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Step 1: Data Exploration
 Load the dataset and display the first few rows.

import pandas as pd

# Load the dataset
df = pd.read_csv('heart_failure (1).csv')

# Display the first few rows
df.head()

 Check for missing values and confirm data types.
 # Check for missing values
 print(df.isnull().sum())

 # Check data types
 print(df.dtypes)



 Generate summary statistics for each feature.
 # Summary statistics
 df.describe()



 Visualize distributions of key features (e.g., age, ejection_fraction, serum_creatinine).
 import seaborn as sns
 import matplotlib.pyplot as plt

 # Distribution of Age
 plt.figure(figsize=(6, 4))
 sns.histplot(df['Age'], kde=True, bins=20, color='skyblue')
 plt.title('Distribution of Age')
 plt.xlabel('Age')
 plt.ylabel('Count')
 plt.show()

 # Distribution of BMI
 plt.figure(figsize=(6, 4))
 sns.histplot(df['BMI'], kde=True, bins=20, color='orange')
 plt.title('Distribution of BMI')
 plt.xlabel('BMI')
 plt.ylabel('Count')
 plt.show()

 # Distribution of Cholesterol
 plt.figure(figsize=(6, 4))
 sns.histplot(df['Cholesterol'], kde=True, bins=20, color='green')
 plt.title('Distribution of Cholesterol')
 plt.xlabel('Cholesterol')
 plt.ylabel('Count')
 plt.show()




# Countplot
plt.figure(figsize=(6, 4))
sns.countplot(x='Heart_Failure', data=df, palette='Set2')
plt.title('Distribution of Heart Failure Events')



plt.xlabel('Heart Failure (0 = No, 1 = Yes)')
plt.ylabel('Count')
plt.show()

# Proportions
print(df['Heart_Failure'].value_counts(normalize=True))

Step 2: Feature Selection and Preprocessing
from sklearn.preprocessing import LabelEncoder, StandardScaler

# Load the dataset
df = pd.read_csv("heart_failure (1).csv")

# Drop the target column for unsupervised learning
df_unsupervised = df.drop(columns=['Heart_Failure'])

# Identify non-numeric columns
non_numeric_columns =
df_unsupervised.select_dtypes(exclude=['number']).columns.tolist()



# Label encode the categorical features
label_encoders = {}
for column in non_numeric_columns:

le = LabelEncoder()
df_unsupervised[column] = le.fit_transform(df_unsupervised[column])
label_encoders[column] = le

# Standardize all features
scaler = StandardScaler()
scaled_data = scaler.fit_transform(df_unsupervised)

# Convert to DataFrame for easier handling
scaled_df = pd.DataFrame(scaled_data, columns=df_unsupervised.columns)

# Confirm shape and preview
print("Shape of scaled data:", scaled_df.shape)
print(scaled_df.head())

Step 3: Dimensionality Reduction with PCA

 Apply PCA to reduce the dataset to 2 principal components.
 Print the explained variance ratio for each component.



 Create a scatter plot using the two principal components
 from sklearn.decomposition import PCA
 import matplotlib.pyplot as plt

 # Apply PCA to reduce to 2 components
 pca = PCA(n_components=2)
 pca_components = pca.fit_transform(scaled_df)

 # Create a DataFrame with principal components
 pca_df = pd.DataFrame(pca_components, columns=['PC1', 'PC2'])

 # Print explained variance ratio
 print("Explained variance ratio:", pca.explained_variance_ratio_)

 # Scatter plot
 plt.figure(figsize=(8, 6))
 plt.scatter(pca_df['PC1'], pca_df['PC2'], alpha=0.5, color='teal')
 plt.title('PCA - 2 Principal Components')
 plt.xlabel('Principal Component 1')
 plt.ylabel('Principal Component 2')
 plt.grid(True)
 plt.show()




Step 4: Clustering with K-Means
 Use the PCA-reduced data to apply K-Means clustering.
 Select an appropriate number of clusters (e.g., 2 or 3) and explain your choice.
 Assign a cluster label to each record.
 Visualize the clusters using the PCA plot with different colors for each cluster.

 from sklearn.cluster import KMeans
 import seaborn as sns
 import matplotlib.pyplot as plt

 # Choose the number of clusters
 n_clusters = 2

 # Apply K-Means clustering
 kmeans = KMeans(n_clusters=n_clusters, random_state=42)
 cluster_labels = kmeans.fit_predict(pca_df)

 # Add cluster labels to the PCA DataFrame
 pca_df['Cluster'] = cluster_labels

 # Visualize the clusters
 plt.figure(figsize=(8, 6))
 sns.scatterplot(data=pca_df, x='PC1', y='PC2', hue='Cluster', palette='Set2',

s=60)
 plt.title(f'K-Means Clustering (k = {n_clusters}) on PCA Components')
 plt.xlabel('Principal Component 1')
 plt.ylabel('Principal Component 2')
 plt.legend(title='Cluster')
 plt.grid(True)
 plt.show()




Step 5: Interpretation
1. What does reducing a dataset to 2 principal components mean?

In simple terms:

Imagine dataset has lots of features (like age, cholesterol, heart rate, etc.). That’s like trying
to understand a story with 19 different characters talking at once.

Principal Component Analysis (PCA) finds the most important patterns and combines them
into just 2 new features (called principal components) that capture as much of the original
information as possible.

These two components let us visualize the data in 2D while keeping most of its structure.

So, PCA is like summarizing a long book into a 2-paragraph summary that still covers the
key ideas.



2. How well are the clusters separated in the scatter plot?

When looking at the PCA scatter plot with colored clusters:

 If the clusters are clearly separated (like distinct blobs), it means the model found
strong patterns in the data.

 If the clusters overlap a lot, it suggests the data points aren't easily distinguishable
using the features you provided.

So this interpretation here depends on how much visual separation we see between the
colored groups in the plot.

3. Do these clusters correspond to real-world patient groups or clinical
patterns?

They might

 The clusters were made without any labels (unsupervised), so they’re based only on
feature patterns.

 If one cluster mostly includes older patients with high cholesterol and low activity,
it might reflect a high-risk group.

 To confirm this, we can look back at the original features (e.g., average age, BMI, etc.
in each cluster) or see how many patients in each cluster had heart failure.


