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Abstract

Class imbalance in aircraft predictive maintenance data causes classifiers to favor frequent 
actions and miss rare but operationally important outcomes. This study proposes a hybrid 
framework that combines a Class-Conditional Tabular Denoising Diffusion Probabilis-
tic Model (TabDDPM-CC) with a k-Center Ensemble Tabular Prior-Data Fitted Network 
(TabPFN-CE). It was applied to a 647-record aircraft oil pump maintenance dataset with 
four classes and an imbalance ratio of 9.0. TabDDPM-CC was compared on fidelity, pri-
vacy and utility with ten augmentation methods, among them state-of-the-art diffusion 
models. TabPFN-CE combined k-center greedy context selection with posterior averaging 
and was compared with eleven classifiers. Ablations, paired statistical tests and noise and 
shift experiments examined each design choice. The proposed pipeline raised balanced 
accuracy from 0.454 to 0.841 and G-mean from 0.439 to 0.840. After Holm–Bonferroni correc-
tion, its advantage was significant against most comparators but not against SMOTE, three 
diffusion baselines or a single k-center context. Among the generator components, class 
conditioning had the largest effect. SHapley Additive exPlanations (SHAP) showed that 
the predictions rely on operationally plausible variables. On the public AI4I 2020 dataset, 
the framework reached a balanced accuracy of 0.901. Class-conditioned augmentation with 
context-aware classification can therefore support interpretable maintenance decisions on 
small imbalanced datasets.

Keywords: aircraft predictive maintenance; class imbalance; diffusion models; synthetic 
data generation; TabPFN; in-context learning; tabular deep learning; explainable artificial 
intelligence; ensemble learning
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1. Introduction
Aviation is a safety-critical industry in which operational reliability must be maintained 

at the highest level and the tolerance for failure is close to zero. Predictive maintenance 
(PdM) strategies, developed to prevent unexpected failures and optimize maintenance costs, 
are increasingly replacing traditional failure-based or time-based approaches [1]. Advances 
in Industry 4.0 and Internet of Things (IoT) technologies have led to an exponential growth 
in the volume of sensor data collected from aircraft systems, making the use of machine 
learning (ML) and deep learning (DL) algorithms for fault detection and classification 
a practical necessity rather than an option, particularly as aerospace-specific predictive 
maintenance frameworks increasingly rely on such data-driven pipelines [1].
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One of the most persistent bottlenecks in data-driven PdM applications is class imbal-
ance. Because aircraft systems are designed to meet high reliability standards, the large 
majority of collected data corresponds to healthy operating conditions, while instances 
representing genuine fault states are comparatively rare. This imbalance biases machine 
learning models toward the majority class and leads to poor detection of the minority 
fault classes, which are precisely the outcomes of greatest operational interest. Traditional 
data-level techniques such as the Synthetic Minority Oversampling Technique (SMOTE) [2] 
and ADASYN [3] have been widely used to mitigate this problem. While computation-
ally efficient, these interpolation-based methods can introduce noise and blur decision 
boundaries when applied to high-dimensional aircraft data with complex, non-linear fea-
ture distributions. Probabilistic mixture models such as the Bayesian Gaussian Mixture 
(BGM) offer an alternative through class-conditional density estimation [4], but remain 
sensitive to the correct specification of the number of mixture components in multi-modal 
distributions. To overcome these limitations, deep generative models based on Generative 
Adversarial Networks (GANs) and Variational Autoencoders (VAEs) have been proposed 
in recent years. Methods such as Gaussian Copula [5], CTGAN and TVAE [6], together 
with their conditional extension CopulaGAN, better preserve the statistical properties of 
tabular data than SMOTE-type approaches. However, the training instability and mode 
collapse commonly reported for GAN-based models raise reliability concerns for their use 
in safety-critical applications.

This study proposes a framework based on Denoising Diffusion Probabilistic Models 
(DDPMs) to address class imbalance in aircraft maintenance data and to maximize down-
stream classification performance. TabDDPM [7], which adapts the diffusion paradigm 
originally developed for image generation to tabular data, learns the data distribution 
through a gradual denoising process. Therefore, it is not subject to the training insta-
bility that affects GAN-based generators, thus producing synthetic samples that remain 
faithful to the statistical structure of the original data. Rather than adopting the vanilla 
TabDDPM architecture directly, this study develops it through two cumulative stages. The 
first stage introduces three training-stability modifications, range clipping of synthetic 
outputs, schedule-independent timestep normalization, and an exponential moving aver-
age (EMA) of the denoiser weights [8], yielding an intermediate configuration denoted 
TabDDPM-S. The second and final stage replaces the per-class model structure with a single 
class-conditional denoising network, following the conditioning principle established for 
conditional generative models [9]. It adopts the cosine noise schedule of Nichol and Dhari-
wal [10] in place of the baseline linear schedule, and adds a Distance-to-Closest-Record 
(DCR) based quality-filtering step that removes low-fidelity synthetic candidates before 
they reach the downstream classifier. The final configuration is denoted TabDDPM-CC. It is 
compared with established augmentation methods and with two recent diffusion generators, 
Tabular Synthesis (TabSyn) [11] and Tabular Diffusion (TabDiff) [12].

Once the class imbalance has been addressed, the choice of classification algorithm 
is equally critical for accurate fault diagnosis. In the tabular data literature, ensemble 
methods such as Random Forest (RF) [13] and gradient boosting decision trees, including 
XGBoost [14], LightGBM [15] and CatBoost [16], have long been regarded as a strong 
baseline. Although deep neural networks have transformed image and text processing, the 
heterogeneous and irregular structure of tabular data has made it difficult for standard 
architectures to consistently outperform gradient boosting. Several tabular-specific deep 
learning architectures have been proposed to close this gap, including TabNet [17], which 
learns feature selection through sequential attention, FT-Transformer [18], which embeds 
numerical and categorical features into a shared token space, NODE [19], which combines 
differentiable decision trees with neural network layers, SAINT [20], which applies attention 
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both within and across rows, and the more recent GANDALF [21] and ExcelFormer [22] 
architectures. To establish the relative advantage of the proposed hybrid method on a 
solid comparative footing, all ten of these classifier families are included in the evaluation 
framework of this study.

The success of the Transformer architecture has begun to shift this paradigm further. 
Tabular Prior-Data Fitted Networks (TabPFN) [23], a Transformer trained on synthetic 
prior data, can compete with and in some cases outperform gradient boosting models on 
small- and medium-sized tabular datasets without requiring inference-time hyperparameter 
tuning, making it a strong candidate for complex, safety-critical datasets such as the one 
addressed in this study. However, because TabPFN processes all training examples within 
a single bounded attention window, applying it to an augmentation-expanded training 
set raises the question of which examples should be included in this context. This study 
addresses that question through a systematic comparison of four increasingly refined 
context-construction strategies: unmodified TabPFN with its default context, TabPFN-R 
with a randomly sampled context, TabPFN-KM with a context selected through k-means 
cluster centroids [24], and TabPFN-KC with a context selected through the k-center greedy 
coverage algorithm [25,26]. Building on the last of these, the proposed classifier, TabPFN-CE, 
combines multiple independently sampled k-center contexts through posterior averaging 
following a bagging-style rule [27]. This progressive comparison isolates the individual 
contribution of the context-selection criterion and of the ensembling step to downstream 
classification performance.

In this context, the present study follows an end-to-end, hybrid methodology to im-
prove aircraft maintenance classification. The training partition of a four-class imbalanced 
dataset is first augmented with eleven methods from four methodological families. Seven 
are established benchmarks from the neighborhood-based, statistical and deep generative 
families. The diffusion family includes TabDDPM, the recent TabSyn and TabDiff models 
and the proposed TabDDPM-CC. The generated data are scored on fidelity, privacy and 
utility and aggregated with an average-rank framework [28] to select one representative 
per family. Domain-informed feature engineering then derives degradation and stress 
indicators from the original operational variables. The resulting representation is classified 
by eleven baseline classifiers and by the proposed TabPFN-CE, which is built on the origi-
nal TabPFN v1 backbone. Each design choice is tested with paired Wilcoxon signed-rank 
tests [29] and Holm–Bonferroni correction [30] across ten random seeds. Further analyses 
cover the augmentation ratio, label and sensor noise, a covariate shift and the computational 
cost. A SHAP-based analysis [31] examines whether the model relies on operationally 
plausible variables. Finally, the same pipeline is applied to the public AI4I 2020 dataset [32] 
as a check of methodological transferability.

The core contribution of this study is the pairing of a class-conditioned diffusion gen-
erator (TabDDPM-CC) with a coverage-based in-context classifier (TabPFN-CE) for small 
and imbalanced maintenance tables. The remaining elements of the pipeline are established 
techniques that serve to build, test and explain this pairing. The specific contributions are 
as follows:
• Class-conditioned diffusion augmentation: TabDDPM-CC replaces the per-class mod-

els of TabDDPM with a single class-conditional denoising network. It also adds stability 
and DCR-based filtering steps. Cumulative and leave-one-out ablations show that 
class conditioning is the modification whose removal causes the largest loss in both 
fidelity and downstream performance.

• Coverage-based context construction for TabPFN: TabPFN-CE selects in-context ex-
amples through k-center greedy coverage and averages the posteriors of several such 
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contexts. It is compared with default, random and k-means contexts, and its gain is 
examined with three newer TabPFN backbones.

• Controlled benchmark on a real maintenance dataset: Eleven augmentation methods 
from four families are scored on distinguishability, privacy, fidelity and utility. The 
family representatives and TabDiff, the second-ranked diffusion method, are then 
combined with twelve classifiers under one protocol. All main comparisons are tested 
at the seed level with Holm correction.

• Analysis of practical reliability: A factorial design and a leave-one-feature-out test 
measure the role of the engineered features. Label noise, sensor noise and a covariate 
shift in flight hours are used to test the stability of the pipeline. The offline and 
deployment costs are reported separately, and SHAP attributions are read against 
known degradation mechanisms.
The remainder of this article is organized as follows. Section 2 reviews related work on 

class imbalance and tabular deep learning in predictive maintenance. Section 3 introduces 
the theoretical background of the baseline augmentation and classification methods, the 
evaluation metrics, and the SHAP methodology used throughout this study. Section 4 
presents the proposed framework in detail. Section 5 reports and discusses the experimental 
results. Section 6 concludes the article and outlines directions for future work.

2. Related Works
This section addresses the four main axes underlying the study in a systematic way: the 

class imbalance problem in tabular data and the evolution of data augmentation methods, 
the shift from tree-based ensemble methods to Transformer architectures in tabular data clas-
sification, the quantitative assessment of synthetic data quality, and the role of explainable 
artificial intelligence in reliability engineering. At the end of each subsection, a comparative 
analysis of existing studies clarifies where this research stands within the literature.

2.1. The Class Imbalance Problem in Reliability Engineering and Its Evolution
The fact that faulty or maintenance-requiring conditions occur far less often than 

healthy operating conditions has been a persistent methodological challenge in the reliabil-
ity engineering literature for decades. Recent deep learning studies on rotating equipment 
and aerospace subsystems have addressed it mainly at the model level. Examples include 
uncertainty-aware Bayesian fault diagnosis [33], feature filtering and mapping for aero-
engine gas path data [34] and digital-twin-assisted imbalanced diagnosis [35]. Xia et al. [36] 
showed that digital-twin-assisted transfer learning can preserve generalization when only 
limited samples are available. Signal-level enhancement is a further route when fault evi-
dence is weak. Cheng et al. [37] extended blind deconvolution to multiple vibration signals 
and recovered repetitive bearing fault impulses by maximizing a weighted sum of kurtosis 
values. Such methods strengthen weak fault signatures in raw waveforms. The present 
study instead works with tabular maintenance records in which only summarized sensor 
readings are available, so the imbalance has to be handled at the data and model levels.

Oil pumps and hydraulic subsystems feed critical functions such as flight control 
surfaces, landing gear, and braking systems. Early and accurate classification of wear-
based degradation in these components is a safety-critical requirement in civil aviation. 
Guo et al. [38] emphasized that wear in the friction pairs of piston-type hydraulic pumps 
in civil aircraft, together with oil cleanliness, directly determines pump reliability, and 
identified fault diagnosis and health management as critical technology areas for these 
components going forward. The closest application to the present problem combined a 
conditional variational autoencoder with ADASYN for aircraft fuel pump fault diagnosis 
and improved minority-class recognition [39]. It considers few classes, however, and does 
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not report synthetic data quality metrics. The studies in [33,35,36,39] share an attempt to 
resolve the imbalance problem at the architectural level, without a systematic comparison 
of augmentation methods at the data level. A review of fault diagnosis under long-tailed 
distributions noted that data-level and algorithm-level solutions have largely progressed 
as separate streams [40]. A hybrid SMOTE and Broad Learning System framework for 
aero-engine bearings [41] also remains limited to a single augmentation method and does 
not evaluate diffusion-based alternatives.

2.2. The Evolution of Data Augmentation Methods for Tabular Data
Studies seeking data-level solutions fall into four conceptual generations. The first 

generation consists of neighborhood-based interpolation methods such as SMOTE [2] 
and ADASYN [3]. In rotating machinery fault diagnosis, GAN-based augmentation was 
reported to blur the decision boundary less than neighborhood-based methods and to pro-
duce more realistic minority-class representations [42]. This finding is particularly relevant 
for components like oil pumps, where maintenance action classes represent wear regimes 
that are physically close to one another. The risk that neighborhood-based interpolation 
generates unrealistic intermediate samples between such physically overlapping classes 
may directly conflict with the progressive wear processes described by Guo et al. [38].

A recent review grouped GAN-based approaches to imbalanced fault diagnosis into 
conditional GANs, Wasserstein GANs and self-attention variants [43]. Among conditional 
GAN architectures specific to tabular data, the most established are CTGAN and TVAE, 
proposed by Xu et al. [6]. By handling mixed-type variables through mode-specific normal-
ization, this work substantially reduced the classic mode collapse problem in GAN-based 
models. Borisov et al. [44] presented a comprehensive taxonomy spanning these two gener-
ations, showing that deep learning methods specific to tabular data can be grouped into 
three main categories: data transformation, architecture, and regularization based.

The fourth generation, and the one this study builds on, consists of diffusion-based 
generative models. Kotelnikov et al. [7] adapted the denoising diffusion mechanism to 
tabular data and proposed TabDDPM. Across fifteen real-world datasets, this method 
achieved superior predictive utility compared with CTGAN, TVAE, and SMOTE, although 
it was also reported to fall behind SMOTE on synthetic data quality in some scenarios. 
Work following TabDDPM has advanced diffusion-based tabular data synthesis rapidly. 
Zhang et al. [11] introduced TabSyn, which runs the diffusion process in the latent space 
learned by a variational autoencoder, combining numerical and categorical variables into a 
joint representation. The more recent TabDiff method combines EDM-based diffusion for 
continuous variables with masking-based diffusion for categorical variables, along with 
a learnable column-wise noise schedule, and outperformed earlier approaches, including 
TabDDPM, across seven benchmark datasets [12]. Both models are included in the present 
benchmark so that TabDDPM-CC is compared with the current state of tabular diffusion. 
Neither had previously been evaluated on a small, safety-critical maintenance dataset. In 
aviation, SMOTE-based boosting has been combined with LightGBM for avionics fault diag-
nosis [45]. The comparative design closest to the present one is the benchmark of Gündüz 
and Şahin [46]. It evaluated four generators from three families on protein localization 
data with fidelity, utility and distinguishability metrics. It omits copula-based and refined 
diffusion generators and lies outside engineering. None of the reviewed studies compares 
neighborhood-based, statistical, generative and diffusion-based methods together with a 
refined class-conditioned diffusion generator on the same dataset and classifier.
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2.3. The Shift from Tree Ensembles to Transformers and Prior-Data Networks in Tabular 
Data Classification

Tree ensembles such as Random Forest [13] and gradient boosting [14–16] dominated 
tabular data performance for a long time. Transformer-based and differentiable architectures 
such as TabNet [17], FT-Transformer [18], NODE [19] and SAINT [20] were later proposed 
to challenge this dominance. In the temporal engineering data domain, the Temporal Fusion 
Transformer proposed by Lim et al. [47] jointly processes static and dynamic variables 
to provide interpretable multi-horizon forecasting, and has since become a frequently 
referenced architecture in the predictive maintenance literature for modeling temporal 
patterns. Such sequence models require time-ordered observations, which the maintenance 
extract analyzed here does not contain.

The newest and most directly relevant link in this progression is pretrained prior-data 
fitted networks. Hollmann et al. [23] proposed TabPFN, a Transformer trained offline 
on synthetic priors that approximates Bayesian inference. This method can solve small- 
and medium-scale classification problems within seconds, without any hyperparameter 
tuning, and its strength was further reinforced in a follow-up study [48]. The TabPFN 
family has continued to evolve rapidly even after the scope of this study was set. Grinsztajn 
et al. [49] introduced TabPFN-2.5 and reported that it scales to 50,000 data points and 
2000 features, reaching a win rate close to one hundred percent against tuned XGBoost on 
small- and medium-scale classification datasets. Grinsztajn et al. [50] introduced TabPFN-3 
and reported that it scales to one million training rows, outperforming even four-hour 
tuned ensemble models on the TabArena benchmark. The present study keeps the origi-
nal version as its main backbone and uses these newer releases in a backbone sensitivity 
check. That said, the attention mechanism underlying TabPFN’s architecture computes 
pairwise attention over context points, so memory and computational cost grow rapidly 
with context size, and the original version of the model remains subject to strict upper 
bounds on sample count, feature count, and class count. Feuer et al. [51] proposed the first 
systematic context optimization strategy for prior-data networks to address this constraint, 
showing that compressing large datasets into a smaller, learned, and more representative 
context can improve both inference speed and classification performance. This finding 
suggested that selecting context points by representational power rather than at random is 
a theoretical requirement for performance and efficiency in TabPFN-based architectures, 
and it forms the direct theoretical basis for the context selection strategies examined in this 
study. A significant objection to the generality of this finding has recently emerged, however. 
Abdullah [52], running controlled experiments across 15 OpenML datasets, showed that 
computationally expensive context selection methods such as k-means and farthest-point 
sampling do not provide a meaningful accuracy gain over random sampling. According to 
that work, what determines TabPFN performance is not how well the context reflects the 
training distribution, but how well it represents the feature space in terms of diversity and 
coverage, a coverage that random sampling already achieves in expectation. This finding 
was obtained for general-purpose, relatively large datasets. In a small-sample, safety-critical 
engineering problem, the possibility that context diversity behaves differently because 
of physical overlap between classes warrants a separate discussion of the k-center-based 
context selection proposed in this study. This discussion does not change the fact that ap-
plying representation-based context selection to a small-sample, safety-critical engineering 
problem such as aviation maintenance has not yet been attempted in the literature.
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2.4. Quantitative Assessment of Synthetic Data Quality and Explainability
The contribution of data augmentation methods should be assessed not only by final 

classification accuracy but also alongside the statistical realism and novelty of the generated 
synthetic data. Snoke et al. [53] adapted propensity score mean squared error, which 
measures how well a discriminative classifier can distinguish between real and synthetic 
sources within a combined sample, to synthetic data evaluation, and derived its theoretical 
distribution under a correctly specified synthesis model. The accuracy of this discriminative 
classifier is also commonly reported in the literature as an independent metric. On the 
novelty and privacy dimension, Zhao et al. [54] were among the first to systematically use 
the Nearest Neighbor Distance Ratio metric in tabular data synthesis, in the study that 
introduced CTAB-GAN, confirming with this metric that the synthetic data did not simply 
memorize real records. No study reviewed here combines all three of these metrics in an 
engineering or fault-data context, and even the closest multi-metric benchmark identified 
above [46] was conducted outside such a context.

On the model transparency dimension, Lundberg and Lee [31] proposed the SHAP 
framework, which draws on Shapley values from cooperative game theory to quantify each 
feature’s contribution to model output in a consistent and additive way. This method quickly 
became the most widely used interpretability approach in the fault diagnosis literature. 
Linardatos et al. [55] emphasized that model-agnostic, Shapley-based approaches are 
particularly effective at explaining the decision mechanisms of complex ensemble and deep 
learning models in ways consistent with engineering domain knowledge. SHAP has also 
been applied to aircraft engine remaining useful life estimation [56], and an explainable 
Bayesian filtering approach has been proposed for the same task [57]. In both cases the 
explained models were trained on real or simulated data rather than on training sets enriched 
with synthetic samples. How the augmentation process shapes the decision mechanism a 
model learns therefore remains largely open.

Even where synthetic data quality and model explainability have been addressed to-
gether, none of the studies reviewed here quantifies the operational cost of misclassification. 
A partial solution appears in a non-aviation domain, where a cost-sensitive metric for heavy 
commercial vehicle component failures showed that imbalance reduction strategies can 
change model rankings [58]. That work relies on cost information supplied by the operating 
organization, so it does not transfer directly to aviation maintenance, where such data are 
unavailable. Even so, it shows that relative cost matrices can support model comparison in 
the absence of real cost data.

2.5. The Literature Gap and the Positioning of This Study
A comparative summary of the studies reviewed in this section is presented in Table 1. 

Nineteen studies directly comparable to the four core components of this work, namely 
data augmentation, classifier, synthetic data quality metrics, and explainability, are in-
cluded. Three of these studies concern the AI4I 2020 public benchmark [32] and support 
the transferability check reported in Section 5.8.

The comparative summary presented in Table 1 shows that the literature has progressed 
in a fragmented way along four lines. First, most studies addressing the imbalance problem 
remain limited either to the architectural level or to a single data augmentation method, and 
none tests neighborhood-based, probabilistic, generative adversarial, and diffusion-based 
methods simultaneously on the same dataset. This means that claims of one method’s 
superiority over another remain dataset-specific, with limited generalizability.
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Table 1. Comparative analysis of related studies.

Study Application 
Domain Data Augmentation Classifier Synthetic Data

Quality Metrics Explainability

[7] General-purpose 
tabular data TabDDPM

CatBoost/Multi-
Layer Perceptron 

(MLP)

ML utility 
(TSTR-style 
benchmark)

X

[33] General fault 
diagnosis X

Bayesian deep 
learning 

(uncertainty-aware)
X X

[34] Aircraft engine gas 
path fault diagnosis

Feature filtering and 
mapping 

(feature-level 
correction)

Deep learning X X

[35] Digital-twin-assisted 
fault diagnosis X

Deep transfer 
learning 

(subdomain 
adaptation, 

margin-aware 
regularization)

X X

[39] Aircraft fuel pump 
fault diagnosis

Conditional 
Variational 

Autoencoder 
(CVAE) + ADASYN

SVM, RF, MLP, CNN X X

[40] Long-tailed fault 
diagnosis (review)

Multiple 
augmentation 

methods
Multiple classifiers X X

[41] Aero-engine bearing 
fault diagnosis SMOTE Broad Learning 

System (BLS) X X

[42] Rotating machinery 
fault diagnosis

GAN-based 
augmentation Deep learning X X

[43]
GAN-based 

imbalanced fault 
diagnosis (review)

Conditional GANs, 
Wasserstein GANs, 

self-attention 
variants

Multiple classifiers X X

[45] Avionics equipment 
fault diagnosis

SMOTE with 
Boosting 

(SMOTEWB)
LightGBM X X

[46]

Protein subcellular 
localization 

(non-aviation, 
tabular biological 

data)

4 methods (SMOTE, 
CTGAN, TVAE, 

TabDDPM), 
systematic 

comparison

XGBoost, Logistic 
Regression, SVM, 
Random Forest

Fréchet/Wasser-
stein distance + 

C2ST + 
TSTR/TRTR

X

[51]
General-purpose 

large-scale tabular 
data

X
TabPFN, 

context-optimized 
via TuneTables

X X

[56]

Aircraft engine 
Remaining Useful 

Life (RUL) 
estimation

SMOTE (auxiliary)

LightGBM + 
CatBoost + Gradient 
Boosting Regressor 

(GBR) ensemble

X SHAP (global 
+ local)
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Table 1. Cont.

Study Application 
Domain Data Augmentation Classifier Synthetic Data

Quality Metrics Explainability

[57] Aircraft engine RUL 
estimation X

Bayesian filtering 
combined with a 

data-driven 
regression model

X
Explainable 

method 
(non-SHAP)

[58] Heavy vehicle 
component failure

Downsam-
pling/SMOTE-

Tomek

Multiple (RF, SVM, 
XGBoost, etc.) X X

[59]
Industrial robot 
component-level 

PHM

StarGAN 
(multi-domain 

scalogram 
translation)

CNN transfer 
learning 

(GoogLeNet, 
SqueezeNet, 

AlexNet, VGG16, 
Inception v3, 
ResNet50)

X X

[60]

Industrial 
multi-label failure 
mode diagnosis 

(AI4I 2020 
benchmark [32])

Combined 
oversampling and 

undersampling

Balanced Hoeffding 
Tree Forest (BHTF) X X

[61]

CNC milling 
predictive 

maintenance (AI4I 
2020 [32] and PHM 
2010 benchmarks)

CTGAN 
(statistically 

audited)

XGBoost, 
TabTransformer X SHAP

[62]

Connected-vehicle 
predictive 

maintenance 
(multi-dataset, incl. 

AI4I 2020 [32])

SMOTE LightGBM (among 
others) X SHAP

This 
study

Aircraft oil pump 
maintenance action 

classification

11 methods 
(including 

TabDDPM, TabSyn, 
TabDiff and 

TabDDPM-CC), 
systematic 

comparison

Context-optimized, 
ensemble TabPFN 

(TabPFN-CE)

Propensity score 
+ Discriminator 
accuracy + Mean 

DCR + 
Wasserstein/FD 
+ TSTR/TRTR

SHAP

Note: X indicates that the study does not use or report the item in the corresponding column.

Second, Feuer et al. [51] showed that context optimization improves TabPFN perfor-
mance on general-purpose, large-scale datasets, whereas Abdullah [52] showed that this 
improvement holds only for such datasets, and that methods like k-means and k-center 
provide no meaningful gain over random sampling. Applying this strategy to a small-
sample, four-class, safety-critical engineering problem such as aviation maintenance has not 
been addressed in any of the studies reviewed. Third, an integrated framework combining 
multidimensional verification of synthetic data quality with model explainability is absent 
from every study reviewed, including Özcan [56] and Maulana et al. [57]. Even in these 
two studies, SHAP was applied to models trained directly on real data rather than on 
data enriched with synthetic samples. Fourth, the operational cost of misclassification 
has been addressed with a relatively simple cost matrix in a non-aviation domain, and 
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a cost-sensitive evaluation framework for the aviation maintenance context has not yet 
appeared in the literature.

This study addresses these gaps within a single framework. Its core is the pairing of a 
class-conditioned diffusion generator with coverage-based context selection for TabPFN. 
The broad benchmark, the multi-metric quality assessment and the SHAP analysis serve to 
test and explain this pairing rather than being separate contributions. The cost asymmetry 
of the maintenance decision is used only as a descriptive reading of the per-class results, 
since no formal cost matrix is available for this domain.

3. Theoretical Background
3.1. Tabular Data Augmentation Methods

The augmentation methods evaluated in this study span four families: neighborhood-
based interpolation, statistical density modeling, deep generative networks and diffusion-
based generation. The first three families and the two recent diffusion benchmarks are 
described below in their standard form. TabDDPM, the basis of the proposed generator, is 
described in more detail.

3.1.1. Neighborhood-Based Methods
Synthetic Minority Over-sampling Technique (SMOTE) generates minority-class in-

stances by interpolating between a real sample and one of its nearest minority neighbors. 
Because every minority instance receives equal weight, synthetic points may fall in regions 
that are already well represented rather than near the most ambiguous parts of the decision 
boundary [2].

Adaptive Synthetic Sampling (ADASYN) uses the same interpolation but assigns 
more synthetic points to minority instances surrounded by many majority-class neighbors. 
Generation is thus concentrated near the decision boundary, where classification errors are 
most likely [3].

3.1.2. Statistical Methods
Bayesian Gaussian Mixture (BGM) models the data distribution as a weighted combi-

nation of Gaussian components, with the number of active components inferred through 
variational Bayesian inference. New samples are drawn by first selecting a component 
according to its weight and then sampling from that Gaussian, which allows multimodal 
feature distributions to be represented [63].

Gaussian Copula separates the modeling of each feature’s marginal distribution from 
the modeling of the dependency structure between features. Each variable is transformed 
to a uniform scale through its marginal distribution, and the correlations among the trans-
formed variables are captured by a multivariate Gaussian copula [5].

3.1.3. Deep Generative Network-Based Methods
Copula Generative Adversarial Network (CopulaGAN) embeds this copula-based 

formulation within a generative adversarial framework. A conditional generator learns 
to produce samples whose transformed representation matches the target copula, while a 
discriminator separates real from synthetic samples. This allows nonlinear and higher-order 
dependencies to be captured beyond what a purely parametric copula represents [5,6].

Conditional Tabular GAN (CTGAN) adapts the generative adversarial network to 
tabular data with mixed continuous and categorical columns. A conditional generator and 
a training-by-sampling scheme prevent the mode collapse that standard GANs tend to show 
on rare categorical values [6].
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Tabular Variational Autoencoder (TVAE), introduced in the same study, follows a different 
generative principle. An encoder compresses each observation into a low-dimensional latent 
representation, and a decoder reconstructs tabular samples from points drawn in that latent 
space. Its reconstruction-based objective usually gives more stable training than adversarial 
alternatives, at the cost of sometimes producing smoother synthetic distributions [6].

3.1.4. Diffusion-Based Methods
Tabular Denoising Diffusion Probabilistic Model (TabDDPM) [7] adapts the DDPM 

formulation of Ho et al. [8] to heterogeneous tabular data. The underlying principle is to 
learn the data distribution by reversing a fixed Markovian noising process, rather than by 
adversarial training as in GAN-based generators, thereby avoiding the training instability 
and mode-collapse problems reported for GAN-based tabular synthesizers [6].

Let x0  denote a real feature vector sampled from the training distribution. The forward 
diffusion process progressively perturbs x0  with Gaussian noise over T discrete timesteps 
according to a fixed variance schedule 𝛽t ∈ (0,1):

𝑞(𝑥𝑡 ∣ 𝑥𝑡−1) = 𝒩(𝑥𝑡; √1 − 𝛽𝑡 𝑥𝑡−1, 𝛽𝑡 𝐼) (1)

Owing to the closed-form property of Gaussian marginals, the state at an arbitrary 
step t can be sampled directly from x0  without iterating through all intermediate steps:

𝑥𝑡 = √𝛼𝑡 𝑥0 + √1 − 𝛼𝑡 𝜀 , 𝜀 ∼ 𝒩(0 , 𝐼) (2)

where 𝛼t  = 1 − 𝛽t  and ᾱt  = ∏s  = 1 t 𝛼s  is the cumulative product of the retained signal 
proportion up to step t. In the baseline formulation, 𝛽t  follows a linear schedule between 
fixed bounds 𝛽1  and 𝛽T .

A neural network 𝜀𝜃 (xt , t) is trained as the denoiser to predict the noise component 
injected at step t, conditioned on a sinusoidal timestep embedding. The training objective is 
the simplified variational bound proposed by Ho et al. [8], reducing to a mean-squared-error 
loss between the true and predicted noise:

ℒ(𝜃) = E𝑥0, 𝜀, 𝑡 [|𝜀 − 𝜀𝜃(𝑥𝑡, 𝑡)|2
2] (3)

Synthetic samples are generated by running the reverse (denoising) process starting 
from pure Gaussian noise 𝑥𝑇 ∼ 𝒩(0, 𝐼), and iteratively applying:

𝑥𝑡−1 =
1

√𝛼𝑡

(


𝑥𝑡 −
𝛽𝑡

√1 − 𝛼𝑡
𝜀𝜃(𝑥𝑡, 𝑡))


+ √𝛽𝑡 𝑧, 𝑧 ∼ 𝒩(0, 𝐼)for𝑡 > 1 (4)

In its baseline configuration, TabDDPM trains a separate denoiser network per class, 
each conditioned only on the raw (non-normalized) timestep index, with no post-hoc 
quality control applied to the generated samples. This configuration is retained in the 
present study as the unmodified reference point for the proposed enhancements.

Two recent diffusion models are used as additional benchmarks. Tabular Synthesis 
(TabSyn) [11] first trains a variational autoencoder with a Transformer-based tokenizer that 
maps mixed-type rows to a continuous latent space. A score-based diffusion model is then 
trained in this latent space, and generated latents are decoded back to tabular rows. Tabular 
Diffusion (TabDiff) [12] works directly in the data space. It combines continuous-time 
diffusion for numerical columns with masked diffusion for categorical columns, and it 
learns a separate noise schedule for each column. Both methods were run with the default 
architectures of their reference implementations. For class-wise generation, TabSyn used 
one shared autoencoder and a separate latent diffusion model for each minority class. 
TabDiff was trained once on all classes and generated minority records by fixing the label 
column during sampling with its in-painting sampler.
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3.2. Classification Algorithms
Once the augmented dataset has been generated, its usefulness is assessed against a 

broad set of tabular classification algorithms, grouped here into three families according to 
their underlying computational structure: tree-based ensembles, differentiable decision tree 
ensembles, and attention or transformer-based architectures. Each classifier is presented in 
its standard published form. TabPFN, the backbone of the proposed classifier, is described 
in more detail.

3.2.1. Tree-Based Ensemble Methods
Random Forest (RF) builds a large collection of independent decision trees, each 

trained on a bootstrapped sample of the data and a randomly selected subset of features, 
and combines their predictions through majority voting [13]. This randomization reduces 
the variance of single trees, and the built-in feature importance scores give a direct view of 
which sensor readings drive a prediction.

eXtreme Gradient Boosting (XGBoost) applies gradient boosting sequentially, with 
each new tree fitted to the residual errors of the current ensemble through a second-order 
approximation of the loss and explicit regularization of model complexity. Its efficient 
handling of sparse data and parallel tree construction have made it common in industrial 
fault diagnosis [14].

Light Gradient Boosting Machine (LightGBM) reduces training time through gradient-
based one-side sampling and exclusive feature bundling. Its leaf-wise tree growth can reach 
lower error than the level-wise growth of XGBoost, and its memory efficiency suits near 
real-time maintenance systems [15].

Categorical Boosting (CatBoost) addresses the target leakage of conventional categori-
cal encoding and the bias of greedy tree construction through ordered boosting. Its low 
sensitivity to hyperparameter tuning makes it practical when training data are limited [16].

3.2.2. Differentiable Decision Tree Ensembles
Neural Oblivious Decision Ensembles (NODE) turn oblivious decision trees, in which 

all nodes at a given depth share the same splitting rule, into a differentiable architecture 
trained end to end. The discrete split is replaced with the entmax transformation, and the 
layered structure allows higher-order feature interactions to be captured [19].

Gated Adaptive Network for Deep Automated Learning of Features (GANDALF) 
introduces the Gated Feature Learning Unit, which adapts the gating mechanism of gated 
recurrent units to non-sequential tabular data and includes built-in feature selection. It is 
reported to be competitive with XGBoost, SAINT and FT-Transformer while requiring fewer 
hyperparameters [21].

3.2.3. Attention and Transformer-Based Architectures
Tabular Network (TabNet) applies a sequential attention mechanism that selects a 

different subset of features at each decision step, combining the interpretability of tree-based 
feature selection with the representational flexibility of a neural network trained end to end. 
Its support for self-supervised pretraining can be useful when only a limited number of 
labeled maintenance records are available [17].

Feature Tokenizer Transformer (FT-Transformer) maps numerical and categorical 
features into a shared embedding space and processes these embeddings with standard 
Transformer blocks. Its self-attention captures interactions across features, although its 
relatively high parameter count raises the risk of overfitting on small datasets [18].

ExcelFormer alternates between two attention modules, one for feature interactions 
and one for updating feature embeddings, and uses a small-value initialization that weakens 
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attention at the start of training. It has been reported to outperform heavily tuned gradient-
boosted trees on many public tabular datasets [22].

Self-Attention and Intersample Attention Transformer (SAINT) applies attention across 
both columns and rows, so that similar observations can inform one another during predic-
tion. Its contrastive pretraining is intended to compensate for limited labels [20].

3.2.4. Prior-Data Fitted Networks
Tabular Prior-Data Fitted Network (TabPFN) [23,48] is a Transformer-based classifier 

that approximates Bayesian inference in a single forward pass, without gradient-based 
training on the target dataset. During a large-scale offline pre-training phase, the network 
q𝜃  is trained on millions of synthetic classification tasks sampled from a structural causal 
prior p(𝜑), where each task consists of a synthetic training set Dtrain  = {(xi , yi )}i  = 1 n  and a 
query point xtest .

The target of pre-training is the Posterior Predictive Distribution (PPD) of Bayesian 
inference:

𝑝(𝑦test ∣ 𝑥test, 𝐷train) = ∫ 𝑝(𝑦test ∣ 𝑥test, 𝜑) 𝑝(𝜑 ∣ 𝐷train) d𝜑 (5)

Because this integral is intractable in closed form for realistic priors, TabPFN trains a 
Transformer q𝜃  to directly approximate it by minimizing the expected negative log-likelihood 
over the prior distribution of synthetic datasets:

𝜃∗ = argmin
𝜃

E𝐷∼𝑝(𝐷) [− log 𝑞𝜃(𝑦test ∣ 𝑥test, 𝐷train)] (6)

At inference time, the entire real training set Dtrain  is presented to the frozen network 
as in-context examples, together with the query point xtest , within a single attention-based 
forward pass. The class-posterior estimate is obtained through a softmax read-out over the 
final hidden representation f𝜃 :

𝑞𝜃(𝑦test = 𝑘 ∣ 𝑥test, 𝐷train) = (softmax(𝑓𝜃(𝐷train, 𝑥test)))𝑘 (7)

This mechanism eliminates the need for dataset-specific gradient updates or hyper-
parameter search, allowing TabPFN to match or exceed the accuracy of gradient-boosted 
decision trees on small- and medium-sized tabular datasets [23,48]. In its baseline config-
uration, the classifier does not apply a selection strategy to the in-context examples. The 
entire augmented training set serves as the context, or a class-stratified random sample 
of size Nmax  is drawn without any geometric selection criterion if the row count exceeds 
the practical context-length limit Nmax . This configuration is the reference point for the 
context-selection strategies of Section 4.5.1.

Several TabPFN releases are available. The original TabPFN v1 [23] accepts at most 
1000 training samples, 100 features and 10 classes. TabPFN v2 [48] raised these limits and 
added native handling of categorical features and missing values, and TabPFN-2.5 [49] 
and TabPFN-3 [50] scale further to larger tables. The proposed classifier is built on v1 for 
three reasons. First, the strict context limit of v1 is the setting in which context construction 
matters most. Second, the framework was designed and tuned on this version. Third, v2.5 
and v3 are released under non-commercial licenses that require registration with Prior 
Labs, so they cannot be used in an operational maintenance system without a commercial 
license. The v2, v2.5 and v3 backbones are therefore evaluated as a sensitivity check under 
the same protocol.

3.3. Synthetic Data Quality Metrics
Synthetic data quality is assessed through fidelity, utility, and novelty metrics. For 

both datasets, all of these metrics follow a holdout-based evaluation [64]. The real records 
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of each seed are split into training, validation and test partitions before any synthetic record 
is generated. Fidelity and novelty are measured against the training partition, and the test 
partition serves only as unseen data for reference and evaluation.

Propensity Score and Discriminator Accuracy: Following Snoke et al. [53], synthetic 
records and an equally sized set of real training records of the same class are pooled, and a 
logistic regression discriminator is trained to distinguish their source under five-fold cross-
validation [11,12]. The area under the ROC curve of the resulting out-of-fold propensity 
scores (propensity AUC) and the classifier’s accuracy are used as fidelity indicators. Values 
near the chance level of 0.50 indicate that real and synthetic observations are statistically 
indistinguishable, consistent with the approach of Zhao et al. [54].

TSTR/TRTR (Utility Ratio): A Random Forest proxy with fixed hyperparameters is 
trained on the real majority-class records together with the synthetic minority records, which 
gives the Train on Synthetic, Test on Real (TSTR) score. The same proxy trained on the real 
training partition gives the Train on Real, Test on Real (TRTR) score. Both scores are macro 
F1 values measured on the held-out test partition [11,12]. The ratio of their performance 
scores reflects how much task-relevant information the synthetic data preserves, with values 
close to one indicating high utility [6,46]. Because this metric uses the test partition, it is 
reported for information only and is not used to select augmentation methods.

Wasserstein Distance: For each numerical feature, the Wasserstein distance between 
the real training and synthetic marginal distributions is computed and averaged over the 
features to assess column-level distributional agreement. Lower values indicate closer 
alignment [7,46].

Fréchet Distance (FD): As a multivariate extension of the Wasserstein comparison, 
the Fréchet distance summarizes differences between real training and synthetic data in 
terms of their mean vectors and covariance structures, capturing joint distributional and 
correlation shifts [46]. Smaller values indicate closer overall structural agreement.

Distance to Closest Record (DCR): Following Zhao et al. [54], each synthetic obser-
vation’s distance to its nearest real training record is computed as a Euclidean distance on 
features standardized with the training partition, then averaged across samples. Very low 
values suggest memorization of real records, while values well above the real data’s internal 
nearest-neighbor distances suggest a loss of realism. Average DCR values are interpreted 
relative to this real-data reference distribution [64].

Memorization and Diversity: Mean DCR alone does not show whether synthetic 
records lie closer to the training data than unseen real records would. The held-out test 
records of the same class therefore serve as a reference, following the holdout-based protocol 
of Platzer and Reutterer [64] and the DCR share used for TabSyn [11]. The DCR share is 
the proportion of synthetic records that are closer to the training records than to an equally 
sized held-out subset, with an ideal value of 0.50. The near-copy rate is the proportion 
of synthetic records whose DCR falls below the 5th percentile of the held-out-to-training 
distances, with an ideal value of 0.05. The DCR ratio divides the mean DCR of the synthetic 
records by that of the held-out records, so values below one indicate records that sit closer 
to the training data than unseen data do. Diversity is measured by coverage [65], which 
is the share of real records whose five-nearest-neighbor neighborhood contains at least 
one synthetic record. The unique nearest-neighbor (NN) ratio is the proportion of distinct 
real records that are the nearest neighbor of at least one synthetic record. Both diversity 
measures are compared with the values obtained for the held-out records. These measures 
describe the generated data only and play no role in model selection.
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3.4. Explainability
To interpret the predictions of the classification models, SHapley Additive exPlanations 

(SHAP) is employed. Grounded in cooperative game theory, SHAP attributes to each 
feature a contribution value reflecting its marginal effect on a given prediction, computed 
by averaging that feature’s impact across all possible feature coalitions [31]. This provides 
both local explanations for individual predictions and global feature importance rankings 
across the dataset, allowing the influence of specific sensor and maintenance variables on 
the model’s fault classification decisions to be examined in a consistent and model-agnostic 
manner [55]. SHAP values describe how a fitted model uses its inputs. They do not establish 
a causal link between a feature and a physical degradation process, and they depend on the 
chosen background data [66].

4. Proposed Approach
4.1. Proposed Framework Overview

This section presents the proposed framework for classifying imbalanced aircraft 
maintenance data. Figure 1 illustrates the overall pipeline. The framework consists of six 
sequential modules, summarized below and detailed in the following subsections.

1. Dataset and Experimental Setup: This module defines the maintenance dataset and the 
experimental protocol, including the class distribution, the stratified train, validation 
and test partitioning, and the ten-seed evaluation protocol (Section 4.2).

2. Data Augmentation Framework: This module addresses class imbalance in the train-
ing partition through established and recent tabular augmentation methods and the 
proposed generator TabDDPM-CC (Section 4.3).

3. Feature Engineering: This module derives six additional degradation and stress indica-
tors from the six original variables (Section 4.4).

4. Classification Framework: This module trains the comparison classifiers together with 
the proposed classifier TabPFN-CE on the augmented, feature-engineered data 
(Section 4.5).

5. Ablation, Robustness and Cost Analysis: This module isolates the contribution of each 
modification and feature. It also tests the framework under noise, covariate shift and 
different augmentation ratios and reports its computational cost (Sections 4.6 and 4.7).

6. Explainability Analysis: This module applies SHAP to the final proposed configuration 
to identify the variables that most strongly drive the classification decision (Section 4.8).

4.2. Dataset and Experimental Setup
The dataset analyzed in this study is derived from operational and technical records 

of aircraft operating within Turkish civil aviation, combining periodic maintenance logs 
with flight telemetry data. This regional grounding is relevant because local operational 
conditions, climate, route structure, and maintenance practices can meaningfully influence 
predictive maintenance outcomes. The dataset targets the health monitoring of the aircraft 
oil pump and consists of six independent variables together with a categorical target variable 
representing the maintenance decision. The records were supplied as a single extract with 
one row per maintenance record, and all 647 of them were used without further filtering. 
The extract contains no time stamp, tail number or aircraft identifier. The temporal order of 
the records and the number of records per aircraft therefore cannot be recovered.
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Figure 1. Flowchart of the proposed framework. The offline stage covers partitioning, augmentation 
and feature engineering as well as model selection and evaluation. The deployment stage scores new 
maintenance records with the trained TabPFN-CE model. Orange boxes mark the proposed TabDDPM-
CC and TabPFN-CE components. The other colors only separate the modules of the pipeline.
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The independent variables are grouped into three categories. Flight parameters include 
Flight Hours, representing cumulative operational load, and Flight Cycles, representing 
operational cycle count. Sensor readings include Engine Temperature, Vibration Levels, and 
Oil Pressure, which reflect the thermal and mechanical condition of the engine. Maintenance 
timing is represented by Time Since Last Maintenance, defined as the number of days elapsed 
since the last intervention.

The target variable, Maintenance Action, is divided into four categorical classes: None, 
Inspection, Lubrication, and Replacement. The dataset contains 647 observations in total. 
The class distribution is markedly imbalanced. Lubrication accounts for 315 samples and 
Inspection for 218 samples, while None accounts for only 35 samples and Replacement 
for 79 samples. This yields an imbalance ratio of 9.0 between the majority class and the 
smallest minority class. This pattern is consistent with real-world aviation maintenance data, 
where routine inspection and lubrication actions occur far more frequently than critical part 
replacements or fully fault-free operation. With the 70/10/20 split described below, each 
training partition holds about 24 None records and each test partition holds 7. Recall for 
this class is therefore measured on a coarse grid, and one misclassified test record changes 
it by about 0.14.

To preserve class proportions across data partitions, the dataset was split into training, 
validation, and test subsets using stratified sampling at a 70/10/20 ratio. Stratification was 
required because an unstratified split could leave the None class with too few test records 
to yield an interpretable metric. This random partition may be optimistic if several records 
come from the same aircraft. Because cumulative flight hours grow with service time, 
an additional experiment trains on low-utilization records and tests on high-utilization 
records as an approximation of a chronological split (Section 5.5.3). Class imbalance was 
addressed exclusively within the training partition. Each minority class was enlarged up to 
four times its real size and at most to the size of the majority class. Raising the None class 
to the majority size would have required about nine synthetic records per real record. The 
maximum augmentation factor was therefore fixed at 4.0 before the experiments to keep 
the synthetic share of the smallest class moderate.

Hyperparameter optimization for the augmentation methods and the downstream clas-
sifiers was performed on the validation set using grid search. The search spaces considered 
for each augmentation method are reported in Appendix A, Table A1. Final performance 
was assessed on the untouched test set, ensuring no data leakage between the augmentation, 
tuning, and evaluation stages.

The utility ratio of Section 3.3 was computed using a Random Forest classifier as a fixed 
proxy model, applied consistently across all augmentation methods to ensure comparability. 
Given the residual class imbalance even after augmentation, macro F1-score and balanced 
accuracy were prioritized over raw accuracy throughout model evaluation, in order to 
prevent the dominant classes from masking poor minority-class performance.

The design decisions were taken in a fixed order to keep the test partition independent 
of model selection. The six engineered features were defined from domain reasoning before 
any model was trained, and the augmentation factor was fixed as described above. Generator 
and classifier hyperparameters were then selected by grid search on the validation partition 
of each seed, using the validation macro F1 of the Random Forest proxy for the generators 
and that of each classifier for the classifiers. The family representatives were chosen from 
the average rank of the four fidelity metrics in Table 2, which are computed on the training 
partition. The TSTR/TRTR ratio uses the test partition and was therefore kept out of this 
rank. The ratio, noise, shift and feature ablations reported later were run after these choices 
and were not used to revise them. The test partition was thus used for evaluation only and 
never for selection.
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Table 2. Evaluation metrics for the eleven augmentation methods on the aircraft dataset (mean ± std 
over ten seeds).

Evaluation
Categories

Distinguishability 
(Classifier-Two-Sample 

Test-C2ST)

Privacy & 
Overfitting Distribution Fidelity ML Utility

Avg. Rank 
***

Method\
Metric

Propensity 
AUC ↓ *

(Mean ± Std)

Discriminator 
Acc ↓ *

(Mean ± Std)

Mean DCR **
(Mean ± Std)

Wasserstein ↓
(Mean ± Std)

FD ↓
(Mean ± Std)

TSTR_TRTR_Ra-
tio (F1_Macro) ↑

(Mean ± Std)

SMOTE 0.586 ± 0.012 0.627 ± 0.009 0.876 ± 0.188 0.079 ± 0.025 8.775 ± 3.171 0.583 ± 0.072 4.00
ADASYN 0.622 ± 0.036 0.655 ± 0.011 0.917 ± 0.172 0.071 ± 0.031 9.025 ± 3.682 0.554 ± 0.040 6.25
BGM 0.643 ± 0.017 0.657 ± 0.016 2.529 ± 0.255 0.110 ± 0.055 12.014 ± 4.302 0.510 ± 0.037 7.75
Gaussian
Copula 0.618 ± 0.027 0.667 ± 0.011 2.314 ± 0.275 0.085 ± 0.051 8.103 ± 3.012 0.574 ± 0.095 6.50

CopulaGAN 0.847 ± 0.072 0.878 ± 0.018 4.998 ± 0.251 0.254 ± 0.073 21.784 ± 9.089 0.333 ± 0.111 11.00
CTGAN 0.821 ± 0.081 0.844 ± 0.022 4.688 ± 0.312 0.206 ± 0.087 19.003 ± 8.256 0.460 ± 0.120 10.00
TVAE 0.732 ± 0.084 0.743 ± 0.023 1.953 ± 0.284 0.182 ± 0.069 18.396 ± 6.773 0.487 ± 0.104 9.00
TabDDPM 0.611 ± 0.031 0.652 ± 0.007 2.007 ± 0.163 0.037 ± 0.021 6.113 ± 4.185 0.662 ± 0.077 4.00
TabSyn 0.614 ± 0.027 0.654 ± 0.009 1.930 ± 0.240 0.031 ± 0.018 6.020 ± 3.600 0.571 ± 0.088 4.00
TabDiff 0.574 ± 0.020 0.636 ± 0.007 1.840 ± 0.290 0.024 ± 0.013 5.820 ± 3.100 0.712 ± 0.074 2.25
TabDDPM-CC 0.565 ± 0.022 0.630 ± 0.006 1.719 ± 0.315 0.019 ± 0.012 5.559 ± 3.042 0.736 ± 0.080 1.25

Note: Bold average ranks indicate the family representatives selected for the classification stage. Italic 
values indicate the best (most favorable) result for the corresponding metric; italics are not applied 
to the Mean DCR column, since no single optimal direction is defined for this metric. Arrows give 
the preferred direction of each metric (↓ lower is better and ↑ higher is better). * Lower propensity 
AUC and discriminator accuracy indicate closer proximity to the ideal value of 0.5, reflecting greater 
indistinguishability between real and synthetic samples. ** Mean DCR has no single optimal direction. 
Values that are too low may indicate memorization of real records, while values that are too high 
may indicate divergence from the real data manifold. This metric is therefore excluded from the 
composite ranking. *** Average rank is the mean of the ranks (1 = best and 11 = worst) assigned to 
each method across the four fidelity metrics computed on the training partition. These are propensity 
AUC, discriminator accuracy, Wasserstein distance and FD. Mean DCR and the TSTR/TRTR ratio are 
reported but not ranked.

4.3. Data Augmentation Framework
The ten benchmark augmentation methods and the proposed generator are each fitted 

on the training partition of every seed and evaluated with the fidelity, utility and novelty 
metrics of Section 3.3. One representative per methodological family is retained for the 
main comparison. Within each family, the method with the best average rank across the 
four fidelity metrics computed on the training partition is selected. Because the proposed 
TabDDPM-CC is itself the diffusion representative, the second-ranked diffusion method 
is also retained. This allows a direct comparison of the proposed generator with a strong 
diffusion model.

Proposed Generator: TabDDPM-CC
TabDDPM-CC extends the baseline formulation of Section 3.1.4 through six cumulative 

modifications, presented below in two stages for clarity. The first stage (a–c) targets training 
stability while leaving the per-class model structure of the baseline intact. The second stage 
(d–f) replaces that structure and adds a post-generation filtering step. All six modifications 
together constitute TabDDPM-CC. The intermediate configuration with only modifications 
(a)–(c) is denoted TabDDPM-S and is used only in the ablation study.

• Stability-Oriented Modifications (a)–(c):

(a) Range clipping: Because the stochastic reverse process of Equation (4) can generate 
feature values outside the physically observed range of a class, a static thresholding step 
commonly used to stabilize diffusion-model sampling [8,10] clips every synthetic vector 
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xsyn , feature-wise, to the empirical range of the corresponding class in the real training data 
Xreal ,c :

ˆ𝑥syn = clip( 𝑥syn, min(𝑋real,𝑐), max(𝑋real,𝑐) ) (8)

(b) Timestep normalization: The raw integer timestep index t used in the baseline 
sinusoidal embedding is replaced by a schedule-independent normalized value:

∼
𝑡 =

𝑡
𝑇 (9)

so that the denoiser’s time-conditioning behavior remains comparable across configurations 
using a different number of diffusion steps T.

(c) Exponential Moving Average (EMA) of weights: Following the stabilization strat-
egy commonly adopted in diffusion-model training [8,10], a shadow copy 𝜃EMA  of the 
denoiser parameters is maintained and used for sampling instead of the raw training 
weights 𝜃:

𝜃(𝑖)
EMA = 𝛾 · 𝜃(𝑖−1)

EMA + (1 − 𝛾) · 𝜃(𝑖) (10)

where 𝛾 ∈ (0,1) is the decay rate and i indexes the optimization step, dampening gradient-
noise-induced oscillations that are particularly pronounced when a per-class model is 
trained on few minority-class samples.

• Architectural and Quality-Filtering Modifications (d)–(f):

Combined with (a)–(c) above, the following three modifications complete TabDDPM-
CC, replacing the per-class structure and linear schedule of the baseline and adding a 
post-generation quality-filtering step.

(d) Class-conditional single model: A single network is trained jointly on all classes, 
conditioned on a learned class embedding ec  = Embed(c) concatenated with the timestep 
embedding:

𝜀𝜃(𝑥𝑡,
∼
𝑡 , 𝑐) = Net[ 𝑥𝑡 ; 𝜏(

∼
𝑡) ; 𝑒𝑐 ] (11)

where c denotes the class label, 𝜏(
∼
𝑡) is the timestep embedding and [;] denotes concatena-

tion, improving parameter efficiency and generalization for underrepresented classes [9].
(e) Cosine noise schedule: The linear schedule of the baseline is replaced by the cosine 

schedule of Nichol & Dhariwal [10]:

𝛼𝑡 =
𝑓 (𝑡)
𝑓 (0) , 𝑓 (𝑡) = cos2(



( 𝑡
𝑇 ) + 𝑠

(1 + 𝑠) ·
𝜋
2

)


(12)

𝛽𝑡 = 1 −
𝛼𝑡

𝛼𝑡−1
(13)

where s is a small offset constant preventing 𝛽t  from approaching zero near t = 0, so that 
fine-grained structure is preserved over a larger portion of the diffusion trajectory.

(f) Distance-to-Closest-Record (DCR) quality filtering: For each class, a buffer of 
candidate synthetic samples is generated in excess of the required amount and scored with 
the DCR criterion of Section 3.3. Candidates whose DCR exceeds the p-th percentile of 
the buffer’s DCR distribution are discarded, and the remaining candidates are ranked by 
ascending DCR, from which the n closest are retained:

𝑋̂syn,𝑐 = { 𝑥syn ∶ DCR(𝑥syn) ≤ Percentile𝑝(DCR)}, top − 𝑛 by ascending DCR (14)

here, n is the number of synthetic samples needed for the class under the target augmentation 
ratio. The percentile was fixed at p = 90 and the buffer at three times n before the experiments. 
With these values the percentile step serves only as a safeguard and does not change the 
retained set, which consists of the n lowest-DCR candidates of the buffer.
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This filtering step embeds a fidelity criterion directly into the generation pipeline rather 
than applying it only as a post-hoc evaluation metric, reducing the risk that low-fidelity 
synthetic instances propagate into the downstream classifier’s training set. Because the filter 
favors candidates close to the real records, it trades a small amount of novelty for fidelity. 
Its effect on memorization and diversity is reported in Section 5.3.1 and Appendix B.

4.4. Feature Engineering
Once the training partition has been augmented, six additional features are derived 

from the six original variables, namely Flight Hours (FH), Flight Cycles (FC), Engine Tem-
perature (ET), Vibration Levels (VL), Oil Pressure (OP), and Time Since Last Maintenance 
(TSM), to encode degradation and stress indicators that are not explicit in the raw measure-
ments. Deriving composite and threshold-based indicators from raw condition-monitoring 
variables is an established practice in condition-based maintenance and reliability engi-
neering, where such indicators are used to translate several correlated sensor readings 
into a smaller set of physically interpretable degradation proxies [67]. The transformation 
is applied identically to the real and synthetic training samples. It is also applied to the 
validation and test partitions, using statistics fitted on the training partition only, so that 
no information from the held-out data enters the feature definitions. A small constant 𝜀 = 
0.00001 is added to every denominator to prevent division by zero. The first engineered 
feature, Hours per Cycle, is defined as:

Hours per Cycle =
FH
FC (15)

This feature distinguishes long-haul from short-haul usage profiles, which impose 
different fatigue mechanisms on the pump for a given number of cycles. This is consistent 
with the role of flight-cycle count as a primary driver of component wear in civil aircraft 
hydraulic systems [38]. The second engineered feature, the Stress Index, is defined as:

Stress Index = ET · VL (16)

This feature is the product of engine temperature and vibration level. It grows when 
thermal and mechanical loads are high at the same time, following the general practice of 
aggregating correlated condition-monitoring variables into a single degradation proxy [67]. 
The third engineered feature, Oil Efficiency, is defined as:

Oil Efficiency =
OP

(ET + 𝜀) (17)

This feature is the oil pressure delivered per unit of engine temperature. Lubricating 
oil loses viscosity as its temperature rises [68], so a healthy pump should hold its delivery 
pressure as the engine warms up. A falling pressure-to-temperature ratio can therefore 
point to internal leakage or wear, which is the gradual degradation reported for hydraulic 
piston pumps in civil aircraft [38]. The feature needs only an oil pressure channel and an 
engine or oil temperature channel. Both are standard engine-indicating parameters on most 
turbine aircraft, so the definition is not tied to this dataset. The fourth engineered feature, 
the Maintenance Aging Ratio, is defined as:

Maint_Aging_Ratio =
TSM
FH (18)

This feature normalizes maintenance recency by cumulative usage, following the 
general condition-based maintenance practice of expressing elapsed time since the last 
intervention relative to a unit’s operating exposure [67]. It separates units overdue for 
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maintenance relative to their operating hours from units that are simply long-serving. The 
fifth engineered feature, Vibration Anomaly, is defined as:

Vibration Anomaly =
( VL − 𝜇VL,train )

𝜎VL,train
(19)

This feature expresses vibration level as a signed standardized deviation from the 
training-partition mean, so that unusually high and unusually low readings are placed 
on a common scale. This is in line with the use of vibration-based deviation measures 
for detecting early degradation in rotating and reciprocating machinery [42]. The sixth 
engineered feature, High Risk State, is defined as:

High_Risk_State = 1{ ET > 𝜏ET  } · 1{ VL > 𝜏VL  } (20)

This feature is a binary interaction term equal to one when engine temperature and 
vibration level jointly exceed their training-partition 75th-percentile thresholds (𝜏ET , 𝜏VL ). It 
captures a joint thermal–vibration stress condition associated with impending failure, consis-
tent with threshold-based alarm indicators commonly used in condition-based maintenance 
systems [67].

Because each engineered feature is a deterministic function of variables already present 
in the model, its marginal value is treated as an empirical question rather than assumed 
a priori. It is tested through the factorial and leave-one-feature-out ablations described 
in Section 4.6. SHAP attributions are then used to describe how the final model uses the 
twelve inputs, not to prove that a feature is necessary.

4.5. Classification Framework
The augmented, feature-engineered training data are used to train the classifiers de-

scribed in Section 3.2 together with the proposed classifier developed in this study, TabPFN-
CE, which extends the baseline TabPFN formulation. All classifiers are tuned on the 
validation partition of every seed. The hyperparameter grids considered are reported in 
Appendix A, Table A2, and final performance is assessed on the held-out test partition.

4.5.1. Proposed Classifier: TabPFN-CE
Because TabPFN processes all in-context examples within a single bounded attention 

window, the way the context set is constructed from an augmented, class-imbalanced 
training set directly affects downstream performance. Three progressively refined context-
construction strategies are introduced first, followed by the proposed multi-seed ensemble. 
All four share a common class-stratified formulation in which, for each class c, a fixed 
number of representative samples m is selected from the augmented training data Xc  so 
that the resulting context Dctx  remains within TabPFN’s practical context-length limit while 
preserving class balance. The first three strategies serve only as reference points in the 
ablation study.

• Random Context Selection: The m context samples for class c are drawn by simple random 
sampling without replacement:

Xctx ,c  = { xi ∼ Uniform(Xc ): i = 1, …, m } (21)

This strategy, denoted TabPFN-R, provides an unbiased but geometrically uninformed 
reference point for the structured strategies below, consistent with the random-sampling 
baseline whose competitiveness on general-purpose datasets was reported by Abdullah [52].

• k-Means Context Selection: The second strategy, TabPFN-KM, selects representative 
points using k-means clustering [24] on the standardized features of class c, partitioning 
the class data into m clusters by minimizing the within-cluster sum of squares:
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{ 𝜇1, … , 𝜇𝑚 } = argmin
𝜇

∑
𝑚

𝑗=1
∑

𝑥 ∈ 𝑆𝑗
‖𝑥 − 𝜇𝑗‖2

(22)

where Sj  denotes the set of points assigned to cluster j. For each cluster, the closest real 
observation to the centroid 𝜇j  is selected as its representative:

𝑥ctx,𝑗 = argmin
𝑥 ∈ 𝑋𝑐

‖𝑥 − 𝜇𝑗‖2
(23)

This yields a context reflecting the density structure of the class distribution, without 
explicitly optimizing for coverage of its extremal regions.

• k-Center Context Selection: The third strategy, TabPFN-KC, replaces density-based se-
lection with the k-center greedy algorithm [25,26], which minimizes the maximum 
distance between any point in the class and its nearest selected representative. The 
first center is the point farthest from the class centroid 𝑥𝑐:

𝑥1 = argmax
𝑥 ∈ 𝑋𝑐

‖𝑥 − 𝑥𝑐‖2 (24)

Subsequent centers are added greedily, each maximizing the distance to the nearest 
already-selected center:

𝑥(𝑘+1) = argmax
𝑥 ∈ 𝑋𝑐

min
𝑗 ≤ 𝑘

‖𝑥 − 𝑥𝑗‖2
(25)

where k indexes the centers already selected at a given step. This procedure yields a context 
that is more diverse and less redundant than a random or centroid-based subsample of 
equal size. Because attention-based in-context learning can, in principle, be sensitive to the 
input order of context examples, the selected context is permuted with a fixed seed s before 
being passed to TabPFN:

∼
𝐷ctx = Perm𝑠(𝐷ctx) (26)

• Multi-Seed k-Center Ensemble (Proposed Classifier TabPFN-CE): The proposed configura-
tion addresses the residual sampling variance of a single k-center context by combining 
R independently constructed contexts, each obtained by re-running the selection and 
permutation of the k-center strategy with a different seed sr , r = 1, …, R. A separate 
TabPFN forward pass is performed for each context, and the resulting class-posterior 
estimates are combined by simple averaging, a bagging-style rule [27]:

𝑝(𝑦 ∣ 𝑥test) = (
1
𝑅) ∑

𝑅

𝑟=1
𝑞𝜃( 𝑦 ∣ 𝑥test,

∼
𝐷ctx

(𝑟)
) (27)

with the final prediction ˆ𝑦 = argmax
𝑦

(𝑦 ∣ 𝑥test). Because each of the R contexts is con-

structed independently, this averaging reduces the variance contributed by the stochastic 
elements of context construction while preserving the coverage advantage of the underlying 
k-center criterion, without additional gradient-based training. Five contexts (R = 5) are 
used in all experiments unless stated otherwise.

4.5.2. Evaluation Metrics and Statistical Testing
Classification performance is evaluated using accuracy, macro-averaged precision, re-

call, F1-score, the Matthews Correlation Coefficient (MCC), the geometric mean (G-Mean), 
and macro-averaged one-vs-rest ROC-AUC. In each of the ten random seeds the dataset is 
split into stratified 70/10/20 training, validation and test partitions. Hyperparameters are 
selected on the validation partition, and all reported performance metrics are computed 
on the held-out test partition. Baseline (raw data) and proposed (augmented + feature-
engineered) variants share identical train/validation/test splits within each seed, enabling 
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a paired comparison. Results are reported as mean ± standard deviation across the ten 
seeds. Seed-level comparisons use paired two-sided Wilcoxon signed-rank tests on macro 
F1, with the Holm–Bonferroni correction applied within each family of comparisons. With 
ten pairs, the smallest attainable two-sided exact p-value is about 0.002. The ten seeds are 
repeated partitions of the same 647 records rather than independent samples of the aircraft 
population. The tests therefore measure whether a difference is stable across resampled 
partitions of this dataset. They do not establish external reproducibility.

4.6. Ablation Study Design
The ablation study combines cumulative and leave-one-out designs. The cumulative 

design follows the two groups of modifications introduced in Section 4.3. It compares the 
unmodified TabDDPM, the stability-enhanced TabDDPM-S and the full TabDDPM-CC, 
with the classifier fixed at TabPFN-CE. The leave-one-out design removes each of the six 
modifications (a)–(f) from TabDDPM-CC in turn while keeping the other five. It shows 
which modification is still needed once all others are present. TabPFN-CE is compared with 
default, random, k-means and k-center contexts while the generator is fixed at TabDDPM-
CC. The same comparison is repeated with the TabPFN v2, v2.5 and v3 backbones to test 
whether the gain of the ensemble depends on the v1 backbone.

Two further ablations concern the input representation. A 2 × 2 factorial design crosses 
feature engineering with augmentation. A leave-one-feature-out design removes each 
engineered feature in turn, and then all six together, from the final pipeline. All ablations 
use the ten seeds of Section 4.2 and are reported as mean ± standard deviation.

4.7. Sensitivity, Robustness and Cost Analyses
The main comparisons fix the maximum augmentation factor, referred to below as 

the augmentation ratio, at 4.0. To assess this choice, the final pipeline of TabDDPM-CC 
augmentation and TabPFN-CE classification is repeated for six ratios: 1 and 1.5 and the 
integers from 2 to 5. All other elements of the design are kept unchanged. The analysis 
is restricted to the final pipeline because its purpose is to characterize the framework as a 
whole rather than to re-examine the individual modifications.

Sensitivity to input noise is tested on the same pipeline, with SMOTE and the original 
data as controls. Sensor noise adds zero-mean Gaussian noise to the six original variables of 
the training partition. Its standard deviation equals 5%, 10% or 20% of the training standard 
deviation of each variable, and non-negative variables are clipped at zero. Label noise 
assigns 5%, 10% or 20% of the training records to a randomly chosen different class. The 
noise is injected before augmentation and feature engineering, so the generator learns from 
the corrupted records. The validation and test partitions stay clean.

A controlled covariate shift is created with Flight Hours, which grows with the service 
life of a unit. Records at or below the 70th percentile of Flight Hours form the source data 
used for training and validation, and the remaining records form the shifted target data. 
The generator and the classifier are fitted on the source data only. In a second condition, 
20% of the target records are added to the pool from which TabPFN-CE builds its contexts, 
without retraining the generator. This context refresh mimics the arrival of a small set of 
labeled records from a new operating regime, and the remaining target records serve as the 
test set.

Computational cost is measured separately for the offline stage and the deployment 
stage. The offline stage covers the training and sampling of each generator once per training 
partition. The deployment stage covers classifier fitting, batch scoring of the test partition 
and the latency of a single-record query. Single-record latency is measured on the GPU 
workstation and, for selected models, on the CPU alone. Timings are medians of repeated 
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calls averaged over three seeds. The ensemble size of TabPFN-CE is varied over R = 1, 3 
and 5 to show the trade-off between accuracy and latency.

4.8. Explainability Analysis
SHAP is applied to the final proposed configuration, in which TabPFN-CE is trained 

on data augmented by TabDDPM-CC and enriched with the engineered features. Because 
TabPFN-CE produces predictions through in-context, attention-based inference rather 
than an explicit tree or parametric decision function, a model-agnostic SHAP explainer is 
applied directly to its predicted class-posterior function 𝑝(𝑦 ∣ 𝑥test) of Equation (27), using 
a background sample drawn from the k-center contexts of TabPFN-CE as the reference 
distribution. The resulting attributions are aggregated over the test partition to obtain a 
global importance ranking across all twelve input features, the six original variables and 
the six engineered features, and are used both to identify which operational and condition-
monitoring variables most strongly drive the classification of maintenance condition and 
to describe how the engineered features are used alongside the variables from which they 
are derived.

5. Results and Discussion
All experiments were conducted on a workstation with an Intel Core i9-14900HX CPU, 

64 GB RAM, and an NVIDIA GeForce RTX 4090 Laptop GPU (16 GB VRAM).
The pipeline was implemented in Python 3.10.19 with PyTorch 2.6.0. SMOTE and 

ADASYN were taken from imbalanced-learn 0.14.1, and the Bayesian Gaussian Mixture, 
Random Forest and the logistic regression discriminator from scikit-learn 1.7.1. Gaussian 
Copula, CopulaGAN, CTGAN and TVAE were run with the Synthetic Data Vault (SDV) 
1.37.4. XGBoost 2.1.4, LightGBM 4.6.0 and CatBoost 1.2.7 provided the gradient boost-
ing models. TabNet was run with pytorch-tabnet 4.1.0, and FT-Transformer, NODE and 
GANDALF with PyTorch Tabular 1.2.0. The TabPFN v1 backbone came from the tabpfn 
package (version 0.1.11), and the v2, v2.5 and v3 backbones from tabpfn 9.2.0 with PyTorch 
2.14.1. SHAP 0.49.1 and SciPy 1.15.2 were used for the explanations and the statistical 
tests. TabSyn and TabDiff were reimplemented in PyTorch from their official code [11,12]. 
TabDDPM, SAINT and ExcelFormer were implemented in PyTorch following their original 
publications [7,20,22].

5.1. Data Augmentation Results
Table 2 reports the fidelity, privacy and utility metrics for the eleven augmentation 

methods. All values are averaged over ten random seeds. The metrics are grouped into 
four categories: distinguishability from the real distribution, privacy and overfitting risk, 
distribution fidelity and downstream machine learning utility.

The first two columns report the classifier-two-sample test (C2ST), which trains a 
discriminator to separate real and synthetic samples. A value close to 0.5 indicates that the 
synthetic samples are statistically indistinguishable from the real ones. The interpolation-
based methods, SMOTE and ADASYN, achieve propensity AUC values close to this ideal 
(0.586 and 0.622), which is expected given their direct dependence on real neighboring 
samples. Among the generative models, TabDDPM-CC obtains the lowest propensity AUC 
(0.565) and discriminator accuracy (0.630). TabDiff follows closely (0.574 and 0.636), while 
TabSyn is close to the baseline TabDDPM (0.614 and 0.654). CopulaGAN and CTGAN 
show the weakest performance on this criterion, with discriminator accuracy above 0.84, 
suggesting that the generated samples remain easily separable from the real distribution.

The mean distance to closest record (DCR) reflects the proximity between synthetic 
and real samples. This metric should not be interpreted as a simple lower-is-better or higher-
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is-better indicator. Values that are too low may point to memorization of individual training 
records, while values that are too high may indicate that the generator has drifted away 
from the real data manifold. SMOTE and ADASYN report the lowest DCR values (0.876 
and 0.917), a direct consequence of their interpolation mechanism between neighboring real 
points. Among the density-based generators, TabDDPM-CC yields the lowest DCR (1.719). 
TabDiff (1.840), TabSyn (1.930) and the baseline TabDDPM (2.007) follow, and the statistical 
and deep generative methods all stay above 1.9. This places TabDDPM-CC closer to the real 
data manifold without relying on direct interpolation, which supports a reasonable balance 
between fidelity and privacy. The holdout-based measures in Appendix B, Table A3 put this 
proximity in context. TabDDPM-CC has a DCR share of 0.544 and a near-copy rate of 0.058, 
close to the values of 0.50 and 0.05 expected for unseen real records. SMOTE and ADASYN 
reach DCR shares of about 0.85 and near-copy rates of about 0.25, so interpolation places 
many synthetic records unusually close to training records. The coverage of TabDDPM-CC 
(0.903) is also close to the held-out reference (0.906).

Distribution fidelity is assessed through the Wasserstein distance and the Fréchet dis-
tance (FD), both computed between the real and synthetic feature distributions. TabDDPM-
CC achieves the lowest values on both metrics, with a Wasserstein distance of 0.019 and an 
FD of 5.559. These values improve on TabDiff (0.024 and 5.820), TabSyn (0.031 and 6.020) 
and the baseline TabDDPM (0.037 and 6.113). The margin over the deep generative methods 
is larger, since their FD values exceed 18. This gap suggests that the class-conditioning 
mechanism of TabDDPM-CC improves the alignment between the synthetic and real feature 
distributions beyond what separate per-class diffusion models provide.

The sixth column reports the TSTR/TRTR ratio defined in Section 3.3. A ratio closer to 
one indicates that the synthetic data preserves the discriminative information needed for 
classification. TabDDPM-CC obtains the highest ratio (0.736), followed by TabDiff (0.712) 
and the baseline TabDDPM (0.662). CopulaGAN records the lowest ratio (0.333), which 
is consistent with its weak fidelity and distinguishability scores. Because both scores are 
measured on the test partition, this ratio is reported for information only and does not enter 
the selection rank.

Taken together, these results show that TabDDPM-CC provides the most favorable 
trade-off among the eleven methods. It combines low distinguishability from the real 
distribution, a controlled distance to the closest real record, the closest match to the real 
feature distribution and the highest downstream utility. TabDiff is the strongest of the other 
diffusion models and ranks second overall. The consistent improvement over the per-class 
TabDDPM baseline suggests that the class-conditioning component addresses the class 
imbalance problem more effectively than distribution matching alone, without introducing 
the overfitting risk observed in the interpolation-based methods (Appendix B, Table A3).

To identify the augmentation methods carried forward to the classification stage, a 
composite ranking score is computed for each method. This score is based on the four 
fidelity metrics with a clearly defined optimal direction: propensity AUC, discriminator 
accuracy, Wasserstein distance and Fréchet distance. All four compare the synthetic records 
with the training partition. The TSTR/TRTR ratio also has a clear direction, but it is left out 
because it uses the test partition. For each metric, every method is assigned a rank from 1 to 
11, with rank 1 given to the best value among the eleven methods. The four ranks obtained 
by a given method are then averaged to produce its composite score. This procedure differs 
from averaging the raw metric values directly, since the metrics are measured on very 
different scales. Averaging raw values would let large-scale metrics, such as FD, dominate 
the score and would suppress the contribution of bounded metrics, such as the AUC-based 
indicators. Rank-based aggregation avoids this scale dependency and is consistent with 
established practice for comparing methods across multiple performance criteria, following 
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the average-rank framework proposed by Demšar for multi-criteria comparison, which 
builds on the classical Borda count method for rank aggregation [28,69].

As an example, SMOTE ranks third on propensity AUC and first on discriminator 
accuracy. It ranks sixth on both Wasserstein distance and FD. Averaging these four ranks 
gives a composite score of 4.00 ((3 + 1 + 6 + 6)/4). The same procedure is applied to all 
eleven methods, and the scores are reported in the last column of Table 2.

The methods are grouped into four families according to their generation mechanism. 
Within each family, the method with the lowest average rank is selected as the family 
representative. SMOTE (4.00) is retained over ADASYN (6.25) in the interpolation family. 
Gaussian Copula (6.50) is retained over BGM (7.75) in the statistical family. TVAE (9.00) is 
retained over CTGAN (10.00) and CopulaGAN (11.00) among the deep generative models. 
In the diffusion family, TabDDPM-CC (1.25) ranks ahead of TabDiff (2.25), while TabDDPM 
and TabSyn share the next position (4.00). TabDDPM-CC thus obtains the lowest average 
rank among all eleven methods.

The other six methods are not carried forward to the full classification comparison of 
Table 3, and their results are given in the Supplementary Materials. Because the diffusion 
representative is the proposed TabDDPM-CC itself, TabDiff (2.25) is also kept as the second-
ranked method of this family. The proposed generator is thus compared with a strong 
competing diffusion model. Selecting one representative per family keeps the classification 
comparison manageable while still covering distinct augmentation paradigms.

Table 3. Imbalance-sensitive classification metrics of the twelve classifiers trained on the original and 
augmented aircraft data (mean ± std over ten seeds). The proposed TabPFN-CE, shown in bold, is 
the best classifier in every block.

Data Augmentation 
Method Model/Metric Balanced Acc Macro F1 MCC G-Mean

Original Dataset

RF 0.283 ± 0.013 0.283 ± 0.014 0.075 ± 0.033 0.014 ± 0.0004
XGBoost 0.275 ± 0.016 0.276 ± 0.018 0.060 ± 0.050 0.014 ± 0.001

LightGBM 0.294 ± 0.014 0.293 ± 0.014 0.094 ± 0.035 0.015 ± 0.001
CatBoost 0.330 ± 0.032 0.329 ± 0.034 0.130 ± 0.052 0.162 ± 0.155
TabNet 0.281 ± 0.040 0.282 ± 0.040 0.077 ± 0.070 0.014 ± 0.002

FT-Transformer 0.386 ± 0.040 0.388 ± 0.039 0.178 ± 0.067 0.350 ± 0.045
NODE 0.302 ± 0.022 0.302 ± 0.022 0.099 ± 0.046 0.044 ± 0.090

GANDALF 0.355 ± 0.027 0.357 ± 0.029 0.146 ± 0.038 0.263 ± 0.131
SAINT 0.330 ± 0.026 0.331 ± 0.028 0.119 ± 0.031 0.192 ± 0.152

ExcelFormer 0.370 ± 0.025 0.371 ± 0.027 0.175 ± 0.030 0.302 ± 0.101
TabPFN 0.428 ± 0.013 0.425 ± 0.015 0.226 ± 0.027 0.410 ± 0.021

TabPFN-CE 0.454 ± 0.006 0.452 ± 0.008 0.253 ± 0.020 0.439 ± 0.005

SMOTE

RF 0.491 ± 0.018 0.501 ± 0.020 0.380 ± 0.024 0.446 ± 0.039
XGBoost 0.465 ± 0.016 0.475 ± 0.018 0.353 ± 0.034 0.410 ± 0.035

LightGBM 0.519 ± 0.017 0.531 ± 0.021 0.404 ± 0.039 0.490 ± 0.014
CatBoost 0.552 ± 0.012 0.569 ± 0.020 0.464 ± 0.013 0.520 ± 0.017
TabNet 0.466 ± 0.039 0.473 ± 0.043 0.383 ± 0.081 0.366 ± 0.125

FT-Transformer 0.656 ± 0.040 0.670 ± 0.048 0.590 ± 0.055 0.641 ± 0.043
NODE 0.523 ± 0.031 0.535 ± 0.041 0.421 ± 0.067 0.492 ± 0.025

GANDALF 0.624 ± 0.016 0.641 ± 0.020 0.540 ± 0.029 0.609 ± 0.015
SAINT 0.528 ± 0.029 0.543 ± 0.034 0.427 ± 0.051 0.493 ± 0.036

ExcelFormer 0.627 ± 0.022 0.635 ± 0.022 0.543 ± 0.046 0.611 ± 0.020
TabPFN 0.736 ± 0.030 0.740 ± 0.036 0.670 ± 0.038 0.730 ± 0.032

TabPFN-CE 0.786 ± 0.011 0.794 ± 0.020 0.722 ± 0.021 0.784 ± 0.010
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Table 3. Cont.

Data Augmentation 
Method Model/Metric Balanced Acc Macro F1 MCC G-Mean

Gaussian Copula

RF 0.525 ± 0.018 0.540 ± 0.017 0.447 ± 0.025 0.477 ± 0.039
XGBoost 0.481 ± 0.025 0.489 ± 0.023 0.357 ± 0.033 0.439 ± 0.044

LightGBM 0.531 ± 0.015 0.547 ± 0.018 0.426 ± 0.032 0.499 ± 0.014
CatBoost 0.608 ± 0.019 0.619 ± 0.022 0.528 ± 0.023 0.587 ± 0.027
TabNet 0.468 ± 0.065 0.473 ± 0.068 0.368 ± 0.113 0.408 ± 0.066

FT-Transformer 0.686 ± 0.028 0.698 ± 0.036 0.607 ± 0.052 0.678 ± 0.029
NODE 0.553 ± 0.030 0.562 ± 0.042 0.457 ± 0.047 0.524 ± 0.033

GANDALF 0.635 ± 0.034 0.642 ± 0.034 0.554 ± 0.050 0.622 ± 0.035
SAINT 0.579 ± 0.027 0.594 ± 0.032 0.497 ± 0.037 0.552 ± 0.035

ExcelFormer 0.642 ± 0.035 0.652 ± 0.032 0.555 ± 0.046 0.630 ± 0.038
TabPFN 0.714 ± 0.008 0.722 ± 0.025 0.649 ± 0.021 0.707 ± 0.007

TabPFN-CE 0.795 ± 0.011 0.793 ± 0.016 0.736 ± 0.016 0.792 ± 0.011

TVAE

RF 0.458 ± 0.012 0.466 ± 0.011 0.351 ± 0.015 0.395 ± 0.024
XGBoost 0.403 ± 0.028 0.405 ± 0.033 0.288 ± 0.028 0.192 ± 0.184

LightGBM 0.449 ± 0.017 0.457 ± 0.017 0.330 ± 0.043 0.388 ± 0.021
CatBoost 0.505 ± 0.019 0.517 ± 0.022 0.410 ± 0.025 0.457 ± 0.040
TabNet 0.370 ± 0.051 0.371 ± 0.052 0.234 ± 0.086 0.120 ± 0.168

FT-Transformer 0.583 ± 0.030 0.595 ± 0.043 0.491 ± 0.040 0.561 ± 0.037
NODE 0.481 ± 0.028 0.493 ± 0.030 0.375 ± 0.035 0.428 ± 0.046

GANDALF 0.565 ± 0.028 0.587 ± 0.033 0.475 ± 0.039 0.536 ± 0.035
SAINT 0.496 ± 0.031 0.502 ± 0.033 0.387 ± 0.058 0.451 ± 0.045

ExcelFormer 0.619 ± 0.014 0.629 ± 0.022 0.540 ± 0.028 0.603 ± 0.012
TabPFN 0.643 ± 0.014 0.654 ± 0.022 0.569 ± 0.022 0.628 ± 0.016

TabPFN-CE 0.716 ± 0.008 0.734 ± 0.018 0.648 ± 0.016 0.709 ± 0.008

TabDiff

RF 0.559 ± 0.024 0.576 ± 0.029 0.481 ± 0.044 0.524 ± 0.026
XGBoost 0.515 ± 0.024 0.523 ± 0.022 0.413 ± 0.030 0.474 ± 0.047

LightGBM 0.571 ± 0.028 0.583 ± 0.034 0.470 ± 0.023 0.546 ± 0.043
CatBoost 0.629 ± 0.022 0.637 ± 0.026 0.552 ± 0.026 0.616 ± 0.022
TabNet 0.505 ± 0.065 0.513 ± 0.067 0.427 ± 0.131 0.442 ± 0.070

FT-Transformer 0.699 ± 0.020 0.713 ± 0.021 0.622 ± 0.045 0.688 ± 0.019
NODE 0.571 ± 0.039 0.581 ± 0.038 0.480 ± 0.050 0.542 ± 0.046

GANDALF 0.677 ± 0.027 0.695 ± 0.035 0.610 ± 0.043 0.664 ± 0.032
SAINT 0.604 ± 0.036 0.612 ± 0.049 0.513 ± 0.068 0.590 ± 0.029

ExcelFormer 0.660 ± 0.026 0.668 ± 0.032 0.573 ± 0.046 0.649 ± 0.028
TabPFN 0.757 ± 0.030 0.768 ± 0.030 0.695 ± 0.035 0.751 ± 0.029

TabPFN-CE 0.818 ± 0.037 0.822 ± 0.042 0.764 ± 0.046 0.811 ± 0.043

TabDDPM-CC

RF 0.553 ± 0.018 0.566 ± 0.025 0.464 ± 0.034 0.524 ± 0.023
XGBoost 0.509 ± 0.019 0.512 ± 0.019 0.414 ± 0.026 0.465 ± 0.038

LightGBM 0.563 ± 0.024 0.577 ± 0.028 0.463 ± 0.020 0.538 ± 0.034
CatBoost 0.633 ± 0.017 0.639 ± 0.023 0.555 ± 0.021 0.619 ± 0.019
TabNet 0.478 ± 0.044 0.483 ± 0.048 0.384 ± 0.069 0.412 ± 0.049

FT-Transformer 0.709 ± 0.017 0.721 ± 0.016 0.637 ± 0.039 0.703 ± 0.016
NODE 0.579 ± 0.030 0.592 ± 0.029 0.502 ± 0.040 0.550 ± 0.037

GANDALF 0.671 ± 0.023 0.690 ± 0.027 0.601 ± 0.034 0.658 ± 0.027
SAINT 0.608 ± 0.028 0.615 ± 0.038 0.511 ± 0.060 0.594 ± 0.024

ExcelFormer 0.702 ± 0.022 0.708 ± 0.027 0.629 ± 0.039 0.695 ± 0.021
TabPFN 0.769 ± 0.023 0.780 ± 0.024 0.698 ± 0.027 0.766 ± 0.025

TabPFN-CE 0.841 ± 0.033 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034

TabDDPM-S is not included in Table 2. It is an intermediate configuration that contains 
only modifications (a)–(c) and is used in the ablation study.
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5.2. Classification Results
Among the four target classes, the None class is by far the smallest, with only 35 in-

stances across all partitions. This scarcity is the primary driver of the low balanced accuracy 
and G-mean values observed on the original dataset, since classifiers trained without 
correction tend to default to the majority action classes and rarely predict the minority 
outcome correctly.

This imbalance carries a direct operational cost in the maintenance context addressed 
by this study. A missed maintenance action, meaning an instance where Inspection, Lu-
brication or Replacement was truly required but the model predicts None, corresponds 
to a false negative with potential airworthiness and safety implications, since a genuine 
defect condition would go unaddressed until the next scheduled check. Conversely, an 
unnecessary maintenance action, meaning an instance where no intervention was needed 
but the model predicts one of the three action classes, corresponds to a false positive that 
generates avoidable downtime and labor cost. Standard accuracy is a poor guide for this 
trade-off, because a classifier that almost always predicts the majority classes can still report 
a deceptively high overall accuracy while performing poorly on both of these operationally 
meaningful error types. This is the motivation for reporting balanced accuracy, macro F1, 
MCC and G-mean in Table 3, since all four metrics weight the minority None class equally 
with the majority action classes rather than letting it be absorbed into the overall error rate.

Table 3 reports these four metrics for each classifier trained on the original dataset and 
on five augmented datasets. Four of them come from the family representatives and the 
fifth from TabDiff.

The results obtained on the original dataset confirm the severity of the class imbalance 
problem in the aircraft maintenance dataset used in this study. Balanced accuracy remains 
below 0.40 for every classifier except TabPFN and TabPFN-CE. G-mean falls below 0.05 for 
RF, XGBoost and LightGBM and also for NODE and TabNet. Given the class distribution 
described above, such low G-mean values indicate that these classifiers assign nearly all 
instances to the majority action classes and fail almost completely to recognize the rare None 
condition, which in practice would translate into a high rate of unnecessary maintenance 
triggers rather than missed defects. This is the core problem the proposed augmentation 
strategy aims to address.

Among the models trained without augmentation, TabPFN-CE already stands out with 
a balanced accuracy of 0.454 and a G-mean of 0.439, both considerably higher than any other 
classifier. This gap points to an inherent advantage of the TabPFN architecture combined 
with class-stratified context selection when coping with skewed label distributions, even 
before any resampling is applied.

Once augmentation is introduced every classifier benefits, but the magnitude of the 
gain depends strongly on the method used. TVAE produces the smallest improvement 
for most classifiers. For instance, the G-mean of XGBoost reaches only 0.192 under TVAE 
but climbs to 0.410 under SMOTE and 0.465 under TabDDPM-CC. SMOTE and Gaussian 
Copula yield comparable results overall, although Gaussian Copula edges ahead for most 
classifiers. CatBoost reaches a balanced accuracy of 0.552 with SMOTE against 0.608 with 
Gaussian Copula, a pattern repeated across most of the remaining models.

TabDDPM-CC and TabDiff give the strongest results in the table. TabDiff is slightly 
ahead for three tree ensembles and for TabNet and GANDALF, while TabDDPM-CC is 
ahead for the remaining seven classifiers, including both TabPFN variants. The combination 
of TabDDPM-CC with TabPFN-CE achieves the best overall performance, with a balanced 
accuracy of 0.841 and a macro F1 of 0.839. Its MCC is 0.789 and its G-mean 0.840. These 
values exceed those of the same classifier on the original data by 0.387 in balanced accuracy 
and 0.401 in G-mean. With the same classifier, TabDiff reaches a balanced accuracy of 0.818. 
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In practical terms, this level of balanced accuracy means the model correctly separates the 
rare None cases from genuine maintenance needs at a rate that would substantially cut both 
unnecessary maintenance triggers and missed defect cases relative to the original imbal-
anced model. These results suggest that class-conditional diffusion captures the minority 
maintenance events more faithfully than the other resampling strategies evaluated here.

At the model level a consistent ranking emerges regardless of the augmentation tech-
nique applied. TabPFN-CE and TabPFN occupy the top two positions in almost every 
column. FT-Transformer, GANDALF and ExcelFormer follow among the deep tabular 
architectures, and CatBoost leads the classical ensemble models. TabNet and XGBoost 
remain the weakest performers throughout the table, with TabNet in particular showing 
high variance across seeds as reflected by its wide standard deviations.

Figure 2 complements Table 3 with accuracy, macro precision and macro ROC-AUC for 
the same classifiers and training sets. Macro recall is not shown because it equals balanced 
accuracy in this setting and is already reported in Table 3. In the accuracy and precision 
panels, the original-data column is the lightest for every classifier. This shows how strongly 
the imbalance depresses these conventional metrics. In all three panels, the darkest cell 
of each row lies in the TabDDPM-CC or the TabDiff column. TVAE gives the weakest 
augmented result for every classifier.

Figure 2. Heatmaps of (a) accuracy, (b) macro precision and (c) macro ROC-AUC for the twelve 
classifiers trained on the original and augmented aircraft data (mean over ten seeds). Darker cells 
indicate higher values.

The ROC-AUC panel shows a markedly different picture. The gap between the original 
and the augmented columns is much smaller, and for three classifiers at least one augmented 
training set yields an ROC-AUC at or below that of the original data. This indicates that 
ROC-AUC is comparatively insensitive to the choice of resampling technique once some 
form of augmentation is applied, and its ability to distinguish between strategies is limited 
compared with balanced accuracy, macro F1 or G-mean. This is expected given the class 
distribution of the dataset, since ROC-AUC is computed from ranked class probabilities 
and remains comparatively forgiving of a classifier that ranks the rare None class low as 
long as the more frequent action classes are ordered correctly. This is the main reason this 
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study relies primarily on the imbalance-sensitive metrics of Table 3 rather than ROC-AUC 
alone when comparing augmentation methods.

Across Table 3 and Figure 2, TabPFN-CE trained on data generated with TabDDPM-
CC emerges as the configuration best suited to the aircraft maintenance classification task 
addressed in this study.

5.3. Ablation Study
Ablation studies were conducted on the generator, the classifier and the input features. 

Macro recall is not reported in the ablation tables because it is identical to balanced accuracy 
in a macro-averaged multiclass setting.

5.3.1. Generator-Side Ablation
Table 4 compares the three generator configurations, TabDDPM, TabDDPM-S and 

TabDDPM-CC, while the classifier is held fixed at the proposed TabPFN-CE. Moving from 
the unmodified baseline to the stability-enhanced TabDDPM-S produces a moderate gain 
across all seven metrics, with balanced accuracy rising from 0.806 to 0.818 and MCC from 
0.749 to 0.768. This suggests that clipping, timestep normalization and EMA reduce part of 
the training instability of the per-class models.

Table 4. Cumulative ablation of the proposed generator, classifier fixed at TabPFN-CE, mean ± std 
over 10 seeds.

Data 
Augmentation 

Methods
Acc Balanced Acc Macro P Macro F1 MCC G-Mean Macro 

ROC-AUC

TabDDPM 0.841 ± 0.014 0.806 ± 0.010 0.817 ± 0.045 0.807 ± 0.026 0.749 ± 0.020 0.803 ± 0.010 0.908 ± 0.008
TabDDPM-S 0.854 ± 0.010 0.818 ± 0.013 0.843 ± 0.037 0.828 ± 0.023 0.768 ± 0.015 0.815 ± 0.014 0.921 ± 0.009

TabDDPM-CC 0.866 ± 0.024 0.841 ± 0.033 0.838 ± 0.044 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.930 ± 0.008

The second increment, from TabDDPM-S to the proposed TabDDPM-CC, yields the 
larger of the two gains, raising balanced accuracy by a further 0.023 and G-mean by 0.025. 
Given that the minority class in this dataset is the None condition, this pattern suggests 
that the second group of modifications, led by class conditioning, primarily improves the 
representation of the scarcest maintenance outcome rather than uniformly inflating per-
formance across all four classes. The ordering TabDDPM < TabDDPM-S < TabDDPM-CC 
holds for six of the seven metrics. Macro precision is the exception, as TabDDPM-S (0.843) 
is slightly above TabDDPM-CC (0.838). The cumulative design shows the effect of each 
group of modifications but cannot separate the individual modifications within a group.

Table 5 reports the leave-one-out ablation, in which each modification is removed 
from the full TabDDPM-CC while the other five are kept. Removing the class-conditional 
single model (d) causes the largest loss. Balanced accuracy falls from 0.841 to 0.826 and 
propensity AUC rises from 0.565 to 0.585, so both utility and fidelity deteriorate. Removing 
range clipping (a), EMA (c) or DCR filtering (f) mainly harms fidelity, with propensity 
AUC rising to between 0.574 and 0.583. Their effect on classification is small and goes in 
both directions. Without (a) or (c), balanced accuracy is even slightly higher than for the 
full model. Timestep normalization (b) and the cosine schedule (e) leave both fidelity and 
utility essentially unchanged. None of the six removals changes macro F1 significantly after 
Holm correction.

These results refine the cumulative picture. The stability modifications (a)–(c) help 
per-class diffusion models, as shown by the gain from TabDDPM to TabDDPM-S. Once a 
single class-conditional network is used, they become largely redundant for classification 
and act mainly on fidelity. Class conditioning is therefore the generator component with 
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the largest individual effect. Even this effect is not significant on its own at ten seeds, 
and the difference between TabDDPM-CC and TabDDPM-S is not significant either (see 
Section 5.4). The ablation findings thus describe consistent tendencies rather than confirmed 
individual effects.

Table 5. Leave-one-out ablation of the six TabDDPM-CC modifications, classifier fixed at TabPFN-CE 
(mean ± std over 10 seeds). Holm-adjusted p-values refer to paired two-sided Wilcoxon tests on 
macro F1 against the full model (m = 6).

Configuration Balanced 
Acc Macro F1 MCC G-Mean Recall 

(None)
Propensity 

AUC ↓
Holm-Adj. 

p
Sig. 

(𝜶 = 0.05)

TabDDPM-CC 
(all six) 0.841 ± 0.033 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.714 ± 0.165 0.565 ± 0.022 – –

w/o (a) range 
clipping 0.846 ± 0.035 0.847 ± 0.036 0.792 ± 0.039 0.848 ± 0.032 0.729 ± 0.157 0.575 ± 0.014 1.000 X

w/o (b) timestep 
normalization 0.846 ± 0.038 0.840 ± 0.037 0.785 ± 0.036 0.849 ± 0.035 0.743 ± 0.176 0.564 ± 0.019 1.000 X

w/o (c) EMA 0.852 ± 0.037 0.848 ± 0.035 0.793 ± 0.040 0.857 ± 0.034 0.757± 0.179 0.583 ± 0.025 1.000 X
w/o (d) 
class-conditional 
single model

0.826 ± 0.029 0.825 ± 0.033 0.774 ± 0.034 0.830 ± 0.031 0.686 ± 0.162 0.585 ± 0.031 1.000 X

w/o (e) cosine 
schedule 0.841 ± 0.034 0.839 ± 0.034 0.785 ± 0.030 0.842 ± 0.035 0.714 ± 0.165 0.565 ± 0.011 1.000 X

w/o (f) DCR 
filtering 0.836 ± 0.036 0.831 ± 0.038 0.774 ± 0.037 0.836 ± 0.037 0.714 ± 0.190 0.574 ± 0.018 1.000 X

Note: ↓ indicates that lower values are better. X indicates that the difference is not significant after 
Holm correction (𝛼 = 0.05).

The DCR filter (f) is examined further in Appendix B, Table A4. Removing it lowers 
the DCR share from 0.544 to 0.511 and the near-copy rate from 0.058 to 0.044. Coverage 
changes from 0.903 to 0.897 and the unique NN ratio from 0.679 to 0.683, so diversity is 
almost unchanged. The filter thus moves the synthetic records slightly toward the training 
data. In return, it gives small gains in fidelity and utility, and its effect on classification is 
not significant (Table 5). It keeps the near-copy rate close to the held-out reference and 
does not reduce diversity in a measurable way.

5.3.2. Classifier-Side Context Selection and Backbone Ablation
Table 6 compares the five classifier configurations while the generator is held fixed at 

the proposed TabDDPM-CC.

Table 6. Cumulative ablation of the proposed classifier, generator fixed at TabDDPM-CC, mean ± std 
over 10 seeds.

Classifier/
Metric Acc Balanced Acc Macro P Macro F1 MCC G-Mean Macro 

ROC-AUC

TabPFN 
(baseline) 0.809 ± 0.017 0.769 ± 0.023 0.797 ± 0.032 0.780 ± 0.024 0.698 ± 0.027 0.766 ± 0.025 0.882 ± 0.010

TabPFN-R 0.805 ± 0.020 0.753 ± 0.029 0.787 ± 0.044 0.766 ± 0.030 0.691 ± 0.032 0.747 ± 0.031 0.864 ± 0.008
TabPFN-KM 0.835 ± 0.013 0.796 ± 0.012 0.789 ± 0.039 0.790 ± 0.022 0.740 ± 0.020 0.794 ± 0.012 0.894 ± 0.012
TabPFN-KC 0.849 ± 0.009 0.811 ± 0.006 0.811 ± 0.030 0.809 ± 0.016 0.761 ± 0.014 0.809 ± 0.006 0.914 ± 0.010
TabPFN-CE 0.866 ± 0.024 0.841 ± 0.033 0.838 ± 0.044 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.930 ± 0.008

Replacing the fixed default context of TabPFN with a class-stratified random sample, 
TabPFN-R, does not improve performance and in fact produces a small decrease relative 
to the baseline, with balanced accuracy falling from 0.769 to 0.753 and G-mean from 0.766 
to 0.747. This suggests that varying the context composition without an explicit selection 
criterion does not address the limitations of a fixed context, and in this dataset random 
sampling introduces additional variance that offsets any potential benefit of stratification. 
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This is a relevant finding for the target application, since a context selection strategy that 
increases variance without a systematic benefit would be an unreliable basis for a mainte-
nance decision support tool, where consistent behavior across retraining runs matters as 
much as average performance.

Introducing an explicit selection criterion reverses this trend. TabPFN-KM, which 
selects context points through k-means centroids, raises balanced accuracy to 0.796, while 
TabPFN-KC, which selects context points through k-center greedy coverage, raises it further 
to 0.811 and yields the highest MCC and G-mean among the four non-ensemble variants. The 
gap between TabPFN-KM and TabPFN-KC indicates that optimizing for boundary coverage 
rather than density representativeness is more effective for a context of fixed size. This is 
consistent with the structure of the dataset, since a context built from density-representative 
points is more likely to be dominated by the frequent Lubrication and Inspection classes, 
while a coverage-based context is more likely to retain examples from the rare None and 
Replacement classes near the decision boundary.

The proposed TabPFN-CE, which combines multiple k-center contexts drawn with 
different seeds through posterior averaging, achieves the best result on all seven metrics. 
The gain over the single-context TabPFN-KC is smaller than the gain obtained by introduc-
ing the k-center criterion itself, indicating that most of the benefit of the proposed context 
construction strategy comes from the coverage-based selection rather than from the ensem-
bling step, while the ensembling step still provides a consistent additional improvement. 
TabPFN-CE also shows a higher standard deviation than TabPFN-KC on several metrics, 
for instance an MCC standard deviation of 0.037 against 0.014, an expected consequence of 
averaging posteriors from a small number of independently sampled contexts. Section 5.4 
tests whether this margin is significant.

Table 7 repeats the comparison between the single default context and TabPFN-CE with 
the newer TabPFN v2, v2.5 and v3 backbones. All other settings follow the main protocol. 
Newer backbones improve both configurations. On TabDDPM-CC data, the single-context 
model rises from 0.769 with v1 to 0.824 with v3, and TabPFN-CE rises from 0.841 to 0.860. 
The gain of TabPFN-CE over the single context shrinks as the backbone improves, from 
0.072 with v1 to 0.036 with v3. It remains significant for v1 and v2 but not for v2.5 and v3 
after Holm correction. On the original data, all backbones stay below a balanced accuracy of 
0.51. Augmentation therefore matters far more than the backbone version, and the ordering 
of the two context strategies is the same for every version. This pattern supports the use of 
v1 for the main analysis. The context-construction problem is most severe for v1, and the 
conclusions on augmentation do not depend on this choice.

Table 7. Backbone sensitivity of the context-construction strategy with TabPFN v1, v2, v2.5 and v3 
(mean ± std over 10 seeds). Holm-adjusted p-values refer to paired two-sided Wilcoxon tests on 
macro F1 between TabPFN-CE and the single-context model (m = 8).

Training 
Data Backbone Configuration Balanced 

Acc Macro F1 MCC G-Mean Holm-Adj. 
p

Sig. 
(𝜶 = 0.05)

Original

TabPFN v1 
(main)

Single context 0.428 ± 0.013 0.425 ± 0.015 0.226 ± 0.027 0.410 ± 0.021
TabPFN-CE 0.454 ± 0.006 0.452 ± 0.008 0.253 ± 0.020 0.439 ± 0.005 0.016 ✓

TabPFN v2
Single context 0.472 ± 0.014 0.469 ± 0.015 0.283 ± 0.031 0.458 ± 0.022
TabPFN-CE 0.487 ± 0.009 0.484 ± 0.011 0.299 ± 0.025 0.472 ± 0.008 0.111 X

TabPFN v2.5
Single context 0.486 ± 0.012 0.484 ± 0.013 0.298 ± 0.026 0.472 ± 0.019
TabPFN-CE 0.497 ± 0.008 0.492 ± 0.010 0.318 ± 0.022 0.483 ± 0.007 0.168 X

TabPFN v3
Single context 0.493 ± 0.013 0.491 ± 0.014 0.308 ± 0.029 0.478 ± 0.021
TabPFN-CE 0.503 ± 0.008 0.502 ± 0.010 0.325 ± 0.022 0.489 ± 0.007 0.168 X
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Table 7. Cont.

Training 
Data Backbone Configuration Balanced 

Acc Macro F1 MCC G-Mean Holm-Adj. 
p

Sig. 
(𝜶 = 0.05)

TabDDPM-
CC

TabPFN v1 
(main)

Single context 0.769 ± 0.023 0.780 ± 0.024 0.698 ± 0.027 0.766 ± 0.025
TabPFN-CE 0.841 ± 0.033 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.027 ✓

TabPFN v2
Single context 0.806 ± 0.021 0.815 ± 0.022 0.747 ± 0.025 0.803 ± 0.023
TabPFN-CE 0.850 ± 0.029 0.847 ± 0.032 0.799 ± 0.032 0.848 ± 0.030 0.027 ✓

TabPFN v2.5
Single context 0.819 ± 0.020 0.824 ± 0.021 0.759 ± 0.024 0.817 ± 0.022
TabPFN-CE 0.857 ± 0.027 0.854 ± 0.030 0.801 ± 0.030 0.856 ± 0.028 0.098 X

TabPFN v3
Single context 0.824 ± 0.019 0.832 ± 0.020 0.767 ± 0.023 0.821 ± 0.021
TabPFN-CE 0.860 ± 0.026 0.861 ± 0.029 0.810 ± 0.029 0.859 ± 0.027 0.109 X

Note: ✓ indicates a significant difference after Holm correction (𝛼 = 0.05), and X indicates a non-
significant one.

5.3.3. Feature Engineering Ablation
The final ablation isolates the individual and joint contribution of the engineered 

features introduced in Section 4.4 and the proposed augmentation method TabDDPM-CC, 
using a 2 × 2 factorial design with the classifier fixed at TabPFN-CE. Four configurations 
are compared: the original six input variables without feature engineering or augmenta-
tion (A), the original six variables enriched with the six engineered features but without 
augmentation (B), the original six variables augmented with TabDDPM-CC but without 
feature engineering (C), and the proposed configuration combining both augmentation 
and feature engineering (D). Table 8 reports the results.

Table 8. Factorial ablation of feature engineering and augmentation, classifier fixed at TabPFN-CE, 
mean ± std over 10 seeds.

Condition Acc Balanced Acc Macro P Macro F1 MCC G-Mean Macro 
ROC-AUC

A: Original (6 features, 
no augmentation) 0.480 ± 0.011 0.413 ± 0.007 0.412 ± 0.016 0.410 ± 0.009 0.207 ± 0.022 0.391 ± 0.009 0.828 ± 0.013

B: Feature 
engineering only 0.524 ± 0.010 0.454 ± 0.006 0.453 ± 0.015 0.452 ± 0.008 0.253 ± 0.020 0.439 ± 0.005 0.840 ± 0.012

C: Augmentation only 0.722 ± 0.023 0.694 ± 0.026 0.699 ± 0.033 0.690 ± 0.029 0.589 ± 0.033 0.687 ± 0.030 0.880 ± 0.018
D: Proposed (both) 0.866 ± 0.024 0.841 ± 0.033 0.838 ± 0.044 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.930 ± 0.008

Comparing B to A shows that feature engineering alone provides a measurable but 
modest gain, with balanced accuracy rising from 0.413 to 0.454. This is consistent with 
the limited representation of the None class in the original training data, since a sample 
of 24 instances offers little statistical support for the ratio and rate-based features, which 
constrains the amount of additional signal these features can extract without augmentation.

Comparing C to A shows that augmentation alone produces a substantially larger 
gain, raising balanced accuracy from 0.413 to 0.694. This is consistent with the central 
role of augmentation and indicates that the scarcity of minority instances is the dominant 
bottleneck in this classification task, ahead of the input feature representation.

The comparison of most interest is D against C, which isolates the contribution of 
feature engineering once the class imbalance has already been addressed by augmentation. 
Here balanced accuracy rises from 0.694 to 0.841, a gain of 0.147, which is more than three 
times larger than the gain obtained from feature engineering without augmentation. This 
pattern indicates an interaction effect rather than a purely additive one. Once TabDDPM-CC 
supplies enough synthetic examples of the None and Replacement classes, the engineered 
features can be computed and learned from a sufficiently large and balanced sample, and 
their contribution to the classification boundary becomes considerably stronger. In other 
words, the benefit of feature engineering depends on the class distribution it is applied to. 
It requires enough minority class examples to make the derived ratios and rates informative 
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rather than noisy. The overall gain of the proposed configuration D over the original 
configuration A, an increase of 0.428 in balanced accuracy, exceeds the sum of the two 
individual effects observed in isolation, which further supports the presence of a synergistic 
rather than additive relationship between the two components.

Table 9 removes each engineered feature in turn from the final pipeline. Oil_Efficiency 
has the largest individual effect. Without it, balanced accuracy falls from 0.841 to 0.810 
and None recall from 0.714 to 0.657. Removing Maint_Aging_Ratio or Hours_per_Cycle 
also lowers macro F1 significantly after Holm correction. Stress_Index shows a smaller 
loss that does not reach significance. Vibration_Anomaly and High_Risk_State can be 
removed without a measurable loss. Their information appears to be carried largely by the 
raw vibration and temperature readings and by Stress_Index. Removing all six derived 
features lowers balanced accuracy to 0.694, which equals configuration C in Table 8. The 
engineered set is therefore useful as a whole, but two of its six members are redundant in 
the present data.

Table 9. Leave-one-feature-out ablation of the engineered features with TabDDPM-CC augmentation 
and the TabPFN-CE classifier (mean ± std over 10 seeds). Raw and Holm-adjusted p-values refer to 
paired two-sided Wilcoxon tests on macro F1 against the full twelve-feature model (m = 7).

Condition Balanced 
Acc Macro F1 MCC G-Mean Recall 

(None)
Recall

(Replacement) Raw p Holm-
Adj. p Sig.

K0: all twelve
features 0.841 ± 0.033 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.714 ± 0.165 0.938 ± 0.059 – – –

K1: without 
Hours_per_Cycle 0.826 ± 0.036 0.823 ± 0.040 0.771 ± 0.040 0.824 ± 0.037 0.686 ± 0.176 0.925 ± 0.065 0.010 0.039 ✓

K2: without 
Stress_Index 0.830 ± 0.035 0.828 ± 0.038 0.778 ± 0.039 0.828 ± 0.036 0.700 ± 0.171 0.931 ± 0.062 0.020 0.059 X

K3: without
Oil_Efficiency 0.810 ± 0.040 0.805 ± 0.043 0.748 ± 0.044 0.806 ± 0.042 0.657 ± 0.181 0.912 ± 0.067 0.002 0.014 ✓

K4: without 
Maint_Aging_Ra-
tio

0.816 ± 0.038 0.812 ± 0.041 0.757 ± 0.042 0.812 ± 0.040 0.671 ± 0.179 0.919 ± 0.066 0.004 0.020 ✓

K5: without
Vibration_Anomaly 0.838 ± 0.034 0.837 ± 0.037 0.786 ± 0.038 0.838 ± 0.035 0.714 ± 0.165 0.938 ± 0.059 0.557 0.557 X

K6: without 
High_Risk_State 0.835 ± 0.035 0.833 ± 0.038 0.781 ± 0.039 0.833 ± 0.036 0.700 ± 0.171 0.931 ± 0.062 0.275 0.551 X

K7: without all six 
derived features 0.694 ± 0.026 0.690 ± 0.029 0.589 ± 0.033 0.687 ± 0.030 0.443 ± 0.142 0.819 ± 0.086 0.002 0.014 ✓

Note: ✓ indicates a significant difference after Holm correction (𝛼 = 0.05), and X indicates a non-
significant one.

5.4. Statistical Significance Analysis
The results of Sections 5.2 and 5.3 identify TabDDPM-CC and TabPFN-CE as the 

augmentation method and classifier with the highest mean performance. This section tests 
whether these advantages are stable across the ten resampled partitions. Paired two-sided 
Wilcoxon signed-rank tests on macro F1 were used [29], and the Holm–Bonferroni procedure 
controlled the family-wise error rate within each family of comparisons at 𝛼 = 0.05 [30]. 
Because the seeds share the same 647 records, the tests describe stability within this dataset 
rather than independent replication. The training and test partitions of different seeds 
overlap, so the seed-level results are not independent. The p-values therefore show whether 
a difference recurs across partitions, not how often it would hold in new data. For the same 
reason, the comparisons below are interpreted through the size and direction of the mean 
differences as well as the test outcome, and superiority is claimed only where the advantage 
remains significant after Holm correction.

The first comparison addresses the augmentation dimension. TabDDPM-CC paired 
with TabPFN-CE was compared with the original dataset and with the eleven other aug-
mentation methods, including TabDDPM-S. Table 10 reports the results. TabDDPM-CC is 

https://doi.org/10.3390/math14214032

https://doi.org/10.3390/math14214032


Mathematics 2026, 14, 4032 35 of 52

significantly better than the original data and seven of the eleven generators after Holm 
correction. The differences from SMOTE and TabDiff and from the two earlier TabDDPM 
variants are not significant. These four comparisons call for a cautious reading. TabDDPM 
and TabDDPM-S share the diffusion backbone of the proposed method, and their gaps to 
TabDDPM-CC were already modest in the ablation. TabDiff is a recent generator that comes 
close to TabDDPM-CC on both quality and utility. SMOTE remains a competitive baseline 
on this dataset even though it trails TabDDPM-CC by 0.055 in balanced accuracy. The 
evidence therefore supports a consistent advantage of TabDDPM-CC over most generators, 
but not a significant superiority over these four.

Table 10. Two-sided Wilcoxon signed-rank tests on macro F1 with Holm correction, TabDDPM-CC 
versus comparator augmentation methods with the TabPFN-CE classifier (10 seeds).

Comparator Augmentation 
Method Raw p-Value Holm-Adjusted 

p-Value Significant (𝜶 = 0.05)

Original Dataset 0.002 0.023 ✓
SMOTE 0.027 0.109 X

ADASYN 0.004 0.023 ✓
BGM 0.002 0.023 ✓

Gaussian Copula 0.010 0.049 ✓
CopulaGAN 0.002 0.023 ✓

CTGAN 0.002 0.023 ✓
TVAE 0.002 0.023 ✓

TabDDPM 0.084 0.252 X
TabDDPM-S 0.322 0.551 X

TabSyn 0.002 0.023 ✓
TabDiff 0.275 0.551 X

Note: With ten paired seeds, 0.002 is the smallest attainable two-sided exact p-value. Holm adjustment 
is applied across the twelve comparisons of this table. ✓ indicates a significant difference after Holm 
correction, and X indicates a non-significant one.

The second comparison examines the classifier dimension. TabPFN-CE trained on 
TabDDPM-CC data was compared with the eleven baseline classifiers and with the three single-
context TabPFN variants. Table 11 summarizes the outcome. TabPFN-CE is significantly better 
than every classifier except TabPFN-KC, for which the Holm-adjusted p-value of 0.055 narrowly 
misses the threshold. The coverage-based context therefore gives a stable improvement over 
gradient boosting and deep tabular architectures on this dataset. Its margin over the single 
k-center context is consistent in direction but not significant at ten seeds.

Table 11. Two-sided Wilcoxon signed-rank tests on macro F1 with Holm correction, TabPFN-CE 
versus comparator classifiers on TabDDPM-CC augmented data (10 seeds).

Comparator Classifier Raw p-Value Holm-Adjusted p-Value Significant (𝜶 = 0.05)

RF 0.002 0.027 ✓
XGBoost 0.002 0.027 ✓

LightGBM 0.002 0.027 ✓
CatBoost 0.002 0.027 ✓
TabNet 0.002 0.027 ✓

FT-Transformer 0.002 0.027 ✓
NODE 0.002 0.027 ✓

GANDALF 0.002 0.027 ✓
SAINT 0.002 0.027 ✓

ExcelFormer 0.002 0.027 ✓
TabPFN 0.004 0.027 ✓

TabPFN-R 0.010 0.029 ✓
TabPFN-KM 0.014 0.029 ✓
TabPFN-KC 0.049 0.055 X

Note: ✓ indicates a significant difference after Holm correction (𝛼 = 0.05), and X indicates a non-
significant one.
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A third comparison addresses the factorial design of Section 5.3.3. Four paired tests 
were conducted, each isolating one effect under one level of the other factor, with Holm 
correction across the four comparisons. Table 12 reports the results. All four comparisons 
remain significant after correction. Both feature engineering and augmentation thus have 
a seed-stable effect whether or not the other component is present. These tests confirm 
each simple effect but do not test the interaction itself, which rests on the size of the gains 
in Table 8.

Table 12. Two-sided Wilcoxon signed-rank tests on macro F1 with Holm correction, factorial compari-
son of feature engineering and augmentation effects (10 seeds).

Comparison Effect Tested Raw p-Value Holm-Adjusted 
p-Value Significant (𝜶 = 0.05)

B vs. A Feature engineering,
without augmentation 0.002 0.008 ✓

D vs. C Feature engineering,
with augmentation 0.002 0.008 ✓

C vs. A
Augmentation,
without feature 

engineering
0.002 0.008 ✓

D vs. B Augmentation,
with feature engineering 0.002 0.008 ✓

Note: ✓ indicates a significant difference after Holm correction (𝛼 = 0.05), and X indicates a non-
significant one.

Taken together, these tests support the central design choices within the limits of this 
dataset. The advantage of TabPFN-CE over nearly the entire classifier pool and that of 
TabDDPM-CC over most generators are stable across the ten partitions. The non-significant 
comparisons with TabPFN-KC and with SMOTE, TabDiff and the earlier TabDDPM variants 
mark the points where the evidence for superiority is weakest.

5.5. Sensitivity and Robustness Analysis
5.5.1. Augmentation Ratio

The proposed pipeline enlarges each minority class up to a fixed multiple of its real 
size, capped at the size of the majority class. This augmentation ratio was set to 4.0 before 
the experiments. To assess this choice, TabPFN-CE was retrained on data augmented by 
TabDDPM-CC for six ratios between 1 and 5, with all other components of the pipeline 
held fixed. A ratio of 1 adds no synthetic records and reproduces the original-data result. 
Table 13 reports the macro-averaged metrics together with the per-class recall, which is 
needed because the ratio effect differs across the four categories.

Performance increases steadily as the ratio grows from 1 to 4 and then declines at ratio 
5. Balanced accuracy rises from 0.454 at ratio 1 to a peak of 0.841 at ratio 4 and falls back to 
0.793 at ratio 5. Every aggregate metric in Table 13 peaks at ratio 4, including MCC (0.789) 
and G-mean (0.840). The ratio fixed in advance therefore coincides with the best of the six 
values. Because this analysis uses the test partitions, it is reported as a descriptive check 
and was not used to select the ratio.

The per-class recall values show that the pattern is not uniform across the four mainte-
nance categories. Recall for None rises from 0.329 at ratio 1 to 0.714 at ratio 4. Replacement 
recall shows an even larger rise, from 0.394 to 0.938. Inspection recall plateaus early at about 
0.88 from ratio 3 onward. Lubrication improves more gradually, from 0.597 to 0.825.
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Table 13. Sensitivity of TabPFN-CE performance to the TabDDPM-CC augmentation ratio, mean ±
std over 10 seeds. Columns correspond to the six augmentation ratio values evaluated.

Metric Ratio 1 Ratio 1.5 Ratio 2 Ratio 3 Ratio 4 Ratio 5

Acc 0.524 ± 0.010 0.682 ± 0.029 0.742 ± 0.045 0.809 ± 0.035 0.866 ± 0.024 0.834 ± 0.023
Balanced Acc 0.454 ± 0.006 0.604 ± 0.021 0.669 ± 0.065 0.737 ± 0.059 0.841 ± 0.033 0.793 ± 0.066
Macro P 0.453 ± 0.015 0.584 ± 0.054 0.697 ± 0.085 0.735 ± 0.068 0.838 ± 0.044 0.800 ± 0.041
Macro F1 0.452 ± 0.008 0.581 ± 0.033 0.665 ± 0.066 0.730 ± 0.060 0.839 ± 0.037 0.781 ± 0.059
MCC 0.253 ± 0.020 0.508 ± 0.038 0.598 ± 0.073 0.705 ± 0.053 0.789 ± 0.037 0.746 ± 0.034
G-Mean 0.439 ± 0.005 0.557 ± 0.057 0.587 ± 0.205 0.653 ± 0.225 0.840 ± 0.034 0.755 ± 0.104
Macro ROC-AUC 0.840 ± 0.012 0.806 ± 0.013 0.824 ± 0.025 0.846 ± 0.024 0.930 ± 0.008 0.868 ± 0.022
Recall (None) 0.329 ± 0.069 0.343 ± 0.181 0.343 ± 0.168 0.414 ± 0.184 0.714 ± 0.165 0.543 ± 0.284
Recall (Inspection) 0.498 ± 0.047 0.600 ± 0.092 0.782 ± 0.074 0.884 ± 0.054 0.886 ± 0.048 0.882 ± 0.041
Recall 
(Lubrication) 0.597 ± 0.040 0.773 ± 0.076 0.740 ± 0.057 0.786 ± 0.053 0.825 ± 0.048 0.805 ± 0.063

Recall 
(Replacement) 0.394 ± 0.059 0.700 ± 0.105 0.812 ± 0.072 0.863 ± 0.101 0.938 ± 0.059 0.944 ± 0.046

Read through the cost asymmetry described in Section 5.2, the gains for Lubrication 
and Replacement matter at least as much as the gain for None. Both concern the more 
consequential type of error, in which a required action is missed. A lubrication need left 
unaddressed can accelerate wear, and an undetected replacement need can progress toward 
a functional failure.

The decline observed at ratio 5 is consistent with an oversampling effect rather than a 
random fluctuation, since it appears jointly across accuracy, balanced accuracy, MCC and G-
mean and is accompanied by a drop in None recall from 0.714 to 0.543. Generating synthetic 
samples well beyond the size of the available real minority data increases the risk that the 
generator extrapolates into regions of the feature space that are not well supported by real 
observations, particularly for a class with only 24 original training instances. Once the 
volume of synthetic None examples substantially exceeds what the real data can constrain, 
the classifier is more likely to learn decision boundaries shaped by generator artifacts rather 
than by genuine class-conditional structure, which is consistent with the higher standard 
deviation of None recall at ratio 5 (0.284) compared with ratio 4 (0.165). Replacement 
recall continues to improve slightly at ratio 5 while None recall deteriorates, which indicates 
that the two classes respond differently to over-augmentation and that a single global ratio 
involves a trade-off across classes rather than a uniform effect.

Taken together, these results are consistent with the choice of ratio 4 as the operating 
point for the proposed pipeline. The sensitivity analysis shows that performance is not 
brittle around this value, since ratios 3 and 5 both remain well above the unaugmented 
baseline of ratio 1, but it also shows that the specific choice of ratio is not arbitrary, since 
moving away from 4 in either direction measurably reduces performance on the metrics 
most relevant to the class imbalance problem, and to the higher-cost misclassifications, 
addressed in this study.

5.5.2. Sensor and Label Noise
Table 14 reports the effect of sensor and label noise injected into the training partition 

before augmentation. Sensor noise lowers performance gradually. At 20% sensor noise, the 
balanced accuracy of the TabDDPM-CC pipeline falls from 0.841 to 0.797, while SMOTE falls 
from 0.786 to 0.754. Label noise is more harmful. With 20% of the training labels changed, 
TabDDPM-CC drops to 0.618 and SMOTE to 0.611. The original-data pipeline changes little 
because it starts close to its floor. TabDDPM-CC stays above SMOTE at every level but 
loses more in absolute terms. Its margin shrinks from 0.055 on clean data to 0.007 at 20% 
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label noise. This pattern is consistent with a moderate amplification of label errors by the 
generator. A class-conditional model learns the class regions from the labels it is given, so 
corrupted labels blur these regions in the synthetic data as well. None of the differences 
from SMOTE is significant after Holm correction across the seven settings. In practice, label 
auditing such as confident learning [70] should precede augmentation when maintenance 
logs may contain recording errors.

Table 14. Effect of sensor and label noise injected into the training partition on the TabPFN-CE 
pipeline (mean ± std over 10 seeds). The last column gives Holm-adjusted p-values of paired two-
sided Wilcoxon tests on macro F1 between TabDDPM-CC and SMOTE (m = 7).

Original SMOTE TabDDPM-CC Holm-Adj. p

Noise Setting Balanced Acc G-Mean Balanced Acc G-Mean Balanced Acc G-Mean CC vs. 
SMOTE

Clean 0.454 ± 0.006 0.439 ± 0.005 0.786 ± 0.011 0.784 ± 0.010 0.841 ± 0.033 0.840 ± 0.034 0.068
Sensor noise, 5% 0.452 ± 0.011 0.435 ± 0.010 0.781 ± 0.014 0.778 ± 0.013 0.831 ± 0.036 0.829 ± 0.037 0.082
Sensor noise, 10% 0.449 ± 0.012 0.431 ± 0.012 0.772 ± 0.016 0.769 ± 0.015 0.820 ± 0.039 0.817 ± 0.040 0.098
Sensor noise, 20% 0.443 ± 0.014 0.423 ± 0.015 0.754 ± 0.021 0.750 ± 0.020 0.797 ± 0.044 0.793 ± 0.046 0.148
Label noise, 5% 0.448 ± 0.014 0.424 ± 0.020 0.741 ± 0.024 0.736 ± 0.025 0.768 ± 0.040 0.763 ± 0.043 0.252
Label noise, 10% 0.440 ± 0.017 0.409 ± 0.024 0.694 ± 0.031 0.686 ± 0.033 0.712 ± 0.048 0.703 ± 0.051 0.551
Label noise, 20% 0.425 ± 0.021 0.380 ± 0.031 0.611 ± 0.042 0.596 ± 0.047 0.618 ± 0.058 0.601 ± 0.063 0.770

5.5.3. Covariate Shift
Table 15 reports the covariate-shift experiment. Training used only records with Flight 

Hours at or below the 70th percentile, and testing used records above it. The original-data 
pipeline almost collapses under this shift, with a balanced accuracy of 0.401 and a G-mean 
of 0.126. TabDDPM-CC keeps a balanced accuracy of 0.685, well below its in-distribution 
value of 0.841 but far above the original data. The loss is concentrated in the None class, 
whose recall falls to 0.367, while Replacement recall stays at 0.844. Adding 20% of the 
shifted records to the TabPFN-CE context pool raises balanced accuracy to 0.781 and None 
recall to 0.500 without retraining the generator. Both differences are significant after Holm 
correction. Because TabPFN-CE learns in context, such a refresh only requires adding recent 
labeled records to the pool. This offers a practical route for adapting the classifier to a new 
fleet or operating regime, although it cannot replace retraining the generator when the shift 
is large.

Table 15. Performance under a controlled covariate shift in Flight Hours with the TabPFN-CE classifier 
(mean ± std over 10 seeds). Training records have Flight Hours at or below the 70th percentile and 
test records lie above it. Holm-adjusted p-values refer to paired two-sided Wilcoxon tests on macro F1 
against TabDDPM-CC under shift (m = 2).

Configuration Balanced Acc Macro F1 MCC G-Mean Recall (None) Recall
(Replacement) Holm-Adj. p

In-distribution test set (reference)
TabDDPM-CC 0.841 ± 0.033 0.839 ± 0.037 0.789 ± 0.037 0.840 ± 0.034 0.714 ± 0.165 0.938 ± 0.059 –
Shifted test set (Flight Hours above the 70th percentile)
Original 0.401 ± 0.040 0.372 ± 0.045 0.196 ± 0.060 0.126 ± 0.203 0.100 ± 0.161 0.281 ± 0.079 0.004
TabDDPM-CC 0.685 ± 0.052 0.668 ± 0.058 0.575 ± 0.070 0.597 ± 0.215 0.367 ± 0.189 0.844 ± 0.059 –
TabDDPM-CC + 
context refresh 0.781 ± 0.045 0.766 ± 0.048 0.706 ± 0.058 0.750 ± 0.067 0.500 ± 0.176 0.934 ± 0.045 0.004

5.6. Computational Cost
Table 16 separates the cost of the pipeline into an offline stage and a deployment stage. 

The offline stage runs once per training partition. TabDDPM-CC needs about 42 s on the 
laptop GPU to train and to generate the 308 synthetic records. This is about twice the time 
of the baseline TabDDPM because of the joint network and the DCR filtering buffer, but 
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it remains below TabSyn (72 s) and TabDiff (80 s). Because augmentation is needed only 
when the model is retrained, this cost does not affect deployment.

In the deployment stage, TabPFN-CE scores a batch of records at about 34 ms per 
record on the GPU. A single record takes about 3.7 s on the GPU and 26 s on the CPU 
because every query requires five forward passes over the stored contexts. Gradient-boosted 
trees answer in about 2 ms or less. TabPFN-CE is therefore not suited to on-board, real-time 
prognostics. It is intended as a ground-based decision-support tool that runs after each 
flight or during maintenance planning, where a few seconds per record is acceptable. The 
ensemble size R sets the trade-off. With R = 1, the cost equals that of TabPFN-KC and 
balanced accuracy is 0.811. With R = 3, balanced accuracy reaches 0.836 at about 60% of the 
batch cost of R = 5. TabPFN-KC is thus a cheaper alternative when latency matters more 
than the last increment of accuracy.

Table 16. Computational cost of the proposed pipeline on the aircraft dataset. Panel A covers the 
offline augmentation stage, which runs once per training partition (452 real and 308 synthetic records). 
Panel B covers the deployment stage, in which a trained classifier scores new maintenance records. All 
classifiers were trained on TabDDPM-CC-augmented data. Dashes mark settings that were not timed.

Panel A. Offline Augmentation Stage

Family Method Device Training and Generation Time (s)

Interpolation-based SMOTE CPU 0.005 ± 0.005
ADASYN CPU 0.008 ± 0.008

Statistical BGM CPU 0.027 ± 0.004
Gaussian Copula CPU 0.203 ± 0.201

Deep generative CopulaGAN GPU 33.537 ± 2.729
CTGAN GPU 68.338 ± 4.777

TVAE GPU 37.673 ± 2.645
Diffusion-based TabDDPM GPU 20.750 ± 1.418

TabDDPM-S GPU 22.921 ± 1.767
TabSyn GPU 71.906 ± 7.351
TabDiff GPU 79.834 ± 7.126

TabDDPM-CC GPU 42.410 ± 2.201

Panel B. Deployment Stage

Family Classifier Balanced Acc Fit Time (s) Batch Scoring 
(ms per Record)

Single Record, 
GPU (ms)

Single Record, 
CPU (ms)

Tree-based 
ensembles RF 0.553 ± 0.018 0.412 ± 0.019 0.318 ± 0.021 31.842 ± 1.213 33.106 ± 1.874

XGBoost 0.509 ± 0.019 0.286 ± 0.014 0.031 ± 0.003 1.274 ± 0.082 –
LightGBM 0.563 ± 0.024 0.198 ± 0.012 0.047 ± 0.004 1.846 ± 0.113 –
CatBoost 0.633 ± 0.017 2.318 ± 0.104 0.022 ± 0.002 0.512 ± 0.034 0.524 ± 0.041

Differentiable tree 
ensembles NODE 0.579 ± 0.030 27.614 ± 2.208 0.091 ± 0.007 7.213 ± 0.402 –

GANDALF 0.671 ± 0.023 15.842 ± 1.371 0.417 ± 0.031 21.374 ± 1.226 –
Attention and 
transformer-based TabNet 0.478 ± 0.044 14.926 ± 1.842 0.066 ± 0.006 4.318 ± 0.265 –

FT-Transformer 0.709 ± 0.017 24.731 ± 2.166 0.214 ± 0.016 12.846 ± 0.738 –
SAINT 0.608 ± 0.028 61.538 ± 6.204 0.392 ± 0.028 15.912 ± 0.884 –

ExcelFormer 0.702 ± 0.022 33.472 ± 3.718 0.171 ± 0.013 9.742 ± 0.618 –
Prior-data fitted 
networks TabPFN 0.769 ± 0.023 0.037 ± 0.005 11.482 ± 0.436 1268.114 ± 41.052 8942.376 ±

613.280
TabPFN-R 0.753 ± 0.029 0.031 ± 0.006 6.704 ± 0.268 742.356 ± 27.418 –

TabPFN-KM 0.796 ± 0.012 0.174 ± 0.012 6.791 ± 0.241 751.902 ± 26.115 –

TabPFN-KC 0.811 ± 0.006 0.249 ± 0.011 6.812 ± 0.287 758.438 ± 24.907 5386.174 ±
402.516

TabPFN-CE, 
R = 1 0.811 ± 0.009 0.256 ± 0.006 6.885 ± 0.251 – –

TabPFN-CE, 
R = 3 0.836 ± 0.031 0.780 ± 0.012 20.943 ± 1.136 – –

TabPFN-CE, 
R = 5

(proposed)
0.841 ± 0.033 1.300 ± 0.034 33.695 ± 0.851 3716.205 ±

112.378
26384.915 ±

1688.206
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5.7. Explainability Analysis via SHAP
SHAP values were computed for TabPFN-CE trained on data augmented by TabDDPM-

CC and enriched with the six engineered features. Figure 3 reports the global feature 
importance ranking, aggregated across all four classes. Figure 4 presents the corresponding 
beeswarm plots for each class, showing both the magnitude and the direction of each 
feature’s contribution to the predicted class probability.

Figure 3 shows that Time Since Last Maintenance and Flight Cycles are the two most 
influential features overall, each contributing noticeably more than any other variable to 
the model output across all four classes. Both are original operational variables rather than 
engineered ones, which indicates that the raw maintenance history and usage counters carry 
the strongest overall signal for distinguishing between the four maintenance categories. 
Engine Temp follows as the third most important feature, again drawn from the original 
variable set.

Figure 3. Global SHAP feature importance across all maintenance-action classes (Replacement, 
Inspection, Lubrication, None), ranked by mean absolute SHAP value.

The next two positions in the ranking are occupied by Stress_Index and Oil_Efficiency, 
both engineered features derived in Section 4.4 from combinations of the original sensor 
readings. Their position ahead of two original variables, Oil Pressure and Vibration Levels, 
indicates that the model draws on these engineered features more than on two of the raw 
sensor readings. The other four engineered features occupy lower positions in the ranking. 
The leave-one-feature-out results of Table 9 agree only in part. Removing Oil_Efficiency 
causes the largest loss, which matches its high SHAP rank. Removing Stress_Index causes 
only a small and non-significant loss, while Maint_Aging_Ratio ranks low in SHAP but its 
removal is significant. A high mean absolute SHAP value therefore shows that the model 
uses a feature, but it does not show that the feature is irreplaceable [66].

The class-specific beeswarm plots in Figure 4 refine this picture by showing that the 
relative importance of each feature changes depending on the maintenance category being 
predicted. For the None class, panel (a), Flight Cycles and Time Since Last Maintenance 
remain the dominant features, but Oil_Efficiency and Oil Pressure rank noticeably higher 
than in the aggregate ranking of Figure 3, suggesting that the model relies more heavily 
on oil-related measurements specifically when distinguishing instances that require no 
maintenance action from those that do. For the Inspection class, panel (b), Engine Temp 
and Stress_Index carry comparatively more weight than for the other three classes, which 
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is consistent with inspection actions typically being triggered by early signs of thermal 
or mechanical stress rather than by an already degraded oil condition. The Lubrication 
and Replacement classes, panels (c) and (d), both remain dominated by Time Since Last 
Maintenance and Flight Cycles, reflecting that these two categories are primarily governed by 
cumulative usage and elapsed maintenance interval rather than by any single instantaneous 
sensor reading.

Figure 4. SHAP beeswarm plots for TabPFN-CE trained on TabDDPM-CC-augmented, feature-
engineered data, showing the distribution of SHAP values for each of the twelve input features across 
the four maintenance classes: (a) None, (b) Inspection, (c) Lubrication, (d) Replacement. Color 
encodes the original feature value, with red indicating high and blue indicating low values.

Across all four panels, Time Since Last Maintenance and Flight Cycles consistently 
separate high and low feature values into opposite regions of the SHAP value axis, indicating 
a stable and monotonic relationship between elapsed usage and the likelihood of an action 
being required, rather than a relationship driven by a small number of extreme observations. 
This consistency across classes supports the stability of the explanation. It does not by itself 
show that each engineered feature carries distinct information, which is examined by the 
ablation of Table 9.

The SHAP results can be read at three levels. The first level is model interpretability. 
SHAP shows which inputs the fitted TabPFN-CE relies on and in which direction, and 
this level is fully supported by the analysis above. The second level is physical plausibility, 
meaning agreement with known degradation mechanisms of oil pumps. Several patterns 
meet this test. Time Since Last Maintenance and Flight Cycles dominate the Lubrication 
and Replacement classes, which matches the role of service interval and cycle count in the 
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wear of hydraulic piston pumps [38] and in condition-based maintenance practice [67]. The 
weight of Oil_Efficiency and Oil Pressure for the None class agrees with the expectation that 
a pump holding its pressure as temperature rises is in good condition [68]. The weight of 
Engine Temp and Stress_Index for Inspection agrees with the use of combined thermal and 
vibration thresholds as inspection triggers [67]. The third level is validation against domain 
knowledge, which would require expert review of individual explanations or records with 
confirmed physical failure modes. The maintenance extract contains neither, so this level 
could not be reached here. The explanations are therefore presented as plausible and 
consistent with the literature, not as causal evidence of degradation. Expert assessment of 
local explanations and failure-mode labels are needed before SHAP output can support 
airworthiness decisions.

5.8. Methodological Transferability Check on the AI4I 2020 Dataset
To assess whether the proposed methodology extends beyond the confidential aircraft 

dataset, this study applies the same augmentation and classification pipeline to the public 
AI4I 2020 predictive maintenance dataset [32]. The dataset contains 10,000 instances with a 
binary machine failure target. Only 339 of these instances are labeled as a failure, which 
gives an imbalance ratio of about 28.5 to 1. Three features were engineered from the dataset’s 
official failure-mode formulas to approximate the physical drivers behind the power, heat 
dissipation and overstrain failure modes. This benchmark is a binary industrial failure 
problem rather than a four-class aircraft maintenance task. It is used to check whether 
the methodology transfers to another dataset, not as an external validation of aircraft 
maintenance performance.

The evaluation protocol was adapted to match the structure of this dataset rather than 
copied directly from the primary study. The target here is binary rather than the four-class 
maintenance action label used for the aircraft dataset. Ten random seeds were used for the 
train, validation and test splits. Each seed resamples the partitions with stratified sampling 
to keep the minority class represented in every split. Because the failure class is very small, 
it was enlarged to six times its real size in each training partition, from 237 to 1422 records. 
The augmentation methods and the evaluation protocol otherwise follow the aircraft design.

Table 17 reports the synthetic data quality metrics for the AI4I 2020 dataset using the 
ranking scheme of Table 2. TabDDPM-CC obtains the best average rank (1.00), followed by 
TabDiff (2.00) and TabDDPM (3.00). TabDDPM-CC is best on all four ranked metrics and 
also has the highest TSTR/TRTR ratio. TabSyn ranks fifth. TVAE and TabDDPM-CC again 
rank best within their own families. ADASYN outperforms SMOTE in the interpolation 
family, and BGM edges ahead of Gaussian Copula in the statistical family. The holdout-
based measures in Appendix B, Table A5 show the same pattern as for the aircraft data. 
TabDDPM-CC stays close to the reference values for memorization (DCR share 0.534 and 
near-copy rate 0.057), and its coverage (0.868) is close to the held-out reference (0.881). 
SMOTE and ADASYN again produce clearly more near-copies (0.198 and 0.147).

Table 18 compares classification performance before and after TabDDPM-CC augmen-
tation for twelve classifiers. The same balanced accuracy, macro F1, MCC and G-Mean 
metrics reported in Table 3 are used here. On the original imbalanced data, balanced ac-
curacy stays close to 0.51 for every classifier, reflecting the severe 28.5 to 1 imbalance of 
this dataset. TabDDPM-CC augmentation raises the mean balanced accuracy across all 
twelve classifiers by 0.236. The best configuration is TabPFN-CE trained on TabDDPM-CC-
augmented data, which reaches a balanced accuracy of 0.901, an F1 score of 0.912 and an 
MCC of 0.824. TabPFN-CE and its base model TabPFN rank first and second among all 
twelve classifiers under TabDDPM-CC augmentation, consistent with the ranking already 
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observed on the aircraft dataset. With TabPFN-CE, TabDiff reaches 0.884 and TabSyn 0.754, 
so the order of the three diffusion generators is the same as for the aircraft data.

Table 17. Synthetic data quality metrics on the AI4I 2020 dataset, methodological transferability check 
(mean ± std over ten seeds).

Evaluation
Categories

Distinguishability 
(Classifier-Two-Sample 

Test-C2ST)

Privacy & 
Overfitting Distribution Fidelity ML Utility

Avg. Rank 
***

Method\
Metric

Propensity 
AUC ↓ *

(Mean ± Std)

Discriminator 
Acc ↓ *

(Mean ± Std)

Mean DCR **
(Mean ± Std)

Wasserstein ↓
(Mean ± Std)

FD ↓
(Mean ± Std)

TSTR_TRTR_Ra-
tio (F1_Macro) ↑

(Mean ± Std)

SMOTE 0.856 ± 0.031 0.925 ± 0.019 5.058 ± 0.525 0.268 ± 0.052 21.791 ± 4.086 0.433 ± 0.074 10.50
ADASYN 0.809 ± 0.037 0.902 ± 0.015 4.695 ± 0.538 0.242 ± 0.054 19.977 ± 4.188 0.618 ± 0.085 8.63
BGM 0.809 ± 0.027 0.899 ± 0.024 3.271 ± 0.358 0.138 ± 0.036 12.855 ± 2.787 0.502 ± 0.070 5.63
Gaussian
Copula 0.699 ± 0.030 0.843 ± 0.018 3.518 ± 0.461 0.156 ± 0.046 14.089 ± 3.584 0.621 ± 0.076 6.00

CopulaGAN 0.912 ± 0.035 0.952 ± 0.022 4.467 ± 0.538 0.225 ± 0.054 18.836 ± 4.189 0.430 ± 0.073 9.50
CTGAN 0.812 ± 0.032 0.901 ± 0.016 4.832 ± 0.426 0.252 ± 0.043 20.660 ± 3.311 0.417 ± 0.051 9.25
TVAE 0.685 ± 0.023 0.839 ± 0.025 3.479 ± 0.408 0.153 ± 0.041 13.897 ± 3.174 0.712 ± 0.082 5.00
TabDDPM 0.649 ± 0.028 0.819 ± 0.020 2.848 ± 0.525 0.108 ± 0.052 10.740 ± 4.082 0.801 ± 0.062 3.00
TabSyn 0.742 ± 0.038 0.863 ± 0.026 3.330 ± 0.480 0.143 ± 0.049 13.400 ± 3.500 0.668 ± 0.071 5.50
TabDiff 0.601 ± 0.034 0.798 ± 0.013 2.480 ± 0.430 0.081 ± 0.043 8.563 ± 3.037 0.836 ± 0.058 2.00
TabDDPM-CC 0.554 ± 0.035 0.776 ± 0.009 2.093 ± 0.391 0.053 ± 0.039 6.450 ± 2.625 0.898 ± 0.052 1.00

Note: Bold average ranks indicate the best-ranked method of each family, and italic values indicate the 
best result for each metric. Arrows give the preferred direction of each metric (↓ lower is better and ↑
higher is better). * Values closer to 0.5 indicate that real and synthetic samples are harder to distinguish. 
** Mean DCR has no single optimal direction and is excluded from the ranking. *** Average rank over 
the four ranked metrics (1 = best and 11 = worst), with ties receiving the average rank.

Table 18. Classification results on the AI4I 2020 dataset, Original versus TabDDPM-CC augmentation, 
methodological transferability check.

Data Augmentation 
Method Model/Metric Balanced Acc Macro F1 MCC G-Mean

Original Dataset

RF 0.508 ± 0.014 0.509 ± 0.018 0.023 ± 0.039 0.157 ± 0.098
XGBoost 0.506 ± 0.013 0.506 ± 0.017 0.016 ± 0.035 0.153 ± 0.079

LightGBM 0.510 ± 0.011 0.512 ± 0.015 0.028 ± 0.031 0.183 ± 0.055
CatBoost 0.509 ± 0.012 0.511 ± 0.015 0.025 ± 0.031 0.182 ± 0.057
TabNet 0.514 ± 0.013 0.516 ± 0.017 0.036 ± 0.036 0.197 ± 0.082

FT-Transformer 0.511 ± 0.013 0.513 ± 0.017 0.030 ± 0.036 0.177 ± 0.084
NODE 0.514 ± 0.012 0.517 ± 0.015 0.038 ± 0.030 0.204 ± 0.059

GANDALF 0.511 ± 0.011 0.513 ± 0.015 0.031 ± 0.033 0.177 ± 0.075
SAINT 0.507 ± 0.012 0.508 ± 0.015 0.021 ± 0.031 0.163 ± 0.077

ExcelFormer 0.515 ± 0.007 0.517 ± 0.010 0.040 ± 0.019 0.209 ± 0.037
TabPFN 0.511 ± 0.011 0.513 ± 0.014 0.030 ± 0.030 0.195 ± 0.053

TabPFN-CE 0.512 ± 0.008 0.514 ± 0.010 0.030 ± 0.022 0.204 ± 0.040

TabDDPM-CC

RF 0.663 ± 0.017 0.668 ± 0.016 0.338 ± 0.032 0.582 ± 0.029
XGBoost 0.767 ± 0.030 0.775 ± 0.028 0.550 ± 0.055 0.735 ± 0.039

LightGBM 0.774 ± 0.032 0.781 ± 0.024 0.564 ± 0.048 0.743 ± 0.042
CatBoost 0.793 ± 0.031 0.804 ± 0.033 0.609 ± 0.066 0.767 ± 0.040
TabNet 0.637 ± 0.031 0.647 ± 0.032 0.296 ± 0.064 0.534 ± 0.056

FT-Transformer 0.701 ± 0.032 0.712 ± 0.025 0.426 ± 0.050 0.640 ± 0.048
NODE 0.684 ± 0.026 0.693 ± 0.025 0.388 ± 0.051 0.614 ± 0.043

GANDALF 0.701 ± 0.038 0.708 ± 0.036 0.417 ± 0.073 0.640 ± 0.061
SAINT 0.740 ± 0.037 0.741 ± 0.032 0.482 ± 0.065 0.697 ± 0.053

ExcelFormer 0.761 ± 0.020 0.766 ± 0.022 0.533 ± 0.045 0.727 ± 0.027
TabPFN 0.833 ± 0.050 0.840 ± 0.034 0.682 ± 0.066 0.815 ± 0.064

TabPFN-CE 0.901 ± 0.025 0.912 ± 0.015 0.824 ± 0.029 0.896 ± 0.028
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These results should be read as a transferability check and not as a second full bench-
mark study. The AI4I 2020 experiments use a simpler binary target and a separate hyper-
parameter search, so absolute values are not comparable with Table 3. What transfers is 
the relative pattern. Class-conditioned diffusion produces the most realistic synthetic data, 
and the same context-optimized ensemble benefits most from it. This consistency shows 
that the methodology can be applied to another imbalanced tabular dataset. It does not 
validate the performance figures for aircraft maintenance. Full classification results for all 
augmentation methods and classifiers are provided in the Supplementary Materials.

5.9. Overall Discussion
The results converge on a consistent conclusion. Addressing class imbalance in aircraft 

oil pump maintenance data requires a coordinated combination of augmentation, feature 
representation and classifier design. No single intervention applied in isolation is sufficient. 
TabDDPM-CC obtained the best average quality rank among eleven generators, and class 
conditioning was its most influential component. TabPFN-CE achieved the strongest classi-
fication performance and the most consistent seed-level advantage. Feature engineering 
and augmentation interacted synergistically rather than additively. These findings would 
not be visible from a single comparison table, which is why the supporting analyses were 
treated as integral parts of the evaluation.

The operational reading of the per-class results is worth restating. The None class is 
the smallest category, but confusing it with an action class produces an unnecessary yet 
recoverable intervention. Missing a genuine Lubrication or Replacement need is the more 
consequential error. The rise in Lubrication recall from 0.597 to 0.825 and in Replacement 
recall from 0.394 to 0.938 between ratio 1 and ratio 4 therefore deserves as much attention 
as the gain for None.

The explainability analysis adds a further layer of support to these results. The two 
most influential features identified by SHAP, Time Since Last Maintenance and Flight 
Cycles, are exactly the variables that a maintenance engineer would expect to govern the 
decision between routine and corrective action. This supports the plausibility of the learned 
decision function, rather than treating the classifier as an unexamined black box. The 
leave-one-feature-out results confirm the value of Oil_Efficiency but show that SHAP rank 
and necessity do not always coincide. SHAP thus helps to check plausibility, but it does not 
establish causal links to degradation.

The AI4I 2020 check shows that the same combination transfers to a binary industrial 
failure dataset, where the best configuration reaches a balanced accuracy of 0.901. This 
lowers the risk that the methodological pattern is specific to the aircraft data. It does not 
establish that the aircraft performance figures hold for other fleets or components.

Several limitations bound the present results. First, the ten seeds resample stratified 
partitions of the same 647 records. The reported standard deviations and tests therefore 
describe variability across partitions of one dataset. They are not ten independent samples 
of aircraft maintenance data, and they do not demonstrate external reproducibility. Second, 
the extract has no time stamps or aircraft identifiers. Repeated observations of the same 
aircraft may fall into both training and test partitions, which can make a random split 
optimistic. The covariate-shift experiment shows how large such an effect can be when the 
operating regime changes.

Third, the None class deserves a separate comment. Each training partition holds only 
about 24 None records, so any generator has a narrow basis for learning this class. The 
synthetic None records are therefore close variations of the observed cases rather than new 
operating states. The DCR filter keeps them near the real data, which supports fidelity. 
Appendix B, Table A4 shows that this shift is small and leaves coverage almost unchanged, 
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but the filter cannot create operating states that are absent from the real records. The 
standard deviation of None recall, between 0.165 and 0.284 for the augmented ratios, shows 
that this class remains unstable even after augmentation. The None results should thus 
be read as indicative. A larger set of no-action records would be needed to estimate this 
class reliably.

The dataset itself imposes a further boundary on how the present findings should 
be interpreted. The 647 records analyzed in this study originate from a single aircraft 
type and a single component, the oil pump, within Turkish civil aviation operations. The 
proposed framework was designed to be data-agnostic in its mechanics, since neither 
TabDDPM-CC nor TabPFN-CE makes assumptions specific to this component or airframe. 
The reported performance figures, however, are naturally tied to the statistical properties 
of this particular dataset, including its imbalance ratio of 9.0 and its specific feature set. 
Extending the evaluation to other aircraft components, other maintenance decision types, 
or data collected under different operational and climatic conditions would therefore be 
necessary. Only then could the absolute performance figures reported here be generalized 
beyond the scope of this study.

Real maintenance data also raise practical issues that the present extract does not 
contain. Temporal dependence between successive records calls for chronological validation 
and possibly sequence models. Such models could not be applied here because the records 
carry no time order. Fleet differences and sensor drift change the input distribution over 
time, and the covariate-shift results indicate that periodic context refresh and generator 
retraining would be needed. Missing values do not occur in the extract. TabPFN v2 and 
later handle them natively, but the v1 backbone and the generators used here would need an 
imputation step. Changes in maintenance policy alter the meaning of the labels themselves 
and would require relabeling or retraining rather than augmentation. For these reasons, 
the framework is presented as a decision-support tool for maintenance planners and not as 
an autonomous safety-critical system.

Taken together, these results support the central claim of this study. A class-conditioned 
diffusion-based augmentation method combined with a coverage-aware, ensemble-based 
in-context classifier provides a measurable improvement over most conventional resam-
pling and classification pipelines for this imbalanced aircraft maintenance dataset. At the 
same time, the analysis identifies the specific components, the augmentation ratio and 
the operational trade-offs that determine how far this improvement can be pushed in a 
practical deployment.

6. Conclusions
This study addressed the classification of imbalanced aircraft oil pump maintenance 

data through a hybrid framework. The framework combines a class-conditioned diffusion-
based augmentation method, TabDDPM-CC, with a coverage-aware ensemble classifier, 
TabPFN-CE. Both components were developed through a cumulative design process in 
which each modification was isolated and quantified separately, rather than proposed and 
evaluated as a single undifferentiated change.

On a dataset of 647 aircraft maintenance records with an imbalance ratio of 9.0 between 
the majority and minority classes, TabDDPM-CC achieved the most favorable trade-off 
among eleven augmentation methods. This evaluation covered distinguishability, privacy, 
distribution fidelity and downstream utility metrics. TabDDPM-CC obtained the lowest 
average rank of 1.25, and holdout-based checks placed its memorization and diversity 
measures close to those of unseen real records. When paired with TabPFN-CE, the proposed 
pipeline raised balanced accuracy from 0.454 on the original imbalanced dataset to 0.841 
and G-mean from 0.439 to 0.840. After Holm correction, its advantage was significant 
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against all eleven baseline classifiers and seven of the eleven alternative augmentation 
methods. It was not significant against SMOTE, TabDiff, the earlier TabDDPM variants or 
the single-context TabPFN-KC. The same framework also transferred to the public AI4I 2020 
benchmark, where TabDDPM-CC and TabPFN-CE again achieved the best results among 
the tested combinations.

The cumulative and leave-one-out ablations showed that class conditioning in a single 
denoising network is the generator component with the largest effect. The stability modifica-
tions mainly protect fidelity once class conditioning is used. On the classifier side, k-center 
context selection combined with multi-seed posterior averaging gave the best results, and a 
smaller but positive gain remained with newer TabPFN backbones. The factorial ablation 
revealed a synergistic rather than additive relationship between feature engineering and 
augmentation. Leave-one-feature-out tests showed that Oil_Efficiency contributes most 
among the engineered features, while two of them are redundant. The augmentation ratio 
of 4.0, fixed in advance, coincided with the best of the six ratios tested. The noise and shift 
experiments showed a gradual loss under sensor noise, a stronger loss under label noise 
and a marked drop under covariate shift that context refresh partly recovers.

Beyond the reported performance figures, this study contributes a methodological 
template for imbalanced tabular classification in safety-critical predictive maintenance 
settings. In this template, augmentation and classification components are jointly optimized, 
statistically tested at the seed level, and interpreted through both a class-imbalance lens 
and an operational cost lens, rather than through aggregate accuracy alone. Future work 
should extend this framework to additional aircraft components and maintenance decision 
types, and should evaluate its behavior on multi-fleet or multi-airline data. Chronologically 
ordered records with aircraft identifiers and expert-reviewed explanations would allow 
temporal validation and a domain-level assessment of the SHAP results. It would also 
be worth exploring adaptive per-class augmentation ratios in place of the single global 
ratio adopted in this study, given the differential sensitivity to over-augmentation observed 
across the four maintenance categories. A quantitative cost-sensitivity analysis that assigns 
explicit misclassification costs to each maintenance action, planned for both the aircraft 
dataset and the AI4I 2020 benchmark, is left for future work. More broadly, this framework 
illustrates how class-conditioned generative modeling and context-aware classification can 
support mathematical modeling of fault detection and diagnosis across aerospace and other 
safety-critical industrial systems.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/math14214032/s1, Table S1: Classification results on the aircraft dataset; 
Table S2: Classification results on the AI4I 2020 dataset.
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Appendix A 

Table A1. Hyperparameter search spaces and fixed settings for the synthetic data augmentation 
methods.

Method Parameter Value Range

SMOTE, ADASYN Ratio of synthetic samples for the minority class (sampling_strategy) [“auto”, 0.5, 1.0]
Number of neighbors (k_neighbors/n_neighbors) [1, 2, 3, 4, 5, 6, 7]

BGM
Maximum number of mixture components (n_components) [1, 2, 3, 5, 7]
Dirichlet concentration prior (weight_concentration_prior) [0.01, 0.1, 1.0, 10.0, 100.0]
Type of covariance parameters (covariance_type) [‘full’, ‘diag’]

Gaussian
Copula

Default univariate distribution (default_distribution)
[‘norm’, ‘beta’, ‘truncnorm’, 

‘uniform’, ‘gamma’, 
‘gaussian_kde’]

Rounding strategy for discrete variables (enforce_rounding) [“auto”, True, False]

CTGAN

Generator dimension (generator_dim) [(32, 64), (64, 64), (64, 128)]
Discriminator dimension (discriminator_dim) [(64, 32), (64, 64), (128, 64)]
Input embedding size (embedding_dim) [16, 32]
Number of epochs (epochs) [100, 200]
Batch size (batch_size) [4, 8, 16]
Generator learning rate (generator_lr) [0.0001, 0.0005, 0.001]
Discriminator learning rate (discriminator_lr) [0.0001, 0.0005, 0.001]

TVAE

Encoder hidden layer dimensions (compress_dims) [(64, 32), (64, 64), (128, 64)]
Decoder hidden layer dimensions (decompress_dims) [(32, 64), (64, 64), (64, 128)]
Number of training epochs (epochs) [100, 200]
Batch size (batch_size) [4, 8, 16]
Latent embedding dimension (embedding_dim) [16, 32]
Learning rate (learning_rate) [0.0001, 0.0005, 0.001]

CopulaGAN

Generator dimension (generator_dim) [(32, 64), (64, 64), (64, 128)]
Discriminator dimension (discriminator_dim) [(64, 32), (64, 64), (128, 64)]
Input embedding size (embedding_dim) [16, 32]
Default distribution for copula transformer (default_distribution) [‘norm’, ‘beta’]
Number of epochs (epochs) [100, 200]
Batch size (batch_size) [4, 8, 16]
Learning rates (generator_lr, discriminator_lr) [0.0001, 0.0005, 0.001]

TabDDPM, TabDDPM-S, 
TabDDPM-CC

Model architecture/hidden dimensions (d_layers) [(128, 128), (128, 256), (256, 
256), (64, 128, 128)]

Dropout rate (dropout) [0.0, 0.1, 0.2]
Number of diffusion steps (num_timesteps/steps) [100, 200, 500]
Batch size (batch_size) [4, 8, 16]
Learning rate (lr) [0.0001, 0.0003, 0.001]
Conditioning embedding dimension (cond_emb_dim) for TabDDPM-CC [8, 16, 32]

TabSyn (fixed defaults)

VAE tokenizer and Transformer (d_token, num_layers, n_head, factor) 4, 2, 1, 32
VAE learning rate and epochs 0.001, 4000
VAE 𝛽 schedule (𝛽_max, 𝛽_min, decay 𝜆) 0.01, 0.00001, 0.7
Latent diffusion denoiser width (dim_t) 1024
Diffusion learning rate, epochs and early-stopping patience 0.001, 10,000, 500
Batch size and number of sampling steps 4096, 50

Class-wise generation
Shared VAE, one latent 

diffusion model per minority 
class

TabDiff (fixed defaults)

Tokenizer and Transformer (num_layers, d_token, n_head, factor) 2, 4, 1, 32
Denoiser width (dim_t) and sampling timesteps 1024, 50
EDM noise parameters (σ_data, σ_min, σ_max) 1.0, 0.002, 80
Learnable schedule initialization (ρ_init, ρ_offset, k_init, k_offset) 7, 5, −6, 1
Noise bounds (ε_max, ε_min) 0.001, 0.00001
Epochs, learning rate, EMA decay and batch size 8000, 0.001, 0.997, 4096

Class-wise generation

Single model, label fixed by 
the in-painting sampler (one 

resampling round, no 
guidance)

Note: Square brackets list the candidate values of the grid search.
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Table A2. Hyperparameter search spaces and fixed settings for the classification models.

Method Parameter Value Range

RF
Number of trees (n_estimators) [100, 300, 500]
Maximum tree depth (max_depth) [None, 5, 10]
Minimum samples per leaf (min_samples_leaf) [1, 2, 4]

XGBoost
Number of boosting rounds (n_estimators) [100, 300, 500]
Maximum tree depth (max_depth) [3, 5, 7]
Learning rate (learning_rate) [0.01, 0.05, 0.1]

LightGBM
Number of boosting rounds (n_estimators) [100, 300, 500]
Maximum number of leaves (num_leaves) [15, 31, 63]
Learning rate (learning_rate) [0.01, 0.05, 0.1]

CatBoost
Number of iterations (iterations) [100, 300, 500]
Tree depth (depth) [4, 6, 8]
Learning rate (learning_rate) [0.01, 0.05, 0.1]

TabNet

Feature/attention width (n_d = n_a) [8, 16, 32]
Number of decision steps (n_steps) [3, 5, 7]
Relaxation parameter (gamma) [1.0, 1.5, 2.0]
Learning rate (learning_rate) [0.01, 0.02, 0.05]

FT-Transformer

Input embedding dimension (input_embed_dim) [16, 32]
Number of attention blocks (num_attn_blocks) [2, 3]
Number of attention heads (num_heads) [2, 4]
Batch size (batch_size) [32, 64]
Learning rate (learning_rate) [0.0003, 0.001, 0.003]

NODE

Number of trees (num_trees) [128, 256]
Tree depth (depth) [4, 6]
Number of layers (num_layers) [1, 2]
Batch size (batch_size) [32, 64]
Learning rate (learning_rate) [0.0003, 0.001, 0.003]

GANDALF

Number of GFLU stages (gflu_stages) [2, 4, 6]
GFLU dropout (gflu_dropout) [0.0, 0.1]
Batch size (batch_size) [32, 64]
Learning rate (learning_rate) [0.0003, 0.001, 0.003]

SAINT

Model dimension (d_model) [32, 64]
Number of attention layers (depth) [2, 3]
Dropout rate (dropout) [0.0, 0.1]
Batch size (batch_size) [32, 64]
Learning rate (lr) [0.0003, 0.001, 0.003]

ExcelFormer

Model dimension (d_model) [32, 64]
Number of attention layers (depth) [2, 3]
Dropout rate (dropout) [0.1, 0.15, 0.2]
Batch size (batch_size) [32, 64]
Learning rate (learning_rate) [0.0003, 0.001, 0.003]

TabPFN v1: TabPFN, TabPFN-R, 
TabPFN-KM, TabPFN-KC, 

TabPFN-CE
TabPFN-KC, TabPFN-CE

Number of ensemble configurations (N_ensemble_configurations) [16, 32, 64]
Context size per class (samples_per_class), context variants only [80, 126, 160]
Number of averaged k-center contexts (R), TabPFN-CE only 5 (fixed)

Context of the default TabPFN
Full training set, stratified 

subsample above 1000 
records

TabPFN v2, v2.5, v3
(backbone sensitivity)

Model configuration
Version defaults (cre-

ate_default_for_version), 
not tuned

Pretraining size limits (ignore_pretraining_limits) True

Context

Full training set (single 
context) or the 

TabPFN-CE contexts with 
the v1 settings

Note: Square brackets list the candidate values of the grid search.
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Appendix B 

Table A3. Holdout-based memorization and diversity measures of the eleven augmentation methods 
on the aircraft dataset (mean ± std over ten seeds).

Memorization Diversity

Method DCR Share Near-Copy Rate DCR Ratio Coverage Unique NN Ratio

Held-out real records (reference) 0.50 † 0.05 † 1.00 † 0.906 ± 0.018 0.690 ± 0.020

SMOTE 0.853 ± 0.045 0.257 ± 0.030 0.491 ± 0.112 0.918 ± 0.021 0.688 ± 0.034
ADASYN 0.855 ± 0.044 0.253 ± 0.029 0.501 ± 0.103 0.894 ± 0.026 0.620 ± 0.041
BGM 0.504 ± 0.037 0.030 ± 0.008 1.453 ± 0.149 0.781 ± 0.034 0.589 ± 0.037
Gaussian Copula 0.512 ± 0.038 0.030 ± 0.008 1.319 ± 0.160 0.801 ± 0.033 0.636 ± 0.033
CopulaGAN 0.499 ± 0.037 0.007 ± 0.005 2.853 ± 0.147 0.396 ± 0.081 0.287 ± 0.062
CTGAN 0.504 ± 0.040 0.006 ± 0.005 2.687 ± 0.181 0.481 ± 0.072 0.349 ± 0.057
TVAE 0.517 ± 0.039 0.045 ± 0.009 1.115 ± 0.165 0.624 ± 0.058 0.452 ± 0.049
TabDDPM 0.512 ± 0.032 0.042 ± 0.009 1.149 ± 0.098 0.846 ± 0.031 0.641 ± 0.028
TabSyn 0.522 ± 0.036 0.048 ± 0.010 1.098 ± 0.140 0.861 ± 0.029 0.667 ± 0.026
TabDiff 0.512 ± 0.039 0.044 ± 0.009 1.050 ± 0.168 0.884 ± 0.024 0.703 ± 0.024
TabDDPM-CC 0.544 ± 0.040 0.058 ± 0.012 0.977 ± 0.182 0.903 ± 0.019 0.679 ± 0.022

Note: Ideal values are 0.50 for the DCR share, 0.05 for the near-copy rate and 1.00 for the DCR ratio. 
Coverage and the unique NN ratio should be close to the reference row. Standard deviations describe 
variation across partitions of the same dataset. † Value of the held-out reference by definition.

Table A4. Effect of the DCR filter, modification (f) of TabDDPM-CC, on the aircraft dataset (mean ±
std over ten seeds).

Group Measure Held-Out 
Reference With Filter Without Filter 𝚫

Memorization DCR share 0.50 † 0.544 ± 0.040 0.511 ± 0.038 +0.033
Near-copy rate 0.05 † 0.058 ± 0.012 0.044 ± 0.011 +0.014
DCR ratio 1.00 † 0.977 ± 0.182 1.063 ± 0.186 −0.086

Diversity Coverage 0.906 ± 0.018 0.903 ± 0.019 0.897 ± 0.022 +0.006
Unique NN ratio 0.690 ± 0.020 0.679 ± 0.022 0.683 ± 0.024 −0.004

Fidelity Propensity AUC ↓ – 0.565 ± 0.022 0.574 ± 0.018 −0.009
Discriminator Acc ↓ – 0.630 ± 0.006 0.636 ± 0.008 −0.006
Wasserstein ↓ – 0.019 ± 0.012 0.023 ± 0.013 −0.004
FD ↓ – 5.559 ± 3.042 5.874 ± 3.150 −0.315

Utility TSTR/TRTR ratio ↑ – 0.736 ± 0.080 0.714 ± 0.082 +0.022

Note: Fidelity and utility are computed as in Table 2 and are not defined for the held-out reference 
(–). Δ is the difference of the means, with filter minus without filter. Classification results for both 
configurations are given in Table 5. † Value of the held-out reference by definition. ↓ indicates that 
lower values are better and ↑ that higher values are better.

Table A5. Holdout-based memorization and diversity measures of the eleven augmentation methods 
on the AI4I 2020 dataset (mean ± std over ten seeds).

Memorization Diversity

Method DCR Share Near-Copy Rate DCR Ratio Coverage Unique NN Ratio

Held-out real records (reference) 0.50 † 0.05 † 1.00 † 0.881 ± 0.026 0.694 ± 0.027

SMOTE 0.774 ± 0.046 0.198 ± 0.026 0.614 ± 0.099 0.862 ± 0.031 0.593 ± 0.036
ADASYN 0.703 ± 0.048 0.147 ± 0.024 0.717 ± 0.121 0.806 ± 0.038 0.552 ± 0.041
BGM 0.512 ± 0.044 0.024 ± 0.011 1.519 ± 0.169 0.752 ± 0.036 0.604 ± 0.041
Gaussian Copula 0.508 ± 0.048 0.022 ± 0.008 1.626 ± 0.217 0.698 ± 0.041 0.592 ± 0.040
CopulaGAN 0.489 ± 0.053 0.010 ± 0.009 2.075 ± 0.252 0.471 ± 0.058 0.338 ± 0.060
CTGAN 0.484 ± 0.047 0.009 ± 0.007 2.257 ± 0.214 0.503 ± 0.052 0.362 ± 0.058
TVAE 0.511 ± 0.046 0.022 ± 0.008 1.609 ± 0.192 0.758 ± 0.044 0.587 ± 0.044
TabDDPM 0.524 ± 0.039 0.031 ± 0.009 1.329 ± 0.246 0.826 ± 0.031 0.651 ± 0.030
TabSyn 0.506 ± 0.049 0.024 ± 0.008 1.547 ± 0.225 0.741 ± 0.038 0.623 ± 0.036
TabDiff 0.523 ± 0.047 0.044 ± 0.010 1.155 ± 0.202 0.874 ± 0.026 0.706 ± 0.026
TabDDPM-CC 0.534 ± 0.046 0.057 ± 0.014 0.987 ± 0.184 0.868 ± 0.024 0.688 ± 0.025

Note: Ideal values and symbols as in Table A3. The proposed TabDDPM-CC is shown in bold. † Value 
of the held-out reference by definition.
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