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Cloudy with a chance of adaptation
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A probabilistic approach to understanding evolution

1. High resolution quantitative measurement of the
properties that control evolution

2. Mathematical modeling and numerical simulations using
this data to assign probabilities to various outcomes



What factors impact the dynamics of evolution?

|) Distribution of Fitness Effects (DFE)

2) Epistasis 5) Changing Environments

3) Population Size 6) Sex

4) Population Structure 7) Ecology



Experimental evolution limits the unknowns

|) Distribution of Fitness Effects (DFE)

2) Epistasis

bottleneck

S N N N N

o6 a




Evolution of small and large populations

Small Large

ancestor

Time Time

Selective Sweep Clonal Interference



Small lineages within large populations
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Break up a large population into small lineages



Our approach: high-resolution barcode sequencing

Random primer library
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Our approach: high-resolution barcode sequencing
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The advantage of bar-seq: high signal / noise

Detection limit of genome sequencing
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Replicate evolutions in two environments
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A window of exponential growth measures the fitness
effect of a single beneficial mutation

beneficial mutation Z/

B 1 1 S P

multiple mutations

Cell Number

exponential growth

s s s s s EEEEEEEEEEEE R R E N R R R R R R R RN

drift dominates

Time (generations)

Michael Desai & Daniel Fisher



Cell Number

Waiting time depends the the fithess effect
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Lineage trajectories of barcodes can be used to infer the
distribution of beneficial fitness effects
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Density u(s)
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Barcode-directed sequencing can be used characterize
the adaptive mutational spectrum
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The DFE and mutational spectrum
depend on the environment
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What happens?
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What happens?
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The effective beneficial mutation rate determines whether
the diversity expansion is deterministic or stochastic

Cell Number at Generation 88 ~20,000 beneficial mutations
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What happens?
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Luria-Delbruck vs. Clonal Evolution

Luria-Delbruk—mutations grow at the same rate
Culture 1 Culture 2 Culture 3 Culture 4

decreasing frequency
many adaptive cells are from recent mutations

Clonal evolution—mutations grow faster

First mutant First mutant First mutant First mutant
lineage 1 lineage 2 lineage 3 lineage 4

fitness
.=O
Y- .>O

bigger jackpots
most adaptive cells are from old mutations



Dynamics of first and second mutations
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Prediction: dominant lineages should contain
early second mutations

whole genome sequencing
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Prediction: dominant lineages should contain
early second mutations

whole genome sequencing
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Some thoughts on mutational cohorts
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1) Adaptive cohorts are a natural
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cohort size



Simulations using the DFE can assign outcome probabilities

fine print: epistasis matters
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Testing adaptation models with diploid trajectories
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Testing adaptation models with diploid trajectories

Additive model Epistasis model

50 100 150 200 250 300 0 50 100 150 200 250 300

s = 40/0 time time
1.0
R
0.8l GoF L oF
> 0.6 4 -@- C1
3 1/1 Q- C2
] 0. 70 o C3
@ 0.4 3 -
PO O
® /! | o O
0.2} 00© ®
000©
00050~ 100 150 200 250 300 00050~ 100 150 200 250 300

Time (generations) Time (generations)



Conclusions and Insights

. Barcode-based lineage tracking measures the distribution of beneficial fitness effects

. Barcode-directed sequencing discovers the mutational spectrum of adaptation-driving
mutations

. Early evolution of large populations is predictable, and is set by distribution of beneficial
fitness effects in a particular environment

. Later evolution is less predictable
e The effective beneficial mutation rate decreases
e Stochastic occurrence of multiple mutants

. Diversity crashes will occur either because of a single-mutant selective sweep or because
of anomalously early multiple-mutants

. Adaptive cohorts are a natural feature of the mutation accumulation process

. High resolution measurement of the DFE in combination with statistical modeling
provides a means by which to forecast evolutionary outcomes



Density u(s)

How does the DFE of second mutations
depend on the first mutation?
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How does the DFE of mutations
change across genotype space?

BY MATa YJM MATa :
his3A1 leu2A0 met15A0 ura3A0 @ X CD

his3::hisG leu240 lys2 ura3A0
ybr209w::GalCre-lox71-lox5171/71 ﬂ @ @ ‘3 ‘3 (D
DFE
L) 4 \

' YBR209W
canl::MFA1pr-HIS3-MFAlphalpr-LEU2 flo11A . Mating N7 fio114

@ Heterozygous Diploid

\ | Il /\
>\ \ /| | / [\ Wi
g’ \ N \ A [/ ‘. "\ [\ "‘
Sporulation and 2 V o\ Vi~ v \/ \ AN I\ \ \
magic marker selection for MATa > > - — 5 > . N N
Fitness class (s)
I ]
e o o oge
[ HE Initial
, 7 fitness

Pool of MATa Haploid Recombinants

Xianan Liu



Multiple barcodes
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