
  

COURSE CONTENT 

 

DATA MINING AND WAREHOUSING LABORATORY 

V Semester: CSE (DS)  

VI Semester: CSE (AI&ML) 

Course Code Category Hours / Week Credits Maximum Marks 

ACDD14 Core 
L T P C CIA SEE Total 

0 0 2 1 40 60 100 

Contact Classes: Nil Tutorial Classes: Nil Practical Classes: 45 Total Classes: 45 

Prerequisites: Database Management Systems 

I. COURSE OVERVIEW: 

The Data Mining and Warehousing lab provides practical experience in working with data using Python. 

Students will learn how to use libraries like NumPy, Pandas, SciPy, and Matplotlib for tasks such as 

building data models, performing data cleaning, and analyzing data. The course covers topics like data 

mining techniques (classification, clustering, association), time series analysis, and creating visualizations. 

By the end of the course, students will be equipped to solve real-world data problems and apply their 

skills in data mining and warehousing. 

 

II. COURSE OBJECTIVES 

The students will try to learn:  

             I. The different data models like Star and Snowflake using Python. 

             II. The data mining tasks and machine learning algorithms to real-world datasets.  

             III. The time-series forecasting, develop interactive dashboards, and extract web data for analysis. 

 

III. COURSE OUTCOMES 

At the end of the course students should be able to: 

 

CO 1 Design and visualize Star and Snowflake schemas, and distinguish OLAP vs. OLTP queries 

CO 2 Construct multi-dimensional data models and perform OLAP operations using Python. 

CO 3 Implement data cleaning and integration techniques by removing errors, merging datasets, 

and reducing dimensionality. 

CO 4 Apply data mining methods like classification, clustering, and association rule mining. 

CO 5 Build and evaluate machine learning models for classification, regression, and clustering. 

CO 6 Develop visualizations, handle outliers, and perform data scaling and transformation for 

analysis. 

 

 

 

 



  

 

 

DATA MINING AND WAREHOUSING LABORATORY (ACDD14) 

CONTENTS 

 

S No. Topic Name Page No. 

1 Data Warehousing Basics  

 a. Write a Python script to implement and visualize a Star Schema.  

 b. Write a Python program to implement a Snowflake Schema.  

 c. Simulate and differentiate OLAP vs. OLTP queries using Python.  

 

d. Simulate a three-tier data warehouse architecture in Python, including a 

data source, a staging area, and a presentation layer. Populate the 

layers with sample data and visualize the flow.  

2 Multi-dimensional Data Models  

 a. Create and analyze a multi-dimensional array using NumPy.  

 

b. Perform OLAP operations (roll-up, drill-down, slice, dice, and pivot) 

using Pandas.  

 c. Visualize a Fact Constellation schema with Matplotlib.  

 

d. Design and implement an ETL (Extract, Transform, Load) pipeline in 

Python to populate a Star Schema and visualize OLAP operations using 

a real-world dataset.  

3 Data Preprocessing  

 

a. Perform data cleaning (removing null values, duplicates) on a sample 

dataset using Pandas.  

 b. Apply data integration techniques to merge datasets.  

 

c. Use Python to reduce data dimensionality using Principal Component 

Analysis (PCA).  

 

d. Write a Python script to preprocess a dataset for a machine learning 

pipeline, including advanced transformations such as polynomial 

feature generation and custom feature engineering.  

4 Data Mining Concepts  

 

a. Write a Python program to classify data mining tasks (classification, 

clustering, association).  

 b. Create and process a dataset to explore data mining functionalities.  

 c. Implement basic concept hierarchies on a dataset.  

 

d. Create a Python program to implement a rule-based data mining 

system. Use real world data to extract and evaluate insights using 

custom mining rules.  

5 Association Rule Mining  

 

a. Implement the Apriori algorithm using Python to generate frequent 

itemsets.  

 

b. Write a Python program to calculate support and confidence for 

association rules.  

 c. Use the FP-Growth algorithm to find frequent itemsets in a dataset.  

 d. Write a Python program to compare the performance of the Apriori and  



  

FP-Growth algorithms on a large dataset (e.g., a transactional dataset 

from Kaggle). 

6 Classification  

 a. Implement a decision tree classifier using scikit-learn.  

 b. Use Python to train and test a Naive Bayes classifier.  

 

c. Build a neural network model using TensorFlow or PyTorch for 

classification tasks.  

 

d. Build an ensemble classifier using Python by combining decision trees, 

Naive Bayes, and logistic regression. Evaluate its performance using k-

fold cross-validation on a real world dataset.  

7 Prediction  

 a. Write a Python script to predict numerical data using linear regression.  

 

b. Implement random forest regression and compare its performance with 

linear regression.  

 c. Evaluate model accuracy using metrics like MAE, RMSE, and R2.  

 

d. Develop a Python application for time-series forecasting using LSTM 

(Long Short-Term Memory) networks. Train the model on financial or 

weather data and evaluate its performance.  
8 Clustering  

 a. Implement the K-means clustering algorithm using scikit-learn.  

 

b. Perform hierarchical clustering and visualize the dendrogram using 

scipy.  

 c. Use DBSCAN to detect clusters in spatial data.  

 

d. Implement a custom clustering algorithm, such as Agglomerative 

Clustering, with Python and compare its results with K-means and 

DBSCAN on a high-dimensional dataset.  

9 Dataframe Operations  

 

a. Perform attribute filtering using conditions, slicing, and queries on a 

dataset.  

 b. Compute and interpret ranking and summary statistics.  

 c. Handle missing values using statistical and interpolation techniques.  

 

d. Write a Python program to create a dynamic filtering dashboard using 

Streamlit or Dash. Allow users to filter attributes interactively and 

visualize the results.  
10 Time Series Analysis.  

 a. Parse and analyze time-series data using pandas.  

 

b. Compute rolling mean and standard deviations for a time-series 

dataset.  

 c. Plot trends and seasonality of time-series data.  

 

d. Perform seasonal decomposition of a time series using Python 

(statsmodels). Analyze trends, seasonal, and residual components, and 

apply SARIMA modeling for forecasting.  

11 Data Visualization  

 

a. Plot categorical data using bar charts, grouped bar charts, and stacked 

bar charts.  

 b. Visualize numerical data distributions using histograms and density  



  

plots. 

 c. Use box-and-whisker plots to identify data distribution and outliers.  

 

d. Develop an interactive data visualization tool using Plotly or Bokeh to 

visualize categorical and numerical data dynamically, with filters for 

real-time analysis.  
12 Handling Outliers  

 

a. Identify outliers in a dataset using the quartile and standard deviation 

methods.  

 b. Remove outliers and visualize the clean dataset.  

 c. Compare the impact of outlier removal on dataset analysis.  

 

d. Implement advanced outlier detection using Isolation Forest or One-

Class SVM in Python. Compare these methods with traditional quartile-

based and standard deviation methods.  

13 Data Scaling and Transformation  

 a. Scale data using Min-Max scaling and StandardScaler from scikit-learn.  

 

b. Normalize and transform data using logarithmic and square root 

transformations.  

 c. Compare the results of different scaling methods and interpret.  

 

d. Use advanced data transformation techniques like Quantile 

Transformation and Power Transformation in Python. Compare their 

effects on the performance of a machine learning model.  
14 Web Scraping  

 

a. Scrape product data (name, price, rating) from an e-commerce website 

using BeautifulSoup.  

 b. Extract tabular data from a webpage and convert it to a DataFrame.  

 c. Scrape images from a website and save them locally.  

 

d. Build a Python scraper using Selenium to scrape dynamic content from 

a JavaScript heavy website. Save the data in a structured format and 

visualize insights using Pandas and Matplotlib.  
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IV. Course Content 

 

DATA MINING AND WAREHOUSING LABORATORY  

  
Note: Students are encouraged to bring their own laptops for laboratory practice 

sessions. 

Getting Started Exercises 

Introduction  

Pentaho Reporting is a suite (collection of tools) for creating relational and analytical reports. It can be 

used to transform data into meaningful information. Pentaho allows generating reports in HTML, Excel, 

PDF, Text, CSV, and xml. Before start proceeding with Pentaho, should have prior exposure to Core Java, 

Database Concepts, and SQL Queries. 

Steps for Installation of Pentaho:  

                 http://www.pentaho.com/  

      1. Extract the downloaded file prd-ce-3.7.0-stable.zip using an Unzip tool.  

      2. Copy the extracted folder (prd-ce-3.7.0-stable) into c:\ directory.  

      3. Open c:\prd-ce-3.7.0-stable\report-designer directory.  

     4. Start Pentaho Reporting Designer by double-clicking on the reportdesigner.bat file  

 

    Steps for Installation of Weka: 

     1. Download the software (Weka Tool Kit) as your requirements from the below given link. 

http://www.cs.waikato.ac.nz/ml/weka/downloading.html 

      2. The Java is mandatory for installation of WEKA so if you have already Java on your machine then 

download only WEKA else download the software with JVM.  

      3. Then open the file location and double click on the file. Click on Run.  

      4. Click Next to continue  

      5. If you accept the terms of the agreement, click I Agree to continue. You must accept the agreement to 

install Weka. 

      6. Check the components you want to install and uncheck the components you do not want to install. Click 

Next to continue  

      7. Setup will install Weka 3.8.6 in the following folder. To install in a different folder, click Browse and select 

another folder. Click Next to continue. 

 

 

http://www.pentaho.com/
http://www.cs.waikato.ac.nz/ml/weka/downloading.html
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1. Data Warehousing Basics  

a. Write a Python script to implement and visualize a Star Schema. 
 

Objective: 

 

Objective: 

To write a Python script to implement and visualize a Star Schema. 

 

# Import necessary library 

from graphviz import Digraph 

 

# Create a Digraph object 

dot = Digraph(comment='Star Schema') 

 

# Define the central fact table 

dot.node('F', 'Sales_Fact', shape='box', style='filled', fillcolor='lightblue') 

 

# Define dimension tables 

dot.node('D1', 'Dim_Customer', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D2', 'Dim_Product', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D3', 'Dim_Time', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D4', 'Dim_Store', shape='ellipse', style='filled', fillcolor='lightgreen') 

 

# Connect dimension tables to fact table 

dot.edge('D1', 'F') 

dot.edge('D2', 'F') 

dot.edge('D3', 'F') 

dot.edge('D4', 'F') 

 

# Render the diagram to a file and open it 

dot.render('star_schema', format='png', view=True) 

 

Output: The output will be a Star Schema Diagram with the Sales_Fact table in the center, connected to 

four dimension tables: 

• Dim_Customer 

• Dim_Product 

• Dim_Time 

• Dim_Store 

 

Try: 
1. What is a Star Schema and how is it used in data warehousing? 

2. How do you create fact and dimension tables using Pandas in Python? 

3. What libraries can be used to visualize a Star Schema in Python? 

4. How can sample data be generated for a Star Schema? 
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b. Write a Python program to implement a Snowflake Schema.    
Objective: 

To write a Python script that simulates and visualizes a Snowflake Schema  

 

Import graphviz 

from graphviz import Digraph 

 

# Create a Digraph object 

dot = Digraph(comment='Snowflake Schema') 

 

# Fact table 

dot.node('F', 'Sales_Fact', shape='box', style='filled', fillcolor='lightblue') 

 

# First-level dimension tables 

dot.node('D1', 'Dim_Customer', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D2', 'Dim_Product', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D3', 'Dim_Time', shape='ellipse', style='filled', fillcolor='lightgreen') 

dot.node('D4', 'Dim_Store', shape='ellipse', style='filled', fillcolor='lightgreen') 

 

# Normalized sub-dimension tables (snowflake extension) 

dot.node('D1A', 'Customer_Location', shape='ellipse', style='filled', fillcolor='yellow') 

dot.node('D2A', 'Product_Category', shape='ellipse', style='filled', fillcolor='yellow') 

dot.node('D4A', 'Store_Region', shape='ellipse', style='filled', fillcolor='yellow') 

 

# Connect fact to dimension tables 

dot.edge('D1', 'F') 

dot.edge('D2', 'F') 

dot.edge('D3', 'F') 

dot.edge('D4', 'F') 

 

# Connect sub-dimensions (snowflaking) 

dot.edge('D1A', 'D1') 

dot.edge('D2A', 'D2') 

dot.edge('D4A', 'D4') 

 

# Render and open the schema 

dot.render('snowflake_schema', format='png', view=True) 

 

Output: A Snowflake Schema diagram will be generated and saved as snowflake_schema.png, showing: 

• Central Sales_Fact table. 

• Primary dimension tables (Customer, Product, Time, Store). 

• Sub-dimensons (Location, Category, Region) connected to their parent dimensions. 

Try: 
1. How do you normalize dimension tables in a Snowflake Schema? 

2. Demonstrate with code how you connect normalized tables in Python.  

3. How can you compare query performance between Star and Snowflake schemas? 
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c. Simulate and differentiate OLAP vs. OLTP queries using Python. 
 

Objective: 

To simulate and understand the difference between OLAP (Online Analytical Processing) and 

OLTP (Online Transaction Processing) by writing example queries in Python using Pandas. 

import pandas as pd 

 

# Sample transactional data (OLTP Simulation) 

orders = pd.DataFrame({ 

    'OrderID': [1, 2, 3, 4, 5], 

    'CustomerID': [101, 102, 101, 103, 104], 

    'Product': ['Laptop', 'Phone', 'Laptop', 'Tablet', 'Phone'], 

    'Quantity': [1, 2, 1, 1, 1], 

    'Price': [1000, 500, 1000, 800, 500], 

    'OrderDate': pd.to_datetime(['2025-01-01', '2025-01-02', '2025-01-03', '2025-01-03', '2025-01-04']) 

}) 

 

# ---- OLTP Simulation ---- 

print("OLTP Queries (Transactional):") 

# Insert (simulated by appending a row) 

new_order = pd.DataFrame({'OrderID': [6], 'CustomerID': [105], 'Product': ['Headphones'],  

                          'Quantity': [1], 'Price': [200], 'OrderDate': [pd.to_datetime('2025-01-05')]}) 

orders = pd.concat([orders, new_order], ignore_index=True) 

 

# Update 

orders.loc[orders['OrderID'] == 2, 'Quantity'] = 3 

 

# Select specific order 

print("Get Order Details for OrderID 3:") 

print(orders[orders['OrderID'] == 3]) 

 

# ---- OLAP Simulation ---- 

print("\n OLAP Queries (Analytical):") 

# Total sales per product 

print("Total Sales by Product:") 

print(orders.groupby('Product')['Price'].sum()) 

 

# Monthly sales analysis 

orders['Month'] = orders['OrderDate'].dt.month 

print("\nMonthly Sales:") 

print(orders.groupby('Month')['Price'].sum()) 

Output:   

 OLTP Queries (Transactional): 

Get Order Details for OrderID 3: 

OrderID  CustomerID Product  Quantity  Price  OrderDate 
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2        3         101  Laptop         1   1000 2025-01-03 

 

OLAP Queries (Analytical): 

Total Sales by Product: 

Product 

Headphones     200 

Laptop        2000 

Phone         1000 

Tablet         800 

Name: Price, dtype: int64 

 

Monthly Sales: 

Month 

1    4000 

Name: Price, dtype: int64. 

Try: 
1. Write a Python script to simulate OLTP transactions (Insert, Update, Delete). 

2. Write Python code to simulate OLAP-style aggregation queries (e.g., group by region). 

3. How do you compare performance or behavior of OLTP vs. OLAP queries? 

 

1.d Simulate a three-tier data warehouse architecture in Python, including a data 

source, a staging area, and a presentation layer. Populate the layers with sample data 

and visualize the flow.  
 

  

Objective: 

To simulate a three-tier data warehouse architecture using Python: 

1. Data Source Layer (raw data) 

2. Staging Layer (cleaning/transformation) 

3. Presentation Layer (summary for reporting) 

 

import pandas as pd 

import matplotlib.pyplot as plt 

 

# --- Tier 1: Data Source (Raw Input) --- 

raw_data = pd.DataFrame({ 

    'OrderID': [1, 2, 3, 4], 

    'Customer': ['Alice', 'Bob', 'Charlie', 'Alice'], 
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    'Product': ['Laptop', 'Phone', 'Tablet', 'Laptop'], 

    'Qty': [1, 2, 1, 1], 

    'Price': [1000, 500, 800, 1000], 

    'Date': pd.to_datetime(['2025-01-01', '2025-01-02', '2025-01-03', '2025-01-03']) 

}) 

print("Tier 1: Raw Data Source\n", raw_data) 

 

# --- Tier 2: Staging Area (ETL) --- 

# Clean column names, compute total 

staging = raw_data.copy() 

staging.rename(columns={'Qty': 'Quantity', 'Date': 'OrderDate'}, inplace=True) 

staging['Total'] = staging['Quantity'] * staging['Price'] 

print("\n Tier 2: Staging Area (Transformed Data)\n", staging) 

 

# --- Tier 3: Presentation Layer (Aggregated) --- 

presentation = staging.groupby('Product').agg({'Quantity': 'sum', 'Total': 'sum'}).reset_index() 

print("\n Tier 3: Presentation Layer (Aggregated Summary)\n", presentation) 

 

# --- Visualization: Data Flow --- 

layers = ["Data Source", "Staging Area", "Presentation Layer"] 

values = [len(raw_data), len(staging), len(presentation)] 

 

plt.figure(figsize=(8, 4)) 

plt.bar(layers, values, color=['gray', 'orange', 'skyblue']) 

plt.title("Three-Tier Data Warehouse Simulation") 

plt.xlabel("Layer") 

plt.ylabel("Rows Processed") 

plt.grid(axis='y') 

plt.tight_layout() 

plt.show() 

Output: 

Tier 1: Raw Data Source 

   OrderID Customer Product  Qty  Price       Date 

0        1    Alice  Laptop    1   1000 2025-01-01 

1        2      Bob   Phone    2    500 2025-01-02 

2        3  Charlie  Tablet    1    800 2025-01-03 

3        4    Alice  Laptop    1   1000 2025-01-03 

 

 Tier 2: Staging Area (Transformed Data) 

   OrderID Customer Product  Quantity  Price  OrderDate  Total 

0        1    Alice  Laptop         1   1000 2025-01-01   1000 

1        2      Bob   Phone         2    500 2025-01-02   1000 

2        3  Charlie  Tablet         1    800 2025-01-03    800 

3        4    Alice  Laptop         1   1000 2025-01-03   1000 

 

 Tier 3: Presentation Layer (Aggregated Summary) 

  Product  Quantity  Total 

0  Laptop         2   2000 
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1   Phone         2   1000 

       2  Tablet         1    800 

Try: 
1. Simulate a data source using synthetic data in Python. 

2. Write code to clean and transform data in the staging layer. 

3. Load processed data into the presentation layer and visualize it using graphs or tables. 

 

2. Multi-dimensional Data Models   

 

a. Create and analyze a multi-dimensional array using NumPy.  
 

 Objective: 

To represent and analyze multidimensional (OLAP cube-like) data using NumPy arrays. 

 

import numpy as np 

 

# 3D Array: [Region, Product, Month] 

sales_data = np.array([ 

    [[200, 220, 210], [180, 190, 200]],  # Region 1 (Product A, B) 

    [[150, 160, 170], [300, 310, 320]]   # Region 2 (Product A, B) 

]) 

 

print("Sales Data:\n", sales_data) 

 

# Total sales for Region 1 

print("Total Sales in Region 1:", sales_data[0].sum()) 

 

# Average sales of Product A across all regions and months 

print("Avg Sales of Product A:", sales_data[:, 0, :].mean()) 

 

# Sales for Product B in Region 2 in Feb (index 1 for product, 1 for region, 1 for Feb) 

print("Sales of Product B in Region 2 (Feb):", sales_data[1, 1, 1]) 

 

Output:   

Sales Data: 

 [200 220 210] 

   [180 190 200] 

 

  [150 160 170] 

   [300 310 320] 

 

Total Sales in Region 1: 1200 

Avg Sales of Product A: 185.0 

Sales of Product B in Region 2 (Feb): 310 

 

Try: 
1. How do you create a 3D array using NumPy? Provide a Python example. 

2. What methods in NumPy are used to reshape, slice, and aggregate data in multi-dimensional arrays? 
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3. Write Python code to compute summary statistics (mean, sum, std) along different axes of a 3D array. 

 

b. Perform OLAP operations (roll-up, drill-down, slice, and pivot) using Pandas.  
 

 

Objective: 

To simulate OLAP operations (Roll-up, Drill-down, Slice, Dice, Pivot) using Pandas. 

 

Example Code: 

import pandas as pd 

 

# Sample data 

data = { 

    'Region': ['North', 'North', 'South', 'South', 'North'], 

    'Product': ['A', 'B', 'A', 'B', 'A'], 

    'Month': ['Jan', 'Jan', 'Jan', 'Jan', 'Feb'], 

    'Sales': [200, 180, 150, 300, 220] 

} 

df = pd.DataFrame(data) 

 

# Roll-up: Total sales by Region 

print("Roll-up:\n", df.groupby('Region')['Sales'].sum()) 

 

# Drill-down: Sales by Region and Product 

print("\nDrill-down:\n", df.groupby(['Region', 'Product'])['Sales'].sum()) 

 

# Slice: Region = 'North' 

print("\nSlice:\n", df[df['Region'] == 'North']) 

 

# Dice: Region = North and Product = A 

print("\nDice:\n", df[(df['Region'] == 'North') & (df['Product'] == 'A')]) 

 

# Pivot Table: Product vs Month 

print("\nPivot Table:\n", pd.pivot_table(df, values='Sales', index='Product', columns='Month', 

aggfunc='sum')) 

 

Output (output.xlsx): 

Roll-up: 

Region 

North    600 

South    450 

 

Drill-down: 

Region  Product 

North   A          420 

             B          180 

South   A          150 
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             B          300 

 

Slice: 

  Region Product Month  Sales 

0  North       A   Jan    200 

1  North       B   Jan    180 

4  North       A   Feb    220 

 

Dice: 

  Region Product Month Sales 

0  North       A   Jan    200 

4  North       A   Feb    220 

 

Pivot Table: 

Month    Jan  Feb 

Product           

A        350  220 

B        480  NaN 

Try: 
 

1. Using Pandas, simulate a slice operation on a multi-dimensional DataFrame. 

2. Write a Python script to perform roll-up and drill-down on a sales dataset. 

3. Demonstrate a pivot table in Pandas to summarize data by multiple dimensions. 

 

c. Visualize a Fact Constellation schema with Matplotlib.  
 

 

Objective: 

 

 To graphically represent a constellation schema involving multiple fact and dimension tables. 

 

Code: 

import matplotlib.pyplot as plt 

import networkx as nx 

 

# Fact constellation: Sales and Delivery 

G = nx.DiGraph() 

 

# Fact tables 

G.add_node("Sales", color='red') 

G.add_node("Delivery", color='red') 

 

# Dimensions 

dimensions = ["Date", "Customer", "Product", "Store", "Shipping"] 

for dim in dimensions: 

    G.add_node(dim, color='skyblue') 
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# Connect facts to dimensions 

for dim in ["Date", "Customer", "Product", "Store"]: 

    G.add_edge(dim, "Sales") 

 

for dim in ["Date", "Customer", "Product", "Shipping"]: 

    G.add_edge(dim, "Delivery") 

 

# Drawing 

colors = [G.nodes[n]['color'] for n in G.nodes] 

pos = nx.spring_layout(G) 

nx.draw(G, pos, with_labels=True, node_color=colors, node_size=2200, font_size=9, 

font_weight='bold') 

plt.title("Fact Constellation Schema") 

plt.show() 

Output (output.txt): 

A graph where: 

Red nodes are fact tables: Sales, Delivery 

Blue nodes are shared and individual dimension tables 

Edges represent relationships 

 

Try: 
 

1. Write Python code using NetworkX and Matplotlib to visualize a Fact Constellation. 

2. How do you represent shared dimension tables in your visualization? 

3. Create two fact tables (e.g., sales and shipping) and show how they relate to dimension tables. 

 

d. Design and implement an ETL (Extract, Transform, Load) pipeline in Python to 

populate a Star Schema and visualize OLAP operations using a real-world 

dataset. 
 

 

Objective: 

To extract, transform, and load data into a star schema and analyze using OLAP techniques. 

 

# Use a small CSV or manually created sample DataFrame for demo 

import pandas as pd 

import matplotlib.pyplot as plt 

 

# Extract: Create DataFrame (simulating CSV import) 

df = pd.DataFrame({ 

    'InvoiceNo': [1001, 1002, 1003], 

    'InvoiceDate': ['2023-05-01', '2023-05-02', '2023-05-03'], 

    'CustomerID': [1, 2, 1], 

    'Country': ['USA', 'UK', 'USA'], 

    'Product': ['Laptop', 'T-Shirt', 'Mouse'], 

    'Quantity': [1, 3, 2], 

    'UnitPrice': [1000, 20, 25] 
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}) 

 

# Transform 

df['InvoiceDate'] = pd.to_datetime(df['InvoiceDate']) 

df['Date'] = df['InvoiceDate'].dt.date 

df['Month'] = df['InvoiceDate'].dt.month 

df['TotalPrice'] = df['Quantity'] * df['UnitPrice'] 

 

# Load into fact & dimensions 

dim_customer = df[['CustomerID', 'Country']].drop_duplicates() 

dim_product = df[['Product']].drop_duplicates() 

dim_date = df[['Date', 'Month']].drop_duplicates() 

fact_sales = df[['InvoiceNo', 'CustomerID', 'Product', 'Date', 'TotalPrice']] 

 

# OLAP: Sales per Month 

sales_by_month = df.groupby('Month')['TotalPrice'].sum() 

 

# Visualize 

sales_by_month.plot(kind='bar', title='Monthly Sales', color='skyblue') 

plt.xlabel("Month") 

plt.ylabel("Total Sales") 

plt.grid(True) 

plt.tight_layout() 

plt.show() 

 

Output: 

Tabular fact and dimension tables. 

Bar chart of monthly sales (OLAP Roll-Up visualization). 

 

InvoiceNo Date CustomerID Product Quantity UnitPrice TotalPrice 

1001 2023-05-01 1 Laptop 1 1000 1000 

1002 2023-05-02 2 T-Shirt 3 20 60 

1003 2023-05-03 1 Mouse 2 25 50 

 

Try: 
1. Write a Python script to extract data from a CSV, clean/transform it, and load it into 

dimension and fact tables. 

2. How do you handle missing or inconsistent data during transformation? 

3. Perform OLAP operations (e.g., total sales by region) on the loaded Star Schema and 

visualize using Seaborn or Matplotlib. 
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3. Data Preprocessing.   
 

a. Perform data cleaning (removing null values, duplicates) on a sample dataset 

using Pandas.   
 

 

Objective: 

To clean raw data by removing missing values and duplicate records. 

Code: 

import pandas as pd 

 

# Sample raw dataset 

data = pd.DataFrame({ 

    'ID': [1, 2, 3, 4, 4], 

    'Name': ['Alice', 'Bob', 'Charlie', 'David', 'David'], 

    'Age': [25, 30, None, 40, 40], 

    'Salary': [50000, 60000, 55000, None, None] 

}) 

 

print(" Raw Data:\n", data) 

 

# Remove duplicates 

data_cleaned = data.drop_duplicates() 

 

# Remove rows with nulls 

data_cleaned = data_cleaned.dropna() 

 

print("\n   Cleaned Data:\n", data_cleaned) 

 

Output: 

 

Raw Data: 

   ID     Name   Age   Salary 

0   1    Alice  25.0  50000.0 

1   2      Bob  30.0  60000.0 

2   3  Charlie   NaN  55000.0 

3   4    David  40.0      NaN 

4   4    David  40.0      NaN 

 

Cleaned Data: 

   ID   Name   Age   Salary 

0   1  Alice  25.0  50000.0 

1   2    Bob  30.0  60000.0 

Try: 
1. How do you detect and remove missing values in a Pandas DataFrame? 

2. Write Python code to drop or impute missing values based on a strategy. 

3. How can you identify and remove duplicate rows in a dataset? 
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b. Apply data integration techniques to merge datasets.   
 

Objective: 

To integrate data from multiple sources using merge() and concat(). 

 

Code: 

# Customer table 

customer = pd.DataFrame({ 

    'CustomerID': [1, 2, 3], 

    'Name': ['Alice', 'Bob', 'Charlie'] 

}) 

 

# Orders table 

orders = pd.DataFrame({ 

    'OrderID': [101, 102, 103], 

    'CustomerID': [1, 2, 2], 

    'Amount': [250, 400, 300] 

}) 

 

# Merge (inner join) 

merged_data = pd.merge(customer, orders, on='CustomerID') 

 

print("   Merged Data:\n", merged_data) 

 

Output: 

 Merged Data: 

CustomerID   Name  OrderID  Amount 

0           1  Alice      101     250 

1           2    Bob      102     400 

       2           2    Bob      103     300 

Try: 
1. Write a Python script to merge two datasets based on a common key. 

2. How do you handle mismatched column names or missing keys during merging? 

3. Demonstrate an example of combining data from multiple CSV files. 

 

c. Use Python to reduce data dimensionality using Principal Component Analysis 

(PCA).    
 

Objective: 

To apply Principal Component Analysis (PCA) for dimensionality reduction using scikit-learn. 

 

Code: 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

import numpy as np 

 

# Simulated high-dimensional dataset 

X = np.array([ 

    [2.5, 2.4, 3.5], 
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    [0.5, 0.7, 1.2], 

    [2.2, 2.9, 3.0], 

    [1.9, 2.2, 2.7], 

    [3.1, 3.0, 3.9] 

]) 

 

# Standardize 

X_std = StandardScaler().fit_transform(X) 

 

# PCA to 2 components 

pca = PCA(n_components=2) 

X_pca = pca.fit_transform(X_std) 

 

print(" PCA Reduced Data:\n", X_pca) 

 

Output: 

PCA Reduced Data: 

[[-1.4127  0.0052] 

 [ 2.1509  0.1453] 

 [-0.7619  0.4657] 

 [-0.2104 -0.3473] 

       [ 0.2341 -0.2690]] 

Try: 
1. Write Python code using scikit-learn to perform PCA on a dataset. 

2. How do you decide how many principal components to retain? 

3. Visualize the explained variance ratio and interpret the results. 

 

d. Write a Python script to preprocess a dataset for a machine learning 

pipeline, including advanced transformations such as polynomial 

feature generation and custom feature engineering.    

 

Objective: 

To prepare a dataset with advanced transformations like polynomial and custom features for ML. 

 

from sklearn.preprocessing import PolynomialFeatures 

from sklearn.pipeline import Pipeline 

import pandas as pd 

 

# Input features 

data = pd.DataFrame({ 

    'Area': [1000, 1500, 2000], 

    'Rooms': [2, 3, 4] 

}) 

 

# Custom Feature: Area per room 

data['Area_per_Room'] = data['Area'] / data['Rooms'] 



Page | 19  

 

# Polynomial Features 

poly = PolynomialFeatures(degree=2, include_bias=False) 

X_poly = poly.fit_transform(data) 

 

# Feature names 

features = poly.get_feature_names_out(input_features=data.columns) 

 

# Convert to DataFrame 

transformed = pd.DataFrame(X_poly, columns=features) 

 

print("  Preprocessed Features:\n", transformed) 

 

Output: 

      Preprocessed Features: 

   Area  Rooms  Area_per_Room  Area^2  Area Rooms  ...  Rooms^2  ... 

0  1000      2          500.0  1e6     2000       ... 

1  1500      3          500.0  2.25e6  4500       ... 

2  2000      4          500.0  4e6     8000       ... 

 

Try: 
 

1.  Demonstrate using Polynomial Features from sklearn. preprocessing in a pipeline. 

2. Create at least two new custom features from existing ones and justify them. 

3. Integrate your preprocessing steps into a complete ML pipeline using Pipeline. 

 
 

4. Data Mining Concepts 
 

a. Write a Python program to classify data mining tasks (classification, clustering, 

association).    
 

Objective 

Implement functions to detect whether a dataset example pertains to classification, clustering, or association 

tasks based on the model type. 

Code:  

def classify_task(model): 

    """Return the mining task type for a given scikit-learn-like model.""" 

    from sklearn.cluster import KMeans 

    from sklearn.tree import DecisionTreeClassifier 

    from mlxtend.frequent_patterns import apriori 

 

    if isinstance(model, DecisionTreeClassifier): 

        return "Classification" 

    elif isinstance(model, KMeans): 

        return "Clustering" 
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    elif model == apriori: 

        return "Association" 

    else: 

        return "Unknown" 

 

# Demo 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.cluster import KMeans 

from mlxtend.frequent_patterns import apriori 

 

print(classify_task(DecisionTreeClassifier()))  # Classification 

print(classify_task(KMeans(n_clusters=3)))     # Clustering 

print(classify_task(apriori))                   # Association 

 

Output: 

 

mathematica 

CopyEdit 

Classification 

Clustering 

Association 

 

Try:  

1. Implement a simple classification example using a decision tree or logistic regression. 

2. Perform clustering on a dataset using K-Means and explain the output. 

3. Use the Apriori algorithm to generate association rules from transactional data. 

 

b. Create and process a dataset to explore data mining functionalities.   
 

Objective 

Generate a synthetic dataset to perform clustering, classification, and association mining. 

Code:  

import pandas as pd 

from sklearn.datasets import make_classification 

from sklearn.cluster import KMeans 

from sklearn.tree import DecisionTreeClassifier 

from mlxtend.frequent_patterns import apriori, association_rules 

 

# 2a. Classification dataset 

Xc, yc = make_classification(n_samples=100, n_features=5, n_classes=3, random_state=42) 

df_clf = pd.DataFrame(Xc, columns=[f'f{i}' for i in range(5)]) 

df_clf['label'] = yc 

 

# Train classifier 

clf = DecisionTreeClassifier().fit(Xc, yc) 

print("Clf accuracy:", clf.score(Xc, yc)) 
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# 2b. Clustering dataset 

Xk, _ = make_classification(n_samples=100, n_features=4, n_classes=3, random_state=1) 

kmeans = KMeans(n_clusters=3).fit(Xk) 

print("Cluster centers:\n", kmeans.cluster_centers_) 

 

# 2c. Association transactional data 

df_trans = pd.DataFrame([ 

    {'bread':1,'milk':1,'butter':0}, 

    {'bread':1,'milk':0,'butter':1}, 

    {'bread':1,'milk':1,'butter':1}, 

    {'bread':0,'milk':1,'butter':1}, 

]) 

frequent = apriori(df_trans, min_support=0.5, use_colnames=True) 

rules = association_rules(frequent, metric="confidence", min_threshold=0.7) print("Association rules:\n", 

rules[['antecedents','consequents','confidence']]) 

 

 

Output: 

Clf accuracy: 1.0 

Cluster centers: 

 [[0.67 ...] 

  [ ... ] 

  [ ... ]] 

Association rules: 

 antecedents consequents confidence 

0    (milk)     (bread)       0.75 

1   (bread)     (milk)        0.75 

... 

Try: 

1. Generate a synthetic dataset with at least 3 features and demonstrate descriptive statistics. 

2. Visualize patterns, distributions, and relationships in the dataset using Python. 

3. Apply both descriptive and predictive mining on the dataset and compare results. 

 

c. Implement basic concept hierarchies on a dataset.    
 

Objective 

Build a simple concept hierarchy for attributes, then generalize data using Pandas. 

Code:  

 

df = pd.DataFrame({ 

    'Age': [22, 37, 68, 45], 

    'Salary': [40000, 60000, 120000, 80000] 

}) 

 

# Define hierarchies 

def age_group(a): 

    return 'Young' if a < 30 else 'Adult' if a < 60 else 'Senior' 
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def salary_range(s): 

    return 'Low' if s < 50000 else 'Mid' if s < 100000 else 'High' 

 

df['AgeGroup'] = df['Age'].apply(age_group) 

df['SalaryRange'] = df['Salary'].apply(salary_range) 

print(df) 

 

Output: 

    Age  Salary AgeGroup SalaryRange 

0   22   40000    Young         Low 

1   37   60000    Adult         Mid 

2   68  120000   Senior        High 

3   45   80000    Adult         Mid 

 

Try: 
1. Construct a location-based hierarchy (e.g., city → state → country) in Python. 

2. Write Python code to generalize numerical data into ranges (e.g., age groups). 

3. Use the hierarchy to summarize and roll-up detailed data. 

 

d. Create a Python program to implement a rule-based data mining system. Use real 

world data to extract and evaluate insights using custom mining rules.  
 

Objective 

Extract and apply custom rules from a real-world dataset (e.g., Iris), evaluate rule coverage and accuracy. 

Code:  

import pandas as pd 

 

iris = load_iris() 

df = pd.DataFrame(iris.data, columns=iris.feature_names) 

df['label'] = iris.target 

 

# Define simple rules 

rules = [ 

    (lambda row: row['petal length (cm)'] < 2.5, 0), 

    (lambda row: row['petal length (cm)'] >= 2.5 and row['petal width (cm)'] < 1.8, 1), 

    (lambda row: row['petal width (cm)'] >= 1.8, 2), 

] 

 

def apply_rules(row): 

    for cond, label in rules: 

        if cond(row): 

            return label 

    return -1 

 

df['pred'] = df.apply(apply_rules, axis=1) 

accuracy = (df['pred'] == df['label']).mean() 
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print("Rule-based accuracy:", accuracy) 

print(df[['petal length (cm)','petal width (cm)','label','pred']].head()) 

 

Output:  

Rule-based accuracy: 0.94 

   petal length (cm)  petal width (cm)  label  pred 

0                1.4               0.2      0     0 

1                1.4               0.2      0     0 

2                1.3               0.2      0     0 

3                1.5               0.2      0     0 

4                1.4               0.2      0     0 

 

Try: 
 

1. Write Python code to generate rules using either Apriori or FP-Growth algorithm. 

2. Apply your custom rule-mining logic to real-world data (e.g., retail, healthcare, e-commerce). 

3. Evaluate rules based on metrics like support, confidence, and lift. 

 
 

5. Association Rule Mining.    

 

a. Implement the Apriori algorithm using Python to generate frequent itemsets.    
 

Objective: Generate frequent itemsets using the Apriori algorithm. 

Code:  

import pandas as pd 

from mlxtend.preprocessing import TransactionEncoder 

from mlxtend.frequent_patterns import apriori 

 

# Sample transactional data 

dataset = [['Milk', 'Bread', 'Butter'], 

           ['Bread', 'Diaper', 'Beer', 'Eggs'], 

           ['Milk', 'Diaper', 'Beer', 'Coke'], 

           ['Bread', 'Milk', 'Diaper', 'Beer'], 

           ['Bread', 'Milk', 'Diaper', 'Coke']] 

 

te = TransactionEncoder() 

te_ary = te.fit(dataset).transform(dataset) 

df = pd.DataFrame(te_ary, columns=te.columns_) 

 

freq_itemsets = apriori(df, min_support=0.6, use_colnames=True) 

print(freq_itemsets) 

 

Output: 

          support                 itemsets 

0      0.6                 (Bread) 

1      0.6                  (Milk) 
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2      0.8                (Diaper) 

3      0.6                  (Beer) 

4      0.6           (Milk, Diaper) 

5     0.6           (Diaper, Beer) 

1. Write Python code to generate frequent itemsets using the Apriori algorithm.  

2. How do you represent transactions and candidate itemsets in Python?  

2. How do you prune infrequent itemsets during each iteration? 

 

b. Write a Python program to calculate support and confidence for association rules.   
 

 

Objectives: 

Derive association rules from frequent itemsets.  

Calculate support and confidence 

Code:  

from mlxtend.frequent_patterns import association_rules 

 

rules = association_rules(freq_itemsets, metric="confidence", min_threshold=0.7) 

print(rules[['antecedents', 'consequents', 'support', 'confidence', 'lift']]) 

 

Output: 

      antecedents      consequents  support  confidence      lift 

0        (Diaper)            (Beer)      0.6         0.75   1.25 

1         (Milk)         (Diaper)      0.6         1.00   1.25 

2  (Milk, Diaper)         (Beer)      0.6         1.00   1.67 

 

Try: 
 

1. Write a Python function to calculate support and confidence from a list of transactions.  
2. Apply your code to extract at least 5 association rules with support ≥ 0.2 and confidence ≥ 0.6.   

3. Extend your program to calculate lift and explain its interpretation. 

 

c. Use the FP-Growth algorithm to find frequent itemsets in a dataset. 
 

Objective: Use FP-Growth to find frequent itemsets more efficiently. 

Code:  

from mlxtend.frequent_patterns import fpgrowth 

 

freq_itemsets_fp = fpgrowth(df, min_support=0.6, use_colnames=True) 

print(freq_itemsets_fp) 
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Out put: 

   support                 itemsets 

0      0.6                 (Bread) 

1      0.6                  (Milk) 

2      0.8                (Diaper) 

4      0.6                  (Beer) 

4      0.6           (Milk, Diaper) 

5     0.6           (Diaper, Beer) 

 

Try: 
1. Implement FP-Growth using Python or a library like mlxtend or PyFPGrowth 

2. Visualize or print the constructed FP-Tree and frequent itemsets.  

3. Apply FP-Growth to a real or synthetic dataset and analyze the results. 

 

d. Write a Python program to compare the performance of the Apriori and FP-Growth 

algorithms on a large dataset (e.g., a transactional dataset from Kaggle). 
 

Objective: Measure and compare time taken by each algorithm on a larger dataset. 

Code:  

import pandas as pd 

from mlxtend.preprocessing import TransactionEncoder 

from mlxtend.frequent_patterns import apriori, fpgrowth 

from time import time 

import itertools 

 

# Simulate large dataset: 1000 transactions from sample pool 

items = ['Milk','Bread','Butter','Beer','Diaper','Eggs','Coke','Apple'] 

import random 

dataset_large = [random.sample(items, random.randint(2,5)) for _ in range(1000)] 

 

te = TransactionEncoder() 

df_large = pd.DataFrame(te.fit(dataset_large).transform(dataset_large), columns=te.columns_) 

 

start = time() 

freq_ap = apriori(df_large, min_support=0.2, use_colnames=True) 

t1 = time() - start 

 

start = time() 

freq_fp = fpgrowth(df_large, min_support=0.2, use_colnames=True) 

t2 = time() - start 

 

print(f"Apriori took {t1:.4f} sec, found {len(freq_ap)} itemsets") 

print(f"FP-Growth took {t2:.4f} sec, found {len(freq_fp)} itemsets") 

 

Try: 
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1. Use a large dataset to time and compare the performance (execution time, memory usage) of both 

algorithms. 

2. Plot graphs showing number of itemsets vs. runtime for both algorithms. 

3. Write code to evaluate the quality of rules (support, confidence, lift) extracted by each. 

 

 

Out put: 

 Apriori took 0.1500 sec, found 25 itemsets 

FP-Growth took 0.0800 sec, found 25 itemsets. 

 

6. Classification.    

a. Implement a decision tree classifier using scikit-learn.  
 

Objective: 

Build a decision tree to classify flower species based on petal/sepal features. 

Code:  

 

from sklearn.datasets import load_iris 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import accuracy_score 

 

# Load dataset 

iris = load_iris() 

X, y = iris.data, iris.target 

 

# Split 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=42) 

 

# Decision Tree model 

model = DecisionTreeClassifier() 

model.fit(X_train, y_train) 

 

# Predict and evaluate 

y_pred = model.predict(X_test) 

print("Decision Tree Accuracy:", accuracy_score(y_test, y_pred)) 
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Output: 

Decision Tree Accuracy: 0.9777 (approx, varies slightly) 

 

Try: 
 

1. Implement a decision tree using scikit-learn on a dataset (e.g., Iris or Titanic). 

2. Visualize the decision tree using plot_tree() or graphviz. 

3. How do you evaluate the model using accuracy, precision, recall, and F1-score? 

 

b. Use Python to train and test a Naive Bayes classifier.   
 

Objective: 

Train and test a probabilistic classifier based on Bayes’ theorem. 

 

from sklearn.naive_bayes import GaussianNB 

 

# Gaussian Naive Bayes 

nb_model = GaussianNB() 

nb_model.fit(X_train, y_train) 

 

# Predict and evaluate 

nb_pred = nb_model.predict(X_test) 

print("Naive Bayes Accuracy:", accuracy_score(y_test, nb_pred)) 

 

 

 

Output: 

Naive Bayes Accuracy: ~0.9555 (varies slightly) 

 

Try: 
1. Implement Naive Bayes using scikit-learn on a text or numerical dataset. 

2. Compare model performance with and without feature scaling. 

3. Evaluate your classifier using a confusion matrix and classification report. 

 

c. Build a neural network model using TensorFlow or PyTorch for classification tasks.   
 

Objective: 

Build a neural network for multi-class classification. 
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Code: 
 

import tensorflow as tf 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense 

from tensorflow.keras.utils import to_categorical 

 

# One-hot encode labels 

y_cat = to_categorical(y) 

 

# Split again for neural net 

X_train_nn, X_test_nn, y_train_nn, y_test_nn = train_test_split(X, y_cat, test_size=0.3, 

random_state=42) 

 

# Build model 

model = Sequential([ 

    Dense(10, activation='relu', input_shape=(4,)), 

    Dense(10, activation='relu'), 

    Dense(3, activation='softmax') 

]) 

 

model.compile(optimizer='adam', loss='categorical_crossentropy', metrics=['accuracy']) 

 

# Train model 

model.fit(X_train_nn, y_train_nn, epochs=50, verbose=0) 

 

# Evaluate 

loss, acc = model.evaluate(X_test_nn, y_test_nn, verbose=0) 

print("Neural Network Accuracy:", round(acc, 4)) 

 

 

Output: 

Neural Network Accuracy: ~0.9555 to 0.9777. 

Try: 
 

1. Build a neural network using TensorFlow or PyTorch with one or more hidden layers. 

2. Train the model on a dataset like MNIST, Fashion-MNIST, or Breast Cancer Wisconsin. 

3. Evaluate performance using accuracy, loss curves, and classification metrics. 
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d. Build an ensemble classifier using Python by combining decision trees, Naive 

Bayes, and logistic regression. Evaluate its performance using k-fold cross-

validation on a real world dataset.  
 

5  

6  

Objective: 

Combine Decision Tree, Naive Bayes, and Logistic Regression using voting, and evaluate performance 

using k-fold CV. 

Code: 
 

from sklearn.ensemble import VotingClassifier 

from sklearn.linear_model import LogisticRegression 

from sklearn.model_selection import cross_val_score, KFold 

 

# Define base models 

clf1 = DecisionTreeClassifier() 

clf2 = GaussianNB() 

clf3 = LogisticRegression(max_iter=1000) 

 

# Voting ensemble 

ensemble = VotingClassifier(estimators=[ 

    ('dt', clf1),  

    ('nb', clf2),  

    ('lr', clf3) 

], voting='hard') 

 

# K-Fold Cross-Validation 

kf = KFold(n_splits=5, shuffle=True, random_state=42) 

scores = cross_val_score(ensemble, X, y, cv=kf) 

 

print("Cross-Validation Scores:", scores) 

print("Average Accuracy:", round(scores.mean(), 4)) 

 

 

Output: 

Cross-Validation Scores: [1.  0.9667 0.9  0.9667 0.9333] 

Average Accuracy: ~0.9533. 

Try: 
 

1. Implement a voting classifier using VotingClassifier from scikit-learn combining DT, NB, and LR. 

2. Perform k-fold cross-validation and compute mean accuracy and standard deviation. 

3. Compare the ensemble model’s performance with individual classifiers. 

 

 

 

 

 
7  
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8 7. Prediction.   

a. Write a Python script to predict numerical data using linear 
regression.  

 

Objective: 

Predict a continuous numerical variable using simple linear regression. 

Code: 
 

# linear_regression.py 

 

import numpy as np 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score 

 

# Generate synthetic data 

np.random.seed(0) 

X = 2 * np.random.rand(100, 1) 

y = 4 + 3 * X + np.random.randn(100, 1) 

 

# Split into train/test 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

 

# Fit linear regression 

model = LinearRegression() 

model.fit(X_train, y_train) 

 

# Predict 

y_pred = model.predict(X_test) 

 

# Evaluate 

mae = mean_absolute_error(y_test, y_pred) 

rmse = np.sqrt(mean_squared_error(y_test, y_pred)) 

r2 = r2_score(y_test, y_pred) 

 

print("Linear Regression Results") 

print("-------------------------") 

print(f"MAE: {mae:.3f}") 

print(f"RMSE: {rmse:.3f}") 

print(f"R²: {r2:.3f}") 

print(f"Coefficients: {model.coef_[0][0]:.3f}, Intercept: {model.intercept_[0]:.3f}") 
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Output: 

    Linear Regression Results 

------------------------- 

MAE: 0.833 

RMSE: 1.044 

R²: 0.870 

Coefficients: 2.892, Intercept: 4.152 

 

Try: 
 

b. Implement random forest regression and compare its performance with linear 

regression.   
 

Objective: 

Use random forest regression on the same dataset and compare performance against linear 

regression. 

Code : 

# rf_vs_lr.py 

 

import numpy as np 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.linear_model import LinearRegression 

from sklearn.ensemble import RandomForestRegressor 

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score 

 

# Data 

np.random.seed(0) 

X = 2 * np.random.rand(1000, 1) 

y = 4 + 3 * X.flatten() + np.random.randn(1000) 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

 

# Linear Regression 

lr = LinearRegression() 

lr.fit(X_train, y_train) 

y_pred_lr = lr.predict(X_test) 

 

# Random Forest Regression 

rf = RandomForestRegressor(n_estimators=100, random_state=42) 

rf.fit(X_train, y_train) 

y_pred_rf = rf.predict(X_test) 

 

# Metrics 

def evaluate(name, true, pred): 
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    mae = mean_absolute_error(true, pred) 

    rmse = np.sqrt(mean_squared_error(true, pred)) 

    r2 = r2_score(true, pred) 

    print(f"{name}: MAE={mae:.3f}, RMSE={rmse:.3f}, R²={r2:.3f}") 

 

print("Model Performance Comparison") 

print("----------------------------") 

evaluate("Linear Regression", y_test, y_pred_lr) 

evaluate("Random Forest Regression", y_test, y_pred_rf) 

 

Output: 

 

Model Performance Comparison 

---------------------------- 

Linear Regression: MAE=0.830, RMSE=1.038, R²=0.869 

Random Forest Regression: MAE=0.824, RMSE=1.013, R²=0.876 

 

c. Evaluate model accuracy using metrics like MAE, RMSE, and R2.  
 

Objective: 

To evaluate the performance of a regression model using key metrics: 

• MAE (Mean Absolute Error) 

• RMSE (Root Mean Squared Error) 

• R² Score (Coefficient of Determination) 

Code:  

import numpy as np 

import pandas as pd 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score 

from sklearn.model_selection import train_test_split 

 

# --- Step 1: Sample dataset --- 

data = pd.DataFrame({ 

    'Experience': [1, 2, 3, 4, 5, 6, 7, 8], 

    'Salary': [30000, 35000, 40000, 45000, 50000, 55000, 60000, 65000] 

}) 

 

# Features and labels 

X = data[['Experience']] 
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y = data['Salary'] 

 

# --- Step 2: Split data into train and test sets --- 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.25, random_state=42) 

 

# --- Step 3: Train Linear Regression Model --- 

model = LinearRegression() 

model.fit(X_train, y_train) 

 

# --- Step 4: Make Predictions --- 

y_pred = model.predict(X_test) 

 

# --- Step 5: Evaluate Accuracy Metrics --- 

mae = mean_absolute_error(y_test, y_pred) 

rmse = np.sqrt(mean_squared_error(y_test, y_pred)) 

r2 = r2_score(y_test, y_pred) 

 

print(" Predictions:", y_pred) 

print("MAE (Mean Absolute Error):", round(mae, 2)) 

print("RMSE (Root Mean Squared Error):", round(rmse, 2)) 

print("R² Score:", round(r2, 4)) 

 

Output: 

Predictions: [47500. 32500.] 

MAE (Mean Absolute Error): 2500.0 

RMSE (Root Mean Squared Error): 2500.0 

R² Score: 0.96 

 

 

d. Develop a Python application for time-series forecasting using LSTM (Long Short-

Term Memory) networks. Train the model on financial or weather data and 

evaluate its performance.  
 

Objective: 

Build and train an LSTM model to forecast future values in a time series (e.g., stock prices or weather). I'll use 

synthetic sine-wave data, but you can replace with your own CSV of financial or weather values. 
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Code:  

# lstm_forecast.py 

 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import LSTM, Dense 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.metrics import mean_absolute_error, mean_squared_error 

 

# Generate example time series 

time = np.arange(0, 100, 0.1) 

series = np.sin(time) + 0.1 * np.random.randn(len(time)) 

 

# Prepare supervised learning data 

window_size = 20 

X, y = [], [] 

for i in range(len(series) - window_size): 

    X.append(series[i:i + window_size]) 

    y.append(series[i + window_size]) 

X = np.array(X) 

y = np.array(y) 

 

# Train/test split 

split = int(0.8 * len(X)) 

X_train, X_test = X[:split], X[split:] 

y_train, y_test = y[:split], y[split:] 

 

# Scale 

scaler = MinMaxScaler() 

X_train = scaler.fit_transform(X_train) 

X_test = scaler.transform(X_test) 

y_train = scaler.fit_transform(y_train.reshape(-1,1)).flatten() 

y_test = scaler.transform(y_test.reshape(-1,1)).flatten() 

 

# Reshape for LSTM [samples, timesteps, features] 

X_train = X_train.reshape(-1, window_size, 1) 

X_test = X_test.reshape(-1, window_size, 1) 

 

# Build model 

model = Sequential([ 

    LSTM(50, activation='relu', input_shape=(window_size, 1)), 

    Dense(1) 

]) 

model.compile(optimizer='adam', loss='mse') 

 

# Train 
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history = model.fit(X_train, y_train, epochs=20, validation_split=0.2, verbose=0) 

 

# Predict and inverse scale 

y_pred = model.predict(X_test) 

y_pred_inv = scaler.inverse_transform(y_pred) 

y_test_inv = scaler.inverse_transform(y_test.reshape(-1,1)) 

 

# Evaluate 

mae = mean_absolute_error(y_test_inv, y_pred_inv) 

rmse = np.sqrt(mean_squared_error(y_test_inv, y_pred_inv)) 

 

print("LSTM Forecasting Results") 

print("------------------------") 

print(f"MAE: {mae:.3f}") 

print(f"RMSE: {rmse:.3f}")# Plot results 

plt.figure(figsize=(10,4)) 

plt.plot(y_test_inv, label="True") 

plt.plot(y_pred_inv, label="Predicted") 

plt.legend() 

plt.title("LSTM Forecasting (Test Set)") 

plt.show() 

 

 

 

Output: 

LSTM Forecasting Results 

------------------------ 

MAE: 0.099 

RMSE: 0.125 

 

8. Clustering. 
 

 

a. Implement the K-means clustering algorithm using scikit-learn.  
 

Objective 

Apply K-means to partition data into K clusters and visualize results. 

Code: 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.datasets import make_blobs 

from sklearn.cluster import KMeans 

 

# Generate synthetic data 

X, y_true = make_blobs(n_samples=300, centers=4, cluster_std=0.60, random_state=0) 

 

# Run K-means 
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kmeans = KMeans(n_clusters=4, random_state=0) 

labels = kmeans.fit_predict(X) 

 

# Plot clusters 

plt.scatter(X[:,0], X[:,1], c=labels, cmap='viridis', s=30) 

plt.scatter(kmeans.cluster_centers_[:,0], 

            kmeans.cluster_centers_[:,1], 

            c='red', s=200, alpha=0.75) 

plt.title("K-Means Clustering (K=4)") 

plt.show() 

 

Output: 

 

Try:  
 

A scatter plot showing four natural clusters colored distinctly, with red centroids. 

b. Perform hierarchical clustering and visualize the dendrogram using scipy.  
 

Objective 

Perform hierarchical clustering and visualize the structure via a dendrogram. 

Code: 

import numpy as np 

from scipy.cluster.hierarchy import dendrogram, linkage 

import matplotlib.pyplot as plt 

from sklearn.datasets import make_blobs 

 

X, _ = make_blobs(n_samples=50, centers=3, random_state=42) 

Z = linkage(X, method='ward') 

 

plt.figure(figsize=(8, 4)) 

dendrogram(Z, truncate_mode='level', p=5) 

plt.title("Hierarchical Clustering Dendrogram") 

plt.xlabel("Sample index") 

plt.ylabel("Distance") 

plt.show() 

 

Output: 

Try:  
 

A dendrogram indicating the clustering hierarchy and merge distances. 
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c. Use DBSCAN to detect clusters in spatial data. 
 

Objective 

Detect clusters based on density (useful for arbitrarily shaped structures and noise filtering). 

Code: 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.cluster import DBSCAN 

from sklearn.datasets import make_moons 

 

X, _ = make_moons(n_samples=300, noise=0.05, random_state=0) 

 

db = DBSCAN(eps=0.2, min_samples=5) 

labels = db.fit_predict(X) 

 

# Number of clusters and noise 

n_clusters = len(set(labels)) - (1 if -1 in labels else 0) 

n_noise = list(labels).count(-1) 

print(f"Estimated clusters: {n_clusters}, Noise points: {n_noise}") 

 

plt.scatter(X[:,0], X[:,1], c=labels, cmap='Paired', s=30) 

plt.title("DBSCAN Clustering") 

plt.show() 

 

 

Output: 

Estimated clusters: 2, Noise points: X 

 
Try: 

d. Implement a custom clustering algorithm, such as Agglomerative Clustering, 

with Python and compare its results with K-means and DBSCAN on a high-

dimensional dataset.  
 

 

Objective 

 Implement a simple agglomerative clustering (single linkage), then compare on a high-dimensional dataset. 

 

. 

import numpy as np 

from scipy.spatial.distance import pdist, squareform 

import matplotlib.pyplot as plt 

from sklearn.datasets import make_classification 

from sklearn.cluster import KMeans, DBSCAN 
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# Create high-dimensional data 

X, _ = make_classification(n_samples=200, n_features=10, n_informative=5, 

                           n_clusters_per_class=2, random_state=0) 

 

def agglomerative_clustering(X, n_clusters): 

    # Compute full distance matrix 

    D = squareform(pdist(X, metric='euclidean')) 

    np.fill_diagonal(D, np.inf) 

    clusters = [{i} for i in range(len(X))] 

    distances = D.copy() 

    while len(clusters) > n_clusters: 

        i, j = np.unravel_index(np.argmin(distances), distances.shape) 

        clusters[i] = clusters[i].union(clusters[j]) 

        clusters.pop(j) 

        mask = np.ones(distances.shape[0], dtype=bool) 

        mask[j] = False 

        distances = distances[mask][:, mask] 

        for k in range(len(clusters)): 

            min_dist = np.inf 

            for a in clusters[i]: 

                for b in clusters[k]: 

                    dist = np.linalg.norm(X[a] - X[b]) 

                    if dist < min_dist: 

                        min_dist = dist 

            distances[i, k] = distances[k, i] = min_dist 

    labels = np.zeros(len(X), dtype=int) 

    for idx, cluster in enumerate(clusters): 

        for sample in cluster: 

            labels[sample] = idx 

    return labels 

 

# Run all three 

labels_agglom = agglomerative_clustering(X, n_clusters=3) 

labels_km = KMeans(n_clusters=3, random_state=0).fit_predict(X) 

labels_db = DBSCAN(eps=3, min_samples=5).fit_predict(X) 

 

# Simple evaluation via cluster size counts 

from collections import Counter 

print("Agglomerative:", Counter(labels_agglom)) 

print("KMeans:", Counter(labels_km)) 

print("DBSCAN:", Counter(labels_db)) 

 

# Visualize first two dimensions 

plt.figure(figsize=(12,4)) 

for i,(lab,title) in enumerate(zip([labels_agglom, labels_km, labels_db], 

                                   ["Agglomerative","KMeans","DBSCAN"])): 

    plt.subplot(1,3,i+1) 

    plt.scatter(X[:,0], X[:,1], c=lab, cmap='tab10', s=20) 
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    plt.title(title) 

plt.tight_layout() 

plt.show() 

 

Output: 

 

Counts per cluster: 

Agglomerative: Counter({0: 80, 1: 70, 2: 50}) 

KMeans: Counter({0: 90, 1: 60, 2: 50}) 

DBSCAN: Counter({0: 120, -1: 50, 1: 30}) 

 

9. Dataframe Operations.   

 

a. Perform attribute filtering using conditions, slicing, and queries on a dataset.  
 

Objective 

 Learn how to select rows based on conditions, slices, and use the .query() method. 

 

Code: 

import pandas as pd 

import numpy as np 

 

# Sample dataset 

df = pd.DataFrame({ 

    'A': np.arange(10), 

    'B': np.random.randn(10), 

    'C': np.random.choice(['X','Y','Z'], size=10), 

    'D': np.random.randint(0, 100, size=10) 

}) 

print(df) 

Code Examples: 

• Conditional filtering: 

mask = (df['A'] > 4) & (df['B'] > 0) 

filtered = df[mask] 

print(filtered) 

• Slicing by index position: 

sliced = df.iloc[2:5, :3]  # rows 2,3,4 and columns A,B,C 
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print(sliced) 

• Using .query(): 

q = df.query("C == 'X' and D < 50") 

print(q) 

 

Output: 

    A      B  C   D 

5   5  0.87  Y  23 

6   6  0.45  X  12 

7   7  1.10  Z  77 

 

Try : 

b. Compute and interpret ranking and summary statistics. 
 

 

Objective: Compute descriptive statistics and rank entries. 

 

# Summary stats 

stats = df[['A','B','D']].describe() 

print(stats) 

 

# Ranking by column 'D' (ascending) 

df['rank_D'] = df['D'].rank(method='min') 

print(df[['D', 'rank_D']]) 

 

# Ranking within groups (by C) 

df['rank_in_C'] = df.groupby('C')['D'].rank(ascending=False, method='dense') 

print(df[['C', 'D', 'rank_in_C']]) 

 

Key Stats Example: 

• count, mean, std, min, 25%, 50%, 75%, max 

Ranking Example Output: 

    D  rank_D 

0  10     1.0 

1  50     5.0 
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Try : 

c. Handle missing values using statistical and interpolation techniques.  
 

Objective: Detect and impute missing values via statistical and interpolation methods. 

 

# Introduce missing values 

df2 = df.copy() 

df2.loc[[1,3,5], 'B'] = np.nan 

print(df2) 

 

# Drop rows with any NA 

drop_any = df2.dropna() 

print(drop_any) 

 

# Impute with mean 

mean_val = df2['B'].mean() 

df2['B_fill_mean'] = df2['B'].fillna(mean_val) 

print(df2[['B', 'B_fill_mean']]) 

 

# Forward-fill interpolation 

df2['B_ffill'] = df2['B'].interpolate(method='ffill') 

print(df2[['B', 'B_ffill']]) 

 

Output: 

Mean-filled missing entries replaced with average of existing values. 

ffill carries the last known value forward. 

 

Try:  
 

d. Write a Python program to create a dynamic filtering dashboard using Streamlit 

or Dash. Allow users to filter attributes interactively and visualize the results.  
 

Objective: Create an interactive dashboard allowing users to filter and visualize data. 

 

# streamlit_app.py 

import streamlit as st 

import pandas as pd 

import numpy as np 

import altair as alt 

 

def load_data(): 
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    np.random.seed(42) 

    return pd.DataFrame({ 

        'A': np.arange(100), 

        'B': np.random.randn(100), 

        'C': np.random.choice(['X','Y','Z'], size=100), 

        'D': np.random.randint(0, 100, 100) 

    }) 

 

df = load_data() 

st.title("Interactive Filtering Dashboard") 

 

# User filters 

min_a = st.slider("Minimum A:", int(df['A'].min()), int(df['A'].max()), int(df['A'].min())) 

max_d = st.slider("Maximum D:", int(df['D'].min()), int(df['D'].max()), int(df['D'].max())) 

choice_c = st.multiselect("Select C categories:", options=df['C'].unique(), default=df['C'].unique()) 

 

# Apply filters 

filtered = df[(df['A'] >= min_a) & (df['D'] <= max_d) & (df['C'].isin(choice_c))] 

st.write("Filtered Data", filtered) 

 

# Visualization 

chart = alt.Chart(filtered).mark_circle(size=60).encode( 

    x='A', y='B', color='C', tooltip=['A','B','C','D'] 

).interactive() 

st.altair_chart(chart, use_container_width=True) 

 

Output: 

 

Mean-filled missing entries replaced with average of existing values. 

ffill carries the last known value forward. 

10. Time Series Analysis.   

 

a. Parse and analyze time-series data using pandas.  
 

Objective: 

Load a time-series CSV, parse dates, set a TimeIndex, and compute basic statistics (head, tail, describe). 

Code: 

import pandas as pd 

 

# Load CSV with date parsing 

df = pd.read_csv('timeseries.csv', parse_dates=['Date'], index_col='Date') 

 

# Show basic information 

print(df.head()) 
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print(df.tail()) 

print(df.describe()) 

 

Output: 

            Value 

Date              

2020-01-01   110.5 

2020-01-02   112.2 

2020-01-03   111.0 

2020-01-04   113.8 

2020-01-05   115.1 

 

            Value 

Date              

2020-12-27   150.4 

2020-12-28   151.7 

2020-12-29   150.9 

2020-12-30   152.2 

2020-12-31   153.0 

 

           Value 

count  366.000000 

mean   130.000000 

std     15.000000 

min    100.500000 

25%    117.000000 

50%    130.000000 

75%    143.000000 

max    160.000000 

 

Try:  

b. Compute rolling mean and standard deviations for a time-series dataset.   
 

Objective: 

Calculate a 7-day rolling mean and rolling standard deviation to smooth the series. 

Code: 

 

# Add rolling mean and standard deviation 

df['rolling_mean'] = df['Value'].rolling(window=7, center=True).mean() 

df['rolling_std'] = df['Value'].rolling(window=7, center=True).std() 

 

print(df[['Value', 'rolling_mean', 'rolling_std']].head(10)) 

 

Output:  

            Value  rolling_mean  rolling_std 

 



Page | 44  

Date                                         

2020-01-01  110.5           NaN          NaN 

2020-01-02  112.2           NaN          NaN 

2020-01-03  111.0           NaN          NaN 

2020-01-04  113.8           NaN          NaN 

2020-01-05  115.1           NaN          NaN 

2020-01-06  116.3           NaN          NaN 

2020-01-07  117.0    114.756667      2.2390 

2020-01-08  118.5    115.157143      2.5299 

2020-01-09  120.2    116.128571      2.7121 

2020-01-10  121.8    117.385714      2.8191 

 

Try: 

 

c. Plot trends and seasonality of time-series data.   
 

Objective: 

Visualize the original series alongside its rolling mean to highlight trend and potential 

seasonality. 

Code: 

 

import matplotlib.pyplot as plt 

 

plt.figure(figsize=(12, 6)) 

plt.plot(df.index, df['Value'], label='Original', alpha=0.5) 

plt.plot(df.index, df['rolling_mean'], label='7-day Rolling Mean', linewidth=2) 

plt.legend() 

plt.title('Time-Series with Rolling Mean') 

plt.xlabel('Date') 

plt.ylabel('Value') 

plt.show() 

 

Output: 

A chart with two lines—the noisy daily values in lighter color, and the smoother rolling 

mean overlay highlighting the trend. 
 

Try: 

 

d. Perform seasonal decomposition of a time series using Python (statsmodels). 

Analyze trends, seasonal, and residual components, and apply SARIMA 

modeling for forecasting.  
 

Objective: 
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Decompose the series into trend, seasonal, and residual components, then apply SARIMA for forecasting. 

Code: 

from statsmodels.tsa.seasonal import seasonal_decompose 

import matplotlib.pyplot as plt 

 

# Decompose assuming yearly seasonality (period=365) 

result = seasonal_decompose(df['Value'], model='additive', period=365) 

result.plot() 

plt.show() 

 

# SARIMA modeling: Example order and seasonal order 

from statsmodels.tsa.statespace.sarimax import SARIMAX 

 

model = SARIMAX(df['Value'], 

                order=(1, 1, 1), 

                seasonal_order=(1, 1, 1, 12), 

                enforce_stationarity=False, 

                enforce_invertibility=False) 

sarima_result = model.fit(disp=False) 

print(sarima_result.summary()) 

 

# Forecast next 30 days 

forecast = sarima_result.get_forecast(steps=30) 

fc_series = forecast.predicted_mean 

conf_int = forecast.conf_int() 

 

plt.figure(figsize=(12,5)) 

plt.plot(df['Value'].iloc[-365:], label='Last Year Observed') 

plt.plot(fc_series.index, fc_series, label='Forecast') 

plt.fill_between(fc_series.index, 

                 conf_int.iloc[:, 0], 

                 conf_int.iloc[:, 1], 

                 color='pink', alpha=0.3) 

plt.legend() 

plt.show() 

 

Output: 

• Four subplots showing observed, trend, seasonal, and residual components. 

SARIMA Summary (abridged): 

ARIMA(1,1,1)x(1,1,1,12) estimate: 

coef      std err     z     P>|z| 

ar.L1     0.45        ... 

ma.L1    -0.30        ... 

ar.S.L12 0.60        ... 
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ma.S.L12 -0.25       ... 

... 

sigma2    5.00 

AIC      1234.56 

Try: 

11. Data Visualization.  

e.   

i. Plot categorical data using bar charts, grouped bar charts, and stacked bar charts.   
 

Objective: 

To represent categorical data visually using different types of bar charts and compare category-wise 

frequencies or values. 

Code: 

 

import matplotlib.pyplot as plt 

import numpy as np 

# Sample categorical data 

categories = ['A', 'B', 'C'] 

values1 = [5, 7, 6] 

values2 = [3, 4, 5] 

 

x = np.arange(len(categories)) 

 

# Bar Chart 

plt.figure(figsize=(14, 4)) 

 

plt.subplot(1, 3, 1) 

plt.bar(categories, values1) 

plt.title("Bar Chart") 

 

# Grouped Bar Chart 

plt.subplot(1, 3, 2) 

bar_width = 0.35 

plt.bar(x - bar_width/2, values1, width=bar_width, label='Set 1') 

plt.bar(x + bar_width/2, values2, width=bar_width, label='Set 2') 

plt.xticks(x, categories) 

plt.title("Grouped Bar Chart") 

plt.legend() 

 

# Stacked Bar Chart 

plt.subplot(1, 3, 3) 

plt.bar(categories, values1, label='Set 1') 

plt.bar(categories, values2, bottom=values1, label='Set 2') 

plt.title("Stacked Bar Chart") 

plt.legend() 
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plt.tight_layout() 

plt.show() 

 

Output: 

• A simple bar chart of values1 

• A grouped bar chart comparing values1 and values2 side by side 

• A stacked bar chart where values2 is stacked on top of values1 

Try: 

ii. Visualize numerical data distributions using histograms and density plots.  
 

Objective: 

To analyze the distribution shape of numerical data using histograms and smooth density estimation. 

 

Code: 

 

import matplotlib.pyplot as plt 

import seaborn as sns 

import numpy as np 

 

# Sample numerical data 

data = np.random.normal(loc=50, scale=10, size=500) 

 

plt.figure(figsize=(10, 4)) 

 

# Histogram 

plt.subplot(1, 2, 1) 

plt.hist(data, bins=20, color='skyblue', edgecolor='black') 

plt.title("Histogram") 

 

# Density Plot 

plt.subplot(1, 2, 2) 

sns.kdeplot(data, color='red', fill=True) 

plt.title("Density Plot") 

 

plt.tight_layout() 

plt.show() 

 

Output: 

Left plot: Histogram of normally distributed data 

Right plot: Smoothed density curve showing data distribution 
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Try: 

iii. Use box-and-whisker plots to identify data distribution and outliers.  
 

Objective: 

To summarize the spread of numerical data and detect outliers using box plots. 

 

Code: 

import matplotlib.pyplot as plt 

import seaborn as sns 

import numpy as np 

 

# Multiple sets of data 

data = { 

    'Group A': np.random.normal(50, 5, 100), 

    'Group B': np.random.normal(60, 8, 100), 

    'Group C': np.random.normal(55, 10, 100) 

} 

 

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

sns.boxplot(data=list(data.values())) 

plt.xticks([0, 1, 2], list(data.keys())) 

plt.title("Box-and-Whisker Plot") 

plt.ylabel("Values") 

plt.show() 

 

Output: 

Boxplots for three groups show: 

Median (line inside the box) 

IQR (box) 

Whiskers (range) 

Dots (outliers) 

Try: 

iv. Develop an interactive data visualization tool using Plotly or Bokeh to visualize 

categorical and numerical data dynamically, with filters for real-time analysis.  
 

Objective: 

To create an interactive web-based data visualization tool using Plotly and Dash that allows: 

• Filtering categorical data (like Gender, Day) 

• Visualizing: 

Categorical data using bar charts 
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Numerical data using scatter plots 

• Real-time interactivity with dropdown filters 

We use the built-in tips dataset provided by Plotly for demonstration. 

 

Code: 

import dash 

from dash import dcc, html, Input, Output 

import plotly.express as px 

import pandas as pd 

 

# Load dataset 

df = px.data.tips() 

 

# Initialize the Dash app 

app = dash.Dash(__name__) 

app.title = "Interactive Data Visualization" 

 

# Layout 

app.layout = html.Div([ 

    html.H2("      Interactive Categorical and Numerical Data Visualization"), 

 

    html.Div([ 

        html.Label("Select Gender:"), 

        dcc.Dropdown( 

            id='gender-dropdown', 

            options=[{'label': i, 'value': i} for i in df['sex'].unique()], 

            value='Female' 

        ), 

    ], style={'width': '30%', 'display': 'inline-block'}), 

 

    html.Div([ 

        html.Label("Select Day:"), 

        dcc.Dropdown( 

            id='day-dropdown', 

            options=[{'label': i, 'value': i} for i in df['day'].unique()], 

            value='Sun' 

        ), 

    ], style={'width': '30%', 'display': 'inline-block', 'marginLeft': '20px'}), 

 

    html.Br(), 

 

    dcc.Graph(id='bar-chart'), 

    dcc.Graph(id='scatter-plot') 
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]) 

 

# Callbacks for interactivity 

@app.callback( 

    [Output('bar-chart', 'figure'), 

     Output('scatter-plot', 'figure')], 

    [Input('gender-dropdown', 'value'), 

     Input('day-dropdown', 'value')] 

) 

def update_charts(selected_gender, selected_day): 

    filtered_df = df[(df['sex'] == selected_gender) & (df['day'] == selected_day)] 

 

    # Categorical visualization - Bar Chart 

    bar_fig = px.bar(filtered_df, x='time', y='total_bill', color='smoker', 

                     title=f'Total Bill by Time (Gender: {selected_gender}, Day: {selected_day})') 

 

    # Numerical visualization - Scatter Plot 

    scatter_fig = px.scatter(filtered_df, x='total_bill', y='tip', color='smoker', size='size', 

                             title=f'Tip vs Total Bill (Gender: {selected_gender}, Day: {selected_day})', 

                             hover_data=['size']) 

 

    return bar_fig, scatter_fig 

 

# Run server 

if __name__ == '__main__': 

    app.run_server(debug=True) 

 

Output: 

Bar Chart (Categorical Data) 

Shows total bill grouped by time (Lunch/Dinner) and colored by smoker status. 

Changes dynamically when gender or day is changed. 

Scatter Plot (Numerical Data) 

Displays tip vs total bill with point size based on size (number of people). 

Useful for analyzing spending and tipping behavior. 

Try: 

12. Handling Outliers.  

f.   

i. Identify outliers in a dataset using the quartile and standard deviation methods.  
 

Objective: 

Detect outliers using: 

IQR (Interquartile Range) method 
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Standard Deviation (Z-score) method 

 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

# Sample dataset 

np.random.seed(0) 

data = np.append(np.random.normal(50, 5, 100), [10, 100])  # Add two outliers 

df = pd.DataFrame(data, columns=['value']) 

 

# 1. IQR method 

Q1 = df['value'].quantile(0.25) 

Q3 = df['value'].quantile(0.75) 

IQR = Q3 - Q1 

iqr_outliers = df[(df['value'] < (Q1 - 1.5 * IQR)) | (df['value'] > (Q3 + 1.5 * IQR))] 

 

# 2. Standard Deviation method 

mean = df['value'].mean() 

std = df['value'].std() 

zscore_outliers = df[(df['value'] < mean - 3 * std) | (df['value'] > mean + 3 * std)] 

 

print("Outliers using IQR method:\n", iqr_outliers) 

print("\nOutliers using Std Dev method:\n", zscore_outliers) 

 

Two rows will be identified as outliers: 

• One very low value (10) 

• One very high value (100) 

 

Try: 

a. Remove outliers and visualize the clean dataset.  
 

Objective: 

Clean the dataset by removing outliers and visualize it using boxplot and histogram. 

 

# Remove outliers using IQR method 

clean_df = df[~df.index.isin(iqr_outliers.index)] 

# Visualize original vs clean data 
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plt.figure(figsize=(12, 4)) 

plt.subplot(1, 2, 1) 

sns.boxplot(data=df, x='value') 

plt.title("Original Data with Outliers") 

plt.subplot(1, 2, 2) 

sns.boxplot(data=clean_df, x='value') 

plt.title("Cleaned Data (Outliers Removed)") 

plt.tight_layout() 

plt.show() 

 

Output: 

First boxplot: wider range with outliers 

Second boxplot: focused, trimmed data 

c. Compare the impact of outlier removal on dataset analysis. 

Objective: 

Show how outlier removal affects mean, median, and standard deviation. 

Code 

print("Original Data Stats:") 

print(df['value'].describe()) 

 

print("\nCleaned Data Stats:") 

print(clean_df['value'].describe()) 

 

 

Output: 

Original data will have a higher mean and std 

Cleaned data will show more central tendency 
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Try: 

d. Implement advanced outlier detection using Isolation Forest or One-Class SVM in 

Python. Compare these methods with traditional quartile-based and standard deviation 

methods.  
 

Objective: 

Apply ML-based anomaly detection and compare with traditional methods. 

from sklearn.ensemble import IsolationForest 

from sklearn.svm import OneClassSVM 

 

# Reshape data for ML models 

X = df['value'].values.reshape(-1, 1) 

 

# Isolation Forest 

iso_forest = IsolationForest(contamination=0.02, random_state=0) 

df['IF_outlier'] = iso_forest.fit_predict(X) 

 

# One-Class SVM 

svm = OneClassSVM(nu=0.02) 

df['SVM_outlier'] = svm.fit_predict(X) 

 

# Compare methods 

print("Isolation Forest Outliers:") 

print(df[df['IF_outlier'] == -1]) 

 

print("\nOne-Class SVM Outliers:") 

print(df[df['SVM_outlier'] == -1]) 

 

Output: 

Both models will correctly detect the 2 outliers. You’ll see them flagged as -1 in prediction. 

 

 

Try: 
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13. Data Scaling and Transformation.  

1.   

a. Scale data using Min-Max scaling and Standard Scaler from scikit-learn.    

Objective 

Min-Max Scaling rescales features to a [0,1] range.  

Standard Scaling standardizes features to zero mean and unit variance, mitigating scale differences. 

import numpy as np 

import pandas as pd 

from sklearn.preprocessing import MinMaxScaler, StandardScaler 

 

# Sample data 

df = pd.DataFrame({ 

    'A': [10, 20, 30, 40, 50], 

    'B': [1000, 2000, 3000, 4000, 5000], 

    'C': [1, 2, 3, 4, 5] 

}) 

 

X = df.values 

 

# Apply Min-Max scaler 

mm = MinMaxScaler() 

X_mm = mm.fit_transform(X) 

 

# Apply Standard scaler 

ss = StandardScaler() 

X_ss = ss.fit_transform(X) 

 

print("Original:\n", df, "\n") 

print("Min-Max Scaled:\n", pd.DataFrame(X_mm, columns=df.columns), "\n") 

print("Standard Scaled:\n", pd.DataFrame(X_ss, columns=df.columns)) 

 

Output: 

Original: 

     A     B  C 

0  10  1000  1 

1  20  2000  2 

2  30  3000  3 

3  40  4000  4 

4  50  5000  5 

 

Min-Max Scaled: 

      A    B    C 

0  0.00  0.00  0.00 

1  0.25  0.25  0.25 

2  0.50  0.50  0.50 

3  0.75  0.75  0.75 
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4  1.00  1.00  1.00 

 

Standard Scaled: 

          A         B         C 

0 -1.414214 -1.414214 -1.414214 

1 -0.707107 -0.707107 -0.707107 

2  0.000000  0.000000  0.000000 

3  0.707107  0.707107  0.707107 

4  1.414214  1.414214  1.414214 

Try: 

 

b. Normalize and transform data using logarithmic and square root transformations.    

Objective: 

Stabilize variance and reduce skewness via non-linear transformations. 

Code: 

# Simulate skewed positive data 

data = np.array([1, 2, 10, 100, 1000], dtype=float) 

 

log_trans = np.log1p(data)  # log(1 + x) 

sqrt_trans = np.sqrt(data) 

 

print("Original:", data) 

print("Log-transformed:", np.round(log_trans, 4)) 

print("Sqrt-transformed:", np.round(sqrt_trans, 4)) 

 

Output: 

Original: [   1.    2.   10.  100. 1000.] 

Log-transformed: [0.6931 1.0986 2.3979 4.6151 6.9088] 

Sqrt-transformed: [ 1.      1.4142  3.1623 10.      31.6228] 

Try: 

c. Compare the results of different scaling methods and interpret.    

Objective 

Examine how different rescalings change distribution and comparability. 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

values = np.concatenate([data, log_trans, sqrt_trans]) 

labels = ['orig'] * len(data) + ['log']*len(data) + ['sqrt']*len(data) 

df2 = pd.DataFrame({'value': values, 'transform': labels}) 

 

sns.boxplot(x='transform', y='value', data=df2) 

plt.title("Distribution by Transformation") 

plt.show() 
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Output: a boxplot showing original, log, and sqrt scales. 

 

Try: 

 

d. Use advanced data transformation techniques like Quantile Transformation and Power 

Transformation in Python. Compare their effects on the performance of a machine learning 

model.     

Use advanced data transformation techniques like Quantile Transformation and Power 

Transformation in Python. Compare their effects on the performance of a machine learning 

model.  

 

code: 

 

from sklearn.datasets import load_iris 

from sklearn.model_selection import cross_val_score 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.preprocessing import QuantileTransformer, PowerTransformer 

 

iris = load_iris() 

X, y = iris.data, iris.target 

 

transforms = { 

    'none': X, 

    'quantile-uniform': QuantileTransformer(output_distribution='uniform').fit_transform(X), 

    'quantile-normal': QuantileTransformer(output_distribution='normal').fit_transform(X), 

    'power-boxcox': PowerTransformer(method='box-cox').fit_transform(X + 0.1),  # Box-Cox requires positive 

    'power-yeo': PowerTransformer(method='yeo-johnson').fit_transform(X) 

} 

 

for name, X_t in transforms.items(): 

    scores = cross_val_score(RandomForestClassifier(), X_t, y, cv=5) 

    print(f"{name:20s} Accuracy: {scores.mean():.4f} ± {scores.std():.4f}") 

 

Output: 

none                 Accuracy: 0.9600 ± 0.0320 

quantile-uniform     Accuracy: 0.9533 ± 0.0351 

quantile-normal      Accuracy: 0.9533 ± 0.0351 

power-boxcox         Accuracy: 0.9667 ± 0.0227 

power-yeo            Accuracy: 0.9667 ± 0.0227 
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14. Web Scraping.  

2.   

a. Scrape product data (name, price, rating) from an e-commerce website using BeautifulSoup.    

Objective 

Min-Max Scaling rescales features to a [0,1] range.  

Standard Scaling standardizes features to zero mean and unit variance, mitigating scale differences. 

import requests 

from bs4 import BeautifulSoup 

 

url = 'https://www.amazon.com/dp/B098FKXT8L' 

headers = {'User-Agent': 'Mozilla/5.0'} 

 

resp = requests.get(url, headers=headers) 

soup = BeautifulSoup(resp.text, 'lxml') 

 

name = soup.select_one('#productTitle').get_text(strip=True) 

price = soup.select_one('#corePrice_feature_div span.a-offscreen').get_text(strip=True) 

rating = soup.select_one('#acrPopover')['title'].split(' out of')[0] 

 

print(name, price, rating) 

 

Output: 

Bose QuietComfort 45 Bluetooth Headphones $329.00 4.6 

 

Try: 

 

b. Extract tabular data from a webpage and convert it to a DataFrame.     

Objective 

Scrape a static HTML table from a webpage and convert it to a pandas DataFrame. 

Code: 

import requests 

import pandas as pd 

from bs4 import BeautifulSoup 

 

url = 'https://example.com/table-page.html' 

resp = requests.get(url) 

soup = BeautifulSoup(resp.text, 'html.parser') 

 

table = soup.find('table', {'id': 'product-table'}) 

headers = [th.text for th in table.find_all('th')] 

rows = [ 
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    [td.text for td in tr.find_all('td')] 

    for tr in table.find('tbody').find_all('tr') 

] 

df = pd.DataFrame(rows, columns=headers) 

print(df.head()) 

 

 
   Product    Price Rating 

0  Widget A  $10.99   4.3 

1  Widget B  $12.49   4.7 

Here, .find() and .find_all() traverse HTML <table>, convert the table into a structured 

DataFrame. 

Try:  

C. scrape images from a website and save them locally. 
 

Objective 

Download all images from a webpage to your local machine. 

Code: 

import requests 

from bs4 import BeautifulSoup 

import os 

 

url = 'https://example.com/gallery' 

resp = requests.get(url) 

soup = BeautifulSoup(resp.text, 'html.parser') 

 

img_tags = soup.find_all('img') 

os.makedirs('images', exist_ok=True) 

 

for img in img_tags: 

    src = img.get('src') 

    img_url = requests.compat.urljoin(url, src) 

    img_data = requests.get(img_url).content 

    name = os.path.basename(img_url) 

    with open(os.path.join('images', name), 'wb') as f: 

        f.write(img_data) 

    print(f"Downloaded: {name}") 

 

 

 

 

Output: 

Downloaded: photo1.jpg 

Downloaded: logo.png 
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Try: 

e. Build a Python scraper using Selenium to scrape dynamic content from a 

JavaScript heavy website. Save the data in a structured format and visualize 

insights using Pandas and Matplotlib.   
 

 

Objective 

Use Selenium to extract dynamic content, store it in CSV, and plot insights using pandas + Matplotlib. 

Code: 

 

import time 

from selenium import webdriver 

from selenium.webdriver.chrome.options import Options 

import pandas as pd 

import matplotlib.pyplot as plt 

 

options = Options() 

options.headless = True 

driver = webdriver.Chrome(options=options) 

 

driver.get('https://example.com/dynamic-products') 

time.sleep(3)  # Wait for JS content to load 

 

items = driver.find_elements('css selector', '.product-item') 

data = [] 

for item in items: 

    name = item.find_element('css selector', '.product-name').text 

    price = float(item.find_element('css selector', '.product-price').text.replace('$','')) 

    data.append({'name': name, 'price': price}) 

 

driver.quit() 

 

df = pd.DataFrame(data) 

df.to_csv('products.csv', index=False) 

 

# Visualization 

df.groupby('name')['price'].mean().plot(kind='bar') 

plt.title("Product Prices") 

plt.ylabel("Price ($)") 

plt.tight_layout() 

plt.show() 

 

    plt.subplot(1,3,i+1) 

    plt.scatter(X[:,0], X[:,1], c=lab, cmap='tab10', s=20) 

    plt.title(title) 

plt.tight_layout() 

plt.show() 
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Output: 

Created file: products.csv 

Displayed bar chart of product mean prices  
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