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Abstract: In this study, three artificial intelligence techniques were compared for the binary
detection (healthy/diseased) of cardiopathies using axial slices from cardiac magnetic
resonance imaging. Using a dataset of 150 patients in NIfT1 format, the images were
preprocessed (normalization, rescaling to 128 x 128, RGB conversion, and data
augmentation) and split on a per-patient basis using an 80/20 ratio. A Random Forest model
with GLCM radiomic descriptors and first-order statistical features, a convolutional neural
network (CNN), and a YOLOv8-based model adapted for binary classification were
evaluated. The models were compared using accuracy, precision, recall, F1-score, and
AUC, and explainability techniques (SHAP, Grad-CAM, Integrated Gradients, and
occlusion sensitivity) were applied to validate the anatomical coherence of the predictions.
Overall, the results indicate that pretrained deep learning approaches, such as YOLOVS,
offer substantial advantages in terms of accuracy and interpretability, positioning them as
a promising alternative for the development of intelligent decision-support systems for the
diagnosis of structural cardiopathies.
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Resumen: En este trabajo se compararon tres técnicas de inteligencia artificial para la
deteccion binaria (sano/enfermo) de cardiopatias mediante cortes axiales de resonancia
magnética cardiaca. Usando un conjunto de 150 pacientes en formato NIfTI, las iméagenes
se preprocesaron (normalizacion, reescalado a 128 x 128, conversién a RGB y aumento de
datos) y se dividieron en una proporcion 80/20 por paciente. Se evaluaron Random Forest
con descriptores radiomicos GLCM vy estadisticos de primer orden, una red neuronal
convolucional (CNN) y un modelo basado en YOLOV8 adaptado a clasificacion binaria.
Los modelos se compararon mediante accuracy, precision, recall, F1-score y AUC, y se
aplicaron técnicas de explicabilidad (SHAP, Grad-CAM, Integrated Gradients y
sensibilidad a la oclusion) para validar la coherencia anatémica de las predicciones. En
conjunto, los resultados indican que los enfoques de aprendizaje profundo preentrenado,
como YOLOVS8, ofrecen ventajas sustanciales en términos de precision e interpretabilidad,
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posicionandose como una alternativa prometedora para el desarrollo de sistemas
inteligentes de apoyo al diagnostico de cardiopatias estructurales.

Palabras clave: cardiopatias, resonancia magnética cardiaca, YOLOv8, Random Forest,

CNN, inteligencia artificial.

1. INTRODUCTION

Cardiovascular diseases remain the leading cause of
death worldwide, accounting for approximately
32% of all global deaths each year, according to the
World Health Organization (WHO) [1]. It is
estimated that more than 17.9 million people die
annually from heart and blood vessel-related causes,
a figure that continues to rise owing to population
aging, changes in lifestyle, and limited coverage of
preventive strategies. The WHO has emphasized the
need for early interventions, especially in low- and
middle-income countries, where the burden of
cardiovascular disease has shown an alarming
upward trend.

This situation is no different in Colombia. The
Ministry of Health and Social Protection has
reported that in recent years, diseases of the
circulatory system have consistently ranked among
the leading causes of death in the country, with
ischemic heart disease, stroke, and hypertensive
diseases being the most prevalent [2]. In 2022, the
cardiovascular disease mortality rate was estimated
at approximately 176 deaths per 100,000
inhabitants, with a higher burden among older adults
and in rural areas [3].

Despite advances in hospital infrastructure and
coverage, structural challenges related to equitable
access to timely diagnosis persist, particularly in
regions with limited specialized coverage. In this
context, the adoption of technologies capable of
facilitating the early and efficient detection of
cardiovascular  diseases, such as artificial
intelligence-based solutions, has emerged as a
public health priority [4].

In this scenario, the early and accurate detection of
cardiac conditions, even before they manifest
clinically, has become a key objective of modern
medicine. Among the available diagnostic tools,
cardiac magnetic resonance imaging (MRI) stands
out for its ability to provide detailed images of the
heart's morphology and function without exposure
to ionizing radiation [5], [6]. However, the
traditional analysis of these images relies on visual
interpretation by experts, a practice subject to inter-
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observer variability, is time-consuming, and is not
always accessible in all clinical settings [7].

In this context, artificial intelligence (Al) has
emerged as a promising solution for automating
diagnostic processes, reducing clinical workloads,
and improving analysis consistency [8]. Multiple
deep learning-based models have been developed
that allow for the segmentation of cardiac chambers,
quantification of volumes, and classification of
specific pathologies from medical images [9], [10].
However, in daily clinical practice, many initial
decisions are based on the fundamental question: Is
there a cardiac condition that warrants attention?

Addressing  this question from a binary
perspective—presence or absence of disease—is
especially relevant in scenarios such as population
screening, emergency department triage, and
telemedicine [11], [12]. In such contexts,
lightweight, interpretable, and efficient models
capable of providing reliable answers from basic
images are crucial for reducing diagnostic times and
appropriately  prioritizing  available clinical
resources [13].

Beyond technical performance, the reliability of
these systems is fundamental to their adoption.
Several studies have shown that Al models can
achieve levels of accuracy comparable to or
exceeding those of human experts, particularly
when trained on well-labeled and heterogeneous
datasets. However, their implementation requires
not only quantitative validation but also
mechanisms that allow for the explanation and
justification of each clinical decision to build trust
among healthcare professionals and patients.

The incorporation of explainability techniques has
proven to be an effective strategy for improving the
transparency of these systems, making it possible to
identify the regions of the image that most influence
the prediction [12]. This not only facilitates medical
audits and second opinions but also supports the
ethical and legal integration of Al into structured
healthcare systems, particularly in processes such as
automated screening, computer-assisted diagnosis,
and remote second readings.
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This study focused on the development and
validation of MRI-based binary detection models
for heart disease using deep learning. Through the
implementation of machine learning and neural
networks, we aim to offer an effective, reproducible,
and clinically viable mechanism to support early
decision-making in cardiology, with a particular
focus on high-demand or resource-limited settings.

2. RELATED WORKS

This section critically analyzes the most relevant
studies grouped into five thematic lines that
represent the main current research trends.

2.1. Automatic Cardiac
Structures

Segmentation  of

One of the most established lines of research in the
literature is the automatic segmentation of cardiac
structures from magnetic resonance imaging (MRI).
In this field, the work of [7] marked a milestone by
presenting the results of the Automatic Cardiac
Diagnosis Challenge (ACDC), where various deep
learning methods applied to the segmentation of the
left ventricle (LV), right ventricle (RV), and
myocardium (MY O) were assessed.

This benchmark established a standard in the area,
achieving average DICE coefficients of 0.95 for the
LV, 0.89 for the RV, and 0.89 for the MYO,
primarily using U-Net-based architectures. Despite
these advances, the authors pointed out limitations
regarding the generalizability of the models outside
the ACDC set, which prompted subsequent research
focused on robustness and transferability.

In response to these limitations, [14] proposed a
convolutional network that integrates directional
feature maps (DFMs) designed to capture oriented
spatial patterns characteristic of cardiac structures,
such as curved edges and boundaries between the
myocardium and ventricular chambers.

This approach overcame the limitations of isotropic
architectures, such as U-Net, achieving Dice
coefficients of 0.955, 0.901, and 0.888 for LV, RV,
and MYO, respectively, on the ACDC set. The
added value of this architecture lies in its ability to
address both interclass indistinction and intraclass
variability, which are critical aspects for reliable
clinical diagnosis.

Meanwhile, [15] developed Heart-Net, a
multimodal architecture that combines MRI images
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with physiological signals (ECG and blood
pressure), integrating a CNN and LSTM in a late
fusion approach.

This approach not only improves the accuracy of
cardiac structure segmentation but also allows for
the classification of cardiac pathologies with an
accuracy exceeding 98%. The combination of
morphological and functional information simulates
medical diagnostic reasoning and has proven to be
highly robust to anatomical variations and clinical
noise.

Complementing these proposals, [16] introduced a
hybrid computer-aided diagnosis (CAD) system that
employs ResU-Net to segment cardiac structures
and a Vision Transformer (ViT) to classify infarcted
regions. This approach was particularly effective in
identifying damaged myocardial tissue, achieving
an AUC of 0.98 and an overall diagnostic accuracy
of 97.3%.

The ability of transformers to capture long-range
spatial relationships makes them ideal for detecting
diffuse and subtle patterns, which is fundamental for
the early diagnosis of myocardial infarction.

2.2. Automatic Classification of Cardiac Diseases

The direct classification of cardiac pathologies from
MRI represents a significant evolution compared to
traditional approaches that rely on multiple
intermediate stages. In [11], SA-YOLO, an adapted
version of YOLOvV8 with spatial attention modules
was presented.

This model allows for the detection of pathologies
directly from images without the need for prior
segmentation. It achieved an overall accuracy of
98.1% and an inference time of 23 ms per image,
making it viable for real-time use in clinical settings
with limited computational resources. Meanwhile,
in [17], an innovative approach was introduced
using strain fields between the diastolic and systolic
phases to encode the contractile dynamics of the
heart. Using an architecture based on autoencoders
and an SVM classifier, they achieved an average
accuracy of 94.5.

This type of functional input allows the
identification ~ of  contractile  dysfunctions
characteristic of diseases such as dilated
cardiomyopathy  (DCM) and  hypertrophic
cardiomyopathy (HCM), providing a more
informative alternative to static images.
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In another noteworthy study, [18] applied Vision
Transformers in combination with explainability
techniques, such as Grad-CAM, to detect
myocarditis. Their model achieved an F1-score of
0.9741 and an AUC of 0.9616, which was notable
for both its accuracy and interpretability.

This study represents a significant advance by
explicitly integrating the visualization of active
regions that motivate classification, thereby
improving the transparency of the automated
diagnostic process.

Finally, [12] adopted a complementary approach by
integrating algorithms such as XGBoost and
LightGBM on multi-source clinical variables
without relying exclusively on MRI. Although they
did not segment images, they achieved an average
AUC of 0.989, demonstrating that combining
structured data with high-performance models can
offer reliable predictions, even in the absence of
detailed imaging.

2.3. Explainability and
Models

Interpretability of

The acceptability of artificial intelligence models in
clinical contexts depends not only on their accuracy
but also on their interpretability. In this regard, [19]
proposed a co-learning  architecture that
simultaneously segments the myocardium and
detects post-infarction scar tissues.

The model incorporates an attentional mechanism
that highlights relevant regions in the predictions,
achieving a sensitivity of 91.8% and diagnostic
accuracy of 94.6%. The spatial coherence between
the segmentation and functional detection tasks
improves the clinical confidence in the results.

Likewise, the work of [18] stands out for
incorporating Grad-CAM as an explainability tool
in a sensitive context, such as the diagnosis of
myocarditis. These techniques allow for the visual
and quantitative validation of the model's decisions,
showing which specific regions influenced the
prediction, thereby strengthening transparency and
medical confidence.

2.4. Clinical Validation and Adoption in Hospital
Settings

One of the barriers to the adoption of Al models in
medicine is the lack of clinical validation in real-
world settings. In this regard, [5] conducted a
prospective study of 61 patients comparing
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conventional cine  sequences with  those

reconstructed using deep learning.

Their model demonstrated excellent agreement with
traditional functional measures (r > 0.98) and
reduced the acquisition time by 50%, improving
visual quality, especially in subendocardial
structures.

On the other hand, [20] and [6] conducted
systematic reviews of the use of Al in
cardiovascular imaging, addressing topics such as
integration into hospital workflows, regulation by
entities such as the FDA, and model traceability.
These reviews highlight that, beyond technical
performance, the clinical acceptance of a model
depends on its transparency, acceptable inference
time, and compatibility with HIS/PACS.

2.5. Preventive Diagnosis and Multimodal
Approaches

The application of Al in medicine is not limited to
current diagnosis but extends to the preventive
prediction of cardiovascular risks. In [21],
researchers demonstrated that deep neural networks
can predict future cardiac events from liver images
with an AUC of 0.87 by combining abdominal MRI
and clinical variables using a multimodal
transformer. This approach breaks the traditional
logic of structural diagnosis and allows for the
exploration of latent correlations in other imaging
modalities.

Similarly, in [22], researchers trained a ResNet-type
CNN with care modules to classify five cardiac
pathologies directly from cine MRI without prior
segmentation. Their model achieved 96.4%
accuracy and an inference time of less than one
second, making it a viable option for clinics with
high workloads and limited specialized staff.

Finally, in [13], the researchers synthesized
advances in Al for myocardial diseases,
highlighting the emerging role of generative
models, recurrent neural networks, and virtual
simulations. By integrating multiple temporal and
morphological dimensions, these approaches
broaden the diagnostic spectrum and suggest new
avenues for personalizing treatment and simulating
clinical progression.
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3. MATERIALS AND METHODS
3.1. Dataset Description

The dataset used consisted of cardiac magnetic
resonance imaging studies stored in NIfTI format,
obtained from [7], with 150 patients divided into
five subgroups (30 normal subjects, NOR; 30
patients with previous myocardial infarction; 30
patients with dilated cardiomyopathy; 30 patients
with hypertrophic cardiomyopathy; 30 patients with
abnormal right ventricle). Each volume includes
axial slices from different points in the cardiac cycle
(e.g., frame01 and framel2) accompanied by
manually segmented masks (_gt.nii.gz). These
masks delineate structures such as the myocardium,
left ventricle (LV), and right ventricle (RV).

Min-max normalization was applied for each patient
(based on the intensity values of each volume).
Axial slices were interpolated to 128x128 or
256%256 pixels using bicubic interpolation,
background noise was removed with adaptive
thresholding, and the intensities were converted to 8
bits. For YOLOVS, the images were duplicated into
three RGB channels for compatibility. The same
pipeline was uniformly applied to the training and
validation datasets.

The images were obtained from a clinical repository
structured in subfolders per patient, with anatomical
and temporal variability. This richness allows for
the training of robust models for binary
classification (presence or absence of disease) and
experimentation with segmentation tasks. The
dataset was assembled from Google Drive in a
collaborative environment using Google Colab
software.

3.2. General Processing Flow

As a preliminary step in the implementation of each
model, a generic processing flow was defined to
ensure data quality and consistency. This workflow,
represented in Fig. 1, begins with a cleaning and
normalization process of the cardiac magnetic
resonance imaging volumes, followed by a
preprocessing module that includes cropping the
region of interest, selecting representative axial
slices, rescaling to standard resolutions (128x128 or
256x256 pixels), and converting to formats
compatible with each architecture (grayscale or
RGB).

Subsequently, feature selection and transformation
techniques were applied according to the approach
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used (flattening in Random Forest, convolutions in
CNN, and direct RGB processing in YOLOVS).
Finally, each model was trained and evaluated
independently using the same performance metrics
to allow objective comparison. This structured
approach ensures pipeline traceability and
experimental replicability.

'
—

Feature Selection
and
Engineering

Model Y
Training ¢

Fig. 1. General processing flow

Data Cleaning and
Normalization

3.3. Data Preparation

The dataset used consists of three-dimensional
volumes .nii.gz format, which were divided 80/20 at
the patient level, grouping all slices from each
subject into the same set with stratification by class
(healthy/disease). This prevented information
leakage and ensured independence between the
training and validation. The data were preprocessed
to obtain representative 2D axial slices for each of
the studies.

The preprocessing steps included the following:

- Extraction of the mid-axial slice from the volume,
assuming that the plane provides a representative
view of the heart.

- Normalization of pixel intensities to the range [0,
1] using min-max scaling, with the aim of
reducing variability arising from heterogeneous
acquisition conditions.

- Uniform resizing of all images to a fixed size of
128x128 pixels.

- Conversion to flat format: Because the random
forest model requires vectorized inputs, each
image was converted from its matrix form
(128,128,1) to a one-dimensional vector of 16,384
features using flattening.
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This transformation allowed each image to be
represented as a point in a high-dimensional feature
space, accompanied by a binary label corresponding
to the patient's clinical condition (healthy = 0, sick
=1).

To improve the discriminative capacity, radiomic
features based on GLCM texture (contrast,
dissimilarity, homogeneity, energy, and correlation)
and first-order statistics (mean, variance, kurtosis,
and skewness) were extracted. These descriptors
were calculated per slice using the scikit-image
library and served as inputs to the Random Forest.

3.4. Data Augmentation

Given the small size of the dataset and its slightly
unbalanced distribution, a data augmentation
strategy was applied using the ImageDataGenerator.
This technique allows for increased diversity in the
training set through random transformations without
the need to collect new images. The transformations
included random rotations (x10°), random zoom
(x10%), horizontal and vertical shifts (£10%), and
horizontal flipping. These operations preserved the
relevant anatomical features and improved the
generalizability of the model.

4, RESULTS
4.1. Random Forest Model Performance

This model was trained and evaluated using
flattened images from the axial slices of cardiac
magnetic resonance imaging. After training, its
performance was evaluated on a previously
separated validation set (20% of the total samples),
and the following quantitative results were obtained:

Overall Accuracy: 0.8000

Precision: 0.8000

Recall: 1.0000

F1-score: 0.8889

Area under the ROC curve (AUC): 0.6424

Figure 2 shows the ROC curve of the model. The
area under the curve (AUC = 0.6424) indicates a
moderate discriminatory ability of the model to
distinguish between healthy and diseased patients.
Although the sensitivity is high, the presence of
false positives reduces the classifier’s overall
accuracy.
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Fig. 2. ROC curve of the Random Forest model.

The Random Forest model's performance is
characterized by a high capacity for detecting
positive (ill) cases, making it a potentially useful
tool in contexts where the omission of critical cases
is unacceptable (high sensitivity). However, the
number of false positives recorded suggests that it
may generate unnecessary alerts in some healthy
patients, which should be considered in real-world
clinical settings. This behavior can also be attributed
to the loss of spatial information during the image
flattening process, which limits the model's ability
to differentiate subtle anatomical patterns.

4.2. CNN Model Performance

The model was trained and evaluated using a dataset
of 30 samples. The results obtained by the
convolutional neural network are as follows:

Overall Accuracy: 0.7000
CHD Class Accuracy: 0.8000
CHD Class Recall: 0.8333
CHD Class F1 Score: 0.8163

Figure 3 shows the confusion matrix of the CNN
model. The neural network correctly identified 20
cases with CHD and one healthy case (non-CHD).
However, it produced five false positives,
incorrectly classifying healthy patients as having
CHD, and four false negatives, corresponding to
patients with CHD who were classified as healthy.
This behavior reflects a slight bias in the model
towards the positive class, prioritizing the detection
of pathological cases over the correct identification
of healthy participants.

This trend may be attributed to an imbalance in the
dataset (a greater number of images of sick patients)
or the limited capacity of the model to generalize
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and learn representative patterns of normal
myocardium.
Matriz de Confusion - CNN
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Fig. 3. Confusion matrix of the CNN model.

The model's ROC curve, which shows an AUC of
0.4167, indicates discriminatory power below the
limit of chance, which is not acceptable in the
healthcare field. Although the network achieved
acceptable sensitivity, its diagnostic utility was
limited by the low AUC and inability to correctly
classify negative cases.

Despite its high sensitivity for detecting CHD cases,
the CNN model exhibited significant deficiencies in
identifying healthy patients, which could result in a
high number of false positives in a clinical setting.
This behavior may be related to the imbalance of the
dataset and the possible need for further adjustments
to the architecture or regularization methods. Future
versions of the model should incorporate techniques
such as focal loss, class weighting, or specific
enhancements for minority classes.

4.3. Performance of the YOLOvVS8

Model The performance achieved by this model was
as follows.

Overall Accuracy: 0.8000
Precision: 0.8000

Recall: 1.000

F1-score: 0.8900

Figure 4 shows the ROC curve obtained from the
classification probabilities of the YOLOv8 model
for the positive (ill) class. The area under the curve
(AUC) was 0.83, reflecting a good, though not
outstanding, discrimination ability. The curve has an
upward slope and partially approaches the upper-left
vertex, indicating that the model achieves a high true
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positive rate with a moderate number of false
positives. This result confirms that YOLOV8 can
effectively distinguish between healthy and ill
subjects, although its performance could be
improved through more precise calibration of the
decision threshold or a better balance between
classes.

Curva ROC - Clasificacion YOLOvVS (por paciente)
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Fig. 4. ROC curve of the YOLOv8 model.

The model showed superior performance compared
to the other approaches evaluated in terms of
accuracy and class balance. Its ability to generalize
correctly across a diverse validation set, coupled
with its low error rate and high AUC score, positions
it as a highly viable alternative for the automated
detection of congenital heart disease in medical
images. The model's stability also suggests effective
learning of discriminative patterns  without
overfitting, even in a clinical setting with moderate
resource availability.

4.4. Model Explanability
4.4.1. Random Forest

To understand how the model makes its decisions
and validate the physiological relevance of the
features used, two complementary approaches to
global and local explainability were implemented.
SHAP (Shapley Additive Explanations), based on
cooperative game theory, and Permutation
Importance, which evaluates the variation in model
performance when each variable is randomly
altered. Both methods were applied to the validation
set using the six radiomic descriptors obtained from
the gray-level co-occurrence matrix (GLCM):
Homogeneity, Energy, ASM (Angular Second
Moment), Contrast, Dissimilarity, and Correlation.
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Fig. 5. Impact of the model on the outputs

Analysis of the mean absolute SHAP values (see
Fig. 5) identified the following variables as having
the greatest impact on prediction:

* GLCM_Homaogeneity (0.0449)
* GLCM_Energy (0.0442),
* GLCM_ASM (0.0436).

These three characteristics are associated with the
uniformity of the myocardial tissue. Patients with
high homogeneity and energy values tended to be
classified as healthy, whereas more heterogeneous
textures (low homogeneity and high contrast) were
linked to the diseased class. The variables Contrast,
Dissimilarity, and Correlation had a smaller
contribution, although their combined effect helped
distinguish mild structural abnormalities. The
representation of individual SHAP values showed a
consistent trend: negative homogeneity values
decreased the probability of being healthy, and
positive values increased it, confirming that the
model internalized a clinically consistent pattern.

Top features - Permutation Importance (test)

glem_homogeneity -

glem_correlation

glem_contrast 4

glem_energy - I

glcm_ASM - I

—0.02 —0.01 0.00 0.01 0.02 0.03
Permutation impertance (mean drop in score)

Fig. 6. Importance of permutation.

glem_dissimilarity -

Regarding the importance of permutation, Figure 6
shows the average importance and standard
deviation obtained using the permutation method.
The results partially coincided with SHAP;
homogeneity remained the most relevant (0.0333),
followed by correlation (0.0122) and contrast
(0.0033). However, variables such as ASM and
Energy showed slight negative variations, indicating
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some redundancy between them, which is expected,
given that both reflect uniformity and smooth
texture. The agreement between SHAP and
Permutation suggests a high internal consistency in
the model. The dominance of uniformity descriptors
implies that the model associates intensity
dispersion with pathology, consistent with the
typical structural changes in cardiomyopathy
(hypertrophy, fibrosis, or remodeling). Finally,
because Random Forest does not operate directly on
the image but on global feature vectors, its spatial
interpretability is limited; however, it offers a clear
conceptual explanation based on the statistical
properties of the tissue.

4.4.2.CNN

The convolutional neural network (CNN) model
was analyzed using three complementary visual
explainability techniques:

- Grad-CAM (Gradient-weighted Class Activation
Mapping)

- Saliency Maps

- Integrated Gradients (1G).

These tools allow the identification of image regions
that most influence the final prediction, providing a
direct spatial interpretation of the model's attention.
The Grad-CAM technique (see Fig. 7) generated
heat maps indicating which regions of the axial
slice most intensely activated the convolutional
layers when classifying a patient as having a
disease.

Grad-CAM (idx=0)

Grad-CAM (idx=1)

Fig. 7. Grad-CAM heat maps

In most positive cases, the red and yellow areas were
concentrated in the left ventricle and interventricular
septum, which are commonly affected in
hypertrophic and dilated cardiomyopathies. In
healthy patients, the activations were more uniform
and dispersed, reflecting less attention from the
model to specific regions.
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Figure 8 shows that the output gradients were
calculated with respect to each input pixel, revealing
the areas that caused the greatest changes in the
classification probability.

Saliency (idx=0) Saliency (idx=1)

Fig. 8. Salience Maps

These visualizations highlighted the heart contours
and ventricular borders, indicating that the model
based its decisions on the shape and boundaries of
the myocardium. The observed pattern confirmed
that the CNN learned texture and geometry features,
but it could not fully discriminate between healthy
and diseased tissues, as many borders appeared
prominent even in sections without pathology.

Integrated Gradients (idx=0) Integrated Gradients (idx=1)

Fig. 9. Integrated gradients

The integrated gradient technique, as shown in Fig.
9, offers a more stable perspective, reducing the
noise characteristic of pure gradients.

The results showed moderate-intensity
concentrations over the mid-septal myocardium and
ventricular walls, which coincided with the areas
that Grad-CAM identified as most relevant. This
agreement between the methods reinforces the
confidence that the CNN is indeed learning
anatomically plausible patterns, even though its
overall accuracy is limited.

4.4.3.YOLOVS

This model, originally designed for object detection,
was adapted for the binary classification of heart
disease. Owing to its fully convolutional nature and
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the presence of feature pyramid and self-attention
layers, its internal behavior is less intuitive than that
of a traditional CNN. Therefore, two spatial
explainability methods were applied: Grad-CAM
and Occlusion Sensitivity, to analyze the anatomical
regions that contribute to the final prediction and
validate the consistency of their activations.

The Grad-CAM maps generated from the most
representative axial slices of each patient (see Fig.
10) showed intense activation in the ventricular
cavities and interventricular septum in the cases
classified as diseased cases.

Grad-CAM (patient_pac6) Grad-CAM (patient_pac7)

Fig. 10. Grad-CAM maps (pac6 and pac7)

In particular, patients pac6 and pac7 showed hot
spots (red and yellow) concentrated in the left
ventricle and septal wall, consistent with the typical
location of abnormalities in dilated or hypertrophic
cardiomyopathy.

In the case of patient pac27 (Fig. 11), the Grad-
CAM map showed activations slightly shifted
toward peripheral areas, reflecting a prediction with
moderate confidence (probability = 0.61).

Grad-CAM (patient_pac27)

Fig. 11. Mapas Grad-CAM(pac27)

This suggests that although the model recognizes
pathological signals, its attention may be dispersed
in cases with less pronounced cardiac textures or
low contrast. In healthy patients, Grad-CAM
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activations were diffusely distributed without clear
concentrations, coinciding with the absence of
anomalous structural patterns.

To complement the analysis, the Occlusion
Sensitivity method was applied (see Fig. 12), which
measures the decrease in probability when local
patches of the image are masked.

Occlusion (patient_pac6) Occlusion (patient_pac7)

Fig. 12. Occlusion Sensitivity (pac6, pac?)

The results showed that the regions whose occlusion
caused the greatest decrease in probability (yellow
and red areas) coincided with the same areas
highlighted by Grad-CAM: the ventricular walls and
interventricular septum. In patients with disease, left
ventricular occlusion reduced the probability of the
“disease” class by more than 40%, confirming that
these regions are critically important determinants
for the model's decision. In contrast, in healthy
patients, occlusion did not produce significant
changes in the output, validating the specificity of
care.

5. CONCLUSIONS

This study systematically compared three
representative artificial intelligence approaches
applied to the detection of heart disease using
cardiac magnetic resonance imaging: classical
machine learning (Random Forest), convolutional

neural networks (CNNs), and optimized
classification models (YOLOVS).
The methodology encompassed image

preprocessing, feature extraction, and performance
evaluation using standardized metrics (accuracy,
precision, recall, F1-score, and AUC). This was
complemented by an explainability analysis (XAl),
which allowed for the interpretation of each model's
decisions.

The results showed that YOLOV8 achieved the best
overall performance, with an accuracy and precision
of 80 %, an F1-score of 0.89, and an AUC of 0.83.
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This reflects a good ability to discriminate between
healthy and diseased patients. Its architecture allows
the preservation of relevant spatial information and
detection of complex structural patterns in the
myocardium, demonstrating its potential for critical
medical tasks. On the other hand, Random Forest
also achieved competitive performance (accuracy =
0.80; recall = 1.00), relying on textural descriptors
derived from GLCM matrices, while CNN
performed worse (AUC = 0.4167), showing
difficulty in correctly generalizing the negative class
owing to data imbalance.

From the perspective of explainable artificial
intelligence, all three approaches demonstrated
physiological coherence in their decisions. Random
forest-based classification was based on the
homogeneous textural properties of myocardial
tissue; CNN partially focused its attention on the left
ventricle and the interventricular septum; and
YOLOvV8 concentrated its activations on
anatomically relevant regions, confirming its spatial
representation capacity. These findings underscore
that explainability not only provides transparency
but is also a complementary clinical validation tool
for quantitative performance.

In the clinical setting, the high sensitivity observed,
especially in YOLOv8 and Random Forest, is
encouraging for the development of diagnostic
support systems. However, the presence of false
positives in deep learning-based models highlights
the need to recalibrate decision thresholds, improve
class balance, and incorporate cross-validation with
specialists.

Finally, this study demonstrates that artificial
intelligence is a viable and robust approach for the
assisted diagnosis of structural heart disease.
Models such as YOLOv8 combine performance and
explainability, offering a solid foundation for their
implementation in real-world clinical workflows.
Future research should focus on increasing data
diversity, optimizing interpretability, and evaluating
the multicenter reproducibility of these models to
consolidate their role as reliable and transparent
clinical support tools.
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