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EVOLUTION REGIMES

QuantiÞed by the value of the dN/dS ratio or !

Neutral !idealized": any mutation is Þxed or removed only via 
genetic drift !i.e. no Þtness change". ! # 1

Traditiona! y, most synonymous mutations are considered ÔneutralÕ, but it is not realistic.

Negative !purifying": deleterious !Þtness reducing mutations" 
are removed from the population. ! < 1

Posit ive !diversifying": advantageous mutat ions are 
preferentially Þxed in the population. ! > 1
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M ODELS OF CODON EVOLUTION

In 1994, Þrst tractable evolutionary models for codon sequences 
were proposed.

X,Y = AAA...TTT (excluding stop codons),
! t - frequency of the target nucleotide.

Example substitutions:

AAC" AAT  (one step, synonymous - Aspargine)
CAC" GAC (one step, non-synonymous - Histidine to Aspartic Acid)
AAC" GTC (multi-step).

#
$

Rxy

1

Rxy

1

#RCT

$RCG

(Rate)X,Y (dt) =






! tdt , one-step, synonymous substitution,
! tdt , one-step, non-synonymous substitution,

0 , multi-step.

Chimpanzee(TCA)
Human 
(TTG)

Gibbon
(TCG)

Gorilla 
(TCA)

(TTA)

(TCA)
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COMPUTING THE 
TRANSITION PROBABILITIES

In order to recover transition probabilities T!t" from the rate matrix Q, 
one computes the matrix exponential T!t" = exp Qt

Because the computational complexity of matrix exponentiation scales 
as the cube of the matrix dimension, codon based models require 
roughly !61/4"3 # 3500 more operations than nucleotide models

This explains why codon probabilistic models were not introduced 
until the 1990s.
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M ULTIPLE SUBSTITUTIONS

The model assumes that point mutations alter one nucleotide at a time, 
hence most of the instantaneous rates !3134/3761 or 84.2$  in the case of 
the universal genetic code" are 0. 

This restriction, however, does not mean that the model disallows any 
substitutions that involve multiple nucleotides !e.g ACT ! AGG". 

Such substitutions must simply be realized via several single nucleotide 
steps, e.g ACT ! AGT ! AGG

In fact the !i,j" element of T!t" = exp!Qt" sums the probabilities of all 
such possible pathways of length t , including reversions

Compare this to the rather naive NG parsimony approach
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NG  VS A CODON M ODEL

PAIRWISE D N/ DS ESTIMATES ON HIV &1 P51 !RT" SEQUENCES

AIMS,  SPRING 2010 SERGEI L KOSAKOVSKY POND $SPOND@UCSD.EDU% W AYNE DELPORT $WDELPORT @UCSD.EDU%

ALIGNMENT &WIDE ESTIMATES

Using standard MLE approaches it is straightforward to obtain 
point estimates of dN/dS :=  "/#

Can also easily test whether or not dN/dS > 1, or < 1 using the 
likelihood ratio test

Codon models also support the concepts of synonymous and non&
synonymous distances between sequences using standard properties 
of Markov processes !exponentially distributed waiting times"

Theory 13

i to some other codon) is an exponential distribution with rate parameter
deÞned by the o! -diagonal entries of the rate matrix Q, as r i =

!
j!=i qij .

Recalling that the diagonal elements of the rate matrix Q were deÞned as
qii = −r i, the expected time to change fromi to some other state is−1/q ii,
i.e. an average ofqii changes fromi to some other state given over a unit
length of time. The total expected number of changes per codon per unit
time can be obtained by taking a weighted average over all possible codons

E[subs] = −
"

i

! iöqii,

where öq denotes that the rate matrix Q is evaluated using maximum like-
lihood estimates for all model parameters. To make codon based distances
directly comparable with those obtained from nucleotide models, it is cus-
tomary to divide the estimates by 3, reßecting the fact that there are three
nucleotides in a codon.

The total expected number of substitutions can be decomposed into the
sum of synonymous and non-synonymous changes per codon, by summing
rate matrix entries which correspond to synonymous and non-synonymous
substitutions only as follows:

qii = qs
ii + qns

ii =
"

j!=i, j and i are synonymous

qij +
"

j!=i, j and i are nonsynonymous

qij ,

and

E[subs] = E [syn] + E [nonsyn] = −
"

i

! iöqs
ii −

"

i

! iöqns
ii .

In order to convert the expected numbers of substitutionsper codon to
a more customary dN and dS, one must normalize the raw counts by the
proportions of synonymous and non-synonymous sites (see below), allowing
us to compensate for unequal codon compositions in di! erent alignments.

It is important to realize that " = #/ $ is in generalnot equal to dN/dS as
deÞned above, although the two quantities are proportional, with the con-
stant dependent upon base frequencies and other model parameters, such as
nucleotide substitution biases. When more than two sequences are involved
in an analysis, the computation of genetic distances between any pair of se-
quences can be carried out by summing the desired quantities (e.g. dS and
dN ) over all the branches in the phylogenetic tree which lie on the shortest
path connecting the two sequences in question. An alternative approach
is to estimate the quantities directly from a two-sequence analysis, which
implicitly assumes that the sequences are unrelated (e.g. conform to the
star topology). Depending on the strength of phylogenetic signal and the
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defined above, although the two quantities are proportional, with the con-
stant dependent upon base frequencies and other model parameters, such as
nucleotide substitution biases. When more than two sequences are involved
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quences can be carried out by summing the desired quantities (e.g. dS and
dN) over all the branches in the phylogenetic tree which lie on the shortest
path connecting the two sequences in question. An alternative approach
is to estimate the quantities directly from a two-sequence analysis, which
implicitly assumes that the sequences are unrelated (e.g. conform to the
star topology). Depending on the strength of phylogenetic signal and the
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TOPOLOGY%BASED VS PAIRWISE

Pairwise distance calculations do not account for shared ancestry 
and can bias dN and dS estimates !usually UNDERestimate"

DS DN
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A NOTE ON NUCLEOTIDE BIASES

203 possible substitution bias patterns, from F81 to REV

Can be tested for exhaustively by likelihood ratio and/or AIC

Shorthand notation: E.g. !012230" RAC=RGT and RAT=RCG

ÒCrossÓ MG94 with a nucleotide substitution matrix

A C G T
A ! RAC 1 RAT

C RAC
! RCG RCT

G 1 RCG
! RGT

T RAT RCT RGT
!
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DN/ DS REPORT:
 MEAN                       = 0.184652
 MIN                        = 0.147817
 MAX                        = 0.232608
 B EST MODEL (010023)       = 0.214455
 WORST MODEL (011101)      = 0.157977
 REV                        = 0.215941
 MODEL AVER.                 = 0.221289

MODEL#  MODEL   BETA / ALPHA    LOGL    AC    AG    AT    CG    CT    GT   C -AIC
1  000000       0.160  -3040.29   1.00   1.00   1.00   1.00   1.00   1.00  6115.70
2  000001       0.166  -3038.32   1.00   1.00   1.00   1.00   1.00   0.49  6113.90
3  000010       0.182  -3036.14   1.00   1.00   1.00   1.00   1.81   1.00  6109.53
4  000011       0.165  -3039.34   1.00   1.00   1.00   1.00   1.30   1.30  6115.93
5  000012       0.186  -3034.93   1.00   1.00   1.00   1.00   1.71   0.56  6109.25
......................................................................
197   012334       0.182  -3003.91   0.13   1.00   0.11   0.49   0.49   0.24  6051.52
198   012340       0.218  -2993.99   0.17   1.00   0.11   0.06   0.72   0.17  6031.68
199   012341       0.193  -3003.57   0.18   1.00   0.13   0.08   0.93   1.00  6050.84
200   012342       0.218  -2994.32   0.13   1.00   0.15   0.06   0.72   0.15  6032.34
201   012343       0.216  -2994.95   0.13   1.00   0.11   0.15   0.72   0.15  6033.60
202   012344       0.189  -2998.16   0.13   1.00   0.10   0.06   0.54   0.54  6040.02
203   012345       0.216  -2993.45   0.13   1.00   0.11   0.06   0.72   0.23  6032.77
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SITE TO SITE RATE VARIATION

Global # and " models are the simplest computationally and contain 
the fewest number of estimable parameters, hence they are suitable 
for 

coarse data characterization !exploratory analysis", 

analyses of small samples !a few sequences or very short alignments" 

or when substitution rates are a nuisance parameter !i.e. there are used as a 
means to estimate something else, e.g. phylogeny or ancestral sequences"
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SITE TO SITE RATE VARIATION

When # and " are the primary object of evolutionary analysis, the global model is 
nearly always a poor choice for inference. 

Selective regimes may di&er from site to site in a gene due to varying functional 
and structural constraints, selective pressures and other biological processes. 

Since the global model is only able to estimate the mean, it reveals remarkably 
little about the unknown distribution of rates. 

Two genes with mean ! = 0.5 may, for example, have dramatically di&erent 
distributions of ! across sites, hence it might be erroneous to state, based solely 
on the equality of the means, that two genes are evolving under similar selective 
pressures.
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data characterization (exploratory analysis), analyses of small samples (a
few sequences or very short alignments) or when substitution rates are a
nuisance parameter (i.e. there are used as a means to estimate something
else,e.g. phylogeny or ancestral sequences), although more complex models
may provide a better result in the latter case. Lastly, the global model
serves as a useful null hypothesis to form the basic of testing for spatial or
temporal rate heterogeneity.

!

Fig. 1.2. Two different rate distributions (solid and dashed) which have the same
mean ! .

When " and # are the primary object of evolutionary analysis, the global
model is nearly always a poor choice for inference. Selective regimes may
differ from site to site in a gene due to varying functional and structural
constraints, selective pressures and other biological processes. Since the
global model is only able to estimate the mean, it reveals remarkably little
about the unknown distribution of rates. Two genes with mean ! = 0 .5
may, for example, have dramatically different distributions of ! across sites
(Fig. 1.2), hence it might be erroneous to state, based solely on the equality
of the means, that two genes are evolving under similar selective pressures.
WhatsInTheMean.bf shows how simulated alignments with vastly different
distributions of ! yield very similar estimates of mean! .

1.4.3 Estimating dS and dN

Quite often one may be interested in estimatingevolutionary distancesbe-
tween coding sequences, usually measured as the expected substitutions per
site per unit time, or % divergence. As codon-substitution Markov pro-
cesses are time-homogeneous, one can use the property that the distribution
of waiting times (i.e. the time for a process to change its state from codon

STEP 1.  FITTING GLOBAL MG94XHKY85 TO OBSERVED DATA.  
DONE.  ESTIMATED MEAN DN/ DS =  0.23  AND TS / TV RATIO = 6.69416

STEP 2A.  SIMULATING UNDER  A POINT MASS DISTRIBUTION ( GLOBAL MODEL)  WITH D N/ DS = 0.230856
STEP 2B.  FITTING A GLOBAL MODEL ...
DONE.  ESTIMATED MEAN DN/ DS =  0.26  AND TS / TV RATIO = 7.18668

STEP 3A.  SIMULATING UNDER  A BIMODAL DISTRIBUTION WITH 50% AT 0.129985  AND 50% AT 0.389954
STEP 3B.  FITTING A GLOBAL MODEL ...
DONE.  ESTIMATED MEAN DN/ DS =  0.26  AND TS / TV RATIO = 6.9184

STEP 4A.  SIMULATING UNDER  A TRIMODAL DISTRIBUTION WITH 60% AT 0.0262829,  30% AT 0.262829  AND 10% AT 1.68211
STEP 4B.  FITTING A GLOBAL MODEL ...
DONE.  ESTIMATED MEAN DN/ DS =  0.25  AND TS / TV RATIO = 5.52756

STEP 5A.  SIMULATING UNDER  A GAMMA DISTRIBUTION WITH VARIANCE 0.600982
STEP 5B.  FITTING A GLOBAL MODEL ...
DONE.  ESTIMATED MEAN DN/ DS =  0.17  AND TS / TV RATIO = 6.90859
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SELECTION : W HERE ?
Locate codon sites which evolve non%neutrally.

Provide confidence estimates !p%values, etc"

' INFLUENZA H3N*
MEAN DN/DS = 0.101841 

TREMENDOUS VARIATION 
ACROSS SITES 
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Use a simple codon model and maximum likelihood to reconstruct 
the evolutionary history of the sample

Compute dN and dS based on ML ancestral reconstructions !best, 
mean, sampled" and compare to ÒneutralÓ expectation

Very fast !100s sequences, in minutes on a desktop"

Least powerful

SINGLE LIKELIHOOD ANCESTOR 

COUNTING !SLAC"
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CGC(Node1)

AAC(CANINE_IOWA_13628_2005_H3N8)
AAA(Node24)

AGA(Node32)

AAA(Node30)

AAA(Node0)

0.1

P ~ 0.15

CAT(MALLARD_ALB_394_1988_H3N3)
CAC(Node13)

CAT(MALLARD_DUCK_ALB_525_1985_H3N8)
CAC(Node17)

CAC(Node1)

CAT(Node0)

0.1

P ~ 0.02
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Estimate common parameters !branch lengths, nucleotide 
biases" from the entire alignment

Fit dN and dS individually to every site using maximum  
likelihood

Examine the hypothesis of neutrality by a likelihood ratio test 
!dN=dS vs dN' dS"

Can be easily parallelized. 100s sequences in a few minutes on 
an MPI cluster

FIXED EFFECTS 

LIKELIHOOD !FEL"
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FEL SLAC
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RANDOM EFFECTS LIKELIHOOD !REL"

When the objective of an analysis is to estimate, for each codon 
c = 1 . . . S in the alignment, a pair of unobserved  rates #s and 
"s, the random e( ects approach posits than there exists a 
distribution of rates !assumed discrete with D categories for 
computational feasibility", with values !#d,"d", and the 
probability of drawing each pair of values is !pd"

To compute the likelihood function at codon site c, one now 
has to compute an expectation over the distribution of rates

26

1.6.1 Random E ! ects Likelihood (REL)

When the objective of an analysis is to estimate, for each codon c = 1 . . . S
in the alignment, a pair of unobserved rates ! s and " s, the random e! ects
approach posits than there exists a distribution of rates that is almost always
assumed to be discrete with D categories for computational feasibility, with
values (! d, " d), and the probability of drawing each pair of values is (pd),
subject to

�
d pd = 1. Examples of such distributions might be the general

discrete distribution (all parameters are estimated), or the M8 model of
PAML, where D = 11, ! d = 1 and " is sampled from a discrete beta
distribution (10 bins) or a point mass # > 1. The value D is fixed a priori,
and all other distribution parameters are usually estimated by maximum
likelihood. To compute the likelihood function at codon site c, one now has
to compute an expectation over the distribution of rates

L (site c) =
D�

d=1

L (site c|! c = ! d, " c = " d)pd,

where each of the conditional probabilities in the sum can be computed using
the standard pruning algorithm [10]. Finally, the likelihood of the entire
alignment, making the usual assumption that sites evolve independently,
can be found as the product of site-by-site likelihoods.

The REL approach can be used to test whether positive selection operated
on a proportion of sites in an alignment. To that end, two nested REL
models are fitted to the data: one which allows " > ! , and one that does
not. The most cited test involves the M8a (or M7) and M8b models of
Yang and colleagues [32], which each assume a constant synonymous rate
! ! 1 and use a beta distribution discretized into 10 equiprobable bins to
model negative selection (" i " 1 for i " 10), but M8a forces " 11 = 1 while
M8b allows " 11 # 1. If M8a can be rejected in favor of M8b using the
likelihood ratio test with a one sided constraint, this provides evidence that
a p11 proportion of sites are evolving under positive selection. Another test,
allowing for variable synonymous rates has been proposed by Sorhannus and
Kosakovsky Pond [33] and involves fitting two D (e.g. D = 4 or D = 9) bin
general discrete distributions with one of them constraining " d " ! d for all
rate classes.

To find individual codon sites under positive selective pressure, REL meth-
ods can use an empirical Bayes approach, whereby the posterior probability
of a rate class at every site is computed. A simple application of Bayes rule,
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Ldata

!
D|T , �θ, α, β

"
=

N#

i = 1

Lsite
!

Di |T , �θ, α, β
"

Ldata

�
D|T , !" , #, B

�
=

N�

i=1

�
Lsite

�
Di|T , !" , #, $ = r

�
F (r ; B )dr

Ldata

!
D|T , !" , B

"
=

N#

i=1

$ $
Lsite

!
Di |T , !" , # = s, $ = r

"
F (r, s; B)drds

Ldata

!
D|T , !" , !# , !$

"
=

N#

i=1

Lsite
!

D|T , !" , #i, $i

"

Synonymous 
rates #

Non-
synonymous 

rates $
Likelihood Expression

Constant Constant

Constant

Drawn from 
a univariate 

density 
F(r;B)

Drawn from a 
bivariate density 

F(r,s;B)

Drawn from a 
bivariate density 

F(r,s;B)

Independently estimated 
for  each site

Independently estimated 
for  each site
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To find individual codon sites under positive selective pressure, REL methods 
can use an empirical Bayes approach, whereby the posterior probability of a rate 
class at every site is computed

A simple application of Bayes rule, treating the inferred distribution of rates as a 
prior shows that

A site can be classified as selected if the posterior probabilities for all those rate 
classes with " > # exceed a fixed threshold !e.g. 0.95"

The Bayesian analog of a p%value is the Bayes factor for some event E, defined as

If BF!" > #" at site c exceeds some predefined value !e.g. 20", a site can be called 
selected.

SITES UNDER SELECTION

Theory 27

treating the inferred distribution of rates as a prior shows that

Pr (! s = ! d, " s = " d|site c) =
L (site c|! s = ! d, " s = " d)pd

L (site c)
.

A site can be classified as selected if the posterior probabilities for all those
rate classes with " d > ! d exceed a fixed threshold (e.g. 0.95). While it
may be tempting to interpret this value as an analog of a p-value, it is not
one. The Bayesian analog of a p-value is the Bayes factor for some event E ,
defined as

BF (E ) =
posterior odds E

prior odds E
=

Prposterior(E )/ (1− P rposterior(E ))
Prprior(E )/ (1− P rprior(E ))

.

A Bayes factor measures how much more confident (in terms of odds) one
becomes about proposition E having seen the data. If BF (" > ! ) at site
c exceeds some predefined value (e.g. 20), a site can be called selected.
Our simulations [28] indicate that in phylogenetic REL methods 1/BF is
approximately numerically equivalent to a standard p-value.

REL methods are powerful tools if applied properly, and can detect selec-
tion when direct site-by-site estimation is likely to fail. For example, if there
are 100 sites in an alignment with # = 1.1, unless the alignment consists of
hundreds of sequences, methods which estimate rates from individual sites
(discussed below) are unlikely to identify any given site with # = 1.1 to be
positively selected, because selection is very weak. Hence they may miss
evidence for positive selection altogether. On the other hand, REL methods
can pool small likelihood contributions from all 100 sites to a single class
with # > 1 and use cumulative evidence to conclude that there is selection
somewhere in the sequence. However, REL methods may also fail to iden-
tify any individual site with any degree of confidence. The ability to pool
information across multiple sites is a key advantage of REL.

However, one needs to be keenly aware of two major shortcomings of REL.
Firstly, there is a danger that the distribution of rates chosen a priori to
model ! and " is inadequate. For example, there is no compelling biologi-
cal reason to support the mixture of a beta and a point mass distribution
(PAML’s M8). In extreme cases (see section 1.6.5) this can lead to positively
misleading inference, whereas in others “smoothing” - the underestimation
of high rates and overestimation of low rates - can occur, and result in loss
of power. Secondly, posterior empirical Bayes inference assumes that rate
estimates are exact. For example, an # = 1.05 may be estimated and used
to compute Bayes factors, but if the confidence interval on that estimate is
(0.5, 1.5), then one cannot be certain whether or not the contribution from
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treating the inferred distribution of rates as a prior shows that
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information across multiple sites is a key advantage of REL.
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Firstly, there is a danger that the distribution of rates chosen a priori to
model ! and " is inadequate. For example, there isno compelling biologi-
cal reason to support the mixture of a beta and a point mass distribution
(PAMLÕs M8). In extreme cases (see section 1.6.5) this can lead to positively
misleading inference, whereas in others ÒsmoothingÓ - the underestimation
of high rates and overestimation of low rates - can occur, and result in loss
of power. Secondly, posterior empirical Bayes inference assumes that rate
estimates are exact. For example, an# = 1 .05 may be estimated and used
to compute Bayes factors, but if the conÞdence interval on that estimate is
(0.5, 1.5), then one cannot be certain whether or not the contribution from
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FINDINGS

All methods perform very similarly, if the data set is large 
enough

>50 sequences use SLAC

20&50 sequences use FEL

<20 sequences use method consensus

Failing to model synonymous rate variation => positively 
misleading results in some cases; misidentiÞcation of 
hyper&variability as selection.
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I NTEGRATIVE SELECTION 

ANALYSIS
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Positive SelectionROC Rate Recapitula tion
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Given a coding sequence alignment classify all lineages in the 
phylogenetic tree by average strength of selection !dN/dS"

Existing models:

All lineages have the same dN/dS

Every lineage has its own dN/dS

An a priori !ÓbiologicalÓ" model is given 

II.  SELECTION WHEN ?
LINEAGE SPECIFIC 

SELECTION
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PRIMATE LYSOZYME D ATA

Likelihood Ratio Tests forCONSIDERED BY MESSIER & STEWART (1997) AND LATER BY YANG 

(1998) 

MOL. BIOL. EVOL. 15(5):568Ð573. 1998 

HYPOTHESIS:

POSITIVE SELECTION 

ALONG ÔCÕ AND ÔHÕ 
BRANCHES , AND 
NEGATIVE SELECTION 
ELSEWHERE . 
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PRIMATE LYSOZYME D ATA

Model log L d.f. dN/dS p-value

Single Ratio -1043.8 35 0.57

3 rate a priori -1037.03 37 0.39/3.98/ ∞
p=0.001 
(Single)
p=0.48 
(Free)

Free Ratio -1022.2 67 0.0/0.68/ ∞ p=0.09
(Single)
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CAN WE DO BETTER ?

There are about 8.34 % 1015 possible models with three di( erent 
classes of branch dN/dS

There could easily exist much better Þtting models than the Ôa 
prioriÕ model, supporting contradictory biological conclusions

It is desirable to be able to compare an Ôa prioriÕ model with 
other good&Þtting models

Models really are a nuisance in this case. What can be said about 
biologically relevant quantities !branch dN/dS" without choosing 
a particular model? 
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SEARCHING FOR THE BEST MODEL

Genetic algorithms !GA" have been proven very useful for searching 
large, poorly understood discrete parameter spaces

GA mimic natural evolutionary processes:

Individuals represented by a coded string compete in a population, based 
on their Þtness

Random mating with recombination is used to produce o( spring

Mutation processes help avoid entrapment in local extrema
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M ODEL ENCODING

Fix number of dN/dS classes at B !e.g 3". 

Model encoding scheme: use post&order tree traversal to convert 
branch partitions into state vectors !codes". 

A B C D E

N1 N2

N0

1
2

3

4

7

5 6

A B C D E

N1 N2

N0

STATE VECTOR = !0120021"BRANCH ORDERING
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COMPUTING FITNESS

TO COMPARE GOODNESS &OF&FIT BETWEEN NON &NESTED 

MODELS , WE CAN USE INFORMATION THEORETIC MEASURES OF 

GOODNESS&OF&FIT SUCH AS AKAIKE ÕS INFORMATION CRITERION 

!AIC " OR SMALL SAMPLE AIC  !C&AIC ". LOWER SCORE = BETTER 
FIT

with p parametersÞtted to a sample of sizes is deÞnedas

AICc = ! 2logL
!

ö! |data
"

+ 2p

#
s

s ! p ! 1

$
.

For any Þxedp, lims→∞AICc = ! 2logL
!

ö! |data
"

+ 2p, and thusAICc and thestandard

Akaike Information Criterion coincide for large samplesizes. Clearly, AICc can only be used

when s > p + 1. In our casewe treat each alignment column as an independent sample,

and the method requiresat least 2n ! 1 + B alignment columns to be applicable. AICc is

a second order correction to standard AIC, and its usecan be advocated unless the number

of samples is much larger (40" or more) than the number of parameters (Burhnham and

Anderson(2003), p. 66).

The mutation phase is triggered if the di! erencebetweenthe AICc of the best and the

worst Þtting model in a generation decreasesbelow a threshold " > 0; on average, each

5! th position in all model vectors of the current generation (excluding the best Þtting one)

is randomly replaced with an integer in 0 . . . B ! 1 (excluding the present state).

Our parallel implementat ion of the CHC algorithm was run on a 16-node Linux MPI

cluster with each generation consistingof 28 individuals. We used the convergencecriterion

that requires the AICc of the best Þtting individual over all generations to remain constant

for 30 generations. We also veriÞedconvergenceby repeating the runs several t imes, wit h

the initial population generated randomly every time.

Oncewe have selected a model using the GA, it is important to assess the conÞdencewe

have in the model, both in terms of how much better it Þts compared to other candidate

models,and in terms of whether we would select the same model again if other independent

datasetswere available. The goodnessof Þt between the best Þtting model identiÞed using

the GA, the global (single-ratio) model, and the local (free-ratio) model, can be determined

using a likelihood ratio test, as these models are nested. To determine the signiÞcance of

the di! erence in Þt betweenmodels speciÞeda prior i, and the best Þtting model identiÞed

6

P & NUMBER OF MODEL PARAMETERS

S & NUMBER OF OBSERVATIONS !ALIGNMENT COLUMNS "
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AGGRESSIVE GA
Traditional GA employ large !>1000", relatively slowly 
evolving populations 

In our case, fitness !c%AIC" evaluations are expensive, 
because they involve complex numerical optimizations 

We use the CHC method: !C"ross generational elitist 
selection, !H"eterogeneous recombination and !C"
ataclysmic mutation due to Eshelman !1991".

Small population size !~30" and fast convergence 

Feasible to run analyses exploring 1000s of codon 
models on an MPI Linux cluster !a few hours".
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T HE CHC  ALGORITHM

Spawn initial population !randomly"

Always retain the most Þt individual !Cross generational elitist 
selection"

Pick individuals to mate randomly, but weighing by their relative 
Þtness 

If the population becomes too inbred !max Þtness & min Þtness is 
too low", mutate 10&15)  positions in all individuals !except the best 
Þtting one": Cataclysmic mutation

Use a radical recombination operator 
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CHC RECOMBINATION 
OPERATOR

Randomly swap data in all positions which di( er between the parents

0 1 2 0 1 2 2 2 1 0

0 1 1 2 2 2 1 2 1 1

0 1 2 2 1 2 2 2 1 1
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EXAMPLE OF A GA  RUN

!"!#

!"$#

!"%#

!"##

!"&#

!"'#

!"(#

!")#

"***
! " #$%&' &%( ) *

+ , %-*./ 0" #1

MOL.  BIOL .  EVOL.  2005  22(3):478-485



AIMS,  SPRING 2010 SERGEI L KOSAKOVSKY POND $SPOND@UCSD.EDU% W AYNE DELPORT $WDELPORT @UCSD.EDU%

M ODEL AVERAGING WITH 

AKAIKE W EIGHTS .

We can Þnd a set of credible models !95)  probability 
support, for example"

Multi &model expectations of biologically interesting 
quantities can be computed

ÔA prioriÕ models can be easily compared with the set of 
credible models 
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RELATIVE M ODEL SUPPORT

AKAIKE WEIGHTS CAN BE USED TO ESTIMATE THAT EACH 

ATTEMPTED MODEL I =1..M IS THE BEST !IN TERMS OF 

EXPECTED KULLBACK LIEBLER DIVERGENCE FROM THE ÒTRUEÓ 

MODEL "

using a GA (which may not necessarilybe nested),we employ a Shimodaira-Hasegawa test

(Shimodaira and Hasegawa, 1999), using the differencein AICc rather than the differencein

log-likelihoods, in order to compare modelswit h different numbersof parameters.

Rather than just baseinferenceon the singlebestÞtting model, wealsoconsider averaging

over a set of models. Wecalculate theAkaikeweights (Akaike, 1983) for each model examined

during a run of the GA. If we deÞne∆i = AICi
c! min AICc , then the Akaike weight for

model mi, whereM is the total number of models is given by the following.

wi =
exp(! ∆i/2)

�M
r=1 exp(! ∆r/2)

(3)

Model-averaged estimates of a parameter can be obtained using these Akaike weights. In

addition, by summing over the Akaike weights from largest to smallestunti l the sum is just

over 0.95, we can rapidly obtain a 95% conÞdenceset of models on which to baseinference.

In general, it is very difficult to ascertain that any given GA run (or seriesof GA runs)

achieve good coverage of the conÞdenceset. Theoretical results (Whitley, 2001) suggest

that geneticalgorithms sampleregions of the search space with probabilit y proportional to

their Þtness (at least asymptotically), so that highly-likely models are going to be sampled

with relatively high probabilit y. In addition, model averagedestimateswere monitored for

apparent convergence, and were robust to combining models from multiple GA runs. We

can alsoassessthe relative likelihoods of model i versusmodel j simply as the ratio of their

Akaike weights, which are called evidenceratios.

E! ect of site-to-site rate variation

Our GA algorithms can be easily adapted to utilize models wit h site-to-site rate variation

while searching for the best branch class assignments. However, using such models wil l

signiÞcantly increaserun times of individual model Þtting and the GA overall. We Þtted

models with two typesof sit e-to-site rate variat ion using branch partitioning obtained with
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using a GA (which may not necessarily be nested), we employ a Shimodaira-Hasegawa test

(Shimodaira and Hasegawa, 1999), using the di! erence in AI Cc rather than the di! erence in

log-likelihoods, in order to compare models with di! erent numbers of parameters.

Rather than just base inference on the single best fitting model, we also consider averaging

over a set of models. We calculate the Akaike weights (Akaike, 1983) for each model examined

during a run of the GA. If we define " i = AI Ci
c−min AI Cc , then the Akaike weight for

model mi , where M is the total number of models is given by the following.

wi =
exp (−" i / 2)

! M
r =1 exp (−" r / 2)

(3)

Model-averaged estimates of a parameter can be obtained using these Akaike weights. In

addition, by summing over the Akaike weights from largest to smallest until the sum is just

over 0.95, we can rapidly obtain a 95% confidence set of models on which to base inference.

In general, it is very di# cult to ascertain that any given GA run (or series of GA runs)

achieve good coverage of the confidence set. Theoretical results (Whitley, 2001) suggest

that genetic algorithms sample regions of the search space with probability proportional to

their fitness (at least asymptotically), so that highly-likely models are going to be sampled

with relatively high probability. In addition, model averaged estimates were monitored for

apparent convergence, and were robust to combining models from multiple GA runs. We

can also assess the relative likelihoods of model i versus model j simply as the ratio of their

Akaike weights, which are called evidence ratios.

E! ect of site-to-site rate variation

Our GA algorithms can be easily adapted to utilize models with site-to-site rate variation

while searching for the best branch class assignments. However, using such models will

significantly increase run times of individual model fitting and the GA overall. We fitted

models with two types of site-to-site rate variation using branch partitioning obtained with

7

AIMS,  SPRING 2010 SERGEI L KOSAKOVSKY POND $SPOND@UCSD.EDU% W AYNE DELPORT $WDELPORT @UCSD.EDU%

LYSOZYME D ATA REVISITED

Rate Classes Best c-AIC
ModelsModels

Rate Classes Best c-AIC
Total 95%

1 2174.31 1 1

2 2150.95 1065 331

3 2147.17 1401 332

4 2147.17 1717 538

FOR 3 RATE CLASSES THE CRITERION FOR INCLUSION IN THE 95)  

CREDIBLE MODEL SET IS C &AIC  OF 2152.28.
THE ÔA PRIORI Õ !M ESSIER &  STEWART " MODEL HAS C &AIC  OF 

2167.54 AND THUS IS NOT  CREDIBLE FOR THE DATA .
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GA  RESULTS FOR LYSOZYME

Hanuman langur
0.1%

Dusky langur
88.0%

Douc langur
0.1%

99.5%

Proboscis monkey
0.0%

8.0%

Angolan colobus
57.9%

99.6%

Olive baboon
0.4%

Sooty mangabey
72.4%

69.2%

Rhesus macaque
89.8%

58.1%

AllenÕs monkey
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Talapoin
1.1%

Patas monkey
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Vervet
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99.6%
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Chimpanzee/bonobo/gorilla
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Orangutan
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Lar gibbon
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Squirrel monkey
5.3%

Tamarin
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dN/dS =  0.049;   20%
dN/dS =  0.394;   38%
dN/dS =  3.894;   43%

Colobines

Hominoids

Fig ur e 3. Branchesof the tree estimated using the large lysozymedataset partit ioned

according to the best Þtting GA model under M G94× H K Y85. Branch labels represent

model averaged probabilities of dN/ dS > 1 for the branch. Percentagesfor branch classes

in the legendreßect the proportion of total tree length (measuredin expectedsubstitutions

per site per unit t ime) evolving under the corresponding value of dN/ dS. Branches in this

tree are unscaled.
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GA  LINEAGE SELECTION 

SUMMARY

GA&based model search is a computationally feasible way to explore 
combinatorially large model spaces and identify models which can 
credibly explain the data

Searching among all possible models allows one to place Ôa prioriÕ ideas 
in context of what the data support

Multi &model inference permits one to compute quantities of biological 
interest without relying upon a single !e.g. best&Þtting" model


