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Highlights

An end-to-end deep learning and radiomics pipeline enables contrast-free cardiac mass classification
Cardiac masses are accurately segmented on T1-weighted CMR using minimal user input
Radiomics-based models reliably distinguish benign from malignant cardiac masses

Semiautomated analysis achieves performance comparable to manual segmentation
Malignancy-prioritized classification supports clinically acceptable decision-making in cardio-
oncology
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Abstract

Background and objective: Cardiac masses (CMs), though rare, include a wide spectrum of
benign and malignant lesions that require distinct therapeutic strategies. Prior studies typically
address narrow classification tasks (e.g., thrombus vs tumor) and rely on manually delineated
regions. Building on these gaps, we introduce CardioRadNet: the first integrated framework
combining deep learning segmentation and radiomics-based classification on contrast-free T1-
weighted cardiac MR, designed to differentiate benign from malignant CMs.

Methods: A total of 127 patients with pathologically confirmed CMs (62 malignant, 65
benign) were included. A segmentation network incorporating point-based guidance was
developed for mass delineation. Radiomic features were extracted from both manually and
semiautomatically segmented volumes, and two separate radiomics-based classification
models were developed accordingly. Feature selection and classifier performance were

optimized using a 5-fold cross-validation.
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Results: The segmentation network achieved a Dice score of 0.78, with 88% of the radiomic
features extracted from the semiautomatic ROIs showing good reproducibility (ICC > 0.6)
when compared with those derived from manual ROIs. The two models achieved identical
balanced accuracy (0.85) and the same number of misclassifications (both used 10 features).
Notably, the semiautomated ROI model yielded one fewer false negative, thereby reducing
missed malignant cases.

Conclusion: CardioRadNet offers a novel, accurate and contrast-free solution for
comprehensive CM classification. Unlike prior studies, it includes the full spectrum of CMs
and uses semiautomated segmentation for broader clinical applicability. Overall, this
approach supports scalable integration into routine CMR workflows as a decision-support
tool for early risk stratification and, in turn, improved patient management.

Keywords: Cardiac masses, Classification, Deep Learning, Radiomics, Segmentation
Network.
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1. Introduction

Although rare, cardiac masses (CMs) represent a significant concern in the field of cardio-
oncology. They encompass a heterogeneous group of lesions, which may be either neoplastic
or non-neoplastic in nature. Among neoplastic masses, primary tumors, that are originating
from within the heart, represent only 0.3% to 0.7% of all cardiac neoplasms and can be either
benign or malignant [1]. Approximately 75% of primary lesions are benign, while 25% are
malignant [2], [3]. Secondary neoplastic lesions, meaning those originating outside of the
heart, are always malignant and 30-40 times more common than primary lesions [2], [3], [4].
Eventually, non-neoplastic masses, often referred to as “pseudo tumors”, are benign and can
include thrombi, vegetations, and normal anatomical variants [5].

The clinical presentation of CMs is highly variable, ranging from incidental findings on
imaging performed for unrelated reasons to cases presenting with shock or aborted sudden
cardiac death [6]. Many CMs remain asymptomatic, while others are initially detected due
to symptoms that lead to further imaging. The clinical manifestations largely depend on
the CM'’s size and anatomical location [7]. Many CMs are discovered on transthoracic
echocardiogram (TTE) which is generally the first imaging exam performed due to its
portability and widespread accessibility. However, more advanced cardiac imaging
techniques, such as cardiac magnetic resonance (CMR), cardiac computed tomography
(CCT), and positron-emission tomography/computed tomography (PET/CT), are often
needed to produce a differential diagnosis [4]. Indeed, TTE has several limitations in
imaging cardiac tumors, including a limited field of view, reduced visualization in patients
with unfavorable body habitus, and limited capability for tissue characterization [3]. CCT
is valuable for evaluating calcified masses and for preoperative planning, as it provides
detailed visualization of the tumor’s relationship to adjacent vascular and extracardiac

structures [8]. However, it involves exposure to ionizing radiation and the use of contrast
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agents, and it lacks the temporal resolution and tissue characterization capabilities of CMR,
which has the advantage of avoiding radiation altogether [9]. PET/CT evaluates the
metabolic activity of masses, helping to distinguish benign from malignant lesions, and is
widely used in oncology. Its role in cardiac tumor imaging may expand, though challenges
include dietary preparation and additional radiation exposure, especially when performed
solely for cardiac assessment rather than alongside routine oncologic scans [4]. Moreover,
some benign cardiac tumors, such as myxomas or hemangiomas, can exhibit high
metabolic activity on PET, potentially mimicking malignant lesions and complicating
diagnostic interpretation [10], [11].

In this context, CMR is likely the most proper imaging modality for cardiac tumors, thanks
to its excellent spatial and contrast resolution without radiation exposure, its wide field of
view, and its capability for multiplanar imaging [3]. Recent evidence further supports its
diagnostic value: a systematic review and meta-analysis reported pooled sensitivity and
specificity of 93% and 94%, respectively, for differentiating benign from malignant
cardiac tumors, with an AUC of 0.98 [12]. However, most of the included studies relied
on qualitative, expert-based interpretation of CMR scans, and despite these promising
results, agreement with histopathological diagnosis remains imperfect. Moreover, the
ability to correctly identify specific tumor subtypes is still limited, highlighting the need
for more advanced and standardized diagnostic approaches.

Early and accurate discrimination between benign and malignant CMs is crucial for
determining the appropriate clinical management and significantly impacts patient
prognosis. Indeed, malignant tumors often require prompt surgical intervention and/or
oncologic treatment, while benign masses may be managed conservatively or with elective
surgery [7]. Delayed or incorrect diagnosis can lead to rapid disease progression, especially

in malignant cases, reducing the chances of effective treatment and long-term survival.
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Currently, no objective and standardized imaging-based procedures exist to definitively
diagnose CMs. Clinical interpretation of imaging data still depends largely on qualitative
assessments and basic geometric measurements, leaving much of the rich quantitative
information contained within the scans underutilized.

Radiomics offers a transformative approach by extracting a large number of quantitative
features from medical images, enabling a more detailed and objective analysis of tissue
characteristics [13]. This data-driven approach has already shown significant promise in
oncologic imaging, particularly for tasks like tumor classification and phenotyping [14],
[15]. Although still in its early stages in cardiac imaging, radiomics is attracting growing
interest, supported by an expanding body of evidence demonstrating its feasibility,
reproducibility, and diagnostic value [16], [17], [18].

Due to the extreme rarity of CMs, objective differentiation remains relatively
underexplored in the scientific literature, with most existing studies limited by small
sample sizes [19], [20], [21], need for contrast administration [20], [21], [22], [23], [24],
[25] or reliance on visually interpreted radiological features [21], [22], [23], [24].
Additionally, prior studies often adopt a narrow scope, focusing on partial classification
problems (e.g., tumor vs thrombus or benign vs malignant neoplasms), without
encompassing the entire spectrum of CMs [19], [20], [24], [25], [26].

To overcomie these limitations, the aim of this study is to develop a robust, non-invasive
and reproducible diagnostic tool that can assist clinicians in the accurate classification of
all types of CMs based on imaging data alone. Specifically, we built CardioRadNet, a
comprehensive end-to-end pipeline that integrates a deep learning-based segmentation
network for CMs delineation with a radiomics-driven framework for their classification
into benign or malignant (see Figure 1). Importantly, this approach relies exclusively on

contrast-free T1-weighted CMR, making it suitable even for patients with
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contraindications to gadolinium-based contrast agents. To the best of our knowledge, no
prior study has implemented such an end-to-end framework for CM classification, as
existing radiomics-based approaches rely on manual segmentation [19], [25], [26], thereby

limiting scalability and reproducibility.
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Figure 1: Schematic representation of CardioRadNet. CMR: Cardiac Magnetic Resonance, ML: Machine
Learning.

2. Materials and methods

2.1. Dataset

The dataset comprises 127 patients from University Hospital Policlinico Sant’Orsola
Malpighi (Bologna, Italy) who underwent CMR for suspected CMs. Definitive histological
diagnoses were obtained via biopsy or surgical specimens. For cases involving cardiac
thrombi, diagnoses were confirmed either by surgical findings or radiological resolution
after appropriate anticoagulation therapy. Following the diagnostic work-up, CMs were
classified as benign or malignant according to the World Health Organization 2021
Classification of Tumors of the Heart and Pericardium [27]. Specifically, 62 patients had
malignant lesions (21 primary malignant tumors and 41 metastatic tumors), while the
remaining 65 had benign lesions (38 primary benign tumors and 27 cases of pseudo
tumors). Detailed information on tumor subtypes and their respective frequencies is
provided in Table S1 of the Supplementary material. The study was conducted according

to the guidelines of the Declaration of Helsinki. The study protocol was approved by the
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local Ethics Committee (Registration No. 102/2017/0Oss/AOUBo0) and all the patients
signed the informed consent.

In this study only breath-hold steady-state free precession pulse T1-weighted cine
sequences (CINE) in axial, long-axis and short-axis orientation have been considered. This
choice was motivated by the fact that they are both contrast-free and commonly acquired
in standard practice when performing a CMR scan. The examinations were performed on
a 1.5 T CMR scanner (Ingenia; Philips Healthcare, Best, the Netherlands). Table S2 of the
Supplementary material describes the main acquisition parameters of the employed
scanner.

The ground-truth mass segmentations were manually performed by an expert radiologist
holding Level 11 certification from the European Association of Cardiovascular Imaging
via the “3D Slicer” software ending up with one volumetric Region Of Interest (ROI) per
patient [28]. Subsequently, volumes were preprocessed to reduce noise using a 3x3x3
Gaussian filter and to correct for bias field inhomogeneities with an N4ITK filter. Finally,
volumes were standardized via z-score normalization and resampled to 1 mm along all the
three scanning axes. This ensured consistent intensity scales and resolution across patients,
as recommended by the Image Biomarker Standardisation Initiative (IBSI) for radiomic

analysis [29].

2.2. Segmentation network

After preprocessing, the segmentation network was developed. Due to the unfeasibility to
train from scratch a deep architecture with this relatively limited dataset (535 slices were
derived from the 127 CINE volumes), we opted for the fine-tuning of a segmentation

network pre-trained on chondrosarcomas [30]. The architecture is displayed in Figure 2.
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Figure 2: Schematic representation of segmentation architecture. int: intermediate, conv: convolution, up:
upsampling.

In particular, the network is composed by a ResNet50 backbone (pretrained on ImageNet)
from which output feature maps at four intermediate fevels are taken: c2 (64 x 64 x 256),
€3 (32 x 32 x 512), c4 (16 x 16 x 1024), and ¢5 (8 x 8 x 2048). To enable effective cross-
scale feature fusion, a Feature Pyramid Network processes these feature maps reducing
their channel depth and thus outputting: p2 (64 x 64 x 256), p3 (32 x 32 x 256), p4 (16 x
16 x 256), and p5 (8 x 8 x 256). Each of them is then passed through a mixed attention
layer, which selectively emphasizes the most diagnostically relevant spatial locations and
feature channels at each scale. After that, in the decoder portion, upsampling is carried out:
p5 is upsampled and merged with p4 to yield ué
(16 x 16 x 512); similarly, the output is upsampled and merged with p3 to produce u7 (32
x 32 x 512). Eventually, u7 is also upsampled and merged with p2 to give u8 (64 x 64 x
512).

Before being input to the model, all slices were resized to a fixed spatial resolution of 256
x 256 pixels to ensure consistency with the chondrosarcoma images used during the initial

training phase.
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To provide spatial guidance to the network, a punctual annotation was introduced to
indicate the approximate location of the CM within each slice. Specifically, the lesion
location was encoded as a single-pixel bright dot placed by the operator at any point inside
the mass, represented as a binary image (white dot on a black background). This minimal
spatial prior informs the network of the lesion position without imposing any assumptions
regarding its size or shape.

This information was incorporated as a dedicated input channel, allowing the model to
disentangle anatomical appearance from spatial localization, anaspect particularly relevant
given the high variability in CM size, morphology, and position across patients.

Finally, three-channel images were constructed as follows: (i) the CMR scan combined
with the punctual input, (ii) the punctual input alone, and (iii) the CMR scan alone (see

Figure 3).

(b)

Figure 3: Example of an image used as input to the segmentation network. The first channel (a) displays the
punctual input overlaid on the CMR scan, the second channel (b) shows the punctual input alone, and the
third channel (c) contains the CMR scan alone.

Prior to the training phase, the dataset was partitioned into a training set (80%) and a test set
(20%). The training set was then further divided into learning and validation subsets, with
80% and 20% of the training data, respectively. The split was stratified and enforced at the
patient level to ensure an unbiased evaluation of model performance. Learning images were

also augmented by randomly applying one of the following transformations: flip, rotation,
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translation or zoom. As a result, for each original learning image, an augmented version was
generated, effectively doubling the size of the learning set.
Batches of 32 images were given as input to the segmentation network, trained with the Adam
optimizer and a custom loss defined as the mean of the binary cross-entropy (BCE), Dice,
and intersection over unit (loU) losses. This combination leverages the pixel-wise precision
of BCE together with the region-level overlap awareness of Dice and loU, leading to more
robust and accurate segmentations. Equation (1) shows the custom loss formula while (2),

(3) and (4) show its three components, namely BCE loss, Dice loss and l1oU loss:

1
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A post-processing step was incorporated to refine the predicted segmentations.
Specifically, only the predicted connected components overlapping with the punctual mask

were retained.

2.3. Radiomics

A radiomic analysis was performed on the ROIs derived from both the ground-truth and
the semiautomated segmentations. A schematic representation of the followed workflow

is depicted in Figure 4.
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Figure 4: Workflow implemented in parallel for manually segmented and semi-automatically derived ROIs,
including radiomic feature extraction, robustness analysis, and model development using a 5-fold cross-
validation procedure. SS: shape and size, FOS: first order statistics, CV: cross-validation, LASSO: Least
Absolute and Shrinkage Operator, MW: Mann-Whitney U test, SVM: Support Vector Machine, LR: Logistic
Regression, DT: Decision Tree, ET: ExtraTrees, GB: Gradient Boosting, AB: AdaBoost.

3D radiomic features were extracted using the publicly available PyRadiomics library [31].
A bin width of 0.1 and b-splire interpolator were chosen as parameters for the extractor.
In particular, a total of 851 features per volume were extracted, including 14 related to
shape and size, 18 first-order statistical features, and 75 textural features. The first-order
and textural features were computed both on the original ROIs and on eight additional
ROIls obtained by applying a Discrete Wavelet Transform. Then, the radiomic features
underwent a robustness analysis [32], whereby robustness was defined as the combination
of stability and discriminative capability. This was evaluated by extracting features from
perturbated versions of the ROIls as well [33]. Examples of the perturbations applied to the
ROIs are shown in Figure 5. Specifically, stability was assessed by evaluating the Intra-

class Correlation Coefficient (ICC) of each feature separately when the ROIs were
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dilatated or eroded by a small amount corresponding to the 15% of the ROI area. Only
features that did not vary significantly, i.e., their ICC was bigger than 0.75, were deemed
stable [17], [34]. Discriminative capability was assessed by performing a substantial
perturbation of the ROIs translating them along the x and y axis of a quantity corresponding
to the 80% of the dimension of the mass along the considered axis. Features were
considered discriminative if they varied significantly after the perturbation, i.e., if the ICC
was smaller than 0.5 [17], [34].

Overlapping the two groups (stable and discriminative features), robust features were

derived.

Figure 5: Example of perturbations (in white) applied to the original ROIs (in red) such as (a) translation of
-80% of the length of the bounding box (in yellow) along the y axis, (b) dilation of 15% and (c) erosion of
15% of the CM area.

Robustness analysis was performed only on first order and textural classes, while shape
and size features were automatically reinserted among the robust ones. To evaluate the
similarity between manual and semiautomated segmentations, the ICC was also computed
between the robust features derived from the manually segmented ROIs and the same
features derived from the semiautomatically segmented ROIs. A high number of stable
features in this case would indicate good similarity between manual and semiautomated

segmentations.
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2.4. Classification model

The same classification pipeline was implemented for features derived from both the
ground-truth segmented ROIls and the semiautomatically segmented ROIs.

Specifically, the dataset was split into training (80%) and test set (20%) preserving the
class stratification in both sets. The same split used for the segmentation network was
adopted here to maintain consistency and prevent data leakage between training and test
sets. Then, a 5-fold cross-validation (CV) with a GridSearch was applied on the training
set to evaluate the best combination of feature selection process and classifier [35].
Specifically, two feature selection pipelines were tested, both starting with Spearman
correlation analysis (CORR) as initial step. The first pipeline then applied the Least
Absolute Shrinkage and Selection Operator (LASSO) to shrink some feature coefficients
to zero, effectively reducing the feature set in input to the classifier. Alternatively, the
second pipeline used the Mann-Whitney U test (MW), a univariate non-parametric
statistical test, to assess each feature’s ability to discriminate between the two classes, i.e.,
benign and malignant. Features with statistically significant test results were retained.
Within the GridSearch some hyperparameters were optimized, i.e., the optimal correlation
threshold and o parameter for the LASSO selector, along with the best hyperparameters
for the tested classifiers: Support Vector Machine (SVM), Decision Tree, ExtraTrees,
AdaBoost, Gradient Boosting, and Logistic Regression (LR).

The best hyperparameter combination was determined by the highest mean balanced
accuracy across the five validation folds. This process resulted in 12 distinct models,
combining the two feature selection pipelines with each of the six classifiers. After
selecting the best model, this was retrained on the entire training set and then evaluated on

the test set.
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3. Results
3.1. Segmentation

As regards the segmentation network development, the best model was obtained at epoch
43 after early stopping was called. The comprehensive quantitative evaluation of this final
model yielded the performance metrics reported in Table 1 for individual image slice-level
segmentation and Table 2 for complete CM-level segmentation.

The distribution of Dice and loU scores achieved on all CMs included in the test set is
presented in Figure 6. It has to be noted that the two CMs showing metrics below 0.5 are
characterized by particularly small volumes (1.9 cm? and 0.4 cm®) compared to the median
of the population that is 14.7 cm® [5.2 - 40.7] thus increasing the complexity of the

segmentation task.

Metric Learning set Validation set Test set
Loss 0.08 +0.06 0.20 +0.13 0.20 +0.11
Accuracy 0.99 +0.01 0.99 +0.01 0.99 +0.01
Dice 0.91 +0.08 0.76 £0.19 0.75 £ 0.15
IoU 0.88 +0.10 0.65 +0.20 0.64 +0.17
Table 1: Metrics’ values achieved by the segmentation network on learning, validation and test sets per
slice.
Metric Learning set Validation set Test set
Loss 0.07 £ 0.06 0.17 £0.10 0.19+0.13
Accuracy 0.99 £0.01 0.99 +0.01 0.99 +£0.01
Dice 0.93 £0.07 0.80 £ 0.14 0.78 £0.17
IoU 0.88 £0.10 0.70 £0.17 0.67 £0.20

Table 2: Metrics’ values achieved by the segmentation network on learning, validation and test sets per
mass.
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Figure 6: Dice scores and loU scores achieved on cardiac masses included in the test set. loU: Intersection

over Unit.

Representative examples of CM segmentations are visually ‘illustrated in Figure 7,
showcasing the model’s performance across diverse CM morphologies, anatomical
presentations, and varying imaging conditions.

A post-processing check was applied on all segmentations to retain only the predicted
connected components overlapping with the punctual mask. Figure 8 displays an example
in which the correction was employed. In this case, the correction made the Dice score

improve from 0.83 to 0.86 and the loU score from 0.71 to 0.76.



Journal Pre-proof

loU: 0.74 - Dice: 0.85  loU: 0.90 — Dice: 0.95 loU: 0.75 — Dice: 0.86

loU: 0.76 — Dice: 0.87  loU: 0.51 — Dice: 0.67 loU: 0.83 — Dice: 0.90

loU: 0.67 — Dice: 0.80  IoU: 0.91 — Dice: 0.95

Figure 7: Comparison of semiautomated segmentations (in yellow) with the manual segmentations
performed by the clinician (in red).

(@) (b)

Figure 8: Example of (a) manual segmentation, (b) semiautomated segmentation and (c) corrected
semiautomated segmentation for a slice in which the network produced an additional component not
overlapping with any punctual input provided (in white).

3.2. Radiomics

After CMs’ segmentation, radiomic analysis was performed on both manually- and
semiautomatically-derived ROIs.
Robustness analysis retained 240 features for the manually segmented ROIs and 219

features for the semiautomatically segmented ones. As a measure of similarity between the
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two versions of the segmented CMs, i.e., manual and semiautomated, the ICC between
manual ROIs’ robust features and the same features derived from the semiautomated ROIls
was computed. Almost all the original features (95%) and most of the wavelet ones (72%)
resulted to be stable thus similar (ICC>0.75).

As depicted in Figure 9, the mean and median ICC values are 0.84 and 0.88, respectively,
with 88% of features exhibiting good reproducibility (ICC > 0.6). However, few features
display notably low ICC values. Those correspond to the Total Energy radiomic features
extracted from the wavelet-transformed ROIs which quantify the overall magnitude of
voxel intensities within a ROI by summing the squared voxel values and scaling by the
volume of the ROI. As such, it is strongly affected by the number of voxels included within

the segmentation, making it highly sensitive to even slight variations in ROl delineation.
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Figure 9: Frequency distribution of Intra-class Correlation Coefficient (ICC) indicating the features’
similarity between the two versions of the segmented cardiac masses, i.e., manual and semiautomated. Mean
(dashed red line) and median (green line) are indicated in the plot.

Furthermore, because this feature is derived from the wavelet transformation, its sensitivity
is amplified: wavelets emphasize high-frequency components, i.e., local intensity
variations that typically occur along the boundaries of structures. Since discrepancies

between manual and semiautomated segmentations predominantly arise at the edges, these
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differences are further accentuated by the wavelet transform, resulting in substantial
variability in the Total Energy feature.

Overall radiomic methodological quality was assessed using the METhodological
RadiomICs Score (METRICS) [36], a standardized tool designed to evaluate and improve
the methodological quality of radiomics studies. The present work showed good

compliance with the framework (70%).

3.3. Classification

Features retained from the robustness analysis were used for subsequent classification of
CMs as benign or malignant.

Specifically, a 5-fold CV with GridSearch was employed to identify the optimal
hyperparameters for the correlation analysis, LASSO feature selection and the classifiers.
The results of this validation, showing performance across all classifiers and feature
selection methods for both the semiautomatic and manual segmentation models, are
summarized in Figure S3 in the Supplementary material.

For manually segmented CMs, the best feature selection method was CORR+LASSO, and
the best classifier was LR, whose combination attained the highest mean balanced
validation accuracy (0.85 £ 0.04), leading to the selection of the CORR+LASSO+LR
combination as the final model. After retraining on the full training set, this model achieved
an AUC of 0.95, a balanced accuracy of 0.85, F1-score of 0.83, sensitivity of 0.77,
specificity of 0.92 on the test set. The confusion matrix referred to the test set is reported
in Fig. 10(a). The final model was based on a subset of 10 selected features.

Similarly, for semiautomatically segmented CMs, the best feature selection method was
CORR+LASSO while the top-performing classifier was AdaBoost, achieving a mean

balanced accuracy of 0.84 + 0.03. Therefore, CORR+LASSO+AdaBoost was selected as



Journal Pre-proof

the final model for semiautomatically segmented CMs. After retraining on the full training
set, the model achieved an AUC of 0.82 and balanced accuracy, F1-score, sensitivity, and
specificity all equal to 0.85 on the test set. This model also relied on 10 selected features.
A binomial McNemar test has been applied to compare the predictions from the two

models which resulted in a p-value of 0.48 indicating no statistically different results.
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Figure 10: Confusion matrices for the best models chosen to classify (a) manually and (b) semiautomatically
segmented CMs evaluated on the test set.

All test-set performance metrics for the two models, including AUC, balanced accuracy,
F1 score, sensitivity, specificity and AUC are reported in Table 3 with 95% confidence

intervals obtained via bootstrap resampling.

Manual Semiautomated
AUC 0.95 (CI: 0.91-0.98) 0.82 (CI: 0.75-0.88)
Accuracy 0.85 (CI: 0.80-0.89) 0.85 (CI: 0.80-0.89)
F1 score 0.83 (CI: 0.76-0.89) 0.85 (CI: 0.78-0.90)
Sensitivity 0.77 (CI: 0.67-0.85) 0.85 (CI: 0.77-0.92)
Specificity 0.92 (CI: 0.85-1.00) 0.85 (CI: 0.77-0.92)

Table 3: Test-set performance metrics for the models based on manual and semiautomated ROls, with
95% confidence intervals obtained via bootstrap resampling. AUC: Area Under the Curve, Acc: balanced
accuracy, F1: F1 score, Sens: sensitivity, Spec: specificity.
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4. Discussion

Cardiac masses (CMs), though rare, pose a diagnostic challenge due to their variable imaging
features and the critical need to distinguish benign from malignant lesions, two entities
requiring fundamentally different clinical approaches. Early and precise classification is
vital, as malignant tumors often demand urgent surgical or oncologic intervention, while
benign masses may be managed conservatively or with elective procedures. Misdiagnosis or
delay can lead to rapid disease progression and negatively impact patient outcomes. Despite
the clinical importance, no standardized or objective imaging-based diagnostic protocols
currently exist. Interpretation still relies heavily on qualitative assessments and basic
morphologic features, leaving much of the quantitative information embedded in the scans
unused [12]. This issue is compounded by the rarity of CMs, which limits the availability of
large, validated datasets and hampers the development of robust tools. Existing studies are
often constrained by small sample sizes, dependence on contrast administration, or subjective
radiological evaluations.

This work proposes CardioRadNet, a semiautomated end-to-end pipeline that integrates
deep learning-based mass segmentation with radiomics-driven classification to enable
robust and reproducible differentiation between benign and malignant CMs. By
eliminating the need for contrast agents, CardioRadNet is especially suited for patients
with contraindications to gadolinium. Ultimately, it aims to support more accurate and
timely decision-making, improving patient care in a domain where diagnostic clarity is
essential.

The main findings of the present study are: i) a deep learning semiautomated segmentation
network able to correctly delineate the CMs; ii) a radiomic model able to differentiate

malignant from benign CMs, including both neoplastic and non-neoplastic lesions; iii)
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comparable performance achieved using semiautomated and manually performed
segmentations.

While few studies have investigated the use of radiomic and clinical imaging features for
characterizing CMs, they have addressed only a subset of the diagnostic challenge,
typically focusing either on distinguishing tumors from thrombi [19], [25] or on
differentiating benign from malignant neoplasms [26]. This limited scope inherently
excludes at least one of the clinically relevant CM categories. Furthermore, all of these
studies relied on manual segmentation of the ROIs, which is both time-consuming and
prone to inter-observer variability. For instance, Lee et al. [25] developed three
classification models, radiomic, clinical, and a combined approach, using contrast-
enhanced CT scans to differentiate tumors from thrombi from 192 patients. Their
combined model achieved a test set accuracy of 89.4%, with the radiomic-only model
reaching 85.3%. However, their study did not distinguish between benign and malignant
tumors, focusing instead on the broader separation of neoplastic and thrombotic lesions,
and required contrast administration and ionizing radiation exposure. Similarly, Son et al.
[19] tackled the same classification task using contrast-free cardiac MRI reaching an
accuracy of 0.95. While this aligns more closely with contrast medium concerns, their
dataset comprised only 41 patients, and the absence of a training-test split limits the
robustness and generalizability of their findings. Bao et al. [26], on the other hand, focused
exclusively on differentiating benign from malignant cardiac tumors using TTE. Despite
employing a relatively large cohort of 215 patients, the dataset was heavily skewed toward
malignant cases (173 out of 215), and no balancing techniques were applied. As a result,
the reported test accuracy of 85%, with a sensitivity of 96% but a specificity of only 41%,
likely reflects a model biased toward over-predicting malignancy due to the imbalanced

data.
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Other studies have leveraged clinical and radiological variables to perform either statistical
analyses or to develop diagnostic models (not radiomics-based). For example, Kassi et al.
[20] proposed a tree-based model using qualitative radiological features extracted from
multiple CMR sequences, including contrast-enhanced imaging. However, their dataset
was limited (66 patients), and non-neoplastic lesions such as thrombi were excluded.
Pazos-Lopez et al. [24] similarly analyzed various CMR-derived features for tumor
characterization, but their study also relied heavily on contrast-enhanced imaging and
featured a highly unbalanced dataset (only 17 malignant tumors among 126 cases),
undermining its diagnostic generalizability.

More recent efforts, including those by Yue et al. [23], Paolisso et al. [22], and Hu et al.
[21], aimed to address the core clinical task of differentiating benign from malignant CMs.
The first two works proposed scoring systems based on radiological features from contrast-
enhanced CMR, while the last one used PET/CT imaging to perform univariate statistical
comparisons of metabolic parameters in a small cohort of 41 patients. Despite targeting all
the CMs’ categories, these studies were based on a small population size and lacked a test
set, thereby limiting the reliability and clinical applicability of their results.

In our study, we analyzed a relatively large dataset comprising 127 patients. Importantly,
the dataset was balanced in terms of lesion type, including 62 malignant and 65 benign
CMs. These encompassed the full spectrum of CM categories, namely, primary benign and
malignant neoplasms, secondary (metastatic) tumors, and pseudo tumors. This balanced
distribution reflects the study setting, i.e., a tertiary referral “hub” center with a dedicated
cardiac imaging and surgery program, which mainly receives complex cases from
peripheral “spoke” hospitals, including a higher proportion of suspected or confirmed

malignant lesions. Consequently, the cohort composition mirrors a specialized referral
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case-mix rather than the epidemiological distribution in the general population, where
benign lesions are more frequent.

A key novelty of our approach lied in the adoption of a semi-automated segmentation
strategy within the proposed pipeline, which, to the best of our knowledge, has not been
previously applied to the task of CM classification. While similar approaches have been
successfully explored in other clinical domains, such as post-infarction scar detection [37]
and musculoskeletal tumor diagnosis [38], prior studies on CMs have relied exclusively
on manual ROI delineation. This advancement represents an important step toward
improving reproducibility, efficiency, and clinical translation.

Despite the high morphological heterogeneity of CMs, the fine-tuned segmentation
network demonstrated good performance, achieving a Dice score of 0.78 on the test set.
Segmentation performance appears adequate for subsequent radiomic analysis, with 88%
of the radiomic features extracted from the semiautomatic ROIs showing good
reproducibility (ICC > 0.6) when compared with those derived from manual ROIs.

From a computational standpoint, the proposed framework is efficient and clinically
feasible. Despite being more complex than a standard U-Net, the segmentation network
maintains comparable inference times (20-50 ms per image vs. 10-25 ms).

For the classification task, two models were developed: one based on radiomic features
extracted from manually segmented CMs, and the other using features derived from
semiautomatically segmented volumes. Both models demonstrated highly comparable
performance, with identical balanced accuracy (0.85) and the same number of
misclassifications. Minor differences were observed in other metrics: the manual
segmentation model achieved a higher AUC (0.95 vs. 0.82) but a lower F1-score (0.77 vs.
0.85) compared to the semiautomated model. These results indicate that the two models

are effectively interchangeable for the classification task. Notably, despite the same
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number of misclassifications, the semiautomated model yielded one fewer false negative
than the manual model. From a clinical perspective, this aspect is particularly relevant, as
reducing false negatives, i.e., missed malignant masses, is generally more critical than
misclassifying benign lesions. Indeed, failing to identify a malignant mass may delay
diagnosis and treatment, potentially leading to disease progression and worse patient
outcomes.

Three misclassifications were shared between the two models: two malignant lesions
(neoplastic thrombosis from renal carcinoma and hepatic metastasis) were misclassified as
benign, and one benign lesion (ventricular fibroma) was incorrectly classified as
malignant. Beyond these common errors, each model presented one additional unique
misclassification: the manual segmentation model failed to identify a diffuse large B-cell
lymphoma, while the semiautomated model incorrectly assigned a pericardial hemangioma
to the malignant class. Radiomic analysis of the common misclassified cases revealed that
the lesions exhibited atypical feature profiles, particularly near-zero energy in high-
frequency wavelet decompositions (HHH band) and extreme values in low-frequency
percentile features, placing them as outliers within the learned feature space of both
classifiers. Future work incorporating larger, more diverse training cohorts and histology-
stratified validation may help address these edge cases and further improve model
robustness.

In terms of potential clinical integration, CardioRadNet is designed to be incorporated into
the routine CMR workflow as a decision-support tool applicable even in peripheral
imaging centers where standard contrast-free T1-weighted CMR sequences are acquired.
In this context, the model could provide an early, automated risk stratification of CMs
directly at the point of image acquisition. In practical terms, after routine CMR acquisition

in a spoke hospital, the semiautomated segmentation and classification pipeline could
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assist in identifying patients with a higher likelihood of malignancy, thereby supporting
the decision on whether referral to a tertiary hub center is warranted. This could be
particularly valuable in improving triage efficiency, ensuring that patients with suspicious
findings are appropriately escalated for further diagnostic workup or specialized
management, while potentially reducing unnecessary referrals for benign conditions.
Importantly, the tool is intended as a decision-support system rather than a replacement
for expert interpretation, with the goal of improving diagnostic consistency, optimizing
referral pathways, and facilitating earlier identification of clinically relevant cases in a real-
world distributed healthcare setting.

Overall, the diagnostic accuracy achieved by our CardioRadNet in characterizing the
biological nature of CMs from contrast-free CMR scans is promising. However, some
limitations must be acknowledged. First, although reasonable given the rarity of the
pathology, the cohort remains relatively limited and monocentric, which constrains model
generalizability across diverse patient populations and imaging protocols. It is also worth
noting, that the segmentation was performed at the slice level, meaning that each individual
slice was treated as a separate input to the deep learning model; consequently, the effective
number of training samples was substantially higher than the number of patients alone
would suggest, partially compensating for the modest dataset size. Nonetheless, this
approach cannot replace genuine inter-patient and inter-center variability. Second, the use
of non-contrast, single-sequence imaging, although advantageous for patients with
contraindications to contrast agents and for its minimally invasive nature, may limit the
amount of complementary information available for feature extraction compared to a
multimodal approach, which could be explored in future studies to further enhance model
performance. Third, the semiautomated workflow still relies on a user-defined point mask

for mass localization, introducing operator dependency and limiting scalability in fully
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automated clinical settings. Fourth, while the current segmentation performance is reliable
and sufficient to support downstream radiomic analysis, its further refinement may benefit
from larger and more diverse datasets. Future developments should therefore focus on fully
automated segmentation and validation on larger, multicenter and multi-modal cohorts.
This would not only increase sample size but also introduce greater variability in patient
characteristics and clinical settings, thereby strengthening robustness, minimizing
overfitting, and enhancing external validity and applicability in real-world clinical

contexts.

5. Conclusions

Our study introduces CardioRadNet, a semiautomated pipeline that integrates a deep
learning-based segmentation network for mass delineation with a radiomics-based
classification model, enabling objective and reproducible differentiation between benign
and malignant CMs. Unlike prior studies, which often focus on specific CMs’ subtypes
and rely on manual delineation, CardioRadNet considers the full spectrum of CM types
and uses semiautomated segmentation for broader clinical applicability. Importantly, our
approach relies exclusively on routinely acquired contrast-free T1-weighted CMR
sequences, thereby avoiding the risks associated with contrast agent administration,
particularly relevant for patients with contraindications to gadolinium, such as those with
severe renal impairment or allergies. By leveraging non-contrast imaging and automation,
our study addresses the major limitations of prior works and proposes a scalable, clinically
applicable tool for accurate CM characterization. Future studies including larger,
multicenter and multi-modal cohorts will serve to confirm these promising results and

assess the applicability in real-world clinical contexts.
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