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Week 3 

Task 1 

Q: Describe the issues associated with K-means algorithm, and explain the mitigating options. 

K-means, a popular clustering algorithm, partitions data into K distinct clusters. It iteratively assigns 

data points to the nearest centroid and recalculates centroids until convergence. However, several 

issues can impact its effectiveness: 

1. Incorrect Number of Clusters (K): 

• Issue: Choosing the wrong K can lead to ineffective clustering. 

• Mitigation: Using the Elbow method, where the optimal K is indicated by a bend in 

the plot of variance explained versus the number of clusters. Alternatively, 

Hierarchical Clustering helps visualize the optimal number of clusters through a 

dendrogram, although it’s computationally intensive for large datasets. 

2. Sensitivity to Initial Centroids: 

• Issue: Initial centroid placement can significantly affect the final clusters. 

• Mitigation: Multiple runs with different initializations can help, but a more efficient 

approach is the K-means++ algorithm, which optimizes initial centroid selection 

(Kumar, 2020). 

3. Vulnerability to Outliers: 

• Issue: Outliers can skew centroid calculations, affecting cluster quality. 

• Mitigation: Pre-processing data to remove outliers is one approach, but in cases 

where outliers are relevant to clustering, algorithms like K-medoids that are less 

sensitive to outliers can be considered (Google, 2022). 

4. Non-convex Clusters Limitation: 

• Issue: K-means tends to form spherical clusters and may not work well with non-

convex shapes. 

• Mitigation: Techniques like Spectral Clustering can be used for identifying complex 

cluster shapes (Google, 2022). 

5. Dependency on Feature Scaling: 

• Issue: The algorithm is sensitive to the scale of data features. 

• Mitigation: Standardizing or normalizing data features ensures a fair influence on 

the clustering process (Roy, 2020). 

In conclusion, while K-means is a widely used clustering method, it's crucial to be aware of its 

limitations and apply appropriate mitigation strategies to ensure effective clustering outcomes. 

 

Task 2 

Q: The dataset we are going to use has 1000 entries with unknown number of clusters (download 

data_Kclusters.txt from Blackboard). Use the Elbow Method to find the optimum value for K and 

show the results for clustering using the optimum k. 

In the application of the Elbow method to the given dataset, the analysis identified the optimal 

number of clusters (K) as 4. This conclusion was reached through trials with different ranges for K: 

initially from 1 to 10 (K = range(1, 10)) and subsequently from 2 to 10 (K = range(2, 10)), with both 

ranges reaching the same result. The graph below illustrates the Elbow method's outcome, clearly 
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marking K = 4 as the point where the rate of decrease in within-cluster sum of squares (WCSS) 

notably diminishes. 

 

Figure 1 - Elbow Plot Indicating K=4 

Following the identification of the optimal cluster count (K), the K-means algorithm was applied to 

categorize the dataset. In this process, each data point was classified into one of the clusters, with 

the assignment being guided by the closeness of the point to the corresponding cluster centroid. 

 

Figure 2 - Four-Cluster Data Scatter Plot 
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Week 4 

Task 1 

Q: Let us assume we developed a machine learning model to predict which patients on dialysis will be 

admitted to the hospital in the next week. Given 100 patients, we have the following break-down:  

• True Positives: people that are hospitalized that you predict will be hospitalized 

• True Negatives: people that are NOT hospitalized that you predict will NOT be hospitalized 

• False Positives: people that are NOT hospitalized that you predict will be hospitalized 

• False Negatives: people that are hospitalized that you predict will NOT be hospitalized 

Calculate the performance metrics in the table below: 

 

Figure 3 – Week 4, Task 1: Confusion Matrix for Hospitalization Predictions 

To calculate the performance metrics based on the confusion matrix provided, I used the following 

formulas: 

 

Figure 4 - Formulas for Calculating Model Performance Metrics 

The number reported by the confusion matrix, needed for the calculation, are: 

 
Figure 5 - Predictive Outcome Breakdown 

Therefore, the calculation of each metric is: 
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Figure 6 - Calculated Performance Metrics 

The table can be filled as follow: 

 
Figure 7 - Summary of Performance Metrics Results 

 

Task 2 

Q: Try K-NN classifier for dataset provided in for different numbers of neighbours (K = 3 and K = 7). 

Which K provides better results? Justify your answer by using AUC of ROC curve. Also provide the 

relevant performance metrics such sensitivity, etc. 

To provide a clearer answer, I updated the Python code so it can check two different settings (K = 3 

and K = 7) with a single run, making it easier to understand by showing the comparison on the same 

ROC curve graph. The code iterates for each K value, executing the requisite computations for the 

performance metrics and generating the ROC curve. 

 
Figure 8 - Python Code for Evaluating K-NN Classifier Performance with ROC Curve Analysis 
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The two cells of code, generate a graphical representation of the ROC curve: 

 
Figure 9 - ROC Curve Comparison for K=3 and K=7 in K-NN Classification 

ROC Curve Analysis 

• For K=3, the AUC is 0.90. 

• For K=7, the AUC is 0.93. 

The AUC represents the ability of the classifier to distinguish between the two classes. An AUC of 1.0 

represents a perfect classifier, while an AUC of 0.5 represents a worthless classifier. In this case, the 

classifier with K=7 has a higher AUC, indicating that it has a better overall performance in terms of 

distinguishing between the classes. 

Performance Metrics 

The calculated performance metrics and confusion matrix for the two neighbour values (K = 3 and K 

= 7) are presented below: 
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Figure 10 - Confusion Matrices and Performance Metrics for K=3 and K=7 

• Sensitivity is higher for K=7, meaning it correctly identifies positives more frequently. 

• Specificity is slightly better for K=7, indicating improved identification of negatives. 

• Precision is the same for both K values, showing no change in the positive predictive value. 

• Accuracy is higher for K=7, indicating a greater proportion of correct predictions. 

In conclusion, the K-NN classifier with K=7 provides better results. This is supported by a higher AUC 

value, which signifies a greater ability to differentiate between classes. Additionally, all other 

performance metrics (sensitivity, specificity, precision and accuracy) are equal to or better for K=7 

than for K=3. It's important to note that while K=7 is better in this instance, the optimal value of K 

can vary depending on the dataset and the balance between bias and variance. A larger K generally 

means less variance and more bias, whereas a smaller K can lead to more variance and less bias 

(IBM, no data).  

Note: “f1_score” was not mentioned in the paragraph above, as it is part of the Task 3. 
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Task 3 

Q: The script also retunes a value called ‘f1_score’. Do some research to understand what this 

measure is. Repeat task-2 and this time justify your answer using f1_score. Do you arrive at the same 

conclusion? 

The F1 score is a measure of a test's accuracy. It considers both the precision p and the recall r of the 

test to compute the score: p is the number of correct positive results divided by the number of all 

positive results returned by the classifier, and r is the number of correct positive results divided by 

the number of all relevant samples (all samples that should have been identified as positive) (Kundu, 

2022). 

The formula to calculate the F1 score is: 

 
Figure 11 - Formula to calculate F1 score 

The best value of an F1 score is 1 (perfect precision and recall), and the worst is 0. It's a good way to 

show that a class has a balance between precision and recall. It is especially useful when the class 

distribution is uneven. 

The f1_score outputs for K=3 and K=7, reported in Task 2, are: 

• For K=3: f1_score = 0.86. 

• For K=7: f1_score = 0.88. 

Comparing the two values of K using the F1 score, K=7 yields a slightly higher F1 score than K=3. This 

indicates a better balance between precision and recall for K=7, suggesting that this K value may 

offer a more accurate model for this particular dataset, aligning with conclusions drawn from the 

AUC of the ROC curve. 
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Week 5 

Task 1 

Q: Try Random Forest Classifier for the Iris dataset example, and when creating decision trees from 

the bootstrapped dataset, use different number of features: 

• a subset of 2 features 

• a subset of 3 features 

• a subset of 4 features 

And compare the accuracy of your Random Forest Classifier. Which one is better? Discuss your 

observations and justify your answer. 

What is the largest number of features you may have? 

Testing and comparing the accuracy of the Random Forest Classifier with different subsets of 

features (2, 3, and 4 features), produced the following result: 

Max Features = 2 

The classifier correctly identified all instances of the Setosa species, while it showed some 

misclassification between Versicolor and Virginica. The overall accuracy achieved was 0.9375. 

 

Figure 12 - Random Forest Classifier Output for Max Features = 2 

Max Features = 3 

With an additional feature, the classifier maintained perfect classification of Setosa and improved in 

distinguishing Versicolor from Virginica, leading to a higher overall accuracy of 0.96875. 

 

Figure 13 - Random Forest Classifier Output for Max Features = 3 



P a g e  | 11 

 

Student: Nunzio Emanuele Sgroi  
Student ID:  

Max Features = 4 

With 4 features in the dataset, the classifier's performance mirrored the results of the 2-feature 

model, with an accuracy of 0.9375. 

 

Figure 14 - Random Forest Classifier Output for Max Features = 4 

 

When using a subset of 3 features, the classifier achieved the highest accuracy, which means it is the 

most effective. The perfect classification of Setosa across all models indicated that this species was 

easily distinguishable from the others. However, the crucial factor in differentiating Versicolor and 

Virginica lay in the number of features used, with 3 features providing the best results. 

For the Iris dataset, 4 is the largest number of features we can have, however, as reported above, a 

subset of 3 features resulted more beneficial.  

 

Task 2 

Q: You have been given a binary classification problem (positive/negative) where the original dataset 

contains 29 positive and 35 negative samples. We have 2 features of A1 and A2 which can be used 

for splitting the data. We would like to build a decision tree and figure below provides the resulting 

splits for each feature. Which feature would you use to split the data? A1 or A2? Justify your answer. 

 

Figure 15 – Week 5, Task 2: Decision Tree for Binary Classification Problem 

To understand which feature is more is more suitable to split data between A1 and A2, it is 

necessary to calculate the information gain (IG) for each feature. IG is based on the concept of 

“Entropy”, which measures the impurity or uncertainty in a group of examples. 

To calculate the Entropy, I used the following formula: 

 

Figure 16 - Formula to calculate Entropy 
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Where, S is a sample of training examples, p⨁ is the probability of positive examples in S, and p⦵ 

is the probability of negative examples in S. 

To calculate the IG, I used the following formula: 

 

Figure 17 - Formula to calculate Information Gain 

Where, Sv is entropy of each subset, weighted by fraction of examples |Sv /S| that belong to Sv. 

Calculation of the Information Gain for A1: 

 

Figure 18 - Calculation of the Information Gain for A1 

Calculation of the Information Gain for A2: 

 

Figure 19 - Calculation of the Information Gain for A2 

In decision tree learning, the goal is to choose the split that results in the largest information gain, 

which means that the split adds the most information about the target variable by reducing 

uncertainty the most. Since the Information Gain for A1 (0.266) is greater than the Information Gain 

for A2 (0.121), feature A1 is the better choice for splitting the data. It will provide a more significant 

reduction in entropy compared to A2. 
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Week 6 

Task 1 

Q: Apply the Perceptron algorithm to obtain a linear classifier and plot the results. 

• Is the data linearly separable? Justify your answer. 

• If linearly inseparable, what is the percentage of misclassified points using your linear 

classifier?? 

Applying the Perceptron algorithm to the dataset "data_Perceptron.txt" has shown that the data is 

not linearly separable. This conclusion is drawn from the visualization of the classification results, 

where the decision boundary, illustrated by a hyperplane, does not entirely separate the two 

classes. As evident in the image below, several points from both clusters are on the wrong side of 

the hyperplane, indicating misclassification. 

 

Figure 20 - Ground Truth vs. Perceptron Algorithm Classification with Decision Boundary 

The misclassification rate is quantified by the proportion of incorrectly classified points out of the 

total number of points, multiplied by 100%. By running the code, it was determined that the total 

number of misclassified points is 56. Given that the dataset contains 1000 points, the resulting 

misclassification rate is 5.60%. 

 
Figure 21 - Formula to calculate Misclassification Rate 

 
Figure 22 - Plot Highlighting Misclassified Data in Perceptron Classification 



P a g e  | 14 

 

Student: Nunzio Emanuele Sgroi  
Student ID:  

Week 7 

Task 1 

Q: Apply the SVM algorithm to obtain a classifier and plot the results. 

• What is the percentage of misclassified points using your SVM classifier? 

• Try the algorithm for a range of different values of C parameter [0.01, 0.1, 1.0], and provide 

the results together with your understanding of the influence of the C parameter. 

• Compare your SVM results with those from the Perceptron in week-6. 

The application of the Support Vector Machine (SVM) algorithm on the given dataset with different 

C parameters (0.01, 0.1, 1.0) generated the following results: 

• C = 0.01: In this setting, the SVM classifier showed a 4.5% rate of incorrect classifications. 

With a lower C value, which indicates a preference for a wider margin between classes, 

there is a balance aimed at correctly classifying most of the training points while keeping the 

model simple. The fairly low rate of misclassification in this case suggests that the model 

generalizes well, even with a simpler boundary for decision-making. 

• C = 0.1: Raising the C value to 0.1 slightly lowered the rate of incorrect classifications to 

4.3%. This small change suggests that in this range of C values, the complexity of the 

decision boundary does not significantly affect how well the classifier performs. It indicates 

that the data is reasonably well-separated even with a boundary of moderate complexity. 

• C = 1.0: Further increasing C to 1.0 showed a slight improvement in accuracy, with the 

misclassification rate dropping to 4.2%. This trend suggests that a tighter margin, aimed at 

reducing classification errors, slightly enhances the model's accuracy. 

In the context of this dataset, increasing the C value in the SVM algorithm generally led to more 

accurate classifications, suggesting that a stricter boundary for deciding between classes can be 

beneficial. This highlights the importance of adjusting hyperparameters such as C with attention to 

both reducing errors and avoiding the risk of the model becoming too narrowly focused on the 

training data, a problem known as overfitting. 

Comparing the results obtained from the application of the SVM algorithm with those from the 

Perceptron algorithm employed in week 6, based on the same dataset, it was observed that the 

Figure 23 - Comparative SVM Classifier Performance Across Different C Values 
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Perceptron algorithm has a higher misclassification rate of 5.60%. This comparison reveals that for 

this specific dataset, SVM with a suitably selected C parameter is more effective than the simpler 

Perceptron model. The lower misclassification rates in SVM highlight its capability in establishing an 

optimal separation plane, particularly beneficial for datasets with distinct class divisions. 

 

Figure 24 - SVM vs. Perceptron Misclassification Rates Comparison 

 

Task 2 

Q: Consider we are learning a linear SVM for a training dataset shown in a table below, described 

with two features x1 and x2, and binary target y. 

 

Figure 25 - Week 7 Task 2: Training Data for Linear SVM 

The classifier takes the form f(x; w1; w2; b) = sign(w1x1 + w2x2 + b) 

• Draw the decision boundary of the trained SVM, and identify the support vectors. 

• Calculate the parameters of the trained SVM (i.e., w1, w2, b). 

The decision boundary is a line that separates the classes, typically placed midway between the 

nearest opposing points on the x1-axis. Points closest to this boundary are known as support 

vectors. 

For this task, I developed a Python script that plots the decision boundary using the data from the 

table above. Additionally, this script provides the parameters of the Support Vector Machine (SVM) 

and identifies both the positive and negative support vectors. 
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Figure 26 – Python Script for SVM Decision Boundary 

To understand how this work, I have included a detailed explanation of the underlying processes. 

The analysis begins by identifying the support vectors: the data points at (1,1) and (1,5) are the 

negative support vectors, and the point at (3,3) is the positive support vector.  

After identifying the support vectors, it is possible to calculate the parameters of the trained SVM 

(i.e., w1, w2, b). This is done by setting up simple equations based on these support vectors.  
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• For negative support vectors (where y = -1): w1x1 + w2x2 + b = -1 

• For the positive support vector (where y = +1): w1x1 + w2x2 + b = +1 

Applying these formulas for the support vectors identified, the next step would look as follow: 

• From the point (1,1): w1 x 1 + w2 x 1 + b = -1 (Equation 1) 

• From the point (1,5): w1 x 1 + w2 x 5 + b = -1 (Equation 2) 

• From the point (3,3): w1 x 3 + w2 x 3 + b = +1 (Equation 2) 

The next step is to subtract the equation 1 from equation 2. This eliminates w1, simplifying the 

equation to focus on w2 and b.  

(w1 + 5w2 + b) – (w1 + w2 + b) = 0 

5w2 – w2 = 0 

4w2 = 0; Therefore, w2 = 0 

At this point, the equation w2 = 0, can be substituted back into equation 1, giving a new equation. 

w1 + b = -1 (Equation 4) 

Now the equation 3 can be used to solve for w1 and b. With w2 = 0, the equation becomes as follow: 

3w1 + b = 1 (Equation 5) 

It is now possible to solve for w1, subtracting equation 4 from equation 5: 

3w1 – w1 = 2 

2w1 = 2 

w1 = 1 

Finally, w1 = 1 is substituted into equation 4 to find b: 

1 + b = -1 

b = -2 

To summarise, the parameters for the trained SVM are:  

• w1 = 1 

• w2 = 0 

• b = -2 
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Week 8 

Task 1 

Q: Explain how a Multi-layer Perceptron can address the limitation of a single-layer Perceptron. 

A Multi-layer Perceptron (MLP) addresses the limitations of a single-layer Perceptron in several 

ways: 

• Learning Non-linear Functions: Unlike a single-layer Perceptron that can only represent 

linear functions due to its single input and output layer, an MLP includes one or more hidden 

layers. This architecture equips MLPs to model complex, non-linear relationships, thereby 

enabling them to solve problems beyond linear separability (Bento, 2021). 

• Multiple-layers and Backpropagation: The MLP's architecture, which consists of multiple 

layers of nodes with non-linear activation functions, paired with the backpropagation 

algorithm, allows for a refined adjustment of connection weights. This is a significant 

enhancement over the single-layer Perceptron's simpler weight adjustment mechanism, 

leading to improved learning from data (Bento, 2021). 

• Handling Large Amounts of Data and Complexity: An MLP's capacity to handle vast and 

intricate data sets is a marked improvement over the single-layer Perceptron. This capability 

positions MLPs as a better choice for complex tasks such as image and speech recognition 

that are characteristic of modern data-rich environments (deepgram.com, 2023). 

• Efficiency in Prediction: Once trained, MLPs can make predictions rapidly, which is crucial 

for real-time applications. They maintain high accuracy even with smaller data samples, 

demonstrating greater efficiency and versatility in various operational scenarios (Bento, 

2021). 

In conclusion, MLPs significantly overcome the limitations of single-layer Perceptrons by 

incorporating hidden layers for non-linear problem-solving, utilizing backpropagation for refined 

learning, managing larger and more complex data sets, and delivering efficient and accurate 

predictions in diverse applications. 

 

Task 2 

Q: The script applies Multi-layer Perceptron Classifier (Neural Network) to the Iris dataset. Search for 

the parameter hidden_layer_sizes in the code. You can use this parameter to define the number of 

neurons and layers in the network architecture: 

ith element represents the number of neurons in the ith hidden layer. 

For example: 

• hidden_layer_sizes=(2,4) defines a network with 2 hidden layers; first layer with 2 neurons 

and second layer with 4 neurons 

• hidden_layer_sizes=(20,4,2) defines a network with 3 hidden layers; first layer with 20 

neurons, second layer with 4 neurons, and third layer with 2 neurons 

Try a few different configurations for the network architecture and discuss your observations in the 

logbook. 

How does the number of neurons and hidden layers affect the performance of the network? 

Can you find any architecture that yields 100% accuracy on test set? 
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The investigation into the Multi-layer Perceptron (MLP) classifier's performance on the Iris dataset 

with different network designs showed interesting results. Initially, the network was configured with 

a single hidden layer of 4 to 10 neurons. The best accuracy was found with 5 neurons, reaching 

97.37%. Increasing the number of neurons beyond this did not improve accuracy, indicating that a 

single layer with 5 neurons was enough to understand the dataset's patterns. 

Further tests with two hidden layers retained the first layer at 5 neurons and varied the second 

layer's neuron count. A decline in accuracy was noted with just 2 or 3 neurons in the second layer; 

however, the accuracy rebounded to 97.37% when the second layer contained 4 or more neurons. 

This indicates a minimum level of complexity needed in multi-layer networks to perform well. 

A three-layer network was then tested, starting with the previously identified optimal two-layer 

setup. Adding a third layer and varying the number of neurons led to a notable finding: a 

configuration of (5, 4, 5) neurons achieved 100% accuracy on the test set. Cross-validation, however, 

showed some variability in performance, averaging 0.98, with a dip to 93.33%, suggesting the model 

is strong but not flawless. 

In conclusion, the MLP's effectiveness is greatly influenced by the number and size of layers and 

neurons. A balanced approach, such as the (5, 4, 5) structure, proved to be excellent for the test set, 

but cross-validation highlighted the importance of building a model that is accurate yet flexible 

enough for unseen data. 
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Week 9 

Task 1 

Q: Describe one method for setting Hyperparameters in k-NN classification method. 

In k-NN classification, one method of setting hyperparameters is Cross-Validation. This technique 

involves dividing the dataset into several smaller groups, or “folds”. Each fold is used in turn as a 

validation set, while the rest serve as the training set. The k-NN model is trained and tested multiple 

times, with each fold getting a turn to be the validation set. The performance across these folds is 

then averaged, giving a reliable measure of how well the model might perform on new, unseen data 

(Allibhai, 2018). 

Adjusting hyperparameters, like neighbour count in k-NN, improves model performance on 

validation sets. The goal is to optimize these settings for the best performance. After fine-tuning, the 

model is tested just once on a separate set to estimate its real-world effectiveness. While cross-

validation benefits small datasets, it's resource-intensive for larger ones, striking a balance between 

detailed testing and resource use, ensuring the chosen settings enhance model performance and 

dependability. 

 

Task 2 

Q: Based on the cross-validation results in the Introduction exercises above, choose the best value 

for k in k-NN. Justify your choice. Then retrain the image classifier using half the CIFAR10 training 

data, and test it on all the test data. What is the level accuracy? 

The optimal value of k for the k-NN classifier, based on the cross-validation results, is 11. This 

decision is backed by the highest average accuracy of 27.74% achieved with k=11. 

 

Figure 27- Cross-Validation Accuracy Scores for Selecting Optimal k in k-NN 
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By using only half of the CIFAR10 training dataset and selecting the best k-value of 11 (identified 

through cross-validation), a 32.4% accuracy (0.324000) was achieved with the image classifier. This 

was accomplished by initially reloading the dataset, followed by reducing the training set to 25,000 

images, reshaping these images into the appropriate format, and then employing the k-NN classifier 

with k set to 11. When this classifier was tested on the complete test set of 10,000 images, it 

correctly predicted 3,240 cases, resulting in the mentioned accuracy rate. 

 

Figure 28 - Image Classifier tested on half CIFAR10 training data 

 

 

 

 

 

 

 

 



P a g e  | 22 

 

Student: Nunzio Emanuele Sgroi  
Student ID:  

Week 10 

Task 1 

Q: For the convolution operation given below, compute the destination pixel value in the output 

image by applying the 3×3 filter to the source (input) image. Provide the details of your calculations. 

 

Figure 29 - Week 10, Task 1: Convolution Filter Operation 

Given a source image and a convolution filter, the goal is to compute the value of a destination pixel 

in the output feature map. The calculation involves few steps, starting with aligning the filter with 

the image region (as highlighted in the image above), multiply each element of the filter by the 

corresponding element in the image region and sum all the products. 

 

Figure 30 - 3x3 Convolution Filter Example for Calculation 

For example, the number 3 from the top-left cell of the source pixel region corresponds with the 

number -1 from the top-left cell of the convolution filter. These two numbers are then multiplied 

together. The full calculation is detailed below: 

 

Figure 31 - Convolution Operation Calculation 

The convolution operation results in a destination pixel value of −3, which will be positioned 

centrally in the output feature map, aligning with the filter's location on the source image. 
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Task 2 

Q: Questions from the source code provided: 

• Train the CNN model for a few more iterations (you can do this by changing the number of 

epochs in model.fit, then click on Runtime and Run all) 

• Try it for 10, 20, 50 epochs. 

• How does the accuracy change? Discuss your observations. 

• If accuracy is improving, explain why. If accuracy is getting worse, why do you think that is? 

• Change the kernel size from (3, 3) to (5, 5) in your CNN model (for all layers.Conv2D layers) 

• Would that help to improve the accuracy? 

After training the CNN model with 10, 20 and 50 epochs and a kernel size of (3, 3), it was observed 

that as the number of epochs increases, the model's training accuracy generally improves. This trend 

is indicative of the model's growing proficiency in learning from the training data. From 10 to 20 

epochs, the model shows improved performance on both training and validation datasets, 

suggesting that with more iterations, the model learns to generalize better. 

However, upon extending the training to 50 epochs, it was observed a divergence between training 

and validation accuracy. The training accuracy continued to rise, indicating that the model was 

increasingly successful at recognizing the data it was trained on. However, the improvement in 

accuracy on the validation set, which consists of data not seen by the model during training, began 

to stall and then showed a slight decline, compared with the previous tests. This suggests that the 

model's ability to generalize to new data is not keeping pace with its ability to fit the training data, 

and this is called overfitting. 

Further experiments with a kernel size of (5, 5) for 10 and 20 epochs revealed a marginal decrease in 

accuracy when compared to the smaller (3, 3) kernel. This could be due to the larger kernel size 

capturing more global features of the image, which might not be as essential for the CIFAR10 

dataset, where smaller and more detailed features are significant for classification. A larger kernel 

may also require more data to effectively learn and generalize these features, which was not 

provided in the current training regime. The 20-epoch training with the larger kernel did not improve 

validation accuracy, confirming that for this specific dataset and model architecture, a larger kernel 

size does not contribute positively to model generalization. 

Figure 32 - Training Accuracy vs. Validation Accuracy Across Epochs 
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Figure 33 - Epoch-to-Accuracy Comparisons Before and After Adjusting CNN Parameters 

In conclusion, the task revealed that a smaller kernel size of (3, 3) was more suitable for this 

particular dataset. Additionally, it was evident that training beyond a certain number of epochs can 

lead to overfitting, where the model memorizes the training data and its performance on new, 

unseen data deteriorates. 
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Week 11 

Task 1 

Q: A teacher is interested to work out how time spent writing a logbook affects the grades. He 

develops a regression model to predict what score someone will get from a logbook based on how 

long they spent on it. He has the data shown on the opposite: 

 
Figure 34 - Week11, Task 1: Regression Model Data      

The best regression model he finds is: y = 6.49x + 30.18: 

Calculate the Least Squares Error for this model. 

The Least Squares Error is calculated as the sum of the squares of the differences between the 

observed values (grades) and the predicted values (grades predicted by the regression model). The 

formula for LSE is: 

 
Figure 35 - Formula to calculate LSE 

This involves summing the squares of the differences between each grade (yi) and the grade 

predicted by the regression model (y^i) for the corresponding hours spent on the essay. 

Giving the regression model y = 6.49x + 30.18:, the calculation for the Least Squares Error based on 

the first row of the table, where 6 hours were spent on the essay and a grade of 82 was received, 

proceeds as follows: 

 
Figure 36 - Example Calculation of LSE 



P a g e  | 26 

 

Student: Nunzio Emanuele Sgroi  
Student ID:  

After repeating this process for all the data points, all the squared errors calculated needs to be 

summed and the result will be the Least Squares Error. 

I created a Python program to do the calculations faster and more accurately, which helped get the 

precise Least Squares Error. 

 

Figure 37 - Python code that compute LSE 

Based on the calculation explained above, the Least Squares Error for this model is: 868.30. 

 

Task 2 

Q: Table below shows some data from the early days of the Italian clothing company Benetton. Each 

row in the table shows Benetton’s sales for a year and the amount spent on advertising that year. In 

this case, our outcome of interest is sales—it is what we want to predict. If we use advertising as the 

predictor variable, we can find a linear regression model which would give estimates of the sales. 

Which one of the following will the best regression model? Justify your answer. 

• Sales = 22.60 × Advertising + 169.2 

• Sales = 23.42 × Advertising + 167.7 

• Sales = 23.10 × Advertising + 168.1 

 

Figure 38 - Week 11, Task 2: Regression Model Data 
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To identify the optimal regression model from the presented choices, the same methodology as in 

the previous task is applied: the Least Squares Error is computed for each model using the standard 

formula. 

The model that would produce the lowest LSE, is the best regression model because it indicates the 

smallest difference between the observed sales and the predicted sales. I developed a python code 

that would calculate the LSE for each model, returning the model with the lowest outcome as the 

best model: 

 

 
Figure 39 - Python Code that compute LSE and Identifies Optimal Model with lowest LSE 

 

Running the python script shown above, it is observed that the LSE for each regression model is: 

• Sales = 22.60 × Advertising + 169.2 = 29224.96 

• Sales = 23.42 × Advertising + 167.7 = 18804.03 

• Sales = 23.10 × Advertising + 168.1 = 20448.82 

Therefore, as highlighted above, the best regression model is the second one in the list. This model 

has the smallest LSE (18804.03), indicating that its sales predictions are most closely aligned with the 

actual sales figures. 
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Task 3 

Q: For this task, download Regression_Advertising.csv from Blackboard. This is a simple dataset that 

contains, in unit of £, the marketing spend along with the company sales for each month for a 

Software company. Using the advertising data, model the linear relationship between the marketing 

budget and sales. Then answer the following questions: 

• How much sale can we expect when the marketing budget is zero? 

• For a marketing spend of £7,500, how much sale can we expect? 

The linear regression model for the given dataset, formulated the following results: 

• Expected sales when marketing budget is zero: £1383.47 

• Predicted sales for a marketing spend of £7500: £81049.94 

Mathematically, the model is based on the equation of a straight-line y = mx + b: 

• y is the dependent variable — in this case, the sales. 

• x is the independent variable — the marketing spend. 

• m is the slope of the line — it represents the change in sales for each unit change in 

marketing spend. 

• b is the y-intercept — it predicts the sales when the marketing spend is zero. 

The model calculates the optimal values for m and b by minimizing the residual sum of squares 

between the actual and predicted sales in the training data. This process is known as fitting the 

model. 

To estimate sales when the marketing budget is zero, the intercept b of the linear equation provides 

the necessary information. While, to predict the sales for a marketing spend of £7,500, the value of x 

is set to 7,500 in the model's equation. The corresponding sales y are calculated as follows:  

• y = (m × 7500) + b 

I modified the code provided for training and testing purposes. Additionally, it now creates a scatter 

plot with a regression line, showing the position of the calculated results on the graph, along with 

the dataset points.  

 

Figure 40 - Python Code with results for Week 11, Task 3 

 



P a g e  | 29 

 

Student: Nunzio Emanuele Sgroi  
Student ID:  

 

Figure 41 - Python Plot of Sales Regression Based on Marketing Spend 
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Task 4 

Q: Modify the Python script to compute the cost function J for the flitted line in Task 2. Provide a 

snapshot of your additions to the script. Also provide the results. 

To compute the cost function J for the given linear regression models in task 2, I used the following 

formula: 

 
Figure 42 - Formula to calculate Cost Function J 

In this formula, hΘ(x(i)) represents the prediction from the linear model for each data point, y(i) is the 

actual value, and m is the total number of data points. 

I implemented a python function, calculate_cost, to execute the necessary computational steps. 

These steps included calculating the hypothesis for each data point, determining the error for each 

data point, squaring these errors, summing the squared errors, and ultimately computing the cost 

function. 

The computed results for each model are as follows: 

• Model 1 (Sales = 22.60 × Advertising + 169.2): Cost function J(Θ0, Θ1) = 1623.61 

• Model 2 (Sales = 23.42 × Advertising + 167.7): Cost function J(Θ0, Θ1) = 1044.67 

• Model 3 (Sales = 23.10 × Advertising + 168.1): Cost function J(Θ0, Θ1) = 1136.05 

The outcomes revealed Model 2 as the most suitable option, aligning with conclusions stated in Task 

2., because it registered the minimum values for both the cost function J and the Least Squares Error 

(LSE). Therefore, the cost function J for the flitted line in task 2 is 1044.67. 

 
Figure 43 - Python Code that Compute Cost Function J 
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