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ABSTRACT

Given that more than 20% of patients with cT1 solid NSCLC showed nodal or extrathoracic metastasis, early detection of metastasis
is crucial and urgent for improving therapeutic planning and patients’ risk stratification in clinical practice. This study collected
clinicopathological variables from the pulmonary nodule and lung cancer database of the First Affiliated Hospital of Chongqing
Medical University, where patients with early-stage (cT1) solitary lung cancer were evaluated from 2018.11 to 2022.10. The random
forest model and Shapley Additive Explanations (SHAP) were used to investigate the importance of clinical features in the feature
selection part. Random Forest, Gradient Boosting, and AdaBoost classifiers were applied to build the final model, and the predictive
discrimination of each model was compared based on the receiver operating characteristics (ROC) curve and precision and recall
curve. With the evaluation of feature importance, 9 features were used to construct the prediction model finally. The Random
Forest model yielded an average precision of 0.93 with an area under the curve (AUC) of 0.92 (95% CI: 0.88-0.94) compared with the
Gradient Boosting and AdaBoost classifiers in the internal validation dataset, yielding an average precision of 0.87 and 0.91 with
AUCs 0of 0.87 (95% CI: 0.84-0.93) and 0.90 (95% CI: 0.86-0.92), respectively. In addition, the Random Forest classifier performed best
in 5 other 5 diagnostic indices. Furthermore, we embedded this model in a web application called MoLPre (https://molpre.cqmu.
edu.cn/), a user-friendly tool assisting in the metastasis prediction of cT1 solid lung cancer.

JEL Classification: Artificial Intelligence and Machine Learning

1 | Introduction 30mm were classified as clinical (cT1) stage according to the 8th

edition of the American Joint Committee on Cancer (AJCC).

Lung cancer is the leading cause of cancer-related mortality
worldwide, with 1.8 million cases in 2022, despite significant
treatment advancements [1]. Owing to the use of low-dose
computed tomography (LDCT), an increasing number of small
solid lung cancers have been detected [2]. Tumors smaller than

It is well known that cancer cell metastasis is the primary rea-
son responsible for unsatisfactory prognosis [3]. Tumor size
is considered to have a significantly associated with metas-
tasis [4, 5]. However, some patients with malignant solid lung
nodules (diameter <30mm) showed distal metastases during
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Summary

« What is the current knowledge on the topic?

o Even though the number of small-sized solid lung
cancers is increasing, tumor size is still regarded as
an important risk factor for metastasis. Thus, early
metastasis detection of cT1 solid lung cancer is cru-
cial and urgent.

« What question did this study address?

o More than 20% of patients with cT1 solid NSCLC
showed nodal or extrathoracic metastasis. However,
current efforts aim to develop machine learning
models for the metastasis prediction of lung cancer,
ignoring the necessity of tool development for cT1
solid lung cancer.

« What does this study add to our knowledge?
o This study assesses 16 covariates as predictors of me-
tastasis using ML. This is the first prediction model
based on the patients with cT1 solid lung cancer.

« How might this change clinical pharmacology or
translational science
o cT1 solid lung cancer is the major origin of advanced
lung cancer and needs to be considered with more
closely surveillance and systemic treatment. This
study suggested that MoLPre is good for adequate
treatment and can reduce morbidity of patients with
cT1 solid lung cancer.

diagnosis. Studies have shown that the percentage of nodal or
extrathoracic metastases is >20% in cT1 non-small cell lung
cancer (NSCLC) patients [6, 7]. Small cell lung cancer (SCLC)
manifests with more aggressive characteristics and higher met-
astatic potential. Only 5% of SCLC cases are early stage when
first diagnosed [8]. This kind of solid cT1 lung cancer is the
major origin of advanced lung cancer and needs to be consid-
ered with closer surveillance and systemic treatment. Therefore,
the early detection of metastasis is crucial for improving thera-
peutic planning and patient risk stratification in clinical prac-
tice. Positron emission tomography (PET) with the glucose
analog 2-fluoro-2-deoxyglucose (18 F-FDG) takes advantage
of the high glucose metabolism of lung cancer cells and meta-
static lesions to visualize not only tumors but also local lymph
node metastasis and other distant metastases. Nevertheless, the
misdiagnosis and the false-negative rate remain a matter of con-
cern [9, 10]. The accuracy of PET/CT in detecting lymph node
metastasis is low, especially in tuberculosis endemic countries.
Endobronchial ultrasound (EBUS)-guided biopsy and thoracos-
copy for evaluating mediastinal lymph nodes are invasive pro-
cedures [11]. In addition, the serum carcinoembryonic antigen
(CEA), recombinant cytokeratin fragment antigen (CYFRA),
neuron-specific enolase (NSE), and carbohydrate antigen (CA)
series are traditional and common tests used to assist in the di-
agnosis of tumors, and some studies have shown that the com-
bination of these biomarkers could improve diagnostic ability
[12, 13]. Environmental exposures, such as indoor dust, are not
only associated with pulmonary inflammation but also promote
lung cancer metastasis by inducing tumor necrosis factor-o [14].
It is important to construct a careful evaluation tool to identify
metastases before invasive procedures to minimize surgical risk
and reduce unnecessary function loss.

With the rapid development of computer science, several deep
learning methods have been introduced for medical analysis to
perform various tasks, such as cancer diagnosis, malignant prob-
ability prediction, and metastasis status classification [15, 16].
The development of quantitative imaging methods, along with
machine learning, has helped researchers interpret and extract
imaging information [17]. The use of CT/PET imaging can aug-
ment patient stratification, prognosis, and prediction. Therefore,
a number of models have been developed based on machine
learning using high-throughput imaging. Tobias et al. devel-
oped a Gradient Boosting classifier to improve the prediction
of mediastinal lymph node metastases in NSCLC using 18F-
FDG PET/CT parameters [18]. Wang et al. proposed a machine
learning-based model named PKU-M, which was developed
based on the boosted ensemble algorithm (XGBoost) to estimate
the probability of malignancy for multiple pulmonary nodules
(MPNSs). External validation showed that the PKU-M model was
excellent in the discrimination of MPNs, with an AUC of 0.89
(95% CI: 0.86-0.92) [19]. Zhang et al. built a logistic model with
nomograms as a convenient and valuable tool for risk evalua-
tion of metastasis in different regions of clinical stage I NSCLC.
Validation of the hilar-intrapulmonary node metastasis (HNM)
and the mediastinal node metastasis (MNM) in patients got
AUCs of 0.87 (95% CI: 0.83-0.91) and 0.82 (95% CI: 0.77-0.88),
respectively [20]. Zeng et al. reported a regression model based
on the serum biomarkers described previously, and the model
was validated to be valuable for assessing tumor metastasis in
lung cancer patients [21].

A number of researchers have aimed to assess the possibility of
metastasis in lung cancer, but only limited information is avail-
able on metastasis for cT1 solid lung cancer. There is a clinical
need for new, robust, cost-effective, and convenient non-invasive
methods to better predict the metastatic status of cT1 solid lung
cancer because incorrect assessments may lead to delayed diag-
nosis and increase the risk of complications. In this study, we
sought to analyze real-world data on the clinical characteristics
of the cT1solid lung cancer patients with or without metastases
and developed a machine learning model to predict metasta-
sis, providing guidance in decision-making for individualized
therapy.

2 | Methods

This study was conducted in the Department of Bioinformatics
at the Basic Medical School and the Department of Respiratory
and Critical Care Medicine at the First Affiliated Hospital of
Chongging Medical University in China. All patients provided
written informed consent prior to enrollment. This study was
reviewed and approved by the Ethics Review Committee of the
First Affiliated Hospital of Chongqing Medical University.

2.1 | Patients Enrollment

Our study collected all relevant data from the pulmonary nod-
ule and lung cancer database of the First Affiliated Hospital of
Chongging Medical University, and all patient information was
enrolled ranging from 2018.11 to 2022.10. This dataset encom-
passes information on a total of 418 patients who have undergone

20f11

Clinical and Translational Science, 2025



rigorous screening and have been diagnosed with early-stage
(cT1) solid lung cancer, consisting of 213 non-metastatic and 205
metastatic patients.

The inclusion criteria were as follows: (a) the size of the pulmo-
nary nodules was no more than 30 mm; (b) the pulmonary nod-
ule was solitary; (c) patients were diagnosed with lung cancer,
which was assigned according to the AJCC 8th edition; (d) pa-
tients with complete basic clinical information, such as age, sex,
smoking, exposure, and tumor history; (e) patients with any null
values of the five biomarkers were excluded (CEA, NSE, SCC,
Pro-GRP, and CYFRA21-1); () patients took part in pulmonary
nodules and lung cancer whole-course management at the First
Affiliated Hospital of Chongqing Medical University.

For patient status identification, the process of diagnosis for
metastatic lung cancer was as follows: (a) imaging methods (CT,
PET-CT, or ultrasound); (b) a three-level hierarchical medical
system; (c) evaluation after anti-tumor treatment; or (d) patho-
logical specimens.

After applying the inclusion and exclusion criteria, 148 cases
with non-metastatic nodules and 138 cases with metastatic nod-
ules remained for the construction of the prediction model.

2.2 | Study Design

Figure 1 presents an overview of the workflow used in the study.
All information about patients with pulmonary nodules was

Machine learning model development and evaluation

collected, and patients were randomly separated into training
and validation datasets at a ratio of 7:3. A grid search through
10-fold cross-validation was performed to ascertain the best pa-
rameter combination value of the model; the classifier models
were trained and then evaluated for performance in the internal
validation dataset. In addition, the final model was compared
with the two models in terms of precision, AUC, accuracy, etc.

2.3 | Outcome and Prediction Variables

All patients in this study were labeled as non-metastatic or met-
astatic, with or without clinically node-negative tumors or distal
metastasis. The outcome of interest was metastasis to pulmonary
nodules, including lymph nodes or distal metastases. The vari-
ables of interest were clinical and pathological features, age, sex,
smoking history, tumor history, environmental exposures, nodule
number, nodule location, the largest nodule dimension, and five
tumor biomarkers (CEA, NSE, SCC, Pro-GRP, and CYFRA21-1).

2.4 | Model Training and Validation

To ensure the objectivity and reliability of model assessments,
we randomly split the data at a ratio of 7:3 as training and val-
idation datasets. Next, as there were 15 features in all, some
features may not be important for the clinical outcome. To
select important features in an unbiased manner, we inves-
tigated the importance of all the features using the Random
Forest model. Indeed, SHAP value analysis was applied to
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understand how each feature contributes to the model's out-
put and how they affect the final prediction [22, 23]. By re-
peating the 10-fold cross-validation through a grid search
along numerous sets of hyperparameters, we obtained the best
hyperparameters. In our Random Forest model, the hyperpa-
rameters were set as follows: criterion, entropy; maximum
depth of tree, 9; maximum features, log2; minimal samples
in a leaf, 8; minimal samples in tree split, 3; number of tree
estimators, 100. For the Gradient Boosting model, we set the
learning rate to 0.01, loss of function to exponential, number
of tree estimators to 80, and subsample rate to 0.9. For the
AdaBoost model, we set the algorithm to SAMME, learning
rate to 0.7, and number of tree estimators to 100. Furthermore,
with pairwise Pearson correlation analysis with Benjamini-
Hochberg (BH) adjustment of these five features, we chose the
top nine features (age, sex, nodule number, nodule location,
largest nodule dimension, CEA, NSE, SCC, and CYFRA21-1)
to incorporate into our final prediction model. Next, using
these nine features, we trained three classifiers in the train-
ing dataset, and then applied the classifiers to the validation
dataset Classifier performances were assessed based on their
precision, AUC, and other 5 diagnostic indices. In terms of
the 95% CIs, we employed the bootstrap method to conduct
10 sampling iterations, and 70% of the validation dataset was
used for model evaluation.

2.5 | Survival Analysis

To assess the impact of clinical characteristics on the prognosis
of patients with cT1 solid lung cancer, we will perform survival
analyses. Nine characteristics will be included: CEA, nodule
diameter, CYFRA21-1, NSE, SCC, age, nodule number, nodule
location, and sex.

2.6 | Implementation

For user-friendly access, the final model was also implemented
as a web-based tool, and users could predict metastasis by filling
in the patient and nodule characteristics without registration.
NumPy (version:1.23.5), Pandas (version:1.5.1), and Scikit-
learn (version:1.1.3) were used to build the prediction model.
The pickle module was used to package our model, which is
available in our web portal (https://molpre.cqmu.edu.cn/). The
SHAP module was used to interpret the classifier. The web
portal was developed using HTML and CSS scripts and imple-
mented in Python based on the Django web framework. All the
backend scripts were written in the Python programming lan-
guage as well.

2.7 | Statistical Analysis

All features were analyzed using the Wilcoxon rank sum test
or Fisher's exact test to test the correlations between non-
metastatic and metastatic patients. Recurrence and survival
probabilities were estimated using the Kaplan—-Meier method
and compared using the log-rank test. The ROC curve and cor-
responding AUC were applied to investigate the performance
of different classifier models, and the 95% CI was calculated

by 10 random samplings with 70% of the validation samples.
Statistical analyses were performed using R statistics software
(version:3.6.0; http://www.r-project.org/) with R packages
ggplot2 (version:3.3.3), psych (version:2.1.6), corrplot (ver-
sion:0.89), survival (version:3.2.11), survminer (version:0.4.9),
and reshape2 (version:1.4.4).

3 | Results
3.1 | Patients and Clinical Characteristics

A total of 286 patients were included in the study, and nearly all
the patients were found to have either local or distant metastasis
when diagnosed with malignant lung tumors. The correspond-
ing clinical characteristics of the two datasets are described in
Table 1. The study included 127 women (44.4%) and 159 men
(55.6%) with a mean (SD) age of 62.91 (10.90) years. A total of
138 patients (48%) had pulmonary nodules with lymph node or
distal metastasis, and there was no evidence of metastasis in
the remaining patients (52%). Patients with metastasis showed
a significantly larger nodule diameter and higher levels of CEA,
NSE, and CYFRAZ21-1 (all p<0.05). In addition, nodule numbers
and histological classification showed significant differences be-
tween patients with and without metastasis (all p <0.05). The
percentage of patients with no fewer than two nodules in the
metastasis group was 67%, and the percentage of patients with
no fewer than two nodules in the non-metastatic group was
42%. However, age, sex, smoking status, environmental expo-
sure, history of family tumor, prior tumor, location of nodule,
micropapillary, Pro-GRP, and SCC were not significantly differ-
ent between patients with and without metastasis. All patients
were randomly separated into training and validation datasets
containing 200 and 86 patients, respectively (Figure 1). All fea-
tures showed no significant differences between the training
and validation datasets by Fisher's exact test or Wilcoxon rank
sum test (Figure S1).

3.2 | Feature Selection and Cross-Validation

We investigated feature importance using the Random Forest
and SHAP analysis, as summarized in Figure 2A,C. The im-
portance evaluation results indicated that CEA was the most
important feature, followed by nodule diameter, Pro-GRP,
CYFRA21-1, and NSE. With pairwise Pearson correlation anal-
ysis with BH adjustment for these five biomarkers, Pro-GRP
showed a significant positive correlation with NSE (Figure 2B).
However, Pro-GRP did not show a significant difference be-
tween metastatic and non-metastatic patients (p =0.90, Table 1).
Additionally, there is a strong correlation between the histology
feature and some other features (such as CEA and nodule di-
ameter), which could lead to multicollinearity. Furthermore,
the histology feature may not always be readily available in
clinical practice, making it less practical for use in a predictive
model. Therefore, to enhance the stability and interpretability
of the model, we chose not to include the histology feature. In
the end, there were 9 features included in the next model train-
ing process (CEA, nodule diameter, CYFRA21-1, NSE, SCC,
age, nodule number, nodule location, and sex, ordered by their
importance).
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TABLE1 | Clinicopathological features of 286 patients in the study.

Characteristics All, No. (%) (n=286) Non-metastatic (n =148) Metastasis (n=138) pP°
Age (years) 62.91 (10.90) 63.26 (11.34) 62.52 (10.44) 0.48
Sex 0.23
Female 127 (44.4%) 71 (48.0%) 56 (40.6%)
Male 159 (55.6%) 77 (52.0%) 82 (59.4%)
Smoking 0.41
No 161 (56.3%) 87 (58.8%) 74 (53.6%)
Yes 125 (43.7%) 61 (41.2%) 64 (46.4%)
Exposure 0.76
No 275 (96.2%) 143 (96.6%) 132 (95.7%)
Yes 11 (3.8%) 5(3.4%) 6(4.3%)
Family tumor 1
No 253 (88%) 131 (89%) 122 (88%)
Yes 33 (12%) 17 (11%) 16 (12%)
Prior tumor 0.37
TOL 10 (3.5%) 5(3.4%) 5(3.6%)
PTB 9 (3.1%) 7 (4.7%) 2 (1.5%)
COPD 15 (5.2%) 6 (4.0%) 9 (6.5%)
PF 1(0.3%) 1(0.7%) 0
No 251 (87.8%) 129 (87.2%) 122 (88.4%)
Nodule size 20.09 (6.03) 18.39 (6.20) 21.90 (5.29) 1.21e-06
Nodule numbers 3.03e-05
1 130 (45.5%) 85 (57.4%) 45 (32.6%)
>=2 156 (54.5%) 63 (42.6%) 93 (67.4%)
Nodule location 0.20
RUL 89 (31.1%) 43 (29.1%) 46 (33.3%)
RML 17 (5.9%) 11 (7.4%) 6 (4.3%)
RLL 46 (16.1%) 22 (14.9%) 24 (17.4%)
LUL 74 (25.9%) 34 (23.0%) 40 (29.0%)
LLL 60 (21.0%) 38(25.7%) 22 (15.9%)
Histology 0.003
OTIL 17 (5.9%) 11 (7.4%) 6 (4.3%)
NSCLC 11 (3.8%) 2 (1.4%) 9(6.5%)
MIA-LUAD 2(0.7%) 2 (1.4%) 0
IA-LUAD 220 (76.9%) 110 (74.3%) 110 (79.7%)
LUSC 30 (10.5%) 22 (14.9%) 8(5.8%)
SLC 6 (2.1%) 1(0.7%) 5(3.6%)
Micropapillary 0.12
No 264 (91.6%) 133 (89.9%) 131 (94.9%)
(Continues)
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TABLE1 | (Continued)

Characteristics All, No. (%) (n=286) Non-metastatic (n =148) Metastasis (n=138) pP°
Yes 22 (8.4%) 15 (10.1%) 7(5.1%)

CEA (ng/ml) 18.14 (61.53) 3.42(3.14) 33.91 (85.91) 8.58e-14

Pro-GRP (pg/ml) 130.79 (709.72) 57.26 (27.16) 209.68 (1017.32) 0.90

NSE (ng/ml) 14.32 (21.68) 11.30 (4.52) 17.57 (30.58) 9.39¢-03

CYFRA21-1 (ng/ml) 4.14 (6.33) 2.81(1.98) 5.58 (8.67) 2.41e-03

SCC (ng/ml) 2.09 (5.89) 2.41 (5.92) 1.75 (5.85) 0.26

aMean (SD); n/N (%).

bWilcoxon rank sum test; Fisher's exact test. A p-value of < 0.05 was considered statistically significant.

3.3 | Model Development and Performance
Evaluation

In the training dataset, with repeating 10-fold cross-validation
along numerous sets of hyperparameters, we obtained the best
hyperparameters for Random Forest, Gradient Boosting, and
AdaBoost classifiers. We calculated the precision and AUC as
classifiers performance in the validation dataset as shown in
Figure 3A-C. With the best hyperparameters, the Random Forest
model showed the best competence compared with the other two
models. Eventually, the Random Forest model yielded an average
precision of 0.93 (calculated across 10-fold cross-validation re-
sults) with an AUC of 0.92 (95% CI: 0.88-0.94) compared with the
Gradient Boosting and AdaBoost classifiers in the internal valida-
tion dataset, which yielded average precision of 0.87 and 0.91 with
AUCs of 0.87 (95% CI: 0.84-0.93) and 0.90 (95% CI: 0.86-0.92),
respectively (calculated across 10-fold cross-validation results).
Besides, the Random Forest model outperformed the other mod-
els with a higher accuracy, precision, specificity, sensitivity, and
F1 score, indicating better performance. Thus, we eventually
chose the Random Forest model as our prediction model for fur-
ther application. Ultimately, the SHAP analysis was employed to
scrutinize these three models, which demonstrated the impact of
each feature on the sample and identified both positive and neg-
ative influences and emphasized the importance of certain fea-
tures such as CEA and nodule diameter (Figure 3D).

3.4 | Survival Analysis

In the metastasis group, we conducted a survival analysis
using nine features, which included CEA, nodule diameter,
CYFRAZ21-1, NSE, SCC, age, nodule number, nodule location,
and sex. While the five features (age, sex, nodule location, nod-
ule number, and SCC) did not show significant differences be-
tween the subgroups, the nodule diameters, CEA, CYFRA21-1,
and NSE were significantly correlated with the patient's fol-
low-up survival. CEA and nodule diameters were the top two
important features in our prediction model, and patients with
higher values showed a significantly poor prognosis (Figure S2).

3.5 | Online Prediction Tool

For user-friendly access to our prediction model, we estab-
lished an online platform called Metastasis of cT1 Lung Cancer

Prediction (MoLPre) with nine features enrolled in our predic-
tion model. A screenshot shows that the platform is available
at https://molpre.cqmu.edu.cn/ (Figure 4). Users can predict the
metastasis of lung cancer by submitting basic information into
the web page of patients and pulmonary nodules. Multiple pa-
tients can also be submitted by uploading documents, except for
individual patients. A sample file was provided for users, and the
units of the values of the five numeric features should be consis-
tent with the requirements in the corresponding brackets. After
information submission, the results display whether the cancer
of the patient tends to be metastatic.

4 | Discussion

Tumor size is regarded as an important risk factor for metastasis
[4, 24]. However, some small (diameter <30 mm) lung cancers
were found to have metastases at the initial diagnosis, which
seriously harmed human health. Kim et al. reported that extra-
thoracic metastasis was apparent at the initial examination in
13% of 90 T1 lung cancer patients and at the 1-year follow-up
examination in 11% of the patients [6]. Thus, predicting onco-
logical behavior is essential when deciding between a surgical
plan, aggressive surveillance, and aggressive antitumor therapy.

Within the 286 patients with cT1 solid lung cancer from the
pulmonary nodule and lung cancer whole course management
in our hospital, as much as possible patient information were
collected in the past 4years and a median follow-up of 17.59
[1.93-75.6] months. Nodule size, nodule numbers, histology, and
tumor markers (CEA, NSE, and CYFRA21-1) were significantly
associated with metastasis.

Currently, several studies have focused on predicting the metas-
tasis in patients with lung cancer. Cho revealed that the stan-
dardized uptake values (SUV) of mediastinal lymph nodes on
18F-FDG PET/CT were predictors of nodal metastases [25]. In
Andersen's study, tumor texture on CT images demonstrated
a statistically significant difference between benign and meta-
static lymph nodes, with a sensitivity of 53% and a specificity of
97% [26]. Kyongmin et al. developed and validated a deep cubical
nodule transfer learning algorithm (DeepCUBIT), which accu-
rately predicted lymphovascular invasion or nodal involvement
in ¢T1 NSCLC using CT images, based on transfer learning and
a 3D convolutional neural network, with a sensitivity of 0.32,
specificity of 0.89, and accuracy of 0.76 [27]. However, potential
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of distant metastatic prediction in other published studies have
shown generally limited success rates [28, 29]. Yi Tian devel-
oped a nomogram model to predict the occurrence of lymph
node metastasis and distant metastasis in early stage NSCLC,
with an AUC of 0.72 (95% CI:0.71-0.73) and AUC of 0.79 (95%
CI:0.76-0.82), respectively [30]. Zhang et al. built a nomogram
to predict the occurrence of brain metastases in resected NSCLC
and exhibited a sufficient level of discrimination according to
the C-index (0.74, 95% CI:0.67-0.82) [31]. Generally, mathemat-
ical models incorporate as many clinical features as possible,
such as pathological differentiation and histological type, ob-
tained after the invasive method. Nevertheless, no studies have
been performed to predict metastasis status (lymph nodes or dis-
tal) in patients with cT1 solid lung cancer.

All of the above-mentioned published methods need to be ana-
lyzed after tumor metastasis, which is usually detected only after

it has already developed to a certain stage. It remains challeng-
ing to describe the risk of metastasis of the primary tumor in ad-
vance. Our proposed machine-learning-based model, MoLPre,
presented an excellent prediction ability and was characterized
by its convenience for use. In the metastasis prediction process,
only nine clinical factors were incorporated, which were non-
invasive and convenient for clinicians to perform individualized
risk prediction for each patient.

Tumor markers play a certain role in the early diagnosis and
detection of metastasis in lung cancer, but their use is limited.
CEA, CYFRAZ21-1, NSE, and SCC are commonly used tumor
markers in clinical practice to assist in the diagnosis and eval-
uation of therapeutic effectiveness for lung cancer. However,
even when these markers are detected together, they can be in-
fluenced by other factors and have limitations in diagnosing and
treating lung cancer. Currently, it is believed that their ability to
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FIGURE 3 |

Performance of classifiers in the validation dataset. (A) Model performance measured by AUC in the validation dataset. (B) Model

performance measured by average precision (AP) in the validation dataset. (C) Radar maps of 5 diagnostic indices for three classifiers in the valida-
tion dataset. (D) SHAP analysis was performed on these models to visualize the insight on the nature of the relationship of the key predictors to the

outcome.

predict early metastasis of lung cancer is inadequate. Therefore,
they have little significance in guiding the diagnosis, predic-
tion of early metastasis, and treatment of lung cancer. Factors
such as nodule diameter, age, nodule number, nodule location,
and sex can affect the metastasis of lung cancer. These factors
are not independent; they can interact with each other and
collectively affect the progression and metastasis of lung can-
cer. Through predictive model analysis, we can combine these
meaningful factors for early metastasis of cT1-type lung cancer
to identify patients who are more likely to develop metastasis in
its early stages. This helps take more aggressive monitoring and

treatment measures to improve patient survival rates and quality
of life. Additionally, clinical predictive models can provide guid-
ance for treatment plans. Based on individual characteristics and
conditions of patients, doctors can develop personalized treat-
ment plans. Through predictive model evaluations, doctors can
understand patients’ prognosis and select more suitable treat-
ment methods. Nevertheless, it is evident that our classifier can-
not achieve 100% accuracy with limited patient and information.
The MoLPre web application is designed as a supportive tool for
clinicians, including oncologists and pulmonologists, and schol-
ars interested in this line of research to assist in the assessment
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FIGURE 4 | A screenshot of the online prediction tool. The browser-based tool can be found at https://molpre.cqmu.edu.cn/ for metastasis pre-
diction. Users can predict the metastasis of cT1 solid lung cancer by submitting nine features or multiple patients by uploading documents. MoLPre
provides a sample file for reference (Example.txt, users can click it and download the example file on local computer) and the units of the value must
be the same as the requirements. After submitting the information of selected patients, the results will show whether the sample is metastatic.

of metastasis risk in patients with c¢T1 solid lung cancer. The
intended users are healthcare professionals who have access to
relevant clinical data and wish to incorporate machine learning
predictions into their decision-making process. This application
is not a substitute for clinical judgment but serves to augment
decision-making by providing an additional layer of information
regarding potential metastatic risk. Users can input patient char-
acteristics and receive predictions, which should be interpreted
alongside clinical assessments and diagnostic tests.

Our study had three limitations. The first limitation was the
lack of the clinical information on the patients. The SUV was
confirmed to be a useful marker for predicting metastasis [25].
However, more than half of the SUV were missing, 67.7% and
65.9% in the 148 non-metastatic group and 138 metastasis group,
respectively (52.6% and 61.0% of were missing in the original
raw data). Therefore, we discarded these valuable markers first
without any other choice. The next limitation is that our model
was performed on patients collected from a single-center cohort.
It is urgent to collect additional external patient data to confirm
and refine our prediction tool, which is limited by time con-
straints and ethical issues. At present, the limitation of patients
with full medical information data is an unavoidable problem.
The last limitation is the lack of external validation. While we
optimized the hyperparameters through cross-validation within
the training dataset, this alone is not sufficient to ensure the

model's generalizability. External validation using independent
cohorts is essential to evaluate the model's robustness and en-
sure its applicability to diverse patient populations. Therefore,
at this stage, the model should be viewed as preliminary and
should not yet be considered for implementation in clinical prac-
tice. Future work will focus on validating the model in external
cohorts from multiple centers to ensure its clinical utility.

In conclusion, metastasis prediction of cT1 solid lung cancer can
help distinguish patients based on disease severity and ensure
appropriate treatment. In this study, we developed a reliable pre-
diction model with good performance for metastasis prediction
and embedded this model in a web application as a user-friendly
tool without registration.
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