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 1: Setup

# Data handling
import pandas as pd
import numpy as np

# Machine Learning
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
 


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 2: Load the dataset

# Upload the diabetes.csv file from your computer
from google.colab import files
uploaded = files.upload()   # Browse and select diabetes.csv

# Read the CSV into a DataFrame
df = pd.read_csv("diabetes.csv")

# Show the first few rows
print(df.head())

# Show some basic info about the dataset
print(df.info())
print(df.describe())

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 3: Split data into features and target

# Features (all columns except Outcome)
X = df.drop("Outcome", axis=1)

# Target (Outcome column)
y = df["Outcome"]

# Train-test split (80% training, 20% testing)
X_train, X_test, y_train, y_test = train_test_split(
    X, y, test_size=0.2, random_state=42
)

print("Training set size:", X_train.shape[0])
print("Test set size:", X_test.shape[0])

Step 4: Compare Results
# Step 4: Compare Results

results = []

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

    # Predictions
    y_train_pred = model.predict(X_train)
    y_test_pred = model.predict(X_test)

    # Training & Test Accuracy
    train_acc = accuracy_score(y_train, y_train_pred)
    test_acc = accuracy_score(y_test, y_test_pred)

    # Classification report (get precision, recall, f1 for class '1')
    report = classification_report(y_test, y_test_pred, output_dict=True)

    results.append({
        "Model": name,
        "Training Accuracy": round(train_acc, 3),
        "Test Accuracy": round(test_acc, 3),
        "Precision": round(report['1']['precision'], 2),
        "Recall": round(report['1']['recall'], 2),
        "F1-score": round(report['1']['f1-score'], 2)
    })

# Put results into a DataFrame
df_results = pd.DataFrame(results)
print(df_results)
· Create a summary table like below:
	Model
	Training Accuracy
	Test Accuracy
	Precision
	Recall
	F1-score

	Decision Tree
	~1.00 (likely, overfits)
	0.747
	0.64
	0.67
	0.65

	Random Forest
	~0.98 (high, less overfit)
	0.753
	0.64
	0.69
	0.67

	Naïve Bayes
	~0.76 (similar to test)
	0.760
	0.65
	0.71
	0.68

	SVM (Linear)
	~0.76
	0.747
	0.75
	0.44
	0.55

	SVM (RBF)
	~0.76
	0.747
	0.75
	0.44
	0.55



Step 5: Reflection Questions
1. Which algorithm performed best on the test data? Why might that be the case?
Naïve Bayes did the best. It got the highest accuracy (~0.76) and recall (0.71). This may be because it is simple and works well on smaller datasets like this one.
2. Did any algorithm show signs of overfitting (high training accuracy, low test accuracy)?
Yes. The Decision Tree likely overfit the training data (close to 100% training accuracy) but only achieved ~0.75 test accuracy. Random Forest reduced this overfitting by combining multiple trees, which improved generalization.
3. How does Naïve Bayes handle correlated features compared to Decision Tree or SVM?
Naïve Bayes assumes features are independent, so it does not handle correlated features well. If features like Glucose and BMI are correlated, this assumption may reduce accuracy. In contrast, Decision Trees and SVMs can capture feature interactions and correlations more effectively.
4. Why might Random Forest outperform a single Decision Tree?
Random Forest combines many Decision Trees using bagging and random feature selection. This reduces variance and overfitting, leading to more stable and reliable predictions. A single Decision Tree, while interpretable, tends to overfit the data.
5. If you had to deploy a model for predicting diabetes, which one would you choose, and why?
I would choose Naïve Bayes or Random Forest. Naïve Bayes is lightweight, simple, and achieved the best recall, which is critical in medical applications to avoid missing positive cases. However, Random Forest may be preferred in practice because it is more robust to correlated features and often provides more stable performance after tuning.


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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Reflection and Comparison
From the results, we can see differences in how each algorithm performed:
1. Naïve Bayes achieved the best accuracy (~0.76) and the highest recall (0.71) for predicting diabetes. This makes it the most effective at catching positive cases, which is very important in medical applications. However, it assumes independence between features, which may not always be realistic.
1. Random Forest performed slightly better than Decision Tree (accuracy ~0.75) and was more stable, as it combines multiple trees to reduce overfitting. The trade-off is that it is less interpretable.
1. Decision Tree was easy to understand and explain, which is helpful for medical professionals, but it showed slightly lower accuracy and can overfit the data.
1. SVM had high precision for non-diabetic cases but low recall (0.44) for diabetic cases. This means it missed many true positive cases, which could be risky in healthcare settings.
Overall: Naïve Bayes provided the best balance of performance in this dataset, but Random Forest could be more reliable with further tuning. For medical data, recall is often more critical than accuracy, because missing a positive case (undiagnosed diabetes) has more serious consequences than a false positive.
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