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Purpose: We aimed to comprehensively analyze the immune cell and stromal components of tumor microenvironment at the sin-
gle-cell level and identify tumor heterogeneity among the major top-derived oncogene mutations in non-small cell lung cancer
(NSCLC) using single-cell RNA sequencing (scRNA-seq) data.

Materials and Methods: The scRNA-seq dataset utilized in this study comprised 64369 primary tumor tissue cells from 21 NSCLC
patients, focusing on mutations in EGFR, ALK, BRAF, KRAS, TP53, and the wild-type.

Results: Tumor immune microenvironment (TIM) analysis revealed differential immune responses across NSCLC mutation sub-
types. TIM analysis revealed different immune responses across the mutation subtypes. Two mutation clusters emerged: KRAS,
TP53, and EGFR+TP53 mutations (MC1); and EGFR, BRAF, and ALK mutations (MC2). MC1 showed higher tertiary lymphoid
structures signature scores and enriched populations of C2-T-IL7R, C3-T/NK-CXCL4, C9-T/NK-NKG, and C1-B-MS4Al clusters
than cluster 2. Conversely, MC2 cells exhibited higher expression levels of TNF, IL1B, and chemokines linked to alternative immune
pathways. Remarkably, co-occurring EGFR and TP53 mutations were grouped as MC1. EGFR+TP53 mutations showed upregulation
of peptide synthesis and higher synthetic processes, as well as differences in myeloid and T/NK cells compared to EGFR mutations.
In T/NK cells, EGFR+TP53 mutations showed a higher expression of features related to cell activity and differentiation, whereas
EGFR mutations showed the opposite.

Conclusion: Our research indicates a close association between mutation types and tumor microenvironment in NSCLC, offer-
ing insights into personalized approaches for cancer diagnosis and treatment.
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INTRODUCTION

Lung cancer is a leading cause of cancer-related mortality
worldwide."* Non-small cell lung cancer (NSCLC) accounts for
approximately 80% of all lung cancer cases.® The advent of im-
mune checkpoint inhibitors (ICIs) therapy has significantly im-
proved the survival of NSCLC patients. However, only a subset
of patients responds to ICI.* Moreover, despite the initial re-
sponse, majority of patients eventually develop disease progres-
sion or acquire resistance.’

683


http://crossmark.crossref.org/dialog/?doi=10.3349/ymj.2024.0062&domain=pdf&date_stamp=2024-11-19

YMJ

NSCLC is characterized by a complex genetic landscape in
which various somatic mutations significantly contribute to the
initiation, progression, and response to therapy.*® Among these
key genetic alterations are mutations in the epidermal growth
factor receptor (EGFR), KRAS, and BRAF, and the translocation
of ROS proto-oncogene 1 (ROSI) and anaplastic lymphoma ki-
nase (ALK).*" STK11/LKBI co-mutations can drive intrinsic
resistance to ICI in KRAS mutant lung adenocarcinoma by de-
creasing PD-L1 expression and CD8+ T-cells infiltration in tu-
mor microenvironment.' In addition, NSCLC patients har-
boring genomic alterations in EGFR, ALK, and ROSI exhibit
extremely low response to ICL."” Therefore, understanding the
influence of key generic alterations on the tumor immune mi-
croenvironment and response to ICI is essential for the devel-
opment of personalized immunotherapy.

Several studies have used single cell RNA-sequencing (scRNA-
seq) to analyze mutations in NSCLC. However, as mentioned
earlier, these studies focused on specific mutations or groups
of mutations, rather than providing a comprehensive analysis
of various NSCLC mutations."® While it is feasible to merge
multiple NSCLC scRNA-seq datasets to conduct a comprehen-
sive study on mutations, the integration of scRNA-seq data pres-
ents challenges. Ensuring consistency across diverse datasets
and seamlessly integrating them can pose challenges."” To con-
duct such comprehensive studies, it is essential to explore vari-
ous data sources and integrate and refine vast amounts of data.'®
This process provides a crucial foundation for understanding
the interactions between mutations and patient diversity. There-
fore, exploring various databases to analyze the differences
among NSCLC mutations comprehensively, we discovered a
dataset that integrated 1283972 single cells from 556 samples
and 318 patients across 29 datasets.'* We selected data from 48
patients, including EGFR, ALK, ROSI1, BRAF, KRAS, and TP53
mutation information, as well as “not mutated” data. After per-
forming data quality control (QC) , we selected scRNA-seq data
from primary tumor samples of 21 of the 48 patients.

In this study, we meticulously analyzed tumor heterogeneity
among mutations in primary NSCLC tumors. Specifically, we
investigated the associations between various mutations and
divided them into two groups based on their associations. Sub-
sequently, we examined these groups’ differences, revealing
different immune cell heterogeneities. Through this study, we
present a multifaceted exploration of the interplay among mu-
tations in patients with NSCLC and delineate distinct immune
profiles based on mutation associations. Delineating the het-
erogeneous landscape of co-mutations, such as P53, is impor-
tant in EGFR mutant NSCLC. Through our investigation, we
aim to uncover distinct characteristics associated with specific
mutation profiles in order to facilitate the development of tai-
lored treatment strategies for individual patients. By delving
into these complexities, our purpose is to deepen our under-
standing of NSCLC biology and lay the groundwork for more
personalized treatment approaches.
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MATERIALS AND METHODS

scRNA-seq datasets

To obtain the scRNA-seq database, we utilized NSCLC data
from the CZ Cell Gene Resource.” This database, which in-
corporates clinical information, consists of 1283972 cells ob-
tained from 318 patients with NSCLC, contains 17811 gene fea-
tures, and serves as the basis for the analysis in this study." This
database contains several public databases, among which we
selected the one that contained mutation information. Muta-
tion data were obtained and used by obtaining GSE123904
from the Gene Expression Omnibus database, CRA001963 from
the National Genomic Data Center Genome Sequence Archive
database, and PRJNA591860 from the Sequence Read Archive
database.'>*"* The data included information from 48 NSCLC
patients, and after data QC, 133994 cells were used for analy-
sis. Of these, 64369 cells from the primary tumor sample were
used in the analysis.

QC and data processing

Our study initially filtered cells with unique feature counts of
more than 5000. Subsequently, we normalized the dataset us-
ing the Seurat “NormalizedData” function, employing the glob-
al-scaling normalization method known as “LogNormalize,”
and scaled it by a default scale factor of 10000. We then further
scaled the data by applying the Seurat “ScaleData” function,
considering the variation in “nCount_RNA” and “percent.mt.”
We utilized the Seurat “ElbowPlot” function to determine the
optimal dimensionality. Dimensionality reduction analysis was
conducted using the Seurat “RunPCA” function and non-linear
dimensional reduction with the Seurat “RunUMAP” function.

Software and statistical analysis

In this study, we employed the R programming language for
data analysis, predominantly utilizing the Seurat package for
preprocessing, visualization, and clustering of scRNA-seq.
Alongside Seurat, we utilized various other R packages for anal-
ysis, including Seurat (version: 5.0.1), matrix (version: 1.6.5),
dplyr (version: 1.0.8), patchwork (version: 1.2.0), ggplot2 (ver-
sion: 3.4.4), ggpubr (version: 0.4.0), dittoSeq (version: 1.14.1),
corrplot (version: 0.92), stats (version: 4.3.2), NMF (version:
0.27), CellChat (version: 1.6.1), and EnhancedVolcano (version:
1.20.0). We used Student’s t-test to assess statistical significance,
with p-values of 0.05. The findings that met this criterion were
considered statistically significant. All data analyses were per-
formed using R software (version 4.3.2) and Prism 10.0 soft-
ware (GraphPad Software, Inc.; San Diego, CA, USA). Pearson’s
correlation analysis was used for correlation analysis. Statisti-
cal significance analyses were performed using Student’s t-test
(*p<0.05, *p<0.01, **p<0.001, ***p<0.0001).
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RESULTS clinical parameters. We selected 21 of the 48 NSCLC patient

datasets containing primary tumor data, totaling 64369 cells
Differential proportions of the 41 clusters obtained (Fig. 1C). Patients with TP53+KRAS and ROS1 mutations were
from primary tumor samples of 21 NSCLC patients excluded from the study. Subsequently, we analyzed primary
were observed across mutations following cell type data from NSCLC patients with mutations, including KRAS,
annotation TP53, EGFR, EGFR+TP53, BRAF, ALK, and wild-type (WT). The

We utilized single-cell RNA sequencing (scRNA-seq) data from scRNA-seq dataset was preprocessed for further analysis. Ini-
a cohort of 48 patients diagnosed with NSCLC. Our analysis tially, we applied log normalization, computed feature variances

incorporated 133994 cells, each containing information on so- using the VST method, performed data scaling, and conducted
matic mutations. This dataset comprised detailed patient in- a principal component analysis (PCA). Subsequently, we visu-
formation, including demographic factors such as sex, age, and alized an elbow plot to determine the cutoff point. This allowed
smoking history, as well as clinical parameters such as tumor us to proceed with the nearest neighbor calculation from one to
stage, tumor type, pathology, tissue origin, and intricate muta- eight dimensions, clustering with a resolution of 0.5, and di-
tion profiles for each individual (Fig. 1A and B). This extensive mensionality reduction using PCA. A total of 41 distinct clus-
dataset offers a nuanced understanding of the molecular and ters were identified within the dataset and visualized using a
cellular landscapes of NSCLC, enabling the exploration of the Uniform Manifold Approximation and Projection (UMAP) plot
complex relationships between genetic alterations and various (Supplementary Fig. 1A, only online). The frequency of these
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Fig. 1. Comprehensive analysis of sScRNA-seq data from NSCLC patients. (A) Schematic representation of the scRNA-seq dataset comprising 133994 cells
from 48 NSCLC patients. Each cell contains detailed somatic mutation information. (B) The rich patient details encompassed in the database including de-
mographic factors (gender, age, smoking history) and clinical parameters (tumor stage, tumor type, pathology, tissue origin). The dataset provides intri-
cate mutation profiles for individuals, facilitating a nuanced understanding of the molecular and cellular landscape within NSCLC and enabling the explo-
ration of complex relationships between genetic alterations and clinical parameters. (C) Selection process of NSCLC patient datasets and exclusion
criteria for specific mutations. (D) Uniform Manifold Approximation and Projection (UMAP) plot of the primary tumor data from NSCLC patients according
to cluster assigned with cell type. (E) Visualization of top markers by cell type, visualized using heatmaps and violin plots. (F) Stacked bar plot visualizing
the composition of cell types based on the types of mutations. (G) Bar plot visualizing the frequency of each mutation per cell type. The x-axis represents
different cell types, while the y-axis represents the frequency of mutations. (H) Bar plot visualizing the frequency of each cell type per mutation. The x-axis
represents different mutations, while the y-axis represents the frequency of cell types. NSCLC, non-small cell lung cancer; scRNA-seq, single-cell RNA
sequencing.
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Fig. 1. Comprehensive analysis of scRNA-seq data from NSCLC patients. (A) Schematic representation of the scRNA-seq dataset comprising 133,994
cells from 48 NSCLC patients. Each cell contains detailed somatic mutation information. (B) The rich patient details encompassed in the database includ-
ing demographic factors (gender, age, smoking history) and clinical parameters (tumor stage, tumor type, pathology, tissue origin). The dataset provides
intricate mutation profiles for individuals, facilitating a nuanced understanding of the molecular and cellular landscape within NSCLC and enabling the
exploration of complex relationships between genetic alterations and clinical parameters. (C) Selection process of NSCLC patient datasets and exclusion
criteria for specific mutations. (D) Uniform Manifold Approximation and Projection (UMAP) plot of the primary tumor data from NSCLC patients according
to cluster assigned with cell type. (E) Visualization of top markers by cell type, visualized using heatmaps and violin plots. (F) Stacked bar plot visualizing
the composition of cell types based on the types of mutations. (G) Bar plot visualizing the frequency of each mutation per cell type. The x-axis represents
different cell types, while the y-axis represents the frequency of mutations. (H) Bar plot visualizing the frequency of each cell type per mutation. The x-axis
represents different mutations, while the y-axis represents the frequency of cell types. NSCLC, non-small cell lung cancer; scRNA-seq, single-cell RNA
sequencing.

clusters was examined according to the mutation type. KRAS,
TP53, and EGFR+TP53 mutations exhibited similar cluster fre-
quencies, whereas EGFR, ALK, and BRAF mutations exhibited
different cluster frequencies (Supplementary Fig. 1B, only on-
line). We examined the composition ratio of the predicted cell
types and the top genes for each of the 41 clusters in the data-
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base. Based on this analysis, we assigned the cell types to each
cluster as follows: myeloid, T/NK, cancer, B, fibroblast, endo-
thelial, epithelial, and mast cells (Supplementary Fig. 1C, D,
and E, only online). Subsequently, we conducted type annota-
tion by confirming the expression of marker genes within each
cluster. Proliferating cells were annotated using MKI67 and
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TOP2A, macrophages with CD68, dendritic cells (DC) with
CDICand LAMP3, and Tregs with FOXP3 and IL2RA. Subtype
annotation was performed using the top marker genes for each
cluster (Fig. 1D and Supplementary Fig. 2, only online). To as-
sess the similarity among clusters designated as the same cell
type, we selected 30000 cells and generated heat maps based
on the top 20 genes for each cell type (Fig. 1E and Supplemen-
tary Fig. 3A and B, only online). Furthermore, we examined
the expression of the top three genes per cell type across the 41
clusters (Fig. 1E). Additionally, when examining heat maps for
the top 10 genes per cluster, we observed similarities among
clusters assigned to the same cell type (Supplementary Fig. 3C
and D, only online), validating our cell type annotations. Sub-
sequently, we investigated the composition ratio of the cell
types per mutation (Fig. 1F). We observed that KRAS, TP53,
and EGFR+TP53 mutations exhibited similar cell-type compo-
sition ratios to those of EGFR, BRAF, and ALK mutations. In-
terestingly, EGFR+TP53 mutations showed a different cell type
composition ratio than EGFR mutations, which resembled TP53
mutations. Therefore, we further confirmed the differences and
similarities in the cell type composition ratios based on muta-
tions by examining the frequency of mutations per cell type (Fig.
1G) and the frequency of cell types per mutation (Fig. 1H). We
then proceeded with additional research on the association
between these mutations.

Samples with distinct genomic alterations segregated
into two statistically significant clusters, each
characterized by differential cellular composition

We investigated the correlations between these mutations and
NSCLC. We evaluated the composition ratio of clusters per mu-
tation and generated a correlation plot using hierarchical clus-
tering (H-clustering) order. Notably, mutations were segregated
into three groups: WTI/KRAS, TP53, EGFR+TP53/EGFR, BRAF,
and ALK. Therefore, we designated KRAS, TP53, and EGFR+
TP53 mutations as mutation cluster 1 and EGFR, ALK, and
BRAF mutations as mutation cluster 2 (Fig. 2A). This grouping
was further supported by observations in the PCA plot, which
revealed that the three identified groups exhibited similar char-
acteristics (Fig. 2B). As seen earlier in the similarity of cell type
composition ratios, this result confirmed that the WT, mutation
cluster 1, and mutation cluster 2 were distinctly separated. We
further investigated the correlation between the 41 cluster-as-
signed cell types using H-clustering. The 41 clusters were cate-
gorized into three groups: plasma, myeloid (cell component
cluster 1), and the remaining cell types (cell component clus-
ter 2) (Fig. 2C). Upon examining the features of each cluster
using the PCA plot, we reaffirmed the resemblance in features
among the clusters belonging to the plasma, myeloid, and re-
maining cell types (Fig. 2D and Supplementary Fig. 4, only on-
line). We also performed non-negative matrix factorization
(NMF) clustering using k-means (k-means=3) for 41 clusters.
This analysis revealed three distinct NMF-clusters: C2-T-IL7R
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and C3-T/NK-CXCR4 in NMF-cluster 1; C1-T-CD4-RPL17,
C4-T/NK-CCL5, C5-T-CD4-regulatory, C6-T/NK-IGKC, C1-
Macrophage-APOC1, C2-Macrophage-SCGB3A2, C3-Macro-
phage-FTL, C4-Macrophage-CD14, C5-DC-HLA-DP, C1-Can-
cer-RPL8, C2-Cancer-CEACAMSG6, C3-Cancer-SFTA2, C4-
Cancer-MDK, C6-Cancer-S100A6 in NMF-cluster 2; with the
remaining clusters, C7-T/NK-CLDN11, C8-T/NK-proliferating,
C9-T/NK-NKG7, C7-Myeloid-KDM6B, C8-Myeloid-proliferat-
ing, C9-DC-LTB, C10-Macrophage-JCHAIN, C8-Cancer-MT-
CO3P18, C9-Cancer-SCGB3A1, C1-B-MS4A1, C2-B-CD79A,
C1-Endothelial-RAMP2, C1-Epithelial-TPPP3, C2-Epithelial-
CAPS, C3-Epithelial-SAA1, C1-Plasma-JCHAIN, C2-Plasma-
DERLS3, C1-Mast-HPGDS, C2-Mast-SIGLEC6, C1-Fibroblast-
CALD1, C2-Fibroblast-COL1A2, C3-Fibroblast-COL1Al, in
NMPF-cluster 3 (Fig. 2E and F). To investigate the distribution of
NME clusters according to the mutations, we examined the fre-
quency of each NMF cluster permutation (Fig. 2G). Intriguing-
ly, we observed similar patterns in the frequency distribution of
NMF clusters across the three mutation groups. In the WT
group, NMF-cluster 2 showed a higher frequency. At the same
time, in mutation cluster 1 (KRAS, TP53, EGFR+TP53), NMF-
cluster 1 exhibited a higher frequency, and in mutation cluster 2
(EGFR, BRAF, and ALK), NMF-cluster 3 displayed a higher fre-
quency. We examined the frequency of different cell types per
mutation cluster (Fig. 2H and Supplementary Fig. 5, only on-
line). Based on these results, we could discern variations in the
cellular composition within the mutation clusters. Myeloid
and cancer cells in the WT showed higher frequencies, particu-
larly C1-Cancer-RPL8, C2-Cancer-CEACAMS6, C1-Macro-
phage-APOCI, and C2-Macrophage-SCGB3A2. In mutation
cluster 1, the frequencies of T/NK and B were higher, whereas
those of DCs/macrophages were lower, notably, with higher fre-
quencies of C2-T-IL7R, C3-T/NK-CXCR4, C9-T/NK-NKG7, and
C1-B-MS4AL. Conversely, fibroblasts, plasma, endothelial cells,
and mast cells exhibited higher frequencies in mutation clus-
ter 2 (Fig. 2] and Supplementary Fig. 5B, only online). Through
these findings, we confirmed the similarity between specific
mutations, such as KRAS, TP53, and EGFR+TP53, while also
noting significant differences in features between EGFR and
EGFR+TP53 mutations.

Elevated ratios of C2-T-IL7R, C3-T/NK-CXCR4, and
C9-T/NK-NKG7 clusters within the T/NK subset in
mutation cluster 1 correlated with T cell migration
and homeostasis

We previously investigated the frequency of cell types across
mutation clusters (Fig. 2H and I). Differences in the composi-
tion ratio of cell types across mutation clusters were observed,
suggesting potential effects on immune cell function. Therefore,
we explored differences in the functionality of immune cells at
varying frequencies across mutation clusters. Initially, to exam-
ine the differences in T cell and NK cell behavior between mu-
tation clusters 1 and 2, we selected T/NK clusters along with
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Fig. 2. Investigation of mutation correlations and cellular composition in NSCLC. (A) Correlation plot showing hierarchical clustering (H-clustering) order
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plot and dendrogram using H-clustering confirming the grouping of mutations observed in (A), indicating similar features among the identified mutation
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mutation clusters 1 and 2. We conducted data preprocessing
steps similar to those outlined in Fig. 2B. Nearest neighbors were
computed up to the 15th dimension, followed by clustering with
aresolution of 0.5. Subsequently, we visualized the distribution
of the mutation clusters and previously obtained T/NK clusters
using UMAP plots (Fig. 3A). Even when only T/NK cells were
selected, mutation cluster 1 predominantly consisted of C2-T-
IL7R, C3-T/NK-CXCR4, and C9-T/NK-NKG7 within the T/NK
cluster composition ratio (Fig. 3B). Intriguing patterns emerged

YMJ

upon comparing cytokine expression between mutation clus-
ters 1 and 2: IFNG exhibited higher expression in mutation clus-
ter 1, whereas TNF, IL1B, IL2, and IL10 showed higher expres-
sion in mutation cluster 2 (Supplementary Fig. 6A, only online).
Additionally, we examined chemokine expression in mutation
clusters 1 and 2 and identified elevated expression of XCLI,
CXCL13, and CCL3 in mutation cluster 1, whereas XCL2, CCL4,
and CCL5 were highly expressed in mutation cluster 2 (Supple-
mentary Fig. 6B, only online). Notably, CXCL13, highly ex-
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Fig. 3. Exploring T/NK cell function and differential gene expression in NSCLC mutant clusters. (A) UMAP representing the distribution of mutation clusters
1and 2in T/NK cells selected from primary tumor data of NSCLC patients, utilizing only the data selected from mutation clusters 1 and 2. (B) Stacked bar
plot results show the distribution of T/NK cell subsets corresponding to mutation clusters 1 and 2. (C) Volcano plot results after DEG analysis of mutation
clusters 1 and 2, visualizing the genes highly expressed in mutation cluster 1 (cutoff: logFC>0.2, p<0.05). (D) Result of the biological pathway list for the
genes highly expressed in cluster 1 identified in (C). (E) The expression of the top marker genes for each of the biological pathways obtained earlier was
compared in mutant clusters 1 and 2 and plotted in a dot plot. NSCLC, non-small cell lung cancer; UMAP, Uniform Manifold Approximation and Projec-
tion; DEG, differential expression gene.
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pressed in T cells of mutation cluster 1, was identified as a sig-
nature gene for tertiary lymphoid structures (TLS). TLS are
lymphoid structures that occur within tumors and are associat-
ed with B cell-mediated immune responses, which are known
to affect ICI responses positively. Therefore, we compared the
scores of the TLS signature genes between mutation clusters.
The TLS signature score was significantly higher in cluster 1 than
in cluster 2 (p<2.22e-16) (Supplementary Fig. 6E, only online).
These findings highlight the distinct immune profiles associat-
ed with mutation clusters 1 and 2. We conducted a differential

NSCLC Immune Landscape via scRNA-seq Analysis

expression gene (DEG) analysis to explore these differences fur-
ther. We performed DEG analysis using criteria of fold-change
greater than 0.2 and a p-value below 0.05, resulting in the ac-
quisition of 294 genes (Fig. 3C). We utilized gene ontology (GO)
analysis to identify the biological pathways associated with the
294 genes. The identified pathways were related to T cell migra-
tion, homeostasis, differentiation, and activation (Fig. 3D), with
a higher expression of GO term-associated genes observed in
cluster 1 than in cluster 2 (Fig. 3E).
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Fig. 4. Exploring myeloid cell function and differential gene expression in NSCLC mutant clusters. (A) UMAP representing the distribution of mutation clus-
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A higher proportion of the C7-Myeloid-KDM6B in mutation cluster 1, whereas CCL2, CCL3, CCL4, CCLS,
cluster within the myeloid subset in mutation cluster CXCL1, CXCL2, CXCL3, CXCL9, CXCL10, and CXCL11 were
1 was associated with antigen presentation highly expressed in mutation cluster 2 (Supplementary Fig. 6D,
To investigate the differences in myeloid behavior between mu- only online). We conducted a DEG analysis further to explore
tation clusters 1 and 2, we selected myeloid clusters and con- the dissimilarities between mutation clusters 1 and 2. We per-
ducted data preprocessing steps identical to those previously formed DEG analysis using the fold-change criteria greater than
performed on T/NK cells. We then visualized the distribution 0.2 and a p-value below 0.05, acquiring 353 genes (Fig. 4C). GO
of mutation clusters and previously obtained DC/macrophage analysis revealed biological pathways associated with MHC-II-
clusters using UMAP plots (Fig. 4A). When only myeloid cells mediated antigen presentation, macrophage activation, and
were selected, mutation cluster 1 predominantly consisted of neutrophil activation (Fig. 4D), with higher expression of GO
C7-Myeloid-KDM6B within the Myeloid cluster composition term-associated genes observed in mutation cluster 1 than in

ratio (Fig. 4B). Upon comparing cytokine expression between mutation cluster 2 (Fig. 4E).

mutation clusters 1 and 2, intriguingly similar expression pat-

terns to those observed in T/NK cells emerged. IFNG exhibited EGFR+TP53 mutation exhibited greater transcriptome
a higher expression in mutation cluster 1, whereas TNF, IL1A, alterations in tumors compared with EGFR mutation
IL1B, IL6, and IL10 showed a higher expression in cluster 2 alone, with notable changes observed in the myeloid
(Supplementary Fig. 6C, only online). Furthermore, we exam- lineage

ined chemokine expression in mutation clusters 1 and 2 and Previous studies confirmed that the double mutation of EGFR
found that CXCL5, CXCL8, and CXCL12 were highly expressed and TP53 exhibited distinct characteristics from mutations in
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EGFR alone. Therefore, we aimed to analyze the differences be-
tween EGFR mutations and EGFR+TP53 mutations in cancer,
myeloid, and T/NK cell subsets. First, we selected EGFR and
EGFR+TP53 mutations and cancer subsets. We then conduct-
ed data preprocessing steps identical to those outlined in Fig.
3A and 4A. Examination of the features of these two mutations
revealed a clear distinction (Fig. 5A). We performed DEG anal-
ysis between the two mutations in the cancer subset to analyze
the differences between distinct features. Using a cutoff of log-
2FC>0.4 and p-value<0.05, we obtained 302 genes associated
with EGFR and 254 genes associated with EGFR+TP53 muta-
tion (Fig. 5B). We conducted a reactome pathway analysis to
identify the biological pathways associated with the DEGs. The
pathways associated with EGFR included actin synthesis and
p53-independent DNA damage response, whereas those asso-
ciated with the EGFR+TP53 mutation included elongation,
translation, and selenocysteine synthesis related to protein syn-
thesis (Fig. 5C). Next, we selected EGFR and EGFR+TP53 muta-
tions along with myeloid subsets. After conducting data pre-
processing steps similar to those described above, we observed
a clear distinction between the features of the two mutations
(Fig. 5D). Consequently, we performed a DEG analysis of the
two mutations in the myeloid subset. Using a cutoff of log2FC>
0.2 and p-value<0.05, we obtained 187 EGFR and 520 genes as-
sociated with EGFR+TP53 mutation (Fig. 5E). We used the GO
immune system process to identify the biological pathways as-
sociated with DEGs. The pathways associated with EGFR mu-
tation included hypersensitivity, MHC-I-mediated antigen
presentation, and negative regulation of leukocyte-mediated cy-
totoxicity, whereas those associated with the EGFR+TP53 muta-
tion included DC differentiation (Fig. 5F). Finally, we selected
EGFR and EGFR+TP53 mutations along with the T/NK cell sub-
set. After conducting data pre-processing steps similar to those
described above, we observed a clear distinction between the
features of the two mutations (Fig. 5G). Consequently, we per-
formed a DEG analysis of the two mutations in the T/NK subset.
Using a cutoff of log2FC>0.2 and p-value<0.05, we obtained
292 genes associated with EGFR and 319 genes associated with
EGFR+TP53 mutation (Fig. 5H). We used the GO immune sys-
tem process to identify the biological pathways associated with
DEGs. The pathways associated with EGFR included CD8+ T
cell proliferation and negative regulation of NK cells. In con-
trast, those associated with the EGFR+TP53 mutation included
CD4+ T cell differentiation and positive regulation of T cell-me-
diated immunity (Fig. 5I). These results, harboring both EGFR
and TP53 mutations, demonstrate differences in EGFR and
cell composition and cancer and immune cell function. This
finding is predicted to be relevant to the previously described
ICI responses, suggesting that further research is needed to con-
sider these factors in future treatment strategies.
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DISCUSSION

Our study showed that the cellular-level components of the tu-
mor microenvironment in NSCLC are heterogeneous accord-
ing to major mutations, which provides important insights into
the response to immunotherapeutic agents, such as ICIs. Har-
nessing the potential of scRNA-seq data the immune landscape
that plays a pivotal role in tumor progression and response to
therapy can be comprehensively explored.”* Given the analyt-
ical resolution of single-cell sequencing, we aimed to character-
ize the molecular and cellular features of NSCLC at the single-
cell level and explore their complex relationships. Interestingly,
the single-cell RNA database used in this study contained much
mutational information. This allowed us to identify the molecu-
lar and cellular characteristics of mutations in NSCLC. Our re-
sults revealed interesting patterns and associations between
the mutation and cell types in NSCLC.

First, we found similar patterns in the cellular composition
across the major mutation types in NSCLC. KRAS, TP53, and
EGFR+TP53 mutations had similar cellular compositions, sug-
gesting similarities between mutation types. EGER, BRAF, and
ALK mutations were associated with different cellular compo-
sitions. These results indicate that mutation types can affect a
tumor’s cellular composition and interactions. We grouped mu-
tations with similar characteristics by examining the correla-
tion between mutation types in NSCLC. KRAS, TP53, and
EGFR+TP53 mutations appeared as a group with similar char-
acteristics (mutation cluster 1), indicating that these mutations
have similar biological properties in NSCLC. Mutation cluster 1
showed higher IFNG and CXCL13 expressions, its TLS signa-
ture score was also significantly higher than that of Mutant Clus-
ter 2. For the immune cell cluster, the C2-T-IL7R, C3-T/NK-CX-
CL4, C9-T/NK-NKG, and C1-B-MS4A1 clusters were observed
at higher levels than those in cluster 2.

In contrast, EGFR, ALK, and BRAF mutations exhibited char-
acteristics similar to a separate group (mutation cluster 2). Mu-
tation cluster 2 showed higher expression of TNE IL1B, and
chemokines associated with alternative immune pathways. Mu-
tation cluster 2 also showed increased expression of most stro-
mal cell subsets, including fibroblasts (C1-Fibroablst-CALD]I,
C2-Fibroblast-COL1A2), endothelial cells (C1-endothelial-
RAMP2), and mast cells (C1-Mast-TPSAB1). This is consistent
with previous findings and provides important insights into the
similarities and differences among specific mutation types. In
addition, previous studies have reported a 14% response rate
to ICIs in patients with EGFR mutations.** Although many
studies have investigated the reasons for the lower responsive-
ness of these mutations compared to the WT, the causes are
not clearly understood. Therefore, our results provide impor-
tant insights into the causes of lower responsiveness of patients
with mutations in EGFR, ALK, and ROS to ICIs.

A highlight of this study was that unlike mutation cluster 2,
mutations co-occurring with EGFR and TP53 were observed
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in mutation cluster 1. Therefore, we focused on EGFR-mutant
lung cancer and EGFR+TP53 co-occurring mutant lung cancer,
and found that the most significant difference between EGFR-
mutant lung cancer and EGFR+TP53 co-mutant lung cancer
was the transcriptome difference in cancer cells. The transcrip-
tome diversity of the EGFR+TP53 mutant was more regulated
by higher synthetic processes, such as peptide synthesis and
elongation. In addition, we found that the difference between
the two mutations in myeloid cells was strongly characterized
by MHC class 2 and DC activity and differentiation in EGFR+
TP53 co-occurring mutant cancer. In contrast, MHC class 1 was
strongly characterized in EGFR mutant cancer. The difference
between the two mutations in T/NK cells was that EGFR+TP53
co-occurring mutant cancers had high expression of features
associated with T/NK cell activity and differentiation. In con-
trast, EGFR mutant cancers had high expression of the oppo-
site features. These results imply that the tumor microenviron-
ment is characterized differently in the presence or absence of
TP53 mutations. This may provide important insights into the
poor response to ICIs in patients with EGFR mutations.

In our study, we conducted analysis using data from a total of
21 NSCLC patients, uncovering intriguing patterns and associa-
tions between mutations and cell types. However, due to the
limited sample size utilized in our analysis, we encountered a
limitation in not being able to conduct analysis dependent on
NSCLC stage. Given that treatment strategies need to vary based
on the stage of lung cancer, this is a critical factor that warrants
further investigation.”” Recognizing this limitation underscores
the importance of expanding our research to include a larger
cohort, allowing for more robust analyses that account for the
diverse stages of lung cancer.

In conclusion, these analyses allowed us to identify the char-
acteristic differences in gene expression and biological path-
ways between KRAS, TP53, and EGFR+TP53 mutations and
EGFR, BRAF, and ALK mutations. We also showed that these
differences were linked to immune cell activity within the tu-
mor. Our work and previous studies suggest a close relation-
ship between mutation types and tumor microenvironment in
NSCLC, and may help develop personalized approaches for
cancer diagnosis and treatment.
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