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I-M.Tech II-Semester Regular Examinations, Aug/Sep -2023.
PRINCIPLES OF ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING
(Wireless and Mobile Communications)

PART-A
Q.1 
a) Define Artificial Intelligence.									[1]
Artificial intelligence (AI) is a branch of computer science concerned with building smart machines capable of performing tasks that typically require human intelligence. 
b) Show at-least two points of difference between: i)Systems that thinks like human and ii) Systems that acts like human											[1]
i) Systems that thinks like human: The exciting new effort to make computers think machines with minds, in the full and literal sense.
E.g. a program that thinks like humans, i.e. a cognitive modeling approach in which once we have sufficiently precise theory of mind, it become possible to express the theory as computer program.
ii) Systems that acts like human: The art of creating machines that perform functions that require when performed by people.
E.g. Turing Test approach, which is based on the indistinguishability from undeniably intelligent entities.
c) List out different adversarial search techniques.						[1]
min-max algorithm
alpha-beta pruning
d) How do you classify using Bayes Theorem?							[1]
Bayes' Theorem is a mathematical tool used for classifying data into predefined categories. It calculates the probability of an event belonging to a particular class based on prior information about the event and the class.
e) What are the basic design issues and approaches to machine learning?			[1]
The basic design issues and approaches in machine learning include selecting appropriate algorithms, preparing and cleaning data, defining features, choosing a model architecture, and assessing model performance through techniques like cross-validation. 
f) How does noise effects the data results?								[1]
Noise in data can lead to inaccurate and unreliable results in data analysis and machine learning, as it introduces random or irrelevant variations that can obscure meaningful patterns and relationships in the data.
g) What are the differences between feedforward and back propagation algorithms?		[1]
Feedforward is the forward pass of a neural network where input data is processed to produce an output, while backpropagation is the backward pass used to update the network's weights by calculating gradients with respect to a loss function, enabling the network to learn from its mistakes through iterative training.
h) What is Activation Function?									[1]
An activation function is a mathematical function used in artificial neural networks that introduces non-linearity into the model, allowing it to capture complex patterns and relationships in the data.
i) Describe Reduced Error Pruning?								[1]
Reduced Error Pruning is a technique in decision tree construction that involves iteratively removing branches from the tree that do not significantly improve its accuracy on a validation dataset, reducing complexity and preventing overfitting.
j) Classify Decision Trees.										[1]
Based on Splitting Criteria: CART, ID3, C4.5, CHAID 
Based on Tree Structure: Binary Decision Trees, Multiway Decision Trees
Pruning Techniques: Pre-pruning, Post-pruning (Reduced Error Pruning)

PART-B
Q.2(a) Given two jugs, a 4 gallon one, a 3 gallon one and water faucet to fill the jugs with water. Neither jug has any measuring markings on it. How can you get exactly 2 gallons of water in the 4-gallon jug? Write the rules to solve this problem.							[5]
1. Start with both jugs empty.
2. Fill the 3-gallon jug.
3. Pour the water from the 3-gallon jug into the 4-gallon jug.
4. Fill the 3-gallon jug again.
5. Pour the water from the 3-gallon jug into the 4-gallon jug until the 4-gallon jug is full. This will leave you with 2 gallons of water in the 3-gallon jug.
6. You now have exactly 2 gallons of water in the 4-gallon jug.

(b) Illustrate the problems encountered during hill climbing and what are the ways available to deal with these problems?										[5]
Hill climbing is a simple optimization algorithm used to find the peak (maximum or minimum) of a function. It starts with an initial solution and iteratively makes small changes to the solution to try and improve it. However, hill climbing can encounter several problems, and there are various ways to address them:
1. Local Optima Problem: Hill climbing tends to get stuck in local optima, where it finds the best solution in a local region but not necessarily the global optimum.
Solution: Random Restart, Simulated Annealing, Genetic Algorithms
2. Plateau Problem: On flat regions of the search space (plateaus), hill climbing makes little progress and can get stuck.
Solution: Gradient Descent with Momentum, Second-Order Methods
3. Ridge Problem: When the search space has narrow ridges (regions where the optimal solutions form a narrow path), hill climbing can have difficulty navigating these paths.
Solution: Constraint Relaxation
4. Incomplete Search: Hill climbing may terminate before fully exploring the solution space.
Solution: Iterative Deepening
5. Lack of Memory: Hill climbing doesn't remember past states, which can lead to revisiting the same solutions.
Solution: Tabu Search


Q.3(a) Explain about Breadth First Search technique with an example. 			[5]

Breadth-First Search (BFS) is a graph traversal algorithm used to explore all the vertices of a graph or search for a specific vertex in a systematic manner. BFS starts at a selected source vertex and explores all its neighbors before moving on to their neighbors, thus visiting vertices in layers based on their distance from the source. This algorithm is implemented using a queue data structure to keep track of the vertices to be visited.												[2]

Example												[3]


(b) Discuss about Heuristic Search. What are the advantages and characteristics of Heuristic Search?												[5]

Heuristic search is a problem-solving and optimization technique that involves using heuristics or rules of thumb to guide the search for a solution in a large and complex search space. The key idea behind heuristic search is to prioritize the exploration of paths or states that are likely to lead to a solution, based on some heuristic estimate of their potential quality or cost. 							[3]
Best-First Search, Greedy Search, A* Search


Advantages												[1]
Efficiency
Applicability
Optimality
Adaptability

Characteristics											[1]
Heuristics
Admissibility
Informedness


Q.4(a) Describe Naïve Bayes Classifier with an example.						[5]

The Naive Bayes classifier is a probabilistic machine learning algorithm that is commonly used for classification tasks, especially in natural language processing and text classification. It is based on Bayes' theorem and makes a "naive" assumption of feature independence, which simplifies the computation.														[2]

Example												[3]


(b) Briefly discuss the Min-Max Search Strategy. What are the properties of MinMax Algorithm? Also give advantages and disadvantages of MinMax search.					[5]

The Min-Max search strategy is a decision-making algorithm commonly used in two-player, zero-sum games, such as chess and tic-tac-toe. It helps a player make optimal decisions by considering both its own and the opponent's potential moves. The goal is to maximize the player's chances of winning while minimizing the opponent's chances.									[2]

Properties of the Min-Max Algorithm								[1]
Zero-Sum Game
Depth-First Search
Evaluation Function
Alternate Players
Backpropagation

Advantages of Min-Max Search									[1]
Optimality
Widespread Applicability
Intuitive Decision-Making

Disadvantages of Min-Max Search									[1]
Exponential Growth
Perfect Information Assumption
No Consideration of Time
Complexity


Q.5(a) Describe Alpha-Beta pruning and give the other modifications to Minmax procedure to improve its performance.										[5]
Alpha-Beta Pruning is a powerful optimization technique applied to the Min-Max search algorithm for decision-making in two-player, zero-sum games. Its primary goal is to reduce the number of nodes evaluated in the search tree, thereby significantly improving the algorithm's efficiency. Alpha-Beta pruning works by eliminating the evaluation of branches that are guaranteed to be worse than the best already-found move. 

Alpha (α) and Beta (β) Values: During the Min-Max search, two values, α (alpha) and β (beta), are maintained for each player. Alpha represents the minimum score the maximizing player is assured of, and Beta represents the maximum score the minimizing player is assured of.

Initialization
Pruning Condition
Updating Alpha and Beta
Pruning Effect												[4]

Modifications to Improve Min-Max Performance							[1]
Iterative Deepening
Transposition Tables
Quiescence Search
Move Ordering
Enhanced Evaluation Functions
Parallelization

(b) Illustrate the need and structure of Bayesian network?					[5]

Need for Bayesian Networks:
Bayesian networks, also known as belief networks or probabilistic graphical models, are a valuable tool for representing and reasoning about uncertainty and probabilistic relationships in complex systems. They find applications in various fields, including artificial intelligence, machine learning, medicine, finance, and more. The key needs for Bayesian networks are:
Uncertainty Modeling
Complex Dependencies
Decision Support
Risk Assessment											[2]

Structure of Bayesian Networks:
A Bayesian network consists of two main components: the graphical structure and the probabilistic parameters.

Graphical Structure:
Nodes
Edges
DAG (Directed Acyclic Graph)

Probabilistic Parameters:
Conditional Probability Tables (CPTs)								[2]
Prior Probabilities

Example												[1]


Q.6(a) How is an input represented for hypothesis in the case of classification based supervised learning, explain with an example.									[5]

In supervised learning, particularly in classification tasks, the input data is represented as a set of features or attributes that describe the characteristics of the data points. Each data point is associated with a class label, which is the target variable that the algorithm aims to predict. The features provide the information that the algorithm uses to make predictions or classifications.					[2]

Example												[3]


(b) List down four applications of Linear Regression Model with their dependent and independent variable.												[5]

Linear regression is a widely used statistical technique in various fields for modeling and analyzing relationships between variables. 									[1]

Here are four applications of linear regression models along with their dependent and independent variables: 					
1. Predicting House Prices
Dependent Variable: House Price
Independent Variables: Features like square footage, number of bedrooms, number of bathrooms, location (ZIP code), and other relevant factors that influence house prices.
2. Forecasting Sales Revenue
Dependent Variable: Sales Revenue
Independent Variables: Advertising expenditure, seasonality (e.g., time of year), economic indicators, and other factors affecting sales.
3. Medical Research - Predicting Blood Pressure
Dependent Variable: Blood Pressure
Independent Variables: Age, weight, gender, family history of hypertension, diet, and other health-related variables.
4. Crop Yield Prediction in Agriculture
Dependent Variable: Crop Yield (e.g., bushels per acre)
Independent Variables: Factors such as soil quality, rainfall, temperature, type of crop, fertilization, and pest control measures.							[4]

Q.7(a) Differentiate between Training data and Testing data with examples.			[5]

Training Data: Training data is used to train a machine learning model. During the training process, the model learns patterns, relationships, and features in the data to make predictions or classifications.
Example: In a spam email classification model, the training data consists of a collection of emails, each labeled as either "Spam" or "Not Spam." The model learns from these labeled examples to distinguish between spam and non-spam emails.									[2.5]

Testing Data:
Testing data is used to evaluate the performance of a trained machine learning model. It helps assess how well the model generalizes to new, unseen data and whether it can make accurate predictions on data it hasn't encountered during training.
Example: In the spam email classification example, the testing data is a separate set of emails, different from the ones used for training. Each email in the testing data has a known label ("Spam" or "Not Spam"). The model's predictions on this data are compared to the true labels to calculate metrics like accuracy, precision, recall, and F1 score.									[2.5]

(b) It is given the average stock price of HCL and TCS for four consecutive months. Find if either stock price is independent to each other or not.							[5]
	S.No
	Time 
	HCL
	TCS

	1
	Jan2023
	6
	20

	2
	Feb2023
	5
	10

	3
	Mar2023
	4
	15

	4
	Apr2023
	3
	5



To determine if the stock prices of HCL and TCS are independent of each other, you can perform a statistical analysis, such as calculating the correlation coefficient between the two stock price time series. If the correlation coefficient is close to zero, it suggests that the two variables are relatively independent. If it is significantly different from zero, it suggests some degree of dependence.
Correlation Coefficient (ρ) Formula:
ρ = [Σ((X - μX) * (Y - μY))] / [√(Σ(X - μX)^2 * Σ(Y - μY)^2)]
Where:
Σ denotes the sum of values.
X and Y are the variables (HCL and TCS stock prices).
μX and μY are the means (averages) of X and Y, respectively.

Calculate the means (averages) for HCL and TCS stock prices:
Mean of HCL (μHCL) = (6 + 5 + 4 + 3) / 4 = 4.5
Mean of TCS (μTCS) = (20 + 10 + 15 + 5) / 4 = 12.5
Calculate the correlation coefficient (ρ) using the formula:
ρ = [Σ((HCL - 4.5) * (TCS - 12.5))] / [√(Σ(HCL - 4.5)^2 * Σ(TCS - 12.5)^2)]
ρ = [(0.5 * 7.5) + (1.5 * -2.5) + (2.5 * 2.5) + (3.5 * -7.5)] / [√((0.5^2 + 1.5^2 + 2.5^2 + 3.5^2) * (7.5^2 + (-2.5)^2 + 2.5^2 + (-7.5)^2))]
ρ ≈ (-10.625) / [√((1.25 + 2.25 + 6.25 + 12.25) * (56.25 + 6.25 + 6.25 + 56.25))]
ρ ≈ (-10.625) / [√((22.0) * (125.0))]
ρ ≈ (-10.625) / [√(2750.0)]
ρ ≈ (-10.625) / 52.42 ≈ -0.202 (approximately)

The calculated correlation coefficient (ρ) is approximately -0.202. Since the absolute value of ρ is not close to 1 (indicating a strong positive or negative correlation) and is relatively close to 0, it suggests that the stock prices of HCL and TCS are not strongly dependent on each other. There is a weak negative correlation, but it is not significant. Therefore, you can conclude that the stock prices are relatively independent of each other over the given four months.						[5]

Q.8(a) Discuss about different types of Machine Learning models.				[5]

Machine learning models can be categorized into several types based on their learning style, the nature of the data, and the problem they aim to solve. Here are some of the main types of machine learning models:

Supervised Learning Models:
Regression: Used for predicting continuous numerical values, such as predicting house prices or stock prices.
Classification: Used for categorizing data into predefined classes or labels, such as spam detection, image classification, or disease diagnosis.

Unsupervised Learning Models:
Clustering: Used to group similar data points together, such as customer segmentation or document clustering.
Dimensionality Reduction: Used to reduce the number of features in a dataset while preserving important information, often applied to data visualization or feature engineering.

Semi-Supervised Learning Models:
Combines elements of both supervised and unsupervised learning by using a small amount of labeled data and a larger amount of unlabeled data. It can be useful when labeling data is expensive or time-consuming.

Reinforcement Learning Models:
Used in scenarios where an agent learns to make sequential decisions by interacting with an environment to maximize a reward signal. Commonly applied in robotics, game playing (e.g., AlphaGo), and autonomous systems.												[5]

(b) List and explain about appropriate problems for Neural Network leaning.			[5]

Neural networks, particularly deep learning models, have demonstrated remarkable performance in various domains. Here are some appropriate problem types for neural network learning:

Image Classification:
Problem: Classify images into predefined categories or labels.
Application: Image recognition, object detection, facial recognition, medical image analysis.

Natural Language Processing (NLP):
Problem: Process and understand human language text data.
Application: Sentiment analysis, text classification, machine translation, chatbots, language modeling.

Recommendation Systems:
Problem: Suggest items or content to users based on their preferences and behavior.
Application: Movie recommendations, product recommendations, personalized content delivery.

Biomedical and Healthcare Data Analysis:
Problem: Analyze medical images, genomic data, or patient records to make diagnostic or treatment decisions.
Application: Disease diagnosis, drug discovery, medical image segmentation.

Autonomous Systems:
Problem: Enable machines to perceive and interact with their environment to perform tasks autonomously.
Application: Autonomous vehicles, drones, industrial robots.					[5]


Q.9(a) Discuss the working principles of single input neuron, multiple input neuron.		[5]

Single input neuron: A single input neuron, often referred to as a perceptron, is the simplest form of a neural network. It takes one or more input values, multiplies each input by a corresponding weight, sums these weighted inputs, and applies an activation function to produce an output.
Input: The perceptron receives a single input value (x).
Weights: Each input is associated with a weight (w), which represents the importance of that input.
Summation: The weighted inputs are summed up: weighted_sum = (x * w)
Activation Function: The weighted sum is passed through an activation function (e.g., step function, sigmoid function, or ReLU) to produce the output (y): 
y = activation_function(weighted_sum)
Function: The perceptron can be used for simple linear binary classification tasks where it learns to separate data points into two classes based on a linear decision boundary.				[2.5]

Multiple Input Neuron (Artificial Neuron in a Multi-Layer Perceptron): A multiple input neuron, often found in multi-layer perceptrons (MLPs) or artificial neural networks, extends the concept of a single input neuron to handle multiple input values. It takes multiple inputs, each with its weight, sums the weighted inputs, applies an activation function, and produces an output.
Input: The multiple input neuron receives multiple input values (x1, x2, ..., xn).
Weights: Each input is associated with a weight (w1, w2, ..., wn).
Summation: The weighted inputs are summed up: 
weighted_sum = (x1 * w1) + (x2 * w2) + ... + (xn * wn)
Activation Function: The weighted sum is passed through an activation function to produce the output (y): y = activation_function(weighted_sum)
Function: Multiple input neurons within an artificial neural network can perform complex tasks, including nonlinear classification, regression, and feature extraction. They are part of hidden layers that allow the network to learn and represent intricate patterns in the data.						[2.5]

(b) Derive the Backpropagation rule considering the training rule for Output Unit weights and Training Rule for Hidden Unit Weights.								[5]

Backpropagation is a supervised learning algorithm used to train artificial neural networks. It involves adjusting the weights of the network's connections to minimize the error between the predicted output and the actual target output. To derive the backpropagation rule, we need to consider both the training rule for output unit weights and the training rule for hidden unit weights. We'll start with the training rule for output unit weights.

Training Rule for Output Unit Weights:
Let's assume we have a neural network with an output unit. The output unit computes its activation (often using an activation function, denoted as σ) based on the weighted sum of inputs from the previous layer. The error (denoted as E) between the predicted output (ŷ) and the actual target output (y) can be expressed as a function of the weights (W) connecting the hidden layer (if present) to the output unit: E(W) = ½ * (ŷ - y)²

We want to minimize this error by adjusting the weights. The gradient descent algorithm is commonly used for weight updates, and the update rule for the output unit weights (ΔW) is given by: ΔW = -η * ∂E/∂W where:
η (eta) is the learning rate, a small positive constant.
∂E/∂W represents the partial derivative of the error with respect to the weights.

Now, let's derive ∂E/∂W for the output unit weights using the chain rule:
∂E/∂W = ∂E/∂ŷ * ∂ŷ/∂z * ∂z/∂W
∂E/∂ŷ: The partial derivative of the error with respect to the predicted output, which is (ŷ - y).
∂ŷ/∂z: The derivative of the output activation function (σ) with respect to the weighted sum (z) of inputs. This is σ'(z), the derivative of the activation function.
∂z/∂W: The partial derivative of the weighted sum (z) with respect to the output unit weights. This is the input from the previous layer (a) corresponding to that weight.

So, combining these elements, we get:
∂E/∂W = (ŷ - y) * σ'(z) * a										[2.5]

Training Rule for Hidden Unit Weights:
Now, let's consider the training rule for hidden unit weights. Suppose we have a neural network with a hidden layer. The error (E) for this network can be written as a function of the weights connecting the input layer to the hidden layer and the weights connecting the hidden layer to the output unit. E(W) = ½ * (ŷ - y)²

We want to adjust the weights to minimize this error. For the hidden unit weights, the update rule (ΔW) is similar to the one for output unit weights: ΔW = -η * ∂E/∂W

To derive ∂E/∂W for the hidden unit weights, we again use the chain rule:
∂E/∂W = ∂E/∂a * ∂a/∂z * ∂z/∂W
∂E/∂a: The partial derivative of the error with respect to the activation (a) of the hidden unit.
∂a/∂z: The derivative of the hidden unit's activation function (σ) with respect to the weighted sum (z) of its inputs. This is σ'(z), the derivative of the activation function.
∂z/∂W: The partial derivative of the weighted sum (z) with respect to the hidden unit weights.

Combining these elements, we get:
∂E/∂W = ∂E/∂a * σ'(z) * x
Where x is the input from the previous layer to the hidden unit.					[2.5]

Q.10(a) List the issues in Decision Tree Learning. Interpret the algorithm with respect to Overfitting the data.												[5]

Decision tree learning is a powerful and interpretable machine learning algorithm used for classification and regression tasks. However, it also comes with several issues and challenges:
Overfitting
Bias-Variance Tradeoff
Data Imbalance
Instability
Lack of Smoothness
Inability to Capture Complex Relationships
High Complexity
Feature Scaling											[2.5]

Interpretation with Respect to Overfitting:
During the training process, a decision tree seeks to split the data into increasingly homogenous subsets based on the features. This process continues until a stopping criterion is met, which can lead to very deep trees.

Deeper trees tend to have more complex decision boundaries, which can fit the training data extremely well. However, this can also lead to poor generalization to new, unseen data.

Overfitting occurs when the tree captures noise or outliers in the training data, resulting in a tree that is overly specific to the training data's idiosyncrasies.

To mitigate overfitting, various techniques can be employed:
Pruning
Minimum Leaf Size
Maximum Depth											[2.5]
	
(b) Describe Reinforcement Learning and explain the Reinforcement Learning problem with a neat diagram.			[5]
Reinforcement Learning (RL) is a subfield of machine learning and artificial intelligence where agents learn to make sequential decisions by interacting with an environment. The primary goal of reinforcement learning is to find the optimal strategy (policy) that maximizes a cumulative reward over time. It's often used in scenarios where an agent needs to learn to navigate and make decisions in an uncertain environment.
Key components of Reinforcement Learning:
Agent: The learner or decision-maker that interacts with the environment.
Environment: The external system with which the agent interacts. The environment provides feedback in the form of rewards or penalties based on the agent's actions.
State (s): A representation of the current situation or configuration of the environment.
Action (a): The choices or decisions made by the agent to interact with the environment.
Reward (r): A numerical value that indicates the immediate benefit or cost associated with taking a particular action in a specific state. The agent's objective is to maximize the cumulative reward over time.
Policy (π): A strategy or mapping that defines the agent's behavior by specifying which action to take in each state.			[2]

The Reinforcement Learning Problem:
The RL problem can be summarized as follows:
1. The agent starts in an initial state, s₀.
2. In each time step, the agent selects an action, a, based on its current state, s, following a policy, π.
3. The agent's action results in a transition to a new state, s', and a reward, r.
4. The agent aims to learn the optimal policy, π*, that maximizes the expected cumulative reward (also known as the return) over time.
The agent interacts with the environment by selecting actions (a) based on its policy (π).
Actions lead to state transitions and rewards, which the agent uses to update its policy to maximize the expected cumulative reward.
The goal is to find the optimal policy (π*) that achieves the highest possible cumulative reward in the given environment.			[2]

Diagram												[1]


Q.11(a) Discuss the Q function and Q Learning Algorithm assuming non-deterministic rewards and actions with an example.			[5]

Q-Learning is a reinforcement learning algorithm used to learn an action-value function (Q-function) in environments with non-deterministic rewards and actions. The Q-function estimates the expected cumulative reward an agent can obtain by taking a specific action in a particular state and following a certain policy. It's a fundamental concept in Q-learning and is essential for making optimal decisions.

Q-Function (Q(s, a)):
In Q-learning, the Q-function is used to represent the quality (expected cumulative reward) of taking a specific action (a) in a particular state (s) and following a given policy. It is often defined using the Bellman equation.
The Q-value for a state-action pair (s, a) is updated iteratively as the agent interacts with the environment and receives rewards: Q(s, a) = Q(s, a) + α * [r + γ * max(Q(s', a')) - Q(s, a)]
Where:
Q(s, a): The Q-value for state s and action a.
α (alpha): The learning rate, controlling the weight of new information.
r: The immediate reward received after taking action a in state s.
γ (gamma): The discount factor, which determines the importance of future rewards.
s': The next state resulting from taking action a in state s.
a': The action that maximizes the Q-value in state s'.			[2]

Q-Learning Algorithm:
1. Initialize Q-values for all state-action pairs arbitrarily (e.g., Q(s, a) = 0 for all s, a).
2. Choose an exploration strategy (e.g., epsilon-greedy) to balance exploration and exploitation.
3. Repeat until convergence or a predefined number of iterations:
· Select a state, s.
· Choose an action, a, using the exploration strategy based on Q-values.
· Execute action a, observe the resulting reward, r, and the next state, s'.
· Update Q-value for the current state-action pair using the Q-learning update rule.
· Update the current state to s'.
4. Continue the training process until the Q-values converge or reach a satisfactory level.	[2]
Example												[1]


(b) Construct a decision tree for the following data set to find whether seed is poisonous or not.				[5]
	Example
	Color
	Toughness
	Fungus
	Appearance
	Poisonous

	1
	Green
	Soft
	Yes
	Wrinkled
	Yes

	2
	Green
	Hard
	Yes
	Smooth
	No

	3
	Brown
	Soft
	No
	Wrinkled
	No

	4
	Brown
	Soft
	Yes
	Wrinkled
	Yes

	5
	Green
	Hard
	Yes
	Smooth
	Yes

	6
	Green
	Soft
	No
	Wrinkled
	No



Decision Tree Construction:
Choose the Root Node: To select the best feature for the root node, you can calculate the Information Gain (or Gini Impurity) for each feature with respect to the target variable (Poisonous). The feature that provides the highest information gain becomes the root node. In this case, let's start with the "Color" feature.
Create Subtrees: For each possible value of the selected feature (e.g., "Green" and "Brown" for the "Color" feature), create a subtree by recursively applying the decision tree algorithm to the corresponding subset of the data.
· For the "Green" branch:
· Since all samples in this subset have the same value for "Color," move to the next feature, which could provide the best split. Let's choose "Toughness."
· Calculate the information gain for "Toughness."
· Create branches for each value of "Toughness" (i.e., "Soft" and "Hard").
· Continue recursively until you reach leaf nodes or a stopping criterion (e.g., maximum depth, minimum samples per leaf, pure leaves).
· For the "Brown" branch:
· Similarly, apply the decision tree algorithm to this subset.
Leaf Nodes: Determine the class label (Poisonous or Not Poisonous) for each leaf node based on the majority class of the samples in that node.

The resulting decision tree will look something like this:
Root Node (Color)
|--- Green
|    |--- Toughness
|    |    |--- Soft : Poisonous (Yes)
|    |    |--- Hard : Not Poisonous (No)
|--- Brown
|    |--- Toughness
|    |    |--- Soft : Poisonous (Yes)
|    |    |--- Hard : ??? (Not enough data to decide)
Note that in this simplified example, there isn't enough data to decide the outcome for the "Hard" toughness branch when the color is "Brown." You might need more data or a deeper tree to make a conclusive decision in such cases.			[5]
