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Supervised learning (Regression & Classification)

Supervised learning is a type of machine learning where a model learns from labelled data,
meaning each input has a correct output. The model compares its predictions with actual results
and improves over time to increase accuracy.

f Labeled Data \

Supervised Machine Learning

Model is trained using labeled data and pre-processed
n“l‘,'- ﬂ to predict outcomes and classify data accurately.
TN =
e gmm |
-~ :
" et [N W Processing
: 2 [Processina | s
 Yal
&
o b > —_— @\' e e W camel
f Labels \
L, W ..
L]
“M|®  cephant = Algorithm
1} 4] B3

Supervised Machine Learning
Its main features are:
® FEach input has a known output
® Adjusts itself to reduce prediction errors
® Make accurate predictions on new data

® For example it recognizing handwritten digits from trained data

Types of Supervised Learning
Now, Supervised learning can be applied to two main types of problems:
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e (lassification: Where the output is a categorical variable (e.g., spam vs. non-spam
emails, yes vs. no).

® Regression: Where the output is a continuous variable (e.g., predicting house prices,
stock prices).

A

Let's first understand the classification and regression data through the table below:

Sample

Both the above figures have labelled data set as follows:

Figure A: It is a dataset of a shopping store that is useful in predicting whether a customer will
purchase a particular product under consideration or not based on his/her gender, age and salary.

® Input: Gender, Age, Salary


https://www.geeksforgeeks.org/machine-learning/getting-started-with-classification/
https://www.geeksforgeeks.org/machine-learning/regression-in-machine-learning/

4 KALINGA
. UNIVERSITY

® Output: Purchased i.e. 0 or 1; 1 means yes the customer will purchase and 0 means

that the customer won't purchase it.

Figure B: It is a Meteorological dataset that serves the purpose of predicting wind speed based
on different parameters.

® Input: Dew Point, Temperature, Pressure, Relative Humidity, Wind Direction

® QOutput: Wind Speed

Working of Supervised Machine Learning
The working of supervised machine learning follows these key steps:

1. Collect Labeled Data

® Gather a dataset where each input has a known correct output (label).

® Example: Images of handwritten digits with their actual numbers as labels.

2. Split the Dataset

® Divide the data into training data (about 80%) and testing data (about 20%).

® The model will learn from the training data and be evaluated on the testing data.

3. Train the Model

® Feed the training data (inputs and their labels) to a suitable supervised learning
algorithm (like Decision Trees, SVM or Linear Regression).

® The model tries to find patterns that map inputs to correct outputs.

4. Validate and Test the Model

® Evaluate the model using testing data it has never seen before.
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The model predicts outputs and these predictions are compared with the actual labels

to calculate accuracy or error.

5. Deploy and Predict on New Data

Once the model performs well, it can be used to predict outputs for completely new,

unseen data.

Supervised Machine Learning Algorithms

Supervised learning includes different types of algorithms used to predict outputs based on

labeled data. Each algorithm is designed for specific tasks like prediction or classification.

Examples
°

Linear Regression: Used to predict continuous values (e.g., price, temperature). It is

simple and widely used.
Logistic Regression: Logistic regression is a type of supervised learning
classification algorithm that is used to predict a binary output variable.

Decision Trees: Uses a tree-like structure where each node represents a decision and

each leaf represents an outcome.

Random Forests: Combines multiple decision trees to improve accuracy and reduce
overfitting.

Support Vector Machine(SVM): Separates data into classes using a boundary
(hyperplane). Support vectors help define this boundary.

K-Nearest Neighbors: Predicts based on the closest data points. Results depend on

the value of k and distance measure.

Gradient Boosting: Builds models step-by-step by correcting errors of previous
models, creating a strong model.

Naive Bayes Algorithm: Based on probability and Bayes’ Theorem, assuming
features are independent of each other.

Fraud Detection in Banking: Uses labeled transaction data to identify and predict
fraudulent activities.

Parkinson Disease Prediction: Analyzes medical data such as voice recordings,
motor symptoms, and clinical measurements to identify patterns and predict whether

a patient has disease or not.


https://www.geeksforgeeks.org/machine-learning/ml-linear-regression/
https://www.geeksforgeeks.org/machine-learning/understanding-logistic-regression/
https://www.geeksforgeeks.org/machine-learning/decision-tree-introduction-example/
https://www.geeksforgeeks.org/machine-learning/random-forest-regression-in-python/
https://www.geeksforgeeks.org/machine-learning/support-vector-machine-algorithm/
https://www.geeksforgeeks.org/machine-learning/k-nearest-neighbours/
https://www.geeksforgeeks.org/machine-learning/ml-gradient-boosting/
https://www.geeksforgeeks.org/machine-learning/naive-bayes-classifiers/
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® Customer Churn Prediction: Uses historical customer data to predict whether a
customer will leave a service.

® Cancer cell classification: Implements supervised learning for cancer cells based on
their features and identifying them if they are ‘malignant’ or ‘benign.

® Stock Price Prediction: Uses past data to predict stock trends and support investment
decisions.

Advantages

® FEasy to understand and implement as it learns from labeled data.

® Provides high accuracy when sufficient labeled data is available.

® Works for both classification (spam detection, disease prediction) and regression
(price forecasting).

® (Can generalize well to unseen data with proper training and diverse datasets.

® Widely used in applications like speech recognition, medical diagnosis, sentiment
analysis and fraud detection.

Disadvantages

® Requires large amounts of labeled data, which is expensive and time-consuming to
prepare.

® (Can be biased if the training data is unbalanced, leading to unfair or inaccurate
predictions.

® May overfit the training data instead of learning general patterns, especially with
small datasets.

® Performance can drop when applied to data that is very different from the training
data.

® Not easily scalable for problems with a very large number of labels, such as in natural

language tasks.
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Regression, Classification Algorithms, and Evaluation Metrics

1. Introduction to Machine Learning

Machine Learning (ML) is a branch of Artificial Intelligence that enables computers to learn
patterns from data and make predictions or decisions without being explicitly programmed for
every individual task. Machine learning algorithms are widely used in healthcare, finance,
education, agriculture, marketing, cybersecurity, natural language processing, computer vision,
recommendation systems, and many other domains.

A typical machine learning problem involves three major components:

1. Input data — information provided to the learning algorithm.

2. Learning algorithm — a mathematical or computational method that identifies patterns in
the data.

3. Output or prediction — the result generated by the trained model.

Machine learning algorithms can broadly be divided into supervised, unsupervised,
semi-supervised, and reinforcement learning methods. The algorithms discussed in these
notes—Linear Regression, Logistic Regression, k-Nearest Neighbors, Decision Trees, Random
Forests, and Support Vector Machines—are primarily supervised learning algorithms.

In supervised learning, the algorithm learns from a dataset containing input variables and known
output values. The objective is to learn a relationship between inputs and outputs so that the
trained model can predict outputs for new, unseen data.

For example, suppose a university wants to predict students' final marks using attendance,
internal examination marks, assignment scores, and practical marks. This is a regression problem
because the output is a numerical value.

On the other hand, if the university wants to classify students as "Pass" or "Fail," the problem
becomes a classification problem because the output belongs to predefined categories.
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CLASSIFICATION vs. REGRESSION in MACHINE LEARNING

CLASSIFICATION
Predicts a Category / Discrete Label

(&) ———
Sul

Input Data
(Images)

Goal: Assign to a pre-defined class

Linear Regression

Price (§)

(Features & Target)

REGRESSION

Predicts a Quantity / Continuous Value

ML Model
(Regressor)

Size (sq ft)
Input Data

Predicted
Price: ~$450k

Price ()

Size (sq ft)

Goal: Estimate a numerical value along a continuum

Linear Regression is one of the simplest and most widely used supervised machine learning
algorithms. It is primarily used for predicting a continuous numerical value based on one or more

input variables.
Examples include:

Predicting house prices.
Predicting student marks.
Predicting crop yield.
Predicting sales revenue.
Predicting temperature.

Predicting employee salary.

Predicting electricity consumption.

The fundamental assumption of linear regression is that there is an approximately linear
relationship between the independent variables and the dependent variable.

2.1 Important Terminology

Dependent Variable

The dependent variable is the value that we want to predict.

It is commonly represented by Y.
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Examples:
e House price
e Student marks
e Sales
e Crop yield
Independent Variable

An independent variable is a feature used to predict the dependent variable.

It is commonly represented by X.

Examples:
e House area
e Attendance percentage
e Advertising expenditure
e Rainfall

Regression Coefficients

Regression coefficients determine how changes in independent variables influence the dependent
variable.

Intercept

The intercept represents the expected value of the dependent variable when all independent
variables are zero.

Simple Linear Regression

Simple Linear Regression uses one independent variable to predict a dependent variable.
The general equation is:

Y=p+PX+eg

Where:

e Y = predicted dependent variable
e X =independent variable
e o= intercept



® .= regression coefficient or slope

® & =error term

The predicted value is often represented as:

Y =po + p:X

3.1 Example
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Suppose we want to predict a student's marks based on the number of hours studied.

Hours Studied

1

Here:

e Independent variable = Hours Studied
e Dependent variable = Marks

35

42

50

60

68

The algorithm attempts to find a straight line that best represents the relationship between study

hours and marks.

If the learned equation is:
Marks = 28 + 8 x Hours

then for a student who studies for 5 hours:

Marks = 28 + 8(5)

Marks = 68

Therefore, the predicted mark is 68.



. KALINGA
o, UNIVERSITY

Best-Fitting Line
The objective of linear regression is to find the line that best fits the training data.

The difference between the actual value and predicted value is called the residual or prediction
error.

Residual = Actual Value — Predicted Value

A good regression model attempts to minimize the overall prediction error.

One of the most common approaches is the Ordinary Least Squares (OLS) method.
OLS minimizes the sum of squared residuals:

SSE = X(Y; — Y))?

where:

® Y, is the actual value.
e Y is the predicted value.

Squaring the errors ensures that positive and negative errors do not cancel each other.

Assumptions of Linear Regression

Linear regression works most effectively when certain assumptions are reasonably satisfied.

5.1 Linearity

There should be an approximately linear relationship between the independent and dependent
variables.

For example, if increasing advertising expenditure generally increases sales in a roughly linear
manner, linear regression may be appropriate.

5.2 Independence
Observations should generally be independent of one another.

This is particularly important for time-series data, where observations may be correlated.

5.3 Homoscedasticity
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The variance of residuals should remain approximately constant across different levels of
predicted values.

If the variance increases or decreases systematically, the model may suffer from
heteroscedasticity.

5.4 Normality of Errors
For statistical inference, residuals are often assumed to be approximately normally distributed.

The prediction model itself can sometimes still be useful when this assumption is not perfectly
satisfied.

5.5 Low Multicollinearity

For multiple regression, independent variables should not be excessively correlated with each
other.

High multicollinearity can make coefficient interpretation unstable.

Advantages of Simple Linear Regression

1. Easy to understand.

2. Easy to implement.

3. Computationally efficient.

4. Coefficients are relatively easy to interpret.

5. Useful as a baseline model.

6. Works well when relationships are approximately linear.

7. Suitable for small datasets.

8. Provides a mathematical relationship between variables.
Limitations

1. Assumes a linear relationship.

2. Sensitive to outliers.

3. Cannot naturally capture complex nonlinear relationships.

4. Performance may be poor when important variables are missing.

5. Multiple regression can suffer from multicollinearity.

6. Strongly dependent on the quality of input data.

Multiple Linear Regression
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Multiple Linear Regression extends simple linear regression by using two or more independent
variables to predict a continuous dependent variable.

The general equation is:

Y= Bo + B1X1 + BzXz =+ BsXs + ..+ ﬁDXD + ¢

where:
e Y =dependent variable
e X, Xo, ..., X[ =independent variables
e o = intercept
® [, e, ..., B[] = coefficients
® ¢ =error
7.1 Example

Suppose a house price prediction system uses:

House area
Number of bedrooms
House age

Distance from city center

The model could be:

Price = o + Bi(Area) + B:(Bedrooms) + B:(Age) + B«(Distance)

Each coefficient represents the expected change in house price associated with a one-unit change
in that feature while holding the other features constant.

Interpretation of Multiple Regression Coefficients

Suppose:

Marks = 20 + 0.5(Study Hours) + 0.3(Attendance) + 2(Assignments)

The coefficient 0.5 for Study Hours means that, keeping the other variables constant, one
additional hour of study is associated with an estimated increase of 0.5 marks.

Similarly, the coefficient for attendance indicates its estimated contribution while keeping the
other variables constant.
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This interpretation makes multiple linear regression useful not only for prediction but also for
understanding relationships between variables.
Linear Regression Model Evaluation

Several metrics can be used to evaluate regression models.

Mean Absolute Error (MAE)

MAE = (1/n) X|Y; - Y|

MAE measures the average absolute prediction error.

Mean Squared Error (MSE)

MSE = (1/n) Z(Y;: - Yi)?

MSE gives greater importance to large errors because the errors are squared.
Root Mean Squared Error (RMSE)

RMSE = {MSE

RMSE is expressed in the same units as the dependent variable.

R? Score

R? measures the proportion of variation in the dependent variable explained by the model.

A higher R? generally indicates that the model explains more variation, although a high R* alone
does not guarantee a good predictive model.

Logistic Regression

Despite its name, Logistic Regression is primarily a classification algorithm, not a regression
algorithm in the usual machine learning sense.

It is commonly used for binary classification problems where the output has two possible
classes.

Examples:

e Pass/Fail



Disease / No Disease
Spam / Not Spam
Fraud / Not Fraud
Purchase / No Purchase
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Logistic regression estimates the probability that an observation belongs to a particular class.

11. Sigmoid Function

Logistic regression uses the sigmoid function to convert a real-valued input into a probability

between 0 and 1.

The sigmoid function is:

o(z)=1/(1+e?

where:

z=Bo+ B Xi + PoXo + oo + BUIX[]

The sigmoid function has an S-shaped curve.
Its output lies between 0 and 1.

For example:

e Output = 0.90 — high probability of class 1
e Output = 0.70 - relatively high probability
e Output = 0.50 — decision boundary

e Output = 0.20 — relatively low probability

A common classification threshold is 0.5.
If:

P(Y=1|X) > 0.5

the observation may be classified as class 1.

Otherwise, it may be classified as class 0.

12. Logistic Regression Example
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Suppose a university wants to predict whether a student will pass an examination.
Features include:

Attendance

Internal marks

Assignment score

Previous examination performance

The logistic regression model calculates the probability of passing.
Suppose the model produces:

P(Pass) = 0.82

Using a threshold of 0.5, the model predicts:

Pass

If the probability is:

P(Pass) = 0.31

the prediction becomes:

Fail

The threshold can be adjusted depending on the application.

13. Log-Odds and Logistic Regression

Logistic regression can also be expressed using log-odds.
The odds are:

Odds = p/(1-p)

The logit function is:

log(p/(1-p)) = Bo + B:X: +... + pUIX[

This relationship allows logistic regression to model the probability of a binary outcome using a
linear combination of input features.
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14. Multiclass Logistic Regression

Logistic regression can also be adapted for multiple classes.

For example, a model may classify an image into:

® Rice
e Wheat
e Maize

Common strategies include:

® One-vs-Rest
e Multinomial Logistic Regression

In One-vs-Rest, separate classifiers are trained to distinguish each class from all remaining

classes.

15. Advantages of Logistic Regression

1. Simple and easy to understand.
2. Computationally efficient.
3. Provides probability estimates.
4. Works well for linearly separable classification problems.
5. Coefficients can provide useful interpretation.
6. Supports regularization.
7. Useful as a baseline classification model.
Limitations
1. Assumes a linear decision boundary in feature space.
2. Can perform poorly on highly nonlinear problems.
3. Sensitive to irrelevant features.
4. Can be affected by multicollinearity.
5. Outliers can influence the model.
6. Feature scaling may be important depending on the dataset and regularization.

16. k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm is a simple supervised learning algorithm used for
classification and regression.



4 KALINGA
o UNIVERSITY

Unlike many algorithms that learn an explicit mathematical model during training, k-NN is often
described as a lazy learning or instance-based learning algorithm.

It stores training examples and makes predictions when new data arrives.
The basic idea is:
Similar observations are likely to have similar outputs.
For classification, k-NN looks at the nearest training examples and assigns the class that receives
the majority vote.
17. Working of k-NN
The basic steps are:
Step 1: Select K
Choose the number of neighbors, K.
For example:
K=3
Step 2: Calculate Distance
Calculate the distance between the new observation and each training observation.
The most commonly used distance is Euclidean distance.
d=vl(x1 —y1 )*+ (x2 —ya )*+..]
Step 3: Identify Nearest Neighbors
Select the K observations having the smallest distances.
Step 4: Vote

For classification, determine the class occurring most frequently among the neighbors.

Step 5: Predict

Assign the majority class to the new observation.
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18. Example of k-NN
Suppose a system classifies fruits as:

e Apple
e Orange

Features:

e Weight
e Diameter

For a new fruit, the algorithm identifies the closest training examples.

If K =5 and the nearest five examples contain:

e 3 Apples
e 2 Oranges

the prediction is:

Apple

19. Choosing the Value of K

The value of K has a significant effect on model performance.

Small K
For example, K =1.
Advantages:

e Highly sensitive to local patterns.
e (Can capture detailed boundaries.

Disadvantage:

o Sensitive to noise.



. KALINGA
o UNIVERSITY

e May overfit.

Large K
A larger K produces smoother decision boundaries.
Advantages:

e [ess sensitive to individual noisy observations.
e Can reduce variance.

Disadvantages:

e May ignore local patterns.
e May underfit.

A suitable value of K can be selected using validation or cross-validation.

20. Feature Scaling in k-NN
Feature scaling is particularly important for k-NN because it uses distance calculations.

Suppose a dataset contains:

e Age: 18-70
e Income: 20,000-2,00,000

Income has a much larger numerical scale and could dominate distance calculations.

Common scaling techniques include:
Standardization

z=(x-u)o

Min-Max Normalization

x' = (x — x_min)/(x_max — x_min)

Scaling ensures that features contribute more comparably to distance calculations.
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21. Advantages of k-NN

Simple to understand.

Easy to implement.

No complex training process.

Can be used for classification and regression.
Naturally handles nonlinear decision boundaries.
Useful for small datasets.

AR S

Limitations

Prediction can be computationally expensive.

Requires storing the training data.

Sensitive to feature scaling.

Sensitive to irrelevant features.

Performance may decrease with very high-dimensional data.
Selecting K can be challenging.

Sensitive to noisy data.

NV A WYDdD -

The curse of dimensionality is particularly important for k-NN because distances become less
informative as the number of dimensions increases.

22. Decision Trees

A Decision Tree is a supervised learning algorithm that can be used for both classification and
regression.

It represents decisions in a tree-like structure.
A decision tree contains:

Root node
Internal decision nodes
Branches

Leaf nodes
The root node represents the first decision.

Internal nodes represent conditions on features.



Branches represent outcomes of decisions.

Leaf nodes contain the final prediction.
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23. Example of a Decision Tree

Suppose we want to predict whether a student will pass.
A decision tree might begin with:

Attendance > 75%?

If yes:

Internal Marks > 40?

If yes:

Pass

If no:

Fail

If attendance is below 75%, the tree may examine another feature.

This structure makes decision trees relatively easy to understand.

24. Splitting Criteria

A decision tree must determine which feature should be used for splitting.

For classification, common criteria include:

1. Gini Impurity
2. Entropy
3. Information Gain
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25. Entropy

Entropy measures the impurity or uncertainty of a dataset.

The formula is:

Entropy(S) = -Z pi log,(pi)

where p; represents the probability of class i.

If all observations belong to the same class, entropy is low, generally zero.

If classes are evenly distributed, entropy is higher.

26. Information Gain

Information Gain measures how much uncertainty is reduced after a split.

Information Gain = Entropy(parent) — Weighted Entropy(children)
The feature that provides the greatest information gain can be selected for the split.

Information Gain is commonly associated with algorithms such as ID3.

27. Gini Impurity

Gini impurity is another measure used for evaluating classification splits.
The formula is:

Gini =1 - Zp:2

A pure node has Gini impurity of zero.

Lower Gini impurity generally indicates a better split.

CART-style decision trees commonly use Gini impurity for classification.
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28. Decision Tree for Regression

Decision trees can also predict continuous numerical values.

Instead of predicting a class, a leaf node can contain a numerical prediction.
For example, a decision tree may predict house prices based on:

Area

Location
Number of rooms
Age

The prediction at a leaf is commonly based on the average target value of training observations
reaching that leaf.

29. Overfitting in Decision Trees
A major disadvantage of decision trees is their tendency to overfit.

If a tree continues splitting until individual observations or very small groups are isolated, it can
learn noise in the training data.

Such a tree may have:

e Very high training accuracy.
e Poor testing accuracy.

This is called overfitting.

30. Controlling Decision Tree Complexity

Several parameters can control tree complexity:

Maximum Depth

Limits how deep the tree can grow.

Minimum Samples Split
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Specifies the minimum number of samples required to split an internal node.
Minimum Samples Leaf

Specifies the minimum number of samples required in a leaf.

Maximum Features

Limits the number of features considered for splitting.

Pruning can also be used to remove unnecessary branches.

31. Advantages of Decision Trees

1. Easy to interpret.

2. Easy to visualize.

3. Can handle nonlinear relationships.

4. Can model interactions between variables.

5. Requires relatively little preprocessing.

6. Can be used for classification and regression.

7. Can work with numerical and categorical features, depending on implementation.
Limitations

1. Can overfit easily.

2. Small changes in data can produce a different tree.

3. Individual trees can have high variance.

4. Large trees can become difficult to interpret.

5. Greedy splitting does not always produce a globally optimal tree.

32. Random Forest

A Random Forest is an ensemble learning algorithm that combines many decision trees to
produce a stronger predictive model.

Instead of relying on one decision tree, Random Forest builds multiple trees and combines their
predictions.
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The central idea is:
A collection of diverse trees can provide more robust predictions than a single tree.
Random Forest can be used for:

e (lassification
e Regression

33. Working of Random Forest

Random Forest introduces randomness in two major ways.

33.1 Bootstrap Sampling

Different training datasets are created by sampling observations from the original dataset with
replacement.

Each decision tree is trained on one bootstrap sample.

This technique is called bagging, or bootstrap aggregating.

33.2 Random Feature Selection

When a tree considers a split, it usually examines only a randomly selected subset of features
rather than all available features.

This increases diversity among trees.

34. Random Forest Classification
Suppose a Random Forest contains 100 decision trees.
For a new observation:

Tree 1 predicts Class A.
Tree 2 predicts Class B.
Tree 3 predicts Class A.
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e 65 trees predict Class A.
e 35 trees predict Class B.

The final prediction is:

Class A

Thus, classification commonly uses majority voting.

35. Random Forest Regression

For regression, individual trees produce numerical predictions.

The Random Forest can combine them by averaging:

Prediction = (Prediction: + Prediction: + ... + Prediction( /)/n

Averaging reduces the effect of individual tree errors.

36. Advantages of Random Forest

S G i e

Usually more robust than a single decision tree.

Reduces overfitting compared with an unconstrained individual tree.
Handles nonlinear relationships.

Can model feature interactions.

Works for classification and regression.

Can provide feature importance measures.

Performs well on many tabular datasets.

Less sensitive to individual noisy observations than a single tree.

Limitations

M .

Less interpretable than a single decision tree.

Can require more memory.

Prediction can be slower than a single tree.

Large forests can be computationally expensive.

Feature importance measures should be interpreted carefully.
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37. Decision Tree vs Random Forest

A Decision Tree is a single tree-based model, whereas Random Forest combines many decision
trees.

A single decision tree is easier to visualize and explain.

Random Forest generally provides better generalization because it reduces variance by
combining multiple diverse trees.

For example:

Decision Tree — One expert
Random Forest ~ Committee of experts

This analogy explains why ensemble models can be more robust.

38. Support Vector Machines (SVM)

Support Vector Machine (SVM) is a powerful supervised learning algorithm used mainly for
classification, although variants can also be used for regression.

The fundamental idea is to find a decision boundary, called a hyperplane, that separates classes
while maximizing the margin between them.

SVM is particularly useful when the number of features is relatively large.

39. Hyperplane
For a simple two-dimensional classification problem, a hyperplane is a line.
For three-dimensional data, it is a plane.

For higher-dimensional data, it is called a hyperplane.
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A linear decision boundary can be represented as:
wix+b=0
where:

e w = weight vector
e x = feature vector
e b = bias/intercept

40. Margin

The margin is the distance between the decision boundary and the closest training observations
from each class.

SVM attempts to maximize this margin.
The observations closest to the decision boundary are called support vectors.

These points are particularly important because they influence the position of the optimal
decision boundary.

41. Why Maximum Margin?

Suppose several decision boundaries can separate two classes.

An SVM prefers the boundary that creates the largest possible margin.
A larger margin may improve generalization to unseen data.

The goal can be expressed conceptually as:

Maximize the distance between the separating hyperplane and the nearest training points.

42. Hard Margin and Soft Margin
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Hard Margin
A hard-margin SVM attempts to classify all training examples correctly.
It works best when classes are perfectly linearly separable and there is little or no noise.

However, real-world datasets often contain overlapping classes or noisy observations.

Soft Margin
Soft-margin SVM allows some observations to violate the margin or even be misclassified.
The parameter C controls the trade-off between:

e Maximizing the margin.
e Minimizing classification errors.

A larger C places greater emphasis on correctly classifying training examples.

A smaller C allows a wider margin and more tolerance for errors.

43. Kernel Trick
Not all datasets are linearly separable.
SVM can handle nonlinear relationships using the kernel trick.

A kernel function implicitly maps data into a higher-dimensional feature space without explicitly
calculating the complete transformation.

Common kernels include:

Linear kernel

Polynomial kernel

Radial Basis Function (RBF) kernel
Sigmoid kernel

=

44. RBF Kernel
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The Radial Basis Function kernel is commonly used for nonlinear classification.

Its general form is:

K(xi,x[) = exp(—y[xi—xL]||*)

where y controls how strongly individual observations influence the decision boundary.
A high v can produce a highly flexible boundary.

A low y generally produces a smoother boundary.

The parameters C and y often require careful tuning.

45. SVM Example
Suppose a model classifies emails into:

e Spam
e Not Spam

Features may include:

Number of suspicious words.
Number of links.

Email length.

Frequency of promotional terms.

SVM attempts to find a decision boundary separating spam and legitimate emails.

If the data cannot be separated by a straight line, an appropriate kernel can help construct a
nonlinear decision boundary.

46. Advantages of SVM

Effective in high-dimensional feature spaces.
Can model linear and nonlinear relationships.
Uses support vectors to define the boundary.

Can work well with relatively small datasets.

b=
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5. Kernel functions provide flexibility.
6. Often effective for text classification.

Limitations

Training can become expensive for very large datasets.
Parameter selection can be difficult.

Feature scaling is usually important.

Results can be less interpretable than decision trees.
Kernel choice affects performance.

Sensitive to inappropriate parameter settings.

A

47. Comparison of Major Algorithms

Linear Regression

Used mainly for predicting continuous values.
Example:

Predict house price.

Logistic Regression

Used mainly for classification.

Example:

Predict whether a customer will purchase a product.
k-NN

Uses nearby training examples.

Example:

Classify a new data point based on similar observations.
Decision Tree

Uses a sequence of feature-based decisions.
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Example:

Predict whether a loan applicant should be approved.
Random Forest

Combines multiple decision trees.

Example:

Predict disease risk using many patient features.
SVM

Finds a maximum-margin decision boundary.

Example:

Classify text documents into categories.

48. Model Evaluation

Building a machine learning model is not enough. We must determine whether it performs well
on unseen data.

Model evaluation involves comparing predictions with actual outcomes.
For classification, commonly used evaluation metrics include:

Accuracy
Precision
Recall
F1-score
ROC
AUC

These metrics provide different perspectives on model performance.

49. Confusion Matrix
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Many classification metrics are calculated using the confusion matrix.
For binary classification, it contains four fundamental outcomes:

True Positive (TP)

The model predicts positive and the actual class is positive.

Example:

A patient has a disease and the model correctly predicts disease.

True Negative (TN)
The model predicts negative and the actual class is negative.
Example:

A patient does not have a disease and the model correctly predicts no disease.

False Positive (FP)

The model predicts positive but the actual class is negative.
Example:

A healthy patient is incorrectly classified as diseased.

This is also called a Type I error.

False Negative (FN)

The model predicts negative but the actual class is positive.
Example:

A diseased patient is incorrectly classified as healthy.

This is also called a Type II error.

50. Accuracy

Accuracy measures the proportion of all predictions that are correct.
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The formula is:
Accuracy = (TP + TN)/(TP + TN + FP + FN)

For example, suppose:

e TP=280

e TN=90

e FP=10

e FN=20
Then:

Accuracy = (80 +90)/(80 + 90 + 10 + 20)
Accuracy =170/200 = 0.85
Therefore:

Accuracy = 85%

51. When Accuracy Is Useful

Accuracy is useful when classes are reasonably balanced and the costs of different errors are
similar.

For example, if a dataset contains:

o 50% Class A
e 50% Class B

then accuracy can provide a reasonable initial indication of performance.

However, accuracy can be misleading when classes are highly imbalanced.

52. Accuracy and Imbalanced Data
Suppose a fraud detection dataset contains:

e 9,900 legitimate transactions.
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e 100 fraudulent transactions.
A model predicts every transaction as legitimate.
Then:

e Correct predictions = 9,900
e Incorrect predictions = 100

Accuracy becomes:
9,900 / 10,000 = 99%
Although the accuracy is 99%, the model completely fails to identify fraud.

Therefore, accuracy should not be used alone for highly imbalanced classification problems.

53. Precision

Precision measures how many observations predicted as positive are actually positive.
The formula is:

Precision = TP/(TP + FP)

Precision answers:

Of all the cases predicted as positive, how many were actually positive?

Suppose:
e TP=280
e FP=20
Then:

Precision = 80/(80+20) = 0.80
Therefore:

Precision = 80%
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54. Importance of Precision
Precision is particularly important when false positives are costly.
Examples include:

Spam detection.

Fraud alerts.

Medical screening in certain contexts.
Security alerts.

Content moderation.

For example, a spam detection system with low precision may incorrectly classify many
legitimate emails as spam.

55. Recall
Recall is also known as:

e Sensitivity
e True Positive Rate

The formula is:
Recall = TP/(TP + FN)
Recall answers:

Of all actual positive cases, how many did the model correctly identify?

Suppose:
e TP=90
e FN=10
Then:

Recall = 90/(90+10) = 0.90
Therefore:

Recall =90%
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56. Importance of Recall
Recall is particularly important when missing a positive case is costly.
Examples include:

Disease detection.
Fraud detection.
Defect detection.
Intrusion detection.

Safety monitoring.

For example, in disease screening, a false negative may mean that a person with a disease is not
identified. Therefore, high recall may be especially desirable.

57. Precision vs Recall

Precision and recall measure different aspects of classification performance.
Precision

Focuses on the correctness of positive predictions.

High Precision — Few False Positives

Recall

Focuses on finding actual positive cases.

High Recall —» Few False Negatives

There is often a trade-off between precision and recall.

Increasing the classification threshold may reduce false positives and improve precision, but it
can also increase false negatives and reduce recall.
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58. F1-Score

The F1-score combines precision and recall using their harmonic mean.
The formula is:

F1 =2 x (Precision x Recall)/(Precision + Recall)

The harmonic mean ensures that a high F1-score generally requires both precision and recall to
be reasonably high.

For example, suppose:

e Precision = 0.80
e Recall=0.60

Then:
F1=2 x (0.80 % 0.60)/(0.80 + 0.60)
F1=0.96/1.40

Fl = 0.686
Therefore:

F1l =~ 68.6%

59. Why Use F1-Score?
F1-score is useful when:

e The dataset is imbalanced.
e Both false positives and false negatives matter.
e A balance between precision and recall is required.

F1-score is often preferred over accuracy when a classification problem has significant class
imbalance.

However, F1-score should not automatically replace all other metrics. The appropriate metric
depends on the problem.
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60. Precision, Recall, and F1 Example
Consider a disease detection system:

TP =85
FP=15
FN=5
TN =95

Accuracy

Accuracy = (85+95)/(85+15+5+95)
=180/200 = 90%

Precision

Precision = 85/(85+15)

=85%

Recall

Recall = 85/(85+5)

= 04.44%

F1-score

F1 =2 x (0.85 x 0.9444)/(0.85+0.9444)

=~ 89.47%

These metrics provide a more complete understanding of model performance than accuracy

alone.

61. Receiver Operating Characteristic (ROC) Curve
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The Receiver Operating Characteristic (ROC) curve is a graphical method for evaluating
binary classification models across different classification thresholds.

It plots:

e True Positive Rate (TPR) on the Y-axis.
e False Positive Rate (FPR) on the X-axis.

The formulas are:
TPR = TP/(TP + FN)
and

FPR = FP/(FP + TN)

Recall is equivalent to TPR.

62. Understanding the ROC Curve
A classification model often produces probabilities.
For example:

e Student A — Pass probability = 0.95
e Student B — Pass probability = 0.80
e Student C — Pass probability = 0.55
e Student D — Pass probability = 0.30

A threshold can be used to convert probabilities into class predictions.
If the threshold is 0.5:

e Values 2 0.5 — Positive
e Values < 0.5 — Negative

But different thresholds produce different combinations of:

e True positives.
e False positives.
e True negatives.
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e False negatives.

The ROC curve shows how these values change as the threshold changes.

63. True Positive Rate

True Positive Rate is the same as recall:

TPR = TP/(TP+FN)

It represents the proportion of actual positive observations correctly identified.

A higher TPR is generally desirable.

64. False Positive Rate

False Positive Rate is:

FPR = FP/(FP+TN)

It represents the proportion of actual negative observations incorrectly classified as positive.

A lower FPR is generally desirable.

65. ROC Curve Interpretation
A good classifier generally attempts to achieve:

e High TPR.
e Low FPR.

Therefore, a strong ROC curve tends toward the upper-left region of the graph.
A random classifier generally produces performance around the diagonal line from:

(0,0) to (1,1)
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The closer a useful ROC curve is to the upper-left region, the better the model generally
separates the two classes across thresholds.

66. Area Under the Curve (AUC)
AUC stands for Area Under the ROC Curve.
It summarizes the ROC curve into a single value.

The value generally lies between 0 and 1 for standard binary ROC-AUC interpretation.

AUC=1.0

Represents perfect ranking/separation.

AUC = 0.5

Represents performance similar to random ranking.

AUC<0.5

Indicates performance worse than random ranking, although reversing predictions can sometimes
produce better discrimination.

An AUC closer to 1 generally indicates stronger ability to distinguish positive and negative
examples.

67. Interpretation of AUC

A useful interpretation of ROC-AUC is that it measures how well the model ranks a randomly
selected positive observation above a randomly selected negative observation.

For example, an AUC of 0.90 indicates strong discrimination between the two classes.

AUC evaluates ranking performance across thresholds rather than focusing on only one selected
threshold.
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68. ROC vs AUC

The ROC curve is a graph showing the relationship between TPR and FPR across thresholds.
AUC is a single numerical summary of the ROC curve.

Therefore:

ROC - Curve
AUC - Area under that curve

ROC is useful for examining threshold behavior, while AUC provides a compact measure of
discrimination.

69. Accuracy vs Precision vs Recall vs F1 vs ROC-AUC

These metrics should not be considered interchangeable.

Accuracy
Best when:

e (lasses are reasonably balanced.
e Errors have similar costs.

Precision
Best when:

e False positives are costly.
Recall
Best when:

e False negatives are costly.
F1-score

Best when:
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e Both precision and recall are important.
e (lass imbalance exists.

ROC-AUC
Useful when:

e Evaluating ranking/discrimination across thresholds.
e Comparing classifiers independently of one particular probability threshold.

70. Example: Medical Diagnosis
Consider a machine learning system that predicts whether a patient has a disease.
There are four possible outcomes:

TP: Disease correctly detected.

TN: Healthy patient correctly identified.

FP: Healthy patient incorrectly classified as diseased.
FN: Diseased patient incorrectly classified as healthy.

In many medical screening scenarios, false negatives can be particularly concerning because the
disease may go undetected.

Therefore, recall can be an important metric.
However, high recall may result in more false positives, so precision should also be examined.
F1-score can summarize the balance between precision and recall.

ROC-AUC can be used to evaluate the model's discrimination across different thresholds.

71. Model Selection Based on Problem Requirements
There is no universally best machine learning algorithm.
The best algorithm depends on:

e Dataset size.
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Feature types.

Number of features.
Relationship between variables.
Noise.

Class imbalance.
Computational resources.
Interpretability requirements.
Prediction speed.

Training time.

For example:

Linear Regression

Good starting point for continuous outcomes with approximately linear relationships.
Logistic Regression

Good baseline for classification with approximately linear decision boundaries.
k-NN

Useful when local similarity is meaningful and the dataset is not extremely large or
high-dimensional.

Decision Trees

Useful when interpretability and nonlinear decision rules are important.
Random Forest

Useful for robust performance on many structured/tabular datasets.
SVM

Useful for classification problems involving complex boundaries and potentially
high-dimensional features.

72. Training and Testing Data

A machine learning dataset is commonly divided into:
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Training Set
Used to learn model parameters.
Validation Set

Used to tune hyperparameters and compare model configurations.

Test Set
Used for final evaluation on unseen data.
A common approach is:

e 70% training
o 15% validation
e 15% testing

Another common approach is:

e 80% training
e 20% testing

The exact split depends on dataset size and the experimental design.

73. Cross-Validation

Cross-validation is a technique for obtaining a more reliable estimate of model performance.
In K-fold cross-validation, the dataset is divided into K approximately equal parts.

For example, in 5-fold cross-validation:

Divide data into five folds.

Use four folds for training.

Use one fold for validation.

Repeat five times.

Calculate the average performance.

kv =

This provides a more stable estimate than relying on a single train-test split.
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74. Hyperparameters

Hyperparameters are settings chosen before or during model training rather than learned directly
from the training data in the usual parameter estimation process.

Examples include:
k-NN

e Number of neighbors K.
e Distance metric.

Decision Tree

e Maximum depth.
e Minimum samples per leaf.
e Splitting criterion.

Random Forest

Number of trees.
Maximum depth.
Number of features considered at each split.

SVM

C.
Kernel.
Gamma for RBF-type kernels.

Selecting appropriate hyperparameters can significantly improve model performance.

75. Overfitting and Underfitting

Overfitting

Overtfitting occurs when a model learns the training data too closely, including noise and random
fluctuations.

Characteristics:
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e Very good training performance.
e Poor testing performance.

Examples:

e Very deep decision trees.
e Extremely small K in k-NN.
e Overly flexible SVM settings.

Underfitting
Underfitting occurs when the model is too simple to capture important patterns.
Characteristics:

e Poor training performance.
e Poor testing performance.

Examples:

e An overly simple linear model for highly nonlinear data.
e Excessively constrained decision tree.

The goal is to find a suitable balance between underfitting and overfitting.

76. Bias-Variance Trade-Off

The bias-variance trade-off is an important concept in machine learning.
High Bias

The model is too simple and makes strong assumptions.

This can lead to underfitting.

High Variance

The model is too sensitive to training data.

This can lead to overfitting.

Examples:
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e A simple linear model may have relatively high bias for nonlinear data.
e A very deep decision tree may have high variance.

Ensemble techniques such as Random Forest reduce variance by averaging predictions from
multiple trees.

77. Feature Engineering
Feature engineering involves transforming raw data into useful input features.
Examples:

Converting dates into day, month, and year.
Creating age from date of birth.

Creating total spending from individual purchases.
Encoding categorical variables.

Creating ratios.

Normalizing numerical features.
Feature quality can significantly affect machine learning performance.

Algorithms such as k-NN, logistic regression, and SVM can be particularly affected by feature
scaling and representation.

78. Data Preprocessing
Before training a model, data often needs preprocessing.
Common steps include:

Handling missing values.
Removing duplicates.
Detecting outliers.

Encoding categorical variables.
Scaling numerical features.
Splitting data.

Handling class imbalance.

© NN kW=

Selecting or engineering features.
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Preprocessing should be performed carefully to avoid data leakage.

79. Data Leakage

Data leakage occurs when information that would not be available at prediction time
unintentionally enters the training process.

For example, suppose a model predicts whether a student will pass before the final examination,
but the training features include the final examination result.

The model would have access to information that would not be available when making the real
prediction.

Data leakage can produce unrealistically high evaluation results.

80. Handling Imbalanced Classification
In an imbalanced dataset, one class may contain significantly more observations than another.
Examples:

Fraud detection.
Rare disease detection.
Equipment failure.

Network intrusion detection.
Possible techniques include:

Using precision and recall.

Using F1-score.

Examining ROC-AUC.

Using Precision-Recall curves.
Oversampling the minority class.
Undersampling the majority class.
Using class weights.

Adjusting the classification threshold.

el Al

Accuracy should generally not be used as the only evaluation metric.
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81. Practical Machine Learning Workflow
A typical supervised machine learning workflow is:
Step 1: Define the Problem

Clearly identify what needs to be predicted.

Step 2: Collect Data

Gather relevant and reliable data.

Step 3: Explore Data
Understand:

Data types.
Distributions.
Missing values.
Outliers.
Relationships.

Step 4: Clean Data

Handle missing, duplicate, inconsistent, and incorrect values.

Step 5: Prepare Features

Encode, transform, scale, or engineer features where appropriate.

Step 6: Split Data
Create training and testing datasets.

Step 7: Select Models

Choose appropriate algorithms.

Step 8: Train Models

Use training data to learn model parameters.
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Step 9: Tune Hyperparameters

Use validation data or cross-validation.

Step 10: Evaluate

Use suitable metrics.

Step 11: Compare Models

Select a model based on performance and practical requirements.
Step 12: Deploy

Use the model in a real application if it meets required standards.
Step 13: Monitor

Monitor performance after deployment because real-world data can change.

82. Example: Student Performance Prediction
Consider a university wanting to predict student performance.
Features may include:

Attendance.

Internal marks.
Assignment scores.
Practical marks.
Previous semester marks.

Study hours.

Regression Problem
If the goal is to predict final marks, use:
Linear Regression

or other regression algorithms.



The output might be:

Final Marks = 72.5

Classification Problem
If the goal is to predict Pass/Fail, use:

Logistic Regression.
k-NN.

Decision Tree.
Random Forest.
SVM.

The output could be:

Pass

with a probability such as:

P(Pass) = 0.87

The evaluation metrics can include:

Accuracy.
Precision.
Recall.
F1-score.
ROC-AUC.
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83. Example: Crop Disease Classification

Suppose an agricultural system classifies crop images into:

Healthy.
Bacterial disease.
Fungal disease.
Viral disease.

This 1s a multiclass classification problem.
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Possible traditional machine learning approaches may include extracting image features and then

using:
e k-NN.
e Decision Tree.
e Random Forest.
e SVM.

Evaluation should include more than accuracy, particularly if disease classes are imbalanced.
A confusion matrix can show which diseases are frequently confused.
Precision and recall can be calculated for individual classes.

For multiclass classification, macro, micro, and weighted averaging can be used to summarize
metrics.

84. Macro, Micro, and Weighted F1

For multiclass classification, evaluation metrics can be averaged in different ways.

Macro Average

Calculate the metric independently for every class and then take the simple average.
Each class receives equal importance.

Micro Average

Aggregate TP, FP, and FN across all classes before calculating the metric.

This gives greater influence to classes with more observations.

Weighted Average

Calculate the metric for each class and weight each class according to its number of
observations.

This can be useful when class sizes differ substantially.

Feature Importance
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Feature importance helps determine which input variables contribute strongly to predictions.
Tree-based models such as Random Forest can provide feature importance measures.
For example, a student performance model might identify:

Internal marks.
Attendance.
Previous marks.
Assignment score.

e

as important features.

Feature importance should be interpreted carefully because importance does not necessarily
prove causation.

Regularization

Regularization is a technique used to reduce overfitting by penalizing overly complex models.

For linear and logistic regression, common forms include:

L1 Regularization
Also called Lasso regularization.
It adds a penalty based on the absolute values of coefficients.

L1 regularization can drive some coefficients exactly to zero, which can help with feature
selection.

L2 Regularization
Also called Ridge regularization in linear regression.
It penalizes the squared magnitude of coefficients.

Regularization can improve generalization when many features exist or when the model may
otherwise become overly complex.

Important Differences Between Regression and Classification

Regression



Predicts a continuous numerical value.

Examples:

Salary.
Temperature.
Price.
Marks.

Crop yield.

Common algorithms:

e Linear Regression.

e Decision Tree Regression.

e Random Forest Regression.

e Support Vector Regression.
Classification

Predicts a category or class.

Examples:
e Pass/Fail.
e Spam/Not Spam.
e Disease/No Disease.
e Cat/Dog.

Common algorithms:

Logistic Regression.
k-NN.

Decision Tree.
Random Forest.
SVM.

Summary of Algorithms

Linear Regression
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Linear Regression models the relationship between input variables and a continuous target.

Key idea: Fit the best linear relationship.
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Logistic Regression
Logistic Regression predicts the probability of a class.

Key idea: Use the sigmoid function to convert a linear score into a probability.
k-NN
k-NN predicts based on nearby training examples.

Key idea: Similar observations tend to have similar outputs.

Decision Tree
Decision Trees make predictions through a sequence of feature-based decisions.

Key idea: Split the data into increasingly homogeneous groups.

Random Forest
Random Forest combines many decision trees.

Key idea: Aggregate multiple diverse trees to improve robustness.

SVM
SVM finds a separating boundary with maximum margin.

Key idea: Separate classes while maximizing the margin around the decision boundary.

Summary of Evaluation Metrics

Metric Formula / Concept Main Purpose
Accuracy (TP+TN)/(TP+TN+FP+FN) Overall correctness
Precision TP/(TP+FP) Correctness of positive predictions
Recall TP/(TP+FN) Ability to identify positives

Fl-score Harmonic mean of precision and recall Balance precision and recall

ROC TPR vs FPR across thresholds Threshold-based discrimination analysis
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AUC Area under ROC curve Overall ranking/discrimination ability
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