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Data Complexity Measures: Class Imbalance Measures

AI and Society Course

• Class Imbalance Measures: Consider the ratio of the number of examples between classes.

Previously…



Class Imbalance

Definition, Applications, Impact, and Mitigation Strategies



Class Imbalance “in the wild”

AI and Society Course

• Due to biased sampling (e.g., representation bias) or the intrinsic nature of the domain.
• Beyond research challenges, class imbalance raises many critical questions in real-world 

applications, from fraud detection, churn prediction, disease diagnosis, spam detection, 
sentiment analysis…

• COVID infection: among all patients, only 
10% might have COVID

• Fraud Detection: fraudulent transactions 
might make up 0.2% of all transactions

• Manufacturing defect: different types of 
defects have different prevalance

• Self-driving cars: objects have different 
prevalence (cars, trucks, pedestrians)

Wuxing Chen et al. (2024). A survey on imbalanced learning: latest research, applications and future directions." Artificial Intelligence Review 57.6 (2024): 1-51

https://www.kaggle.com/datasets/allen-institute-for-ai/CORD-19-research-challenge
https://www.kaggle.com/datasets/allen-institute-for-ai/CORD-19-research-challenge
https://www.kaggle.com/datasets/mlg-ulb/creditcardfraud/data
https://www.kaggle.com/c/severstal-steel-defect-detection
https://github.com/udacity/self-driving-car/tree/master/annotations
https://link.springer.com/article/10.1007/s10462-024-10759-6
https://link.springer.com/article/10.1007/s10462-024-10759-6
https://link.springer.com/article/10.1007/s10462-024-10759-6
https://link.springer.com/article/10.1007/s10462-024-10759-6
https://link.springer.com/article/10.1007/s10462-024-10759-6


Class Imbalance in the industry landscape

AI and Society Course



Imbalanced Data: Problem

AI and Society Course

• Most of the traditional pattern classifiers assume their input data to be well-behaved across a 
set of characteristics. Practical datasets, however, show up with various forms of irregularities.

Machine Learning Algorithm

Decision Support System



Imbalanced Data: Problem

AI and Society Course

• Standard classifiers assume balanced class distributions or equal misclassification costs.



Imbalanced Data: Problem
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• Violations of such ideal conditions, hinder the normal learning process of a classifier. Typically, 
the learning process of most classifiers is biased towards majority class examples.



Imbalanced Data: Definition and Measures
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• Class Imbalance refers to a disproportion in the number of examples belonging to each class 
in a dataset and is known to bias classifiers towards the most representative concepts.

• Percentage of minority class examples (%)
• Entropy of class proportions:

• Imbalance Ratio:

• Ratio (e.g., 1:100)



Imbalanced Data: Standard Approaches
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• There are several approaches to handle imbalanced data:



Imbalanced Data: Data Level
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• (Re)Sampling Methods: Modify the (prior) distribution of the majority or/and the minority
classes.



Imbalanced Data: Algorithmic Level and Cost-Sensitive
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• Algorithmic Modification: Learning methods are adapted to be more attuned to the class
imbalance issue (e.g., weighting schemes, one-class classifiers).

• Cost-Sensitive Classification: Considers different misclassification costs for different classes.



Imbalanced Data: Feature Selection and Ensembles
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• Feature Selection: Select an informative subset of features (how? perhaps using complexity measures?)

• Ensembles: Aggregate the predictions of several classifiers (how? perhaps studying classifier footprints?)



Imbalanced Data: Data-Level Approaches
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• Data-Level approaches are perhaps the most commonly used.

• There are essentially two main categories:

• Undersampling: Removing majority examples.

• Oversampling: Adding minority examples.

Have proven to be efficient

Are rather intuitive and simple to implement

Classifier-agnostic

The most data-centric?: Can be adjusted to data intrinsic characteristics



Imbalanced Data: RUS & ROS
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Imbalanced Data

Random Undersampling

Random Oversampling



Imbalanced Data: RUS & ROS

AI and Society Course

Imbalanced Data

Random Undersampling

Random Oversampling

Problems?



Imbalanced Data: Synthetic Oversampling
AI and Society Course



SMOTE: Synthetic Minority Oversampling TEchnique
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Nitesh Chawla et al. (2024). SMOTE: Synthetic Minority Oversampling Technique. Journal of Artificial Intelligence Research (2022). 321-357.

https://arxiv.org/pdf/1106.1813
https://arxiv.org/pdf/1106.1813
https://arxiv.org/pdf/1106.1813
https://arxiv.org/pdf/1106.1813


SMOTE: Overgeneralization Problem

AI and Society Course

Overgeneralization



SMOTE: Overgeneralization Problem
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Imbalanced Data SMOTE



SMOTE: Other SMOTE variants
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SMOTE

SMOTE-TL

ADOMS

ADASYN

SMOTE-ENN

Borderline-SMOTE

SL-SMOTE



SMOTE: Borderline-SMOTE
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• Borderline-SMOTE considers only examples on the border that divides classes. 
It detects which minority examples are on the border and applies the SMOTE to 
oversample them.



ADASYN: Adaptive Synthetic Sampling Approach
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• ADASYN focuses on “harder to learn” minority examples, i.e., those surronded 
by majority class examples.



SMOTE, Borderline-SMOTE, and ADASYN
AI and Society Course

Imbalanced
Data

SMOTE

Borderline
SMOTE

ADASYN



SMOTE: SMOTE variants
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ROS
SMOTE

Safe-Level-SMOTE
Borderline-SMOTE

1
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SMOTE: SMOTE variants
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Safe-Level-SMOTE
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Imbalanced Data: interplay with other factors
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• Although class imbalance is an important problem in isolation, its combination with other
factors creates a much more difficult setting for classifiers.

Dataset 

Shift

Noisy 
Data

Lack of 

Density

Small 

Disjuncts

Class 

Overlap

• Its effects are exacerbated by other data intrinsic characteristics, irregularities, complexity factors.



Imbalanced Data: the problem of Small Disjuncts
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• Between and within class imbalance

• Classifiers are typically biased towards classifying larger disjuntcs accurately



Small Disjuncts: CBO – Cluster-Based Oversampling

AI and Society Course

Nmaj/cmin = 60/2 = 30



IR = 3:1

Imbalanced Data: the problem of Class Overlap
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• Class Overlap is recognized as the most harmful issue for classification, especially in 
imbalanced domains.

IR = 3:1

?

?
?



Class Overlap: SMOTE-TL and SMOTE-ENN
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Imbalanced Data SMOTE



SMOTE-TL: SMOTE + Tomek Links
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Tomek Links SMOTE-TL



SMOTE-ENN: SMOTE + Edited Nearest Neighbor

AI and Society Course

ENN SMOTE-ENN



Imbalanced Data: Data Difficulty Factors
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Imbalanced Data: Data Difficulty Factors

AI and Society Course
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Imbalanced Data: Experimental Design Pitfalls
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• Poor performance evaluation in imbalanced
domains

• Faulty application of resampling approaches

• Distinguishing between overoptimistic and
overfitting approaches



Imbalanced Data: Performance Evaluation
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• 100 blue fish vs. 
10 red fish

Actual Class

Blue fish Red fish

Predicted

Class

Blue fish 100 8

Red fish 0 2

• Accuracy is 92%! Good result?



Imbalanced Data: Performance Evaluation
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• Blue fish recognition: 100% (specificity)
• Red fish recognition: 20% (sensitivity)

• Common performance measures in 
Imbalanced Learning literature

• Sensitivity
• F-measure
• G-mean
• AUC



Imbalanced Data: Cross Validation
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Imbalanced Data: Cross Validation
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Imbalanced Data: Cross Validation

AI and Society Course



Imbalanced Data: Cross Validation

AI and Society Course



Imbalanced Data: Cross Validation
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Imbalanced Data: Cross Validation
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Imbalanced Data: Cross Validation
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Imbalanced Data: Experimental Design Pitfalls

AI and Society Course

• Imbalanced Data requires more informative measures:

• Accuracy / Error Rate are not appropriate

• Overoptimism is associated with innapropriate validation setups:

• Oversampling should be applied after crossvalidation (only on the training set)

• Overfitting is mostly related to the random oversampling algorithm:

• Creating exact replicas of existing patterns is the most prejudicial technique



Imbalanced Data

Practice with Python



imbalanced-learn: Tackle the Curse of Imbalanced Datasets in ML

AI and Society Course

• Implements several strategies to overcome 
the problem of imbalanced learning.

pip install imbalanced-learn

https://imbalanced-learn.org/stable/

https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/
https://imbalanced-learn.org/stable/


smote-variants: A collection of 85 SMOTE variants for oversampling
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• Provides a Python implementation of 85 
oversampling techniques to boost the
application and development in the field of
imbalanced learning.

Gyorgy Kovacs (2019), Smote-variants: A python implementation of 85 minority oversampling techniques. Neurocomputing.

pip install smote-variants

https://smote-variants.readthedocs.io

https://www.sciencedirect.com/science/article/pii/S0925231219311622
https://www.sciencedirect.com/science/article/pii/S0925231219311622
https://www.sciencedirect.com/science/article/pii/S0925231219311622
https://www.sciencedirect.com/science/article/pii/S0925231219311622
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/
https://smote-variants.readthedocs.io/


KEEL Platform

AI and Society Course

http://www.keel.es

http://www.keel.es/
http://www.keel.es/


KEEL Platform (Datasets)
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Tutorial

T03: Imbalanced Data



Artificial Intelligence
and Society
Module 03: Imbalanced Data

Miriam Seoane Santos
LIAAD, INESC TEC, FCUP, University of Porto

2025/2026

miriam.santos@fc.up.pt

Master Degree in Artificial Intelligence


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54

