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ARTICLE INFO ABSTRACT

Keywords: Background and objective: Low-dose computed tomography (LDCT) screening has shown promise in reducing lung
Standard-dose CT degradation cancer mortality; however, it suffers from high false positive rates and a scarcity of available annotated datasets.
Low-dose CT

To overcome these challenges, we propose a novel approach using synthetic LDCT images generated from
standard-dose CT (SDCT) scans from the LIDC-IDRI dataset. Our objective is to develop and validate an inter-
pretable radiomics-based model for distinguishing likely benign from likely malignant pulmonary nodules.
Methods: From a total of 1010 CT images (695 SDCTs and 315 LDCTs), we degraded SDCTs in the sinogram
domain and obtained 1950 nodules as the training set. The 675 nodules from the LDCTs were stratified into 50%-
50% partitions for validation and testing. Radiomic features were extracted from nodules, and three feature sets
were assessed using: a) only shape and size (SS) features, b) all features but SS features, and c) all features. A
systematic pipeline was developed to optimize the feature set and evaluate multiple machine learning models.
Models were trained using degraded SDCT, validated and tested on the LDCT nodules.

Results: Training a logistic regression model using three SS features yielded the most promising results, achieving
on the test set mean balanced accuracy, sensitivity, specificity, and AUC-ROC scores of 0.81, 0.76, 0.85, and 0.87,
respectively.

Conclusions: Our study demonstrates the feasibility and effectiveness of using synthetic LDCT images for
developing a relatively accurate radiomics-based model in lung nodule classification. This approach addresses
challenges associated with LDCT screening, offering potential implications for improving lung cancer detection
and reducing false positives.

Lung nodules
Machine learning
Radiomics

diagnostic tools [6].
Radiomics analysis is based on the premise that image-captured
characteristics of tumors, such as shape and texture, are potential

1. Introduction

Lung cancer is the deadliest malignancy in the world, being

responsible for 18% of total cancer deaths in 2020 [1]. Being often
diagnosed at advanced stages, it is associated with a low 5-year survival
rate (being only 13% in Europe) [2]. Several trials have recently proved
the efficacy of low-dose computed tomography (LDCT) screening in
reducing lung cancer mortality [3-5]. However, LDCT screening is
associated with high false positive rates: up to 96.4% of the positive
screening results were false positive [3]. With the implementation of
screening programs in the US and ongoing efforts in Europe to assess the
benefits and cost savings of lung cancer screening through trials, the
workload on radiologists increases significantly. To alleviate the burden
on radiologists and overcome the high number of false positives,
extensive research has been conducted to offer objective and efficient
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tumor biomarkers that can be used to stratify patients, predict patient
clinical outcomes or further characterize tumor phenotypes. In this
context, radiomic features can enable the development of computer-
aided diagnostic tools supporting clinical decisions [7,8]. Moreover,
radiomics has the advantage of being more explainable than deep
learning features, which are intrinsically more abstract and difficult to
interpret [8,9].

Several studies applied radiomics with machine learning for nodule
malignancy prediction in lung cancer screening, as detailed in Table 1.
Other studies using deep learning approaches, such as Artificial Neural
Networks and Convolutional Neural Networks [10], achieved good
performances but they were out the scope of this paper as we intend to
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develop a more explainable model. Although the extensive research in
the field of lung cancer screening, some studies report low sensitivity
rates (e.g., 56.0% in [11], 70.0% in [9], 10.2% in [12]), others
considered small datasets (e.g., 72 nodules in [13], 113 nodules in [14])
or deliberately selected balanced datasets to address class imbalance [9,
15]. All studies but one used LDCT images in their research.

Publicly available datasets, as the National Lung Screening Trial
(NLST) and the Lung Image Database Consortium and Image Database
Resource Initiative (LIDC-IDRI), have been extensively used for the
development of nodule detection and classification but present distinct
limitations [3,18]. NLST is a randomized controlled trial designed to
determine if lung cancer screening using LDCT or chest radiography
reduces mortality. Despite its size, containing around 25,000 partici-
pants, it lacks tumor segmentation [3]. Nevertheless, segmentation is a
critical step in a radiomic approach, as features are extracted from the
segmented volumes. On the other hand, LIDC-IDRI consists of diagnostic
and lung cancer screening CT scans with marked-up annotated lesions
from experienced radiologists. However, the number of LDCT images is
relatively limited (315 out of the 1010 CTs, considering images acquired
with tube current times seconds < 80 mAs).

In order to extract radiomic features from the nodules and build a
radiomic-based classifier, the nodules require to be segmented. Thus, we
intend to develop a classifier capable of distinguishing likely benign
nodules from likely malignant ones during the screening stage. In this
scenario, without the annotations from the screening NLST dataset, we
adopted an innovative strategy leveraging the annotations from the non-
screening LIDC-IDRI dataset by degrading standard-dose CT (SDCT)
scans. The aim of this study is to develop an interpretable radiomics-
based model using degraded SDCT images for the classification of
likely benign pulmonary nodules from likely malignant ones and vali-
date the classifier by testing on real LDCT images. Being of its first, this
approach not only addresses the scarcity of annotated LDCT data but
also offers a novel solution to explore the potential inclusion and utili-
zation of SDCT images in the model development for detecting screening
pulmonary nodules, especially in situations where LDCT screening is not
widely available or incorporated into protocols.
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2. Methods
2.1. SDCT degradation and image preprocessing

To develop a LDCT-based lung classifier utilizing both SDCT and
LDCT images from the LIDC-IDRI dataset, we degraded the SDCT im-
ages. This degradation step was essential to ensure compatibility be-
tween the different image types and facilitate the development of a
classifier capable of effectively analyzing both SDCT and LDCT
modalities.

Additionally, all images (both SDCT and LDCT) were preprocessed to
reduce the image-related sources of variability. The preprocessing steps
were thresholding, to ensure all pixel values were positive with negative
pixel values set to zero, and denoising, using a 3D Gaussian filter with a
3 x 3 x 3 voxel kernel and ¢ = 0.5. Following the thresholding step,
SDCT images were degraded to obtain simulated LDCT. All steps were
performed using MATLAB version 2022b.

SDCT degradation (Fig. 1) was performed using a low-dose simula-
tion technique in the sinogram domain, as proposed by Zeng et al. [19].
Briefly, standard-dose sinogram data were obtained by using Radon
transformation (360 projection angles with 1-degree increments); sub-
sequently, simulated Poisson and Gaussian noise was added to mimic the
effect of electronic and quantum noise, generating low-dose sinogram
data. Eq. (1) describes the calculation for the low-dose sinogram data
(pld,sim):

Ilod,sim (1)
Poisson< I2) i (s) * exp (—psd)) + Gaussian(m,, 62)

Dusim = log

where I°

1d sim
standard-dose sinogram data obtained from the original SDCT images
using Radon transformation, and m, and 632 are the mean and variance of

the electronic noise, respectively. Specifically, I&‘sim

is the simulated low-dose scan incident flux, psq is the

is computed by
multiplying the incident flux with the ratio between the high and
simulated low-dose incident flux, k. This ratio is computed based on the
proposed equation Eq. (2):

Table 1
Summary of recent studies applying radiomics for nodule malignancy prediction in lung cancer screening.
Study Dataset (nodule LDCT?  Model description Sen. Spc. Acc. AUC  Limitations
size)
Choi et al. 72 patients yes 2 radiomic features, LASSO features selection and 87.2% 81.2% 84.6% 0.89 small dataset
2018 [13] LIDC-IDRI SVM classification
(> 3 mm)
Peikert et al. 726 nodules yes 8 radiomic features selected and trained with 90.4%  85.5% - 0.94  selected data to
2018 [15] from NLST LASSO model balance the dataset
(= 7 mm)
Alahmari etal. 467 cases from yes 18 Rider features, ReliefF feature selection, Random  49.0%  93.0% - 0.82  low sensitivity
2018 [11] NLST Forest
(> 4 mm)
Causey et al. 664 nodules no a logistic regression model trained only on a size 69.7%  95.5% 82.6%  0.94  low sensitivity
2018 [9] from LIDC-IDRI metric (square root of largest cross-sectional area)
(> 3 mm)
Mao et al. 294 nodules yes 11 radiomic features, LASSO feature selection, 81.0%  92.2% 89.8%  0.90  small sample size
2019 [16] (6-15 mm) linear regression model
Garau et al. 113 nodules yes 5 radiomic features, SVM-LASSO 90.0%  FPR = 35.5% 79.1%  0.86  small sample size
2020 [14] COSMOS test set: 72 nodules from LIDC-IDRI.
(all sizes)
Liu et al. 2021 141 nodules yes 3 radiomic features, radiomic monogram 86.4% 85.7% 86.0% 0.98 small sample size,
[17] (not specified) potential selection
bias
Rundo et al. 703 nodules yes 32 radiomic features, Borderline-SMOTE over- 67.0%  86.2% 76.6%  0.82  low sensitivity
2021 [12] from bioMILD sampling method, elastic net regularization for
trial logistic regression, tested with a blind test

(all sizes)

LIDC-IDRI - the Lung Image Database Consortium and Image Database Resource Initiative; NLST - National Lung Screening Trial; Sen. — sensitivity; Spc. — specificity;

Acc. - accuracy; AUC - area under the ROC curve; FPR - false positive rate.
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Fig. 1. Pipeline to simulate low-dose computed tomography (LDCT). The Radon transformation is applied to the standard-dose computed tomography (SDCT) image,
then electronic and quantum noise effects are included by noise injection. The final step involves inverse Radon transformation to reconstruct the LDCT image.

k (mAs) = a = (mAs) +b 2)

where a = 0.0095 and b = 0.0309. In the present study, three different
low-dose scenarios were simulated using different k-values corre-
sponding to 40, 50, and 75 mAs to model variability in dose levels. We
assigned k1(40mAs) to half of the data points, k2(50mAs) to a quarter,
and k3 (75mAs) to the remaining quarter. This distribution was based on
the proportions found in a subset of LDCT images from the LIDC-IDRI
dataset. Electronic noise was modeled using Gaussian noise with a
standard deviation ¢ = v/11, consistent with the scanner noise charac-
teristics outlined in Zeng et al [19]. and Ma et al [20]. Finally, the
simulated LDCT images were reconstructed from the low-dose sinogram
data using the inverse Radon transform. For parameters settings see
more details in [19].

2.2. Dataset description

The dataset used in this study derives from LIDC-IDRI, available in
[21]. It contains 1018 thoracic CT scans acquired from 1010 partici-
pants, with nodule annotations performed by one to four experienced
radiologists. After excluding the duplicated participants, a total of 2625
nodules, each assigned as > 3 mm (lesions with greatest in-plane
dimension in the range 3-30 mm) marked by at least one radiologist,
was included in this study.

The dataset includes some participants with SDCT and others with
LDCT images. Tube current ranged from 40 to 650 mAs, while tube
voltage ranged from 120 to 140 kV. Even if there is no common
consensus, previous studies considered as LDCT those images acquired
with tube current-time product ranging from 20 to 100 mAs and voltages
spanning from 80 to 140 kV [22,23]. For our analysis, LDCT images were
defined as those acquired with a tube current < 80 mAs, similar to the
threshold used in the NLST [22].

Each nodule was evaluated by the radiologists for the likelihood of
malignancy on a scale of 1 to 5: 1 — highly unlikely, 2 — moderately
unlikely, 3 - indeterminate, 4 — moderately suspicious, 5 — highly
suspicious.

Given that multiple radiologists might provide scores for a single
nodule, a consensus was reached by averaging the scores to derive a
single score for each nodule. In our study, nodules with an average score
> 4 were considered malignant. The summary of nodule characteristics
in each subset is presented in Table 2.

Table 2
Summary of the LIDC-IDRI dataset used in this study.
SDCT LDCT
Nr. participants 695 315
Nr. nodules 1950 675
Averaged likelihood of malignancy
[1;2] 280 86
[2;3] 766 222
[3;4] 679 298
[4;5] 225 69
Non-malignant (average likelihood <4) 1725 606
Malignant (average likelihood >4) 225 69

SDCT: standard-dose CT; LDCT: low-dose CT.

2.3. Pipeline description

Fig. 2 details the workflow of the study, consisting of radiomic
feature extraction, feature selection, model training, validation and
tuning, and model evaluation. In this study, nodules in SDCT subset
were used as the training set, while nodules in the LDCT subset were
stratified into 50-50% partitions, designated as the validation and test
set, respectively.

2.3.1. Radiomic feature extraction

Radiomic features were extracted from the region of interest (ROI),
the segmented nodules, using Pyradiomics [24]. When the nodule had
more than one annotation, the consensus mask was used to extract the
radiomic features. A total of 851 features were extracted from each
nodule, including 14 shape features, 18 first-order features, 75 texture
features (24 gray-level co-occurrence matrix (GLCM) features, 14
gray-level dependence matrix (GLDM) features, 16 gray-level run length
matrix (GLRLM) features, 16 gray-level size zone matrix (GLSZM), and 5
neighboring gray tone difference matrix (NGTDM) features), and 744
wavelet-based features. For more details on radiomic features, see Pyr-
adiomics documentation [24].

2.3.2. Feature selection

Feature selection step was performed on three different feature
subsets independently: a) only shape and size (SS) features, b) all fea-
tures but SS features, and c) all features. These three sets were chosen to
assess the relevance of nodule morphological characteristics on the
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4. Logistic Test (50% LDCT)
5. RF
6. XGB
Explainability analysis (SHAP)

Fig. 2. Pipeline consisting of radiomic feature extraction, feature selection (using a) only shape and size (SS) features, b) all features but SS features, and c) all

features), model training and validation, and explainability analysis.

prediction.

All feature selection steps were performed on the training set and
then applied to the test set. Additionally, the selection of stable,
discriminant and non-redundant features were computed before
balancing the training set (see Section 2.3.3), while the selection of more
relevant features was performed after obtaining a balanced dataset.

2.3.2.1. Selection of stable and discriminant features. Firstly, a stability
analysis was performed to identify the features that exhibit consistent
behavior under small transformations. This analysis was conducted by
considering nodules that had at least four annotations (705 nodules):
features were computed for each ROI and the inter-class correlation
coefficient (ICC) was obtained. Features were deemed stable if ICC was
> 0.75, as defined by Koo et al. [25]. Second, a discriminative analysis
was conducted to discard features that have similar values under large
transformations and, therefore, can be considered non-informative. The
analysis consisted in translating the original ROIs 150% of the size of the
box surrounding the ROI (Fig. 3) and computing the ICC: features were
considered discriminative (i.e., informative) when ICC was < 0.5.

2.3.2.2. Selection of non-redundant features. To address redundancy, a
pairwise correlation analysis was performed: when a pair of features had

Fig. 3. Example of a large translation for discriminative analysis. The white
contour represents the consensus masks, while the red dots indicate the trans-
lation masks.

an absolute Spearman’s correlation coefficient above 0.85, only one of
the two was kept. In particular, the one with a lower mean correlation
(computed through Spearman’s correlation coefficient) with all the
other n-2 features was selected. Afterwards, the non-redundant features
underwent normalization using z-score standardization.

2.3.2.3. Selection of more relevant features. Six different feature selec-
tion techniques were assessed after balancing the training set (see Sec-
tion 2.3.3): principal component analysis (PCA), recursive feature
elimination (RFE), feature selection using random forest (RF), least
absolute shrinkage and selection operator (LASSO), feature selection
using gradient-boosted decision tree (GBDT) and minimum redundancy
maximum relevance (MRMR). Specifically, we explored varying
numbers of selected features (5, 10, 15, and 20) using RFE, RF, GBDT,
and MRMR. For PCA, dimensionality reduction was examined with 5,
10, 15, and 20 components, retaining 56%, 67%, 73%, and 78% of
variance, respectively, for the feature subset including all the features
and 56%, 68%, 74% and 79% of variance, respectively, for the feature
subset without SS features. For LASSO, features were selected based on
non-zero coefficients with a penalty value of 0.1.

2.3.3. Balancing the training set

To address the imbalanced training dataset, we first applied a data
augmentation technique introduced in [26] consisting in the application
of ROI perturbations on the 225 malignant nodules of the training set:
15% dilation and erosion, as well as random contour adjustments. Fig. 4
illustrates the augmentation process, including erosion (a), dilation (b),
and contour randomization (c). As a result, the size of the minority class
in the training set quadruplicated (from 225 to 900). Afterwards, a
random undersampling approach was adopted to reduce the
non-malignant nodules (majority class) from 1725 to 900, to match the
number of nodules in the minority class post-augmentation. Random
undersampling was opted in our methodology since it has shown to
perform well in the literature according to [27].

2.3.4. Model development

For each subset of selected features, six machine learning models
were trained and validated: random forest (RF), AdaBoost (ABoost),
XGBoost (XGB), decision tree (DT), K-nearest neighbors (KNN), and
logistic regression (LR). These algorithms were chosen based on the
studies mentioned in Table 1 and their extensive utilization in the field
of medical image analysis and radiomics in oncology, aligning with
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(a)

Fig. 4. Perturbation technique applied to the minority class for data augmentation: (a) erosion, (b) dilation, (c) random contour. The white contour represents the

original consensus mask, while the red represents the perturbation.

Parmar et al.’s review [28]. For hyperparameter tunning, grid search
was used. Details of the parameter grid for each model can be found in
the Supplementary Material. During the validation phase, the optimal
threshold on the ROC curve was determined by the minimum Euclidean
distance to the point (0,1). Bootstrapping was performed 1000 times to
obtain the mean value and the 95% confidence interval (CI) for each
metric. Model development was implemented using the Scikit-Learn
Python library [29].

Finally, the developed model was evaluated on the test set and SHAP
analysis (SHapley Additive exPlanations) [30] was used to explain the
predictions.

3. Results

The analysis focused on the three different feature sets. To determine
the optimal number of features for each feature selection method com-
bined with the different classifiers, we selected the configuration that
yielded the highest area under the ROC curve (AUC-ROC) value on the
validation set (see Supplementary Material). Additionally, sensitivity,
specificity, balanced accuracy and geometric mean were computed to
evaluate models’ performances on the validation and test set after
applying the optimal threshold on the ROC curve determined during the
validation phase.

3.1. Model using only SS features

When considering only the SS features, three features were identified
as stable, discriminant and non-redundant: minor. axis_length, sphericity
and elongation. Consequently, further feature selection was not required.
In this scenario (Fig. 5), RF and LR achieved similar scores on the vali-
dation set, with RF obtaining balanced accuracy, sensitivity, specificity
and AUC-ROC scores of 0.80, 0.76, 0.83 and 0.88, respectively, and LR
yielding 0.80, 0.76, 0.84 and 0.87 for the same metrics, respectively.

Considering the simplicity of LR compared to RF, LR was evaluated
on the test set and achieved balanced accuracy, sensitivity, specificity
and AUC-ROC scores of 0.82, 0.74, 0.89 and 0.82, respectively. SHAP
analysis (Fig. 6) on LR revealed that minor. axis_length, corresponding to
the second-largest axis length of the ROI-enclosing ellipsoid, was the
most important feature, with lower values (indicating smaller nodules)
associated to reduced predicted malignancy risk. The second most sig-
nificant feature was sphericity which measures the roundness of the
shape of the tumor region relative to a sphere. Higher sphericity values
(indicating rounder nodules) were associated with reduced predicted
malignancy risk. Additionally, elongation measures the relationship be-
tween the two largest principal components in the ROI shape. Higher
elongation values suggested a more circle-like nodule shape, correlating
with a lower likelihood of malignancy.

(b) (c)

0.88
ABoost- 0.76 0.74 0.86
[ 0.84
2 XGB- 0.79 0.74
a 0.82
(@) -0.80
KNN- 0.79 0.77 | 078
LR 0.74 0.89 - 0.76
Bal.acc Sens  Spc AUC-ROC

Performance Metrics

Fig. 5. - Heatmap showing performance metrics (balanced accuracy (bal_acc),
sensitivity (sens), specificity (spc), AUC-ROC) on the validation set for different
classifiers (random forest (RF), AdaBoost (ABoost), XGBoost (XGB), decision
tree (DT), k-nearest neighbors (KNN), logistic regression (LR)) using only
SS features.

3.2. Model without SS features

When using all features but SS features, 111 features resulted stable,
discriminative, and non-redundant. Subsequently, the selection of more
relevant features methods was performed, leading to a varying number
of features utilized for model training. Fig. 7 depicts heatmaps of
sensitivity and balanced accuracy on the validation set for each feature
selection and classifier combination considering the optimal number of
selected features. The best performance was obtained by LR trained with
the 20 features selected by RF, being associated with a balanced accu-
racy of 0.79, a sensitivity of 0.82, specificity of 0.76, and AUC-ROC of
0.83. Evaluating the same model on the test set reported balanced ac-
curacy, sensitivity, specificity and AUC-ROC scores of 0.60, 0.43, 0.77
and 0.53, respectively. Given these results on the test set, which were
insufficient for meaningful interpretation, SHAP analysis was not
performed.

3.3. Model using all features

Considering the set including all the 851 radiomic features, 113 were
considered stable, discriminative, and non-redundant, thus undergoing
further selection of more relevant features. Fig. 8 depicts heatmaps of
sensitivity and balanced accuracy on the validation set. The best per-
formance on the validation set was obtained with the combination of
MRMR feature selection (5 features) and ABoost classifier, leading to a
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Fig. 6. Beeswarm plot of the test set generated from SHAP analysis of the developed model using logistic regression.
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Fig. 7. Heatmaps of the (a) balanced accuracy and (b) sensitivity obtained during the validation phase considering different combinations of feature selection and

classifiers for models using all but SS features.

balanced accuracy of 0.85, sensitivity of 0.85, specificity of 0.85 and
AUC-ROC of 0.87. Although the combination of features selected by
MRMR with the LR classifier and RF with the XGB model demonstrated
competitive balanced accuracy (0.84 for MRMR with LR and 0.83 for RF
with XGB) and sensitivity (0.88 for MRMR with LR and 0.91 for RF with
XGB) values, the achieved specificity was relatively lower (0.79 for
MRMR with LR and 0.75 for RF with XGB).

Considering the combination MRMR with ABoost, the results ob-
tained on the test set were 0.78 for balanced accuracy, 0.74 for sensi-
tivity, 0.83 for specificity and 0.82 for AUC-ROC. SHAP analysis on this
model identified sphericity, wavelet LLH glcm MCC (maximal correlation
coefficient (MCC)), and major axis_length as the three most impactful
features (Fig. 9). Sphericity displayed consistent behavior with the model
using only SS features, i.e., higher values of sphericity (indicating
rounder nodules) were found to be associated to lower likelihood of
malignancy. Wavelet LLH glem MCC feature, derived from wavelet
transformations involving low-pass (L) and high-pass (H) filters, reflects
the complexity of the texture within a ROI region. Lower wave-
let LLH_glem MCC values, indicating more intricate or complex textures,
are associated with a higher probability of malignancy. Major ax-
is length, which represents the largest axis length of the ROI-enclosing
ellipsoid, behaves analogously to the minor axislength feature
explained in models using only SS features, where higher values indicate
a greater likelihood of malignancy.

3.4. Comparative analysis

Table 3 summarizes the best results obtained using different feature
sets during validation and testing, presented as mean values and their
95% CIL. When using three SS features, the model achieved consistent
results on both validation and test sets, suggesting robustness with a
minimal feature set. When considering all but SS features, performance
declined notably on the test set compared to validation. When using all
features, the classifier achieved the highest performance during vali-
dation with a slightly decrease on the test set. These results suggest that
using a small subset of SS features yielded robust performance across
validation and testing phases, while excluding these features led to a
significant decrease (p-value < 0.05 for most of the metrics) in model’s
performance on the test set. The superior performance of the only SS
feature set can be attributed to the radiologists’ reliance on these fea-
tures for nodule scoring in this dataset. For more details on p-values, see
Supplementary Material.

Additionally, as the original labels ranged from 1 to 5, with nodules
having an average score > 4 considered malignant, we sought to
determine how classified and misclassified instances in the test set were
spread across malignancy levels. This analysis was performed for the
model using only SS features. The histogram in Fig. 10 reveals that a
significant portion of misclassified nodules belonged to the category
with an average score between 3 and 4, representing the most uncertain
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Fig. 9. Beeswarm plot of the predictions made for the instances present in the test set generated from SHAP analysis. It shows the first 3 features selected by MRMR
feature selection when used to train an ABoost model.

Table 3
Summary of the best results obtained during validation and the correspondent testing phase for different feature sets using: a) only shape and size (SS) features, b) all
features but SS features, and c) including all features. The results, presented as mean (CI), were calculated using 1000 bootstrapping iterations.

Feature set Bal_acc. Sen. Spc. AUC-ROC G-mean #Feat
Only SS features
validation 0.807 0.796 0.819 0.874 0.806
(0.807-0.807) (0.793-0.798) (0.817- 0.821) (0.874-0.875) (0.806-0.807)
test 0.805 0.759 0.850 0.874 0.802 3
(0.804-0.80) (0.757-0.760) (0.847 - 0.853) (0.874-0.874) (0.802-0.803)
All but SS features
validation 0.784 0.796 0.772 0.822 0.783
(0.783-0.785) (0.794-0.799) (0.770-0.774) (0.821-0.823) (0.782-0.784)
test 0.664 0.544 0.783 0.822 0.647 20
(0.659-0.669) (0.535-0.553) (0.780-0.786) (0.821-0.823) (0.642-0.653)
All features
validation 0.826 0.843 0.810 0.865 0.826
(0.825 - 0.827) (0.841 - 0.845) (0.808 - 0.811) (0.864 - 0.866) (0.825 - 0.826) 5
test 0.769 0.740 0.798 0.865 0.768
(0.768 - 0.770) (0.738 - 0.742) (0.796 - 0.800) (0.864 - 0.866) (0.767 - 0.769)

Sen. — sensitivity; Spc. — specificity; AUC-ROC - area under the ROC curve; Bal_acc. — balanced accuracy; G-mean — geometric mean; # Feat. — number of features.
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Fig. 10. Histogram representing the original label distribution (average like-
lihood of malignancy) of the correctly and incorrectly classified instances in the
test set.

cases.
4. Discussion and conclusion

In the present study, we developed an explainable radiomics-based
model to classify lung nodules using CT images. In particular, we
demonstrated the effectiveness of training a classifier from synthetic
LDCT, obtained by degrading SDCT images, and testing it on real LDCT
images. This strategy enabled us to address the limited availability of
annotated LDCT images for training while ensuring the validity of our
results through testing on real LDCT images.

Our findings revealed that extracting only three SS features from the
lung nodules and using a simple LR classifier, yielded the most consis-
tent results, achieving mean (CI) for balanced accuracy, sensitivity,
specificity, AUC-ROC, and geometric-mean scores of 0.805
(0.804-0.805), 0.759 (0.757-0.760), 0.850 (0.847-0.853), 0.874
(0.874-0.874), 0.802 (0.802-0.803), respectively, on the test set. These
results were comparable to or exceeded the performance of several
studies in the literature, such as Alahmari et al. [11], who used 18 Rider
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features trained on Random Forest model, obtained sensitivity of 0.49
and specificity of 0.93; and Rundo et al. [12], who used 32 radiomic
features trained on logistic regression, obtained a sensitivity of 0.67 and
specificity of 0.86. Causey et al. [9] achieved notable results (sensitivity
of 0.88 and specificity of 0.88) using the LIDC-IDRI dataset with features
obtained from convolutional neural networks. However, when applying
only radiomic features the sensitivity dropped to 0.70. Moreover,
Causey et al. [9] neglected nodules with an average score for the like-
lihood of malignancy between 3 and 4 (included in this study), which
are the most challenging nodules to classify.

While some models in the literature achieved better performance,
they often used smaller sample sizes, for example, Choi et al. [13]
considered 72 nodules and developed a support vector machine (SVM)
classifier using two radiomic features, Mao et al. [16] extracted 11
radiomic features from each of the 294 nodules and used linear
regression model, Garau et al. [14] considered 113 nodules and
extracted five radiomic features they trained on SVM classifier, and Liu
et al. [17] used 141 nodules to develop a radiomic monogram using
three features. We recognize that larger datasets contribute to more
stable and non-biased ML models, enhancing reliability and generaliz-
ability. Notably, our dataset comprised a larger number of nodules
(2625), surpassing by sample sizes all the studies listed in Table 1 (see
Fig. 11). Peikert et al. [15] achieved better performance metrics
(sensitivity = 0.90, specificity = 0.86) using 8 radiomic features trained
with LASSO model with a relatively large dataset, but it is worth noting
that their study included larger nodules (>7 mm) than those analyzed in
our study (>3 mm). To date, radiomic analyses focusing on small lung
nodules have not been extensively explored in the literature. We spe-
cifically included nodules with a size of > 3 mm, considered optimal for
screening and important for achieving earlier diagnosis [31]. In addi-
tion, smaller nodules present greater difficulty in classification and are
associated with higher rates of false positives [31], emphasizing the
need for robust classification models in this context.

Including SHAP analysis in the pipeline allowed us to identify the
most impactful features contributing to the classification of the lung
nodules. Specifically, axis length and sphericity were selected as the top 3
most impactful features both when only SS feature were included in
model training and also when all the features were considered. This
result is coherent and highlights the importance of SS feature in dis-
tinguishing likely benign lung nodules from likely malign ones. More-
over, identifying minor axis length as the most important feature in the
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Fig. 11. Distribution of nodule sizes (> x mm) and the corresponding number of nodules used across different studies. Each point represents a study, with different
color markers used to differentiate studies with similar numbers of nodules analyzed.



J. Liu et al.

best model aligns with one of the criteria used in the Lung Imaging
Reporting and Data System (Lung-RADS) developed by the American
College of Radiology to standardize the screening of lung cancer on CT
images [32].

One limitation of our study was the nature of the dataset, which was
not tailored for nodule classification or screening but for developing
segmentation methods. Consequently, the nodule labels were based on
radiologists’ assessments of malignancy likelihood. In this perspective,
our study successfully emulated the radiologists’ approach to nodule
evaluation, proposing a tool to support radiologists’ screening activity.
In clinical practice, further improvements are needed before it can be
considered ready for clinical use. The current study represents a pre-
liminary study aimed at assessing the feasibility of training models using
simulated LDCT images for lung nodule classification, overcoming
challenges associated with limited annotated LDCT datasets. Addition-
ally, the degradation approach was not further validated, due to the
absence of publicly available paired LDCT-SDCT datasets, thus relying
on prior validation from Zeng et al. [19]. Although the model’s perfor-
mance on real LDCT data supports the goodness of the degradation
method, future studies will include comparison and validation on mul-
tiple LDCT simulation techniques.

Finally, although the results of our analysis can be considered robust,
being LIDC-IDRI based on a large and multicentric dataset, further
validation on external datasets could strengthen our findings.

While an extensive comparison has been made between the proposed
model and existing radiomic models for lung nodule classification using
screening LDCT images, deep learning approaches were considered out
of the scope of this paper. As future work, training deep learning models
on degraded SDCT would allow for a more direct comparison with other
advanced state-of-the-art methods.

In conclusion, utilizing degraded SDCT images offers a promising
avenue for overcoming challenges associated with limited annotated
LDCT images. By using both SDCT and synthetic LDCT images for model
training, this approach expands the potential for the development of
better and more generalizable models, ultimately enhancing patient care
by lowering the false positive rate and improving diagnostic accuracy.
Additionally, our study underscores the potential of shape and size
features to enhance lung nodule classification accuracy.
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