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The Cancer Genome Atlas
2009-2016

ISB - MDACC Genome Data Analysis Center (GDAC)
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Cell-of-Origin Patterns Oncogenic Processes  Signaling Pathways Resources Events

Welcome to the Pan-Cancer Atlas CellP’ress

From The Cancer Genome Atlas (TCGA) consortium, a large-scale collaboration initiated and supported by the National Cancer
Institute (NCI) and National Human Genome Research Institute (NHGRI).

Image credit: Allison Kudla, ISB

From the analysis of over 11,000 tumors from 33 of the most PanCancer Atlas
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comprehensive, in-depth, and interconnected understanding of how, et abalism
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where, and why tumors arise in humans. As a singular and unified MYC
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The visualization below presents the Pan-Cancer Atlas as a series of 7
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of 27 papers divided into three main categories: cell-of-origin

patterns, oncogenic processes, and signaling pathways. Each




Immunity

The Immune Landscape of Cancer
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Highlights

Six identified immune subtypes span cancer tissue types and
molecular subtypes

Immune subtypes differ by somatic aberrations,
microenvironment, and survival

Multiple control modalities of molecular networks affect
tumor-immune interactions

These analyses serve as a resource for exploring
immunogenicity across cancer types

Immunity , Volume 48 , Issue 4, p812 - 830.e14, 2018
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Score All Tumor Samples With Tumor Immune Gene Signature Sets
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OS by Immune Subtype
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Immune Subtypes and TCGA Tumor Types
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Leukocyte Fraction in 33 Tumor Types
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Mean Fraction with Standard Error

Immune Cell Fractions
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Spatial Organization and Molecular Correlation

Lymphocyte Spatial Density and Organization of Tumor-Infiltrating Lymphocytes
Using Deep Learning on Pathology Images
Joel Saltz,’* Rajarsi Gupta,# Le Hou,2 Tahsin Kurc, Pankaj Singh,® Vu Nguyen,? Dimitris Samaras,? Kenneth R. Shroyer,*

Tianhao Zhao,* Rebecca Batiste,* John Van Arnam, The Cancer Genome Atlas Research Network, llya Shmulevich,®
Arvind U.K. Rao,®7 Alexander J. Lazar,® Ashish Sharma,® and Vésteinn Thorsson®.10.*

A TCGA-33-AASE il e Cell Reports 23, 181-193, April 3, 2018
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Predicting the Immune Cellular Communication Network
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Somatic Correlations with TME studied in this work

Correlations with

Overall DNA alteration burden
Amplified/deleted genomic regions / genes
Driver mutations

Pathway-level alterations

Causal connections to transcriptional control - intracellular networks

Somatic Correlates



Correlations with DNA Alteration Show Differences by Type
of Alteration
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Genomic and Molecular Landscape of DNA Damage
Repair Deficiency across The Cancer Genome Atlas
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Gene Alteration Association Examples

TGFB1 Deletions and Leukocyte Fraction IL13 Deletions and MO Macrophages
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C1: Wound healing C2: IFN-y dominant C3: Inflammatory C4: Lymphocyte depleted
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Including physical assocations/links
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Tumor Microenvironment
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See Manuscript for Further Discussions

Prognostic Associations of Tumor Immune Response Measures
Immune Response Correlates of Demographic and Germline Variation
Survey of Immunogenicity

The Adaptive Immune Receptor Repertoire in Cancer

Regulation of Immumodulatory Proteins



Driver mutations that associate with Leukocyte Fraction
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Spearman correlation coefficient

Correlation of immune cell
proportion with neoantigen load
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Data Management and Integration

NCI Cloud Resources

Bringing data and computation together to create knowledge that
accelerates cancer research and enables precision medicine
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Example Query: CTLA-4 Gene Expression ') Google Cloud Platform

select * from [isb-cgc-01-0008:Filtered.EBpp AdjustPANCAN RNASeqV2 filtered] where Symbol="CTLA4"

Row ParticipantBarcode SampleBarcode AliquotBarcode SampleTypeLetterCode SampleType Study Symbol Entrez normalized_count
1  TCGA-OR-A5JB TCGA-OR-A5JB-01A TCGA-OR-A5JB-01A-11R-A29S-07 TP Primary solid Tumor ACC  CTLA4 1493 60.1537
2 TCGA-OR-A5LG TCGA-OR-A5LG-01A TCGA-OR-A5LG-01A-11R-A29S-07 TP Primary solid Tumor ACC  CTLA4 1493 1.365
3  TCGA-4Z-AA7N TCGA-4Z-AATN-01A TCGA-4Z-AA7TN-01A-11R-A39I-07 TP Primary solid Tumor BLCA CTLA4 1493 346.102
4  TCGA-DK-ABAV TCGA-DK-AB6AV-01A TCGA-DK-ABAV-01A-12R-A30C-07 TP Primary solid Tumor BLCA CTLA4 1493 55.1331
5 TCGA-FD-A5BR TCGA-FD-A5BR-01A TCGA-FD-A5BR-01A-11R-A26T-07 TP Primary solid Tumor BLCA CTLA4 1493 105.179
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