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Abstract. Predictive maintenance has emerged as a vital methodology in biomedical engineering to ensure the reliability 

of life-support equipment, particularly ventilators. This study presents a machine learning-based approach for 

predicting ventilator breakdown types using unstructured historical maintenance data. The dataset, consisting of 10,314 

unscheduled maintenance records, was obtained from the Asset and Services Information System (ASIS), managed by 

the Ministry of Health Malaysia (KKM). The primary objective is to classify technician-written, free-text fault 

descriptions into structured breakdown categories to enable proactive maintenance decision-making. Four machine 

learning models, Support Vector Machine (SVM), Artificial Neural Network (ANN), Decision Tree (DT), and Random 

Forest (RF) were developed and evaluated under two workflows: one using basic label encoding, and the other 

incorporating Term Frequency–Inverse Document Frequency (TF-IDF) for semantic feature extraction. The results 

demonstrate that TF-IDF significantly enhanced classification performance across all models. SVM achieved the 

highest accuracy of 94.70%, followed by DT (94.56%), RF (94.14%), and ANN (92.19%). In contrast, the same models 

trained without TF-IDF performed poorly, with accuracies falling below 36% for SVM and ANN. These findings 

emphasize the importance of textual feature engineering in predictive maintenance applications and validate the 

effectiveness of AI-based text classification for unstructured biomedical data. By operationalizing real-world 

maintenance notes from clinical engineering workflows, this study demonstrates the practical viability of machine 

learning in improving equipment uptime, optimizing service scheduling, and enhancing patient safety in healthcare 

settings.   
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INTRODUCTION  

Modern healthcare systems heavily depend on the proper functioning of biomedical equipment to deliver safe 

and efficient patient care. In high-stakes environments like Intensive Care Units (ICUs), ventilators serve as vital 

lifesupport systems for patients experiencing respiratory failure or undergoing surgical procedures.. Studies show 

that equipment-related issues contribute to as much as 81% of reported safety incidents, with ventilators representing 

a major concern when maintenance procedures are lacking (1). Conventional maintenance methods are often 

reactive, lacking the ability to foresee potential failures, which leads to decreased performance and prolonged 

downtime, particularly problematic for critical medical devices (2). Evidence has linked ventilator malfunctions to 

negative patient outcomes, underlining the urgent need for more dependable maintenance solutions (3). 

   

Ventilators play a vital role for patients undergoing surgical procedures or suffering from acute respiratory 

distress. Given their intricate design which includes components like compressors, sensors, valves, and control 

software, rigorous maintenance is essential to guarantee safe operation. Even minor technical issues can lead to life-

threatening consequences, making predictive maintenance strategies vital for risk prevention (4). Although 

ventilators are critical for saving lives, they inherently carry certain risks. This makes implementing robust risk 

management practices in their use and upkeep indispensable in intensive care environments. Ongoing monitoring 

and consistent care are required to maintain effective ventilation (5). Because of their complex mechanical, 

electrical, and software elements, regular maintenance is necessary to prevent serious complications such as 
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ventilator-induced lung injury (VILI) and hospital-acquired infections. As a result, adopting intelligent, data-driven 

maintenance systems is not just costefficient but also fundamental for ensuring patient safety.  

 

Healthcare maintenance practices generally encompass corrective, preventive, condition-based, and predictive 

maintenance (PdM). Predictive maintenance utilizes machine learning algorithms to forecast potential equipment 

failures before they happen. The healthcare industry is increasingly embracing predictive maintenance (PdM) 

methods, driven by advancements in real-time analytics and the integration of Internet of Things (IoT) technologies 

(6). The convergence of these innovations enables seamless data acquisition from biomedical equipment, allowing 

for continuous performance monitoring and early fault detection. Real-time analytics processes this data to uncover 

actionable insights, while IoT ensures timely and automated data transmission from devices in clinical 

environments. This forward-thinking strategy not only reduces unnecessary preventive maintenance tasks but also 

helps minimize unplanned equipment downtime, thereby enhancing operational efficiency and patient safety (7). 

Notable attributes of PdM include real-time remote monitoring and advanced diagnostic tools that aid in early fault 

detection, thereby avoiding expensive repairs. This approach contributes to a reliable, cost-effective, and 

environmentally sustainable maintenance model that ensures consistent equipment performance (8).  

The integration of Internet of Things (IoT)-based monitoring has significantly advanced continuous data 

collection on biomedical equipment performance. Artificial Intelligence (AI) algorithms process this data to forecast 

potential failures and initiate timely maintenance actions (9). Specifically, an IoT-enabled predictive maintenance 

framework for ICU ventilators employs real-time monitoring and data analytics to anticipate malfunctions, with a 

focus on highrisk components such as the pneumatic block identified through Failure Modes and Effects Analysis 

(FMEA). This strategy not only increases system reliability and operational efficiency but also minimizes patient 

risk in critical care environments (6).  

 

Recent studies have demonstrated that classification algorithms like Support Vector Machines (SVM), Artificial 

Neural Networks (ANN), Decision Trees (DT), and Random Forests (RF) are highly effective for predictive 

maintenance tasks involving both textual and sensor data. SVM is known for its strong generalization ability, 

making it especially effective in high-dimensional spaces, such as those formed by Term Frequency–Inverse 

Document Frequency (TF-IDF) vectors (10). ANN models, in contrast, excel at identifying complex nonlinear 

patterns within noisy biomedical maintenance data, which enhances classification accuracy and allows the system 

to detect intricate failure signatures (11).   

DT models are prized for their interpretability and straightforward logic-based branching structure, making them 

suitable for initial deployment in resource-constrained healthcare settings. However, they are often limited by their 

tendency to overfit. RF addresses this limitation by constructing an ensemble of multiple decision trees using 

bootstrap aggregation and random feature selection, which significantly improves robustness, reduces variance, and 

enhances classification performance. In recent applications, RF has demonstrated high reliability and fault detection 

accuracy in classifying diverse biomedical equipment failures, offering a scalable and interpretable solution for 

predictive maintenance in clinical environments (12). These machine learning models collectively support the 

development of early warning mechanisms that reduce risk, minimize equipment downtime, and improve healthcare 

service continuity.  

 

This study aims to automate the classification of unstructured maintenance records into structured breakdown 

categories using machine learning algorithms, including Support Vector Machine (SVM), Artificial Neural Network 

(ANN), Decision Tree (DT), and Random Forest (RF). It also examines the effectiveness of feature extraction 

techniques, particularly Term Frequency–Inverse Document Frequency (TF-IDF), in enhancing classification 

accuracy. The objective is to predict breakdown types from historical maintenance data, enabling timely 

decisionmaking and proactive maintenance actions to improve equipment reliability and operational efficiency. 

  

Additionally, this paper is divided into four sections. Section II discusses the methodology used, Section III 

presents the results and provides the discussion and analysis, and Section IV concludes the findings  

RESEARCH METHOD  

This study employed maintenance records obtained from the Asset and Services Information System (ASIS), 

specifically under the category "Service_Work_(Unscheduled_&_Others)," collected from three public hospitals 

spanning the period from December 2001 to December 2024. The initial dataset comprised 10,314 entries, each 

documenting instances of unscheduled maintenance. To enable machine learning analysis, a comprehensive data 
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preprocessing pipeline was developed using Python, incorporating libraries such as Pandas, NumPy, Scikit-learn, 

and FuzzyWuzzy for data cleaning, transformation, and standardization of unstructured text.  

 

Initially, entries marked as "Cancelled" in the Work Order Status column were excluded to ensure the dataset 

comprised only valid maintenance records. The core of the analysis centred on the Response Finding column, which 

contains textual descriptions of identified faults or issues. Records lacking values in this column were also removed 

to ensure that only entries with relevant diagnostic information were retained for further processing.  

 

Subsequently, the Response Finding column underwent a sequence of text preprocessing steps. These included 

converting all text to lowercase, removing punctuation marks, and eliminating irrelevant or non-informative 

characters to standardize the data. To further refine the dataset, a domain-specific fuzzy matching algorithm was 

applied using the FuzzyWuzzy library, following a rule-based mapping system informed by expert knowledge (13). 

This process enabled the transformation of unstructured textual maintenance descriptions into structured, analysable 

labels. As a result of this approach, the dataset was successfully classified into seven predefined ventilator 

breakdown categories: Power Issue, Oxygen Sensor Issue, Technical Issue, Structural Issue, Control Interface Issue, 

Flow Sensor Issue, and Electronics Issue, as summarized in TABLE 1.  

 

To ensure a clean and reliable dataset for training machine learning models, unclassified entries that did not align 

with any of the established rule-based categories were removed. This step helped maintain data consistency and 

relevance for downstream analysis. For converting textual data into a numerical format compatible with machine 

learning algorithms, two different approaches were implemented. The first approach involved label encoding 

without feature extraction. Using Scikit-learn’s LabelEncoder, each unique string in the Response Finding column 

was mapped to a distinct integer. While this method does not preserve semantic meaning or context, it served as a 

baseline to satisfy the numerical input requirement for classification models.  

 

The second approach employed a more advanced technique, Term Frequency–Inverse Document Frequency 

(TFIDF) to capture semantic relationships in the text. Implemented via Scikit-learn’s TfidfVectorizer, this method 

was configured with an n-gram range of (1–3), a maximum document frequency of 85%, and a minimum document 

frequency of 2. These parameters were chosen to emphasize informative words and multi-word expressions while 

excluding overly common or rare terms. The result was a high-dimensional sparse matrix representing the textual 

data, offering greater semantic richness and improved suitability for classification tasks. TF-IDF was chosen for its 

welldocumented success in improving model performance when applied to unstructured textual inputs, especially 

in combination with machine learning classifiers (13).  

  

TABLE 1. Description of classified ventilator breakdown types  

No  Breakdown Types  Description  

1  Power Issue  Failures related to electrical supply, battery, or voltage regulation 

affecting ventilator operation.  

2  Oxygen Sensor Issue  Malfunctions in oxygen measurement, regulation, or sensor failures 

impacting oxygen delivery accuracy.  

3  Technical Issue  Software, firmware, or system-related errors, including calibration 

failures, alarms, and diagnostic issues.  

4  Structural Issue  Physical damage or integrity failures in ventilator casing, mounts, 

tubing, or chassis.  

5  Control Interface Issue  Problems with user interaction components such as screens, buttons, 

keypads, or control panels.  

6  Flow Sensor Issue  Failures in breath detection, expiratory circuits, or airflow 

measurements affecting ventilation performance.  

7  Electronics Issue  Internal electronic component failures, including PCB, temperature 

control, relay, or circuit malfunctions.  

  

This dual approach enabled a comparative evaluation of simple label encoding versus semantic feature 

extraction using TF-IDF and their respective impacts on classification performance. Four machine learning 

classifiers were developed and tested using Scikit-learn: Support Vector Machine (SVM), Artificial Neural 
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Network (ANN), Decision Tree (DT), and Random Forest (RF). These models were chosen based on their proven 

effectiveness in predictive maintenance tasks. SVM is noted for its strong performance in high-dimensional spaces 

created by textual data. ANN excels at identifying complex, nonlinear patterns often found in maintenance logs. 

DT offers high interpretability, while RF enhances robustness and accuracy by creating an ensemble of decision 

trees. The labelled dataset was divided into training and testing subsets using an 80:20 stratified sampling technique, 

ensuring each of the seven  

                       
breakdown categories was proportionally represented in both sets. This approach promoted balanced 

training and improved the validity of performance assessments. 
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RESULTS AND DISCUSSION  

TABLE 2. Performance Comparison of Machine Learning Models with and without Feature Extraction  

Model  Feature Extraction  Accuracy  Precision  Recall  F1 Score  

Random Forest  Without TF-IDF  77.96%  78.48%  77.96%  78.14%  

 
With TF-IDF  94.14%  94.32%  94.14%  94.12%  

Decision Tree  Without TF-IDF  77.96%  78.48%  77.96%  78.14%  

  
With TF-IDF  94.56%  94.58%  94.56%  94.56%  

SVM  Without TF-IDF  33.61%  15.97%  33.61%  21.03%  

  
With TF-IDF  94.70%  94.73%  94.70%  94.68%  

ANN  Without TF-IDF  35.70%  20.22%  35.70%  23.06%  

  
With TF-IDF  92.19%  92.15%  92.19%  92.15%  

  

TABLE 2. presents a comparative analysis of the performance of four machine learning models, Random Forest (RF), 

Decision Tree (DT), Support Vector Machine (SVM) and Artificial Neural Network (ANN) with and without the 

application of TF-IDF feature extraction. The models were evaluated using four standard classification metrics: accuracy, 

precision, recall, and F1-score. When TF-IDF vectorization was applied, all models exhibited substantial performance 

improvements across every metric. SVM achieved the highest performance overall, with an accuracy of 94.70% and an 

F1-score of 94.68%, demonstrating excellent predictive capability and generalization. ANN also performed well, with an 

accuracy of 92.19% and an F1-score of 92.15%, highlighting its ability to capture nonlinear patterns in semantically 

enriched text. Notably, DT and RF models, which previously had limited expressiveness when using raw label-encoded 

text, reached 94.56% and 94.14% accuracy, respectively, after applying TF-IDF. Both achieved F1-scores above 94%, 

confirming their improved classification capability with semantic features.  

 

In contrast, without TF-IDF, model performance declined sharply. DT and RF each yielded 77.96% accuracy and 

78.14% F1-scores, adequate, but notably lower than with semantic enhancement. SVM and ANN performed the worst 

under the non-feature-extracted condition, with SVM achieving only 33.61% accuracy and an F1-score of 21.03%, while 

ANN recorded 35.70% accuracy and an F1-score of 23.06%. These results shows that raw label encoding fails to provide 

meaningful representation for unstructured maintenance text, underscoring the necessity of effective feature extraction 

like TF-IDF in predictive maintenance applications.  

https://journalstem.net/


JSE Vol. 5 No. 2 (2025) ISSN 2785-9436/eISSN 2785-9371 https://journalstem.net 

 

 

62 

 

FIGURE 2. Comparative performance of machine learning models (Random Forest, Decision Tree, 

Support Vector Machine, and Artificial Neural Network) with and without TF-IDF feature 

extraction.  

  

FIGURE 2. provides a visual comparison of the performance metrics, accuracy, precision, recall, and F1-score 

across four machine learning models (SVM, ANN, Decision Tree, and Random Forest), evaluated both with and 

without TF-IDF feature extraction. The chart demonstrates a clear and consistent performance boost across all 

models when TF-IDF is applied. The improvement is especially striking for SVM and ANN, which initially 

performed poorly with raw, label-encoded text. Upon applying TF-IDF, their accuracy and F1-scores more than 

doubled, confirming the importance of semantic feature extraction in handling unstructured maintenance data.  

 

While DT and RF already delivered moderate performance without TF-IDF, their results significantly improved 

after applying feature extraction, both models reaching F1-scores above 94%. This supports the finding that tree-

based classifiers, when combined with high-quality textual features, can be highly effective for classification tasks 

in biomedical maintenance contexts. Overall, Figure 2 underscores the critical role of textual preprocessing and 

feature engineering, particularly TF-IDF in enhancing the predictive performance of machine learning models used 

in preventive maintenance frameworks for healthcare equipment.  

 

‘FIGURE 3.’ presents the normalized confusion matrices for four machine learning models, Random Forest 

(RF), Support Vector Machine (SVM), Decision Tree (DT), and Artificial Neural Network (ANN) trained using 

TF-IDF feature extraction to classify ventilator breakdown types across seven predefined categories. The 

normalization ensures that each row sums to 1, allowing for direct interpretation of classification accuracy per class, 

independent of class imbalance. Higher diagonal values indicate more accurate predictions for each specific 

breakdown category.  

   

• Random Forest with TF-IDF (Top-Left): Demonstrates robust classification performance, achieving high 

recall for Technical Issue (97%), Flow Sensor Issue (94%), and Oxygen Sensor Issue (91%). Slight 

confusion is observed in predicting Electronics (83%)  and Structural Issues (87%), likely due to feature 

overlap in the maintenance text. Overall, RF offers a balanced performance across all categories.  

• Support Vector Machine with TF-IDF (Top-Right): Outperforms all other models with consistently high 

accuracy across categories. It correctly classifies 99% of Oxygen Sensor Issues, 96% of Flow Sensor 

Issues, and 94% of Technical Issues. This matrix highlights SVM’s strength in handling high-dimensional 

feature spaces created by TF-IDF, making it well-suited for distinguishing between nuanced textual 

patterns in unstructured data.   
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FIGURE 3.  Normalized confusion matrices for Random Forest, Support Vector Machine, Decision 

Tree, and  

Artificial Neural Network models trained with TF-IDF feature extraction. Each matrix displays the per-class 

classification performance across seven ventilator breakdown categories. Higher diagonal values indicate stronger 

class-specific accuracy.  

• Decision Tree with TF-IDF (Bottom-Left): Shows slightly better performance than RF in certain 

categories, with strong predictions for Technical Issue (97%) and Flow Sensor Issue (93%). Notably, it achieves 

90% recall for both Electronics Issue and Structural Issue, outperforming RF in these categories. This suggests that 

DT may have better memorization of rule-based splits specific to these fault types, though it also carries a higher 

risk of overfitting.  

 

• Artificial Neural Network with TF-IDF (Bottom-Right): Performs competitively, particularly in predicting 

Technical Issue (97%) and Power Issue (93%). However, it records the lowest recall for Electronics Issue  

(76%) and Structural Issue (85%) among the four models. The misclassification of 'Electronics Issue' and 

'Structural Issue' may stem from overlapping terminology in the free-text descriptions. For instance, a description 

of a faulty circuit board ('Electronics Issue') might share keywords with general system errors ('Technical Issue'), 

making it difficult for the ANN to discern the unique failure pattern without more advanced feature engineering.  

 

In summary, the confusion matrices affirm that TF-IDF significantly enhances classification performance across 

all models. Among them, SVM delivers the most reliable and consistent results, making it a preferred choice for 

predictive maintenance systems that rely on unstructured text data.  
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CONCLUSION  

This study demonstrates the effectiveness of machine learning algorithms Support Vector Machine (SVM), 

Artificial Neural Network (ANN), Decision Tree (DT), and Random Forest (RF), in classifying unstructured 

maintenance records of biomedical equipment into structured breakdown categories. Using historical data from 

the Asset and Services Information System (ASIS) and applying TF-IDF feature extraction, all four models showed 

notable improvements in predictive accuracy, precision, recall, and F1-score compared to baseline models without 

feature extraction.  

 

Among the tested models, SVM with TF-IDF achieved the highest performance, with an accuracy of 94.70% 

and an F1-score of 94.68%, followed closely by DT (94.56%), RF (94.14%), and ANN (92.19%). These results 

highlight the importance of semantic feature representation when dealing with unstructured biomedical 

maintenance data. In contrast, models trained without TF-IDF underperformed significantly especially SVM and 

ANN illustrating that raw label-encoded text lacks the contextual depth needed for accurate classification.  

 

The use of normalized confusion matrices further provided insight into model behaviour at the class level. SVM 

and DT demonstrated strong consistency across all breakdown categories, while RF and ANN performed slightly 

lower in cases where textual descriptions were ambiguous or overlapping. Despite these differences, all TF-

IDFenhanced models proved effective in identifying critical faults such as Oxygen Sensor Issues, Technical Issues, 

and Power Failures.  

 

This research also operationalizes the recommendation of Rahman et al. (2023), who emphasized integrating 

unstructured maintenance notes for predictive insights. By utilizing technician-written descriptions from the 

Response Finding field typically recorded immediately after service, the study enhances the contextual relevance 

of the input data and mirrors real-world clinical engineering practices.  

 

In conclusion, the implementation of AI-driven predictive maintenance using machine learning models, 

particularly with TF-IDF feature extraction, offers a practical and scalable solution for enhancing biomedical 

equipment reliability. This is especially critical for ventilators, where early fault prediction can directly impact 

patient outcomes in intensive care settings. The findings support further adoption of intelligent maintenance 

systems in healthcare to reduce equipment downtime, improve service efficiency, and strengthen patient safety.  
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