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Background: Low-dose chest computed tomography (LDCT) screening improves early detection of lung 
cancer but poses challenges such as false positives and overdiagnosis, especially for nodules smaller than 
8 mm where follow-up guidelines are unclear. Traditional risk prediction models have limitations, and deep 
learning (DL) algorithms offer potential improvements but often require large datasets. This study aimed 
to develop a DL-based, label-free lung cancer risk prediction model using alternative LDCT images and 
validate it in individuals without non-calcified solid pulmonary nodules larger than 8 mm.
Methods: We utilized LDCT scans from individuals without non-calcified solid nodules larger than 8 mm 
to develop a DL-based lung cancer risk prediction model. An alternative training dataset included 1,064 
LDCT scans: 380 from patients with pathologically confirmed lung cancer and 684 from control individuals 
without lung cancer development over 5 years. For the lung cancer group, only the contralateral lung (without 
the tumor) was analyzed to represent high-risk individuals without large nodules. The LDCT scans were 
randomly divided into training and validation sets in a 3:1 ratio. Four three-dimensional (3D) convolutional 
neural networks (CNNs; 3D-CNN, MobileNet v2, SEResNet18, EfficientNet-B0) were trained using 
densely connected U-Net (DenseUNet)-segmented lung parenchyma images. The models were validated 
on a real-world test dataset comprising 1,306 LDCT scans (1,254 low-risk and 52 high-risk individuals) and 
evaluated using the area under the receiver operating characteristic (ROC) curve (AUC), Brier scores, and 
calibration measures.
Results: In the validation dataset, the AUC values were 0.801 for 3D-CNN, 0.802 for MobileNet v2, 
0.755 for EfficientNet-B0, and 0.833 for SEResNet18. Corresponding Brier scores were 0.169, 0.175, 
0.217, and 0.156, respectively, indicating good calibration, especially for SEResNet18. In the test dataset, 
the AUC values were 0.769 for 3D-CNN, 0.753 for MobileNet v2, 0.681 for EfficientNet-B0, and 0.820 
for SEResNet18, with Brier scores of 0.169, 0.180, 0.202, and 0.138, respectively. The SEResNet18 model 
demonstrated the best performance, achieving the highest AUC and lowest Brier score in both validation 
and test datasets.
Conclusions: Our study demonstrated that DL-based, label-free lung cancer risk prediction models 
using alternative LDCT images can effectively predict lung cancer development in individuals without 
non-calcified solid pulmonary nodules larger than 8 mm. By analyzing lung parenchyma on LDCT images 
without relying on nodule detection, these models may enhance the efficiency of LDCT screening programs. 
Further prospective studies are needed to determine their clinical utility and impact on screening protocols, 
and validation in larger, diverse populations is necessary to ensure generalizability.
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Introduction

Lung cancer is the leading cause of cancer-related deaths 
in men and women worldwide (1). The United States 
Preventive Services Task Force recommends annual 
screening for lung cancer using low-dose chest computed 
tomography (LDCT) for high-risk individuals aged 50 to 
80 years with a 20-pack-year smoking history who currently 
smoke or have quit within the past 15 years (2). However, 
LDCT screening carries potential harm, including false 
positives, overdiagnosis, and radiation exposure, which 
can lead to unnecessary procedures and patient anxiety (3). 
To mitigate these risks, the Fleischner Society Guidelines 
recommend several options for solid non-calcified nodules 
larger than 8 mm in diameter because they are suspected 
of malignancy and require further evaluation (4). These 
options include a 3-month follow-up, work-up with 
positron emission tomography and computed tomography 
(CT), tissue sampling, or a combination (5). However, for 
nodules measuring 8 mm or smaller, a consensus has not 
been reached on the criteria to differentiate between low- 
and high-risk nodules, leading to controversy regarding the 

appropriate follow-up strategy (6). Moreover, the decision 
to perform follow-up chest CT in individuals without 
detected pulmonary nodules on LDCT remains debatable, 
with varying guidelines, as limited evidence exists to support 
the routine use of follow-up CT scans in individuals 
without nodules. Thus, determining the appropriate 
follow-up strategy for patients with nodules measuring 
8 mm or smaller, or for those without nodules, remains 
a critical issue. Efforts have been made to develop more 
accurate lung cancer prediction models that incorporate 
demographic information and biological characteristics to 
address these issues (7). However, these models have had 
varying performances, and their practicability has been 
limited (8).

One promising approach to developing lung cancer 
prediction models is the application of deep learning (DL) 
algorithms to analyze chest CT images (9). Previous DL-
based models have primarily focused on the automatic 
detection and evaluation of pulmonary nodules to aid 
in the diagnosis of lung cancer (9,10). These algorithms 
are particularly adept at differentiating between benign 
and malignant tumors in individuals with pulmonary 
nodules larger than 8 mm in diameter (11). However, the 
predictive capabilities of DL algorithms in individuals with 
nodules measuring 8 mm or smaller, or those without any 
detected nodules, are less established. While some studies 
have reported that DL algorithms can detect important 
radiologic features by analyzing lung parenchyma on 
CT images—thus enabling lung cancer predictions 
beyond the currently identifiable features of pulmonary  
nodules (12)—research in this area remains limited. This 
limitation is partly due to the challenge of obtaining a large 
number of CT scans from high-risk individuals, considering 
the relatively low incidence rate (approximately 1–2%) 
of lung cancer among populations undergoing screening 
using LDCT images (13). To overcome the scarcity of 
high-risk LDCT scans needed for training DL algorithms, 
a label-free classification can be employed (14). This 
involves using easily obtainable training data that mimics 
high-risk conditions (15). In the context of lung cancer 
risk prediction, instead of using LDCT scans from high-
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risk individuals, the label-free approach permits the use of 
chest CT scans from patients already diagnosed with lung 
cancer—alternative training data. Specifically, this approach 
focuses on the lung opposite to the one with the tumor, 
which is expected to exhibit radiologic characteristics similar 
to those of high-risk individuals (16). This approach seeks 
to overcome the limitations of data scarcity and enhance 
the prediction model’s performance (14). Therefore, this 
study aims to develop a DL-based label-free lung cancer 
risk prediction model using alternative data and to validate 
it in individuals without non-calcified solid pulmonary 
nodules larger than 8 mm using real-world data. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://tlcr.amegroups.com/article/
view/10.21037/tlcr-24-882/rc).

Methods

Patient datasets

We included two groups of LDCT scans of individuals 
without non-calcified solid pulmonary nodules larger than 
8 mm: one group for the training and validation datasets, 
and another for the real-world test dataset. The alternative 
dataset consisted of LDCT scans obtained from patients at 
Keimyung University Dongsan Hospital between January 
2008 and December 2011 who underwent follow-up chest 
CT scans at least 5 years later. We excluded LDCT scans 
that showed single or multiple solid non-calcified nodules 
larger than 8 mm in diameter, active inflammation, lung 
metastasis, pleural effusion, pneumothorax, or those from 
patients with a history of lung surgery, as these factors 
could affect the reliability of the DL algorithm predictions. 
Within the alternative dataset, LDCT scans were classified 
into two subgroups: lung cancer and control. The lung 
cancer group, serving as an alternative for the high-risk 
group, included LDCT scans with pathologically proven 
lung cancer. The control group, representing the low-risk 
group, comprised LDCT scans that did not detect lung 
cancer and showed no evidence of lung cancer development 
over 5 years of follow-up. We randomly divided the 
alternative dataset into training and validation sets in a 
ratio of 3:1. In the lung cancer group, only the contralateral 
lung—the lung opposite to where cancer developed—was 
used for training and validation, whereas in the control 
group, both lungs were used. This approach enabled us to 
develop a DL-based, label-free lung cancer risk prediction 
model using this alternative dataset.

For the real-world test dataset, we collected LDCT 
scans performed at Keimyung University Dongsan Hospital 
between January 2012 and December 2017. All LDCT 
scans were performed without contrast enhancement, 
following the imaging protocol for LDCT (17). Exclusion 
criteria were the same as for the alternative dataset: LDCT 
scans showing single or multiple solid non-calcified nodules 
larger than 8 mm, active inflammation, lung metastasis, 
pleural effusion, pneumothorax, or scans from patients with 
a history of lung surgery. LDCT scans that did not detect 
lung cancer at the time but where lung cancer developed 
within 5 years after the LDCT was classified into the high-
risk group. LDCT scans that did not detect lung cancer 
and showed no evidence of lung cancer development 
over 5 years of follow-up were classified into the low-
risk group. Recognizing that certain histopathologic types 
of lung cancer—such as small cell lung cancer (SCLC), 
carcinoid tumors, and other rare types—may exhibit 
different characteristics on LDCT images and possess 
different risk factors compared to adenocarcinoma and 
squamous cell carcinoma, we categorized the test dataset 
into two groups for subgroup analysis: Group A, comprising 
adenocarcinoma and squamous cell carcinoma, and Group 
B, including SCLC, carcinoid tumors, and rare types such 
as adenoid cystic carcinoma, sarcomatoid carcinoma, and 
pleomorphic carcinoma. This stratification allowed us to 
assess the performance of the DL model across different 
lung cancer histopathologic subtypes. Additionally, to 
evaluate the predictive ability for lung cancer development 
based on the presence or absence of pulmonary nodules, 
we further categorized the test dataset into two subgroups: 
the non-nodule group (LDCT scans without pulmonary 
nodules) and the nodule group (LDCT scans with 
pulmonary nodules smaller than 8 mm), enabling us to 
assess the DL model’s performance in predicting lung 
cancer risk in patients both with and without pulmonary 
nodules. The study was approved by the Institutional 
Review Board of Dongsan Hospital (No. 2023-01-067), 
and individual consent for this retrospective analysis was 
waived. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

Model development

For the training and validation of the DL-based lung cancer 
prediction model, only the lung parenchyma opposite 
the detected cancer was used for the lung cancer group, 
whereas both lungs were used for the control group. The 
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Figure 1 The schematic diagram of the proposed method. LDCT images in training dataset (A), 2D lung segmentation using 2D 
DenseUNet (B), right and left lung segmentation results (C), segmented right and left lung volume (D), right and left lung cancer risk 
prediction using 3D CNNs (E), performance evaluation on validation dataset (F), segmented LDCT images in test dataset (G), right 
and left lung cancer risk prediction using trained 3D CNNs (H), and performance evaluation on test dataset (I). LDCT, low-dose 
chest computed tomography; 2D, two-dimensional; 3D, three-dimensional; CNN, convolutional neural network; DenseUNet, densely 
connected U-Net.

model development process involves preprocessing LDCT 
images through intensity windowing, normalization, 
and segmentation using two-dimensional (2D) densely 
connected U-Net (DenseUNet) to isolate the lung 
parenchyma. Four three-dimensional (3D) convolutional 
neural networks (CNNs) are then trained on these 
segmented images to predict lung cancer risk. All deep 
networks were implemented with Python3 based on Keras 
with a TensorFlow backend using a single NVIDIA RTX 
A6000 GPU 48 Gb. The entire process of our proposed 
method is shown in Figure 1.

The Digital Imaging and Communications in Medicine 
(DICOM) files of LDCT images were loaded into Python 
using the Pydicom library. The LDCT images have a pixel 
spacing of 0.976 mm × 0.976 mm and a thickness ranging 

from 2.0 to 3.27 mm. The window width and level were set 
to 1,500 and −600 HU, respectively, with values ranging 
from −1,000 to 600 HU. Images were normalized to a scale 
of 0 to 1 using min-max normalization. Automatic lung 
segmentation was performed using 2D DenseUNet, which 
utilizes DenseNet121 as the backbone for efficient image 
segmentation (18). DenseNet121 consists of four densely 
connected blocks with transition blocks, and the decoder 
architecture is similar to that of U-Net for image resolution 
recovery (Figure 2A) (19). Input images of 512×512 pixels 
were normalized and fed to DenseUNet. The initial 
weights of DenseUNet were initialized using ImageNet 
for transfer learning. DenseUNet, with approximately  
12.2 million trainable parameters, was used to segment the 
lung parenchyma, removing the mediastinum and chest 
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Figure 2 DL models for lung segmentation (A) and lung cancer risk prediction (B). 2D, two-dimensional; ROI, region of interest; 3D, 
three-dimensional; CNN, convolutional neural network; DL, deep learning.

wall. An input volume of 128×256×192 pixels for CNNs was 
extracted from the centroid of each segmented lung.

Following automatic lung segmentation, four 3D 
CNNs—3D-CNN, MobileNet v2, SEResNet18, and 
EfficientNet-B0—were employed to predict lung cancer 
risk from LDCT images (Figure 2B). The 3D-CNN 
included four convolutional blocks with 3×3×3 convolutions, 
batch normalization, rectified linear unit (ReLU) layers, 
a 3D max pooling layer, and a global average pooling 
(GAP) layer leading to a sigmoid-activated output layer, 
with approximately 1.2 million trainable parameters. 
MobileNet v2, optimized for low computing power with 
depth-wise separable convolutions, had about 2.4 million 
trainable parameters (20). SEResNet18, featuring squeeze-

and-excitation blocks for dynamic feature recalibration, 
contained around 6.5 million trainable parameters (21). 
EfficientNet-B0, which uses a compound scaling method 
and neural architecture search framework, had approximately 
33.3 million trainable parameters (22). Two 3D prediction 
networks were trained to output probabilities from 0.0 to 1.0 
for left and right lung cancer risk, with the final probability 
being the average of the bilateral lung probabilities. These 
probabilities were then used to classify individuals as high- or 
low-risk for lung cancer development.

We trained the DenseUNet for 200 epochs with a mini-
batch size of 1 and dice similarity loss. Data augmentation 
for the segmentation model was used with random rotation 
(−30° to 30°), zoom (−10% to 10%), and translation 

Deep learning model for lung cancer risk prediction

3D model for right lung cancer risk prediction 

Cancer risk
probability

3D Right lung ROI

3D Left lung ROI 3D model for left lung cancer risk prediction 

Mean
probability 

Cancer risk
probability

3D Global 
average 
pooling

3D Down-
sampling

3D Conv
block

• 3D-CNN

• MobileNet v2

3D CNN models

• SEResNet18

• EfficientNet-B0

 Deep learning model for lung segmentation

2D Densely connected U-Net 
(DenseUNet)

Lung ROI

Conv
block

Up-
sampling

Output imageDecoder partDenseNet121 backboneInput image

Down-
sampling

Skip 
connection

B

A



Translational Lung Cancer Research, Vol 14, No 1 January 2025 155

© AME Publishing Company.   Transl Lung Cancer Res 2025;14(1):150-162 | https://dx.doi.org/10.21037/tlcr-24-882

shift (−10% to 10%). For training, the Adam optimizer 
was applied with β1=0.9 and β1=0.999. An initial learning 
rate of 10−4 was reduced by half up to 10−6 each time the 
validation loss saturated for 25 epochs. We trained the 
3D CNNs for 200 epochs with a mini-batch size of 1 and 
binary cross-entropy loss. Data augmentation methods 
were used with random rotation (−15° to 15°), zoom (−10% 
to 10%), and translation shift (−10% to 10%). The Adam 
optimizer was applied for network training with β1=0.9 and 
β1=0.999. An initial learning rate of 10−4 was reduced by 
half up to 10−6 each time the validation loss saturated for 
10 epochs.

Statistical analysis

The prediction models were validated using the validation 
and test datasets to rigorously assess their performance, with 
a blind assessment of the predicted outcomes employed to 
minimize bias and enhance the reliability of the evaluation. 
The area under the receiver operating characteristic (ROC) 
curve (AUC) was calculated to determine discrimination. 
The prediction model is considered good when the AUC 
is over 0.70 and excellent when the AUC is over 0.8 (23). 
Sensitivity, specificity, positive predictive value, negative 
predictive value, and accuracy were also calculated by 
varying the threshold for the probability of lung cancer. 
The performances of our models were also evaluated with 
respect to calibration with bootstrap resampling (24). 
Calibration ability refers to how closely the predicted 
probabilities match the actual outcomes numerically. The 
risk of developing lung cancer for each participant was 
calculated, and the results were sorted in ascending order. 
In each decile, the average predicted probabilities were 
compared with the actual probabilities of developing lung 
cancer. The Brier score was calculated to determine the 
overall calibration of the predictions (25). A Brier score of 0 
suggests perfect accuracy.

Results

Demographic characteristics

We included 1,064 LDCT scans from participants with an 
average age of 59.89±10.92 years and a male population 
of 489 (46.0%) in the alternative training and validation 
datasets. Among these participants, 684 were classified into 
the control group, whereas 380 were classified into the 
lung cancer group. Subsequently, the LDCT scans were 

randomly divided into training and validation sets in a 3:1 
ratio (Figure 3). In the training dataset, within the low-risk 
group, 312 chest CT scans (68%) exhibited no pulmonary 
nodules, while 144 scans (32%) had nodules <8 mm. In 
the high-risk group, 160 chest CT scans (63%) showed no 
nodules, and 93 scans (37%) contained nodules <8 mm. 
Specifically, among the high-risk group, 34 chest CT scans 
(37%) had pulmonary nodules sized between 5 and 8 mm. 
In the low-risk group, 130 chest CT scans (90%) presented 
pulmonary nodules ranging from 1 to 4 mm. The real-
world test dataset comprised 1,306 LDCT scans from 
participants with an average age of 60.05±11.85 years and a 
male population of 444 (34.0%). Among these participants, 
1,254 were classified into the low-risk group, and 52 were 
classified into the high-risk group. Table 1 details the 
characteristics of the participants. In the test dataset, within 
the low-risk group, 575 chest CT scans (46%) exhibited no 
pulmonary nodules, while 679 scans (54%) had nodules. 
In the high-risk group, 23 chest CT scans (44%) showed 
no nodules, and 29 scans (56%) contained nodules <8 mm. 
Specifically, among the high-risk group, 9 chest CT scans 
(31%) had pulmonary nodules sized between 5 and 8 mm. 
In the low-risk group, 668 chest CT scans (98%) presented 
pulmonary nodules ranging from 1 to 4 mm.

Lung cancer risk-prediction model validation

Lung cancer predictive models incorporating four 
CNNs (3D-CNN, MobileNet v2, SEResNet18, and 
EfficientNet-B0) were developed using the training set and 
were validated on the validation and test datasets. In the 
validation dataset, the AUC values were 0.801, 0.802, 0.755, 
and 0.833 for 3D-CNN, MobileNet v2, EfficientNet-B0, 
and SEResNet18, respectively (Table 2). The Brier scores, 
which are calibration measures, were 0.169, 0.175, 0.217, 
and 0.156 for the four CNNs, respectively (Figure 4).  
Table S1 presents the sensitivity, specificity, positive 
predictive value, negative predictive value, and accuracy of 
each prediction model using 10–90% probability thresholds 
in the validation dataset.

In the test dataset, regardless of histopathologic types and 
the presence of pulmonary nodules, the AUC values were 
0.769, 0.753, 0.681, and 0.820 for 3D-CNN, MobileNet 
v2, EfficientNet-B0, and SEResNet18, respectively  
(Table 3). The Brier scores were 0.169, 0.180, 0.202, and 
0.138, respectively (Figure 5). The calibration of the models 
shows that all four models effectively stratify lung cancer 
risk, with SEResNet18 and EfficientNet-B0 demonstrating 

https://cdn.amegroups.cn/static/public/TLCR-24-882-Supplementary.pdf
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Figure 3 Flow diagram of the training and validation data (A), and test data (B) sets. LDCT, low-dose chest computed tomography.

Table 1 Demographic characteristics in the training, validation, and test data sets

Risk factors

Training set Validation set Test set

Control  
(n=456)

Lung cancer 
(n=253)

Control  
(n=228)

Lung cancer 
(n=127)

Low risk 
(n=1,254)

High risk 
(n=52)

Age (years) 60.52 [11.17] 60.16 [10.10] 56.84 [11.46] 62.33 [9.81] 60.10 [12.0] 58.98 [7.51]

Male 145 (31.8) 179 (70.8) 66 (28.9) 99 (78.0) 399 (31.8) 45 (86.5)

Body mass index (kg/m2) 23.17 [3.56] 23.26 [8.14] 23.64 [3.91] 23.01 [3.31] 24.06 [4.07] 21.03 [4.17]

Current or past smoker 93 (20.4) 193 (76.3) 45 (19.7) 103 (81.1) 340 (27.1) 40 (76.9)

Histologic type

Adenocarcinoma N/A 115 (45.5) N/A 57 (44.9) N/A 21 (40.4)

Squamous carcinoma N/A 105 (41.5) N/A 54 (42.5) N/A 18 (34.6)

Small cell carcinoma N/A 8 (3.2) N/A 3 (2.4) N/A 3 (5.8)

Carcinoid carcinoma N/A 23 (9.1) N/A 12 (9.4) N/A 8 (15.4)

Rare type N/A 2 (0.8) N/A 1 (0.8) N/A 2 (3.8)

Number of pulmonary nodule 0.6 [1.0] 0.5 [0.8] 0.5 [0.7] 0.5 [0.8] 0.7 [1.0] 0.9 [1.0]

Size of pulmonary nodule (mm) 4.0 [1.8] 3.3 [1.8] 4.0 [1.5] 3.5 [1.4] 4.3 [1.7] 4.5 [1.7]

Data are presented as mean [SD] or n (%). The rare types of lung cancer include adenoid cystic carcinomas, sarcomatoid carcinoma, and 
pleomorphic carcinoma. N/A, not applicable; SD, standard deviation.
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Table 3 Performances of deep learning-based lung cancer risk-
prediction models in the test dataset

Models AUC (95% CI) Brier score (95% CI)

3D-CNN 0.769 (0.746–0.792) 0.169 (0.130–0.208)

MobileNet v2 0.753 (0.730–0.776) 0.180 (0.140–0.220)

EfficientNet-B0 0.681 (0.656–0.706) 0.202 (0.160–0.244)

SEResNet18 0.820 (0.799–0.841) 0.138 (0.102–0.174)

AUC, area under the ROC curve; ROC, receiver operating 
characteristic; CI, confidence interval; 3D, three-dimensional; 
CNN, convolutional neural network.

Table 2 Performances of deep learning-based lung cancer risk-
prediction models in the validation dataset

Models AUC (95% CI) Brier score (95% CI)

3D-CNN 0.801 (0.759–0.842) 0.169 (0.130–0.208)

MobileNet v2 0.802 (0.761–0.843) 0.175 (0.135–0.215)

EfficientNet-B0 0.755 (0.710–0.800) 0.217 (0.174–0.260)

SEResNet18 0.833 (0.794–0.872) 0.156 (0.118–0.194)

AUC, area under the ROC curve; ROC, receiver operating 
characteristic; CI, confidence interval; 3D, three-dimensional; 
CNN, convolutional neural network.

Figure 4 ROC curves (A), and Brier score (B) for the 3D-CNN, MobileNet v2, SEResNet18, and EfficientNet-B0 in the validation data 
set. 3D, three-dimensional; CNN, convolutional neural network; AUC, area under the ROC curve; ROC, receiver operating characteristic.
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the closest alignment between predicted and actual 
probabilities (Figure 6). Table S2 presents the sensitivity, 
specificity, positive predictive value, negative predictive 
value, and accuracy of each prediction model using 10–90% 
probability thresholds in the test dataset.

For the subgroup analysis based on the histopathologic 
types of lung cancer, we evaluated the model performance 
separately for Group A (adenocarcinoma and squamous 
cell carcinoma) and Group B (SCLC, carcinoid tumors, 
and rare types). In Group A of the test dataset, the AUC 
values were 0.762 for 3D-CNN, 0.776 for MobileNet v2, 
0.667 for EfficientNet-B0, and 0.835 for SEResNet18. The 
Brier scores were 0.170 for 3D-CNN, 0.179 for MobileNet 
v2, 0.202 for EfficientNet-B0, and 0.137 for SEResNet18, 
respectively. In Group B, the AUC values were 0.793 
for 3D-CNN, 0.686 for MobileNet v2,  0.724 for 
EfficientNet-B0, and 0.776 for SEResNet18 (Figure S1).  
The Brier scores were 0.169 for 3D-CNN, 0.177 for 

MobileNet v2, 0.201 for EfficientNet-B0, and 0.135 for 
SEResNet18, respectively. For the subgroup analysis based 
on the presence of pulmonary nodules on LDCT images, 
we assessed model performance separately for the non-
nodule group and the nodule group. In the non-nodule 
group, the AUC values were 0.749 for 3D-CNN, 0.748 for 
MobileNet v2, 0.668 for EfficientNet-B0, and 0.786 for 
SEResNet18, with Brier scores of 0.169, 0.178, 0.202, and 
0.137, respectively. In the nodule group, the AUC values 
improved to 0.786 for 3D-CNN, 0.758 for MobileNet v2, 
0.691 for EfficientNet-B0, and 0.847 for SEResNet18, with 
Brier scores of 0.169, 0.178, 0.202, and 0.136, respectively 
(Figure S2).

Discussion

We developed a DL-based, label-free lung cancer risk 
prediction model using alternative LDCT images 

https://cdn.amegroups.cn/static/public/TLCR-24-882-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-24-882-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-24-882-Supplementary.pdf
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Figure 6 Calibration plots for the predicted versus actual probability of lung cancer in the test dataset. Calibration plots of 3D-CNN (A), 
MobileNet v2 (B), EfficientNet-B0 (C), and SEResNet18 (D) models. The blue bars indicate the predicted probabilities, while the light blue 
bars represent the actual probabilities. 3D, three-dimensional; CNN, convolutional neural network.

Figure 5 ROC curves (A), and Brier score (B) for the 3D-CNN, MobileNet v2, SEResNet18, and EfficientNet-B0 in the test data set. 3D, 
three-dimensional; CNN, convolutional neural network; AUC, area under the ROC curve; ROC, receiver operating characteristic.
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and validated it with a real-world dataset, focusing on 
individuals without solid non-calcified nodules larger than  
8 mm in diameter. Our findings demonstrate that DL 
analysis of lung parenchyma in LDCT images can 
effectively predict lung cancer risk. Unlike traditional 
models that diagnose lung cancer using nodule-based 
risk assessments, our model predicts future lung cancer 
development by analyzing lung parenchyma independent 
of detectable nodules. To employ a label-free approach, 
we utilized LDCT scans from patients with lung cancer; 
these scans served as alternative training data representing 
high-risk individuals. This strategy enabled us to develop 
a clinically versatile and easily implementable lung cancer 
prediction model. Our model has the potential to enhance 
the efficiency of LDCT screening for lung cancer.

Several conventional models have been developed to 
predict the probability of lung cancer (8,26). Traditional 
epidemiological models, which rely on common risk factors, 
have limited predictive ability with an AUC of less than 
0.75 (7), and require extensive data collection efforts while 
demonstrating limited effectiveness beyond their designated 
demographic groups. Furthermore, predictive models that 
incorporate molecular biology and genetic information 
necessitate significant data collection, including physician 
consultations, sample collection, and additional testing, 
resulting in increased healthcare costs, time, and effort, 
without significantly improving predictive performance over 
existing models, thereby limiting their clinical utility (27).  
To address these limitations, we developed a risk prediction 
model by analyzing the lung parenchyma on LDCT 
images, achieving an impressive AUC of 0.681–0.820 for 
predicting lung cancer development within 5 years. A 
comparable study, known as Sybil, utilized a DL-based 
prediction model with LDCT data from the NLST to 
predict lung cancer within 6 years, demonstrating similar 
performance with AUC values between 0.69 and 0.81 (12). 
The Sybil model trained its DL algorithm using chest 
CT images that included both scans without nodules and 
scans with pulmonary nodules larger than 8 mm. This 
approach enabled Sybil to predict lung cancer risk at 2, 3, 
and 4 years post-imaging. In contrast, our study focused 
on predicting the risk of lung cancer development after  
5 years by training the DL algorithm on chest CT images 
without nodules or with pulmonary nodules smaller than  
8 mm. In Sybil’s test dataset that included nodules, the AUC 
reached 0.81, comparable to the accuracy of our model. 
When Sybil analyzed chest CT scans without nodules 
separately, the AUC was 0.69, slightly lower than the 

results from the dataset including nodules. Similarly, our 
DL models generally showed slightly lower AUCs in test 
groups without nodules compared to those with nodules, 
demonstrating results consistent with Sybil’s findings. Based 
on these findings, both studies indicate that analyzing lung 
parenchyma on LDCT images can effectively predict lung 
cancer development. This DL-based lung cancer prediction 
model for analyzing chest CT images has the potential to 
enhance the efficiency of lung cancer screening and offer 
extensive public health and socioeconomic benefits (3). 
However, its specific role—such as recommending changes 
to screening intervals (more or less frequent) or integration 
into annual LDCT screening programs—would require 
further prospective studies to determine its clinical utility 
and impact on screening protocols.

In our training set, we utilized segmented LDCT images 
of the contralateral lung—the lung opposite to where 
cancer developed. This approach differs from that of other 
models that use LDCT images of both lungs from high-risk 
cohorts prior to lung cancer development (12). Acquiring 
sufficient LDCT scans from high-risk cohorts for training 
DL algorithms is challenging because the probability of 
future lung cancer development in individuals with normal 
LDCT screening results is less than 1% to 5% (28). A 
recent study using LDCT scans from the National Lung 
Screening Trial (NLST) reported the efficiency of DL 
algorithms in predicting lung cancer development within 
6 years in individuals without any detected pulmonary 
nodules. However, even in this large-scale study, only 
about 5% (1,400 LDCT scans) of the 28,000 patients 
whose CT scans comprised the training set were classified 
as high-risk individuals (12). To address this issue, a label-
free approach, which leverages alternative data relevant 
for training DL models could be employed, even if it does 
not precisely match the target application data (14). In the 
context of lung cancer risk prediction, using LDCT scans 
from patients already diagnosed with lung cancer serves 
as an appropriate alternative. Although the contralateral 
lung does not possess all the same lung cancer development 
features as the affected lung, and therefore, cancer did not 
develop there, it exhibits lung cancer–related characteristics 
to a similar extent as the lung where cancer developed. 
This is because both lungs are exposed to the same systemic 
carcinogenic factors, such as smoking, environmental toxins, 
and genetic predispositions (29). These shared exposures 
can induce similar structural and molecular changes 
associated with increased cancer risk. The contralateral lung 
may exhibit radiologic features similar to those of high-
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risk individuals, including chronic obstructive pulmonary 
disease, emphysema, interstitial lung disease, and asbestosis 
(28,30). Moreover, patients with lung cancer have a higher 
likelihood of developing metachronous or synchronous 
primary lung cancers in the contralateral lung (30), 
indicating that both lungs are susceptible to malignancy 
due to systemic carcinogenic influences. By using LDCT 
images of the contralateral lung, we enable the DL model 
to learn from patterns associated with elevated lung cancer 
risk, even in the absence of overt malignancy.

In the present study, the DL-based lung cancer risk 
prediction model aims to measure the probability of lung 
cancer development within the next 5 years by analyzing 
features of the lung parenchyma without detecting 
pulmonary nodules larger than 8 mm. This approach is 
feasible because LDCT imaging can provide detailed 
structural information about the lungs with millimeter-
thick sections, enabling the distinct presentation of 
structural changes associated with lung cancer (14). These 
changes include chronic obstructive pulmonary disease, 
pulmonary tuberculosis, asbestosis, silicosis, emphysema, 
and interstitial abnormalities, which can help identify 
individuals at higher risk of developing lung cancer (24,28). 
Supporting this approach, a Danish study involving 1,990 
chest LDCT images from the Danish Lung Cancer 
Screening Trial revealed that patients with lung cancer 
had a higher occurrence and severity of emphysema and 
a greater frequency of interstitial abnormalities on visual 
analysis (14). However, these differences were not observed 
in the quantitative analysis of chest CT images. This study 
had some limitations that warrant discussion. The trial was 
a 4-year, 5-round screening study in which the interval 
between CT scans was significantly shorter for patients 
who developed cancer compared to those who did not, 
potentially introducing a bias in the detection of structural 
changes. Additionally, the effect of radation exposure 
from repeated LDCT scan was not explored, which could 
influence lung tissue characteristics. Moreover, some 
differences between cancer and non-cancer patients were 
significant only in the later scans and not in the baseline 
scans, suggesting that these structural changes may develop 
over time and may not be present at initial screening (16). 
Although the study emphasized that visual analysis was 
more effective than quantitative analysis of emphysema and 
interstitial abnormalities for predicting lung cancer risk, 
visual analysis alone might not be sufficient for predicting 
lung cancer occurrence due to its subjective nature and 
potential for observer variability. This finding underscores 

the challenge of using conventional quantitative or visual 
methods to evaluate numerous structural features related to 
lung cancer development, which can result in overlooking 
ambiguous areas on LDCT images. Consequently, both 
conventional quantitative and visual analysis methods have 
limitations in predicting lung cancer development (10).  
To overcome these limitations, we utilized a DL algorithm 
to objectively predict lung cancer development by 
extracting sub-level features, classifying, and quantifying 
features related to lung cancer development, and providing 
a quantitative risk score. By leveraging advanced DL 
techniques, our model aims to improve the prediction of 
lung cancer risk and contribute to its prevention.

Our study has some limitations. First, the study population 
was relatively small and consisted exclusively of individuals 
from South Korea, indicating that the performance of our 
lung cancer prediction model has only been validated in 
an Asian population. Second, we excluded LDCT scans 
of individuals with pulmonary nodules larger than 8 mm 
in diameter, which prevented us from assessing the risk 
associated with larger pulmonary nodules in lung cancer 
development. Moreover, although our study included chest 
CT scans with nodules measuring 8 mm or smaller, it was 
challenging to compare our lung cancer prediction model 
with existing nodule diagnosis models. This difficulty arises 
because existing models diagnose lung cancer by evaluating 
current nodules, whereas our model predicts lung cancer 
development over a 5-year period—a fundamentally different 
approach. In real-world clinical settings, pulmonary nodules 
are often detected during LDCT screening, highlighting 
the necessity of developing a comprehensive lung cancer 
diagnosis and prediction model that evaluates the risk of 
lung cancer based on both lung parenchyma and pulmonary 
nodules (8). Therefore, further large-scale cohort studies 
using a DL-based prediction model that incorporates both 
lung parenchyma and pulmonary nodules are necessary 
to assess the impact of such models on management and 
decision-making for individuals undergoing lung cancer 
screening in real-world settings.

Conclusions

Our study demonstrated that DL-based, label-free lung 
cancer risk prediction models using alternative LDCT 
images can effectively predict lung cancer development 
in individuals without non-calcified solid pulmonary 
nodules larger than 8 mm. Lung cancer development can 
be successfully predicted by analyzing lung parenchyma on 
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LDCT images without using additional nodule information. 
These models show potential to enhance the efficiency of 
lung cancer screening programs. However, their specific 
role requires further prospective studies to determine 
clinical utility and impact. Validation in larger, more diverse 
populations is necessary to ensure generalizability across 
different ethnic groups and geographic regions.
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