Diagnostics Beyond Accuracy

Navigating Multi-Class Matrices, Threshold Trade-offs, and Cross-Validation
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The Reality
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True Positives Misses False Positives

The Accuracy lllusion

Suppose a rare object detector has a 90% _ gpsie
Recall and a 5% False Positive Rate. On The resulting Precision?
a test of 10,000 regions, only 1%

genuinely contain the target object. JUSt 1 5.4%.

The model achieves seemingly incredible

- A small False Positive Rate produces
accuracy, yet it generates 495 False overwhelming false alarms when the

Positives against only 90 True Positives. negative population is massive. We must
look behind the confusion matrix.
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The 2x2 Foundation: Defining the Errors

Predicted Positive Predicted Negative

True Positives (TP) False Negatives (FN)
Actually Y X Y
Positive 3 2

Correctly identified positive cases. Recall Deficit: Missed true positive cases.
True Negatives (TN)

Actually e dh =R
Negative "

3

Correctly identified negative cases.

Using an empirical 9-person dataset, we map ground-truth reality against predicted outcomes.
Overall Accuracy is 66.7%, but the true diagnostic power lies in analyzing the specific quadrants of error.
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The Tension: Precision vs. Recall

Precision Recall

75.0%

(3/4)

60.0

(3/

Positive Predictive Value True Positive Rate
Trust the alarm. Out of all individuals flagged Catch every event. Successfully detected 60.0%
as positive, 75.0% were genuinely positive. of the actual positive cases in the sample, missing
Measures prediction reliability. 40%. Measures detection coverage.

F1-Score: 66.7%

/\

The harmonic mean balancing prediction reliability against detection coverage to yield a single, unified metric.
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The Bayesian Bridge: Precision as Probability

Precision in an empirical matrix directly corresponds to the posterior probability in Bayes' Theorem.
The theorem proves how error rates interact with the prevalence of positive cases.

Recall x Prevalence)
~ |(Recall x Prevalence) + (FPR x (1 — Prevalence)]

Premsmn

This converts the false-positive rate, recall, and prevalence into the

Class Prevalence exact probability that a positive prediction is genuinely true.
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Scaling Complexity: The Multi-Class Matrix

Predicted
Setosa  Versicolor Virginica

The Editorial Diaghostic Blueprint

* |In multi-class systems, an error in one
class geometrically impacts another.
The model achieved 93.3% overall
accuracy, but examining the matrix
reveals specific category bleeding.

Setosa

0

0

* The Virginica Deficit: Virginica's Recall
dropped to 80% (5 true instances
missed).

* The Versicolor Impact: Those 5 missed
instances were misclassified as
Versicolor, plummeting Versicolor's
Precision to 83.3%.

Versicolor

Actual
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Averaging the Truth: Macro vs. Weighted

Macro Average

Versicolor 4 Virginica

Setosag’ | wVersicolor

Treats all classes as perfectly equal. Highly
sensitive to minority classes. If a rare class
performs poorly, the Macro average will drag
down sharply to expose the flaw.

Weighted Average

Setosa ¢ : ,
% Versicolor

P Virginica

Weights the metric contribution by the true
prevalence of each class. Reflects the holistic
operational performance of the model in its
deployed environment.
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The Topography of Error

A confusion matrix is merely a summary of a spatial reality. By reducing feature dimensionality
via PCA, we can visualize the exact decision boundary. At a baseline threshold of 0.5, the margin
marin cuts through ambiguous data points, creating specific geographic territories of error.
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Shifting the Boundary: The Operational Trade-off

Tuning is an operational decision, not a mathematical absolute. Altering the
predict_proba threshold physically reshapes the territory of truth.

Threshold = 0.2 (Loose) Threshold = 0.5 (Balanced) Threshold = 0.8 (Strict)
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Principal Component 1 Principal Component 1 Principal Component 1
Maximizes recall. Eliminates almost Maximizes precision. Eliminates
all False Negatives, but floods the False Positives, but fundamentally
system with False Positives. damages detection coverage.
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The Single Split Problem
I~ AN

Evaluating a model on a single
50/50 Train/Test split is a fragile
diagnostic strategy.

If all the complex boundary cases
randomly land in the test set, the
model’s accuracy will artificially tank.

If they land in the training set, the
model will overfit and look artificially
flawless.

We cannot trust a matrix generated
from a single roll of the dice.
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Stress-Testing via Stratified K-Fold

Dataset
(178 samples, 3 classes) Fold 1

Process Overview

Stratification Advantage

The dataset is partitioned into 5 distinct folds.
The model trains on 4 and tests on 1, rotating
until every data point has been tested.

Stratification is non-negotiable for imbalanced data.
It mathematically neutralizes the risk of skewed test
distributions by enforcing that the exact prevalence

ratios of the original dataset are perfectly preserved.
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Benchmarking Robustness

The Variance (Spread of Accuracy)

Random Forest

SVM

Naive Bayes

K-NN

Logistic
Regression
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Running the Multi-Classifier CV Benchmark reveals true operational reliability. By plotting the spread of accuracy
across all 5 folds, we identify which algorithms are brittle and which are robust. We evaluate models not just
on their peak accuracy, but on their standard deviation across entirely novel data stratifications.
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Synthesis: The Diagnostic Blueprint

1. Deconstruct the Error

2. Tune the Trade-off 3. Prove the Robustness
A A

Move past global accuracy to
map precise False Positives
and False Negatives using
semantic matrices.
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Adjust spatial decision Validate the tuned model
boundaries based on the across multiple stratified
operational cost of folds to ensure stability

Precision versus Recall. against novel data variances.
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~__Beyond the Single Number

Accuracy is a snapshot. True model confidence is a proven
distribution of well-balanced, operationally deliberate tradV
offs. When we look behind the confusion matrix, we stop
hoping for perfection and start engineering reliability.”
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