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ARTICLE INFO ABSTRACT

Dataset link: 10.5281/zenodo.10041106 The primary goal of this project is to create a framework to extract Real-World Evidence
to support Health Technology Assessment, Health Technology Management, Evidence-Based
Maintenance, and Post Market Surveillance (as outlined in the EU Medical Device Regulation
. 2017/745) of medical devices using Natural Language Processing (NLP) and Artificial Intelligence.
Natural language processing ol K X X i
Real-world evidence An initial literature review on Spontaneous Reporting System databases, Health Information
Health information technologies Technologies (HIT) fault classification, and Natural Language Processing has been conducted,
Medical devices from which it clearly emerges that adverse events related to HIT are increasing over time.
The proposed framework uses NLP techniques and Explainable Artificial Intelligence models
to automatically identify HIT-related adverse event reports. The designed model employs a pre-
trained version of ClinicalBERT that has been fine-tuned and tested on 3,075 adverse event
reports extracted from the FDA MAUDE database and manually labelled by experts.

Keywords:
Clinical engineering

1. Introduction

Patient safety is an essential element to guarantee high levels of quality of care [1]. Patient safety is strictly related to health
technologies, including devices, medicines, vaccines, procedures, and systems. Studying and managing health technology adverse
events is critical for improving medical quality and safety [2]. In recent years, we have encountered a process of critical analysis
of the manufacturer’s maintenance recommendations, urging Clinical Engineers (CE) and Health Technology Management (HTM)
professionals to adopt evidence-based methods to maintain medical equipment’s dependability and safety while using their resources
wisely [3]. In this scenario, Real-World Data (RWD), i.e., observational data associated with outcomes in real-world settings, can be
used to generate Real-World Evidence (RWE) to assess the effectiveness and the safety of a given health technology by examining the
intended and unintended consequences of its use. RWE can be employed in healthcare for different purposes, such as to support more
effective and cost-efficient medical product regulatory decision-making across the product life cycle. The new EU Medical Device
Regulation 2017/745 (EU-MDR) requires companies to register their devices in the EUDAMED database following the European
Medical Device Nomenclature (EMDN) [4], and to provide a Periodic Safety Update report and a Post Market Surveillance (PMS)
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Fig. 1. HIT-related adverse events extracted from the MAUDE database up to 2018 [12].

report [5]. The continuous analysis of the safety signals, which emerge from the adverse events of the medical devices available on the
market, has indeed a strong significance for manufacturers in relation to the aforementioned legal obligations. Besides, RWE is also
very useful for performing the market evaluation of a specific medical device, analysing faults, planning updates and interventions,
and avoiding recalls. It is also well-recognized that RWD is a source for assessing the impact of health technologies in terms of
risk minimisation, pricing, and reimbursement decisions [6]. Health Technology Assessment (HTA) is “a multidisciplinary process
that uses explicit methods to determine the value of health technology at different points in its life-cycle. The purpose is to inform
decision-making in order to promote an equitable, efficient, and high-quality health system” [7]. The process is formal, systematic,
and transparent, and uses state-of-the-art methods and data collected during the routine delivery of health care to consider the
best available evidence [8]. Outcomes can be used to highlight both the most common faults and the unexpected new problems of
medical devices. Maintenance is another essential component of the activities in the hospital’s CE and HTM departments, because of
the enormous personnel and financial resources required. As a result, evaluating the efficiency of maintenance programmes solely
depends on making the best use of the available resources [9]. Evidence-Based Maintenance (EBM) involves the use of RWD and
scientific RWE to identify the optimal maintenance strategies for medical devices, by analysing the causes of equipment failures
to monitor the maintenance effectiveness and plan any necessary changes to improve it [10]. Analyses based on RWE require the
availability of a significant amount of RWD to perform a solid study and extract actual evidence of a general nature. Medical RWD can
originate from different sources, such as Electronic Health Records (EHR), patient surveys, Computerized Maintenance Management
System (CMMS) software [11], and Spontaneous Reporting System (SRS) databases. Recently, these data sources show the common
trend of the gradual growth of adverse events related to Health Information Technologies (Fig. 1) [12], which is coherent with the
diffusion of medical software in healthcare and with the resulting possible faults which, in addition, may be also caused by the
hardware they are installed on [13].

In such a scenario, using Neural Networks and Natural Language Processing (NLP) techniques to mine structured data from the
above-cited sources can improve the extraction of RWE, thus empowering the processes of designing, assessing, evaluating, and
managing health technologies. In such real-world applications, explainability and transparency of Artificial Intelligence (AI) systems
are becoming more and more essential for users and for the researchers and developers who create Al solutions [14]. Explainable
Artificial Intelligence (XAI) is a research field that aims to make AI systems results more understandable to humans. The goal
of enabling explainability in Machine Learning (ML) “is to ensure that algorithmic decisions, as well as any data driving those
decisions, can be explained to end-users and other stakeholders in non-technical terms” [15].

The main goal of this work is to develop a framework to support the extraction of RWE through NLP, Deep Neural Networks
(DNNs), and Explainable Al for mining and classifying Health Information Technologies (HIT) adverse events extracted by het-
erogeneous sources of RWD. To achieve the proposed goal, records extracted by the US Manufacturer and User Device Experience
(MAUDE) database have been labelled by experts as HIT/non-HIT adverse events and used to fine-tune a pre-trained model for binary
text classification. The model has been validated with a 10-fold validation process and then tested against a subset of records to assess
its performance. XAl methods have been further applied to highlight the most common features which led to a given classification,
helping the final user understand the type of HIT-related adverse event. The developed framework is something that has not been
experienced yet, and so it may result in a novel and possibly new successful approach for obtaining RWE for decision-making pur-
poses in several Clinical Engineering fields, such as Evidence-Based Maintenance, Health Technology Management and Assessment,
and Post-Market Surveillance.
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2. Background
2.1. Data sources available for medical device vigilance

Health authorities maintain two types of regulatory databases: SRS databases and recall/alert databases. The main publicly
available SRS databases are:

+ The US Manufacturer and User Facility Device Experience (MAUDE), regulated by the FDA Center for Devices & Radiological
Health;

« The EU European Databank for Medical Devices (EUDAMED), regulated by the European Commission;

 The Australian Database of Adverse Event Notifications (DAEN), regulated by the Therapeutics Goods Administration.

Manufacturing companies are forced to report events to vigilance databases; individuals, healthcare providers, patients, and other
organisations are free to report events of their own volition. This voluntary reporting is indeed a significant contributor to the problem
of under-reporting. In 2013, the FDA introduced a final ruling requiring the implementation of a Unique Device Identification (UDI)
system for medical device vigilance. Similarly, the European Commission mandated UDI adoption for devices certified under the
EU-MDR starting in 2020. MAUDE is the most widely used and publicly accessible SRS for adverse events, gathering data from all
across the world [16]. EUDAMED is still relatively short in data because the event submissions started in 2022. Moreover, the public
database access limits are still unknown.

2.2. Spontaneous reporting systems and health information technologies fault classification

A literature review has been performed on SRS databases and their use for data and text mining, as well as on HIT fault classifica-
tion. The majority of works in the area of mining SRS databases were based on the FAERS and the VAERS but also included articles
based on the MAUDE. Very few of them regarded data repositories maintained by other countries. Identified articles focused only on
structured data. Lately, several researchers have started tuning the SRS disproportionality findings using data from additional data
sources [17-19]. Alemzadeh et al. [20] examined 5,294 medical device recalls from 2006 to 2011 and found that 1,210 of the recalls
during that time were related to computers. 94% of them carried a risk of death or serious injury. Software bugs accounted for 64%.

An analysis of MD recalls registered in FDA records for the period 1999-2005 reported that one-third concerned MDs using
software for their functioning and showed a constant increase of software failure throughout these years [21]. Pecoraro and Luzi
[22] analysed 3,745 reports related to software failure on HIT extracted from the MAUDE database, classifying them into ten classes.

2.3. Natural language processing

Finally, a literature review has been performed on NLP techniques applied to medical devices. Sentiment Analysis (SA) is an
approach to NLP that identifies the emotional tone behind a body of text. In healthcare, it can be employed to gain insights from
both medical social media and clinical documents regarding the effectiveness of a treatment or medication [23]. A recently published
scoping review was used as starting point [24]. The first distinction that emerges from the review is the preferred approach used
for NLP tasks and SA: lexicon-based vs ML-based. As generally stated by the authors, the lexicon-based approach is not well suited
for capturing the meanings in medical texts. The majority of analysed papers rely on ML methods (Support Vector Machines -
SVM, Naive-Bayes, regression tree) using input features such as POS (Part of Speech) tagging, TD-IDF (Term Frequency-Inverse
Document Frequency), BTO (Binary Term Occurrences) and Word2Vec. In particular, the SVM classifier is one of the most successfully
used in opinion mining [25,26]. Biomedical texts, including adverse events reports, are potential resources of massive information
and hidden knowledge, unfortunately, it is not possible for researchers and practitioners to keep themselves updated with all the
developments in the biomedical field [27]. The emphasis of biomedical research is therefore shifting from individual entities to whole
systems, with the demand of extracting relationships between entities from biomedical text to generate knowledge. Biomedical Causal
Relation Extraction (BCRE) aims to efficiently reveal high-quality relations from domain-related resources [28]. Transformer models,
introduced in 2017 [29], have been developed to address NLP tasks and overcome the limitations of Recurrent Neural Networks
(RNNs). Transformers have become the deep learning model of choice for NLP problems [30,31] (Fig. 2).

Transformers make use of multi-headed self-attention to perform sequence-to-sequence learning tasks [29]. Self-attention is
used to learn long-range dependencies between the elements in a sequence. Multi-head self-attention is the combination of several
attention heads. The attention mechanism performs a lookup producing a set of weights for each element. The most relevant elements
have the highest attention scores. This allows the model to be explainable with reference to both input and output. This has led to
the development of pre-trained systems such as the popular BERT (Bidirectional Encoder Representations from Transformers) [32]
and GPT (Generative Pre-trained Transformer) [33].

Researchers have been actively advancing BERT-based models to effectively and efficiently process textual information about
biomedical and clinical texts. Notable examples of successful BERT-based models in this domain are:

+ SciBERT [34] is an extension of the foundational BERT architecture, tailored to enhance its performance when dealing with
scientific data.
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Fig. 3. Proposed framework.

» BioBERT [35] is a BERT model customized for the biomedical domain. It has been pre-trained on a substantial volume of
biomedical text corpora, making it well-suited for biomedical text analysis.

+ ClinicalBERT [36] serves as a language representation model designed specifically for extracting relationships between medical
concepts from clinical notes.

Recent studies [37] show that these specifically pre-trained models outperform classical models in extracting evidence from
biomedical corpora. The literature review shows that the application of NLP and DNNs on medical devices (especially software) is
still in the embryonic phase.

3. Materials and methods
3.1. Proposed framework

The proposed framework is illustrated in Fig. 3. Input data consist of medical device adverse event reports extracted from the US
MAUDE database.

The developed model is based on the emilyalsentzer/Bio_ClinicalBERT model from HuggingFace, initialized from BioBERT
(BioBERT-Base v1.0 + PubMed 200 K + PMC 270 K) and trained on all notes from MIMIC III, a database containing EHRs from
Intensive-Care Unit patients at the Beth Israel Hospital in Boston, MA [38]. The model uses 12 layers of transformers block with a
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Fig. 4. Results of Kolmogorov-Smirnov test applied to non-HIT data.

hidden size of 768 and a number of self-attention heads as 12. The pre-trained Bio_ClinicalBERT model has been fine-tuned on 3,705
manually-labelled adverse events reports extracted from the MAUDE database, to help the model learning domain-specific knowledge
and terminology, leading to more accurate predictions. The implemented model performs binary text classification between HIT and
non-HIT adverse event reports. XAl is also applied to the model to understand the weights of each feature related to the output
classes. Weighted keywords extracted from both output classes may also be used to help users labelling new records, providing a
prediction classification score. The developed framework represents a novelty in the Clinical Engineering field, as the RWE extracted
can be applied for EBM, HTM, HTA, and PMS scopes as mentioned in Section 1.

3.2. Dataset statistical analysis

1,857 reports extracted from the FDA MAUDE were labelled by experts as HIT-related between January, 1st 2008 and June,
30th 2010. The remaining 513,183 reports which belonged to the same time span were otherwise classified as non-HIT. After
discarding the records with no narrative data associated, the resulting dataset contained 492,030 records. 1,848 reports have been
randomly sampled from the non-HIT population in order to build a balanced training dataset for the BERT classifier (class weights
are respectively 1.0132 and 0.9871 for HIT and non-HIT adverse event reports). Kolmogorov-Smirnov test has been performed to
compute the distances between the empirical (sample) and the theoretical (original) distributions and check whether the two follow
the same distribution in relation to the manufacturer and the medical speciality (Fig. 4).

Manufacturer and medical speciality categorical variables were statistically described as frequency count and percentage (Figs. 5
and 6).

Texts longer than 512 words have been truncated without losing any meaningful information as they represent 99.14% of the
whole dataset (Fig. 7).

The combined reports have been used for training, evaluation, and testing on an NVIDIA GeForce RTX 3090. The model has been
tested on 741 never seen records (20% of the whole dataset). The remaining samples (2,964 rows) have been split respectively into
80% for training and 20% for validation.

3.3. Explainable artificial intelligence

Two surrogate XAl models have been used to understand which are the main features that affect the output of the model, in order
to unravel the decision-making process: LIME and SHAP.

LIME stands for Local Interpretable Model Agnostic Explanation. The “local” aspect means that it is used to explain individual
predictions of a machine learning model. Each text record within the test set is explained in terms of keywords, each one weighted
in terms of relevance to the contribution to the final binary classification [39].

SHAP (SHapley Additive exPlanations) is a method based on cooperative game theory and used to increase the transparency and
interpretability of machine learning models. The absolute SHAP value shows how much a single feature affected the prediction [40].

4. Results

Various experiments have been initially conducted in order to tweak the model parameters. Dropout hyper-parameters have been
constantly set to 0.5 for the attention layer and 0.1 for the hidden layer [41]. Three different activation functions - the Sigmoid Linear
Unit (SiLU), the Rectifier Linear Unit (ReLU), and the Gaussian Error Linear Unit (GELU), three learning rates for the optimisation
algorithm (5e°, 3e”, and 2e), and three batch sizes (8, 16, and 32) have been tested as suggested by Devlin et al. [32]. Tests have
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been also conducted on the number of frozen layers to achieve the best performance: 0, 4, 8, or 12 encoder layers have been frozen.
A test has been also conducted by only freezing the embedding layers. The best performances have been achieved with 8 frozen
layers, the GELU activation function, a batch size of 16, and the AdamW optimizer with a learning rate of 2e”>. The model has been
trained for a total of 30 epochs. Fig. 8 plots the comparison between training and validation loss, showing how the model begins to

overfit after the first seven epochs.

The observed trend is coherent with the general approach of fine-tuning BERT-based models for just a limited number of epochs
[32]. Therefore, the model has been trained only for seven epochs to avoid overfitting, obtaining 0.9680 accuracy, 0.9603 precision,
0.9764 recall, and 0.9683 F1 score. Finally, a new model has been trained on the same dataset with the same tuned hyper-parameters
and k-fold cross-validation (10 folds). Results are shown in Table 1.
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Fig. 7. Number of words for analysed records. The majority of records (99.14%) present a text length which is shorter than 512 words.
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Table 1

Results of 10-fold validation on 2,964 records. Highlighted fold 4 shows the best overall metrics.

Fold Train loss Validation loss Accuracy Precision Recall F1 score
1 0.0385 0.1277 0.9663 0.9860 0.9463 0.9658
2 0.0145 0.0169 0.9966 1.0000 0.9933 0.9966
3 0.0026 0.0102 1.0000 1.0000 1.0000 1.0000
4 0.0001 0.0012 1.0000 1.0000 1.0000 1.0000
5 0.0002 0.0088 1.0000 1.0000 1.0000 1.0000
6 0.0001 0.0028 1.0000 1.0000 1.0000 1.0000
7 0.0002 0.0026 1.0000 1.0000 1.0000 1.0000
8 0.0037 0.0047 0.9966 0.9933 1.0000 0.9966
9 0.0002 0.0143 1.0000 1.0000 1.0000 1.0000
10 0.0001 0.0014 1.0000 1.0000 1.0000 1.0000
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4.1. Testing and performance evaluation

The best-performing model (fold number 4) has then been tested on the testing dataset, with the following performances: 0.9946
accuracy, 0.9893 precision, 1.0000 recall, 0.9946 F1-score, and 98.93% Matthews Correlation Coefficient. Fig. 9 compares the
training and validation loss in relation to the training epochs to ensure that there is no overfitting during training. Receiver Operating
Characteristic (ROC) curve and confusion matrix for testing results are shown in Fig. 10.

The developed model has an overall classification run-time of 9.73 s + 21.5 ms for 1,000 reports. The classification run-time of
one report is 9.48 ms + 5.6 ps. Results show better metrics than other existing HIT adverse events reports text classifiers based on
non-BERT NLP models (Table 2).

4.2. Explainable AI applied to the model

Fig. 11 shows the bar plot of the top 20 features obtained with SHAP applied on the best-performing model (fold 4) on the test
set. Words such as “handheld”, “computer”, “screen”, and “software” have a high positive contribution to the prediction of the HIT
class, while “device”, “product”, and “reported” have a negative contribution to the prediction, reflecting a positive weight for the
non-HIT class.

Fig. 12 shows how LIME explains the output classification for a given text with the top 10 features: words such as “track”,
“tracker”, or “system” have a high weight related to the HIT output class, so they are mainly responsible for the final classification
of the model (which in this case is concordant with the label).
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Table 2

Comparison of performances of the proposed NLP model (fine-tuned ClinicalBERT) and other non-
BERT models. LR - Logistic Regression. SVM - Support Vector Machine. CNN - Convolutional Neural
Network. HRNN - Hierarchical Recurrent Neural Network.

Model Accuracy Precision Recall F1 score
ClinicalBERT 0.9946 0.9893 1.0000 0.9946
LR [42] - 0.9670 0.9420 0.9540
LR [43] - 0.6940 0.8040 0.7450
SVM+LR+CNN [44] 0.9012 0.8796 0.8606 0.8700
LR+CNN-+HRNN [12] 0.9030 - - 0.8760
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Fig. 11. Bar plot of the top 20 features analysed with SHAP.
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Fig. 12. LIME applied to record with MDR key number 978,358 for top 10 features. Words like “track”, “tracker”, and “system” have a strong significance for the HIT

output class, and they are those responsible for the final model classification.

The overall weight for each keyword is calculated according to the formula:

k
anl my

F,= ==

For each keyword, all the magnitudes identified within the texts m, are summed together and then divided for the total count of
the analysed keyword k. The calculated value F; is the overall weight associated with the given keyword, representing the overall
importance of that feature within the whole testing set in relation to the final classification. The process is applied both to HIT and

non-HIT keywords (Fig. 13 and Fig. 14).

Words like “handheld”, “itrak”, “ultrasound”, or “centricity” are associated with high average magnitudes in relation to the HIT
class. Words like “fowler”, “bilirubin”, “bladder”, or “reprocessed” have instead higher average magnitudes for the non-HIT class.
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HANDPIECE ext with highlighted words
non-HIT 0358 E0e
HIT [ 078 R ROC ] IN 2008, ETHICON HARMONIC SCALPEL HANDPIEGE THAT WAS REPROCESSED BY ASCENT HEALTHCARE SOLUTIONS
ANOTHER FAILED TO WORK DURING INITIAL ATTEMPT TO USE DURING SURGERY CAUSING A DELAY IN THE SURGERY. ANOTHER
= REPROCESSED HANDPIEGE OPENED AND USED WITHOUT INCIDENT. ORIGINAL MANUFACTURE HAS BEEN NOTIFIED.
015
ORIGINAL
0.13|
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Fig. 15. LIME applied to one adverse event report classified as HIT but labelled as non-HIT by experts. The misclassification is mainly due to the word “handpiece”.

5. Discussion

The developed and tested classification model is able to identify HIT-related adverse events using free-text narratives while
highlighting the main features (keywords) of the final score by using XAI methods, helping understand the type of the described
adverse event. By focusing only on the free-text descriptions, the model can be applied to different adverse events reporting systems
and databases making the model generalizable. Moreover, the classification run-time of 9.73 s + 21.5 ms for 1,000 reports does not
preclude the usability of the model, as the run-time is coherent with the amount of analysed data and the used GPU. The implemented
model can be easily saved and exported for being used by different stakeholders for the purposes described in Section 1. The model
can be consumed in the same framework through the pipeline object provided by HuggingFace’s transformers library, which allows
abstracting most of the complex code, offering a simple API for the text classification task. Moreover, the model can also be exported
in the Open Neural Network Exchange (ONNX) file format, which allows consuming the model in a different framework, such
as Microsoft ML.NET, improving usability and interoperability. However, the proposed model is still a prototype, so a usability
evaluation should be conducted in its production stage to actually evaluate how it performs in more stressful conditions.

5.1. Implementation and best practice

The definition of the hyperparameters of the model followed the common best practice for fine-tuning BERT models as described
by Devlin et al. [32]. All the tested values for the activation function, the batch size, the optimizer, and the learning rate are those
suggested by the authors of the language representation model. Another common best practice is to use only a few epochs for fine-
tuning BERT models for domain-specific tasks, as a pre-trained model usually requires a much smaller number of epochs than models
trained from scratch. In fact, the authors of BERT recommend between two and four epochs [32]. Further training often translates to
overfitting the data and forgetting the pre-trained weights (catastrophic forgetting), as our initial fine-tuning also shows (Fig. 8). A
high variability in accuracy between runs with the same settings has also been observed. This instability is known since the release
of BERT. While catastrophic forgetting and the small sizes of the dataset were first suspected as the causes of this instability, more
recent work [45] suggests that optimisation difficulties leading to vanishing gradients are the actual reasons. This represented a huge
issue during the development of the model, even though defining fixed seeds and implementing layer-freezing during the fine-tuning
phase seemed to partially mitigate the problem.

5.2. Explainable Al

XAI can help understand the process behind the final classification performed by the model. The two implemented strategies
(SHAP and LIME) bring similar results for the most relevant features which led the model to the HIT class, while the results for the
non-HIT class are different. The discrepancy may be mainly due to the different types of variables analysed in the charts. A single
feature may have a not-high cumulative SHAP value (reflected in a not-high general weight) but with a high average magnitude due
to its low frequency in the whole analysed corpora. It is also relevant to analyse what brought the model to perform an incorrect
classification. We discuss the extracted texts analysed with LIME related to the four false positives classification (Fig. 10). In the first
case, it clearly emerges that the word “handpiece” is the main responsible for the misclassification, because it has been commonly
associated with HIT adverse events by the model during the training phase (Fig. 15).

The second and the third reports (Fig. 16 and Fig. 17) are totally different cases. In fact, for these reports, the initial label
assigned by the experts is actually wrong, and the texts are correctly associated with HIT adverse events: a mix-up of images due to
a communication error in the first example, and a system freeze issue during pre-exercise image acquisition in the second one.

In the last example (Fig. 18), it can be observed that the features with higher weights such as “numbers”, “34”, and “various” lead
the model toward the wrong classification, being the report related to a medication cassette reservoir. Additional fine-tuning of the
model should be performed in order to make it able to contextualize the words “numbers” and “various” more specifically, resulting
in lesser associated classification weights as they are more common-speech features.

5.3. Environmental impact of artificial intelligence

As a final consideration, the environmental impact of Al should also be cited. Indeed, whenever Al models are described and
analysed, a parallel discussion on the environmental impact of such technologies should be performed. CO, emission from the world
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SERVICE REP REPLACED THE SBC CPU BOARD AND VERIFIED THE C-ARM FOR PROPER OPERATION BY REBOOTING 20
TIMES AND USING THE C-ARM. DURING THE COURSE OF THIS REPAIR, HE FOUND A PROBLEM WITH THE IMAGES BEING
MIXED UP BETWEEN THE THUMBNAILS AND THE IMAGES SO ANOTHER CASE WAS OPENED. SYSTEM OPERATES AS
INTENDED.

Fig. 16. LIME applied to one adverse event report classified as HIT but labelled as non-HIT by experts. The words “images” and “system” strongly contribute to
classifying the record as HIT adverse event. By reading the text, it can be assumed that the report is about a communication error with the subsequent mix-up of
images, which can be actually considered a HIT-related adverse event.
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Fig. 17. LIME applied to one adverse event report classified as HIT but labelled as non-HIT by experts. Words such as “machine”, “images”, and “ultrasound” lead the
model toward a HIT prediction, which is actually true, being the initial label wrongly assigned as it emerges by reading the text.
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Fig. 18. LIME applied to a false-positive classification. Features with higher weights such as “numbers”, “34”, and “various” lead the model toward the wrong
classification, being the report related to a medication cassette reservoir.

computing infrastructure is now equivalent to aeronautics at its top, and it is growing faster and faster each year [46]. According to
Belkhir and Elmeligi [47] the demand for electricity from data centres will contribute to 14% of the global emission of greenhouse
gas by 2040. Even only the training of a small NLP model can produce about 300,000 kilograms of CO,, which is the same as
five gas-fuelled cars in their whole life cycle, or 125 flights from New York to Beijing and back [48]. In such a scenario, especially
when discussing the scalability of an Al model to larger case studies and for bigger stakeholders, the authors think that the common
practice of maximizing computing cycles to improve performances must not be the only goal, but it has to be combined with the
analysis of the consumption of energy of CPUs and GPUs, not only from the economic point of view but also as a contribution to the
global pollution.

6. Conclusion

The proposed framework employs NLP techniques and models, such as BERT, to automatically identify adverse event reports
related to Health Information Technologies. Input data come from the FDA MAUDE database of medical device adverse event reports,
but they can also originate from different sources. Further connections could be soon available to access data from local hospitals’
CMMS and Computer-Aided Facility Management (CAFM) systems [49-52]. The framework aims to extract RWE to support EBM
of medical devices, HTA, and HTM, as well as PMS as outlined in the EU-MDR. The designed model uses a pre-trained version of
ClinicalBERT, additionally fine-tuned on 2,964 adverse events reports extracted from the FDA MAUDE database, which had been
previously manually labelled by experts. The model has then been tested with 741 reports. Results show better metrics than other
existing NLP HIT adverse events reports text classifiers based on non-BERT models [12,42-44]. Explainable Artificial Intelligence
techniques have also been employed to understand how the model interprets each feature, calculating the overall weight of each
word in relation to the final output classes. Both employed XAI methods (LIME and SHAP) highlight how a subset of specific features
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(e.g., “handheld”, “computer”, “software”) have a high weight in determining the final output class of the model, as it is conceivable
and congruent with the type of analysed events.

Highlighting both the most common faults and the unexpected new challenges before introducing a new device is vital to perform
an actual assessment of the whole life-cycle of the technology (from purchase to maintenance until discontinuation), evaluating
all the possible hidden costs which it may impact. The performance and the robustness of the model can be further improved by
exploiting new adverse event reports extracted by the MAUDE or other SRS databases (e.g., the EU EUDAMED and the Australian
DAEN). In doing so, the results that emerged from the implementation of XAI methods can be incorporated to ease the process of
labelling new records.

CRediT authorship contribution statement

Alessio Luschi: Conceptualization, Formal analysis, Investigation, Methodology, Software, Writing — original draft, Writing —
review & editing, Data curation, Resources. Paolo Nesi: Investigation, Methodology, Supervision, Validation. Ernesto Iadanza:
Conceptualization, Methodology, Project administration, Supervision, Validation.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability

The data that support the findings of this study are available in GitHub at DOI/10.5281/zenodo.10041106. Data includes the
labelled dataset extracted from the MAUDE database, the implemented model, and the Python code.

Acknowledgements

The authors would like to thank Professor Farah Magrabi and her team at Macquaire University in Sidney (Australia) for providing
the initial labelled dataset.

Appendix A. Supplementary material
Supplementary material related to this article can be found online at https://doi.org/10.1016/j.heliyon.2023.e21723.

References

[1] Institute of Medicine (US) Committee on Quality of Health Care in America, Crossing the Quality Chasm: A New Health System for the 21st Century, National
Academies Press (US), Washington (DC), 2001.
[2] J. Sun, J. Pan, Y. Jin, Q. Zhang, Y. Lv, J. Feng, Establishment of a medical device adverse event management system for hospitals, BMC Health Serv. Res. 22
(2022) 1406.
[3] E. Iadanza, C. Ignesti, R. Miniati, A. Luschi, Risk management process on a new microwave thermal ablation device: assessment and follow up, in: XIV
Mediterranean Conference on Medical and Biological Engineering and Computing 2016, vol. 57, 2016, pp. 1019-1023.
[4] A. Luschi, C. Petraccone, G. Fico, L. Pecchia, E. Iadanza, Semantic ontologies for complex healthcare structures: a scoping review, IEEE Access 11 (2023)
19228-19246.
[5] European Union, Medical devices regulation (EU) 2017/745, https://eur-lex.europa.eu/legal-content/IT/ALL/?uri = celex:32017R0745, 2017. (Accessed 23
March 2023).
[6] A. Cave, X. Kurz, P. Arlett, Real-world data for regulatory decision making: challenges and possible solutions for Europe, Clin. Pharmacol. Ther. 106 (04 2019).
[7] LN. of Agencies for Health Technology Assessment, H.T.A. International, Health technology assessment, http://htaglossary.net/health-technology-assessment,
2022. (Accessed 8 February 2022).
[8] A. Luschi, L. Caltagirone, C. Mondovecchio, R. Miniati, E. Iadanza, Assessing the impact of a cis/pacs technology for a cardiology department using qfd
methodology, in: IFMBE Proceedings, vol. 57, 2016, pp. 971-974.
[9] B. Wang, E. Furst, T. Cohen, O.R. Keil, M. Ridgway, R. Stiefel, Medical equipment management strategies, Biomed. Instrum. Technol. 40 (3) (2006) 233-237.
[10] E. lIadanza, V. Gonnelli, F. Satta, M. Gherardelli, Evidence-based medical equipment management: a convenient implementation, Med. Biol. Eng. Comput. 57
(2019) 1-16.
[11] L. Mascii, A. Luschi, E. ladanza, Sentiment analysis for performance evaluation of maintenance in healthcare, in: IFMBE Proceedings, vol. 84, 2021, pp. 359-367.
[12] H. Kang, Y. Gong, Creating a database for health it events via a hybrid deep learning model, J. Biomed. Inform. 110 (2020) 103556.
[13] E. Iadanza, F. Dori, R. Miniati, E. Corrado, Electromagnetic interferences (emi) from active rfid on critical care equipment, in: IFMBE Proceedings, vol. 29, 2010,
pp. 991-994.
[14] F. Xu, H. Uszkoreit, Y. Du, W. Fan, D. Zhao, J. Zhu, Explainable ai: a brief survey on history, research areas, approaches and challenges, in: J. Tang, M.-Y. Kan,
D. Zhao, S. Li, H. Zan (Eds.), Natural Language Processing and Chinese Computing, Springer International Publishing, 2019, pp. 563-574.
[15] S. Barocas, S. Friedler, M. Hardt, J. Kroll, S. Venka-Tasubramanian, H. Wallach, The fat-ml workshop series on fairness, accountability, and transparency in
machine learning, http://www.fatml.org/, 2018. (Accessed 30 October 2023).
[16] G. Chung, K. Etter, A. Yoo, Medical device active surveillance of spontaneous reports: a literature review of signal detection methods, Pharmacoepidemiol. Drug
Saf. 29 (4) (2020) 369-379.
[17] R. Harpaz, S. Vilar, W. DuMouchel, H. Salmasian, K. Haerian, N. Shah, H. Chase, Combing signals from spontaneous reports and electronic health records for
detection of adverse drug reactions, J. Am. Med. Inform. Assoc. 20 (10 2012).

13


https://doi.org/10.5281/zenodo.10041106
https://doi.org/10.1016/j.heliyon.2023.e21723
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib725BE98B29EE971D9ED9CD4D33518A49s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib725BE98B29EE971D9ED9CD4D33518A49s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib3E3857916CEF3B6BE639C7FADD0B1383s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib3E3857916CEF3B6BE639C7FADD0B1383s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6B76E4B0583AF1530F786FD0D3852F5Ds1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6B76E4B0583AF1530F786FD0D3852F5Ds1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6CFC49785BC315883501312E861F4EB4s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6CFC49785BC315883501312E861F4EB4s1
https://eur-lex.europa.eu/legal-content/IT/ALL/?uri=celex:32017R0745
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibEBB4B15F61F6ED4BC30CEE01C634C4B6s1
http://htaglossary.net/health-technology-assessment
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib42A537B5AEC406B6C9353DB94105A9A9s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib42A537B5AEC406B6C9353DB94105A9A9s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib2273A3D915DB36DCE7DB9CA757787C8Fs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6CDAC11E26676088AD94D3BE9F596A38s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6CDAC11E26676088AD94D3BE9F596A38s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibD78C2B2284209DA97F3EDA84E20C66D8s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib4402D775D7003C584AD29F15415C226Ds1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib635364A1CE040FD99A8823616CA86317s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib635364A1CE040FD99A8823616CA86317s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib3E42CB2AC92850538AE444CF53016483s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib3E42CB2AC92850538AE444CF53016483s1
http://www.fatml.org/
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibBDC5D37FF87C1FE5A06685DD5447284Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibBDC5D37FF87C1FE5A06685DD5447284Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib83D2330757DECB0FBF4C53BE80AD422Fs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib83D2330757DECB0FBF4C53BE80AD422Fs1

A. Luschi, P. Nesi and E. ladanza Heliyon 9 (2023) e21723

[18]
[19]
[20]
[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]

[34]
[35]

[36]
[37]

[38]

[39]

[40]

[41]
[42]

[43]
[44]
[45]
[46]
[47]
[48]
[49]
[50]

[51]

[52]

S. Iyer, R. Harpaz, P. LePendu, A. Bauer-Mehren, N. Shah, Mining clinical text for signals of adverse drug-drug interactions, J. Am. Med. Inform. Assoc. 21 (10
2013).

R. Xu, Q. Wang, Large-scale combining signals from both biomedical literature and the fda adverse event reporting system (faers) to improve post-marketing
drug safety signal detection, BMC Bioinform. 15 (2014) 17.

H. Alemzadeh, R.K. Iyer, Z. Kalbarczyk, J. Raman, Analysis of safety-critical computer failures in medical devices, IEEE Secur. Priv. 11 (4) (2013) 14-26.

Z. Bliznakov, G. Mitalas, N. Pallikarakis, Analysis and classification of medical device recalls 14 (2007) 3782-3785.

F. Pecoraro, D. Luzi, Detecting software failures in the maude database: a preliminary analysis, Stud. Health Technol. Inform. 192 (2013) 1098.

K. Denecke, Y. Deng, Sentiment analysis in medical settings: new opportunities and challenges, Artif. Intell. Med. 64 (1) (2015) 17-27.

J. Polisena, M. Andellini, P. Salerno, S. Borsci, L. Pecchia, E. ladanza, Case studies on the use of sentiment analysis to assess the effectiveness and safety of health
technologies: a scoping review, IEEE Access 9 (2021) 66043-66051.

S.M. Jiménez-Zafra, M.T. Martin-Valdivia, M.D. Molina-Gonzalez, L.A. Urefa-Lopez, How do we talk about doctors and drugs? Sentiment analysis in forums
expressing opinions for medical domain, Artif. Intell. Med. 93 (2019) 50-57, Extracting and Processing of Rich Semantics from Medical Texts.

J. Du, J. Xu, H. yi Song, X. Liu, C. Tao, Optimization on machine learning based approaches for sentiment analysis on hpv vaccines related tweets, J. Biomed.
Semant. 8 (2017).

A.W. Muzaffar, F. Azam, U. Qamar, A relation extraction framework for biomedical text using hybrid feature set, Comput. Math. Methods Med. 2015 (2015).
D. Zhou, D. Zhong, Y. He, Biomedical relation extraction: from binary to complex, Comput. Math. Methods Med. 2014 (2014).

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A.N. Gomez, L. Kaiser, 1. Polosukhin, Attention is all you need, in: Advances in Neural Information
Processing Systems, vol. 30, 2017, pp. 6000-6010.

T. Wolf, L. Debut, V. Sanh, J. Chaumond, C. Delangue, A. Moi, P. Cistac, T. Rault, R. Louf, M. Funtowicz, Transformers: State-of-the-art natural language
processing, in: Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing: System Demonstrations, 2020, pp. 38-45.

S. Khan, M. Naseer, M. Hayat, S.W. Zamir, F.S. Khan, M. Shah, Transformers in vision: a survey, ACM Comput. Surv. 54 (10s) (sep 2022).

J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, BERT: pre-training of deep bidirectional transformers for language understanding, in: Proceedings of the 2019
Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers),
Association for Computational Linguistics, Minneapolis, Minnesota, 2019, pp. 4171-4186.

A. Radford, K. Narasimhan, T. Salimans, I. Sutskever, Improving language understanding by generative pre-training, https://openai.com/research/language-
unsupervised, 2018. (Accessed 30 October 2023).

1. Beltagy, K. Lo, A. Cohan, Scibert: a pretrained language model for scientific text, in: EMNLP, 2019.

J. Lee, W. Yoon, S. Kim, D. Kim, S. Kim, C.H. So, J. Kang, Biobert: a pre-trained biomedical language representation model for biomedical text mining,
Bioinformatics 36 (2020) 1234-1240.

K. Huang, J. Altosaar, R. Ranganath, Clinicalbert: modeling clinical notes and predicting hospital readmission, ArXiv, arXiv:1904.05342 [abs], 2019.

A. Akkasi, M.-F. Moens, Causal relationship extraction from biomedical text using deep neural models: a comprehensive survey, J. Biomed. Inform. (2021)
103820.

E. Alsentzer, J. Murphy, W. Boag, W.-H. Weng, D. Jindi, T. Naumann, M. McDermott, Publicly available clinical BERT embeddings, in: Proceedings of the 2nd
Clinical Natural Language Processing Workshop, Association for Computational Linguistics, Minneapolis, Minnesota, USA, 2019, pp. 72-78, https://aclanthology.
org/W19-1909.

M.T. Ribeiro, S. Singh, C. Guestrin, “Why should I trust you?”: explaining the predictions of any classifier, in: Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, August 13-17, 2016, 2016, pp. 1135-1144.

S.M. Lundberg, S.-I. Lee, A unified approach to interpreting model predictions, in: Advances in Neural Information Processing Systems, vol. 30, 2017,
pp. 4765-4774.

S. El Anigri, M. Himmi, A. Mahmoudi, How BERT’s Dropout Fine-Tuning Affects Text Classification?, 2021, pp. 130-139.

K. Chai, S. Anthony, E. Coiera, F. Magrabi, Using statistical text classification to identify health information technology incidents, J. Am. Med. Inform. Assoc. 20
(05 2013).

A. Fong, K. Adams, M. Gaunt, J. Howe, K. Kellogg, R. Ratwani, Identifying health information technology related safety event reports from patient safety event
report databases, J. Biomed. Inform. 86 (09 2018).

E. Wang, H. Kang, Y. Gong, Generating a health information technology event database from fda maude reports, Stud. Health Technol. Inform. 264 (2019)
883-887.

M. Mosbach, M. Andriushchenko, D. Klakow, On the stability of fine-tuning bert: misconceptions, explanations, and strong baselines, in: 9th International Confer-
ence on Learning Representations, ICLR 2021, Virtual Event, Austria, May 3-7, 2021, OpenReview.net, 2021, https://openreview.net/forum?id = nzpLWnVAyah.
K. Crawford, The Atlas of AI: Power, Politics, and the Planetary Costs of Artificial Intelligence, Yale University Press, 2021, http://www.jstor.org/stable/j.
ctvlghv45t.

L. Belkhir, A. Elmeligi, Assessing ict global emissions footprint: trends to 2040 & recommendations, J. Clean. Prod. 177 (2018) 448-463.

E. Strubell, A. Ganesh, A. McCallum, Energy and policy considerations for deep learning in nlp, ArXiv, arXiv:1906.02243 [abs], 2019.

E. Iadanza, L. Marzi, F. Dori, G. Biffi Gentili, M.C. Torricelli, Hospital health care offer. A monitoring multidisciplinar approach, in: IFMBE Proceedings, vol. 14,
2007, pp. 3685-3688.

E. Iadanza, A. Luschi, R. Gusinu, F. Terzaghi, Designing a healthcare computer aided facility management system: a new approach, in: IFMBE Proceedings,
vol. 73, 2020, pp. 407-411.

E. ladanza, A. Luschi, An integrated custom decision-support computer aided facility management informative system for healthcare facilities and analysis,
Health Technol. 10 (1) (2019) 135-145.

E. ladanza, A. Luschi, Chapter 5 - Computer-aided facilities management in health care, in: Clinical Engineering Handbook, second edition, Academic Press,
2020, pp. 42-51.

14


http://refhub.elsevier.com/S2405-8440(23)08931-4/bib5623B9444625927535ECB207FF754946s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib5623B9444625927535ECB207FF754946s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibA2995E7BC24C17510B00BD57B66662D5s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibA2995E7BC24C17510B00BD57B66662D5s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibC54EB3B004181008694E27C0E415114Ds1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib03C5C8E507BA013412BAD326F1F6ACA7s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib2122C5175FD496D2069E97DCD11DD248s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib648110C654A4F42EE2A2132EA94FE0D3s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib7F7818B6383E0C5B19B2A6198BDF02F6s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib7F7818B6383E0C5B19B2A6198BDF02F6s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6DDB90BD699873575B066885ECD7534Cs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib6DDB90BD699873575B066885ECD7534Cs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibCBFEC10E7F4470BE62E247E324449EC6s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibCBFEC10E7F4470BE62E247E324449EC6s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibF945E535150231FC7D38B3C6738AFAA9s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibD6D4C467CD7FEFFEEBB8F4CFD96EB936s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib438762999AA0E1A597732C4E06B89E5As1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib438762999AA0E1A597732C4E06B89E5As1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib74135B2261C5D8928BDEB2F803F2C6FBs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib74135B2261C5D8928BDEB2F803F2C6FBs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib8B810A4B40BB84203D54D905B5F20AC7s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibC10272A85E31941EAB894422B1E59222s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibC10272A85E31941EAB894422B1E59222s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibC10272A85E31941EAB894422B1E59222s1
https://openai.com/research/language-unsupervised
https://openai.com/research/language-unsupervised
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibFDC844FF78DF23B9364F31E02033B6BFs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibF6BBA775BD1D218D9A3B892F8BA06C6Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibF6BBA775BD1D218D9A3B892F8BA06C6Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibAF879B70F55D0252DEA2A787CD2374F7s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibBCB9A4AE95655CF779893F4D6C27AFFAs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibBCB9A4AE95655CF779893F4D6C27AFFAs1
https://aclanthology.org/W19-1909
https://aclanthology.org/W19-1909
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib67C0ECAF5A1B782B11146E9FBE80F016s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib67C0ECAF5A1B782B11146E9FBE80F016s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibF7968361B24E2189C636BF03A51AB926s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibF7968361B24E2189C636BF03A51AB926s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib38021AFEE3D4422D4A7DCA7CAB862237s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib952B533F5FD553B6457555E9B1E1A6AEs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib952B533F5FD553B6457555E9B1E1A6AEs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib5B394DB478F0E00E0C3207B6832FA029s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib5B394DB478F0E00E0C3207B6832FA029s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib39B0888669CF6D30AB651A45B98FDA47s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib39B0888669CF6D30AB651A45B98FDA47s1
https://openreview.net/forum?id=nzpLWnVAyah
http://www.jstor.org/stable/j.ctv1ghv45t
http://www.jstor.org/stable/j.ctv1ghv45t
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib0A4144EF8FE08C30530A945AF6629200s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib1A1E5D686714A6E6A978D5FDB6BDB8B1s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib820DD14E8C16A4B08A9362D1B4F4520Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib820DD14E8C16A4B08A9362D1B4F4520Es1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib69661BE3C3B652A71737869552F147BDs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib69661BE3C3B652A71737869552F147BDs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib24C3B67B8FD04D51B23F0761C373D601s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bib24C3B67B8FD04D51B23F0761C373D601s1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibA026CB7A52D7C18D0282F19ED97FEEEBs1
http://refhub.elsevier.com/S2405-8440(23)08931-4/bibA026CB7A52D7C18D0282F19ED97FEEEBs1

	Evidence-based clinical engineering: Health information technology adverse events identification and classification with na...
	1 Introduction
	2 Background
	2.1 Data sources available for medical device vigilance
	2.2 Spontaneous reporting systems and health information technologies fault classification
	2.3 Natural language processing

	3 Materials and methods
	3.1 Proposed framework
	3.2 Dataset statistical analysis
	3.3 Explainable artificial intelligence

	4 Results
	4.1 Testing and performance evaluation
	4.2 Explainable AI applied to the model

	5 Discussion
	5.1 Implementation and best practice
	5.2 Explainable AI
	5.3 Environmental impact of artificial intelligence

	6 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgements
	Appendix A Supplementary material
	References


