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ARTICLE INFO ABSTRACT
Keywords: Background: Malignant tumours, particularly non-small cell lung cancer (NSCLC), pose a signifi-
Macrophage cant threat to human health due to their prevalence and lethality. Treatment methods for NSCLC
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Single cell RNA-seq
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vary greatly among individuals, making it crucial to identify predictive markers. Moreover,
during tumour initiation and progression, tumour cells can release signaling molecules to induce
polarization of macrophages towards a more tumour friendly M2 phenotype, which can promote
tumour growth, metastasis, and drug resistance.

Methods: We employed a comprehensive approach, combining bulk RNA-seq and single-cell
sequencing analysis.

Results: In our study, we used bulk RNA-seq and single-cell sequencing methods to analyze dif-
ferential cells in NSCLC and adjacent tissues, searching for relevant marker genes that can predict
prognosis and drug efficacy. We scrutinized biological phenomena such as macrophage-related
gene methylation, copy number variation, and alternative splicing. Additionally, we utilized a
co-culture technique of immune and tumour cells to explore the role of these genes in macrophage
polarization. Our findings revealed distinct differences in macrophages between cancerous and
adjacent tissues. We identified ANP32A, CCL20, ERAP2, MYD88, TMEM126B, TUBB6, and
ZNF655 as macrophage-related genes that correlate with NSCLC patient prognosis and immu-
notherapy efficacy. Notably, ERAP2, TUBB6, CCL20, and TMEM126B can induce macrophage MO
to M2 polarization, promoting tumour proliferation.
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Conclusion: These findings significantly contribute to our understanding of the NSCLC tumour
immune microenvironment. They pave the way for further research into the potential of these
genes as targets for regulating tumour occurrence and development.

1. Introduction

Cancer remains one of the most significant health challenges facing humanity, and the COVID-19 pandemic has further complicated
the diagnosis and treatment of certain cancers, leading to an increase in advanced cases. Lung cancer, in particular, is the second most
prevalent cancer in both genders, with the highest mortality rate [1,2]. The disease predominantly affects the elderly, with a median
age at diagnosis of over 65 years. Furthermore, the disease has a low overall 5-year relative survival rate, and many patients have
pre-existing impaired lung function that can be worsened by treatment [3,4]. Unfortunately, the majority of lung cancer cases are
diagnosed at an advanced stage, with only a small percentage identified at stage I. Patients diagnosed at this stage exhibit a 5-year
survival rate of 65%, starkly contrasting with a mere 5% at stage IV [5]. Therefore, early detection of lung cancer patients is crit-
ical for improving survival rates. While chemotherapy, targeted therapy, and immunotherapy have shown promise in treating lung
cancer, adverse drug reactions remain a common concern [6]. Moreover, not all patients benefit from these treatments, underscoring
the need for effective biomarkers in lung cancer research.

In recent years, the field of tumour genomics has rapidly evolved, offering a myriad of sequencing techniques for analysing tissue
genes, including whole-exome sequencing [7], transcriptome sequencing [8], chromatin immunoprecipitation sequencing [9], and
single-cell sequencing [10]. Among these techniques, bulk RNA-seq has emerged as a popular choice due to its manageable cost,
extensive public data availability, and its capacity to provide therapeutic and prognostic information. However, a key limitation of
bulk RNA-seq is its inability to identify the gene expression characteristics of individual cells — the basic units of human structure and
function - thereby limiting its usefulness in comprehensive research [7].0n the other hand, Single-cell sequencing technology enables
unbiased high-throughput analysis with minimal sample starting volume, and it can probe the functional state of individual cells [11,
12]. It can also infer and discover new cell types in an unbiased manner and has greater sensitivity in quantifying rare variants and
transcripts [10]. Despite its advantages, single-cell sequencing is costly, and the number of cells available for analysis is often limited
compared to bulk RNA-seq sequencing. Furthermore, acquiring ample volumes of data on drug use and survival for analysis presents a
challenge.

Tumour development and progression are complex processes involving a diverse array of cell types within the tumour microen-
vironment [13-15]. In particular, the tumour immune microenvironment has been shown to play a critical role in influencing the
behaviour of malignant cells, including their response to therapy and overall prognosis [16,17]. Tumour-associated macrophages
(TAMs), a major component of the tumour microenvironment, have been demonstrated to significantly impact disease progression in
various cancers, including NSCLC [18,19]. TAMs are often characterized by an M2-like phenotype, which is associated with poor
prognosis and resistance to therapy [20]. In fact, M2 macrophages are considered the most common type of TAM in the NSCLC
microenvironment [21,22]. Identifying factors that induce M2 polarization is crucial for understanding the tumour immune micro-
environment and for the development of effective therapeutic strategies. In this regard, numerous studies have concentrated on the
role of macrophages in tumour development and progression, including their influence on the cycle of proliferation and apoptosis [2.3,
24]. Furthermore, recent advances in single-cell sequencing technology have empowered researchers to scrutinize the tumour
microenvironment with unprecedented resolution, facilitating the identification of new cell types and gene expression signatures
potentially associated with disease progression and therapeutic response [25].

Our understanding of TAMs has matured over the past decades as we continues to unravel their complexities. Initially, TAMs were
seen as immune system entities with the capability to target and engulf cancer cells, thus exhibiting antitumor functions [26].
However, further investigation into the biological complexities underlying tumour growth and metastasis has revealed that the tumour
microenvironment can convert TAMs, or a subset thereof, into pro-cancer agents, thereby facilitating tumor progression [27]. An
increased abundance of TAMs correlates with a general decline in patient survival across various cancer types [28]. The diversity of
TAMs accounts for their multifaceted functions, as well as the presence of TAMs with potential antitumor capabilities [29]. As a result,
it has become crucial to pinpoint markers that differentiate pro-tumor TAMs from anti-tumour TAMs. Conventional methods like flow
cytometry and histology rely on a limited set of markers to characterize TAMs, and may not fully capture the extent of these cells’
diversity or distinguish them from certain other cell populations. In recent years, single-cell omics methodologies have revealed the
diversity of TAMs and reduced bias.

In summary, the intricate and dynamic tumour immune microenvironment plays a pivotal role in the initiation and progression of
tumours. The skewed polarization of TAMs towards the M2 phenotype has been associated with unfavorable prognosis and therapy
resistance in NSCLC. Therefore, the identification of factors promoting M2 polarization holds immense promise for improving NSCLC
patient outcomes. Towards this end, we propose a method that combines bulk RNA-seq sequencing data with single-cell sequencing
technology. This integrated approach will enable us to identify differentially expressed genes and immune cell types, pinpoint the most
significant immune cells in the tumour microenvironment, unravel the key genes associated with them, and validate the findings with
other datasets. Additionally, we will leverage functional and phenotypic experiments to unravel the upstream and downstream
regulation of the identified genes. By doing so, we aim to pave the way for a deeper understanding of the tumour immune micro-
environment in NSCLC and the identification of promising therapeutic targets for more effective treatments.
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2. Methods
2.1. Datasets acquisition

To investigate the role of cell composition in NSCLC, we utilized a comprehensive approach combining bulk RNA-seq and single-
cell sequencing analysis. We obtained bulk RNA-seq data for 454 NSCLC patients and normal tissues from The Cancer Genome Atlas
(TCGA) database (https://portal.gdc.cancer.gov/). Out of these, we selected 337 patients with clinical information for survival
analysis. To further explore the differences in cell composition between tumour and normal tissues, we used 10X single-cell sequencing
data (GSE131907) obtained from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo). For validation
of our findings, we also downloaded bulk RNA-seq data (GSE29013) from NSCLC patients with clinical information from the same
database to serve as an external validation set.

2.2. Bulk RNA-seq data processing

To identify the differentially expressed genes (DEGs) in NSCLC, we employed a rigorous data analysis pipeline incorporating a
combination of statistical methods and computational tools. Specifically, we obtained the TCGA dataset and classified the NSCLC data
into tumours and paired normal tissues. We utilized the *Deseq2’ R package to perform differential expression analysis, identifying
DEGs between the two groups. Principal component analysis (PCA) was then conducted to further investigate the differences in gene
expression patterns. To visualize the results, we generated volcano plots highlighting the up- and down-regulated genes, labeling those
exhibiting a |log FC| greater than 4-fold for further analysis. Additionally, we employed Gene Set Enrichment Analysis (GSEA) to
identify differential gene enrichment pathways, providing insights into the biological processes and molecular mechanisms underlying
NSCLC.

Furthermore, we selected 337 samples with survival data from the TCGA dataset and analysed the immune microenvironment of
the tumour tissue using the *xCell’ R package. This comprehensive approach enabled us to obtain results for 61 immune cells and three
immune infiltration scores. Subsequently, we analysed the relationship between immune cells and prognosis using the ’survminer’ R
package. We plotted survival curves using the Kaplan-Meier method, and employed log-rank tests to determine statistical significance,
considering P < 0.05 as statistically significant. The integration of survival analysis with immune cell profiling allowed us to identify
potential prognostic markers and therapeutic targets for NSCLC. Overall, our approach provides a powerful tool for the comprehensive
analysis of NSCLC, and holds the potential to yield fresh insights into the molecular mechanisms and immunological features of this
devastating disease.

2.3. Single-cell sequencing data processing

To obtain a comprehensive understanding of the cell composition differences between tumour and normal tissues in NSCLC, we
utilized the ’Seurat’ R package to analyze the 10X single-cell sequencing data (GSE131907). Specifically, we selected tumour and
normal tissues numbered 06, 09, 20, 30, and 34 from the dataset for download, and performed a series of quality control checks to
ensure the reliability and accuracy of our data analysis.

To this end, we examined the distribution of RNA feature numbers, absolute UMI counts, and mitochondrial genes for each sample,
identifying samples with nFeature >2000, 2000 < nCount <5000, and percent.mt > 5%. These samples were subsequently used for
downstream analysis. The data were then normalized and analysed using PCA to identify the major sources of variation in our dataset.

Next, we applied a downsampling strategy to ensure equal representation of all genes in our dataset, and automatically classified
them into 40 clusters based on their expression patterns. To further refine our analysis, we used the fragmentation plot results to
determine the PC values used for cell clustering. We then applied the T-distributed Stochastic Neighbor Embedding (t-SNE) algorithm
to visualize the relationships between cells and calculated the maker genes for each cluster. Finally, we defined the clusters using the
’SingleR’ R package, which allowed us to identify the cell types present in our dataset and compare their distribution between tumour
and normal tissues.

2.4. Functional enrichment analysis

To gain insights into the biological functions and signaling pathways associated with the differentially expressed genes (DEGs), we
conducted gene ontology (GO) pathway enrichment analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis,
and Gene Set Variation Analysis (GSVA) using the ’clusterProfiler’ package in R. The "org.Hs.eg.db’ package was used to annotate the
genes, and the enriched pathways were visualized using "plot’ and "ggplot 2’ packages [30]. These analyses allowed us to identify the
biological processes, molecular functions, cellular components, and signaling pathways significantly enriched in the NSCLC tumours.

2.5. Identification and screening of macrophage-related genes

To identify macrophage-related genes independently associated with prognostic outcomes in NSCLC, we extracted gene lists
specifically expressed in macrophage clusters from single-cell RNA sequencing data. To pinpoint genes with independent prognostic
significance, we utilized multiple machine learning algorithms, including Random Forest, eXtreme Gradient Boosting (XGBoost), and
Lasso regression, in addition to traditional univariate and multifactorial Cox regression analyses. We evaluated the predictive power of
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the model using the Area Under Curve (AUC) metric.
2.6. Drug efficacy and survival outcomes analysis

To investigate the potential role of macrophage-related genes in predicting the efficacy of immunotherapy in NSCLC, we used an
online tool (http://rocplot.org/) to evaluate their predictive power. Furthermore, we assessed the relationship between these genes
and survival outcomes using Kaplan-Meier curves and log-rank tests. The results of these analyses provide important insights into the
potential utility of macrophage-related genes as biomarkers for predicting response to immunotherapy in NSCLC patients.

2.7. Cell experiments

Human myeloid leukemia mononuclear cells (THP-1 cells) were used as a cellular model to induce differentiation into macro-
phages. They were exposed to 185 ng/ml phorbol 12-myristate 13-acetate (PMA, S1819 Beyotime) in dimethyl sulfoxide (DMSO) for 6
h, which led to the acquisition of MO cells. Next, the target gene, which can modulate macrophage polarization from the MO to M2
phenotype, was used as the experimental group with siRNA interference in H23 cells, while H23 cells transfected with negative control
siRNA served as the control group. The resulting macrophages were co-cultured with H23 cells to promote M2 polarization. The levels
of ARG1 and FIZZ1, which are M2 polarization markers, were detected using polymerase chain reaction (PCR) technology.

Based on the PCR results, we identified genes potentially impacting macrophage polarization and aimed to confirm their role in
lung cancer cells. To do this, we performed siRNA interference and CCK8 assays on H23 cells with low expression of the identified
genes. Please refer to Supplementary tables 7 and 8 for the gene sequences involved in the siRNA interference experiment and the
primer sequences used in the PCR experiment, respectively.

2.8. Methylation & copy number variation

To explore the relationship between the expression and methylation of the identified macrophage-related genes, we utilized the
mutation module in the Gene Set Cancer Analysis online database (http://bioinfo.life.hust.edu.cn/web/GSCALite/). This allowed us to
analyze the differences in methylation and copy number variation (CNV) of the genes between tumour and normal tissues. By inte-
grating the data on expression, methylation, and CNV data, we aimed to gain a more comprehensive understanding of the molecular
mechanisms of macrophage-related genes in lung cancer.

2.9. Alternative splicing & protein structure prediction

In this study, we aimed to investigate the potential clinical relevance of alternative splicing (AS) events in macrophage-related
genes. To this end, we utilized the ClinicalAS module of the OncoSplicing server (http://www.OncoSplicing.com/) to identify AS
events in these genes from the SplAdder and SpliceSeq projects. We further compared the percent spliced in (PSI) differences in AS
events between tumour and normal using PanDiff plots. To explore the prognostic significance of AS events in cancer, we plotted
Kaplan-Meier curves. Additionally, we predicted the protein structures of the AS isoforms using the structure module of the Human
Protein Atlas Database.

2.10. Statistical analysis

In this study, all statistical analyses were conducted using the widely used R software (version 4.1.2). Survival analyses were
performed using the *survminer’ R package in R. To determine the best cut-off values, the surv_cutpoint function was utilized. The risk
score for the model was calculated by multiplying the expression of each gene by its corresponding regression coefficient and then
adding them, as follows: risk score = expression of gene 1 x plgenel + expression of gene 2 x 2gene2 + ... + expression of genen x
pngenen. A P-value less than 0.05 was considered statistically significant.

The normality and homogeneity of the PCR data and M2 polarization marker data were assessed using the Shapiro-Wilk test and the
Levene’s test, respectively. A P-value greater than 0.05 indicated that the data were normally distributed with equal variance.
Parametric tests were employed if the data met these criteria. For comparing multiple datasets, analysis of variance (ANOVA) was
utilized, whereas the t-test was employed for comparing two datasets.

3. Results
3.1. Study design

In this study, we conducted a comprehensive analysis of the differences between tumour and normal tissues of NSCLC patients
using RNA-seq data from the TCGA database. Using bioinformatic analysis, we performed a survival analysis of immune infiltration-
related cells to identify potential prognostic biomarkers. We then downloaded NSCLC single-cell sequencing data from the GEO
database and analysed the differentially expressed cells, selecting tumours and normal tissues from five groups of NSCLC patients. The
clinical information of the patients is detailed in Supplementary table 1.

Combining the findings from bulk RNA-seq and single-cell sequencing, we identified macrophages as differentially expressed in
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tumour and normal tissues. We performed enrichment analysis of macrophage-related genes and developed a predictive model using
machine learning and other methods. We validated the prediction model using the GSE29013 dataset and evaluated the predictive
power of macrophage-related genes as potential drug targets using an online database.

To further investigate the function of these genes in NSCLC patients, we conducted several mechanistic studies and in vitro ex-
periments. The overall flow of the study is presented in Fig. 1.

3.2. Tumour microenvironment analysis in NSCLC patients by combined bulk RNA-seq and scRNA

In this study, we conducted a comprehensive analysis of RNA-seq data from NSCLC patients in the TCGA and GEO databases to
investigate the differences between tumour tissues and normal tissues. Principal component analysis (PCA) was performed using
tumour and normal tissues from NSCLC patients in TCGA, reveling a clear distinction between tumour samples and normal samples
(Fig. 2A). Differential analysis based on |log FC| > 1.5 and FDR <0.05, was then performed on the sequencing results of tumour and
normal tissues, with genes exhbiting |log FC| > 4 being labeled (Fig. 2B). Gene set enrichment analysis (GSEA) revealed that the genes
differentially expressed between tumour and normal tissues in the bulk RNA-seq analysis were mainly clustered in hallmark myc
targets V2 and V1, hallmark E2F targets, and hallmark G2M checkpoint (Fig. 2C and D).

Furthermore, we analysed the immune infiltrating cells in the tumour microenvironment of NSCLC patients using the "xCell’ R
package. We identified twenty-eight of the sixty-one immune cells that were associated with patient outcomes (supplementary figure

Bulk RNA Sequencing Single Cell Sequencing
w 5

FLOWCHART

Differential genes between tumour Analysis of scRNA data from
and normal in NSCLC bulk-RNA NSCLC tumour and normal (based

samples (Based on TCGA database) on GEO database)

|
Analysis of data using the xCell Identification of different cell
package resulted in 61 immune cells subpopulations
|

Match TCGA database survival data ¢ Intersection with relevant cells
i i identified by bulk-RNA analysis
|

for survival analysis
L

v
Extraction of tumour-infiltrating Intercellular
macrophage- associated genes interactions
ando GSEA COX regressmn analysis KEGG
forest nnchme analysis and Lasso regressmn analysis

( Evaluation of tumour macrophage-related ) C Model prognostic pred|ct|ve power )

genes and the efficacy of immunotherapy validated using an external validation set

v

r——( Tumour macrophage-related genes }_l
In-vitro Mechanisms
experiments l Research
Knockdown ANP32A, CCL20, ERAP2, »

MYD88, TMEM126B, TUBBS6, G
ZNF655 in H23 cell lines with siRNAs P,

a—
p N Y
& ) —— | )
E= No= Co-culture of macrophages and
In-vitro analysis lung tumour cells
CCK8 & Q-pcr

Alternative Splicing

Fig. 1. Flowchart illustrating the study’s methodology. The blue section represents the analysis of bulk RNA-seq data, while the red section
depicts scRNA analysis. The green section shows the joint analysis, and the yellow section represents the in vitro experiments. This schematic was
created using BioRender.com. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
this article.)


http://BioRender.com

PC2: 7% variance

25

C HALLMARK MYC TARGETS V2
HALLMARK MYC TARGETS V1
HALLMARK E2F TARGETS

HALLMARK GLYCOLYSIS

HALLMARK G2M CHECKPOINT:
HALLMARK INTERFERON GAMMA

RESPONSE

HALLMARK TNFA SIGNALING VIA

NFKB

HALLMARK IL2 STATS SIGNALING
HALLMARK TGF BETA SIGNALING
HALLMARK INFLAMMATORY RESPONSE
HALLMARK PANCREAS BETA CELLS
HALLMARK IL6 JAK STAT3

SIGNALING

HALLMARK MTORC1 SIGNALING

HALLMARK MYOGENESIS {

HALLMARK BILE ACID METABOLISM

HALLMARK INTERFERON ALPHA
RESPONSE

HALLMARK COMPLEMENT
HALLMARK APOPTOSIS
HALLMARK KRAS SIGNALING UP
HALLMARK KRAS SIGNALING DN
HALLMARK UV RESPONSE DN

HALLMARK ADIPOGENESIS -

HALLMARK ALLOGRAFT REJECTION
HALLMARK HEME METABOLISM

HALLMARK SPERMATOGENESIS {

HALLMARK ESTROGEN RESPONSE
LATE

HALLMARK MITOTIC SPINDLE

6
PC1: 33% variance

group

® cancer

activated

08 0.2
GeneRatio

04

0.6

08

log2 (Fold Change)

group ¢ Up

3
Nl‘fi
LINCO01028

NS

.
L]
ITLNg® TLN2

log2 (Base Mean)

o pualue padjust
JALLMARK_MYC_TARGETS V2 00011 0,003

I

Rank in Ordorod Dataset

01T

Rankin Ordered Dataset

(WHINILILL

Rankin Ordered Dataset

Rank in Ordered Dataset

D 32 UM 'S

Fig. 2. TCGA’s bulk RNA-seq data analysis. A. Principal component analysis (PCA) was performed using tumor and normal tissues from NSCLC patients. B. Volcano plot of differential genes, and
genes with |logFC| > 4 were labeled. C. Gene set enrichment analysis (GSEA) in hallmark. D. GSEA results for hallmark myc targets V2 and V1, hallmark E2F targets, and hallmark G2M checkpoint.

041422 ($20T) 0T uof1oH



S. Wen et al. Heliyon 10 (2024) e27170

1), and the p-values for the relationship between immune cells and survival were also presented (supplementary table 2).

To gain further insights into the differential gene expression in tumour and normal tissues, we analysed scRNA data from the
GSE131907 dataset. After quality control, we identified 40 clusters of cells based on the gene expression profile (supplementary fig.
2C-E), and we obtained 18 clusters (Fig. 3A and B). We found that clusters 2, 3, 4, 7, and 12 were significant differences between
tumour and normal tissues (Fig. 3C and D). After annotation using SingleR automated annotation, we re-annotated the genes (Fig. 3E
and F and supplementary table 3). We also observed that the cell clusters varied between separate samples (Fig. 3G), and the pro-
portion of other clusters varied from one sample to another(supplementary figure 3A).

Based on the bulk RNA-seq data analysis, we found that differential expression of B-cells and macrophages across various tissues. In
particular, the expression of B cells was associated with a better prognosis of NSCLC patients (Fig. 3H). However, macrophages
expression was more complex, exhibiting differences across various macrophage types (Fig. 3I-K).

Moreover, we extracted data on immune cells in scRNA and annotated these cells using different makers according to the CellMaker
database (supplementary table 4). We found that immune cell interactions were more frequent in normal tissues compared to tumour
tissues (Fig. 4A—C). In normal tissues, intercellular interactions (Fig. 4B) predominantly involved T cells with macrophages (INFG-
INFGR1, INFGR2), macrophages with other macrophages (CCL23-CCR1), NK cells with macrophages (INFG-INFGR1, INFGR2), and
mast cells with macrophages (LIF-IL6ST). In contrast, in tumour tissues (Fig. 4D), interactions were observed between macrophages
and other macrophages (IL15-IL15RA, IL6-IL6R, CCL13-CCR1, CCL23-CCR1), as well as between macrophages and mDC cells (LNG-
NOTCH2).

We performed differential gene analysis on the extracted macrophages to gain further insights into the molecular mechanisms
underlying NSCLC. We analysed both up-regulated and down-regulated genes in macrophage-related genes (Fig. 4E), and conducted
GO enrichment analysis (Fig. 4F). As shown in Fig. 4G-K, the GSEA analysis suggested that the differential genes were mainly clustered
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Fig. 4. Analysis of the tumour immune microenvironment in NSCLC based on scRNA analysis. A and B. Cell-cell interaction analysis in
normal tissues. C and D. Cell-cell interaction analysis in tumour tissue. E. Volcano plot showing differentially expressed macrophage-related genes.
F. Gene ontology (GO) enrichment analysis map for macrophage-related genes. G. Gene set enrichment analysis (GSEA) results for macrophage-
related genes. H-K. GSEA analysis for hallmark E2F targets, hallmark myc targets V1, hallmark G2M checkpoint, and hallmark glycolysis. L.
Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of macrophage-related genes. M and N. Lasso regression analysis of macrophage-related
genes and prognosis.

in hallmark E2F targets, hallmark myc targets V1, hallmark G2M checkpoint, and hallmark glycolysis. Interestingly, these pathways
did not align precisely with those identified in the bulk RNA-seq analysis, highlighting the importance of studying specific cell pop-
ulations to gain a more comprehensive understanding of the disease. Furthermore, KEGG pathway analysis showed that macrophage-
associated differential genes were primarily enriched in Ribosome, Phagosome, Lysosome, and Tuberculosis pathways (Fig. 4L),
potentially reflecting the involvement of macrophages in diverse biological processes, such as protein synthesis, degradation, and
immune defense. These findings illuminate the complex molecular mechanisms underlying NSCLC and may suggest new targets for
therapeutic intervention.
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Fig. 6. Relationship between macrophage-related genes, treatments, and drugs in NSCLC. A-D. Differential expression of ANP32A, CCL20,
ERAP2, and MYD88 between responders and non-responders to immunotherapy. E-H. ROC curves of ANP32A, CCL20, ERAP2, and MYD88 in
predicting immunotherapy response. I-L. Differential expression of TMEM126B, TUBB6, ANF655, and models between responders and non-
responders to immunotherapy. M-P. ROC curves of TMEM126B, TUBB6, ANF655, and models in predicting immunotherapy response. Q. Corre-
lation analysis between macrophage-related gene expression and drug sensitivity using the Genomics of Cancer Drug Sensitivity (GDSC) database. R.
Known gene-drug interactions in the Drug-Gene Interaction Database (DGIdb) (https://DGIdb.genome.wustl.edu/), with identified drugs and their
ED structures obtained from the PubChem website (https://pubchem.ncbi.nlm.nih.gov/).

3.3. Identification of macrophage-related genes and evaluation of their clinical values

The present study aimed to identify novel macrophage-related genes that could serve as independent predictors for the progression
of NSCLC. To achieve this, we extracted macrophage-associated genes fromSupplementary table 5 and integrated predictive data from
the TCGA dataset, applying lasso regression analysis to 101 genes (Fig. 4M). To ensure the robustness of our findings, we conducted
ten-fold cross-validation to optimize parameter selection in the Lasso model. Our analysis revealed that lambda = 0.029 for 15 genes
included in the model (Fig. 4N).

Next, we performed random forest (Fig. 5A and B) and xgboost analyses (Fig. 5C), ranking the genes according to their importance.
We also conducted univariate Cox regression analysis and identified 27 genes associated with prognosis (supplementary table 6). By in
tegrating the Lasso model, random forest, XGBoost, and multivariate Cox regression analysis, we identified seven macrophage-related
genes - ANP32A, CCL20, ERAP2, MYD88, TMEM126B, TUBB6, and ZNF655 - as independent predictors of NSCLC progression.

Furthermore, we assessed the expression density of the seven macrophage-related genes and found that they were mainly
distributed in the annotated macrophage cluster (supplementary fig. 3C - I). Detailed analysis revealed that CCL20, ERAP2, MYD88,
and TUBB6 were primarily clustered within the macrophage compartment, while ANP32A, TMEM126B, and ZNF655 were enriched
across multiple clusters (supplementary fig. 4A - N). These findings offer fresh insights into the role of macrophage-associated genes in
NSCLC progression and may have significant implications for the development of novel therapeutic strategies.

3.4. The potential value of macrophage-related genes as indicators of drug efficacy

To evaluate the potential of macrophage-related genes in predicting immunotherapy outcomes in NSCLC patients, we employed a
publicly available online tool (http://rocplot.org/) to assess the predictive power of individual genes. Our results revealed that
ANP32A, MYD88, and ZNF655 were significantly associated with immunotherapy efficacy in NSCLC patients (P < 0.05, Fig. 6A-D, E,
H, K, O). However, the remaining genes showed no predictive value for immunotherapy outcomes (Fig. 6B, C, F, G, I, J, M, N). Despite
this, our developed predictive model exhibited some predictive power for immunotherapy in NSCLC patients (AUC = 0.625, P < 0.05,
Fig. 6L-P), surpassing the predictive power of individual genes.

Moreover, we investigated the correlation between the expression of macrophage-related genes and drug sensitivity using the
Genomics of Drug Sensitivity in Cancer (GDSC) database. Interestingly, we found that TUBB6 showed a positive correlation with the
top 30 GDSC drugs, whereas ANP32A demonstrated a negative correlation with these drugs (Fig. 6Q). We also examined known drug
interactions of the genes in the Drug Gene Interaction Database (DGIdb) (https://DGIdb.genome.wustl.edu/) and identified drugs that
corresponded to prognosis. The 3D structures of these drugs were displayed using the PubChem website (https://pubchem.ncbi.nlm.
nih.gov/) (Fig. 6R).

3.5. Co-culture of macrophages and lung tumour cells

To further investigate the impact of macrophage-related genes on macrophage polarization, we conducted siRNA interference
experiments targeting ANP32A, CCL20, ERAP2, MYD88, TMEM126B, TUBB6, and ZNF655 genes in H23 cells (supplement table 7). We
verified the knockdown efficiency by extracting cellular RNA and reverse-transcribing it into cDNA for PCR analysis (supplement
figure 5). Subsequently, we co-cultured H23 cells and macrophages in the MO state at a ratio of 1:8 for 72 h and extracted macrophage
RNA to detect the levels of M2 polarization markers, ARG1 and FIZZ1, using PCR. Our results revealed that the knockdown of ERAP2,
TUBB6, CCL20, and TMEM126B genes led to a decrease in the expression of the M2 polarization marker, ARG1, when compared to the
control group (Fig. 7A). On the other hand, the knockdown of ZNF655 resulted in a significant increase in FIZZ1 expression compared
to the control group. Conversely, the expression of FIZZ1 decreased to varying degrees after knocking down other macrophage-related
genes (Fig. 7B). These findings suggest that knockdown of ZNF655 promotes the polarization of MO to M2, whereas knockdown of the
other six genes inhibits MO to M2 polarization. Our preliminary analysis suggests that, except for the ZNF655 gene, which appears to be
a tumour suppressor gene, the other six genes may function as tumour-promoting genes. Knockdown of these genes affects the po-
larization of MO to M2, thus affecting the impact of macrophages on tumour cells.

3.6. Influence of macrophage-related genes on tumour cells

To explore the potential influence of macrophage-associated genes on lung cancer cells, we targeted genes implicated in MO to M2
polarization, specifically ERAP2, TUBB6, CCL20, and TMEM126B, using siRNA interference. Besides assessing the levels of M2 po-
larization markers, we also evaluated the impact of gene knockdown on tumor cell proliferation. Our results showed that knockdown

of these genes significantly inhibited tumour cell growth (Fig. 7C-F), with CCL20 and TMEM126B exhibiting the most pronounced
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effects. These findings suggest that these genes may act as tumour suppressors by inhibiting the M0-to-M2 polarization, ultimately
leading to reduced tumour cell proliferation.

3.7. Methylation and copy number variation of macrophage-related genes

In this part, we aimed to investigate the methylation status and copy number variations (CNVs) of macrophage-related genes in
NSCLC patients. Our analysis indicated that TMEM126B did not show differential methylation between cancerous and normal tissues
in lung adenocarcinoma, whereas ZNF655 data was missing for lung adenocarcinoma. However, other macrophage-related genes
showed significant differences in methylation status in both cancer and normal tissues, as demonstrated in Supplementary fig. 6 A - L.

To further explore the relationship between methylation and mRNA expression of macrophage-related genes, we analysed the
correlation between mRNA expression and methylation levels of these genes in both lung squamous carcinoma and lung adenocar-
cinoma. Interestingly, we discovered that the mRNA expression of ZNF655 was inversely correlated with its methylation in lung
squamous carcinoma, whereas the mRNA expression of CCL20 was inversely correlated with its methylation in lung adenocarcinoma,
as illustrated in Supplementary figure 6M.

In addition to analyzing methylation, we also investigated the CNVs of macrophage-related genes in NSCLC patients. Our findings
indicated that the frequency of CNV amplification for ZNF655, TMEM126B, and TUBB6 was highest in lung cancer, as depicted in
Supplementary figure 6 N. Moreover, we observed that differences in immune infiltration between CNV groups of macrophage-
associated genes were elevated in macrophages, as shown in Supplementary figure 6 O.

Based on our findings, we suggest that the expression of macrophage-associated genes in macrophages may be affected by
methylation or CNV. It is known that gene expression is negatively correlated with the degree of methylation, while the abundance of
CNAs is positively correlated with gene expression. These findings provide valuable insights into the regulation of macrophage-
associated genes in NSCLC and may have implications for the development of novel therapeutic strategies.

3.8. Alternative splicing and protein structure prediction of macrophage-related genes

In our investigation of macrophage-related genes, we uncovered intriguing insights into the impact of alternative splicing on the
prognosis of lung cancer. Specifically, our analysis demonstrated that patients with increased alternative splicing of the ZNF655 gene
exhibited a more favorable prognosis in lung cancer, whereas enhanced alternative splicing of other genes correl ated with a poorer
prognosis (see Supplementary figures 7-8). Moreover, we observed differences in the alternative splicing of ERAP2 among different
types of lung cancer.

Further analysis of the Percent Spliced In (PSI) differences between tumours, adjacent normal tissues, and tumour and GTEx normal
tissues revealed significant variations in different macrophage-related genes among different types of tumours (Supplement fig. 9A-G).
Notably, utilizing the Human Protein Atlas database enabled us to predict the protein structures of these macrophage-related genes
(refer to Supplementary fig. 9H-N). Th ese findings suggest that alternative splicing may play a critical role in shaping the structures of
the proteins encoded by these genes, which could have important implications for their function in the context of lung cancer.

4. Discussion

In this study, we performed a comprehensive analysis of tumour and normal tissues from NSCLC patients using RNA-seq data from
the TCGA and GEO databases. We identified macrophages as being differentially expressed between tumour and normal tissues and
found that macrophage expression was associated with the prognosis of NSCLC patients. Moreover, we developed a predictive model
using machine learning and other methods, identifying seven macrophage-related genes as independent predictors of NSCLC pro-
gression. We also evaluated the potential of macrophage-related genes to predict immunotherapy outcomes and drug sensitivity. In
addition, we conducted mechanistic studies and in vitro experiments to investigate the impact of macrophage-related genes on
macrophage polarization and tumour cell proliferation. Finally, we analysed the methylation and copy number variation of
macrophage-related genes in NSCLC patients. Lastly, we analysed the methylation status and copy number variations of macrophage-
related genes in NSCLC patients.

The immune cells identified in bulk RNA-seq samples using the xCell R package differ from those identified at the single-cell RNA
level, demonstrating differences in gene enrichment pathways. Of the seven genes identified through machine learning and Cox
multivariate regression analysis, six have been implicated in cancer promotion, while ZNF655 functions as a tumour suppressor.
Notably, ERAP2, TUBB6, CCL20, and TMEM126B play a critical role in M2 macrophage polarization (Fig. 7A and B).

ERAP2 (Endoplasmic Reticulum Aminopeptidase 2) is a member of the oxytocinase subfamily of M1 aminopeptidases and closely
related to its homologous enzyme ERAP1 [31]. It plays a crucial role in cancer, infection, and autoimmune diseases. Multiple previous
studies have shown that ERAP2 is upregulated in tumour patients, leading to higher survival rates [32-34]. However, the highly
variable and independent expression of ERAP2 across all cancer cell lines, as revealed by a comparison of ERAP2 tissue distribution
between human tumours and their corresponding normal tissues, may contribute to tumour immunoediting. Additionally, our study
employed scRNA analysis, yielding results not entirely consistent with previous findings obtained using bulk RNA-seq [32]. ERAP2 is
downregulated in response to all live bacteria or bacterial stimuli, showing a strong association with macrophages [35].

Tubulin plays a crucial role in tumorigenesis and has shown potential prognostic value in various solid tumours [36,37]. Recent
studies have demonstrated that TUBB6 (tubulin beta 6 class V) promotes the growth of cancer tissue in multiple solid tumours and
serves as an important prognostic factor [38-40]. Our findings further support this concept. However, our results indicate that
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TUBB6’s predictive role in immunotherapy efficacy is unsatisfactory (see Fig. 6J and N).

The crucial role of the CCL20-axis in the polarization of M2 macrophages has been extensively investigated [41,42]. CCL20, a
chemokine known to be secreted by a variety of immune cells [43-45], has been found to be highly expressed in lung cancer recurrence
[46]. Our study corroborates these findings and highlights that elevated levels of CCL20 are associated with poor prognosis and
increased M2 polarization (see Figs. 5E and 7E). Our analysis also suggests that the CCL20-CCR6 axis may play a crucial role in these
processes, as evidenced by its enrichment in our cell-cell interaction analysis of normal tissues (see Fig. 4B).

TMEM126B (Transmembrane protein 126B) serves as an assembly factor for complex I, and its deficiency is linked to reduced
cellular respiration [47,48]. Chronic hypoxia induces TMEM126B degradation [49]. Despite its importance in mitochondrial function,
TMEM126B’s role in tumorigenesis has been largely unexplored, partly because its targeting may result in lethal damage or side ef-
fects. Nevertheless, its effect on M2 polarization cannot be ignored, especially considering its role in coordinating metabolic and
pro-inflammatory cytokine production in classically activated macrophages through hypoxia-inducible factor (HIF)-1a. Recent studies
have revealed that TMEM126B knockdown results in succinate accumulation, with a direct connection to HIF-1-mediated pro-in-
flammatory macrophage activation [50]. In summary, our understanding of TMEM126B’s role in tumorigenesis remains incomplete
and calls for further investigation.

We found that the degree of DNA methylation of ANP32A, CCL20, MYD88, and TMEM126B was reduced in NSCLC, while the
degree of methylation of ZNF655 was increased (Figure S6A-L). Notably, the DNA methylation of TUBB6 showed opposite trends in
LUAD and LUSC (Figure S6A-L). We also observed a negative correlation between DNA methylation and mRNA expression of these
genes (Figure S6M). Furthermore, we performed additional analyses and found that the expression of these genes affects copy number
variations (CNVs), resulting in the enrichment of immunosuppressive cells (Figure S6N-O).These findings suggest that DNA methyl-
ation regulates the expression of these genes in NSCLC and may affect the enrichment of immune cells through CNVs, leading to tumor
immune escape and regulation by DNA methylation of immunity. Our study provides new insights into the mechanisms underlying the
development and progression of NSCLC, and we plan to conduct further research in this area.

Although our study provides new insights into the characterization of macrophages and key genes in the tumour immune
microenvironment of NSCLC, as well as proposing new markers for predicting the prognosis of NSCLC patients and the efficacy of
immunotherapy, our study has several limitations. First, our data were obtained from publicly available online datasets, and we were
unable to perform quality control on the tissue source of the sequencing data. Second, although we made efforts to remove the batch
effect using bioinformatics methods, it may still exist. Third, research on the mechanism of macrophage-related genes remains limited.
In future studies, we plan to address these limitations by collecting clinical samples for sequencing after strict quality control, and
conducting in-depth research on genes that affect macrophage polarization. We anticipate that our findings will contribute to the
development of more efficacious therapeutic strategies for NSCLC patients.

In summary, our study utilized joint analysis and in vitro cell co-culture methods to investigate the differentially expressed
macrophages and related genes affecting M2 polarization in the NSCLC tumour immune microenvironment. Our findings reveal that
ERAP2, TUBB6, CCL20, and TMEM126B play pivotal roles in the polarization of M2 macrophages, and significantly impact the
prognosis of NSCLC and the efficacy of immunotherapy. These findings provide valuable insights into the underlying mechanisms of
NSCLC and may have implications for the development of new therapeutic strategies.

5. Conclusions

By jointly applying single-cell sequencing and bulk RNA-seq methodologies for NSCLC data analysis, we highlighted the crucial role
that macrophages play in NSCLC. Notably, the ERAP2, TUBB6, CCL20, and TMEM126B genes emerged as key regulators of M2 cell
polarization. In the future, an in-depth investigation into the interactions of gene regulatory networks within macrophages, supported
by cell-based and animal studies, may potentially unveil the underlying mechanisms that dictate the phenotypic and functional
heterogeneity of Tumor-associated macrophages (TAMs). These findings open new avenues for research in NSCLC and suggest po-
tential pathways for therapeutic interventions.
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