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Abstract. Maximum likelihood (ML) phylogenies
based on 9,957 amino acid (AA) sites of 45 proteins
encoded in the plastid genomes ofCyanophora,a dia-
tom, a rhodophyte (red algae), a euglenophyte, and five
land plants are compared with respect to several proper-
ties of the data, including between-site rate variation and
aberrant amino acid composition in individual species.
Neighbor-joining trees from AA LogDet distances and
ML analyses are seen to be congruent when site rate
variability was taken into account. Four feasible trees are
identified in these analyses, one of which is preferred,
and one of which is almost excluded by statistical crite-
ria. A transition probability matrix for the general revers-
ible Markov model of amino acid substitutions is esti-
mated from the data, assuming each of these four trees.
In all cases, the tree with diatom and rhodophyte as sister
taxa was clearly favored. The new transition matrix
based on the best tree, called cpREV, takes into account
distinct substitution patterns in plastid-encoded proteins
and should be useful in future ML inferences using such
data. A second rate matrix, called cpREV*, based on a
weighted sum of rate matrices from different trees, is
also considered.

Key words: Maximum likelihood — General revers-
ible Markov model — Amino acid substitution — Chlo-
roplast DNA — AA LogDet

Introduction

The maximum likelihood (ML) method is widely used in
molecular phylogenetics (Felsenstein 1981). The utility
of the method depends on the availabiltiy of realistic
models for the change of nucleotide or amino acid se-
quences during evolution. If one is analyzing DNA se-
quence data of protein-encoding genes, use of codon-
based models of nucleotide substitutions (e.g., Muse and
Gaut 1994; Goldman and Yang 1994; Yang et al. 1998)
has some advantages over using nucleotide sequences
without codon structure. However, if one is interested in
estimating very ancient branching events, analyses of
amino acid sequences are preferable because synony-
mous substitutions that are already saturated contain no
phylogenetic information and because amino acid sub-
stitutions are somewhat easier to model and analyze than
codon substitutions. ML analysis of amino acid se-
quences was first implemented by Kishino et al. (1990)
and was further developed with the program ProtML in
MOLPHY (Adachi and Hasegawa 1996b).

Transition matrices of amino acid substitutions were
first estimated by the parsimony method for data sets that
consist mainly of nuclear-encoded proteins; that is, the
Dayhoff model (Dayhoff et al. 1978) and the JTT model
(Jones et al. 1992). These models are implemented in the
ProtML program. It is useful to consider the ML estima-
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tion of transition matrices for such data sets and what it
can tell us (Reeves 1992). For example, Adachi and Ha-
segawa (1996a, 1996b) estimated the rate matrix of mi-
tochondrial proteins (mtREV model), which is quite dis-
tinct due to a different genetic code to nuclear DNA, and
for this reason it has been a popular model to use (e.g.,
Janke et al. 1997; Zardoya et al. 1998; Cao et al. 1998a,
1998b; Waddell et al. 1999). Estimation of rate matrices
via ML is expected to result in less bias than via parsi-
mony (e.g., Perna and Kocher 1995).

Protein-encoding genes of chloroplast DNA (cpDNA)
are used widely in plant phylogenetics (e.g., Soltis et al.
1992; Delwiche and Palmer 1997), but amino acid
substitution models tuned for such analyses are not yet
available. Recently, Martin et al. (1998) estimated the
molecular phylogeny of chloroplasts using 45 cpDNA-
encoded proteins from nine species encompasing green
plants (chlorophytes), a euglenophyte, a red algae
(rhodophytes), a diatom, andCyanophorawith cyano-
bacteria as an outgroup. The sequences used provide us
with sufficient data for estimating a reliable transition
probability matrix of amino acids in chloroplast proteins.
In doing so, we need also consider critically the tree
relating these sequences.

Many evolutionary studies of plastid phylogeny have
been performed with ribosomal RNA (Bhattacharya
1997). The rRNA data has about 1,500 aligned positions
and four possible states per position. On the other hand,
proteins in chloroplast genomes contain about 10,000
sites for comparison and 20 possible states per position.
It seems likely that proteins in chloroplast DNA contain
much useful information for studying plastid evolution.
Previous work has suggested that this might be the case
(Martin et al. 1998), but there have been dissenting views
(e.g., Lockhart et al. 1999). Certainly, using this infor-
mation requires suitable statistical models of the substi-
tution process if the inferred phylogeny is to be reliable.
Although it can be computationally demanding when a
large number of species are compared, the ML approach
has some advantages in phylogenetic inference (e.g.,
Swofford 1996), and its utility can be steadily extended
by the development of more realistic amino acid substi-
tution models (e.g., Adachi and Hasegawa 1996a).

In the absence of well tuned ML substitution models,
and the possibility of unequal (nonstationary) amino acid
composition in different taxa, it is useful to consider the
use of amino acid (AA)–based LogDet distances (Lock-
hart et al. 1994; Penny et al. 1999; Waddell et al. 1999)
combined with a distance based phylogenetic method. If
site rate heterogeneity is also expected, then use of the
invariant sites–LogDet is also wise (Swofford 1996;
Waddell and Steel 1997; Waddell et al. 1999). Similar
methods have recently been applied to this data by Lock-
hart et al. (1999), and we compare and contrast our re-
sults with theirs.

Materials and Methods

The data used were complete cpDNA sequences of the land plantsZea
mays(database accession number: X86563),Oryza sativa(X15901),
Nicotiana tabacum(S54304),Pinus thunbergii(D17510), andMarch-
antia polymorpha(X04465); the euglenophyteEuglena gracilis
(X70810); the rhodophytePorphyra purpurea(U38804); the diatom
Odontella sinensis(Z67753) andCyanophora paradoxa(U30821); and
the complete genome sequence of the cyanobacteriaSynechocystis
PCC6803 as the outgroup. A total of 9,957 amino acids (excluding
gapped sites) are used from the following 45 proteins found in all 10
genomes (numbers in parentheses are numbers of amino acid sites);
atpA (494),atpB (473),atpE (128),atpF (174),atpH (81), petB(215),
petG (36), psaA(748),psaB(726),psaC(81), psaJ(36), psbA(343),
psbB(507),psbC(457),psbD(350),psbE(72), psbF(38), psbH(57),
psbI (36),psbJ(38),psbK(44),psbL(38),psbN(43),psbT(31), rpl14
(120), rpl16 (134), rpl2 (271), rpl20 (112), rpl22 (111), rpl36 (36),
rpoB (982),rpoC1 (554),rpoC2 (762),rps11 (126),rps12 (123),rps14
(98), rps18 (58),rps19 (91),rps2 (223),rps3 (202),rps4 (193),rps7
(155), rps8 (130),ycf4 (172), andycf9 (58). This is the same data set
used in Martin et al. (1998) except for one minor change in the align-
ment ofpetG (where the number of amino acid sites used is now 36
instead of 37). The total number of sites is used was typically 9,957
(analyses of alternative edits of the data indicate the total number of
sites in the text).

In maize, it is estimated that about 25 cpDNA sites are subject to
RNA editing (Maier et al. 1995). Although the total degree of editing
is not known for all the species in the present data set, it will only affect
comparisons of differentially edited codons at the small fraction of
edited sites. This minor, and presently difficult-to-gauge effect was also
ignored as in Martin et al. (1998) and others using such data.

To estimate the transition probability matrix of the general revers-
ible Markov model of amino acid substitution for cpDNA-encoded
proteins, the phylogenetic relationships among the species must be
established, or, if there exists any uncertainty, it should be taken into
account in estimating the matrix. A previous ML analysis of the same
data set used here (Martin et al. 1998) detected only four trees among
the 10,000 bootstrap replications with RELL (Kishino et al. 1990;
Hasegawa and Kishino 1994), using the JTT-F model (Jones et al.
1992; option “-F” adjusts the amino acid frequencies to those of the
data under analysis). Tree-1 with the rhodophyte/diatom grouping gave
the highest likelihood. Additional ML analyses are carried out assum-
ing site-heterogeneity, which was not taken into account in Martin et al.
(1998). These assumed aG-distribution of site rates (Yang 1994; Wad-
dell et al. 1997) and used the AAML program in the PAML package
(Yang 1997) with eight categories in the discreteG-approximation.

As shown later, pairwise tests of amino acid composition (Penny et
al. 1999; Waddell et al. 1999) show clearly nonstationary evolution in
these sequences, and this variation is not taken into account in the ML
analysis. Therefore, we estimated distances by the LogDet transform
(Barry and Hartigan 1987; Lockhart et al. 1994; Lake 1994) applied to
amino acid sequences using the program from Waddell et al. (1999),
after removal of the invariant sites in proportion to the unvaried sites
(Waddell and Steel 1997). The proportion of invariant sites was esti-
mated using the capture-recapture method of Waddell (1995) and Wad-
dell et al. (1999). From these distances, trees were built using the NJ
method (Saitou and Nei 1987).

Last leaving rapidly changing sites in any analysis can lead to
errors. To help avoid this possibility we used “site stripping” as imple-
mented in Waddell et al. (1999). Such analyses involve removing all
amino acid positions showing any change within a defined monophy-
letic group(s). Such objectively edited data can then be used for any
type of analysis (e.g., ML, parsimony, distance-based methods).

The transition probability matrices were estimated for alternative
trees using ML and the same program used in Adachi and Hasegawa
(1996a).
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Phylogenetic Tree of Proteins in
Chloroplast Genomes

Our first task is to estimate the most reliable tree for
these chloroplast sequences using both ML and AA Log-
Det methods. Because estimation of a transition prob-
ability matrix will be sensitive to the assumed phyloge-
netic tree, we will hopefully obtain a reliable tree prior to
doing this. It also makes sense to consider how much
estimates of the inferred transition matrix vary depend-
ing on the tree selected, which we do later for all rea-
sonable trees.

ML Tree Analyses

The Euglena/chlorophyte grouping and within-
chlorophytes relationships are not biologically conten-
tious and were well supported (e.g., Martin et al. 1998).
We therefore fixed the relationships of (Euglena,
(Marchantia,(Pinus,(Nicotiana,(Zea, Oryza))))) within

theEuglena/chlorophyte clade in our ML analyses. That
left 15 possible trees for the four ingroups,Euglena/
chlorophyte, rhodophyte, diatom,Cyanophora,and the
outgroupSynechocystisto examine.

The ProtML program from MOLPHY (Adachi and
Hasegawa 1996b) and the AAML program in PAML
(Yang 1997) were applied by assuming site homogeneity
and site heterogeneity, respectively, with the JTT-F
model, and the results are given in Table 1. As in Martin
et al. (1998), the only trees (Fig. 1) we recovered in any
of 10,000 RELL bootstrap replicates in this paper were:
Tree 1: (Cyanophora,((diatom, rhodophyte), (Euglena,
chlorophyte))), Tree 2: (Cyanophora,(rhodophyte, (dia-
tom, (Euglena,chlorophyte)))), Tree 3: ((diatom,rhodo-
phyte), (Cyanophora,(Euglena,chlorophyte))), Tree 4:
((Cyanophora,(diatom, rhodophyte)), (Euglena,chloro-
phyte)), and therefore only these four trees are shown in
the tables. Although site heterogeneity is taken into ac-
count to some extent by using the discreteG-distribution,
since the lineage specific rates of evolution can differ
among different proteins, we also carried out ML esti-

Table 1. Comparison of log-likelihood of trees for the 45 proteins with the JTT-F model of amino acid substitution

Tree

Without G With G Stripped sites

Concatenated Separate Concatenated Separate WithoutG With G

45 proteins (9,957 sites) (5,397 sites)
Tree 1 <−107,958.1> <−103,229.0> <−103,923.7> <−100,665.0> <−25,647.8> <−25,370.8>

(0.8330) (0.8925) (0.8240) (0.8610) (0.8091) (0.7182)
Tree 2 −109.8 ± 38.7 −192.8 ± 45.7 −115.5 ± 27.3 −162.7 ± 37.8 −127.2 ± 30.1 −81.9 ± 20.2

(0.0019) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Tree 3 −29.4 ± 28.6 −40.8 ± 36.0 −17.0 ± 18.0 −30.4 ± 30.8 −19.8 ± 18.9 −7.6 ± 11.1

(0.1650) (0.0850) (0.1724) (0.0662) (0.1272) (0.2146)
Tree 4 −71.5 ± 25.1 −53.9 ± 33.6 −34.8 ± 15.9 −28.9 ± 30.1 −24.5 ± 18.4 −12.1 ± 10.3

(0.0001) (0.0225) (0.0036) (0.0728) (0.0637) (0.0672)
42 proteins (excludingrpoB, rpoC1, andrpoC2, (7,659 sites) (4,687 sites)
Tree 1 <−74,516.6> <−71,019.2> <−71,831.9> <−69,323.3> <−21,815.0> <−21,617.1>

(0.7781) (0.7635) (0.6886) (0.7367) (0.8306) (0.7554)
Tree 2 −236.3 ± 36.8 −250.8 ± 45.7 −176.0 ± 28.0 −186.4 ± 34.6 −145.2 ± 29.9 −98.1 ± 20.9

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
Tree 3 −22.9 ± 23.4 −33.0 ± 27.7 −13.9 ± 14.4 −26.7 ± 20.2 −22.9 ± 17.9 −10.3 ± 10.5

(0.1070) (0.0778) (0.1136) (0.0464) (0.0841) (0.1280)
Tree 4 −26.1 ± 23.0 −23.9 ± 26.7 −10.7 ± 14.8 −14.1 ± 18.7 −22.3 ± 18.0 −10.9 ± 10.4

(0.1149) (0.1587) (0.1978) (0.2169) (0.0851) (0.1166)

The log-likelihoods, lnL, of the ML tree are given in angle brackets,
and the differences,D ln L, of alternative trees from that of the ML tree
are shown with their SEs (following ±), which were estimated by the
formula of Kishino and Hasegawa (1989). Bootstrap proportions in
parentheses were estimated by the RELL method (Kishino et al. 1990)
with 104 replications. “Separate” means that lnL of each gene is sepa-
rately estimated and then is summed up. Tree 1: (Cyanophora,((dia-
tom, rhodophyte), (Euglena, chlorophyte))), Tree 2: (Cyanophora,
(rhodophyte, (diatom, (Euglena, chlorophyte)))), Tree 3: ((diatom,
rhodophyte), (Cyanophora,(Euglena,chlorophyte))), Tree 4: ((Cyano-
phora, (diatom, rhodophyte)), (Euglena,chlorophyte)).

ML estimates of shape parametera of the G-distribution for Tree 1
(no significant differences for other trees; data not shown) and tree
length for Tree 1 (a measure of relative evolutionary rate of each
protein) are 0.56 and 2.32 (concatenated sequences), 0.45 and 1.51

(atpA), 0.22 and 1.26 (atpB), 1.46 and 5.23 (atpE), 2.85 and 7.40
(atpF), 1.39 and 0.63 (atpH), 0.50 and 0.72 (petB), 1.02 and 1.58
(petG), 0.57 and 0.86 (psaA), 0.45 and 0.89 (psaB), 0.32 and 0.66
(psaC), 0.63 and 2.91 (psaJ), 0.29 and 0.57 (psbA), 0.69 and 1.02
(psbB), 0.60 and 0.95 (psbC), 0.35 and 0.63 (psbD), 0.57 and 1.05
(psbE), 0.62 and 1.07 (psbF), 0.56 and 2.25 (psbH), 0.70 and 1.67
(psbI), 0.99 and 1.93 (psbJ ), 0.74 and 2.63 (psbK), 0.38 and 1.38
(psbL), 1.71 and 2.80 (psbN), 1.07 and 2.06 (psbT), 0.81 and 1.87
(rpl14), 0.66 and 2.18 (rpl16), 0.76 and 2.71 (rpl2), 1.06 and 4.81
(rpl20), 1.07 and 4.60 (rpl22), 0.55 and 2.17 (rpl36), 0.97 and 3.98
(rpoB), 0.91 and 3.85 (rpoC1), 0.94 and 5.48 (rpoC2), 1.33 and 2.94
(rps11), 0.38 and 1.18 (rps12), 0.67 and 3.57 (rps14), 1.11 and 2.95
(rps18), 1.00 and 2.66 (rps19), 1.23 and 3.56 (rps2), 1.01 and 4.18
(rps3), 1.03 and 3.28 (rps4), 1.45 and 3.18 (rps7), 1.04 and 3.90 (rps8),
2.10 and 4.24 (ycf4), 1.96 and 5.30 (ycf9).
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mation for each individual protein separately, then
summed up the estimated log-likelihoods (lnL) by using
the TotalML program in MOLPHY rather than analyze
the concatenated sequences. These analyses are also
given in Table 1. Note that if the other parts of the model
are correct, needing to adopt different relative edge
lengths for different genes (which is what summed ML
does) can be a sign of non-neutral evolution (Waddell
1995 [p. 469], 2000).

The adequacy of models were compared by using the
Akaike Information Criterion, where the AIC score4
− 2 × ln L + 2 × (number of parameters). The model that
minimizes AIC is considered to be the most appropriate
model (Akaike 1974). The JTT-F model uses the amino
acid frequencies of the data (the number of parameters is
19) and, for a tree with 10 species, 17 branch lengths
must be estimated. For theG-distribution model, addi-
tionally one parameter (shape parameter of the distribu-
tion) must be estimated. Therefore, the number of esti-
mated parameters is 37 (4 17 + 19 + 1) for each ML
analysis with theG-distribution versus 36 with the site
homogeneity. For Tree 1 and the concatenated analysis
of the 45 proteins with the site homogeneity, AIC was
215,988.2, and AIC for the separate analysis was reduced
to 209,698.0. Furthermore, the concatenated and separate

analyses with theG-distribution gave AIC values of
207,921.4 and 204,660.0, respectively. This indicates
that the separate analysis approximates the underlying
evolutionary process better than the concatenated analy-
sis, which assumes homogeneity of substitution process
across genes, and this holds even if the site heterogeneity
is taken into account with theG-distribution. The sepa-
rate analyses with theG-distribution for each of the in-
dividual proteins turned out to best approximate the data
given the present models, and the result of the analyses
should hopefully be more reliable than those which had
worse AIC values. Note, this result is also consistent
with non-neutral evolution, although parts of the model
need better specification to be more confident of this
result (e.g., the form of site rate distribution; Waddell et
al. 1997). The result in terms of tree preference does not
differ very much for different models. All the analyses
prefer Tree 1, and Trees 3 and 4 receive minor support,
while Tree 2 is clearly rejected.

As noted in Martin et al. (1998), the subunits of the
chloroplast DNA (cpDNA) encoded RNA polymerase
rpoB, rpoC1, and rpoC2 favor Tree 2, and the log-
likelihood of Tree 1 is lower than those of Tree 2 by 12.3
± 6.4 (± 1 SE), 2.9 ± 4.5, and 8.5 ± 4.8, respectively, for
the JTT-F model with the discreteG-distribution. Table 1
also shows the results of the ML analyses for the 42
proteins excluding these subunits. These analyses again
support Tree 1, although the BPs for Tree 1 are a little bit
lower than they were with 45 proteins, and the BP of
Tree 4 is increased.

Naylor and Brown (1997) have recently diagnosed
amino acids which frequently substitute as the major
cause of erroneous tree estimation when using mtDNA.
Therefore, we carried out AAML analysis after convert-
ing all valines, leucines, and methionines into isoleucines
and all lysines into arginines, but we did not obtain sig-
nificant differences from the analysis of the original data
(log-likelihood differencesD ln L of Trees 2, 3, and 4
from Tree 1 were −86.3 ± 21.3, −10.4 ± 16.5, and −26.8
± 14.1 for the 45 proteins).

Our site stripping analysis was like that in Waddell et
al. (1999) and involved removing all amino acid posi-
tions showing any change within the monophyletic group
of Euglena/land plants. This leaves 5,397 and 4,687 sites
for the 45 and 42 proteins, respectively, these generally
being an unbiased set of the slowest evolving sites,
which are expected to be most robust to misspecification
of the ML model (assuming relative rates of sites are
similar across the tree). The site stripping ML results
again favor Tree 1, exclude Tree 2, and leave Trees 3 and
4 with low levels of support. Interestingly, while the
support of Tree 1 decreases for the 42 protein-data rela-
tive to the 45 protein-data in the conventional analyses,
the support of Tree 1 increases for the 42-protein-data
after site stripping analysis. No such increase in the sup-
port of Tree 4 was observed.

Fig. 1. Candidate plastid phylogenies discussed in this paper (with
Synechocystisas an outgroup).
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Biased AA Composition and LogDet

Using the pairwise test of Waddell et al. (1999) (see also
Penny et al. 1999), the amino acid composition is seen to
vary significantly between lineages (Table 2), thus vio-
lating the stationarity assumption in the ML models used
above. This in turn may cause inconsistency of tree
estimation (Lockhart et al. 1994; Swofford 1996). In
particular, Euglena deviates most strongly from other
genomes studied here at the level of amino acid compo-
sition.

AA LogDet distances (Penny et al. 1999; Waddell et
al. 1999) take into account variation of amino acid com-
position across lineages, when sites evolve uniformly.
Their use, combined with NJ, groups the diatom with the
Euglena/chlorophyte group (Tree 2) with a BP of 77%
for the 45 protein concatenation. The proportion of in-
variant sites estimated by a monophyletic group capture-
recapture method (Waddell et al. 1999) was 3,926 out of
9,957 (39.4%). The monophyletic group identified for
this method was theEuglena/chlorophyte group, which
is diverse but not contentious. These inferred invariant
sites were then excluded in proportion to the amino acid
frequency of the constant sites (Waddell 1995). Analysis
of this data set with AA LogDet distances (or the pinv-
AA LogDet, e.g., Waddell 1995) favors both the rhodo-
phyte/diatom grouping andCyanophoraas sister to the
chloroplast sequences (Tree 1) at 55% BP. Thus, with the
more appropriate distances, the NJ analyses are in agree-
ment with the ML analyses.

Next, when the threerpo proteins are excluded from
the analysis, the rhodophyte/diatom grouping is sup-
ported with 100% BP by pinv-AA LogDet, and Tree 2
was not recovered in 1,000 bootstrap replications. Al-
though Tree 1 is the NJ tree in this second analysis, the
BP for the sister-group relationship ofCyanophorato all
other plastids (with the cyanobacteria as an outgroup) is
only 30.7%, so Tree 1 is not discriminated from Trees 3
and 4.

We also carried out ML analyses of the data sets when

the sequence with the most different AA composition,
Euglena,was excluded (Table 3). While there is no guar-
antee that the unequal AA composition of the other se-
quences is not still causing a problem, this approach is an
interesting check. In this case, the support for Tree 1
decreased slightly compared to the values shown in
Table 1 (except after site stripping of the 45 proteins),
and Tree 2 was rejected even more strongly.

Tree 2 Is Quite Unlikely

To make this point clearly, we need to correct an error in
a previous paper. In study of Martin et al. (1998), it was
reported that Tree 1 was supported by ML analyses of a
11,039-site data (including gapped sites) from the same
45 proteins as studied here, while Trees 2, 3, and 4 were
not excluded. It was also claimed that NJ with both Day-
hoff (NJ-D) and Kimura (NJ-K) distance estimates, as
well as parsimony (MP), gave Tree 1 100% bootstrap
support. However, rechecking the results and data re-
vealed that the NJ-D, NJ-K, and MP results reported in
Martin et al. (1998) actually correspond to a larger data
set of 46 proteins consisting of 11,521 sites, including
therbcL sequences from the same genomes. Correct BPs
with the 11,039-site and 11,521-site data sets using NJ-
D, NJ-K, and MP are shown in Table 4. NJ with the
Dayhoff and Kimura models and MP do detect only Tree
1 for the 11,521-site data set. However, whenrbcL is
removed, these three methods support Tree 2, contrary to
ML but consistent with distance Hadamard analysis us-
ing AA LogDet distances (Lockhart et al. 1999). It seems
that excludingrbcL removes a strong bias from the
11,521-site data that discriminates against Tree 2, due to
shared paralogy of this gene inOdontellaandPorphyra.
Also, support for Tree 1 is restored, using NJ-D, NJ-K,
and MP on the 9,958-site data set, if gapped sites are
excluded.

It was previously shown that Tree 2 is strongly fa-
vored by the threerpo genes,rpoB, rpoC1, andrpoC2

Table 2. G2 statistics of amino acid composition stationarity (for the 9,957 sites)

Species 2 3 4 5 6 7 8 9 10

1 Synechocystis 302.6 165.5 191.8 702.1 322.6 160.5 166.1 178.3 174.8
2 Odontella — 75.5 53.2 182.1 43.4 115.6 141.4 105.0 108.1
3 Porphyra — — 35.9 326.6 89.1 73.2 92.5 75.3 75.4
4 Cyanophora — — — 326.1 63.0 93.0 97.8 71.9 76.9
5 Euglena — — — — 223.0 406.3 430.6 340.5 342.9
6 Marchantia — — — — — 220.9 218.1 133.6 150.6
7 Pinus — — — — — — 33.9 39.7 37.0
8 Nicotiana — — — — — — — 39.7 39.4
9 Zea — — — — — — — — 21.2

10 Oryza — — — — — — — — —

SG2 4 7,363.0,Sdf 4 855. About 40 (19 d.f.) is quite significant, so all pairs of sequences are clearly different in amino acid composition, except
within the last three, which are all higher plants.
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(Martin et al. 1998). Among the proteins common to
these chloroplast genomes, the threerpo’s belong to the
most highly variable family (Goremykin et al. 1997).
Furthermore, due to the presence of numerous internally
gapped regions, therpo-proteins contain many sections
of uncertain alignment. For example, in the 11,039-site
alignment there are a total of 1,082 gapped sites, of
which 877 (81%) are found in the threerpo genes. In the
present paper, gapped sites are excluded from the analy-
ses, and the amount of data remaining, 9957 sites, is still
large. All of the ML analyses of this paper exclude Tree
2, regardless of whether therpo genes are included (45
protein data) or excluded (42 protein data); aG-distribu-
tion of rate heterogeneity across sites was considered or
not; only the highly conservative site strippings were
considered; the JTT-F or cpREV (see below) substitution
matrix is used.

In summary, our phylogentic analyses, both ML and
AA LogDet, cannot exclude Trees 3 and 4, but strongly
discriminate against Tree 2. The highly variablerpo
genes support Tree 2. Apparently, this signal leads to
strong bootstrap support for Tree 2 with simple substi-
tution models, overriding the signal contained in the re-
maining 42 genes. Bootstrap estimates of support can be
susceptible to bias in a model-dependent manner; the
results here suggest that the LogDet and ML models are
less vulnerable to such bias than the Dayhoff and Kimura
distances and MP in the case of this data. Notably, strong
evidence favoring the position ofOdontella in Tree 1
over Tree 2 is found in the chloroplast operon organiza-
tion (McFadden et al. 1997; Leitsch et al. 1999). If this
data is correct, then the results here underscore the im-
portance of realistic substitution models that can cope

with composition bias (Lockhart et al. 1994, 1999; Wad-
dell 1995; Hasegawa and Adachi 1996; Waddell et al.
1999) in use in phylogenetic inference. In all cases, Trees
2 and 3 were also still viable, due to some difficulty in
locating where the outgroup should join the ingroup tree.

The cpREV Model of Amino Acid Substitution

Since we cannot be certain of the correct tree, we esti-
mated transition probability matrices for Trees 1, 2, 3,
and 4, respectively, using the 9,957-sites data. Table 5
(alsowww.evol.ism.ac.jp) gives the transition probabil-
ity matrix estimated assuming Tree 1, which we refer to
as cpREV.

Table 6 shows the result of the ML analysis of the 45
proteins (9,957 sites) with the cpREV matrix. Although
Trees 3 and 4 cannot be excluded, the differences of the
result due to using cpREV are minor. While the concat-
enated analysis of the 45 proteins using cpREV and the
G-distribution gives a maximum lnL of −103,141.2
(Table 6), those by the JTT-F, Dayhoff-F, and mtREV-F
give −103,923.7 (lower by 782.5 ± 45.6 than that by the
cpREV), −104,765.3 (lower by 1,624.1 ± 66.3) and
−105,612.4 (lower by 2,471.1 ± 97.9), respectively.
These values show that the JTT model of nuclear-
encoded proteins approximates the amino acid substitu-
tions of chloroplast-encoded proteins much better than
the mtREV model does. This is probably due to the codes
used in the nuclear and chloroplast systems being the
universal code and quite distinct from that of studied
mitochondria.

We also ran the analyses using the matrices estimated
for Trees 2, 3, and 4, with results shown in Table 7. The

Table 3. Comparison of lnL of trees excludingEuglenawith the JTT-F model of amino acid substitution (concatenated sequences)

All sites Stripped sites

Without G With G Without G With G

45 proteins
(9,957 sites) (7,129 sites)

Tree 1 <−94,154.6> <−91,230.9> <−42,485.7> <−41,726.0>
(0.5073) (0.6048) (0.8330) (0.7444)

Tree 2 −153.8 ± 39.0 −132.1 ± 26.1 −149.5 ± 33.4 −99.1 ± 21.6
(0.0000) (0.0000) (0.0000) (0.0000)

Tree 3 −3.0 ± 27.4 −4.2 ± 16.8 −25.5 ± 22.7 −11.2 ± 13.1
(0.4808) (0.3884) (0.0981) (0.1660)

Tree 4 −38.8 ± 24.4 −25.3 ± 14.1 −25.2 ± 22.6 −14.0 ± 12.6
(0.0119) (0.0068) (0.0689) (0.0896)

42 proteins excludingrpoB, rpoC1, andrpoC2
(7,659 sites) (5,814 sites)

Tree 1 <−65,589.7> <−63,669.9> <−32,373.9> <−31,914.1>
(0.4067) (0.4474) (0.5948) (0.5434)

Tree 2 −269.4 ± 38.4 −188.6 ± 27.9 −211.7 ± 33.4 −138.7 ± 23.6
(0.0000) (0.0000) (0.0000) (0.0000)

Tree 3 −3.6 ± 23.0 −3.7 ± 14.1 −22.2 ± 20.9 −11.0 ± 12.2
(0.2413) (0.2774) (0.0701) (0.0972)

Tree 4 −1.6 ± 22.9 −3.6 ± 14.0 −8.6 ± 22.1 −3.4 ± 13.3
(0.3520) (0.2752) (0.3351) (0.3594)
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results are similar to the previous ones. In particular,
even if the optimal transition matrix for Tree 2 is used,
Tree 2 is again rejected with a high statistical signifi-
cance. This holds also if site heterogeneity is taken into
account. There is only a slight favoritism for selecting
the tree that rate matrix was estimated on. This result
gives us confidence that cpREV will be a useful model,
even if Tree 1 turns out not to be correct. These fairly
mild effects are probably due to the difference between
these trees being a few short internal edges; with more
taxa, and longer edges, a bias due to which tree is as-
sumed when estimating the rate matrix should be
watched out for. For those who are particularly con-
cerned at such effects, we offer a rate matrix that is
assessed over all feasible trees; i.e., a weighted sum of
rate matrices, where the RELL proportion of each fea-
sible tree is used as the weight (we call this cpREV*,
available atwww.evol.ism.ac.jp). In particular, the
weights used were (0.75, 0.13, 0.12) or the RELL boot-
strap proportions from the site-stripped data for the 42
proteins assuming theG-JJT-F model (perhaps the most

realisitic assessment of support for the different trees)
(Table 1).

Note, the average amino acid frequencies for the 45
chloroplast proteins studied here are more similar to
nuclear proteins (compiled by Jones et al. 1992) than to
mitochondrial proteins of vertebrates (mtREV; Adachi
and Hasegawa 1996a), with the exceptions of cysteine
and isoleucine (data not shown). A lower frequency of
cysteine in mitochondrial and chloroplastic proteins rela-
tive to that of nuclear proteins is probably due to many
organelle-encoded proteins being trans-membrane, so the
disulfide bonds common in globular proteins are rela-
tively rare.

Since rbcL sequences were not used in constructing
the cpREV, they can be used to test whether the appli-
cation of cpREV to therbcL data significantly improves
the likelihood over transition matrices estimated using
nuclear and mtDNA encoded genes. To do this, we ex-
amined a data set of 22rbcL sequences from 6 ferns, 2
byophytes, 2 algae, and 11 seed plants, including 3 an-
giosperms, 3 gnetales, 2 conifers, 2 cycads, andGinkgo
(data available via FTP from134.169.70.80/ftp/pub/
incoming/adachi/rbcl.data). We also wished to look at
the effect of cpREV with respect to the branching order
of seed plant groups, since this is currently a highly
debated topic. In particular, the relationship of the gneto-
phytes to the angiosperms is controversial because the
anthophyte hypothesis holds Gnetales to be the sister
group of angiosperms (reviewed in Crane et al. 1995),
although recent molecular data are equivocal on this
view (e.g., Crepet 1998, Doyle 1998), and the latest tend
to reject it (Hansen et al. 1999; Samigullin et al. 1999;
Winter et al. 1999). Specifically, we examined all 105
rooted trees for the five seed plant clades assuming iden-
tical site rates. Then, the best tree among those 105 was
compared using theG-distribution to the best tree that
contained the angiosperm–Gnetales clade. The best tree
contained the branching order (((Gnetales, (conifers,
Ginkgo), cycads), angiosperms), outgroups) with lnL of
−3,364.94 (Dayhoff-F), −3,340.02 (JTT-F), −3,436.10
(mtREV-F), and −3,327.23 (cpREV-F). The best tree
grouping angiosperms and Gnetales as sisters showed
(((Ginkgo,conifers), (cycads, (Gnetales, angiosperms))),
outgroups) (−2.09 ± 7.91 for Dayhoff-F, −2.27 ± 7.45 for
JTT-F, −0.05 ± 7.11 for cpREV-F), although the stan-
dard error ofD ln L was much larger thanD ln L. Thus,
although therbcL amino acid sequences were insuffi-
cient to discriminate between these topologies, cpREV-F
does better fit the data than JTT-F. Interestingly, the rate
matrix cpDNA*-F (ln L 4 −3,326.98) did slightly better
(0.25 lnL units) than cpREV-F. This suggests that esti-
mating a weighted rate matrix using all the feasible trees
may offer advantages in predictive power over estimat-
ing it on the ML tree only.

Last, one might wonder why Trees 3 and 4 cannot be
excluded even using whole chloroplast genomes. To in-

Table 4. Bootstrap support for Tree 1 versus Tree 2

BP (%)

Tree 1 Tree 2

46 proteins
11,521 sites

ML 78.0 0.0
NJ-D 100 0
NJ-K 100 0
MP 100 0

45 proteins
excludingrbcL

11,039 sites
ML 82.4 6.1
NJ-D 3 97
NJ-K 12 88
MP 0 100

Excluding gaps
9,958 sites

ML 83.7 0.2
NJ-D 8 92
NJ-K 18 82
MP 36.5 63.5

42 proteins
excludingrpoB, rpoC1, rpoC2

7,864 sites
ML 68.8 0.0
NJ-D 100 0
NJ-K 100 0
MP 90.5 5.5

Excluding gaps
7,660 sites

ML 74.5 0.0
NJ-D 99 0
NJ-K 98 0
MP 89.5 0

Bootstrap proportions for Tree 1 and Tree 2 with neighbor-joining
using the Kimura (NJ-K) or Dayhoff (NJ-D) or maximum parsimony
(MP). 100 samples were used.
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vestigate further whether the failure in resolving among
Trees 1, 3, and 4 is due to some complexity in substitu-
tion process or whether it might be due simply to the
short interval separating relevant branchings, we carried
out a parametric bootstrap simulation; i.e., 10 data sets of
9,957-site lengths were generated with the site rate ho-
mogeneity and the cpREV matrix, assuming Tree 1 and
the branch lengths estimated by ProtML from the real

data (i.e., concatenated sequences withoutG in Table 6).
These were then analyzed with the same model (Table
8). Only two of the simulated data sets could discrimi-
nate Trees 3 and 4 from Tree 1, suggesting that branch-
ings among the diatom/rhodophyte, theEuglena/
chlorophyte, and theCyanophoralineages might have
occurred within a very short time period, perhaps too
short to permit the accumulation of sufficient phyloge-

Table 5. Transition probability matrixPij(× 106) of the amino acidi being replaced by the amino acidj during a time interval of one substitution
per 100 amino acids (1PAM) for the cpREV model (estimated for Tree 1), and average amino acid frequenciesp of the cpDNA-encoded proteins

Ala Arg Asn Asp Cys Gln Glu Gly His Ile

Ala 990,888 125 180 124 115 115 469 1,061 31 228
Arg 152 991,038 281 32 141 1,265 150 389 335 209
Asn 332 426 985,292 3,108 93 558 995 1,040 656 258
Asp 253 53 3,435 989,791 2 294 3,459 689 156 17
Cys 965 968 419 8 989,592 8 11 484 207 432
Gln 228 2,059 600 286 2 987,841 2,926 214 593 142
Glu 717 188 824 2,590 2 2,255 988,094 605 77 228
Gly 958 288 508 305 52 97 357 995,946 9 62
His 96 845 1,091 235 76 919 154 31 994,224 44
Ile 214 161 131 7 48 67 140 64 13 986,820
Leu 284 240 89 7 68 207 78 32 31 2,667
Lys 342 5,255 1,878 294 9 2,389 2,459 421 144 528
Met 267 148 48 33 27 146 107 33 4 2,707
Phe 99 63 76 16 125 8 136 40 60 698
Pro 706 104 136 120 49 235 175 46 71 180
Ser 3,491 456 1,614 416 400 287 535 1,100 142 332
Thr 1,924 372 1,081 189 99 176 349 149 15 1,589
Trp 21 271 31 12 75 38 59 130 32 65
Tyr 82 381 586 199 252 284 135 17 922 138
Val 1,387 110 65 52 101 40 188 145 11 7,299
p 0.0756 0.0621 0.0410 0.0371 0.0091 0.0382 0.0495 0.0838 0.0246 0.0806

Table 6. Comparison of lnL of trees for the 45 proteins with the cpREV model of amino acid substitution

Without G With G

Concatenated Separate Concatenated Separate

Tree 1 <−106,507.1> <−100,731.2> <−103,141.2> <−100,244.8>
(0.9355) (0.8432) (0.8996) (0.9243)

Tree 2 −106.0 ± 37.1 −165.0 ± 38.0 −113.1 ± 27.4 −163.1 ± 36.3
(0.0025) (0.0000) (0.0000) (0.0000)

Tree 3 −42.1 ± 27.9 −28.4 ± 30.8 −24.1 ± 18.2 −38.3 ± 31.0
(0.0619) (0.0764) (0.0972) (0.0328)

Tree 4 −77.4 ± 24.9 −38.3 ± 27.3 −39.2 ± 16.4 −35.8 ± 29.9
(0.0001) (0.0804) (0.0032) (0.0429)

Table 7. Analyses of the concatenated sequences with transition matrices estimated for the respective trees (with the site homogeneity)

Matrix for

Respective treesTree 1 Tree 2 Tree 3 Tree 4

Tree 1 <−106,507.1> <−106,511.2> <−106,509.4> <−106,509.4> <−106,507.1>
(0.9355) (0.9354) (0.9142) (0.9242) (0.9261)

Tree 2 −106.0 ± 37.1 −97.9 ± 36.9 −106.6 ± 37.1 −107.1 ± 37.1 −102.0 ± 36.9
(0.0025) (0.0044) (0.0023) (0.0022) (0.0036)

Tree 3 −42.1 ± 27.9 −42.6 ± 27.9 −37.6 ± 27.8 −39.1 ± 27.6 −39.9 ± 27.8
(0.0619) (0.0601) (0.0833) (0.0732) (0.0701)

Tree 4 −77.4 ± 24.9 −78.3 ± 24.9 −74.4 ± 24.6 −72.9 ± 24.7 −75.2 ± 24.8
(0.0001) (0.0001) (0.0002) (0.0004) (0.0002)
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netic resolution from the standpoint of the available data.
If so, why an apparent change in operon structure might
have occurred in this time is unclear.

Discussion

The cpREV substitution matrix presented here appears to
better approximate the frequencies of amino acid transi-
tions in chloroplast protein data, although the difference
to the JTT-F model is not as great as in the case of the
mtREV matrix for mitochondrial proteins, where a very
significant increase of likelihood is obtained (Adachi and
Hasegawa 1996a), probably due to the identity of nuclear
and chloroplast genetic codes. Tree 1, used to estimate
the cpREV matrix, seems quite robust from the stand-
point of the variations of analysis investigated here.

When nonstationarity of amino acid or nucleotide
composition is expected, a number of different tests are
possible. The traditional “Block” test (e.g., in PAUP*,
Swofford 1999) is incorrect, partly because it includes
both invariant and by chance unvaried sites (Waddell
1995, Waddell et al. 1999). In its place may be used the
pairwise tests of Waddell et al. (1999) and Penny et al.
(1999). Their use here clearly showed that all pairs of
species were significantly different except those of the
higher plants, which here can only mean considerable
nonstationarity. This result is very similar to that ob-
tained for mammalian mtDNA (Waddell et al. 1999;
Penny et al. 1999), suggesting that the use of the Block
test has generally been hiding significant nonstationarity
from biologists. The generalized least squares (GLS) test
is a more formally correct test for a set of taxa (Rzhetsky
and Nei 1995), but it would be computationally very

expensive for this data, is unavailable as far as we are
aware, and would not immediately identify which taxa
were different to which others. For the loss of statistical
power relative to the GLS test, the pairwise test allows
the user to get a good feeling for the structure of non-
stationarity in their data.

All ML analyses reported here favor Tree 1. This is
true (1) for ProtML in concatenate and separate analyses,
(2) using the JTT-F or the cpREV model, (3) taking
between-site variation of the substitution rate into ac-
count assuming a gamma site rate distribution, (4) taking
into account the substitution patterns of highly variable
amino acids (Naylor and Brown 1997), (5) excluding or
including Euglena(which has a highly aberrant amino
acid composition), (6) excluding highly variable posi-
tions by site-stripping (Waddell et al. 1999), and (7)
excluding the highly variablerpo proteins. The NJ analy-
ses using the LogDet model for estimating distances,
which takes biases in the data into account, also support
Tree 1. Tree 1 is furthermore supported by independent
data from the comparison of chloroplast operon organi-
zation (Leitsch et al. 1999).

Despite this, the data still do not permit us to fully
exclude Tree 3 and Tree 4. Given the amount of data
analyzed here and the difficulties that we have encoun-
tered in statistically discriminating Tree 1 from Tree 3
and Tree 4, it seems that even more data is necessary to
completely resolve this topology and, by inference, simi-
larly deep branching patterns in early evolution. For plas-
tid genomes, there is not very much more molecular data
available (Martin et al. 1998). IfEuglenawere to be
entirely excluded, nine more proteins are common to the
remaining taxa could be included in the data:ccsA(353),
petA(320),petD (160),petL (31), rpl33 (65),psaI (36),

Table 5. Extended

Leu Lys Met Phe Pro Ser Thr Trp Tyr Val

380 227 78 66 402 2,871 1,381 5 33 1,211
391 4,265 52 51 72 457 326 79 188 117
219 2,310 26 94 143 2,450 1,433 13 439 105
20 400 19 22 140 699 277 6 164 94

762 50 67 699 235 2,742 597 150 854 741
550 3,155 84 10 265 469 251 18 228 69
159 2,503 47 139 153 673 383 21 83 251
39 253 8 24 24 816 96 28 6 115

128 296 4 123 125 360 35 23 1,150 31
3,346 330 740 438 96 257 1,071 14 52 5,981

992,087 209 566 1,219 180 609 163 55 111 1,089
420 983,023 81 70 248 1,024 945 3 145 312

2,597 185 991,752 316 82 112 665 29 126 604
2,436 69 137 993,319 36 575 154 161 1,381 400

423 289 42 42 995,456 1418 270 17 57 154
989 829 39 467 983 985,156 2,209 25 304 213
304 876 270 143 214 2,531 988,702 10 42 955
306 10 36 451 40 86 30 998,082 202 13
367 238 90 2,278 80 617 75 119 992,982 149

1,668 238 201 307 101 201 785 3 69 987,018
0.1011 0.0504 0.0220 0.0506 0.0431 0.0622 0.0543 0.0181 0.0307 0.0660

356



rpoA (311), ycf3 (173), andycf6 (29), providing about
1,478 total additional amino acid sites (roughly 15%
more). Another tact might be tracing chloroplast genes
that have moved to the nucleus with care to discriminate
whether their phylogeny is homologous with that of the
common chloroplast genes or not. This could allow
nearly all the genes found in all these chloroplasts to be
used.

The cpREV substitution matrix should be a useful tool
for analysis of data from protein-coding regions of chlo-
roplast DNA because it serves the purpose of providing
more realistic models of amino acid substitution for chlo-
roplast-encoded proteins. Even with very large amounts
of data and using a number of reasonably sophisticated
models, the problem of resolving the relatively deep
branches of plastid phylogeny is surprisingly severe.
This suggests that resolving even deeper branches of
phylogeny with molecular data presents a formidable
task that will require realistic models of sequence evo-
lution, information from many genes, and (ideally)
supplemental independent data like gene order.
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