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Resumo

Abordar a questao de distribuicdes desequilibradas na variavel-alvo em problemas de
regressao continua a ser um desafio pouco explorado, particularmente em cenarios de
dados tabulares em que as regides com poucos registos podem degradar a preciséo
da previsdo. As abordagens ao nivel dos dados, como a amostragem aleatéria e as
técnicas inspiradas no algoritmo SMOTE, tentaram resolver este problema adaptando
as estratégias de classificagado as tarefas de regressédo. No entanto, e como resultado
destas adaptacoes, estes métodos dependem muitas vezes de limites rigidos definidos
manualmente sobre a variavel objetivo, que pode resultar em reformulagdes arbitrarias e
pouco intuitivas do problema original. Solugdes mais recentes que utilizam modelos ge-
nerativos, como Generative Adversarial Networks e Variational Autoencoders, permitem
uma geragao de amostras mais adaptativa, mas sofrem muitas vezes de elevadas exi-
géncias computacionais e de reduzida interpretabilidade. Neste trabalho, apresentamos
uma versao modificada de um método de geragéo de dados sintéticos baseado no algo-
ritmo CART, especificamente concebido para problemas de regressao desequilibrada.
A nossa abordagem incorpora métodos de relevancia e de densidade para concentrar
a geracao de dados em areas sub-representadas da variavel objetivo, eliminando a ne-
cessidade de limiares fixos ao confiar num processo de geragcdo sem limiares e guiado
pelas carateristicas dos dados, e possibilitando a aprendizagem em tipos de dados he-
terogéneos bem como intercorrelagdes e distribuicdes complexas. No nosso estudo ex-
perimental, validamos o nosso método através de experiéncias que visam a previsao de
valores raros e extremos em conjuntos de dados tabulares de referéncia para este tipo
de tarefa. Os resultados mostram que o nosso método tem um desempenho competitivo
em relacdo a outras abordagens de reamostragem e generativas, ao mesmo tempo que
oferece vantagens notaveis em termos de velocidade e interpretabilidade. Em geral, a
técnica proposta surge como uma solugéo transparente e escalavel ao nivel dos dados

para melhorar o desempenho da regressdo em contextos desequilibrados.

Palavras-chave: Aprendizagem a partir de Dominios Desequilibrados, Regressao Dese-
quilibrada, Previsdo de Valores Extremos, Dados Tabulares, Geragao de Dados Sintéti-

cos, Amostragem
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Abstract

Addressing the issue of imbalanced target distribution in regression problems remains
a critical challenge, particularly in tabular data scenarios where sparsely populated re-
gions can degrade predictive accuracy. Data-level approaches, such as random sampling
and SMOTE-inspired techniques, have attempted to tackle this by extending classifica-
tion strategies to regression tasks. However, these methods often rely on strict, manu-
ally set thresholds for the target variable, which are inherited from approaches used for
imbalanced classification tasks, and can lead to arbitrary and unintuitive problem defi-
nitions. More recent solutions using generative models such as Generative Adversarial
Networks and Variational Autoencoders allow for more adaptive sample generation but
often suffer from high computational demands and reduced interpretability. In this work,
we present a modified version of a CART-based synthetic data generation method, specif-
ically designed for imbalanced regression problems. Our approach incorporates both rel-
evance and density information to focus sampling on underrepresented areas of the target
space, eliminating the need for fixed thresholds by relying instead on a feature-guided,
threshold-free generation process, making it suitable for heterogeneous data types, com-
plex inter-correlations, and intricate column-wise distributions. We validate our method
through experiments targeting the prediction of rare or extreme values across benchmark
datasets. The findings show that our method performs competitively with other resampling
and generative approaches, while offering notable advantages in speed and interpretabil-
ity. Overall, the proposed technique emerges as a transparent and scalable data-level

solution for enhancing regression performance in imbalanced settings.

Keywords: Imbalanced Domain Learning, Imbalanced Regression, Extreme Value Pre-

diction, Tabular Data, Synthetic Data Generation, Sampling
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1. Introduction

Imbalanced domain learning involves predictive modelling tasks characterised by
two key aspects: a skewed distribution of the target variable and the need to accurately
predict infrequent but often critical cases. While the majority of research in this area
has focused on classification tasks with tabular data, particularly improving performance
on minority classes [1], similar challenges arise in regression settings, where the target

variable is continuous.

In many real-world domains, accurately forecasting rare or extreme values is es-
sential. Examples include predicting wildfire risks [2—4], cybersecurity threats [5, 6], urban
water consumption patterns [7], and financial frauds [8]. In such contexts, the primary con-
cern is not general predictive accuracy, but rather the precise prediction of uncommon and

impactful outcomes.

As in classification, standard regression methods face two main challenges in im-
balanced domains [1]. First, they implicitly treat all target values as equally important.
Second, commonly used evaluation metrics, such as Mean Squared Error (MSE) and
Mean Absolute Error (MAE), tend to emphasise accuracy near the mean, often over-
looking rare or extreme values. Moreover, the continuous nature of the target variable
adds complexity, requiring models to identify important values across a range rather than

among discrete categories.

Over the past two decades, the field of imbalanced domain learning has seen
significant advances [1, 9-13]. Core areas of research include formalising the problem,
recognising the limitations of standard learning algorithms, proposing tailored solutions,
and refining evaluation metrics. Nonetheless, most contributions have concentrated on
classification problems, especially binary classification, leaving imbalanced regression

relatively underexplored.

1.1. Motivation

Among the strategies to handle imbalanced domain learning problems, data-level
approaches are widely adopted. These techniques alter the training data to highlight im-

portant cases, typically during preprocessing. Their model-agnostic nature makes them
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compatible with a variety of machine learning algorithms [1]. However, current data-
level methods for regression often come with notable drawbacks: reliance on black-
box models [14-16], the need for difficult-to-tune hyperparameters [17-21], and depen-
dence on user-defined relevance thresholds that require discretising the continuous target
space [17-19, 21].

This thesis proposes an adaptation of a previously introduced Classification and
Regression Trees (CART)-based data augmentation technique [22] to make it suitable for
imbalanced regression tasks. Furthermore, unlike most existing data-level techniques for
imbalanced regression [17, 18, 23], our proposal does not depend on user-defined thresh-
olds within the target variable domain, features an interpretable process regarding data
generation due to the visual component of CART and avoids relying on hyperparameters

difficult to input without domain knowledge.

1.2. Objectives
The main goals of this thesis are as follows:
1. provide a literature review of the problem as well as the challenges in the field,
comparing existing state-of-the-art data-level strategies;
2. release a public repository of benchmark datasets for imbalanced regression;

3. propose a CART-based data augmentation method specifically adapted for imbal-

anced regression tasks that avoids the use of user-defined relevance thresholds;

4. implement new Kernel Density Estimation (KDE)-based evaluation metrics tailored

to imbalanced regression tasks;

5. conduct a comprehensive experimental evaluation comparing state-of-the-art data-

level strategies using benchmark datasets.

1.3. Bibliographic Notes

The following materials are associated with the main work presented in this thesis:

e A. P. Pinheiro, R. P. Ribeiro, "CART-Based Synthetic Tabular Data Generation for
Imbalanced Regression”, 40th Annual AAAI Conference on Atrtificial Intelligence

(under review)
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e A. P. Pinheiro and R. P. Ribeiro, “Synthetic Tabular Data Augmentation for Imbal-
anced Regression” [Source Code], DOI:10.24433/C0O.7826905.v2

1.4. Organisation

The remainder of this thesis is structured as follows. Chapter 2 delineates the
problem definition, the challenges in the field, and the application domains of an imbal-
anced regression task. Chapter 3 provides a concise overview of the pertinent literature,
including existing sampling and data augmentation techniques. Chapter 4 presents our
proposed solution, a CART-based data-level augmentation approach and its underlying
mechanisms. Chapter 5 discusses the outcomes of an extensive experimental evaluation
conducted with benchmark datasets, widely-used learning models, and sampling/aug-
mentation strategies. Concluding remarks are provided in Chapter 6, as well as prospec-

tive future developments in the field.


https://codeocean.com/capsule/7333875/tree/v2

FCUP | 4
Synthetic Tabular Data Augmentation for Imbalanced Regression

2. Background

This chapter provides an overview of the main topics related to imbalanced regres-
sion, with real-world examples demonstrating the importance of addressing the problem.
It also discusses the current challenges in this field of predictive modelling and reviews
existing methods to tackle these problems. Additionally, the chapter examines various

approaches aimed at addressing this research area.

2.1. Imbalanced Regression

Predictive modelling refers to the task of approximating an unknown function Y =
f(X) using supervised learning methods applied to a dataset composed of input variables
X and a target variable Y [1]. When Y is continuous, the problem is formulated as regres-
sion, and models are trained to minimise a loss function, typically the Mean Squared Error

(MSE), through parameter optimisation [1, 9].

In many practical settings, however, not all target values are equally important.
Rare or extreme values often hold greater significance but are poorly represented in the
data, giving rise to imbalanced regression problems [1]. These cases become especially
challenging when combined with non-uniform domain preferences, where some regions
of the target space are more relevant to the user than others. As illustrated in Figure 2.1,
learning tasks can be categorised based on whether the target distribution is balanced or

imbalanced, and whether domain preferences are uniform or not [9].

Target Variable Domain Predictive Focus
Distribution Preferences
e Specific Interval of Classes

Balanced g Uiiifiayim

Average Values
e / Common Cases

™ d Ni iform Extreme Values

Rare Cases

Figure 2.1: Balanced and Imbalanced Domain Learning Taxonomy (adapted from [9])

In the context of regression, imbalance is typically associated with the presence
of rare and extreme values. Addressing this scenario involves two central challenges:
guiding learning algorithms to focus on the most relevant instances, and adopting evalu-

ation metrics that reflect model performance specifically on those rare cases [1]. Without
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tackling these issues, models risk bias toward frequent values and fail to reflect the true

goals of the application domain.

2.2. Application Domains

In many real-world imbalanced problems, the goal is to accurately predict extreme
values of a continuous target variable that exhibits a skewed distribution. In this section,
some areas of practical applications are presented involving problems whose configu-
ration underscores the importance of the imbalanced regression task and highlights the

rationale and importance for the contributions made in this study.

2.2.1 Cybersecurity

While the majority of machine learning tasks within the cybersecurity domain are
classification-oriented, there are also important regression problems that involve imbal-
anced datasets. In the context of network intrusion detection, the authors of [24] con-
structed a dataset with features resembling real-world traffic, suitable for predicting risk
scores or time-to-detection. Likewise, [25] demonstrated that a dataset developed by the
Canadian Institute for Cybersecurity could support an intrusion detection system using
variables like flow durations, packet counts, and other time-based statistics to estimate
bandwidth usage, anomaly scores, or attack intensity. In addition, the authors of [26] show
how the ISCX Botnet Dataset [27] can be applied to predict network congestion and per-
form anomaly scoring. Regression techniques are also used in other cybersecurity areas
such as estimating the likelihood of an attack, or predicting network packet parameters

and comparing them to normal behaviour.

In endpoint protection and application security, regression can help predict the
number/sequence of system calls for executable processes and compare them to their
real executions. It can also detect anomalies in Hypertext Transfer Protocol (HTTP) re-
quests involving XML External Entity (XXE) injection and Server Side Request Forgery

(SSRF) attacks, as well as abnormal user activity like unusual login times [5, 6].

2.2.2 Environment and Meteorology

Environmental and meteorological domains present clear cases of imbalanced
regression problems, where rare but impactful events must be predicted from limited data.
As noted by [28], extreme weather events, such as heavy rainfall exceeding 25 mm/h,

are critical to forecast but occur infrequently, sometimes fewer than ten times per decade
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per location. Similarly, wildfire prediction faces the challenge of scarce training data for
high-risk events, influenced by many environmental and human factors [29-31]. Studies
such as [2-4] emphasise the rarity of data representing severe wildfire conditions, like
those from Portugal’s 2017 fires, and advocate for data augmentation to support model
training [2]. Additionally, in air pollution modelling, limited occurrences of dangerously high

pollutant levels, such as concentrations above 150 ug/m?3, pose similar challenges [32].

2.2.3 Finance

The application of regression techniques in financial market forecasting is inher-
ently tied to challenges posed by imbalanced regression problems. Financial datasets
often exhibit characteristics such as high nonlinearity, noise, and dynamic dependencies,
with very sparse data as indicated in the research done by [8]. These traits underscore
the importance of addressing imbalances in regression modelling. Additionally, in finan-
cial contexts, extreme market movements (e.g., crashes or surges) may be rare but carry
disproportionate importance for stakeholders. The need to accurately predict these under-
represented outcomes is paramount for practical applications such as risk management
and portfolio optimisation. The unique properties of financial data require innovative ap-
proaches to model design and evaluation, ensuring that the models are robust against

the skewed distribution of outcomes and capable of delivering actionable insights [8].

2.2.4 Utilities

Electricity load and urban water consumption forecasting are key examples of re-
gression tasks with substantial operational and economic impact. Accurate electricity load
forecasts support critical decisions in energy market operations and can yield major cost
savings, up to USD$1.6 million annually from just a 1% reduction in the Mean Absolute
Error (MAE) for a 10,000 MW generator [33, 34]. Similarly, forecasting water demand is

vital for effective resource distribution, pricing, and system management [7].

In both cases, the challenge intensifies during peak or unusual demand periods,
which are rare and lack sufficient historical data. This scarcity leads to imbalanced regres-
sion problems, where high-impact instances are underrepresented and harder to predict

accurately [9].
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2.3. Challenges in Imbalanced Regression

Imbalanced regression presents three main challenges, as outlined by [9]. The
firstis how to formally represent non-uniform preferences over continuous target domains.
Figure 2.2 contrasts these two views: the dashed green line reflects uniform preferences,

while the solid black line illustrates a preference for extremes.
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Figure 2.2: Importance of values for the target variable in the housingBoston dataset
(adapted from [9])

In contrast to classification, where it is typically easy to define a specific class of
interest labeled as positive, regression involves expressing preferences over a potentially
infinite range of target values. This complexity requires some form of automated approxi-
mation for preference specifications. However, as highlighted by many studies [9, 35-37],

these methods must not rely on fixed assumptions, such as normality.

The second challenge involves developing evaluation criteria that prioritise pre-
dictive performance on rare but important cases without introducing significant bias. Tra-
ditional regression metrics focus on average performance and fail to reflect the impor-
tance of extreme values [9]. Alternative metrics often either ignore preference variation

or overemphasise extremes, reducing generalisability [38].

The third challenge, as referred in [9], relates to the modelling phase, specifically
to bias the learning algorithms to train models that follow the mentioned metrics as pref-

erence criteria.

2.3.1 Target Variable Preferences Specification

Translating the domain knowledge to user domain preferences plays a pivotal role.
It influences both the evaluation and comparison of alternative models, as well as the tai-

loring of the learning process to construct models that effectively meet and prioritise these
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preferences, ensuring they are as aligned as possible with user-defined objectives [9].
Furthermore, possessing the complete specification of the domain knowledge represents
the ideal scenario. However, such information is often challenging to acquire in practi-
cal applications, particularly in regression tasks where the target variable possesses an
infinite domain. Among the numerous hypotheses and approaches to addressing this
challenge, this subsection presents two approaches formalised by [9] and [39], respec-

tively.

2.3.1.1 Relevance Function

To address imbalanced regression in the absence of domain knowledge, [9] pro-
pose a non-parametric method for automatically defining a relevance function, building
on earlier work by [40]. A relevance function ¢(Y) : Y — [0, 1] quantifies the importance

of accurately predicting each target value within a continuous domain [9, 40].

Given the impracticality of manually specifying relevance across an infinite target
space, the method approximates the function using a set of control points - target values
with predefined relevance values and respective derivatives - combined with interpola-
tion [9]. To automate the generation of control points, the approach identifies extreme
values using adjusted boxplots, which account for skewness by incorporating the med-
couple statistic [41]. Extreme target values are assigned high relevance, while frequent

values are assigned low relevance [9].

As illustrated in Figure 2.3, the resulting relevance function depends on the un-
derlying distribution of the target variable. If the data sample is representative of the ap-
plication domain, the generated function aligns closely with relevance functions informed

by expert knowledge. Otherwise, it reflects distribution-specific priorities [9].
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Figure 2.3: Distribution of a target variable (black) with its relevance function (blue) and
the adjusted boxplot (adapted from [1, 42])

Interpolation is performed using Piecewise Cubic Hermite Interpolating Polynomi-
als (pchip) [43], which ensures smooth and shape-preserving curves [9]. This method
maintains key mathematical properties, such as monotonicity, local positivity, and con-
vexity, and applies linear extrapolation outside the range defined by the control points [9].
Overall, this approach enables a flexible and robust specification of non-uniform relevance

in imbalanced regression settings, without requiring prior expert knowledge of the domain.

2.3.1.2 DenseWeight

The DenseWeight method, introduced by [39], addresses domain preference in
imbalanced regression by assigning sample weights inversely proportional to the esti-
mated density of the target variable. This ensures that rarer outcomes receive higher
importance during model training. While conceptually related to relevance functions,

DenseWeight uses KDE rather than heuristics such as boxplot statistics [9].

The weighting function f,,(«,y) depends on a tunable hyperparameter a € [0, o],
which controls the sensitivity to target rarity. When o = 0, weights are uniform; as « in-
creases, rare values receive greater weight. To maintain stability, all weights are positive,

strictly non-zero, and normalised to have a mean of 1 [39].

Density Estimation via KDE: Rarity is estimated through KDE, which provides a smooth
approximation of the target distribution. Using a Gaussian kernel and Silverman’s band-
width rule [44], the estimated density p(y) is normalised to the [0, 1] range, assigning lower

values to rare targets [39].
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Weighting Function: The final weight for each target value is computed in three steps:

1. Initial weighting:
folwy) =1—a-p'(y) (2.1)

2. Clipping to prevent zero or negative weights:
w(ey) =max(1—a-p'(y)e) (2.2)
3. Normalisation across the dataset:

— ‘lZ(“’]/) 23
fol@rd) =108 ey (23

As [39] show, higher « values amplify the contrast between rare and common in-
stances, allowing flexible control over how much emphasis is placed on underrepresented
targets. However, the optimal value for « is task-specific and typically requires empirical

tuning.

DenseWeight is compatible with data-level preprocessing, relevant to this thesis,
as well as with learning algorithms that support weighted loss functions [39], as is illus-

trated in Figure 2.4.

Kernel
Density

Estimation
—)

(i)

K MIOOKK I X—X %

\ |

Loss
o = = monec 2 300K SO X Weighting

(ii) Weighting
Function

Figure 2.4: DenseWeight Approach [39]
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2.3.2 Evaluation Metrics

Imbalanced domains arise when the most critical target values, from the user’s
perspective, are poorly represented in the training data, creating a major challenge: stan-
dard evaluation metrics become ineffective, as they favour average performance, domi-

nated by common cases [1].

This issue is particularly evident in regression tasks, where widely used error met-
rics such as the MSE and MAE, also referred to as Mean Absolute Deviation (MAD), are

the standard criteria (cf. Equations 2.4 and 2.5) [9].

MSE = 1Y (1 - 9,)2 (2.4)

ni3

(2.5)

1 n
waE = 1"y
ni3

These metrics assume uniform domain preferences and focus on minimising the
average error, naturally favouring frequent values concentrated around the mean. As a
result, model performance is often biased toward these central values, with rare or ex-
treme cases being neglected [9, 16, 45]. This can lead to misleading conclusions when
working with skewed distributions [46, 47]. For instance, in the distribution shown in Fig-
ure 2.3, traditional metrics would favour accurate predictions in high-density, low-value

regions, while neglecting rare but important upper-end values.

Therefore, the choice of evaluation metrics is critical when addressing data imbal-
ance. Metrics must align with the user’s objectives and help guide the learning process
by emphasising errors in the most relevant regions of the target domain [1, 48]. Several
alternative evaluation metrics have been proposed to address the limitations of standard
error measures in regression. These include asymmetric loss functions, differentiating be-
tween under- and over-predictions [38, 49-53] and graphical tools like the ROC space for
regression (RROC) curve [54], which adapt ideas from classification to regression. How-
ever, such approaches often remain inadequate for imbalanced domains, as they only
enable the identification of certain error types or those occurring within specific ranges
of the true target variable, thus overlooking the varying importance of prediction errors

across different target value ranges [1, 9, 55].
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This section reviews the key performance evaluation metrics specifically created

for imbalanced regression that consider non-uniform domain preferences.

2.3.2.1 Threshold Dependent

To overcome the limitations of traditional metrics in imbalanced regression, the au-
thors of [40, 56] proposed a utility-based evaluation framework. At its core, this approach
defines a utility function u(7, y) that expresses the usefulness of a prediction in terms of
both numeric accuracy and the relevance of the predicted and true values. The func-
tion assumes both positive and negative values, reflecting a balance between prediction

benefits and associated costs [17, 40].

Building on this formulation, several evaluation metrics were adapted from classi-
fication to regression. Definitions for true positives, false positives, false negatives, pre-
cision, and recall were introduced in the context of regression using this utility perspec-
tive [18]. Furthermore, combined performance metrics such as the utility-based F;-score
and an adapted G-Mean were also proposed to assess models under imbalanced con-
ditions [17]. These contributions provide a principled way to evaluate models with an

emphasis on both rare, high-relevance predictions and more common cases.

However, this framework depends on a user-defined relevance threshold to iden-
tify relevant cases. This results in sharp and artificial boundaries, which do not match the
natural continuous nature of the target variable and limit the generalisation ability of the
models [9, 17].

2.3.2.2 Relevance-Aware

One immediate alternative to overcome the limitations of earlier evaluation metrics
in imbalanced regression is Relevance-Weighted RMSE (RW-RMSE) [57] (cf. Eq. 2.6)
was defined. It enhances Root Mean Squared Error (RMSE) by incorporating a relevance
function ¢() directly into the error calculation, thereby capturing not only the magnitude

but also the contextual significance of prediction errors.

Y (i) - (vi — 1i)?
RW — RMSE = 2.6
V Y 9 y:) (.5)

However, this metric has the drawback of ignoring performance on more common

values, which have near-zero relevance scores and tend to favour models that are heavily
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biased toward rare values, which have maximum relevance scores. This can lead to

selecting models with poor generalisation ability.

To address the limitations of earlier evaluation metrics in imbalanced regression, [9]
proposed a new metric: the Squared Error-Relevance Area (SERA), designed to assess
a model’s ability to predict extreme values while penalising substantial bias. It builds on

the concept of relevance functions from [40] and avoids the need for arbitrary thresholds.

The metric is based on the Squared Error-Relevance (SER), which calculates the

total squared error over a subset of data with relevance above a given cutoff ¢:

SER; = Y (0i —vi)?, (2.7)

€Dy

where D; = {(x;,y;) € D | ¢(y;) > t} and ¢(y) € [0,1] is the relevance function. By
computing SER; across all possible thresholds ¢ € [0, 1], a monotonic decreasing curve is
formed, from which the SERA metric is derived (cf. Equation 2.8), as illustrated in Figure

2.5:

SERA = /01 Y (i — yi)?dt (2.8)

i€Dy

Model SERA = 7.494
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Figure 2.5: SERA metric for a model (adapted from [9])

This approach gives greater weight to errors on high-relevance (extreme) cases,
while still incorporating model performance on average values. It enables fairer eval-
uation in skewed domains and supports model comparison without relying on hard rele-

vance thresholds, unlike previous utility-based methods [9, 56]. Additionally, SERA allows
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asymmetric, non-uniform error weighting through relevance functions, without assuming

distribution symmetry, offering a more robust alternative to traditional metrics [9].

2.3.3 Modelling Approaches

To address the inadequacy of the models produced regarding imbalanced regres-
sion problems, different types of solutions have been introduced in the literature. These
approaches can be categorised into three types of strategies: (i) preprocessing adjust-
ments to the data before training, (ii) modifications to the learning algorithms, and (iii)

hybrid strategies that integrate multiple approaches [1, 58].

2.3.3.1 Data-Level Approaches

Data-level methods are among the most widely used techniques in machine learn-
ing [1]. These methods operate at the preprocessing stage, modifying the training data
distribution to emphasise cases that are most relevant to the user. They typically fol-
low two strategies: adjusting the distribution of examples to better represent important
cases (distribution change), or weighting the data space according to prediction costs to
minimise high-impact errors [58]. Common approaches include undersampling, oversam-

pling, the generation of synthetic examples, or combinations of these techniques.

Data-level methods offer flexible, model-agnostic preprocessing that aligns learn-
ing with user-defined goals [58]. However, mapping those goals to a suitable data distri-
bution is challenging [1], and techniques like undersampling, oversampling, and synthetic

generation each involve trade-offs, particularly in high-dimensional settings [58].

This thesis will explore data-level methods in detail, including a comprehensive

review of existing algorithms and the proposal of a new technique.

2.3.3.2 Algorithm-level Approaches

Algorithm-level methods tackle imbalanced domains by modifying the learning
process itself. Two main strategies have been explored: cost-sensitive learning, which as-
signs different costs to instances to steer the optimisation toward high-cost cases [1], and

loss function modification, which adapts the error criterion to reflect data imbalance [58].
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While these approaches can yield models that align more directly with user goals
and offer improved interpretability [59], they require in-depth knowledge of both the learn-
ing algorithm and user preferences. Defining appropriate utility functions and implement-
ing custom loss functions can be technically demanding and may reduce flexibility in

choosing algorithms [1].

In regression, progress in cost-sensitive methods has been limited. A notable
recent development is DenselLoss [39], which combines KDE-based rarity estimation with
a custom loss function parameterised by «, allowing continuous-valued cost sensitivity to

be integrated into model training [39, 58].

2.3.3.3 Hybrid Approaches

Hybrid methods integrate techniques from multiple strategies, combining data-
level and algorithm-level methods to leverage their strengths and achieve superior overall
performance. [58] In recent years, this approach has gained increasing popularity, with
several methods that combine elements from the fundamental approaches discussed ear-

lier emerging in the research literature. [1]

Although the majority of research has focused on classification tasks [58], a no-
table example of such an approach is SMOTEBoost for regression [60], an adaptation
of the algorithm of SMOTEBoost developed for classification. It comprises four vari-
ants, each differing from the others while sharing a common baseline: the combination of
the data preprocessing approach known as Synthetic Minority Oversampling Technique

(SMOTE) with a boosting algorithm.
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3. Related Work

Numerous data, algorithm, and prediction-level strategies have been proposed to
address imbalanced data in Imbalanced Regression (IR). Within this topic there are two
main groups of research lines: IR, i.e. modelling the probability distributions of the depen-
dent variable in structured tabular datasets, and Deep IR, generalising it to unstructured
data domains like images and Natural Language Processing (NLP) using Deep Learning
(DL). This thesis focuses on the former, namely data-level preprocessing strategies for
structured tabular data.This chapter provides an overview and analysis of existing meth-
ods for handling imbalanced tabular data in regression, highlighting their advantages,
disadvantages, and underlying mechanisms. Figure 3.1 presents a taxonomy of existing

data-level strategies for IR that will be discussed throughout the chapter.

Data-Level Strategies
for Imbalanced
Regression

l |

— Sampling Data Augmentation

Random Undersampling . . Variational
> (RU) : Synthetic Minority Autoencoders (VAES)
Introduction of Oversampling 4 Others
Noise (1 Technique ( Generative (!
(SMOTE) Advers?éi:INl:)etworks
Random Oversampling
— (RO) Gaussian
Noise SMOTER DIRVAE COVERT
(GN)
WEighted Relevance-
based Combination
—> ety SMOTEGN DA +WR
(WERCS) —> |, IRGAN >
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G-SMO’

Figure 3.1: Taxonomy of main data-level approaches used in Imbalanced Regression
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3.1. Sampling-based Approaches

Three basic approaches rely on random sampling guided by the relevance of the

target values: undersampling, oversampling, and a combination of the two.

3.1.1  Random Undersampling (RU)

The Random Undersampling (RU) method, proposed by [18] reduces low-relevance
observation frequency by using a relevance function and a user-defined threshold to re-
balance regression datasets. It retains all high-relevance cases and randomly samples

from the rest, based on a defined ratio n, [17, 18].

Its main advantage is simplicity and reduced computational cost, while still improv-
ing performance over using imbalanced data [18, 61]. However, it risks discarding useful
data, relies on an arbitrary threshold, and may distort the data distribution near relevance

boundaries [17, 18, 62].

3.1.2 Random Oversampling (RO)

The algorithm proposed by [17] adapts the traditional Random Oversampling (RO)
technique, commonly used in classification, forimbalanced regression. Instead of working
with class labels, it uses a relevance function [9, 40] to discretise the continuous target
variable into bins. These bins are split into relevant (Binsg) and normal (Binsy) ranges
based on a user-defined relevance threshold (tz). Relevant bins contain rare, important

cases and are oversampled; normal bins contain common cases and are undersampled.

After binning, the algorithm duplicates the relevant examples according to a user-
defined percentage. Two automatic strategies for setting this percentage are included:
“balance”, which equalises the size of each bin, and “extreme”, which increases the num-

ber of rare cases beyond that of common ones [17].

The main advantage of this approach is that it preserves all original data while
boosting rare cases [17]. However, it can significantly increase dataset size, leading to
higher computational costs and a greater risk of overfitting [17], especially when many du-
plicates are added. The effects of this algorithm are shown in Figure 3.2, which compares

the target variable distribution before and after applying different RO settings.
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Figure 3.2: Distribution of a target variable before and after applying the RO strategy,
indicated by the histogram and density curves, respectively, according to a relevance
function ¢() and a threshold of 0.8

3.1.3 WEighted Relevance-based Combination Strategy (WERCS)

The WEighted Relevance-based Combination Strategy (WERCS) algorithm, pro-
posed by [17], addresses imbalanced regression by guiding under- and oversampling
using the continuous nature of the relevance function [9, 40], rather than relying on prede-
fined thresholds or bins. It assigns replication probabilities proportional to each instance’s
relevance and removal probabilities based on its complement. Thus, highly relevant in-
stances are more likely to be duplicated, while low-relevance ones are more likely to be

removed [17].

This probabilistic sampling avoids abrupt distinctions between similar cases, un-
like threshold-based methods, and requires only two parameters: the proportions of over-
and undersampling, %o and %u, respectively. The effect of adjusting these parameters
is shown in Figure 3.3, which illustrates how the distribution of the target variable evolves

after applying WERCS.
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Figure 3.3: Density of the target variable before and after applying the WERCS
strategy, indicated by the histogram and density curves, respectively, according to a
relevance function ¢()

The main advantages of WERCS are its flexibility, its respect for the continuous
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nature of the target variable, and its ability to treat similar instances accordingly [17]. How-
ever, it also has limitations: it relies on simple duplication without noise or neighbourhood
structure, which may lead to overfitting [17]. Additionally, the choice of sampling pro-
portions (%u and %o0) is arbitrary and may affect the final dataset quality. Finally, some

information may be lost during undersampling [17].

Figure 3.4 illustrates how the sampling strategies RU, RO and WERCS modify the

distribution of a target variable.
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Figure 3.4: Distribution of a target variable before and after applying sampling
strategies, indicated by the histogram and density curves, respectively, with a relevance
threshold of 0.8

3.2. Synthetic Data Generation Approaches

To avoid the overfitting that can result from oversampling, three main data aug-
mentation approaches have been proposed for generating new synthetic data in an im-
balanced regression scenario. These approaches include the use of Gaussian noise,

SMOTE-based methods, and deep learning techniques.

3.2.1 Introduction of Gaussian Noise (GN)

The Introduction of Gaussian Noise (GN) strategy, proposed by [17], enhances
imbalanced regression datasets by undersampling low-relevance cases and generating
new high-relevance ones. Like the RO method, it uses binning based on a relevance
threshold to identify which cases to reduce or augment. For oversampling, it adds Gaus-
sian noise (4) to numeric attributes and target values of relevant cases, and samples

nominal attributes based on their frequency [17, 63].
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The number of synthetic cases per bin is, like in RO, automatically set using “bal-
ance” or “extreme” options. The impact of this noise-based generation is illustrated in
Figure 3.5, which shows how the target variable distribution is reshaped after applying

the method.
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Figure 3.5: Distribution of a target variable before and after applying the GN strategy,
indicated by the histogram and density curves, respectively, according to a relevance
function ¢() and a threshold of 0.8

This method generates more diverse synthetic examples while maintaining rel-
evance, and simplifies usage through automated parameter definition. However, it still
relies on a user-defined relevance threshold for binning, which may affect consistency

and introduce discretisation issues [17].

3.2.2 Synthetic Minority Oversampling Technique (SMOTE)

Building on SMOTE [64], a well-known strategy used in imbalanced classification

tasks, four data-level strategies have been proposed to tackle imbalanced regression.

3.2.21 SMOTE for Regression (SmoTER)

The Synthetic Minority Oversampling Technique for Regression (SMOTER) algo-
rithm, introduced by [65], adapts the original SMOTE method for regression by focusing
on improving predictions for rare target values. It does so by first identifying relevant
cases using a relevance function and threshold [9, 40], then oversampling those cases
and undersampling the less important ones [18, 61]. Synthetic samples are generated
from a set of k nearest neighbours, by interpolating numeric attributes and randomly se-
lecting nominal ones. The target value is computed as a weighted average based on the

distance to each seed instance.
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One of its strengths is its versatility, as it handles both numeric and nominal fea-
tures and supports generating rare cases at both ends of the target distribution [65]. How-
ever, it has notable limitations: it relies on a user-defined relevance threshold, which
can introduce inconsistencies [18], and its interpolation process may create unrealistic or
noisy synthetic cases, especially in high-dimensional settings [66]. Additionally, setting
the right number of neighbours k is non-trivial, and the combination of undersampling and

oversampling may lead to data loss or overfitting [18, 61].

3.2.2.2 SwmoteR with Gaussian Noise (SMOGN)

The Synthetic Minority Oversampling with Gaussian Noise (SMOGN) algorithm,
proposed by [23], is a hybrid oversampling technique for imbalanced regression that com-
bines SMOTER-based interpolation with controlled Gaussian noise injection. It aims to
improve generalisation and data diversity while reducing the risk of generating unrealistic

synthetic points.

The method first partitions the data based on a relevance function into rare Binsg
and normal Binsy cases using a relevance threshold. It then applies random undersam-
pling to normal bins and selectively oversamples relevant bins. If a seed and its neighbour
are close in the feature space, SMOTER is used; otherwise, Gaussian noise () is applied.
This decision is based on whether the distance to the neighbour is less than half the me-
dian distance within the bin. Figure 3.6 shows an example of this neighbour selection
logic, for two attributes X1 and X2 and target variable Tgt, where cases marked with a
cross are normal, common instances and ones highlighted with bullet points represent

relevant samples.

Tgt A
T case
-
-
£ 3 ; *x X2

|/safe
/ Unsafe * l
y =
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Figure 3.6: Synthetic Generation Example of the SMOGN Algorithm [23]
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Advantages of SMOGN include better control over overfitting and improved syn-
thetic diversity [23] by dynamically switching between interpolation and noise-based gen-
eration. It balances fidelity and variability, making it effective in capturing rare patterns.
However, it still relies on a relevance threshold for binning and requires tuning of k for the

k-Nearest Neighbour (k-NN) search, which can complicate optimisation [9, 23].

Notably, SMOGN also inspired Distributed SMOGN for Imbalanced Regression
Problems (DistSMOGN) [67], a distributed version designed for large-scale datasets, ex-

tending its utility to big data scenarios.

3.2.2.3 Weighting SMOTE for Regression (WSMOTER)

The WEighted SMOTE for Regression (WSMOTER) algorithm, introduced by [20],
extends SMOTER by incorporating a rarity-based weighting system using the DenseWeight
method [39] to quantify instance rarity. Instances are assigned selection probabilities
based on the sparsity of their target values, with rarer cases being more likely to be cho-
sen. Once a rare instance is selected as seed, a second instance is chosen through a
directional search by shifting g positions right or left, depending on if the first seed’s target
value is above or below the median, respectively, in a sorted target value list and selects
a neighbouring instance within that range, and then generating a synthetic instance using

interpolation, as in SMOTER [20].

Its main advantages include removing rigid relevance thresholds, enabling a con-
tinuous and density-aware sampling process, and focusing generation on meaningful
sparse regions [20, 39]. This results in better coverage of rare cases without assum-
ing predefined partitions, improving flexibility over SMOTER [18]. However, it requires
manual specification of the parameter k, increases dataset size and training time, and

may still risk overfitting by relying on interpolation of existing data [20].

3.2.2.4 Geometric SMOTE for Regression (G-SMOTER)

The Geometric SMOTE for Regression (G-SMOTER) algorithm, proposed by [68],
adapts the Geometric SMOTE (G-SMOTE) [69] method for regression by generating syn-
thetic data within a geometrically defined region rather than along a straight line, as done
in SMOTER. This region is formed by transforming a hypersphere around selected in-

stances using a truncation and deformation factor - 6 and ¢, respectively - allowing for
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greater diversity and reducing the risk of creating near-duplicate points. Figure 3.7 illus-

trates the key difference in synthetic data generation between SMOTER and G-SMOTER.

o8B

A Rare instance randomly selected

B One of A's nearest rare neighbors,
- randomly selected

"
i

* Instance generated by SMOTER

. Area for instance generation by
Geometric SMOTE for regression

Figure 3.7: Comparison of synthetic instance generation in SMOTER and
G-SMOTER [68]

Instance selection for oversampling can follow one of three strategies: minor-
ity, majority, or combined, based on relevance values derived from a relevance func-
tion [9, 40]. The target value of each synthetic point is a weighted average influenced
by the geometric closeness to its source instances. The augmentation ratio is expressed

parameter 7.

Advantages of G-SMOTER include increased diversity in the generated data, re-
duced overfitting risk, and support for custom relevance functions, making it flexible and
generalisable across regression tasks [20, 68]. However, it still depends on a user-defined
relevance threshold to identify rare cases, which may introduce subjectivity and affect re-

producibility [68].

Figure 3.8 illustrates how the synthetic data generation strategies GN, SMOTER,
SMOGN, WSMOTER and G-SMOTER maodify the distribution of a target variable.

3.2.3 Deep Learning Approaches

In deep learning, some recent approaches have been proposed to address imbal-
anced regression tasks at the data level. These primarily include adaptations of Varia-

tional Autoencoders and Generative Adversarial Networks.
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Figure 3.8: Distribution of a target variable before and after applying synthetic data
generation strategies, indicated by the histogram and density curves, respectively, with
a relevance threshold of 0.8

3.2.3.1 DIRVAE

The Deep Imbalanced Regression Variational Autoencoder (DIRVAE) algorithm,
introduced by [14], is a generative method designed to synthesise underrepresented and
missing samples in imbalanced regression tasks. It follows an adversarial learning frame-
work composed of a generator and a discriminator, both of which are trained in a minimax
game to achieve a Nash equilibrium. The generator is specifically built to create realistic
regression samples aligned with predefined target values, using a dual-model structure

that combines global and local information from the original data [14].

To better address different imbalance patterns, DIRVAE categorises the target
value distribution into three fundamental modes: Positive Skewed Imbalanced Regres-
sion (PSIR), Un-Normal Imbalanced Regression (UNIR), and Negative Skewed Imbal-
anced Regression (NSIR), each corresponding to a different type of skewness in the dis-
tribution [14]. These modes serve as simplified representations of complex imbalanced

regression distributions and guide the sample generation process.

The generator consists of two components. The first is an Regression Variational
Autoencoder (RVAE), which encodes original samples into a latent space and decodes
them back, ensuring global consistency with the original distribution [14]. The second
is an Imbalanced Regression Long Short-Term Memory (IRLSTM), which incorporates
nearest-neighbour information to learn local relationships between adjacent target values.

These two intermediate outputs are merged via a fully connected layer to produce the
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final synthetic sample. This architecture allows DIRVAE to model both the overall data

structure and finer-grained local patterns [14].

This approach effectively captures spatial distribution characteristics and enhances
generalisation by mapping data to distributions rather than fixed points [14, 70]. However,
a key limitation is its reliance on specific distribution shapes - such as skewed or Gaus-
sian distributions - which may limit its applicability to more diverse real-world regression

problems [71].

3.2.3.2 IRGAN

The Imbalanced Regression Generative Adversarial Network (IRGAN) algorithm
proposed by Liu et al. [15] addresses the problem of imbalanced regression by gener-
ating synthetic samples for underrepresented regions of the target variable. It combines
optimisation techniques with adversarial learning, relying on a framework composed of
multiple sample pools, including original, real, fake, and balanced datasets [15]. The gen-
erator produces synthetic data by injecting Gaussian noise and optimising a composite
loss function that includes both adversarial objectives with the JS divergence metric and
the Mahalanobis distance, which is particularly effective in high-dimensional, correlated

feature spaces [15].

To stabilise the training process, especially in early stages, a correction module is
used to align generated samples with realistic transitions, guiding the generator through
reinforcement learning strategies [15]. Meanwhile, a discriminator based on convolutional
neural networks differentiates between real and generated samples, helping to refine the
quality of the synthetic data. The entire adversarial system evolves toward a Nash equi-

librium, producing a more balanced dataset for regression [15].

Despite its strengths, such as robustness to complex feature distributions and
the inclusion of corrective mechanisms, IRGAN is still a black-box model and remains
vulnerable to the vanishing gradient problem common in Generative Adversarial Network

(GAN)-based architectures [15].

3.2.3.3 DAVID

The DAVID algorithm, proposed by [16], generates synthetic data through a two-
phase process in the latent space of a Variational Autoencoder (VAE). First, a seed is

drawn from the mean representation y; of a rare observation, as encoded by the VAE.
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Then, a new latent point z* is generated using a smoothed bootstrap applied to the matrix
of mean latent representations. This bootstrap process involves selecting a seed with a
given weight and adding noise from a kernel density estimator, typically based on multi-
variate kernels such as the Gaussian and a rarity exponent «. Finally, the latent vector z*

is decoded into a new synthetic observation (x*, y*) [16].

This approach allows for non-parametric, flexible data generation that captures
the underlying structure of the data without requiring discretisation of the target variable.
It is particularly suited to handling complex distributions in imbalanced regression sce-
narios [16]. Nevertheless, combining VAEs with smoothed bootstrap introduces higher
computational overhead and increases sensitivity to noise parameters, which may impact

the robustness of the method [72].

3.2.4 Other Strategies

This subsection presents strategies that combine multiple techniques previously

described.

3.241 COVERT

COVERT, introduced by [71], is a data rebalancing algorithm designed for con-
tinuous industrial process datasets. It avoids discretising the target variable and instead
identifies rare anchor points using KDE, then generates synthetic data by combining these
anchors with neighbouring points, weighted and adjusted using the data’s covariance
structure. This allows the method to iteratively improve coverage in sparse regions while

accounting for uncertainty [71].

COVERT is effective in high-dimensional, real-valued datasets and preserves an-
chor rarity during generation. However, it is domain-specific, struggles with categorical or
Boolean features, does not focus on extreme target values, and incurs higher computa-

tional cost due to its iterative process [71].

3.2.4.2 Data Augmentation + Weighted Relevance (DA-WR)

The algorithm proposed by [73] tackles imbalanced covariates regression by first
applying Data Augmentation (DA) to expand the input space using a range of methods -
from noise injection [74], ROSE [75], and k-NN SMOTE [64] to deep learning or machine

learning generative models like Conditional Generative Adversarial Network (CGAN) [76]
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and Random Forest (RF) [77]. It then applies Weighted Resampling (WR) to resample
the data so that the covariate distribution matches a specified target distribution, using

KDE to calculate sampling probabilities [73].

An advantage of this approach is its simplicity: it avoids complex model assump-
tions and offers flexibility by allowing a wide choice of augmentation techniques. It also
improves covariate representativeness and reduces overfitting risks by separating aug-
mentation from resampling [73]. However, the method has key drawbacks as it cannot
generate truly novel or out-of-distribution values, often replicating existing patterns. lIts
effectiveness heavily depends on the selected generator, and it does not address im-
balance in the target variable, limiting its applicability to broader imbalanced regression

tasks [73].

3.2.4.3 k-Nearest Neighbour Oversampling - Regression (KNNOR-Reg)

The k-Nearest Neighbour Oversampling - Regression (KNNOR-Reg) algorithm,
proposed by [21], adapts the original k-Nearest Neighbour Oversampling (KNNOR) method
from classification to imbalanced regression by leveraging the relevance function frame-
work introduced in [9, 40]. It combines an enhanced SMOTE-like oversampling technique
with k-NN to generate synthetic data that accounts for noise, small disjuncts, and intra-
class imbalances. A key innovation lies in its filtering strategy, which selects minority

instances that best represent the overall data distribution.

KNNOR-Reg offers three tailored strategies depending on the dataset’s charac-
teristics. For low-population data, it uses the KNNOR approach to interpolate new syn-
thetic feature vectors and computes the associated target values via a weighted distance
function. This formulation generalises SMOTER when k > 2, making it effective for small
datasets where traditional methods may fall short[21]. For high-population data, two deep
learning variants are introduced. When dealing with high-dimensional data, KNNOR-Reg
integrates KNNOR with a Target-Aware Autoencoder, which compresses the input space
via an encoder and reconstructs features and targets through a decoder trained with an
exponential loss function. For low-dimensional data, the algorithm uses a Target-Aware
Autolnflater, which expands the feature space before compressing it again to recover
both features and target values. These neural architectures aim to enhance the estima-
tion of target values and allow the oversampling process to better reflect the original data

structure [21].
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This approach is particularly versatile, handling datasets with varying population
sizes and feature dimensionalities. It also addresses typical oversampling weaknesses by
mitigating noise sensitivity and capturing non-linear relationships through multiple neigh-
bourhoods. Nevertheless, it comes with limitations. The method requires manual setting
of a relevance threshold for oversampling decisions and depends on domain discreti-
sation. Additionally, the choice of the parameter k is non-trivial, and the deep learning

components introduce interpretability issues due to their black-box nature [21, 78].

Figure 3.9 illustrates how the deep learning strategies DAVID and KNNOR-Reg

modify the distribution of a target variable.
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Figure 3.9: Distribution of a target variable before and after applying deep learning
strategies, indicated by the histogram and density curves, respectively.

3.3. Comparative Analysis

The diverse set of methods proposed for this machine learning task underscores
the significance of this subject. At this point, it is important to emphasise both the ben-
efits and drawbacks of the proposals previously discussed. For example, while certain
methods may excel in handling high-dimensional data, others may prove more suitable for
datasets featuring a combination of feature types. Therefore, understanding the strengths
and weaknesses of each preprocessing strategy is crucial. Tables 3.1 and A.2 from Ap-
pendix A provide concise summaries of the advantages and disadvantages of the data-

level strategies presented in the literature.

Although the existing strategies previously presented encompass a broad spec-
trum of methodologies, primarily based on parametric methods that utilise distance met-

rics, the advent of synthetic data generation has led to the emergence of novel approaches
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Table 3.1: Comparison of Data-Level Algorithms by Key Design Characteristics.

Strategy Neighbour Noise_ Relevance Ta_rget I_)om_ain Other
Based Introduction Threshold Discretisation Hyperparameters

RU [18] X X v v X
RO [17] X X 4 v X
WERCS [17] X X X X v
GN [17] X v v v v
SMOTER [18, 65] v X v v v
SMOGN [23] v v v v v
WSMOTER [20] v X X X v
G-SMOTER [68] v X v v v
DIRVAE [14] X v X X v
IRGAN [15] X X X X v
DAVID [16] X v X X v
COVERT [71] v X X X v
DA + WR [73] v v X X v
KNNOR-REG [21] v X X v v

which employ non-parametric methods [79] such as classification and regression trees,
random forests, Bayesian techniques, and, more recently, deep learning methods like
GANs [80] and VAEs [81], as previously discussed. The subsequent chapter presents a
novel and adapted methodology based on the non-parametric classification and regres-

sion trees, originally designed from the ground up for imbalanced regression tasks.
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4. CART-based Data Augmentation for
Imbalanced Regression

This chapter presents CARTGen-IR, a novel data augmentation method for im-
balanced regression. It first reviews prior CART-based generation approaches in clas-
sification, and then proposes an adaptation tailored to regression that does not require
thresholding. The method combines rarity-based resampling with variable-wise data gen-

eration using the CART algorithm.

4.1. CART-based Synthetic Data Generation

Among the non-parametric strategies in the literature which have been under-
explored within the IR context is the CART [82] algorithm. It is a versatile method for
determining the conditional distribution of a univariate result given multivariate features.
Using recursive binary splits, CART builds a decision tree that divides the predictor space
in a way that creates partitions of the input space, which are progressively more uniform
with respect to the target variable. Depending on the learning task, the preference cri-
terion to choose the best splits is based on the minimisation of the Gini impurity or the
sum of squared errors, respectively. Figure 4.1 showcases an example of a CART tree,

considering two numeric attributes.

Figure 4.1: CART tree example (adapted from [83])

Reiter [83] has proposed using CART as a method to generate synthetic data and
prevent the disclosure of sensitive information in the context of releasing microdata col-
lected from censuses or surveys. According to the author, CART offers several method-
ological advantages compared to parametric models. Its non-parametric nature makes
it particularly suitable for datasets exhibiting irregular or unknown distributional forms,

where parametric assumptions may be violated or difficult to infer. Additionally, CART
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is capable of detecting complex interactions and non-linear dependencies among predic-
tors without explicit specification, providing a flexible modelling alternative [79, 84]. The
algorithm’s recursive partitioning mechanism facilitates a semi-automated selection of rel-
evant variables, which is particularly beneficial in high-dimensional settings with numerous
potential predictors of mixed data types [79, 83, 85]. This mechanism also enables the
smooth handling of missing values, eliminating the need for artificial imputation. How-
ever, these advantages must be weighed against certain limitations. CART models can
encounter interpretability issues due to abrupt changes at partition boundaries and may
underperform in situations where the true underlying relationships are accurately captured

by correctly specified parametric models [83].

In a recent work [22], the aforementioned principles [83] were applied to conduct
a comparative study of several methods designed to compare performances in synthetic
tabular data generation for class imbalance and fairness. Based on the CART-generated
decision tree, they employed a sequential, column-wise data generation approach by
sampling within the tree leaves, as illustrated in Figure 4.2. This sampling procedure
adheres to the conditional distribution estimates to generate the new synthetic data. To
mitigate the class imbalance, the researchers proposed employing CART trees for data
generation through sampling techniques applied to the leaf nodes. In their study [22],
the authors demonstrated the effectiveness of CART models in tackling imbalance in the
target variable compared to other traditional methods, such as SMOTE and GANs, par-

ticularly in mitigating class imbalance.

Given Vars. B, C, D Given Vars. A, C,D Given Vars. A, B, D Given Vars. A, B, C

60060 60060
— 688800 V" 688800

Sample Var. A Sample Var. C
Sample Var. B Sample Var. D

Figure 4.2: Consecutive variable-wise data generation using CART

In another recent study [86], a comparative analysis was conducted of the genera-
tion of Synthetic Patient Data (SPD) for survival analysis in oncology trials, aiming to expe-
dite clinical development. The authors concluded that CART emerged as the most effec-

tive method for generating SPD from limited datasets, such as clinical trial data, compared



FCUP | 32
Synthetic Tabular Data Augmentation for Imbalanced Regression

to RF, Bayesian Networks (BN), and Conditional Tabular Generative Adversarial Network
(CTGAN) and determined that future research could enhance CART-based generation

methods by incorporating feature engineering and employing other techniques [86].

Additionally, the authors of [85] compared various model-independent generative
techniques for oversampling tabular datasets and addressing class imbalance. While tra-
ditional methods rely on SMOTE [64], the authors evaluated advanced approaches like
Gaussian Copula Synthetizer (SDV-GC) [87], CTGAN [76], and generative non-parametric
CART trees. All methods were trained on tabular datasets and used to generate synthetic
samples. The CART method outperformed others in terms of performance and efficiency
and the authors concluded that its non-parametric nature ensures consistent generation,

even for underrepresented subgroups under extreme data scarcity [85].

This method is a promising data augmentation technique that captures complex
relationships in the original data while avoiding the distortions associated with other syn-
thetic data generation algorithms, such as SMOTE and GANs. The existing body of re-
search, as highlighted in the works of [22, 79, 83, 85, 86], has predominantly concentrated
on addressing classification problems characterised by imbalanced datasets. These stud-
ies have provided valuable insights and methodologies tailored to the challenges posed
by such scenarios, where the distribution of classes is skewed, and the minority class
is often of greater interest. However, a notable gap persists in the literature concern-
ing the application of CART to regression problems that exhibit similar imbalances. To
date, as far as we know, there has been no comprehensive comparative study that rigor-
ously evaluates the performance, predictive capabilities, and feature selection efficacy of
CART when applied to imbalanced regression tasks. This represents a significant gap in

the current research landscape.

4.2. Proposed Adaptation for Imbalanced Regression

We propose CART-based Generation for Imbalanced Regression (CARTGen-IR),
a method that employs CART to generate synthetic tabular data to tackle imbalanced re-
gression problems. We aim to leverage the good performance that CART sample gen-
eration has shown in imbalanced classification problems and apply it to imbalanced re-
gression. Furthermore, we aim to develop a strategy that removes the need for arbitrary
user-defined thresholds, especially when identifying relevant or rare cases. This strategy

enables us to avoid crisp divisions over the continuous domain of the target variable into
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bins or partitions, thereby preventing domain discretisation, which is necessary in other
previously proposed algorithms, such as SMOTER [18, 65] or SMOGN [23].

The main idea behind CARTGen-IR is as follows: given a dataset, a weighting
mechanism is applied to the target domain values to rank them by rarity and relevance.
Each instance is assigned a weight, with rarer and more relevant cases receiving a higher
weight and vice versa. The original dataset is then resampled according to these weights.
This ensures that relevant cases have a higher probability of being selected, and the final
resampled dataset will primarily consist of rare cases related to the target variable do-
main. After this step, the algorithm is prepared to implement CART-based oversampling.
To achieve this, we use the consecutive column-wise generation process, as described
in [22] and illustrated in Figure 4.2. The algorithm first fits a CART tree for each column
in the dataset, using the other columns as predictors, including the target variable. After

fitting, it generates synthetic samples based on the constructed model.

The relevance-based weighting mechanism for rare target values is not new and
is used in methods like WERCS [17] and WSMOTER [20] to prioritise relevant instances.
However, CARTGen-IR stands out by resampling the original dataset and excluding cases
with frequent target values from data augmentation. This approach minimises the inclu-

sion of frequent cases in the final training dataset, resulting in more focused augmentation.

The main steps of CARTGen-IR, outlined in Algorithm 1 and in Flowchart 4.3, are:

1. Assign a rarity score to each instance in the original dataset. Our method em-
ploys three weighting techniques defined by the density hyperparameter: a baseline
KDE method customised for this algorithm, the DenseWeight method [39], and the
relevance function [9]. These techniques account for fluctuations in rarity across
samples without assuming a specific distribution for rare cases or extremes. The
density estimation helps compute a rarity score, which is determined by taking the
inverse of the density (plus a small constant to avoid division by zero). However,
any other weighting technique can be used. Final weight values are adjusted by
a rarity exponent « and normalised to fit a probability distribution, which involves

dividing each score by the total sum of all weights.

2. Resample the original dataset using rarity scores as weights. The resampling
process uses replacement to produce a dataset dominated by rare target values,

with the number of selections linked to the desired synthetic samples. We introduced
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a hyperparameter 7 (range: [0,4co[) to set the proportion of cases generated. For
example, 7 = 0.5 creates 50% of the original dataset size, while higher values
increase synthetic cases significantly. Following common practices in synthetic data
generation for imbalanced learning [64, 88], we target five synthetic samples per
selected instance to balance diversity and computational efficiency. While other
ratios can be used, avoiding very low or high values is crucial to prevent underfitting
oroverfitting. The selection is based on rarity, ensuring minimal inclusion of common

instances, without a preset threshold.

3. Optionally input noise into duplicated instances.The resampling process with
replacement can create duplicated instances, potentially causing overfitting. To
mitigate this, a small amount of noise can be added to the duplicates using the
hyperparameter 6. The amount of noise is independent from the standard deviation

as numeric features are normalised.

4. Fit CART to resampled dataset and generate synthetic samples. To generate
synthetic data, a CART decision tree is fitted for each column in the dataset, using

the other columns as predictors in a sequential, column-wise generation process.

Tables A.1 and A.2 from Appendix A compare the advantages and disadvantages

of CARTGen-IR with the methods already found in the literature.

The following chapter presents an experimental study aimed at evaluating the
performance of this new method and comparing it to other existing data-level strategies

found in the literature.
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Algorithm 1: CARTGen-IR Algorithm

Input: X, Y, «a, 17, density, 6

X: set of predictors

Y: target variable

o : rarity exponent

density : density strategy € {”kde_baseline”,”denseweight”,”relevance”}
1 : sampling proportion € {”balance”,”extreme” }

4. noise

Output: Xaugmented, Yaugmented

function CARTGen-IR(w, density, 1, §):
ws < ComputeRarityWeights(Y, a, density)
if 7 = balance then

return (X, Y) U (Xsynth, Ysyntn)

function ComputeRarityWeights (Y, «, density):
if density = "kde” then
‘ ws < (1/(exp(KDE(Y, Gaussian) + 1e’5)

ws — ws*
else if density = “denseweight” then

return ws/ Y ws

function AddGaussianNoise (X,d):

idx < FindDuplicates(X)

attrs < GetNumericAttrs(X)

e ~ N(0,0%) of shape |idx| x |attrs|

return X

—~

Xaugmented, Yaugmented <— CARTGen-IR(w, density, 1, &

\ N« [05-]Y]] /I nr. cases to generate: 50% of original size
else if 1 = extreme then

\ N« |0.75- |Y]] /I nr. cases to generate: 75% of original size
(Xresampled: Yresampled) <— sample(data = (X,Y),size = N /5, weights = ws, replace =True)
if 6 > 0 then

| Xresampled ¢ AddGaussianNoise(Xresampled:d) /I add noise to duplicates
end
model < CART(Xresampled: Yresampled) /I fit a CART tree model
(Xsynth Ysynth) < CARTGen(model,N) /I column-wise generation from fitted model

\ ws  DenseWeight(Y, &) / algorithm presented in [39]
else if density = "relevance” then
‘ ws < ¢(Y) / algorithm presented in [9]
ws <+ ws®

/I Gaussian noise

Xlidx, attrs] < X[idx, attrs] + ¢ // add noise to numeric features of duplicates




FCUP

Synthetic Tabular Data Augmentation for Imbalanced Regression

Start

Input:
X, Y, a, density,

[ws « C ights(Y, a, density)]

Is density =
'denseweight

Is density =

Isn=

[ P ‘relevance’ ? ‘balance'?
Yes No Yes 0
(density = 'kde_baseline')
Yes
Ws — DenseWeight(Y, a) | | Ws — ¢(Y) | | Ws — 1/(exp(KDE(Y, Gaussian) + 1e™® | | N 105 Y]] | | N —10.75- [Y]] |

) J

Ws — Ws / IWs

| O |

N_resample «— N /5

(X_resampled, Y_resampled) < sample(data = (X, Y),

size = N_resampled, weights = ws, replace = True)

Is §>07?

Yes

l - |

idx « FindDuplicates(X_resampled) | |attrs «— GetNumericAttributes(X_resampled)|

O |

| £~ N (0, 8 of shape |idx| x |attrs| |
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return (X, Y) u (X_synth, Y_synth)

Figure 4.3: CARTGen-IR’s data augmentation process flowchart
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5. Experimental Study

Our primary objective is to evaluate CARTGen-IR performance and capabilities
within the broader context of a comparative study against other state-of-the-art data-level
strategies for imbalanced regression tasks. In this section, with the experimental study,

we aim to answer the following research questions:

RQ1: Is CARTGen-IR effective for imbalanced regression scenarios?

RQ2: How does it compare to the main state-of-the-art data-level methods proposed for

imbalanced regression tasks for tabular data?

RQ3: What tradeoff do these methods offer regarding predictive performance and exe-

cution time?

We begin by outlining the experimental setup, which includes a description of
the datasets, preprocessing strategies and learning algorithms used in the experiments.
Then, we present and discuss the results obtained in light of the aforementioned research

questions.

5.1. Experimental Setup
5.1.1 Datasets

We have created a publicly accessible repository with 62 datasets for imbalanced
regression research from various application domains. This collection includes datasets
referenced in studies such as [17, 18, 20, 23, 68] and can be found at the following repos-
itory: Datasets-ImbalancedRegression. Each dataset is briefly described and available
for download in ARFF and CSV formats. The repository aims to serve as a standard-
ised benchmark for investigating imbalanced regression issues across diverse real-world

contexts.

For this study, we used 15 regression datasets from the repository. The key at-
tributes of these datasets are summarised in Table 5.1, which also reports the absolute
and relative frequencies of rare instances, defined according to a relevance threshold

of 0.8. To accomplish this, we derived a relevance function for each dataset using the


https://antoniopedropi.github.io/Datasets-ImbalancedRegression/
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automated approach outlined in [9]. The chosen datasets present a broad range of char-
acteristics, representative of the overall repository, regarding numeric and nominal fea-
tures, instances, types of extremes, and rare occurrences, with the aim of evaluating the

performance of data augmentation methods across a diverse set of tabular datasets.

Table 5.1: Benchmark regression datasets used in the experiments

Nominal Numeric Extreme

Dataset N Features e T Missing Type # Rare % Rare
strikes 625 6 0 6 No High 15 2.40%
forestFires 517 12 0 12 No High 15 2.90%
ele-1 495 2 0 2 No High 21 4.24%
cpuSm 8192 12 0 12 No Low 371 4.53%
airfoil 1503 5 0 5 No High 80 5.32%
fuelConsumption 1764 37 12 25 No Both 167 9.47%
heat 7400 11 3 8 No Both 833 11.26%
sensory 576 1" 0 11 No Both 69 11.98%
mortgage 1049 15 0 15 No Low 133 12.68%
maxTorque 1802 32 13 19 No Both 235 13.04%
treasury 1049 15 0 15 No Low 137 13.06%
availablePower 1802 15 7 8 No Both 305 16.93%
housingBoston 506 13 0 13 No Both 105 20.75%
abalone 4177 1 No Both 1033 24.73%
servo 167 4 No Both 59 35.33%

5.1.2 Preprocessing Strategies

We also considered a comprehensive set of preprocessing strategies to address
data imbalance in regression tasks. The approaches considered include RU, RO, WERCS,
GN, SMOTER, SMOGN, WSMOTER, G-SMOTER, DAVID, KNNOR-Reg and CARTGen-
IR. To incorporate the G-SMOTER method into this experimental study, we independently
implemented the method in Python, adhering to the algortihm’s procedures described
in [68] to the best of our ability. This decision was made due to the white-box nature of
this algorithm and despite our request to the authors for access to their code, which was
not provided. Moreover, it is important to note that a direct comparison with the DIRVAE
approach proposed by [14], as well as the IRGAN approach proposed by [15], was not
possible, as the corresponding source codes are not publicly available. Furthermore,
we excluded the COVERT approach, proposed by [71], and the Data Augmentation +
Weighted Relevance (DA-WR) method, designed by [73], as they focused, respectively,
on uniform domain preferences and imbalance in covariates rather than in the target vari-
able, which did not align with the main objectives of this experimental study. All strategies

were tuned, through their hyperparameters, to guarantee that the augmented datasets
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had similar sizes, ensuring fairness for their comparison. A complete overview of the 72

resampling configurations is presented in Table 5.2.

Table 5.2: Data-level strategies and hyperparameters used in the experiments

Strategy Description Hyperparameters
None No sampling applied -
RU [18] Random Undersampling %u = {balance, extreme}
RO [17] Random Oversampling %o = {balance, extreme}
Weighted Relevance-based Combination %u = {0.5, 0.75},
WERCS [17] Strategy %0 ={0.5, 0.75}
. . . 0110 =
GN [17] Gaussian noise applied after %u/%o = {balance, extreme},

under/oversampling

6 ={0.05, 0.1, 0.5}

SMOTER [18, 65]

SMOTE for Regression

%u/%o = {balance, extreme},
k= {5}

SMOGN [23]

SMOTER with Gaussian Noise

%u/%o0 = {balance, extreme},
6 ={0.05, 0.1, 0.5}, k = {5}

WSMOTER [20]

Weighted SMOTER

ratio = {1.5, 1.75},
B={1.2} k={5}

G-SMOTER [68]

Geometric SMOTER for Regression

strategy = {minority, majority, combined},
¢={0.7}, n ={0.75},
6 ={-0.5, 0.5}, k = {5}

Variational autoencoder-based

DAVID [16] augmentation a={1,2}
KNNOR-REG [21] KNNOR for Regression -
_ _ a={1,15,2.0}
CARTGen-IR CART}?)??ri?):I{;:::ctilﬁ:;fsgi?weratlon density = {de,Zi%Sév(a;gr}{t, relevance},
6 ={0.001, 0}

5.1.3 Learning Algorithms

All these methods are sampling algorithms or ones that enhance the training set
by generating additional synthetic instances. To evaluate their effectiveness, they must
be coupled with a predictive learning model. In this study, we employed three such mod-
els: RF, Support Vector Regressor (SVR), and XGBoost (XGB). The experimental setup,
shown in Table 5.3, comprised 14 different hyperparameter combinations for tuning these
learning models. Each model was evaluated across 15 regression datasets under all 72

preprocessing conditions, resulting in a total of 15 120 experiments (14 x 15 x 72).
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Table 5.3: Hyperparameter settings considered for the regression algorithms

Learner Hyperparameters Python Package
Random Forest (RF) n_estimators = {100, 200}, scikit-learn [89]
max_features = {sqrt, log2}
Support Vector Regressor kernel = {rbf}, C = {1, 10, 100}, scikit-learn [89]
(SVR) epsilon ={0.1, 0.5}
XGBoost (XGB) n_estimators = {100, 200}, xgboost [90]

max_depth = {3, 6}

5.1.4 Evaluation Metrics

The evaluation of predictive performance in imbalanced regression remains a
methodological challenge due to the absence of a universally accepted metric. Various
studies in the literature employ different evaluation criteria, which hinders the compara-
bility of results across works. While alternative metrics tailored to imbalanced regression
have been proposed, as previously described in Chapter 2, there is still no consensus on
a standard benchmark. This lack of uniformity is further compounded by the limitations
of conventional metrics such as MAE and MSE, which are widely used despite not being

optimised for imbalanced settings.

Therefore, in this study, we used both RW-RMSE and SERA as evaluation met-
rics to better assess model performance under imbalanced conditions. We also included
RMSE as a standard regression error metric to assess the generalisation capability of
the models. Furthermore, since there is no uniformity in the weighting mechanism em-
ployed by the preprocessing strategies, with some utilising the relevance function [9] and
others employing DenseWeight [39], or both, we implemented an adapted version of
both RMSE and SERA with DenseWeight [39] - DenseWeight-RMSE (DW-RMSE) and
DenseWeight-SERA (DW-SERA), which were originally reliant on the relevance function
method [9]. This approach ensures that they incorporate the DenseWeight methodology
as their weighting foundation in their calculations, thereby improving and enabling fairer
comparisons between strategies that use such a mechanism for their processes. This
is the first time DenseWeight-based metrics have been proposed and originally imple-

mented, as far as we know.

All evaluation metrics were computed using a repeated 2x5-fold stratified Cross-

Validation (CV) procedure to ensure robust and reliable performance estimates. This
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cross-validation setup means that in each run, the dataset was partitioned into five dis-
tinct folds, each with similar target variable distributions. For each iteration, one fold was
designated as the test set while the remaining four were used for training. This process
was repeated five times per repetition, allowing each fold to serve once as the test set,
thereby completing a full cross-validation cycle. Additionally, to enhance the robustness
of the evaluation, the entire procedure was repeated with a different random partitioning

of the data, completing the 2x5-fold stratified CV procedure.

5.2. Empirical Results
5.2.1 Target Variable Distribution Analysis

To illustrate the impact of the preprocessing strategies on the target variables,
we present the density plots of the target variable for two benchmark datasets: housing-
Boston and treasury in Figure 5.1. Each plot overlays the histogram of the original target
distribution with the kernel density estimates produced by various sampling and data aug-
mentation techniques, enabling a visual comparison of how each method reshapes the
distribution. This comparison focuses on three aspects: the preservation of the original
distributional shape, the concentration and spread of density across value ranges, and

the overall support coverage.

From the plots, we observe that certain methods, such as KNNOR-Reg and G-
SMOTER, closely follow the original distribution, especially around the high-density re-
gions, indicating a conservative augmentation approach. In contrast, techniques like
DAVID and CARTGen-IR exhibit broader coverage, extending density into the tails of
the distribution, suggesting stronger emphasis on rare or extreme values. This behaviour
is particularly relevant in imbalanced regression, where performance on tail regions is
often critical. Thus, these plots not only expose how well each technique preserves the
original characteristics but also reveal their capacity to enhance underrepresented areas
of the target space, information that cannot be captured by performance metrics alone.
The specific hyperparameter combination used by each variant of the methods is detailed

in Table B.1 from Appendix B.1.

5.2.2 Error Performance Analysis

The number of datasets where each pair of resampling strategy and learner model
achieves the best error estimates, according to each metric, is presented in Table 5.4.

This table was extracted from the analysis of Tables ??-?? from Appendix B.1. RMSE



FCUP | 42
Synthetic Tabular Data Augmentation for Imbalanced Regression

— RU |v1 r0.07
RO |v1
—— WERCS |v1
— 6N |v1 L 0.06
—— SMOTER |v1
—— SMOGN | vl
WSMOTER | vl
—— G-SMOTER | vl
DAVID | v2
—— KNNOR-REG | None [
CARTGen-IR | v27

0.05 A

0.04 -

o
o
a

Density
I
(=]
R

o
o
@

0.02

o
o
]

Histogram Frequency of Original Distribution

0.01 A

>/

0.00

T 0.00
40
HousValue

(a) KDE plot of housingBoston target variable distribution

0.25 0.30
— RU |Vl

RO | vl
—— WERCS | vl
— GN |v1 r0.25
—— SMOTER |v1
—— SMOGN | vl
WSMOTER | vl
—— G-SMOTER | vl
DAVID | v2
—— KNNOR-REG | None
CARTGen-IR | v27

N\

1MonthCDRate

0.20 -

o
N
o

0.15 A

o
=
o

Density

0.10 A

o
.
S

0.05 A

Histogram Frequency of Original Distribution

0.00

(b) KDE plot of treasury target variable distribution

Figure 5.1: Distribution of the target variable before and after applying preprocessing
strategies, indicated by the histogram and density curves, respectively.

results indicate that, although WSMOTER demonstrates good performance, CARTGen-
IR emerges as the superior technique, standing out in this metric. It is noteworthy that the
proposed method exhibits exceptional efficacy compared to the original dataset (None)
and against widely recognised methods such as SMOTER or RU. This scenario is further
corroborated by the RW-RMSE, SERA, DW-RMSE and DW-SERA metrics. As observed
previously, CARTGen-IR emerges as the top performer for all metrics, demonstrating its
superior performance more than 40% of the experiments with no other method approach-
ing its dominance in any metric. Additionally, the results are uniformly distributed among
learners for all preprocessing strategies, with no learner demonstrating significantly su-

perior results. Nevertheless, it is noteworthy that for the CARTGen-IR method, both RF
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and XGBoost exhibit better performance, while SVR displays the least favourable per-
formance of all learners for this strategy. Furthermore, this is not true for the rest of the
strategies, which perform well with SVR and often achieve their best results with such a
model.

Table 5.4: Counts of best scores by preprocessing strategy / learner for each metric

Metric Learner None RU RO WERCS GN SMOTER SMOGN WSMOTER G-SMOTER DAVID KNNOR-REG CARTGen-IR
RF 2 0 1 0 0 0 0 3 0 0 2 7
RMSE SVR 1 0 4 0 0 0 0 3 1 0 1 5
XGBoost 1 0 1 0 0 0 0 3 3 0 0 7
Total 4 0 6 0 0 0 0 9 4 0 3 19
RF 0 0 0 4 0 1 0 2 0 0 0 8
RMRMSE Lo 1 0 1 1 o o o 3 > o o :
Total 1 0 5 8 0 1 1 6 2 0 0 21
RF 0 0 0 3 0 1 1 2 0 0 0 8
SVR 0 0 4 2 0 0 2 2 0 0 0 5
SERA XGBoost 1 0 0 1 0 0 0 3 1 0 0 9
Total 1 0 4 6 0 1 3 7 1 0 0 22
RF 0 0 1 2 0 0 0 2 0 0 0 10
DIRMSE Sl 1 0 1 o 1 o o s i o o ‘
Total 1 0 5 4 1 0 0 11 2 0 0 21
RF 0 0 1 0 0 0 1 4 0 0 1 8
DISERA s 1 0 1 o o 1 o 4 : o q :
Total 1 0 5 0 1 1 1 13 4 0 1 18

This observation is further supported by Table B.7 from Appendix B.2, which
presents the optimal combination of preprocessing strategy and learner for each pair of
metric and dataset. Notably, CARTGen-IR consistently achieves the highest number of
best results among all preprocessing strategies. It is noteworthy that the RF learner rarely
produces the optimal outcomes, regardless of the preprocessing strategy it is paired with.

Conversely, both SVR and XGBoost demonstrate split dominance in the learner category.

Furthermore, Figure 5.2 provides a comprehensive summary of the wins and
losses (including significant wins and losses) achieved by each data augmentation tech-
nique used in this study across three metrics - RMSE, RW-RMSE and SERA. Figure B.1
from Appendix B.3 illustrates the (significant) wins and losses for the remaining metrics
- DW-RMSE and DW-SERA. The analysis is conducted relative to the scenario of using
the original imbalanced data as the baseline. The statistical significance of the results
was determined using a Wilcoxon Signed Rank Test, with a predefined 95% threshold
for statistical significance. Due to the comparative study’s evaluation of 36 parameter
combinations for the CARTGen-IR model, it's impractical to include all versions in the fig-
ure. We have selected the six best-performing versions of that strategy, along with all

versions of the competing approaches, for visualisation. Figures B.2-B.6 from Appendix



FCUP | 44
Synthetic Tabular Data Augmentation for Imbalanced Regression

RMSE RW-RMSE

RU | v1 {205 3
RU | v2 10
RO |v1 4 132, 36 78
RO V2 4 145 4 65
WERCS[viq 176 1934
wercs [v2{ 178 222
WERCS [v3 { 192 18
WERCS [va {190 130
GNjvio 193 i
GNjvzo{ 192 118
GN|v3 o 196] 614
GN | va H208| 2
GN | vs 1208, 2
GN | v6 1208 2
SMOTER | v1 153 32157
SMOTER | v2 169 2641
SMOGN [v1 | 189) 1a1
SMOGN [v2 | 189) 1a1
SMOGN |v3 { 188 1a>
SMOGN | v | 165, 25 45
SMOGN | v5 | 166| 25 a4
SMOGN | v6 171, 2539
WSMOTER | v1 4 69) 0 141
WSMOTER | v2 o 67 76 143
WSMOTER | v3 o 75 7 135
WSMOTER | v - 69 72 141
G-SMOTER | v1 o 57, 62 15
G-SMOTER | v2 o 62 64 148
G-SMOTER | v3 - 77 60 133
G-SMOTER | va 74) 55 136
G-SMOTER | v5 66 68 144
G-SMOTER | v6 - 63 69 147
DAVID [v1 o 191
DAVID | v2 { 19| 4
KNNOR-REG | None - 102 a9 108
CARTGen-IR | v15 - 126, 6 s
CARTGen-IR | v16 - 131, a7 79
CARTGen-IR | v25 - 142, 37 68
CARTGen-R | v27 129 ! 81
CARTGen-IR | v28 - 138 las 72
CARTGen-IR | v36 - 139) 8 71

-200 -150 -100 -50 [ 50 100 150 —200 -150 -100 -50 O 50 100 150 200 —200 -150 -100 -50 O 50 100 150 200
Wins vs. Losses Wins vs. Losses Wins vs. Losses

Bl significant Win win Bl Significant Loss Loss

Figure 5.2: Comparison of (significant) wins and losses of selected preprocessing
strategies across all datasets, according to different metrics - RMSE, RW-RMSE and
SERA

B.3 present the summary of wins and losses for all the preprocessing strategies variants
evaluated in the study. By the analysis of this figure, we can conclude that WSMOTER
emerges as the most consistent method in our study across all evaluated metrics, followed
by KNNOR-Reg. CARTGen-IR also exhibits satisfactory results, generally ranking third
in consistency across all metrics and all versions included. This is a characteristic that
other methods do not exhibit. For instance, WERCS consistently performs better in its
first two versions, where oversampling surpasses undersampling in proportion. However,
its performance diminishes in the other two versions, as undersampling weights more
heavily than oversampling. It is also noteworthy that while CARTGen-IR may not be the
most consistent winner, it demonstrates a superior significant win-to-lose ratio compared
to similarly performing methods in these results. This implies that for the same number
of wins, CARTGen-IR’s are generally more significant than other methods at that level.
Moreover, we observe that the most effective versions of CARTGen-IR exhibit a common
characteristic: the introduction of Gaussian noise into the numerical variables. Addition-

ally, the « values for these versions are set to 1.5 and 2, suggesting that this method
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appears to benefit from higher values for this hyperparameter. In terms of other parame-
ters, both DenseWeight and Relevance demonstrate superior performance when it comes
to the calculation of the rarity score and the number of synthetic samples does not appear
to have a significant impact on the performance of these methods. All results from the

Wilcoxon Signed-Rank test are presented in Appendix B.3.

We also used multiple statistical tests to compare the resampling strategies across
the 15 datasets. The Friedman F-test showed that the tested strategies have distinct per-
formance characteristics for all metrics, since with a 95% significance level, we rejected

the null hypothesis. Table B.13 from Appendix B.4 shows the test results.

Given the rejection of the null hypothesis, we conducted the post-hoc Nemenyi
test to identify methods with significantly different results. This test, conducted again with
a 95% significance threshold, generated the Critical Difference (CD) diagrams proposed
by [91], presented in Figures B.7- B.11 from Appendix B.4. The diagrams display the
average rankings of the strategies being compared, with connections made when the dif-
ferences are not statistically significant. Overall, the results indicate that there are no
significant differences among the strategies. However, CARTGen-IR consistently shows
the best overall performance across all metrics, closely followed by WSMOTER. It holds

top rank positions, particularly for RW-RMSE and SERA, across all learners (Figures 5.3a

CARTGen-IR (2.4)
CARTGen-IR (2.4)

{10) DAVID
L——(11) DAVID

WSMOTER (3.5).

G-SMOTER (3.8)

None (4.6)

None (5.3)}——— e MOGN
KNNOR-REG (4.8) (6.9) SMOGN RO (5.5 7.2) GN

RO (5.4}—————1 KNNOR-REG (5.7)-

(a) RMSE — RF (b) SERA — XGboost
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G-SMOTER (4.2)

RO (4.3) 7) SMOGN

WERCS (5.6, 6.5) SMOTER

KNNOR-REG (6)-
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Figure 5.3: Critical Difference diagrams of all data-level strategies for a metric-learner
pair, considering all datasets at 95% confidence level.
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and 5.3b). Even when not ranked first (e.g., with SVR under RMSE or DW-SERA - Fig-
ure 5.3c), its performance is nearly equivalent to the best, with no significant difference.
SVR remains the weakest learner for CARTGen-IR, while DAVID and RU are the poorest

performing strategies overall.

Given that CARTGen-IR and WSMOTER both demonstrate superiority in some
of the results previously analysed, we decided to perform a Bayesian Signed-Rank test
to compare them. The Bayesian signed-rank test offers a probabilistic interpretation of
model comparisons that complements the insights provided by CD diagrams. While CD
diagrams illustrate average rank differences across datasets and highlight statistically
significant differences based on frequentist tests like the Nemenyi test [91], they do not
quantify the probability that one method is better than another. In contrast, the Bayesian
signed-rank test estimates the posterior probabilities that one method outperforms an-
other, is worse, or that their performances are practically equivalent, incorporating a Re-
gion of Practical Equivalence (ROPE) [92]. This enables more nuanced conclusions by
capturing uncertainty and avoiding binary decisions based solely on p-values, providing
richer evidence for strategy comparison [93]. For this experimental study, we defined the
ROPE interval to be [—1%, 1%]. The results of this test are presented in Figure 5.4, with a
representative selection of six of the generated Bayesian ternary plots. The full collection
of ternary plots, along with a table that presents the details of this test are displayed in

Appendix B.5.

A detailed examination of the ternary plots reveals that CARTGen-IR substantially
outperforms WSMOTER when used with RF across all metrics, with the posterior prob-
ability that CARTGen-IR is superior to WSMOTER standing at around 99% across all
metrics - Figures 5.4a and 5.4b. These results provide strong evidence that CARTGen-

IR consistently delivers better performance when paired with RF.

When coupled with SVR, the results are more balanced. For both RMSE and
RW-RMSE, the probabilities that CARTGen-IR is better than WSMOTER hover around
53%, while WSMOTER is favored in approximately 46% of the cases - Figure 5.4c. For
these metrics, the probabilities for equivalence remain low, suggesting that while there is
no clear dominance, the performances are not practically indistinguishable. In contrast,
for metrics like SERA and DW-RMSE, CARTGen-IR reflects a dominant position, with
probabilities exceeding 90% - Figure 5.4d.
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With XGBoost, the results indicate a moderate to dominant advantage for CARTGen-
IR. For nearly all metrics, the posterior probabilities exceed 70%, and reaching as high
as 90% - Figure 5.4e. The worst performing metric for XGBoost is DW-RMSE, with a
probability that CARTGen-IR outperforms WSMOTER of about 61% - Figure 5.4f.

Overall, the Bayesian signed-rank test confirms that CARTGen-IR outperforms
WSMOTER in all of the tested scenarios, across all metrics and especially when using

ensemble-based learners, but remains competitive even with the SVR model.

ROPE ROPE ROPE
(0.0043) (0.0000) (0.0089)
CARTGen—IR WSMOTER CARTGen—IR WSMOTER CARTGen—IR WSMOTER
(0.9954) (0.0003) (0.9955) (0.0045) (0.5384) (0.4527)
(a) RW-RMSE - RF (b) DW-SERA — RF (c) RMSE - SVR
ROPE ROPE ROPE
(0.0020) (0.0000) (0.0021)
CARTGen—IR WSMOTER CARTGen—IR WSMOTER CARTGen—IR WSMOTER
(0.9372) (0.0608) (0.8825) (0.1175) (0.6195) (0.3784)
(d) DW-RMSE - SVR (e) SERA — XGBoost (f) DW-RMSE —
XGBoost

Figure 5.4: Bayesian Posterior Ternary Plots — CARTGen-IR vs. WSMOTER

5.2.3 Runtime Performance Analysis

To conclude our experimental study, we conducted a comparative analysis of the
runtime for all data augmentation techniques. To ensure fairness and provide comparable
working conditions for each method, we gathered data solely from the data augmentation
procedure under consistent parallelisation conditions. As shown in Figure 5.5, which dis-
plays a boxplot of runtime values in seconds for each strategy, CARTGen-IR emerges as
one of the fastest-performing techniques in this study. RU and RO, along with WERCS,
are sampling techniques that do not produce new synthetic data and demonstrate min-
imal execution times. Among the other data augmentation techniques that create new
synthetic samples, CARTGen-IR is only outperformed by KNNOR-Reg in terms of run-

time execution. Yet, it has a lower standard deviation, as is indicated in Table B.15
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from Appendix B.6, where all the runtime average and standard deviation values for all
datasets are presented, ensuring consistency during its runs. While WSMOTER and G-
SMOTER operate within a similar timeframe, all other methods, particularly those based
on SMOTER, show poor runtime values. Notably, DAVID, the slowest method, requires

an amount of time equivalent to 31 runtimes of CARTGen-IR’s.
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Figure 5.5: Boxplot of runtimes per preprocessing strategy

5.3. Discussion

In response to RQ1 and RQ2, CARTGen-IR has proven to be effective for imbal-
anced regression tasks. It consistently achieves strong performance across all datasets
and ranks the highest overall. When compared to the leading state-of-the-art resampling
strategies, CARTGen-IR either improves upon or matches these methods, particularly in
balancing the focus between rare-valued and common-valued cases. This is a key per-
formance observation for comparison to other strategies, such as KNNOR-Reg, which
performs well with metrics that account for all cases, no matter their relevance, but lacks
focus power for rare instances, or vice-versa. For the RW-RMSE and SERA metrics,
which are specifically designed to assess performance in imbalanced regression tasks,
WSMOTER and CARTGen-IR emerge as clear winners, while also demonstrating solid
performance for RMSE. This indicates that CARTGen-IR generalises well across the en-
tire domain without compromising the overall predictive performance. Furthermore, it
exhibits a superior win-to-loss ratio compared to the other two methods. The CD dia-
grams and the Bayesian Signed-Rank test further corroborate these findings, showcasing

CARTGen-IR’s strong generalisation capabilities while maintaining focus on rare cases.

As for RQ3, when analysing the characteristics of each preprocessing strategy,

we can categorise the methods into sampling and augmentation techniques. Sampling
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techniques, due to their simplicity in implementation, result in the lowest execution times;
however, they also yield inconsistent and lower-ranked scores. The other methods, which
generate new synthetic samples, can then be compared. The best method in terms of
runtime is KNNOR-Reg, which, as previously mentioned, struggles with rare-valued target
cases. CARTGen-IR ranks second in execution time and exhibits strong performance,

effectively balancing the trade-off between the two.
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6. Conclusion

This thesis focused on imbalanced regression problems, where the goal is to
predict rare values of the continuous target variable with a skewed distribution, a still-
challenging class of problems in machine learning. In this chapter, we present the primary
contributions of this study, while also highlighting the limitations of the proposed algorithm

and perspectives for future research.

6.1. Main Contributions

The main contribution of this study is the proposal of CARTGen-IR, a non-parametric
method within data-level approaches, specifically designed for imbalanced regression,
which is based on a previously proposed CART-based synthetic generation method for
tabular data [22, 83]. Unlike other state-of-the-art resampling strategies proposed for
imbalanced regression, this method does not rely on any specific threshold set for the
continuous target variable. By leveraging a CART-based mechanism, CARTGen-IR can
model complex relationships in the data while maintaining computational efficiency and in-
terpretability on the data generation process. The empirical evaluation, conducted across
a diverse set of benchmark datasets, learning models, evaluation metrics, and state-of-
the-art data-level strategies, confirms the competitiveness of the proposed approach in

imbalanced regression scenarios.

As additional contributions, this work includes:

(i) the extension and adaptation of relevance-based techniques, such as random under
and oversampling, WERCS, GN, SMOTER and SMOGN, to use adjusted boxplot

statistics, to better account for target variable skewness;

(ii) the first implementation in the Python programming language of a cost-sensitive
learner - XGBoost - with an imbalanced regression-specific metric - SERA - as the

optimising metric;

(iii) the first implementation of imbalanced regression-specific metrics that use the

DenseWeight [39] as their weighting mechanism;

(iv) and the public release of a curated repository comprising 62 benchmark datasets

for imbalanced regression tasks.
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All the code used in this study is publicly available on GitHub for reproducibil-
ityathttps://github.com/antoniopedropi/SyntheticTabularDataAugmentation-IR.
git. Furthermore, to facilitate the replication of the experimental study presented in this
thesis, a reproducible capsule was developed and published, being available with DOI
10.24433/C0O.7826905.v2 [94] and at codeocean.com/capsule/7826905/tree. Regard-
ing the implementation, it is important to mention that we used the python-synthpop pack-
age [95], which provides the CART algorithm implementation in Python, essential to de-
velop the CARTGen-IR strategy. Additional information regarding the code and repro-
ducible capsule is provided in Table C.1 and Figure C.1 of Appendix C.

6.2. Limitations and Future Work

Overall, CARTGen-IR offers a promising direction for future work on robust and
interpretable solutions for imbalanced regression problems. Conversely, this method may
encounter interpretability challenges due to abrupt transitions at partition boundaries. It
may exhibit suboptimal performance in scenarios where appropriately specified paramet-
ric models accurately represent the underlying true relationships. This could render the
model unreliable and significantly underperform in the presence of such parametric rela-
tionships within the data. Furthermore, CARTGen-IR is dependent on tunable hyperpa-
rameters - a rarity exponent («), a sample size ratio (1), and noise proportion (J) - which

significantly influence results and require careful fine tuning.

Even though CARTGen-IR demonstrates promise for tackling imbalanced regres-
sion problems, several directions for future work include: (i) expanding the comparative
study to a broader dataset pool, particularly those containing target domain rare inter-
vals that are not extremes; (ii) incorporating learners with a cost-sensitive approach to
imbalanced regression-specific metrics, such as SERA, into the comparative study (e.g.
XGBoost with SERA as optimising metric [58]); and (iii) identifying techniques to address
the unsuitability of CARTGen-IR for parametric distributions, as partition boundaries may

underperform in effectively capturing the true data relationships.


https://github.com/antoniopedropi/SyntheticTabularDataAugmentation-IR.git
https://github.com/antoniopedropi/SyntheticTabularDataAugmentation-IR.git
https://doi.org/10.24433/CO.7826905.v2
https://codeocean.com/capsule/7333875/tree
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A. Comparative Analysis of Related Algorithms

Table A.1: Comparison of preprocessing strategies by key design characteristics

KNNOR-REG [21]

Strategy Neighbour Noise Uses Relevance Domain Other User-Defined
Based Introduction Threshold Discretisation Parameters

RU [18] X X 4 4 X
RO [17] X X v v/ X
WERCS [17] X X X X v
GN[17] X v v v/ v
SMOTER [18, 65] v X v v v
SMOGN [23] v v v v 4
WSMOTER [20] v X X X v
G-SMOTER [68] v X v v v
DIRVAE [14] X v X X v
IRGAN [15] X X X X v
DAVID [16] X v X X v
COVERT [71] v X X X v
DA + WR [73] v v X X v
v X X v v
X 4 X X v

CARTGen-IR




Table A.2: Detailed comparison of preprocessing strategies
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Strategy Description g:g:;:?s Advantages Disadvantages
e Loss of information
Performs random undersampling by ran- e Bias in low-relevance sample
U (;?andoml_ domly removing cases from the most 96. 97 * Balanced dataset . selection
ndersampiing common and less relevant target vari- [96, 97] * Reduced computational cost e Threshold-dependent
(RU) [18] - -
able values. e Domain discretisation
. . . e Maintains all information e Larger dataset
Random Copsnsts of randomly selecting and r_epll- e Automatic method of deter- e Higher likelihood of overfitting
Oversampling cating exa.mples. fro'm.the relevant bin of [98, 99] mining oversampling percent- e Threshold-dependent
(RO)[17] cases, while maintaining all the common ’ age e Domain discretisation
cases in the "normal” bin.
e Loss of information
e Higher likelihood of overfitting
WEighted Employs an informed under and over- e Need for specification of un-
Relevance- sampling strategy, based on the rele- e No need for user-defined rel- der and oversampling per-
based vance function, which assigns weights [98, 99] evance thresholds centages by user
Combination to cases that influence their likelihood ’ e No domain discretisation e Simplistic replication of seed
Strategy of being replicated or removed from the cases without incorporating
(WERCS) [17] dataset. neighbouring information or
noise
o Compatible with both numeric
and nominal attributes
Combines the undersampling of typical, * Synthetic cases with high rel- e Threshold-dependent
Introduction of prevalent cases with the oversampling of evance e Domain discretisation
Gaussian Noise  rare, pertinent cases, through a synthetic [98, 99] * Balgncgd datgset . e Hard to find optimal amount of
(GN) [17] generation process that introduces nor- ° Malntam_s all information noise to add to rare cases
mally distributed noise to the seed cases. * Automatic method of deter-
mining  under/oversampling
percentage
e Loss of information
e Flawed synthetic sample gen-
Sy_nthgtic Performs random undersampling for the eration process
ng/ll'lsnaor:glling Iow-re]evance poo! of cases and over- e Balanced dataset * ;l)z:r}? o find the optimal value
Technique for sampllng_for thg hlghjrelevancg pool of [96, 97] e Handles both numeric and e Risk of overfitting
R : cases using a linear interpolation strat- ’ nominal variables . . .
egression ) . e Less effective in high-
egy for the predictors and a weighted av- ) .
(SMOTER) [18, erage for the target variable values dimensional data
65] ’ e Threshold-dependent
e Domain discretisation
Combines an undersampling process
for ordinary cases and an oversampling o Mitigates risk of overfitting e Hard to find the optimal value
SMOTER with strategy for pertinent cases, wherein e Preserves local data distribu- for k
Gaussian Noise  synthetic cases are generated through [19] tions e Threshold-dependent
(SMOGN) [23] SMOTER for seeds with high-proximity e High data fidelity and diversity e Domain discretisation
cases and through GN for seeds distant
from other cases.
Weighting Thi; algorith.m weights instar?c.;ee} by * :Z:eed forrelevance thresh-
SMOTE for thg:jr rarltyth(vl._a EDtE) to prott>_a b'“StlcaW e No need for splitting data into ® har%etr dfgtgstit timal val
Rogresson U0 Sl dele gonerton Srewr 00) binsor prtons " oo necptmal e
(WS- OL?t rgstrictivegassumptiong about where ¢ No assumptions about the lo- o
MOTER) [20] cation of rare data points

rarity occurs.

(Continued on the next page)
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Software

Strategy Description Packages Advantages Disadvantages
e Mitigates overfitting risk
Generates synthetic instances within a ¢ AgnOSt'C to relevance meth-
Geometric transformed hyperspherical region and E sands the sample aenera
SMOTE for assigns labels via weighted interpola- * ti xpana pleg ; Threshold-dependent
Regression (G- tion, ensuring alignment with target dis- -1 [')(.)n regt|on f ted i Domain discretisation
9 tributions through three distinct selection ¢ Diversity o generated In-
SMOTER) [68] ) . stances
strategies for the data generation pro- .
cess. e Enhances generalisation ca-
pability of SMOTER
Synthesises data using a GAN-based * _Synthehc_ sqlmptle t%ener_apor:
framework with a dual-model architec- ga?;oéi;'lgmfgno € origina
Dee ture: a VAE for latent distribution and Incr : d';“: rsity in samol Dependent on specific distri-
Imbalarrljced an Long Short-Term Memory (LSTM) for * ecnzf:t"eon ersity In sample bution shapes
. learning neighbouring sample relation- generatl - Not suitable for more diverse
Regression ) S 1 e Considers the characteristics PR
L ships. A discriminator ensures gener- - ) . or complex distribution char-
Variational L : of neighbouring samples but .
ated samples match the original data dis- o acteristics
Autoencoder tributi It cat ) imbal d also captures the spatial dis-
(DIRVAE) [14] ~ oution. Tt categorises Imbalanced re- tribution features of the origi- Black-box model
gression into three distribution types to nal samoles
simplify target value distributions, effec- Mitigat pth isk of overfti
tively generating minority samples. ¢ Mitigates the risk ot overtitting
e Works in high-dimensional
Imbalanced Integrates generative, correction and aatadl ind dent
Regression discriminative modules, generating syn- ¢ Han .des tporll-(qu te.réer;‘ enf or Black-b del
Generative thetic samples to balance datasets. A K ?uor::; entical distribution fea- Vaar:;ishir?x mrgd‘iaent roblem
Adversarial correction module guides sample gen- c " twork i 99 P
Network eration, reducing training instability, and ¢ th(;rrsei;:l(;r;itneavr:graultrr?gr:(;\c/:iets
(IRGAN) [15] optimising adversarial learning. Y y
of generated samples
e More pertinent data genera-
tion
Generates synthetic data by combining e No domain discretisation In d tational t
VAEs with a smoothed bootstrap tech- e Captures non-linear correla- S:r:zﬁ?v?t ic())mﬁ;lisaelo aa;a(r:rcl)z-
DAVID [16] nique, using a balanced loss function [101] tions y P
. . . ters
that inversely weights samples based on e Non-parametric model
their density via a kernel estimator. e Suitable for complex data dis-
tributions
e Works for highly dimensional Applicable only to industrial
Designed to balance imbalanced . fﬁatlérer:piiczsi retisation or dH?t?] moutational t
datasets in process modelling by using ? 0 ath Sﬁ ?d sation 0 F gnh compu e_lfo atcos t d
KDE to identify sparse regions in the relevance threshold . ocus on unriorm target do-
COVERT [71] ) f ) [102] e Leverages uncertainty infor- main relevance
data and iteratively generate synthetic f | {0 the dataset Not tibl ith highl
samples to create a more uniform distri- mation relevant o the datase ot compatible with highly
. e High adaptability due to its it- quantised, categorical or
bution. ] _
erative nature boolean attributes
Addresses covariate imbal-
ance rather than the target
e Mitigates overfitting risk variable imbalance
pas TS method intgrte a dta ugmen- e i
Augmentation + tation technique, encompassing various W tati h pling n ':j/ lmII 1y : ;
%Nei hted strategies such as GN and CGAN, with [103] ill:)gr::];:: alplon paraai?:tr'sat'on aDirt:i:t s2:dap teation of exist
9 a weighted approach that calculates re- . mplex p Isal . P L ]
Relevance is required ing data augmentation imbal-

(DA+WR) [73]

sampling probabilities based on weights
for specific cases.

Addresses the issue of selec-
tion bias in sampling

anced classification methods
to imbalanced regression
Sensitivity of the data gener-
ation method

" The authors did not publicly disclose any data, software package, or implementation code. Even after direct requests to the authors, they did not
make it available.
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pling strategy that emphasises rare

Interpretability

Not recommended for data

. Software .
Strategy Description Packages Advantages Disadvantages
e Versatility in terms of feature
dimensionality and population ) .
k-Nearest Leverages a relevance function and in- data g?f tofind the optimal value
. tegrates an enhanced SMOTE variant e Addresses noisy and ambigu- S .
Neighbour ith K-NN thetic dat Domain discretisation based
Oversampling - W't. - to gengrate synthetic qata ous samples on user-defined bins
R . points, with the addition of deep learning- [104] e Incorporates non-linearity
egression ) . . . Target Aware Autoen-
(KNNOR- based techniques (Target-Aware Au- e Reduces risk of information coder/Autolnflater are black-
Reg) [21] toencoder and Autolnflater) for high- loss or distortion box models
9 population data. e No need for user-defined rel-
evance thresholds
e Versatility in terms of feature
dimensionality, missing data Hard to find the optimal value
Generates synthetic samples using and complexity for hyperparameters
CART-based column-wise synthesis, e High computational efficiency Suboptimal performance for
CARTGen-IR guided by a rarity-weighted resam- [105] : Incorporates non-linearity partition boundaries
[ ]

target values without relying on discrete
thresholds or domain discretisation.

No need for user-defined rele-
vance thresholds and domain
discretisation

described by parametric rela-
tionships




FCUP
Synthetic Tabular Data Augmentation for Imbalanced Regression

B. Experimental Results

B.1. Data-Level Algorithms Variants and Hyperparameters

Table B.1: Preprocessing strategy variants and respective hyperparameters

Strategy Variant Hyperparameters Combination
RO/RU v1 (%u / %o =balance’)

v2 (%u / %0 ='extreme’)

WERCS vi (%u = 0.5, %0 =0.5)
v2 (%u = 0.5, %0 = 0.75)
v3 (%u = 0.75, %o = 0.5)
v4 (%u = 0.75, %0 = 0.75)

GN v1 (%u/%o = balance’, 5 = 0.05)

v2 (%u/%o ="balance’, 6 = 0.1)
v3 (%u/%o0 = 'balance’, § = 0.5)
v4 (%u/%o0 =extreme’, 6 = 0.05)
v5 (%u/%o = extreme’, = 0.1)
v6 (%u/%o0 =extreme’, 6 = 0.5)

SMOTER v1 (%u/%o = balance’, k = 5)
v2 (%u/%o0 =extreme’, k = 5)

SMOGN v1 (%u/%o0 ="balance’, k = 5, 6 = 0.05)
v2 (%u/%o0 =balance’, k=5, 6 =0.1)
v3 (%u/%o0 ="balance’, k =5, 6 = 0.5)
v4 (%u/%o0 ="extreme’, k =5, § = 0.05)
v5 (%u/%o0 =extreme’, k=5, 6 =0.1)
v6 (%u/%o0 =extreme’, k =5, 6 = 0.5)

WSMOTER v1 (B=1,ratio =15, k=5)
v2 (B=1,ratio =175,k =5)
v3 (=2, ratio =15, k=5)
v4 (B =2, ratio =1.75, k = 5)
G-SMOTER v1 (=0.7,k=5,n=0.75, strategy = 'combined’, = -0.5)
v2 (¢=0.7,k=5,yn=0.75, strategy = "combined’, 6 = 0.5)
v3 (¢=0.7,k=5,yn=0.75, strategy = 'majority’, 6 = -0.5)
v4 (¢=0.7, k=5, 1 =0.75, strategy = 'majority’, 6 = 0.5)
v5 (¢=0.7,k=5,n =0.75, strategy = 'minority’, 6 = -0.5)
v6 (¢=0.7, k=5, =0.75, strategy = 'minority’, 6 = 0.5)
DAVID v1 (a=1)
v2 («=2)
KNNOR-REG vi -

(Continued on the next page)
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Strategy Variant Hyperparameters Combination
CARTGen-IR vi (« = 1, density = 'denseweight’, = 0.00, # =balance’)
v2 (« = 1, density = 'denseweight’, = 0.00, 7 = 'extreme’)
v3 (« =1, density = 'denseweight’, = 0.01, 7 =balance’)
v4 (« = 1, density = 'denseweight’, § = 0.01, 7 = extreme’)
v5 (« = 1, density =’kde_baseline’, 6 = 0.00, = 'balance’)
v6 (« = 1, density = ’kde_baseline’, § = 0.00, 7 = 'extreme’)
v7 (« =1, density = ’kde_baseline’, 5 = 0.01, # =’balance’)
v8 (« =1, density = ’kde_baseline’, 6 = 0.01, i = ’extreme’)
v9 (« =1, density = relevance’, 6 = 0.00, 7 = 'balance’)
v10 (a« =1, density = relevance’, 6 = 0.00, n = extreme’)
vi1 (« =1, density = 'relevance’, 6 = 0.01, 5 = 'balance’)
v12 (a« =1, density = 'relevance’, 6 = 0.01, 57 = extreme’)
v13 (« = 1.5, density = denseweight’, = 0.00, = 'balance’)
v14 (« = 1.5, density = 'denseweight’, § = 0.00, # = 'extreme’)
vi5 (« = 1.5, density = 'denseweight’, § = 0.01, # = balance’)
v16 (« = 1.5, density = 'denseweight’, § = 0.01, # = 'extreme’)
v17 (« = 1.5, density = ’kde_baseline’, § = 0.00, # =balance’)
v18 (« = 1.5, density = ’kde_baseline’, § = 0.00, 1 = 'extreme’)
v19 (« = 1.5, density =’kde_baseline’, § = 0.01, # = balance’)
v20 (« = 1.5, density = 'kde_baseline’, § = 0.01, 7 = 'extreme’)
v21 (« = 1.5, density = 'relevance’, 6 = 0.00, 7 = balance’)
v22 (« = 1.5, density = 'relevance’, § = 0.00, ;7 = ’extreme’)
v23 (« = 1.5, density = relevance’, 6 = 0.01,  =balance’)
v24 (« = 1.5, density =relevance’, 6 = 0.01, 7 = ’extreme’)
v25 (« = 2.0, density = 'denseweight’, = 0.00, # = 'balance’)
v26 (« = 2.0, density = 'denseweight’, 4 = 0.00, ;7 = 'extreme’)
v27 (a« = 2.0, density = 'denseweight’, § = 0.01, 7 =balance’)
v28 (« = 2.0, density = ’denseweight’, § = 0.01, n = 'extreme’)
v29 (« = 2.0, density =kde_baseline’, § = 0.00, = balance’)
v30 (« = 2.0, density = 'kde_baseline’, § = 0.00, 1 = 'extreme’)
v31 (« = 2.0, density = ’kde_baseline’, 5 = 0.01, # =’balance’)
v32 (a« = 2.0, density = ’kde_baseline’, § = 0.01, 7 = ’extreme’)
v33 (« = 2.0, density = relevance’, 6 = 0.00, = balance’)
v34 (« = 2.0, density = relevance’, 6 = 0.00, 7 = 'extreme’)
v35 (« = 2.0, density = 'relevance’, 6 = 0.01, 7 = balance’)
v36 (a« = 2.0, density = 'relevance’, § = 0.01, 7 = ’extreme’)
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Synthetic Tabular Data Augmentation for Imbalanced Regression
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Synthetic Tabular Data Augmentation for Imbalanced Regression
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Table B.7: Best preprocessing strategy + learner combination per dataset and metric

Dataset RMSE RW-RMSE SERA DW-RMSE DW-SERA
abalone None + SVR G-SMOTER + XGBoost WSMOTER + SVR CARTGen-IR + SVR WSMOTER + SVR
airfoil G-SMOTER + XGBoost G-SMOTER + XGBoost G-SMOTER + XGBoost G-SMOTER + XGBoost G-SMOTER + XGBoost

availablePower
cpuSm

ele-1
forestFires
fuelConsumption
heat
housingBoston
maxTorque
mortgage
sensory

servo

strikes

treasury

CARTGen-IR + XGBoost
G-SMOTER + XGBoost
KNNOR-REG + RF
CARTGen-IR + SVR
CARTGen-IR + XGBoost
RO + SVR
WSMOTER + XGBoost
WSMOTER + XGBoost
RO + SVR
CARTGen-IR + XGBoost
RO + XGBoost
CARTGen-IR + SVR
WSMOTER + SVR

CARTGen-IR + XGBoost
WSMOTER + XGBoost
CARTGen-IR + XGBoost
WERCS + SVR
CARTGen-IR + XGBoost
RO + SVR
CARTGen-IR + RF
WSMOTER + XGBoost
WERCS + SVR
CARTGen-IR + XGBoost
RO + XGBoost
SMOGN + SVR
WSMOTER + SVR

CARTGen-IR + XGBoost
WSMOTER + XGBoost
CARTGen-IR + RF
CARTGen-IR + XGBoost
CARTGen-IR + XGBoost
RO + SVR
CARTGen-IR + XGBoost
WSMOTER + XGBoost
RO + SVR
CARTGen-IR + XGBoost
CARTGen-IR + XGBoost
SMOGN + SVR
WSMOTER + SVR

CARTGen-IR + XGBoost
WSMOTER + XGBoost
CARTGen-IR + RF
WERCS + SVR
CARTGen-IR + XGBoost
RO + SVR
WSMOTER + XGBoost
WSMOTER + XGBoost
WSMOTER + SVR
CARTGen-IR + XGBoost
RO + XGBoost
WERCS + SVR
G-SMOTER + SVR

CARTGen-IR + XGBoost
WSMOTER + XGBoost
CARTGen-IR + SVR
GN + SVR
CARTGen-IR + XGBoost
RO + SVR
WSMOTER + XGBoost
WSMOTER + XGBoost
WSMOTER + SVR
CARTGen-IR + XGBoost
RO + XGBoost
CARTGen-IR + RF
G-SMOTER + SVR
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B.3. Wilcoxon Signed-Rank Test Results
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Figure B.1: Comparison of (significant) wins and losses of selected preprocessing
strategies across all datasets, according to different metrics - RMSE, DW-RMSE and

DW-SERA
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Figure B.2: RMSE results by (significant) wins/losses vs. baseline scenario
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Figure B.3: RW-RMSE results by (significant) wins/losses vs. baseline scenario
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Figure B.4: SERA results by (significant) wins/losses vs. baseline scenario
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Figure B.6: DW-SERA results by (significant) wins/losses vs. baseline scenario
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Table B.8: RMSE results by (significant) wins/losses vs. baseline scenario

RF SVR XGBoost

Strategy (Max. Wins = 60) (Max. Wins = 90) (Max. Wins = 60)

Win Loss Win Loss Win Loss
RU | v1 0(0) 60(60) 5(2) 85(82) 0(0) 60(60)
RU | v2 0(0) 60(60) 0(0) 90(88) 0(0) 60(60)
RO | v1 23(7) 37(17) 42(29) 48(24) 13(0) 47(19)
RO | v2 19(6) 41(17) 34(26) 56(42) 12(2) 48(21)
WERCS | v1 0(0) 60(51) 32(19) 58(52) 2(0) 58(52)
WERCS | v2 2(0) 58(53) 30(22) 60(54) 0(0) 60(52)
WERCS | v3 0(0) 60(60) 18(8) 72(60) 0(0) 60(57)
WERCS | v4 0(0) 60(60) 20(14) 70(61) 0(0) 60(58)
GN | v1 1(0) 59(55) 16(13) 74(65) 0(0) 60(52)
GN | v2 2(0) 58(56) 16(11) 74(67) 0(0) 60(53)
GN|v3 0(0) 60(56) 14(6) 76(67) 0(0) 60(55)
GN | v4 0(0) 60(60) 2(2) 88(85) 0(0) 60(60)
GN | v5 0(0) 60(60) 2(2) 88(85) 0(0) 60(60)
GN | v6 0(0) 60(60) 2(2) 88(86) 0(0) 60(60)
SMOTER | v1 15(6) 45(28) 38(26) 52(27) 4(0) 56(36)
SMOTER | v2 15(5) 45(31) 24(21) 66(41) 2(0) 58(39)
SMOGN | v1 0(0) 60(46) 21(14) 69(62) 0(0) 60(46)
SMOGN | v2 0(0) 60(44) 21(14) 69(62) 0(0) 60(47)
SMOGN | v3 0(0) 60(46) 22(14) 68(62) 0(0) 60(51)
SMOGN | v4 17(5) 43(33) 22(19) 68(52) 6(1) 54(32)
SMOGN | v5 17(5) 43(32) 22(19) 68(53) 5(1) 55(35)
SMOGN | v6 15(4) 45(31) 20(20) 70(52) 4(1) 56(36)
WSMOTER | v1 43(14) 17(9) 69(52) 21(5) 29(4) 31(16)
WSMOTER | v2 43(19) 17(8) 66(50) 24(11) 34(7) 26(13)
WSMOTER | v3 42(17) 18(10) 66(49) 24(7) 27(5) 33(13)
WSMOTER | v4 43(20) 17(11) 66(47) 24(9) 32(5) 28(14)
G-SMOTER | v1 38(11) 22(2) 78(49) 12(5) 37(2) 23(4)
G-SMOTER | v2 35(12) 25(3) 77(50) 13(5) 36(2) 24(4)
G-SMOTER | v3 36(9) 24(5) 66(43) 24(14) 31(8) 29(7)
G-SMOTER | v4 35(12) 25(1) 66(41) 24(15) 35(2) 25(7)
G-SMOTER | v5 34(16) 26(5) 70(49) 20(1) 40(3) 20(10)
G-SMOTER | v6 39(14) 21(2) 69(49) 21(1) 39(6) 21(9)
DAVID | v1 3(0) 57(49) 6(4) 78(60 0(0) 56(46)
DAVID | v2 4(0) 56(55) 0(0) 84(74 0(0) 56(50)
KNNOR-REG | None 31(3) 29(4) 52(45) 38(13 25(1) 35(8)
CARTGen-IR | v1 9(3) 51(30) 40(34) 50(38 15(3) 45(27)
CARTGen-IR | v2 10(4) 50(31) 40(32) 50(38 16(2) 44(29)
CARTGen-IR | v3 18(6) 42(25) 38(35) 52(41 14(4) 46(27)
CARTGen-IR | v4 25(8) 35(21) 40(31) 50(41 16(6) 44(26)
CARTGen-IR | v5 16(7) 44(26) 37(31) 53(39 10(3) 50(34)

CARTGen-IR | v6

CARTGen-IR | v7

CARTGen-IR | v8

CARTGen-IR | v9

CARTGen-IR | v10
CARTGen-IR | v11
CARTGen-IR | v12
CARTGen-IR | v13
CARTGen-IR | v14
CARTGen-IR | v15
CARTGen-IR | v16
CARTGen-IR | v17
CARTGen-IR | v18
CARTGen-IR | v19
CARTGen-IR | v20
CARTGen-IR | v21
CARTGen-IR | v22
CARTGen-IR | v23
CARTGen-IR | v24
CARTGen-IR | v25
CARTGen-IR | v26
CARTGen-IR | v27
CARTGen-IR | v28
CARTGen-IR | v29
CARTGen-IR | v30
CARTGen-IR | v31
CARTGen-IR | v32
CARTGen-IR | v33
CARTGen-IR | v34
CARTGen-IR | v35
CARTGen-IR | v36

16(8)  44(24)
24(8)  36(23)
24(14)  36(21)
16(6)  44(24)
13)  49(26)
22(8)  38(22)
24(12)  36(22)
17(4)  43(29)
20(6)  40(28)
25(9)  35(22)
28(14)  32(27)
106)  50(19)
96)  51(22)
22(13)  38(17)
20(12)  40(25)
13(5)  47(19)
154)  45(22)
26(9)  34(19)
27(11)  33(18)
13(4)  47(29)
13(5)  47(28)
26(8)  34(19)
24(14)  36(24)
106)  50(21)
1(5)  49(20)
21(12)  39(19)
21(12)  39(15)
20(5)  40(23)
21(7)  39(21)
2509)  35(20)
26(10)  34(18)

)

)

)

)

)

)

)

)
42(32)  48(34)
41(32)  49(37)
41(32)  49(34)
34(30)  56(40)
34(24)  56(44)
31(30)  59(42)
34(22)  56(41)
44(31)  46(36)
38(26)  52(39)
45(32)  45(38)
39(29)  51(36)
40(33)  50(34)
40(32)  50(38)
40(33)  50(35)
39(32)  51(37)
34(30)  56(42)
33(25)  57(46)
34(32)  56(40)
32(25)  58(46)
44(32)  46(34)
38(28)  52(39)
42(32)  48(33)
38(27)  52(39)
41(28)  49(38)
39(22)  51(39)
39(28)  51(39)
39(22)  51(37)
35(28)  55(40)
32(24)  58(48)
34(30)  56(41)

)

8(2)  52(37)
13(5)  47(28)
9(3)  51(28)
8(2)  52(22)
8(2)  52(27)

14(2)  46(22)
11(3)  49(23)
103)  50(31)
10(1)  50(29)
14(5)  46(27)
12(4)  48(26)

8(2)  52(37)
92)  51(37)
132)  47(28)
122)  48(32)
1Q2)  49(22)
52)  55(24)
14(1)  46(19)
12(4)  48(22)
11(1)  49(30)
9(3)  51(29)
13(5)  47(26)
10(4)  50(30)
8(1)  52(36)
4(1)  56(37)
13Q2)  47(29)
133)  47(32)
5(2)  55(25)
5(1)  55(30)
14(3)  46(19)
11(3)  49(23)
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Strategy

RF
(Max. Wins = 60)

SVR
(Max. Wins = 90)

XGBoost
(Max. Wins = 60)

Win Loss

Win Loss

Win Loss

RU | v1

RU | v2

RO | v1

RO | v2

WERCS | v1
WERCS | v2
WERCS | v3
WERCS | v4

GN | v1

GN | v2

GN |v3

GN | v4

GN | v5

GN | v6

SMOTER | v1
SMOTER | v2
SMOGN | v1
SMOGN | v2
SMOGN | v3
SMOGN | v4
SMOGN | v5
SMOGN | v6
WSMOTER | v1
WSMOTER | v2
WSMOTER | v3
WSMOTER | v4
G-SMOTER | v1
G-SMOTER | v2
G-SMOTER | v3
G-SMOTER | v4
G-SMOTER | v5
G-SMOTER | v6
DAVID | v1

DAVID | v2
KNNOR-REG | None
CARTGen-IR | v1
CARTGen-IR | v2
CARTGen-IR | v3
CARTGen-IR | v4
CARTGen-IR | v5
CARTGen-IR | v6
CARTGen-IR | v7
CARTGen-IR | v8
CARTGen-IR | v9
CARTGen-IR | v10
CARTGen-IR | v11
CARTGen-IR | v12
CARTGen-IR | v13
CARTGen-IR | v14
CARTGen-IR | v15
CARTGen-IR | v16
CARTGen-IR | v17
CARTGen-IR | v18
CARTGen-IR | v19
CARTGen-IR | v20
CARTGen-IR | v21
CARTGen-IR | v22
CARTGen-IR | v23
CARTGen-IR | v24
CARTGen-IR | v25
CARTGen-IR | v26
CARTGen-IR | v27
CARTGen-IR | v28
CARTGen-IR | v29
CARTGen-IR | v30
CARTGen-IR | v31
CARTGen-IR | v32
CARTGen-IR | v33
CARTGen-IR | v34
CARTGen-IR | v35
CARTGen-IR | v36

40)  56(34)
0(0)  60(40)
46(11)  14(1)
41(8) 19(1)
39(12)  21(0)
51(17)  9(0)
24(12)  36(11)
28(12)  32(4)
19(4)  41(10)
20(4)  40(9)
2014)  40(9)
0(0)  60(34)
0(0)  60(34)
10)  59(33)
35(4)  25(8)
336)  27(8)
150)  45(13)
150)  45(10)
21(0)  39(10)
326)  28(8)
30(3)  30(4)
35(6)  25(4)
57(24)  3(0)
60(30)  0(0)
59(21) 1(0)
59(28) 1(0)
49(14)  11(0)
50(16)  10(0)
44(12)  16(0)
46(14)  14(0)
56(18)  4(0)
54(20)  6(0)
9(0)  51(24)
7(1)  53(31)
48(14)  12(1)

26(5)  34(5)
33(10)  27(3)
37(7)  23(4)
41(14)  19(0)
42(12)  18(0)
40(13)  20(1)
41(14) ()

(

(

19
45(19) 15
42(12) 18
38(11) 22(1)
43(11) 17(1)
45(13) 15(2)
43(11) 17(0)
42(14) 18(2)
47(14) 13(1)
47(18) 13(1)
40(15) 20(1)
36(12) 24(0)
43(21) 17(0)
44(17) 16(0)
44(12) 16(1)
47(13) 13(0)
46(18) 14(1)
49(18) 11(1)
46(11) 14(1)
45(16) 15(0)
51(12) 9(0)
51(20) 9(2)
37(6) 23(1)
37(5) 23(0)
42(15) 18(1)
46(14) 14(0)
45(14) 15(2)
43(19) 17(2)
48(19) 12(2)
50(19) 10(2)

192)  71(45)
130)  77(50)
76(33)  14(1)

71(28)  19(2)
69(33)  21(5)
69(36)  21(2)
61(28)  29(8)
66(30)  24(5)
51(27)  39(13
5227)  38(12

19¢4) 7141
18(2)  72(41
16(2)  74(46

64(28)  26(6)

56(22)  34(12

48(22)  42(14

48(22)  42(14

46(21)  44(14

63(22)  27(8)

63(22)  27(6)

60(22)  30(7)

85(41)  5(2)

84(39)  6(0)

85(43)  5(1)

85(40)  5(0)

82(39)  8(0)

81(39)  9(0)

69(30)  21(8)

68(30)  22(9)

83(38)  7(0)

83(38)  7(0)
19(4)  65(26)

)
)
45(25)  45(12)
)
)
)

)
)
)
)

2(0)  82(40)
76(32)  14(4)
53(26)  37(17)
50(26)  40(13)
51(26)  39(17)
52(30)  38(14)
58(29)  32(12)
64(28)  26(9)
61(29)  29(11)
69(29)  21(8)
57(27)  33(15)
57(30)  33(12)
56(26)  34(14)
59(30)  31(9)

59(33)  31(11
64(24)  26(7)
62(23)  28(7)
63(25)  27(5)
59(28)  31(12)
58(31)  32(10)
59(28)  31(14)
58(30)  32(13)
65(35)  25(10)
65(34)  25(12)
64(34)  26(9)
66(34)  24(9)
64(20)  26(10)
62(18)  28(9)
62(20)  28(6)
58(17)  32(9)
60(33)  30(13)
59(31)  31(12)
60(32)  30(11)

)

00)  60(36)
00)  60(40)

16(2)  44(12)
17(3)  43(9)
244)  36(9)
23(4)  37(10)
18(3)  42(13)
134)  47(8)
123)  48(17)
14(2)  46(20)
132)  47(21)

10)  59(38)
0(0)  60(37)
0(0)  60(36)
15(0)  45(18)
130)  47(21)
70)  53(22)
8(0)  52(21)
5(0)  55(21)
12(0)  48(18)
7(00)  53(18)

10(0)  50(19)
45(3)  15(3)
436)  17(2)
43(7)  17(4)
43(5)  17(3)
350)  25(4)
402)  20(3)
28(3)  32(3)
28(5)  32(2)
39(4)  21(6)
37(5)  23(6)

0(0)  56(24)
0(0)  56(30)

36(4)  24(4)
26(1)  34(12)
27(1)  33(13)
22(1)  38(13)
27(2)  33(12)
20(1)  40(17)
17(1)  43(15)
17Q2)  43(12)
13(1)  47(12)
21(0)  39(9)
22(1)  38(14)
21(2)  39(10)
19(0)  41(13)
190)  41(13)
24(1)  36(14)
26(2)  34(11)
22(2)  38(9)
16(1)  44(15)
11(0)  49(18)
16(1)  44(11)
16(0)  44(17)
193)  41(8)
17(3)  43(8)
242)  36(9)
20(5)  40(9)
2200)  38(13)
22(1)  38(14)
17Q2)  43(11)
26(5)  34(11)
13(0)  47(16)
13(0)  47(19)
18(2)  42(16)
190)  41(17)
23(3)  37(8)
16(2)  44(13)
21(4)  39(9)
20(3)  40(11)

Table B.9: RW-RMSE results by (significant) wins/losses vs. baseline scenario
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RF SVR XGBoost

Strategy (Max. Wins = 60) (Max. Wins = 90) (Max. Wins = 60)

Win Loss Win Loss Win Loss
RU | v1 2(0) 58(46) 20(8) 70(57) 2(0) 58(56)
RU | v2 0(0) 60(57) 14(6) 76(62) 0(0) 60(56)
RO | v1 40(13) 20(1) 71(46) 19(3) 13(2) 47(17)
RO | v2 38(10) 22(2) 69(43) 21(2) 15(3) 45(12)
WERCS | v1 34(17) 26(0) 70(50) 20(5) 27(7) 33(12)
WERCS | v2 45(20) 15(0) 69(54) 21(3) 22(5) 38(16)
WERCS | v3 24(19) 36(14) 58(38) 32(19) 19(2) 41(23)
WERCS | v4 35(16) 25(9) 58(40) 32(17) 14(6) 46(19)
GN | v1 20(5) 40(18) 51(36) 39(19) 12(3) 48(24)
GN | v2 22(4) 38(19) 50(37) 40(18) 11(2) 49(27)
GN|v3 24(5) 36(17) 46(35) 44(23) 12(2) 48(27)
GN | v4 0(0) 60(45) 18(6) 72(52) 0(0) 60(53)
GN | v5 0(0) 60(46) 18(4) 72(52) 0(0) 60(53)
GN | v6 0(0) 60(42) 16(4) 74(55) 0(0) 60(51)
SMOTER | v1 38(4) 22(16) 62(45) 28(11) 14(2) 46(27)
SMOTER | v2 36(6) 24(16) 57(40) 33(14) 13(0) 47(26)
SMOGN | v1 21(0) 39(22) 49(32) 41(22) 6(0) 54(28)
SMOGN | v2 22(0) 38(18) 49(32) 41(23) 9(0) 51(27)
SMOGN | v3 28(0) 32(18) 49(32) 41(22) 5(0) 55(29)
SMOGN | v4 30(5) 30(12) 63(35) 27(9) 11(0) 49(27)
SMOGN | v5 30(3) 30(9) 64(34) 26(10) 6(0) 54(27)
SMOGN | v6 31(6) 29(8) 62(34) 28(10) 11(0) 49(27)
WSMOTER | v1 60(29) 0(0) 85(64) 5(2) 44(3) 16(5)
WSMOTER | v2 60(36) 0(0) 85(62) 5(0) 40(7) 20(5)
WSMOTER | v3 60(28) 0(0) 86(65) 4(2) 44(8) 16(5)
WSMOTER | v4 59(33) 1(0) 86(65) 4(0) 41(5) 19(3)
G-SMOTER | v1 48(14) 12(0) 84(57) 6(0) 35(2) 25(6)
G-SMOTER | v2 49(18) 11(0) 84(57) 6(0) 39(2) 21(5)
G-SMOTER | v3 45(14) 15(3) 68(50) 22(13) 26(3) 34(5)
G-SMOTER | v4 45(15) 15(2) 68(49) 22(13) 30(1) 30(4)
G-SMOTER | v5 53(21) 7(0) 84(54) 6(0) 38(8) 22(10)
G-SMOTER | v6 54(22) 6(0) 85(55) 5(0) 38(6) 22(8)
DAVID | v1 12(1) 48(38) 22(10) 62(39) 0(0) 56(35)
DAVID | v2 8(2) 52(45) 4(0) 80(58) 0(0) 56(46)
KNNOR-REG | None 47(18) 13(0) 75(51) 15(6) 37(3) 23(7)
CARTGen-IR | v1 26(6) 34(8) 55(37) 35(26) 24(1) 36(20)
CARTGen-IR | v2 30(12) 30(8) 52(38) 38(23) 26(1) 34(21)
CARTGen-IR | v3 38(7) 22(7) 53(37) 37(26) 24(1) 36(20)
CARTGen-IR | v4 44(12) 16(4) 52(41) 38(26) 27(1) 33(21)
CARTGen-IR | v5 41(14) 19(2) 63(42) 27(17) 19(1) 41(27)
CARTGen-IR | v6 42(14) 18(4) 65(45) 25(18) 21(0) 39(22)
CARTGen-IR | v7 42(12) 18(2) 61(42) 29(15) 18(2) 42(19)
CARTGen-IR | v8 44(19) 16(1) 68(44) 22(12) 15(0) 45(21)
CARTGen-IR | v9 39(19) 21(1) 58(45) 32(21) 23(1) 37(15)
CARTGen-IR | v10 37(17) 23(3) 58(48) 32(19) 20(1) 40(20)
CARTGen-IR | v11 43(16) 17(4) 57(44) 33(18) 27(1) 33(17)
CARTGen-IR | v12 45(13) 15(2) 61(48) 29(18) 18(0) 42(18)
CARTGen-IR | v13 44(12) 16(0) 61(46) 29(18) 24(0) 36(21)
CARTGen-IR | v14 40(17) 20(1) 61(44) 29(18) 26(2) 34(21)
CARTGen-IR | v15 44(14) 16(2) 62(45) 28(18) 25(2) 35(19)
CARTGen-IR | v16 48(20) 12(2) 63(47) 27(17) 20(2) 40(19)
CARTGen-IR | v17 42(17) 18(3) 63(39) 27(11) 19(0) 41(21)
CARTGen-IR | v18 38(14) 22(2) 62(41) 28(11) 13(0) 47(24)
CARTGen-IR | v19 43(24) 17(0) 63(38) 27(14) 19(1) 41(19)
CARTGen-IR | v20 47(21) 13(3) 64(38) 26(10) 19(0) 41(26)
CARTGen-IR | v21 40(17) 20(0) 59(47) 31(20) 22(2) 38(16)
CARTGen-IR | v22 46(18) 14(1) 60(51) 30(18) 19(4) 41(14)
CARTGen-IR | v23 43(22) 17(2) 59(45) 31(17) 28(3) 32(15)
CARTGen-IR | v24 48(20) 12(1) 59(50) 31(16) 23(7) 37(16)
CARTGen-IR | v25 46(15) 14(2) 68(51) 22(15) 21(0) 39(19)
CARTGen-IR | v26 45(18) 15(1) 68(50) 22(16) 21(3) 39(22)
CARTGen-IR | v27 51(16) 9(0) 68(49) 22(17) 20(2) 40(19)
CARTGen-IR | v28 50(21) 10(1) 66(50) 24(16) 24(5) 36(18)
CARTGen-IR | v29 39(8) 21(5) 66(33) 24(16) 13(0) 47(23)
CARTGen-IR | v30 39(8) 21(1) 61(30) 29(14) 16(0) 44(27)
CARTGen-IR | v31 43(17) 17(3) 65(32) 25(10) 18(2) 42(22)
CARTGen-IR | v32 48(14) 12(3) 61(31) 29(17) 19(2) 41(25)
CARTGen-IR | v33 46(17) 14(3) 59(51) 31(21) 23(3) 37(14)
CARTGen-IR | v34 43(20) 17(1) 59(49) 31(18) 16(3) 44(20)
CARTGen-IR | v35 46(22) 14(5) 62(51) 28(16) 21(5) 39(15)
CARTGen-IR | v36 50(17) 10(3) 63(52) 27(16) 22(4) 38(15)

Table B.10: SERA results by (significant) wins/losses vs. baseline scenario
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RF SVR XGBoost

Strategy (Max. Wins = 60) (Max. Wins = 90) (Max. Wins = 60)

Win Loss Win Loss Win Loss
RU | v1 0(0) 60(32) 16(2) 74(43) 0(0) 60(38)
RU | v2 0(0) 60(36) 8(0) 82(49) 0(0) 60(40)
RO | v1 39(13) 21(0) 65(36) 25(3) 18(1) 42(13)
RO | v2 35(12) 25(1) 62(29) 28(6) 22(1) 38(14)
WERCS | v1 31(12) 29(8) 60(37) 30(8) 20(4) 40(25)
WERCS | v2 34(15) 26(8) 61(42) 29(5) 12(2) 48(19)
WERCS | v3 28(8) 32(16) 55(28) 35(12) 6(0) 54(28)
WERCS | v4 32(9) 28(13) 54(28) 36(7) 8(0) 52(26)
GN | v1 18(6) 42(21) 50(20) 40(15) 8(3) 52(22)
GN | v2 15(7) 45(18) 48(21) 42(20) 12(2) 48(22)
GN|v3 19(5) 41(20) 45(21) 45(18) 11(2) 49(21)
GN | v4 4(0) 56(32) 10(6) 80(44) 0(0) 60(40)
GN | v5 4(0) 56(33) 8(6) 82(47) 0(0) 60(39)
GN | v6 4(0) 56(35) 8(5) 82(50) 0(0) 60(39)
SMOTER | v1 28(7) 32(8) 55(34) 35(10) 8(0) 52(22)
SMOTER | v2 24(9) 36(12) 47(28) 43(16) 7(0) 53(23)
SMOGN | v1 11(0) 49(16) 44(23) 46(18) 5(0) 55(26)
SMOGN | v2 9(0) 51(14) 44(22) 46(19) 6(0) 54(26)
SMOGN | v3 11(0) 49(14) 44(20) 46(20) 4(0) 56(25)
SMOGN | v4 22(11) 38(9) 48(28) 42(13) 8(0) 52(20)
SMOGN | v5 22(9) 38(5) 48(27) 42(13) 5(0) 55(19)
SMOGN | v6 22(8) 38(5) 48(28) 42(13) 8(0) 52(23)
WSMOTER | v1 59(25) 1(0) 83(45) 7(2) 41(4) 19(5)
WSMOTER | v2 59(30) 1(0) 81(45) 9(1) 43(11) 17(5)
WSMOTER | v3 59(24) 1(0) 80(46) 10(2) 40(8) 20(4)
WSMOTER | v4 57(31) 3(0) 80(44) 10(0) 42(6) 18(4)
G-SMOTER | v1 49(12) 11(0) 80(46) 10(0) 41(1) 19(4)
G-SMOTER | v2 45(16) 15(0) 80(46) 10(0) 43(1) 17(4)
G-SMOTER | v3 45(13) 15(0) 69(36) 21(10) 28(5) 32(7)
G-SMOTER | v4 46(12) 14(1) 69(36) 21(8) 32(2) 28(7)
G-SMOTER | v5 48(20) 12(0) 85(45) 5(0) 41(1) 19(7)
G-SMOTER | v6 52(18) 8(0) 85(45) 5(0) 37(4) 23(5)
DAVID | v1 11(0) 49(29) 16(4) 68(30) 0(0) 56(22)
DAVID | v2 4(0) 56(35) 5(2) 79(42) 0(0) 56(32)

KNNOR-REG | None
CARTGen-IR | v1
CARTGen-IR | v2
CARTGen-IR | v3
CARTGen-IR | v4
CARTGen-IR | v5
CARTGen-IR | v6
CARTGen-IR | v7
CARTGen-IR | v8
CARTGen-IR | v9
CARTGen-IR | v10
CARTGen-IR | v11
CARTGen-IR | v12
CARTGen-IR | v13
CARTGen-IR | v14
CARTGen-IR | v15
CARTGen-IR | v16
CARTGen-IR | v17
CARTGen-IR | v18
CARTGen-IR | v19
CARTGen-IR | v20
CARTGen-IR | v21
CARTGen-IR | v22
CARTGen-IR | v23
CARTGen-IR | v24
CARTGen-IR | v25
CARTGen-IR | v26
CARTGen-IR | v27
CARTGen-IR | v28
CARTGen-IR | v29
CARTGen-IR | v30
CARTGen-IR | v31
CARTGen-IR | v32
CARTGen-IR | v33
CARTGen-IR | v34
CARTGen-IR | v35
CARTGen-IR | v36

38(10)  22(0)
47(13)  13(0)
43(14)  17(0)
44(14)  16(1)
43(15)  17(1)
45(19)  15(1)
39(10) 212
37(10)  23(0)
45(12)  15(0)
47(14)  13(0)
47(15)  13(0)
44(15)  16(0)
48(19)  12(0)
5021)  10(0)
36(12)  24(0)
33(12)  27(0)
42(20)  18(1)
40(17)  20(1)
40(14)  20(0)
42(16)  18(0)
47(19)  13(0)
48(17)  12(0)
44(15)  16(1)
41(17)  19(0)
53(19)  7(0)
47(22)  13(0)
37(10)  23(0)
38(6)  22(0)
42(13)  18(0)
43(12)  17(0)
40(13)  20(0)
45(18)  15(1)
(
(

73(40)  17(3)
57(31)  33(18)
56(35)  34(17)
55(31)  35(17)
56(36)  34(17)
54(30)  36(13)
57(34)  33(11)
55(30)  35(13)
58(34)  32(9)
53(29)  37(14)
50(30)  40(10)
52(28)  38(12)
50(31)  40(11)
60(37)  30(12)
59(35)  31(13)
59(37)  31(14)
59(38)  31(11)
53(30)  37(12)
49(30)  41(14)
52(29)  38(13)
52(29)  38(13)
52(32)  38(11)
52(37)  38(12)
56(31)  34(14)
55(34)  35(11)
63(38)  27(11)
63(39)  27(9)
66(38)  24(10)
63(38)  27(9)
54(24)  36(13)
50(24)  40(12)
55(24)  35(11)
50(23)  40(12)
56(35)  34(12)
54(35)  36(10)
53(37)  37(10)
54(36)  36(8)

3214)  28(5)
23(1)  37(14)
21(2)  39(16)
21(1) 39
21(4) 39
150)  45(19)
15(1)  45(19)
13(2)  47(16)
12(1)  48(13)
20(1)  40(11)
17(1)  43(14)
192)  41(11)
18(1)  42(12)
20(2)  40(17)
23(3)  37(14)
23(2)  37(18)
20(2)  40(11)
16(0)  44(20)
100)  50(
14(1)  46(11)
16(0)  44(19)
17(4)  43(13)
14(5)  46(12)
22(3)  38(11)
18(7)  42(12)
20(1)  40(16)
20(4)  40(15)
16(3)  44(12)
25(4)  35(13)
1200)  48(20)
1200)  48(24)
190)  41(17)
1700)  43(19)
17(6)  43(11)
16(3)  44(12)
156)  45(9)
18(5)  42(14)

Table B.11: DW-RMSE results by (significant) wins/losses vs. baseline scenario
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RF SVR XGBoost

Strategy (Max. Wins = 60) (Max. Wins = 90) (Max. Wins = 60)

Win Loss Win Loss Win Loss
RU | v1 0(0) 60(60) 12(4) 78(74) 0(0) 60(60)
RU | v2 0(0) 60(60) 2(0) 88(86) 0(0) 60(60)
RO | v1 29(7) 31(4) 58(39) 32(17) 19(0) 41(18)
RO | v2 25(7) 35(6) 50(27) 40(23) 18(1) 42(20)
WERCS | v1 22(5) 38(27) 48(36) 42(24) 6(1) 54(38)
WERCS | v2 20(8) 40(21) 50(34) 40(26) 6(0) 54(41)
WERCS | v3 0(0) 60(37) 38(19) 52(39) 2(0) 58(52)
WERCS | v4 3(0) 57(28) 34(24) 56(36) 2(0) 58(52)
GN | v1 5(0) 55(40) 29(17) 61(43) 2(0) 58(40)
GN | v2 7(0) 53(41) 27(16) 63(45) 2(0) 58(40)
GN|v3 3(0) 57(38) 25(14) 65(47) 2(0) 58(40)
GN | v4 0(0) 60(56) 6(2) 84(80) 0(0) 60(60)
GN | v5 0(0) 60(56) 6(2) 84(81) 0(0) 60(60)
GN | v6 0(0) 60(56) 4(2) 86(82) 0(0) 60(60)
SMOTER | v1 25(6) 35(24) 52(35) 38(24) 2(0) 58(32)
SMOTER | v2 22(6) 38(27) 42(25) 48(31) 4(0) 56(35)
SMOGN | v1 1(0) 59(31) 32(14) 58(48) 1(0) 59(42)
SMOGN | v2 3(0) 57(33) 32(14) 58(48) 2(0) 58(42)
SMOGN | v3 2(0) 58(35) 32(16) 58(48) 1(0) 59(45)
SMOGN | v4 20(8) 40(23) 37(24) 53(32) 7(1) 53(29)
SMOGN | v5 20(6) 40(22) 37(24) 53(32) 6(0) 54(31)
SMOGN | v6 20(7) 40(22) 39(24) 51(31) 5(1) 55(36)
WSMOTER | v1 51(27) 9(0) 82(65) 8(0) 33(6) 27(6)
WSMOTER | v2 50(38) 10(0) 79(67) 11(1) 41(10) 19(6)
WSMOTER | v3 47(31) 13(0) 78(66) 12(2) 39(6) 21(5)
WSMOTER | v4 50(37) 10(0) 82(62) 8(0) 40(9) 20(5)
G-SMOTER | v1 42(14) 18(1) 81(61) 9(1) 36(1) 24(4)
G-SMOTER | v2 42(17) 18(0) 82(60) 8(1) 36(2) 24(4)
G-SMOTER | v3 39(13) 21(3) 70(52) 20(14) 25(8) 35(7)
G-SMOTER | v4 40(14) 20(2) 70(52) 20(14) 29(2) 31(7)
G-SMOTER | v5 44(16) 16(1) 86(57) 4(1) 36(6) 24(6)
G-SMOTER | v6 47(20) 13(0) 85(58) 5(1) 37(7) 23(6)
DAVID | v1 3(0) 57(45) 10(4) 74(58) 0(0) 56(44)
DAVID | v2 4(0) 56(55) 2(2) 82(72) 0(0) 56(50)
KNNOR-REG | None 43(11) 17(1) 64(54) 26(4) 25(3) 35(6)
CARTGen-IR | v1 23(9) 37(13) 54(40) 36(30) 22(4) 38(24)
CARTGen-IR | v2 26(8) 34(13) 54(43) 36(29) 19(3) 41(25)
CARTGen-IR | v3 30(8) 30(11) 52(41) 38(32) 20(4) 40(25)
CARTGen-IR | v4 36(15) 24(8) 54(41) 36(32) 18(4) 42(23)
CARTGen-IR | v5 31(8) 29(9) 51(39) 39(31) 11(2) 49(31)
CARTGen-IR | v6 29(8) 31(9) 51(39) 39(29) 11(2) 49(32)
CARTGen-IR | v7 33(11) 27(9) 50(39) 40(29) 11(2) 49(25)
CARTGen-IR | v8 34(15) 26(10) 49(39) 41(25) 13(2) 47(23)
CARTGen-IR | v9 28(10) 32(8) 47(38) 43(29) 17(3) 43(19)
CARTGen-IR | v10 27(9) 33(9) 47(34) 43(28) 14(2) 46(21)
CARTGen-IR | v11 31(15) 29(6) 44(38) 46(28) 19(1) 41(18)
CARTGen-IR | v12 33(15) 27(6) 48(36) 42(30) 17(3) 43(18)
CARTGen-IR | v13 33(13) 27(8) 55(46) 35(24) 16(2) 44(27)
CARTGen-IR | v14 33(15) 27(9) 55(44) 35(26) 16(3) 44(25)
CARTGen-IR | v15 40(16) 20(7) 56(49) 34(26) 20(6) 40(26)
CARTGen-IR | v16 38(15) 22(6) 55(47) 35(24) 19(3) 41(21)
CARTGen-IR | v17 25(6) 35(10) 47(38) 43(25) 14(1) 46(30)
CARTGen-IR | v18 21(7) 39(14) 44(39) 46(29) 12(1) 48(34)
CARTGen-IR | v19 30(14) 30(7) 48(39) 42(28) 17(1) 43(21)
CARTGen-IR | v20 29(14) 31(12) 45(37) 45(23) 16(1) 44(30)
CARTGen-IR | v21 29(10) 31(6) 50(40) 40(30) 17(0) 43(19)
CARTGen-IR | v22 31(11) 29(11) 51(40) 39(32) 13(3) 47(18)
CARTGen-IR | v23 33(17) 27(7) 48(41) 42(29) 19(2) 41(15)
CARTGen-IR | v24 36(17) 24(9) 51(38) 39(28) 17(4) 43(17)
CARTGen-IR | v25 29(10) 31(6) 60(49) 30(20) 14(2) 46(26)
CARTGen-IR | v26 29(9) 31(9) 58(46) 32(21) 15(2) 45(26)
CARTGen-IR | v27 38(13) 22(8) 58(50) 32(19) 15(5) 45(22)
CARTGen-IR | v28 37(18) 23(6) 61(49) 29(20) 17(3) 43(24)
CARTGen-IR | v29 27(7) 33(10) 49(34) 41(28) 11(1) 49(33)
CARTGen-IR | v30 22(5) 38(9) 47(32) 43(30) 7(1) 53(33)
CARTGen-IR | v31 29(13) 31(9) 44(33) 46(28) 18(1) 42(26)
CARTGen-IR | v32 27(12) 33(6) 48(28) 42(29) 17(1) 43(28)
CARTGen-IR | v33 30(12) 30(10) 51(41) 39(30) 13(1) 47(18)
CARTGen-IR | v34 31(6) 29(8) 50(35) 40(30) 12(2) 48(21)
CARTGen-IR | v35 32(18) 28(8) 50(41) 40(30) 17(3) 43(14)
CARTGen-IR | v36 37(16) 23(9) 54(35) 36(28) 19(4) 41(18)

Table B.12: DW-SERA results by (significant) wins/losses vs. baseline scenario
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B.4. Friedman/Post-Hoc Nemenyi Test Results and Critical Differ-
ence Diagrams

Table B.13: Friedman test statistics per metric and learner, with statistically significant
p-values (p < 0.05) highlighted

Metric Learner Friedman Statistic p-value Significance
RF 123.1373 4.2e-21 True
RMSE SVR 106.6007 8.7e-18 True
XGBoost 135.0944 1.6e-23 True
RF 86.3691 8.5e-14 True
RW-RMSE  SVR 75.6623 1.0e-11 True
XGBoost 104.0617 2.8e-17 True
RF 88.2847 3.6e-14 True
SERA SVR 70.9370 8.1e-11 True
XGBoost 103.3661 3.8e-17 True
RF 95.7860 1.2e-15 True
DW-RMSE SVR 84.0775 2.4e-13 True
XGBoost 106.9165 7.6e-18 True
RF 109.4205 2.4e-18 True
DW-SERA SVR 92.3933 5.7e-15 True
XGBoost 125.1599 1.7e-21 True
2 6 10 E 3 4 5 6 7 8 10 E
CARTGen-IR (2.4)
(10) DAVID WSMOTER (2.8)
MOTE (11) RU
WSMOTER (3.5) CARTGen-IR (3.9}
None {4.6) 1) WERCS None (4.4) L (8.5)SMOGN
KNNOR-REG (4.8 6.9) SMOGN KNNOR-REG (4.8)- L——«————————(7.5) WERCS
RO (5.4) RO (5.2)—m———— A
(a) RMSE - RF (b) RMSE - SVR
2 4 6 8 10 E
G-SMOTER (2.3)
{11) DAVID
WSMOTER (3.3)
KNNOR-REG (4} {9.1) WERCS
None (4.1) {7.8) SMOTER
RO (5.1)—m——+—

(c) RMSE — XGBoost

Figure B.7: Critical Difference diagrams for RMSE across learners
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2 4 6 8 10 3 4 5 6 7 8 9 10 11
CARTGen-IR (3.3) (11) DAVID
CARTGen-IR (1.9) (11) RU
RO (4.1) {11) RU
WSMOTER (3.6} {9.9) DAVID

WERCS (4.6) WSMOTER (4.4}
G-SMOTER (5}—— L 71oN WERCS (4.5) {7.4) GN

SMOGN (6.2 6.8) SMOTER G-SMOTER (5.6): 7) KNNOR-REG

RO (6.5 6.7) KNNOR-REG SMOGN (5.7, 6.3) SMOTER
(a) RW-RMSE — RF (b) RW-RMSE — SVR
2 4 6 8 10 12
CARTGen-IR (2.5) {12) RU
G-SMOTER (3.3) L—{(11) DAVID
WSMOTER (3.5)-
RO (5.4)- {7.8) SMOGN
KNNOR-REG (5.5 {7.4) GN
None (5.7)- (6.2) WERCS
(c) RW-RMSE — XGBoost
Figure B.8: Critical Difference diagrams for RW-RMSE across learners
2 4 6 8 10 12 4 5 6 7 8 9 10 11
CARTGen-IR (1.8) (12) RU CARTGen-IR (3.5 (11) DAVID
WSMOTER (3.7)}—+— L (9.9) DAVID RO (4.1)— L—(10)RU
WERCS (4.8} WSMOTER (4.4)——
G-SMOTER (5) 6.8) GN WERCS (4.6 —— L——————(76)GN
SMOGN (6.2 6.7) KNNOR-REG SMOGN (5.5) 6.9) KNNOR-REG
RO (6.4, 6.7) SMOTER G-SMOTER (5.7 6.5) SMOTER

(a) SERA — RF

(b) SERA — SVR

2 4 6 8 10 12
CARTGen-IR (2.4] (12) RU
WSMOTER (3.3}—— L—(11) DAVID
G-SMOTER (3.8}
None (5.3) (7.8) SMOGN
RO (5.5 7.2) GN
KNNOR-REG (5.7) 6) WERCS

(c) SERA — XGBoost

Figure B.9: Critical Difference diagrams for SERA across learners
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2 4 6 8 10 12 3 4 5 6 7 8 9 10 11
CARTGen-IR (1.6 {12) RU
CARTGen-IR (3.3) (11) DAVID
WSMOTER (3.2} {10) DAVID
RO (4.1) L{11) RU
G-SMOTER (5)
WSMOTER (4.1)
WERCS (5.4, 7.3) None WERCS (48— | L (73)None
KNNOR-REG (5.4 {7.3) SMOGN G-SMOTER (4.8) | E————— VR e leN]
RO (6.3) 7.2) SMOTER KNNOR-REG (6.2 6.4) SMOTER
(a) DW-RMSE — RF (b) DW-RMSE — SVR
4 6 8 10 12
WSMOTER (3! {12) RU
CARTGen-IR (3.1H L—(11) DAVID
G-SMOTER (3.8)
KNNOR-REG (4.4)}——— {7.8) GN
RO (4.6}——— L {7.7) SMOGN
None (5.7 (7.2) WERCS
(c) DW-RMSE — XGBoost
Figure B.10: Critical Difference diagrams for DW-RMSE across learners
2 4 6 8 10 12 4 6 8 10
CARTGen-IR (1.9 (12) RU WSMOTER (3.1) (11) DAVID
WSMOTER (3) L——(11) DAVID CARTGen-IR (3.7)— L—11) RU
G-SMOTER (4) G-SMOTER (4.2)
KNNOR-REG (4.7} {7.2) WERCS RO (4.3) {7.7) SMOGN
None (6.1 6.9) SMOGN WERCS (5.6 6.5) SMOTER
RO (6.1) 6.9) SMOTER KNNOR-REG (6 6) None
(a) DW-SERA - RF (b) DW-SERA — SVR
4 6 8 10 12

WSMOTER (2.9

CARTGen-IR (3)-

G-SMOTER (3.2)—

KNNOR-REG (4.2)}————

None (4.6)

RO (4.7)}——x—]

(12) RU

L——(11) DAVID

(8.4) WERCS

L (8)SMOGN

{7.5) SMOTER

(c) DW-SERA — XGBoost

Figure B.11: Critical Difference diagrams for DW-SERA across learners
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B.5. Bayesian Signed-Rank Test Results

ROPE ROPE ROPE
(0.0041) (0.0089) (0.0018)
CARTGen—IR WSMOTER CARTGen—IR WSMOTER CARTGen—-IR WSMOTER
(0.9956) (0.0003) (0.5384) (0.4527) (0.8414) (0.1568)
(a) RMSE - RF (b) RMSE — SVR (c) RMSE — XGBoost

Figure B.12: Bayesian Posterior Ternary Plot for RMSE: CARTGen-IR vs. WSMOTER

ROPE ROPE ROPE
(0.0043) (0.0086) (0.0015)
CARTGen—IR WSMOTER CARTGen—IR WSMOTER CARTGen—IR WSMOTER
(0.9954) (0.0003) (0.5306) (0.4608) (0.8391) (0.1594)
(a) RW-RMSE - RF (b) RW-RMSE - SVR (c) RW-RMSE —
XGBoost

Figure B.13: Bayesian Posterior Ternary Plot for RW-RMSE: CARTGen-IR vs.

WSMOTER
ROPE ROPE ROPE
(0.0000) (0.0000) (0.0000)
CARTGen—IR WSMOTER CARTGen—1R WSMOTER CARTGen—IR WSMOTER
(0.9990) (0.0010) (0.9724) (0.0276) (0.8825) (0.1175)
(a) SERA - RF (b) SERA - SVR (c) SERA — XGBoost

Figure B.14: Bayesian Posterior Ternary Plot for SERA: CARTGen-IR vs. WSMOTER



FCUP | 91
Synthetic Tabular Data Augmentation for Imbalanced Regression

ROPE ROPE ROPE
(0.0007) (0.0020) (0.0021)
CARTGen—IR WSMOTER CARTGen-IR WSMOTER CARTGen—IR WSMOTER
(0.9989) (0.0004) (0.9372) (0.0608) (0.6195) (0.3784)
(a) DW-RMSE - RF (b) DW-RMSE — SVR (c) DW-RMSE —
XGBoost
Figure B.15: Bayesian Posterior Ternary Plot for DW-RMSE: CARTGen-IR vs.
WSMOTER
ROPE ROPE ROPE
(0.0000) (0.0000) (0.0000)
CARTGen—IR WSMOTER CARTGen—IR WSMOTER CARTGen—IR WSMOTER
(0.9955) (0.0045) (0.7009) (0.2991) (0.7157) (0.2843)
(a) DW-SERA — RF (b) DW-SERA — SVR (c) DW-SERA —

XGBoost

Figure B.16: Bayesian Posterior Ternary Plot for DW-SERA: CARTGen-IR vs.
WSMOTER

Table B.14: Bayesian Signed-Rank Test: CARTGen-IR vs. WSMOTER

Metric Learner Bayesian Probabilities Number of
P(CARTGen-IR > WSMOTER) P(Equivalent) P(WSMOTER > CARTGen-IR) Paired Results

RF 0.9956 0.0041 0.0003 150
RMSE SVR 0.5384 0.0089 0.4527 150

XGBoost 0.8414 0.0018 0.1568 150

RF 0.9954 0.0043 0.0003 150
RW-RMSE SVR 0.5306 0.0086 0.4608 150

XGBoost 0.8391 0.0015 0.1594 150

RF 0.9990 0.0000 0.0010 150
SERA SVR 0.9724 0.0000 0.0276 150

XGBoost 0.8825 0.0000 0.1175 150

RF 0.9989 0.0007 0.0004 150
DW-RMSE SVR 0.9372 0.0020 0.0608 150

XGBoost 0.6195 0.0021 0.3784 150

RF 0.9955 0.0000 0.0045 150
DW-SERA SVR 0.7009 0.0000 0.2991 150

XGBoost 0.7157 0.0000 0.2843 150
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Figure B.17: Bayesian Posterior Distributions for RMSE: CARTGen-IR vs. WSMOTER
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Figure B.18: Bayesian Posterior Distributions for RW-RMSE: CARTGen-IR vs.

WSMOTER
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Figure B.19: Bayesian Posterior Distributions for SERA: CARTGen-IR vs. WSMOTER
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Figure B.20: Bayesian Posterior Distributions for DW-RMSE: CARTGen-IR vs.
WSMOTER
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Figure B.21: Bayesian Posterior Distributions for DW-SERA: CARTGen-IR vs.
WSMOTER
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Implementation Details

C.
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Figure C.1: Scripts Interdependencies
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Table C.1: Code Metadata

Field

Description

Repository Link
Reproducible Capsule Link
DOI

Code/Software Licence
Data Licence

Version Control System
Software Code Language

Package Requirements

Support Contact

antoniopedropi/SyntheticTabularDataAugmentation-IR
codeocean. com/capsule/7826905/tree
10.24433/C0O.7826905.v2 [94]
MIT

No Rights Reserved (CCO0)

git

Python

denseweight==0.1.2
imbalanced_learn==0.13.0
joblib==1.4.2
knnor_reg==0.0.3
matplotlib==3.10.3
numpy==2.3.0
pandas==2.3.0
python_synthpop==0.1.1
scikit_learn==1.6.1
scikit_posthocs==0.11.4
scipy==1.15.3
seaborn==0.13.2
statsmodels==0.14 .4
torch==2.7.0

tqdm==4.67 .1

xgboost==3.0.2
up201704931@up.pt



https://github.com/antoniopedropi/SyntheticTabularDataAugmentation-IR.git
https://codeocean.com/capsule/7333875/tree
https://doi.org/10.24433/CO.7826905.v2
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