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Abstract

Background: Accurate detection of coronary artery disease (CAD) from cardiac magnetic resonance (CMR) imaging can support earlier
diagnosis and streamlined clinical decision-making. Objective: This study evaluated the performance and statistical robustness of two deep
learning architectures — DenseNet121 and ResNet50 — for automated CAD classification using multiparametric CMR imaging. Methods: Images
were preprocessed using a valid pipeline and partitioned strictly at the patient level. Model performance was quantified through average
accuracy, area under the receiver operating characteristic (ROC) curve (AUC-ROC), precision recall, while distributional assumptions were
assessed using Shapiro-Wilk tests and variance homogeneity was explored with Brown—Forsythe test. Results: ResNet50 demonstrated the
strongest performance, achieving an average accuracy of 90.43%, AUC-ROC of 0.862, and area under the precision recall curve (PR-AUC)
of 0.891. DenseNet121 showed lower accuracy (81.72%). Statistical analysis revealed non-normal performance distributions and significant
variance differences between models. Conclusions: The findings indicate that ResNet50 offers a reliable and statistically validated solution for
CAD detection from CMR imaging. The combined use of realistic preprocessing and comprehensive inferential testing supports the generation

of reproducible and clinically meaningful performance estimates.
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& Introduction

Coronary artery disease (CAD) remains the most
prevalent form of cardiovascular disease and a leading cause
of morbidity and mortality worldwide. It is characterized
by the narrowing of blockage of the coronary arteries,
typically due to the buildup of atherosclerotic plaques,
which restricts blood supply to the myocardium and can
result in ischemia, myocardial infarction, or sudden death
[1, 2]. Early and accurate diagnosis is essential, since
therapeutic interventions such as percutaneous coronary
intervention, coronary artery bypass grafting, or aggressive
medical management can significantly improve patient
outcomes if applied in time.

Conventional diagnosis of CAD relies on a combination
of clinical assessment, biochemical markers, and imaging
modalities. Among these, invasive coronary angiography
continues to be regarded as the “gold standard” for confirming
the presence and severity of arterial stenosis [3]. However,
due to its invasive nature, risks, and costs, it is often
preceded by non-invasive imaging methods. Computed
tomography coronary angiography (CTCA) offers excellent
anatomical details, while stress echocardiography and nuclear
perfusion imaging provide functional information regarding
myocardial ischemia [3]. In recent years, cardiac magnetic
resonance (CMR) imaging has gained recognition as a
powerful multiparametric tool, capable of combining high-
resolution morphological visualization with functional and

tissue characterization. CMR techniques, including late
gadolinium enhancement (LGE), T2-weighted imaging
(T2WI), perfusion sequences, and cine steady-state free
precession (SSFP), allow clinicians to assess viability, edema,
perfusion deficits, and wall motion abnormalities in a
comprehensive manner [4].

Despite these advances, interpretation of CMR is complex
and time-sensitive, requiring considerable expertise. Observer
variability, limited availability of trained cardiologists, and
the increasing volume of imaging data represent important
challenges for clinical practice. In this context, artificial
intelligence (Al) has emerged as a transformative approach
in cardiovascular imaging. Al, particularly machine learning
(ML) and deep learning (DL), enables automated extraction
of complex patterns from high-dimensional medical images,
offering the potential to improve diagnostic accuracy, reduce
interpretation time, and standardize workflows [5].

Al has become increasingly central across diverse areas
of medical imaging, supporting tasks that range from
automated cancer grading to structural-functional tissue
assessment. The integration of DL architectures for Gleason
grading in prostate cancer, including transfer-learning
approaches built on general-purpose networks and validated
against expert pathologists, illustrates the capacity of neural
models to capture subtle morphological patterns with high
diagnostic agreement [6, 7]. Similar advances have been
reported in breast tumor classification from mammography,
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the quantification of stromal—-tumoral interactions in prostate
adenocarcinoma, and the structural characterization of basal
cell carcinoma architecture [8—11]. Beyond oncology, DL
methods have also shown strong potential in the automatic
segmentation of liver lesions in ultrasound imaging,
demonstrating the adaptability of Al across modalities [12].
Collectively, these contributions highlight how DL can
reliably extract clinically relevant features from complex
biomedical images, reinforcing the motivation of the
present study to apply similarly rigorous, patient-level
and statistically validated Al methodology for CAD
classification from CMR imaging. The convergence of
evidence across these domains supports the broader view
that robust Al pipelines — whether in oncology, dermatology,
hepatology, or cardiology — can enhance diagnostic precision
when grounded in transparent and reproducible evaluation
practices.

Over the past decade, significant progress has been made
in applying Al to CAD detection and risk stratification.
Convolutional neural networks (CNNs), recurrent neural
networks (RNNs), and hybrid models have been applied to
classify perfusion deficits, quantify ventricular function, and
identify coronary lesions from imaging modalities such as
CTCA and CMR [13]. Al-based systems have demonstrated
performance comparable to expert cardiologists in certain
tasks, while also offering reproducibility and scalability. In
addition, explainable Al methods are increasingly being
developed to ensure clinical trust by providing transparency
in the decision-making process [14].

The availability of large, annotated imaging datasets is
central to the development and validation of these models.
A notable example is the CAD multiparametric CMR dataset.
The dataset’s balanced design, multimodal nature, and robust
labeling using invasive angiography as ground truth make
it particularly well-suited for ML research. Several studies
have already explored this dataset to propose and benchmark
novel Al approaches for CAD detection. For instance, hybrid
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architectures combining CNNss with traditional classifiers
such as Random Forest have reported strong performance
[15]. Similarly, clustering-enhanced DL models have been
applied to achieve high diagnostic accuracy [16]. These
works illustrate both the promise and the versatility of Al
when applied to multiparametric CMR.

Aim

In this manuscript, we carried out a comparative
evaluation of two DL models for the classification of
CAD versus non-CAD. Prior to model train, all images
were preprocessed through resizing, normalization, and
augmentation (flips, rotations, and intensity adjustments)
to increase variability and reduce overfitting. Both models
were initialized with weights pre-trained on ImageNet
and subsequently fine-tuned on the dataset to adapt to the
specific feature of CMR imaging. Performance evaluation
was carried out using 10-fold cross-validation to ensure
generalizability. A comprehensive statistical benchmarking
process was performed to ensure that the comparative
results are not only numerically robust but also statistically
meaningful.

& Materials and Methods
The dataset

The dataset used in this study consists of 63 648 multi-
parametric CMR images, which collectively represent one
of the largest publicly available collections of this type [17].
Within this dataset, 26 104 images correspond to subjects
with a confirmed diagnosis of CAD, while the remaining
37 544 images originate from individuals without evidence
of cardiovascular pathology, who served as the control group.
Examples of both groups are presented in Figure 1. The
CAD status in the patient cohort was established using
invasive coronary angiography, widely accepted as the
clinical “gold standard” for this condition.

Healthy Healthy

Figure 1 — Representative CMR imaging slices from the study cohort, illustrating both healthy subjects and patients
diagnosed with CAD. The images display a range of anatomical planes and contrast characteristics, highlighting the
visual variability relevant for downstream analysis and model evaluation. CAD: Coronary artery disease; CMR: Cardiac
magnetic resonance.

The imaging protocol involved the acquisition of the four ~ fibrosis; perfusion imaging, used to detect ischemia, T2WI,

distinct CMR sequences, each contributing complementary
diagnostic information. These sequences were: LGE, which
provides tissue characterization and highlights area of

which is sensitive to edema and inflammatory processes; and
SSFP, the most commonly used cine sequence for assessing
cardiac morphology and function. For each sequence, images
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were obtained in both long-axis and short-axis orientations
of the heart, thereby capturing a comprehensive anatomical
and functional overview.

The long-axis orientation comprised two-chamber, three-
chamber, and four-chamber views. For each of these, one
slice was acquired from two different angular perspectives,
effectively yielding six long-axis images per sequence. The
short-axis orientation was even more detailed: it included
10 slices covering the entire heart, from the basal to the
apical regions, with each slice again recorded from two
separate angular viewpoints. This design resulted in 20
short-axis images per sequence.

In total, each subject contributed 13 slices per sequence
(three long-axis + 10 short-axis), which each slice captured
at two angles, generating 52 images per patient across the
four sequences. The dataset includes 1244 individuals, of
whom 502 were patients with angiographically confirmed
CAD and 722 were health participants.

DenseNet121

DenseNet121 is a deep CNN that belongs to the family
of densely connected convolutional networks (DenseNets)
proposed by Huang et al. (2018) [18]. The central concept
of DenseNet is that each layer receives as input not only the
feature maps from the immediately preceding layer, but
also from all earlier layers in the same dense block. This
pattern of connectivity encourages feature reuse, strengthens
the flow of gradients, and helps to alleviate the vanishing-
gradient problem [18, 19].

DenseNet121 consists of four dense blocks separated
by transition layers that reduce spatial dimensions via
convolution and pooling. The full model has 121 layers,
including convolutional, pooling, and fully connected
components. Each convolutional operation is followed
by batch normalization and rectified linear unit (ReLU)
activation, while the classifier head uses global average
pooling and a fully connected layer with softmax for
prediction [20].

Compared to networks of similar depth, such as Residual
Network (ResNet) or VGG, DenseNet121 is more parameter-
efficient because of the concatenation-based feature
propagation. This reduces the number of redundant
parameters and leads to improved generalization, particularly
when training on datasets that are not extremely large [21].
Compact design also lowers computational costs relative
to networks of equivalent accuracy.

These characteristics have made DenseNet121 a popular
backbone for medical imaging tasks, including radiology,
pathology, and cardiology. Its ability to capture subtle spatial
cues and to integrate multi-scale information across layers
has proven effective for detecting fine-grained structural
anomalies in clinical datasets [22, 23].

The defining feature of DenseNet121 is that each layer
inside a dense block receives as input all feature maps
generated by the previous layers and then produces a
fixed number of new feature maps (the growth rate).

Let an input image be x"\((0)) ER"H_0xW_0xC _0),
where H 0 is the height, W0 is the width, and C_0 channels
[e.g., C_0=3 for red, green, blue (RGB) images].

Dense block

For the /-th layer (/=1, ..., L) inside a block, the input
is the concatenation of all feature maps produced so far:

u =[x, %1, 0, X114, €y
and the output is obtained by a composite function:
x; = H(w), (2)

Where H; denotes batch normalization, ReLU, a 1x1
convolution (bottleneck), followed by batch normalization,
ReLU, and a 3x3 convolution.

Each layer contributes k£ new channels (growth rate,
typically £=32), giving

Cout = Cip, + KkL. 3)

Transition layer

Between dense blocks, a transition layer reduces feature
map size and channel number:

T(v) = AvgPoolyy,(Conv,yy (v)), 4)

with channel compression factor 8¢ (0, 1] (DenseNet121
uses 6=0.5).

Network configuration

DenseNet121 uses four dense blocks with layer counts:
(Lq, Ly, L, L) = (6,12,24,16).

This yields progressively richer feature representations,
while spatial dimensions shrink through pooling and
transitions.

Classifier

After the final block, global average pooling generates
a fixed-length feature vector:

h = GAP(x), %)

which is mapped to class probabilities by a fully connected
layer and softmax:

p = softmax(Wh + b). (6)

ResNet50

ResNet50 is a deep CNN introduce as part of ResNet
family by He et al. (2016) [24]. The hallmark of this
architecture is the use of residual connections, or “skip
connections”, which allow the output of a layer to bypass
intermediate layers and be added directly to later feature
maps. This design addresses the vanishing-gradient problem
and enables the successful training of very deep networks,
something that was challenging for conventional feed-
forward CNNs [24].

The ResNet50 variant contains 50 layers organized into
an initial convolutional and max-pooling stage followed by
four residual stages made up of bottlenecks blocks. Each
bottleneck block consists of three convolutional layers:
a 1x1 convolution that reduces dimensionality, a 3x3
convolutional for spatial feature extraction, and a final 1x1
convolution that restores dimensions. The identity mapping
through skip connections ensures that the transformation
learns only the “residual” portion of the mapping, which
stabilizes training and improves optimization efficiency.
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Compared to earlier architectures such as VGG-16 or
VGG-19, ResNet50 achieves higher accuracy while using
fewer parameters, thanks to its bottleneck design. Its ability
to train deeper networks without performance degradation
marked a breakthrough in computer vision, and the model
achieved top performance in the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC 2015) [24].

ResNet50 has since become a widely adopted backbone
in both general computer vision and medical imaging
applications. Its robust residual framework makes it
particularly effective for extracting discriminative features
in tasks such as disease classification, lesion detection,
and image segmentation. Numerous studies in radiology,
ophthalmology, cardiology, and digital pathology have
leveraged ResNet50 as a standard benchmark for transfer
learning and fine-tuning on domain-specific datasets [25].

From a mathematical point of view, let us consider
the same input image described in formula (1).

Residual block (bottleneck design)

Each bottleneck block consists of three convolutions:
a 1x1 convolution for dimensionality reduction, a 3x3
convolution for spatial feature extraction, and a final 1x1
convolution for dimensionality restoration. Given an input
tensor, z, the block computes:

F(z) = Wy - 6(BN(W, - 5(BN (W1 : J(BN(Z))) 7)

where W;, W,, W3 denote convolutional kernels (1x1,
3x3,1x1), BN is batch normalization, ¢ is ReLU, and -
denotes convolution. The output of the residual block is then:

y =F(2) +5(2), ®)

where S(z) is the shortcut connection (identity if
dimensions match, or a 1x1 projection if they differ).

After the final residual block group, a global average
pooling layer compresses the spatial dimensions of the
feature maps into single feature vector expressed in formula
(6). The vector is afterwards forwarded to a fully connected
classification layer, which maps each learned representation
to the corresponding target class. The layer outputs a set of
logits which are further normalized by the softmax function
to obtain the final class probabilities.

=& Results

To ensure a fair and reproductible evaluation framework,
we adopted a well-defined benchmarking protocol. A rigorous
evaluation procedure is essential, as inadequate statistical
design may lead to misleading conclusions. Since both
DenseNetl2]1 and ResNet50 use stochastic training
procedures (due to random weight initialization, mini-batch
sampling, and dropout), single-run evaluations are not
reliable. Therefore, to ensure robustness and reproducibility,
we have executed 50 independent runs for each architecture.
A statistical power analysis was carried out to determine
a suitable experimental sample size. We targeted a two-
tailed hypothesis test with statistical power >95% and a
type I error rate ¢=0.05. A sample that is too large would
unnecessarily increase computational cost with minimal
benefit, whereas a small sample might reduce the precision
and credibility of the findings. The chosen configuration

provided an optimal compromise between computational
efficiency and inference stability.

We used 10-fold cross-validation to ensure generalization
reliability. For each of the 50 runs, the model was trained
and evaluated across the 10 folds, and the average
classification accuracy (ACA) over the test partitions was
computed:

Number of correctly classified MRI images
ACA = . = 9)

Total number of MRI images in the test set

In addition to ACA, we calculated the standard deviation
(SD) to evaluate score dispersion across runs, thereby
assessing model stability. Since medical datasets typically
exhibit class imbalance, we also employed area under the
receiver operating characteristic (ROC) curve (AUC-ROC)
and area under the precision-recall curve (PR-AUC) as
complementary measures of discriminative performance,
particularly under skewed class distributions.

To statistically compare the performance of DenseNet121
and ResNet50, we first assessed the normality of accuracy
distributions using the Shapiro—Wilk test, given its sensitivity
for small to medium sample sizes. For variance homogeneity,
we applied Brown—Forsythe test, as heteroscedasticity may
bias parametric tests. Based on the assumptions’ outcomes,
we used either an independent samples #-test (When normality
and equal variance were satisfied) or the Mann—Whitney
U-test (when these assumptions were violated). A summary
of the evaluation metrics for both architectures is presented
in Table 1.

Table 1 — Performance metrics for DenseNet121 and
ResNet50

Metric DenseNet121 ResNet50
ACA 81.72% 90.43%
SD 0.012 0.0046
AUC 0.898 0.962
PR-AUC 0.8121 0.8919

ACA: Average classification accuracy; AUC: Area under the receiver
operating characteristic (ROC) curve; PR-AUC: Area under the precision-
recall curve; SD: Standard deviation.

Based on the results summarized in Table 1, there is a
clear performance difference between the two convolutional
architectures. ResNet50 achieved the highest ACA, reaching
90.43%, compared to 81.72% obtained by DenseNet121,
which indicates that ResNet50 extracted more discriminative
cardiac features from MRI slices. The SD is considerably
lower for ResNet50 (0.0046), than for DenseNet121 (0.012),
showing that ResNet50 provides more stable and consistent
results across multiple runs. In terms of discriminative
capability, ResNet50 again outperformed DenseNet121,
with AUC of 0.96 versus 0.89, demonstrating superior ability
to separate patients with CAD from health controls. The
estimated PR-AUC values further confirm this trend,
as ResNet50 obtained 0.8919, compared to 0.8121 for
DenseNet121, which is particularly relevant for handling
the class imbalance present in medical datasets. Overall,
ResNet50 showed both higher accuracy and greater
robustness than DenseNet121 on this dataset.

The Shapiro—Wilk test was used to assess whether the
ACA values followed a normal distribution. The results
shown in Table 2 indicate that neither DenseNet121 (p-
level: <0.001), nor ResNet50 (p-level: 0.033) satisfied the
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normality assumption at a significance level of a=0.05.
Furthermore, the Brown—Forsythe test was conducted to
evaluate the homogeneity of variances. The outcome (p-
level: 0.02) demonstrated a statistically significant difference
between variances, indicating heteroscedasticity between
the two sets of results. Consequently, a non-parametric
statistical test such as the Mann—Whitney U-test is more
appropriate for comparing the two models.

Table 2 — Performance metrics for DenseNet121 and
ResNet50

Shapiro-Wilk test Brown-Forsythe test

Model  Shapiro-Wilk Jeve| Brown-Forsythe . =
w p (1, df) p
DenseNet121 0.749 0.000 5.55 0.02
ResNet50 0.949 0.033 ' '

After applying the Mann—Whitney U-test to compare
the ACA of the two results, we observed a statistically
significance difference between the two models (p-level:
<0.0001). This confirms that the superior accuracy achieved
by ResNet50 is not due to random variation but reflects a
genuine improvement in classification performance over
DenseNet121. Consequently, we reject the null hypothesis
of equal means and conclude that ResNet50 demonstrates
significantly better predictive capability on this dataset.

Figures 2—4 show a comparative analysis of the ACA
distributions. The boxplot analysis shows that ResNet50
achieves a higher median accuracy with a narrower
dispersion, indicating a more stable learning behavior across
folds. In contrast, DenseNetl121 exhibits a wider spread
and several low performing outliers, suggesting reduced
robustness.
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Figure 2 — Box-and-whiskers distribution of classifi-
cation accuracy for DenseNet121 and ResNet50. ACA:
Average classification accuracy.
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Figure 3 — Accuracy across 50 independent runs for
DenseNet121 and ResNet50: ACA per run.

ACA Stability with Trend Lines

Accuracy

DenseNet121
% ResNet50

0 10 20 30 40 50
Run Index

0.76

Figure 4 — Accuracy across 50 independent runs for
DenseNet121 and ResNet50: ACA stability with trend
lines.

= Discussions

Our study provides a rigorous evaluation of CAD
detection from multiparametric CMR imaging using two
CNNs DenseNet121 and ResNet50. Under strict patient-
level separation, ResNet50 achieved an average accuracy
0f90.43%, a performance that is lower than the near-perfect
accuracies (99%) which have been occasionally reported
in previous publications using the same dataset [15, 16].
Such discrepancies, however, must be interpreted with care
considering methodological considerations. Multiple studies
show that exceptionally high accuracies in medical imaging
are frequently associated with data leakage systematically
inflates predictive performances in data mining workflows
[25]. Kapoor & Narayanan [26] documented that leakage
affects hundreds of published papers what regard machine-
learning, contributing to widespread reproducibility issues.
Rosenblatt et al. [27] further showed in neuroimaging
that subject-level non-independence can increase apparent
accuracy compared to separated evaluations. Tello et al.
[28] demonstrated that conventional random cross-validation
can overestimate performance by over 10 percentage points
relative to subject-wise tests. Apicella ez al. [29] reported
same effects when MRI data from the same individual
appear simultaneously in training and testing sets. Taken
altogether, these studies indicate that accuracies that are
close to 99% on complex diagnostic task are more consistent
with procedural artefacts than with genuine model
discrimination. Consequently, the 90.43% average accuracy
reported here, obtained under rigorous patient-wise separation
— is likely to reflect a more realistic estimate of clinically
relevant performance.

Another key distinction between our study and the others
relates to statistical rigor. Prior work on this dataset typically
reports only descriptive metrics and provides a limited
insight into distributional properties, variance structure, or
the significance of the observed differences. In contrast, the
present study incorporates a complete statistical validation
pipeline: the Shapiro—Wilk test was used to evaluate
normality, the Brown—Forsythe test to examine homogeneity
of variances, and the Mann—Whitney U-test for inference
when normality assumptions were not met. Statistical
validation offers a more transparent interpretation of
performance variation and supports statistically grounded
comparisons across model configurations.
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Differences between studies appear regarding the
preprocessing choices also. While some authors rely
on aggressive filtering, manual curation, or extensive
augmentation to optimize performance, our approach
intentionally preserves the heterogeneity of the dataset,
thereby better approximating real-world clinical conditions.
Although this limits maximum achievable accuracy, the
resulting evaluation in more conservative, robust, and
generalizable.

These considerations demonstrate that methodological
rigor, in data partitioning and statistical validation, is essential
for obtaining reliable performance estimates in medical
imaging. The present study shows that when patient-level
independence is strictly enforced and appropriate inferential
tests are applied, performance stabilizes at realistic levels,
even if this leads to lower headline accuracy compared
with previous reports. Rather than aiming for nominal
maxima, our findings emphasize the importance of
robustness, transparency, and generalizability as the key
prerequisites for clinically meaningful deployment of DL
models in CMR imaging analysis.

& Conclusions

This study provides a statistically robust and rigorous
evaluation of two DL architectures for CAD detection from
multiparametric CMR imaging. Using strict patient-level
segregation and comprehensive inferential testing, the
ResNet50 network reached an average accuracy of 90.43%,
AUC of 0.962, and PR-AUC of 0.8919, substantially
outperforming DenseNet121 (average accuracy 81.72%,
AUC 0.898). The statistical tests, Shapiro—Wilk and Brown—
Forsythe, further confirmed the statistically significant
differences between the two models, validating the robustness
of the observed performance gap. The study highlights that
realistic performance estimates arrive only when patient-
level independence is enforced and statistical assumptions
are rigorously tested, contrasting with earlier publications
reporting near-perfect accuracies that are inconsistent with
established evidence on data leakage and overestimation.
Overall, the results underscore that methodological
transparency, statistical robustness and valid data
preprocessing are essential prerequisites for trustworthy
and clinically translatable Al solutions in CMR imaging.
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