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Phylogenetic hypotheses generated from seven Drosophila mitochondrial genomes
support a well-corroborated genealogy with a single evolutionary history. These
mitochondrial data form a model system for investigating the eÆciency of genes and
accuracy of di�erent tree-building methods in recovering a well-supported geneal-
ogy. We consider 15 genes (13 protein-coding and 2 rRNAs) and 83 tree-building
methods (27 distance, 4 parsimony, 50 maximum likelihood, and 2 Bayesian).
Among the 15 genes examined, ND4 recovered the true genealogy most eÆciently
(82 out of 83 methods). Generally, maximum likelihood models enforcing a clock
most accurately reclaim the true genealogy. Surprisingly, however, this method
fails to recover the well-supported topology for more than half of the genes. Addi-
tional studies are required to test the generality of the results presented here.

1 Introduction

In this study, we compare the robustness of distinct genes and of di�erent
tree-building methods in resolving a well-corroborated genealogy. We also aim
to provide a set of standard methods for analyzing whole genomes, and to
provide a data set for benchmarking new methods or methods we do not ex-
amine. We do not attempt to optimize the search algorithm for each gene in
this study. However, we acknowledge that systematists have di�erent philo-
sophical approaches to analyzing data and constructing topologies. Here, we
treat all methods equally without taking into consideration the statistical and
philosophical di�erences that these methods imply (see Swo�ord et al. 1 for a
comprehensive treatment).

New phylogenetic methods and models may be �rst examined through sim-
ulation analysis in the four taxon case2; 3, followed by tests with simulated data
for multiple taxa 4. These methods should then be tested with experimentally
derived data sets from closely related taxa so as to minimize the potentially
confounding problem of multiple substitutions on any given branch. Ideally,
there should be no recombination among these sequences so that a single tree
topology accurately depicts the genealogy of linked genes. In this study, we
use the complete mitochondrial genomes of seven closely-relatedDrosophila 5; 6
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Figure 1: The whole mitochondrial genome data set recovered this topology regardless of
the method/model. MP with equal weighting supports each node with greater than 95% of
bootstrap pseudoreplicates. Thus, we assume that this is the known genealogy.

to examine the accuracy of a number of di�erent methods. We assume this is
the true/known mitochondrial genealogy but we do not claim this re
ects the
phylogenetic relations of these taxa.

The Drosophila mitochondrial genome contains 22 tRNAs, 13 protein-
coding genes and two rRNAs, with whole genome nucleotide divergence rang-
ing from 1.12% to 6.43%. There is no evidence of recombination and the
mitochondrial genome is inherited as a single completely linked molecule 5.
These features simplify our analysis, providing us with a single genealogy for
the molecule.

In this study, we investigate the reliability of all protein-coding genes, both
rRNAs, and 83 di�erent phylogenetic methods in recovering the mitochondrial
genealogy of this group of organisms (Fig. 1). All methods and models included
in this study recovered the same topology when the complete data set was
employed. However, distinct selective pressures are acting on the mitochondrial
and autosomal genes of D. simulans 7, so we do not have an independent
method of corroborating this genealogy.

2 Materials and Methods

2.1 Organisms and Sequence Data

We used the complete mitochondrial genomes from seven isofemale lines of
Drosophila. The D. melanogaster subgroup consists of six major mitochon-
drial lineages, of which we used D. melanogaster Oregon R (AF200828), D.
sechellia (AF200832), D. mauritiana maII (AF200830), and D. simulans siI,
-II, and -III (AF200834, AF200841, AF200852, respectively) 5. We included
a representative of each D. simulans haplotype because they are not mono-



phyletic with regard to D. sechellia 8. We did not include the D. mauritiana
maI haplotype as it di�ers by a single substitution from D. simulans siIII and
is likely the result of introgression 8. D. yakuba (NC001322) is the outgroup of
the D. melanogaster subgroup 6.

We followed the alignment of Ballard 5, deleting 76bp from the 15,034
bp sequence. The region between 5,535-5,584 forms the majority of an inter-
vening sequence between COIII and the glycine tRNA. The region between
positions 6,022-6,047 forms an intervening sequence between ND3 and the ala-
nine tRNA 7. We imported the aligned sequences into DnaSP 3.14 9 to de�ne
the protein-coding regions, rRNAs and intervening sequences.

For each protein-coding gene we exclude start and stop codons. Further-
more, the Atp8 gene is shortened by one codon so that it does not overlap
with Atp6; this codon is invariant in all taxa included in this study. The D.
melanogaster ND5 locus has a single amino acid deletion. An additional 41
insertion/deletion events were parsimoniously scored to minimize the number
of events, placing this information into a stepmatrix at the end of the data set
(characters 15036-15078).

2.2 Phylogenetic Methods

We examined 83 nucleotide substitution models. We tested UPGMA, neighbor-
joining 10(NJ), minimum evolution 4 (ME), with negative branches allowed for
the ME tests, using nine basic distance models: p distances, Jukes-Cantor 11

(JC) and JC +�, the gamma shape parameter (denoted hereafter as g); Ki-
mura's two-parameter12 (K2P) and K2P+g; HKY13 and HKY+g; Generalized
Time Reversible 14; 15 (GTR) and GTR+g. For these analyses, we used the
method of Gu and Zhang 16, as implemented in GAMMA, to estimate the
gamma shape parameter.

We examined four parsimony (MP) methods: equally weighted, and three
non-equal weighting schemes (transition/transversion ratios of 1:2, 1:4 and
1:8).

We tested 25 maximum likelihood (ML) models with and without enforcing
the molecular clock (for a total of 50 ML models). We initially tested �ve basic
ML models [JC, F81 17, K2P, HKY, and GTR] with equal rates. We then
tested each of these models with gamma-distributed variable sites (g), with
the proportion of variable sites estimated by likelihood (I), both gamma shape
and the proportion of variable sites estimated (g+I), and site-speci�c rates for
protein-coding loci (g+I+codons). Each codon position was allowed to have a
di�erent substitution rate for models with site-speci�c rates. When the clock
was not enforced, we estimated the gamma shape parameter following a NJ



Log-Det search.

We implemented all distance, parsimony, and ML methods in a series of
scripts for use with PAUP* 18. For ME, MP and ML, we used an exhaustive
search method to explore tree space. When more than one equally parsimo-
nious tree was found, a strict consensus tree was constructed. These scripts
and the complete aligned data set are available at http://cb.fmnh.org/.

Because of recent developments in the application of the Bayesian approach
to phylogenetic inference 19, we included this type of analysis for comparison
to more traditional methods. We used the most general Bayesian tree esti-
mation program available, BAMBE 2.02b 19, following the procedure on the
BAMBE web site 20 for parameter tuning. Inference runs consisted of 5,000
burn-in cycles, with 500,000 inference cycles, using the HKY model enforcing
a clock (UPGMA search for the initial tree). We repeated the analysis without
enforcing the clock assumption, using NJ to determine the initial tree. On the
resulting genealogies, we collapsed nodes with a posterior probability less than
50%, then used the collapsed topology for subsequent analyses.

2.3 Accuracy of the Topology

To evaluate the accuracy of the topology obtained from each gene, we calcu-
lated the topological distance between each genealogy to that derived from
the complete mitochondrial genome. This distance (dT) is based on the work
by Robinson and Foulds 21 and Penny and Hendy 22. Another possible tree
comparison method uses the agreement metric 23.

dT re
ects the number of internal branches present in one tree but not in
the other. In our data set, dT ranges from 0 to 8, with 0 re
ecting identical
topologies. The maximum score of dT is 8 because the known topology contains
four internal branches. While we can calculate dT easily, we must exercise
caution interpreting the results of those calculations: dT only indicates how
many branches di�er between the topologies in the comparison, not which
branches di�er.

To facilitate the comparison of methods, we compare unrooted trees. This
comparison does not consider the position of the root. Thus, a method may
generate a topologically correct tree but place the root on an incorrect branch.
When a phylogenetic method produced multiple topologies, we compared the
consensus topology to the known genealogy; we could instead have conducted
a pairwise comparison, and then taken the average of these multiple dT calcu-
lations.

To determine the most accurate method, we devised a ranking scheme
based on the topological distance measure. For each method, we counted



the number of genes for which a given model returned the correct topology
(nc); this value monotonically increases with increasing levels of accuracy. For
each model, we summed together all the dT values for all genes (sum of dT);
this sum monotonically decreases with increasing levels of accuracy. For each
method, then, the best model will be one that returns the correct topology
most often (highest nc) and, when it does not, it recovers topologies that are
at least close to the known genealogy (small sum of dT). For models that have
the same value of nc and sum of dT, the simpler model with fewer parameters
is preferable. Note that there is more than one way to arrive at a particular
combination of nc and sum of dT, so this ranking method is not perfect.

To rank the genes from most eÆcient (\good") to least eÆcient (\poor"),
we followed a similar strategy. For each gene, we counted the number of
methods/models for which the known topology was successfully recovered (nc-
gene). \Good" genes will have a higher nc-gene than \poor" ones. For each
gene, we also summed the dT values across all methods/models to determine
the sum of dT for each gene. As with the methods/models, this sum will
be lower for \good" genes than for \poor" ones. From an empirical point
of view, one might want to minimize the sequencing e�ort, so we then ranked
according to gene length. Combining all criteria for genes, \good" genes will be
characterized by a high nc-gene, a low sum of dT across all methods/models,
and small gene length.

3 Results

We rank genes from most eÆcient to least eÆcient (Fig. 2). ND4 outper-
formed all other genes, recovering the correct topology for almost 99% of
methods/models. Equally weighted parsimony was the only case for which
ND4 failed to recover the correct topology. For more than 80% of meth-
ods/models, ND3 and lrRNA recovered the known genealogy. Atp6, Atp8,
cytochrome b and ND6 never recovered the correct topology. Two genes (COI,
ND5) out of the three longest (see Table 1 for lengths) performed poorly.

In phylogenetic studies, longer genes are expected to perform better than
shorter genes24; 25; 26. In our study, there lacks a strong correlation between the
frequency with which a particular gene recovers the known genealogy (% nc-
gene) and gene length (Fig. 3). Based on previous studies 24; 25, we were
surprised by the performance of three genes: ND5, ND3 and cytochrome b.
Generally, ND5 and cytochrome b are expected to perform reasonably well as
they are the longer genes in the mitochondrial genome. In contrast, ND3, a
short gene, has not been identi�ed as a \good" gene.

Table 1 shows the topological distances for the most accurate models for
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Figure 2: EÆciency of genes in recovering the well-supported topology. Cytb: cytochrome
b.
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Figure 3: Relationship between % nc-gene and gene length. With all genes, r2 = 0:13. When
we exclude ND5, ND3 and cytochrome b, r2 = 0:65. We detected a similar pattern between
%nc-gene and the number of variable sites per gene (data not shown). Cytb: cytochrome b



each method. The nc values range from 5 to 7, indicating that no method/model
combination recovered the known topology combination recovered the known
topology for more than 50% of the genes. The sum of dT range from 18 to 32.
ML and Bayesianmodels with clock enforced outperformmodels without clock.
Of these highest scoring methods, ML with clock (HKY+I) had the smallest
sum of dT, making it the best method overall. ME and NJ performed better
than UPGMA. Furthermore, in ME and NJ methods, models with the least
number of parameters (e.g., p) performed as well as models with the greatest
number of parameters (e.g., GTR). Unequally weighted MP performed better
than MP with equal weights.

4 Discussion

One of our primary goals was to investigate the phylogenetic eÆciency of mi-
tochondrial genes in a closely-related group of species, and to compare our
results with other studies conducted with distantly related taxa 24; 25; 26. The
generality of the results presented here needs to be tested in other species
assemblages.

Overall, ND4 performed well in this study and in previous studies inves-
tigating the performance of mitochondrial protein-coding genes in vertebrate
taxa 24; 25. On the contrary, ND5 and cytochrome b were not accurate in our
study, but recovered the hypothesized vertebrate tree 24; 25. All previous stud-
ies that considered the eÆciency of mitochondrial genes suggest that the length
of the molecular marker is crucial to ensure that the correct topology is recov-
ered. In our study, gene length is not an important factor in recovering the
known topology. In fact, ND5, our longest gene, recovered the correct topol-
ogy for fewer than 30% of the methods/models while ND3, our third shortest
gene, was over 80% eÆcient. Though gene length is not a signi�cant factor in
our data set (Fig. 3), it is clear that sequence length is important because the
whole genome data consistently recovers the well-supported topology.

Given its length and its performance in past studies24; 25, we expected ND5
to recover the known genealogy. This was not the case. For this gene only,
distance methods consistently outperform ML and MP. Furthermore, ND5
recovers the known topology only for distance methods without the gamma
shape parameter (see �gs. 2 and 3). Two regions of this gene have some
degree of rate heterogeneity 5, a possible cause of its inconsistent performance.
It is also possible that these regions of heterogeneity correspond to unique
structural features that play a major role in protein function. Recent work
suggests that protein structure may be an important feature to consider in
new methods of phylogenetic analysis 27; 28; 29.



Table 1: Topological distances from the highest ranking models for each method.

Method UPGMA MP ME NJ
ML
NC

Bay
C

ML
C

Sum
dT

Gene
Len.

Wt. or
Model

p
a JCb 1

4

c 1

8

c
p
d

p
e JCf HKY

HKY
+ I

nc-

gene
(gene) (bp)

Genes

ND4 0 0 0 0 0 0 0 0 0 82 1 1335

ND3 0 0 0 0 0 0 0 0 0 73 16 348

ND2 4 4 0 0 0 0 0 0 0 65 54 1020

lrRNA 2 2 0 0 0 0 0 0 0 64 18 1331

COI 0 0 0 0 2 2 0 0 0 53 72 1533

COIII 2 2 2 4 2 2 4 1 0 25 173 783

srRNA 2 2 2 2 0 0 2 0 2 22 104 795

ND5 0 0 3 3 0 0 2 0 2 20 160 1713

ND4l 4 6 1 1 2 2 0 1 0 20 203 285

ND1 4 4 2 2 2 2 0 2 2 14 228 933

COII 0 0 4 4 4 4 4 3 1 9 285 681

Cytb 2 2 4 4 2 2 4 2 2 0 264 1131

Atp8 6 4 3 3 4 4 3 4 4 0 361 153

ND6 4 4 3 1 4 4 6 3 3 0 381 519

Atp6 2 2 4 4 4 4 6 3 2 0 395 669

Sum dT
(method)

32 32 28 28 26 26 31 19 18

nc 5 5 5 5 6 6 7 7 7

The maximum value of nc is 15; the maximum value of nc-gene is 83. Abbrevia-

tions: Wt. - Weighting Scheme; Bay. - Bayesian; C - with clock; NC - without clock;

Len. - Length. Superscripts: aUPGMA: identical results with HKY, GTR; bUPGMA:

also with JC+g; cRatio of transitions to transversions; dME: also JC, K2P, HKY, GTR;
eNJ: also K2P, HKY, GTR; fML (NC): also JC+g, JC+I. nc-gene is calculated from all

83 methods/models. Genes ranked from most eÆcient (top) to least eÆcient (bottom).

Methods/models ranked from least accurate (left) to most accurate (right). Note: See

methods section for details on ranking.



Cytochrome b also performed poorly (Figs. 2 and 3). It is possible that
distinct regions of the gene may be subject to high levels of homoplasy. Muta-
tional and evolutionary studies of the cytochrome b gene have facilitated the
development of a structure/function model and the identi�cation of the sites
of electron transfer and inhibitor action 30; 31; 32. Ballard and Kreitman 33

considered the synonymous and nonsynonymous changes within and between
Drosophila species among �ve internal, eight transmembrane and four exter-
nal regions. They hypothesized that changes should be randomly distributed if
there are no selective constraints, or if constraints are the same for all regions.
In that study there was no evidence for heterogeneity of nonsynonymous or
synonymous changes among regions or species. In our study there is also no ev-
idence for distinct patterns of substitution in the three regions of cytochrome b
(G2

2
= 0:35, p = 0:91; 9 homoplastic changes and 6 non-homoplastic parsimony

informative positions in the internal region, 12/6 in the transmembrane region,
and 11/7 in the external region). Future work may include a tree-independent
analysis on the phylogenetic signal in this gene 34.

Short genes generally are not expected to perform well in phylogenetic
studies because they have a limited amount of phylogenetic signal 25. Sur-
prisingly, the third shortest gene in our dataset (ND3) recovered the correct
topology for over 80% of the methods/models. At this moment, we cannot dis-
tinguish if this result arises from stochastic e�ects, from functional constraints,
or some other undetermined process.

We also wanted to compare the accuracy of di�erent tree-building algo-
rithms in recovering the mitochondrial genealogy of this group of organisms.
The various phylogenetic methods performed very di�erently in their ability to
recover the known genealogy. ML with a clock enforced (HKY+I) was the best
overall method/model. However, even this method fails to recover the well-
supported topology for more than half of the genes. This result suggests that
there is something inherently di�erent about the evolutionary constraints on
these Drosophila genes that cannot be explained or modeled by phylogenetic
methods/models used in this study.

ML models with few parameters (e.g., p, JC) performed as well as more
complex models (e.g., GTR). It is possible, however, that the simpler mod-
els are wrong because, as Yang 37 points out, simple (but wrong) models can
recover the topology generated by a more complex model. In some cases, how-
ever, more complex models, particularly those using site-speci�c rates (i.e.,
g+I+codons), performed poorly in comparison to other variations of the mod-
els (e.g., gamma shape parameter,g; proportion of variable sites, I; and both
g+I). Ideally, one should attempt to objectively identify the best model for
a given data set. We are currently investigating whether the \best" model,



as determined by the log likelihood ratio test 36 and the Akaike Information
Criterion (AIC) 38, recovers the known genealogy.

For MP, we found that unequal weighting schemes are necessary to re-
cover the correct topoogy. However, we found only few di�erences among the
di�erent weighting schemes, suggesting that any one of these unequal weight-
ing schemes might be appropriate. In studies with simulated data, Hillis et
al. 3 and Nei et al. 39 found that unequally weighted MP performed much bet-
ter than equally weighted MP. However, with their vertebrate mitochondrial
sequence data, Russo et al. 24 found little di�erence between unequally and
equally weighted MP. When this algorithm and these weighting schemes are
applied to experimental data, the di�erence in the ability to recover the known
topology does not appear to be large.

We expected comparable performance between ME and NJ 4; in fact, we
found that the best models for ME and NJ resulted in identical topological
distances. As in the Russo et al. 24 study, these models fail to improve when
we include the gamma shape parameter. In particular GTR+g was the worst
model for all distance methods, suggesting that overparameterization for these
methods will lead to an incorrect topology. We were not surprised to observe
that UPGMA performed poorly 2; 3.

4.1 Future Directions

These results form the preliminary stage of this investigation. We intend to
use Monte Carlo simulations to further investigate the surprising performances
of ND3, ND5, and cytochrome b. If the ability of genes to recover the known
phylogeny di�ers by chance, then we may be detecting a gene-by-organism
interaction. By using closely related organisms in other groups, we may be able
to determine if this interaction is restricted to the D. melanogaster subgroup.
Alternatively, if the performance of these genes do not di�er by chance, then
the di�erences likely arise because of stochastic e�ects.

As more Drosophila mitochondrial genomes become sequenced, we intend
to include new taxa so that our data set might include both closely- and
distantly-related species. Since some genes have been demonstrated to be
appropriate for distantly-related taxa (e.g., ND5 24), but not for these closely-
related taxa, we would like to see if these trends hold in an expanded data set
within Drosophila.

While the nodes in the known genealogy are well-supported at the 95%
con�dence level using equally weighted MP analysis, we have yet to address the
robustness of the internal nodes for all methods under consideration. As a �rst
attempt to assess nodal support, we will apply Felsenstein's traditional non-



parametric bootstrap method 40 to all methods/models in our study. Given
that we are con�dent that the known genealogy is correct, it is also appropriate
to use the computationally intensive parametric bootstrap approach 41. We
expect that, for many of the methods used here, even the best topologies
should show less than 100% bootstrap support on internal nodes.
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