LECTURE TITLE: .."
Evaluating and Improving’
Classification Performance

() Duration: 1 Hour
22 Target Audience: Data Saence/Computer Science students

é Prerequisites: Understanding of cIassn‘nca’uon algorlthms basic
probability and statistics -
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PART 1: EVALUATING CLASSIFIER
PERFORMANCE

Beyond the
[1lusion of
Accuracy

How to Truly Measure and
Improve Machine Learning

Models

PART 1: INTRODUCTION &
LEARNING OBJECTIVES



SLIDE 2: THE OPENING SCENARIO

The Accuracy
Paradox

The Hook: Imagine you have just built a brand
new machine learning classifier for cancer
detection, and it achieves an incredible 95%
accuracy. Sounds impressive, right?

The Reality Check: What if only 1% of the
patients in your dataset actually have cancer?

The Paradox: A completely “"dumb” model that
just blindly predicts "No Cancer” for every
single person who walks through the door
would automatically achieve 99% accuracy.

The Lesson: In the real world, datasets are
rarely perfectly balanced. Relying on simple
accuracy can be incredibly misleading—and in
healthcare or finance, dangerously wrong.



SLIDE 3: LEARNING OBJECTIVES

What We Will
Cover Today

To ensure our models are actually learning—and
not just exploiting imbalanced data—we need
proper evaluation metrics. By the end of this
lecture, you will be able to:

(A Master Advanced Metrics: Move beyond simple
accuracy to understand Precision, Recall, and the
F-measure.

Validate Models Effectively: Understand robust
model validation techniques, including the
Holdout method, Cross-Validation, and Bootstrap.

@ 7 Compare Classifiers: Learn how to visually and
il mathematically compare different models using
statistical tests and ROC curves.

’ Improve Performance: Learn how to use

Q Ensemble methods (like Bagging and Boosting) to
systematically improve your overall classification
accuracy.




SLIDE 1: PART 2: MODEL EVALUATION
AND SELECTION

Looking
Inside the
Black Box

Subtitle: Metrics for Evaluating
Classifier Performance

Context: Part 2 - Moving beyond
simple accuracy to truly understand
model behavior.
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SLIDE 2: THE CONFUSION MATRIX

The Foundation
for All Evaluation
Metrics

To understand exactly where our model is
succeeding and failing, we map its predictions
against reality using a Confusion Matrix.

True Positive (TP): Model predicted “Yes”,
and the reality is “Yes".

True Negative (TN): Model predicted “No”,
and the reality is “No”.

False Positive (FP): Model predicted “Yes",
but reality is “No” (Type | Error / False Alarm).

False Negative (FN): Model predicted “No”,
but reality is “Yes" (Type Il Error / Miss).



SLIDE 3: KEY METRICS (THE BASICS)

Measuring Overall
Performance and
Catch Rates

Accuracy: The overall correctness of the model.

A gt TP+ TN
Y= TP+TN+FP+FN
Error Rate: The overall proportion of mistakes.
FP + FN
Error Rate = TPYTN+FP+FN - 1 — Accuracy

Sensitivity (Recall / True Positive Rate): Out of all
actual positives, how many did we successfully catch?

1P
TP+ FN
Specificity (True Negative Rate): Out of all actual
negatives, how well did we avoid false alarms?
TN

TN + FP

Sensitivity =

Specificity =




SLIDE 4: KEY METRICS (PRECISION & TRADE-OFFS)

Measuring
Reliability and
Balance

Precision: When the model predicts a positive, how
reliable is that prediction?
TP

TR FP

F-measure (F1 Score): The harmonic mean of
precision and recall. It provides a single score that
balances the trade-off between the two, which is
crucial for imbalanced datasets.

Precision X Recall
Precision + Recall

False Positive Rate (FPR): The rate of Type | errors
(false alarms).

Precision =

F1=2X

= 1 — Specificity



SLIDE 5: WORKED EXAMPLE: CANCER DETECTION

The Metrics
in Action

Let's apply these formulas to our opening
scenario involving 1,000 patients.

Predicted Predicted No

Cancer Cancer
Actual Cancer TP=90 FN=10
Actual No FP =50 TN =850
Cancer
The Calculations:

Accuracy: (90 + 850) / 1000 = 94%

Sensitivity (Recall): 90 / (90 + 10) = 90%
Specificity: 850 / (850 + 50) = 94.4%

Precision: 90 / (90 + 50) = 64.3%

F1 Score: 2 x (0.643 x 0.90) / (0.643 +0.90) = 0.75




94% FALSE ALARM
~36%
N

o

-0

Accuracy

SLIDE 6: THE KEY INSIGHT

Why Precision
Matters

At first glance, an Accuracy of 94% looks
fantastic. But when we calculate
Precision (64.3%), the illusion breaks.

It reveals that out of everyone the model
flagged as having cancer, nearly 36%
were perfectly healthy false alarms!

In medical diagnosis, the psychological
and financial toll of those false positives
matters immensely. The Confusion Matrix
forces us to confront those realities.
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PART 2: MODEL VALIDATION TECHNIQUES

TESTING IN ISOLATION

The Holdout Method and Random Subsampling

~
OAN. ® CONTEXT
® ® A ’ o
° Dy ' >D . Section 6.6.2: How we partition
® °.© A our data to ensure our evaluation
AT ° metrics are actually trustworthy.

= TEST DATA
TRAINING DATA (HOLDOUT)



THE HOLDOUT METHOD @

The Simplest Evaluation Approach

‘ Used exclusively to
A - ® and train the model.
® ' = Kept hidden during
_|D ® ' training, used
-~ . ‘ ® . @ ® A exclusively to
"’ LN .

evaluate the

® model’s true
A > A A performance on
unseen data.
HISTORICAL TRAINING SET TEST SET

DATASET (70% - 80%) (20% - 30%)



EVALUATING THE HOLDOUT METHOD

Trade-offs of the Simple Split

ADVANTAGES

Simple & Fast: Very easy to
implement and computationally
cheap.

* Unbiased Estimate: Provides a

w | ¢ fair evaluation if the test set is

«=  perfectly representative of the
overall dataset.
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DISADVANTAGES &

High Variance: The final .
performance metric is highly

dependent on how that single

random split happened to divide

the data.

Wasteful: A significant chunk of
valuable historical data (the test
set) is never used to actually teach
the model.



B
RANDOM SUBSAMPLING

Repeating the Process for Stability ’
THE CONCEPT THE BENEFIT & 4
oA I'° Also known as “Repeated Holdout.” \N Drastically reduces the high variance I
> o Instead of relying on a single, potentially __=" associated with a single holdout split.
lucky split, we perform the Holdout J.\
Method k times with completely different
R THE LIMITATION
H _ THE CALCULATION Because the splits are completely random,

'l . We calculate the performance metric for ‘A the test samples across different

each of the iterations and then average the iterations willlikely overlap, violating strict
' results together to get a final score. statistical independence assumptions.
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PART 2: CROSS-VALIDATION
The Gold Standard of Evaluation
Maximizing Data Utility with k-Fold Cross-Validation

S,

Section 6.6.3: How to solve the “wasted data” problem of
S/h the Holdout method by ensuring every single data point is
used for both training and testing.

M.
my

>



k-FOLD CROSS-VALIDATION

The Process of Rotation

THE SETUP

Randomly partition the dataset
into k equal-sized, mutually

exclusive segments
(called “folds"). .

THE ITERATION

-

Fori=1tok:

Isolate fold i to serve as the
hidden Test Set.

Group the remaining k-1 folds together
to serve as the Training Set.

Train the model, evaluate it on fold i,
and record the performance metric.

X

THE RESULT

After rotating through all
possibilities, average
the results across all
across all k iterations to
get a highly reliable, final
performance score.




COMMON CHOICES FOR ‘K’ e

Balancing Accuracy and Computational Cost ‘
£

10-FOLD 5-FOLD ‘ LEAVE-ONE-OUT g
When to Use It When to Use It ﬂrﬂ% Use It I
The industry standard and most Used when the dataset is Setsk=n ‘where nis the
common recommendation for massive or the model is total sample size). The
general machine learning tasks. highly complex. model trains on all but one
instance, and tests on that
Trade-offs Trade-offs ’: U Sl gy
Provides an excellent Reduces computation Trade-offs E'A
balance between low time by half compared to Highly accurate for tin?(
\ " o bias, low variance, and 10-fold, but slightly datasets, but massively
reasonable increases variance. computationally expensive
. ' computation time. and can have high variance.
o O



" that iteration’s training phase.

<B
STRATIFIED CROSS-VALIDATION

Protecting Imbalanced Datasets .
A

THE PROBLEM THE SOLUTION ‘ HOWITWORKS o
Stratifed e I
Cross-Validation. / —
i S
A &
If you randomly split a dataset The algorithm intentionally preserves

the exact class distribution in each
individual fold. If the original
dataset is 99% healthy and 1% sick,
every single fold will also be exactly
99% healthy and 1% sick.

where only 1% of patients have
cancer, you might accidentally
create a ‘Fold’ that contains zero
cancer cases, completely ruinin




ADVANTAGES & SUMMARY

Why Cross-Validation Wins

"

ZERO WASTED DATA
m Training
(-/?g
Every single data point in your
historical dataset gets to be
used for training, and every

single point gets to be used for
testing exactly once.

LOWER VARIANCE ("

/

Single Cross-Validation
Holdout Average

By averaging the results across
multiple distinct folds, it
provides a much smoother,
more reliable estimate of how
the model will perform in the
real world compared to a
single Holdout split.

—

@
@,

THE ULTIMATE CHECK

Fold 1 | « Perfect I
Fold 2
Fold 3
Fold 4 | A\ Terrible

If a model performs perfectly
on Fold 1 but terribly on Fold
4, you instantly know your
model is unstable and
overfitting to specific

data points.



SAMPLING WITH REPLACEMENT

Maximizing Evaluation on the Smallest Datasets &
Section 6.6.4: A Sampling with Replacement A

®
powerful statistical @

teChanue fOf Bootstrap Sample 1
estimating model T pencormance
performance when 523213325‘
data is severely Origial Bootstrap Sample 2
s Dataset
limited. (N=5) TModeI

ralnmg

Bootstrap Sample 3




WHAT IS THE BOOTSTRAP METHOD? %

The Mechanics of Replacement

THE DEFINITION THE “REPLACEMENT” CATCH THE MATHEMATICAL PROP ‘
Bootstrap samples are created by Because we put the data point On average, a bootstrap &
repeatedly sampling with back into the pool after drawing sample of size n will contain
replacement from the original it, some instances will be selected  approximately 63.2% of the

dataset. If the original dataset has multiple times, while others will distinct instances from the
size n, the new bootstrap sample will never be selected at all. original dataset (= 0.632 X n).
also have size n. ( Selected

Sampling with
Replacement ° ') . Unselected
Original Bootstrap

® Average
Dataset Sampl / : =0 e
l (3?228’?) (sa};nepn?‘ ® @ Unique Points 0.632xn

Dlstmct Instances




OUT-OF-BAG (00B) SAMPLES

The Built-In Test Set

THE LEFTOVERS

Because the bootstrap
sample only grabs about
63.2% of the unique data
points, what happens to
the remaining 36.8%?

OUT-OF-BAG (00B) INSTANCES

These unselected data points
are called the "Out-of-Bag"
samples.

0

Bootstrap Sample
(~63.2%)

Out-of-Bag (0O0B)
Samples (~36.8%)

B
THE BENEFIT ‘A

We do not need to @
artificially hold out a I
separate test set. The 00B
instances serve as a

perfectly natural, perfectly
hidden test set for that

specific bootstrap iteration.

® _,L Model Evaluation ]

(Hidden Test Set)
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THE .632 BOOTSTRAP ESTIMATOR

Calculating the Final Accuracy -

THE .632 ESTIMATOR THE VARIABLES A

b e b =The total number of bootstrap samples generated. @
AcChopt = L Y (0.632 - €; +0.368 - acc,) ® &i= The accuracy on the Out-of-Bag (O0B) instances for
b= sample /.
, , e acc, = The accuracy on the training data (which is usually
To get a highly reliable overly optimistic, hence the lower weight of 0.368).

performance estimate, we

combine the accuracy on the 00B x 0.632
00B test set with the AC‘;‘;{,“Y (Weight)
accuracy on the training set : Average]_,{ Final J
itself using a weighted | (1/) ACChoot
formula. Accuracy |— 0'.3 5

‘ (acc;) | (Weight)




WHEN TO USE BOOTSTRAP

The ldeal Scenarios

)
e

Bootstrap is computationally expensive but incredibly valuable in specific situations:

VERY SMALL DAASETS

When the dataset is so tiny
that using a standard Holdout
split or even Cross-Validation

(& A

=

A

ESTIMATIWIARIANCE

It is the premier method for
estimating the variance and
confidence intervals of a

would waste too much model’s performance
\precious training data. P \estimates.

r

\Iike Random Forest.

‘ e

shon Bagging

ENSEMBLE LEARNING

|t forms the mathematical
backbone of powerful ensemble
methods like Bagging (Bootstrap
Aggregating), which is the core
engine behind algorithms like

J




Part 3: Comparing Classifiers

Beyond the Raw Score

Model Selection Using Statistical
Tests of Significance

(A

Section 6.6.5: How do we know if Classifier A is actually
better than Classifier B, or if it just got lucky on a specific
data split?




Why Statistical Tests? & Common Scenarios
Separating Signal from Noise

The Core Question

When Classifier A gets 82% accuracy and Classifier B gets 80%, is that 2% difference a real,
reproducible improvement, or just random chance? We use statistical tests to find out.

Comparing Two Classifiers (Same Dataset) Comparing Multiple Classifiers
& Paired t-test: Used on the results of k-fold cross- M UH ANOVA (Analysis of Variance): Tests for
validation to see if the mean differences are ‘ statistically significant differences between the
significant. means of three or more models.

McNemar's Test: Used specifically for matched
pairs of nominal data (e.g., assessing the exact
cases where one model was right and the other
was wrong).

Friedman Test: A non-parametric alternative to
ANOVA, followed by post-hoc analysis.

il

00
00



Worked Example: Paired t-test (The Setup)

Crunching the Cross-Validation Numbers

Step 1: Compute the differences per fold
Initial Data: 5-fold

Cross-Validation [0.82-0.80, 0.79-0.78, 0.84-0.81, 0.81-0.79, 0.83-0.80] =

A Classifier A accuracies: [0.02,0.01,0.03,0.02, 0.03]

[0.82,0.79,0.84,0.81, 0.83]

@) Classifier B accuracies:

00 [0.80,0.78,0.81, 0.79, 0.80 Step 2: Calculate Mean and Step 3: Calculate the t-statistic
[ ] Standard Deviation (where n = 5 folds)
Mean diff : i. ;
Imagine we ran 5-fold giag 0|22erence t= g ye = D022 5 = 6.15
cross-validation on two ’ S 0.008
different models. Standard deviation of differences:

s=0.008 t=6.15



Worked Example: Paired t-test (The Conclusion)
Making the Call

Comparing the t-statistic to the Critical Value

Now that we have our t-statistic (6.15), we must compare it to the established statistical threshold (the critical value).

A\' o Degrees of Freedom: df = 4 (calculated as n - 1)
~ e Significance Level: a = 0.05 (standard 95% confidence)

— The Critical Value
= Looking at a standard t-distribution table, the critical t for these parameters is 2.776.

R The Decision
Calculated t-statistic (6.15) >  Critical Value (2.776)
Reject the Null Hypothesis.
There is a statistically significant difference! Classifier A is genuinely better.

Critical
region

2776 6.15




Important Considerations: The Pitfalls of Statistical Testing
Navigating Challenges in Model Evaluation

&
0}
e

The Multiple Testing
Problem

If you compare 20 different
classifiers against each other, the
sheer number of comparisons
drastically increases your
chance of accidentally finding a
“false positive" (Type | error).

J

Correction Methods

To combat this, data scientists
use stringent adjustments like
the Bonferroni Correction or
the Holm Method, which
mathematically lower the
significance threshold (a) to
demand stronger evidence.

Statistical vs. Practical
Significance (Effect Size)

A test might prove that Classifier
A is statistically better than
Classifier B by 0.001%. While
mathematically true, that tiny
improvement (the effect size)
might not be practically significant
enough to justify replacing an
entire production system.

Slide 5



Part 3: Evaluating the True Cost of Errors

The Threshold
of Decision

Cost-Benefit Analysis and

ROC Curves

Context: . o]
Section 6.6.6: Why standard accuracy fails A
when the stakes are high, and how to visually N

evaluate the trade-offs of our models.



Slide 2: The Cost Matrix

Not All Errors Are Created Equal

The Problem with Accuracy

Standard accuracy
mathematically assumes that
every error is equally bad. In the
real world, this is rarely true!

The Cost Matrix

Instead of just counting right and
wrong, we assign a specific
“weight” or penalty to different
types of predictions.

Predict Predict
Positive Negative
Actual C(TP)=0 C(FN).= Qost
Positive (Correct) of missing
the target
Actual | C(FP)=Cost | ¢c(TN)=0
Negative | ofafalse (Correct)
alarm
The Goal

Example: Cancer Screening

(S:ZA Cost of a False Negative
(Missing Cancer):
Extremely high (fatal
consequences).

/), Cost of a False Positive

~ (False Alarm): Moderate
(patient stress, cost of a
secondary biopsy).

Different classifiers must be optimized for these specific, real-world cost trade-offs,
prioritizing the minimization of the most expensive error.



Slide 3: The ROC Curve

Visualizing the Trade-off

To see how a model handles these trade-offs, we use the
Receiver Operating Characteristic (ROC) curve.

/ What it Plots:
It graphs the True Positive Rate (Sensitivity) on the Y-axis against
the False Positive Rate (1 - Specificity) on the X-axis.

-o— The Mechanics of the Curve: Every single point on the curve
represents a different classification threshold (e.g., shifting the
probability cutoff from 50% to 20%). As you lower the
threshold to catch more True Positives, you inevitably trigger
more False Positives.

/ The Baseline: The diagonal line running straight through the
middle of the graph represents a completely random guess.
A good model’s curve will consistently bow up and to the left,
away from this diagonal line.

True Positive Rate (Sensitivity)

Lower Threshold
- More TP & FP

Good Model

Different e

Threshold Point ~ .* &%
QR
75 c‘,fﬂ\
P
R
20

False Positive Rate (1 - Specificity)




Slide 4: Decoding the AUC

Scoring the Curve

To easily compare two different ROC curves, we calculate the total two-dimensional space
underneath them, known as the Area Under the Curve (AUC).

AUC = 1.0: A mathematically perfect classifier AUC = 0.5: A useless, random classifier
The curve goes straight up the Y-axis 7y It falls exactly on the diagonal line
Q and straight across the top. {7 andis mathematically equivalent to
= flipping a coin.

AUC < 0.5: Actively worse than random

If your model achieves this, it means
6 it is successfully finding the patterns
but classifying them backward.

(The fix: simply reverse your model's
predictions\!).




Slide 5: Practical Application

Using ROC for Model Selection

How do we actually use this in production?

KE2 v

Compare Global Performance: Look at the AUC values across
different models (e.g., Logistic Regression vs. k-NN). The
higher the AUC, the better the model’s overall discriminative
ability.

Find the Operating Point: You don't just deploy the model;
you must select the specific point on the curve (the threshold)
that best balances your Cost-Benefit matrix.

Context is Key: A hospital prioritizing safety will happily
accept a higher False Positive Rate (moving right on the X-
axis) if it guarantees a near 100% True Positive Rate (moving
to the very top of the Y-axis). A spam filter, however, might
prioritize minimizing False Positives to avoid sending
important emails to the junk folder.

True Positive Rale

&

Model B
(k-NN, AUC=0.65)

T=0.8 = 2
JT=08

S~

T=02

%
705 ——

Hospital Scenario

High Sensitivity
(Safety First),
Accepts FPs

False Positive Rate

Model A
(Logistic Regression, AUC=0.85)

_ Higher AUC =
| Better Model

~ ||l Cost-Benefit |
> /| Matrix

Spam Filter Scenario

High Specificity
(Avoids FPs),
Prioritizes
Important Emails

True Positive Rale

False Positive Rate



Part 3: Techniques to Improve
Classification Accuracy

The Wisdom of Crowds

Introducing Ensemble Methods

Context: Part 3 - How combining multiple models yields
better predictions than any single model alone.




Slide 2: Why Ensemble Methods Work

Stronger Together

The Core Idea: Instead of relying on one ‘expert’ model, we train éﬁ%

a diverse committee of models and combine their predictions. Model1 \ Erisembl

Aggregation Final
Diversity: Different models make entirely different f& ' Prediction
errors based on how they were trained. Motel.2 \ |

3> —>

144 Averaging: When we combine these models, the Model S /

; r x  random errors tend to cancel each other out. 4 / Final

\ - Ensemble Prediction

“ Aggregation
@@ The Wisdom of Crowds: Just like a diverse group 4 s
: of humans guessing the weight of a cow, the Nodelh

@i@@ collective, aggregated decision almost always Ensemble Process: Combining diverse models

outperforms individual guesses. for superior accuracy.



Slide 3: Approach 1 - Bagging

Bootstrap Aggregating

The Process Key Algorithm: Random Forest Advantages

Bootstrap  ojgsifier

Sample 1 Drastically reduces

model variance

Random
Feature é
Selection at

£ > 4a
/ \‘Qggregation ® 4/ each node split without increasing
o -)ES ”é@o —»@,:—;@ ' bias.
= : : o Final Works exceptionall
B N, /“;7'/?55993‘6 Pl = wellwithhigh-
Bootstiap  Clasife /\J' variance models like
N » Uses Bagging combined with Decision Trees.
Create multiple bootstrap samples. random feature selection. .
Train a separate classifier on each. » Each tree trained on a different 7 Naturally provides
Combine predictions via majority vote bootstrap sample. lﬂﬂ feature importance

(classification) or average (regression). ~ * Highly parallelizable training. rankings.



Slide 4: Approach 2 - Boosting

Learning from Mistakes

The Process Key Algorithm: AdaBoost Advantages
ldentify ive B i '
Mogel { Misoassfe {Sitse Bactin) & G\ Reduces both bias and
gﬁc’ o variance, frequently
- |0 &, S
— / : : achieving state-of-
S Repeat ,, Z the-art performance. It
— peat _ (((f/=miys . ;
—— , @ Process iy \J 9? excels at turning a series of
orgnal -\ ° * / Weighted  pegiction “weak learners” into one
D %2 - : e :
E;%I) Je—>an o lteratively reweights training massive strong learner.
¢I0NS) Increased  Model 2 instances
Weight ’ i
Erfors « Each new model specifically The Catch |
Train initial model. Increase weight of focuses on the previous (Y- o inpeplocises
: er 1 : 3 s £ on errors, it can severely
misclassified instances. Train next models’ mistakes. N overiit to the training
model focusing on errors. Repeat. Final ~ * The final prediction is a weighted data if run for too many

prediction is a weighted vote. vote of all the sequential models. iterations.



Slide 5: Approach 3 - Stacking

Stacked Generalization

The Process The Architecture Advantages

Base Base

vl 0) tovelo) Instead of a simple
;i“h = Predlctlons . majority VO_t?, the
- / eratures) "\ meta-classifier actually
=r) D learns the optimal w
] — | »;ﬁ@b ._@ earns the op ay
: : - e to combine the base
%’glgr::]nagl \ g‘? = 8—,% Cll_ases$|1er Prediction = Meta‘ _ ‘@ mOdBIS.
Data = ok (Level 1) / Final N nghly effective at
Classifier2 Classifier 3 [ B Prediction g™, combining completely
. gl e . Model 3 Level 1 different types of
Train multiple different base classifiers Model algorithms (e.g., mixing a
(Level 0) on the original training data. Net e
: e —— etwork, a Decision
Then, use their predictions as features to Level 0 Tree. and k-NN

train a new meta-classifier (Level 1). hEotals together).



Slide 6: Ensemble Comparison Matrix

Choosing Your Committee

Method

Training Style

Prediction Style

Key Idea

Best Used For

s Reduce variance High-variance
% Bagging (Simpual':ggglous) Mak)\;g?la\égte/ through random | models (e.g., deep
sampling Decision Trees)
=
4 : Weak learners that
L0 : Sequential : Hyper-focus on :
,,,4 Boosting | (one after another)  Weighted Vote | revious errors "eegcgubrgg;t 0
=
: Heterogeneous
G : Two-Level Meta-Model Leam the optimal models (mixing
& > otacking (Base then Meta) Prediction Tgmgirr?:'}ilgﬁl different
algorithm types)




Slide 1: Summary & Key Takeaways
The Complete Evaluation Playbook

Subtitle: Bringing It All Together
Context: Lecture Wrap-Up

Ensemble Methods Overview (Bagging, Boosting, Stacking)
Stacking: Leveraging diverse models with a meta-classifier
Comparison Matrix: Choosing the right approach based on
data and goal

~ Key Takeaway: Combine strengths for robust, high-
performance models

PR AR




Slide 2: The Evaluation Checklist

Your Step-by-Step Guide to Model Assessment
Before deploying any classifier to production, run it through this six-step checklist:

Step

Method

Purpose

Confusion Matrix

4

Understand the exact types of errors being made
(False Positives vs. False Negatives).

Multiple Metrics

o Precision
=< - Recall

Calculate Precision, Recall, and the F1-Score
(never rely solely on Accuracy).

Cross-Validation

Ensure your performance estimate is reliable and
uses all available data.

Statistical Test

Verify mathematically that performance gains are
significant, not just random variance.

ROC /AUC

Compare models across all possible thresholds to
find the best discriminative power.

Cost Analysis

Assess the real-world business or clinical impact of
the final operating point.




Slide 3: When to Use Each Validation Method
Matching the Technique to the Data

Scenario Recommended Method

Large dataset, quick estimate needed Holdout Split (e.g., 70/30) j
Standard, rigorous evaluation @ 10-fold Cross-Validation @
Very small dataset 3?22' Leave-One-Out (LOO) or Bootstrap gfggo
Highly imbalanced classes .g,f@ Stratified Cross-Validation E‘K‘%’
Need a robust variance estimate {j:?’a Repeated Cross-Validation or Bootstrap




Slide 4: Ensemble Selection Guide
Choosing the Right Strategy for the Job

Your Primary Goal

Recommended Approach

Reduce variance (prevent overfitting) @

Bagging / Random Forest

Reduce bias (improve underfitting) f,%.;

%

77 %

Boosting (e.g., AdaBoost)

©}

Maximize overall accuracy

Gradient Boosting (e.g., XGBoost,
LightGBM)

Combine completely different models &

&

Stacking

Need strict interpretability

ita

Do not use an ensemble. Stick to a single
Decision Tree or Logistic Regression.




Slide 5: Key Insights & Final Thoughts

The Golden Rules of Machine Learning Evaluation

Accuracy is an

. Tllusion

Always examine multiple
metrics. A 99% accuracy
rate is meaningless if it
misses the 1% of cases that
actually matter.

Reveal the
Trade-offs

Use ROC curves to
visualize the cost of doing
business and choose your
operating

threshold wisely.

Cross-Validation is

u&/ Essential

A single holdout split can
be incredibly misleading
due to the luck of the draw.

\,) Ensembles Win

Competitions

They are the undisputed
champions of predictive
accuracy, but you will
almost always sacrifice
interpretability to use
them.

Significance

~ Matters

Don't trust random
variation. Prove your
model is better using
statistical tests.

The ‘No Free Lunch’
Theorem

There is no single perfect
algorithm or evaluation
metric. Choose your
methods based on the
specific, real-world problem
you are trying to solve.



