Tumor microenvironment characterization in gastric cancer identifies prognostic and immunotherapeutically relevant gene signatures
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1. Gastric cancer dataset search strategy
The following search parameters were used: (((survival OR prognosis OR prognostic OR outcome OR death OR relapse OR recurrence))) AND ((gastric cancer[MeSH Terms]) OR ((((((((((gastric cancer[Title]) OR gastric adenocarcinoma[Title]) OR gastric neoplasm[Title]) OR gastric tumor[Title]) OR gastric carcinoma[Title]) OR stomach cancer[Title]) OR stomach adenocarcinoma[Title]) OR stomach neoplasm[Title]) OR stomach tumor[Title]) OR stomach carcinoma[Title])). In the initial search, 656 items were recognized, and only the first 100 were independent chip series. Among the 100 series, 32 contained mRNA expression profiles of cancer tissues from patients with gastric cancer; these were: GSE17154, GSE57176, GSE36398, GSE13861, GSE21983, GSE22377, GSE17187, GSE15460, GSE15459, GSE15456, GSE15081, GSE13911, GSE63288, GSE87666, GSE80389, GSE80388, GSE54129, GSE26899, GSE26901, GSE79973, GSE66229, GSE62254, GSE49051, GSE30727, GSE51105, GSE26253, GSE51575, GSE2998, GSE38749, GSE37023, GSE38024, GSE84437, and GSE28541. Moreover, two additional series were subsequently identified from the subseries list of the corresponding super series (GSE34942 and GSE57303), and one additional series was identified from the related literature (GSE29272). Among the 35 items, three were repeated: GSE15460, GSE15456, and GSE66229; nine items included fewer than 40 patients: GSE57176, GSE17154, GSE17187, GSE87666, GSE79973, GSE49051, GSE30727, GSE51575, and GSE38749; and four were derived from high-throughput sequencing data: GSE80389, GSE80388, GSE63288, and GSE36398. Among the remaining, we only obtained survival data for the following six items: GSE62254/ACRG, GSE15459, GSE29272, GSE84437, GSE26253, and GSE57303. The patients related to these six items were included in the subsequent analysis.

[bookmark: _Hlk526586358]2. Data sources and preprocessing
① Raw data from the microarray datasets generated using Affymetrix® and Illumina® were downloaded from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/). The raw data for the dataset from Affymetrix® were processed using the RMA algorithm for background adjustment using the “Affy” package (1). RMA was used to perform background adjustment, quantile normalization, and final summarization of oligonucleotides per transcript using the median polish algorithm. The raw data for the dataset from Illumina® were processed using the “lumi” package. The “ComBat” algorithm (2) was applied to reduce the likelihood of batch effects from non-biological technical biases. 

② Level 3 RNA-Seq data (FPKM normalized) for genes from 407 treatment naïve TCGA-STAD samples processed on 2017-09-14 were downloaded from the UCSC Xena browser (http://xena.ucsc.edu/) GDC hub (https://xenabrowser.net/datapages/?dataset=TCGA-STAD%2FXena_Matrices%2FTCGA-STAD.htseq_fpkm.tsv&host=https%3A%2F%2Fgdc.xenahubs.net ) and can be downloaded at (https://gdc.xenahubs.net/download/TCGA-STAD/Xena_Matrices/TCGA-STAD.htseq_fpkm.tsv.gz)

③ Gene-level mutation data (non-silent somatic mutations; wustl_hiseq automated) for 395 samples were obtained from https://xenabrowser.net/datapages/?dataset=TCGA.STAD.sampleMap%2Fmutation_wustl_hiseq_gene&host=https%3A%2F%2Ftcga.xenahubs.net. 

④ Updated clinical data and sample information for TCGA-STAD samples were obtained from GDC using the R package “TCGAbiolinks” (3). 

⑤ The numbers of predicted neo-epitopes based on tumor-specific HLA typing, total mutations, and CYT for each patient were obtained for 263 STAD samples from Supplementary Table S4 of Rooney et al. (4) and are available at http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4856474/bin/NIHMS717941-supplement-Table_S4.xlsx. 

⑥ Somatic copy number alteration (SCNA) levels, immune signature scores, and cell cycle signature scores were obtained for 269 STAD samples from Supplementary Table S7 of Davoli et al. (5), available at
http://science.sciencemag.org/highwire/filestream/689461/field_highwire_adjunct_files/7/aaf8399-Davoli-SM-table-S7.xlsx.

⑦ Five genomic and transcriptomic datasets from patients with metastatic urothelial cancer (6) treated with anti-PD-L1 agent (atezolizumab), patients with metastatic melanoma (7) treated with anti-PD-1 (pembrolizumab), patients with advanced melanoma treated with various types of immunotherapy from TCGA-SKCM cohort (8), patients with advanced melanoma treated with MAGE-3 antigen-based immunotherapy (9) and mouse model treated with anti-CTLA4 antibody (10) were downloaded and analyzed to determine the predictive value of the TMEscore. For the urothelial cancer dataset, a fully documented software and data package is freely available under the Creative Commons 3.0 license and can be downloaded from http://research-pub.gene.com/IMvigor210CoreBiologies. After quality control using the R package “arrayQualityMetrics” (Bioconductor), count data were normalized using the trimmed mean of M-values (TMM) and transformed with voom to log2-counts per million with associated precision weights (11). For the melanoma dataset (GSE78220, N = 28), expression profiles (FPKM normalized) and phenotypes have been deposited into the Gene Expression Omnibus under the accession code GSE78220. The expression profiles (FPKM normalized) of GSE78220 were transformed into TPM (transcripts per kilobase million), converting FPKM data to values more comparable between samples (12). For TCGA-SKCM cohort, the expression profiles (FPKM normalized) download from UCSC Xena browser were transformed into TPM which used to calculate TMEscore. For the melanoma cohort (GSE35640, N = 55) treat with MAGE-3 antigen-based immunotherapy, the raw data was downloaded and processed using the RMA algorithm for background adjustment using the “Affy” package (1). For mouse model treated with CTLA-4 blockade (accession number GSE63557, N = 20), the normalized data was obtained from GEO and annotated with GPL19103 file.

⑧ Level 3 RNA-Seq data (FPKM normalized) were used to determine gene expression profiles of 7,453 treatment naïve TCGA samples with 14 other cancer types; these data were downloaded from the UCSC Xena browser (http://xena.ucsc.edu/) GDC hub. Corresponding survival data were accessed from supplementary data of recently published TCGA Pan-Cancer research (13).

[bookmark: _Hlk526586371]3. Other gene signatures enrolled in this study
Because KEGG pathways often include large numbers of genes with only vaguely related functions, we used a gene set curated by Mariathasan et al. (6) (Supplementary Tables S10), including:
A: CD8 T-effector signature (14) 
B: Antigen processing machinery (15)
C: Immune checkpoint
D: Epithelial-mesenchymal transition (EMT) markers previously reported (16)
E: Pan-fibroblast TGF-β response signature (Pan-F-TBRS) (6) 
F: DNA replication-dependent histones (6)
G: Select members of the DDR-relevant gene set (17)
H: Angiogenesis signature previously reported (18)
I: Cell cycle genes (KEGG)
J: WNT targets (19)
K: Cell cycle regulators (20)
L: Mismatch repair (KEGG)
M: Nucleotide excision repair (KEGG)
N: Homologous recombination (KEGG)

[bookmark: _Hlk526586392]4. Generation of TME gene signatures and signature score computation
The construction of TME signature gene sets was performed as follows. First, each differentially expressed gene (DEG) among the three TME phenotypes (A, B, and C) was standardized so that its mean expression was zero and standard deviation was 1 across all gastric cancer samples from the ACRG cohort. And unsupervised clustering method (K-means) (21) for analysis of DEGs was used to classify patients into three groups for further analysis. Then, the Boruta algorithm (22) (a wrapper built around the random forest classification algorithm) was used to performed dimension reduction in order to reduce the noise or redundant genes. Next, the “clusterProfiler” R package (23) was adopted to annotate the cluster of genes. Then, a consensus clustering algorithm (24) was applied to define the gene patterns and to calculate the signature score. For gene expression (normalized by RMA or TPM methods) analysis, the expression of each gene in a signature was first transformed into a z-score. Then, a principal component analysis (PCA) was performed, and principal component 1 was extracted to serve as the gene signature score. This approach has the advantage of focusing the score on the set with the largest block of well-correlated (or anti-correlated) genes in the set, while down-weighting contributions from genes that do not track with other set members. After obtaining the prognostic value of the signature score for each gene pattern, we applied a method similar to GGI (25) to calculate the TMEscore of each patient: TMEscore= ∑ PC1i – ∑PC1j., where i is the signature score of clusters whose Cox coefficient is positive, while j is the expression level of genes whose Cox coefficient is negative. 

[bookmark: _Hlk526586408]5. Other plot functions
[bookmark: _GoBack]R package “ggtree” (26) was employed to visualize phylogenetic trees of TME signature genes (Fig. S3B). A developing R package “enrichplot” , (https://github.com/GuangchuangYu/enrichplot) implements several visualization methods to help interpreting enrichment results and was adopted to visualize GSEA result of TME-gene-cluster-A and TME-gene-cluster-C (Fig. 3E). All heatmap (Fig. 1C, Fig. 2A, Fig. S1C, Fig. S2F, Fig. S4A-B) were generated by the function of “pheatmap”. OncoPlot (Fig. 4E)used to depict mutation landscape of TCGA-STAD cohort was constructed by “ComplexHeatmap” R package (27).
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