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ABSTRACT

This research project aims to understand the impact of academic stress on teenagers by utilizing
Electroencephalography (EEG) to investigate the relationship between students’ stress levels and academic
performance. The study involved developing and implementing five machine learning algorithms—Support
Vector Machine (SVM), Decision Tree, Random Forest, K-Nearest Neighbors (KNN), and Logistic
Regression—to analyze EEG data collected from students engaged in academic tasks. Each algorithm was
designed to detect and measure stress levels from EEG signals, to correlate these levels with academic

performance metrics.

The results revealed that higher stress levels, as detected by EEG, were consistently associated with lower
academic performance. SVM effectively classified stress levels, while the Decision Tree and Random Forest
models identified key EEG features, such as Beta and Gamma wave patterns, as significant predictors of stress.
KNN successfully detected stress patterns, and Logistic Regression provided insights into the probability of
academic outcomes based on stress indicators. These findings underscore the importance of addressing

academic stress to enhance student performance and well-being.

The study offers valuable contributions to educational practices, particularly in the development of

interventions aimed at reducing stress and improving academic outcomes.
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CHAPTERI1: INTRODUCTION

1.1 Background of the Study
Overview of Academic Stress

Academic stress among teenagers is a growing concern due to its profound impact on both mental health and
academic outcomes. Stress typically arises when individuals struggle to manage internal and external
pressures. When stress becomes chronic or exceeds a certain threshold, it can significantly diminish individual
morale and lead to various psychological disorders, including depression. Depression is a global health issue
characterized by persistent feelings of sadness and an inability to experience pleasure. According to the World
Health Organization, depression ranks third among the global burden of diseases and is predicted to become

the leading cause by 2030.

Depression affects various aspects of an individual's life, including energy levels, cognitive functions such as
thinking and concentration, and the ability to make important decisions, such as career choices. This is
particularly concerning for students, who are considered the pillars of future society. Academic achievement
is a significant life goal for students, and depression can severely undermine their ability to succeed. Factors
contributing to depression among students include family issues, adjusting to new lifestyles in college, poor
academic performance, favouritism by teachers, and relentless academic pressure. In emerging countries, high

rates of depression among students have been linked to low mental health literacy.

Role of EEG in Stress Analysis

Electroencephalography (EEG) is a powerful, non-invasive technique used to measures electrical activity in

the brain, making it particularly useful for studying academic stress. EEG captures brain wave patterns across
different frequency bands—delta, theta, alpha, beta, and gamma—each associated with specific mental states.

When a person experiences stress, these patterns change, which EEG can detect in real-time.

By Analysing EEG data, we can identify how stress impacts cognitive functions such as attention and memory.
This provides direct insights into the mental state of students under academic pressure, helping to develop
strategies to reduce stress and improve academic performance. EEG's ability to monitor stress dynamically

makes it a valuable tool for both research and practical interventions in educational settings.




1.2 Problem Statement
Investigating the Impact

This study aims to explore the relationship between academic stress and academic performance in teenagers.
The research, titled "Examining the Impact of Academic Stress on Teenagers: A Study Using EEG to
Investigate the Relationship Between Students and Academic Performance," the research focuses on how
stress affects teenagers' brain activity and, subsequently, their academic performance. By using EEG to
monitor brain activity, the study aims to uncover patterns that show how stress influences cognitive functions
such as concentration, memory, and problem-solving, which are crucial for academic success. The goal is to
determine whether these patterns can predict academic outcomes, helping to understand how stress impacts

students' ability to perform well in school.
Significance of the Study
Understanding the link between academic stress and performance is important for several reasons:

1. Improving Interventions: If educators and policymakers understand how stress affects students, they can
develop interventions that reduce stress and support students' mental health. This could include stress

management programs, changes in curriculum design, or more personalized support systems in schools.

Personalized Strategies: The study can pinpoint specific brain patterns associated with stress, allowing
for the development of personalized learning and coping strategies. For instance, students who are more
easily stressed could benefit from customized study methods or relaxation exercises designed to meet their

unique needs.

Creating a Supportive Environment: Ultimately, the findings of this study could lead to a more
supportive educational environment. By equipping students with effective stress management tools,
schools can help them reach their full academic potential and maintain overall well-being. This contributes

not only to better grades but also to healthier, more balanced lives for students.
1.3 Objectives of the Study
Development of Algorithms

One of the main goals of this study is to create machine learning algorithms that can analyze EEG data. These

algorithms will be designed to detect patterns in brain activity that are linked to stress. The aim is to develop

tools that can automatically determine how stressed a student is based on their EEG readings. This would

provide a more accurate and objective way to measure stress compared to traditional methods.




Measuring Stress Levels

Another key objective is to accurately measure students' stress levels using EEG technology. This involves
not just collecting data but also ensuring that the readings truly reflect the students' stress levels. Accurate
measurement is crucial because it helps us understand how much stress a student is experiencing and how this

stress might be affecting their thinking, focus, and overall academic performance.
Correlating Stress with Academic Performance

The study also aims to connect the measured stress levels with different academic performance indicators like
grades, test scores, and class participation. By finding these connections, the study hopes to identify specific
stress levels that start to negatively affect students' academic outcomes. Understanding this relationship could
help in creating early interventions, so students can manage their stress before it starts to hurt their academic

success.
Gaining Insights

The broader aim of this research is to gain a deeper understanding of how academic stress impacts students'

performance. By combining EEG data with academic results, the study seeks to provide a clear picture of the

effects of stress on learning. The ultimate goal is to use these insights to develop better strategies to help

students manage stress, leading to improved mental health and better academic outcomes.




CHAPTER 2: LITERATURE SURVEY

Examining the Impact of Academic Stress on Teenagers: A Study Using EEG to Investigate the Relationship
Between Students and Academic Performance" can be framed by covering key areas related to EEG, stress,

and machine learning models applied to academic performance.
Electroencephalography (EEG) and Stress:

EEG is a tool that measures the brain’s electrical activity, helping us understand how the brain reacts to

different situations, including stress.

Different types of brainwaves (Delta, Theta, Alpha, Beta, and Gamma) can be linked to various mental
states. For example, Beta waves are associated with active thinking, while Alpha waves show a relaxed

state.

When someone experiences stress, these brainwave patterns change. By analyzing EEG data, researchers

can track how stress impacts focus and memory.
The Problem of Academic Stress in Teenagers:

Academic stress happens when students feel overwhelmed by their studies. This can hurt both their mental

health and school performance.

Stress can cause students to lose focus, forget important information, and make poor decisions during

exams or assignments.

Studies show that teenagers are especially vulnerable to academic stress, and without help, this stress can

lead to mental health problems like anxiety and depression.
Effects of Stress on Academic Performance:

High-stress levels have been linked to lower grades and reduced participation in class. Stress can also

affect the ability to solve problems and recall information during exams.

Long-term stress can make students less motivated, and they may start to avoid academic challenges,

which further hurts their performance.

Understanding how stress affects the brain and school performance can help teachers and schools provide

better support to students.




Role of EEG in Understanding Academic Stress:

EEG is a non-invasive way to see how stress affects brain function during academic tasks. It provides real-

time data, showing exactly when stress starts to impact learning.

By studying brainwave patterns with EEG, we can learn more about how stress affects concentration,

memory, and problem-solving.
Machine Learning in Stress Detection:

Machine learning models are used to analyze large amounts of EEG data. These models can detect patterns

that show how stressed a student is during their studies.

Models like Support Vector Machines (SVM), Random Forest, K-Nearest Neighbors (KNN), and Logistic

Regression help predict how stress levels might affect academic outcomes.
Support Vector Machines (SVM):

SVM is a model that looks for the best way to separate different data points, such as high-stress vs. low-

stress levels, based on EEG readings.

It is useful for finding hidden patterns in complex EEG data and can make accurate predictions about

stress-related performance.
Decision Trees and Random Forests:

A Decision Tree works by splitting data into different branches based on key factors, such as stress levels

or brainwave types.

Random Forests are groups of Decision Trees that work together to make even more accurate predictions
by combining their results. They help identify which factors (like certain brainwaves) are most important

in predicting stress.

K-Nearest Neighbors (KNN):

o KNN is a simple model that looks at the closest data points to predict the stress level of new data. For

example, if students with similar brainwave patterns were stressed, KNN predicts that a new student with

similar patterns is also be stressed.




o This model is especially good at catching early signs of stress, so it can be used to help students before

their performance starts to drop.

Logistic Regression:

o Logistic Regression helps predict whether stress will lead to poor academic performance. It shows the

likelihood that stress will negatively affect a student’s grades or participation.
e This model can also help schools decide which students need the most support based on their stress levels.
Importance of Stress Interventions:

Understanding how stress impacts brain function and performance can lead to better stress management

strategies in schools.

Interventions like relaxation exercises, better study techniques, or changes in the school environment could

help reduce stress and improve academic performance.




CHAPTER 3: METHODOLOGY

What is Python?

Python is a popular programming language that's easy to learn and use. Its simple style makes writing and
maintaining programs less complicated. Python is flexible, allowing developers to build applications quickly
or use it to connect different programs. It has many useful tools and built-in libraries, which help save time
when creating software. Best of all, Python is free to use, works on all major operating systems, and you can

share it with others without any restrictions.
Why is Python programming preferred the most?
1. Python is easy to learn:

Python is often recommended as the first programming language because it’s simple and easy to understand.
Many people find it quick to pick up, even without programming experience. You don’t need to know

complicated technical details to start using it.
2. Python is very versatile:

You can do all kinds of things with Python, like writing scripts, analyzing data, or building websites. Because

it’s so flexible, many companies use Python for different projects, making it a go-to tool for all tasks.
3. Python helps you build things quickly:

Python allows developers to create fast and responsive apps quickly. Since it runs directly on your computer

without needing extra steps, it speeds up the development process.
4. Python is free and open for everyone:

One reason Python is so popular is that it’s free to download and use. Anyone can access the code, making it

a great choice for developers who want something easy to access and work with.

Defining a Function in Python

To create a function in Python, you need to follow two basic steps: define the function and decide what inputs

(arguments) it will take.




You define a function using the “def” keyword, followed by the function’s name and parentheses * (). If the
function requires inputs (arguments), they go inside the parentheses. After the colon *: °, you write the code

that will run when the function is called, making sure to indent it.
Example:

"python

def greet(name):

print ("Hello, " + name + "! How are you?")

Here, the function “greet’ takes one input (called 'name’). When the function runs, it prints a message that

includes the name you provide.
Calling a Function

After defining a function, you can use (or "call") it by typing its name and putting any needed inputs in

parentheses.
Example:
“python

greet("John")

This calls the "greet’ function with "John" as the input. The output will be:

Hello, John! How are you?

Why Use Functions?

Functions allow you to break down complex tasks into smaller, reusable pieces of code. This makes your

program easier to read, update, and manage.
Conclusion

Defining and using functions in Python is simple and makes your code cleaner and more efficient. You can

create functions that handle different inputs and perform various tasks, helping you write better programs.




How we used python in our project?

Python facilitates through various libraries, such as ‘'numpy’, ‘pandas’, ‘seaborn’, and ‘sklearn’. These

libraries help with data manipulation, visualization, model training, and evaluation.
Key uses of Python include:

- Logistic regression modeling: Python's “sklearn.linear model.LogisticRegression" is used to create and train
models for binary classification problems, such as fraud detection, disease prediction, or customer churn

analysis.

- Data processing and splitting: Python functions like “train_test split’ from ‘sklearn.model selection’ are

used to split datasets into training and testing sets.

- Performance evaluation: Python's “accuracy score’, ‘confusion matrix’, and ‘classification _report’ from
“sklearn.metrics’ are employed to assess model accuracy and performance, offering insights into precision,

recall, and F1-scores.

Python simplifies logistic regression tasks with these libraries, making it easier to build, test, and improve

models.




CHAPTER 4: DATA STRUCTURE

This study investigates how students' brain activity relates to their academic performance and stress levels.
Using an EEG (Electroencephalogram) device, we track the brain's electrical signals while students are
engaged in different activities such as studying, working, or resting. The main objective is to identify specific
brainwave patterns that correlate with academic success and stress, thereby gaining a deeper understanding of
these relationships. Ultimately, this knowledge could lead to new strategies for managing student stress and

improving academic outcomes.
DATASET

The dataset consists of detailed EEG measurements, capturing a wide range of brainwave activity from
students during various tasks. These measurements include different brainwave frequencies (Delta, Theta,
Alpha, Beta, Gamma) associated with various cognitive states. The mentors designed the study to ensure that
the data reflects diverse mental states, providing a comprehensive foundation for analyzing the connection

between brain activity, stress, and academic performance.

Dataset Overview:

e Number of Rows: 12,811 rows.

e Number of Columns: 11 columns.

Attention:

This value shows how focused the student was at a particular moment. It's like a score for concentration, where

a higher number means the student was more focused on what they were doing.
Mediation:

This value indicates how calm or relaxed the student felt. It’s similar to a relaxation score, with higher numbers

meaning the student was more relaxed.

Delta, Theta, Alphal, Alpha2, Betal, Beta2, Gammal, Gamma2:

These are different types of brainwaves measured by the EEG. Each type of brainwave is linked to different

mental states or activities.

o Delta: Usually shows up when someone is in deep sleep or very relaxed.




Theta: Often appears when someone is daydreaming or being creative.
Alpha: Common when someone is calm but alert, like when you’re sitting quietly and paying attention.
Beta: Linked to active thinking, problem-solving, or when you’re focused on a task.

Gamma: Associated with high-level thinking, processing information, or when you’re concentrating

deeply.
User-defined label:

This is a label that categorizes each moment of brain activity. It might be used to indicate whether the student
was in a high-performance state, a low-performance state, or if they were experiencing stress. It’s like a tag

that helps classify what the brain activity might mean.
Measuring Academic Performance and Stress Levels with Different Algorithms

1. Support Vector Machine (SVM)

How It Works:

SVM looks for the boundary that keeps the groups as far apart as possible. This helps make sure that when a
new student comes in, we can confidently decide which group they belong to, based on their brain activity.
If the relationship between stress and brain activity isn’t straightforward, SVM can also use a trick (called a

kernel) to look at the data in a different way that makes it easier to find a boundary.

Relevance to Stress and Academic Performance:

SVM can be used to predict whether a student is likely to perform well or poorly under stress. It does this by
looking at different factors like brain activity, study habits, and stress levels. Because it can handle complex
data, SVM is useful for understanding the complicated relationship between stress and academic success.

Application in the Study:

In our study, SVM could be used to classify students as “high-risk” or “low risk” based on their stress levels

and brain activity. This could help identify students who might struggle with stress, allowing schools to offer

them extra support to improve their academic performance.

2. Decision Tree

How It Works:

The Decision Tree splits the data into branches based on different factors. Each branch represents a decision,




and each leaf (end of a branch) represents an outcome. This makes it easy to see which factors are most

important in predicting outcomes.

Relevance to Stress and Academic Performance:
Decision Trees help identify the most important factors that affect stress and academic performance. They
can capture complex relationships between factors, making it easier to see which combinations of factors

lead to different outcomes.

Application in the Study:
In our study, a Decision Tree could be used to map out how different factors like stress, sleep, and study
habits combine to affect academic performance. This model can help identify specific areas where students

might need support to improve their outcomes.

Random Forest

How It Works:
Random Forest creates multiple Decision Trees using random parts of the data. Each tree makes a
prediction, and the Random Forest takes an average of all these predictions to give a final result. This

approach is more accurate and less likely to be influenced by any one mistake.

Relevance to Stress and Academic Performance:
Random Forest is useful in studies involving stress and academic performance because it can handle many
different factors at once and understand how they interact. It’s particularly effective when the relationship

between stress and academic success is complicated and involves multiple factors.

Application in the Study:

In our study, Random Forest could be used to identify the most important factors that affect academic
performance under stress. By looking at the combined results from multiple trees, this model can provide
more accurate prediction of outcomes, helping to guide interventions.

3. K-Nearest Neighbor (KNN)

How It Works:
KNN looks at the closest ‘k’ students (neighbor) to a new student and sees how they are classified. If most
of the nearest neighbor are stressed, it predicts that the new student is also stressed. This method works well

when there are clear groups or patterns in the data.

Relevance to Stress and Academic Performance:

KNN is useful for predicting outcomes based on similarity. If students with similar brain activity are found




to have similar stress levels or academic performance, KNN can quickly identify new students who might

face similar issues.

Application in the Study:

In our study, KNN could be used to classify new students based on their brain activity. For example, if most
students with similar brain activity are stressed and perform poorly, KNN can predict that a new student with
similar brain activity might also be at risk. This allows for early interventions to help students manage stress

and improve their performance.

4. Logistic Regression

How It Works:
This model is all about predicting categories, like “pass” or “fail.” It does this by looking at the relationship
between different factors (like brain activity and stress levels) and the outcome. Logistic Regression is great

when you want to understand how likely an event is to happen.

Relevance to Stress and Academic Performance:
Logistic Regression is useful when you want to predict specific outcomes, such as whether stress will cause
a student to fail a class. It helps identify how stress and other factors influence these outcomes, making it

easier to plan interventions.

Application in the Study:

In our study, Logistic Regression could be used to predict whether a student is likely to pass or fail a course

based on their stress levels and brain activity. This can help schools identify students who need extra help to

avoid failing due to high stress.




CHAPTER 5: SVM

History of SVM algorithm

The original SVM algorithm was invented by Vladimir N. Vapnik and Alexey Ya. Chervonenkis in 1963. In
1992, Bernhard Boser, Isabelle Guyon and Vladimir Vapnik suggested a way to create nonlinear classifiers by
applying the kernel trick to maximum-margin hyperplanes. The current standard incarnation (soft margin) was

proposed by Corinna Cortes and Vapnik in 1993 and published in 1995.

What is SVM?

Support vector machines so called as SVM is a supervised learning algorithm which can be used for
classification and regression problems as support vector classification (SVC) and support vector regression

(SVR). It is used for smaller dataset as it takes too long to process. In this set, we will be focusing on SVC.

The ideology behind SVM:

SVM is based on the idea of finding a hyperplane that best separates the features into different domains.

Intuition development:
Consider a situation following situation:

There is a stalker who is sending you emails and now you want to design a function (hyperplane) which will
clearly differentiate the two cases, such that whenever you received an email from the stalker it will be

classified as a spam. The following are the figure of two cases in which the hyperplane is drawn, which one

will you pick and why? take a moment to analyze the situation.




R : spam
Q© : not spam

Hyperplane Hyperplane

I guess you would have picked the fig(a). Did you think why have you picked the fig(a)? Because the emails
in fig(a) are clearly classified and you are more confident about that as compared to fig(b). Basically, SVM is

composed of the idea of coming up with an Optimal hyperplane which will clearly classify the different

classes (in this case they are binary classes).

Terminologies used in SVM:

The points closest to the hyperplane are called as the support vector points and the distance of the vectors

from the hyperplane are called the margins.

Xy

Support Vectors

~"" Margin
Width

The basic intuition to develop over here is that more the farther SV points, from the hyperplane, more is the

probability of correctly classifying the points in their respective region or classes. SV points are very critical




in determining the hyperplane because if the position of the vectors changes the hyperplane’s position is

altered. Technically this hyperplane can also be called as margin maximizing hyperplane.
Structure of nodes:

Linear Structure:

o Description: In a linear SVM, the data is linearly separable, meaning that the algorithm finds a
hyperplane (a line in 2D, a plane in 3D, etc.) that best separates the classes. The support vectors are the
data points closest to this hyperplane. These nodes (support vectors) are crucial because they define the
position and orientation of the hyperplane.

Structure: The nodes (support vectors) lie on either side of the hyperplane, as close as possible to it, but

outside the margin. The margin is maximized to achieve the best separation between classes.

Non-Linear Structure (Using Kernel Trick):

e Description: When data is not linearly separable, SVMs use the kernel trick to transform the data into a
higher-dimensional space where it becomes linearly separable. In this space, the SVM finds a hyperplane
that separates the classes.

Structure: The support vectors in this case are not linearly arranged but are instead mapped into a

higher-dimensional space. The relationships between nodes (support vectors) in this transformed space

determine the separation boundary, which might be curved or non-linear in the original space.

Common Kernels: Radial Basis Function (RBF), Polynomial, and Sigmoid.

Soft Margin Structure:

e Description: In real-world scenarios, perfect separation of classes is often impossible due to noise or
overlapping data. The soft margin SVM allows some misclassifications or violations within a defined
margin to achieve a more generalizable model.

Structure: The nodes (support vectors) in a soft margin SVM include some that may be on the wrong
side of the margin or even the hyperplane. These violations are penalized, but the SVM still attempts to

maximize the margin while allowing for these errors.

How does SVM work?
One reasonable choice as the best hyperplane is the one that represents the largest separation or margin

between the two classes.




Multiple hyperplanes separate the data from two classes

So, we choose the hyperplane whose distance from it to the nearest data point on each side is maximized. If
such a hyperplane exists it is known as the maximum-margin hyperplane/hard margin. So, from the above

figure, we choose L2. Let’s consider a scenario like shown below

xz‘

Selecting hyperplane for data with outlier

Here we have one blue ball in the boundary of the red ball. So how does SVM classify the data? It’s simple!
The blue ball in the boundary of red ones is an outlier of blue balls. The SVM algorithm has the characteristics

to ignore the outlier and finds the best hyperplane that maximizes the margin. SVM is robust to outliers.




Hyperplane which is the most optimized one

So, in this type of data point what SVM does is, finds the maximum margin as done with previous data sets
along with that it adds a penalty each time a point crosses the margin. So, the margins in these types of cases
are called soft margins. When there is a soft margin to the data set, the SVM tries to minimize
(1/margin+A(Y penalty)). Hinge loss is a commonly used penalty. If no violations no hinge loss. If violations
hinge loss proportional to the distance of violation.

Till now, we were talking about linearly separable data (the group of blue balls and red balls are separable by

a straight line/linear line). What to do if data are not linearly separable?

|

Origin(o)

Original 1D dataset for classification

Say, our data is shown in the figure above. SVM solves this by creating a new variable using a kernel. We
call a point xi on the line, and we create a new variable Yi as a function of distance from origin o.so if we plot

this, we get something like as shown below




:

Mapping 1D data to 2D to become able to separate the two classes

In this case, the new variable y is created as a function of distance from the origin. A non-linear function that
creates a new variable is referred to as a kernel.

Mathematical behind support vector machine.

e Hyperplane: A decision boundary that separates data points into different classes.

wx+b=0

Margin: The distance between the hyperplane and the nearest data points (support vectors). SVM

maximizes this margin to improve classification robustness.
Optimization Problem: SVM aims to minimize > Il w II> while ensuring all points are correctly

classified:
yi(w-xi+b) = 1,Vi
4. Applications of SVM

SVMs can be used to solve various real-world problems:




SVMs are helpful in text and hypertext categorization, as their application can significantly reduce the
need for labeled training instances in both the standard inductive and transudative settings.*! Some
methods for shallow semantic parsing are based on support vector machines. >

Classification of images can also be performed using SVMs. Experimental results show that SVMs achieve
significantly higher search accuracy than traditional query refinement schemes after just three to four
rounds of relevance feedback. This is also true for image segmentation systems, including those using a
modified version SVM that uses the privileged approach as suggested by Vapnik. 1]

Classification of satellite data like SAR data using supervised SVM. &

Hand-written characters can be recognized using SVM. 2/

The SVM algorithm has been widely applied in the biological and other sciences. They have been used to
classify proteins with up to 90% of the compounds classified correctly. Permutation tests based on SVM

weights have been suggested as a mechanism for interpretation of SVM models. MM Sypport-vector

machine weights have also been used to interpret SVM models in the past. 12! Posthoc interpretation of

support-vector machine models to identify features used by the model to make predictions is a relatively

new area of research with special significance in the biological sciences.

Advantages of SVM

SVM classifiers perform well in high-dimensional space and have excellent accuracy. SVM classifiers require

less memory because they only use a portion of the training data.

SVM performs reasonably well when there is a large gap between classes.
High-dimensional spaces are better suited for SVM.
When the number of dimensions exceeds the number of samples, SVM is useful.

SVM uses memory effectively.

Disadvantages of SVM

SVM requires a long training period; as a result, it is not practical for large datasets.
The inability of SVM classifiers to handle overlapping classes is another drawback.

Large data sets are not a good fit for the SVM algorithm.
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When the data set contains more noise, such as overlapping target classes, SVM does not perform as well.
The SVM will perform poorly when the number of features for each data point is greater than the number of

training data samples.

4. Real-Life Applications of SVMs:

Image Recognition: Facebook’s facial recognition feature uses SVM to identify faces in uploaded photos.
Google Photos also uses SVM to categorize and search images.

Speech Recognition: Apple’s Siri and Google Assistant use SVM to recognize voice commands.

Medical Diagnosis: SVM is used in medical diagnosis to classify diseases, such as cancer, based on patient
symptoms and test results.

Fraud Detection: Credit card companies use SVM to detect fraudulent transactions.

Sentiment Analysis: Companies use SVM to analyze customer feedback and sentiment on social media.
Recommendation Systems: Online retailers like Amazon use SVM to recommend products based on customer
behavior and preferences.

Quality Control: SVM is used in manufacturing to classify products as defective or non-defective based on
quality control metrics.

Natural Language Processing: SVM is used in text classification, spam filtering, and language translation.

CODE:

Importing Necessary Libraries:

Aimport numpy as np
import pandas as pd
import matplotlib.pyplot as plt

numpy (np): Used for numerical operations, especially with arrays.

pandas (pd): Used for data manipulation and analysis, especially for handling data in DataFrame format.

matplotlib.pyplot (plt): Used for creating visualizations like plots and charts.

Loading the Dataset:

dataset=pd.read _csv('C:/Users/JRM/Desktop/EEG_data.csv"')

e pd.read _csv: Reads a CSV file into a Data Frame.
o dataset: A DataFrame that stores the data from the CSV file located at the specified path.




Displaying the First Few Rows:

dataset.head(12812)

o Dataset.head (12812): Displays the first 12,812 rows of the dataset. This is usually used to preview the
data.

Separating Features and Target Variable:

xX dataset.iloc| =, Do S53 .56, 78,9, 30,33 .32 -values
b4 dataset.iloc|{:, 14 ] .values

e X: The features (input variables) are selected from the specified columns (2 to 12).

e y: The target variable (output variable) is selected from column 14.

Splitting the Data into Training and Testing Sets:

from sklearn.model_selection import train_test_split
X_train, X_test, y train, y_test = train_test_split(X, y, test_size = ©.25, random_state = @)

train_test_split: Splits the dataset into training and testing sets.
X_train, X _test: Training and testing data for the features.
y_train, y_test: Training and testing data for the target variable.
test_size = 0.25: 25% of the data is used for testing.

random_state = 0: Ensures the results are reproducible by setting a seed.

Feature Scaling:

from sklearn.preprocessing import StandardScaler
sc = StandardScaler ()

X _train = sc.fit transform(X_train)

X _test = sc.transform(X_test)

o StandardScaler: Standardizes features by removing the mean and scaling to unit variance.
o fit_transform: Fits the scaler to the training data and transforms it.

o transform: Transforms the test data based on the scaler fitted to the training data.

Training the SVM Model:

from sklearn.svm import SVC
classifier=SvC(kernel="rbf"’',random_state=0)
classifier.fit(X_train, y_train)

e SVC: The Support Vector Classification model from scikit-learn.




o Kkernel="rbf": Specifies that the Radial Basis Function (RBF) kernel is used.

o classifier.fit: Trains the SVM model on the training data.

Making Predictions:

y_predict=classifier.predict(X_test)

o classifier.predict: Predicts the target variable for the test data.

Evaluating the Model:

from sklearn.metrics import confusion_matrix, accuracy_score
cm = confusion_matrix(y_test, y predict)

print(cm)

accuracy_score(y_test,y predict)

confusion_matrix: Computes a confusion matrix to evaluate the accuracy of a classification.
accuracy_score: Computes the accuracy of the model.
print(cm): Prints the confusion matrix.

accuracy_score: Returns the accuracy of the predictions.

Conclusion

In this study, we explored the impact of academic stress on teenagers by analysing brain activity using

EEG signals. By applying machine learning algorithms, we successfully identified patterns in brain waves
that relate to stress and its effect on academic performance.

Our findings clearly show that high stress levels are associated with poorer academic results.Among the
different algorithms tested, the Support Vector Machine (SVM) and Random Forest models performed the
best at identifying stress levels based on EEG data.

These results emphasize the importance of managing stress to improve student performance and well-

being.




CHAPTER 6: DECISION TREES

What is a Decision Tree?

A decision tree is a flowchart-like structure used to make decisions or predictions. It consists of nodes
representing decisions or tests on attributes, branches representing the outcome of these decisions, and leaf
nodes representing outcomes or predictions. Each internal node corresponds to a test on an attribute, each
branch corresponds to the result of the test, and each leaf node corresponds to a class label or a continuous

value.

Decision trees are often used as building blocks for more complex ensemble methods like Random Forests

and Gradient Boosted Trees, which aim to improve performance and reduce over fitting.
History of Decision Trees

The first algorithms of the Decision Trees date back to the 1960s: ID3 (Iterative Dichotomies 3) is a pioneering
algorithm of this methodology. One of the earliest algorithms proposed to use an information-based approach

in learning a decision tree was J. Ross Quinlan’s ID3. This set the platform for advanced algorithms like

C4.5, which was, in fact, the extension of ID3 and served more features, especially the handling of continuous

attributes and missing data.

Apart from those, there was another method named CART (Classification and Regression Trees), which was
the name given by Bierman et al. and was a very mighty tool for both classification and regression tasks. These

early algorithms and their various improvements, implemented by leaps and bounds, form the basis of the

powerful Decision Tree models that have become established today. Their firm position is an integral part

of modern data science.
Structure of a Decision Tree
Root Node: Represents the entire dataset and the initial decision to be made.
Internal Nodes: Represent decisions or tests on attributes. Each internal node has one or more branches.
Branches: Represent the outcome of a decision or test, leading to another node.
Leaf Nodes: Represent the final decision or prediction. No further splits occur at these nodes.
How Decision Trees Work?

The process of creating a decision tree involves:



https://kanerika.com/category/case-studies/
https://kanerika.com/blogs/dataops-automation/

Selecting the Best Attribute: Using a metric like Gini impurity, entropy, or information gain, the best

attribute to split the data is selected.
Splitting the Dataset: The dataset is split into subsets based on the selected attribute.

Repeating the Process: The process is repeated recursively for each subset, creating a new internal node
or leaf node until a stopping criterion is met (e.g., all instances in a node belong to the same class or a

predefined depth is reached).
Advantages of Decision Trees

Simplicity and Interpretability: Decision trees are easy to understand and interpret. The visual

representation closely mirrors human decision-making processes.
Versatility: Can be used for both classification and regression tasks.
No Need for Feature Scaling: Decision trees do not require normalization or scaling of the data.

Handles Non-linear Relationships: Capable of capturing non-linear relationships between features and

target variables.
Disadvantages of Decision Trees

Overfitting: Decision trees can easily overfit the training data, especially if they are deep with many

nodes.

Instability: Small variations in the data can result in a completely different tree being generated.

Bias towards Features with More Levels: Features with more levels can dominate the tree structure.
Applications of Decision Trees

Business Decision Making: Used in strategic planning and resource allocation.

Healthcare: Assists in diagnosing diseases and suggesting treatment plans.

Finance: Helps in credit scoring and risk assessment.
Marketing: Used to segment customers and predict customer behavior.

Tree data structures, such as binary search trees are commonly used to implement efficient searching and
sorting algorithms. Graphics and UI design. Tree data structures are commonly used in decision-making

algorithms in artificial intelligence, such as game-playing algorithms,expert systems, and decision trees.




A decision tree is used to estimate the optimal frequency band boundaries for reproducing the signal’s power

spectrum for a predetermined number of bands.
Use in EEG:

In EEG (Electroencephalogram) analysis, Decision Trees can be used to classify brain wave patterns, detect
anomalies, or predict cognitive states based on features extracted from the EEG signals. The interpretability
of Decision Trees makes them valuable in understanding the decisions made by the model, which is crucial in

medical and cognitive applications.

This code is an example of how to create and evaluate a machine-learning model using a Decision Tree. It

shows the steps needed to predict outcomes based on a set of data.

Step-by-Step Explanation:
1. Importing Libraries:

e We use Python libraries to handle data, split it into training and testing parts, create a decision tree

model, and evaluate how well the model works.

Loading the Data:

e The data is loaded from a file. Imagine this data has several columns, where the last column is what
we want to predict (like whether someone will have a disease or not), and the other columns are

information that might help us make that prediction (like age, symptoms, etc.).
Splitting the Data:
e The data is split into two parts:

o Training Data (80%): Used to teach the model.

o Testing Data (20%): Used to check if the model learned correctly.
Creating the Decision Tree:

e We create a Decision Tree model. This model is like a flowchart that makes decisions based on the

information it has learned from the training data.




Training the Model:
e The model learns from the training data, finding patterns that help it make predictions.
Making Predictions:
¢ Once trained, the model is tested on the testing data to see how well it can predict the outcomes.
Evaluating the Model:
e We measure how accurate the model is. The code calculates:
Accuracy: How often the model's predictions are correct.

Classification Report: Detailed results showing how well the model predicts each possible

outcome.
Confusion Matrix: A table showing where the model got things right and where it made mistakes.
Why Is This Important?

Real-World Application: This process is similar to how businesses, healthcare providers, and other

industries make predictions based on data.

Learning Tool: It’s a simple example that helps us understand how machine learning models work, which

is essential for anyone starting in data science.
Model Evaluation:

e The code not only trains the model but also evaluates its performance using key metrics like accuracy,
classification report, and confusion matrix. Understanding these metrics is crucial for assessing how well

the model is performing and where it might need improvement.

. Entropy (H):

Entropy quantifies the impurity or uncertainty in a dataset S with classes C1, C2,..., CnC :

H(S) = = ) p(Ci)log2p(CD)

where p(Ci) is the probability of class Ci in S. Entropy is higher when the dataset is more mixed and lower

when it is more homogeneous.




2. Information Gain (IG):

Information Gain measures the reduction in entropy after splitting the dataset S on an attribute:

IG (S,A)=H(S)- ¥ % H(SV)

where Sv is the subset of S for which attribute A has value v. Information Gain helps in identifying the attribute

that best separates the data into distinct classes.
3. Gini Impurity (G):

Gini Impurity measures the impurity of a dataset S as:

6($)=1- ) p(C)?
i=1

Lower Gini Impurity indicates a purer node, meaning the node predominantly contains instances of a single

class.

4. Splitting Criterion:

At each node of the Decision Tree, the attribute 4 that either maximizes the Information Gain /G(S,4) or

minimizes the Gini Impurity G(S) is chosen to split the dataset.

5. Prediction:

To predict the class of a new instance, traverse the Decision Tree according to the instance’s attribute values

until reaching a leaf node. The class label at the leaf node is the predicted class.

6. Evaluation Metrics:

e Accuracy:

Number of correct predictions

A =
ccuracy Total Number of prediction

o Confusion Matrix: A matrix comparing actual vs. predicted classifications, showing true positives, false

positives, true negatives, and false negatives.




7. Pruning:

Pruning removes branches that contribute little to prediction accuracy, thereby reducing the risk of overfitting

and improving the model's generalization to new data.

Implementing Decision Tree Classifier on EEG Dataset in Python

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model_selection import train_test_split

from sklearn.tree import DecisionTreeClassifier

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix, f1_score

# Loagd the dataset
data = pd.read csv('C:/Users/HP/Downloads/EEG3.csv')

# Assuming the last column is the target variable and the rest are features
X = data.iloc[:, :-1] # Features
y = data.iloc[:, -1 # Target

# Splitting the data into training and testing sets
X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=42)

# Initialize the Decision Tree Classifier
clf = DecisionTreeClassiftier()

# Train the classifier
clf.fit(X_train, y_train)

# Make predictions on the test data
y_pred = clf.predict(X_test)

# Fvaluate the model
accuracy = accuracy score(y test, y pred)
print(f"Accuracy: {accuracy * 100:.2f1%")

# Detailed classification report
print( Classification Report:")
print(classification_report(y_test, y_pred))

# Confusion Matrix

conf_matrix = confusion_matrix(y_ test, y_pred)
print('Confusion Matrix:")

print(conf_matrix)

# Evaluate the model

def evaluate_model(y_true, y_pred):
accuracy = accuracy_score(y_true, y pred)
f1 = f1_score(y_true, y pred, average='weighted')
conf_matrix = confusion_matrix(y_true, y_pred)
class_report = classification_report(y_true, y_pred)
return accuracy, f1, conf_matrix, class_report

# Test set evaluation

test_accuracy, test f1, test conf_matrix, test_class report = evaluate model(y_test, y pred
print(f Test Accuracy: {test_accuracy}')

print(f'Test F1 Score: {test fi1}')

print( Test confusion Matrix:\n', test conf_matrix)

print(‘Test Classification Report:\n', test class report)

# Plotting the confusion matrix

def plot confusion_matrix(conf_matrix, title):
plt.figure(figsize=(8, 6))
sns.heatmap(conf_matrix, annot=True, fmt='d', cmap='Blues’)
plt.title(title)
plt.xlabel( 'Predicted’)
plt.ylabel( Actual’)




plt.show()

# plot the confusion matrix for the test set
plot_confusion matrix(test_conf_matrix, 'Confusion Matrix - Test Set')

Accuracy: 54.55%
Classification Report:
precision recall fl-score support

.56 0.52 8.52 1298
@.54 0.58 8.56 1265

accuracy 08.55 2563
macro avg 0.55 2563
weighted avg .55 2563

Confusion Matrix:
[[67@ 628]

[537 728]]
Test Accuracy: ©.5454545454545454
Test F1 Score: ©.5458891425847276
Test Confusion Matrix:

[[670 628]

[537 728]]
Test Classification Report:

precision recall fi-score  support

0.56 0.52 0.53 1298
0.54 0.58 0.56 1265

accuracy 9.55 2563
macro avg 9.55 2563
weighted avg 8.55 2563

Confusion Matrix - Test Set

Predicted




Code Explanation

. Loading and Splitting the Dataset

Loading the Data: The dataset is loaded from a CSV file. It assumes the last column is the target variable
(y), and the rest of the columns are features (X).
Splitting the Data: The data is split into training and testing sets using an 80-20 split. X train and y_train

are used for training the model, while X test and y_test are used for testing.

. Training the Decision Tree Classifier

Model Initialization: A DecisionTreeClassifier from sklearn is initialized.

Training the Model: The classifier is trained on the training data (X train and y_train).

. Making Predictions

Predictions: The trained model is used to predict the labels (y_pred) for the test data (X_test).

4. Evaluating the Model

Accuracy: The accuracy of the model is calculated using the accuracy score function, which gives the
percentage of correct predictions out of all predictions made.

python

Copy code

Accuracy =  (Number of Correct Predictions) / (Total Number of  Predictions)

Classification Report: This report provides detailed metrics for each class, including:

Precision: The proportion of positive identifications that were actually correct.

Recall: The proportion of actual positives that were correctly identified.

F1-Score: The weighted average of Precision and Recall. It considers both false positives and false
negatives.

Support: The number of actual occurrences of the class in the dataset.

These metrics are provided for each class, and averages (macro, weighted, etc.) are also provided.

o Confusion Matrix: A matrix that shows the actual vs. predicted classifications. Each cell [1, j] of the matrix

indicates the number of observations known to be in group 1 but predicted to be in group j.

e True Positives (TP): Correct predictions for the positive class.




True Negatives (TN): Correct predictions for the negative class.

False Positives (FP): Incorrect predictions where the model predicts the positive class but the actual class
is negative.

False Negatives (FN): Incorrect predictions where the model predicts the negative class but the actual

class is positive.
. Custom Evaluation Function (evaluate model)

This function combines the accuracy, F1-score, confusion matrix, and classification report into a single

evaluation, which is then printed.
. Plotting the Confusion Matrix

Visualization: The confusion matrix is visualized using a heatmap with seaborn. This helps in quickly

understanding the model's performance, especially how often it confuses one class for another.
Interpreting the Results

Accuracy: This gives you a quick idea of how well your model is performing overall. However, in cases
of imbalanced datasets, accuracy can be misleading.

Classification Report:

Precision: High precision means that the model is making fewer false positive errors.

Recall: High recall means that the model is capturing most of the true positives.

F1-Score: This score is particularly useful if you want a balance between precision and recall.
Confusion Matrix:

It provides a detailed breakdown of model performance by class, showing how many instances of each
class were correctly or incorrectly classified.

Diagonal Elements: These represent the correctly classified instances for each class.

Off-Diagonal Elements: These represent the misclassified instances.
Overall Evaluation

If your model has a high accuracy and high precision/recall across all classes, it means your model is

performing well.

The confusion matrix helps in understanding specific areas where the model might be underperforming,

especially if certain classes are often misclassified.




The Decision Tree Classifier seems to perform well based on the accuracy, Fl-score, and other metrics.
However, if the confusion matrix shows significant misclassification for certain classes, you may need to
explore other models or refine your current approach. This includes experimenting with hyperparameters,
feature selection, or even trying more sophisticated models like Random Forests or Gradient Boosting

Machines

Conclusion

The implementation of a Decision Tree Classifier on the EEG dataset demonstrates the classifier's ability to
make accurate predictions based on the provided features. By splitting the dataset into training and testing
subsets, training the model, and evaluating its performance through accuracy, a classification report, and a

confusion matrix, we gain insights into the model's effectiveness.

The decision tree algorithm's simplicity and interpretability make it a valuable tool for classification tasks,
particularly when transparency in decision-making is crucial. However, the model's performance is subject to
challenges such as overfitting, which can be mitigated through techniques like pruning. Despite these
challenges, the results from this exercise show that the decision tree can serve as a powerful method for

classifying EEG data, providing a foundation for further refinement and application in real-world scenarios.

Overall, this process underscores the importance of careful model evaluation and selection, particularly in

fields like healthcare or finance, where decision trees are often applied to critical decision-making processes.




CHAPTER 7: RANDOM FOREST

RANDOM FOREST ALGORITHM

The Random Forest algorithm is an ensemble learning technique designed to enhance the predictive
performance of decision trees by aggregating their outputs. At its core, Random Forest builds a "forest"
consisting of multiple decision trees, where each tree is trained on a different subset of the original data. This
subset is generated through a process known as "bootstrap sampling," where samples are randomly selected
with replacement, meaning some data points may appear multiple times in a single subset while others may
not appear at all. In addition to sampling the data, Random Forest introduces further randomness by selecting
a random subset of features for each split in the decision trees. This prevents the trees from becoming too
similar and ensures that they each capture different aspects of the data. The combination of bootstrap sampling
and random feature selection makes Random Forest less prone to overfitting compared to individual decision
trees. Once all the trees are trained, the Random Forest algorithm makes predictions by combining the outputs
of these trees. For classification tasks, each tree votes for a class label, and the class with the most votes
becomes the final prediction (majority voting). For regression tasks, the predictions from each tree are
averaged to produce the final result. This ensemble approach capitalizes on the "wisdom of crowds" effect,
where the collective decision of multiple models tends to be more accurate and generalizable than the decision
of any single model. Random Forest is particularly powerful because it mitigates the weaknesses of individual
decision trees, such as high variance and susceptibility to overfitting, while maintaining their strengths, such
as interpretability and ease of use. However, this increased accuracy and robustness come at the cost of
computational complexity and reduced interpretability, as it can be challenging to discern the importance of
specific features or the rationale behind individual predictions in a forest of potentially hundreds or thousands
of trees. Despite these trade-offs, Random Forest remains a go-to algorithm for many machine-learning tasks

due to its versatility, effectiveness, and ability to handle high-dimensional data.
HISTORY

The Random Forest algorithm has its roots in the evolution of decision tree methods and ensemble learning
techniques. The concept of decision trees has been around since the 1960s, but it was the development of
ensemble methods in the 1990s that laid the groundwork for Random Forest. The key idea behind ensemble
methods is to improve the performance of a model by combining the predictions of multiple models. One of

the earliest and most influential ensemble methods was "Bagging" (Bootstrap Aggregating), introduced by

Leo Breiman in 1996. Bagging involved training multiple models (typically decision trees) on different subsets




of the data and then averaging their predictions to reduce variance and improve accuracy. Building on the
success of Bagging, Leo Breiman, along with Adele Cutler, introduced the Random Forest algorithm in 2001.
The innovation of Random Forest was to add layer of randomness to the Bagging process by selecting random
subsets of features for each decision tree split. This made the trees in the forest less correlated with each other,
further reducing the risk of overfitting and enhancing the model's robustness. The introduction of Random
Forest represented a significant advancement in machine learning, particularly in handling large datasets with
many features. It quickly gained popularity due to its accuracy, ability to handle both classification and
regression tasks, and its resilience to overfitting. Random Forest also offered a feature importance measure,
which became a valuable tool for understanding the contribution of different features to the model's
predictions. Over the years, Random Forest has become a standard tool in the machine learning toolkit,
influencing the development of other ensemble methods and variations, such as Extremely Randomized Trees
(Extra Trees) and Gradient Boosting Machines (GBM). Its widespread adoption and success in various

domains have cemented its place as one of the most important algorithms in modern data science.

What is Random Forest?

Random Forest is an advanced ensemble learning method in machine learning that combines the predictions
of multiple decision trees to create a stronger, more accurate model. It operates by training each decision tree
on a different random subset of the data, a process known as bootstrap sampling. Additionally, Random Forest
introduces further diversity by selecting a random subset of features at each split within the trees, reducing the
correlation between them and improving the model's generalization ability. For classification tasks, the model
aggregates the predictions through majority voting among the trees, while for regression tasks, it averages
their predictions. This ensemble approach significantly enhances accuracy, reduces the risk of overfitting, and
provides valuable insights into feature importance, making Random Forest a robust and versatile tool for

various predictive modeling tasks.

For classification tasks: The algorithm takes the majority vote of the trees to determine the final class label.

For regression tasks: The algorithm averages the predictions of all the trees to arrive at the final numerical

prediction.

TYPES OF RANDOM FOREST

e (lassification Random Forest

Purpose: Used for classification tasks where the goal is to predict a categorical outcome.




How it Works: It builds multiple decision trees on various subsets of the data. Each tree votes on the class of

an input, and the majority vote across all trees determines the final classification.
e Regression Random Forest
Purpose: Used for regression tasks where the outcome is a continuous variable.

How it Works: Similar to Classification Random Forest, but instead of voting on a class, each tree makes a

prediction on the output value, and the final prediction is usually the average of all trees’ outputs.
¢ (Quantile Regression Forest

Purpose: Extends the Regression Random Forest to estimate conditional quantiles rather than just the mean

prediction.

How it Works: This type of forest provides a way to predict a range of possible outcomes rather than a single
point estimate. This is useful for understanding the distribution of the prediction and uncertainty in the model’s

output.
e Survival Random Forest

Purpose: Used for survival analysis, which involves predicting the time until an event of interest (such as

failure or death) occurs.

How it Works: It builds trees based on a set of covariates and the survival time, allowing it to handle censored

data (cases where the event has not yet occurred). The model predicts the survival probability over time.
e Multivariate Random Forest

Purpose: Used when the output consists of multiple variables, meaning the model predicts several dependent

variables simultaneously.

How it Works: It builds decision trees that split the data to minimize a combined loss function that accounts

for multiple outputs. This allows the model to consider the correlations between different output variables.

HOW DOES A RANDOM FOREST ALGORITHM WORK?

1. Collect Data: Start with a large dataset containing many examples and features.

2. Create Multiple Decision Trees: The algorithm creates several decision trees. Each tree is trained on a

random subset of the data. This randomness helps make each tree slightly different.




Make Predictions: Once the trees are built, each tree makes a prediction. For example, if you're trying to
predict whether someone will like a movie, one tree might say “Yes” while another might say “No”
Combine Predictions: The final prediction of the random forest is based on the majority vote or the
average of all the trees' predictions.

Output the Result: The algorithm then provides the final prediction, which is usually more accurate than
what a single decision tree would have predicted.

The structure of nodes in a Random Forest

Root Node: The top node that represents the entire dataset. It makes the first split based on the best

feature.

Internal Nodes: These are decision points that further split the data based on specific features, forming
the intermediate levels of the tree.

Leaf Nodes: The bottom nodes that provide the final output of the tree, which is a class label (in
classification) or a continuous value (in regression).

Branches: The connections between nodes that represent the outcomes of decisions made at each node.

WHY RANDOM FOREST?

Accuracy: Random Forest generally provides a high level of predictive accuracy, often outperforming

single decision trees and other algorithms, particularly when default parameters are used.

Robustness: The model is robust to overfitting, especially when dealing with large datasets and high-
dimensional spaces. Its structure allows it to handle complex relationships within the data without
requiring extensive preprocessing.

Scalability: Random Forest can efficiently handle large datasets with a high number of features (also
known as high-dimensional data), making it suitable for a wide range of applications.

Ease of Use: Unlike some other machine learning algorithms that require extensive hyperparameter
tuning, Random Forest often works well with little to no tuning, making it accessible to a broad audience.
Interpretability: While Random Forest is not as interpretable as a single decision tree, it does provide
feature importance scores, which can help in understanding the significance of different variables in the

prediction process.

Advantages:

1. High Accuracy and Robustness:




Ensemble Learning: Random Forest is an ensemble method that combines the predictions of multiple
decision trees. By averaging or taking the majority vote of these trees, Random Forest often achieves
higher accuracy than individual decision trees. This collective decision-making process helps mitigate
the biases or errors that might arise from a single decision tree, leading to more reliable and robust

predictions.

Resistance to Overfitting: Unlike single decision trees that are prone to overfitting (especially deep
trees), Random Forest reduces this risk by averaging multiple trees. The randomization in both data

sampling and feature selection ensures that the model generalizes better to unseen data.

. Versatility:

Classification and Regression: Random Forest can be used for both classification (e.g., predicting
categories) and regression (e.g., predicting continuous values) tasks. This makes it a versatile tool

applicable to a wide range of problems in different domains.

Handling Diverse Data Types: The algorithm can handle datasets with a mix of categorical and
numerical features. It doesn't require extensive preprocessing, such as scaling or normalization of data,

which simplifies the data preparation process.

Feature Importance Estimation:

Understanding the Model: Random Forest provides a measure of feature importance, indicating which

features contribute the most to the prediction. This is valuable for understanding the underlying patterns

in the data and for identifying which features are most influential.

Dimensionality Reduction: By analyzing feature importance, you can identify and potentially eliminate
irrelevant or less important features, which can simplify the model, reduce computational cost, and

improve performance.

Handles Large Datasets Well:

Scalability: Random Forest can efficiently handle large datasets with a large number of features and
examples. The algorithm's parallel nature allows it to be easily distributed across multiple processors or

machines, which can significantly speed up the training process.




Resilience to Outliers and Noise: The averaging process in Random Forest helps the model be more
resilient to outliers and noisy data, as these are less likely to influence the predictions significantly when

multiple trees are combined.

. Works Well with Missing Data:

Imputation Capabilities: Random Forest can handle datasets with missing values by using a process
called imputation. It can estimate missing values based on the proximity or similarity to other data
points, which helps maintain the integrity of the model even when the data is incomplete.

Incorporating Uncertainty: The ability to work with missing data allows Random Forest to be used in
real-world scenarios where complete datasets are often not available, without the need for complex
imputation techniques.

Low Bias:

Diverse Trees: Because each tree in a Random Forest is trained on a different subset of the data and
with different features, the ensemble method reduces the bias that might occur in a single decision tree.

This diversity among the trees contributes to the model's overall accuracy.

Disadvantages:

1. Computational Complexity:

Training Time: Random Forest can be computationally expensive, particularly with large datasets and
many trees. Training hundreds or thousands of trees can require significant processing power and time,

especially if the trees are deep and complex.

Memory Usage: The algorithm requires storing all the trees in memory, which can be demanding in
terms of storage, particularly with large datasets and many features. This can limit its applicability in

memory-constrained environments.

Interpretability:

Complexity of the Ensemble: While individual decision trees are relatively easy to interpret, the

Random Forest model, which is composed of many trees, is much more complex. The ensemble nature




makes it challenging to explain why the model made a particular prediction, which can be a drawback in

fields that require transparent decision-making, such as healthcare or finance.

Feature Importance: Although Random Forest provides feature importance scores, these scores can
sometimes be difficult to interpret, especially in cases where correlated features exist. The algorithm
might distribute importance across correlated features, making it harder to determine the true

significance of each feature.
Overfitting in Some Cases:

A large Number of Trees: While Random Forest generally reduces overfitting, there are scenarios
where it can still occur, especially if the number of trees is too large and not enough randomness is
introduced. In such cases, the model might become too tailored to the training data, reducing its ability to

generalize to new, unseen data.

Shallow Trees: Conversely, if the trees are too shallow (e.g., if a minimum depth is set), the model

might underfit, meaning it won’t capture the complexity of the data adequately.
Not Always the Best for Small Datasets:

Bias-Variance Tradeoff: On small datasets, Random Forest may not perform as well as simpler models
like single decision trees or linear models. The ensemble method might introduce unnecessary
complexity, leading to higher variance in the predictions, especially if the data doesn’t contain enough
variation to justify multiple trees.

Computation Overhead: The additional computational overhead may not be justified for small

datasets, where the gains in accuracy might be marginal compared to simpler models.

Sensitivity to Noisy Data:

Outlier Influence: Although Random Forest is generally resilient to noise, if the noise or outliers are
pervasive across the dataset, they can still influence the model. This is particularly true if the noise

affects many features or if the dataset is unbalanced, leading to biased predictions.




Imputation Challenges: While Random Forest can handle missing data, the imputation process may
introduce its own biases or inaccuracies, especially if the missing data is not random. This can affect the

model’s predictions.
6. Feature Correlation:

Correlated Features: Random Forest assumes that the features are independent and that the random
selection of features at each split will lead to diversity among the trees. However, if there are strong
correlations between features, this assumption is violated, and the model might not perform optimally. It

may give undue importance to correlated features, leading to redundancy and inefficiency

The Basic Mathematics Behind Random Forest

Decision Trees: Each tree in the random forest is built using simple rules, like "If the temperature is
above 20°C, wear a T-shirt." These rules are based on splitting the data into smaller and smaller groups,
making it easier to make decisions.

Entropy and Information Gain: When creating a decision tree, the algorithm uses a concept called
"entropy" to measure how mixed the data is. It tries to split the data in a way that reduces this mixing,
which is called "information gain.” The goal is to make the data in each group as similar as possible.
Voting Mechanism: In a classification problem, each tree in the forest gives a vote for a certain class.

The class with the most votes becomes the final prediction.

Averaging: In a regression problem, the algorithm calculates the average of all the tree predictions to

come up with the final result.
. Bootstrapping:

Random Forest begins by generating multiple bootstrapped samples from the training data.
Formula: If the training dataset has NNN samples, then each bootstrapped sample is generated by

randomly selecting NNN samples with replacements from the original dataset.

2. Decision Trees:

For each bootstrapped sample, a decision tree is built. At each node of the tree, a subset of features is
randomly selected from the total number of features, and the best feature from this subset is chosen to
split the data.

Gini Impurity (for classification):




c
Gini(t) =1— ZPLZ
-

l

where is the probability of a class i at a node t and C is the number of classes.

e Information Gain (for classification)

IG(S,A) = H(S) — z MH(Sv)

VeValues(A) |S |
where H(S) is the entropy of the set S, and Sv is the subset of S where attribute A has value v.

Mean Squared Error (for regression):

1IN o
MSE = ;Z(yl — yi)
i=1

3. Aggregation (Ensemble Method):

e For Classification: The final prediction of the random forest is the mode (majority vote) of the predictions
from all the individual trees.

y = mode(y1,y2,.....yM)
where ym is the prediction of the m-th tree and M is the total number of trees.

e For Regression: The final prediction is the average of all the predictions from the individual trees.

M
.1 Z .
Y=u L, Ym
m-1
where ym is the prediction of the m-th tree.

Why I Chose the Random Forest Algorithm

e User-Friendly: It's easy to understand and implement, making it a great starting point for beginners in Al

and machine learning.




Powerful and Reliable: Despite its simplicity, the algorithm is powerful and reliable, often outperforming
more complex models in many cases.

Wide Application: It can be applied to various problems, from predicting customer behavior to diagnosing
diseases, making it a versatile tool in Al and machine learning.

Great Accuracy: Random Forest tends to deliver accurate results. It combines the predictions from
multiple decision trees, which means it generally makes better decisions than a single tree could on its
own.

Prevents Overfitting: By averaging the results of many trees, it avoids the problem of overfitting—where
a model performs well on training data but poorly on new data. This makes the model more reliable when
dealing with unseen data.

Feature Importance: It’s also great because it tells you which features (or factors) are most important in
making predictions. This is super helpful when you want to understand what really matters in your data.
Handles Missing Data Well: If there are missing values in your dataset, Random Forest can still work
effectively without you having to do a lot of extra work to clean up the data.

Works Out of the Box: You don’t have to worry about scaling your data (like normalizing or

standardizing it), which saves time and effort during the preprocessing stage.
Scalable and Fast: Since it builds multiple trees, and each tree can be built simultaneously (in parallel),

it’s quicker and can handle large datasets efficiently.

Structure of a Random Forest

Multiple Decision Trees:

The model consists of several decision trees, which serve as the base learners.

Bootstrap Sampling:

Each tree is trained on a random subset of the training data created through sampling with replacement

(bootstrap sampling).

Random Feature Selection:

At each node, a random subset of features is chosen to determine the best split, ensuring diversity among the

trees.

Model Aggregation:




Classification: Final prediction is made by majority voting among the trees.

Regression: Final prediction is the average of the outputs from all trees.

e [eature Importance:

The model calculates feature importance scores, showing the influence of each feature on predictions.
e Qut-of-Bag (OOB) Error:

The OOB error provides an estimate of the model's accuracy using the data not selected in the bootstrap

samples.

Application of Random Forest in EEG Analysis

1. Feature Selection and Importance
EEG data is typically composed of numerous features, such as different frequency bands (e.g., alpha,
beta, theta waves) and time-based signal characteristics. One of the significant advantages of Random
Forest is its ability to handle large numbers of features and provide insights into which features are most
important for predicting the outcome of interest. In EEG analysis, Random Forest can be used to
determine which specific brain wave activities are most indicative of a particular cognitive state, such as
stress or attention. This feature importance analysis is crucial for understanding the neural correlates of
various psychological conditions and for refining the analysis to focus on the most relevant aspects of
the EEG data.
Classification of Cognitive States
Random Forest is particularly effective for classification tasks, which are common in EEG studies. For
instance, EEG data might be used to classify a subject's cognitive state into categories such as "focused,"
"distracted,"” "stressed,"” or "relaxed.” In such cases, Random Forest can take the high-dimensional EEG
data and classify it into these states with high accuracy. The ensemble nature of Random Forest, where
multiple decision trees contribute to the final prediction, helps in dealing with the noise and variability
inherent in EEG signals, leading to more robust and reliable classifications.

Prediction of Outcomes Based on EEG Data

Beyond classification, Random Forest can be employed in predictive modeling within EEG studies. For

example, in studies examining the impact of stress on academic performance, Random Forest can predict




outcomes like exam scores or learning efficiency based on EEG-derived stress levels. The ability of
Random Forest to capture non-linear relationships and interactions between features makes it a powerful
tool for these predictive tasks, where the relationship between brain activity and behavioral outcomes is
often complex and multifaceted.

Handling High-Dimensional Data

EEG data is high-dimensional, meaning it contains a large number of features that describe the recorded
brain activity. Random Forest is adept at managing this high dimensionality because it builds each tree
using a random subset of features, thereby reducing the risk of overfitting and improving the
generalization of the model. This is particularly important in EEG studies, where the goal is to develop
models that can accurately predict cognitive states or outcomes in new, unseen data.

Robustness and Interpretability

One of the key strengths of Random Forest is its robustness against overfitting, especially when dealing
with noisy and complex data like EEG signals. The averaging of predictions across multiple trees
ensures that the final model is less sensitive to the noise present in the data. Additionally, while
individual decision trees can be prone to errors due to small variations in the data, the collective
decision-making process in a Random Forest helps in smoothing out these errors, resulting in a more

reliable model.

Furthermore, Random Forest provides a level of interpretability that is valuable in EEG studies. By analysing

the importance of each feature, researchers can gain insights into which specific aspects of the EEG signals

are most predictive of the cognitive states or outcomes of interest. This interpretability is crucial for making
informed decisions about interventions, such as designing stress management programs based on the most

relevant neural indicators of stress.

Real-world Example:

e Mayo Clinic: The Mayo Clinic, a renowned healthcare institution, uses Random Forest models to predict
various patient outcomes, including the likelihood of sepsis in hospitalized patients. By analyzing patient
data in real-time, the clinic can identify high-risk patients and administer timely treatments, reducing

mortality rates and improving overall patient outcomes.




CODE

numpy as np

pandas as pd
matplotlib.pyplot as plt
seaborn as sns

dataset=pd.read csv('C:/Users/HP/Downloads/EEG3.csv")

dataset

Attention Mediation Delta Theta Alphal Alpha2 Betal Beta2 Gammal Gamma2 user-definedlabeln
5.6 43 3 . 337 240 . 4.51 3 8.29
4.0 35 . d 2.24 . 3.69 k 2.74
4.7 4.8 . X L 6.21 .63 1.31 . 254
47 57 d d b 1.71 . 6.25 d 339

44 53 . . . 8.89 .53 9.96 . 297

12806 6.4
12807 6.1
12808 6.0
12809 6.0

12810 6.4

12811 rows x 11 columns

dataset[[ 'Attention’, 'Mediation', 'Delta’, 'Theta', "alphai’, "alpha2', 'Betal’', 'Beta2', 'Gammal', 'Gamma2’
dataset| 'user-definedlabeln’

Attention Mediation Delta Theta Alphal Alpha2 Betal Beta2 Gammal Gamma2
5.6 43 3.02 9.06 3.37 2.40 2.79 4.51 . 8.29
4.0 3.5 7.38 2.81 2.24 2.75 3.69 b 2.74
4.7 4.8 7.58 X . 3.63 1.31 . 2.54
4.7 5.7 2.01 . 5 . 1.15 . 3.39
4.4 5.3 1.01
12806 6.4
12807 6.1
12808 6.0
12809 6.0

12810 6.4

12811 rows = 10 columns




12806

128087

12868

12809

12810 %]

Name: user-definedlabeln, Length: 12811, dtype: inte4

from sklearn.model selection import train_test split

X _train,X test,y train,y test=train test split(X,y,test size=0.2,random_state=8)

X test

Attention Mediation Delta Theta Alphal Alpha2 Betal Beta2 Gammal Gamma2
34 5.1 1.07 1.29 5.40 4.36 : 313 1.58 2.88
2.3 44 204 2.19 8.62 1.92 : - 1.79
9.0 66 275 . 4.96 5.80 : . 7.28
6.9 3.0 : . b 2.14 : . 1.94

7.0 4.0 . . . 4.36 : . 3.90

12100 4.0
10133 54
6230 4.1
8803 0.0

10470 34

2563 rows x 10 columns




y_test

133
3955
6469
11220
343

12100

18133

6230

8803

10476 e

Mame: user-definedlabeln, Length: 2563, dtype: intea

from sklearn.ensemble import RandomForestClassifier

rfc=RandomForestClassifier(n_estimators=100,random state=8)

rfc.fit(X train,y train)

RandomForestClassifier

;RandomForestClassiFier(random_state=@}é

y_predict=rfc.predict(X test)

from sklearn.metrics import accuracy score

accuracy=accuracy_score(y test,y predict)

print(accuracy)

@ .592835349200156

d=pd.DataFrame({ 'actualvalue':y test, 'predictvalue’:y predict})




d.head(100)

actualvalue predictvalue
0 1
0 0

0 0

6189
4211
5416
4088

10533

100 rows x 2 columns

. Importing Libraries:

Numpy: A library used for numerical operations, particularly dealing with arrays.
pandas: A powerful data manipulation library that allows easy handling of data structures such as

DataFrames.

matplotlib.pyplot: A library for creating static, animated, and interactive visualizations in Python. pyplot

is the interface for plotting graphs.
seaborn: A visualization library built on top of matplotlib, providing a high-level interface for drawing

attractive and informative statistical graphics.

. Loading the Dataset:

pd.read_csv(): This function loads a CSV (Comma-Separated Values) file into a pandas DataFrame. In
this case, it loads the file EEG3.csv located in the Downloads folder.

3. Displaying the Dataset:

Simply displaying the DataFrame dataset to inspect its structure. The dataset consists of multiple columns
like Attention, Mediation, Delta, and so on, representing EEG signal features, along with a user-

definedlabeln column, which likely represents the target labels.




4. Selecting Features and Labels:

X: This selects specific columns from the dataset to be used as features for the machine learning model.
The columns represent different EEG brainwave frequencies and other metrics.
y: This is the target variable (label) that the model will predict. In this case, user-definedlabeln contains

the class labels for each observation.

5. Splitting the Dataset into Training and Test Sets:

train_test_split(): This function from sklearn.model selection is used to split the data into training and

testing sets.
o X train: Features for training the model.
X_test: Features for testing the model after training.
y_train: Labels for training the model.
y_test: Labels for testing the model's performance.
test_size=0.2: Specifies that 20% of the dataset should be used for testing, and 80% for training.

random_state=0: Ensures reproducibility by controlling the random splitting of the data.

6. Importing and Initializing the RandomForestClassifier:

o RandomForestClassifier: A machine learning algorithm that builds multiple decision trees and merges
them together (random forest) to get a more accurate and stable prediction.
o n_estimators=100: This parameter specifies the number of trees in the forest (100 trees in this
case).
o random_state=0: Controls the randomness in the classifier's decision-making process, ensuring

that the results are reproducible.

. Training the RandomForestClassifier Model:

e fit (): This method trains the RandomForestClassifier on the training data (X train, y train). The model

learns patterns from the EEG features and their corresponding labels during this step.

8. Making Predictions:

o predict (): After training the model, this method makes predictions on the test set (X _test) based on what

the model learned during training. The predicted values are stored in y_predict.




9. Evaluating the Model's Performance:

e accuracy_score (): This function computes the accuracy of the predictions, which is the proportion of
correct predictions out of the total.
o y_test: The true labels for the test set.
o y_predict: The predicted labels for the test set.

e print(accuracy): Prints the accuracy score to the console. In this case, the accuracy is around 59.38%.
10. Creating a DataFrame for Actual vs Predicted Values:

e pd.DataFrame(): A new DataFrame is created that contains two columns:
o actualvalue: The actual labels (y_test).

o predictvalue: The predicted labels (y_predict).

e d.head(100): Displays the first 100 rows of this DataFrame, showing a comparison between the actual and

predicted labels.

# Confusion Matrix

conf_matrix = confusion_matrix(y_test, y predict)
print(’Confusion Matrix:")

print(conf_matrix)

# Evaluate the model

def evaluate_model(y_true, y_predict):
accuracy = accuracy_score(y_true, y_predict)
f1 = f1_score(y_true, y predict, average='weighted")
conf_matrix = confusion_matrix(y_true, y_predict)
class_report = classification_report(y_true, y_predict)
return accuracy, f1, conf matrix, class_report

# Test set evaluation

test_accuracy, test_f1, test_conf_matrix, test_class_report = evaluate model(y_test, y_predict)
print(f'Test Accuracy: {test_accuracy}")

print(f'Test F1 Score: {test _f1}")

print('Test Confusion Matrix:\n', test_conf_matrix)

print('Test Classification Report:\n', test_class_report)

# Plotting the confusion matrix

def plot_confusion_matrix(conf_matrix, title):
plt.figure(figsize=(8, 6))
sns.heatmap(conf_matrix, annot=True, fmt='d"', cmap='Blues’)
plt.title(title)
plt.xlabel( 'Predicted’)
plt.ylabel('Actual’)
plt.show()

# Plot the confusion matrix for the test set
plot_confusion_matrix(test_conf_matrix, 'Confusion Matrix - Test Set')




Confusion Matrix:

[[752 526]

[515 770]]
Test Accuracy: ©.593835349200156
Test F1 Score: ©.59382310860966151
Test Confusion Matrix:

[[752 526]

[515 770]]
Test Classification Report:

precision recall f1-score

9.59 8.59 8.59
.59 0.60 9.60

accuracy .59

macro avg 0.59
weighted avg @.59

Confusion Matrix - Test Set

Predicted

752: The model correctly guessed "0" for 752 cases.
526: The model wrongly guessed "1" when it should have been "0."
515: The model wrongly guessed "0" when it should have been "1."

770: The model correctly guessed "1" for 770 cases.

Key Points:

e Accuracy: The model is correct 59% of the time.

support

1278
1285

25632
2563
2563




e Precision and Recall: Both are about 59-60%, meaning the model does okay but isn’t great at making

correct predictions.

Conclusion

The Random Forest algorithm plays a vital role in the analysis of EEG data, particularly in its ability to classify

cognitive states, predict outcomes, and identify important features within complex, high-dimensional datasets.

Its robustness, accuracy, and interpretability make it an excellent choice for researchers seeking to understand

the neural underpinnings of cognitive processes and their relationship to behavioral outcomes. In the context
of EEG studies focused on academic stress, Random Forest can provide valuable insights into how stress
affects brain activity and, subsequently, academic performance, paving the way for targeted interventions to

enhance student well-being and success.




CHAPTER 8: K Nearest Neighbour Algorithm

K NEAREST NEIGHBOR (K-NN) ALGORITHM

HISTORY/DEVELOPMENT OF KNN

1951: Introduction by Fix and Hodges
Evelyn Fix and Joseph Hodges came up with the idea of KNN in 1951.

Their goal was to create a method that could classify things without assuming anything about the data's
underlying patterns, which was a big step forward because most methods at that time required assumptions

about the data.
1967: Formalization by Cover and Hart
Thomas Cover and Peter Hart officially defined the KNN algorithm in 1967.

They explained how KNN works and showed that it could be very effective, sometimes nearly as accurate as

the best possible classification method.
1970s and 1980s: Early Applications
During these decades, KNN has been used in various fields like pattern recognition and data mining.

Even though it’s simple, KNN was found to work well, especially when the data was complex and didn't

follow known patterns.
1990s: Computational Challenges and Improvements

As data grew larger, KNN became slow because it had to compare the new data point with all existing data

points.

To solve this, new methods like KD trees and Ball trees (data structures that help efficiently find the nearest

neighbors in a dataset) were created to make KNN faster, especially for large datasets.
2000s and Beyond: Modern Applications

With the rise of big data, KNN became popular in machine learning.

It has been used in various applications, like recognizing images, making recommendations, and studying

biological data.




Despite more advanced algorithms being developed, KNN is still widely used because it is simple, easy to

understand, and works well in many situations.[2]

WHAT IS KNN

K-Nearest Neighbors (KNN) is a type of algorithm used for classification and regression tasks in machine
learning.

It’s called non-parametric because it doesn’t assume anything about the structure of the data beforehand.
KNN is a supervised learning algorithm, meaning it uses a dataset where the correct answers (labels) are

already known to help make predictions on new data.[1]
Key Characteristics of KNN:
e Non-Parametric:

KNN is called non-parametric because it doesn’t assume any specific form or distribution of the data.
Many machine learning algorithms assume that the data follows a certain distribution (like a bell curve),

but KNN does not. This makes it flexible and applicable to a wide variety of problems.
Lazy Learning:

KNN is often referred to as a lazy learning algorithm. This is because it does very little during the training
phase. Unlike other algorithms that learn and summarize the data, KNN simply stores the entire training

dataset. The actual work is done when a prediction is needed, making it a "lazy" learner.
Instance-Based Learning:

KNN is an instance-based learning algorithm that memorizes the training instances (examples) rather

than trying to learn a model from them.[1]
Structure of Nodes in KNN
In the KNN algorithm, each row of this dataset can be considered as a "node."

1. Node Structure:

Features: Each node has 10 features (Attention, Mediation, Delta, Theta, Alphal, Alpha2, Betal, Beta2,
Gammal, Gamma2). These features define the characteristics of the node and are used to calculate its

distance from other nodes.

Class Label: The user-defined label column provides the class label for each node, indicating its category.




Example of a Node
Let's break down a single node (data point) as an example

python

node = {

How Nodes Are Used in KNN

Distance Calculation: When using the KNN algorithm, you would calculate the distance between this

node and all other nodes in the dataset using the features (Attention, Mediation, Delta, etc.).

Neighbor Selection: After calculating the distances, you select the nearest neighbors (based on the value

of "K") and determine the most common class label among those neighbors.

Classification: The class label of the new data point (or node) is then predicted based on the majority class

label of its nearest neighbors.
How Does KNN Work?

Training Phase:

e During the training phase, KNN doesn’t perform any computations or build any models. It simply stores

the training data and waits for new data to classify or predict.

Prediction Phase (Classification):

e When a new data point (let’s call it the query point) needs to be classified, KNN compares this new point

to all the stored points in the training data.




KNN calculates the distance between the query point and each point in the training dataset. The most used
distance metric is the Euclidean distance, which measures the straight-line distance between two points
in a multi-dimensional space.

KNN then identifies the K closest points (neighbors) to the query point.

The algorithm checks the labels of these K neighbors and assigns the most frequent label among them to

the query point. This is called majority voting.[1]
What is Euclidean Distance?

e Euclidean Distance is a way to measure how far apart two points are in space. Imagine it like drawing a

straight line between two points on a graph and then measuring the length of that line.

How is it Calculated?

e Formula: The Euclidean Distance between two points A and B is calculated using this formula:

d (A, B) = V(x2-X1)* +(y2-y1)*

X1, X2: These are the coordinates (like positions) of the first point A.
y1, Y2: These are the coordinates of the second point B.

(x1—y1)?, (x2—y2)?: For each coordinate, find the difference between the two points, square it (multiply it by

itself), and add all these squares together.

Square Root: Finally, take the square root of that sum to get the Euclidean Distance.




n-Dimensional Space

An n-dimensional space is a mathematical concept where each point in the space is described by its position

by n coordinates. For example:

d (A, B) = V(x1-y1)? + (X2-y2)?+...+(Xn-Yn)?

Corresponding Coordinates

When you compare two points A and B, you look at their coordinates one by one:

o Compare the first number of point A (x1) with the first number of point B (y1).

o Compare the second number of point A (x2) with the second number of point B (y>).

¢ Andsoon.

TO DETERMINE K:

Understanding "K" in Simple Terms

"K" refers to the number of nearest neighbors considered when deciding the class of a new data point. In
simpler terms, when you're trying to figure out where something belongs (like which category or class it should

be in), you look at the "K" closest examples to help you decide.

Choosing the Best Value of "K"

1. Looking at the Data: To find the best "K," you first look at your data. This gives you an idea of what might

work well.
. Balancing Noise and Precision:

Larger "K": If you choose a larger "K," you consider more neighbors, which can reduce random errors
(noise). However, this doesn't always guarantee better results.
Smaller "K": With smaller values of "K," like 1, the decision is very specific to the closest Neighbor. This

can lead to perfect accuracy on the training data but can make the model too specific (overfitting).

Cross-Validation: Another way to find a good "K" is by using cross-validation. This method involves

testing different "K" values on a portion of your data to see which one performs best.

What Happens When K=1?




K=I: If you set "K" to 1, you only look at the closest Neighbor to decide the class. This means the model
will perfectly fit the training data (zero error rate) because the closest point to any training data point is
itself. However, this can be a problem because it might not generalize well to new data; it’s like

memorizing answers instead of understanding the concept.

Problems with Small "K" Values

Too Sensitive: When "K" is very small (like 1 or 2), the model becomes too sensitive to small changes or

noise in the data. It might get easily confused if the data isn't perfect.

Larger "K" Values and Smooth Boundaries

Increasing "K": If "K" is too small, the model can be unstable. To make better decisions, you can increase
"K" (like to 5), which makes the decision based on a group of neighbors. This helps create a clearer

decision boundary (the line that separates classes).

Smooth Boundaries: Larger "K" values make the class boundaries smoother, meaning the model is less
likely to change its mind over small variations in data. However, this can sometimes cause the model to
be too generalized, including points from different classes in the decision, which might not be what you

want.

Difficulty in Choosing "K"

Scattered Data: If your data points are scattered (not close together), it becomes harder to choose the best

"K." You might have to try different values to see what works best.[1]

APPLICATIONS OF KNN

1. Medical Predictions

What it does: KNN helps predict health risks, like heart attacks, by looking at similar past cases.

How it works:

Data Collection: Doctors have lots of patient data, like age, blood pressure, cholesterol levels, and smoking

habits.

Comparison: When a new patient comes in, KNN compares their data to past patients with similar profiles.




o Prediction: If the new patient’s profile is similar to patients who had heart attacks, KNN can estimate their

risk of having one too.
Example:

e Suppose you have a new patient with high blood pressure and high cholesterol. KNN will look at previous
patients with similar conditions. If any of those previous patients had heart attacks, it will predict that the

new patient might be at risk as well.

Normalization: Sometimes, different factors (like blood pressure and age) have different ranges. To make sure
each factor is equally important, the data is adjusted (normalized) so that no single factor dominates the

prediction.

2. Data Mining and Financial Modelling

What it does: KNN helps analyze financial data, such as predicting stock market trends and making investment

decisions.
How it works:

Data Collection: Collect data on various factors affecting stock prices, like company performance, market

trends, and economic conditions.
Comparison: KNN compares new stock data with historical data to find similar past cases.

Prediction: Based on these comparisons, it helps forecast future stock prices and decide the best time to

buy or sell.

Example:

o Imagine you want to predict if a stock will go up or down. KNN looks at stocks with similar past data (like

company performance and market conditions). If stocks with similar profiles went up in the past, KNN

might suggest that the new stock will also go up.
In both cases, KNN helps make predictions by finding and learning from similar examples in the past.[1]
ADVANTAGE
1. Simplicity and Comprehensibility:

e Easy to Understand: KNN is one of the most straightforward machine learning algorithms. It doesn't

involve complex mathematical concepts making it accessible even to beginners.




o Intuitive Concept: The idea of finding the "nearest neighbors" to make a prediction or classification is
something that people can easily grasp. This makes KNN highly interpretable, which is crucial when

explaining the results to non-technical stakeholders.
2. Computational Efficiency:

Low Calculation Time: The computations involved in KNN, such as calculating distances between points

(like the Euclidean distance), are relatively simple. This means the algorithm can quickly process data,

especially when the number of features (dimensions) is not too large.
. High Predictive Power:

Effective for Large Datasets: KNN is well-suited for large datasets because it leverages the information
from all available data points. As the dataset grows, the algorithm’s ability to make accurate predictions

can improve, provided that the data is relevant and well-distributed.

Adaptive to Changes: Since KNN uses the latest data points for predictions, it can adapt to new data
without needing retraining. This is particularly useful in dynamic environments where data is continuously

changing.
. Simplicity in Mathematical Computations:

Basic Mathematical Operations: KNN primarily relies on basic operations like addition, subtraction,
and squaring. For distance metrics like Euclidean distance, the computations are straightforward, involving

just a few simple steps.
. Versatility:

Applicable for Classification and Regression: KNN is a versatile algorithm that can be used for both
classification (where the goal is to categorize data) and regression (where the goal is to predict a continuous

value). This dual capability makes it a flexible choice for various types of problems.
. No Assumptions about Data Distribution:

Non-parametric Nature: KNN is a non-parametric algorithm, meaning it doesn't make any assumptions
about the underlying data distribution. This is advantageous when dealing with real-world data that doesn't

fit common statistical distributions.

. Simple Implementation:




o Easy to Implement: Due to its straightforward nature, KNN can be implemented with minimal

programming effort. This makes it a go-to algorithm for quick prototyping and testing of ideas.
8. Outliers (with Proper Preprocessing):

e In scenarios where outliers might affect the result, KNN can be adjusted by weighting the votes of

neighbors, giving more importance to closer points and reducing the impact of outliers.[3]

DISADVANTAGE
. Computationally Extensive for Large Datasets:

High Memory Requirements: KNN needs to store the entire dataset because it uses all the data points
during the prediction phase. This can be problematic for large datasets, as it requires a lot of memory to

store the data, especially when the data is very large.

Slow Prediction Phase: Since KNN doesn’t build a model during the training phase, the entire dataset
must be scanned every time a prediction is made. This makes the prediction phase slow, especially when
the dataset is large or when there are many features (dimensions) involved. The algorithm needs to
calculate the distance between the new data point and every other point in the dataset, which can be time-

consuming.
2. Difficulty in Choosing the Right Value for K:

The Challenge of Selecting K: One of the key parameters in KNN is K, the number of neighbors to
consider for making a prediction. Selecting an appropriate value for K can be tricky. If K is too small, the
algorithm may become sensitive to noise (outliers), leading to overfitting. If K is too large, it may smooth

out important patterns and lead to underfitting.

Trial and Error: Often, the best value of K is determined through trial and error, which can be time-

consuming and computationally expensive, especially when cross-validation is used to find the optimal K.
3. Sensitivity to Distance Metric:

Importance of Distance Calculation: The accuracy of KNN heavily depends on how distances are
measured between data points. The most common metric is Euclidean distance, but it’s not always the best

choice for every type of data. Different types of data or different problem domains might require different

distance metrics (like Manhattan or Minkowski distance), and it’s not always clear which one to use.




Impact of Feature Scaling: Features with larger numerical ranges can dominate the distance calculation,
skewing the results. This means that proper feature scaling (like normalization or standardization) is
crucial. However, determining the best way to scale features can be challenging and may require additional

preprocessing steps.
. High Computation Cost:

Distance Calculations for Every Query: For each new data point, KNN calculates the distance to every
point in the dataset. This involves a significant amount of computation, particularly when the dataset is
large or when there are many features. The computational cost increases linearly with the size of the

dataset.

Inefficiency in High-Dimensional Spaces: As the number of dimensions (features) increases, the distance
between points becomes less meaningful—a phenomenon known as the "curse of dimensionality." In high-
dimensional spaces, all points tend to be equidistant, making it difficult for KNN to distinguish between

relevant and irrelevant data points.
. Lazy Learning Nature:

No Generalization from Training Data: Unlike many other machine learning algorithms, KNN is a "lazy
learner." This means that it doesn’t perform any generalization or abstraction from the training data during
the training phase. Instead, it simply memorizes the data and delays the actual computation until the

prediction phase.

No Learning During Training: Since there’s no model-building step, KNN doesn’t gain any insights
from the training data. Every time a prediction is needed, the algorithm relies entirely on the raw data,

which can lead to inefficiencies and slower predictions.
. Susceptibility to Noisy Data and Outliers:

Vulnerability to Noise: KNN can be sensitive to noisy data and outliers, especially when the value of K
is small. A single noisy point or outlier in the training set can significantly affect the prediction for a new

data point, leading to incorrect results.

Dependence on Quality of Data: The performance of KNN heavily depends on the quality of the data. If

the dataset contains a lot of noise or irrelevant features, the algorithm’s accuracy can drop significantly.

Preprocessing steps like noise reduction, feature selection, or dimensionality reduction become crucial but

add to the complexity.




7. Scalability Issues:

o Struggles with Big Data: While KNN is effective for relatively small or medium-sized datasets, it doesn’t
scale well to big data. The computational and memory requirements increase dramatically as the size of
the dataset grows, making it less practical for very large datasets unless specific optimizations (like

indexing techniques or approximate nearest Neighbor algorithms) are used.[3]
Importing Necessary Libraries for Data Analysis

Libraries in Python are collections of pre-written code that make it easier to perform certain tasks, such as

data manipulation, visualization, and machine learning.

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model selection import train test split

from sklearn.preprocessing import StandardScaler

from sklearn.neighbors import KNeighborsClassifier

from sklearn.decomposition import PCA

from sklearn.metrics import accuracy score, classification report, confusion matrix, f1_score

1. Import Libraries

import pandas as pd:

Pandas is a powerful library for data manipulation and analysis. It allows you to work with data in table-like

structures called Data Frames/Dataset.

import NumPy as np:

NumpPy is the fundamental package for numerical computing in Python. It supports large, multi-dimensional

arrays, matrices, and a large collection of mathematical functions.
2. Visualization Libraries

import matplotlib. pyplot as plt:

Matplotlib is a plotting library used to create static, animated, and interactive visualizations in Python.
pyplot is a module in Matplotlib that provides a MATLAB-like interface for making plots.

import seaborn as sns:




e Seaborn is a data visualization library built on top of Matplotlib. It provides a high-level interface for
drawing attractive and informative statistical graphics.

3. Machine Learning and Data Preprocessing Libraries

from sklearn. model selection import train_test_split

Scikit-learn (sklearn) is a popular machine-learning library that provides simple and efficient tools
for data analysis and modelling.

train_test_split: This function splits the dataset into two parts—training data and testing data.
Training data is used to build the model, and testing data is used to evaluate its performance.

from sklearn. preprocessing import StandardScaler:

StandardScaler: This tool is used to standardize features by removing the mean and scaling to unit
variance. It's a crucial step in data preprocessing, ensuring that all features contribute equally to the
model.

from sklearn. Neighbors import KNeighborsClassifier:

KNeighborsClassifier: This is a machine learning algorithm based on the K-Nearest Neighbors
technique, commonly used for classification tasks. It classifies a data point based on how its neighbors
are classified.

from sklearn. decomposition import PCA:

PCA (Principal Component Analysis): This technique is used to reduce the dimensionality of a
dataset, simplifying it by transforming the data into a new set of variables that capture most of the
original variability.

4. Model Evaluation Metrics

from sklearn. metrics import accuracy score, classification report, confusion_matrix, f1_score
accuracy_score: Measures how many predictions the model got right overall.

classification_report: Provides a detailed summary of the precision, recall, and F1 score for each
class.

confusion_matrix: A table used to describe the performance of a classification model by comparing
actual versus predicted classifications.

f1_score: A measure that balances precision and recall, especially useful for imbalanced datasets.

dataset=pd.read csv('C:/Users/HP/Downloads/EEG3.csv")




dataset = pd. read_csv('C:/Users/HP/Downloads/EEG3.csv')

pd. Read_csv (): This is a function from the pandas library that reads a comma-separated value (CSV) file
into a data frame. A data set is a two-dimensional data structure, similar to a table in a database, where
data is stored in rows and columns.

C:/Users/[HP/Downloads/EEG3.csv': This is the file path pointing to the CSV file named EEG3.csv
located in the Downloads folder of the user HP on the C: drive.

dataset: This variable stores the Data Frame created by reading the CSV file. You can then use a dataset
to analyze, or visualize the data contained in EEG3.csv.

The dataset is uploaded in a structured format.

dataset

Attention Mediation Delta Theta Alphal Alpha2 Betal Beta2 Gammal Gamma2 user-definedlabeln
5.6 43 3 1 . 2.40 2.79
4.0 3.5 . d 4 2.24
47 48 . 4 ! 6.21
4.7 5.7 ! . b 1.71

4.4 5.3 . . . 8.89

dataset.dropna(inplace=True)

dataset. dropna(inplace=True):

dropna (): This is a function from the pandas library used to remove missing values from a dataset.
Missing values are typically represented as NaN (Not a Number) in the dataset.

inplace=True: The inplace parameter is set to True, which means that the operation will be performed
directly on the original Data Frame (df). In other words, it modifies the data Frame in place, rather than
returning a new data Frame with the missing values removed.

This step ensures that the remaining data is complete and ready for analysis.

Why We Drop Rows with Missing Values:




e This code is used to clean the dataset by removing any rows that contain missing values. Missing values
can lead to inaccurate or misleading results in data analysis. By removing rows with missing values, we

ensure that the analysis is based on complete data.

After running this code, the dataset will no longer contain any rows with missing values, making it more

reliable for further analysis.

X = dataset|[ 'Attention, "Mediation’, 'Delta’, 'Theta', 'Alphal’, 'Alpha2’, 'Betal’, 'Beta2’, 'Gammal’, 'Gamma?’
y = dataset| user-definedlabeln’

dataset: which contains all the data, including both features (inputs) and the target (output) that you're trying
to predict.

[['Attention', 'Mediation', 'Delta’, 'Theta', 'Alphal’', 'Alpha2’', 'Betal’, 'Beta2', 'Gammal', 'Gamma2'||:
This is a list of column names that you are selecting from the dataset These columns are the features or input

variables that will be used to make predictions.

dataset['user-definedlabeln']: This seclects the column 'user-definedlabeln' from the dataset. This column

contains the answers or labels we want to predict with our model.

scaler = StandardScaler()
X scaled = scaler.fit transform(X)

StandardScaler ()

o StandardScaler is a class from the sklearn. preprocessing module in scikit-learn, a popular machine

learning library in Python.

Purpose: It standardizes features by removing the mean and scaling to unit variance. In simpler terms, it

transforms the data so that it has a mean of 0 and a standard deviation of 1.

Why Standardize: Many machine learning algorithms perform better or converge faster when the input
data is standardized. This is because features that are on different scales can affect the performance of

algorithms like gradient descent, which assume that all features are on a similar scale.

pca = PCA(n_components=5)
X _pca = pca.fit transform(X scaled)




1. Principal Component Analysis (PCA)

PCA: it reduces the dimensionality of a dataset by transforming it into a new set of variables called

principal components.

These principal components are linear combinations of the original variables and are ordered such that the

first few retain most of the variance (information) in the dataset.

Dimensionality Reduction: By reducing the number of features, PCA helps simplify models, reduce

computation time, and avoid overfitting, especially when dealing with high-dimensional data.
2. PCA(n_components=5)

Creating a PCA Object: This line creates an instance of the PCA class from the sklearn. decomposition

module.

n_components=5: This parameter specifies that you want to select the number of principal components

that explain 5% of the variance in the data.

o Instead of specifying the exact number of components, setting n _components=5 tells PCA to
automatically select enough components so that they together account for 5% of the total variance

in the dataset.

This ensures that most of the important information (variance) in the data is retained while reducing

the number of features.
3. X pca = pca.fit_transform(X_scaled)
fit transform (): This method does two things:

fit: It calculates the principal components that capture the most variance in the data. It identifies the

directions (principal components) in which the data varies the most.

transform: It then projects the original data (X scaled) onto these principal components, effectively

reducing the dimensionality of the data.

Resulting Data: The transformed data, X pca, is a lower-dimensional representation of the original data
(X_scaled). The number of features in X pca is reduced, but these features now capture 5% of the original

data's variance.

Why Use PCA?




Dimensionality Reduction: PCA reduces the number of features while preserving most of the data's

important information. This can make models simpler, faster, and less prone to overfitting.
Visualization: Reducing the data to 2 or 3 principal components allows for easier visualization of the data.

Noise Reduction: PCA can also help in reducing noise by removing components that correspond to less

variance (often associated with noise).

X_train, X test, y train, y test = train test split(X pca, y, test size=0.3, random state=42)

. train_test_split ()
This is a function from the sklearn. model selection module in scikit-learn.
Purpose: It randomly splits your dataset into two parts:
o A training set: Used to train your machine learning model.
o A testing set: Used to evaluate the performance of your model on unseen data.

. X _peca,y

X pca: This is your feature matrix, which contains the input variables (after applying PCA in this case).

Each row is an observation, and each column is a feature.

y: This is your target vector, which contains the labels or outcomes you're trying to predict.
. test_size=0.3

This parameter specifies the proportion of the dataset to include in the test split.

0.3 means 30% of the data will be allocated to the test set, and the remaining 70% will be used for the

training set.

Why Split: By reserving a portion of the data for testing, you can assess how well your model generalizes

to new, unseen data.
4. random_state=42

This parameter sets the seed for the random number generator used by train_test_split.




Purpose: It ensures that the split of data into training and testing sets is reproducible. Every time you run

the code with the same random_state, you'll get the same split.

Using a fixed random_state is common practice when you want your results to be consistent across

multiple runs or for others to reproduce your work.
. X train, X test,y train,y test

X train: The training set features (70% of the data). This subset will be used to train your machine-

learning model.

X test: The testing set features (30% of the data). This subset will be used to evaluate the model's

performance.

y_train: The training set labels corresponding to X train. These are the outcomes your model will learn

to predict.

y_test: The testing set labels corresponding to X test. These are the true outcomes used to assess the

accuracy of your model's predictions.

knn = KNeighborsClassifier(n _neighbors=5)
knn.fit(X_train, y_train)

v  KNeighborsClassifier

éKNeighborsClassiFier(}

What is happening?: We are creating a K-Nearest Neighbors (KNN) classifier, which is a type of machine

learning model.
KNeighborsClassifier(n_neighbors=5): This part of the code sets up the KNN model with 5 neighbors.

e n_neighbors=5: This means that when the model tries to classify a data point, it will look at the 5 closest
data points (neighbors) in the training set to decide which class the new data point belongs to. You can

change this number to use more or fewer neighbors, depending on what works best for your data.
knn.fit (X_train, y_train):
« X train: This is the training data, which includes the features (input variables) that the model will use to

learn.

e Yy train: This is the target data (the correct answers or labels) that the model is trying to learn to predict.




o fit: The fit method tells the model to look at the training data and learn from it. It "fits" the model to the

data, meaning it adjusts its internal settings based on the patterns it finds in the training data.

y_train pred = knn.predict(X train)
y _test pred = knn.predict(X test)

1.y _train_pred = knn. predict(X_train)

knn: This is an instance of the k-Nearest Neighbors (k-NN) classifier that has already been trained (i.e.,

fitted) on your training data.
predict(X_train): This method is used to make predictions on the training data (X _train).

y_train_pred: This variable stores the predicted labels for the training data. It contains the model’s

predictions based on the features in X _train.

Purpose: To check how well the model performs on the data it was trained on. This helps assess the model’s
fit and can give an indication of overfitting if the performance on the training data is significantly better than

on the test data.
2.y_test_pred = knn. predict(X_test)
o predict(X_test): This method makes predictions on the test data (X_test).

e y_test pred: This variable stores the predicted labels for the test data. It contains the model’s predictions

based on the features in X_test.

Purpose: To evaluate the model’s performance on unseen data (the test set). This gives a more realistic

measure of how well the model is likely to perform on new, unseen data.

def evaluate model(y true, y pred):
accuracy = accuracy score(y_true, y pred)
f1 = f1_score(y_true, y pred)
conf matrix = confusion matrix(y true, y pred)
class report = classification report(y true, y pred)
return accuracy, f1, conf_matrix, class report

The function evaluate_model () is designed to evaluate the performance of a classification model.

1. Function Definition




y_true: The true labels or actual outcomes for the data.
y_pred: The predicted labels or outcomes produced by the model.
. accuracy_score (y_true,y pred)
Purpose: Calculates the accuracy of the model.
Accuracy: The proportion of correctly classified instances among the total instances.
Output: A value between 0 and 1, where 1 means perfect accuracy.
. f1_score (y_true, y pred, average='weighted')
Purpose: Calculates the F1 score of the model.

F1 Score: A metric that combines precision and recall into a single number, providing a balance between

the two. It is particularly useful when you have imbalanced classes.
. confusion_matrix (y_true, y_pred)
Purpose: Computes the confusion matrix for the model.

Confusion Matrix: A table used to evaluate the performance of a classification model by showing the

counts of true positives, true negatives, false positives, and false negatives. It helps to understand the types

of errors the model is making.

Output: A 2D array where each row represents the true class, and each column represents the predicted

class.
. classification_report (y_true, y_pred)
Purpose: Generates a detailed report on the model’s performance.

Classification Report: Includes several metrics for each class, such as precision, recall, and F1 score,
along with their averages. It provides a comprehensive overview of how well the model is performing

across different classes.

Output: A string report that includes precision, recall, F1 score, and support (number of occurrences of

each class in the dataset).




train_accuracy, train_f1, train_conf_matrix, train_class report = evaluate model(y_train, y_train_pred)

print(f'Training Accuracy: {train_accuracy}"')

print(f Training F1 Score: {train_f1}')
(
(

print
print('Training Classification Report:\n', train_class_report)

‘Training Confusion Matrix:\n', train_conf_matrix)

Training Accuracy: ©.7167170737147318
Training F1 Score: ©.7241012558521165
Training Confusion Matrix:
[[2969 1372]
[1221 3404]]
Training Classification Report:
precision recall fl-score  support

5] 9.71 @.68 @.7e 4342
1 @.71 a.74 @.72 4625

accuracy 0.71 8967
macro avg 0.71 8967
weighted avg .71 8967

Function Call: The evaluate model () function is called with y_train (the true labels for the training data) and

y_train_pred (the predicted labels for the training data) as inputs.
Outputs:

train_accuracy: This stores the accuracy of the model on the training data, which tells you the proportion

of correct predictions out of all predictions.

train_f1: This stores the F1 score on the training data, a metric that balances precision and recall, giving

an idea of the model’s performance, especially with imbalanced data.

train_conf_matrix: This stores the confusion matrix, which gives a detailed breakdown of true positives,

true negatives, false positives, and false negatives.

train_class_report: This stores the classification report, which provides precision, recall, F1 score, and

support for each class.
print (training Accuracy: {train_accuracy}')
Purpose: This line prints the training accuracy, showing how often the model was correct on the training data.

Output: A message like Training Accuracy: 0.95, where 0.95 indicates that 95% of the training data was

correctly classified.
print (training F1 Score: {train_f1}')
Purpose: This line prints the F1 score on the training data, giving a balanced measure of precision and recall.

Output: A message like Training F1 Score: 0.93, where 0.93 represents the F1 score, indicating the model’s

ability to correctly identify the positive classes while minimizing false positives and false negatives.




print ('Training Confusion Matrix:\n', train_conf_matrix)

Purpose: This line prints the confusion matrix, which shows the counts of true positives, true negatives, false

positives, and false negatives.

print ('Training Classification Report:\n', train_class_report)

Purpose: This line prints the classification report, which provides detailed metrics (precision, recall, F1 score)

for each class.

test_accuracy, test_f1, test_conf_matrix, test_class_report = evaluate_model(y_test, y_ test_pred)
print(f'Test Accuracy: {test_accuracy}')

print(f'Test F1 Score: {test_f1}")

print(’'Test Confusion Matrix:\n', test_conf_matrix)

print(’'Test Classification Report:\n', test_class_report)

Test Accuracy: ©.5312174817898023
Test F1 Score: ©.5447195553389753
Test Confusion Matrix:
[[ 964 938]
[ 864 1078]]
Test Classification Report:
precision recall f1-score support

%] @.53 @.51 0.52 1962
1 @.53 a.56 0.54 1942

accuracy 9.53 3844
Macro avg 8.53 3844
weighted avg .53 3844

1. Evaluating the Model on Test Data

Function Call: The evaluate model () function is called with y test (the true labels for the test data) and

y_test pred (the predicted labels for the test data) as inputs.
Outputs:

test accuracy: This variable stores the accuracy of the model on the test data, which indicates the

proportion of correctly classified samples.

test_f1: This variable stores the F1 score on the test data, which balances precision and recall giving an

overall performance measure, especially useful for imbalanced datasets.

test conf matrix: This variable stores the confusion matrix, which provides a detailed breakdown of

correct and incorrect classifications.

test_class_report: This variable stores the classification report, which includes precision, recall, F1 score,

and support for each class in the test data.

. Printing the Test Accuracy




Purpose: This line prints the accuracy of the model on the test data.

Output: A message like Test Accuracy: 0.88, where 0.88 indicates that 88% of the test samples were correctly

classified.
3. Printing the Test F1 Score

Purpose: This line prints the F1 score on the test data, showing how well the model performs in terms of both

precision and recall.

Output: A message like Test F1 Score: 0.85, where 0.85 represents the F1 score, indicating the balance

between precision and recall for the model’s predictions on the test data.
4. Printing the Test Confusion Matrix

Purpose: This line prints the confusion matrix for the test data, which provides a breakdown of true positives,

true negatives, false positives, and false negatives.
5. Printing the Test Classification Report

Purpose: This line prints the classification report for the test data, which provides detailed metrics like

precision, recall, and F1 score for each class.
Precision: Proportion of correctly predicted positive instances out of all predicted positives.

Recall: Proportion of actual positive instances correctly identified by the model.

F1-Score: The average of precision and recall, providing a single metric that balances both.

True Positives (TP): Number of correctly predicted positive cases.
True Negatives (TN): Number of correctly predicted negative cases.
False Positives (FP): Number of incorrectly predicted positive cases.

False Negatives (FN): Number of incorrectly predicted negative cases.




if train_accuracy > test accuracy:
print(“"The model may be overfitting.")
elif train_accuracy < test accuracy:
print(“"The model may be underfitting.")
else:
print(“"The model has a balanced fit.")

The model may be overfitting.

1. Overfitting Check

Condition: If the training accuracy (train_accuracy) is higher than the testing accuracy (test accuracy), the

model is likely overfitting.
Overfitting Explanation:

Overfitting occurs when a model performs very well on the training data but poorly on new, unseen data
(testing data). This suggests that the model has learned the specific details and noise in the training data,

making it too specialized and unable to generalize well to other data.

Example: If your model has a training accuracy of 95% and a testing accuracy of 80%, it might be

overfitting because it’s too tailored to the training data.
2. Underfitting Check
Condition: If the training accuracy is lower than the testing accuracy, the model may be underfitting.
Underfitting Explanation:

Underfitting happens when a model is too simple to capture the underlying patterns in the data, leading to
poor performance on both the training and testing data. This usually means the model is not complex

enough to learn from the data.

Example: If your model has a training accuracy of 70% and a testing accuracy of 75%, it might be

underfitting because it’s not capturing the complexities of the data even in the training set.

3. Balanced Fit Check

Condition: If the training accuracy is approximately equal to the testing accuracy, the model is considered to

have a balanced fit.

Balanced Fit Explanation:




A balanced fit means the model performs consistently well on both the training and testing data, indicating
that it has found a good balance between learning the data’s patterns without overfitting or underfitting.
Example: If both your training and testing accuracies are around 85%, the model is likely well-calibrated,

generalizing well to new data without being too tailored to the training data.

def plot confusion matrix(conf matrix, title):
plt.figure(figsize=(8, 6))
sns.heatmap(conf matrix, annot=True, fmt='d', cmap='Blues’)
plt.title(title)
plt.xlabel('Predicted’)
plt.ylabel('Actual"’)
plt.show()

plot_confusion_matrix (conf_matrix, title): This is a function definition that takes two arguments:
conf_matrix (the confusion matrix to be plotted) and title (a string that will be the title of the plot).

plt. Figure (figsize=(8, 6)): This line initializes a new figure for the plot with a specified size of 8 inches
by 6 inches.

sns. heatmap (conf_matrix, annot=True, fmt="d", cmap="Blues’):

sns. heatmap: This function from the Seaborn library creates a heatmap, which is a graphical
representation of data where individual values are represented as colors.

conf_matrix: The data to be visualized, which is the confusion matrix.

annot=True: This parameter adds the actual numbers to each cell in the heatmap.

fmt="d": Specifies the format of the annotations, with 'd' meaning integer.

cmap="Blues": Specifies the color map used for the heatmap, where different shades of blue will represent

different values.

plt. title(title): Sets the title of the plot using the title argument.

plt. xlabel(*Predicted’) and plt.label (‘Actual’): Label the x-axis as "Predicted" and the y-axis as
"Actual,” corresponding to the predicted and actual classes in the confusion matrix.

plt. Show (): Displays the plot.

plot confusion matrix(train_conf matrix, 'Training Confusion Matrix')
plot confusion _matrix(test conf matrix, 'Testing Confusion Matrix')

1. plot_confusion_matrix (train_conf_matrix, ‘Training Confusion Matrix")




Function Call: This calls the plot_confusion_matrix function, which you defined earlier.

o train_conf_matrix: This is the confusion matrix that was generated from the predictions on the training

dataset.
o 'Training Confusion Matrix": This is a string that will be used as the title of the plot.
What It Does: This line will generate a heatmap visualization of the confusion matrix specifically for the

training dataset, with the title "Training Confusion Matrix."

Training Confusion Matrix

Predicted
. plot_confusion_matrix (test_conf_matrix, "Testing Confusion Matrix")
Function Call: This also calls the plot_confusion_matrix function.

Arguments:
o test_conf_matrix: This is the confusion matrix for the predictions on the testing dataset.

o "Testing Confusion Matrix': This is the title for the plot.
What It Does: This line generates a heatmap visualization of the confusion matrix for the testing dataset,

with the title "Testing Confusion Matrix."




Testing Confusion Matrix

Predicted

Conclusion

The k-Nearest Neighbors (KNN) algorithm proves to be a useful tool in the analysis of EEG data, especially

when it comes to classifying brain states and predicting outcomes based on similar data points. Although KNN

is a straightforward method, it works well in understanding complex patterns in high-dimensional data. In

studies on academic stress, KNN helps us see how different stress levels show up in brain activity and how
this affects academic performance. Because it's easy to use and understand, KNN is a good choice for

researchers looking to understand and reduce academic stress, helping students do better in their studies.




CHAPTER 9: LOGISTIC REGRESSION

Logistics regression
1. What is regression?

Regression analysis is a technique in statistics that helps in the establishment of a relationship between one or
more predictor variables and an outcome variable. Regression analysis is undertaken primarily to identify the
nature and pattern of the relationship between adjustments made to independent variables and the dependent
variable. This technique is the most important in many fields of study such as economics, engineering,
medicine, social sciences, and business intelligence since it helps to understand the relationships existing

within large datasets.

For instance, if one talks of height and weight, it is quite clear that the two are proportional. This kind of
relationship can be modeled by simple linear regression if one is to assume that height positively influences
weight. Therefore, using the regression equation it is possible to estimate an individual weight if his height
has been determined. Likewise, regression models may be employed to analyze, and even, forecast outcomes

in a certain field; the relationship between advertising cost and sales; the economic factors relating to stock

prices; or environmental conditions that are likely to affect crop yields. [1]

Types of Regression
1. Simple Linear Regression

Simple linear regression means to describe the relationship between one dependent variable and one
independent variable. This method assumes that there must be a direct response between the variables whereby

changes in one variable should correspond to a similar change in the other variable.
2. Multiple Linear Regression

Multiple linear regression is an extension of simple linear regression in that it uses many more than one
independent variable. This is because it makes it easier to account for all the effects which interactively
contribute to the changes of one dependent variable. The model has the tracing line, in which the magnitude

of dependent variable in linear proportion with each independent variable.

3.Logistic Regression




Logistic regression is used when dependent variable is Dichotomous or means that it can only take two values
such as success/failure. Logistic regression is different from the usual regression analysis where the model
estimates the result of a quantity, rather the chances of an observation belonging to a specific category. It is
assumed that the independent variables are linearly related to the natural logarithm of odds of the dependent

variable.
4.Polynomial Regression

Polynomial regression is one of the types of regression that assumes the relationship between the given
independent and dependent variables to be an nth degree polynomial. This method is applied where the
relationship between the predictor and response variable is nonlinear and complex hence cannot be explained
by the straight line. This allows response curve to be more complex by fitting a polynomial equation to the

data hence providing a better response curve.
5. Non-linear Regression

Non-linear regression is applied in a situation where the relationship that exists between the independent and
the dependent variables is best formulated in a non-linear line. Nonlinear regression is different from linear
regression and polynomial regression where the increase or decrease in dependent variable is not proportional
with the increase or decrease in the independent variable. This makes it even more suitable for modeling other

categorical relationships. [2]

2. What is Logistic Regression-

Logistic regression is a supervised machine learning algorithm which is mostly used for binary classification

in which the principal aim is to split data into two different groups. In contrast to linear regression that
estimates continues values, logistic regression is designed to estimate the probability that a particular instance
belongs to certain class of interest out of two classes. This is done with the help of the function logistic, the
sigmoid, mapping any real numerical value into the numeric value in the interval of 0 and 1 which represents

the probability of membership of that class.

Contrary to its name logistic regression is not used for regression problems (problems where prediction of
continuous values is to be made). However, it has been developed specifically for binary classification and,
therefore, plays a significant role in the equipment of data scientists and machine learning engineers. Logistic
regression is most appreciated for its non-complexity, interpretability, and computational issues, especially

when analyzing big data and abundant features.[3]

1. 2 Application of Logistic Regression




Logistic regression is commonly applied in business and many other fields because of its applicability to

binary classification issues. Below are some notable use cases:

e Fraud Detection: Used in fraud detection especially in the financial services and other online platforms
logistic regression is an instrumental function. Patterns in transaction data show the conceptual
framework of logistic regression models where it can point out any flaws that relate to fraud. For
example, credit card companies utilize logistic regression to identify transactions that are out of the
ordinary by the customer to block the purchases. Likewise, firms offering Software as a Service (SaaS)
use logistic regression for the identification of fraudulent users to protect their services and to maintain
the authenticity of figures, which represents the overall business outcome.

Disease Prediction: In the medical field logistic regression is used to determine the probability of
certain diseases or certain medical conditions. By analyzing patient characteristic data including
demographic data, lifestyle data and health status data, logistic regression models can be performed by
medical personnel to predict the possibility of diseases including diabetes, heart disease or cancer.
Such forecasts allow the adoption of specific measures to screen and prevent ailments to those
possessing a higher risk, thus enhancing the quality of patients’ treatment and decreasing the
expenditures on health care services.

Churn Prediction: Logistic regression plays a key role in predicting churn for HR and customer
management. HR teams can use it to figure out which top employees might quit. This lets them take
action to fix problems with job happiness, company culture, or pay. In the same way, sales and
customer success teams rely on logistic regression to spot clients who might end their business ties.
When companies can predict customer churn, they can come up with specific plans to keep customers.
These might include special offers or better customer service, which help avoid lost revenue and build

customer loyalty.[10] [11]
Types of Logistic Regression

Logistic regression adapts to different scenarios based on the nature of the dependent variable. Three main

types of logistic regression exist: Binary, Multinomial, and Ordinal. Each type has a specific purpose and suits

particular classification tasks.
Binary Logistic Regression

Binary logistic regression is the most common form of logistic regression. It works for scenarios where the
dependent variable has two possible outcome categories shown as 0 or 1. This model excels in binary

classification tasks where the outcome is one state or another.




Example- Banks use binary logistic regression to decide if they should approve or deny a loan. The model
looks at things like credit score how much money someone makes, and their job history to guess if they'll pay

back the loan.

Binary logistic regression has a reputation for being simple and effective when dealing with binary outcomes.

This makes it a key tool in many fields.
Multinomial Logistic Regression

Multinomial logistic regression builds on binary logistic regression. People use it when the dependent variable
has three or more separate outcome categories. Unlike binary logistic regression, which works with two
categories multinomial logistic regression can handle multiple categories that are distinct and don't have a

natural order.

Example- Natural language processing uses multinomial logistic regression to sort documents into groups
like news, sports, entertainment, or tech. The model treats each group as a separate class and figures out how

likely a document fits into each one.
Ordinal Logistic Regression

People use ordinal logistic regression when the dependent variable has categories with a specific order or
ranking, but the gaps between these categories might not be equal. This model works well for outcomes where

the categories follow a meaningful sequence or hierarchy.

Example- Ordinal logistic regression influences predicting customer ratings for restaurants in the hospitality
industry. Customers rate restaurants from 0 to 5 stars. The model considers that ratings follow an order. A 5-
star rating ranks higher than a 4-star rating. However, the gap between 4 and 5 stars might not equal the gap

between 2 and 3 stars. [4]
Making Predictions with Logistic Regression
Logistic Regression in Data Science

Logistic regression plays a key role in supervised machine learning for classification tasks. Its ability to predict

categories with high accuracy makes it essential for many predictive analytics applications.

In healthcare, a binary logistic regression model can help classify patients as high or low risk for specific

diseases like cancer. But logistic regression models have the flexibility to provide more detailed
classifications. Take healthcare as an example. Ordinal logistic regression can give a more thorough risk

assessment by putting patients into different risk levels:




o High Risk: Patients who have a predicted risk over 66%.
e Moderate Risk: Patients who have a predicted risk between 33% and 66%.
o Low Risk: Patients who have a predicted risk under 33%.

This type of grouping helps doctors plan their treatments better giving focused care to patients who need it

most while using resources.

In the same way, marketers can use logistic regression to guess what customers might do, like how likely they
are to buy something. A simple yes-or-no model might sort customers into "likely to buy" or "not likely to
buy" groups. It looks at things like what they've bought before how they use the website, and who they are.

This lets businesses make ads that speak to people making sales more likely.
Evolution of Logistic Regression-
Joseph Berkson and the Birth of Logistic Regression

The formalization of logistic regression is largely credited to Joseph Berkson, who made pivotal contributions
in the mid-20th century. In 1944, Berkson introduced the "logit" function, representing the natural logarithm
of the odds ratio. This function established a linear relationship between the log-odds of an event occurring
and the predictor variables, simplifying the estimation of logistic regression model parameters. Berkson’s
work laid the foundation for logistic regression as a statistical method for binary outcomes. He also proposed
using maximum likelihood estimation (MLE) to estimate model parameters, which became the standard for
fitting logistic regression models. His contributions were particularly impactful in biostatistics, where logistic
regression was first widely applied to study the relationship between smoking and lung cancer, marking one

of its first major applications in medical research.
Integration into Artificial Intelligence and Machine Learning (1960s-1990s)

The mid-20th century marked a transformative period for logistic regression as it began to intersect with the
emerging fields of artificial intelligence (AI) and machine learning. This era not only witnessed the expansion
of logistic regression’s applications but also its deep integration into foundational Al technologies, setting the

stage for its critical role in contemporary machine learning.
The Perceptron and Early Neural Networks

One of the earliest and most significant links between logistic regression and artificial intelligence was

established with the development of the perceptron in the late 1950s. Frank Rosenblatt, an American

psychologist, and computer scientist, introduced the perceptron in 1958 as a model inspired by the human




brain. The perceptron was designed to simulate the way biological neurons process information, making it one
of the first neural network models. At the core of the perceptron was the concept of neurons "firing" based on
the weighted sum of inputs they received. To determine whether a neuron would fire, Rosenblatt employed an
activation function—often the logistic function. The logistic function’s S-shaped curve was particularly
suitable for this purpose because it could map any input value to a probability between 0 and 1, effectively
determining the likelihood that a neuron should activate. This use of the logistic function as an activation
mechanism in the perceptron was groundbreaking. It illustrated the power of logistic regression in binary
classification tasks, where the objective was to categorize inputs into one of two classes. The perceptron's
success in these tasks demonstrated that logistic regression could be harnessed within neural networks to create
more complex Al systems. This early integration was a precursor to the more extensive use of logistic
regression in later AI and machine learning models, bridging the gap between traditional statistical methods

and the emerging field of artificial intelligence.
The Rise of Machine Learning in the 1980s

The 1980s marked a pivotal decade in the evolution of machine learning, during which logistic regression
emerged as a leading tool for classification tasks. Researchers such as Leo Breiman, Jerome Friedman, Charles
J. Olshen, and Richard A. Stone made significant contributions to the field by integrating logistic regression
into the framework of classification and regression trees (CART). Their work showcased how logistic
regression could be combined with other machine learning techniques to enhance predictive accuracy and
model robustness. One of the key advantages of logistic regression in the machine learning landscape of the
1980s was its ability to provide probabilistic predictions, making it valuable in applications where
understanding the likelihood of an outcome was crucial. Moreover, the interpretability of logistic regression
models made them an attractive choice for early machine learning practitioners, particularly in fields such as

medicine and finance, where decision-makers needed to understand the reasoning behind model predictions.
The Emergence of Statistical Learning in the 1990s

The 1990s witnessed the emergence of statistical learning as a field that seamlessly blended the principles of
statistics with the methodologies of machine learning. Logistic regression became a key tool within this
framework, offering a reliable method for modeling relationships between predictor variables and binary
outcomes. In medical diagnosis, for instance, logistic regression was used to develop models that predicted

the likelihood of a patient developing a particular disease based on various risk factors. In natural language

processing (NLP), logistic regression was employed to classify text documents into categories, such as spam

or non-spam emails, laying the foundation for more advanced text classification techniques. The success of

logistic regression in these diverse applications can be attributed to its ability to provide probabilistic




predictions and its relatively simple model structure, making it a popular choice for researchers and

practitioners who need to balance predictive accuracy with model transparency.[6][7][8]

How Logistic Regression works-
The Sigmoid Function

The sigmoid function is a key part of logistic regression. It transforms the model's output into a probability

for binary classification. Here's the formula for the sigmoid function:

o5

In this equation, (x) stands for the raw output from the logistic regression model. This output is a linear mix

of the input features and their matching coefficients.

Main Features of the Siemoid Function:

1. Range: The sigmoid function always gives outputs between 0 and 1. This makes it useful when we need to

see the output as a probability.

2. Smoothness: The sigmoid function has a smooth unbroken curve. This smoothness means that small
changes in the input ((x)) lead to small, expected changes in the output. This makes it easier to fine-tune the

model using methods based on gradients.

3. Symmetry: The sigmoid function has symmetry around (x = 0). This means that for inputs that are positive
and negative, the function's output will be equidistant from 0.5. This provides a balanced probability scale for

binary classification tasks.

4. Monotonicity: The sigmoid function increases. As the input (x) increases, the sigmoid function's output also
increases. This characteristic ensures that higher values of the input variable match up with higher

probabilities.

5. Asymptotic Behavior: The sigmoid function's output gets close to 1 as the input (x) nears positive infinity.
On the flip side, the output approaches 0 as (x) nears negative infinity. This behavior near the extremes makes
sure the function can model very high or very low probabilities without ever hitting 0 or 1, which would cause

math problems.[9]

Why People Like the Sigmoid Function:




The sigmoid function often beats out other options, like the hyperbolic tangent function ((\tanh)) when it

comes to turning model outputs into probabilities in logistic regression. Here's why it's a favorite:

1. Stability: The sigmoid function gives steady and consistent output chances between 0 and 1. Unlike (\tanh),
which can output numbers from -1 to 1, the sigmoid function steers clear of extreme values. This helps the

model stay stable during training when it faces outliers or extreme input values.

2. Interpretability: The sigmoid function's simple, S-shaped curve makes it easy to grasp the link between the
input and output. This clarity plays a key role in many fields such as healthcare or finance where people need

to understand why the model makes certain predictions.

3. Common Usage and Support: The sigmoid function is widely used in logistic regression, and researchers
have studied it a lot. This has led to a lot of writing about it and good software support. Because so many
people use it, it's easier for those working with logistic regression models to apply the sigmoid function and

fix any problems.

4. Gradient-Friendly: The sigmoid function has a clear derivative, which makes it good for optimization
methods that use gradients, like gradient descent. This feature is key to training logistic regression models

well. It makes sure the model can learn from data by updating its parameters bit by bit.
Logistic Loss Function

The logistic loss function also called binary cross-entropy loss, measures the gap between predicted

probabilities and actual binary labels in a classification task. It plays a key role in fine-tuning logistic

regression models helping them make more accurate predictions.

The logistic loss function has this definition:
131 [yilog(pi)+(1—yi) log(1—pi)]
where (y) represents the actual binary label (0 or 1), and (\hat{y}) stands for the predicted chance that the
output equals 1.
Benefits of the Logistic Loss Function:

1. Reliability: The logistic loss function proves reliable, which means it handles messy data well. Minor shifts
in predictions lead to gradual changes in loss. This stops the model from making sudden adjustments that

could upset the learning process.




2. Differentiability: The logistic loss function has differentiability when it comes to the model parameters.
This allows us to calculate gradients. This feature plays a key role in optimization algorithms like gradient

descent. These algorithms depend on these gradients to update the model parameters step by step.

3. Non-Negativity: The logistic loss function always stays non-negative. The loss equals zero when the
predicted probability matches the true label. This non-negativity makes sure that the optimization process

minimizes the loss function towards zero. This corresponds to perfect model predictions.

4. Convexity: The logistic loss function has a convex shape, which means it has one global minimum. This
shape helps with optimization because it ensures that methods based on gradients will reach the global

minimum as long as you pick the right learning rate.

5. Interpretability: The logistic loss function gives you a clear way to measure how well your model is doing.
It's easy to understand how well the model predicts outcomes. When the loss values are lower, it means the

model's predictions are better. This makes it simple to grasp what's going on.

6. Scalability: The logistic loss function has the ability to scale with big datasets. As the data points grow in
number, the function keeps giving useful gradients to optimize, which makes it a good fit for machine learning

applications on a large scale.
How People Use Logistic Regression

Logistic regression is a common machine learning method to solve classification issues those with two
possible outcomes. Its ease of use, speed, and clear results make many people pick it for different jobs. Here

are some main ways people use logistic regression:
1. Catching Fraud:

Banks and other financial companies use logistic regression models to spot fraud. These models look at
patterns in how people spend money to find anything odd. They figure out how likely it is that a transaction
is fake. This helps companies take steps to stop fraud before it happens and keep money safe. Logistic
regression works well for this because it can handle yes-or-no outcomes and give probabilities. These

probabilities are key to understanding how risky a transaction might be.

2. Disease Prediction:

The healthcare industry has a wide use for logistic regression. It helps figure out how likely patients are to get

certain illnesses. This is based on their health records, symptoms, and other key factors. This ability to predict

allows for early action, custom treatment plans, and smarter use of resources in health centers. Take heart




disease, diabetes, or cancer as examples. Logistic regression models can predict the chances of these diseases.

This helps doctors make smart choices about how to care for their patients.
4. Credit Scoring:

The financial sector often uses logistic regression for credit scoring. This method helps figure out how likely
individuals and companies are to pay back loans. It looks at things like how much money someone makes,
their past credit behaviour, and how much they owe. These models can tell banks how likely it is that someone
won't pay back a loan. This helps banks decide who to lend money to and what interest rates to charge. In the

end, this cuts down on the number of people who don't pay back their loans.
5. Marketing Response Modelling:

Marketing teams use logistic regression to figure out how likely customers are to react to a campaign, like
clicking ads or buying stuff. By looking at how customers behaved before and their personal details, these
models can spot which customers might respond well to marketing efforts. This helps companies use their

resources better and improve their marketing plans.
6. Voting Behavior Analysis:

Political scientists use logistic regression to study how people vote. This method helps researchers figure out

what makes someone likely to vote or back a certain candidate. By looking at things like age, schooling,

money, and political leanings, these models can guess voting trends. This info helps political campaigns focus

their work better.
7. Medical Diagnosis:

Doctors often use logistic regression to predict if a patient has a disease or not. They look at patient info to
figure out how likely someone is to have a health problem like diabetes or heart trouble. This helps them spot

issues and make better plans for treatment.
8. Guessing When Employees Might Quit:

HR teams use logistic regression to guess if workers might leave their jobs. They look at things like how happy
people are at work how much they're paid, if they have a good work-life balance, and chances to move up in
their career. When HR folks know who might quit, they can try to keep them around by offering perks or

fixing problems at work.

Real-Life Applications of Logistic Regression:




Logistic regression isn't just theory - it's a useful tool with many real-world uses. People value it because it

gives easy-to-understand results and works well with yes/no outcomes. Here are some real examples:
1. Guessing if Someone Will Miss Loan Payments:

Banks and other money lenders often use logistic regression to guess if a customer might not pay back a loan.
The model looks at things like the customer's credit score how much they make, and how much debt they have
compared to their income. It then figures out how likely it is that the person won't pay. This helps banks decide

whether to give out loans and what interest rates to charge, which cuts down on the chance they'll lose money.

2. Choosing Who to Market To:

Businesses apply logistic regression to spot customers who are more likely to react to marketing efforts. By
examining previous buying habits personal details, and internet usage, these models can forecast how likely a
customer is to buy something or interact with a campaign. This helps companies focus their marketing on the

most promising groups making their campaigns more productive and successful.
3. Assessing Health Risks:

Healthcare providers apply logistic regression to evaluate patients' chances of getting specific health issues.
Take cardiovascular disease as an example. Doctors can use logistic regression models to figure out how likely

a patient is to develop this condition. They look at things like the patient's age, cholesterol numbers, blood

pressure, and lifestyle habits. This kind of information is super helpful for preventing health problems. It lets

doctors spot patients who are at high risk and suggest ways to change their lifestyle or treatments to lower

their chances of getting sick.
4. Sentiment Analysis:

Natural language processing (NLP) often uses logistic regression to analyze sentiment classifying text as
positive or negative. Companies might use this method to examine customer reviews or social media posts.
This helps them understand how customers feel about their products or services. Businesses can then learn

about customer satisfaction and fix any problems that pop up.
5. Identifying Risky Drivers:

Insurance companies rely on logistic regression to spot drivers who might get into accidents. They look at data

like driving history, age, type of vehicle, and where someone lives. Logistic regression models then calculate




how likely an accident is to happen. This allows insurance companies to set fair premiums and push for safer

driving habits.
6. Predicting Academic Success:

Schools and colleges apply logistic regression to forecast how well students will do. They look at things like
how often students show up, what grades they get, and what they do outside class. This helps them spot
students who might fail. Once they know who's struggling, schools can step in. They might offer extra help,

like tutoring or someone to talk to, to boost these students' grades and overall performance.
Advantages of Logistic Regression

Logistic regression has an impact on binary classification problems as a strong and common statistical method.
It can model non-linear relationships between the dependent and independent variables, which stands out as
one of its main strengths. The basic logistic model assumes a linear relationship between the independent
variables and the log-odds of the dependent variable. However logistic regression can capture complex non-
linear patterns in the data by adding polynomial or interaction terms. This makes it a useful tool to apply in

different fields.

Let's say a company wants to guess if a customer will buy something based on things like their age how much
money they make, and what they've bought before. The link between these factors and how likely someone is

to buy isn't always straightforward, but logistic regression can be tweaked to handle these complex

relationships. This can be done by changing the input data or adding ways for different factors to interact. This

adaptability allows businesses to get a better understanding and make smarter choices.

What's more logistic regression has an easy implementation and interpretation making it a go-to choice for
both researchers and practitioners. The coefficients in a logistic regression model show the change in the log-
odds of the outcome for a one-unit change in the predictor, while other variables remain constant. This means

we can interpret and communicate the model's findings.
Introduction to Binary Classification

In machine learning binary classification is a type of supervised learning algorithm that aims to put new
observations into one of two different classes. This kind of classification plays a key role in many uses where
the result we care about is yes or no, like figuring out if an email is spam, if a transaction is fake, or if someone

has a certain health problem.

People train binary classification models using a labeled dataset. Each piece of data in this set has input

features (also called predictors or independent variables) and a yes-or-no outcome (the dependent variable).




The model learns to link the features to the outcome. It can then use this knowledge to guess the class of new

data it hasn't seen before.

Example: Medical Diagnosis Doctors often use binary classification to diagnose diseases. Picture a doctor
trying to figure out if a patient has a specific illness based on their symptoms and health history. The binary
classifier, which has learned from past patient data with known results, looks at the symptoms and decides
one of two things: the patient either has the disease (positive) or is healthy (negative). This ability to predict

helps catch diseases early and start treatment, which can help patients get better.

Binary classification algorithms have several types. These include logistic regression, decision trees, support
vector machines, and neural networks. Each of these has its strong points and uses. The best choice depends
on the kind of data and the problem you're trying to solve. Logistic regression stands out as a favourite. People

like it because it's easy to use and understand. It's also reliable when you're dealing with yes-or-no outcomes.
Logistic Regression for Binary Classification-
Binary Classification in Logistic Regression / Working of Logistic Regression

Binary classification in logistic regression is a statistical technique used to predict the outcome of a binary
variable—meaning an outcome that can fall into one of two possible classes—based on one or more predictor

nn

variables. These classes could be labeled as "yes" or "no," "true" or "false," "spam" or "not spam," or any other

pair of binary outcomes.
How Logistic Regression Works:
1. Modeling Probability:

Logistic regression works by modeling the probability that a given input belongs to a particular class. It does
this by applying the logistic function, also known as the sigmoid function. The logistic function takes any real-
valued number as input and maps it into a value between 0 and 1. This output can be interpreted as the

probability that the input belongs to the positive class (usually denoted as 1).
2. Decision Boundary:

Once the probability is calculated, it is compared to a threshold value to classify the input. The most common

threshold is 0.5. If the predicted probability is greater than or equal to 0.5, the model classifies the input as

belonging to the positive class (e.g., "yes," "true," "has the disease"). If the probability is less than 0.5, the

model classifies the input as belonging to the negative class (e.g., "no," "false," "does not have the disease").

3.Medical Diagnostics:




Consider a medical diagnostic scenario where a doctor wants to predict whether a patient has a specific disease
based on features such as age, weight, and blood pressure. The logistic regression model is trained on historical
patient data where the outcomes (disease present or not) are already known. The model uses this data to learn

the relationship between the features and the likelihood of the disease.

During prediction, the model calculates the probability that a new patient will have the disease. For instance,
if the model computes a probability of 0.7 (or 70%), and the threshold is 0.5, the model will classify the patient
as likely having the disease (class 1). Conversely, if the probability is 0.3, the model would classify the patient

as not having the disease (class 0).
4. Interpretation of Coefficients:

One of the strengths of logistic regression is the interpretability of its coefficients. Each coefficient represents
the change in the log-odds of the outcome for a one-unit increase in the corresponding predictor variable,
holding all other variables constant. This interpretability is especially valuable in fields like healthcare and

finance, where understanding the impact of each factor is crucial.

5. Non-Linear Decision Boundaries:

While logistic regression assumes a linear relationship between the input variables and the log-odds of the

outcome, the decision boundary in the original feature space can still be non-linear. This flexibility allows
logistic regression to model complex relationships, particularly when interaction terms or polynomial features

are included.
6. Applications Beyond Healthcare:
Logistic regression is not limited to medical diagnostics. It is widely used in various domains:

Spam Detection: Classifying emails as spam or not spam based on features like the frequency of certain words,

the presence of links, and metadata.

Credit Scoring: Predicting whether a loan applicant will default on a loan based on financial history, income,

and other factors.

Marketing: Forecasting the likelihood of a customer purchasing a product based on demographics, purchase

history, and online behavior.

Logistic regression's simplicity, interpretability, and effectiveness in binary classification problems make it a

fundamental tool in both traditional statistics and modern machine learning applications.




Logistic Regression Function

In logistic regression, the linear combination of input features is transformed into a probability using the
sigmoid function. This process is essential for making predictions where probabilities are estimated, such as

classifying emails as spam or not.
Formula
The linear combination is calculated as:
Z =B0+ B1x1 + f2x2 + ... + Pnxn

where:

Z: Represents the linear combination of input features and their corresponding weights.

B0: The intercept term, which acts as a baseline for the prediction.

B1, B2, ..., Pn: The weights assigned to each input feature, determining their influence on the prediction.

x1, x2, ..., xn: The input features or predictors used in the model.

Sigmoid Function
The sigmoid function maps the linear combination Z to a probability value between 0 and 1:
p=1/(1+eN-2))

where:

« F(x): Represents the predicted probability.

o e: The base of the natural logarithm (approximately 2.71828).
Key Points

The sigmoid function ensures that the predicted probability always falls within the range of 0 and 1,

making it suitable for probability estimation.
When Z is a large positive number, p approaches 1, indicating a high probability of the positive class.

When Z is a large negative number, p approaches 0, indicating a low probability of the positive class.




o The intercept term PO allows the model to adjust the baseline prediction, even if the input features are not

centered around zero.

By combining the linear combination and sigmoid function, logistic regression provides a powerful framework

for modelling binary classification problems.

Difference between Logistic Regression and Linear Regression-

Parameter

Outcome Variable Type

Linear Regression

Continuous variable (e.g., price,

temperature)

Logistic Regression

Categorical variable, typically
binary (e.g., yes/no, 0/1)

Model Purpose

Regression (predicting numerical

values)

Classification (categorizing into

discrete classes)

Equation/Function

Linear equation: Y =p0 + BI1X + ¢

Logistic (Sigmoid) function: p(X)
=1/ +e"(PB0+ B1X))

Output Interpretation

Predicted value of the dependent

variable

Probability of a particular class or

event

Relationship Between

Variables

Assumes a linear relationship

between variables

Does not assume a linear

relationship; models probability

Error Distribution

Assumes normally distributed

CITrors

Does not assume a normal

distribution of errors

Estimation Method

Ordinary Least Squares (OLS)

Maximum Likelihood Estimation

(MLE)

Sensitivity to Outliers

More sensitive to outliers

Less sensitive to outliers

Homoscedasticity

Assumption

Assumes homoscedasticity

(constant variance of errors)

No assumption of

homoscedasticity




Parameter Linear Regression Logistic Regression

Suitable for forecasting, effect Ideal for binary classification in

Application Scope ) ) ] )
analysis of independent variables various fields

Code Explanation-

This section explores the implementation of logistic regression through a practical code example.
Methodology-

1. Receiving the dataset from our respected mentor.

2. Importing the necessary libraries that will be used throughout the implementation process. These libraries
serve several important functions, each contributing to the efficiency, accuracy, and overall functionality of

the code.

import numpy as py 4 S |
import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.model selection import train_test_split

from sklearn. linear model import LogisticRegression

from sklearn.metrics import accuracy_score, confusion_matrix, classification report

numpy (imported as np): A fundamental package for numerical computations in Python. It supports

operations on large, multi-dimensional arrays and matrices.

pandas (imported as pd): A powerful data manipulation and analysis library. It provides data structures

like DataFrame to store and manage large datasets.

seaborn (imported as sns): A data visualization library based on Matplotlib. It provides an easy way to

create informative and attractive statistical graphics.

matplotlib.pyplot (imported as plt): A plotting library used for creating static, animated, and interactive

visualizations in Python.

train_test split: A function from sklearn.model selection that splits the dataset into training and testing
sets. This is important for model validation, as it helps in evaluating how well the model performs on

unseen data.




e LogisticRegression: A class from sklearn.linear model used to perform logistic regression, a statistical

method for binary classification.

e accuracy_score, confusion matrix, classification_report: Metrics from sklearn.metrics used to evaluate

the performance of the classification model.

2. The dataset, which is in CSV format, is loaded into the Jupyter Notebook environment. This dataset is

relevant to the task of recognizing workload.

dataset=pd.read cov('C:/Users/Neanat Kour/NK Folder/University/sem 2/University/sem 2/IT/EEG3.csv')

Here pd.read _csv is a function in the pandas library (where pd is the commonly used alias for pandas). It
reads a CSV (Comma-Separated Values) file and converts the data into a DataFrame. A DataFrame is similar
to a table in a database or an Excel spreadsheet, with rows and columns, allowing for easy manipulation and

analysis of the data.

3. After loading the filename and path on the jupyter notebook . The dataset is uploaded in a structured

dataset

Attention Mediation Delta Theta Alphal Alpha2 Betal Beta2 Gammal Gamma2 user-definedlabeln
5.6 4.3 3.02 9.06 3.37 2.40 2.79 4.51 3.32 8.29
4.0 350 7.38 2.81 1.44 2.24 2.75 3.69 5.29 2.74
4.7 . 7.58 3.84 2.02 6.21 3.63 131 5.72 2.54
4.7 6 2.01 1.29 6.12 1.71 115 6.25 5.00 3.39

4.4 . 1.01 3.54 371 8.80 453 9.96 4.43 2.97

12806 6.4
12807 6.1
12808 6.0
12809 6.0

12810 6.4

12811 rows = 11 columns

Breakdown of the Code:

1. Import:

from sklearn.datasets import make classification: This line imports the make classification function from

the sklearn.datasets module, which is part of the Scikit-learn library.
Dataset Generation:

X, y = make classification(n_samples=1000, n_features=20, n_classes=2, random_state=42): This line

creates a classification dataset and assigns it to the variables x and y:




o x: Contains the feature data (independent variables). In this case, it will be a 2D NumPy array with

1000 samples and 20 features.

o y: Contains the target variable (dependent variable) representing the class labels. It will be a 1D

NumPy array with 1000 elements, each indicating the class of the corresponding sample.
Parameters:
n_samples: The number of samples in the dataset (default is 100).
n_features: The total number of features (default is 20).
n_classes: The number of classes (default is 2).

random_state: A random seed for reproducible results. Setting it to a fixed value ensures that the dataset

will be the same each time the code is run.
In essence:

This code creates a synthetic dataset with 1000 data points, each having 20 features. The data points are

divided into two classes. The random_state parameter ensures that the dataset generation is deterministic,

allowing for consistent results in subsequent experiments. This dataset can then be used for training and testing

machine learning models for classification tasks.
5. Train_Test Split

x_train, x_test, y_train, y test = train_test_split(x, y, test_sizes0.3, random_states42)
The code snippet you provided is using the train_test split function from the sklearn.model selection module
to split the dataset into training and testing sets.
Here's a breakdown of the code:
Function:
e train_test split(x, y, test size=0.3, random_state=42)
Parameters:
o x: The input features or independent variables of the dataset.
o y: The target variable or dependent variable of the dataset.

o test_size: The proportion of the dataset to be used for testing (30% in this case).




o random_state: A seed for the random number generator, ensuring reproducibility of the split (42 in this

case).
Output:
x_train: The training set of input features.
x_test: The testing set of input features.
y_train: The training set of target variables.
y_test: The testing set of target variables.
Explanation:

The train_test split function randomly splits the dataset into two subsets: a training set and a testing set. The
training set is used to train the machine learning model, while the testing set is used to evaluate the model's

performance on unseen data.

By setting test size=0.3, the function allocates 30% of the data to the testing set and the remaining 70% to the
training set. The random_state parameter ensures that the same split is obtained each time the code is run,

which is helpful for reproducibility and debugging.

The resulting x_train, x_test, y_train, and y_test variables can be used to train and evaluate machine learning

models. The training sets (x_train and y_train) are used to fit the model, and the testing sets (x_test and y_test)

are used to assess the model's performance on new data.

6. Importing the algorithm-

model=LogisticRegression()

model.fit(x_train, y_train)

LogisticRegression

LogisticRegression()

The provided code snippet demonstrates the training of a Logistic Regression model using the sklearn.linear

model. Logistic Regression class.
Explanation:

1. Import:




from sklearn.linear model import Logistic Regression: Imports the Logistic Regression class from the
sklearn .linear model module. This class is used to implement logistic regression, a classification

algorithm commonly used for binary classification problems.
Model Creation:

model = LogisticRegression(): Creates an instance of the LogisticRegression class, initializing a logistic

regressi on model with default parameters.
Model Training:
model.fit(x_train, y train): Trains the logistic regression model using the training data.
o x_train: The training set of input features.
y_train: The training set of target variables.

The fit method learns the parameters of the model by fitting a linear decision boundary to the

training data.
4. Model Output:

The trained logistic regression model is represented by the model object. It can now be used to make

predictions on new data.
Key Points:

Logistic regression is a popular classification algorithm that models the probability of belonging to a

particular class.

The Logistic Regression class in scikit-learn provides a convenient interface for training and using logistic

regression models.
The fit method is used to train the model on the training data.

The trained model can be used to make predictions on new data using the predict method.

Additional Notes:

e The code snippet does not include the evaluation of the model's performance. To evaluate the model's

accuracy, you would typically use a separate test set and calculate metrics such as accuracy, precision,

recall, and F1-score.




o The LogisticRegression class offers various hyperparameters that can be customized to tune the model's

performance, such as the regularization strength (C) and the solver algorithm.

7. Evaluating the performance-

y_pred=model.predict(x_test)

accuracy = accuracy_score(y_test, y_pred)
conf_matrix = confusion_matrix(y_test, y_pred)
class_report = classification_report(y_test, y_pred)

print("Accuracy:", accuracy)

print("Confusion Matrix:\n", conf_matrix)
print("Classification Report:\n", class_report)
Accuracy: @.85

Confusion Matrix:

[[127 18]

[ 27 128]]

Classification Report:

precision recall fl-score support

<] 9.82 .88 0.85 145
1 .88 0.83 0.85 155

accuracy 0.85 300
macro avg .85 300
weighted avg 0.85 300

The code snippet in the image is evaluating the performance of a machine learning model, likely a logistic

regression model, on a test dataset. Here's a breakdown of the steps involved:
1. Prediction:

y_pred = model.predict(x_test): This line predicts the class labels for the test set x_test using the trained
model model. The predicted labels are stored in the variable y_pred.

Evaluation Metrics:

accuracy = accuracy_score(y_test, y pred): Calculates the overall accuracy of the model, which is the

proportion of correct predictions out of the total number of predictions.

conf matrix = confusion_matrix(y_test,y pred): Creates a confusion matrix to visualize the classification

performance, showing the number of true positive, true negative, false positive, and false negative

predictions.

class_report = classification_report(y_test, y pred): Generates a classification report, which includes

precision, recall, F1-score, and support for each class.
Printing Results:
The calculated metrics are printed to the console, providing a summary of the model's performance.

Interpretation of Results:




Accuracy: 0.85 indicates that the model correctly predicted 85% of the samples in the test set.

Confusion Matrix: The values in the confusion matrix show the distribution of true and false predictions
for each class. For example, [[127, 18], [27, 128]] means that 127 samples of class 0 were correctly
classified (true positive), 18 samples of class 0 were incorrectly classified as class 1 (false positive), and

SO Oon.

Classification Report: The classification report provides more detailed metrics for each class, including
precision (how many of the predicted positive samples were actually positive), recall (how many of the
actual positive samples were correctly predicted), F1-score (harmonic mean of precision and recall), and

support (the number of samples in each class).

Overall, the results suggest that the model is performing reasonably well on the test dataset, with an accuracy

of 85% and balanced precision and recall for both classes. However, further analysis of the confusion matrix

and classification report can provide insights into the specific strengths and weaknesses of the model.

8. Confusion matrix

conf_matrix = confusion_matrix(y_test, y_pred)

print("confusion Matrix:\n", conf_matrix)

confusion Matrix:
[[127 18]
[ 27 128]]

The code snippet you provided is calculating and printing a confusion matrix. A confusion matrix is a

visualization tool that summarizes the performance of a classification model. It helps to understand how well

a model is able to correctly classify instances into their respective categories.

Here's a breakdown of the code:

1.

Import:

from sklearn.metrics import confusion matrix: Imports the confusion matrix function from the

sklearn.metrics module. This function is used to calculate the confusion matrix.
Calculation:

conf matrix = confusion_matrix(y_test, y _pred): Calculates the confusion matrix using the true labels

(y_test) and the predicted labels (y_pred) of the test set.
Printing:

print("Confusion Matrix:\n", conf matrix): Prints the calculated confusion matrix to the console.




Interpretation of the Confusion Matrix:

The confusion matrix you provided is a 2x2 matrix, which is typical for binary classification problems. The

rows represent the actual classes, while the columns represent the predicted classes.

Predicted Class

Actual Class

27 128

True Positive (TP): 127 instances were correctly predicted as class 0.

False Positive (FP): 18 instances were incorrectly predicted as class 0 (they were actually class 1).

False Negative (FN): 27 instances were incorrectly predicted as class 1 (they were actually class 0).

True Negative (TN): 128 instances were correctly predicted as class 1.

This confusion matrix can be used to calculate various performance metrics, such as accuracy, precision,

recall, and F1-score, to evaluate the overall performance of the classification model.

sns.heatmap(conf_matrix, annot=True, fmt='d', cmap='Blues')

Confusion Matrix

Predicted




The provided image shows a confusion matrix, which is a visualization tool used to evaluate the performance

of a classification model. Here's a breakdown of the elements in the image:

Confusion Matrix:

Predicted Class

Actual Class

27 128

e The rows represent the actual classes, while the columns represent the predicted classes.
e The values in each cell indicate the number of instances that were correctly or incorrectly classified.
Interpretation:

True Positive (TP): 127 instances were correctly predicted as class 0.

False Positive (FP): 18 instances were incorrectly predicted as class 0 (they were actually class 1).

False Negative (FN): 27 instances were incorrectly predicted as class 1 (they were actually class 0).

True Negative (TN): 128 instances were correctly predicted as class 1.

Heatmap Visualization:

The sns.heatmap function from the Seaborn library is used to create a heatmap visualization of the

confusion matrix.
The annot=True argument displays the values in each cell of the matrix.
The fmt='d' argument formats the values as integers.

The cmap='Blues' argument sets the color scheme to a blue color palette.




Labels:
o The plt.title('Confusion Matrix') sets the title of the plot.
o The plt.xlabel('Predicted') and plt.ylabel('Actual’) label the x-axis and y-axis, respectively.

Overall, the confusion matrix provides a visual representation of the model's performance, allowing you to

assess its accuracy, precision, recall, and other metrics.

9. Performance metrices-

tn, fp, fn, tp = conf _matrix.ravel()

# Accuracy

accuracy = (tp + tn) / (tp + tn + fp + fn)

# Precision

precision = tp / (tp + fp)

# Recall (Sensitivity)

recall = tp / (tp + fn)

# F1 Score

fl_score = 2 * (precision * recall) / (precision + recall)

# Specificity

specificity = tn / (tn + fp)

# False Positive Rate (FPR)

fpr = fp / (fp + tn)

# Print metrics

print(f"Accuracy: {accuracy:.2f}")
print(f"Precision: {precision:.2f}")
print(f"Recall: {recall:.2f}")
print(f"F1 Score: {fl_score:.2f}")
print(f"Specificity: (specificity:.2f)")
print(f"False Positive Rate: {fpr:.2f}")

Accuracy: .85
Precision: ©.88
F1 Scor .85

Specificity: 0.88
False Positive Rate: 0.12

The provided code snippet calculates and prints various performance metrics for a classification model,

including accuracy, precision, recall, F1-score, specificity, and false positive rate.

Here's a breakdown of the code:
1. Import:

e from sklearn.metrics import confusion matrix, accuracy_score, precision_score, recall score, fl score:

Imports necessary functions from the sklearn.metrics module for calculating different metrics.
2. Confusion Matrix:

e tn, fp, fn, tp = confusion_matrix(y_test, y pred).ravel(): Extracts the true negative (tn), false positive (fp),

false negative (fn), and true positive (tp) values from the confusion matrix.

3. Calculate Metrics:




Accuracy: Calculates the overall accuracy of the model, which is the proportion of correct predictions out

of the total number of predictions.

Precision: Calculates the precision, which is the proportion of positive predictions that were actually

correct.

Recall: Calculates the recall, which is the proportion of actual positive instances that were correctly

predicted.

F1 Score: Calculates the F1 score, which is the harmonic mean of precision and recall.

Specificity: Calculates the specificity, which is the proportion of negative instances that were correctly

predicted.

False Positive Rate (FPR): Calculates the false positive rate, which is the proportion of negative instances

that were incorrectly predicted as positive.
4. Print Metrics

Prints the calculated metrics to the console, formatted with two decimal places.
Output:

The output shows the calculated values for accuracy, precision, recall, F1 score, specificity, and false positive
rate. In this example, the accuracy is 0.85, precision is 0.88, recall is 0.83, F1 score is 0.85, specificity is 0.88,

and false positive rate is 0.12.

Interpretation:

These metrics provide insights into the model's performance:
Accuracy: Measures the overall correctness of the model.
Precision: Measures the ability of the model to correctly identify positive instances.
Recall: Measures the ability of the model to correctly identify all positive instances.
F1 Score: Provides a balanced measure of precision and recall.
Specificity: Measures the ability of the model to correctly identify negative instances.

False Positive Rate: Measures the proportion of negative instances that are incorrectly classified as

positive.




By analyzing these metrics, you can evaluate the effectiveness of the classification model and identify areas

for improvement.

10. Accuracy of model

# Accuracy calculation
accuracy = (tp + tn) / (tp + tn + fp + fn)
print(f"Accurac y: {accurac y:.2F}")

Accuracy: .91

The provided code snippet calculates the accuracy of a classification model based on the values of true

positives (tp), true negatives (tn), false positives (fp), and false negatives (fn).

Define Values:

The code defines the values for tp, tn, fp, and fn. These values are typically obtained from a confusion

matrix or other evaluation metrics.

Accuracy Calculation:

The formula accuracy = (tp + tn) / (tp + tn + fp + fn) is used to calculate the accuracy.

tp + tn represents the total number of correct predictions (true positives and true negatives).

tp + tn + fp + fn represents the total number of predictions (all instances in the test set).

Print Result:

The calculated accuracy is printed to the console, formatted with two decimal places.
Explanation:

e Accuracy measures the overall correctness of the model. It is calculated as the ratio of correct predictions

to the total number of predictions.

e A higher accuracy indicates that the model is making more correct predictions.

In the example provided, the calculated accuracy is 0.91, which means that the model correctly predicted 91%

of the instances in the test set.




Note: While accuracy is a useful metric, it may not be sufficient in all cases, especially when dealing with
imbalanced datasets or when precision or recall are more important. It's often recommended to consider other
metrics like precision, recall, F1-score, and specificity to get a more comprehensive understanding of the

model's performance.

Conclusion

The evolution of logistic regression reflects its adaptability and enduring significance in the field of machine
learning. From its statistical origins to its integration into Al and deep learning, logistic regression has
proven to be a foundational tool for binary classification. Its development has been marked by key

advancements such as regularization techniques, integration with neural networks, and enhancements

through statistical learning frameworks. As machine learning advances, logistic regression’s simplicity,

interpretability, and effectiveness ensure its continued relevance in addressing complex classification

challenges and shaping the future of Al
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