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Natural Selection

The mechanisms in The mechanisms in 

which relative which relative 

frequencies of frequencies of 

genotypes change genotypes change 

according to their according to their 

relative fitnesses in relative fitnesses in 

the populationthe population

Positive SelectionPositive Selection

Purifying SelectionPurifying Selection
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Natural Selection

Natural selection is a process of pervasive Natural selection is a process of pervasive 

importance in the biological word, which includes importance in the biological word, which includes 

our own species, and on which that species is our own species, and on which that species is 

utterly depenent. Progress in evolutionary biology utterly depenent. Progress in evolutionary biology 

and its applications is perhaps most obviously and its applications is perhaps most obviously 

relevant to medical and environmental issues, but relevant to medical and environmental issues, but 

there is no aspect of human life for which an there is no aspect of human life for which an 

understanding of evolution is not a vital neccestity.understanding of evolution is not a vital neccestity.

George C. Williams, Plan and Purpose in Nature, 1996
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Positive Selection
The mechanism whereby 
newly produced mutants have 
higherhigher fitnessesfitnesses than the 
average in the population and 
the frequencies of the mutants 
increaseincrease in the following 
generations

The biological consequence of 
such a mechanism is: 
adaptationadaptation
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Purifying Selection
The mechanism whereby 
newly produced mutants have 
lowerlower fitnessesfitnesses than the 
average in the population, and 
the frequencies of the mutants 
decreasedecrease in the following 
generations

The biological consequence of 
such a mechanism is the 
mantainement ofmantainement of
adaptationadaptation in the population
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Neutral Evolution
The great majority of 
evolutionary changes at 
the molecular level are 
caused by random drift of 
selectively neutral or 
nearly neutral mutations

The relevant consequence 
of such a mechanism is 
the fixation of fixation of 
mutations at a mutations at a 
constant rate with constant rate with in 
the population



7

Measuring natural selection at molecular Measuring natural selection at molecular 
levellevel

Selective pressure at the protein level can be measured as: ω=dN/dS

where, where, dN is the number of nonsynonymous substitutions per nonsynonymoudN is the number of nonsynonymous substitutions per nonsynonymous site s site 
and dSand dS is is the number of synonymous substitutions per synonymous site betwethe number of synonymous substitutions per synonymous site between two en two 
proteinprotein--coding sequencescoding sequences



8

Measuring natural selection at molecular Measuring natural selection at molecular 
levellevel

Selective pressure at the protein level can be measured as: ω=dN/dS

where, where, dN is the number of nonsynonymous substitutions per nonsynonymoudN is the number of nonsynonymous substitutions per nonsynonymous site s site 
and dSand dS is is the number of synonymous substitutions per synonymous site betwethe number of synonymous substitutions per synonymous site between two en two 
proteinprotein--coding sequencescoding sequences

If non-synonymous mutations are favoured by positive selection, 
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Measuring natural selection at molecular Measuring natural selection at molecular 
levellevel

Selective pressure at the protein level can be measured as: ω=dN/dS

where, where, dN is the number of nonsynonymous substitutions per nonsynonymoudN is the number of nonsynonymous substitutions per nonsynonymous site s site 
and dSand dS is is the number of synonymous substitutions per synonymous site betwethe number of synonymous substitutions per synonymous site between two en two 
proteinprotein--coding sequencescoding sequences

If non-synonymous mutations are favoured by positive selection, 
non-synonymous mutations will be fixed at faster rate than 
synonymous mutations, then ω> 1

If non-synonymous mutations are deleterious (purifying selection), 
synonymous mutations will be fixed at faster rate, then ω< 1

If selection has no effect on fitness (neutral evolution), 
synonymous and non synonymous mutations will be fixed at equal 
rate, then ω= 1
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Sequence pairwise comparison: 
Counting methods

Suppose a gene has 300 codons and we observe 3 synonymous and 3 
nonsynonymous diferences between two sequences.

Is ω = 1 ?

S S S

N N N

H
Ch 1 3002992
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Sequence pairwise comparison: 
Counting methods

Suppose a gene has 300 codons and we observe 3 synonymous and 3 
nonsynonymous diferences between two sequences.

Is ω = 1 ?

S S S

N N N

H
Ch 1 3002992

If mutations from any one nucleotide to any other occur at the same rate,  
we expect 25.5% of mutations to be synonymous and 74.5% to be 
nonsynonymous (a default consequence of the genetic code table).
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Sequence pairwise comparison: 
Counting methods

Suppose a gene has 300 codons and we observe 3 synonymous and 3 
nonsynonymous diferences between two sequences.

Is ω = 1 ?

S S S

N N N

H
Ch 1 3002992

We do not expect synonymous and nonsynonymous mutations at equal
proportions even if there is no selection at the protein level.

If mutations from any one nucleotide to any other occur at the same rate,  
we expect 25.5% of mutations to be synonymous and 74.5% to be 
nonsynonymous (a default consequence of the genetic code table).
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Suppose a gene has 300 codons and we observe 3 synonymous and 3 
nonsynonymous diferences between two sequences.

Is ω = 1 ?
The total number of synonymous (S) and nonsynonymous (N) sites probably 
are close to:

 S   ;   N 5.229255.030035.670745.03003 =××==××=
Therefore,

336.0
5.229

3
5.670

3
==⇒====

0.0131
0.0044    0.0131  dS   ; 0.0044  Nd ω

S S S

N N N

H
Ch 1 3002992

Sequence pairwise comparison: 
Counting methods
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1. Count the total number of N and S nucleotide sites

 S   ;   N 6.768366.070034.1331634.07003 =××==××=

H CCA CCG AAA ACC    …   TCA GTA CGG AAT

Ch GCA CCG AAA AGC    …   ACA GTA GGG AAC
1              2               3  4                     …                 697          698          699         700

Counting methods (3 steps)

Complicated by factors such as ts/tv bias and base/codon frequency bias!!!
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1. Count the total number of N and S nucleotide sites

2. Count the synonymous (S) and nonsynonymous (N) differences

 S   ;   N 6.768366.070034.1331634.07003 =××==××=

H CCA CCG AAA ACC    …   TCA GTA CGG AAT

Ch GCA CCG AAA AGC    …   ACA GTA GGG AAC
1              2               3  4                     …                 697          698          699         700

Counting methods (3 steps)

Complicated by factors such as ts/tv bias and base/codon frequency bias!!!

N NS SS

H CCA CCG AAA ACC    …   TCA GTA CGG AAT

Ch GCA CCG AAA AGC    …   ACA GTA GGG CAC
1              2               3  4                     …                 697          698          699         700

This is straigthtforward if the two compared codons differ at onecodon position only. When they differ at 2 
or 3 codon positions, there exists 4 or 6 pathways from one codon to the other. The multiple pathways 
may involve different number of synonymous and nonsynonymous and should ideally be weighted 
appropriately according to their likelihood of occurrence. Most counting methods use equal weighting.

S
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1. Count the total number of N and S nucleotide sites

2. Count the synonymous (S) and nonsynonymous (N) differences

 S   ;   N 6.768366.070034.1331634.07003 =××==××=

H CCA CCG AAA ACC    …   TCA GTA CGG AAT

Ch GCA CCG AAA AGC    …   ACA GTA GGG AAC
1              2               3  4                     …                 697          698          699         700

Counting methods (3 steps)

Complicated by factors such as ts/tv bias and base/codon frequency bias!!!

N NS SS

H CCA CCG AAA ACC    …   TCA GTA CGG AAT

Ch GCA CCG AAA AGC    …   ACA GTA GGG CAC
1              2               3  4                     …                 697          698          699         700

This is straigthtforward if the two compared codons differ at onecodon position only. When they differ at 2 
or 3 codon positions, there exists 4 or 6 pathways from one codon to the other. The multiple pathways 
may involve different number of synonymous and nonsynonymous and should ideally be weighted 
appropriately according to their likelihood of occurrence. Most counting methods use equal weighting.

S

3. Apply a correction for multiple substitution at the same site
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Counting methods:
The method of Miyana-Yasunaga (1980, J Mol Evol,16(1):23), and its simplified 

version (Nei-Gojobori, 1986, Mol Biol Evol,3(5):418) are based on nucleotide 
substitution model of Jukes and Cantor (1969) and  ignore the ts/tv bias or base codon 
frequency.

Since ts are more likely to be synonymous than tv at 3rd. position, ignoring the ts/tv 
rate bias understimate the number of S and overestimate N. This effect is well known, 
and different methods account for this ratio

(Li, et al. 1985, Mol Biol Evol, 2(2):150, Li, 1993, J Mol Evol, 36(1):96, Pamilo 
and Bianchi 1993, Mol Biol Evol, 10(2):271, Ina, 1995, J Mol Evol, 40(2):190)

The effect of biased base/codon frequencies can have devastating effects on the 
estimation of dN and dS. Qualitatively different conclusions were reached depending on 
whether codon usage bias is accomodated for nucler genes from mammals and 
Drosophila.

A counting method incorporating both the ts/tv bias and the base/codon frequency bias
was implemented by Yang and Nielsen, 2000, Mol Biol Evol,17(1):32.

Many, if not all of them, are incorporated in codeml (PAML) program.
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Codon Model

{ }==  q Q ij

Markov model of codon substitution (61 states or sense codons) 
(Goldman & Yang, 1994 Mol Biol Evol, 11, Pp 725;  Muse & Gaut, 1994, Mol Biol Evol, 11, Pp 715
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Codon Model

  

.transition ousnonsynonym aby  differj  and i if      

on,transversi ousnonsynonym aby  differj  and i if        

,transition s synonymouaby  differj  and i if         

on,transversi s synonymouaby  differj  and i if            
positions, codon 3 or 2 at differj  and i if                 
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{ }==  q Q ij

Markov model of codon substitution (61 states or sense codons) 
(Goldman & Yang, 1994 Mol Biol Evol, 11, Pp 725;  Muse & Gaut, 1994, Mol Biol Evol, 11, Pp 715
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Codon Model
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Codon Model
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Markov model of codon substitution (61 states or sense codons) 
(Goldman & Yang, 1994 Mol Biol Evol, 11, Pp 725;  Muse & Gaut, 1994, Mol Biol Evol, 11, Pp 715

The instantaneous 
substitution rate from 
codon i to codon j 
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instantaneous 
rate matrix

The model accounts for ts/tv bias, unequal synonymous and nonsynonymous 
substitution, and biased base/codon frequencies.
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Codon Model
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For example, consider the substitution rates to codon CTG (Leu).
We have:

position one than more at differCTG  TTT the  since  q
,transition ousnonsynonym a is change CTG(Leu) GTG(Pro) the  since µ q

on,transversi ousnonsynonym a is change CTG(Leu) GTG(Val) the  since µ q

,transition s synonymoua is change CTG(Leu) TTC(Leu) the  since µ q

on,transversi s synonymoua is change CTG(Leu) CTC(Leu) the  since µ q 

CTGTTT,

CTGCTGCCG,
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a

a

a

a

a

0=
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Codon Model

{ }   etptP Qt
ij == )()(

Molecular sequence data do not allow separate estimation of rate (µ) and time (t), and 
only their product (µt) can be identified. 

We thus fix the rate µ such that the expected number of nucleotide substitutions per 
codon is one.

This scaling means that time (t) is measured by genetic distance -the expected 
number of (nucleotide) substitutions per codon. 

The transition probability matrix over time t is:

Lastly, the model is time-reversible

This means, )()( tptp jijiji ππ = CTCCCC

µ=1t

p
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Pairwise Comparison:
Maximum Likelihood (ML) estimation of ω

The probability of site h,

)()())( ,1

61

1
,,

tptp(tpxf CTCCCCCCC0
k

h CTCkCCCkk
ππ ==∑

=

H CCC CCG … ACC 
h=1       h=2        …      h=n

Ch CTC CCG … AGC

x1 x2 x1 x2

t0 t1

k= ancestral codon, unkown!!

t = t0 + t1

Xh=(x1,x2)

n codon sites

CCC

t

p
CTC
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)()(
211 , tpxf xxxh π=

Parameters in the model: 
the sequence divergence (t), 
transition/transversion rate ratio (κ),
the nonsynonymous/synonymous rate ratio (ω) ,
the codon frequency, (πj)

...estimated from the observed data (base –F3x4- or codon frequencies –F61)

The log-likelihood function for these sequence is then given by:

)(log),,(
1

h

n

h

xftl ∑
=

=ωκ

Pairwise Comparison:
Maximum Likelihood (ML) estimation of ω
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Maximum Likelihood (ML) estimation of ω

)(log),,(
1

h

n

h

xftl ∑
=

=ωκ

• Since there is no analytic 
solution, a numerical optimization 
algorithm is used to maximize “l”
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Comparing pairwise methods

Codeml

YN00

PAML

Codon bias Transition bias
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Phylogenetic (ML) estimation of ω

Pairwise methods has low power to detect positive selection

It averages over all sites along all the evolutionary distance separating sequences. 

Only 17 out of 3600 genes (Endo et al. 1996, MolBiolEvol, 13. Pp. 685)

Power is improved if selective pressure is allowed to vary over 

sites or branches.

Increasing the complexity of the codon model in this way requires 

that likelihood be calculated for multiple sequences on a 

phylogeny. 
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Likelihood calculation for multiple sequences 
on a phylogeny

Given an unrooted tree with N=4 species

The probability of observing the data at codon h, is:

{ }∑∑=
k g

xggxgggkkxkkxkkh tptptptptpxf )()()()()()( 44,3,0,2,1, 321
πππππ

k g

x1

x2

x3

x4

t1 t3

t2 t4

Xh=(x1,x2,x3,x4)

N-2 ancestral nodes
The data at each The data at each 
site will be the sum site will be the sum 
over 61over 61(N(N--2)2) possible possible 
combinations of combinations of 
ancestral nodesancestral nodes

The log-likelihood function is the sum over all (h=n) codon sites:

{ })(log),,(
1

)32( h

n

h
N xftl ∑

=
− =ωκ We assumed a single We assumed a single ωω value for value for 

all the sequences in the treeall the sequences in the tree

t0
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Modelling variable selective pressure among 
lineages 

Adaptive evolution is most likely to occur in an episodic fashion.

The probability of observing the data at codon h,

{ }∑∑=
k g

xggxgggkkxkkxkkh tptptptptpxf ),(),(),(),(),()( 144,13,00,02,01, 321
ωπωπωπωπωπ

k g

x1

x2

x3

x4

t1,ω0

Xh=(x1,x2,x3,x4)

The transition probabilities for The transition probabilities for 
the 2 set of branches are the 2 set of branches are 
calculated from different rate calculated from different rate 
matrices (Q) generated by using matrices (Q) generated by using 
different different ωω ratiosratios

The log-likelihood function is the sum over all (h=n) codon sites:

{ })(log),,,(
1

10)32( h

n

h
N xftl ∑

=
− =ωωκ

2 2 ωω values estimated for values estimated for 
different lineages in the tree different lineages in the tree 

averaging over all sites!!averaging over all sites!!

t4,ω1

t3,ω1

t2,ω0

t0,ω0

The most general The most general 
model called the model called the “free“free--
ratio model”ratio model” specified specified 
an independent an independent ωω for for 

each branch of the treeeach branch of the tree

Yang, Z. 1998. Mol. Biol. Evol. 15:568.
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Modelling variable selective pressure among 
lineages 

Adaptive evolution is most likely to occur in an episodic fashion.

Yang, Z. 1998. Mol. Biol. Evol. 15:568.
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ω0=0 0<ω1<1

Modelling variable selective pressure among 
sites Yang, Z. and R. Nielsen, 2002. Mol. Biol. Evol. 19: 908-917.

The most used approach is to use a statistical distribution to model the 
random variation in ω over sites (ie.: beta, gamma distribution, etc.)

Codeml has 13 alternative models available.
Continuous distributions are approximated by discrete categories: K

Ki classes, with ωi different ratios and pi proportions

If K=2, i=(0,1)

p1p0

k g

x1

x2
x4

t1 t3

t2 t4

t0

x3

{ }∑∑=
k g

xggxgggkkxkkxkkih tptptptptpxf )()()()()()( 44,3,0,2,1, 321
πππππω

Since we do do not known to Since we do do not known to 
wich class each site h belongs, wich class each site h belongs, 
we sum over both classeswe sum over both classes

)()(
1

0
ih

i

i
ih xfpxf ω∑

=

=

=

{ })(log
1

h

n

h

xfl ∑
=

=
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Models of variable ω ratio among sites
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After ML estimation of model’s parameters, an empirical 
Bayes approach is used to infer which ω class each site 
is most likely to belong.

The posterior probability that site h with data xh is from site
k is:

Bayes Empirical Bayes (BEB)

Yang Z., W. Wong & R Nielsen, 2005, Mol Biol Evol 22. Pp 1107

)(
)(

)(
h

khk
hk xf

xfp
xprob

ω
ω =
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Bayes empirical bayes results

Neutral
Positive

Purifying
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Branch-sites models

Yang, Z. and R. Nielsen, 2002. Mol Biol Evol 19. Pp. 908

Usefull to test adaptive process ocurred at a subset of sites for a 
limited period of time.
Usefull to test adaptation after gene duplicaton

ω2>1 (p2a , p2b)

ω1=1 , ω1=1 (p1)

0<ω0<1 , 0<ω0<1(p0)
Fo
reg
rou
nd

Background

PositivePositive selectionselection

NeutralityNeutrality

PurifyngPurifyng selectionselection

Test I: M1a (neutral) vs A1(Positive selection)
models

k= 3, site classes (0, 1, 2)
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Likelihood ratio test …nested models comparison

2
2,05.011

2
=

>∆=−
dfa

lll AM χ Accept the alternative hypothesis of 
positive selection!!!
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Thanks!
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