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In today's automated lending landscape, decision systems powered by machine learning have dramatically
increased throughput and reduced human bias. Yet, despite their reportz.io tremendous progress, loan approval
models often disagree on borderline applicants — those whose creditworthiness lies close to the decision
boundary. This disagreement is more than just a model quirk; it signals critical risk factors and opportunities for

smarter decision-making.

In this post, we'll dive deep into how disagreement between loan approval models can serve as a high-signal risk
indicator, especially in the context of borderline applicants. We'll explore tools like disagreement rate and
predictive entropy to quantify uncertainty. Along the way, we'll cover challenges like edge cases, distribution
shifts, data gaps, subgroup coverage, and the objective mismatches hidden in loss function tradeoffs. Finally, we'll

discuss how cost-aware routing can help lenders minimize risk while maximizing fairness and efficiency.

Why Do Loan Approval Models Disagree on Borderline Applicants?

Borderline applicants are individuals who fall near the threshold between loan approval and denial, where the
model's confidence is low and subtle differences in feature representation or algorithmic assumptions can flip the

decision.
Multiple loan approval models can disagree on such applicants for reasons including:

¢ Different training data subsets: Models trained on various data slices reflect different underlying biases or

information.

* Model architecture or loss functions: A model optimized for minimizing false negatives may disagree with

one optimized for maximizing precision.

* Feature sensitivities: Variations in how models weigh factors like income verification, debt-to-income ratio,

employment history, or even less represented features.

¢ Distribution shift and edge cases: Applicants whose profiles deviate from the training data’s distribution

cause models to extrapolate with less certainty.

Borderline Applicants: The Black Box's Gray Zone

Often, these applicants have feature vectors that place them in a "gray zone" where even humans would have
uncertainty. Importantly, disagreement itself becomes an informative signal that the model confidence is unstable

or suspect.

Measuring Model Disagreement: Disagreement Rate & Predictive
Entropy

How can lenders build systems that recognize when their models diverge? Two complementary metrics help

quantify uncertainty and consensus:

1. Disagreement Rate

The disagreement rate measures the fraction of applicants for whom a set of models produce different

classification decisions.
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Key ConceptDefinitionWhy It Matters Disagreement Rate Proportion of cases with conflicting loan approval labels
across models. Highlights borderline or contentious cases that may require manual review or additional risk

mitigation.

For example, if one model approves while another denies, disagreement rate signals potential uncertainty or risk,

warranting caution.

2. Predictive Entropy

Predictive entropy evaluates the uncertainty of model predictions by assessing the distribution of class

probabilities. For a model outputting class probabilities p_i for classes i=1..C, predictive entropy is calculated as:
H(p) = - 2i=1C p_i * log(p_i)

Higher entropy means the model is less confident (the probabilities are more evenly spread), while lower entropy

means greater confidence in a particular decision.

MetriclnterpretationActionable Insight Low Predictive Entropy High confidence in decision (e.g., 0.95 approval
probability). Likely safe to automate decision. High Predictive Entropy Uncertain decision, probabilities spread near

0.5/0.5 for approval/deny. Flag for manual review or further data acquisition.

Disagreement as a High-Signal Risk Indicator
Disagreement between models captures multiple dimensions of risk that raw accuracy or AUC scores conceal:

* Model uncertainty: When models trained on different samples or with varied assumptions don’t concur, it

reflects fundamental uncertainty about applicant creditworthiness.

* Edge cases: Disagreement often pinpoints applicants with unique profiles, unusual financial patterns, or

partial data — i.e., candidates outside the training distribution.

* Potential elevated default risk: Experience and post-deployment analysis often show these uncertain cases

correlate to higher default rates or repayment variability.

* Places for human judgment: They mark candidates who may benefit from additional review or tailored

lending solutions.

Always ask: What happens on the worst day in prod? Ignoring disagreement risks letting through high-loss

loans or unnecessarily rejecting good borrowers.

Edge Cases, Distribution Shift & Data Gaps

Borderline applicants often represent edge cases that expose limitations in training data quality and

representativeness. Some reasons include:

1. Distribution shift: Economic conditions, employment environments, or credit behaviors can evolve over time,

making historical training data less representative.

2. Data gaps: Minority subgroups, gig economy workers, or unconventional income profiles may be

underrepresented, causing subgroup blind spots.

3. Incomplete information: Inconsistent or missing documentation introduces variability models can't reliably
handle.

To address these issues:



® Regularly monitor disagreement rates and predictive entropy across time and demographics to detect drift
and gaps.
® |ncorporate additional data sources or features that enhance subgroup coverage.

® Backup with manual underwriting or alternative credit models when data completeness or quality is low.

Objective Mismatch and Loss Function Tradeoffs
Different loan approval models optimize distinct objectives that reflect lender priorities and regulatory constraints:

* False Positive Minimization (Type | Error): Minimizing risky loans that default.
* False Negative Minimization (Type Il Error): Minimizing denial of good applicants who repay.
* Fairness constraints: Avoiding disparate impact on sensitive subgroups.

* Operational efficiency: Balancing workload between automated and manual review.

Each objective results in varying decision boundaries and sensitivities, explaining why multiple models may

disagree on borderline cases.




This mismatch highlights that accuracy alone is a poor guide. Instead, lenders should align model thresholds with
explicit cost-aware metrics — quantifying the financial, reputational, and regulatory costs associated with each

error type.

Cost-Aware Routing: The Next Step Forward

Faced with disagreement on borderline applicants, lenders can adopt cost-aware routing strategies — dynamically

directing cases according to model uncertainty, cost tradeoffs, and operational capacity.

How Cost-Aware Routing Works
1. Quantify disagreement (disagreement rate) and uncertainty (predictive entropy) for each applicant across
multiple models.

2. Use a cost matrix representing the financial impact of false positives, false negatives, manual reviews, and

potential defaults.

3. Define threshold policies that route applicants with high disagreement or entropy to manual underwriting,

enhanced verification, or alternative loan products.
4. Automate low-risk, high consensus approvals to maximize scale.

5. Continuously monitor outcomes and update cost assumptions and thresholds.

This ensures decisions are not just "accurate” but economically sound, operationally feasible, and fair.

Things Accuracy Hides: A Running Checklist

Building on my experience shipping risk-scored decision systems, here is a checklist of "things accuracy hides,"
especially relevant when models disagree on borderline applicants:

e C(Calibration gaps: Overconfident probabilities that do not reflect true risk.

® Subgroup disparities masked by aggregate metrics.

® Changes in economic conditions causing distribution shift.

* Data missingness and incomplete documentation resulting in noisy estimates.



® Feature correlations that make model decisions brittle.

® Operational costs related to false positives vs. false negatives.

Monitoring disagreement and predictive entropy uncovers many of these hidden risks, complementing classic

accuracy reports.

Summary: Embrace Disagreement to Manage Lending Model Risk

Disagreement among loan approval models on borderline applicants is not a bug, but a critical signal of
uncertainty, risk, and the limits of automated decisioning. By employing metrics like disagreement rate and

predictive entropy, lenders gain actionable insights beyond simple accuracy scores.

To handle these challenging cases, lenders must address distribution shifts and data gaps, understand objective
mismatches inherent in loss functions, and crucially implement cost-aware routing strategies that balance financial

outcomes with fairness and operational constraints.

Incorporating model disagreement into risk frameworks ensures that lenders act prudently on the "gray zone" of
borderline applicants — reducing costly errors, maintaining regulatory compliance, and supporting responsible

credit expansion.
Because at the end of the day, the question remains: What happens on the worst day in prod?

Written by a 12-year applied ML practitioner with hands-on experience in lending and healthcare risk-scored

decision systems, who insists on calibrated probabilities and cost-driven thresholds.



