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1. System Overview

Purpose: An Artificial Intelligence (AI) driven credit scoring

model predicts the likelihood that an applicant will repay a loan.

The- score influences decisions such as:

*  Loan approval

e Credit limits

*  Interest rates

«  Eligibility for financial products

Users

*  Financial institutions

»  Insurance companies

*  Credit scoring platforms

*  Underwriters

*  Automated decisioning systems

*  Consumers (indirectly, through outcomes)

Data Sources

*  Credit bureau data

*  Payment history

* Income and employment data

*  Banking transaction data

*  Alternative data (e.g., utility payments, rental history, etc.)

* Potentially sensitive proxies (ZIP code, device metadata,
behavioral data)

Model Type

*  Supervised machine learning (e.g., gradient boosting, logistic
regression, neural networks)

2. Identification Hazards

Below are the major categories of credit-scoring problems. By

evaluating borrowers' creditworthiness, Al-based credit scoring

may enable creditors to make more informed lending decisions

[1].

A. Fairness & Bias Likelihoods

» Disparate impact on protected classes (race, gender, age,
disability, marital status) [2].

i.  Protecting members of protected classes requires proactive
safeguards.

*  Proxy discrimination via ZIP code, education, employment
gaps, or self-employment

i.  Daniel Schwarcz (Schwarcz, 2020) states that “Als armed
with big data are inherently structured to engage in proxy
discrimination whenever they are deprived of information
about membership in a legally suspect class whose predictive
power cannot be measured more directly by non-suspect data
available to the AL [3].

ii. (Sandy et al.,) states that policymakers are concerned that
algorithmic models used in the credit industry “can lead to
disparate impact.” [4].

*  Historical bias embedded in training data

*  Unequal false-positive/false-negative rates

*  Exclusion of thin-file or no-file consumers

a. Files are often “thin” because alternative data is protected or

secret [5].

B. Transparency & Explainability Dangers

« Inability to provide clear adverse action notices

»  Lack of standardized datasets and cross-study comparisons

¢ Complex models that obscure decision logic and lack
interpretability

*  Consumers unable to understand or contest decisions

a. To instill trust with consumers, it is imperative that Ethical

Credit scoring includes transparency [2].

C. Privacy & Data Protection Threats

*  Use and storage of sensitive or unnecessary data

a. Al relies on vast amounts of data. Much of the collected data

is sensitive or classified. Protecting that information is very

important. Breaches of banking information have happened in the

past. The consequences to customers increase with the amount of

data that they store [6].

*  Re-identification likelihood

* Incorporation of alternative data sources, such as social media
or mobile usage
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a. Social media is used to assess personality traits or social scores,
yielding more reliable data on creditworthiness [7].

*  Data leakage or unauthorized access

*  Non-compliance with FCRA data accuracy requirements

D. Security Plan

*  Model inversion attacks

*  Data poisoning

*  Adversarial manipulation of inputs
*  Credential compromise

E. Operational & Reliability Dangers

*  Model drift due to economic changes

*  Over-reliance on automated decisions

*  Poor data quality from third-party sources

a. Third-party validation and regulatory oversight must be part of
the practice to have transparency and accountability [6].

*  System downtime affecting loan processing

F. Regulatory & Compliance Implementation
*  Violations of ECOA, FCRA, Fair Lending, UDAAP
a. Furletti et al., stated that “certain Institutions” had

disproportionately negative outcomes in comparison to Black
or African American and Hispanic applicants [8].

* Inadequate documentation for audits

*  Failure to provide legally required explanations

*  Use of unapproved or unvalidated data sources

G. Consumer Harm Evaluation
*  Incorrect denials
1. According to Shastri Sandy (Sandy et al.,) [4]. There
is statistical evidence that black consumers have a
disproportionately lower credit score.
*  Higher interest rates for certain groups
1. (Sandy et al.,) . Also found that Black consumers were rated
subpar, and this could have implications for interest rates [4].
*  Financial exclusion
*  Psychological and social harm from unfair decisions and Al
irresponsibility
According to Chidimma Maria-Gorretti Umeaduma, unfair loan
denial, higher interest rates, and restricted access to financial
services are likely the result of historical bias during training [6].

3. Approval Gate Scoring Matrix

Risk Likelihood Impact | Detect ability | Control ability | Score | Rating
ability Control ability | Score Rating

Disparate impact on protected classes (race, | 4 5 4 3 37 Critical
gender, age)

ZIP-code as proxy for race 3 4 45 Critical
Exclusion of thin-file / no-file consumers 4 3 25 High
Cultural bias in alternative data (cash-based | 3 4 3 21 High
income, multigenerational households)

To ensure objectivity and inter-rater reliability, we utilize a
discrete 5-point ordinal scale for both Likelihood and Impact. This
prevents "score drift" and provides a standardized language for

risk stakeholders.

A. Likelihood Scale (Probability of Occurrence)

Score | Descriptor Definition Frequency/ Probability
1 Rare Extremely unlikely to occur; no historical precedent <5% chance

2 Unlikely Possible, but not expected under normal conditions. 5%—20% chance

3 Possible May occur occasionally; it has happened in similar systems. | 21%—50% chance

4 Likely Probable occurrence in most circumstances. 51%—80% chance

5 Almost Certain | Expected to occur; inherent to the model's architecture. >80% chance

B. Impact Scale (Severity of Consequence)

Score | Descriptor Financial/Regulatory Impact Consumer/Reputational Impact

1 Negligible Minor operational cost; no regulatory breach. No perceptible impact on user experience

2 Minor Low financial loss; minor compliance observation. Isolated user complaints; easily remediated.

3 Moderate Moderate fines; requires reported correction. Noticeable bias for a small segment; brand dip.
4 Major Significant fines; potential cease-and-desist. Systemic bias; loss of trust in creditworthiness.
5 Catastrophic Loss of banking license; massive class-action suit. Widespread denial of credit to protected classes.
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C. The Risk Calculation Formula

Rather than a simple Likelihood and Impact product, I applied a
Weighted Risk Score (WRS) to account for the disproportionate
nature of regulatory and ethical failures in fintech.

The Formula: Risk Score=(LxI)xW

Where:

L = Likelihood Score (1-5)

I =Impact Score (1-5)

W = Dimension Weighting Factor

D. Weighting Logic & Rationale

In a standard operational environment, all risks are treated equally.
However, in Al-driven credit scoring, a Fairness failure is not
merely an "operational error"—it is a legal and ethical violation
that can bankrupt a firm or cause systemic social harm.

Dimension Weight | Applied To Rationale

1.5 (Critical) Fairness, These are "non-negotiable" risks. A failure here triggers immediate legal
Regulatory intervention (ECOA/FCRA) regardless of how "unlikely" it was deemed.

1.2 (High) Privacy, Data breaches carry heavy statutory penalties
Security (GDPR/CCPA) and long-term loss of customer trust.

1.0 (Standard) Operational, | These can be managed using standard DevOps and ALM (Application
Technical Lifecycle Management) practices.

E. Defensibility Analysis

This methodology produces a defensible output for three primary

reasons:

i. Elimination of Subjectivity: By defining "Likely" as a
percentage range and "Major Impact" as a specific regulatory
event (e.g., cease-and-desist), we remove the "gut feeling"
and replace it with a reproducible rubric.

ii. Regulatory Alignment: The weighting logic mirrors the
priorities of financial regulators (OCC, CFPB). By assigning
a 1.5x multiplier to Fairness and Regulatory risks, the
framework demonstrates that the organization is "risk-aware"
of'its legal obligations.

iii. Sensitivity to Low-Probability/High-Impact Events: A simple
LxI matrix often hides "Black Swan" events (e.g., a rare but
catastrophic bias failure). The weighting factor ensures that
even a "Rare" likelihood (1) with a "Catastrophic" impact (5)
is elevated in the priority list, thereby forcing a mitigation
strategy that a standard matrix might have ignored.

4. Existing Controls

A. Technical Controls

*  Data encryption (in transit & at rest)

*  Access control & role-based permissions

« Differential privacy for sensitive attributes

*  Model versioning & audit logs

*  Bias detection tools (e.g., disparate impact testing)

B. Process Controls

*  Human-in-the-loop for borderline decisions

*  Manual review for adverse actions

*  Escalation pathways

*  Data quality checks from bureaus

*  Model validation & periodic re-training

*  Timely incident response plan for model failures

C. Governance Controls
*  Model documentation (model card, lineage, assumptions)
*  Approval workflows for deployment

*  Fair lending compliance review
*  Third-party audits
*  Consumer complaint monitoring

5. Recommended Mitigations

A. Fairness & Bias

* Remove or transform proxy variables (ZIP code, education,
employment gaps)

* Use weighted averages and multi-dimensional inputs,
preventing any single variable (like zip code) from dominating
the score.

*  Conduct pre-deployment fairness audits

*  Evaluate subgroup performance (race, gender, age)

*  Add alternative data to support thin-file consumers

*  Compliance: traceable approvals; policy mapping to ECOA/
FCRA/UDAP; audit-ready evidence store.

* Include variables that measure structural opportunity and
economic stability instead of default rates.

* Include data points that measure saving behavior and
diversification of income streams.

*  Implement fairness constraints in model training

B. Explainability

*  Use interpretable models where possible

*  Provide clear adverse action reasons

*  Implement SHAP/LIME for local explanations

*  Create consumer-friendly explanation templates

* Transparency builds trust. Data lineage registry: Explain the
top 3 factors that contributed to the decision.

* Reliability: incident rate; MTTD/MTTR for model issues.

*  Compliance: % approvals with all required artifacts; audit
findings open/closed.

C. Privacy

*  Minimize data collection

*  Conduct privacy impact assessments
*  Use synthetic data for testing

«  Strengthen access controls
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D. Security

3

3

3

3

Add anomaly detection for suspicious inputs
Harden model endpoints

Conduct penetration testing

Monitor for data poisoning attempts

E. Operational

3

3

3

3

Monitor model drift monthly

Re-train models during economic shifts
Validate third-party data sources

Add redundancy for system uptime

F. Regulatory

3

3

3

3

Maintain documentation for ECOA/FCRA compliance
Ensure adverse action notices are accurate and specific

Conduct annual fair lending audits

Review vendor contracts for compliance obligations

6. Overall Probability Rating
Overall Risk Level: HIGH
A. Why

3

3

3

3

High consumer impact

High regulatory scrutiny

High fairness and explain ability requirements
High potential for systemic harm

B. Deployment Decision

Model Selection

Explainability Frameworks

Data Strategy & Financial Inclusion
Governance & Fairness Decisions
Operational Infrastructure & Monitoring

C. Acceptable with Conditions

Performance Thresholds (Discriminatory Power)
Stability & Reliability (Data Drift)

Fairness & Bias Mitigation

Explainability (XAI)

Regulatory & Governance Gates

D. Deployment is allowed only with

3

3

3

3

Documented fairness testing

Strong explain ability mechanisms
Ongoing monitoring

Human oversight for high-impact decisions

7. Monitoring & Ongoing Governance Plan
A. Continuous Monitoring

3

3

3

Monthly fairness audits
Drift detection on key features

Performance monitoring across demographic groups

*  Complaint analysis for patterns of harm

B. Annual Reviews

. Full model re-validation

. Regulatory compliance review

. Data quality audit

. Third-party audit (optional but recommended)

C. Incident Response

Trigger investigation if:

*  sudden drop in model accuracy

»  spike in adverse actions

*  consumer complaints indicating bias

»  data breach or security anomaly

In our Al-driven credit scoring deployment, to what extent do a
documented model card, a pre-deployment fairness threshold
(AIR > 0.8), and monthly bias-drift monitoring with defined
escalation reduce subgroup disparity (AIR and equal opportunity
difference) over 12 months while keeping decision latency within
+5% of baseline and closing detected fairness incidents within 30
days?
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