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Abstract: Inthisarticle we addressthe problem of phylogenetic inference from nucleic acid data contai ning missing bases.
We introduce a new effective approach, called “Probabilistic estimation of missing values’ (PEMV), allowing one to
estimate unknown nucleotides prior to computing the evolutionary distances between them. We show that the new method
improves the accuracy of phylogenetic inference compared to the existing methods “Ignoring Missing Sites’ (IMS),
“Proportional Distribution of Missing and AmbiguousBases’ (PDMAB) included inthe PAUP software [26]. The proposed
strategy for estimating missing nucleotides is based on probabilistic formulae developed in the framework of the Jukes-
Cantor [10] and Kimura 2-parameter [11] models. The relative performances of the new method were assessed through
simulations carried out with the SeqGen program [20], for data generation, and the BioNJ method [7], for inferring
phylogenies. We al so compared the new method to the DNAML program [5] and “ Matrix Representation using Parsimony”
(MRP) [13], [19] considering an example of 66 eutherian mammals originally analyzed in [17].

Introduction

The presence of missing and ambiguous datain the sequencesof nucleotidesisone of themajor problemsin
phylogenetic analysisof fossil taxaaswell asof combined datasets (e.g. different genes, morphology) that do
not includeidentical setsof taxa[23], [29]. Huel senbeck [9] and Makarenkov and L apointe[16] pointed out
that the presence of taxacomprising abig percentage of unknown nucleotides might considerably deteriorate
the accuracy of the phylogenetic analysis. Obviously, gaps, which are caused by deletionsand insertions of
nucleotides, should not be considered asmissing data. Thefollowing questionsare oftenraised: (1) Shouldwe
consider or ignore sequences comprising missing datain the phylogenetic analysis? (2) Isit necessary to
consder steswith unknown entries?In thisstudy, weare mostly interested in the second question. The popular
PAUPsoftware[ 26] includestwo methodsfor computing evol utionary distancesbetween speciesfromincomplete
sequencedata. Thefirst method, called IMS (“1gnoring missing Sites’) isthemost commonly used. It proceeds
by theeimination of incompl ete siteswhile computing evol utionary distances. According to Wiens[29], such
an approach representsaviable solution only for long sequences. Philippeet al. [18] pointed out that in case of
long sequences, the siteswith missing data can be omitted because of the presence of asufficient number of
nucleotides[30]. The second method included in PAUP, called PDMAB (“ Proportiona distribution of missing
and ambiguousbases’), computes evol utionary distancestaking into account missing basesinthe 2 sequences
whilecomputing the pairwisedistance. PDMAB assgnsva ues corresponding to themissng characterscomparing
sequences on the one-to-onebasis. In our opinion, it would be more accurate to compute the probability of
each of themissing DNA nucleotidestobeA, C, G or T, taking into account thewhol e set of aigned sequences.
Thus, thenew method will consider dl availableinformation associated to the similaritiesamong the sequences,
the nucl eotide frequencies and the characters present in aspecific site. Hence, we propose anew method,
caled PEMV (*Probabilistic estimation of missing vaues’), which estimatestheidentitiesof all missing bases
prior to computing pai rwise distances between species. Thisestimation triesto correct the weakened signal
caused by the presence of missing data[30]. To estimateamissing base, the new method proceeds by computing
asimilarity score between the sequence comprising themissing baseand all other sequences. A probabilistic
approachisused to determinethelikelihood of an unknown baseto beeither A, C, Gor T for DNA sequences,
orA, C, Gor U for RNA sequences. Themainideaof the new method istoidentify the probabilitiesof each
missing datato beaparti cular nucleotide character and thento usethem for computing theinterspeciesdistances.
M oreover, the obtai ned probabilities can beincorporated into the distance computation formulasused in the
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framework of different evol utionary models. We show
how thismethod can be applied in theframework of
the Jukes-Cantor [10] and Kimura2-parameter [11]
models. Inthe next two sectionsweintroducethe new
method for estimating missing entriesin sequencedata
and compareit to thetwo methods availablein the
PAUPpackage. Then, wediscusstheresultsprovided
by the three competing methodsinasimulation study
carried out with DNA sequencesof different lengths,
containing different percentages of missing bases
(datasets were generated by the SeqGen program
[20]). Theaccuracy of the phylogeneticinferenceis
assessed by means of the Robinson and Foulds
topological distance [21]. The BioNJ method by
Gascud [ 7], whichwasshownto provide better results
for sequence datathan the popular NJmethod [22],
wasused inour smulationsto recongtruct phylogenies.
In the application section we explore how PEMV
copeswith partial gene datacomprising 15 nuclear
genes of 64 placental and 2 marsupial species
comparing it totheMaximum Likelihood (DNAML)
[5] and Matrix Tree Representation (MRP) [1], [13],
[19] methods. Note that the problem of missing
nucleotidesismostly relevant for the distance-based
methods. Maximum Likelihood and Maximum
Parsimony methods consider missing basesand take
them implicitly into account in the computation
process.

Probabilistic estimation of
missing values

The new method for estimating unknown basesin
nucleotide sequences, PEMYV, isdescribed herein
the framework of the Jukes-Cantor [10] and
Kimura [11] models of sequence evolution. The
Jukes-Cantor model assumes that all nucleotides
A, C, G and T have the same frequency and that
all substitutions are equally likely (e.g. the
probability of transition is equal to that of
transversion). To compute evolutionary distances
between any pair of sequences within this model,
thefollowing correctionformulaisused: 4 = —-3/4
In (1-4/3D), where D is the observed distance,
computed asthe number of mismatchesbetween pairs
of sequences divided by the number of
compared sites. In the Kimura 2-parameter model,
the following formula is used:d =-1/2 In
(1-2P-Q) J@1-2Q)) to compute the distance
between a pair of sequences, where P is the
transitional and Q isthe transversional difference
between them. This model gives better distance

estimates than the Jukes-Cantor model when the
trangtion and transverson ratesaredifferent.

Assumethat the basek in the sequencei ismiss-
ing. To compute the distance between the sequence
i and all other considered sequences, PEMV esti-
mates, using Equation 1 below, the probabilities
Pi(A), Py (C), Py(G) and P (T) to have respec-
tively the nucleotide A, C, G or T at site k of the
sequencei. The probability that an unknown base
at site k of the sequence i is a specific nucleotide
depends on the number of sequences having this
nucleotide at this site as well as on the distance
(computed ignoring the missing sites) between i
and al other considered sequences having known
nucleotides at site k. First, we calcul ate the simi-
larity score dbetween all observed sequenceswhile
ignoring missing data. For a pair of aligned se-
guences, this score is equal to the number of
matches between homol ogous nucl eotides divided
by the number of comparablesites.

1
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where N, —is the number of known bases at site k
(i.e. column k) of the considered aligned
sequences, 9 —isthe similarity score between the
sequencesi and j computed ignoring missing sites,
C —isthematrix of aligned DNA sequences, P, (A),
P.(C), P, (G) and P, (T) — are the probabilities of
themissing basek of the sequencei tobeA, C, Gor
T, respectively.

Thefallowing Theorem characterizing theprobabili-
tiesP, (A), P, (C), P, (G) and P, (T), can be stated:

Theorem 1. For any sequencei, and any sitek
of the matrix C, such that C,, is a missing nucle-
otide, the following equality holds: P, (A) +
Pi(C) + Py (G) + Py(T) = 1.

ndC, 70
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The proof of thistheoremis presented in Appendix.

Oncethedifferent probabilities P, are obtained,
we can compute the matrix of distances D between
all given sequences applying Equation 2. The PEMV
distanced within the Jukes-Cantor model iscomputed
asfollows:
Ni/c' _Ni:‘n + 5 ‘Pf§)

’ KICix#?? [
HPrejk#?H : 2
N

where d; —isthe distance between the sequencesi
andj, N—isthetotal number of sites(i.e. number of
columnsinthematrix C that have at |east oneknown
nucleotide); Njj"—isthenumber of matchesbetween
homol ogous nucleotidesin the sequencesi andj; N —
isthe number of comparable pairs of nuclectidesin
the sequencesi andj (i.e. when both nuclectidesare
knowninthe homologoussitesof i andj); P —isthe
probability to haveapair of identical nucleotidesat
sitek of the sequencesi andj.

When both nucleotidesat site k of the sequencesi
andj aremissing, Pk iscomputed asfollows:

RK = Py (A)P(A) + P,(C) Py(C) + A3
Pi(G)P(G) + Py (T)P(T),

where the vaues of P, and Pj, are determined
according to Equation 1. Then, the Jukes-Cantor
logarithmic transformation can be applied to d; to
transformiit into the corrected distance.

In the case of the Kimura 2-parameter model,
we have first to compute the probabilitiesP,j"for
each missing nucleotide of the matrix C, and then,
calculate, using Equation 4, thetransitional differ-
enceP(i,)) andthetransversond difference Q(i,)) prior
to applying theKimuralogarithmic transformation:
P'@i, j)+ P'(i, j, k)
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whereP'(i,)) —isthe number of transitions between
the sequencesi and j computed ignoring missing Sites,
P'(i,j,K) —isthe probability of transition betweenthe
sequencesi and | at Stek whenthenuclectide at site
kismissing eitherini orinj (e.g. if thenucleotide at
site k of the sequencei isA and the corresponding
nucleotidein j ismissing, we have to evaluate the
probability that the missing base of the sequence

jis G); Q'(i,)) — is the number of transversions
between the sequencesi and j computedignoring miss-
ing sites; Q'(i,j,K) —isthe probability of transversion
between the sequencesi and | at site k when the
nucleotideat stekismissingeitherini orinj (e.g. if
the nucleotide at site k of the sequencei isA andthe
corresponding nuclectideinj ismissing, we haveto
eval uate the probability that the missing base of the
sequencej iseither Cor T).

When both nucleotidesat site k of the sequencesi
andj aremissing, P'(i,j,k) and Q'(i,j k) are computed
asfollows

P'(i,j.K) = Pi(A)P(G) + Pi(C)P(T) +
Pi(G)P(A) + P (T)P(C),

Q'(i.],K) = Py(A)(P(C) + Py(T)) + 5
PLC)(PKA) + Py(G)) + ®
Pi(G)(Pi(C) + Py(T)) +
Pi(M(P(A) + P (G)).

A numerical example

In this section, we present anumerical exampleto
show the difference between the new sequence-
to-distancetransformation method (PEMV) and the
two methods available in PAUP (IMS and
PDMAB). We use the dataset reported in Table 1
comprising 3 sequences of 8 nucleotides each (the
character ‘- representsamissing base).

We apply thethreetransformation methodsto the
matrix C (Table 1) to computethedistancesd,,, d,;
and d,; using the Kimura 2-parameter model. We
explain how the computation should becarried out in
thecaseof IMS, PDMAB, and PEMV:

1) UsingthelMSmethod, whichignoresmissngsites
when computing d,,, we consider only the 6
completesitesinthesequences1and 2. Thereis
onedifference between themdueto atransversion.
Under theKimura2-parameter model thedistance
d,, is equal to 0.1925. In the same way, we
determine that d,;equals 0.4479 and d,; equals
0.3639.

2) Using the PDMAB method to compute d,,, we
first distribute missing bases according to the

Table 1. Matrix C used to show the difference between
the methods PEMV, IMS and PDMAB.

Matrix C 1 2 3 4 5 6 7 8
Sequencel: A C G G G A A -
Sequence2: A C G T - A A A
Sequenced: A C G T - A G C
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unambi guous changes between thetwo sequences
(see the documentation of PAUP[26] for more
details). When computing the distance between the
sequences 1 and 2, we consider all pairs of
corresponding basessuch that thenucleotidein the
sequence 1 is G (missing nucleotide must be
compared to G). Two such pairsof bases, GG and
GT, can beidentified. According to the method,
the probability to havethenucleotideether Gor T
inthesite5 of the sequence2 will be1 (0.5for G
and 0.5for T). Onthe other hand, the value of 4
for AA isobtained by summing 3 (comingfromthe
three pairsof AA appearingin the corresponding
stesof the sequences1and 2) and 1 (coming from
the comparison of amissing basein the site 8 of
the sequence 1 and the nucleotide A in the same
site of the sequence 2; the missing base of the
sequence 1 should be equal to A according too
PDMAB). Proceeding in the same manner, we
computethedistribution matrix reportedin Table 2.

Anayzing Table2, wencaticethat thetrangtiond
rateisOandthetransversiona rateis1.5 (only for
G to T). Therefore, the evolutionary distance
between the sequences 1 and 2 equalsto 0.2213
withinthe Kimura2-parameter modd. Inthesame
way, we obtain that d,; equals0.4052 and d; is
0.3639.

3) Using the new method, PEMV, we havefirst to
determinethe probabilitiesthat each missing base
iseither A, C, G or T. To do so, we proceed by
computing thesimilarity score d, considering only
thecompletesites. Thus, thevalues d,,=5/6, 5,5 =
2/3 and ;= 5/7 are obtained. Then, we compute
the number of bases present at sites containing
missng data. Findly, wedeterminethe probabilities
Pas (A), Ps(C), Ps(G) and Pys(T) using
Equation 1. For instance, P,5(A) isthe probability
that the missing nuclectideat Site 5 of the sequence
2isA. Thecomputationisdoneasfollows:

P,s(A) = 1/3*(1-5/6) = 1/18,
P,s(C) = 1/3*(1-5/6) = 1/18,
P,5(G) = 5/6, Pg(T) = 1/3*(1-5/6) = 1/18.

Table 2. Distribution matrix for the sequences 1 and 2
computed by PDMAB.

A C G T
A 4.0 0 0 0
C 1.0 0 0
G 15 15
T 0

Similarly, we calcul ate the probabilities for the
missing Site8inthe sequence 1.

PLs(A) = (U2)*(5/6) +
(U/2)* (U3)* (1-2/3) = 17/36,

P.(C) = (U2)* (U3)* (1~ 5/6) +
(U/2)*(2/3) = 13/36,

P15(G) = Pyg(T) = (1/2)* (1/3)* (1-5/6) +
(U2)* (U3)* (1-2/3) = 1/12.

Oncethese probabilitiesare known, we compute
the distance d,, using Equation 2. Here, we have
0+ 1/18 + /12 transitionsand 1 + 1/18 + 1/18 +
13/36 + 1/12 transversions between the sequences
1 and 2. Thus, in the framework of the Kimura
2-parameter model, the distance between them is
0.2199. Smilarly, wedeterminethat d,; equal s0.436
(with1 + 1/9 + 1/12transitionsand 1 + /9 + 1/9 +
17/36 + 1/12 transversions) and d,; equals 0.362
(Equation5).

Simulation design

A Monte Carlo study has been conducted to test
the ability of the new method to recover correct
phylogenies. We examined how PEMV performed
depending on thelength of the DNA sequencesand
the percentage of missing nucleotides. The
simulations described in thisarticle were conducted
in the framework of the Kimura 2-parameter
model. Theresultswere obtained from simulations
carried out with 1000 random binary phylogenetic
trees with 8, 16, 24 and 32 |leaves. In each case, a
true tree topol ogy, denoted T, was obtained using
the random tree generation procedure proposed by
Kuhner and Felsenstein [12].

The branch lengths of the true tree were com-
puted using an exponentia distribution. Follow-
ing the approach of Guindon and Gascuel [8], we
added somenoiseto thebranchesof thetrue phylogeny
to creste adeviation from themolecular clock hypoth-
esis. All thebranch lengthsof T weremultiplied by
1 + ax, where the variable x was obtained from a
standard exponential distribution (P(x> k) =
exp (= K)). The constant aisatuning factor for the
deviationintengty. Following thesuggestion of Guindon
and Gascuel [8], thevalueof awasfixedto 0.8. The
random treesgenerated by thisprocedure are assumed
to havethedepth of O(log (n)), wherenisthe number
of species(i.e. number of leavesinabinary phylogenetic
tree). The source code of our tree generation pro-
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gram, writtenin C, isavailableat thefollowing webste:
http://www.labunix.ugam.ca/~makarenv/
tree_generation.cpp.

The random trees were then submitted to the
SeqGen program [ 20] to S mulate sequenceevolution
along their branches. We used SeqGento obtainthe
aligned sequences of thelength | (I = 125 and 500
bases) in theframework of the Kimura2-parameter
model [11]. To Simulate missing datainthe aligned
sequences, we carried out two experimentsfollowing
the strategiesdescribed by Wiens[30]. They differ by
theway of distributing missing basesintheaigned
sequences. Thefirgt strategy consists of removing at
random afixed percentage of nucleotidesfrom the
observed sequence, whereas the second strategy,
whichiscertainly moreredistic fromagenomic point
of view, consistsof therandom elimination of blocks
of nucleotidesof different sizes. Inthispaper, weproc-
essed datawith 0 to 50% of missing bases. The ob-
tained sequences were submitted to the three com-
peting methodsfor computing evol utionary distances.
For each distancematrix provided by IMS, PDMAB
and PEMV, weinferred aphylogenetictree T' using
theBioNJalgorithm[7].

Thephylogeny T' wasthen compared to thetrue
phylogeny T using the Robinson and Foulds topo-
logical distance [21]. The Robinson and Foulds
distance between two phylogenetic trees is the
minimum number of operations, consisting of
merging and splitting internal nodes, which are
necessary to transform one tree into another. This
distance was computed as percentage of its maxi-
mum value, which is 2n-6 for a phylogenetic tree
with n leaves. The lower this value, the closer the
obtainedtree T’ to thetrue phylogeny T. Thus, inthis
smulation study wewereableto evaluatethereative
topol ogy performanceof thedistance generation meth-
ods IMS, PDMAB and PEMV depending on the
number of species, sequencelength and percentage
of missing nucleotides.

Simulation results

Inthissection, we present theresultsof thesmuletions
comparing thethreemethodsfor computing evol ution-
ary distances. Sequence datasets for 8, 16, 24 and
32 taxawere generated. For each dataset, wetested
the performance of the three methods depending on
the sequencelength (for sequenceswith 125 and 500
nucl eotides) and the percentage of missing bases(rang-
ing from 0to 50%). Here, we present the results ob-
tained with randomly distributed blocks of missing
nucl eotidesbecause such adidtribution of missng Sites

better reflectsabiological redlity. Itisworth noting
that the results obtained with the randomly removed
nucleotides, that were not block-likedistributed, were
very smilar.

Figures 1 and 2 present the results produced by
thethree competing methodsfor the sequenceswith
125 and 500 nucl ectides, respectively. First, for the
phylogenieswith 8, 16, 24 and 32leavesPEMYV cdlearly
outperformed the PAUPmethods (IMSand PDMAB)
when the percentage of missing datawaslarge. Sec-
ond, theresultsobtained with IMSwerevery similar
tothosegiven by PDMAB, especialy for thedatasets
with 16, 24, and 32 taxa. Third, only for 8 and 16
taxaand 500-nucl eotide sequences (Figures 2aand
2b) did thethree methods have smilar performances
(withadlight advantagefor PEMV for 30 to 50% of
missing data). Inthelatter case, it would be prefer-
able to apply IMS, which is the simplest and the
fastest of thethree competing methods.

Obvioudy, the Robinson and Foul dstopol ogical
distanceincreaseswhen the number of taxaincreases,
thiswell-known trend showsupfor al threemethods.
The Robinson and Foul ds distance decreaseswhen
thelength of sequencesincreases. Thelaiter trend holds
evenforlarger percentagesof missing bases(asmilar
trend has been also reported by Wiens [30]). It is
worth noting that theva ues of the Robinsonand Foulds
distance do not dwaysequa zerowith 0% of missing
bases (especidly for short sequences). Thishiasisdue
to thewell-known problem of the estimation of short
branchesin phylogenies.

To assesswhether the observed differencesamong
the Robinson and Foul ds distances corresponding to
IMS, PDMAB and PEMV aredatisticaly significant,
we carried out theANOVA test. The Null Hypothesis
H, for the ANOVA (F-test) was asfollows: ps=
Ueomap = Heemys Where  were the means of the
corresponding Robinson and Foulds distances. The
related P-valuesareindicated in Table 3. Thus, con-
sidering thelevel of significance a = 0.05, thediffer-
encesdepictedin Figures1 and 2 weresignificant for
the sequences with 125 bases (except the case of 8
taxaand 10% of missing data). For the sequences
with 500 bases, the differencesin the obtained results
weresignificant for the cases of 16, 24 and 32 taxa
when the percentage of missing nucleotideswasabove
10%. Sincethe performancesof IMSand PDMAB
werevery smilar, theANOVA test basicaly conssted
of measuring the difference between PEMV and the
best of IMSand PDMAB.

Note that we also conducted the analysis of the
distances obtained by the three competing methods
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Figure 1: Mean topological recovery values obtained for 1000 random phylogenetic
trees with 125 nucleotides. The percentage of missing bases varies from 0 to
50% (abscissa axis). The curves represent the variation of the Robinson and
Foulds topological distance for the methods IMS (A), PDMAB (O0) and PEMV (O).
The influence of the number of leaves is illustrated on the four panels:
(a) 8 leaves, (b) 16 leaves, (c) 24 leaves, and (d) 32 leaves.

before applying BioNJ. We compared these distances
totheorigina distances (computed with the complete
sequences) using the Pearson correlation coefficient.
Theobtained resultsdid not show any well-established
difference between thethree methods. However, itis
worthnotingthat PEMV generaly outperformed IMS
and PDMAB for the sequenceswith 125 bases but
becamelessaccuratefor the sequenceswith 500 bases.
Thelatter drawback can bedueto an over-estimation
of some of the distancesby PEMV in the situation
when thereisanecessary amount of known homolo-
gous nucleotidesto compute the distances.

Inferring a phylogeny for a set of
66 mammalian species
In this section we apply PEMV to reconstruct a
mammalian phylogeny from asegment of 15 nuclear
genesof 64 placental and two marsupial species. The
origina phylogeny T for these speciesispresentedin
Figure1in[17]. The GenBank sequenceswiththe
accession numbers AY 011125-AY 012154 are
considered in this study; the 15 selected genes are
availablefor avarious number of species (520 64).
Phyl ogenetic treesfrom multiple genescan be ob-
tained using two fundamental ly different gpproaches.
Inthefirst one, genetic sequences are concatenated

into asingleaignment (supermatrix) that isthen sub-
mitted to atree reconstruction method to generatea
speciestree[25]. Asthe concatenated genes do not
always cover the same set of species, the blocks of
missing nucleotidesare present inthedata[29]. Inthe
second approach, the phylogeniesareinferred sepa
rately from each geneand their supertreeiscomputed
to represent the phylogeny defined on the complete
set of species[25].

Hereweexploretheability of PEMV toinfer trees
from partial gene data. We compared PEMV to a
supermatrix approach using DNAML [5] and tothe
well-known supertree method “Matrix Representa-
tionusng Parsmony” (MRP). TheDNAML program
fromthe PHY LI P packageimplementsthe maximum
likelihood method for DNA sequences[5]. MRPre-
mainsby far themost popular supertree method, ow-
ing to acombination of historical precedence coupled
with universal applicability and good performance,
producing well-resolved and usually accurate
supertrees[2]. MRP was proposed by Loomisand
Smith [13] and | ater refined independently by Baum
[1] and Ragan[19]. Itsimplementation availablein
the Clann [3] program was used in thisstudy. Note
that as Clann only implementsthe MRP coding, we
also used PAUP[26] to processtheresulting matrix.
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Figure 2: Mean topological recovery values obtained for 1000 random phylogenetic
trees with 500 nucleotides. The percentage of missing bases varies from 0 to
50% (abscissa axis). The curves represent the variation of the Robinson and
Foulds topological distance for the methods IMS (A), PDMAB (O0) and PEMV (O).
The influence of the number of leaves is illustrated on the four panels: (a) 8
leaves, (b) 16 leaves, (c) 24 leaves, and (d) 32 leaves.

The datafor 15 considered genes were aligned
using CLUSTAL-X [28]. For theMRPanalysis, the
15 genetreeswere computed usingthe DNAML pro-
gram. Inal casssDNAML wasused withtheheuris-
ticsearch, withtheNNI branch swapping andthe HKY
model of nucleotide substitution, as suggested by
Murphy et a. [17]. Thebest treewasawayssdlected.
The Kimura 2-parameter model of PEMV and NJ
[22] wereused.

Wedarted the s mulationsrecongtructing treesfrom
threerandomly chosen genes (out of 15), adding to
them the other randomly chosen genes one-by-one
until the concatenated dataset contained 15 genes
(including 9702 sitesin total). Thisprocedurewas

repeated 100 timesfor PEMV and MRP, and 30times
for DNAML. Theaverage Robinson and Fouldstopo-
logical distance was computed between each tree
obtained and thetrue phylogeny T (i.e. thetreegiven by
Murphy etd.[17]).

Theresultsillustrated in Figure 3 show that PEMV
has a better average accuracy when 6 to 15 genes
were present. Obvioudy, the addition of asupplemen-
tary gene alwaysimprovesthe average accuracy of
phylogenetic reconstruction because of alarger char-
acter sampling [25]. But inthe sameway, thegrowth
of missing data affects the tree reconstruction. As
shown, PEMV reducesthe negativeeffect of missing
data: The bigger the number of combined genes, the

Table 3. Results of the ANOVA tests carried out for the differences in the mean Robinson and Foulds topological
recovery obtained using the methods PEMV, IMS and PDMAB.

Nb of taxa

125 bases 500 bases
Missing % 8 16 24 32 8 16 24 32
10 0.099 3.33E-06 1.21E-10 3.91E-15 0.222 0.014 0.050 0.671
20 1.66E-05 4.14E-18 5.07E-37 3.48E-39 0.547 0.001 0.027 0.001
30 1.37E-12 4.52E-40 5.95E-66 2.94E-79 0.272 9.66E-06 1.65E-07 2.92E-08
40 7.91E-14 7.51E-69 5.50E-112 2.29E-140 0.343 1.90E-16 1.99E-20 3.81E-30
50 6.97E-12 2.19E-86 7.35E-162 9.18E-187 0.581 1.55E-20 5.74E-42 4.74E-54
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Figure 3: Mean topological recovery values obtained with respect
to the number of present genes. The abscissa axis represents
the number of concatenated genes that varies from 3 to 15. The
curves indicate the variation of the Robinson and Foulds
topological distance for the methods MRP (+), DNAML (x) and
PEMV (0).

larger the difference between the phyl ogenies produced
by thethree methods. Theseresultsarein agreement
withthosefound in[25]: The supermatrix methods
used inthisstudy usually provided abetter topologi-
cal recovery than themost popular supertree method
MRP.

Conclusion
The PEMYV techniqueintroducedinthisarticleisa
new efficient method that can beappliedtoinfer large
phylogeniesfrom nucl eoti de sequences comprising
missing data. The smulationsconducted inthisstudy
demonstrated the usefulnessof PEMV in estimating
missing bases prior to phylogenetic reconstruction.
Tested intheframework of the Kimura2-parameter
model [11], the PEMV method provided very
promising resultsfor the DNA sequenceswith 125
and 500 nucleotides aswell asfor long sequences
comprising multiplegenes[17]. Therdativeaccuracy
of the new method increases as the percentage of
missing nucleotidesincreases. Thede etion of missing
gtes, asitisdoneinthelM Smethod, or their estimation
using PDMAB (two methodsavailablein PAUP) can
ignoreor misinterpret important featuresof thedataat
hand. Theapplication of PEMV to themultiplegene
dataset showed that the new method can outperform
thewel -know supertree and supermatrix approaches.
PEMV wasincludedinthe T-Rex package[15], which
is freely available to researchers at the following
URL: <http://www.labunix.ugam.ca/~makarenv/
trex.ntml>.

Inthis paper, we presented PEMV intheframe-
work of the Jukes-Cantor [ 10] and Kimura2-param-
eter [11] models. It would be interesting to extend

and test this probabilistic approach within more com-
plex and morerealistic models of sequencesevolu-
tion, suchasF84[4], LogDet [24], or the Tgimaand
Ne model [27]. Itisimportant to comparetheresults
obtained using BioNJto those produced using other
distance-based methods of phylogenetic reconstruc-
tion, asfor example, NJ[22], FITCH [6] and MW
[14]. For the specific case of multiple gene phyloge-
nies, it would be interesting to extend the model to
takeinto account varioussubgtitution ratesamong Sites.
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Appendix

Theorem 1. For any sequencei, and any site k of
the matrix C, such that ¢, isa missing nucleotide,
the following eguation holds: P, (A) + P, (C) +
Pi(G) + Py(T) = 1.

Proof : Replacing the sum P, (A) + P, (C) +
P.(G) + P, (T) by the equivalent expression from
Equation 1, wewill need to provethat:

(1-8;)*
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Notethat taking the sum over all the sequencessuch
that C,, # Aisequivalenttotakingthesum over aII
the sequences such that C, = C, or C = G or C;,

T. Thesmilar cond derati onsaretruefor thesumt
over all C # C, G and T. Therefore, the left- hand
part of Equaru on 6 can berewritten asfollows:
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What had to be proved.
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