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 A B S T R A C T

Accurate prediction of outcomes after cardiac procedures is critical for personalised decision-making and risk 
stratification. While machine learning (ML) has shown promise in this domain, most prior studies rely on 
traditional ML methods that require structured data and manual feature engineering, limiting scalability. Many 
deep learning (DL) architectures offer an alternative by enabling automated feature extraction, particularly 
from unstructured data such as text, images, and signals. This scoping review summarises recent advances in 
DL-based prediction of outcomes for four major cardiovascular procedures: percutaneous coronary intervention 
(PCI), coronary artery bypass grafting (CABG), aortic valve replacement (AVR), and mitral valvuloplasty. 
Following PRISMA-ScR guidelines, we searched PubMed and IEEE Xplore for studies published between 2020 
and March 2025. Finally, 457 studies were retrieved and nine eligible studies were included after screening. 
DL models demonstrated varying performance across data types, with particularly strong results for text and 
imaging tasks. Multimodal approaches combining clinical, imaging, and signal data showed added predictive 
value. Compared with traditional ML, DL models often reduce the need for manual feature engineering, though 
they still require preprocessing and validation to mitigate overfitting. Overall, these findings suggest that DL has 
potential to support preoperative risk stratification, although evidence for clinical utility remains preliminary. 
Moreover, all included studies lacked external validation, and challenges remain regarding generalisability, 
explainability, and integration into clinical workflows. Future research should prioritise large, diverse cohorts, 
multimodal data fusion, and interpretable DL models to enable safe and effective clinical implementation.
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1. Introduction

Cardiovascular diseases (CVD) are the leading cause of death glob-
ally, accounting for 32% of all fatalities worldwide [1]. Cardiac proce-
dures to treat CVD often have a high risk of intraoperative and post-
operative complications [2–4], making accurate outcome prediction 
essential for identifying high-risk patients and supporting informed, 
personalised decisions before and after procedures.

Previously (and still in practice), risk estimation in cardiac medicine 
has largely relied on clinical logistic regression models, such as the 
EUROscore II and the Society of Thoracic Surgeons (STS) score [2,5,6]. 
Machine learning (ML) has emerged as a more advanced approach, 
rapidly gaining traction in medicine, including cardiovascular care [4,
5,7]. Beyond predicting outcomes of cardiac procedures [8,9], ML 
has been applied to early CVD diagnosis [10] and classification of 
heart failure severity [11]. Despite these advances, most ML studies 
have relied on traditional methods (i.e., regression, support vector 
machines (SVM), tree-based methods) which are limited to structured 
data and require manual feature extraction, a process that is often 
labour-intensive [12]. Traditional ML models remain attractive in many 
clinical settings due to their relative simplicity, interpretability, and 
often greater robustness when applied to structured data or smaller 
datasets.

Deep learning (DL) represents an alternative class of methods, en-
abling automated feature extraction and analysis of large volumes 
of unstructured data, such as medical images and electronic patient 
records (i.e. text) [13,14]. They enable computers to learn complex rep-
resentations by building them out of simpler ones [12]. Moreover, they 
are able to capture temporal dynamics and hierarchical representations 
in data. Automated feature extraction can reduce reliance on manual 
feature engineering, particularly for unstructured data, although its 
impact on performance and robustness depends on data quality, sample 
size, and validation strategy [12,15]. In addition, such representations 
can aid data harmonisation for comparing data across institutions [13]. 
Furthermore, DL architectures and automated feature extraction can 
support multimodal data representation and utilisation [13]. Multi-
modal data integrates sources in different formats (such as images, text, 
signal, or genetic data). It is a promising approach in cardiovascular 
medicine, although research remains limited [16].

1.1. Previous work

Several reviews on traditional ML use in cardiovascular outcome 
prediction have been conducted, but their findings are divergent. Two 
recent systematic reviews compared the predictive accuracy of ML-
based models for mortality after transcatheter aortic valve implantation 
(TAVI) with traditional clinical risk scores [8,17], and both concluded 
that ML methods have a higher predictive accuracy than conventional 
clinical scoring techniques. Similarly, Najdaghi et al. [3] reviewed the 
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use of ML models in predicting various forms of acute kidney injury in 
percutaneous coronary intervention patients and found ML models to 
outperform traditional methods. A review by Naruka et al. [9] found 
ML generally more effective in predicting graft failure and mortality 
after cardiac transplantation compared with conventional regression 
analysis. Leivaditis et al. [4] observed that ML surpasses traditional 
statistical methods in predicting in-hospital mortality and postoperative 
complications in cardiac surgery.

Conversely, many reviews question the magnitude of improvement 
achieved with ML. A systematic review by Zaka et al. [18] com-
pared ML algorithms with traditional risk scores for predicting clinical 
outcomes after PCI and concluded that ML models only marginally 
outperformed traditional risk scores. Similarly, a systematic review 
and meta-analysis by Benedetto et al. [2] compared the discrimination 
between ML models and logistic regression (LR) in predicting oper-
ative mortality following cardiac surgery. They conclude that while 
ML models provide better discrimination in mortality prediction after 
cardiac surgery, the extent and clinical relevance of this improvement 
remain uncertain. In their systematic review, Nayebirad et al. [19] 
reported no statistical difference between ML and regression models 
for predicting outcomes of PCI. Penny-Dimri et al. [20] conclude that 
current ML methods do not exhibit greater discriminative power than 
LR for predicting mortality in cardiac surgery patients. Moreover, Zeng 
et al. [6] compared multiple traditional ML methods and approaches 
to statistical analysis for in-hospital mortality prediction after cardiac 
surgery in a large population (n = 168,565) and also found ML only 
marginally better. Another recent review by Liu et al. [21] systemati-
cally evaluates and compares ML models against conventional CVD risk 
scores using electronic health record (EHR) data restricted to structured 
variables. They find ML to outperform traditional scores, but question 
the real-world effectiveness of ML models.

Recently, several reviews have examined the use of DL and unstruc-
tured data in cardiac health. Turchioe et al. [22] reviewed natural lan-
guage processing (NLP) methods and applications in cardiology, noting 
that most prior NLP studies focused on diagnosis or extracting disease 
severity using rule-based approaches. They highlighted the potential 
for broader application of NLP in predictive tasks. Amal et al. [16] 
discussed the utilisation of multimodal data and ML methods in car-
diovascular medicine. They conclude that while the field is promising, 
practical use cases remain scarce. The six studies included in their 
review primarily addressed disease detection and relied on traditional 
ML methods rather than DL. Additionally, Wu et al. [23] reviewed the 
recent advances of DL and electrocardiogram (ECG) data applications in 
CVD. Their analysis of 198 articles emphasised the need for continued 
exploration, including the impact of different preprocessing strategies 
and the feasibility of clinical implementation.

1.2. Aim

To our knowledge, no existing reviews specifically address the use 
of DL and/or unstructured data in outcome prediction for cardiovas-
cular procedures. This study aims to fill that gap by focusing on four 
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widely performed cardiovascular procedures: percutaneous coronary 
intervention (PCI), coronary artery bypass grafting (CABG), aortic valve 
replacement (AVR)—including both transcatheter (TAVI) and surgical 
(SAVR) approaches—and mitral valvuloplasty. PCI and CABG represent 
the two primary revascularization procedures for coronary artery dis-
ease, a leading global cause of morbidity, mortality, and healthcare 
expenditure [24]. AVR is the standard treatment for severe aortic 
stenosis, a progressive condition characterised by significant narrow-
ing of the aortic valve, often leading in heart failure and death if 
untreated [25]. Mitral valvuloplasty is a minimally invasive catheter-
based procedure for treating mitral valve disease [26]. Together, these 
procedures represent a broad spectrum of cardiovascular care, enabling 
comprehensive and generalisable insights into ML across both min-
imally invasive and surgical interventions. Given the emerging and 
limited nature of research in this area, a scoping review was chosen 
to identify and map available research [27,28].

2. Materials and methods

2.1. Search strategy

A literature search was conducted following the PRISMA extension 
for scoping reviews (PRISMA-ScR) [29]. As a scoping review, we aimed 
to map existing research rather than perform quantitative synthesis; 
meta-analysis and formal risk-of-bias assessment were not conducted 
due to substantial heterogeneity in endpoints, populations, data types, 
and validation strategies.

Moreover, databases and search queries were selected to prioritise 
precision instead of exhaustiveness. PubMed was used to capture the 
biomedical literature and completed with IEEE Xplore to identify 
engineering- and computer science—focused studies, where method-
ological advances in DL are commonly published. The PubMed search 
was performed on April 11, 2024, and April 11, 2025, while IEEE 
Xplore was searched on May 14, 2024, and April 9, 2025, to identify 
relevant studies. The PubMed query included keywords from five 
categories: (1) procedure-related terms (e.g., ‘‘cardiac surgery’’, ‘‘percu-
taneous coronary intervention’’); (2) method-related terms (e.g., ‘‘ma-
chine learning’’, ‘‘artificial intelligence’’); (3) the terms ‘‘prediction’’ 
and ‘‘predicting’’; (4) outcome-related terms (e.g., ‘‘mortality’’, ‘‘stroke’’)
(5) performance measure-related terms (e.g., ‘‘AUC’’, ‘‘sensitivity’’). The 
IEEE Xplore database was used to discover more technically oriented 
studies, using keywords exclusively related to cardiac procedures. 
Complete search queries for each database are provided in Supplement 
A.

To capture the full range of clinical scenarios within these pro-
cedures, we defined inclusion criteria that ensured representation of 
both common and specialised interventions. To ensure comprehensive 
coverage, we included all major types of PCI procedures, elective, 
primary, and emergency PCI, encompassing both planned and acute 
interventions. We also included both TAVI and surgical aortic valve 
replacement (SAVR) to represent traditional and minimally invasive 
valve replacement techniques.

For the methods-related component of the PubMed search strategy 
(item 2 in the list above), we broadened the scope by including general 
ML and artificial intelligence terms, rather than restricting the search 
exclusively to DL. This approach was intended to provide a more 
comprehensive overview of the types of prediction tasks addressed 
in prior research. During the screening phase, only DL studies were 
retained, and a comparison with traditional ML studies is presented in 
Table  4.

2.2. Inclusion and exclusion criteria

Studies eligible for inclusion had the following properties: (1) They 
predicted any complications or relevant outcomes of patients going 
through percutaneous coronary intervention (PCI), coronary artery 
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bypass grafting (CABG), aortic valve replacement (AVR), or mitral 
valvuloplasty; (2) The findings had to be corroborated with distinct 
testing data (e.g., internal cross-validation or reserved test data), which 
were not utilised during the model training phase; (3) Reported rele-
vant performance metrics, such as the Area Under the Curve (AUC), 
sensitivity, and specificity; (4) Only studies published in the English 
language, within the timeframe of 2020 to March 2025 were included. 
(5) They utilised DL and/or unstructured data for prediction. Shallow 
multi-layer perceptron (MLP) models were excluded because they lack 
the depth needed to capture complex patterns in high-dimensional or 
unstructured data [12].

2.3. Selection of studies

In the first phase, all abstracts were independently screened by two 
reviewers (SJ and IR) to include only studies meeting criteria 1–4. If the 
abstract did not clearly provide the required information, the full text 
was assessed and any conflicts were resolved by a third reviewer (SÄ). 
In the second phase, the full text of remaining articles was assessed by 
one reviewer (SJ or IR) to confirm eligibility based on criterion 5 – 
unclear cases were jointly resolved by SJ, IR, and SÄ.

2.4. Data extraction

Data were extracted to pre-developed tables either by SJ or IR. The 
tables included following data:

1. Patient characteristics, such as age, gender and BMI/height/
weight.

2. Details of included data types (e.g. computed tomography (CT) 
image, text, tabular)

3. Study characteristics, including the cardiac procedure
performed, predicted outcome, sample size, size of the positive 
class (e.g., % mortality), ML methods used, data splitting for 
model training and validation (development set) and internal 
test set, model calibration, use of external test data, model 
selection metrics, performance metrics, and explainability.

3. Results

A total of 457 records were initially identified for screening after 
removing duplicates and non-English articles: 392 from PubMed, and 
65 from IEEE Xplore. Following abstract screening, 139 studies (134 
from PubMed and 5 from IEEE Xplore) were included for full-text 
review. Ultimately, nine studies met the eligibility criteria. The search 
process is summarised in the PRISMA flowchart in Fig.  1.

3.1. Applications

Five studies focused on predicting outcomes after PCI. Bhattacharya 
et al. [35] developed separate models to predict three outcomes—all-
cause mortality, ischaemic stroke, and heart failure hospitalisation—
six months post-PCI using ECG signals and clinical data. Shinohara 
et al. [38] predicted the occurrence and risk level of major adverse 
cardiovascular events (MACE) (i.e., cardiac death, acute coronary syn-
drome, and heart failure hospitalisation) within two years following a 
PCI operation with structured tabular data extracted from electronic 
health records. Li et al. [30] predicted ST-segment elevation myocardial 
infarction (STEMI) during six months after primary PCI from echocar-
diography images and clinical data. Pérez-Martínez et al. [32] predicted 
success versus failure of revascularization of chronic occlusions in PCI 
from angiography images and clinical data and compare the results to 
a traditional score, the J-CTO. Li et al. [36] predicted two outcomes—
all-cause mortality and cardiovascular mortality—at five years after 
coronary angiography with or without PCI from coronary angiography 
reports.
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Table 1
Patient characteristics of the studies. N/A = not available.
 Study Gender Age BMI/Height/Weight  
 Li et al. 2023 [30] 81.4% male Average 61.5 years N/A  
 Okuno et al. 2021 [31] 52.0% male Median 83.2 years Average 71 kg, 165 cm 
 Pérez-Martínez et al. 2023 [32] 83.9% male Average 63.0 years N/A  
 Sawano et al. 2022 [33] 64.3% male Median 57.3 years BMI: 24 ± 3.8  
 Tseng et al. 2023 [34] 89.1% male Average 60.3 years N/A  
 Bhattacharya et al. 2022 [35] 52.7% male Average 67.2 years BMI: 29.97 ± 8.48  
 Li et al. 2022 [36] 76.6% male Average 85.5 years N/A  
 Del Gaizo et al 2024 [37] N/A N/A N/A  
 Shinohara et al. 2024 [38] 77.8% male Average 68.4 years BMI: 24.3 ± 3.9  
Fig. 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.
Moreover, two studies predicted the outcomes of other cardiovascu-
lar procedures. Del Gaizo et al. [37] predicted morbidity or mortality 
in patients undergoing CABG using text data from a single preoperative 
surgical consult note. Okuno et al. [31] predicted 30-day cardiovascular 
events (CVE), including strokes and transient ischaemic attacks, after 
TAVI using computed tomography (CT) images and clinical tabular 
data.

Additionally Sawano et al. [33] used video data to predict vascular 
age, either as a continuous variable or dichotomised as below or 
above 65 years, in patients undergoing PCI or CABG. Finally, Tseng 
et al. [34] aimed to identify the infarct-related artery in patients with 
4 
STEMI, undergoing primary PCI using ECG data. This classification task 
involved three classes; left anterior descending, left circumflex artery, 
and right coronary artery.

3.2. Data

Data characteristics of the included studies are summarised in Ta-
ble  2. Four of the studies used multimodal data, combining clinical 
variables in tabular form (e.g., demographic data, clinical history, 
medication) with other data types. Bhattacharya et al. [35] combined 
12-lead ECG signals with 157 clinical tabular variables while three 
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Table 2
Data characteristics of the studies. N/A = not available. CT = computed tomography, ECG = electrocardiogram, PCI = percutaneous coronary intervention, TAVI 
= transcatheter aortic valve implantation, CABG = coronary artery bypass grafting.
 Study Data types Procedure Predicted outcome N Positive class  
 Li et al. 2023 [30] Echocardiogram images 

and clinical tabular
Primary PCI Major adverse cardiovascular 

events
194 patients 45  

 Okuno et al. 2021 [31] CT images and clinical 
tabular

TAVI 30-day cardiovascular events 1492 patients 19 acute, 36 
subacute

 

 Pérez-Martínez et al. 
2023 [32]

X-ray images and clinical 
tabular

PCI Successful or non-successful 
PCI

112 patients/ series 
of angiography

28  

 Sawano et al. 2022 
[33]

Angiography videos PCI or CABG Vascular age 716 patients, 7360 
videos

N/A  

 Tseng et al. 2023 [34] ECG signal PCI Infarct-related artery 384 N/A  
 Bhattacharya et al. 
2022 [35]

ECG signal and clinical 
tabular

PCI Mortality, stroke or heart 
failure hospitalisation at 6 
months

17 356 patients N/A  

 Li et al. 2022 [36] Text Coronary 
angiography 
with or without 
PCI

All-cause or cardiovascular 
mortality at 5 years

11 576 patients 
(including 3481 
non-PCI cases)

1411 all-cause, 661 
cardiovascular

 

 Del Gaizo et al. 2024 
[37]

Text CABG Morbidity or mortality 1738 patients 567  

 Shinohara et al 2024 
[38]

Tabular electronic health 
records

PCI Major adverse cardiovascular 
events within 2 years

3938 patients 315  
studies combined imaging data with clinical tabular data [30–32]. 
Specifically, Li et al. [30] used myocardial contrast echocardiography 
images, Okuno et al. [31] CT images and Pérez-Martínez et al. [32] 
angiography images.

Moreover, Sawano et al. [33] utilised angiography video data, Tseng 
et al. [34] used 12-lead ECG signal data, and Shinohara et al. [38] em-
ployed structured tabular data extracted from electronic health records. 
Finally, two studies applied unstructured text data: Li et al. [36] anal-
ysed coronary angiography reports and Del Gaizo et al. [37] utilised 
one preoperative surgical consult note per individual.

The data size ranged from 112 to 17,356 patients. Patient charac-
teristics for each study are presented in Table  1. In general, the studies 
included a higher proportion of males and participants from late middle 
age to older age groups, most likely due to the greater prevalence of 
disease and cardiac procedures in these populations.

Most datasets were unbalanced, with the positive class notably 
smaller. One study did not report the size of the positive class [35]. 
Moreover, Sawano et al. [33] predicted vascular age as both a dichoto-
mous task (below or above 65 years) and a continuous task, while 
Tseng et al. [34] addressed a three-class classification problem (i.e., no 
positive class).

3.3. Methods

A summary of the methods is presented in Table  3.

3.3.1. Models
Studies with image and video data mostly applied Convolutional 

neural networks (CNNs) and one utilised rare-event autoencoders. Li 
et al. [30] first used CNNs and Long short-term memory (LSTM) for 
automatic echocardiography image segmentation and then calculated 
the risk score using multivariate Cox regression. Sawano et al. [33] 
trained EfficientNet models (i.e., CNNs), utilising pre-trained weights 
from ImageNet. Two separate models were trained, one to predict the 
vascular age as a continuous variable and another dichotomous model 
to predict age below or above 65. Pérez-Martínez et al. [32] trained 
four different DL models with varying data representations: (1) Unique 
view convolutional neural network, based on residual network (ResNet-
34), trained with only one image per patient; (2) Neural network for 
tabular data, based solely on tabular data, fully connected layers for 
feature selection and then the classifier used in the previous model; 
5 
(3) Multi-view convolutional neural network, based on ResNet-34, incor-
porating all four images from each patient, with a maximum pooling 
layer to retain the most relevant information from each image; and (4)
Multi-view convolutional neural network for mixed data, combined images 
and tabular data, based on the combination of models (2) and (3).

Finally, due to their severely imbalanced data, Okuno et al. [31] 
utilised a rare-event autoencoder [39] for prediction. The model was 
trained using images of patients without CVE and predictions were 
made based on the mean squared error (MSE) for new data. In other 
words, the model measured how much a patient differed from the 
population without a 30-day CVE.

For text data, Del Gaizo et al. [37] developed two distinct models: 
one utilising the TextCNN architecture and the other employing a 
modified long short-term memory (LSTM) architecture, referred to as 
TextLSTM. TextCNN is a CNN designed for text data, while TextLSTM 
replaces the convolutional layer with a bi-directional LSTM layer. 
Li et al. [36] utilised a modified BioBERT model, which is based 
on bidirectional encoder representations from transformers (BERT)—a 
model pre-trained on extensive text data—with BioBERT specifically 
designed for the biomedical domain. They divided reports into three 
parts: indication (reason for angiography and patient history), tech-
nique (hemodynamic data, lesion details, equipment, and intervention), 
and conclusion (procedure summary and follow-up recommendations). 
Moreover an ensemble model combined the predictions from these 
individual models using a linear combination of probabilities.

For ECG data, Tseng et al. [34] applied CNNs and a multistage 
ResNet to identify the infarct-related artery. Bhattacharya et al. [35] 
utilised a two-branch model that processed ECG data using CNNs and 
clinical data using stacked dense layers. In addition to the multimodal 
model, the study also evaluated two baseline models: one using only 
ECG data and the other using only clinical variables.

Shinohara et al. [38] applied the Transformer-based SurvTrace 
model for prediction. It is a tool specifically designed for survival 
analysis tasks [40].

In general, final hyperparameters used are precisely and compre-
hensively reported [30,31,33,35–37]. Two studies shared open source 
code for training and validating the models instead of final hyperpa-
rameters [34,38]. One of these employed Optuna, an advanced frame-
work for hyperparameter optimisation [38]. One paper did not report 
model hyperparameters or share code [32].

Four studies utilised pre-trained models: two for image data (Ima-
geNet) [32,33] and two for text data [36,37].
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Table 3
Summary of the methods used in the studies. N/A = not available, CNN = convolutional neural networks, LSTM = long short-term memory, AUROC = area under 
the receiver operating characteristic curve, MSE = mean squared error.
 Study Methods Model training Model validation Model testing Model selection 

metrics
Model performance  

 Li et al. 2023 [30] CNN, LSTM for image 
segmentation, Cox 
regression for 
prediction

N/A N/A 100 times bootstrap AUROC AUROC 0.94  

 Okuno et al. 2021 [31] Rare-event 
autoencoders

80% of the 2/3 20% of the 2/3 1/3 of the data MSE AUROC 0.79 
(0.65–0.93)

 

 Pérez-Martínez et al. 
2023 [32]

ResNet-34 85% of the 80% 15% of the 80% 20% Binary 
Cross-Entropy

AUROC 0.65  

 Sawano et al. 2022 
[33]

EfficientNet 63.8% 16.1% 20.1% MSE, binary 
cross-entropy loss 
for ≥65 task

Accuracy 68% for age 
prediction, AUROC 
0.84 the binary

 

 Tseng et al. 2023 [34] CNN, multistage ResNet 70% N/A 30% N/A Accuracy 83.7%  
 Bhattacharya et al. 
2022 [35]

CNN 60% 20% 20% AUROC AUROC 0.86  

 Li et al. 2022 [36] BioBERT 60% 20% 20% Cross-entropy loss All-cause mortality 
AUROC 0.82, 
cardiovascular 
mortality AUROC 0.86

 

 Del Gaizo et al. 2024 
[37]

TextCNN, LSTM 72% 13% 15% AUROC AUROC 0.83  

 Shinohara et al. 2024 
[38]

SurvTrace 67.5% 22.5% 10% Validation loss Harrell’s c-index 0.72  
3.3.2. Preprocessing
For image data, two studies mentioned standard preprocessing steps 

such as normalisation and missing data imputation [31,32]. Pérez-
Martínez et al. [32] also applied data augmentation and oversam-
pling to address class imbalance. For video data, ten frames with 
high information content were extracted from each video using edge 
filters [33].

For text data, both studies did standard preprocessing, including 
removal of punctuation, stop words, and dates, as well as converting 
text to lower case [36,37]. Moreover, Del Gaizo et al. [37] applied 
different embedding techniques for numerical information contained in 
the text.

For ECG data, Tseng et al. [34] reported filtering, down-sampling, 
and segmentation. Finally, two methods for extracting time-frequency 
characteristics were considered: short-time Fourier transform (STFT) 
and continuous wavelet transform (CWT). Bhattacharya et al. [35] 
extracted time-domain features from raw ECG data.

3.3.3. Validation
Seven of the studies divided their data into three parts—one for 

training the model, one for validation (e.g., model assessment and 
selection), and one for testing the model [31–33,35–38]. One study 
did not specify the use of a validation set, reporting only a division 
into training and test sets [34]. Another study utilised a hundred-times 
repeated bootstrap for model training and testing [30].

Due to the imbalanced class distribution, two papers stratified their 
data by class distribution [32,37], and one reweighted the classes 
accordingly [36]. Moreover, Okuno et al. [31] trained a rare-event 
autoencoder specifically designed for imbalanced data. No other strati-
fications were considered in data division (such as gender distribution).

Only one study utilised repetitions in its analyses: Del Gaizo et al. 
[37] repeated their analyses ten times and reported the results as 
averages, thereby minimising the risk of a chance finding [41].

None of the studies reported performance metrics for the training 
or validation data. Moreover, only sporadic information on model 
calibration (e.g., calibration plots, calibration slope, or Brier score) 
was provided across included studies, limiting assessment of absolute 
risk estimation and clinical reliability. Reporting these metrics helps 
6 
evaluate the risk of overfitting to training or validation data—a serious 
concern, as DL models have high capacity to fit data, potentially 
lowering generalisability. Importantly, none of the included studies 
performed external validation using independent cohorts. This absence 
represents a major limitation for assessing generalisability and clinical 
translation.

In addition, the lack of reported training–validation performance 
and calibration metrics hampers the evaluation of overfitting, a known 
concern in high-capacity DL models trained on limited or heteroge-
neous clinical datasets [42,43].

3.3.4. Explainability
Five studies included explainability methods in their analyses. Three 

studies used SHAP (SHapley Additive exPlanations) to explain their 
results [36–38]. SHAP estimates importance of each variable in the 
model’s prediction using Shapley scores [44]. For text data, SHAP 
highlights the importance of specific words or word sequences in the 
prediction [36,37].

Bhattacharya et al. [35] employed Local Interpretable Model-
agnostic Explanations (LIME) and randomisation techniques for model 
explainability. LIME was used to identify the most important features 
influencing the model’s predictions [45]. Additionally, randomisation 
was applied to both clinical variables and ECG data to assess the 
robustness of the model. By randomly altering the values of top clinical 
features and manipulating ECG channels, the authors evaluated how 
noise or information loss impacted the model’s performance. [35].

Lastly, Sawano et al. [33] applied Grad-CAM (Gradient-weighted 
Class Activation Mapping) [46] to visualise the regions supporting the 
neural network’s interpretation when predicting vascular age.

3.4. Prediction results

Seven of the studies reported their results using Area Under the 
Receiver Operating Characteristic Curve (AUROC) and one used Har-
rell’s C-index [38]. In binary and dichotomous tasks, the C-index is 
equivalent to the AUROC [47]. Furthermore, Tseng et al. [34] reported 
their three-class artery prediction results with accuracy.
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For predicting outcomes of PCI operations, the AUROC values 
ranged from 0.65 to 0.94. Li et al. [30] achieved an AUROC of 0.94, 
sensitivity of 0.84, and specificity of 0.94 for predicting STEMI after 
PCI using echocardiography images and clinical data. Bhattacharya 
et al. [35] were able to predict heart failure hospitalisation with an 
AUROC 0.86 and ischaemic stroke with an AUROC 0.79 using their 
multimodal model. The ECG-only model performed considerably worse, 
whereas the clinical variables-only model achieved the highest AUROC 
of 0.91 for all-cause mortality. Prior stroke was identified as the most 
important predictor using LIME analysis for the clinical variables-only 
model. Li et al. [36] achieved an AUROC of 0.82 for all-cause mortality 
prediction and 0.86 for cardiovascular mortality prediction after PCI. 
The ensemble model (combining indication, technique, and conclusion 
part of the text reports) produced the best results. The article does not 
report any results for the SHAP explainability analysis.

From tabular EHR data, Shinohara et al. [38] predicted MACE 
within two years of PCI with a Harrell’s c-index of 0.72 (95% CI: 
0.69–0.76), indicating higher prognostic accuracy compared to the 
conventional scoring system, which had a c-index of 0.64 (95% CI: 
0.64–0.64). SHAP results highlighted the influence of pre-existing 
conditions, such as a history of chronic heart failure. Pérez-Martínez 
et al. [32] predicted success of revascularisation of chronic occlusions 
in PCI with an AUROC of 0.65, sensitivity of 87.5, and specificity of 
66.7. The model using all four images but no tabular data achieved the 
highest performance. The traditional score J-CTO achieved an AUROC 
of 0.73.

For other procedures, Del Gaizo et al. [37] predicted postopera-
tive mortality or major complications in CABG patients with an AU-
ROC of 0.82 (95% CI: 0.806–0.834) (TextCNN) and 0.83 (95% CI: 
0.809–0.843) (TextLSTM). The best results were achieved using the 
AttnToNum embedding method. SHAP analyses indicated low blood 
urea nitrogen and creatinine values were associated with survival. 
Moreover, to predict 30-day CVE after TAVI, Okuno et al. [31] achieved 
an AUROC of 0.79, sensitivity of 80% and specificity 73.3%. Their 
recursive feature elimination suggested that imaging data were as 
important for the prediction model as clinical data.

For predicting vascular age as a continuous variable, Sawano et al. 
[33] achieved a mean absolute error of 4 years and an 𝑟2 of 0.72. 
For dichotomous detection of age ≥65, the AUROC was 0.839, with 
sensitivity of 74%, specificity of 76%, and accuracy of 75%. Their 
Grad-CAM analysis demonstrated that the model focused on the entire 
coronary artery limbus in age prediction. Finally, to identify infarct-
related artery, Tseng et al. [34] achieved an overall accuracy of 83.7%. 
The sensitivity and specificity for detecting the left anterior descending 
artery were 93.46% and 80.39%, respectively. For the left circumflex 
artery, sensitivity was 56% and specificity was 99.7%. For the right 
coronary artery, sensitivity was 85.9% and specificity was 92.9%.

4. Discussion

This scoping review aimed to summarise available research on 
utilisation of DL and/or unstructured data for outcome prediction 
in cardiovascular procedures. Our search identified nine studies that 
reported moderate to high discriminative performance across diverse 
prediction tasks. While AUROC values above 0.80 are often interpreted 
as indicating good discrimination, discrimination alone does not es-
tablish robustness, calibration, or clinical usefulness, particularly in 
the absence of external validation [42,48]. The limited reporting of 
calibration metrics observed in this review reflects a broader pattern in 
clinical prediction modelling, where model evaluation often prioritises 
discrimination at the expense of risk reliability [49]. Poorly calibrated 
models can be clinically misleading, even when AUROC values are 
high, potentially resulting in inappropriate risk communication and 
suboptimal decision-making.
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4.1. Comparison of DL vs. traditional ML

While DL models have shown promise in leveraging unstructured 
data for outcome prediction in cardiovascular procedures, their com-
parative value relative to traditional ML approaches is central to under-
standing their clinical utility. Traditional ML models, typically built on 
structured clinical and laboratory data, have been extensively studied 
and validated across a wide range of cardiovascular applications. Be-
cause DL models have high representational capacity, they may be par-
ticularly susceptible to overfitting in small or heterogeneous cohorts, 
reinforcing the importance of rigorous validation and calibration as-
sessment compared with traditional ML approaches, particularly when 
learning-curve or calibration diagnostics are not reported. Therefore, 
understanding how DL models perform in relation to these benchmarks 
is critical for assessing their potential clinical utility and identifying 
areas where DL may offer unique advantages.

To address this, we compiled a contextual benchmark summary 
(Table  4) of the DL studies identified in this review alongside re-
cent traditional ML models targeting similar patient populations and 
outcomes. To avoid overinterpretation, Table  4 is provided solely to 
illustrate the diversity of modelling approaches and data modalities 
used in adjacent DL and ML literature, rather than to support com-
parative performance claims. Each DL study is presented alongside 
selected traditional ML studies addressing related patient populations 
or outcomes, with contrasts across input data types, predicted outcomes 
and time frames, and reported performance metrics—primarily AUROC 
with 95% confidence intervals (CIs). As a scoping review, our aim was 
to map existing research rather than perform quantitative synthesis. 
Reported performance metrics are presented for context and should 
be interpreted cautiously, as differences across studies may reflect 
variations in cohorts, endpoints, and validation strategies rather than 
true superiority.

In the following subsections, we further explore the DL studies 
grouped by input data type—text data, angiographic imaging, ECG 
signals, and structured data—to examine how each type influences 
model design, performance, and clinical applicability.

4.1.1. Text data DL models
Del Gaizo et al. [37] presented a novel DL approach using NLP 

on a single preoperative surgical note to predict operative mortality 
or major morbidity after CABG. Despite using minimal input, their 
model performed comparably to pooled estimates from traditional DL 
models in the meta-analyses by Benedetto et al. [2] and Penny-Dimri 
et al. [20]. Although Del Gaizo’s model did not surpass the highest 
AUROC reported by Benedetto et al. its results fall within the CIs 
of both meta-analyses. Beyond performance, the use of unstructured 
clinical text reduces reliance on manually curated structured variables, 
which often require extensive variable selection, harmonisation, and 
data cleaning. This contrast highlights practical differences in data 
representation approaches for surgical risk prediction, particularly in 
settings where structured data is scarce or costly to curate.

Similarly, Li et al. [36] applied a DL model to free-text coronary 
catheterisation reports to predict all-cause mortality. This approach 
contrasts with Liu et al. [50], who used structured clinical and labo-
ratory data in a random forest (RF) model, and Takahashi et al. [51], 
who redeveloped the SYNTAX Score II using structured clinical and 
angiographic variables to guide long-term decision-making between 
PCI and CABG. While Liu’s model offered interpretability and clinical 
familiarity, its predictive performance was modest. Takahashi’s model, 
though externally validated and clinically grounded, was constrained 
by its reliance on predefined variables. In contrast, Li’s DL model 
reported higher discrimination in this specific setting, although com-
parisons are limited by differences in cohorts and validation strategies. 
This observation raises a hypothesis that unstructured text may contain 
nuanced clinical information that structured inputs might not fully cap-
ture. These findings further underscore the promise of DL-based NLP in 
augmenting traditional risk stratification tools, particularly in settings 
where rich textual data are routinely generated but underutilised.
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Table 4
Contextual benchmark summary of deep learning (DL) studies and corresponding recent traditional machine learning (ML) benchmarks. Reported metrics are 
shown for descriptive context only, as differences in cohorts, endpoints, data types, and validation strategies prevent direct comparison.  The Performance context
column provides a qualitative interpretation of reported metrics and does not indicate superiority of any modelling approach. AUROC = area under the receiver 
operating characteristic curve, CI = confidence interval, RMSE = root mean square error, MACE = major adverse cardiac events, ECG = electrocardiogram, CT =
computed tomography, PCI = percutaneous coronary intervention, CABG = coronary artery bypass grafting, CTO = chronic total occlusion, TAVI = transcatheter 
aortic valve implantation, STEMI = ST-elevation myocardial infarction, NSTEMI = non-ST-elevation myocardial infarction, LAD = left anterior descending, LCX 
= left circumflex, RCA = right coronary artery.
 DL study and 
sample/cohort

Trad. ML comparisons (study 
typea, sample/cohort)

Input type (DL vs. trad. 
ML)

Predicted outcome(s) and 
time frame

Performance (AUROC with 
95% CI)

Performance context  

 Del Gaizo et al. 
[37] (CABG)

Benedetto et al. [2] (MA, 
mainly CABG); 
Penny-Dimri et al. [20] (MA, 
broadly cardiac surgery)

Text note vs. structured 
data

Operative mortality or 
major morbidity vs. 
mortality (in-hospital or 
30-day)

0.821 (0.806–0.834) and 
0.825 (0.809–0.843) vs. 
Benedetto: 0.88 
(0.83–0.93); Penny-Dimric: 
0.82 (0.79–0.85)

DL performance falls 
within the range reported 
by pooled traditional ML 
estimates, with 
overlapping CIs

 

 Li et al. [36] 
(coronary 
angiography ± PCI)

Liu et al. [50] (SC, PCI); 
Takahashi et al. [51] (SA, 
PCI/CABG)

Text vs. Liu: structured 
clinical and laboratory 
data, Takahashi: 
structured clinical and 
angiographic data

All-cause mortality 
(5-year vs. Liu: 5-year, 
Takahashi: 10-year)

0.822 (0.790–0.855) vs. 
Liu: 0.71 (0.69–0.74)d; 
Takahashic: 0.73 
(0.69–0.76)

Higher DL discrimination 
reported, though cohorts, 
prediction horizons, and 
validation strategies 
differ

 

 Okuno et al. [31] 
(TAVI)

Maier et al. [52] (SC, TAVI) CT images and clinical 
tabular vs. structured 
data

Cerebrovascular events 
(30-day vs. in-hospital)

0.79 (0.65–0.93) vs. 0.73 
(0.66–0.80)

DL and trad. ML 
performance estimates 
overlap within CIs

 

 Pérez-Martínez 
et al. [32] (patients 
undergoing CTO 
revascularization via 
PCI)

Moroni et al. [53] (MC, 
patients undergoing CTO 
revascularization via PCI)

X-ray images and 
clinical tabular vs. 
clinical and 
angiographic tabular 
data

PCI success/failure 
(immediate procedural 
outcome)

0.646 vs. 0.73 Trad. ML reported higher 
discrimination in a larger 
multicenter cohort

 

 Sawano et al. [33] 
(PCI or CABG)

Abal et al. [54] (SM, 
synthetic data based on 
healthy individuals); 
Tang et al. [55] (MC, 
general population sample)

Angiography video vs. 
Abal: synthetic tabular 
data; 
Tang: tabular data

Vascular age (continuous 
and dichotomous ≥65
years vs. Abal & Tang: 
continuous)

Continuous: RMSE 4 years, 
𝑟2 = 0.72; Dichotomous: 
AUROC 0.839 vs. Abal: 
RMSE 8.24, 𝑟2 = 0.77; 
Tang: RMSE 7.33 (male), 
8.46 (female)

DL model demonstrated 
promising performance 
using imaging data, 
though outcomes and 
populations differ from 
tabular benchmarks

 

 Bhattacharya et al. 
[35] (PCI)

Ashraf et al. [56] (SC, PCI);
Hosseini et al. [57] (SC, PCI 
in acute coronary syndrome 
patients);
Liu et al. [58] (SC, NSTEMI 
patients post-PCI)

ECG signal and clinical 
structured vs. 
structured data

Ischaemic stroke, 
all-cause mortality, and 
heart failure 
hospitalisation (6-month 
vs. Ashraf (ischaemic 
stroke): 6-month to 
5-year; Hosseini 
(all-cause mortality): 
1-year; Liu (hospital 
readmission): 1-year)

Stroke: 0.786 vs. Ashraf 
(6-m): 0.87 (0.82–0.91); 
Mortality: 0.897 vs. 
Hosseini: 0.866 
(0.820–0.904); 
Hospitalisation: 0.863 vs. 
Liu: 0.749 (0.681–0.817)

Performance varied by 
outcome, with 
overlapping ranges 
between DL and trad. ML 
across tasks

 

 Tseng et al. [34] 
(STEMI patients 
undergoing PCI)

Gregg et al. [59] (SC, STEMI 
patients undergoing PCI)

ECG signal vs. 
ECG-derived tabular 
data

Infarct-related artery 
classification (left 
anterior descending, left 
circumflex, right 
coronary artery)

Acc: 83.7; Sens/Spec: LAD 
93.46/80.39, LCX 56/99.7, 
RCA 85.9/92.9 vs. Gregg: 
LAD 90/100, LCX 50/98, 
RCA 98/72

DL model reported 
improved classification 
for selected arteries, 
though task definitions 
and evaluation metrics 
differ

 

 Shinohara et al. 
[38] (PCI)

Nayebirad et al. [19] (MA, 
cardiac patients)

All structured MACE (2-year vs. 
1–10-year)

0.72 (0.69–0.76) vs. 0.85 
(0.58–0.96)

DL performance falls 
within the broad range 
reported in pooled trad. 
ML analyses

 

 Li et al. [30] 
(STEMI patients 
post primary PCI)

Chen et al. [60] (SC); 
Zhang et al. [61] (MC); 
Yang et al. [62] (SC, STEMI 
patients post emergency PCI)

All structured MACE (6-month vs. 
Chen: 7-day, Zhang: 
in-hospital, Yang: 
long-term)

0.94 (0.91–0.98) vs. Chen: 
0.776 (0.743–0.809)d; 
Zhangc: 0.788 
(0.734–0.841); Yang: 0.724

Higher DL performance 
reported, though 
differences in validation 
strategy and outcome 
definition limit 
comparabilityb

 

a MA = meta-analysis, SC = single-centre retrospective, MC = multicenter retrospective, SA = secondary analysis of a multicenter randomised controlled trial, SM = synthetic 
modelling study.
b Validation strategies differ considerably and may affect comparability.
c Reported C-index instead of AUROC.
d CI not reported, but calculated here using standard deviation and cross-validation information.
4.1.2. Angiographic imaging data DL models
Both Okuno et al. [31] and Maier et al. [52] addressed cere-

brovascular event prediction following TAVI. Okuno et al. employed 
a DL autoencoder trained on high-dimensional clinical and imaging 
data, whereas Maier et al. constructed LR-based risk scores using 
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multimodal imaging and procedural variables. Maier’s approach offered 
interpretability and direct clinical applicability through point-based 
scoring, but its internal validation revealed limitations in general-
isability. In contrast, Okuno’s model, though less interpretable, re-
ported discriminatory performance within the CI reported by Maier 
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and illustrates how DL architectures can integrate heterogeneous data. 
Together, these studies illustrate complementary strategies: Maier’s 
structured modelling supports bedside decision-making, while Okuno’s 
data-driven framework may enable more nuanced risk stratification in 
complex cases.

Pérez-Martínez et al. [32] investigated the integration of angio-
graphic imaging with clinical tabular data using DL architectures to 
predict procedural success in chronic total occlusion (CTO) PCI. Their 
study demonstrated the feasibility of combining visual and structured 
inputs, though it was constrained by a modest sample size. In contrast, 
Moroni et al. [53] applied gradient boosting to structured clinical 
and angiographic variables in a large, multicenter European cohort. 
Their model achieved strong discriminative performance and surpassed 
conventional scoring systems, highlighting the importance of extensive 
datasets and diverse variables. The effectiveness of image-based DL re-
mains highly sensitive to data volume and quality, whereas structured-
data models trained on large, heterogeneous cohorts may offer more 
robust and generalisable predictions.

The third imaging application had a distinct aim. Sawano et al. [33] 
predicted vascular age from coronary angiography videos. Previously, 
Abal et al. [54] estimated vascular age using synthetic cardiovascular 
parameter data with regression, RF, SVM, and MLP methods, and Tang 
et al. [55] published a vascular age prediction pulse dataset and applied 
XGBoost. Compared with these tabular-data approaches, predicting 
vascular age from coronary angiography video using DL was associated 
with higher reported performance for this specific prediction task.

4.1.3. ECG signal data DL models
Bhattacharya et al. [35] evaluated three post-PCI outcomes: is-

chaemic stroke, all-cause mortality, and heart failure hospitalisation. 
For comparison, we reference three recent studies addressing similar 
endpoints [56–58].

For ischaemic stroke prediction, Ashraf et al. [56] reported that 
their RF model outperformed LR, leveraging clinical, demographic, 
procedural, ECG, and echocardiographic data, with variables extracted 
from both ECG and imaging. In contrast, Bhattacharya’s multimodal 
fusion model exhibited lower performance, falling below the CI re-
ported for Ashraf’s RF model. This suggests limitations in the fusion 
model’s ability to capture stroke-related risk factors effectively. Despite 
the theoretical advantages of multimodality, the raw ECG signal data 
used in Bhattacharya’s model may not have contributed meaningfully 
to stroke prediction. Additionally, the inclusion of echocardiographic 
variables in Ashraf’s study may have provided a comparative advantage 
through richer structured data.

In mortality prediction post-PCI, both Bhattacharya and Hosseini 
et al. [57] reported high-performing ML models. Hosseini’s RF model, 
trained on structured demographic, clinical, lifestyle, laboratory, car-
diac function, and procedural variables, predicted mortality in acute 
coronary syndrome patients. Bhattacharya’s fusion model achieved 
AUROC values within or above the range reported for Hosseini et al. 
but direct comparisons are limited.

Liu et al. [58] developed an LR model to predict readmission 
in NSTEMI patients post-PCI. Notably, their LR model outperformed 
more complex models such as XGBoost and RF. The study incorpo-
rated demographics, vital signs, medical history, laboratory results, 
coronary angiography findings, and medication use. Although the end-
points differed—Bhattacharya focused on heart failure hospitalisation, 
whereas Liu addressed broader readmission risk—the fusion model 
showed higher reported performance for this outcome.

Tseng et al. focused on predicting the infarct-related artery among 
STEMI patients undergoing PCI using ECG data [34]. Compared with 
a similar LR-based classification system [59], they reported higher 
classification performance for the right coronary  and left circumflex 
arteries. In addition, they highlighted ECG preprocessing as a major 
contribution of their work.
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4.1.4. Structured data DL models
While Shinohara et al.’s [38] transformer-based SurvTrace model 

outperformed a conventional scoring system for MACE, Nayebirad 
et al.’s [19] meta-analysis reported a higher pooled average AUROC of 
0.85 for ML models (excluding LR), compared with 0.75 for LR models 
alone. However, both results fall within overlapping CIs.

SurvTrace demonstrates the feasibility of applying transformer ar-
chitectures to structured clinical data for survival analysis. Neverthe-
less, its lack of multimodal input, such as unstructured text, may 
limit its potential advantage over traditional ML models. Although 
its performance is competitive, it does not clearly exceed that of 
traditional ML approaches highlighted in the meta-analysis. These find-
ings suggest that while DL models like SurvTrace hold promise, their 
added complexity does not necessarily translate into superior predictive 
performance when applied solely to structured data.

Li et al. [30] addressed the challenge of MACE prediction by de-
veloping a model specifically for primary PCI patients, with outcomes 
assessed within six months post-procedure. In contrast, three other re-
cent studies [60–62] proposed alternative models for predicting MACE 
following emergency PCI in STEMI patients, all based on tabular clin-
ical data. Chen et al. [60] applied four ML algorithms—LR, SVM, 
k-nearest neighbours, and complement naïve Bayes—using clinical and 
laboratory variables, with LR demonstrating the best overall perfor-
mance. Zhang et al. [61] constructed a nomogram model using LASSO 
for variable selection and LR for modelling, focusing on metabolic and 
thrombotic markers. Similarly, Yang et al. [62] developed a long-term 
MACE prediction model using LASSO and LR, incorporating clinical, 
anatomical, renal, and behavioural predictors. Notably, none of these 
studies incorporated imaging-derived metrics.

Although all four studies [30,60–62] aimed to predict MACE in 
STEMI patients post-PCI, they differ in scope and methodology. Li 
et al. [30] focused on primary PCI patients with confirmed TIMI 3 
flow, whereas the others included broader emergency PCI populations. 
Prediction horizons also varied, with Yang et al. targeting long-term 
outcomes. Validation strategies further distinguish the studies: Li et al. 
applied bootstrap validation, which may overestimate performance due 
to resampling [43]; Chen et al. [60] employed nested CV for more 
robust internal validation; Zhang et al. [61] and Yang et al. [62] 
used split-sample validation. Importantly, Zhang et al. [61] conducted 
external validation using an independent cohort from a second hospital, 
providing stronger evidence of generalisability. Although Li et al. [30] 
reported superior performance, a comparable validation strategy would 
be required to enable more meaningful comparisons with the other 
studies.

4.2. Future directions

Most of the studies and developed methods in medicine never 
reach clinical implementation [63–65], an issue that warrants serious 
consideration in future studies. Key challenges include limited model 
generalisation, lack of explainability, and ethical constraints [64]. A 
major limitation affecting generalisability is the narrow composition 
of study cohorts—for example, predominantly white males within a 
restricted age range. Consequently, large multicohort, multicountry, 
or multiracial studies with rigorous cross-validation are needed [64]. 
Another common concern is the risk of chance findings, which remains 
a particular challenge for high-capacity models trained and evaluated 
on limited or heterogeneous datasets [41,66]. Given that predictive 
performance has been shown to vary substantially across cardiovascular 
datasets [67], future studies should prioritise independent external 
validation to assess robustness and mitigate the risk of chance findings. 
One practical approach is repeated analysis with multiple random 
splits [68].

Model explainability is widely regarded as essential in cardiovas-
cular healthcare, and its absence is directly linked to ethical and legal 
concerns [69]. Although several included studies incorporated post hoc 
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explainability techniques, their use remains limited and heterogeneous. 
These methods can support clinical decision-making by highlighting 
patient-specific risk drivers and improving transparency, as illustrated 
by prior work showing how SHAP and LIME can clarify dominant 
predictors and individual risk contributions [70]. Grad-CAM visualisa-
tions can similarly verify that image- or signal-based models focus on 
clinically relevant regions, thereby increasing trust [71]. Gerdes [72] 
further argued that, despite its importance, the integration of explain-
able AI into clinical workflows remains constrained by the need for 
rigorous validation. They highlighted that post hoc explanations can 
provide insights that help clinicians justify recommendations, enable 
patients to understand the rationale behind AI-supported decisions, and 
foster informed consent and shared decision-making [72]. Future DL 
research should prioritise explainability to facilitate clinical adoption. 
Moreover, combining multiple explainability methods can yield more 
reliable insights [73]. Ethical considerations related to ML and DL 
should also be addressed during study design [64].

The use of multimodal data has been gaining traction in medicine 
and is increasingly encouraged in cardiovascular care [16]. Findings 
from the included studies suggest that integrating diverse data sources 
may enhance predictive performance; however, future work should as-
sess whether reported multimodal gains persist under rigorous external 
validation and justify the added complexity in clinical settings.

Another emerging research theme is the use of synthetic data in 
cardiovascular medicine [74]. It has been proposed primarily to address 
privacy concerns in health data [75] but also offers solutions for chal-
lenges such as class imbalance [74] and small sample sizes [76]. Car-
diovascular prediction tasks are often inherently imbalanced (e.g., far 
fewer complications than routine procedures), which was true for most 
included studies. None of these studies employed synthetic data, yet 
it remains a promising avenue for future research and cost-effective 
implementation [75].

Moreover, publicly available datasets would be important for repro-
ducibility, external validation, and benchmarking of outcome predic-
tion. While open databases exist, e.g. in PhysioNet (https://physionet.
org/) or biobanks, they rarely include data linked to clearly defined 
post-procedural outcomes. All studies included in this review relied on 
institution-specific datasets, highlighting the lack of open datasets for 
cardiac procedure outcome prediction.

This review aimed to map existing research on an emerging topic 
through a scoping approach. Its limitations include the absence of meta-
analyses and formal risk-of-bias assessments as well the search limited 
to PubMed and IEEE databases, potentially missing some relevant stud-
ies. As studies increasingly employ DL and unstructured data for car-
diovascular prediction, a systematic review with meta-analysis will be 
needed to synthesise evidence and evaluate comparative performance.

4.3. Conclusions

In the domain of text data, DL-based NLP approaches show consider-
able potential, achieving competitive performance with minimal input 
and preprocessing. These models exploit the richness of unstructured 
clinical narratives, offering scalable solutions that could complement, 
or even replace, traditional structured-data pipelines.

For angiographic imaging, DL models demonstrate notable strengths 
in integrating visual and clinical data, particularly for tasks such as 
procedural success prediction and vascular age estimation. However, 
their performance remains highly sensitive to data volume and qual-
ity, whereas structured-data models trained on large, heterogeneous 
cohorts may still provide more consistent generalisability.

In the context of ECG signal data, multimodal DL models have 
produced mixed results. While fusion architectures offer theoretical 
advantages, their added complexity does not consistently translate into 
superior performance, particularly when compared with well-validated 
traditional ML models that incorporate richer structured inputs. Pre-
processing strategies and the inclusion of complementary modalities 
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(e.g., echocardiography) appear to play a critical role in enhancing 
predictive performance.

Finally, for structured data, DL models such as transformer-based ar-
chitectures demonstrate feasibility and competitive performance. How-
ever, when applied exclusively to tabular inputs, their advantage over 
traditional ML remains modest. Reported outcomes are strongly influ-
enced by validation strategies and dataset scope, underscoring the need 
for rigorous evaluation and external validation when assessing model 
efficacy.

To conclude, although DL offers powerful tools for modelling com-
plex, high-dimensional data, its superiority is not universal across all 
data types. Its ability to automatically extract features from large, 
unstructured datasets is a significant advantage, facilitating data har-
monisation and multimodal data integration. The choice between DL 
and traditional ML should be guided by the characteristics of the data, 
the clinical context, and the feasibility of implementation.
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