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1. Why Game Theory is well-suited to address important questions in cancer biology
2. Evolution of therapy resistance through the lenses of EGT

3. Limitations and challenges



Cancer: a multifaceted phenomenon

Your perspective on reality may not be wrong.

Cancer is a group of diseases in which abnormal
cells grow beyond normal tissue boundaries, invade
nearby tissue, and can spread to distant organs

But that doesn’'t mean you're the only one

who might have some insight on the truth.



Cancer through the lenses of molecular oncology
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Molecular oncology perspective is blind to some of the essentials




Darwin’s big idea: Evolution by Natural Selection

Your perspective on reality may not be wrong.
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But that doesn‘t mean you're the only one
who might have some insight on the truth.

Nothing in Biology Makes Sense
Except in the Light of Evolution

BY THEODOSIUS DOBZHANSK

THE AMERICAN BIoLOGY TEACHER, MIARCH 1973




Game Theory in Cancer
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Why Darwin would have loved
evolutionary game theory

Joel S. Brown

Department of Biological Sciences, University of lllinois at Chicago, Chicago, IL 60607, USA
1} JSB, 0000-0001-9255-3355

Humans have marvelled at the fit of form and function, the way organisms’
traits seem remarkably suited to their lifestyles and ecologies. While natural
selection provides the scientific basis for the fit of form and function, Darwin
found certain adaptations vexing or particularly intriguing: sex ratios, sexual
selection and altruism. The logic behind these adaptations resides in
frequency-dependent selection where the value of a given heritable phenotype
(i.e. strategy) to an individual depends upon the strategies of others. Game
theory is a branch of mathematics that is uniquely suited to solving such
puzzles. While game theoretic thinking enters into Darwin’s arguments and
those of evolutionists through much of the twentieth century, the tools of evol-
utionary game theory were not available to Darwin or most evolutionists until
the 1970s, and its full scope has only unfolded in the last three decades. As a
consequence, game theory is applied and appreciated rather spottily. Game
theory not only applies to matrix games and social games, it also applies to
speciation, macroevolution and perhaps even to cancer. I assert that life and
natural selection are a game, and that game theory is the appropriate logic
for framing and understanding adaptations. Its scope can include behaviours
within species, state-dependent strategies (such as male, female and so much
more), speciation and coevolution, and expands beyond microevolution to
macroevolution. Game theory clarifies aspects of ecological and evolutionary
stability in ways useful to understanding eco-evolutionary dynamics, niche
construction and ecosystem engineering. In short, I would like to think that
Darwin would have found game theory uniquely useful for his theory of
natural selection. Let us see why this is so.
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What makes cancer suitable for game theory analyses

 Heterogeneous replicating populations

Diversification

« Spatial/environmental heterogeneity

« Competition for limiting resources
* Nutrients (building blocks and energy
sources)
« Oxygen and redox
« Growth factors
« Space

Selection

Understanding the Enorgy

Cancer Ecosystem
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" 24 Nalele v  — « Immune system components
Y. bl « Other non-malignant cell types
* Other tumor cell types
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Game Theory in Cancer

Population of interacting phenotypes

Producer (P)
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@ Frequency-dependent fitness:
payoff depends on composition
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@ Population state trajectories / evolutionary outcomes
P
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toward attractors or remain cycling

(1) Tumors as replicating
populations

(2) Subpopulations defined by
distinct frequency-dependent
payoffs

(3) Dynamics driven by
replication and fitness

(4) ESS



Game Theory in Cancer
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Case in point: causes and consequences of intratumor heterogeneity
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Fraction of population

initiating mutation
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Game Theory in biodiversity

Chemical warfare between microbes
promotes biodiversity

Tamas L. Czaran**, Rolf F. Hoekstra*$, and Ludo PagieTl PNAS 2002
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Cooperation and conflict in microbial biofilms

Joao B Xavier 1, Kevin R Foster
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Game Theory in Cancer

European Journal of Cancer . "

ELSEVIER Volume 33, Issue 9, August 1997, Pages 1495-1500 'H
D

Original paper
Game-theory models of interactions
between tumour cells
I.P.M. Tomlinson * 2
Show more v
+ Add to Mendeley o Share 99 Cite
https://doi.org/10.1016/50959-8049(97)00170-6 7 Get rights and content 7

® Full text access

Evolution of cooperation among tumor cells

Robert Axelrod**, David E. Axelrod*, and Kenneth J. Pienta$

*Gerald R. Ford School of Public Policy and Department of Political Science, University of Michigan, Ann Arbor, Ml 48109; *Department of Genetics and
Cancer Institute of New Jersey, Rutgers, The State University of New Jersey, Piscataway, NJ 08854; and SDepartments of Internal Medicine and Urology,
University of Michigan Medical School, Ann Arbor, MI 48109

Contributed by Robert Axelrod, July 19, 2006



Tumor growth requires navigating environmental bottlenecks

bright field fluorescence @

Udagawa et al FASEBJ 2002




Model system of a tumor growth bottleneck
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Experimental idea:

* Find secreted factors capable of overcoming the bottleneck
* Interrogate fithess consequences
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The ability to drive population growth is not strictly linked with higher fithess
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The ability to drive population growth is not strictly linked with higher fithess

60 1500-
le  Rr2=0419
g
1000+
+ - -
< 40 ® ° ° € T
o 0.. o ° 2 T
o\° 20 o E 500-
° - -
o _ s
P ‘. Y 0 1 T T
0 I‘ T T T 1 \(b\ ,\'\ \,\X \\x
Tumor weight Q&?f\ 6’\°\\/ WY
Q Q\O
ng\o (19 \QQ
N

Marusyk et al Nature 2014



Clonal interactions lead to emergence of new important phenotypes
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Clonal interactions stabilize clonal heterogeneity
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Outline

2. Evolution of therapy resistance through the lenses of EGT



Despite remarkable responses, therapies eventually fail

Remission Relapse

Baseline

Tumor burden

¥

Wagle et al JCO 2011
Time on therapy

* A subset of tumor cells survives therapy
* Residual populations evolve



Major efforts are directed to discovery/targeting resistance mechanisms

Identify the
mechanism

Develop drugs Improve responses
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Harnessing understanding of cancer evolution to improve responses

EVOLUTIONARY &% THERAPY

e

T ¥

* Predict how cancer responds to treatment
* Develop therapeutic strategies that anticipate these changes
o Extinction
o Steer to indolence
o Extension of remissions




Adaptive Therapy Concept

Without treatment QO With therapy ® sensitive
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Cancer Res. 2012 Dec 15;72(24):6362-70. doi: 10.1158/0008-5472.CAN-12-2235. Epub 2012 Oct 12.

Evolutionary approaches to prolong progression-free survival in breast cancer.
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Evolutionary Therapy through the lenses of EGT

Published in final edited form as:
Phys Biol. 2012 December ; 9(6): . doi:10.1088/1478-3975/9/6/065007.

Cancer treatment as a game: integrating evolutionary game
theory into the optimal control of chemotherapy

Paul A. Orlando’, Robert A. Gatenby?, and Joel S. Brown?3

“Here, we view cancer treatment as a game in which the oncologists choose a therapy and tumors
‘choose’ an adaptive strategy. We propose the oncologist can gain an upper hand in the game by
choosing treatment strategies that anticipate the adaptations of the tumor. ... The tumor ‘chooses’ its
strategy by natural selection and the oncologist chooses her strategy by solving a control problem.”



Applying game theory towards adaptive therapies

LA

COMMUNICATIONS

ARTICLE
OPEN

Integrating evolutionary dynamics into treatment of
metastatic castrate-resistant prostate cancer

Jingsong Zhang', Jessica J. Cunningham?, Joel S. Brown?3 & Robert A. GatenbyZ*




Context: testosterone dependent prostate cancers




Context: evolution of testosterone - independence
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EGT provides conceptual framework to structure AT
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Superiority of AT in a clinical trial
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Adaptive Therapy Concept

JAMA Oncology

Home | JAMA Oncology | Vol. 5, No. 1

Review

Optimizing Cancer Treatment Using Game Theory
A Review

Katefina Stafikova, PhD"?; Joel S. Brown, PhD3; William S. Dalton, MD, PhD34;
Robert A. Gatenby, MD3

» Author Affiliations
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3. Challenges and limitations



Understanding the game




Evolutionary therapy pipeline
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How do we identify the game?
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Inferring games from experimental data

“Effective game” as an assayable hidden variable

nature .
ecology & evolution

Article | Published: 18 February 2019

Fibroblasts and alectinib switch the
evolutionary games played by non-small

T+ | TP | T-
cell lung cancer
Artem Kaznatcheev™, Jeffrey Peacock, David Basanta, Andriy Marusyk B4 & Jacob G. Scott ™
o T+ | oy 2 013
Y Nature Ecology & Evolution 3, 450-456 (2019) =~ Download Citation

i 021 @22 023

T- 031 032 o33

Frequency-dependent growth can be approximated by an “effective game” (population-level rule that maps the
current mix of strategies in the population to the fitness of each strategy
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Kaznatcheev et al., Nature E&E 2019
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Kaznatcheev et al., Nature E&E 2019

Next step: from growth rates to payoff matrix

wp: parental growth rate

A =-0.01

B =-0.013
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Kaznatcheev et al., Nature E&E 2019

Alectinib and CAF shift the game

Adding CAFs shifts
the game up/left

Adding alectinib shifts
the game down/right
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Sensitive invader advantage

This could be done with different therapeutic contexts
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CANCER
Measuring competitive exclusion in non-small cell
lung cancer

Nathan Farrokhian't, Jeff Maltas?t, Mina Dinh2, Arda Durmaz', Patrick Ellsworth’,
Masahiro Hitomi?, Erin McClure?, Andriy Marusyk®, Artem Kaznatcheev**, Jacob G. Scott'%%*



Game stability?



Cancers can create new games

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.02.626399; this version posted October 24, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.
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Are the games analyzable?

VS



Presence of other populations impact population growth and fitness
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Multiclonality can drastically complicate fithess of individual subpopulations
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Is there a game to be analyzed?
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Case in point:
AT assumptions



Adaptive Therapy Concept

With therapy ® sensitive

Without treatment QO
O O ® resistant
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Cancer Res. 2012 Dec 15;72(24):6362-70. doi: 10.1158/0008-5472.CAN-12-2235. Epub 2012 Oct 12.

Evolutlonary approaches to prolong progression-free survival in breast cancer.
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Pre-existent resistance is not a given
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Cellular adaptation to cancer therapy occurs by progressive state
transitions along a resistance continuum
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Pre-existent resistance can lead to rapid relapse
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Resistance does not necessarily have a fitness cost
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What have we learned?

* AT assumptions might be wrong
 “Listening” to biology opens new ideas
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Take-home messages

* Eco-evolutionary underpinning of cancer lands to wide EGT applicability
 EGTisindispensable for addressing some of the biological and therapeutic challenges
 EGT success in cancer biology hinges on

* ldentifying the right problems

* Deciphering the underlying biology

* Addressing some major technical challenges
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