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Molecular subtyping of stage | lung D
adenocarcinoma via molecular alterations
in pre-invasive lesion progression
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Abstract

Background Patients with adenocarcinoma in situ (AlS) and minimally invasive (MIA) lung adenocarcinoma (LUAD)
are curable by surgery, whereas 20% stage | patients die within five years after surgery. We hypothesize that poor-
prognosis stage | patients may exhibit key molecular characteristics deviating from AIS/MIA. Therefore, we tried to
reveal molecularly and prognostically distinct subtypes of stage | LUAD by applying key molecular alterations from
AIS/MIA to invasive LUAD progression.

Methods The RNA and whole-exome sequencing data of 197 tumor-normal matched samples from patients
with AIS, MIA, and invasive LUAD were analyzed. ddPCR quantified 202 samples from 182 patients at the absolute
expression level. Immunohistochemical quantified the protein expression levels of ACTA2. RNA-seq data from 954
LUAD patients, including 541 stage | patients, along with 12 published datasets comprising 1,331 stage | LUAD
patients, were used to validate our findings.

Results Focal adhesion (FA) was identified as the only pathway significantly perturbed at both genomic and
transcriptomic levels by comparing 98 AIS/MIA and 99 LUAD. Then, two FA genes (COLT1AT and THBS2) were

found strongly upregulated from AIS/MIA to stage | while steadily expressed from normal to AIS/MIA. Furthermore,
unsupervised clustering separated stage | patients into two molecularly and prognostically distinct subtypes (S1 and
S2) based on COL11AT and THBS2 expressions (FA2). Subtype ST resembled AIS/MIA, whereas S2 exhibited more
somatic alterations and activated cancer-associated fibroblast. Immunohistochemistry on 73 samples also observed
that CAF was more active in S2 compared to ST and AIS/MIA. The prognostic value of these two genes identified

*Jun Shang, He Jiang and Yue Zhao contributed equally to this work.

*Correspondence:

Leming Shi
lemingshi@fudan.edu.cn
Yuan Li
lumoxuan2009@163.com
Haiquan Chen
hgchenl@yahoo.com
Yuanting Zheng
zhengyuanting@fudan.edu.cn

Full list of author information is available at the end of the article

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12967-025-06316-6&domain=pdf&date_stamp=2025-3-1

Shang et al. Journal of Translational Medicine (2025) 23:263

Page 2 of 18

from our knowledge-driven process was confirmed by 541 stage | patients in a prospective dataset, ddPCR and 12

published datasets.

Conclusions We successfully revealed two molecularly and prognostically distinct subtypes of stage | LUAD by
applying key molecular alterations from AIS/MIA to invasive LUAD progression. Our model may help reliably identify
high-risk stage | patients for more intensive post-surgery treatment.

Keywords Lung adenocarcinoma, Pre/minimally invasive, Molecular subtypes, Prognosis, COL11A1, THBS2,

Overfitting-resistant, Unsupervised clustering

Introduction

Lung adenocarcinoma (LUAD) is the most common his-
tological subtype of lung cancer with greatly varied five-
year survival rate [1, 2]. Adenocarcinoma in situ (AIS)
and minimally invasive adenocarcinoma (MIA), defined
as pre/minimally invasive stage lesions with no or less
than 5 mm of invasion, have excellent five-year survival
rate of virtually 100% [2—4]. However, the five-year sur-
vival rate of invasive LUAD, even in early pathological
stage I, drops to about 80% [1]. Meanwhile, there is con-
troversy over whether patients with stage I LUAD ben-
efit from adjuvant therapy [5, 6], causing uncertainties in
clinical treatment of these patients.

There is an urgent need to accurately classify stage I
LUAD patients into good-prognosis subgroup like AIS/
MIA who can be cured by surgical resection alone and
poor-prognosis subgroup with high risk of recurrence or
death who may benefit from more aggressive post-sur-
gery treatment such as adjuvant therapy. Over the past 15
years, many predictive models based on gene-expression
data from microarray and high-throughput sequencing
technologies have been developed for risk stratification
of LUAD patients [7]. However, there is still a lack of sim-
ple and robust predictive models for molecular subtyping
of stage I LUAD suitable for clinical applications [8]. So
far, the Oncocyte DetermaRx test (https://oncocyte.com
) based on the expression of 14 genes appears to be the
only one used in clinic [9].

The small number of genes (features) and the over-
fitting-resistant process by which how such genes are
selected are two critically important characteristics for
the robustness of a predictive model [10]. For most mod-
els of molecular classification of stage I LUAD [11, 12],
genes are generally selected based on direct comparison
of the expression levels between patients with good and
bad prognosis. Over-fitting caused by the complex mod-
eling process including the selection of many genes to
explicitly fit the prognosis endpoint of the training set,
accompanied by inadequate cross-validation and external
validation with truly independent datasets, is an impor-
tant reason why many published models have not been
adopted for clinical applications [8, 10]. In addition to
risk stratification, understanding the molecular char-
acteristics and tumor microenvironment of subtypes of

stage I LUAD may help lay the foundation for precision
patient treatment.

The molecular alterations from AIS/MIA to invasive
LUAD can provide useful insight beyond the degree of
pathological invasion for better understanding the dis-
ease but have not been adequately studied. Thus, in a
previous study [13], we comprehensively analyzed the
genomic and immune profiling of AIS/MIA and invasive
LUAD, and identified potential driver mutation events
such as TP53 mutation, arm-level copy number varia-
tion (CNV), and HLA loss of heterozygosity. However,
details about the differentially expressed or mutated
genes (DEGs or DMGs) between AIS/MIA and invasive
LUAD remain to be fully explored. We hypothesize that
such DEGs and DMGs, when combined, may help iden-
tify key genes associated with the early progression to
stage I LUAD from AIS/MIA, and such key genes may
then be used to further stratify stage I LUAD patients
into subtypes with divergent molecular characteristics
and prognosis, in a completely knowledge-driven, unsu-
pervised, and robust manner. Partition Around Medoids
(PAM) [14, 15], which is well-known for its robust per-
formance in identifying the true underlying number of
clusters within a dataset by resisting noise and isolated
data points, may serve this purpose.

In this study, we successfully revealed two molecularly
and prognostically distinct subtypes of stage I LUAD,
by applying key molecular alterations from AIS/MIA to
invasive LUAD progression. First, the focal adhesion (FA)
pathway and associated DEGs were identified after we
thoroughly compared the differences in genomics and
transcriptomics between AIS/MIA and invasive LUAD,
without any training based on patient prognosis infor-
mation. Secondly, stage I LUAD patients were further
clearly separated into two subtypes (S1 and S2) based on
a simple unsupervised partition model using the expres-
sion levels of only two genes (COL11A1 and THBS2) in
the FA pathway. Thirdly, we comprehensively analyzed
the molecular characteristics of S1 and S2. S1 was closer
to pre/minimally invasive LUAD in genomics, transcrip-
tomics, and tumor microenvironment; whereas subtype
S2 demonstrated elevated expression of COL11A1 and
THBS2, higher somatic alterations, and more active in
cancer-associated fibroblast (CAF), diverging markedly


https://oncocyte.com

Shang et al. Journal of Translational Medicine

(2025) 23:263

Cells Minimally Invasive Iﬂvash"e Lung
Pre/lnlnlmala Invasive with mutation oy m ! IAC
(AIS/MIA) 1 " (Stage I/IIA)
k. 9 ﬁ 4
Z N o
Atypical Adenomatous
98 Patients Hyperplasia (AAH) 99 Patients
(24 AIS and 74 MIA) Baaament Tumor Nofral Epithelial (83 Stage | and 16 Stage IIIA)
Membrane Cells Cells Cells
24 74 83 16
I L L . ll_‘ ___]____ l’ L
RNAseq | AS Mia_|[RE) rumor SIHININC stace LINININE 0] \yes
Normal
IAC vs. AIS/MIA IAC vs. AIS/MIA
g 06
F 04
|
. _KEGG KEGG 021 SoLUAM

1 - 004 —e

-5.0 -25 0.0 00 02 04 06
log2 (IAC/AIS_! M|A) 10 1 34 frequency in AISIMIA

DEGs 25 DMGs
(Diffe«emially Expressed Genes) 11 Pathways 1 35 Pathways (Differentially Mutated Genes)

Focal Adhesion (FA) Pathway (including 199 genes)

B 15 DEGs 25DMGs
IAC vs. AIS/MIA |AC vs. AIS/MIA
14
PAM (Partition Around Medolds)
COL11A1 Remove Clustering
199 FA genes ——————— COL1IAT _COLIAI COL11A1 & THBSZ
COLIAT, sppr | e
“.-}'5,31?’ CoLTat 335’» ) !
"/
DEGs ~———<——" non-DEGs ‘
IAC vs. AIS/MIA AIS/MIA vs. Normal
log2FC>1.5 log2FC < %
8 Data Sets :: Clinical Outcomes
-ﬁ Used in This Section ;
— s2
t Data be 8
8 3 P <000y
E Transcriptomics 3
Proteomics 1 LI ]
g Phosphoproteomics 1
a Immunohistochemistry 1 ‘
—_— ’._‘ P 0003
g E 5% i %
§ ] ddPCR  LC-1000 cohort Published Data Sets mmm
H (N=81) (N=541) (N=1331) Pul Gene Sets
5 g - = :
= Validation Data Sets : = i) B
£ AR
% Data pe b P 000t P <0001 LT -
> ddPCR 1 e T e T W e R
2 I Transcriptomics 13 B e
g 5 ¢ e e \;
g .'-_ ’-u; P<0001 P <000y
K ® 8% W0 0 O 35 % 75 0 i3 0 S 100 150 200
o

Fig. 1 (See legend on next page.)
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Fig. 1 Workflow of identification of stage | LUAD subtypes and associated molecular characteristics. (A) Patients with AIS/MIA and invasive LUAD were
enrolled and tissue samples were collected for sequencing with WES and RNA-seq. DMGs and DEGs between AIS/MIA and invasive LUAD were identified.
DMGs and DEGs were both enriched in the focal adhesion (FA) pathway by KEGG enrichment analysis. (B) COL11A1 and THBS2 were retained to construct
the clustering model, and the PAM consensus clustering using expression of COL11AT and THBS2 classified stage | LUAD into subtypes ST and S2. (C-D)
Extensive differences in multi-omics molecular characters, tumor microenvironment (TME), and clinical outcomes between subtypes S1 and S2 were

explored in the FUSCC and external datasets

from pre/minimally invasive LUAD. Importantly results
from a prospective dataset of 541 stage I LUAD patients
and 12 published datasets comprising 1,331 patients,
along with validation by ddPCR, confirmed our findings
that S2 patients had a significantly worse prognosis com-
pared to S1 patients.

Results

Study design and workflow

The study design and workflow are shown in Fig. 1.
Briefly, a total of 197 patients with primary tumor tissues
and matched normal tissues were enrolled in this study
at Fudan University Shanghai Cancer Center (FUSCC).
Among them, 98 were AIS (24) or MIA (74) LUAD,
termed pre/minimally invasive, and 99 were stage I (83)
or IIIA (16) invasive LUAD, termed invasive, accord-
ing to the 8th TNM staging (Fig. 1A). RNA sequenc-
ing (RNA-seq) and whole-exome sequencing (WES)
were carried out for the 197 (98+99) tumor-normal
pairs of samples as described in our previous study [13]
(Fig. 1A). First, we identified 264 DEGs and 25 DMGs
between pre/minimally invasive and invasive LUAD cor-
responding to the transcriptomic and genomic altera-
tions, respectively. Secondly, we identified 11 and 35
pathways that were enriched with the DEGs and DMGs,
respectively. Strikingly, focal adhesion (FA), involving
a total of 199 genes including 15 DEGs and 1 DMGs
(with an overlap of COL11A1), was the only pathway
that was significantly perturbed both transcriptomi-
cally and genomically (Fig. 1A and B). Thirdly, two genes
(COL11A1 and THBS2) that were most significantly dif-
ferentially expressed between invasive and AIS/MIA, and
that at the same time showed no difference in expression
between AIS/MIA and normal, were identified to develop
a model (FA2) using an unsupervised consensus cluster-
ing method called Partition Around Medoids (PAM),
clearly separating stage I invasive LUAD patients into
two distinct subtypes (S1 and S2) (Fig. 1B and C). Finally,
the differences between subtypes S1 and S2 in molecu-
lar characteristics including genomics, transcriptomics,
proteomics, tumor microenvironment, and clinical out-
comes were comprehensively evaluated and confirmed
with multiple datasets previously reported in the litera-
ture (Fig. 1C and D).

Genomic and transcriptomic alterations from pre/
minimally invasive to invasive LUAD identified focal
adhesion (FA) pathway and elevated expression of
COL11A1 and THBS2 as key changes of LUAD progression
AIS and MIA are similar in genomic and transcriptomic
characters. The principal component analysis (PCA) sug-
gested that the expression profiles of AIS and MIA were
similar to each other and were closer to that of invasive
LUAD than to normal lung tissue (Fig. 2A). Meanwhile,
almost no significant DMGs and DEGs between AIS and
MIA could be identified (Figures S1A and S1B). There-
fore, we combined AIS and MIA into one group (AIS/
MIA) in the following analyses.

We set out to determine important and reliable disease
progression-associated pathways by first detecting DEGs
and DMGs between AIS/MIA and invasive LUAD. We
thus identified 264 DEGs (|log2FC| >=1 and P<0.05) and
25 DMGs (P<0.05) (Fig. 2B and C, S1C and S1D). Except
for BRAF (AIS/MIA vs. invasive, 8% vs. 1%), the other
24 DMGs, such as TP53 (AIS/MIA vs. invasive, 6% vs.
38%), showed much higher mutation frequency in inva-
sive LUAD than in AIS/MIA (Fig. 2C, S1C and S1D). We
performed Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analysis using the 264 DEGs and
25 DMGs separately. As a result, the focal adhesion (FA)
pathway was commonly shared by the 11 DEG-enriched
pathways and the 35 DMG-enriched pathways (Fig. 2D,
S1E and S1F). It has been reported that the FA complex
is a bridge between cells and the extracellular matrix, and
plays an important role in cell proliferation, invasion, and
migration [16]. We further identified 15 DEGs from the
199 FA pathway genes, which were downloaded from
the molecular signature database (MsigDB) (Fig. 2E).
COL11A1, which was the only gene shared by the 15
DEGs and the 25 DMGs in the FA pathway, may play an
important role in the progression of AIS/MIA to invasive
LUAD (Fig. 2F).

We hypothesize that genes whose expression is sig-
nificantly increased only from AIS/MIA to invasive (cor-
responding to good and bad prognosis, respectively),
but not from normal to AIS/MIA (both with good
prognosis), may play a more prominent role in disease
progression and prognosis. By setting a more strin-
gent log2FC>1.5 cutoff, we retained five genes (SPP1,
COL11A1, COL1Al1, COMP, and THBS2) with sig-
nificantly increased expression level from AIS/MIA to
invasive. However, two (SPP1 and COMP) of them had
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already showed significantly higher expression level in
AIS/MIA than in normal, and therefore were removed
from further consideration (Fig. 2G). This process led
to three remaining genes, namely COL11A1, THBS2,
and COL1A1 (Fig. 2H). COL11A1 and THBS2 were still
selected as the two key genes according to the screening
process shown in Fig. 1 without considering the 16 IIIA
samples, indicating the robustness of the gene-selection
process and the reliability of the two selected genes (Fig-
ure S2). Considering that COL1A1 and COL11Al are
from the same gene family with similar functions, we
only used COL11A1 and THBS2 for subsequent molec-
ular subtyping analysis of stage I LUAD. Obviously,
we can see that the expression levels of COL11A1 and
THBS2 both increased significantly from normal/AIS/
MIA to stage IA (Fig. 2I), whereas no appreciable change
in expression was observed from normal to AIS to MIA.
The fold change in COL11A1 and THBS2 expression for
AIS&MIA over Normal was 1.21 and 1.16, and for Inva-
sive over AIS&MIA was 4.17 and 2.99, respectively.

Unsupervised consensus clustering classified stage |

LUAD patients into AIS/MIA-like subtype S1 and AIS/MIA-
diverging subtype S2 based solely on the expression of
COL11A1 and THBS2

We assumed that stage I LUAD patients may be further
divided into multiple molecular subtypes depending on
how they are similar or dissimilar to AIS/MIA in differ-
ent degrees based on the expression of the two FA genes
(FA2). Thus, we used the unsupervised Partition Around
Medoids (PAM) consensus clustering method, which is
well-known for its robust performance in identifying the
true underlying number of clusters within a dataset, to
cluster stage I LUAD patients using the expression pro-
files of COL11A1 and THBS2. The expression levels of
COL11A1 and THBS2 were used to calculate the Euclid-
ean distance between each sample and the center point
of each cluster. After the number of clusters was evalu-
ated from 2 to 10, we identified two subtypes (clusters)
named S1 (low expression of COL11A1 and THBS2)
and S2 (high expression of COL11A1 and THBS2). This
clustering showed the clearest cut (between-cluster dis-
tance) and the highest Average Silhouette Width (ASW)
[14, 15], a popular cluster validation index to estimate
the number of clusters within a dataset (Figures S3A and
S3B).

We extensively explored the differences in molecular
characteristics between S1 and S2 subtypes within stage
I LUAD, and included AIS/MIA as a control group in
subsequent analyses. We identified seven genes with sig-
nificantly different mutation frequency among AIS/MIA,
S1, and S2 using Fisher’s exact test (Fig. 3A). Four (EGFR,
TP53, TTN, and CSMD3) of the seven genes were among
the top 20 most frequently mutated genes in our datasets
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(Figure S4A). Except for EGFR and MGAM, the mutation
frequency of the other five genes (TP53, TTN, CSMD3,
DST, and FSCB) significantly increased in S2 over S1
(Fig. 3B). Similarly, tumor mutation burden (TMB) grad-
ually increased from AIS/MIA to S1 to S2 (Fig. 3C). The
same trend was also seen in APOBEC-related mutations,
although only AIS/MIA vs. S2 was significantly different
(Fig. 3D). These results indicated that S1 was genetically
closer to AIS/MIA than S2.

Consistent with the trend of genomic characteristics,
transcriptomic analysis also indicated that S1 was simi-
lar to AIS/MIA. PCA demonstrated that gene expression
profiling of S1 was closer to AIS/MIA than S2 (Fig. 3E).
We further compared the expression profiles between
AIS/MIA, S1 and S2, and identified 83 DEGs between
AIS/MIA and S1, 881 DEGs between AIS/MIA and
S2, and 383 DEGs between S1 and S2 (Fig. 3F). Several
pathways (ECM-receptor interaction, protein digestion
and absorption, and focal adhesion) were enriched with
most genes upregulated in S2 (Figure S4B). Meanwhile,
the expression of all 15 FA pathway DEGs between AIS/
MIA and invasive LUAD (Fig. 2E) were also significantly
altered between S1 and S2 (Figure S4C). We further
explored cancer-associated biological functions of DEGs
between AIS/MIA, S1, and S2 using Get Set Variation
Analysis (GSVA). A total of 22 hallmarks of cancer were
identified using the hallmark gene sets from MSigDB
(Fig. 3G). The enrichment scores of these identified hall-
marks showed continuous changes from AIS/MIA, S1,
S2, to IIIA, indicating that S1 may be an intermediate
biological stage during the development of AIS/MIA to
S2 or IIIA.

To evaluate the molecular subtypes underlying the
whole FUSCC set of 394 samples including normal, AIS,
MIA, and invasive LUAD, we performed PAM clustering
using the expression profiles of COL11A1 and THBS2.
Consistent with clustering of stage I LUAD samples
alone, the average silhouette width indicated that the
optimal number of clusters was two (Figure S3C). It was
interestingly and gratifying to notice that 100% normal,
95.8% AIS, 94.6% MIA, 64.3% 1A, 40.7% IB, and 37.5%
IITIA were assigned to S1 (Figures S3D and S3E). These
results indicated that S1 was closer to AIS/MIA, and that
as the disease stage progresses, more and more patients
became S2-like.

S2 with COL11A1 upregulation had more activated cancer-
associated fibroblasts than S1

We explored the differences in tumor microenviron-
ment (TME) between AIS/MIA, S1, and S2. We analyzed
the composition of TME using EPIC [17] and MCP-
counter [18], two widely used software packages for
such purposes. Associations between CAF and molecu-
lar subtypes were observed in that S2 with COL11A1
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Fig. 2 (See legend on next page.)
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Fig. 2 Identification of COL11A1 and THBS2 in the FA pathway as key determinants for invasive LUAD deviating from pre/minimally invasive status. (A)
PCA of the expression profiles of 39,476 genes in 197 pairs of LUAD samples including 24 pairs of AlS, 74 pairs of MIA, and 99 pairs of invasive LUAD. (B)
Volcano plot shows differential gene expression between invasive LUAD and AlS/MIA. (C) Comparison of gene mutation frequency between AIS/MIA and
invasive LUAD. A total of 25 genes show significantly different mutation frequencies between AIS/MIA and invasive LUAD. Color bar shows -log10 (P). (D)
Venn diagram shows the intersection of pathways enriched by DMGs and DEGs. DMGs and DEGs were both enriched in the FA pathway. (E) The expres-
sion of 15 DEGs in the FA pathway between AIS/MIA and invasive LUAD. (F) Venn diagram shows the intersection of 15 DEGs in the FA pathway and 25
DMGs between AIS/MIA and invasive LUAD. (G) The log2FC of the 15 DEGs in the FA pathway: invasive vs. AIS/MIA (top) and AIS/MIA vs. normal (bottom).
(H) Venn diagram shows genes with expression significantly increased from AIS/MIA to invasive LUAD, but no significant difference between AIS/MIA and

normal. (I) The expression of COL11A1 and THBS2 from normal to stage IIIA. (*** P<0.001)

upregulation had more activated CAF than S1 (Fig. 3H).
By performing immunohistochemistry on 78 samples
(Normal: 10, AIS: 7, MIA: 9, S1: 29, S2: 14, IIIA: 9) from
68 patients using ACTA2 (a-SMA), a marker protein for
CAF, we also observed that CAF was more active in S2
compared to S1 and AIS&MIA (Fig. 4A and B). We found
that the expression of ACTA2, a CAF marker protein,
was closely linked to poor prognosis (Figures S5A and
5B). Consistent with published research, COL11A1l in
CAF was increased compared with normal fibroblasts
in non-small cell lung cancer (NSCLC) [19]. CAF, one of
the most abundant cell types in tumor tissues, was closely
associated with promoting lung cancer development
[20-22]. In fact, many clinical studies aimed at inhibit-
ing the interplay between CAF and tumors are ongo-
ing [22]. Meanwhile, several studies suggested that CAF
may promote cancer invasion by remodeling the extra-
cellular matrix (ECM) [22]. We also observed that CAF
and the ECM-receptor interaction pathways were more
active in S2 (Figs. 3H and 4B and S4B), suggesting that
CAF and ECM played important roles in LUAD progres-
sion. Therefore, patients with S2, which showed more
activated CAF than S1 and AIS/MIA, may benefit from
treatment aimed at preventing CAF activation.

To better characterize the CAF subclusters linked to
lung adenocarcinoma progression, we analyzed single-
cell data from 57 lung adenocarcinoma and normal
lung tissue samples, focusing on isolating CAF cells for
detailed subclusters analysis (Figures S6A-C). We further
subtyped CAFs using single-cell data from lung adeno-
carcinoma and identified 7 subclusters (Fig. 4C). Interest-
ingly, we found that COL11A1 was specifically expressed
in subgroup 1 CAFs, which we subsequently defined as
COL11A1 + CAFs (Fig. 4D and E). Consistent with RNA-
seq results, COL11A11+CAF was largely absent in
Normal and MIA samples, but its proportion increased
as lung adenocarcinoma advanced (Fig. 4F and G). This
suggests that elevated expression of COL11A1 is closely
linked to increased COL11A1l+CAF activity, and the
rising levels of COL11A1 + CAF are strongly associated
with lung adenocarcinoma progression.

Distinct S1 and S2 subtypes were also observed with
proteogenomic data

We subsequently reanalyzed the multi-omics data from
the study of Gittelle et al. [23]. to explore differences in
proteogenomic characteristics between S1 and S2 sub-
types. Gene mutation and expression data were down-
loaded from Genomic Data Commons (GDC) [24] and
proteomics and phosphoproteomics data were down-
loaded from Clinical Proteomic Tumor Analysis Con-
sortium (CPTAC) [25]. In this unique dataset, PAM
consensus clustering was also used to classify stage I
LUAD patients based on the expression of COL11A1l
and THBS2. Again, the optimal number of clusters was
determined to be two (Figure S7A). Therefore, PAM
consensus clustering was performed to identify two sub-
types based on the expression of COL11A1 and THBS2
of stage I patients. Consistent with what were observed
in the FUSCC dataset, S2 showed more mutation events,
more death or relapse events than S1 (Fig. 5A and B). The
mutation frequency of TP53, RYR2, USH2A, KRAS, and
XIRP2 was much higher in S2 than S1 (Fig. 5B). More-
over, the event of copy number variations, such as ampli-
fication peaks, was less common in S1 than S2 (Fig. 5C).
Consistent with our FUSCC dataset, the genomes of S1
were relatively simpler than S2.

Quantitative omics, including transcriptomics, pro-
teomics, and phosphorylated proteomics analysis con-
firmed the distinct differences between S1 and S2. We
performed differential expression analysis between
S1 and S2 and identified 371 DEGs, 64 differentially
expressed proteins (DEPs), and 121 differentially
expressed phosphoproteins (DEPPs) (Figures S7B and
S7C). To further explore biological functions associated
with the DEGs and DEPs, we performed KEGG pathway
enrichment analysis. We found that the DEGs and DEPs
were both enriched in protein digestion and absorption,
ECM -receptor interaction, focal adhesion, bladder can-
cer, and steroid hormone biosynthesis pathways (Fig. 5D).
Meanwhile, we also found that S2 showed more activated
CAF than S1 (Figure S7D). Consistent with what we iden-
tified from our FUSCC dataset, more activated CAFs and
ECM - receptor interaction were also identified for S2 in
the Gittelle et al. dataset.

We observed a strong correlation between gene and
protein expression levels for both COL11A1 and THBS2
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Fig. 3 Molecular subtypes of stage | LUAD and associated distinct genomic and transcriptomic characteristics. (A) Classification of stage | LUAD into S1
and S2 subtypes. DMGs among AIS/MIA, S1, and S2 were shown from AIS/MIA to llIA LUAD. (B) Gene mutation frequency of DMGs for AIS/MIA, S1, and
S2. AIS/MIA had lower EGFR and MGAM mutation frequency than S1 and S2. Gene mutation frequency of TP53, TTN, CSMD3, DST, and FSCB increased
significantly from AIS/MIA to S2. (C) Boxplot shows that S2 had higher TMB than S1 and AIS/MIA. (D) Boxplot shows that S2 had higher APOBEC-related
mutation than AIS/MIA. (E) PCA of the expression profiles of 39,476 genes in AIS/MIA, S1, and S2. (F) Volcano plots show between-group differences in
gene expression, S1vs. AIS/MIA, S2 vs. AIS/MIA, and S2 vs. S1. (G) Enrichment scores from the get set variation analysis of DEGs between AIS/MIA, S1, and
S2.(H) Boxplots show CAF in different pathological stages, of which stage | was divided into ST and S2. S2 had a higher CAF than S1. (* P<0.05, ** P<0.01,

*** p<0.001)

(Fig. 5E, S7E and S7F), indicating that protein expression,
like gene expression, may also be used for molecular sub-
typing of stage I LUAD patients. To explore the relation-
ship between clinical outcomes and molecular subtypes
identified by consensus clustering based on the protein
expression of COL11A1 and THBS2, we downloaded
proteomics data and the corresponding clinical informa-
tion from the study of Xu et al. [26]. We identified two
subtypes closely associated with relapse-free survival
(RES) (P<0.001), although the association with overall
survival did not achieve statistical significance (P=0.31,
Fig. 5F).

The prognosis model was locked down and allows for its
easy clinical applications

We locked down our prognosis model with detailed
information and parameter settings, making it suit-
able for performing molecular subtyping of a single new
sample. The centroids of S1 and S2 in the FUSCC RNA-
seq dataset are M1 (0.557, 4.141) and M2 (4.756, 6.479),
respectively. For a sample from a new patient from other
datasets, if its Euclidean distance to M1 is shorter than
that to M2, then it is classified as subtype S1; otherwise,
it is classified as subtype S2 (Fig. 6A). Similar molecular
characteristics between S1 and AIS/MIA indicated that
they may exhibit similarly excellent prognosis. In our
RNA-seq dataset of LC-197, the OS and RFS of S1 were
significantly better than S2 for stage I patients (Fig. 6B
and C, P<0.05). We did not find any significant correla-
tions between the clinical demographic data (including
age, smoking history, gender, and histology) and molecu-
lar subtypes (S1 and S2) (Table S1).

Our model was successfully validated with droplet
digital PCR (ddPCR), further confirming its robustness
and making its clinical application more easily and reli-
able than RNA-seq. We quantified 204 samples (Normal:
20, AIS: 57, MIA: 63, IA: 57, IB: 22, IIIA: 16) from 184
patients of the LC-197 dataset at the absolute expression
level by ddPCR. Three replicates of each sample were
measured and a total of seven batches of 96-well plates
were run, with the Human Brain Reference RNA [27, 28]
profiled in each batch for positive control and batch mon-
itoring. The inter-plate CVs for COL11A1 and THBS2
were less than 9% among the seven batches, indicating
reliability of the ddPCR data (Figure S8). Consistent with
RNA-seq, the expression levels of COL11A1 and THBS2

both increased significantly from normal/AIS/MIA to
stage IA (Figure S9A). Then, we used the PAM consensus
clustering method to cluster stage I LUAD patients using
the absolute expression levels of COL11A1 and THBS2,
and two subtypes were clearly present (Figure S9B). For
the ddPCR data, the centroids of S1 and S2 were deter-
mined to be M1 (1.451, 5.812) and M2 (6.398, 8.838),
respectively. The subtype of a new patient is decided
based on its distances between M1 and M2 (Fig. 6D). In
our dataset, the OS and RFS of S1 were significantly bet-
ter than S2 for stage I patients (Fig. 6E and F, P<0.05).

AIS/MIA-like S1 subtype had better prognosis than AlS/
MIA-diverging S2 subtype as validated with a prospective
and 12 published datasets

The prognostic performance of the knowledge-driven
and overfitting-resistant FA2 model was validated with
541 stage I LUAD patients from a prospective data set.
The prospective cohort of 968 LUAD tumors and nor-
mal lung tissue RNA-seq was constructed, including
541 patients in stage I. The consistent distribution of
COL11A1 and THBS2 expression in the prospective
dataset and the LC-197 dataset provides the basis for
typing of individual samples based on the centroid of
LC-197 dataset (Figure S10). We calculated the S1 or S2
subtypes of each of the 541 stage I patients based on M1
(0.557, 4.141) and M2 (4.756, 6.479) centroids (Fig. 6G).
The FA2 model still had superior prognostic predictive
performance in this cohort (OS, HR =3.02, P<0.001; RES,
HR=4.14, P<0.001) (Fig. 6H and I). Multivariate Cox
analysis also indicated that the two-class subtyping was
an independent prognostic variable (Figures S11A and
S11B).

In addition to our LC-1000 dataset, we downloaded 12
external published datasets containing both gene-expres-
sion data and prognosis information of stage I LUAD
(Table S2). The prognostic performance of the two FA
genes (COL11A1 and THBS2) identified from a knowl-
edge-driven and overfitting-resistant process was vali-
dated by 12 external published datasets containing both
gene-expression data and prognosis information of stage
I LUAD (Table S2 and S3). When each of the 12 data
sets was subjected to the PAM analysis using the expres-
sion data of COL11A1 and THBS2, the optimal number
of clusters for all data sets was found to be two (Figure
S13), indicating the true number of underlying molecular
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Fig. 4 Immunohistochemical validation of CAF. (A) Representative immunohistochemical stained image of ACTA2 (marker protein of CAF) in LUAD
containing normal, AIS/MIA, S1, S2 and IlIA. (B) Proportion of ACTA2 expression in different subtypes or stages. (C) UMAP visualization of the CAF tran-
scriptome highlights the seven subgroups identified through unsupervised clustering. (D)The heatmap displays the top five subgroup-specific genes
for each subgroup, with COL11AT specifically expressed in subgroup 1. (E) The violin plot illustrates COL11AT expression across the seven subgroups,
showing a high expression level in subgroup 1. (F) The bar plot shows the distribution of subgroup 1, with proportions gradually increasing from normal
to pathological stage Ill. (G) The UMAP plot further demonstrates COL11A1 expression across each cell subpopulation. (* P<0.05)

subtypes of stage I LUAD. After subtyping each data
set, we merged the 1,331 patients from the 12 data sets
together and performed survival analysis (Figure S14).
As we expected, survival analysis indicated that subtype
S1 had better overall survival (Figure S14A-C, P<0.001)
and relapse-free survival (Figure S14D-F, P<0.001) than
S2. Multivariate Cox analysis also indicated that the two-
class subtyping was an independent prognostic variable
(Figures S15A and S15B). Combining IA and S1 would
help identify patients who may be truly at low risk (Fig-
ures S15C and S15D). These findings also suggested that
the FA2 model had better prognostic stratification for
early-stage IA.

To comprehensively evaluate and compare the prog-
nostic predictive power of the simple FA2 model involv-
ing COL11A1 and THBS2, we identified 42 published
prognosis gene signatures of lung cancer through litera-
ture research and the review of Tang et al. [7, 9, 29]., with
mean and median number of genes of 65 and 42, respec-
tively (Table S4). To facilitate fair comparisons between
different signatures (models), the optimal number of
clusters was chosen to be two for all models. AUC of the
time-dependent receiver-operating characteristics (ROC)
curve and concordance index (C-index) were used to
evaluate the performance of the 42 literature signatures
plus the FA2 signature with the 1,331 patients. The 43
models were ranked by the mean of AUC and C-index.
As a result, the FA2 model, with the least number of
genes, ranked the second (OS and RES, Figure S12A)
and the first (RFS, Figure S12B) in prognostic predictive
power for the prospective dataset. For published data-
sets, the FA2 model ranked top nine (OS, Figure S16A)
and top six (RFS, Figure S16B). These results further sug-
gested that FA2 genes were biologically important and
had a good predictive performance for prognosis of stage
I patients.

Discussion

Changes in molecular characteristics from pre-invasive
AIS/MIA to invasive LUAD may provide us with insights
for the accurate classification of stage I LUAD with diver-
gent prognosis. Many studies on constructing mod-
els for risk stratification of stage I LUAD based on gene
expression have been reported [11, 12, 29]. It is usually a
straightforward choice to obtain gene features of “high”
prognostic prediction performance through training with
prognosis as the endpoint, but this approach is prone

to over-fitting [10]. Different from previous studies, we
identified two genes (COL11A1 and THBS2) in the FA
pathway based mainly on somatic alterations and gene-
expression alterations between AIS/MIA and invasive
LUAD. In the process of selecting features and conduct-
ing molecular subtyping, we did not perform any training
with knowledge of a patient’s prognosis and thus effec-
tively avoided overfitting, as can be seen from the perfor-
mance validation results with 11 external datasets.

The two genes played important roles in the progres-
sion of lung adenocarcinoma. COL11A1 showed higher
mutation frequency in invasive LUAD than AIS/MIA
(Fig. 2C). Meanwhile, the expression of COL11A1 was
almost undetectable in normal and AIS/MIA, but started
to increase dramatically in stage IA LUAD (Fig. 2I). These
results indicated that COL11A1 may promote AIS/MIA
progression. Many studies have also demonstrated that
COL11A1 plays an important role in tumor progression
including NSCLC [30-33]. Similarly, there was no signifi-
cant difference in the expression of THBS2 between nor-
mal and AIS/MIA, whereas there was a steady increase
from IA to IB and IIIA LUAD (Fig. 2I). The evolving
mutation or expression characteristics of COL11A1 and
THBS2 indicated their close association with the inva-
siveness of LUAD. Indeed, FA2 consisting of COL11A1
and THBS2 helped identify two molecular subtypes S1
and S2 with different degrees of invasion in stage I LUAD.

The consistency and robustness of genomic, transcrip-
tomic, and proteomic differences between S1 and S2
demonstrated that the two subtypes of stage | LUAD were
biologically and clinically relevant. In our FUSCC data-
set, the genomic and transcriptomic characteristics of S1
were similar to AIS/MIA, and the prognosis of S1 was
closer to AIS/MIA. Furthermore, the high correlation
between gene and protein expression for COL11A1 and
THBS2 indicated that protein expression data may also
be used for molecular classification. We performed con-
sensus clustering using protein expression of COL11A1
and THBS2 to divide stage I LUAD into S1 and S2 using
a publicly available multi-omics dataset. The significant
differences in RFS between S1 and S2 further suggested
the prospect of clinical applications of COL11A1 and
THBS2. Successfully validated at the absolute expression
level (ddPCR) further validated the robustness of our
model and made it apply to clinical scenarios more easily.

The differences in molecular characteristics between
S1 and S2 may have potential therapeutic implications.
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Fig.5 Proteogenomic relationships between S1 and S2 subtypes. (A) Classification of all samples into pathological clusters, of which stage | was divided
into S1 and S2 subtypes. Oncoplot shows DMGs between S1 and S2. (B) S2 had a higher gene mutation frequency than S1. (C) Significant amplification
peaks based on copy number profiling of S1 and S2. (D) Heatmaps show the DEGs and DEPs and the five pathways which were both enriched with DEGs
and DEPs. (E) Scatterplots show the correlation between RNA and protein expression for COL11A1 and THBS2. (F) Clinical outcomes of ST and S2 subtypes
based on protein expression of COLT1A1 and THBS2 in the Xu et al. dataset. S1 had better RFS than 52

The poor clinical outcomes and high TMB of S2 may
provide hint for clinical decision-making. At present,
the guidance for clinical adjuvant therapy is still based
on pathological staging. What is more, there is no obvi-
ous evidence that patients with stage I LUAD can benefit
from adjuvant therapy, so that most stage I patients do
not undergo adjuvant therapy systematically after sur-
gery [5, 6]. According to our analysis, the classification
of stage I LUAD into S1 and S2 was better than IA and

IB in prognostic predictive performance (Figure S11).
Stage I LUAD patients who were classified as S2 had
a higher risk of recurrence or death. At the same time,
S2 had higher TMB than S1. Many studies have shown
that patients with high TMB may benefit from immune
checkpoint inhibitors [34]. Thus, our results indicated
that S2 patients may benefit from receiving adjuvant
therapy, such as immunotherapy. Meanwhile, a high
score of CAF in S2 may suggest possible treatment. Many
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Fig. 6 Schematic diagram of assigning a single sample into S1 or S2 subgroup. The centroids of ST and S2 at RNAseq dataset (A) and ddPCR (D) in the
FUSCC dataset are M1 and M2, respectively. Survival analysis of FA2-based subtypes (S1 and S2) for 83 stage | patients’samples quantified by RNA-seq. S1
showed significantly better OS (B) and RFS (C) than S2 for stages | (P < 0.05). Survival analysis of FA2-based subtypes (S1 and S2) for 81 stage | patients'sam-
ples quantified by ddPCR. ST showed significantly better OS (E) and RFS (F) than S2 for stages | (P<0.05). (G) A schematic representation of an individual
patient classified as either ST or S2 subtype based on the expression levels of COL11AT and THBS2 on a case-by-case basis. Survival analysis of FA2-based
subtypes (S1 and S2) for 541 stage | patients from a prospective data set. S1 showed significantly better OS (H) and RFS (1) than S2 for stages | (P<0.001)

studies found that TME played an important role in the
development of tumor invasion [35, 36]. CAF, an impor-
tant component in the TME, is distributed among tumor
cells to provide a beneficial tumor stroma [22]. It was
reported that CAF promoted cancer invasion by remod-
eling ECM [22, 37]. Coincidentally, CAF level was almost
not changed among paired normal, AIS/MIA and S1, but
there was obvious activation in S2 (Figs. 3H and 4B). Fur-
thermore, the ECM-receptor interaction pathway was
more active in S2 than in S1 (Figures S4B and 5D). These
results indicated that CAF may promote early LUAD
invasion by remodeling ECM. In fact, several clinical tri-
als of targeted therapeutic for the interaction between
CAF and tumor have been initiated [22]. Our results sug-
gested that S2 patients may benefit from drugs that atten-
uate CAF activation.

Compared with published models, the FA2 model
proposed in our study consisted of the least number of
genes (two), but performed better than most published
gene signatures (Figures S12 and S16). Furthermore, the
prognostic predictive power of FA2 was better than path-
ological staging and FA2 was an independent prognosis
predictor (Fig. 6, S11 and S15). These results suggested
that FA2 had the potential to complement pathologi-
cal staging. However, there were some limitations in the
evaluation of the performance of FA2 compared to pub-
lished gene signatures. The best evaluation approach
would be combining the published gene signatures with
the corresponding classification methods, and then eval-
uating the performance of each published signature-clas-
sification method pair. However, it is very difficult if not
impossible for us to completely replicate the published
method [7]. Therefore, we compared the prognostic pre-
dictive performance of published gene signatures using
the same widely adopted unsupervised clustering algo-
rithm of PAM for its ability of finding the optimal num-
ber of clusters underlying a dataset.

In conclusion, we applied PAM consensus clustering
with COL11A1 and THBS2 expression to classify stage
I LUAD into S1 (AIS/MIA-like) and S2 (CAF-rich) sub-
types, which showed clear differences in multi-omics,
tumor microenvironment, and clinical outcomes. The
molecular classification of stage I LUAD showed good
prognosis predictive performance, which may pro-
vide more precise management of these patients in
clinical practice. Combining IA and S1 would help to
identify patients who may be truly at low risk to avoid

overtreatment. S2 (CAF-rich) with higher TMB and CAF
may benefit from adjuvant therapies, such as immu-
notherapy and CAF suppression therapy. Meanwhile,
prospective studies and functional or mechanistic experi-
ments need to be completed to further verify our conclu-
sions. Nevertheless, our simple and robust FA2 model
may serve as a foundation toward reliable identification
of high-risk stage I LUAD patients for more intensive
post-surgery treatment.

Methods

Patients

During September 2011 and May 2016, we collected
tumor-normal matched samples from a total of 197
patients during surgery, including AIS, MIA, IA, IB, and
IITIA. No patient received neoadjuvant therapy before
surgery. A decision to take the patient to surgery was
reached based on pre-surgical examinations and TNM
stage of the disease. For patients with a newly detected
lung mass on CT scan, clinical stage was determined
first. To determine the clinical stage before surgery,
patients received enhanced chest computed tomography
(CT) scanning and positron emission tomography-CT
(PET-CT) scanning. Those patients who did not PET-
CT scanning received an enhanced brain CT or mag-
netic resonance imaging, whole-body bone scanning, and
abdominal CT or ultrasonography. Fiber optic bronchos-
copy was routinely performed. For patients with newly
detected ground-glass opacity (GGO), surgery would be
performed on patients whose lung nodules were highly
suspected for invasive lung cancer, otherwise we would
recommend regular follow-up. Follow-up period would
be based on the size and solid component of the GGO.
Surgery will be performed later if the size or solid com-
ponent of the GGO grows during follow-up. RFS and
OS time was recorded according to clinical or telephone
follow-up. This study has been approved by the research
ethics review committee of Fudan University Shanghai
Cancer Center (FUSCC) Institutional Review Board (No.
090977-1).

The LC-1000 cohort was derived from our CTLX
study  (https://www.researchsquare.com/article/rs-497
7481/v1), which collected 1,008 lung adenocarcinoma
samples from 954 patients and conducted whole genome
and whole transcriptome sequencing. Detailed follow-
up information was available for all patients. In this
study, we selected patients with pathological stage I lung
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adenocarcinoma from the CTLX cohort. Using quanti-
tative RNA-seq results, we applied our FA2 model on a
sample-by-sample basis to classify these patients into S1
or S2 subtypes. Ultimately, 541 patients with pathological
stage I lung adenocarcinoma were categorized into the S1
and S2 subtypes. The CTLX cohort was generated after
our FA2 model was locked-down, making it comparable
to a prospective cohort. This enables us to fully validate
the robustness of our FA2 model using the CTLX cohort.

RNA-seq data analysis

Hisat2-StringTie pipeline was used to obtain expression
profiles from raw FASTA data [38]. Trimmomatic (v0.36)
was used to remove adapters in the raw RNA-seq reads
[39]. The quality of raw RNA-seq reads was assessed
through FastQC (v0.11.5). FastQ Screen (v0.11.0) was
used to evaluate whether there was contamination from
other species in RNA-seq reads. We used Hisat2 (v2.0.5)
to align reads to the human reference genome (GRCh38,
release-84), which was downloaded from GDC [38].
The reads aligned to the human reference genome were
assembled by StringTie (v1.3.3) and annotated as tran-
scripts or genes by genome annotation file (gencode.v22.
annotation.gtf) [38]. Finally, Fragments Per Kilobase of
exon model per Million mapped fragments (FPKM) was
used to measure gene expression.

Mutation profiling

As described in the previous study [13], the gene muta-
tion data were generated through whole-exome sequenc-
ing (WES). In this study, we continued to use the results
of the previous analysis. The TMB- and APOBEC-related
mutation data also came from the previous study and can
be downloaded from the supplementary information (htt
ps://doi.org/10.1038/s41467019-13460-3 ).

Single cell data analysis

Data for single cells were obtained from published study
[40] and re-analyzed after we acquired count data for
each cell in each sample. Using Seurat (v5.0.0) [41] and
Harmony(v1.2.0) [42], we processed the single-cell data
as follows:

1. The entire count matrix was normalized using
default parameters, and the top 2,000 variable genes
were selected for scaling and PCA.

2. Harmony was applied with default settings to remove
batch effects between samples.

3. A K-nearest neighbor graph was constructed based
on the top 30 Harmony-corrected PCs, with a
resolution of 0.1 set for subpopulation analysis of all
cells.

4. CAF subpopulations were identified using the CAF
marker gene COL1AL
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5. Steps 1-3 were repeated to further identify
subpopulations within CAF cells.

6. Genes specifically expressed in each CAF
subpopulation were identified using the FindMarkers
function, with validation criteria set at log2FC>1
and P<0.05.

Processing of publicly available datasets

Data collection was conducted from October 2020 to
March 2021. All gene mutation data of Gillette et al. [23].
were downloaded from GDC [24]. All gene expression
microarray data and corresponding clinical phenotypes
were obtained from Gene Expression Omnibus (GEO) (
https://www.ncbi.nlm.nih.gov/geo/). Gene symbols were
used to represent genes from different platforms. If there
were multiple probes corresponding to the same gene
symbol, the one with the highest signal intensity was
used to represent the expression level of the correspond-
ing gene. RNA-seq gene expression datasets (TCGA and
Gillette et al. [23]). and corresponding clinical pheno-
types were downloaded from GDC. The proteomic data
of the two studies used in our analysis were obtained as
follows. Normalized protein and phosphorylated pro-
tein expression data of Gillette et al. were downloaded
from Clinical Proteomic Tumor Analysis Consortium
(CPTAC) [25]. Normalized protein expression data of
Xu et al. [26]. were downloaded as an attachment table
of the article. As shown in Table S2, our study used 14
published datasets including two genomic datasets, 11
microarray gene expression datasets, two RNA-seq tran-
scriptomics datasets, two proteomics datasets, and one
phosphoproteomics dataset. Summary of the published
datasets was shown in Table S2.

Differential gene expression and mutation analysis

R package limma (v3.42.2) was used to perform differ-
ential expression analysis between normal, pre-invasive,
and invasive LUAD, or between S1 and S2 subtypes [43].
The commonly used cutoffs (P<0.05,|log2(fold change)|
>= 1) were used to identify differentially expressed genes
[27]. Fisher’s exact (P<0.05) was used to identify differ-
entially mutated genes between pre-invasive and invasive
LUAD or between S1 and S2 subtypes.

KEGG and SsGSEA analysis

R package clusterProfiler (v3.14.3) was used to perform
KEGG pathway enrichment analysis [44]. Focal adhesion
pathway genes and hallmark gene sets were downloaded
from MSigDB. Pathways significantly enriched with
genes in an input set were identified by adjusted P-value
(P<0.05). R package GSVA [45](v1.34.0) with default gsva
method was used to estimate gene-set enrichment score.
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Partition around medoids (PAM)

Unsupervised clustering using the partition around
medoids (PAM) cluster algorithm and Euclidean distance
was performed through R package ConsensusClusterPlus
(v1.50.0) [46]. The two genes (COL11A1 and THBS2) in
the FA pathway, which were commonly identified both as
DEGs or DMGs between AIS/MIA and invasive LUAD,
were used as features for consensus clustering. R package
factoextra (v1.0.7) was used to count average silhouette
width [15] and choose the optimal number of clusters in
a dataset. The consensus matrix with K=2 was selected
for further analysis after the number of clusters was eval-
uated from 2 to 10.

Assessment of tumor microenvironment

EPIC [17] and MCP-counter [18] were used to iden-
tify the composition and density of cells based on gene
expression of each sample. R package immunedeconv
(v2.0.3) [48] was used to perform EPIC and MCP-counter
functions.

ddPCR

For ddPCR, synthesis of cDNA utilized 500 ng of RNA,
which was reverse-transcribed using the HiScript III RT
SuperMix (+gDNA wiper) kit (Vazyme, no.R323-01)
according to the manufacturer’s protocol. Droplets for
each ¢cDNA sample were generated in triplicate using
25 ng of cDNA, 900 nM of primers, 250 nM of probes
in 1x ddPCR Supermix for Probes (No dUTP) (Bio-
Rad, no.1863024) and 55 ul Droplet Generation Oil
for Probes (Bio-Rad, no.1863005) on a QX200 Drop-
let Generator (Bio-Rad), followed by PCR amplifica-
tion on a T100 Thermal Cycler (Bio-Rad). Two positive
control (Human Brain Reference RNA) [27, 28] and
one negative control (UltraPure Distilled Water, Invit-
rogen, n0.2085372) were added to each plate to moni-
tor the inter-plate assay performance. The sequences of
primers and Tagman probes used for the quantitation
of COL11A1 and THBS2 transcripts are listed in Fig-
ure S17A. Primers and Tagman probes were designed
by Beacon Designer (v8.14) and validated by Oligo 7 and
Primer Premier 5. The high specificity of primers was
confirmed by Primer-BLAST (https://www.ncbi.nlm.nih.
gov/tools/primer-blast/) and capillary gel electrophoresis
on a Qsepl00 Advanced (Bioptic Inc.) (Figures S17B-E).
We found that 52°C was the best extension temperature
which can best distinguish the positive and negative
droplets (Figure S18). PCR cycling conditions included
an initial enzyme activation step for 10 min at 95 °C, fol-
lowed by 40 cycles of denaturation at 94 °C for 30 s and
extension at 52 °C for 1 min with a 1.5 °C per second
ramp rate and an enzyme deactivation step at 98 °C for
10 min. Following PCR amplification, droplets containing
the transcripts of interest were detected via fluorescence
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(FAM and HEX) with the QX200 Droplet Reader System
(Bio-Rad), and the QuantaSoft software (v1.7.4, Bio-Rad)
was used to calculate the concentration (copies/ul) of
COL11A1 and THBS2. The log2-transformed concentra-
tion of COL11A1 and THBS2 was used for performing
unsupervised clustering.

IHC

The LUAD formalin-fixed paraffin-embedded (FFPE)
specimens from 2011 to 2016 at FUSCC were collected.
FFPE slides (4 um) were heated for 2 h at 65°C and then
submerged twice in xylene for 15 min. Slides were then
gradually re-hydrated by submerging for 5 min in each
of the following ethanol solutions: 100%, 85%, 75%, and
finally in ddH2O for 5 min. Antigen retrieval was per-
formed in citrate buffer (pH 6.0) by the microwave oven.
Next, 3% hydrogen peroxide in ddH20 was utilized to
quench endogenous peroxidase activity, followed by
interdiction for nonspecific binding. Mouse anti-ACTA2
(1:1000, no. Abcam, ab7817) were incubated with the
slides overnight in a moist chamber at 4°C. After wash-
ing in PBS, slides were treated with a secondary antibody,
stained by a 3,3’-diaminobenzidine (DAB) system, and
counterstained with hematoxylin (DAKO, no. K5007).
The expression status of immunostaining was reviewed
and scored independently by two pathologists based on
the whole tumor bed (ACTA2).

Statistical analysis

All statistical analysis was performed with R (v3.6.3).
Statistical tests included t-test, Fisher’s exact test, and
Pearson correlation. R package survival (v3.1-8) and
survminer (0.4.8) were used to perform survival and
Cox analysis. Kaplan-Meier survival analysis combined
with log-rank test was used for overall survival (OS) and
relapse-free survival (RFS) analysis. R package Complex-
Heatmap (v2.2.0) was used to draw heatmaps [48]. Prin-
cipal component analysis (PCA) was performed using R
package stats (v3.6.3). Oncoplot and lollipop plots were
performed with maftools (v2.6.05) [49]. Amplification
peaks were identified by GISTIC2.0. Boxplots and scat-
ter plots were drawn with R package ggpubr (v0.4.0) and
ggplot2 (v3.3.3).
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