innovation

applied system

Article

Quality 4.0 Framework for Detecting Post-Quality-Gate Rare
Failures in Automotive Manufacturing Under Extreme

Class Imbalance

Muhammed Hakan Yorulmus *

W) Check for updates

Academic Editor: Wu Deng

Received: 5 May 2026

Revised: 10 June 2026

Accepted: 12 June 2026

Published: 23 June 2026

Copyright: © 2026 by the authors.
Published by MDPI on behalf of the
International Institute of Knowledge
Innovation and Invention. Licensee
MDP], Basel, Switzerland. This article
is an open access article distributed
under the terms and conditions of the
Creative Commons Attribution

(CC BY) license.

T

and Hiir Bersam Sidal

Department of Management Engineering, Istanbul Technical University, Istanbul 34469, Turkey; bolat@itu.edu.tr

* Correspondence: yorulmus@itu.edu.tr

t This paper is an extended version of the conference paper: Yorulmus, M.H.; Bolat, H.B.S.; Bahadir, M.
“Predictive Quality Defect Detection Using Machine Learning Algorithms: A Case Study from Automobile
Industry”, in INFUS 2021: Intelligent and Fuzzy Techniques for Emerging Conditions and Digital Transformation,
Lecture Notes in Networks and Systems, vol. 307, Springer, 2021, pp. 263-270,
doi:10.1007 /978-3-030-85577-2_31.

Abstract

Predictive quality systems are central to Industry 4.0 manufacturing, yet detecting rare
defects that pass established quality gates remains an open problem. This study ad-
dresses post-quality-gate failure detection in automotive brake manufacturing, where
310 faulty units (1.20%) among 25,756 production records create a naturally occurring
extreme class imbalance of 1:82. Fault labels are derived from warranty reports and
linked to multi-station production line measurements, while negative samples may
include latent failures, motivating a recall-focused evaluation. We propose a Quality
4.0 machine learning framework that compares five resampling methods (ADASYN,
SMOTE-Tomek, KMeans-SMOTE, CTGAN, and TVAE) plus a no-resampling baseline
across 24 classifiers and stacking ensembles. In total, 504 configurations are tested on a
held-out test set. The proposed SVM-RBF model trained on ADASYN-augmented data
achieves recall of 0.871, specificity of 0.982, balanced accuracy of 0.926, and ROC-AUC of
0.952, producing only 93 false positives (FPR = 1.8%). Stacking ensembles provide alter-
native operating points maximizing the detection rate (93.5%) and a separate operating
point with the highest discrimination capacity (ROC-AUC = 0.975). Feature importance
analysis through Permutation Importance and SHAP identifies Force Increment as the
leading feature under both attribution methods. Friedman and Wilcoxon tests confirm
statistically significant differences among strategies. The framework offers a practical
way to add predictive capability to existing quality control systems.

Keywords: Quality 4.0; predictive quality; extreme class imbalance; CTGAN; SMOTE;
stacking ensemble; rare event detection; automotive manufacturing; post-quality-gate
failure detection; machine learning

1. Introduction
1.1. Background

Industry 4.0 has transformed the manufacturing sector through smart monitoring
and real-time data processing, achieved via Cyber—Physical Systems (CPS) and the Inter-
net of Things (IoT), thereby enabling connectivity across all links in the value chain [1].
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Total Quality Management has reached Quality 4.0 in the final stage of the digital trans-
formation journey [2], and quality digitalization has been defined as a four-dimensional
framework encompassing predictive quality, mass customization, and smart quality man-
agement [3]. Early defect detection and zero-defect production have been made possible
through Al and big data, and recent studies have confirmed their applicability in automo-
tive manufacturing [4].

In the production processes of safety-critical products, the products undergo final
inspection and statistical process tests as required by Six Sigma. Yet, a small fraction of de-
fective units still reaches customers, posing the most challenging case for predictive quality
and motivating deployable systems that work alongside existing quality infrastructure.

1.2. Problem Statement—Post-Quality-Gate Rare Failures

Modern automotive production lines employ multiple quality control mechanisms
designed to eliminate defects before shipment. Units reaching the customer are not random
defects; they are highly filtered residual failures that have passed all quality controls,
which makes them inherently difficult to detect. We define these cases as post-quality-
gate failures, defects that remain invisible to existing inspection systems but later appear
as field failures. Most existing studies sidestep this difficulty by relying on benchmark
datasets or moderately imbalanced scenarios (1:5 to 1:20), where defects were caught during
production rather than escaped it. This study examines a real-world automotive brake
assembly line where 310 out of 25,756 vehicles (1.20%) were confirmed to be defective
through post-delivery warranty service reports, resulting in a natural imbalance of 1:82.
Another characteristic of the collected data was the asymmetry in label reliability. While
faults confirmed under warranty have high reliability, negative examples are vehicles for
which no complaints have been reported, and an unknown portion of them may contain
hidden or unreported defects. This label asymmetry limits the reliability of precision-
focused evaluation and motivates an assessment framework that prioritizes recall and
specificity. The integration of data collected from multi-station production areas with
warranty records to establish end-to-end defect traceability has rarely been addressed in
the literature.

1.3. Research Gap

Existing studies have used resampling strategies [5,6], generative models [7,8], and en-
semble methods [9] to address the imbalanced classification problem. But most studies
rely on comparison datasets or moderate imbalances (1:5 to 1:20), which results in insuf-
ficient investigation of extreme natural ratios (>1:50). In particular, in studies within the
manufacturing sector, systematic comparisons of CTGAN and TVAE with established meth-
ods (ADASYN, SMOTE-Tomek, KMeans-SMOTE) within a uniform framework remain
limited [4,10-12]. The integration of multi-station production data with warranty records
in subsequent stages has rarely been addressed, and only a few studies have presented
their findings as a practical Quality 4.0 framework.

Considering these gaps, this study has three research objectives:

OL1. To develop a failure detection framework for post-quality gates that integrates
multi-station production line measurements with warranty-confirmed labels in order to
identify faulty units that have passed traditional quality control stages.

02. To comparatively evaluate deep generative resampling methods (CTGAN, TVAE)
against traditional methods (ADASYN, SMOTE-Tomek, KMeans-SMOTE) under conditions
of extreme natural class imbalance (1:82) within a consolidated experimental framework
that integrates both individual classifiers and ensemble stacking.
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03. To present practical operating points accompanied by statistically validated
recommendations, enabling quality engineers to select appropriate configurations while
balancing the facility’s specific fault detection capabilities with the burden of false alarms.

1.4. Contributions

The main contributions of this study can be summarized as follows:

(1) A Quality Warning System for detecting rare post-quality-gate failures in safety-
critical manufacturing is presented. The framework integrates measurements from four pro-
duction line inspection stations with post-delivery warranty records, applying the predic-
tive quality management dimension of Quality 4.0 [3] alongside conventional quality gates.

(2) An evaluation protocol is introduced that accounts for label asymmetry between
warranty-confirmed positives and unverified negatives, prioritizing recall and specificity
over precision-centric metrics.

(3) A systematic comparison of CTGAN and TVAE against traditional resampling
under extreme imbalance (1:82) across 504 trained configurations (24 baseline, 24 under-
sampling, 120 oversampling, and 336 stacking ensembles).

(4) Four deployment operating points are identified, each optimized for a different
operational objective, allowing quality engineers to select the configuration most suited to
their facility’s constraints.

(5) The findings are validated using Friedman and Wilcoxon tests, with feature impor-
tance assessed via Permutation Importance and SHAP.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 describes the production line, data, and methodology. Section 4 presents the
results, and Section 5 discusses Quality 4.0-related implications and limitations. Section 6
is the conclusion part of the article. A preliminary version of this work was presented at
the INFUS 2021 conference [13].

2. Related Work
2.1. Class Imbalance in Manufacturing Quality Control

Rather than sampling errors, the problem of class imbalance, which originates from
the nature of production systems, is a common feature of modern industrial datasets.
As production lines have improved, the rate of defective products has decreased signifi-
cantly. This situation requires machine learning models to learn from datasets in which
failures are rare but of critical operational importance [3,14]. This issue has been reported
in automotive welding, semiconductor manufacturing, steel production, and pump fault
detection [10,14-16]. A common issue is the likelihood that standard classifiers will misclas-
sify rare but critical errors as statistical noise; this typically occurs because they prioritize
the majority class while attempting to optimize the overall accuracy [17]. In safety-critical
environments, this bias can lead to the omission of failures that could result in serious
consequences [10]. While most studies examine imbalance ratios in the range of 1:10 to 1:30,
extreme imbalance scenarios exceeding 1:50 remain relatively unexamined [18]. Among
publicly available manufacturing datasets, extreme imbalance ratios exceeding 1:50 are
rare. The Scania APS failure dataset exhibits a 1:59 ratio, where recent work has explored
cost-sensitive transformers with focal loss [19] and novel linear classifiers [20], while a new
SCANIA Component X prognostics dataset has recently been released [21]. The Bosch
Production Line dataset presents an even more extreme 1:172 ratio [22], and semiconductor
fault detection studies have applied SMOTE/ADASYN with interpretability methods un-
der moderate imbalance [23]. The present study operates at a 1:82 ratio with proprietary
multi-station brake data, filling the gap between these public benchmarks and real-world
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multi-source manufacturing environments where post-delivery warranty labels introduce
additional label uncertainty.

2.2. Multi-Station Data Integration and Label Sourcing in Manufacturing

Comparatively less attention has been given to integrating distributed manufactur-
ing data across multiple inspection stations. Modern production lines employ several
stations capturing force, vibration, acoustic emission, and temperature signals; integrat-
ing these heterogeneous streams improves diagnostic performance over single-source
analysis [24-27]. Most studies still rely on single-station data and lack standardized cross-
station integration protocols [28], with sampling-rate differences and calibration drift
remaining open challenges [29]. An additional issue is the source of ground-truth labels.
Most studies use in-line inspection outcomes or expert annotation [25,28], which only
confirm defects detectable by existing systems. Post-delivery warranty data, in contrast,
provide field-confirmed indicators of real-world failures [30]. Despite this, integrating
delayed warranty records with upstream multi-station data for end-to-end traceability
remains rare [18].

2.3. Traditional Resampling Methods (SMOTE Family)

The most established response to class imbalance operates at the data level through
synthetic minority oversampling. SMOTE [31,32] generates artificial minority samples
based on nearest-neighbor interpolation, while its variants such as Borderline-SMOTE and
ADASYN focus on samples near decision boundaries or difficult regions [32,33]. Hybrid
approaches further combine oversampling with cleaning, including SMOTE-Tomek and
KMeans-SMOTE [34,35].

Despite extensive adoption, these methods face limitations under extreme imbalance
and high dimensionality [17,36], with evidence of degraded performance at high ratios that
motivates deep generative alternatives [33,37]. The success of these methods in detecting
rare defects at a 1:82 ratio must be experimentally verified.

2.4. Deep Generative Models for Tabular Data (CTGAN, TVAE)

Owing to the limitations of distance-based interpolation, researchers have explored
deep generative models that learn the entire distribution of data rather than relying on the
local geometry. Generative Adversarial Networks (GANs) and Variational Autoencoders
(VAEs) constitute the two main architectural families for tabular expansions [11,38,39].
Beyond the capabilities of the SMOTE family methods, these models can capture nonlinear
dependencies and complex feature interactions [40,41].

The development of specialized architectures, such as CTGAN, is necessary because
standard GANs suffer from issues such as training instability and poor handling of discrete
features. Although CTGAN can generate realistic samples, its classification performance
generally lags behind that of traditional or cost-sensitive methods, and the results depend
heavily on the characteristics and structure of the dataset [5,11,40,41]. These observations
suggest that deep generative models require careful tuning and may not consistently
outperform simpler approaches in cases of extreme imbalances.

2.5. Cost-Sensitive Learning

Cost-sensitive learning, as an alternative to data-level resampling, addresses class
imbalance at the algorithmic level by penalizing the misclassifications of minority
classes more severely than that of majority classes. This approach preserves the orig-
inal data and prevents information loss owing to undersampling and noise caused by
oversampling [42,43]. In implementations, this is achieved through class weighting (e.g.,
‘class_weight’, ‘scale_pos_weight’) or algorithm-level modifications, such as RUSBoost
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and balanced ensemble methods [4,44]. Nevertheless, it is rarely possible to determine
the optimal cost settings in advance, and empirical tuning is required [42]. However,
excessive weighting can increase false positives and reduce the overall performance [43,45].
Therefore, cost-sensitive learning is more effective when used in conjunction with, rather
than replacing, the sampling method; this motivated the joint evaluation in this study.

2.6. Ensemble Stacking and Hybrid Approaches

In imbalanced classification, ensemble methods are widely used because they com-
bine the strengths of diverse base models [12,46]. The Stacking method, in which meta-
learners combine baseline predictions, performs best when the models are both accurate and
diverse [47,48]. This property is often achieved through selection strategies that reduce the
error correlation. In imbalanced environments, the Stacking method consistently outper-
formed individual models across multiple applications [8,12].

Recent studies have integrated resampling into stacking architectures to preserve
baseline learner diversity and train each model independently on resampled data [49,50].
Hybrid approaches combine generative models with traditional resampling, thus further
improving the recall rate [9]. These designs increase the model complexity and typically
require careful tuning, often performed through Bayesian search or Optuna [47,50].

Table 1 presents a structured comparison of the representative studies. This table
highlights that no previous study has simultaneously addressed extreme natural im-
balance (>1:50), multi-station data integration with warranty-based labels, systematic
comparison of generative and conventional resampling, stacking ensemble construction,
and statistical validation. This study considers these factors while taking label asymmetry
into consideration.
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Table 1. Comparative Summary of Related Work on Imbalanced Classification in Manufacturing.
Study/ Domain/ Imbalance # Data Label Resampling # Base Ensemble/ Statistical  Label
Author Data Ratio Sources Source Method(s) Classifiers Stacking Tests Asymmetry
. ) . - Expert .
[14] Auto. Welding/Image (5934) >1:30 Single (vision) Inspection Flow Matching 1 X X X
[10] Steel Plate/Tabular (1941) Multi-class Single Inspection SMOTE 6 v X X
[30] Automotive/Warranty (2D) 1:1 Single Warranty None (CUSUM) - X v X
[26] Hot Rolling /Multimodal 1:1 Multi S;Izggerles * Inspection None 1 (tensor) X X X
[25] Rotating Mach. /Sensor Multi-class Multi (3 bearings) SCADA None 1 (CNN + GCN) v X X
Induction . Multi (3: vib + acc +
[24] Motor/Multi-signal Multi-class curr) Controlled None 5 ML + CNN X X X
[40] Credit Sc((;riir;g)/ Tabular 1:7-1:43 Single Historical SMOTE variants (7 methods) 5 X v X
. . . . 4 (incl.
[11] Semiconductor/Sensor 1:44 Single Inspection VAE, SMOTE AdaBoost) v X X
[5] Traffic Safety / Tabular Multi-class Single Crash Records CTGAN, SMOTE, ADASYN 5 v X X
[12] Wind Turbine/SCADA Multi-class Single iﬁi_gﬁ ASMOTE-ENN 4 v X X
Bank Marketing/Tabular . . . . SMOTE, TVAE, CTGAN,
[41] (ucn 1:8 Single Historical Copula 3 X v X
[18] Automotive/Tabular (EOL) 1:9 Single End-of-Line None Mslgﬁ)lz t(CD)T’ v X X
[4] Automotive/Tabular (OBD) 1:5 Single OBD Logs SMOTE + Easy Ensemble 6 v v X
. . Maintenance SVM-SMOTE + Repeated 1
[19] Auto. APS/Tabular (76,000) 1:59 Single Records ENN (Transformer) X X v
Auto. Bosch/Tabular . . Production
[22] (1.18 M) 1:172 Single Line None 1 X X X
[23] Semlco“‘g;é‘;;/ Tabular 1:14 Single Inspection SMOTE, ADASYN 4 x x x
Warranty ADASYN, SMOTE- Tomek,

Psr;)p:l)sed Auto. l(;;; l;ggabular 1:82 Multi (4 stations) Service KMeans-SMOTE, 24 v v Ve

uey ’ Records CTGAN, TVAE

Note: Boldface indicates the proposed study.
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3. Materials and Methods

3.1. Production Line and Data Acquisition
3.1.1. Brake Assembly Line Description

The braking system examined in this study was from a mid-size sedan equipped with
an ABS-assisted hydraulic braking system. Depending on the model, this system features
front disc brakes and either rear disc or drum brakes, as well as a mechanically operated
parking-brake system. All vehicles were manufactured at a single production facility in
Bursa, Turkey, and operated by a Tier 1 automotive manufacturing company. The manu-
facturing facility has a quality management infrastructure comprising ISO 9001 [51] and
IATF 16949 [52] quality management systems, supported by statistical process control, Six
Sigma practices, and end-of-line functional testing, all of which are aimed at minimizing
potential defect rates.

Four specialized quality control stations on the production line evaluate various
aspects of the brake system’s performance. The Brake Hydraulic Filling Station evaluates
hydraulic functionality (e.g., pressure, fluid level, and leakage), the Brake Pedal Test
Station measures mechanical behavior (e.g., pedal travel and force), the Hand Brake Test
Station checks static safety parameters (e.g., angle and force balance), and the Roller Test
Station performs dynamic testing under simulated driving conditions, including rolling
resistance and brake force response. When these stations are linked together, they perform
a comprehensive brake system performance check that covers hydraulic, mechanical,
and dynamic characteristics. The sequence and layout of these stations in the production
area are shown in Figure 1.

Each unit must receive a “pass” determination from every station before being released
into the market. This provided us with a complete dataset free of missing values. It also
ensures that all units are verified as conforming to the existing quality infrastructure.
Consequently, any failure observed in the field represents a true post-quality-gate event.

1. Handbrake Test 2. Brake Pedal Test 3. Brake Hydraulic Filling

. — "A — E]

Ent " angle,force, Pedal stroke, Vacuum, filling pressure,
ry : ;
holding performance force, pressure fluid quantity
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QU ) |
+Time-stampeddata | - (OEONOMONONONORONONONONONO SONONONONE MONMONONONONOBONONORONONOBKOMOMOMOMONO)

LINE 2 - END-OF-LINE QUALITY STATIONS

O O

7. Water Test / 6. Road / Rot Test 5. Roller Test 4. Warnlng System
«— Re-test /ﬂ\ —
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i  Thresholds i i i
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@ Vehicles move through sequential brake testing stations on the production line. All measurements and events are captured, decisions are real time,
and data are integrated for traceability and predictive analytics.

Figure 1. Schematic overview of the brake system end-of-line test stations.

Production data from multiple quality control stations are integrated with warranty
and customer complaint data through chassis-based traceability (VIN/CIS), enabling pre-
diction of rare real-world failures under extreme class imbalance conditions. The resulting
end-to-end data architecture is shown in Figure 2.
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Figure 2. End-to-end data architecture for post-quality gate failure prediction. Production data from
four quality control stations (of which three contribute features to the final dataset) is merged with
warranty complaint labels. Brake Hydraulic Filling Station measurements were excluded due to the
lack of operational variability.

3.1.2. Data Collection Process

Production data were collected from all four quality control stations over a two-month
period, yielding 25,756 completed production records. Data acquisition is performed
through Programmable Logic Controller (PLC) and Supervisory Control and Data Acquisi-
tion (SCADA) systems and stored in Manufacturing Execution System (MES) platforms on
a chassis basis.

Each vehicle is uniquely identified through a chassis-based identifier within the Chas-
sis Integration System (CIS), linked to the Vehicle Identification Number (VIN). This ID
enables the total traceability of measurements throughout the vehicle’s lifecycle by facilitat-
ing the integration of production stations, MES platforms, and post-sales databases.

The dependent variable in this study was derived from post-delivery warranty service
records. Vehicles that reported brake system error codes and were repaired at authorized
service centers under warranty were selected as faulty cases. Warranty coverage is de-
fined as defects occurring within the first year of service or before 10,000 km. Warranty
and complaint data obtained from service centers in 20 countries and sourced from war-
ranty tracking databases and the Customer Usage Profile System (CUPS) were matched
with production records using a common VIN/CIS-based chassis identifier. This enabled
record-level integration between the production process conditions and field failures. All
vehicles were manufactured on the same production line in Bursa, and failure data were
collected from numerous international markets. This supports the external validity of the
predictive model.

After excluding complaints unrelated to manufacturing from the warranty claims
corresponding to the selected sample period, 310 remained. When these confirmed defects
were combined with the 25,446 units for which no complaints were reported, a final dataset
of 25,756 records was formed, with a natural class imbalance ratio of 1:82.

A Pareto analysis conducted at the component level on the defects cited as the basis
for warranty claims (Figure 3) shows that most failures stem from a small number of
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components and that the most common categories account for approximately 75% of the
identified defects. The main symptoms of these issues include faulty operation, noise,
vibration, and wear-related deterioration.

40

w
S

Number of warranty claims
N
S

-
o

I 100

rrrrrrrrrrrrrrr t 80

r 60

k40

Cumulative percentage (%)

r20

Figure 3. Defective component Pareto analysis of brake related warranty claims (n = 130).

3.1.3. Post-Quality-Gate Rare Event Definition

This distinction defines post-quality-gate failure as a subtle defect that cannot be de-
tected by Statistical Process Control (SPC), Six Sigma, or End-of-Line (EOL) testing. These
defects remain hidden within existing Total Quality Management (TQM) frameworks and
only become apparent as actual failures after the product reaches the customer. The re-
sulting 1:82 defect rate reflects the actual residual defect rate of a mature production line
operating under low-defect manufacturing conditions. Detecting such failures requires
learning discriminative patterns from production parameters that, by design, remain within
the acceptable limits of each existing quality gate. This is a far more difficult task than
detecting errors that existing systems are designed to catch.

Not all warranty claims necessarily originate from manufacturing defects; some may
result from customer usage patterns, road conditions, or maintenance practices. To address
this, the warranty dataset was filtered through a two-stage expert validation process.
First, authorized service center technicians diagnose the failure and submit the claim with
technical documentation. Second, the manufacturer’s quality control and after-sales service
engineers review each claim, assessing whether the reported failure is consistent with a
manufacturing-origin defect given the vehicle’s mileage and usage conditions. Claims
attributed to external damage, accidents, or abnormal usage patterns are rejected at this
stage. Only claims approved through this expert validation are classified as positive
instances in the dataset.

3.2. Dataset Description

The final dataset consisted of 25,756 production records, each corresponding to a
single vehicle that completed the entire brake system quality control sequence. Of these
production records, 310 units (1.20%) were confirmed to be faulty through warranty ser-
vice records, whereas 25,446 (98.80%) records had no reported brake-related issues. This
naturally revealed a class imbalance ratio of 1:82.

Each record contained 65 features derived from measurements taken at four quality
control stations (Table 2). Of the initial 74 parameters, nine operationally invariable features
(e.g., program identifiers and configuration constants) were excluded during preprocessing
because they did not provide distinctive information. This includes all measurements
from the Brake Hydraulic Filling Station, which did not vary across the vehicle variants
under investigation. All stored features represent raw sensor measurements selected
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according to internal quality testing standards without any additional feature engineering.
Because every vehicle must complete all inspection stages before being released to the
market, there are no missing values in the dataset.

Table 2. Dataset description and feature groups. The dataset comprises 65 features organized into
17 groups across the test stations.

Station Feature Group Count Physical Meaning Unit

Roller Test Force Increment 16  Dynamic force buildup (cross-wheel) km/h
Force Reduction 14 Force decay during release km/h
Actual Force 8 Braking force per wheel N
Rolling Resistance 6 Per-wheel drag N
Handbrake Force 4 Parking brake force (L/R) N
Force Gap 4 Cross-wheel imbalance N
ABS-Brake Pressure 3 Hydraulic pressure (ABS) bar
Handbrake Difference 1 L-R force asymmetry daN

Hand Brake Test Handbrake Angle 1 Adjustment angle degree
Handbrake Quality / Test 2 Quality indicators -
Handbrake Cycle 1 Test cycle count count

Brake Pedal Test Pedalbrake Subsidence 2 Pedal displacement mm
Pedalbrake Stroke 1 Pedal travel mm
Pedalbrake Push 1 Applied pedal force daN
Pedalbrake Cycle 1 Test cycle count count
All excluded Vacuum, volume, pressure

Brake Hydraulic Filling (9 original) - operationally invariant -

The features were divided into 17 groups according to their physical meaning and
place of origin (Table 2). These groups cover the fundamental aspects of brake system
behavior, such as force dynamics, brake distribution, rolling resistance, and handbrake
performance. The relevant quality control stations, as shown in Figure 4, have a feature set
that is predominantly numerical (approximately 90%) with a small number of categorical
and binary indicators. The dataset was divided into training (80%, n = 20,604) and test
(20%, n = 5152) sets using stratified sampling (random state = 42) while maintaining the

original class distribution. The summary statistics are presented in Table 3.

Figure 4. Quality control stations on the brake assembly line: (a) Roller Test Station, (b) Brake
Hydraulic Filling Station, (c) Brake Pedal Test Equipment, (d) Hand Brake Test Station, (e) Produc-
tion Line.
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Table 3. Summary statistics of the production dataset.

Property Value

Number of records 25,756

Number of positive cases 310

Class ratio 1:82

Number of features 65

Number of feature groups 17

Train/test split 80/20 stratified
Random seed 42

3.3. Experimental Pipeline Architecture

The experimental framework utilized a two-pipeline design to assess the impact of
the preprocessing order on the model performance. In Pipeline I, the training data are
randomly undersampled to a 1:9 class ratio and used directly for model training. In Pipeline
II, the same undersampling step is followed by minority-class oversampling within each
cross-validation fold. Critically, both undersampling and oversampling operations were
performed inside each cross-validation fold rather than on the full training set, ensuring
that no synthetic samples derived from the validation data influenced the model fitting
and preventing optimistic bias in the performance estimates. This design allowed for a
controlled comparison between baseline class balancing and the generation of additional
synthetic data. The complete five-stage pipeline is shown in Figure 5.

Production data
25,756 x 65 features

Warranty data Integrated dataset
310 confirmed failures 1:82 imbalance

Stratified split (80/20, seed=42)

Train set Test set

20,604 (248 pos.)

5152 (62 pos.)

Held out — never resampled

5-fold stratified cross-validation
Resampling applied inside each fold

E Optuna HRO 16 classical ML models 8 algorithmic-level
80 trials,
i

Linear, tree, SVM, boosting Cost-sensitive, balanced
TPE sampler

Stacking ensemble construction

1
1
1
1
1
'
3
1
1
1
1
1
1
1
1
¥
|
1
3
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
'
:
'
4 meta-learners x 14 selections = 56 configs i
1
'
1
1
1
’

Evaluation on test set
Recall, specificity, bal. acc., ROC-AUC

Statistical validation
Friedman, Wilcoxon, Nemenyi

Figure 5. Five-stage experimental pipeline (baseline, undersampling, modeling, oversampling, stacking).
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The 1:9 undersampling ratio was selected to balance majority-class information preser-
vation with manageable synthetic sample generation. At the original 1:82 ratio, direct
oversampling to 1:1 would require generating approximately 20,000 synthetic samples
from only 248 originals, risking noise amplification and overfitting to a small seed popula-
tion. The 1:9 ratio reduces this requirement to approximately 2000 synthetic samples while
retaining sufficient majority-class diversity for boundary learning. This two-stage approach
follows the recommendation of Chawla et al. [31], who demonstrated that combining over-
sampling with majority-class reduction yields better results than either technique alone,
and is consistent with recent hybrid frameworks that apply intermediate undersampling
before synthetic augmentation [19,36].

3.4. Resampling Strategies

Six resampling strategies were evaluated, including traditional oversampling, hybrid
methods, and deep generative models. The assessed strategies are summarized in Table 4,
with detailed configurations presented in Table 5. All methods target an approximately
balanced class distribution (~1:1) and are applied within each cross-validation fold to
prevent information leakage. The effect of resampling on the feature space is illustrated in
Figure 6.

Table 4. Resampling strategies evaluated in the experimental pipeline.

Strategy Notes

Base Undersampling-only baseline

ADASYN Adaptive synthetic minority oversampling
SMOTE-Tomek Oversampling with Tomek link cleaning
KMeans-SMOTE Cluster-aware synthetic oversampling

CTGAN Conditional tabular GAN-based augmentation
TVAE Tabular variational autoencoder-based augmentation

ADASYN focuses on difficult minority instances by generating synthetic samples
based on local class imbalance, while SMOTE-Tomek combines oversampling with bound-
ary cleaning to improve class separation. KMeans-SMOTE applies cluster-based synthesis
to reduce noise in sparse regions. Deep generative models, including CTGAN and TVAE,
learn the underlying data distribution to generate synthetic samples for tabular data. CT-
GAN and TVAE were applied with the default configurations of the SDV library, which
prior comparative studies have used as standard baselines for tabular synthesis [6,41].

Hyperparameter tuning (Optuna, 80 trials per model) was applied exclusively to the
24 classifiers. No resampling method received hyperparameter optimization; all used
fixed library-recommended default parameters to ensure a fair comparison under identical
conditions. For CTGAN and TVAE, the architectural parameters follow the SDV library
defaults [53]. CTGAN was trained using the standard adversarial loss (generator and
discriminator cross-entropy), while TVAE used reconstruction loss combined with KL
divergence regularization, both without modification. The epoch count (100) was empiri-
cally selected based on preliminary convergence observation where the discriminator loss
stabilized given the small minority-class training size. The primary constraint on generative
quality was not the architectural configuration but the limited sample size relative to the
65-dimensional feature space, which restricts the models’ ability to learn the joint distribu-
tion regardless of hyperparameter settings. Synthetic data quality was assessed through
end-to-end downstream classification performance rather than standalone fidelity metrics,
consistent with recent recommendations in the synthetic data evaluation literature [11,40].
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Table 5. Sampling strategies, configurations, and resulting training set sizes.
Strategy Type Library Key Parameters Min. Maj. Total Ratio
No Sampling (Full) Baseline - No resampling applied 248 20,356 20,604 1:82
Random Undersampling imb-learn target_ratio = 0.10 248 2232 2480 19
Undersampling
Oversampling . sampling_strategy = 1.0,
ADASYN . imb-learn ) ~2232 2232 ~4464 ~1:1
(Adaptive) n_neighbors = 5
Hybrid . sampling_strategy = 1.0, )
SMOTE-Tomek (Over + Clean) imb-learn X - 5, Tomek removal 2232 2232 4464 ~1:1
) sampling_strategy = 1.0,
KMeans-SMOTE Oversampling imb-learn cluster_bal_thr = 0.1, ~2232 2232 ~4464 ~1:1
(Cluster) k=5
Generative epochs = 100, embed =
CTGAN (GAN) SDV 128, gen = (256,256), ~2232 2232  ~4464 ~1:1
disc = (256,256)
epochs = 100, embed =
TVAE Generative SDV 128, compress = ~2232 2232 ~4464 ~1:1
(VAE) (128,128), decompress = ’

(128,128)

(@) CTGAN

() ADASYN «
(Neg=2232 Pos=248 Syn=1980) (Neg=2232 Pos=248 Syn=1984)

Means-SMO
b

(9) SMOTE Tomek
(Neg=2227 Pos=253 Syn=1974)

A ﬁ&’,"'

mx TE
(Neg=2232 Pos=248 Syn=1986)

Legend

® Majority (Negative)
@ Minority (Positive)

A Synthetic Minority

eeeeeeeeeeeeeeee

Figure 6. Visualization of resampling effects on selected features.

3.5. Classification Models

Twenty-four classification algorithms are evaluated across two categories. The first
includes sixteen classical ML models that rely on external resampling for class-balance
correction, spanning linear, probabilistic, instance-based, tree-based, and ensemble meth-
ods. The second category comprises eight algorithmic-level models that incorporate cost-
sensitive mechanisms (e.g., class weighting, balanced sub-sampling) to directly penalize
minority-class misclassifications [43—45].

This diversity ensures that performance differences across resampling strategies are
not artifacts of a single model class. A complete list of models is provided in Table 6. Deep
learning models are excluded due to the limited minority sample size and extreme class
imbalance (1:82), which increase the risk of overfitting.

Deep learning architectures were not included as base classifiers because the lim-
ited minority class sample size and extreme 1:82 imbalance create a high overfitting risk
for parameter-heavy models, where gradient-based optimization tends to favor majority
class predictions. Deep learning classifiers (MLP, CNN, LSTM) were excluded because
they require large labeled training sets for supervised classification, and the available
248 minority-class training samples are insufficient for reliable gradient-based optimization
of classification networks. In contrast, CTGAN and TVAE serve as data generation tools
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rather than classifiers: they learn the minority-class distribution from the available samples
to produce synthetic training data, which is then used by conventional classifiers. This
functional distinction between deep generative data augmentation and deep supervised
classification motivates their inclusion despite the limited sample size.

Table 6. Classification models grouped by learning paradigm. Sixteen classical and eight algorithmic-
level models are evaluated.

Category Model Abbreviation Imbalance Mechanism
Classical ML—Linear Logistic Regression LogReg -
Ridge Classifier RidgeClf -
Linear Discriminant Analysis LDA -
Classical Quadpratic Discriminant QDA B
ML—Probabilistic Analysis
Gaussian Naive Bayes GNB -
Bernoulli Naive Bayes BernoulliNB -
ﬁis_ﬂfi tance/Kernel K-Nearest Neighbors KNN -
SVM (RBF) SVM-RBF -
Classical ML—Tree Decision Tree (CART) CART -
Decision Tree (C4.5-like) C4.5 -
Classical ML—Ensemble = Random Forest RF -
AdaBoost AdaBoost -
Gradient Boosting GB -
XGBoost XGBoost -
LightGBM LightGBM -
CatBoost CatBoost -
Algorithmic-Level Balanced Random Forest BalRF class_weight
Random Forest (Weighted) RF_weighted class_weight
XGBoost (Weighted) XGB_weighted scale_pos_weight
XGBoost (DART) XGB_DART scale_pos_weight + DART
LightGBM (Weighted) LGBM_weighted is_unbalance
CatBoost (Balanced) CatBoost_bal auto_class_weights
RUSBoost RUSBoost undersampling + AdaBoost
Balanced Bagging + LGBM BalBag_LGBM balanced bagging

3.6. Hyperparameter Optimization

Hyperparameter tuning is performed using Optuna with a Tree-structured Parzen
Estimator (TPE) sampler and 80 trials per optimization run. Trials failing to reach a
minimum recall threshold are pruned, and the final decision threshold is optimized using
balanced accuracy on out-of-fold predictions. The optimization objective is recall-oriented
to reflect the operational importance of capturing warranty-confirmed failures.

3.7. Stacking Ensemble Construction

Stacking ensembles are constructed using out-of-fold (OOF) predictions as inputs
to a second-level meta-learner. Four meta-learners are evaluated (Logistic Regression,
ElasticNet, shallow LightGBM, and HillClimbing optimization), together with fourteen
base-model selection strategies covering performance-based, diversity-based, and hy-
brid criteria.

This design yields 56 stacking configurations per resampling strategy. It enables
a systematic evaluation of model combination strategies. Each ensemble inherits the
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resampling scheme of its base models. Selection strategies and meta-learner configurations
are detailed in Table 7.

Table 7. Stacking ensemble selection strategies and meta-learner configurations.

Code Strategy ID Category Selection Criterion B[l:tiirzlty
Pearson
Al low_corr Diversity Select models with lowest pairwise prediction correlation (continuous
OOF)
A2 top_perf Performance Select models with highest OOF recall scores -
. Select models whose optimal threshold remains
A3 stable_thr Stability consistent across CV folds -
Bl perf_corr Hybrid Rank by performance, then filter by prediction diversity PMeiaclﬁgge}— Sokal-
B2 orf then div  Hvbrid First select top performers, then apply diversity filter on Sokal-Michener
pert- - y binary predictions (binary)
. Select models with both low prediction correlation and Pearson + fold
c1 corr_stablas Hybrid stable thresholds across folds stability
D1 all balanced Baseline Include all 24 models with equal contribution weights to B
- meta-learner
D2 orf weiehted  Hvbrid Include all models but weight contributions by OOF B
pert_velg y performance
El reedy forward Search Iteratively add models that maximize incremental OOF Incremental
g - gain OOF gain
1 cluster Diversit Cluster models by prediction similarity; select one Sokal-Michener
y representative per cluster (binary)
Gl all models Baseline Include all 24 models; meta-learner learns optimal B
- combination weights
G2 top10 Performance Select top 10 models ranked by OOF recall -
G3 toplb Performance Select top 15 models ranked by OOF recall -
H1 family diverse Diversit Select one best model per algorithm family to maximize _
y- y architectural diversity
LMeitr:er Type Key Parameters Purpose
Logistic . . _ Linear combination of base predictions; balanced weighting compensates for class
Regression Linear class_weight=balanced j;ance at the meta-level
. penalty = elasticnet, . e . . .
ElasticNet Regularized solver = saga, Regularized logistic regression with mixed L1/L2 penalty; can zero out redundant
Logistic 11_ratio = 0.5 base models
LightGBM_ Gradient max_depth = 2, Captures non-linear interactions between base predictions while depth constraint
Shallow Boosting n_estimators = 50 prevents overfitting
e 1 Weight . . Directly optimizes ensemble weights by iteratively adjusting model contributions to
HillClimbing Optimization Tterative weight search 12 ivize validation metric

3.8. Performance Metrics

Model performance is evaluated using seven metrics selected to address the asym-
metric label structure. Recall is the primary metric, capturing the proportion of correctly
identified failures, while Specificity reflects the ability to avoid false alarms. Balanced
Accuracy provides a class-balanced summary measure. The F, score emphasizes recall
in accordance with the detection objective. PR-AUC and ROC-AUC evaluate ranking
performance across thresholds, with PR-AUC being valuable in rare-event scenarios.

3.9. Test Protocol

All model development steps, including preprocessing, resampling, optimization,
and ensemble construction, are performed exclusively on the training data. The held-out
test set is reserved for final evaluation only, ensuring a leak-free assessment of generaliza-
tion performance. The dataset was partitioned into training (80%) and test (20%) sets using
stratified random sampling with a fixed random seed (seed = 42), preserving the original
1:82 class ratio in both subsets to ensure reproducibility.

3.10. Statistical Analysis

Statistical significance across resampling strategies was assessed using non-parametric
tests on cross-validation results. The Friedman test was first applied to compare strategies
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across 22 valid models using mean recall. When significant, pairwise Wilcoxon signed-rank
tests with Bonferroni correction were conducted, and Cohen’s d was reported to quantify
effect size. Two models (QDA and LDA) were excluded because of convergence problems
under CTGAN-based sampling. The complete research setup is presented in Table 8. This
setup is referenced in Section 4 when comparing the results by strategy.

Table 8. Summary of experimental configurations.

Component Setting

Base learners 24

Resampling strategies 6

Meta-learners 4

Selection strategies 14

Optimization Optuna TPE, 80 trials

Statistical tests Friedman, Wilcoxon, Cohen’s d
4. Results

4.1. Incremental Effect of Framework Components

Table 9 summarizes the incremental performance improvements from the raw baseline
to the final model configuration, where each step addresses a distinct challenge, including
class imbalance, cost asymmetry, minority sparsity, and model complementarity.

Table 9. Incremental performance progression from baseline to recommended low-FPR operating
point: best configuration per stage on the held-out test set.

Approach Configuration Sampling Recall Spec. F )39 Bal. Acc. ROC-AUC Det. % Miss % FPR %
1 Baseline RF NS (1:82) 0.597 0.928 0.158 0.283 0.762 0.863 59.7 40.3 7.2
2 Under' RF US (1:9) 0.935 0.849 0.130 0.270 0.892 0.973 93.5 6.5 15.1
sampling
3 Algorithmic RF_Weighted US (1:9) 0.935 0.900 0.184 0.356 0.918 0.971 93.5 6.5 10.0
Over US (1:9) +
4 sampling SVM_RBF ADASYN 0.871 0.982 0.517 0.684 0.926 0.952 87.1 12.9 1.8
. ElasticNet US (1:9) +
5 Stacking KMeans-SMOTE 0.935 0.911 0.202 0.382 0.923 0.960 93.5 6.5 8.9

A3_stable_thr

Note: Boldface indicates the best performance obtained for the corresponding metric.

The baseline Random Forest model, trained on the original 1:82 distribution without
resampling, achieved a recall of 0.597 and detected 37 of 62 faulty units, indicating that
post-quality-gate failures are partially detectable even under extreme imbalance. Applying
undersampling (1:9 ratio) led to a substantial increase in recall (0.935), improving detec-
tion coverage from 59.7% to 93.5%, albeit with reduced specificity (0.849). Incorporating
algorithmic-level weighting (RF_Weighted) improved this trade-off, increasing specificity
to 0.900 while maintaining recall, resulting in a balanced accuracy of 0.918.

The strongest individual-model performance was achieved using SVM-RBF with
ADASYN, which detected 54 of 62 failures (recall = 0.871) while achieving the highest
specificity (0.982) and the lowest false positive rate (1.8%) across all configurations. This
confirms that ADASYN-based augmentation combined with kernel methods is particu-
larly effective under extreme imbalance. Finally, stacking ensembles further improved
detection coverage. The framework produces two distinct top-performing stacking config-
urations from two different pipelines. From the oversampling pipeline, ElasticNet with A3
selection trained on KMeans-SMOTE data achieved the highest ROC-AUC of 0.960 with
recall of 0.935, detecting 58 of 62 failures. From the undersampling-only pipeline, Elastic-
Net/A1l_low_corr achieved a higher ROC-AUC of 0.975, indicating that the undersampling-
based base learners provided more discriminative probability estimates for the meta-learner.
Although stacking did not outperform the SVM-RBF model in terms of specificity and
F score, it maximized recall and overall ranking performance, highlighting the benefits
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of meta-learning for improving coverage under asymmetric risk. Table 9 presents the
best-performing configurations at each stage.

4.2. Model Selection and Proposed Configuration

The highest-ranked configuration is an SVM-RBF model trained with ADASYN,
achieving recall of 0.871 and specificity of 0.982. This corresponds to detecting 54 of
62 failures while generating only 93 false positives (FPR = 1.8%), demonstrating strong
discrimination under extreme imbalance. This confirms that ADASYN-based augmentation
combined with kernel methods is particularly effective under extreme imbalance.

Figure 7 illustrates the recall-specificity trade-off across all configurations, where the
recommended low-FPR operating point occupies the upper-right region, selected as the
primary deployment recommendation due to its low false-positive rate (FPR = 1.8%) rather
than achieving the highest score on every metric. This behavior is further supported by the
performance heatmap in Figure 8, which consistently achieves high recall with minimal
loss of specificity. From an operational perspective, the proposed model detects 87.1% of
post-quality-gate failures while maintaining a very low false alarm rate. The balanced
accuracy of 0.926 confirms that this performance is not driven by bias toward a single class.

1.00 4

0.95 A

0.90 -

0.85 4

Recall

0.75

0.70 A

0.65 1 mm Us (1:9)
I ADASYN
. SMOTE-T.
B KM-SMOTE
BN CTGAN

0.60

$8 Best ROC-AUC

High Detection
R=0.935 Spec=0.911

Best ROC-AUC
R=0.919 Spec=0.912

Balanced Alternative

R=0.903 Spec=0.938
« ) m RIS IR
®e o) UNEN R

. Proposed (Low FPR)
R=0.871 Spec=0.982 FP=93

TVAE -

Proposed (Low FPR)

Balanced Alternative o @
High Detection

0.60

T T
0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

Specificity

Figure 7. Recall-specificity trade-off across all evaluated configurations. Four operating points are
highlighted: proposed (x), balanced (#4), high detection (4-), and best ROC-AUC (x).

The second-ranked configuration (SVM-RBF with SMOTE-Tomek) achieves higher
recall (0.903) but at the cost of reduced specificity (0.938), highlighting the trade-off between
detection coverage and false positives. Interestingly, 8 of the top 10 configurations are en-
semble models, confirming the effectiveness of meta-learning. However, none outperform
the recommended low-FPR operating point in terms of specificity or F; score. This confirms
that this configuration’s primary strength is false alarm suppression, while facilities priori-
tizing maximum detection rate or threshold-independent discrimination should consider
the alternative operating points.
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Recall

These results should be interpreted in the context of the extreme class imbalance. At a
base rate of 1.20%, even high-specificity models yield moderate precision, a mathematical
consequence of rarity rather than model deficiency. The proposed model operates near the
theoretical precision ceiling imposed by a 1:82 base-rate. Therefore, the F; score should
be read as a property of the imbalance regime, not as evidence of weak discrimination.
The observed recall represents a substantial improvement over random detection, confirm-
ing that the model captures meaningful predictive signals from production data. Table 10
summarizes the top configurations.

F Detection %

Figure 8. Performance heatmap of 24 models x 6 resampling strategies. Panels show Recall, F,,
Detection Rate (%), Missed Fault Rate (%), and False Positive Rate (%).

Table 10. Top 10 configurations on the held-out test set. R = Recall; Spec. = Specificity; Bal.
Acc. = Balanced Accuracy; ROC-AUC = Area Under ROC Curve; Det.% = Detection Rate;
FPR% = False Positive Rate; T = Model type (I = Individual model, S = Stacking ensemble).

Bal. ROC- Det. Miss FPR Operating

No. T  Model Sampling R Spec. F )3 Acc. AUC o % % Profile
1 1 SVM_RBF ADASYN 0871 0982 0517 0684 0926 0952 871 129 1.8 Low FPR
2 1 SVM_RBF %’ﬁf 0903 0938 0259 0452 0921 0953  90.3 9.7 6.2 Balanced
LogisticRe _
3 S DZ%perf_wgeighted ,?E/IH(Z{;E 0.903 0.934 0.248 0.439 0.919 0.957 90.3 9.7 6.6 Balanced
4 g  ElasticNet SMOTE- 0903 0933 0245 0435 0918 0958 903 9.7 6.7 Balanced
D1_all_balanced Tomek
5 g  ElasticNet Under- 0919 0925 0227 0414 0922 0972 919 81 75 Balanced
D1_all_balanced sampling
(1:9)
LightGBM_Shallow
6 S Fl cluster TVAE 0919 0921 0220 0404 0920 0955 919 8.1 7.9 Balanced
ElasticNet KMeans- High
7 S e e SMOTE 0935 0911 0202 0382 0923 0960 935 6.5 89 Detecion s
Balanced
LightGBM_Shallow ynder-
8 S B2_perf_then_div sampling 0.887 0.936 0.247 0.436 0.911 0.968 88.7 11.3 6.4 Balanced
(1:9)
LightGBM_Shallow  gMeans-
9 S B2 perf_then div  SMOTE 0903 0928 0231 0417 0915 0951  90.3 9.7 7.2 Balanced
LightGBM_Shallow _
10 S Blg_Perf_Corr g\l\/fg?r‘; 0903 0925 0225 0409 0914 0953 903 9.7 7.5 Balanced
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4.3. Comparison of Resampling Strategies

Figure 8 presents the performance heatmap across all 24 models and six resam-
pling strategies. Specifically, ADASYN and SMOTE-Tomek consistently achieved the
highest recall across the model categories. ADASYN yielded the best single model
(SVM-RBEF), whereas SMOTE-Tomek contributed the largest number of top-performing
stacking configurations.

A key finding from the results is the relative underperformance of the deep generative
models. In fact, CTGAN produced the lowest mean recall among all strategies, perform-
ing worse than both the no-resampling baseline and traditional oversampling methods.
The performance of TVAE was somewhat comparable to the baseline, but did not match
the gains achieved by ADASYN or SMOTE-Tomek. This outcome suggests that, under con-
ditions of extreme imbalance (1:82), a limited number of minority samples is insufficient
for generative models to learn a reliable distribution (Figure 6).

The poor classification performance of CTGAN and TVAE strategies can be attributed
to insufficient distribution learning under small-sample conditions. With only 248 minority-
class training samples distributed across 65 features, these deep generative models face
a fundamental sample-to-dimension ratio challenge: learning the full joint distribution,
including pairwise and higher-order feature correlations, from such a limited pool produces
synthetic samples that fail to preserve the statistical structure of the original minority class.
As shown in Figure 6, CTGAN-generated samples show notably weaker overlap with
the true minority distribution compared to ADASYN and SMOTE-Tomek, particularly in
the Force Increment X1 and Rolling Resistance X1 feature space. In contrast, traditional
interpolation-based methods such as ADASYN operate locally in feature space, generating
synthetic samples between existing neighbors without attempting to learn a global distri-
bution, which performs better at this sample size. These findings are consistent with recent
comparative studies reporting that CTGAN and similar architectures require substantially
larger minority populations to produce high-fidelity tabular data [5,11,40]. This suggests
an applicable boundary: traditional adaptive oversampling methods are preferable when
the minority class contains fewer than approximately 300 samples in high-dimensional set-
tings, while deep generative approaches may become competitive as the available minority
data grows.

Among the traditional methods, ADASYN and SMOTE-Tomek achieved comparable
overall performances, both outperforming K-means-SMOTE. Algorithmic-level models gen-
erally exhibit higher recall than classical models, indicating that cost-sensitive mechanisms
provide additional benefits when combined with resampling. Table 11 provides a detailed
comparison of the best-performing configurations across all resampling strategies, confirm-
ing the superior performance of ADASYN in individual models and the competitiveness of
SMOTE-Tomek and KMeans-SMOTE in stacking ensembles.

Table 11 summarizes the representative best-performing configurations. ADASYN
produces the top-ranked individual model, whereas SMOTE-Tomek and KMeans-SMOTE
dominate the stacking performance. In the top 10 configurations, SMOTE-Tomek and
KMeans-SMOTE each contributed three entries, followed by undersampling and ADASYN
and TVAE.

No single resampling strategy dominated the individual and ensemble settings.
ADASYN performed best with kernel-based models, suggesting that its adaptive sampling
reinforced local decision boundaries. In contrast, SMOTE-Tomek and KMeans-SMOTE are
more effective for stacking ensembles, where cleaner or more diverse synthetic samples
enhance meta-learning.

Deep generative approaches have shown limited effectiveness. Although CTGAN
achieves competitive balanced accuracy in some configurations, it does not appear in the
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top 10, and TVAE contributes only one entry. These results indicate that traditional adaptive
oversampling is more effective than deep generative synthesis under extreme imbalances.
This is particularly evident when the minority samples are limited.

CTGAN’s weaker performance should be interpreted with caution, given its sensitivity
to hyperparameter settings and training stability. In particular, generative models for
tabular data require sufficient minority class representation to accurately learn conditional
distributions, and their performance can vary significantly depending on tuning choices,
such as batch size, training epochs, and normalization strategies. Given the limited number
of minority samples in this study, these constraints likely restricted the ability of the CTGAN
to generate high-quality synthetic data.

Table 11. Best-performing individual and stacking configurations per resampling strategy.

Best Individual Models
. . . e . Bal. ROC-
Sampling Strategy Best Individual Type Recall  Specificity F ) 2 Acc. AUC
gg‘;ersamplmg RF_Weighted Algorithmic 0935 0900 0184 0356 0918 0971
ADASYN SVM_RBF Classical  0.871 0.982 0517 0684 0926  0.952
SMOTE-Tomek SVM_RBF Classical  0.903 0.938 0259 0452 0921  0.953
KMeans-SMOTE ~ XGB_DART Algorithmic ~ 0.919 0.873 0149 0299 0896  0.945
CTGAN RF_Weighted Algorithmic ~ 0.887 0.927 0225 0407 0907 0945
TVAE RF_Weighted Algorithmic ~ 0.952 0.826 0117 0248 0889  0.951
Best Stacking Ensemble Models
. . e e Bal. ROC-
Sampling Strategy Best Stacking Recall Specificity K b Acc. AUC
Undersampling ElasticNet/
1) D1 all balanced - 0.919 0.925 0227 0414 0922 0972
ADASYN ElasticNet/ - 0.935 0.881 0160 0318 0908  0.965
B1_perf_corr
SMOTE-Tomek LogisticReg/ 0.903 0.934 0248 0439 0919  0.957
D2_perf_weighted
KMeans-SMOTE ~ LiasticNet/ - 0.935 0911 0202 0382 0923  0.960

A3 _stable_thr

CTGAN LightGBM_Shallow/ - 0.903 0.925 0224 0408 0914 0955
D2_perf_weighted

LightGBM_Shallow/

TVAE F1_cluster

0.919 0.921 0220 0404 0.920 0.955

4.4. Individual Models Versus Stacking Ensembles

A key question is whether the stacking ensembles provide a systematic advantage over
the individual models. The results indicate that neither approach dominates all metrics,
and each serves different operational objectives. The proposed SVM-RBF model achieved
the highest specificity (0.982) and F; score (0.517), producing only 93 false positives. Other
stacking configurations did not achieve this level of false-alarm suppression performance.
In contrast, the stacking ensemble achieved a higher recall and better threshold-independent
performance. The best stacking model detected 58 of 62 faults (recall = 0.935) and captured
four additional failures compared to the proposed model.

Eight of the top 10 configurations were stacking ensembles (Table 10), confirming
the effectiveness of meta-learning. However, the top two ranked models are SVM-RBF
configurations, and both outperform the stacking models in terms of specificity and F;
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score. This indicates that stacking improves the detection coverage, whereas kernel-based
models better control false positives.

ElasticNet stands out as the most effective meta-learning algorithm, and features in
many of the best configurations. Diversity-aware selection strategies consistently outper-
form the simple inclusion of all models, demonstrating that selective model combinations
improve the generalization ability under extreme imbalances. Overall, the framework
supports operationally guided model selection by offering alternative configurations for
different balances between detection coverage and false alarm burden.

4.5. Trade-Off Analysis and Deployment Recommendations

The results presented in Sections 4.2—4.4 show that no single configuration dominates
all the evaluation metrics. Individual models and stacking ensembles exhibit different
strengths depending on the operational objectives. To translate these findings into practical
deployment guidance, four representative operating points were identified, each optimizing
a distinct trade-off profile (Table 12), with the corresponding confusion matrices shown in
Figure 9 and ROC curves in Figure 10.

The first operating point, designated as the recommended low-FPR configuration,
was the individual SVM-RBEF classifier trained with ADASYN. This configuration was
selected as the primary recommendation because it achieved the lowest false-positive rate
in the benchmark (FPR = 1.8%), correctly identifying 54 of 62 faulty units (recall = 0.871)
while generating only 93 false alarms. Alternative operating points offering higher recall or
higher ROC-AUC are presented below for facilities with different operational priorities.
Its high specificity (0.982) leads to the highest F; score among all configurations (0.517),
making it particularly suitable for environments with limited inspection capacity, where
excessive false alarms would disrupt operations.

The second operating point, the balanced alternative, employs the same SVM-RBF
architecture with SMOTE-Tomek augmentation. It improves the detection coverage (re-
call = 0.903, 56 of 62 faults detected) while maintaining a reasonable false-positive rate
(FPR = 6.2%). This configuration provides a practical compromise between the detection
performance and operational efficiency.

Table 12. Four deployment operating points derived from the framework. Each profile optimizes a
different operational objective.

Operating . e s ROC- PR- Miss FPR  Deployment
Profile Model Type Sampling Recall Specificity F )33 AUC  AUC o o, Rationale
Minimizes false alarms;
Recommended US (1:9) + . ) >
Low-FPR SVM_RBF I ADASYN 0.871 0.982 0.517 0.684 0952  0.853 129 1.8 sultab_le \{vh_en inspection
capacity is limited
Balances detection and
Balanced US (1:9) + false alarms;
Alternative SVM_RBF I SMOTE-Tomek 0.903 0.938 0259 0452 0953  0.868 9.7 6.2 general-purpose
deployment
. Maximizes fault capture;
. . ElasticNet/ US (1.9) + L
High Detection A3_stable_thr KMeans-SMOTE 0.935 0911 0202 0382 0960 0704 6.5 8.9 preferrgd when missing
defects is costly
Highest threshold-
Best ElasticNet/ US (1:9) 0919 0912 0201 0379 0975 0849 81 gg ndependent

Discrimination

Al_low_corr

performance; stable
across operating points

Note: Boldface indicates the best value achieved for the corresponding performance metric.

The third operating point maximizes fault detection using a stacking ensemble (Elas-
ticNet with A3 selection on K-means-SMOTE data). It achieved the highest recall (0.935),
detecting 58 of 62 faulty units, but at the cost of increased false positives (FPR = 8.9%). This
configuration is preferable in high-risk scenarios, where missing a defective unit carries
significant safety or financial consequences.
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The fourth operating point focuses on the discrimination performance. A stacking
ensemble (ElasticNet with A1 selection on undersampled data) achieved the highest ROC-
AUC (0.975), indicating stable performance across threshold settings. At the selected
threshold, 57 of 62 faulty units were detected (recall = 0.919) with a specificity of 0.912,
making it suitable for adaptive deployment scenarios in which thresholds may be ad-
justed post-deployment.

Figure 9 illustrates the operational implications of these configurations. The proposed
model exhibited a significantly smaller false-positive region, whereas the high-detection
configuration minimized missed faults. Figure 10 further confirms that all the operating
points outperform the baseline, with the stacking ensembles achieving slightly higher AUC
values than the individual models. The availability of multiple operating points is a key
strength of the proposed framework. Rather than prescribing a single optimal model, this

approach enables practitioners to select configurations based on inspection capacity, risk
tolerance, and operational constraints.

(a) Proposed: SVM-RBF + ADASYN (b) Balanced: SVM-RBF + SMOTE-Tomek

N FP TN FP
4997 93 4775 315
No Fault 1 No Fault 1
(1.8 (92 (6.1
T
3
2
é FN P FN P
8 54 6 56
Fault 4 Fault
0.2 (1.0%) (0.1%) 1.1%
T T T T
No Fault Fault No Fault Fault
Predicted Predicted
[R=0.871 Sp=0.982 F1=0.517 F2=0.684 BA=0.9E R=0.903 Sp=0.938 F1=0.259 F2=0.488 BA=0.921]
(c) High Detection: Stacking/A3 (d) Best ROC-AUC: Stacking/A1l
N FP N FP
4637 453 4642 448
No Fault q No Fault 4
0.0 (8.8%) (90.1%) (8.7%)
]
2
g FN TP FN P
4 58 5 57
Fault Fault -
(.1 1.1%) (0.1%) .1
T T T T
No Fault Fault No Fault Fault
Predicted Predicted

[R=0.935 Sp=0.911 F1=0.202 F2=0.418 BA=0.923]

[R=0.919 Sp=0.912 F1=0.201 F2=0.414 BA=0.916]

Figure 9. Confusion matrices for four operating points on the held-out test set.

(a) ROC Curves

(b) Precision-Recall Curves

True Positive Rate (Recall)

Random (AUC = 0.500)
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Figure 10. ROC and Precision—Recall curves for operating point models (Test Set: 5152 units). (a) ROC

curves with AUC values; (b) Precision-Recall curves with PR-AUC values and baseline prevalence
reference line.
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4.6. Statistical Validation

The Friedman test applied to cross-validation recall across the 22 models confirms
statistically significant differences among resampling strategies (Table 13A). Full results
across all metrics, including pairwise Wilcoxon tests with Bonferroni correction and effect
sizes, are provided in Table 13.

Pairwise comparisons show that both ADASYN and SMOTE-Tomek significantly
outperform CTGAN, TVAE, and KMeans-SMOTE with large effect sizes. No significant
difference is observed between ADASYN and SMOTE-Tomek, forming a homogeneous
top-performing group. CTGAN is significantly outperformed by all strategies except
the baseline. These findings confirm that resampling strategy selection has a statistically
significant impact under extreme imbalance, and that traditional adaptive oversampling
methods outperform deep generative approaches in this setting.

Table 13. Statistical validation of resampling strategy differences.

A: Friedman Test: 22 Models x 6 Strategies (OOF Cross-Validation)

Metric x> df p-Value  Significant
Recall 67.84 5 288x10715  Yes
F 2271 5 3.83x 107* Yes ***
B 21.32 5 7.03 x 107* Yes ***
Specificity 57.17 5 4.67 x 10711 Yes ***
ROC-AUC 37.90 5 3.96 x 1077 Yes ***

KM-
Mean Ranks (Recall) Base ADASYN  SMOTE-T. SMOTE CTGAN TVAE
Rank 3.82 1.73 1.95 3.73 5.68 4.09

B: Pairwise Wilcoxon Signed-Rank Tests: Recall (Bonferroni « = 0.0033)

Comparison w p-value Bonf. p Sig. Cohen’s d Effect Preferred
ADASYN vs. SMOTE-Tomek 113.5 0.6729 1.000 No —0.041 Small homogeneous
ADASYN vs. KMeans-SMOTE 6 0.0001 0.0014 Yes —0.976 Large ADASYN
ADASYN vs. CTGAN 0 <0.0001 <0.0001 Yes —1.777 Large ADASYN
ADASYN vs. TVAE 0 <0.0001 <0.0001 Yes -1.163 Large ADASYN
ADASYN vs. Base 27 0.0012 0.0185 Yes 0.965 Large ADASYN
SMOTE-Tomek vs. KMeans-SMOTE 3 0.0001 0.0009 Yes —0.959 Large SMOTE-Tomek
SMOTE-Tomek vs. CTGAN 0 <0.0001 <0.0001 Yes -1.773 Large SMOTE-Tomek
SMOTE-Tomek vs. TVAE 0 <0.0001 <0.0001 Yes —1.150 Large SMOTE-Tomek
SMOTE-Tomek vs. Base 29 0.0015 0.0232 Yes 0.946 Large SMOTE-Tomek
KMeans-SMOTE vs. CTGAN 15 0.0001 0.0010 Yes —1.199 Large KMeans-SMOTE
KMeans-SMOTE vs. TVAE 67 0.0542 0.8137 No —0.332 Small —
KMeans-SMOTE vs. Base 98 0.3548 1.000 No 0.289 Small —
CTGAN vs. TVAE 0 <0.0001 0.0006 Yes 0.889 Large TVAE
CTGAN vs. Base 50 0.0115 0.1721 No —0.689 Medium —
TVAE vs. Base 120 0.8486 1.000 No 0.049 Small —

*** Indicates statistical significance at p < 0.001.

4.7. Feature Importance Analysis

Feature importance is assessed using both permutation importance and SHAP for the
proposed SVM-RBF model to identify predictors that are robust across different attribution
mechanisms. Figure 11 presents the top-ranked features based on SHAP values. The most
important feature is Force Increment X1, which captures the dynamic buildup of braking
force during the initial phase of brake application at the Roller Test Station. This feature also
ranks first under permutation importance, so it appears at the top under both attribution
methods. Two additional features show consistent importance in both approaches: Force
Reduction X1, representing force release dynamics, and Force Increment X5, reflecting
force behavior at a later stage of braking. The consistent ranking of these features indicates
that both the application and release phases of braking carry critical predictive signals for
post-quality-gate failures.
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Both approaches identify the same key predictors, which suggests that these character-
istics represent meaningful predictors rather than just a by-product of a single attribution
method. From a system-level perspective, feature importance is distributed across multiple
test stations. The Roller Test Station contributes the majority of top-ranked features, includ-
ing all predictors consistently identified by both methods, highlighting the importance of
dynamic braking behavior. The relevant predictors are also obtained from the Handbrake
Test Station and the Brake Pedal Test Station; this demonstrates that static calibration
parameters and driver interaction measurements also contribute to fault prediction. Since
the results are not limited to a single measurement domain for predictive indicators, this
highlights the importance of integrating heterogeneous production data.

Overall, these findings indicate that post-quality-gate failures show the strongest
statistical association with subtle variations in dynamic force behavior, particularly during
braking application and release phases, while also reflecting contributions from multiple
subsystems. This supports the effectiveness of the multi-station data integration approach.
It should be noted that SHAP and permutation importance measure statistical association
between features and model predictions, not causal relationships. The identified features
represent the strongest predictive signals in the dataset rather than confirmed physical

causes of failure.

High

ﬁvﬂf-mmwl

2
°
°
2
°

SHAP value (impact on model output) Mean Decrease in Balanced Accuracy

(@) (b)
Figure 11. Feature importance analysis: (a) SHAP-based top 20 features for the proposed SVM-RBF
model; (b) Permutation importance top 20 features for the proposed SVM-RBF model.

5. Discussion
5.1. Key Findings

The study revealed three key findings. First, traditional adaptive oversampling meth-
ods, particularly ADASYN, demonstrated significantly better performance than deep
generative models (CTGAN, TVAE) under conditions of extreme imbalance. This was also
validated using statistical tests. Second, the proposed SVM-RBF model achieves the best
precision-recall trade-off, whereas the stacking ensembles provide alternative configura-
tions that maximize the detection rate or threshold-independent discrimination. Third,
post-quality-gate failure detection was performed using only data from the production line
in operation, without the need to set up an additional detection infrastructure.

5.2. Implications for Industry 4.0 and Quality 4.0 Implementation

In a production batch of 5152 vehicles, the proposed model flags 147 units (2.9%),
intercepting 87.1% of eventual failures. This represents a minimal inspection burden rel-
ative to its detection benefit. For high-risk scenarios, the high-detection configuration
(Table 12) increases coverage to 93.5% at the cost of a higher inspection rate (9.9%). These
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results demonstrate that the framework supports flexible deployment depending on opera-
tional priorities.

5.3. Physical Interpretation and Comparison with Prior Work

Feature importance analysis identifies Force Increment X1 as the leading feature
under both SHAP and permutation importance, with Force Reduction and Handbrake
Test features also ranking highly, indicating that failures are statistically associated with
dynamic force evolution patterns. The fact that top-ranked features come from multiple
stations supports the multi-station integration approach. These findings align with prior
work showing the effectiveness of SMOTE-based methods over generative models and
extend them to a more extreme imbalance setting.

The component-level warranty analysis supports the feature importance findings.
Front disc brake pad complaints, the most frequent defective component at 30.8% of
component-identified claims, are mechanically linked to the Force Increment and Force
Reduction features that dominate the importance rankings, as pad-disc friction dynamics
directly govern force buildup and release behavior. Similarly, brake servo vacuum pipe
failures align with the ABS—-Brake Pressure features, while handbrake-related complaints
correspond to the Handbrake Angle and Handbrake Force groups. The observation that
noise, vibration, and faulty operation collectively account for over 46% of all complaint
symptoms is consistent with the model’s reliance on dynamic force evolution patterns
rather than static threshold violations.

The dominance of Force Increment X1 as the top predictor can be interpreted through
brake dynamics principles. During the roller test, the brake caliper applies clamping force
to the disc, and Force Increment measures the rate of force buildup during the initial phase
of brake application. An unusual force increment profile may indicate irregular disc—pad
contact caused by surface defects on the pad material, disc thickness variation, or disc
runout, all of which affect the uniformity of the friction interface and can lead to field
complaints such as vibration or reduced braking efficiency. Force Reduction X1, ranked
third by both methods, captures the force release behavior when the brake pedal is released.
Abnormal residual force during release is associated with caliper piston sticking, seal
degradation, or hydraulic return path obstruction, conditions that may not trigger an end-
of-line rejection but can produce progressive performance degradation during customer use.
The presence of Handbrake Test features among the top predictors, particularly Handbrake
Cycle X1, reflects the mechanical adjustment quality of the parking brake cable and lever
mechanism; deviations in the force-travel relationship during handbrake cycling indicate
improper cable tension or ratchet mechanism wear that may pass static acceptance criteria
but fail under repeated field use.

5.4. Limitations

The study is based on a single production facility, limiting generalizability but ensuring
real-world validity. The small number of positive samples constrains statistical power,
although cross-validation mitigates this. Label uncertainty in negative samples remains
an inherent limitation. Deep learning models were not considered in this study due to the
extremely limited number of minority-class samples. Under such conditions, high-capacity
models are prone to overfitting and unstable optimization, often leading to majority-class
biased predictions. The warranty observation window is limited to one year or 10,000 km;
a longer follow-up period could reveal additional failures and alter the observed class
ratio. Despite the two-stage expert validation process for warranty labels, some residual
contamination from non-manufacturing failure causes cannot be fully excluded, which
may affect both recall and specificity estimates.
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The dataset originates from a single manufacturing facility producing a single vehicle
model family, which limits the generalizability of the findings to other production lines,
vehicle platforms, or manufacturers. Differences in equipment calibration, supplier com-
ponents, production volumes, and workforce practices across facilities may affect both
the feature distributions and the failure patterns. Consequently, while the specific feature
importance rankings and decision boundaries reported here are structurally optimized for
this line’s sensor architecture, the underlying hybrid framework (resampling + stacking
ensemble) remains methodologically transferable to other discrete manufacturing contexts
with extreme class imbalance. The dataset was partitioned using random stratified splitting
rather than temporal splitting. As a result, training and test samples may share similar
production conditions such as batch effects, equipment calibration states, and seasonal envi-
ronmental factors, potentially inflating performance estimates relative to a strictly temporal
validation where the model is trained on earlier production periods and tested on later ones.
Temporal validation would provide a more realistic assessment of deployment performance
and is recommended for future work. The use of fixed generative model parameters with-
out a dedicated hyperparameter search and the absence of standalone synthetic data quality
evaluation (e.g., distribution fidelity tests, correlation preservation metrics) are limitations.
However, the primary bottleneck was the limited minority-class sample size rather than the
architectural configuration, as deep generative models require substantially larger popula-
tions to capture high-dimensional inter-feature dependencies. Future research should focus
on multi-facility validation, integration of time-series data, adaptive threshold optimization,
hyperparameter optimization of generative models, bootstrap-based confidence intervals,
and online learning for continuous model updates. The choice of 1:9 as the undersampling
ratio was not optimized through sensitivity analysis across alternative ratios (e.g., 1:5, 1:15),
as each ratio would require retraining all 504 configurations. Exploring the effect of this
ratio is left for future work. The proposed framework is not limited to brake systems; it can
be extended to other automotive subsystems such as HVAC systems where multi-station
production data can be linked with post-delivery warranty records.

6. Conclusions

This study presents a Quality 4.0 framework for detecting post-quality-gate rare
failures in automotive brake manufacturing. Using a real-world dataset (1:82 imbalance), six
resampling strategies and 24 models were systematically evaluated. Three main conclusions
emerge. First, under extreme imbalance (1:82) with limited minority samples (n = 248),
traditional adaptive oversampling (ADASYN) significantly outperforms deep generative
approaches (Friedman x? = 67.84, p = 2.88 x 107!3). Second, the proposed SVM-RBF
model achieves strong performance (recall = 0.871, specificity = 0.982) with minimal false
alarms, while stacking ensembles provide alternative configurations optimizing detection
or discrimination. Third, feature importance analysis identifies dynamic force behavior
across multiple stations as the strongest statistical predictor of failure, confirming the
value of integrated production data. Beyond model comparison, the study demonstrates a
deployable framework with multiple operating points, enabling practitioners to balance
detection coverage and operational constraints. This provides a practical pathway for
integrating predictive capability into Industry 4.0 quality systems.

These findings suggest that, in manufacturing settings with extreme class imbalance
and fewer than 300 minority-class training samples, simple adaptive oversampling methods
may be a more reliable option than complex generative approaches whose capacity to learn
high-dimensional feature correlations is constrained by the available sample size.
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The following abbreviations are used in this manuscript:

ABS Anti-lock Braking System

ADASYN Adaptive Synthetic Sampling

AUC Area Under the Curve

Bal. Acc. Balanced Accuracy

CIS Chassis Integration System

CPS Cyber-Physical Systems

CTGAN Conditional Tabular Generative Adversarial Network
Cv Cross-Validation

GAN Generative Adversarial Network

TIoT Internet of Things

KMeans-SMOTE  K-Means Synthetic Minority Oversampling Technique
LightGBM Light Gradient Boosting Machine

MES Manufacturing Execution System

OOF Out-of-Fold

PLC Programmable Logic Controller

PR-AUC Area Under the Precision—Recall Curve

RUSBoost Random Undersampling Boosting

SCADA Supervisory Control and Data Acquisition

SMOTE Synthetic Minority Oversampling Technique
SMOTE-Tomek Synthetic Minority Oversampling Technique with Tomek Links
SPC Statistical Process Control

SVM Support Vector Machine

TPE Tree-structured Parzen Estimator

TQM Total Quality Management

TVAE Tabular Variational Autoencoder

VAE Variational Autoencoder

VIN Vehicle Identification Number

XGBoost Extreme Gradient Boosting
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