We have extensive experience in large-scale variant calling and interpretation through our active participation in the 1000 Genomes Consortium. In particular, we were involved in the analysis working group and the SV and functional interpretation subgroups, in which the majority of the variant calling tools were developed, deployed, and interpreted [21, 22, 23].
SVs are important contributors to human polymorphisms, have great functional impact, and are implicated in a number of diseases such as cancer. We have developed a number of SV-calling algorithms, including BreakSeq [28], CNVnator [29], AGE [30], and PEMer [31]. Furthermore, we have studied the SVs that originate from different mechanisms and may have potentially divergent functional impacts [32, 33]. 
Tools for somatic and germline burden tests: We have developed a number of software tools to annotate and understand the effects of variants within the coding regions of the human genome. We developed VAT to annotate coding variants; for example, VAT can determine them to be synonymous, non-synonymous, premature stop codons, or splice-site changes [35]. Once mapping the annotated variants to three-dimensional (3D) structures from the Protein Data Bank, we can study the effects of them in detail by measuring events associated with their LoF or in the contexts of allosteric regulation and local mechanistic perturbations.
In addition, we have developed ALoFT, a tool specifically tailored to annotate and predict the disease-causing potential of LoF events [36]. Short for “annotation of loss-of-function transcripts”, we have used ALoFT to successfully discriminate between LoF mutations that are deleterious in heterozygous states from those that may cause disease in the homozygous state. We analyzed somatic variants in more than 6,500 cancer exomes and demonstrated that variants predicted to be deleterious by ALoFT are enriched in canonical cancer driver genes [36].
[image: ]With respect to allosteric effects, we have developed the STRESS software tool [37]. STRESS (STRucturally-identified ESSential residues) employs models of large-scale protein conformational changes in order to predict key allosteric residues from both the protein surface (by finding essential pockets) as well as the interior (by identifying information-flow bottlenecks). Our reported results demonstrate that this software selects residues that are highly conserved over both long and short evolutionary timescales [37]. This software has also been used to help rationalize otherwise poorly understood (“cryptic”) disease-associated SNVs. Figure 6: Prioritizing the effects of SNVs based on predicted allosteric residues at the surface (A) and within the interior (B).



Figure 5: Prioritizing the effect of SNVs based on changes in localized perturbations (as measured by frustration).




In addition to coding variants, we have developed a tool to prioritize non-coding variants in cancer called FunSeq (Fig. 7). In brief, FunSeq prioritizes variants based on network connectivity and their disruptiveness (e.g., by finding motif breakers), by identifying deleterious variants in many non-coding functional elements (including transcription factor binding sites, enhancer elements, and regions of open chromatin corresponding to DNase I hypersensitivity sites). In our published work using FunSeq [32], we integrated large-scale data from various resources, including ENCODE and the 1000 Genomes Project, with cancer genomics data. By comparing patterns of inherited polymorphisms from 1,092 humans with somatic variants, FunSeq identified candidate non-coding driver mutations.
[image: ]We have developed statistical methods for the analysis of non-coding regulatory regions. LARVA (Large-scale Analysis of Recurrent Variants in noncoding Annotations) identifies significant mutation enrichment in non-coding elements by comparing observed mutation counts with expected counts under a whole-genome background mutation model [39]. LARVA includes corrections for biases in mutation rate owing to DNA replication timing. LARVA can be targeted to coding regions to prioritize genes. We used this tool in a pan-cancer analysis of variants in 760 cancer whole genomes, spanning a number of cancer data portals and published datasets. Our analyses demonstrated that LARVA can recapitulate previously established coding and non-coding cancer drivers, including the TERT and TP53 promoters [39]. Finally, we developed MOAT (Mutations Overburdening Annotations Tool), an alternative empirical mutation burden approach that evaluates mutation enrichment based upon permutations of the input data (in press). This tool supports both annotation-based and variant-based permutation.Figure 7: The workflow of FunSeq 

We have played key roles in TCGA investigations into prostate [40] and kidney [25] cancers. We participated in TCGA KICH (chromophobe RCC) project [41] and a following pan-subtype kidney analysis [42]. Our team analyzed the WGS data for the TCGA KIRP (pRCC), now published in The New England Journal of Medicine [25]. In recent work, we leveraged our expertise in non-coding regions in the first whole-genome analysis of pRCC samples [43]. Our work found significant genomic alterations beyond traditional known drivers of pRCC located within coding exons (Fig. 8). We hypothesize that these alterations may have non-canonical effects on known tumorigenic pathways (for example, MET in type 1 pRCC). We discovered genomic markers in MET and NEAT1 that influence prognosis. Moreover, we constructed evolutionary trees using the abundant mutation information from WGS. The tree structure implies tumor evolution path and correlates with tumor subtypes (Fig. 9).This experience provided further practical knowledge of working with available RCC genomic datasets. Finally, our team has participated in two ongoing pan-RCC manuscripts by playing a central role in assessing the cluster-of-cluster assignments immunologic profile from gene and microRNA expression datasets.Figure 9: Evolutionary trees help elucidate pRCC tumor development and complete molecular subtyping.

Together with other published results on RCC [44, 45, 46, 47, 48], we have assembled an extensive list of impactful and statistically significant regions of RCC genomes. Similarly, as part of the driver discovery subgroup in PCAWG, we participated in a comprehensive variant prioritization exercise to generate a catalog of driver elements in many cancer cohorts. Furthermore, we are currently leading the PCAWG group to investigate the impact of non-coding mutations on cancer development, progression, and prognosis. As part of this effort, we ran our FunSeq pipeline on each variant (~30 million total somatic mutations among 39 cancer subtypes) in PCAWG. In addition to identifying canonical driver mutations, we identified many high-impact mutations that can potentially influence cancer progression. 
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