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INTRODUCTION

The rapid adoption of Industrial Internet of Things (I11oT) infrastructure and Digital Twin (DT) technologies has turned
modern industrial systems into data-centric ecosystems that can continuously monitor and support intelligent decision-
making. DT-based predictive maintenance (PdM) leverages synchronised virtual images of physical equipment to analyse
multivariate sensor feeds, operating parameters, and environmental factors. It aims to predict failures before growth into
expensive or risky incidents (Abd Wahab et al., 2024; Grieves & Vickers, 2017). Compared to the conventional methods of
reactive or schedule-based maintenance processes, PdM has proved to minimize the occurrence of unwanted downtime,
enhance asset utilization, and enhance system safety in a wide range of industrial environments (Compare et al., 2020;
Carvalho et al., 2019). Despite these steps, reliable fault prediction at early stages remains a daunting task. Empirical
industrial data exhibit strong temporal correlations, nonlinear relationships among variables, and very skewed distributions
of classes, with normal operating conditions predominating and fault incidents, especially severe or critical faults, being
rather infrequent (Dalzochio et al., 2020). As a result, predictive control leads many machine-learning models to achieve
spuriously high accuracy on the majority of values for a single class (typically no-fault). It thus does not provide meaningful
early warnings of impending failures. Previous literature has emphasized that traditional evaluation metrics, such as
accuracy or ROC-AUC, may be inaccurate in such situations. Metrics based on precision, recall, and cost-effective decision-
making are more suitable for PdM use (Saito & Rehmsmeier, 2015; Sofaer et al., 2019).

Mathematically, where X t is the vector of sensor measurements, operational variables and other variables of
operational condition and environmental forces, represented in the form of the DT derivative, i.e. Xt € Rd, assume that yt
={ 01 2 3 4 }sufferings of the fault, i.e. no fault, critical fault. The key issue that was presented in this paper is to learn a
predictive variable that predicts the historical data (Xt, Xt-1,..., Xt-k) to an accurate forecast of the future fault state yt + A
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, where A k is a prediction horizon. The formulation is specifically aimed at predicting early fault severity rather than fault
diagnosis at the point of occurrence, and is thereby a more difficult but operationally valuable task (Compare et al., 2020;
Zonta et al., 2020).

The literature on PdM and DT analytics has so far focused on the so-called remaining-useful-life (RUL)
estimation, binary failure detection, and fault diagnosis using instantaneous features and randomly shuffled training and test
partitions (Carvalho et al., 2019; Dalzochio et al., 2020; Li et al., 2018). Although high classification scores are often
reported using such methods, their test conditions can unintentionally introduce temporal leakage or majority-class bias,
thereby failing to reflect realistic deployment conditions. In the recent methodological reviews, it has been highlighted that
time-conscious validation, temporal feature engineering and imbalance-conscious learning are needed to provide realistic
and decision-relevant performance estimates (Abd Wahab et al., 2024; Saito & Rehmsmeier, 2015; Richardson et al., 2024).

This paper is motivated by these gaps and adopts a research design that aligns with established PdM machine-
learning pipelines while emphasizing the importance of time and deployment relevance. Based on a five-year, hourly, DT-
based industrial data set of 38 features across the sensing, operational, environmental, and maintenance dimensions, a variety
of classification models are benchmarked and systematically refined with respect to temporal feature construction, class-
weighted learning, and decision threshold calibration. The analysis aims to improve the ion-class detection and early-
warning function for improvability, rather than maximizing accuracy, thereby making the model's viability acceptable for
comfortable alignment with realistic maintenance goals.

The results of this work have direct implications for maintenance engineers, reliability analysts, and industrial
decision-makers seeking reliable early-warning systems, as well as for developers of DT and I1oT solutions that aim to
incorporate machine-learning models into operational monitoring systems. This research paper presents a comprehensive
and valid approach to early fault severity prediction in an industrial setting, explicitly addressing class imbalance, temporal
dependency, and evaluation bias to provide a reproducible and realistic framework. Based on this, the research question that
will be the focus of this study is:

RQ: To what extent can imbalance-conscious machine-learning predictors, using temporal features engineering, make
future fault severity predictions in Digital-Twin-based industrial systems in realistic time-aware evaluation conditions?

LITERATURE REVIEW

Recent predictive maintenance (PdM) studies have shifted the paradigm from detection when failed (reactive) to an
anticipatory one, driven by the spread of Industry 4.0 sensorization and the growing popularity of digital twins (DTs). The
surveys dedicated to DT-enabled PdM always claim that the main value of DTs is based on three facts: (i) higher-fidelity
context, making it possible to mix physics-based models with operational data; (ii) the possibility to make a simulation of
rare fault cases controllable; and (iii) the creation of closer feedback loops between virtual and real assets. However, these
publications also bring up the enduring problems of data asymmetry, the gap between the virtual and the real world, and
unreliability of assessment in case of missing the time leakage (Zhong et al., 2023; Abd Wahab et al., 2024; You et al.,
2022; Semeraro et al., 2021).

Surveys and models related to DT-to-PdM have highlighted the significance of integration architectures, which are
usually captured in the sequence 10T -data fusion -simulation/analytics -decision layer- and repeatedly mention that reports
of high accuracy are most likely to emerge when the architecture is tested under simplified conditions, e.g., small scale
studies, limited fault modes or non-deployable data splits (Zhong et al., 2023; Abd Wahab et al., 2024; You et al., 2022;
Semeraro et al., 2021). As a matter of fact, normal operation prevails in industrial PdM, and fault classes (especially early-
stage or infrequent severe faults) are very unobservable. The DTs can provide a solution by constructing artificial fault
traces, but this can only be done when the artificially generated samples are physically plausible and conform to the empirical
distributions of measurements (Long et al., 2026; Zayed et al., 2023; Yang et al., 2023).

Classical machine-learned baselines such as random forests, extra trees, XGBoost, and linear models also still hold
up well in cases where features are well-crafted. Nevertheless, temporal degradation pattern modeling is required in many
industrial PdM tasks where deep sequence models (CNNs, TCNs, LSTMs, transformers, and autoencoders) often perform
better than feature-only pipelines, particularly in early warning and multivariate sensor fusion (Serradilla et al., 2022; Jaenal
et al., 2024; Hancock et al., 2023; Cook & Ramadas, 2020). Surveys have, however, found that the most appropriate model
is greatly dependent on the factors including windowing strategy, definition of label (fault-at-time t and within horizon),
and the use of drift and imbalance (Serradilla et al., 2022; Jaenal et al., 2024). Other work in security and other classification
challenges also investigate such tasks.

Accuracy is a poor performance measure in datasets with extreme class imbalance. The metrics like PR-AUC and
class-wise F1 (or macro-F1) are more informative in skewed conditions (Zhao et al., 2022). One of the most common traps
is setting models to optimize majority recall while sacrificing minority recall, i.e., tuning them to maximize majority recall.
Recent work therefore advises the combination of cost-sensitive learning, threshold calibration specific to early detection
and resampling algorithms specific to time-series (Hancock et al., 2024; Lyu et al., 2021; Isbilen et al., 2025).

Evaluation leakage is one of the main factors that lead some publications to achieve high F1 scores. Time-
dependent splits may randomly cut off data time indices, potentially allowing future regimes, maintenance activity, or
repeating machine conditions to enter the training set and thereby inflating performance measures. Empirical studies have
shown that adequate time-based splits often reduce apparent scores but provide a clearer indication of deployment
performance (Tao et al., 2019). In the case of PdM, this problem is further exacerbated when one uses maintenance logs,
records of previous faults, or health index variables that might partially encode the label if they are not properly lagged (Tao
et al., 2019). The methodological foundations of decision-tree-based predictive maintenance in the presence of class
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imbalance are increasingly being clarified in modern research. Pu and Wu (2024) and Apeiranthitis et al. (2024) reported
strong results in fault diagnosis using decision trees for reducers and rotating equipment. Although they focus on the post-
manifestation aspect, this makes the problem less challenging than warning predictions. Imbalance-oriented approaches,
such as SMOTified-GAN, very similar to the SMOT-inspired anchor construction scheme (Alobaid & Corcho, 2024), have
demonstrated enhancement in minute class recall; however, in follow-up approaches, caution was raised that oversampling
can cause the corruption of temporal relations among temporal time series data (Lyu et al., 2021). Studies on the suitability
of metrics show that conventional accuracy and AUROC can be misleading under skewed distributions, prompting a shift
towards PR-AUC and class-wise examination (Karyofyllas et al., 2025). Recent decision-tree-based deep learning models
(Tan et al., 2025; Yoo, 2025; Mateus et al., 2025) have improved robustness but remain susceptible to choices of window
length and label horizon, highlighting the need for careful temporal validation, as in this manuscript.

MATERIALS AND METHODS
In this section, we present the methodology used in our research. Figure 1 shows the main steps of the proposed approach.

The Dataset and Problem Formulation

The existing study uses a Digital Twin-based industrial dataset comprising 5 years of hourly observations from January
2019 to January 2024 (IndFD-PM-DT, 2024). This corpus contains thirty-eight variables, which include machine condition
(e.g., vibration, temperature, pressure, acoustic signals), operational behaviour (e.g., motor speed, torque, load, utilization),
environmental conditions (e.g., ambient temperature, humidity, air quality) and maintenance-related variables (e.g., previous
faults, repairs, downtime). The main target variable, Fault Diagnosis, is a multiclass variable representing fault severity

levels from No Fault to Critical Fault.
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Figure 1. The proposed Methodology

The problem is redefined as an early-fault prediction task, enabling the study to be oriented towards predictive
maintenance rather than fault diagnosis. Passing Future_Fault is a binary label created by predicting the allegation Future
that the experiment randomly erroneously predicts in the Future, meaning that, against now, it is Future-Fault, which varies
with Future. A. A fixed prediction horizon of -12 hours is used in the main experimental cases. Therefore, any fault severity
that is non-zero that happens inside this horizon is considered an impending fault event. Such a change makes the model's
goal consistent with the need to predict failures before they occur.

Time Aware Preprocessing and Feature Engineering

Chronology is maintained by sorting all records by the timestamp field. Instead of a standard random train-test split, a
temporally stratified split is used: the first 80 per cent of the acquisitions comprise the training set, and the remaining 20 per
cent comprise the test set. This will eliminate the possibility of information leaking into the Future and is more realistic for
real-world deployment. The time characteristics of degradation are synthesized by using a selection of sensors and health
indicators. These are lagged observations at 1, 3, 6, and 12 hours, along with rolling statistics, means, and standard deviations
over a 6-hour window. These characteristics convert the real-time Digital Twin measurements into more comprehensive
time-contextual representations, in which the progressive failure process is coded. The promoted rows that lack adequate
historical background are removed to maintain consistency.

Baseline Model Benchmarking

A preliminary benchmark is performed using the LazyPredict framework, which tests a broad range of classical machine
learning classifiers across a common set of preprocessing scenarios. This current analysis clarifies the model behaviour, and
as it turns out, the majority-class domination prevails: many algorithms with high accuracy are predictors of the normal state
only. The benchmark thus highlights the need for imbalance-conscious strategies and the need to redefine evaluation
measures.
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Imbalance-Aware Learning Strategy

Faced with a severe bias toward min-max, class imbalance is addressed by class-weighted learning rather than class-
weighted duplicative oversampling, which would also disrupt the temporal organization. Tree-based ensemble models are
preferred for their ability to handle nonlinear feature interactions. The models are trained using weights proportional to the
inverse class frequencies, thereby encouraging sensitivity to the relatively low-frequency fault events.

Probability Calibration and Threshold Optimisation
Instead of reducing the decision threshold to 0.5, the predicted probabilities are evaluated using precision-recall curves. The
operating threshold is then chosen between the highest minority-class F1-score and a cost-sensitive one, which is highly
sensitive to missed faults compared to false alarms. Such calibration is the setting of model predictions to match the
maintenance imperative, as it acknowledges that the cost of failed systems, as assumed over time, that are not incurable, is
more than that of incurable codes of undetected failure.

Evaluation Metrics

Precision, recall, F1-score (class-wise and macro-averaged), balanced accuracy, and PR-AUC are used to evaluate model
performance. Accuracy is reduced since it is prone to inaccuracy when there is class imbalance. This evaluation paradigm
will ensure that reported results accurately reflect the actual early-warning capability, free of the majority-class bias.
Altogether, this study design guarantees methodological rigour by combining temporal validation, realistic labelling,
imbalance-sensitive learning, and decision-focused assessment, making the proposed framework applicable for
implementation in Digital Twin-based predictive maintenance systems.

RESULTS
This section outlines a systematic experimental study to explore early fault detection in an industrial context using Digital
Twin technology. The experiments proceed step by step to highlight core challenges such as class imbalance, temporal
dependency, and misleading accuracy and to show how each change in methodology strengthens the decision. All
experiments use the same five-year hourly data set and a strict time-based train-test split, akin to the conditions in real-world
deployment.

Experiment 1. Baseline Model Benchmarking (Static Classification)
What was done: The evaluation of a wide range of classical machine-learning classifiers was performed with the use of
LazyPredict and instantaneous features and the original fault labels.

Observed results (Table 1):
Most of the models had a success rate of around 69%, but the confusion matrices showed that all predictions were distilled
into the majority No Fault

Table 1. Baseline Model Results

Model Accuracy Balanced Accuracy F1 Score
BaggingClassifier 0.68 0.2 0.57
XGBClassifier 0.69 0.2 0.57
AdaBoostClassifier 0.69 0.2 0.57
CalibratedClassifierCV 0.69 0.2 0.57
BernoulliNB 0.69 0.2 0.57
ExtraTreesClassifier 0.69 0.2 0.57
LinearSVC 0.69 0.2 0.57
DummyClassifier 0.69 0.2 0.57
SGDClassifier 0.69 0.2 0.57
RidgeClassifierCV 0.69 0.2 0.57

Key insight: High accuracy was due solely to class imbalance, indicating that fixed classification is not suitable for predictive
maintenance.

Experiment 2. Reformulating the Task as Early Fault Prediction
What changed: The multiclass diagnostic problem was reposed as a binary, early-fault prediction task with a 12-hour
prediction horizon, without pursuing any time-based feature engineering or balancing.

Table 2. Experiment 2 Results

Metric Value
Accuracy 0.6946
Balanced Accuracy 0.5
Macro F1-score 0.4099
Fault Precision 0
Fault Recall 0
Fault F1-score 0
PR-AUC 0.3048
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Table 2 shows that high accuracy may be attributed to the prevalence of the majority group; the fault recall measure
is zero, indicating that the model does not identify any anticipated faults. This finding shows that fault prediction is
significantly harder than fault diagnosis, and that reformulating the task alone is not sufficient in the presence of time and
class imbalance.

Experiment 3. Time-based Feature Engineering
What changed: To identify the short-term degradation drivers, the model was further extended with lag features at 1, 3, 6,
and 12 hours, and rolling statistics (mean and standard deviation), without changing the underlying classifier.

Table 3. Experiment 3 Results

Metric Value
Accuracy 0.6945
Balanced Accuracy 0.5
Macro F1-score 0.4099
Fault Precision 0
Fault Recall 0
Fault F1-score 0
PR-AUC 0.3078

Table 3 shows that, despite a slight improvement in the precision-recall area under the curve, the classifier still only predicted
the normal class. This finding supports the idea that time-related terms alone are insufficient to address the significant
imbalance in class sizes when traditional learning objectives are used.

Experiment 4. Imbalance-Aware Learning
What changed: Random Forest was extended to include a class-weighted variant that, at the same time, maintains the time-
based characteristics; this model imposes penalties for misclassifying faults.

Table 4. Experiment 4 Results

Metric Value
Accuracy 0.6763
Balanced Accuracy 0.5034
Macro F1-score 0.4514
Fault Precision 0.3319
Fault Recall 0.059

Fault F1-score 0.1002
PR-AUC 0.3157

Table 4 shows that the model eventually learns with a finite number of faults, with a recall significantly below
zero, thereby demonstrating the physical benefits of learning that considers imbalances. Although overall accuracy decreases
slightly, macro-F1 and precision-recall AUC scores increase, confirming that the model has developed a tendency to capture
early degradation rather than relying on majority-class predictions.

Experiment 5. Threshold Optimisation and Cost-Sensitive Decision Making

What changed: Instead of using the default probability cut-off of 0.5, precision-recall analysis was used to set decision
thresholds, which included:

- The Best F1 threshold

- false negative cost A false negative cost is highly sensitive to cost.

Table 5. Threshold optimization and cost-sensitive decision making

Setting Accuracy BalancedAcc MacroFl Fault Fault Fault F1 PR-AUC
Precision Recall

Default Threshold (0.50) 0.6763 0.5034 0.4514 0.3319 0.059 0.1002 0.3157

Best-F1 Threshold (0.40) 0.3063 0.5006 0.2353 0.3057 1 0.4683 0.3157

Cost-Sensitive Threshold (FN: FP =10:1)  0.3063 0.5006 0.2353 0.3057 1 0.4683 0.3157

Table 5 shows that threshold optimization significantly affects the system's operational profile. The model can do this by
reducing the decision threshold, thereby achieving flawless fault recall and preventing looming faults from being missed.
An increase reduces the overall precision of the results by increasing the number of false alarms, but this is a reasonably
acceptable trade-off when predictive maintenance is involved, where the false omission of a fault has significantly more
serious consequences than a false alarm.

Table 6 presents a detailed overview of the gradual development of the early prediction of fault severity framework
in four different experimental design layouts. The next experiment introduces a different modelling improvement, advancing
the system to a robust, early-warning format that evolves into an entirely configurable, deployment-oriented design. The
table lists the most noticeable performance improvements achieved at each developmental stage, along with the prevailing
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constraint that remains. Such systematic comparative analysis highlights how methodological improvements gradually
eliminate the pragmatic challenges facing asset management.

Table 6. Cross-Experiment Summary

Experiment Main Gain Key Limitation

Exp2 Early-warning formulation No fault detection

Exp3 Temporal context added Imbalance still dominates
Exp4 First meaningful fault detection Low recall

Exp5 Configurable early-warning system Higher false alarms

Accuracy vs Fault Recall Trade-off Across Experiments
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Figure 2. Accuracy vs Fault Recall Trade-off Across Experiments

Figure 2 illustrates the empirical trade-off between overall accuracy and fault recall across the series of experiments.

In Experiments 2 and 3, the models achieve remarkably high accuracy with zero fault recall; this trend indicates
that the majority-class bias is dominant, suggesting that early fault-prediction ability is insufficient.

Experiment 4 shows a rather small decrease in precision and a corresponding rise in inaccuracy recall, thus
reinforcing the benefits of imbalance-sensitive learning techniques.

Experiment 5 shows a deliberate change in operating point: accuracy is deliberately compromised to achieve
perfect fault recall, enabling an all-alarm-sensitive predictive-maintenance regime.

All these observations show that the notion of accuracy alone, as an isolated concept, cannot reflect the performance
specifications of early fault-prediction systems; recall-based decision policies are essential, particularly in the safety-critical
industrial setting.

DISCUSSIONS

The outcomes of the experiments show that the early fault prediction in Digital Twin-enabled industrial systems is
significantly affected by task formulation, time modelling, imbalance management, and the decision threshold. The base
results of the reformulation of the initial fault-diagnosis problem into a 12-hour early fault-prediction problem are given in
Table 2. Even though the overall accuracy is high (0.6946), the model does not identify any looming faults, resulting in a
recall of 0 and an F1-score of 0 for the fault class. It follows that accuracy in such situations is deceptive when extreme class
imbalance is present. That fault prediction in the early stages is significantly harder than fault diagnosis, with fault-related
patterns being particularly weak before they occur.

The effect of temporal features engineering is reported in Table 3. When lagged variables and rolling statistics are
included in the model, there is a slight improvement in PR-AUC, but fault recall remains zero. This suggests that, even
though degradation dynamics require temporal context, it is inadequate when the learning objectives remain biased toward
the majority class. Therefore, Table 4 compares an imbalance-sensitive Random Forest that is trained on Temporally
Enriched features. This setup gives the first useful early-detection results, with a fault recall of 0.059 and a macro-F1 of
0.4514. Even though the accuracy drops to 0.6763, this trade-off favours majority-class domination over decision relevance.

Table 5 also demonstrates that the model's utility ultimately depends on the decision policy, not on the choice of
classifier. Optimizing the probability threshold using precision-recall analysis yields fault recall of 1.0 and fault F1 of
0.4683, at the expense of lower accuracy. This sequence is graphically summarised in the accuracy-recall trade-off figure
that indicates accuracy decreases with increasing recall in Experiments 2 and 5. In the case of predictive
maintenancepredictive maintenance, such a trade-off is desirable because missing a fault is much more expensive than
issuing a false alarm. On the whole, the findings suggest that reliable early fault prediction can occur only when temporal
modelling, imbalance-aware learning, and threshold optimization are viewed as an interconnected set of factors that can
provide a realistic and operational framework for Digital Twin-based predictive-maintenance systems.

The results in Table 6 show that a single modelling approach cannot adequately handle early fault-severity
prediction. This is demonstrated by experiment 2 (Exp 2), which shows that early-warning formulations alone are invalid;
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faults are completely detected when the class imbalance is extreme. In Experiment 2 (Exp 3), which adds time context, we
find that representation learning is enhanced, but the influence of imbalance still prevails in predictive performance.
Experiment A shows a single critical transition and achieves the first meaningful fault detection, despite limited recall due
to conservative decision boundaries. Experiment 5 (Exp5): By adopting configurable decision policies, it is possible to
create more sensitive early-warning systems in Experiment 5 (Exp5), which trade higher fault recall rates against higher
false-alarm rates. Taken together, all these results demonstrate that efficient prediction of early severity results from a
consistent combination of temporal modelling, imbalance-aware learning, and threshold calibration, rather than from
individual improvements.

CONCLUSIONS

Continuous industrial telemetry in high dimensions generated by digital twin (DT) platforms offers opportunities for large-
scale fault and predictive maintenance (PdM). However, the real-life applications of PdM face two lasting challenges: (i)
fault events are rarely realized and tend to be imbalanced in terms of their classes, (ii) there is an urgent necessity to recognize
the fault escalation at an early stage to respond to it before it goes out of proportion. To address this issue, our research
proposes a deployable, exploratory study to predict faults in Digital Twin-based industrial systems at the outset using
machine-learning methods. The empirical results showed that high classification accuracy alone is insufficient and not
always predictive of usefulness in practice, especially in predictive maintenance environments characterized by highly
skewed class distributions and strong temporal dependencies. Reconceptualizing fault diagnosis as a horizon-based early
warning problem, using more advanced temporal feature engineering, and adopting imbalance-aware learning strategies
enabled the proposed framework to enter a regime in which it can effectively forecast faults early in a meaningful manner.
The findings highlighted that although temporal characteristics are indispensable, they alone are insufficient; nevertheless,
class-weighted ensemble models were also necessary to nurture minority-class learning. The most significant was that
probability threshold optimization was identified as a key mechanism for aligning the model's behaviour with operational
imperatives, thereby enabling trade-offs between fault recall and false alarm rate. The last model in an alarm-sensitive setup
achieved ideal fault recall, highlighting its suitability for safety-critical industrial settings where the cost of an unnoticed
failure is unacceptable. Taken together, these results support the view that realistic predictive maintenance systems should
have recall-oriented, decision-conscious evaluation measures rather than raw accuracy. Based on this, it is proposed that
practitioners in the industry adopt a time-conscious validation strategy, imbalance-conscious training protocols, and
threshold calibration when adopting algorithms for Digital Twin-based analytics. Finally, adaptive horizons, interpretable
modelling, and physics-informed constraints must be incorporated into the Future, as only when these are combined can the
soundness and credibility of the maintenance decision-support system in the real world be enhanced.

The contribution of this paper lies in treating early fault prediction as a deployment-oriented problem rather than a
classical classification problem by integrating a time-aware component. Despite this contribution, our research has some
limitations that can be considered in future research. As a sample of limitation, the experiments were conducted on a single
dataset with a fixed prediction horizon.
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