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Abstract

The estimation of species trees has become popular as a condderable amount of
multilocus molecular daa is available for inferring the evolutionay history of species.
However, the current phylogenetic paradigm, that recondructs genetrees to represent the
gpecies tree suggests tha commonly used methodssuch as the concatenaion method, the
congenaus tree method, or the gene tree parssmony method may be either inconsstent or
highly biased. In this paper, we propo® a Bayesian hierarchica modd to estimate the
phylogeny of a group of species usng multiple estimated gene tree distributionssuch as
those tha arise in a Bayesan andysis of DNA sequence daa. Our modd employs
subgitution modds used in traditiond phylogenetics, but also uses codescent theory to
explain genedlogical signds from species trees to gene trees and from gene trees to
sequence daa, thereby forming a stochastic model to estimate gene trees, species trees,
ancestral popuktion sizes and species divergence times simultaneoudy. Our modd is
foundel on the assumption tha gene trees, even of unlinked lod, are correlated dueto
being derived from a single species tree and therefore should be estimated jointly. We
apply the method to two multilocus DNA sequences ddasets. The estimates of the
gpecies tree topology and divergence times appear to be robug to the prior of the
popuktion size, whereas the estimates of effective popultion sizes are sendtive to the
prior used in the andysis. These andyses also suggest tha the modd is supeior to the
concatenaion method statistically and in its ability to correctly infer the species tree.
Future improvements of our modd can indude modding of other factors tha can cause
discordance of gene trees and species trees, such as horizontal trander or gene
duplication.

Keywords species tree, gene tree, codescent theory, MCMC, Bayesian hierarchical
modd



1. Introduction
Traditiond molecular B based phylogendtic andysis condsts broadly of two steps
obtaining and aligning molecular sequences and inferring gene trees for those sequences.
Unde this paradigm, gene trees are generadly consdered to be synonynouswith species
trees, except when forces causng discordance beween gene and species trees are
obvious such as horizontal gene trander, deep codescence, or gene duplication
(Maddison, 1997; Slowinski, Maddison and Knowies, 2006. Thus in fact, phylogendic
andysis really consgsts of three elements: molecular sequences, gene trees and species
trees. Identifying the relationships among these three elements and extracting useful
information from each element are the key issues for condructing an appropriate modd

to explain the evolutionary history of a set of species.

One discussion in the literature revolves around which should be used as the direct
estimator of the species tree, sequences or gene trees? Kluge and Wolf (1989, 1993)
claimed that natural daa partitionsdo not exist and the species tree should be estimated
usng the whole sequence of the genome. They proposd a combined-data approach
(Kluge 1989;Klugeand Wolf, 1993;Nixon and Carpenter, 1996)in which the sequences
from al available genes are concatenaed into a single sequence, aong with other
phylogenetic characters such as morphology or behavior. This method ignores the
existence of the gene as the basic fundiond unit on the genome and treats nudeotides as
the direct estimator of the species tree. This has drawn criticism (Slowinski and Page,
1999) since it assumes that nudeotides are indgoendent estimates of the species tree so
tha the longe the sequence the more precise the estimated species tree. It is now
genegadly appreciated that gene trees in prindple may na match the species tree
irrespective of whether the gene has a long sequence or a short sequence. Indeed, recent
work shows tha unde some combinaions of branch lengths in the species tree,
incongruent gene trees are more likely to occur than congmuent gene trees (Kubako and
Degnan, 2006; Degnan and Rosenberg, 2006) In other words nudeotide or amino acid
data are not congstent estimators of the species tree unde some circumstances of
gpeciation. Other approaches consgder genetrees as thedirect estimator of the species tree
(Page, 1998; Pamilo, 1989. This idea is based on Doyle@ (1992) concept that
nudeotides are characters of genetrees, whereas gene trees are characters of species trees
(Maddison, 1997) This viewpoint suggests tha usng sequence daa to infer species
phylogeny requires two hierarchical levels of estimation: genetree estimation and species
tree estimation.

Methodsfor inferring gene trees from sequence data are numerousand have become
extraordinarily sophigticated in recent years (Durand et al, 2006; Coop and Griffiths
2004) However, methodsfor inferring species trees from genetrees are in thar infancy,
are not widdy used and in genera suffer from numerous statistical and methoddogical
drawbacks. For example, the gene tree parssimony method (Page, 1998; Simmonset al.,
2000) and consenaus tree methods (Bull et al., 1993; de Queroz, 1993; Rodrigo et al.,
1993; Hudsenbeck et al., 1994) both ignore the errors in gene tree estimation and
genegadly assume tha gene trees are estimated with perfect certainty. In this approach,
maximum likelihood (ML) or maximum parsimony (MP) trees are built for each gene
and used as the true genetrees to infer the species tree. Both methodsthen undeestimate



the variation in the procedure for inferring a species phylogeny. Moreover, some genes
may be more important than other genes in estimating species trees requiring aweighting
tha is difficult to incorporate into current methods

Recent research has focused on the statistical modd for species tree estimation. Here
codescent theory plays a central role in this modd congruction. Degnan and Salter (2005)
have derived the probability distribution for the topology of gene trees given the species
tree. Slatkin and Pollack (2006 specified a statistical modd for the gene genealogies of
two linked lod of three species. Codescent theory has also been applied to forming the
likelihood for genetic markers such as RFLPs, SNPs and AFLPs (Nielsen et a, 199&;
Nielsen et a, 19981).

The process for estimating gene trees and for estimating species trees should not be
independent. Yet, when studying congruence among different genes in a phylogendic
study, genetrees are usudly recondructed for each gene independently. This assumption
is questionable. Genetrees for different genes are dependent since they all depend onthe
gpecies tree. For example, suppo® we have daa for nine genes from three species A, B
and C. If the histories of thefirst 8 genes are (AB)C, it is clearly more likely for the last
gene to have the (AB)C topology than any othe topology. This is because the first 8
genes imply tha the undelying species tree favors the generation of gene trees with the
topology (AB)C. Consquently, it is more appropriate to assume only conditiond
independence of the gene trees given a common species tree. According to this
assumption, the genetrees should then be estimated jointly across multiple lod.

These differences in the relevance of different gene trees to the estimation of the
gpecies tree suggests that a modd for inferring the species tree usng sequence daa
should have thefollowing features:

(1) It should smultaneoudy involve the distribution of sequences, gene trees and the
speciestree.

(2) The undelying species tree should indue a margind dependence in the gene trees
which should then beinferred jointly acrosslod.

(3) Themodd mug take into accounterrors in the estimation of genetrees.

2. Bayesian Hierarchical Model
In the equaionsthat follow, we use the following abbreviations D: Sequence daa;
G: avector of genetrees; ! : Parameters in the likelihood fundion except the gene tree
vector G; S: Speciestrees; ! : Trandormed effective popubtionsizes,! = 4Ngu.

Thepogerior probability of aspeciestreeand ! isgiven by
1
f(8,/|D) :ﬁ# #f(D1G,")* f(")* f(G|S.1)* f(1)* f($)dG
"G
Our Bayesian hierarchical structure congsts of modding the following components:
f(D|IG,! ), f(* ), f(G|S ! ), f(S), andf(! ), each of which is explained bd ow.

Q) f(D|G, !).
Markovian modds tha assume indgpendent sites dominae the likelihood based
literature for bath nudeotide and amino acid subditution (reviewed in Felsengein,



2004b) It is worth mentioning tha, while modds for nudeotide and protein sequence.
data are the mog common, our formulation allows for any type of undelying inpu data
whee f(D|G, ! ) can be appropriately described. The quantity f(D|G, ! ) will change
according to theinputdaa and, for the same type of daa, themog suitable model may be
selected usng alikelihoodbased modd selection process (Posadaand Cranddl, 1998)or
informationtheory (Minin et a., 2003)

@ ().

I indudes the parameters in the subgitution modd and all other parameters in the
likelihood fundion except the gene tree. Naturally, the prior on ! will depend on the
naure of the daa at hand. For example, a variety of options for the prior of ! are
available in the Bayesian gene tree program, MrBayes (Ronqust, Hudsenbeck, and van
der Mark, 2005.

(3) f(GIS]).

The digtribution of gene trees given species tree is derived from codescent theory.
Althoughthe procedure can allow more general modds, our initial implementation uses
the codescent theory in which random mating is assumed in each popuktion. We also
assume no gene flow after species divergences and no recombination within a locus but
free recombination between lod.

The branch length in a species tree represents QimeO (nunbers of generations,
wheeas it is the expected nunber of mutations in a gene tree. To make the two
parameters compdible, we trangorm to! = 4uN, where Ne is the effective popuktion
size and u is the mutation rate measured as the expected number of nudeotide

subgitutionsper site per generation.

The joint probability distribution of a gene tree topology and the m-n codescent
times ¢,,41,...,t,, for asingle popuktion reduaed from m to n sampled individuds aonga

branch of length 7 in a species tree was derived by Rannda and Yang (2003)to be

n(n! 1) ',

# $ 1) C epr 1y
j=n+ j=n+
Thus f(G|S,!)isthe produd of such probabilities across all the popuktions For a
vector of gene trees, G, tha are indgpendent given the species tree, we multiply these

conditiond likelihoodsin turn to find (G |S,!). It should be noted that the species tree

gpace is condrained because we assume tha the gene split times of any two species
predae ther speciation time. So the branch lengths in the gene trees are dways longe
than ther counerpatsin the speciestree.

exp{!

Note aso tha the! may be different for different genes. For example, the
mitochondiia and Y-chromosomal genes are uniparentally inheited and haploid. Thusin
the data andyses in section 4 bdow, we assume ther effective popuktion sizes are one
fourth tha of autosoma markers,

@) (! ).



We use indgendent gamma distributions as the prior of/ . The hypeapaameters of
thegammadistribution mug also be chosen to be appropriate to theandysis.

() f(S

We use a birth-and-death process (Nee, May, and Harvey, 1994) as the prior
distribution of the species tree(@ topology and branch lengths Given the speciation rate
(9), extinction rate (€) and the number of species (n), thejoint dengty of thetopology (T)
and branch lengths (! ) of aparticular speciestreeis(Yang and Rannda, 1997)
2"t n e #R(t;)

f(T,! |n/q,5€)= D S
j= t,

where #11 =1! ,_],' P(O, tl)e(s! ety ’ Pl(t) == P(O,t)ze(S! e

“(s! e
"S+(S(1I ")! e)e(e' st

and P(0,t) =

Mutation rate variation among lod may influence the estimation of ancestral
popuktion sizes (Yang 1997;Chen and Li 2001) Although,if theratios of rates between
lod are known, we can incorporate them in the likelihood calculation (Yang, 1997) We
treat these relative mutation rates amonglod as parameters in our modd and assume tha
thar prior follows theuniform (0,10) unde the condraint tha theaverageratiois 1.

3. The Computational Algorithm
Theentire species tree estimation procedure conssts of three steps

Stepl (within MrBayes): Generate vectors of gene trees from MrBayes usng the
approximate prior, K(G), based on a QMlaximumOspecies tree estimate in the Hastings
ratio to decide on acceptance of each vector into the Markov chan.

Step2: Using a second MCMC agorithm, generate species trees from the distribution
compdible with the gene trees given by the approximate poderior distribution K(G|D)
fromstep 1.

Step3: Use importance sampling to align the results with what would have occurred
if theinitial sample had been fromthetrueprior, f(G).

Markov Chan Monte Carlo (MCMC) is implemented to evaluae the poderior
distribution of the species tree since f (D) involves an intractable integral. The poderior

distribution of the species tree can beformulated as follows,
f(S#|D)=" " f(S#,G,! |D)dGd

' G

1
" DG fF(1)* f(G|S,H)* f(#)* f(S)dGd
f(D)|G(I)()(I)()()
_ 1 non f(D‘G 1 )*f(l )* f(G)

*£(G|S,#)* f(#)* f(S)dGd
Tt . £(G) GISH*TH* 1(S)



I S F(GISASE)(S)
=y @16 0y e ETEEE dGa

=" f(G|D)f(S! |G)dG 1)
G
The poderior of species tree and popuktion sizes given daa, f(S/ |D), is the
poderior of species tree and ! given gene trees f(S,! |G) weighted by f(G | D). This
motivates our algorithm to generate the pogerior distribution of gene trees first and then
use these genetreesto generate the pogerior for the species tree.

However, in thefirst stage of usng DNA sequences to estimate the poderior of gene
trees, the prior of gene trees, f(G), is unknown. Theoreticaly, f(G) is equd to the
integration of f(G|S with respect to the species tree (topology and branch lengths) and
popuktionsize ! , namely,

f(G)=" "f(G|S!)f(Sf()dSd .
S

It is by no meanstrivia to calculate f(G). Ingead we use an approximation to this prior
unde the assumption that the gene splitting time is earlier than the speciation time,
within MrBayes to definethe Markov chan. In paticular, for a given vector of genetrees
we form the Onaximum treeO defined as the ultrametric tree that has the maximum
divergence times for a species tree tha is compatible with all the genetrees in the vector.
We then apply Rannda and Yang@® formula for the distribution of gene tree topologies
consstent with this maximum tree to find an approximate prior K(G). Here, the integral
with respect to the popuktion sizes, 0, is approximated usng the Monte Carlo method
This prioris used to ddfinethe Hastingsratiosin MrBayes tha decide whether a vector of
gene trees is accepted into the Markov chan. The chan is then run to convegence
generating a sample from the approximate poderior distribuion K(G|D). We save a
subsample from this chan Gi, G2, ..., Gy dongwith the assodated approximate priors
K(G1), K(G2), ..., K(Gn)to beused in steps2 and 3.

In step 2 we find the poderior distribution of the species tree given the gene tree
vectors gengated in step 1. Here a second MCMC algorithm is applied. For this
algorithm, the birth-and-death process was used to define the prior distribution of species
trees (Nee, May, and Harvey, 1994)and the likelihoodwas defined by codescent theory
via Rannda and Yang® formula. The movement strategy employed a random selection
of nodes and replacement uniformly within arandom band tha maintained the condraints
while adjuging thetopology where needed.

Step 2 provides k samplesfrom f(S|G;)for each of the gene tree vectors G, G2, ...,
Gy arisingfromthesamplesin step 1. Findly, importance samplingis applied to find the
pogderior distribution of species trees given thedaa. Notetha:
f(S!/ D)= f(G |ID)f(S! |G)dG

ég(cs | D) P‘;((z)) f‘f (S! |G)dG.

Thei™ sample from step 1 gave thevaluefor K(Gi|D). We need to multiply this by



f(Gi)
K(G;)
pogerior. f(G;)isnotknown butwe can apply the harmonic mean technique(Newton
and Raftery, 1994)to estimate it. In paticular, we have

inorder toaignit with f(G; | D) and produe the samples from thetrue

I Lf(S)ds = L TGS f(S)dS
1:(G‘i) speciestree f(G ) Speciestree f(Gi |S) f(Gi)
- 1 _g(si6)ds,

peciestree 1:(Gi |S)
where the congant of propottiondity, ! , is the probability tha a random species tree

chosen from the birth-and-desth modd satisfies the congraints assocated with G;. Thus
)1

1
él TG |S)(
samples S, ..., S from f(S|G;)foundin step 2. Thevalue of /0 is foundby averaging
f(S) over randomy sampled trees from the condraint space indued by Gi. The find
sample from the joint poderior distribution of S and G given D are then the pars

[(81.61).(5,G1).--(S.G1)].[(S1.52).(S2.52). (S0 G2)] - [ (S.GN ). (S2.G ) (S, G )]
where the block of pars [(S,G).(S,Gi)....(S.G;)] is given tota weight
A" N Ae) %

KG)ELKG)E

a conggtent estimate of f(G;) is given by fj(Gi) usng the

4. Theoretical Results

Comparison with the Bayesian Concatenation Method and Bayesian Consensus Tree
Method

In this section, we will compare our method with the concatenaion method, and with
the conenaus tree method usng Bayesian techniques. The Bayesian concatendion
method (BCM) refers to the concatenaion method usng Bayesian approaches to infer
genetrees (Nylanda, et a., 2004) Similarly, the Bayesian consensus tree method (BCT)
estimates the poderior distribution of trees sepaately for each gene and the resulting
genetrees for each gene are then pooled togeher as the poderior distribution of species
trees (Barlow and Hall, 2002. The consenaus tree of the poderior is then used as the
point estimate summary of this species tree distribution.

Let G; bethegenetrees for genei, D; bethe DNA sequences for genei and take the
numbe of genes to be K. The modd of the Bayesian congnaus tree method is
straightforward because it assumes indgpendent lod. The likelihood of DNA sequences
given genetreesisjud theprodud of thelikelihoad for each gene

K
L* = f(D|G) = f(Dy..Dy |Gy..Gy) = ! 1fi(Di 1G)
1=



Theprior of the genetrees for different genesis the produda of the priors for each gene

K
Prior®"= f(G) = f(G;..Gk ) = ! 1fi (G).
i=

For the Bayesian concatendaion method, the likelihood is based on the additiond
assumptiontha al the genes arise from the same tree G*.

k
LEM = f(D,..D, IG¥) =1 (D, IG*)
i=1
Theprior of genetrees assumes tha the genetreesfromk genes are al the same.
Prior®™ = f(G¥)

Compaing the likelihoods of the two methods it is clear tha L™ has more
parameters than L® because genes can take different trees in the Bayesian consensus
tree method, whereas genes are typically assumed to follow the same tree in the Bayesian
concatenaion method. The parameter space is condrained for the Bayesian concatendion
method. Consequently, the Bayesian consenaus tree method will always provide a better
fit of modd to data but possibly at theexpense of introduang extra variability.

The priors of the two methodsare aso different in another respect. The Bayesian
conenaus tree method uses indgendent gene tree priors, whereas the Bayesian
concatenaion method uses a joint prior in which the gene trees across k genes are
correlated with correlation = 1 (because it assume that all the genetrees are the same tree).
Theindeendent prior implies notonly that the genetrees are themsel ves independent but
also tha the gene trees and species trees are independent. (It is possible that there is a
single genetree tha dependson the speciestree and tha the others are indgpendent of the
gpecies tree. But this does not changethefollowing arguments). If genetrees and species
trees are indgpendent, then the gene trees would provide no value for inferring species
trees. The independent prior is then valid only if we assume tha gene trees and species
trees are identical, which is not aways true Thus the joint prior appears to be more
appropriate than the indgpendent prior if we assume the species tree exists and is distinct
from genetrees.

Althoughthe trees estimated by the concatenation method and the consensaus tree
method are treated as species trees, they are actudly gene trees. Theory does not
guaantee tha such estimated gene trees will be close to the species tree and can thereby
be used as the estimate of the species tree (Kubatko and Degnan, 2006; Degnan and
Rosnbeag, 2006) But it is clear tha nethe method facilitates estimation of impaortant
parameters in the evolutionay history of species such as popuktion sizes or speciation
times. Of course, speciation times here are distinct from gene divergence times dueto
the cod escent process (Edwardsand Beerli, 2000.

In the coninuumfrom concatenation to conensus methods the technique proposd
here is an intermediate approach tha takes advantage of both methods Firstly, the
likelihood portion of our method is much like the one in the consensus tree method,
because we alow the genes to have different trees. Secondly we use the joint prior
ingead of the indgpendent prior for gene trees. But we don®assume the correlation=L1.
Ingead, we use codescent theory to specify the correlation structure among gene trees.



After having generated samples from the poderior of genetrees for each gene, codescent
theory is used to combine those gene trees to infer the species tree. By choosng a
paticular prior of the species tree and the distribution of genetrees given the species tree,
the Bayesian hierarchical modd can bereduced to the Bayesian concatenaion method or
congenaus tree method as specia cases. For example, let the distribution of gene trees
given species trees f(G|S) be a degenerate distribution with al gene trees and the species
tree aways. In this case, estimating the species trees S is equivalent to estimating gene
trees G. The poderior f(S|D) in the Bayesian hierarchical modd would then be equd to
thepoderior f(G*|D) in the Bayesian concatenation method.

5. Data Analysis

Australian Finch Data

We first apply the new methodto a multilocus nudeotide dataset from birds recently
published by Jenningsand Edwards (2005) They obtained the allelic data of 301od (Pa-
01EP a30) from oneindividud per popuktion of Poephila acuticauda, P.hecki, P.cincta.
They also induded sequences from a more distant relative; the zebra finch (P.guttata) as
outgroup. A total of 30 anonynouslod were developed ranging in size from 216to 825
bp. They peformed a Gour-gamete testOand the result showed that the overall incidence
of intralocus recombindion in the daa appears uncommon which satisfies one of the
assumptionsin our modd tha there is nointralocus recombination. Jenning and Edwards
also used the assumed species tree topology previoudy suppoted by morphological and
mtDNA studies and employed a multilocus codescent approach to infer the effective
popuktion sizes and divergence times.

(1) Poderior distributionsof genetees for 30 genes usng theindegpendent prior.

The pogerior distributions of gene trees are estimated in MrBayes assuming
independent lod. HKY85 (Hasegawa, Kishino and Yano, 1985 was selected as the
subgitution modd that best fit the data according to a hierarchical likelihood ratio test.
Since the postion of the species 4 is fixed as the outgroup, there are only three possible
topologies, (2,(1,3)), (3,(1,2), (1,2,3)). From Table 1, there are 15 genes out of 30
whos estimates of the gene tree suppot the tree (3,(1,2)). The average probability for
(3,(1,2)) across 30 genes is 0.434. The correspondng probabilities for the other two
possible trees are 0.205 and 0.361. The tree (3,(1,2)) has more suppot from the gene
trees than (2,(1,3)) and (1,(3,2)). One way to estimate a species tree from multiple gene
trees when there are three taxa is via a mgjority-rule criterion, whereby the gene tree
whos topology is found mog frequently is presumed to reflect the topology of the
gpecies tree. The majority-rule estimate of the species tree is thus the second tree,
(3.(1.2)).

(2) Bayesian estimation of the species tree for the concatenation method.

In this case the multilocus sequences are concatended into a single sequence. The
concatenaed data was andyzed in MrBayes with a HKY 85 subgitution modd. The prior
for the topology is a uniform distribution, and branch lengths are assumed to be
independently distributed exponentials. The estimated topology of the species tree is in
the Table 1. It matches the mgjority-rule tree in (1) and its pogerior probability is



essentially one

(3) Bayesian estimation of genetees, topology of species trees, effective popuktion sizes
and divergence times usng the proposd method.

The finch dataset was andyzed in MrBayes. The pogerior distribution of gene trees
was estimated with a HKY 85 subditution modd and the joint prior of gene trees across
30 genes. The estimated joint gene trees were then used to recondruct the species tree
usng MCMC as implemented in the program Bayesian Estimation of Species Tree
recongruction program (BEST). Three different priors of effective popuktion sizes were
used to evaluae the effect of the priors on the pogerior distributions The priors are
exponeatial distributionswith means 1, 0.1, 0.0072, and 0.00072. The median of these
four priors for effective popuktion sizes (in the units of subditutions pe site) are then
0.693,0.069,0.005 and 0.0005.They reflect the user@ initial guess aboutthe popuktion
sizes. . To convat the poderior medians of these parameters to estimates of the pogerior
gpeciation times in years and effective popuation sizes, we assume the mutation rate is
3.6*10-9 asin Jenningsand Edwards (2005)

The same species tree with strong suppott is estimated no matter which of the priors
we use (Table 1). Our estimate of the species tree agrees with the one estimated by the
concatenation method except tha the suppot for the clade (1,2) is essentially onefor the
concatenaion method and the suppot of the same clade is approximately 0.88 for the
BEST method(Table 1).

To compare the BEST methodwith the concatenation method, we estimate the Bayes
factor uang the harmonic mean of the likelihood.Althoughthe harmonic mean method
can be somewha ungable and sendtive to the lowest value of the likelihood it works
here since thelikelihoodsfor thetwo different methodsare well separated (Figure 1). The
Bayes factor suggests tha the codescent modd fits the data better than the concatenation
method.

The poderior estimates of the divergence times are similar for the different priors
(Table 2), indicating a strong signd in the daa for these parameters. On the other hand,
the pogerior distribution of the popuktion sizes does appear to be sengtive to the prior
chosen. The estimate is strongly correlated to the median of the prior for the clade (1,2),
wheeastheclade (1,2,3) isrelatively insengtive to thepriors (Table 2).

The gene trees are correlated as a consequence of ther joint dependence on the
gpecies tree. We should use a joint distribution to formulate the prior of gene trees from
different genes. In our modd, thejoint distribution is derived from codescent theory. Let
Gi be the gene tree for gene i and S be the species trees. The joint distributon of gene
treesis given by

f(G)= f(Gy..Gx) = | (G |S0)*..* 1(G, |S.6)* f(6)* f(S)dS
S

where (G |S,/)follows codescent theory. f(G,..G,) tends to put more weight on

genetrees with similar topologies and branch lengths This can be seen from the pogerior
probabilities of thegenetreesin Table 1. There are 22 genes suppoting thetree (3,(,1,2))



in Table 1, whereas only 15 genes in Table 1 for which the indgpendent prior was used.
The average suppot probability for (3,(2,1)) is 0.508 which increases by 0.074 from the
average suppot for the indgpendent prior. Interestingly, we can see the pdtern of the
change of the pogerior probability of gene trees. Consde genes Pa-4, Pa-5 and Pa-18.
For genes Pa-4 and Pa-5, both poderiors unde the independence modd favor the third
topology in Table 1. However, after adjuding for the species codescent process, ther
pogderiors changeto favor the second topology, which is the Bayesian estimate for the
majority of genes. This is because genetrees are correlated in f(G) and the topology of

a paticular gene tree depends on the gene trees for other genes. If a majority of genes
suppot the same topology, it will make the rest of genes more likely to have a similar
topology. But if the suppott is too strong as for the gene Pa-18 that strongly suppots the
third topdogy with probability near 1, its poderior may not be changed even if the joint
priorisused. A similar patern is seen with Pa-21, 16 and 30 in Table 1.

Our egtimate of the species tree agrees with the assumed species phylogeny found by
Jenningsand Edwards (2005) The pogerior probability of the species tree is around 0.9
no matter wha prior we used. The estimate of the divergence time for (1,2) usng our
methodis similar to the estimate given by Jenningsand Edwards. However, our estimate
for the clade ((1,2),3) is 0.00418which is highe than Jenning and EdwardsDestimate
(0.00254) For the popuation size, both methodshave the estimate for the clade ((1,2),3)
around0.005. However, the estimates of the popuktion size of clade(1,2) are sengtive to
theprior for both techniques.

Analysis of multilocus Macaque data

Tos and Morales (2003) isolated tota genomic DNA of 63 macagues from 19
gpecies and eight outgroup taxa The DNA sequences were obtained from Y-
Chromosomal lod, mtDNA, C4 long Intron 9 and IRBP Intron 3. In thar andysis, the
ML tree was estimated for each gene assuming an HKY85+G subditution modd. The
four different gene trees were used to make inference on the patern of the species tree,
but no method was available to combine the daa, and concatenaing the sequences was
deemed ingppropriate. Divergence times were estimated only for the Y-Chromosomal
and mitochondiia trees.

Here we andyze a reduced data set of 19 species, induding one outgroup taxa (7.
Gelada), for which there is data on al four Qyenes.OWe randonly chose an alele from
each species. The modified data was andyzed usng the proposd methodto estimate the
poderior of gene trees and species trees. Further, a sengtivity andysis was performed to
investigate the influence of each geneontheovedl| estimate of species trees.

(1) Estimate of the species tree usng the BEST algorithm.

The effective popuktion sizes are parameters in the likelihood of gene trees given
gpecies trees. In theory, Y-chromosoma and mitochondial genes are uniparentally
inheited and haploid making ther effective popuktion sizes onefourth that of autosomal
markers. This daaset is a mixture of Y-chromosomal, mitochondia genes and
autosomal genes. According to the codescent theory, the probability tha the gene tree



matches the species tree depends on the ratio of branch length and the effective
popuktion size. Thus to make the daa from the four genes comparable, the 1-to-4
effective popuktion size adjugment based on the mode of inheitance was made in our
andysis. The conctenaion method does not apply to this example because the genesin
the data have different effective popuktion sizes, and a different mode of inhaitance
(Miyamoto and Fitch 1995;Moore 1995 1997; Ruvolo 1997)

Fooden defined four species groupsfor macaques according to distinct forms of male
reprodudive anaomy (Fooden, 1980. The species groups indude the silenus group,
fascicularis group, sinica group and arctoides group. Our estimate of the species tree
identified the silenus group with relative high pogerior probability (Figue 2). The
gpecies in the othe three groups are nat well resolved. This indicates inadequae
information in the dataset and that more genes or aleles may be needed for estimating the
gpecies tree of macaques.

It is interesting to compare the poderior of the gene trees with the pogerior of
gpecies trees. Let us de€fine a measurement of the distance between two random trees,
D(T1,T2), to be the symmetric distance between the tree T1 and tree T2 (Robinson and
Foulds 198]). Table 3 provides the average + standad deviation of the distribution of
distances between the gene tree, T1, and the species tree, T2, based on the pogerior
distributions computed unde both the indgpendence modd and the codescent modd.
The distances for the independent gene modd are larger than the distances for the joint
codescent-based modd for all the four genes. This result suggests that the joint modd
makes the genetrees closer to the species tree than theindgpendent gene modd.

(2) Comparison of codescent-based modd with the independent gene modd.

Our method assumes the joint estimate of the poderior of gene trees mug be
compatible with the species tree while common analyses assume that lod are indgpendent.
To evaluae the effect of different priors on the poderior distribution of gene trees, we
want to know if the poderior distributions of gene trees usng two different priors are
different. To test if two distributionsare different, we introduce a theorem by Maa et al.
(1996)

We want to test the hypothesis H: Fi=F,, where F; and F, are two distributionssuch
as the two poderior tree distributions examined here. Let X; and X, indgpendent and
identically distributed randomfrom F; and indegpendent of Y, and Y, from F,. Take D(.,.)
to be any appropriately chosen distance fundion. The theorem posts tha F=F,if and
only if D(X1, X2) =D(Y1, Y2)=D(X1, Y1) indigribution.

To apply the theorem, we calculated the three distances (two within group distances
and the between groupsdistance) for each gene in Table 4. The results show tha the
three distances are quite different for all genes, indicating tha the joint prior and the
independent prior result in two significantly different poderior distributionsof genetrees
for this data set.

(3) Sengtivity andysis.



Genes may have different influence on the pogerior distribution of species trees. We
examined the potential gene-by-gene senstivity of our results by eliminaing each single
gene from theandysis in turn and re-estimating the poderior of speciestrees. Let S;, S,
S;, and S, be the poderior of species trees estimated without the Y-Chromosome,
MtDNA, C4-Intron 9, and IRBP Intron 3 data respectively. Table 5 displays the distances
between each S and S (the pogerior of species trees udng al 4 genes). The mean
distances for al four genes are comparable and the credible intervals for the four
distances almog entirely overlap. This suggests tha the estimation of the species tree is
not overly subject to the stronginfluence of asingle outlier gene

6. Discussion

The Bayesian hierarchical modd we have employed adopts codescent theory to
formulate the distribution of gene trees given the species trees. The simulation study
above has foundtha increasing the nunber of loci gives more accurate estimate of the
gpecies tree unde our assumption that degp coalescence is the only reason for the
conflicts beween the gene tree and species tree (Maddison and Knowles, 2006)
However, there are othe biological factors tha can affect the correspondeance of species
trees and gene trees. For example, harizontal trander and gene dugdicationloss may
cause conflicts between gene trees and species trees. Unfortunaely, it is chdlenging to
modd the undelying mechanism of horizontal trander or gene duplicationloss without
encountering problems with parameter identifiability usng molecular data. Further work
should permit incorporation of these issues into estimates of species trees provided they
are rare across genes, but the assumptions required to modd these factors may be very
specific to thedaa set at hand. Thus thisfirst version of the Bayesian hierarchical modd,
based on codescent theory, is a good starting point tha can easily be generaized to use
more robug modds of the codescent process tha are available.

We have discussed the effect of priors of the effective popubtion size on species tree
estimation. The estimate of the topology and divergence times of the species tree is
reasonably robug to changes in the prior of the effective popuktion size; although
nauraly the estimate of the effective popuktion size itself will be affected. The modd
should be used to estimate ancestral popuktion sizes only with extreme caution. The
sengtivity of the estimates of the popuktion sizes to the prior implies tha either the prior
isingppropriate or theinformation content in the datais low, or thelikelihoodis incorrect.
Other empirical andyses suggest tha ancestral popuktion sizes are difficult to estimate
unde a wide variety of circumstances (Takahata 1989; Yang 1997; Jennings and
Edwards 2005) It is possible to use a nonrinformative prior or to combine the results
fromudng different priors to make theresult relatively robug to theprior. If this does not
work, it may imply tha there is not enoughinformation in the data and accumulation of
more genomic data may be needed. In this paper, we did not exploit the use of possible
prior knowledge of the species trees. We used a birth-and-death process as the prior of
gpecies trees.  Further work should incorporate othe priors to see the effect on species
tree and joint genetree estimation.

An important byprodud of our modd is the joint prior of gene trees. Our modd



formulates the correlation structure of gene trees across different genes through
codescent theory and birth-death process. The correlation structure will be more redlistic
if our modd indudes key factors like horizontal trander or gene dugication and uses a
more appropriate prior for the species tree and population sizes. Thus further research on
modd formulation is necessary. But the mog important thing we stress here is the novd
approach to estimating gene trees by employing the joint development of gene trees tha
are compatible with the species tree. Mog current approaches assume independent lod. It
would be more reasonable to assume the lod are conditiondly indgpendent (given the
gpecies tree) but margindly dependent. Our method suggests that gene trees and species
trees should be estimated smultaneoudy, and in tha species tree estimation requires
additiond stepsand consdeationsnottraditiondly induded in phylogendic andysis.
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Tablel. The posterior distributions of gene trees and species trees in the finch data set. There are only three possible topologies for
3 species. The posterior probability for each topology is listed for each gene. The highest value is highlighted. The row of labeled
concatenation is the posterior probabilities of species trees for concatenation method. The Bayesian estimate is the second topology
(3,(1,2)) with probability 1. The rows of joint priors are the posterior distributions of species trees for the BEST method with different
priorsfor !, gamma(1,139), gamma(1,1389), gamma(1,10) and gamma(1,1).

independent prior joint prior

(2(13) 3.(12) (1.(23) (2(13) 3.(12) (1.(23)

Pa-1 0.184 0.671 0.146 0171 0.683 0.146
Pa-2 0.337 0.353 0.309 0.299 0.375 0.326
Pa-3 0.062 0.88 0.058 0.056 0.915 0.029
Pa-4 0.331 0.331 0.337 0.221 0.452 0.327
Pa-5 0.319 0.319 0361 0.264 0.398 0.338
Pa-6 0.012 0.966 0.022 0.047 0.894 0.059
Pa-7 0 1 0 0 1 0
Pa-8 0 1 0 0 1 0
Pa-9 0.042 0.912 0.046 0.026 0.935 0.038
Pa-10 0.222 0.547 0.232 0.117 0.699 0.184
Pa-11 0 1 0 0 1 0
Pa-12 0.319 0.353 0.327 0.293 0.449 0.258
Pa-13 0.493 0.503 0.004 0.257 0.743 0
Pa-14 0.242 0.503 0.255 0.254 0.497 0.249
Pa-15 0.325 0.349 0.325 0.151 0.578 0.271
Pa-16 0335 0.333 0.331 0.233 0.496 0.271
Pa-17 0.042 0.02 0.938 0.073 0.156 0.772
Pa-18 0 0 1 0 0 1
Pa-19 0 0 1 0 0 1
Pa-20 0 0.002 0.998 0 0 1
Pa-21 0 0 1 0 0 1
Pa-22 0.04 0.076 0.884 0.045 0.085 0.87
Pa-23 0.014 0.064 0.922 0.019 0.046 0.935
Pa-24 0 1 0 0.002 0.998 0
Pa-25 0.311 0.339 0.349 0.232 0.503 0.265
Pa-26 0.782 0.212 0.006 0.482 05 0.018
Pa-27 1 0 0 1 0 0
Pa-28 0.389 0.305 0.305 0.298 0.431 0.271
Pa-29 0.01 0.653 0.337 0.001 0.739 0.26
Pa-30 0.333 0.327 0339 0.164 0.68 0.156
Average support 0.205 0.434 0.361 0.157 0.508 0.335
concatenation 0 1 0

Joint prior (1,139) 0.08 0.88 0.04




Joint prior (1,1389) 0.03 0.95 0.02
Joint prior (1,10) 0.08 0.89 0.03
Joint prior (1,1) 0.01 0.94 0.05

Table2. Estimates of the ancestral population sizes and divergence times for different priors in the finch data set. The priors for !
are Exponential with means 1/1389, 1/139), ,1/10), or 1. For each prior, the estimates of the divergence times and population sizes of a
particular ancestral population are listed in the column2 and column3. (1,2) represents the ancestral population of speciesl and
species?. (1,2,3) isthe ancestral population of speciesl, species2 and species3.

Exponential mean 0.00072

Divergence times

Population sizes

12 0.00408(0.00277, 0.00457) 0.00218(0.00072, 0.00553)
1,2,3) 0.00449(0.00344, 0.00547) 0.00407(0.00252, 0.00604)
Exponential mean 0.0072 Divergence times Population sizes

12 0.00297(0.00147,0.00389) 0.00693(0.00069,0.02813)
1,2,3) 0.00418(0.00325,0.00523) 0.00506(0.00290, 0.00837)
Exponential mean 0.1 Divergence times Population sizes

12 0.00235(0.00100,0.00376) 0.0155 (0.00149,0.23625)
1,2,3) 0.00418(0.00326,0.00493) 0.00481(0.00292, 0.00783)
Exponential mean 1 Divergence times Population sizes

12 0.00249(0.00065,0.00262) 0.01237 (0.00310,0.44104)
(1,2,3) 0.00429(0.00343,0.00525) 0.00503(0.00309, 0.00799)

Table3. The average + st.dev. of distances between two posterior distributions for each gene in the macagues data set. There are
three posterior distributions for each gene, the posterior of species trees, and the posterior of gene trees with the independent gene
model and the posterior of gene trees with the joint coalescent-based model. The average distances between the posterior of specie
trees and the posterior with the independent prior (denoting by independent-species) as well as the posterior of species trees and the
posterior with the joint prior (denoting by joint-species) are calculated by Phylip (Felsenstein, 2004) using the symmetric distance
measure (Robinson.and Foulds, 1981).

independent-species joint-species
Y-Chromosome 0.781 + 0.089 0.656 + 0.085
mMtDNA 0.739 £ 0.092 0.646 + 0.084
C4Intron 9 0.779 £ 0.054 0.659 £ 0.078
IRBP Intron 3 0.838 £ 0.052 0.659 + 0.070




Tabled. The average + st. dev. of distances between two posterior distributions for each gene in the macaques data set. There are two
posterior distributions for each gene, the posterior of gene trees assuming independent genes and the posterior of gene trees with the
joint coalescent-based model. The average distances between each posterior and itself (denoted by independent-independent or joint-

joint) are calculated in Phylip. The average distance between the two different posterior (denoted by independent-joint) is also
calculated in Phylip.

independent-independent joint-joint independent-joint
Y-Chromosome 0.309 + 0.067 0.164 + 0.066 0.356 + 0.070
mtDNA 0.215+0.077 0.070 + 0.062 0.272 £ 0.087
C4Intron 9 0.319 + 0.067 0.237 £ 0.062 0.501 +0.047

IRBP Intron 3 0.257 £ 0.068 0.101 £+ 0.068 0.362 +£0.052




Tableb. The average and 95% credible regions for distances between the posterior distribution of species trees estimated with all 4
genes and the posterior distribution of species trees estimated by leaving one gene out in the macaques data set.

S1 (without Y -Chromosome) S2 (without mtDNA) S3 (without C4 Intron 9) 4 (without IRBP Intron 3)
0.683 (0.597,0.768) 0.682 (0.607, 0.757) 0.664 (0.583, 0.746) 0.663 (0.580, 0.747)
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Figurel. Thelikelihood curves of two analyses for the finch data set. Pink curve is the likelihood for our model. Blue curve is the

likelihood for the concatenation method. They are well separated and our model has much greater likelihood than the concatenation
method.
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Fi gure 2. The estimate of species tree for macaques using the BEST method. This is the consensus tree of the sample trees from the
posterior distribution of species trees. T.gelda is outgroup. The species tree has 4 species groups. The four groups identified by the
species tree are strongly correlated with the geographical distribution of the species.



