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Introduction

Recurrent or metastatic adenoid cystic carcinoma (ACC) of the head and neck is rare and highly aggressive. Due to the ineffectiveness of immune checkpoint therapies, this study aims to investigate the tumor immune microenvironment of primary tumor tissues and lung metastatic tissues and to comprehend the challenges of immunotherapy.





Methods

We analyzed RNA sequencing data and constructed immune landscapes from 25 primary tumors and 34 lung metastases. The data were then validated by immunohistochemistry and single-cell sequencing analysis.





Results

Compared to adjacent normal tissues, both primary and lung metastatic ACC showed low immune infiltration. Lung metastases had higher immune infiltration levels and antigen presentation scores but also higher T cell exclusion and dysfunction scores. Single-cell sequencing data and immunohistochemistry revealed abundant immunosuppressive tumor-associated macrophages in lung metastases. Patients with high M2 macrophage infiltration had shorter lung metastasis-free survival. 





Discussion

Primary and lung metastatic ACC exhibit heterogeneous tumor immune microenvironments. Higher immune cell infiltration in lung metastases is countered by the presence of suppressive tumor-associated macrophages, which may limit effective anti-tumor responses.
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1 Introduction

Adenoid cystic carcinoma (ACC) originates from glands and is uniquely characterized by perineural invasion and a high 5-year distant metastasis rate of up to 52% (1, 2), with the lungs being the most common site of distant metastasis (3). Aggressive surgery and postoperative radiotherapy provide only short-term local relief but fail to suppress distant metastases, resulting in a poor long-term prognosis for patients. Therefore, breakthroughs in the therapy of ACC lie in the containment of lung metastases.

Although numerous molecular targeted drugs have been preliminarily explored, overall response rates and survival benefits remain unsatisfactory (4, 5). For example, MYB fusion mutation and MYB overexpression are hallmark driving molecular events in ACC development (6), making targeting inhibitors against MYB and its downstream genes a promising approach. Mandelbaum et al. (7) found that all-trans retinoic acid (ATRA) significantly inhibits MYB expression in ACC in zebrafish models. However, a Phase II clinical trial of ATRA in advanced ACC patients showed an objective response rate (ORR) of 0% (8), and a trial of ATRA in combination with apatinib reported an ORR of only 18% (9). Aberrant activation of the Notch pathway has been demonstrated to correlate with poor prognosis in solid-type ACC and distant metastasis in patients (10, 11). Yet, γ-secretase inhibitors targeting the Notch pathway have shown limited efficacy and notable gastrointestinal side effects (12). Tyrosine kinase inhibitors (TKIs) such as sunitinib and lenvatinib can only control disease stabilization (13). Cytotoxic drugs have also shown disappointing results in recurrent and metastatic ACC (4).

The advent of immune checkpoint inhibitors (ICIs) and cell therapy has revolutionized cancer treatment paradigms (14). Antibody-mediated blockade of the PD-1/PD-L1 pathway has successfully treated a subset of patients with advanced cancers, such as melanoma, non-small cell lung cancer, renal cell carcinoma, classical Hodgkin lymphoma, and head and neck squamous cell carcinoma, and has been approved by the U.S. Food and Drug Administration (FDA) for the treatment of various cancers (15, 16). Compared to targeted therapies, ICIs can induce durable responses in patients with metastatic cancers (17). Unfortunately, the response rate of ICIs in ACC patients remains low, posing a significant challenge in identifying biomarkers for ICI response and resistance. It is reported that the ORR of PD-1 inhibitors as monotherapy for ACC ranges from 0-9% (18). In a Phase II clinical trial of nivolumab combined with ipilimumab in 32 patients with advanced ACC, only 2 patients showed confirmed partial responses (2/32, 6%) (19). Another Phase II clinical trial evaluating the efficacy of a VEGFR inhibitor and a PD-L1 inhibitor in recurrent/metastatic ACC patients reported a confirmed ORR of 18% (20). Due to the low tumor mutation burden (TMB) and typically low or absent PD-L1 expression in ACC, patients with advanced ACC are unlikely to benefit from ICIs alone (21). Previous studies indicated that primary ACC tumors are predominantly characterized by immune exclusion and immune desert phenotypes (22, 23), with over 60% classified as “cold” tumors (24). However, comprehensive analyses of the immune microenvironment in metastatic ACC have been largely overlooked. It is increasingly recognized that the metastatic tumor microenvironment exhibits heterogeneity compared to the primary site, indicating that studies focused solely on primary tumors may introduce biases in developing therapies for metastatic tumors (25). Therefore, the immune microenvironment heterogeneity between primary and metastatic ACC deserves an in-depth and comprehensive investigation.

Accordingly, our research focuses on investigating differences in the TIME between ACC lung metastases and primary tumors. We discovered that adjacent normal pulmonary tissue demonstrated more adequate immune condition due to enrichment of total innate and adaptive cells. However, both ACC lung metastases and primary tumors displayed the immunosuppressive environments. Notably, compared to primary tumors, lung metastases exhibited higher immune cell infiltration but also had a unique immunosuppressive environment which provide a niche for tumor cell colonization and growth. Subsequently, using immunohistochemistry and single-cell sequencing, we confirmed the presence of numerous immunosuppressive tumor-associated macrophages (TAMs) in the lung metastases. M2 macrophages were associated with early lung metastasis in patients and could potentially serve as biomarkers for predicting immune response. These findings offer new insights into the TIME of lung metastatic ACC and may guide future research in precision immunotherapy for metastatic ACC.




2 Materials and methods



2.1 Clinical sample collection

The experimental design and informed consent procedures were approved by the Ethics Committee of Beijing Tongren Hospital, affiliated with Capital Medical University (Ethics Approval Number: TREKY2020-021). Written informed consent was obtained from all patients participating in this study, and all procedures were conducted in accordance with the Declaration of Helsinki. Surgical procedures were performed on ACC patients who met the surgical indications, and corresponding regions of tumor center and adjacent non-tumorous tissues were collected. In this study, we collected 32 primary tumor samples and 47 lung metastasis samples, including three matched pairs from the same patients. The diagnosis of ACC was histopathologically confirmed by at least two pathologists. Histological grading was conducted based on the pathological subtypes proposed by Szanto et al. in 1984 (26): grade I for predominantly cribriform or tubular patterns, grade II for mixed patterns with cribriform and tubular components with less than 30% solid areas, and grade III for predominantly solid components exceeding 30%. The diagnostic criteria for high-grade transformation were based on the characteristic histological features proposed by Seethala et al. (27).




2.2 Transcriptome sequencing

Appropriate tissue samples were collected into corresponding numbered grinding tubes, and 1.5 mL of TRIzol lysis reagent was added. RNA sequencing (RNA-seq) was performed at the Beijing Genomics Institute. Total RNA was extracted using an RNA extraction kit and reverse-transcribed into cDNA using a reverse transcription kit. The concentration, RNA integrity number, 28S/18S ratio, and fragment size of total RNA were determined using the Agilent 2100 Bioanalyzer. Samples meeting quality standards were used for library construction and sequencing on an MGISEQ2000RS platform. Subsequent data analysis, visualization, and mining were performed using the Dr. Tom multi-omics data mining system (https://biosys.bgi.com). Differential gene expression analysis between groups was conducted using DESeq2 (28) with criteria of Fold Change ≥ 1 and Adjusted P value ≤ 0.05. Differentially expressed genes were functionally classified based on Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) annotations, as well as official classifications. KEGG enrichment analysis was performed using the phyper function in R software, and GO enrichment analysis was carried out using the TermFinder package. Genes with Qvalue ≤ 0.05 were considered significantly enriched in the candidate gene set.




2.3 Immune infiltration and functional analysis

Single-sample gene set enrichment analysis (ssGSEA) was performed using the GSVA package in R software (version 4.3.1) (29). Marker genes characterizing immune cell types were obtained from Bindea et al. (30) and Charoentong et al. (31), while angiogenesis marker genes were sourced from Masiero et al. (32). The marker gene set for MHC class I antigen presenting machinery (APM) included HLA-A, HLA-B, HLA-C, B2M, TAP1, TAP2, and TAPBP (33). The overall immune infiltration score (IIS) was defined as the average of the standardized values of innate and adaptive immune scores (33). The T-cell infiltration score (TIS) was defined as the average of the standardized values of nine T-cell subtypes (33). Cytolytic activity (CYT), an indicator of immune cell cytotoxic activity, was defined as the geometric mean of the transcriptional expression levels of the effector genes GZMA and PRF1 (34). Tumor Immune Dysfunction and Exclusion (TIDE) is a computational method based on transcriptomics that simulates two major mechanisms of tumor immune evasion: T-cell dysfunction and T-cell exclusion. It can predict cancer patient response to immune checkpoint inhibitors (35). Batch-corrected normalized data were input into the TIDE website (http://tide.dfci.harvard.edu) for calculation. Additionally, the CIBERSORT algorithm, based on deconvolution, was used for relative quantification analysis of immune cell proportions (36).




2.4 Single-cell sequencing data analysis

The previously generated single-cell sequencing dataset used in this study has been uploaded to the public repository Gene Expression Omnibus (GEO) under the accession number GSE216852. This dataset includes single-cell 3’-RNA sequencing data from one primary ACC patient and one lung metastasis ACC patient. The Seurat R package was utilized to analyze the ScRNA-seq data according to standard analysis procedures. After log normalization and dimensionality reduction of the differential gene expression data of macrophage populations, the cells were divided into six clusters. Uniform Manifold Approximation and Projection (UMAP) plots, violin plots, and bubble plot analysis results were generated using the Monocle 2.0 package.




2.5 Immunohistochemistry

Paraffin-embedded tissue sections (4 μm thick) were deparaffinized in fresh xylene and subjected to antigen retrieval. Endogenous peroxidase activity was quenched by covering the sections with 3% hydrogen peroxide for 15 minutes. Tissue sections were blocked with 10% goat serum at 37°C for 1 hour, then incubated overnight at 4°C with primary antibodies against CD8 (ZSGB-Bio, ZA-0508), CD4 (ZSGB-Bio, ZA-0519), and CD68 (PTM-BIO, PTM-5130). Detection of horseradish peroxidase (HRP) activity was performed using the PV-6000D immunohistochemistry kit (ZSGB-Bio). Sections were counterstained with hematoxylin, differentiated with hydrochloric acid, dehydrated, and mounted. Rabbit or mouse monoclonal IgG was used as a negative control. Images were captured using the Pannoramic® 250 FLASH scanner. The number of positive cells per unit area was quantified using Image J software (version 13.0.6, National Institutes of Health, USA).




2.6 Statistical analysis

Data were analyzed using GraphPad Prism software (version 9.5.1, GraphPad Software, CA, USA) and R software (version 4.3.1). The Mann-Whitney U test was used to compare the median distributions between two sample groups. Spearman correlation analysis was employed to assess the correlations between different indices. Lung metastasis-free survival was estimated using the Kaplan-Meier method, and statistical differences were determined using the Log-rank test. Statistical significance was indicated as follows: P<0.05 (*), P<0.01 (**), P<0.001 (***), P<0.0001 (****).





3 Result



3.1 Overall immune infiltration analysis

To elucidate the heterogeneity in the tumor immune microenvironment (TIME) between primary tumors (PT) and lung metastases (L-MET) of ACC, we conducted a comprehensive analysis of both by transcriptome sequencing, single-cell sequencing, and immunohistochemistry (Figure 1A). The basic clinical characteristics of the cohort are summarized in Supplementary Table S1. Transcriptome sequencing was performed on 25 primary tumor samples and 11 matched adjacent non-tumor primary tissues, as well as 34 lung metastasis samples and 19 matched normal lung tissues. Single-sample gene set enrichment analysis was conducted based on the characteristic gene sets of 28 immune cell types. The heatmap displayed the abundance of various immune cells across all samples, revealing distinct differences between different sample types (Figure 1B). Adjacent normal lung tissues exhibited a richer immune contexture due to the enrichment of T cells, B cells, and innate cells (Figures 1C–E). Both lung metastases and primary tumors displayed relatively low immune infiltration environments. Additionally, the APM and CYT score of tumor samples were lower than those of adjacent normal tissues, accompanied by elevated expression of the immune checkpoint TIGIT (Figures 1F–H). Overall, the abundance and functions of immune cells in the TIME of primary and metastatic lesions were significantly lower than those in adjacent normal tissues.




Figure 1 | Study overview and overall immune infiltration analysis based on RNA-seq data. (A) A cohort of 79 patients with adenoid cystic carcinomas and available tumor was interrogated for immune landscapes characterization. (B) Heatmap of 28 types immune cell scores based on ssGSEA in different samples, and all cell types are defined by known marker genes (see Supplementary Table S2). (C, D) The statistical plots showing the average T cells (C), B cells (D) and innate cells (E) signature score in the adjacent non-tumor primary tissues (black), primary ACCs (blue), lung tissues (yellow) and lung metastases (green). (F, G) The statistical plots showing the antigen presenting machinery (APM) score (F), cytolytic activity (CYT) score (G). (H) The statistical plot showing the mRNA expression level of TIGIT. The p values in (C-H) were calculated using the two-tailed Mann–Whitney U test. Data are presented as the mean ± SEM.






3.2 Heterogeneity immune landscapes between primary ACCs and lung metastases

Next, we compared the differences in immune cell types, functional activation, and inhibition levels between primary tumors and lung metastases, revealing a highly distinct immune landscape (Figures 2A, B; Supplementary Figure S1A). The IIS was higher in L-MET than in PT (Figure 2C). Although the TIS showed no significant difference (Figure 2D), the composition of specific immune lineages varied (Figure 2B). Effector memory CD4 T cells were significantly more abundant in PT (P<0.0001), while effector memory CD8 T cells were significantly less abundant in PT compared to L-MET (P<0.01). Certain immune cell infiltrations, such as activated B cells, effector memory CD8 T cells, and Th1 cells, were markedly higher in lung metastases, suggesting a stronger adaptive immune response. Conversely, immunosuppressive immature dendritic cells and macrophages were also more prevalent in L-MET and positively correlated with activated CD8 T cells, natural killer (NK) cells, and natural killer T (NKT) cells (Figure 2B; Supplementary Figure S1B). The anti-tumor immune response partially depends on the antigen-presenting capacity. Our results showed that the APM score was significantly higher in L-MET compared to PT (P<0.05) (Figure 2E). The expression of HLA class I molecules and HLA class II molecules was significantly higher in L-MET (Supplementary Figures S2A–G). However, there was no substantial difference in CYT score between PT and L-MET (P=0.15) (Figure 2F), suggesting additional immunosuppressive mechanisms may exist in lung metastases. We further analyzed T-cell dysfunction and T-cell exclusion scores, finding that both scores were significantly higher in L-MET (P<0.05) (Figures 2G, H). The expression of the immune checkpoint molecule CTLA4 was also higher (P<0.05). CD274 (encoding PD-L1) expression was slightly higher in lung metastases, though not statistically significant (P=0.0504).




Figure 2 | Heterogeneity immune landscapes between primary ACCs and lung metastases. (A) Heatmap showing indicators that characterize the activation and suppression of immune function in primary ACCs and lung metastases. (B) Box-plot of the relative proportion of 28 types of infiltrating immune cells. (C-F) The statistical plots showing the IIS (C), TIS (D), APM (E), CYT (F) score between primary ACCs and lung metastases. (G, H) The statistical plots show the T cell dysfunction (G) and exclusion (H) score. (I, J) The mRNA expression level of CD274 (I) and CTLA4 (J) between primary ACCs and lung metastases. The p values in (B-J) were calculated using the two-tailed Mann–Whitney U test. Data are presented as the mean ± SEM. P<0.05 (*), P<0.01 (**), P<0.001 (***), P<0.0001 (****), and P>0.05 (ns).



In summary, our study reveals heterogeneity in the tumor immune microenvironment between primary head and neck ACC and its lung metastases. The differences in immune cell composition, immune responses function, and inhibitory mechanisms between lung metastases and primary tumors are substantial. These differences should be carefully considered when designing preclinical drug development studies targeting lung metastases.




3.3 Macrophages infiltration as a core feature of lung metastasis

Our transcriptome sequencing analysis revealed that the overall immune cell infiltration is higher in lung metastases compared to primary tumors. However, the TIME also exhibits elevated immune suppression mechanisms in L-MET. To further validate the RNA-seq results and explore the specific cell types exerting immunosuppressive effects, we performed immunohistochemical validation on 30 tumor samples. Consistent with the sequencing results, the number of CD8+ and CD68+ positive immune cells infiltrating lung metastases was significantly higher than in primary tumors (P<0.05 and P<0.01, respectively) (Figures 3A, B). We found a remarkable enrichment of macrophages in the stroma of lung metastases (Figure 3A), which were positively correlated with CD8+ T cells (Spearman r=0.4588, P<0.01) (Figure 3C). Tumor-associated macrophages typically have immunosuppressive and pro-tumorigenic roles in many cancers (37). These findings suggest that macrophages may be a critical component of the immunosuppressive microenvironment in lung metastases of ACC.




Figure 3 | IHC confirmed that macrophages infiltration was dominant in lung metastases. (A) The typical histopathological features of the primary ACCs and lung metastases. (B) The statistical plot showing the CD8+, CD4+, CD68+ cell density per mm2. (C) Correlation between the cell density of CD8 positive cells and the cell density of CD4 and CD68 positive cells. (D) TIME classification of primary ACCs and lung metastases. (E) The cell density of CD8, CD4 and CD68 positive cells in different TIME type tumor tissues. (F) Histopathologic classification of primary ACCs and lung metastases. (G) The cell density of CD8, CD4 and CD68 positive cells in different histopathologic type tumor tissues. The p values were calculated using the two-tailed Mann–Whitney U test and Spearman correlation analysis. Data are presented as the mean ± SEM.



Tumor immune phenotypes are often correlated with malignant progression and response to immunotherapy (38, 39). Based on the spatial distribution of T-cell infiltration, TIME can be classified into three types: immune-inflamed (I-I), immune-excluded (I-E), and immune-desert (I-D) (38). We examined the TIME classification in PT and L-MET, finding that lung metastases predominantly exhibited the I-I phenotype (Figure 3D), which is consistent with our previous findings (40). CD68+ immune cells were predominant across different TIME classifications (Figure 3E). The distribution of different histological grades in PT and L-MET samples was relatively uniform (Figure 3F), with higher densities of CD68+ immune cells in Grade II and Grade III tissues containing solid components (Figure 3G). Solid components are a key indicator of poor prognosis in ACC patients and are closely associated with distant metastasis (10, 41). Further investigation is needed to determine whether the malignant progression of solid-type tumors is related to tumor-infiltrating macrophages.




3.4 Tumor-associated macrophages are predominantly immunosuppressive

Tumor-associated macrophages exist in various subtypes, some of which have been shown to correlate with cancer prognosis and resistance to immunotherapy (42). To further investigate the subtypes and functions of macrophages in ACC, we utilized previously published single-cell sequencing data from our team (43). We performed single-cell sequencing on a primary tumor (A) and matched adjacent non-tumor tissue (AP), as well as on a set of lung metastases of different sizes (A1, B1, C1) and matched adjacent lung tissue (F), identifying macrophage populations (Figure 4A). Further sub-clustering revealed six macrophage types, with cluster 0 identified as tumor-infiltrating macrophages, and clusters 1 to 4 primarily representing macrophages from adjacent tissues (Figure 4B). Analysis of specific macrophage markers showed that cluster 5 highly expressed the M1 marker CD80, while clusters 0 to 4 predominantly expressed M2 markers CD163, CD206, CSF1R, PTGS2 (Figure 4C). We further analyzed the top five highly expressed genes in each macrophage cluster (Figure 4D), most of which were related to immunoregulatory functions and tissue repair of macrophages. Genes such as MARCO, FN1, ACE, and CD163L1 are likely associated with the immunoregulatory functions of M2 macrophages, which typically promote tissue repair, anti-inflammatory responses, and support tumor growth (44, 45). Cluster 5 highly expressed DNASE1L3, a gene involved in DNA degradation and potentially in the clearance of self-antigens during cell death processes (46). While cluster 5 may act as anti-tumor macrophages, they represent only a small fraction.




Figure 4 | Subpopulation analysis of macrophages based on single-sell sequencing. (A) UMAP plot of 964 macrophages from primary ACC (A), adjacent primary tissue (AP), lung metastases (A1, B1, C1), and normal lung tissues (F). (B) Proportions of each sample type within each cell cluster. (C) Violin plots displaying the expression of specific genes in each cell type cluster. (D) Bubble plot displaying the top 5 highly expressed genes in each cell type cluster.



Overall, our IHC and ScRNA-seq analyses confirmed that the predominant cell population in the TIME of ACC consists of M2 macrophages, especially in lung metastases, where they exhibit significant immunosuppressive functions.




3.5 Immune landscape differences among subgroup populations grouped by TAMs

We performed a relative quantification analysis of immune cells using the CIBERSORT deconvolution algorithm (36). Consistent with previous results, macrophages were the major component of the myeloid immune cell subpopulation, with M1 macrophages representing a small fraction and M2 macrophages predominating in both primary and lung metastatic lesions (Figure 5A). Among the three pairs of matched primary and lung metastatic tumors, two cases showed significant amplification of M2 macrophages in lung metastases, while one case showed a significant increase in plasma cells (Supplementary Figure S3A).




Figure 5 | Immune landscape differences among subgroup populations grouped by TAMs. (A) Relative proportions of 22 immune cell types in each sample based on the CIBERSORT algorithm. (B) Proportions of CD8 T cells, plasma cells, activated DCs, and activated NK cells grouped by the median proportion of M1 macrophages. (C) Proportions of CD8 T cells, plasma cells, activated DCs, and activated NK cells grouped by the median proportion of M2 macrophages. (D) Scores for IIS, TIS, APM, and CYT grouped by the median proportion of M1 macrophages. (E) Scores for IIS, TIS, APM, and CYT grouped by the median proportion of M2 macrophages. (F) Expression levels of CD274, CTLA4, HAVCR2, and LAG3 grouped by the median proportion of M1 macrophages. (G) Expression levels of CD274, CTLA4, HAVCR2, and LAG3 grouped by the median proportion of M2 macrophages. The p values were calculated using the two-tailed Mann–Whitney U test. Data are presented as the mean ± SEM.



Based on the relative proportions of M1 and M2 macrophages, we categorized the population into M1_high, M1_low, M2_high, and M2_low groups according to their respective medians. The M1_high group had higher CD8 T-cell levels compared to the M1_low group (P<0.05), but lower levels of activated dendritic cells (DCs) (P<0.0001) (Figure 5B). The proportion of M1 macrophages showed a positive correlation with CD8 T-cell proportion (Spearman r=0.4358, P<0.001) and a negative correlation with activated DCs (Spearman r=-0.6436, P<0.0001) (Supplementary Figure S3B). The M2_low group exhibited significantly higher levels of plasma cells and activated NK cells compared to the M2_high group (P<0.05), though activated DCs were lower in the M2_low group, albeit not significantly (P=0.1502) (Figure 5C). These findings suggest that the reduction of activated DCs may represent another immune escape mechanism in patients with an anti-tumor TAM phenotype. In line with the anti-tumor function of M1 macrophages, the M1_high group had elevated IIS, TIS, APM scores, and CYT scores compared to the M1_low group (all P<0.001) (Figure 5D), indicating a stronger immune response. However, the expression levels of immune checkpoint molecules CD274, HAVCR2, CTLA4, and LAG3 were also higher in the M1_high group (P<0.01) (Figure 5F). The M2_low group showed higher TIS and APM scores compared to the M2_high group (all P<0.05), but there was no significant difference in CYT scores (P=0.1127) (Figure 5E). CTLA4 expression was higher in the M2_low group (P<0.001) (Figure 5G).

In conclusion, categorizing ACC patients based on macrophage transcript levels revealed differences in their immune landscape, including variations in anti-tumor immune cell infiltration, antigen presentation capability, cytolytic activity, and immune checkpoint molecule expression. These results suggest that TAMs may serve as potential biomarkers for predicting immune responses in ACC patients.




3.6 M2 macrophages as biomarkers for poor lung metastasis prognosis in ACC

Due to the unique microenvironment of the lungs, circulating tumor cells (CTCs) of ACC interact with their surroundings, forming a metastatic niche distinct from the primary site. We next conducted a detailed analysis of ACC lung metastases. Unsupervised clustering of lung metastasis samples based on immune cell infiltration scores divided them into two clusters: Cluster I (immune cell-enriched) and Cluster II (immune cell-poor) (Figure 6A). Cluster I had significantly higher IIS and TIS compared to Cluster II (P<0.0001 and P<0.05, respectively) (Figures 6B, C). Differentially expressed genes between the two clusters were enriched in pathways related to immune response, chemokine signaling, T-cell activation, antigen processing and presentation, and primary immunodeficiency (Supplementary Figures S4A-C), implying that Cluster II may have defects in initiating immune responses and recruiting immune cells.




Figure 6 | Immune phenotype and prognostic differences of lung metastases in ACC. (A) Heatmap showing unsupervised clustering analysis of lung metastasis samples based on 28 immune cell types. (B) Differences in IIS scores between Cluster I and Cluster II. (C) Differences in TIS scores between Cluster I and Cluster II. (D) Kaplan-Meier curves for lung metastasis-free survival between Cluster I and Cluster II. (E) Kaplan-Meier curves for lung metastasis-free survival between M2_high and M2_low groups. (F) Correlation analysis between macrophage scores and the scores of NK cell, activated CD8 T cell, and activated DC. (G) Correlation analysis between IIS scores and T cell exclusion scores. (H) Correlation analysis between IIS scores and the expression of CD274, CTLA4, and HAVCR2. (I) Correlation analysis between IIS scores and TGFB1 expression. The p values were calculated using the two-tailed Mann–Whitney U test in (B, C), Log-rank test in (D, E) and Spearman correlation analysis in (F–I). Data are presented as the mean ± SEM.



When comparing the lung metastasis-free survival between Cluster I and Cluster II, there was no significant difference (P=0.1168, Log-rank test) (Figure 6D). This indicates that even though Cluster I patients seemed to have a more favorable immune microenvironment, it did not translate into better metastasis-free survival. Due to the short follow-up period, no patients had reached the endpoint event, so overall survival differences between the two groups require longer follow-up to observe. Based solely on immune cell abundance, we did not observe prognostic differences in lung metastasis outcomes among ACC patients. Nevertheless, when stratifying patients based on the proportion of M2 macrophages into M2_high and M2_low groups, the M2_low group had significantly longer metastasis-free survival (P<0.05, Log-rank test) (Figure 6E). This suggests that high infiltration of M2 macrophages in tumors may be an indicator of early lung metastasis.

In lung metastases, activated CD8+ T cells, NK cells, and activated DCs were all positively correlated with macrophage scores (all P<0.0001) (Figure 6F), indicating that the infiltration of anti-tumor immune cells is often accompanied by a higher proportion of macrophages, thereby limiting their immune effects. Additionally, IIS scores were significantly positively correlated with T-cell exclusion scores (P<0.01) (Figure 6G). The expression of immune checkpoint molecules VSIR (P<0.0001), HAVCR2 (P<0.0001), LAG3 (P<0.0001), and the immunosuppressive cytokine TGFB1 (P<0.01) were also significantly positively correlated with IIS scores (Figures 6H, I). These results indicate that in lung metastasis patients with immune-enriched tumors, multiple immunosuppressive mechanisms may be present, including the enrichment of TAMs, T-cell exclusion, high expression of immune checkpoint molecules, and the production of immunosuppressive cytokines.





4 Discussion

In this study, we describe the tumor immune microenvironment landscape of primary adenoid cystic carcinoma and its pulmonary metastases. In malignant tumors, interactions between tumor cells, surrounding stromal cells, immune cells, and the extracellular matrix create a unique tumor heterogeneity. Distinct niches exist at different time points, spatial locations, and even within different regions of a single tumor, each characterized by unique microenvironments (25). The composition, function, spatial localization, and gene expression profiles of innate and adaptive immune infiltrates in the TIME often have established prognostic implications (47) and are associated with treatment resistance (48, 49). The primary cause of death in ACC patients is distant metastasis, particularly to the lungs. However, current treatments such as chemotherapy, targeted therapy, and ICIs like PD1 inhibitors, have shown disappointing results in metastatic ACC, underscoring the urgent need to develop effective therapies targeting distant metastases. Therefore, understanding the characteristics of the TIME in ACC metastatic sites is crucial for developing new therapeutic strategies.

Most current research on the TIME is limited to primary ACCs, with few studies analyzing the metastatic immune microenvironment. Cafferty et al.’s study included a small number of ACC metastatic samples and focused on the TIME differences among three invasive salivary gland carcinomas, without in-depth analysis of differences between primary ACCs and metastatic lesions (50). In this work, we collected primary ACC tumor samples and lung metastases. Through multi-omics analysis, we discovered the heterogeneity between the immune microenvironments of primary ACCs and lung metastases, filling the gap in research on the lung metastasis microenvironment of ACC. We found that the abundance of immune cell infiltration in both primary tumors and lung metastases was significantly lower than in adjacent normal tissues, suggesting that ACC generally remains an immune “cold” tumor, consistent with previous reports (51). However, compared to PT, L-MET had a higher degree of immune cell infiltration and stronger antigen-presenting capabilities. Contrary to expectations, the antitumor cytotoxic activity in L-MET was not higher than in PT. This indicates that lung metastases may possess additional immunosuppressive mechanisms that limit antitumor immune responses, facilitating the escape of CTCs from immune surveillance and allowing their colonization and growth in the lungs. Analyzing two common immune evasion mechanisms in tumors (35), we found that scores for both T cell dysfunction and T cell exclusion mechanisms were significantly higher in lung metastases. Additionally, L-MET had elevated degree of macrophage and immature dendritic cell infiltration. These findings correspond to a previous study that reported increased levels of macrophages, monocytic dendritic cells, and dysfunctional T cells in the pre-metastatic lung in the presence of a primary tumor, which forms a myeloid cell-rich immunosuppressive microenvironment (52). These results highlight the significant heterogeneity between primary and pulmonary metastatic lesions in ACC. Future preclinical studies of immunotherapies targeting ACC lung metastases should be conducted within appropriate organ-specific tumor microenvironments.

Macrophages represent a heterogeneous cell population known for their remarkable plasticity (53). They differentiate into various subtypes in response to different microenvironmental stimuli, such as tumor stroma and infected tissues. Functionally, macrophages are categorized into two subpopulations: classically activated macrophages (M1) and alternatively activated macrophages (M2) (53). M2 macrophages have been extensively reported to promote tumor progression and immune suppression in cancer. Our multi-omics analysis confirmed a notable enrichment of M2 macrophages in lung metastases of ACC. Another study on the immune microenvironment of breast cancer pulmonary metastases also revealed a considerable amplification of macrophages in lung metastatic sites (25). Additionally, the accumulation of suppressive macrophages at the invasive margins of lung metastases in melanoma and soft tissue sarcoma forms an immunosuppressive niche (25). These findings suggest that macrophage accumulation is not unique to ACC lung metastases but may be a common feature of the pulmonary metastatic microenvironment.

Through single-cell sequencing, we identified multiple macrophage subpopulations in ACC. Tumor-infiltrating macrophages were predominantly of the M2 type, with high expression of SPP1. SPP1 encodes osteopontin, a phosphoprotein that mediates interactions between TAMs and tumor cells, with high expression linked to poorer survival outcomes (42). In the adjacent primary lesions and lung tissues, various macrophage populations were identified. Cluster 1 showed high expression of chemokines CCL22 and CCL17, which recruit immunosuppressive cells such as Th2 cells (54). MARCO, a pattern recognition receptor highly expressed in Cluster 2, is involved in pathogen recognition and clearance, but MARCO-expressing TAMs can inhibit the activation and proliferation of cytotoxic T cells and NK cells, as well as cytokine production (44). Clusters 3 and 4 showed high expression of the inhibitory receptor LILRB5, which suppresses macrophage activation and function, reducing inflammation and cytokine secretion (55). This regulatory function helps maintain immune system balance, preventing excessive immune responses and protecting tissues from inflammatory damage. However, in pathological conditions such as cancer, this may play a critical role in immune evasion, helping tumor cells avoid detection and attack by the immune system. These findings indicate that many of these genes are related to the immunoregulatory functions of M2 macrophages. The presence of a substantial number of immunosuppressive macrophages in the tumor and its surrounding microenvironment may significantly contribute to immune evasion and resistance to immunotherapy in ACC.

TAMs are a major component of the TIME and significantly affect the efficacy of immune checkpoint inhibitors (56). Eliminating the pre-existing immunosuppressive environment in the TIME can help overcome primary resistance in cancer patients and enhance the therapeutic efficacy of ICIs (38). Our comprehensive analysis of the immune microenvironment in ACC pulmonary metastases revealed the central role of TAMs in this context. By grouping ACC patients based on macrophage transcription levels, we observed differences in their immune landscapes and lung metastases free survival. High infiltration of M2 macrophages was closely associated with early pulmonary metastasis in patients. A study on colorectal cancer confirmed that TAMs promote tumor metastasis through derived extracellular vesicles (57). These findings suggest that TAMs could serve as potential biomarkers for predicting the immune therapy response and prognosis of pulmonary metastasis in ACC. However, it is necessary to validate the predictive effectiveness of TAMs for the immune therapy response in pulmonary metastatic ACC in real clinical cohorts. Targeting TAMs represents a promising anticancer strategy. By eliminating or reprogramming TAMs from an M2 pro-tumor state to an M1 anti-tumor state, unexpected benefits may be achieved for patients with pulmonary metastatic ACC.

However, our current study is based on the transcriptomic analysis of the TIME in available samples, which has certain limitations. First, due to the difficulty of obtaining lung metastasis samples, our study had a relatively small sample size, potentially limiting the generalizability of the findings. Second, the transcriptional characteristics should be validated in larger patient cohorts through immunohistochemistry, assessing various markers that characterize NK cells, B cells, dendritic cells, and macrophage subpopulations, among others. It’s not just the number of immune cells that matters—their spatial distribution often plays a critical role as well. Therefore, future applications of spatial transcriptomics and proteomics may yield further insights. Moreover, anti-cancer treatments can alter the tumor immune microenvironment. Given that there is no standard treatment for distant metastases of ACC, many patients in the lung metastasis cohort had already received multiple therapies, including but not limited to chemotherapy, targeted therapy, and immunotherapy, by the time the samples were collected. These systemic treatments may have affected the TIME in the metastases. Thus, the unique characteristics of the lung metastasis microenvironment may result from a combination of organ-specific factors and the effects of systemic treatment. However, our study did not explore the influence of different treatment modalities on the tumor immune microenvironment in depth. The mechanisms underlying the formation of the lung metastasis microenvironment in ACC, and the role TAMs play within it, require further investigation using a variety of in vitro and in vivo models.




5 Conclusion

In this research, we characterized the TIME of head and neck primary and lung metastatic ACC, uncovering unique changes in immune composition at the metastatic niche and highlighting the heterogeneity between primary and metastatic lesions. Our results provide a deeper understanding of the immune microenvironment in lung metastases of ACC and underscore the critical role of macrophages in creating an immunosuppressive environment. These insights may inform new therapeutic strategies targeting specific macrophage populations within the metastatic niche. Understanding organ-specific immune changes is essential for developing precise and effective immunotherapies to suppress metastatic recurrence. Future immunotherapy for ACC patients should consider the distinct immune microenvironment of metastatic sites.





Data availability statement

The original contributions presented in the study are publicly available. This data can be found here: Gene Expression Omnibus (GEO). The GEO number is GSE282732.





Ethics statement

The studies involving humans were approved by the Ethics Committee of Beijing Tongren Hospital, affiliated with Capital Medical University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

XW: Data curation, Investigation, Methodology, Validation, Visualization, Writing – original draft. TM: Data curation, Investigation, Methodology, Validation, Visualization, Writing – review & editing. HL: Data curation, Writing – review & editing. SZ: Data curation, Writing – review & editing. GY: Data curation, Writing – review & editing. YZ: Data curation, Writing – review & editing. LK: Formal analysis, Writing – review & editing. RG: Conceptualization, Funding acquisition, Supervision, Writing – review & editing, Resources. XC: Conceptualization, Funding acquisition, Resources, Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Natural Science Foundation of China (grant numbers 82173312 and grant numbers 82372967); Capital’s Funds for Health Improvement and Research (grant numbers 2022-2-2057); the National Key Research and Development Program of China (grant numbers 2022YFF0710700).




Acknowledgments

We want to thank all patients who provided tumor samples and the pathology staff. Specifically, we thank Jeffrey and Marnie Kaufman from the Adenoid Cystic Cancer Research Foundation for their support.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1483887/full#supplementary-material




References

1. Coca-Pelaz, A, Rodrigo, JP, Bradley, PJ, Vander Poorten, V, Triantafyllou, A, Hunt, JL, et al. Adenoid cystic carcinoma of the head and neck–An update. Oral Oncol. (2015) 51:652–61. doi: 10.1016/j.oraloncology.2015.04.005

2. van Weert, S, Bloemena, E, van der Waal, I, de Bree, R, Rietveld, DH, Kuik, JD, et al. Adenoid cystic carcinoma of the head and neck: a single-center analysis of 105 consecutive cases over a 30-year period. Oral Oncol. (2013) 49:824–9. doi: 10.1016/j.oraloncology.2013.05.004

3. Bhayani, MK, Yener, M, El-Naggar, A, Garden, A, Hanna, EY, Weber, RS, et al. Prognosis and risk factors for early-stage adenoid cystic carcinoma of the major salivary glands. Cancer. (2012) 118:2872–8. doi: 10.1002/cncr.v118.11

4. Imamura, Y, Kiyota, N, Tahara, M, Hanai, N, Asakage, T, Matsuura, K, et al. Systemic therapy for salivary gland Malignancy: current status and future perspectives. Japanese J Clin Oncol. (2022) 52:293–302. doi: 10.1093/jjco/hyac008

5. Sahara, S, Herzog, AE, and Nör, JE. Systemic therapies for salivary gland adenoid cystic carcinoma. Am J Cancer Res. (2021) 11:4092–110.

6. Stephens, PJ, Davies, HR, Mitani, Y, Van Loo, P, Shlien, A, Tarpey, PS, et al. Whole exome sequencing of adenoid cystic carcinoma. J Clin Invest. (2013) 123:2965–8. doi: 10.1172/JCI67201

7. Mandelbaum, J, Shestopalov, IA, Henderson, RE, Chau, NG, Knoechel, B, Wick, MJ, et al. Zebrafish blastomere screen identifies retinoic acid suppression of MYB in adenoid cystic carcinoma. J Exp Med. (2018) 215:2673–85. doi: 10.1084/jem.20180939

8. Hanna, GJ, ON, A, Cutler, JM, Flynn, M, Vijaykumar, T, Clark, JR, et al. A phase II trial of all-trans retinoic acid (ATRA) in advanced adenoid cystic carcinoma. Oral Oncol. (2021) 119:105366. doi: 10.1016/j.oraloncology.2021.105366

9. Ye, L, Zhang, L, Li, R, Pan, X, Li, J, Dou, S, et al. Combined all-trans retinoic acid with low-dose apatinib in treatment of recurrent/metastatic head and neck adenoid cystic carcinoma: A single-center, secondary analysis of a phase II study. Cancer Med. (2023) 12:9144–55. doi: 10.1002/cam4.v12.8

10. Zhang, Y, Liu, X, Zhou, CX, and Li, TJ. Notch activation leads to loss of myoepithelial differentiation and poor outcome in solid adenoid cystic carcinoma. Oral diseases. (2020) 26:1677–86. doi: 10.1111/odi.13480

11. Ferrarotto, R, Mitani, Y, Diao, L, Guijarro, I, Wang, J, Zweidler-McKay, P, et al. Activating NOTCH1 mutations define a distinct subgroup of patients with adenoid cystic carcinoma who have poor prognosis, propensity to bone and liver metastasis, and potential responsiveness to notch1 inhibitors. J Clin oncology: Off J Am Soc Clin Oncol. (2017) 35:352–60. doi: 10.1200/JCO.2016.67.5264

12. Even, C, Lassen, U, Merchan, J, Le Tourneau, C, Soria, JC, Ferte, C, et al. Safety and clinical activity of the Notch inhibitor, crenigacestat (LY3039478), in an open-label phase I trial expansion cohort of advanced or metastatic adenoid cystic carcinoma. Investigational New Drugs. (2020) 38:402–9. doi: 10.1007/s10637-019-00739-x

13. Dewenter, I, Otto, S, Kakoschke, TK, Smolka, W, and Obermeier, KT. Recent advances, systemic therapy, and molecular targets in adenoid cystic carcinoma of the head and neck. J Clin Med. (2023) 12(4):1463. doi: 10.3390/jcm12041463

14. Couzin-Frankel, J. Breakthrough of the year 2013. Cancer Immunother Sci (New York NY). (2013) 342:1432–3. doi: 10.1126/science.342.6165.1432

15. Yi, M, Zheng, X, Niu, M, Zhu, S, Ge, H, and Wu, K. Combination strategies with PD-1/PD-L1 blockade: current advances and future directions. Mol cancer. (2022) 21:28. doi: 10.1186/s12943-021-01489-2

16. Yang, W, Lei, C, Song, S, Jing, W, Jin, C, Gong, S, et al. Immune checkpoint blockade in the treatment of Malignant tumor: current statue and future strategies. Cancer Cell Int. (2021) 21:589. doi: 10.1186/s12935-021-02299-8

17. Hodi, FS, O'Day, SJ, McDermott, DF, Weber, RW, Sosman, JA, Haanen, JB, et al. Improved survival with ipilimumab in patients with metastatic melanoma. N Engl J Med. (2010) 363:711–23. doi: 10.1056/NEJMoa1003466

18. Nightingale, J, Lum, B, Ladwa, R, Simpson, F, and Panizza, B. Adenoid cystic carcinoma: a review of clinical features, treatment targets and advances in improving the immune response to monoclonal antibody therapy. Biochim Biophys Acta Rev cancer. (2021) 1875:188523. doi: 10.1016/j.bbcan.2021.188523

19. Vos, JL, Burman, B, Jain, S, Fitzgerald, CWR, Sherman, EJ, Dunn, LA, et al. Nivolumab plus ipilimumab in advanced salivary gland cancer: a phase 2 trial. Nat Med. (2023) 29:3077–89. doi: 10.1038/s41591-023-02518-x

20. Ferrarotto, R, Sousa, LG, Feng, L, Mott, F, Blumenschein, G, Altan, M, et al. Phase II clinical trial of axitinib and avelumab in patients with recurrent/metastatic adenoid cystic carcinoma. J Clin oncology: Off J Am Soc Clin Oncol. (2023) 41:2843–51. doi: 10.1200/JCO.22.02221

21. Wang, F, Xie, X, Song, M, Ji, L, Liu, M, Li, P, et al. Tumor immune microenvironment and mutational analysis of tracheal adenoid cystic carcinoma. Ann Trans Med. (2020) 8:750. doi: 10.21037/atm-20-3433

22. Zheng, KF, Liu, YJ, Ma, N, Xiong, YL, Tang, XY, Zhang, Q, et al. PD-L1 expression and immune cells infiltration in primary tracheobronchial neoplasm. Trans Lung Cancer Res. (2021) 10:4617–30. doi: 10.21037/tlcr-21-958

23. Doescher, J, Meyer, M, Arolt, C, Quaas, A, Klußmann, JP, Wolber, P, et al. Patterns of tumor infiltrating lymphocytes in adenoid cystic carcinoma of the head and neck. Cancers. (2022) 14(6):1383. doi: 10.3390/cancers14061383

24. Sousa, LG, McGrail, DJ, Lazar Neto, F, Li, K, Marques-Piubelli, ML, Ferri-Borgogno, S, et al. Spatial immunoprofiling of adenoid cystic carcinoma reveals B7-H4 is a therapeutic target for aggressive tumors. Clin Cancer Res. (2023) 29(16):3162–71. doi: 10.1158/1078-0432.CCR-23-0514

25. Yofe, I, Shami, T, Cohen, N, Landsberger, T, Sheban, F, Stoler-Barak, L, et al. Spatial and temporal mapping of breast cancer lung metastases identify TREM2 macrophages as regulators of the metastatic boundary. Cancer discovery. (2023) 13:2610–31. doi: 10.1158/2159-8290.CD-23-0299

26. Szanto, PA, Luna, MA, Tortoledo, ME, and White, RA. Histologic grading of adenoid cystic carcinoma of the salivary glands. Cancer. (1984) 54:1062–9. doi: 10.1002/1097-0142(19840915)54:6<1062::AID-CNCR2820540622>3.0.CO;2-E

27. Seethala, RR, Hunt, JL, Baloch, ZW, Livolsi, VA, and Leon Barnes, E. Adenoid cystic carcinoma with high-grade transformation: a report of 11 cases and a review of the literature. Am J Surg Pathol. (2007) 31:1683–94. doi: 10.1097/PAS.0b013e3180dc928c

28. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. (2014) 15:550. doi: 10.1186/s13059-014-0550-8

29. Barbie, DA, Tamayo, P, Boehm, JS, Kim, SY, Moody, SE, Dunn, IF, et al. Systematic RNA interference reveals that oncogenic KRAS-driven cancers require TBK1. Nature. (2009) 462:108–12. doi: 10.1038/nature08460

30. Bindea, G, Mlecnik, B, Tosolini, M, Kirilovsky, A, Waldner, M, Obenauf, AC, et al. Spatiotemporal dynamics of intratumoral immune cells reveal the immune landscape in human cancer. Immunity. (2013) 39:782–95. doi: 10.1016/j.immuni.2013.10.003

31. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of response to checkpoint blockade. Cell Rep. (2017) 18:248–62. doi: 10.1016/j.celrep.2016.12.019

32. Masiero, M, Simões, FC, Han, HD, Snell, C, Peterkin, T, Bridges, E, et al. A core human primary tumor angiogenesis signature identifies the endothelial orphan receptor ELTD1 as a key regulator of angiogenesis. Cancer Cell. (2013) 24:229–41. doi: 10.1016/j.ccr.2013.06.004

33. Şenbabaoğlu, Y, Gejman, RS, Winer, AG, Liu, M, Van Allen, EM, de Velasco, G, et al. Tumor immune microenvironment characterization in clear cell renal cell carcinoma identifies prognostic and immunotherapeutically relevant messenger RNA signatures. Genome Biol. (2016) 17:231. doi: 10.1186/s13059-016-1092-z

34. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and genetic properties of tumors associated with local immune cytolytic activity. Cell. (2015) 160:48–61. doi: 10.1016/j.cell.2014.12.033

35. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

36. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods. (2015) 12:453–7. doi: 10.1038/nmeth.3337

37. Mandula, JK, Sierra-Mondragon, RA, Jimenez, RV, Chang, D, Mohamed, E, Chang, S, et al. Jagged2 targeting in lung cancer activates anti-tumor immunity via Notch-induced functional reprogramming of tumor-associated macrophages. Immunity. (2024) 57(5):1124–40.e9. doi: 10.1016/j.immuni.2024.03.020

38. Chen, DS, and Mellman, I. Elements of cancer immunity and the cancer-immune set point. Nature. (2017) 541:321–30. doi: 10.1038/nature21349

39. Kim, TK, Vandsemb, EN, Herbst, RS, and Chen, L. Adaptive immune resistance at the tumour site: mechanisms and therapeutic opportunities. Nat Rev Drug discovery. (2022) 21:529–40. doi: 10.1038/s41573-022-00493-5

40. Feng, GX, Zhou, MJ, Cao, L, Ma, TY, Wang, XL, Gao, R, et al. NKT cells contribute to alleviating lung metastasis in adenoid cystic carcinoma. MedComm – Oncol. (2023) 2:e29. doi: 10.1002/mog.v2.2

41. Lorini, L, Ardighieri, L, Bozzola, A, Romani, C, Bignotti, E, Buglione, M, et al. Prognosis and management of recurrent and/or metastatic head and neck adenoid cystic carcinoma. Oral Oncol. (2021) 115:105213. doi: 10.1016/j.oraloncology.2021.105213

42. Xu, L, Chen, Y, Liu, L, Hu, X, He, C, Zhou, Y, et al. Tumor-associated macrophage subtypes on cancer immunity along with prognostic analysis and SPP1-mediated interactions between tumor cells and macrophages. PloS Genet. (2024) 20:e1011235. doi: 10.1371/journal.pgen.1011235

43. Zhou, MJ, Yang, JJ, Ma, TY, Feng, GX, Wang, XL, Wang, LY, et al. Increased retinoic acid signaling decreases lung metastasis in salivary adenoid cystic carcinoma by inhibiting the noncanonical Notch1 pathway. Exp Mol Med. (2023) 55:597–611. doi: 10.1038/s12276-023-00957-7

44. La Fleur, L, Botling, J, He, F, Pelicano, C, Zhou, C, He, C, et al. Targeting MARCO and IL37R on immunosuppressive macrophages in lung cancer blocks regulatory T cells and supports cytotoxic lymphocyte function. Cancer Res. (2021) 81:956–67. doi: 10.1158/0008-5472.CAN-20-1885

45. Ramos Gde, O, Bernardi, L, Lauxen, I, Sant'Ana Filho, M, Horwitz, AR, and Lamers, ML. Fibronectin modulates cell adhesion and signaling to promote single cell migration of highly invasive oral squamous cell carcinoma. PloS One. (2016) 11:e0151338. doi: 10.1371/journal.pone.0151338

46. Deng, Z, Xiao, M, Du, D, Luo, N, Liu, D, Liu, T, et al. DNASE1L3 as a prognostic biomarker associated with immune cell infiltration in cancer. Onco Targets Ther. (2021) 14:2003–17. doi: 10.2147/OTT.S294332

47. Wilkinson, K, Ng, W, Roberts, TL, Becker, TM, Lim, SH, Chua, W, et al. Tumour immune microenvironment biomarkers predicting cytotoxic chemotherapy efficacy in colorectal cancer. J Clin Pathol. (2021) 74:625–34. doi: 10.1136/jclinpath-2020-207309

48. Trédan, O, Galmarini, CM, Patel, K, and Tannock, IF. Drug resistance and the solid tumor microenvironment. J Natl Cancer Institute. (2007) 99:1441–54. doi: 10.1093/jnci/djm135

49. Cho, SF, Anderson, KC, and Tai, YT. Microenvironment is a key determinant of immune checkpoint inhibitor response. Clin Cancer research: an Off J Am Assoc Cancer Res. (2022) 28:1479–81. doi: 10.1158/1078-0432.CCR-22-0015

50. Cafferty, FH, Kuo, F, Katabi, N, Lee, M, Nadeem, Z, Dalin, MG, et al. The immune microenvironment and neoantigen landscape of aggressive salivary gland carcinomas differ by subtype. Clin Cancer research: an Off J Am Assoc Cancer Res. (2020) 26:2859–70. doi: 10.1158/1078-0432.CCR-19-3758

51. Mosconi, C, de Arruda, JAA, de Farias, ACR, Oliveira, GAQ, de Paula, HM, Fonseca, FP, et al. Immune microenvironment and evasion mechanisms in adenoid cystic carcinomas of salivary glands. Oral Oncol. (2019) 88:95–101. doi: 10.1016/j.oraloncology.2018.11.028

52. Kaczanowska, S, Beury, DW, Gopalan, V, Tycko, AK, Qin, H, Clements, ME, et al. Genetically engineered myeloid cells rebalance the core immune suppression program in metastasis. Cell. (2021) 184:2033–52.e21. doi: 10.1016/j.cell.2021.02.048

53. Shapouri-Moghaddam, A, Mohammadian, S, Vazini, H, Taghadosi, M, Esmaeili, SA, Mardani, F, et al. Macrophage plasticity, polarization, and function in health and disease. J Cell Physiol. (2018) 233:6425–40. doi: 10.1002/jcp.v233.9

54. Biswas, SK, and Mantovani, A. Macrophage plasticity and interaction with lymphocyte subsets: cancer as a paradigm. Nat Immunol. (2010) 11:889–96. doi: 10.1038/ni.1937

55. Redondo-García, S, Barritt, C, Papagregoriou, C, Yeboah, M, Frendeus, B, Cragg, MS, et al. Human leukocyte immunoglobulin-like receptors in health and disease. Front Immunol. (2023) 14:1282874. doi: 10.3389/fimmu.2023.1282874

56. Zhang, H, Liu, L, Liu, J, Dang, P, Hu, S, Yuan, W, et al. Roles of tumor-associated macrophages in anti-PD-1/PD-L1 immunotherapy for solid cancers. Mol cancer. (2023) 22:58. doi: 10.1186/s12943-023-01725-x

57. Chen, W, Zhou, M, Guan, B, Xie, B, Liu, Y, He, J, et al. Tumour-associated macrophage-derived DOCK7-enriched extracellular vesicles drive tumour metastasis in colorectal cancer via the RAC1/ABCA1 axis. Clin Trans Med. (2024) 14:e1591. doi: 10.1002/ctm2.v14.2




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Wang, Ma, Liu, Zhang, Yang, Zhao, Kong, Gao and Chen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-15-1483887-g001.jpg
IHE EE EEESEEE EEEE N

Average signature score

]_

T cells
P=0.0033 P<0.0001
1.0
[ )
0.8 ¥
.. [ ]
%
0.6 %
. &5
0.4 -¥-
AP
0.2 f

APM

P =0.0197

Primary_tissues

P<0.0001

Primary tumors
(PT)
n=32

Lung metastases
(L-MET)
n=47

HEEEE EEEEN

|}

=

]
EEEEE N

Transcriptome sequencing
(RNAseq n=59)
PT=25

Immunohistochemistry

PT=11

(IHC n=30)

L-MET=34

L-MET=19

Single-cell transcriptome sequencing

PT=1

(ScRNAseq n=2)

L-MET=1

D B cells
P =02919 P <0.0001
1.0
® @
5084 °¢ ®
2 H
g %
5 06 _f é *
] °
c [:]
) o e 4o
» 0.4 oo ©
[}]
2 @
g 0.2
4

P=0.2919

® Primary_ACCs

CYT
P<0.0001

@ Lung_tissues

E Innate cells
P<0.0001 P <0.0001
1.0
[ ]
o
8 0.8 )
7]
o ]
El 0.6 % ° o
®©
g L 4
® 04 © ?
[}]
o
5 0.2
[} 2
2
0.0
H TIGIT
P= 00798 P= 0.0002
]
3
c
S
[}
8
s
>
w

Sample_Type
Lung metastases
Lung tissues
Primary ACCs
Primary tissues

Sample_Type

Activated CD4 T cell
Activated CD8 T cell

Activated dendritic cell
CD56bright natural killer cell
Central memory CD4 T cell

Central memory CD8 T cell

Effector memeory CD4 T cell
Effector memeory CD8 T cell
Natural killer cell

Natural killer T cell
Type 1T helper cell
Type 17 T helper cell

CD56dim natural killer cell
Immature dendritic cell

Macrophage
MDSC
Neutrophil

Plasmacytoid dendritic cell

Regulatory T cell
Type 2 T helper cell
Activated B cell
Eosinophil
Gamma delta T cell
Immature B cell
Mast cell
Memory B cell
Monocyte

|_|_| T follicular helper cell

Lung_metastases

0.8

0.4

0.2





OEBPS/Images/fimmu-15-1483887-g004.jpg
A B

Sample UMAP of Macrophage Subcluster UMAP of Macrophage Sample Proportions in Each Subcluster
Sample
:“ EEE’
S LH
503
o
)
N I
W Tm—
0 1 2 3 4 5
Subcluster
Cc
© ° CD80
] 3
- =15
c c
0 210
7] (2]
& 200 —_—
w w Q N U % u )
Identity Identity
T>: CD163 ° CD206
[ 2
| 98 4
c 3 c 3
Q2 H (]
» ‘w2
7] 1) , .
g g ! l
g- 0 —1 & 0 —_—
w Q N Q9 & X %) w Q N Q 2 X %)
Identity Identity
2 CSFIR [ PTGS2
Q 3 (%]
- _|
c c 3
s 2 s ,
o $ 1
w Q N Q o ™ % w Q N Q > ™ )
Identity Identity
D
Percent Expressed
0
e 25
® 50
® 75
. @ 100
2
g Average Expression
© 2.0
o
a 15
1.0
0.5

0.0






OEBPS/Images/fimmu-15-1483887-g006.jpg
A B
Cluster P < 0.0001
I cluster |
cluster Il
Gl i TR Al
HEE EE [ T 1] HE HE B E N BN " 1 M2_group M2_group o
Cluster M2 hish O
| Activated CD4 T cell oo
Activated CD8 T cell  M2_low »
Activated dendritic cell —]
CD56bright natural killer cell
Central memory CD4 T cell
Central memory CD8 T cell
Effector memeory CD4 T cell
Effector memeory CD8 T cell
Natural killer cell
Natural killer T cell 1 cluster |l clusterll
Type 1 T helper cell Cc
Type 17 T helper cell P =0.0203
CD56dim natural killer cell 0.8 1.0 ——
Immature dendritic cell
Macrophage ®
MDSC 0.5
Neutrophil 06 ) PY
Plasmacytoid dendritic cell [ ° 0, o 0
Regulatory T cell o °
Tf;eu;$rt¥eipg$wll 8 0.0 :—% ()
Activated B cell 0.4 (72} ° l-ﬁ-l
Egs“ilnaoghil o [ ¢
| | Gamma delta T cell 0.5 o ® X
Immature B cell I [ ]
| Mast cell 0.2 °
Memory B cell
|| Monocyte
| T follicular helper cell
0 cluster| clusterll
D E
9 —— cluster | q —— M2_high
g 100 —— cluster II g 100 == M2_low
g P=0.1168 g P=0.0385
»
4 »
£ ®
[ L
@ 50 " 50
8 ]
w Rl
g 8
@ 1)
€ £
o 0 o 0
§ 0 50 100 150 g 0 50 100 150
Months - Months
F 15 —— Natural killer cell G 0.2 -=T cell exclusion score
Spearman r=0.6831,P<0.0001 = - Spearman r=0.3881P=0.0024
-=— Activated CD8 T cell
1.0 '- Spearman r=0.8487P<0.0001 o
L)
g L ~ Activated DC 8
3 P VO Spearman r=0.6608,P<0.0001
n n
-~
0.0 0.5 1.0 1.5 1.0 -05 0.0 0.5 1.0
Macrophage score IIS score
H |
6 —— CD274 80 —— TGFB1
Spearman r=0.5884,<0.0001 Spearman r=0.3883,P=0.0024
— L] oy
q>) A A -= CTLA4 g 60 o °
2 Spearman r=0.6972,P<0.0001 2
5 ~~ HAVCR2 s
2 Spearman r=0.5557P<0.0001 §
2 S
& 3
i 1}
1.0 -05 00 05 1.0 15 1.0 -05 0.0 0.5 1.0

IS score IS Score





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Heterogeneous immune landscapes and macrophage dynamics in primary and lung metastatic adenoid cystic carcinoma of the head and neck

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Discussion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Clinical sample collection

          



          		

            2.2 Transcriptome sequencing

          



          		

            2.3 Immune infiltration and functional analysis

          



          		

            2.4 Single-cell sequencing data analysis

          



          		

            2.5 Immunohistochemistry

          



          		

            2.6 Statistical analysis

          



        



        



        		

          3 Result

        

          		

            3.1 Overall immune infiltration analysis

          



          		

            3.2 Heterogeneity immune landscapes between primary ACCs and lung metastases

          



          		

            3.3 Macrophages infiltration as a core feature of lung metastasis

          



          		

            3.4 Tumor-associated macrophages are predominantly immunosuppressive

          



          		

            3.5 Immune landscape differences among subgroup populations grouped by TAMs

          



          		

            3.6 M2 macrophages as biomarkers for poor lung metastasis prognosis in ACC

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-15-1483887-g002.jpg
A Sample_Type

Lung metastases
Primary ACCs

TIS_Score
CYT_Score 2

HAVCR2 =

|cTLAg I
-2

B Kkkk KAKK KKK * *x * * * ns ns ns ns ns ns * ns ns ns ns ns ns ns ns ns, ns ns ns ns

kb

5
=

Proportion

0.004 ° ° °

@6‘06 e @\es 600» &&& dooa & &L}o /\‘\a\& (@“& y@& @Q@,& R & bf& . © O K o&
P ARC I & & ¢ & & & &
& & «f & PO .
Q}(@o‘ Q/{@G Qo‘a Q\'b
group B Lung metastases B Primary ACCs
Cc D E F
P =0.0482 P =0.5273 P =0.0356 P =0.1500
1.0 - 1.5 3
[
.. °
0.5 © %3 1.0 ° 2 oo o
® [ Q
o [ ® = P 000 =
° e® ."‘:’. S 05 ®e S 1 H T S
< Rl 2 ‘o Svey 7] [ »
o 00 Sctse ° ® o o = o ¢  gelee
(7] 0g0d0 9N 0.0 v ,‘#‘. ] . = -
= 0g0® oo = og00 1 < ToieS o o, o
® oa® eo®
b °
[ ]

o Primary_ACCs o Lung_metastases

G H 1 J

P =0.0057 P =0.0488 P =0.0504 P =0.0256
o 0.3 _— 0.2 — 4 -6
: :
S 0.2 9 00 ] = ° - °
= ® 0.1 il 53 =
2 01 . T 5 °® o 2 s ®eq® o
3] ° B o0 0000 00 2
5 ool i 2 oo - X Y g
2 01 .. o = 06%% 0023800 3 % :—:;5-' 3
s b4 = oq4 *Cece* - < 4] ogEee o505 <
3 % p g~ N & See <
0.2 ° o ° S 0g000® s 2
(%] - (=) (14 °® =
- ° o ° :o it o

o Primary_ACCs o  Lung_metastases





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu.2024.1483887_cover.jpg
& frontiers | Frontiers in Immunology

Heterogeneous immune landscapes and
macrophage dynamics in primary and lung
metastatic adenoid cystic carcinoma of the

head and neck





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-15-1483887-g003.jpg
Number of cases Cell density/mn? Lung_Metastases

Number of cases

600

H
[=
o

200

20

15

10

15

10

Grade |

P=024 P=0.0006

CD4 CD68

Grade Il Grade lll

I Primary_ACCs

77 Lung_metastases

Il Primary_ACCs

71 Lung_metastases

Il Primary_ACCs

[0 Lung_metastases

Cc
600 - CD68+
Spearman r=0.4636,P<0.01
E A
£ -+ CD4+
E- 400 Spearman r=0.5047,P<0.01
2
]
°
< 200
o
0
0 100 200 300 400 500
CD8+ Cell density/mm
300 Il CD8
® [ CD4
E I CDs68
3,200
‘B
c
)
°
3 100
o
0
I-l I-E I-D
G
300 B CDs
E [ CD4
§. 200 [ CcDes
‘B
c
]
°
< 100
(&)
0

Gradel Gradell Gradelll





OEBPS/Images/fimmu-15-1483887-g005.jpg
Lung_Metastases

Primary_ACCs

100%
>
3
< 5%
=
o
=
3 50%
=3 o
2
o
25%
0%
G EE DI PR R IRl a3 enIS808E88 C2E R Y2232 I8 8RER383885838
200000000030V IVABLOAOO O 003 50 O O 0OO0O0O0O0O0O0Oo O 00000 o
23323333337 333J33337 33333 TE'EE
Sample
[ Beeisnave [l T cells CD4 memory resting [l NK celis resting [ Macrophages M2 [T Eosinophits
. B cells memory . T cells CD4 memory activated . NK cells activated - Dendritic cells resting . Neutrophils
Cell Type . Plasma cells . T cells follicular helper . Monocytes - Dendritic cells activated
B 7ceiscos B 7 celis reguiatory (Tregs) [l Macrophages Mo ||| Mast cells resting
. T cells CD4 naive . T cells gamma delta . Macrophages M1 . Mast cells activated
B C
T cells CD8 Plasma cells DCs activated NKs activated T cells CD8 Plasma cells DCs activated NKs activated
P=0.0117 P =0.0858 P <0.0001 P=0.9910 P =0.1847 P =0.0087 P =10.1502 P =10.0323
50 50
2 =4 .
5 5
£ 30 £ 30 o
g g
8 20 o 20 . . 2.' .
o o b
o i:
0
D E
s TIS APM CYT lis TIS APM CYT

P =0.0006 P <0.0001

CD274
P =0.0093

CTLA4
P =0.0004

HAVCR2
P =0.0025

mRNA expression level

. M1_high

. M1_low

P <0.0001 P =0.0722 P =0.0408 P=0.1127

LAG3
P =0.0061

CTLA4
P =0.0004

HAVCR2
P =0.2857

mRNA expression level






