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ABSTRACT
Background: The epidermal growth factor receptor mutant (EGFRm) non-small cell lung cancer (NSCLC) has a unique “cold” 
immune profile. DNA damage repair (DDR) genes are closely related to tumorigenesis and the effectiveness of immunotherapy 
in many tumors. However, the role and mechanism of DDR in the genesis and progression of EGFRm NSCLC remain unclear.
Methods: This study included 101 EGFRm NSCLC samples from The Cancer Genome Atlas (TCGA) dataset and a GSE31210 da-
taset (external set) from the GEO database. Cluster analysis was used to identify different subtypes of EGFRm NSCLC based on 
the expression of DDR genes. Univariate and LASSO regression analysis was used to develop a DDR-based predictive model. The 
prognostic significance of this model was assessed using Cox regression, Kaplan–Meier, and receiver operating characteristic 
(ROC) curve analyses. Bioinformatics analysis was performed to investigate the clinicopathological characteristics and immune 
profiles associated with this model. In vitro experiment was performed to testify the role of DDR genes in EGFRm NSCLC.
Results: We identified two subtypes of EGFRm NSCLC: DDR-activated and DDR-suppressed. The DDR-activated subtype 
showed more aggressive clinical behavior and poorer prognosis and was more responsive to immunotherapy. A prognostic model 
for EGFRm NSCLC was constructed using four DDR genes: CAPS, FAM83A, IGLV8-61, and SLC7A5. The derived risk score could 
serve as an independent prognostic indicator. High- and low-risk patients exhibited distinct clinicopathological characteristics, 
immune profiles, and responses to immunotherapy. The T-cell inflammation and Tumor Immune Dysfunction and Exclusion 
(TIDE) scores differed between the high- and low-risk subgroups, with both showing enhanced effectiveness of immunotherapy 
in the low-risk subgroup. Targeted therapy such as BI.2536, an inhibitor of polo-like kinase 1, could be effective for patients with 
high-risk EGFRm NSCLC. Meanwhile, in vitro detection approved the role of DDR genes in EGFRm NSCLC response.
Conclusion: This study demonstrated a diversity of DDR genes in EGFRm NSCLC and developed a predictive model using these 
genes. This model could assist in identifying potential candidates for immunotherapy and in assessing personalized treatment 
and prognosis of patients with EGFRm NSCLC.
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1   |   Introduction

Lung cancer, a common malignancy worldwide, is a primary 
contributor to cancer-related mortality [1]. Non-small cell lung 
cancer (NSCLC) is the predominant type, comprising 70%–80% 
of lung cancer [2]. Despite the availability of a range of therapies 
[3–5], the prognosis of patients with NSCLC remains poor.

Oncogenic epidermal growth factor receptor (EGFR) plays a 
key role in the development of NSCLC, especially in Asian pop-
ulations, where the prevalence of the EGFR mutation is 40%–
50% [6]. Both the advanced and early stages of EGFR-mutant 
(EGFRm) NSCLC can be effectively treated with EGFR-tyrosine 
kinase inhibitors (EGFR-TKIs) [7]. However, most patients 
eventually develop resistance to EGFR-TKIs, and immunother-
apy with immune checkpoint inhibitors (ICIs) is a promising 
strategy for these patients [8, 9]. In solid tumors, the effective-
ness of ICIs varies according to the presence of genomic alter-
ations such as deficient-mismatch repair (dMMR), microsatellite 
instability-high (MSI-H), and high tumor mutation burden 
(TMB-H) [10, 11]. The key underlying mechanism behind the 
variable response to ICIs may be the impaired DNA damage re-
pair (DDR) function.

The DDR signaling pathway plays a vital role in maintaining 
the genomic stability of human cells. Deficient DDR signaling 
leads to the accumulation of DNA lesions, which makes onco-
genes such as EGFR vulnerable to damage and drives tumori-
genesis. Conversely, EGFR activating mutations might be linked 
to deficiencies in DNA damage repair [12]. EGFR mutations can 
partly impair DDR by aberrantly regulating the expression of 
ERCC1 [13]. Tumors with DDR deficiencies accumulate higher 
genomic instability and neoantigens, which could enhance sen-
sitivity to ICIs [14]. However, EGFRm NSCLC patients typically 
respond poorly to immunotherapy due to additional factors like 
low TMB [15, 16], an immunosuppressive tumor microenviron-
ment (TME) [17, 18], and oncogenic signaling pathways [19–22]. 
Although DDR impairment might theoretically enhance sensi-
tivity to ICIs, these elements in EGFRm NSCLC counteract the 
potential benefits of immunotherapy.

To our knowledge, limited research has investigated the genomic 
and transcriptomic landscape of DDR deficiency in EGFRm 
NSCLC patients. While EGFRm NSCLC as a whole demonstrates 
poor sensitivity to ICIs, specific DDR-related gene signatures may 
help identify subsets of EGFR-mutant patients who could derive 
benefit from immunotherapy. In this study, we explored the het-
erogeneity of EGFRm NSCLC based on DDR genes using tran-
scriptome data from TCGA. Next, we assessed prognosis, clinical 
characteristics, and immunophenotypes in patients with different 
DDR pathways. Based on these analyses, we successfully con-
structed an independent prognostic model using four DDR genes.

2   |   Methods

2.1   |   Data Acquisition

The raw data of the count matrix and corresponding clinical 
data of 101 EGFRm NSCLC samples (The samples were ap-
proved by the Guangdong Provincial People's Hospital Ethics 

Committee), including lung squamous cell carcinoma (LUSC) 
and adenocarcinoma (LUAD), were obtained from The Cancer 
Genome Atlas (TCGA) database via xenabrowser (https://​xenab​
rowser.​net/​datap​ages/​). Eligibility required a histological or mo-
lecular diagnosis of LUSC or LUAD, with EGFR mutations, and 
complete transcriptome and clinical data. Exclusion criteria in-
cluded: tumors without EGFR mutations, non-LUSC or LUAD, 
or small cell mixed tumor, incomplete or missing transcriptome 
and clinical data. The counts of TCGA-LUAD and TCGA-LUSC 
were merged according to the gene name matrix (merging ma-
trix). Moreover, the GSE31210 dataset containing 226 LUAD 
samples from the Gene Expression Omnibus database (https://​
www.​ncbi.​nlm.​nih.​gov/​geo/​) was used for external validation.

2.2   |   Cluster Analysis

A total of 84 DDR genes were obtained from GeneGlobe Design 
& Analysis Hub: RT2 Profiler PCR Array Human DNA Damage 
Signaling Pathway (https://​geneg​lobe.​qiagen.​com/​ro/​produ​
ct-​groups/​rt2-​profi​ler-​pcr-​arrays/​PAHS-​029Z). The expression 
abundance of DDR genes in each sample was evaluated and the 
EGFRm samples were clustered using the Partitioning Around 
Medoids (PAM) algorithm with the ConsensusClusterPlus pack-
age (Bioconductor version: Development 3.18) [23] based on the 
expression patterns of DDR genes.

2.3   |   Gene Set Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) was conducted by R 
statistical software using the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) and Gene Ontology (GO) database [24, 25].

2.4   |   Identification of Differentially Expressed 
DDR Genes

The expression levels of DDR genes were transformed into 
Count Per Million (CPM) with edgeR [26] in R packages. Genes 
with an average value less than 10 were excluded to construct 
the final expression matrix, which was fitted into Binomial dis-
tribution and tested significance with the Fisher test between 
subgroups 84 genes retrieved.

2.5   |   Construction of Prognostic Model 
and Survival Prognosis Analysis

Samples were randomly classified into the training set and the 
testing set. To investigate the relationship between gene ex-
pression levels and survival, a univariate Cox regression anal-
ysis was conducted using the survival package on DDR genes 
from a training set. The prognostic model was constructed 
by calculating hazard ratios (HR) and p-values for all DDR 
genes and identifying DDR genes with p < 0.05 as potential 
candidate genes. To further reduce the number of DDR genes, 
the least absolute shrinkage and selection operator (LASSO) 
Cox regression analysis was conducted [27]. The time-
dependent receiver operating characteristic (ROC) curves 
were subsequently used in both of the two sets to evaluate 
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the performance of the DDR prognostic model. The risk score 
for each sample was predicted using the optimal AUC model, 
and the samples were then categorized into high-risk and low-
risk groups based on the median risk score. The risk score is 
a weighted sum of selected features, with weights given by 
the LASSO algorithm. This model enhances interpretability 
by setting less relevant feature coefficients to zero, preventing 
overfitting. Non-zero coefficients indicate each feature's con-
tribution to the risk score, allowing for individualized disease 
risk assessment [28, 29]. Finally, the clinical significance of 
this risk score was further confirmed through the Kaplan–
Meier survival analysis. The correlation analysis between the 
risk score and the clinical information (including age, sex, and 
TNM stages) was also carried out.

Based on the above analysis, it is evident that the model has the 
potential to predict survival prognoses.

2.6   |   Immune Cell Infiltration 
and Tumor Microenvironment Analysis

To assess the tumor immune microenvironment of EGFRm 
NSCLC patients, Cibersortx (https://​ciber​sortx.​stanf​ord.​edu/​) 
was utilized for the analysis of immune cell infiltration [30]. 
For analyzing the difference in immune cell scores between 
subgroups, the Wilcox test was applied. T-cell inflammation 
score was performed according to the T-cell inflammation 
marker genes and their coefficients. T-cell inflammation 
scores are often used to predict the prognosis of malignant 
tumors. The analysis of the disparity in T cell inflamma-
tion scores between subgroups was also conducted using the 
Wilcox Test. In addition, the immune therapy response was 
analyzed with TIDE (Technology insertion demonstration 
and evaluation), a computational approach that synthesizes 
expression signatures of T cell dysfunction and T cell exclu-
sion to model tumor immune evasion [31]. TIDE scores were 
determined by evaluating cytotoxic T lymphocyte (CTL) levels 
from a gene expression matrix for each sample. The web appli-
cation of TIDE is available at http://​tide.​dfci.​harva​rd.​edu. The 
expression differences between subgroups were compared 
using the Wilcoxon signed-rank test.

2.7   |   Drug Sensitive Analysis

We utilized the “pRRophetic” package based on cancer genomics 
of drug sensitivity data (GDSC, https://​www.​cance​rrxge​ne.​org/​) 
to predict the drug sensitivity between subgroups. Comparisons 
were made using half of the maximum inhibitory concentration 
(IC50).

2.8   |   Cell Culture

PC-9 NSCLC cells were obtained from the Cell Bank of the 
Shanghai Institute for Biological Sciences, Chinese Academy 
of Sciences (Shanghai, China). These cells were confirmed 
to harbor an EGFR mutant genotype. All cells were tested 
and verified to be free of Mycoplasma. Cells were cultured in 
RPMI-1640 supplemented with 1% Penicillin–Streptomycin 

solution (PBS) and 10% fetal bovine serum (FBS) at 37°C in 
5% CO2.

2.9   |   Establishment of Overexpression Cell Model

PC-9 NSCLC cells were seeded in 6-well plates overnight. 
NSCLC cells were respectively transfected with CAPS, 
IGLV8-6, FAM83A, and SLC7A5ILT4 overexpression lentivi-
rus by adding 1 mL fresh medium containing lentivirus for 
48 h (Genechem Inc). Then the virus transfection enhancer 
(5 μg/mL) was added to the medium. The medium was re-
placed using serum-free medium and cells were cultured for 
an additional 24 h. Finally, screening PC-9 cells for stable 
transfection.

2.10   |   Western Blotting

All cells were harvested and washed twice using phosphate 
buffered solution and then lysed in leupeptin for half an hour on 
ice followed by the removal of insoluble material by centrifuga-
tion. Equal amounts of protein were loaded into sodium dodecyl 
sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) for elec-
trophoresis and immunoblotted with the indicated antibodies. 
The primary antibodies were as follows: anti-Ki-67 (Abcam, 
ab15580), anti-Bcl2 (Abcam, ab182858), and anti-Caspase 
(Abcam, ab207802). Subsequently, the membranes were washed 
and incubated with secondary antibodies. Bands were visual-
ized using the enhanced chemiluminescence (ECL) chemilumi-
nescent detection reagent.

2.11   |   RNA Isolation and Quantitative 
Real-Time PCR

All cells were harvested and RNA was extracted using the TRIzol 
Reagent (TaKaRa) and quantified by the NanoDropND-1000 
Spectrophotometer (Thermo Fisher Scientific). According to 
the manufacturer's instructions, the cDNA was synthesized 
from purified total RNA using the HiScript III RT SuperMix 
for quantitative PCR (Vazyme; Cat No. R323-01). Quantitative 
PCR was performed with iTaqTM Universal SYBR Green 
Supermix (Bio-Rad). mRNA levels were normalized to β-Actin 
mRNAlevels. The specific primers used as follows: KI67: for-
ward, 5′-ATACGTGAACAGGAGCCAG-3′, reverse, 5′-CCT  
TGGAATCTTGAGCTTTCTC-3′; BCL2: forward, 5′-GGATGC  
CTTTGTGGAACTG-3′, reverse, 5′-CAGCCAGGAGAAATCA  
AACAG-3′; CASPASE: forward, 5′-ATCACAGGCATGACAA  
TGC-3′, reverse, 5′-TAGTCATGTCCGAAGCAGTG-3′; β-actin:   
forward, 5′-CTCCATCCTGGCCTCGCTGT-3′, reverse, 5′-GCT  
GCTACCTTCACCGTTCC-3′.

2.12   |   Transwell In Vitro Cell Migration 
and Invasion Assays

The lower chamber of the transwell system was added an ap-
propriate amount of serum and 200 uL RPM Imedium was 
added into the upper chamber. The transwell system was 
placed at 37°C and incubated in 5% CO2 constant temperature 
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incubator for 2 h. Then the cells were digested with 2.5% tryp-
sin and diluted 105 cells to 200 μL RPMI medium without 
blood serum in the upper chamber. 600 μL RPMI medium 
with 10% FBS was added in the lower chamber. The transwell 
system was placed in a constant temperature incubator at 
37°C for 48 h. The upper chamber was taken out and wiped 
with a cotton swab dipped in PBS. Then, cells were fixed with 
4% paraformaldehyde and stained with 0.5% crystal violet dye 
for 15 min, followed by washing with PBS buffer several times. 
Finally, the cells were observed under a microscope (BX 51, 
Olympus). Quantitative analysis was performed using Image 
Pro Plus software (version 6.0; Media Cybernetics, Silver 
Spring, MD, USA).

2.13   |   Statistical Analysis

Survival curves were generated using the Kaplan–Meier method 
to assess differences in survival outcomes between the two sub-
groups. The log-rank test was employed to determine the sta-
tistical significance of the observed differences. To evaluate the 
potential prognostic value of individual DDR genes, Cox propor-
tional hazards regression analysis was performed. Additionally, 
both the t-test and the Wilcoxon signed-rank test were used 
to compare gene expression levels between the subgroups and 
assess the significance of the differences. R software (version 
4.2.2) was used to perform all statistical analyses and visualiza-
tions. In all statistical analyses, significance was determined by 
p < 0.05.

3   |   Results

3.1   |   Classification of Patients With EGFRm 
NSCLC Based on DDR Genes and Clinical 
Characteristics Between Subgroups

Figure 1 shows a flowchart of the study. First, we downloaded 
transcriptome profiling data and corresponding clinical data 
of 101 EGFRm NSCLC samples from the TCGA database. The 
clinical characteristics of these patients are shown in Table 1. 
We obtained a list of 84 DDR genes (Table S1) and performed 
consensus clustering analysis to identify different subtypes of 
EGFRm NSCLC based on the expression pattern of these DDR 
genes. As shown in Figure 2A, the 101 EGFRm NSCLC patients 
were divided into two distinct subtypes. Cluster 1 (n = 56, 55.4%) 
was classified as the DDR-activated subtype because of a no-
table increase in expression levels of most DDR genes within 
this cluster. Cluster 2 (n = 45, 44.6%) was classified as the DDR-
suppressed subtype because of the comparative decrease in 
DDR gene expression. We then explored the differences in the 
clinical features between the subgroups using the t-test. No sig-
nificant differences in age, race, or TNM stage were observed 
between the two subgroups (Figure 2B). Additionally, the DDR-
activated group showed a higher frequency of males (Figure 2B). 
Furthermore, the survival curves showed that individuals in 
the DDR-suppressed subgroup had significantly longer overall 
survival (OS) than those in the DDR-activated subgroup (HR, 
0.46; 95% confidence interval [CI], 0.219–0.982; p = 0.040) 
(Figure 2C).

3.2   |   Differential Immune Microenvironment 
Between the EGFRm NSCLC Subgroups

The TME refers to the internal environment in which tumors 
originate and reside. Previous studies have revealed the role 
of the TME in cancer progression and its response to therapy 
[32]. Increasing evidence has shown that the TME is crucial to 
the outcomes of immunotherapy [33]. We compared the TME 
score using the Wilcoxon signed-rank test. to reveal the im-
munotherapeutic responses between the two EGFRm NSCLC 
subtypes. The TME score of the DDR-activated subtype was 
significantly higher than that of the DDR-suppressed subtype 
(Figure 3A).

The TME comprises both tumor and nontumor cells including 
immune cells, fibroblasts, and endothelial cells, and the activ-
ity of these cells, particularly immune cells, is closely linked 
to tumor growth [34, 35]. Thus, we analyzed the immune cell 
fraction in the different subpopulations utilizing the Wilcoxon 
signed-rank test. The results showed that the proportions of 
M0 (p < 0.01) and M1 macrophages (p < 0.01), neutrophils (p < 
0.01), CD4 memory-activated T cells (p < 0.001), and follicular 
helper T cells (p < 0.05) were significantly higher in the DDR-
activated subgroup than those in the DDR-suppressed subgroup 
(Figure 3B). In contrast, we observed higher fractions of resting 
dendritic cells (p < 0.001), resting mast cells (p < 0.01), mono-
cytes (p < 0.01), and regulatory T cells (Tregs) (p < 0.05) in the 
DDR-suppressed subgroup (Figure 3B).

To investigate the causes of the variations in the immune mi-
croenvironment observed in the two subgroups, we conducted 
an additional analysis of the relationship between immune cells. 
The correlation heatmap showed that the interaction patterns 
of immune cells differed between the two subgroups. In the 

FIGURE 1    |    Study flowchart.
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DDR-activated subgroup, there was a positive interaction be-
tween activated natural killer (NK) cells and follicular helper 
T cells (p < 0.001), whereas, in the DDR-suppressed subgroup, 
there was a positive interaction between the activated NK cells 
and the Tregs (p < 0.01). Tregs were negatively correlated with 
M2 macrophages in the DDR-activated subgroup (p < 0.01). 
The neutrophil and eosinophil counts were strongly positively 
correlated in the DDR-activated subgroup (p < 0.001), whereas 
this correlation was absent in the DDR-suppressed subgroup 
(Figure 3C).

The accumulation of uncorrected DNA damage is closely linked to 
genetic traits such as high TMB, resulting in DDR modifications 
[36]. Thus, the differences in gene mutations between the two sub-
groups based on TMB were also analyzed utilizing the Wilcoxon 
signed-rank test. The TMB score was higher in the DDR-activated 
subgroup than in the DDR-suppressed subgroup (Figure 3D).

3.3   |   Construction and Validation of DDR-Related 
Gene Prognostic Signature

Considering the importance of DDR pathways in predicting lung 
cancer prognosis, we developed a DDR-based predictive model 
for patients with EGFRm NSCLC. Differentially expressed 
genes (DEGs) between the two subtypes of EGFRm NSCLC 

were identified. Overall, compared with the DDR-suppressed 
subtype, there were 565 upregulated genes and 424 downregu-
lated genes in the DDR-activated subtype (Figure 4A, Table S2). 
The top 20 DEGs are shown in a heatmap (Figure 4B). The pro-
filing landscape of mRNA variation revealed the different mu-
tational landscapes between the subgroups. To develop the DDR 
gene-based prognostic model, we performed univariate Cox re-
gression analysis on all 989 DEGs and identified 109 genes asso-
ciated with the prognosis. The samples were randomly divided 
into a training set and a testing set with a ratio of 1:1. To prevent 
overfitting, LASSO-Cox regression analysis was further per-
formed on the training set (Figure 4C,D) and four genes were se-
lected as hub DDR genes, including CAPS, FAM83A, IGLV8-61, 
and SLC7A5 (Figure 4E). The HR of CAPS and IGLV8-61 was < 
1, whereas the HR of FAM83A and SLC7A5 was > 1.

The regression coefficient of these four genes and their expres-
sion levels were combined to calculate the risk score for each 
patient (Figure  5A). We divided the patients into high-risk 
and low-risk groups using the median risk score. Higher risk 
scores were correlated with shorter survival time of the patients 
(Figure 5B). Based on the median value of the risk score, the pa-
tients were divided into high-risk and low-risk groups. Survival 
curves were plotted using the Kaplan–Meier method to eval-
uate the prognostic value of the model for the OS in EGFRm 
NSCLC. The high-risk group had a significantly lower OS than 
the low-risk group in the training set, testing set, and whole set 
(Figure 5C). ROC curves were used to further assess the prog-
nostic accuracy of the model. The 3-year AUCs for the training 
set, testing set, and whole set were 0.811, 0.822, and 0.791, re-
spectively (Figure  5D). Moreover, an external set (GSE31210) 
was also used for the validation. As shown in Figure  5E, the 
AUC value of the ROC curve for the 3-year OS in the external set 
was 0.711. Additionally, the clustering heatmap demonstrated 
that patients with higher risk scores of FAM83A and SLC7A5 
exhibited higher risk score status and worse survival, whereas 
CAPS and IGLV8-61 showed opposite results (Figure 5F).

3.4   |   Analysis of the Correlation Between Risk 
Scores and Clinical Characteristics of EGFRm 
NSCLC Patients

We then evaluated the correlation between clinical features and 
risk scores using the t-test. The risk scores were compared in 
various TNM staging subgroups (Figure  6A). The risk scores 
were significantly higher in the T2 subgroup than in the T1 sub-
group (p < 0.01) and in the N2 subgroup than in the N0 and N1 
subgroups (p < 0.05 or 0.01). However, no significant difference 
was observed between the M0 and M1 subgroups, as well as 
other T or N subgroups. The risk scores also did not significantly 
differ between different sexes (Figure 6B). Figure 6C illustrated 
a statistically significant positive correlation between tumor pu-
rity, defined as the proportion of tumor cells within the tumor 
tissue, and the calculated risk scores. Additionally, although not 
significant (p = 0.422), higher risk scores were negatively cor-
related with patient age (Figure 6D). Furthermore, both univari-
ate and multivariable Cox regression analysis demonstrated that 
the risk score was an independent prognostic factor for patients 
with EGFRm NSCLC (Figure 6E,F).

TABLE 1    |    The clinical information of 101 EGFRm NSCLC samples.

Characteristic N (%)

Overall 101 (100)

Age, years 63 ± 23

Race Asian 2 (1.98)

Black 18 (17.82)

White 80 (79.21)

Sex Female 52 (51.49)

Male 49 (48.51)

M Stage M0 68 (67.33)

M1 6 (5.94)

MX 25 (24.75)

N Stage N0 61 (60.40)

N1 19 (18.81)

N2 17 (16.83)

N3 1 (0.99)

NX 2 (1.98)

T Stage T1 31 (30.69)

T2 47 (46.53)

T3 16 (15.84)

T4 5 (4.95)

TX 2 (1.98)
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We conducted a gene set enrichment analysis (GSEA) to iden-
tify specific signaling pathways associated with the risk score. 
In general, the high-risk group was enriched in the humoral 
immunity-related pathways, whereas the low-risk group was en-
riched in the potassium regulation-related pathways (Figure 7).

3.5   |   Drug Sensitivity Analysis and Evaluation 
of Effectiveness of Immunotherapy

We evaluated the differences in the sensitivity of lung cancer 
therapeutic drugs between the low-risk and high-risk groups 

FIGURE 2    |    Classification based on differences in DNA damage repair (DDR) genes and clinical characteristics between clusters. (A) Consensus 
clustering analysis based on DDR gene expression. (B) Evaluation of differences in clinical characteristics between DDR-activated/suppressed 
groups. (C) Kaplan–Meier plot showing the overall survival of the two clusters. *p < 0.05, ns, not statistically significant.
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using IC50 values. The top 50 drugs that differed most signifi-
cantly between the two groups are listed in Figure 8A. We noted 
that BI.2536 (polo-like kinase 1 inhibitor) had a considerably 
lower IC50 in patients in the high-risk group compared with 
those in the low-risk group, indicating that BI.2536 may be ef-
fective for treating individuals classified as high-risk.

To further verify the applicability of our prognostic model, we 
analyzed the T-cell inflammation and TIDE scores utilizing the 
Wilcoxon signed-rank test. The high-risk subgroup had a lower 
T-cell inflammation score (p < 0.01) and a higher TIDE score 
(p < 0.01), whereas the low-risk group had the opposite pattern 
(Figure 8B). The TME analysis revealed that the low-risk sub-
group exhibited significantly higher levels of B memory cells 
(p < 0.01) and resting dendritic cells (p < 0.001). Conversely, the 
high-risk group exhibited significantly higher levels of activated 
dendritic cells (p < 0.01) and neutrophils (p < 0.01) (Figure 8C).

3.6   |   The Influence of DDR-Related Gene on 
NSCLC Cells In Vitro

NSCLC cells were cultured according to the guidelines. 
Figure 9A showed that the expression level of Ki-67 was higher 
in the OE-FAM83A group and OE-SLC7A5 group compared 
with the control group. On the contrary, in comparison with 
the control group, lower expression of ki-67 was observed in the 
OE-CAPS group and OE-IGLV8-61 group. As for the expression 
of Bcl-2 and capsease, the OE-CAPS group and OE-IGLV8-61 
group showed lower expression levels compared to the control 
group. Conversely, compared to the control group, the higher 
expression of Bcl-2 and caspase was shown in the OE-FAM83A 
group and OE-SLC7A5 group. The results of quantitative anal-
ysis with differences also proved the above trend as shown in 
Figure 9B (p < 0.01). Then the quantitative real-time PCR assay 
was performed and the results showed that the expression trend 

FIGURE 3    |    Association between DNA damage repair (DDR) genes and the tumor immune microenvironment (TME). (A) Relationship between 
the TME score and selected alterations in the DDR genes. (B) Comparison of the immune cell composition between the two clusters. (C) Heatmap 
showing the correlation between immune cells in the two clusters. (D) Comparison of tumor mutation burden (TMB) in the two clusters. *p < 0.05, 
**p < 0.01, ***p < 0.001.
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FIGURE 4    |    Identification of hub DDR genes associated with the prognosis. (A) Volcano plot showing differentially expressed genes (DEGs) 
between the two clusters. (B) Heatmap showing the top 20 DEGs in the two clusters. (C) Coefficient profiles of the LASSO regression model. (D) 
Cross-validation for tuning parameter screening in the LASSO regression model. (E) Results of LASSO-Cox regression analysis of hub DDR genes.
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FIGURE 5    |    Construction and validation of the prognostic model. (A) Risk score plot. (B) The relationship between risk scores and survival status 
of each patient. (C) Kaplan–Meier survival curves for high-risk and low-risk patients in the training set, testing set, and whole set. (D) ROC curves of 
the prognostic model in the training set, testing set, and whole set. (E) ROC curve of the prognostic model in the external set. (F) Clustering heatmap 
of hub DDR genes.
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of Ki-67, Bcl-2, and caspase in each group was consistent with 
that of WB detection (Figure  9C–E) (p < 0.01). The transwell 
assay showed that compared with the control group, more cells 
could be found in the OE-FAM83A group and OE-SLC7A5 
group, with lower cell number in the OE-CAPS group and OE-
IGLV8-61 group (Figure 9F) (p < 0.01).

4   |   Discussion

EGFR-TKI resistance is inevitable in advanced EGFRm lung 
cancer. Of patients with failure of first-line osimertinib treat-
ment regimens, the resistance mechanism is unknown in ap-
proximately 70% [37], necessitating the use of later-line targeted 
therapy. Immunotherapy combined with bevacizumab has been 

shown to improve survival in patients with EGFRm lung cancer 
after EGFR-TKI failure but is associated with a high incidence 
of adverse events [8, 9]. Hence, novel biomarkers are required for 
predicting the prognosis and effectiveness of immunotherapy in 
patients with EGFRm NSCLC.

Various DRR genes have been found to be involved in the de-
velopment of cancer. These genes have been used as markers 
for evaluating the prognosis of many types of cancer, including 
colon cancer [38], lung adenocarcinoma [39], and prostate can-
cer [40]. DDR dysfunction can enlarge somatic mutations and 
lead to an accumulation of intracellular DNA fragments, result-
ing in increased neoantigen accumulation and enhanced immu-
nogenicity [41]. DDR gene alterations have putative predictive 
value not only in chemotherapy but also in immunotherapy in 

FIGURE 6    |    Analysis of correlations between clinical features and risk scores. (A) Difference in risk scores based on TNM stages. (B) Difference 
in risk scores based on sex. (C) Correlation between risk scores and tumor purity. (D) Correlation between risk scores and age. (E) Univariate cox 
regression analysis for prognosis. (F) Multivariable cox regression analysis for prognosis. **p < 0.01.
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patients with cancer [42–44]. Moreover, DDR gene alterations 
are positively correlated with TMB [45–47], making it a promis-
ing biomarker for predicting response to ICIs.

EGFR is vital for DNA repair, as it translocate to the nucleus 
to engage with DNA repair proteins and manage DDR after 
EGFR-TKIs, radiotherapy and chemotherapy [48–52]. EGFRm 
NSCLC exhibit impaired repair of double-strand breaks via the 
non-homologous end joining pathway [53–56]. The progression 
of the cell cycle induced by EGFR activation may impede the 
cell-cycle arrest required for efficient DNA repair processes 
[57]. However, several well-documented mechanisms attribute 
the resistance of EGFRm NSCLC to immunotherapy. These tu-
mors tend to exhibit lower TMB compared to other NSCLC sub-
types, thereby limiting neoantigen production and subsequent 

immune recognition [15, 16]. EGFR-mutant tumors are often 
characterized by reduced CD8+ T cell infiltration, lower PD-L1 
expression, and higher infiltration of immunosuppressive cells 
(e.g., regulatory T cells, M2 macrophages) [17, 18]. EGFR-driven 
oncogenic pathways themselves can suppress immune activa-
tion through mechanisms such as reduced MHC class I expres-
sion and secretion of immunosuppressive cytokines [19–22]. 
Thus, while DDR impairment may theoretically increase tumor 
sensitivity to ICIs, these additional factors in EGFRm NSCLC 
create an immunosuppressive milieu that negates the expected 
benefits of immunotherapy.

Emerging evidence from a few recent studies suggest that the 
efficacy of ICIs is relatively more favorable in a specific group 
of EGFRm NSCLC patients [58–62]. Patients harboring EGFR 

FIGURE 7    |    GSEA of specific pathways enriched by the high-risk and low-risk groups.
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L858R mutation have shown more benefit from immunother-
apy than those with EGFR exon 19 deletion (ORR, 7% in EGFR 
19 deletion subgroup versus 16% in L858R subgroup). The pref-
erential response of NSCLC patients with uncommon EGFR 
mutations to PD-1 blockade therapy has also been observed in 
clinical practice [63–65]. A recent study demonstrated that neo-
adjuvant immunochemotherapy in early-stage lung cancer with 
EGFR mutations resulted in a major pathological remission rate 
of 44%, significantly surpassing the efficacy observed in histori-
cal controls treated with EGFR-TKIs [66]. Thus, not all EGFRm 

NSCLC patients are resistant to immunotherapy. Screening for 
specific subgroups may facilitate the personalized application of 
ICIs in patients with EGFRm NSCLC.

Given the intrinsic relationship between EGFR mutations and 
DDR, and the crucial function of DDR genes in the progression 
of lung cancer, w334e conducted a bioinformatics analysis to as-
sess the predictive and prognostic significance of the associated 
DDR genes in patients with EGFRm NSCLC. Our model aims 
to dissect the heterogeneity within EGFR-mutant tumors by 

FIGURE 8    |    Drug sensitivity and tumor immune microenvironment (TME) analysis of the prognostic model. (A) Drug sensitivity analysis. (B) 
Comparison of the T-cell inflammation score (left) and Tumor Immune Dysfunction and Exclusion (TIDE) score (right) in the low- and high-risk 
groups. (C) Comparison of the immune cell composition in the low- and high-risk groups. *p < 0.05, **p < 0.01, ***p < 0.001.
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FIGURE 9    |    The influence of DDR-related gene on NSCLC cells in vitro. (A) The protein content in five groups with western blotting analysis. 
(B) The quantitative analysis results. (C) Then the quantitative real-time PCR assay results showed that the expression trend of Ki-67 in each group. 
(D) Then the quantitative real-time PCR assay results showed that the expression trend of Bcl-2 in each group. (E) Then the quantitative real-time 
PCR assay results showed that the expression trend of caspase in each group. (F) The transwell assay showed that compared with the control group, 
more cells could be found in the OE-FAM83A group and OE-SLC7A5 group, with lower cell number in the OE-CAPS group and OE-IGLV8-61 group. 
*p < 0.05, **p < 0.01, ***p < 0.001. Bar = 200 μm.
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leveraging DDR-related gene signatures, potentially uncovering 
a subgroup with a more favorable immune profile.

In this study, we found that the expression of DDR genes can 
affect the clinical outcomes of EGFRm NSCLC patients and 
further identified two distinct DDR statuses in this population: 
DDR-activated and DDR-suppressed subgroups. The status 
of DDR was not related to the clinicopathological stage of the 
tumor, but differed significantly according to sex. There were 
more male patients in the DDR-activated subgroup than in the 
DDR-suppressed subgroup, which may be because male patients 
were more likely to be smokers and nitrosamine in tobacco in-
duces genomic instability [67]. Although patients in the DDR-
activated subgroup had a poorer prognosis than those in the 
DDR-suppressed subgroup, they had more frequent gene muta-
tions, higher TMB and TME scores, and a more inflammatory 
composition of immune cells, indicating that NSCLC patients 
with some DDR gene subtypes may still respond to immuno-
therapy even if they harbor EGFR-sensitive mutations.

Next, we identified a novel prognostic model for patients with 
EGFRm NSCLC using four DDR genes (CAPS, FAM83A, 
IGLV8-61, and SLC7A5). The genes in the model are strongly 
associated with both carcinogenesis and antitumor therapy 
[68]. Calcyphosin (CAPS) is a protein that is encoded by the 
CAPS gene. It binds to calcium through an EF-hand and is 
involved in the cAMP and calcium-phosphatidylinositol path-
ways [69, 70]. CAPS is recognized as a possible prognostic in-
dicator in various human carcinomas, including lung cancer 
[71–73]. In gliomas [74], the interaction between CAPS and 
MYPT1, a crucial controller of protein phosphatase 1C, has 
been discovered, highlighting its significant role in cell cycle 
regulation. While CAPS lacks direct evidence of involvement 
in DDR, its role in calcium homeostasis might indirectly affect 
DDR pathways, especially during cellular stress responses. 
The immunoglobulin variable lambda 8–61 (IGLV8-61) gene, 
which encodes a variable region of the immunoglobulin light 
chain lambda, is part of the adaptive immune system and 
plays a role in antigen recognition according to Gene Bank 
data. IGLV8-61 contributes to B-cell receptor diversity via so-
matic hypermutation (SHM) and class-switch recombination 
(CSR), which involve intentional DNA breaks and repairs 
through non-homologous end joining (NHEJ) and mismatch 
repair (MMR) [75]. Research indicates that dysregulation or 
mutation of IGLV genes, including IGLV8-61, may contrib-
ute to tumor progression or immune evasion, but their exact 
role remains uncertain and requires more study [76, 77]. In 
our study, CAPS and IGLV8-61 displayed HR less than 1 in 
the LASSO-Cox regression analysis, suggesting a potential 
protective role in EGFRm NSCLC development. Consistently, 
these genes exhibited the ability to inhibit the proliferation, 
apoptosis, and metastasis of EGFRm NSCLC cell in vitro.

FAM83A is the smallest of the Family with sequence sim-
ilarity 83 (FAM83) members. A recent study suggests that 
FAM83A could be an important cancer biomarker because 
of its conserved DUF1669 N-terminal domain [78]. Several 
types of cancers have been shown to have an overexpression 
of the FAM83A oncogene, which has been linked to a neg-
ative prognosis [79, 80]. In NSCLC, FAM83A amplification 
promotes tumorigenicity via the ERK and PI3K/Akt/mTOR 

pathways [81] and serves as a prognostic predictor [79, 82]. Its 
overexpression in cancer cells may disrupt DDR mechanisms, 
leading to genomic instability and increased resistance to 
DNA-damaging treatments like radiation and chemotherapy 
[83]. Solute carrier family 7 member 5 (SLC7A5), also known 
as L-type amino acid transporter 1 (LAT1), is responsible for 
the transport of carboxylic acids, thyroid hormones, and xe-
nobiotics. The encoding protein LAT1 exchanges glutamine 
for neutral amino acids, including essential amino acids that 
are required for cancer cell proliferation and growth. The ex-
pression of SLC7A5 has been studied in various cancers, and 
an elevated expression is associated with a poor prognosis 
[84]. SLC7A5 regulates mTOR signaling, which plays a role 
in cellular stress responses like DNA damage [85]. Enhanced 
metabolism and nutrient uptake can indirectly affect DNA 
damage repair (DDR) by supplying essential repair resources. 
In cancer, SLC7A5 dysregulation may disrupt DDR and lead to 
therapy resistance. In our study, these two genes were linked 
to poor survival outcomes in EGFRm NSCLC, aligning with 
previous research. Additionally, cell line experiments demon-
strated their role in promoting tumor growth and metastasis. 
The four DDR genes are essential to the development of tu-
mors and contribute to treatment resistance, so they may be 
useful as both biomarkers and therapeutic targets. In addition 
to gene expression, alternative allelic variants also play a sig-
nificant role in influencing tumor biology. Our investigation 
of the dbSNP and dbVar databases identified the presence of 
copy number variants (CNVs) and single nucleotide variants 
(SNVs) in the FAM83A and SLC7A5 genes. Furthermore, SNVs 
were detected in the CAPS gene, while CNVs were observed in 
the IGLV8-61 gene.

Meanwhile, detailed investigations into the molecular pathways 
and interactions between DDR genes and the immune system 
have been performed in recent years. Before the recognition of 
adaptive immunity, the innate immune system plays a crucial 
part in recruiting immune cells to tumors [53]. Recent studies 
have shown that the STING pathway plays an important role 
in the host's innate immune system against cancer, driving the 
production of interferon (IFN) and triggering T cell responses 
[54–56]. Some research also indicated that DDR deficiencies 
could activate the innate immune system by cyclic GMP–AMP 
synthase-stimulator of interferon genes pathway. As for the 
adaptive immune system, DDR gene deficiencies could improve 
the tumor detection of this procedure to withstand the tumor 
progress. On the other hand, excessive DDR gene expression 
could arouse immune responses by cell death signals. Overall, 
elucidating the pathways between DDR genes and the immune 
system could offer deeper insights into their roles in tumor im-
munity and resistance mechanisms. Further research is needed 
to explore these relationships in more detail.

In this study, the risk score derived from the model was signifi-
cantly correlated with the OS in patients with EGFRm NSCLC 
regardless of the clinicopathological features. The high- and 
low-risk subgroups had notable disparities in their T-cell in-
flammation and TIDE scores, suggesting that the low-risk sub-
group is more likely to respond to immunotherapy. The T-cell 
inflammation score was positively associated with the response 
to immunotherapy, whereas higher scores were associated with 
an increased likelihood that the tumor would escape immune 
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surveillance. The TIDE score, which represents tumor im-
mune dysfunction and rejection, is frequently used to evaluate 
the potential for immune escape based on the gene expression 
pattern in tumor specimens. A higher TIDE score indicates an 
enhanced immune escape capacity of the tumor, resulting in 
poorer ICIs response. Moreover, the two subgroups exhibited 
distinct immune cell compositions, also suggesting that the 
low-risk subgroup is more likely to respond to immunotherapy. 
This implies that our prediction model could be used not only to 
predict OS, but also to predict the response to immunotherapy 
in patients with EGFRm NSCLC. In order to elucidate under-
lying associations between specific phenotypes and molecular 
functions or pathways, we conducted the GSEA analysis. High-
risk subgroup was enriched in humoral immunity-related 
pathways, suggesting its potential links to immune dysregula-
tion, chronic inflammation, or potential immune evasion. In 
contrast, low-risk subgroup showed enrichment in potassium 
regulation pathways, indicating better maintenance of ionic 
homeostasis, reduced migration potential, and less aggressive 
behavior [86, 87]. These findings elucidate distinct characteris-
tics between high-and low-risk subgroups, potentially offering 
a novel molecular foundation for risk stratification. Further val-
idation in experimental studies would be essential to confirm 
these findings.

The treatment of EGFRm-related cancer has centered on the 
key factor, EGFR. A dysfunctional epithelial-mesenchymal 
transition (EMT) is one of the mechanisms of tumor cell dis-
semination that leads to metastasis and poor outcomes [57]. 
The studies approved that PRMT5 could orchestrate EGFR 
and AKT networks to promote EMT in the tumor cells. In 
our report, some treatment methods and targets have been 
systematically evaluated. One potential drug (BI2536) for 
patients with high-risk EGFRm NSCLC was screened based 
on our constructed model. The model predicted that BI2536 
was more likely to be effective in high-risk patients than in 
low-risk patients. BI2536 targets polo-like kinase 1 (PLK1) 
and has potential for the treatment of NSCLC. In vivo experi-
ments have confirmed that BI2536 not only induces pyropto-
sis through the caspase-3/GSDME pathway but also increases 
CD8+ T-cell infiltration in tumor sites [88, 89]. Moreover, in-
hibition of PLK1 by BI2536 could reduce gefitinib-induced 
hepatotoxicity by restoring COX6A1 expression without im-
pairing the anti-cancer activity of gefitinib [90]. In an open-
label, randomized phase II clinical trial, BI2536 monotherapy 
showed modest efficacy and favorable safety in patients with 
relapsed NSCLC [91]. These findings support the further de-
velopment of PLK1 inhibitors for treating patients with high-
risk EGFRm NSCLC.

Indeed, this study has some limitations that should be acknowl-
edged. First, the sample size was limited due to relying on data 
from the GEO and TCGA public databases. Additionally, lim-
itations in the data prevented us from performing a hierarchi-
cal analysis according to the type of EGFR mutation. And the 
potential biases in dataset selection, such as observer bias, ex-
clusion bias, and measurement deviation should be overcome. 
While we did include the GSE31210 dataset for external valida-
tion, we recognize that this single dataset may not fully repre-
sent the diversity of EGFRm NSCLC patients across different 
populations and clinical settings. Prospective cohort studies in 

clinical settings are warranted in future. Second, the absence 
of in vivo validation hinders our comprehension of the role of 
four genes identified in NSCLC progression and immunother-
apy response. Additional animal studies and clinical validation 
are needed to clarify their biological importance and potential 
for translation. Furthermore, it remains uncertain whether this 
model demonstrates superiority over established biomarkers, 
such as PD-L1 and TMB. Last, the challenges of translating bio-
informatics findings into clinical practice need to be valued, po-
tentially leading to more personalized and effective treatment 
approaches.

Nevertheless, our study reveals a new model for the prognosis 
of DDR genes in EGFRm NSCLC. This model, acting as an in-
dependent predictor for OS in both the training and testing sets, 
accurately predicted the prognosis of patients diagnosed with 
EGFRm NSCLC. To the best of our knowledge, this is the first 
study to comprehensively explore the heterogeneity of DDR 
genes in EGFRm NSCLC and to integrate these findings into 
a novel prognostic model. Moreover, our study provides novel 
insights into the interaction between DDR pathways, immune 
phenotypes, and potential therapeutic targets, which could 
guide personalized treatment strategies for EGFRm NSCLC 
patients. The four genes we examined have not yet been doc-
umented in the context of their relevance to immunotherapy. 
Therapies targeting the four DDR genes or PLK1 should be in-
vestigated as potential combination therapies.

5   |   Conclusions

In summary, this study demonstrated the diversity of DDR 
in EGFRm NSCLC and developed a unique predictive model 
based on DDR genes. This model could assist with identify-
ing potential candidates for immunotherapy and in provid-
ing personalized treatment and prognosis for patients with 
EGFRm NSCLC.

Author Contributions

Fen Wang: conceptualization, methodology, software, investigation, 
formal analysis, writing – original draft. Xue-Wu Wei: data curation, 
writing – original draft. Ming-Yi Yang: visualization, investigation. 
Chang Lu: resources, supervision. Xiao-Rong Yang: software, vali-
dation. Jia-Yi Deng: visualization, writing – review and editing. Zhi-
Hong Chen: resources, supervision; Qing Zhou: conceptualization, 
funding acquisition, resources, supervision, writing – review and edit-
ing. All authors read and approved the final manuscript.

Acknowledgments

The authors would like to thank the patients, their families and the 
study personnel who participated in this study.

Ethics Statement

All experiments were approved by Research Ethics Committee of 
Guangdong Provincial People's Hospital (No. GDRECKY2020-199-01).

Conflicts of Interest

Qing Zhou reports honoraria from AstraZeneca, Boehringer Ingelheim, 
BMS, Eli Lilly, MSD, Pfizer, Roche, and Sanofi, outside the submit-
ted work.



16 of 18 Thoracic Cancer, 2025

Data Availability Statement

The datasets used and analyzed during the current study are available 
from the corresponding author on reasonable request.

References

1. A. A. Thai, B. J. Solomon, L. V. Sequist, J. F. Gainor, and R. S. Heist, 
“Lung Cancer,” Lancet 398, no. 10299 (2021): 535–554.

2. W. D. Travis, E. Brambilla, A. G. Nicholson, et al., “The 2015 World 
Health Organization Classification of Lung Tumors: Impact of Genetic, 
Clinical and Radiologic Advances Since the 2004 Classification,” Jour-
nal of Thoracic Oncology 10, no. 9 (2015): 1243–1260.

3. J. Li, J. Wang, Y. Chen, L. Yang, and S. Chen, “A Prognostic 4-Gene 
Expression Signature for Squamous Cell Lung Carcinoma,” Journal of 
Cellular Physiology 232, no. 12 (2017): 3702–3713.

4. R. Baskar, K. A. Lee, R. Yeo, and K. W. Yeoh, “Cancer and Radiation 
Therapy: Current Advances and Future Directions,” International Jour-
nal of Medical Sciences 9, no. 3 (2012): 193–199.

5. M. Arruebo, N. Vilaboa, B. Saez-Gutierrez, et  al., “Assessment of 
the Evolution of Cancer Treatment Therapies,” Cancers (Basel) 3, no. 3 
(2011): 3279–3330.

6. Y. L. Zhang, J. Q. Yuan, K. F. Wang, et al., “The Prevalence of EGFR 
Mutation in Patients With Non-Small Cell Lung Cancer: A Systematic 
Review and Meta-Analysis,” Oncotarget 7, no. 48 (2016): 78985–78993.

7. K. Fu, F. Xie, F. Wang, and L. Fu, “Therapeutic Strategies for EGFR-
Mutated Non-Small Cell Lung Cancer Patients With Osimertinib Resis-
tance,” Journal of Hematology & Oncology 15, no. 1 (2022): 173.

8. N. Nogami, F. Barlesi, M. A. Socinski, et al., “IMpower150 Final Explor-
atory Analyses for Atezolizumab Plus Bevacizumab and Chemotherapy 
in Key NSCLC Patient Subgroups With EGFR Mutations or Metastases in 
the Liver or Brain,” Journal of Thoracic Oncology 17, no. 2 (2022): 309–323.

9. S. Lu, L. Wu, H. Jian, et al., “Sintilimab Plus Chemotherapy for Pa-
tients With EGFR-Mutated Non-Squamous Non-Small-Cell Lung Can-
cer With Disease Progression After EGFR Tyrosine-Kinase Inhibitor 
Therapy (ORIENT-31): Second Interim Analysis From a Double-Blind, 
Randomised, Placebo-Controlled, Phase 3 Trial,” Lancet Respiratory 
Medicine 11, no. 7 (2023): 624–636.

10. A. Marabelle, M. Fakih, J. Lopez, et al., “Association of Tumour Mu-
tational Burden With Outcomes in Patients With Advanced Solid Tu-
mours Treated With Pembrolizumab: Prospective Biomarker Analysis 
of the Multicohort, Open-Label, Phase 2 KEYNOTE-158 Study,” Lancet 
Oncology 21, no. 10 (2020): 1353–1365.

11. N. Mulet-Margalef, J. Linares, J. Badia-Ramentol, et al., “Challenges 
and Therapeutic Opportunities in the dMMR/MSI-H Colorectal Cancer 
Landscape,” Cancers (Basel) 15, no. 4 (2023).

12. M. Birkelbach, N. Ferraiolo, L. Gheorghiu, et al., “Detection of Im-
paired Homologous Recombination Repair in NSCLC Cells and Tis-
sues,” Journal of Thoracic Oncology 8, no. 3 (2013): 279–286.

13. L. Zhang, B. Pradhan, L. Guo, F. Meng, and D. Zhong, “EGFR Exon 
19-Deletion Aberrantly Regulate ERCC1 Expression That May Partly 
Impaired DNA Damage Repair Ability in Non-Small Cell Lung Cancer,” 
Thorac Cancer 11, no. 2 (2020): 277–285.

14. H. Zhang, Y. M. Deng, Z. C. Chen, et al., “Clinical Significance of 
Tumor Mutation Burden and DNA Damage Repair in Advanced Stage 
Non-Small Cell Lung Cancer Patients,” European Review for Medical 
and Pharmacological Sciences 24, no. 14 (2020): 7664–7672.

15. M. Offin, H. Rizvi, M. Tenet, et al., “Tumor Mutation Burden and Effi-
cacy of EGFR-Tyrosine Kinase Inhibitors in Patients With EGFR-Mutant 
Lung Cancers,” Clinical Cancer Research 25, no. 3 (2019): 1063–1069.

16. G. Singal, P. G. Miller, V. Agarwala, et al., “Association of Patient 
Characteristics and Tumor Genomics With Clinical Outcomes Among 

Patients With non-Small Cell Lung Cancer Using a Clinicogenomic Da-
tabase,” Journal of the American Medical Association 321, no. 14 (2019): 
1391–1399.

17. Z. Y. Dong, J. T. Zhang, S. Y. Liu, et al., “EGFR Mutation Correlates 
With Uninflamed Phenotype and Weak Immunogenicity, Causing Im-
paired Response to PD-1 Blockade in Non-Small Cell Lung Cancer,” On-
coimmunology 6, no. 11 (2017): e1356145.

18. S. Y. Liu, Z. Y. Dong, S. P. Wu, et al., “Clinical Relevance of PD-L1 Ex-
pression and CD8+ T Cells Infiltration in Patients With EGFR-Mutated 
and ALK-Rearranged Lung Cancer,” Lung Cancer 125 (2018): 86–92.

19. N. Ogasawara, T. Oguro, T. Sakabe, et al., “Hemoglobin Induces the 
Expression of Indoleamine 2,3-Dioxygenase in Dendritic Cells Through 
the Activation of PI3K, PKC, and NF-kappaB and the Generation of 
Reactive Oxygen Species,” Journal of Cellular Biochemistry 108, no. 3 
(2009): 716–725.

20. S. J. Park, T. Nakagawa, H. Kitamura, et al., “IL-6 Regulates In Vivo 
Dendritic Cell Differentiation Through STAT3 Activation,” Journal of 
Immunology 173, no. 6 (2004): 3844–3854.

21. F. Mascia, D. T. Schloemann, C. Cataisson, et al., “Cell Autonomous 
or Systemic EGFR Blockade Alters the Immune-Environment in Squa-
mous Cell Carcinomas,” International Journal of Cancer 139, no. 11 
(2016): 2593–2597.

22. S. Wang, Y. Zhang, Y. Wang, et al., “Amphiregulin Confers Regula-
tory T Cell Suppressive Function and Tumor Invasion via the EGFR/
GSK-3beta/Foxp3 Axis,” Journal of Biological Chemistry 291, no. 40 
(2016): 21085–21095.

23. M. D. Robinson, D. J. McCarthy, and G. K. Smyth, “edgeR: A Bio-
conductor Package for Differential Expression Analysis of Digital Gene 
Expression Data,” Bioinformatics 26, no. 1 (2010): 139–140.

24. M. A. Harris, J. Clark, A. Ireland, et al., “The Gene Ontology (GO) 
Database and Informatics Resource,” Nucleic Acids Research 32 (2004): 
D258–D261.

25. M. Kanehisa and S. Goto, “KEGG: Kyoto Encyclopedia of Genes and 
Genomes,” Nucleic Acids Research 28, no. 1 (2000): 27–30.

26. M. Ashburner, C. A. Ball, J. A. Blake, et al., “Gene Ontology: Tool 
for the Unification of Biology. The Gene Ontology Consortium,” Nature 
Genetics 25, no. 1 (2000): 25–29.

27. M. Kumar, P. K. Sonker, A. Saroj, A. Jain, A. Bhattacharjee, and R. 
K. Saroj, “Parametric Survival Analysis Using R: Illustration With Lung 
Cancer Data,” Cancer Reports (Hoboken, N.J.) 3, no. 4 (2020): e1210.

28. R. Tibshirani, “Regression Shrinkage and Selection via the Lasso: A 
Retrospective,” Journal of the Royal Statistical Society, Series B: Statisti-
cal Methodology 73, no. 3 (2011): 273–282.

29. N. Simon, J. Friedman, T. Hastie, and R. Tibshirani, “Regularization 
Paths for Cox's Proportional Hazards Model via Coordinate Descent,” 
Journal of Statistical Software 39, no. 5 (2011): 1–13.

30. B. Chen, M. S. Khodadoust, C. L. Liu, A. M. Newman, and A. A. 
Alizadeh, “Profiling Tumor Infiltrating Immune Cells With CIBER-
SORT,” Methods in Molecular Biology 1711 (2018): 243–259.

31. P. Jiang, S. Gu, D. Pan, et al., “Signatures of T Cell Dysfunction and 
Exclusion Predict Cancer Immunotherapy Response,” Nature Medicine 
24, no. 10 (2018): 1550–1558.

32. Y. Jiang, Q. Zhang, Y. Hu, et al., “ImmunoScore Signature: A Prog-
nostic and Predictive Tool in Gastric Cancer,” Annals of Surgery 267, no. 
3 (2018): 504–513.

33. W. H. Fridman, F. Pages, C. Sautes-Fridman, and J. Galon, “The Im-
mune Contexture in Human Tumours: Impact on Clinical Outcome,” 
Nature Reviews. Cancer 12, no. 4 (2012): 298–306.

34. D. Gaebler, S. J. Hachey, and C. C. W. Hughes, “Microphysiological 
Systems as Models for Immunologically ‘Cold’ Tumors,” Frontiers in 
Cell and Developmental Biology 12 (2024): 1389012.



17 of 18

35. R. Huang, T. Kang, and S. Chen, “The Role of Tumor-Associated 
Macrophages in Tumor Immune Evasion,” Journal of Cancer Research 
and Clinical Oncology 150, no. 5 (2024): 238.

36. D. Sha, Z. Jin, J. Budczies, K. Kluck, A. Stenzinger, and F. A. Sini-
crope, “Tumor Mutational Burden as a Predictive Biomarker in Solid 
Tumors,” Cancer Discovery 10, no. 12 (2020): 1808–1825.

37. J. Chmielecki, J. E. Gray, Y. Cheng, et al., “Candidate Mechanisms 
of Acquired Resistance to First-Line Osimertinib in EGFR-Mutated Ad-
vanced Non-Small Cell Lung Cancer,” Nature Communications 14, no. 
1 (2023): 1070.

38. X. Wang, C. Tan, M. Ye, et  al., “Development and Validation of a 
DNA Repair Gene Signature for Prognosis Prediction in Colon Cancer,” 
Journal of Cancer 11, no. 20 (2020): 5918–5928.

39. B. Hu, D. Liu, Y. Liu, and Z. Li, “DNA Repair-Based Gene Expression 
Signature and Distinct Molecular Subtypes for Prediction of Clinical Out-
comes in Lung Adenocarcinoma,” Frontiers in Medicine 7 (2020): 615981.

40. G. Long, W. Ouyang, Y. Zhang, et al., “Identification of a DNA Re-
pair Gene Signature and Establishment of a Prognostic Nomogram 
Predicting Biochemical-Recurrence-Free Survival of Prostate Cancer,” 
Frontiers in Molecular Biosciences 8 (2021): 608369.

41. T. Qing, T. Jun, K. E. Lindblad, et al., “Diverse Immune Response of 
DNA Damage Repair-Deficient Tumors,” Cell Reports Medicine 2, no. 5 
(2021): 100276.

42. K. W. Mouw, M. S. Goldberg, P. A. Konstantinopoulos, and A. D. 
D'Andrea, “DNA Damage and Repair Biomarkers of Immunotherapy 
Response,” Cancer Discovery 7, no. 7 (2017): 675–693.

43. M. Y. Teo, K. Seier, I. Ostrovnaya, et al., “Alterations in DNA Dam-
age Response and Repair Genes as Potential Marker of Clinical Benefit 
From PD-1/PD-L1 Blockade in Advanced Urothelial Cancers,” Journal 
of Clinical Oncology 36, no. 17 (2018): 1685–1694.

44. L. E. Wang, M. Yin, Q. Dong, et al., “DNA Repair Capacity in Periph-
eral Lymphocytes Predicts Survival of Patients With Non-Small-Cell 
Lung Cancer Treated With First-Line Platinum-Based Chemotherapy,” 
Journal of Clinical Oncology 29, no. 31 (2011): 4121–4128.

45. Z. R. Chalmers, C. F. Connelly, D. Fabrizio, et  al., “Analysis of 
100,000 Human Cancer Genomes Reveals the Landscape of Tumor Mu-
tational Burden,” Genome Medicine 9, no. 1 (2017): 34.

46. M. D. Hellmann, T. E. Ciuleanu, A. Pluzanski, et al., “Nivolumab 
Plus Ipilimumab in Lung Cancer With a High Tumor Mutational Bur-
den,” New England Journal of Medicine 378, no. 22 (2018): 2093–2104.

47. M. Y. Teo, R. M. Bambury, E. C. Zabor, et al., “DNA Damage Re-
sponse and Repair Gene Alterations Are Associated With Improved 
Survival in Patients With Platinum-Treated Advanced Urothelial Carci-
noma,” Clinical Cancer Research 23, no. 14 (2017): 3610–3618.

48. G. Liccardi, J. A. Hartley, and D. Hochhauser, “EGFR Nuclear 
Translocation Modulates DNA Repair Following Cisplatin and Ionizing 
Radiation Treatment,” Cancer Research 71, no. 3 (2011): 1103–1114.

49. G. Liccardi, J. A. Hartley, and D. Hochhauser, “Importance of 
EGFR/ERCC1 Interaction Following Radiation-Induced DNA Dam-
age,” Clinical Cancer Research 20, no. 13 (2014): 3496–3506.

50. R. Oberthur, H. Seemann, J. Gehrig, et al., “Simultaneous Inhibition 
of IGF1R and EGFR Enhances the Efficacy of Standard Treatment for 
Colorectal Cancer by the Impairment of DNA Repair and the Induction 
of Cell Death,” Cancer Letters 407 (2017): 93–105.

51. W. C. Huang, Y. J. Chen, L. Y. Li, et al., “Nuclear Translocation of 
Epidermal Growth Factor Receptor by Akt-Dependent Phosphorylation 
Enhances Breast Cancer-Resistant Protein Expression in Gefitinib-
Resistant Cells,” Journal of Biological Chemistry 286, no. 23 (2011): 
20558–20568.

52. J. Sand-Dejmek, G. Adelmant, B. Sobhian, et  al., “Concordant 
and Opposite Roles of DNA-PK and the “Facilitator of Chromatin 

Transcription” (FACT) in DNA Repair, Apoptosis and Necrosis After 
Cisplatin,” Molecular Cancer 10 (2011): 74.

53. J. G. Paez, P. A. Janne, J. C. Lee, et al., “EGFR Mutations in Lung 
Cancer: Correlation With Clinical Response to Gefitinib Therapy,” Sci-
ence 304, no. 5676 (2004): 1497–1500.

54. W. Pao, V. Miller, M. Zakowski, et al., “EGF Receptor Gene Muta-
tions Are Common in Lung Cancers From “Never Smokers” and Are 
Associated With Sensitivity of Tumors to Gefitinib and Erlotinib,” 
Proceedings of the National Academy of Sciences of the United States of 
America 101, no. 36 (2004): 13306–13311.

55. R. Sordella, D. W. Bell, D. A. Haber, and J. Settleman, “Gefitinib-
Sensitizing EGFR Mutations in Lung Cancer Activate Anti-Apoptotic 
Pathways,” Science 305, no. 5687 (2004): 1163–1167.

56. M. Saki, H. Makino, P. Javvadi, et al., “EGFR Mutations Compro-
mise Hypoxia-Associated Radiation Resistance Through Impaired 
Replication Fork-Associated DNA Damage Repair,” Molecular Cancer 
Research 15, no. 11 (2017): 1503–1516.

57. Y. Volman, R. Hefetz, E. Galun, and J. Rachmilewitz, “DNA Damage 
Alters EGFR Signaling and Reprograms Cellular Response via Mre-11,” 
Scientific Reports 12, no. 1 (2022): 5760.

58. S. Gettinger, L. Horn, D. Jackman, et al., “Five-Year Follow-Up of 
Nivolumab in Previously Treated Advanced Non-Small-Cell Lung Can-
cer: Results From the CA209-003 Study,” Journal of Clinical Oncology 
36, no. 17 (2018): 1675–1684.

59. R. Hui, E. B. Garon, J. W. Goldman, et al., “Pembrolizumab as First-
Line Therapy for Patients With PD-L1-Positive Advanced Non-Small 
Cell Lung Cancer: A Phase 1 Trial,” Annals of Oncology 28, no. 4 (2017): 
874–881.

60. M. C. Garassino, B. C. Cho, J. H. Kim, et al., “Durvalumab as Third-
Line or Later Treatment for Advanced Non-Small-Cell Lung Cancer 
(ATLANTIC): An Open-Label, Single-Arm, Phase 2 Study,” Lancet On-
cology 19, no. 4 (2018): 521–536.

61. N. B. Leighl, M. D. Hellmann, R. Hui, et al., “Pembrolizumab in Pa-
tients With Advanced Non-Small-Cell Lung Cancer (KEYNOTE-001): 
3-Year Results From an Open-Label, Phase 1 Study,” Lancet Respiratory 
Medicine 7, no. 4 (2019): 347–357.

62. J. von Pawel, R. Bordoni, M. Satouchi, et al., “Long-Term Survival 
in Patients With Advanced Non-Small-Cell Lung Cancer Treated With 
Atezolizumab Versus Docetaxel: Results From the Randomised Phase 
III OAK Study,” European Journal of Cancer 107 (2019): 124–132.

63. R. S. Herbst, P. Baas, D. W. Kim, et  al., “Pembrolizumab Versus 
Docetaxel for Previously Treated, PD-L1-Positive, Advanced Non-
Small-Cell Lung Cancer (KEYNOTE-010): A Randomised Controlled 
Trial,” Lancet 387, no. 10027 (2016): 1540–1550.

64. J. Mazieres, A. Drilon, A. Lusque, et al., “Immune Checkpoint In-
hibitors for Patients With Advanced Lung Cancer and Oncogenic Driver 
Alterations: Results From the IMMUNOTARGET Registry,” Annals of 
Oncology 30, no. 8 (2019): 1321–1328.

65. K. Chen, G. Cheng, F. Zhang, et al., “PD-L1 Expression and T Cells 
Infiltration in Patients With Uncommon EGFR-Mutant Non-Small Cell 
Lung Cancer and the Response to Immunotherapy,” Lung Cancer 142 
(2020): 98–105.

66. C. Zhang, Y. X. Sun, D. C. Yi, et al., “Neoadjuvant Sintilimab Plus 
Chemotherapy in EGFR-Mutant NSCLC: Phase 2 Trial Interim Results 
(NEOTIDE/CTONG2104),” Cell Reports Medicine 5, no. 7 (2024): 101615.

67. I. Stepanov, E. Sebero, R. Wang, Y. T. Gao, S. S. Hecht, and J. M. 
Yuan, “Tobacco-Specific N-Nitrosamine Exposures and Cancer Risk in 
the Shanghai Cohort Study: Remarkable Coherence With Rat Tumor 
Sites,” International Journal of Cancer 134, no. 10 (2014): 2278–2283.

68. Z. Yue, J. Sun, and L. Shi, “Construction and Validation of a 
6-Ferroptosis Related Gene Signature for Prognosis and Immune Land-
scape Prediction in Melanoma,” Frontiers in Genetics 13 (2022): 887542.



18 of 18 Thoracic Cancer, 2025

69. A. Lefort, R. Lecocq, F. Libert, et al., “Cloning and Sequencing of 
a Calcium-Binding Protein Regulated by Cyclic AMP in the Thyroid,” 
EMBO Journal 8, no. 1 (1989): 111–116.

70. H. J. Yuasa, A. Nakatomi, T. Suzuki, and M. Yazawa, “Genomic 
Structure of the Sponge, Halichondria Okadai Calcyphosine Gene,” 
Gene 298, no. 1 (2002): 21–27.

71. J. M. de Bont, M. L. den Boer, J. M. Kros, et al., “Identification of 
Novel Biomarkers in Pediatric Primitive Neuroectodermal Tumors and 
Ependymomas by Proteome-Wide Analysis,” Journal of Neuropathology 
and Experimental Neurology 66, no. 6 (2007): 505–516.

72. F. Li, D. Zhu, Y. Yang, K. Wu, and S. Zhao, “Overexpression of Cal-
cyphosine Is Associated With Poor Prognosis in Esophageal Squamous 
Cell Carcinoma,” Oncology Letters 14, no. 5 (2017): 6231–6237.

73. M. D. Pastor, A. Nogal, S. Molina-Pinelo, et  al., “Identification of 
Proteomic Signatures Associated With Lung Cancer and COPD,” Jour-
nal of Proteomics 89 (2013): 227–237.

74. Z. Zhu, J. Wang, J. Tan, et al., “Calcyphosine Promotes the Prolif-
eration of Glioma Cells and Serves as a Potential Therapeutic Target,” 
Journal of Pathology 255, no. 4 (2021): 374–386.

75. S. P. Methot and J. M. Di Noia, “Molecular Mechanisms of Somatic 
Hypermutation and Class Switch Recombination,” Advances in Immu-
nology 133 (2017): 37–87.

76. J. G. Tate, S. Bamford, H. C. Jubb, et al., “COSMIC: The Catalogue of 
Somatic Mutations in Cancer,” Nucleic Acids Research 47, no. D1 (2019): 
D941–D947.

77. R. L. G. Maus, J. W. Jakub, W. K. Nevala, et al., “Human Melanoma-
Derived Extracellular Vesicles Regulate Dendritic Cell Maturation,” 
Frontiers in Immunology 8 (2017): 358.

78. Y. Li, X. Dong, Y. Yin, et  al., “BJ-TSA-9, a Novel Human Tumor-
Specific Gene, has Potential as a Biomarker of Lung Cancer,” Neoplasia 
7, no. 12 (2005): 1073–1080.

79. J. Yu, M. Hou, and T. Pei, “FAM83A Is a Prognosis Signature and 
Potential Oncogene of Lung Adenocarcinoma,” DNA and Cell Biology 
39, no. 5 (2020): 890–899.

80. C. Zhou, Y. Liang, L. Zhou, et al., “TSPAN1 Promotes Autophagy 
Flux and Mediates Cooperation Between WNT-CTNNB1 Signaling and 
Autophagy via the MIR454-FAM83A-TSPAN1 Axis in Pancreatic Can-
cer,” Autophagy 17, no. 10 (2021): 3175–3195.

81. H. Hu, F. Wang, M. Wang, et al., “FAM83A Is Amplified and Pro-
motes Tumorigenicity in Non-Small Cell Lung Cancer via ERK and 
PI3K/Akt/mTOR Pathways,” International Journal of Medical Sciences 
17, no. 6 (2020): 807–814.

82. J. Zhang, G. Sun, and X. Mei, “Elevated FAM83A Expression Pre-
dicts Poorer Clincal Outcome in Lung Adenocarcinoma,” Cancer Bio-
markers 26, no. 3 (2019): 367–373.

83. A. M. Snijders, S. Y. Lee, B. Hang, W. Hao, M. J. Bissell, and J. H. 
Mao, “FAM83 Family Oncogenes Are Broadly Involved in Human Can-
cers: An Integrative Multi-Omics Approach,” Molecular Oncology 11, 
no. 2 (2017): 167–179.

84. Y. Kanai, “Amino Acid Transporter LAT1 (SLC7A5) as a Molecular 
Target for Cancer Diagnosis and Therapeutics,” Pharmacology & Ther-
apeutics 230 (2022): 107964.

85. P. Nicklin, P. Bergman, B. Zhang, et al., “Bidirectional Transport of 
Amino Acids Regulates mTOR and Autophagy,” Cell 136, no. 3 (2009): 
521–534.

86. A. A. McDonough and R. A. Fenton, “Potassium Homeostasis: Sen-
sors, Mediators, and Targets,” Pflügers Archiv 474, no. 8 (2022): 853–867.

87. M. M. Al-Owais, N. Ozsoy, and M. L. Dallas, “The Voltage-Gated Po-
tassium Channel Kv2.1 as a Multicellular Drug Target,” in Ion Channels 
as Targets in Drug Discovery, ed. G. Stephens and E. Stevens (Springer 
International Publishing, 2024), 221–237.

88. J. Huo, Y. Shen, Y. Zhang, and L. Shen, “BI 2536 Induces Gasdermin 
E-Dependent Pyroptosis in Ovarian Cancer,” Frontiers in Oncology 12 
(2022): 963928.

89. Y. Zhang, Z. Xu, W. Feng, et al., “Small Molecule Inhibitors From 
Organoid-Based Drug Screen Induce Concurrent Apoptosis and Gas-
dermin E-Dependent Pyroptosis in Colorectal Cancer,” Clinical and 
Translational Medicine 12, no. 4 (2022): e812.

90. P. Luo, H. Yan, J. Du, et al., “PLK1 (Polo Like Kinase 1)-Dependent 
Autophagy Facilitates Gefitinib-Induced Hepatotoxicity by Degrading 
COX6A1 (Cytochrome c Oxidase Subunit 6A1),” Autophagy 17, no. 10 
(2021): 3221–3237.

91. M. Sebastian, M. Reck, C. F. Waller, et al., “The Efficacy and Safety 
of BI 2536, a Novel Plk-1 Inhibitor, in Patients With Stage IIIB/IV Non-
Small Cell Lung Cancer Who Had Relapsed After, or Failed, Chemo-
therapy: Results From an Open-Label, Randomized Phase II Clinical 
Trial,” Journal of Thoracic Oncology 5, no. 7 (2010): 1060–1067.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section.


	A Novel DNA Repair-Gene Model to Predict Responses to Immunotherapy and Prognosis in Patients With EGFR-Mutant Non-Small Cell Lung Cancer
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Data Acquisition
	2.2   |   Cluster Analysis
	2.3   |   Gene Set Enrichment Analysis
	2.4   |   Identification of Differentially Expressed DDR Genes
	2.5   |   Construction of Prognostic Model and Survival Prognosis Analysis
	2.6   |   Immune Cell Infiltration and Tumor Microenvironment Analysis
	2.7   |   Drug Sensitive Analysis
	2.8   |   Cell Culture
	2.9   |   Establishment of Overexpression Cell Model
	2.10   |   Western Blotting
	2.11   |   RNA Isolation and Quantitative Real-Time PCR
	2.12   |   Transwell In Vitro Cell Migration and Invasion Assays
	2.13   |   Statistical Analysis

	3   |   Results
	3.1   |   Classification of Patients With EGFRm NSCLC Based on DDR Genes and Clinical Characteristics Between Subgroups
	3.2   |   Differential Immune Microenvironment Between the EGFRm NSCLC Subgroups
	3.3   |   Construction and Validation of DDR-Related Gene Prognostic Signature
	3.4   |   Analysis of the Correlation Between Risk Scores and Clinical Characteristics of EGFRm NSCLC Patients
	3.5   |   Drug Sensitivity Analysis and Evaluation of Effectiveness of Immunotherapy
	3.6   |   The Influence of DDR-Related Gene on NSCLC Cells In Vitro

	4   |   Discussion
	5   |   Conclusions
	Author Contributions
	Acknowledgments
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	References


