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Abstract

:

Brain metastasis (BM) occurs commonly in patients with lung adenocarcinomas. Limited evidence indicates safety and efficacy of immunotherapy for this metastatic tumor, though immune checkpoint blockade has become the front-line treatment for primary advanced non-small cell lung cancer. We aim to comprehensively compare tumor microenvironments (TME) between primary tumors (PT) and BM at single-cell resolution. Single-cell RNA transcriptomics from tumor samples of PT (N = 23) and BM (N = 16) and bulk sequencing data were analyzed to explore potential differences in immunotherapeutic efficacy between PT and BM of lung adenocarcinomas. Multiple machine learning algorithms were used to develop and validate models that predict responses to immunotherapy using the external cohorts. We found obviously less infiltration of immune cells in BM than PT, characterized specifically by deletion of anti-cancer CD8+ Trm cells and more dysfunctional CD8+ Tem cells in BM tumors. Meanwhile, macrophages and dendritic cells within BM demonstrated more pro-tumoral and anti-inflammatory effects, represented by distinct distribution and function of SPP1+ and C1Qs+ tumor-associated microphages, and inhibited antigen presentation capacity and HLA-I gene expression, respectively. Besides, we also found the lack of inflammatory-like CAFs and enrichment of pericytes within BM tumors, which may be critical factors in shaping inhibitory TME. Cell communication analysis further revealed mechanisms of the immunosuppressive effects associated with the activation of some unfavorable pathways, such as TGFβ signaling, highlighting the important roles of stromal cells in the anti-inflammatory microenvironment, especially specific pericytes. Furthermore, pericyte-related genes were identified to optimally predict immunotherapeutic responses by machine learning models with great predictive performance. Overall, various factors contribute to the immunosuppressive TME within BM tumors, represented by the lack of critical anti-cancer immune cells. Meanwhile, pericytes may help shape the TME and targeting the associated mechanisms may enhance immunotherapy efficacy for BM tumors in patients with lung adenocarcinomas.
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1. Introduction


Lung cancer remains one of leading causes of cancer incidence and death, and there were more than 2.2 million new cases and 1.79 million deaths in 2021 worldwide [1]. Two major histological classifications of lung cancer are small cell lung carcinoma and non-small cell lung carcinoma (NSCLC), while the latter accounts for more than 80% of all cases [2]. Among NSCLC patients, lung adenocarcinoma (LUAD) is the most common subtype, presenting a high incidence with a proportion of more than 40% of lung cancers. Brain metastasis (BM) occurs frequently in LUAD patients, with its incidence ranging from 22% to 54% [3]. In spite of rapid advances in cancer management, LUAD with BM indicates a poor prognosis. Meanwhile, BMs are also the most common intracranial malignancies and lung cancer remains the primary disease in 40% to 50% of all patients [4,5].



For advanced LUAD, current therapeutics includes conventional chemoradiotherapy, targeted therapy and novel immunotherapy (immune checkpoint inhibitors, ICI). As the first-line treatment for epidermal growth factor receptor (EGFR)-mutated LUAD cases, tyrosine kinase inhibitors (TKIs) has achieved enormous success, and the third-generation TKI, osimertinib, specifically showed great efficacy on BM patients [6]. Furthermore, ICIs such as programmed death protein-1/programmed cell death-1 ligand 1 (PD-1/PD-L1) monoclonal antibody had been approved for the treatment of stage IV NSCLC, based on the expression level of PD-L1 on tumor cells. All these therapeutic advances require presentations of molecular profiling, and thus characterizing features of the tumor microenvironment (TME) may maximize the current treatment outcomes and inspire more thoughts on precision therapy.



Components within tumors includes not only cancer cells, but also a series of other types of cells such as immune and stromal cells and secreted regulative and effective molecules, all of which forms a complex TME. The traditional bulk sequencing averages out cell type-specific differences, while the single-cell RNA sequencing (scRNA-seq) technology can assess transcriptomes of each individual cell, providing more clear presentations of tumor ecosystems through a higher dimension. Several studies depicted the single-cell landscape of LUAD that identified the potential programs and mechanisms in cancer transformation and evolution [7,8,9,10]. However, none of them comprehensively revealed the comparative explorations between primary LUAD tumors (PT) and BM.



In this study, by integrating and analyzing scRNA-seq data that contained the largest number of BM specimens from LUAD patients, we comprehensively delineated distinct TME features between PT and BM and identified the potential immunosuppressive factors that may contribute to the unfavorable clinical outcomes of BM patients treated with ICI. Using external immunotherapy cohorts, we also developed and validated multiple machine learning models to optimally predict responses of BM tumors to the ICI treatment.




2. Methods


2.1. Collection of Human Specimens for LUAD and BM


All fresh tumor specimens in the study were biopsied from advanced LUAD patients by diagnostic procedures such as percutaneous puncture biopsy or bronchoscopy. All scRNA-seq data are available online in the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, accessed on 1 March 2022) under the accession number of GSE148071, GSE131907, GSE186344 and GSE143423. All analyses in the study involving human subjects were in accordance with the Helsinki Declaration and the ethical standards of the Institutional Review Board of West China Hospital. The 3′ single-cell RNA sequencing (10x Genomics) was used to process cell suspensions.




2.2. Data Integration, Processing and Quality Control


Routine data integration of included datasets was performed using R package Seurat (version 4.1.0) (R Foundation for Statistical Computing, Vienna, Austria) [11]. Firstly, we eliminated genes expressed in fewer that ten cells. Secondly, cells that met all the following criteria could be picked out: (1) 500–10,000 genes identified; (2) 1000–20,000 unique molecular identifiers (UMI) detected; (3) mitochondrial reads <20%; (4) hemoglobin reads <1%. After quality control processes, the count data was standardly normalized to obtain the expression matrix for subsequent analyses. Then, SCTransform with 3000 variable features [12], Principle Component Analysis (PCA) and Harmony [13] were performed in sequence for reducing dimension and removing batching effects. Top one hundred principle components were used for construction of k-nearest neighbor (KNN) graph and Uniform Manifold Approximation and Projection (UMAP) embedding.




2.3. Trajectory Analysis


We applied Monocle2 (version 2.22.0) and Monocle3 (version 1.2.2) (Bioconductor, Boston, MS, USA) to determine the potential lineage differentiation trajectories of cell clusters [14,15]. In the subsequent analyses of signature scores, pseudotime of clusters of interest was integrated to investigate their developmental trends. The DDRtree method was applied for dimension reduction during the Monocle analyses. In Monocle 3, the similar normalization in Seurat was performed, and the mutual nearest neighbor method was used for the removal of batching effects [16].




2.4. Functional Enrichment Analysis


Marker genes were identified for each cell cluster using R package MAST (version 1.20.0) [17], with the proportion of cells that expressed certain gene ≥ 25%, the binary log of fold change (LogFC) ≥ 0.25 compared to other cells, and an adjusted p value < 0.05. Gene expression heatmap was plotted using the subset of marker genes with at least 25% difference in their fractions inside and outside each cluster, which represented the ratios of cells that expressed the genes among all cells inside and outside the cluster. The GO tool was used for enrichment analyses with R package clusterProfiler (version 4.2.2) [18]. For each cell cluster, the top five enriched biological process terms were displayed.




2.5. Gene Signature Scores


To better compare phenotypes of cell clusters, we calculated certain signature scores based on specific gene expressions. T cell exhaustion scores were obtained based on differential marker genes between exhausted and non-exhausted CD4+ and CD8+ cells, with the FC larger than 1.5 and a minimal difference of 25% in the fraction of cells that expressed these genes. The naiveness score involved four canonical marker genes, including TCF7, CCR7, SELL and LEF1. Besides, other signature scores were defined based on previous literatures, involving regulatory T cell (Treg) [19], cytotoxicity [20] and proliferation [21] for T/natural killer (NK) cells, classical activation, alternative activated, angiogenesis and phagocytosis for tumor-associated macrophages (TAM) [22], and activation, migration and tolerance for dendritic cells (DC) [22,23]. Furthermore, R package AUCell (version 1.16.0) was applied to calculate whether a key subset of the input gene sets was enriched within each cell’s expressed genes, and presented a signature score for the subset [24]. In analyses of relationship between pseudotime and signature scores, general additive models were used for fitting.




2.6. Copy Number Variations and Tumor Heterogeneity


Copy number alterations (CNA) were assessed for epithelial cells with R package inferCNV (version 1.10.1) [25]. A total of 2000 immune cells were randomly obtained for reference and the cutoff value of minimal average reads per gene among reference cells was set as 0.1. The Vald D2 method was used for denoising and hierarchical clustering.



We calculated heterogeneity scores based on principle components of the gene expression matrix to denoise, and the principle components during the dimension reduction and clustering were identified as features of cancer cells. The calculation formula was as follows, and it can output the average Euclidean distance of each cell from the centroid in Euclidean space:


  H e t e r o g e n e i t y   s c o r e =  1 m    ∑   i = 1  m      ∑   j = 1  n     (   x  i j   −  y j   )   2     











In this formula, m represents the number of tumor cells and n indicates n features in each cell. xij represents the j-th feature of i-th cell. For intratumoral heterogeneity, yj represents the arithmetic average value of the j-th feature of all cells, while for intertumoral heterogeneity, yj represents the arithmetic average value of the j-th feature of cells in the BM or PT group. Z-score normalization of the scores was performed for distribution consistency.




2.7. Transcription Factor Analysis


To identify activated transcription factors (TF) within one cell cluster, we applied R package SCENIC (version 1.2.4) and python package pySCENIC (version 0.11.2) for TF analyses. Firstly, using the GRNBoost2 function in pySCENIC, we established a co-expression network to find potential targets for TFs. RcisTarget was used for enrichment analyses of TF motifs (reference: 500bp-upstream-7species.mc9nr, from cisTarget database, https://resources.aertslab.org/cistarget/, accessed on 1 April 2022), and AUCell was used to quantify regulons. A binary matrix could be created with the cutoff obtained by AUC scoring for each regulon. In TF analyses, the significant TF was defined as more than 20% of cells activated with it within each cell cluster (except for those in stromal cells, for which 50% was set as the cutoff).




2.8. External Validation in Bulk RNA Sequencing


A total of 526 LUAD patients from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/, accessed on 15 April 2022) database were used to validate relationships between survival outcomes and signature scores of marker genes with differential expressions in the inflammatory-like cancer-associated fibroblasts (iCAF) and myofibroblast CAF (myCAF) clusters from the scRNA-seq data. The signature score was calculated using R package GSVA (version 1.42.0), with the single-sample gene set enrichment analysis (ssGSEA) selected [26]. For each cell cluster, the top 30 significant marker genes were as the reference list. In the survival analyses, all cases were separated into two groups by the median score. Survival curves were plotted using the Kaplan–Meier method and compared by the log-rank test.




2.9. Cell-Cell Interaction Analysis


Cell-cell interaction analyses were performed using Python package CellPhoneDB (version 3.0.0) (Teichmann Lab and the Vento-Tormo Lab (Wellcome Sanger Institute, Cambridge, UK)). The proportion of cells expressing each gene and the gene’s average expression level within a cell cluster were evaluated. Then the significance for each ligand-receptor pair was assessed based on their respective expression level, and the significant pairs for at least one cell–cell pair were retained.




2.10. Statistical Analysis


Statistical analyses were performed with R software (version 4.1.2, https://www.r-project.org). The comparisons between groups were conducted using Student’s t test, a chi-square test and Wilcoxon rank-sum test. In the correlation analyses, Pearson and Spearman methods were used. Machine learning algorithms including adaptive boosting (ADB), artificial neural network (ANN), gradient boosting decision tree (GBDT), random forest classifier (RFC) and extreme gradient boosting (XGB) and KNN were used to develop multiple models predicting responses to ICI therapy. Before modeling, the least absolute shrinkage and selection operator (LASSO) regression was performed for gene selection. Predictive performance for each model was measured by the area under the receiver operating characteristic (ROC) curve (AUC). To try to avoid data bias and improve the machine learning models’ adaptability, the most matched combination of two test datasets was identified to calculate the testing AUC value for each algorithm. p value < 0.05 was considered statistically significant in this study.





3. Results


3.1. The Global Single-Cell Landscape of Primary LUAD and Brain Metastases


To elucidate the dynamic landscape and heterogeneity in the progression of LUAD to brain metastasis, fresh human tissue samples of twenty-three primary LUAD tumors (P1–P23) and sixteen brain metastases (M1–M16) were biopsied for scRNA-seq analyses (Figure 1A). Through quality filtering, a total of 106,605 cells were detected with a mean number of 2116 genes per cell, among which, 44,251 and 62,354 cells came from PT and BM, respectively (Figure S1A). Via annotations with canonical marker gene expression, several major cell lineages were identified, including epithelial (EPCAM), immune (PTPRC), stromal (PECAM1, COL1A1) and other cells (Figure 1B and Figure S1B). Furthermore, immune cells were clustered into T lymphocytes/natural killers (T/NK; CD3D, KLRD1), B lymphocytes/plasma (CD79A, MZB1), myeloid (CD14, CD1C), mast (CPA3) and plasmacytoid dendritic cells (pDC; LILRA4, CLEC4C) (Figure 1C and Figure S1C). As expected, though collected from different patients, almost all of immune and stromal cells clustered together by different subtypes, while cancer epithelial cells demonstrated greater heterogeneity between PT and BM in spite of obvious inter-patient disparities in transcriptomic signatures (Figure S2A,B) [9,27]. Similar to the previous studies, comparisons of the cell number between the two groups indicated a higher proportion of immune and stromal cells in PT than BM (Figure 1B), predominantly supported by more filtrations of T/NK (2051 vs. 1548 per 10,000 cells) and myeloid cells (1501 vs. 1126 per 10,000 cells) cells (Figure 1C and Figure S2E) [8]. Nevertheless, for both PT and BM, the proportions of all cell types varied vastly between tumor samples, suggesting the necessity to further decipher the underlying differences between tumor ecosystems of primary LUAD and BM (Figure S2C,D).




3.2. Deletion of CD8+ Trm Cells and More Dysfunctional CD8+ Tem Cells within BM Tumors


Since T/NK cells were found more in primary lesions of LUAD than BM, we then further divided them into thirteen subclusters of three major classes (CD4+ T, CD8+ T and NK cells), involving CD4+ naïve T cell (CD4+ Tn), CD4+ memory T cell (CD4+ Tm), CD4+ exhausted T cell (CD4+ Tex), Treg, CD8+ tissue-resident memory T cell (CD8+ Trm), CD8+ effector memory T cell (CD8+ Tem), CD8+ exhausted T cell (CD8+ Tex) and NK cell (Figure 2A), identified with the corresponding canonical gene markers (Figure 2B). Based on T/NK cell proportion features, all patients can be greatly clustered into two groups that were extraordinarily consistent with tumor groups, suggesting infiltration differences of major anti-cancer immune forces between PT and BM (Figure 2C). Firstly, as for T cells, distribution analyses of subclusters demonstrated that CD4+ Tn, CD8+ Trm and CD8+ Tex were obviously higher in the PT group, while Treg and CD4+ Tm higher in the BM group. The lack of CD8+ Trm in BM may be associated with lower responses to immune checkpoint inhibitors (ICI) since previous studies showed a series of suppressive immune checkpoints highly expressed in CD8+ Trm cells [28,29]. Besides, the GO analysis of CD8+ T clusters also revealed that the T cell activation pathway was enriched in Trm rather than Tem (Figure S3A). Thus, within the TME of BM, CD8+ Tem that showed less expected anti-tumor ability accounted for the majority of T cell infiltrations, partly explaining the poor survival outcome of BM patients. We hypothesize that BM presents a dysfunctional anti-cancer immune phenotype caused by lacking main anti-cancer immune forces of CD8+ Trm cells.



TF analyses for each T cluster identified CREM and NFKB1 activated specifically in CD8+ Trm (Figure 2D). CREM was found to be correlated with immune-suppressive microenvironment, thus partly explaining the greater anti-cancer efficacy of CD8+ Trm by ICIs [30]. Additionally, the activation of NFKB1 also indicated the construction of a pro-inflammatory microenvironment by CD8+ Trm. As expected, FOXP3 predominantly activated in Treg and CD4+ Tex, and within each tumor, whether for PT or BM, the percentage of them showed significant correlation (Pearson correlation, R = 0.45, p = 0.005; Figure S3B).



We then performed pseudotime analyses of CD4+ and CD8+ T lymphocytes to reveal potential developmental trajectories of their subsets. In CD4+ T, two branches of Treg and Tex were observed from the same developmental origin of Tn, indicating their different gene expression profiles after differentiation (Figure 2E). However, the result of CD8+ T showed a consistent direction as pseudotime, along which all CD8+ T cell populations of state 1 (mainly Tem) and state 2 (Tem and Trm) developed into exhaustion (Figure 2F). Thus, we infer that CD8+ Tem and Trm have no intersection in the development but would come to a same exhausted end. Within the primary LUAD, CD8+ Tex can come from both CD8+ Trm and Tem [21]; however, while within the BM tumor, it may be predominantly transformed from CD8+ Tem rather than Trm.



The signature scores were assessed for each T subcluster, involving exhaustion, proliferation, naiveness, Treg (for CD4+ T) and cytotoxicity (for CD8+ T), which was consistent with the clustering result of T lymphocytes (Figure S3C). For example, Tn and Tex had highest naiveness and exhaustion scores, respectively. Similar to the previous observations, CD8+ Tex cells were also found to have much higher cytotoxicity score because they had been activated before exhaustion [31]. Then we compared the scores between PT and BM, and found that proliferation and naiveness scores for CD4+ T were significantly higher in BM than PT, but the BM group had a higher Treg scores, indicating the more inhibitory effects within the TME of BM (Figure S3D). Because of lack of CD8+ Trm in BM, we therefore compared scores of CD8+ Tem between PT and BM, and found that CD8+ Tem demonstrated significantly higher cytotoxicity and proliferation scores but also had a higher exhaustion score in BM (Figure S3E). Thus, we hypothesize that in spite of the infiltration of CD8+ Tem cells in BM, they may be more likely in transformation to Tex with expressions of certain exhaustion gene signatures (as CD8+ Tem 1 that mainly existed in BM, part of which highly expressed TIGIT, CTLA4, LAG3, PDCD1 and HAVCR2; Figure 2B). This result was further consolidated by the significant positive correlations of cytotoxicity with exhaustion (Pearson correlation, R = 0.61, p < 0.001) and proliferation (Pearson correlation, R = 0.19, p < 0.001) scores in CD8+ Tem (Figure 2G). Meanwhile, exhaustion scores in CD8+ Tem also sharply increased as pseudotime (R = 0.66, p < 0.001; Figure S3F), and the BM group demonstrated a higher proportion of Tem cells expressing TOX, a gene encoding an important TF for T cell exhaustion, further indicating a more exhausted state of Tem population in BM (Figure 2H) [32]. Moreover, we also observed a significant lower percentage of CD8+ Tem cells expressing TCF7 in BM than PT, a gene encoding TCF-1 that was critical to maintain long-term responses to ICI (Figure 2H). Overall, we found there were fewer filtrations of T lymphocytes in BM, especially lack of CD8+ Trm cells, which were critical to anti-cancer immunity in primary LUAD [10]. Meanwhile, CD8+ Tem in BM also showed more exhausted features than PT. These results may indicate potential mechanisms by which PT and BM present heterogeneous responses to ICI.



NK cells were further clustered into six subgroups based on the signature gene expressions, representing two classifications of CD16dim and CD16bright (Figure S3G,H). CD16, also called FcγRIII, is located at the surface of cells, which can initial antibody-dependent cellular cytotoxicity (ADCC) to activate NK after binding to the corresponding immunoglobulin G (IgG) [33]. We found a lower percentage of CD16bright NK cells that highly expressed FcγRIII in BM, indicating a less functional NK distribution within the BM tumor. Besides, though with the higher NK activation score, the BM group demonstrated higher inhibition and lower cytotoxicity scores (Figure S3I). These results may suggest NK cells within the BM tumor have a more dysfunctional or exhausted phenotype than PT.




3.3. Macrophages and DCs within BM Tumors Reveal More Pro-Tumoral and Anti-Inflammatory Effects


Myeloid cells were clustered into five major classifications of monocytes, TAMs, other macrophages, DC and mast cells based on the corresponding gene markers (Figure 3A,B and Figure S4A). We identified two subtypes of TAMs with different phenotypes, including SPP1+ TAM (marked by SPP1, FN1, etc.) and C1Qs+ TAM (marked by C1QB, C1QA, C1QC, TREM2, APOE, etc.). C1Qs+ TAM highly expressed complement C1q-related genes, which could promote phagocytosis and anti-inflammatory function within TME [34]. Although both groups of tumors involved SPP1+ and C1Qs+ TAMs, their distributions were found to be specific to the tumor origins. For example, SPP1+ TAM1 was only observed in primary LUAD, while SPP1+ TAM2 and TAM3 mainly existed in BM. At the same time, there were much fewer C1Qs+ TAMs in PT than BM, suggesting a more disadvantageous immune-inhibited microenvironment within BM tumors. To better investigate the relationship between SPP1+ and C1Qs+ TAM, we performed pseudotime analyses of monocytes and TAMs, revealing that both of them might originate from monocytes, but through two distinct developmental trajectories (Figure 3C).



We then assessed signature scores that associated with macrophages for each TAM subcluster. Firstly, TAMs could be divided to two extreme situations in vitro, M1 and M2 that represented pro- and anti-inflammatory phenotypes, respectively. However, our results demonstrated C1Qs+ TAM clusters had lower M1 and M2 scores at the same time, while SPP1+ TAM clusters had relatively higher M1 and M2 scores (Figure 3D). Indeed, a significantly positive correlation was observed between M1 and M2 scores among TAMs, thus further suggesting that the polarization of TAM into M1 and M2 might be overemphasized, and there might be more complex mechanisms under these distinct TAM phenotypes (Pearson correlation, R = 0.23, p < 0.001; Figure 3E). Besides, SPP1+ TAMs were also found to have obviously higher angiogenesis scores, highlighting its complex roles in shaping TME.



Additionally, we identified several specific types of macrophages, such as alveolar macrophages (marked by MARCO and MCEMP1) and microglia TAMs (marked by SLC1A3, SIGLEC8, CCL4L2 and CCL3L3) (Figure 3B and Figure S4A), which were specifically located at tumors of primary LUAD and BM, respectively (Figure 3A) [7,10,31]. Alveolar macrophage 1 demonstrated a much higher M1 score, suggesting its pro-inflammatory effects in PT (Figure 3D). By contrast, microglia TAMs might have both pro-inflammatory and anti-inflammatory phenotypes with similar average M1 and M2 scores. These results may be helpful in explaining the TME heterogeneity shaped by macrophages between PT and BM.



Two clusters of DCs were identified, including classical DC (cDC; marked by CD1C, HLA-DQA1, FCER1A and CLEC10A) and plasma DC (pDC; marked by LILRA4, IL3RA and GZMB) (Figure 3B). A similar distribution of cDC and pDC was observed between PT and BM. Therefore, we further compared their signature scores and found cDC demonstrated higher scores of all related functions that involved activation, migration and tolerance (Figure 3F), and the activation score was significantly correlated with both migration and tolerance scores (Figure S4B). Moreover, the DC activation score was significantly lower in the BM group than PT, suggesting the more inhibited antigen presentation capacity in DC cells of BM tumors (Figure 3G).




3.4. Cancer Epithelial Cells in BM Demonstrate Limited Heterogeneity and Lower Expression Levels of HLA-I-Associated Genes


Epithelial cells were further divided into cancer and normal epithelial cells, but demonstrated great heterogeneity between different tumor samples (Figure 4A and Figure S5A). The normal epithelial cells involved several common types located at normal pulmonary tissues, such as ciliated cells (marked by RFX2, FPXJ1 and CAPS), alveolar type 1 (AT1; marked by AGER), alveolar type 2 (AT2; marked by ABCA3 and SFTPC) and club cells (marked by SCGB3A1), almost all of which were observed in the PT group (Figure 4B) [9]. The CNA analyses further confirmed that cancer cells demonstrated obvious changes compared to the reference immune cells, but normal epithelial cells did not (Figure 4C). Even among cancer cells, gene expression profiles and cell number distributions greatly varied between samples and clusters, and almost every cancer epithelial cluster came from one single specific tumor sample, indicating prominent inter-tumor heterogeneity (Figure 4D). Moreover, different marker genes were also specifically found in certain cluster (Figure S5A). We also quantified the tumor heterogeneity based on the top hundred principal components of the gene expression matrix. The results suggested that the BM group had significantly lower scores in both inter- and intra-tumoral heterogeneity than PT (p < 0.001; Figure 4E), which also had a strong correlation among all samples (Pearson correlation, R = 0.99, p < 0.001; Figure S5B). Meanwhile, expression levels of human leukocyte antigen class I (HLA-I)-associated genes (HLA-A, HLA-B, HLA-C and B2M) were also found significantly lower in the BM group, suggesting an inferior antigen presentation capacity within TME of BM (Figure 4F). Anyway, the BM tumors presented lower heterogeneity than PT, probably because only a proportion of cancer cells shed from the primary site to successfully form a metastatic tumor, which had been observed in multiple metastatic diseases [35].




3.5. Lack of Inflammatory-like CAFs and Enrichment of Pericytes with Ambiguous Phenotypes within BM Tumors


Stromal cells within tumors shapes TME by multiple complex mechanisms [36,37,38]. In our analyses, stromal cells were clustered into myCAF (marked by ACTA2, TAGLN, COL1A1 and FAP), iCAF (marked by CFD, CXCL12, PDGFRA and IL6), pericytes (marked by MCAM and RGS5) and endothelial cells (marked by PECAM1, VWF and RAMP2) (Figure 5A,B and Figure S6A). Firstly, the distribution of CAF clusters seemed to present some specificity, such as that myCAF1 and iCAF mainly existed in PT, further indicated in distributions by each patient (Figure S6B). The pseudotime analysis showed myCAF and iCAF potentially originated from the same pericytes but via different differentiation trajectories, suggesting the different induction mechanisms in BM and PT (Figure 5C). Based on TF analyses, anti-tumoral iCAF showed enriched activation of cell survival-associated genes, such as FOSB, JUN and EGR1 (Figure 5D) [39]. TCF21, which can dampen the ability of tumor invasion, chemoresistance and growth in vivo by regulating the CAF state, was also extensively activated in iCAF cells from primary LUAD [40]. Instead, few iCAF cells were observed in the BM group, further indicating an inflammation-limited TME with BM tumors. Among more than five hundred LUAD patients from TCGA database, we assessed enrichment scores of marker gene sets of iCAF and myCAF using ssGSEA, and the results were consistent with observations in our scRNA analyses that iCAF, deficient in BM tumors, was associated with a better survival, while myCAF exactly showed the opposite effect (Figure 5E). Thus, the lack of iCAF may be one of reasons for the poorer outcome of BM patients.



Meanwhile, most of pericytes were found in the BM group, which might be associated with their function in maintaining brain-blood barrier (BBB), supported by the fact that almost every BM tumor involved many pericytes (Figure S6B). Specifically, pericyte cluster 4 can be further regarded as the differentiated subtype that highly expressed functional gene markers as TAGLN, MYLK and MYH11 [41]. Nonetheless, the relationship between pericytes and BM remains to be elucidated, since previous studies demonstrated inconsistent viewpoints that pericytes promoted BM in breast cancer and prevented BM in lung cancer in vitro [42,43]. These results of CAF and pericytes might also explain that components within TME of BM tumors remained relatively simple, unlike the complex environment caused by the long-term selection and evolution of primary tumors.



Four clusters of endothelial cells were identified with high expression levels of marker genes, such as PECAM1 and VWF, normally functioning in interacting between endothelia cells and platelets (Figure 5B). PODXL, a gene encoded podocalyxin normally in vascular endothelial cells, was highly expressed in Endo 1, which mainly existed in the BM group (Figure 5A). Overexpression of PODXL within the tumor tissue was associated with poor prognosis, aggressive invasion, chemoresistance and unfavorable therapeutic effects, supporting its role in BM diseases [44]. Though Endo 1 and 2 were predominantly located in BM, and Endo 3 and 4 mainly in PT, several angiogenesis-related TFs were simultaneously activated, including ETS2, ERG, HOXD9 and STAT3, probably suggesting their pro-tumoral effects (Figure 5D) [45,46,47,48].




3.6. Cell-Cell Interactions Indicate the Critical Role of Pericytes in Shaping TME of Brain Metastasis


In addition to relevant analyses within each cell cluster, cell–cell interactions between clusters are critical in shaping tumor immune microenvironment. Proportion differences for each cell type were compared, and the results found that most immune cells were higher in the PT group (Figure S6). As mentioned before, for example, functional CD8+ Trm cells were much fewer in the BM group, indicating the lack of anti-cancer immunity within BM tumors. Furthermore, correlations of cell contents between cell types were also explored in Figure 6A. Cancer cells had only negative associations with certain cells, including pericytes, CD8+ Tem, CD4+ Tex, Treg, pDC, naïve B cells, NK cells, monocytes and mast cells. Most of them were common cells within tumors and generally accounted for relatively large percentages among non-cancer cell populations, thus normally presenting negative associations. However, pericytes that were enriched in the BM group, may have specific interactions with cancer cells [49,50,51].



The CellPhoneDB method was used to evaluate cell–cell interactions between cell subtypes. We firstly calculated the number of ligand-receptor pairs with significant interactions between cell types, and observed that they were enriched among iCAF, endothelial cells, myCAF and pericytes, suggesting their potentials in shaping TME, especially in the BM group (Figure 6B). In the PT group, Delta Like Canonical Notch Ligand 1 (DLL1)-mediated canonical NOTCH pathways were universally activated via interactions between iCAF and many other cells, which corresponded to its favorable role in anti-cancer immunity in lung cancer [52,53,54], while instead, there were enriched activations of noncanonical NOTCH pathways via interactions of Delta-like Noncanonical Notch Ligand 1 (DLK1)-NOTCH between cancer cells and pericytes (the immature type for NOTCH1, NOTCH2 and NOTCH3; the differentiated type for NOTCH1, NOTCH2, NOTCH3 and NOTCH4) in the BM groups (Figure 6C). Accumulative evidence has demonstrated that increased expression of DLK1 was observed with disease progression and negative prognostic effects in numerous malignancies [55,56,57], and could also recover and promote stemness of tumor cells [58]. However, the actual relationship between DLK-1 and NOTCH signaling has not been clarified clearly with conflicting results from previous studies in distinct models [59].



We also identified widespread interactions of TGFβ-TGFβR between pericytes and other cells within TME, especially differentiated pericytes (Figure 6D). Normally, ericytes are critical in regulating angiogenesis and maintaining BBB integrity [60]. In brain tumors, cancer cells can induce phenotype transition of pericytes form the tumor-suppressive to the immature type, thus initiating tumor progression [61,62], consistent with our results that most pericytes within BM tumors demonstrated immature signatures. Besides, TGFβ within TME modulated function of the surrounding pericytes, and promoted cell proliferation, migration and morphological changes for vascular proliferation via upregulating downstream epithelial-mesenchymal transition (EMT)-related factors [63], such as SLUG, also called Snail Family Transcriptional Repressor 2, encoded by SNAI2, which showed significantly higher expression levels in pericytes within BM (Figure 6E). In accordance with the study in the glioblastoma model from Wirsik et al., we also identified TGFBR2 as the most prominent receptor that participated in activation of the TGFβ signaling pathway in pericytes [63]. Furthermore, it was verified in the GSVA analysis that pericytes within BM tumors had significantly enriched activations of angiogenesis, EMT and TGFβ signaling pathways when compared with those within PT tumors (Figure 6F). Thus, we hypothesize that TGFβ released by various types of cells within TME may interact with TGFBR2 in abundant pericytes within BM tumors to modulate cancer angiogenesis. Meanwhile, it was reported that cancer cell–CAF (iCAF and myCAF) crosstalk could enhance tumor vascularization by promoting TGFβ-mediated pericyte-endothelial cell interactions [64]. These results may suggest the critical role of interactions between pericytes and other cells within TME in the formation of unstructured BM vasculature, which shapes immune cell desertification and BBB breakdown in BM tumors [65].




3.7. Pericyte-Related Machine Learning Models Predicting Responses to ICI Therapy


To better validate the importance of pericytes in ICI therapy, a total of 4,138 differentially expressed genes were identified between pericytes and other stromal cell clusters at the start. Using the previous ICI therapy cohorts (Figure 7A), we further found 32 genes contributed most to the related therapeutic responses by LASSO regression (Figure 7B). Next, six classical machine learning algorithms were applied to develop predictive models for responses to ICI therapy with five-fold cross validation. All of these models demonstrated great performance in the training (AUC: 0.89–0.99) and validation sets (AUC: 0.70–0.74), though with different gene lists for modeling (Figure 7C and Table S1). In the external test set, three models (GBDT, RFC and KNN; AUC: 0.71–0.73) performed obviously than others (XGB, ADB and ANN; AUC: 0.64–0.66). The five common genes used in GBDT, RFC and KNN models were PEA15, CCZ1, HMGB1, RPL29 and SPRY4 (expression levels seen in Figure S7), which may be critical to pericytes’ interactions with TME and can be potential targets to improve immunotherapeutic efficacy in LUAD patients with brain metastasis (Figure 7D). For example, beside extensively engaging in tumor development and progression, HMGB1 indeed had profound effects in remodeling TME, and its inhibition could enhance ICI efficacy [66].





4. Discussion


In the present study, we displayed the comprehensive single-cell landscape of primary advanced LUAD and brain metastases by integrated analyses of scRNA-seq data from 39 tumor specimens. We revealed the characteristic heterogeneity of cells and microenvironments within tumors of PT and BM, and further analyzed potential variations in cellular and molecular programs shaping metastatic progression from primary sites to the brain. In the valuable atlas, three major cell components were identified that involved a total of 49 subtypes besides 18 clusters of cancer epithelial cells, which demonstrated specific inter-patient heterogeneity. To our knowledge, this study also provided a largest comparative analysis between primary LUAD and brain metastases at the single-cell level.



In total, BM tumors showed a higher percentage of cancer cells, but with fewer infiltrations of immune cells and stromal cells than the primary LUAD. In particular, T cell subclusters might be specific to the two groups of tumors. CD8+ Trm is critical in anti-cancer immunity, but was found deleted within BM tumors. Moreover, CD8+ Tem cells in the BM group demonstrated more exhausted status than PT. GO analyses also confirmed the obvious T cell activation of CD8+ Trm rather than Tem, and pro-inflammatory TFs were specifically enriched in the CD8+ Trm cluster. Based on the factors mentioned above, we hypothesize that BM tumors may present a dysfunctional phenotype of adaptive immunity for CD8+ Trm desertification.



Two different TAM clusters, C1Qs+ and SPP1+ TAMs, were identified, which also demonstrated certain specificity to the BM and PT groups, further supported by their distinct differentiation trajectories from monocytes in the pseudotime analysis. C1Qs+ TAM, mainly located in BM, highly expressed complement C1q-related genes (such as C1QB, C1QA, C1QC), promoting phagocytosis and anti-inflammatory function within TME [34]. Besides, we also identified one cluster of alveolar macrophages in PT and one cluster of microglia TAMs in BM, which presented distinct phenotypes. Therefore, variations of multiple macrophages may engage in shaping the more unfavorable TME within BM tumors.



By analyzing epithelial marker genes and CNA, we confirmed the normal epithelial cell and the cancer epithelial cell, while the former was nearly sourced from the PT group. We also observed significantly lower inter- and intra-tumoral heterogeneity and the inferior expression level of HLA-I genes in BM than PT. Similarly, iCAF cells were found lacking in the BM group, which can contribute to a more inflammatory TME. However, the unfavorable myCAF existed within BM tumors, demonstrating different developmental trajectories from the myCAF. The validation tests using TCGA database presented the two types of CAF indeed had opposite effects on survival. Therefore, we thought the deletion of iCAF within TME of BM might be one of reasons that caused worse outcome in BM patients. Overall, based on our comparative results, there may be more simple components within TME of BM tumors, considering that the metastatic lesions formed by only a proportion of circulating cancer cells shed from the primary tumors, and thus did not present a complex tumor environment like primary tumors with having encountered long-term selection and evolution.



Based on cell–cell interaction analysis, we propose a potential mechanism that may be responsible for unstructured tumor vasculature in BM. Since pericytes were mainly found in BM tumors, they may have widespread interactions of TGFβ-TGFBR2 with various types of cells to regulate cancer vascularization via increased expression of SLUG. Abnormal angiogenesis within BM tumors can adversely affect immune cell infiltration and contribute to breakdown of BBB to promote tumor metastasis [65]. Furthermore, using previous immunotherapy cohorts, we developed and validated six machine learning-based models predicting responses to ICI therapy in multiple cancers based on pericyte-specific genes. These models showed great predictive performance, highlighting the critical roles of pericytes in shaping TME of brain metastasis among LUAD patients.




5. Conclusions


Overall, as the most comprehensive comparative analyses of LUAD and brain metastases at the single-cell resolution, our study may provide new insights into the TME heterogeneity between PT and BM. We also identified a lack of several specific cell clusters that might be responsible for the worse outcome in BM patients and further explored their potential mechanisms by multiple analyses. Pericytes may be one of the important cell clusters in the TME of brain metastasis, and we also identified several critical genes associated with pericytes for optimal prediction of ICI therapy responses, which can be potential targets to improve immunotherapeutic efficacy.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/biom13010185/s1, Figure S1: (A) Quality control of single-cell data. Red lines indicate cut-off values for relevant filtering processes. (B) Feature plot of marker gene expressions for identification of immune, stromal and epithelial cells. (C) Feature plot of marker gene expressions for identification of immune cell subclusters; Figure S2: (A) UMAP plot colored by individual patient. (B) UMAP plot colored by primary tumors and brain metastasis of lung adenocarcinomas. (C) Proportions of epithelial, immune and stromal cells in each patient. (D) Proportions of each immune cell subcluster in each patient. (E) Cell number of immune cell clusters per 10,000 cells between primary tumors and brain metastasis of lung adenocarcinomas; Figure S3: (A) Top enriched biological process terms in CD8+ T clusters by GO analysis. (B) Correlation between percentages of Treg and CD4+ Tex within each tumor in primary tumors (PT) and brain metastasis (BM) of lung adenocarcinomas. (C) Signature scores of gene sets associated with naïveness, cytotoxicity, exhaustion, proliferation, and Treg of each T cell cluster. (D) Signature scores of gene sets in CD4+ T between PT and BM. (E) Signature scores of gene sets in CD8+ T between PT and BM. (F) Correlation between exhaustion score and pseudotime in CD8+ Tem (Pearson correlation). (G) UMAP plot of natural killer (NK) cells. (H) Average expression and cell precent expressed of marker genes in each NK cell cluster. (I) Comparisons of signature scores of NK cells between PT and BM. CD4+ naïve T cell (CD4+ Tn), CD4+ memory T cell (CD4+ Tm), CD4+ exhausted T cell (CD4+ Tex), Treg, CD8+ tissue-resident memory T cell (CD8+ Trm), CD8+ effector memory T cell (CD8+ Tem), CD8+ exhausted T cell (CD8+ Tex), * p value < 0.05, ** p value < 0.01, *** p value < 0.001, **** p value < 0.0001; Figure S4: (A) Heatmap of differentially expressed genes for each myeloid cell cluster. (B) Correlations between scores of activation and migration/tolerance among classical dendritic cells (Pearson correlation); Figure S5: (A) Heatmap of differentially expressed genes for each epithelial cell cluster. (B) Correlation between intra-tumoral and inter-tumoral heterogeneity of cancer epithelial cells (Pearson correlation) in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas; Figure S6: (A) Heatmap of differentially expressed genes for each stromal cell cluster. (B) Proportions of each stromal cell subcluster in each patient; Figure S7: Expression levels of five candidate genes within pericytes between primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas for prediction of immunotherapeutic responses (Wilcox test); Table S1: Identified genes for development of machine learning models.





Author Contributions


Y.W.: Conceptualization, Formal Analysis, Visualization, Investigation, Writing–original draft; K.K.: Conceptualization, Formal Analysis, Writing–original draft; C.H.: Formal Analysis, Software; L.W.: Data Curation, Visualization; Z.W.: Formal analysis; A.Z.: Conceptualization, Funding acquisition, Supervision, Writing–review&editing. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by Natural Science Foundation of Sichuan Province (No.23NSFSC4255, No. 2023NSFSC1885), Post-Doctor Research Project, West China Hospital, Sichuan University (No. 2020HXBH101), Sichuan University postdoctoral interdisciplinary innovation fund (No. 10822041A2097), “from zero to one” Innovation Research Project of Sichuan University (No. 2022SCUH0025), Chengdu Science and Technology Program (No. 2022-YF05-01443-SN), Key Research and Development Program of Sichuan Province (No. 23ZDYF2836), China Postdoctoral Science Foundation (No. 2021M692310), and National Natural Science Foundation of China (No. 82204490).




Institutional Review Board Statement


The study was performed in accordance with the Declaration of Helsinki and approved by the Institutional Review Board of West China Hospital.




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The data involved in this study are available online at GEO database under accession number GSE148071, GSE131907, GSE186344 and GSE143423 and TCGA database.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Sung, H.; Ferlay, J.; Siegel, R.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J. Clin. 2021, 71, 209–249. [Google Scholar] [CrossRef] [PubMed]

	



Sher, T.; Dy, G.; Adjei, A. Small cell lung cancer. Mayo Clin. Proc. 2008, 83, 355–367. [Google Scholar] [CrossRef] [PubMed]

	



Alberg, A.; Brock, M.; Samet, J. Epidemiology of lung cancer: Looking to the future. Am. J. Clin. Oncol. 2005, 23, 3175–3185. [Google Scholar] [CrossRef] [PubMed]

	



Barnholtz-Sloan, J.; Sloan, A.; Davis, F.; Vigneau, F.; Lai, P.; Sawaya, R. Incidence proportions of brain metastases in patients diagnosed (1973 to 2001) in the Metropolitan Detroit Cancer Surveillance System. Am. J. Clin. Oncol. 2004, 22, 2865–2872. [Google Scholar] [CrossRef] [PubMed]

	



Schouten, L.; Rutten, J.; Huveneers, H.; Twijnstra, A. Incidence of brain metastases in a cohort of patients with carcinoma of the breast, colon, kidney, and lung and melanoma. Cancer 2002, 94, 2698–2705. [Google Scholar] [CrossRef]

	



Yamaguchi, H.; Wakuda, K.; Fukuda, M.; Kenmotsu, H.; Mukae, H.; Ito, K.; Chibana, K.; Inoue, K.; Miura, S.; Tanaka, K.; et al. A Phase II Study of Osimertinib for Radiotherapy-Naive Central Nervous System Metastasis From NSCLC: Results for the T790M Cohort of the OCEAN Study (LOGIK1603/WJOG9116L). J. Thorac. Oncol. 2021, 16, 2121–2132. [Google Scholar] [CrossRef]

	



Bischoff, P.; Trinks, A.; Obermayer, B.; Pett, J.; Wiederspahn, J.; Uhlitz, F.; Liang, X.; Lehmann, A.; Jurmeister, P.; Elsner, A.; et al. Single-cell RNA sequencing reveals distinct tumor microenvironmental patterns in lung adenocarcinoma. Oncogene 2021, 40, 6748–6758. [Google Scholar] [CrossRef]

	



Kim, N.; Kim, H.; Lee, K.; Hong, Y.; Cho, J.; Choi, J.; Lee, J.; Suh, Y.; Ku, B.; Eum, H.; et al. Single-cell RNA sequencing demonstrates the molecular and cellular reprogramming of metastatic lung adenocarcinoma. Nat. Commun. 2020, 11, 2285. [Google Scholar] [CrossRef]

	



Wu, F.; Fan, J.; He, Y.; Xiong, A.; Yu, J.; Li, Y.; Zhang, Y.; Zhao, W.; Zhou, F.; Li, W.; et al. Single-cell profiling of tumor heterogeneity and the microenvironment in advanced non-small cell lung cancer. Nat. Commun. 2021, 12, 2540. [Google Scholar] [CrossRef]

	



Yang, L.; He, Y.; Dong, S.; Wei, X.; Chen, Z.; Zhang, B.; Chen, W.; Yang, X.; Wang, F.; Shang, X.; et al. Single-cell transcriptome analysis revealed a suppressive tumor immune microenvironment in EGFR mutant lung adenocarcinoma. J. Immunother. Cancer 2022, 10, e003534. [Google Scholar] [CrossRef]

	



Hao, Y.; Hao, S.; Andersen-Nissen, E.; Mauck, W.; Zheng, S.; Butler, A.; Lee, M.; Wilk, A.; Darby, C.; Zager, M.; et al. Integrated analysis of multimodal single-cell data. Cell 2021, 184, 3573–3587. [Google Scholar] [CrossRef]

	



Hafemeister, C.; Satija, R. Normalization and variance stabilization of single-cell RNA-seq data using regularized negative binomial regression. Genome Biol. 2019, 20, 296. [Google Scholar] [CrossRef]

	



Korsunsky, I.; Millard, N.; Fan, J.; Slowikowski, K.; Zhang, F.; Wei, K.; Baglaenko, Y.; Brenner, M.; Loh, P.; Raychaudhuri, S. Fast, sensitive and accurate integration of single-cell data with Harmony. Nat. Methods 2019, 16, 1289–1296. [Google Scholar] [CrossRef]

	



Cao, J.; Spielmann, M.; Qiu, X.; Huang, X.; Ibrahim, D.; Hill, A.; Zhang, F.; Mundlos, S.; Christiansen, L.; Steemers, F.; et al. The single-cell transcriptional landscape of mammalian organogenesis. Nature 2019, 566, 496–502. [Google Scholar] [CrossRef]

	



Trapnell, C.; Cacchiarelli, D.; Grimsby, J.; Pokharel, P.; Li, S.; Morse, M.; Lennon, N.; Livak, K.; Mikkelsen, T.; Rinn, J. The dynamics and regulators of cell fate decisions are revealed by pseudotemporal ordering of single cells. Nat. Biotechnol. 2014, 32, 381–386. [Google Scholar] [CrossRef]

	



Haghverdi, L.; Lun, A.; Morgan, M.; Marioni, J. Batch effects in single-cell RNA-sequencing data are corrected by matching mutual nearest neighbors. Nat. Biotechnol. 2018, 36, 421–427. [Google Scholar] [CrossRef]

	



Finak, G.; McDavid, A.; Yajima, M.; Deng, J.; Gersuk, V.; Shalek, A.K.; Slichter, C.K.; Miller, H.W.; McElrath, M.J.; Prlic, M.; et al. MAST: A flexible statistical framework for assessing transcriptional changes and characterizing heterogeneity in single-cell RNA sequencing data. Genome Biol. 2015, 16, 278. [Google Scholar] [CrossRef]

	



Wu, T.; Hu, E.; Xu, S.; Chen, M.; Guo, P.; Dai, Z.; Feng, T.; Zhou, L.; Tang, W.; Zhan, L.; et al. clusterProfiler 4.0: A universal enrichment tool for interpreting omics data. Innovation 2021, 2, 100141. [Google Scholar] [CrossRef]

	



Charoentong, P.; Finotello, F.; Angelova, M.; Mayer, C.; Efremova, M.; Rieder, D.; Hackl, H.; Trajanoski, Z. Pan-cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep. 2017, 18, 248–262. [Google Scholar] [CrossRef]

	



Guo, X.; Zhang, Y.; Zheng, L.; Zheng, C.; Song, J.; Zhang, Q.; Kang, B.; Liu, Z.; Jin, L.; Xing, R.; et al. Global characterization of T cells in non-small-cell lung cancer by single-cell sequencing. Nat. Med. 2018, 24, 978–985. [Google Scholar] [CrossRef]

	



Zheng, L.; Qin, S.; Si, W.; Wang, A.; Xing, B.; Gao, R.; Ren, X.; Wang, L.; Wu, X.; Zhang, J.; et al. Pan-cancer single-cell landscape of tumor-infiltrating T. cells. Science 2021, 374, abe6474. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, S.; Li, Z.; Gao, R.; Xing, B.; Gao, Y.; Yang, Y.; Qin, S.; Zhang, L.; Ouyang, H.; Du, P.; et al. A pan-cancer single-cell transcriptional atlas of tumor infiltrating myeloid cells. Cell 2021, 184, 792–809. [Google Scholar] [CrossRef] [PubMed]

	



Zheng, Y.; Chen, Z.; Han, Y.; Han, L.; Zou, X.; Zhou, B.; Hu, R.; Hao, J.; Bai, S.; Xiao, H.; et al. Immune suppressive landscape in the human esophageal squamous cell carcinoma microenvironment. Nat. Commun. 2020, 11, 6268. [Google Scholar] [CrossRef] [PubMed]

	



Aibar, S.; Gonzalez-Blas, C.B.; Moerman, T.; Huynh-Thu, V.A.; Imrichova, H.; Hulselmans, G.; Rambow, F.; Marine, J.C.; Geurts, P.; Aerts, J.; et al. SCENIC: Single-cell regulatory network inference and clustering. Nat. Methods 2017, 14, 1083–1086. [Google Scholar] [CrossRef] [PubMed]

	



Tickle, T.; Tirosh, I.; Georgescu, C.; Brown, M.; Haas, B. inferCNV of the Trinity CTAT Project. In Klarman Cell Observatory; Broad Institute of MIT and Harvard: Cambridge, MA, USA, 2019. [Google Scholar]

	



Hänzelmann, S.; Castelo, R.; Guinney, J. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinform. 2013, 14, 7. [Google Scholar] [CrossRef]

	



Tirosh, I.; Izar, B.; Prakadan, S.; Wadsworth, M.; Treacy, D.; Trombetta, J.; Rotem, A.; Rodman, C.; Lian, C.; Murphy, G.; et al. Dissecting the multicellular ecosystem of metastatic melanoma by single-cell RNA-seq. Science 2016, 352, 189–196. [Google Scholar] [CrossRef]

	



Byrne, A.; Savas, P.; Sant, S.; Li, R.; Virassamy, B.; Luen, S.; Beavis, P.; Mackay, L.; Neeson, P.; Loi, S. Tissue-resident memory T cells in breast cancer control and immunotherapy responses. Nat. Rev. Clin. Oncol. 2020, 17, 341–348. [Google Scholar] [CrossRef]

	



Edwards, J.; Wilmott, J.; Madore, J.; Gide, T.; Quek, C.; Tasker, A.; Ferguson, A.; Chen, J.; Hewavisenti, R.; Hersey, P.; et al. CD103 Tumor-Resident CD8 T Cells Are Associated with Improved Survival in Immunotherapy-Naïve Melanoma Patients and Expand Significantly During Anti-PD-1 Treatment. Am. J. Cancer Res. 2018, 24, 3036–3045. [Google Scholar] [CrossRef]

	



Yu, K.; Kuang, L.; Fu, T.; Zhang, C.; Zhou, Y.; Zhu, C.; Zhang, Q.; Zhang, Z.; Le, A. CREM Is Correlated With Immune-Suppressive Microenvironment and Predicts Poor Prognosis in Gastric Adenocarcinoma. Front. Cell Dev. Biol. 2021, 9, 697748. [Google Scholar] [CrossRef]

	



Ren, X.; Zhang, L.; Zhang, Y.; Li, Z.; Siemers, N.; Zhang, Z. Insights Gained from Single-Cell Analysis of Immune Cells in the Tumor Microenvironment. Annu. Rev. Immunol. 2021, 39, 583–609. [Google Scholar] [CrossRef]

	



Khan, O.; Giles, J.; McDonald, S.; Manne, S.; Ngiow, S.; Patel, K.; Werner, M.; Huang, A.; Alexander, K.; Wu, J.; et al. TOX transcriptionally and epigenetically programs CD8 T cell exhaustion. Nature 2019, 571, 211–218. [Google Scholar] [CrossRef]

	



Wolf, N.; Kissiov, D.; Raulet, D. Roles of natural killer cells in immunity to cancer, and applications to immunotherapy. Nat. Rev. Immunol. 2022. [Google Scholar] [CrossRef]

	



Benoit, M.; Clarke, E.; Morgado, P.; Fraser, D.; Tenner, A. Complement protein C1q directs macrophage polarization and limits inflammasome activity during the uptake of apoptotic cells. J. Immunol. 2012, 188, 5682–5693. [Google Scholar] [CrossRef]

	



Hu, Z.; Li, Z.; Ma, Z.; Curtis, C. Multi-cancer analysis of clonality and the timing of systemic spread in paired primary tumors and metastases. Nat. Genet. 2020, 52, 701–708. [Google Scholar] [CrossRef]

	



Belle, J.; DeNardo, D. A Single-Cell Window into Pancreas Cancer Fibroblast Heterogeneity. Cancer Discov. 2019, 9, 1001–1002. [Google Scholar] [CrossRef]

	



Bhowmick, N.; Neilson, E.; Moses, H. Stromal fibroblasts in cancer initiation and progression. Nature 2004, 432, 332–337. [Google Scholar] [CrossRef]

	



Kieffer, Y.; Hocine, H.; Gentric, G.; Pelon, F.; Bernard, C.; Bourachot, B.; Lameiras, S.; Albergante, L.; Bonneau, C.; Guyard, A.; et al. Single-Cell Analysis Reveals Fibroblast Clusters Linked to Immunotherapy Resistance in Cancer. Cancer Discov. 2020, 10, 1330–1351. [Google Scholar] [CrossRef]

	



Dong, X.; Yang, Y.; Xu, G.; Tian, Z.; Yang, Q.; Gong, Y.; Wu, G. The initial expression alterations occurring to transcription factors during the formation of breast cancer: Evidence from bioinformatics. Cancer Med. 2022, 11, 1371–1395. [Google Scholar] [CrossRef]

	



Hussain, A.; Voisin, V.; Poon, S.; Karamboulas, C.; Bui, N.; Means, J.; Dmytryshyn, J.; Ho, V.; Tang, K.; Paterson, J.; et al. Distinct fibroblast functional states drive clinical outcomes in ovarian cancer and are regulated by TCF21. J. Exp. Med. 2020, 217, e20191094. [Google Scholar] [CrossRef]

	



Wu, S.Z.; Roden, D.L.; Wang, C.; Holliday, H.; Harvey, K.; Cazet, A.S.; Murphy, K.J.; Pereira, B.; Al-Eryani, G.; Bartonicek, N.; et al. Stromal cell diversity associated with immune evasion in human triple-negative breast cancer. EMBO J. 2020, 39, e104063. [Google Scholar] [CrossRef]

	



Molnár, K.; Mészáros, Á.; Fazakas, C.; Kozma, M.; Győri, F.; Reisz, Z.; Tiszlavicz, L.; Farkas, A.; Nyúl-Tóth, Á.; Haskó, J.; et al. Pericyte-secreted IGF2 promotes breast cancer brain metastasis formation. Mol. Oncol. 2020, 14, 2040–2057. [Google Scholar] [CrossRef] [PubMed]

	



Ujifuku, K.; Fujimoto, T.; Sato, K.; Morofuji, Y.; Muto, H.; Masumoto, H.; Nakagawa, S.; Niwa, M.; Matsuo, T. Exploration of Pericyte-Derived Factors Implicated in Lung Cancer Brain Metastasis Protection: A Pilot Messenger RNA Sequencing Using the Blood-Brain Barrier In Vitro Model. Cell. Mol. Neurobiol. 2022, 42, 997–1004. [Google Scholar] [CrossRef] [PubMed]

	



Le Tran, N.; Wang, Y.; Nie, G. Podocalyxin in Normal Tissue and Epithelial Cancer. Cancers 2021, 13, 2863. [Google Scholar] [CrossRef] [PubMed]

	



Moh-Moh-Aung, A.; Fujisawa, M.; Ito, S.; Katayama, H.; Ohara, T.; Ota, Y.; Yoshimura, T.; Matsukawa, A. Decreased miR-200b-3p in cancer cells leads to angiogenesis in HCC by enhancing endothelial ERG expression. Sci. Rep. 2020, 10, 10418. [Google Scholar] [CrossRef] [PubMed]

	



Parakh, S.; Ernst, M.; Poh, A. Multicellular Effects of STAT3 in Non-small Cell Lung Cancer: Mechanistic Insights and Therapeutic Opportunities. Cancers 2021, 13, 6228. [Google Scholar] [CrossRef]

	



Toshner, M.; Dunmore, B.; McKinney, E.; Southwood, M.; Caruso, P.; Upton, P.; Waters, J.; Ormiston, M.; Skepper, J.; Nash, G.; et al. Transcript analysis reveals a specific HOX signature associated with positional identity of human endothelial cells. PLoS ONE 2014, 9, e91334. [Google Scholar] [CrossRef]

	



Wallace, J.; Li, F.; Balakrishnan, S.; Cantemir-Stone, C.; Pecot, T.; Martin, C.; Kladney, R.; Sharma, S.; Trimboli, A.; Fernandez, S.; et al. Ets2 in tumor fibroblasts promotes angiogenesis in breast cancer. PLoS ONE 2013, 8, e71533. [Google Scholar] [CrossRef]

	



Fujimoto, T.; Nakagawa, S.; Morofuji, Y.; Watanabe, D.; Ujifuku, K.; Horie, N.; Izumo, T.; Niwa, M.; Banks, W.A.; Deli, M.A.; et al. Pericytes Suppress Brain Metastasis from Lung Cancer In Vitro. Cell. Mol. Neurobiol. 2020, 40, 113–121. [Google Scholar] [CrossRef]

	



Kürten, C.H.L.; Kulkarni, A.; Cillo, A.R.; Santos, P.M.; Roble, A.K.; Onkar, S.; Reeder, C.; Lang, S.; Chen, X.; Duvvuri, U.; et al. Investigating immune and non-immune cell interactions in head and neck tumors by single-cell RNA sequencing. Nat. Commun. 2021, 12, 7338. [Google Scholar] [CrossRef]

	



Zhang, X.N.; Yang, K.D.; Chen, C.; He, Z.C.; Wang, Q.H.; Feng, H.; Lv, S.Q.; Wang, Y.; Mao, M.; Liu, Q.; et al. Pericytes augment glioblastoma cell resistance to temozolomide through CCL5-CCR5 paracrine signaling. Cell Res. 2021, 31, 1072–1087. [Google Scholar] [CrossRef]

	



Biktasova, A.K.; Dudimah, D.F.; Uzhachenko, R.V.; Park, K.; Akhter, A.; Arasada, R.R.; Evans, J.V.; Novitskiy, S.V.; Tchekneva, E.E.; Carbone, D.P.; et al. Multivalent Forms of the Notch Ligand DLL-1 Enhance Antitumor T-cell Immunity in Lung Cancer and Improve Efficacy of EGFR-Targeted Therapy. Cancer Res. 2015, 75, 4728–4741. [Google Scholar] [CrossRef]

	



Huang, Y.; Lin, L.; Shanker, A.; Malhotra, A.; Yang, L.; Dikov, M.M.; Carbone, D.P. Resuscitating cancer immunosurveillance: Selective stimulation of DLL1-Notch signaling in T cells rescues T-cell function and inhibits tumor growth. Cancer Res. 2011, 71, 6122–6131. [Google Scholar] [CrossRef]

	



Tchekneva, E.E.; Goruganthu, M.U.L.; Uzhachenko, R.V.; Thomas, P.L.; Antonucci, A.; Chekneva, I.; Koenig, M.; Piao, L.; Akhter, A.; de Aquino, M.T.P.; et al. Determinant roles of dendritic cell-expressed Notch Delta-like and Jagged ligands on anti-tumor T cell immunity. J. Immunother. Cancer 2019, 7, 95. [Google Scholar] [CrossRef]

	



Huang, C.C.; Cheng, S.H.; Wu, C.H.; Li, W.Y.; Wang, J.S.; Kung, M.L.; Chu, T.H.; Huang, S.T.; Feng, C.T.; Huang, S.C.; et al. Delta-like 1 homologue promotes tumorigenesis and epithelial-mesenchymal transition of ovarian high-grade serous carcinoma through activation of Notch signaling. Oncogene 2019, 38, 3201–3215. [Google Scholar] [CrossRef]

	



Jin, Z.H.; Yang, R.J.; Dong, B.; Xing, B.C. Progenitor gene DLK1 might be an independent prognostic factor of liver cancer. Expert. Opin. Biol. Ther. 2008, 8, 371–377. [Google Scholar] [CrossRef]

	



Takagi, H.; Zhao, S.; Muto, S.; Yokouchi, H.; Nishihara, H.; Harada, T.; Yamaguchi, H.; Mine, H.; Watanabe, M.; Ozaki, Y.; et al. Delta-like 1 homolog (DLK1) as a possible therapeutic target and its application to radioimmunotherapy using (125)I-labelled anti-DLK1 antibody in lung cancer models (HOT1801 and FIGHT004). Lung Cancer 2021, 153, 134–142. [Google Scholar] [CrossRef]

	



Pittaway, J.F.H.; Lipsos, C.; Mariniello, K.; Guasti, L. The role of delta-like non-canonical Notch ligand 1 (DLK1) in cancer. Endocr. Relat. Cancer 2021, 28, R271–R287. [Google Scholar] [CrossRef]

	



Traustadóttir, G.; Lagoni, L.V.; Ankerstjerne, L.B.S.; Bisgaard, H.C.; Jensen, C.H.; Andersen, D.C. The imprinted gene Delta like non-canonical Notch ligand 1 (Dlk1) is conserved in mammals, and serves a growth modulatory role during tissue development and regeneration through Notch dependent and independent mechanisms. Cytokine Growth Factor Rev. 2019, 46, 17–27. [Google Scholar] [CrossRef]

	



Liebner, S.; Dijkhuizen, R.M.; Reiss, Y.; Plate, K.H.; Agalliu, D.; Constantin, G. Functional morphology of the blood-brain barrier in health and disease. Acta. Neuropathol. 2018, 135, 311–336. [Google Scholar] [CrossRef]

	



Caspani, E.M.; Crossley, P.H.; Redondo-Garcia, C.; Martinez, S. Glioblastoma: A pathogenic crosstalk between tumor cells and pericytes. PLoS ONE 2014, 9, e101402. [Google Scholar] [CrossRef]

	



Ochs, K.; Sahm, F.; Opitz, C.A.; Lanz, T.V.; Oezen, I.; Couraud, P.O.; von Deimling, A.; Wick, W.; Platten, M. Immature mesenchymal stem cell-like pericytes as mediators of immunosuppression in human malignant glioma. J. Neuroimmunol. 2013, 265, 106–116. [Google Scholar] [CrossRef] [PubMed]

	



Wirsik, N.M.; Ehlers, J.; Mäder, L.; Ilina, E.I.; Blank, A.E.; Grote, A.; Feuerhake, F.; Baumgarten, P.; Devraj, K.; Harter, P.N.; et al. TGF-β activates pericytes via induction of the epithelial-to-mesenchymal transition protein SLUG in glioblastoma. Neuropathol. Appl. Neurobiol. 2021, 47, 768–780. [Google Scholar] [CrossRef] [PubMed]

	



Zonneville, J.; Safina, A.; Truskinovsky, A.M.; Arteaga, C.L.; Bakin, A.V. TGF-β signaling promotes tumor vasculature by enhancing the pericyte-endothelium association. BMC Cancer 2018, 18, 670. [Google Scholar] [CrossRef] [PubMed]

	



van Tellingen, O.; Yetkin-Arik, B.; de Gooijer, M.C.; Wesseling, P.; Wurdinger, T.; de Vries, H.E. Overcoming the blood-brain tumor barrier for effective glioblastoma treatment. Drug Resist. Updat. 2015, 19, 1–12. [Google Scholar] [CrossRef]

	



Hubert, P.; Roncarati, P.; Demoulin, S.; Pilard, C.; Ancion, M.; Reynders, C.; Lerho, T.; Bruyere, D.; Lebeau, A.; Radermecker, C.; et al. Extracellular HMGB1 blockade inhibits tumor growth through profoundly remodeling immune microenvironment and enhances checkpoint inhibitor-based immunotherapy. J. Immunother. Cancer 2021, 9, e001966. [Google Scholar] [CrossRef]








[image: Biomolecules 13 00185 g001 550] 





Figure 1. Single-cell landscape in primary tumors (PT) and brain metastases (BM) in patients with lung adenocarcinomas (LUAD). (A) Flowchart of single-cell transcriptomics data from human samples. (B) UMAP plot and proportions of epithelial, stromal and immune cells. (C) UMAP plot and proportions of subclusters of immune cells: T/natural killer (NK), B/plasma, myeloid, mast and plasmacytoid dendritic cells (pDC). 
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Figure 2. Single-cell characterization of T/natural killer (NK) cells in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) UMAP plot and proportions of T/NK clusters. (B) Average expression and cell precent expressed of marker genes in each T/NK cluster. (C) Clustering of T/NK proportion features between PT and BM groups. (D) Normalized activations of transcription factors in each T/NK clusters. The number of predicted target genes for each transcription factor was shown in the latter brackets. (E,F) Pseudotime trajectory analysis of CD4+ and CD8+ T lymphocytes. (G) Correlations between exhaustion and cytotoxicity/proliferation scores of CD8+ Tem. (H) Proportions of TOX+ or TCF7+ cells in CD8+ Tem between BM and PT (Chi-square test; ** p value < 0.01, *** p value < 0.001). CD4+ naïve T cell (CD4+ Tn), CD4+ memory T cell (CD4+ Tm), CD4+ exhausted T cell (CD4+ Tex), Treg, CD8+ tissue-resident memory T cell (CD8+ Trm), CD8+ effector memory T cell (CD8+ Tem), CD8+ exhausted T cell (CD8+ Tex). 
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Figure 3. Single-cell characterization of myeloid cells in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) UMAP plot and proportions of myeloid cell clusters. (B) Average expression and cell precent expressed of marker genes in each myeloid cell cluster. (C) Pseudotime trajectory analysis of monocytes and TAMs. (D) Signature scores of gene sets associated with M1, M2, angiogenesis and phagocytosis in each TAM cluster. (E) Correlation between M1 and M2 scores of TAMs (Pearson correlation). (F) Signature scores of gene sets associated with activation, migration and tolerance between cDC and pDC (Wilcox rank-sum test; * p value < 0.05, **** p value < 0.0001). (G) Comparison of DC activation, migration and tolerance scores between PT and BM groups (Wilcox rank-sum test; **** p value < 0.0001). Tumor-associated macrophages (TAM). 
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Figure 4. Single-cell characterization of epithelial cells in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) UMAP plot of epithelial cells by clusters, by cancer vs. normal epithelial, and by patients (M: brain metastasis; P: primary tumor). (B) Average expression and cell precent expressed of marker genes in each normal epithelial cluster. (C) Estimation of copy number alterations (CNAs) in each cluster of cancer epithelial cells by inferCNV (immune cells were set as references). (D) Proportions of cancer epithelial cells originating from each tumor sample in each cancer clusters. (E) Comparisons of intra-tumoral and inter-tumoral heterogeneity between PT and BM tumors. (F) Expression levels of HLA-I genes between cancer epithelial cells of BM and PT groups (Wilcox rank-sum test, **** p value < 0.0001). Alveolar type 1 cells (AT1); Alveolar type 2 cells (AT2). 
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Figure 5. Single-cell characterization of stromal cells in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) UMAP plot of stromal cells. (B) Average expression and cell precent expressed of marker genes in each stromal cell cluster. (C) Pseudotime trajectory analysis of pericytes and CAFs. (D) Normalized activations of transcription factors in each stromal cell cluster. The number of predicted target genes for each transcription factor was shown in the latter brackets. (E) Kaplan–Meier survival curves of iCAF and myCAF signatures in patients with lung adenocarcinomas originating from The Cancer Genome Atlas (TCGA) Program. Inflammatory-like cancer-associated fibroblasts (iCAF); myofibroblast CAF (myCAF); endothelial cells (Endo). 
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Figure 6. Specific cell-cell interactions in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) Correlations of cell proportions for each non-epithelial cluster in each tumor sample (Pearson correlation). (B) Comparisons of significant cell-cell interactions between BM and PT tumors. (C) Significant interaction pairs specifically in PT groups. (D) Significant interaction pairs specifically in BM groups. (E) Specific gene expressions in differentiated and immature pericytes between BM and PT tumors. (F) Activation differences of pathways for pericytes between BM and PT tumors by GSVA analysis. Differentiated pericytes (DP). 






Figure 6. Specific cell-cell interactions in primary tumors (PT) and brain metastases (BM) of lung adenocarcinomas. (A) Correlations of cell proportions for each non-epithelial cluster in each tumor sample (Pearson correlation). (B) Comparisons of significant cell-cell interactions between BM and PT tumors. (C) Significant interaction pairs specifically in PT groups. (D) Significant interaction pairs specifically in BM groups. (E) Specific gene expressions in differentiated and immature pericytes between BM and PT tumors. (F) Activation differences of pathways for pericytes between BM and PT tumors by GSVA analysis. Differentiated pericytes (DP).



[image: Biomolecules 13 00185 g006]







[image: Biomolecules 13 00185 g007 550] 





Figure 7. Development and validation of multiple machine learning-based models predicting responses to immunotherapy with pericyte-related differentially expressed genes. (A) Schematic diagram of predictive models by six machine learning algorithms using the previous cohorts of cancer immunotherapy. (B) LASSO regression for gene selection. (C) ROC curves of machine learning models in the training, validation and testing set. (D) Venn diagram for three optimal models (RFC, GBDT and KNN) that identified the most potential pericyte-related genes in predicting immunotherapeutic responses. 
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