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Configuration Manual

Optimizing Real-Time Data Analytics in Healthcare: A
Predictive Model for Cardiovascular Disease Management

Forename Surname: Venkata Krishna Reddy Yeruva
Student I1D: x23223430

1 Introduction

This configuration manual outlines the steps and settings used to build, evaluate, and interpret
machine learning models for cardiovascular disease prediction. The work focuses on data
preprocessing, feature selection, model training, and statistical analysis using a clinical
dataset sourced from Kaggle. The manual is structured to guide users in replicating the
implementation environment and methodology.

2 System Configuration

2.1 Hardware Requirements

e Processor: Quad-Core CPU, 2.5 GHz or higher
e RAM: Minimum 8 GB
e Storage: At least 10 GB of free disk space

2.2 Software Requirements

e OS: Windows 10/11

e Programming Language: Python (version 3.8+)

e |IDE/Editor: Jupyter Notebook, or Google Colab
Libraries and Frameworks:

Data Handling: pandas, numpy
Visualization: matplotlib, seaborn
Machine Learning: scikit-learn
Model Explainability: shap
Statistical Analysis: scipy

3 Dataset Overview

e Dataset Name: Cardiovascular Disease Dataset

e Source: Kaggle, https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-
dataset

e Total Records: 70,000



https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset

Key Features: age, gender, height, weight, ap_hi (systolic BP), ap_lo (diastolic BP),
cholesterol, glucose, smoke, alco, active
Target Variable: cardio (0: No disease, 1: Disease)

4 Dataset Preparation

Load the Datasets:
o Load the dataset using pandas and examine its structure with .info() and
.head():

# Loagd the dotaset
df = pd.read_csv("cardioc_train.csv", sep=";")

# Display basic info
print(df.infol))
print(df.head())

<class 'pandas.core.frames.DataFrame’ >
RangeIndex: 78800 entries, @ to B9999
Data columns (total 13 columns):

#  Column Mon-Null Count Dtype
@ id 78222 non-null inte4
1 age 7eeed non-null inted
2 gender 78888 non-null inted
3  height 78888 non-null inted
4 weight 7eee@ non-null floatea
5 ap_hi 78288 non-null inte4
& ap_lo 78288 non-null inte4
7 cholesterol 72888 non-null inté4
g gluc 7e228 non-null inted
g smoke 78222 non-null inte4
18 alco 78288 non-null inté4
11 active 7ees8 non-null inte4
12 cardio 78280 non-null inted

dtypes: floate4(1l), inted(12)
memory usage: 6.9 MB
Mone

id age gender height weight ap_hi ap_lo cholestercl gluc smoke

@ @ 18393 2 168 62.@ 11@ 3@ 1 1 5]
1 1 28223 1 156 B5.08 148 9@ 3 1 %]
2 2 18857 1 1e5 64.8@ 13@ 7@ 3 1 2
3 3 17623 2 169 52.8 158 168 1 1 %]
4 4 17474 1 156 56.8 16 6@ 1 1 5]

alco active cardio

e 2 1 @
1 %] 1 1
2 5] e 1
3 5] 1 1
4 2 e a



2. Clean the Data:

e Remove unrealistic and outlier values using clinically appropriate thresholds for blood
pressure.

e Use IQR (Interquartile Range) filtering to further eliminate statistical outliers.

# --- Initial boxplot (before any cleaning) ---
plt.figure(figsize=(8, 5))
sns.boxplot(data=df[["ap_hi', 'ap_leo']])
plt.title("Boxplot Before Cleaning™)
plt.ylim{@, 258)

plt.show()

# --- Remove unreaglistic values ---

df = df[(df["ap_hi'] » 88) & (df["ap_hi'] < 288)]
df = df[(df["ap_lo'] > 58) & (df["ap lo"] < 158)]
df = df[df["ap_hi'] » df['ap_lo"']]

# --- IQR-based outlier removal ---

def remove outliers iqr(df, column):
Q1 = df[column].quantile(@.25)
Q3 = df[column].quantile(@.75)
IQR = Q3 - Q1
lower_bound = Q1 - 1.5 * IQR
upper_bound = Q3 + 1.5 * IQR
return df[(df[column] >= lower_bound) & (df[column] <= upper_bound)]

df = remove outliers _igr(df, ‘"ap_hi")
df = remove outliers iqr(df, ‘"ap_lo')
# --- Boxplot after full cleaning ---

plt.figure(figsize=(8, 5))
sns.boxplot(data=df[["ap_hi', 'ap_lo']])
plt.title("Boxplot After IQR-Based Outlier Removal™)
plt.ylim(58, 280}

plt.show()

5 Data Preprocessing
Feature Scaling

e Standardize numerical features including age, height, weight, ap_hi, and ap_lo using
StandardScaler.

# --- Scale numerical features --—-

scaler = StandardScaler()

numerical features = ["age', 'height', 'weight', "ap_hi', 'ap_lo"]

df [numerical_features] = scaler.fit_transform(df[numerical_ features])

Final Dataset Summary



e Review summary statistics using .describe() to validate data normalization and
transformation.

# --- Display cleaned and scaled dataset summary ---

print(df.describe())

6 Feature Selection
Random Forest Feature Importance

# Train Random Forest Model on the smaller sample
rf = RandomForestClassifier(n_estimators=188, random_state=42)
rf.fit(X sample, y_sample)

e Use a sample subset of 5,000 records for faster computation.
e Train a Random Forest model and extract feature importances.

SHAP (SHapley Additive exPlanations)

# Apply SHAP for Feature Importance (Fix: Use same dataset)
explainer = shap.Explainer(rf, X_sample)
shap_values = explainer(X_sample, check additivity=False) Fix: Disable additivi

# Plot SHAP Feature Importance
plt.figure(figsize=(18,6))
shap.summary_plot({shap_values, X_sample)

o Apply SHAP to interpret the influence of individual features on model predictions.
e Visualize SHAP summary plots to observe the top contributing features.

Recursive Feature Elimination with Cross-Validation (RFECV)

# Apply Recursive Feature Elimination (RF
selector = RFECV(rf, step=2, cv=3) # =%
selector.fit(X_sample, y_sample)

RFE) on the same dataset
tep=2 for faster execution

# Keep only selected features
X _selected = X.iloc[:, selector.support_]
print ("\n Selected Features:", list(X selected.coclumns})

e Apply RFECV on the same sample to systematically remove less important features.
o Select the final set of features based on cross-validated model performance.

7 Model Training and Evaluation
Train-Test Split
# Train-Test Split

X _train, X test, y_traim, y test = train_test split(X selected, y, test_size=0.2, random_state=42)

o Split the dataset into 80% training and 20% testing subsets using train_test_split.
4



Model Development
e Train three classification models:
o Decision Tree
o Random Forest
o Support Vector Machine (SVM)

# Initialize models

models = {
"Decision Tree": DecisionTreeClassifier(random_state=42),
"Random Forest": RandomFerestClassifier(n_estimators=18@, random_state=42),
"swM": sVC(kernel="linear", probability=True, random state=42)

# Train and evaluate models
for name, model in models.items()
model.fit(X_train, y_train)
y_pred = model.predict(X test)
y_prob = model.predict proba(X test)[:, 1] if hasattr(model, “predict proba") else None

Evaluation Metrics
o Assess performance using:
o Accuracy
o Precision, Recall, F1-score
o Confusion Matrix
o ROC Curve and AUC Score

# Confusion Matrix

plt.figure(figsize=(5,4))

sns.heatmap({confusion_matrix(y test, y_pred), annot=True, fmt="d", cmap="coolwarm™)
plt.title(f"Confusion Matrix - {mame}")
plt.xlabel("Predicted")
plt.ylabel("Actual™)

plt.show()

# ROC Curve

if y prob is not None:
fpr, tpr, _ = roc_curve(y_test, y_prob)
auc_score = auc(fpr, tpr)

plt.figure(figsize=(5,4))

plt.plot(fpr, tpr, label=f"AUC = {auc_score:.2f}")
plt.plot([@, 1], [@, 1], linestyle="--", color="gray")
plt.title(f"ROC Curve - {namel™)

plt.xlabel (“False Positive Rate™)

plt.ylabel("True Positive Rate")

plt.legend()

plt.show()

8 Model Performance Comparison

e Collect accuracy scores for all models.
e Visualize and compare using a bar plot.

¢ Recommend the best model based on performance metrics—SVM showed highest
accuracy in this study.



# Compare Model Performance
accuracies = {name: accuracy score(y_test, model.predict(X_test)) for name, model in models.items()}

# Plot model accuracies

plt.figure(figsize=(6,4))

sns.barplot(x=1ist(accuracies.keys()), y=list(accuracies.values()), palette="coolwarm™)
plt.title("Model Performance Comparison (Accuracy)™)

plt.ylabel("Accuracy Score™)

plt.show()

9 Statistical Analysis of Lifestyle Factors

Conduct Chi-Square tests to examine the relationship between lifestyle factors (smoking,
alcohol consumption, physical activity) and cardiovascular disease presence.
For each factor:
« Display contingency table
e Report chi-square value and p-value
 Plot prevalence using bar plots
# Chi-Square Test for Categorical Variables
for feature in ['smoke’, ‘alco’, "active']:
contingency table = pd.crosstab(df[feature], df['cardio’])
chi2, p, dof, expected = stats.chi2 contingency(contingency table)
print{f"\n Chi-Square Test for {featurel}")
print(f"Chi2z Value: {chi2:.2f}, p-value: {p:.4f}")

# Bar Plot

plt.figure(figsize=({6,4))

sns.barplot (x=df[ feature], y=df[’'cardic'], palette=['blue’, ‘red"'])
plt.title(f"Cardiovascular Disease by {feature.capitalize()}")
plt.xlabel(feature.capitalize())

plt.ylabel{"Disease Prevalence™)

plt.show()
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