Supplementary materials and methods
Pathway enrichment analysis: “pca3d” (0.10.2) package was utilized to present the distinct distribution of glioma samples between high- and low-risk groups. Pearson correlation analysis was carried out using “cor” (4.0.3) package to select the FARGs most strongly linked with RS in TCGA and CGGA RNA-seq datasets (cutoff value R2 > 0.6). Subsequently, clusterProfiler (3.18.1) was used to investigate and visualize enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways for the identified FARGs[1]. Fisher’s exact test followed by the Benjamini correction were carried out and an adjusted p-value of <0.05 was set as the cutoff criterion. A well-known website (http://software.broadinstitute.org/gsea/index.jsp) was used to perform gene set enrichment analysis (GSEA). The median level of RS was used to assigned glioma patients into two groups. Normalized gene expression values were used as input for GSEA software (4.1.0). In this process, P-values were calculated by permuting the genes 1,000 times, and the RS was set as a phenotype. The h.all.v2022.1.Hs.symbols.gmt was chosen as the reference gene set with P adjusted value < 0.05 as the cut-off criteria.
Statistics
R software (4.0.3) was used (“pheatmap” package (1.0.12) for heatmap visualization, “glmnet” package (4.1.4) for Lasso COX regression analysis, “survivalROC” (1.0.3) and “pROC” package (1.18.0) for ROC analysis, “GSVA” package (1.38.2) for oncogenic pathways and immune infiltration analysis, “clusterProfiler” package (3.18.1) for KEGG analysis, “corrplot” package (0.92) for correlation heatmap visualization, ggpubr" package (0.4.0) for box plot visualization). SPSS (version 22.0, univariate and multivariate Cox regression analyses). Chi-square test was performed to investigate the differences of clinicopathologic features between the 2 clusters of glioma patients. Statistical significance between high-risk and low-risk groups was determined with a two-tailed t-test. And univariate and multivariate Cox regression analyses were conducted to determine the prognostic value of each factor. The K-M analysis was carried out to compare the OS of glioma patients, Pearson's correlation coefficient was calculated in correlation analysis.



Figure S1. Consensus clustering for focal adhesion related genes (FARGs) in gliomas in the CGGA dataset
(A) Plot showing consensus clustering cumulative distribution function (CDF) for k = 2 to k = 10 in the CGGA dataset. (B) Plot showing relative change in area under CDF curve for k = 2 to k = 10 in the CGGA dataset. (C) Consensus clustering matrix of glioma samples from the CGGA dataset for k = 2. (D) Heatmap showing distinct expression patterns of the representative FARGs that were defined by a significance analysis of microarrays (SAM) method in cluster 1 and cluster 2 groups. (E) Kaplan–Meier (K-M) analysis of glioma patients in cluster 1 and cluster 2 groups in the CGGA dataset. (F) Gene set variation analysis (GSVA) was performed to calculate meta-scores of hallmark signatures in each glioma sample in the CGGA dataset. The heatmap showing meta-scores of each hallmark signature between cluster 1 and cluster 2 groups. (G) The difference in the relative abundance of tumor infiltrating immune cells (TIICs) between cluster 1 and cluster 2 groups in the CGGA dataset calculated by a CIBERSORT method. Difference > 0 indicates that the TIICs were enriched in cluster 1 group.

Figure S2. Identification and exploration of focal adhesion related gene signature (FARGS) in gliomas
(A) Heatmap showing the mRNA expression of FARGs based on the FARGS in the CGGA dataset. (B-C) Venn diagrams for overlapping glioma samples between risk groups and cluster groups. (D-J) Box plots showing the risk score (RS) in glioma patients sub-grouped by WHO grade, IDH mutation status, MGMT promoter (MGMTp) methylation status, 1p/19q codeletion status,, age, cluster group and gender. **P < 0.01, *** P < 0.001, ns, not significant. 

Figure S3. The prognostic value of the FARGS in TCGA dataset
(A-G) K-M analysis comparing prognosis for glioma patients sub-grouped by 1p/19q codeletion, IDH mutation status, age and gender between high-risk and low-risk groups. (H-K) Time-dependent receiver operator characteristic (ROC) analysis comparing the areas under the ROC curve (AUC) for the RS and single clinical indicator during 2-, 3-, 4-, 5-year in TCGA dataset.

Figure S4. The prognostic value of the FARGS in the CGGA dataset
(A-D) K-M analysis comparing prognosis for glioma patients sub-grouped by grade and MGMT methylated status between high-risk and low-risk groups. (E) Distribution of the RS, expression level of 9 FARGs and clinical outcome between high-risk and low-risk groups. (F) ROC analysis showing the favorable predictive value of the risk model for 1-, 2-, 3-, 4- and 5-year prognosis in the CGGA dataset. (G) ROC analysis comparing the AUC for the RS and single clinical indicator during 1-year in the CGGA dataset. (H) Multivariate Cox regression model analysis of the RS and clinical indicators in the CGGA dataset.

Figure S5. The prognostic value of the FARGS in the CGGA dataset
(A-H) K-M analysis comparing prognosis for glioma patients sub-grouped by grade, 1p/19q codeletion, IDH mutation status, age and gender between high-risk and low-risk groups. (I-L) ROC analysis comparing the AUC for the RS and single clinical indicator during 2-, 3-, 4-, 5- year in the CGGA dataset.

Figure S6. The prognostic value of 9 FAGRs in TCGA dataset
[bookmark: _Hlk77067744](A-I) K-M analysis showing clinical outcome of glioma patients between high-expression and low-expression groups based on the median value of 9 FAGRs expression in TCGA dataset.

Figure S7. The prognostic value of 9 FAGRs in the CGGA dataset
(A-I) K-M analysis showing clinical outcome of glioma patients between high-expression and low-expression groups based on the median value of 9 FAGRs expression in the CGGA dataset.

Figure S8. An independent prediction model integrating the RS and clinical indicator to predict prognosis for glioma patients 
(A) Calibration Plots showing the accuracy of nomogram model at 1-, 3- and 5-year in the CGGA dataset. (B) ROC analysis showing the predictive value of the scores from nomogram model for 1-, 3- and 5-year prognosis in the CGGA dataset.

Figure S9. Functional analyses of the FARGS in the CGGA dataset
[bookmark: OLE_LINK1](A) Principal components analysis (PCA) analysis showing distinct gene expression distribution between high-risk and low-risk groups based on the transcriptional signature. (B) KEGG analysis showing functional annotation of the FARGS. (C) GSVA analysis calculating meta-scores of hallmark signatures in each glioma sample in the CGGA dataset. The heatmap showing meta-scores of each hallmark signature between high-risk and low-risk groups. (D) Gene set enrichment analysis (GSEA) analysis revealing the highly enriched oncogenic pathways and immune infiltrations in the high-risk group.

Figure S10. The FARGS is closely linked with immune suppression in gliomas in the CGGA dataset
(A) Heatmap showing meta-scores of selected immune cell subpopulations using CIBERSORT algorithms between high-risk and low-risk groups in the CGGA dataset. (B) Heatmap showing ssGSEA scores for each immune cell subpopulation between high-risk and low-risk groups in the CGGA dataset. (C-D) The correlation matrix showing the correlation between selected immune cell subpopulations (C) or immune checkpoint biomarkers (D) and the RS. (E) Comparison analysis comparing expression level of immunosuppressive biomarkers between high-risk and low-risk groups in the CGGA dataset.



Figure S11. The FARGS is closely linked with immune suppression in gliomas
(A-B) Box plots showing meta-scores of immune cells subpopulations in the high-risk and low-risk groups in TCGA and CGGA datasets. (C-D) The correlation matrix showing the correlation between selected immune cell subpopulations (C) or immune checkpoint biomarkers (D) and the RS. ** P < 0.01, *** P < 0.001, ns, not significant.

Figure S12. High-risk score is strongly associated with a therapy-resistance phenotype in gliomas
(A-B) K-M analysis comparing prognosis for glioma patients in the high-risk or low-risk group that treated with or without TMZ. (C-D) K-M analysis comparing prognosis for glioma patients in the high-risk or low-risk group that treated with or without irradiation. (E-F) K-M analysis comparing prognosis for glioma patients sub-grouped by the RS that treated with TMZ in TCGA and CGGA datasets. (G-H) K-M analysis comparing prognosis for glioma patients sub-grouped by the RS that treated with irradiation in TCGA and CGGA datasets. (I) Box plots comparing the IC50 of dabrafenib (Ras-Raf-MEK-ERK pathway inhibitor) for glioma cell lines in the GDSC dataset in the high-risk and low-risk groups. * P < 0.05.
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