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Abstract

Introduction Identifying new biomarkers for predicting immune checkpoint inhibitors (ICls) response in non-small
cell lung cancer (NSCLC) is crucial. We aimed to assess the variant allele frequency (VAF)-related profile as a novel
biomarker for NSCLC personalized therapy.

Methods We utilized genomic data of 915 NSCLC patients via cBioPortal and a local cohort of 23 patients for model
construction and mutational analysis. Genomic, transcriptomic data from 952 TCGA NSCLC patients, and immunofluo-
rescence (IF) assessment with the local cohort supported mechanism analysis.

Results Utilizing the random forest algorithm, a 15-gene VAF-related model was established, differentiating
patients with durable clinical benefit (DCB) from no durable benefit (NDB). The model demonstrated robust per-
formance, with ROC-AUC values of 0.905, 0.737,and 0.711 across training (n=313), internal validation (n=133),

and external validation (n=157) cohorts. Stratification by the model into high- and low-score groups correlated
significantly with both progression-free survival (PFS) (training: P<0.0001, internal validation: P<0.0001, external
validation: P=0.0066) and overall survival (OS) (n=341) (P<0.0001). Notably, the stratification system was independ-
ent of PD-L1 (P<0.0001) and TMB (P <0.0001). High-score patients exhibited an increased DCB ratio and longer PFS
across both PD-L1 and TMB subgroups. Additionally, the high-score group appeared influenced by tobacco exposure,
with activated DNA damage response pathways. Whereas, immune/inflammation-related pathways were enriched
in the low-score group. Tumor immune microenvironment analyses revealed higher proportions of exhausted/effec-
tor memory CD8+T cells in the high-score group.

Conclusions The mutational VAF profile is a promising biomarker for ICI therapy in NSCLC, with enhanced therapeu-
tic stratification and management as a supplement to PD-L1 or TMB.
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Introduction

Immune checkpoint inhibitors (ICIs) have demonstrated
unprecedented clinical success in treating non-small
cell lung cancer (NSCLC), particularly in patients with
advanced disease [1, 2]. The therapeutic landscape of
NSCLC has been transformed by ICIs targeting the pro-
grammed death 1 (PD-1)/programmed death-ligand 1
(PD-L1) or cytotoxic T-lymphocyte antigen 4 (CTLA-4)
[3]. Despite these advances, some patients who initially
respond to ICIs do not maintain long-lasting benefits [4,
5]. Consequently, identifying predictive biomarkers for
durable responses to ICIs is a critical challenge in con-
temporary clinical practice.

Although several effective biomarkers, such as PD-L1
expression [1, 2, 6], microsatellite instability (MSI)/
mismatch-repair deficiency (dAMMR) [7], and tumor
mutation burden (TMB) [8], have been proposed, these
markers have deficiencies. NSCLC exhibits a low preva-
lence of MSI and dAMMR (< 5%) [9]. Accurate TMB analy-
sis relies on expensive genomic platforms, which restricts
its feasibility of widespread application. PD-L1 detected
by immunohistochemistry (IHC) is unstable due to the
anti-PD-L1 antibodies applied in the experiment and the
criteria used to determine its positivity. Moreover, PD-L1
expression is characterized by intratumoral [10] and
intertumoral heterogeneity, particularly between primary
and metastatic biopsies [11, 12], complicating its reliabil-
ity as a biomarker. Thus, it is still of great value to identify
reliable and precise biomarkers with acceptable technical
feasibility.

The interaction between oncogenic driver gene altera-
tions and the tumor immune microenvironment influ-
ences ICI therapy response [13]. Studies have reported
that EGFR, ERBB2 (HER2), STK11 mutations, and ALK,
ROSI and RET fusions are associated with reduced ICI
response efficacy [12-16]. In contrast, TP53, KRAS,
BRAF V600E, NOTCH4, ZFHX3, EPHA7, SETD2, POLE,
and POLD mutations are related to superior efficacy [12,
17-20]. In addition, co-occurring genomic alterations
contribute to the heterogeneity of the NSCLC microen-
vironment and make it more complicated to predict ICI
response [16, 21]. The concept of variant allele frequency
(VAF), defined as the percentage of variant reads divided
by the total reads at that locus, has emerged as a note-
worthy biomarker [22-24]. In lung adenocarcinoma, low
TP53 VAEF is a significant indicator of better anti-PD-(L)1
monotherapy outcomes [25]. However, the potential of a
composite mutational VAF profile as a predictive tool in
NSCLC ICI therapy warrants further investigation.

In this study, we employed genomic data of 915
NSCLC patients from the database, along with 23
patients from a local dataset, to construct a compre-
hensive mutational VAF profile that integrates various
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genetic alterations for personalized treatment strate-
gies. Additionally, we conducted an in-depth analy-
sis of genomic and transcriptomic data of 952 NSCLC
patients to explore the underlying mechanism of
response to immunotherapy.

Materials and methods

Patient data collection and preparation

Clinical information and genomic data, including 781
Memorial Sloan Kettering-Integrated Mutation Profiling
of Actionable Cancer Targets (MSK-IMPACT) Sequenc-
ing [26] data and 134 whole-exome sequencing (WES)
data, were collected from the cBioPortal for Cancer
Genomics (https://www.cbioportal.org). Clinical infor-
mation and tissue samples of the local cohort (n=23)
were collected from the National Cancer Center/National
Clinical Research Center for Cancer/Cancer Hospi-
tal. MSK patients with progression-free survival (PFS)
information were included in MSK cohort 1 (n=446).
And the remaining MSK data with overall survival (OS)
information was included in MSK cohort 2 (n=335).
MSK cohort 1 was then randomly divided into a training
cohort (70%, n=313) and a test cohort 1 (30%, n=133)
in a ratio of 7:3. A total of 157 patients with WES data,
including Rizvi’s cohort [8] (n=34), Hellmann’s cohort
[27] (n="75), Miao’s cohort [28] (n=25), and local cohort
(n=23) were used as test cohort 2. MSK cohort 2 served
as test cohort 3. Clinical information, genomic data, and
transcriptomic data of 952 NSCLC patients were col-
lected from The Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/). Information on the data-
sets included in the study is shown in Table S1.

Clinical parameters such as age, sex, histological type,
smoking status, therapy, and survival information were
extracted. The clinical information of the local cohort
was collected from electronic medical records. Accord-
ing to the Response Evaluation Criteria in Solid Tumors
(RECIST) version 1.1 for NSCLC, clinical response was
evaluated using complete response (CR), partial response
(PR), stable disease (SD), and progressive disease (PD).
To identify the patients with durable clinical benefit
(DCB) (PFS>6 months), we defined those with CR/
PR or SD lasting>6 months as DCB group. Those who
experienced PD on or before 6 months were defined as
no durable benefit (NDB) group. For the assessment of
response, we further evaluated best overall response
(BOR), which is an indicator of objective tumor shrink-
age and a clearer signal of immunotherapy activity. Spe-
cifically, BOR categories include CR/PR and SD/PD. This
study was approved by the Medical Ethics Committee of
the National Cancer Center/National Clinical Research
Center for Cancer/Cancer Hospital.
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Whole-exome sequencing (WES)

After genomic DNA was extracted from the tissue, its
quality was verified. Subsequently, qualified genomic
DNA was used for library preparation. The DNA librar-
ies were sequenced on the Illumina platform, with raw
data recorded in FASTQ format. After data quality con-
trol, the sequencing data were mapped to the reference
genome (GRCh38). SAMtools mpileup and bcftools
were used for variant calling and identifying single
nucleotide polymorphisms (SNPs). Detailed steps are
shown in the supplementary materials.

Identification of potential signatures

All the gene mutations included in this study were
somatic. The genetic mutation profiles of the patients
were extracted from the genomic data, and mutations
with a frequency under 5% were eliminated. The Chi-
square test (Monte Carlo simulation) was then used to
select differential mutational genes between DCB and
NDB groups. An adjusted p-value <0.05 was considered
significant.

Construction and validation of the VAF-related model

The VAF of mutational genes was defined as the per-
centage of variant reads divided by the total reads at
that locus. If a patient had more than one mutational
site in a certain gene, the VAF of the gene was calcu-
lated as the average of all mutational sites’ VAFs.

The random forest algorithm was applied to establish
the prediction model using the selected genes, employ-
ing the R package “randomForestSRC” (https://cran.r-
project.org/web/packages/randomForestSRC/index.
html). The training cohort was used to construct the
model. The model was then validated in the internal
test cohort (test cohort 1) and the external test cohort
(test cohort 2), respectively. Besides, test cohort 3 was
used to verify the ability of the model in terms of OS.

To estimate the efficacy of the model score, we used R
package “pROC” (https://cran.r-project.org/web/packa
ges/pROC/index.html) to calculate the area under the
receiver operating characteristic (ROC) curve (AUC).
Based on the median of the training cohort, the NSCLC
patients were divided into high- and low-score groups.
The R package “survminer” (https://cran.r-project.
org/web/packages/survminer/index.html) was used to
develop Kaplan—Meier (K-M) survival curve and cal-
culate p-values. Moreover, multivariate Cox regres-
sion analysis was performed to determine whether the
model was independent of age, sex, histological type,
therapy, TMB, and PD-L1 expression. The R pack-
age “survival” (https://cran.r-project.org/web/packa
ges/survival/index.html) was applied to calculate the
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hazard ratio (HR), 95% confidence interval (CI), and
p-value.

Genomics analyses

The R package “maftools” [29] (https://www.bioconduct
or.org/packages/release/bioc/html/maftools.html)  was
used for mutational analyses and visualization, includ-
ing oncoplot, transition and transversions (TiTv) analy-
sis, somatic interactions analysis, VAF visualization, and
oncogenic pathways enrichment. According to the six
types of single nucleotide variant (SNV) and the base
types variation upstream and downstream of the SNV
position, there are 96 SNV types. In single-base substi-
tution (SBS) analysis, the optimal cluster number was
defined according to cophenetic metric of non-neg-
ative matrix factorization (NMF) clustering analysis.
After comparing the extracted SNV signatures with the
Catalogue of Somatic Mutations in Cancer (COSMIC)
(https://cancer.sanger.ac.uk/signatures/signaturesv2/)
[30] database and calculating the cosine similarity, the
SNV signatures were assigned to the most probable SBS
signatures. SBS analysis was performed using the R pack-
ages “maftools’, “pheatmap’, and “NMF” [31].

Transcriptomic data preparation and differential analysis
A cohort of 952 NSCLC patients with both genomic and
transcriptomic data was identified from the TCGA data-
base. These patients were scored with the constructed
VAF-related model and stratified into high- and low-
score groups. Gene counts were normalized to fragments
per kilobase of transcript per million mapped reads
(FPKM). Subsequently, the R package “limma (3.58.1)”
(https://www.bioconductor.org/packages/release/bioc/
html/limma.html) was utilized to eliminate batch effects
when combining datasets. The Wilcoxon rank sum test
was utilized for differential analysis between high- and
low-score groups and to calculate fold change (FC) values
for further mechanism analysis.

Pathway enrichment analysis

The Weighted Gene Co-expression Network Analy-
sis (WGCNA) employed the R package “WGCNA” [32]
(https://cran.r-project.org/web/packages/ WGCNA/
index.html) to construct the weighted gene co-expres-
sion network and select related modules. The top 5,000
genes with the most variation based on median absolute
deviation (MAD) were involved in the analysis. The soft
threshold parameters were determined when the scale-
free topology model fit reached 0.9. An adjacency matrix
and a topological overlap matrix (TOM) were then
constructed. The minimum number of genes in a mod-
ule was set to 50. Using the corresponding dissimilar-
ity (1-TOM), hierarchical clustering was performed and
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modules with a high degree of topological overlap were
selected. Pearson’s correlation method was used to find
modules relevant to traits, and those strongly correlated
with the VAF-related model were selected.

The R package “clusterProfiler” [33] (https://www.
bioconductor.org/packages/release/bioc/html/clusterPro
filer html) was used for Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) functional
enrichment analysis. The adjusted p-value was calculated
using the Benjamini and Hochberg false discovery rate
(FDR) method. Both the p-value and FDR<0.05 were
considered significant.

The R package “clusterProfiler” (V3.4.6) was employed
for Gene Set Enrichment Analysis (GSEA) with gene
sets (c2.cp.kegg.v7.0.symbols.gmt, c5.go.bp.v2023.1.Hs.
entrez.gmt) as the background. The normalized enrich-
ment score (NES), nominal p-value, and FDR were cal-
culated to indicate the enrichment and significance of the
associated pathways with 1,000 gene set permutations.
The FDR-value for significant enrichment pathways was
set as 0.05.

Tumor immune microenvironment (TME) analysis

The estimation of the total immune infiltrate and
immune cell subsets in each sample was conducted using
CIBERSORTx (https://cibersortx.stanford.edu/) with the
LM22 gene set. Additionally, EcoTyper (https://ecotyper.
stanford.edu/) was utilized to identify the fundamental
cell states and cellular ecosystems constituting NSCLC
from bulk transcriptome data [34].

Immunofluorescence (IF)

The Tyramide Signal Amplification (TSA) technique was
used for chromogenic immunostaining. Paraffin sec-
tions were backed in a 60 “C incubator for 120 min. After
dewaxing, hydration, and antigen retrieval, the tissue
sections were incubated in blocking buffer to block non-
specific binding proteins and endogenous peroxidase
activity. Then, the sections were incubated with primary
antibody CD8 (diluted at 1:100, #85,336, Cell Signaling
Technology) at 37 °C for 1 h. After washing, the sections
were incubated with a secondary antibody and stained
with fluorescein-tyramide (AXT37100031, AlphaTSA
Multiplex IHC Kit, Beijing, China) to amplify the signal.
The slides were then counterstained with DAPIL.

Statistical analysis

All statistical analyses in this study were performed using
GraphPad Prism (version 9.0) and R version 4.2.3 soft-
ware (https://www.r-project.org/). Categorical variables
were described by counts and percentages. Continuous
variables were tested for normality before analysis. Nor-
mally distributed data were described by mean + standard
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deviation, while non-normally distributed data were
described by median and quartile. Intergroup compari-
sons were analyzed using the Chi-square test for cate-
gorical variables. Non-normally distributed and normally
distributed continuous variables were analyzed using the
Mann-Whitey U test and t-test, respectively. The Pearson
correlation method was employed in correlation analy-
ses. P-values in K-M analysis were calculated by Log-
rank test. A p-value<0.05 was regarded as statistically
significant.

Results

Patient characteristics

A total of 915 NSCLC patients from The cBioPortal for
Cancer Genomics and 23 NSCLC patients from the
local cohort were involved in model construction, model
evaluation, and genomics analyses. All 938 patients were
treated with anti-PD-(L)1 therapy, including monother-
apy, anti-PD-(L)1 in combination with anti-CTLA-4, and
anti-PD-(L)1 in combination with chemotherapy. Addi-
tionally, 952 NSCLC patients from TCGA were involved
in WGCNA, functional enrichment analysis, and tumor
immune microenvironment analysis. The flowchart of
this study is shown in Figure S1. The information of the
included datasets is shown in Table S1. The demograph-
ics and clinical characterization of the cohorts are shown
in Table S2.

Construction and validation of the VAF-related model

The genetic mutation profiles of the patients were
extracted from genomic data, and mutations with a fre-
quency below 5% were excluded. Subsequently, differen-
tially mutated genes between the DCB and NDB groups
were selected using the Chi-squared test. A p-value less
than 0.05 was considered statistically significant. A total
of 15 genes were identified, including PTPRT (P=0.001),
EGER (P=0.002), EPHA3 (P=0.002), ERBB4 (P=0.002),
and others listed in Fig. 1A and Table S3. We then used
the random forest algorithm to construct the model
based on the VAF of the selected genes. The ROC-AUC
values reached 0.905, 0.737, and 0.711 in the Train-
ing (n=313), Test-1 (internal validation, n=133), and
Test-2 (external validation, n=157) cohorts, respectively
(Fig. 1B).

High-score group of the VAF-related stratification
correlated with better ICl efficacy and favorable prognosis
All the patients were divided into high- and low-score
groups according to the same threshold, which was the
median of the training cohort (threshold=0.2645). The
K-M survival curve of the high-score group presented a
preferable median PFS (mPFS) (Training: 9.70 months
vs. 2.20 months, P<0.0001; Test-1: 5.77 months vs. 1.80
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months, P<0.0001; Test-2: 7.61 months vs. 3.65 months,
P=0.0066) (Fig. 2A) and OS (Test-3 [n=341]: 15.00
months vs. 8.00 months, P<0.0001) (Fig. 2B), compared
with the low-score group. We noticed that clinical char-
acteristics, such as therapy types, may affect outcomes
(Figure S2). To eliminate the influence of confounding
factors, we included clinical parameters in a multivariate
Cox regression model. After correction, the stratification
system remained statistically significant in predicting
PFS (Fig. 2C) and OS (Fig. 2D), making the results more
robust and reliable. The high-score group also con-
tained a higher proportion of DCB patients (Training:
P<0.0001, Test-1: P=0.0087, Test-2: P=0.0001). And
for the assessment of BOR, the high-score group con-
tained a higher proportion of CR/PR patients (Training:
P<0.0001, Test-1: P=0.0004, Test-2: P=0.0142), indicat-
ing a favorable response to ICIs (Fig. 2E and 2F).

VAF-related stratification combined with PD-L1 or TMB can
efficiently differentiate ICl response

Subsequently, we investigated the association between
the VAF-related stratification model and known bio-
markers for ICIs, namely TMB and PD-L1. We found no
significant correlation between PD-L1 and the stratifica-
tion system but a weak correlation with the model score
(r*=0.01, P=0.0366) (Fig. 3A). In contrast, a higher TMB
was linked to the high-score category (P<0.0001), and

the model score showed a significant correlation with
TMB (r*=0.07, P<0.0001) (Fig. 3B). To verify the inde-
pendence of the model from PD-L1 and TMB, we inte-
grated the stratification model into a multivariate Cox
regression analysis. After adjustment, the VAF-related
stratification remained a statistically significant prognos-
tic factor (Fig. 3C and 3D). This indicates that the model
may influence prognosis through mechanisms independ-
ent of PD-L1 and TMB.

We then assessed the efficacy of TMB and PD-L1
in conjunction with our model. The ROC-AUC of
PD-L1 improved from 0.617 to 0.857 when combined
with the model (Fig. 3E). Similarly, the performance
of TMB increased from 0.617 to 0.825 (Fig. 3H). For
the purpose of subgroup comparisons, we defined
PD-L1 expression levels below 1% as ‘PD-L1 low’ and
levels between 1-100% as ‘PD-L1 high’ A TMB of less
than 10 mutations per megabase (mut/Mb) was cat-
egorized as “TMB-low, while a TMB of 10 mut/Mb or
above was considered “TMB-high’ Notably, a substan-
tially greater proportion of patients who experienced
DCB were found in the high-score group, regardless of
whether they had high (P<0.0001) or low (P<0.0001)
PD-L1 expression (Fig. 3F). When PD-L1 was assessed
in conjunction with the VAF-related model, the two
factors together provided a more distinct PFES differen-
tiation for both high (P<0.0001) and low (P<0.0001)
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Fig. 2 Variant allele frequency (VAF)-related stratification model in predicting immune checkpoint inhibitors (ICls) response and prognosis. A-B
Kaplan-Meier (K-M) survival curve of progression-free survival (PFS) in Training, Test 1, Test 2 cohorts, and overall survival (OS) in Test 3 cohort. The
p-value was calculated using the log-rank test. C-D Multivariate Cox regression analysis of risk score level and clinical characteristics in the Training,
Test 1, Test 2, and Test 3 cohorts. E Proportion of durable clinical benefit (DCB) and no durable benefit (NDB) patients in high- and low-score groups.
Chi-square test; A p-value <0.05 was considered statistically significant. F Proportion of complete response (CR)/partial response (PR) and stable
disease (SD)/progressive disease (PD) patients in high- and low-score groups. Chi-square test; A p-value <0.05 was considered statistically significant

PD-L1 groups (Fig. 3G). The high-score group also
manifested a higher proportion of DCB in both the
TMB-high (P<0.0001) and TMB-low (P<0.0001)
populations (Fig. 3I). Furthermore, when TMB was
considered alongside our stratification model, the com-
bined factors significantly improved the distinction of
the PFS curves for both TMB-high (P<0.0001) and
TMB-low (P<0.0001) groups (Fig. 3J). This combina-
tion addressed the limitations of using PD-L1 and TMB
alone (Figure S3).

Collectively, these results suggest that the mutational
VAF profile is a potent adjunctive biomarker that holds
promise for increasing the accuracy of PD-L1 expression
and TMB in differentiating therapeutic responses to ICIs.

Mutational landscape profiling of VAF-related stratification
system

The basic mutational analyses of the cohorts were pre-
sented in Figure S4-5. To validate the mutational profile
of the 15 genes involved in the model, we drew an onco-
plot of these genes, delineating distinctions between the
high- and low-score groups. We observed that EGFR and
STK11 alterations were predominantly enriched in the
low-score group. Whereas alterations in the remaining
13 genes were more frequent within the high-score group
(Fig. 4A). Additionally, the high-score group exhibited a
higher fraction of patients involved in oncogenic signal-
ing pathways alterations. This finding was statistically sig-
nificant in the RTK-RAS pathway (£=0.0008), cell cycle
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pathway (P=0.0059), NOTCH pathway (P=0.0043),
WNT pathway (P=0.0009), TP53 pathway (P=0.0003),
Hippo pathway (P=0.0038), MYC pathway (P=0.0366),
and NRF2 pathway (P=0.0262) (Fig. 4B), suggesting a
potential biological underpinning for risk categorization.

The complete gene profiles of the pathways were shown

in Figure S6.

SBS signatures were discerned to reveal underlying
mutagenic processes. SBS2 (APOBEC Cytidine Deami-

nase [C>T]),

SBS4 (exposure to tobacco [smoking]
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mutagens), and SBS5 (Unknown) demonstrated varia-
tions in distribution between the two groups (Figure S7
and Fig. 4C). Particularly, Signature 2 (SBS4), which is
associated with a smoking history, was significantly more

prevalent in the high-score group. In contrast, signature
1 (SBS2, APOBEC Cytidine Deaminase [C>T]) was more
abundant in the low-score group (Fig. 4D). Moreover, of
the 13 genes enriched in the high-score group, nine were
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also characteristic of Signature 2 (the red genes under the
blue bars) (Fig. 4E). These results illustrated the strong
association between the high-score group and smoking.
Further correlation analysis demonstrated a direct asso-
ciation between smoking, ICIs response, and the VAF
stratification system (Fig. 4F). The smoking population
tended to achieve a higher proportion of DCB (Fig. 4G),
and K-M analysis showed a significantly improved PES in
smoking patients (Fig. 4H).

Separate analyses of SBS signatures within the high-
and low-score groups provided further insights. In
the high-score group, signatures corresponded to
SBS13 (APOBEC Cytidine Deaminase [C>G]), SBS5
(Unknown), and SBS4 (exposure to tobacco [smok-
ing] mutagens), respectively. Signatures extracted from
the low-score group matched SBS2 (APOBEC Cytidine
Deaminase [C>T]) and SBS3 (defects in DNA-double-
strand break [DSB] repair by homologous recombination
[HR]) (Figure S7 and Fig. 4D). These divergent profiles
suggest that various etiological factors may underlie the
distinct mutational landscapes, potentially influencing
the therapeutic responses to ICIs.

Transcriptomic landscape mapping of the dysregulated
pathways in VAF-related stratification system

To elucidate the biological underpinnings of the model,
we conducted a comprehensive analysis of the genomic
and transcriptomic data from 952 NSCLC patients
derived from TCGA. Each patient was evaluated using
the VAF-related model. Subsequently, WGCNA identi-
fied 5 modules correlated with the stratification system.
Four of these modules—green, turquoise, red, and yel-
low—were associated with the low-score group, while
the brown module was indicative of the high-score group
(Fig. 5A-B, Figure S8 and Table S4).

Functional pathway analysis of the characteristic
genes within these modules was performed using GO
and KEGG enrichment analyses (Table S8-9). The low-
score gene modules were notably enriched in pathways
pertaining to cellular interaction, inflammation, and
cytoskeleton organization, such as cytoskeleton in mus-
cle cells, ECM-receptor interaction, focal adhesion, leu-
kocyte transendothelial migration, cytokine-cytokine
receptor interaction, and complement and coagulation
cascades. Conversely, the high-score group exhibited
significant enrichment in DNA damage response (DDR)
pathways, such as cell cycle, DNA replication, base exci-
sion repair (BER), mismatch repair (MMR), and homolo-
gous recombination (HRR) (Fig. 5C and Figure S9-10).

GSEA of the whole gene set further substantiated
these findings. The analysis demonstrated enrich-
ment for cell adhesion molecules, chemokine signal-
ing pathway, cytokine-cytokine receptor interaction,
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viral protein interaction with cytokine and cytokine
receptor, efferocytosis, endocytosis, and regulation of
actin cytoskeleton in the low-score group (Fig. 5D).
In the high-score group, GSEA revealed enrichment
for chemical carcinogenesis-DNA adducts pathway
(Fig. 5D).

Reshape of tumor immune microenvironment

in VAF-related stratification system

To investigate TME discrepancies between the high-
and low-score groups, we employed the CIBERSORTx
algorithm to calculate the composition of tumor-infil-
trating immune cells. The high-score group exhibited
a higher abundance of immune cells. We identified five
cell types with significant differences between the two
groups. The low-score group contained a reduced pro-
portion of CD8*T cells (P=0.0236), activated memory
CD4™T cells (P=0.0079), follicular helper T cells (Tfh)
(P=0.0066), activated NK cells (P=0.0322), and M1
macrophage (P=0.0117) (Fig. 6A and Table S5). Addi-
tionally, IF staining was performed to assess CD8*T
cell presence within the local cohort of 23 patients.
Logistic regression analysis showed that the CD8"T
cells was statistically associated with the high-score
group (P=0.0127) (Fig. 6B). Figure 6C illustrates a
comparison of staining intensity in a typical case of
the high-score group (PFS=17.0 months, average CD8
positive intensity: 331.87) and a case of the low-score
group (PFS=3.7 months, average CD8 positive inten-
sity: 215.79).

Moreover, we applied Ecotyper [34] to further estimate
the detailed cell states of each cell type. We found that
exhausted/effector memory (S03) CD8 T cells were sig-
nificantly elevated in the high-score group (P=0.0015),
which may account for the preferable response to ICIs in
this group (Fig. 6D-E). Classical M1 (S03), which dem-
onstrate an anti-tumor function, was also higher in the
high-score group, while Classical MO (normal-enriched)
(S02) was lower (P=0.0675) (Fig. 6E). This result sug-
gests a potential transformation from MO to M1 in the
high-score group. CD4 T cell (P=0.0083) and NK cell
(P=0.0120) also showed statistically different com-
positions of cell states (Fig. 6E). Other cell types were
shown in the supplementary materials (Figure S11 and
Table S6-7).

In summary, our findings highlight the critical role of
gene alterations in reconfiguring the TME, which con-
sequently influences tumor immunity and modulates
responses to ICI therapies. The pronounced disparity in
CDS8*T cell infiltration between the high- and low-score
groups particularly illustrates the immune mediation role
of genomic variations in ICI treatment.
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Fig. 5 Transcriptomic landscape mapping of the dysregulated pathways in VAF-related stratification system A Clustering dendrogram obtained

by average linkage hierarchical clustering. The color row underneath the dendrogram shows the module assignment determined by the Dynamic
Tree Cut. B Module-trait relationships. Each row corresponds to one module eigengene (labeled by color). Blue color represents a negative
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Fig. 6 Tumor immune microenvironment analysis in VAF-related stratification system A Comparison of infiltrated immune cells

between the high- and low-score groups. The P value was calculated by Wilcoxon rank sum test. B Multivariate logistic regression model

of the clinical factors and CD8 average positive intensity of immunofluorescence (IF) staining in local cohort. P values calculated from multivariable
logistic regression. C IF staining of CD8 average positive intensity in patients of low- and high-score group, respectively. The color “white” indicated
CD8 staining, the color “blue”indicated DAPI for nuclear visualization. PFS, progression-free survival. Average CD8 positive intensity, high-score
group (DCB, PFS=17.0 month): 331.87, low-score group (NDB, PFS=3.7 month): 215.79. D Heatmap of CD8 T cell states. Cell states: Naive/

central memory (S01), Late-stage differentiated effector (502), Exhausted/effector memory (S03). E Cell states of CD8 T cell, CD4 T cell, NK cell,

and Monocyte/Macrophage between high- and low-score groups. Chi-square test. The detailed cell states of each cell type were shown in Table S7.

Levels of significance: *: P <0.05; **: P <0.01; ***: P<0.001; ****: P <0.0001.

Discussion

Despite extensive efforts being made in the field of
immunotherapy [6-8], the availability of predictive bio-
markers for ICIs remains limited, and the mechanisms
underlying ICI resistance are not fully understood.
Gene alterations have shown prominent contributions
in reshaping TME and influencing responses to ICls
[13-16]. The mutational VAF may serve as a promis-
ing and reliable biomarker. To address the shortcom-
ings of existing biomarkers, we focused on oncogenetic
mutational VAF and developed a stratification system
aimed at differentiating ICI responses in patients with
NSCLC. Subsequently, we investigated the mutational
and transcriptomic landscape associated with the VAF-
related model and analyzed the composition of tumor-
infiltrating immune cells in high- and low-score groups.

The MSK cohort was utilized in model construc-
tion and internal validation, leveraging MSK-IMPACT
Sequencing—a hybridization capture-based next gen-
eration sequencing (NGS) assay. An external cohort
employing WES assay further validated the model. The
consistency across these disparate platforms bolsters the
robustness of the VAF-related model. Additionally, VAF
detection is potentially a more stable, technically feasible,
and cost-effective predictor compared to current bio-
markers. Recent studies have demonstrated the ability to
detect VAFs as low as 0.1% using approaches such as low-
depth NGS or quantitative PCR with multiplex blocker
displacement amplification (mBDA) method [35, 36],
further supporting VAF’s utility as a clinical biomarker.

The majority of gene alterations implicated in our
model, including PTPRT, EPHA3, ERBB4, ATRX,
PTPRD, AMERI1, TERT, HGF, POLE, NTRK3, EPHAS,
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ALK, and PGR, were positively correlated with the high-
score group and favorable ICI responses. For some of
these genes, like PTPRT (37, 38], PTPRD [38], ERBB4
[39], ATRX [40], TERT [41], POLE [8], NTRK3 [42],
EPHAS [43], and ALK [14], previous literature has high-
lighted their potential roles as biomarkers for ICIs ther-
apy in NSCLC. Our study firstly reported the significance
of EPHA3, AMERI1, HGF, and PGR alterations. Consist-
ent with prior research, these genes were associated with
DDR pathways, a higher TMB, and increased infiltration
of tumor infiltrating lymphocytes (TILs). TERT was a
catalytic subunit of telomerase, and played an impor-
tant role in cancer proliferation, invasion, and DNA
damage response [44, 45]. POLE encoded the catalytic
and proofreading subunits of DNA polymerase, affect-
ing DNA replication and proofreading [46]. EPHA3 was
reported related to tumor-specific antigens presented by
HLA class II molecules to CD4™T cells [47]. HGF was
positively correlated with PD-L1 and promoted immune
escape in EGFR-TKI resistance NSCLC patients [48].
PTPRT mutations were related to a higher TMB, and
increased infiltration of TILs [37]. PTPRD/PTPRT co-
mutations exhibited an improved immune-activated
phenotype than mutated alone [38]. ERBB4, NTRK3, and
EPHAS mutations also had similar effects on TMB and
TILs [39, 42, 43].

Interestingly, gene alterations in EGFR and STKII
attracted an immunosuppressive TME. Our findings
revealed a decrease in TILs, especially a decrease in
exhausted/effector memory CD8 T cells, in the low-
score group, characterized by an accumulation of EGFR
and STK1I mutations. Previous research has shown that
EGFR mutations can lead to reduced PD-L1 expression,
diminished T-cell infiltration, and a shrinking propor-
tion of PD-L17/CD8" TILs [49]. A lack of CD8™ tissue-
resident memory (TRM) cells in EGFR-mutated lung
adenocarcinoma might be a key factor contributing to
a suppressive TME [50]. Tumors with STK11 mutations
are typified by excessive production of pro-inflamma-
tory cytokines (IL6, G-CSF, and CXCL-7), accumulation
of neutrophils with T-cell suppressive capacities, and
low expression of PD-L1[16, 51]. Hence, specific gene
alterations can remodel the TME, resulting in diverse
responses to ICIs. However, the intrinsic regulatory
mechanisms linking gene alterations and the TME rep-
resent a complex and dynamic system. DDR-related
mutations, for example, can increase genomic instabil-
ity, generate tumor neoantigens, and improve tumor
recognition by the adaptive immune system, leading to
TIL recruitment [52, 53]. Conversely, certain oncogene
mutations can attract immunosuppressive, resulting in a
CD8'T cell-deficient TME.
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Our mutational signature analysis highlighted signifi-
cant differences between high- and low-score groups.
In regard to APOBEC-driven SBS signatures, SBS2
(APOBEC C>T) was enriched in the low-score group,
while SBS13 (APOBEC C> @) was enriched in the high-
score group. The high-score group was also character-
ized by SBS4 (exposure to tobacco [smoking] mutagens).
A recent genomic study revealed that tobacco-driven
SBS4 and APOBEC signature SBS13 were enriched in
stop-gain mutations (SGMs) in various cancer types [54].
C>@G and C> A mutations are common to SBS13, while
C>T mutations are common to SBS2. This accounted for
why SBS13 was preferable to SBS2 in converting codons
to stop codons (TAG, TAA, and TGA). Notably, SGMs
are the most disruptive class of SNVs that induces pro-
tein loss of function (LOF), implicating these possibly as
sources of neoantigens and correlating with increased
TILs in the high-score group.

Due to the complexity of co-mutation and gene inter-
actions, developing a collaborative mutational profile to
integrate complementary oncogenes is of critical impor-
tance for personalized oncology. In this study, we con-
structed a VAF-related model and integrated genomic
and transcriptomic data to probe the initial mechanisms
underlying the response to ICIs. Inevitably, there are
several limitations. In clinical practice, combinations
of anti-PD-(L)1 therapy with other treatments, such as
chemotherapy or anti-angiogenic therapy, are commonly
used. The number of patients using combined anti-PD-
(L)1 therapies in this study was limited. It is essential
to verify the stratification system and investigate resist-
ance mechanisms within a larger cohort receiving vari-
ous combined ICI therapies. Additionally, our study lacks
access to randomized trial data. Ideally, a test for inter-
action between treatment exposure and the biomarker
would be necessary to verify the predictive role of the
biomarker [55]. Future research should aim at validating
the model in randomized controlled trials to better eluci-
date its predictive capabilities. Furthermore, the detailed
biological functions of the mutated genes within the
TME warrant more in-depth investigation. Future work
should also focus on developing reliable detection meth-
ods with acceptable technical feasibility and attempting
to validate the model based on circulating tumor DNA
(ctDNA), which will further extend the clinical applica-
tion of the model.

In conclusion, we have established a VAF-related model
for differentiating ICI response in NSCLC, highlighting
the importance of precision therapy. The VAF mutational
profile provides a valuable biomarker that enhances the
stratification and treatment management of NSCLC
patients using ICI therapy. Notably, it complements
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PD-L1 and TMB biomarkers, demonstrating its applica-
tion in clinical personalized medicine.

Abbreviations

AUC Area under the curve

BOR Best overall response

COSMIC Catalogue of somatic mutations in cancer
CR Complete response

cl Confidence interval

CTLA-4 Cytotoxic T-lymphocyte antigen 4

DCB Durable clinical benefit

FC Fold change

FPKM Fragments per kilobase of transcript per million mapped reads
GO Gene ontology

GSEA Gene set enrichment analysis

HR Hazard ratio

ICls Immune checkpoint inhibitors

IF Immunofluorescence

HC Immunohistochemistry

K-M Kaplan-Meier

KEGG Kyoto Encyclopedia of Genes and Genomes

LASSO Least Absolute Shrinkage and Selection Operator
LOF Loss of function

MAD Median absolute deviation
mPFS Median progression-free survival
MSK-IMPACT ~ Memorial Sloan Kettering-Integrated Mutation Profiling of

Actionable cancer targets
MSI Microsatellite instability

dMMR Mismatch-repair deficiency

mBDA Multiplex blocker displacement amplification
NGS Next generation sequencing

NDB No durable benefit

NMF Non-negative matrix factorization

NSCLC Non-small cell lung cancer

NES Normalized enrichment score

oS Overall survival

PR Partial response

PD-1 Programmed death 1

PD-L1 Programmed death-ligand 1

PD Progressive disease

PFS Progression-free survival

ROC Receiver operating characteristic

RECIST Response evaluation criteria in solid tumors
SBS Single-base substitution

SNPs Single nucleotide polymorphisms

SNV Single nucleotide variant

) Stable disease

SGMs Stop-gain mutations

TCGA The Cancer Genome Atlas

TOM Topological overlap matrix

TiTv Transversions

TME Tumor immune microenvironment

TLs Tumor infiltrating lymphocytes

TMB Tumor mutation burden

TSA Tyramide signal amplification

VAF Variant allele frequency

WGCNA Weighted gene co-expression network analysis
WES Whole-exome sequencing

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512967-024-05400-7.

Supplementary material 1.
Supplementary material 2.
Supplementary material 3.

Supplementary material 4.

Page 13 of 15

Acknowledgements
We would like to thank all patients, their families, and study investigators.

Author contributions

YKS and XHH designed and supervised the research. RYG, NL, LL, and PX
collected the patient samples and clinical data. RYG, NL, LT, and JRY did the
experiments and collect the data. RYG, NL, and TJX performed bioinformatic
and statistical analysis of the data. RYG and NL wrote the manuscript. YKS and
XHH revised the manuscript. All authors have reviewed the manuscript and
approved the final version.

Funding

This work was supported by the National High Level Hospital Clinical Research
Funding (2022-PUMCH-B-033) and Major Project of Medical Oncology

Key Foundation of Cancer Hospital Chinese Academy of Medical Sciences
(CICAMS-MOMP2022006).

Availability of data and materials

The data associated with the findings of this study are available in the main
text or supplementary materials. The raw data that support this study are
available from the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate

This study was approved by the Ethics Committee of the National Cancer
Center/National Clinical Research Center for Cancer/Cancer Hospital, Chinese
Academy of Medical Sciences & Peking Union Medical College (Permission No.
19-019/1804). Informed consent was obtained from individual or guardian
participants.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

' Department of Medical Oncology, National Cancer Center/National Clinical
Research Center for Cancer/Cancer Hospital, Beijing Key Laboratory of Clinical
Study On Anticancer Molecular Targeted Drugs, Chinese Academy of Medical
Sciences & Peking Union Medical College, No. 17 Panjiayuan Nanli, Chaoyang
District, Beijing 100021, China. 2Department of Clinical Laboratory, National
Cancer Center/National Clinical Research Center for Cancer/Cancer Hospital,
Beijing Key Laboratory of Clinical Study On Anticancer Molecular Targeted
Drugs, Chinese Academy of Medical Sciences & Peking Union Medical College,
No. 17 Panjiayuan Nanli, Chaoyang District, Beijing 100021, China. *Depart-
ment of Pathology, National Cancer Center/National Clinical Research Center
for Cancer/Cancer Hospital, Beijing Key Laboratory of Clinical Study On
Anticancer Molecular Targeted Drugs, Chinese Academy of Medical Sciences
& Peking Union Medical College, No. 17 Panjiayuan Nanli, Chaoyang District,
Beijing 100021, China. “Clinical Pharmacology Research Center, Peking Union
Medical College Hospital, State Key Laboratory of Complex Severe and Rare
Diseases, NMPA Key Laboratory for Clinical Research and Evaluation of Drug,
Beijing Key Laboratory of Clinical PK & PD Investigation for Innovative Drugs,
Chinese Academy of Medical Sciences & Peking Union Medical College,
Beijing 100730, China.

Received: 6 April 2024 Accepted: 13 June 2024
Published online: 18 June 2024

References

1. Borghaei H, Paz-Ares L, Horn L, Spigel DR, Steins M, Ready NE, Chow LQ,
Vokes EE, Felip E, Holgado E, Barlesi F, Kohlhaufl M, Arrieta O, Burgio MA,
Fayette J, Lena H, Poddubskaya E, Gerber DE, Gettinger SN, Rudin CM,
Rizvi N, Crino L, Blumenschein GR Jr, Antonia SJ, Dorange C, Harbison
CT, Graf Finckenstein F, Brahmer JR. Nivolumab versus docetaxel in


https://doi.org/10.1186/s12967-024-05400-7
https://doi.org/10.1186/s12967-024-05400-7

Gao et al. Journal of Translational Medicine

(2024) 22:576

advanced nonsquamous non-small-cell lung cancer. N Engl J Med.
2015;373:1627-39.

Reck M, Rodriguez-Abreu D, Robinson AG, Hui R, Csoszi T, Fulop A,
Gottfried M, Peled N, Tafreshi A, Cuffe S, O'Brien M, Rao S, Hotta K, Leiby
MA, Lubiniecki GM, Shentu Y, Rangwala R, Brahmer JR, Investigators K.
Pembrolizumab versus chemotherapy for PD-L1-positive non-small-cell
lung cancer. N Engl J Med. 2016;375:1823-33.

Zhou F, Qiao M, Zhou C. The cutting-edge progress of immune-check-
point blockade in lung cancer. Cell Mol Immunol. 2021;18:279-93.
Kalbasi A, Ribas A. Tumour-intrinsic resistance to immune checkpoint
blockade. Nat Rev Immunol. 2020;20:25-39.

Sharma P, Hu-Lieskovan S, Wargo JA, Ribas A. Primary, adaptive, and
acquired resistance to cancer immunotherapy. Cell. 2017;168:707-23.
Mazzaschi G, Madeddu D, Falco A, Bocchialini G, Goldoni M, Sogni F,
Armani G, Lagrasta CA, Lorusso B, Mangiaracina C, Vilella R, Frati C, Alfieri
R, Ampollini L, Veneziani M, Silini EM, Ardizzoni A, Urbanek K, Aversa F,
Quaini F, Tiseo M. Low PD-1 Expression in Cytotoxic CD8(+) tumor-infil-
trating lymphocytes confers an immune-privileged tissue microenviron-
ment in NSCLC with a prognostic and predictive value. Clin Cancer Res.
2018;24:407-19.

Le DT, Durham JN, Smith KN, Wang H, Bartlett BR, Aulakh LK, Lu S,
Kemberling H, Wilt C, Luber BS, Wong F, Azad NS, Rucki AA, Laheru D,
Donehower R, Zaheer A, Fisher GA, Crocenzi TS, Lee JJ, Greten TF, Duffy
AG, Ciombor KK, Eyring AD, Lam BH, Joe A, Kang SP, Holdhoff M, Danilova
L, Cope L, Meyer C, Zhou S, Goldberg RM, Armstrong DK, Bever KM, Fader
AN, Taube J, Housseau F, Spetzler D, Xiao N, Pardoll DM, Papadopoulos N,
Kinzler KW, Eshleman JR, Vogelstein B, Anders RA, Diaz LA Jr. Mismatch
repair deficiency predicts response of solid tumors to PD-1 blockade.
Science. 2017;357:409-13.

Rizvi NA, Hellmann MD, Snyder A, Kvistborg P, Makarov V, Havel JJ, Lee
W, Yuan J, Wong P, Ho TS, Miller ML, Rekhtman N, Moreira AL, Ibrahim

F, Bruggeman C, Gasmi B, Zappasodi R, Maeda Y, Sander C, Garon EB,
Merghoub T, Wolchok JD, Schumacher TN, Chan TA. Cancer immunology
Mutational landscape determines sensitivity to PD-1 blockade in non-
small cell lung cancer. Science. 2015;348(2015):124-8.

Kang YJ, O'Haire S, Franchini F, Macrae F, Canfell K, Steinberg J. A scoping
review and meta-analysis on the prevalence of pan-tumour biomarkers
(dMMR, MSI, high TMB) in different solid tumours. Sci Rep. 2022;12:20495.
Li C, Huang C, Mok TS, Zhuang W, Xu H, Miao Q, Fan X, Zhu W, Huang

Y, Lin X, Jiang K, Hu D, Chen X, Huang P, Lin G. Comparison of 22C3

PD-L1 expression between surgically resected specimens and paired
tissue microarrays in non-small cell lung cancer. J Thorac Oncol.
2017;12:1536-43.

. Hong L, Negrao MV, Dibaj SS, Chen R, Reuben A, Bohac JM, Liu X,

Skoulidis F, Gay CM, Cascone T, Mitchell KG, Tran HT, Le X, Byers LA,
Sepesi B, Altan M, Elamin YY, Fossella FV, Kurie JM, Lu C, Mott FE, Tsao AS,
Rinsurongkawong W, Lewis J, Gibbons DL, Glisson BS, Blumenschein GR
Jr, Roarty EB, Futreal PA, Wistuba JA I, Roth SG, Swisher VA, Papadimitra-
kopoulou JV, Heymach JJ, Lee GR, Simon JZ. Programmed death-ligand

1 heterogeneity and its impact on benefit from immune checkpoint
inhibitors in NSCLC. J Thorac Oncol. 2020;15(2020):1449-59.

Schoenfeld AJ, Rizvi H, Bandlamudi C, Sauter JL, Travis WD, Rekhtman N,
Plodkowski AJ, Perez-Johnston R, Sawan P, Beras A, Egger JV, Ladanyi M,
Arbour KC, Rudin CM, Riely GJ, Taylor BS, Donoghue MTA, Hellmann MD.
Clinical and molecular correlates of PD-L1 expression in patients with
lung adenocarcinomas. Ann Oncol. 2020;31:599-608.

Sugiyama E, Togashi Y, Takeuchi Y, Shinya S, Tada Y, Kataoka K, Tane K, Sato
E, Ishii G, Goto K, Shintani 'Y, Okumura M, Tsuboi M, Nishikawa H. Blockade
of EGFR improves responsiveness to PD-1 blockade in EGFR-mutated
non-small cell lung cancer. Sci Immunol. 2020;5:43.

Mazieres J, Drilon A, Lusque A, Mhanna L, Cortot AB, Mezquita L, Thai AA,
Mascaux C, Couraud S, Veillon R, Van den Heuvel M, Neal J, Peled N, Fruh
M, Ng TL, Gounant V, Popat S, Diebold J, Sabari J, Zhu VW, Rothschild S|,
Bironzo P, Martinez-Marti A, Curioni-Fontecedro A, Rosell R, Lattuca-Truc
M, Wiesweg M, Besse B, Solomon B, Barlesi F, Schouten RD, Wakelee H,
Camidge DR, Zalcman G, Novello S, Ou S, Milia J, Gautschi O. Immune
checkpoint inhibitors for patients with advanced lung cancer and onco-
genic driver alterations: results from the IMMUNOTARGET registry. Ann
Oncol. 2019;30:1321-8.

Negrao MV, Skoulidis F, Montesion M, Schulze K, Bara I, Shen V, Xu H,
Hu'S, Sui D, Elamin YY, Le X, Goldberg ME, Murugesan K, Wu CJ, Zhang

20.

21.

22.

23.

24.

25.

26.

28.

Page 14 of 15

J, Barreto DS, Robichaux JP, Reuben A, Cascone T, Gay CM, Mitchell

KG, Hong L, Rinsurongkawong W, Roth JA, Swisher SG, Lee J, Tsao A,
Papadimitrakopoulou V, Gibbons DL, Glisson BS, Singal G, Miller VA,
Alexander B, Frampton G, Albacker LA, Shames D, Zhang J, Heymach
JV. Oncogene-specific differences in tumor mutational burden, PD-L1
expression, and outcomes from immunotherapy in non-small cell lung
cancer. J Immunother Cancer. 2021,9:8.

. Biton J, Mansuet-Lupo A, Pecuchet N, Alifano M, Ouakrim H, Arrondeau

J, Boudou-Rougquette P, Goldwasser F, Leroy K, Goc J, Wislez M, Germain
C, Laurent-Puig P, Dieu-Nosjean MC, Cremer |, Herbst R, Blons H, Damotte
D.TP53, STK11, and EGFR mutations predict tumor immune profile and
the response to anti-PD-1 in lung adenocarcinoma. Clin Cancer Res.
2018;24:5710-23.

. Long J,Wang D, Yang X, Wang A, Lin Y, Zheng M, Zhang H, Sang X, Wang

H, Hu K, Zhao H. Identification of NOTCH4 mutation as a response bio-
marker for immune checkpoint inhibitor therapy. BMC Med. 2021;19:154.

. Zhang J, Zhou N, Lin A, Luo P, Chen X, Deng H, Kang S, Guo L, Zhu

W, Zhang J. ZFHX3 mutation as a protective biomarker for immune
checkpoint blockade in non-small cell lung cancer. Cancer Immunol
Immunother. 2021;70:137-51.

. LuM, Zhao B, Liu M, Wu L, LiY, Zhai Y, Shen X. Pan-cancer analysis of

SETD2 mutation and its association with the efficacy of immunotherapy.
NPJ Precis Oncol. 2021;5:51.

Wang F, Zhao Q, Wang YN, Jin Y, He MM, Liu ZX, Xu RH. Evaluation of
POLE and POLD1 mutations as biomarkers for immunotherapy outcomes
across multiple cancer types. JAMA Oncol. 2019;5:1504-6.

Skoulidis F, Heymach JV. Co-occurring genomic alterations in non-small-
cell lung cancer biology and therapy. Nat Rev Cancer. 2019;19:495-509.
Moliterno AR, Kaizer H, Reeves BN. JAK2 V617F allele burden in poly-
cythemia vera: burden of proof. Blood. 2023;141:1934-42.

Shah MV, Tran ENH, Shah S, Chhetri R, Baranwal A, Ladon D, Shultz C,
Al-Kali A, Brown AL, Chen D, Scott HS, Greipp P, Thomas D, Alkhateeb HB,
Singhal D, Gangat N, Kumar S, Patnaik MM, Hahn CN, Kok CH, Tefferi A,
Hiwase DK. TP53 mutation variant allele frequency of >/=10% is associ-
ated with poor prognosis in therapy-related myeloid neoplasms. Blood
Cancer J. 2023;13:51.

Beau-Faller M, Pencreach E, Leduc C, Blons H, Merlio JP, Bringuier PP, de
Fraipont F, Escande F, Lemoine A, Ouafik L, Denis M, Hofman P, Lacave R,
Melaabi S, Langlais A, Missy P, Morin F, Moro-Sibilot D, Barlesi F, Cadranel
J. Cooperative Thoracic, Independent prognostic value of ultra-sensitive
quantification of tumor pre-treatment T790M subclones in EGFR mutated
non-small cell lung cancer (NSCLC) treated by first/second generation
TKI, depends on variant allele frequency (VAF): results of the French
cooperative thoracic intergroup (IFCT) biomarkers France project. Lung
Cancer. 2020;140:19-26.

Wang S, Xie T, LiY, Guo L, Ying J, Wang Y, Hao X, Wang X, Li J, Xing P.

Low TP53 variant allele frequency as a biomarker for anti-programmed
death (ligand) T monotherapy in lung adenocarcinoma. Cancer.
2023;129:3873-83.

Cheng DT, Mitchell TN, Zehir A, Shah RH, Benayed R, Syed A, Chandramo-
han R, Liu ZY, Won HH, Scott SN, Brannon AR, O'Reilly C, Sadowska J,
Casanova J, Yannes A, Hechtman JF, Yao J, Song W, Ross DS, Oultache A,
Dogan S, Borsu L, Hameed M, Nafa K, Arcila ME, Ladanyi M, Berger MF.
Memorial sloan kettering-integrated mutation profiling of actionable
cancer targets (MSK-IMPACT): a hybridization capture-based next-gener-
ation sequencing clinical assay for solid tumor molecular oncology. J Mol
Diagn. 2015;17:251-64.

. Hellmann MD, Nathanson T, Rizvi H, Creelan BC, Sanchez-Vega F, Ahuja

A, Ni A, Novik JB, Mangarin LMB, Abu-Akeel M, Liu C, Sauter JL, Rekhtman
N, Chang E, Callahan MK, Chaft JE, Voss MH, Tenet M, Li XM, Covello K,
Renninger A, Vitazka P, Geese WJ, Borghaei H, Rudin CM, Antonia SJ,
Swanton C, Hammerbacher J, Merghoub T, McGranahan N, Snyder A,
Wolchok JD. Genomic features of response to combination immuno-
therapy in patients with advanced non-small-cell lung cancer. Cancer
Cell. 2018;33:843-52.

Miao D, Margolis CA, Vokes NI, Liu D, Taylor-Weiner A, Wankowicz SM,
Adeegbe D, Keliher D, Schilling B, Tracy A, Manos M, Chau NG, Hanna
GJ, Polak P, Rodig SJ, Signoretti S, Sholl LM, Engelman JA, Getz G, Janne
PA, Haddad RI, Choueiri TK, Barbie DA, Haqg R, Awad MM, Schadendorf D,
Hodi FS, Bellmunt J, Wong KK, Hammerman P, Van Allen EM. Genomic



Gao et al. Journal of Translational Medicine (2024) 22:576

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

correlates of response to immune checkpoint blockade in microsatellite-
stable solid tumors. Nat Genet. 2018;50:1271-81.

Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP. Maftools: efficient
and comprehensive analysis of somatic variants in cancer. Genome Res.
2018;28:1747-56.

Sondka Z, Dhir NB, Carvalho-Silva D, Jupe S, Madhumita K, McLaren M,
Starkey S, Ward J, Wilding M, Ahmed J, Argasinska D, Beare MS, Chawla
S, Duke |, Fasanella AG, Neogi S, Haller B, Hetenyi L, Hodges A, Holmes
R, Lyne T, Maurel S, Nair H, Pedro A, Sangrador-Vegas H, Schuilenburg Z,
Sheard SY, Yong JT. COSMIC: a curated database of somatic variants and
clinical data for cancer. Nucl Acids Res. 2024;52:1210-7.

Gaujoux R, Seoighe C. A flexible R package for nonnegative matrix
factorization. BMC Bioinform. 2010;11:367.

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinform. 2008;9:559.

Wu T, HuE, XuS, Chen M, Guo P, Dai Z, Feng T, Zhou L, Tang W, Zhan L,
Fu X, Liu S, Bo X, Yu G. clusterProfiler 4.0: a universal enrichment tool for
interpreting omics data. Innovation. 2021;2:100141.

Luca BA, Steen CB, Matusiak M, Azizi A, Varma S, Zhu C, Przyby! J, Espin-
Perez A, Diehn M, Alizadeh AA, van de Rijn M, Gentles AJ, Newman AM.
Atlas of clinically distinct cell states and ecosystems across human solid
tumors. Cell. 2021;184(2021):5482-96.

Song P, Chen SX, Yan YH, Pinto A, Cheng LY, Dai P, Patel AA, Zhang DY.
Selective multiplexed enrichment for the detection and quantitation of
low-fraction DNA variants via low-depth sequencing. Nat Biomed Eng.
2021;5:690-701.

Zhang K, Rodriguez L, Cheng LY, Wang M, Zhang DY. Single-tube gqPCR
detection and quantitation of hotspot mutations down to 0.01% variant
allele fraction. Anal Chem. 2022;94:934-43.

Zhang W, Shi F, Kong Y, Li Y, Sheng C, Wang S, Wang Q. Association of
PTPRT mutations with immune checkpoint inhibitors response and
outcome in melanoma and non-small cell lung cancer. Cancer Med.
2022;11:676-91.

Wang G, Ji X, Wang H, Tang X, Xing X, Ji J. PTPRD/PTPRT mutation corre-
lates to treatment outcomes of immunotherapy and immune landscape
in pan-cancers, Chin. J Cancer Res. 2023;35:316-30.

Hu X, Xu H, Xue Q, Wen R, Jiao W, Tian K. The role of ERBB4 mutations

in the prognosis of advanced non-small cell lung cancer treated with
immune checkpoint inhibitors. Mol Med. 2021;27:126.

HouT, Jiang S,Wang Y, Xie Y, Zhang H, Feng Y, Ma F, Ma J, Liu X, Hu C.
Alpha thalassemia/intellectual disability X-linked deficiency sensitizes

non-small cell lung cancer to immune checkpoint inhibitors. Front Oncol.

2020;10: 608300.

Jiang T, Jia Q Fang W, Ren S, Chen X, Su C, Zhang L, Zhou C. Pan-cancer
analysis identifies TERT alterations as predictive biomarkers for immune
checkpoint inhibitors treatment. Clin Transl Med. 2020;10: e109.

NiuY, Lin A, Luo B, Zhu W, Wei T, Tang R, Guo L, Zhang J. Prognosis of lung
adenocarcinoma patients with NTRK3 mutations to immune checkpoint
inhibitors. Front Pharmacol. 2020;11:1213.

Chen Z, Chen J,Ren D, Zhang J, Yang Y, Zhang H, Mao B, Ma H. EPHAS5
mutations predict survival after immunotherapy in lung adenocarci-
noma. Aging. 2020;13:598-618.

Bell RJ, Rube HT, Xavier-Magalhaes A, Costa BM, Mancini A, Song JS,
Costello JF. Understanding TERT promoter mutations: a common path to
immortality. Mol Cancer Res. 2016;14:315-23.

Colebatch AJ, Dobrovic A, Cooper WA. TERT gene: its function and dys-
regulation in cancer. J Clin Pathol. 2019;72:281-4.

Ma X, Dong L, Liu X, Ou K, Yang L. POLE/POLD1 mutation and tumor
immunotherapy. J Exp Clin Cancer Res. 2022;41:216.

Chiari R, Hames G, Stroobant V, Texier C, Maillere B, Boon T, Coulie PG.
Identification of a tumor-specific shared antigen derived from an Eph
receptor and presented to CD4 T cells on HLA class Il molecules. Cancer
Res. 2000,60:4855-63.

Peng S, Wang R, Zhang X, MaY, Zhong L, Li K, Nishiyama A, Arai S, Yano S,
Wang W. EGFR-TKI resistance promotes immune escape in lung cancer
via increased PD-L1 expression. Mol Cancer. 2019;18:165.

Dong ZY, Zhang JT, Liu SY, Su J, Zhang C, Xie Z, Zhou Q, Tu HY, Xu CR, Yan
LX, Li YF, Zhong WZ, Wu YL. EGFR mutation correlates with uninflamed
phenotype and weak immunogenicity, causing impaired response to
PD-1 blockade in non-small cell lung cancer. Oncoimmunology. 2017;6:
e1356145.

Page 15 of 15

50. Yang L, He YT, Dong S, Wei XW, Chen ZH, Zhang B, Chen WD, Yang XR,
Wang F, Shang XM, Zhong WZ, Wu YL, Zhou Q. Single-cell transcriptome
analysis revealed a suppressive tumor immune microenvironment in
EGFR mutant lung adenocarcinoma. J Immunother Cancer. 2022;10:
003534,

51. Koyama S, Akbay EA, Li YY, Aref AR, Skoulidis F, Herter-Sprie GS, Bucz-
kowski KA, Liu Y, Awad MM, Denning WL, Diao L, Wang J, Parra-Cuentas
ER, Wistuba M II, Soucheray T, Thai H, Asahina S, Kitajima A, Altabef JD,
Cavanaugh K, Rhee P, Gao H, Zhang PE, Fecci T, Shimamura MD, Hellmann
JV, Heymach FS, Hodi GJ, Freeman DA, Barbie G, Dranoff PS, Hammer-
man KKW. STK11/LKB1 deficiency promotes neutrophil recruitment and
proinflammatory cytokine production to suppress T-cell activity in the
lung tumor microenvironment. Cancer Res. 2016;76:999-1008.

52. Alexandrov LB, Nik-Zainal S, Wedge DC, Aparicio SA, Behjati S, Biankin
AV, Bignell GR, Bolli N, Borg A, Borresen-Dale AL, Boyault S, Burkhardt B,
Butler AP, Caldas C, Davies HR, Desmedt C, Eils R, Eyfjord JE, Foekens JA,
Greaves M, Hosoda F, Hutter B, llicic T, Imbeaud S, Imielinski M, Jager N,
Jones DT, Jones D, Knappskog S, Kool M, Lakhani SR, Lopez-Otin C, Martin
S, Munshi NC, Nakamura H, Northcott PA, Pajic M, Papaemmanuil E, Para-
diso A, Pearson JV, Puente XS, Raine K, Ramakrishna M, Richardson AL,
Richter J, Rosenstiel P, Schlesner M, Schumacher TN, Span PN, Teague JW,
Totoki Y, Tutt AN, Valdes-Mas R, Buuren MM, Van Veer L, Vincent-Salomon
A, Waddell N, Yates LR, PedBrain |, Zucman-Rossi J, Futreal PA, McDermott
U, Lichter P Meyerson M, Grimmond SM, Siebert R, Campo E, Shibata T,
Pfister SM, Campbell PJ, Stratton MR. Signatures of mutational processes
in human cancer. Nature. 2013;500(415):421.

53. Jiang M, Jia K, Wang L, Li W, Chen B, Liu Y, Wang H, Zhao S, He Y, Zhou
C. Alterations of DNA damage response pathway: Biomarker and
therapeutic strategy for cancer immunotherapy. Acta Pharm Sin B.
2021;11:2983-94.

54. Adler N, Bahcheli AT, Cheng KCL, Al-Zahrani KN, Slobodyanyuk M, Pelleg-
rina D, Schramek D, Reimand J. Mutational processes of tobacco smoking
and APOBEC activity generate protein-truncating mutations in cancer
genomes. Sci Adv. 2023;9:3083.

55. Ballman KV. Biomarker: predictive or prognostic? J Clin Oncol.
2015;33:3968-71.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Mutational variant allele frequency profile as a biomarker of response to immune checkpoint blockade in non-small cell lung Cancer
	Abstract 
	Introduction 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Patient data collection and preparation
	Whole-exome sequencing (WES)
	Identification of potential signatures
	Construction and validation of the VAF-related model
	Genomics analyses
	Transcriptomic data preparation and differential analysis
	Pathway enrichment analysis
	Tumor immune microenvironment (TME) analysis
	Immunofluorescence (IF)
	Statistical analysis

	Results
	Patient characteristics
	Construction and validation of the VAF-related model
	High-score group of the VAF-related stratification correlated with better ICI efficacy and favorable prognosis
	VAF-related stratification combined with PD-L1 or TMB can efficiently differentiate ICI response
	Mutational landscape profiling of VAF-related stratification system
	Transcriptomic landscape mapping of the dysregulated pathways in VAF-related stratification system
	Reshape of tumor immune microenvironment in VAF-related stratification system

	Discussion
	Acknowledgements
	References


