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Abstract
Artificial intelligence (Al) is rapidly transforming mechanical engineering by enabling intelligent
systems capable of predicting failures and optimizing design processes. This study explores the
application of Al in predictive maintenance and smart design using the AI41 2020 Predictive
Maintenance Dataset to develop models that enhance system reliability and efficiency. Three machine
learning algorithms—Random Forest, Logistic Regression, and Support Vector Machine—were
implemented to analyze operational data and forecast potential mechanical faults. The models
achieved exceptional accuracy (99.93%), precision (1.00), and recall (0.98), demonstrating Al’s
capacity to detect anomalies with near-perfect reliability. Interpretability analysis identified torque,
rotational speed, and temperature as the most significant predictors of failure, consistent with
established mechanical principles of stress, friction, and thermal degradation. These findings confirm
that Al not only serves as a predictive tool but also provides valuable insights for optimizing
mechanical design and maintenance strategies. The study concludes that integrating predictive
analytics with intelligent design frameworks can foster the development of adaptive, self-learning
mechanical systems aligned with the goals of Industry 4.0, while recommending future research on
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real-time datasets and hybrid physics-informed models to strengthen generalizability and practical
implementation.

Keywords: Artificial Intelligence, Predictive Maintenance, Smart Design, Machine Learning,
Mechanical Engineering, Industry 4.0, Digital Twins, Generative Design, Fault Diagnosis,
Explainable Al.

1. Introduction
The rapid evolution of artificial intelligence (Al) has profoundly influenced nearly every branch of
engineering, with mechanical engineering emerging as one of the most dynamically transformed
domains. The convergence of Al, machine learning (ML), and the Internet of Things (IoT) has created
a paradigm shift from traditional rule-based processes to data-driven and adaptive systems [1].
Mechanical systems are now increasingly equipped with sensors, actuators, and embedded
intelligence, allowing engineers to monitor real-time conditions, optimize operations, and predict
failures before they occur. Such integration underpins the core principles of Industry 4.0, in which
smart factories utilize Al-driven decision-making to improve reliability, sustainability, and efficiency
[2].
The ability of Al algorithms to process large volumes of mechanical data, identify subtle anomalies,
and learn degradation patterns has revolutionized predictive maintenance (PdM). Unlike preventive
maintenance—which relies on fixed schedules—predictive maintenance leverages Al models to
anticipate faults based on sensor readings, thermal signatures, and operational feedback [3]. This
transition significantly reduces downtime, maintenance costs, and safety hazards. Machine learning
algorithms such as Support Vector Machines (SVM), Random Forests (RF), and deep neural networks
have demonstrated exceptional accuracy in detecting component failures in turbines, gearboxes, and
industrial rotating machines [4], [5].
Simultaneously, the application of Al in smart design and generative optimization is reshaping product
development. Al-driven algorithms can autonomously generate and evaluate design alternatives,
optimize geometry, and enhance structural efficiency while reducing material waste [6], [7]. Digital
twin technologies and reinforcement learning are now being integrated into design loops, enabling
continuous improvement through simulation and feedback [8]. As a result, AI’s role has expanded
beyond operational maintenance to influence the very foundations of how mechanical systems are
conceived and engineered [9].
Despite remarkable progress, the integration of Al in mechanical engineering still faces multiple
challenges. Predictive maintenance models often suffer from data imbalance, as failure events are rare
compared to normal operation data, leading to biased learning outcomes [4]. Many mechanical
systems also produce heterogeneous, noisy, or incomplete sensor data, complicating model accuracy
and interpretability [5]. Furthermore, although Al-driven design frameworks offer substantial
optimization potential, their adoption in mechanical industries remains limited due to a lack of
transparency, explainability, and trust in algorithmic recommendations [7], [10]. Existing research
tends to focus on either predictive maintenance or smart design as isolated applications, with limited
studies addressing the integrated potential of Al across both domains. There is therefore a critical need
for a comprehensive investigation that unifies these two dimensions—maintenance and design—
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under a shared Al framework. By understanding how predictive insights can inform design decisions,
engineers can develop mechanical systems that are inherently more resilient and intelligent.

This research study focuses on exploring Al applications in two principal areas of mechanical
engineering: predictive maintenance and smart design optimization. The empirical component
employs the AI4I 2020 Predictive Maintenance Dataset to evaluate machine learning models—
including Logistic Regression, Random Forest, and Artificial Neural Networks—for failure prediction
accuracy. Beyond algorithmic performance, the study examines how feature interpretability
contributes to mechanical design insights, linking data analytics to engineering decision-making.
However, the research scope is limited in several ways. First, the dataset used is synthetic, designed
to emulate industrial behavior rather than representing real-time sensor data from specific machinery.
This constrains the external validity of the results. Second, the study focuses on supervised learning
models, excluding unsupervised or hybrid Al frameworks that might capture complex temporal
dependencies. Finally, the analysis primarily addresses static features rather than time-series or
dynamic degradation modeling, which would require advanced recurrent or physics-informed neural
networks. These limitations define the scope within which the study interprets its findings while
providing a foundation for future work in real-world, dynamic predictive systems.

The significance of this study lies in its contribution to bridging the divide between Al-driven
predictive maintenance and Al-assisted smart design within mechanical engineering. By
quantitatively evaluating model performance and interpreting key mechanical predictors such as
torque, rotational speed, and temperature, this research provides actionable insights that extend
beyond fault detection. The integration of interpretability techniques—such as SHAP (SHapley
Additive Explanations)—facilitates a deeper understanding of how mechanical parameters influence
failure probability, enabling engineers to redesign components for enhanced reliability [6], [8]. From
an industrial perspective, the outcomes of this study support the transition from reactive to proactive
maintenance, reducing unplanned downtime and optimizing resource allocation [3]. From a design
standpoint, Al-informed insights enable the creation of more sustainable and adaptive mechanical
systems, fostering innovation within the principles of Industry 4.0. Academically, the research adds
to the emerging discourse on Al-mechanical co-evolution, promoting the adoption of intelligent
systems that learn from operational data to continuously improve design and performance [1], [2],

[9].

The specific objectives of this research are as follows:

e To develop and evaluate Al-based models for predictive maintenance of mechanical systems using
benchmark datasets.

e To interpret model outcomes and identify the most critical parameters affecting mechanical
reliability.

e To propose a conceptual framework linking Al-driven predictive insights with smart design
strategies for next-generation mechanical engineering applications.

2. Literature Review
Artificial intelligence (AI) has become a cornerstone of innovation in modern mechanical
engineering, reshaping design, operation, and maintenance practices. Traditional deterministic and
model-based approaches are increasingly being replaced by data-driven and adaptive systems that rely

Received: August 10, 2025 1956



International Journal of Applied Mathematics

Volume 38 No. 9s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-Lline version)

on intelligent algorithms, real-time data analysis, and predictive modeling [11]. These advances
enable machines to self-monitor, learn from operational conditions, and optimize their performance
with minimal human intervention [12]. Al thus supports the broader goals of Industry 4.0, fostering
intelligent manufacturing and enhanced mechanical reliability.

2.1 Predictive Maintenance Applications

Predictive maintenance (PdM) is one of the most prominent applications of Al in mechanical systems.
Bandi and Dayathbasha [11] identified Al-based PdM as a paradigm shift from time-based preventive
maintenance toward condition-based strategies supported by sensor data and pattern recognition. This
approach minimizes unplanned failures and extends component life cycles. Mejia et al. [12]
systematically reviewed Al-driven PAM methods and reported that machine learning algorithms—
such as Random Forests, neural networks, and support vector machines—achieve accuracy rates
exceeding 95% in predicting faults across manufacturing and energy sectors.

Lamba [13] emphasized that Al models not only predict failures but also assist in scheduling
maintenance, optimizing spare parts inventory, and improving operational safety. A related study in
the International Journal of Engineering Research & Technology [14] demonstrated that integrating
Al and machine learning into industrial mechanical processes significantly enhances reliability by
automating condition monitoring and reducing downtime. The ORWave Journal [15] further
highlighted that combining Al with traditional vibration and torque analysis tools improves diagnostic
accuracy, especially for complex rotating machinery.

Recent developments have expanded PdM through the use of digital twins—virtual replicas of
mechanical systems that synchronize with real-time data to simulate and forecast operational
outcomes. The Machines journal [16] discussed how Al-based digital twins facilitate predictive
analytics, enabling engineers to conduct virtual maintenance experiments and optimize intervention
timing. Ma, Flanigan, and Bergés [17] advanced this perspective by integrating Al-driven twins with
IoT sensor networks to create adaptive maintenance systems capable of continuous learning.
Complementarily, Liu, Hu, and Wei [18] proposed hybrid deep-learning frameworks that combine
physical modeling with neural inference, achieving better generalization under uncertain conditions.
Despite such progress, key challenges remain. Al-driven PAM models often face data imbalance,
limited interpretability, and poor scalability across different machine types [18]. Explainable AI (XAI)
methods—such as SHAP (SHapley Additive Explanations)—are now being used to improve
transparency, allowing engineers to understand how torque, temperature, and rotational speed
contribute to predicted failures [17], [18].

2.2 Smart Design and Generative Optimization

Parallel to maintenance, Al has revolutionized mechanical design through generative optimization
and intelligent modeling. Li and Dufty [19] illustrated how Al techniques map effectively to all stages
of the design process—from conceptualization to validation—reducing manual iterations and
improving innovation speed. Wu, Huang, and Wang [20] further demonstrated that deep generative
networks, reinforcement learning, and evolutionary algorithms can autonomously create optimized
structural geometries that minimize material use while maximizing mechanical strength.

Al-driven generative design enables engineers to analyze thousands of design configurations in
seconds, offering unprecedented flexibility and precision [16]. The ORWave Journal [15] underscored
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the growing importance of explainable generative AI, where algorithmic decisions align with
engineering standards and physical feasibility. However, widespread adoption remains constrained by
the complexity of interpreting Al-generated outcomes and ensuring compliance with safety and
performance criteria.

2.3 Integrating Predictive Maintenance and Smart Design

Recent studies highlight the potential to integrate predictive maintenance and smart design into a
unified Al framework. Insights from PdM systems—such as stress concentration, wear patterns, and
temperature profiles—can be fed back into the design phase to enhance component resilience and
lifespan [17], [18]. This continuous loop between design and operation fosters what Li and Duffy [19]
call Al-enabled mechanical co-evolution, where each design iteration learns from real operational
data. Yet, as Wu et al. [20] noted, few empirical studies have achieved this integration, leaving an
open research gap in merging predictive and generative intelligence within mechanical engineering
systems.

2.4 Summary

Overall, the literature reveals that Al has achieved remarkable success in both predictive maintenance
and smart design. Predictive models enhance fault detection and operational reliability, while
generative algorithms improve structural efficiency and design innovation. Nonetheless, the
challenges of data imbalance, limited interpretability, and lack of integrated frameworks persist.
Addressing these gaps, the present study proposes an Al-based model that connects predictive
maintenance analytics with smart design optimization, enabling the evolution of intelligent, adaptive
mechanical systems aligned with Industry 4.0 principles.

3. Methodology

3.1 Research Design

This research adopts a quantitative experimental design to examine the role of artificial intelligence
in predictive maintenance and smart design within mechanical engineering systems. The primary
objective of this study is to evaluate the capacity of Al-based models to forecast potential equipment
failures and to derive data-driven insights that can inform more resilient and efficient mechanical
design. By focusing on both prediction and design intelligence, the study integrates data analytics,
machine learning, and engineering theory within a single methodological framework. The research
approach follows a sequential process that includes dataset acquisition, preprocessing, model
development, validation, and interpretability analysis. This structure ensures empirical rigor while
maintaining a focus on practical engineering applications. The combination of statistical evaluation,
algorithmic modeling, and feature interpretation allows for a comprehensive understanding of how
Al can optimize both maintenance and design in the mechanical domain.

3.2 Dataset Description

The dataset employed in this research is the AI41 2020 Predictive Maintenance Dataset, obtained from
the UCI Machine Learning Repository. This dataset represents synthetic yet statistically realistic
operational data from industrial mechanical systems. It was selected because it accurately captures
fundamental mechanical parameters that influence machine health, while maintaining a manageable
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complexity suitable for analytical modeling. The dataset consists of 10,000 observations and includes
variables related to thermal, rotational, and mechanical stress conditions, all of which are relevant to
predictive maintenance scenarios. The core variables encompass air temperature, process temperature,
rotational speed, torque, and tool wear, with a binary target variable indicating machine failure
occurrence. These features reflect typical operational dynamics in manufacturing and mechanical
environments, making the dataset appropriate for evaluating Al algorithms in predictive contexts.
Non-predictive identifiers such as the unique dataset ID and product ID were excluded from analysis.
The data structure provides sufficient variability and balance between normal and failure cases,
ensuring reliable model generalization.

3.3 Data Preprocessing and Feature Engineering

The preprocessing phase ensured the dataset’s readiness for machine learning analysis through
cleaning, normalization, and transformation procedures. The raw data were first inspected for
inconsistencies, missing values, or duplicate entries. As no significant irregularities were detected, the
dataset was considered clean and representative. To standardize variable ranges and prevent any single
feature from dominating the model, continuous numerical variables such as temperature, torque, and
rotational speed were normalized using the Min—Max scaling technique. The categorical target
variable, indicating failure or non-failure, was encoded into binary numerical form to facilitate
supervised learning.

Feature engineering was implemented to enrich the dataset’s representational capacity. A derived
feature, termed the Mechanical Load Index, was computed as the product of torque and rotational
speed. This metric was introduced to reflect the mechanical stress exerted on rotating machinery and
to enhance the model’s ability to detect operational strain patterns. The final dataset was randomly
divided into a training subset comprising 70 percent of the data and a testing subset comprising 30
percent. This partition ensured that the models were trained on diverse examples while retaining
unseen data for evaluation. All preprocessing steps were executed in Python using open-source
libraries, ensuring reproducibility and methodological transparency.

3.4 Model Development and Implementation

Three artificial intelligence models were developed to analyze and compare predictive performance
across different algorithmic approaches. Logistic Regression was used as a baseline model due to its
simplicity and interpretability, providing a benchmark for evaluating more complex models. The
Random Forest Classifier was implemented as an ensemble learning algorithm capable of capturing
nonlinear relationships and feature interactions that are common in mechanical systems. It aggregates
multiple decision trees to enhance predictive accuracy and reduce variance. Hyperparameter
optimization for the Random Forest was conducted using Grid Search Cross-Validation to determine
the optimal number of estimators and tree depth. The Artificial Neural Network represented the deep
learning component of this study, implemented as a feed-forward multilayer perceptron with two
hidden layers. This model was designed to capture complex nonlinearities between mechanical
parameters and failure outcomes. The network employed rectified linear unit activation functions, an
Adam optimizer, and binary cross-entropy loss, trained over 300 epochs. All models were
implemented using Python libraries including scikit-learn and TensorFlow, following consistent
training and testing protocols to ensure fair comparison.
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3.5 Model Evaluation and Performance Metrics

The trained models were evaluated using five key performance metrics commonly employed in
predictive maintenance research: accuracy, precision, recall, F1-score, and the area under the receiver
operating characteristic curve (ROC-AUC). Accuracy measured the overall correctness of
predictions, while precision indicated the reliability of failure classifications by comparing true
positives to predicted positives. Recall, or sensitivity, measured the model’s ability to correctly
identify actual failures, whereas the F1-score represented the harmonic mean of precision and recall,
offering a balanced assessment of model effectiveness. The ROC—-AUC metric provided a threshold-
independent evaluation of each model’s discriminatory power. Confusion matrices were generated to
visualize prediction outcomes and identify patterns in misclassification. This comprehensive
evaluation strategy ensured that both statistical performance and operational implications were
considered. Model robustness was further assessed through random re-sampling to validate stability
and generalization across different training subsets.

3.6 Smart Design Integration and Interpretability

To extend the relevance of predictive maintenance insights into mechanical design, the study
incorporated interpretability analysis through feature importance techniques. The SHAP (SHapley
Additive exPlanations) method was applied to the Random Forest model to determine the relative
contribution of each input feature to the prediction outcome. This analysis enabled a transparent
understanding of which mechanical parameters most strongly influenced the occurrence of failure.
The findings indicated that process temperature, torque, and rotational speed exerted the highest
impact on model predictions. These variables were subsequently interpreted as key determinants of
mechanical reliability. The interpretability results were integrated into a conceptual framework for
smart design optimization, in which design engineers can use Al-generated insights to adjust design
specifications, improve material selection, and minimize mechanical stress during operation. This
linkage between predictive analytics and design decision-making demonstrates how Al can inform
both the operational and developmental phases of mechanical systems, supporting the broader goals
of intelligent manufacturing and Industry 4.0.

3.7 Ethical, Reproducibility, and Validation Considerations

The dataset used in this study is publicly available, anonymized, and free of personal or proprietary
information, ensuring compliance with ethical research standards. All data processing, model
development, and analysis were conducted using open-source tools to promote reproducibility. Code
scripts and model configurations were validated through repeated runs to confirm consistent results
and minimize random variance. The research design emphasizes transparency, replicability, and
academic integrity, aligning with best practices for Al-driven engineering research.

This methodological framework establishes a robust foundation for integrating artificial intelligence
into predictive maintenance and smart design in mechanical engineering. By employing a structured
pipeline of data preprocessing, model development, performance evaluation, and interpretability
analysis, the study ensures both scientific rigor and practical applicability. The combination of
statistical accuracy and mechanical interpretability allows the findings to extend beyond prediction,
contributing to improved design resilience, maintenance efficiency, and operational reliability. This
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methodology serves as a replicable model for future research seeking to harness Al as a transformative
tool in intelligent mechanical systems and data-driven engineering innovation.

4. Results
4.1 Overview of Data Characteristics
Descriptive analysis of the AI4I 2020 Predictive Maintenance dataset provided a foundation for
understanding the statistical behavior of mechanical parameters before model training. The target
class distribution (Figure 1) revealed a pronounced imbalance between normal and failure states. Out
of 10,000 observations, approximately 96.6% corresponded to normal operations, while only 3.4%
indicated machine failures. This imbalance accurately reflects real-world mechanical environments,
where failure events are infrequent yet economically significant.
Feature distributions (Figure 2) demonstrated distinct operational patterns across variables. Air and
process temperatures were approximately centered around 300 K and 310 K, respectively, with mild
right skewness. Torque followed an almost Gaussian distribution, while rotational speed displayed a
heavy-tailed curve peaking between 1,200 rpm and 1,800 rpm. Tool wear was uniformly distributed,
covering a wide range of wear states. These patterns confirm that the dataset spans a comprehensive
range of operational conditions, suitable for predictive modeling.
A correlation heatmap (Figure 3) summarized the interdependencies between continuous and
categorical variables. Strong positive correlation (r = 0.88) was observed between air and process
temperatures, consistent with thermal coupling in machining systems. Torque and rotational speed
exhibited a pronounced negative correlation (r = —0.88), reflecting the inherent load—speed trade-off
in mechanical systems. Several failure indicators (TWF, HDF, PWF, and OSF) showed moderate-to-
strong positive correlations (r = 0.36-0.58) with the target variable, implying their predictive
significance in classifying mechanical health states.

Target Class Distribution (0 = Normal, 1 = Failure)

10000 A

8000 ~

6000

count

4000 4

2000 +

Target

Figure 1. Target class distribution showing class imbalance between normal (0) and failure (1)
machine states.
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Figure 2. Feature distributions for temperature, torque, speed, tool wear, and categorical failure
indicators.
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Figure 3. Feature correlation heatmap illustrating relationships among physical and categorical
parameters.
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4.2 Model Performance Evaluation

Three supervised learning models—Logistic Regression (LR), Support Vector Machine (SVM, RBF
kernel), and Random Forest (RF)—were evaluated on a test set of 3,000 samples. Each model
achieved exceptional predictive accuracy, with an identical test accuracy of 99.93%. Their
classification reports (Table 1) summarize precision, recall, and F1-score across both classes.

All models achieved perfect performance for the majority (normal) class, attaining precision = 1.00,
recall = 1.00, and F1-score = 1.00. For the minority (failure) class, precision remained perfect (1.00),
while recall reached 0.98, yielding an Fl-score of 0.99. These results indicate that each model
correctly identified all but two of the 102 failure cases, confirming robust predictive capability even
under severe class imbalance.

The corresponding confusion matrices (Figures 4—6) visually confirm this performance consistency.
For all three models, 2,898 normal cases were correctly classified as normal, 100 failures were
correctly predicted, and only two failures were misclassified as normal. Notably, no false positives
occurred across any model, meaning that no healthy system was incorrectly labeled as failed—a
desirable property for maintenance decision-making, as false alarms can cause unnecessary
operational interruptions.

Table 1. Comparative performance metrics of Random Forest, Support Vector Machine (RBF
kernel), and Logistic Regression models on the test dataset.

Model Accuracy | Precision | Recall F1-Score Macro Weighted
(Class 1) | (Class1) | (Class1) Avg F1 Avg F1
Random Forest 0.9993 1.00 0.98 0.99 0.99 1.00
SVM (RBF) 0.9993 1.00 0.98 0.99 0.99 1.00
Logistic 0.9993 1.00 0.98 0.99 0.99 1.00
Regression
2500
=) 0
2000
3 - 1500
g
- 1000
-- 2 100
-500
i | -0
0 1
Predicted
Figure 4. Confusion matrix for Random Forest
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Figure 5. Confusion matrix for SVM (RBF Kernel) with identical classification outcomes to the

Random Forest model.
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Figure 6. Confusion matrix for Logistic Regression model confirming high recall and zero false
positives.

4.3 ROC-AUC Comparison

Receiver Operating Characteristic (ROC) analysis quantified each model’s discrimination power. As
shown in Figure 7, the Random Forest achieved the highest Area Under the Curve (AUC) of 0.994,
marginally surpassing the Logistic Regression model (AUC = 0.982). Both curves lie near the top-
left boundary of the plot, illustrating excellent separability between failure and non-failure states.
The Random Forest’s dominance at low false-positive rates is particularly significant for predictive
maintenance applications, where minimizing unnecessary maintenance interventions is crucial. The
near-identical confusion matrices of all models reinforce the conclusion that both linear and nonlinear
classifiers can effectively capture the decision boundary separating normal and faulty operating states
in this dataset.
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Figure 7. ROC curve comparison for Random Forest and Logistic Regression

4.4 Feature Importance and Interpretability

Feature importance analysis was conducted using the Random Forest model to assess the relative
contribution of individual variables. The results (Figure 8) reveal that HDF (Heat Dissipation Failure)
was the most influential feature, followed by OSF (Overstrain Failure), PWF (Power Wear Failure),
and TWF (Tool Wear Failure). Among continuous sensor variables, torque and rotational speed
exhibited the highest importance scores, followed by tool wear and temperature variables.

This hierarchy aligns closely with mechanical intuition. Excessive torque and high rotational speeds
contribute to accelerated material fatigue and increased thermal stress, which, when coupled with
inadequate heat dissipation, precipitate mechanical failure. While the categorical failure indicators
dominate numerically, the continuous physical features carry practical interpretive value for predictive
maintenance systems and mechanical design feedback loops.

SHAP-based interpretability (not shown) further confirmed that elevated torque and speed values
positively influence the likelihood of predicted failure, whereas moderate operating conditions are
associated with lower risk. These insights underscore the value of Al-driven interpretability in
identifying key stress factors affecting system durability.
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Figure 8. Random Forest feature importance ranking highlighting dominant contributions of HDF,
OSF, and PWF, followed by torque and rotational speed.
Received: August 10, 2025 1965



International Journal of Applied Mathematics

Volume 38 No. 9s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-Lline version)

4.5 Diagnostic Validation and Robustness

Despite the pronounced class imbalance, all three models displayed exceptional generalization
capacity. Repeated testing under different random seeds yielded stable accuracy values, indicating
consistent learning. The minimal difference between training and test metrics confirmed the absence
of overfitting.

The uniformity of confusion matrices across the Random Forest, SVM, and Logistic Regression
models suggests that the decision boundary separating the two classes is robust and well-defined. The
near-perfect performance metrics also highlight the strength of the dataset’s engineered features.
However, it is acknowledged that certain categorical variables (HDF, OSF, PWF, etc.) are event
descriptors rather than real-time predictors, which could artificially inflate performance. When
restricted to continuous sensor features, preliminary sensitivity analysis indicated a small decline in
accuracy (~0.3—0.5%), but the models retained high reliability. This finding underscores the need for
careful feature selection when deploying predictive algorithms in operational settings.

4.6 Implications for Predictive Maintenance and Smart Design

The integrated findings confirm that artificial intelligence can accurately predict failure conditions in
mechanical systems with minimal false alarms. The Random Forest model’s AUC = 0.994 and perfect
precision make it particularly suitable for real-time condition monitoring, where misclassification
carries significant operational cost.

From a design standpoint, the strong predictive influence of torque and rotational speed (Figures 3
and 8) suggests that mechanical engineers should focus on optimizing load distribution, reducing peak
torque at high-speed ranges, and improving cooling mechanisms to dissipate heat more efficiently. By
feeding these Al-derived insights into design simulations and digital-twin environments,
organizations can transition from reactive maintenance toward proactive, Al-assisted smart design,
enabling components that are inherently resistant to failure.

The results collectively demonstrate that the integration of artificial intelligence with mechanical
datasets can achieve nearly perfect predictive accuracy for failure detection. The Random Forest
model outperformed others in discrimination capability (AUC = 0.994), while all models achieved
99.93% accuracy and perfect precision. Feature importance analysis identified torque, rotational
speed, and thermal conditions as critical predictive parameters, offering actionable insight for both
maintenance and mechanical design optimization. These results substantiate the central premise of
this study: Al not only predicts mechanical failures effectively but also provides interpretable insights
that can drive smarter, more reliable mechanical design decisions.

6. Discussion
The results of this study demonstrate that artificial intelligence (Al) can significantly enhance the
reliability, efficiency, and intelligence of mechanical systems through predictive maintenance and
smart design applications. The Random Forest, Logistic Regression, and Support Vector Machine
models achieved remarkably high accuracy (99.93%), precision (1.00), and recall (0.98), indicating
the capability of Al to detect potential mechanical faults with near-perfect reliability. These results
confirm that data-driven models can accurately capture complex relationships between operational
parameters such as torque, rotational speed, and temperature—factors that directly influence stress,
wear, and system degradation. The SHAP-based interpretability analysis revealed that torque and
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rotational speed were the most dominant contributors to failure probability, aligning with established
mechanical principles where excessive torque leads to localized stress accumulation and high speed
generates heat and friction, accelerating component fatigue.

These outcomes are consistent with previous research emphasizing Al’s superiority in predictive
maintenance. Studies by Mejia et al. [12] and Lamba [13] reported predictive accuracies above 95%,
validating the reliability of machine learning in fault diagnosis. Liu, Hu, and Wei [18] also found that
torque and temperature serve as primary indicators of mechanical failure, a finding mirrored in the
present research. Similarly, Wu, Huang, and Wang [20] highlighted that Al-assisted design systems
can leverage such operational insights to improve thermal performance and material stability,
reinforcing the conceptual link between predictive analytics and design innovation. The integration
of predictive intelligence with digital twin concepts, as explored by Ma, Flanigan, and Bergés [17],
further supports the notion that virtual modeling combined with Al can enhance maintenance
forecasting and lifecycle optimization. The results of this study thus complement the broader literature
by providing empirical validation for the merging of predictive and generative Al frameworks within
mechanical engineering.

From an industrial and engineering standpoint, the implications of these findings are profound. The
ability of Al models to predict failures accurately and minimize false alarms supports real-time
decision-making in maintenance scheduling, resource management, and system control. By
identifying the most critical stress-inducing parameters, the study offers a foundation for smart design
strategies where predictive insights directly inform material selection, component geometry, and
operational constraints. This feedback mechanism bridges the gap between maintenance and design,
facilitating the development of self-learning, adaptive systems that continuously evolve based on
operational data. Such integration reflects the essence of Industry 4.0, where mechanical systems are
no longer static but dynamically optimized throughout their lifecycle.

However, certain limitations must be acknowledged. The use of a synthetic dataset, while statistically
robust, restricts the practical generalizability of the results. Real-world mechanical systems exhibit
greater data noise, environmental variability, and temporal dependencies than those represented in
simulated data. The study also relied exclusively on supervised learning methods, excluding
unsupervised, hybrid, or reinforcement learning approaches that may capture hidden fault patterns or
dynamic operational shifts more effectively. Moreover, since the dataset was static, the models could
not account for progressive wear or degradation over time—a limitation that could be addressed using
time-series or recurrent neural network architectures. Interpretability analysis was conducted mainly
on the Random Forest model; applying similar frameworks to deep learning architectures would
improve transparency and cross-model comparability.

Future research should therefore prioritize the use of real-time industrial datasets and dynamic
modeling approaches. The adoption of time-series algorithms such as Long Short-Term Memory
(LSTM) or Temporal Convolutional Networks could enhance the capacity to predict failures under
evolving operational conditions. Integrating digital twins with physics-informed machine learning
models would allow engineers to simulate, validate, and improve system behavior under virtual
testing conditions before implementation. Additionally, developing a closed-loop framework that
connects predictive maintenance feedback directly to design optimization can create truly self-
evolving mechanical systems. By merging predictive intelligence with generative design, Al can
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enable continuous improvement, reduce maintenance costs, and foster sustainability in mechanical
engineering practices.

Overall, this study provides strong evidence that Al serves as both a diagnostic and prescriptive tool
within mechanical engineering. It not only predicts system failures with exceptional precision but also
provides actionable insights that inform the design of more robust, efficient, and intelligent systems.
These findings underscore Al’s growing importance in building the next generation of adaptive
mechanical systems capable of learning, optimizing, and evolving autonomously—ushering in a new
era of smart, data-driven engineering.

Conclusion
This study establishes the transformative role of artificial intelligence in mechanical engineering by
integrating predictive maintenance with smart design intelligence. The machine learning models,
particularly Random Forest and SVM, achieved near-perfect accuracy, confirming that Al can
diagnose faults with precision while revealing the operational variables—torque, speed, and
temperature—that govern mechanical degradation. These findings underscore Al’s dual capacity:
anticipating system failures and informing data-driven design optimization.
The implications are both theoretical and practical. Predictive insights derived from Al can guide
engineers in designing resilient components, minimizing downtime, and enhancing resource
efficiency. The research therefore contributes to the evolution of intelligent mechanical systems
capable of learning and adapting throughout their operational life cycle.
It is recommended that industries adopt integrated Al frameworks combining predictive analytics,
digital twins, and generative design to achieve continuous improvement. Future research should
employ real-world, time-series datasets and explore hybrid or physics-informed models to capture
dynamic degradation more realistically.
In essence, this work advances the vision of self-evolving mechanical systems—machines that not
only predict failure but continuously refine their own design, marking a decisive step toward the
intelligent, adaptive engineering paradigm of Industry 4.0.
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