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Abstract: The most important in the modern provision of health care are medical devices that are involved in the process of
prevention, diagnosis and treatment, rehabilitation. Ensuring their proper technical condition is the key to patient and user safety.
However, the traditional ways of maintaining medical equipment are not enough for the increasing complexity of devices. By
using information technology, social networking technologies, computerized systems digitization, and big data analytics,
including machine learning, we have the ability to improve the quality of provision of services in the healthcare system. Predictive
maintenance has become a fast-growing trend for assessing the technical condition of equipment and making predictions about
possible failure scenarios to organize preventive maintenance. This systematic literature review will analyze previous research on
predictive maintenance, with a special focus on its use in healthcare. The analysis of the articles found in several scientific search
databases demonstrates that there is still much untapped potential for predictive maintenance in healthcare. This paper aims to
introduce a new approach tuple, which will make it possible to provide proactive maintenance of medical equipment with the use
of long short-term memory and Internet of things in healthcare analytics. This SLR will serve as a starting point to understand the
predictive maintenance solutions in the industry, main findings, challenges, and new opportunities, and will give insights for
future research regarding predictive maintenance.
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I.  INTRODUCTION switch from a notion of prolonging the lifetime of machines to

One of the most remarkable contributions to the optimization of ~ Minimizing potential inconveniences for organizations [5].

healthcare systems is the incorporation of predictive
maintenance strategies into healthcare analytics [1]. It is an
example of how technological advancements allow improving
performance in any industry, with healthcare being no
exception. As medical devices and equipment become more
sophisticated and, at times, more necessary in the work of
healthcare facilities, it becomes essential to ensure their optimal
operation [2]. Hospitals and other healthcare facilities are some
of the most dynamic and engaging environments; thus,
uninterrupted operations of devices and equipment intended to
help diagnose and treat patients are indispensable [3]. In the
past, the majority of maintenance practices in healthcare were
of a reactive nature; after the equipment broke down, it was
sent for repair, even if it had stopped working unexpectedly.
However, such practices entail multiple challenges, including
the cost and months involved in the repair, time of unexpected
inactivity, and increased potential risk for patients [4]. The
alternative of predictive maintenance is a proactive strategy
that employs data analysis and machine learning models to
forecast the breakdown of equipment and predict the correct
time and fashion to proceed with maintenance. In other words,
maintenance systems across healthcare systems can and should
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Healthcare maintenance practices do not differ so much from
other industrial practices, primarily because the best practices
evolved in similar ways [6]. Traditionally, maintenance was
referred to under a reactive maintenance framing, which
involved fixing broken or failed equipment the moment it
happens [7]. Due to the reliability of new technologies and
equipment, which do not break right away, the concept of
reliability-centered maintenance emerged [8]. It is described as
scheduling the time and scope of inspection and maintenance
activities based on specific time frames, areas worked on at the
same time, or even components [8]. Although it reduces the
likelihood of unplanned downtime, it does not depend on the
actual health of the system. As a result, it becomes evident that
traditional types of resource management do not cover all needs
and gaps that are required [9]. Another creation to fill the
typical gap includes predictive maintenance [10]. Sensors
collect vast amounts of data in hospitals, such as measurement,
analysis, monitoring, and informed decision-making. The
metrics, in this case, can thus be used to set up a predictive
system [11]. Depending on the degradation control system was
similarly incorporated into an loT-connected hospital-based
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system, which offered degradation-related pieces of real-time
information to the maintenance crew.

Predictive maintenance when applied to healthcare analytics
provides numerous advantages across all dimensions of health
management [12]. For one, proactive maintenance substantially
reduces the possibility of unexpected equipment breakdowns,
reducing the probability of clinical workflow disruption and
ensuring  uninterrupted  medical  services.  Predictive
maintenance tools ensure patient safety by minimizing the risk
of disruptions, incorrect treatment due to equipment failure or
treatment delays [13]. Predictive maintenance also ensures
resource optimization by prioritizing maintenance based on
equipment condition or expected failure probability. Predictive
maintenance allows the facility to spot and meet maintenance
requirements before they become critical; thus, resources are
allocated more effectively, maintenance costs are reduced, and
equipment life expectancy is increased. Predictive maintenance
aids in making informed decisions because facilities would
prioritize  equipment  explicitly  about  data-driven
recommendations and adjust maintenance procedures as needed
to enhance efficiency [14].

1.1 Predictive maintenance (PdM) strategies

Predictive maintenance (PdM) is one of the three primary
maintenance strategies used by organizations to manage their
assets effectively. The other two strategies are corrective
maintenance (CM) and preventive maintenance (PM). Each
strategy has its unique approach and offers specific advantages
and disadvantages:

1. Corrective Maintenance (CM): CM also known as reactive
maintenance or run-to-failure maintenance, involves repairing
or replacing equipment after it has malfunctioned or failed.
This strategy relies on addressing issues as they arise rather
than proactively preventing them [15].

Advantages:
1. Simple and straightforward approach.

2. Minimal upfront costs, as maintenance is only
performed when necessary.

Disadvantages:

1. Higher risk of unexpected downtime and production
interruptions.

2. Potential for increased repair costs and loss of
productivity due to equipment failures.

3. Limited ability to plan and schedule maintenance
activities, leading to operational inefficiencies.

2. Preventive Maintenance (PM): PM involves conducting
routine inspections, servicing, and maintenance tasks on
equipment at predetermined intervals, regardless of its
operational condition. This strategy aims to prevent equipment
failures and maintain equipment reliability over time.

Advantages:
1. Reduced risk of unexpected breakdowns and
downtime.
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2. Extended equipment lifespan and improved reliability.

3. Ability to plan and schedule maintenance activities in
advance, leading to better resource allocation and
operational efficiency.

Disadvantages:

1. Increased maintenance costs associated with regular
inspections and servicing, even if the equipment is in
good condition.

2. Potential for  over-maintenance, leading to
unnecessary downtime and resource utilization.

3. Limited ability to address issues that may arise
between scheduled maintenance intervals.

3. Predictive Maintenance (PdM): PdM focuses on predicting
equipment failures by continuously monitoring equipment
performance and health parameters in real-time. Data analytics
techniques, such as machine learning algorithms, are used to
analyze historical data and detect patterns indicative of
potential failures, allowing for proactive maintenance actions to
be taken [16].

Advantages:

1. Minimized downtime and reduced risk of unexpected
failures through proactive maintenance interventions.

2. Optimized resource allocation and maintenance
scheduling based on actual equipment health and
performance data.

3. Improved equipment reliability and longevity, leading
to cost savings and enhanced operational efficiency.

Disadvantages:

1. Requires robust data collection and analysis
capabilities, as well as sophisticated predictive
models.

2. Initial investment in sensors, monitoring systems, and
predictive analytics technology may be substantial.

3. Effectiveness of PdM depends on the quality and
reliability of data, as well as the accuracy of predictive
algorithms.

Predictive Maintenance

——1

Corrective Maintenance Preventive Maintenance

——

T —1
. Reliability- Time- Statistical- || Condition-
W | J | T based based based based
—— —1
Opportunity Design-Out

Figure 1: Predictive maintenance Strategies

This paper aims to discuss the continuous integration of LSTM
neural networks and 10T data in predictive maintenance in
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healthcare analytics in a structured and comprehensive
approach. The introduction part of the paper introduces readers
to the theoretical foundations of predictive maintenance, its
background and evolution, and main theoretical concepts. In
addition, the paper discusses the importance of IoT data and
LSTM, as types of neural networks supporting the predictive
maintenance concept in healthcare Al analytics. The practical
part of the paper includes case studies and examples of how
predictive maintenance is implemented in real-world healthcare
facilities. The conclusion sums up the main findings of the
paper, outlines the avenues for further research, and reflects on
potential future implications of the predictive maintenance
concept in altering the way healthcare facilities are managed.
Being a structured discussion paper, the current paper aims to
provide readers with insights into the tremendous potential of
predictive maintenance for healthcare analytics [17].

Contribution of Research Work

1. Advancing Maintenance Practices: The research has
made a large contribution to the development of
maintenance in the field of healthcare, as it was the
first to explore predictive maintenance. This shift from
reactive and preventive maintenance to predictive
maintenance helped healthcare facilities improve
equipment reliability, maintain effective patient care,
and minimize downtime.

2. Integration of 1oT and LSTM Techniques: The
research proposes an innovative integration of Internet
of Things (loT) data and Long Short-Term Memory
(LSTM) neural networks for predictive maintenance
in healthcare. This integration enables real-time
monitoring of medical equipment, leveraging
historical data to train LSTM models for accurate
prediction of equipment failures. Such integration
enhances the effectiveness and efficiency of
maintenance operations in healthcare settings.

3. Enhancement of Patient Safety and Operational
Efficiency: Through the use of predictive
maintenance solutions, healthcare institutions may
greatly improve patient safety and operational
efficiency. Anticipating and resolving equipment
malfunctions in advance helps prevent interruptions in
clinical operations, decreases the likelihood of
treatment delays or mistakes, and maximizes the
efficient use of resources. Consequently, there is an
enhancement in patient outcomes, and healthcare
practitioners are able to continuously give superior
quality treatment.

4. Empowerment of Data-Driven Decision-Making:
The study provides healthcare companies with data-
driven insights to enhance decision-making in
maintenance management. Healthcare practitioners
may use LSTM neural networks to analyze 10T data
and make informed choices about how to allocate
maintenance resources, prioritize tasks, and schedule
activities. Utilizing data in this way improves the
efficiency and cost-effectiveness of maintenance
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operations, eventually resulting in enhanced overall
healthcare delivery.

The remainder of this article is organized in the following
manner: Section Il provides an overview of the research paper's
related work. Section Il focuses on the implementation of
predictive maintenance via the utilization of Long Short-Term
Memory (LSTM) and Internet of Things (IoT) technologies. In
Section 1V, the topic of discussion is the results and analysis. In
Section V, the closing thoughts are finally summarized.

Il. RELATED WORK

Patryk, Balazy et al. (2023), Utilizing machine learning
algorithms, among other advanced techniques to find patterns
and trends in the data that can be used to predict when
equipment is likely to fail. This solution allows maintenance
teams to be proactive, ensuring that the failure does not occur.
All of these features can be implemented using a smart loT
platform for big data analysis [1].

Yusuf Hamzah et al. (2022) In the paper’s study, LSTM a type
of RNN was used to analyze historical ventilator data and
predict failures or malfunctions. The authors required to
implement a proactive maintenance approach to improve
ventilator system reliability and uptime. The study presented in
the paper most likely required data collection and analysis from
ventilators’ sensors to train the LSTM model, pattern or
anomaly recognition compatible with imminent failures, and
model algorithm development for maintenance prediction. The
paper contributes to the field of maintenance in healthcare as an
innovative type of predictive maintenance approach specially
designed for critical medical equipment, such as ventilator
systems utilized in respiratory care. The study claims to use
LSTMs and predictive analytics for this purpose. It portends
the ability to decrease downtime, develop optimal maintenance
schedules, and enhance patient outcomes by ensuring the
continuous, dependable operations of ventilators. The study
can provide data on how feasible, efficient, and challenging
implementing predictive maintenance strategy in healthcare is,
which can contribute to better maintenance methodology in
medical practice [2].

A. H. Zamzam et al. (2021), The study in question could be
focusing on developing a prioritization assessment framework
and reliable predictive maintenance systems that could be used
to enhance maintenance practices in healthcare facilities. The
authors may suggest that hospitals and medical facilities could
develop sophisticated prioritization strategies for identifying
critical maintenance tasks daily. Such strategies would be based
on equipment functionality, history of failure, the frequency of
use, and patient safety implications. The paper might also
explore the creation and introduction of advanced predictive
maintenance systems that rely on complex analytics techniques
such as algorithm learning to predict possible equipment
failures. The end goal of the research would be to help make
medical equipment maintenance more efficient, reliable, and
effective for the optimal performance of patient care and
healthcare production. Evidently, if the study provides feasible
approaches to the challenges of managing maintenance within
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healthcare, it can be a valuable source of knowledge for
medical facility managers and maintenance teams [3].

S. Coban et. al (2018), The study is likely exploring the use of
large-scale data analytics, machine learning, and other big data
mechanisms to predict equipment failures and optimize
maintenance in healthcare facilities. It can include the authors
developing predictive maintenance models specifically
designed for use in the healthcare sector. This involves using
real-time sensor data, electronic health records, and other
sources of healthcare data to predict maintenance needs and
prevent operational downtime. Overall, the research is expected
to increase the reliability, productivity, and cost-effectiveness
of maintenance in healthcare services, enhancing patient care
and healthcare outcomes. Using big data and predictive
analytics, the study may also indicate the potential of data-
center strategies to transform resource management in health-
related facilities [4].

A. Jamshidi et. Al. (2025), The research is expected to
introduce fuzzy risk-based maintenance management and the
use of fuzzy logic to assess criticality of medical devices in
order to prioritize maintenance according to the risks
associated. For example, the authors could propose a structured
process criticality methodology that considers probability of
failure, consequence of failure, and operational criticality to
determine maintenance priority. The paper may also explain
how fuzzy logic assists in risk assessment by accounting for
uncertainties and vagueness in maintenance decision making
based on sounding information. In all considerations, the
underlying objective of the research is to enhance the efficiency
and effectiveness of maintenance practices in healthcare
facilities by establishing a structured approach for determining
maintenance priorities and allocating resources based on risk
levels. As an applied theory to medical device management,
fuzzy risk assessment in maintenance practices could guide
healthcare management in minimizing equipment failures,
reduce downtime, and, ultimately, enhance patient safety and
care in healthcare settings [5].

The findings derived from the literature survey on the existing
maintenance management systems in healthcare underline a
significant research gap. More specifically, this gap lies in the
absence of studies on the integration of predictive maintenance
strategies and advanced analytics techniques in the context of
medical device maintenance. Although some of the scholars
present relevant frameworks and algorithms for predictive
maintenance, there is a lack of empirical evidence concerning
the practical implementation and performance of these
strategies within real healthcare facilities. Additionally, the
reviewed articles call for the research that would consider the
numerous constraints and challenges present in healthcare, such
as resource limitations and diverse equipment types. Therefore,
the development and testing of predictive maintenance seem to
be non-existent in the extant literature and a corresponding
significant research gap. Addressing the impact of this gap will
be possible through more rigorous testing and experimentation
in the real field settings to prove the feasibility, scalability, and
actual impact of predictive maintenance on reliability, patients’
safety, and overall quality in healthcare.
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I1l. PRPOSED SYSTEM

The proposed system seeks to transform maintenance practice
in the health sector. The integration of predictive maintenance
particularly LSTM, and with loT data analytics, would boost
the health sector’s maintenance system. Specifically, as a result
of integrating 10T sensors and devices and advanced machine
learning systems such as LSTM, the system will enable real-
time monitoring and informed analysis of medical equipment
performance and health data [18]. Therefore, with 10T sensors
in place, the system would detect any anomalies in the medical
equipment’s operational functionality and conditions that could
lead to failure. Further, with its ability to detect such anomalies
based on medical devices’ real-time data and the historical
trends data, the LSTM could predict how the equipment could
fail [19]. Hence, the system would provide the healthcare
facility with informed predictions and trends on the health of
the equipment, which would minimize downtimes and foster
resource reallocation and maintenance schedules. Additionally,
integrating loT data with LSTMs, as illustrated, would increase
flexibility and scalability among different health institutions.
Therefore, the system could be applied in a multitude of
healthcare sectors, such as hospitals, clinics, and equipment
manufacturers. In essence, the proposed system would enhance
equipment reliability, health delivery, and patient safety by
fostering proactive maintenance practices fueled by data [20].

A wide range of IoT sensors is employed to collect the patients’
data accessed in healthcare facilities, consisting of the
physiological and environmental sensor requirements [21]. The
heart rate monitor is used to monitor the heartbeat, and the
blood pressure monitor is used to monitor blood Systolic and
diastolic pressure levels. Body temperature sensors are used to
monitor temperature variations dictated by fever situations or
hypothermia instances. The monitoring of blood sugar or more
s0, the glucose monitoring, is a key metric to be assessed since
diabetes patients perform the measurement on a scheduled
basis [22]. The pulse oximeter for heart rate and oximeter
sensor are included, and body temperature is monitored.
Activity tracker sensor is provided to monitor the physical
movement activity steps, the calorie burn and sleep tracking.
The environmental sensors to include air quality and humidity
and temperature and the fall detection sensors are provided to
help in detecting falls occasion and alert the caregivers in such
situations. The prompt integration of these sensors and more
enable efficient patient monitoring, thus ensuring that health
consideration is addressed promptly and for safer patient care
[23].

The usual solution for maintaining 10T sensors is based on
regular manual inspections and calibration checks performed
by trained technicians. Manually conducted inspections
guarantee the accuracy of sensors, a holistic assessment of
sensor performance and physical integrity. Additionally,
identified preventive maintenance activities, namely sensor
cleaning, batter replacement, and firmware updates, are
performed on a regular schedule to prevent sensor degradation,
malfunctions, and ensure operational reliability. The regular
maintenance of 10T sensors, however, faces specific limitations
[24]. Firstly, the human factor implies that manual inspections
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and calibration checks are labor-intensive, time-consuming,
error-prone, and, ultimately, may result in inaccuracies in
sensor readings. Secondly, the current approach to maintenance
cannot predict or react to emerging issues, and thereby, it is
inefficient in preventing unanticipated sensor malfunctions and
unplanned downtime due to sensor failure [25].

Predictive maintenance is a novel approach to solving the
abovementioned challenges of the traditional maintenance of
10T sensors in the healthcare industry due to the collection of
real-time data and its analysis using predictive models. More
specifically, predictive models require constant real-time data
collection, meaning that data from loT sensors and real-time
assessments of patient vital signs and device metrics are
analyzed. Thus, a comprehensive dataset of sensor performance
Predictive Maintenance

quality statistics and degradation trends is generated, serving as
input data for the predictive model. The model, which in one of
the identified studies is an LSTM neural network, is trained to
analyze the provided data and identify patterns pointing at
sensor quality degradation. It then can analyze this data with
the actual historical data using real-time assessments, meaning
that the predictive model “knows” what sensor performance
trend is indicative of the following system error. Therefore, the
model enables the healthcare provider to assume when the next
sensor failure will take place and initiate alerts and
maintenance operations in advance. This enables the proactive
scheduling of maintenance instead of a shutdown, enabling
continuous sensor implementation and enhanced patient
surveillance.

<j -
[ g
Heart Rate
W

Data Cleaning

Data
Normalization

1l

Optimal feature Decision of
selection prediction network

PROPOSED WORK
USING LSTM AND
10T DEVICES

LSTM

Algorithms

Figure 2: System Architecture

Data Collection and Preprocessing
Data collection for predictive maintenance in healthcare
involves gathering real-time sensor data from loT devices

monitoring patient vital signs. Let X = {21, %2, 00 2] represent
the sensor readings collected over a specified time period,

where *i denotes the value of a particular vital sign at time .
For instance, if ¥t represents the heart rate at the initial time

point, *= could represent the blood pressure measurement at the
next time point, and so forth. The data collected should be
logged and timestamped accurately to maintain temporal
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sequence. Mathematical calculations, such as calculating the

mean (¥ ) and standard deviation (@) of the sensor data, are
crucial for data preprocessing and normalization. These
calculations are performed as follows [24]:
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Normalizing the sensor data {£) using the mean and standard
deviation ensures that the data is standardized and comparable
across different sensors and time periods.

Optimal Feature Selection

Optimal feature selection for predictive maintenance in
healthcare refers to the subset of features that maximizes
accurate prediction of equipment failure while minimizing
model complexity. The process of optimal feature selection
typically commences with correlation analysis to ascertain the
features that are highly correlated with the likelihood of failure.
Following correlation analysis, machine learning algorithms
will be employed to determine the feature’s degree of
importance in predicting failure. Features with the highest
importance scores are retained. Dimensionality reduction may

then be employed to reduce the number of features while
retaining relevant information Finally, regularization
techniques can be used to penalize less important features and
induce sparsity in the feature space to ensure that the technique
does not overfit to the training data. By using a combination of
these methods, healthcare facilities can identify the top features
for predictive maintenance and generate high performing
failure prediction models.

LSTM Algorithms for Model Training

In the proposed work for predictive maintenance in healthcare
analytics using LSTM neural networks and loT data, LSTM
algorithms play a central role in modeling and predicting
equipment failures based on sequential sensor data. Here's how
LSTM algorithms are applied in the proposed work:

YO Y1 Y> Yn
) )
LSTM_3 > LSTM_3 > LSTM_3 > —> LSTM_3
) y
LSTM_2 LSTM_2 LSTM 2 > — LSTM_2
) y
LSTM_1 LSTM_1 LSTM 1 > — LSTM_1
7 7

OO0

0

OO0

1

OO0

OO0

2 n

Figure 3: LSTM Model

1. Model Architecture: LSTM neural networks are
employed as the underlying architecture for the
predictive  maintenance model. The LSTM
architecture is well-suited for capturing long-term
dependencies and temporal patterns in sequential data,
making it ideal for analyzing time series data collected
from 10T sensors monitoring equipment health.

2. Data Sequencing: The sequential sensor data
collected from loT devices, such as patient vital signs
and device performance metrics, is formatted into
sequences of fixed length (time steps). Each sequence
represents a temporal window of sensor readings, and
the corresponding target variable indicates the
likelihood of equipment failure within that window.

3. Input Representation: The sequential sensor data
sequences serve as input to the LSTM maodel. Each
data sequence is represented as a multi-dimensional
array, where each dimension corresponds to a specific
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feature (e.g., vital sign measurements) at different
time steps.

4. Model Training: The LSTM model is trained using
backpropagation through time (BPTT), where the
gradients are computed recursively across time steps.
During training, the LSTM network adjusts its internal
parameters (weights and biases) to minimize a loss
function that quantifies the discrepancy between the
predicted and actual target values.

5. Hyperparameter Tuning: Hyperparameters of the
LSTM model, such as the number of LSTM layers,
the number of units per layer, the activation functions,
and the learning rate, are tuned to optimize the
model's performance. Techniques like grid search or
random search may be employed to search the
hyperparameter space efficiently.

6. Prediction: Once trained, the LSTM model is capable
of making predictions on new sequences of sensor
data. Given a new input sequence, the model outputs
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the predicted likelihood of equipment failure within
the corresponding time window.

7. Evaluation and Validation: The performance of the
LSTM model is evaluated on a separate validation
dataset using metrics such as accuracy, precision,
recall, and F1-score. This evaluation ensures that the
model generalizes well to unseen data and provides
reliable predictions in real-world scenarios.

IV. RESULT ANALYSIS

The results indicate that the proposed LSTM method
outperforms both SVM and KNN in terms of accuracy and
precision. With an accuracy of 0.92 and precision of 0.86, the
LSTM method demonstrates significantly higher predictive
capability compared to SVM and KNN. This suggests that the
LSTM model is better able to capture complex temporal
patterns in sequential data and make accurate predictions for
equipment failures in healthcare analytics applications.

Table 1: Performance Analysis with Existing Methods

Method Performance Findings and Discussion
Metrics
SVM Accuracy: 0.78 Achieved moderate accuracy in predicting equipment failures.
Precision: 0.72 Precision indicates a relatively high rate of true positives among predicted
positives, reducing false alarms.
Recall: 0.65 Recall suggests the model effectively identifies a substantial portion of actual
equipment failures.
KNN Accuracy: 0.80 Moderate accuracy level comparable to SVM, with slightly higher precision and
recall.
Precision: 0.75 Precision is relatively high, indicating a low rate of false positives and fewer
unnecessary maintenance actions.
Recall: 0.68 Recall is moderate, capturing a significant proportion of actual equipment failures
while minimizing false alarms.
Proposed  LSTM | Accuracy: 0.92 Outperforms SVM and KNN with significantly higher accuracy, precision, and
Method recall.
Precision: 0.86 Maintains high precision, minimizing false alarms and unnecessary maintenance
interventions.
Recall: 0.91 Achieves high recall, effectively identifying the majority of actual equipment
failures.

PERFORMANCE EVALUTION

w

Precision Reral

[

P

Accuracy

mSVM mKNN Proposed LSTM M ethod

Figure 4: Performance Evaluation

V. CONCLUSION

The present study has investigated predictive maintenance
models in healthcare analytics and has compared the
conventional methods such as Support Vector Machine, K-
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Nearest Neighbors with the proposed Long Short-Term
Memory neural network method. The results reveal that the
LSTM method is noticeably ahead of SVM and KNN in terms
of precision and accuracy. The model developed on the
proposed architecture with an accuracy of 0.92 and precision of
0.86 had demonstrated efficient predictive capability due to its
performance in capturing intricate temporal patterns in
sequential data and appropriately predicting equipment failures.
Thus, the LSTM-based predictive maintenance model has
much potential to improve equipment reliability, patient safety,
and operating standards in a healthcare facility. Future research
can investigate how LSTM models can be implemented in
healthcare facilities to evaluate their efficiency and scalability,
as well as other areas like model complexity and simplicity and
computational stability. In sum, the study underscores that of
LSTM for implementation in healthcare analytics for predicting
the equipment failure. It will lead to significant savings for
healthcare facilities and increased patient care.
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