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Lung cancer is the leading cause of cancer-related mortality 
worldwide (1). Non–small cell lung cancer (NSCLC) ac-

counts for approximately 85% of all lung cancer cases (2). In 
recent years, large-scale lung cancer screening trials, such as 
the National Lung Screening Trial and the Nederlands-Leu-
vens Longkanker Screenings Onderzoek, show that repeated 
low-dose CT screening (approximately 1–2 mSv per scan) of 
high-risk populations (3–6) can considerably reduce lung can-
cer mortality (7). Early-stage lung cancer (stages I and II) has a 
more favorable prognosis, underscoring the importance of early 
detection. However, the shortage of radiologists and the lack of 
obvious clinical symptoms in early disease cause delayed diag-
nosis and missed lesions, further exacerbating the high mortali-
ty. Improving early diagnostic and staging capability is therefore 
crucial for better patient outcomes.

However, important challenges remain in the clinical diagno-
sis and treatment of lung cancer. The traditional TNM staging 
system is a key indicator for prognosis prediction and treatment 
planning (8) but has limitations: even within the same stage, pa-
tients can show substantial differences in recurrence and survival 
(9). Some patients with stage I cancer experience rapid recurrence 
or metastasis shortly after surgery, whereas other patients with 
advanced-stage cancer achieve long-term survival (10). Pathology 
classification from biopsy or surgery, although essential for deci-
sions on surgical strategies and adjuvant therapy (11), requires 
invasive sampling and may not capture intra- and peritumoral 
heterogeneity, limiting treatment precision.

CT is central to lung cancer screening, diagnosis, staging, and 
treatment evaluation. In the preoperative setting, quantitative 
analysis of CT scans offers a noninvasive way to assess tumor 
pathology, staging, and prognosis. Radiomics-based studies show 
that quantitative image features can predict lymph node metas-
tasis (12) and prognosis (13) through predictive models, thereby 
supporting personalized treatment strategies. Nevertheless, sev-
eral factors hinder the widespread clinical application of artificial 
intelligence models. For radiomics methods, low reproducibil-
ity and limited generalizability are barriers due to variations in 
acquisition parameters, reconstruction algorithms, scanner ven-
dors, patient populations, and feature extraction and validation 
protocols. Moreover, the limited availability and high cost of 
expert-annotated datasets, inconsistent imaging quality, and the 
single-task focus of most deep learning (DL) models limit their 
ability to handle the complex, multidimensional aspects of lung 
cancer diagnosis and treatment planning.

To address these challenges, self-supervised learning (SSL) 
has emerged as a powerful approach, enabling models to learn 
meaningful feature representations from vast amounts of unla-
beled data (14). SSL-based models have demonstrated compa-
rable or better performance than traditional supervised learning 
models, reducing reliance on labeled datasets. The advent of 
foundation models has further propelled artificial intelligence 
research, achieving remarkable performance across various do-
mains, including natural language processing, computer vision, 
and medical imaging (14). These models have been successfully 
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applied to tasks such as automatic radiology report generation 
(15), fluorescence microscopy image restoration (16), and mul-
timodal medical imaging analysis (17). SSL-based foundation 
models can reach competitive performance using only a small 
fraction of labeled data; models such as soma and neurite density 
imaging (18) and tree-guided convolutional neural networks (19) 
have matched or outperformed fully supervised models while us-
ing about 1% of annotated data and achieving an area under the 
receiver operating characteristic curve (AUC) of up to 1.0 in can-
cer prediction tasks. Despite advancements, foundation models 
still struggle with interpretable three-dimensional CT-based lung 
cancer diagnosis and prognosis due to challenges related to data 
management and model architecture.

Accordingly, the aim of our study was to develop an SSL foun-
dation model based on chest CT scans and evaluate its perfor-
mance in various clinical tasks.

Materials and Methods
In this study, we proposed the Unified CT-Based Lung Can-
cer Imaging Foundation (UCLIF) model, which adopts a DL 
pretraining and fine-tuning framework. UCLIF first learns gen-
eralizable chest CT representations from unlabeled data and is 
then fine-tuned for specific downstream predictive tasks. The 
model attends to lesions, whole-lung structure, and perilesional 
context to extract features relevant for lung cancer diagnosis, 
staging, and prognosis. Using the UCLIF model, we performed 
predictive analyses for lung cancer histologic subtype classifi-
cation, cancer staging, and patient survival and recurrence and 
compared performance with other advanced DL and traditional 
machine learning (ML) methods. This unified framework may 
support multiple stages of lung cancer care and provide more 

precise, multidimensional decision support for clinicians. The 
retrospective secondary analysis complied with the Declaration 
of Helsinki and was approved by the ethics committee of Tian-
jin Medical University Cancer Institute & Hospital (approval 
no. EK20250156). All datasets, collected from June 1958 to 
February 2019, were obtained from publicly available repos-
itories and were de-identified in accordance with each repos-
itory’s data-use policies. CT scans from The Cancer Imaging 
Archive (TCIA) are fully de-identified under Health Insurance 
Portability and Accountability Act standards, and no protected 
health information was available to the investigators. Because 
only de-identified public data were used, the ethics commit-
tee waived informed consent. Before analysis, we verified that 
Digital Imaging and Communications in Medicine headers 
contained no protected health information and removed any 
residual private tags to ensure confidentiality. This study did not 
overlap with prior publications on these datasets.

Datasets for Stage I Pretraining 
In this retrospective study, we pretrained UCLIF using 33 901 
chest CT scans from 27 092 adult patients drawn from 15 
publicly available TCIA datasets. These datasets comprise 
multimodal CT scans, including low-dose CT, spiral CT, 
four-dimensional fan-beam CT, and four-dimensional cone-
beam CT, spanning diverse imaging modalities and clinical 
information. Advanced multimodal approaches were used in 
these datasets, integrating imaging with genomics, proteomics, 
and pathology to improve diagnostic accuracy and treatment 
response assessment. The datasets feature a range of imaging 
parameters and are designed for specific applications, such as 
the evaluation of lung function and monitoring of tumor mo-
tion during respiration. The research objectives within these 
datasets are extensive, ranging from lung cancer screening and 
diagnosis to the evaluation of treatment efficacy and immune 
responses. For this study, all adult patients with available chest 
CT imaging were included, and we extracted CT scans from 
these datasets to serve as pretraining input data. In accordance 
with the 2024 Checklist for Artificial Intelligence in Medical 
Imaging, this TCIA cohort was used solely for stage I pre-
training and was not used for model evaluation. Our primary 
patients were those with NSCLC, and all chest CT scans used 
were anonymized to ensure patient confidentiality. Detailed 
information regarding these datasets, including their names, 
data characteristics, manufacturer, and data source, is pro-
vided in Tables S1 and S2.

Datasets for Stage II Downstream Task Fine-Tuning
To comprehensively assess the performance of our foundation 
model in lung cancer analysis, we used diverse datasets and con-
ducted evaluations across multiple downstream tasks, including 
histopathology classification, tumor staging, and survival and 
recurrence prediction. To prevent data leakage, we excluded all 
datasets used for pretraining the foundation model. Moreover, 
to protect patient privacy, all Digital Imaging and Communi-
cations in Medicine images were anonymized, with patient in-
formation removed. The detailed information for each dataset 
used in downstream task fine-tuning is shown in Appendix S1 
and Tables S2 and S3.

Abbreviations
AUC = area under the receiver operating characteristic curve, DL 
= deep learning, ML = machine learning, NSCLC = non–small cell 
lung cancer, SSL = self-supervised learning, TCGA-LUSC = The 
Cancer Genome Atlas Lung Squamous Cell Carcinoma program, 
TCIA = The Cancer Imaging Archive, UCLIF = Unified CT-Based 
Lung Cancer Imaging Foundation

Summary
The self-supervised Unified CT-Based Lung Cancer Imaging Founda-
tion model, trained on 33 901 chest scans, surpassed state-of-the-art 
algorithms in predicting lung cancer histologic subtype, stage, surviv-
al, and recurrence while reducing annotation demands.

Key Points
	■ The Unified CT-Based Lung Cancer Imaging Foundation (UCLIF) 

model performed well in predicting lung cancer histologic subtype 
classification, staging, survival, and recurrence (area under the 
receiver operating characteristic curve: 0.96 for adenocarcinoma, 
0.95 for stage I tumors, and 0.97 for 1-year survival).

	■ The UCLIF model outperformed traditional self-supervised pre-
training algorithms by extracting more comprehensive and mean-
ingful features from three-dimensional chest CT scans, leading to 
better diagnostic and prognostic predictions (P < .001).

	■ The model showcased strong scalability and interpretability across mul-
tiple clinical tasks, reducing the need for extensive annotated data.

Keywords
Lung Cancer, CT, Foundation Model, Diagnosis, Classification
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Histologic subtype classification 
In this task, we classified the CT scans of patients into three 
distinct histologic lung cancer subtypes: adenocarcinoma, large 
cell lung cancer, and squamous cell carcinoma. The NSCLC 
Radiogenomics dataset (20), including 196 CT scans with 
histologic subtype annotations, was used as the training set in 
adenocarcinoma and squamous cell carcinoma classification 
to optimize our classification model. For large cell lung can-
cer classification, because of the scarcity of patients with this 
type in the NSCLC Radiogenomics dataset, we used the NS-
CLC-Radiomics (21) dataset, with 317 CT scans serving as the 
training set. Additionally, we extracted 19 CT scans from the 
NSCLC-Radiomics-Interobserver1 (22) dataset as the test set 
for all three subtypes.

Stage classification 
To comprehensively evaluate model performance, we catego-
rized patient CT scans into four clinical stages—stages I–IV—
according to the TNM classification system. We used the NS-
CLC Radiogenomics dataset, with 146 CT scans, as the training 
set and the NSCLC-Radiomics-Genomics dataset (23), with 87 
CT scans, as the test set.

Patient survival prediction 
We categorized patient survival time into three intervals: 1 year, 
3 years, and 5 years. We extracted CT scans with survival data 
from the NSCLC Radiogenomics dataset to serve as the train-
ing set, and we included 32 CT scans with detailed survival 
information from The Cancer Genome Atlas Lung Squamous 
Cell Carcinoma (TCGA-LUSC) dataset (24) as the test set.

Patient recurrence prediction 
In this task, we used 217 CT scans from the NSCLC Radiog-
enomics dataset as the training set and 86 CT scans from the 
TCGA-LUSC dataset as the test set. The final outcome was de-
termined according to whether lung cancer had recurred.

Data Preprocessing 
The CT data we used in this study were obtained from pub-
licly available datasets and approved by the hospital ethics 
committee. Patient privacy protection complied with relevant 
regulatory requirements. The original scans were stored in Dig-
ital Imaging and Communications in Medicine format with a 
matrix size of 512 × 512, ensuring continuity across sections 
without missing or fragmented sections. To mitigate differences 
in resolution and section thickness caused by variations in scan-
ning equipment and imaging parameters, we first applied cubic 
B-spline interpolation to resample the CT volumetric data to an 
isotropic voxel size of 1 mm × 1 mm × 1 mm. Subsequently, we 
performed intensity normalization within a window width of 
−1400 HU to 400 HU using min-max normalization, mapping 
CT values to the range [0,1]. During the region of interest con-
struction, two thoracic radiologists (Z.Y. and M.W., each with 
10 years’ experience) delineated lesion boundaries in consensus; 
discrepancies were adjudicated by a senior thoracic oncologic 
radiologist (20 years’ experience). Surrounding tissue informa-
tion was evaluated within an 8-mm peritumoral ring around 
the lesion boundary.

UCLIF Model Architecture and Training Details
To enhance SSL for extracting visual features, we introduced an 
autoencoder rooted in the Vision Transformer framework. This 
innovative model, designated the UCLIF model, is specifically 
designed to tackle three-dimensional medical imaging challenges. 
The architecture is composed of two principal modules: a Vision 
Transformer encoder and a complementary Transformer decoder. 
During pretraining, the encoder receives image patches with se-
lective masking and generates advanced feature representations 
that encapsulate the intricate visual characteristics of the origi-
nal medical scans. Concurrently, the decoder uses masked tokens 
as placeholders, drawing on the full set of encoder outputs for 
contextual guidance. The primary function of the decoder is to 
reconstruct the obscured portions of the scan, effectively approxi-
mating the original content through a self-supervised image com-
pletion strategy. This approach enables the model to learn robust 
visual representations without the need for explicit labels.

We conducted performance comparisons between the UCLIF 
model and two pretrained baseline methods, namely SSL-Ima-
geNet and SSL-Lung. Although each method adopted a distinct 
pretraining strategy, they maintained an identical architecture 
and followed a uniform fine-tuning protocol for downstream 
tasks. The flow of the UCLIF architecture throughout both pre-
training and fine-tuning stages is illustrated in Figure S1. Further-
more, the UCLIF model incorporated SSL-ImageNet weights as 
its initialization baseline and extended the pretraining phase to 
include lung scans, effectively using a sequential two-stage SSL 
process that first leverages natural images and then lung scans. An 
overview of these pretraining strategies is provided in Figure S2 
and Appendix S2.

The complete workflow of UCLIF model development is de-
picted in Figure 1A.

Development of Classifier and Comparison Algorithms
To harness the pretrained ViTAutoEnc for subsequent classi-
fication applications, we integrated a dedicated classification 
module comprising an initial feature selection layer followed by 
several fully connected layers. In detail, the pretrained encoder 
generated high-dimensional latent representations, where each 
scan produced 216 patches represented by 2048-dimensional 
vectors. We subsequently compressed these high-dimensional 
features to a lower-dimensional space—256 dimensions per 
patch—via principal component analysis. Following this reduc-
tion, the resulting compact representations (with dimensions 
of 216 × 256) were flattened into a single feature vector that 
served as input for a cascade of fully connected layers, sequen-
tially configured with 128, 64, and ultimately two neurons to 
yield classification predictions. Incorporating principal compo-
nent analysis not only streamlined the extraction of pertinent 
features but also enhanced the discriminative power of the clas-
sification module by retaining only the most informative ele-
ments. This strategy markedly improved both the efficiency and 
accuracy of the classifier (Fig 1B).

To perform an extensive performance evaluation, we used both 
DL and ML methods. Initially, we trained three distinct convolu-
tional neural networks—ResNet34 (25), DenseNet121 (26), and 
ShuffleNet (27)—which had been pretrained on the ImageNet1k 
dataset and accessed via the timm (PyTorch Image Models) library. 
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Subsequently, we used features extracted from these convolutional 
neural networks to construct and assess various conventional ML 
classifiers. Specifically, we implemented classifiers based on logistic 
regression, support vector machines, random forest, and eXtreme 
gradient boosting. We systematically compared the performance of 
these classifiers using the extracted features, providing a compre-
hensive evaluation of the effectiveness of each model for specific 
tasks. We executed all experiments using two Nvidia RTX 3090 
graphics processing units. Detailed information regarding the con-
volutional neural network and ML algorithms we used in this study 
is available in Appendixes S3 and S4.

For the classification task, we trained the model on the des-
ignated training set using a cross-entropy loss function in con-
junction with the AdamW optimizer. We set an initial learning 
rate of 1e−5, with a cosine decay schedule governing the learning 
rate throughout the training process. We performed training with 
a batch size of 36, extended for up to 300 epochs. At the end 
of each epoch, we evaluated model performance on the test set, 
and the weights that achieved the highest AUC were preserved as 
checkpoints for both internal and external test sets.

To evaluate the scalability of the pretrained UCLIF model 
across diverse challenges in pulmonary medicine, we designed 
several binary classification tasks: histologic subtype classification, 
tumor staging, survival prediction, and recurrence prediction.

Statistical Analysis
Because this was a retrospective study using fixed public 
imaging cohorts, no formal a priori sample size calculation 
was performed; instead, we included all eligible patients to 
maximize statistical power and model stability. All statistical 
analyses were performed by J.L. and Y.X. To develop a robust 
and generalizable model, we used 10-fold cross-validation to 
evaluate the performance of each DL and ML model on the 

test subset. For each fold, we computed the true-positive, 
true-negative, false-positive, and false-negative results. Ac-
cording to these values, we constructed confusion matrices 
and calculated key performance metrics, including accuracy, 
sensitivity, specificity, positive predictive value, and negative 
predictive value. Additionally, we estimated 95% CIs for the 
cross-validated AUC of each predictive model using boot-
strapping with 1000 iterations.

For time-to-event end points (overall survival and recur-
rence), we used multivariable Cox proportional hazards mod-
els; we right-censored patients without events at the last fol-
low-up, and we assessed the proportional hazards assumption 
using Schoenfeld residuals. We adjusted for baseline covariates 
(age, sex, smoking status) by concatenating them to the UCLIF 
representation and optimizing a Cox partial-likelihood loss in a 
deep survival model and then including them alongside the UC-
LIF risk score in a multivariable Cox model (age centered and 
standardized; sex as a binary indicator; smoking as a categorical 
variable—never, former, or current—via indicator coding). The 
median risk value was used as the reference to categorize pa-
tients into low- and high-risk groups. Adjusted hazard ratios 
and performance metrics are reported alongside unadjusted re-
sults. For the analytical strategy, we developed models on the 
basis of the NSCLC Radiogenomics dataset and evaluated them 
on the TCGA-LUSC dataset as an external validation without 
additional training or fine-tuning; we estimated all preprocess-
ing parameters and the risk-score threshold within the training 
folds, then fixed them for external application to avoid infor-
mation leakage, under the assumptions of noninformative cen-
soring and proportional hazards. Furthermore, to evaluate the 
model’s ability in predicting patients’ survival, we also explored 
a deep survival learning approach (DeepSurv) under the same 
data splits and tuning protocol (Appendix S4).

Figure 1:   Flowchart of stages I and II. For the development and assessment of the Unified CT-Based Lung Cancer Imaging Foundation (UCLIF) model, a structured ap-
proach was followed. (A) In stage I, the UCLIF model was built through self-supervised learning, incorporating CT data sourced from The Cancer Imaging Archive (TCIA). 
(B) Stage II involved refining the UCLIF model for specific downstream tasks, and supervised learning was used to facilitate both internal test and external performance evalu-
ation. PCA = principal component analysis, NSCLC = non–small cell lung cancer, TCGA-LUSC = The Cancer Genome Atlas Lung Squamous Cell Carcinoma dataset, ViT = 
Vision Transformer.
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In addition to survival analyses, we performed the De-
Long test to assess the significance of differences in AUCs be-
tween classification models. We conducted this analysis using 
the pROC package in R statistical software (version 4.3.2; R 
Foundation), with P < .05 considered statistically significant.

Code Availability
The code used for model development and data analysis can be 
made available from the corresponding author upon reasonable 
request for academic, noncommercial use.

Results

Dataset Characteristics
In this study, we included 656 patients (median age, 68.55 
years ± 10.01 [SD]; 450 male) for downstream tasks to eval-

uate the model. A detailed breakdown 
of the CT scans used in this two-stage 
study is provided in Table 1 and Figure 
S3. In stage I, we used 33 901 chest 
CT scans for SSL, comprising 27 121 
scans for training and 6780 for testing. 
Following this pretraining phase, stage 
II involved supervised fine-tuning for 
multiple clinical end points, each sup-
ported by a distinct combination of 
training and test sets. We trained and 
tested the model for histologic subtype 
classification tasks using the NSCLC 
Radiogenomics and NSCLC-Radiom-
ics datasets and the NSCLC-Radiom-
ics-Interobserver 1 dataset, respectively. 
Specifically, the NSCLC Radiogenom-
ics dataset contained 166 adenocarci-
noma and 30 squamous cell carcinoma 
CT scans; the NSCLC-Radiomics data-
set contained 114 large cell lung can-
cer and 203 other-type CT scans; and 
the NSCLC-Radiomics-Interobserver 1 
dataset contained 10 adenocarcinoma, 
three large cell lung cancer, and six 
squamous cell carcinoma CT scans. We 
trained the model for stage I–IV predic-
tion tasks on the NSCLC Radiogenom-
ics dataset and then tested the model 
on the NSCLC-Radiomics-Genomics 
dataset, with different distributions of 
stage-specific and other-stage cancer 
CT scans. Stage I training included 94 
stage I and 52 other-stage cancer CT 
scans, and validation included 15 stage 
I and 72 other-stage cancer CT scans. 
Stage II training included 26 stage II 
and 120 other-stage cancer CT scans, 
and validation included 54 stage II and 
33 other-stage cancer CT scans. Stage 
III training included 22 stage III and 
124 other-stage cancer CT scans, and 

validation included 13 stage III and 74 other-stage cancer CT 
scans. Stage IV training included four stage IV and 142 oth-
er-stage cancer CT scans, and validation included five stage 
IV and 82 other-stage cancer CT scans. We trained the model 
for survival predictions on the NSCLC Radiogenomics dataset 
(CT scans for 22 deceased and 38 alive, 45 deceased and 15 
alive, and 57 deceased and three alive patients for 1-, 3-, and 
5-year survival, respectively) and then tested the model on the 
TCGA-LUSC dataset with corresponding outcome distribu-
tions (CT scans for 22 deceased and 10 alive, 28 deceased 
and four alive, and 28 deceased and four alive patients, respec-
tively). We trained the model for recurrence prediction (no re-
currence vs recurrence) on the NSCLC Radiogenomics dataset 
(CT scans from 168 patients without and 49 with recurrence) 
and then tested the model on the TCGA-LUSC dataset (CT 
scans from 77 patients without and nine with recurrence).

Table 1: Comprehensive Count of CT Scans Used in Each Task

Task Description Training Set Test Set Total

Stage I: SSL on chest CT scans 27 121 6780 33 901
Stage II: Supervised fine-tuning for clinical tasks
  Task 1: Adenocarcinoma prediction
    Adenocarcinoma 166 10 176
    Other type 30 9 39
  Task 2: Large cell lung cancer prediction 
    Large cell lung cancer 114 3 117
    Other type 203 16 219
  Task 3: Squamous cell carcinoma prediction
    Squamous cell carcinoma 30 6 36
    Other type 166 13 179
  Task 4: Stage I prediction
    Stage I 94 15 109
    Other stage 52 72 124
  Task 5: Stage II prediction
    Stage II 26 54 80
    Other stage 120 33 153
  Task 6: Stage III prediction
    Stage III 22 13 35
    Other stage 124 74 198
  Task 7: Stage IV prediction
    Stage IV 4 5 9
    Other stage 142 82 224
  Task 8: 1-year survival prediction
    Deceased 22 22 44
    Alive 38 10 48
  Task 9: 3-year survival prediction
    Deceased 45 28 73
    Alive 15 4 19
  Task 10: 5-year survival prediction
    Deceased 57 28 85
    Alive 3 4 7
  Task 11: Recurrence prediction
    No 168 77 245
    Yes 49 9 58

Note.—Data are numbers of instances. SSL = self-supervised learning.
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Assessment of UCLIF Model Performance for Histologic 
Subtype Classification and Tumor Staging
We evaluated the histologic subtype classification perfor-
mance of the proposed UCLIF model in comparison with 
that of SSL-Lung and SSL-ImageNet. Across different his-
tologic classifications and staging tasks, the UCLIF model 
achieved equal or superior accuracy compared with the SSL 
baselines, with the degree of improvement varying across 
specific subtypes and stages (large cell lung cancer: 26% [five 
of 19]; adenocarcinoma: 63% [12 of 19]; squamous cell car-
cinoma: 79% [15 of 19]) (Fig 2). Additionally, we observed 
higher classification confidence for the UCLIF model, with 

AUCs and 95% CIs consistently exceeding those of SSL-
based methods (Fig 3). For instance, the model achieved 
AUCs of 0.96 (95% CI: 0.88, 1.00) for adenocarcinoma, 
0.82 (95% CI: 0.60, 0.98) for large cell lung cancer, and 
0.93 (95% CI: 0.80, 0.99) for squamous cell carcinoma, 
outperforming the SSL baselines. From a clinical evaluation 
perspective, the UCLIF model also achieved superior perfor-
mance, with the model exhibiting a strong specificity (92%; 
12 of 13) and positive predictive value (75%; three of four) 
for squamous cell carcinoma (Tables 2, 3).

In the tumor staging task, the UCLIF model achieved ac-
curacies of 89% (17 of 19), 86% (25 of 29), 72% (21 of 29), 

Figure 2:  Bar graph of performance comparison of the Unified CT-Based Lung Cancer Imaging Foundation (UCLIF) 
model and self-supervised learning (SSL)–based methods across classification tasks. Across all tasks, the UCLIF model con-
sistently outperformed the SSL-based methods, achieving higher accuracy in all categories.

Figure 3:  Dot graph of comparison of performance between the Unified CT-Based Lung Cancer Imaging Foundation (UCLIF) and 
self-supervised learning (SSL)–based methods. The figure presents the area under the receiver operating characteristic curve (AUC; dots) 
along with 95% CIs (lines) for the UCLIF model, SSL-Lung, and SSL-ImageNet across multiple classification tasks. The UCLIF model consis-
tently achieved higher AUC values than the SSL-based approaches, indicating superior predictive performance. Pairwise comparisons of 
AUCs between UCLIF and SSL-based methods were performed using the DeLong test and were statistically significant (all P < .001). The CIs 
for the UCLIF model are also narrower for several tasks, suggesting greater model stability.
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and 95% (83 of 87) for stage I–IV lung cancer, respectively, 
significantly outperforming SSL-Lung and SSL-ImageNet (P 
< .001; Fig 2). The model also demonstrated higher AUCs 
than SSL-Lung and SSL-ImageNet, with AUCs of 0.95 (95% 
CI: 0.79, 1.00), 0.99 (95% CI: 0.96, 1.00), 0.92 (95% CI: 
0.74, 1.00), and 0.91 (95% CI: 0.78, 1.00) for stage I–IV 
lung cancer, respectively, confirming its robust feature ex-
traction capability in tumor staging classification (Fig 3).

Assessment of UCLIF Model Performance for Survival and 
Recurrence Prediction
The proposed UCLIF model was further evaluated for its perfor-
mance in predicting survival time and recurrence, demonstrat-
ing superior classification performance across multiple datasets. 
In the survival time prediction task, the UCLIF model achieved 
accuracies of 91% (29 of 32), 88% (seven of eight), and 91% 
(29 of 32) for 1-, 3-, and 5-year survival, respectively (Fig 2). 
AUC analysis revealed even stronger performance, with the UC-
LIF model achieving AUCs of 0.97 (95% CI: 0.92, 1.00), 0.90 

Table 2: Comparison of the Performance of UCLIF Model on Clinical Tasks of Varying Diffi-
culty in Test Datasets

Outcome

UCLIF Model

Accuracy Sensitivity Specificity NPV PPV

Adenocarcinoma 63 (12/19) 56 (5/9) 70 (7/10) 64 (7/11) 63 (5/8)
Large cell lung cancer 26 (5/19) 19 (3/16) 67 (2/3) 13 (2/15) 75 (3/4)
Squamous cell carcinoma 79 (15/19) 50 (3/6) 92 (12/13) 80 (12/15) 75 (3/4)
Stage I 89 (17/19) 67 (2/3) 94 (15/16) 94 (15/16) 67 (2/3)
Stage II 86 (75/87) 60 (12/20) 94 (63/67) 89 (63/71) 75 (12/16)
Stage III 72 (63/87) 72 (51/71) 75 (12/16) 38 (12/32) 93 (51/55)
Stage IV 95 (83/87) 60 (3/5) 98 (80/82) 98 (80/82) 60 (3/5)
1-Year survival 91 (29/32) 96 (22/23) 78 (7/9) 88 (7/8) 92 (22/24)
3-Year survival 88 (7/8) 50 (3/6) 96 (25/26) 89 (25/28) 75 (3/4)
5-Year survival 91 (29/32) 75 (3/4) 93 (26/28) 96 (26/27) 60 (3/5)
Recurrence 94 (81/86) 56 (5/9) 99 (76/77) 95 (76/80) 83 (5/6)

Note.—Data are percentages with numerators/denominators in parentheses. NPV = negative predictive 
value, PPV = positive predictive value, UCLIF = Unified CT-Based Lung Cancer Imaging Foundation.

Table 3: Comparison of the Performance of Different Algorithms on Clinical Tasks of Varying Difficulty in Test Datasets

Outcome

SSL-Lung SSL-ImageNet

Accuracy Sensitivity Specificity NPV PPV Accuracy Sensitivity Specificity NPV PPV

Adenocar-
cinoma

63 (12/19) 55 (5/9) 70 (7/10) 64 (7/11) 63 (5/8) 63 (12/19) 56 (5/9) 70 (7/10) 64 (7/11) 63 (5/8)

Large cell 
lung 
cancer

26 (5/19) 19 (3/16) 67 (2/3) 13 (2/15) 75 (3/4) 26 (5/19) 19 (3/16) 67 (2/3) 13 (2/15) 75 (3/4)

Squamous 
cell car-
cinoma

74 (14/19) 50 (3/6) 85 (11/13) 79 (11/14) 60 (3/5) 68 (13/19) 50 (3/6) 77 (10/13) 77 (10/13) 50 (3/6)

Stage I 89 (17/19) 67 (2/3) 94 (15/16) 94 (15/16) 67 (2/3) 89 (17/19) 67 (2/3) 94 (15/16) 94 (15/16) 67 (2/3)
Stage II 86 (75/87) 60 (12/20) 94 (63/67) 89 (63/71) 75 (12/16) 86 (75/87) 60 (12/20) 94 (63/67) 89 (63/71) 75 (12/16)
Stage III 72 (63/87) 72 (51/71) 75 (12/16) 38 (12/32) 93 (51/55) 72 (63/87) 72 (51/71) 75 (12/16) 38 (12/32) 93 (51/55)
Stage IV 95 (83/87) 60 (3/5) 98 (80/82) 98 (80/82) 60 (3/5) 95 (83/87) 60 (3/5) 98 (80/82) 98 (80/82) 60 (3/5)
1-Year 

survival
88 (28/32) 91 (21/23) 78 (7/9) 78 (7/9) 91 (21/23) 84 (27/32) 87 (20/23) 78 (7/9) 70 (7/10) 91 (20/22)

3-Year 
survival

84 (27/32) 50 (3/6) 92 (24/26) 89 (24/27) 60 (3/5) 81 (26/32) 50 (3/6) 89 (23/26) 89 (23/26) 50 (3/6)

5-Year 
survival

88 (28/32) 50 (2/4) 93 (26/28) 93 (26/28) 50 (2/4) 88 (28/32) 50 (2/4) 93 (26/28) 93 (26/28) 50 (2/4)

Recurrence 93 (80/86) 56 (5/9) 97 (75/77) 95 (75/79) 71 (5/7) 92 (79/86) 56 (5/9) 96 (74/77) 95 (74/78) 63 (5/8)

Note.—Data are percentages with numerators/denominators in parentheses. SSL = self-supervised learning, NPV = negative predictive value, 
PPV = positive predictive value.
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Across multicenter test sets, it achieved AUCs of 0.96, 0.82, 
and 0.93 for adenocarcinoma, large cell lung cancer, and squa-
mous cell carcinoma, respectively; AUCs of 0.95, 0.99, 0.92, 
and 0.91 for stages I–IV, respectively; AUCs of 0.97, 0.90, and 
0.90 for 1-, 3-, and 5-year survival, respectively; and an AUC of 
0.95 for recurrence prediction. In all tasks, the UCLIF model 
outperformed convolutional neural networks, ML models, and 
the SSL-Lung and SSL-ImageNet baselines, indicating that do-
main-specific SSL pretraining on chest CT yields more infor-
mative and transferable representations for thoracic oncology 
(see the Results section for detailed statistics and P values).

Chest CT is the cornerstone imaging modality for lung cancer 
diagnosis and staging and is widely used because of the high inci-
dence of lung cancer (12.4%) (28). However, the increase in CT 
examinations has placed mounting pressure on radiology services. 
DL-based artificial intelligence systems have been proposed to al-
leviate workload and improve diagnostic consistency, with prior 
studies showing high performance for benign-malignant nodule 
classification (accuracy, 92.8% [29]) and 5-year recurrence predic-
tion (AUC, 0.817 [30]). Nonetheless, most existing approaches 
rely on supervised learning and labor-intensive region-of-interest 
annotations, limiting scalability and increasing overfitting risk with 
small labeled datasets. By leveraging large-scale unlabeled CT data 
and modest labeled datasets for fine-tuning, our model addresses 
these limitations and enables accurate early nodule classification 
and prognosis prediction with reduced annotation burden.

For histologic subtype classification, the relatively lower per-
formance for large cell lung cancer likely reflects limited samples 
and class imbalance, whereas other subtypes showed consistently 
strong metrics, indicating that the UCLIF model can manage 
complex multiclass tasks with imbalanced data. Han et al (31) 
used a VGG16-based model to differentiate NSCLC subtypes 
and achieved an AUC of 0.903 in a single-center cohort, while 
Ding et al (32) demonstrated the advantages of SSL for histologic 
subtype prediction using whole-slide images. By pretraining on 
multi-institutional CT data and evaluating on distinct down-
stream test sets, our work extends these studies and provides more 
generalizable evidence for SSL-based lung cancer subtype classi-
fication, supporting its use as a complementary tool in routine 
workflows to accelerate subtype assessment and guide treatment.

In the tumor staging task, the UCLIF model captured radio-
graphic patterns relevant to TNM staging, delivering accurate 
stage I–IV discrimination. Trabelsi et al (33) previously used a 
ResNet-50-based model to distinguish T categories within the 
TNM system, focusing on a single component of tumor staging. 
In contrast, our model produces a comprehensive staging output 
within the same framework that also supports multiple prognos-
tic tasks, enhancing potential clinical utility. Its superior perfor-
mance compared with SSL-Lung and SSL-ImageNet underscores 
the limitations of generic SSL models trained on natural images 
in capturing tumor-specific structural and textural features. Con-
sistent with Tayebi Arasteh et al (34), who showed that SSL pre-
training on medical-specific data substantially improves disease 
classification accuracy versus pretraining on natural images, our 
results support domain-specific SSL as particularly advantageous 
for thoracic oncology.

The UCLIF model also showed strong prognostic capabil-
ities for survival and recurrence. Existing survival prediction 

(95% CI: 0.72, 0.98), and 0.90 (95% CI: 0.77, 1.00) for 1-, 3-, 
and 5-year survival prediction, respectively (Fig 3). These results 
exceeded those of SSL-Lung and SSL-ImageNet (P < .001), re-
inforcing the superior discriminative capability of the model.

For recurrence prediction, the UCLIF model achieved an ac-
curacy of 94% (81 of 86), consistently outperforming SSL-based 
methods (Fig 2). We observed high classification confidence for 
the UCLIF model (AUC, 0.95; 95% CI: 0.88, 0.99) (Fig 3). Fur-
thermore, the UCLIF model achieved a specificity of 99% (76 of 
77), a negative predictive value of 95% (76 of 80), and a robust 
positive predictive value of 83% (five of six), thereby underscor-
ing the significant advantage of the model in balancing detection 
rate and predictive accuracy. In contrast, SSL-Lung achieved a 
sensitivity of only 56% (five of nine), a specificity of 97% (75 of 
77), a negative predictive value of 95% (75 of 79), and a posi-
tive predictive value of 71% (five of seven), while SSL-ImageNet 
performance further lagged, with a specificity of 96% (74 of 77) 
(Tables 2, 3).

Comparison of DL and ML Model Performance
Building on the insights gained from previous analyses, we eval-
uated how both ML and DL approaches perform in various 
classification scenarios (Tables S4, S5). Conventional ML algo-
rithms, including eXtreme gradient boosting and support vector 
machines, generated different results depending on the dataset 
under consideration, whereas state-of-the-art DL architectures 
(eg, DenseNet121, ResNet34, and ShuffleNet) each demon-
strated distinctive advantages. Across numerous datasets—par-
ticularly for molecular biomarker classification and treatment 
outcome prediction—the UCLIF model consistently attained 
higher accuracy and AUC than other methods (P < .001).

Performance of Multivariable Cox Proportional Hazards 
Models and DeepSurv Models
Multivariable Cox proportional hazards models revealed that 
after integrating baseline covariates and risk scores, the UCLIF 
model could accurately predict patients’ risks of death and re-
currence with patients at high risk facing significantly greater 
mortality and recurrence risk than those at low risk in the 
long-term analyses, whereas the 1-year multivariate result was 
not statistically significant (Table S6). This lack of significance 
prompted a brief failure analysis, which suggested that most 
incorrect 1-year predictions were driven by peritreatment and 
other unmeasured short-term factors not fully captured by the 
baseline covariates of the UCLIF model. Moreover, the results 
of the DeepSurv models indicated that, under the same data 
splits and outcome definitions, DeepSurv provided discrimina-
tion and calibration that were comparable but slightly inferior 
to those of the Cox-based UCLIF pipeline for both death and 
recurrence end points (Table S7, Fig S4).

Discussion
In this study, we addressed the increasing workload and anno-
tation burden in CT-based lung cancer care by developing the 
UCLIF model, an SSL framework that reduces dependence on 
labeled data. Trained on 33 901 chest CT scans from multiple 
institutions, the UCLIF model learned cross-contrast context 
representations and was fine-tuned on clinically relevant tasks. 
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models using neural networks or semisupervised learning with 
CT achieved AUCs or accuracies around 0.79–0.89 (35,36), 
showing room for improvement. In our study, SSL pretraining 
reduced the need for extensive high-quality labels while enabling 
simultaneous prediction of short- and long-term survival, which 
is relevant in research settings where outcome labels are costly. For 
recurrence prediction, Na et al (37) reported an AUC of 0.860 
using a single-hospital prognostic model, and Wang et al (38) 
reported an AUC of 0.817 for early recurrence in stage I lung 
cancer using ResNet18. Compared with these models, our model 
maintained high prognostic performance across multiple external 
datasets (recurrence AUC, 0.95), supporting more effective for-
mulation and adjustment of treatment strategies and personalized 
clinical management. These retrospective multicenter results mo-
tivate large-scale prospective multicenter studies in broader and 
more diverse patient populations to further validate generalizabil-
ity, calibration, and clinical utility before routine deployment. 
Building on these promising retrospective multicenter results, 
future large-scale prospective multicenter studies in broader and 
more diverse patient populations are warranted to further validate 
the generalizability, calibration, and clinical utility of the UCLIF 
model before its widespread integration into routine clinical de-
cision support systems.

Our findings are aligned with a growing body of work demon-
strating the value of SSL-based foundation models in medical im-
age analysis. Zhou et al (39) trained an SSL foundation model on 
1.6 million retinal images. Pai et al (40) applied contrastive learn-
ing in pathology, and Bluethgen et al (41) developed a chest ra-
diograph visual-language model, all achieving strong performance 
across diverse tasks. Extending this concept to three-dimensional 
chest CT, the UCLIF model functions as a CT-based founda-
tion model for thoracic oncology and demonstrated substantial 
robustness to domain shifts. It was validated on downstream 
datasets that differed in acquisition protocols, scanner vendors, 
reconstruction parameters, and patient populations, whereas con-
ventional supervised models trained from scratch or initialized on 
natural images showed performance deterioration and variability 
across external test sets. The consistently superior and stable per-
formance of our model suggests that SSL pretraining on large un-
labeled CT cohorts not only reduces dependence on labeled data 
but also enhances robustness to real-world imaging heterogeneity.

This study had limitations. First, our model relied solely on 
CT images and did not incorporate complementary clinical, 
pathologic, or molecular data, which might further improve pre-
dictive performance and decision support. Second, like many 
DL models, the current UCLIF model functions as a “black 
box” with limited interpretability, potentially hindering clinician 
trust and adoption. Although we reported subgroup performance 
across institutions, scanner vendors, and demographic strata to 
assess generalizability and fairness, residual biases from retrospec-
tive site-specific referral patterns and imaging protocols cannot 
be excluded. Third, all datasets were retrospective, and the model 
has not been prospectively validated or embedded into routine 
clinical workflows, so its real-world effectiveness, calibration, and 
clinical impact remain to be established.

In conclusion, we developed the UCLIF model, an SSL 
framework for CT-based lung cancer analysis using a two-
phase training strategy on natural images and three-dimensional 
chest CT scans. By reducing reliance on annotated datasets and 

effectively capturing CT spatial characteristics, our model sub-
stantially improved histopathology subtype classification, tumor 
staging and survival, and recurrence prediction compared with 
traditional supervised approaches and generic SSL baselines, 
particularly in small-sample scenarios. Future work should in-
tegrate multimodal data sources (including clinical, pathologic, 
and genomic information), incorporate explainability methods 
(such as attention-based visualizations, integrated gradients, and 
perturbation or occlusion tests) to enhance interpretability, and 
conduct large-scale prospective multicenter studies with consec-
utive patient enrollment, prespecified operating thresholds, and 
workflow-embedded deployment. These efforts will be crucial to 
validate the robustness, fairness, and clinical utility of the UCLIF 
model; facilitate its integration into triage pipelines, presurgical 
planning, and multidisciplinary team discussions; and ultimately 
support personalized, data-driven management of patients with 
lung cancer.
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