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Fig S1. The prediction performance of recently published biomarkers varies across data cohorts.
A. Prediction performance of recently published biomarkers [1, 2] was evaluated by the biomarker evaluation module in the TIDE web platform, using a gene set approach. 
B. The prediction performance of immune resistance score [2] calculated following the authors’ original scripts across all melanoma cohorts.


Supplementary Methods

Data processing
For each RNA-seq dataset, the transcriptomic profile was log2(1+TPM) transformed. We standardized the log scale transcriptome data across patients by quantile-normalization, and further normalized the expression values of each gene by subtracting the average among all samples. For each CRISPR Screen dataset, on the level of each guide RNA, we computed log2 fold change (logFC) of counts-per-million reads between treatment and control conditions. Then, the median logFC among all guides was reported for each gene.

Biomarkers calculation
The predicted values of gene expression biomarkers (CD274, CD8, IFNG) were the average expression values among all members (Additional file 6: Table S5). The TIDE prediction value is computed following the procedure in the original publication [3]. Of all collected ICB trails, seven provide mutation profile. The predicted value of tumor mutation burden (TMB) was the total amount of non-synonymous mutation. We applied the MiXCR algorithm on RNA-Seq sequencing data to obtain T and B cell receptor CDR3 sequences for every patient [4]. The predicted values of T cell clonality and B cell clonality were calculated by  (: the frequency of each receptor sequence). In TCGA dataset, there are nine cancer types with microsatellite instability (MSI) information but are only three (STAD, COAD, and UCEC) with compatible numbers (the proportion > 30%) of positive and negative labels. Thus, we trained ridge regression models on gene expression profile to predict MSI on those three cancer types separately. The best model for every cancer type was chosen by the leave-one-out cross-validation method. Then, cancer-specific models were validated on tumors from other two types. The model trained on STAD has the highest AUC score on the validation step. We implemented model trained on STAD to evaluate MSI status on the website.
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