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ABSTRACT

Supervised learning models in the predictive maintenance field
are regularly trained on industrial datasets which are highly im-
balanced: machine failures occur rarely but have a dispropor-
tionate effect on operations. In addition to the clear class dis-
parity, the data of failures are typically non-homogeneous, with
the different modes of failure being based on different physical
processes and having a multimodal distribution among the mi-
norities and the classes. Traditional imbalance-management
methods e.g. undersampling, SMOTE-based interpolation or
cost-sensitive learning, typically assume that the minority pop-
ulation is a homogeneous, homogenous group. This means that
their effectiveness is severely limited in multifaceted condi-
tions that are experienced in industrial practice. This paper de-
termines the possibility of a failure-type-conscious generative
augmentation program to improve the identification of infre-
quent failures in predictive maintenance systems. An experi-
mental design that is leakage-safe is used to compare five im-
balance-handling methods: cost-sensitive learning, random un-
dersampling, SMOTE oversampling, single-generator GAN
augmentation, and a specialized multi-generator GAN architec-
ture that has independent generators that are asked to learn in-
dividual failure subtypes. Precision/Recall-oriented measures
are used to quantify model performance, the main evaluation
measure is the PR-AUC. Experiments carried out on the Al41
2020 predictive maintenance dataset indicate that the suggested
multi-generator GAN framework produces more realistic sam-
ples of minorities, thus producing better PR-AUC and recall
scores in comparison to traditional resampling methods and in-
dividual-generator GAN augmentation. Though this method
comes at the cost of higher computational costs, the findings
provide strong evidence that generator specialization is a more
efficient method to cope with the heterogeneous distributions
of failure, that are inherent to the imbalanced predictive mainte-
nance cases.
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1. INTRODUCTION

In Industry 4.0 environments, PdM has emerged as a core ele-
ment of industrial analytics, in an effort to minimize unplanned
downtimes, increase of assets’ lifespan, and facilitate data-in-
formed maintenance decisions. Modern PdM systems are based
on supervised learning models that are trained on historical sen-
sor and operational data to separate normal operating condi-
tions and equipment failures [1], [36]. Although sensing and
analytics have made progress, the usefulness of these systems
is frequently limited by statistical characteristics of industrial
data instead of models’ capacity per se.
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One issue with PdM that has been persistent is severe class im-
balance, with failure events being infrequent but disproportion-
ately important in terms of operational value. This leads to
learning imbalance that favors majority group behavior and
makes evaluation difficult because conventional measures like
accuracy in general can mask poor performance on the minority
failure group [6], [12]. As a result, class-sensitive evaluation
measures, such as precision, recall, and area under the preci-
sion-recall curve (PR-AUC), are becoming more common in
PdM research papers, which more directly reflect the failure
detection performance in skewed class distributions.

Beyond imbalance severity, industrial failure data is often het-
erogeneous in nature. Failures are usually caused by different
physical mechanisms, e.g., mechanical wear, thermal stress,
electrical faults, etc. Minority class distributions are not homo-
geneous but rather multimodal. Conventional data-level imbal-
ance handling techniques such as random undersampling and
synthetic oversampling generally treat the minority class as a
single united population. Random undersampling tends to be
more failure-sensitive, but at the cost of loss of informative
samples of the majority-class, whereas any SMOTE-based ap-
proach may add noise or blur the decision boundaries due to the
use of linear interpolation in high-dimensional feature spaces
[13], [12]. These limitations are more pronounced by the pres-
ence of substantial difference between the underlying data dis-
tributions of failure modes.

Recent studies consider generative adversarial networks
(GANSs) in order to augment imbalanced data by learning more
non-linear representations of minority-class data. GAN-based
oversampling proved to be useful in PdM, where synthetic fail-
ure samples are generated, which more closely reproduce com-
plex data manifolds compared to classical interpolation-based
approaches [14], [45]. Nevertheless, much of the available
methods use a single generator to import all failure data in a
single model, implicitly assuming that distributions are coher-
ent across failure types [49]. This assumption should not be as-
sumed in a heterogeneous industrial environment where gener-
ative models might not be able to capture the characteristics of
failures.

Based on the above, this paper examines the possibility of using
failure-type-conscious generative oversampling to enhance
classification in an imbalanced PdM task. The paper assesses a
multi-generator GAN model where individual generators are
trained to capture different subtypes of failures where failure-
specific structure should be maintained during data augmenta-
tion. The proposed approach is evaluated with the cost-sensi-
tive learning, random undersampling, SMOTE oversampling,
and single generator GAN augmentation with leakage safe ex-
perimental protocol. Performance is measured using precision-
recall metrics that are suitable for rare event industrial
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classification problems. This work aims to explore the applica-
tion of structured oversampling in line with the heterogeneity
of failures in order to offer empirical evidence on how special-
ized generative augmentation can be applied to ensure robust
failure detection in machine-learning pipelines in the industrial
sector.

The rest of this paper is structured as follows: Section 2 pro-
vides an overview of recent literature on PdM under class im-
balance, focusing on data-level resampling approaches and
generative methods, and the issues in methods that assume ho-
mogenous failure distributions. Section 3 explains the method-
ological research design, data handling, test procedure, and per-
formance measures that are employed in order to make leakage-
safe and fair comparisons. Section 4 presents the experimental
results and comparative performance analysis for all the sam-
pling strategies. Finally, Section 5 concludes the paper and pro-
vides directions for future research.

2. RELATED WORK

Recent research in the area of PdM has repeatedly emphasized
that the efficiency of data-driven failure detection systems is
often limited by the statistical nature of industrial data sets ra-
ther than by the expressiveness of the model used. Detailed sur-
veys show that extreme class distribution, lack of failure data,
and complicated operating regimes are the key problems in all
fields of industrial activity, even with the development of sens-
ing, connectivity, and learning algorithms [1], [36], [35]. As a
result, a large amount of work has been done on imbalance-
aware learning strategies for PAM applications.

Algorithmic approaches like cost-sensitive learning and class-
weighted losses, are often used to address the imbalance effects
without altering the training data. While these methods are fast
and provide accurate data distribution retention, recent compar-
ative studies suggest that their effectiveness decreases when
failure samples are sparse or poorly separated in feature space,
which is a typical scenario in the industry [6], [43]. Conse-
quently, the data-level resampling techniques still have a prom-
inent role in PdM pipelines.

Random undersampling is considered a common baseline due
to its simplicity, however, several works report that the random
removal of samples from the majority classes can degrade the
performance of classifiers by removing informative operating
conditions, especially in multimodal systems [12]. Synthetic
oversampling methods, and in particular SMOTE and its deriv-
atives, have thus been widely tested and used in PdAM. Though
these techniques can be used to enhance minority-class recall,
recent large-scale experiments demonstrate that interpolation-
based oversampling can create synthetic samples in areas of
class overlap or to decision boundaries and cannot be used with
high-dimensional or heterogeneous failure conditions [13],
[12], [33], [50].

To overcome these limitations, generative models have become
more and more popular as an alternative to minority class aug-
mentation. GANSs, specifically, have been studied to generate
failure data in industrial fault detection and condition monitor-
ing tasks and a number of papers have demonstrated their in-
creased effectiveness over traditional oversampling methods
[14], [26]. In addition to PdM, wider studies of imbalanced
learning verify that GAN-based augmentation can more effec-
tively represent complex, non-linear minority distributions than
linear interpolation methods, particularly in situations where
the boundary of the classes is fragmented or very jagged [17],
[23].

Despite their promise, current GAN-based oversampling
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methods in PdM mostly utilize single-generator formulations
implicitly based on the assumption that all failure cases can be
treated as a single distribution. This assumption has been chal-
lenged in recent research showing that industrial failures often
stem from different physical mechanisms and have heterogene-
ous statistical characteristics [26], [35]. Conditional GANs
have been suggested as a partial solution to the problem by tak-
ing class labels into account during the generation phase, which
allows more controlled synthesis of minority samples [19].
Nevertheless, conditioning is not always a guarantee of failure
substructure modeling, especially when the individual failure
modes are highly imbalanced themselves.

Recent reviews bring into focus the imbalance handling meth-
ods that avoid global distributional assumptions but maintain
minority-class substructure [12], [35]. However, there is little
systematic assessment of generative oversampling methods
that explicitly consider the heterogeneity of failure in the PdAM
literature. In particular, there are few studies investigating if
generative models can be separated based on failure subtype to
improve learning for minority classes with leakage-safe exper-
imental protocols and evaluation schemes that are centered on
precision-recall performance [2], [9]. This gap serves as the
motivation for this study, where the proposed failure-type-
aware generative oversampling is a structured alternative to the
homogeneous resampling approaches in the case of imbalanced
PdM classification.

3. IMPLEMENTATION AND EXPERI-
MENTAL FRAMEWORK

This Section details the methodological and experimental
framework followed in the research. The primary focus is the
construction of a robust, leakage-safe data processing pipeline
and the subsequent application of various sampling strategies
to address class imbalance. We begin by describing the prepro-
cessing and exploratory data analysis performed on the AI41
2020 dataset, which forms the foundation for all subsequent
modeling scenarios. Each step is justified by connecting the
practical implementation choices to the established best prac-
tices for PdM and imbalanced classification discussed in Chap-
ter 2.

3.1 Data Preprocessing and Exploratory
Data Analysis Normal or Body Text

The initial phase of the project involved a thorough prepro-
cessing of the AI41-2020 dataset to prepare it for classification
[3]. This process included data auditing, feature engineering,
encoding, and scaling, all orchestrated within a pipeline de-
signed to prevent information leakage. Exploratory Data Anal-
ysis (EDA) was conducted in parallel to inform and validate
these preprocessing decisions.

Problem Setup and Notation: The task is framed as a super-
vised binary classification problem, where the objective is to
predict machine failure (y=1) versus normal operation (y=0)
using sensor and operational data from a simulated manufac-
turing process [34]. The dataset exhibits a significant class im-
balance, with a failure rate of approximately 3.4%, a common
characteristic of real-world PdM applications [33], [26]. The
initial dataset comprises 10,000 instances and 14 features. The
unique identifiers, UDI and Product ID, were immediately re-
moved as they hold no predictive value and could lead to over-
fitting if treated as features. The final feature set consists of six
numerical sensor readings and one categorical feature, ‘Type’,
which represents the quality of the machine.

Table 1. Descriptive statistics before preprocessing (AI41.
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q Process  Rotational Tool
Sta-  AirTemp Torque
tistic K] temp speed [Nm] wear Target
K] [rpm] [min]
count  10000.00 10000.0 10000.0  10000.0 10000.0  10000.0
mean 300.00 310.00 1538.77 39.98 107.95 0.033
std 2.00 1.4837 179.284 9.9689 63.6541 0.1809
min 29530 305.70 1168.00 3.8000  0.0000 0.0000
25% 298.30  308.80 1423.00 33.200  53.000 0.0000
50% 300.10  310.10 1530.00  40.1000  108.00 0.0000
75% 301.50 311.10 1612.00 46.800 162.000 0.0000
max 304.50 313.80 2886.00  76.6000 253.000 1.000

Data Auditing and Missingness: A preliminary audit of the
dataset was conducted to check for data quality issues such as
duplicates, constant features, or physically impossible values.
The AI4I 2020 dataset was found to be exceptionally clean,
with no duplicate rows or constant features. Most importantly,
the dataset contained no missing values. Consequently, impu-
tation strategies such as median, k-nearest neighbors, or itera-
tive imputation, were not necessary for this project [22]. Had
missingness been present, a robust policy such as median im-
putation for its resilience to outliers, or a more sophisticated
method like KNN imputation, would have been implemented
strictly within each cross-validation fold to prevent data leak-
age [46], [33].

Feature Types and Encoding: The dataset contains a single
categorical feature, ‘Type’, which has three levels: ‘L’ (Low),
‘M’ (Medium), and ‘H’ (High) quality. These levels possess an
inherent ordinal relationship (L < M < H). To preserve this
meaningful order, an OrdinalEncoder was chosen over one-hot
encoding. While one-hot encoding is a strong baseline for nom-
inal data, it would have discarded this ordinal information and
increased the dimensionality of the feature space [47]. By map-
ping ‘L’, ‘M’ and ‘H’ to integers (e.g., 0, 1, 2), we provide the
model with a potentially useful signal regarding product qual-
ity’s impact on machine performance. This encoding step was
integrated into a ColumnTransformer pipeline to ensure it was
fitted consistently and without leakage within each cross-vali-
dation fold [46].
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Fig 1: Product type analysis. Left: total number of in-
stances per product type (L, M, H). Right: number of ma-
chine failures across product types, showing failures con-

centrated in type L relative to M and H

Scaling and Distributional Transformation: All numerical
features were scaled using StandardScaler, which standardizes
features by removing the mean and scaling to unit variance.
This step is critical for distance-based algorithms like Support
Vector Machines, whose performance can be severely de-
graded if features with large magnitudes are allowed to domi-
nate the kernel calculations [37]. Although tree-based models
like Random Forest are largely invariant to monotonic feature
transformations, applying a consistent scaling across the entire
feature set simplifies the experimental pipeline and ensures
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comparability between the two classifier families. While distri-
butional transforms like the Yeo-Johnson [44] or Box-Cox [10]
methods were considered to handle potential skewness, an ini-
tial review of the feature distributions revealed that they were
not sufficiently skewed to warrant the additional complexity.
Therefore, a simple standardization was deemed a robust and
sufficient baseline for this thesis. The temperature grades were
converted from Kelvin to Celsius for easier user validation.
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Fig 2: Distribution of numerical features before (blue line)

and after standardization (orange-dotted line). The scaler

centers the distributions around zero with a standard de-
viation of one

Outliers, Heavy Tails, and Minority-Boundary Preserva-
tion: In PdM, what appears as an outlier in the context of nor-
mal operation might be a crucial indicator of an impending fail-
ure. Therefor and in line with best practices for imbalanced
classification, no global outlier removal was performed [33].
Aggressively trimming extreme values based on the entire da-
taset’s distribution could inadvertently discard the very rare
failure instances that are essential for the model to learn from
[26]. Instead, the strategy relies on the inherent robustness of
the Random Forest model to outliers and the application of
standardization to mitigate the influence of extreme values on
the SVM. To visually inspect the relationship between extreme
values and failures, box plots for each numerical feature were
generated, separated by the target class. This analysis con-
firmed that for several key features, such as TorqueNm and
Toolwearmin, many of the failure instances reside in the
higher-value ranges, reinforcing the decision to preserve these
data points.
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Fig 3: Distribution of numerical features before (blue line)

and after standardization (orange-dotted line). The scaler

centers the distributions around zero with a standard de-
viation of one

Train/Validation Protocol and Leakage Prevention: A rig-
orous data splitting and validation protocol was implemented
to ensure unbiased model evaluation and prevent information
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leakage. The dataset was first split into a training set (70%), a
validation set (15%), and a final test set (15%). Crucially, this
split was stratified by the Target variable to maintain the origi-
nal 3.4% failure prevalence across all three subsets. The train-
ing set was used for fitting the models and the preprocessing
pipeline. The validation set served the exclusive purpose of hy-
perparameter tuning for the GAN models using Optuna, ensur-
ing that the final test set remained completely unseen during
any optimization process. The test set was reserved for a single,
final evaluation of the best-performing models from each sce-
nario. This strict separation of data is fundamental to obtaining
a trustworthy estimate of generalization performance [31]. The
entire preprocessing pipeline, encapsulated in a ColumnTrans-
former, was fitted solely on the training data and then applied
to transform the validation and test sets, a critical step to pre-
vent leaking statistical information from the hold-out sets into
the training process.

Feature Engineering for PdM: Based on domain insights
from the original dataset, one key feature was engineered to
improve model performance. A recent paper [34] notes that
Heat Dissipation Failure (HDF) occurs when the difference
between the process and air temperature is small while rota-
tional speed is low. To capture this relationship directly, a new
feature: Temperature_difference_C, was created by subtracting
the Air_temperature_C from the Process_temperature C. This
explicit representation of the thermal gradient provides a more
direct signal to the classifiers for identifying HDF conditions.
This practice of creating physically-motivated features is a
common and effective strategy in PdM, as it can make complex
relationships more accessible to the learning algorithm [43].
Additionally, the temperature features were converted from
Kelvin to Celsius to enhance interpretability during the EDA
phase, though this is a linear transformation and does not alter
the information content for the models.

3.2 Sampling Scenarios

To systematically investigate the effects of different data aug-
mentation strategies on classifier performance, a comparative
assessment was designed around five distinct scenarios for han-
dling the dataset’s class imbalance. These scenarios were con-
structed to represent a logical progression from a simple algo-
rithmic baseline to increasingly sophisticated data- level inter-
ventions, culminating in the specialized generative models that
form the core of this thesis. Each scenario was implemented
within the leakage-safe cross-validation framework detailed in
Section 3.1, ensuring that all resampling and data augmentation
procedures were applied exclusively to the training partitions
of each fold. This design allows a fair and unbiased comparison
of how each strategy reshapes the training data provided to the
downstream Random Forest and SVM classifiers.

3.2.1 Scenario 1: Baseline with Cost-Sensitive

Learning

Mechanism and Implementation: The baseline scenario
serves as a performance benchmark without modifying the
training data’s class distribution. Instead of resampling, it ad-
dresses the imbalance at the algorithm level through the princi-
ple of cost-sensitive learning. This was implemented by setting
the class_weight parameter of both the RandomforestClassifier
and SVC models to 'balanced’. This configuration automati-
cally adjusts the sample weights in the model’s loss function to
be inversely proportional to their class frequencies. Conse-
quently, the models impose a substantially higher penalty for
misclassifying instances from the rare minority (failure) class,
compelling them to learn a decision boundary that is more sen-
sitive to failure patterns [21].
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Justification: This approach was chosen as a strong and trans-
parent baseline for two primary reasons: a) it utilizes the entire
original dataset, thereby avoiding the potential information loss
inherent in undersampling techniques and precluding the intro-
duction of synthetic artifacts that can arise from oversampling
methods and b) its simple-mentation is straightforward and
computationally efficient, representing a common and effective
first-line strategy for imbalanced classification problems [33].
The main theoretical limitation of this approach is that when
class imbalance is extreme, or the minority class is sparsely dis-
tributed, re-weighting alone may not be sufficient to enable the
classifier to learn a robust and well-defined decision boundary
for the failure class.

3.2.2 Scenario 2: Random Undersampling (RUS)

Mechanism and Implementation: The second scenario em-
ploys Random Undersampling (RUS) to directly alter the class
distribution of the training data. In this process, instances from
the majority class (normal operation) are randomly discarded
until the number of majority and minority instances is equal,
resulting in a perfectly balanced 1:1 class ratio. This was im-
plemented using the RandomUnderSampler from the imbal-
anced-learn library, with the sampling strategy parameter set
to ‘auto’. To ensure a leakage-safe protocol, the sampler was
integrated as the first step in an /mbPipeline, guaranteeing that
the undersampling operation was performed independently
within each training fold of the cross-validation process [32].

Justification: RUS was included as a fundamental data-level
baseline. Its primary advantage is the ability to mitigate the in-
herent bias of classifiers towards the majority class and signif-
icantly reduce the size of the training set, leading to faster
model training times. By forcing the model to learn from a bal-
anced distribution, it can often improve the detection rate (re-
call) of the minority class [20]. However, the main drawback
of RUS is the risk of information loss; the random removal of
majority instances may discard data points that are crucial for
defining an accurate decision boundary, potentially increasing
model variance and leading to poorer generalization. While
more sophisticated undersampling techniques exist, such as
those based on Tomek Links [40] or Edited Nearest Neighbours
[41], simple RUS was selected to serve as a clear and funda-
mental undersampling benchmark for this comparative study

3.2.3 Scenario 3: SMOTE Oversampling
Mechanism and Implementation: The third scenario utilizes
the Synthetic Minority Over-sampling Technique (SMOTE), a
canonical oversampling method. Unlike simple random over-
sampling, which duplicates existing minority instances,
SMOTE generates new, synthetic samples. The algorithm op-
erates by selecting a minority in- stance, identifying its k-near-
est minority neighbors, and then creating a new synthetic data
point at a random location along the line segments connecting
the original instance to its neighbors [13]. This procedure was
implemented using the SMOTE class from imbalanced-learn,
configured with sampling strategy = ‘auto’ to create a bal-
anced 1:1 dataset and the standard default of k& neighbors = 5.
As with RUS, the SMOTE transformer was integrated into an
ImbPipeline to ensure its correct, in-fold application during
cross-validation.

Justification: SMOTE was chosen as the primary over-
sampling baseline due to its widespread adoption and proven
effectiveness in a variety of imbalanced classification tasks. By
enriching the minority class with new, plausible examples, it
helps the classifier learn a more comprehensive decision
boundary for the failure class without discarding any infor-
mation from the majority class. This often leads to substantial
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improvements in minority class recall and other imbalance-sen-
sitive metrics [9]. The principal theoretical weakness of
SMOTE is its unawareness of the majority class distribution
during interpolation. This can lead to the creation of synthetic
samples in regions of class overlap, potentially blurring the de-
cision boundary and introducing noise.

3.2.4 Scenario 4: Single-GAN Oversampling
Mechanism and Implementation: This scenario introduces a
generative approach to data augmentation using a single Gen-
erative Adversarial Network (GAN). A WGAN-GP model, im-
plemented through the fabgan library, was trained on all minor-
ity (failure) class instances from the training set. The objective
for this single generator was to learn a unified, comprehensive
distribution that encapsulates the characteristics of all machine
failure types combined. The hyperparameters for this GAN
were systematically tuned using an Optuna study. The optimi-
zation objective was to maximize the average precision (PR-
AUQC) of a downstream Random_forest classifier, evaluated on
the separate validation set. This task-oriented tuning process
ensures that the synthetic data generated is not only statistically
realistic but also maximally beneficial for the specific classifi-
cation goal [5].

Justification The motivation for employing a GAN lies in its
theoretical capacity to learn and replicate complex, non-linear
data distributions, potentially generating synthetic samples that
are more diverse and of higher fidelity than those produced by
linear interpolation methods like SMOTE [19]. The selection
of the WGAN-GP architecture is deliberate, as its use of the
Wasserstein distance and a gradient penalty provides crucial
training stability, a significant advantage when learning from a
very small number of minority samples [25]. This scenario
serves to test the hypothesis that a single, powerful generative
model can effectively learn the heterogeneous data manifold
representing all combined failure modes.

3.2.5 Scenario 5: Multi-GAN Oversampling
Mechanism and Implementation: The final and most ad-
vanced scenario embodies the central hypothesis of this thesis:
the benefit of generator specialization. In this setup, instead of
a single generalist GAN, four distinct WGAN-GP models were
trained. Each model was an “expert”, dedicated to learning the
data distribution of a single, specific failure type: Heat Dissipa-
tion Failure (HDF), Power Failure (PWF), Overstrain Failure
(OSF), and Tool Wear Failure (TWF). To achieve this, the mi-
nority class data within the training set was first partitioned by
its failure type. Each of these subsets was then used to train its
corresponding specialized GAN. Each of the four GANs under-
went an independent hyperparameter optimization process us-
ing Optuna, with the same objective of maximizing the PR-
AUC of a Random Forest on the validation set. The final aug-
mented training dataset was constructed by generating a pro-
portional number of synthetic samples from each expert GAN
and then pooling these samples together.

Justification: This multi-generator architecture is inspired by
the mixture-of-experts concept, which suggests that a collec-
tion of specialized models can represent distinct data modes
more effectively than a single, monolithic model [29]. Given
that each failure type in the AI41 dataset arises from different
physical processes and is characterized by unique feature sig-
natures, it is hypothesized that a specialized GAN can generate
higher-fidelity synthetic data for its designated failure mode.
This approach is designed to mitigate the risk of mode collapse
- where a single GAN might neglect less frequent failure types
- and to produce a more diverse and representative set of syn-
thetic failures. The ultimate goal is to provide the downstream
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classifiers with a richer, more accurate representation of the
failure manifold, leading to more robust and precise failure pre-
diction.

Table 2. Summary of the five implemented sampling

Scenarios
Scenario  Description Primary Primary
Advantage Disadvantage
No data . May be insuffi-
. Utilizes all fay be msutit
resampling; Uses .. cient for ex-
. R original data;
Baseline class_weight="bal- . tremely rare or
= . synthetic ar- S
anced' in classifi- : complex minority
tifacts
ers classes
Randomly re-
moves majority- Reduces Risks discarding
RUS class instances. to training time informative ma-
create an approxi- and majority- jority data, in-
mately 1:1 class class bias creasing variance
balance
Enriches the
minority
Creates synthetic class without

minority instances discarding

SMOTE by interpolating data; Can re- May create noise

between existing duce overfit- and blur
ones ting versus
naive over-
sampling
Can capture
A single WGAN- complex, May struggle to

GP learns the joint  non-linear represent all fail-

Single

GAN distribution of all patterns to ure modes
failure subtypes generate di- equally (risk of
combined verse sam- mode collapse)

ples
Specializa-
. tion can yield  Computationally
Four specialized higher-fidel- intensive;

. WGAN-GP mod- .
Multi ls, one per pri- ity, type-spe-

GAN il b cific dataand ~ Requires suffi-
?lary ailure sub- mitigate cient data per
ype mode col- subtype
lapse

3.3 Generative Adversarial Network Ar-
chitecture and Training

3.3.1 Core Architecture: WGAN-GP with Tabular

Enhancements

The generative core-model of this project is based on the
tabgan library, which offers a robust implementation of a Con-
ditional Tabular GAN (CTGAN) built upon a Wasserstein
GAN with Gradient Penalty (WGAN-GP) backbone [8]. This
architecture was deliberately selected to address two of the
most formidable challenges in GAN training: inherent instabil-
ity and the difficulty of accurately modeling mixed-type tabular
data.

The WGAN-GP framework was chosen for its demonstrated
ability to stabilize the adversarial training process. By replacing
the original Jensen-Shannon divergence objective with the
Wasserstein-1 distance, the model is provided with meaningful,
non-vanishing gradients even when the distributions of real and
generated data have minimal overlap - a frequent occurrence
when learning from a small and sparsely distributed minority
class [7]. The gradient penalty mechanism further enforces a
soft Lipschitz constraint on the critic network, which effec-
tively prevents common training pathologies such as mode col-
lapse and exploding gradients, thereby rendering the learning
process substantially more reliable and consistent [25].

To adeptly handle the mixed-type nature of the PdM dataset,

29



the architecture incorporates several key enhancements in-
spired by the CTGAN model [42]. For continuous numerical
features, it utilizes mode- specific normalization, a technique
that is more effective than global standardization for capturing
the multimodal distributions often found in sensor data. For the
categorical feature ‘Type’, the model employs the Gumbel-
SoftMax reparameterization trick [30] to generate discrete out-
puts while maintaining the end-to-end differentiability required
for backpropagation.

A defining feature of the rabgan implementation is the use of
an adversarial filter. After the primary generator network is
trained, it is used to produce a large, intermediate pool of syn-
thetic samples. Subsequently, a separate, high-capacity classi-
fier - a LightGBM model by default—is trained to distinguish
these synthetic samples from the real training data. Only the
synthetic samples that are most successful at “fooling” this fil-
ter, meaning those that the filter classifies as ’real” with high
confidence, are retained for inclusion in the final augmented
dataset. This post- generation quality control step acts as a pow-
erful refinement mechanism, ensuring that the synthetic data
used to train the downstream classifiers is of high fidelity and
closely emulates the true distribution of the failure instances

[8].

3.3.2 Hyperparameter Configuration using Op-

tuna Study

The performance and stability of the GANs are profoundly in-
fluenced by their hyperparameter settings. A comprehensive
HPO process was designed to navigate the complex parameter
space and identify an optimal configuration. The search space
encompassed parameters governing the GAN’s network archi-
tecture, its training dynamics, and the behavior of the adversar-
ial filter. The hyperparameter search space for the Optuna study
is presented in Table 3 below:

Table 3. Defining hyperparameter search space for the
Optuna study

Parameter Description and search
Hyperparameter
group space

Network ar- network dim (Integer) Width of generator
chitecture A and critic hidden layers.
_unife 5 3
gen Ir (Log-uniform) [107>, 107].

Generator learning rate

(Log-uniform) [107, 1073].

discriminator_Ir 15 .
- Critic learning rate

5*Training dy-
namics

(Integer) Number of critic

discriminator_steps
iscrimi _step. updates per generator update

(Integer) Early-stopping pa-

atience .
p tience (epochs)

(Integer, step 10) Samples

batch_size per training batch

(Integer) Number of trees in

adv_n_estimators the LightGBM filter)

3*Adversarial
filter

(Integer) Maximum tree

adv_max_depth depth

(Log-uniform) [1072, 107'].

adv_learning_rate Filter learning rate

To efficiently navigate the high-dimensional search space

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.97, April 2026

defined in Table 3, an automated HPO process was conducted
using the Optuna study [28]. Optuna’s implementation of the
Tree-structured Parzen Estimator (TPE) algorithm, a form of
Bayesian optimization, is particularly well-suited for exploring
complex and non-convex hyper- parameter landscapes. The
central element of the HPO process is the objective function,
which quantifies the “integrity” of a given set of hyperparame-
ters. In this study, the objective was designed as explicitly task-
oriented to maximize the average precision (PR-AUC) of a
downstream Random Forest classifier. This ensures that the
synthetic data is optimized not just for statistical realism, but
for its direct utility in improving the performance of the final
classification model. The evaluation of a single trial within the
Optuna framework proceeds as follows:

1. Optuna’s TPE sampler proposes a new combination of hy-
perparameters from the defined search space.

2. The GAN(s) (either a single model or one for each failure
type) are trained on the training data using this proposed
hyperparameter set.

3. The trained GAN(s) are then used to generate a new set of
synthetic minority samples.

4. The original training data is augmented with these newly
generated synthetic samples.

5. A pre-tuned, lightweight Random Forest classifier is
trained on this augmented dataset.

6. This classifier is evaluated on the completely unseen vali-
dation set, and its PR-AUC score is calculated.

7. This PR-AUC score is returned to Optuna, which uses this
result to inform its future hyperparameter suggestions.

This entire optimization loop is conducted without any expo-
sure to the final test set, which is reserved for a single, final,
unbiased evaluation of the best-performing model configura-
tion, thereby adhering to strict leakage-prevention protocols
[18]. The above concept is depicted in Figure 4 below:

1. Select Hyperparameter

Search Space

7. Refine Search

Best Model Evaluation

Final Test Set
(o Leakage)

Fig 4: Hyperparameter optimization with Optuna study
for GAN-generated synthetic minority data samples using
a Random Forest classifier.

The Optuna study was configured with specific parameters to
ensure an efficient, robust, and reproducible search. The study
was initialized with direction= ‘maximize’ to align with the
goal of maximizing PR-AUC. The TPESampler was config-
ured with: n_startup_trials=20, which instructs Optuna to con-
duct the first 20 trials using a random search to establish a broad
baseline before the model-based TPE algorithm begins its in-
telligent sampling. The sampler was also initialized with multi-
variate=True and group=True to enable it to model and
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leverage potential correlations between different hyperparame-
ters. To enhance computational efficiency, a MedianPruner
was employed with n_warmup_steps=10. This pruner monitors
the intermediate performance of each trial and, after a warmup
period, automatically terminates trials that are performing
worse than the median of previously completed trials. for the
sake of scientific rigor and reproducibility, the study was con-
figured to run for a total of 100 trials in a sequential manner
(n_jobs=1), and a fixed random seed (seed=42) was provided
to the sampler to ensure that the entire HPO process is deter-
ministic and can be replicated exactly.

3.4 Generative Adversarial Network Ar-
chitecture and Training
3.4.1 Classifier Selection

Two distinct and widely-used classification algorithms were
selected to evaluate the impact of the different sampling strate-
gies: Random Forest, an ensemble-based model, and Support
Vector Machine, a margin-based model. This choice allows for
a comparative analysis across different learning paradigms.

Random Forest: A Random Forest is an ensemble learning
method that operates by constructing a multitude of decision
trees at training time [11]. It combines the principles of boot-
strap aggregation (bagging) and feature random- ness to create
a collection of decorrelated trees, whose collective prediction
is more accurate and robust than that of any individual tree. for
classification, the final prediction is determined by a majority
vote among all trees in the forest. Its strengths lie in its ability
to handle high-dimensional, tabular data, capture complex non-
linear relationships, and its inherent robustness to outliers. for
this project, the key hyperparameters considered were n_esti-
mators (the number of trees in the forest), max_depth (the max-
imum depth of each tree), and min_samples_leaf (the minimum
number of samples required to be at a leaf node). A shallow
grid is used during the computationally intensive GAN hyper-
parameter optimization, while a more extensive search was per-
formed for the final model training on the augmented datasets.
In the baseline scenario, imbalance was addressed using the
class_weight= ‘balanced’ parameter, which adjusts the
weights in the Gini impurity calculation to penalize errors on
the minority class more heavily [15].

Support Vector Machine: The Support Vector Machine
(SVM) is a powerful classification algorithm that seeks to find
an optimal hyperplane that best separates the classes in the fea-
ture space by maximizing the margin between them [4]. for
non-linearly separable data, the SVM employs the kernel trick
to map the data into a higher-dimensional space where a linear
separation is possible. for this study, the Radial Basis Function
(RBF) kernel was used, which is highly effective for capturing
complex, non-linear decision boundaries. The behavior of the
RBF kernel is primarily governed by two hyperparameters: C,
the regularization parameter that controls the trade-off between
maximizing the margin and minimizing the classification error,
and gamma, which defines the influence of a single training ex-
ample. As a margin-based classifier, the SVM is highly sensi-
tive to the scale of the input features, reinforcing the necessity
of the standardization step in the preprocessing pipeline. Simi-
lar to the Random Forest, the class weight = ‘balanced’ pa-
rameter was used in the baseline scenario to adjust the C pa-
rameter for each class, thereby creating a cost-sensitive margin
that is more tolerant of errors on the majority class [48].

Rationale for Model Selection: The selection of Random For-
est and SVM, provides a robust basis for comparison. The Ran-
dom Forest represents a high-variance, low-bias ensemble
model that is well-suited for the noisy, tabular data typical of
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industrial applications. In contrast, the SVM represents a mar-
gin-based approach that can yield highly precise decision
boundaries, particularly when the underlying class separation
is clear, even in high dimensions. By evaluating the sampling
strategies on these two distinct model families, the study can
draw more generalizable conclusions about the utility of each
data augmentation technique.

3.4.2 Performance Evaluation Metrics

Given the severe class imbalance of the dataset, relying on a
single metric like accuracy would be highly misleading [27].
Therefore, a comprehensive suite of evaluation metrics was
employed to provide a nuanced assessment of model perfor-
mance, with a particular focus on the detection of the rare fail-
ure class.

The foundation of our evaluation is the confusion matrix, which
tabulates the counts of True Positives (TP), False Positives
(FP), True Negatives (TN), and False Negatives (FN). from
these counts, the following metrics are derived:

¢ Precision: Measures the proportion of positive predictions

that were actually correct Precision

P ision = TP 1
recision = TP+ FP 1)

In a PdM context, high precision means a low false alarm rate.

* Recall (Sensitivity): Measures the proportion of actual pos-

itives that were correctly identified.
TP
Recall = TP+—FN (2)

High recall is critical in PdM as it corresponds to a low rate of
missed failures. T P+F N

¢ F1-Score: The harmonic mean of Precision and Recall.

Precision - Recall
F1=2 3)

" Precision + Recall

providing a single score that balances the trade-off between FPs
and FNs [39].

In addition to these threshold-dependent metrics, two thresh-
old-independent metrics were used to evaluate the overall dis-
criminative power of the models across all possible operating
points:

*  ROC-AUC: The Area Under the Receiver Operating Char-
acteristic Curve plots Recall (TPR) against the False Posi-
tive Rate (FPR) at various thresholds. The AUC score rep-
resents the probability that the model will rank a randomly
chosen positive instance higher than a randomly chosen
negative one. It is a standard metric for model comparison
due to its insensitivity to class prevalence [24].

*  PR-AUC (Average Precision): The Area Under the Preci-
sion-Recall Curve is particularly informative for imbal-
anced datasets. It summarizes the trade-off between preci-
sion and recall and is more sensitive to improvements in
minority class detection than ROC-AUC when the number
of true negatives is very large [16], [38]. for this reason,
PR-AUC was selected as the primary objective metric for
the hyperparameter optimization of the GAN models.

For each model, a visual evaluation was also conducted in Sec-
tion 4, by plotting the Confusion Matrix, the ROC curve, and
the Precision-Recall curve.
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4. RESULTS

4.1 Quantitative Performance Analysis

The performance of each model across all five scenarios (as
presented in Section 3) is summarized in Table 4. These results
provide a multi-faceted view of classifier efficacy, capturing
not only headline metrics like accuracy but also the critical
trade-offs between precision and recall in the context of rare
failure detection.

Table 4. Binary failure prediction for Random Forest (RF)
and SVM Classifiers. PR-AUC (primary) and ROC-AUC

(secondary) are highlighted for selection and reporting
Pre

Samplin Clas-  Accu- cisi Re- F1 ROC PR/
pling sifier racy on call /AUC  AUC
Baseline  RF 0.986 1.0 0.588 0.740 0979  0.835

Baseline ~ SVM 0.916 0.2 0.941 0.432 0976  0.716

RUS RF 0.883 02 0921 0349 0968  0.724
0.888 02 0902 0355 0961 0573
RUS SV 212 0 2 0 5
0968 0.5 0784 0.629 0977 0752
SMOTE  RF 7 263 3 9 5 2
0915 02 0862 0409 0974 0732
SMOTE ~ SVM 7 3 | g
Single
0965 04 0862 0.628 0982 0824
WGAN  RF 3 944 7 6 6 5
~GP
Single
WOAN  sym 0971 05 0725 0632 0966  0.668
3 606 5 5 2 7
~GP
Multi
0973 0.5 0882 0.692 098 0857
WGAN  RF 3 696 4 3 4 4
~GP
Multi
WGAN  sym 0971 05 0686 0619 0978 0734
3 645 3 5 1 9
—GP
Baseline
’ 0916 02 0941 0432 0976 0.716
(Wide RF 0 807 1 4 6 3
RF grid)
RUS 0.888 0.2 0902 0335 0961 0575
(Wide — RF 7 22 0 2 0 3
Rf grid)

The Baseline scenario, which relied solely on cost-sensitive
learning, revealed a stark divergence between the two classifi-
ers. The Random Forest adopted a highly conservative strategy,
achieving perfect precision but with a recall of only 0.5882.
This indicates that while every failure it predicted was correct,
it failed to identify over 40% of the actual failure events. The
practical implication of this trade-off is clearly illustrated in the
confusion matrix and performance curves shown in Figure 5.
In contrast, the baseline SVM achieved a very high recall of
0.9412 but with extremely poor precision (0.2807), signifying
amodel that, while detecting most failures, would be operation-
ally challenging due to a high rate of false alarms
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Fig 5: Evaluation for Random Forest under the baseline
(no resampling). Left: confusion matrix. Middle: ROC
curve with high area under the curve. Right: Precision—
Recall curve with strong early precision; AP aligns with
the primary metric used in selection.

The application of traditional sampling techniques produced
distinct behavioral shifts. Random Undersampling (RUS)
dramatically increased the Recall of the Random Forest model
to 0.9216. However, this came at a severe cost to precision,
which plummeted to 0.2156. The evaluation plots for this
model, shown in Figure 6, visually confirm this trade-off, re-
vealing a large number of FPs. This imbalance rendered the
model impractical for most operational settings.

ROC Gurve Precision-Recall Cure

Contusion Mgl iix
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Fig 6: Evaluation for Random Forest with Random Un-
dersampling (RUS): confusion matrix (left), ROC curve
(middle), and Precision— Recall curve (right).

The SMOTE oversampling technique provided a more bal-
anced outcome for the Random Forest, improving its F1-Score
to 0.6299, although its PR-AUC of 0.7522 did not surpass the
high-precision baseline. The detailed performance of the
SMOTE-augmented model is visualized in Figure 7.

ROC Gurve Precision-Recall Cure
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Fig 7: Evaluation for Random forest with SMOTE over-
sampling: confusion matrix (left), ROC curve (middle),
and Precision—Recall curve (right).

The introduction of generative models marked a notable pro-
gression in performance with respect to the previews
resampling attempts. The initial Single-GAN approach showed
considerable promise, particularly when paired with the Ran-
dom Forest, achieving a PR-AUC of 0.8245. While this was a
strong result, it did not represent a decisive improvement over
the baseline and highlighted the challenge of a single generator
capturing all heterogeneous failure modes. The detailed perfor-
mance of this model is visualized in figure 8.
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Fig 8: Evaluation for Random Forest with Single WGAN-
GP oversampling: confusion matrix (left), ROC curve
(middle), and Precision— Recall curve (right).

The most significant and consistent performance gains
achieved in the Multi-GAN scenario. The specialized, multi-
generator architecture, when coupled with the Random Forest
classifier, delivered the strongest performance across the met-
rics most critical for this imbalanced problem. It achieved the
highest PR-AUC of 0.8574 and the highest F1-Score of 0.6923
among all experimental conditions. As illustrated in Figure 9,
this was accomplished while maintaining a high Recall of
0.8824 and a controlled number of FPs, indicating a superior
balance between failure detection and false alarm mitigation.
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Fig 9: Evaluation for Random Forest with Single WGAN-
GP oversampling: confusion matrix (left), ROC curve
(middle), and Precision— Recall curve (right).

To facilitate a direct comparison across all scenarios, the key
performance metrics are visualized in the following bar charts:
Figure 10 compares the PR-AUC scores, highlighting the supe-
riority of the Multi-GAN approach with the Random Forest.

W Precision  mEm Recall

1,000 Precision vs Recall for Random Forest Across Scenarios

Baseline SMOTE Single GAN Multi GAN
Sampling Scenario

Fig 10: Precision vs. Recall trade-off for the Random For-
est classifier under different sampling scenarios.

Figure 11 that follows, provides a complementary view using
the F1-Score, which also shows the Multi-GAN/Random For-
est combination as the top performer.
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Fig 11: Precision vs. Recall trade-off for the Random For-
est classifier under different sampling scenarios.

In order to “peak under the hood” of the resulting PR-AUC and
F1 scores presented in the two figures mentioned above, Figure
12 provides us with the values of Precision and Recall across
the 5 sampling scenarios for classification with Random Forest.

W= Random Forest - SVM
F1-Score by Sampling Scenario and Classifier

1.0,

0.8 0.741

0.6290.632

e
)

F1-Score

b
FS

0.3490.355

0.2

0.0

Baseline SMOTE Single GAN Multi GAN
Sampling Scenario

Fig 12: Comparison of F1-Scores across all sampling sce-
narios and classifiers.

4.2 Qualitative Visualization of Data Mani-
folds

To provide a qualitative understanding of how each sampling
strategy altered the structure of the training data, t-SNE was
used to visualize the high-dimensional feature space in two di-
mensions. In these visualizations, the dense majority class (nor-
mal operation) is shown as a cloud of gray points, while the
original, real minority instances (failures) are marked with col-
ored crosses, with each color representing a specific failure
type. Synthetic minority instances are depicted as magenta
stars.

Figure 13 presents a comparative view of the baseline and the
three primary augmentation techniques. The baseline plot (top-
left) clearly illustrates the severe class imbalance. The RUS
plot (top-right) shows the drastically reduced majority class.
The SMOTE plot (bottom-left) demonstrates how interpolation
densifies the existing minority clusters. The Single-GAN plot
(bottom-right) shows the distribution of synthetically generated
failures from the unified model.
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Fig 13: t-SNE visualization of training data across sam-
pling scenarios. Top-left: Baseline (original data). Top-
right: Random undersampling (RUS). Bottom-left:
SMOTE oversampling. Bottom-right: Specialized Mul-ti—
GAN oversampling (original failures overlaid with syn-
thetic samples).

To highlight the core hypothesis of this paper, Figure 14 pro-
vides a direct comparison between the Single-GAN and Multi-
GAN approaches. The visual resemblance between the syn-
thetic samples and the real failure clusters is a key indicator of
generative model fidelity. This side-by-side comparison allows
for a qualitative assessment of whether the specialized genera-
tors in the Multi-GAN scenario produce synthetic data that
more faithfully aligns with the distinct, type-specific data man-
ifolds [49].
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Fig 14: t-SNE comparison of synthetic coverage: Single vs.
Multi-GAN oversampling. Colored crosses mark original
failure subtypes; orange dots indicate synthetic failures.

5. DISCUSSION

5.1 Conclusion

A foundational element of this paper was the deliberate selec-
tion of the Precision-Recall Area Under the Curve (PR-AUC),
or Average Precision, as the primary metric for evaluation. The
literature review underscored that for rare-event problems like
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failure prediction, metrics such as overall accuracy can be pro-
foundly misleading. Even ROC- AUC, while robust to class
prevalence, can obscure performance deficiencies when the
number of negative instances vastly outweighs the positives.
PR-AUC, by plotting precision against recall, focuses the eval-
uation directly on the minority class. It quantifies a model’s
ability to identify true failures while penalizing the issuance of
false alarms, a trade-off that lies at the heart of any practical
PdM system. Therefore, all performance comparisons were ul-
timately anchored to this metric as the most faithful indicator
of operational utility.

The most striking result of the research is the superior perfor-
mance of the Multi-GAN scenario when paired with a Random
Forest classifier. This approach yielded the highest PR-AUC,
indicating that the synthetic data generated by the specialized,
failure-specific GANs were the most effective at helping the
classifier learn a robust and precise decision boundary. This
supports the core hypothesis of the thesis: that for a problem
with heterogeneous failure modes, a “divide and conquer”
strategy for data generation is more effective than a single, gen-
eralist model. The Single-GAN, while performing respectably,
likely suffered from a degree of mode confusion or collapse,
struggling to simultaneously learn the distinct data signatures
of four different failure types. By dedicating an expert genera-
tor to each failure mode, the Multi-GAN approach was able to
produce higher-fidelity synthetic samples that more accurately
reflected the unique manifold of each failure type, leading to a
classifier with both high recall and the best precision among the
oversampling methods.

Interestingly, while the Multi-GAN model achieved the highest
PR-AUC, its F1-Score was slightly lower than that of the base-
line Random Forest. This apparent contradiction highlights the
subtleties of metric selection in imbalanced contexts. The base-
line model achieved a perfect precision of 1.0 but at the cost of
a very low recall (0.5882), meaning it only made predictions
when it was absolutely certain, thereby missing many failures.
The F1-Score, being a harmonic mean, is heavily influenced by
such an extreme precision value. The Multi-GAN model, in
contrast, achieved a much more operationally desirable bal-
ance, boosting recall to 0.8824 while maintaining a solid preci-
sion of 0.5696. While the drop from perfect precision mathe-
matically resulted in a slightly lower F1-Score, the Multi-
GAN’s ability to correctly identify nearly 30% more of the ac-
tual failures represents a far more valuable outcome in a real-
world maintenance scenario.

The superiority of the Multi-GAN approach was further cor-
roborated by the ROC-AUC metric. Achieving the highest
ROC-AUC score signifies that this model possessed the best
overall ability to discriminate between failure and non-failure
instances across all possible decision thresholds. This indicates
that the performance gain is not merely an artifact of a well-
chosen operating point but reflects a fundamentally more ro-
bust and accurate underlying model.

The performance of the traditional sampling methods also pro-
vided valuable insights. Random Undersampling, while effec-
tive at boosting recall, did so at the expense of a catastrophic
drop in precision, leading to a model that would be unusable in
practice due to an overwhelming number of false alarms. This
is a classic demonstration of the information loss associated
with RUS; by discarding a large portion of the majority class,
the model lost the ability to effectively distinguish between bor-
derline cases. SMOTE provided a more balanced result but was
ultimately out- performed by the generative approaches. This
suggests that the linear interpolation mechanism of SMOTE
may not be sufficient to capture the complex, non-linear
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boundaries and distinct clusters that characterize the different
failure modes in this dataset.

This superior performance, however, comes with a significant
and practical trade-off: computational cost. The traditional
sampling scenarios, RUS and SMOTE, completed their train-
ing and evaluation in a matter of minutes. In stark contrast, the
generative models required substantial computational re-
sources. The Single-GAN scenario, including the 100-trial Op-
tuna hyperparameter study and the final in-fold training, took
approximately 11 hours and 20 minutes to complete. The
Multi-GAN scenario, which involved training four separate
GAN:S for each of the 12 candidate runs in the cross-validated
grid search, was even more demanding, requiring 14 hours and
5 minutes. This high computational burden is a critical consid-
eration for practical applications and highlights the trade-off
between performance and the resources required to achieve it.
The computational intensity was further underscored by the
auxiliary experiment with a deep Random forest grid, which
could not be completed due to hardware limitations, causing
the system to crash.

5.2 Limitations and Future Work

The primary limitation of this work was the available compu-
tational power. This constraint necessitated the use of a shallow
hyperparameter grid for the Random Forest and SVM classifi-
ers during the main experiments. While an auxiliary experi-
ment suggested that a deeper search might not have altered the
conclusions for the baseline and RUS scenarios, an ideal study
would involve an exhaustive hyperparameter search for the
classifiers across all five sampling scenarios. This would defin-
itively eliminate the possibility that the performance of any sce-
nario was constrained by suboptimal classifier tuning. Simi-
larly, the SVM models were also trained with a shallow grid,
and their performance could potentially be improved with a
more extensive search.

The findings of this research also open several promising ave-
nues for future research:

e Broader Comparison of Sampling Methods: A natural
extension of this work would be to include a wider array of
both traditional and advanced sampling techniques in the
comparison. This could include more sophisticated
SMOTE variants like Borderline-SMOTE or ADASYN, as
well as other informed undersampling methods.

e Hybrid Sampling Approaches: The potential of hybrid
methods that combine different sampling strategies could
be explored. for instance, a workflow that uses a generative
model like the Multi-GAN to create a diverse set of high-
fidelity samples, followed by a data cleaning technique like
Edited Nearest Neighbours (ENN) to remove any poten-
tially noisy or overlapping synthetic instances, might yield
further performance improvements.

e Exploration of Different GAN Architectures: The gen-
erative component of this study could be expanded to in-
clude other state-of-the-art tabular GAN architectures, such
as CTAB-GAN, or even emerging technologies like tabular
diffusion models, to assess if they offer further advantages
in terms of sample quality or training efficiency.

e Extensive Classifier Hyperparameter Optimization: A
crucial next step would be to replicate this study with the
computational resources required for a deep and exhaustive
hyperparameter search for both the Random Forest and
SVM classifiers across all five sampling scenarios [50].
This would provide a more definitive assessment of the true
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potential of each data augmentation technique.

e Hyperparameter Optimization for SMOTE: While the
GAN models underwent extensive tuning, SMOTE was
used with its default parameters. future work could include
a hyperparameter search for SMOTE, particularly for the
k_neighbors parameter, to ensure it is performing at its op-
timal capacity.
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