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Characterizing the mode
of tumour evolution



Potential modes of tumour evolution
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Figure adapted from Davis et al. BBA Reviews on Cancer (2017)



Modelling tumour evolution

Stochastic, agent-based model

Flexible spatial structure

Either unconstrained growth or tissue invasion
Evolution of cell division or dispersal rate

Tracks all passenger mutations

https://github.com/robjohnnoble/demon model



https://github.com/robjohnnoble/demon_model

Parametrization by histology
image analysis
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Semi-automated image analysis
of invasive glandular tumours
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Four types of spatial structure

acute myeloid colorectal breast hepatocellular
leukaemia adenoma cancer carcinoma
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non-spatial gland fission invasive glandular boundary growth




Model parameters

Fixed:
e Driver mutation rate (10~ per division)
 Multiplicative driver fitness effect (mean 0.1)

Varied:
 Dispersal process (migration or deme fission)
* Deme carrying capacity

Dispersal rate adjusted for similar growth times
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Plotting package: https://CRAN.R-project.org/package=ggmuller



https://cran.r-project.org/package=ggmuller

Comparing to data

Deterministic Evolutionary Trajectories Influence
Primary Tumor Growth: TRACERXx Renal
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| Infer clonal phylogeny and evolutionary subtype:
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ABSTRACT

diverse clinical phenotypes of the di:
and suggests these features as potential
biomarkers for guiding intervention and
surveillance.

features and subtypes underpinning the
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BACKGROUND

Among patients with non—small-cell lung cancer (NSCLC), data on intratumor
heterogeneity and cancer genome evolution have been limited to small retrospec-
tive cohorts. We wanted to prospectively investigate intratumor heterogeneity in
relation to clinical outcome and to determine the clonal nature of driver events
and evolutionary processes in early-stage NSCLC.

Subclonal diversification of primary breast cancer
revealed by multiregion sequencing

Lucy R Yates!:2, Moritz Gerstung!, Stian Knappskog#, Christine Desmedt’, Gunes Gundem!, Peter Van Loo'*,
Turid Aas?, Ludmil B Alexandrov!$, Denis Larsimont®, Helen Davies!, Yilong Li!, Young Seok Ju!,
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Andrea L Richardson!":12, Per Eystein Lonning®4, David C Wedge! & Peter ] Campbell!

The sequencing of cancer genomes may enable tallormg of therapeutics to the underlying biological abnormalities driving a
particular patient’s tumor. H ies rely heavily on representative sampling of tumors. To understand
the subclonal structure of primary breast cancer, we applied whole-g and | ing to multiple les from
each of 50 patients’ tumors (303 samples in total). The extent of subclonal diversification varied among cases and followed
spatial patterns. No strict temporal order was evident, with point mutations and rearrangements affecting the most common
breast cancer genes, including PIK3CA, TP53, PTEN, BRCA2 and MYC, occurring early in some tumors and late in others. In

13 out of 50 cancers, potentially targetable mutations were subclonal. Landmarks of disease progression, such as resistance to
chemotherapy and the acquisition of invasive or metastatic potential, arose within d bl bel of d lesions.
These findings highlight the importance of includi I of subclonal structure and tumor evolution in clinical trials of
primary breast cancer.

Clonal Evolution of Acute Myeloid Leukemia
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Driver phylogenetic trees
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Clonal diversity

Defining oncoevotypes

selective sweeps
intermediate branching

more longer

100+ branches branches

® data (solid tumours)
® data (AML)

&2 ces

°
s CT o K252
Cc29

°
cgd
A33 % 2 ':694
A05™™ A55®™ K153
| |
A73 . Q16m A77 P852

[ )
A35ko55®  K136® ePs49

1 3 10
Mean driver mutations per cell

—
o
1




Spatial structure governs oncoevotype
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Invasive glandular model versus data

Driver mutation rate
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Multi-region bulk sequencing
fails to detect rare subclonal drivers

All cases >15 biopsies
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Figure adapted from Turajlic et al. Cell (2018)



Invasive glandular model (5% sensitivity)

Clonal diversity
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Tree balance index

Alternative evolutionary indices
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Invasive glandular model versus data

Driver mutation rate
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Forecasting tumour evolution



TRACERX Renal: Using ITH and Gl
to predict survival
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Figure adapted from Turajlic et al. Cell (2018)



Clonal diversity as a predictor of future
tumour growth rate
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Clonal diversity as a predictor in cohorts
with identical parameter values:
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Mean cell division rate
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Mean cell division rate

Higher diversity can correlate with

slower tumour growth
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Accounting for biological variation

* In reality, even tumours of the same size and type
vary in biological parameters because of intrinsic
and microenvironmental factors

* Genomic instability and mutation burden are
especially variable within cancer types

e Therefore simulate cohorts of tumours with
differing driver mutation rates



Clonal diversity as a predictor in cohorts
with diverse mutation rates:
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The predictive value of clonal diversity is
robust to biopsy sampling error
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correlation coefficient:
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Population

correlation coefficient:
predictor variables vs
progression-free survival
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Model

TRACERX Renal

Forecasting progression-free survival

Progression Free Survival (%)
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Forecasting progression-free survival
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Summary

Four oncoevotypes determined by mode of cell
dispersal and range of cell-cell interaction

Simple, mechanistic explanation for observations
across human tumour types

Appropriate modelling of spatial structure is
essential for characterizing, forecasting and

controlling tumour evolution

Eco-evo prognostic biomarkers show promise but
demand careful interpretation

Preprints on bioRxiv; in press or in revision for publication
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