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Systems Genetics of Cancer
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« What are prognostic subtypes of cancer?

* Which genetic events drive tumour
development?

* What are markers to predict disease
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Population heterogeneity

ARTICLE

doi:10.1038/nature10983

The genomic and transcriptomic
architecture of 2,000 breast tumours
reveals novel subgroups
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Intra-patient heterogeneity

Schwarz et al, submittec

Spatial and temporal heterogeneity
In ovarian cancer predicts survival



Intra-patient heterogeneity in HGSOC
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* Multiple metastases

« Good initial response

« Often resistant relapse

« Genomic rearrangements
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« 17 patients

« 3-30 samples per patient

* Biopsy, surgery and relapse
* Pre- and post-chemotherapy
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The Reductionist View A Heterotypic Cell Biology

Cancer cells Cancer cells Finreblasts

Immune cells

Hanahan and Weinberg (2001)



Comprehensive
portraits of cancer
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Tumors
are
complex
tissues
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Intra-tumor heterogeneity

Yuan et al, Science Trans Med 2012

Quantitative image analysis of cellular
heterogenelty complements genomics
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Quantitative Image Analysis of Cellular Heterogeneity
in Breast Tumors Complements Genomic Profiling
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Automated image analysis
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Raza Ali
(Caldas lab)

Man vs Machine
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Quantitative analysis of
tumour composition
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Spatial features of tissue
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Spatial features of tumour tissue
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Morphological heterogeneity
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Morpho-genomic subtypes
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Morphology <-> Gene expression
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JAM3 — driver of cell morphology
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LETTERS
nature,

medicine

Poor-prognosis colon cancer is defined by a S
molecularly distinct subtype and develops from  Xin Wang
serrated precursor lesions

Felipe De Sousa E Melo!»7, Xin Wang?7, Marnix Jansen?, Evelyn Fessler!, Anne Trinh?, Laura P M H de Rooij!,
Joan H de Jong!, Onno ] de Boer?, Ronald van Leersum!, Maarten F Bijlsma'!, Hans Rodermond!,

Maartje van der Heijden%, Carel ] M van Noesel?, Jurriaan B Tuynman®, Evelien Dekker®, Florian Markowetz?,
Jan Paul Medemal>” & Louis Vermeulen!:*7

Colon cancer is a clinically diverse disease. This heterogeneity 24 patients with CCS3 (49, 24, and 27%, respectively) (Fig. 1b). We

makes it difficult to determine which patients will benefit validated this classifier in six independent data sets and found compa-
most from adjuvant therapy and impedes the development of rable proportions of patients being assigned to each subtype (Fig. 1c
new targeted agentsl. More insight into the biological diversity = and Supplementary Table 3). We could also classify colorectal cancer
of colon cancers, especially in relation to clinical features, cell lines into the three subtypes (Fig. 1d)*. Moreover, the subtypes
is therefore needed. We demonstrate, using an unsupervised were generally maintained upon xenografting of cell lines and primary
classification strategy involving over 1,100 individuals with tumors (Supplementary Fig. 3d-g)>*, suggesting they reflect persistent
colon cancer, that three main molecularly distinct subtypes genetic or epigenetic features of tumor cells rather than differences in
can be recognized. Two subtypes have been previously stroma or immune infiltrates, which have been used previously to strat-

identified and are well characterized (chromosomal-instable ify patients”®. To further characterize the subtypes, we determined the



Stainings in
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Spatial features are predictive
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ASUMT: A still Unnamed MATLAB Toolbox
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Go IFISH: a toolbox for semi-automated detection of =

nuclel, membrane and spots
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Single cell analysis
of stain intensities
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Dissecting cancer heterogeneity
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Systems Genetics =
genome X phenotypes X

conditions
Classical GWAS eQTL Systems Genetics
genetics studies
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