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Abstract. This package helps Python users address imbalanced regression problems. Popular Python packages exist for imbalanced classification. However, there is still little Python support for imbalanced regression. Imbalanced regression is a well-known problem that occurs across
domains, where a continuous target variable is poorly represented on
ranges that are important to the end-user. Here, a re-sampling strategy is applied to modify the distribution of the target variable, biasing it towards the end-user interests so that downstream learning algorithms can be trained on the most relevant cases. The package provides
an easy-to-use and extensible implementation of eight state-of-the-art
re-sampling methods for regression, including four under-sampling and
four over-sampling techniques. Code related to this paper is available at:
https://github.com/paobranco/ImbalancedLearningRegression.
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Introduction

Imbalanced domains are characterized by having an imbalanced target variable.
A model trained on an imbalanced data set cannot focus on the important regions
and thus is not able to predict well the most important rare cases [2]. Research
has been more intensive on the imbalanced classification problem, with a vast
number of re-sampling techniques being proposed. However, this issue also occurs in regression tasks where the target variable is continuous. To define the
important and unimportant ranges of the target variable, we use the notion of
relevance function that can be either estimated from the data distribution or
explicitly provided by the end-user [12]. In the automatic method, low-density
ranges are mapped to high relevance values while high-density ranges are mapped
to low relevance values. The formed ranges can be thought of as different minority (important) and majority (unimportant) classes, in a classification setting.
Implementations of a high diversity of re-sampling techniques for class imbalance are available in Python (imbalanced-learn [10]) and R (imbalance [5],
UBL [1]). However, this is not the case for imbalanced regression for which some
methods exist in R (UBL [1]), but only one package exists in Python that implements a single over-sampling method: SMOGN [3,9]. The proposed Python
package ImbalancedLearningRegression fills this gap.
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The ImbalancedLearningRegression Package

Our package provides different re-sampling techniques for the imbalanced regression problem in Python based on the data analysis libraries pandas, numpy, and
scikit-learn. At the current stage of development, eight re-sampling methods
have been implemented, including four over-sampling methods: Random Oversampling (RO) [4,11], SMOTE [14], Introduction of Gaussian Noise (GN) [4],
ADASYN [8]; and four under-sampling methods: Random Under-sampling (RU),
Condensed Nearest Neighbor (CNN) [7], TomekLinks [13], Edited Nearest Neighbor (ENN) [15]. These methods perform differently in terms of data manipulation, execution time, and the number of samples created or deleted. It is up to the
user to select an appropriate method for re-sampling a specific domain. The representation of the data sets through pandas data frame in ImbalancedLearningRegression
gives the end-user the flexibility to apply any pre-processing steps before and/or
after the use of ImbalancedLearningRegression.
For the sake of usability, only two parameters are required to be specified to execute a re-sampling method in the package: (i) the data set in the
form of a pandas data frame, and (ii) the name of the target variable. The
remaining parameters have default values that globally correspond to the following assumptions: the less dense target variable regions are the most important ones, and the user’s goal is to balance the important and unimportant
cases. End-users can change any parameter to control the behavior of the resampling strategy. ImbalancedLearningRegression is organized into several
modules and is therefore consistent, maintainable, and extensible. Future collaborators can take advantage of its structure to implement improvements or
add more re-sampling techniques for the imbalanced regression problem. The
package can be used on any OS supported by Python, including Windows, macOS, and Linux. It is fully open-source and is available under a GNU General Public License v3 (GPLv3). The source code can be found at https:
//github.com/paobranco/ImbalancedLearningRegression, and an introduction video is available at https://youtu.be/BanN904NyX0. The documentation
can be found at https://imbalancedlearningregression.readthedocs.io/
en/latest. The package can be easily installed via PyPI3 using pip install
ImbalancedLearningRegression.
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Some Application Examples

We present a basic use case of re-sampling with the Ames Housing data set [6]
to show how simple it is to use ImbalancedLearningRegression. This data set
illustrates a regression task where SalePrice is the continuous target variable.
We applied four different re-sampling methods with default parameter settings.
The complete code of execution is shown below.
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import I m b a l a n c e d L e a r n i n g R e g r e s s i o n a s i b l r
import pandas a s pd
h o u s i n g = pd . read_csv ( " h o u s i n g . c s v " )
housing_smote = i b l r . smote ( data = housing , y = " S a l e P r i c e " )
housing_gn = i b l r . gn ( data = housing , y = " S a l e P r i c e " )
housing_cnn = i b l r . cnn ( data = housing , y = " S a l e P r i c e " )
housing_enn = i b l r . enn ( data = housing , y = " S a l e P r i c e " )

The first two lines import our package ImbalancedLearningRegression, as
well as the data analysis library pandas. The following line loads the data from
a file to a standard pandas data frame. Each one of the next four lines applies
a re-sampling method available in the package. In this example, we selected
SMOTE, GN, CNN, and ENN methods. Two parameters are necessary to be
specified to run the techniques: the instance of the pandas data frame is assigned to the parameter data, and a string of the name of the target variable is
assigned to the parameter y that represents the target variable. Users can also
control the degree of re-sampling by setting the parameter samp_method, or control the threshold of classifying majority and minority by setting the parameter
rel_thres. For more details regarding the optional parameters, please refer to
the package documentation.
The original Ames Housing data set contains 1460 samples. After applying
SMOTE, GN, CNN, and ENN, the number of samples in the modified data
sets changed to 1974, 1459, 401, and 1428 respectively. Figure 1 shows the density distribution of our data set before and after applying the four different
re-sampling techniques. We observe that the distribution of the Ames Housing
data set changes considerably when SMOTE, GN, and CNN are applied, whereas
it is only slightly affected when ENN is used.

Fig. 1. Density distribution of Ames Housing data set before and after applying four
re-sampling methods using ImbalancedLearningRegression package.
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Conclusion

Here we introduced the ImbalancedLearningRegression package that allows
the application of multiple re-sampling techniques to address the imbalanced
problem in regression tasks in a Python environment. This package provides an
easy-to-use, extensible, and freely available implementation of solutions for this
problem.
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