Responsible use of Al in Credit Risk Management:
Balancing Innovation, Risk, and Regulation

December 16, 2025
@ . L
wassmerow (B IGGR o I

R e SMEFINANCE oA 4w v
via 1ax

T=E Wome kAN JEC ro

Opening remarks
Three Perspectives on Al in Credit Risk
1. Improving Accuracy and Efficiency of Existing Models

o Al models can enhance the accuracy and efficiency of traditional credit
underwriting.

o Thisincludes using synthetic data to train models, which helps improve
predictive power and model robustness.

2. Leveraging Alternative Data for Inclusion

o Al enables the use of alternative data sources, which are often noisy but can
be processed to extract valuable insights.

o Thisis particularly important for underserved customer segments who lack
traditional credit histories.

3. Alfor Business Process Optimization

o Beyond underwriting, Al is being used to improve various business functions
in credit reporting, such as data integrity and operational efficiency.

Industry and Regulatory Relevance
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e Harish highlighted that the responsible use of Al is a priority for both industry
players and global bodies like the World Bank.

¢ He noted the need for fairness, trust, and improved credit availability, stressing that
these goals are shared by regulators and practitioners.

Regulatory and Explainability Challenges

¢ Harish emphasized the importance of explainability in Al models, especially for
regulatory compliance.

e Hereferenced the need for a “human in the loop” and the challenge of balancing
model effectiveness with transparency.

ICCR’s Responsible Use of Technology Paper
Background:

e ICCRwas established in 2009 by the World Bank and BIS to set global standards for
credit reporting, promote safe and efficient credit information sharing, and support
financial system stability.

¢ Membership includes central banks, regulators, multilateral organizations, and
regional associations.

2022 ICCR Paper:

e Explorestechnological innovations in credit reporting, their opportunities, risks, and
challenges.

e Reviews existing frameworks and proposes an ethical and rights-based approach.

o Keyinnovations: alternative/trended/enriched data, digital identity/KYC, advanced
computing, distributed ledger technologies, and digital platforms.

Opportunities:
e Expanding access to credit for underserved segments.
e Higher predictive power, better approval rates, and lower losses.
+ Operational efficiency (faster, more cost-effective decisions).
e Proactive risk control and fraud detection.

Risks and Challenges:
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Data quality and integration.
Ethical and privacy concerns.

Model risk and governance.

Bias, discrimination, and fairness/explainability gaps.

Cyber risks.

ICCR Principles for Responsible Use:

1. Fairness

2. Ethics

3. Accountability

4. Transparency

5. Security and Robustness
6. Lawfulness

7. Privacy

8. Sustainability & Well-being
9. Inclusivity

10. Trust

Machine Learning Divide in Credit Risk (Experian/Forrester Research)

Survey Scope:

1,195 senior decision makers in 11 EMEA and APAC markets (financial services and

telcos).

Focused on advanced ML (e.g., XGBoost), not traditional scorecards.

Findings:

Adoption: Just over a third of organizations have implemented advanced ML in

credit risk.

Top Priorities: Adopting advanced analytics, improving fraud protection, and

leveraging alternative data.
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External Challenges: Interest rate changes, regulatory shifts, access to skilled
labor, sophisticated fraud, and political instability.

GenAl (Generative Al) is rapidly emerging as a productivity tool, especially for
automating business information analysis and regulatory documentation.

Examples include automating the extraction and structuring of data from
unstructured documents (e.g., financial statements, legal docs), reducing manual
effort, and improving accuracy.

67% of respondents see GenAl as a key tool for reducing time spent on regulatory
documentation.

Benefits for ML Adopters:

64%: More accurate risk assessment than traditional models.

70%: Wider access to credit for previously underserved consumers.
68%: Ability to use non-traditional data sources.

67%: Earlier identification of vulnerable customers.

73%: See ML as a long-term competitive advantage.

Significant improvements in acceptance rates and bad debt reduction across all
credit products (e.g., SME loans, personal loans, mortgages).

Operational Impact:

ML enables greater automation, faster decisions, and better customer experience.

Top benefits: operational efficiency, cost savings, improved risk prediction,
enhanced fairness, and reduced manual intervention.

Challenges:

Time/resources for implementation, data sufficiency, in-house expertise, feature
engineering, and bias avoidance.

For non-adopters: cost concerns, satisfaction with current models, explainability
and compliance worries, IT infrastructure limitations.

What Would Encourage Adoption:
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e Demonstrable ROI, clearer regulatory guidance, increased internal expertise, faster
model development, lower costs, and fully explainable ML models.

Artificial Intelligence and Credit Risk: Accuracy vs. Interpretability (Banco de Espana)
Key Points:
¢ Al/ML adoption in finance is accelerating, driven by cloud computing and big data.

e ML models (e.g., random forests, XGBoost, neural networks) outperform traditional
models (logit) in predictive accuracy (up to 20% gains).

¢ Economic impact: better prediction reduces credit losses and regulatory capital
requirements (up to 17-25% savings in some studies).

¢ ML enables financial inclusion by leveraging alternative data.
Risks:

o Interpretability: ML models are often “black boxes,” making it hard to explain
decisions.

e Bias: Potential for perpetuating or amplifying biases.

e Regulatory and ethical concerns: EU Al Act classifies Al-based credit scoring as
“high-risk,” requiring conformity assessments and explainability.

Interpretability Solutions:

¢ Post-hoc techniques: SHAP (Shapley values), LIME, permutation feature
importance.

e Synthetic datasets for stress-testing interpretability methods.

e Constrained ML models (e.g., monotonicity restrictions) can improve interpretability
with minimal loss in predictive power.

Conclusions:
¢ ML brings significant benefits but must be balanced with responsible practices.

¢ Explainable Al (xAl) is advancing but not a panacea—human oversight remains
essential.

e Collaboration between ML and traditional econometrics, and ongoing
formation/training, are recommended.
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¢ ecommended.

Panel Discussion Highlights
1. Use of Machine Learning and Alternative Data
e Pat Yoder (Tala):

o Explained Tala’s mission to serve the “global majority” (underserved
populations).

o Tala uses alternative data from mobile devices (e.g., device type, behavioral
sighals, network data) to underwrite customers who lack traditional credit
history.

o Their ML models are trained on billions of data points, enabling personalized
decisions (approval, loan limits, pricing, collections).

o Highlighted the use of causal inference models (Tala Insight) to optimize
customer treatments and improve repayment rates (~90%).

e Paul Heaton (Experian):

o Emphasized the growing demand for alternative data (e.g., utility bills,
subscriptions, open banking data) to improve credit scoring.

o Experian’s ML models (XGBoost, etc.) have led to significant improvements in
acceptance rates and reductions in bad debt.

o Stressed the importance of data quality and organizational readiness for
successful ML adoption.

2. Explainability and Regulatory Compliance
e Andres Alonso (Bank of Spain):

o Discussed the challenge of explainability in ML models, especially for
regulatory compliance.

o Presented techniques like SHAP (Shapley values), LIME, and permutation
feature importance to interpret model decisions.

o Shared research on using synthetic datasets to stress-test interpretability
methods.
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Noted that constrained ML models (e.g., monotonicity restrictions) can
improve interpretability with minimal loss in predictive power.

Paul Heaton:

Agreed that explainability is a major hurdle, especially for organizations
operating in multiple jurisdictions with different regulatory requirements.

Mentioned that only 44% of businesses currently use explainability
techniques.

Stressed the need for clear, consistent reporting and documentation for
regulators and consumers.

Pat Yoder:

Tala prioritizes explainability and transparency, anticipating future regulatory
requirements.

Collaborates with policymakers to set industry benchmarks for consumer
protection and responsible lending.

Emphasized that explainability is essential for both external compliance and
internal understanding of model performance.

3. Trade-off Between Accuracy and Interpretability

Andres Alonso:

Presented research showing that the trade-off between accuracy and
interpretability is not as severe as often feared.

“Multiplicity of good models”: It’s possible to select efficient models that are
both accurate and interpretable.

Constrained models can achieve nearly the same predictive power as
unconstrained ones, while being easier to explain.

Pat Yoder:

Agreed, stating that prioritizing explainability leads to more durable and
defensible performance advantages.

Warned that lack of transparency may yield short-term gains but will cause
long-term problems.

Paul Heaton:
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o Added that data quality is crucial: poor data can undermine both accuracy
and explainability.

o Recommended iterative testing and simulation to identify and mitigate bias
throughout the model development process.

4. GenAl and Automation

e Paul Heaton:

o Shared case studies of using GenAl (Generative Al) to automate analysis of
business information and regulatory documentation.

o GenAl has enabled Experian to process far more documents, improving
accuracy and reducing manual effort.

o GenAlis notyet used for core credit decisioning but is transforming
supporting processes.

o PatYoder:

o Talais exploring GenAl for market research, code development, and feature
exploration, but not yet for credit decisioning.

e Andres Alonso:

o Noted that GenAlis being tested in research settings (e.g., predicting
probability of default from text), but not yet in production for credit scoring.

5. Regulatory Landscape

e Paul Heaton:

o Described the fragmented regulatory landscape: EU Al Act is law-driven,
while other regions (e.g., India) take a principles-based approach.

o Organizations operating globally face challenges in harmonizing compliance.

e Andres Alonso:

o Uncertainty in regulation slows adoption; institutions are reluctant to be first
movers.

o Documentation and model governance are increasingly required, but no
single “winner” among explainability techniques.

o PatYoder:
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o Tala operates outside Europe but aligns with EU principles (explainability,
fairness, data governance) in anticipation of future regulation.

o Engages with regulators to co-craft responsible standards.
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