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ABSTRACT: Background: Cardiac implantable electronic devices (CIEDs) are essential for preventing sudden
cardiac death in patients with cardiovascular diseases, but implantation procedures carry risks of complications
such as infection, hematoma, and bleeding, with incidence rates of 3-4%. Previous studies have examined individual
risk factors separately, but integrated predictive models are lacking. We compared the predictive performance and
interpretability of artificial neural network (ANN) and logistic regression models to evaluate their respective strengths
in clinical risk assessment. Methods: This retrospective study analyzed data from 180 patients who underwent cardiac
implantable electronic device (CIED) implantation in Taiwan between 2017 and 2018. To address class imbalance
and enhance model training, the dataset was augmented to 540 records using the Synthetic Minority Oversampling
Technique (SMOTE). A total of 13 clinical risk factors were evaluated (e.g., age, body mass index (BMI), platelet count,
left ventricular ejection fraction (LVEF), prothrombin time/international normalized ratio (PT/INR), hemoglobin
(Hb), comorbidities, and antithrombotic use). Results: The most influential risk factors identified by the ANN model
were platelet count, PT/INR, LVEF, Hb, and age. In the logistic regression analysis, reduced LVEF, lower hemoglobin
levels, prolonged PT/INR, and lower BMI were significantly associated with an increased risk of complications. ANN
model achieved a higher area under the curve (AUC = 0.952) compared to the logistic regression model (AUC = 0.802),
indicating superior predictive performance. Additionally, the overall model quality was also higher for the ANN model
(0.93) than for logistic regression (0.76). Conclusions: This study demonstrates that ANN models can effectively
predict complications associated CIED procedures and identify critical preoperative risk factors. These findings
support the use of ANN-based models for individualized risk stratification, enhancing procedural safety, improving
patient outcomes, and potentially reducing healthcare costs associated with postoperative complications.

KEYWORDS: Artificial neural network; cardiac implantable electronic device; predictive risk factors; retrospective
correlational study; post-procedure complications
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1 Introduction

According to a US Centers for Disease Control and Prevention (CDC) report, cardiovascular disease is
the leading cause of death in the United States [1]. In Taiwan, cardiovascular disease is the second leading
cause of death among Chinese people. In 2024, the standardized death rate per 100,000 populations in
cardiovascular disease in Taiwan was 45.5 [2]. The cause of death associated with heart disease may be due
to cardiomyopathy, arrhythmia, or sudden cardiac death.

Cardiac implantable electronic devices (CIED) are often implanted in patients with cardiovascular
diseases to prevent sudden cardiac death [3]. However, the implantation procedure is invasive and can result
in unwanted complications, such as infection, hematoma, subcutaneous emphysema, and pocket bleeding.
The incidence rate of procedure-associated complications is about 3-4% [4,5]. These complications can
cause pain, prolong hospital stay, and increase medical expenses. Thus, a preoperative risk assessment is
important for preventing postoperative complications [6].

Several factors are associated with CIED procedure complications, including demographics (age,
gender), body weight, comorbidities (e.g., diabetes mellitus [DM], renal insufficiency, end-stage renal disease
[ESRD], heart failure), and fever and leukocytosis within 24 h before the procedure [7-11]. CIED-related
complications are associated with technical factors, patient factors, and periprocedural factors [12,13]. well
as postoperative monitoring and care [13-15]. Oral antithrombotic agents and corticosteroid use [16-19]
are also associated with hematoma and pocket bleeding. However, most of these previous studies have
investigated each complication and their respective risk factors separately, without an integrated analysis
of the risks of multiple interacting factors for all CIED procedure complications.

Among the many quantitative analysis methods available, artificial neural network (ANN) models have
gained increasing attention and have been used in a considerable number of clinical and nursing analysis
and prediction applications. ANN can perform basic human brain functions, such as learning, memory,
and induction. An ANN model is made up of many neurons, and the path of signal transmission between
neurons is called a link. Every link has a weight value, which can be considered the impact of the variable.
The neural network continuously adjusts weights through learning, and the process of adjusting the weights
is the process of learning. Neural-like networks can construct non-linear models with high accuracy [20].
ANNSs are widely used in the medical field and can be used for establishing predictive factors [21-23].

Imbalanced data is a common issue in medical research, particularly when adverse outcomes such as
complications are relatively rare. This imbalance can limit the performance of machine learning models
by providing insufficient training signals for the minority class, thereby increasing the risk of overfitting
and reducing generalizability. To address this challenge, several techniques have been proposed in the
literature, including synthetic class generation, the Synthetic Minority Oversampling Technique (SMOTE),
stratified batch sampling, and ensemble learning approaches. In this study, we integrated ANN models with
appropriate data balancing strategies to enhance predictive accuracy and model robustness in the context
of complication risk following CIED procedures.

While logistic regression remains a widely used method for analyzing binary outcomes, it has
limitations in modeling complex nonlinear relationships and interactions among predictors. Moreover,
in scenarios with imbalanced or limited sample sizes, logistic models may produce unstable or biased
estimates. Therefore, this study also compares the performance of logistic regression with that of ANN
models to evaluate their respective strengths in identifying and interpreting risk factors for CIED-related
complications. The comparative analysis aims to highlight the advantages of ANN in capturing intricate
patterns within high-dimensional clinical data [24-27].
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2 Methods
2.1 Data Collection

This study was a retrospective study utilizing secondary data analysis. The data were obtained from
the electronic medical records of patients who underwent CIED implantation procedures at a hospital in
Taiwan between July 2017 and July 2018. To address class imbalance in our dataset where complication
cases were significantly fewer than non-complication cases, we applied the SMOTE. For each minority
instance, we identified its k = 5 nearest neighbors and generated synthetic samples via linear interpolation.
This process continued until the minority class accounted for 40% of the total dataset. Synthetic data
were merged with original training data, while the test set remained untouched to preserve external
validity. Overall, the sample size was expanded from 180 to 540 records in accordance with established
modeling principles for ANN. This augmentation was aligned with the Events Per Variable (EPV) rule,
which recommends a minimum of 10 outcome events per predictor to avoid model overfitting and ensure
statistical stability [28,29].

The inclusion criteria were as follows: (a) patients aged 20 years or older, and (b) patients
who were admitted for a CIED implantation procedure, including one of the following device types:
permanent pacemaker (PPM), implantable cardioverter defibrillator (ICD), cardiac resynchronization therapy
defibrillator (CRT-D), or cardiac resynchronization therapy pacemaker (CRT-P) (3) Patients with complete
follow-up data for at least 12 months after the CIED implantation procedure. The exclusion criteria included
the following: (a) patients with any signs of active infection prior to the procedure, including fever within
24 h or localized skin conditions such as pocket infection or cellulitis at the intended CIED implantation
site; (b) diagnosis of a hematologic disorder (e.g., leukemia, lymphoma); (c) incomplete medical records,
specifically missing key baseline laboratory results or imaging necessary for clinical assessment; (d) death
occurring within 24 h after the CIED procedure, as outcomes could not be evaluated; (e) current use of
chronic oral immunosuppressive therapy, which may confound post-procedural complication risk.

2.2 Ethical Consideration

The study was approved by 17MMHIS054e. All methods were carried out in accordance with relevant
guidelines and regulations. The data were encoded and input into a computer and the data and patient
privacy are protected by encryption. All research materials are for research use only and will be destroyed
after the research is terminated.

2.3 Risk Factor Selection

Data on CIED implant procedure-related complications and potential risk factors for these
complications were collected from the patients’ electronic medical records. The data showed that pocket
hematomas, pocket bleeding, skin erosion, and subcutaneous emphysema were recorded within seven
days of the procedure, and pocket infections were recorded within one year following the procedure. Data
collected on the potential risk factors of CIED implant procedure-related complications according to the
evidence-based clinical trial, literature review [7-11,16—-19], and discussion process are shown in Table 1
and include age, gender, body mass index (BMI), non-permanent pacemaker (Non-PPM) CIED (including
ICDs/CRT-Ds/CRT-Ps), antithrombotic agents, Left Ventricular Ejection Fraction (LVEF), hemoglobin (Hb),
prothrombin time/international normalized ratio (PT/INR), platelet count, and comorbidities.

The data on comorbidities included the presence of diabetes mellitus (DM), hypertension (HTN),
chronic kidney disease (CKD; including the stage of disease), and structural heart disease (SHD).
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Table 1: Attribute description.

Attribute Name Clinical Threshold Description
Age Age in years
Gender Male/Female

Table 1: Cont.

Attribute Name Clinical Threshold Description

A value to calculated from height and weight to

Body Mass Index (BMI) 18.5 < BMI < 24 kg/m measure the patient’s degree of obesity

Treatment of antithrombotic agents, including:

Antithrombotic agents Antiplatelet agents, Anticoagulant

Non-permanent pacemaker (Non-PPM) CIED
(including ICDs/CRT-Ds/CRT-Ps)

. L . A physiological indicator that refers to the
Left Ventrlcul(inJrVEIgli)c tion Fraction 50%—-70% percentage of output per stroke in the end-diastolic

volume of the ventricle

Non-PPM CIED

Male:13.0-17.0 gm/dL

Hemoglobin (Hb) Female: 12.0-16.0 gm/dL

A blood examination for judging of anemia

Prothrombin Time/International

Normalized Ratio (PT/INR) 0.8-1.2 An indicator of coagulation function

A blood examination for judging of coagulation

Platelet Count 150,000-450,000/pL f :
unction

Including: diabetes mellitus (DM) hypertension
Comorbidities (HTN), structure heart disease (SHD), chronic
kidney disease, (CKD)

Including: skin erosion, pocket bleeding, pocket
Post-procedure complications hematoma, pocket infection and subcutaneous
emphysema

2.4 Network Model and Logistic Model

As the ANN statistical analysis method was used for the prediction, the data were divided into two
parts: training data and testing data. Data were collected from 540 patients, with 70% and 30% of the data
being training and testing data, respectively. The model is first established with the training data, and then
the testing data is substituted into the completed model to confirm the data and predictive power. The basic
structure of the ANN comprises the input layer, hidden layer, and output layer [30]. The data characteristics
and complex nonlinear relationships among input and output variables were examined and detected by
adding hidden layers between the input/output layers.

Logistic regression is a widely used statistical method in medical research, particularly suitable for
analyzing binary outcome variables, such as the presence or absence of complications. This method estimates
the probability of an event based on a set of independent variables and provides interpretable results in the
form of odds ratios (ORs) and 95% confidence intervals (CIs), which help quantify the strength and direction
of each predictor’s effect. Given that the outcome variable in this study was binary (complication vs. no
complication), logistic regression offered both robustness and interpretability for constructing a clinically
relevant risk assessment model. Furthermore, the predictive performance of the logistic regression model
was compared with that of the ANN model to evaluate their relative strengths and enhance the overall
explanatory power of the findings.
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2.5 Statistics Tool

All statistical analyses were performed using IBM SPSS Statistics version 29.0 (IBM Corp., Armonk,
NY, USA). To identify significant predictors of complications following CIED implantation, both ANN and
logistic regression models were developed. The predictive performance of both models was compared using
receiver operating characteristic (ROC) curve analysis, with the area under the curve (AUC) serving as the
key performance metric. ROC curves were plotted to visualize and compare model discrimination.

3 Results

Data with 19 features were collected from 540 patients. Table 2 summarizes the top-ranked risk factors
for five CIED-related complications as identified by the ANN model, based on each variable’s contribution
to predictive accuracy. Distinct leading predictors were observed for each complication type. Platelet count
was consistently identified as the most influential factor for skin erosion, pocket bleeding, and pocket
hematoma, underscoring the key role of hemostasis in wound healing and post-procedural outcomes.
For subcutaneous emphysema, the LVEF was the top-ranked predictor, suggesting that impaired cardiac
function may increase the risk of tissue hypoperfusion. In contrast, pocket infection was most strongly
associated with PT INR, indicating that patients with abnormal coagulation profiles may be more susceptible
to infectious complications after CIED implantation. The ANN model, comprising 10 risk factors, a single
hidden layer with 10 neurons, and five output nodes representing CIED-related complications: pocket
bleeding, pocket hematoma, pocket infection, skin erosion, and subcutaneous emphysema. The network
maps complex, nonlinear relationships between input variables and clinical outcomes in Fig. 1.

offset Platelet PT_INR EF Hb Age CKD_stage SHD BMI DM HTN

Pocket_ Pocket_ Pocket_ Skin_ Subcutaneous_
Bleeding Hematoma Infection Erosion Emphysema

Figure 1: Artificial Neural Network (ANN) of risk factors associated with post-procedure complications.

Logistic regression analysis was performed to identify risk factors associated with complications
following CIED procedures in Table 3. The results indicated that several variables demonstrated statistically
significant associations (p < 0.05). Specifically, reduced LVEF (OR = 0.258, p = 0.018), lower Hb levels
(OR = 0.422, p = 0.008), prolonged prothrombin time-international normalized ratio (PT INR) (OR = 4.137,
p < 0.001), and decreased BMI (OR = 0.541, p = 0.034) were significantly associated with an increased risk
of complications. These findings underscore the critical role of hemodynamic and coagulation factors in
post-procedural outcomes. In addition, SHD (OR = 3.106, p = 0.001) and DM (OR = 0.387, p = 0.003) were
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also identified as significant predictors. In contrast, other variables such as age, gender, and comorbidities
did not reach statistical significance (Table 3). These results highlight the importance of assessing cardiac
function and coagulation status when evaluating the risk of adverse outcomes following CIED implantation.

Compares the predictive performance of logistic regression and ANN models using ROC analysis in
Table 4. The AUC was significantly higher for the ANN model (AUC = 0.952, 95% CI: 0.933-0.972, p < 0.001)
compared to the logistic regression model (AUC = 0.802, 95% CI: 0.755-0.850, p < 0.001). The smaller
standard error (SE = 0.010) for the ANN model further indicates greater precision and stability. These results
suggest that the ANN model outperformed logistic regression in predicting CIED-related complications,
offering superior discrimination and robustness.

Table 2: Ranked importance of risk factors for each post-procedure complications in the ANN Model.

Post-Procedure Complications

Risk Factor Pocket Pocket Pocket Skin Erosion Subcutaneous Total
Bleeding Hematoma Infection Emphysema
Platelet 1 1 4 1 2 1
PT INR 2 4 2 0 2
LVEF 0 3 0 4 1 3
Hb 3 2 3 3 0 4
Age 4 0 2 5 0 5

A value of “0” indicates that the variable was not among the top five predictors for that specific complication.

Table 3: Logistic Regression Analysis of Risk Factors for CIED-Related Complications.

Variable P OR 95% CI (Lower—Upper) PR
Total 83.5
Age 0.170 1.614 0.814-3.199
Gender 0.271 1.278 0.506-1.211
BMI 0.034* 0.541 0.306-0.956
Antithrombotic Agents 0.784 1.092 0.582-2.047
Non-PPM CIED 0.826 1.079 0.547-2.129
LVEF 0.018* 0.285 0.101-0.805
Hb 0.008* 0.422 0.224-0.797
PT/INR <0.001* 4.137 2.271-7.536
Platelet Count 0.169 1.537 0.833-2.834
Comorbidities 0.594 1.35 0.447-4.083
DM 0.003* 0.387 0.208-0.720
HTN 0.879 0.931 0.369-2.343
CKD 0.062 0.537 0.416-1.021
SHD 0.001* 3.106 1.558-6.191

p < 0.05.

Fig. 2 illustrates the ROC curves comparing the classification performance of the ANN and logistic
regression models in predicting complications following CIED implantation. The ROC curve plots sensitivity
(true positive rate) against 1-specificity (false positive rate), and the AUC serves as a summary measure
of overall model performance. The ANN model (thick dashed line) demonstrated superior discriminative
ability, with an AUC of 0.952, as compared to the logistic regression model (solid line) with an AUC of 0.802.
The greater curvature of the ANN line toward the top-left corner reflects improved sensitivity and specificity,
suggesting that ANN provides a more accurate and robust prediction of CIED-related complications.
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Table 4: Model Performance Between Logistic Regression and ANN.

95% Confidence Interval

Model AUC Std Error p-Value
Lower Upper
Logistic 0.802 0.024 0.000* 0.755 0.850
ANN 0.952 0.010 0.000* 0.933 0.972
*p < 0.05.
ROC curve

Curve

source

Logistic

==ARNN

— Reference

Sensitivity

‘00 0.2 04 08 08 10

Specificty
Figure 2: Area under the receiver operating characteristic (ROC) curves of two models.

The overall model quality scores for the ANN and logistic regression models used to predict
complications associated with cardiac implantable electronic devices (CIEDs) in Fig. 3. Model quality
was assessed using normalized performance scores, where a value of 1.0 indicates perfect prediction and
0.5 represents random guessing. The ANN model demonstrated superior performance with a score of
0.93, compared to 0.76 for the logistic regression model. These results suggest that the ANN model better
captures nonlinear relationships among risk factors, offering improved predictive accuracy for identifying
high-risk patients following CIED implantation.

Overall Model Quality
]

f
050 0

Figure 3: Overall model quality between ANN and logistic regression models.

4 Limitations

While the ANN model demonstrated strong predictive performance identified key risk factors
(e.g., platelet count, PT/INR, LVEF, Hb and age), its application is limited by the retrospective, single-center
design. Potential biases from EMR-based data may affect model generalizability. To overcome these
limitations, future prospective, multi-center studies with broader inclusion criteria are essential for robust
external validation and calibration. These steps will enhance the clinical utility of the ANN model for
individualized risk prediction in CIED procedures.
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5 Discussion

In terms of patient characteristics, age is recognized as a significant risk factor for complications such
as pocket bleeding, pocket infection, and skin erosion following CIED implantation [7]. In this study, the
mean age of patients undergoing the CIED procedure was over 70 years. Elderly patients often present with
fragile skin, reduced immune function, and underlying chronic conditions (e.g., DM), which may impair
wound healing and increase the risk of skin injury and infection [14,15]. Polyzos et al. (2015) have also noted
that age has been identified in multiple studies as an important predictor of CIED-related complications [13].
Our ANN analysis confirmed the high importance of age across various complication types. However,
logistic regression analysis did not find age to be a statistically significant predictor, highlighting potential
differences in variable sensitivity between analytical methods. These findings underscore the need for
comprehensive preoperative assessment of elderly patients, considering their overall health status and
potential susceptibility to postoperative complications.

Guo et al. (2014) have indicated that a lower BMI may be associated with an increased risk of
pocket hematoma complications following CIED procedures [30]. In our study, logistic regression analysis
supported these findings, patients with lower BMI values exhibited a higher likelihood of developing
complications. Nonetheless, BMI remains a relevant variable that should be carefully evaluated during
preoperative risk assessment for CIED candidates. One study reported a potential association between
female gender and postoperative pneumothorax complications [11]. However, in our study, gender was not
identified as a significant risk factor in either the ANN model or logistic regression analysis. This aligns
with previous literature [10,13], which concluded that gender plays a minimal role in the development of
CIED-related complications.

The ANN model identified clotting function as the most critical risk factor for complications
following CIED implantation, with key indicators including platelet count, PT/INR, and Hb. While the
literature [16-19] often highlights the role of antithrombotic therapy in pocket bleeding and hematoma
formation, there remains ongoing debate regarding whether antithrombotic agents should be discontinued
before CIED procedures.

In our ANN analysis, the use of antithrombotic agents did not emerge as a top-ranking risk factor
for CIED-related postoperative complications. Similarly, logistic regression analysis demonstrated no
statistically significant association between antithrombotic therapy and the risk of complications. In contrast,
coagulation function indicators—specifically platelet count and PT/INR—showed greater statistical relevance.
These findings are consistent with previous studies [16—19], which highlight the strong association between
hematoma and bleeding risk and the use of antithrombotic agents, recommending careful risk stratification
before CIED procedures.

Our results suggest that while the pharmacological use of antithrombotic agents should not be
disregarded, laboratory parameters of coagulation function may serve as more objective and robust
indicators of bleeding risk. For example, Wang et al. [16] reported that for every 10,000/uL increase
in platelet count, the risk of bleeding decreases by approximately 8%. This underscores the importance of
correcting thrombocytopenia prior to device implantation to minimize procedural risk.

Furthermore, existing literature has shown that pocket hematoma and bleeding can significantly
increase the likelihood of subsequent pocket infections, with odds ratios reported as high as 8.46 [13,14,31].
Our ANN model supports this pathway, identifying PT/INR as the most important risk factor for pocket
infection, while platelet count emerged as the top predictor for pocket bleeding and hematoma. These
findings reinforce the clinical value of preoperative coagulation assessment.

From a healthcare economics perspective, effective risk stratification and early intervention may
reduce the incidence of complications, thereby shortening hospital stays and lowering medical costs. In the
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context of long-term patient outcomes and cost-effectiveness, individualized preoperative planning based
on coagulation function remains a critical component of CIED procedural care.

Although chronic kidney disease (CKD), SHD, DM, and HTN have been widely reported as important
risk factors for post-CIED complications [7,8,10,12], the ANN model in this study assigned relatively low
predictive weights to these comorbidities, none of which were among the top five ranked predictors. In
contrast, logistic regression analysis revealed SHD as a significant risk factor [8,12], while DM showed
an inverse association with complications, potentially reflecting stricter patient selection, better glycemic
control, or statistical adjustment [7,10].

In particular, the relatively low importance of CKD in the ANN model may be attributable to the
preoperative exclusion of ESRD patients from CIED eligibility [32]. Since ESRD affects platelet function
and alters drug metabolism, its impact may have been captured indirectly by laboratory indicators such as
platelet count and PT/INR. This may have diluted the direct predictive weight of CKD in the ANN model.

These findings highlight a key difference between machine learning and traditional regression methods
in evaluating variable importance. They also underscore the importance of understanding the clinical
context and sample selection criteria when interpreting predictive models. While ANN offers enhanced
accuracy in handling nonlinear patterns and imbalanced data, prospective multicenter studies are needed to
validate these associations and to explore how clinical comorbidity management may influence long-term
CIED outcomes.

Current literature provides limited evidence regarding LVEF as a risk factor for complications following
CIED implantation [8]. In our study, LVEF was identified as an important predictor of complications in both
ANN analysis and logistic regression models. A lower LVEF was significantly associated with an increased
risk of postoperative complications. This association may be attributed to impaired tissue perfusion and
the overall compromised health status of patients with reduced cardiac function. Therefore, maintaining
adequate LVEF prior to CIED implantation may enhance systemic physiological function, improve prognosis,
and reduce the likelihood of postoperative complications.

The result also shows the importance of device-related factors is not high. Polyzos et al. (2015)
mentioned that different leads and dual-chamber catheters contribute to the occurrence of CIED
complications, with an odds ratio (OR) in the range of 1.42-8.09 [13]. In the ANN analysis, indicating
that these devices are not the most important risk factor. Similarly, the logistic regression results did not
demonstrate statistical significance for these variables. This finding differed from the conclusion from
the statistical results of the study [7,13]. A possible explanation for this result is that the medical team’s
proficiency in the procedure in our study meant that the patients experienced few issues. Therefore, the risk
factors for CIED devices can be taken into account, and the selection of an appropriate device, according to
the standard procedures and the patient’s needs, forms part of the decision analysis that clinical professional
teams need to perform before conducting the CIED procedure.

6 Conclusions

This study applied an ANN model to identify predictive risk factors associated with complications
following CIED implantation. Among the 13 variables analyzed, five key predictors—platelet count, PT/INR,
LVEF, Hb, and age—were found to have the highest importance and should be integrated into routine
preoperative assessments. Impaired coagulation function, anemia, or reduced cardiac function prior to
surgery may elevate the risk of complications, underscoring the importance of optimizing anticoagulation
management and improving preoperative perfusion and hematologic status.

Compared to logistic regression, the ANN model demonstrated superior predictive performance across
five major postoperative complications: skin erosion, pocket bleeding, pocket hematoma, pocket infection,
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and subcutaneous emphysema. These results support the ANN model as a promising tool for individualized
risk stratification and preoperative decision-making in patients undergoing CIED implantation.

However, several limitations must be acknowledged. This analysis was conducted using a retrospective
dataset from a single center, which may introduce selection bias and limit external validity. Moreover,
potential confounding factors during the postoperative follow-up period—such as changes in medication
adherence, post-discharge care, and infection control practices—may have influenced the occurrence and
detection of complications. Although the ANN model exhibited strong predictive performance, the risks of
overfitting and limited generalizability remain.

Therefore, future prospective, multicenter studies are warranted to externally validate the model,
assess its clinical utility across diverse patient populations, and determine its effectiveness in real-world
settings. These efforts will be essential before the model can be routinely implemented in clinical practice.

7 Implications

In this study, we used an ANN predictive analysis model to explore the risk factors for complications
related to the CIED implant procedure. In particular, careful evaluation and management of preoperative
coagulation profiles, as well as correction of anemia and optimization of blood perfusion, establishment
of standardized physical assessment indicators may help reduce postoperative complications. The results
provide valuable data to clinical staff that allow a thorough assessment of the risk factors for patients
undergoing CIED treatment, thus supporting informed decisions for better patient care.
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