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Examining tumor-associated macrophages in the immune microenvironment of non-small cell lung
cancer (NSCLC) is essential for gaining an understanding of the genesis and development of NSCLC

. as well as for identifying key clinical therapeutic targets. Although previous studies have reported

. the diverse phenotypes and functions of macrophages in tumor tissues, thereby highlighting their

. significant role in the tumor microenvironment, the characteristic differences and correlations between

. tumor and peritumor tissue-derived macrophages that are necessary for an understanding of NSCLC

. progression remain unclear. Based on single-cell RNA sequencing, we generated a comprehensive
dataset of transcriptomes from NSCLC tumor and peritumor tissues, thereby facilitating comprehensive

. analysis and providing significant insights. In summary, our dataset will serve as a valuable

© transcriptomic resource for further studies investigating NSCLC development.

Background & Summary
During the past decade, significant advances have been made in the treatment of non-small cell lung cancer
© (NSCLC), leading to a rapid transition to the era of immunotherapy’?. Current cancer research has revealed

. that the tumor microenvironment (TME), particularly the tumor immune microenvironment (TIME), plays a

. pivotal role in the development, therapeutic resistance, and prognosis of NSCLC?~%. The intricate communica-

© tion and interplay between immune and tumor cells as well as among different types of immune cells constitutes

. a complex and potent network within the TIME®-%. Regarding the TIME in NSCLC, tumor-associated mac-
rophages (TAMs) have garnered considerable attention as one of the most abundant components of the immune
cell population®'. Particularly noteworthy is the plasticity of these macrophages, the activities of which can
undergo modification in response to both tumor cells and the surrounding TME to facilitate tumor invasion and
drug resistance. Conversely, such interactions can promote an alteration in the polarization state and thereby

. contribute to effective anti-tumor therapy'"'?. In previous studies, we have employed RNA-seq to validate the

. phenotypic function of sorted CD163* and CD163~ macrophages in NSCLC, and we analyzed their metabolic

. pathways. However, a drawback of this approach is its low cell yield and the necessity for substantial amounts of

. tissue samples for sequencing purposes that undoubtedly hamper the research process.

: Based on their origin, TAMs can be categorized into tissue-resident and monocyte-derived subtypes
Traditionally, macrophage functions have been dichotomized with respect to M1 (antitumor) or M2 (protu-
mor) polarized states'>. However, with advances in macrophage research, the roles of TAMs are now acknowl-
edged to be multifaceted and are dynamically modulated in response to diverse microenvironmental conditions

© within tumors'®. Consequently, single-cell sequencing has emerged as a valuable approach for delving deeper
into the precise roles of TAMs in NSCLC and for assessing their potential therapeutic applications. Since the
introduction of single-cell sequencing, this technique has been widely used in NSCLC studies. For example,
Merad et al. used single-cell RNA sequencing to identify distinct sub-populations of macrophages within the
TME of NSCLC. Based on molecular and functional characterization, they discovered that tissue-resident mac-
rophages facilitate epithelial-mesenchymal transition in tumor cells and induce regulatory T cell responses’”.
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Patient Sex Age Diagnosis AJCCstage | Sample
Cal
Patient 1 Female 52 Lung adenocarcinoma IIIA NI
Ca2
Patient 2 Female 70 Lung adenocarcinoma 1B N2
Ca3
Patient 3 Female 78 Lung adenocarcinoma IA2 NG
Ca4
Patient 4 Female 49 Lung adenocarcinoma 1A N4
Cas
Patient 5 Female 57 Lung adenocarcinoma 1A3 NG

Table 1. Sample information.

Additionally, using single-cell RNA sequencing, Zhang et al. examined the changes in the TME in patients with
NSCLC before and after neoadjuvant immunotherapy and observed that TAMs were remodeled to a neutral
rather than an anti-tumor phenotype after treatment'®. However, these aforementioned studies focused exclu-
sively on sequencing macrophages within tumor tissues without performing the necessary comparisons between
tumor and adjacent non-tumor tissues.

In this study, we performed single-cell RNA sequencing to investigate the alterations in macrophages dur-
ing their migration within the tumor and adjacent peritumor tissues from five patients with NSCLC (Table 1).
Sequencing data from all the samples were uniformly processed to eliminate potential batch effects. After ini-
tially performing quality control and dimensionality reduction, we labeled and clustered cell populations based
on their gene expression profiles. Furthermore, we performed subgroup annotation of macrophage clusters and
selected classical monocytes and macrophage clusters for subsequent analysis and comparison. Pseudo-time
analysis revealed the potential lineage differentiation of macrophage subpopulations. Our dataset provides
detailed coverage of the gene expression profiles of individual macrophages within NSCLC tumor and peritu-
mor tissues, thereby providing new insights into the spatiotemporal interactions of macrophages.

Methods
An overview of the scRNA-seq analysis of NSCLC tissues is provided in Fig. 1a. The overall process included acquir-
ing tissue samples from patients with NSCLC, preparing single-cell suspensions, and SeekGene sample processing.

Ethical approval. The study was approved by the Scientific Research and Clinical Trial Ethics Committee
of the First Affiliated Hospital of Zhengzhou University (No. 2019-KY-256). We first screened newly diagnosed
patients with NSCLC who were treated in the Thoracic Surgery Department of the First Affiliated Hospital of
Zhengzhou University between January and April 2023. We randomly selected patients who met the following
criteria: 1. did not receive any drug treatment; 2. tumors were classified as AJCC stage IIIA or earlier and met the
requirements for radical resection of lung cancer. Patients whose tumor sizes met the requirements for clinico-
pathological diagnosis and experimental research sampling were included. We provided detailed information
regarding the study to the patients and their guardians, including its purpose, procedures, risks, benefits, and
participants’ rights. They were fully aware of their freedom to decide whether to participate in the study and make
informed decisions. Subsequently, the participants and their guardians signed an informed consent form con-
firming their understanding of all aspects of the study and their consent to participate. Subsequently, we sampled
the resected tumor and peritumor tissues and assigned identifiers to these tissues. Throughout the experimental
processes of sample handling, sequencing, data analysis, and data presentation, the samples were named using
serial numbers to ensure that they were anonymized.

NSCLC tissue isolation and cell preparation. Fresh samples of NSCLC tumors and adjacent nor-
mal tissues were collected from patients at the First Affiliated Hospital of Zhengzhou University. All samples
were obtained from treatment-naive patients who underwent surgical resection. Adjacent normal tissues were
obtained from regions at least 2 cm away from the tumor border.

The freshly excised specimens were placed in ice-cold tissue storage buffer (Miltenyi) and transferred to the
laboratory within 2h of collection. Subsequently, tissue samples were washed two times in cold RPMI 1640 to
remove visible blood clots, after which they were mechanically broken into small fragments using a sterile scalpel
and further dissociated into single-cell suspensions using tissue dissociation reagent A (Seekgene, K01301-30) at
37°C for 1 h. The digested cells were then filtered through a 70 um cell filter, and following the addition of 5mL of
RPMI 1640, the resulting cell suspension was centrifuged at 300 x g for 5min at 4 °C. Thereafter, the erythrocytes
were removed using red blood cell lysis buffer (Solarbio, R1010) for 3 min, and the remaining cells were centri-
fuged and resuspended as described above. Cell numbers and viability were determined using a fluorescence
cell analyzer (Countstar® Rigel S2) with AO/PI reagent, and then debris and dead cells were removed (Miltenyi,
130-109-398/130-090-101). Finally, if cell viability exceeded 80%, the cells were resuspended at 1 x 10° cells/
mLin 1 X PBS and 0.04% bovine serum albumin for single-cell RNA-seq library construction and sequencing.

Single-cell RNA-seq library construction and sequencing.  Single-cell RNA-seq libraries were pre-
pared using a SeekOne Digital Droplet Single Cell 5’ library preparation kit (SeekGene, K00501). Briefly, cell
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Fig. 1 Outline of the sample handling and data analysis workflow. (a) An overview of the process for
conducting single-cell RNA sequencing using cancerous and adjacent non-cancerous tissues from five patients
with non-small cell lung cancer, including tissue sample collection, single-cell suspension preparation, and on-
machine testing. (b) A flow chart showing the analysis of single-cell RNA sequencing data.

numbers equivalent to a target cell recovery of 10,000 cells per sample after sequencing were added to the sample
wells in a SeekOne DD Chip S3 together with a reverse transcription reagent. Subsequently, in Chip S3, barcoded
hydrogel beads and partitioning oil were added to the respective wells, and having generated emulsified droplets,
we performed reverse transcription (42 °C for 90 min and 85°C for 5 min). The obtained cDNA was purified and
PCR-amplified. The amplified cDNA products were cleaned, fragmented, end-repaired, A-tailed, and ligated to
sequencing adaptor. Indexed PCR was performed using 12 cycles to amplify cDNA representing 5 expression
genes that contained cell barcodes and unique molecular identifiers (UMI). The indexed sequencing libraries
were cleaned using SPRI beads and quantified (KAPA Biosystems, KK4824). Paired-end reads (150 bp) were
generated using the Illumina NovaSeq 6000 platform.

Bioinformatic analysis.  Single-cell data analysis was performed using SeekSoul® Tools, which can identify
cell barcode labels, perform quantitative alignment, and generate downstream analysis results in the form of a
cell expression matrix, and we used this software for subsequent cell clustering and differential analysis (http://
seeksoul.seekgene.com/en/v1.2.1/index.html). The analysis pipeline is provided in Fig. 1b. Below, we describe the
individual steps of the bioinformatic analysis pipeline used in this study.

Quality control of sequencing data. Initially, FASTP was used to process raw sequencing data'®. Sequencing
splices and low-quality fragments were removed by trimming. Subsequent analysis was based on clean data, and
Fastp software was used for raw data trimming. The data quality control results are presented in Table 2.

Quality control of single-cell libraries. The quality control software SeekSoul® Tools was used to control the
clean reads, after which the sequencing data were aligned to the reference genome (GRCh38) for gene expres-
sion quantification and to generate a preliminary cell-gene expression matrix. Sequencing data labeled with
barcodes and UMIs were aligned to the reference genome using the STAR software. Statistical analysis of expres-
sion profiles was performed using feature Counts software, in which reads with the same barcode and UMI
were used to represent replicate sequencing data of the same molecule and were merged to obtain a preliminary
expression matrix. Seurat (version 4.0.0) was used to filter low-quality cells, and the UMI threshold was set to
300%. In addition, cells with fewer than 200 genes or more than 5,000 genes were removed, and cells affected by
mitochondrial genes were deleted using MAD-variance normal?'. The remaining cells were used for subsequent
analyses. The results of the library quality control and filtration are shown in Table 3.
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Sample Clean reads Clean ratio | Q30 basesin RNA read | Valid barcodes | Reads mapped confidently to g
Cal 374,984,591 94.94% 84.34% 91.28% 59.95%
N1 356,785,437 94.9% 87.52% 90.28% 71.48%
Ca2 396,606,273 94.21% 92.33% 87.69% 72.19%
N2 374,592,556 94.14% 92.61% 86.76% 74.16%
Ca3 263,157,024 92.36% 85.5% 90.72% 78.32%
N3 262,939,734 92.88% 85.65% 90.69% 80.05%
Ca4 341,585,030 92.65% 89.12% 89.09% 68.77%
N4 344,516,041 90.98% 88.88% 87.92% 74.25%
Ca5 346,697,369 93.81% 93.95% 95.06% 93.19%
N5 404,330,114 94.46% 94% 96.02% 92.76%

Table 2. Detailed quality control of FASTQ files.

Sample | Estimated number of cells | Mean reads per cell | Median genes per cell | Median UMI per cell | Fraction reads in cells | Sequencing saturation
Cal 6,375 58,821 2,665 6,813 89.74% 67.49%
N1 9,575 37,262 1,778 4,072 82.74% 62.79%
Ca2 7,101 55,852 1,671 3,545 74.49% 72.26%
N2 6,376 58,750 1,629 3,053 74.74% 76.17%
Ca3 8,109 32,452 2,085 4,760 68.78% 52.32%
N3 6,485 40,545 1,690 3,356 76.86% 66.90%
Ca4 6,115 55,860 1,802 3,873 71.88% 64.79%
N4 5,730 60,124 1,402 2,708 64.49% 74.83%
Ca5s 6,280 55,206 1,477 3,119 63.85% 85.10%
N5 6,753 59,874 1,384 2,716 65.04% 86.84%

Table 3. Sequencing statistics for generated libraries.

Data normalization and integration. ~ After filtering low-quality cells, the samples were pooled, and the batch
effect was eliminated using the CCA method. All samples were grouped using FindIntegrationAnchors and
IntegrateData, and the UMI numbers were normalized using ScaleData. Subsequently, nonlinear dimension
reduction was performed using RunPCA and RunUMAP. Cells were clustered using FindClusters at a resolution
of 0.8 and 30 dims.

Cell annotation. FindAllMarkers was used to compare each cluster with all other clusters to identify
cluster-specific marker genes. Marker genes that retained were those expressed in at least 10% of the cells and
expressed under a minimum log-fold change threshold of 0.25. Accordingly, cluster-related differential gene
expression was considered significant if the adjusted p-value was less than 0.05 and avg_log2FC was greater than
0.25. Cell-type-specific signature marker genes were used to annotate the clusters.

Monocyte and macrophage sub-population annotation and marker gene analysis. Numerous studies have doc-
umented the heterogeneity of mononuclear macrophages, with Zhang’s team categorizing them into six sub-
groups based on single-cell sequencing of esophageal cancer tissue?. To annotate the monocyte and macrophage
subpopulations in our dataset, we leveraged the gene-barcode matrix. Based on 25 dimensions and a resolution
of 0.5, clusters were identified in the macrophages, and cell type assignment was performed based on marker
genes reported in previous studies®.

Pseudo-time trajectory analysis. Monocyte and macrophage fates and pseudo-time trajectories were recon-
structed using the Monocle2 package (version 2.3.6)*. The importCDS function in Monocle was used to con-
vert the original count in the Seurat object to a CellDataSet, and the genes used for pseudo-time ordering were
selected using the dispersionTable function. The DDRTree method was utilized for dimension reduction and
cell ordering along the pseudo-time trajectory. No root state was specified, and ordering was performed in an
unsupervised manner. Branch analysis was performed using the BEAM function. Significantly altered genes at
the branch point were clustered using plot_genes_branched_pseudo-time functions according to the distinct
patterns of the changes in gene expression.

Data Records

The sequencing data generated in this study have been deposited in the Genome Sequence Archive at the
National Genomics Data Center, China National Center for Bioinformation/Beijing Institute of Genomics,
Chinese Academy of Sciences (https://ngdc.cncb.ac.cn/gsa-human/browse/HRA006716) and are accessible
through BioProject PRJCA023562 (GSA-human: HRA006716).
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Fig. 2 Quality control of single-cell RNA sequencing data from cancerous and adjacent non-cancerous tissues
from patients with non-small cell lung cancer. (a) A scatterplot illustrating the number of genes, unique
molecular identifiers (UMIs), and percentage of mitochondrial genes in each cell of 10 samples. (b) The
relationship between the percentage of mitochondrial genes and the mRNA reads together with the relationship
between the amount of mRNA and the mRNA reads. (¢) We detected a batch effect between 10 different
samples.

Technical Validation

Fresh cancer and para-cancer tissue specimens were collected from five female patients undergoing surgery for
NSCLC and processed to obtain single-cell suspensions. We utilized Seurat for quality control, during which
the counts of genes, UMISs, and the proportion of mitochondrial genes in each cell were computed (Fig. 2a). We
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Fig. 3 Macrophage sub-population annotation and marker gene analysis. (a) A Uniform Manifold
Approximation and Projection (UMAP) plot of colored-based cell types analyzed in non-small cell lung cancer
tumor and peritumor tissues (n=>5). (b) A dot plot showing the marker genes of each cluster. (c) A pie chart
showing the proportions of each cell type. (d) A UMAP plot of 12 macrophage sub-populations. (e) A dot plot
showing the top 10 differentially expressed genes in macrophage sub-populations.

analyzed and graphically presented the correlations between the proportion of mitochondrial genes and mRNA
reads, as well as the associations between mRNA quantity and mRNA reads (Fig. 2b). Furthermore, we investi-
gated the batch effect in diverse cancer and para-cancerous tissue samples (Fig. 2c).

After quality control, 68,370 tissue cells were subjected to further analysis. Subsequently, we successfully
identified 12 distinct cell clusters, with individual clusters containing between 97 and 20,033 cells (Fig. 3a). Cell
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Fig. 4 Reconstruction of the developmental trajectories of macrophages. (a) A Uniform Manifold
Approximation and Projection (UMAP) plot showing each cell from all tissues. (b) A UMAP plot showing each
cell from tumor and peritumor tissues. (c) Monocle2-generated pseudo-temporal trajectory of seven clusters.
(d) Pseudo-time colored in a gradient from dark to light blue, with dark blue signifying the start of pseudo-time.
(e) Using Monocle2, the pseudo-time trajectory was divided into three different states. (f) The top three genes
influencing macrophage fate are represented as line plots displayed as the expression level over pseudo-time, as
determined using Monocle2. (g) A heat map presenting the clustering of the top 50 genes that influenced cell
fate. These 50 genes were divided into six clusters, showing genes at the initial, transitory, and final stage of the
developmental trajectory.

clustering was visualized using UMAP (Fig. 3a). Based on the selected marker genes, we categorized cells into 12
clusters, including B lymphocytes, dendritic cells, epithelial cells, fibroblasts, lymphatic endothelial cells, mast
cells, macrophages, plasmacytoid dendritic cells, plasma cells, smooth muscle cells, T lymphocytes, and vas-
cular endothelial cells**~?® (Fig. 3a,b). Macrophages accounted for 25.98% of the total cell population (Fig. 3c).
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Subsequently, dimensionality reduction was performed on the macrophage clusters, and these cells were further
subdivided into 12 distinct subpopulations based on characteristic gene expression (Fig. 3d). After identifying
the top 10 differentially expressed genes in each subgroup, we established that subgroups 0 to 6 comprised classi-
cal monocyte and macrophage populations, including five macrophage subsets (cluster 0-4) and two monocyte
subsets (cluster 5 and cluster 6)°-*! (Fig. 3e). Consequently, we conducted an in-depth comparison and analysis
of seven subgroups (Fig. 4a). UMAP plots of the tumor and peritumor tissues revealed that the monocytes and
macrophages in these two tissues tended to be derived from different clusters (Fig. 4b). Macrophage clusters
1 and 3 were enriched in tumor tissues, highly expressed APOE and FOLR2, and were generally defined as
immunosuppressive macrophages®*2 In contrast, there were two inflammatory monocyte clusters expressing
FCNI1 and three macrophage clusters (0, 2, and 4) characterized by the expression of FABP4, a gene involved
in lipid metabolism, in the peritumoral tissues (Figs. 3d,e and 4b)>**. Subsequently, we used Monocle2 to con-
duct a pseudotemporal analysis of the cells within these subgroups, which revealed their fate and pseudo-time
trajectories (Fig. 4c—e). We concurrently identified and characterized the top three genes with the most signif-
icant influence on the differentiation trajectory (Fig. 4f), and obtained more comprehensive gene information
(Fig. 4g). Pseudotime analysis revealed a differentiation trajectory from inflammatory monocytes into immuno-
suppressive macrophages, thus indicating peritumoral monocyte pools may be recruited to the tumor milieu to
replenish the pro-tumoral macrophage polarization and exacerbate an immunosuppressive microenvironment.

In conclusion, we present a comprehensive single-cell transcriptional map of tumor and peritumor tissue
cells in patients with NSCLC. Additionally, we investigated the differentiation of macrophages in tissues from a
spatiotemporal perspective. These single-cell sequencing data will facilitate further examination of the intricate
regulatory network within the tumor-associated microenvironment in NSCLC and the identification of key
targets.

Code availability

All single-cell RNA-Seq analyses were performed using FastQC v 0.23.1 (https://github.com/OpenGene/fastp),
SeekSoul® Tools v1.0.0 (http://seeksoul.seekgene.com/zh/v1.0.0/index.html), Seurat v 4.0.0 (https://satijalab.org/
seurat/), and Monocle2 package v 2.3.6 (http://cole-trapnell-lab.github.io/monocle-release/docs/).
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