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Mutational landscape of cancer
[phenotypes]
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Figure 1. Acquired Capabilities of Cancer

We suggest that most if not all cancers have acquired the same set
of functional capabilities during their development, albeit through
various mechanistic strategies.



Oncogenes and tumor suppressors
[drivers]

 Oncogenes -- need to be activated
— by mutations (within a gene or regulatory regions)
— by chromosomal alterations

— overexpression/modifications
one copy is enough

 Tumor suppressors -- need to be inactivated
- mutations, chromosomal loss, modifications
second copy needs to be affected (e.q. lost, LOH)
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Rates of somatic mutation vary across cancers: [G.Getz]
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Figure 1 | Somatic mutation frequencies observed in exomes from 3,083 such as tobacco smoke and ultraviolet light. Mutation frequencies vary more
tumour-normal pairs. Each dot corresponds to a tumour-normal pair, with  than 1,000-fold between lowest and highest across different cancers and also

vertical position indicating the total frequency of somatic mutations in the within several tumour types. The bottom panel shows the relative proportions
exome. Tumour types are ordered by their median somatic mutation of the six different possible base-pair substitutions, as indicated in the legend on
frequency, with the lowest frequencies (left) found in haematological and the left. See also Supplementary Table 2.

paediatric tumours, and the highest (right) in tumours induced by carcinogens

M. Lawrence et al Nature 2013



Genes

Mutations in each tumor
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Somatic Copy Number Alterations (SCNAs
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Cancer genomics

100-400 amino acid substitutions
|0-40 chromosomal rearrangements
2-5 drivers

the rest are passengers

High rate of somatic mutations/alterations

Can some passengers

... be deleterious to cancer cells?
... affect progression!?



Table 1. Passenger mutations in whole-genome sequences

Protein-coding

Cancer(s) mutations Driver mutations* Ref(s).
11 breast 115.4 5.1 (4)
10 colon 75 4 (4)
4 astrocytomas 206 5.5 (52)
Acute myeloid leukemia 10 2 (53)
26 melanomas 366 4 (1, 32)
Small-cell lung 100 4 (2)

In most tumors, hundreds of protein-coding mutations accrue, yet only
a few are putative drivers. These values are consistent with our model’s
results. Deleterious passengers may be most exploitable in carcinomas, be-
cause leukemia and many blood cancers are generally more sensitive to DNA
damage and have earlier incidence rates.
*Classified as drivers by COSMIC (8).



Somatic evolution of cancer

passenger mutations

driver mutations
hitchhiking

of passenger
mutations
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Questions

|. Can deleterious passenger mutations
accumulate during cancer development!

2. How deleterious are passenger mutations
found in genotyped tumors!?

3. How can passengers affect neoplastic
progression!?



Questions

|. Can deleterious passenger mutations
accumulate during cancer development!
Simulations

2. How deleterious are passenger mutations
found in genotyped tumors!?

3. How can passengers affect neoplastic
progression!?
Simulations -



Model of cancer progression

Passenger Mutation
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Model of cancer progression
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Population size (N)

Model of cancer progression
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Population size (N)

Model of cancer progression

cancer

reqression’

2500 5000 7500
Time (generations)

10000

e Two possible outcomes:
population growth (cancer)
population collapse (regression)

Results of the theory:
1. Critical population size: N*

2. Deleterious passengers
can accumulate

3. Critical mutation rate p*



Population size (N)

Critical population size
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Critical population size
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Population size (N)

Model of cancer progression

o
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e Two possible outcomes:
population growth (cancer)
population collapse (regression)

Results of the theory:
1. Critical population size: N*



Accumulation of passengers: hitchhiking
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Observed heterogeneity of progression
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Observed heterogeneity of progression
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Effect of hitchhiking passengers

10° :

Population size (N)
[
()
w

p—
o
N

0 2500 5000 7500 10000
Time (generations)




Passenger accumulation slows progression

Slightly deleterious passengers
slow progression
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Passengers evade purifying selection
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Questions

|. Can deleterious passenger mutations
accumulate during cancer development?

2. How deleterious are passenger mutations
found in genotyped tumors!?

3. How can passenger mutations affect neoplastic
progression!?



Hitchhiking passengers

or deleterious




Deleterious passenger
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—— Effect of mutation

PSIC Score Conservation
[PolyPhen: Sunyaev et al]



Effect of mutations
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Effect of mutations
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Effect of mutations
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|. Can deleterious passenger mutations
accumulate during cancer development!

2. How deleterious are passenger mutations
found in genotyped tumors!?

3. How can passenger mutations affect neoplastic

progression!?
Model -



Model vs data



Model agrees with cancer incidence data

cancer incidence data
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Model agrees with cancer genomics data

Cancer genomics
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Estimating parameters from cancer
genomics data

B Cancer genomics
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Back to the model



Critical mutation rate
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Hp=5q

Higher load => better response
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Higher load => better response
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Paradoxical Relationship between Chromosomal In
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“We also observed this paradoxical relationship between CIN and prognosis in ovarian, gastric, and
non—small cell lung cancer, with poorest outcome in tumors with intermediate, rather than extreme,

CIN70 scores.”



Population (.\)

Higher load => better response
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Population (.\)

Higher load => better response

—
o
=

[
o
uwn

B Responder O Nonresponder
B Mis
/@ Spli
B Nor

-
Iilhh-jimr—-i.__

-] | TN 1 D )
-1 1| 11 1101 |
- | i i1 1 11l

A iLiil___ N

= =MW

# Mutations/Mb
QU100 010010

2
lﬁlo_m

10* _1o*
Mutation rate

-1 n i g

Somatic ERCC2 Mutations Correlate with
Cisplatin Sensitivity in Muscle-Invasive
Urothelial Carcinoma &

Eliezer M. Van Allen!?, Kent W. Mouw3#, Philip Kim®, Gopa lyer®7, Nikhil Wagle!?,
Hikmat Al-Ahmadie®®, Cong Zhu?, Irina Ostrovnaya®, Gregory V. Kryukov?,

Kevin W. 0’Connor?, John Sfakianos®, Ilana Garcia-Grossman’, Jaegil Kim?,
Elizabeth A. Guancial'®, Richard Bambury’, Samira Bahl?, Namrata Gupta?,
Deborah Farlow?, Angela Qu, Sabina Signoretti'!, Justine A. Barletta'!,

Victor Reuter®®8, Jesse Boehm?, Michael Lawrence?, Gad Getz212,

Philip Kantoff!, Bernard H. Bochner®$, Toni K. Choueirit, Dean F. Bajorin®?,

David B. Solit®713, Stacey Gabriel!, Alan D’Andrea#, Levi A. Garraway'?,
and Jonathan E. Rosenberg®”’




Questions

|. Can deleterious passenger mutations
accumulate during cancer development?

2. How deleterious are passenger mutations
found in genotyped tumors!?

3. How can passenger mutations affect neoplastic
progression!



Effect of passenger mutations

Experiment

|. Develop cell lines with the same drivers and a
different number of passengers

2. Measure effect of passengers on fitness

3. Measure genetic load of passengers by genotyping
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Passenger load reduces proliferative fitness
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Freeze
Genotyping

Metastatic potential
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Passenger load reduces metastatic potential
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@ Mutational load negatively
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Eftect ot passenger mutations

New Experiment: Her2+ breast cancer mouse model:
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Questions

. Can deleterious passenger mutations
accumulate during cancer development?

. How deleterious are passenger mutations
found in genotyped tumors!?

. How can passenger mutations affect neoplastic
progression!?

. Can passenger load be used therapeutically?



Back to the model



Understanding treatment

Mutagenic chemo

- requires very high
mutation rate
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Can passenger mutations
trigger an immune response!



Response to immunotherapy is associated
with mutational load
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Response to immunotherapy is associated
with mutational load
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Survival (or PFS)

Response to immunotherapy is associated
with mutational load, really?
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Response to immunotherapy is associated
with mutational load, really?
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Summary

1. Deleterious passengers can accumulate during
cancer progression

2. Accumulated passengers show signatures of
non-neutral mutations

3. Load of passengers reduces fitness
(proliferative and metastatic) of cancer cells

immunological effect is questionable....
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Weighted down by passengers?
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Estimating model parameters
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Eftect ot passenger mutations

New Experiment: Her2+ breast cancer mouse model:

mildly elevated mutation rate (H2AX+/-)
normal mutation rate (control)
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estimating parameters
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Nnd = mM*np + b, where m = sp/sd and b = log(D( N_final )/sd
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