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Advanced AI Frameworks for Lung Nodule Analysis: From Synthetic Low-Dose 
CT Simulation to Nodule Detection and Classification 
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on low-dose CT images.
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malignancy classifier
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Abstract 

Lung cancer remains the leading cause of cancer-related mortality worldwide. Screening subjects with low-

dose computed tomography (LDCT) has been shown to reduce mortality. However, its implementation faces 

significant challenges, including the high workload for radiologists and the scarcity of large, annotated 

datasets required to train robust artificial intelligence (AI) support systems. This PhD thesis addresses these 

limitations by proposing methodologies that leverage synthetic data generation, self-supervised learning, and 

explainable radiomics to improve the lung cancer screening pipeline. 

First, to overcome the scarcity of annotated LDCT data, this work investigated the feasibility of generating 

synthetic LDCT from standard-dose computed tomography (SDCT). A comprehensive comparison of image-

domain and sinogram-domain degradation techniques was conducted. The results demonstrated that synthetic 

LDCT images generated via unpaired Generative Adversarial Networks (GANs) are statistically comparable 

to real clinical acquisitions, offering a scalable, cost-effective solution for data augmentation without 

requiring paired data that would increase patients’ radiation exposure. 

Second, to address nodule detection, the thesis introduced a novel approach that treats 3D volumetric 

computed tomography (CT) scans as video sequences. The study adapted the Video-MAE self-supervised 

framework from the natural video domain to the medical domain. Transformer-based backbones (Video-ViT 

and SwinUNETR) were pretrained on unlabeled chest LDCT images and subsequently fine-tuned for 3D 

nodule detection using the state-of-the-art nnDetection framework. This method demonstrated that leveraging 

vast amounts of unlabeled data through self-supervised learning significantly improves detection 

performance (average precision at IoU 0.1 82.6%), even when annotated medical data are limited. 

Third, regarding nodule malignancy classification, the research developed an explainable radiomics-based 

framework designed for screening-detected nodules. A key contribution was the validation of a cross-domain 

training strategy using the LIDC-IDRI dataset: training classifier models exclusively on synthetic LDCT 

images and testing them on real, unseen LDCT data (tube current ≤ 80 mAs). The proposed model, utilizing 

interpretable radiomic features, achieved robust performance (AUC 0.874) on the test set, successfully 

distinguishing malignant nodules from benign ones. 

This thesis confirms that utilizing degraded SDCT images is a viable and effective strategy for developing 

generalizable lung cancer screening tools. By combining synthetic image generation with advanced self-

supervised detection and explainable classification, this work paves the way for the development of accurate, 

reproducible, and clinically trustworthy AI systems capable of supporting radiologists in the early detection 

of lung cancer. 

Keywords: lung cancer screening, low-dose CT, synthetic image generation, lung nodule detection, lung 

nodule classification 
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1 Cover Essay 

1.1. Introduction 

Lung cancer has been ranked first in both incidence (1.2 million cases) and mortality (1.1 

million) since the first GLOBOCAN report in 2000 [1]. By 2022, lung cancer remained the 

most diagnosed cancer globally, accounting for approximately 2.5 million new cases, 

representing 12.4% of all cancers globally [2]. More significantly, it still stands as the leading 

cause of cancer-related death with an estimated 1.8 million deaths, representing 18.7% of total 

cancer mortality [2].  

According to global surveillance data [3], the age-standardized 5-year net survival for lung 

cancer ranged from 10% to 20% in most countries during 2010-2014, including 21 European 

countries. Net survival measures the probability of surviving at least five years after diagnosis, 

assuming cancer is the only cause of death, while age standardization allows for unbiased 

comparisons between populations with different age demographics. This poor prognosis is 

primarily attributed to the asymptomatic nature of the disease in its early phases, leading to 

diagnosis at advanced stages, metastatic or distant, where curative treatment is no longer an 

option.  

To address this diagnostic delay, research focused on screening high-risk individuals, such as 

smokers and ex-smokers. Low-dose computed tomography (LDCT) has emerged as the gold 

standard for this purpose. The efficacy of LDCT has been established through several 

randomized controlled trials, including the National Lung Screening Trial (NLST) in the USA 

and the Dutch-Belgian Randomized Lung Cancer Screening Trial (NELSON) in Europe [4], 

[5]. The NLST trial [4] occurred between 2002 and 2004, involved 53,454 people and was the 

first to demonstrate a significant mortality benefit. The trial showed a 20% reduction in lung 
cancer deaths in the group that received LDCT screening compared to the group that received 

X-ray imaging screening. Subsequently, the NELSON study [5], conducted from 2004 to 2015, 

was the largest European trial with a sample size of 15,792 participants and confirmed the 

previous findings. At 10 years of follow-up, the study reported a cumulative rate ratio for lung 

cancer death of 0.76 (95% CI, 0.61 to 0.94) in the screening group compared to the control 
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group, corresponding to a 24% reduction in lung cancer mortality. Notably, the study found 

a more pronounced benefit among women, with a reported rate ratio of 0.67 at 10 years, 

representing a 33% reduction in mortality. 

Besides the two aforementioned trials, other smaller European trials were also conducted to 

report the effect of LDCT screening on lung cancer mortality, including the Danish DLCST 

[6], German LUSI [7], Italian MILD [8] and ITALUNG [9], [10], for a total of 17,911 trial 

participants. In all studies, LDCT screening was compared to a control arm without screening 

intervention (total n = 8,577). Although these smaller trials individually lacked the statistical 

power to demonstrate significant reductions in lung cancer mortality, their collective findings 

support a moderate mortality reduction consistent with larger studies [7]. This accumulating 

evidence has driven policy changes, including the European Commission’s “Europe’s Beating 

Cancer Plan” and the introduction of national screening programs in countries such as Australia, 

which began in July 2025 [2]. In the US, screening is already implemented and included in the 

health plan as the US Preventive Services Task Force recommends annual LDCT for adults 

aged 50-80 with a 20-pack-year1 smoking history who currently smoke cigarettes or who quit 

within the past 15 years. 

Despite the proven benefit of lung cancer screening, translating trial results into large-scale 

population screening has been slow and difficult. First, high rates of false positives and 

overdiagnosis lead to unnecessary follow-up procedures and increased healthcare costs. 

Second, the screening process carries a significant psychological burden, specifically the 

waiting period associated with indeterminate results, which induce anxiety and distress [10]. 

Third, resource constraints in terms of costs and infrastructures are required, along with the 

limited number of physicians and radiologists needed to analyze the screened exams. This 

challenge is particularly acute in Asia, where lung cancer incidence and mortality are the 

highest compared with the West. Many Asian countries face additional challenges in 

implementing LDCT screening due to economic constraints, limited early-detection efforts, and 

a lack of dedicated government programs [11]. 

To address these challenges, computer-aided diagnosis (CAD) systems powered by artificial 
intelligence (AI) have become pivotal. These tools are essential not only for making screening 

cost-effective but also for enhancing clinical accuracy. The interpretation of scans, particularly 

 

1 1 pack year is equal to smoking 1 pack per day for 1 year, or 2 packs per day for half a year. 
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the characterization of small indeterminate nodules, heavily depends on the radiologist’s 

professional experience, leading to inter-observer variability and high false-positive rates.  

The development of AI tools has been accelerated by large-scale community initiatives, such 

as the LUNA16 challenge [12] in 2016 and the Data Science Bowl in 20172 , which focused on 

developing algorithms for nodule detection.  Most recently, the LUNA25 challenge [13] in 2025 

shifted the focus to malignancy classification. Particularly, this challenge was also designed to 

compare the performance between AI algorithms and radiologists. Results demonstrated that 

AI systems can achieve performance superior to human readers in classifying screened nodules 

(AUC 0.7813 vs 0.690) [13]. 

These findings suggest that AI algorithms represent a promising supportive approach to lung 

cancer screening, as they have the potential to (1) reduce false positives, lowering the 

psychological burden and financial costs associated with overdiagnosis; (2) standardize 

analysis, ensuring consistent detection and classification regardless of variations in image 

quality or radiologist experience; (3) optimize resources, alleviating the increased workload of 

radiologists to facilitate the implementation of population-wide screening globally.  

Therefore, this thesis aims to advance the lung cancer screening field by addressing three 

critical pillars of the screening workflow:  

(i) mitigating low-dose image degradation by investigating low-dose simulation techniques 

to leverage existing SDCT datasets, thereby overcoming the lack of annotated LDCT datasets; 

(ii) enhancing automated nodule detection by developing a detection model with minimal 

supervision, i.e., minimal reliance on manually annotated labels, by adapting state-of-the-art 

self-supervised learning techniques to bridge the domain shift from natural video sequences to 

3D medical imaging; 

(iii) improving radiomics-based malignancy classification by building a robust lung nodule 

malignancy classifier specifically for screening detected nodules, aiming to improve current 

state-of-the-art performance metrics. 

 

 

2 https://www.kaggle.com/c/data-science-bowl-2017  (accessed on 8/12/2025) 
3  LUNA25 challenge leaderboard https://luna25.grand-challenge.org/evaluation/closed-testing-

phase/leaderboard/ (accessed on 8/12/2025) 

https://www.kaggle.com/c/data-science-bowl-2017
https://luna25.grand-challenge.org/evaluation/closed-testing-phase/leaderboard/
https://luna25.grand-challenge.org/evaluation/closed-testing-phase/leaderboard/
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1.2. Background and state-of-the-art 

1.2.1. Image degradation and restoration in computed tomography 

Low dose computed tomography 

Computed tomography (CT) is a non-invasive image modality and it is considered the most 

sensitive imaging technique for detecting pulmonary nodules, widely used in screening for both 

primary lung cancer and metastases [14].	Despite its diagnostic efficacy, the use of ionizing 

radiation in CT poses health risks that could lead to the development of metabolic abnormalities 

and genetic disorders, which increase the risk of cancer. Consequently, the clinical application 

of CT is governed by the ALARA (as low as reasonably achievable) principle to minimize 

radiation exposure to patients [15]. This principle drives the increasing adoption of LDCT for 

early screening as it provides the necessary diagnostic capability while reducing the risk of 

cumulative radiation exposure compared to standard-dose CT (SDCT).  

The factors affecting dose in CT include tube voltage (kVp), tube current (mA) and tube rotation 

speed (s) [16]. A straightforward approach to reduce dose is by lowering the tube current (often 

measured as the current-time product, mAs), as it is linearly proportional to radiation dose [17]. 

Thus, when the tube voltage and rotation speed are constant, reducing the tube current leads to 

a proportional reduction in radiation exposure, making it the most effective parameter for dose 

reduction	[18]. Supporting this observation, various LDCT protocols show that many studies 

maintain a fixed tube voltage (typically 120 kVp) and rotation speed (e.g., 0.5 s) while adjusting 

the tube current (see Table 1). In the context of maintaining image quality, Mayo et al. [19] 

investigated the minimum tube current required and reported 140 mA as the lower limit for 

good quality images.  

The literature indicates a lack of consensus on the dose level that defines low dose. Table 1 

summarizes some LDCT protocols across studies in the literature, highlighting this lack of 

standardization. Gartenschläger et al. [14] compared a standard protocol (200 mAs) with a low-

dose protocol (30 mAs) to evaluate nodule detection. They concluded that low-dose spiral CT 

maintained high sensitivity and advocated its use when dose minimization is clinically 

necessary. Their review of other works further demonstrated a broad range, citing 20-140 mAs 

for low dose and 140-400 mAs for standard dose. Karabulut et al. [18]  focused on diagnostic 

accuracy, comparing a standard 200 mA protocol against a 50 mA low-dose protocol (both at 
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120 kVp). They found no statistically significant differences in the number of nodules detected, 

concluding that the LDCT protocol provided adequate quality for reliable nodule detection or 

exclusion. Karabulut et al. [18] reported values used in other LDCT studies ranging from 10 to 

80 mA. Kube et al. [20]’s investigation compared low-dose CT (50 mAs) to SDCT (150 mAs). 

The reviewers assessed a wide range of findings, including nodules (>5 mm), concluding that 

the 50 mAs protocol produced results consistent with the standard dose, further supporting the 

routine use of low-dose chest CT. Bhalla et al. [21]’s review noted that typical LDCT is 

performed at 120 kVp and 40-80 mAs, but also reported ranges as low as 80-120 kVp and 20-40 

mAs for specific chest indications. In summary, standard protocols typically range from 140 to 

400 mAs, whereas LDCT protocols reported in the literature vary significantly, often falling 

between 20 and 140 mAs. 

Considering the screening trials,  

Table 2 summarizes the ranges used in the LDCT protocols. The reported settings typically 

range from 20-80 mAs and 80-140 kVp, which are adjusted according to the patient’s body mass 

index. 

 

Table 1 – Comparison of SDCT and LDCT scanning protocols from selected studies in the 

literature. 

Study 
SDCT LDCT 

kVp mAs rotation (s) kVp mAs rotation (s) 

Gartenschläger et al. 

[14] 
120 

200 

140-400 
1 120 

30 

20-140 
1 

Karabulut et al. [18] 
120 200 mA - 120 

50 mA 

10-80 
- 

Kube et al. [20] 120 150 0.5 120 50 0.5 

Bhalla et al. [21] 100-140 130-200 0.5 80-120 20-40 0.5 
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Table 2 – LDCT protocols employed in lung cancer screening trials. 

Trial kVp mAs 

NLST [22] 120-140 40-80 

NELSON [23] 80-140 20 

MILD [23] 120 30 

ITALUNG [24] 120-140 20-43 

 

Low-dose CT image restoration 

Despite the clinical advantages of the LDCT, reducing the radiation dose compromises image 

quality. As the incident flux decreases, the detector experiences photo starvation, which 

increases noise levels and lowers the signal-to-noise ratio (SNR). Compared to SDCT images, 

LDCT images are characterized by increased quantum noise, streak artifacts, reduced contrast, 

and blurring (see Figure 1). These degradation features can affect clinicians’ diagnostic results, 

potentially reducing diagnostic value [17]. To mitigate these effects, research has focused on 

LDCT image restoration, aiming to recover high-quality diagnostic information without 

increasing radiation dose.  

Before image restoration, to obtain a CT image, the process (see Figure 2) begins with 

acquisition in which the X-ray tube rotates around the patient and the detectors measure the X-

ray attenuation. These raw measurements, referred to as projection data, are stored in a format 

called a sinogram by vertically stacking all the projection data, one for each angle. Finally, a 

reconstruction algorithm such as filtered back-projection transforms each slice of the sinogram 

into a 2D image. A stack of 2D slices then forms the final 3D volume.  Based on this process, 

LDCT image restoration methods can be categorized into three groups: (1) sinogram domain 
filtering, applied directly to raw projection data; (2) iterative reconstruction, alternating 
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between the sinogram and image domains; and (3) image domain restoration, a post-process 

method applied directly to the image.  

(a)  SDCT                                                                (b) LDCT 

Figure 1 - Examples of SDCT (a) and LDCT (b) subjects from the LIDC-IDRI dataset and 

examples of the corresponding nodule annotations. LDCT images are characterized by 

increased quantum noise, streak artifacts, reduced contrast, and blurring. Adapted from [25]. 

 

 

Figure 2 – Diagram of CT imaging. Adapted from [26]. 

Sinogram domain filtering is applied to raw projection data by filtering the noise directly in 

the sinogram domain before image reconstruction. Some sinogram domain filtering methods 

include structural adaptive filtering [27], [28], bilateral filtering [29], and penalized likelihood 

method [30]. However, a limitation is that projection and sinogram data are often vendor 

specific which is often inaccessible to many researchers.  
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Iterative reconstruction alternates between the sinogram and image domains, using 

mathematical models to correct noise and artifacts until an optimal image is formed. Examples 

of prior iterative reconstruction methods include non-local means [31], total variation [32], 

dictionary learning [33], and low-rank approximation [34], which can produce high quality but 

at the cost of high computational expense. Furthermore, some iterative reconstruction 

algorithms have been reported to cause content loss [35].  

Finally, image domain restoration is a post-processing method that directly applies to 

reconstructed images to reduce noise. This domain is divided into traditional algorithms and 

learning-based methods. Traditional image domain methods include algorithms such as non-

local means [36], [37], [38], total variation [39], block matching and 3D filtering [40], and 

statistics-based algorithms [41]. Even though these methods are flexible because they can be 

applied to any reconstructed DICOM image without requiring raw scanner data, they often 

struggle to distinguish between noise and anatomy, leading to edge blurring and artifacts in 

areas with uniform intensity, such as soft tissues. Recently, rapid advancements in deep learning 

(DL) have established it as the state of the art in medical imaging and LDCT restoration [17], 

[35], [42]. Unlike traditional filters, DL models learn complex anatomical patterns and noise 

characteristics from large datasets, allowing for superior noise suppression and detail 

preservation. However, the primary challenge in applying these data-driven DL techniques to 

medical imaging lies in the availability and nature of the training data. Consequently, DL 

models for LDCT image restoration can be categorized by learning strategy: supervised, 
unsupervised and self-supervised. 

Supervised learning remains the most common strategy for LDCT denoising, where a model 

learns a direct mapping from a noisy LDCT input to its corresponding SDCT target. The 

majority of proposed supervised methods focus on three main areas of improvement: (1) 

altering the network structure (e.g., introducing residual or dense connections), (2) optimizing 

the loss function, or (3) refining the training strategy [17]. Model performance is typically 

evaluated using the peak signal-to-noise ratio (PSNR) and the structural similarity index 
(SSIM); other less commonly used metrics include root mean squared error (RMSE) and 

feature similarity index (FSIM). (For detailed metric definitions, please refer to Metrics to 

evaluate denoising and degradation.) However, training supervised models requires paired 

datasets for training, i.e., the same slice in both LDCT and SDCT domains, which is ethically 
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restricted by the ALARA principle to expose patients to repeated CT scans. To overcome this 

limitation, some researchers create synthetic LDCT images by degrading existing SDCT data.  

In general, CT images are degraded by quantum noise and various artifacts during low-dose 

acquisition. Quantum noise arises from X-ray photon starvation, a direct consequence of 

reduced radiation dose. As mentioned before, visually, this results in the smoothing of subtle 

structures, loss of contrast, and the presence of striking artifacts. In mathematical modeling and 

simulation, the noise distribution in CT is characterized by (1) quantum noise approximated by 

a Poisson distribution and (2) electronic noise, best modeled using a Gaussian distribution [35]. 

Consequently, some applications consider the mixed Poisson-Gaussian distribution [43]. To 

better simulate realistic noise, several studies have injected noise into the sinogram, and then 

the simulated low dose image is reconstructed to create realistic training pairs. A typical 

simulation pipeline involves: (1) performing a Radon transform (forward projection) on an 

SDCT image to get the corresponding sinogram; (2) adding Poisson noise and Gaussian noise 

to the sinogram; and (3) applying an inverse Radon transform to reconstruct the synthetic LDCT 

image.  

Several studies have validated the sinogram-domain approach. Huang et al. [44] utilized this 

pipeline to train a two-stage residual convolutional neural network (CNN), achieving a PSNR 

of 31.06, a SSIM of 0.8812 and a MSE of 54.15 on the 2016 NIH-AAPM-Mayo Clinic LDCT 

Grand Challenge. Similarly, Chen et al. [45]utilized Siddon’s ray-driven algorithm to generate 

simulated normal-dose sinograms, training a CNN framework that directly mapped simulated 

LDCT to SDCT, reporting a PSNR of 42.15 and an SSIM of 0.97. To further improve 

performance on ultra-low-dose images, Zhao et al. [46] used a validated pipeline [47], [48] to 

simulate ultra-low-dose images and trained a CNN with residual mapping, achieving an 8 dB 

improvement in the PSNR metric and an increase of 0.15 in the SSIM metric on the ultra-low-

dose images.  

Beyond standard architecture, Gholizadeh-Ansari et al. [49] generated training data similarly 

to that of Huang et al.[44] and introduced a network using dilated convolutions and a 

combination of mean-square error and perceptual loss function. While they achieved robust 

quantitative results across multiple datasets (e.g., PNSR 35.57 and SSIM 0.85 on the simulated 

lung dataset; PNSR 44.12 and SSIM 0.98 on the piglet dataset and PSNR 31.50 and SSIM 0.55 

on the thoracic dataset), they highlighted a trade-off between the losses. While perceptual loss 
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leads to a more visually appealing outcome, it results in lower PSNR values compared to models 

trained solely on mean-square error. The reason is that high PSNR results from minimizing per-

pixel loss. If a network is trained to minimize MSE, it will always have a higher PSNR than 

one trained to minimize perceptual loss. While most models were trained from scratch, Zhong 

et al. [50] proposed a transfer learning residual CNN to compensate for the limited availability 

of medical data. They first trained their model on natural images corrupted by Gaussian noise 

and then finetuned it on CT images simulated with Poisson and Gaussian noise in the sinogram 

domain [51]. They reported the following results: 48.16 ± 0.57 (PSNR), 0.9993 ± 0.0652 

(RMSE), 0.9862 ± 0.0016 (SSIM), and 0.9916 ± 0.0008 (FSIM). 

The introduction of generative adversarial network (GAN) by Goodfellow et al. [52] has 

advanced the field of image denoising. A GAN consists of two competing neural networks: a 

generator and a discriminator (see Figure 3). The generator aims to create realistic images from 

input data, while the discriminator behaves as a binary classifier that distinguishes real images 

from generated fake images. During training, the generator optimizes its weights to generate 

realistic images that fool the discriminator, while the discriminator learns to detect them. The 

generator’s weights are updated through backpropagation based on the discriminator’s 

classification loss. Ideally, upon convergence, the generator produces reconstructions of such 

high quality that the discriminator can no longer tell the difference, thereby reducing its 

classification accuracy. In the context of CT denoising, the generator learns to transform noisy 

LDCT inputs into denoised images that are statistically indistinguishable from real SDCT scans. 

In the domain of supervised learning, Pix2Pix [53], originally designed for natural image 

translation, emerged as a foundation framework. It employs a conditional GAN that learns the 

mapping from source to target using aligned image pairs, allowing the generation of realistic 

images indistinguishable by humans. In medical imaging, Wolterink et al. [54] trained a CNN 

with an adversarial loss to accurately capture the statistical properties of SDCTs. Their work 

demonstrated that adversarial network allows the generator to better learn the noise distribution 

in SDCT. 
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Figure 3 – GAN architecture consists of a generator that aims to create realistic images from 

the input data and a discriminator that attempts to distinguish real images from generated fake 

images. Adapted from [55] 

While the aforementioned studies relied on custom low-dose simulation, the majority of 

supervised CT denoising utilizes the 2016 NIH AAPM-Mayo Clinic LDCT Grand Challenge 

dataset. As one of the few publicly available datasets for this task, it has become the benchmark 

for evaluating denoising and iterative reconstruction algorithms. The original challenge training 

dataset consists of abdominal CT images from 10 patients, paired as full-dose (or standard dose) 

and quarter-dose (or low dose) filtered back projection images. Following the challenge, an 

extended version was released in 2020 in the Cancer Image Archive (TCIA) named Low-dose 

CT and Projection data [56]. This extended version includes 299 cases, including 99 head, 100 

chest and 100 abdominal CT scans. All CT scans were acquired at standard dose level, and for 

each clinical case, a corresponding simulated lower dose level projection dataset was provided. 

Examples of studies that used this dataset include: [57], [58], [59], [60], [61], [62], [63], [64], 

[65], [66], [67], [68], [69]. Since authors of each method use their own training, validation, and 

test splits, performance variability across the literature is significant, with PSNR values ranging 

from 22.31 to 47.90 dB, RMSE values ranging from 0.02 to 15.04, and SSIM values ranging 

from 0.69 to 0.98 [70]. These wide ranges reflect differences in image quality and fidelity and 

suggest discrepancies in the accuracy of reconstructed images. While SSIM values also span a 

broad range (0.69 to 0.98), this metric highlights the varying degrees of success models have 

in preserving anatomical structures.  

Despite being the standard reference dataset used in denoising research, it is important to note 

that even these benchmarks are generated using validated noise insertion methods rather than 

clinically acquired paired data [12], [17]. Therefore, as paired clinical data is not publicly 
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available, the field of denoising relies on synthetic approaches.  While these approaches could 

be effective in benchmarks, there are two drawbacks: (1) the noise simulation is often treated 

as a secondary step, potentially compromising the fidelity of the synthetic images and the real-

world generalizability of models trained on them; and (2) the cycles of synthetic degradation 

and subsequent denoising are computationally expensive and time-consuming during both 

development and clinical implementation.  Therefore, alternative training approaches without 

paired datasets should be explored.  

To address the scarcity of paired data, unsupervised learning has emerged as an important 

learning strategy.  Unlike supervised methods, unsupervised approaches focus on learning the 

statistical distribution of a set of clean images (domain A) and noisy images (domain B) without 

requiring a 1:1 correspondence. This allows models to be trained using SDCT scans from one 

group of patients and LDCT scans from a different group, expanding the availability of usable 

training data.  

The most prevalent unsupervised framework for unpaired translation is Cycle-consistent GAN 
(CycleGAN), proposed by Zhu et al. [71]. Distinct from the GAN previously described, 

CycleGAN is composed of two generators (one mapping Domain A to B, and another B to A) 

and two discriminators (one to distinguish generated A from real A and another to distinguish 

generated B from real B). Additionally, to ensure structural integrity without paired data, 

CycleGAN introduces a cycle-consistency loss, which requires that the generated image when 

translated back to the source domain should match the original input. For instance, Kang et al. 

[61] have used CycleGAN to ensure that an image translated from LDCT to SDCT and back 

again remains identical to the original input. This constraint is critical for medical imaging as 

it prevents the network from altering underlying anatomy. In their work they compared the SNR 

between the original noisy and denoised images and showed that the denoised images had 

higher SNR (p<0.005). Recent literature has focused on improving the efficiency and structural 

fidelity of the GAN models, including the work of Gu and Ye [72] who proposed a tunable 

CycleGAN using a single generator with adaptive instance normalization (AdaIN). Instead of 

training two separate generators, the same baseline generator converting a LDCT image to a 

SDCT image can be switched to a generator converting SDCT to LDCT by simply changing 

the AdaIN code. Consequently, this architecture minimizes memory requirements and stabilizes 

training on small datasets (PSNR 30.8730 dB, SSIM = 0.6605). 
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Beyond adversarial networks, some researchers developed unsupervised denoise models based 

on statistical estimators. For instance, Kim at al. [73] leveraged the physical properties of the 

CT acquisition pipeline and introduced a framework that selects the objective function based 

on the data domain, i.e., using the Poisson unbiased risk estimator (PURE) as loss function to 

train deep neural networks on noisy raw measurements, and using weighted Stein’s unbiased 

risk estimator (WSURE) as objective functions for sinograms (log-transformed raw data). Their 

physics-driven approach yielded PSNR of 41.7 dB and SSIM of 0.978 using PURE, and PSNR 

of 37.4 dB and SSIM of 0.927 using WSURE, on simulated low-dose images derived from the 

2016 LDCT Grand Challenge. 

Distinct from pure statistical estimators, self-supervised learning methods enable models to 

learn denoising directly from LDCT data itself. This strategy leverages the statistical properties 

of the noise, which is random and uncorrelated, and the characteristics of the anatomy, which 

is redundant and structured. 

The conceptual foundation of many SSL approaches in natural image restoration is 

Noise2Noise, introduced by Lehtinen et al. [74], which demonstrated that a network can be 

trained using pairs of noisy observations of the same scene. Theoretically, if the noise has a 

zero-mean distribution, the L2 loss function will cause the network to converge towards the 

mean value of the observations, effectively recovering the clean signal. While Noise2Noise 

doesn’t require clean targets, it still requires paired noisy observations of the same structure, 

which can be challenging in clinical environments. To address this challenge, Noise2Void [75] 

and Noise2Self [76] were proposed to train only by using single noisy images. These models 

predict a center pixel based on its local neighbors, achieving promising results using single 

noisy images assuming independent noise among neighbor pixels. However, because CT noise 

is often correlated or structured due to the reconstruction process, these methods cannot 

suppress correlated or structured noise. To address this, Niu et al.[77] proposed Noise2Sim, a 

non-local similarity-based approach. By identifying similar patches across the image as internal 

pairs, Noise2Sim behaves like a supervised method under mild conditions and suppresses 

correlated noise more effectively than local blind-spot methods. In the 2016 LDCT Grand 

Challenge, the method achieved a PSNR of 28.38 ± 1.51 and a SSIM of 90.45 ± 2.76. 

Another approach for single-image training is iterative data refinement (IDR), proposed by 

Zhang et al. [78], which only requires a single noisy image and a noise model to train a 
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denoising neural network. It works by iteratively refining the training set with generated noisy 

data. However, the framework is computationally expensive as it requires multiple rounds of 

training on a fixed and known model, limiting its effectiveness against the complex, non-

stationary noise found in clinical CT images. 

Recent research has integrated classical image processing constraints, such as edge-preserving 

filters and histogram equalization, with DL to improve parameter efficiency and structural 

fidelity. Wagner et al.[79] introduced a differentiable bilateral filter layer into the gradient flow, 

achieving a PSNR of 43.07 dB. Similarly, Choi et al.[80]  proposed multi-view projection 

synthesis for sparse-view CBCT. By restoring sinograms in the projection domain before 

reconstruction, this dual-domain approach reached a PSNR of 37.63 dB, demonstrating the 

value of addressing noise before it is transformed into image-space artifacts.  

As the field moves toward more complex architectures, attention networks have become 

popular for LDCT restoration. Li et al. [81] introduced self-attention modules to leverage 

structural relationships both within and between CT slices. This volumetric context allows the 

model to preserve features regardless of distance, achieving a PSNR of 27.73 dB and SSIM of 

0.8876 on the AAPM-Mayo dataset. Similarly, Jing et al. [82] integrated attention blocks into 

the decoding phase of a self-supervised framework, further demonstrating that attention 

networks are flexible for real-world clinical scenarios, as they bypass the logistical burden of 

collecting paired datasets entirely.  

Despite the acceptable visual improvements achieved in CT restoration using current attention-

based DL methods, Kulathilake et al. [35] note that attention-based models often yield sub-

optimal quantitative results as measured by PSNR and SSIM. The main reason is the lack of 

importance given to the structural feature preservation and the reliance on pixel-wise loss 

functions like MSE during training, which can lead to smoothing or structure deformation. 

Hence, balancing high PSNR and SSIM metrics with the preservation of diagnostic anatomical 

integrity remains a primary challenge for future unsupervised research. 

From denoising to image degradation 

Over the past few decades, the problem of image denoising in computer vision has been 

extensively studied. However, as Zainulina et al. [83] concluded in their work, artificially 
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adding noise to images can bias the denoising model's predictions, since accurate noise 

simulation requires a comprehensive understanding of the actual CT system and may not be 

feasible at times. In fact, noise in LDCT measurement data is influenced by many factors, such 

as quantum noise, the logarithmic transformation of measurements, and pre-reconstruction 

corrections for system calibration, making modeling the noise in the reconstructed images 

particularly challenging. Therefore, as suggested in [84], there is a need for more sophisticated 

noise simulation approaches to bridge the gap between simulated and real-world data in CT 

image denoising applications. 

Building on the simulation techniques discussed in the supervised strategy section, it is 

important to highlight that accessible and reproducible CT noise simulation methods are scarce 

in the literature. In this context, two CT degradation methods are particularly relevant: (1) a 

sinogram-domain simulation proposed by Zeng et al. [51] due to its feasibility as it is applied 

directly on SDCT images, and (2) a validated physics-based noise modeling technique from Yu 

et al.[85], serving as a reference as it was used to generate the paired benchmarks for the 2016 

LDCT Grand Challenge. 

Briefly, for the Zeng et al.’s approach, a standard-dose sinogram data is first obtained by 

applying the Radon transform to the original SDCT images; subsequently, simulated Poisson 

and Gaussian noise are added to mimic the effects of electronic and quantum noise, generating 

low-dose sinogram data. Equation 1 describes the calculation for the low-dose sinogram data 

(!!",$%&): 

!!",$%& = #$%
'!",$%&'

()%$$)*+	'!",$%&' ($)∗012	(34$")56789$$%8*+&(,:()5
       (1) 

where &!",$%&
;

 is the simulated low-dose scan incident flux, !$" is the standard-dose sinogram 

data obtained from the original SDCT images using Radon transformation, '< and (<= are the 

mean and variance of the electronic noise, respectively. Specifically, &!",$%&
;

 is computed by 

multiplying the incident flux by the ratio between the high and simulated low-dose incident 

flux, k. This ratio is computed based on the proposed equation: 
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)	(',-) = / ∗ (',-) + 2         (2) 

where a=0.0095 and b=0.0309. 

On the other hand, the simulation technique used to generate the 2016 LDCT Grand Challenge 

is the validated physics-based noise modeling technique from Yu et al. [85]. This technique 

incorporates the effect of bowtie filters, automatic exposure control and electronic noise. The 

noise insertion method requires scaling the incident photon number and adding normally 

distributed stochastic noise, as described in their equation:  

!!" ≈ !" +%#$%% ⋅ &'((*!),"!
⋅ (1 + #-%

% ⋅ ,#⋅&'((*!),"!
) ∙ +        (3) 

where 3>4 is the simulated low dose data, 3? is data at a higher tube current setting, /	(0 < a <

1)	is a dose scaling factor, 9;? is the incident photon flux corresponding to 3?,  :  is a normally 

distributed stochastic process with zero mean and a unit variance, 9< represents the electronic 

noise. However, directly reproducing this model requires access to raw projection data, incident 

flux calibration and detailed scanner-specific variables, which are often inaccessible. 

Metrics to evaluate denoising and degradation 

The performance of denoising and degradation models is evaluated using different metrics 

depending on the availability of paired data. For instance, when LDCT and SDCT are available 

from the same patient, the most used metrics in the literature are PSNR and SSIM [86]. 

PSNR measures the ratio of the maximum possible power of the signal to the power of the 

corrupting noise. Given a reference image : and the generated image ;, both of size <:9, and 

with maximum intensity value <,=, the PSNR is defined as: 

3>9?(:, ;) = 	10#$%@;(
A?B)

ACD	(E,F))             (4) 

where MSE is defined as: 
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<>A(:, ;) = 	 @
AG∑ ∑ (:%H − ;%H)=

G
HI@

A
%I@        (5) 

A higher PSNR indicates higher image quality and superior noise suppression, since the PSNR 

value approaches infinity as the MSE approaches zero. 

To measure the similarity between two images, the SSIM metric is computed. It is considered 

to be correlated with the quality perception of the human visual system. SSIM considers three 

components: luminance (#), contrast (D) and structure (-) and is defined as:  

>>&<(:, ;) = #(:, ;)D(:, ;)-(:, ;)     (6) 

where the components are defined as: 

⎩
⎪
⎨

⎪
⎧#(:, ;) =

=J*J+6	K,
J*)J+)6K,

D(:, ;) =
=:*:+6	K)
:*):+)6K)

-(:, ;) =
:*+6	K-
:*:+6K-

            (7) 

Here, I is the mean pixel value, (= the variance and C are positive constants used to avoid a 

null denominator. SSIM index is a value between 0 and 1, where higher values indicate better 

quality and 1 represents perfect structural similarity. 

In the context of degradation and noise simulation, the multi-scale SSIM (MS-SSIM) [87] is 

preferred over SSIM. Since CT noise and artifacts manifest at different spatial frequencies, a 

single-scale metric such as SSIM fails to capture the noise accurately. MS-SSIM calculates 

structural similarity at multiple downsampled resolutions, providing a robust evaluation of the 

simulated noise. It is computed by iteratively applying a low-pass filter and downsampling the 

filtered image by a factor of 2 for < scales. The original image is indexed as Scale 1 and the 

highest scale as Scale M, which is obtained after <-1 iterations. At the j-th scale, the contrast 

and the structure are calculated and denoted as DH(:, ;) and -H(:, ;), respectively. Instead, the 

luminance is computed only at Scale M and is denoted as #A(:, ;). The overall SSlM evaluation 

is obtained by combining the measurements at different scales using: 

<> − >>&<(:, ;) = [#A(:, ;)]
(L.) ⋅ ∏ NDH(:, ;)O

+M/5N-H(:, ;)O
+N/5A

HI@    (8) 
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where the exponents PA , QH , RH  are weights used to adjust the relative importance of each 

component. Similar to SSIM, MS-SSIM ranges from 0 to 1, with higher values indicating 

greater fidelity of the simulated noise to the reference image. 

Additionally, the noise power spectrum (NPS) [88] is often used to evaluate noise simulations. 

Unlike PSNR and SSIM, the NPS analyzes the frequency content of the noise. Hence, NPS 

characterizes the noise texture, giving a better and more complete description of noise across 

the frequency domain. Considering regions of interests (ROIs) in 2D, the 2D NPS is computed 

as: 

93>=OSTE , TFU =
P*P+
Q*Q+

@
G012

∑ VWX=OY?Z&%(:, ;) − ?Z&%[V
=G012

%I@      (9) 

where TE , TF represent the spatial frequencies, ΔE , ΔF are the pixel sizes in x and y dimention, 

]E , ]F are the ROI’s lengths in pixel, 9RS' is the number of ROIs used in the operation and 

?Z&% is the mean pixel value of the i-th ROI. The resulting spectral values are typically radially 

averaged to produce a 1D curve, allowing for a visual comparison of noise texture between 

simulated and real images. 

In unsupervised scenarios, such as CycleGAN, when paired ground truth is unavailable, direct 

pixel-to-pixel comparison is not possible. Hence, distributional metrics such as the Fréchet 

Inception Distance (FID) [89] and the Kernel Inception Distance (KID) are computed to 

evaluate the quality of the generated images. 

FID measures the distance between the feature distribution of the real and generated images. 

To compute this metric, a pre-trained InceptionV3 network is used to extract high-dimensional 

feature vectors from both image sets. These feature distributions are assumed to follow a 

multivariate Gaussian distribution, defined by a mean (I) and a covariance matrix (Σ). The FID 

is calculated as the squared Fréchet distance using the following equation: 

W&_(:, ;) = `IE − IF`=
=
+ Xa bΣE + ΣF − 2SΣEΣFU

@/=
d         (10) 

Where IE, ΣErepresent the mean and covariance of the real data features; IF, ΣF represent the 

mean and covariance of the generated data features. ‖	‖=
=  denotes the squared Euclidean 

distance, Xa denotes the trace of the matrix (sum of diagonal elements). A lower FID score 
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indicates that the generated images are statistically more similar to the target distribution, 

translating into a higher perceptual realism. 

KID is an alternative metric to FID as it measures the squared maximum mean discrepancy 

(MMD) between feature vectors. Unlike FID, which calculates a distance between fitted 

Gaussian distributions, KID calculates the MMD directly on the features using a polynomial 

kernel )(:, ;) = b@" :
U; + 1d

V
, where f is the dimensionality of the feature vector. Therefore, 

KID, an unbiased estimator, is defined as: 

g&_(=, h) = @
&(&3@)∑ )S:% , :HU

&
%WHijjjjjkjjjjjl

Sum	of	real	data

+ @
*(*3@)∑ )S;% , ;HU

*
%WHijjjjjkjjjjjl

Sum	of	generated	data

− =
&*∑ ∑ )S:% , ;HU

*
HI@

&
%I@ijjjjjjkjjjjjjl
Cross-term

        (11) 

Where = = {:@, … , :&} and h = {;@, … , ;*} are the sets of feature vectors obtained from the 

Inception network for the real images and generated images, respectively; ' and p are the 

number of samples in the real and generated batches, respectively. The lower the KID value, 

the closer the generated distribution is to the real data distribution.
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1.2.2. Lung nodule detection  

Lung diseases include a wide range of pathologies affecting the thoracic cavities. Depending 

on the anatomical region affected (see Figure 4), these conditions can be categorized into: 

airways diseases affecting the trachea, such as asthma, chronic obstructive pulmonary disease 

(COPD), bronchitis and cystic fibrosis; the alveoli, such as pneumonia, tuberculosis, 

pulmonary edema; the area between the air sacs known as the interstitium, such as interstitial 

lung disease; and the chest wall conditions like pleural effusion and pneumothorax [90].  

 

Figure 4 – Anatomical structures of the lung, including the trachea, bronchi, alveoli, and 

interstitium, highlighting the distinct regions that could be affected by different respiratory 

pathologies. Image from https://www.froedtert.com/interstitial-lung-disease (accessed on 

22/01/2026). 

Among these lung diseases, the development of pulmonary nodules, typically appearing in 

the form of irregular circular or oval growths inside the lung parenchyma, is the earliest 

manifestation of lung cancer. Consequently, detecting all pulmonary nodules is the critical first 

step in the lung cancer diagnostic workflow. Despite its importance, detection is a difficult task 

due to the complex, irregular and cluttered structure of the lungs (see Figure 5), from which 

nodules must be distinguished from a dense network of normal anatomical structures such as 

alveoli, blood vessels and bronchioles. As highlighted by [91], this complexity presents 

significant challenges for human readers. Radiologists often fail to identify all nodules and 

https://www.froedtert.com/interstitial-lung-disease
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inter-observer variability regarding the classification of suspicious findings is considerable 

[92], [93]. These limitations are enhanced under time pressure and the unknown number of 

nodules. This subjectivity, combined with the risk of misdetection, highlights the necessity 

for objective and automated diagnostic tools.  

In clinical practice, nodules are neither uniform nor regular. Their morphology, size and shape 

for example, dictate their malignancy risk and subsequent management. Radiologists primarily 

classify nodules into two categories: solid and subsolid (see Figure 5). Solid nodules are dense 

and can obscure the underlying lung parenchyma. Subsolid nodules are divided into (a) pure 

ground-glass nodules which appear to be opaque and do not obscure the underlying vessels; 

and (b) part-solid nodules which contain both ground-glass and solid components. 

(a)                                                                                         (b) 

Figure 5 – Example of CT images showing (a) multiple solid nodules(arrow); (b) a part solid 

nodule (arrow), ground glass. Images from [94]. 

While subsolid nodules often grow more slowly than solid ones, they frequently correspond to 

pre-invasive adenocarcinoma (early stage of cancer where abnormal cells are confined to where 

they started) or early invasive adenocarcinomas (the cancer cells have broken through the 

original tissue and begun to grow into the surrounding tissues) [95]. From a diagnostic 

perspective, these stages are distinguished by their density on CT scans: pre-invasive lesions 

often appear as ground-glass opacities, while invasive growth is usually associated with a solid 

internal component. Subsolid nodules require careful long-term monitoring, as they often have 

a better overall prognosis when found early [96]. For instance, pre-invasive adenocarcinoma is 

associated with a nearly 100% 5-year survival rate after complete surgical resection [97]. 

Therefore, identifying these nodules is critical for the patient's survival. 
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The primary objective of lung cancer screening is to maximize the detection of early-stage 

cancers while minimizing false positives. However, this balance is difficult to maintain due to 

the complex anatomy of the lungs and the inherent difficulty in detecting small nodules at early 

stages. Retrospective analysis reveals that detection errors occur even for nodules that are 

clearly visible. The European Society of Radiology and the European Respiratory Society have 

stated that most screening studies require double reading by two radiologists to minimize errors 

[96]. However, this approach is both time-consuming and expensive. Furthermore, there is a 

shortage of radiologists trained specifically for lung cancer screening to ensure quality 

assurance of reading and avoid missed diagnosis or overdiagnosis which can result in 

overtreatment of insignificant [96]. As noted by Cui et al. [98], radiologists screening LDCT 

images face challenges of mechanical repetition and the easy omission of small nodules. These 

limitations have led to the integration of CAD and AI as second readers, as modern deep 

learning models address these issues by providing consistent identification criteria and high 

identification sensitivity. 

Overview of lung nodule detection methods 

The standard architecture for nodule detection consists of a two-stage pipeline: (1) candidate 
detection, in which all potential suspicious regions are identified and (2) false positive 
reduction (FPR), where a classifier analyzes the candidates from the first step to distinguish 

true nodules from anatomical noise. In the candidate detection phase, architectures such as U-

Net, YOLO and ResNet are often utilized, while 3D CNNs are commonly used in the false 

positive reduction stage. For instance, Ji et al.[99] proposed an improved YOLO-v5s based 

model incorporating attention modules and multi-scale contextual information. This model 

achieved mean average precision (mAP) and F1 scores of 0.720 and 0.740 on the LUNA16 

dataset, and 0.794 and 0.766 on the X-Nodule dataset. Li et al.[100] introduced a candidate 

nodule detection using Res2Net with global channel spatial attention mechanisms and a false 

positive reduction network, achieving a CPM of 0.929 on LUNA16. Ma et al.[101] proposed 

an end-to-end network embedding a transformer module within a 3D CNN framework, 

combining an attention block and a multi-scale skip pathway, with a dual-head detector to 

optimize sensitivity and specificity, achieving a competition performance metric (CPM) of 

0.9073 on the LUNA16 dataset. Zhou et al.[102] proposed a cascaded multi-stage framework 

combining a 2D YOLOv5 model for initial nodule localization, a candidate selection algorithm 

for redundancy reduction, a 3D multi-size fusion model for false positive reduction, and a 3D 
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U-Net for segmentation, achieving a CPM of 0.895 on LUNA16. Beyond pulmonary nodule 

detection, similar pipelines have been applied to non-small cell lung cancer (NSCLC) tumor 

detection and segmentation. Primakov et al.[103] developed and validated a 2D U-Net pipeline 

across 1,328 CT scans from eight institutions, achieving a sensitivity of 0.97 and AUC of 0.98. 

Dlamini et al.[104] employed YOLOv4 combined with a region-based active contour model 

for detection and 3D volumetric reconstruction of NSCLC tumors, achieving a sensitivity of 

97.02% and F1 score of 0.968. Recent research has focused on bridging the gap between 

experimental CAD and real-world screening scenarios.  One example is the work of Cui et al. 

[98] which trained a ResNet using chest LDCT screening cases from three hospitals to identify 

candidate nodules, followed by a neural network classifier to reduce false positives. Their 

model obtained FROC scores (95% CI) of 0.75 [0.73, 0.78] on the validation set and 0.80 [0.78, 

0.82] on the LUNA16 dataset. Aresta et al.[105] also employed the YOLOv3 architecture for 

nodule detection, but their goal was to understand the role of CAD and eye-tracking systems in 

providing a second, independent, and unsupervised opinion during lung cancer screening. In 

their study, the AI achieved a detection sensitivity of 0.69 compared to the specialists' 0.67. 

Besides the work of Aresta et al.[105], other comparative studies in screening settings further 

demonstrate that DL systems can exceed human expert sensitivity. For instance, Cui et al. [106] 

evaluated a deep learning-based CAD within a LDCT screening program. Their architecture 

leveraged a maximum intensity projection technique, employing an ensemble of U-Nets for 

candidate detection followed by VGG-net classifiers for false positive reduction. Results 

indicate that the CAD system achieved 90.1% sensitivity with 1.0 false positives per scan, 

significantly outperforming a double-reading protocol by radiologists, which achieved 76.0% 

sensitivity. This performance gap is particularly evident in small nodules (4–6 mm) and Lung-

RADS  2 cases (solid nodules < 6mm) [107], suggesting that AI's ability to process subtle 

textural patterns exceeds manual inspection. Noteworthily, the analysis of Cui et al. [106] 

revealed that the CAD system identified 63 nodules missed by double reading, while 

radiologists identified 27 nodules missed by AI. Their findings implied that AI functions best 

as a complementary tool. This observation is further supported by Aresta et al. [105] who 

demonstrated that combining radiologist annotations with AI predictions improves global 

detection sensitivity. Table 3 summarizes the architectures, datasets and key performance 

metrics of the reviewed lung nodule detection methods. 
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Table 3 - Summary of deep learning-based lung nodule detection methods.  

Study Model Pipeline Dataset Metrics 

Ji et al. [99] YOLOv5s + attention Single-stage 
LUNA16  

X-Nodule 

mAP 0.720,  

F1 0.740 

Li et al. [100] Res2Net + attention + 
FPRNet Two-stage LUNA16 CPM 0.929 

Ma et al. [101] 3D CNN + transformer  Single-stage LUNA16 CPM 0.907 

Cui et al. [98] ResNet + NN classifier Two-stage Hospital LDCT + 
LUNA16 

FROC 0.80 
(LUNA16) 

Aresta et al. 
[105] 

YOLOv3 Single-stage Screening cohort Sensitivity 0.69 

Cui et al. [106] 
U-Net ensemble + 
VGG-net Two-stage LDCT screening 

program 
Sensitivity 
0.901 

Primakov et al. 
[103] 

2D U-Net Single-stage 
Multi-institutional 
(1328 scans) 

Sensitivity 0.97, 
AUC 0.98 

Zhou et al. [102] 
YOLOv5 + 3D fusion 
+ 3D U-Net 

Multi-stage 
(cascaded) LUNA16 CPM 0.895 

Dlamini et al. 
[104] 

YOLOv4 + active 
contour Single-stage NSCLC (TCIA) 

Sensitivity 

97.02% 

However, despite these advancements, translating algorithmic success into a clinical screening 

situation remains difficult. Schreuder et al. [91] highlight that while algorithms achieved 

sensitivity scores of up to 97.2% on benchmarks like LUNA16, performance decreased in 

a real-world screening scenario. This decrease is often due to variations in CT vendors, 

dosage (SDCT vs. LDCT), and the exclusion of nodules smaller than 3 mm in common research 

datasets. This generalization gap reveals several bottlenecks in current deep learning 

methodologies. First, the majority of high-performing systems are trained on curated datasets 

such as LIDC-IDRI or LUNA16, which may not represent the diversity of real-world clinical 

data [98]. Second, traditional CNNs are often limited by their local receptive fields, which may 

struggle to model the broader anatomical context required to distinguish a nodule from a 

complex vascular bifurcation across multiple slices. As highlighted by Thakur et al. [108], the 

success of traditional supervised DL models is highly dependent on the availability of a large, 

high-quality labeled dataset. This condition is rarely met in medical image analysis, as obtaining 

labeled data is a laborious task that requires clinical expertise.  
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To address this data insufficiency, the field has increasingly adopted self-supervised learning 
(SSL) and semi-supervised approaches to exploit the available unlabeled medical data [109], 

[110], [111], [112]. Unlike the generative applications discussed previously for image 

restoration, SSL in this context is employed for representation learning by automatically 

generating pseudo-labels from the data itself. This approach allows models to learn meaningful 

features and representations without requiring extensive, costly human annotation. SSL is 

typically trained in two distinct phases: pretraining and fine-tuning. In the pretraining phase, 

the neural network is trained on a pretext task using unlabeled data, for example, predicting 

image rotations or reconstructing masked parts of the image. The goal is to force the model to 

learn the fundamental underlying structure of the data (e.g., the anatomical structure of the 

lungs) without needing manual annotations. Once pretrained, the model is refined on a specific 

downstream task (such as nodule detection), using a smaller set of annotated data.  

Earlier breakthroughs in medical SSL focused on CNN-based architectures. Most notably, 

Model Genesis [113] provided a foundational framework for pre-training CNNs by teaching 

them to restore original CT images from various distorted versions. The model is trained to 

recover original 3D sub-volumes from inputs that have undergone specific transformations, 

including non-linear transformations to learn organ appearance and intensity distributions; 

local pixel shuffling to discern textures and boundaries; and inner/outer cutouts to understand 

global geometry and local continuity (e.g., rotating, shuffling, or masking patches). By solving 

these reconstruction challenges, Model Genesis demonstrated that models could learn generic 

medical representations without manual labels. 

Following these foundational works, the field has increasingly shifted towards contrastive 
learning and masked image modeling. Contrastive learning is a technique that learns image-

level representations by training the model to recognize similar and dissimilar versions of the 

same data across different augmentations. The objective is to group similar or positive pairs 

(augmentations of the same image) in the feature space while pushing different or negative pairs 

apart. One example of a contrastive learning technique is the momentum contrast (MoCo) [112]. 

This framework introduced a dynamic queue and a momentum-updated encoder to build a large, 

consistent dictionary of negative samples independent of batch size. This approach proved that 

unsupervised pretraining outperformed supervised pretraining in downstream tasks such as 

object detection and segmentation.  
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In the medical domain, Chaitanya et al. [109], [110] extended these principles by proposing 

strategies to learn both global and local features. By leveraging structural similarity across 

volumetric images and using pseudo-labels for unlabeled data, they demonstrated that models 

could achieve benchmark performance using as few as two labeled 3D volumes. Specifically 

addressing nodule detection, Niu and Wang [114] applied region-based contrastive learning to 

a 3D vision transformer. By dividing CT volumes into non-overlapping cubes and learning 

embedding features via self-attention, their model achieved a sensitivity of 0.901 at 1/8 false 

positives per scan in the LUNA16 dataset (specifically nodules > 6mm), demonstrating the 

power of pre-training for small-dataset scenarios.  

Parallel to contrastive approaches, masked image modeling (MIM) has emerged as an 

effective SLL technique. In this strategy, the model is trained to reconstruct hidden or masked 

portions of an input image. By predicting missing pixels or voxels, the network is forced to 

learn contextual representations that are more robust than supervised labels. For instance, He et 

al. [111] used this technique and introduced masked autoencoder (MAE), which utilizes an 

asymmetric encoder-decoder architecture. The encoder processes only the visible subset of 

patches (typically 25% of the image), while a lightweight decoder reconstructs the original 

image from the latent representation and the mask tokens. This high masking ratio (75%) 

creates a challenging pretext task that forces the model to learn a deep contextual understanding 

of image structure, resulting in highly scalable vision learners. Building on this, Xie et al. [115] 

introduced SimMIM, a simplified framework demonstrating that complex designs like special 

tokenization are unnecessary. They showed that simple random masking combined with a 

lightweight linear prediction head is sufficient to learn state-of-the-art representations.  

The shift toward SSL is occurring in parallel with an architectural transition from CNNs toward 

Vision Transformers (ViTs). Originally designed for Natural Language Processing (NLP) to 

model relationships between words in a sentence, Transformers were adapted for computer 

vision by treating an image as a sequence of patches, analogous to tokens in a sentence. Unlike 

CNNs, which rely on localized filters, ViTs utilize a self-attention mechanism. This allows the 

model to calculate the relationship between a specific patch (e.g., a potential nodule) and its 

surrounding anatomical environment across the entire volume. Recent studies have begun to 

explore ViTs for nodule detection. Mkindu et al. [116] proposed 3D-NodViT, a model based 

on a shifted window vision transformer integrated with a 3D region proposal network. 

Employing Bayesian optimization to tune hyperparameters such as the number of transformer 
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encoders and channels, their approach demonstrated that ViTs could outperform deep CNN-

based architectures with fewer resources, achieving a CPM of 0.909 on the LUNA16 dataset. 

However, the effectiveness of such models remains constrained by data limitations. Mkindu et 

al.'s reliance on the relatively small LUNA16 dataset highlights a critical bottleneck. While 

ViTs demonstrate potential, their efficacy is constrained without the large-scale datasets that 

are required to learn robust features from scratch. Nonetheless, this characteristic makes ViTs 

suited for SSL. By leveraging large-scale pre-training, such as MAE, on unlabeled data, 

Transformers can learn rich, high-dimensional representations necessary for 3D medical 

reasoning before being applied to a specific downstream task. Feichtenhofer et al. [117] 

extended the MAE framework to video with Video-MAE. A key finding of their work is that 

volumetric data is highly redundant, requiring an optimal masking ratio as high as 90% 

(compared to 75% for 2D images) to create a sufficiently challenging pretext task. By using 

spacetime-agnostic random masking, Video-MAE enables vanilla Vision Transformers to learn 

powerful representations with minimal domain-specific inductive bias. Although originally 

designed for natural video, this framework is directly applicable to volumetric medical imaging, 

as video is a temporal sequence of 2D frames, a CT scan is a spatial sequence of 2D slices (see 

Figure 6). 

 

Figure 6 – Adaptation of the Video-MAE framework for volumetric medical imaging. The 

model processes a 3D input volume (e.g., a lung CT scan) by applying a high masking ratio 

(90%), leaving only a small portion of visible patches. These patches are processed by an 

encoder to generate latent representations, which a lightweight decoder then uses to reconstruct 

the original anatomical volume. Adapted from [25], [117]. 
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Recent research has shown that this pretraining strategy significantly improves performance on 

downstream tasks like classification [118] and segmentation [119]. For instance, Buess et 

al.[118] introduced Video-CT MAE for vertebral fracture diagnosis. They demonstrated that 

by initializing models with weights pre-trained on natural videos and performing self-

supervised domain adaptation on unlabeled CT data, they could close the domain gap between 

natural videos and medical images. Their approach improved the downstream task performance 

by 8.1 in F1 score and training speedup, proving that Transformers can excel in low-data 

medical regimes when supported by robust SSL. 

Metrics to evaluate lung nodule detection 

To quantitatively evaluate the performance of the nodule detection system, metrics such as the 

free-response receiver operating characteristic (FROC), competition performance metric 
(CPM), average precision (AP) and mean average precision (mAP) are commonly used. 

The FROC [120] is the primary metric for evaluating nodule detection techniques.  Unlike a 

standard ROC curve, which plots the true positive rate against the false positive rate, the FROC 

curve plots sensitivity in the y-axis against the average false positives per scan (FPs/scan) in 

the x-axis. Sensitivity measures the ability of the model to identify true positives (TP) 

considering the false negatives (FN), i.e., -qp-rsrtrs;/aqD/##	 = 	 U(
U(6hG. False positives per 

scan, as the name indicates, is the total number of false positives found, divided by the number 

of scans. 

An ideal FROC curve represents a system that detects and localizes all nodules without making 

any mistakes, this appears as a curve that rises steeply near the origin and rapidly plateaus at a 

sensitivity of 1.0. In practice, FROC is reported as a value at a specific false positive per scan 

threshold, e.g., a sensitivity of 0.8 at 0.1 FPs/scan.  

AP and mAP are standard metrics used in computer vision detection tasks [121]. These metrics 

evaluate both localization and classification simultaneously by considering the spatial overlap 

between the predicted bounding box and the ground truth using Intersection over Union (IoU) 

and the accuracy of the predicted class. IoU measures the ratio of the intersection area and the 

union area between the predicted bounding box and the ground truth:  

 

&$v	 = 	 8i<8	)j	%*k<i$<lk%)*8i<8	)j	9*%)*          (12) 
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To calculate AP for a specific object category (w&) at a specific IoU threshold (s), a prediction 

is considered a TP if its IoU ≥ s, otherwise it is a false positive (FP). For each category w&, 

precision is calculated at each instance (p) where a true positive is identified. Then, these 

precision values are averaged over the total number of positive instances (r) within that specific 

class. Mathematically, it is defined as: 

,3K& = @
% ∑ PrecisionK&3

%
*I@ 	 (13) 

where precision is computed for the p-th instance of class w& as:  

PrecisionK&3 =
U(4&3

U(4&36h(4&3
 (14) 

The higher the AP, the higher the model precision. In medical imaging, an AP at IoU of 0.1 is 

accepted.  

The mAP provides a global view of the detection performance by averaging AP scores 

calculated at different IoU thresholds, e.g., mean average precision calculated over IoU 

thresholds from 0.1 to 0.5 with increments of 0.05 or across different classes (if detecting 

multiple nodule types). Formally, considering one class of objects, mAP is defined by: 

',3	 = 	 @G∑ ,3')mIk%
G
%I@      (15) 

where 9 is the number of IoU thresholds and ,3')mIk% is the AP at the r-th threshold. 



 

 

33 

1.2.3. Lung nodule classification 

Once a candidate nodule is detected, the subsequent task is classification. During the nodule 

classification phase, the radiologist should differentiate between benign, malignant and 

indeterminate findings. In screening scenarios, accurate classification is important to prevent 

unnecessary invasive procedures and patient anxiety while ensuring early malignancies are not 

missed. 

The differentiation of nodules relies mainly on morphological and volumetric criteria defined 

by international guidelines depending on the detection context. For instance, for incidental 

findings, i.e., nodules found on CT scans performed for reasons other than cancer screening, 

the Fleischner Society [94] guidelines are considered the global standard, focusing on reducing 

unnecessary follow-up for low-risk incidental nodules. In the specific context of lung cancer 

screening, the Lung-RADS (Lung Imaging Reporting and Data System) [107] from the 

American College of Radiology is the mandatory standard in US-based screening. It consists 

of a structured reporting system with discrete assessment categories (0-4) to standardize 

management. Based on nodule characteristics such as size, density and growth, it has specific 

follow-up intervals. For example, solid nodules < 6mm or no solid nodules < 30 mm are 

considered Lung-RADS 1 and 2 and therefore benign nodules and should continue annual 

screening, while suspicious findings in Lung-RADS 4B or X should undergo immediate 

diagnostic workup. 

In contrast to the categorical approach proposed by Lung-RADS, the Pan-Canadian (PanCan) 

[122] model and British Thoracic Society (BTS) [123] guidelines utilize probabilistic risk 

calculators (the Brock model). This guideline estimates a continuous percentage risk of 

malignancy and advocates for volumetric analysis. Other guidelines include the European 

position statement [124] based on the NELSON trial’s findings and the National 

Comprehensive Cancer Network [125] composed of guidelines for oncologists to use after 

screening detection. While these guidelines differ in their specific algorithms, there is a unified 

consensus shifting toward volumetry-based management [96]. The European Society of 

Radiology and European Respiratory Society [96] emphasizes that measuring nodule volume 

and volume doubling time is superior to manual diameter measurement, which is prone to high 

inter-observer variability. This clinical pivot toward quantitative volumetric analysis highlights 

the necessity for 3D automated systems. 
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Deep learning-based techniques have emerged as an efficient tool for lung nodule classification 

tasks, demonstrating strong performance across diverse architectures and input strategies. 

These approaches can be differentiated based on their input strategy, such as end-to-end models 

that process CT volumes directly, patch-based methods centered on the nodule and segmented-

based approaches. Among end-to-end approached, Ardila et al.[126] proposed a 3D CNN 

processing full LDCT volumes, including both current and prior scans to predict lung cancer 

risk, achieving an AUC of 0.944 on 6716 NLST cases. Shuvo et al.[127] introduced a three-

stage hybrid pipeline integrating 3D Res-U-Net for lung segmentation, YOLOv5 for nodule 

detection and a Vision Transformer for binary classification, achieving 96.29% accuracy on 

LUNA16. Patch-based approaches use cropped nodule-centered regions without segmentation 

mask as input image for model training. Halder et al.[128] introduced a two-pathway 

architecture combining adaptive morphology operations and Gabor filtering to simultaneously 

capture textural and morphological nodule characteristics, reporting an AUC of 0.9936 on 

LIDC-IDRI dataset. Wang et al.[129] designed MResNet, which combines residual learning 

with a pyramid pooling module to fuse multi-scale coarse and fine-grained features from 

nodule-centered patches, obtaining an AUC of 0.928. Lv et al.[130] addressed data scarcity 

using a lightweight multi-scale interleaved fusion network on 50x50 nodule image patches, 

obtaining an accuracy of 94.82% on LUNA16. Annotation-dependent approached require 

nodule segmentation to train the DL classifier. Astaraki et al.[131] proposed a dual-pathway 

model integrating intra-nodule characteristics with contextual features extracted from 1,297 

manually segmented nodules, with a random forest classifier on top of the network, achieving 

an AUROC of 0.937. Chang et al.[132] developed a multi-view residual selective kernel 

network fed with axial, coronal and sagittal planes and added handcrafted texture features, 

achieving an AUC of 0.9711. Sun et al. [133] proposed Nodule-CLIP, which performs U-Net-

based 3D nodule segmentation before aligning the image, class, and attribute features through 

contrastive learning, achieving 90.6% classification accuracy on LIDC-IDRI. While these 

methods demonstrate remarkable classification performance, their reliance on learned latent 

representations limits the direct extraction of clinically meaningful features, motivating the 

exploration of quantitative imaging approaches such as radiomics. 

Radiomics aims to extract quantitative and reproducible information from diagnostic images 

such as CT, MRI, and PET, including complex patterns that are relevant but difficult to 

recognize or quantify by the human eye. As defined in the literature [134] [135], radiomics 
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refers to the high-throughput extraction of large amounts of quantitative features from medical 

images, effectively converting medical images into mineable, high-dimensional data. Unlike 

traditional radiological interpretation, which relies on subjective visual assessment of semantic 

features, radiomics mathematically quantifies the tumor. Combining radiomic features with 

machine learning algorithms enables the development of models to predict malignancy, patient 

survival, and other outcomes[136]. According to Pastorino et al.[8] and van der Aalst et al.[10], 

individual risk stratification using radiomic and AI analysis of baseline LDCT findings 

represents a promising development for future screening programs, improving the 
efficacy of limited health care resources and reducing costs. 

The typical radiomics pipeline consists in five main steps as shown in Figure 7: (1) image 
acquisition; (2) segmentation, where the region of interest (ROI) is defined;  (3) features 

extraction, where the mathematical descriptors from the segmented ROI (2D or 3D) is 

calculated using software like Pyradiomics; (4) feature analysis, in this step the redundant and 

correlated features are removed, the stability and discriminative analysis are also computed in 

this step to ensure feature robustness and relevancy; finally, (5) model development, in this 

step machine learning models such as decision tree, support vector machine, random forest, 

logistic regression etc. are trained and validated. Additionally, according to recommendations 

by the ESR [137], explainability analysis should be included as an important step in the 

radiomics pipeline to ensure transparency and interpretability, which are essential for 

facilitating the transition to clinical practice. 

 

Figure 7 – Radiomics pipeline consisting of five main steps: image acquisition, ROI 

segmentation, feature extraction, feature analysis and model development. 
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Radiomic features 

The quantitative features extracted in a radiomics pipeline are categorized into the following 

classes: shape and size features, first-order (statistical) features, and second-order 
(texture) features. The shape and size features describe the geometric properties of the ROI 

such as volume, area, sphericity and compactness. First-order features consist of global gray-

level histogram and describe the distribution of voxel intensities within the ROI, including 

mean, max, min, variance and percentiles, skewness and kurtosis, entropy and uniformity or 

energy. Texture features quantify the spatial interrelationships between voxels and include 

gray-level cooccurrence matrix (GLCM), gray-level run-length matrix (GLRLM), gray-level 

size zone matrix (GLSZM), gray-level distance zone matrix (GLDZM), neighborhood gray-

tone difference matrix (NGTDM), and neighborhood gray-level dependence matrix (NGLDM).  

Beyond these original features, higher-order features can be extracted by applying filters to the 

images. A prominent example is wavelet filtering, which decomposes the original image into 

different frequency components. This process yields eight separate decompositions for each 

level by applying either a High (H) or Low (L) pass filter across the three spatial dimensions, 

resulting in combinations such as LLL, LLH, LHL, LHH, etc. Extracting first-order and texture 

features from these wavelet-transformed images allows the model to capture complex 

multiscale information that may be hidden in the original image. 

The primary advantage of radiomics is its ability to provide a non-invasive virtual biopsy. As 

highlighted by the PyRadiomics study [135], solid tumors are spatially and temporally 

heterogeneous, however, a physical tissue biopsy can only capture a small sample of the tumor, 

which can potentially missing aggressive subclones. Conversely, radiomics captures the 

comprehensive phenotypic characteristics of the entire 3D volume. By correlating these textural 

patterns with malignancy, radiomics bridges the gap between medical imaging and personalized 

medicine. 

This capability is particularly valuable for managing indeterminate pulmonary nodules 

discovered incidentally or during CT screening, since traditional radiologist assessment relies 

on subjective visual indicators, such as size, borders and shape, which often leads to diagnostic 

uncertainty [138]. While invasive image-guided biopsies remain the reference standard for 

determining cancer subtype and confirming malignancy, radiomics could offer a non-invasive 
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alternative by extracting reproducible, quantitative data, thereby guiding management and 

reducing the need for invasive intervention.  

Furthermore, radiomics, usually paired with traditional machine learning algorithms, has the 

advantage of being interpretable and explainable compared to DL approaches. This distinction 

is particularly important because, despite the high theoretical performance of DL models, their 

translation into clinical practice is compromised by the black box phenomenon. For clinicians, 

a diagnosis score without interpretation is often insufficient to justify aggressive treatments 

such as resection or radiotherapy. Consequently, the transparency provided by radiomic 

features remains a significant factor in building clinical trust and facilitating the adoption of AI 

in screening workflows. 

Radiomics applications in lung cancer 

Recent literature has demonstrated the versatility of radiomics in complex lung diagnostic tasks 

such as histological subtyping, staging and malignancy classification. Song et al.[139] 

introduced latent representation learning as a novel feature engineering method, projecting 

original shape, intensity, and texture features into a latent space through a unique hybrid loss 

function. When tested on a multi-center dataset for non-small cell lung cancer (NSCLC) 

subtype classification from 8 international databases, this approach significantly improved 

classification performance compared to traditional methods (all p < 0.001). Dunn et al.[140] 

demonstrated the integration of DL segmentation with radiomic analysis for automated lung 

cancer subtype classification. Using the incremental multiple resolution residual network for 

automatic segmentation, they achieved an accuracy of 92.7% and an AUC of 97% when 

classifying three histological subtypes: adenocarcinoma, small cell carcinoma, and squamous 

cell carcinoma. Their analysis revealed that higher-order texture features were the most 

predictive for subtype classification. D'Arnese et al.[141] developed an automated pipeline 

using PET/CT images to characterize NSCLC histological subtypes with a mean accuracy of 

94.2%, enabling earlier diagnosis without immediate invasive intervention. Beyond primary 

tumor characterization, radiomics has shown promise in predicting lymph node metastasis in 

NSCLC, which is crucial for patient management and prognosis. Li et al.[142] conducted a 

comprehensive meta-analysis revealing that CT-based radiomics achieved a sensitivity of 0.84 

and specificity of 0.82 with an AUC of 0.90, while PET/CT radiomics demonstrated 

comparable performance with a sensitivity of 0.82, specificity of 0.86, and an AUC of 0.90. 
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These findings highlight radiomics as a non-invasive tool for predicting metastatic spread and 

the potential in supporting surgical planning and personalized treatment decisions. 

While subtyping and staging are critical for confirmed cancer patients, the primary challenge 

in screening scenarios is distinguishing malignant nodules from the vast number of benign false 

positives detected on LDCT. Although extensive research in the field of lung cancer screening 

using radiomics has been conducted, some studies report low sensitivity or specificity. For 

instance, Alahmari et al. [143] used 18 Rider features and trained them with a Random Forest 

model, achieving a sensitivity of 0.49 and a specificity of 0.93. Rundo et al. [144] used 32 

radiomic features trained with logistic regression, achieving a sensitivity of 0.67 and a 

specificity of 0.86. Conversely, Hunter et al. [145] achieved a higher sensitivity of 0.86 using 

5 radiomic features selected by LASSO and the K-means clustering algorithm, but at the cost 

of a low specificity of 0.56. Causey et al. [146] 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. [146] removed nodules with an average score for the likelihood 

of malignancy between 3 and 4 from the LIDC-IDRI dataset, which are the most challenging 

nodules to classify.  

While some models in the literature achieved good performance, they often used smaller 
sample sizes, for example, Choi et al. [147] (72 nodules), Selvam et al.[138] (88 nodules), 

Garau et al. [148] (113 nodules), and Liu et al. [149] (141 nodules), Mao et al. [150] (294 

nodules). Larger datasets contribute to more stable, unbiased ML models, thereby enhancing 

reliability and generalizability. Peikert et al. [151] achieved good 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. Table 4 summarizes recent 

studies that have applied radiomics to predict nodule malignancy in lung cancer screening. 

Besides the aforementioned limitations, some other challenges highlighted in the literature 

[152] include reproducibility issues, i.e., a significant portion of published studies as not 

reproducible because many studies rely on private dataset that are not publicly available, 

making independent validation impossible; lack of technical transparency, development 

environment, specific library and programing languages are often omitted as very few research 
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groups release their source code. Making code accessible would benefit the entire scientific 

community, fostering knowledge sharing and allowing researchers to build upon existing state-

of-the-art baselines rather than starting from scratch.   

Table 4 - Summary of recent studies applying radiomics for nodule malignancy prediction in 

lung cancer screening. 

Study Dataset 
(nodule size) 

LDCT? Model description Sen. Spc. Acc. AUC Limitations 

Choi et al. 
2018 [147] 

72 patients 
LIDC-IDRI 
(≥ 3 mm) 

yes 2 radiomic features, LASSO 
feature selection and SVM 
classification 

87.2% 81.2% 84.6% 0.89 small dataset 

Peikert et 
al. 2018 
[151] 

726 nodules from 
NLST 
(≥ 7 mm) 

yes 8 radiomic features selected 
and trained with LASSO 
model 

90.4% 85.5% - 0.94 selected data 
to balance 
the dataset 

Alahmari 
et al. 2018 
[143] 

467 cases from 
NLST  
(≥ 4 mm) 

yes 18 Rider features, ReliefF 
feature selection, Random 
Forest 

49.0% 93.0% - 0.82 low 
sensitivity  

Causey et 
al. 2018 
[146] 

664 nodules from 
LIDC-IDRI 
 (≥ 3 mm) 

no a logistic regression model 
trained only on a size metric 
(square root of the largest 
cross-sectional area) 

69.7%  
 

95.5%   82.6% 0.94 low 
sensitivity 

Mao et al. 
2019 [150] 

294 nodules  
(6-15 mm) 

yes 11 radiomic features, 
LASSO feature selection, 
linear regression model 

81.0% 92.2% 89.8% 0.90 small sample 
size 

Garau et 
al. 2020 
[148] 

113 nodules 
COSMOS 
(all sizes) 

yes 5 radiomic features, SVM-
LASSO 
test set: 72 nodules from 
LIDC-IDRI.  

90.0% FPR = 
35.5% 

79.1% 0.86 small sample 
size 

Liu et al. 
2021 [149] 

141 nodules 
(not specified) 

yes 3 radiomic features, 
radiomic monogram 

86.4% 85.7% 86.0% 0.98 small sample 
size, 
potential 
selection 
bias 

Rundo et 
al. [144] 

703 nodules from 
the bioMILD trial  
(all sizes) 

yes 32 radiomic features, 
Borderline-SMOTE over-
sampling method, elastic net 
regularization for logistic 
regression, tested with a 
blind test 

67.0% 86.2% 76.6% 0.82 low 
sensitivity 

Selvam et 
al. [138] 

88 nodules (not 
specified) 

no 10 radiomic features 
selected by random forest 
classifier, XGBoost 
algorithm 

89% 85% 89% 0.89 small sample 
size, 

Hunter et 
al. [145] 

990 nodules (5-
15 mm) 

mix 5 radiomic features selected 
by LASSO, K-means 
clustering  

86% 56% 73% 0.78 low 
specificity 

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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Metrics to evaluate lung nodule classification 

To evaluate the performance of machine learning models in lung nodule classification, 

specifically distinguishing between benign and malignant nodules, metrics such as sensitivity, 
specificity, accuracy, balanced accuracy, area under the ROC curve (AUC) and false 
positive rate are often reported. These metrics are computed from the confusion matrix, which 

summarizes true positives (TP), true negatives (TN), false positives (FP), and false negatives 

(FN). 

AUC is based on the receiver operating characteristic (ROC) curve, which plots sensitivity on 

the y-axis against false positive rate (FPR) on the x-axis at various classification thresholds. 

The AUC provides a single value ranging from 0.5 to 1, where 1 indicates a perfect model that 

correctly distinguishes all samples, whereas 0.5 indicates a random guess. 
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1.3. Thesis motivation and objectives 

Increasing survival rates through lung cancer screening have been demonstrated in several 

large-scale clinical trials. However, the implementation of these screening programs still faces 

technical and clinical challenges. While potentially cost-effective in the long term, screening 

programs impose an economic burden because they require manual analysis of large volumes 

of CT scans. Furthermore, the high rate of false positives remains a critical barrier as it leads to 

overdiagnosis, triggering unnecessary invasive biopsies and causing significant psychological 

distress for patients. 

CAD and AI offer promising solutions to streamline this process. However, their effectiveness 

is often constrained by imaging modality. Although LDCT reduces patient radiation exposure, 

it inevitably compromises image quality, resulting in lower signal-to-noise ratios, increased 

noise, and artifacts that can obscure diagnostic details. Additionally, the development of robust 

AI tools to assist radiologists in screening scenarios faces a bottleneck due to the scarcity of 

annotated LDCT datasets. Even though many models with good performance have been 

developed and extensive research has been done in the field of lung cancer, most of the studies 

focus on the usual SDCT scan rather than LDCT, which is used in screening protocols. This 

creates a domain gap that limits their reliability in real-world screening scenarios. This PhD 
project aims to bridge these gaps by developing AI-based tools specifically tailored for 
lung cancer screening. To this end, the research focuses on overcoming data scarcity and 

image degradation issues to build robust algorithms for both nodule detection and 
interpretable classification.   

Objective 1 

A substantial portion of current literature focuses on image restoration (denoising) to improve 

LDCT quality. However, these conventional methods either require raw projection data, which 

is scanner-specific and often inaccessible, or paired SDCT-LDCT image datasets for training, 

which is problematic as it is unethical to expose patients to repeated CT scans. To overcome 

these limitations, some researchers create synthetic LDCT images by degrading existing SDCT 

data to train denoising [45], [46], [49]. Others rely on the dataset from the 2016 LDCT Grand 

Challenge, yet even this standard benchmark was generated using a validated noise-insertion 
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method rather than raw clinical paired [12], [17].  Therefore, as paired clinical data is not 

publicly available, the field of denoising relies on synthetic approaches.   

This PhD project shifts the focus from denoising LDCT to generating diagnostically 

representative LDCT images from existing SDCT data through a degradation step. By using 

these generated images to train and validate robust radiomic classifiers, this strategy directly 

addresses the domain gap. This approach bypasses the high computational cost of image 

restoration and ensures that downstream models are trained on data that accurately reflects the 

noise profile of clinical screening scans.  

 

Objective 2 
Automated diagnostic tools powered by artificial intelligence are critical for alleviating 

radiologists' workload in detecting nodules on screening scans. However, the reliability of these 

models depends on the quality and quantity of the dataset, which remains costly and time-

consuming to collect and curate. State-of-the-art transformer-based methods have shown 

superior performance, but their effectiveness is limited by data availability, requiring robust 

pretraining strategies [99], [114], [116]. To address data insufficiency, various self-supervised 

and semi-supervised approaches [109], [110], [112] have been proposed to leverage large 

amounts of unlabeled data. Among them, MIM [115], [117], [153] has proven effective by 

training models to reconstruct masked regions of inputs, forcing them to learn rich, contextual 

visual representations, leading to improved performance for downstream tasks in 3D medical 

reasoning, such as classification [118], and segmentation [119].   

Consequently, this thesis proposes to advance lung nodule detection by leveraging self-

supervised pretraining of transformer backbones to enhance the state-of-the-art nnDetection 

framework. [154]. By treating 3D CT volumes as sequential spatiotemporal data (analogous to 

video), vast amounts of unlabeled data can be exploited to pre-train the model. This forces the 

network to learn rich, contextual anatomical representations by reconstructing masked regions, 

providing a robust initialization for detecting nodules in 3D volumes without relying on large, 

labeled datasets. 

Objective 1: To evaluate and compare multiple degradation techniques on CT images. This 

involves: (1) providing a systematic comparison of different physical and synthetic 

degradation methods; and (2) validating the feasibility of using degraded SDCT images for 

developing downstream classification models. 
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Objective 3 
Once a nodule is detected, the subsequent challenge is distinguishing benign from malignant. 

However, LDCT screening is associated with a high false-positive rate: up to 96.4% of positive 

screening results were false positives [4]. While deep learning classifiers exist, they often lack 

transparency, which limits clinical trust. Radiomics offers an interpretable alternative, 

extracting quantitative biomarkers (shape, texture) that align with biological characteristics.  

However, developing a robust radiomics classifier for screening is hindered by dataset 

limitations: the NLST (screening) dataset lacks segmentation, whereas the LIDC-IDRI 

(segmented) dataset is mostly SDCT. To address this, we leverage the mixed nature of the 

LIDC-IDRI dataset, which contains both SDCT and LDCT images. One of the degradation 

strategies studied in Objective 1 is applied to the SDCT images, while the subset of real LDCT 

images in the LIDC-IDRI dataset is reserved for testing. Training the radiomics model on 

simulated LDCT images generated from SDCT scans enables the development of a classifier 

robust to the noise characteristics of screening scans, while retaining the interpretability 

necessary for clinical decision support. This approach not only addresses the scarcity of 

annotated LDCT data but also offers a novel solution to explore the potential inclusion and 

utilization of SDCT images to develop screening-specific AI tools. 

 

 

Objective 2: To leverage state-of-the-art self-supervised training methods on large domain-

specific lung screening CT datasets. This involves adapting MIM-based pre-training, 

specifically Video-MAE, to 3D transformer backbones and fine-tuning them on annotated 

datasets to achieve state-of-the-art lung nodule detection performance.  

 

Objective 3: To develop an algorithm for lung nodule classification using radiomics, 

addressing the lower signal-to-noise ratio resulting from LDCT acquisitions. The goal is to 

build an interpretable model trained on synthetic LDCT data that can accurately distinguish 

likely benign from likely malignant nodules in real-world screening scenarios. 
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1.4. Thesis Outline 

The present thesis is organized into five chapters, structured to guide the reader from the clinical 

context and theoretical background to the state of the art and methodological innovations. 

Chapter 1 consists of a cover essay, which describes the clinical problem addressed, covers the 

theoretical background and related work, and outlines the specific objectives of this thesis. 

Chapters 2 through 4 detail the methodological contributions. Chapter 5 concludes with a 

summary of the main contributions, a discussion of limitations and a reflection on future 

research developments. A brief overview of the remaining chapters is provided below:  

 

• Chapter 2 provides a systematic comparison of three CT image degradation methods 

for generating synthetic LDCT images and evaluates the efficacy of each method in 

training robust nodule classification models. The study included approaches ranging 

from sinogram-domain statistical simulation (method 1), to the replication of a validated 

physics-based method using Pix2Pix (method 2), and unpaired image generation using 

CycleGAN (method 3). To compare these simulation methods, an evaluation pipeline 

based on a radiomics-based nodule classification task is proposed. This pipeline uses 

radiomic features extracted from degraded SDCT images generated by applying the 

three methods to train the classifier, and reserves LDCT for validation and testing. For 

each degradation method, the pipeline proceeds with feature extraction from nodule 

annotations, feature selection and the training and testing of machine learning models. 

Finally, non-parametric statistical tests were used to compare the performance of the 

degradation methods. 

• Chapter 3 proposes a lung nodule detection framework that leverages state-of-the-art 

self-supervised training methods on a large domain-specific lung screening CT dataset. 

This chapter details the adaptation of masked image modeling to 3D transformer-based 

backbones, specifically Video-Vit and SwinUNETR, for lung nodule detection using 

the nnDetection framework for the finetuning lung nodule detection task. The 

methodology involves large-scale pre-training using the unlabeled NLST dataset to 

learn robust spatial representations, followed by fine-tuning on the annotated LUNA16 

dataset. Furthermore, the work assesses the framework's effectiveness across 

architectural variations, including the inclusion of skip connections and varying input 
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resolutions (16×224×224 and 64×128×128). This study advances the use of pretrained 

transformers for medical detection tasks. 

Chapter 4 presents the development of an explainable radiomics-based pipeline for 

classifying lung nodules, using degraded CT images generated by one of the methods 

investigated in Chapter 2. This chapter includes research presented at a conference and 

an extended journal paper. While both studies share the same concept, their 

methodologies differ in dataset management and feature selection strategies. Although 

both studies used the LIDC-IDRI dataset, in the conference paper a repeated random 

sampling strategy was employed, selecting 400 subjects across ten iterations. Within 

each iteration, data were split into training and test sets at an 8:2 ratio, resulting in a mix 

of simulated (degraded SDCT) and real LDCT images in both sets. In the journal paper, 

the full dataset was utilized and to ensure more rigorous validation, degraded SDCT 

was used for model training, while real LDCT images were reserved for model 

validation and testing. This strategy effectively addresses the limited availability of 

annotated LDCT images for training while ensuring the model's validity through testing 

on real LDCT images. In terms of feature selection strategies, it was limited to the 

gradient-boosted decision tree method in the conference paper, whereas six different 

feature selection techniques (1. principal component analysis, 2. recursive feature 

elimination, 3. feature selection using random forest, 4. least absolute shrinkage and 

selection operator, 5. feature selection using gradient-boosted decision tree and 6. 

minimum redundancy maximum relevance) were assessed in the journal paper. 

Furthermore, feature selection was performed on three different feature subsets 

independently: (a) only shape and size features, (b) all features but SS features, and (c) 

all features. These three sets were chosen to assess the relevance of nodule 

morphological characteristics on the prediction. Both studies addressed class imbalance 

through a ROI perturbation technique for oversampling combined with random 

undersampling strategy. Subsequently, six machine learning models were trained and 

validated for both studies: random forest, AdaBoost, XGBoost, decision tree, K-nearest 

neighbors, and logistic regression. In both works, the optimal developed model was 

evaluated on the test set and SHAP (SHapley Additive exPlanations) was used to 

explain the predictions. 

• Chapter 5 summarizes the main findings, discusses the limitations of the current work 

and outlines potential future developments.
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A Comparative Analysis of CT Degradation for LDCT 
Nodule Classification using Radiomics 

Jiaying Liu, Anna Corti, Valentina D.A. Corino, Luca Mainardi 

Abstract— Low-dose computed tomography (LDCT) is the 
standard modality for lung cancer screening, known for its 
low radiation dose but high noise levels. While existing 
literature focuses on denoising LDCT images, comparative 
research on simulating LDCT characteristics to directly use 
these images for model development is lacking. This study 
shifts the focus from denoising images to degrading 
available standard-dose CT (SDCT) data, generating 
synthetic images for data augmentation to train classifiers 
for screening-detected nodules. We compare three 
degradation methods: (1) a sinogram domain statistical 
noise insertion; (2) replicate a validated physics-based 
simulation using Pix2Pix; and (3) unpaired CycleGAN. The 
generated images were utilized to simulate LDCT screening 
scenario replacing 695 SDCT cases from the LIDC-IDRI 
dataset, from which radiomic features were extracted to train 
machine learning models for lung nodule classification. 
Regarding image quality, CycleGAN achieved the best 
Fréchet inception distance (0.1734) and kernel inception 
distance (0.0813±0.1002) scores, indicating distributional 
alignment with the target low-dose domain. In the nodule 
classification task, results confirmed the necessity of 
domain adaptation since a baseline model trained on non-
degraded SDCT data failed to generalize to the real LDCT set 
(AUC 0.789) with a low sensitivity (0.571). Degraded images 
generated using CycleGAN approach led to the most 
balanced performance on the classification task using Adam 
Booster classifier, achieving an AUC of 0.861, sensitivity of 
0.743 and specificity of 0.858 in the independent test. Our 
findings confirm that generating synthetic LDCT data from 
standard-dose scans is a viable strategy for training robust 
nodule classifiers for screening detected nodules. 
 

Index Terms—low-dose CT, image degradation, lung 
nodule classification, radiomics, generative adversarial 
networks, synthetic data augmentation.  

I. INTRODUCTION 
UNG cancer remains the leading cause of cancer-related 
mortality worldwide [1]. Early detection through lung 
cancer screening has been shown to significantly reduce 
mortality as evidenced in several clinical trials [2], [3]. 

Through these trials, low-dose computed tomography (LDCT) 
has emerged as the preferred imaging modality for this 
screening, as it provides the necessary diagnostic capability 
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while minimizing the inherent risk of cumulative radiation 
exposure associated with standard-dose computed tomography 
(SDCT) scans (also referred to as routine-dose and full-dose). 
Nonetheless, lower radiation dose results in a lower signal-to-
noise ratio and in images with lower contrast, blurring and 
increased noise and artifacts, all of which may affect clinicians’ 
diagnostic results. Consequently, a substantial portion of the 
current literature focuses on LDCT image restoration methods 
to improve LDCT image quality [4]. Conventional restoration 
methods can be categorized into three groups: sinogram domain 
filtering, iterative reconstruction and image domain restoration 
[5]. The sinogram domain filtering directly works on the raw 
projection data before back-projection, allowing for accurate 
computation of noise statistics. Iterative reconstruction 
methods alternate between the sinogram and image domains, 
which results in high computational expense. Image domain 
restoration is considered a post-processing method directly 
applied to reconstructed images. These conventional methods 
either requires access to raw projection data, which is scanner-
specific and inaccessible, or paired SDCT-LDCT image 
datasets for training, which is problematic as it is unethical to 
expose patients to repeated computed tomography (CT) scans. 
To overcome these limitations, some researchers create 
synthetic LDCT images by degrading existing SDCT data to 
train denoising [6], [7], [8]. Others rely on the dataset from the 
2016 LDCT Grand challenge, yet even this standard benchmark 
was generated using a validated noise insertion method rather 
than raw clinical paired [9], [10].  Therefore, as paired clinical 
data is not publicly available, the field of denoising relies on 
synthetic approaches.  While these approaches could be 
effective in benchmarks, there are two drawbacks: (1) the noise 
simulation is often treated as a secondary step, potentially 
compromising the fidelity of the synthetic images and the real-
world generalizability of models trained on them; and (2) the 
cycles of synthetic degradation and subsequent denoising are 
computationally expensive and time-consuming during both 
development and clinical implementation.  

This study shifts the focus from denoising LDCT to 
generating diagnostically representative LDCT images from 
existing SDCT data, by a degradation step. Instead of denoising 
the images, this study aims to (1) compare degradation methods 
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for synthetic image generation and (2) use these generated 
images to train and validate a robust classifier using radiomics.  

Radiomics is an approach that extracts high-throughput 
quantitative features from a region of interest, allowing for the 
acquisition of more accurate information that may be hidden 
from the human eye for analysis and predictive modeling in 
precision medicine. This approach faces a practical limitation: 
the lack of annotated LDCT datasets. To overcome this, we 
leverage the Lung Image Database Consortium and Image 
Database Resource Initiative (LIDC-IDRI) dataset, which 
contains mainly SDCT images but also LDCT, and propose a 
framework to generate simulated LDCT scans to bridge the 
domain gap for model training, reserving the real LDCT scans 
for model validation and testing.  

This paper aims to: (1) provide a systematic comparison and 
evaluation of different LDCT degradation methods; and (2) 
introduce an approach that bypasses denoising and instead 
validates the feasibility of using SDCT images for developing 
downstream classification models. 

II. MATERIALS AND METHODS 

A. Datasets 
 

This study uses two datasets: the LIDC-IDRI [11] and the 
Low-Dose CT Image and Projection Data [12], which expands 
upon the subset originally released for the 2016 LDCT Grand 
Challenge. 

A.1. LIDC-IDRI dataset 
The LIDC-IDRI dataset consists of 1018 thoracic CT scans 

acquired from 1010 participants, with nodule annotations 
performed by one to four experienced radiologists. Consistent 
with the literature [13], [14], we defined LDCT as acquisitions 
with a tube current ≤ 80 mA, equivalent to 40 mAs assuming a 
typical gantry rotation time of 0.5 seconds. Fig.1 shows 
examples of SDCT (a) and LDCT (b) subjects from the LIDC-
IDRI dataset and examples of the corresponding nodule 
annotations. 

                (a)  SDCT                                           (b) LDCT 
 

Fig. 1. Examples of SDCT (a) and LDCT (b) subjects from the LIDC-
IDRI dataset and examples of the corresponding nodule annotations. 

 
All images were preprocessed to reduce the image-related 

sources of variability. The preprocessing steps included 
Hounsfield Unit (HU) conversion, intensity range clipping to a 
window of [-1200,600] HU, denoising using a 3D Gaussian 
filter with a 3 × 3 × 3 voxel kernel and σ = 0.5, and image 
normalization to the [0,1] range.  

After excluding the duplicated participants, a total of 2625 
nodules, each assigned as ≥ 3 mm (lesions with the greatest in-

plane dimension in the range 3–30 mm) marked by at least one 
radiologist, were included in this study.  Table I describes the 
LIDC-IDRI dataset. 

TABLE I 
SUMMARY OF THE LIDC-IDRI DATASET USED IN THIS STUDY. 

 

A.2. Low-dose CT image and projection dataset 
The Low-Dose CT Image and Projection dataset [12] is 

composed of full-dose and quarter-dose projection data and 
images from 299 patients, including CT scans of the head, 
chest, and abdomen. For our study, we focused on a subset of 
50 paired chest CT scans, which included both SDCT and 
simulated LDCT images. Fig. 2 shows an example of paired 
SDCT and simulated LDCT slices from the dataset. Reduced 
dose projection data were simulated for each scan using a 
validated noise-insertion method that considers the effects of 
the bowtie filter, automatic tube current modulation and 
electronic noise [15].  

 

 
 
Fig. 2. Example of paired SDCT and simulated LDCT slices from the 

Low-dose CT image and projection dataset. 

B. Methods 
LDCT images are degraded by quantum noise and various 

artifacts during the image acquisition, which lead to a non-
uniform distribution of noise over the image space as well as 
the presence of blurring and streaking artifacts (see Fig.1 and 
Fig.2). While typical LDCT simulation algorithms inject 
Poisson noise into SDCT sinograms to mimic the dominant 
quantum noise, this approach oversimplifies the complex, 
stochastic nature of real LDCT noise. Therefore, to more 
accurately simulate LDCT images using SDCT data, we 
compared three degradation techniques: 1) sinogram domain 
noise injection [16], 2) a validated physics-based degradation 
model using Pix2Pix [15], [17], and 3) cycle-consistent 
generative adversarial network (CycleGAN), a popular 
unpaired image-to-image translation method [18]. A detailed 
description of these methods and the implemented training 
strategies is provided in the following sections. 

To compare the LDCT simulation methods, we propose a 
pipeline (Fig.3) that includes a radiomics-based nodule 

LIDC-IDRI dataset SDCT LDCT 

Nr. participants 695 315 

Nr. nodules 1950 675 

Non-malignant (average likelihood <4) 1725 606 

Malignant (average likelihood >4) 225 69 
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classification task. First, the LIDC-IDRI dataset was split into 
SDCT, which is reserved for training, and LDCT, which is used 
for 50% validation and 50% testing. Then, the SDCT training 
set is degraded following the three selected degradation 
methods. For each degradation method, the pipeline proceeds 
to extract radiomic features from nodule annotations, perform 
feature selection, train and test machine learning models. 

 

 
 
Fig. 3. Overview of the pipeline. 

 
The pipeline was developed using Python 3.9. The code can 

be found at https://github.com/jiayingliu423/LDCT-
degradation-and-nodule-classification.  
 

B.1.Method 1 – Simple sinogram-domain simulation  
The first degradation method (method 1) is a simple low-

dose CT simulation strategy in the sinogram domain using the 
raw data from a high-dose scan as proposed by [16] and utilized 
in the work of [19]. This method simulates LDCT by adding 
Poisson and Gaussian noise to mimic the effect of electronic 
and quantum noise and has the advantage of being 
computationally lightweight while requiring minimal scanner-
specific parameters. Briefly, standard dose sinogram data were 
obtained by using Radon transformation; subsequently, 
simulated Poisson and Gaussian noise were added so that the 
low dose sinogram data were generated as shown in Fig. 4. 
Equation 1 describes the calculation for the low dose sinogram 
data (!!",$%&): 

!!",$%& = #$% '!",$%&'

()%$$)*+	'!",$%&' ($)∗012	(34$")56789$$%8*:&(,;()<
  

(1) 
where &!",$%&=  is the simulated low-dose scan incident flux, !$" 
is the standard-dose sinogram data obtained from the original 

SDCT images using Radon transformation, '> and (>? are the 
mean and variance of the electronic noise, respectively. Finally, 
the simulated LDCT images were reconstructed from the low-
dose sinogram data using the inverse Radon transform.  
 

 
 
Fig. 4. 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. Adapted from [19]. 

B.2. Method 2 – Physics-based degradation model 
replication using Pix2Pix 

The second degradation method (method 2) studied in this 
paper is inspired by the LDCT grand challenge, which uses a 
validated physics-based noise modeling technique from Yu et 
al.[15] to generate the low-dose images present in the challenge 
dataset. Yu et al.’s technique incorporates the effect of bowtie 
filters, automatic exposure control and electronic noise. The 
noise insertion method requires scaling the incident photon 
number and adding normally distributed stochastic noise, as 
described in their equation:  

)@* ≈ )A +-B38
8 ⋅ 012((*)C'*

⋅ (1 + B68
8 ⋅ C(⋅012((*)C'*

)2        (2) 

where )@*  is the simulated low dose data, )A  is data at a 
higher tube current setting, 3	(0 < a < 1)	 is a dose scaling 
factor, 8=A is the incident photon flux corresponding to )A,  2  
is a normally distributed stochastic process with zero mean and 
a unit variance, 8> represents the electronic noise. 

Directly reproducing this model requires access to raw 
projection data, incident flux calibration and detailed scanner-
specific variables, which are often inaccessible. We, therefore, 
leveraged the publicly available LDCT image and projection 
data dataset (challenge dataset)[12], which was generated using 
the [15] model and we estimate the scanner specific SDCT-to-
LDCT transformation using the Pix2Pix [17]. 

Pix2pix, a conditional generative adversarial network 
(GAN), was selected for its ability to utilize paired training data 
to enforce strict anatomical consistency while synthesizing 
noise textures. The framework, as shown in Fig.5, consists of 
1) a generator (G), composed by U-Net architecture with skip 
connections, and 2) a discriminator (D) PatchGAN that 
classified local NxN image patches as real or fake. In this way, 
the generator with the help of the discriminator which focuses 
on local patches, is forced to learn to simulate low dose images 
noise characteristics. The original objective function minimizes 
a combination of (a) the conditional adversarial loss (9E7AC), 
which encourages the generator to produce realistic low-dose 
images that are indistinguishable from the low-dose domain; 
and (b) the 91 reconstruction loss (9FB) which enforces pixel-
wise similarity between the generated LD image output and the 
paired ground truth image. We included the structural similarity 

https://github.com/jiayingliu423/LDCT-degradation-and-nodule-classification
https://github.com/jiayingliu423/LDCT-degradation-and-nodule-classification
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index (SSIM) loss term in addition to the standard adversarial 
and 91  loss to further enhance the perceptual quality and 
structural preservation of the CT images. The loss function is 
defined as: 

 
9(:, <) = 	9E7AC(:, <) + =FB9FB(:) + =GG'H9GG'H(:) (3) 

 
where =FB  and =GG'H  are the weights for the correspondent 
losses. In our experiment, we set both =FB = 50	 and =GG'H =
50. 

 
Fig. 5. Architecture of Pix2Pix, composed by a generator (G) and a 
discriminator (D), used to replicate the degradation method from [15], 
leveraging paired images provided by the low-dose grand challenge 
dataset. SDCT: standard-dose CT, LDCT: low-dose CT. 

Training strategy 
The 50 paired chest CT scans, with consistent 512x512 pixels 

per slice, from the low-dose grand challenge dataset was 
partitioned into an 80-20 split for training and validation, 
respectively. The model was trained for 200 epochs (100 
epochs at a constant learning followed by 100 epochs of linear 
decay) with a batch size of 32. Evaluation was performed using 
multi-scale SSIM (MS-SSIM) and mean absolute error (MAE) 
to assess structural accuracy. 
 

B.3. Method 3 – Unpaired image generation using 
CycleGAN  

For the third degradation method (method 3), we utilize 
CycleGAN[18], a popular GAN designed for unpaired image-
to-image translation, capable of learning the characteristic noise 
distribution and artifacts of the LDCT domain directly from 
unpaired SDCT and LDCT images. CycleGAN, as shown in 
Fig. 6, is composed of two mapping functions (generators): 
::@ → B  and C: B → @ ; and two associated adversarial 
discriminators: <I and <J. In our study, generator : translates 
images from the SDCT (domain X) to the LDCT (domain Y), 
and F performs the reverse translation from LDCT to SDCT. 
The discriminator <J aims to distinguish between real LDCT 
images and generated LDCT images (:(2)). In this way, <J 
encourages generator : to produce realistic LDCT images that 
are indistinguishable from the true LDCT images. Similarly, <I 
should differentiate between real SDCT images and generated 
SDCT images C(2) , guiding generator C  to create realist 
SDCT images.  

The overall objective function minimizes a combination of a) 
the adversarial loss (ℒ7AC ), which encourages the generated 

images to match the distribution of images in the target domain 
(low-dose); and b) cycle consistency loss (ℒEJE) which enforces 
the intuition that an image translated from @ to B and back to @ 
(and vice versa) should be close to the original image, i.e., 
CE:(2)F ≈ 2 and :EC(G)F ≈ G. The complete loss function is 
defined as: 

 
ℒ(:, C, <K, <L) = 	ℒ7AC	(:, <L, @, B) +
ℒ7AC	(C, <K, B, @) + =ℒEJE(:, C)     (4) 

where = controls the relative importance of the two losses.  

 
Fig. 6. Schematic representation of the CycleGAN model. Generator 

! translates images from the SDCT to the LDCT, and F performs the 
reverse translation from LDCT to SDCT. Discriminator "!  aims to 
distinguish between real LDCT images and generated LDCT images 
(!($) ) and ""  should differentiate between real SDCT images and 
generated SDCT images &($)).  

 
Training strategy 

The SDCT images were split into 80-20 for training and 
testing (see Table II), resulting in 556 subjects and 139,301 2D 
images in the training set and 139 subjects and 35,280 2D 
images for testing. All the LDCT images, consisting of 315 
subjects and 68,302 2D images, were used for training. The 
input and output image sizes were 512x512. For every 5, 10, 15, 
20 and 25 epochs, we used the reserved SDCT test set to 
evaluate the CycleGAN model using Fréchet Inception 
Distance (FID) and Kernel Inception Distance (KID) metrics to 
quantify distributional similarity to the LDCT target domain. 
The FID score measures the similarity between the feature 
distributions of the real LDCT images and the generated LDCT 
images. The lower the FID score, the closer the generated 
images are to the real data distribution. The KID score uses the 
maximum mean discrepancy (MMD) to measure the distance 
between feature distributions. Similar to FID, the lower the KID 
score, the better the model's performance in generating LDCT 
images. 

TABLE II 
NUMBER OF SUBJECTS AND IMAGES FROM THE LIDC DATASET USED IN 

THE TRAINING AND TESTING CYCLEGAN. 
LIDC-IDRI dataset for CycleGAN 

training 
Subjects Images 

Training X – SDCT (80%) 556 139301 

Training Y – LDCT 315 68302 

Test X – SDCT (20%) 139 35280 
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B.4. Radiomic pipeline 
 

The three degradation methods were employed as image 
generator for training a pulmonary nodule classification, 
following the methodology proposed in our previous work [19]. 
This classification task ensures a comparative assessment of 
each simulation method’s ability to preserve diagnostically 
relevant information and enhance classification performance. 
The pipeline is summarized in Fig.7 and consists of (1) 
radiomic feature extraction, feature selection, (2) balancing the 
training set, (3) model training, (4) model validation and (5) 
evaluation including explainability analysis. Radiomic features 
were extracted using PyRadiomics[20], following the 
methodology of our prior work [19] with settings adapted for 
normalized CT volumes. Extraction was performed in 3D on 
isotropically resampled volumes (1×1×1 mm, sitkBSpline 
interpolation). Intensity values were Z-score normalized prior 
to extraction, and gray-level discretization used a fixed bin 
count of 32. Features were computed on both the original image 
and wavelet-decomposed images, spanning seven feature 
classes: shape, first-order, GLCM, GLRLM, GLSZM, 
NGTDM, and GLDM, yielding 851 features in total. 
PyRadiomics implements features in accordance with the 
Image Biomarker Standardisation Initiative (IBSI) guidelines, 
ensuring reproducibility across implementations. The YAML 
configuration file used for extraction is provided as 
supplementary material.  Feature selection step included 
stability and discriminative analysis, the removal of redundant 
features and the feature selection using absolute shrinkage and 
selection operator (LASSO), minimum redundancy maximum 
relevance (MRMR), principal component analysis (PCA), 
recursive feature elimination (RFE), feature selection using 
gradient-boosted decision tree (GBDT) and random forest (RF). 
To address the imbalanced training dataset (1725 non-
malignant nodules and 225 malignant nodules), a data 
augmentation technique introduced in [21] was first applied to 
the minority class (225 malignant nodules). This augmentation 
technique consisted in the application of ROI perturbations, 
including 15% dilation and erosion, as well as random contour 
adjustments, resulting in a total of 900 malignant nodules. 
Subsequently, random undersampling was applied to the 
majority class (1725 benign nodules) to achieve 900 benign 
nodules. Model training included the training of six 
classification models: AdaBoost, Decision Tree (DT), k-
Nearest Neighbors (KNN), Logistic Regression, Random 
Forest (RF), and eXtreme Gradient Boosting (XGB).  

 

Fig. 7. Pipeline for pulmonary nodule classification using radiomics. 

 
During the validation phase, 50% of the LDCT cases was 

used to optimize model parameters, including: (1) selecting the 
optimal decision threshold for the receiver operating 
characteristic (ROC) curve determined by the minimum 
Euclidean distance to point (0,1); (2) identifying the optimal 
feature subset size from 5, 10, 15, 20 features (except for 
LASSO) based on the area under the ROC curve (AUC); and 
(3) determining the best feature selection and classifier 
combination based on a metric obtained by averaging the AUC, 
balanced accuracy, sensitivity and specificity. The final 
selected model and feature set for each degradation method 
were tested on the reserved test set (the remaining 50% of the 
real LDCT cases). Finally, during testing, 1000 bootstrapping 
iterations with 10% replacement were computed to obtain the 
average and 95% confidence interval (CI) for each performance 
metric.  

To ensure experimental validity, we emphasize the strict 
separation between the image synthesis and classification 
pipelines. CycleGAN was trained in the SDCT to LDCT 
direction using real SDCT images as source and real LDCT 
images as unpaired target-domain references. The resulting 
synthetic LDCT images, generated from SDCT subjects, 
constitute the classifier training set. The 315 real LDCT 
subjects are used exclusively as the classifier validation and test 
set and are never or included in classifier training. This design 
ensures that no test subject contributes, directly or indirectly, to 
classifier training, and that the evaluation reflects genuine 
generalization to unseen real LDCT data. 

 
B.5. Statistical analysis for method comparison 
 

Non-parametric statistical tests were used to compare the 
performance of the degradation methods. The primary analysis 
was conducted using the Friedman non-parametric test to 
determine if there was a statistically significant difference in the 
performance among the three degradation methods. If the !-
value from the Friedman test was less than 0.05, it indicates that 
the difference is significant and a pairwise comparison is 
computed using the Wilcoxon signed-rank test with corrected 
!-values using the Bonferroni correction.   

III. RESULTS 
This section presents the results of this study, organized in 

the following way: (1) evaluation of the degradation methods 
based on visual and quantitative metrics; (2) performance of the 
radiomics-based pulmonary nodule classification model when 
trained on the simulated LDCT data; and (3) statistical 
comparison of the three degradation approaches. 

 

A. Degradation method evaluation 
 

In this section, we report the intrinsic performance metrics 
used during model development, as well as the final cross-
method qualitative and quantitative comparison.  
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A.1. Intrinsic results during model development 
 

Due to the distinct architectural nature of each degradation 
method (deterministic, paired and unpaired), different 
validation metrics were required for optimization prior to the 
final comparative analysis. 

For method 1, as it was a deterministic noise insertion 
method rather than a learnable parameter-based model, no 
optimization metrics were applicable.  

For method 2, Pix2Pix paired translation model, performance 
was evaluated using pixel-wise reconstruction metrics. After 
200 epochs, the model achieved a MAE of 0.0961 and a MS-
SSIM of 0.7192 on the validation.  

For method 3, the CycleGAN unpaired translation model was 
evaluated by translating the reserved SDCT test set to the 
LDCT domain and comparing it against the real LDCT 
reference distribution. The training performance over epochs is 
presented in Table III. The model consistently improved until 
epoch 20 achieving the lowest FID and KID scores and was thus 
selected to degrade the SDCT images from the LIDC-IDRI 
dataset.  

TABLE III 
RESULTS OBTAINED FROM CYCLEGAN AFTER TRAINING FOR 5, 10, 15, 

20 EPOCHS AND 21 EPOCHS.  
Testing epoch  FID  KID (mean; std) 

Epoch 5 1.0458 2.9562; 1.7077 

Epoch 10 0.3505 0.5087; 0.5918 

Epoch 15 0.1645 0.4115; 0.7622 

Epoch 20 0.0925 0.1304; 0.5235 

Epoch 21 0.1891 0.2578; 0.4185 

 
A.2. Cross-method qualitative and quantitative 

comparison  
 
The visual characteristics of the simulated LDCT patches in 

comparison to the original SDCT patch are presented in Fig.8. 
All three methods introduce visible non-uniform noise 
compared to the original SD patch. Method 1 presents a 
noticeable fine granular noise, similar to salt-and-pepper noise, 
while method 2 presents more pronounced, coarse-grained 
noise with distinct streak artifacts visible in high-density 
regions, such as chest wall. Method 3 shows blurriness, a 
characteristic found in LDCT images. 

To provide a quantitative comparison, distributional 
similarity metrics FID and KID scores were computed using 
128x128 center-cropped CT slice patches from degraded 
images, referencing the real LDCT slices as the target ground 
truth distribution (see Table IV). 

The baseline SDCT images obtained an FID of 1.1494 and 
mean KID of 1.3695. Notably, method 1 and method 2 obtained 
a higher FID and KID scores compared to the SDCT baseline 
(method 1 FID: 4.0717; method 2 FID: 4.6729), indicating that 
while visually these methods introduced noise artifacts, the 
statistical characteristics of this synthetic noise deviated from 
the noise of real LDCTs, causing a divergence in the deep 
feature space. In contrast, method 3 outperformed both the 
baseline and the paired degradation methods, achieving the 

lowest scores (FID: 0.1734; KID: 0.0813). This means method 
3 effectively translated SDCT images into a distribution that 
statistically aligns with the real LDCT target domain. This 
superior performance is consistent with the validation strategy 
used for the CycleGAN framework, where FID and KID 
metrics were utilized as the selection criteria to identify the 
optimal training checkpoint that maximized distributional 
alignment. 

 

 
 

Fig. 8. Visual analysis of nodule patches from degradation methods. 
The figure compares patches from the original SDCT dataset with the 
corresponding simulated images generated by method 1 (simple 
sinogram-domain simulation), method 2 (physics-based degradation 
model replication using Pix2Pix), and method 3 (CycleGAN).  

 
TABLE IV 

FID AND KID SCORES COMPUTED ON IMAGE PATCHES. LOWER SCORES 
REPRESENT BETTER DISTRIBUTIONAL ALIGNMENT WITH THE REAL LDCT 
DOMAIN. 

 FID KID (mean ± std) 

SDCT 1.1494 1.3695 ± 0.5763 

Method 1 4.0717 3.0200 ± 0.5110 

Method 2 4.6729 8.4469 ± 1.1596 

Method 3  0.1734 0.0813 ± 0.1002 

 
B. Radiomics-based pulmonary nodule classification 
  

Prior to model training, radiomic feature analysis including 
stability, discriminative power, and redundancy removal, was 
performed on the features extracted from the nodules from each 
simulated dataset to obtain a smaller set of robust radiomic 
features [19]. 
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Fig. 9 illustrated the outcome of the feature analysis process 
across the three degradation methods and the SDCT baseline. 
Despite the varying noise characteristics introduced by each 
simulation technique, as described before and shown in Fig.8, 
the number of stable, discriminative and non-redundant features 
identified was consistent among the degradation methods: 99 
from methods 1 and 2, and 103 from method 3. In comparison, 
the SDCT baseline identified 116 features. Table V provides a 
categorical feature count of the final stable, discriminative and 
non-redundant feature sets, indicating wavelet-derived features 
as the most selected across all methods. The intersection (∩) 
columns highlight the cross-method overlap: 60 features were 
found in common considering the three degradation methods 
(m1∩m2∩m3), while 52 of these features were also present in 
the SDCT baseline (SDCT∩	m1∩m2∩m3), representing the 
features robust to both degradation and domain shifts. See 
supplementary materials for detailed feature list. 
 

 
 
Fig. 9. Venn diagram representing the number of features considered 

stable, discriminant and non-redundant for each method. 

TABLE V 
FEATURE COUNTS BY CATEGORY AND CROSS-METHOD INTERSECTION 
ANALYSIS. THE "M1∩M2∩M3" COLUMN REPRESENTS FEATURES PRESENT IN 
ALL THREE DEGRADATION METHODS, WHILE THE FINAL COLUMN INCLUDES 
THE SDCT BASELINE IN THE INTERSECTION. 

 
 

m1 m2 m3 m1∩m2∩m3 SDCT SDCT∩
	m1∩m2∩m3 

Original 
Shape  2 2 2 2 2 2 

Original 
First 
Order  

7 7 7 5 5 4 

Original 
Textural  9 9 9 5 7 3 

Wavelet 81 81 85 48 102 43 

Total 99 99 103 60 116 52 

m1: method 1; m2: method 2; m3: method 3  

 
The optimal feature set subset size (5, 10, 15, 20) and the best 

pair of feature selector and classifier combination are reported 
in the supplementary material. The validation and test results 
for each degradation scenario are summarized in Table VI. 
Performance metrics for the test set are reported as average and 
95% CI from 1000 bootstrapped samples. 

The overall classification performance on the real LDCT test 
set highlights the importance of degrading the SDCT images for 
domain-specific data augmentation. The model trained on 
baseline SDCT (without degradation) performed well during 
validation (AUC 0.863) but decreased on the testing phase 
(AUC 0.789). Specifically, the sensitivity decreased to 0.571 
which indicates that the model failed to classify the nodules 
from the LDCT test set. A detailed statistical comparison of 
these results is presented in the following section. 

On the other hand, all three degradation methods effectively 
simulated LDCT features to train a robust nodule classification 
model, achieving a test AUC above 0.84 for all the methods and 
settings. From validation to testing, the AUC metric remained 
robust across all method. Method 1 maintained an identical 
AUC (0.844) on both validation and test, while method 2 and 
method 3 improved slightly by 1.6% and 0.7%, respectively. 
Conversely, balanced accuracy showed general decrease across 
all methods, with method 1 obtaining a decrease of 4.6%, 
method 2 of 3.3%, and method 3 showing the most stability 
with only a reduction of only 1.4%.  In terms of sensitivity, 
method 1 and 2 showed a notable decrease of 10.9% and 8.1%, 
respectively, in the test set. This decrease was compensated by 
high specificity, increasing 1.7% for method 1 and 1,3% for 
method 2. Method 3 demonstrated the most balanced 
performance on the independent test set, maintaining the 
highest sensitivity (0.743) and balanced accuracy (0.800), with 
increases in AUC (0.7%) and specificity (5.3%) from validation 
to test. This suggests that the unpaired CycleGAN simulation 
(method 3) may preserve subtle nodule features more 
effectively than the paired approaches, reducing the rate of false 
negatives.  

C. Statistical test for degradation methods comparison 
 
The performance of the three degradation methods was 

formally compared using the 1000 bootstrapped test set AUC, 
balanced accuracy, sensitivity and specificity values. 

For every metric, the Friedman test consistently yielded a !-
value<0.05 (see supplementary materials) when comparing the 
three degradation methods, indicating that at least one method's 
performance distribution was statistically significantly different 
from the others. Subsequent Bonferroni-corrected pairwise 
Wilcoxon signed-rank tests confirmed these differences, 
reporting ! -value<0.05 for all metrics (see supplementary 
materials). 
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TABLE VI 
NODULE CLASSIFICATION VALIDATION AND TEST RESULTS. 

 AUC Balanced accuracy Sensitivity Specificity 
SDCT     

validation 0.863 0.814 0.824 0.805 
test 0.789 [0.750; 0.827] 0.744 [0.707; 0.781] 0.571 [0.500; 0.643] 0.917 [0.904; 0.930] 

Method 1    
validation 0.844 0.813 0.765 0.861 

test 0.844 [0.804; 0.886] 0.767 [0.731; 0.803] 0.656 [0.586; 0.727] 0.878 [0.862; 0.893] 
Method 2    

validation 0.843 0.821 0.765 0.878 
test 0.859 [0.824; 0.900] 0.788 [0.752; 0.822] 0.684 [0.618; 0.757] 0.891 [0.877; 0.905] 

Method 3    
validation 0.854 0.814 0.824 0.805 

test 0.861 [0.826; 0.900] 0.800 [0.768; 0.836] 0.743 [0.684; 0.811] 0.858 [0.842; 0.875] 

Fig. 10 represents bootstrapped distribution violin plots, 
highlighting a distinct domain shift between the SDCT baseline 
and the degradation methods. The SDCT baseline showed 
lower distribution across most metrics compared to the 
degradation approaches. More specifically, the SDCT baseline 
presented a drop in sensitivity distribution (0.571 [0.500; 
0.643]), indicating a failure to classify nodules in the noisy 
LDCT domain. 

 
Fig. 10. Bootstrapped distribution violin plots of the nodule 

classification model on the independent real LDCT test set. The boxplots 
illustrate the variability across 1000 bootstrap iterations for AUC, 
balanced accuracy, sensitivity and specificity.  

Focusing on comparing the degradation methods, AUC 
distributions for methods 2 and 3 are visually similar 
distributions with highly overlapping confidence intervals 
(method 2: 0.859 [0.824; 0.900] and method 3: 0.861 [0.826; 
0.900]), both slightly superior to method 1 (0.844 [0.804; 
0.886]). In terms of balanced accuracy, a sequential increase is 
observed from method 1 to method 3, with method 3 achieving 
the highest results: method 3 (0.800 [0.768; 0.836] > method 2 
(0.788 [0.752; 0.822]) > method 1 (0.767 [0.731; 0.803]). 
Sensitivity and specificity reveal a distinct performance trade-
off as well as a difference in variability. A stepwise increase is 
also observed in sensitivity moving from method 1 to method 3, 
where method 3 achieves the highest median sensitivity of 
0.743 [0.684; 0.811]. However, compared to the other metrics, 
sensitivity exhibits the widest confidence intervals, indicating 
greater variability in the model’s ability to detect positive cases. 

Conversely, the specificity plot shows the inverse trend 
characterized by significantly narrower confidence intervals, 
reflecting higher stability. Method 2 dominates with the highest 
specificity (0.891 [0.877; 0.905]), while Method 3 shows a 
lower, albeit still robust, specificity distribution (0.858 [0.842; 
0.875]).  

Despite the partial overlap in the 95% confidence intervals, 
the statistical analysis confirms that the underlying performance 
distributions are distinct. The consistent shift in the 
distributions confirms that method 3 effectively prioritizes the 
detection of true positives (sensitivity) compared to methods 1 
and 2. 

IV. DISCUSSION 
This study provided a systematic comparison of different 

LDCT degradation methods for synthetic image generation and 
evaluated the efficacy in improving nodule classification 
models using radiomic features extracted from those synthetic 
images. We included approaches ranging from sinogram-
domain statistical simulation (method 1), to the replication of a 
validated physics-based method using Pix2Pix (method 2), to 
unpaired image generation using CycleGAN (method 3). In this 
way, we bypassed the conventional denoising step and instead 
validated the feasibility of using LDCT images to develop 
downstream classification models. 

The main contributions of this paper are: 
• We provide the first systematic comparison and 

evaluation of different low-dose CT degradation methods. 
• We introduce an approach that bypasses denoising and 

instead validates the feasibility of using SDCT images for 
developing downstream classification models. 
• By providing a reliable method for simulating LDCT 

scans, our findings will not only aid in the development of more 
accurate denoising algorithms but also accelerate the inclusion 
of SDCT images into the development of nodule detection and 
classification models, ultimately improving the efficacy of lung 
cancer screening. 

The need for realistic degradation was confirmed by the poor 
generalization of the model trained on SDCT data, i.e., images 
without any degradation. While the SDCT baseline model 
performed well during validation, it failed to generalize to the 
test set, yielding a collapsed sensitivity of 0.571. In contrast, the 
results demonstrated that synthetic data generated by all three 
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methods can successfully train a classifier to perform well on 
real LDCT data (AUC > 0.84). However, the methods showed 
distinct qualitative visual features and distinct quantitative 
performance in the nodule classification task. Method 1 
produced visible but more subtle granular noise compared to 
method 2, which replicated pronounced streak artifacts and 
high-frequency noise that appeared visually consistent with the 
photon starvation. However, despite visible noise in methods 2, 
it yielded relatively lower sensitivity. Conversely, method 3 
produced perceptually blurrier images with subtle noise but 
obtained the best FID (0.0316) and KID (0.0102) scores 
computed on nodule. This indicates that while method 3 may 
lack high-frequency sharpness, it achieved superior 
distributional alignment with the target domain. In the nodule 
classification task, method 3 yielded the most balanced 
classification performance using with the highest sensitivity, 
achieving a test set AUC of 0.861, balanced accuracy of 0.800, 
sensitivity of 0.743, specificity of 0.858. 

In terms of radiomic feature analysis, despite the visual 
differences in the images generated by different methods, the 
final features identified as stable, discriminant and non-
redundant were similar, with 60 features found in common. The 
dominance of wavelet-derived features (80% of this common 
set), specifically those with low-pass components (92 low-pass 
directional filter components compared to 52 high-pass 
components), indicates that the underlying structural 
characteristics of the nodules are preserved regardless of the 
degradation technique, while high-frequency noise variations 
are less relevant for discriminating features. When considering 
the feature subsets selected to train the classifiers, only two 
features were commonly selected across all methods, original 
shape major axis length and original shape sphericity. This 
highlights the importance of these SS features and is coherent 
with the criteria of the Lung Imaging Reporting and Data 
System (Lung-RADS) [22], which primarily quantifies tumor 
risk based on nodule diameter and morphological regularity. 
These findings are consistent with our previous work [19]. 
Further details regarding the selected features can be found in 
the supplementary materials.   

This study is not exempt from limitations. First, the 
simulation methods relied on image-domain or simplified 
statistic assumptions in the sinogram domain, future work 
should consider scanner specific parameters or leverage deep 
learning in the projection domain to better include non-uniform 
realistic LDCT noise. Second, regarding the statistical analysis, 
although the Friedman and pairwise Wilcoxon tests indicated 
significant differences, the overlap in the 95% confidence 
intervals suggest that these differences might be partially 
attributed to the bootstrap sample size which makes the 
statistical tests more susceptible to small differences. Finally, 
while the classification results are promising, the sensitivity 
(0.743) of the models could be improved, despite being 
comparable to previous findings [19]. However, the high 
specificity (0.858) is clinically significant, as a major limitation 
of LDCT screening programs is the high rate of false positives 
leading to unnecessary interventions. Future work should 
validate the proposed pipeline on independent annotated LDCT 
datasets such as LUNA25 to assess generalizability of the 
model. 

V. CONCLUSION 
Our findings confirm that generating synthetic LDCT data 

from SDCT is a viable strategy for development of nodule 
classification models for screening-detected nodules. This work 
supports the use of unpaired generative adversarial networks as 
a scalable, cost-effective solution to the data scarcity in LDCT 
imaging.  
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Abstract. Lung nodule detection is critical for early diagnosis of lung 
cancer, but remains challenging due to the nodules resemblance to nor-
mal tissues. Recent transformer-based approaches have made significant 
progress; however, their large number of parameters necessitates exten-
sive annotated datasets to achieve robust and reliable results. To address 
this, we leverage state-of-the-art self-supervised training methods, specif-
ically Masked Image Modeling, on a large domain-specific dataset of 
lung screening CTs, followed by finetuning on the annotated LUNA16 
dataset. Our method achieves an AP of 82.63% and an mAP of 81.23%, 
outperforming the baseline nnDetection. The experiments demonstrate
the effectiveness of pretraining, yielding an increase of 24.0% in per-
formance on the Video-ViT backbone and 4.1% on the Swin Trans-
former. Additionally, we examine the effect of RGB video pretraining
and architectural variations during both pretraining and fine-tuning
stages. This work highlights the potential of self-supervised learning
in improving efficiency and accuracy in lung cancer screening. Code:
github.com/vit-swin-lung-nodule-detection.

Keywords: lung nodule detection · self-sup ervise pretraining ·
transformers

1 Introduction 

Lung cancer was the most diagnosed cancer in 2022 and the leading cause of can-
cer deaths [29]. Early detection through low-dose computed tomography (CT) 
screening can reduce mortality [26], but the high volume of scans burdens radiolo-
gists. Identifying lung nodules is challenging due to their small size and similarity
to normal lung tissue and vessels, leading to high false positives [22]. 
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Automated diagnostic tools powered by artificial intelligence have improved 
the accuracy and efficiency of lung cancer screening [2]. However, the relia-
bility of these models depends on the quality and quantity of the dataset, 
which remains costly and time-consuming to collect and curate. State-of-the-art 
transformer-based methods have shown s uperior performance, but their effective-
ness is still influenced by data limitations, requiring robust pretraining strate-
gies [12,19,20]. To address data insufficiency, various self-supervised and s emi-
supervised approaches [5, 6, 8, 9,21] have been proposed to leverage large amounts 
of unlabeled data. Among them, Masked Image Modeling (MIM) [7,10,28]  has  
proven effective by training models to reconstruct masked regions of inputs, forc-
ing them to learn rich, contextual visual representations, leading to impro ved
performance for downstream tasks in 3D Medical reasoning such as classifica-
tion [4], and segmentation [18]. 

In this work, we incorporate self-supervised pretraining into transformer 
backbones for lung nodule detection building on t he nnDetection frame-
work. While most closely related studies [4,18] employ domain-adapted MIM 
pretraining, such as Video Vision Transformer (Video-ViT) on K700 [13], for 
tasks like vertebral fracture detection or dental segmentation, our goal is to 
assess it for 3D detection. CNN-based approaches such as Model Genesis were 
not considered, as our focus is on evaluating transformer-specific architectures. 
Despite DINOv2’s promising results in 2D vision tasks, it involves significantly 
higher computational for 3D medical detection. Therefore, we extend prior work 
by demonstrating the utility of large-scale masked pretraining for 3D lung nod-
ule detection and assess its effectiveness under architectural variations, specifi-
cally models with or without skip connections, and across input resolutions of
16224224 and 64128128 volumes. The main contribution of this paper are:

• We are among the first to adapt MIM-based pretraining to a 3D nodule 
detection task and demonstrate its effectiveness on transformer-based backbones
such as Video-ViT and SwinUNETR.

• The proposed framework leverages the spatial reasoning capabilities of 
the MIM mechanism, leading to impressive finetuning results on the LUNA16
dataset, outperforming the Retina U-net baseline.

• Through extensive experiments, we analyze the impact of different archi-
tectural designs and input patch sizes on model’s pe rformance. Our method
advances the use of pretrained transformers for medical detection tasks.

2 Methods 

2.1 Dataset and Prepro cessing

Table 1 lists the datasets used in our study. For pretraining, we used the unla-
beled dataset from National Lung Screening Trial (NLST) [25], containing low-
dose CT scans from 26,254 participants screened over 3 years [1]. We included 
24,820 low-dose CT scans, selecting only the latest scan per participant to avoid 
redundancy, as only 1.1% were diagnosed with cancer. Corrupted scans were
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Table 1. Datasets used for pretaining and finetuning.

Task Dataset Size Scans Modality Slice thickness Annotations 
Pretraining NLST [25] 3.78 TB 24,820 low-dose CT ≥ 1.25 mm -

Finetuning LUNA16 [22] 112 GB 888 CT ≥ 2.5 mm 1186 no dules

excluded. For finetuning, we used the LUNA16 dataset which is composed by 
888 CT scans containing 1186 nodules annotated by multiple radiologists [22]. 

The preprocessing pipeline followed the work of [16] and was applied to both 
datasets. It involved steps such as converting raw CT data to Hounsfield Units, 
segmenting the lungs, padding, bone removal, intensity normalization, r esam-
pling, and background cropping to ensure standardized intensity, consistent res-
olution, and higher processing speed.

2.2 Self-supervise Pretraining 

Masked Image Modeling. As  shown  in  Fig. 1, given a 3D CT scan X ∈ 
RH×W ×D with height H, width W , and depth D, we randomly crop a vol-
ume Xc =  Crop(X), where Xc ∈ RHc×Wc×Dc . Here, Hc,  Wc,  Dc are the cropped 
dimensions. The cropped CT scan undergoes a patchify operation patchify(·), fol-
lowed by an embedding layer P (·), which maps the patches into a latent space: 
E = P (patchify(Xc)) ∈ RF × Ĥ× Ŵ × D̂, where F is the feature dimension and 
{ Ĥ, Ŵ  ,  D̂} are number of patches cross dimension. Then, we apply a random 
masking with a ratio r ∈ [0, 1] to create masked tokens Em ∈ RF ×r Ĥ Ŵ D̂ and 
visible tokens Ev ∈ RF ×(1−r) Ĥ Ŵ D̂. The corresponding masked input patches 
are Xm. The spatial relationships are preserved while r fraction of tokens are 
removed. Next, the tokenizer processes embeddings with positional information: 
T = Tokenizer(E) = Flatten(E) + SpatialPE( Ĥ, Ŵ ) + TemporalPE( ̂D). Here, 
SpatialPE encodes spatial coordinates within the transverse plane (e.g., leftright 
and anteriorposterior axes), while TemporalPE captures positional information 
along the superiorinferior axis, now treated as the temporal dimension. The vis-
ible tokens, Tv ∈ Rdz , are encoded to a latent representation: z = fθ(Tv) ∈ Rd z ,
where fθ is the encoder network and dz is the latent dimension. Afterwards,
the latent code is concatenated with learnable token, Tl ∈ Rdz , to obtain mask
tokens (T̂m) for prediction: T̂m = gφ z⊕Tl ∈ RrĤŴ D̂ where ⊕ denotes concate-
nation and gφ is the decoder network. Then, a reconstruction head (Φ) maps the
predicted tokens back to the input space: X̂m = Φ(T̂m) ∈ RF×rĤŴ D̂. Finally,
we minimize the reconstruction loss (L2) between the predicted and original
masked input: L2 = minθ,φ E Xm − X̂m

2
2 + λLreg , where Lreg is an optional

regularization term and λ is a weighting coefficient.

Large scale Video Dataset Pretraining. Building on previous w orks
[4,14,18], we leverage the transformer model Video-ViT Large [7], pretrained
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on the large-scale video dataset Kinetics-700 [13]. This model demonstrates 
strong performance when adapted to medical domain tasks [4,14,18]. Notably, 
the model is pretrained on inputs of s hape 16224224 during the video pretraining
stage.

Large scale Lung Dataset Pretraining. While the spatial reasoning learned 
from the MIM method on natural videos benefits medical image applications, a 
domain gap remains. CT scans, for example, exhibit distinct statistical proper-
ties, such as differing means and variances, requiring the embedding layer and
reconstruction head to adapt accordingly.

To address this, we further pretrain the model in an MIM manner on the
target domain. Our method differs from [4,18] in the following aspects: (1) We 
redesign the kernel sizes in the embedding layer P (·) (originally 2 × 16 × 16) to 
accommodate different input shapes. This adjustment allows training on larger 
input sizes. (2) we use a larger dataset for pretraining; (3) we investigate multi-
ple transformer backbones with different architecture designs. Our findings high-
ligh t the potential of self-supervised learning to improve lung nodule detection
by leveraging video-based and domain-specific pretraining. We conduct ablation
studies with two input sizes: 16× 224× 224 and 64× 128× 128.

We further investigate pretraining mechanisms using SwinUNETR [24], a 
3D transformer-based model originally designed for medical image analysis. To 
adapt it for self-supervised learning, we follow the original implementation which 
integrates two auxiliary losses: contrastive loss and rotation prediction loss. 
These losses enhance the models ability to learn robust representations transfer-
able to downstream tasks such as nodule detection.

2.3 Finetuning 

After pretraining, we evaluate the pretrained encoder on detection tasks using
Retina U-net decoder [11,17] which is also exploited in nnDetection [3], a state-
of-the-art medical object detection framework that automates hyperparameter 
tuning. In addition to the box regression loss and classification loss, we incor-
porate a multi-task segmentation loss by leveraging an additional decoder head. 
The segmentation map is generated by box center and a given diameter, which
has been shown to be beneficial in the work of [3]. 

Building on insights from [15], which explored how decoder architectures 
impact vision transformer (ViT) encoder performance in 2D tasks, we design
two decoder configurations (see Fig. 2) tailored for 3D medical imaging: 1) plain 
backbone with skip connection: the intermediate features in layers [5,11,17,23] 
are connected to the hierarchical decoder; 2) plain backbone without skip con-
nection: only the last layer of encoder is used and connected to hierarchical 
decoder. To connect the encoder and decoder, we use 3D transposed convolu-
tions to upsample spatiotemporal features, aligning them with the Retina U-Net
decoder. When the spatial dimensions are already aligned, we apply two 3D con-
volutional layers. If not specified, we follow work [15] and use 1) as the default.
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Fig. 1. Illustration of the Video-MAE pretraining mechanism. A high proportion of 3D 
patches are randomly masked, and t he model is trained to reconstruct them. Figure
adapted from [7]. 

Fig. 2. Illustration of Skip and Non-Skip connections used to link the transformer
encoder to the detector head.

3 Experiments 

3.1 Pretraining 

Video-Vit model was initialized with weights pretrained on the Kinetics-700. 
We further trained the model on the NLST dataset for 150 epochs (approx. 
2h/epoch) using NVIDIA RTX A6000 GPU. The training hyparameters were set 
as follows: learning rate of 1e-5, weight decay of 5e-4 and warmup period of 10 
epochs, using the AdamW optimizer and a cosine learning rate scheduler, random 
mask ratio of r =  0.9. L2 reconstruction loss was considered to minimizing the 
squared difference between reconstructed and original images. For the 16224224 
input size, a 3D convolution (21616 kernel) output 8 temporal tokens and 1414
spatial tokens (81414 tokens per volume). For 64128128, the embedding layer
was reinitialized with a 81616 kernel, producing 8 temporal tokens and 88 spatial
tokens (888 tokens per volume). The spatial positional embedding is interpolated
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Fig. 3. Examples of Video-Vit reconstructions during pretraining (A1) from scratch 
(L2  =  4.13e − 2) and (A2) using video weights (L2  =  6  .04e − 4). Nodules detected
during finetuning using (B1) scratch model and (B2) lung pretrained weights.

from 14 × 14 to 8 × 8 using bilinear interpolation. A batch size of 64 p er GPU
was used for the former input and 16 for the later case.

SwinUNETR was initialized with the official MONAI weights pretrained on 
multiple medical imaging datasets, including lung CTs. Thus, we only pretrained 
with NLST for 20 epochs (approx. 2h/epoch) using NVIDIA RTX A6000. We 
use  crop  size  of  64× 128× 128 and after a 6-layer encoder, it outputs a shape 
of 2× 4× 4 with 768 channels. The training hyparameters were set as follows:
learning rate of 1e−6, weight decay of 0.1 and momentum of 0.9, using warmup
cosine learning rate scheduler with 500 warmup steps, and gradient clipping
(max norm = 1.0). A batch size of 2 per GPU was used.

3.2 Finetuning 

We report finetuning results on LUNA16, using subsets 1 to 9 for training and 
subset 10 for testing. The finetuning was conducted for 60 epochs, with 5000 
mini-batches per epoch. For optimization, we used AdamW (learning rate: 1e−4) 
for transformer-based methods and SGD (learning rate: 1e − 2) for the Retina
U-Net baseline. A cosine annealing learning rate scheduler with a 10-epoch warm-
up was applied. Further implementation details can be found in our code.

Model performance was evaluated using the following metrics: (1) average 
precision (AP) at IoU 0.1; (2) mean average precision (mAP) calculated over IoU 
thresholds from 0.1 to 0.5 with increments of 0.05; and (3) free-response oper-
ating characteristics (FROC) at IoU 0.1, which measures detection sensitivity
across varying false positive rates.

https://github.com/vit-swin-lung-nodule-detection/miccai2025.git
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4 Results and Discussion 

4.1 Model Performance Across Differen t Configurations

We present qualitative and quantitative pretraining results in Fig. 3.  The  L2 
reconstruction loss, relative to the maximum input intensity, is 4% in (A1) train-
ing from scratch, i.e., without using any pretrain weights and 0.01% in (A2) with 
large-scale video pretrained weights. The pretrained model significantly enhances 
reconstruction quality, accurately reconstructing lung structures, including fine 
details like blood vessels. This i s possible using only 10% of visable tokens since
different patches are masked in successive slices. However, training from scratch
exhibits severe patch artifacts. In Fig. 3, we also compare nodule detection results 
from Video-ViT trained from scratch (B1) which detects more false positives, 
and with pretrained weights (B2). The lung pretraining weights initialized with 
video pretrain weights (V+L pretrain) model (B2) successfully detects small
nodules without suffering from similar anatomical structure.

Table 2. Comparison of lung nodule detection performance across different pretraining
strategies and input configurations.

Model mAPIoU 0.10−0.50 APIoU 0.10 FROCIoU 0.10 

Input shape - 16224224 

Retina U-net 75.231 76.723 80.867 
V-Vit (scratch) 65.523 70.881 74.617 
V-Vit (V+L pretrain) 81.234 82.629 84.184 
Input shape - 64128128 

Retina U-net 78.924 81.135 85.331 

V-Vit (scratch) 67.303 70.570 72.959 
V-Vit (V+L pretrain) 72.550 75.258 77.806 
Swin (scratch) 75.596 78.320 81.505 
Swin (M+L pretrain) 78.723 81.327 77.806 
V-Vit: Video-Vit; Swin: SwinUNETR; V: video; L: lung; M: MONAI.

Table 2 presents the detection performance including the Retina U-net base-
line, our model from scratch, and using pretrained weights. Among the configura-
tions, Video-Vit (V+L pretrain) achieved the best results with a mAP of 81.234% 
and an AP of 82.629% with 16× 224× 224 input, aligning with the resolution 
used in video pretraining. In contrast, the 64× 128× 128 configuration requires 
partial reinitialization of embedding layer, reducing the benefit of pretraining. 
On the other hand, while we pretrained both transformers the same way, Video-
Vit (V+L pretraining) outperformed SwinUNETR primarily for two reasons: 1)
the medical image dataset used to pretrain SwinUNETR (5050 CT volumes) is
significantly smaller compared to the video dataset (500,000 video clips); 2) Swi-
nUNETR model has less trainable parameters (26.7 million) than Video-Vit (338



Leveraging Self-supervised Pretraining 113

million). Our results are comparable to recent approaches in the literature. For
instance, Wu et al. [27] proposed YOLOv7-based framework using 2D images, 
achieving a mAP of 80.94% and 95.26% with data augmentation. Similarly, Ji et
al. [12] modified YOLOv5 and achieved a mAP of 72.0%. Su et al. [23] applied 
Faster R-CNN to the LIDC-IDRI dataset and achieved an AP of 82.4% for the 
original model and 91.2% for the optimized version. Some of these methods rely 
on 2D CNN architectures, while our 3D transformer-based approach achieves a 
mAP of 81.234% and AP of 82.629%, highlighting its competitiveness. Future 
w ork could explore pretraining a Video-Vit with 64× 128× 128 input size using
the video dataset and complete 10-fold cross-validation to enable more direct
comparisons with studies that report results using the official challenge metrics.

4.2 Model Performance Freezing t he Encoder

Table 3 presents the performance of transformer encoders under a frozen-encoder 
setting, using linear probing, where only the last l ayer is retrained to evaluate
feature representation effectiveness with minimal finetuning.

Table 3. Evaluation of detection performance with a frozen encoder using different 
pretraining weights and architectural configuration (with or without skip connection).

Model Skip mAPIoU 0.10−0.50 APIoU 0.10 FROCIoU 0.10 

Input shape - 16224224 

V-Vit (V pretrain) no 73.425 76.649 78.700 
V-Vit (V+L pretrain) no 74.139 78.050 82.015 
V-Vit (V+L pretrain) yes 75.772 78.558 81.633 
Input shape - 64128128 

V-Vit (V pretrain) no 64.308 67.659 71.173 
V-Vit (V+L pretrain) no 64.503 67.860 71.301 
V-Vit (V+L pretrain) yes 64.100 67.399 71.301 
Swin (M pretrain) yes 69.573 72.848 75.510 
Swin (M+L pretrain) yes 68.830 71.755 74.745 
V-Vit: Video-Vit; Swin: SwinUNETR; V: video; L: lung; M: MONAI.

Results show when the encoder is frozen, domain-specific pretraining is ben-
eficial, especially for models (Video-Vit) not already exposed to lung CT data. 
However, for SwinUNETR initialized with MONAI weights, further in-domain 
pretraining does not yield improvements, which is not a surprising finding since 
MONAI weights were determined with medical imaging data including Lung
CT. Additionally, we evaluated the models with and without skip connections
between the transformer encoder and detector head. Results in Table 3 indi-
cate that skip connections improve performance for smaller temporal input sizes



114 J. Liu et al.

(16× 224× 224), but become less beneficial as the temporal input size increases
(64× 128× 128).

5 Conclusion 

In this work, we explore the effectiveness of self-supervised pretraining using 
Video-Vit and SwinUNETR in lung nodule detection. Results show that pre-
training in video and lung yields an increase of 24.0% in performance on Video-
ViT backbone and 4.1% on SwinUNETR. Video-Vit backbone achieved an AP 
of 82.629% and a mAP of 81.234%, surpassing the baseline and confirming the 
effectiveness of leveraging external large-scale and domain-specific data. To con-
clude, this work highlights the potential of self-supervised learning to improve 
lung nodule detection, contributing toward the development of more efficient 
and accurate lung cancer screening tools. 
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A B S T R A C T

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

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

diagnostic tools [6].
Radiomics analysis is based on the premise that image-captured

characteristics of tumors, such as shape and texture, are potential
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.

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 × 3 × 3 voxel kernel and σ = 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 tomimic 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):

pld,sim = log
I0ld,sim

Poisson
(
I0ld,sim(s) ∗ exp (−psd)

)
+ Gaussian

(
me, σ2e

) (1)

where I0ld,sim is the simulated low-dose scan incident flux, psd is the
standard-dose sinogram data obtained from the original SDCT images
using Radon transformation, andme and σ2e are the mean and variance of
the electronic noise, respectively. Specifically, I0ld,sim 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
size)

LDCT? Model description Sen. Spc. Acc. AUC Limitations

Choi et al.
2018 [13]

72 patients
LIDC-IDRI
(≥ 3 mm)

yes 2 radiomic features, LASSO features selection and
SVM classification

87.2% 81.2% 84.6% 0.89 small dataset

Peikert et al.
2018 [15]

726 nodules
from NLST
(≥ 7 mm)

yes 8 radiomic features selected and trained with
LASSO model

90.4% 85.5% - 0.94 selected data to
balance the dataset

Alahmari et al.
2018 [11]

467 cases from
NLST
(≥ 4 mm)

yes 18 Rider features, ReliefF feature selection, Random
Forest

49.0% 93.0% - 0.82 low sensitivity

Causey et al.
2018 [9]

664 nodules
from LIDC-IDRI
(≥ 3 mm)

no a logistic regression model trained only on a size
metric (square root of largest cross-sectional area)

69.7% 95.5% 82.6% 0.94 low sensitivity

Mao et al.
2019 [16]

294 nodules
(6–15 mm)

yes 11 radiomic features, LASSO feature selection,
linear regression model

81.0% 92.2% 89.8% 0.90 small sample size

Garau et al.
2020 [14]

113 nodules
COSMOS
(all sizes)

yes 5 radiomic features, SVM-LASSO
test set: 72 nodules from LIDC-IDRI.

90.0% FPR = 35.5% 79.1% 0.86 small sample size

Liu et al. 2021
[17]

141 nodules
(not specified)

yes 3 radiomic features, radiomic monogram 86.4% 85.7% 86.0% 0.98 small sample size,
potential selection
bias

Rundo et al.
2021 [12]

703 nodules
from bioMILD
trial
(all sizes)

yes 32 radiomic features, Borderline-SMOTE over-
sampling method, elastic net regularization for
logistic regression, tested with a blind test

67.0% 86.2% 76.6% 0.82 low sensitivity

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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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 σ =

̅̅̅̅̅̅
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 100mAs 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.

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

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.

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.
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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

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

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.

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.
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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.

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

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.

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.
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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_gIcm_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_glcm_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_glcm_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_axis_length 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% CI. 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

Fig. 6. Beeswarm plot of the test set generated from SHAP analysis of the developed model using logistic regression.

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.
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Fig. 8. Heatmaps of the (a) balanced accuracy and (b) sensitivity obtained during validation phase considering different combinations of feature selection and
classifiers for models using all features.

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

3
​ (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
​ (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

20
​ (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
​ (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

5​ (0.825 - 0.827) (0.841 - 0.845) (0.808 - 0.811) (0.864 - 0.866) (0.825 - 0.826)
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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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

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

Fig. 10. Histogram representing the original label distribution (average like-
lihood of malignancy) of the correctly and incorrectly classified instances in the
test set.

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.
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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 andmore 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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M. Vicente Raneda, J.M. Díaz García, R. Jimenez-Chillaro, A.I. Marcos-Navarro,
A. Izquierdo Font, R. Marcos-Gragera, C. Martinez, M.J. Sanchez, C. Navarro, M.
D. Chirlaque, C. Moreno-Iribas, S. Felipe García, E. Pardo Romaguera, R. Peris-
Bonet, M. Carulla, J. Galceran, S. Khan, M. Lambe, M. Mousavi, C. Bouchardy,
M. Usel, H. Frick, C. Herrmann, M. Lorez, S.M. Ess, A. Bordoni, A. Spitale,
I. Konzelmann, K. Aben, P. Huijgens, V. Lemmens, R. Verhoeven, R. Otter,
C. Allemani, B. Racheten, N. Easey, G. Lawrence, T. Moran, J. Rashbass, M. Roche,
J. Verne, J. Wilkinson, C. Stiller, L. Anderson, F. Bannon, A. Gavin, D. Brewster, D.
W. Huws, C. White, Cancer survival in Europe 1999–2007 by country and age:
results of EUROCARE-5—A population-based study, Lancet Oncol. 15 (2014)
23–34, https://doi.org/10.1016/S1470-2045(13)70546-1.

[3] National Lung Screening Trial Research Team, Reduced lung-cancer mortality with
low-dose computed tomographic screening, New Engl. J. Med. 365 (2011)
395–409, https://doi.org/10.1056/NEJMoa1102873.

[4] U. Pastorino, M. Silva, S. Sestini, F. Sabia, M. Boeri, A. Cantarutti, N. Sverzellati,
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Abstract— Lung cancer screening using low-dose computed 
tomography (LDCT) faces challenges in nodule classification 
and radiologist burden. This study introduces a novel approach 
leveraging degraded standard-dose CT (SDCT) images and 
develops an explainable radiomics-based model to improve lung 
nodule classification. Using data from LIDC-IDRI public 
dataset, our pipeline extracts and preprocesses 851 radiomic 
features per nodule, ensuring stability, discriminant 
characteristics, and non-redundancy. To address dataset 
imbalance, we applied data augmentation and random 
undersampling techniques. Varying the number of features 
selected by gradient-boosted decision tree across multiple 
classifiers, we identified an optimal combination of 15 features 
with random forest classifier, achieving balanced accuracy, 
sensitivity, specificity and AUC-ROC scores of 0.82 ± 0.04, 0.81 
± 0.08, 0.83 ± 0.05, 0.88 ± 0.05, respectively. Explainability 
analysis using SHAP highlights features influencing 
classification, including major axis length, sphericity, and 
wavelet_LHH_ngtdm_Busyness. In conclusion, our study 
demonstrates the potential of integrating degraded SDCT and 
radiomics to improve lung nodule classification. 

Keywords— radiomics, low-dose computed tomography 
(LDCT), lung cancer, nodule classification. 

I. INTRODUCTION 

Lung cancer is the deadliest malignancy in the world, 
being responsible for 18% of total cancer deaths in 2020 [1]. 
While low-dose computed tomography (LDCT) screening 
has shown promise in reducing mortality rates compared to 
X-rays [2], the prevalence of false positive rates, reaching 
96.4% of the positive screening, poses a significant challenge 
[2]. As screening programs are being implemented in the US 
and ongoing trials in Europe are assessing the benefits and 
cost-effectiveness of lung cancer screening, the workload on 
radiologists increases significantly. To overcome these 
challenges, extensive research has focused on developing 
objective and efficient diagnostic tools, with radiomics and 
deep learning emerging as promising methods [3].

Radiomics is based on the premise that image-captured 
characteristics of tumors, such as shape and texture, are 
potential tumor biomarkers that can be used to stratify 
patients, predict patient clinical outcomes or further 
characterize tumor phenotypes.  

The development of radiomics-based models requires 
annotated datasets, which are currently lacking in the context 
of lung screening LDCT images. For instance, the extensive 
National Lung Screening Trial (NLST) contains LDCTs from 
53,000 participants but lacks segmented nodules. On the 
other hand, the Lung Imaging Database Consortium and 
Image Database Resource Initiative (LIDC-IDRI) [4] 
consists of diagnostic and lung cancer screening CT scans 
with marked-up annotated lesions by experienced 
radiologists. However, the number of LDCT images is 
relatively limited (315 out of the 1010 CTs, considering 
images acquired with tube current < 80 mAs). To address this 

challenge, we leverage the annotations from the LIDC-IDRI 
dataset by degrading standard-dose CT (SDCT) scans. This 
degradation step was essential to ensure compatibility 
between the different image types and facilitate the 
development of a classifier capable of effectively analyzing 
both SDCT and LDCT modalities.  

Focusing on radiomics with machine learning studies 
applied to pulmonary nodule prediction, many have been 
shown to be promising in previous studies[5]. However, 
some considered small datasets ([6], [7]) and others achieved 
low sensitivity ([8], [9], [10]). For instance, Choi et al. [6] 
used two radiomics features and trained a support vector 
machine, obtaining scores of 0.89 and 0.87 for AUC and 
sensitivity. However, [6] only included 72 nodules in their 
study. On the other hand, Alahmari et al. [9] considered 467 
patients in their study but obtained a low sensitivity of 0.56. 
Causey et al. [8] trained a logistic regression model using 
only one feature (square root of largest cross-sectional area) 
and obtained AUC score of 0.94, but also a relatively low 
sensitivity of 0.70. Likewise, Rundo et al. [10] obtained a 
sensitivity of 0.67 considering 32 radiomic features and 
logistic regression model. Other studies deliberately selected 
balanced datasets to address class imbalance [8], [11]. None 
of the aforementioned studies used degraded SDCT images 
to simulate LDCT.  

The aim of this study is to build a novel explainable 
radiomic model to distinguish between likely benign and 
likely malign lung nodules, as annotated by radiological 
assessment, addressing the limitations associated with 
different dosage CT images, imbalanced dataset and false 
positive rates. 

II. METHODS

The pipeline (Fig. 1) consists of data partition, image 
preprocessing, feature extraction and preprocessing, feature 
selection, model training and testing, iterated ten times with 
different seeds for increased robustness. In the end, the best 
model is chosen to perform explainability analysis. 

A. Data description and partition
We randomly sampled ten times 400 participants from the

publicly available LIDC-IDRI [4], which includes both 
SDCT and LDCT images. From the images, lesions ≥ 3 mm 
were segmented and evaluated by one to four radiologists in 
terms of likelihood of malignancy on a scale of 1 (highly 
unlikely) to 5 (highly suspicious). The consensus 
segmentation was considered and multiple scores for a single 
nodule were averaged to derive a consensus score. In this 
study, nodules with an average score ≥4 were considered 
likely malignant. Table I summarizes the mean and standard 
deviation of the number of nodules present in each randomly 
selected group of 400 participants across all ten seed 
selections. We split the 400 participants into train and test sets 
with an 8:2 ratio. 
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TABLE I.  SUMMARY OF THE NUMBER OF NODULES USED IN THIS 
STUDY 

Nodules mean std*  

Total  1187 32 
Train set   

Likely benign 853 29 
Likely malign 102 7 

Test set   
Likely benign 
Likely malign 

205 
27 

15 
6 

*Standard deviation 

B. Image preprocessing 
Image preprocessing involved thresholding, degradation 

(for SDCT only), and denoising, implemented in MATLAB 
version 2022b: 

1. Thresholding ensured all pixels were positive by 
setting negative values to zero. 

2. For SDCT images (CT acquired at tube current >= 
80 mA), degradation based on Zeng et al.’s LDCT 
simulation technique [12] was applied. This method 
utilizes raw data from high-dose scans, obtains the 
raw sinogram data and injects Gaussian and Poisson 
noise into the sinogram domain to model electronic 
and quantum noise. The simulated LDCT images are 
reconstructed from the sinogram data. See more 
details in [12]. 

3. Denoising was performed using a 3D Gaussian filter 
with a 3 × 3 × 3 voxel kernel and σ = 0.5. 

C. Feature extraction and preprocessing 
Radiomic features were extracted from the region of 

interest (ROI), i.e., the segmented nodules, using Pyradiomics 
[13], resulting in 851 features per nodule (14 shape features, 
18 first-order features, 75 texture features and 744 wavelet-
based features). For more details on radiomic features, see 
Pyradiomics documentation [13]. 

Feature preprocessing was performed on the training set 
and applied to the test set: it comprised steps to assure feature 
stability, discriminant characteristics, and non-redundancy. 
Stability analysis assessed feature consistency under small 
transformations. This analysis was conducted on nodules with 

four radiologists’ annotations using intra-class correlation 
coefficient (ICC). Features were deemed stable if the ICC > 
0.75, as defined in [14]. Discriminative analysis identified 
informative features by comparing original ROIs with 
translated ROIs with no overlap with the nodule. In this 
analysis, features with ICC < 0.5 were considered 
discriminative. Finally, highly correlated features were 
removed by using the absolute Spearman’s correlation 
coefficient > 0.85. 

D. Balancing the dataset 
To address the imbalanced dataset, we first applied a data 

augmentation technique introduced in [15] consisting of the 
application of ROI perturbations on the malignant nodules of 
the training set (Fig. 2): 15% erosion (a) and dilation (b), as 
well as random contour adjustments (c). Afterwards, a 
random undersampling approach was adopted to reduce the 
non-malignant nodules to match the number of nodules in the 
minority class post-augmentation. Considering the ten seeds, 
the mean and standard deviation for nodule counts is 407 
(±28) per class after balancing the dataset.  

 

E. Feature selection, model training and testing 
Feature selection was performed on the training sets after 

balancing the classes using gradient-boosted decision tree 
(GBDT) feature selection method. The number of features 
selected was varied (5, 10, 15 or 20 features) centered on the 
sample-to-feature ratio guideline [16] suggesting “10-15 
samples per feature” when the class is balanced or, when 

 
Fig. 1. Overview of the pipeline used in this study, consisted in data preparation, model training and testing. Data preparation includes partitioning, image 
preprocessing, radiomic feature extraction, and feature preprocessing. During model training, the training set is balanced, and the performance of six 
classifiers is evaluated using varying numbers of features selected with gradient boosted decision trees. The optimal ROC curve threshold is determined 
using Youden’s index. Subsequently, models are tested with the selected optimal number of features, and the optimized model is selected based on 
performance metrics, followed by explainability analysis. 

    (a)                     (b)                                    (c)             

Fig. 2. 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. 
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imbalanced, apply this rule to the minority class. In our case, 
having an average of 129 nodules in the minority class, we 
could select 9-13 features. Guided by this rule, we explored 
an interval (5-20) centered on this range (9-13). Additionally, 
based on our previous work [17], which extensively explored 
feature selection methods, supports the decision to start with 
5 features and incrementally increase by 5, up to 20. 
Afterwards, six machine learning classifiers were trained: 
random forest (RF), AdaBoost (ABoost), XGBoost (XGB), 
decision tree (DT), K-nearest neighbors (KNN), and logistic 
regression (LR). The optimal cut-off on the ROC curve was 
determined by Youden's index during the training phase and 
applied to the testing.  

This comprehensive analysis, resulting in a total of 24 
models (4 number of features, 6 classifiers), aimed to identify 
the most effective number of features. To determine the 
optimal number of features (5, 10, 15 or 20), we compared 
the mean balanced accuracy of each number of features 
across all classifiers. After the identification of the optimal 
number of features, we obtain 6 models (1 number of 
features, 6 classifiers) which are evaluated on the test set 
using four performance metrics: balances accuracy, 
sensitivity, specificity, area under the ROC curve (AUC-
ROC). 

Based on these performance metrics, we selected the best-
performing configuration and used SHapley Additive 
exPlanations (SHAP) [18] to explain the predictions. 

III. RESULTS 
A systematic analysis was conducted to assess the impact 

of the number of features and machine learning algorithms by 
computing the mean and standard deviation across multiple 
seeds. 

A. Optimal number of features 
Fig. 3 represents the mean balanced accuracy achieved by 

each classifier in combination with a specific number of 
features selected by GBDT during the training phase. The 
graph shows consistent patterns of increase and decrease in 
mean balanced accuracy across different classifiers as the 
number of selected features varies. Moreover, each classifier 
was characterized by a general trend of increasing mean 
balanced accuracy as the number of selected features 
increased from 5 to 20 across most classifiers. Specifically, 

XGB consistently achieved high mean balanced accuracy 
scores across all feature counts. By examining the overall 
mean and standard deviation calculated for each number of 
features, it can be observed that the results for 15 features and 
20 features exhibit similar mean and standard deviation (t-
test: t = 0.78, p > 0.05). In a parsimony way, we decided to 
select 15 features as the optimal number. Table II shows the 
number of features selected from each category, the 
frequency of the features selected and the average frequency 
considering 10 iterations by category. For instance, there 
were three features (major axis length, elongation and 
sphericity) from the original shape category that were 
selected 22 times globally (i.e., major axis length was 
selected 10 times, elongation 7 times and sphericity 5 times). 
Therefore, the average frequency for a feature from this 
category was 7.33 (22/3) out of the 10 iterations. 
Comparatively, the original shape category was the most 
predominant category of features selected and original first-
order category the least selected. 

B. Performance of classifiers in the test set 
Fig. 4 shows the results on the test set of the classifiers 

trained with 15 features. The values reported were computed 
after utilizing the optimal cut-off determined by Youden's 
index during the training phase. 

In terms of balanced accuracy and AUC-ROC, RF, KNN 
and LR demonstrated comparable performance, 
overperforming the other classifiers. When examining 
sensitivity and specificity, a trade-off is particularly visible in 
ABoost and XGB classifiers, where high specificity values 
are associated with low sensitivity. In contrast, RF classifier 
maintained high scores for both sensitivity and specificity 
compared to the other classifiers.  

TABLE II.  FREQUENCY AND AVERAGE SELECTION OF FEATURES BY 
CATEGORY OVER 10 ITERATIONS. 

Feature category Nr. 
features 

Total times 
selected Average 

Original Shape  3 22  7.33 
First-order 2 2 1 
Textural  6 10 1.67 

Wavelet First-order 23 43 1.87 
Textural  43 73 1.70 

 

Fig. 3. Mean balanced accuracy based on the 10 seeds achieved by each classifier in combination with a specific number of features (5, 10, 15 and 20) 
selected by GBDT during the training phase.  
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Considering all performance metrics, RF emerged as the 
best performing classifier, achieving for balanced accuracy, 
sensitivity, specificity and AUC-ROC scores of 0.82 ± 0.04, 
0.81 ± 0.08, 0.83 ± 0.05, 0.88 ± 0.05, respectively.  

C. Explainability analysis 
Considering RF model for explainability analysis, the top 

three most important features identified from the SHAP 
analysis (Fig. 5) were: MajorAxisLength, sphericity and 
wavelet_LHH_ngtdm_Busyness. The feature 
MajorAxisLength, representing the largest axis length of the 
ROI-enclosing ellipsoid, showed a positive correlation with 
malignancy likelihood, indicating that medium to higher 
values are associated with a greater likelihood of malignancy. 
Conversely, sphericity, which measures the roundness of the 
shape of the tumor region relative to a sphere, demonstrated 
an inverse relationship with malignancy likelihood. 
Specifically, lower values of sphericity (more irregular the 
nodule) were found to be associated with a higher likelihood 
of malignancy. The wavelet_LHH_ngtdm_Busyness feature 
is a textural feature computed from neighboring gray tone 
difference matrix (NGTDM) obtained after applying low-
pass (L) and high-pass (H) filters. It measures the intensity 
change of a pixel considering its neighbors. A low busyness 
value indicates a gradual change of intensity between pixels 
and their neighborhood, which was overall associated with a 
lower likelihood of malignancy.  

D. Comparison with original malignancy scores 
As the original malignancy scores given by the 

radiologists 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 RF model using the 15 features 
selected by GBDT. The histogram in Fig. 6 reveals that a 
significant portion of misclassified nodules belonged to the 
category with an average score between 3 and 4, representing 
the most uncertain cases. In contrast, none of the nodules 
from class [1;2[ (average score less than 2) were misclassified 
and there were very few misclassifications from the class 
[4;5] (average score of 4 or higher).  

IV. DISCUSSION 
In the present study, a novel explainable radiomic-based 

pipeline was developed using degraded SDCT and LDCT 
images to classify lung nodules based on the likelihood of 
malignancy. A key innovation stands in degrading SDCT 
images to leverage the annotations present in the LIDC-IDRI 
dataset, aiming to obtain a screening scenario where only 
LDCTs are present while addressing the limitations 
associated with different dosage CT images in the same 
dataset. Furthermore, we also addressed the challenge of 
imbalanced datasets by implementing a recent data 
augmentation technique involving creating perturbations in 
nodules present in the minority class and random 
undersampling of the majority class. To ensure the robustness 
of our findings, we conducted the pipeline ten times with 
varying seeds, enabling the generation of multiple data 
partitions. This approach enhances the reliability of our 
testing results by mitigating the influence of seed selection 
bias.  

The final optimized model, consisting of 15 features 
selected by GBDT and trained with RF classifier, achieved 
the highest performance scores with balanced accuracy of 

 

Fig. 4. Results achieved by different classifiers using 15 features selected by gradient boost decition tree on the test set. 

 

Fig. 5. SHAP beeswarm plot of the test set (seed 8) generated from the optimized model, 15 features selected by GBDT with RF classifier. 
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0.82 ± 0.04, sensitivity of 0.81 ± 0.08, specificity of 0.83 ± 
0.05 and auc-roc of 0.88 ± 0.05. These results are comparable 
to or exceeded the performance of several studies in the 
literature (Table III), such as Alahmari et al. [9] (sensitivity 
of 0.49 and specificity of 0.93) and Rundo et al. [10] 
(sensitivity of 67.0% and specificity of 86.2%). Causey et al. 
[8] achieved notable results (sensitivity of 0.88 and 
specificity of 0.88) when using deep learning convolutional 
neural network features on the LIDC-IDRI dataset. However, 
when applying only radiomic features the sensitivity dropped 
to 0.70. Moreover, Causey et al. [8] also omitted nodules with 
an average score for the likelihood of malignancy between 3-
4, which are the most challenging nodules to classify. 

We recognize that larger datasets contribute to more 
stable and accurate models, enhancing reliability and 
generalizability. Our dataset comprised a larger number of 
nodules (400), surpassing the sample sizes of studies that 
achieved better performance with smaller datasets. For 
example, Choi et al. [6] considered 72 subjects, Mao et al. 
[19] 295 nodules, Garau et al. [7] 110 subjects, and Liu et al. 
[20] 141 nodules.  

Although Peikert et al. [11] achieved better performance 
metrics (sensitivity = 0.90, specificity = 0.86) with a 
relatively large dataset, it is worth noting that their study 
included nodules larger than those analyzed in our study. 
Their dataset comprised nodules with a size threshold of ≥7 
mm, whereas our study focused on nodules with a size 
threshold of ≥3 mm, considered optimal for screening [21]. 
In addition, research suggests that the lower the size of the 
nodule, the higher the rate of false positives [21], 
emphasizing the need for robust classification models in this 
context. Furthermore, Peikert et al. [11] selected data to 
balance the dataset, potentially introducing bias. 

TABLE III.  COMPARISON WITH RESULTS FOUND IN THE LITERATURE. 

Author N Nodule 
size (mm) Sen. % Spec.% AUC 

Choi et al. [6] 72 ≥ 3 87.2  81.2 0.89 
Peikert et al. [11] 726 ≥ 7 90.4 85.5 0.94 
Alahmarie et al.[9] 467 ≥ 4 49.0 93.0 0.82 
Causey et al.[8] 664 ≥ 3 69.7 95.5 0.94 
Mao et al. [19] 294 ≥ 6 81.0 92.2 0.90 
Garau et al. [7] 110 - 90.0a, 35.5b 0.86 
Liu et al. [20] 141 - 86.4 85.7 0.89 
Rundo et al. [10] 11 012 - 67.0 86.2 0.82 
Proposed 400 ≥ 3 81.0 83.0 0.88 

N: sample size; a true positive rate; b false positive rate. 

Additionally, we employed the SHAP method to interpret 
the model’s classification and identify key features. This 
interpretability analysis enabled us to mimic radiologists’ 
scoring processes, providing valuable insights into the 
decision-making process. Specifically, identifying 
MajorAxisLength and sphericity as the most important 
features aligns with 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 [22]. Moreover, the inclusion of 
textural wavelet features (wavelet_LHH_ngtdm_Busyness) 
among the top three important features suggests that the 
wavelet transform provided additional information not 
visible to the naked eye.  

The present study is not exempt from limitations. For 
instance, the dataset under consideration was primarily 
curated to develop segmentation methods rather than for 
classification purposes or screening. In addition, nodule 
evaluation relied on radiologist assessments rather than 
histology-confirmed malignancy, leading to subjectivity in 
nodule evaluation. 

However, our study successfully emulated the 
radiologists’ approach to nodule evaluation, demonstrating 
the effectiveness of combining visually perceptible shape and 
size features with wavelet features, which offer insights 
beyond human perception. 

V. CONCLUSION 
In conclusion, the approach proposed herein 

demonstrated the potentiality of utilizing degrading SDCT 
images as a promising method for overcoming challenges 
associated with limited annotated LDCT images, as well as 
radiomics in the discrimination between the likely malign 
nodules and less likely ones.  
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5 Discussion and Conclusions 

5.1. Main findings 

The present PhD aimed to advance the field of lung cancer screening by addressing three critical 

pillars of the screening workflow: (1) mitigating low-dose image degradation; (2) enhancing 

automated nodule detection; (3) improving radiomics-based malignancy classification. 

The first limitation identified in the literature was the lack of reproducible CT 
degradation methods to simulate low-dose characteristics present in LDCT images used 
for lung cancer screening and the lack of annotated LDCT images to support the 
development of robust AI models to alleviate radiologist workload.  Current literature 

focuses on image denoising to improve LDCT quality. However, these methods require raw 

projection data or paired SDCT-LDCT datasets which are non-existent. Most studies rely on 

paired data from the 2016 LDCT Grand Challenge, generated using a noise-insertion method. 

Consequently, the first study of this PhD shifts the focus from denoising LDCT to degrading 

SDCT images to generate diagnostically representative LDCT images. Accordingly, the first 

study’s (Publication I) aim was to evaluate and compare multiple degradation techniques on 

CT images. To achieve this objective, a systematic comparison of different physical and 

synthetic degradation methods was conducted, including sinogram-domain statistical 

simulation (method 1), the replication of a validated physics-based method using Pix2Pix 

(method 2), and unpaired image generation using CycleGAN (method 3). This comparison was 

supported by the downstream task of lung nodule classification using radiomic features 

extracted from images degraded by each method. In this way, the lack of annotated LDCT 

images was overcome by applying degradation to annotated SDCT datasets.  

The three degradation approaches showed distinct qualitative visual features and distinct 

quantitative performance in the nodule classification task. Method 1 produced visible but more 

subtle granular noise, whereas method 2 replicated pronounced streak artifacts and high-

frequency noise that appeared visually consistent with photon starvation. However, despite 

visible noise in method 2, it yielded relatively lower sensitivity in the classification task. 

Conversely, method 3 produced perceptually blurrier images with subtle noise but obtained the 
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best FID (0.0316) and KID (0.0102) scores computed on the nodule patch. These results 

indicate that while method 3 may lack high-frequency sharpness, it achieved superior 

distributional alignment with the target low-dose domain. In the nodule classification task, 

method 3 yielded the most balanced classification performance with the highest sensitivity, 

achieving an AUC of 0.861, balanced accuracy of 0.800, sensitivity of 0.743 and specificity of 

0.858 on the test set (composed of real LDCT only). The need for realistic degradation was 

confirmed by the poor generalization of the model trained on SDCT data, i.e., images without 

degradation. While the SDCT baseline model performed well during validation, it failed to 

generalize to the test set, yielding a collapsed sensitivity of 0.571. In contrast, the results 

demonstrated that synthetic data generated by all three methods can successfully train a 

classifier to perform well on real LDCT data (AUC > 0.84).  

Therefore, the main contributions of the first study were: 

• provided the first systematic comparison and evaluation of different low-dose CT 

degradation methods. 

• introduce an approach that bypasses denoising and instead validates the feasibility of 

using SDCT images for developing downstream classification models. 

• by providing a reliable method for simulating LDCT scans, these findings will not only 

aid in the development of more accurate denoising algorithms but also accelerate the 

inclusion of SDCT images into the development of nodule detection and classification 

models, ultimately improving the efficacy of lung cancer screening. 

The second paper (Publication II) addresses the critical clinical task of lung nodule 
detection, where improving accuracy and reducing false positives has a significant real-
world impact. While state-of-the-art transformer-based methods have demonstrated superior 

performance on many computer vision tasks, their effectiveness in the medical domain is 

limited by the lack of large-scale, curated datasets. To address this, the second study proposes 

and evaluates a two-stage pretraining strategy: initial pretraining on a large-scale natural video 

dataset (Kinetics-700), followed by further domain-specific pretraining on the large unlabeled 

lung CT dataset (NLST). By treating 3D CT volumes as sequential spatiotemporal data 

(analogous to video), vast amounts of unlabeled data can be exploited to pretrain the model. 

This forces the network to learn rich, contextual anatomical representations by reconstructing 

masked regions, providing a robust initialization for detecting nodules in 3D volumes without 

relying on large labeled datasets. To bridge the domain gap between natural videos and medical 
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volumes, this study systematically investigated the influence of input resolutions and 

embedding layer configurations on the Video-ViT backbone. Two volumetric configurations 

were evaluated: (1) 16x224x224 input size aligned with the original pretraining resolution, 

using a 3D convolution with a 2x16x16 kernel, resulting in 8x14x14 tokens per volume; and (2) 

a second configuration to accommodate larger volumetric depth with an input size of 

64x128x128, using an 8x16x16 kernel, producing 8x8x8 tokens per volume. The study further 

investigated SwinUNETR pretraining mechanisms initialized with MOANI weights and using 

a crop size of 64x128x128.  

The quality of the learned representations was first assessed via the pretext task of image 

reconstruction. The model was trained to minimize the L2 reconstruction loss relative to the 

maximum input intensity. The loss decreased drastically from 4% in the model trained from 

scratch (random initialization) to 0.01% in the model utilizing large-scale video pretrained 

weights. The pretrained model significantly enhances reconstruction quality, accurately 

reconstructing lung structures, including fine details like blood vessels using only 10% of 

visible tokens. Conversely, training from scratch resulted in severe patch artifacts, 

demonstrating a lack of contextual understanding.  

The superior representations learned during pretraining translated directly to the downstream 

task of lung nodule detection on the LUNA16 benchmark. Among the configurations, Video-

Vit initiated with video weights and further pretrained using NLST achieved the best results on 

the downstream detection task with a mAP of 81.234% and an AP of 82.629% using the 

16×224×224 input configuration. In contrast, the 64×128×128 configuration achieved lower 

results, mAP of 72.550% and AP of 75.258%, as the Video-Vit model required a partial 

reinitialization of the embedding layer, reducing the benefit of pre-training. On the other hand, 

while both transformers benefited from pretraining, Video-ViT outperformed SwinUNETR 

(mAP 78.723% and AP 81.327%) primarily for two reasons: 1) the medical image dataset used 

to pretrain SwinUNETR (5050 CT volumes) is significantly smaller compared to the video 

dataset (500,000 video clips); 2) the SwinUNETR model has fewer trainable parameters (26.7 

million) than Video-Vit (338 million). The obtained results are comparable to recent approaches 

in the literature. For instance, Wu et al.[155] proposed YOLOv7-based framework using 2D 

images, achieving a mAP of 80.94% and 95.26% with data augmentation. Similarly, Ji et al.[99] 

modified YOLOv5 and achieved a mAP of 72.0%. Su et al. [156] applied Faster R-CNN to the 

LIDC-IDRI dataset and achieved an AP of 82.4% for the original model and 91.2% for the 
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optimized version. Some of these methods rely on 2D CNN architectures, while our 3D 

transformer-based approach achieves a mAP of 81.234% and AP of 82.629%, highlighting its 

competitiveness.  

The main contributions of the second study can be summarized as follows: 

• This work represents one of the first adaptations of MIM pretraining to the 3D nodule 

detection task, demonstrating its effectiveness on transformer-based backbones such as 

Video-ViT and SwinUNETR. 

• The proposed framework leverages the spatial reasoning capabilities of the MIM 

mechanism, leading to impressive finetuning results on the LUNA16 dataset and 

outperforming the Retina U-net baseline.  

• Through extensive experiments, the impact of different architectural designs and input 

patch sizes on the model’s performance was analyzed. These findings advance the use 

of pretrained transformers for medical detection tasks.  

Regarding the lung nodule classification task, the limitations identified in the literature 
included radiomic studies with low sensitivity or specificity [143], small sample sizes [147], 

[148], [150]  and the absence of small lung nodules [145], [151]. The use of small datasets 

limits the reliability and generalizability of the models. Furthermore, some studies excluded 

small nodules which are critical for early diagnosis and more challenging to classify. To 

overcome these limitations, chapter 4 of this thesis proposed two studies (Publication III and 

IV) with a larger sample size to develop an explainable radiomics-based model trained on larger 

datasets, including smaller nodules (≥3 mm) and achieved competitive results. Both studies 

used degraded SDCT images to leverage annotations present in the LIDC-IDRI dataset, aiming 

to simulate a screening scenario in which only LDCTs are present while addressing the 

limitations associated with the lack of annotated datasets. The conference paper included 400 

subjects and used a mixed degraded SDCT and real LDCT in the model training and testing, 

with an 8:2 partition. The pipeline was conducted ten times with varying seeds, enabling the 

generation of multiple data partitions to ensure robustness and enhance the reliability of our 

testing results by mitigating the influence of seed selection bias. The final optimized model, 

consisting of 15 features selected by GBDT and trained with a RF classifier, achieved the 

highest performance scores with balanced accuracy of 0.82 ± 0.04, sensitivity of 0.81 ± 0.08, 

specificity of 0.83 ± 0.05 and AUC-ROC of 0.88 ± 0.05. Additionally, SHAP method identified 
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major_axis_length and sphericity as the most important features. Moreover, the inclusion of 

textural wavelet features (wavelet_LHH_ngtdm_Busyness) among the top three important 

features suggests that the wavelet transform provided additional information not visible to the 

naked eye.  

The extended journal paper included a bigger sample size of 2625 nodules. This study 
demonstrated the effectiveness of training a classifier exclusively from synthetic LDCT, 

generated by degrading SDCT images, and testing it exclusively on real LDCT images. This 

study further performed feature selection independently on three different subsets: a) only shape 

and size (SS) features, b) all features but SS features, and c) all features. These three sets were 

chosen to assess the relevance of nodule morphological characteristics on the prediction. 

Results revealed that extracting only three SS features from the lung nodules and using a simple 

LR classifier, yielded the most consistent results, achieving mean (confidence intervals) 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 [143] and [144]. This extended study 

also included SHAP analysis in the pipeline which identified axis_length and sphericity as the 

top 3 most impactful features, both when only SS features were included in model training and 

also when all features were considered. This result is coherent with the previous study and 

highlights the importance of the SS feature in distinguishing likely benign from likely malignant 

lung nodules, aligning with one of the criteria used in the Lung-RADS to standardize the 

screening of lung cancer on CT images. 

The main contributions of these last two studies were: 

• Both studies used degraded SDCT images for classification model development, 

enabling to address the limited availability of annotated LDCT images for training while 

ensuring the validity of our results through testing on real LDCT images.  

• Both studies contributed to improving nodule classification using radiomics to build an 

explainable machine learning model, advancing in this way the lung nodule 

classification. 
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5.2. Work limitations and future developments 

Despite the contributions presented in this thesis, this work is not exempt from limitations.  

First, the first study compared a broad range of degradation techniques; however, the methods 

relied on image domain or simplified statistical assumptions in the sinogram domain. These 

approximations may not fully capture the complex, non-uniform noise characteristics inherent 

to specific scanner properties, although quantitative metrics such as FID and KID demonstrated 

strong statistical similarity between the simulated and the real LDCT. Additionally, regarding 

the statistical analysis, although the Friedman and pairwise Wilcoxon tests indicated significant 

differences, the overlap in the 95% confidence intervals suggests that these differences might 

be partially attributed to the bootstrap sample size which makes the statistical tests more 

susceptible to small differences. Hence, future work should consider integrating scanner-

specific parameters or leveraging deep learning in the projection domain to better account for 

non-uniform, realistic LDCT noise, leading to superior results with significant statistical 

differences and non-overlapping confidence intervals.  

Second, the results and experiments on the second study are limited to a single fold of the 

LUNA16 dataset, whereas the standard LUNA16 benchmarking score requires 10-fold cross-

validation. Furthermore, although the study validated the adaptation of well-established self-

supervised learning frameworks (Video-MAE and SwinUNETR) to a new and important 

application domain, the field of computer vision evolves rapidly. Therefore, future work 

should complete 10-fold cross-validation to enable more direct comparisons with studies that 

report results using the official challenge metrics, explore newer self-supervised frameworks 

and extend the model’s capabilities to include nodule segmentation useful for radiomics 

analysis in nodule classification. 

Third, the dataset used in the last two nodule classification studies was not originally 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. Future work should use lung 

screening datasets with biopsy-confirmed ground truth to bridge the gap between this 

methodology and diagnostic clinical practice. Furthermore, although radiomics have the 
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advantage of being explainable, interpretable and computationally more efficient, DL models 

have demonstrated great potential in the literature. Therefore, future research should focus on 

training DL models directly on the degraded SDCT images generated in this thesis and develop 

hybrid models that complement radiomics with DL features, potentially improving 

classification performance while maintaining interpretability. Additionally, due to the order in 

which the studies were conducted, i.e., the studies in Chapter 4 were completed prior to the 

degradation method comparison in Chapter 2, the superior degradation technique identified in 

Chapter 2 could not be applied in Chapter 4. However, the classification results of the best 

degradation method can be found in chapter 2 for the sake of comparison. 

Finally, although the results of our analysis can be considered robust given the large and 

multicentric nature of the LIDC-IDRI dataset, the lack of validation in external, independent 

cohorts remains an obstacle to clinical translation. Future research should focus on large-scale 

validation through prospective, multi-center clinical trials. To support this transition to real-

time clinical contexts, it would be worthwhile to design a diagnostic system with continuous 

learning capabilities, i.e., implementing a cloud-based computing framework. This would 

guarantee machine-independent reproducibility and allow the system to adapt dynamically to 

new data, ensuring the tool remains effective across different medical centers [152], [157] 
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5.3. Conclusion 

This PhD addresses multiple stages of the lung cancer screening process, including image 

quality, nodule detection and malignancy classification, by proposing innovative solutions to 

overcome the limitations of dataset and annotations scarcity.  

The findings of this research confirm that: 

1. Generating synthetic LDCT data from SDCT offers a promising data augmentation 

strategy to address challenges associated with limited annotated LDCT images. This 

work supports the use of unpaired generative adversarial networks as a scalable, cost-

effective solution to the data scarcity in LDCT imaging. 

2. By treating 3D medical scans as video sequences, it is possible to adapt self-supervised 

learning techniques from the natural domain to the medical domain. This work 

highlights the potential of leveraging vast amounts of unlabeled data to improve lung 

nodule detection, contributing toward the development of more efficient and accurate 

lung cancer screening tools. 

3. Utilizing degraded SDCT images is a viable strategy for developing robust nodule 

classification models for screening-detected nodules. This approach expands the 

potential for the development of more generalizable models, ultimately enhancing 

model’s ability to differentiate early-stage malignancy. 

In conclusion, this thesis advances existing lung cancer screening methodologies, bridging the 

gap between data scarcity and clinical utility through the integration of synthetic image 

generation, self-supervised learning, and explainable AI. 
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