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ABSTRACT

Handling imbalanced target distributions in regression tasks remains a significant
challenge in tabular data settings where the underrepresentation of relevant regions
can hinder model performance. Among data-level solutions, some proposals, such
as random sampling and SMOTE-based approaches, propose adapting classifica-
tion techniques to regression tasks. However, these methods typically rely on
crisp, artificial thresholds over the target variable, a limitation inherited from clas-
sification settings that can introduce arbitrariness, often leading to non-intuitive
and potentially misleading problem formulations. While recent generative mod-
els, such as GANs and VAEs, provide flexible sample synthesis, they come with
high computational costs and limited interpretability. In this study, we propose
adapting an existing CART-based synthetic data generation method, tailoring it
for imbalanced regression. The new method integrates relevance and density-
based mechanisms to guide sampling in sparse regions of the target space and em-
ploys a threshold-free, feature-driven generation process, making it suitable for
heterogeneous data types, complex inter-correlations, and intricate column-wise
distributions. Our experimental study focuses on the prediction of extreme target
values across benchmark datasets. The results indicate that the proposed method
is competitive with other resampling and generative strategies in terms of per-
formance, while offering faster execution and greater transparency, providing the
best trade-off between both aspects. These results highlight the method’s potential
as a transparent, scalable data-level strategy for improving regression models in
imbalanced domains.

1 INTRODUCTION

Research on imbalanced domain learning has primarily focused on classification tasks, yet similar
challenges arise in regression, where continuous target variables lead to difficulties in identifying
and predicting rare but critical outcomes (Branco et al., 2016)). Standard regression models assume
uniform importance across target values and rely on metrics like Mean Squared Error (MSE), which
favor average predictions and neglect extremes. This limitation is particularly relevant in domains
such as extreme weather forecasting (Schultz et al.,[2021)), sea surface temperature prediction (Aler-
skans et al.,|2022), oncology drug response (Lenhof et al., [2022), and financial anomaly detection.

Despite two decades of research on imbalanced learning (Ribeiro & Moniz, 2020; Branco et al.,
2016; |[Fernandez et al., 2018} [Lopez et al.| [2013}; [Krawczyk, 2016; He & Mal [2013), most efforts
remain centered on classification, with imbalanced regression receiving limited attention. In this
field, data-level approaches are widely used to mitigate imbalance by modifying data distributions
during preprocessing, ensuring compatibility with standard algorithms (Branco et al.|[2016).

In this paper, we propose an adaptation of a CART-based data augmentation method (Panagiotou
et al.l 2024) tailored for imbalanced regression tasks. Unlike existing techniques (Branco et al.,
2017} [Torgo et al., 2015} Branco et al., [2019), our approach eliminates the need for user-defined
thresholds within the target domain.

The remainder of this paper is organized as follows: Section 2]reviews relevant literature, Section 3|
describes our proposed method, Section [4] presents experimental results, and Section [5] concludes
the paper.
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2 PRELIMINARIES AND RELATED WORK

2.1 IMBALANCED REGRESSION

Supervised learning aims to approximate an unknown function Y = f(Xj,...,X,) using a model
h trained on data D = {(x;,y;)}?_;, with tasks framed as classification or regression depending
on whether Y is discrete or continuous, and optimized through criteria such as error rate or squared
error (Branco et al.| [2016; [Ribeiro & Moniz, 2020). In domains like environmental sciences, fi-
nance, and healthcare, predicting extreme values is critical but hindered by their underrepresentation,
which biases models toward average predictions and neglects rare cases—an imbalanced regression
scenario (Branco et al., 2016} |Ribeirol 2011). Addressing this requires (i) identifying critical tar-
get ranges, (ii) evaluating performance in these regions, and (iii) biasing learning towards rare in-
stances (Ribeiro & Moniz, [2020). Existing studies address these issues from various angles (Ribeiro
& Moniz, [2020; Branco et al., 2017} [Torgo et al., 2015} Branco et al.,|2019; |(Camacho et al., 2022}
Torgo et al.,[2013; |Camacho & Bacao) |2024; |Belhaouari et al., 2024 [Tian et al.,|2023}; [Liu & Tian,
2024). This work focuses on strategies for (i), applies suitable metrics for (ii), and proposes a novel
data-level approach for (iii).

2.2 DEFINITION OF RELEVANT AND RARE CASES

A central challenge in imbalanced regression is defining non-uniform preferences over continu-
ous domains. While full domain knowledge would ideally guide this process, it is rarely avail-
able, particularly for infinite target domains. Two main approaches address this issue. The
first, proposed by [Ribeiro| (2011)); Ribeiro & Moniz (2020), approximates a relevance function
¢() € [0,1] via interpolation of domain-based control points; when knowledge is lacking, it em-
ploys a non-parametric, data-driven procedure that assumes extreme values are most important and
derives control points from adjusted boxplot statistics (Hubert & Vandervieren, [2008). The sec-
ond, DenseWeight (Steininger et al., 2021), assigns weights inversely proportional to the estimated
density of target values using Kernel Density Estimation (KDE), emphasizing underrepresented out-
comes by prioritizing low-density regions; all weights are positive and normalized to ensure stable
gradient descent. Unlike the relevance-based approach, DenseWeight uses probabilistic estimation,
which may not match user preferences when density imbalance does not reflect their priorities.

2.3 ERROR METRICS

Evaluating predictive performance in imbalanced regression is a methodological challenge, as stan-
dard metrics such as MSE are ill-suited for these settings, focusing solely on the magnitude of errors
and ignoring their distributional relevance or location in the target space (Ribeiro & Moniz, [2020).
To overcome these limitations, relevance-aware metrics have been proposed. Relevance-Weighted
Root Mean Squared Error (RW-RMSE) (Branco & Tulon| 2025) (Eq. [I) extends RMSE by incor-
porating a relevance function ¢(), thus capturing both the magnitude and contextual importance of
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Similarly, Squared Error—Relevance Area (SERA) (Ribeiro & Moniz, 2020) (Eq.[2) prioritizes errors
associated with highly relevant instances across the entire target domain without relying on arbitrary
thresholds, leveraging instead the continuous relevance function ¢():
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2.4 DATA-LEVEL STRATEGIES

Data-level strategies address imbalanced regression by modifying data distributions to better repre-
sent relevant instances, using sampling and data augmentation techniques (Silva, [2022)).

Examples include Random Undersampling (RU), Random Oversampling (RO), and WEighted
Relevance Combination Strategy (WERCS) (Branco et al., [2019)), which employ relevance func-
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tions for guided sampling, with the latter notably avoiding predefined thresholds. Gaussian Noise
(GN) (Branco et al., 2019) augments data by perturbing relevant cases while undersampling com-
mon ones. Additionally, SMOTER (Torgo et al., 2013) adapts SMOTE for regression by interpo-
lating synthetic samples based on relevance, while SMOGN (Branco et al.| 2017)) combines under-
sampling with SMOTER and GN to balance synthetic data fidelity and variability. Furthermore,
G-SMOTER (Camacho et al., |2022) extends G-SMOTE using geometric transformations to diver-
sify generated samples.

However, many of these methods stem from classification settings, often relying on arbitrary thresh-
olds to partition continuous target spaces, which is ill-suited for regression tasks. WSMOTER (Ca-
macho & Bacao, |2024) mitigates this by integrating DenseWeight with SMOTE, using probabilistic
weighting to focus on sparse regions. KNNOR-REG (Belhaouari et al., |2024) enhances SMOTE
with k-NN filtering to identify representative minority points, addressing intra-class imbalance and
noise.

Generative models like GANs and VAEs have also been explored for synthetic data generation.
DIRVAE (Tian et al.| 2023)) uses a dual-model GAN framework to improve generative performance
on sparse regression data. IRGAN (Liu & Tian, [2024) integrates generation, correction, discrim-
ination, and regression modules for synthetic sample creation. DAVID (Stocksieker et al., [2024)
combines regression training with 5-VAE and VAE architectures. Despite their flexibility, these
generative models are computationally intensive and offer limited interpretability.

3  OUR PROPOSAL

3.1 CART-BASED SYNTHETIC DATA GENERATION

The Classification and Regression Trees (CART) algorithm (Breiman et al., [1984) is a non-
parametric method that recursively partitions the predictor space using binary splits, aiming to cre-
ate regions increasingly homogeneous with respect to the target variable. Split selection is based on
minimizing gini impurity (classification) or the sum of squared errors (regression).

Reiter| (2005)) proposed CART for synthetic data generation to safeguard sensitive microdata, high-
lighting its advantages over parametric models in handling unknown distributions, complex inter-
actions, and missing values without explicit imputation. CART’s recursive partitioning also aids
variable selection in high-dimensional datasets.

Building on these principles, |[Panagiotou et al.| (2024) conducted a comparative study on synthetic
tabular data generation methods focused on class imbalance and fairness. Their approach generated
synthetic data sequentially, column-wise, by sampling within CART tree leaves, as depicted in Fig-
ure[I] This method effectively mitigated class imbalance, outperforming traditional techniques like
SMOTE and GANS.

Similarly, |Akiya et al.| (2024) applied CART to generate synthetic patient data (SPD) for sur-
vival analysis in oncology clinical trials. CART outperformed methods like Random Forests (RF),
Bayesian Networks (BN), and Conditional Tabular GANs (CTGAN), especially in low-data sce-
narios. They suggest future improvements through enhanced feature engineering and hybrid ap-
proaches.

Overall, CART-based data generation effectively captures complex dependencies in the original data
avoiding the distortions often introduced by SMOTE and GANs.

3.2 ADAPTATION FOR IMBALANCED REGRESSION

We propose CARTGen-IR, a method that employs CART to generate synthetic tabular data to tackle
imbalanced regression problems. We aim to leverage the good performance that CART sample gen-
eration has shown in imbalanced classification problems and apply it to imbalanced regression. Fur-
thermore, 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 bins or partitions, thereby preventing domain
discretization, which is necessary in other previously proposed algorithms, such as SMOTER (Torgo
et al.,[2013) or SMOGN (Branco et al., 2017).
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Figure 1: CART consecutive column-wise data generation

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 domain. 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|Panagiotou et al.[(2024)). 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 (Branco et al 2019) and G-SMOTER (Camacho et al.l 2022) to prioritize relevant
instances. However, CARTGen-IR stands out by resampling the original dataset and excluding
cases with frequent target values from data augmentation. This approach minimizes the inclusion of
frequent cases in the final training dataset, resulting in more focused augmentation.

The main steps of CARTGen-IR (cf. Algorithm ] are:

1. Assign a rarity score to each instance in the original dataset. Our method employs three
weighting techniques defined by the density hyperparameter: a Kernel Density Estimation
(KDE) method customized for this algorithm, the DenseWeight method (Steininger et al.,
2021), and the relevance function (Ribeiro & Moniz, 2020). 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 normalized, 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 a hyperparameter
n (range [0,1]) to set the proportion of cases generated. For example, n = 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 (Chawla
et al., |2002; He et al., 2008), we target five synthetic samples per selected instance to
balance diversity and computational efficiency. 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 replace-
ment can create duplicated instances, potentially causing overfitting. To mitigate this, a
small amount of noise can be added to the duplicates using the hyperparameter §.

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.

4 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
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Algorithm 1: CARTGen-IR Algorithm

function CARTGen-1IR (X set of predictors, Y': target variable, o rarity exponent,
density € {"kde”,” denseweight”,” relevance” }, n: balance proportion, . noise) :
ws < ComputeRarityWeights(Y, a, density)
N <+ |7 Y]] (Xnew; Ynew) < sample((X,Y), N/5, ws, repl =True)
if 5 > 0 then
| Xpew ¢ AddGaussianNoise(Xpew,0)
end
model <— CART(Xjew, Ynew)
(Xsynths Ysynth) <— CARTGen(model,N)
return (X, Y) U (X, Yyin)
function ComputeRarityWeights (Y, «, density):
if density = " kde” then
‘ ws < (1/(exp(KDE(Y, Gaussian) + le™®)
else if density = ”denseweight” then
|  ws < DenseWeight(Y")
else if density = "relevance” then
| ws <« ¢(Y)
ws +— ws®
return ws/ Y ws
function AddGaussianNoise (X,d):
idx < FindDuplicates(X)
attrs <— GetNumericAttrs(X)
e ~ N (0, 82) of shape |idz| x |attrs| X[idz, attrs] < X[idz, attrs] + €
return X

regression tasks. 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?; and, finally (RQ3) What tradeoff do these methods offer regarding predictive performance
and execution time?

This section provides detailed information about the study, including experimental results and their
discussion.

4.1 EXPERIMENTAL SETUP

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
Branco et al.|(2017); Torgo et al.| (2015)); Branco et al.|(2019);|Camacho & Bacao|(2024)) and can be
found in the supplementary material. Each dataset is briefly described and available for download in
ARFF and CSV formats. The repository aims to serve as a standardized benchmark for investigating
imbalanced regression issues across diverse real-world contexts.

In this study, we used 15 regression datasets from the repository. The key attributes of these datasets
are summarized in Table[I] 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 func-
tion for each dataset using the automated approach outlined in Ribeiro & Moniz (2020). The chosen
datasets present a broad range of characteristics such as numeric and nominal features, instances,
types of extremes, and rare occurrences, carefully chosen, being representative of the entire pool of
benchmark datasets in terms of these characteristics.

We evaluated 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. A complete overview of the 72 resampling
configurations is presented in Table [2] It is important to note that a direct comparison with the
DIRVAE approach proposed by [Tian et al.|(2023) as well as the IRGAN approach proposed by |[Liu
& Tian|(2024) was not possible, as both source codes are not publicly available.

All these methods are sampling algorithms or ones that enhance the training set by generating ad-
ditional synthetic instances. To evaluate their effectiveness, they must be coupled with a predictive
learning model. In this study, we employed three such models: Random Forest (RF), Support Vector
Regressor (SVR), and XGBoost (XGB). The experimental setup, shown in Table 3] comprised 14
different hyperparameter combinations for tuning these learning models. Each model was evaluated
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Table 1: Benchmark regression datasets

Nom. Num. Type of

Dataset N Feat. Feat. Extreme #Rare % Rare
strikes 625 0 6 High 15 2.40
forestFires 517 0 12 High 15 2.90
ele-1 495 0 2 High 21 4.24
cpuSm 8192 0 12 Low 371 4.53
airfoil 1503 0 5 High 80 5.32
fuelConsumption 1764 12 25 Both 167 9.47
heat 7400 3 8 Both 833 11.26
sensory 576 0 11 Both 69 11.98
mortgage 1049 0 15 Low 133 12.68
maxTorque 1802 13 19 Both 235 13.04
treasury 1049 0 15 Low 137 13.06
availablePower 1802 7 8 Both 305 16.93
housingBoston 506 0 13 Both 105 20.75
abalone 4177 1 7 Both 1033 24.73
servo 167 4 0 Both 59 35.33

Table 2: Preprocessing strategies and hyperparameters

Strategy Hyperparameters
None -
RU %u = {balance, extreme }
RO %o = {balance, extreme }
WERCS %u = {0.5,0.75}, %o = {0.5,0.75}
GN %u/%0 = {balance, extreme}, 6 = {0.05, 0.1, 0.5}
SMOTER %u/%0 = {balance, extreme }
SMOGN %ou/%0 = {balance, extreme}, § = {0.05, 0.1, 0.5}
WSMOTER ratio = { 1.5, 1.75}, B = {1,2
G-SMOTER strategy = { minority, majority, combined}, £ = {0.7}, n = {0.75}, 0 = {-0.5,0.5}, k = {5}
DAVID o={1,2}
KNNOR-REG -
CARTGen-IR a={1,15,2.0},n={0.5,0.75}, density = {kde, denseweight, relevance}, § = {0.001, 0}

across 15 regression datasets under all 72 preprocessing conditions, resulting in a total of 15.120
experiments (14 x 15 x 72).

In this study, we used both SERA and RW-RMSE as evaluation metrics to better assess model
performance under imbalanced conditions. We also included RMSE as a standard regression error
metric. Additionally, we adapted both RMSE and SERA to use DenseWeight as their weighting
mechanism - DW-RMSE and DW-SERA - ensuring a fair comparison for methods that rely on this
algorithm for weighting. All evaluation metrics were computed using a stratified repeated 2x5-fold
cross-validation procedure to ensure robust and reliable performance estimates.

4.2 ERROR PERFORMANCE RESULTS

Table [ displays the number of datasets where each combination of resampling strategy and learner
achieves the best error estimates for each metric. For RMSE, CARTGen-IR stands out as the
best-performing technique, surpassing WSMOTER,the second best rated strategy. This superior-
ity is consistently confirmed across RW-RMSE, SERA, DW-RMSE and DW-SERA metrics, where
CARTGen-IR leads with 21, 22, 21 and 18 top rankings, respectively, with no other method nearing
its dominance. Performance across preprocessing strategies is uniformly distributed among learners,
with no model significantly outperforming the others overall. However, for CARTGen-IR, ensemble
models like RF and XGBoost yield better results, while SVR consistently underperforms. Interest-
ingly, this trend is not observed with other strategies, which frequently achieve their best results with
SVR. A detailed table of the best score values is provided in Appendix[A.1.2]

Figure [2| summarizes the wins and losses, including statistically significant outcomes, of each data
augmentation technique for all metrics. This analysis complements Table[] which highlights results
per learner, by evaluating strategies independent of learner, using the original imbalanced data as
the baseline. Statistical significance was assessed through a Wilcoxon Signed Rank Test with a 95%
significance threshold. Given the large number of parameter configurations (36) for CARTGen-
IR, only its six best-performing versions are included in the figure, alongside all versions of the
competing strategies.
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Table 3: Learner hyperparameter configurations

Model Hyperparameters
Random Forest (RF) n_estimators = {100, 200}, max_features = {sqrt, log2}
Support Vector Regressor (SVR) kernel = {rbf}, C = {1, 10, 100}, epsilon = {0.1, 0.5}
XGBoost (XGB) n_estimators = {100, 200}, max_depth = {3, 6}

Table 4: Counts of best scores by preprocessing strategy / learner for each metric

. G- KNNOR CARTGen

Metric Learner None RURO WERCS GN SMOTER SMOGN WSMOTER SMOTER DAVID REG 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

RW- RF 0 0 0 4 0 1 0 2 0 0 0 8
RMSE . SVR 0 0 4 3 0 0 1 1 0 0 0 6
XGBoost 1 0 1 1 0 0 0 3 2 0 0 7

RF 0 0 0 3 0 1 1 2 0 0 0 8

SERA  SVR 0o 0 4 2 0 0 2 2 0 0 0 5
XGBoost 1 0 0 1 0 0 0 3 1 0 0 9

DW- RF 0 0 1 2 0 0 0 2 0 0 0 10
RMSE . SVR 0o 0 3 2 0 0 0 4 1 0 0 5
XGBoost 1 0 1 0 1 0 0 5 1 0 0 6

DW- RF 0 0 1 0 0 0 1 4 0 0 1 8
SERA . SVR 0o 0 3 0 1 0 0 5 2 0 0 4
XGBoost 1 0 1 0 0 1 0 4 2 0 0 6

From this analysis, WSMOTER emerges as the most consistent performer across metrics, followed
by KNNOR-REG and G-SMOTER. CARTGen-IR ranks fourth in overall consistency, with a level of
robustness not observed in other methods. For instance, WERCS performs well in its oversampling-
dominant versions but declines when undersampling becomes more prominent. Notably, although
CARTGen-IR is not the most frequent winner, it exhibits a superior significant win-to-loss ratio com-
pared to similarly performing methods, indicating that its victories are generally more meaningful.
Additionally, the most effective CARTGen-IR variants share key characteristics: the introduction of
Gaussian noise into numerical variables and higher « values (1.5 and 2), which appear beneficial.
Regarding other hyperparameters, DenseWeight and Relevance outperform alternative rarity scoring
methods, while the percentage of synthetic samples generated (1) shows minimal impact, as both
tested values yielded similar outcomes.

Additionally, we applied multiple statistical tests to compare the resampling strategies across 15
datasets. The Friedman F-test revealed significant performance differences among the strategies
for all metrics, leading to the rejection of the null hypothesis at a 95% confidence level. Conse-
quently, we performed a post-hoc Nemenyi test to identify which methods differed significantly,
using the same significance threshold. The results were visualized through Critical Difference (CD)
diagrams (Demsar, |2006), which depict average rankings and highlight non-significant differences
between strategies. These diagrams are available in Appendix [A.T.4] Although overall differences
among methods were not statistically significant, CARTGen-IR consistently ranked as the best-
performing strategy across all metrics, particularly excelling in RW-RMSE and SERA, followed by
WSMOTER and G-SMOTER. Even when CARTGen-IR was not the top-ranked method (e.g., with
SVR under RMSE or DW-SERA), its performance remained statistically comparable to the best.
SVR was the weakest learner for CARTGen-IR, while DAVID and RU consistently ranked as the
least effective strategies.

Given that CARTGen-IR and WSMOTER exhibited superior results in previous analyses, we
conducted a Bayesian Signed-Rank test to compare them. Unlike Critical Difference (CD) di-
agrams (Demsar} [2006), which depict average rank differences but lack probabilistic quantifica-
tion, the Bayesian signed-rank test estimates the posterior probabilities that one method outper-
forms another, is inferior, or performs equivalently, incorporating a Region of Practical Equivalence
(ROPE) (Benavoli et al.| |2017;2014). This allows for a more nuanced interpretation beyond bi-
nary hypothesis testing. For this study, we defined the ROPE interval as [—1%, 1%)]. The results
are fully presented in Appendix [A.1.5] and a representative portion is shown in Figure [3] with six
Bayesian ternary plots. CARTGen-IR demonstrated a clear advantage over WSMOTER with RF,
achieving a 99% posterior probability of superiority across all metrics (Figures [3a] and [3b). With
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RW-RMSE DW-RMSE

—-200 0 —-200 0 200-200 0 200 -200 0 200 -200 0
Figure 2: Comparison of (significant) wins and losses
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)
(2) 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 () SERA — XGBoost (f) DW-RMSE — XG-
Boost

Figure 3: Bayesian Posterior Ternary Plots

SVR, results were more balanced for RMSE and RW-RMSE, with CARTGen-IR favored in 53%
of cases, while WSMOTER had a 46% advantage (Figure [3c), though CARTGen-IR dominated in
SERA and DW-RMSE with over 90% probability (Figure. For XGBoost, CARTGen-IR con-
sistently outperformed WSMOTER, with posterior probabilities surpassing 70% for most metrics,
and peaking at 90% for SERA (Figure [3¢). The lowest probability for CARTGen-IR’s superiority
with XGBoost was 61% for DW-RMSE (Figure 3f). Overall, the Bayesian Signed-Rank test con-
firms CARTGen-IR’s superior performance across metrics and learners, especially with ensemble
models, while remaining competitive against WSMOTER when paired with SVR.

4.3 RUNTIME RESULTS

To conclude our experimental study, we performed a runtime comparison across all data augmen-
tation techniques. For fairness, we measured execution times exclusively for the data augmentation
procedures under identical parallelization conditions. Table [5] presents the runtime values (in sec-
onds) for each strategy. CARTGen-IR stands out as one of the fastest techniques among those gen-
erating synthetic data. Sampling-based methods such as random undersampling, random oversam-
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Table 5: Aggregated average runtime per preprocessing strategy

G- KNNOR CARTGen
RU RO WERCS GN SMOTER SMOGN WSMOTER SMOTER DAVID _REG IR
Average  0.027 0.058  0.002 1.518 5.147 5.350 0.314 0.244 24.077 0.034 0.183
Std. Dev.  0.000 0.000  0.000  0.008 0.016 0.019 0.003 0.001 0.083 0.005 0.001

pling, and WERCS exhibit the lowest runtimes, as they do not synthesize new data. Among augmen-
tation methods, only KNNOR-REG surpasses CARTGen-IR in speed, though CARTGen-IR demon-
strates lower standard deviation, indicating greater consistency. WSMOTER and G-SMOTER have
runtimes similar to CARTGen-IR, while other SMOTER-based methods are significantly slower.
DAVID is the slowest, taking about 31 times longer than CARTGen-IR.

4.4 DISCUSSION

In response to RQ1 and RQ2, CARTGen-IR has proven to be effective for imbalanced regression
tasks. It consistently achieves strong performance across all datasets and ranks the highest over-
all. When compared to the leading state-of-the-art resampling strategies, CARTGen-IR either im-
proves upon or matches these methods, particularly in balancing the focus between rare-valued and
common-valued cases.For the RW-RMSE and SERA metrics, which are specifically designed to
assess performance in imbalanced regression tasks, WSMOTER, KNORRR-REG, and CARTGen-
IR emerge as clear winners, also demonstrating solid performance for RMSE. This indicates that
CARTGen-IR generalizes well across the entire domain without compromising the overall predic-
tive performance. Furthermore, it exhibits a significantly superior win-to-loss ratio compared to
the other two methods. Concerning RQ3, when analyzing the characteristics of each preprocess-
ing strategy, we can categorize the methods into sampling and augmentation techniques. Sampling
techniques, due to their simplicity in implementation, result in the lowest execution times; how-
ever, 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.

5 CONCLUSIONS

This work focuses on imbalanced regression problems, where the objective is to predict rare val-
ues of the continuous target variable, a still-challenging problem in machine learning. It introduces
CARTGen-IR, a non-parametric method specifically designed for imbalanced regression, which is
based on a previously proposed CART-based synthetic generation method for tabular data (Reiter,
2005} [Panagiotou et al.l|2024). Unlike other state-of-the-art resampling strategies proposed for im-
balanced regression, this approach does not rely on any specific threshold set for the continuous
target variable. By leveraging a CART-based mechanism, CARTGen-IR can model complex rela-
tionships in the data while maintaining computational efficiency and interpretability. The empirical
evaluation, conducted across a diverse set of benchmark datasets and state-of-the-art methods, con-
firms the competitiveness of the proposed approach in imbalanced regression scenarios.

As additional contributions, this work includes the extension and adaptation of relevance-based
techniques, such as random under- and oversampling, SMOTER and SMOGN, to utilize adjusted
boxplot statistics for accounting for skewness; the adaptation of both RMSE and SERA metrics to
use DenseWeight as their weighting mechanism; and the public release of a curated repository com-
prising 62 benchmark datasets for imbalanced regression. The code used in this study is available in
the supplementary material and is fully reproducible.

Even though CARTGen-IR demonstrates promise for tackling imbalanced regression problems, sev-
eral directions for future work include: (i) expanding the comparative study to a broader dataset
pool, particularly those containing target domain rare intervals that are not extremes; (ii) incorporat-
ing learners with a cost-sensitive approach to imbalanced regression-specific metrics, such as SERA;
and (iii) identifying techniques to address the unsuitability of CARTGen-IR for parametric distribu-
tions, as partition boundaries may underperform in effectively capturing the true data relationships.
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A APPENDIX

A.1 EXPERIMENTAL RESULTS
A.1.1 DATA-LEVEL ALGORITHMS VARIANTS AND HYPERPARAMETERS

Table 6: Preprocessing strategy variants and respective hyperparameters

Strategy Variant  Hyperparameters Combination
RO/RU vl (%u / %0 = "balance’)
v2 (%u / %0 =’extreme’)
WERCS vl (%u = 0.5, %0 =0.5)
v2 (%u = 0.5, %0 = 0.75)
v3 (%u =0.75, %0 = 0.5)
v4 (%u =0.75, %0 = 0.75)
GN vl (%u/%o0 = "balance’, § = 0.05)
v2 (%u/%o0 = ’balance’, § =0.1)
v3 (%u/%o0 = balance’, § = 0.5)
v4 (%u/%o0 =extreme’, § = 0.05)
v5 (%u/%o0 = extreme’, § = 0.1)
v6 (%u/%o0 =extreme’, § = 0.5)
SMOTER \2! (%u/%o = balance’, k = 5)
v2 (%u/%0 =extreme’, k = 5)
SMOGN vl (%u/%o0 = "balance’, k =5, 6 = 0.05)
v2 (%u/%o0 = "balance’, k =5, 5 =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, =0.1)

v6 (%u/%o0 ="extreme’, k =5, § =0.5)

WSMOTER vl (B=1,ratio=1.5,k=35)
v2 (B =1,ratio=1.75k=5)
v3 (B=2,ratio=1.5k=5)
v4 (B =2,ratio=1.75k=5)

G-SMOTER vl (€=0.7,k=5,n=0.75, strategy = 'combined’, § =-0.5)
v2 (£=0.7, k=5,n=0.75, strategy = "combined’, 6 = 0.5)
v3 (=07, k=5,n=0.75, strategy = 'majority’, 0 =-0.5)
v4 (£=0.7, k=5,n=0.75, strategy = "majority’, 6 = 0.5)
v5 (£=0.7, k=5,1n=0.75, strategy = "minority’, 6 =-0.5)
v6 (€£=0.7, k=5,n=0.75, strategy = "minority’, 6 = 0.5)

DAVID vl (a=1)
v2 (=2)
KNNOR-REG vl -

(Continued on the next page)
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Strategy

Variant

Hyperparameters Combination

CARTGen-IR

vl
v2
v3
v4
v5
v6
v7
v8
v9
v10
vll
vi2
v13
v1l4
v15
v16
v17
v18
v19
v20
v21
v22
v23
v24
v25
v26
v27
v28
v29
v30
v31
v32
v33
v34
v35
v36

(a = 1, density = "denseweight’, § = 0.00, n = "balance’)
(a = 1, density = "denseweight’, § = 0.00, = "extreme’)
(a = 1, density = "denseweight’, § = 0.01, n = "balance’)
(a = 1, density = "denseweight’, § = 0.01, = "extreme’)
(e = 1, density = "kde_baseline’, § = 0.00, 1 = "balance’)
(a = 1, density = "kde_baseline’, § = 0.00, n = extreme’)
(a = 1, density = "kde_baseline’, § = 0.01, 1 = "balance’)
(a = 1, density = "kde_baseline’, § = 0.01, n = extreme’)
(e = 1, density = 'relevance’, § = 0.00, n = "balance’)

(e = 1, density = "relevance’, 6 = 0.00, n = "extreme’)

(a = 1, density = 'relevance’, § = 0.01, n = "balance’)

(a = 1, density = "relevance’, 6 = 0.01, n = "extreme’)

(a = 1.5, density = "denseweight’, § = 0.00, n = "balance’)
(a = 1.5, density = "denseweight’, § = 0.00, 1 = extreme’)
(a = 1.5, density = "denseweight’, § = 0.01, n = "balance’)
(a = 1.5, density = "denseweight’, § = 0.01, n = extreme’)
(a = 1.5, density = "kde_baseline’, § = 0.00, n = ’balance’)
(o = 1.5, density = "kde_baseline’, 6 = 0.00, n = "extreme’)
(a = 1.5, density = "kde_baseline’, 6 = 0.01, n = ’balance’)
(a = 1.5, density = "kde_baseline’, § = 0.01, n = "extreme’)
(a = 1.5, density = "relevance’, § = 0.00, n = "balance’)

(a = 1.5, density = ’relevance’, § = 0.00, n = "extreme’)
(e = 1.5, density = "relevance’, § = 0.01, n = "balance’)

(a = 1.5, density = ’relevance’, § = 0.01, n = extreme’)
(a = 2.0, density = "denseweight’, § = 0.00, n = "balance’)
(o =2.0, density = denseweight’, § = 0.00, 1 = "extreme’)
(a = 2.0, density = "denseweight’, § = 0.01, = "balance’)
(o =2.0, density = "denseweight’, § = 0.01, 1 = "extreme’)
(a = 2.0, density = "kde_baseline’, 6 = 0.00, n = ’balance’)
(o =2.0, density = 'kde_baseline’, § = 0.00, n = extreme’)
(v = 2.0, density = "kde_baseline’, 6 = 0.01, n = "balance’)
(o =2.0, density = 'kde_baseline’, § = 0.01, n = extreme’)
(a = 2.0, density = "relevance’, § = 0.00, n = "balance’)

(o =2.0, density = "relevance’, § = 0.00, ) = "extreme’)

(a = 2.0, density = "relevance’, § = 0.01, n = "balance’)

(o =2.0, density = "relevance’, § = 0.01, ) = "extreme’)
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.1.2  AGGREGATED RESULTS
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Table 12: 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 CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost =~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost
cpuSm G-SMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost
ele-1 KNNOR-REG + RF CARTGen-IR + XGBoost CARTGen-IR + RF CARTGen-IR + RF CARTGen-IR + SVR
forestFires CARTGen-IR + SVR WERCS + SVR CARTGen-IR + XGBoost WERCS + SVR GN + SVR
fuelConsumption ~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost =~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost
heat RO + SVR RO + SVR RO +SVR RO +SVR RO +SVR
housingBoston WSMOTER + XGBoost CARTGen-IR + RF CARTGen-IR + XGBoost WSMOTER + XGBoost WSMOTER + XGBoost
maxTorque ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost ‘WSMOTER + XGBoost
mortgage RO + SVR WERCS + SVR RO +SVR WSMOTER + SVR WSMOTER + SVR
sensory CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost =~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost ~ CARTGen-IR + XGBoost
servo RO + XGBoost RO + XGBoost CARTGen-IR + XGBoost RO + XGBoost RO + XGBoost
strikes CARTGen-IR + SVR SMOGN + SVR SMOGN + SVR WERCS + SVR CARTGen-IR + RF
treasury WSMOTER + SVR WSMOTER + SVR WSMOTER + SVR G-SMOTER + SVR G-SMOTER + SVR
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Figure 4: RMSE results by (significant) wins/losses vs. baseline scenario
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Figure 5: RW-RMSE results by (significant) wins/losses vs. baseline scenario
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Figure 6: SERA results by (significant) wins/losses vs. baseline scenario
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Table 13: 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 — vl 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 — vl 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 — vl 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 —vl 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 — vl 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 16(8) 44(24) 42(32) 48(34) 8(2) 52(37)
CARTGen-IR — v7 24(8) 36(23) 41(32) 49(37) 13(5) 47(28)
CARTGen-IR — v8 24(14) 36(21) 41(32) 49(34) 9(3) 51(28)
CARTGen-IR — v9 16(6) 44024) 34(30) 56(40) 8(2) 52(22)
CARTGen-IR — v10 11(3) 49(26) 34(24) 56(44) 8(2) 52(27)
CARTGen-IR — v11 22(8) 38(22) 31(30) 59(42) 14(2) 46(22)
CARTGen-IR — v12 24(12) 36(22) 34(22) 56(41) 11(3) 49(23)
CARTGen-IR — v13 17(4) 43(29) 44(31) 46(36) 10(3) 50(31)
CARTGen-IR — v14 20(6) 40(28) 38(26) 52(39) 10(1) 50(29)
CARTGen-IR — v15 25(9) 35(22) 45(32) 45(38) 14(5) 46(27)
CARTGen-IR — v16 28(14) 32(27) 39(29) 51(36) 12(4) 48(26)
CARTGen-IR — v17 10(6) 50(19) 40(33) 50(34) 8(2) 52(37)
CARTGen-IR — v18 9(6) 51(22) 40(32) 50(38) 9(2) 51(37)
CARTGen-IR — v19 22(13) 38(17) 40(33) 50(35) 13(2) 47(28)
CARTGen-IR — v20 20(12) 40(25) 39(32) 51(37) 12(2) 48(32)
CARTGen-IR — v21 13(5) 47(19) 34(30) 56(42) 11(2) 49(22)
CARTGen-IR — v22 15(4) 45(22) 33(25) 57(46) 5(2) 55(24)
CARTGen-IR — v23 26(9) 34(19) 34(32) 56(40) 14(1) 46(19)
CARTGen-IR — v24 27(11) 33(18) 32(25) 58(46) 12(4) 48(22)
CARTGen-IR — v25 13(4) 47(29) 44(32) 46(34) 11(1) 49(30)
CARTGen-IR — v26 13(5) 47(28) 38(28) 52(39) 9(3) 51(29)
CARTGen-IR — v27 26(8) 34(19) 42(32) 48(33) 13(5) 47(26)
CARTGen-IR — v28 24(14) 36(24) 38(27) 52(39) 10(4) 50(30)
CARTGen-IR — v29 10(6) 50(21) 41(28) 49(38) 8(1) 52(36)
CARTGen-IR — v30 11(5) 49(20) 39(22) 51(39) 4(1) 56(37)
CARTGen-IR — v31 21(12) 39(19) 39(28) 51(39) 13(2) 47(29)
CARTGen-IR — v32 21(12) 39(15) 39(22) 51(37) 13(3) 47(32)
CARTGen-IR — v33 20(5) 40(23) 35(28) 55(40) 5(2) 55(25)
CARTGen-IR — v34 21(7) 39(21) 32(24) 58(48) 5(1) 55(30)
CARTGen-IR — v35 25(9) 35(20) 34(30) 56(41) 14(3) 46(19)
CARTGen-IR — v36 26(10) 34(18) 34(25) 56(46) 11(3) 49(23)
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Table 14: RW-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 — vl 4(0) 56(34) 19(2) 71(45) 0(0) 60(36)
RU —v2 0(0) 60(40) 13(0) 77(50) 0(0) 60(40)
RO — vl 46(11) 14(1) 76(33) 14(1) 162)  44(12)
RO —v2 41(8) 19(1) 71(28) 19(2) 17(3) 43(9)
WERCS — vl 39(12) 21(0) 69(33) 21(5) 24(4) 36(9)
WERCS — v2 51(17) 9(0) 69(36) 21(2) 23(4) 37(10)
WERCS — v3 24(12) 36(11) 61(28) 29(8) 18(3) 42(13)
WERCS — v4 28(12) 32(4) 66(30) 24(5) 13(4) 47(8)
GN —vl 19(4) 41(10) 5127) 39(13) 12(3) 48(17)
GN —v2 20(4) 4009) 52(27) 38(12) 14(2) 46(20)
GN —v3 20(4) 40(9) 45(25) 45(12) 13(2) 4721
GN —v4 0(0) 60(34) 19(4) 71(41) 1(0) 59(38)
GN —v5 0(0) 60(34) 18(2) 72(41) 0(0) 60(37)
GN —v6 1(0) 59(33) 16(2) T4(46) 0(0) 60(36)
SMOTER — v1 35(4) 25(8) 64(28) 26(6) 15(0) 45(18)
SMOTER — v2 33(6) 27(8) 56(22) 34(12) 13(0) 4721
SMOGN — v1 15(0) 45(13)  48(22)  42(14) 7(0) 53(22)
SMOGN — v2 15(0) 45(10) 48(22) 42(14) 8(0) 52(21)
SMOGN — v3 21(0) 39(10) 46(21) 44(14) 5(0) 55(21)
SMOGN — v4 32(6) 28(8) 63(22) 27(8) 12(0) 48(18)
SMOGN — v5 30(3) 30(4) 63(22) 27(6) 7(0) 53(18)
SMOGN — v6 35(6) 25(4) 60(22) 30(7) 10(0) 50(19)
WSMOTER — v1 57(24) 3(0) 85(41) 5(2) 45(3) 15(3)
WSMOTER — v2 60(30) 0(0) 84(39) 6(0) 43(6) 17(2)
WSMOTER — v3 59(21) 1(0) 85(43) 5(1) 43(7) 17(4)
WSMOTER — v4 59(28) 1(0) 85(40) 5(0) 43(5) 17(3)
G-SMOTER — vl 49(14) 11(0) 82(39) 8(0) 35(0) 25(4)
G-SMOTER — v2 50(16) 10(0) 81(39) 9(0) 40(2) 20(3)
G-SMOTER — v3 44(12) 16(0) 69(30) 21(8) 28(3) 32(3)
G-SMOTER — v4 46(14) 14(0) 68(30) 22(9) 28(5) 32(2)
G-SMOTER — v5 56(18) 4(0) 83(38) 7(0) 39(4) 21(6)
G-SMOTER — v6 54(20) 6(0) 83(38) 7(0) 37(5) 23(6)
DAVID — v1 9(0) 51(24) 19(4) 65(26) 0(0) 56(24)
DAVID — v2 7(1) 53(31) 2(0) 82(40) 0(0) 56(30)
KNNOR-REG — None 48(14) 12(1) 76(32) 14(4) 36(4) 24(4)
CARTGen-IR — v1 26(5) 34(5) 53(26) 37(17) 26(1) 34(12)
CARTGen-IR — v2 33(10) 27(3) 50(26) 40(13) 27(1) 33(13)
CARTGen-IR — v3 37(7) 23(4) 51(26) 39(17) 22(1) 38(13)
CARTGen-IR — v4 41(14) 19(0) 52(30) 38(14) 27(2) 33(12)
CARTGen-IR — v5 42(12) 18(0) 58(29) 32(12) 20(1) 40(17)
CARTGen-IR — v6 40(13) 20(1) 64(28) 26(9) 17(1)  43(15)
CARTGen-IR — v7 41(14) 19(2) 61(29) 29(11) 17(2) 43(12)
CARTGen-IR — v8 45(19) 15(0) 69(29) 21(8) 13(1) 47(12)
CARTGen-IR — v9 42(12) 18(1) 57(27) 33(15) 21(0) 39(9)
CARTGen-IR — v10 38(11) 22(1) 57(30) 33(12) 22(1) 38(14)
CARTGen-IR — v11 43(11) 17(1) 56(26) 34(14) 21(2) 39(10)
CARTGen-IR — v12 45(13) 15(2) 59(30) 31(9) 19(0) 41(13)
CARTGen-IR — v13 43(11) 17(0) 61(31) 29(11) 19(0) 41(13)
CARTGen-IR — v14 42(14) 18(2) 58(31) 32(11) 24(1) 36(14)
CARTGen-IR — v15 47(14) 13(1) 61(31) 29(12) 26(2) 34(11)
CARTGen-IR — v16 47(18) 13(1) 59(33) 31(11) 22(2) 38(9)
CARTGen-IR — v17 40(15) 20(1) 64(24) 26(7) 16(1) 44(15)
CARTGen-IR — v18 36(12) 24(0) 62(26) 28(7) 11(0) 49(18)
CARTGen-IR — v19 4321 17(0) 62(23) 28(7) 16(1) 44(11)
CARTGen-IR — v20 44(17) 16(0) 63(25) 27(5) 16(0) 44(17)
CARTGen-IR — v21 44(12) 16(1) 59(28) 31(12) 19(3) 41(8)
CARTGen-IR — v22 47(13) 13(0) 58(31) 32(10) 17(3) 43(8)
CARTGen-IR — v23 46(18) 14(1) 59(28) 31(14) 24(2) 36(9)
CARTGen-IR — v24 49(18) 11(1) 58(30) 32(13) 20(5) 40(9)
CARTGen-IR — v25 46(11) 14(1) 65(35) 25(10) 22(0) 38(13)
CARTGen-IR — v26 45(16) 15(0) 65(34) 25(12) 22(1) 38(14)
CARTGen-IR — v27 51(12) 9(0) 64(34) 26(9) 17(2) 43(11)
CARTGen-IR — v28 51(20) 9(2) 66(34) 24(9) 26(5) 34(11)
CARTGen-IR — v29 37(6) 23(1) 64(20) 26(10) 13(0) 47(16)
CARTGen-IR — v30 37(5) 23(0) 62(18) 28(9) 13(0) 47(19)
CARTGen-IR — v31 42(15) 18(1) 62(20) 28(6) 18(2) 42(16)
CARTGen-IR — v32 46(14) 14(0) 58(17) 32(9) 19(0) 41(17)
CARTGen-IR — v33 45(14) 15(2) 60(33) 30(13) 23(3) 37(8)
CARTGen-IR — v34 43(19) 17(2) 59(31) 31(12) 16(2) 44(13)
CARTGen-IR — v35 48(19) 12(2) 60(32) 30(11) 21(4) 399)
CARTGen-IR — v36 50(19) 10(2) 60(33) 30(12) 20(3) 40(11)
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Table 15: SERA 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 — vl 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 — vl 40(13) 20(1) 71(46) 19(3) 132) 47317
RO —v2 38(10) 22(2) 69(43) 21(2) 15(3) 45(12)
WERCS — vl 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 —vl 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) T4(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 — vl 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) 40) 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) 4127
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) 4521)
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) 4121
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)
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Table 16: DW-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 — vl 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 —vl 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 — vl 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 —vl 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) 4921)
GN —v4 40) 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 — vl 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) 91) 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 — vl 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 48(15) 12(1) 73(40) 17(3) 32(4) 28(5)
CARTGen-IR — v1 29(9) 31(5) 57(31) 33(18) 23(1) 37(14)
CARTGen-IR — v2 37(10) 23(1) 56(35) 34(17) 21(2) 39(16)
CARTGen-IR — v3 38(10) 22(0) 55(31) 35(17) 21(1) 39(14)
CARTGen-IR — v4 47(13) 13(0) 56(36) 34(17) 21(4) 39(12)
CARTGen-IR — v5 43(14) 17(0) 54(30) 36(13) 15(0) 45(19)
CARTGen-IR — v6 44(14) 16(1) 57(34) 33(11) 15(1) 45(19)
CARTGen-IR — v7 43(15) 17(1) 55(30) 35(13) 13(2) 47(16)
CARTGen-IR — v8 45(19) 15(1) 58(34) 32(9) 12(1) 48(13)
CARTGen-IR — v9 39(10) 21(2) 53(29) 37(14) 20(1) 40(11)
CARTGen-IR — v10 37(10) 23(0) 50(30) 40(10) 17(1) 43(14)
CARTGen-IR — v11 45(12) 15(0) 52(28)  38(12) 192) 41(11)
CARTGen-IR — v12 47(14) 13(0) 50(31) 40(11) 18(1) 42(12)
CARTGen-IR — v13 47(15) 13(0) 60(37) 30(12) 20(2) 40(17)
CARTGen-IR — v14 44(15) 16(0) 59(35) 31(13) 23(3) 37(14)
CARTGen-IR — v15 48(19) 12(0) 59(37) 31(14) 23(2) 37(18)
CARTGen-IR — v16 50(21) 10(0) 59(38) 31(11) 20(2) 40(11)
CARTGen-IR — v17 36(12) 24(0) 53(30) 37(12) 16(0) 44(20)
CARTGen-IR — v18 33(12) 27(0) 49(30) 41(14) 10(0) 50(19)
CARTGen-IR — v19 42(20) 18(1) 52(29) 38(13) 14(1) 46(11)
CARTGen-IR — v20 40(17) 20(1) 52(29) 38(13) 16(0) 44(19)
CARTGen-IR — v21 40(14) 20(0) 52(32) 38(11) 17(4) 43(13)
CARTGen-IR — v22 42(16) 18(0) 52(37) 38(12) 14(5) 46(12)
CARTGen-IR — v23 47(19) 13(0) 56(31) 34(14) 22(3) 38(11)
CARTGen-IR — v24 48(17) 12(0) 55(34) 35(11) 18(7) 42(12)
CARTGen-IR — v25 44(15) 16(1) 63(38) 27(11) 20(1) 40(16)
CARTGen-IR — v26 41(17) 19(0) 63(39) 27(9) 20(4) 40(15)
CARTGen-IR — v27 53(19) 7(0) 66(38) 24(10) 16(3) 44(12)
CARTGen-IR — v28 47(22) 13(0) 63(38) 27(9) 25(4) 35(13)
CARTGen-IR — v29 37(10) 23(0) 54(24) 36(13) 12(0) 48(20)
CARTGen-IR — v30 38(6) 22(0) 50(24) 40(12) 12(0) 48(24)
CARTGen-IR — v31 42(13) 18(0) 55(24) 35(11) 19(0) 41(17)
CARTGen-IR — v32 43(12) 17(0) 50(23) 40(12) 17(0) 43(19)
CARTGen-IR — v33 40(13) 20(0) 56(35) 34(12) 17(6) 43(11)
CARTGen-IR — v34 45(18) 15(1) 54(35) 36(10) 16(3) 44(12)
CARTGen-IR — v35 47(19) 13(0) 53(37) 37(10) 15(6) 45(9)
CARTGen-IR — v36 47(19) 13(0) 54(36) 36(8) 18(5) 42(14)
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Table 17: DW-SERA 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 — vl 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 —vl 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 — vl 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 —vl 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 — vl 1(0) 5931) 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) (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) 112) 49(31)
CARTGen-IR — v6 29(8) 3109) 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) 2709) 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) 4321
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) 192) 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) (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)
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A.1.4 FRIEDMAN/POST-HOC NEMENYI TEST RESULTS AND CRITICAL DIFFERENCE
DIAGRAMS

Table 18: 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
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Figure 9: Critical Difference diagrams for RMSE across learners
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Figure 10: Critical Difference diagrams for RW-RMSE across learners
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Figure 11: Critical Difference diagrams for SERA across learners
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Figure 12: Critical Difference diagrams for DW-RMSE across learners
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Figure 13: Critical Difference diagrams for DW-SERA across learners
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A.1.5 BAYESIAN SIGNED-RANK TEST RESULTS
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Figure 14: Bayesian Posterior Ternary Plot for RMSE: CARTGen-IR vs. WSMOTER
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Figure 15: Bayesian Posterior Ternary Plot for RW-RMSE: CARTGen-IR vs. WSMOTER
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Figure 16: Bayesian Posterior Ternary Plot for SERA: CARTGen-IR vs. WSMOTER
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Figure 17: Bayesian Posterior Ternary Plot for DW-RMSE: CARTGen-IR vs. WSMOTER
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Figure 18: Bayesian Posterior Ternary Plot for DW-SERA: CARTGen-IR vs. WSMOTER

Table 19: Bayesian Signed-Rank Test: CARTGen-IR vs. WSMOTER

. Bayesian Probabilities Number of
Met L
etrie eamer  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 04527 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 09724 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 03784 150
RF 0.9955 0.0000 0.0045 150
DW-SERA  SVR 0.7009 0.0000 02991 150
XGBoost 0.7157 0.0000 0.2843 150
(a) RMSE — RF (b) RMSE — SVR (¢) RMSE — XGBoost

Figure 19: Bayesian Posterior Distributions for RMSE: CARTGen-IR vs. WSMOTER
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Figure 23: Bayesian Posterior Distributions for DW-SERA: CARTGen-IR vs. WSMOTER
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.1.6 RUNTIME RESULTS
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