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Constraints

Optim
ality

Predictability

Today …

I. Natural selection

II. Fitness landscapes

III. A network perspective on fitness landscapes

IV. My favorite molecule: RNA

V. Are biological systems optimal?

 Constrained by mutation

 Evolutionary traps

VI. Conclusions



Lauren Ancel Meyers, University of Texas at Austin, 2007 2

Evolution by Natural Selection

1st generation

2nd generation

3rd generation

4th generation

Evolution by Natural Selection

2nd generation

HERITABILITY VARIATION
DIFFERENTIAL
REPRODUCTIVE

SUCCESS

Three requirements?
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Fitness Landscape

genotypes

high fitnesslow fitness

Map from the space of all genotypes to fitness ….

GENOTYPE

FI
T
N

E
S
S

Fitness Landscape

GENOTYPE

FI
T
N

E
S
S



Lauren Ancel Meyers, University of Texas at Austin, 2007 4

Wright’s Shifting Balance Theory (1929)

GENE FLOW
(MIGRATION)

STUCK AT LOCAL PEAK

GENETIC DRIFT

Random changes in
gene frequencies

Fitness Landscapes Models

K << N

K ≈ N

KAUFMANN’S NK MODEL (1986)

N genes
each interacts with K genes

sum local fitnesses

Genotype AA Aa aa

Fitness 1 1+hs 1+s

POPULATION GENETICS
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“Real” Fitness Landscapes

Local

AB Ab

aB ab

neutral

neutral

non-neutral non-neutral

AB Ab

aB ab

AB Ab

aB ab

Mutational Networks:

Another way to represent fitness landscapes

genotypes

point mutations

AB Ab

aB ab

two-locus, two-allele haploid
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Making proteins from DNA

TTT Phe TCT Ser TAT Tyr TGT Cys

TTC Phe TCC Ser TAC Tyr TGC Cys

TTA Leu TCA Ser TAA Och TGA Opa

TTG Leu TCG Ser TAG Amb TGG Trp

CTT Leu CCT Pro CAT His CGT Arg

CTC Leu CCC Pro CAC His CGC Arg

CTA Leu CCA Pro CAA Gln CGA Arg

CTG Leu CCG Pro CAG Gln CGG Arg

ATT Ile ACT Thr AAT Asn AGT Ser

ATC Ile ACC Thr AAC Asn AGC Ser

ATA Ile ACA Thr AAA Lys AGA Arg

ATG Met ACG Thr AAG Lys AGG Arg

GTT Val GCT Ala GAT Asp GGT Gly

GTC Val GCC Ala GAC Asp GGC Gly

GTA Val GCA Ala GAA Glu GGA Gly

GTG Val GCG Ala GAG Glu GGG Gly

G

C A GT

T

C

A

AAA
AAU

AAG

AAC

AUA

GAA

AGA

UAA

ACA

CAA

AAA
AAU

AAG

AAC

AUA

GAA

AGA

UAA

ACA

CAA

Mutational Network

CUA
CUC

CCA

CGA

CUG

UUA

CUU

GUA
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Neutral network

Schuster, P., W.Fontana, P.F.Stadler and I.Hofacker (1994) Proc. Roy. Soc. B

Mutational Networks

Evolutionary dynamics

quasispecies
(Eigen 1971)

mutation-selection balance
(Haldane, Fisher 1920’s)
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Evolutionary dynamics

error catastrophe

quasispecies
(Eigen 1971)

mutation-selection balance
(Haldane, Fisher 1920’s)

Mutation >> selection

RNA: An underappreciated molecule

Essential machinery of life

DNA

information

information

Replication
DNA duplicates

Transcription
RNA synthesis

Translation
Protein synthesis

DNA

RNA

Protein

Nuclear envelope
cytoplasm

nucleus

information

protein

ribosome

The Central Dogma of Molecular Biology

rRNA

tRNA

mRNA
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RNA

RNA

Science 2003, 300: 1692-1697
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RNA

Essential machinery of life

“Molecule of the year” (2002)

Phylogenetics

Bio-engineering

Tractable model of a complex biological system

www.monmouth.com/~spidersigns/RNA/

Modeling the evolution of RNA structure

AUCGGCGCUCCGUACUACGCUUAAAAAACAGGA … UACUUGCAAAA

Mutational surveys: Fold millions of molecules and all of their
mutants to systematically explore the mutational network.

In silico evolution: In the computer, select populations of RNA
molecules according to structural criteria, and allow them to mutate.

GENOTYPE

PHENOTYPE

FITNESS

3-D structure
             Function

U   A
U   G
G   C
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RNA Mutational Networks

AUCGGCGCUCCGUACUACGCUUAAAAAACAGGA … UACUUGCAAAA

Are RNA molecules optimal?

Motivation

“tyranny of the short”

super-optimal laboratory molecules

Is anything optimal?

If we re-ran the tape, where would we end up?
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Characterizing entire mutational networks

Molecule 

Length
Number of genotypes

Number of 

phenotypes

12 4
12

 = 16,777,216 59

13 4
13

 = 67,108,864 119

14 4
14

 = 268,435,456 234

15 4
15

 = 1,073,741,824 443

16 4
16

 = 4,294,967,296 872

17 4
17

 = 17,179,869,184 1673

18 4
18

 = 68,719,476,736

Definition: Phenotype Abundance

RARE PHENOTYPE

ABUNDANT PHENOTYPE
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most 
abundant

least
abundant

Rank Abundance

1 14325304

2 218567

3 183791

4 162009

5 152393

6 151705

7 122332

8 117213

9 113896

10 110509

11 105538

12 93866

. .

. .

. .

53 220

54 197

55 165

56 153

57 109

58 54

59 20

Mutational Landscape Structure

Adjacent Phenotypes



Lauren Ancel Meyers, University of Texas at Austin, 2007 14

Adjacent Phenotypes

Abundant phenotypes can access more novelty

12-mers 17-mers
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Does network structure actually impact evolution?

Evolutionary simulation:

- Populations of 1000 molecules

- Choose a target shape and select for similarity to the target

- Point mutation

Question:

Is the evolutionary fate of the population influenced by 

(a)The abundance of the origin phenotype?

(b)The abundance of the target phenotype?

Natural selection & mutation

Origin Target

Yes, network structure constrains evolution

Hypothesis: Real RNA are not necessarily optimal. Naturally occurring

RNA molecules may be biased towards phenotypes with high abundance,

that is, towards shapes that are produced by many different sequences.

No correlation r = 0.89 (p<10-10)
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A shape statistic that correlates with phenotype abundance

A
s
=

total length stem-loop regions + number base pairs

number of contiguous stacks

A
s
=
10 + 3

1
= 13

A
s
=
11+ 2

2
= 6.5

Question: Do natural RNA have statistically high values of A?

If so, then maybe there is a bias toward abundant (rather than best) structures.

<10-160.69217-mer

<10-160.69216-mer

<10-160.70315-mer

<10-160.72414-mer

<10-160.72113-mer

<10-100.71212-mer

p-valuerSize

Yes, natural RNA are shaped by mutational networks

Intron

Cis-reg

Gene

A percentile

Rfam: Griffiths-Jones, S., A. Bateman,
M. Marshall, A. Khanna, S.R. Eddy
(2003) Nucleic Acids Research Evolution of the abundant …
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Are RNA molecules optimal?

Not necessarily

For a function to evolve, it has to be accessible

But life, even for an RNA molecule, is more complex …

Genotype
Phenotype

Fitness

How do organisms cope with
environmental heterogeneity?

How does this constrain evolution?
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Plasticity in RNA Secondary Structure

Minimum free energy
structure

<0.001

 
<0.001

0.001

0.007

0.009

0.014

Proportion of
time spent in each

structure

GCUGUUAUCGGCGCUCCGUACUACGCUUAAAAAACAGGACAGUUGGGAUACUUGCAAAACCAGGUUCAUCUUGUGA

0.5

0.52

0.54

0.56

0.58

0.6

0.62

0.64

0.66

0.68

0.7

Artificial Natural

Standard

Coarse grained

P
er

ce
n
ti
le

 t
h
er

m
o
st

a
b
ili

ty

        Average thermostability for 
       length and base composition

.((…(((…))).((….)))) ((((H)S)((H)S)M)S)
S

M

S

S

H

H

Standard
Coarse grained

Levels of structural resolution

RNA have evolved thermostability
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Evolutionary model (loosely) based on artificial selection of RNA

Lets model this process …

<0.001

 
<0.001

0.001

0.007

0.009

0.014

GCUGUUAUCGGCGCUCCGUACUACGCUUAAAAAACAGGACAGUUGGGAUACUUGCAAAACCAGGUUCAUCUUGUGA

Selecting for

function (shape)

and

thermostability

Ensemble fitness

Target
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Evolutionary Simulations

Population of ~1000 sequences in a chemical flow reactor

Replicate sequences in proportion to their fitnesses*

Constant mutation rate (0.001 per position)

*Plastic fitness
vs.

Control fitness 

Evolutionary Trajectories

Fontana, W. and P. Schuster (1998) Science
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Evolution of Thermodynamic Stability

RandomEvolved

Fr
eq

u
en

cy

Fraction of mutations that preserve the groundstate

Evolution of mutational stability

Can mutations create novelty?

30% of mutations preserve structure,
while the other 70% perturb it.
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Fr
eq

u
en

cy

Neutrality

Evolution of mutational stability

control

plastic

Can mutations create novelty?

How do these populations get stuck?

Thermostability is favored

Natural selection increases thermostability

Populations cannot access novelty through mutation,
and therefore cannot evolve

Sequences become insensitive to mutation

?
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minimum 
free energy 
structures

present
thermodynamic

ensemble

future
mutants

GCUGUUAUCGGCGCUCCGUACUACGCUUAAAAAACAGGACAGUUGGGAUACUUGAAACCAGGUUCAUCUUGUGA

single base mutations

Plastogenetic Congruence
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Plastogenetic 
congruence

How do these populations get stuck?

Thermostability is favored

Natural selection increases thermostability

Populations cannot access novelty through mutation,
and therefore cannot evolve

Sequences become insensitive to mutation

General hypothesis:

Evolution of environmental stability hinders evolution?!

Selection to withstand environmental variability

Plastogenetic congruence (proteins, phenocopies, …)
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Another byproduct of natural selection
for thermodynamic robustness ...

Modularity

(1) Thermodynamic Modularity

(2) Genetic Modularity

23°

29°
43°

47° 48°
49°

64°

68°
100°

Random Sequence

Evolved Sequence

0°
76°

100°
94°

Melting Profile
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GCGAAAUAUAGCGAUCGAUCGGCACGAUGCUAGCUACGCAUCGACUUCGAUCGACAGCUAGUCCGAUCCAGCGAAAUAUAGCGAUCGAUCGGCACGAUGCUAGCUACGCAUCGACUUCGAUCGACAGCUAGUCCGAUCCA

CGCAUCGACUUCGAUCGACAGCUAGUCCAGCUCGCGAUCGAUCGACAGCGC ACUGGACUGACUGCAUCACU

Embed in 
random sequence

Fold minimum free 
energy structure

Genetic Modularity

Fraction of 
sequences that
fold into the
original shape

Random

Evolved

Evolved

Random
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New evolutionary hypotheses

1. Plastogenetic congruence: A biophysical relationship between

environmental and mutational stability

2. Selection to withstand environmental variability may impede

adaptation

3. Selection to withstand environmental variability may explain

the origins of modularity

Conclusions

Simulations of complex biological systems can give new
insight:

Phenomena not even accessible from traditional population
genetic models

Inspire new generation of models, better engineering, and
experimental tests

Building even more realistic models

Extracting the essential features/dynamics of a system

Testing these ideas

Extrapolating to other biological systems

Morals and Challenges
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