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Background

Cancer-associated fibroblasts (CAFs) within the tumor microenvironment (TME) are critical for immune suppression by restricting immune cell infiltration in the tumor stromal zones from penetrating tumor islands and changing their function status, particularly for CD8+ T cells. However, assessing and quantifying the impact of CAFs on immune cells and investigating how this impact is related to clinical outcomes, especially the efficacy of immunotherapy, remain unclear.



Materials and methods

The TME was characterized using immunohistochemical (IHC) analysis using a large-scale sample size of gene expression profiles. The CD8+ T cell/CAF ratio (CFR) association with survival was investigated in The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) lung cancer cohorts. The correlation between CFR and immunotherapeutic efficacy was computed in five independent cohorts. The correlation between CFR and objective response rates (ORRs) following pembrolizumab monotherapy was investigated in 20 solid tumor types. To facilitate clinical translation, the IHC-detected CD8/α-SMA ratio was applied as an immunotherapeutic predictive biomarker in a real-world lung cancer cohort.



Results

Compared with normal tissue, CAFs were enriched in cancer tissue, and the amount of CAFs was overwhelmingly higher than that in other immune cells. CAFs are positively correlated with the extent of immune infiltration. A higher CFR was strongly associated with improved survival in lung cancer, melanoma, and urothelial cancer immunotherapy cohorts. Within most cohorts, there was no clear evidence for an association between CFR and programmed death-ligand 1 (PD-L1) or tumor mutational burden (TMB). Compared with TMB and PD-L1, a higher correlation coefficient was observed between CFR and the ORR following pembrolizumab monotherapy in 20 solid tumor types (Spearman’s r = 0.69 vs. 0.44 and 0.21). In a real-world cohort, patients with a high CFR detected by IHC benefited considerably from immunotherapy as compared with those with a low CFR (hazard ratio, 0.37; 95% confidence interval, 0.19–0.75; p < 0.001).



Conclusions

CFR is a newly found and simple parameter that can be used for identifying patients unlikely to benefit from immunotherapy. Future studies are needed to confirm this finding.
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Introduction

The tumor microenvironment (TME) comprises a wide array of immune and stromal cells, cytokines, chronic inflammation, and immunosuppression, and pro-angiogenic intratumoral atmosphere is highly related to clinical outcomes and treatment efficacy (1, 2).

As the most abundant stromal cells in the TME, cancer-associated fibroblasts (CAFs) promote tumor progression via multiple pathways and have a core role in dampening the immune response to cancer (3). Prior studies have focused on a novel mechanism of CAF-mediated T-cell depletion and dysfunction within tumors (4, 5). CD8+ T-cell infiltration and cytotoxicity are the most salient determinants of anti-tumor immunity (6). CAFs could abrogate CD8+ T-cell function via the perpetually secreted extracellular matrix, which produces a dense web of collagen, restricting T-cell trafficking to the tumor, reducing T-cell infiltration into tumor islands, and suppressing the cytotoxic function of T cells (7, 8). Notably, T cells react to CAF signaling and establish bidirectional crosstalk. When T cells are trapped in the stroma, they upregulate inhibitory molecules on the CAF surface, potentially limiting their residual function (9, 10). CAFs are a significant impediment to multiple immune populations across several cancer types, especially for effective cytotoxic T-cell immunity.

Although the complex crosstalk between CAFs and immune cells is well-known, assessing the interaction between CAFs and immune cells and how this interaction is related to clinical outcomes, especially the immunotherapeutic efficacy, remains unclear. Recent advances in genomic sequencing and bioinformatics have enabled high-throughput analysis and interpretation of complex disease-related datasets. These are ideal approaches to quantify tumor-infiltrating immune cells and other cells in the TME of various cancers (11–13). Based on gene expression profiles, a recent study employed computational algorithms to predict immune-checkpoint blockade responses by estimating TME infiltration patterns of 1,524 tumors among gastric cancer patients (14). This approach was adopted to explore the clinical utility of TME infiltration and has brought about promising developments in treating other types of cancer (15, 16). The clinical practicality of these biomarkers based on mathematical models is limited by their multiparametric nature and excessive complexity. Nonetheless, a simple and readily available biomarker has gained widespread clinical applicability in a recent study on surgically resected colon cancer, wherein the interaction between FAP+ fibroblasts and CD8+ T cells significantly facilitated the cancer diagnosis (17). The relationship between the TME and immunotherapy remains unexplored.

Driven by the underlying mechanism and pressing clinical needs, the TME in this study was characterized by immunohistochemical (IHC) analysis of clinical samples and a publicly available large sample size of gene expression profiles. Considering the potential negative effects that CAFs cause on immune cells, we sought to better assess the immunomodulatory processes of the TME. First, we generated a novel parameter called CD8+ T cell/CAF ratio (CFR) to evaluate the interaction between CD8+ T cells and CAFs. Next, the significance of biomarker CFR in predicting prognosis and immunotherapeutic efficacy in the pan-cancer milieu was explored.



Materials and methods


Study design and patient datasets

We analyzed the expression profiles of CAFs and immune cells from multiple independent cohorts. Subsequently, we analyzed the prognostic and predictive roles of CD8+ T cell/CFR across these cohorts, as illustrated in Figure 1.




Figure 1 | Flow diagram of the study. LUAD, lung adenocarcinoma; NSCLC, non-small cell lung cancer; IHC, immunohistochemistry; CAF, cancer-associated fibroblast; ORR, objective response rate; OS, overall survival.



Three cohorts, The Cancer Genome Atlas (TCGA) non-small cell lung cancer (NSCLC) cohort, Gene Expression Omnibus (GEO) GLP570 platform NSCLC cohort, and TCGA 33 tumors cohort, were used to explore the relationship between immune cells and CAFs and investigate CFR as an independent prognosis factor. RNA sequencing (RNA-seq) data by fragments per kilobase of exon model per million reads mapped (FPKM) normalization were downloaded from TCGA platform. FPKM values were converted to transcripts per million values (18). Normalized gene expression data for pan-cancer comparisons were downloaded from the UCSC Xena platform (https://xenabrowser.net/). All GEO data (GSE31210, GSE37745, and GSE50081) were downloaded as original counts and were standardized using the Robust Multi-array Average algorithm. The ComBat was used for batch correction (19). The clinical information of the three cohorts is summarized in Supplementary Table 1. As an independent non-public validation cohort, tissue microarray (cat. no. HlugA180Su04) comprised 71 pairs of lung adenocarcinoma tissues and matched normal adjacent tissues with the clinicopathological data summarized in Supplementary Table 2, which was provided by Shanghai Outdo Biotech Co. Ltd. (Outdo Biotech). These cohorts had sufficient follow-up data for overall survival (OS). TCGA cancer-type abbreviations can be found at https://gdc.cancer.gov/resources-tcga-users/tcga-code-tables/tcga-study-abbreviations.

To determine the association between CFR and the outcome of patients who received immunotherapy, we included five public immune checkpoint inhibitors (ICIs) datasets, namely, IMvigor210 (urothelial cancer treated with atezolizumab), PRJEB23709 (melanoma treated with programmed cell death protein 1 (PD-1) inhibitors), phs000452.v2.p1 (melanoma treated with CTLA4 inhibitors), GSE135222 (lung cancer treated with PD-1/programmed death-ligand 1 (PD-L1) inhibitors), and TCGA-SKCM (various types of the immunity treatment cohort, including CTLA4 inhibitors). The clinical information of these cohorts is summarized in Supplementary Table 3. We evaluated the relationship between CFR and available objective response data for pembrolizumab therapy in major solid tumor types of TCGA pan-cancer cohort. Details on the methods are provided in the Supplementary Material. To translate the previous in silico findings into clinical samples, we selected 61 patients with advanced NSCLC treated with anti-PD-1/PD-L1 therapy as a standard practice or in a clinical trial; this took place at Fujian Cancer Hospital from November 2016 to August 2021. The clinical information of the Fujian Cancer Hospital cohort (FCHC) is summarized in Supplementary Table 4. Ethical approval was obtained through the Ethics Committee of Fujian Cancer Hospital. These cohorts for predictive analysis possessed at least one type of survival data [progression-free survival (PFS)] for immunotherapy.



Genetic signatures

The marker genes for the immune cell types were obtained from Bindea et al. (20) Twenty four immune cell types were involved in innate immunity (natural killer [NK] cells, NK CD56dim cells, NK CD56bright cells, dendritic cells [DCs], plasmacytoid DCs [pDCs], immature DCs [iDCs], activated DCs [aDCs], neutrophils, mast cells, eosinophils, and macrophages) and adaptive immunity (B cells, T cells, CD8 T cells, T helper [Th], Th1, Th2, Th17, T gamma delta [Tgd], T central memory [Tcm], T effector memory [Tem], T follicular helper [Tfh], Tregs, and cytotoxic cells). CD8+ T cells (DNAJB1, DNAJB1, ZFP36L2, ZFP36L2, VAMP2, PPP1R2, TBCC, LEPROTL1, CAMLG, KLF9, GADD45A, CD8A, ZNF91, PF4, THUMPD1, TSC22D3, SLC16A7, GZMM, ZEB1, RBM3, APBA2, C4orf15, SF1, FLT3LG, C19orf6, ZNF609, SFRS7, PRF1, TMC6, MYST3, AES, ZNF22, ABT1, CDKN2AIP, ARHGAP8, LIME1, PRR5, and C12orf47) and other immune cell gene signatures were obtained from Bindea et al. (20) The CAF gene signatures (COL1A1, COL3A1, COL6A1, COL6A2, DCN, GREM1, PAMR1, and TAGLN) were obtained from the Microenvironment Cell Populations Counter (Ebecht on GitHub [https://github.com/ebecht]) (12). In this study, all gene signatures are provided in Supplementary Table 5.

The infiltration levels and immune scores of the immune cell types were introduced to evaluate the composition of the tumor immune infiltration. Single-sample gene set enrichment analysis (ssGSEA) was implemented using the R package GSVA to quantify the relative infiltration of immune cells and CAFs (20, 21). Generally, ssGSEA is a rank-based method that computes an overexpression measure for a gene list of interest relative to all other genes within the genome. Immune scores were calculated using the ESTIMATE method to characterize the degree of immune infiltration (13).



CD8+ T cell/cancer-associated fibroblast ratio and immune cell/cancer-associated fibroblast ratio

To calculate the potential negative effect of CAFs on CD8+ T cells, a novel parameter referred to as CD8+ T cell/CFR was employed. Since many other subtypes of immune cells exist apart from CD8+ T cells, the term immune cell/CFR (ICFR) was defined for convenience. This study applied CFR to represent the numerical difference between the ssGSEA scores of CD8+ T cells and CAFs. The calculation method was set up according to the principles described in a prior work (22). The same calculation was performed to quantify ICFRs.

In clinical samples, CFR was defined as the area ratio of CD8+ T cells to CAFs determined by immunohistochemical staining of CD8 and α-SMA. In the lung adenocarcinoma (LUAD) tissue microarray cohort, regions of the equal area were selected for quantification, which could ensure that the same amount of tissue was considered in each slide. In FCHC, one to three regions were collected, excluding blood vessels and necrotic areas, and the total area was calculated as the final result; the percentage of CD8+ T-cell area or CAF area was normalized against the total area for each sample. The quantification results are summarized in Supplementary Table 6. The immunohistochemically stained slides were briefly scanned on a Motic Digital Slide Scanner and analyzed via Motic VM 3.0. Under ×100 magnification, we selected tumor bed areas (including the tumor epithelium and intratumoral stroma), except for necrosis and blood vessels, and then we calculated the selected areas using ImageJ software (ImageJ; National Institutes of Health; http://rsbweb.nih.gov/ij).



Immunohistochemistry

Formalin-fixed and paraffin-embedded specimens were sectioned at a thickness of 3 μm, dewaxed, rehydrated in graded ethanol, and immunohistochemically stained for CD8 (1:100, clone SP57, Dako M7103, Dako, Glostrup, Denmark) and α-SMA (1:100, clone 1A4, Dako M0755). Antigen retrieval was performed with Tris-HCl (pH 9) for 30 min at 95°C. Antibody testing and staining protocols were established, and staining was performed by an automated Leica BOND RXsystem (Leica BOND RX, Leica Biosystems, Wetzlar, Germany) with the Bond Polymer Refine Detection Kit (with DAB as chromogen) and Bond Polymer Refine Red Detection Kit for the double staining (Leica Biosystems). CAFs were not only defined by IHC but were further confirmed by microscopy based on morphological criteria.

PD-L1 expression was verified by IHC using the Dako PD-L1 IHC 22C3 pharmDx assay (Agilent Technologies, Santa Clara, CA, USA). The tumor proportion score (TPS) of PD-L1 was computed as the percentage of at least 100 viable tumor cells with complete or partial membrane staining (23). The pathologists of the commercial vendor provided TPS interpretation.



Gene set enrichment analysis

For gene set enrichment analysis (GSEA) of RNA-seq data, the false discovery rate (FDR) and enrichment score (ES) were computed using GSEA 4.2.0 Java software (24). The analysis was executed using the curated “Hallmark” signature collection from the Molecular Signatures Database (MSigDB) (25).



Statistical analyses

The normality of the variables was assessed with the Shapiro–Wilk normality test. The statistical significance of the normally and non-normally distributed variables was estimated using the unpaired Student’s t-test and the Mann–Whitney U test, respectively, to compare the two groups. The Kruskal–Wallis test and the one-way analysis of variance (ANOVA) were used as non-parametric and parametric methods to compare multiple groups. The correlation coefficient was computed using Spearman’s test and the distance correlation analyses. Categorical variables were compared by chi-square analysis, continuous correction chi-square test or Fisher’s exact test, and continuous variables by Wilcoxon test. In each independent cohort, the optimal cut-points for CFR were determined by maximally selected rank statistics (26) using the surv cut-point function of R package survminer for best CFRhigh and CFRlow selection. Under the optimal cutoff point, the R package forestplot was employed to demonstrate the results of the group analysis of CFR in NSCLC and TCGA pan-cancer datasets. The Kaplan–Meier method was used to generate survival curves for the groups from each dataset, and the log-rank Mantel–Cox test was used to determine the statistical significance of the differences. The univariate hazard ratio (HR) was calculated using a univariate Cox proportional hazards regression model. Fitting multivariate models were performed using logistic regression. The areas under the receiver operating characteristic (ROC) curves (AUCs) were estimated non-parametrically. With the use of the survminer software package, the multiple Cox regression model was applied to identify the independent prognostic factors. R software was employed for the statistical analyses. A p-value <0.05 was considered statistically significant.




Results


Moderately positive correlation between cancer-associated fibroblasts and immune cell infiltration

The flowchart of this study is shown in Figure 1. To systematically investigate TME cell infiltration, ssGSEA was performed in TCGA (discovery set) and GEO (validation set) NSCLC cohorts. CAFs were specifically enriched in total NSCLC tumor samples compared to normal samples (Wilcoxon test, p = 0.009; Figure 2A and Supplementary Figure 1A). Additionally, pairing analysis of the normal and tumor samples derived from the same patient confirmed the differential enrichment of CAFs in normal and tumor tissues (Wilcoxon matched pairs test, p < 0.001; Figure 2B). Notably, the abundance of CAFs is overwhelmingly higher in tumor samples than in other immune cells (Figure 2C and Supplementary Figure 1B).




Figure 2 | A correlation between cancer-associated fibroblasts (CAFs) and immune cells. (A, B) Analysis of TCGA NSCLC cohorts found that cancer-associated fibroblasts (CAFs) were significantly higher in tumor tissues than in normal (median value; A: 0. 460 vs. 0. 441; B: 0.484 vs. 0.441). (C) The relative amounts of CAFs and different immune cell types in TCGA NSCLC cohort. The lower and upper bounds of the box in a boxplot indicate the first and third quartiles, respectively. Cell types are ordered by their median ssGSEA scores. (D) A correlation between CAFs and immune score in TCGA NSCLC cohorts. (E) The non-clustering heat map is arranged according to the correlation coefficient between CAF and 24 types of immune cells in TCGA NSCLC cohorts; Spearman’s test. The colors from red to blue denote their correlation coefficients of the immune score and CAFs from high to low. The top part indicates immune cells positively correlated with the content of fibroblasts, and the bottom part shows negative correlations. *, p < 0.05; **, p < 0.01; ****, p < 0.001. (F) The correlation between CAFs and 24 immune cells in 33 independent pan-cancer cohorts, clustering tumor types from left to right according to the correlation coefficient between CAFs and immune score. The black box indicates a positive correlation between CAFs with most immune cells, the yellow box indicates a positive correlation between CAFs with most innate immune cells, and the blue box indicates a negative correlation between CAFs and distinct immune cells. (G) CAF difference analysis between high, medium, and low tumors with immune infiltration in TCGA NSCLC cohorts. The clusters were generated using unsupervised K-means clustering. (H, I) Differences in CAFs (median value; high, 0.485; median, 0.461; low, 0.449) and overall survival (median value; high, 3.66, median, 3.89; low, 3.98) among the three immune infiltration levels were analyzed in TCGA NSCLC cohorts.



We first explored CAFs and their relationships with comprehensive immune status and observed a positive correlation between CAFs and the ImmuneScore based on the ESTIMATE algorithm (Spearman’s correlation test; TCGA: r = 0.44, 95% confidence interval [CI], 0.35–0.49, p < 0.001; GEO: r = 0.39, 95% CI, 0.32–0.46, p < 0.001; Figure 2D, Supplementary Figure 1C). We then investigated the relationship between CAFs and 24 distinct immune cells. Surprisingly, CAFs were positively correlated with nearly all immune cells, except for Th17 (Figure 2E; Supplementary Figure 1D and Supplementary Table 7). Thirty-three independent TCGA cancers were subjected to pan-cancer analysis to determine whether the correlation between immune cell infiltration and CAFs was consistent across pan-cancers. Most tumor types presented a positive correlation, except for diffuse large B-cell lymphoma, testicular germ cell tumors, and thymoma, where multiple immune cells exhibited no significant association with CAFs (Figure 2F). In pan-cancer cohorts, the correlation between CAFs and immune cell infiltration can be roughly categorized into two subgroups: one with both adaptive and innate immune cells positively associated with CAFs and the other with a predominance of innate immune cells associated with CAFs. The Th17 were either of no significant correlation or negatively correlated with CAFs in the majority of pan-cancer cohorts, which is consistent with the results in TCGA and GEO cohorts. These observations may suggest the existence of interactions between CAFs and distinct immune cells in regulating the TME. Overall, the moderately positive correlation between them is a common feature of cancers.

Next, unsupervised clustering partitioned the tumor samples into high, medium, and low immune infiltration subgroups (Figure 2G and Supplementary Figure 1E). It was observed that CAF content decreased from a high to low immunity (Kruskal–Wallis test, overall p < 0.001, Figure 2H; Supplementary Figure 1F). Although high-level immune cell infiltration exhibited higher cytolytic activity (CYT) (27) and interferon-gamma (INF-γ) (28), the probabilities of OS were not statistically significantly different among the three groups (log-rank test; TCGA: overall p = 0.762; GEO: overall p = 0.147) (Figure 2I; Supplementary Figures 1G, H).



CD8+ T cell/cancer-associated fibroblast ratio as an independent favorable prognostic factor for pan-cancer

To understand the impact of CAFs, we independently evaluated the effects of immune cells and ICFRs on prognosis. First, single-parameter distinct immune cells or CAFs associated with prognosis were evaluated in TCGA and GEO NSCLC cohorts. In the univariate analysis, only CAFs, Th2 cells, and neutrophils were identified as unfavorable prognostic factors for OS and TFH and B cells as favorable prognostic factors in both cohorts (Figure 3A). Remarkably, high ICFR reflected better OS, regardless of whether immune cells were favorable or unfavorable prognostic factors after introducing the ICFR parameter (Figure 3A). This phenomenon is called the “CAF-mediated immune resistance pattern”, and we have previously reported it in abstract form (29). Among 24 types of immune cells, we selected CD8+ T cells as representatives of immune cells. The prognostic value of the CD8+ T cell/CFR had more significant power than CD8+ T cell and CAF alone in two independent lung cancer cohorts (Figure 3B), as confirmed in the multivariate analysis (Figure 3C).




Figure 3 | Association between immune cells/CAF ratio (ICFRs) and overall survival in lung cancer and pan-cancer cohort. (A) Prognostic value of 24 types of immune cells, CAFs, and ICFRs in non-small cell lung cancer from TCGA and GEO datasets. (B) Kaplan–Meier OS curves of CD8 T cells and CD8+ T cell/CAF ratio (CFR) in TCGA and GEO lung cancer cohort. (C) Univariate and multivariate analyses of the association between CFR and prognosis. (D) Association between CFR and overall survival in pan-cancer. Cancer types with abnormal or excessive confidence intervals were excluded, and only 23 cancer types were displayed. (E) Representative images indicated double staining for α-SMA (brown) and CD8 (red). The circle represents the sweep region. (F) Kaplan–Meier survival curves showing the effect of α-SMA, CD8, and CD8/α-SMA.



To assess whether CFR was a prognostic factor for pan-cancer, we studied 33 independent TCGA cancer cohorts and 9,975 tumor samples with OS information. A total of 23 independent cohorts suggested that a high CFR was beneficial to OS, of which 13 cohorts [including cutaneous melanoma, urothelial bladder carcinoma, LUAD, and lung squamous cell carcinoma (LUSC)] were significantly correlated (Figure 3D). A total of seven cohorts (prostate adenocarcinoma, testicular germ cell tumors, pheochromocytoma and paraganglioma, thymoma, diffuse large B-cell lymphoma, cholangiocarcinoma, and uterine carcinosarcoma) demonstrated unusual confidence intervals. These were in part due to their death rates (<5% of the total) or to the small number of cohorts involved (Supplementary Table 8).

To translate the previous in silico findings in clinical samples, we analyzed the expression of CD8 and α-SMA detected by IHC in LUAD tissue microarray, including 71 LUAD tissues with overall survival data (representative sample in Figure 3E). α-SMA is a hallmark of the CAF activation phenotype and is encoded by ACTA2 (5, 30, 31). Seventeen of 31 TCGA solid tumor types have a striking correlation >0.70 between CAFs and ACTA2 mRNA levels (Spearman’s correlation test; LUAD: r = 0.78, 95% CI, 0.74–0.81, p < 0.001; Supplementary Figure 2). A total of 63.3% of the samples were identified as CFRhigh, according to the optimal cutoff in this validation cohort. There was a significant difference in OS between CFRhigh and CFRlow groups; the median OS was 83 months (95% CI, 83 to not reachable) in patients with CFRhigh as compared to the median OS of 22 months (95% CI, 17–38) in patients with CFRlow (HR, 0.21; 95% CI, 0.12–0.37; p < 0.001; Figure 3F). The CFR predicted a much higher difference in survival than those observed with CD8 or α-SMA expression alone.



CD8+ T cell/cancer-associated fibroblast ratio predicts immunotherapeutic benefits across multiple cancer types

We next evaluated the predictive ability of CFR in the efficacy of immunotherapy. Five publicly available ICI datasets, including IMvigor210, PRJEB23709, phs000452.v2.p1, GSE135222, and TCGA-SKCM, were compiled for analysis. Patients with CFRlow tumors exhibited a worse outcome compared with those with CFRhigh tumors, IMvigor210 cohort with PD-L1 inhibitor in urothelial carcinoma (HR, 0.68; 95% CI, 0.51–0.91; p = 0.005), phs000452.v2.p1 cohort with CTLA4 inhibitor in melanoma (HR, 0.47; 95% CI, 0.18–1.23; p = 0.067), PRJEB23709 cohort with PD-1 inhibitor in melanoma (HR, 0.38; 95% CI, 0.17–0.84; p = 0.044), GSE135222 cohort with PD-1/PD-L1 inhibitors in lung cancer (HR, 0.44; 95% CI, 0.15–1.25; p = 0.051), and TCGA-SKCM with multiple immunotherapy types in melanoma (HR, 0.46; 95% CI, 0.21–0.98; p = 0.026) (Figure 4A). Three of the five immunized cohorts had Response Evaluation Criteria in Solid Tumors (RECIST) records. Among the patients in the IMvigor210 cohort, a high CFR is associated with a significant improvement in objective response rate (ORR) (30 vs. 10%, p = 0.008, Supplementary Figure 3). Among the patients in the PRJEB23709 cohort, a high CFR was associated with a higher ORR, which did not reach the required significance level (51 vs. 33%, p = 0.747, Supplementary Figure 3). A significant correlation was observed between a higher CFR and a longer overall survival term for patients in the phs000452 cohort (31 vs. 4%, p = 0.047, Supplementary Figure 3).




Figure 4 | CFR is a predictive biomarker of immunotherapy across multiple cancers. (A) In five independent cohorts, Kaplan–Meier survival curves compare overall survival between CFRhigh and CFRlow groups. (B) Distribution pattern of CFR in pan-cancer. Tumors are ordered by the median CFR from highest to lowest. (C) A correlation between CFR and objective response rate with pembrolizumab therapy in 20 solid tumor types. nCCRC, non-clear cell renal carcinoma; NSCLC, non-small cell lung cancer; rare tumors include adrenocortical carcinomas, paraganglioma-pheochromocytoma, and germ cell tumors. (D) A correlation between PD-L1 mRNA expression, TMB, and CFR in independent cohorts. (E, F) Kaplan–Meier curves of OS according to CFR combined with PD-L1 in a cohort or TMB in a cohort, respectively.



To explore the relationships between CFR and the immunotherapy responses across multiple cancer types, we identified 20 tumor types or subtypes with data regarding the ORR in unselected patients with pembrolizumab monotherapy through an in-depth literature search. Tumor types were ranked from low to high by the mean CFR (n=29, Figure 4B). We then plotted the ORR for anti-PD-1 or anti-PD-L1 therapy against the corresponding mean CFR (n=20, Figure 4C). We observed a significant correlation with a correlation coefficient of 0.69 between the CFR and the ORR (95% CI, 0.32–0.88; p = 0.001) (Figure 4C). Additionally, we analyzed the correlation between tumor mutational burden (TMB), PD-L1 expression, and immunotherapy ORR in various types of cancer. Compared with the TMB and PD-L1 expression, CFR showed an improved correlation with immunotherapy ORR (Spearman’s r = 0.69 vs. 0.44 and 0.21) (Supplementary Figure 4).



CD8+ T cell/cancer-associated fibroblast ratio as an independent and complementary biomarker to programmed death-ligand 1 and tumor mutational burden

Research on PD-L1 and TMB as biomarkers of immunotherapy efficacy was the most in-depth. Therefore, we further determined the relationship between these two biomarkers and CFR. In TCGA and GEO cohorts, there was no clear evidence for a positive association between PD-L1 mRNA and CFR (Spearman’s correlation test; TCGA: r = −0.13, 95% CI, −0.19 to −0.07, p = 0.001; GEO: r = −0.11, 95% CI, −0.18 to −0.02, p = 0.008), as was further confirmed in IMvigor210, PRJEB23709, and most cohorts in pan-cancer (Figure 4D). In the cohorts with TMB information, the association was close to zero and not statistically significant between TMB and CFR (Figure 4D).

Next, we investigated whether CFR, PD-L1 expression, and TMB had an overlapping effect on the efficacy of PD-1/PD-L1 inhibitors. Each predictor showed a significant correlation with OS. With the use of both predictors and their interaction in Kaplan–Meier survival analysis, this complete model performed better than either alone. Patients with a high expression of CFR and PD-L1 had a significantly higher OS than those with a low expression of both of them in the IMvigor210 cohort (log-rank test; overall p < 0.001; CFRhigh and PD-L1high vs. CFRlow and PD-L1low: HR, 0.31; 95% CI, 0.15–0.66, p < 0.001) and PRJEB23709 cohort (log-rank test; overall p < 0.001; CFRhigh and PD-L1high vs. CFRlow and PD-L1low: HR, 0.06; 95% CI, 0.02–0.25, p < 0.001), respectively (Figure 4E), as did the combination with CFR and TMB in the IMvigor210 cohort (log-rank test; overall p < 0.001; CFRhigh and TMBhigh vs. CFRlow and TMBlow: HR, 0.48; 95% CI, 0.29–0.81, p < 0.001; Figure 4F). Overall, our findings imply that CFR may play a role in patient selection in the clinic based on the unique immune microenvironment of the tumor.



CD8+ T cell/cancer-associated fibroblast ratio detected by immunohistochemistry predicts PD-1/programmed death-ligand 1 inhibitor response of non-small cell lung cancer in Fujian cancer hospital cohort

The successful clinical translation of cancer therapeutics was facilitated by IHC biomarkers. We further confirmed the direct association of CFR detected by IHC with outcomes following anti-PD-1/PD-L1 immunotherapy in a retrospective and independent cohort of 61 patients with advanced NSCLC in FCHC. The baseline characteristics are shown in Table 1 and Supplementary Table 4. Representative images indicate double staining for α-SMA and CD8 in Figure 5A. The median age was 61 (range, 31–79) years, and 54 patients (72%) were male. Received monotherapy and combination therapies were 19 (31%) and 42 (69%), respectively. Most patients were treated with pembrolizumab (19, 31%). The ORR was 27.9% in the entire population, and the median PFS was 5.60 months (95% CI, 4.17–9.17).


Table 1 | Baseline characteristics of patients with advanced non-small cell lung cancer in Fujian Cancer Hospital Cohort.






Figure 5 | Association between CFR and clinical response to immune checkpoint inhibitors in Fujian Cancer Hospital cohort. (A) Representative images show double staining for α-SMA (brown) and CD8 (red). (B) Kaplan–Meier survival curves of PFS comparing CFRhigh group and CFRlow group. (C) The ratio of patients with CR, PR, SD, and PD treated with anti-PD-(L)1 antibody in CFRhigh and CFRlow group by chi-square test. (D) The ratio of patients with CR, PR, SD, and PD treated with anti-PD-(L)1 antibody in TPS ≥1% and TPS <1% using chi-square test. (E) A correlation between CFR and PD-L1 using chi-square test. (F) Receiver operating characteristic (ROC) analyses indicated that CFR plus PD-L1 (logistic regression model) harbored the highest area under the curve (AUC) (AUC = 0.746) compared with CFR and PD-L1 in NSCLC (AUC = 0.664 and 0.664, respectively). PD, progressed disease; PR, partial response; SD, stable disease; TPS, tumor proportion score.



The median PFS of CFRhigh vs. CFRlow was 8.37 vs. 2.97 months (HR, 0.37; 95% CI, 0.19–0.75; p < 0.001; Figure 5B). In terms of efficacy, the response evaluation according to RECIST1.1 in CFRhigh tumors was partial response (PR) 41%, stable disease (SD) 56%, and progressive disease (PD) 3% compared with PR 11%, SD 52%, and PD 37% in CFRlow tumors (p < 0.001; Figure 5C), respectively. Patients with CFRhigh had higher ORR (41% vs. 11%; chi-square test, p = 0.009; Figure 5C) and higher disease control rate (DCR) (97% vs. 63%; chi-square test, p < 0.001; Figure 5C) compared with CFRlow.

Among the 48 patients with documented PD-L1 expression, 18 (38%) had TPS ≥1%, and 23% (62%) had TPS <1% (Table 1). The effect of the PD-L1 expression level on PFS (HR, 0.9; 95% CI, 0.43–1.86; p = 0.775) and DCR was not obvious, but the effect on ORR was significant. Patients with TPS ≥1% had higher ORR (40% vs. 11%; chi-square test, p = 0.032; Figure 5D). Although the proportion of patients with TPS ≥1% was higher in high CFR, no statistical significance between these two groups was observed (chi-square test, p = 0.221; Figure 5E). Surprisingly, CFR plus PD-L1 (AUC = 0.764) was superior to either CFR (AUC = 0.664) or PD-L1 (AUC = 0.664) in predicting ORR (Figure 5F).



Comparison of the performance of the CD8+ T cell/cancer-associated fibroblast ratio model with a four-class classification model and immunophenotype

We further compared the predictive performance of the CFR model with that of a four-class classification model in the IMvigor210 cohort with the largest sample size. This model is based on the optimal cutoff values for distinguishing OS of CD8+ T cells and CAFs, which divided the patients into four subgroups: CD8highCAFshigh, CD8lowCAFshigh, CD8highCAFslow, and CD8lowCAFslow. The difference in OS between CFRhigh and CFRlow predicted by the CFR model was significantly higher than that between the four groups predicted by the classification model (Supplementary Figure 6A). Additionally, the predictions of ORR produced by the CFR model were more significant for statistics than the four-class classification model (Supplementary Figure 6B). Notably, the CD8highCAFslow group significantly outperformed the other three groups in terms of OS and ORR and even surpassed the CFRhigh group, but the number of patients is considerably lower. In addition, the rate of clinical response did not differ between the CD8highCAFshigh and CD8lowCAFslow groups. Overall, the dichotomous model outpredicted a four-class classification model in terms of overall statistical and clinical significance. We also analyzed the immunohistochemical cohort and obtained similar results; no statistically significant difference in prognostic curves was demonstrated between the CD8highCAFshigh and CD8lowCAFslow subgroups based on the four-class classification model (Supplementary Figure 6C). The abundance of intratumoral CAFs and CD8 T-cell infiltration was classified into four classes observed in the immunohistochemical samples (Supplementary Figure 5).

Most solid tumors were classified into three distinct immune phenotypes in the TME: the inflamed phenotype, immune-excluded phenotype, or immune-desert phenotype. There were no statistically significant differences among these three immunotypes for OS in the IMvigor210 cohort (overall p = 0.090; inflamed: Supplementary Figure 6D). More specifically, patients with inflamed immunotypes showed the best prognosis (inflamed vs. others: HR, 0.69, 95% CI, 0.51–0.95, p = 0.033), and those with excluded or desert immunotypes showed a similar prognosis (excluded vs. desert: HR, 0.91, 95% CI, 0.65–1.28, p = 0.594). Among the three groups, there were no statistically significant differences in CFR (Kruskal–Wallis test, overall p = 0.087; Supplementary Figure 6E). Furthermore, it was found that CFR enhanced OS in the inflamed and excluded groups (HR, 0.57, 95% CI, 0.26–1.25; p = 0.096 and HR, 0.55, 95% CI, 0.35–0.85; p = 0.003, respectively, Supplementary Figure 6F), but not the OS in the desert group (HR, 0.94, 95% CI, 0.52–1.70; p = 0.840, Supplementary Figure 6F).



Exploration of the differences in molecular characteristics of the CD8+ T cell/cancer-associated fibroblast ratio subgroup

Hallmark gene sets based on the RNA and WES data from TCGA database were analyzed to investigate the underlying mechanism of CFR’s prognostic and predictive values in ICI efficacy. GSEA in NSCLCs revealed a prominent enrichment of signatures related to the upregulation of hypoxia, TGF-β signaling, epithelial–mesenchymal transition, and angiogenesis in the CFRhigh vs. CFRlow groups (FDR adjusted p < 0.05 for all; Figure 6A). We also analyzed the significant difference in gene mutation characteristics between the two subgroups and selected the top 20 mutated genes involved in the Apical Junction, Hypoxia, and Mitotic spindle pathway (Fisher’s test, p < 0.05; Figure 6B). Finally, the tumor immune dysfunction and exclusion (TIDE) (32) algorithm was used to investigate the relationship between TIDE and CFR. We found that the TIDE score of the CFRlow group was higher than that of the CFRhigh group (Wilcoxon test, p < 0.001, Supplementary Figure 6G). The above results strongly suggest that the tumor immune escape mechanism was enhanced in the CFRlow group.




Figure 6 | Differences in signaling pathways and genes between CFR subgroups. (A) Prominent enrichments of signatures in CFRhigh vs. CFRlow groups. FDR, false discovery rate. (B) Mutation enrichment characteristics among subgroups. A group of genes significantly more mutated than the other groups are displayed (Fisher’s test, *p < 0.05, **p < 0.01, ***, p < 0.001) display the top 20 most significant genes.






Discussion

We precisely assessed the immune response status of the TME by calculating the potential negative effect of CAFs, thereby generating a novel parameter deemed CFR. The findings show that the novelty parameter CFR can stratify patients with metastatic cancer into groups with different prognoses and clinical responses to ICI treatment across multiple cancer types in different dataset platforms. These results demonstrate the potential clinical utility of CFR, at either a transcriptional level or the protein immunohistochemistry level. Therefore, CFR is a simple, newly found, clinically applicable parameter that can be useful in identifying patients unlikely to benefit from immunotherapy.

The major finding in this study is that CAFs were moderately positively correlated with most immune cell populations, irrespective of their type. The current consensus is that the predominant effect of CAFs is immunosuppression, collaboration with IL-6, CXC-chemokine ligand 9 (CXCL9), and TGF-β, demonstrating well-established roles in recruiting and activating the myeloid-derived suppressor cells (MDSCs), Treg, and tumor-associated neutrophils and reducing CD8+ T-cell recruitment and responses (4, 5). Nevertheless, the relationship between CAFs and immune cells varies with tumor purity and stromal- or immune-dominant pattern due to spatial heterogeneity in the TME. In vivo, Ene-Obong et al. characterized the immune infiltration within stromal sub-compartments of pancreatic ductal adenocarcinoma and identified that cytotoxic effector T cells (CD8+) were significantly reduced in the juxtatumoral compartments compared to the pan-stromal areas (33). Coincidentally, Kato et al. found spatial distributions of the significant correlation between CAFs and CD8+ T cells in esophageal cancer tissues with immunofluorescence imaging. In cases where CAFs are present in high numbers, CD8+ TILs in the intratumoral tissues were scarce, despite an accumulation of CD8+ T cells in peritumoral sites (34). Ultimately, CAFs influence the spatial distribution of immune cells, but the impact of CAFs on the total amount of distinct immune cell infiltration has not yet been well-established. Therefore, compared with the local assessment, comprehensive quantitative results based on bulk tumor samples RNA-seq could better reflect the panorama of the intricate interplay of CAFs with the status of the whole immunocyte infiltration. In this study, Th17 was negatively associated with CAFs in many cancers including lung cancer, implying that it could be beneficial for antitumor immune responses. However, considering that Th17 is induced by TGF-β and is a subset that promotes tumor growth (35), despite priming cytotoxic T cells with antitumor activity and favorable prognosis (36, 37), their role in cancer remains controversial (38). Alternatively, the difference in the design of the Th17 signature is a factor that may have contributed to the different outcomes.

Previous signatures that did not consider stromal components classified the TME into three subtypes, primarily differing by inflammation level (39, 40). Relying solely on the assessment of immune cells, infiltration would be insufficient to evaluate the complexity of the TME accurately. In this study, conflicting findings on the association between distinct immune cell infiltration and OS in various datasets illustrate the methodological limitations of using single-parameter assessment. Additionally, patients with a similar immunophenotype have a heterogeneous prognosis using CFR as a stratification factor. The bivariate model has proved more powerful as a predictive biomarker than either single variable model alone. Several attempts have been made to explore the joint effect of CAFs and immune cells in cancer. CAFs coexisting with Tregs (41), M2 macrophages (42, 43), and CD8+ T cells (17) were correlated with a poor outcome in cancer. However, in these studies, CAFs and immune cells were included in the model as categorical covariates, posing considerable beneficial information loss. Driven by machine learning (44, 45) and mechanism-based insights (46), we developed the immune cell/CAF ratio as a quantitative assessment of the interaction of immune cells and CAFs. Our model formulation and implementation offer several important advantages. First, ICFR became a protective prognostic factor when ICFR was introduced, regardless of specific immune cell types.

Moreover, a stronger prognostic performance was observed in the CFR than in the CD8+ T cells. Second, the CFR model displayed a better predictive value than the four-class classification model with categorical covariates. More importantly, this characterized feedback regulation between CAFs and immune status highlights that a high degree of immune cell infiltration does not imply high immunotherapy efficacy, along with abundant CAFs. In the same manner, low immune cell infiltration accompanied by a low number of CAFs did not guarantee the poor therapeutic efficacy of immunotherapy. In line with our results, Bagaev et al. recently identified four distinct microenvironments termed immune-enriched, non-fibrotic (IE), immune-enriched, fibrotic (IE/F), immune-depleted (D), and fibrotic (F) sorted from high to low immunotherapy response across diverse cancers (47).

Recently, predictive immunotherapy biomarkers have received increasing attention. To date, PD-L1 expression and TMB are the most thoroughly investigated in the literature (48). Our findings highlight CFR as a promising predictive biomarker that could be significantly superior to PD-L1, TMB, or their combination. Recent studies supported PD-L1 expression as a potential biomarker for pembrolizumab in NSCLC (23, 49, 50). However, its predictive value in other cancer types or anti-PD-1 drugs remains controversial (51). Although TMB-High serves as a pan-cancer biomarker of pembrolizumab treatment approved by the FDA (52, 53), TMB faces numerous challenges (54, 55). A recent study found that high TMB fails to predict immune checkpoint blockade response across all cancer types (56). Compared with low TMB, high TMB tumors only showed an improved response rate in cancer types where CD8 T-cell levels were positively correlated with neoantigen load (57). Theoretically, CFR, PD-L1, and TMB were from different biological sources in response to ICI, indicating the immune microenvironment and tumor aspect. Data from this study confirm that CFR and PD-L1 expression and TMB are independent biomarkers with a largely additive ability to predict benefits from immune checkpoint inhibition. Patients with high CFR, high PD-L1 expression, or high TMB had significantly improved OS with ICI therapy compared with patients whose tumors had only one or neither variable. Disease-specific CFR thresholds warrant further investigation into various malignancies.

This research has several limitations. First, several research findings established the phenotypic and functional diversity of CAFs (58, 59) and immune cell populations, especially intratumoral CD8+ T cell (60–62). Therefore, the interaction between various CAF subtypes with immune cell subtypes and their optimal combination must be further explored. Second, the efficacy of ICI was shown to be dependent on the cancer being an immunogenic “hot” tumor and not a hypoimmunogenic “cold” tumor (63). Indeed, employing the model with T cells as the major parameter to identify potential ICI beneficial populations in the immune desert subgroup is difficult. Third, as every coin has two sides, we developed a practical and straightforward method using CD8+ T cell/CAF field area ratio by IHC to evaluate their interplay in the clinical validation cohort. However, the entire study may be insufficient to transfer to the sole use of α-SMA, although we found a striking correlation >0.70 between the two variables in 17 TCGA solid tumor types, providing compelling evidence of their tight relation. Meanwhile, IHC for other markers (e.g., FAP, CD29, PDGFRβ, S100A4, and FSP1) of CAF may be a useful biomarker in addition to α-SMA in which to select patients. The fourth limitation is the potential for confounding, especially with respect to the predictive significance. Across the immunotherapy-treated cohort, we lacked information on potentially important confounders. Also, in the absence of a control arm, CFR may be prognostic, and future controlled studies are needed to confirm a potential predictive role. Finally, the model in this study did not consider cancer cell factors, although genomic differences were analyzed. Further efforts to integrate with genomic alterations may potentially enhance patient stratification.

In conclusion, this study developed a novel parameter to evaluate the immune response status of the TME more precisely by analyzing the effect of the presence of CAFs on CD8+ T cells. Furthermore, CAF and immune cells can jointly stratify metastatic cancer types into subgroups with different prognoses and heterogeneous clinical responses to ICI treatments. These factors may guide immunotherapeutic decisions for patients with metastatic cancers, especially in the context of NSCLC.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics statement

The studies involving human participants were reviewed and approved by Ethics Committee of Fujian Cancer Hospital. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

XLZ and KJ: data curation, formal analysis, investigation, methodology, writing—original draft, and project administration. WX, DZ, WP, XC and PL: data curation, formal analysis, and investigation. LZ, XBZ, QM, HW, SW, YX, HX, CL, LL, XG, SZ and JL: resources, formal analysis, and investigation. DW and ZZ: methodology. SY: formal analysis. YL and ZC: methodology. QZ, LC and JB: data curation and methodology. XX: resources. XL and GL: conceptualization, resources, data curation, formal analysis, supervision, funding acquisition, validation, investigation, methodology, project administration, and writing—review and editing. All authors contributed to the article and approved the submitted version.



Acknowledgments

We thank the researchers at the Geneplus-Beijing Institute for supporting the bioinformatics analysis of this study and Tony Mok of the Chinese University of Hong Kong for critical reading of the manuscript. This work was supported by the National Natural Science Foundation of China (grant 82072565), the Fujian Provincial Science and Technology Department guided projects (grant 2020Y9038), the Fujian Provincial Health Systemic Innovation Project (grant 2020CXA010), the Bejing Xisike Clinical Oncology Research Foundation (grant Y-2019AZZD-0386), and the Fujian Provincial Clinical Research Center for Cancer Radiotherapy and Immunotherapy (grant 2020Y2012).



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.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.974265/full#supplementary-material



References

1. Goliwas, KF, Deshane, JS, Elmets, CA, and Athar, M. Moving immune therapy forward targeting TME. Physiol Rev (2021) 101(2):417–25. doi: 10.1152/physrev.00008.2020

2. Bejarano, L, Jordāo, MJC, and Joyce, JA. Therapeutic targeting of the tumor microenvironment. Cancer Discovery (2021) 11(4):933–59. doi: 10.1158/2159-8290.CD-20-1808

3. Chen, Y, McAndrews, KM, and Kalluri, R. Clinical and therapeutic relevance of cancer-associated fibroblasts. Nat Rev Clin Oncol (2021) 18(12):792–804. doi: 10.1038/s41571-021-00546-5

4. Sahai, E, Astsaturov, I, Cukierman, E, DeNardo, DG, Egeblad, M, Evans, RM, et al. A framework for advancing our understanding of cancer-associated fibroblasts. Nat Rev Cancer. (2020) 20(3):174–86. doi: 10.1038/s41568-019-0238-1

5. Mao, X, Xu, J, Wang, W, Liang, C, Hua, J, Liu, J, et al. Crosstalk between cancer-associated fibroblasts and immune cells in the tumor microenvironment: new findings and future perspectives. Mol Cancer. (2021) 20(1):131. doi: 10.1186/s12943-021-01428-1

6. Hendry, S, Salgado, R, Gevaert, T, Russell, PA, John, T, Thapa, B, et al. Assessing tumor-infiltrating lymphocytes in solid tumors: A practical review for pathologists and proposal for a standardized method from the international immuno-oncology biomarkers working group: Part 2: TILs in melanoma, gastrointestinal tract carcinomas, non-small cell lung carcinoma and mesothelioma, endometrial and ovarian carcinomas, squamous cell carcinoma of the head and neck, genitourinary carcinomas, and primary brain tumors. Adv Anat Pathol (2017) 24(6):311–35. doi: 10.1097/PAP.0000000000000161

7. Freeman, P, and Mielgo, A. Cancer-associated fibroblast mediated inhibition of CD8+ cytotoxic T cell accumulation in tumours: Mechanisms and therapeutic opportunities. Cancers (Basel). (2020) 12(9):2687. doi: 10.3390/cancers12092687

8. Lakins, MA, Ghorani, E, Munir, H, Martins, CP, and Shields, JD. Cancer-associated fibroblasts induce antigen-specific deletion of CD8+ T cells to protect tumour cells. Nat Commun (2018) 9(1):1–9. doi: 10.1038/s41467-018-03347-0

9. Davidson, S, Efremova, M, Riedel, A, Mahata, B, Pramanik, J, Huuhtanen, J, et al. Single-cell RNA sequencing reveals a dynamic stromal niche that supports tumor growth. Cell Rep (2020) 31(7):107628. doi: 10.1016/j.celrep.2020.107628

10. Gorchs, L, Fernández Moro, C, Bankhead, P, Kern, KP, Sadeak, I, Meng, Q, et al. Human pancreatic carcinoma-associated fibroblasts promote expression of co-inhibitory markers on CD4+ and CD8+ T-cells. Front Immunol (2019) 10:847. doi: 10.3389/fimmu.2019.00847

11. 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(5):453–7. doi: 10.1038/nmeth.3337

12. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol (2016) 17(1):1–20. doi: 10.1186/s13059-016-1070-5

13. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun (2013) 4(1):1–11. doi: 10.1038/ncomms3612

14. Zeng, D, Li, M, Zhou, R, Zhang, J, Sun, H, Shi, M, et al. Tumor microenvironment characterization in gastric cancer identifies prognostic and immunotherapeutically relevant gene signatures. Cancer Immunol Res (2019) 7(5):737–50. doi: 10.1158/2326-6066.CIR-18-0436

15. Zuo, S, Wei, M, Wang, S, Dong, J, and Wei, J. Pan-cancer analysis of immune cell infiltration identifies a prognostic immune-cell characteristic score (ICCS) in lung adenocarcinoma. Front Immunol (2020) 11:1218–8. doi: 10.3389/fimmu.2020.01218

16. Gui, CP, Wei, JH, Chen, YH, Fu, LM, Tang, YM, Cao, JZ, et al. A new thinking: extended application of genomic selection to screen multiomics data for development of novel hypoxia-immune biomarkers and target therapy of clear cell renal cell carcinoma. Brief Bioinform (2021) 22(6):bbab173. doi: 10.1093/bib/bbab173

17. Herrera, M, Mezheyeuski, A, Villabona, L, Corvigno, S, Strell, C, Klein, C, et al. Prognostic interactions between FAP+ fibroblasts and CD8a+ T cells in colon cancer. Cancers (Basel) (2020) 12(11):3238. doi: 10.3390/cancers12113238

18. Wagner, GP, Kin, K, and Lynch, VJ. Measurement of mRNA abundance using RNA-seq data: RPKM measure is inconsistent among samples. Theory Biosci (2012) 131(4):281–5. doi: 10.1007/s12064-012-0162-3

19. Johnson, WE, Li, C, and Rabinovic, A. Adjusting batch effects in microarray expression data using empirical bayes methods. Biostatistics (2007) 8(1):118–27. doi: 10.1093/biostatistics/kxj037

20. 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(4):782–95. doi: 10.1016/j.immuni.2013.10.003

21. 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(7269):108–12. doi: 10.1038/nature08460

22. 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(1):231. doi: 10.1186/s13059-016-1092-z

23. Garon, EB, Rizvi, NA, Hui, R, Leighl, N, Balmanoukian, AS, Eder, JP, et al. Pembrolizumab for the treatment of non-small-cell lung cancer. N Engl J Med (2015) 372(21):2018–28. doi: 10.1056/NEJMoa1501824

24. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

25. Liberzon, A, Birger, C, Thorvaldsdóttir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The molecular signatures database (MSigDB) hallmark gene set collection. Cell Syst (2015) 1(6):417–25. doi: 10.1016/j.cels.2015.12.004

26. Hothorn, T, and Lausen, B. On the exact distribution of maximally selected rank statistics. Comput Stat Data Analysis. (2003) 43(2):121–37. doi: 10.1016/S0167-9473(02)00225-6

27. 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(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

28. Ayers, M, Lunceford, J, Nebozhyn, M, Murphy, E, Loboda, A, Kaufman, DR, et al. IFN-γ-related mRNA profile predicts clinical response to PD-1 blockade. J Clin Invest. (2017) 127(8):2930–40. doi: 10.1172/JCI91190

29. Zheng, X, Zeng, D, Peng, W, Li, P, Li, L, Gao, X, et al. Interaction between CAF and CD8+ T cells in non-small cell lung cancer affects prognosis and efficacy of immunotherapy. J Clin Oncol (2020) 38(15_suppl):9536–6. doi: 10.1200/JCO.2020.38.15_suppl.9536

30. Kaukonen, R, Mai, A, Georgiadou, M, Saari, M, De Franceschi, N, Betz, T, et al. Normal stroma suppresses cancer cell proliferation via mechanosensitive regulation of JMJD1a-mediated transcription. Nat Commun (2016) 7:12237–7. doi: 10.1038/ncomms12237

31. Valencia, T, Kim, JY, Abu-Baker, S, Moscat-Pardos, J, Ahn, CS, Reina-Campos, M, et al. Metabolic reprogramming of stromal fibroblasts through p62-mTORC1 signaling promotes inflammation and tumorigenesis. Cancer Cell (2014) 26(1):121–35. doi: 10.1016/j.ccr.2014.05.004

32. 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(10):1550–8. doi: 10.1038/s41591-018-0136-1

33. Ene-Obong, A, Clear, AJ, Watt, J, Wang, J, Fatah, R, Riches, JC, et al. Activated pancreatic stellate cells sequester CD8+ T cells to reduce their infiltration of the juxtatumoral compartment of pancreatic ductal adenocarcinoma. Gastroenterology (2013) 145(5):1121–32. doi: 10.1053/j.gastro.2013.07.025

34. Kato, T, Noma, K, Ohara, T, Kashima, H, Katsura, Y, Sato, H, et al. Cancer-associated fibroblasts affect intratumoral CD8(+) and FoxP3(+) T cells Via IL6 in the tumor microenvironment. Clin Cancer Res (2018) 24(19):4820–33. doi: 10.1158/1078-0432.CCR-18-0205

35. Fabre, J, Giustiniani, J, Garbar, C, Antonicelli, F, Merrouche, Y, Bensussan, A, et al. Targeting the tumor microenvironment: The protumor effects of IL-17 related to cancer type. Int J Mol Sci (2016) 17(9). doi: 10.3390/ijms17091433

36. Martin-Orozco, N, Muranski, P, Chung, Y, Yang, XO, Yamazaki, T, Lu, S, et al. T Helper 17 cells promote cytotoxic T cell activation in tumor immunity. Immunity (2009) 31(5):787–98. doi: 10.1016/j.immuni.2009.09.014

37. Lin, Y, Xu, J, Su, H, Zhong, W, Yuan, Y, Yu, Z, et al. Interleukin-17 is a favorable prognostic marker for colorectal cancer. Clin Trans Oncol Off Publ Fed Spanish Oncol Societies Natl Cancer Institute Mexico. (2015) 17(1):50–6. doi: 10.1007/s12094-014-1197-3

38. Asadzadeh, Z, Mohammadi, H, Safarzadeh, E, Hemmatzadeh, M, Mahdian-Shakib, A, Jadidi-Niaragh, F, et al. The paradox of Th17 cell functions in tumor immunity. Cell Immunol (2017) 322:15–25. doi: 10.1016/j.cellimm.2017.10.015

39. Chen, DS, and Mellman, I. Elements of cancer immunity and the cancer-immune set point. Nature (2017) 541(7637):321–30. doi: 10.1038/nature21349

40. Mariathasan, S, Turley, SJ, Nickles, D, Castiglioni, A, Yuen, K, Wang, Y, et al. TGFβ attenuates tumour response to PD-L1 blockade by contributing to exclusion of T cells. Nature (2018) 554(7693):544–8. doi: 10.1038/nature25501

41. Kinoshita, T, Ishii, G, Hiraoka, N, Hirayama, S, Yamauchi, C, Aokage, K, et al. Forkhead box P3 regulatory T cells coexisting with cancer associated fibroblasts are correlated with a poor outcome in lung adenocarcinoma. Cancer Sci (2013) 104(4):409–15. doi: 10.1111/cas.12099

42. Fujii, N, Shomori, K, Shiomi, T, Nakabayashi, M, Takeda, C, Ryoke, K, et al. Cancer-associated fibroblasts and CD163-positive macrophages in oral squamous cell carcinoma: their clinicopathological and prognostic significance. J Oral Pathol Med (2012) 41(6):444–51. doi: 10.1111/j.1600-0714.2012.01127.x

43. Herrera, M, Herrera, A, Domínguez, G, Silva, J, García, V, García, JM, et al. Cancer-associated fibroblast and M2 macrophage markers together predict outcome in colorectal cancer patients. Cancer Sci (2013) 104(4):437–44. doi: 10.1111/cas.12096

44. Deo, RC. Machine learning in medicine. Circulation (2015) 132(20):1920–30. doi: 10.1161/CIRCULATIONAHA.115.001593

45. Van Calster, B, and Wynants, L. Machine learning in medicine. N Engl J Med (2019) 380(26):2588. doi: 10.1056/NEJMc1906060

46. Topalian, SL, Taube, JM, Anders, RA, and Pardoll, DM. Mechanism-driven biomarkers to guide immune checkpoint blockade in cancer therapy. Nat Rev Cancer. (2016) 16(5):275–87. doi: 10.1038/nrc.2016.36

47. Bagaev, A, Kotlov, N, Nomie, K, Svekolkin, V, Gafurov, A, Isaeva, O, et al. Conserved pan-cancer microenvironment subtypes predict response to immunotherapy. Cancer Cell (2021) 39(6):845–865.e847. doi: 10.1016/j.ccell.2021.04.014

48. Walk, EE, Yohe, SL, Beckman, A, Schade, A, Zutter, MM, Pfeifer, J, et al. The cancer immunotherapy biomarker testing landscape. Arch Pathol Lab Med (2020) 144(6):706–24. doi: 10.5858/arpa.2018-0584-CP

49. Herbst, RS, Baas, P, Kim, DW, Felip, E, Pérez-Gracia, JL, Han, JY, et al. Pembrolizumab versus docetaxel for previously treated, PD-L1-positive, advanced non-small-cell lung cancer (KEYNOTE-010): a randomised controlled trial. Lancet (2016) 387(10027):1540–50. doi: 10.1016/S0140-6736(15)01281-7

50. Reck, M, Rodríguez-Abreu, D, Robinson, AG, Hui, R, Csőszi, T, Fülöp, A, et al. Pembrolizumab versus chemotherapy for PD-L1-Positive non-Small-Cell lung cancer. N Engl J Med (2016) 375(19):1823–33. doi: 10.1056/NEJMoa1606774

51. Doroshow, DB, Bhalla, S, Beasley, MB, Sholl, LM, Kerr, KM, Gnjatic, S, et al. PD-L1 as a biomarker of response to immune-checkpoint inhibitors. Nat Rev Clin Oncol (2021) 18(6):345–62. doi: 10.1038/s41571-021-00473-5

52. Lemery, S, Keegan, P, and Pazdur, R. First FDA approval agnostic of cancer site - when a biomarker defines the indication. N Engl J Med (2017) 377(15):1409–12. doi: 10.1056/NEJMp1709968

53. Subbiah, V, Solit, DB, Chan, TA, and Kurzrock, R. The FDA approval of pembrolizumab for adult and pediatric patients with tumor mutational burden (TMB) ≥10: a decision centered on empowering patients and their physicians. Ann Oncol (2020) 31(9):1115–8. doi: 10.1016/j.annonc.2020.07.002

54. Jardim, DL, Goodman, A, de Melo Gagliato, D, and Kurzrock, R. The challenges of tumor mutational burden as an immunotherapy biomarker. Cancer Cell (2021) 39(2):154–73. doi: 10.1016/j.ccell.2020.10.001

55. Sholl, LM, Hirsch, FR, Hwang, D, Botling, J, Lopez-Rios, F, Bubendorf, L, et al. The promises and challenges of tumor mutation burden as an immunotherapy biomarker: A perspective from the international association for the study of lung cancer pathology committee. J Thorac Oncol (2020) 15(9):1409–24. doi: 10.1016/j.jtho.2020.05.019

56. McGrail, DJ, Pilié, PG, Rashid, NU, Voorwerk, L, Slagter, M, Kok, M, et al. High tumor mutation burden fails to predict immune checkpoint blockade response across all cancer types. Ann Oncol (2021) 32(5):661–72. doi: 10.1016/j.annonc.2021.02.006

57. Biffi, G, and Tuveson, DA. Diversity and biology of cancer-associated fibroblasts. Physiol Rev (2021) 101(1):147–76. doi: 10.1152/physrev.00048.2019

58. Miyai, Y, Esaki, N, Takahashi, M, and Enomoto, A. Cancer-associated fibroblasts that restrain cancer progression: Hypotheses and perspectives. Cancer Sci (2020) 111(4):1047–57. doi: 10.1111/cas.14346

59. Chen, X, and Song, E. Turning foes to friends: targeting cancer-associated fibroblasts. Nat Rev Drug Discovery (2019) 18(2):99–115. doi: 10.1038/s41573-018-0004-1

60. van der Leun, AM, Thommen, DS, and Schumacher, TN. CD8(+) T cell states in human cancer: insights from single-cell analysis. Nat Rev Cancer. (2020) 20(4):218–32. doi: 10.1038/s41568-019-0235-4

61. Gerlach, C, Rohr, JC, Perié, L, van Rooij, N, van Heijst, JW, Velds, A, et al. Heterogeneous differentiation patterns of individual CD8+ T cells. Science (2013) 340(6132):635–9. doi: 10.1126/science.1235487

62. Milner, JJ, Toma, C, He, Z, Kurd, NS, Nguyen, QP, McDonald, B, et al. Heterogenous populations of tissue-resident CD8(+) T cells are generated in response to infection and malignancy. Immunity (2020) 52(5):808–824.e807. doi: 10.1016/j.immuni.2020.04.007

63. Wargo, JA, Reddy, SM, Reuben, A, and Sharma, P. Monitoring immune responses in the tumor microenvironment. Curr Opin Immunol (2016) 41:23–31. doi: 10.1016/j.coi.2016.05.006



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 © 2022 Zheng, Jiang, Xiao, Zeng, Peng, Bai, Chen, Li, Zhang, Zheng, Miao, Wang, Wu, Xu, Xu, Li, Li, Gao, Zheng, Li, Wang, Zhou, Xia, Yang, Li, Cui, Zhang, Chen, Lin and Lin. 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-13-974265-g004.jpg
GSE135222 with anti-PDL1/PDL1 IMvigor210 with anti-PDL1

CFR - Nigh(18)  lowlo)

CFR - nighi241) - low(107)

CFR - ngh(13) + lowi29)

:
:

phs000452.v2.p1 with anti-CTLA4

TCGA-SKCM

PRJEB23709 with anti-PD1

CFR - nighi29) - low(12)

with various types of inmunotherapy

CFR - Hgh(s) =~ tow(26)

CFR

= 1.00: 1.0
%«m Pp=0051 Tors gm Tors 3
3 Hazard Ratio = 0.44 £ H £ £
L 050 95% C1:0.15-1.25 Zoso Zoso Zoso 2z
9 g B g g
8 g | p=00a g | p=o g | p=0026
g0 8o 8051 Vamaraio 535 8931 izaarato=od 89 Vamarato
[ 95% CI: 0.51 - 0.91 95% C1:0.17-0.84 95%C1:018-1.23 95%Cl:0.21-0.98
000 000 000
T 5 % % & T 5 w0 5 & % T % @ W % [ ] T 33 & &
“Time (Months) Time (Months) Time (Months) Time (Years) Time (vears)
Number at risk Number at risk Number at risk Number at risk Number at risk
-1 8 3 1 1 =21 157 17 s s 0 =13 s 8 5 0 0 -2 2 1 7 3 a4 2 9 4 0
=95 1 0o o o =07 e & 2 12 0 =29 14 2 7 5 2 =2 4 4 2 1 =% 9 4 2 0
B CFR ranking in solid tumors c Correlation between ORR of pembrolizumab and CFR
P S A S 0 - - P Orecive Response Rats
05 = =069,p= lear-Cll-Renal-Cel
o 2 P ?! (no. of patients evaluated)
. = ° ® 500
S ry 2 Melanoma Thymoma | @ 1000
it i & Ugtheiial ® 1500
2 @ 2000
«
Eo 220 JSCLC Hepgtocelluiar cFR
& &°| Head and Neck Niesothelioma Pg! {0 of samples analyzsd)
4 2
£ g | Esophageal = Gervical (1000
1 2 &
LR £10  Gastic— a0 Quarian 750
S | sacom&Bpotngiocarcingma 500
05 C . Coon Prostate 20
LSS 0 L e 5 ey of Pancreatic
00 0II90890080040830300 8250030 F
225882898328322233333R¢E282R¢%8 025 o2 s 230 908 000
#h3Eu2R32835833¢4 §8ESs225EES Mean of CFR
2
CFRvs PDL1 CFRvs PDL1 CFRvs TMB CFRvs TMB
B rooanscic B osersez B pasgssion
« - 1.0 TCGA_NSCLC IMvigor210 1.0
o [l w0 o8 Pan-cancer = o8 Pan-cancer
08 R=20.13,p=0001 o 02| A=-001 p=0881 -
0.11,p—0.008 < 06 < o6
5 = <
~0.36, p=0.066 S 04| S o4
03 ~0.18,p=0005 2 02| 3 o2
g 00 8 oo
00 8 éfa.z—
E 5
-06-{
-03 & e
1.0+
[ —— T T e T y T
[ 3 [ 001 010 10.00 1000.00 O 3 60 9 0 30 60 %0 001 010 1000 1000.00
PDL1 ~logyo P T™MB ~logs P
GSE135222 with anti-PDL1/PDL1 IMvigor210 with an PRJEB23709 with anti-PD1 or210 with anti-PDL1
100 100 100 100 — GFR=high, TMB=high
~ GFR=high, TMB=low
5 ig = - -
Zors ~ CFR=low, PDL1=low Lom _o7s ors CFR=low, TM
3 p=0012 £ £ é
g0s0 3050 5050
£ Z "é 30
¢ Zozs 0z §
|5 bl o B b
5 000 000 00
[ 5 70 3 % T 5 W ® @ % ] 7 7 3 7 '3 I I S R
Time (Months) Time (Months) Time (Years) Time (Months)
Number at risk Number at risk Number at isk Number at risk
13 5 3 i 1 =0 8 s 5 w0 1 10 10 6 3 B S T S VU
3 5 8 H 8 -8 % ®B B8 B8 8 ¥ ¥ 3 ] 9 ® 03 # B8 % 8
- 3 o 8 8 8 =2 % %2 ¥ © 3 ] H H  ; o 29 23 18 13 4 92





OEBPS/Images/fimmu-13-974265-g001.jpg
TCGA NSCLC (RNA-s€d, Numor=1035, Nnorma=106)

GEO NSCLC (RNA'Seq, ntumor=603, nnorma|=20)
TCGA 33 tumors (RNA-seq, n=11093)

to explore the relationship between immune cells and CAFs

to eliminate immunosuppressive effect of CAF, generate a novel parameter called CD8+ T cell/CAF ratio (CFR)

CFR as prognostic biomarker CFR as predictive biomarker for immunotherapy to explore potential mechanisms

l l l

TCGA NSCLC (0S, n=984)
GEO NSCLC (OS, n=603)

GSE135222 (NSCLC with PD1/PD-L1 inhibitors, n=27) TCGA NSCLC (RNA-seq, n=985)
IMvigor210 (urothelial cancer with atezolizumab, n=348) TCGA NSCLC (WES, n=875)
phs000452.v2.p1 (melanomawith with CTLA4 inhibitors, n=42)

TCGA 383 tumors (OS, n=9975)

PRJEB23709 (melanoma with PD1 inhibitors, n=41)
TCGA-SKCM (various types of the immunotherpy cohort, n=70)

Immunohistochemical analysis

validation cohort

Tissue microarray LUAD (OS, n=71) 20 solid tumor types
(ORR with pembrolizumab reported in the literature)

Immunohistochemical analysis

real-world cohort

Fujian Cancer Hospital cohort (PFS, n=61)






OEBPS/Images/fimmu-13-974265-g002.jpg
Wilcoxon, p = 0.009 Wilcoxon, p < 0.001

06
Tumor samples n = 1035 -
0.4
] B ™
8 02 — |
< —
o ML | Bl
& 00 ™ L)
3 =25
-02
_04.........................
S qy&éég@\" (yé&&\\%o R \%,\g&,@& P 00 & \\"16@ «©
° & PGS \ \ o /\
MRS AN IR 6\’\%" & @00‘*’\‘2
I K
9}
&
PAN-Cancer n= 11093

06 06
05 05
i £ 04
o 94 E4
&) o
03 . 03 .
02 02 .
5 =106 . =105 ; n=106 '«
Normal Tumor Normal Tumor
B mnneseoe - . IrS—

3000

Feoearn= 039, p < 0,000,

00
Eosinophis
Nautrophits

o6

2000

NK cells

1000

Expression

Mast cels
ioc

Macrophages
Cytotoxic celis
anc

NK CDS8dIm cells

™7 cels
Tom
o0
DB T cels
opits Tom
3 ™ colls

\1" |

il

il
il

i

W i I
| nﬁ{h

il Ly

WM )

1 1(‘

Cyw\cm: cellgmr

goeT ool TRH

M

| Beols

T colls

T heper cells
T2 cells

e
1] Th17 cells™
0 Tom
NK CDSBight cells®
T helper csls

n=1035

Mmmpnages

em
_ Immune infiration

Immune infiltration B High B Median B Low

ol ] o
g‘ \W!ma DB (
£ (5}*3‘,&@@ FRLLS

TS FLE

& 4 &
FES FLFES L E
ImmuneScore Cor
o type [l e mmune cols [l Adaptve mmune cols colls Sublype L ecats CEISCOr o4 —_— e .
Adaptive immune cells 02-04 M-02-"04 106 02-02-06 -1
0-02 M<-04
P>=005

Immune infiltration B Hoh B8 Modian B8 Low Immune infiltration B8 High B Median B Low

<0.001
<0.001
——

g

0017

o
=5
o

Overall Survival
o
3

.
0251 =076
0.00 ™ ™ ™ - ™ ™
[ H 0 3 6 9 12 15 18
Time (Years)
Kruskal-Walls, p < 0.001 l Number at risk
.
- ; =R I
High Medlan Low —a W g B G & W





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        CD8+ T cell/cancer-associated fibroblast ratio stratifies prognostic and predictive responses to immunotherapy across multiple cancer types

      

        		

          Background

        



        		

          Materials and methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Study design and patient datasets

          



          		

            Genetic signatures

          



          		

            CD8+ T cell/cancer-associated fibroblast ratio and immune cell/cancer-associated fibroblast ratio

          



          		

            Immunohistochemistry

          



          		

            Gene set enrichment analysis

          



          		

            Statistical analyses

          



        



        



        		

          Results

        

          		

            Moderately positive correlation between cancer-associated fibroblasts and immune cell infiltration

          



          		

            CD8+ T cell/cancer-associated fibroblast ratio as an independent favorable prognostic factor for pan-cancer

          



          		

            CD8+ T cell/cancer-associated fibroblast ratio predicts immunotherapeutic benefits across multiple cancer types

          



          		

            CD8+ T cell/cancer-associated fibroblast ratio as an independent and complementary biomarker to programmed death-ligand 1 and tumor mutational burden

          



          		

            CD8+ T cell/cancer-associated fibroblast ratio detected by immunohistochemistry predicts PD-1/programmed death-ligand 1 inhibitor response of non-small cell lung cancer in Fujian cancer hospital cohort

          



          		

            Comparison of the performance of the CD8+ T cell/cancer-associated fibroblast ratio model with a four-class classification model and immunophenotype

          



          		

            Exploration of the differences in molecular characteristics of the CD8+ T cell/cancer-associated fibroblast ratio subgroup

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-974265-g005.jpg
CD8 and aSMA IHC staining

el 1.00 p<0.001
o +Tu = CFR = high (34) 100%
- = CFR = low (27) %
£ p<0.001 = —
] Hozard Rafio =037 CFR™ GFR™  Pvaue
2050 95% CI: 0.19 - 0.75 i _—
& ao% ORR  41%  11% 0009
2 s0%
g0z i DCR  97% <0001
g 0% —_—
&
000
T 2 55 B f0721a1610002220262830 | EEE
Time (Months)
o
Number at risk b
o
= 34322818128 4 3 83 3 3 3 1 1 1 (n=27)

= 27168 2211111111100

CFR high CFRIow

D E F
p=0.108 ORR Prediction
100%
90%:
a0
PDLI™  PDLI<  Pvalue
70%
a0 ORR  40% 1% 0082
bt DCR  83% 87% 0753
a0%
a0
20% W W0 e
10%
o
(n=30)
0.0 0.2 04 0.6 08 1.0
<1% 21%

<1% 21% -
PD-L1(TPS) PD-L1(TPS) 1 - Specificity





OEBPS/Images/fimmu-13-974265-g003.jpg
A

TCGA NSCLC GEO NSCLC
= ICFR = Immune Cells Prvalue Hazard ratio(95% C) = ICFR = Immune Cells Pvalue Hazard ratio(95% C1)
ICFR__Immune Cells ICFR Immune Cells ICFR__Immune Cells ICFR Immune Cells
Cells type Cells type
TFH <0.001  0.001 0.61(0.49-0.76) 0.65(0.51-0.84) B.cells <0.001 0.004 0.80(0.72-0.90) 0.85(0.76-0.95)
Tem <0.001 0.009 0.64(0.52-0.79) 0.72(0.56-0.92) TFH <0.001 <0.001 0.81(0.72-0.90) 0.75(0.67-0.84)
B.ells <0001 0008 066(0.53-081) 075(061-092) Mast cells 0001 0006 083(074092)  085(076-095)
CD8.T cell - <0.001 0.078 0.66(0.54-0.82) 0.82(0.67-1.02) T.helper.cells 0.006 0409 0.85(0.76-0.95) 0.95(0.85-1.06)
Tem <0.001 0.003 0.68(0.55-0.84) 0.72(0.59-0.90) NK.CDS6bright cells 0006 0.199 0.85(0.76-0.95) 0.93(0.83-1.03)
Mast cells - 0002 0.181 0.69(0.54-0.87) 0.84(0.66-1.07) Thi.cells 0.007  0.087 0.85(0.76-0.95) 0.90(0.81-1.01)
iDC - <0.001 0.175 0.70(0.56-0.86) 0.85(0.67-1.07) Tem 0016 0873 0.87(0.78-0.97) 0.99(0.88-1.10)
Thelper.cells = 0001 0109 070(057-087) 083(0.66-1.04) CDBT cels 0020 0035 087076098 088(0.79-0.99)
Eosinophils - 0005 0.149 0.73(0.59-0.91) 1.18(0.94-1.47) Tcells 0033 0.127 0.88(0.79-0.99) 0.91(0.82-1.02)
NK cells 0009 0052 0.74(0.59-0.92) 1.23(0.998-1.5) bc 0032 0.183 0.88(0.79-0.99) 0.92(0.83-1.03)
NK.CD56dim.cells L 0007 0.155 0.75(0.61-0.92) 0.85(0.696-1.0) Eosinophils 0062 0886 0.89(0.80-1.00) 0.99(0.88-1.10)
Neutrophils [ 0019 0043 075(0.59-0.95) 1.26(1.00-157) NK cells 0087 0157 090(081-1.01) 1.08(0.97-1.21)
Thi cells = 0009 0054 075(061-0.93) 124(099-1.56) Tem 0107 0652 091(081-1.02) 102(0.91-1.14)
Thi7.cells 0013 0.199 0.76(0.61-0.94) 0.86(0.68-1.08) ibc 0128 0770 0.91(0.82-1.02) 0.98(0.88-1.09)
Tcels L) 0013 0078 0.76(0.62-0.94) 0.82(0.67-1.02) Thi7.cells 0131 0127 0.91(0.82-1.02) 0.91(0.82-1.02)
Cytotoxic.cells LLJ 0016  0.164 0.77(0.62-0.95) 0.85(0.69-1.06) TReg 0200 0.102 0.93(0.83-1.03) 1.09(0.98-1.22)
Tod L 0029 0257 0.79(0.63-0.97) 0.88(0.71-1.09) Tgd 0208  0.830 0.93(0.83-1.04) 1.01(0.90-1.13)
abC L] - 0045  0.006 0.79(0.63-0.99) 1.38(1.09-1.75) abc 0251  0.129 0.93(0.84-1.04) 1.08(0.97-1.21)
Macrophages - - 0045 0075 0.80(0.65-0.99) 1.22(0.98-1.52) Cytotoxic.cells 0425 0986 0.95(0.85-1.06) 0.99(0.89-1.11)
Th2cells - - 0149 0007 0.84(0.67-1.06) 1.34(1.08-1.66) pDC 0430 0872 0.95(0.85-1.06) 1.00(0.90-1.12)
Dc - 0168  0.162 0.85(0.68-1.06) 1.17(0.93-1.46) Th2 cells 0574 <0001 0.96(0.86-1.08) 1.27(1.14-1.42)
pOC - 0206 0117 0.86(0.68-1.08) 1.18(0.95-1.46) Macrophages 0730 0038 0.98(0.87-1.09) 1.12(1.00-1.25)
NK.CD56bright cells L] 0186  0.390 0.86(0.70-1.07) 1.09(0.88-1.36) NK.CDs6dim.cells 0782 0.064 0.98(0.88-1.10) 1.11(0.99-1.23)
TReg . 0417 0111 091(0.73-1.13) 1.18(0.96-1.46) Neutrophils 0188 0003 1.07(0.96-1.20) 1.18(1.06-1.33)
CAF - 0.006 - 1.34(1.08-1.66) CAF — 0.021 - 1.14(1.021.27)
05 o071 100 {141 20 o7t 41
TCGA NSCLC TCGA NSCLC GEO NSCLC GEO NSCLC
CD8Tcells — >0.26 — <0.26 CFR — >-0.22— <-0.22 CD8.T.cell — >0.33 — <0.33 CFR — >-0.17 — <-0.17
100 100 100 100
5 0m 5 om 5 o 5 0
§ £ £ 3
3 o0 3 050 3 osof -- emg 3 om0
§ § p<00b T § p=o00t8 | 3 1 000046 !
8 oz 6 951 Hazardafo = ) 8 921 {igzard Ratio = 0§7 ; LI T S
95%CI;0.54 - 0.84 95%Cl: 0.53 - 0.85 H 95%C 0.5 - 083 :
o 000 i 000 i o d :
T3 5 5% % % T3 T 5w 5 3 O 5 I T 3 B ) T
Time (Years) Time (Years) Time (Years) Time (Years)
Number at risk Number at risk Number at risk Number at risk
— a6 2 ® s 4 2 2 —w w @ 5 8 3 2 — a0 2w w5 1 —o s  w oz w 1
— s 3 @ 2 5 1 0 — e 2 s 1 0o 0 —m s 5 s 0 —m W s 5 8 o
TCGA NSCLC _HR__ lower 95%CI_upper 95%Cl_pvalue GBONSCLE. oo nnnson s s
Univariate Analysis Univariate Analysis
age (>=65 vs <65) —-— 1.26 1.01 157 0.036 age (>=65 vs <65) & 208 272 <0.001
gender (male vs female) e 100 087 136 0449 gender (male vs female) — 1.49 194 0003
stage (stage |to IV) - 149 133 166 <0001 stage (stage |10 IV) i 166 220 <0001
CFR(highvslow) = 086053 081 <0001 = -
Multivariate analysis Mulivariate analysis
age (>=65 vs <65) —_— 131 1.05 164 0016 age (>=65 vs <65) —%——— 205 157 267 <0.001
stage (stage |10 IV) . 150 134 168 <0001 gender (male vs female) —— 143 110 187 0009
CFR (high vs low) o 070 056 087 0001 stage (stage [t V) e 158 119 2,10 0002
T T CFR (high vs low) - 074 057 097 0029
00 100 200 T 1
000 100 200
No. of PAR:Cancer; HazardRatio |,
SubgroupPatients (%) (95% CI)
All patient 9975 (100) L | 0.72(0.67 100.78) <0.001
Dataset '
KIRP 283 (3) = ' 0.31(0.14 10 0.48) <0.001
LGG 506 (5) L] ' 0.40 (0.25 t0 0.54)<0.001
ACC 79(1) . v 0.46(0.13100.8) 0015
THCA 501 (5) - 0.58(0.1410 1.02) 0.056
MESO  84(1) — 0.58(0.29100.87) 0.014
BLCA 403 (4) = 0.60 (0.41 10 0.78)<0.001
STAD 347 (3) -t 0.62(0.42100.81) 0.002
KIRC 525 (5) = 0.64 (0.45 100.84) 0.002
SKCM 454 (5) - 0.65 (0.46 100.85) 0.003
BRCA 1069 (11) 0.70 (0.47 t0.0.94) 0.020
PAAD 176 (2) 0.71(0.42100.99) 0.043
ov 374 (4) 0.72(0.52100.92) 0012
GBM 159 (2) 0.73(0.44 10 1.01) 0.056
LUAD 490 (5) 0.73 (0.50 t0.0.97) 0.031
CESC  291(3) 0.74(0.38 10 1.09) 0.101
LUSC 488 (5) 0.74(0.52100.96) 0.024
SARC 256 (3) 0.75(0.46 10 1.04) 0.077 ~ Costestngn 3} — COSTetsiou (40 — Chrsnign(45) — CAFsion 26) ~ crmn ) — crrow )
READ 157 (2) 0.76(0.24 10 1.28) 0.167 - o -
COAD 433 (4) 0.78(0.45t0 1.12) 0.14
KICH 64 (1) 0.80 (0.07 10 1.53) 0.154 . 1 3"
LIHC 365 (4) - 0.89 (0.57 t0 1.22) 0.344 e Gos e
uvM 80 (1) . 092 (0.29to 1.54) 0.347 i [ . Bo pmoon Eon| poomn -
HNSC 499 (5) - 0.95(0.66 10 1.23) 0515 | EET ] SRR | B
‘ : ‘ : L L L RN L
Number sk Numoerat sk Nomber sk
0.00 0.50 1.00 150 B “s womow 4 o B
Hazard Ratio e wm w8+ o cw m ow w2 e m e s .





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





OEBPS/Images/fimmu-13-974265-g006.jpg
_ oo o —= o0 = =
g g g g
2 202 202 e
5 8 H g
-0s -
| el o] conman oo B conqn oo I | e
G o 08
crangn o y s ‘Pigh oo o - g (st corses oo (regaiely comatod Ceng v (ostay coreaea y o
0 1000 20000 0000 40000 50000 G 1000 20000 30000 40000 50000 0 1000 20000 0000 40000 50000 0 100 20000 30000 40000 50000
Ranked in Ordered Dataset Ranked in Ordered Dataset Ranked in Ordered Dataset Ranked in Ordered Dataset
B e
o BBl oot R BRCAz [
w ] il Tt ARHGEF11" N
g8 ™ | ] 1} [ 1 il wvose:
£ = Il I I [ ! Ttk e
Sg= O 11} | ! ilin] COKSRAPZ'
g5 | I | u I ARIIH BCR"
g | 1 (111} 1 | cnmRos
1% [0} |  ARHGEFa™
<l |I 11000010 1 | |I [| [ljm | ol HDLBP*
5 1% ujjijt sTC2"
g I Il I [ ourar:
4™ | | | 0 I aan
E | | | (I lijn s~
5 % | | il | | | RRAGD
L 1 1 | il carz
o% 1 1 1 PG
z
& el IR Ll fulol g prEN"
¥
E2 ! T cona
23 | | [ PDZD3
-;‘3 w || 1 1 | VAP
% o | | | ] CLDN*

Enrichment plot: HALLMARK _
EPITHELIAL_MESENCHYMAL_TRANSITION

Enrichment plot: ANGIOGENESIS

Enrichment plot:

Enrichment plot: HALLMARK_HYPOXIA

HALLMARK_TGF_BETA_SIGNALING

Alterations [l Missense_Mutation
m Silent

= Nonsense_Mutation
W Splice Region

= Nonstop_Mutation
B Frame Shift Ins

M In_Frame_Del
B Frame Shift Del

CFR [ CFRhigh

B CFRlow





OEBPS/Images/table1.jpg
Total

(N =61)

Age (years) 61 (31-79)
Sex

Female 17 (28%)

Male 44 (72%)
Histology

Adenocarcinoma 27 (44%)

Squamous cell carcinoma 32 (53%)

Adenosquamous carcinoma 1 (2%)

Non-small cell lung cancer 1 (2%)
Race

Asian 61 (100%)
Type of specimens

Paraffin section 10 (16%)

Biopsy 51 (84%)
Regimen

Combination 42 (69%)

Monotherapy 19 (31%)
Type of checkpoint inhibitors

Pembrolizumab 19 (31%)

Camrelizumab 13 (21%)

Nivolumab 9 (15%)

Sintilimab 8 (13%)

Tislelizumab 5 (8%)

Others 7 (12%)
Number of previous therapies

0 23 (37.7%)

1 16 (26.2%)

2 4 (6.6%)

>2 18 (29.5%)
PD-L1

TPS < 1% 18 (29.5%)

TPS 2 1% 30 (49.2%)

Unknown* 13 (21.3%)
Response

PD 11 (18.0%)

PR 17 (27.9%)

SD 33 (54.1%)

TPS, tumor proportion score; CR, complete response; PR, partial response; SD, stable
disease; PD, progressive disease.
*No records in hospital pathology system.
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