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Abstract

Patients with lung squamous cell carcinoma (LUSC) are often diagnosed at advanced

stages, limiting opportunities for early intervention. LUSC develops through multistep

progression from low-grade lesions to high-grade lesions, including carcinoma in situ

(CIS), of which about half progress to invasive cancer while the other half regress.

Although frequent mutations and copy number alterations have been documented in

LUSC and observed in precursor lesions, their prognostic significance in precancers

remains largely unexplored. In this study, we leveraged gene expression data from

LUSC tumors in The Cancer Genome Atlas to derive transcriptional signatures corre-

sponding to 34 key driver genomic aberrations, including mutations, amplifications,

and deletions. These tumor-derived signatures were applied to precancerous datasets

to assess their ability to characterize developmental stages and predict progression

risk. We found many of these signatures increased progressively across lesion stages,

reflecting roles in early tumorigenesis. In particular, several signatures accurately pre-

dicted which CIS lesions would progress to invasive cancer. Furthermore, these signa-

ture scores were more strongly associated with prognosis in LUSC than the presence

Abbreviations: CIS, carcinoma-in-situ; CNV, copy number variation; COSMIC-CGC, The Catalogue of Somatic Mutations Cancer Gene Census; GEO, gene expression omnibus; LUSC, lung

squamous cell carcinoma; NK, natural killer cells; TCGA, The Cancer Genome Atlas; TME, tumor microenvironment.
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of genomic aberrations alone. We also examined relationships between driver-

associated signatures and the tumor immune microenvironment. Signature scores

were significantly correlated with immune features such as immune cell infiltration

and immune checkpoint gene expression, including CD274 (PD-L1). These associa-

tions varied across stages, indicating dynamic immune interactions during cancer evo-

lution. Together, our findings demonstrate that tumor-derived driver gene expression

signatures provide valuable insight into the biology and progression risk of precancer-

ous lesions, offering potential utility for early detection and intervention in LUSC.

K E YWORD S

carcinoma in situ, gene signature, lung cancer, LUSC, tumor biomarker

What's New?

Lung squamous cell carcinoma (LUSC) is more aggressive than lung adenocarcinoma, and is most

often diagnosed at an advanced stage. Here, the authors evaluated gene expression data from

LUSC tumors and came up with gene signatures for 34 genetic abnormalities whose expression

changes throughout different precancerous stages. Several of these signatures accurately pre-

dicted which carcinoma in situ lesions would progress to invasive cancer. The gene signatures

also correlate with immunological changes in the tumor microenvironment. These results pro-

vide an important framework for monitoring the progression of precancerous LUSC lesions.

1 | INTRODUCTION

Lung squamous cell carcinoma (LUSC) accounts for approximately

20% of primary lung cancers in the United States, making it the sec-

ond most prevalent subtype, following lung adenocarcinoma.1–3 Com-

pared with lung adenocarcinoma, LUSC is more aggressive with a

lower median survival rate. A key factor contributing to the low sur-

vival rate is its frequent diagnosis at advanced stages.4–8 To improve

prognosis, early detection and continuous surveillance are essential.

LUSC originates from normal bronchial tissue in the central airways,9

and proceeds through several sequential precancer stages, including

hyperplasia, metaplasia, mild dysplasia, moderate dysplasia, severe

dysplasia, and carcinoma-in-situ (CIS).8,9 Among these, CIS represents

a preinvasive stage where carcinoma cells are confined to the upper-

most layer of cells in the bronchi, bronchioles, or alveoli, without pen-

etrating deeper tissue layers.10 Approximately 50% of patients

diagnosed with CIS progress to LUSC within 3 years, while 30% expe-

rience spontaneous regression.11 To date, there is no effective

method to predict CIS progression; however, recent studies suggested

that transcriptomic profiles are highly informative in this

regard.8,9,11,12

The initiation and progression of cancer are driven by numerous

genomic aberrations, including mutations and copy number changes

in oncogenes and tumor suppressor genes.13–15 The Cancer Genome

Atlas (TCGA) lung cancer group identified recurrent mutations in

genes such as TP53, CDKN2A, and PIK3CA; amplifications of regions

including chromosome 3q (containing SOX2 and PIK3CA), EGFR, and

NFE2L2; and deletions in FOXP1, PTEN, and NF1.5,16,17 Interestingly,

these genomic events showed limited capability in prognostic

stratification of LUSC patients.14,18 This limitation is due to the com-

plexity of tumorigenesis, where tumor initiation and progression are

driven by specific oncogenic pathways that can be dysregulated

through alternative mechanisms beyond the primary genomic aberra-

tions. For instance, although TP53 mutations occur in over 50% of

tumors, the P53 pathway can also be inactivated through TP53 gene

loss, hypermethylation of the TP53 promoter, or alterations in other

pathway-related genes.15,19,20 Previous studies have demonstrated

that gene signatures representing deregulated oncogenic pathways

provided more accurate prognostic indicators than mutation status

themselves in multiple cancer types.21–24 These driver pathway-based

characterizations offer superior guidance for devising targeted thera-

peutic interventions compared to focusing solely on genomic

aberrations.25

It has been shown that many driver mutations occur at the early

stage of cancer development.13,26–28 In fact, some genomic alterations

in LUSC driver genes, such as PIK3CA, CDKN2A, and SOX2 have

been detected in pre-cancer lesions.11,29–32 Roberts et al. reported

that the activation of PI3K/Akt pathways occurs during the transition

from low- to high-grade premalignant lesions, while CDK4/cyclin-D1

indicates an early onset at the stages of metaplasia and moderate dys-

plasia.8 However, there is a lack of research on the extent to which

these genomic aberrations present in precancer stages influence the

progression of these lesions and how we can quantitatively character-

ize pathway changes during cancer progression.

In this study, we hypothesized that genomic signatures derived

from tumor data can be applied to precancerous lesions to infer the

progression of precancerous lesions to more advanced states includ-

ing metastatic cancers. To test this hypothesis, we integrated multi-
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omics data from TCGA to define gene signatures for 34 genomic aber-

rations frequently observed in LUSC, including 10 gene mutations,

3 chromosomal region deletions, and 21 chromosomal region amplifi-

cations. When applied to multiple precancerous datasets, these signa-

tures exhibited dynamic changes throughout distinct precancerous

stages, highlighting their roles in cancer evolution. Notably, some sig-

natures predicted the progression risk of CIS samples with high accu-

racy. Additionally, we observed significant correlations between these

signatures and immunological features in the tumor microenvironment

(TME) during cancer progression. Our study provides a valuable

framework for characterizing precancerous lesions and monitoring

their progression to LUSC by using gene signatures associated with

driver genomic aberrations.

2 | MATERIALS AND METHODS

2.1 | Datasets

All data summary is presented in Table 1. The RNA-sequencing

(RNA-seq) data for 501 LUSC tumor samples from TCGA were down-

loaded from FireBrowse.5,33 This dataset provided the normalized

expression values for 20,501 genes, represented as the RNA-Seq by

Expectation–Maximization (RSEM) values and included associated

clinical data.34 All the other gene expression datasets are generated

by microarrays and downloaded from the Gene Expression Omnibus

(GEO) public repository.35 GSE157011 includes gene expression pro-

files for 249 LUSC samples with matched overall survival and other

clinical information.26 The GSE108124 provide gene expression pro-

files for 33 CIS samples, including 17 progressive and 16 regressive

samples.11 GSE33479 comprise gene expression profiles for

122 endobronchial biopsies at different stages including normal bron-

chial tissue, hyperplasia, metaplasia, mild dysplasia, moderate dyspla-

sia, severe dysplasia, CIS, and LUSC.7 These data are provided as

normalized expression profiles at the probe-sets level, which were

converted into gene expression profiles. For genes with multiple pro-

besets in the microarray platform, the one with maximum average

hybridization signals across all samples is selected to represent gene

expression.

The TCGA level-3 somatic mutation data were downloaded from

the TCGA data portal (http://cancergenome.nih.gov/). This cohort

contains 178 samples with 21,939 mutated genes from whole exome

sequencing.4 The following categories of somatic mutations are

considered to have functional effects: frame shift insertion or dele-

tion, in-frame deletion, missense mutation, splice site mutation, and

nonsense mutation. The level 3 LUSC copy number variation (CNV)

data measured by the Affymetrix Genome-Wide Human SNP Array is

used. There are 501 LUSC cases and 23,311 genes in the TCGA CNV

profile.

2.2 | Selected driver genomic aberrations
frequently occurring in LUSC

In this study, we started with 513 cancer genes collected by The Cata-

logue of Somatic Mutations in Cancer (COSMIC) Cancer Gene Census

(CGC).13 Genomic aberrations associated with these cancer genes are

selected based on their frequency in the TCGA-LUSC data. Based on

the processed somatic mutation data, we selected 10 cancer genes

that are functionally mutated in at least 10% of LUSC samples. Simi-

larly, we selected 46 cancer genes that are amplified (43 genes) or

deleted (3 genes) in at least 10% of LUSC samples based on processed

CNV data. Of note, some of the frequently amplified genes are

located proximally in the genome. As a result, their amplifications

are mostly caused by the same set of broad chromosome band ampli-

fication events. Thus, we merged these genes to obtain independent

amplification events named by their locations in the genome. Specifi-

cally, the following frequently amplified cancer gene groups were

defined: chr1q21:23, chr2p15:16, chr3q12:13, chr3q21:22, chr3q25,

chr3q26:27, chr5p13, chr8q22:24, chr8p11, chr12p13 (Table S1, Sup-

porting Information). The amplification status of the most frequently

amplified genes within a group was selected to represent the amplifi-

cation status of the corresponding gene group in each LUSC sample.

Ultimately, we obtained 34 genomic aberrations including somatic

mutations of 10 genes, deletions of 3 genes, and amplifications of

genes (n = 11) or gene groups (n = 10).

2.3 | Define gene-signatures for driver genomic
aberrations

Here we describe how we defined gene signatures for each of these

34 driver genomic aberrations based on the LUSC transcriptomic data

from TCGA (Data S1, Note 1). First, we performed a univariable

TABLE 1 Datasets of this study.
GEO accession Study PMID Sample size Clinical category

TCGA 22960745 501 LUSC

GSE157011 32717408 249 LUSC

GSE33479 31243362 122 Developmental stage

GSE108124 30664780 33 CIS

Note: Summary of the datasets included in this study, detailing their corresponding study ID, sample size,

and sample type.

Abbreviations: CIS, carcinoma in situ; LUSC, lung squamous cell carcinoma; TCGA, The Cancer Genome

Atlas.
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regression model for each driver events to identify the informative

genes. We encoded a binary indicator variable for each genomic fea-

ture in each sample (Xi ¼1: presence of mutation; Xi ¼0: absence of

mutation). From the regression summary, we obtained the coefficient

matrix βi�m and the p-values matrix Pg�m for all of g genes and m

events. Informative genes are those significant entries in Pg�m matrix.

Next, we defined weight profiles consisting of all genes. We con-

structed a pair of weighted profiles respectively for upregulated and

downregulated genes. For a particular driver event with coefficient βk

and p-value Pk , we defined the weight by the following

βk >0¼� log10 Pkð Þ andβk <0¼ log10 Pkð Þ. To avoid the extreme

values, we trimmed all weights greater than 10 to 10. Please see

Data S1, Note 1 for method details.

2.4 | Calculate sample-specific gene signature
score based on gene expression profiles

We used the previously developed computational algorithm BASE to

calculate rank-based similarity score between TCGA-LUSC derived

gene expression score and gene expression profile from independent

validation datasets.36 We followed these procedures: (1) given an

expression profile, we sorted genes in descending order as

e¼ e1, e2,…, enð Þ, n is the total number of genes. (2) We validated

whether genes with high weights showed a skewed distribution and

quantified the distribution difference. (3) The BASE algorithm then

calculated maximum deviations against the permutation by randomly

selecting samples resulting in Sup and Sdn, top 50 upregulated and

downregulated genes were listed in Tables S5 and S6. The final gene-

signature score was defined as: S¼ Sup�Sdn where for each gene-sig-

nature, we determined the final score with the subtraction of the

enrichment score of upregulated models and downregulated models

for g. Please see Data S1, Note 1 for method details.

2.5 | Compute the infiltration level of immune cells
based on gene expression profiles

Similarly, we used BASE to infer immune infiltration by comparing the

transformed reference immune cell profiles with patient gene expres-

sion data as previously published.36,37 This application of the BASE

algorithm estimated the immune cells' infiltration levels by examining

the expression levels of immune-cell-specific genes. Thus, we derived

the infiltration scores of major immune cell types including memory B

cells, CD4+ T cells, CD8+ T cells, naïve B cells, NK cells, and macro-

phages. Please see Data S1, Note 1 for BASE algorithm details.

2.6 | Statistical analysis

All statistical analyses were conducted in the R software. We use

“coxph” function for univariable and multivariable Cox regression. The

R package “survival” was implemented to perform survival analyses.

The “survdiff” function was used to compare patient groups using the

log-rank test. The “wilcox.test” and the “t.test” functions were used

to compare two groups of selected measurements. False discovery

rate (FDR)-adjusted p-values were calculated using the Benjamini–

Hochberg method via the p.adjust() function in R. Supplementary lasso

regression was performed using the “glmnet” package applying a pen-

alty term.38 Correlation analysis utilized the function “cor.test” with

default Spearman coefficients. The package “ggplot2” was used to

generate boxplots and Kaplan–Meier survival time curves. The Mann–

Kendall trend test was employed to analyze data collected over time

for consistently increasing or decreasing trends (monotonic) in

response values. Specifically, the function “MannKendall” from the R

package “Kendall” was used to implement this test.39 Hierarchical

clustering with default distance (“Euclidean”) and method (“com-

plete”), and heatmap visualization for Figure 5, was performed using

ComplexHeatmap. Additionally, the K-means algorithm was utilized to

divide samples into immune hot and immune cold categories, with the

parameter “column_km” set to 2. A p-value of 0.05 serves as the sig-

nificant threshold for statistical tests, unless otherwise noted.

3 | RESULTS

3.1 | Overview of this study

Tumorigenesis is driven by genomic aberrations that activate onco-

genic pathways or inactivate tumor suppressive pathways, often

occurring at the early stages of malignancy. While extensive cancer

genomic and transcriptomic data exist, precancer data remain limited.

To address this gap, we developed a novel framework (Data S1, Note

2). Figure 1 left panel illustrates tumor samples from TCGA-LUSC and

the development of gene signatures for driver genomic aberrations,

integrating genomic data (somatic mutations and CNVs) and transcrip-

tomic data (RNA-seq) from LUSC samples. These signatures, which

represent 34 frequent genomic aberrations (including 10 gene muta-

tions, 3 chromosome region deletions, and 21 chromosome region

amplifications), recapitulate the deregulated pathways underlying the

aberrations and are detailed in Table S4. The right panel shows

the application of these cancer-derived signatures to precancer data,

where we found that they correlated more strongly with patient prog-

nosis in an independent LUSC dataset. To validate their utility in dis-

tinguishing precancer stages, we applied them to multiple precancer

datasets, assessing their ability to predict CIS progression and charac-

terize immunological features in the TME.

3.2 | Prognostic association of gene signatures in
lung squamous cell carcinoma

Out of the 34 LUSC genomic aberrations, 2 are implicated in the inac-

tivation of CDKN2A: the mutation of the CDKN2A gene and the dele-

tion of the chromosomal region which harbors the CDKN2A gene.

Interestingly, the CDKN2A-MUT signature can detect both events:

4 LIN ET AL.
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LUSC samples harboring mutated CDKN2A and chr9p21 deletions

both showed significantly higher scores than their normal counter-

parts (Figure 2A). However, the chr9p21-DEL signature can only

detect samples harboring chr9p2 deletions but not CDKN2A gene

mutations, suggesting that it reflects the deletion effect of the whole

chromosomal regions rather than the CDKN2A gene alone. Similarly,

the PIK3CA-MUT signature can distinguish LUSC samples with

mutated PIK3CA or amplified Chr3q26:27 regions (harboring the

PIK3CA gene) from their normal counterparts (Figure 2B).

We then investigated the prognostic relevance of these gene sig-

natures in LUSC. We applied our gene signatures to an independent

LUSC dataset generated from GSE15701. Univariable Cox regression

analysis identified 14 signatures significantly associated with progno-

sis (Figure 2C, Table S2). Interestingly, all these significant signatures

were negatively correlated with patient survival (Hazard ratio

[HR] >1), indicating that the presence of these aberrations, or more

accurately, the deregulation of the related pathways, was detrimental

to patient prognosis. For example, when stratified by the scores of

HEY1-AMP (chr8q21), CDKN2A-DEL (chr9p21), or PIK3CA-MUT sig-

natures (using median as the cut-off), patients with higher scores had

significantly shorter overall survival time than those with lower scores

(Figure 2D). Multivariable Cox regression analysis indicated that some

of these signatures remained significant after adjusting for major clini-

cal variables including age, sex, and tumor stage (Figure 2E).

3.3 | Apply gene signatures to characterize
precancer samples at different stages

To validate the effectiveness of our gene signatures in precancerous

samples, we first applied them to the CIS dataset GSE108124, which

includes transcriptomic profiles for 33 CIS samples and their TP53

Genomic

genomic aberrations
Gene signatures for 34 driver

Independent LUSC gene
expression data

1. Associate with cancer
patient prognosis

3. Predict CIS progression
to cancer

2. Characterize distinct
precancer stages 

4. Associate with immune
infiltration

Transcriptomic

Gene expression data for
precancer lesionsgenomic aberrations

11 genes + 
10 gene groups

Amplification
Deletion

3 genes
Somatic 
Mutation

10 genes

TCGA-LUSC

Tumor

pathway 
signatures

Precancer 

Carcinoma in situ

Progress

Regress

F IGURE 1 Overview of this
study. Gene signatures for
34 driver genomic aberrations
occurring in >10% of TCGA-LUSC
samples are defined to
recapitulate the underlying de-
regulated oncogenic pathways.
These signatures were used to
independent cancer and

precancer gene expression
datasets to (1) examine their
prognostic association,
(2) characterize distinct precancer
stages, (3) predict the progression
of CIS to cancer, and
(4) investigate the influence of
driver genomic aberrations on
immune infiltration. CIS,
carcinoma in situ; LUSC, lung
squamous cell carcinoma; TCGA,
The Cancer Genome Atlas. [Color
figure can be viewed at
wileyonlinelibrary.com]
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mutation status. The TP53-MUT signature showed significantly higher

scores in the six CIS samples with mutated TP53 compared to those

without (Figure 3A). Interestingly, for the samples without TP53 muta-

tion (TP53WT), the TP53-MUT signature provided additional stratifica-

tion by significantly differentiating patients based on their eventual

progression status. Next, we applied all gene signatures to another pre-

cancer dataset (GSE33479), which provided expression profiles from six

different precancer stages, as well as from normal lung and LUSC sam-

ples (Figure 3B). Trend analysis revealed that 23 out of the 34 signatures

exhibited a significantly monotonic trend during the evolution from

early to advanced stages (p < 0.05, Mann–Kendall Trend test).

Most of these signatures showed a continuous increase during

precancer progression (Figure 3B). For example, the CDKN2A-DEL

signature had relatively low scores in normal lung and hyperplasia

samples but increased significantly at the metaplasia (p < 4.2e�04,

Wilcox test compared to hyperplasia) and mild dysplasia

(p < 2.7e�03, Wilcox test compared to metaplasia, Figure 3C) stages.

After these stages, the CDKN2A-DEL signature maintained high

scores in subsequent stages. Another example is the chr3q26:27-AMP

signature, which showed relatively low scores until the severe dyspla-

sia stage, after which it significantly increased in CIS samples

(Figure 3D). Altogether, these results suggest that gene signatures

derived from LUSC samples can effectively characterize precancerous

samples, providing insights into the specific stages at which genomic

aberration-related pathways become active. We examined how the

CDKN2A-DEL signature in TCGA relates to tumor phenotypes using

molecular features from Thorsson et al. and found that higher

CDKN2A-deletion scores were associated with increased proliferation

(R = 0.53) and decreased macrophage regulation (R = �0.76) and

lymphocyte infiltration (R = �0.63). These findings are consistent

with the role of CDKN2A as a tumor suppressor that limits cell cycle

progression, where its loss may drive unchecked proliferation. The

negative correlations with immune-related features suggest that

CDKN2A deletion may also contribute to a less immune-infiltrated,

potentially immune-evasive TME.

3.4 | Apply gene signatures to predict the
progression of lung carcinoma in situ

Having found that some driver genomic signatures were monotoni-

cally increasing during progression from the early to later precursor

p = 0.03p = 3.9e-05
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stages, we next investigated whether the variations of these signature

scores within CIS samples inform their progression risk into cancers.

First, we performed hierarchical clustering analysis using the signature

scores across all CIS samples in GSE108124. As shown in Figure 4A,

the signature scores separated the samples into two groups, one

enriched for progressive and the other enriched for regressive sam-

ples. This indicated that many of these signatures were informative

for distinguishing progressive from regressive samples. Taking the
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CDKN2A-MUT model as an example, we found that the samples

which eventually progressed to LUSC exhibited higher scores than

those that regressed (p = 7.9e�09, Figure 4B). Subsequent waterfall

plots visually depicted the score distribution for all CIS samples,

revealing higher scores for progressive samples across most signatures

(Figure 4C). However, some pathway signatures, like NF1-MUT, por-

trayed an opposite trend, with higher scores in regressive patients and

lower scores in progressive patients (Figure 4D). The predictive pow-

ers of the CDKN2A-MUT and the NF1-MUT could also be visualized

by their ROC curves (Figure 4E). The area under the ROC curves

(AUC) provided a quantification of their ability to predict CIS progres-

sion. As shown, the two signatures respectively achieved an AUC of

1.0 and 0.96, suggesting their high prediction accuracy. Indeed, we

calculated the AUC values for all driver genomic signatures and found

that many of them exhibited fairly good prediction power (AUC >0.7).

Out of them, five gave rise to an AUC greater than 0.95, including

NF1-MUT, CCND1-AMP, ROS1-MUT, TPR-MUT, 8p11-AMP

(Figure 4F). Most of these signatures were positively correlated with

progression, with higher scores indicating higher progression risk,

while five were negatively correlated with progression with higher

scores indicating a high chance of regression. These results suggested

the activity of the pathways underlying these driver genomic aberra-

tions may play critical roles in determining the progression or regres-

sion of CIS samples.

3.5 | Associate gene signatures with
immunological features in the TME of precancer
samples

Previous studies have shown the immune microenvironment plays a

significant role in the initiation and progression of cancer.1,40–42 Thus,

we investigated the influence of distinct driver genomic mutations on

the immune microenvironment during the progression of cancer. First,

we performed hierarchical clustering analysis based on the expression

of immune cell marker genes in the GSE33479 multi-precursor data,

which distinguished all precancerous samples into two distinct groups

characterized by high (immune-hot) and low (immune-cold) immune

gene expression, respectively (Figure 5A). Subsequent comparisons of

the two groups revealed that most gene signatures had elevated

scores in the “cold” group compared to the “hot” group

(Figure 5B–D). This suggested that the associated driver genomic

aberrations may facilitate the development of a “cold” immune micro-

environment, leading to the progression of precancer lesions via

immune evasion. In TCGA-LUSC dataset, we observed that CDKN2A

deletion and co-deletion of CDKN2A and JAK2 were significantly

enriched in immune-cold tumors, with co-loss observed in 8.96% of

cold samples compared to 4.84% of hot samples. These results indi-

cate a potential synergistic effect of CDKN2A and JAK2 co-loss in

shaping an immunosuppressive microenvironment (Figure S1).

Following that, we investigated the correlation between signature

scores and immune cell infiltration at different precancer stages. To

this end, we deconvoluted the gene expression of all precancer sam-

ples to calculate the infiltration level of six major immune cell types

including CD4+ T cells, Naïve B cells, memory B cells, CD8+ T cells,

NK cells, and macrophages (Figure 5E,F). We focused on their correla-

tion with driver gene signatures that are frequently studied in cancer

progression, including CDKN2A-MUT, TP53-MUT, PIK3CA-MUT,

chr3q26:27-AMP, KRAS-AMP, and CDKN2A-DEL. Our analysis

revealed significantly negative correlations of these signatures with

the infiltration level of CD8+ T cells, suggesting the presence of these

driver aberrations or their equivalent is linked with a reduced CD8+ T

cell infiltration across all precancer stages (Figure 5F). In contrast, we

observed significantly positive correlation of these signatures with the

infiltration level of macrophages in mild dysplasia, CIS, and squamous

cell carcinoma but significantly negative correlation in metaplasia

samples. Such a transition of correlations might be caused by the

functional alterations of macrophages from anti-tumoral M1 cells to

pro-tumoral M2 cells during the evolution of cancer through different

precancer stages.6,40

Lastly, we examined the association between these signatures

and the expression of major immune regulatory genes at different pre-

cancer stages. We thoroughly calculated the spearman correlation

between signatures and immune regulatory genes (Table S3). Specifi-

cally, the expression of CD274 gene (encoding programmed cell death

ligand 1, PD-L1) was negatively correlated with these signatures in

pre-cancerous lesions (Figure 5G). For example, we included above

driver gene signatures with addition of EGFR-AMP and NFE2L2-MUT

all present negative correlation at stages of hyperplasia, metaplasia,

mild dysplasia, CIS. In contrast, high PD-L1 expression tended to cor-

respond with higher signature scores at the LUSC stage. This shift

potentially reflects a less immunosuppressive microenvironment dur-

ing early progression, while the reversal at the invasive stage suggests

that CDKN2A loss may contribute to immune evasion through the

upregulation of PD-L1. In conclusion, our signatures emphasized

the complex interplay between underlying cancer pathways and

immune dynamics, bridging the gap between tumor progression and

the immune microenvironment.

F IGURE 4 Driver gene signatures are predictive of the progression of patients with lung carcinoma in situ. (A) In GSE108124 precancer data,

heatmap showing the scores of 34 signatures in carcinoma in situ samples, with progression status color-coded on the top bar. (B) Boxplot
showing that progressive samples tend to have a higher CDKN2A-MUT score than regressive samples. (C and D) Waterfall plots displaying all CIS
samples' signature scores for CDKN2A-MUT and NF1-MUT; (E) ROC plots showing that CDKN2A-MUT reaches an AUC score of 1, while
NF1-MUT has an AUC of 0.96. (F) Barplots presenting AUC scores for each of our 34 gene signatures in descending order. Bars in red indicate
that progressive patients tend to have higher signature scores, whereas bars in blue indicate that regressive patients tend to have higher
signature scores. The blue dashed line represents the cutoff of an AUC of 0.7, and the red dashed line represents the cutoff of an AUC of 0.95.
AUC, area of under the ROC curves; CIS, carcinoma in situ. [Color figure can be viewed at wileyonlinelibrary.com]
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4 | DISCUSSION

The tumor-derived signatures effectively characterized and differenti-

ated samples in pre-cancerous stages, implying that pathways associ-

ated with known driver events are potentially involved early in cancer

initiation. The dysregulation of cancer-related pathways is observed in

both the initiation and progression of LUSC, suggesting a potential

role in shaping the precancerous landscape. It is evident that in pre-

cancerous lesions, the expression profile is not predominated by a

single mechanism, but rather multiple pathway activities contribute to

the ultimate result.

The majority of signatures exhibited a pattern where higher

scores were associated with worse prognosis in LUSC or higher pro-

gression risk in CIS. However, some signatures, such as NF1-MUT,

CCND1-AMP, and ROS1-MUT, showed an opposite trend, with lower

NF1-MUT scores correlating with better prognosis (Figure 4F). This

suggests that certain genomic events may act as secondary mutations

and interact with other pathways to produce a more favorable effect.
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NF1, a tumor suppressor gene that regulates Ras signaling, displays

highly variable mutations across the genome.43 Studies have shown

that while one-third of samples harbor both NF1 and TP53 mutations,

NF1 mutation coexists with KRAS mutations less frequently. Interest-

ingly, patients with only an NF1 mutation tend to have longer survival

than those with concurrent NF1 and KRAS mutations.44 Furthermore,

NF1 mutations appear to prolong patient survival in EGFR mutant/

TP53 wild-type patients compared to those with EGFR/TP53

co-mutations.45 Additional research has reported that low levels of

NF1 expression are associated with resistance to EGFR-targeted ther-

apies in lung cancer patients, suggesting a complex role of NF1 in

tumorigenesis and therapy resistance.5,46

CDKN2A encodes p14^ARF and p16^INK4a, which regulate apo-

ptosis and cell cycle progression.47 Given that anti-PD-1/PD-L1 thera-

pies rely on intact apoptotic pathways, CDKN2A loss, particularly

affecting p14^ARF, may impair response to immunotherapy.48,49

While prior studies have suggested that 9p21.3 deletions may reduce

PD-L1 expression via broader 9p loss extending into 9p24.1,50 our

CDKN2A-DEL signature primarily reflects the dysregulated pathways

associated with CDKN2A loss (Table S7). Nevertheless, we acknowl-

edge that most CDKN2A losses result from the deletion of a larger

chromosomal segment encompassing many other genes. Therefore,

the CDKN2A-DEL signature may also capture effects mediated by the

loss of these neighboring genes. Despite the limited number of sam-

ples with stringent Chr9p21 loss, we observed a strong concordance

between the CDKN2A-DEL and Chr9p21-DEL signatures. Most

Chr9p21-deleted samples also harbored CDKN2A deletion, and the

two signatures showed high correlation in gene weights and score

patterns across datasets. Their associations with shorter survival and

increased progression risk were also similar. These results suggest that

the CDKN2A-DEL signature may reflect broader deletion effects

across the Chr9p21 region. However, our framework does not fully

separate the independent effects of CDKN2A loss from nearby genes

in the Chr9p21-24 region and the current study still focused on the

gene-level CDKN2A-DEL signature. Furthermore, we found that

the CDKN2A-DEL signature correlated with deletion segment size

across the 9p21 region (R = 0.47). Although our study does not

include direct mechanistic validation for the CDKN2A deletion path-

way during the pre-cancer stages, the observed increase in CDKN2A-

DEL signature scores rising from low levels in lower grades to mark-

edly higher levels at the metaplastic stage suggests a biological transi-

tion toward increased proliferation and immune evasion associated

with CDKN2A loss. These findings potentially suggest a functional

role for CDKN2A loss in driving histologic progression and immune

modulation.

The intricate relationships in TME play a crucial role in lung can-

cer progression leading to various methods for stratifying levels of

immunogenicity. Immune “hot” regions typically express high levels

of cytotoxic lymphocytes and immune activation markers, while

“cold” immune samples tend to have worse survival outcome.51,52

Parra et al. demonstrated in LUSC that a cold TME is usually corre-

lated with a high burden of chromosomal copy-number variants and is

associated with a reduced benefit from immune checkpoint

inhibitors.53 In our study, we found that most samples exhibited a high

risk score in a cold immune environment, while a few signatures, such

as PDE4DIP-MUT, had higher signature scores in immune hot sam-

ples. Furthermore, we observed enrichment of CDKN2A deletion and

CDKN2A/JAK2 co-loss in immune-cold LUSC, supporting its role in

shaping an immunosuppressive microenvironment, as also noted in

other studies.54 These findings suggest a context-dependent role of

9p loss in immune evasion, particularly during the transition from pre-

cancer to invasive disease.

In GSE108124, gene expression profiles were generated inten-

tionally for index CIS lesion biopsies, representing the latest biopsy

that was collected preceding progress to invasive cancer or regres-

sion to low-grade dysplasia or normal epithelium.11 Compare with

biopsies collected at other times, the molecular profiling of these

index CIS samples is more informative for predicting the progres-

sion risk of CIS patients. This may explain the overall high accuracy

of our driver genomic signatures for predicting CIS progression in

the data. In the future it would be interesting to perform survival

analysis to associate signature scores with progression-free sur-

vival of CIS samples.

The gene signatures identified in this study offer promising clini-

cal utility for stratifying patients with precancerous lesions based on

their risk of progression to LUSC. As CIS lesions are commonly man-

aged with surgical resection, integrating our predictive model into

clinical workflows could enhance postoperative risk assessment.

Patients with high-risk CIS should adopt more intensive surveillance

strategies after surgery to prevent recurrence or progression. How-

ever, results from this study are based on retrospective data without

experimental validation. A more careful validation using prospective

data from independent patient cohorts is needed to translate these

findings into clinical applications.

In summary, we conducted a comprehensive study utilizing a

set of 34 driver-aberration signatures derived from TCGA-LUSC

data. We validated the prognostic relevance of these driver genomic

signatures and demonstrated its potential utility in characterizing

precancer samples of LUSC. These signatures are predictive of the

progression risk of CIS samples, and therefore has the potential to

aid clinicians in making decisions for personalized CIS surveillance

and treatment.
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