In applied machine learning workflows, disputed cases — instances where predictions or decisions remain
uncertain or conflictual — act as a window into deeper issues such as edge cases, distribution shifts, data gaps,
and objective mismatches. During the third week of diagnostic experiments, the focus sharpens on quantifying and

interpreting these disputed cases to inform principled next steps like augmented training or architectural tweaks.

Two tools shine particularly bright for this investigative stage: disagreement rate and predictive entropy. When
applied within a framework of controlled experiments and counterfactual tests, these metrics expose fractures in

model confidence and data coverage that typical accuracy metrics sweep under the rug.

Why Disagreement Matters: A High-Signal Risk Indicator

Disagreement rate measures the frequency with which different models—or model components in an ensemble—
make conflicting predictions on the same inputs. This is more than an academic curiosity: high disagreement
clusters often align with inputs that represent out-of-distribution cases, boundary examples, or even errors in

labeling.

Unlike traditional accuracy, which can mask many failure modes by averaging over large volumes of “easy” cases,
disagreement pinpoints the parts of the input space where models’ knowledge is shaky. As someone who's always

asked “ what happens on the worst day in production?”, disagreement rate is a particularly valuable red flag.

How Predictive Entropy Complements Disagreement Rate

Predictive entropy quantifies the uncertainty inherent in model predictions by measuring the distribution of
predicted class probabilities. An instance where the model predicts a nearly uniform distribution over classes has

high entropy, indicating low confidence.

When high disagreement pairs with high entropy, it signals cases where models not only disagree but also feel

genuinely uncertain, highlighting particularly risky disputed cases that could lead to poor downstream decisions.

Edge Cases and Distribution Shift Revealed By Diagnostic Metrics

Real-world data isn't stationary. Input distributions vary with time, region, and user behavior changes, leading to
distribution shift. Edge cases—rare but critical instances—are disproportionately impacted by shifts. Diagnostic

experiments in week 3 use disagreement and entropy metrics to flag such anomalies.



¢ Distribution Shift Detection: Sudden spikes in disagreement rate on incoming data batches can detect drift

before accuracy degrades.

* Edge Case Identification: High-entropy disputed cases often correspond to rare subpopulations or outliers

that require special attention.

Finding these cases early enables targeted countermeasures such as selective data collection, tailored

preprocessing, or even separate model branches trained via augmented data.

Data Gaps and Subgroup Coverage: Unmasking the Blind Spots

One of my recurring entries on the “things accuracy hides” list is hidden subgroup bias. Models trained on

imbalanced data often perform unevenly across subgroups—demographics, geographies, or operational contexts.

Diagnostic experiments in week 3 provide quantitative signals to find these blind spots by measuring

disagreement rates and entropy at the subgroup level. For example:
1. Segment data by relevant features (e.g., age group, claim type).

2. Compute disagreement and entropy within each subgroup.

3. Compare against overall rates to detect whether certain subgroups have disproportionately high dispute

rates.

Such findings guide targeted data acquisition or augmented training. For instance, oversampling or synthetic

augmentation can plug gaps, boosting model robustness in critical subpopulations.

Objective Mismatch and Loss Function Tradeoffs

Disputed cases often emerge from a mismatch between what the model's loss function optimizes and what the
deployment environment demands. A https://reportz.io/ai/when-models-disagree-what-contradictions-reveal-
that-a-single-ai-would-miss/ binary cross-entropy loss, for instance, might prioritize overall accuracy while

underweighting costly false negatives relevant in healthcare or lending.

In week 3 experiments, by focusing on disputed cases distinguished by disagreement and predictive entropy,

teams can design counterfactual tests with alternative loss functions that explicitly encode operational costs or risk
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tolerances.
Typical tradeoffs explored include:

® Precision vs. recall balance adjustments to reduce disputes in high-risk categories.
® Custom loss terms penalizing confident errors to improve calibration.

® |ncorporating uncertainty-aware objectives to reduce entropy in disputed predictions.

These steps help align model training objectives with business realities, reducing operational risk hidden beneath

aggregate performance numbers.

Controlled Experiments and Counterfactual Tests: The Path Forward

Week 3 is the opportune moment for controlled experiments that systematically vary training data and model
parameters focused on disputed cases. This means designing test sets enriched with edge cases or subgroup-

specific samples and carefully logging disagreement and entropy metrics.

Moreover, counterfactual tests—where hypothetical changes to features or labeling are introduced—allow

probing model sensitivity and failure modes in disputed regions. For instance:

* Testing whether augmenting a disputed subgroup with synthetic examples reduces disagreement.

® Evaluating if alternate loss weighting improves predictive entropy without sacrificing accuracy.

Such experiments move beyond black-box accuracy scores, illuminating root causes and solution pathways.

Augmented Training to Tackle Disputed Cases

Insights from week 3 diagnostics naturally feed into augmented training strategies targeting disputed cases
explicitly. Techniques may involve:

e Data augmentation through oversampling or synthetic example generation.

* Enriching training sets with adversarial or counterfactual examples.

* Multi-task learning incorporating uncertainty estimation or calibration objectives.

e Curriculum learning prioritizing disputed cases during training cycles.



The goal is to shrink the disputed region in input space, improving model confidence and agreement, especially in

critical operational subdomains.

Summary Table: Key Concepts in Week 3 Diagnostics

Concept Description Role in Diagnostics Disagreement Rate Frequency of conflicting predictions across
models/ensembles on same input Flags uncertainty clusters and edge cases Predictive Entropy Uncertainty
measure based on spread of class probability distribution Identifies low-confidence disputed cases Controlled
Experiments Systematic alteration of inputs/training to isolate factors impacting disputes Tests hypotheses about
root causes of disputes Counterfactual Tests Altering features or labeling in disputes to probe model robustness
Reveals sensitivity and calibration errors Augmented Training Targeted enrichment of disputed cases in training

data or objectives Reduces disagreement and entropy in risky input segments

Closing Thoughts

Accuracy numbers rarely tell the full story. Week 3's diagnostic experiments focused on disputed cases invite
practitioners to dig beneath the surface and confront the nuanced realities of edge cases, distributional shifts, and
objective tradeoffs. Employing disagreement rate and predictive entropy as sentinel metrics transforms disputed

cases from frustrating anomalies into rich opportunities for model improvement.

Ultimately, putting these insights into action through controlled experiments, counterfactual testing, and
augmented training builds a more robust, reliable, and transparent system—one ready for the worst day in

production.



