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Dysregulation of immune cell infiltration in the tumor microenvironment contributes to the progression of osteosarcoma (OS). In the present study, we explored genes related to immune cell infiltration and constructed a risk model to predict the prognosis of and guide therapeutic strategies for OS. The gene expression profile of OS was obtained from TARGET and Gene Expression Omnibus, which were set as the discovery and verification cohorts. CIBERSORT and Kaplan survival analyses were used to analyze the effects of immune cells on the overall survival rates of OS in the discovery cohort. Differentially expressed gene (DEG) analysis and protein–protein interaction (PPI) networks were used to analyze genes associated with immune cell infiltration. Cox regression analysis was used to select key genes to construct a risk model that classified OS tissues into high- and low-risk groups. The prognostic value of the risk model for survival and metastasis was analyzed by Kaplan–Meier survival analyses, receiver operating characteristic curves, and immunohistochemical experiments. Immunological characteristics and response effects of immune checkpoint blockade (ICB) therapy in OS tissues were analyzed using the ESTIMATE and Tumor Immune Dysfunction and Exclusion algorithms, while sensitivity for both targeted and chemotherapy drugs was analyzed using the OncoPredict algorithm. It was demonstrated that the high infiltration of resting dendritic cells in OS tissues was associated with poor prognosis. A total of 225 DEGs were found between the high- and low-infiltration groups of OS tissues, while 94 genes interacted with others. Through COX analyses, among these 94 genes, four genes (including AOC3, CDK6, COL22A1, and RNASE6) were used to construct a risk model. This risk model showed a remarkable prognostic value for survival rates and metastasis in both the discovery and verification cohorts. Even though a high microsatellite instability score was observed in the high-risk group, the ICB response in the high-risk group was poor. Furthermore, using OncoPredict, we found that the high-risk group OS tissues were resistant to seven drugs and sensitive to 25 drugs. Therefore, our study indicates that the resting dendritic cell signature constructed by AOC3, CDK6, COL22A1, and RNASE6 may contribute to predicting osteosarcoma prognosis and thus therapy guidance.




Keywords: immune cell, signature, osteosarcoma, prognosis, riskscore



Introduction

As a primary malignant bone tumor, osteosarcoma (OS) is the leading cause of cancer-related deaths among children and adolescents (1). Currently, surgery and chemotherapy are the primary treatments for OS. Over the past 30 years, the 5-year survival rate of OS has increased to 70%. However, patients with OS still have a poor prognosis due to drug resistance, metastasis, or recurrence (2, 3). Therefore, an urgent need to identify novel biomarkers for OS that may contribute to therapy practices is apparent.

Previous studies have indicated that the dysregulation of immune cells plays a key role in the malignant activity of osteosarcoma, which also includes metastasis and drug resistance (4, 5). Sun et al. demonstrated lower infiltration of CD8-positive T cells in OS tissues and induced OS cell proliferation (6). Shao et al. demonstrated that M2 macrophages are enriched in primary osteosarcoma tissues, thus activating cancer stem cells in osteosarcoma tissues and inducing drug resistance (7). Therefore, immunotherapy (including adoptive cell therapy, vaccination, and checkpoint inhibitors) has become increasingly popular for cancer therapy in recent years (8). Anti-programmed cell death 1 (PD1) and anti-programmed cell death 1 ligand 1 (PDL1) blockade therapies have shown encouraging results in various preclinical studies (9, 10). However, differing from the success of preclinical studies, a randomized clinical trial conducted by Tawbi et al. in 2017 showed that only 5% of patients with OS had an objective response to pembrolizumab—a PD1 antibody. The authors indicated that different patients with OS have different immune microenvironment characteristics and, therefore, have different responses to immunotherapy (11). Hence, studying the immunological characteristics of OS tissues may contribute to improving immunotherapy efficiency.

In the present study, we aimed to explore genes associated with immune cell infiltration and constructed a risk model to predict the prognosis of OS and thus guide therapeutic strategies for OS. We found that high levels of resting dendritic cells were associated with poorer prognoses in OS, and the risk model (constructed using resting dendritic cell-associated genes) may have remarkable value in predicting OS prognosis and guiding therapy.



Materials and methods


Data acquisition and preprocessing

Gene expression in OS tissues was acquired from the Therapeutically Applicable Research to Generate Effective Treatments (TARGET; https://ocg.cancer.gov/programs/target) database and Gene Expression Omnibus (GEO; accession number: GSE21257; https://www.ncbi.nlm.nih.gov/gds). For the gene expression profile in TARGET, a total of 85 tissues provided by patients had fully equipped clinical messages, including that of age, sex, and metastasis status. The gene expression of GSE21257 was supplied by Buddingh et al. (12), and 53 tissues provided by patients had fully equipped clinical messages. Prior to the analyses, we translated the probe name into gene symbols and performed batch normalization and centralization.



Immune cell analysis

CIBERSORT is an R package that calculates cell fractions from bulk tissue gene expression profiles (13). In the present study, we used CIBERSORT to calculate the number of 22 immune cells in OS. The relationship between immune cells and survival rates of patients with OS was analyzed using Kaplan–Meier survival analyses (log-rank), and p < 0.05 was set as the threshold of significance.



DEG analysis

OS tissues were divided into high- and low-infiltration groups, according to the median level. Differentially expressed genes (DEGs), between the high- and low-infiltration groups, were analyzed using the Limma package (version 3.15), while p < 0.05, and | log fold change (FC)| ≥1 were set as thresholds to select DEGs.



Protein–protein interaction (PPI) network construction and enrichment analysis

DEGs were imported into STRING (https://cn.string-db.org/), with a reliability>0.4, to establish an initial network. In this network, genes with no interactions were removed. The adjusted initial network was visualized using the Cytoscape software (version 3.6.1). Genes in the network were subjected to enrichment analysis. Analyses of biological process (BP), molecular function (MF), and KEGG pathway enrichment were performed using the DAVID database (https://david.ncifcrf.gov/tools.jsp). Terms with a p value of <0.05 were regarded as significant, and the top five terms were visualized.



Construction and verification of the risk model

Gene expression and survival data of patients with OS were imported and used to conduct a univariate COX analysis. Then, survival-associated genes (p < 0.05) were subjected to least absolute shrinkage and selection operator (LASSO) COX analysis to select more important survival-associated genes, by adding appropriate penalties (lambda). Finally (utilizing the Akaike information criterion), an optimal prognostic risk model was built, using a multivariate Cox regression analysis. The prognostic value for survival in the discovery and verification cohorts was analyzed using Kaplan–Meier survival analyses and receiver operating characteristic (ROC) curves. p < 0.05 was defined as the threshold for significance in Kaplan survival analyses, while p < 0.05 and the area under the curve (AUC) being ≥0.65 were set as cutoffs for ROC curve analyses.



Tissue collection and immunohistochemical (IHC) analysis

Written informed consent was obtained from all patients enrolled in the study. A total of 44 OS tissues were collected from the Affiliated Hospital of Guizhou Medical University (Guiyang, China), with the approval of the Human Ethics Committee of Guizhou Medical University. Of the 44 OS tissues, 18 tissues were obtained from patients with metastasis at diagnosis, while 26 tissues were obtained from patients without metastasis at diagnosis. These OS tissues were sliced into 4-μm sections and embedded in paraffin, prior to performing IHC experiments. The paraffin-embedded slices were dried at 60°C, deparaffinized by xylene, and soaked in 100%, 90%, 80%, and 70% ethyl alcohol for 10 min (in that order). Antigen retrieval was performed at 120°C in a citrate buffer (pH 6.0) for 10 minutes. After washing with PBS twice, the slices were incubated with 0.3% H2O2 and 5% bovine serum albumin reagent (Thermo Fisher Scientific, USA) for 30 min, to prevent subsequent non-specific binding. The primary antibodies used were AOC3 (1:500; Cat no. 66834-1-Ig, Proteintech, Wuhan, China), CDK6 (1:200; Cat no. 14052-1-AP, Proteintech, Wuhan, China), COL22A1 (1:250; Cat no. ab121846; Abcam, USA), and RNASE6 (1:100; Cat. ab121111; Abcam, USA), for 14 hours at 4°C. After washing twice with PBS, secondary antibodies were added and incubated for 2 h at room temperature (20°C). Finally, DAB reagent was used to visualize the antigen-antibody complex. The IHC score was determined by the product of the staining area (≤5%, 0; 6%–25%, 1; 26%–50%, 2; 51%–75%, 3; >75%, 4) and depth (none, 0; slight, 1; moderate, 2; strong, 3).



Construction of the nomogram

A nomogram is a way to visualize the results of logistic or Cox regression analyses. According to the size of the regression coefficient of all independent variables to develop a scoring standard, each value level of each independent variable is given a score. For each patient, a total score can be calculated, and the probability of the outcome time of each patient can then be calculated by the conversion function between the score and probability of the outcome (14). Information on age, sex, risk score, and metastasis status were imported and used to perform univariate and multivariate COX analyses, where these analyses were then used to construct the nomogram. The efficiency of the nomogram was set to 1 year, 3 years, and 5 years.



Tumor immune dysfunction and exclusion (TIDE) analysis

The TIDE algorithm, developed by Jiang et al., is a computational framework developed to evaluate the potential of tumor immune escape from the gene expression profiles of cancer samples (15). Therefore, the gene expression of OS tissues was downloaded into the TIDE online database (http://tide.dfci.harvard.edu/) to calculate various immune parameters, including microsatellite instability (MSI) score, PDL1 expression, and myeloid-derived suppressor cell (MDSC) levels, and to predict the response rate of immune checkpoint blockade (ICB). The differences in MSI scores between high- and low-risk scores were analyzed using unpaired t-tests, while the relationship between PDL1 expression, MDSC levels, and risk scores was analyzed by Pearson co-expression analyses. p < 0.05 was set as the level of significance.



OncoPredict for drug sensitivity analysis

The OncoPredict R package was developed by Maeser et al. (16) to predict in vivo drug responses in cancer patients. OncoPredict fits the gene expression profile of tissues to the half-maximal inhibitory concentration (IC50) of the cancer cell lines to drugs from Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org/) and the gene expression profile of cancer lines from the Broad Institute Cancer Cell Line Encyclopedia (CCLE; https://portals.broadinstitute.org/ccle_legacy/home). A total of 198 drugs were calculated, and the sensitivity of the drugs (between the high- and low-risk groups) was analyzed using unpaired t-tests. p < 0.05 was set as the threshold for significance.




Results


High infiltration of resting dendritic cells was related to poorer prognoses in OS

Previous studies have indicated that dysregulated infiltration of immune cells is associated with the prognosis of patients with OS. We first transformed the gene expression matrix of osteosarcoma tissues in TARGET into the expression levels of 22 types of immune cells, using CIBERSORT (Figure 1A). We found that, among the 22 types of immune cells, a high infiltration of resting dendritic cells was associated with a poorer prognosis in patients with OS (HR = 2.18, 95% confidence interval [CI] = 1.01–4.71; Figure 1B).




Figure 1 | High infiltration of resting dendritic cells was related to poorer prognoses in OS. (A) The gene expression matrix of osteosarcoma tissues in TARGET was transformed into expression levels of 22 immune cells, through CIBERSORT. (B) The effects of the 22 immune cells on the survival rate of OS were analyzed via Kaplan survival analysis.





Genetic characterization of OS tissues with high infiltration of resting dendritic cells

We then divided the OS tissues into high- and low-infiltration groups, according to the median levels of resting dendritic cells within these tissues. DEG analysis was performed, and a total of 175 upregulated genes and 50 downregulated genes were observed in OS tissues with a high infiltration of resting dendritic cells versus those with a low infiltration of resting dendritic cells (Figures 2A, B). We then performed a PPI network analysis and found that 94 of these genes were related to others (Figure 2C). Therefore, these 94 genes were set as resting dendritic cell-associated genes, and we focused on them. GO analysis revealed that these 94 genes were enriched in “ossification” (BP term; Figure 2D), “extracellular matrix organization” (BP term; Figure 2D), “extracellular structure organization” (BP term; Figure 2D), “tissue remodeling” (BP term; Figure 2D), “bone mineralization” (BP term; Figure 2D), “matrix structural constituent” (MF term; Figure 2E), “tyrosine kinase activity” (MF term; Figure 2E), “protein kinase activity” (MF term; Figure 2E), “peptide binding” (MF term; Figure 2E), and “metalloendopeptidase activity” (MF term; Figure 2E). KEGG analysis indicated that these genes were enriched in the MAPK, PI3K-AKT, cell adhesion, Rap1, and Ras pathways (Figure 2F).




Figure 2 | Genetic characterization of OS tissues with high infiltration of resting dendritic cells. (A) Volcano plot exhibiting the upregulated and downregulated genes in OS tissues between groups with high and low infiltration of resting dendritic cells. (B) Heatmap plot exhibiting the upregulated and downregulated genes in OS tissues between groups with high and low infiltration of resting dendritic cells. (C) PPI network indicating the relationship between the 94 genes associated with the infiltration of resting dendritic cells. (D) Biological process analyses for the 94 genes associated with the infiltration of resting dendritic cells. (E) Molecular function analyses for the 94 genes associated with the infiltration of resting dendritic cells. (F) KEGG analysis for the 94 genes associated with the infiltration of resting dendritic cells.





Construction of risk model using resting dendritic cell-associated genes

First, univariate COX analyses were performed for these 94 resting dendritic cell-associated genes to calculate their prognostic value. The expression of 14 genes (SOST, MCAM, COL22A1, AOC3, CYFIP2, ISM1, PYGM, DKK1, BMP2, BAMBI, SCL36A2, EBF1, FAT3, and CYGB) was associated with a shorter overall survival rate of OS, while the expression of seven genes (CDK6, FAP, C1R, EGFR, SLC38A4, FBLN1, and RNASE6) was associated with an increased overall survival rate of OS (Figure 3A). LASSO COX analysis was then conducted, and seven genes of them (including AOC3, CDK6, COL22A1, EBF1, MCAM, RNASE6, and SLC38A4) were obtained as more important genes (Figures 3B, C). Moreover, by performing multivariate COX analyses for these seven more important genes, four genes (AOC3, CDK6, COL22A1, and RNASE6) were used to construct the risk model (risk score = 0.307745*COL22A1 expression + 0.43972*AOC3 expression – 0.44907*CDK6 expression – 0.67038*RNASE6 expression; Figure 3D). CDK6, COL22A1, and RNASE6 also had prognostic value in TARGET patients with OS, as per multivariate COX analyses (Figure 3D).




Figure 3 | Construction of a risk model. (A) Univariate COX regression analysis for the 94 genes associated with the infiltration of resting dendritic cells. (B, C) LASSO analysis for other important genes associated with the survival rate of OS. (D) The HR and p value of genes (including AOC3, CDK6, COL22A1 and RNASE6) under multivariate COX analysis are shown.





The risk model exhibited high prognostic value in the TARGET discovery cohort

The prognostic value of the risk model was first determined in the TARGET discovery cohort. Therefore, OS tissues in TARGET were divided into high- and low-risk groups, according to median risk scores (Figure 4A). A shorter overall survival rate was observed in the high-risk group than in the low-risk group (Figure 4B). ROC analysis demonstrated that the diagnostic value (AUC) of this risk model for the 1-year, 3-year, and 5-year survival rates of patients with OS in the TARGET cohort were 0.837, 0.805, and 0.842, respectively (Figures 4C–E). Moreover, high-risk groups had a higher proportion of deaths (Figure 4F). Furthermore, we found that the expression of COL22A1 and AOC3 was increased in high-risk score groups, whereas the expression of CDK6 and RNASE6 was reduced in high-risk score groups (Figure 4G). Taken together, these results indicate that the risk model exhibited a high prognostic value in the TARGET discovery cohort.




Figure 4 | The risk model exhibits high prognostic value in the TARGET discovery cohort. (A) OS tissues in TARGET were divided into low- and high-risk groups, according to median risk scores. (B) Kaplan survival analysis indicated the difference between low- and high-risk group OS tissues in TARGET. (C–E) ROC analyses of the risk model for the 1-year, 3-year, and 5-year survival rates for OS patients in TARGET. (F) Alive and death cases between low- and high-risk group OS tissues in TARGET. (G) Expression of COL22A1, CDK6, RNASE6 and AOC3 between low- and high-risk group OS tissues in TARGET.





The risk model exhibited high prognostic value in the GSE21257 verification cohort

The gene expression profile of GSE21257 was set as the verification cohort, and the tissues were divided into high- and low-risk groups according to the medium-risk score (Figure 5A). The results indicated that a lower overall survival rate was observed in the high-risk group than in the low-risk group (Figure 5B). ROC analysis demonstrated that the diagnostic value (AUC) of this risk model for the 1-year, 3-year, and 5-year survival rates of patients with OS in GSE21257 were 0.745, 0.681, and 0.703, respectively (Figures 5C–E). Moreover, the results indicated that the high-risk groups also had a higher proportion of deaths (Figure 5F). Furthermore, we found that the expression of COL22A1 and AOC3 was also elevated in the high-risk group, whereas CDK6 and RNASE6 expression was decreased in the high-risk group (Figure 5G). In conclusion, the risk model exhibited high prognostic value in the verification cohort GSE21257.




Figure 5 | The risk model exhibits high prognostic value in the GSE21257 verification cohort. (A) OS tissues in GSE21257 were divided into low- and high-risk groups according to median risk scores. (B) Kaplan survival analysis indicated the difference between low- and high-risk group OS tissues in GSE21257. (C–E) ROC analysis of the risk model for the 1-year, 3-year, and 5-year survival rates for OS patients in GSE21257. (F) Alive and death cases between low- and high-risk group OS tissues in GSE21257. (G) Expression of COL22A1, CDK6, RNASE6 and AOC3 between low- and high-risk group OS tissues in GSE21257.





The risk model had the potential to predict metastasis in patients with OS

More metastasis cases (TARGET, 35.7% and GSE21257, 87.5%) were found in the high-risk group than in the low-risk group (TARGET, 13.9% and GSE21257, 52.6%; Figure 6A). ROC analyses indicated that the diagnostic values (AUC) of the risk model for predicting metastasis were 0.741 and 0.720 for OS patients in TARGET and GSE21257, respectively (Figure 6B). Moreover, we detected the expression of AOC3, COL22A1, CDK6, and RNASE6 in OS tissues obtained from patients with metastasis (n = 18) versus those without metastasis (n = 26), using IHC. We found that the protein levels of AOC3 and COL22A1 were increased, and RNASE6 was decreased in OS tissues from patients with metastasis (Figures 6C, D). These results indicate that the risk model has the potential to predict metastasis in patients with OS.




Figure 6 | The risk model has the potential to predict metastasis in patients with OS. (A) Non-metastasis and metastasis cases between low- and high-risk group OS tissues in the TARGET and GSE21257 cohorts. (B) ROC analysis for the diagnostic value of the risk model in the prediction of OS tissue metastasis. (C, D) IHC was performed to detect the expression of COL22A1, CDK6, RNASE6 and AOC3 in non-metastasis and metastasis OS tissues (magnification 200× and 400×). *p < 0.05; **p < 0.01; ns, no significant.





The risk model can act as an independent factor for predicting OS patient prognosis

Information on age, sex, metastasis status, and risk score of all patients with OS in the TARGET and GSE21257 groups was used to conduct Cox regression analyses. Risk score and metastasis status could act as independent factors for predicting OS patient prognosis (Table 1). To further help in predicting OS patient prognosis, a nomogram was constructed (Figure 7A), which showed high prognostic value for the 1-year, 3-year, and 5-year survival rates (Figure 7B).


Table 1 | Univariate and multivariate COX regression analyses for age, gender, risk score, and metastasis status in OS tissues.






Figure 7 | Construction of the nomogram. (A) Age, gender, risk score, and metastasis was used to construct the nomogram. (B) Efficiency of the nomogram in the 1-year, 3-year, and 5-year survival rates of patients with OS.





The high-risk group patients with OS exhibited resistance to ICB

We then analyzed immunological characteristics of the high- and low-risk OS tissues. We found that microsatellite instability (MSI) scores were higher in the high-risk group than in the low-risk group (Figure 8A). The risk score was negatively associated with PDL1 expression (R = -0.37, p < 0.01; Figure 8B) and positively associated with MDSC cell levels (R = 0.24, p < 0.01; Figure 8C). Moreover, by performing TIDE analyses, we found that both exclusion and TIDE scores were higher in the high-risk groups of patients with OS than in the low-risk groups, while dysregulation scores were reduced in the high-risk groups (Figure 8D). Moreover, the proportion of non-responders to ICB therapy was higher in the high-risk group (70.7%) than in low risk group (52.5%; Figure 8E). These results indicate that the high-risk group of patients with OS exhibited resistance to ICB.




Figure 8 | The high-risk group patients with OS exhibit resistance to ICB. (A) MSI scores between high- and low-risk group OS tissues. (B) Co-expression relationships between risk scores and PDL1 expression. (C) Co-expression relationships between risk scores and MDSC levels. (D) The difference of exclusion, dysregulation, and TIDE scores between high- and low-risk group OS tissues. (E) Predication of non-responder and responder numbers after ICB in high- and low-risk group OS tissues. *p < 0.05, **p < 0.01.





Selecting suitable drugs for the high-risk group of patients with OS, via OncoPredict

To explore suitable drugs for patients with high-risk scores, we transformed the gene expression of OS tissues in the TARGET and GSE21257 groups into a drug sensitivity matrix, using the OncoPredict algorithm (Figure 9A). All scores for each sample are exhibited in Supplementary Table 1. OS tissues from high-risk group patients exhibited greater resistance to seven drugs, including those of AZD8055 (targeting drug, mTOR inhibitor), XAV939 (targeting drug, tankyrase inhibitor), AZD1332 (targeting drug, receptor tyrosine kinase inhibitor), Entospletinib (targeting drug, Syk inhibitor), ERK 2440 (targeting drug, ERK inhibitor), AZ960 (targeting drug, JAK inhibitor), and Uprosertib (targeting drug, AKT inhibitor), than those from low-risk group patients (Figure 9B). OS tissues from high-risk group patients were more sensitive to 25 drugs, including those of ABT737 (targeting drug, Bcl-2 inhibitor), BMS-345541 (targeting drug, IKK inhibitor), Navitoclax (targeting drug, Bcl-2 inhibitor), TAF1 5496 (targeting drug, TAF1 inhibitor), I-BRD9 (targeting drug, BRD9 inhibitor), Linsitinib (targeting drug, IGF-1R inhibitor), Vorinostat (targeting drug, HDAC inhibitor), Nilotinib (targeting drug, Bcr-abl inhibitor), Venetoclax (targeting drug, Bcl-2 inhibitor), VE-822 (targeting drug, ATM inhibitor), AGI-5198 (targeting drug, IDH inhibitor), Osimertinib (targeting drug, EGFR inhibitor), Daporinad (targeting drug, NMPRTase inhibitor), Tamoxifen (Chemotherapy drug), VE821 (targeting drug, ATM inhibitor), UMI-77 (targeting drug, Bcl-2 inhibitor), Dihydrorotenone (mitochondrial inhibitor), KRAS (G12C) Inhibitor-12 (targeting drug, KRAS inhibitor), AZD6738 (targeting drug, ATR inhibitor), WEHI-539 (targeting drug, BCL-XL inhibitor), Sabutoclax (targeting drug, Bcl-2 inhibitor), Lapatinib (targeting drug, EGFR/HER2 inhibitor), AZD5991 (targeting drug, MCL-1 inhibitor), LY2109761 (targeting drug, TGF-β Receptor I/II inhibitor) and NVP-ADW742 (targeting drug, IGF1R inhibitor; Figure 9C) than were OS tissues from low-risk group patients. We believe that these drugs may help in the treatment of OS patients with high-risk scores.




Figure 9 | Selecting suitable drugs for high-risk group patients with OS via OncoPredict. (A) OncoPredict was used to transform the gene expression profile of OS tissues in the TARGET and GSE21257 groups into a drug sensitivity matrix of 198 drugs. (B) Resistant drugs identified in high-risk groups in both the TARGET and GSE21257 cohorts. (C) Sensitive drugs identified in high-risk groups in the TARGET and GSE21257 cohorts.






Discussion

The effectiveness of immunotherapy in the treatment of several cancers has gained recognition in recent years. Similarly, immunotherapy is expected to be widely used in the treatment of OS. However, compared with its success in preclinical studies, the clinical effectiveness of immunotherapy is limited by different immune microenvironments in OS tissues (17). For example, Groisberget et al. demonstrated that only 26% of patients with OS yielded a partial response or experienced stable disease progression after immunotherapy (18). Regarding clinical traits assessed by Ullenhag et al., the effective rate was 30% (19). Therefore, the identification of genes associated with the immune characteristics of OS may contribute to improved diagnosis of and therapy for OS.

In the present study, we first calculated the number of immune cells in OS tissues. We found that high levels of resting dendritic cells were associated with poorer prognoses. Being the most typical type of antigen-presenting cell, dendritic cells bridge the gap between innate and adaptive immunity, which also includes antitumor T-cell activation. Dendritic cells are activated during immunoreaction. Activated dendritic cells recognize and process immune signals and present antigens to T cells, thus activating immunological cascades (20, 21). Therefore, high levels of resting dendritic cells indicate lower levels of immunoreaction. Consistent with previous studies, our results indicate that activated dendritic cells may contribute to improving OS survival rate.

We then analyzed gene expression differences between the high and low dendritic cell group OS tissues. A total of 94 key dendritic cell-associated genes were identified, and four genes associated with the survival of patients with OS (including AOC3, CDK6, COL22A1, and RNASE6) were used to construct the risk model. AOC3 encodes a cell adhesion protein that mediates lymphocyte binding to peripheral lymph node vascular endothelial cells during lymphocyte extravasation and recirculation, in an L-selectin-independent fashion (22). AOC3 is dysregulated in various cancers, with contradictory roles. In colorectal cancer, AOC3 expression is reduced in both in situ tissues and serum, and reduced AOC3 expression is related to poorer prognoses (23). In breast cancer, AOC3 is highly expressed and is positively associated with lymphatic invasion and distant metastasis (24). CDK6 is a serine/threonine-protein kinase involved in the control of the cell cycle and cell differentiation, and has the potential to promote G1/S transition (25). Oncogenic effects have been widely reported in various cancer types, including those of OS. COL22A1 encodes a collagen family member that is thought to be involved in stabilizing myotendinous junctions and strengthening skeletal muscle attachment (26). High expression of COL22A1 was observed in head and neck cancer, and was correlated with a decrease in disease-free survival (27). RNASE6 is a secreted protein with broad-spectrum antimicrobial activity against pathogenic bacteria (28). However, the role of RNASE6 in cancer is unclear. In the present study, we found that the risk model constructed by AOC3, CDK6, COL22A1, and RNASE6 showed distinct prognostic value for OS in both TARGET and GSE21257 groups, as well as for predicting metastasis. Furthermore, this risk model was found to be an independent factor for OS. We believe that this risk model may aid in OS diagnosis.

Immunological characteristics, including tumor mutation burden (TMB) and the MSI score of tumor tissues, can indicate the therapeutic effects of ICB (29, 30). Previous studies have indicated that high TMB and MSI in tumor tissues indicate beneficial effects after ICB (31). To analyze the benefit for patients with OS, we analyzed the MSI score in the high- and low-risk groups. Our results indicated that the MSI score was higher in the high-risk group, suggesting that the high-risk group patients had a greater benefit from ICB. However, after calculating other parameters, we found that the risk score was negatively associated with PDL1 expression and positively associated with MDSC levels. High exclusion and TIDE scores were observed in the OS tissues of the high-risk group, while the dysregulation score was reduced. These parameters inversely indicated that the high-risk group had a lesser benefit from ICB, while the low-risk group had a greater benefit from ICB. Combining these parameters, we speculated that, although high MSI scores would induce immune responses, the lack of activated dendritic cells ultimately prevents T cells from being activated to effectively kill tumors. Similarly, because this type of immune escape was not due to PDL1 overexpression in OS tumors in the high-risk group, some ICB strategies for targeting surface antigens of T cells were less beneficial. This supposition was consistent with some evidence from clinical traits, where supplementation of activated dendritic cells combined with ICB was more beneficial than ICB alone, in the context of OS (32, 33). Based on this evidence, we consider that the risk model provided in the present study has remarkable value in guiding ICB. Finally, we performed OncoPredict and found that the high-risk group OS tissues were resistant to seven drugs and sensitive to 25 drugs. This evidence may also contribute to guiding chemotherapy and targeted therapies for OS.

Our study has some limitations. First, whether and how the four genes (AOC3, COL22A1, CDK6, and RNASE6) affect the activation of dendritic cells has not been studied. The sensitivity of OS tissues to chemotherapy and targeted drugs also needs to be verified.

In conclusion, the signature constructed by four key genes associated with the level of dendritic cells (AOC3, COL22A1, CDK6, and RNASE6) had remarkable prognostic value for predicting prognosis and metastasis in patients with OS, as well as guiding ICB, chemotherapy, and targeted chemotherapy for OS.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.



Ethics statement

Written informed consent was obtained from the individual(s), and minor(s)’ legal guardian/next of kin, for the publication of any potentially identifiable images or data included in this article.



Author contributions

CH, HC, and XT designed the experiments in this study. RP, FP, and ZZ performed the analyses and experiments. SL, YSY, and YY performed these experiments. All the authors have read and agreed to submit the final version of the manuscript.



Funding

The present study was funded by the National Natural Science Foundation of China (82060491, 82160665 and 82160543), the Guiyang High-level Innovative Youth Health Talents Training Program Project (2020 Zhuweijian Technology Contract No. 018), the Department of Science and Technology of Guizhou ([2022]232), the Basic Research Program of the Guizhou Province Technology Bureau (No. ZK [2021] General-568), the Family Planning Commission of Guizhou Province (gzwkj2021-442), and The 2021 National Foundation Cultivation Program of Guizhou Medical University (20NSP080).



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.2022.1017120/full#supplementary-material

  
Supplementary Table 1 | Drug score of 198 drugs in each sample.



References

1. Ritter, J, and Bielack, SS. Osteosarcoma. Ann Oncol (2010) 21(Suppl 7):vii320–5. doi: 10.1093/annonc/mdq276

2. Benjamin, RS. Adjuvant and neoadjuvant chemotherapy for osteosarcoma: A historical perspective. Adv Exp Med Biol (2020) 1257:1–10. doi: 10.1007/978-3-030-43032-0_1

3. Ferrari, S, and Serra, M. An update on chemotherapy for osteosarcoma. Expert Opin Pharmacother (2015) 16:2727–36. doi: 10.1517/14656566.2015.1102226

4. Cascini, C, and Chiodoni, C. The immune landscape of osteosarcoma: Implications for prognosis and treatment response. Cells (2021) 10:1668. doi: 10.3390/cells10071668

5. Huang, Q, Liang, X, Ren, T, Huang, Y, Zhang, H, Yu, Y, et al. The role of tumor-associated macrophages in osteosarcoma progression - therapeutic implications. Cell Oncol (Dordr) (2021) 44:525–39. doi: 10.1007/s13402-021-00598-w

6. Sun, CY, Zhang, Z, Tao, L, Xu, FF, Li, HY, Zhang, HY, et al. T Cell exhaustion drives osteosarcoma pathogenesis. Ann Transl Med (2021) 9:1447. doi: 10.21037/atm-21-3928

7. Shao, XJ, Xiang, SF, Chen, YQ, Zhang, N, Cao, J, Zhu, H, et al. Inhibition of M2-like macrophages by all-trans retinoic acid prevents cancer initiation and stemness in osteosarcoma cells. Acta Pharmacol Sin (2019) 40:1343–50. doi: 10.1038/s41401-019-0262-4

8. Abbott, M, and Ustoyev, Y. Cancer and the immune system: The history and background of immunotherapy. Semin Oncol Nurs (2019) 35:150923. doi: 10.1016/j.soncn.2019.08.002

9. Liu, X, He, S, Wu, H, Xie, H, Zhang, T, and Deng, Z. Blocking the PD-1/PD-L1 axis enhanced cisplatin chemotherapy in osteosarcoma in vitro and in vivo. Environ Health Prev Med (2019) 24:79. doi: 10.1186/s12199-019-0835-3

10. Lussier, DM, O’Neill, L, Nieves, LM, McAfee, MS, Holechek, SA, Collins, AW, et al. Enhanced T-cell immunity to osteosarcoma through antibody blockade of PD-1/PD-L1 interactions. J Immunother (2015) 38:96–106. doi: 10.1097/CJI.0000000000000065

11. Tawbi, HA, Burgess, M, Bolejack, V, Van Tine, BA, Schuetze, SM, Hu, J, et al. Pembrolizumab in advanced soft-tissue sarcoma and bone sarcoma (SARC028): A multicentre, two-cohort, single-arm, open-label, phase 2 trial. Lancet Oncol (2017) 18:1493–501. doi: 10.1016/S1470-2045(17)30624-1

12. Buddingh, EP, Kuijjer, ML, Duim, RA, Bürger, H, Agelopoulos, K, Myklebost, O, et al. Tumor-infiltrating macrophages are associated with metastasis suppression in high-grade osteosarcoma: A rationale for treatment with macrophage activating agents. Clin Cancer Res (2011) 17:2110–9. doi: 10.1158/1078-0432.CCR-10-2047

13. Chen, B, Khodadoust, MS, Liu, CL, Newman, AM, and Alizadeh, AA. Profiling tumor infiltrating immune cells with CIBERSORT. Methods Mol Biol (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12

14. Park, SY. Nomogram: An analogue tool to deliver digital knowledge. J Thorac Cardiovasc Surg (2018) 155:1793. doi: 10.1016/j.jtcvs.2017.12.107

15. 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

16. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: An r package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Brief Bioinform (2021) 22:bbab260. doi: 10.1093/bib/bbab260

17. Corre, I, Verrecchia, F, Crenn, V, Redini, F, and Trichet, V. The osteosarcoma microenvironment: A complex but targetable ecosystem. Cells (2020) 9:976. doi: 10.3390/cells9040976

18. Groisberg, R, Hong, DS, Behrang, A, Hess, K, Janku, F, Piha-Paul, S, et al. Characteristics and outcomes of patients with advanced sarcoma enrolled in early phase immunotherapy trials. J Immunother Cancer (2017) 5:100. doi: 10.1186/s40425-017-0301-y

19. Ullenhag, GJ, Spendlove, I, Watson, NF, Kallmeyer, C, Pritchard-Jones, K, and Durrant, LG. T-Cell responses in osteosarcoma patients vaccinated with an anti-idiotypic antibody, 105AD7, mimicking CD55. Clin Immunol (2008) 128:148–54. doi: 10.1016/j.clim.2008.03.512

20. Wculek, SK, Cueto, FJ, Mujal, AM, Melero, I, Krummel, MF, and Sancho, D. Dendritic cells in cancer immunology and immunotherapy. Nat Rev Immunol (2020) 20:7–24. doi: 10.1038/s41577-019-0210-z

21. Gardner, A, and Ruffell, B. Dendritic cells and cancer immunity. Trends Immunol (2016) 37:855–65. doi: 10.1016/j.it.2016.09.006

22. Boyer, DS, Rippmann, JF, Ehrlich, MS, Bakker, RA, Chong, V, and Nguyen, QD. Amine oxidase copper-containing 3 (AOC3) inhibition: A potential novel target for the management of diabetic retinopathy. Int J Retina Vitreous (2021) 7:30. doi: 10.1186/s40942-021-00288-7

23. Ward, ST, Weston, CJ, Shepherd, EL, Hejmadi, R, Ismail, T, and Adams, DH. Evaluation of serum and tissue levels of VAP-1 in colorectal cancer. BMC Cancer (2016) 16:154. doi: 10.1186/s12885-016-2183-7

24. Lai, YC, Chang, SJ, Kostoro, J, Kwan, AL, and Chai, CY. Vascular adhesion protein-1 as indicator of breast cancer tumor aggressiveness and invasiveness. APMIS (2018) 126:755–61. doi: 10.1111/apm.12885

25. Nebenfuehr, S, Kollmann, K, and Sexl, V. The role of CDK6 in cancer. Int J Cancer (2020) 147:2988–95. doi: 10.1002/ijc.33054

26. Ton, QV, Leino, D, Mowery, SA, Bredemeier, NO, Lafontant, PJ, Lubert, A, et al. Collagen COL22A1 maintains vascular stability and mutations in COL22A1 are potentially associated with intracranial aneurysms. Dis Model Mech (2018) 11:dmm033654. doi: 10.1242/dmm.033654

27. Misawa, K, Kanazawa, T, Imai, A, Endo, S, Mochizuki, D, Fukushima, H, et al. Prognostic value of type XXII and XXIV collagen mRNA expression in head and neck cancer patients. Mol Clin Oncol (2014) 2:285–91. doi: 10.3892/mco.2013.233

28. Seto, M, Weiner, RL, Dumitrescu, L, Mahoney, ER, Hansen, SL, Janve, V, et al. RNASE6 is a novel modifier of APOE-ϵ4 effects on cognition. Neurobiol Aging (2022) 118:66–76. doi: 10.1016/j.neurobiolaging.2022.06.011

29. Lichtenstern, CR, Ngu, RK, Shalapour, S, and Karin, M. Immunotherapy, inflammation and colorectal cancer. Cells (2020) 9:618. doi: 10.3390/cells9030618

30. Jiang, M, Jia, K, Wang, L, Li, W, Chen, B, Liu, Y, et al. Alterations of DNA damage response pathway: Biomarker and therapeutic strategy for cancer immunotherapy. Acta Pharm Sin B (2021) 11:2983–94. doi: 10.1016/j.apsb.2021.01.003

31. Lin, A, Zhang, J, and Luo, P. Crosstalk between the MSI status and tumor microenvironment in colorectal cancer. Front Immunol (2020) 11:2039. doi: 10.3389/fimmu.2020.02039

32. Miwa, S, Nishida, H, Tanzawa, Y, Takeuchi, A, Hayashi, K, Yamamoto, N, et al. Phase 1/2 study of immunotherapy with dendritic cells pulsed with autologous tumor lysate in patients with refractory bone and soft tissue sarcoma. Cancer (2017) 123:1576–84. doi: 10.1002/cncr.30606

33. Krishnadas, DK, Shusterman, S, Bai, F, Diller, L, Sullivan, JE, Cheerva, AC, et al. A phase I trial combining decitabine/dendritic cell vaccine targeting MAGE-A1, MAGE-A3 and NY-ESO-1 for children with relapsed or therapy-refractory neuroblastoma and sarcoma. Cancer Immunol Immunother (2015) 64:1251–60. doi: 10.1007/s00262-015-1731-3



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 Pan, Pan, Zeng, Lei, Yang, Yang, Hu, Chen and Tian. 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.2022.1017120_cover.jpg
’ frontiers l Frontiers in Immunology

A novel immune cell signature
for predicting osteosarcoma
prognosis and guiding therapy





OEBPS/Images/fimmu-13-1017120-g009.jpg
Drug score of samples in TARGET

Drug score of samples in GSE21257

A
. [=mmirmmm bR AT e . [T e PR T | T e P 1
R BRINIEE NI | 0N BRI ) BN N S— ] E—
(ka1 SETR O T Ep |
fek oy ] | s
S e A ' “§ER : F=-1
E Ly - EE i o = o= |
[ s Ly g % o
b} T e e = = |
[E"! ; AR Lt e -5 g
ikl S s 3 = B I
E - . i S 1 e =f i
E! i (] - E i = n ] § e
e TN L LR [=: =g G t g
%." = . F n_'- - EE '= = = -- a
i K - g o= i . H a B s
. - ES s - |
Chs r E { %I = b g
= " e | =pt s =a o = "
Er - . -:'-. ¥ i {%: -f ¢ a - :Group -
i e e, % a5 @High risk
[%'E 1 -i e R g: e ] “ @Lowrisk
EES Tk e A, o
B

Resistant drugs in high-risk
group in TARGET

AZD8055
XAV939
AZD1332
Entospletinib
ERK 2440

AZ960
Uprosertib

Resistant drugs in high-risk
group in GSE21257

Sensitivity drugs in high-risk
group in TARGET

ABT737 BMS-345541
Dihydrorotenone TAF15496

1-BRD9 Linsitinib
Vorinostat Nilotinib
Venetoclax  VE-822
AGI-5198  Osimertinib
KRAS (G12C) Inhibitor-12
Daporinad  Tamoxifen
VES821 UMI-77
Navitoclax ~AZD6738
Resistant drugs in high-risk Lapatinib WEHI-539
group in GSE21257 AZD5991  LY2109761

NVP-ADW742 Sabutoclax






OEBPS/Images/fimmu-13-1017120-g004.jpg
Survival analysis

TARGET-cohort

high risk
low risk

Risk score

True positive rate

Survival time (years)

L
°
2
4
5
@
T T T T T 4
0 20 40 60 80 0 2 Tlmee ears 10 12
Patients (increasing risk score) (year)
D
1.0 o
0.8+ 0.8
o )
® ®
0.6 e 0.6 e
g g
0.4+ S 0.4 o
o o
E E
= =
0.24 0.2
1-year 3-year 5-year
0.0 AUC = 0.837 0.0 AUC = 0.805 AUC =0.842
0.2 04 0.6 0.8 10 0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 08 1.0
False positive rate False positive rate False positive rate
G High
TARGET cohort c
2 = . coL22A1 3
o . . 2
8 : . : s . coks
6 w it @ . N .
4 e . ot AOC3
o .o

20

40
Patients (increasing risk score)

60

RNASE6

N

k.





OEBPS/Images/fimmu-13-1017120-g006.jpg
Patient number

D
12.
10 -
3
8
2
2 s

GSE21257

40 = Metastasis
Non-metastasis

TARGET

@
t=}

Patient number
N
o

10
0
Low risk  High risk Lowrisk  High risk
AOC3 COL22A1
Non-metastasis Non-metastasis

Metastasis

1.0 TARGET 1.0

0.8 08|
g 0.6 Zos|
] =]
2 2
$04 S04

0.2 02

AUC (95% Cl)
; 0.74 (0.87-0.
00 (0.87-0.61) 00
0.0 0.2 0.4 0.6 08 1.0 0.0
1-specificity
CDK6
Metastasis Non-metastasis Metastasis

0.2

Non-metastasis

GSE21257

AUC (95% CI)
0.72 (0.87-0.57)
04 06 08 1.0
1-specificity

RNASE6
Metastasis

COl 22A1

CDKA

RNASES

Group
Metastasis

. Non-metastasis






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A novel immune cell signature for predicting osteosarcoma prognosis and guiding therapy

      

        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data acquisition and preprocessing

          



          		

            Immune cell analysis

          



          		

            DEG analysis

          



          		

            Protein–protein interaction (PPI) network construction and enrichment analysis

          



          		

            Construction and verification of the risk model

          



          		

            Tissue collection and immunohistochemical (IHC) analysis

          



          		

            Construction of the nomogram

          



          		

            Tumor immune dysfunction and exclusion (TIDE) analysis

          



          		

            OncoPredict for drug sensitivity analysis

          



        



        



        		

          Results

        

          		

            High infiltration of resting dendritic cells was related to poorer prognoses in OS

          



          		

            Genetic characterization of OS tissues with high infiltration of resting dendritic cells

          



          		

            Construction of risk model using resting dendritic cell-associated genes

          



          		

            The risk model exhibited high prognostic value in the TARGET discovery cohort

          



          		

            The risk model exhibited high prognostic value in the GSE21257 verification cohort

          



          		

            The risk model had the potential to predict metastasis in patients with OS

          



          		

            The risk model can act as an independent factor for predicting OS patient prognosis

          



          		

            The high-risk group patients with OS exhibited resistance to ICB

          



          		

            Selecting suitable drugs for the high-risk group of patients with OS, via OncoPredict

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-1017120-g002.jpg
A High vs Low B

7] Change Subgroup LA AT AT AT A AT M e T
CIR 8L TR D R R
: | 'V Down-regulated e = 3 i
6 : — (n=50) = = =
: i £
5 A Up-regulated = - = =
° (n=175) =
: gi i fxsh
o = 5 |
S 3+ Subgroup = =
g @Highe Low! % = ==
2 6 == = = =
s
14 B F2 k= > =
04 & |, E = e
: + ] % !
-+ —T T T 4 - 8 e )
-1.0 -05 0.0 0.5 1.0 15 = = % Ll =
Log2 Foldchange
C D
Node = 94 P value (all<0.001)

Low High

BP terms
@ Ossification
Extracellular matrix organization
@ Extracellular structure organization
Tissue remodeling
Bone mineralization

P value (all<0.001)

Pvalue Low High
0.002 0.008 KEGG terms
MF terms @ MAPK pathway

@ PIBK-AKT pathway
@ Cell adhesion molecules
© Rap1 pathway

Ras pathway

@ Matrix structural constituent

.Tyrosine kinase activity

@Protein kinase activity

@ Peptide binding
Metalloendopeptidase activity






OEBPS/Images/fimmu-13-1017120-g005.jpg
A B
GSE21257 cohort Survival analysis
o 2
S S
3 =
@ [
] S
3 s
@
5 10 15 20
10 20 30 40 50 Time (year)
Patients (increasing risk score)
C D E
1.0 1.0
0.81 0.8
Q Q L
s ® ©
Ol 2 %% 2
3 E g
S 0.4 S 0.4 s
o @ o
2 2 2
[ [ =
0.24 0.21
1-year 3-year 5-year
0.04 AUC = 0.745 0.0 AUC =0.681 AUC =0.703
T T T T T
0.0 02 04 06 0.8 1.0 0.0 0.2 04 06 0.8 0.0 02 04 06 0.8 1.0
False positive rate False positive rate False positive rate
F GSE21257 cohort G Low High
O T
- 20 .
@ COL22A1
3 . .
= 15 N
°
£ . RNASE6
= 10 . .
g . . “ s : . L
2 & = & AOC3 2
5 5 7]
3 5 . . “ . . e & . 2
. . ) L ] o e £l
. ¢ g e u CDK6 ]
0L - . - - — o] bX:
0 10 20 30 40 50

Patients (increasing risk score)





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





OEBPS/Images/fimmu-13-1017120-g007.jpg
Points

Age
Gender
Metastasis

Riskscore

Total points.

Liner predictor
Probability of 1-year
Probability of 3-year
Probability of 5-year

01020304050 6070 80
¢ F
Non-‘mn, °
Metastasis
0 2 4 6 H 0o w1

0 o @ S 10 10 1o e une 2

A5 05 0 05 115 2 25 3 3s
095 09 08508075 065055 0403

09 08508075 065055 0.40302 01005

09 08508075 0.65055 0403 02 01005

Observed (%)

1.0

0.8

0.6

0.4

0.2

® Probability of 1
® Probability of 3
® Probability of 5

04 05

T T
0.6 07
Nomogram-predicated (%)

08

0.9





OEBPS/Images/fimmu-13-1017120-g008.jpg
MSI expression

Score

Low-risk  High-risk

Dysfunction

PDL1 expression

R=-0.37, P<0.01

Exclusion

Risk score

15

Group
® Low risk
© High risk

R=0.24, P<0.01

0 5 10 15

Risk score

Il Non-respond
M Respond

Patient number

Low risk High risk





OEBPS/Images/fimmu-13-1017120-g003.jpg
A B 16 14 7 6

Genes Pvalue Hazard ratio (95% CI) X . .
sosT 1.3e3 1.23(1.09-1.40)
MCAM 1.9¢:3 1.84(1.25-2.69) 0.5
coL22a1 24e3 1.38(1.12-1.69)
CDK8 2.5¢-3 0.56(0.38-0.82)
AoC3 2.8e-3 1.91(1.25-2.93)
CYFIP2 44e3 1.42(1.12-1.81)
1sM1 S.le-3 1.38(1.10-1.73)
PYGM 9.6e3 134(1.07-1.67) ” 0.0 4
DKK1 0.01 1.30(1.06-1.60) g
ol
BMP2 0.02 1.43(1.07-1.91) %
FAP 0.02 0.69(0.51-0.94) 8
CIR 0.02 0.71(0.54-0.94)
EGFR 0.02 0.64(0.44-0.92)
-0.5
BAMBI 0.02 1.35(1.05-1.74)
SLC36A2 0.02 1.38(1.04-1.83)
EBF1 0.03 1.60(1.05-2.46)
FAT3 0.04 1.36(1.02-1.81)
SLC38A4 0.04 0.62(0.40-0.97)
FBLN1 004 0.80(0.65-0.99) 1.0
RNASES 0.04 0.74(0.55-0.99) T T T
cves 004 - 1.50(1.01-223) -5 -4 &
T T T T T T T Log Lambda
06 10 14 18 22 26 9
Hazard ratio (95% CI)
C 17 1717 1617 1614 12 8 7777756 6 40 D Multivariate COX regression
164 Aoc3 (N=85) a5 ——®—ooss
(0.99 - 2.44)
8
o 064 5
8 c0Is (209 (0.44-092) 0012
= .
o
3 .
- .
S .
£ 124 1 covzzat -89 13 —a— 0031+
] . (1.037%.80) :
= .
14
104 : RNASES -25) 087y ——B— <0001+
# Events: 27; Global p-value (Log-Rank): 1.1645e-06
AIC: 191.65; Concordance Index: 0.78 % i % B &
T T T X
5 -4 3 2 Hazard ratio (95% CI)

Log Lambda





OEBPS/Images/fimmu-13-1017120-g001.jpg
100

80

Group
Neutrophi's
@Eosinophils
Activated mast cells
@Resting mast cells
Actvated dendritc cells
Resting dendritc cells
@2 macrophages
1 macrophages
@0 macrophages.
Monocytes
@ Activated NK cells
Resting NK cels
Gamma delta T cells
@ Tregs reguiatory T cells
Folicular helper T celis
© Activated D4 memory T cells
esting CO4 memory T cells
Naive CD4 T cells
08 T cells
@Fiasma cells
@Memory B cells
Naive B cels

Group Pvalue Hazard ratio
Naive B cells O T 074035-159)
Memory B cells: 098 1 101044231)
Plasma cells 061 " o317
CDB T cells 023 4 062028:1.36)
Naive CD4 T cells 008 i 1 194091-416)
Resting memory CD4 T cells 075 - ' 088041-155)
Actvated memory CD4 T cells 0.5 i 045020-101)
Foliculr helper T cells 039 ] 076035-169)
Trags regulatory T cells 03 i 070032150
Gamma delta T cells 06 ] 208096-4.49)
Resting NK cells o ] 113053241)
Activated NK cells 08 ket 4 1260.59-269)
Monocytes 01 e 067025-1.76)
MO macrophages 060 1 081038175)
M1 macrophages 0ol 1 032039-175)
M2 macrophages 0 4 L0205.218)

oo i 1 2180.01-471)
Actvated dendric cells 0s b ] 1530524 44)
Resting mast cells ox0 4 110052234)
Actvated mast cells 021 ' 197068-572)
Eosinophils o NaN(NaN-NaX)
Neutrophis NaN NaN(NaN-NaN)

10 20 30 40 50
Hazard ratio (95% Cl)





OEBPS/Images/table1.jpg
Characteristics Total HR(95% CI) Univariate P value Univariate HR(95% CI) Multivariate P value Multivariate

(N) analysis analysis analysis analysis
Age 138 1.009 (0.979-1.040) 0.566 - -
Gender 138 - 0.955 - -
Female 56 Reference - - -
Male 82 0.970 (0.545-1.727) 0.955 - -
Metastasis 138 = <0.001 = =
Yes 56 Reference - - -
No 82 0.173 (0.093-0.323) <0.001 0.200 (0.105-0.379) <0.001

riskScore 138 1.223 (1.146-1.305) <0.001 1.172 (1.099-1.250) <0.001





