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Introduction 
to Categorical Variables



Categorical variables are a fundamental concept in data analysis and 

machine learning. These variables represent distinct, non-numerical 

categories or groups, rather than continuous numerical values. 

Understanding how to work with categorical data is crucial for extracting 

meaningful insights from complex datasets.



Importance of Encoding Categorical 

Variables

In machine learning, categorical variables play a crucial role in building 

effective predictive models. Unlike numerical variables that can be directly 

fed into algorithms, categorical variables need to be encoded into a format 

that algorithms can understand. Proper encoding of categorical variables is 

essential for unlocking their predictive power and ensuring accurate model 

performance.



Categorical variables can carry valuable insights about the underlying 

patterns in the data. By encoding them effectively, you can preserve this 

information and enable the machine learning model to learn from these 

patterns. Feature engineering techniques like one-hot encoding, label 

encoding, and target encoding can help you transform categorical variables 

into a format suitable for your modeling needs.

Importance of Encoding Categorical 

Categorical Variables



Understanding Categorical 
Variables and Their 
Challenges



Categorical variables represent qualitative data that cannot be easily 

ordered or quantified. Effectively working with these variables is crucial for 

accurate data analysis and modeling. However, their unique properties 

present distinct challenges that require careful consideration.



Types of Categorical Variables: 
Nominal, Ordinal, Binary

Nominal Variables

Nominal variables 

represent categories 

without any inherent 

order or ranking. 

Examples include 

gender, marital status, 

and country of origin.

Ordinal Variables

Ordinal variables have a 

clear order or ranking 

between categories, 

such as education level 

(elementary, high school, 

college) or customer 

satisfaction ratings (poor, 

average, good, excellent).

Binary Variables

Binary variables have 

only two possible 

categories, often 

represented as 0 and 1, 

or "yes" and "no". 

Examples include 

passed/failed an exam 

or enrolled/not enrolled 

in a program.



Challenges with 
Categorical 
Variables

Categorical variables pose unique challenges in 

data analysis. They often have higher cardinality, 

require specialized encoding methods, and can be 

more difficult to interpret compared to numerical 

variables.



Techniques for 
Categorical Variable 
Encoding Categorical variables pose unique challenges 

in data analysis. Effective encoding techniques 

are essential to leverage their information and 

incorporate them into machine learning 

models.



One-Hot Encoding



One-hot encoding is a powerful technique for transforming categorical variables into a 

format that can be used by numerical machine learning models. The process involves 

creating a new binary column for each unique category, with a value of 1 indicating the 

presence of that category and 0 indicating its absence. This allows the model to learn the 

unique patterns and relationships associated with each category, without any loss of 

information from the original data.



One-Hot Encoding

Numerical Representation

One-hot encoding transforms categorical variables into a numerical 

format that machine learning models can understand.

Creating Binary Columns

For each unique category, a new binary column is created. A value of 1 

indicates the presence of that category, 0 indicates its absence.

Preserving Information

One-hot encoding ensures that the model can learn the unique 

characteristics of each category without assuming any inherent order or 

relationship.



Target Encoding

1
Feature Analysis

Understand feature importance

2
Mean Encoding

Replace categories with mean target

3
Target Transformation

Adjust target to improve model fit

Target encoding is a powerful technique for handling categorical variables by replacing categories 

with their mean target value. This allows the model to learn the relationship between the 

categorical feature and the target variable. The transformed feature can then be used in place of 

the original categorical variable.



Target Encoding

1
Statistic

Mean or median of target variable

2
Frequency

Ratio of category to total

3
Probability

Probability of target class



Target encoding is a powerful technique for encoding categorical variables by 

replacing them with the mean, median, frequency, or probability of the target 

variable. This allows the model to learn the relationship between the 

categorical feature and the target, leading to improved predictive 

performance. Target encoding is particularly useful for high-cardinality 

categorical variables where one-hot encoding would result in a large, sparse 

feature space.

Target Encoding



The key steps in target encoding are to first calculate the relevant statistic 

(e.g. mean, median, frequency, probability) for each category of the 

categorical variable, and then replace the original categories with these 

encoded values. This encoding preserves the information in the categorical 

variable while reducing the dimensionality of the feature space.

Target Encoding



Label Encoding

1Categorical to Numerical

Label encoding is a simple technique that 

converts categorical variables into 

numerical values. This is useful when the 

machine learning model requires numeric 

input, as many algorithms cannot directly 

handle text-based data.

2 Assigning Numerical Values

In label encoding, each unique category is 

assigned a distinct numerical value, 

typically starting from 0 or 1. This 

mapping ensures that the categorical 

information is preserved in a numerical 

format that the model can understand.

3Ordinal or Nominal

Label encoding can be applied to both 

both ordinal and nominal categorical 

categorical variables. For ordinal 

variables, the numerical values assigned 

assigned reflect the inherent order, while 

while for nominal variables, the values are 

values are arbitrary and do not imply any 

any order.



Ordinal Encoding

Preserving Order

Ordinal encoding is a technique used to convert categorical variables into 

into numerical values while preserving the inherent order or ranking between the 

between the categories. This approach is particularly useful when the categories 

categories have a natural hierarchy, such as low, medium, and high or small, 

small, medium, and large.



Assigning Numerical Values

In ordinal encoding, each category is assigned a unique integer value, typically 

starting from 0 or 1, based on the order of the categories. This representation 

allows the model to understand the relative relationship between the different 

categories, which can be beneficial for certain types of machine learning 

algorithms.

Ordinal Encoding



Handling Missing Values

When dealing with missing values in the categorical variable, ordinal 

encoding provides a straightforward approach. The missing values can 

be assigned a separate numerical code, such as -1 or the average of the 

existing ordinal values, ensuring that the model can still recognize and 

handle the missing information effectively.

Ordinal Encoding



Frequency Encoding

What is Frequency 

Encoding?

Frequency encoding is a 

technique that replaces 

categorical variables with 

numerical values based on 

the frequency or count of 

each category in the dataset. 

The underlying idea is that the 

frequency of a category can 

provide useful information to 

the model.

How it Works

For each unique category in 

the variable, the frequency or 

count of that category is 

calculated. The category is 

then replaced with the 

calculated frequency value. 

This numerical representation 

can help the model better 

understand the relative 

importance of each category.

Advantages
Frequency encoding is a 

simple and effective 

technique for handling 

categorical variables. It 

preserves the ordinal 

relationship between 

categories and can improve 

model performance, 

especially for tree-based 

models that can leverage the 

numerical representation.



Hashing Trick

1
What is Hashing Trick?

The hashing trick is a technique for encoding high-cardinality 

categorical variables. It involves mapping each category to a unique 

hash value, which can then be used as a numerical feature in machine 

learning models.



Hashing Trick

2
How Does it Work?

The hashing trick uses a hash function to convert each category into a 

fixed-length numerical value. This helps reduce the dimensionality of 

the data and avoids the need for creating a large number of one-hot 

encoded features.



Hashing Trick

3
Benefits of Hashing Trick

The hashing trick is particularly useful for dealing with high-cardinality 

categorical variables, as it can significantly reduce the size of the 

feature space. It also avoids the risk of overfitting that can occur with 

one-hot encoding.



Dealing with High Cardinality 
and Rare Categories

Categorical variables with a large number of unique values or rare categories 

can pose significant challenges in data analysis. Proper handling of these 

variables is crucial for building effective machine learning models.



Dealing with High Cardinality and 

Rare Categories

Feature Selection

Identify and remove variables with high 

cardinality or too many rare categories that 

may not contribute significantly to the 

model.

Binning

Group low-frequency categories into larger 

"bins" to reduce dimensionality and 

improve model performance.

Target Encoding

Transform high-cardinality features into a 

numeric representation based on the 

target variable, capturing underlying 

patterns.

Dimensionality Reduction

Apply techniques like Principal Component 

Analysis (PCA) or t-SNE to project high-

dimensional categorical data into a lower-

dimensional space.



Handling High-Cardinality 

Categorical Variables

High-cardinality categorical variables, those with a large number of unique 

categories, can pose a challenge for machine learning models. Traditional 

encoding techniques like one-hot encoding or label encoding may not be effective, 

as they can lead to high-dimensional feature spaces and sparse data 

representation.



Handling High-Cardinality 

Categorical Variables

To address this issue, various advanced encoding methods have been developed. 

developed. Target Encoding leverages the target variable to create informative 

informative numerical representations. Frequency Encoding captures the 

the frequency of each category, capturing important statistical information. The 

information. The Hashing Trick is a memory-efficient technique that maps high-

maps high-cardinality variables to a lower-dimensional space.



Handling High-Cardinality 

Categorical Variables

When dealing with high-cardinality categorical variables, it's important to 

important to carefully evaluate the performance of different encoding 

encoding techniques and select the one that best suits your specific problem 

problem and dataset. Experimenting with various approaches and monitoring 

monitoring model performance can help you find the most effective solution.

solution.



Handling 
Imbalanced Data
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Handling Imbalanced 

Data: Understanding 

the Challenge
In machine learning, imbalanced data occurs when the 

distribution of target classes is skewed, with one class 

significantly outnumbering the others. This poses a 

unique challenge, as standard models often struggle to 

learn the minority class effectively.



What is Imbalanced Data?

Imbalanced data refers to a situation where the 

distribution of samples across different classes is 

uneven. This often occurs when one class (the 

majority class) has significantly more samples than 

the other class(es) (the minority class(es)).

This skewed distribution can pose significant 

challenges for machine learning models, as they 

may become biased towards the majority class and 

struggle to accurately predict the minority class.



Causes of Imbalanced Data

Data Collection

Imbalanced data often 

arises from biases in the 

data collection process, 

where certain classes are 

underrepresented due to 

limited access or 

availability.

Real-World Phenomena

Some problems inherently 

have a skewed 

distribution, such as 

medical diagnoses or 

fraud detection, where the 

positive class is much 

rarer than the negative 

class.

Data Labeling

Incorrect or inconsistent 

labeling of data can also 

lead to imbalanced 

datasets, as certain 

classes may be mislabeled 

or overlooked during the 

labeling process.



Consequences of Imbalanced Data in 

Machine Learning

Biased Models

Machine learning models trained on imbalanced data tend to be 
biased towards the majority class, often neglecting or 
misclassifying the minority class.

Unreliable Performance Metrics

Common evaluation metrics like accuracy can be misleading on 
imbalanced datasets, as they fail to capture the true performance 
on the minority class.

Overfitting to Majority Class

Machine learning models may overfit to the majority class, 
resulting in poor generalization and inability to accurately predict 
the minority class.



Evaluation Metrics for Imbalanced 

Data

Accuracy

Accuracy is not a 
reliable metric for 
imbalanced data, 
as it can be 
skewed by the 
majority class. 
The model may 
achieve high 
accuracy by 
simply predicting 
the majority class 
every time.

Precision and Recall

Precision and recall 
provide a more nuanced 
view of model 
performance. Precision 
measures the proportion 
of true positives among 
all positive predictions, 
while recall measures 
the proportion of true 
positives that were 
correctly identified.

F1-Score

The F1-score 
combines precision 
and recall into a 
single metric, 
providing a balanced 
assessment of model 
performance. It is the 
harmonic mean of 
precision and recall.

ROC Curve and AUC

The Receiver Operating 
Characteristic (ROC) 
curve and the Area 
Under the Curve (AUC) 
metric can help 
evaluate the trade-off 
between true positive 
rate and false positive 
rate, independent of 
class imbalance.



Oversampling Techniques

Oversampling is a technique used to address imbalanced 

datasets by increasing the representation of the minority 

class. This can be done through random duplication of 

minority class instances or more sophisticated methods like 

SMOTE (Synthetic Minority Over-sampling Technique).

Oversampling aims to balance the class distribution, allowing 

machine learning models to better learn the patterns in the 

minority class. This can lead to improved model performance 

on the underrepresented class.



Undersampling Techniques

Random Undersampling

Randomly removing majority 

class samples to balance the 

dataset. Simple but may discard 

useful information.

Tomek Links

Identifying and removing majority 

class samples that are near the 

decision boundary, preserving 

more informative samples.

Edited Nearest Neighbors

Removing majority class samples 

that are misclassified by their 

nearest neighbors, reducing 

noise and redundancy.



Ensemble Methods for Imbalanced 

Data

Bagging

Bagging techniques like Random Forest 

aggregate the predictions of multiple 

decision tree models to improve stability 

and accuracy, especially for imbalanced 

datasets.

Boosting

Boosting algorithms like AdaBoost and 

Gradient Boosting sequentially train 

weak models to focus on the hardest-to-

classify examples, compensating for 

imbalanced class distributions.

Stacking

Stacking combines the predictions of multiple base models using a meta-model, allowing the 

ensemble to learn complex patterns in imbalanced data.



Feature Engineering for Imbalanced 

Data

Reduce Noise

Identify and remove irrelevant or 

redundant features that can 

confuse the model and amplify the 

imbalance.

Create Synthetic Features

Generate new informative features 

from the existing data to better 

distinguish between the majority 

and minority classes.

Leverage Domain Knowledge

Incorporate expert insights about the problem domain to engineer features that 

capture the underlying patterns in the imbalanced data.



Handling Imbalanced Data: 
Best Practices and 
Considerations

E X P L O R E  P R O V E N  S T R A T E G I E S  T O  A D D R E S S  I M B A L A N C E D  D A T A S E T S  A N D  I M P R O V E  T H E  

P E R F O R M A N C E  O F  Y O U R  M A C H I N E  L E A R N I N G  M O D E L S .  L E A R N  F R O M  R E A L - W O R L D  E X A M P L E S  A N D  

E X P E R T  I N S I G H T S .


