Implementing and Comparing ML Algorithms on the Diabetes Dataset
Introduction
The aim of this activity was to implement and compare several supervised machine learning algorithms on the diabetes dataset. The target variable was Outcome (1 = diabetic, 0 = non-diabetic). The dataset was split into 80% training and 20% testing data with stratification to preserve class balance.
Method
Four algorithms were tested: Support Vector Machine (SVM, linear kernel), Decision Tree, Random Forest, and Naïve Bayes. StandardScaler was applied to SVM, as this algorithm is sensitive to feature scaling. Each model was trained on the training set and evaluated on the test set using accuracy, precision, recall, F1-score, and confusion matrices.
Results
The results are summarised in the table below:
	MODEL
	ACCURACY
	PRECISION
	RECALL
	F1

	Random Forest
	0.760
	0.681
	0.593
	0.634

	Naïve Bayes
	0.708
	0.574
	0.648
	0.609

	SVM (Linear)
	0.721
	0.622
	0.519
	0.567

	Decision Tree
	0.727
	0.643
	0.500
	0.563



Conclusion
Random Forest achieved the best performance, with the highest F1-score and a good balance of precision and recall. The ensemble of trees helps reduce overfitting compared to a single decision tree. Naïve Bayes performed surprisingly well despite its independence assumption, with strong recall. SVM and Decision Tree were less consistent, particularly in recall. Overall, Random Forest would be the most suitable algorithm for predicting diabetes in this dataset.
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Figure 2 SVM (linear kernel)
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Figure 3 Decision Tree
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Figure 4 Random Forest
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Figure 5 Naive Bayes
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Figure 6 Comparison table
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rf = RandomForestClassifier(n_estimators=100, random_state=42)
~F.£it(X_train, y_train)
rows.append(evaluate('Random Forest', y_test, rf.predict(X_test)))
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nb = GaussianNB()
nb.fit(X_train, y_train)
rows.append(evaluate(*Naive Bayes', y_test, nb.predict(X_test)))

Confusion Matrix — Naive Bayes
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Naive Bayes: acc=0.768, prec=0.574, rec=0.648, f1=0.669
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results = pd.DataFrame(rous).sort_values('F1', ascending=False).reset_index(drop=True)
results

Model Accuracy Precision  Recall Fl
0 Random Forest 0750740 0680851 0592593 0633663
1 NaveBayes 0707792 0573770 0648148 0608696
2 SVMlnear 0720779 0622222 0518519 0.565657

3 DecisionTree 0727273 0642857 0500000 0.562500





image1.emf
diabetes.ipynb
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{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 1,
   "id": "404bd68c-a9c1-4f93-92cd-373ee74ba5c2",
   "metadata": {},
   "outputs": [],
   "source": [
    "import pandas as pd\n",
    "import seaborn as sns\n",
    "import matplotlib.pyplot as plt\n",
    "\n",
    "from sklearn.model_selection import train_test_split\n",
    "from sklearn.pipeline import Pipeline\n",
    "from sklearn.preprocessing import StandardScaler\n",
    "from sklearn.svm import SVC\n",
    "from sklearn.tree import DecisionTreeClassifier\n",
    "from sklearn.ensemble import RandomForestClassifier\n",
    "from sklearn.naive_bayes import GaussianNB\n",
    "from sklearn.metrics import accuracy_score, precision_recall_fscore_support, classification_report, confusion_matrix"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 6,
   "id": "5d76e393-92d6-44df-b590-243671d6c039",
   "metadata": {
    "scrolled": true
   },
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>PatientId</th>\n",
       "      <th>Pregnancies</th>\n",
       "      <th>Glucose</th>\n",
       "      <th>BloodPressure</th>\n",
       "      <th>SkinThickness</th>\n",
       "      <th>Insulin</th>\n",
       "      <th>BMI</th>\n",
       "      <th>DiabetesPedigreeFunction</th>\n",
       "      <th>Age</th>\n",
       "      <th>Outcome</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>1</td>\n",
       "      <td>6</td>\n",
       "      <td>148</td>\n",
       "      <td>72</td>\n",
       "      <td>35</td>\n",
       "      <td>0</td>\n",
       "      <td>33.6</td>\n",
       "      <td>0.627</td>\n",
       "      <td>50</td>\n",
       "      <td>1</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>2</td>\n",
       "      <td>1</td>\n",
       "      <td>85</td>\n",
       "      <td>66</td>\n",
       "      <td>29</td>\n",
       "      <td>0</td>\n",
       "      <td>26.6</td>\n",
       "      <td>0.351</td>\n",
       "      <td>31</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>3</td>\n",
       "      <td>8</td>\n",
       "      <td>183</td>\n",
       "      <td>64</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>23.3</td>\n",
       "      <td>0.672</td>\n",
       "      <td>32</td>\n",
       "      <td>1</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>4</td>\n",
       "      <td>1</td>\n",
       "      <td>89</td>\n",
       "      <td>66</td>\n",
       "      <td>23</td>\n",
       "      <td>94</td>\n",
       "      <td>28.1</td>\n",
       "      <td>0.167</td>\n",
       "      <td>21</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>5</td>\n",
       "      <td>0</td>\n",
       "      <td>137</td>\n",
       "      <td>40</td>\n",
       "      <td>35</td>\n",
       "      <td>168</td>\n",
       "      <td>43.1</td>\n",
       "      <td>2.288</td>\n",
       "      <td>33</td>\n",
       "      <td>1</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "   PatientId  Pregnancies  Glucose  BloodPressure  SkinThickness  Insulin  \\\n",
       "0          1            6      148             72             35        0   \n",
       "1          2            1       85             66             29        0   \n",
       "2          3            8      183             64              0        0   \n",
       "3          4            1       89             66             23       94   \n",
       "4          5            0      137             40             35      168   \n",
       "\n",
       "    BMI  DiabetesPedigreeFunction  Age  Outcome  \n",
       "0  33.6                     0.627   50        1  \n",
       "1  26.6                     0.351   31        0  \n",
       "2  23.3                     0.672   32        1  \n",
       "3  28.1                     0.167   21        0  \n",
       "4  43.1                     2.288   33        1  "
      ]
     },
     "execution_count": 6,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df = pd.read_csv(\"diabetes.csv\")\n",
    "df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "id": "77875ed5-de83-4558-b853-185808dd81fd",
   "metadata": {},
   "outputs": [],
   "source": [
    "X = df.drop(['PatientId','Outcome'], axis=1)\n",
    "y = df['Outcome']\n",
    "\n",
    "X_train, X_test, y_train, y_test = train_test_split(\n",
    "    X, y, test_size=0.2, random_state=42, stratify=y\n",
    ")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "id": "3b66a81b-3b9e-4a2e-9f59-318ca97df412",
   "metadata": {},
   "outputs": [],
   "source": [
    "def evaluate(name, y_true, y_pred, show_cm=True):\n",
    "    acc = accuracy_score(y_true, y_pred)\n",
    "    p,r,f1,_ = precision_recall_fscore_support(y_true, y_pred, average='binary', zero_division=0)\n",
    "    if show_cm:\n",
    "        sns.heatmap(confusion_matrix(y_true, y_pred), annot=True, fmt='d', cbar=False)\n",
    "        plt.title(f'Confusion Matrix — {name}')\n",
    "        plt.xlabel('Predicted'); plt.ylabel('Actual')\n",
    "        plt.show()\n",
    "    print(f'{name}: acc={acc:.3f}, prec={p:.3f}, rec={r:.3f}, f1={f1:.3f}')\n",
    "    print(classification_report(y_true, y_pred, digits=3))\n",
    "    return {'Model':name,'Accuracy':acc,'Precision':p,'Recall':r,'F1':f1}\n",
    "\n",
    "rows = []"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "id": "e5947372-f078-4f25-b8cb-e3a8114fae9c",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "",
      "text/plain": [
       "<Figure size 640x480 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "SVM Linear: acc=0.721, prec=0.622, rec=0.519, f1=0.566\n",
      "              precision    recall  f1-score   support\n",
      "\n",
      "           0      0.761     0.830     0.794       100\n",
      "           1      0.622     0.519     0.566        54\n",
      "\n",
      "    accuracy                          0.721       154\n",
      "   macro avg      0.692     0.674     0.680       154\n",
      "weighted avg      0.713     0.721     0.714       154\n",
      "\n"
     ]
    }
   ],
   "source": [
    "svm = Pipeline([\n",
    "    ('scaler', StandardScaler()),\n",
    "    ('clf', SVC(kernel='linear', C=0.1, random_state=42))\n",
    "])\n",
    "svm.fit(X_train, y_train)\n",
    "rows.append(evaluate('SVM Linear', y_test, svm.predict(X_test)))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "id": "d9c1a0c8-6ce9-4a71-9f8c-e79bf45da784",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "",
      "text/plain": [
       "<Figure size 640x480 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Decision Tree: acc=0.727, prec=0.643, rec=0.500, f1=0.562\n",
      "              precision    recall  f1-score   support\n",
      "\n",
      "           0      0.759     0.850     0.802       100\n",
      "           1      0.643     0.500     0.562        54\n",
      "\n",
      "    accuracy                          0.727       154\n",
      "   macro avg      0.701     0.675     0.682       154\n",
      "weighted avg      0.718     0.727     0.718       154\n",
      "\n"
     ]
    }
   ],
   "source": [
    "dt = DecisionTreeClassifier(random_state=42)\n",
    "dt.fit(X_train, y_train)\n",
    "rows.append(evaluate('Decision Tree', y_test, dt.predict(X_test)))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "id": "4a11b7d4-7cac-4907-8d1b-11abe177834b",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "",
      "text/plain": [
       "<Figure size 640x480 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Random Forest: acc=0.760, prec=0.681, rec=0.593, f1=0.634\n",
      "              precision    recall  f1-score   support\n",
      "\n",
      "           0      0.794     0.850     0.821       100\n",
      "           1      0.681     0.593     0.634        54\n",
      "\n",
      "    accuracy                          0.760       154\n",
      "   macro avg      0.738     0.721     0.727       154\n",
      "weighted avg      0.755     0.760     0.755       154\n",
      "\n"
     ]
    }
   ],
   "source": [
    "rf = RandomForestClassifier(n_estimators=100, random_state=42)\n",
    "rf.fit(X_train, y_train)\n",
    "rows.append(evaluate('Random Forest', y_test, rf.predict(X_test)))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "id": "8cc08ee1-a9b6-4954-ac62-a27cc2f7d6ee",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "",
      "text/plain": [
       "<Figure size 640x480 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Naive Bayes: acc=0.708, prec=0.574, rec=0.648, f1=0.609\n",
      "              precision    recall  f1-score   support\n",
      "\n",
      "           0      0.796     0.740     0.767       100\n",
      "           1      0.574     0.648     0.609        54\n",
      "\n",
      "    accuracy                          0.708       154\n",
      "   macro avg      0.685     0.694     0.688       154\n",
      "weighted avg      0.718     0.708     0.711       154\n",
      "\n"
     ]
    }
   ],
   "source": [
    "nb = GaussianNB()\n",
    "nb.fit(X_train, y_train)\n",
    "rows.append(evaluate('Naive Bayes', y_test, nb.predict(X_test)))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "ed7c1204-f348-429a-b1cf-4ad8560c2621",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Model</th>\n",
       "      <th>Accuracy</th>\n",
       "      <th>Precision</th>\n",
       "      <th>Recall</th>\n",
       "      <th>F1</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>Random Forest</td>\n",
       "      <td>0.759740</td>\n",
       "      <td>0.680851</td>\n",
       "      <td>0.592593</td>\n",
       "      <td>0.633663</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>Naive Bayes</td>\n",
       "      <td>0.707792</td>\n",
       "      <td>0.573770</td>\n",
       "      <td>0.648148</td>\n",
       "      <td>0.608696</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>SVM Linear</td>\n",
       "      <td>0.720779</td>\n",
       "      <td>0.622222</td>\n",
       "      <td>0.518519</td>\n",
       "      <td>0.565657</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>Decision Tree</td>\n",
       "      <td>0.727273</td>\n",
       "      <td>0.642857</td>\n",
       "      <td>0.500000</td>\n",
       "      <td>0.562500</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "           Model  Accuracy  Precision    Recall        F1\n",
       "0  Random Forest  0.759740   0.680851  0.592593  0.633663\n",
       "1    Naive Bayes  0.707792   0.573770  0.648148  0.608696\n",
       "2     SVM Linear  0.720779   0.622222  0.518519  0.565657\n",
       "3  Decision Tree  0.727273   0.642857  0.500000  0.562500"
      ]
     },
     "execution_count": 13,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "results = pd.DataFrame(rows).sort_values('F1', ascending=False).reset_index(drop=True)\n",
    "results"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "5edb6761-4a0a-41ca-9cf7-cb49e2204df3",
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3 (ipykernel)",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.13.7"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 5
}
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import matplotlib.pyplot as plt

From sklearn.model_selection import train_test_split
from sklearn.pipeline import Pipeline
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#rom sklearn.metrics import accuracy_score, precision_recall fscore_support, classification_report, confusion_matrix
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sm.fit(X_train, y_train)
rows.append(evaluate('SVM Linear', y_test, svm.predict(X_test)))
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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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