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Pipeline for Cancer Inference (PiCnIc) for evolutionary trajectories
Somatic mutation data was obtained GDC Legacy Archive TCGA provisional colorectal cancer data set in the form of MAF files on January 23, [1] (https://gdc-portal.nci.nih.gov/legacy-archive/files/3437ecf9-355d-4d35-afb4-ffe1a705c206; https://gdc-portal.nci.nih.gov/legacy-archive/files/7c3e8456-c39f-4292-8cc2-374b14c75446). Copy number data for the colorectal cancer dataset was downloaded from CBioportal January 30, 2018 [2,3]. Available copy number data were matched to available somatic mutation data based on location of the primary tumor: right-sided colon cancer (RCC; (n=135), left sided colon cancer (LCC; n=143), rectal cancers (n=76).
We applied the Pipeline for Cancer Inference (PiCnIc) algorithm using default parameters provided by the authors to determine evolutionary trajectories of cross-sectional TCGA data (https://github.com/BIMIB-DISCo/PiCnIc-COADREAD/tree/master/scripts) [4]. We examined a total of 50 known driver genes: 33 genes that were selected by Muzny et al. in their original report on colorectal cancer [5] and 17  unique genes from a pan-cancer analysis by Ciriello et al. that are ubiquitous driver alterations in solid tumors [6]. As previously described by Caravagna et al [4], exclusivity among genes in the WNT (APC and CTNNB1) and RAF (KRAS, NRAS, and BRAF) pathways were also used as a parameters in our analysis. We ran CAPRI as the last step of PiCnIc. For statistical analysis, we used the Mann-Withney U test with statistical significance 0.05, after 100 nonparametric bootstrap iterations. We considered the Akaike information criterion (AIC) score of 40% and the Bayesian information criterion (BIC) score of 30% significant. Nonparametric and statistical bootstrap estimations are shown in Additional File 4: Tables S1-S3
Mutation Hotspot Analysis
	Mutation data was downloaded from the GDC Legacy Archive TCGA provisional colorectal cancer data set in the form of MAF files on January 23, 2018(1). Samples were parsed into RCC (n=142), LCC (n=156), and rectal cancers (n=89) based on location of primary tumor. Hypermutated samples and samples containing POLE mutations were removed from analysis.  Hotspot analysis was carried out on the remaining samples using an algorithm previously described by Chang et al. [7]. Publicly available R scripts were applied to our data with default parameters.  Lollipop plots and somatic mutation plots were created using MAF tools [8].
Somatic Mutation Analysis
We conducted somatic mutation analysis of RCC, LCC and rectal cancers (See Additional File 5). Similar to the hotspot analysis, somatic mutation data was downloaded from the GDC Legacy Archive provisional data set for colon and rectal adenocarcinoma on January 23, 2018 and parsed based on location (RCC n=142, LCC n=156, rectal cancers n=89). We then parsed the data based on location and analyzed it using the ConsensusDriver algorithm to highlight potential Driver Mutations [9]. Consensus Driver is a relatively new driver prediction algorithm that integrates previous driver prediction algorithms (fathmm, CHASM, OncoIMPACT, DriverNet, MutSigCV, OncodriveFM) and significantly improves the quality of predictions and discovery of novel significantly mutated genes. MAF files were parsed into individual sample files and converted to vcf files using MAF2VCF perl script (https://github.com/mskcc/vcf2maf) and passed through the ConsensusDriver Algorithm using colon adenocarcinoma and rectum adenocarcinoma cancer subtype options as described by Bertrand et al [9]. The resulting genes were combined into a list. Known false positive driver mutations as previously identified by Bertrand et al. were removed from our analysis. Frequencies of these mutated gene were compared in each specified location. Genes with mutational frequencies less than 5% were excluded from our study. The remaining genes were compared among each location and evaluated for enrichment (≥5% frequency of mutation and p<0.05). 
Proteogenomic analysis
Proteomics analysis was performed by using our previously described algorithm [10]. Reverse Phase Protein Array (RPPA) samples (COAD and READ) were downloaded from The Cancer Proteome Atlas (TCPA) website (http://tcpaportal.org/tcpa/) on January 23, 2018 [11]. The samples included 98 RCC, 109 LCC and 67 rectal cancer samples.
	As shown in Additional File 6: Table S4, the rankings of the association estimators identified by the average performance score varied according to the constructed module sizes and the selected groups. In the pathway-level analysis, the best performing methods based on the selected groups were MM for RCC and KDE for LCC and rectal cancers. Similarly, in the gene-level analysis, best performing methods based on the selected groups were MM for RCC and KDE for LCC and rectal cancers.
The sub networks of the module hub genes identified by the association estimators, which provided the highest precision scores based on a statistical test (with a p<0.05), were generated by Cytoscape [12] for all selected groups. These genes were then compared to those registered in DisGeNET which contains experimentally confirmed associations with listed diseases [13].
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TCGA – The Cancer Genome Atlas
TCPA – The Cancer Proteome Atlas
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