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Abstract
Machine failures remain a major challenge in smart manufacturing because unexpected equipment
breakdowns reduce production efficiency, increase maintenance costs, and interrupt operational
continuity. This study developed an explainable machine learning framework for predicting machine
failures using the AI4I 2020 Predictive Maintenance dataset comprising 10,000 machine operating
records. A quantitative research design based on secondary data analysis was adopted. Data preprocessing
included feature encoding, standardisation, class imbalance handling, and training–testing data
partitioning. Multiple supervised machine learning algorithms were developed and compared, while
Explainable Artificial Intelligence (XAI) techniques, including SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-Agnostic Explanations (LIME), were employed to interpret prediction
outcomes. The analysis showed that machine failures represented a small proportion of observations,
whereas operational variables such as rotational speed, torque, tool wear, and temperature exhibited
distinct patterns associated with equipment failure. Heat dissipation, overstrain, and power failures were
identified as the most frequent failure mechanisms, indicating the importance of monitoring multiple
operational factors simultaneously. The explainability framework improved transparency by identifying
the variables contributing most strongly to prediction decisions, thereby supporting more reliable
maintenance planning and operational decision-making. The proposed approach demonstrates that
combining predictive modelling with interpretable artificial intelligence can strengthen predictive
maintenance strategies, minimise unexpected equipment downtime, optimise resource utilisation, and
improve the practical adoption of intelligent decision-support systems within smart manufacturing
environments.
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1. Introduction
With the quick adoption of Industry 4.0 technologies, manufacturing has gone from the traditional
production environment to a highly connected and intelligent system that can be constantly
monitored, make automated decisions and optimise production in real time. Industrial equipment
today is now instrumented with a wide variety of sophisticated sensors and cyber-physical systems,
providing opportunities to enhance production reliability and maintenance planning by using the
massive amounts of operational data that is created. Predictive maintenance stands out as a vital
strategy in these advances, enabling companies to foresee equipment failures before they happen,
minimize unplanned downtime, prolong asset lifespan, and boost manufacturing productivity.
However, instead of corrective or preventive maintenance, predictive maintenance uses data-driven
techniques to leverage operational measurements for determining machine states and enabling timely
maintenance interventions (Pech et al., 2021; Achouch et al., 2022; Meriem et al., 2023).
With recent advances in machine learning, the capacity of predictive maintenance systems has been
greatly improved because of the ability to identify complex relationships between the operational
variables that are hard to capture by conventional statistical methods. The supervised learning
algorithms like decision tree, random forest and gradient boosting methods have shown excellent
predictive capabilities in categorizing the machine failures in various industrial applications. The
incorporation into smart manufacturing environments have enhanced maintenance scheduling,
optimised production continuity and lowered operational costs thanks to intelligent fault prediction.
As a result, machine learning has emerged as a key part of current predictive maintenance systems
and sustainable manufacturing practices (Cinar et al., 2022; Abidi et al., 2022).
Although many machine learning models are capable of making predictions, they suffer from a lack
of explanation justifying the machine learning models decisions, especially when it comes to high-
performing models such as neural networks. In industrial settings, limited transparency of models
hinders practical implementation as maintenance engineers and production managers need to be able
to justify maintenance actions and understand the reasons why equipment fails during operation.
When users can't interpret the outputs from models, it can decrease their confidence in the model,
make maintenance planning difficult and restrict the acceptance of artificial intelligence in safety
critical manufacturing processes in an organisation. As a result, the model explainability has become
a vital issue in the field of intelligent manufacturing systems (Carmona et al., 2022; Falatouri et al.,
2023; Şahin et al., 2025).
To overcome these challenges, there has been a growing interest in a new field called Explainable
Artificial Intelligence (XAI) that focuses on delivering clear and understandable explanations for the
predictions made by machine learning systems. XAI techniques do not view predictive models as a
black-box decision making system, but instead find those operational variables that most strongly
support each individual failure prediction, enabling an engineer to gain insight into the overall model
behaviour and individual failure predictions. Approaches like SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-agnostic Explanations (LIME) have shown promising potential for
enhancing trust, accountability, and human-centric decision-making in manufacturing applications.
Their usage aids in accurate failure prediction and facilitates maintenance strategies based on
evidence, which can be more easily validated and applied in industrial practice (Puthanveettil
Madathil et al., 2025; Chen, 2023; Tzionis et al., 2025; Kusiak, 2024).
Despite the increasing attention given to explainable artificial intelligence, research on the
combination of explainable artificial intelligence and machine failure prediction is still in its infancy.
Previous research often has focused on the accuracy of predictions to the detriment of understanding
the model decisions and implications for maintenance management. However, transparent prediction
frameworks are becoming more and more acknowledged as crucial for boosting trust, supporting
collaborative choices and facilitating accountable use of synthetic intelligence in industrial settings.
In addition, explainability helps organisations go beyond mere prediction to understand which
operating contexts are most likely to lead to equipment failures and can be used for proactive
maintenance and continuous process improvement (Thalpage, 2023; Love et al., 2023; Chang & Bau,
2025).
To address this research gap, the current study proposes an explainable machine learning framework
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to forecast the machine failure in a smart manufacturing environment from the AI4I 2020 Predictive
Maintenance dataset. Multiple machine learning algorithms are compared and explainable artificial
intelligence methods are used to form an understanding of the operational factors that affect the
prediction results. This research is a step towards realizing reliable, interpretable and data-driven
predictive maintenance systems for the modern smart manufacturing environment through predictive
performance and the model's interpretation. The study aims to:
 To develop machine learning models for accurate prediction of machine failures using

industrial operational data.
 To compare the predictive performance of multiple machine learning algorithms for smart

manufacturing applications.
 To explain machine failure predictions using explainable artificial intelligence techniques and

identify the operational factors that most strongly influence model decisions.

2. Materials andMethods
2.1 Research Design
The research in this study was quantitative research and machine failure prediction models were
developed and interpreted using secondary data analysis. The study aimed to find out whether the
operational conditions could be correlated with machine failure using supervised machine learning
algorithms to historical manufacturing data. Besides predictive modelling, the study used explainable
artificial intelligence (XAI) techniques to enhance the transparency and interpretability of the model
predictions. The total analytical framework comprised of data preprocessing, model development,
model performance evaluation and explainability analysis for forming a robust decision support
system to support predictive maintenance.
2.2 Data Source
The analysis was done with the aid of a Dataset, a publicly available benchmark dataset that was
developed for use in predictive maintenance and in industrial analytics. The data comprises 10,000
machine operating records and contains operational measurement data that are taken during
manufacturing processes (Matzka, 2020). The variables include product quality type, air temperature,
process temperature, rotational speed, torque, tool wear, overall machine failure status and five
machine failure mechanisms: tool wear failure, heat dissipation failure, power failure, overstrain
failure, and random failure. The binary machine failure variable was used as the prediction target and
the other operational variables were used as explanatory variables for developing the model.
2.3 Data Preprocessing
Systematic preprocessing was done to the dataset before model development to make it consistent
for analysis and enhance model performance. Results of data quality assessment showed there was
no duplicated observations or missing values in the data set. Label encoding was used to convert the
product quality variable to numerical form to allow machine learning analysis. Continuous variables
were explored for distributional consistency and implausible values while descriptive exploration
was conducted to understand the characteristics of each operational parameter. To reduce the
differences in measurement units and to promote the convergence of algorithms, the predictor
variables were standardised using feature scaling. Class balance was achieved by the use of class
weighting during model development, as cases of machine failure were few compared to the rest of
the cases and this will result in the prediction bias towards the majority class. Finally, the data set
was split randomly into 80%, 20% training and testing sets, with the same proportion of failure
events in each.
2.4 Machine Learning Model Development
A number of supervised machine learning algorithms were created and tested to understand which
algorithm is best suited to predict machine failures. We selected logistic regression, decision tree,
random forest, extreme gradient boosting (XGBoost) and light gradient boosting machine
(LightGBM) models. A grid search with a cross validation of five folds was used for the
optimisation of the model hyperparameters to enhance the predictive performance and minimise the
risk of overfitting. The training data set was the same for both algorithms to fairly compare the
algorithms models. The final model was chosen based on the total classification accuracy as well as
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the demand for explainability analysis later in the smart manufacturing context.
2.5 Explainable Artificial Intelligence Framework
To make the predictive modelling more transparent and to help in industrial decision making,
explainable artificial intelligence techniques were embedded in the predictive modelling framework.
SHapley Additive exPlanations (SHAP) were used to assess the importance of each operational
variable for the whole model and for each prediction. The variables that strongly affected machine
failure were identified using global feature importance analysis and the interaction between
important operational variables and prediction results was shown as dependence plots. Local
Interpretable Model-Agnostic Explanations (LIME) were also employed to give explanations to an
individual prediction by identifying the factors in the operation that lead to a machine failure
classification. This explainability framework allowed to interpret the behavior of the model and the
decision made by the individual maintenance.
2.6 Statistical Analysis
Data processing, statistical analysis, machine learning implementation and explainability analysis
were all done in Python. Data manipulation was performed in Pandas and NumPy while graphical
visualisation was done in Matplotlib and Seaborn. The Scikit-learn, XGBoost and LightGBM
libraries were used to implement the machine learning models, while SHAP and LIME packages
were used for explainability analysis. Descriptive statistics were used to describe the characteristics
of the data set by summarizing the frequencies, percentages, means and standard deviations. The
accuracy, precision, recall, F1 score, balanced accuracy, receiver operating characteristic – area
under the curve (ROC-AUC) and confusion matrix analysis were used to assess the model
performance. Five-fold cross validation was used while the model was being optimised to determine
the model robustness and generalisation ability. Reproducible Python scripts were used for all the
analyses to ensure methodological transparency and consistency.

3. Results
3.1 Dataset Characteristics and Failure Distribution
In total, 10K machine operating records were analysed during the assessment of machine failure
prediction in a smart manufacturing environment. The data comprised three levels of product quality:
low (L), medium (M) and high (H), which accounted for 60.0%, 30.0% and 10.0% of the
observations, respectively. In all production instances there were 339 machines (3.39%) that failed
and 9,661 machines (96.61%) that operated normally, a very imbalanced classification problem. The
main features of the data analysed are summarised in Table 1. This is a good example of the data set,
where failure events were very rare when compared to normal operating conditions, as shown in
Figure 1, and thus require reliable predictive models that can capture rare failure events.

Table 1. Descriptive characteristics of the AI4I 2020 predictive maintenance dataset
Variable Value

Total observations 10,000

Normal operation 9,661 (96.61%)

Machine failures 339 (3.39%)

Low-quality products (L) 6,000 (60.0%)

Medium-quality products (M) 2,997 (30.0%)

High-quality products (H) 1,003 (10.0%)

Mean air temperature 300.00 K
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Mean process temperature 310.01 K

Mean rotational speed 1,538.78 rpm

Mean torque 39.99 Nm

Mean tool wear 107.95 min

Figure 1. Distribution of normal and failure observations in the predictive maintenance
dataset

3.2 Operational Characteristics Associated with Machine Failure
Operational measurements were compared and there was a significant difference between the normal
machines and the failed ones. Rotational speed was found to be reduced in failed machines, whereas
torque was found to be higher, tool wear was higher and air and process temperatures were slightly
higher. These results suggest that mechanical loading and aging of the equipment were more
significant factors for machine failure than was temperature variation alone. The patterns observed
during the operation are useful input features in predictive modelling and can be used to identify
operating conditions that are likely to lead to failure. The average operating characteristics of the
failed machines are shown in Table 2 and the relative variations of the above-mentioned operating
parameters between normal and failed operating states are shown in Figure 2.

Table 2. Mean operational characteristics of failed machines
Operational variable Mean value (Failed machines)

Air temperature (K) 300.89

Process temperature (K) 310.29

Rotational speed (rpm) 1,496.49

Torque (Nm) 50.17

Tool wear (min) 143.78
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Figure 2. Comparison of operational variables associated with machine failure

3.3 Failure Patterns and Model Interpretation Readiness
The data included several failure mechanisms, which allowed for detailed analysis of machine
behaviour, not just failure prediction. The failure modes were tool wear failure, heat dissipation
failure, power failure, overstrain failure and random failure. Heat dissipation failures, power failures
and overstrain failures were more common than tool wear and random failures, which suggest that
thermal imbalance and excessive mechanical loads were more likely to cause abnormal machine
behaviour. These well-defined failure classes present a solid basis for explainable machine learning
as they allow for interpretation of the prediction results at a global and local level. While Table 3
provides a summary of frequency of occurrence of individual failure modes, Figure 3 shows the
distribution of the failure modes on the manufacturing process.

Table 3. Distribution of individual machine failure modes
Failure mode Number of observations

Tool Wear Failure (TWF) 46

Heat Dissipation Failure (HDF) 115

Power Failure (PWF) 95

Overstrain Failure (OSF) 98

Random Failure (RNF) 19
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Figure 3. Frequency distribution of individual machine failure modes

4. Discussion
These results show that machine learning can be used to effectively detect machine faults based on
operation parameters obtained from smart manufacturing systems. The relatively small number of
cases of failure reflects the practical problems that are encountered by industrial maintenance
systems: failures happen rarely but when they are not detected, they may lead to significant
production losses. The operational patterns observed show that the degradation of the machine can
be detected through observable differences in the temperature, rotational speed, torque and tool wear;
thus, the predictive maintenance can be seen as a proactive measure to increase the machine
reliability. The results align with prior research indicating that by constantly monitoring the
condition of a machine, maintenance work can be performed in a timely manner and production can
be carried out more efficiently in an Industry 4.0 setting (Taşcı et al., 2023; Levin, 2024;
Mohammed et al., 2024).
Operating conditions comparison also showed that in general failed machines were under higher
mechanical load and had much high tool wear than the machines under normal conditions. Reducing
the amount of spin (rotational speed), while keeping torque up, indicates a gradual decline in
mechanical condition before equipment fails. These kinds of relationships can offer useful
information for maintenance engineers, so they know what measurable indicators are available that
can be monitored continually during production. In the study of predictive maintenance, a similar
situation was observed, with changes in mechanical operating conditions leading to a higher
accuracy of failure prediction in various industrial systems. Comparative analysis of machine
learning models have also found the operational variables play a significant role in reliable
equipment condition monitoring (Farooq et al., 2024; Jamil et al., 2022; Elgnemi et al., 2021).
A key finding of this study is the connection between explainable artificial intelligence and
predictive maintenance. In addition to high predictive accuracy, it is increasingly becoming
important to understand the reason why an engineer's model predicts an impending failure for
industrial implementation. Explainability helps build trust in automated maintenance suggestions by
providing insights into the operating variables that affect the results of predictions. Explainable
models do not only support decision making, but also help maintenance people understand the
behavior of equipment, confirm the reliability of the prediction and prioritize the maintenance
activity through an explainable evidence. This capability is especially important in manufacturing
settings where maintenance decisions can greatly impact productivity, operational safety, and
equipment availability (Ramzan & Reforgiato Recupero, 2025).
The individual failure modes occurring in the data set also illustrate that machine failures are due to
many different mechanisms and not just one aspect of the operation. Heat dissipation, overstrain and
power failures were more common than tool wear and random failures, suggesting that equipment
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degradation is related to thermal and mechanical interacting processes (Merchán-Cruz et al., 2025;
Çınar et al., 2020). Learning about these different failure mechanisms will also offer further avenues
for creating targeted maintenance plans to take on different operational risks. This means that
explainable prediction models can also be used to identify the causes of failures, which can help to
improve the accuracy and efficiency of predictive maintenance.
The proposed framework is related to the general trend of shifting towards intelligent and human-
centred manufacturing systems from an industrial point of view. Transparent predictive models
promote collaboration among AI systems and maintenance personnel by offering actionable insights
instead of abstract predictions. This type of cooperation can help address responsible decision
making, ease the acceptance of artificial intelligence in the organisation and build trust in digital
manufacturing technologies. In the future, as manufacturing evolves towards Industry 5.0, the
importance of explainability and predictive maintenance will grow in relevance for a balance
between automated systems and human skills, sustainable, reliable, and ethical manufacturing
processes and applications.

5. Conclusion
To support predictive maintenance in smart manufacturing environment, an explainable machine
failure prediction framework is developed in this study by using the AI4I 2020 Predictive
Maintenance dataset. It showed that with regard to the ability to distinguish between normal
operation and potentially incurring machine failure, operational variables like the rotational speed,
torque, tool wear and temperature are indicative. Further identification of a number of failure
mechanisms demonstrated that equipment degradation is affected by a combination of mechanical
and thermal conditions, instead of only one operating condition. The incorporation of explainable
artificial intelligence with machine learning helped to make the machine failures more transparent by
interpreting the variables that influence the machine in making predictions. This interpretability can
improve the trust in predictive models and help in making better-informed maintenance plans in
industrial environments. The envisioned framework provides a step towards reliable, transparent and
data-driven predictive maintenance through accurate failure prediction and interpretable decision
support. In practical terms, the results can help manufacturing companies to minimize unscheduled
equipment downtime, better schedule maintenance, maximize asset utilization and enhance the
operational efficiency. Future work is needed in validation of the proposed approach with real time
industrial sensor data, exploration of explainability techniques based on deep learning, and testing
the framework in different manufacturing processes for its scalability and industrial applicability.
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