Activity: Implementing and Comparing ML Algorithms on the Diabetes Dataset

Learning Objectives:
i. Implement Decision Tree, Random Forest, Naïve Bayes, and SVM in Python.
ii. Understand the workflow of training, testing, and evaluating ML models.
iii. Compare models in terms of accuracy, precision, recall, F1-score, and confusion matrix.
iv. Reflect on the strengths and weaknesses of each algorithm for medical data.

Dataset
We will use the Pima Indians Diabetes dataset (diabetes.csv), available from:
· Moodle
· UCI ML Repository
· or Kaggle
The dataset contains features such as Glucose, BloodPressure, BMI, etc., with a binary outcome (Outcome: 1 = diabetes, 0 = no diabetes).

Instructions

Step 1: Setup
Import required libraries:
import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier
from sklearn.naive_bayes import GaussianNB
from sklearn.svm import SVC
Load the dataset into a Pandas DataFrame.

· Perform an 80/20 train-test split.

Step 2: Train Models
1. Decision Tree
· Use DecisionTreeClassifier() with default parameters.
· Record training and testing accuracy.
2. Random Forest
· Use RandomForestClassifier(n_estimators=100, random_state=42).
· Compare performance with Decision Tree.
3. Naïve Bayes
· Use GaussianNB().
· Note whether assumptions about feature independence hold.
4. Support Vector Machine (SVM)
· Use SVC(kernel='linear') and SVC(kernel='rbf').
· Compare results from different kernels.

Step 3: Evaluate Models
For each model:
· Print accuracy on training and testing sets.
· Generate a confusion matrix.
· Print a classification report (precision, recall, F1-score).

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix

# Example: assume y_test are true labels, y_pred are predicted labels
print("Accuracy:", accuracy_score(y_test, y_pred))

print("\nClassification Report:")
print(classification_report(y_test, y_pred))

print("\nConfusion Matrix:")
print(confusion_matrix(y_test, y_pred))
Step 4: Compare Results
· Create a summary table like below:
	Model
	Training Accuracy
	Test Accuracy
	Precision
	Recall
	F1-score

	Decision Tree
	1.000000
	0.746753
	0.637931
	0.672727
	0.654867  

	Random Forest
	1.000000
	0.753247
	0.644068
	0.690909
	0.666667

	Naïve Bayes
	0.752443
	0.759740
	0.650000
	0.709091
	0.678261

	SVM (Linear)
	0.773616
	0.766234
	0.672727
	0.672727
	0.672727

	SVM (RBF)
	0.744300
	0.746753
	0.750000
	0.436364
	0.551724



Step 5: Reflection Questions
1. Which algorithm performed best on the test data? Why might that be the case?
· Random Forest achieved the highest test accuracy and balanced precision-recall scores. This happens because it leverages multiple trees trained on different subsets of data and features, leading to a more robust and stable prediction.
2. Did any algorithm show signs of overfitting (high training accuracy, low test accuracy)?
·  Yes, the Decision Tree often shows signs of overfitting. It can easily memorize the training data, leading to very high training accuracy (close to 100%) but lower test accuracy. This happens because it does not perform averaging or regularization by default, so it fits noise and small variations in the training set that do not generalize to new data.
3. How does Naïve Bayes handle correlated features compared to Decision Tree or SVM?
· Naïve Bayes assumes that all features are independent of each other, which is often not true in real-world datasets. When features are highly correlated, Naïve Bayes can produce biased probability estimates and lower accuracy.
In contrast:
               Decision Trees and SVMs can handle correlated features better because    they do not assume independence.
               Decision Trees naturally select the most informative features at each split.
              SVMs rely on separating data points with a hyperplane, so correlation        affects them less severely.

4. Why might Random Forest outperform a single Decision Tree?
· A Random Forest is an ensemble of multiple Decision Trees trained on random subsets of the data and features. This diversity:
Reduces variance (less overfitting).
Improves generalization to unseen data.
Makes the model more robust to noise and outliers.
Thus, it performs better than a single Decision Tree, which may overfit the training data.

5. If you had to deploy a model for predicting diabetes, which one would you choose, and why?
·   I would choose the Random Forest model for deployment because it:
· Offers a good balance between accuracy, precision, recall, and interpretability.
· Handles both categorical and numerical data effectively.
· Is less prone to overfitting compared to a single Decision Tree.
· Provides feature importance, helping understand which health indicators (like glucose level or BMI) influence diabetes prediction the most.

Deliverables
Submit the following:
· Python notebook (.ipynb) with code and results.
· Completed performance comparison table.
· Short written reflection (approx. 200 words) discussing findings.
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results = []

for name, model in models. items():
# Train model

model . Fit(X_train, y_train)

# Predict on train and test data
y_train_pred = model.predict(x_train)
y_test_pred = model.predict(X_test)

# Calculate metrics
train_acc = accuracy_score(y_train, y_train_pred)
test_acc = accuracy_score(y_test, y_test_pred)
precision = precision_score(y_test, y_test_pred)
recall = recall score(y_test, y_test_pred)

1 = f1_score(y_test, y_test_pred)

# Store results

results.append({
‘Model': name,
“Training Accuracy': train_acc,
'Test Accuracy': test_acc,
‘Precision’: precision,
‘Recall’: recall,
‘F1-score’: f1

H

# Convert to DataFrame for a nice table
results_df = pd.DataFrame(results)
print(results_df)
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import pandas as pd
import numpy as np

from sklearn.model selection import train test_split
from sklearn.metrics import accuracy_score, classification report, confusion matrix
from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import confusion matrix, ConfusionMatrixDisplay

from skiearn.naive bayes import Gaussianis

from sklearn.svm import SVC

from sklearn.metrics import accuracy_score, classification report, confusion matrix
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df = pd.read_csv('diabetes.csv')
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print(df)
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X = df.drop(Outcome’, axis=1) # Features (all columns except the target)
df[ *outcome" ]
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X train, X test, y train, y test = train test split(X, y, test size=e.2, random state=42)

361
# Train a decision tree classifier
model = DecisionTreeClassifier(random_state=42)
model. Fit(X_train, y_train)

371
y_pred = model.predict(X_test)

381
accuracy = accuracy_score(y_test, y_pred)
print(“Accuracy:”, accuracy)

391

Accuracy: 0.7467532467532467
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# Accuracy on training data (how well model learned)
train_accuracy = model.score(X_train, y_train)

# Accuracy on testing data (how well model performs on unseen data)
test_accuracy = model.score(X _test, y_test)

print(f*Training Accuracy: {train_accuracy:.2f}") # e.g., 0.85 means 85%
print(f"Testing Accuracy: {test_accuracy:.2f}")

411

Training Accuracy: 1.60
Testing Accuracy: 0.75

import pandas as pd
from sklearn.model selection import train_test_split

from Tmport DecisionTreeclassifier

from mble import RandomForestClassifier

from sklearn.naive bayes import GaussianNg

from sklearn.svm import SVC

from sklearn.metrics import accuracy_score, precision_score, recall score, f1_score

m




image5.png
df = pd.read_csv('diabetes.csv')
X = df.drop(*Outcome’, axis=1)
y = df[outcome']

X train, X test, y train, y test = train test split(X, y, test size=e.2, random state=42)
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models = {
*Decision Tree': DecisionTreeClassifier(random state=42),
*Random Forest': RandomForestClassifier(random_state=42),
"Nafilve Bayes': Gaussianh(),
*SVM (Linear)': SvC(kernel='linear’, random state=42),
"SVM (RBF)': svC(kernel="rbf’, random state=42)
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