) and de Castro Vieira et al. (2025), who conclude that systematic fairness-conscious model design can bring about measurable improvements to discriminative outcomes in a diverse range of credit portfolio models.
[bookmark: _Toc228047132]Explainability and Transparency
The need to report AI-based credit applications is not just a legal requirement, but also an ethical one, and the fact that the essence of the report reflects a business opportunity is a business opportunity. According to the law, the UK GDPR Article 22 and ICO guidance stipulates that the person receiving the automated credit decision is entitled to a meaningful explanation to enable them to identify the key factors on which the decision is grounded and the ability to dispute it (ICO, 2023; ICO, 2024). Meeting this criterion with complex machine learning models requires a deliberate application of post-hoc explanation techniques.
The model can assign values of each input variable to its output at a given prediction, which allows explaining the model globally and the reasons behind individual applicants been rejected locally, using SHAP values (Ole Hjelkrem, 2023). The explainability-based measure of inequality, Shapley-Lorenz decomposition by Giudici and Raffinetti (2020), provides an opportunity to assess both the performance of the models and distributional fairness at the same time. Giudici and Raffinetti (2023) extend this model to the SAFE AI concept, where the statistical fairness and explainability are the co-design factor to develop credit models. This is empirically validated in the context of FinTech lending and banking, respectively, by Babaei, Giudici, and Raffinetti (2023) and Bakke (2022), respectively, demonstrating that XAI explanations can satisfy regulatory criteria of meaningful adverse action notices and provide model developers with actionable bias detection information, respectively.Despite these developments, there are significant obstacles to the practical implementation of XAI in large institutional contexts. SHAP explanations are computationally expensive at scale, and simplified explanations generated to meet regulatory compliance requirements can give a misleading picture of the model's complexity. According to Cernviciene and Kabasinskas (2024), this gap is one of the reasons why the quality of the explanation should be compared with the layperson's understanding rather than solely against technical standards of accuracy. Nwafor, Nwafor, and Sanjukta Brahma (2024) propose hybrid modelling solutions that enhance accuracy and interpretability simultaneously and address some of the performance-transparency trade-offs observed in the literature.
[bookmark: _Toc228047133]Customer Trust and Reputational Risk
The connection between AI transparency and customer trust of banking is empirically proven. Yang and Lee (2024) show that perceptions of algorithmic fairness are a strong predictor of user satisfaction and recommendation behaviour in financial services, and that consumers have a much lower level of trust in institutions perceived to employ opaque or discriminatory AI systems. It has direct commercial implications for Barclays: trust is a key asset in retail banking and, as a result of regulatory enforcement, media inquiries, or social media exposure, it can be damaged, leading to customer defections that do not always correlate with the direct expense of the catalytic event itself.
The review of the algorithm bias conducted by the GOV.UK (2020) revealed that governmental organisations are ready to name certain institutions when discriminatory AI results are detected and to establish a precedent that financial regulators can imitate. As Ibrahim et al. (2022) underline, the quality of risk disclosures is itself a reputational indicator: companies that disclose risks in AI-related issues proactively and specifically are reflective of better governance, as compared to those with generic disclosures. Annual reports of Barclays acknowledge the concept of AI model risk as a material risk factor, but they do not go as far as to disclose the specifics of the model in question in the annual report that would enable an outside review of the fairness outcomes (Barclays, 2024b). Papagiannidis, Mikalef and Conboy (2025) note that responsible AI governance frameworks must contain external accountability measures like external auditing, publicly reporting on fairness measures, and consumer redress avenues that are easy to access, to establish enough trust as opposed to compliance theatre. This framing is consistent with the thesis of the report: the institutions that perceive the disclosure of fairness as a strategic message, but not a minimum legal requirement will turn governance investment into a sustainable competitive advantage.
[bookmark: _Toc228047134]Limitations
Several material constraints underpin the operation of this report, which ought to guide how its results are understood and utilised. To begin with, Barclays fails to disclose granular model-level data on its AI credit-scoring systems publicly. It is analysed based on the publicly available annual reports, regulatory reports, and the data presented in a sector-wide survey conducted by the Bank of England; it is not able to estimate the particular models deployed, the data set on which the training is done, or the measures of fairness that are currently being observed. Where model-specific data is not available, specifically in terms of the scope of the current SHAP implementation in the context of Barclays, it is explicitly stated, as mandated by the assignment brief and in line with proper analytical conduct.
Second, the operational guidance, technical standards, and enforcement precedents of the EU AI Act were still under development when the report was prepared. Some of the provisions in Section 5.2 are based on the Act and the adopted, published regulatory guidance; more specific implementation rules by the EU AI Office are still under review and have not yet been finalised. A reader should consider the penalty thresholds and conformity assessment requirements as reflecting the current text of the legislation, which may be supplemented by secondary legislation, before full application on the 2026 date.
Third, academic literature on algorithmic fairness in credit scoring relies on US mortgage and consumer credit data. Although the mechanisms of proxy discrimination suggested by Bartlett et al. (2021) and Cristina, Gomes, and Rigobon (2023) can be analytically generalised to the UK context, the scale of the discriminative effects in Barclays' credit portfolios cannot be estimated from publicly available data. The cost benchmarks of similar institutions and regulatory advice, rather than Barclays-specific internal information, are what the implementation plan in Section 8 is founded on, by necessity.
[bookmark: _Toc228047135]Implementation Plan
The roadmap below provides Barclays with a step-by-step, costed plan for integrating responsible AI governance into its credit decision-making processes. The plan supports the report's thesis: every phase is intended not just to achieve compliance but to create quantifiable competitive and reputational value. Each action is defined with a verification method to ensure accountability and auditability.
Table 4: Implementation Plan Responsible AI in Credit Decision-Making
	Phase
	Priority Action
	Owner
	Est. Cost
	KPI / Success Metric
	Verification Method

	Short-Term
(0–12 months)
	Comprehensive AI credit model audit across UK and EU portfolios
	Chief Risk Officer
	£800k–£1.2m
	100% of models assessed against fairness metrics within 12 months
	Independent auditor's report published to the Board Risk Committee

	
	Establish an AI Ethics Committee with independent external representation
	Chief Compliance Officer
	£200k–£400k p.a.
	Committee constituted; first report within 6 months
	Committee minutes and published annual report

	
	Mandate SHAP-based explanations for all credit score declines
	Chief Data Officer
	£1.5m–£2.5m (infrastructure)
	100% of automated declines with meaningful adverse action notice
	ICO-compliant explanation quality assessment by an external reviewer

	
	Regulatory engagement programme with FCA on AI fairness standards
	Legal and Regulatory Affairs
	£150k–£300k
	Formal dialogue established; participation in FCA AI panel
	FCA correspondence and panel membership confirmation

	Medium-Term
(1–3 years)
	Deploy a fairness-aware model development pipeline for all new credit scoring models
	Data Science; Model Risk
	£3m–£5m
	Zero new models deployed without a documented fairness assessment
	Third-party model validation reports filed with CRO

	
	Implement continuous bias monitoring with automated alerting
	Technology; Risk Analytics
	£2m–£3m
	Monthly fairness metric reporting; breaches escalated within 24 hours
	Internal audit review of the monitoring system quarterly

	
	Staff training on AI ethics and explainability
	HR; Risk
	£500k–£800k
	100% of model developers complete accredited AI ethics training
	Training completion records; post-training assessment scores

	
	EU AI Act conformity assessment for EU-facing credit models
	Legal; Compliance
	£1m–£2m
	Full conformity achieved before the 2026 application date
	Conformity assessment certificate from an accredited notified body

	Long-Term
(3–5 years)
	Publish an annual Responsible AI Report with model-level fairness metrics
	Corporate Affairs; Risk
	£300k–£500k p.a.
	External assurance obtained; sector benchmark established
	Big Four assurance opinion; ESG investor uptake tracked

	
	Position Barclays as the sector convener on AI fairness standards
	External Affairs
	Absorbed in existing function
	Leadership of at least one cross-industry AI governance initiative
	Published industry standards contribution; regulator acknowledgement

	
	Integrate AI ethics into the executive remuneration framework
	Board Remuneration Committee
	Nil additional cost
	AI governance KPIs in the scorecard for relevant executives
	Remuneration report disclosure; Board sign-off


Short-term measures focus on risk identification and regulatory positioning, with the understanding that further interventions will not be evidence-based unless a baseline assessment of bias in current models is conducted. This model audit must be outsourced to a third party with established competence in algorithmic fairness, technical rigour, and credible external validation. The estimated cost of £800k-1.2m would be offset by the potential costs of regulatory enforcement action, which, in worst-case scenarios, may amount to several hundred million in fines, remediation, and reputational losses. The medium-term phase makes responsible AI a norm in the model development lifecycle. The most technically sound method of minimising discriminative outcomes is fairness-conscious modelling, which means that fairness constraints are introduced into the training procedure instead of post-deployment corrections, and it has been shown that it can be trained without significant compromises in predictive accuracy (de Castro Vieira et al., 2025; Kozodoi, Jacob and Lessmann, 2021). The long-term step transforms compliance investment into a competitive position, consistent with the report's main thesis that ethical AI governance creates strategic value rather than capturing it.
[bookmark: _Toc228047136]Conclusion
The implementation of AI in credit decision-making poses Barclays with both technical, legal, ethical, and strategic risks. Bias in the algorithm due to biased training data, proxy-variable bias, or poor monitoring of fairness is not only a failure of regulatory compliance but also a mere violation of the trust relationship on which retail banking is based. The evidence reviewed in this report confirms that these risks are empirically documented, regulatory prioritised, and can have consequences that are out of scale with the operational savings AI deployment brings.
Although the regulatory environment is now typified by differences between the UK's flexible, principles-based approach and the EU's prescriptive legislative framework, a convergent direction is emerging towards a shared destination of accountability, explainability and demonstrable fairness. The fact that AI governance can be dual-exposed to both regimes implies that adjustment to the higher EU standard is not a defensive stance but the only one compatible with the overall coherence of Barclays' long-term operations. The 3-step implementation plan suggested in Section 8 offers a systematic, cost-apportioned and verifiable route to attaining that standard.
The thesis presented in the Introduction, the risk analysis, the comparison of regulations, and the governance framework have all been used in this report to argue that ethical AI governance is a precondition to competitive advantage, rather than a compliance requirement. Those institutions that take the most serious approach to fairness, explainability and accountability will have regulatory confidence, consumer trust and be most likely to bring about the sector transformation which is, in any case, now unavoidable. In the case of Barclays, the strategic decision is not to govern AI ethically, but to do so proactively, becoming the first to act rather than the last.
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