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Abstract. Phylogenetic reconstruction is one of the fundamental problems in computational biology. The combinatorial explosion of the state space and the complexity of mathematical models impose practical limits on workable problem sizes.
In this article we explore the scalability of popular algorithms under real datasets
as problem dimensions grow. We furthermore develop an efficient preclassification
and partitioning strategy based on guide trees, which are used to intently define an
evolutionary hierarchy of groups of related data, and to determine membership of
individual data to their corresponding subproblems. Finally, we apply this method to
efficiently calculate exhaustive phylogenies of human mitochondrial DNA according to phylogeographic criteria.

1 Motivation
The organization of living organisms (extant or not) into a “tree of life”, as conceived
by Darwin, is the purpose of the modern discipline of phylogenetics [4]. Continuous
advances in sequencing technologies have supported an exponential growth in publicly available biological sequences over the last quarter century. This abundance
offers extraordinary potential to shed light into the inner workings of evolution.
Phylogenetic techniques infer trees, or generalizations thereof, from multiple sequence alignments according to a certain optimality criterion. This mathematical
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scoring scheme acts as a computational surrogate of the true biological objective: to
recover the true evolutionary relationships between living organisms, as represented
by (usually) aligned, meaningful sequences.
Nevertheless, this is a very challenging problem. Not only are there no efficient
methods to calculate an optimal phylogeny given an alignment and a tree scoring
function, but the preservation of the optimality of a solution while adding new data
to it has been proven to be NP-hard for even the elementary parsimony criterion [3].
Therefore, standard practice depends on heuristic methods, which still remain very
costly.
From an information-rich perspective, the main defect of conventional methods is that they are completely blind, whereas it would be desirable to provide
hints and facts that may constrain and help to simplify problem solution. In this
paper, we resort to evolutionary hypotheses as classifiers and definers of smaller,
simpler subproblems, and illustrate the biological and computational benefits of
such a methodology.

2 Methods
In this section we introduce the working principles of our technique, providing the
experimental grounds for it as well as its theoretical basis. The illustration of the
practice and benefits of this framework is deferred to the next section.

2.1 Stand-Alone Algorithms
There exist many phylogenetic reconstruction methods, but their principal classification regards whether they treat statistical quality evaluation as an additional step or
as part of the process itself [6]. This assessment is of the utmost importance because
of the infeasibility of exact algorithms for even small datasets. Both approaches have
strengths and weaknesses, and thus method selection is a very important choice, not
least due to the very poor scaling of most techniques.
To assess the severity of these decisions, we have evaluated the relative performance and scalability of the main families of methods; our results are summarized
in Fig. 1. Problem dimensions have been chosen to scale up to moderately sized, real
datasets, with which we will deal in Sect. 3. PHYLIP and MrBayes [5, 8] have been
used for traditional and Bayesian methods, respectively, due to their availability and
generality.
All three traditional methods are seen to follow similar trends, though parsimony
is more abrupt in its progression. Generally speaking, more thorough methods incur
in significantly higher costs, quickly becoming impractical. It should be noted that
these times must be multiplied by the desired number of bootstrap samples for the
analysis, which can nevertheless be executed in parallel.
The raw computational needs of Bayesian methods are more difficult to estimate due to their simulational nature, as is their parallelization. Cost ultimately depends on both problem dimensions, number of iterations (and its relation to model
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convergence and stop conditions), and possibly number of processors. For the sake
of measurement we have fixed an appropriate, catch-all number of iterations and
assume approximately linear speed-up for the execution setup [1]. Time growth is
comparable, though steeper and orders of magnitude above likelihood search, which
together with indivisibility make these methods impracticable for large datasets.
Generally speaking, it can be concluded that, since problem complexity is always
superlinear, partitioning offers very significant improvements and allows agile production of cleaner results; therefore, it should be exploited whenever possible. These
gains can be invested in the calculation of a higher degree of statistical support or
the selection of more sophisticated methods and substitution models.
  


  





















































 








   












 







































Fig. 1 Performance and scalability of phylogenetic reconstruction methods along both
problem dimensions: number of sequences s and sequence length l
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2.2 The Supertree Approach
Supertree methods have been conceived to combine, and possibly reconcile, a number of input subtrees according to the underlying relations between them that are
manifested through a set of overlapping taxa, which are used to puzzle the trees
together [10]. This approach is advantageous in that it is ideally cost-effective and
allows comprehensive studies while preserving known results.
If inputs are reasonably structured and compatible, i.e., there are no unsolvable
contradictions between the inferred sets of clades, it is possible to produce exact
solutions in polynomial time [11]. What we develop here is a further simplification
of the compositional burden based on prior structural knowledge about the data.
Our proposal is an extension of the hierarchical classification problem. If a decision tree can be provided that allows simple, recursive categorization of single
sequences and that reflects well-supported phylogenetic knowledge, such a “skeleton tree” can be employed to obtain groups of related sequences, thus splitting the
data into their corresponding subclades. Each of these can be subsequently computed independently and in parallel. In essence, we use supertrees to reduce problem
dimensionality through a classic divide and conquer scheme.
Insofar as we know for certain, or are willing to assume as hypotheses, the relations between the clades defined by the preprocessing hierarchy, composition of
partial results into the final tree is limited to substitution of symbolic “clade nodes”
by their associated subtrees. The substitution skeleton must, however, accommodate all clades as leaves of the tree, transferring internal categories down dummy
leaf branches if needed. The process is straightforward save for this provision.

3 Case Study: Human Mitochondrial DNA
Mitochondrial DNA (mtDNA) is one of the most important evolutionary markers
for phylogenetics due to its remarkable features: absence of effective recombination,
high mutation rate and ease of sequencing, among others. Its prime metabolic roles
also grant it prominence in the study of rare genetic disease [13].
Consequently, comprehensive research on human mtDNA is of great interest,
though the very own wealth of available information deters straightforward, manually supervised trees; we have previously addressed the question in [2] and subsequent work. At present we can effectively perform periodic updates to the human
mitochondrial phylogeny, though as we endeavor to show there is plenty of room
for improvement.

3.1 Structural Properties
For the proposed supertree methods to be applicable, firstly a suitable set of classifiers needs to be identified. In the case of mtDNA, its matrilineal inheritance along
with the migrations that scattered the human species around the world gave rise to
mitochondrial haplogroups: large population groups related by common descent,
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Fig. 2 Phylogeographical history of the major human mitochondrial haplogroups, fitted to
MITOMAP’s tree skeleton. The star marks the root of the tree. Internal clades that were
excluded from the hierarchy are greyed out

to which membership can be ascribed simply by checking a handful of defining
polymorphisms.
These groups spread in an arborescent fashion, not unlike a conventional species
tree, as depicted in Fig. 2. The study of human haplogroups is a well-founded area
of ongoing research with diverse applications [12] and a standard cladistic notation
established in [7]. It is therefore perfectly adequate to our purposes as a recipient of
phylogenetic knowledge.

3.2 Materials and Methods
For the conduction of our experiments we have prepared a curated database of completely sequenced, human mtDNA sequences, partly based on MITOMAP’s query
on GenBank. The aligned sequences (s = 4895, l = 16707) can be assumed to be
homogeneous and show no obvious flaws.
Also from the MITOMAP phylogeny [9] we have selected its “Simplified mtDNA
lineages” as an adequate guide tree that offers a good level of detail for a first classification. Minor corrections have been made regarding haplogroups B (allowing
room for ambiguity in the definition of its distinctive indel) and I (avoiding a reticulation event for which no evidence has been found and promoting it as a direct
descendant of N).
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Recursive classification has been performed to assign each sequence to its related haplogroup; sequences that fail to match exactly one category have been
excluded from the analysis (1.7% of the total, a very small fraction given the
low complexity of the skeleton). Haplogroup subtrees have been computed using distance matrices with neighbor joining clustering and bootstrap sampling, and
Bayesian inference; both under adequate substitution models. Executions have been
distributed across high-performance clusters to exploit the potential parallelism unveiled by our method.

3.3 Results
As a result of the classification we obtain 28 clade subsets with sizes up to s =
583 owing to unequal sequencing of population groups around the globe. Due to
the progression of computation times with s, a handful of prolific groups clearly
dominates total execution times. However, the recursive nature of the tree makes it
possible to easily refine copious nodes by simply identifying and adding children









































Fig. 3 Human mitochondrial haplogroup supertree. Parent haplogroups have been propagated to the top of their subtrees as leaf haplogroups; they are also labels of their associated
clades
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subtrees as required; this has indeed been the case of Bayesian inference of groups
D, H, M and U, due to technical limitations. In fact, although traditional methods
yield satisfactory throughput, Bayesian inference remains only marginally tractable
and on the whole depends on more extensive partitioning.
The improvements derived from preprocessing are very remarkable. As a reference, the cost of computing a single distance matrix for the selected dataset with a
suitable, reasonably complex evolutionary model is approximately 105 sec. By contrast, a single workstation requires the same time to produce reasonably supported
(e.g., 100 bootstrap samples per haplogroup) combined phylogenies under the same
algorithm and model, therefore amounting roughly to a 100-fold increase in performance; additional gains can be achieved by exploiting the larger number of simpler,
less costly tasks.
The phylogenies we obtain are qualitatively better than standard, blind results
in that results are clear, and noise and discordance are confined to individual subproblems, hence bounding their potential effect and improving overall quality and
robustness. One such phylogeny can be seen in Fig. 3.

4 Discussion and Future Work
We have presented an efficient and effective supertree technique that effectively
performs a reduction on s, the costliest dimension of the phylogeny reconstruction
problem, through a divide and conquer approach where the penalties of the split
and merge operations are negligible. As a result, computational load is substantially lowered, known properties are respected by construction, and the number of
completely independent, distributable tasks is increased. These improvements afford more detailed treatment of individual problem instances and feasible resolution
of continuously growing inputs.
We also deem it possible to develop reasonably accurate cost prediction, which,
despite some measure of input dependence and irregularity, may be of great assistance in selecting methods (and models) in accord with available time and resources.
Such estimates may also lead to better scheduling and load balancing in distributed
environments.
It has been stressed that solutions are, as a matter of fact, qualitatively better.
Moreover, we would like to know how prior knowledge may affect quantitative
scores when pitted against atomic methods, as well as the effect and progression
of individual algorithms and substitution models, and pinpoint the sources of error,
including those that might cause incorrect group ascription.
Finally, considering that reliable phylogenetic knowledge is the source of all classification hierarchies, their appraisal merits further attention. The fit of an alignment
and a guide tree, or lack thereof, may evidence a need for (possibly iterative) refinement of one or both parts. Likewise, the capacity to generate restricted datasets and
treat them in finer detail could be used to support (sub)haplogroup identification
while providing feedback and increasing guide tree resolution.
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