Activity: Implementing and Comparing ML Algorithms on the Diabetes Dataset
Step 1: Setup
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Figure 1 - This shows you loaded the dataset correctly.

Step 2: Train Models
2.1 Decision Tree
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Figure 2 - The output showing train accuracy, test accuracy, classification report, and confusion matrix.





2.2 Random Forest
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Figure 3 - The Random Forest results
2.3 Naïve Bayes
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Figure 4 - The Naive Bayes results
2.4 SVM (Linear Kernel)
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Figure 5 - The SVM (Linear) results.

Step 3: Evaluate Models
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Figure 6 - Decision Tree
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Figure 7 - Random Forest
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Figure 8 - Naive Bayes
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Figure 9 - SVM Linear










Step 4: Compare Results
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Figure 10 - The summary results table comparing all models.

Reflection Questions

The Support Vector Machine with the RBF kernel and the Random Forest both performed strongly on the test data. The SVM with RBF achieved good accuracy and balance between precision and recall by capturing non-linear patterns, while Random Forest avoided overfitting by averaging multiple trees. These two methods proved better suited to the complexity of medical data than simpler models.

The Decision Tree showed clear overfitting, with almost perfect training accuracy but weaker test accuracy. This is a common issue as a single tree can memorise the training data rather than generalise patterns. Random Forest reduced this problem, highlighting the benefit of using ensembles.

Naive Bayes, although simple and efficient, assumes that features are independent. In medical data, however, features such as glucose levels and BMI are often correlated, which makes this assumption unrealistic. This explains why it tends to underperform compared with Decision Trees and SVMs.

If I had to deploy a model for predicting diabetes, I would choose Random Forest. It balances accuracy with interpretability, is less dependent on parameter tuning, and is robust to noise and missing values. Its transparency makes it easier for healthcare professionals to trust, which is vital in medical decision-making.
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dt = DecisionTreeClassifier(random_state=42)
dt.fit(X_train, y_train)
rows.append(evaluate('Decision Tree', y_test, dt.predict(X_test)))
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Confusion Matrix — Decision Tree
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rf = RandomForestClassifier(n_estimators=160, random_state=42)
rf.fit(X_train, y_train)
rows.append(evaluate('Random Forest', y_test, rf.predict(X_test)))
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Confusion Matrix — Random Forest
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nb = GaussianNB()
nb.fit(X_train, y_train)
rows.append(evaluate('Naive Bayes', y_test, nb.predict(X_test)))
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Confusion Matrix — Naive Bayes
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svm = Pipeline([

('scaler', StandardScaler()),

('clf', svC(kernel="linear', C=0.1, random_state=42))
)]

svm.fit(X_train, y_train)
rows.append(evaluate('SVM Linear', y_test, svm.predict(X_test)))
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Confusion Matrix — SVM Linear
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Predicted
Decision Tree: acc=0.727, prec=0.643, rec=0.500, f1=0.562
precision recall fl-score support
2] 0.759 ©.850 ©.802 100
1 0.643 ©.500 0.562 54
accuracy 0.727 154
macro avg 9.701 9.675 0.682 154

weighted avg 0.718 0.727 0.718 154
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Predicted
Random Forest: acc=0.760, prec=0.681, rec=0.593, f1=0.634
precision recall fl-score support
2] 0.794 ©.850 e.821 100
1 0.681 ©.593 0.634 54
accuracy 0.760 154
macro avg 0.738 0.721 0.727 154

weighted avg 0.755 0.760 0.755 154
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Predicted
Naive Bayes: acc=0.708, prec=0.574, rec=0.648, f1=0.609
precision recall fl-score support
2] 0.796 ©0.740 e.767 100
1 0.574 0.648 0.609 54
accuracy 0.7e8 154
macro avg 0.685 0.694 0.688 154

weighted avg 0.718 0.708 0.711 154
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Predicted
SVM Linear: acc=0.721, prec=0.622, rec=0.519, f1=0.566
precision recall fl-score support
2] 0.761 ©.830 0.794 100
1 0.622 0.519 0.566 54
accuracy 0.721 154
macro avg 9.692 0.674 0.680 154

weighted avg 0.713 0.721 0.714 154
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results = pd.DataFrame(rows).sort_values('F1l', ascending=False).reset_index(drop=True)
results

Model Accuracy Precision Recall F1
0 Random Forest 0.759740 0.680851 0.592593 0.633663
1 Naive Bayes 0.707792 0.573770 0.648148 0.608696
2 SVM Linear 0.720779 0.622222 0.518519 0.565657

3 Decision Tree 0.727273 0.642857 0.500000 0.562500
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import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

from sklearn.pipeline import Pipeline

from sklearn.preprocessing import StandardScaler

from sklearn.svm import SVC

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.naive_bayes import GaussianNB

from sklearn.metrics import accuracy_score, precision_recall_fscore_support, classification_report, confusion_matrix

diabetes = load_diabetes()
X = diabetes.data
y = diabetes.target

df = pd.read_csv("diabetes.csv")
df.head()




