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Assignment 1 

1. What is data wrangling, and why is it important in data analysis? 

Data Wrangling: 

Data wrangling, also known as data munging, is the process of transforming and cleaning 

raw data into a structured and usable format. This involves several steps such as collecting, 

cleaning, validating, transforming, and enriching data to prepare it for analysis. The goal is 

to make the data more structured, consistent, and ready for modeling or reporting. 

Key Steps in Data Wrangling: 

1. Data Collection: Gathering data from various sources, such as databases, files, or APIs. 

2. Data Cleaning: Identifying and handling missing data, outliers, and inconsistencies. 

3. Data Transformation: Reformatting, normalizing, or aggregating data to ensure 

consistency. 

4. Data Integration: Merging multiple datasets or different sources into one coherent 

dataset. 

5. Data Validation: Ensuring the data quality by checking for errors, duplicates, and 

inaccuracies. 

Importance of Data Wrangling in Data Analysis: 

1. Ensures Data Quality: Proper data wrangling addresses issues like missing values, 

duplicates, and inconsistencies, ensuring the dataset is clean and accurate. 

2. Prepares Data for Analysis: Wrangling transforms raw data into a structured format, 

making it easier to apply machine learning models or perform statistical analysis. 

3. Saves Time and Resources: Cleaning and organizing data upfront reduces errors 

during analysis and helps avoid costly mistakes later. 

4. Enables Deeper Insights: Wrangled data allows analysts to perform more accurate and 

detailed analysis, leading to actionable insights and better decision-making. 

5. Improves Data Usability: Structured data can be easily integrated into various tools 

for analysis, visualization, and reporting, making it more accessible to stakeholders. 

In summary, data wrangling is crucial in the data analysis process as it transforms messy, raw 

data into a form that can be analyzed efficiently, ensuring the accuracy and reliability of the 

results. 

 

2. List the main challenges encountered in data wrangling.  

Main Challenges Encountered in Data Wrangling: 

1. Data Quality Issues: Inconsistencies, inaccuracies, missing values, and duplicates can 

complicate the wrangling process. 
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2. Data Format Variability: Data may come in various formats (CSV, JSON, XML, etc.), 

requiring different handling methods. 

3. Volume of Data: Large datasets can be challenging to process and require more 

computational resources and efficient algorithms. 

4. Complex Data Structures: Nested or hierarchical data structures (like JSON) can be 

difficult to flatten and analyze. 

5. Data Integration: Merging data from multiple sources can lead to mismatches and 

conflicts in data types or formats. 

6. Lack of Documentation: Insufficient metadata or poor documentation can make 

understanding data provenance and context difficult. 

7. Time Constraints: Tight deadlines can hinder thorough data cleaning and 

transformation processes, potentially leading to overlooked issues. 

 

3. Describe a scenario where data wrangling plays a critical role in improving 

the accuracy of a machine learning model.  

Scenario Where Data Wrangling Improves the Accuracy of a Machine 

Learning Model 

Scenario: Predictive Maintenance in Manufacturing In a manufacturing setting, a company 

uses sensor data to predict equipment failures. Initially, the data collected includes sensor 

readings from various machines, historical maintenance logs, and environmental data. 

• Data Wrangling Process: 

o The data contains many missing values, inconsistent timestamp formats, and 

outliers from sensor noise. 

o During data wrangling, the team: 

▪ Fills in missing values using interpolation methods. 

▪ Standardizes timestamps to a common format. 

▪ Removes outliers caused by sensor malfunctions. 

▪ Integrates data from different machines to create a unified dataset. 

• Outcome: The cleaned and structured dataset allows the machine learning model to 

learn more accurately, leading to improved predictions of equipment failures, reduced 

downtime, and increased operational efficiency. 

 

4. What is web scraping, and when is it appropriate to use it in data acquisition. 

 Web Scraping: 
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Web Scraping is the automated process of extracting data from websites. This typically 

involves using tools or scripts to send requests to a webpage, retrieve the HTML content, and 

parse it to extract specific information. 

 

Illustration: The Web Scraping Process 

 

Web Scraping Process: Simple Steps 

1. Identify the Target Website: Choose a website and decide which specific data you 

want to extract (like product prices or news articles). 

2. Send an HTTP Request: Use an HTTP library (e.g., requests) to fetch the HTML 

content of the webpage. 

3. Parse the HTML: Analyze the HTML structure with a parsing tool (e.g., 

BeautifulSoup) to locate the data you need. 

4. Extract Data: Retrieve the required information (e.g., text, images) from the HTML 

elements. 

5. Store Data: Save the extracted data in a file (CSV, JSON) or a database for future use. 

Difference Between a Crawler and a Scraper: 

• Web Crawler: A tool that automatically navigates through web pages by following 

links and downloading content. Example: Search engine bots like Googlebot. 

• Web Scraper: A tool designed to extract specific data from a web page, often targeting 

structured data. Example: A Python script that pulls product prices from an e-commerce 

site. 

Storing Data: 

• CSV: Data is saved in a table-like format, useful for spreadsheets. 

• Word: Information can be organized as text documents. 

• Database: Data is stored in a structured form, enabling complex queries (e.g., MySQL). 

 

When to Use Web Scraping: 
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• When data is publicly available on websites but not provided in a downloadable format 

(like CSV or JSON). 

• For gathering data from multiple sources to create a comprehensive dataset (e.g., price 

comparison, job listings). 

• When real-time or frequently updated data is needed, such as news articles, social media 

feeds, or market prices. 

• In scenarios where APIs are unavailable or too restrictive for the data needs. 

 

5. Compare the advantages and limitations of file I/O and database access for 

data acquisition . 

Advantages and Limitations of File I/O and Database Access for Data 

Acquisition: 

Criterion File I/O Database Access 

Advantages - Simple and straightforward to 

implement. 

- No need for a database setup. 

- Good for smaller datasets or single-

user applications. 

- Easy to share files. 

- Efficient for handling large 

datasets. 

- Allows concurrent access by 

multiple users. 

- Provides advanced querying 

capabilities with SQL. 

- Supports data integrity and 

transactions. 

Limitations - Performance issues with large 

datasets. 

- Limited querying capabilities 

(typically must read entire files). 

- Difficult to manage data integrity 

and concurrency. 

- May require manual handling for 

updates or changes. 

- Requires a setup and maintenance 

of a database system. 

- Potentially more complex queries. 

- May involve higher costs 

(software, hardware, maintenance). 

- Overhead from database 

transactions can impact 

performance. 
 

 

6. What is Exploratory Data Analysis (EDA), and how does it help in identifying 

data quality issues. 

Exploratory Data Analysis (EDA): 

Exploratory Data Analysis (EDA) is the process of analyzing datasets to summarize their main 

characteristics, often using visual methods. It aims to understand the data better, identify 

patterns, and reveal any anomalies or data quality issues. 

How EDA Helps Identify Data Quality Issues: 
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• Visualization: Graphs (like histograms, box plots, and scatter plots) can reveal 

distributions, trends, and potential outliers. 

• Descriptive Statistics: Summary statistics (mean, median, mode, etc.) can highlight 

inconsistencies, such as extreme values that suggest data entry errors. 

• Missing Values Analysis: EDA can quantify and visualize missing data patterns, helping 

to understand the impact on analysis. 

• Correlation Analysis: Helps identify relationships between variables, revealing 

potential data entry errors or inconsistencies. 

  

7. Explain how EDA can be used to identify missing values and inconsistencies 

in a dataset.  

EDA Uses to Identify Missing Values and Inconsistencies in a Dataset: 

• Missing Values Detection: 

o Visualization: Heatmaps can visually represent missing values across features, 

making it easy to see patterns. 

o Summary Statistics: Functions like .isnull() in Python can summarize the 

count and percentage of missing values per column. 

• Inconsistencies Identification: 

o Descriptive Statistics: Analyzing the range and distribution of numerical 

variables can reveal outliers or unexpected values. 

o Visualizations: Scatter plots can help visualize relationships between variables, 

indicating inconsistencies (e.g., negative values where only positive values are 

expected). 

o Cross-Validation: Comparing related features can help identify discrepancies, 

such as mismatches between dates or categorical labels. 

 

8. How do missing data, outliers, and duplicates affect the results of a machine 

learning model. 

Missing Data, Outliers, and Duplicates Affect the Results of a Machine 

Learning Model: 

• Missing Data: 

o Can lead to biased estimates and reduce the overall dataset size, impacting 

model performance and accuracy. 

o If not handled properly, missing data can mislead the model into learning 

incorrect relationships. 

• Outliers: 
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o Can skew the results of algorithms that are sensitive to extreme values, leading 

to poor model performance. 

o May indicate erroneous data or genuinely rare events that need special handling 

(e.g., in fraud detection). 

• Duplicates: 

o Can result in overfitting, where the model learns to recognize patterns based on 

repeated instances rather than generalizing to new data. 

o They can distort summary statistics and lead to misleading conclusions. 

 

9. Describe a scenario where data wrangling plays a critical role in improving 

the accuracy of a machine learning model. 

Scenario Where Data Wrangling Plays a Critical Role in Improving the 

Accuracy of a Machine Learning Model: 

Scenario: Customer Churn Prediction for a Subscription Service A subscription service 

wants to build a machine learning model to predict customer churn. The raw data includes 

customer demographics, usage patterns, and historical subscription data. 

• Data Wrangling Process: 

o Handling Missing Values: Many customer profiles have missing data for 

certain demographic variables. The team uses imputation techniques based on 

similar customers. 

o Removing Duplicates: Duplicate records are identified and removed to prevent 

bias in the model. 

o Feature Engineering: New features are created, such as total usage hours or 

average monthly spend, to enhance model performance. 

o Outlier Detection: Outliers in usage data are examined to determine if they 

represent true extremes or errors and are appropriately handled. 

• Outcome: The cleaned and enriched dataset allows the machine learning model to 

make more accurate predictions regarding customer churn, leading to targeted retention 

strategies and increased customer satisfaction. 
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Assignment 2 

1. Explain the concept of normalization in data transformation. Why is it 

important? 

Concept of Normalization in Data Transformation: 

Normalization is the process of scaling individual data points to fall within a specific range, 

typically [0, 1] or [-1, 1]. This is achieved through techniques such as Min-Max scaling or Z-

score normalization. 

Importance of Normalization: 

• Improves Model Performance: Many machine learning algorithms (e.g., K-nearest 

neighbors, neural networks) perform better when features are on a similar scale. 

• Mitigates the Effects of Outliers: Normalization helps reduce the skewness in the 

dataset caused by outliers. 

• Facilitates Convergence: For algorithms that rely on gradient descent, normalized data 

can lead to faster convergence. 

 

2. What is one-hot encoding? Provide an example. 

One-hot Encoding: 

One-hot encoding is a method of converting categorical variables into a numerical format. 

Each category is transformed into a binary column, where 1 indicates the presence and 0 

indicates the absence of that category. 

Example: Consider a categorical variable "Color" with three categories: Red, Blue, Green. The 

one-hot encoding would result in: 

Color Red Blue Green 

Red 1 0 0 

Blue 0 1 0 

Green 0 0 1 

 

3. Discuss the potential effects of not transforming your data before analysis. 

Use examples to illustrate your points.  

Potential Effects of Not Transforming the Data Before Analysis: 

Failure to transform data can lead to several issues: 

• Misleading Results: For example, if a dataset contains both large and small numerical 

values (like income in thousands vs. age), the model may be skewed towards the larger 

numbers, leading to biased predictions. 
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• Poor Model Performance: A decision tree may not split correctly if numerical features 

are not normalized, resulting in lower accuracy. 

• Algorithm Sensitivity: Algorithms such as K-means clustering are sensitive to the 

scale of data. If features vary significantly in scale, the clusters may not represent 

meaningful patterns. 

 

4. Design a step-by-step approach for transforming a raw dataset with mixed 

types of data (numerical and categorical) into a structured format suitable for 

analysis. 

 Step-by-Step Approach for Transforming a Raw Dataset: 

1. Data Collection: Gather raw data from various sources (CSV, databases, etc.). 

2. Data Cleaning: Handle missing values (imputation), remove duplicates, and correct 

errors. 

3. Data Type Identification: Identify numerical and categorical variables. 

4. Data Normalization: Normalize numerical features to a common scale. 

5. One-Hot Encoding: Apply one-hot encoding to categorical variables. 

6. Feature Engineering: Create new features if necessary (e.g., combining multiple 

columns). 

7. Structuring Data: Organize the data into a structured format (e.g., DataFrame). 

8. Final Review: Review the transformed dataset for consistency and readiness for 

analysis. 

 

5. Define the operations of stack and unstack in pandas. Provide an example. 

Operations of Stack and Unstack in Pandas: 

• Stack: Converts a DataFrame from wide format to long format by stacking columns 

into a single column. 

• Unstack: Converts a DataFrame from long format to wide format by spreading index 

values across multiple columns. 

Example: 

Python code: 

import pandas as pd 

# Sample DataFrame 

data = { 

    'A': ['foo', 'foo', 'bar', 'bar'], 
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    'B': ['one', 'two', 'one', 'two'], 

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

} 

df = pd.DataFrame(data) 

# Stacking 

stacked = df.set_index(['A', 'B']).stack() 

print(stacked) 

# Unstacking 

unstacked = stacked.unstack() 

print(unstacked) 

Output: 

Stacked Output 

When you perform the stacking operation, the DataFrame is transformed from wide format to 

long format. The output looks like this: 

A      B      

foo   one  C    1 

        two  C    2 

bar   one  C    3 

        two  C    4 

dtype: int64 

Unstacked Output 

When you unstack the stacked DataFrame, it reverts back to a wide format by spreading the 

index values across multiple columns. The output is as follows: 

A      B    C   

bar   one  3 

        two  4 

foo   one  1 

        two  2 

In summary, stacking consolidates multiple columns into a single column, while unstacking 

redistributes values across columns based on the indices.  
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6. Create a pivot table from a sample dataset to summarize sales data by region 

and product. Explain your process.  

Creating a Pivot Table to Summarize Sales Data: 

Process: 

1. Sample Data: Create or load a DataFrame containing sales data. 

Python code: 

import pandas as pd 

# Sample sales data 

data = { 

    'Region': ['East', 'West', 'East', 'West', 'East'], 

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

    'Sales': [100, 150, 200, 300, 250] 

} 

df = pd.DataFrame(data) 

2. Creating Pivot Table: 

Python code 

pivot_table = df.pivot_table(values='Sales', index='Region', columns='Product', 

aggfunc='sum', fill_value=0) 

print(pivot_table) 

Output: 

Product    A    B    C 

Region               

East     100  200  250 

West     150  300    0 

 

7. Illustrate the steps to convert a wide-format dataset into long format using 

pandas.  

Steps to Convert a Wide-Format Dataset into Long Format: 

1. Import pandas: Ensure pandas is available in your environment. 

2. Create a Wide DataFrame: 

Python Code: 
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import pandas as pd 

# Sample wide DataFrame 

data = { 

    'ID': [1, 2], 

    'Math': [80, 90], 

    'Science': [85, 95] 

} 

df_wide = pd.DataFrame(data) 

3. Use melt to Convert: 

Python Code: 

df_long = df_wide.melt(id_vars='ID', var_name='Subject', value_name='Score') 

print(df_long) 

Output: 

   ID   Subject  Score 

0   1      Math     80 

1   2      Math     90 

2   1   Science     85 

3   2   Science     95 

 

8. What are the key techniques for feature extraction from text data.  

Key Techniques for Feature Extraction from Text Data: 

1. Bag of Words (BoW): Converts text into a set of words and counts their occurrences. 

2. Term Frequency-Inverse Document Frequency (TF-IDF): Weighs the frequency of 

words against their importance in the dataset. 

3. Word Embeddings: Techniques like Word2Vec and GloVe create dense vector 

representations of words that capture semantic relationships. 

4. N-grams: Captures sequences of n words to account for context. 

5. Topic Modeling: Identifies underlying topics in a text corpus using techniques like 

Latent Dirichlet Allocation (LDA). 

 

9. Describe how you would convert a categorical variable into numerical form 

for modelling.  
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Converting a Categorical Variable into Numerical Form for Modelling: 

Method: One-hot encoding is commonly used for converting categorical variables into 

numerical format. 

Example: Suppose we have a categorical variable "Fruit" with values "Apple", "Banana", 

"Cherry". 

• One-hot encoding would result in: 

Output: 

| Fruit    | Apple | Banana | Cherry | 

|----------|-------|--------|--------| 

| Apple    |   1   |   0    |   0    | 

| Banana   |   0   |   1    |   0    | 

| Cherry   |   0   |   0    |   1    | 

Alternatively, Label Encoding can be used if the categorical variable has an ordinal 

relationship: 

• "Apple": 1 

• "Banana": 2 

• "Cherry": 3 

 

10.Analyze how aggregation can simplify complex datasets for clearer insights. 

Analyzing Aggregation and Simplification of Complex Datasets: 

Aggregation simplifies datasets by summarizing data points into a smaller, more manageable 

form, making it easier to analyze trends and patterns. 

Example: In a sales dataset, instead of analyzing individual transactions, aggregation can 

summarize sales by region, product, or time period. For instance, calculating total sales per 

region provides insights into performance without getting lost in individual transactions. 

• Process: Use group by functions to aggregate sales data: 

Python Code: 

import pandas as pd 

# Sample sales dataset 

data = { 

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

    'Sales': [1000, 1500, 1200, 1300, 1100, 1600, 1250, 1400] 

} 
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sales_df = pd.DataFrame(data) 

# Aggregating total sales by region 

total_sales = sales_df.groupby('Region')['Sales'].sum() 

# Display the result 

print(total_sales) 

Output: 

Region 

East     2450 

North    2100 

South    3100 

West     2700 

Name: Sales, dtype: int64 

The output shows the total sales for each region, which simplifies the data by summarizing it, 

making it easier to analyze trends across different regions. 

Outcome: This makes it easy to visualize sales performance across regions and aids in 

decision-making. 

 

11.Compare different summarization techniques in terms of their utility and 

limitations.  

Different Summarization Techniques in Terms of Their Utility and 

Limitations: 

Technique Utility Limitations 

Mean Provides a quick overview of central 

tendency. 

Sensitive to outliers, which can 

skew results. 

Median Represents the middle value, robust 

to outliers. 

May not fully represent the 

dataset's distribution. 

Mode Shows the most frequent value, 

useful for categorical data. 

Can be misleading if multiple 

modes exist. 

Standard 

Deviation 

Measures variability around the 

mean. 

Sensitive to outliers, which can 

misrepresent data. 

Percentiles Offers insights into the distribution of 

data. 

Can be hard to interpret without 

context. 
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12.Create a case study where data aggregation significantly improved decision-

making in a business context. 

Case Study: Data Aggregation Improves Decision-Making in RetailMax: 

Problem: 

RetailMax, a large retail chain, struggled with: 

1. Overstocking in low-demand regions, leading to high holding costs. 

2. Understocking in high-demand regions, resulting in lost sales. 

3. Inaccurate regional forecasting due to fragmented store-level data. 

Solution: Data Aggregation 

RetailMax aggregated sales data by: 

• Region: To understand product demand across different geographical areas. 

• Product Category: To analyze trends within categories like electronics and clothing. 

• Time (Weekly/Monthly): To identify seasonal patterns and demand spikes. 

Impact: 

1. Improved Forecasting: Better demand prediction and stocking decisions. 

2. Optimized Inventory: Reallocated products to high-demand regions, reducing 

stockouts and overstock. 

3. Cost Savings: Lower holding costs and increased revenue from fewer stockouts. 

4. Targeted Promotions: Region-specific marketing boosted sales. 

Results: 

• 10% revenue increase due to better inventory management. 

• 15% reduction in holding costs from optimized stock allocation. 

• 20% improvement in forecast accuracy, enhancing supply chain efficiency. 

In short, data aggregation helped RetailMax streamline operations, improve forecasting, and 

boost overall business performance. 

 


