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"Transform data with purpose, and you transform insights into impact." — Mastering Machine

Learning Feature Engineering



FOREWORD

Welcome to a journey that will transform how you approach machine learning feature engineering.
As you embark on this exploration of data transformation and representation, you're stepping into
a critical aspect of machine learning that can make the difference between a model that merely

works and one that excels.

Feature engineering is often regarded as the secret sauce of successful machine learning projects.
It's where data is sculpted into its most powerful form, unlocking insights and performance that
raw data alone cannot provide. This book, "Mastering Machine Learning Feature Engineering," is
your practical guide to mastering these techniques. It will equip you with the skills to consistently
enhance your model’s results by demonstrating when and how to apply various encoding and

transformation strategies.

Expect to delve into the art of crafting features that genuinely generalize. We'll explore leakage-
safe patterns, ensuring your evaluations are robust and your conclusions reliable. This guide is
tailored for anyone working with tabular data—whether you're an analyst, data scientist, or ML
engineer. By the end of this book, you'll be empowered to build better models through superior
data representation, eliminating the guesswork and common pitfalls that often accompany feature

engineering.

| encourage you to dive in with curiosity and confidence. Embrace the practical decision rules and

insights shared within these pages. By doing so, you'll not only enhance your machine learning



models but also elevate your approach to data science challenges. Happy reading, and may your

models be ever more insightful and effective.



PREFACE

In the rapidly evolving field of machine learning, the ability to effectively engineer features often
marks the difference between a mediocre model and one that truly excels. This book was born
out of my own experiences navigating the intricate landscape of feature engineering, where the
nuances of each decision can significantly impact the outcome of a machine learning project. |
realized that while many resources cover the theoretical aspects of machine learning, there was a
need for a practical, hands-on guide that focuses specifically on feature engineering—an aspect

often overshadowed yet crucial for model success.

This book is designed for those who work with tabular data: analysts, data scientists, and machine
learning engineers, whether you are just starting or looking to refine your skills. My aim is to
equip you with practical decision rules and strategies that transcend mere theory, helping you to

build robust features that generalize well in real-world applications.

The structure of this book is intentionally practical. We will start by exploring fundamental feature
engineering techniques that have consistently shown to improve model results. Then, we'll delve
into the specifics of when to apply various encoding and transformation techniques, ensuring that
you are equipped to make informed decisions in your projects. Importantly, | have dedicated
sections to leakage-safe patterns that will guide you in evaluating models without compromising

their integrity.

Through this guide, | hope to demystify the process of feature engineering, ensuring that you can



Vi

approach your data with confidence and clarity. My goal is for you to leave behind guesswork
and common pitfalls, achieving better models through improved data representation. Join me on

this journey to mastering feature engineering, where better data representation leads to better

models.
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CHAPTER 1

INTRODUCTION TO FEATURE
ENGINEERING

1.1 Introduction to Feature Engineering

In the vast and ever-evolving field of machine learning, feature engineering stands as one of the
most critical stages in the development of effective models. This chapter explores the foundational
concepts of feature engineering, its significance in machine learning projects, and how it transforms
raw data into structured inputs suitable for modeling. By the end of this chapter, you will have
a comprehensive understanding of why feature engineering is often considered both an art and a

science in the realm of data science.

1.1.1 What is Feature Engineering?

Feature engineering refers to the process of using domain knowledge to select and transform raw
data into meaningful features that improve the performance of machine learning algorithms. This
involves creating new input variables from existing ones to enhance the predictive power of the

model.
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e Feature Selection: Identifying the most relevant variables from the raw data.
e Feature Transformation: Modifying existing features to improve model performance.

e Feature Creation: Generating new features based on existing data.

1.1.2 The Importance of Feature Engineering
Feature engineering is crucial for several reasons:

1. Improving Model Accuracy: The quality and quantity of features have a direct impact

on the accuracy of machine learning models.

2. Reducing Overfitting: By selecting the most relevant features, we can prevent models

from learning from noise.

3. Enhancing Interpretability: Well-engineered features can make models easier to inter-

pret and understand.

4. Enabling Simpler Models: With the right features, simpler models can achieve perfor-

mance comparable to complex ones.

1.1.3 Feature Engineering Process
The feature engineering process is iterative and involves several steps. Here is a typical workflow:

1. Understanding the Data: Gain insights into the data types, distributions, and relation-
ships.

2. Cleaning the Data: Handle missing values, outliers, and inconsistencies.
3. Generating Features: Create new features or transform existing ones.

4. Evaluating Features: Assess the importance and impact of features on model perfor-

mance.

5. Iterating: Refine features based on model feedback and domain knowledge.

1.1.4 Examples of Feature Engineering

Let's explore some practical examples of feature engineering:
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Example 1: Credit Scoring

Consider a dataset used for predicting creditworthiness. The raw data might include variables

such as age, income, and loan amount. Through feature engineering, we can derive new features

like:
e Debt-to-Income Ratio: Calculated as the ratio of total debt to total income.
e Age Group: Categorize age into bins like young, middle-aged, and senior.

These features can provide more insight and improve the accuracy of the credit scoring model.

Example 2: Text Classification

In text classification tasks, raw text data can be transformed into numerical features using tech-

niques such as:
e Bag of Words: Representing text as word frequency vectors.
e TF-IDF: Term frequency-inverse document frequency to reflect the importance of words.

These transformations allow text data to be effectively used with machine learning algorithms.

1.1.5 Feature Selection Techniques

Selecting the right features is a critical aspect of feature engineering. Here are some popular

techniques:

Filter Methods

Filter methods evaluate the relevance of features using statistical tests. Common methods include:
e Chi-Squared Test: Measures the dependence between a feature and the target variable.

e ANOVA: Analysis of variance used for continuous features.

Wrapper Methods

Wrapper methods use a subset of features to train a model and evaluate its performance. Exam-

ples include:



1

CHAPTER 1. INTRODUCTION TO FEATURE ENGINEERING 4

e Recursive Feature Elimination (RFE): Iteratively removes the least important features.

e Forward Selection: Starts with no features and adds them one by one.

Embedded Methods

Embedded methods perform feature selection as part of the model training process. Examples

include:

e LASSO Regression: Includes a penalty term that shrinks less important feature coeffi-

cients to zero.

e Tree-based Methods: Decision trees inherently perform feature selection by node split-
ting.

1.1.6 Feature Transformation Techniques

Transforming features can help improve model accuracy and convergence. Here are some common
techniques:

Normalization and Standardization

Normalization rescales the features to a range of [0, 1], while standardization centers the feature

data around zero with a standard deviation of one.

from sklearn.preprocessing import MinMaxScaler, StandardScaler

# Normalization
scaler = MinMaxScaler()

normalized_data = scaler.fit_transform(data)

# Standardization
standardizer = StandardScaler()

standardized_data = standardizer.fit_transform(data)
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Logarithmic and Power Transformations

These transformations are useful for handling skewed data distributions.

import numpy as np

3 # Logarithmic Transformation

4+ log_data = np.loglp(data)

¢ # Power Transformation

7 power_data = np.power(data, 0.5)

1.1.7 Feature Creation Techniques

Creating new features can significantly enhance model performance. Some techniques include:

Polynomial Features

Polynomial features are created by combining existing features into polynomial terms.

1 from sklearn.preprocessing import PolynomialFeatures

3 poly = PolynomialFeatures(degree=2)
4+ poly_features = poly.fit_transform(data)

Interaction Features

Interaction features capture the interactions between two or more features.

1 import pandas as pd

2
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# Create interaction feature

data['interaction'] = data['featurel'] * datal['feature2']

1.1.8 Challenges in Feature Engineering
Despite its importance, feature engineering poses several challenges:

e Time Consuming: It requires significant time and effort to explore and engineer the right

features.

e Requires Domain Expertise: Effective feature engineering often requires deep domain

knowledge.

e Overfitting Risk: Creating too many features can lead to overfitting, especially in small

datasets.

1.1.9 Conclusion

In this chapter, we have delved into the fundamental concepts of feature engineering, its impor-
tance in the machine learning pipeline, and the various techniques involved in transforming raw
data into meaningful features. As we proceed through this book, we will explore these concepts in
greater depth, providing you with the tools and techniques necessary to master the art of feature

engineering in machine learning.



CHAPTER 2

UNDERSTANDING YOUR DATA

2.1 Introduction

In the realm of machine learning, data is the cornerstone upon which models are built. Under-
standing the intricacies of your data is crucial for effective feature engineering, which in turn,
influences the performance of machine learning algorithms. This chapter delves into the art
and science of exploratory data analysis (EDA), providing insights into identifying data types,

distributions, and patterns that play pivotal roles in feature engineering.

2.2 The Importance of Data Understanding

The journey of any successful machine learning project starts with a comprehensive understand-
ing of the data. Before diving into feature engineering or model building, it is imperative to

comprehend the nature and nuances of the data at hand. This understanding helps in:
e l|dentifying relevant features and discarding irrelevant ones.

e Uncovering hidden patterns that can inform feature transformations.



CHAPTER 2.  UNDERSTANDING YOUR DATA 8

e Recognizing potential issues such as missing values or outliers.

e Informing decisions regarding data preprocessing and cleansing.

2.3 Exploratory Data Analysis (EDA)

Exploratory Data Analysis is a critical process in data science that involves summarizing the main
characteristics of data, often with visual methods. EDA is not just about plotting graphs; it's

about gaining insights and making informed decisions about subsequent analysis steps.

2.3.1 Techniques for Effective EDA

There are several techniques and tools available for conducting EDA. Some of the most common

techniques include:

1. Descriptive Statistics: Calculating mean, median, mode, variance, and standard devia-

tion to understand the central tendency and dispersion of data.

2. Data Visualization: Employing plots such as histograms, scatter plots, and box plots to

visually inspect data distributions and relationships.

3. Correlation Analysis: Using correlation coefficients to identify relationships between fea-

tures.

4. Dimensionality Reduction: Applying techniques like PCA (Principal Component Anal-

ysis) to visualize high-dimensional data.

2.3.2 Descriptive Statistics

Descriptive statistics provide a simple quantitative summary of the dataset. Key metrics include:
e Mean: The average value.
e Median: The middle value when data is ordered.
e Mode: The most frequently occurring value.

e Variance and Standard Deviation: Measures of data dispersion.



1

2

CHAPTER 2.  UNDERSTANDING YOUR DATA 9

For example, consider a dataset with the following values: {2, 4, 4, 4, 5, 7, 9}. Here, the mean

is 5, the median is 4, and the mode is 4. These statistics provide a quick overview of the data's

distribution.

2.3.3 Data Visualization

Visual representation of data is vital for identifying patterns, trends, and anomalies. Some of the

commonly used visualizations in EDA include:
e Histograms: Useful for understanding the distribution of numerical data.
e Box Plots: Help in identifying outliers and understanding the spread of data.

e Scatter Plots: Used for examining relationships between two numerical variables.

import matplotlib.pyplot as plt

import seaborn as sns

# Exzample: Visualizing a histogram

data = [2, 4, 4, 4, 5, 7, 9]

plt.hist(data, bins=5, color='blue', edgecolor='black')
plt.title('Histogram Example')

plt.xlabel('Value')

plt.ylabel ('Frequency"')

plt.show()

2.3.4 Correlation Analysis

Understanding the correlation between features can dramatically impact feature selection and
engineering. Correlation coefficients range from -1 to 1, indicating the strength and direction of

a linear relationship between variables.

import pandas as pd



CHAPTER 2.  UNDERSTANDING YOUR DATA 10

# Example: Calculating correlation matriz

data = {'A': [1, 2, 3, 41, 'B': [4, 3, 2, 11, 'C': [1, 3, 2, 4]}
df = pd.DataFrame(data)

correlation_matrix = df.corr()

print(correlation_matrix)

2.3.5 Dimensionality Reduction

High-dimensional data can be difficult to analyze and visualize. Dimensionality reduction tech-

niques, such as PCA, can simplify this by reducing the number of features while retaining essential

information.

from sklearn.decomposition import PCA
from sklearn.preprocessing import StandardScaler

import numpy as np

# Ezample: Applying PCA
data = np.array([[2.5, 2.4], [0.5, 0.7]1, [2.2, 2.9], [1.9, 2.2], [3.1, 3.0]11)
scaler = StandardScaler()

data_scaled = scaler.fit_transform(data)

pca = PCA(n_components=1)
data_pca = pca.fit_transform(data_scaled)

print(data_pca)

2.4 Identifying Data Types

Data comes in various forms, and understanding these types is essential before performing any

analysis or feature engineering. The primary data types include:
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e Numerical Data: Includes integers and floats.
e Categorical Data: Represents discrete values or categories.
e Ordinal Data: Categorical data with a meaningful order.

e Time Series Data: Indexed by time.

2.4.1 Numerical Data

Numerical data, which includes both integers and floating-point numbers, is often used in calcu-
lations. Understanding its distribution is crucial for selecting the appropriate statistical methods

and models.

2.4.2 Categorical Data

Categorical data can be nominal (without order) or ordinal (with order). Encoding techniques,
such as one-hot encoding for nominal data and label encoding for ordinal data, are essential for

transforming categorical data into numerical form for machine learning algorithms.

2.4.3 Time Series Data

Time series data is inherently sequential and often reflects trends, seasonal patterns, and other
temporal dynamics. Time series analysis techniques, such as moving averages and exponential

smoothing, can be applied to extract meaningful features.

2.5 Data Distributions and Patterns

Recognizing the distribution and patterns in data is vital for effective feature engineering. Com-

mon distributions include normal, skewed, and uniform distributions.

2.5.1 Normal Distribution

A normal distribution is characterized by its symmetrical bell shape, with most values cluster-
ing around a central peak. Many statistical methods assume normality, so understanding this

distribution is beneficial.



CHAPTER 2.  UNDERSTANDING YOUR DATA 12

import numpy as np

import matplotlib.pyplot as plt

# Example: Generating a mormal distribution

data = np.random.normal(loc=0, scale=1, size=1000)

plt.hist(data, bins=30, color='purple', edgecolor='black', density=True)
plt.title('Normal Distribution')

plt.xlabel('Value')

plt.ylabel('Density')

plt.show()

2.5.2 Skewed Distributions

Skewed distributions are asymmetrical, with a long tail on one side. Transformations such as

logarithmic or square root can be applied to normalize these distributions.

2.5.3 Identifying Patterns

Patterns in data can be temporal, spatial, or relational. ldentifying these patterns can lead to
more insightful feature engineering. Techniques such as time series decomposition and clustering

can be employed to uncover hidden structures.

2.6 Conclusion

A thorough understanding of your data lays the foundation for successful feature engineering. By
employing EDA techniques, identifying data types, and recognizing distributions and patterns,
you can make informed decisions that enhance the performance of machine learning models.
This chapter has provided an overview of these essential steps, preparing you for the subsequent

chapters, which will delve deeper into the intricacies of feature engineering.



CHAPTER 3

HANDLING MISSING VALUES

3.1 Introduction to Missing Values

Missing values are a common challenge in machine learning and data analysis. They can occur
due to various reasons, such as data entry errors, equipment malfunctions, or data import issues.
Handling these missing values is crucial because they can significantly affect the performance of
machine learning models. In this chapter, we will explore different strategies to manage missing

data, including imputation methods and their impact on model performance.

3.1.1 Importance of Handling Missing Values

The presence of missing values can lead to biased parameter estimates, reduce the representa-
tiveness of the data, and ultimately affect the predictions of machine learning models. Ignoring
missing data or mishandling it can skew results and lead to erroneous conclusions. Therefore,
understanding how to effectively handle missing values is an essential skill for data scientists and

machine learning practitioners.

13
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3.2 Types of Missing Data

Before we delve into handling missing values, it's important to understand the types of missing

data. Missing data can be categorized into three types:

3.2.1 Missing Completely at Random (MCAR)

Data is considered Missing Completely at Random (MCAR) if the probability of data being
missing is the same for all observations. In other words, the missingness is unrelated to any
observed or unobserved data. This is the most desirable type of missing data as it implies that

the missing values do not depend on the data itself.

3.2.2 Missing at Random (MAR)

Data is Missing at Random (MAR) if the missingness is related to the observed data but
not the missing data. This means that the probability of a value being missing is dependent on
other observed variables. For example, in a medical study, older patients might be more likely to
have missing data due to non-response, but within each age group, data is missing completely at

random.

3.2.3 Missing Not at Random (MNAR)

Missing Not at Random (MNAR) occurs when the probability of missingness is related to
the value of the missing data itself. For example, people with very high or low incomes might be
less likely to report their income, leading to missing data that is dependent on the income value
itself.

3.3 Strategies for Handling Missing Values

There are several strategies for handling missing values, ranging from simple removal of missing
data to sophisticated imputation techniques. The choice of strategy depends on the nature of

the missing data and the requirements of the analysis.
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3.3.1 Complete Case Analysis

Complete case analysis, also known as listwise deletion, involves removing all records with any
missing values. This method is simple but can lead to a significant loss of data, especially if

missing values are prevalent.
e Advantages: Simple to implement and interpret.

e Disadvantages: Can lead to biased results if the data is not MCAR, and results in loss of

valuable information.

3.3.2 Mean/Median/Mode Imputation

Replacing missing values with the mean, median, or mode of the column is a common imputation

technique. This approach is easy to implement but can reduce the variability of the data.
e Advantages: Simple and quick to apply.

e Disadvantages: Ignores the relationship with other variables and can underestimate the

variance.

3.3.3 Imputation Using k-Nearest Neighbors (k-NN)

The k-nearest neighbors algorithm can be used for imputation by finding the k-nearest samples

to the one with missing data and imputing the missing value based on these neighbors.

from sklearn.impute import KNNImputer

# Inittalize KNNImputer
imputer = KNNImputer(n_neighbors=>5)

# Fit and transform the data

data_imputed = imputer.fit_transform(data)
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e Advantages: Takes relationships between features into account and can provide more

accurate imputations.

e Disadvantages: Computationally expensive, especially on large datasets.

3.3.4 Multiple Imputation

Multiple Imputation involves creating several different imputed datasets and combining the
results. This method accounts for the uncertainty of the missing data and produces more robust

statistical estimates.

e Advantages: Provides a more accurate estimation of missing data by considering the

variability between imputations.

e Disadvantages: More complex to implement and analyze.

3.4 Impact of Missing Values on Model Performance

Missing values can have a significant impact on the performance of machine learning models.
The choice of imputation method can affect the accuracy, precision, and overall reliability of the

model.

3.4.1 Effect on Training and Testing

Missing data in the training set can lead to biased models if not handled properly. Similarly,
missing values in the test set can result in inaccurate performance evaluation. It is crucial to
apply consistent imputation techniques to both training and test sets to ensure reliable model

assessment.

3.4.2 Bias and Variance Trade-offs

Different imputation methods have varying effects on the bias and variance of the model. For
instance, mean imputation reduces variance but increases bias because it does not account for
the distribution of the data. On the other hand, methods like multiple imputation can better
balance the bias-variance trade-off.
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3.5 Practical Examples

Let us explore practical examples of handling missing values using Python, a popular language

for machine learning.

3.5.1 Example: Imputing Missing Values in a Dataset

Consider a dataset with missing values in a column representing age. We will demonstrate how

to use different imputation methods to handle these missing values.

import pandas as pd

from sklearn.impute import SimpleImputer

# Create a sample DataFrame
data = {'Age': [25, 30, None, 35, 40, None, 45]}
df = pd.DataFrame(data)

# Impute missing values with the mean
mean_imputer = SimpleImputer(strategy='mean')

df ['Age_mean'] = mean_imputer.fit_transform(df[['Age']])

# Impute missing values with the median
median_imputer = SimpleImputer(strategy='median')

df ['Age_median'] = median_imputer.fit_transform(df[['Age']])
# Impute missing values with the most frequent value (mode)
mode_imputer = SimpleImputer(strategy='most_frequent')

df ['Age_mode'] = mode_imputer.fit_transform(df[['Age']])

print(df)
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3.5.2 Example: Evaluating Model Performance with Imputed Data

In this example, we will evaluate the impact of missing value imputation on model performance

using a simple linear regression model.

from sklearn.linear_model import LinearRegression
from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error

# Sample data

<
I

df [['Age_mean', 'Age_median', 'Age_mode']]
[200, 250, 300, 350, 400, 450, 500] # Target variable

<
Il

# Split data into training and test sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,

< random_state=42)

# Train the model
model = LinearRegression()

model.fit(X_train, y_train)

# Predict and evaluate
y_pred = model.predict(X_test)
mse = mean_squared_error(y_test, y_pred)

print (f 'Mean Squared Error: {mse}')

3.6 Conclusion

Handling missing values is a crucial step in the data preprocessing stage of machine learning.
Different methods are available, each with its own advantages and limitations. The choice of
imputation technique should be guided by the nature of the missing data, the importance of

preserving data variability, and the impact on model performance. By carefully considering these
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factors, practitioners can ensure that their models are robust and reliable, leading to more accurate

predictions and insights.
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