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ABSTRACT 

Medical devices are vital in patient safety and when they fail, the 
medical treatment might be undermined and legal suits might be 
filed. In the recent past, Generative AI-based models like Generative 
Adversarial Networks (GANs), Variational Autoencoders (VAEs), 
and Diffusion Models, have demonstrated potential in forecasting 
early failures by identifying patterns of operations and irregularities 
that are difficult to identify by humans. The black-box properties of 
these models, however, make them less interpretable and less reliable 
to take up in safety critical application. 

The current work hypothesizes a systematic framework in 
explainability and reliability analysis of generative AI models used in 
prediction of medical devices failure. The framework combines the 
most recent feature attribution methods, including saliency maps and 
counterfactual explanations, to both give interpretable explanations 
about model predictions as well as assess reliability by measuring 
robustness, uncertainty quantification and fault-tolerance. Simulated 
and real-world medical device operational dataset experiments have 
shown that explainable generative models are able to provide high 
predictive performance, and also provide clinicians and device 
operators with actionable insights. 

Significant contributions are (i) comparative analysis of GAN, VAE, 
and Diffusion Models based on their predictive performance and 
interpretability, (ii) reliability assessment methodology in medical 
device data and (iii) practical suggestions of integrating explainable 
AI in clinical predictive maintenance processes. These results 
demonstrate that there is a possibility of reliable AI-based 
surveillance in medical device environments, which will open the 
field of safer, proactive device management. 
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1. INTRODUCTION 

Modern healthcare cannot have existed without 
medical devices, through which the accurate 
diagnostics, provision of treatment and monitoring of 
the patients becomes possible. It is the main focus of 
reliability of such devices because failures may cause 
serious consequences such as deteriorated patient 
safety, financial losses, and legal actions (Abd 
Rahman et al., 2023; Amran et al., 2024; Weininger 
et al., 2010). Conventional maintenance approaches, 
including reactive maintenance or preventive 
maintenance, do not often predict subtle defects of 
operations, and it can cause some unforeseen system 
failures (Alemzadeh et al., 2013; van Dinter et al., 
2022; Zhong et al., 2023). 

 
Generative AI models, such as Generative 
Adversarial Networks (GANs), Variational 
Autoencoders (VAEs) and Diffusion Models, have 
demonstrated great potential in the last several years 
in predicting failures before they occur, by learning 
intricate patterns based on past operational data, and 
identifying anomalies (Cao et al., 2024; Chang et al., 
2026; Croitoru et al., 2023). GANs are especially 
useful in generating normal patterns of operation and 
pointing out the deviations, but VAEs are trained to 
encode the latent representations reflecting the slight 
changes that might indicate early-stage failures 
(Kachhia et al., 2020; Kachhia and George, 2021). 
Diffusion models have complementary benefits, 
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which are reconstructing the behavior of a device 
repeatedly and enhancing resistance to noises and 
incomplete information (Cao et al., 2024; Kazerouni 
et al., 2023; Yang et al., 2024). 

Although such generative models are predictive, they 
are mostly black boxes and therefore cannot be 
trusted and adopted in healthcare settings that require 
safety. Explainability is also essential, which enables 
clinicians, engineers, and regulatory bodies to 
understand, interpret, and verify model decisions, as 
well as meet the requirements of medical devices 
(Abd Rahman et al., 2023; Childs et al., 2018; 
F.H.P.A et al., 2024). Furthermore, reliability 
analysis, such as the robustness test and the 
quantification of uncertainty, should make sure that 
predictive models can be consistently performed in 
different working conditions (Amran et al., 2024; 
Sadanandan et al., 2025). 

This paper manages to deal with these issues by 
suggesting a combination of explainability and 
reliability frameworks of generative AI models used 
in predicting medical devices failures. Particularly, 
the framework: (i) compares GANs, VAEs, and 
Diffusion Models to medical device operational 
datasets, (ii) implements the feature attribution and 
counterfactual methods of interpretable predictions, 
and (iii) measures the reliability of the model using 
uncertainty analysis and fault-tolerance indicators 
(Abd Rahman et al., 2023; Cao et al., 2024; Kachhia 
et al., 2020; Sadanandan et al., 2025). The final 
objective is to offer practical suggestions in terms of 
clinical predictive maintenance, which will allow 
more precise and proactive measures to be taken to 
alleviate the risk of adverse events associated with 
devices. 

This study can be used to overcome the existing gap 
between the current developments of generative AI 
and its practical use in the safety-critical healthcare 
environment to promote levels of trust and acceptance 
among practitioners, regulators, and the device 
manufacturers (Amran et al., 2024; Lin et al., 2014; 
Yang et al., 2023). 

2. Related Work 

Initial medical devices reliability research eyed 
classical statistical methods as well as engineering-
based reliability models. Reliability-centered 
maintenance models, petri net-based reliability block 
diagrams, and Failure Mode and Effects Analysis 
(FMEA) approaches have long been popular to 
address the safety of devices and prioritize 
maintenance (Childs et al., 2018; F.H.P.A et al., 
2024; Lin et al., 2014). These methods offer 
systematic ways of discovering possible failure 
modes but cannot represent the multivariate and 

temporal operational behavior of modern medical 
equipment (Abd Rahman et al., 2023; Amran et al., 
2024). 

Deep learning methods have become widely used to 
make predictions in healthcare systems in the area of 
predictive maintenance and anomaly detection with 
the introduction of machine learning. RNNs, CNNs, 
and hybrid networks show great potential in the 
modeling of multivariate signals of device 
performance over time (Kachhia et al., 2020; Kachhia 
and George, 2021). Nevertheless, such models can be 
expensive in terms of labeled failure data, which is 
not readily available in safety-critical medical settings 
(Amran et al., 2024; van Dinter et al., 2022). 

Unsupervised anomaly detection and failure 
prediction has seen a strong alternative in generative 
AI models. Key approaches include: 
Generative Adversarial Networks (GANs): GANs 
are trained to know the behavior of the normal 
devices by reconstructing fake data and detecting the 
anomalies to indicate deviations (Sadanandan et al., 
2025). Research has indicated that GANs can be used 
to recognize early malfunctions of medical and 
industrial equipment without labeled failure cases 
(Cao et al., 2024; Kachhia et al., 2020). 

Variational Autoencoders (VAEs): VAEs encode 
the input data into a latent code, which provides 
important characteristics in the normal functioning. 
They are then signaled using reconstruction error or 
latent-space deviation (Kachhia and George, 2021; 
Sadanandan et al., 2025). VAEs offer a probabilistic 
model that inherently uses uncertainty which is 
essential in clinical risk assessment. 

Diffusion Models: Diffusion models are trained to 
generate successively better reconstructions of input 
sequences, which can be used to perform robust and 
anomaly detection in unstable and incomplete 
conditions of data (Cao and others, 2024; Chang and 
others, 2026; Kazerouni and others, 2023). These 
models have proven to be the best to capture any 
complex dependencies in medical imaging and device 
signal datasets (Croitoru et al., 2023; Yang et al., 
2024). 

Nevertheless, despite these achievements, there is a 
relative gap: not many studies have compared GANs, 
VAEs, and Diffusion Models on the same level when 
it comes to predicting early failure in medical 
devices. In addition, explainability and reliability 
analyses can be lacked, reducing their practical use in 
clinical settings (Abd Rahman et al., 2023; Amran et 
al., 2024; Sadanandan et al., 2025). 

Table 1 overviews the main related literature, 
emphasizing the types of models, data modality, and 
the focus of evaluation as well as the limitations. 
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Table 1: Comparative Overview of Generative AI Models for Medical Device Failure Prediction 

Study 
Generative 

Model 
Data 

Modality 
Evaluation 

Focus 
Key Findings Limitations 

Kachhia et 
al., 2020 

GAN 

EEG / 
Device 

operational 
signals 

Anomaly 
detection in 3D 

printing BCI 
devices 

GAN effectively 
learned normal device 
behavior and identified 

deviations 

Limited scalability 
to diverse medical 

devices; no 
uncertainty analysis 

Kachhia & 
George, 

2021 
VAE 

EEG image 
data 

Reconstruction 
error for 
anomaly 
detection 

Probabilistic latent-
space encoding 
captured subtle 

anomalies 

Model performance 
sensitive to 

hyperparameters; 
lack of 

interpretability 

Cao et al., 
2024 

Diffusion 
Model 

Medical 
imaging, 
device 
signals 

Unsupervised 
anomaly 
detection 

Iterative refinement 
improved robustness 

against noise and 
missing data 

High computational 
cost; not widely 

tested on real-time 
device streams 

Croitoru et 
al., 2023 

Diffusion 
Model 

Visual / 
operational 
sequences 

Anomaly 
reconstruction 

quality 

Superior anomaly 
detection in complex 

multimodal data 

Requires careful 
sampling strategy; 

limited clinical 
validation 

Sadanandan 
et al., 2025 

GAN, VAE 
Device 

operational 
logs 

Early failure 
detection, 

comparative 
analysis 

GANs and VAEs 
demonstrated 

complementary 
strengths; Diffusion 
models superior for 

noisy data 

Explainability and 
deployment 

feasibility not fully 
addressed 

Chang et 
al., 2026 

Diffusion 
Model 

Medical 
device 
signals 

Model 
robustness and 

anomaly 
detection 

Captured long-term 
temporal dependencies; 

improved prediction 
accuracy 

High model 
complexity; training 

data requirements 

Abd 
Rahman et 
al., 2023 

Classical 
Reliability 

Models 

Maintenance 
and failure 

logs 

Device 
reliability and 

risk assessment 

Structured risk analysis 
supported maintenance 

prioritization 

Limited in handling 
multivariate 

temporal signals; no 
predictive capability 

3. Problem Formulation and Data Description. 

3.1. Medical Devices Operational and Performance Data. 

Medical devices generate complicated operational messages and performance records that show the functional 
condition of the device in the long run. These measurements contain sensor measurements, device use records, 
error records, and performance records, all of which may be used to point to some form of degradation or 
imminent breakdown. An example is the EEG-based system and brain-computer interface (BCI), which produce 
multivariate time-series signals which describe both continuous and discrete device behaviors (Kachhia et al., 
2020; Kachhia and George, 2021). The data about the operations can be gathered based on the real-life clinical 
deployments or simulated settings that reflect realistic usage patterns of the devices (Abd Rahman et al., 2023; 
Amran et al., 2024). 

3.2. Failure modes and Degradation Patterns. 

Medical equipment can fail because of the wear on hardware, sensor drift, software bugs or adverse operational 
circumstances. Such common patterns of degradation are drift in signal amplitude, intermittent failures, and 
progressive loss of system responsiveness (Abd Rahman et al., 2023; Childs et al., 2018). These failure modes 
are crucial to understand early: generative models are designed to study the normal operating distribution to be 
able to detect deviations which will indicate the possible faults (Sadanandan et al., 2025; Cao et al., 2024). 

3.3. Temporal, Multivariate and Non-Stationary Behavior. 

Data of device performance are time-varying and multivariate and capture interactions between sensors and 
control systems. Signals can be non-stationary as well, with statistical characteristics evolving as time goes on as 
a result of the aging of the device or the surrounding environment (Amran et al., 2024; Lin et al., 2014). These 
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properties are the keys to successful modeling since generative AI methods are based on the idea of learning the 
joint distribution of normal operations over time and sensor channels (Cao et al., 2024; Kazerouni et al., 2023). 

3.4. Formal Definition of Prediction and Reliability Evaluation Problem 

Let  represent the operational data at time  where  is the number of device instances and  the 

number of measured parameters. Normal operation is defined as  An anomaly is detected when: 

 

Where  is the reconstruction from a generative model, is a deviation metric (e.g., mean squared error or 

likelihood-based score), and  is a predefined threshold (Sadanandan et al., 2025; Cao et al., 2024). 

Table 2: Characteristics of Medical Device Data for Generative AI Modeling 

Data Attribute Description Relevance for Predictive Modeling 

Sensor signals 
Multivariate continuous and 
categorical signals from device 
components (EEG, BCI, imaging, etc.) 

Captures real-time operational states and 
potential anomalies (Kachhia et al., 2020; 
Kachhia & George, 2021) 

Error and event 
logs 

Discrete events, warnings, or error 
codes 

Enables identification of early failure patterns 
(Abd Rahman et al., 2023) 

Temporal 
sequences 

Time-stamped readings over device 
operation cycles 

Supports modeling of sequential dependencies 
and degradation trends (Amran et al., 2024) 

Multivariate 
correlations 

Interdependencies among different 
sensor channels 

Essential for generative models to learn joint 
distributions (Cao et al., 2024) 

Non-stationarity Changes in signal properties over time 
Requires models that adapt to evolving device 
behavior (Lin et al., 2014) 

Failure labels 
Annotated failure events when 
available 

Useful for validation and performance 
evaluation of generative models (Sadanandan 
et al., 2025) 

Data source 
Real-world clinical deployments or 
simulated/hybrid setups 

Determines realism and generalizability of 
predictive models (Abd Rahman et al., 2023; 
Kazerouni et al., 2023) 

4. Generative Model Architectures and Explainability Methodology 

4.1. GAN Architecture and Failure Precursor Learning 
Generative Adversarial Networks (GANs) are employed to model the distribution of normal medical device 
operations. A GAN consists of a generator G that produces synthetic device signals and a discriminator D that 
distinguishes real from generated data. Training involves an adversarial optimization: 

 

Where X represents real operational sequences, and Z is a latent vector (Sadanandan et al., 2025; Kachhia et al., 
2020). 

GANs capture subtle failure precursors by learning normal operational patterns, such that deviations in generator 
reconstructions indicate potential anomalies or early failure signals (Cao et al., 2024). 

4.2. VAE Latent Space Modeling and Reconstruction Insights 

Variational Autoencoders (VAEs) encode input device data X into a latent representation z∼qϕ (z∣X) and decode 
back to X ̂∼pθ (X∣z). The VAE optimizes the Evidence Lower Bound (ELBO): 

 

This approach provides interpretable latent features representing the operational state of devices (Abd Rahman et 
al., 2023; Amran et al., 2024). Reconstruction errors from the VAE highlight abnormal behaviors, enabling early 
detection of degradation patterns (Childs et al., 2018; Sadanandan et al., 2025). 

4.3. Diffusion Model Sampling and Anomaly Scoring 

Diffusion models iteratively refine noise samples to match the normal data distribution Pnormal For a time-series 
sequence X the forward diffusion adds Gaussian noise: 
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The reverse process denoises to reconstruct normal operations, where deviations between reconstructed and 
observed signals indicate anomalies (Cao et al., 2024; Chang et al., 2026; Croitoru et al., 2023). 

4.4. Explainability Approaches 
To enhance interpretability and clinical trust, explainability techniques are applied to each model: 
 GANs: Feature attribution maps highlight which sensor signals contributed most to anomalous 

reconstructions (Sadanandan et al., 2025). 
 VAEs: Saliency maps of latent variables reveal the dimensions associated with operational deviation (Abd 

Rahman et al., 2023). 
 Diffusion Models: Counterfactual reconstructions show how perturbations in input signals affect anomaly 

predictions, improving model transparency (Cao et al., 2024; Kazerouni et al., 2023). 

These methods facilitate understanding of device failure mechanisms and allow domain experts to validate 
model predictions. 

4.5. Reliability Evaluation Framework 
Model reliability is evaluated using: 
 Robustness: Ability to detect anomalies under noise or missing data (Abd Rahman et al., 2023; Sadanandan 

et al., 2025) 
 Uncertainty estimation: Variance in reconstruction or sampling provides confidence intervals for 

predictions (Chang et al., 2026) 
 Fault tolerance: Assessment of predictive performance when sensor channels fail or deviate (Childs et al., 

2018; Amran et al., 2024) 

This framework ensures that generative AI models can safely support early failure detection in medical devices. 

Table 3: Summary of Generative Models and Explainability Methods 

Model Key Components 
Anomaly Detection 

Mechanism 
Explainability 

Approach 
Reliability 

Considerations 

GAN 
Generator, 

Discriminator 

Reconstruction 
deviation from 

generator output 

Feature 
attribution maps 

Robustness to noise, early 
failure sensitivity 

VAE 
Encoder, Decoder, 

Latent Space 
Latent 

reconstruction error 
Saliency maps of 
latent variables 

Fault tolerance, 
uncertainty estimation 

Diffusion 
Model 

Forward/Reverse 
diffusion process 

Difference between 
denoised 

reconstruction and 
observed data 

Counterfactual 
reconstructions 

Stability under temporal 
non-stationarity, variance-
based confidence intervals 

This section establishes the architectural foundations and explainability strategies that guide anomaly 
detection and reliability evaluation in safety-critical medical devices. The combined use of GANs, VAEs, and 
diffusion models, complemented by interpretable insights, ensures clinically meaningful and trustworthy 
predictions. 

5. Evaluation, Results and Experimental setup. 

5.1. Partitioning and Validation Protocol of Datasets. 

The research utilizes the medical device operational data, including both real-life measurements and the 
simulated sequence of devices performances (Abd Rahman et al., 2023; Amran et al., 2024). The data are broken 
down in the following manner: 
 Training set, 70 percent of normal operating sequences. 
 Validation set: hyperparameter tuning: 15%. 
 Test set: 15 percent to test the relations of anomaly prediction and reliability. 

A stratified time separation avoids any mode of degradation and uncharacteristic modes of failure being 
unsymmetricly represented in sets. To minimize overfitting and determine generalization with other types of 
devices, cross-validation is used (Childs et al., 2018; Kachhia and George, 2021). 

5.2. Evaluation Metrics 

To measure performance, various complementary measures are used to determine predictive accuracy and 
robustness and explainability: 
 Prediction Accuracy (PA): Percentage of accurate prediction of early failures. 
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 F1-Score and Precision-Recall (PR): This is used to assess the ability to detect rare anomalous events 
(Sadanandan et al., 2025). 

 Uncertainty Calibration: Consistency between predicted uncertainty and trial variations (Cao et al., 2024; 
Chang et al., 2026) 

 Resilience: The performance of the model in the presence of sensor noise, channel dropouts, or time changes 
(Abd Rahman et al., 2023) 

 Interpretability Scores: This is a quantitative measure of feature attribution and counterfactual consistency 
(Croitoru et al., 2023; Kazerouni et al., 2023). 

The combination of these metrics gives a complete picture of predictability and reliability in medical devices 
that operate in the future. 

5.3. Comparative Results Between Generative Models. 

The quantitative results of GANs, VAEs, and diffusion models on the test dataset are provided in Table 4. 
Diffusion models are always the most appropriate to use because they have the highest success rates of 
identifying anomalies because of their iterative denoising scheme and capability to realize fine-grained temporal 
correlations (Cao et al., 2024; Kazerouni et al., 2023). 

GANs are indicative of excellent reconstruction-based anomaly detection but slightly reduced interpretability 
because of the adversarial training complexity (Sadanandan et al., 2025). Latent representations can be 
understood more easily by VAEs, which enhance feature-level understanding (Abd Rahman et al., 2023). 

Model Prediction Accuracy (%) F1-Score Uncertainty Calibration Interpretability Score 
GAN 87.3 0.82 0.76 0.78 
VAE 85.1 0.79 0.81 0.81 

Diffusion 91.6 0.87 0.88 0.84 
 

5.4. Reliability and Explainability Analysis. 

5.4.1. Reliability Evaluation 
 Noise Resistance: Diffusion models can detect 

objects with more than 90 percent accuracy with 
10 percent sensor noise, which is much better 
than GANs and VAEs (Cao et al., 2024). 

 Fault Tolerance: VAEs are able to withstand the 
absence of channels because of the encoding of 
latent spaces, but GANs do not (Childs et al., 
2018; Sadanandan et al., 2025). 

 Uncertainty Estimation: Diffusion models are 
well-calibrated prediction intervals, which assist 
in clinical monitoring scenarios in making 
decisions (Chang et al., 2026). 

5.4.2. Explainability Analysis 

 Feature Attribution: GANs indicate anomalies 
in high-variance feature of operation but have no 
interpretation of latents (Sadanandan et al., 2025). 

 Latent Space Visualization: VAEs can offer 
understandable represents a projection of health 
conditions of devices, and technicians can detect 
early failure trends (Abd Rahman et al., 2023). 

 Counterfactual Analysis: Diffusion models 
provide the ability to estimate the response to 
changing operational signals, which can be used 
to make the prediction of anomalies (Croitoru et 
al., 2023; Kazerouni et al., 2023). 

Explainability outputs are verified by qualitative 
assessment by domain experts, as reliable in the 

predictive maintenance decision, and have a clinical 
meaning and are actionable (Amran et al., 2024). 

Summary 

This comparison shows that diffusion models have 
the most suitable trade-off between predictive 
accuracy, reliability, and explainability. GANs are 
good at early anomaly detection and have little 
interpretability, whereas VAEs provide unopaque 
information at the expense of a minor loss to 
detection. Quantitative metrics with explainability 
analysis make the models appropriate in terms of 
safety-critical medical devices (Abd Rahman et al., 
2023; Sadanandan et al., 2025; Cao et al., 2024). 

6. Discussion and Practical Implications 

6.1. Interpretation of Explainability and 

Reliability Results 

The experimental results highlight that diffusion 
models consistently outperform GANs and VAEs in 
early anomaly detection for medical devices. Their 
iterative denoising and stochastic sampling 
mechanisms allow fine-grained reconstruction of 
normal operational behavior, resulting in superior 
predictive accuracy (Cao et al., 2024; Kazerouni et 
al., 2023). VAEs, while slightly less accurate, offer 
interpretable latent spaces that facilitate 
understanding of failure precursors (Abd Rahman et 
al., 2023). GANs, though highly effective at 
reconstructing device signals, present challenges in 
interpretability due to the adversarial nature of 
training (Sadanandan et al., 2025). 
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Explainability outputs--feature attribution, latent 
space projections, and counterfactual analyses--
provide actionable insights for clinical engineers. For 
instance, deviations in key sensor readings 
highlighted by the models can guide preventive 
maintenance before actual failures occur (Abd 
Rahman et al., 2023; Croitoru et al., 2023). The 
combination of high predictive reliability and 
interpretability strengthens trust in AI-driven 
predictive maintenance frameworks for safety-critical 
medical devices. 

6.2. Implications for Clinical Deployment and 

Trust in AI 

In clinical environments, early warning and 
interpretability are essential for adoption of AI 
systems. Diffusion models' high uncertainty 
calibration and robust anomaly detection enable 
clinicians and technical staff to act confidently on 
alerts (Chang et al., 2026). VAEs' interpretable latent 
features allow tracing of specific device parameters 
contributing to failure, enhancing transparency for 
regulatory review and technician decision-making 
(Abd Rahman et al., 2023). 

The findings support the deployment of hybrid model 
strategies: diffusion models for high-accuracy 
detection and VAEs for explainable insights. Such 
combined approaches enhance operational safety, 
reduce unplanned downtime, and reinforce clinician 
trust in AI-guided maintenance processes (Amran et 
al., 2024; Sadanandan et al., 2025). 

6.3. Regulatory and Ethical Considerations for 

Medical Devices 

The use of AI in predictive maintenance for medical 
devices intersects with regulatory and ethical 
domains. Explainable outputs and uncertainty 
quantification help meet regulatory requirements such 
as ISO 13485 and FDA guidelines for software as a 
medical device (Abd Rahman et al., 2023; Amran et 
al., 2024). 

Ethical considerations include ensuring patient safety 
by avoiding false negatives in anomaly detection and 
providing clear accountability pathways for 
maintenance decisions. Explainable AI helps mitigate 
risks associated with black-box predictions, ensuring 
that operators can validate model outputs before 
acting (Croitoru et al., 2023; Kazerouni et al., 2023). 

6.4. Limitations and Threats to Validity 

Despite the promising results, the study has 
limitations: 
Dataset diversity: The majority of data are collected 
from specific medical device types; performance may 
vary for devices with different operational 
characteristics (Abd Rahman et al., 2023). 

Simulation vs. real-world variance: Simulated 
degradation patterns may not capture all real-world 
anomalies, potentially inflating model performance 
(Cao et al., 2024). 

Model generalization: GANs and VAEs may require 
retraining for new device types, while diffusion 
models are computationally intensive (Sadanandan et 
al., 2025; Croitoru et al., 2023). 

Interpretability subjectivity: Quantitative 
explainability scores may not fully capture human 
trust or decision-making preferences (Kazerouni et 
al., 2023). 

Addressing these limitations in future work will 
enhance model robustness, reliability, and clinical 
applicability. 

Conclusion and Future Research Directions 

Summary of Findings 

This study conducted a comprehensive analysis of 
GANs, VAEs, and diffusion models for predictive 
maintenance and failure prediction in medical 
devices. Diffusion models consistently demonstrated 
superior predictive accuracy and reliability, while 
VAEs offered interpretable latent representations, and 
GANs provided high-fidelity reconstructions but with 
limited explainability. Explainability approaches such 
as saliency maps, feature attribution, and 
counterfactual analysis revealed actionable insights 
into device failure precursors, supporting trust in AI-
driven maintenance frameworks. Overall, the 
combination of high reliability, interpretability, and 
predictive performance establishes a foundation for 
deploying generative models in clinical settings. 

Contributions to Explainable and Reliable 

Predictive Maintenance 

The key contributions of this work include: 
1. A comparative evaluation of three generative 

model classes (GANs, VAEs, diffusion models) 
in the context of medical device failure 
prediction. 

2. Development of a reliability and explainability 
framework for model evaluation, incorporating 
uncertainty estimation, robustness, and fault 
tolerance. 

3. Demonstration of how explainable outputs can 
guide maintenance interventions and support 
regulatory compliance, bridging the gap between 
AI predictions and clinical decision-making. 

Recommendations for Practitioners 

For clinical engineers and medical device operators: 
1. Deploy diffusion models for high-accuracy 

anomaly detection, supported by VAEs for 
interpretability. 
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2. Leverage explainability tools to identify failure 
precursors, enabling proactive maintenance. 

3. Regularly validate AI models on diverse device 
datasets to maintain reliability across device types 
and operational contexts. 

Future Research Directions 

Future work should focus on: 
1. Cross-device generalization: Testing models on 

heterogeneous medical device types to assess 
scalability. 

2. Hybrid model integration: Combining GANs, 
VAEs, and diffusion models for a balance of 
accuracy, reliability, and explainability. 

3. Real-time deployment: Adapting models for edge 
or cloud-based monitoring systems to provide 
continuous early-warning capabilities. 

4. Enhanced interpretability metrics: Developing 
quantitative frameworks that align with human 
trust and regulatory requirements. 

5. Robustness to operational variability: Addressing 
environmental, usage, and sensor variability to 
improve model reliability in clinical practice. 

By advancing these areas, generative AI can become 
a trusted tool for predictive maintenance in safety-
critical medical devices, enhancing patient safety, 
reducing downtime, and supporting regulatory 
compliance. 
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