
 



 

 



VISVEVARAYA TECHNOLOGICAL UNIVERSITY 

CBCS Scheme 

Sixth Semester B.E. Degree Examination, June/July 2025 

 

MACHINE LEARNING - I (BAI602) 

MODULE – 1 

1.a. Explain the challenges faced in machine learning.            (8M) 

 



1.b. Explain the types of data in Big Data.              (6M) 

 

 

1.c. Describe the four types of data analytics.              (6M) 



 

OR 

2.a. Briefly explain supervised and unsupervised learning.            (8M) 

 





 

 

2.b. Explain skewness and kurtosis.               (6M) 



 

 



2.c. Describe the different types of data visualization techniques.           (6M) 

 

 



 

 

MODULE -2 

3.a. Explain the types of continuous probability distribution.                 (6M) 



 

 

3.b. Briefly explain about confusion matrix and ROC curve.            (8M) 



The Confusion Matrix 

Confusion matrix is a simple table used to measure how well a classification model is performing. It 

compares the predictions made by the model with the actual results and shows where the model was 

right or wrong. This helps you understand where the model is making mistakes so you can improve it. 

It breaks down the predictions into four categories: 

• True Positive (TP): The model correctly predicted a positive outcome i.e the actual outcome 

was positive. 

• True Negative (TN): The model correctly predicted a negative outcome i.e the actual outcome 

was negative. 

• False Positive (FP): The model incorrectly predicted a positive outcome i.e the actual outcome 

was negative. It is also known as a Type I error. 

• False Negative (FN): The model incorrectly predicted a negative outcome i.e the actual 

outcome was positive. It is also known as a Type II error. 

   

 Fig. Confusion Matrix      Fig. ROC Curve 

 

The Receiver Operator Characteristic (ROC) Curve 

AUC-ROC curve is a graph used to check how well a binary classification model works. It helps us to 

understand how well the model separates the positive cases like people with a disease from the negative 

cases like people without the disease at different threshold level. It is a plot of the percentage of true 

positives on the Y-axis against false positives on the X-axis. 

It shows how good the model is at telling the difference between the two classes by plotting: 

• True Positive Rate (TPR): how often the model correctly predicts the positive cases also 

known as Sensitivity or Recall. 

• False Positive Rate (FPR): how often the model incorrectly predicts a negative case as 

positive. 

• Specificity: measures the proportion of actual negatives that the model correctly identifies. It 

is calculated as 1 – FPR. 

The higher the curve the better the model is at making correct predictions. AUC-ROC is effective when: 

• The dataset is balanced and the model needs to be evaluated across all thresholds. 



• False positives and false negatives are of similar importance. 

These terms are derived from the confusion matrix which provides the following values: 

• True Positive (TP): Correctly predicted positive instances 

• True Negative (TN): Correctly predicted negative instances 

• False Positive (FP): Incorrectly predicted as positive 

• False Negative (FN): Incorrectly predicted as negative 

 

Accuracy Metrics used in both Confusion Matrix and ROC Curve 

1. Accuracy: It shows how many predictions the model got right out of all the predictions. It gives 

idea of overall performance but it can be misleading when one class is more dominant over the 

other. For example, a model that predicts the majority class correctly most of the time might 

have high accuracy but still fail to capture important details about other classes. 

2. Precision: It focuses on the quality of the model’s positive predictions. It tells us how many of 

the “positive” predictions were actually correct. It is important in situations where false 

positives need to be minimized such as detecting spam emails or fraud. 

3. Recall: It measures how good the model is at predicting positives. It shows the proportion of 

true positives detected out of all the actual positive instances. High recall is essential when 

missing positive cases has significant consequences like in medical tests. It is also known as 

Sensitivity or True Positive Rate. 

4. F1-Score: It combines precision and recall into a single metric to balance their trade-off. It is 

the harmonic mean of precision and recall. It provides a better sense of a model’s overall 

performance particularly for imbalanced datasets. It is helpful when both false positives and 

false negatives are important though it assumes precision and recall are equally important but, 

in some situations, one might matter more than the other. 

5. Specificity: It is another important metric in the evaluation of classification models particularly 

in binary classification. It measures the ability of a model to correctly identify negative 

instances. Specificity is also known as the True Negative Rate. 

6. False Positive Rate: It shows how many of the actual negative cases were predicted as positive. 

Metric Formula 

Accuracy 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall/Sensitivity/True Positive Rate (TPR) 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

False Positive Rate (FPR) 𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

Specificity/True Negative Rate (TNR) 𝑇𝑁

𝑇𝑁+𝐹𝑃
  OR  1 − 𝐹𝑃𝑅  

F1-Score/F-Measure 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  OR  

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

 

3.c. Let the data points be (𝟐
𝟔
) and  (𝟏

𝟕
). Apply PCA and find the transformed data.(6M) 



 



 

OR 

4.a. Explain non-parametric density estimation.             (6M) 

 



 

 

4.b. Explain (i) Training (ii) Testing and (iii) Validation Sets and (iv) Unbalanced 

Datasets.                   (8M) 

 





 

 

 

4.c. Find the LU decomposition of the given matrix.  A = [
𝟏 𝟐 𝟒
𝟑 𝟑 𝟐
𝟑 𝟒 𝟐

]           (6M) 

 



 

 

MODULE -3 

5.a. Explain about linear regression.               (6M) 

 



 

 

5.b. Consider the training dataset given in the below table. Use weighted k-NN to 

determine the class. Given the test instance (7.6, 60, 8) [Assign k=3].           (8M) 

Sl. No. CGPA Assessment Project Submitted Result 

1 9.2 85 8 Pass 

2 8 80 7 Pass 

3 8.5 81 8 Pass 

4 6 45 5 Fail 

5 6.5 50 4 Fail 

6 8.2 72 7 Pass 

7 5.8 38 5 Fail 

8 8.9 91 9 Pass 

 

 



 

 



 

 

5.c. Explain the differences between Instance-based Learning and Model-based 

Learning.                    (6M) 

 



 

OR 

6.a. Explain about logistic regression.               (6M) 

Definition: Logistic Regression is a supervised learning algorithm used for classification problems, 

particularly binary classification, where the output is a categorical variable with two possible outcomes 

(e.g., yes/no, pass/fail, spam/not spam). It can be viewed as an extension of linear regression. 

Purpose: Logistic Regression predicts the probability of a categorical outcome and maps the prediction 

to a value between 0 and 1. It works well when the dependent variable is binary. 

Core Concept: Logistic Regression models the probability of a particular response variable. For 

instance, if the predicted probability of an email being spam is 0.7, there is a 70% chance the email is 

spam. 

Applications: 



• Email classification: Is the email spam or not? 

• Student admission prediction: Should a student be admitted or not based on scores? 

• Exam result classification: Will the student pass or fail based on marks? 

Challenges: 

• Linear regression can predict values outside the range of 0 to 1, which is unsuitable for 

probabilities. 

• Logistic Regression overcomes this by using a sigmoid function to map values to the range [0, 

1]. 

Sigmoid Function: The sigmoid function (also called the logit function) is used to map any real number 

to the range [0, 1]. It is an S-shaped curve and is mathematically represented as: 

𝑙𝑜𝑔𝑖𝑡(𝑥) = 𝜎(𝑥) =
1

1 + 𝑒−𝑥
 

Here, x is the independent variable and e is the Euler number (𝑒 ≈ 2.71828). 

 

Fig: Logistic Regression Curve/Sigmoid Curve 

 

6.b. Consider the data provided in the below table and fit it using the second order 

polynomial.                   (8M) 

X Y 

1 1 

2 4 

3 9 

4 15 

 



 

 

6.c. Explain nearest centroid classifier with an example.            (6M) 

 



 

 

MODULE – 4 

7.a. Explain pre-pruning and post-pruning. Compare both methods.          (6M) 

Pre-Pruning (Early Stopping) 

Sometimes, the growth of the decision tree can be stopped before it gets too complex, this is called pre-

pruning. It is important to prevent the overfitting of the training data, which results in a poor 

performance when exposed to new data. Pre-pruning results in a simpler tree that is less likely to overfit 

the training facts. Some common pre-pruning techniques include: 

• Maximum Depth: It limits the maximum level of depth in a decision tree. 

• Minimum Samples per Leaf: Set a minimum threshold for the number of samples in each leaf 

node. 

• Minimum Samples per Split: Specify the minimal number of samples needed to break up a 

node. 

• Maximum Features: Restrict the quantity of features considered for splitting. 

Post-Pruning (Reducing Nodes) 

After the tree is fully grown, post-pruning involves removing branches or nodes to improve the model's 

ability to generalize. Post-pruning simplifies the tree while preserving its accuracy. Some common post-

pruning techniques include: 



• Cost-Complexity Pruning (CCP): This method assigns a price to each subtree primarily based 

on its accuracy and complexity, then selects the subtree with the lowest fee. 

• Reduced Error Pruning: Removes branches that do not significantly affect the overall 

accuracy. 

• Minimum Impurity Decrease: Prunes nodes if the decrease in impurity (Gini impurity or 

entropy) is beneath a certain threshold. 

• Minimum Leaf Size: Removes leaf nodes with fewer samples than a specified threshold. 

 

 

7.b. Assess a student’s performance during his course of study and predict whether a 

student will get a job offer or not in his final year of the course. The training dataset T 

consists of 10 data instances with attributes such as ‘CGPA’, ‘Interactiveness’, ‘Practical 

Knowledge’ and ‘Communication Skills’. The target class attribute is ‘Job Offer’.    (10M) 

Sl. 

No. 
CGPA Interactiveness 

Practical 

Knowledge 

Communication 

Skills 
Job Offer 

1 ≥ 9 Yes Very Good Good Yes 

2 ≥ 8 No Good Moderate Yes 

3 ≥ 9 No Average Poor No 

4 < 8 No Average Good No 

5 ≥ 8 Yes Good Moderate Yes 

6 ≥ 9 Yes Good Moderate Yes 

7 < 8 Yes Good Poor No 

8 ≥ 9 No Very Good Good Yes 

9 ≥ 8 Yes Good Good Yes 

10 ≥ 8 Yes Average Good Yes 

 



 



 



 



 

 

7.c. Explain Entropy and Gini Index.               (4M) 



 

 

OR 

8.a. Using the above Table – 7.b., assess a student’s performance using Naïve Bayes’ 

algorithm with the dataset. Predict whether a student gets a job offer or not in his final 

year of the course.                (10M) 



 



 



 



 

 

8.b. Explain Maximum A Posteriori (MAP) Hypothesis, hMAP and Maximum 

Likelihood (ML) Hypothesis, hML.                (6M) 

 



8.c. Explain Bayes’ optimal classifier.               (4M) 

  

 

 

MODULE – 5 

9.a. Explain the types of artificial neural networks.             (8M) 

 



 



 

 

9.b. Explain Grid-based approach.               (8M) 

 



 



 

 

10.c. What are the popular applications of artificial neural networks? 

 

OR 

10.a. Explain the concept of perceptron and learning theory. 



 

 

 

10.b. Explain any 4 proximity measures. 

Proximity measures determine similarity or dissimilarity among objects. Distance measures, also 

known as dissimilarity measures indicate how different objects are. Similarity measures indicate how 

alike objects are. Clustering algorithms need proximity measures to find the similarity or dissimilarity 

among objects to group them. In clustering algorithms more distance equates to less similarity. Some 

proximity measures are discussed below. 



 

 



 



 

 

10.c. What are the applications of clustering?              (4M) 



 

 

THE END 


