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Part 1: Introduction & Learning Objectives

Expanding the
Machine Learning
Toolkit

Advanced Classification Methods

Context: Part 1



The Opening Context

Beyond the Basics

The Foundation: We have successfully mastered basic classification
models, such as Decision Trees and standard Naive Bayes.

The Real-World Challenge: Real-world problems rarely fit into perfectly
clean, simple models. They demand significantly more sophisticated
approaches, including:

» Handling massive, high-dimensional datasets without crashing.

e Accurately modeling complex, interrelated dependencies between
variables.

o Mathematically finding the absolute optimal decision boundaries.

o Generating highly interpretable rules that non-technical
stakeholders can actually understand.

The Goal: Today, we move beyond the basics and explore the advanced
toolkit that powers modern, industrial-grade classification systems.




Learning Objectives
What We Will Cover Today

By the end of this lecture, you will be equipped to tackle complex
data by being able to:

o Engineer the Data: Understand advanced feature selection
and engineering methods to feed your models the best
possible information.

e Model Uncertainty: Master Bayesian Belief Networks for
deep, complex probabilistic reasoning.

¢ Find the Optimal Boundary: Grasp the mechanics of
Support Vector Machines (SVMs) for high-performance
classification.

o Extract the Logic: Learn powerful rule-based classification
techniques that provide transparent, interpretable decisions.




Part 2: Feature Selection
and Engineering
Sifting the Signal from the Noise

Battling the Curse of Dimensionality

Context: Part 2 - How to choose and engineer the right
data before feeding it to your model.




The Curse of Dimensionality Revisited
Why More Data Isn’t Always Better

Before we build complex models, we must understand the
danger of having too many features (columns) in our dataset:

o Data Sparsity: As the number of features increases, the
volume of the multidimensional space grows so fast that
the available data becomes sparse.

o Exponential Complexity: Model complexity and required
computational power grow exponentially with each new
feature.

» Noise and Overfitting: Irrelevant features act as "noise."
The model may memorize this noise instead of learning
the true underlying patterns, leading to severe overfitting.




1. Filter Methods

Statistical Gatekeeping

Definition: Filter methods evaluate features completely independently of any specific machine learning
algorithm. They use pure statistical measures to rank how relevant a feature is to the target variable.

Common Techniques:
e Variance Threshold: Removes features that barely change (e.g., if 99% of values are identical).
e Correlation Coefficient: Measures the linear relationship between a feature and the target.
e Chi-Square Test: Used to evaluate categorical features against categorical targets.

e Information Gain / Mutual Information: Measures the reduction in entropy.
e Fisher Score: The ratio of between-class variance to within-class variance.

Advantages: Fast, highly scalable, and Disadvantages: Ignores interactions between
independent of the classifier. Excellent for features and may accidentally select highly
initial screening. redundant features.

Example (Variance Threshold):
Given Feature Variances: [0.45, 0.02, 0.67, 0.001, 0.89]
If we set our Threshold = 0.01, we drop Features 2 and 4.




2. Wrapper Methods

Testlng by Trial and Error

Definition: Wrapper methods treat feature selection as a search problem. They evaluate different subsets
of features by actually training the chosen machine learning algorithm and seeing how well it performs.

Common Approaches:

e Forward Selection: Start with an empty set, iteratively adding the single best-performing feature
one by one. [

® fBackward Elimination: Start with all features, iteratively removing the single worst- performlng, v o3
eature N ¥

e Recursive Feature Elimination (RFE): Recursively trains the model and removes the least
important features until the desired number is reached.

e Exhaustive Search: Tries every single possible combination of features (mathematically
perfect, but computationally impossible for large datasets).

Advantages: Disadvantages:

Considers feature interactions and is Massively computationally expensive and S =
perfectly optimized for the specific classifier ~ carries a high risk of overfitting to the training ¢ sS4 ®
being used. data. A >



3. Embedded Methods

Learmng Whlch Features Matter Durmg Trammg

Definition: Embedded methods perform feature selection automatically during the actual model training process.
They combine the computational efficiency of Filters with the classifier-specific optimization of Wrappers.

Common Techniques:
e LASSO Regression: Uses L1 regularization to mathematically drive the coefficients of useless features
all the way down to exactly zero.
e Decision Tree Importance: Features that are used higher up in the tree (closer to the root) are =, &
mathematically ranked as more important. (5
e Random Forest Importance: Calculates the average decrease in impurity across all trees for a

specific feature.
e Regularized SVMs: Analyzes the final feature weights derived from a linear Support Vector
Machine.
Advantages: Disadvantages:
Built directly into the training process, highly  Classifier-specific (the selected features are
efficient, and actively accounts for feature tied to the algorithm used) and less flexible to

interactions. port to other models.



Feature Engineering Beyond Selection

Creating Better Data

Sometimes, the best features aren't selected; they are engineered.

Feature Creation: Creating entirely new polynomial features or mathematically
capturing interactions between variables (e.g., multiplying Height x Width to create an
Area feature).

Feature Transformation: Using techniques like Principal Component Analysis . .. .~
(PCA) to compress data, or scaling features so they have the same T
mathematical weight.

Feature Discretization: "Binning" continuous variables into categorical
groups (e.g., turning exact ages into "18-24", "25-34" buckets).
Domain-Specific Features: The most powerful tool. Using expert human
domain knowledge to derive custom features that an algorithm could never
guess on its own.




Part 3: Bayesian Belief Networks

Mapping the Web

of Probability

Modeling Complex
Dependencies with BBNs

Context: Part 3 - Moving beyond the “naive” assumption
to accurately map real-world relationships.




Concepts and Mechanisms
‘The Limitation of Naive Bayes

The Problem: Naive Bayes assumes that all attributes are conditionally
independent given the class. In real life, this is rarely true (e.g., in @ medical
dataset, "fever" and "cough” are highly related).

The Solution: A Bayesian Belief Network (BBN). It is a probabilistic graphical
model that represents conditional dependencies among variables using a
Directed Acyclic Graph (DAG).

The Core Components:
e Nodes: Represent the random variables (the features or the class).
e Directed Edges: The arrows that represent direct dependencies or causal
relationships between the nodes.
e Conditional Probability Tables (CPTs): The mathematical tables behind
each node that strictly quantify these dependencies.




Example & Key Properties
Visualizing the Network
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Key Network Properties:

e (Conditional Independence: A node is
mathematically independent of its
non-descendants given its parents.

e The Markov Blanket: A node’s
"Markov blanket" includes its parents,
its children, and its children’s other
parents. Knowing the exact state of a
node’s Markov blanket renders that
node completely independent of the
rest of the network.




The Mathematics of BBNs

| Inference and the Chain Rule

The Chain Rule
To calculate the joint probability of @
all the variables in the entire
network, we use the Chain Rule for
Bayesian Networks:

PlXy, XKooy X)) =

= || P(X; | Parents(X;))
=1

Inference in Bayesian Networks:

e Evidence Propagation: As new

The Goal: To compute the posterior
probabilities given new, observed
evidence. S\

evidence is introduced (e.g., a patient 7
tests positive for Chest Pain), that
evidence mathematically propagates
through the network via the
conditional probabilities.

Dynamic Updates: These dynamic
updates actively affect all connected
nodes, shifting the probabilities of
the overarching diagnosis.




Training Bayesian Belief Networks
Building the Graph and the Tables

1. Structure Learning 2. Parameter Learning
(Discovering the Graph): (Estimating the CPTs):
e Expert Knowledge: Domain e Maximum Likelihood
experts manually specify the Estimation: Deriving e \'g 727
dependencies based on real- probabilities directly from data a8\ 7294%%
world logic. frequencies. Y=
e Score-Based Search: Using e Bayesian Estimation: N
algorithms to find the structure Incorporating prior probability  ag
that maximizes a mathematical distributions.
score (like BIC or MDL). e EM Algorithm: Used to
e Constraint-Based: Statistically estimate parameters when
testing for conditional dealing with incomplete or
independencies within the missing data.

dataset.



Complexity & Applications

Real-World Usage

The Challenge:

The general case for training
Bayesian Belief Networks is NP-
complete.

Because of this massive
computational complexity,
practical algorithms heavily rely
on heuristics, domain
knowledge, and specialized
software toolkits.

Major Applications: Y
e Medical Diagnosis: Mapping the O‘l \1

9
complex web of disease-to- Q3 X Pz )/
symptom relationships. J\L\y C\\/jl
Search Engines & Ads: Modeling ~ “~. .= Q=
the semantic relationships between o °>—2 \
search terms (extensively used by PV
systems like Google Search).
Natural Language Processing:
Determining semantic similarity
and finding related words.

Risk Assessment: Calculating
interwoven risks for credit scoring
and insurance policies.




Part 4: Support Vector Machines

Drawing the
Optimal Line

Maximizing the Margin with SVMs

Context: Part 4 - How to find the mathematically
perfect decision boundary for classification.



Linear Support Vector Machines

The Search for the Best Boundary Margin Yo,
Boundaries ~3 5 47«9,,7.70
The Motivation: If you have linearly separable data, p w

there are mathematically infinite ways to draw a
separating hyperplane (a line) between the classes. 5
How do we know which one is the absolute best? a

The Key Insight:

SVM doesn't just draw any line; it chooses the ® @
hyperplane that maximizes the margin—the empty (,”
distance between the hyperplane and the closest Support 4
data points from each class. Vectors .

Support Vectors: Optimal
* These are the specific training examples that lie Hyperplane
closest to the decision boundary. 3252?52

They are the only points that determine the optimal hyperplane.
Non-support vectors have zero effect on the decision boundary.



The Mathematics of the Margin

Formulating the Objective

For a binary classification problem where our
classes are mathematically labeled +1 and -1:

The Hyperplane Equation' wix+b=

The Margin Width:
- ||w||

Correct Classification Constraints:

* W xz—l—b>—|—1 for y; = +1
Swixy b <"=1%forty; ——1

Expressed compactly as: y;(w?x; + b) > 1

The Optimization Objective:

To maximize the margin, we must minimize the norm of w:

Subject to the constraint: y; (w’x; + b) > 1 for all <.

Margin Width:
Wix+b=+1 - A 28
/

Iwli



Handling the Real World
Soft Margins and Applications

Perfectly separable data is rare. What
happens when data points overlap?

Soft Margin SVM:

We introduce “slack variables” (&;) to ,
mathematically allow for Ty
misclassified points. /

The C Parameter:
A penalty parameter, C, High C Low C
controls the trade-off. A high C | EIE

enforces strict classification

(smaller margin, fewer errors), 4“"'
while a low C allows for a wider
margin but more training errors.

Major Applications:

Signal processing and
classification

Q Image retrieval

Q Fault detection
Computer vision

\

N

L\

Bioinformatics and
Biomedical prediction



Part 5: Rule-Based Classification

The Power of
IF-THEN Logic

Transparent and Interpretable
Decision Making

N
"X Action1 J -

“ THEN
Action 2

Creating models that humans
X\ can easily read and validate.




Using IF-THEN Rules
for Classification

Translating Data into Human Logic

The Definition The Rule Format

Rule-based classifiers represent learned ([ " . _ . _
knowledge as a discrete set of IF-THEN L e e ANP e ANP Tn i8 Ajn
rules. Each rule contains an antecedent (the THEN class C; with certainty CF}
conditions) and a consequent (the class ‘

s The Core Advantages

O Highly Interpretable: Non-technical domain experts can
. .
Y easily read, validate, and trust the rules.

(% Modular: Rules can be incrementally updated, added, or
=3 removed without retraining an entire complex model.



Generating Rules from Data

How the Machine Writes the Logic NG

ol —
-iﬂ»

| IF - THEN

Rather than writing rules by hand, we use
algorithms to induce them directly from
the training data.

Rule Induction Algorithms:

x - RIPPER: A highly efficient sequential covering algorithm that builds
> rules to cover positive examples and then prunes them.

CN2: A pruning-based rule learning algorithm designed to handle
056 noisy data.

C4.5rules: A method that first builds a standard Decision Tree and
o then systematically extracts and refines the IF-THEN rules from its
branches.




Fuzzy Rule-Based Systems

Handling Shades of Gray

Real-world data is rarely absolute. Fuzzy systems allow us to use
‘fuzzy sets’ for continuous attributes, replacing rigid boundaries with
degrees of belonging (membership functions).

{@} Rule Generation Mathematics:

e Specify the antecedent fuzzy sets.
e C(Calculate the sum of membership grades for a class:

Beiass () = Z Hj (xp)

xp€Classy
e Select the class that maximizes this sum to determine the consequent class and certainty factor (CF;).

Classification for a New Instance (x):
e Calculate the match score for each class (h) and assign the class with the maximum « value:

Uclass (%) = max{u;(x) - CFj | C; = h}



Optimization & Real-World Applications

Refining the Ruleset

Optimization Techniques: Major Applications:
Genetic Algorithms: Used to é Biological Classification: Analyzing
computationally "evolve" the most complex gene expression data.

compact and accurate rule sets over

multiple generations. Gt Medical Diagnosis: e.g., Breast cancer
@ Weighted Training Patterns: Applying diagnosis from thermography features

specific costs to certain (achieving ~80% accuracy using

misclassifications (cost-sensitive around 38 features).

learning).

Learning Algorithms: Automatically <@> Computer Vision: Image classification
@% adjusting the Certainty Factors (CFS) tasks where the reasoning needs to be

based on historical performance. explicitly understood.



Comparison of Classification
Approaches

Choosing the Right Tool for the Job

Approach Interpretability | Accuracy Potential | Handling Uncertainty
[5% Crisp Rules Very High Q Moderate @ Poor @
ﬂ Fuzzy Rules | High Q | Good @ | Excellent @
@3 Neural Networks- Low | Very Good @ | Moderate @

| 2/ Support Vector
% Machines (SVM) Low Very Good @ Poor ()



Summary & Comparison
Choosing the Right Tool

Bringing the Advanced Toolkit Together

Summary - A final review of the strengths, weaknesses,
and ideal use cases for each method.




Method Comparison Matrix
Balancing Interpretability, Accuracy, and Speed

Method Strengths Weaknesses Best Used For

; Extremely fast and highly Ignores interactions between Initial screening of massive
Filter Methods scalable. features. datasets.

Actively considers feature Datasets with relatively small

Wrapper Methods i e Computationally expensive. fostirD Sals.
- . - Classifier-specific (tied to the Regularized models (like
Embedded Methods Built directly into model training. algorithm). LASSO or Random Forest).

Bayesian Networks Highly interpretable; handles | Training the structure is NP- ~ Domains with known, logical

real-world dependencies. complete. structures (e.g., medical).
Support Vector Machines High accuracy; excels in Acts as a "black box" (low Clear margin problems where
(SVM) high-dimensional spaces. interpretability). accuracy beats transparency.
Highly interpretable and easily = May be less accurate than Explainable Al needs (e.g.,

Rule-Based validated by humans. complex models. critical diagnostic applications).



Key Takeaways

The Core Lessons

The Importance of the Data: Feature selection is an absolute necessity for
handling high-dimensional data and preventing the curse of dimensionality.

Modeling Reality: Bayesian Networks allow us to model real, complex
dependencies, moving far beyond the limiting assumptions of Naive Bayes.

Mathematical Precision: Support Vector Machines (SVMs) find the optimal
decision boundaries by ruthlessly maximizing the mathematical margin.

The Value of Transparency: Rule-based methods sacrifice a small amount of
accuracy to provide highly interpretable, easily understandable models for
critical applications.

The Ultimate Rule: There is no single perfect algorithm. You must choose your
method strictly based on the specific interpretability needs, data size, and
accuracy requirements of your unique problem.



Nonlinear Support Vector Machines

The Kernel Trick

What if the data absolutely
cannot be separated by a
straight line?

The Concept:

We mathematically map the data
into a much higher-dimensional
space Where it suddenly becomes
linearly separable.

The “Trick”:

We do this without ever explicitly
computing the complex mapping,
saving massive computational
power.

A | T
B g

Map to Higher
Dimension

) /

Common Kernels:
; . .
Linear: K(z;, ®j) = ; z;

Polynomial: K(z;, z;) = (2] z; + r)
Radial Basis Function (RBF):

K(x;, z;) = exp(—y|a; — z;|°)
Sigmoid: K (z;, z;) = tanh(az] z; + c)



Evaluating SVMs

Properties and Characteristics
Before using an SVM, you must understand its strengths and limitations.

SVM Characteristics:

*) Kernel Properties: ) The Pros:

» A valid kernel must satisfy » Excellent generalization even with limited data.
Mercer's condition (it must be » Thrives in highly complex, high-dimensional
positive semi-definite). spaces.

* Extremely robust against overfitting due to its

» The computational cost depends margin maximization strategy.

entirely on the number of support
vectorg, not the number of % ? The Cons:
dimensions. * Interpretability is highly limited.
 Much like a neural network, a complex nonlinear
SVM acts largely as a “black box” to end-users.



