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ABSTRACT 
Machine learning offers potential to enhance cardiovascular diagnostics by 
analyzing various types of data, including but not limited to medical imaging. 
However, selecting the appropriate ML algorithm for predicting specific 
cardiovascular diseases is complex and depends on factors such as the type 
of data, the imaging modality, and the characteristics of the disease. This 
review aims to provide guidance on selecting suitable machine learning 
algorithms for diagnosing and predicting specific cardiovascular conditions 
using various medical imaging modalities. Recent studies were reviewed, 
focusing on machine learning algorithms applied to cardiovascular imaging 
for the classification and prediction of cardiovascular diseases. Performance 
metrics such as accuracy and area under the curve were considered to 
evaluate the models. A summary table was created to compare the 
effectiveness of different machine learning algorithms across various 
cardiovascular conditions and imaging techniques. The review demonstrates 
that different machine learning algorithms have unique strengths depending 
on the imaging modality and the specific cardiovascular disease. For 
example, convolutional neural networks are effective for processing image 
data like echocardiograms, while support vector machines and random 
forests are suitable for structured, tabular data. Many studies lack external 
validation and have issues such as data leakage, raising concerns about the 
generalizability of their results. Guidelines are provided to help clinicians 
and researchers select the most appropriate machine learning model based 
on the medical condition and imaging modality. Additionally, the importance 
of proper evaluation of machine learning studies is emphasized, including 
data splitting strategies, learning curves, and validation methods, to ensure 
the reliability of machine learning models in cardiovascular diagnostics. 
Selecting the appropriate machine learning algorithm for cardiovascular 
diagnostics is important and should be guided by the specific disease, 
imaging modality, and data characteristics. Robust evaluation and 
validation of machine learning models are essential to ensure their 
generalizability and clinical utility. Collaboration between medical 
professionals and machine learning experts is necessary to develop 
transparent, robust models that can improve patient outcomes in 
cardiovascular care. 
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Introduction 
The selection of a machine learning (ML) algorithm for 
predicting specific cardiovascular disorders is a complex 
process that necessitates careful consideration of various 
factors.1 This selection is typically guided by the 
algorithm’s performance relative to other ML algorithms,2 
evaluated through a series of tests and validations using 
real-world cardiovascular data.3 Different ML algorithms 
exhibit varying effectiveness depending on the type of 
data being analyzed.4 For example, Convolutional 
Neural Networks (CNNs) are particularly well-suited for 
processing image data, making them a popular choice 
for tasks in cardiovascular medical imaging. These are 
designed to automatically and adaptively learn spatial 
hierarchies of features from input images, which is 
particularly advantageous in the realm of cardiovascular 
imaging, where the data is often complex and high-
dimensional.5 

 
Conversely, algorithms like Support Vector Machines 
(SVMs) or Random Forests may prove to be more 
effective when analyzing structured, tabular data 
related to cardiovascular disorders. These algorithms 
excel at handling high-dimensional data and are less 
prone to overfitting, making them particularly suitable for 
tasks such as predicting disease outcomes based on 
patient records, including risk assessments for conditions 
like coronary artery disease or heart failure. The specific 
cardiovascular disorder in question significantly 
influences the choice of an ML algorithm, as certain 
diseases may exhibit distinct patterns or characteristics 
that are more readily detected by specific algorithms. 
Therefore, the selection of the most appropriate 
algorithm is contingent upon the specific task, the nature 
of the data, and the cardiovascular disease (CVD) being 
addressed. 
 
Performance metrics are a crucial factor in the decision-
making process for selecting ML algorithms for 
cardiovascular disorders.6 These metrics provide a 
quantitative assessment of an algorithm’s effectiveness in 
detecting and diagnosing CVDs. Common metrics include 
accuracy, precision, recall, and the Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC). The 
choice of metric often depends on the specific task and 
the relative importance of different types of errors. For 
example, in scenarios where false negatives can have 
severe consequences, such as in the detection and 
classification of CVDs, recall may be prioritized over 
overall accuracy to ensure that critical cases are not 
overlooked. 
 
This review highlights a variety of ML algorithms utilized 
for processing medical images specifically aimed at 
diagnosing and predicting cardiovascular disorders. 
Furthermore, this paper presents a systematic framework 

for selecting a ML algorithm for diagnosis of specific 
cardiac pathologies. The methodology takes a 
comprehensive approach by considering three key 
factors: the particular cardiovascular condition being 
studied, the chosen imaging modality, and the algorithm's 
performance metrics. By integrating these elements, the 
framework offers clear guidance for selecting and 
optimizing ML models best suited for specific 
cardiovascular diagnostic tasks.  

 
These algorithms include Decision Trees (DT), Support 
Vector Machines (SVM), K-Nearest Neighbors (KNN), 
Logistic Regression (LR), Deep Learning techniques, 
Convolutional Neural Networks (CNN), Light Gradient 
Boosting Machine (LightGBM), Linear Discriminant 
Analysis (LDA), Google Teachable Machine, Naive Bayes 
(NB), Random Forests (RF), Extreme Gradient Boosting 
(XGBoost), and Adaptive Boosting (AdaBoost). Each 
algorithm possesses unique strengths and is selected 
based on the specific requirements of the cardiovascular 
diagnostic task at hand. The integration of these 
algorithms in cardiovascular medical diagnostics holds 
great promise for enhancing both accuracy and 
efficiency in the detection of heart-related diseases.  

 

Medical Imaging Modalities for 
Cardiovascular Disorders 
Medical imaging plays a pivotal role in the diagnosis, 
management, and treatment of cardiovascular diseases. 
Non-invasive and minimally invasive imaging techniques 
provide valuable insights into the structure and function 
of the heart and blood vessels, enabling healthcare 
professionals to accurately diagnose conditions, assess 
disease progression, and plan appropriate interventions. 

 
The mind map presented in Figure 1 showcases the key 
imaging modalities commonly used in the assessment of 
cardiovascular diseases, including X-rays, ultrasound, 
and MRI. This diverse landscape of medical imaging 
modalities is intricately linked to various medical 
conditions, offering a comprehensive overview that will 
inform our subsequent exploration of this complex field 
and its intersection with ML. 

 
The development of medical imaging modalities has 
transformed the landscape of cardiovascular healthcare, 
offering insights into various cardiovascular disorders 
and facilitating accurate diagnoses. These advanced 
imaging techniques have become essential in 
understanding the complexities of conditions such as 
coronary artery disease, heart failure, and arrhythmias. 
With the emergence of ML, the potential to enhance these 
imaging modalities is immense, promising to elevate 
diagnostic capabilities and redefine the future of 
cardiovascular diagnostics. 
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Figure 1: This mind map illustrates the diverse medical imaging modalities available for cardiac imaging. This paper 
focuses on the most commonly used imaging techniques, each represented by a distinct color. It also provides a 
comprehensive overview of these imaging tools, highlighting their specific applications in different cardiac pathologies. 
 
Each of the cardiovascular disorders previously 
mentioned, ranging from coronary artery disease and 
heart failure diagnosed through advanced imaging 
techniques to arrhythmias identified via 
echocardiography, can now be detected with greater 
speed and precision. This enhanced capability is 
achieved through the integration of ML algorithms with 
these imaging modalities, enabling the analysis of vast 
amounts of data and the identification of patterns that 
may be overlooked by the human eye, ultimately leading 
to more accurate diagnoses and improved patient 
outcomes. 
 

Inclusion Criteria 
This review includes recent studies on cardiovascular 
disorders that used metrics such as the Area Under the 
Curve (AUC) and accuracy to evaluate the performance 
of ML models designed to predict disease presence. 
These metrics assess different aspects of model 
performance and are applied in various contexts within 
CVD prediction. Accuracy is a straightforward metric 
commonly used in binary classification problems, such as 
determining whether a patient has a CVD or not. It 
calculates the proportion of correct predictions–both true 
positives (diseased patients correctly identified) and true 
negatives (healthy patients correctly identified)–out of all 
predictions made. However, accuracy can be misleading 

in cases where there is a significant class imbalance, which 
is often the case in medical datasets. For example, if 95% 
of patients do not have a particular cardiovascular 
condition (Class A) and only 5% do (Class B), a model 
that always predicts “no disease” will achieve an 
accuracy of 95%. Despite this seemingly high accuracy, 
the model fails to identify any actual cases of the disease, 
rendering it ineffective for diagnostic purposes. 
 
The AUC, on the other hand, is derived from the Receiver 
Operating Characteristic (ROC) curve, which plots the 
true positive rate against the false positive rate at 
various threshold settings. It measures the model’s ability 
to distinguish between classes across all thresholds, 
providing an aggregate performance metric that is not 
sensitive to class imbalance. In the context of CVD 
prediction, where positive cases are relatively rare 
compared to negative cases, AUC offers a more reliable 
assessment of a model’s discriminative ability. It’s 
important to note that a model can have high accuracy 
but low AUC, and vice versa. For instance, a model that 
predicts every patient as healthy (the majority class) may 
have high accuracy due to the prevalence of healthy 
individuals, but it will have a low AUC because it cannot 
distinguish between patients with and without the disease. 
Conversely, a model that effectively ranks patients by 
their risk of CVD may achieve a high AUC but might have 



Machine Learning Strategies for Improved Cardiovascular Disease Detection 

© 2025 European Society of Medicine 4 

lower accuracy if the classification threshold is not 
optimally set for prediction purposes. 
 
Therefore, while both AUC and accuracy are useful 
metrics in evaluating ML models for cardiovascular 
disorders, they provide different insights into model 
performance. Accuracy reflects the overall rate of correct 
predictions but can be misleading in imbalanced datasets. 
AUC assesses the model’s ability to distinguish between 
diseased and healthy patients across all thresholds and 
is better suited for evaluating performance when positive 
cases are scarce. The choice of metric should align with 
the specific objectives of the study and consider the class 
distribution within the dataset to ensure that the model is 
effective in identifying patients with CVDs. 

Guided Selection of Machine Learning 
Models 
While each dataset is distinct, this section outlines the 
process for selecting an appropriate ML algorithm 
tailored for predicting specific cardiovascular conditions 
based on various medical imaging modalities. The table 
below (Table 1) summarizes recent relevant studies 
published between 2015 and 2024. However, in 
prioritizing studies for inclusion in this review, preference 
was given to the most recent publications. Most of these 
studies performed comparative analyses of multiple ML 
models to identify the most effective ones, and only the 
top-performing algorithms are included in the table. 
 

 
Table 1: Summary of ML algorithms utilized in cardiovascular imaging classification tasks described following this table. 
(Note that the reported values may be overly optimistic when generalized to a broader patient population due to 
inherent limitations within the studies.) 

Medical Condition Imaging Modality ML Algorithm Accuracy AUC Ref. Year 

Coronary artery disease 

Stress Echocardiogram 

SVM N/A 0.934 [7] 2022 

RF N/A 0.934 [7] 2022 

LR N/A 0.934 [7] 2022 

Echocardiogram 

Gradient boosting 85.2% 0.852 [8] 2023 

LGBoost >80% 0.824 [8] 2023 

RF >80% 0.817 [8] 2023 

Catboost >80% 0.829 [8] 2023 

XGBoost >80% 0.824 [8] 2023 

Cardiac CT 

ABoosted Ensemble N/A 0.790 [9] 2016 

SVM 94% 0.940 [10] 2015 

DL 76% 0.780 [11] 2019 

PET CNN N/A 0.900 [12] 2024 

Cardiomyopathy 
Echocardiogram 

RF ~75% 0.900 [13] 2023 

LR ~75% 0.925 [13] 2023 

XGBoost ~75% 0.934 [13] 2023 

Cardiac MRI BRL 80.72% 0.796 [14] 2015 

Adverse cardiovascular events Risk factors 

KNN 85.94% N/A [15] 2020 

LR 87.5% N/A [15] 2020 

SVC 86.72% N/A [15] 2020 

DT 71.88% N/A [15] 2020 

MLP 62.5% N/A [15] 2020 

RF 86.72% N/A [15] 2020 

LightGBM 79.69% N/A [15] 2020 

Gradient boosting 83.59% N/A [15] 2020 

Cardiomegaly X-ray CNN 81.2% 0.900 [16] 2024 

Cardiac Function Assessment Echocardiogram 

CNN 97.8% 0.996 [17] 2017 

DL 98.8% N/A [18] 2021 

DL 92.5% N/A [18] 2021 

DeepNN N/A 0.880 [19] 2021 

Hypertrophic cardiomyopathy Cardiac MRI 3D CNN 98% N/A [20] 2019 

 
These studies focus on particular cardiovascular diseases 
and utilize specific imaging techniques, capturing 
essential details such as the disease being investigated, 
and the imaging modality employed. The table also 
presents key performance metrics, including accuracy 
and AUC, for the validation cohort; however, metrics for 
the testing cohort are not included. The validation set, 
which is used for model tuning and selection, serves as a 
more reliable indicator of the model’s expected 
performance on new, unseen data. 
 
Accuracy measures the model’s overall ability to correctly 
classify cases, while AUC evaluates its discriminative 

power. However, both metrics are crucial for assessing a 
model’s effectiveness on unseen data. It is important to 
note that some studies have reported either accuracy or 
AUC, which is a significant oversight. Since both metrics 
provide complementary insights into model performance, 
they should be reported together to enable a thorough 
and reliable evaluation. Future studies should ensure that 
both accuracy and AUC are included in their findings to 
deliver a complete assessment of model performance 
and facilitate accurate comparisons across different ML 
approaches. 
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The following guidelines delineate how physicians or 
researchers can utilize this summary to select the most 
appropriate ML model for diagnostic purposes, 
contingent upon the specific medical condition and the 
imaging modality employed: 

• Step 1 (Identify the cardiovascular disease): 
Determine the specific CVD that necessitates 
diagnosis. For example, when diagnosing coronary 
artery disease, it is essential to focus on the entries in 
Table 1 that pertain to this condition. 

• Step 2 (Identify the imaging modality): Ascertain the 
imaging modality that is available for use. This may 
include modalities such as computed tomography (CT), 
magnetic resonance imaging (MRI), or ultrasound. In 
Table 1, examine the rows that correspond to both 
the identified medical condition and the available 
imaging modality. 

• Step 3 (Refer to comparative analysis): Consult the 
comparative analysis presented in Table 1. This table 
details the ML models that have been employed for 
the specified medical condition and imaging 
modality, along with their associated performance 
metrics, including accuracy and area under the curve 
(AUC). 

• Step 4 (Choose the ML model): Select the ML model 
based on the comparative analysis. For instance, if 
the diagnosis pertains to coronary artery disease 
and the imaging modality is CT, one would consider 
models such as linear discriminant analysis (LDA) and 
logistic regression (LR), which exhibit comparable 
accuracy and AUC. If the imaging modality is MRI, 
the choice may be between logistic regression and 
XGBoost. In the case of ultrasound, the study 
referenced in the last column indicates that 
convolutional neural networks (CNN) are the most 
effective algorithm. 

• Step 5 (Apply the chosen ML model): After selecting 
the appropriate ML model, proceed to implement it 
within the diagnostic process. 

 
Table 1 provides a summary of comparative analyses of 
various ML models applied to different CVDs and 
imaging modalities. It eliminates the necessity for 
conducting new comparative evaluations each time a 
diagnosis is needed for a cardiovascular condition. By 
referencing this table, physicians and researchers can 
swiftly identify the most suitable ML algorithm for 
predicting specific cardiovascular conditions using a 
designated imaging modality. This approach streamlines 
the decision-making process and enhances the efficiency 
of diagnostics. 
 
A considerable number of the studies reviewed lack 
external prospective validation, and several demonstrate 
significant issues related to data leakage. These 
limitations raise concerns regarding the accuracy values 
reported, suggesting they may be overly optimistic when 
generalized to a broader patient population. External 
prospective validation is an essential component in the 
assessment of ML models, as it entails evaluating the 
model on a completely independent dataset that was not 
utilized during the training or internal validation phases.21. 
This independent dataset is typically gathered in a 
different context or at a later time, thereby providing a 
more realistic assessment of the model’s performance in 

real-world scenarios. The absence of such validation in 
many studies listed in Table 1 casts doubt on the 
generalizability of their findings across diverse clinical 
settings. 
 
Data leakage, conversely, occurs when information from 
outside the training dataset is inadvertently incorporated 
into the model, resulting in inflated performance 
metrics.22 This situation can arise when features from 
validation or test sets are utilized during the training 
process, granting the model access to information that 
would not be available in actual clinical practice. The 
presence of significant data leakage issues in several 
studies further undermines the reliability of their reported 
accuracy values, thereby compromising the true 
diagnostic potential of the models.23 

 
While the selection of an appropriate ML algorithm for 
medical image classification is undeniably critical, it is 
equally important to first clearly define the clinical 
question at hand. This initial step not only informs the 
choice of algorithm but also guides decisions regarding 
data collection, feature selection, and the evaluation 
metrics employed in the study.24 Furthermore, despite the 
aggregation of numerous studies, it is essential to 
acknowledge that each dataset possesses unique 
characteristics and complexities. These inherent 
differences can significantly influence the selection of the 
most suitable ML algorithm. 
 
In medical imaging, the choice of algorithm can 
profoundly affect the performance and accuracy of 
image analysis. Specific attributes of the imaging dataset, 
such as its size, complexity, and type, must be considered 
when determining the appropriate algorithm. 
Additionally, the nature of the data (whether structured 
or unstructured) can play a decisive role in guiding the 
algorithm selection process. Tailoring the ML approach to 
the specific characteristics of the dataset is important for 
achieving optimal diagnostic outcomes. 
 
Figure 2 illustrates a flowchart that delineates the process 
of selecting and implementing an ML algorithm 
specifically for the classification of CVDs. The flowchart 
commences with the initial input conditions, which 
encompass the specific cardiovascular condition being 
addressed and the selected imaging modality. 
Subsequently, the process advances to the selection of an 
appropriate ML algorithm, based on the information 
summarized in Table 1. 
 
Afterwards, the model undergoes training and evaluation, 
leading to a critical decision point where performance 
metrics are assessed. If the performance metrics meet the 
established thresholds, the process proceeds to the final 
diagnostic step. Conversely, if the metrics are deemed 
unsatisfactory, the process enters an algorithm 
optimization loop. During this phase, alternative ML 
algorithms are tested and evaluated before returning to 
the model training stage for further refinement. This 
iterative approach ensures the selection of the most 
effective algorithm for accurate and reliable 
classification of CVDs. 
 
In Figure 2, “satisfactory metrics” refers to the 
performance measures of the ML model, such as accuracy, 
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AUC, sensitivity, and specificity, that are considered 
adequate for the intended diagnostic application in 
CVDs. The precise threshold for what constitutes 
“satisfactory” varies based on the specific cardiovascular 
condition being addressed and the imaging modality 
employed. To evaluate whether the metrics are 
satisfactory, researchers and clinicians can compare their 
model’s performance to the metrics reported in Table 1 

for similar studies focused on CVDs. This comparative 
analysis enables them to assess their model’s efficacy in 
relation to other published work within the same domain. 
The process entails identifying studies in Table 1 that 
concentrate on the same cardiovascular condition and 
imaging modality as the current research, and 
subsequently comparing the model’s accuracy and AUC 
(when available) to those reported in analogous studies. 

 

 
Figure 2: Flowchart for the selection and implementation of ML algorithms in the classification of cardiovascular diseases. 
This process integrates the specific cardiovascular condition, the chosen imaging modality, and the performance metrics 
of the algorithms to guide the selection and optimization of ML models for diagnostic tasks. 
 
Several factors should be considered when evaluating 
whether the performance metrics of a model for CVD 
classification are satisfactory: 

• Contextual Relevance: A model with slightly lower 
performance metrics may still be deemed 
satisfactory if it offers additional advantages, such 
as reduced processing time or lower computational 
demands, which can be critical in clinical settings. 

• Clinical Significance: Even if a model’s metrics fall 
below those reported in some published studies, they 
may still be acceptable if they meet the minimum 
thresholds for clinical utility specific to CVD 
diagnostics. 

• Dataset Characteristics: If the dataset utilized is more 
complex or diverse than those employed in previous 
studies, achieving metrics comparable to those 
reported in the literature could be considered 
satisfactory. 

• Performance Trade-offs: A minor reduction in one 
metric (e.g., accuracy) may be acceptable if it results 
in substantial improvements in another critical metric 
(e.g., AUC) that is particularly relevant for CVD 
applications. 

 

By comparing a model’s performance to the metrics 
reported in Table 1 and taking these factors into account, 
researchers can make informed decisions regarding the 
adequacy of the model’s metrics for their specific CVD 
classification tasks. This approach facilitates a more 

nuanced evaluation that reflects the current state of the 
art in the field. 
 

Evaluating Machine Learning Studies for 
Image Classification 
The application of ML in cardiovascular imaging is 
necessitating a critical evaluation of the validity and 
reliability of these studies. A thorough understanding of 
how to assess ML studies is essential to ensure that their 
results are trustworthy and that the models developed 
are robust and generalizable. This section focuses on 
methods to evaluate ML studies in medical imaging 
classification, emphasizing the identification of potential 
issues such as overfitting or underfitting, evaluating 
performance metrics, and recognizing the significance of 
proper data splitting and validation strategies. 
 

Data Splitting Strategies 
A fundamental aspect of developing and evaluating ML 
models is the division of data into distinct subsets: training, 
validation, and testing sets. Proper data splitting is crucial 
to prevent overfitting and to ensure that the model’s 
performance is generalizable to new, unseen data. The 
training set is used to train the ML model, allowing it to 
learn patterns from the data. The validation set is used 
during model development to tune hyperparameters and 
make decisions about model architecture, providing an 
unbiased evaluation of the model’s performance during 
training. The testing set is used to provide an unbiased 
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evaluation of the final model’s performance after training 
and validation and should only be used once the model 
is fully trained. 
 
Potential data splitting strategies include hold-out 
validation, where the dataset is split once into training, 
validation, and testing sets. Common proportions for this 
split include 60% training, 20% validation, and 20% 
testing; however, other ratios such as 70% training, 15% 
validation, and 15% testing, or 80% training, 10% 
validation, and 10% testing are also frequently used, 
depending on the size of the dataset and the specific 
requirements of the study. Another strategy is k-fold 
cross-validation, where the dataset is partitioned into k 
equal-sized folds. The model is trained and validated k 
times, each time using a different fold as the validation 
set and the remaining folds as the training set, 
maximizing the use of available data. Additionally, 
stratified splitting ensures that each subset has the same 
class distribution as the original dataset, which is 
particularly important in cases of class imbalance. Proper 
data splitting techniques are essential to prevent 
information leakage between datasets, which can 
artificially inflate performance metrics and lead to overly 
optimistic conclusions about a model’s capabilities. 
 

Learning Curves and Model Convergence 
Learning curves are valuable tools for diagnosing the 
learning behavior of ML models. They plot the model’s 
performance on the training and validation sets over 
successive iterations or epochs, providing insights into how 
well the model is learning and whether it is overfitting or 
underfitting. The training curve illustrates the model’s 
performance on the training data, while the validation 
curve reflects the model’s performance on the validation 
data. 
 
Healthy learning curves for a converged ML classification 
task typically exhibit convergence, where both training 
and validation curves approach a plateau, indicating that 
the model’s performance is stabilizing. A small gap 
between the training and validation performance 
suggests good generalization, and plateauing values 
indicate that further training may not significantly 
improve performance. Signs of overfitting include the 
training curve showing high performance while the 
validation curve lags or declines, indicating that the 
model is learning noise specific to the training data and 
not generalizing well. Underfitting is indicated when both 
training and validation curves show poor performance 
and do not improve with more training, suggesting that 
the model is too simple to capture the underlying patterns 
in the data. Analyzing learning curves helps in assessing 
whether the model has been appropriately trained and 
whether it is likely to perform well on new data. 
 

Receiver Operating Characteristic Curves 
and Performance Metrics 
The Receiver Operating Characteristic (ROC) curve is an 
important tool for evaluating classification models, 
especially in medical diagnostics where the balance 
between sensitivity and specificity is critical. The ROC 
curve plots the true positive rate (sensitivity) against the 
false positive rate (1 minus specificity) at various 
threshold settings. The Area Under the ROC Curve (i.e., 

AUC) is a scalar value summarizing the model’s 
performance across all classification thresholds; a higher 
AUC indicates better discriminative ability. 
 
Interpreting ROC curves for validation and testing sets 
involves looking for consistent performance, where similar 
ROC curves and AUC values for the validation and testing 
sets suggest that the model generalizes well. 
Discrepancies between curves, such as significant 
differences in ROC curves between validation and testing 
sets, may indicate overfitting, where the model performs 
well on validation data but poorly on unseen testing data. 
Large differences in AUC between validation and testing 
sets suggest overfitting, while consistently low AUC values 
on both sets indicate underfitting. 
 

Confusion Matrices and Model 
Performance 
A confusion matrix provides a detailed breakdown of a 
model’s classification performance, showing the counts of 
true positives, true negatives, false positives, and false 
negatives. Analyzing confusion matrices entails 
comparing the validation and testing sets; the confusion 
matrix for the testing set should show performance 
metrics slightly lower than but close to those of the 
validation set. Significant discrepancies may indicate 
overfitting. Consistency in errors, such as similar patterns 
of errors across validation and testing sets, suggests that 
the model reliably captures data patterns. 
 
Expected differences between validation and testing 
performance include a slight decrease in performance on 
the testing set, which is normal due to its nature as 
completely unseen data. A large drop in performance 
may indicate that the model has not generalized well and 
may have overfitted to the training and validation data. 
 

Importance of External Validation 
External validation involves testing the model on data 
from different settings or populations than those used in 
training and validation, providing insight into the model’s 
generalizability. Benefits of external testing include 
assessing generalizability, demonstrating that the model 
performs well across different populations, imaging 
devices, or clinical settings, and enhancing credibility, as 
models validated externally are more likely to be trusted 
by the medical community. 
 
Challenges in obtaining external data involve data 
access difficulties due to privacy concerns, data sharing 
restrictions, and lack of standardized data formats, as 
well as variability in data due to differences in data 
acquisition protocols, equipment, and patient 
demographics. While external validation is ideal, its 
absence necessitates careful consideration of the model’s 
generalizability and applicability to broader clinical 
practice. 
 

Identifying High-Quality Machine 
Learning Studies 
In the assessment of ML studies within medical imaging 
classification, it is essential to identify the characteristics 
that distinguish robust models from those susceptible to 
overfitting or underfitting. Recognizing these indicators 
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aids in evaluating the validity, reliability, and 
generalizability of the ML models presented. Table 2 
provides a comprehensive summary of key aspects to 
consider when determining whether an ML study 

represents a healthy model or exhibits signs of overfitting 
or underfitting. This table serves as a practical guide for 
researchers and practitioners to critically appraise ML 
studies and ensure the integrity of their findings. 

 
Table 2: Summary of Indicators for Robust, Overfitting, and Underfitting ML Studies 

Aspect Robust ML Study Overfitting ML  Underfitting ML 

Data Splitting Proper division into training, 
validation, and testing sets 
with no data leakage; 
appropriate proportion and 
stratification if necessary 

Possible improper splitting or 
data leakage leading to 
artificially inflated 
performance on validation 
set 

May have insufficient data 
or improper splitting, 
leading to poor learning of 
patterns 

Performance 
Metrics 

Consistent and high metrics 
(e.g., accuracy, precision, 
recall) across training, 
validation, and testing sets; 
metrics reflect true 
performance 

Metrics are high on training 
and validation sets but 
substantially lower on testing 
set; indicates over-reliance 
on training data 

Low metrics across all 
datasets; model fails to 
perform above baseline 
levels 

Learning Curves Training and validation 
curves converge and 
plateau at similar 
performance levels; small 
gap between curves 
indicating good 
generalization 

Training curve shows high 
performance (e.g., low loss), 
but validation curve lags 
behind or worsens; large gap 
between curves indicating 
model is not generalizing 

Both training and validation 
curves show poor 
performance; curves may 
plateau at low performance 
levels, indicating model is 
too simple 

ROC Curves 
and AUC 

Similar ROC curves and 
AUC values for validation 
and testing sets; high AUC 
indicating good 
discriminative ability 

High AUC on validation set 
but significantly lower AUC 
on testing set; ROC curves 
differ markedly, suggesting 
model has learned noise from 
training data 

Low AUC values on both 
validation and testing sets; 
ROC curves indicate poor 
ability to distinguish between 
classes 

Confusion 
Matrices 

Testing set confusion matrix 
shows slightly lower but 
comparable performance to 
validation set; errors are 
consistent across sets 

Significant drop in 
performance from validation 
to testing set; confusion 
matrix shows model performs 
poorly on unseen data 

Poor performance on both 
validation and testing sets; 
high misclassification rates 
indicating inability to 
capture patterns 

Generalization 
Ability 

Model generalizes well to 
unseen data; performs 
reliably across different 
datasets 

Model does not generalize; 
performs well on training 
data but poorly on new, 
unseen data 

Model cannot capture 
underlying patterns; fails to 
generalize due to 
oversimplification 

Model 
Complexity 

Appropriate complexity 
matching the problem; 
neither too simple nor too 
complex; uses 
regularization techniques if 
necessary 

Model is overly complex; 
may have too many 
parameters leading to 
memorization of training 
data 

Model is too simple; lacks 
the capacity to learn the 
necessary patterns in data 

External 
Validation 

Includes external validation 
using independent datasets 
from different settings; 
confirms model's 
generalizability 

Lacks external validation; 
performance may be inflated 
due to overfitting on internal 
data 

May not reach stage of 
external validation due to 
poor performance on 
internal data 

Methodological 
Rigor 

Detailed and transparent 
reporting of methods; 
proper use of cross-
validation; avoidance of 
data leakage; reproducible 
results 

Insufficient methodological 
details; potential data 
leakage; lack of 
transparency hindering 
assessment of validity 

Methodology may be 
inadequate; poor model 
selection and training 
procedures 
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Red flags indicating potential issues include lack of 
validation or testing data, with studies reporting results 
only on training data likely overestimating performance. 
Unrealistically high performance, such as exceptionally 
high accuracy without corresponding validation on 
external data, may indicate overfitting. Insufficient 
methodological details, such as missing information on 
model training or evaluation, hinder assessment of 
validity. 
 
Critical evaluation of ML studies in cardiovascular 
imaging classification is essential to ensure that models 
are reliable, valid, and generalizable. By understanding 
data splitting strategies, interpreting learning curves and 
performance metrics, and assessing methodological rigor, 
it is possible to make informed judgments about the 
trustworthiness of reported results. As ML continues to 
advance in the medical field, such scrutiny plays an 
important role in effectively and responsibly translating 
these technologies into clinical practice. 
 

Machine Learning Algorithms in 
Cardiovascular Diagnostics 
From analyzing imaging data to predicting patient 
outcomes based on clinical parameters, ML has been 
applied across a wide range of cardiovascular 
diagnostic tasks. The diverse applications of ML 
algorithms in this field highlight their transformative 
potential to enhance diagnostic precision and improve 
patient care. By leveraging advanced computational 
techniques, ML enables the identification of complex 
patterns in cardiovascular data that may not be 
apparent through traditional methods. This section 
explores the implementation of various ML algorithms in 
cardiovascular diagnostics, emphasizing their versatility 
and impact.  
 
Decision Trees (DT) were utilized in a study by Hsu et al., 
which developed a hemogram-based decision tree model 
to evaluate the relationship between the current 
probability of metabolic syndrome and the risk of future 
CVD, hypertension, and type 2 diabetes mellitus.25 
Support Vector Machines (SVM) were employed in a 
study by Lee et al., which developed intravascular 
ultrasound (IVUS)-based supervised ML algorithms to 
identify coronary lesions.26 K-Nearest Neighbor (KNN) 
was applied in another study by Lee et al., which aimed 
to enhance the diagnostic accuracy of treadmill exercise 
tests using an ML-based algorithm.27 Logistic Regression 
(LR) was used in a study by Cheng et al. to analyze serum 
interferon health data in coronary heart disease, 
comparing its performance with artificial neural network 
models.28 Convolutional Neural Networks (CNNs) were 
explored in studies by Sun et al. and Mamun et al., which 
developed AI-based approaches for screening patients 
and predicting heart conditions.29,30 Light Gradient 
Boosting Machine (LightGBM) was assessed in a study by 
Lee et al. for its predictive performance in evaluating risk 
scores in an Asian Brugada Syndrome population.31 
General Linear Model Boosting (GLMB) was examined in 
a study by Asadi et al., which identified the most effective 
tree-based ML method for detecting CVD.32 A study 
conducted by Morguet et al. assessed 15 patients (ages 
36–75, median age 59) with stable single-vessel disease 
(≥ 70% stenosis) and regional wall-motion abnormalities 

using multiple diagnostic techniques and analyzed with 
linear discriminant analysis.33 A study conducted by 
Ciaccio et al. developed an algorithm to extract 
morphological components based on frequency, and its 
effectiveness in distinguishing complex fractionated atrial 
electrograms (CFAE) was evaluated.34 Naïve Bayes (NB) 
was utilized in a study by Miranda et al. to develop a 
mining model for detecting CVD and assessing its risk 
level in adults. 35 Random Forests (RF) were applied in a 
study by Ambale-Venkatesh et al. to predict six 
cardiovascular outcomes using random survival forests.36 
Adaptive Boosting (AdaBoost) was explored in a study 
by Zhu et al. to assess the quality of ECG signals.37 
Extreme Gradient Boosting (XGBoost) was used in a study 
by Xie et al. to differentiate Left Ventricular Reverse 
Remodeling (LVRR) from non-LVRR in patients with newly 
diagnosed dilated cardiomyopathy.38 Lastly, RoboFlow 
3.0 Object Detection (RF3) was employed in a study by 
Ega et al., which developed a non-invasive blood 
pressure (NIBP) device reading system using ESP32-CAM 
and the YOLOv5 algorithm, leveraging Roboflow for 
NIBP digit recognition.39 These studies collectively 
demonstrate the diverse applications of ML algorithms in 
cardiovascular diagnostics, emphasizing their potential to 
improve diagnostic accuracy and patient outcomes. 
 

Discussion 
Selecting an appropriate ML algorithm for predicting 
specific cardiovascular conditions is a multifaceted 
process that involves several challenges unique to the 
cardiovascular domain. These challenges include the need 
for large, annotated datasets specific to cardiovascular 
imaging modalities, ensuring the model’s generalizability 
across diverse patient populations with varying 
cardiovascular risk profiles, and addressing issues 
related to overfitting and underfitting in model 
development. 
 
One of the primary obstacles in developing robust ML 
models for CVD prediction is the requirement for 
extensive, high-quality datasets. Cardiovascular imaging 
data, such as echocardiograms, cardiac MRI, and CT 
scans, require detailed expert annotation to capture the 
nuances of cardiovascular pathology. The availability of 
such datasets is often limited due to privacy concerns, the 
labor-intensive nature of data annotation, and the need 
to represent diverse populations with different CVD 
patterns. This limitation can lead to models that perform 
well on training data but fail to generalize to new, unseen 
patient populations, highlighting the risk of overfitting. 
 
Out of all the studies cited in this review, only two–Lee et 
al. and Ambale-Venkatesh et al.–utilized multicenter 
data, enhancing the generalizability of their findings. Lee 
et al. conducted a retrospective, multicenter cohort study 
assessing the predictive performance of various risk 
scores in an BrS population, including an intermediate-risk 
subgroup.31 By incorporating data from multiple centers, 
this study addressed the variability inherent in patient 
populations and reduced the risk of overfitting the model 
to a single-center dataset. Similarly, Ambale-Venkatesh 
et al. assessed the ability of random survival forests to 
predict six cardiovascular outcomes using data from the 
Multi-Ethnic Study of Atherosclerosis (MESA), comparing 
its performance to traditional cardiovascular risk scores.36 
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The multicenter nature of the MESA dataset allowed for 
a more diverse representation of CVD manifestations, 
enhancing the robustness and applicability of the ML 
model across different populations. Including participants 
from multiple sites, each sites having distinct clinical 
practices, patient demographics, and treatment 
approaches, can provide a more accurate reflection of 
actual healthcare environments. By distributing the study 
population across diverse locations, the risk of local 
factors at any single hospital or clinic skewing the results 
is minimized. This broader scope may explain why the 
MESA dataset had improved the external validity of 
findings by more closely capturing the variability inherent 
in real-world clinical settings, thereby enhancing 
reliability. Furthermore, involving multiple centers can 
accelerate patient recruitment and yield a more 
heterogeneous participant pool, which strengthens the 
generalizability and practical relevance of the study’s 
outcomes. As such, multicenter research is increasingly 
recognized as a critical strategy for enhancing both the 
impact and reproducibility of healthcare studies, 
particularly for ML applications that must remain robust 
across varied and evolving patient populations. 
 
Recognizing robust ML studies is crucial for clinicians and 
researchers aiming to apply these models in practice. 
Robust studies often include key features such as the use 
of multicenter data, appropriate data splitting strategies 
to prevent data leakage, thorough validation using 
separate testing datasets, and external validation when 
possible. Overfitting and underfitting are significant red 
flags in ML studies. Overfitting occurs when a model 
learns the noise in the training data rather than the 
underlying pattern, leading to poor performance on new 
data. Underfitting happens when a model is too simplistic 
to capture the complexity of the data, resulting in poor 
performance both on training and unseen data. 
Evaluating ML studies in cardiovascular imaging requires 
careful scrutiny of their methodology. Studies should 
report comprehensive performance metrics, including 
both accuracy and AUC, to provide a complete picture 
of the model’s predictive capabilities40. The lack of 
reporting either metric, as noted in some studies within this 
review, can hinder the assessment of a model’s true 
performance. Moreover, proper data splitting into 
training, validation, and testing sets is essential to avoid 
data leakage and ensure that the model’s performance 
on unseen data is a reliable indicator of its real-world 
applicability. Cross-validation techniques and the use of 
external datasets for validation, especially from multiple 
centers, can enhance the model’s credibility and 
generalizability. 
 
Moreover, transparency, explainability, and 
reproducibility are important factors to consider before 
implementing a diagnostic ML algorithm. Transparency 
about model design decisions, such as feature selection 
and data preprocessing, ensures other researchers can 
replicate results and clinicians can more readily interpret 
model outputs. Explainability, on the other hand, clarifies 
how a model arrives at its predictions and is vital for 
fostering trust and accountability in high-stakes scenarios 
like patient care, where clinicians must quickly assess 
whether an algorithm's output aligns with established 
clinical knowledge. 
 

Reproducibility depends on proper validation strategies, 
including the use of separate training, validation, and 
testing datasets, as well as external validation through 
additional data sources. This approach lowers the risk of 
data leakage and guards against overfitting, where a 
model performs exceedingly well on training data but 
poorly on new data. Conversely, it also addresses 
underfitting by promoting iterative refinement of 
hyperparameters and model complexity until 
performance metrics stabilize or improve on both internal 
and external datasets. 
 
Beyond these technical considerations, implementing 
regular audits can help detect unintended biases that 
may arise from imbalanced training data or flawed 
feature representations. Stress-testing models under 
challenging conditions, such as simulated data shifts or 
varying patient demographics, further helps ensure 
performance consistency before deployment in clinical 
settings. These steps, coupled with ongoing monitoring of 
real-world outcomes, can instill greater confidence in ML-
driven tools. 
 
The “black box” nature of complex ML models presents 
additional challenges in cardiovascular healthcare, 
where understanding the rationale behind a diagnostic 
decision is critical. Clinicians need transparent and 
interpretable models to trust and effectively integrate ML 
into patient care. Efforts to develop explainable AI and 
adhere to guidelines are necessary to bridge the gap 
between model complexity and clinical usability.41 

 
Hence, while ML has the potential to significantly advance 
CVD diagnosis and prediction, it is imperative to develop 
models that are robust, generalizable, and transparent. 
Collaborations between medical professionals and ML 
experts are essential to address the intricacies of model 
development, prevent issues like overfitting and 
underfitting, and ensure that models are evaluated 
rigorously.42 By focusing on these aspects, and giving 
particular attention to studies that utilize diverse, 
multicenter data, the cardiovascular field can better 
harness the power of ML to improve patient outcomes.43 

 

Conclusion 
The selection and implementation of a ML algorithm for 
cardiovascular diagnostics is closely linked to the specific 
characteristics of the data, imaging modality, and 
disease in question. While convolutional neural networks 
are particularly effective when dealing with spatially 
complex image data, other algorithms such as support 
vector machines and random forests may be more 
appropriate for structured clinical or tabular data. Each 
algorithm has its own strengths and weaknesses, 
underscoring the importance of selecting the most suitable 
method based on the specific condition and the imaging 
availabilities. 
 
The wide range of ML tools available and the many 
upcoming models hold great promise for enhancing 
diagnostic accuracy, minimizing false negatives, and 
facilitating earlier detection of cardiovascular disease. 
However, the lack of external validation and the 
prevalence of issues like data leakage underscore the 
ongoing challenge of ensuring the generalizability and 
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practical utility of these models. To improve the reliability 
of ML approaches in cardiovascular practice and 
research, it is crucial to employ rigorous study designs 
that incorporate appropriate data splitting strategies, 
learning curves, and robust validation methods. 
 
Future progress will require close collaboration between 
clinicians and ML experts. By combining their respective 
expertise in disease pathophysiology, real-world clinical 
workflows, and algorithmic optimization, these 
interdisciplinary teams can develop models that 
effectively address the unique challenges of processing 
complex cardiovascular data. Transparent reporting and 
careful consideration of ethical implications will also be 
essential for building trust and facilitating the successful 
integration of these models into routine clinical practice. 
 
In the end, cutting-edge ML algorithms and high-quality 
cardiovascular data has the potential to revolutionize 
patient care. By identifying the most appropriate 
algorithm for each diagnostic or prognostic task, 
healthcare professionals can deliver more personalized 
treatment plans, optimize clinical decision-making, and 
usher in a new era of truly data-driven cardiovascular 
medicine. 
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Revision Report 
 

Concerns/Feedback Summary of Revisions 

“The title might be more detailed” 

 
We appreciate your suggestion to make the title more detailed. Our 
original title, "Machine Learning for Cardiovascular Diagnostics," 
was chosen to encompass the broad application of machine learning 
in this field. We intended it to be concise yet indicative of the 
comprehensive review we've provided on how machine learning 
algorithms can enhance cardiovascular diagnostics through various 
imaging modalities. As requested, we have revised the title to convey 
the content and objectives of our manuscript more precisely. The 
manuscript’s title has now been changed to: 
 
“Machine Learning Strategies for Improved Cardiovascular Disease 
Detection.” 
 

“This statement needs to be modified ‘The 
review demonstrates’ because review article 
are not designed or intended to demonstrate 
any fact but to compile and summarize current 
knowledge and state of the art in a given field” 

 
We agree with the concern involving the term “demonstrates” and 
the implications of that in our review article. We have provided the 
following revision on page 1: 
 
“This review discusses and complies the strengths of different machine 
learning algorithms based on the imaging modality used and the 
specific cardiovascular disease diagnosed.” 
 

“Inline quotes don’t meet AMA style. This needs 
to be addressed” 

We appreciate this reminder. Our inline citations were revised to meet 
the AMA style. 

“Aim and scope are not clear at all” 

 
We appreciate this feedback and understand the concern. To 
address this, the following revisions were made on page 2 to provide 
a clear aim and focus for our article:  
 
Furthermore, this paper presents a systematic framework for selecting 
a ML algorithm for diagnosis of specific cardiac pathologies. The 
methodology takes a comprehensive approach by considering three key 
factors: the particular cardiovascular condition being studied, the 
chosen imaging modality, and the algorithm's performance metrics. By 
integrating these elements, the framework offers clear guidance for 
selecting and optimizing ML models best suited for specific 
cardiovascular diagnostic tasks. 
 

“The manuscript covers too many topics. Usually 
this type of paper is focused in one or two key 
topics to be developed as deep as possible” 

 
Thank you for this feedback. We understand your concern about the 
breadth of topics covered in our manuscript. Our intention was to 
provide a comprehensive overview of the current state of machine 
learning applications in cardiovascular diagnostics across various 
imaging modalities. To address your feedback, we have revised the 
manuscript by refining our focus to emphasize the selection and 
evaluation of machine learning algorithms specific to cardiovascular 
imaging. We streamlined the content to eliminate redundancy and 
enhanced the depth of discussion in key areas, ensuring that each 
section directly contributes to the main objectives of the review. 
 

“The discussion section might be enriched and 
extended a little more” 

 
Thank you for the comment. The Discussion was further elaborated 
and expanded on with the following inclusions: 
 
(Page 16) 
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Including participants from multiple sites, each sites having distinct 
clinical practices, patient demographics, and treatment approaches, 
can provide a more accurate reflection of actual healthcare 
environments. By distributing the study population across diverse 
locations, the risk of local factors at any single hospital or clinic skewing 
the results is minimized. This broader scope may explain why the MESA 
dataset had improved the external validity of findings by more closely 
capturing the variability inherent in real-world clinical settings, thereby 
enhancing reliability. Furthermore, involving multiple centers can 
accelerate patient recruitment and yield a more heterogeneous 
participant pool, which strengthens the generalizability and practical 
relevance of the study’s outcomes. As such, multicenter research is 
increasingly recognized as a critical strategy for enhancing both the 
impact and reproducibility of healthcare studies—particularly for 
machine learning applications that must remain robust across varied 
and evolving patient populations. 
 
(Page 17) 
Additionally, transparency, explainability, and reproducibility are 
important factors to consider before implementing a diagnostic ML 
algorithm. Transparency about model design decisions, such as feature 
selection and data preprocessing, ensures other researchers can 
replicate results and clinicians can more readily interpret model outputs. 
Explainability, on the other hand, clarifies how a model arrives at its 
predictions and is vital for fostering trust and accountability in high-
stakes scenarios like patient care, where clinicians must quickly assess 
whether an algorithm's output aligns with established clinical 
knowledge.  
 
Reproducibility depends on proper validation strategies, including the 
use of separate training, validation, and testing datasets, as well as 
external validation through additional data sources. This approach 
lowers the risk of data leakage and guards against overfitting, where 
a model performs exceedingly well on training data but poorly on new 
data. Conversely, it also addresses underfitting by promoting iterative 
refinement of hyperparameters and model complexity until 
performance metrics stabilize or improve on both internal and external 
datasets.  
 
Beyond these technical considerations, implementing regular audits can 
help detect unintended biases that may arise from imbalanced training 
data or flawed feature representations. Stress-testing models under 
challenging conditions—such as simulated data shifts or varying 
patient demographics—further helps ensure performance consistency 
before deployment in clinical settings. These steps, coupled with 
ongoing monitoring of real-world outcomes, can instill greater 
confidence in ML-driven tools. 
 

“It’s necessary to include a Conclusion section” 
We appreciate the feedback and concern for a lack of a conclusion 
section. This section was added at the end of our article (page 16) to 
address this. 

 
“Avoid as much as possible the use of 
abbreviations in the abstract” 
 
“Verify that all abbreviations are accompanied 
by the full term when first used in both, the title 
and main body” 
 
“No sentence or paragraph must begin with an 
abbreviation” 
 

Thank you for this feedback. Abbreviations were removed from the 
abstract to address this. 
 
Abbreviations in titles and subtitles were expanded to include the 
full form: 
 
Receiver Operating Characteristic Curves and Performance Metrics 
(page 12) 
 
Machine Learning Algorithms in Cardiovascular Diagnostics (page 15) 
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“Avoid the use of abbreviations in titles and 
subtitles” 
 

We have ensured that no abbreviations are used at the beginning of a 
sentence or paragraph. 
 

“Figures and tables legends should not be 
longer than three or four lines” 

 
We appreciate this feedback. The following changes were made to 
Figure 1 legend on page 4:  
 
This mind map illustrates the diverse medical imaging modalities 
available for cardiac imaging. This paper focuses on the most 
commonly used imaging techniques, each represented by a distinct 
color. It also provides a comprehensive overview of these imaging 
tools, highlighting their specific applications in different cardiac 
pathologies. 
 

“Figures fonts must be big enough to be read” 

 
Thank you for this feedback. We understand the importance of 
ensuring that all elements within our figures are easily readable to 
enhance comprehension. The figure in question is a schematic that 
summarizes the medical imaging techniques utilized for detecting 
various cardiovascular diseases. Due to the complexity and the need 
to include numerous imaging modalities and conditions, some of the 
smaller bubbles contain text with reduced font sizes to fit all pertinent 
information within them. Considering that the manuscript will be 
accessed digitally, readers can zoom in on the figure to view all 
details clearly. Additionally, the accompanying text in the manuscript 
provides detailed explanations of the imaging modalities 
represented in the figure, which helps to clarify any information that 
might be less readable at first glance. We initially included more 
extensive descriptions within the manuscript, but due to the journal's 
strict word count limitations, we condensed the text to comply with 
the guidelines. This made the figure even more important, as it 
efficiently conveys comprehensive information that would otherwise 
exceed the word limit. 
 

 
 


