International Journal of Advances in Applied Sciences (IJAAS)
Vol. 15, No. 3, September 2026, pp. 990~997
ISSN: 2252-8814, DOI: 10.11591/ijaas.v15.i3.pp990-997 a 990

Hybrid machine learning for predictive spare parts replacement

in medical equipment

Fabian Halley Pata Alban Dattu', Syed Tarmizi Syed Shazali?, Shirley Jonathan Tanjong?,

Abdul Rani Achmed Abdullah®, Nurlaila Rosli*

!Department of Mechanical Engineering, Faculty of Engineering and Technology, i-CATS University College, Kuching, Malaysia
2Department of Mechanical and Manufacturing Engineering, Faculty of Engineering, University Malaysia Sarawak,

Samarahan, Malaysia

3CWorks Technologies Sdn. Bhd, Bandar Kinrara, Malaysia

4Faculty of Computer Science Engineering, i-CATS University College, Kuching, Malaysia

Article Info

ABSTRACT

Article history:

Received Oct 6, 2025
Revised May 27, 2026
Accepted Jun 17, 2026

Keywords:

Machine learning
Medical devices
Predictive maintenance
Reliability

Spare parts forecasting

Stability of medical equipment is critical for uninterrupted healthcare
services, yet hospital computerized maintenance management systems
(CMMS) records are often incomplete, heterogeneous, and partially labeled
for spare parts usage. In the analyzed CMMS dataset, spare-part-related
work orders accounted for approximately 65.1% of maintenance cases,
indicating that spare-part readiness is a major contributor to maintenance
response time and potential equipment downtime. This study proposes a
semi-supervised hybrid random forest-neural network (RF-NN) model to
predict whether a work order will require spare-parts replacement and to
support proactive inventory planning. Retrospective CMMS work-order
records from six hospitals (N = 295) were pre-processed using leakage-safe
pipelines (categorical one-hot encoding, text feature extraction from fault
descriptions, and standardization of numeric fields). Semi-supervised
self-training was used to exploit unlabeled or weakly labeled records through
iterative pseudo-labelling. Models were evaluated using stratified 10-fold
cross-validation and reported as mean = SD. The hybrid RF-NN achieved
Accuracy = 0.986 + 0.018, precision = 0.980 + 0.026, recall = 1.000 + 0.000,
and Fl-score = 0.990 + 0.013, outperforming RF, NN, and Markov
baselines. These results demonstrate the practical advantage of combining
semi-supervised learning with hybrid modelling to reduce missed spare-parts
cases, minimize downtime risk, and strengthen CMMS-ready procurement
decision support.

This is an open access article under the CC BY-SA license.

[NoIe

Corresponding Author:

Fabian Halley Pata Alban Dattu

Department of Mechanical Engineering, Faculty of Engineering and Technology

i-CATS University College

Stampin Timur Street, Kuching-93350, Sarawak, Malaysia

Email: fabian.halley@icats.edu.my

1. INTRODUCTION

Medical equipment availability is a core requirement for safe and continuous healthcare delivery.
Unplanned downtime of high-value assets (ventilators, infusion pumps, and hemodialysis machines)
can interrupt clinical services, increase operational risk, and drive costly reactive procurement [1]. Because
spare parts lead times and budget constraints are common in hospital settings, forecasting spare parts
replacement needs from routine maintenance records is a practical pathway to improve readiness and reduce

downtime [2].

Journal homepage: http://ijaas.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Adv Appl Sci ISSN: 2252-8814 a 991

Recent advances in applied Al and health-IT systems have expanded the potential of computerized
maintenance management systems (CMMS) beyond record keeping [3]. When combined with connectivity
(internet of things (loT)-enabled device telemetry), hospital inventory platforms, and analytics pipelines,
CMMS data can support predictive maintenance and decision support at scale. However, real-world CMMS
work orders are typically heterogeneous: they mix structured fields (device category, work status, and trade)
with unstructured fault descriptions and may contain missing or inconsistently recorded spare-parts usage
labels [4], [5].

Most published predictive maintenance approaches assume fully labeled datasets or focus on failure
prediction without translating outputs into procurement actions [6], [7]. This study addresses these gaps by
developing a semi-supervised hybrid random forest-neural network (RF-NN) model that leverages both
labeled and unlabeled CMMS records through self-training, and by producing CMMS-ready outputs that can
be integrated with hospital spare-parts planning workflows [8], [9]. The hybrid design combines the
robustness of RFs on tabular features with the representational capacity of NNs to capture nonlinear
interactions in mixed-type CMMS data, while an explainable artificial intelligence (XAl) layer (feature
importance/shaped-style attribution) supports auditability for engineering and IT stakeholders [10], [11].

As a result of implementing the intelligent medical equipment maintenance system, real-time
updates, centralized management of equipment information, shortening of maintenance cycles,
improving equipment utilization rate, and running stability are made possible through the automation of the
process [12]. In fact, the system is designed to precisely manage maintenance cycles and spare parts
inventory, which effectively reduces the cost of medical equipment maintenance and prolongs the service life
of medical equipment, thus bringing great economic benefits for medical institutions and improving user
satisfaction and decision support for management [13].

Effective maintenance management involves both planned and unplanned maintenance activities.
The delay in executing maintenance by the administrative processes and the over-reliance on third parties
have, however, hampered the optimum implementation of maintenance, as it has been experienced in some of
the hospitals [14]. A semi-supervised approach for the spare parts management of medical devices can
greatly help by combining advanced statistical and machine learning techniques [15]. The suggested
approach facilitates improving inventory optimization, especially in those places where demand irregularity
is present and parts are important, critical. The model can make spare parts demand predictions based on
both labeled data and unlabeled data received from continuous monitoring systems, and improve inventory
control [16].

This paper, i) develops and evaluates RF, NN, Hybrid RF-NN, and Markov baselines for spare-parts
replacement prediction using retrospective CMMS data from six hospitals (N = 295); ii) incorporates
semi-supervised learning to mitigate partial labelling; and iii) discusses deployment considerations for
applied sciences and IT, including integration with CMMS systems, data governance, and model
transparency. Because spare parts outcomes may be imbalanced, imbalance-aware evaluation was also
considered to avoid over-reliance on accuracy alone [17].

2. LITERATURE REVIEW

The implementation of preventive maintenance (PM) programmers is what makes sustainable
equipment management. Consequently, equipment failures will be prevented through routine inspection and
service of such equipment to ensure the maximum life of such equipment and also to ensure the safety of
patients. This is especially important for routine maintenance tasks, which can be taught to local technicians
in resource-limited settings.

The construction and implementation of an intelligent medical equipment maintenance system with
the use of technological innovation in order to enhance efficiency and minimize costs. Through the
combination of the 10T, big data analysis, and Al, it actualizes the functions of real-time monitoring, fault
warning, and precision maintenance management. On the one hand, this approach can maximize resource
allocation to achieve the extension of equipment life and, at the same time, contribute to sustainable practices
in medical institutions to contribute to the high-quality development of the medical industry. A four-layered
system architecture incorporating data acquisition, data processing and analysis, application service, and user
interaction layers is modelled. The system was discovered to be put in place to efficiently save the operation
and maintenance costs through optimization of processes and allocation of resources. The system effectively
handles the maintenance cycles and inventory of the spare parts, and as such, wastes as little as it can and
extends the life of the medical equipment it maintains so as to help the medical institution accrue the
enormous economic payoff made possible by data analysis [18].

To emphasize the importance of a quality management system based on 1SO 9001:2015 principles
for sustainable medical equipment maintenance. The paper identifies the application peculiarities of the
principles of international 1ISO 9001:2015 to the medical equipment management system and its importance
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in improving quality management in healthcare institutions and medical science. The research highlights
the difficulties with the management of the growing number of units of medical equipment, which rose in
2013 and 2021 to 976 and 2,520, respectively [19]. Nevertheless, it does show some positive changes in the
performance indicators of medical equipment management, including the reduction of comments and the
increase of process improvement proposals. Moreover, the number of current repairs increased 2.68 times in
this period, which shows the efficiency of the quality management system founded on the principles of
ISO 9001:2015.

To quantify the significance of medical equipment and its usability following the acceptance of
approved practices of organizations in the context of maintenance of medical equipment, hence, the study
plays a role in effective management of medical equipment maintenance in hospitals. In the absence of
medical equipment, it influences the treatment and life of individuals, particularly in a developing nation
such as India, where the absence of healthcare services creates a hole in the income of hospitals and patient
care. Equipment that has failed very often can be identified with the database of medical equipment failures
over a three-year span (2019-2021) to inform maintenance strategies with an aim of improving the
dependability of hospital medical services. The cumulative decrease in failure rates and the growth in the
supply of medical equipment point to the fact that the introduction of scheduled maintenance improves the
workability and service provision of the healthcare units [20].

The additive manufacturing (AM) and its advantages for spare parts management include the
diversity in forms, materials, and mechanical properties. It identifies findings and limitations in existing
research on the matter. There are different types of spare parts management. The paper has narrowed down to
inventory optimization of high-value spare parts by the zero-inflated Poisson multi-echelon technique for
recoverable item control (ZIP-METRIC) model to reduce anomalies of the demand patterns. The expensive
spare parts have irregular demand trends as a result of these challenges. Therefore, it was concluded that
ZIP-METRIC is superior to the conventional Poisson-based method. This approach is particularly suitable for
high-priced spare parts with irregular demand [21].

The study focused on spare parts management in industry using a deep convolutional NN for
multi-criteria classification. In this paper, a global-detailed deep convolutional neural network (G-DCNN)
was generated to achieve multi-criteria classification of spare parts. Multi-criteria spare parts can be
categorized with G-DCNN [22]. Learning-to-rank with logistic regression models was introduced to optimize
spare parts consumption during repair. The learning-to-rank method achieved an 81% mean NDCG20 score
in spare parts ranking [23]. Related secure sockets layer (SSL) applications also demonstrate how unlabeled
data can support model learning and reduce annotation burden in data-scarce medical contexts [10]. In
contrast, Macedo et al. [24] proposed a machine learning approach for spare parts lifetime estimation using
maintenance records, where the most effective prediction models were developed using inverse document
frequency (IDF) data transformation and the RF algorithm.

Recent work in predictive maintenance increasingly emphasizes practical deployment requirements
such as explainability, calibration of probabilistic outputs, and integration with digital maintenance
platforms. In healthcare engineering, these needs are amplified by safety considerations, audit requirements,
and data-governance constraints. Accordingly, studies have highlighted XAl methods to support transparent
maintenance decisions [25], while loT-enabled maintenance management has been proposed to strengthen
connected hospital maintenance workflows [26], [27]. XAl is also increasingly emphasized in safety-critical
predictive maintenance to improve trust, traceability, and operational risk mitigation [28].

3. METHODOLOGY

This study uses retrospective CMMS work-order records collected from six private hospitals in
Malaysia. The dataset contains N = 295 work orders spanning eight critical medical device categories.
Each record includes structured fields (device category, work status, and work trade) and free-text problem
descriptions. The outcome label indicates whether a work order required spare parts replacement
(positive class = 19) or not (negative class = 20).

All preprocessing was implemented inside the validation loop to prevent data leakage. Categorical
variables were encoded using one-hot encoding. Free-text fault descriptions were normalized and transformed
into sparse numeric features using term frequency-IDF (TF-IDF). Numerical predictors were standardized
(z-score scaling) to stabilize gradient-based learning for the NN.

To address partially labeled or inconsistently recorded spare parts usage, a semi-supervised
self-training procedure was applied. A base classifier was trained on the labeled subset and then used to
generate predicted probabilities for the unlabeled subset. Records exceeding a confidence threshold © were
pseudo-labeled and added to the training set; the process was repeated until no additional records met the
threshold or a maximum number of iterations was reached (t = 0.90; max iterations = 10). The confidence
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threshold © = 0.90 was selected to priorities pseudo-label precision and reduce the risk of confirmation bias
during self-training. A lower threshold may increase the number of pseudo-labeled records but can introduce
noisy labels, whereas a higher threshold may be too conservative and limit the benefit of semi-supervised
learning. Therefore, sensitivity testing was conducted using t values of 0.80, 0.85, 0.90, and 0.95. The value
T = 0.90 provided the most appropriate balance between pseudo-label coverage and classification stability.
The maximum iteration limit of 10 was used as a convergence safeguard; however, training stopped earlier if
no additional records exceeded the confidence threshold.

Four models were evaluated: i) RF as a robust baseline for heterogeneous tabular data;
ii) a feed-forward NN to model nonlinear interactions among mixed-type CMMS features; iii) a hybrid
RF-NN model using late-fusion stacking, where the RF class probability is combined with the NN output to
produce the final prediction; and iv) a Markov baseline model to represent state-transition behavior in
maintenance outcomes. The hybrid RF-NN model was implemented using a late-fusion stacking strategy.
First, the RF model generated a class probability based on structured and text-derived CMMS features.
Second, the NN learned nonlinear relationships from the same preprocessed feature space. The RF
probability and NN output were then combined to generate the final spare parts replacement prediction. This
hybrid design was used because RF is robust for heterogeneous tabular data, while NN can capture nonlinear
interactions that may not be fully represented by tree-based models.

The Markov baseline was constructed to represent state-transition behavior in maintenance
outcomes. Each work order was mapped into a binary maintenance state: spare part not required and spare
part required. Chronologically ordered records were then used to estimate transition probabilities between
states. The resulting transition matrix was used to estimate the probability that a future work order would
move into the spare-part-required state. Because the Markov approach assumes that the next state depends
only on the current state, it was used as a probabilistic baseline rather than the main predictive model [29].

Hyperparameters were tuned within the training folds using a constrained search to balance
performance and generalizability (RF: number of trees, depth, and feature sampling; NN: hidden units,
dropout, and learning rate), with early stopping used to prevent overfitting. Model transparency was
supported using feature importance for RF and post-hoc explanation (shaped-style attribution) for the
hybrid/NN to provide fold-consistent drivers of predicted spare-parts demand.

Performance was assessed using stratified 10-fold cross-validation, reporting mean * standard
deviation for accuracy, precision, recall, and Fl-score. To strengthen statistical reporting, 95% confidence
intervals for mean performance were computed from the cross-validation variability (t-interval over folds).
Practical deployment considerations were evaluated qualitatively, focusing on integration with
CMMS/inventory workflows, data privacy, and traceability of model outputs for audit and governance.

4. RESULTS AND DISCUSSION

Table 1 reports cross-validated performance (mean + SD) for the four approaches. The hybrid
RF-NN achieved the strongest results across all metrics, with accuracy = 0.986 + 0.018, precision = 0.980 +
0.026, recall = 1.000 + 0.000, and F1-score = 0.990 + 0.013. The low variability indicates stable performance
across folds and suggests that the hybrid fusion consistently captures patterns associated with spare-parts
replacement in heterogeneous CMMS work orders.

Table 1. Cross-validated performance comparison of models for spare-parts replacement prediction

(mean = SD)
Model Accuracy Precision Recall F1-score
Hybrid RF-NN 0986 £ 0.018 0.980+£0.026 1.000 +0.000 0.990 + 0.013
RF 0.917+0.016 0.871+0.028 0.964+0.015 0.915+0.017
NN 0.932+0.016 0.933+0.016 0.932+0.016 0.932+0.016
Markov 0.930+0.015 0.930+0.023 0.933+0.024 0.932 + 0.015

A sensitivity analysis was conducted to examine the effect of the pseudo-labelling confidence
threshold on model performance. Lower threshold values increased the number of pseudo-labeled samples
but increased the risk of noisy labels. Conversely, very high thresholds reduced pseudo-label coverage.
The t = 0.90 setting produced the most stable performance and was therefore retained for the final hybrid
RF-NN model.

Compared with the baselines, the hybrid model improves both discrimination and operational
usefulness. Relative to RF (F1-score =0.915+0.017), the hybrid RF-NN yields markedly higher precision and
a larger F1-score, reducing false positives while maintaining perfect sensitivity to spare parts cases. This
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pattern is consistent with predictive maintenance literature showing that ensemble or multi-classifier
strategies often outperform single learners by exploiting complementary decision boundaries and reducing
error variance in heterogeneous maintenance data [15]. In particular, the improvements observed here align
with recent work on semi-supervised model stacking for predictive maintenance, where self-training and
stacked learners enhance robustness under partial labelling and limited datasets [3], [4]. From a healthcare
equipment perspective, data-driven Al approaches are increasingly reported as effective in capturing
complex, nonlinear relationships in maintenance records, supporting the plausibility of the strong hybrid
RF-NN performance in this CMMS context [2]. Furthermore, prior spare parts analytics for medical
equipment—such as deep learning—based demand prediction and critical-spares classification also supports
the use of learning-based models to enable more proactive procurement planning and reduce downtime risk
[81, [22], [24].

To strengthen statistical reporting, 95% confidence intervals for the mean cross-validated
performance were computed using a t-interval across folds, following standard guidance that cross-validation
variability can be used for performance estimation and model selection. For the hybrid RF-NN, the mean
F1-score confidence interval was 0.981-0.999, and the mean accuracy confidence interval was 0.973-0.999,
supporting the conclusion that performance remains consistently high under resampling variability.
In addition, because spare parts outcomes can be imbalanced, reporting metrics such as F1-score alongside
threshold-free summaries (precision-recall-based analysis) is recommended in the evaluation literature, since
precision-recall-style evaluation can be more informative than receiver operating characteristic (ROC)
analysis under imbalance [16]. Where appropriate, complementary metrics such as the Matthews correlation
coefficient (MCC) can also provide a more reliable single-number summary in binary classification [17].

From an applied sciences and information technology (IT) perspective, the proposed pipeline is
directly implementable as a CMMS decision-support module: predicted probabilities can be converted into
procurement cues (stock-now vs. monitor) and linked to device criticality to prioritize high-impact assets.
This direction is aligned with wider hospital maintenance digitalization trends and loT-enabled maintenance
management, where connected maintenance workflows are used to strengthen planning and reduce service
interruption [26], [27]. Deployment should also consider governance and compliance requirements relevant
to medical device and software processes (ISO 13485 and IEC 62304) and privacy-preserving handling of
operational data (GDPR) [30]-[32]. Finally, explainable outputs are important for auditability and clinician
or engineer trust when predictions drive inventory and maintenance actions; this is consistent with the
growing emphasis on XAl techniques in healthcare and safety-critical predictive maintenance [25], [28].

Overall, the key novelty is the integration of semi-supervised learning to mitigate partial labelling in
CMMS spare parts records. In addition, a hybrid RF-NN late-fusion/stacking design that combines
complementary learners for heterogeneous features. This approach is consistent with emerging semi-
supervised stacking strategies in predictive maintenance [3], [4].

5. CONCLUSION

This study developed a semi-supervised hybrid RF-NN framework to predict spare-parts
replacement requirements from heterogeneous hospital CMMS work-order records and to support proactive
inventory planning. Using stratified 10-fold cross-validation on CMMS data from six hospitals (N =295), the
hybrid RF-NN achieved the best overall performance (accuracy =0.986+0.018; F1-score =0.990+0.013) with
perfect recall, outperforming RF, NN, and Markov baselines. The results indicate that combining
complementary learners with self-training is effective for partially labeled maintenance datasets and can
reduce missed spare-parts cases that drive downtime risk. Future work should validate the approach on larger
multi-center datasets with prospective deployment, incorporate IoT-based condition signals where available,
and strengthen inferential reporting through external testing with bootstrap confidence intervals and formal
paired comparisons.
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