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�
 ABSTRACT 

Lung cancer is the most common cause of cancer mortality 
globally, and the prevalence of lung adenocarcinoma, the most 
common lung cancer subtype, has increased sharply in East Asia. 
Early diagnosis leads to better survival rates, but this requires an 
improved understanding of the molecular changes during early 
tumorigenesis, particularly in nonsmokers. In this study, we 
performed whole-exome sequencing and RNA sequencing of 
samples from 94 East Asian patients with precancerous lesions 
[25 with atypical adenomatous hyperplasia (AAH); 69 with ade-
nocarcinoma in situ (AIS)] and 73 patients with early invasive 
lesions [minimally invasive adenocarcinoma (MIA)]. Cellular 
analysis revealed that the activities of endothelial and stromal 
cells could be used to categorize tumors into molecular subtypes 
within pathologically defined types of lesions. The subtypes were 
linked with the radiologically defined type of lesions and corre-
sponded to immune cell infiltration throughout the early 

progression of lung adenocarcinoma. Spatial transcriptomic 
analysis revealed the distribution of epithelial cells, endothelial 
cells, fibroblasts, and plasma cells within MIA samples. Char-
acterization of the molecular lesion subtypes identified posi-
tively selected mutational patterns and suggested that 
angiogenesis in the late-stage AIS type potentially contributes 
to tissue invasion of the MIA type. This study offers a resource 
that may help improve early diagnosis and patient prognosis, 
and the findings suggest possible approaches for early disease 
interception. 

Significance: Integrative analysis of multiomics data revealed 
coordination between immune and nonimmune cells during 
early progression of precancerous lesions to lung adenocarci-
nomas and shed light on the molecular characteristics of clinically 
defined subtypes. 

Introduction 
Lung cancer is one of the most complex and heterogeneous 

malignancies and is the leading cause of cancer mortality worldwide 
(1). Lung adenocarcinoma is the most common pathologic subtype, 
and the average 5-year overall survival rate of patients with lung 
adenocarcinoma is 19% (2). However, the 5-year survival of patients 
with lung adenocarcinoma depends on the stage at diagnosis; it is 
100% for those with minimal invasion, about 70% for those with 
stage I, about 30% for those with locally advanced disease, and about 
5% for those with distant metastasis (2–4). This underscores the 
urgent need to study the early progression of lung adenocarcinoma 
because the findings of these studies could help improve the early 
diagnosis and treatment of this cancer. 

However, the sensitive detection of early-stage lung cancer is 
difficult because the pulmonary nodules that are seen on low-dose 
CT are small masses of tissue that are usually benign and only a 
small fraction of them are precancerous or cancerous. The radio-
logical appearance of nodules on CT allows their classification as 
pure ground-glass opacity (pGGO) nodules, partially solid nodules, 
or solid nodules. Pathologically, the progression of lung adenocar-
cinoma from a precancerous lesion to an invasive tumor seems to 
follow a linear multistep process. In particular, this cancer prog-
resses from atypical adenomatous hyperplasia (AAH) to adenocar-
cinoma in situ (AIS) and then to invasive adenocarcinoma, such as 
minimally invasive adenocarcinoma (MIA) or invasive adenocarci-
noma (5, 6). Clinically, AAH and AIS often manifest as pGGO 
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nodules on CT, and more advanced adenocarcinomas may include 
larger solid components within the ground-glass opacity (GGO) 
region (7–9). 

Several studies have investigated the molecular profiles of pre-
cancerous lung lesions using different types of molecular data, such 
as targeted sequencing (10–12), whole-exome sequencing (WES; 
refs. 13, 14), bulk RNA sequencing (RNA-seq; refs. 10, 14), DNA 
methylation analysis (15), and single-cell RNA-seq (scRNA-seq; 
refs. 16, 17). Although these studies have greatly expanded our 
knowledge of the molecular characteristics of lesions during lung 
adenocarcinoma progression, certain important questions remain. 
First, the percentage of lung cancers among never-smokers is higher 
in East Asia (18); these patients are frequently diagnosed with lung 
adenocarcinoma, and their clinical characteristics are different from 
smokers with lung adenocarcinoma (18–20). In addition, pGGO 
lesions are common in lung cancers from nonsmoking patients, and 
nearly one third of them have confirmed invasive lung adenocar-
cinoma (21). Many previous studies of different cohorts included 
mixtures of smokers and nonsmokers (13–15, 22), and there is less 
information about the etiology of lung adenocarcinoma progression 
in nonsmokers. Second, many previous studies had small sample 
sizes or inadequate representation of the different radiological and 
pathologic types of this cancer (11, 12, 14, 16, 17). A large cohort 
study that examines AAH, AIS, and MIA and performs an in-depth 
analysis of clinical phenotypes is needed to provide a more com-
prehensive understanding of the early progression of lung adeno-
carcinoma. Finally, although tumor invasion is a hallmark of 
malignancy, previous studies only provided limited insights on the 
molecular basis of tissue invasion during early lung adenocarcinoma 
progression, essentially the transition from AAH and AIS (precan-
cerous lesions) to MIA (cancerous lesions). 

In this study, we examined somatic mutations using WES and 
examined transcriptome profiles using bulk RNA-seq of AAH, AIS, 
and MIA nodules from a cohort of East Asian patients, most of 
whom were nonsmokers. We then conducted an integrative analysis 
by examination of published lung adenocarcinoma scRNA-seq data 
to characterize the molecular properties of the tumor microenvi-
ronment (TME). This approach allowed identification of subtypes 
within AIS and MIA nodules that had distinct molecular charac-
teristics and were associated with specific radiological types. These 
findings will provide a better understanding of the molecular 
changes that occur during lung adenocarcinoma progression from a 
pGGO lesion to a non-pGGO lesion and may also help determine 
the mechanism of lung adenocarcinoma progression from a pre-
cancerous lesion to an invasive tumor. 

Materials and Methods 
Patients and samples 

From 2017 to 2021, lung adenocarcinoma samples from the data 
bank of the Department of Pathology, National Taiwan University 
Hospital, were retrospectively examined. Diagnosis and histologic 
classification were made according to the World Health Organiza-
tion (6). Identification of the AAH, AIS, and MIA types were 
reconfirmed by two experienced pathologists (YLC and CTW). This 
reconfirmation process included the delineation of cancerous le-
sions and their differentiation from normal tissues. Moreover, the 
noninvasive and invasive components of MIA lesions were also 
identified and distinguished. MIA was defined by limited stromal 
invasion for less than 5 mm, an invasive component that was not the 
predominant component in the tumor, and a whole tumor with the 

longest axis of 30 mm or less. The noninvasive area was defined by 
tumor tissue with a lepidic pattern, and the invasive component was 
defined by other histologic subtypes (i.e., acinar, papillary, etc.) or 
tumor cells infiltrating the myofibroblast stroma. These criteria 
align with the World Health Organization Classification of Thoracic 
Tumors (fifth edition; ref. 6). Only samples with clearly defined 
noninvasive or invasive segments were selected for further analysis; 
samples with ambiguous borders between invasive and noninvasive 
components were excluded. In addition, we only used tissue samples 
if there was sufficient tissue for subsequent pathologic dissection 
and genetic testing. The majority of AAH lesions were radiologically 
classified as pGGO. Surgical excision was only considered for AAH 
lesions that exceeded 0.8 cm in size or had rapid growth on serial 
follow-up imaging. The follow-up intervals were based on the 
Fleischner Society Guidelines and the clinical physician’s assessment 
(23). The average follow-up interval was 6 to 12 months, and 
treatment decisions were made jointly by the physician and the 
patient. 

Samples from 167 patients were ultimately included. The clinical 
and demographic characteristics and the imaging reports of these 
patients were analyzed, including cancer stage, smoking history, 
chest CT images, surgical interventions, and prognosis. Among the 
enrolled patients, 56 presented with multifocal lesions and received 
surgical excision of these lesions either concurrently or as a subse-
quent procedure. Notably, only one patient harbored an AAH lesion 
(AAH-013) and an AIS lesion (AIS-016), and each lesion was an-
alyzed independently. This study was approved by the Institutional 
Review Board of the National Taiwan University Hospital Research 
Ethics Committee (REC number 201912136RIFC). All enrolled 
patients signed an informed consent document about the use of 
tissues for molecular analyses. 

Whole-exome sequencing and somatic variant calling 
Genomic DNA and total RNA were isolated from formalin-fixed, 

paraffin-embedded (FFPE) tumor and adjacent normal tissue sec-
tions using the truXTRAC FFPE Tissue Extraction Kit (Covaris). 
DNA quality was assessed using the Agilent NGS FFPE Kit and the 
Qubit dsDNA HS Assay Kit. RNA quality was assessed using the 
BiOptic Qsep100 RNA Analyzer and the Qubit RNA HS Assay Kit. 
The WES library was constructed using the Agilent SureSelectXT- 
low input reagent. DNA was fragmented using the SureSelect En-
zymatic Fragmentation Kit and then ligated using sequencing 
adapters. The Agilent SureSelect Human All Exon V7 was used for 
exome capture. Sequencing was performed at Welgene Biotech us-
ing the Illumina NovaSeq 6000 platform. Data from sequencing 
reads were checked for quality and adapter sequence contamination 
using FastQC (version 0.11.9). Adapter sequences and unqualified 
bases were trimmed using Cutadapt (version 3.5, RRID: 
SCR_022192). After trimming, reads with fewer than 50 bases were 
removed. Qualified reads were aligned to a human reference ge-
nome (GRCh38) using BWA-mem (version 0.7.17). The median 
depth was 173.4 (range: 121.8–404.5). Picard Tools (embedded in 
GATK 4.2.3.0) were used to sort BAM files and to mark duplicate 
reads. To prevent interpatient sample swaps, HLA-HD (version 
1.5.0) was used to identify alleles with four-digit human leukocyte 
antigen class I genes in all WES samples; all matched pairs of 
tumor–normal samples had identical alleles. Somatic mutations 
were detected using Mutect2 (embedded in GATK 4.2.3.0) and 
annotated using ANNOVAR (release 20210819, RRID: 
SCR_012821). To reduce false-positive variant calls, each analyzed 
variant had a read depth of 50 or more, 5 or more supporting reads, 
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an allele frequency greater than 0.05, and previous documentation 
in the COSMIC database (RRID: SCR_002260). Sequenza (RRID: 
SCR_016662) was used to call copy-number alterations and estimate 
cell ploidy. Gene-level amplification was called by a mean gene copy 
number of two or more � ploidy + one copy, and deletion was 
called by a mean gene copy number below 0.5. 

Transcriptome sequencing and read counts 
The RNA-seq library was constructed using the Takara 

SMARTer-Seq Stranded Kit. Library quality and quantity were 
assessed using the BiOptic QSep100 DNA Analyzer, the Qubit 
dsDNA HS Assay Kit, and the KAPA Library Quantification Kit. 
Sequencing was performed at Welgene Biotech using the Illumina 
NovaSeq 6000 platform. Data from sequencing reads were checked 
for quality and adapter sequence contamination using FastQC 
(version 0.11.9). Adapter sequences and unqualified bases were 
trimmed using Cutadapt (version 3.5, RRID: SCR_022192). After 
trimming, reads with fewer than 50 bases were removed. Qualified 
reads were aligned to a human reference genome (GRCh38) using 
STAR (version 0.7.17), and gene-level expression was calculated 
based on annotation from GENCODE (version 35). Only genes that 
were annotated as protein coding or lncRNA and were expressed 
(read count >0) in 80% or more of the samples were included. The 
trimmed mean of M values algorithm from the R package edgeR was 
used to adjust differences in sequencing throughput among samples, 
and the batch effect was removed using the removeBatchEffect 
function in the R package limma (RRID: SCR_010943). A total of 
25,227 genes with log2-transformed transcripts per million were 
used as the gene expression unit for downstream analyses. ESTI-
MATE was used to predict tumor purity (24). 

Spatial transcriptomics 
Spatial transcriptomics data were generated using the 10� Vis-

ium CytAssist Spatial Gene Expression for the FFPE platform 
(11 � 11 mm, Human, PN-1000522). Prior to this analysis, RNA 
quality was assessed, and only samples with a DV200 greater than 
30% were selected for analysis. Additionally, all slides were reviewed 
by pathologists to ensure that there was sufficient tumor volume. 
Following the manufacturer’s instructions, FFPE slides were 
mounted onto Visium slides using CytAssist, and libraries were then 
constructed using the supplied reagents. The libraries were se-
quenced on the NovaSeq 6000 platform (Illumina), and the data 
were analyzed using Space Ranger (version 2.0.0). The spatial 
transcriptomic data were then analyzed using the Seurat package 
(version 5.1.0). Spots containing fewer than 150 detected genes were 
excluded from the analysis. For each sample, the gene-spot matrix 
was normalized using the SCTransform package (25), and dimen-
sionality reduction was performed by principal component analysis 
(PCA). The first 15 principal components (PC) were used to con-
struct nearest-neighbor plots, and the Louvain algorithm was used 
to identify clusters with a resolution of 1. The xCell package (26) 
was used to calculate the enrichment score of cell types in each spot. 

Analysis of differentially expressed genes 
The analysis of differentially expressed genes (DEG) was per-

formed using the lmFit function and the ebayes function (trend ¼
TRUE) in R software (version 4.0) using limma (version 3.46; RRID: 
SCR_010943) by fitting to the following linear model: 

Gene ∼ PathTypeþ GGOþ EGFRþ Covariates (A) 

in which Gene is the gene expression in log2(transcripts per million), 
PathType is a categorical predictor indicating tissue-based patho-
logic type [adjacent normal (baseline), AAH, AIS, the noninvasive 
part of a MIA lesion (MIA_nonInv), or the invasive part of a MIA 
lesion (MIA_Inv)], GGO is a binary predictor (0 for pGGO and 
1 for non-pGGO), EGFR is a binary predictor (0 for wild type and 
1 for any mutation), and the covariates were age, smoking status, 
gender, tumor size (TS), and surrogate variable(s). The surrogate 
variables were estimated using the R package sva (version 3.38; 
ref. 27). 

Genes that had increasing expression among pathologic types 
satisfied the following two criteria: 

Nominally significant difference from normal: 

PAAH < 0:05 and PAIS < 0:05 and PMIA nonInv < 0:05 and PMIA Inv < 0:05
(B1) 

Increased expression from normal to AAH, to AIS, and to MIA 
(MIA_ nonInv and/or MIA_Inv): 

�
βMIA Inv and

.
or βMIA nonInv

�
> βAIS > βAAH > 0 (B2) 

in which P is the P value and β is the β-coefficient in the linear 
model for a gene. 

Genes that had decreasing expression among pathologic types 
satisfied the following two criteria: 

Nominally significant difference from normal: 

PAAH < 0:05 and PAIS < 0:05 and PMIA nonInv < 0:05 and PMIA Inv < 0:05
(C1) 

Decreased expression from normal to AAH, to AIS, and to MIA 
(MIA_ nonInv and/or MIA_Inv): 

�
βMIA Inv and

.
or βMIA nonInv

�
< βAIS < βAAH < 0 (C2) 

in which P is the P value and β is the β-coefficient in the linear 
model for a gene. 

The following additional linear model was fitted by adding in-
teractions between pathologic types and radiological types 
(PathType � GGO) to examine gene associations with radiological 
types within each pathologic type. Specifically, the P value distri-
bution of PathType � GGO was plotted for the AIS, MIA_ nonInv, 
and MIA_Inv types: 

Gene ∼ PathTypeþ GGOþ EGFRþ PathType ∗ GGOþ PathType ∗ EGFRþ Covariates

(D) 

The paired differential analysis between MIA_Inv and MIA_no-
nInv was performed by identification of gene expression differences 
between matched MIA_Inv and MIA_nonInv samples using the 
following linear model. In total, 96 genes were upregulated in 
MIA_Inv compared with MIA_nonInv (intercept > 0, nominal 
P < 0.005). 

Genedif f ∼ GGOþ EGFRþ Covariates (E) 

Identification of markers of different cell types 
The markers of different types of cells were computed from two 

public lung cancer scRNA-seq datasets: Sinjab and colleagues (28) 
and Salcher and colleagues (29). For analysis of data from Sinjab 
and colleagues, all cells were used because these data were only for 
cells from patients with lung adenocarcinoma (including cells from 

604 Cancer Res; 85(3) February 1, 2025 CANCER RESEARCH 

Chen et al. 
D

ow
nloaded from

 aacrjournals.​org/​cancerres/​article-pdf/​85/​3/​602/​3537654/​can-24-0821.​pdf by N
YU

 M
edical C

enter user on 13 August 2026



adjacent normal tissues). For analysis of data from Salcher and 
colleagues, only cells from lung adenocarcinoma or normal tissues 
were used, and a small fraction of cells with ambiguous cell types 
(annotated as “other” in cell_type_major) were excluded. To assure 
that the cell types were consistent between the two datasets, the 
original cell-type annotations were converted to the same annota-
tions at granularities of L1 and L2 (Supplementary Table S1). The 
markers of different cell types were the top 50 DEGs of each L2 cell 
type determined using the function FindAllMarkers in the R 
package Seurat (version 4.1). Supplementary Table S2 provides the 
full list of these markers. 

Confirmation of specificity of cell-type markers in 
precancerous scRNA-seq data 

To confirm specificity of cell-type markers derived from lung 
adenocarcinoma scRNA-seq data in the precancerous environment, 
the scRNA-seq data from cells that were collected from three AIS 
nodules and three MIA nodules were downloaded (17). Then low- 
quality cells were filtered out using the following four criteria: 
(i) read count ≤ 500; (ii) gene count <200; (iii) gene count >10,000; 
and (iv) the percentage of mitochondrial genes ≥10. Because cell 
annotations were unavailable from the original authors, transfer 
learning (the functions FindTransferAnchors and TransferData in 
the R package Seurat version 4.1, with default parameters) was used 
to annotate the L1 cell types, with the data from Sinjab and col-
leagues (28) used as the reference. Subsequently, cells from AIS and 
MIA samples were visualized, and the mean levels of expression of 
the top 50 DEGs of each L1 cell type identified in the Sinjab and 
colleagues dataset were inspected on Uniform Manifold Approxi-
mation and Projection (UMAP). This analysis revealed that cells 
from the AIS and MIA samples and from the lung adenocarcinoma 
samples were generally well-aligned in terms of L1 cell types and 
that marker genes identified in lung adenocarcinoma samples 
remained specific to each cell type in the AIS and MIA samples. 

Gene set scoring for bulk RNA-seq and scRNA-seq 
To compute the gene set score for a bulk RNA-seq sample, 

patient-specific effects were first removed. Random effects for each 
patient were regressed out using the function removeBatchEffect in 
the R limma package (version 3.46; RRID: SCR_010943). For each 
bulk sample, the gene set score was computed using single-sample 
gene set enrichment analysis (ssGSEA) that was implemented in the 
R package GSVA (30). The gene set scores for different cell types 
were computed using the top 50 markers of each of the L2 cell types 
from the scRNA-seq datasets. The gene set scores for the L1 cell 
types were computed as the means of scores of the L2 cell types that 
were in each L1 cell type. The gene set score for individual cells in 
the scRNA-seq data [e.g., tip endothelial cell (EC) score for ECs] 
was computed using AUCell (31). 

Clustering of molecular subtypes 
The top 20 markers of the nonimmune L2 cell types were used to 

compute the PCs, and the top 15 PCs were used for subtype clus-
tering. The molecular subtypes were obtained by performing spec-
trum clustering using the R package Spectrum (version 1.1), and the 
best number of clusters was determined by this algorithm. 

Deconvolution analysis of different cell types 
Deconvolution of cell types was performed using TIMER (32) 

and CLIMB (bioRxiv 2023.05.10.540140). TIMER is a user-friendly 
web application (http://timer.cistrome.org). CLIMB is a recently 

published deconvolution method that can deconvolute bulk RNA- 
seq samples using scRNA-seq data as the reference and outperforms 
other similar methods. Many cell types analyzed in this study were 
from scRNA-seq data and were not estimated in TIMER; CLIMB 
was used to estimate the composition of these cell types. 

SCISSOR analysis 
The SCISSOR (Single-Cell Identification of Subpopulations with 

Bulk Sample Phenotype Correlation) analysis (33) focused on ECs 
and stromal cells. The scRNA-seq data were obtained from Salcher 
and colleagues (29) because the number of ECs and stromal cells 
were greater in these data than those in the data of Sinjab and 
colleagues (28). The ECs included vein ECs, artery ECs, capillary 
ECs, and lymphatic ECs; the stromal cells included fibroblasts, 
pericytes, and smooth muscle cells. First, a set of bulk RNA samples 
was defined as group 0 (e.g., AAH), and another set of bulk RNA 
samples was defined as group 1 (e.g., AIS3). Then SCISSOR was 
used to identify associations of the binarized samples with cells in 
a specific cell population (e.g., ECs) to obtain a set of group 0– 
associated cells and a set of group 1–associated cells. To test 
whether the associated cells were enriched for a particular subtype 
(e.g., tip ECs), all cells were first scored using subtype markers with 
AUCell, as previously described (31). Then a one-sided Kolmogorov– 
Smirnov test was applied for group 0– (or group 1–) associated cells 
against the union of these associated cells. A significant enrichment or 
depletion was based on a P value below 0.05. Previously reported 
congruent tip EC markers (34) and the cancer-associated fibroblast 
(CAF) subtype markers (35) were used in this analysis. 

Statistical analysis 
Unless specified otherwise, the Wilcoxon rank-sum test was used 

for analysis of the association between a binary variable and a 
continuous variable, and the hypergeometric test was used to test for 
enrichment in analysis of two binary conditions. A P value less than 
0.05 was used to define statistical significance. The Pearson corre-
lation coefficient was used to calculate the correlations of continu-
ous variables. 

Data availability 
The WES and RNA-seq data generated in this study are publicly 

available at the European Genome-phenome Archive (https://ega- 
archive.org/) with the accession number EGAD50000000637. The 
Visium spatial transcriptomic data are available at the Gene Ex-
pression Omnibus with the accession number GSE277206. The 
external mutation data analyzed in this study were obtained from 
the UCSC Xena browser (https://xenabrowser.net/hub/) at The 
Cancer Genome Atlas (TCGA) Hub and the supplementary table 
provided in ref. 19. All other raw data are available upon request 
from the corresponding author. 

Results 
Clinical characteristics of patients 

We analyzed FFPE samples from surgically resected tumor tissues 
and adjacent normal tissues that were collected from 167 patients 
from Taiwan who had early-stage (0 or I) lung adenocarcinoma 
(Fig. 1A). These tumors were resected if they met any of the three 
following criteria: (i) lesion size larger than 0.8 cm on CT, (ii) 
presence of any solid component (i.e., non-pGGO), or (iii) en-
largement based on serial follow-up images. There were 115 females 
(69%), the median age was 57 years, and 154 patients (92%) were 
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nonsmokers. According to the pathologic reports, we classified the 
nodules as preneoplasia or AAH (n ¼ 25), AIS (n ¼ 69), or MIA 
(n ¼ 73). Patients with these three pathologic types had no signif-
icant differences in sex (P ¼ 0.648), smoking status (P ¼ 0.566), or 
past cancer history (P ¼ 0.915). We examined all patients by WES 
and bulk RNA-seq. 

Analysis of the imaging patterns showed that there were 
90 nodules (54%) with pGGO, 76 nodules (46%) with partially solid 
GGO, and one solid nodule (Supplementary Table S3). Because only 
one patient had a solid nodule, we included this patient in the group 
with partially solid nodules (non-pGGO group) for subsequent 
analysis. There were pGGO nodules in 88% (22 of 25) of the patients 
with AAH, 65% (45 of 69) of the patients with AIS, and 32% (23 of 
73) of the patients with MIA (P < 0.001). The pGGO and non- 
pGGO groups had no significant differences in sex (P ¼ 0.615), 
median age (P ¼ 0.237), smoking status (P ¼ 1.000), TS (P ¼ 0.969), 
or past cancer history (P ¼ 0.423). As of December 31, 2023, the 
median follow-up duration was 57.8 months (range: 46.8– 
94.3 months). There were no instances of tumor recurrence, and all 
patients remained alive. 

Genes with differential expression in comparisons of 
pathologic and radiological types have higher expression in 
nonimmune cells 

We performed WES and bulk RNA-seq in all patients. For the 
patients with MIA, we performed RNA-seq on samples from the 
noninvasive tissues (MIA_nonInv) and the invasive tissues 
(MIA_Inv; Fig. 1B). The tumor purity scores were similar for the 

AIS and MIA samples but were slightly lower for AAH samples 
(Supplementary Fig. S1). Although not universally acknowledged, 
previous research identified linear changes in several molecular 
characteristics, such as tumor mutational burden (TMB; ref. 13), 
ratio of CD4/CD8 T-cell infiltration (22), and number of hypo-
methylation sites (15), during early lung adenocarcinoma progres-
sion from normal tissue to AAH, to AIS, to MIA, and then to lung 
adenocarcinoma. Because there are dramatic changes in cell com-
position during cancer progression, we hypothesized that linear 
changes in the transcriptome would occur in parallel with the 
changes in cell composition (36, 37). We therefore applied a linear 
model (see Materials and Methods) to identify genes in which the 
mean expression (compared with normal tissue) increased or de-
creased during progression from normal to AAH, to AIS, and then 
to MIA (MIA_ nonInv or MIA_Inv). This analysis led to the 
identification of 307 genes with increasing expression and 509 genes 
with decreasing expression based on nominal P values (P < 0.05; 
Fig. 1C). However, there were no genes with increasing or de-
creasing expression when the adjusted P values were applied, pos-
sibly raising doubt about our hypothesis that there are linear 
changes in the variation of the transcriptome. Moreover, although 
the genes with increasing and decreasing expression based on the 
nominal P value were chosen to demonstrate progressive up- and 
downregulation during early lung adenocarcinoma progression, 
these changes seemed to plateau after AIS. Altogether, these results 
suggest that changes in the transcriptome do not follow a simple 
linear progression during disease progression. We also identified 
DEGs in comparisons of pGGO and non-pGGO nodules for the 
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Overview of study methods and analysis of differential expression of genes from bulk RNA-seq samples. A, Overview of the cohort and methods of analysis. B, 
Morphology-based clinicopathologic staging and tissue-based pathologic staging. LUAD, lung adenocarcinoma. C, Mean expression of genes in which ex-
pression increased (top) or decreased (bottom) during lung adenocarcinoma progression. D, Distributions of P values for all genes in the comparison of pGGO 
with non-pGGO for the AIS, MIA_ nonInv, and MIA_Inv types. E, Mean expression scores (AUCell scores) of differentially expressed genes (from C and D) for each 
major cell type in the scRNA-seq data from Sinjab and colleagues (28). 
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AIS, MIA_nonInv, and MIA_Inv groups (with exclusion of AAH 
because it only had three non-pGGO nodules). There were only 
24 significant DEGs (FDR< 0.05) for MIA_nonInv and no signifi-
cant DEGs for AIS and MIA_Inv. Interestingly, the distribution of P 
values showed an enrichment of genes with small P values for AIS 
and MIA_nonInv, indicating statistical differences in gene expres-
sion. In contrast, MIA_Inv displayed a more uniform distribution, 
indicating no significant differences in gene expression (Fig. 1D). 
These results suggest that the solid components detected on CT 
could be related to transcriptome changes in AIS and MIA_nonInv 
but not in MIA_Inv (subtly invaded tissues in MIA). Among the top 
100 DEGs with the smallest P values, 97 were upregulated in non- 
pGGO nodules in AIS and 99 were upregulated in non-pGGO 
nodules in MIA_nonInv. 

We then investigated the relationships between these DEGs and 
the composition of different cell types by examination of gene ex-
pression in the major cell types using two lung adenocarcinoma 
scRNA-seq datasets (Supplementary Fig. S2; refs. 28, 29). Our hy-
pothesis was that if these DEGs paralleled the changes in cell types 
in the TME, then these DEGs would likely contain markers of the 
different cell types that accounted for increased or decreased frac-
tions. Because the results from these two scRNA-seq datasets were 
similar, we described the results of Sinjab and colleagues (28) in the 
main text and the results of Salcher and colleagues (29) in the 
supplement. The results showed that the DEGs had higher expres-
sion in nonimmune cells, such as malignant cells, epithelial cells 
(a combination of AT1, AT2, basal, ciliated, and club cells), ECs 
(a combination of artery, vein, capillary, and lymphatic cells), and 

stromal cells (a combination of fibroblasts, pericytes, and smooth 
muscle cells; Fig. 1E; Supplementary Fig. S3). In particular, the 
increasing (or decreasing) DEGs were highly expressed in malignant 
cells (or ECs and NK cells), and genes upregulated in non-pGGO 
nodules had higher expression in stromal cells (AIS) and in ECs and 
NK cells (MIA_nonInv). 

Nonimmune cell markers can distinguish pathologic and 
radiological types 

Because the DEGs identified above by imposing linear changes 
during disease progression displayed differential expression patterns 
in nonimmune cell types in the scRNA-seq data, we used an un-
supervised approach to further examine this phenomenon. PCA of 
whole transcriptomes demonstrated a clear separation between 
normal tissues and lesions (Supplementary Fig. S4), but there was 
no clear separation among the different pathologic types within 
tumors (AAH, AIS, MIA_nonInv, and MIA_Inv; Fig. 2A). Because 
the DEGs had higher expression in nonimmune cells in the previous 
analysis, we hypothesized that changes in the composition of non-
immune cells might drive changes in the transcriptome during the 
early progression of lung adenocarcinoma. We therefore performed 
another PCA that only used nonimmune cell markers (top 20 DEGs 
of each nonimmune cell type in the scRNA-seq data). These results 
showed that the pathologic types (except AAH, which will be dis-
cussed later) were better separated by PC1 and PC3 and that 
PC1 was associated with radiological types (pGGO vs. non-pGGO) 
for AIS and MIA_nonInv but not MIA_Inv (Fig. 2B). The better 
separation of pathologic types using nonimmune cell markers in 
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Use of nonimmune cell markers to explain pathologic types and classify samples into GGO-associated subtypes. A and B, PCA of all genes (A) and nonimmune 
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this PCA supports our hypothesis that variations in the composition 
of nonimmune cells can partially explain changes in the tran-
scriptome in the different pathologic types. In addition, the asso-
ciation of PC1 with GGO is consistent with our previous analysis of 
DEGs that different radiological types were associated with changes 
in the transcriptome in AIS and MIA_nonInv but not in MIA_Inv 
(Fig. 1D). 

The association of PC1 with GGO led to our classification of AIS 
and MIA_nonInv nodules into GGO-associated molecular subtypes 
by clustering samples within AIS and MIA_nonInv, each using 
nonimmune cell markers (Fig. 2C and D). This analysis identified 
three subtypes of AIS (AIS1, AIS2, and AIS3) and two subtypes of 
MIA_nonInv (MIA_nonInv1 and MIA_nonInv2), and the subtypes 
within each pathologic type could be characterized by the fraction of 
non-pGGO nodules (Fig. 2E). Note that the two MIA_nonInv 
subtypes also classified the paired MIA_Inv samples (and patients 
with MIA) into two subtypes: MIA_Inv1 and MIA_Inv2 (and 
MIA1 and MIA2). This classification provided a more detailed 
characterization of the early progression of lung adenocarcinoma, 
from three pathologic types to six subtypes. Because AAH is con-
sidered the earliest lesion and a non-pGGO nodule on CT is often 
more clinically aggressive than a pGGO nodule (38), we provi-
sionally ordered the seven subtypes (including normal tissue) 
according to disease progression first by pathology and then by 
radiological type within each pathologic type as follows: normal, 
AAH, AIS1, AIS2, AIS3, MIA1, and MIA2 (Supplementary Table 
S4). Although the order of these seven subtypes presumably cor-
responds to lung adenocarcinoma progression, we cannot be certain 
that all tumors actually pass through all of these subtypes during the 
progression from a pulmonary precancerous lesion to lung 
adenocarcinoma. 

Gene set enrichment analysis using markers of ECs, stromal 
cells, and malignant cells revealed nonlinear changes in gene 
expression during lung adenocarcinoma progression 

To examine how each nonimmune cell type varied during cancer 
progression, we computed ssGSEA scores for samples within each 
subtype using the top 50 markers for each nonimmune cell type to 
estimate relative abundance in the TME. Surprisingly, there was 
evidence of a nonlinear pattern (i.e., not consistently increasing or 
consistently decreasing, as imposed in the initial analysis of DEGs). 
The EC and stromal ssGSEA scores had similar patterns, in that they 
decreased from normal to AAH and to AIS1, remained low in AIS2, 
increased in AIS3, and remained relatively constant in MIA_Inv1 and 
MIA_Inv2 (Fig. 2F and G). The only differences occurred between 
MIA_nonInv and MIA_Inv. The stromal ssGSEA scores were com-
parable for MIA_nonInv and MIA_Inv, but the EC ssGSEA scores 
were higher in MIA_Inv. In addition, genes upregulated in MIA_Inv 
compared with MIA_nonInv based on a paired differential analysis 
(P < 0.005) were highly expressed in ECs, suggesting that ECs were 
likely to be the source of the transcriptomic differences (Supple-
mentary Fig. S5). These trends generally persisted when considering 
MIA samples as a whole, in which paired noninvasive and invasive 
components were combined (Supplementary Fig. S6). This confirmed 
our observation of nonlinear changes from normal to AAH, to AIS, 
and then to MIA. However, the malignancy ssGSEA score had the 
opposite pattern during progression from normal to AIS3; more 
specifically, this score increased from normal to AAH and to AIS1, 
remained high in AIS2, decreased in AIS3, and then increased again 
in MIA_Inv (Fig. 2H). The changes in ssGSEA scores were generally 
in line with our analysis of DEGs (Supplementary Text). In addition, 

these patterns were robust because they did not depend on the 
number of cell-type markers used (30, 50, or 70) or the source of the 
scRNA-seq data (Supplementary Figs. S7 and S8), and expression of 
the top cell-type markers exhibited trends consistent with the ssGSEA 
scores (Supplementary Fig. S9). To ensure that the markers identified 
from lung adenocarcinoma scRNA-seq data were comparable in the 
precancerous environment, we validated their specificity to distinct 
cell types using scRNA-seq data from patients with AIS and MIA 
lesions (Supplementary Fig. S10; ref. 17). Moreover, there were similar 
patterns when bulk RNA-seq samples were deconvolved using the 
scRNA-seq data as the reference (Supplementary Fig. S11). These 
results suggest that changes in the ssGSEA scores reflected changes in 
cell-type composition. 

To validate the observed patterns of ssGSEA scores, we con-
ducted spatial transcriptomics using 10� Visium on two of the MIA 
samples. The pathologist carefully annotated regions, including the 
adjacent normal tissue, MIA_nonInv, and MIA_Inv (Fig. 3A; 
Supplementary Fig. S12A). Cell-type deconvolution analysis con-
firmed the high abundance of epithelial cells in the tumor region 
(Fig. 3B; Supplementary Fig. S12B). Additionally, it revealed higher 
abundances of ECs and fibroblasts in the adjacent normal tissue 
than in the tumor region (Fig. 3C and D; Supplementary Fig. S12C 
and S12D). Within the tumor, ECs were notably enriched in the 
invasive regions and fibroblast abundance was slightly increased in 
the invasive region, although the distinction was somewhat unclear. 
These findings were consistent with the ssGSEA patterns observed 
among the normal tissue, MIA_nonInv, and MIA_Inv for ECs and 
stromal cells from the RNA-seq data (Fig. 2F and G). Notably, 
plasma cells were primarily located in the tumor region (Fig. 3E; 
Supplementary Fig. S12E), a topic that will be explored further in 
the forthcoming analysis of immune infiltration. 

Overall, the nonlinear variations of these cell types suggest that 
there might be two different phases during the early progression of 
lung adenocarcinoma. In phase I, tumor cells grow, and this likely 
leads to decreases in the relative abundances of ECs and stromal 
cells from normal to AAH and to the early stage of AIS (AIS1/2). In 
phase II, ECs and stromal cells start growing at the late stage of AIS 
(AIS3), and this likely leads to increases in relative abundances of 
ECs and stromal cells from AIS2 to AIS3. These changes were not 
only associated with the increased probability of observing solid 
components on CT but were also molecular events that immediately 
preceded tissue invasion (MIA), highlighting their roles in the de-
velopment of lung adenocarcinoma invasiveness. 

Integrative analysis of bulk RNA-seq and scRNA-seq data 
revealed associations of tip ECs and CAFs with AIS3, 
implicating angiogenesis during the late stage of AIS 

We further investigated the changes in cell types during disease 
progression by focusing on AAH and AIS3 because these samples 
had comparable EC ssGSEA scores (Fig. 2F). Based on our hy-
pothesis about the two phases of lung adenocarcinoma progression, 
even though these samples had similar EC ssGSEA scores, their 
scores had different biological meanings. The EC ssGSEA score in 
AAH reflected the relative abundances of remaining healthy vas-
culature from normal tissues that were altered by tumor growth; the 
EC ssGSEA score in AIS3 reflected the relative abundances of newly 
developing vasculature from AIS2 and were related to tumor an-
giogenesis. To examine this hypothesis, we utilized SCISSOR, a 
method for identifying phenotype-associated cell subpopulations by 
integrating bulk RNA-seq and scRNA-seq data (33). SCISSOR uses 
a binary phenotype (0/1) that is annotated for bulk samples and 
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then identifies a subset of cells associated with each group (0 or 1) 
within a cell population in scRNA-seq data based on correlations in 
expression between bulk samples and individual cells and on the 
connectivity of cells in the cell population. We then used SCISSOR 
to compare the ECs in AAH and AIS3 based on retrieval of scRNA- 
seq data (Fig. 4A). The results showed that AIS3-associated ECs 
were enriched for cells that had high expression of markers for tip 
ECs, a subpopulation of ECs that is unique to tumors and is asso-
ciated with tumor angiogenesis in lung adenocarcinoma (34). 

The ssGSEA scores for stromal cells and ECs had similar patterns 
during disease progression (Fig. 2F and G). We therefore examined 
whether any subtype of stromal cells potentially contributed to 
angiogenesis in concert with ECs (in particular tip ECs). A recent 
scRNA-seq study reported 10 CAF subtypes in breast cancer, 
spanning fibroblasts, pericytes, and smooth muscle cells, the same 
cell types in our stromal cell population (35). Most of the 10 CAFs 
were also confirmed in non–small cell lung cancer (39). CAFs 
contribute to the epithelial–mesenchymal transition (EMT; ref. 40) 
and angiogenesis (41) during cancer progression, and these pro-
cesses promote tissue invasion (42, 43). We therefore computed cell 
scores based on markers of these 10 subtypes of CAFs for our 
stromal cell population (Fig. 4B). 

To investigate the connections between tip ECs and CAF sub-
types after the potential onset of angiogenesis in AIS3, we per-
formed the same SCISSOR analysis as above (shown in Fig. 3A) by 
comparing pairs of molecular subtypes. In particular, within each 
pair, we identified the EC and stromal cell subpopulations that were 
associated with each subtype (Supplementary Figs. S13 and S14). 
We then computed enrichment scores for tip ECs and the 10 sub-
types of CAFs to determine whether tip ECs or any of the CAF 

subtypes were enriched in cell subpopulations that were associated 
with either of these molecular subtypes (Fig. 4C). Among the 
10 subtypes of CAFs, matrix CAFs (mCAF) co-varied with tip ECs 
in all analyzed pairs. In addition to SCISSOR analysis, representative 
genes of mCAFs and tip ECs exhibited similar trends across these 
subtypes (Supplementary Fig. S15), with higher expression in 
AIS3 than in AAH. The mCAF subtype is characterized as high 
expression of matrix and collagen proteins and upregulation of the 
TGF-β, KRAS, and the EMT pathways (35). In summary, our 
analysis of the AIS3 subtype highlights the potential roles of tip ECs 
and mCAFs during angiogenesis, the EMT, and tissue invasion 
during the early progression of lung adenocarcinoma. 

Infiltration of immune cells is associated with changes in 
nonimmune cells in the TME during early progression of lung 
adenocarcinoma 

Next, we examined immune infiltration using RNA-seq data. For 
consistency with the previous analysis of nonimmune cells, we 
computed ssGSEA scores for each sample using the top 50 markers 
of each immune cell type from the scRNA-seq data. We also esti-
mated immune cell composition using TIMER (http://timer. 
cistrome.org), a tool that profiles immune infiltration in the TME 
(32). Dejima and colleagues (22) used TIMER and reported a linear 
increase in the CD4/CD8 T-cell ratio during progression from 
normal tissue to AAH, to AIS, and to MIA in their study of immune 
infiltration of lung preneoplasia. We observed the same trend in 
ssGSEA scores from normal to AAH, to AIS, and to MIA_nonInv 
(but not MIA_Inv; Fig. 5A). The ratio we estimated by TIMER, 
however, did not have a linear increase, in that AIS had a slightly 
lower ratio than AAH (Fig. 5B). Zhao and colleagues (14) studied 
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Figure 3. 
Distribution of epithelial cells, ECs, fibroblasts, and plasma cells based on spatial transcriptomic analysis of an MIA sample. A, The tumor region (black dots) was 
annotated by the pathologist based on hematoxylin and eosin staining. Within the tumor, the area marked by red dots represents the invasive component 
(MIA_Inv) and the remaining region is the noninvasive component (MIA_nonInv). B–E, Spatial feature plots show enrichment scores for epithelial cells (B), ECs 
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lung preneoplasia with no AAH and found that the proportion of 
resting NK cells decreased from normal tissue to AIS but increased 
slightly from AIS to MIA; however, this proportion had a linear 
decrease from normal tissue to AAH, to AIS, and to MIA in the 
study of Dejima and colleagues (22). Our results showed that 
changes in the ssGSEA score for NK cells were consistent with the 
findings of Zhao and colleagues (Fig. 5C). Taken together, these 
results suggest that the immune cell profiles of lung preneoplasia 
vary among patient cohorts and may also be affected by biopsy site 
(invasive vs. noninvasive tissues for MIA) and the computational 
approaches used for estimation. 

To investigate the possible coordination of changes in immune 
and nonimmune cells in the TME, we examined the ssGSEA scores 
of immune cell types for the seven subtypes previously defined by 
nonimmune cell markers. Surprisingly, some immune cell types 
varied in concert with nonimmune cell types. For example, changes 
in the ssGSEA score of NK cells according to subtype were similar to 
the changes in the ssGSEA score of ECs (Fig. 5D and E), with a 
minor variation observed from AIS3 to MIA_Inv2 (see more dis-
cussion in Supplementary Text). A comparable trend was also noted 
in CD8 T cells (Supplementary Fig. S16). On the other hand, there 
were similar changes in the ssGSEA scores of plasma cells and 
malignant cells (Figs. 2H and 5F). Plasma cells are depleted in 

normal lung tissues but are highly enriched in lung adenocarcinoma 
(44). Representative gene markers of these cell types also corresponded 
to the ssGSEA scores (Supplementary Fig. S9). Analysis of the 
spatial transcriptomic data of the MIA sample showed that plasma 
cells were predominantly in the tumor region (Fig. 3E; Supple-
mentary Fig. S12E). This spatial distribution helps explain the co- 
variation of ssGSEA scores between plasma cells and malignant 
cells. Our analysis suggests that the infiltration of plasma cells into 
the TME might be an early event during the progression of lung ad-
enocarcinoma that is potentially triggered by the abnormal growth of 
tumor cells. We observed the same trends using markers from another 
scRNA-seq dataset, from deconvolution-based estimates with scRNA- 
seq data as the reference, and from cell-type compositions estimated 
by another deconvolution method, iSort [the optimized version of 
CIBERSORTx (45); Supplementary Figs. S17–S19]. The ssGSEA scores 
for other major immune cells are provided in Supplementary Fig. S20. 

AAH and MIA nodules are associated with a higher TMB and 
smaller TS 

After exclusion of samples that failed sequencing quality control 
metrics (see Materials and Methods), we included 159 of 167 pa-
tients in the WES analysis of highly mutated genes (Fig. 6A). We 
also compared the mutation rates of these gene mutations with two 
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scores were calculated for AAH- and AIS3-associated ECs; and (iii) enrichment of tip ECs in AAH or AIS3 was determined by a one-sided Kolmogorov–Smirnov 
(KS) test to assess the distribution of tip EC scores in the union of AAH-associated and AIS3-associated ECs with AAH-associated ECs (left) and/or AIS3- 
associated ECs (right). B, Uniform Manifold Approximation and Projection of stromal cells from scRNA-seq data and their CAF subtype scores. apCAF, antigen- 
presenting CAF; dCAF, dividing CAF; hsp_tCAF, heat-shock protein-high tCAF; iCAF, inflammatory CAF; ifnCAF, interferon-response CAF; LUAD, lung adeno-
carcinoma; mCAF, matrix CAF; rCAF, reticular-like CAF; tCAF, tumor-like CAF; vCAF, vascuar CAF. C, Enrichment of EC and CAF subtypes between paired bulk 
sample subtypes (from A). 
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other external datasets: a cohort of patients with lung adenocarcinoma 
from TCGA and a cohort of patients with lung adenocarcinoma from 
Chen and colleagues (named Chen2020; ref. 19), a previously 
described Taiwanese cohort mostly consisting of nonsmoking 
patients with stage I lung adenocarcinoma. The mutation rates of 
precancerous lesions were generally lower in our study than in 
these two previous studies (Fig. 6B). There was a characteristically 
high EGFR mutation rate in East Asian patients with lung cancer 
from our study and the Chen2020 cohort compared with TCGA 
lung adenocarcinoma cohort, demonstrating molecular differences 
between nonsmoking East Asian patients and patients with Eu-
ropean ancestry. 

Hu and colleagues (13) reported that the TMB increased linearly 
from AAH to AIS and to MIA. However, in the present study, we 
observed that the TMB was higher in AAH than in AIS and was 
comparable for AAH and MIA, although with a slightly higher 
median TMB in AAH (Fig. 7A). This was unexpected because AAH 
is presumably the earliest type of lesion. We therefore examined 
whether our results could be attributed to ascertainment bias 
(i.e., the AAH nodules resected in the present study were not rep-
resentative of AAH nodules in general but were biased toward those 
with a high TMB). In this study, we collected three types of nodules 
based on surgical criteria: (i) nodules with any solid components on 

CT (non-pGGO), (ii) large pGGO nodules (TS >0.8 cm, pGGO_-
Large), and (iii) small pGGO nodules (TS ≦ 0.8 cm) that enlarged 
during follow-up (pGGO_SmallGrow; Fig. 7B). As expected, the 
AAH nodules were mainly in the third group because they often 
presented as small pGGO nodules on CT (5). However, within this 
group, there was a high TMB in the smaller tumors, and these were 
highly associated with AAH or MIA nodules but not AIS nodules 
(one-sided P ¼ 2 � 10�6; Fig. 7C). It is possible that surgical 
intervention for very small but fast-growing pGGO nodules 
(TS <0.5 cm in Fig. 7C) was more likely to sample AAH nodules 
with a high TMB and to miss AAH nodules with a low TMB, which 
often presented as small and dormant pGGO nodules on CT 
(pGGO_other group in Fig. 7B). Much investigation is needed to 
elucidate the connection between the TMB and the growth rate of 
tumors at the very beginning of lung adenocarcinoma progression. 

In addition, we found that AIS nodules were associated with 
larger TS in the pGGO_SmallGrow group and in the non-pGGO 
group (P ¼ 1 � 10�5) and were also enriched in the pGGO_Large 
group (P ¼ 3.6 � 10�4). As expected, AIS nodules were significantly 
larger in the entire cohort (P ¼ 1.2 � 10�11). When all nodules were 
sorted into three groups according to TS (< 0.5 cm; 0.5 cm ≦ TS 
≦ 0.8 cm; 0.8 cm < TS), the AAH and MIA nodules were highly 
enriched in the smallest group, and the AIS nodules were depleted 
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in the smallest group regardless of radiological type and surgical 
criteria. The fraction of AIS nodules increased dramatically as tu-
mor size increased (Fig. 7D). Because pathology was determined 
after surgery, the uneven distribution among the groups with dif-
ferent tumor sizes could not be due to ascertainment bias based on 
pathologic types. Therefore, this suggests that under our surgical 
criteria, very small nodules (<0.5 cm) were more common at the 
early stage of progression (small and fast-growing AAH) or the late 
stage of progression (MIA) but were less common in the middle stage 
(AIS). In contrast, large nodules had the opposite trend, in that they 
were more common in AIS and less common in AAH and MIA. 

Positive selection for EGFR and TP53 mutations occurred 
throughout lung adenocarcinoma progression, but Ras 
mutations were highly enriched in AIS 

We examined mutation rates in our cohort (including AAH, AIS, 
and MIA nodules) and in the Chen2020 cohort (nonsmoking 
Taiwanese patients with stage I lung adenocarcinoma; ref. 19) to 
study the variation of gene mutation rates during the lung adeno-
carcinoma progression in nonsmokers. We focused on the 90 genes 
that were mutated in six or more patients in our study (Supple-
mentary Table S5). The results showed that there was positive se-
lection for mutations in five genes, in that their mutation rates 
increased linearly as lung adenocarcinoma progressed from AAH to 
AIS, to MIA, and to (stage I) lung adenocarcinoma. These genes 
included two well-known oncogenes, EGFR (mutated in 44 patients) 
and TP53 (mutated in 11 patients; Fig. 7E); KMT2D, a gene recently 
reported to drive progression of lung squamous cell carcinoma 
(mutated in 10 patients; ref. 46); and two additional genes 

implicated in lung cancer, FCGBP (mutated in 6 patients; ref. 47) 
and RNF213 (mutated in 8 patients; ref. 48; Supplementary Fig. 
S21). More observations for other mutations identified in this study 
were summarized in Supplementary Text. The complete lists of 
somatic mutations and copy-number alterations are provided in 
Supplementary Tables S6 and S7. 

Interestingly, BRAF (mutated in 29 patients) and KRAS (mutated 
in 6 patients) were two outliers (Fig. 7F), in that they were highly 
mutated in AIS nodules (Fisher exact test: P ¼ 0.001 and P ¼ 0.005, 
respectively), the same pathologic type that had the lowest median 
TMB relative to AAH and MIA types (Fig. 7A). Within AIS, BRAF 
and KRAS were highly mutated in the AIS1 subtype (Fig. 7F). Be-
cause these two genes are well-known oncogenes, their high mu-
tation rates in AIS could be biologically meaningful. Although our 
observations could be attributable to bias from the small sample 
size, similar mutation patterns were identified in other studies of 
early-stage lung adenocarcinoma. For example, Zhao and colleagues 
(14) examined AIS, MIA, and lung adenocarcinoma samples and 
reported that the mutation rates in EGFR and TP53 increased lin-
early from AIS to MIA and to lung adenocarcinoma (although TP53 
had a slightly lower mutation rate in MIA than in AIS), but BRAF 
had the opposite mutation rate pattern. Sivakumar and colleagues 
(12) examined AAH and lung adenocarcinoma samples and found 
that EGFR had a higher mutation rate in lung adenocarcinoma than 
in AAH, whereas BRAF was only mutated in AAH and not in lung 
adenocarcinoma. Xiang and colleagues (49) found enrichment of 
BRAF mutations in AIS using a targeted 68-gene sequencing panel. 
These results are similar to the mutation patterns of EGFR, TP53, 
and BRAF identified in the present study, suggesting they are not 
cohort specific and are applicable to nonsmoking patients. In 
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addition, we also noted that EGFR and BRAF were the two most highly 
mutated genes, but their mutations tended to be mutually exclusive, and 
only one patient who had a mutant EGFR also had a mutant BRAF 
(copy-number loss). Differences in tumor size and mutational patterns 
among AAH, AIS, and MIA nodules in this study might provide in-
sights into the progression paths during early lung adenocarcinoma 
development (see more discussion in Supplementary Text). 

Different pathologic types are associated with different TME 
ecotypes 

Finally, we applied EcoTyper (50) to our RNA-seq data to classify 
each sample into one of the 10 carcinoma ecotypes (CE) that were 
previously described based on studies of more than 6,000 tumor and 
normal transcriptomes in 16 types of human carcinomas. Each CE is 
a cell ecosystem composed of a frequently observed set of coordi-
nated cell states in human carcinomas. EcoTyper analysis provides a 
deeper and more comprehensive view of the TME than analysis of 
individual cell types. Luca and colleagues (50) assigned almost all 
normal samples from the Genotype-Tissue Expression study and all 
adjacent normal samples in pan-cancer studies to CE6 but assigned 
most human carcinomas to CE1, CE8, or CE10. 

We successfully assigned 317 of the 406 RNA-seq samples to 1 of the 
10 CEs (Fig. 8A). Among these 317 samples, almost all normal samples 
were assigned to CE6, whereas most MIA samples were assigned to one 
of the carcinoma-associated CEs (CE1, CE8, or CE10; Fig. 8B). The 
similar findings of our study and the original EcoTyper study demon-
strated the robustness of this analysis among cohorts. Interestingly, our 

AIS1/2 nodules were highly enriched in CE3, although the study of Luca 
and colleagues only rarely assigned this ecotype to tumors. The en-
richment of CE3 in our AIS1/2 subtypes demonstrated the unique cell 
ecosystem in the TME, in contrast to MIA and carcinomas. The 
AIS3 and AAH nodules had similar CE patterns, with enrichment in 
CE6 (normal), but they also had enrichment of some CEs that were 
more frequent in the MIA type. These results suggest that AIS3 is a 
subtype that is molecularly distinct from AIS1/2 and that the AAH 
samples in the present study might consist of a mixture of TME eco-
systems from normal tissues and MIA nodules. 

Discussion 
In this study, we investigated the molecular basis of the early pro-

gression of lung adenocarcinoma by analyzing WES and RNA-seq data 
for AAH, AIS, and MIA nodules and adjacent normal tissues in a 
cohort of East Asian patients most of whom were nonsmokers. We used 
markers of different cell types from scRNA-seq data to classify AIS and 
MIA nodules into molecular subtypes that were associated with dif-
ferent radiological types. Based on ssGSEA and deconvolution analyses, 
we found that variation in the composition of different cell types during 
disease progression had a nonlinear pattern. These results suggest that 
the progression of lung adenocarcinoma has two phases. First, tumor 
cells grow from normal to AAH and then to early AIS as the relative 
abundances of ECs and stromal cells decrease. Second, during the later 
steps of AIS, angiogenesis occurs with involvement of tip ECs and 
EMT-driving CAFs, and this coincides with an increased probability of 
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non-pGGO components on CT and is followed by tissue invasion 
(MIA). The relative abundances of immune cells, such as NK cells and 
CD8 T cells, co-varied with the abundance of ECs in the TME during 
disease progression, thus demonstrating a connection between the de-
velopment of vasculature and immune infiltration. The mutation rates 
of EGFR and TP53 increased linearly as disease progressed (positive 
selection). However, BRAF and KRAS mutations were highly enriched 
in AIS nodules but depleted in AAH and MIA nodules. We observed 
the same pattern for TS, in that large tumors were enriched in AIS 
nodules but depleted in AAH and MIA nodules. These results suggest a 
potential connection among BRAF mutations, tumor growth, and the 
AIS type. Finally, our EcoTyper analysis identified characteristic cell 
ecosystems that were associated with normal tissues, MIA nodules, and 
nodules at early AIS (AIS1/2); in contrast, AAH nodules and nodules at 
late AIS (AIS3) had a mixture of ecosystems from normal tissues and 
MIA nodules, indicating plasticity during disease progression. 

Our finding of an association of angiogenesis and CAFs with the 
non-pGGO phenotype is consistent with several previous studies of 
lung adenocarcinoma. One study of patients with lung cancer reported 
that the amount of ctDNA in the peripheral blood correlated with the 
size of non-pGGO components but not with total tumor volume (10). 
This is likely because the release of ctDNA from tumors into the pe-
ripheral blood requires development of vasculature (angiogenesis) in the 
TME, strengthening the connection between angiogenesis and non- 
pGGO components. Another recent study reported that circulating 
proteins in prediagnostic blood samples that were related to tissue in-
vasion and angiogenesis were associated with a diagnosis of lung cancer 
during the following 3 years (51), also highlighting the role of angio-
genesis during lung adenocarcinoma progression from a precancerous 
lesion to an invasive adenocarcinoma. There is evidence that nodules 
with more solid components on CT contain more tumor cells and 
proliferating fibroblasts that disrupted alveolar structures and that the 
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fibrosis area of the entire tumor area is associated with the size of the 
invasive area (52). These observations support the presence of a link 
between the increased activities of CAFs and the increased non-pGGO 
components on CT during the late stage of AIS (AIS3) and during 
subsequent tissue invasion in MIA. Finally, there is also evidence that 
tumor angiogenesis promotes cell motility, invasion, and metastasis, all 
of which contribute to tumor progression (42, 53). 

In this study, we observed that EGFR and TP53 mutations were 
positively selected from AAH to AIS, to MIA, and to lung adenocarci-
noma, whereas BRAF mutations were particularly enriched for AIS 
nodules with sizes significantly larger than AAH and MIA nodules. These 
observations seem consistent with the established functions of these gene 
mutations in cancer. The main effect of BRAF oncogenic mutations is 
promotion of cell proliferation (54, 55), and this seems to explain their 
association with larger lung tumors. EGFR mutations are known to 
promote tumor angiogenesis by overexpressing the VEGF, which sub-
sequently stimulates ECs and leads to the formation of new blood vessels 
(56–58). On the other hand, the loss of TP53 function can promote the 
EMT during cancer progression (59). EGFR and TP53 mutations were 
functionally linked to two events that are implicated in AIS3: growth of 
tip ECs (which are responsible for angiogenesis) and increased activity of 
EMT-driving CAFs (mCAFs). These links explain the positive selection of 
EGFR and TP53 mutations during cancer progression biologically. 

This study has several limitations. As mentioned above, most of the 
AAH nodules we examined were small and fast-growing pGGO nod-
ules, and this may not be typical of AAH nodules; typical AAH nodules 
may include many more small, pGGO, and dormant (but not fast- 
growing) nodules. This is a challenging topic to investigate because 
small, pGGO, and dormant nodules often do not require surgical in-
tervention. Some studies collected AAH nodules from lesions that were 
near resected lung adenocarcinoma tumors in the same patients (12). 
However, whether those AAH nodules were typical of AAH nodules 
remains unclear because they might have been altered by nearby pri-
mary tumors. In addition, all patients in our cohort were East Asian, 
and most were nonsmokers. It is unknown whether our findings can be 
generalized to other racial or ethnic groups or to patients who smoke. 
Finally, our data were derived from resected nodules and were not 
longitudinal data but essentially a snapshot of disease progression in 
different patients. We therefore delineated the molecular trajectory of 
progression processes based on variations among nodules. It remains 
unknown whether all tumors follow the same trajectory. 

In conclusion, we classified nodules within different pathologic types 
into molecular subtypes and provided a more granular view of the early 
progression of lung adenocarcinoma from a precancerous lesion to an 
adenocarcinoma. We characterized each subtype based on its molecular 
characteristics and identified angiogenesis during a late stage of AIS as a 
key event during the early progression of lung adenocarcinoma. This 
progression was associated with non-pGGO components on CT and 
could potentially contribute to tissue invasion. Angiogenesis increases 
vascularity in the TME, and this can increase the amount of ctDNA and 
the release of tumor proteins into the peripheral blood, allowing for 
early detection (60). In addition, there are well-known therapies that 
target vasculature in the TME, such as antiangiogenic agents and agents 
that promote vessel normalization (61, 62). These therapies have 

potential as an early intervention for lung adenocarcinoma because they 
may prevent progression and facilitate infiltration by immune cells. 
Overall, our findings provide new insights into the early diagnosis and 
management of early-stage lung adenocarcinoma. 
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