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Abstract
Unplanned equipment failures create high costs through downtime, emergency repairs, and safety risks, often costing three to ten times more than proactive maintenance. Predictive maintenance (PdM), enabled by traditional machine learning, uses operational data to anticipate failures and support more timely and cost-effective interventions than fixed maintenance schedules.
Drawing on 34 sources, this report evaluates four machine learning approaches, Random Forest, Gradient Boosting, Support Vector Machines (SVM), and logistic regression, against four key criteria: predictive accuracy, interpretability, computational efficiency, and robustness to class imbalance. Random Forest, combined with SHAP-based explainability, emerges as the strongest option. A seven-stage CRISP-DM-based workflow is proposed, covering data auditing, preprocessing, feature engineering, class imbalance correction, time-series cross-validation, cost-sensitive evaluation, and explainability integration. The analysis identifies two key limitations, probability calibration and concept drift, and proposes a drift-aware retraining architecture as a testable operational solution. Based on peer-reviewed evidence, an illustrative return-on-investment analysis estimates a payback period of 12–18 months for a typical manufacturing maintenance budget.
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Predictive Maintenance Using
Traditional Machine Learning
A Practical Algorithm Recommendation and ML Workflow for Equipment Failure Prediction

[bookmark: _Toc233286937]1. Introduction
Manufacturers are under pressure to keep machines running, cut costs, and stay safe, all while working with ageing equipment in a competitive market. When something breaks unexpectedly, the bill for fixing it runs three to ten times higher than catching the problem early [1]. Fixed maintenance schedules and waiting for things to break both fall short, because no two machines wear out the same way [5]. Condition-Based Monitoring and Predictive Maintenance act on what the data is telling you instead, made possible by cheaper sensors and growing IIoT infrastructure generating rich streams of health data [2][4]. Machine learning can pick out warning signs in this data that a person would likely miss [3], though real challenges remain: failures are rare events that throw off many models [6]; the sensor-failure relationship can shift over time [29]; engineers need to trust what the model tells them [27]; and predictions need to translate into financially sensible decisions [4].

The company behind this report collects continuous sensor readings from its machinery, specifically temperature, vibration, and pressure streams. Still, it operates under limited computing resources, ruling out deep learning architectures that demand GPU acceleration and large memory footprints. This is far from unusual: most small and medium manufacturers run predictive maintenance on standard servers rather than specialist hardware [14]. The focus here is squarely on traditional machine learning, proven to perform competitively on tabular sensor data at tractable computational cost.

Three criteria drive the algorithm selection throughout this report, and each maps directly to the company’s stated constraints. First, predictive accuracy must be sufficient to detect failures before they cause unplanned downtime, while managing the severe class imbalance that characterises equipment failure data [6]. Second, interpretability is not optional: the company’s maintenance engineers must physically inspect the correct component following an alert, which means the model must be able to explain, at the instance level, which sensor readings triggered each prediction, a requirement that directly rules out black-box approaches and shapes the SHAP recommendation in Section 4.1 [27]. Third, computational cost must remain within the bounds of standard CPU-based infrastructure, which rules out gradient boosting variants that cannot be parallelised at the required scale [13]. These three requirements are held together throughout the review, and the recommendation is assessed against all three simultaneously, not on accuracy alone.

The three sensor types collected each encode different aspects of mechanical degradation. Temperature streams capture progressive thermal build-up associated with bearing wear and lubrication failure; vibration streams encode the impulsive signatures of mechanical faults such as bearing spalling and gear damage; and pressure streams reflect fluid and pneumatic system health. The feature engineering workflow in Section 3.3 is designed specifically around these three modalities and the coupled behaviour of their behaviour during degradation that carries information that no single stream would reveal alone [4][5].
Section 2 reviews the research on the main algorithm families and their open challenges [14][22][23]. Section 3 lays out the proposed seven-stage workflow [18]. Section 4 makes the case for a specific algorithm, is honest about its limitations, weighs up alternatives, and sketches a deployment plan [9][29]. Section 5 closes with implications for the company and field. 

[bookmark: _Toc233286938]2. Literature Review
This section does more than summarise what each source found; it puts them in conversation with each other, asking where they agree, where they quietly contradict, and where a finding that looks solid alone starts to look shakier against the wider evidence. The review moves from defining the problem, through the main algorithm families, to three recurring challenges, explainability, class imbalance, and concept drift, that together reveal a blind spot the field has not fully acknowledged. A structured summary of all 32 sources reviewed, organised by thematic focus, is provided in Appendix A.
[bookmark: _Toc233286939]2.1 The PdM Classification Task
Predictive Maintenance is essentially a supervised binary classification problem [7]: given a window of sensor readings, will this equipment fail within the next T hours? The model learns from historical data already labelled as failure or normal, picking up the patterns that distinguish the two [5][8]. Unsupervised anomaly detection is an alternative when no failure labels exist, but it only learns what normal looks like and flags deviations, which tends to mean more false alarms and missed failures that do not look obviously unusual [7]. Since this company's maintenance logs can be matched to sensor readings to produce proper failure labels, supervised classification is the stronger and more direct route [14].
One distinction worth being precise about, and one that applied studies frequently blur — is the difference between binary classification and Remaining Useful Life (RUL) estimation [22]. They are not interchangeable. A binary classifier that gets it wrong costs a missed maintenance window; an RUL estimator that gets it wrong gives an engineer false confidence about exactly how much time they have left. RUL also needs far more run-to-failure data than this company currently holds [5], making binary classification the practical choice at this stage. The deeper problem with conflating the two is that studies comparing algorithms across both tasks may be reporting an accuracy gap that reflects incompatible label structures rather than genuine algorithmic superiority, a possibility that is rarely interrogated in the literature, and one that is taken seriously here by keeping the two tasks strictly separate throughout [22].

[bookmark: _Toc233286940]2.2 Industrial Significance and Research Landscape
Predictive Maintenance has attracted serious industrial and academic attention, but the evidence behind it deserves a closer look than it usually gets. Mobley's [1] oft-cited claim that reactive maintenance costs three to ten times more than proactive alternatives has circulated largely unchallenged for two decades. McKinsey [20] broadly corroborates it, and Theissler et al. [32] document consistent cost and downtime reductions across real deployments. On the surface this looks like convergent validation. But convergence across sources that share an incentive to tell the same story is weaker evidence than it first appears, Mobley's figure is an industry estimate, McKinsey's is consultancy output, and none of the three seriously entertains the possibility that reported savings partly reflect selection bias: sites willing to invest in large PdM rollouts were probably already better-resourced than the manufacturing average. That gap is worth naming rather than glossing over.
The picture gets more complicated when you look at the algorithm evidence. Carvalho et al. [14], reviewing 71 studies, found a clear shift toward ensemble methods, attributed to their ability to handle noisy industrial data. Read in isolation, that looks like a settled consensus. Read alongside Zhang et al. [23] and Javed et al. [22], it starts to look shakier. Zhang et al. [23] show that the benchmark datasets underpinning much of Carvalho's review, UCI AI4I and NASA CMAPSS, produce systematically inflated performance figures because their labels are far cleaner than anything found on a real shop floor. The ensemble consensus may therefore be, at least partly, an artefact of which algorithms happen to perform well on artificially clean data. The implication here is that the literature's apparent consensus should be treated as provisionally strong rather than settled, and that any deployment must validate against real operational data before accepting benchmark performance claims at face value, a point returned to in Section 2.4.
Table 1: Comparison of the three maintenance paradigms across five practical dimensions
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The economic case for Predictive Maintenance follows directly from the trigger mechanism. Reactive maintenance responds to consequences rather than causes; preventive maintenance schedules around the calendar rather than actual condition. The cost differential Mobley [1] identifies is not an empirical surprise, it is a structural inevitability once the three approaches are placed side by side. The sensor infrastructure and ML capability that Predictive Maintenance requires is precisely what this report addresses.
Two real deployments illustrate both the promise and the limits of algorithm selection. Caesarendra and Tjahjowidodo [10] deployed Random Forest for bearing fault detection on rotating machinery, exceeding 95% accuracy across multiple fault severity levels and maintaining performance even when sensor readings were intermittently missing, exactly the kind of data-quality problem the preprocessing pipeline in Section 3.2 is designed to handle. Susto et al. [17] offer a useful contrast: logistic regression deployed in semiconductor wafer fabrication, achieving competitive recall in that domain. The difference matters. Semiconductor processes produce near-linear failure signatures that suit logistic regression well; the mechanical degradation curves in rotating machinery are inherently non-linear [5], which is why logistic regression is ruled out for this client's context and kept only as a diagnostic baseline [14].

[bookmark: _Toc233286941]2.3 Decision Trees and the Bias-Variance Trade-off

The core problem with a single tree is the bias-variance trade-off: highly complex trees often fit noise in the training data (high variance), while overly simple trees fail to capture important patterns (high bias) [8]. Both ensemble methods recommended here build on decision trees, which classify by repeatedly splitting on whichever threshold most reduces impurity [7][8]. The core problem with a single tree is the bias-variance trade-off: an unconstrained, deep tree memorises noise rather than learning the underlying pattern, while a shallow tree is too simple to pick up the non-linear ways machinery degrades [8]. Ensembles get around this by averaging many trees trained on different slices of data, cutting variance substantially without making bias worse [9], the theoretical foundation, going back to Breiman's original work [9], for why ensembles beat single trees on noisy sensor data. This tradeoff is worth holding in mind through the rest of the review because it resurfaces, largely unacknowledged, in the SHAP feature-importance debate in Section 2.6, where the same tension between capturing real signal and overfitting to artefacts of the training data reappears in a different guise.
Table 2 makes this tradeoff concrete, comparing a shallow tree (high bias), a deep tree (high variance), and a Random Forest ensemble across five properties directly relevant to industrial PdM deployment.
Table 2: Comparison of a high-bias tree, a high-variance tree, and a Random Forest ensemble
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The ensemble column illustrates how averaging many trees over different data subsets resolves the fundamental bias-variance tradeoff that makes single trees unsuitable for noisy industrial sensor environments [8][9][10][31].
Table 2 makes explicit what the prose above argues conceptually: neither extreme performs adequately on real factory data. The ensemble approach directly resolves this by trading exact fit for stable generalisation, which is why Random Forest and Gradient Boosting both consistently outperform single classifiers in Carvalho et al.'s [14] 71-study review.
[bookmark: _Toc233286942]2.4 Random Forests and Gradient Boosting
Random Forest builds an ensemble of many decision trees, combining their predictions to improve robustness and reduce overfitting through bagging and random feature selection at each split [9]. The evidence for its real-world performance is unusually solid. Caesarendra and Tjahjowidodo [10] report over 95% accuracy on bearing-fault detection, holding up even when sensor readings go missing. Lei et al. [31] arrive at the same conclusion independently, using different datasets, a different research team, 94 studies reviewed, confirming Random Forest among the strongest traditional methods under noisy, data-limited conditions. Two studies converging from different directions are meaningfully stronger evidence than either alone. For this client specifically, whose temperature, vibration, and pressure streams are subject to intermittent outages and multiple overlapping failure modes, Random Forest's robustness to correlated and missing features [9] is not a generic selling point; it is a direct match to the data conditions this system will actually face.
Gradient Boosting takes a different approach: trees are built sequentially, each one correcting the errors of the last [12]. Nectoux et al. [24] show it outperforming Random Forest on the PRONOSTIA dataset, and taken at face value, which would make it the obvious recommendation here. The problem is PRONOSTIA runs under constant, controlled loads, a laboratory idealisation of what a real factory looks like. Carvalho et al.'s [14] broader review tells a different story: the Gradient Boosting accuracy advantage shrinks once noise and correlated features enter the picture, precisely the conditions PRONOSTIA's clean setup excludes. This is a genuine contradiction in the literature, not just a difference of emphasis. The resolution adopted here is that Nectoux's result is locally true but not generalisable, it describes Gradient Boosting under conditions this company does not have. Carvalho's review describes conditions much closer to what it does. Add to that the fact that Gradient Boosting cannot be parallelised, making it meaningfully slower on standard CPU infrastructure [13], and the case against it holds up on two independent grounds.
One further point that deserves more than a footnote: Strobl et al. [25] show that standard feature importance scoring overrates correlated features in both Random Forest and Gradient Boosting. If the benchmark comparisons reviewed in Section 2.2 are partly measuring how well an algorithm exploits this bias rather than how well it genuinely generalises, then the accuracy comparisons those studies report may be quietly unreliable in ways the original authors never intended. This is the real reason this report uses SHAP-based importance in Section 3.3, not because SHAP is newer, but because it removes a confound that may be distorting the very evidence the Random Forest versus Gradient Boosting debate rests on. Figure 1 pulls all five algorithms together across the dimensions that matter, making the overall trade-off visible at a glance.
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Figure 1: How the five algorithms compare across five dimensions that matter for a real deployment. The scores are not drawn from any single study but represent this report's synthesis of the evidence reviewed in Sections 2.3–2.5; the cited works are the sources from which each dimension's relative scores are derived: accuracy scores from Carvalho et al. [14], Nectoux et al. [24], Caesarendra and Tjahjowidodo [10], and Lei et al. [31]; interpretability from Susto et al. [17] and Géron [7]; computational efficiency from Chen and Guestrin [12], Ke et al. [13], and Cortes and Vapnik [15]; robustness to imbalance from Carvalho et al. [14] and He and Garcia [28]; and ease of tuning from Géron [7] and Widodo and Yang [16]. Random Forest (shaded) comes out the most balanced overall, not because it leads on any single dimension, but because it avoids a serious weakness on all of them.

What the figure makes visible is that no algorithm wins outright. Gradient Boosting edges ahead on accuracy, SVMs hold their own on small-sample robustness, and logistic regression is unmatched on interpretability, but each pays for its strength somewhere else. Random Forest's advantage is not that it tops any single dimension, but that it avoids being weak on any of them, which matters more than topping one metric once accuracy, cost, and interpretability all have to be satisfied simultaneously for this deployment. This is the visual counterpart to the argument made narratively in Sections 2.4 and 2.5: a single-metric comparison would have pointed toward Gradient Boosting, but a multi-dimensional one does not.



[bookmark: _Toc233286943]2.5 SVMs, Logistic Regression, and Baselines
SVMs find the widest possible margin between classes [15], and Widodo and Yang [16] showed they worked well for fault diagnosis in 2007, particularly with limited data. The catch is that evidence is now nearly two decades old, predating the IIoT-driven explosion in industrial datasets. As data volumes grow, SVMs become increasingly impractical, training costs scale at O(n²) to O(n³), and they produce neither interpretable outputs nor calibrated probabilities [4][14][15]. The broader lesson is that algorithm rankings are often a product of the data conditions of their time rather than universal truths. For this client, whose labelled failure dataset will be small at the outset, SVM's small-sample robustness makes it a reasonable starting point, but the recommendation is to transition to Random Forest once labelled examples exceed roughly 10,000 windows, the threshold at which Carvalho et al. [14] show ensemble methods begin to pull consistently ahead of margin-based classifiers on industrial sensor data.
Logistic regression is interpretable and well-understood; each feature's influence is readable directly from its coefficient [7][8]. Susto et al. [17] achieved competitive results with it in semiconductor manufacturing, but that context does the heavy lifting: semiconductor processes produce near-linear failure signatures that suit a linear classifier well. Mechanical degradation follows inherently non-linear curves [5], which logistic regression's decision boundary is structurally unable to capture, particularly the multiplicative cross-sensor interactions that Section 3.3's feature engineering is specifically designed to exploit [8]. It stays in this report as a baseline rather than a contender [14].
Naive Bayes assumes features are statistically independent given the class label [8], an assumption that is directly violated here. When vibration and temperature are correlated, as they are during mechanical degradation, Naive Bayes assigns each feature the same weight it would have if the other did not exist, systematically overstating their individual contributions and understating their joint signal. The result is a model that misreads the most diagnostically important part of the data: the coupled behaviour of the three sensor streams that Section 3.3's cross-sensor features are specifically designed to capture. Despite that, both logistic regression and Naive Bayes earn their place as diagnostic baselines. If Random Forest cannot clearly beat them, that is a signal worth heeding — it points to weak feature engineering or insufficient predictive signal in the data, not just a competitive algorithm [7][14].
[bookmark: _Toc233286944]2.6 Explainability and SHAP
SHAP uses cooperative game theory to calculate each feature's contribution as its average effect across every possible combination of the other features [26], which gives it two advantages over standard feature importance: it produces fair, consistent attribution, and it fixes the bias Strobl et al. [25] identified, the same bias discussed in Section 2.4 as a potential confound in the Random Forest versus Gradient Boosting debate. Baptista et al. [27] found something genuinely surprising: SHAP-augmented Random Forest models not only earned more engineer trust but performed marginally better when SHAP guided feature selection. Interpretability and accuracy reinforced each other rather than trading off. The conventional ML assumption is that the two pull in opposite directions; Baptista et al.'s result suggests that, in this domain, that may be a category error; a more reliable importance signal improves feature selection, which improves accuracy. That is presented here as a hypothesis worth testing rather than a settled fact, but it is a finding worth taking seriously.
That said, SHAP has a real limitation that tends to get glossed over. It assumes features are independent, an assumption that predictive maintenance data structurally violates, since vibration and temperature move together during degradation [26]. When correlated features are present, SHAP can understate their combined signal. The cross-sensor features built in Section 3.3 are designed specifically to reduce that correlation before SHAP is applied, not as a generic engineering improvement, but as a direct response to a known mathematical weakness in the method this report otherwise recommends. That design decision only becomes visible if the SHAP literature is read critically rather than taken at face value. For this client's engineers, who need to physically inspect the right component after an alert, knowing which sensor stream drove a specific prediction is not optional it is an operational requirement, which is what makes SHAP's instance-level explanation capability necessary rather than merely useful [26][27].
LIME [33] is the most widely used alternative, approximating the model locally with a simpler surrogate. It is lighter and easier to implement, but its explanations are generated through random sampling, meaning the same prediction can produce different feature attributions on different runs. For engineers who need to act on alerts consistently, that instability undermines the trust that interpretability is supposed to build. SHAP's Shapley-value foundation guarantees the same inputs always produce the same attribution, making it the more defensible choice here despite its higher computational cost [26][33].
[bookmark: _Toc233286945]2.7 Class Imbalance and Concept Drift
Failures typically make up under 2% of the data, which means the model is learning from a badly skewed picture of reality. Chawla et al.'s SMOTE [6] remains the standard fix, generating synthetic minority examples by interpolation, though without any regard for where the decision boundary actually sits [28]. He and Garcia [28] propose Borderline-SMOTE and ADASYN as improvements, but the honest answer is that no single variant wins outright: ADASYN performs better when failures cluster near the boundary, standard SMOTE holds up more consistently otherwise. The imbalance-correction literature has not produced a universally dominant method, which is itself a finding, and a reason not to treat any single variant as a default without testing it on the specific dataset at hand. Since there is no way to know in advance where failures will cluster, standard SMOTE is adopted as the sensible starting point, with alternatives tested empirically in Section 3.4 [6][28].
The second challenge is more insidious and connects back to almost everything discussed so far. Concept drift, the sensor-failure relationship quietly shifting as machinery ages and wears, means that even a perfectly validated model will not stay valid indefinitely. Gama et al. [29] identify four types: sudden, gradual, incremental, and recurring, which can overlap in a real factory environment [4]. A model performing well at launch can degrade substantially within six months [29]. The compounding effect matters here: benchmark optimism inflates a model's apparent starting performance, and drift erodes whatever genuine performance was actually achieved, meaning the gap between reported and real field performance is likely to widen over time, not stay constant. Gama et al. [29] recommend the Page-Hinkley test for detecting this in streaming data, which shapes the monitoring approach in Section 4.4. Most deployed systems do not check for drift at all, a gap flagged independently by both Carvalho et al. [14] and Javed et al. [22], two papers arriving at the same warning from different directions, which is the kind of convergent evidence that should carry real weight. The consequences of ignoring this are well documented: Bayram et al. [34] show that distributional changes consistently degrade model accuracy over time, going undetected because most systems monitor outputs rather than the stability of the input-output relationship. In manufacturing, this means a model can keep generating confident-looking predictions long after its calibration has drifted, with no visible signal until failures start being missed. For this client specifically, drift is likely to come from two sources: seasonal temperature variation shifting baseline sensor readings, and the gradual ageing of the machinery fleet, both consistent with the gradual drift type Gama et al. [29] identify as among the hardest to catch.


[bookmark: _Toc233286946]3. Proposed Workflow Methodology
The workflow is built on CRISP-DM [18], the most widely used process model in data science, which organises any ML project into six iterative phases: Business Understanding, Data Understanding, Data Preparation, Modelling, Evaluation, and Deployment. The keyword is iterative - phases loop back on each other as understanding develops, which suits predictive maintenance particularly well, since ground-truth failure labels only arrive gradually once a system is live and the model needs regular refinement as new failure events accumulate [18]. A condensed practitioner reference summary of all seven stages, including methodological choices and literature basis for each, is provided in Appendix B.
Other frameworks exist, but are a worse fit for this context. KDD and SEMMA both organise data mining into sequential phases, but neither includes an explicit Business Understanding step, a critical gap when the ML team and the operational engineering team need to agree on failure definitions, cost ratios, and alert thresholds before any modelling begins. Microsoft's TDSP adds useful role and tooling guidance but assumes cloud infrastructure and DevOps maturity that most small and medium manufacturers do not have [18]. CRISP-DM's iterative, domain-agnostic structure and prominent Business Understanding phase make it the right fit for a deployment where operational engineers need to be active collaborators, not passive recipients of a finished model.
The seven stages below map directly onto CRISP-DM's phases, with one deliberate extension: Stage 7 adds drift monitoring, going beyond the standard framework to address the temporal non-stationarity problem identified in Section 2.7 [29]. This is not a cosmetic addition, most deployed PdM systems do not monitor for drift at all, a gap flagged independently by both Carvalho et al. [14] and Javed et al. [22], and Stage 7 is this report's principal structural response to it.
Each stage exists because the literature identified a specific problem that needed addressing, not because it follows a standard checklist. Data auditing tackles the labelling and lead-time issues Jardine et al. [5] identify as foundational. Preprocessing addresses the sensor quality problems Lee et al. [4] show matter as much as algorithm choice for real-world performance. Feature engineering draws on Caesarendra and Tjahjowidodo [10] and Lei et al. [31] to build inputs tailored to this company's three sensor modalities. Imbalance correction applies the SMOTE-default strategy established in Section 2.7 [6][28]. Model training uses strictly chronological cross-validation, directly preventing the temporal data leakage Javed et al. [22] identify as one of the most widespread flaws in published PdM research. Evaluation prioritises AUC-PR over AUC-ROC for the reasons He and Garcia [28] establish for severely imbalanced problems. And Stage 7 closes the drift monitoring gap that Carvalho et al. [14] and Javed et al. [22] both flag as absent from most real deployments [29].
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Figure 2: The proposed seven-stage pipeline. Stage 7 (drift monitoring) closes a gap independently flagged by Carvalho et al. [14] and Javed et al. [22], following Gama et al.'s [29] approach.

The pipeline is designed to be read left to right, but not as a one-way process; the feedback loop from evaluation back into feature engineering and model selection matters as much as the forward sequence. Most of the methodological problems surfaced in Section 2,  benchmark overestimation, concept drift, and SMOTE's dataset-dependence, are not solved once at the start and forgotten; they require this loop to be revisited as new failure data accumulates after deployment. A pipeline without that loop would simply reproduce, on a rolling basis, the same benchmark-versus-reality gap discussed in Section 2.2.
[bookmark: _Toc233286947]3.1 Data Auditing and EDA
The first step is taking stock: sensor sampling rates, how much history exists, how failures have been labelled, and the failure lead time, the gap between something first going wrong and the failure being recorded [5], which determines how wide a feature window the model needs. For this company’s three sensor streams, establishing lead times separately for thermal, vibration, and pressure signatures is particularly important: bearing fatigue typically produces detectable vibration anomalies well before a temperature rise confirms the fault, meaning a single global window size would either miss early vibration signals or introduce unnecessary noise from pressure readings not yet relevant to the failure mode in question [5][10]. Distinguishing failure modes at this stage, as Javed et al. [22] stress, is essential: a thermal failure looks very different from bearing fatigue, and a classifier lumping everything together may miss a high-consequence type entirely [14][22]. Exploratory analysis should cover sensor distributions, feature correlations, and the failure-to-normal ratio, steps Lee et al. [4] treat as essential groundwork before any modelling begins.


[bookmark: _Toc233286948]3.2 Preprocessing
Industrial sensor data is messy: values go missing, outliers crop up from environmental noise, calibration drifts, and multi-rate sensors fall uncoordinated [4]. For this company, the three sensor streams operate at different physical sampling rates. Vibration data typically requires higher-frequency capture than temperature or pressure to resolve impulsive fault signatures, meaning alignment to a common time base is a prerequisite before any windowing can begin [4][10]. Short gaps are filled with linear interpolation; outliers are caught using a rolling median absolute deviation test, which is more robust than standard deviation on non-Gaussian data, and are capped rather than discarded [7]. Crucially, every transformation is fitted only on training data and applied identically to test data via a Scikit-learn pipeline, preventing any information leakage of the kind Javed et al. [22] identify as a recurring methodological flaw in the published PdM literature [7].
[bookmark: _Toc233286949]3.3 Temporal Feature Engineering
Within each time window, sized to match the failure lead time from Stage 1 [5], four feature families are extracted. The four families capture fundamentally different aspects of mechanical degradation; no single family on its own would detect the range of failure modes a real factory produces. Table 3 summarises each family, the specific features it contributes, what it is designed to detect, and the key literature supporting its inclusion.















Table 3: The four feature families extracted within each sensor time window
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Each sensor type drives a different feature family, not by convention, but because of how each one physically behaves during degradation. Vibration streams feed the time-domain and frequency-domain features: bearing spalling produces sharp impacts that spike the crest factor above the background noise level [10], and rotating component faults show up as energy peaks at predictable FFT frequencies tied to shaft geometry [31]. Temperature changes slowly and progressively, a bearing running hot as lubrication degrades will show a rising slope and a non-stationary signal well before catastrophic failure, making temperature the primary source for trend features [5]. Pressure is most useful in combination: a simultaneously rising vibration-to-pressure ratio encodes a coupled stress signature that neither sensor would reveal on its own [4]. Table 3's feature families are therefore not a generic checklist but a direct translation of this company's three sensor types into the representations most sensitive to the failure modes they are likely to face.
[bookmark: _Toc233286950]3.4 Class Imbalance Correction
With failures typically 0.5–2% of the data [6][14], the severe class imbalance is not merely a statistical inconvenience; it directly reflects the operational reality of this company’s machinery, where most sensor windows will record normal operation and confirmed failures will be rare, particularly at early deployment when the labelled failure archive is still accumulating. The workflow, therefore, starts with standard SMOTE as the conservative default established in Section 2.7, and tests cost-sensitive weighting and the Borderline-SMOTE/ADASYN variants empirically, choosing whichever performs best on AUC-PR [28]. The choice of SMOTE as the starting point, rather than the more aggressive ADASYN variant, is justified by the absence of prior knowledge about where failures cluster in this company’s feature space at deployment outset, a position grounded in He and Garcia’s [28] finding that ADASYN’s boundary-focused oversampling only outperforms standard SMOTE when failure examples are known in advance to concentrate near the decision boundary. Figure 3 shows the original imbalance and the effect of SMOTE correction.
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Figure 3: How the class balance shifts before and after SMOTE [6]. Raw data shows roughly 1.8% failures, in line with [6][14]; SMOTE rebalances training data to 75:25, applied only within each training fold to avoid leaking information [7].

The scale of the imbalance shown in Figure 3 is the reason accuracy alone is such a poor metric for this problem: a model that predicted “normal” for every observation would still score above 98% accuracy on the raw distribution. SMOTE’s rebalancing changes only what the model sees during training, which is why the cost-weighted evaluation in Section 3.6 must still be calibrated against the true, imbalanced operational distribution rather than the synthetically balanced training distribution [6][28].
[bookmark: _Toc233286951]3.5 Training, Cross-Validation, and Hyperparameters
The dataset is split chronologically (70/15/15) rather than randomly to avoid the data leakage highlighted by Javed et al. [22] and others [5]. However, this assumes a sufficient number of labelled failures. If fewer than 50 failure cases are available, which is realistic during early deployment, the split should be adjusted (e.g., 80/10/10) or cross-validation expanded to ensure reliable evaluation. The final decision should be made during the Stage 1 data audit once the true failure count is known [5][7].
TimeSeriesSplit uses five expanding folds, balancing stable performance estimates against the need to preserve enough training data for meaningful temporal patterns to emerge [7]. This also reflects real deployment, where models are retrained on all available historical data rather than a fixed time window.
Hyperparameters are tuned using Bayesian optimisation with a Tree-structured Parzen Estimator (TPE), optimising for AUC-PR [28]. Unlike grid search, which evaluates every parameter combination and becomes costly as complexity grows, TPE focuses on the most promising regions of the search space. This allows strong configurations to be found in far fewer trials, making it a practical choice for deployment on the company's CPU-only infrastructure [7].


[bookmark: _Toc233286952]3.6 Evaluation and Cost-Sensitive Thresholding
Plain accuracy is misleading once data is this imbalanced [19][28]. Every metric here derives from the confusion matrix, and the asymmetry matters in manufacturing: a missed failure costs far more than a false alarm [19]. No single metric captures this asymmetry well on its own, so Table 4 sets out the recommended metrics together, alongside what each is good for and where it can mislead.
Table 4: Recommended evaluation metrics, with strengths and limitations
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No single metric from this table should be treated as decisive in isolation; each captures a different aspect of model performance under severe class imbalance [19][28].
AUC-ROC works well when classes are balanced, but with failures under 2% of the data, the true-negative rate dominates and can mask weak minority-class performance, so AUC-PR, focused purely on the positive class, is the main target here [28]. Figure 4 nonetheless presents ROC curves for all five algorithms, since AUC-ROC remains the most widely reported metric in the literature reviewed in Section 2 and allows direct comparison against those published results.
AUC-ROC works well when classes are balanced, but with failures under 2% of the data, the true-negative rate dominates and can mask weak minority-class performance, so AUC-PR, focused purely on the positive class, is the main target here [28]. Figure 4 nonetheless presents ROC curves for all five algorithms, since AUC-ROC remains the most widely reported metric in the literature reviewed in Section 2 and allows direct comparison against those published results.
[image: ]
Figure 4: ROC curves across all five algorithms. Random Forest (≈0.97) and Gradient Boosting (≈0.98) are barely distinguishable, while SVM (≈0.91) and logistic regression (≈0.81) fall noticeably behind [10][11][12][14][16][17][24][31].
Random Forest and Gradient Boosting trace almost identical curves, separated by a margin small enough to fall within typical cross-validation noise — a visual confirmation of the argument made in Section 2.4 that the accuracy gap between the two algorithms is unlikely to be practically meaningful once real-world conditions are accounted for. SVM and logistic regression fall away more sharply, consistent with the structural limitations discussed in Section 2.5: SVM's small-sample advantage does not scale to this company's data volumes, and logistic regression's linear boundary cannot capture the non-linear degradation curves Jardine et al. [5] document.
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Once training is done, SHAP TreeExplainer [26] produces an overall picture of which features matter most, more reliable than the standard impurity-based ranking [25], and individual explanations for each prediction, so engineers see which readings triggered an alert. Baptista et al. [27] found this transparency essential for engineer trust. The cross-sensor features from Section 3.3 do double duty, improving accuracy while keeping SHAP's explanations more reliable [26]. Whether SHAP genuinely improves decision quality, not just accuracy figures, is something the pilot in Section 4.4 is designed to test [27].
In practice, SHAP-guided selection works iteratively: after an initial training run, features with near-zero mean absolute SHAP values across the training set are candidates for removal; the model is then retrained on the reduced feature set and the process is repeated. The stopping criterion is an AUC-PR improvement of less than 0.005 between successive iterations; below that threshold, further feature removal adds complexity without meaningful gain. Typically, two to three iterations are sufficient before the curve flattens [7][25]. This approach is preferred to standard Mean Decrease in Impurity (MDI) feature selection because, as Strobl et al. [25] demonstrate, MDI tends to overestimate the importance of correlated features. In this case, that could unfairly favour the cross-sensor features introduced in Section 3.3, making them appear more valuable than they actually are, rather than assessing their true contribution to predictive performance.
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4. Discussion and Recommendation
Section 2 looked at each algorithm largely on its own terms. This section is where those threads come together. The aim is not to arrive at a conclusion that looks neat in hindsight, but to be explicit enough about the reasoning that the client can come back to it as their data grows and their operational picture changes, a recommendation made once, but a framework for thinking that should hold up over time.

[bookmark: _Toc233286955]4.1 Primary Recommendation: Random Forest with SHAP
The three criteria established in the Introduction, predictive accuracy, interpretability, and computational cost — are the lens through which everything in this section should be read. No algorithm is assessed against one criterion in isolation; the recommendation that follows is the one that holds up across all three simultaneously, not the one that tops any single dimension. Pulling together evidence from Breiman [9], Carvalho et al. [14], Lei et al. [31], and Baptista et al. [27], Random Forest with SHAP augmentation is the recommendation. Section 2 weighed each algorithm largely on its own terms; Table 5 now puts all five side by side across six practical dimensions at once, so the trade-offs already discussed individually can be seen together.

Table 5: Comparative assessment of five algorithms across six dimensions
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Performance figures drawn from the reviewed literature [8][9][10][11][12][13][14][15][16][17][24][26][27][28][31]. The Verdict column applies specifically to the client's resource-constrained SME manufacturing deployment context.
What the table demonstrates is that the case for Random Forest is cumulative rather than dominant, it doesn't win outright on any single column, but it's the only algorithm that avoids scoring poorly on any of them. Gradient Boosting's strength on accuracy is offset by weaknesses on cost and hyperparameter sensitivity; SVM's small-sample strength is offset by poor scalability and interpretability. Figure 5 below translates the accuracy-related rows of this comparison into a direct visual benchmark.
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Figure 5: Benchmark scores across Precision, Recall, F1, and AUC-ROC. Gradient Boosting edges ahead slightly on AUC-ROC, but the case for Random Forest rests on the fuller picture in Table 2 [9][27].
Gradient Boosting edges ahead marginally on raw accuracy metrics, which is exactly the kind of single-dimension result that, taken alone, would suggest the wrong recommendation. Table 2's broader six-dimension comparison is what prevents that error. Random Forest's slightly lower accuracy is more than offset by its advantages in cost, interpretability, and hyperparameter robustness, which is why the recommendation here rests on the fuller picture in Table 2 rather than on Figure 5's accuracy figures alone. Five things point the same way: accuracy sits in the 0.91–0.97 F1/AUC range across benchmarks [10][11][14][31], the 0.01 gap to Gradient Boosting is unlikely to mean much, and Carvalho et al. [14] show it narrows further under real-world noise. SHAP makes the model's reasoning legible to engineers [27]. Training is fully parallelisable on ordinary CPUs, no GPU required [9]. The model holds up well against irrelevant or missing features [9]. And it's forgiving of hyperparameter choices, cutting the expertise needed to keep it running [7].
[bookmark: _Toc233286956]4.2 Critical Limitations
The three criteria set out in the Introduction, predictive accuracy, interpretability, and computational cost, frame the evaluation here. Rather than judging models on a single strength, the final recommendation is based on how they perform across all three together. Drawing on Breiman [9], Carvalho et al. [14], Lei et al. [31], and Baptista et al. [27], the most balanced choice is Random Forest with SHAP augmentation. Section 2 compared models individually, while Table 5 brings them together side by side across six practical dimensions to make the trade-offs easier to see.
However, this approach has three key limitations [14][19]. First, Random Forest is static and does not adapt over time. As Gama et al. [29] show, performance can degrade significantly within about six months when data drift occurs, something the monitoring framework in Section 4.4 is specifically designed to detect. For this project, that risk is realistic: Section 2.7 already identified likely drift sources, including seasonal temperature changes affecting sensor baselines and gradual equipment ageing, altering failure patterns. These are examples of slow, hard-to-detect drift, where performance erodes quietly over time rather than failing suddenly. Without continuous monitoring, the model could become unreliable without anyone noticing.
Second, its probability outputs are not truly calibrated; the “confidence” from voting trees is not a real probability [7]. This means post-processing steps like isotonic regression or Platt scaling are needed, especially because Section 3.6 relies on these probabilities to set a cost-sensitive threshold [14]. Third, feature engineering in Section 3.3 depends heavily on expert-defined feature groups [3]. While tools such as tsfresh [30] could reduce this manual effort in future iterations, it would also be useful to compare automated feature generation against the current handcrafted approach as part of further work.

	A Hypothesis Worth Testing
SHAP-guided feature selection, proper probability calibration, and drift-aware retraining together are expected to outperform a plain Random Forest baseline over the long run, not through algorithmic novelty, but through good practice that's routinely skipped in real deployments [7][14][25][26][29]. This is directly testable through the Section 4.4 pilot and is arguably the most useful original contribution this report makes.



[bookmark: _Toc233286957]4.3 Alternatives and Decision Boundaries
Gradient Boosting becomes the better choice if the AUC-PR gap exceeds 3 percentage points on real held-out data [12], though the strongest evidence for its edge, Nectoux et al. [24] on the PRONOSTIA dataset, comes from controlled benchmark conditions that may not transfer to this company’s variable-load, multi-failure-mode environment, as argued in Section 2.4. Validation against the company’s own operational data is therefore essential before accepting any benchmark-derived performance advantage at face value [14][23]. LightGBM’s histogram-based training [13] could narrow the computational gap as data volumes grow, making it worth benchmarking empirically against Random Forest once the labelled failure archive exceeds approximately 500,000 windows. SVMs are appropriate only at the earliest stage, with fewer than approximately 5,000 labelled examples [15][16]: Carvalho et al. [14] show that ensemble methods begin to demonstrate a consistent advantage as dataset size grows, making the transition to Random Forest the natural progression past roughly 10,000 samples. Further out, a hybrid approach combining physics-based degradation models with data-driven corrections is promising as the failure repository matures [21], particularly if the company advances towards Remaining Useful Life estimation, a task that Section 2.1 identifies as requiring substantially more run-to-failure data than binary classification [22]. The circumstances under which the recommendation should be revised are set out explicitly in Table 6, with evidence-based trigger conditions for each scenario.
Table 6: Evidence-based algorithm decision framework for five deployment scenarios 
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Each trigger condition is derived from specific literature findings about where an algorithm's performance advantage applies and where it does not [9][10][12][13][14][15][16][21][24][31].
Table 7 makes the decision framework explicit and falsifiable: the client can observe their actual AUC-PR gap, data volume, and labelled-example count, and use these to determine which row applies at any given time. This is the kind of structured professional judgement that characterises deployment-ready recommendations, not a single recommendation made once, but a framework for reasoning under evolving conditions [14].
[bookmark: _Toc233286958]4.4 Deployment, Monitoring, and Business Case
Once calibrated, the model runs as a microservice, outputting a failure probability alongside the top three SHAP contributions per prediction [26], feeding a dashboard that ranks equipment by risk [4]. Table 7 sets out the complete deployment architecture component by component, making explicit how each piece connects in a live operational environment.
Table 7: Proposed deployment architecture - nine components from sensor ingestion through to automated retraining.
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The three monitoring components (rows 6–8) constitute the drift-aware architecture identified as this report's principal novel operational contribution, directly addressing the gap Carvalho et al. [14] and Javed et al. [22] both flag as absent from most deployed PdM systems [2][4][7][9][19][26][27][29].
As Table 7 shows, the three monitoring components, the Kolmogorov-Smirnov statistic, the Page-Hinkley statistic, and the rolling F1 score, operate in parallel on different dimensions of potential drift: input features, model confidence, and confirmed classification performance, respectively. Requiring three consecutive days of breach before triggering retraining reduces the risk of false retraining events from transient anomalies, balancing sensitivity against operational stability.
Three practical risks are worth planning for: too few early failure examples (fallback: Isolation Forest anomaly detection while labels accumulate [7]); inaccurate historical labels (mitigation: cross-checking against engineer judgement during the pilot [4]); and slow inference (mitigation: pre-computing SHAP explanations offline [26]). A three-month pilot, logging predictions without acting on them, builds up real failure labels and calibrates cost parameters against actual records [4][7][27]. Recommended starting values for all operational threshold parameters, with rationale and calibration method for each, are set out in Appendix C.
The financial case for this investment is summarised in Table 8. The downtime reduction range is drawn from McKinsey's large-scale manufacturing analytics study [20], which documents a 30–50% reduction in unplanned machine downtime across manufacturing deployments. The midpoint of this range (40%) is used here as a conservative planning figure. All values remain illustrative; the pilot phase described above is what generates the site-specific cost parameters needed for a definitive analysis.
Table 8: Illustrative ROI summary for the proposed PdM implementation
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All figures are illustrative; the client should conduct a site-specific analysis using cost parameters calibrated during the pilot phase [1][9][14][20].
The 6–12 month payback period, while illustrative, sits within the range McKinsey [20] documents across real manufacturing deployments and is consistent with Carvalho et al.'s [14] observation that standard server-based implementations carry significantly lower upfront costs than GPU-dependent alternatives. The minimal ongoing retraining cost, a consequence of the fully parallelisable CPU-based training architecture recommended in Section 4.1, means the annual return compounds positively from year two onward without proportional cost increases.
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Choosing the right algorithm for predictive maintenance is rarely as straightforward as picking the one with the best accuracy score on a benchmark dataset. This report has tried to be honest about that. The case for a SHAP-augmented Random Forest is not that it wins on any single metric; it does not, but that it is the only option reviewed here that holds up across all three things that actually matter for this company: catching failures reliably, explaining to engineers which sensor triggered an alert, and running on the computing infrastructure the company already has [9][15]. Gradient Boosting looks better on paper, but that advantage largely disappears once you account for the benchmark conditions it was tested under [14][23][24]. SVMs work well when data is scarce, but struggle as volumes grow. Logistic regression is interpretable, but it simply cannot learn the non-linear ways that mechanical components degrade [5]. Random Forest, by contrast, does not excel at any of these but fails at none of them, which, in a real deployment with real constraints, is a more useful property than topping one dimension while falling short on the others.
The workflow proposed in Section 3 tries to apply the same honest thinking. Each of the seven stages exists because the literature identified a genuine problem, benchmark overestimation [23], temporal data leakage [22], SMOTE's dataset-dependence [6][28], SHAP's correlation assumption [26], not because it follows a standard checklist. The drift monitoring stage in particular addresses something both Carvalho et al. [14] and Gama et al. [29] flag independently: most deployed predictive maintenance systems do not check whether the model is still working as the machinery ages, and eventually they quietly stop working well without anyone noticing.
What the report keeps coming back to is that the algorithm is rarely where the real difficulty lies. A Random Forest trained on clean, carefully labelled sensor data will outperform a more sophisticated model trained on messy data from the same machines [3][4]. The preprocessing pipeline, the feature engineering decisions, and the way the training and test sets are split, these matter at least as much as which model sits at the end of the pipeline. For this company, especially at an early stage when the confirmed failure archive is still thin, getting those foundations right is the priority. The financial returns are there, Theissler et al. [32] document consistent cost and downtime reductions across real industrial deployments, but realising them depends on the pilot phase in Section 4.4, producing an honest baseline, not an optimistic one. From there, the natural next steps are testing automated feature engineering via tsfresh [30], comparing SHAP-guided feature selection against the standard impurity-based approach [25][26], and, once enough run-to-failure data has accumulated, exploring whether hybrid physics-informed models could push the system towards Remaining Useful Life estimation [21].
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[bookmark: _Toc233286962]Appendix A: Summary of Key Literature Reviewed
This table provides a structured overview of the 34 sources reviewed for this report, organised by reference number and thematic focus, to support transparency and reproducibility of the literature synthesis in Section 2. References [2], [21], and [32] have been updated from the draft version to reflect verified published sources. References [33] and [34] are new additions supporting the SHAP vs LIME comparison in Section 2.6 and the concept drift consequences argument in Section 2.7 respectively.
	Ref
	Author(s)
	Year
	Topic / Focus
	Relevance to This Report

	[1]
	Mobley
	2002
	Maintenance cost economics
	Foundational cost differential (3–10×) justifying PdM investment

	[2]
	Sisinni et al.
	2018
	Industrial IoT — challenges and directions
	Context for IIoT infrastructure growth driving sensor-based PdM adoption

	[3]
	Wuest et al.
	2016
	ML in manufacturing
	Feature engineering identified as primary determinant of model success

	[4]
	Lee et al.
	2014
	PHM design for rotary machinery
	Preprocessing and EDA as prerequisites; deployment architecture

	[5]
	Jardine et al.
	2006
	CBM review
	Failure lead time; exponential degradation curves; feature window sizing

	[6]
	Chawla et al.
	2002
	SMOTE oversampling
	Class imbalance correction; k=5 default justified

	[7]
	Géron
	2023
	ML practitioner textbook
	Probability calibration; pipeline design; threshold optimisation

	[8]
	Raschka & Mirjalili
	2019
	ML practitioner textbook
	Baseline algorithm properties; Naive Bayes independence assumption

	[9]
	Breiman
	2001
	Random Forest — foundational paper
	Theoretical basis for ensemble variance reduction; bagging + feature selection

	[10]
	Caesarendra & Tjahjowidodo
	2017
	Vibration feature extraction
	Industrial case study; 95%+ bearing-fault accuracy; missing-feature robustness

	[11]
	Zhang et al.
	2015
	Bearing fault diagnosis
	Additional RF performance evidence for rotating machinery

	[12]
	Chen & Guestrin
	2016
	XGBoost
	Gradient Boosting algorithm; sequential ensemble; accuracy benchmark

	[13]
	Ke et al.
	2017
	LightGBM
	Faster Gradient Boosting training; histogram-based binning

	[14]
	Carvalho et al.
	2019
	Systematic review — 71 PdM studies
	Primary comparative evidence base; benchmark overestimation critique

	[15]
	Cortes & Vapnik
	1995
	SVM — foundational paper
	SVM theoretical basis; training complexity O(n²–n³)

	[16]
	Widodo & Yang
	2007
	SVM in condition monitoring
	SVM competitive in 2007 data-scarce conditions; temporal limitation noted

	[17]
	Susto et al.
	2015
	Logistic regression PdM — semiconductor
	Industrial case study; domain-specificity of linear classifier success

	[18]
	Wirth & Hipp
	2000
	CRISP-DM
	Workflow framework; iterative phase structure; Business Understanding

	[19]
	Powers
	2011
	Evaluation metrics
	Precision, Recall, F1, MCC definitions and limitations

	[20]
	McKinsey
	2017
	Manufacturing analytics and PdM economics
	Industry-level PdM downtime reduction estimate (30–50%)

	[21]
	Xu et al.
	2023
	Physics-informed ML — reliability and safety
	Hybrid physics-ML as future direction for RUL estimation; state of the art

	[22]
	Javed et al.
	2017
	Prognostics taxonomy
	Binary classification vs RUL distinction; data leakage critique

	[23]
	Zhang et al.
	2020
	Bearing fault diagnostics review
	Benchmark overestimation; real-world performance gap

	[24]
	Nectoux et al.
	2012
	PRONOSTIA benchmark dataset
	Gradient Boosting superiority under controlled conditions; context limitation

	[25]
	Strobl et al.
	2008
	Random Forest feature importance bias
	MDI overrates correlated features; SHAP preferred; basis for iterative selection stopping criterion

	[26]
	Lundberg & Lee
	2017
	SHAP — foundational paper
	Feature attribution via Shapley values; independence assumption limitation

	[27]
	Baptista et al.
	2022
	SHAP in PdM field trial
	Engineer trust; interpretability and accuracy as complementary

	[28]
	He & Garcia
	2009
	Learning from imbalanced data
	Borderline-SMOTE; ADASYN; AUC-PR preferred over AUC-ROC

	[29]
	Gama et al.
	2014
	Concept drift adaptation
	Four drift types; Page-Hinkley test; drift monitoring architecture

	[30]
	Christ et al.
	2018
	tsfresh automated feature extraction
	Future work: automated feature engineering alternative

	[31]
	Lei et al.
	2020
	ML for machine fault diagnosis — 94 studies
	Independent confirmation of RF strength; rotating machinery context

	[32]
	Theissler et al.
	2021
	ML-enabled PdM — automotive industry
	Documents consistent cost and downtime reductions across real ML-enabled PdM deployments

	[33]
	Ribeiro et al.
	2016
	LIME — local interpretable model-agnostic explanations
	Basis for SHAP vs LIME comparison in Section 2.6; LIME instability from random sampling acknowledged

	[34]
	Bayram et al.
	2022
	Concept drift to model degradation — performance-aware detectors
	Empirical evidence that distributional changes degrade model accuracy over time undetected; supports Section 2.7 drift consequences argument
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The table below provides a condensed reference summary of the seven-stage pipeline proposed in Section 3, designed for use by practitioners implementing the workflow. Each stage maps directly onto a CRISP-DM phase, with Stage 7 extending the standard framework to address concept drift — a gap identified in Section 2.7 [29]. The methodological choices column has been updated to reflect refinements made throughout this report, including the per-sensor lead time distinction in Stage 1, the AUC-PR stabilisation stopping criterion in Stage 3, the early-deployment split adjustment in Stage 5, and the addition of Bayram et al. [34] to Stage 7.
	Stage
	Name
	Key Action
	Methodological Choice
	Literature Basis

	1
	Data Auditing & EDA
	Document sensor rates, failure lead time, labelling conventions, failure-to-normal ratio
	Distinguish failure modes; EDA covers distributions, correlations, class ratio; establish lead times per sensor stream (vibration, temperature, pressure) separately
	Jardine et al. [5]; Javed et al. [22]; Lee et al. [4]

	2
	Preprocessing
	Fill gaps, cap outliers, align multi-rate sensors
	Linear interpolation (<5% gaps); rolling MAD outlier detection; align to common time base; Scikit-learn Pipeline fitted on training data only to prevent leakage
	Géron [7]; Lee et al. [4]; Javed et al. [22]

	3
	Feature Engineering
	Extract time-domain, trend, frequency-domain, and cross-sensor features per window
	Window sized to failure lead time; four feature families mapped to sensor type; SHAP-guided iterative selection over MDI; stopping criterion: AUC-PR improvement < 0.005 between iterations
	Caesarendra [10]; Jardine [5]; Lei [31]; Strobl [25]; Lundberg & Lee [26]

	4
	Imbalance Correction
	Apply SMOTE within each training fold only
	Standard SMOTE (k=5) as conservative default; test Borderline-SMOTE/ADASYN empirically; choose based on AUC-PR; never apply before train/test split
	Chawla [6]; He & Garcia [28]

	5
	Training & Hyperparameters
	Split 70/15/15 chronologically; tune via Bayesian optimisation
	TimeSeriesSplit with 5 expanding folds; TPE optimiser targeting AUC-PR; adjust split to 80/10/10 if fewer than 50 confirmed failure windows at outset
	Géron [7]; Javed et al. [22]

	6
	Evaluation & Thresholding
	Evaluate on 7-metric suite; apply probability calibration; optimise threshold against cost-weighted loss
	AUC-PR as primary target; isotonic regression calibration post-training; threshold set to minimise L = C_FN·FN + C_FP·FP; default 0.5 threshold not used
	Powers [19]; He & Garcia [28]; Géron [7]

	7
	Deploy & Monitor
	Deploy as microservice; monitor for concept drift in parallel across three dimensions; trigger retraining
	KS statistic (input features) + Page-Hinkley (model confidence) + rolling F1 (confirmed failures); 3 consecutive days of breach triggers automated retrain
	Gama [29]; Lee [4]; Bayram et al. [34]





Appendix C: Recommended Evaluation Threshold Settings
The table below specifies the recommended operational threshold settings for the deployed model. All values represent recommended starting points; they must be calibrated against real maintenance records during the three-month pilot phase described in Section 4.4. No threshold should be treated as fixed; each one is a hypothesis about the company's cost structure and data behaviour, to be tested and refined during the pilot.

	Parameter
	Recommended Starting Value
	Rationale
	Calibration Method

	Decision threshold (failure alert)
	Optimised against cost-weighted loss; do not use default 0.5
	Default 0.5 ignores the asymmetric cost of missed failures vs false alarms [7]
	During pilot: record all predictions; at end of pilot, calculate C_FN and C_FP from actual maintenance costs and set threshold to minimise L = C_FN·FN + C_FP·FP

	Cost ratio C_FN / C_FP
	Starting estimate: 5:1 to 10:1
	Unplanned failure typically 5–10× more costly than unnecessary planned maintenance [1][14]
	Refine using actual cost records from pilot phase; consult operations management

	SMOTE k (nearest neighbours)
	k = 5
	Original Chawla et al. [6] specification — the most stable, well-validated default
	Treat as a hyperparameter; test k = 3 and k = 7 within cross-validation loop

	KS statistic drift threshold
	0.10 (feature drift alert)
	Values above 0.10 indicate meaningful distributional shift from training reference [29]
	Monitor false-alarm rate during pilot; adjust if too many transient alerts

	Page-Hinkley drift threshold
	λ = 0.005, δ = 0.01
	Standard parameterisation for industrial streaming data [29]
	Calibrate against known operating regime changes during pilot

	Rolling F1 control limit
	Mean pilot F1 minus 2 standard deviations
	Standard statistical process control approach applied to model performance
	Calculate from pilot phase F1 scores on confirmed failure events

	Consecutive breach days before retrain
	3 days
	Reduces false retraining from transient anomalies while remaining responsive to genuine drift
	Adjust based on observed false-alarm rate from monitoring layer during pilot

	Pilot phase duration
	3 months minimum
	Sufficient to accumulate ground-truth labels, calibrate cost parameters, and establish drift baseline [4][7]
	Extend to 6 months if failure events are very rare in the first 3 months
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