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Background: Research has demonstrated that radiomics models are capable of forecasting the 
characteristics of lung cancer. Nevertheless, due to radiomics’ poor interpretability, its applicability in clinical 
settings remains restricted. This investigation sought to verify the correlation between radiomics features 
(RFs) and the biological behavior of clinical stage IA adenocarcinomas.
Methods: A retrospective analysis was conducted on patients diagnosed with clinical stage IA lung 
adenocarcinoma who underwent resection between May 2005 and December 2018. Detailed radiomics 
examination of the primary tumor was carried out utilizing preoperative computed tomography (CT) images. 
Subsequently, patients were grouped based on their RFs using consensus clustering, enabling comparison of 
tumor biological characteristics among the clusters. Survival disparities among the clusters were evaluated 
through Kaplan-Meier and Cox analyses. 
Results: A consensus cluster analysis was performed on 669 patients [median age, 58 years; interquartile 
range (IQR), 50–64 years, 257 males, 412 females], and three distinct clusters were identified. Cluster 2 was 
associated with radiological solid adenocarcinoma [119 of 324 (36.7%), P<0.001], larger tumors with median 
tumor size of 2.1 cm with IQR of 1.7 to 2.5 cm (P<0.001), central tumor [91 of 324 (28.1%), P=0.002], 
pleural invasion [87 of 324 (26.9%), P<0.001], occult lymph node metastasis (ONM) [106 of 324 (32.7%), 
P<0.001], and a higher frequency of metastasis or recurrence [62 of 324 (19.1%), P<0.001]. The frequency 
of histological grade 3 was the highest in Cluster 3 [8 of 34 (23.5%), P<0.001]. Cluster 1 was associated with 
pure ground glass nodules (pGGNs) [184 of 310 (59.4%), P<0.001], smaller tumors with median tumor 
size of 1.1 cm with IQR of 0.8 to 1.4 cm (P<0.001), no pleural invasion [276 of 310 (89.0%), P<0.001], 
histological grade 1 [114 of 248 (46.0%), P<0.001], ONM negative [292 of 310 (94.2%), P<0.001], and a 
lower rate of metastasis or recurrence [298 of 310 (96.1%), P<0.001]. 
Conclusions: Differences in tumor biological behavior were detected among consensus clusters based on 
the RFs of clinical stage IA adenocarcinoma.
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Introduction

The widespread adoption and advocacy of low-dose 
chest computed tomography (CT) screening have 
notably increased the detection rate of early-stage lung 
adenocarcinoma (1). Early-stage lung adenocarcinoma 
displays heterogeneity with varying biological behaviors 
among tumors, including differences in tumor invasion, 
histological grade, oncogene mutation, pleural invasion, and 
lymph node metastasis (LNM) (2). These varied traits are 
pivotal for customizing treatment plans and predicting the 
prognosis of patients with early-stage lung adenocarcinoma.

Researchers have explored radiomics features (RFs) to 
study the biological behavior of lung adenocarcinoma, 
demonstrating their utility in diagnosing its invasiveness 
(3,4). In the context of lung adenocarcinoma, RFs are 
potential non-invasive biomarkers capable of predicting a 
spectrum of heterogeneous biological behaviors, including 
malignancy, histological subtype, invasiveness, histological 

grade, pleural invasion, genetic expression, and LNM (4-8).  
Unfortunately, the application of radiomics models in 
clinical settings is challenging, primarily because of 
the limited reproducibility and repeatability observed 
in radiomics studies (9,10). Additionally, other factors 
hinder the widespread use of radiomics in clinical practice, 
such as the low interpretability of RFs and the unclear 
association between RFs and biological tumor behavior. 
The conventional RFs study process emphasizes statistical 
concepts for feature selection, prioritizing predictive power 
over the biological significance of RFs. This approach, 
coupled with the susceptibility of various machine learning 
models to overfitting, has sparked a controversy in RF 
studies. These shortcomings contribute to a growing 
disparity between decision-making in routine clinical 
practice and the interpretation of images by RFs. This 
disconnection is expected to have repercussions that 
ultimately hinder its widespread integration into routine 
clinical imaging (11,12).

The association between RFs and the biological behavior 
of early-stage lung adenocarcinoma, particularly clinical 
stage IA adenocarcinoma, remains unexplored. To bridge 
this knowledge gap, our investigation focused on unveiling 
the connections between RFs and the biological behavior 
of tumors in clinical stage IA adenocarcinoma through 
consensus clustering derived from CT-based radiomics 
analyses of primary tumors. We present this article in 
accordance with the STROBE reporting checklist (available 
at https://tlcr.amegroups.com/article/view/10.21037/tlcr-
24-283/rc).

Methods

Study participants

Our analysis encompassed cases of clinical stage IA lung 
adenocarcinomas that underwent surgical resection within 
the timeframe of May 2005 to December 2018. Exclusion 
criteria comprised the absence of enhanced high-resolution 
CT (HRCT) images or positron emission tomography CT 
scans within 2 weeks before surgery, clinical staging beyond 
IA, unavailability of clinicopathological data, utilization of 
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preoperative therapies such as chemotherapy, radiotherapy, 
targeted therapy, or immunotherapy, history of previous 
malignancy with detectable disease within the past 5 years, 
fewer than 3 hilar/peripheral and 3 mediastinal lymph node 
stations (13), and a follow-up duration of less than 6 months 
without occurrence of metastasis or death. A total cohort 
comprising 669 patients was subject to our analysis.

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The 
retrospective nature of this investigation received approval 
from the Institutional Review Board of the Cancer Hospital, 
Chinese Academy of Medical Sciences (approval No. 
NCCN2021C-213), with the necessity for informed consent 
being waived.

Clinicopathological characteristics

Our study involved the assessment of clinical characteristics 
such as sex, age, and history of smoking. The classification 
of tumors adhered to the standards set by the International 
Association for Lung Cancer Grading System (14). The 
identification of epidermal growth factor receptor (EGFR) 
mutations was conducted on tumor tissue and plasma DNA 
samples through the utilization of either an amplification 
refractory mutation system or direct DNA sequencing 
method.

CT image acquisition, interpretation, and RF extraction 

HRCT scans were conducted utilizing spiral CT scanners 
with 8-, 16-, or 64-channel configurations (LightSpeed 
Ultra, ProSpeed or Discovery ST, and LightSpeed VCT, 
respectively, all from GE Medical Systems). All participants 
underwent enhanced HRCT assessments, with intravenous 
contrast (60 to 80 mL) administered at rates of 2.0 to  
2.5 mL/s, followed by image acquisition 25 to 30 seconds 
post-infusion. Parameters for HRCT imaging were set at 
120 kVp and 250–350 mA, with reconstruction performed 
using a standard algorithm. Slice thickness ranged between 
0.625 to 1.25 mm, with intervals of 0.8 to 1.0 mm. 

The primary tumor’s morphological characteristics, 
including tumor diameter, nodule consistency [pure ground 
glass nodule (pGGN), part solid nodule (PSN), solid nodule 
(SN)], solid component size, consolidation to tumor ratio 
(CTR), lobar and tumor location [central (the inner third) 
or peripheral (the outer two-thirds of the lung fields)], were 
evaluated by two experienced chest CT interpreters (L.Z. and 
M.L.) using the Carestream GCRIS 2.1 PACS workstation 

(Carestream Health, Shenzhen, China). Both radiologists, 
each possessing over 10 years of experience, analyzed the 
data in consensus, blinded to all clinical and outcome details. 
Considering the different biological behaviors of PSNs with 
CTR >0.5 and PSNs with CTR ≤0.5, these two groups of 
PSNs were analyzed separately (15).

The primary tumor underwent manual segmentation by 
a thoracic radiologist (L.Z.) and was validated by another 
thoracic radiologist (M.L.) independently. In cases of 
conflicting tumor boundaries, a final agreement was reached 
through a group discussion. Tumor regions of interest were 
delineated using an open-source software (ITK-SNAP; 
http://www.itksnap.org/pmwiki/pmwiki.php), with lung 
window settings across all two-dimensional sections in the 
axial view. Adjustments to window and level settings were 
made as necessary to accurately outline nodule borders, 
particularly in cases where nodules were adjacent to the 
mediastinum or chest wall.

The extraction of RFs was conducted using Artificial 
Intelligence Kit software (A.K. V3.0.0. R, GE Healthcare), 
adhering to the standards of the Image Biomarker 
Standardization initiative (16). Initially, linear interpolation 
was employed to resample all images to a consistent voxel 
size of 1 mm × 1 mm × 1 mm to mitigate variations in layer 
thickness. Subsequently, a grayscale discretization process 
(bin width =25 for CT) was applied to convert continuous 
images into discrete values. Gaussian Laplacian and wavelet 
image filters were then utilized to remove mixed noise 
during image digitization, thereby isolating low- or high-
frequency features. A total of 107 quantitative features were 
extracted, comprising 18 first-order features, 16 grey-level 
run-length matrix features, 16 grey-level size-zone matrix 
features, 24 grey-level co-occurrence matrix features, 14 
shape [three-dimensional (3D)] features, five neighboring 
grey-tone difference matrix features, and 14 grey-level 
dependence matrix features. The calculation formula 
for the radiomics signatures can be found on the official 
documentation website (https://pyradiomics.readthedocs.io/
en/latest/features.html).

Consensus clustering

Consensus clustering was employed to categorize the 
extracted RFs. This method is resampling-based, aiming 
to gauge the consensus across multiple clustering iterations 
and to determine the optimal number of clusters (17). We 
repetitively sampled 80% of the original dataset, hierarchically 
clustering each subsample. We then assessed how frequently 
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each sample co-occurred with others in the same cluster to 
construct a consensus heat map, tracing plot, corresponding 
empirical cumulative distribution function curve, and chart 
showing shifts in the area under the curve. This enabled us to 
identify the most suitable number of clusters.

Follow-up strategy

Following sublobar resection or lobectomy, all patients 
underwent post-operative follow-up starting from the day 
after surgery. Survival outcomes and disease progression 
data were acquired through medical record review and 
telephone interviews conducted by trained staff members. In 
cases the patients or their family members were unreachable 
at the scheduled follow-up date, the date and survival 
information were censored according to the last follow-up.  
Recurrence-free survival (RFS) served as the primary 
endpoint, defined as the duration between the surgery date 
and the occurrence of local, regional, or metastatic relapse.

Statistical analyses

Frequency distribution and descriptive statistics were 
calculated for all variables. The data were presented as 
mean ± standard deviation in cases of normal distribution, 
and as median [interquartile range (IQR)] when normality 
assumptions were not met.  To test  the normality 
assumptions, the Kolmogorov-Smirnov test was employed. 
Age and tumor diameter variations across different clusters 

were assessed using the t-test and Wilcoxon rank-sum test 
for parametric and nonparametric continuous variables, and 
the Chi-squared test or Fisher’s exact test for categorical 
variables. The RFS was analyzed using the Kaplan-Meier 
method, and the comparison of the assigned clusters was 
done using the log-rank test. The hazard ratios (HRs) for 
metastasis or recurrence based on the assigned clusters 
were evaluated through Cox proportional hazards analysis. 
Statistical analyses were conducted by M.W.L. and Y.M.W. 
using SPSS software (version 25; IBM Corp., Armonk, NY, 
USA) and R software (version 4.1.1; The R Foundation 
for Statistical Computing, Vienna, Austria), with P<0.05 
considered as statistically significant.

Results

Clinicopathologic characteristics

In total, 669 patients were included in this study (Figure 1). 
The median age was 58 years (IQR, 50–64 years), 257 patients  
(38.4%) were male and 412 (61.6%) were female. Most 
patients were non-smokers [n=498 (74.4%)]. The median 
tumor size was 1.6 cm (IQR, 1.1–2.2 cm). Of the 669 patients 
with nodules 121 (18.1%) had pGGNs, 225 (33.6%) had 
PSNs with CTR ≤0.5, 155 (23.2%) had PSNs with CTR 
>0.5, and 168 (25.1%) had SNs. In total, 149 patients (22.3%) 
had central-type tumors and 520 patients (77.7%) had 
peripheral-type tumors. Most patients had pathological stage 
I disease [n=469 (70.1%)]; 82 (12.3%) had stage II disease, 

Patients with surgically resected and pathologically confirmed lung 
adenocarcinoma between May 2005 to December 2018 (n=18,878)

Excluded (n=16,801)
• No enhanced HRCT image or PET-CT within 

two weeks before surgical resection (n=9,845)
• Clinical stage more advanced than IA (n=6,956)

Excluded (n=1,408)
• Unavailable clinicopathologic data (n=365)
• Preoperative therapy (n=41)
• Previous malignancy with evidence of disease 

within 5 years (n=89)
• Fewer than six resected lymph nodes (n=883)
• Follow-up less than 6 months without 

metastasis or death (n=30)

Patients with clinical stage IA lung adenocarcinoma (n=2,077)

Final study population (n=669)

Figure 1 Flowchart of the patient selection process. HRCT, high resolution computed tomography; PET, positron emission tomography; 
CT, computed tomography.
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Table 1 Patients’ clinical and pathological characteristics (n=669)

Characteristic Values

Sex

Male 257 (38.4)

Female 412 (61.6)

Age (years) 58 [50–64]

Smoking status

Non-smoker 498 (74.4)

Smoker 171 (25.6)

Diameter (cm) 1.6 [1.1–2.2]

Nodule consistency

pGGN 121 (18.1)

PSN 380 (56.8)

SN 168 (25.1)

Solid component size of PSNs (cm) 0.4 [0.3–0.6]

CTR

0 121 (18.1)

0< CTR ≤0.5 225 (33.6)

0.5< CTR <1.0 155 (23.2)

1.0 168 (25.1)

Lobar location

Right upper lobe 235 (35.1)

Right middle lobe 55 (8.2)

Right lower lobe 115 (17.2)

Left upper lobe 175 (26.2)

Left lower lobe 89 (13.3)

Tumor location

Central 149 (22.3)

Peripheral 520 (77.7)

Surgical procedure

Sublobectomy 94 (14.1)

Lobectomy 575 (85.9)

Adjuvant therapy

Surgery alone 545 (81.5)

Surgery plus adjuvant therapy 124 (18.5)

Pleural invasion 

Negative 540 (80.7)

Positive 129 (19.3)

Table 1 (continued)

Table 1 (continued)

Characteristic Values

Pathological T stage#

Tis 65 (9.7)

T1a 182 (27.2)

T1b 198 (29.6)

T1c 93 (13.9)

T2a 131 (19.6)

Pathological N stage#

N0 534 (79.8)

N1 82 (12.3)

N2 53 (7.9)

Pathological stage#

0 (Tis) 65 (9.7)

IA1 180 (26.9)

IA2 155 (23.2)

IA3 49 (7.3)

IB 85 (12.7)

IIB 82 (12.3)

IIIA 53 (7.9)

Grading system of lung adenocarcinoma

1 171 (30.6)

2 308 (55.1)

3 80 (14.3)

EGFR mutation

Negative 118 (37.1)

Positive 200 (62.9)

Data are presented as median [interquartile range] or n (%). 
Pathology slides of 110 patients cannot be reviewed and  
318 patients undergo genetic testing. #, 8th staging classification. 
pGGN, pure ground glass nodule; PSN, part solid nodule; 
SN, solid nodule; CTR, consolidation to tumor ratio; EGFR, 
epidermal growth factor receptor. 

65 (9.7%) had stage 0 disease, and 53 (7.9%) had stage III 
disease. Of all patients, 129 (19.3%) had pleural involvement. 
Most tumors on histological rating were grade 2 [n=308 
(55.1%)], followed by grade 1 [n=171 (30.6%)], and grade 3 
[n=80 (14.3%)]. Among the 318 patients with EGFR gene 
test, 118 (37.1%) were EGFR mutation-negative and 200 
(62.9%) were EGFR mutation-positive (Table 1).
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Figure 2 Cluster derivation. (A) Consensus matrix heat map (k=3) depicting consensus values on a white to blue color scale of each cluster. 
(B) Delta area plot reflecting the relative changes in the area under the cumulative distribution function curve. CDF, cumulative distribution 
function curve.

Comparison of characteristics between different clusters

Consensus clustering was evaluated from k=2 to k=6, and 
k=3 was selected as the best cluster because it produced 
the best data split (Figure 2A). The cumulative distribution 
function for these clusters was assessed using various 
consensus indices, with k=3 being the most stable across 
all consensus indices (Figure 2B). There were 310 patients 
(46.3%) in Cluster 1, 324 (48.4%) in Cluster 2, and 35 
(5.2%) in Cluster 3. The representative CT and pathology 
images for each cluster are shown in (Figure 3). A total of 
45 cases in Cluster 1, 157 in Cluster 2, and 17 in Cluster 3 
increased in stages. The reason for the pathologic upstaging 
was pleural invasion, occult lymph node metastasis (ONM), 
and both pleural invasion and ONM (Table S1). The highest 
percentages of SNs [119 of 324 (36.7%), P<0.001], central 
tumors [91 of 324 (28.1%), P=0.002], pleural invasion [87 
of 324 (26.9%), P<0.001], ONM [106 of 324 (32.7%), 
P<0.001], and EGFR mutation-positive [122 of 176 (69.3%), 
P=0.03], were found in Cluster 2. Compared with other 
Clusters [Cluster 1, 1.1 cm (IQR, 0.8–1.4 cm), Cluster 3, 
1.6 cm (IQR, 1.4–1.8 cm)], Cluster 2 had a bigger median 
nodule diameter [Cluster 2, 2.1 cm (IQR, 1.7–2.5 cm), 
P<0.001]. Cluster 3 exhibited the highest rate of histological 
grade 3 [8 of 34 (23.5%), P<0.001], compared with the 
other clusters [Cluster 1, 11 of 248 (4.4%); Cluster 2, 61 
of 277 (22.0%)]. Cluster 1 was associated with pGGN [184 
of 310 (59.4%), P<0.001], no pleural invasion [276 of 310 

(89.0%), P<0.001], histological grade 1 [114 of 248 (46.0%), 
P<0.001], and no ONM [292 of 310 (94.2%), P<0.001] 
(Figure 4, Table 2). There is no statistically significant 
difference in the distribution of part-solid nodules based on 
CTR (≤0.5 vs. >0.5) within the cluster (Table S2). 

Survival outcomes

During a median (IQR) follow-up period of 62 [55–72] 
months, 12 (3.9%) cases of metastasis or recurrence 
occurred in Cluster 1, 62 (19.1%) in Cluster 2, and 1 (2.9%) 
in Cluster 3. There were significant differences in metastasis 
and recurrence among the three clusters (P<0.001)  
(Figure 5). Cluster 2 was associated with the highest risk, 
with an HR of 5.294 (95% confidence interval, 2.853–9.825) 
compared with Cluster 1 (Table 3).

Discussion

Instead of using a machine learning model to predict certain 
biological behaviors, as in previous radiomics studies, we 
focused on whether radiomics and biological behavior 
are truly related. In this study, cluster analysis of RFs was 
conducted to establish different groups and compare the 
differences in the biological behaviors of tumors in each 
group to positively identify the correlation between RFs 
and the biological behaviors of tumors, filling the gap in the 
current research. We classified the extracted RFs into three 

https://cdn.amegroups.cn/static/public/TLCR-24-283-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-24-283-Supplementary.pdf
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Figure 3 Representative CT and pathology images for each cluster. Cluster 1 (A-C): a 35-year-old female confirmed by surgery to have lung 
adenocarcinoma, pathological stage T1N0M0. Tumor tissue EGFR testing was positive. During a 32-month postoperative follow-up period, 
no recurrence or metastasis occurred. (A) Contrast-enhanced chest CT lung window image shows a ground-glass nodule in the right upper 
lobe with slightly irregular margins. (B) Contrast-enhanced chest CT mediastinal window image shows no solid component in the nodule. (C) 
Pathologic specimen shows well differentiated minimally invasive adenocarcinoma with histological grade 1 (hematoxylin and eosin, 200×).  
Cluster 2 (D-F): a 55-year-old female confirmed by surgery to have lung adenocarcinoma, pathological stage T2aN2M0. Tumor tissue 
EGFR testing was positive. At the 25th month of postoperative follow-up, lung metastasis was detected. (D) Contrast-enhanced chest 
CT lung window image shows a solid nodule in the right lower lobe, presenting with lobulation, spiculation, and pleural indentation. (E) 
Contrast-enhanced chest CT mediastinal window image shows heterogeneous enhancement of the nodule with adjacent pleural thickening. 
(F) Pathologic specimen shows moderately differentiated acinar predominant adenocarcinoma, with histological grade 2 (hematoxylin 
and eosin, 200×). Cluster 3 (G-I): a 37-year-old male confirmed by surgery to have lung adenocarcinoma, pathological stage T1N2M0. 
Tumor tissue EGFR testing was positive. During a 49-month postoperative follow-up period, no recurrence or metastasis occurred. (G) 
Contrast-enhanced chest CT lung window image shows a part solid nodule in the left upper lobe with air bubbles inside and spiculation. 
(H) Contrast-enhanced chest CT mediastinal window image shows the solid component of the nodule. (I) Pathologic specimen shows 
moderately differentiated papillary and micropapillary predominant with histological grade 3 (hematoxylin and eosin, 200×). CT, computed 
tomography; EGFR, epidermal growth factor receptor.
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clusters using consensus clustering and demonstrated that 
radiomics can reflect the biological behavior of tumors.

Radiomics contains redundant and irrelevant information 
as high-dimensional data. The feature screening process 
not only screens out the features that truly reflect clinical 
information but may also randomly screen out irrelevant or 
redundant features (18,19). Under different experimental 
conditions, even if the same true features can be obtained, 
the same irrelevant and redundant features cannot be 
screened, which may be one of the reasons for the lack 
of reproducibility and repeatability of RFs. Moreover, 
due to the low interpretability and ambiguous correlation 
between RFs and clinical outcomes, it is impossible to 
determine which features are required. Clustering is a 
method for organizing objects into distinct groups, where 
objects within the same cluster exhibit notable similarities, 
while those in separate clusters demonstrate considerable 
dissimilarities (20). In our study, we used a standardized 
process to extract RFs and clustered these features. Four 
distinct clusters are identified. This does not imply that all 
true features are included in the same cluster. Rather, true, 
irrelevant, and redundant features with certain similarities 
are clustered together. We believe that a cluster of RFs is 
more representative than a single or a few features. The 
results of our study are also validated by those of previous 
studies, which differ in that we focused on clinical stage IA 
adenocarcinoma and included a larger number of cases for a 
more robust verification (21,22).

In lung adenocarcinoma, invasiveness is closely related 
to its subtype. Tumor invasiveness increases according to 
the subtypes of adenocarcinoma in situ, from minimally 

invasive to invasive adenocarcinoma (23), and the clinical 
strategy varies from follow-up to surgery. On CT images, 
ground-glass opacity represents components of the mural 
growth of tumor cells, and radiomics can further distinguish 
the subtype and invasiveness (3,24-27). Besides tumor 
invasiveness, adjacent visceral pleural invasion can upgrade 
the tumor to the T2 stage regardless of the tumor size (28).  
However, pleural indentation on CT images cannot 
accurately predict visceral pleural invasion, with an accuracy 
of 28.3% to 70.8% depending on the different patterns 
of the pleural tag sign (29). The joint prediction model 
containing CT morphological and RFs can significantly 
improve the accuracy of prediction, with an area under 
the curve of 0.894 in clinical stage IA lung cancer (30). 
The biological behaviors of tumors are also related to 
oncological outcomes. In our study, we demonstrated that 
some specific RFs are related to ground-glass opacity and 
pleural invasion. 

The most common metastasis of early cT1N0M0 lung 
adenocarcinoma is ONM, which necessitates lobectomy 
with mediastinal lymph node dissection as the standard 
surgical procedure (31). The rate of ONM in clinical 
N0 stage non-small cell lung cancer is only 23.1% (32), 
indicating that a large number of patients underwent an 
unnecessarily aggressive surgical approach, which increased 
the risk of tissue damage and longer postoperative recovery 
time (33,34). Moreover, the accuracy of ONM diagnosis 
affects the implementation of less invasive treatments, such 
as stereotactic ablative radiotherapy or segmentectomy, in 
patients with early-stage non-small cell lung cancer patients 
(35-37). Studies have evaluated the relationship between 

Cluster 3Cluster 2Cluster 1

Nodule type

Tumor location

Pleural invasion

ONM

Histologic grade

EGFR mutation

pGGN

Histologic grade 1

PSN

Histologic grade 2

SN

Histologic grade 3

Central

ONM negative

Peripheral

ONM positive

Pleural invasion negative

EGFR negative

Pleural invasion positive

EGFR positive

Figure 4 Different characteristics according to clusters. ONM, occult lymph node metastasis; EGFR, epidermal growth factor receptor; 
pGGN, pure ground glass nodule; PSN, part solid nodule; SN, solid nodule.
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Table 2 Demographic, morphologic, and histologic characteristics by cluster

Characteristic Cluster 1 (n=310) Cluster 2 (n=324) Cluster 3 (n=35) P value

Sex <0.001

Male 97 (31.3) 150 (46.3) 10 (28.6)

Female 213 (68.7) 174 (53.7) 25 (71.4)

Age (years) 55 [48–61] 59 [52–66] 58 [52–67] <0.001

Smoking status 0.002

Non-smoker 249 (80.3) 221 (68.2) 28 (80.0)

Smoker 61 (19.7) 103 (31.8) 7 (20.0)

Nodule consistency <0.001

pGGN 184 (59.4) 63 (19.4) 6 (17.1)

PSN 90 (29.0) 142 (43.8) 17 (48.6)

SN 36 (11.6) 119 (36.7) 12 (34.3)

Diameter (cm) 1.1 [0.8–1.4] 2.1 [1.7–2.5] 1.6 [1.4–1.8] <0.001

CTR <0.001

0 99 (31.9) 22 (6.8) 0

0< CTR ≤0.5 106 (34.2) 107 (33.0) 12 (34.3)

0.5< CTR <1.0 68 (21.9) 76 (23.5) 11 (31.4)

1.0 37 (11.9) 119 (36.7) 12 (34.3)

Tumor location 0.002

Central 53 (17.1) 91 (28.1) 5 (14.3)

Peripheral 257 (82.9) 233 (71.9) 30 (85.7)

Pleural invasion <0.001

Negative 276 (89.0) 237 (73.1) 27 (77.1)

Positive 34 (11.0) 87 (26.9) 8 (22.9)

Histologic grade <0.001

1 114 (46.0) 50 (18.1) 7 (20.6)

2 123 (49.6) 166 (59.9) 19 (55.9)

3 11 (4.4) 61 (22.0) 8 (23.5)

ONM <0.001

Negative 292 (94.2) 218 (67.3) 24 (68.6)

Positive 18 (5.8) 106 (32.7) 11 (31.4)

EGFR mutation 0.03

Negative 58 (44.6) 54 (30.7) 6 (50.0)

Positive 72 (55.4) 122 (69.3) 6 (50.0)

Data are presented as median [interquartile range] or n (%). Pathology slides of 110 patients could not be reviewed, distributed as follows: 
62 in Cluster 1, 47 in Cluster 2, and 1 in Cluster 3. 318 patients underwent genetic testing, distributed as follows: 130 in Cluster 1, 176 in 
Cluster 2, 12 in Cluster 3. pGGN, pure ground glass nodule; PSN, part solid nodule; SN, solid nodule; CTR, consolidation to tumor ratio; 
ONM, occult lymph node metastasis; EGFR, epidermal growth factor receptor.
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CT features of the primary tumor and ONM, such as tumor 
size, solid component size, central tumor location, and 
pleural indentation, which are all risk predictors of LNM 
(38-41). Haque et al. (41) found that the probability of 
ONM increased by 10–14% when tumor size increased by 
1 cm. Although different guidelines define central tumors 
differently (42-44), Casal et al. (38) found that identifying 
the center as the inner 1/3 or 2/3 was associated with 
upstaging from cN0 to any N. This is consistent with our 
findings, in which Cluster 2 had the highest percentage of 
ONM [106 of 324 (32.7%), P<0.001], and tumors in this 
cluster were more likely to be large (P<0.001), radiologically 
solid adenocarcinomas (P<0.001) and to have pleural 
involvement (P<0.001).

Grade 3 tumors are associated with aggressive features, 
including ONM and visceral pleural invasion (45). 
Histological grade 3 tumors are mainly adenocarcinomas 
containing >20% solid and/or micropapillary components 
that are confirmed to be associated with ONM (8,46,47). 

However, in our study, we observed that the percentage 
of grade 3 tumors in Cluster 3 [8 of 34 (23.5%)] surpassed 
that in Cluster 2 [61 of 277 (22.0%)]. This discrepancy 
may be attributed to the extended time period from 2005 
to 2018, and that the pathological slides of 110 patients 
could not be reviewed. Some slides were not located, and 
others were poorly preserved, making them inaccessible for 
retrospective examination.

Our study identified that the high-risk cluster, Cluster 2,  
is significantly more likely to have larger median nodule 
diameter, pleural metastasis, ONM, EGFR mutation 
positivity, and poor prognosis. These findings have 
important clinical implications for treatment strategies. 
Patients in the high-risk cluster should be considered for 
thorough lymph node dissection due to the high likelihood 
of ONM. This extensive surgical intervention could help 
manage the higher tumor burden and improve staging 
accuracy, potentially enhancing patient outcomes. The poor 
prognosis associated with the high-risk cluster underscores 
the need for intensified adjuvant therapy. More aggressive 
preoperative or postoperative adjuvant therapy regimens 
might be necessary to reduce recurrence risk and improve 
survival time. Our findings support a more aggressive 
postoperative treatment regimen for high-risk patients. 
Future research should refine these predictive models 
to ensure they integrate both statistical robustness and 
biological significance, improving their alignment with 
clinical practice.

The limitations of our study include the unavailability of 
certain pathological sections stemming from the inclusion 
of cases with a follow-up time exceeding 5 years, and in 
some cases, surpassing 10 years. This limitation may have 
impacted the results of the cluster analysis. In addition, 
almost half of the patients did not undergo genetic testing, 
highlighting the need for further studies.

0 20 40 60 80 100 120 140
Follow up time, months

0 20 40 60 80 100 120 140
Follow-up time, months

Number at risk

1.00

0.75

0.50

0.25

0.00

R
ec

ur
re

nc
e-

fr
ee

 s
ur

vi
va

l

Cluster 1        Cluster 2        Cluster 3

Cluster 1

Cluster 2

Cluster 3

310

324

35

295

278

33

266

245

29

231

219

24

54

54

11

20

28

10

10

7

3

0

4

1

Figure 5 Recurrence-free survival for the three clusters.

Table 3 Survival outcome according to clusters

Outcome Cluster 1 (n=310) Cluster 2 (n=324) Cluster 3 (n=35) P value

Metastasis or recurrence <0.001

No 298 (96.1) 262 (80.9) 34 (97.1)

Yes 12 (3.9) 62 (19.1) 1 (2.9)

HR* Reference 5.294 (2.853–9.825) 0.670 (0.087–5.162)

Unless otherwise indicated, data are presented as n (%). *, data in parentheses are presented as 95% confidence interval. Hazard ratio 
refers to the risk of metastasis or recurrence in each cluster compared to a reference group. HR, hazard ratio. 
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Conclusions

In summary, using a new cluster analysis method, this study 
validated that RFs could reflect tumor biological behaviors 
in clinical stage IA adenocarcinomas.
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