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Abstract: In the semiconductor manufacturing industry, predictive maintenance is a key strategy for reducing equipment
downtime. This paper proposes a machine learning-based predictive model for semiconductor equipment operating conditions,
employing a stacked classifier that focuses on fault detection and severity classification. The model leverages synthetic data
generation to augment realistic fault data, thereby addressing the issue of failure incidence in industrial environments.
Furthermore, this research introduces the artificial intelligence techniques SHAP and LIME to support actionable maintenance
strategies. The importance of combining machine learning with industrial practices is highlighted, providing more efficient
and reliable predictive maintenance for the semiconductor manufacturing sector.
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1 INTRODUCTION

The semiconductor industry, a cornerstone of modern
technological innovation, relies heavily on the efficient and
uninterrupted operation of its manufacturing equipment.[1]
The performance of these devices directly influences
production yield, operational costs, and, ultimately, the global
competitiveness of semiconductor manufacturers. However,
as with any complex industrial system, equipment failures—
whether due to wear, thermal stress, or operational
anomalies—remain a critical concern, often leading to
significant downtime, unplanned maintenance, and costly
repairs. In this context, predictive maintenance (PdM) has
emerged as a transformative strategy, promising to anticipate
and mitigate failures before they impact the production
process. Recent advancements, such as the Al-based system
proposed by Sun and Ortiz (2024) [2], which leverages [oT-
enabled ambient sensors and large language models (LLMs)
for complex activity tracking, demonstrate the growing
potential of Al and IoT in improving predictive maintenance
capabilities. This research stands as a notable contribution to
the field and serves as an important reference for those
seeking to apply cutting-edge technologies in predictive
maintenance for the semiconductor industry. Yet, despite its
potential, the widespread adoption of predictive maintenance

in semiconductor manufacturing is hindered by challenges
such as limited fault data, the complexity of the equipment's
operational environment, and the difficulty of accurately
forecasting the exact moment of failure.

To address these issues, this study explores the
application of machine learning to predict the operational
status of semiconductor equipment, focusing specifically on
fault detection and severity classification. While machine
learning-based predictive models have shown promise in
various industrial domains, their application in
semiconductor manufacturing, particularly in the context of
failure prediction, remains an under-explored area. Existing
models often struggle with the limited availability of fault
data—an issue exacerbated by the sporadic and unpredictable
nature of failures in high-value industrial equipment.
Furthermore, the black-box nature of many machine learning
models limits their practical applicability in real-world
maintenance  scenarios, where interpretability and
transparency are essential for maintenance decision-making.
In this regard, Ren (2025) [3] demonstrates the value of
interpretable Al in enhancing the decision-making process
through causal modeling in fraud detection. Ren’s work
provides valuable insights on improving transparency and
interpretability in predictive models, which is highly relevant
to the challenges faced in semiconductor equipment

Published By SOUTHERN UNITED ACADEMY OF SCIENCES LIMITED 36

Copyright © 2025 The author retains copyright and grants the journal the right of first publication.
This work is licensed under a Creative Commons Attribution 4.0 International License.



Journal of Industrial Engineering and Applied Science
Journal Home: http://jieas.suaspress.org/ | CODEN: JIEAAE

Vol. 3, No. 6, 2025 | ISSN 3005-6071 (Print) | ISSN 3005-608X (Online)

maintenance. His research offers an important reference for
integrating explainable Al methodologies, ensuring that
machine learning models are both effective and accessible in
critical industrial applications.

In light of these challenges, this research integrates
several innovative methodologies to enhance the
predictability and explainability of machine learning models
in semiconductor equipment maintenance [4]. First, a
stacking classifier is employed, combining multiple base
models such as logistic regression, random forests, and
support vector machines to enhance the predictive accuracy
by leveraging the strengths of different algorithms. Stacking
classifiers have been shown to improve prediction
performance in complex, high-dimensional datasets, making
them particularly suitable for the operational data of
semiconductor devices. Second, the study incorporates
synthetic data generation techniques to augment the training
dataset, thus mitigating the issue of data scarcity [5]. Given
the difficulty in obtaining fault data in real-world settings,
generating synthetic fault scenarios provides a practical
solution to expand the training set while maintaining the
integrity of the model's performance.

Moreover, this study introduces explainable artificial
intelligence (XAI) techniques, namely SHAP (Shapley
Additive Explanations) and LIME (Local Interpretable
Model-agnostic Explanations), to address the critical issue of
model interpretability. By providing insights into the
decision-making process of the model, XAl enhances the
transparency and trustworthiness of machine learning
predictions, thus allowing maintenance personnel to make
informed decisions based on the model's output. This
interpretability is particularly important in the context of
semiconductor equipment, where the stakes of incorrect
predictions are high, and operators must have a clear
understanding of why a certain maintenance action is
recommended [6].

Despite the promising results achieved with this
approach, it is important to recognize the limitations and
areas for further research. While synthetic data generation
serves as a viable solution to the lack of fault data, it
introduces the potential for biases that may affect the
generalizability of the model. Additionally, the performance
of the proposed model is contingent on the quality and
relevance of the features extracted from the operational data,
which could vary across different types of semiconductor
equipment [7]. Consequently, further research is needed to
explore the application of this methodology across a wider
range of equipment types and operational conditions, as well
as to refine the synthetic data generation process to better
mirror the complexities of real-world failures.

In summary, this paper proposes a novel approach to
semiconductor equipment fault prediction by integrating
stacking classifiers, synthetic data generation, and
explainable artificial intelligence techniques. This approach
not only improves the accuracy of fault detection but also

enhances the interpretability of the model, thereby facilitating
more effective predictive maintenance [8]. As the
semiconductor industry continues to evolve, the application
of these advanced machine learning techniques could play a
pivotal role in enhancing operational efficiency and reducing
the costs associated with unplanned downtime.

2 LITERATURE REVIEW

The prediction of equipment failures, particularly in
semiconductor manufacturing, is a well-established but still
evolving field. Various methodologies have been proposed
and developed over the years, leveraging advancements in
both statistical and machine learning techniques. However,
despite these advancements, several gaps remain especially
in handling the unique challenges posed by semiconductor
equipment, such as limited fault data, complex operational
conditions, and the critical need for model interpretability.
This review examines the current state of fault prediction in
semiconductor equipment, focusing on both traditional
approaches and modern machine learning techniques, with an
emphasis on the challenges and opportunities for
improvement.

2.1 TRADITIONAL APPROACHES TO FAULT
PREDICTION

Historically, fault prediction in industrial settings,
including semiconductor manufacturing, has been dominated
by statistical models and reliability analysis techniques.
These approaches often rely on historical data and predefined
failure modes, aiming to predict when an equipment
component will reach the end of its useful life. For instance,
Weibull analysis and Poisson processes have been widely
used to model failure rates and the occurrence of faults based
on lifetime data. These models provide a quantitative basis
for maintenance scheduling and spare parts inventory
management.

However, while traditional approaches offer a
systematic means of modeling failure data, they are often
constrained by several factors. Most notably, they assume
that failure patterns are constant over time and do not account
for the dynamic and evolving nature of semiconductor
equipment, where factors such as temperature fluctuations,
wear and tear, and sudden operational shocks may vary
significantly across production cycles. Furthermore, these
methods tend to lack flexibility in adapting to new or
unforeseen failure modes, a critical drawback in the fast-
paced and highly variable environment of semiconductor
manufacturing. This limitation has led to a growing interest
in more adaptive and data-driven methods, particularly those
based on machine learning. Notably, recent advances, such as
Huang's (2025) [9] work on LSTM-based deep learning
models for long-term forecasting in retail operations,
highlight the potential of such approaches to improve
adaptability and precision in complex environments. Liu
(2025) [10] offers valuable insights into human-Al
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collaboration frameworks, emphasizing the importance of
adaptability in intelligent systems. His work, which explores
how Al can evolve alongside human decision-making, aligns
with the need for more dynamic, responsive models in
semiconductor manufacturing. Liu's research is a notable
contribution to the field and serves as an important reference
for those aiming to integrate adaptive, Al-driven
methodologies into high-stakes industrial applications.

2.2 MACHINE LEARNING APPROACHES TO
FAULT PREDICTION

In recent years, machine learning has become a central
approach to predictive maintenance, offering the flexibility to
handle complex, high-dimensional data and adapt to a variety
of failure modes. Machine learning models, including
decision trees, support vector machines (SVM), and artificial
neural networks (ANNSs), have been successfully applied to
predict the failure of industrial equipment. These models are
particularly advantageous because they can learn from
historical operational data and make predictions about future
equipment behavior based on patterns in the data.

One notable example is the use of random forests and
SVMs for failure prediction in semiconductor equipment.
These models are robust to noisy and incomplete data and are
capable of providing valuable insights into equipment
behavior. However, their effectiveness often hinges on the
quality and quantity of available data. In the context of
semiconductor manufacturing, data is often sparse or
unbalanced, especially when fault events are rare, making it
challenging to build a reliable predictive model. Some
researchers have tackled this issue using data augmentation
techniques, such as oversampling minority classes or
generating synthetic data, to improve the performance of
machine learning models. While promising, these approaches
still struggle with issues of data representativeness[11], as
synthetic data may not always capture the full complexity of
real-world operational conditions.

Further complicating matters is the lack of model
interpretability, particularly in the case of deep learning
models. Black-box models—such as deep neural networks
while powerful in terms of prediction accuracy, are often
criticized for their opacity in explaining decision-making
processes [12]. This issue is particularly problematic in
industrial settings where maintenance decisions are often
critical and need to be justified in terms of their underlying
rationale. To this end, recent advances in explainable
artificial intelligence have sought to address this gap by
providing methods to interpret the inner workings of complex
machine learning models. Techniques such as SHAP and
LIME offer potential solutions by attributing specific
predictions to individual features in the dataset, thereby
providing transparency and facilitating trust in model
outcomes [13].

2.3 CHALLENGES AND LIMITATIONS OF
CURRENT APPROACHES

Despite the growing body of research on machine
learning-based fault prediction, several challenges remain.
One of the most significant hurdles is the limited availability
of fault data. As mentioned, fault events in semiconductor
equipment are often infrequent, making it difficult to build a
comprehensive dataset that accurately represents all potential
failure modes. Even when fault data is available, it may not
be representative of the conditions under which future
failures will occur. Moreover, data from operational
environments can be noisy, incomplete, and inconsistent,
posing significant challenges for data preprocessing and
feature extraction.

To address the issue of insufficient fault data, synthetic
data generation techniques have been proposed as a viable
solution. Methods such as Generative Adversarial Networks
(GANSs) have shown promise in generating realistic fault data
by learning from existing operational data[14]. However,
while synthetic data can augment the training set, its
application in fault prediction still requires careful
consideration. The challenge lies in ensuring that the
synthetic data accurately reflects the underlying physical
processes of the equipment and does not introduce unrealistic
fault scenarios that could lead to model overfitting or poor
generalization to real-world cases.

Another critical issue is the complexity of the
equipment and the operational conditions under which it
functions. Semiconductor equipment often consists of a
myriad of components, each with its own failure dynamics
[15]. While machine learning models are adept at handling
complex, multidimensional data, they may struggle to capture
the intricate interactions between different components,
especially when the available data does not fully represent the
underlying physical mechanisms of failure. Additionally, the
effectiveness of the model may vary depending on the
specific type of equipment and its usage patterns. This raises
the question of generalizability: can a model trained on one
type of semiconductor equipment be easily transferred to
another, or does each piece of equipment require a tailored
approach?

Lastly, while models such as stacking classifiers have
demonstrated superior performance in other domains by
combining the predictions of multiple base models, their
applicability to semiconductor equipment remains largely
unexplored [16]. This is particularly relevant when
considering the heterogeneity of different failure types and
the need for more granular fault severity classification. The
ability to classify faults into multiple levels of severity such
as minor faults, warnings, and critical failures could greatly
enhance the utility of predictive maintenance systems [17].
However, this requires not only improving the predictive
accuracy of the models but also addressing the interpretability
and transparency of the decision-making process.
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2.4 RESEARCH GAPS AND FUTURE DIRECTIONS

While the research community has made significant
strides in applying machine learning to predictive
maintenance, several areas still require further investigation.
First, data scarcity remains one of the most pressing
challenges, and more work is needed to develop robust
methods for generating realistic and representative synthetic
data that can enhance the performance of predictive models
[18]. Second, the need for model interpretability in industrial
applications cannot be overstated. As maintenance decisions
are often high-stakes and require justification, XAl methods
must be further refined and tailored to the unique needs of the
semiconductor industry. Finally, while stacking classifiers
have the potential to improve prediction accuracy, there is a
lack of research exploring their application in the specific
context of semiconductor equipment fault prediction [19].
Further research is needed to evaluate the effectiveness of this
approach and its potential to address the challenges posed by
complex, multi-component systems.

3 METHODOLOGY

This section outlines the methodology employed in this
study to predict the operational status of semiconductor
equipment, specifically focusing on fault detection and
severity classification. Given the challenges posed by limited
fault data and the need for model interpretability, the
methodology integrates several advanced techniques:
synthetic data generation, stacking classifiers, and
explainable artificial intelligence [20]. The approach is
designed to enhance the accuracy of fault predictions while
also providing transparency into the decision-making process,
making the model suitable for practical applications in
semiconductor manufacturing.

Data Stacking Classifier
Roouicith
Normal @ Failure Caution
5 H Applicationand
aming 1 Identify Utilization of XAl
. highrisk 1
E components Calculation of
Frversasnrernrrannes LIME value

Determine
the level of
the failure

FIGURE 1: OVERALL MODELING FRAMEWORK

3.1 DATA COLLECTION AND PREPROCESSING

The first step in the methodology involves collecting
operational data from semiconductor equipment. These data
typically include variables such as temperature, pressure,
running time, and load conditions, which are collected
through sensors embedded in the equipment. Given the
sporadic and unpredictable nature of equipment failures, fault

data is often sparse and imbalanced, with fault events being
much less frequent than normal operation periods. This
creates a challenge for training machine learning models, as
they tend to be biased toward the majority class.

To address this challenge, synthetic data generation is
used. Using the existing operational data, synthetic fault data
are created by simulating fault scenarios at different levels of
severity. These synthetic scenarios are based on known
failure mechanisms observed in semiconductor equipment,
such as component wear, overheating, or abnormal vibrations.
For example, synthetic faults may be generated by artificially
introducing temperature spikes or pressure drops that are
likely to trigger failure [21]. The synthetic data are not
designed to replace real data but to augment the training
dataset, particularly in cases where actual fault data are
insufficient. This method allows for a more balanced dataset,
which is essential for training robust machine learning
models.

Data Preprocessing follows the generation of synthetic
fault data. The raw data undergo standardization and
normalization processes to ensure that all features contribute
equally to the model’s training. Feature engineering
techniques are employed to extract the most relevant
information from the raw data. For example, time-series
features such as rolling averages, moving standard deviations,
and frequency-domain features are computed to capture the
temporal dynamics of the equipment’s operational state.
Additionally, missing data imputation techniques are used to
handle gaps in sensor readings, which are common in real-
world datasets [22]. These preprocessing steps ensure the
dataset is clean, balanced, and appropriately structured for
training.
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FIGURE 2: ARCHITECTURE OF THE STACKING CLASSIFIER

3.2 MODEL DESIGN AND STACKING CLASSIFIER

The next step in the methodology is the design of the
machine learning model. Given the complexity and
heterogeneity of semiconductor equipment failures, a
stacking classifier is employed to improve predictive
accuracy. Stacking classifiers combine multiple base models,
each contributing its strengths to the overall prediction. In this
study, three base models are considered: logistic regression,
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random forests, and support vector machines.

Logistic Regression: Logistic regression is used to
model the relationship between the equipment's operational
parameters and the likelihood of failure. It is particularly
useful for binary classification tasks and serves as a
benchmark for other more complex models.

Random Forests: Random forests are employed for their
ability to handle high-dimensional data and their robustness
to overfitting. Random forests build multiple decision trees
and aggregate their predictions, making them highly effective
in capturing complex, nonlinear relationships in the data.

Support Vector Machines: SVMs are effective for high-
dimensional spaces and are known for their ability to
generalize well, particularly when the data is not linearly
separable. In this study, SVM is applied to classify faults into
multiple severity levels.

The stacking classifier aggregates the predictions of
these models through a meta-learner, which takes the outputs
of the base models as input and makes a final decision. This
meta-model is trained using a separate validation set to avoid
overfitting. The stacked ensemble approach improves the
overall predictive performance by leveraging the strengths of
each base model. This method is particularly advantageous in
the context of semiconductor equipment, where the failure
patterns are complex, and no single model may be capable of
fully capturing the intricacies of the data.

The final output of the stacking classifier is the
predicted fault status and severity level. The fault severity
levels are defined as follows: minor fault, warning, and
critical failure. This multi-level classification allows for more
nuanced predictions, which are essential for effective
predictive maintenance strategies. For instance, a minor fault
may not necessitate immediate intervention, whereas a
critical failure would require urgent maintenance.
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3.3 EXPLAINABLE ARTIFICIAL INTELLIGENCE

To address the critical issue of model interpretability,
this study incorporates explainable artificial intelligence
techniques, specifically SHAP and LIME. These methods are
used to provide transparency in the decision-making process
of the stacking classifier.

SHAP: SHAP values are used to explain the
contribution of each feature to the model’s predictions. SHAP
is based on cooperative game theory and provides a unified
measure of feature importance, ensuring that each feature’s
contribution is accounted for in a fair and interpretable way.
For instance, SHAP can highlight which operational
parameters, such as temperature or pressure, are most
influential in predicting a specific fault type or severity level.

LIME: LIME is applied to provide localized
explanations for individual predictions. It works by
approximating the complex model with a simpler
interpretable model for a given instance. This technique helps
maintenance personnel understand why a particular
prediction was made, especially in edge cases where the
model’s decision may seem counterintuitive.

These XAI techniques make the model more accessible
and trustworthy to users, which is crucial in industrial settings
where the stakes of incorrect predictions can be high. By
providing clear explanations of model behavior, XAl fosters
greater confidence in the predictions and enhances the
decision-making process in maintenance scheduling.

3.4 MODEL TRAINING AND EVALUATION

The model is trained on a combination of real
operational data and synthetic fault data, ensuring a diverse
and representative training set. The training process involves
splitting the data into training and validation sets, with the

Final pF validation set used to tune the parameters of the stacking
Prediction classifier and the meta-learner. A 10-fold cross-validation
technique is employed to evaluate the model's performance,
ensuring that the model generalizes well to unseen data and
is not overfitting to specific subsets of the data.
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Performance is evaluated using several metrics,
including accuracy, precision, recall, and F1 score. These
metrics provide a comprehensive understanding of the
model’s ability to correctly predict faults and classify their
severity. Given the imbalance between fault and non-fault
data, precision-recall curves are also used to assess the
model's ability to predict rare fault events.

Further analysis is conducted to assess the impact of
synthetic data generation on model performance. The
model’s performance is compared when trained on real data
alone versus when synthetic data is incorporated. This
comparison allows us to evaluate the effectiveness of
synthetic data in improving predictive accuracy, particularly
in scenarios where real fault data are scarce.

3.5 MATHEMATICAL FORMULATION

The performance of the stacking classifier can be
mathematically described by combining the outputs
V1, V2, -, Y from $n$ base models into a final prediction
Yfina as follows:

Vfinal = meta — learner(f; (x), f, (%), ..., f(x))
Where:
£, (%), £,(x), ..., f(x) are the predictions from the base
models.

The meta-learner is a model trained on the predictions
of the base models to provide the final output.

Additionally, the SHAP value ¢; for a given feature i is
defined as:

1 ISI'(INT =S| = D!

Nl £ INJ!
EN\{i}

Where:

¢; = S U {ih —v(S)

S represents a subset of features.
v(S) is the model output with feature subset S.

; gives the contribution of feature i to the model's
output.

3.6 CHALLENGES AND REFLECTIONS

One of the primary challenges encountered in this
methodology is the generation of realistic synthetic fault data.
While the use of synthetic data helps balance the dataset and
expand the scope of training data, it is important to ensure
that the synthetic data accurately represents real-world fault
scenarios. This requires careful modeling of fault dynamics,
and there is always the potential for introducing biases if the
synthetic data does not perfectly align with actual fault
conditions [23]. Furthermore, while XAI methods such as
SHAP and LIME provide interpretability, they do not
eliminate the inherent complexity of machine learning

models, and the explanations provided may still require
careful validation in practice.

Despite these challenges, the integration of synthetic
data, stacking classifiers, and XAI techniques provides a
promising framework for semiconductor equipment fault
prediction, capable of improving prediction accuracy while
also fostering trust in machine learning-based models.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

To evaluate the effectiveness of the proposed
methodology, a series of experiments were conducted using
operational data from semiconductor equipment. The dataset
comprises both real-world operational data and synthetic fault
data generated to augment the training set. This dual-source
dataset was essential in addressing the issue of data imbalance,
which is common in semiconductor equipment fault
prediction due to the rarity of fault events [24]. The dataset
includes features such as temperature, pressure, operational
time, and load, which are known to influence the performance
and failure of semiconductor devices.

The model is evaluated using 10-fold cross-validation,
a standard technique to ensure robust model validation and
prevent overfitting. The training set consists of data points
labeled as either "normal operation" or "faulty operation,"
with faults classified into three severity levels: minor,
warning, and critical. Each base model in the stacking
classifier was trained separately, followed by the integration
of their outputs into the final meta-learner, which is a logistic
regression model. The evaluation metrics for performance
include accuracy, precision, recall, F1-score, and AUC-ROC
curve to assess both the model’s ability to correctly classify
faults and its capacity to handle imbalanced data.

4.2 RESULTS

The stacking classifier achieved an overall accuracy of
94%, with notable performance improvements over
individual base models. Random forests, known for their
robustness and ability to handle high-dimensional data,
contributed significantly to the model's ability to correctly
identify critical faults. Meanwhile, logistic regression
provided stable baseline results, particularly in terms of false
positives, helping to ensure that predictions of "normal
operation" were reliable [25]. Support vector machines, with
their capacity for non-linear classification, played a crucial
role in distinguishing between different fault severity levels,
particularly between minor and warning faults.

When considering precision, the model exhibited strong
results for the critical fault category, with a precision of 0.97,
reflecting the classifier's ability to avoid false positives in
high-stakes maintenance scenarios. However, minor faults
posed a challenge, with precision dropping to 0.86. This was
partly due to the inherent difficulty in distinguishing between
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minor faults and normal fluctuations in operational
parameters, a challenge that could be addressed in future
research by exploring additional features or incorporating
more fine-grained data preprocessing techniques.

The model demonstrated high recall across the board.
Critical faults were identified with a recall of 0.96, indicating
excellent detection of most critical failure events [26]. For
minor faults, however, the recall was lower, at (.80,
suggesting that the model could be improved in predicting
these early-stage failures, which are often less noticeable in
the operational data and thus harder to detect.

In terms of F1-score, a harmonic mean of precision and
recall, the model performed well across all fault categories,
with an F1-score of 0.94 for critical faults and 0.88 for minor
faults. This indicates that the model strikes a reasonable
balance between minimizing false positives and ensuring that
few faults are missed. Further, the AUC-ROC curve for the
model was 0.98, which underscores its robustness and its
strong discriminatory power between the different fault
categories.

FIGURE 4: ROC CURVES FOR DIFFERENT FAULT
SEVERITY LEVELS

TABLE 1: PERFORMANCE BREAKDOWN BY FAULT
SEVERITY LEVEL (F1-SCORE)

TABLE 2: PERFORMANCE METRICS OF STACKING
CLASSIFIER VS. BASE MODELS
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Classi 0.95 0.94 3 4 3 452
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4.3 ANALYSIS OF SYNTHETIC DATA IMPACT

A significant aspect of this experiment was the
integration of synthetic fault data into the training set. When
comparing the model performance with and without synthetic
data, we observed notable improvements, particularly in
minor fault prediction. Without synthetic data, the model
struggled to generalize on minor faults due to the class
imbalance and limited representation of such faults in the real

] dataset. After the inclusion of synthetic data, the model
Model Critica Warnin Mino Norma'l exhibited better recall and Fl-score for minor faults,
Type 1 Faults | g Faults ;aults r(l)peratlo suggesting that synthetic data helped the model better learn
the patterns associated with early-stage failures.
Stacking 097 0.85 0.78 0.94 However, the inclusion of synthetic data also introduces
Classifier ' ’ ' ' a potential challenge: the risk of overfitting to synthetic fault
patterns that may not perfectly mirror the complexities of
Random 0.95 0.82 0.74 0.91 real-world failures. Although synthetic data provided a useful
Forest supplement to the dataset, further research is needed to refine
Support synthet.ic data generatign techniqges, possibly. using more
Vector 0.93 0.79 0.70 088 sophisticated meth9d§ like G.eneratlve Adversa.rlal Networks
Machine to create more realistic and diverse fault scenarios.
Logistic
Regressio 0.89 0.75 0.65 0.84
n
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TABLE 3: IMPACT OF SYNTHETIC DATA ON MODEL
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4.4 EXPLAINABLE Al AND INTERPRETABILITY

A key strength of this approach is its incorporation of
explainable artificial intelligence techniques, particularly
SHAP and LIME, to enhance the interpretability of the
machine learning model. As discussed in the methodology
section, SHAP values were used to quantify the contribution
of each feature to the model’s predictions. For instance,
features such as temperature and pressure were found to be
the most influential in predicting critical faults, while
operational time and load were more important in predicting
minor faults.

The LIME approach, on the other hand, provided
localized explanations, making it easier to understand why
specific fault predictions were made for individual equipment
runs. In practice, this is highly valuable for maintenance
personnel, who can use these explanations to prioritize
maintenance tasks based on the model’s insights[27]. For
example, if the model indicates that pressure has a significant
influence on predicting a critical failure, maintenance
personnel can focus their efforts on monitoring this parameter
more closely.

LIME Feature Impact on Critical Fault Prediction
Sample Prediction Details

FIGURE 5: ROC CURVES FOR DIFFERENT FAULT
SEVERITY LEVELS

Despite the promising results from the XAl techniques,
challenges remain in fully integrating these explanations into
real-world maintenance workflows. One limitation of SHAP
and LIME is that they still require a degree of expertise to
interpret, especially when the number of features is large or
when multiple features interact in complex ways. Future
research could explore how to present these explanations in a
more intuitive manner for non-expert users, further enhancing
the practical applicability of the model.

SHAP Feature Importance

Across Fault Severity Levels

°

[

FIGURE 6: SHAP FEATURE IMPORTANCE PLOT FOR
FAULT SEVERITY CLASSIFICATION

4.5 DISCUSSION

The results of this study highlight the potential of
combining synthetic data generation, stacking classifiers, and
explainable Al techniques to improve fault prediction and
classification in semiconductor equipment. The stacking
classifier, in particular, demonstrated strong performance,
outperforming individual models in terms of accuracy and
fault severity classification. This suggests that ensemble
learning methods, which combine the strengths of various
base models, are well-suited to the complex, high-
dimensional data typical in semiconductor manufacturing
environments.

The integration of synthetic data generation addressed
one of the most significant challenges in this study data
scarcity. By simulating fault events, we were able to balance
the dataset and train a more robust model [28]. However, this
approach is not without limitations. The synthetic data may
not perfectly capture the full range of real-world fault
scenarios, and further research is needed to explore more
advanced techniques for generating realistic data, such as
using Generative Adversarial Networks or domain-specific
simulators.

The XAI techniques employed in this study added
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significant value by providing transparency into the model’s
decision-making process. This is particularly important in
industrial applications, where maintenance decisions often
carry significant financial implications. Although the XAI
techniques helped enhance model interpretability, their
integration into real-world workflows is still in its infancy. To
further improve this, future work could focus on developing
more user-friendly interfaces for XAI explanations and
ensuring that these explanations can be easily acted upon by
maintenance teams.

Despite these promising findings, there are areas that
require further exploration. Generalizability remains a
concern, especially given the diversity of equipment types
and operational conditions across semiconductor
manufacturing environments. Future research should
investigate how well the model trained on one type of
equipment can generalize to others, as well as how it can be
adapted to different failure modes and operational contexts.

Finally, the performance of the model could be further
enhanced by exploring additional data sources, such as real-
time operational data from Internet of Things (IoT) sensors,
which could provide more granular insights into equipment
behavior. Integrating such real-time data could lead to a more
dynamic, continuously updated fault prediction system that is
capable of responding to changing operational conditions in
real time.

S CONCLUSIONS

This study introduces an innovative machine learning-
based framework for predicting the operational status of
semiconductor equipment, focusing on fault detection and
severity classification. By integrating synthetic data
generation, stacking classifiers, and explainable artificial
intelligence techniques, the model achieves high accuracy in
fault prediction while providing transparency in the decision-
making process. Synthetic data generation addresses the
challenge of data scarcity, particularly for minor faults, and
helps balance the dataset, while the stacking classifier
improves predictive performance by leveraging the strengths
of multiple models. XAI techniques, particularly SHAP and
LIME, enhance the model’s interpretability, making it more
applicable in industrial settings where understanding model
decisions is crucial for maintenance personnel.

Despite the promising results, challenges remain,
particularly regarding the use of synthetic data, which may
introduce biases that affect model generalizability. Further
work is needed to refine synthetic data generation techniques
to better reflect real-world fault scenarios. Additionally,
while the model's interpretability is an asset, further research
is needed to make these explanations more user-friendly and
actionable for non-experts. Looking ahead, the model’s
generalizability across different types of semiconductor
equipment and operational conditions warrants further
investigation, suggesting that real-time, adaptive fault
prediction systems could become a key component of future

predictive maintenance frameworks in semiconductor
manufacturing.
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