Machine Learning (ML) is a branch of artificial intelligence (Al) that enables computers to
learn from data and make decisions or predictions without being explicitly programmed for
every task.

Simple Explanation:

Instead of telling a computer exactly what to do step-by-step, you feed it data, and it figures out
patterns or rules on its own to solve problems or recognize things.

How ML Works:
1. Collect Data: Gather examples or information.
2. Train a Model: Use algorithms to learn patterns from the data.

3. Make Predictions: Apply the model to new data to predict outcomes or classify
information.
4. Improve: Refine the model over time with more data.

Types of ML.:

e Supervised Learning: Learn from labeled data (input-output pairs).
e Unsupervised Learning: Find hidden patterns in unlabeled data.
o Reinforcement Learning: Learn by trial and error with feedback.

Everyday Examples:

Email spam filters

Voice assistants like Siri or Alexa
Recommendation systems (Netflix, Amazon)
Self-driving cars



Linear regression is a statistical method used to model the relationship between a dependent
variable and one or more independent variables by fitting a straight line (called a regression
line) to the data.

1 Simple Definition:

Linear regression predicts an outcome (YY) based on one or more inputs (X) by fitting the
best straight line through the data points.

1 Basic Formula (Simple Linear Regression):
Y=a+bX+eY =a + bX + \varepsilonY=a+bX+¢

Y = Dependent variable (what you're predicting)

o X =Independent variable (input feature)

e a=Intercept (value of Y when X =0)

e b =Slope (how much Y changes for a one-unit change in X)

o &= Error term (difference between predicted and actual values)
1 Example:

Suppose you want to predict someone's weight (Y) based on their height (X).

The regression equation might look like:

Weight=50+0.8xHeight\text{Weight} = 50 + 0.8 \times \text{Height}Weight=50+0.8xHeight
So, for a person 170 cm tall:

Predicted Weight=50+0.8x170=186 kg\text{Predicted Weight} = 50 + 0.8 \times 170 = 186
\text{ kg}Predicted Weight=50+0.8x170=186 kg

1 Types:

o Simple Linear Regression: 1 independent variable
« Multiple Linear Regression: 2 or more independent variables



"1 Use Cases:

« Predicting house prices (based on size, location, etc.)
o Forecasting sales (based on advertising budget)
o Estimating salary (based on experience, education)

1 Key Assumptions:

Linearity: The relationship between X and Y is linear.
Independence: Observations are independent.
Homoscedasticity: Constant variance of residuals.
Normality: Residuals are normally distributed.
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1 Simple Python Example (using scikit-learn):

from sklearn.linear model import LinearRegression
import numpy as np

# Example data
X = np.array([[150], [160], [170], [180], [190]]) # height
y = np.array([50, 55, 65, 70, 80]) # weight
model = LinearRegression()

model.fit (X, vy)

print ("Intercept:", model.intercept )
print ("Slope:", model.coef )



A Decision Tree is a machine learning algorithm used for classification and regression tasks. It
works by splitting data into branches based on conditions until it reaches a decision or
prediction.

1 Simple Definition:

A decision tree is like a flowchart that makes decisions by asking yes/no questions (or testing
conditions) at each step.

1 Real-Life Analogy:
Imagine you're deciding what to wear:
e Isitraining?
— Yes: Wear a raincoat
— No: Is it cold?
— Yes: Wear a jacket

— No: Wear a t-shirt

Each question is a decision node, and each final answer is a leaf node.

[] Structure of a Decision Tree:
e Root Node: The first decision (top of the tree)
« Internal Nodes: Questions or conditions based on features

o Branches: Possible answers (e.g., yes/no, true/false)
o Leaf Nodes: Final output (class label or value)

1 Example (Classification):

Let’s say you’re predicting if someone will buy a product:

\AgeH Income HBuys\
25 |Low |No |
45 |High | Yes |
35 [Medium]|Yes |




A decision tree might ask:

e IsAge>30?
o Yes — Is Income High?
* Yes — Buy
= No — Don’t Buy
o No — Don’t Buy

71 Use Cases:

o Credit scoring (will someone repay a loan?)
e Medical diagnosis

o Customer segmentation

e Spam detection

1 In Python (using sklearn):

from sklearn.tree import DecisionTreeClassifier

# Example dataset
X

= [[25, 0], [45, 11, [35, 0]] # Age, Income (0=Low, 1l=High)
y — ["NO", "YeS", "Yesll]
model = DecisionTreeClassifier ()

model.fit (X, vy)

print (model.predict ([[30, 111)) # Predict for 30-year-old with high income



A Random Forest is an ensemble machine learning algorithm that builds multiple decision
trees and combines their results to improve accuracy and reduce overfitting.

[ Simple Definition:

A Random Forest is like a team of decision trees voting together to make a better prediction.

"] How It Works:

1. Build many decision trees on random subsets of the data.
2. Each tree gives a prediction.
3. The forest combines the predictions:

o Classification: uses majority vote

o Regression: takes the average

) Why It's “Random”:

o It uses random samples (with replacement) from the dataset — called bootstrap
sampling.
o Each tree considers a random subset of features when splitting nodes.

This randomness makes the model robust, reduces overfitting, and improves generalization.

(1 Example:

Imagine you want to predict if a customer will buy a product.
e One tree might say “Yes”
e Another says “No”
e 9outof10say “Yes”

[J Final result: Yes



1 Random Forest in Python (sk1earn):

from sklearn.ensemble import RandomForestClassifier

# Sample data: [Age, Income]
X ({25, 01, [45, 11, 135, 01, [50, 11, [22, O]l
[HNOH, HYeSH, HYeSH, "YeS", "NO"]

Yy

model = RandomForestClassifier(n estimators=100)
model.fit (X, vy)

print (model.predict ([[30, 111)) # Predict for age 30, high income

"1 Use Cases:

e Spam detection

« Fraud detection

e Customer churn prediction
o Image classification

o Stock price prediction

1 Advantages:

e High accuracy

o Reduces overfitting (compared to a single decision tree)
o Works with both classification and regression

o Handles missing values and unbalanced data well

1 Disadvantages:

o Slower than a single tree (due to multiple trees)
e Harder to interpret
e Larger memory usage



There are many machine learning (ML) algorithms, each suited for different types of problems
like classification, regression, clustering, or dimensionality reduction.

Here’s a breakdown of the most common ML algorithms by category:

1)Supervised Learning Algorithms

Used when you have labeled data (you know the output).

1 Classification (predict categories)

Algorithm Description
[] Logistic Regression For binary or multi-class classification problems
[] Decision Tree Splits data into decision rules
[J Random Forest Ensemble of decision trees
[] Support Vector Machine (SVM) Finds the best boundary between classes
[] K-Nearest Neighbors (KNN) Classifies based on nearest neighbors
[ Naive Bayes Based on Bayes' theorem, assumes feature independence
[] Gradient Boosting / XGBoost / LightGBM||Powerful ensemble models based on boosting
[ Neural Networks Used for deep learning (complex patterns)

1 Regression (predict numerical values)

Algorithm Description

[] Linear Regression Predicts a continuous output

[] Ridge/Lasso Regression Linear regression with regularization




Algorithm Description

[] Decision Tree Regressor Tree-based prediction

[J Random Forest Regressor Averaging results of many decision trees

[] Gradient Boosting Regressor Strong predictor using boosting

[] SVR (Support Vector Regression)||SVM for regression problems

2)Unsupervised Learning Algorithms

Used when you have unlabeled data (you don’t know the output).

) Clustering
Algorithm Description
[l K-Means Groups data into k clusters
[] DBSCAN Groups based on density
[J Hierarchical Clustering||Builds nested clusters using tree-like structure

1 Dimensionality Reduction

Algorithm Description

[] PCA (Principal Component Analysis)||Reduces feature space while preserving variance

[] t-SNE Visualizes high-dimensional data in 2D/3D

[0 UMAP Similar to t-SNE but faster & more scalable




3)Reinforcement Learning Algorithms

Used for decision making over time with rewards and penalties.

Algorithm Description
[ Q-Learning Learns best action for each state
[] SARSA Similar to Q-learning but updates differently

[] Deep Q-Networks (DQN)|[Combines Q-learning with neural networks

[] Policy Gradient Methods||Directly optimize policies

4) Deep Learning Algorithms

Neural network-based models for complex tasks like image, speech, and NLP.

Algorithm Description

[] Convolutional Neural Networks (CNN)||Great for image and video tasks

[] Recurrent Neural Networks (RNN) Good for sequential data (e.g. time series, text)
[] LSTM / GRU Improved RNNs for long sequences
[] Transformers (BERT, GPT, etc.) State-of-the-art for NLP

[] Autoencoders Used for data compression and anomaly detection




Which Algorithm Should I Use?

o For classification: Start with Logistic Regression, Random Forest, or XGBoost
e For regression: Try Linear Regression, Random Forest Regressor, or Gradient

Boostin

g

e For clustering: Use K-Means or DBSCAN
e For image or text: Use CNNs or Transformers
o For sequential/time-series data: Use RNNs, LSTM, or GRU

ML Type |

Subcategory

H Algorithm

|  CommonUseCases |

Supervised ||

Classification

[Logistic Regression

|Spam detection, loan approval |

Decision Tree

Medical diagnosis, churn
prediction

IRandom Forest

IFraud detection, credit scoring |

Support Vector Machine
(SVM)

Image classification, sentiment
analysis

K-Nearest Neighbors
(KNN)

Handwriting recognition,
recommendations

Naive Bayes

Email filtering, text
classification

Gradient Boosting
(XGBoost)

Ad click prediction, ranking

INeural Networks (DNN)

INLP, voice recognition |

Price prediction, trend

Regression Linear Regression forecasting
| | |IRidge/Lasso Regression |Regularized regression |
| [ |Decision Tree Regressor |Housing price prediction |
Random Forest Financial forecasting
Regressor
Support Vector . ) .
Regression (SVR) Time series prediction
Unsupervised ||Clustering K-Means g;ﬁgmgr segmentation,
| | IDBSCAN IAnomaly detection, geospatial |




[ ML Type ||

Subcategory

I Algorithm

\ Common Use Cases

lanalysis

Hierarchical Clustering

Gene analysis, social network
analysis

Dimensionality

Reduction PCA Data visualization, compression
t-SNE Visualizing high-dimensional
data
Fast visualization alternative to
UMAP t-SNE
IR€inforcement Policy Leaming  ||Q-Learning |Game All, robot navigation
SARSA Adaptive learning, continuous

control

Deep Q-Networks
(DQN)

Complex decision environments

|Policy Gradient Methods

IRobotics, strategy optimization

Deep Neural Networks CNN Image recognition, object
Learning detection
| | [RNN | Time series, sequential data
LSTM / GRU Text_ggneratlon, stock
prediction
Transformers (BERT, .
GPT) NLP, translation
Autoencoders Data denoising, anomaly

detection




