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Abstract

This study aims to assess the correlation and relevance of
radiomic features extracted from coronary artery
branches about the presence of calcification and stenosis.
To do this, contrast-enhanced computed tomography
(CECT) images from a subset of 54 cases were analyzed.
Coronary arteries were segmented using the Chan-Vese
segmentation method, followed by postprocessing in 3D
Slicer. Radiomic features were then extracted using the
PyRadiomics open-source library. Based on CECT
reports, labels were assigned according to the presence of
calcification and plaque. Feature selection was performed
using correlation analysis and the Minimum Redundancy
Maximum Relevance (MRMR) method. Finally, three
different machine learning classification algorithms—
Logistic Regression, Random Forest, and Support Vector
Machines—were employed to evaluate the performance of
the selected features. The results demonstrated that some
features were informative for both calcification and
stenosis. The features selected by correlation analysis
combined with the Logistic Regression classifier showed
more stable performance than the other methods.

1. Introduction

Coronary artery disease (CAD) remains a significant
cause of morbidity and mortality worldwide [1]. Coronary
computed tomography angiography (CCTA) has emerged
as a non-invasive method for studying coronary
atherosclerosis, with radiomics offering the potential for
improved plaque characterization [2]. Radiomics, which
involves the extraction of quantitative features from
medical images, shows promise in predicting coronary
artery calcification (CAC) and plaque risk. Studies have
demonstrated that radiomics models that integrate CT-
derived features with clinical risk factors can effectively
predict calcified plaques [3]. Whole-heart radiomics
obtained from low-dose CT has outperformed clinical
variables in distinguishing Agatston scores and predicting
coronary stenosis [4]. In the Framingham Heart Study, a
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radiomics-based score derived from CAC images
enhanced risk prediction for major cardiovascular events,
particularly in individuals with lower Agatston scores [5].
Furthermore, radiomics analysis of coronary plaques and
perivascular adipose tissue have emerged as potential non-
invasive biomarkers for cardiovascular risk stratification
[6]. The combination of radiomic and clinical features in
predictive models shows promise in supporting clinical
decision-making processes for CAD assessment [7]. This
advancement in radiomics applications may contribute to
better understanding and management of coronary artery
disease.

However, further research is required to address
existing challenges and ensure the robustness and clinical
translation of radiomics in the management of coronary
artery disease. In this study, we aimed to evaluate the
relationship between radiomics features and coronary
artery calcification and plaque presence.

2. Methodology

2.1. Data Acquisition

The CECT dataset used in this study includes images of
54 subjects that were eligible for fine segmentation. The
images are of size 512 x 512 pixels, with a pixel resolution
of 0.32 x 0.32 mm. The slice spacing is 0.3 mm, and the
slice thickness is 0.6 mm.

2.2. Image Segmentation

In this study, coronary arteries were segmented using
the Chan-Vese segmentation algorithm [8]. Post-
processing was then conducted in 3D Slicer to remove
extraneous components and to separate the four branches
of the coronary arteries: the right and left coronary arteries,
the left anterior descending, and the circumflex artery. In
general, from 514 segmented arteries, there were 49
positive calcification cases and 53 cases plaque severity
more than 0.2 (>20% of stenotic vessel).
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2.3. Feature Extraction

Using the open-source Python tool PyRadiomics, a set
of quantitative radiomic features was extracted from
previously segmented coronary arteries. In our application,
these features were classified into two primary categories
[9]: (1) Intensity, which encompasses first-order statistics
derived from the intensity value histogram; (2) Texture,
which assesses various textural properties such as
heterogeneity, fineness, and coarseness, utilizing
descriptors from established 3D texture metrics like the
gray-level co-occurrence matrix (GLCM), run-length
gray-level matrix (RLGL), and gray-level size-zone matrix
(GLSZM).

2.4. Feature Selection and Classifier

In this study, two feature selection techniques were
applied based on filter approaches: correlation analysis
(CA) and Minimum Redundancy Maximum Relevance
(MRMR) [10]. For classification, we utilized three
classifiers: Logistic Regression (LR), Random Forest
(RF), and Support Vector Machines (SVM). To investigate
and compare different feature selection and classification
methods, we created a three-dimensional parameter grid
for the analysis. For both feature selection methods
correlation and MRMR, we incrementally selected features
ranging from 5 up to 15. These subsets of selected features
were evaluated by using each of the three classifiers and
area under ROC curves (AUC) [11].

The empirical stability of each classifier was quantified
using the relative standard deviation (RSD) and a bootstrap
approach. For each classification method, the model was
trained on varying test sizes (0.2 and 0.3), with the training
cohort being subsampled 100 times using the bootstrap
method. RSD, expressed as a percentage, represents the
absolute value of the coefficient of variation:

Oauc

RSDY% =
Havce

where g, and pyc are the standard deviation and mean
of 100 AUC values respectively. It should be noted that
higher stability in the case of classifiers corresponds to
lower RSD values.

3. Results and Discussion

Regarding calcification prediction, in Figure 1, we show
the results of the analysis for the three classifiers (LR in
red, RF in green, and SVM in blue) using Correlation (top
panels) and MRMR (bottom panels) feature selection
methods at test sizes of 0.2, and 0.3.

SVM exhibited the highest RSD%, indicating lower
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Figure 1. Comparison of (RSD%) for calcification prediction
using three different classifiers across different numbers of
features, employing Correlation (CA) and MRMR feature
selection methods at varying test sizes (0.2 and 0.3).
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Figure 2. ROC curves comparing the performance of LR, RF, and
SVM classifiers using Correlation and MRMR feature selection
methods with 10 features for calcification study for calcification

prediction.

stability, while LR and RF showed more consistent
Performance. However, Logistic Regression consistently
has the lowest RSD% across different numbers of features
and test sizes. The RSD value decreases as the test size
increases, suggesting that a larger test size may lead to
more consistent model performance.
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Figure 2 presents ROC curves for LR, RF and SVM
classifiers using CA and MRMR feature selection methods
with 10 features in the calcification cohort, evaluated at
different test sizes (0.2 and 0.3). The AUC values indicated
that LR consistently outperformed the other classifiers
across all conditions, particularly with higher AUCs using
CA. SVM generally maintained moderate performance
across all scenarios. Our results suggest that LR is more
robust and effective in this context, while RF’s
performance was more sensitive to changes in test size.

The features that resulted to be more informative
applying MRMR and CA were related to the intensity and
texture are listed in table 1 for calcification:

Table 1. Features for calcification from CA and MRMR.
Calcification prediction

Firstoder Skewness/GLCM_Correlation
Firstorder Maximum/GLDM _dependenceVariance
NGTDM_Complexity/Firstorder Skewness
Firstorder Range/ NGTDM_Complexity
GLCM_ Correlation/ Firstorder Range

There are some features which are common between
two selection method like: how pixel intensities are
correlated (GLCM_Correlation), the asymmetry of the
intensity  distribution  (Firstorder Skewness), the
complexity of texture variations (NGTDM_Complexity),
and the overall intensity contrast (Firstorder Range).

Regarding stenosis prediction, we performed a similar

analysis.
Figure 3 displays the RSD for LR (in red), RF (in green),
and SVM (in blue) classifiers across different numbers of
features using CA (top panels) and MRMR (bottom
panels) feature selection methods, evaluated at test sizes of
0.2, and 0.3.

Like calcification, SVM showed the highest RSD%,
indicating lower stability for stenosis prediction,
particularly when using the CA method for feature
selection. RF exhibited the most consistent stability across
both feature selection methods with 10 features. For
stenosis prediction, the most stable classifier varied
depending on the test size and number of features. These
results underscore the importance of selecting an
appropriate feature selection method and the optimal
number of features to ensure stable model performance.

Figure 4 shows ROC curves for LR, RF, and SVM
classifiers using CA and MRMR feature selection methods
with 10 features at different test sizes (0.2 and 0.3). LR
consistently achieved the highest AUC values with CA
method.

The informative features selected by applying CA and
MRMR are listed in Table 2. There are some similarities
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Figure 3. RSD (%) for LR (in red), RF (in green), and SVM (in blue)
classifiers across different numbers of features, using CA and MRMR
feature selection methods at varying test sizes (0.2 and 0.3) for stenosis
prediction.
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Figure 4: ROC curves comparing the performance of Logistic
Regression, Random Forest, and SVM classifiers using Correlation
and MRMR feature selection methods with 10 features for stenosis
prediction.

between the features in CA and MRMR:
(GLCM_ClusterShade) that the skewness and
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nonuniformity in texture patterns, (NGTDM_Complexity)
the variability in intensity differences between neighboring
pixels, and (Firstorder Skewness), the asymmetry of the
intensity distribution.

Table 2 features for Stenosis from CA and MRMR.
Stenosis Prediction

Firstorder Maximum / Firstorder Skewness
Firstorder Range /Firstorder Uniformity
GLCM_ClusterShade/ GLCM_ClusterShade
NGTDM_Complexity / NGTDM_Complexity
Firstorder Skewness / NGTDM_ Strength

Both predictions share the asymmetry of the intensity
distribution and the variability in intensity differences
between neighboring pixels in the top five features.
Overall, our results underscore the importance of choosing
an appropriate classifier and feature selection method to
optimize model performance.

4. Conclusion

In conclusion, Logistic Regression with Correlation
Analysis appears to be the most effective combination of
predicting calcification and stenosis, providing the highest
stability and classification performance across different
test sizes, with AUC values reaching up to 0.91 for both
prediction scenarios. The classifier and feature selection
methods are crucial in enhancing the prediction accuracy
of CAD patients. Furthermore, there are some features
which are repeated for classification and stenosis with both
selection methods which indicates that these features could
have the potential for coronary artery calcification and
plaque formation predictions.

However, further testing using larger and more diverse
datasets is essential to validate these results. To further
enhance the robustness and interpretability of the model,
the use of explainable Al techniques could be explored,
helping clinicians to better understand the decision-making
process of predictive models.
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