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12

RECONSTRUCTING PHYLOGENIES FROM GENE-CONTENT
AND GENE-ORDER DATA

Bernard M.E. Moret, Jijun Tang and Tandy Warnow

Abstract

Gene-order data have been used successfully to reconstgasiellar phyloge-
nies; they offer low error rates, the potential to reachhiartback in time than
through DNA sequences (because genome-level events arelian DNA point
mutations), and immunity from the so-called gene-tree pscies-tree problem
(caused by the fact that the evolutionary history of spegénes is not isomor-
phic to that of the organism as a whole). They have also peovéteep mathemat-
ical and algorithmic results dealing with permutations ahdrtest sequences of
operations on these permutations. Recent developmentsiéngeneralizations to
handle insertions, duplications, and deletions, scalinigige numbers of organ-
isms, and, to a lesser extent, to larger genomes; and th&éyssian approach
to the reconstruction problem. We survey the state-ofatthén using such data
for phylogenetic reconstruction, focusing on recent woykoor group that has
enabled us to handle arbitrary insertions, duplicationd, @eletions of genes, as
well as inversions of gene subsequences. We conclude withdd tesearch ques-
tions (mathematical, algorithmic, and biological) thallweed to be addressed in
order to realize the full potential of this type of data.

12.1 Introduction: Phylogeniesand Phylogenetic Data
12.1.1 Phylogenies

A phylogeny is a reconstruction of the evolutionary histofg collection of organisms.
It usually takes the form of a tree, where modern organiseplaced at the leaves and
edges denote evolutionary relationships. In that settgggcies” correspond to edge-
disjoint paths. Figure 12.1 shows three phylogenetic tieatifferent display formats.

Phylogenies have been and still are inferred from all kirfdtata: from geographic
and ecological, through behavioral, morphological, andallic, to the current data
of choice, namely molecular data [74]. Molecular data haessignificant advantage of
being exact and reproducible, at least within experimesrar, not to mention fairly
easy to obtain. Each nucleotide in a DNA or RNA sequence (@r eadon) is, by itself,
a well defineccharacter whereas morphological data (a flower, a dinosaur bong, etc.
for instance, must first be encoded into characters, witthallattending problems of
interpretation, discretization, etc.
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FiGc. 12.1. Various phylogenetic trees, in different formats

The predominant molecular data have been and continue duesce data: DNA
or RNA nucleotide or codon sequences for a few genes. A pingiigew kind of data
is gene-order data, where the sequence of genes on eachodmmis specified.

Sequence Dataln sequence data, characters are individual positionseistifing and

so can assume one of a few states: 4 states for nucleotid@sstat2s for amino-acids.
Such data evolve througioint mutationsi.e., changes in the state of a character, plus
insertions(includingduplicationg anddeletions Figure 12.2 shows a simple evolution-
ary history, from the ancestral sequence at the root to nmoslEguences at the leaves,
with evolutionary events occurring on each edge. Note thiathistory is incomplete,
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AAGACTT

AAGGCCT TGGACTT

AGGGCAT TAGCCCT AGCACTT

AGGCAT TAGCCCA TAGACTT TGAACTT AGCACAA AGCGCTT

FiGc. 12.2. Evolving sequences down a given tree topology

as it does not detail the events that have taken place alaigestye of the tree. Thus,
while one might reasonably conclude that, in order to rehehgftmost leaf, labeled

AGGCAT, from its parent, labeled AGGGCAT, one should infee tdeletion of one

nucleotide (one of the three G’s in the parent), a more coxgdenario may in fact

have unfolded. If one were to compare the leftmost leaf whth tightmost one, la-

beled AGCGCTT, one could account for the difference with thianges: starting with

AGGCAT, insert a C between the two G’s to obtain AGCGCAT, thautate the penul-

timate A into a T. Yet the tree itself indicates that the cleongcurred in a far more
complex manner: the path between these two leaves in thgaesethrough the series
of sequences

AGGCAT—AGGGCAT—AAGGCCT—AAGACTT —<TGGACTT—AGCACTT—AGCGCTT

and each arrow in this series indicates at least one evohrjaevent.

Preparing sequence data for phylogenetic analysis ingdive following steps:
(i) finding homologougyenes (i.e., genes that have evolved from a common ancestral
gene—and most likely fulfill the same function in each orgamjiacross all organisms;
(ii) retrieving and then aligning the sequences for theseegdtypical genes yield se-
guences of several hundred base pairs) across the entioé @gfanisms, in order to
identify gaps (corresponding to insertions or deletioms) matches or mutations; and
finally (iii) deciding whether to use all available data aterior acombined analysisr
to use each gene separately and ttemoncilethe resulting trees.

Sequence data are by far the most common form of moleculaugad in phyloge-
netic analyses. The main reason is simply availabilitygéaamounts of data are easily
available from databases such as GenBank, along with seastsh(such as BLAST)
and annotations; moreover, the volume of such data grows akponential pace—
indeed, it is outpacing the growth in computer speed (Madest). A second reason is
the widespread availability of analysis tools for such dpsekages such #\UP* [73],
MacClade [37], Mesquite [40], Phylip [18], MEGA [32], MrBayg [28], and TNT [21],
all available either freely or for a modest fee, are in wideag use and have provided
biologists with satisfactory results on many datasetsalBinthe success of these pack-
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ages is due in good part to the fact that sequence evolut®iohg been studied, both
in terms of the biochemistry of nucleotides and of the biaabgmechanisms of change,
so that accepted models of sequence evolution provide anabke framework within
which to define computational optimization problems.

Sequence data do suffer from a number of problems. A fairhomproblem is sim-
ple experimental errors: in the process of sequencing, $@®e pairs are misidentified
(miscalled), currently with a probability on the order of 20A more serious limitation
is the relatively fast pace of mutation in many regions of geeome; combined with
the fact that each position can assume one of only a few vahiegast pace results in
silent changes-changes that are subsequently reversed in the courselafiempleav-
ing no trace in modern organisms. (Using amino-acid seqgndgth 20 possible states
per character, only modestly alleviates this problem.) dnsequence, sequence data
must be selected to fit the problem at hand: very stable regmreconstruct very old
events, highly variable regions to reconstruct very rebéstory, etc. This specialized
nature may cause difficulties when attempting to reconstryphylogeny that includes
both recent and ancient events, since such an attempt waguite mixing variable and
conserved regions in the analysis, triggering the next aost important problem. The
evolution of any given gene (or region of the sequence) netbeidentical to that of
the organism—this is thgene tree vs. species trpeoblem [39, 57]. Thus a combined
analysis, based on the use of all available genes, risksngimto internal contradic-
tions and the loss of resolution, whereas one based on thdiVgenes will typically
yield different trees for the different genes, trees thasitiven be reconciled through a
process known alineage sorting Sequence data also suffer from computational prob-
lems: most prominently, the problem of multiple sequen@mahent is currently only
poorly solved—indeed, most systematists will align segeahata by hand, or at least
edit by hand the alignments proposed by the software. Lepsriantly, at least in a
relative sense, current phylogenetic reconstruction au=stised with sequence data do
not scale well, whether in terms of accuracy or running time.

Gene-Content and Gene-Order Datd’he data here are lists of genes in the order in
which they are placed along one or more chromosomes. Nigdedata are not part
of this picture: instead, each gene along a chromosome rigifiéel by some name, a
name shared with its homologs on other chromosomes (oh#&bmnbatter, on the same
chromosome, in case of gene duplications). The entire geter fiorms asinglechar-
acter, but one that can assume a huge number of states—aagdwom withn genes
presents a character with' 2n! states (the first term is for the strandedness of each
gene and the second for the possible permutations in theingleA typical single
circular chromosome for the chloroplast organelle @uillardia species (taken from
the NCBI database) is shown in Fig. 12.3. A gene order evdlverighinversions
sometimes also called reversals (well documented in chlasb organelles [31, 58]),
and perhaps aldoanspositiongndinverted transpositiongtrongly suspected in mito-
chondria [7,8]); these three operations are illustratdeign 12.4. (Other, more complex
rearrangements may well be possible, particularly in theecd of DNA repair of radi-
ation damage.) These operations do not affect the genertarftthe chromosome.
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39

FiG. 12.5. Evolving gene orders down a given tree topology; ealde is labelled by
the inversions that took place along it

In the case of multiple chromosomes, other operations caoreeplay. One such
operation istranslocation which moves a piece of one chromosome into another—in
effect, it is a transposition between chromosomes. Otheratipns that are applicable
to multiple chromosome evolution inclufigsion which merges two chromosomes into
one, andfission which divides a single chromosome into two. In multichraomal
organisms, colocation of genes on the same chromosonsgnteny is an important
evolutionary attribute and has been used in phylogenetanruction [54, 67, 68]. Fi-
nally, two additional evolutionary events affect both treng content and, indirectly,
the gene ordeiinsertions(includingduplicationg anddeletionsof single genes or se-
guences of genes.

In order to conduct a phylogenetic analysis based on geser-data, we must iden-
tify homologous genes (including duplications) within eaatoss the chromosomes. As
the system under study is much more complex than sequeresendamay also have to
refine the model to fit specific collections of organisms; fstéance, bacteria often have
conservedlustersof genes, obperons—genes that stay together throughout evolution,
but not in any specific order—, while most chloroplast ordl@seexhibit a character-
istic partition of their chromosome into four regions, twwhich are mirror images
of each other (the “inverted repeat” structure). Figuré&Xhows a typical evolutionary
scenario based on inversions alone; compare with Fig. 12.2.

The use of gene-order and gene-content data in phylogerebtastruction is rela-
tively recent and the subject of much current research. 8athpresent several advan-
tages: (i) because the entire genome is studied at once,itheo gene tree vs. species
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Table 12.1 Existing whole-genome data ca. 2003 (approximate values)

Type | Attributes | Numbers
Animal mitochondrig 1 chromosome, 40 genes 250
Plant chloroplast 1 chromosome, 140 genes 100
Bacteria 1-2 chromosomes, 500—4,000 genes 50
Eukaryotes 3-30 chromosomes, 2,000-30,000 genes 10

tree problem; (ii) there is no need for alignment; and (ing rearrangements and
duplications are much rarer events than nucleotide muisifthey are “rare genomic
events” in the sense of Rokas and Holland [61]) and thus enabto trace evolution

farther back than sequence data.

On the other hand, there remain significant challengesnk@seamong them is the
lack of data: mapping a full genome, while easier than secjugrihe full genome, re-
mains much more demanding than sequencing a few genes. Talilgives a rough
idea of the state of affairs around 2003. The bacteria argvatbtsampled: for obvious
reasons, most of the bacteria sequenced to date are huntegeas. The eukaryotes
are the model species chosen in genome projects: humanenfauisfly, worm, mus-
tard plant, yeast, etc.; although their number is quicklgwgng (with several more
mammalian genomes nearing completion), coverage at trebdé detail will probably
never exceed a small fraction of the total number of desdrilsganisms.

This lack of data in turn gives rise to another problem: thieneo good model of
evolution for the gene-order data—for instance, we stilndb have firm evidence for
transpositions, much less any notion of relative prevaderithe various rearrangement,
duplication, and loss events. This lack of a good model caethwith a third problem,
the extreme (at least in comparison with sequence data)ematical complexity of
gene orders, to create major computational challenges.

Sequence vs. Gene-Order Datdable 12.2 summarizes the characteristics of sequence
data and gene-order data. At present, there is every reasspéct that whole-genome
data will remain limited to a small subset of the organismsvithich we will have
some sequence data: sequencing one gene is fast and inegpeinereas sequencing

a complete eukaryotic genome is a major enterprise. Yet-gether data remain worth
studying: not only will the advantages discussed earliabénus to provide valuable

Table 12.2 Main attributes of sequence and gene-order data

| Sequence | Gene-Order

evolution| fast slow
data type a few genes whole genome
data quantity abundant | sparse
# char. statestiny huge
models| good primitive
computation easy hard
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cross-checking for sequence-derived phylogenies (or px@nde a framework around
which to build a sequence-derived phylogeny), but the rppitk of change in genomic
technology may yet enable us to sequence entire genomelrapd at low cost.

12.1.2 Phylogenetic Reconstruction

Methods for phylogenetic reconstruction from sequenca danh be roughly classified
as (i)distance-basethethods, such as neighbor-joining; farsimony-basethethods,
such as implemented in PAUP*, Phylip, MEGA, TNT, etc.; ani (ikelihood-based
methods, including Bayesian methods, such as implementBdWP*, Phylip, fastD-
NAmI [56], MrBayes, GAML [35], etc. In additionmetamethodsan be used to scale
up any of these threlgasemethods: metamethods decompose the data in various ways
and rely on one or more base methods to reconstruct tredsdfeubsets they produce.
Metamethods includgquartet-basednethods (see, e.g., [70]) andisk-coveringmeth-
ods [29, 30, 55, 62, 76]—about which we will have more to sag.Will use the same
categories when discussing methods for reconstruction §rene-order data, so we give
a brief characterization of each category.

Phylogenetic distancesAs our discussion of the phylogeny presented in Fig. 12.2 in-
dicates, the distance between two taxa (as represented|bgrsee or gene-order data)
can be defined in several ways. First, we havetthe evolutionary distangehat is,
the actual number of evolutionary events (mutations, aeist etc.) that separate one
datum (gene or genome) from the other. This is the distanasuane we would re-
ally want to have, but of course it cannot be inferred—as aulie¥ discussion made
clear, we cannot infer such a distance even when we know tireatghylogeny and
have correctly inferred ancestral data (at internal nofifseatree). What we can define
precisely and compute (in most cases) isali distancethe minimum number of per-
mitted evolutionary events that can transform one datumtim other. Since the edit
distance will invariably underestimate the true evoluipndistance, we can attempt to
correctthe edit distance according to an assumed model of evolitionder to pro-
duce theexpected true evolutionary distanae at least an approximation thereof—see
Chapter 6 in this volume for a discussion of distance coigact

Distance-based methodDistance-based methods use edit distances or expected true
evolutionary distances and typically proceed by groupamgiblings) taxa (or groups
of taxa) whose normalized pairwise distance is smallestyTtsually run inow poly-
nomial time a significant advantage over all other methods. Most sudhads only
reconstruct the tree topology—they do not estimate theaciar states at internal nodes
within the tree. The prototype in this category is Meighbor-JoinindNJ) method [63],
later refined to produdgé oNJ [20] andWeighbor10]. When each entry in the distance
matrix equals the true evolutionary distance (i.e., theadise along the unique path be-
tween these two taxa in the true tree), NJ is guaranteed thupecthe true tree; more-
over, NJ is statistically consistent—that is, it produdes true tree with probability 1
as the sequence length goes to infinity [3], under those mddelwhich statistically
consistent distance estimators exist. (See also Chaptethiisivolume for a discussion
of statistical consistency.)
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Parsimony-based methods'hese methods aim to minimize the totalmber of char-
acter changegwhich can be weighted to reflect statistical evidence).r@ttars are
assume to evolve independently—so each character makedemeindent contribution
to the total. In order to evaluate that contribution, pammignmethods all reconstruct
ancestral sequences at internal nodes. In contrast to Nllkaetidood methods, parsi-
mony methods are not always statistically consistent. Wewet can be argued that
trees reconstructed under parsimony are not substarigaflyaccurate than trees recon-
structed using statistically consistent methods, givenréstriction on the amount of
data and the lack of fit between models and real data. Fintiegnost parsimonious
tree is known to be NP-hard, but scoring a single fixed tre@asilyeaccomplished in
linear time; at present, provably optimal solutions ardtkwhto datasets of 20—30 taxa,
while good approximate solutions can be obtained for digadeseveral hundred taxa;
the latest results from our group [62] indicate that we cdmneas® the same quality of
reconstruction on tens of thousands of taxa within readertabe.

Likelihood-based methodsLikelihood-based methods assume some specific model of
evolution and attempt to find the tree, and its associatedetratameters, which to-
gether maximize the probability of the observed data. Thlilsetihood method must
bothestimate model parameters a given fixed tree and also search through tree space
to find the best tree. Chapter 2 in this volume discussesHiketl methods.

Likelihood-based methods are usually (but, perhaps singty, not always) sta-
tistically consistent, although, of course, that consisyels meaningless if the chosen
model does not match the biological reality. Likelihood huets are the slowest of the
three categories and also prone to numerical problemspbedae likelihood of typ-
ical tree is extremely small—with just 20 taxa, the averakelihood in the order of
1021, going down to 10°° with 50 taxa. Identifying the tree of maximum likelihood is
presumably NP-hard, although no proof has yet been deviisgeled, even computing
the likelihood a fixed tree under a fixed model cannot curydmtl done in polynomial
time (see, e.g. [71]). Thus optimal solutions are limitetré@s with fewer than 10 taxa,
while good approximations are possible for perhaps 10Q taxa

Bayesianmethods deserve a special mention among likelihood-bggaaaches;
they compute the posterior probability that the observeddauld have been produced
by various trees (in contrast to a true maximum likelihoodhmod, which computes the
probability that a fixed tree would produce various kinds afadat its leaves). Their
implementation with Markov chain Monte-Carlo (MCMC) alggbms often run signif-
icantly faster than pure ML methods; moreover, the movesutlin state space can be
designed to enhance convergence rates and speed up théi@xeChapter 3 in this
volume discusses Bayesian approaches.

12.2 Computing with Gene-Order Data

As indicated earlier, gene-order data present significathematical challenges not en-
countered when dealing with sequence data. Many evolutiamgents may affect the
gene order and gene content of a genome; and each of thess engaies its own chal-
lenges, not least of which is the computation of a pairwiseogg@c distance. Armed
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G1=(1 2 314 567 8)

®@=(1 2-5-4-3 6 7 8)
FIiG. 12.6. Breakpoints

with algorithms for computing distances, we can proceediylqgenetic reconstruc-
tion, starting with scoring a single tree in terms of its t@eolutionary distance.

12.2.1 Genomic distances

We begin with distances between genomes with equal genemoim this case, the
only operations allowed are rearrangements.

Breakpoint distance A breakpointis an adjacency present in one genome, but not
in the other. Figure 12.6 shows two breakpoints between svmmes—note that the
gene subsequence 3 4 5 is identical to -5 -4 -3, since the iaftest the former read on
the complementary strand. Theeakpoint distancés then the number of breakpoints
present; this measure is easily computed in linear timeit does not directly reflect re-
arrangement events—only their final outcome. In partigitléypically underestimates
the true evolutionary distance even more than an edit distdoes.

Inversion distance Given two signed gene orders of equal content,itiversion dis-
tanceis simply the edit distance when inversion is the only openaallowed. Even
though we have to consider only one type of rearrangemastdistance is very diffi-
cult to compute. Founsignedpermutations, in fact, the problem is NP-hard. For signed
permutations, it can be computed in linear time [4], usirgdbep theoretical results of
Hannenhalli and Pevzner [23].

The algorithm is based on theeakpoint graphRefer to Fig. 12.7 for an illustration.
We assume without loss of generality that one permutatitimeisdentity. We represent
gene by two vertices, P— 1 and 2, connected by an edge; think of that edge as oriented
from 2i —1 to 2 when gené appears with positive sign, but oriented in the reversesdire
tion when gené appears with negative sign. Now we connect these edgeswatfut-
ther sets of edges, one for each genome—one representsthigyidi.e., it simply con-
nects vertex to vertexj + 1, for all j) and is shown with dashed arcs in Fig. 12.7, and
the other represents the other genome and is shown withesddjds in the figure. The
crucial concept is that of alternating cycles in this graph, cycles of even length in
which every odd edge is a dashed edge and every even one id admgé. Overlapping
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FiG. 12.7. The breakpoint graph for the signed permutationsgpfl2.6
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cycles in certain configurations create structures knownuadlesand a very unique
configuration of such hurdles is known a$oatress Hannenhalli and Pevzner proved
that the inversion distance between two signed permutatibngenes is given by

n - #cycles + #hurdles + (fortress)

In Chapter 10 in this volume, Bergerenal. offer an alternate formulation of this result,
within a framework based on certain nested intervals.

Generalized gene-order distanc& he restriction that no gene be duplicated and that
all genomes contain exactly the same set of genes is cleamdalistic, even in the case
of organellar genomes. However, accounting for additiewalutionary events such as
duplications, insertions, and deletions is proving veffialilt. One extension has been
present since the beginning: in the second of their two salrpapers [24], Hannenhalli
and Pevzner showed that their framework (cycles, hurdteg,@uld account for both
insertions and multichromosomal events, namely transitmes, fusions, and fissions.
Bourque and Pevzner [9] designed a heuristic approach togéyetic reconstruction
for multichromosomal organisms under inversions, tragzetions, and fissions and fu-
sions, based upon the work of Tesler [78]; they used@R&PPA core algorithm for
inversion and confirmed the findings of Moret al. [48] that inversion-based recon-
struction of ancestral genomes outperforms breakpoisédeeconstruction of same.

More recently, EI-Mabrouk [17] showed how to compute a mimimedit sequence
in polynomial time when both inversions and deletions al@add; Liu and Moret [36]
then showed that the distance itself can be computed inrlitea. Because edit se-
guences are symmetric, these results also apply to condnisalf inversions andondu-
plicatinginsertions. In the same paper, EI-Mabrouk showed that h#éredecould pro-
vide a bounded approximation to the edit distance in thegmes of both deletions
and (nonduplicating) insertions. Sankoff [64] had eanfimposed a heuristic approach
to the problem of duplications, suggesting that a single/eethe exemplar—be kept,
namely that copy whose use minimized the number of otherabipers. Unfortunately,
finding the exemplar, even for a single gene, is an NP-harbleno [11]. Marronet
al. [41] gave the first bounded approximation algorithm for comity an edit sequence
(or distance) in the presence of inversions, duplicatimsgrtions, and deletions; a sim-
ilar approach was used by Taagal.[77] in the context of phylogenetic reconstruction.
Most recently, Swensoat al. [72] gave an extension of the algorithm of Marren
al., one that closely approximates the true evolutionary distdbetween two arbitrary
genomes under any combinations of inversions, insertaungjcations, and deletions;
they also showed that this distance measure is sufficientyrate to enable accurate
phylogenetic reconstruction by simply using neighbonijog on the distance matrix.

Work on transposition distances has been limited to eqoalent genomes with no
duplications and, even then, only to approximations, ahwguaranteed ratio.3. The
first approximation is due to Bafnha and Pevzner [5], using mihe same framework
defined for the study of inversions; the approach was regsmtiplified, then extended
to include inverted transpositions by Hartman [25, 26]. kVon transposition distance
is clearly lagging behind work on inversion distance andasto be integrated with
it and extended to genomes with unequal content.
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In a different vein, Bergeron and Stoye [6] defined a distastenate based on the
number and lengths of conserved gene clusters; this disiarveell suited to prokary-
otic genomes (where gene clusters and operons are comnubrif) shll requires that
duplicate genes be removed.

Estimating true pairwise evolutionary distance®Ve give a brief overview of the re-
sults of Swensoeet al.[72]. In earlier work [41], the same group had shown that any
shortest edit sequence could always be rewritten to thatsdktions and duplications
take place first, followed by all inversions, followed by d#letions. In order to esti-
mate pairwise evolutionary distances between arbitranpges, it remains to handle
duplications; this is done gene by gene by computing a mgfpim the genome with
the smaller number of copies of that gene to that with theslangmber of copies, using
simple heuristics. Deletions and inversions are computiite @ccurately, using exten-
sions to the work of EI-Mabrouk [17], while insertions (whinow include any “excess”
duplicates not matched in the first phase) are computed tacieg the sequence of in-
versions and deletions. The result is a systematic overatgiof the edit distance, but
a very accurate estimate of the true evolutionary distaRitgire 12.8 presents some
results from simulations in which evolutionary events wee&cted through a mix of
70% inversions, 16% deletions, 7% insertions, and 7% dafidins, with inversions
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having a mean length of 20 and a standard deviation of 10, ateiahs, insertions,
and duplications having a mean length of 10 with a standavéatien of 5. The top
two examples come from datasets of 16 taxa with 800 genels,exjtected pairwise
distances of 20 through 160 events (left) and 40 through ¥2@te (right); the bot-
tom example comes from a dataset of 57 taxa with 1,200 gertkexqected pairwise
distances from 20 to 280 events. The distance computatibichvhas a randomized
component (to break ties in the assignment of duplicategenas run 10 times with
different seeds. The figure indicates clearly that the degastimate is highly accurate
up to saturation, which occurs only at very large distaneesund 250 events for a
genome of 800 genes).

12.2.2 Evolutionary models and distance corrections

In order to use gene-order and gene-content data, we neadaniable model of evolu-
tion for the gene order of a chromosome—and here we lack miffidata for the con-
struction of strong models. To date, biologists have st@ridence for the occurrence
of inversions in chloroplasts—and have at least two possiiddels for the creation of
inversions (one through DNA breakage and misrepair, therdgtivough loops traversed
in the wrong order during replication). Since DNA breakagesilatively common and
particularly pronounced as a result of radiation damadwegratearrangements due to
misrepair appear at least possible. Sankoff [65] has gitatistcal evidence for a dis-
tinction between short and long inversions: short inversitend to preserve clusters
(and thus could be common in prokaryotes), whereas longsiosms tend to preserve
runs of genes (and thus could be more common in eukaryotessubsequent study of
prokaryotic data [34], aad hoccomputational investigation gave additional evidence
that short inversions play a significant role in prokaryatiganisms. However, even if
we limit ourselves to (short and long) inversions, the reipe probabilities of these
two events remain unknown.

While we do not yet have a strong model of genome evolutiooutyn rearrange-
ments, we do know that edit distances must underestimaeetrolutionary distances,
especially as the distances grow large. As is discussedtail die Chapter 13 in this
volume, it is possible to devise effective schemes to cdriheredit distance into an
estimate, however rough, of the the true evolutionary dista Figure 12.9 illustrates
the most successful of these attempts: working from a smeoaguniformly distributed
inversions, Morett al. [49] collected data on the inversion distance vs. the nuraber
inversions actually used in generating the permutatidresrgtiddle plot), then produced
a formula to correct the underestimate, with the resultBB& distance, shown in the
third plot. (The first plot shows that the breakpoint dis&i& even more subject to
underestimation than the inversion distance.) The use & &Btances in lieu of inver-
sion distances leads to more accurate phylogenetic reaatishs with both distance
methods and parsimony methods [49, 50, 79, 80].

12.2.3 Reconstructing ancestral genomes

Reconstructing ancestral genomes is an integral part bffersimony- and Bayesian-
based reconstruction methods and may also have indepentkrest. In a parsimony
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context, we want to reconstruct a signed gene order at egaimél node in the tree so
as to minimize the sum of genomic distances over all edgdsedtree. Unfortunately,
this optimization problem is NP-hard even for just threevésaand for the simplest
of settings—equal gene content, no duplication, and br@akgistance [59] or inver-
sion distance [12]. Computing such a gene order for threekes themedian problem
for sighed genomes: given three genomes, produce a new getiatnwill minimize
the sum of the distances from it to the other three. In the ohbeeakpoint distances,
Sankoff and Blanchette [66] showed how to convert this protio theTravelling Sales-
person ProblemFigure 12.10 illustrates the process. Each gene givesaiaeair of
cities connected by an edge that must be included in anyisojubhe distance between
any two cities not forming such pairs is simply the number efigmes in which the
corresponding pair of genes is not consecutive (and thuss/&om 0 to 3, a limited
range that was put to good use in the fast GRAPPA implememntg&i3]).

No equivalently simple formulation in terms of a standartimjzation problem is
known for more general genomic distances. Yet even the simpérsion distance gives
rise to significantly better results than the breakpoirtedise, in terms of computational
demands and topological accuracy [48, 49,51, 76] as welf #secaccuracy of recon-
structed ancestral genomes [9, 48]. For inversion disgreect algorithms have been

+1-2+4 43
+1+2-3-4
+2-3-4 -1

an optimal solution
corresponding o genome
+1+42-3-4

edges not shown have cost = 3

Adjacency A B becomes an edge from A to -B
The cost of an edge A -B is the number of genomes that do NOT have the adjacency A B

FiG. 12.10. Reducing the breakpoint median to a TSP instance
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Fic. 12.11. Determining the gene content of the median

proposed [13,69] that work well for small distances (of fettwan 15 inversions). Tang
and Moret [75] showed that the median problem under invassideletions, and inser-
tions or duplications could be solved exactly for small nenslof deletions and dupli-
cations, using a few simple assumptions; they recentlynebete that work for somewhat
larger changes in gene content [77]. Their approach firgrdehes the gene content of
the median, then computes an ordering through those geaemveptimization pro-
cedure. The basic assumptions are that (i) no change issesvand (ii) changes are
independent and of low probability. These two assumptioasymon in phylogenetic
work (see, e.g., [38,42]), imply that simultaneous ideadtthanges on two edges are
vanishingly unlikely compared to the reverse change onhird edge—since the si-
multaneous changes have a probability on the ordef,dbr a smalle, compared to a
probability ofe for a change on a single edge, as illustrated in Fig. 12.1&.r€hults
obtained by Tang and Moret on a small, but difficult datasqust seven chloroplast
genomes from red and green algae and land plants are showg.itZ=12. Part (a)
shows the reference phylogeny obtained through combiketiibod and maximum
parsimony analyses of the codon sequences of several cpBNésgit should be noted
that the placement of Mesostigma is unclear from the datd.(Bpshows the phy-
logeny obtained by Tang and Moret, which is completely cstesit with the reference
phylogeny. Part (c) shows the phylogeny obtained by usiagitmple neighbor-joining
method on the distance matrix computed from the seven genwitie equalized gene
content: the method produced a false positive. Finally, ghrshows the tree built by
using breakpoint distances on equalized gene contentthaithe tree is nearly a star,
with just one resolved edge.

In the presence of very large differences in gene contenobmany duplicates, the
problem is much harder. For one thing, given three genomtbstivése characteristics,
the number of possible optimum medians is very large—irtofigahat a biologically
sound reconstruction will require external constraintstiect from these many choices.
Knowing the direction of time flow (as is the case after the tras been rooted) simpli-
fies the problem somewhat—at least it makes the questiomefcentent much simpler
to resolve [16], butitis fair to say that, at present, we dintgick the tools to reconstruct
ancestral data for complex nuclear genomes.

In a completely different vein, EI-Mabroul (see Chapter hlthis volume) has
shown how to reconstruct ancestral genomes in the presdreceiogle duplication
event, one, however, that duplicated the entire genomencs.
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Nicotiana Nicotiana
Marchantia Marchantia
Chaetosphaeridium Chaetosphaeridium
Nephroselmis Nephroselmis
Chlamydomonas Chlamydomonas
Chlorella Chlorella
Mesostigma Mesostigma
(a) reference phylogeny (b) as derived by Tang and Moret

Nicotiana Nicotiana
Marchantia Marchantia
Chaetosphaeridium Chaetosphaeridium
Nephroselmis Nephroselmis
Chlamydomonas Chlamydomonas
Chlorella Chlorella
Mesostigma Mesostigma

(c) neighbor-joining (d) breakpoint phylogeny

FiG. 12.12. Phylogenies on the seven taxon cpDNA dataset [77]

12.3 Reconstruction from Gene-Order Data

Phylogenetic reconstruction methods from gene-order @ditavithin the same gen-
eral categories as methods for sequence data, to wit: (Brdie-based methods, (ii)
parsimony-based methods, and (iii) likelihood-based washall with the possibility
of using a metamethod on top of the base method. In Chapter thisivolume, Wang
and Warnow give a detailed discussion of distance-baselaust Likelihood methods
are represented to date by a single effort, from Laegetl. [33], in which a Bayesian
approach showed evidence of success on a couple of faiyydedasets; the same ap-
proach, however, failed to converge on a harder dataseyzethby Tanget al. [77].
We thus focus here on approaches based on parsimony, whielsban more develop-
ment. These approaches fall into two subcategories: engadéethods, which reduce
the gene-order problems to sequence problems, and dirgbhbdss which run opti-
mization algorithms directly on the gene-order data.

12.3.1 Encoding gene-order data into sequences

As we shall see in Section 12.3.2, direct optimization apphes have running times
that are exponential in both the number of genomes and théeauai genes, so that
analyses of even small datasets (containing only ten orttwggnomes) may remain
computationally intractable. Therefore an approach tivhtle remaining exponential
in the number of genomes, takes time polynomial in the nurobgenes, may be of
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significant interest. Since sequence-based methods hakiecharacteristics, a simple
idea is to reduce the gene-order data to sequence data thsoute type of encoding.
Our group developped two such methods.

The first methodMaximum Parsimony on Binary Encodings (MPBHE23, 15], pro-
duces one character for each gene adjacency present intthe-tthat is, if genesand
j occur as the adjacent pajr(or -j-i) in one of the genomes, then we set up a binary
character to indicate the presence or absence of this adja¢eoded 1 for presence
and 0 for absence). The position of a character within theesecg is arbitrary, as long
as it is the same for all genomes. By definition, there are ait@@ characters, so
that the sequences are of lengths polynomial in the numbgeés. Thus, analyses
using maximum parsimony will run in time polynomial in thember of genes, but
may require time exponential in the number of genomes. Hewevhile a parsimony
analysis relies on independence among characters, thaatbe produced by MPBE
are emphatically dependent; moreover, translating theuteoary model of gene or-
ders into a matching model of sequence evolution for the @ings is quite difficult.
This method suffers from several problems: (i) the anckséguences produced by the
reconstruction method may not be valid encodings; (ii) nofitbe ancestral sequences
can describe adjacencies not already present in the inpaytttlas limiting the possible
rearrangements; and (iii) genomes must have equal genentavith no duplication.

The second method is ttdPME method [79], where the second “M” stands for
Multistate In this method, we have exactly one character for each digeae (thus 2
characters in all) and the state of a character is the sigead that follows it in the
gene ordering (in the direction indicated by the sign), &b &ach character can assume
one of 2 possible states. Again, the position of each charactelimiltie sequence is
arbitrary as long as it is consistent across all genomédmadh it is most convenient to
think of theith character (with < n) as associated with gemewith the n+ith char-
acter associated with gend. For instance, the circular gene ordér-4,-3,-2) gives
rise to the encoding-4,3,4,-1,2,1,-2,-3). Our results indicate that the MPME method
dominates the MPBE method (among other things, the MPME odethable to create
ancestral encodings that represent adjacencies not piagée input data). However,
it still suffers from some of the same problems, as it alsaieg equal gene content
with no duplication and it too can create invalid encodirigsaddition it introduces a
new problem of its own: the large number of character statéskty exceeds the com-
putational limits of popular MP software. In any case, botABE and MPME methods
are easily surpassed by direct optimization approaches.

12.3.2 Direct optimization

Blanchette and Sankoff [66] proposed to reconstrucbtieakpoint phylogeny.e., the

tree and ancestral gene orders that together minimize tabrtomber of breakpoints
along all edges of the tree. Since this problem includes thakpoint median as a spe-
cial case, it is NP-hard even for a fixed tree. Thus they pregasheuristic, based on
iterative improvement, for scoring a fixed tree and simplgided to examine all pos-
sible trees; the resulting proceduB®Anal ysi s, is summarized in Fig. 12.13. Sankoff
and Blanchette used this method to analyze a small mitocraddtaset. This method
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For each possible tree do
Initially label all internal nodes with gene orders
Repeat
For each internal node v, with neighbors labelled A, B, and C, do

Solve the median problem on A, B, and C to yield label M
If relabelling v with M improves the score of T, then do it

until no internal node can be relabelled

FIG. 12.13. BPAnal ysi s

is expensive at every level: first, its innermost loop repeigt solves the breakpoint
median problem, an NP-hard problem; second, the labelliogguiure runs until no
improvementis possible, thus using a potentially large Ineinof iterations; and finally,
the labelling procedure is used on every possible tree tgypbf which there is an ex-
ponential number. The number of unrooted, unordered treetabelled leaves i&2n—
5)I1, where the double factorial denotes the fact that onlygwéher factor is used—that
is, we havg2n—5)!I! = (2n—-5)-(2n—7)-(2n—9)-...-5- 3. For just 13 genomes, we
obtain13.5 billiontrees; for 20 genomes, there are so many trees that meratjicgu
to that value would take thousands of years on the fastestsomputer.

Realizing this problem (we estimated that runnBRfnal ysi s on an easy set of
13 chloroplast genomes would take several centuries), ingptemented the strategy
of Blanchette and Sankoff, but made extensive usalgérithmic engineeringech-
nigues [46] to speed it up—maost notably in the use of lowemtlsuto avoid scoring
most of the trees—and added the use of inversion distana@sl@r to producénver-
sion phylogeniesThe various techniques we used are listed in Table 12.hdrcase
of the 13-taxon dataset, for instance, our bounding andrimiglstrategies eliminate all
but 10,000 of the 13.5 billion trees. The tree lower boundasda on the triangle in-
equality that must be obeyed by any metric: in any orderinthefleaves of the tree,
half of the sum of the pairwise distances between consexlgaves must be a lower
bound on the total length of the tree edges in the optimal ietake advantage of
the unordered nature of the trees to compute the largesbpossver bound through
swaps of the two children whenever such a swap leads to a laalyes. The layering ap-
proach precomputes lower bounds &tirtrees and stores the trees in buckets according
to increasing values of the lower bound; it then goes thrdhghtrees bucket by bucket,
starting with those with the smallest lower bound, takingaadage of (i) the high corre-

Table 12.3 Speedups for various algorithm engineering techniques

technique used speedup obtained
improving tree lower bound 500x
reducing memory usage 10x
better median solver 10x
hand-tuning code 5x
“layering” approach 5x
improving median lower bound 2X
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lation between lower bound and final score and (ii) the lowt cbbounding compared
to the high cost of scoring. Reducing memory usage is acdshga by predeclaring
all necessary space and re-using much of it on the fly; and-hamdg code includes
hand-unrolling loops, precomputing common expressiomsosing branch order, and,
in general, carefully optimizing any inner loop that praditeo high.

The resulting code&;RAPPA (Genome Rearrangement Analysis under Parsimony and
other Phylogenetic Algorithms) [53], with our best bourgdand ordering schemes, can
analyze the same 13-taxon dataset in 20 minutes on a laf@pp-pispeedup by a factor
of abouttwo million. Moreover, this speedup can easily be increased by the use of
large cluster computer, SinGRAPPA is fully parallel and gets a nearly perfect speedup;
in particular, running the code on a 512-processor machigldad aone-billion-fold
speedup.

However, a speedup by any constant factor, even a factorges éa a billion, can
only add a constant to the size of datasets that can be adalyttethis method: every
added taxon multiplies the total number of trees, and theguhning time, by twice
the number of taxa. For instance, wher€R4PPA can solve a 13-taxon dataset in 20
minutes, it would need over two million years to solve a 2Mbtadataset! In effect,
the direct optimization method is, for now, limited to datessof about 15 taxa; to put it
differently: in order to scale direct optimization to largiatasets, we need to decompose
those larger datasets into chunks of at most 14 taxa each.

12.3.3 Direct optimization with a metamethoBCM GRAPPA

Tang and Moret [76] succeeded in scaling@APPA from its limit of around 15 taxa to
over 1,000 taxa with no loss of accuracy and at a minimal cosimning time (on the
order of 1-2 days). They did so by adapting a metamethod, ile Covering Method
(DCM), to the problem at hand, produciBgv GRAPPA.

Disk-covering methods (DCMs) are a family of divide-andiqaer methods de-
vised by Warnow and her colleagues. All DCMs are based ordiee of decomposing
the set of taxa into overlapping “tight” subsets, using aeb@sonstruction method on
the subsets to obtain trees, then combining the trees thiasneld to produce a tree
for the entire dataset. There are three DCM variants to diftering in their method
of decomposition and their measure of tightness for sub$baesfirst DCM published,
DCM-1 [29], is based on a distance matrix. It creates a grapvhich each vertex is a
taxon and two taxa are connected by an edge if their pairvissarcte falls below some
predetermined threshold; this graph is then triangulatedits maximum cliques com-
puted (the former is done heuristically, the second exagtith in polynomial time) to
yield the desired subsets. Thus this method produces @ginig subsets in which no
pair of taxa is farther apart than the threshold. The secddi Enethod, DCM-2 [30],
also creates a threshold graph, but then computes a graptasapfor it and produces
subsets, each of which is the union of the separator and otie @folated subgraphs.
Finally, the third DCM method, DCM-3 [62], usegaide treeto determine the decom-
position and is best used in an iterative setting, with the produced at each iteration
serving as guide tree for the next iteration. When used wétjusnce data, all three
DCM variants use tree refinement methods to reduce the nuofipalytomies in the
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trees returned for each subset and for the entire datasemn \WWed for maximum par-
simony analysis on sequences with the TNT package as itsnhei®d, the recursive
and iterative version of DCM3 can easily analyze biologitafasets of over 10,000
taxa, producing trees with parsimony scores withibil®6 of optimal in less than a day
of computation [62].

Tang and Moret [76] used DCM-1 to produd@v GRAPPA. Because gene-order data
produces very few polytomies, they did not need any treeaafant phase. However,
because the size of the subsets cannot be constrained lidrehey needed to use
the DCM recursively in order to keep decomposing subsefis nmsubset held more
than 14 taxa; a recursive decomposition is a natural enodegn ibut poses difficult
guestions, such as the relationship between the size tiicegbed at one level of the
recursion and that used at the level below. On simulated (ttase are no biological
gene-order datasets of such sizes), they foundXtvtGRAPPA scaled gracefully to well
over 1,000 taxa (in two days of computation) and retainedhible accuracy of the base
method GRAPPA—with fewer than 3% of the edges in error.

12.3.4 Handling unequal gene content in reconstruction

The method used by Tang and Moret [75] for computing the mnmedfahree known
genomes in the presence of unequal gene content is notldiegglicable to phylo-
genetic reconstruction in the style GRAPPA, because the latter cannot rely on known
gene orders for the three neighbors—certainly not injtihen internal nodes must be
assigned gene orders in some rough manner, and not duripgabess, when every in-
ternal gene order is subject to replacement by a new medieosvdrcome this problem,
Tanget al. [77] begin by computing the germntentof each internal node and then
only proceed to assign and iterate over gene orders. Gementsare assigned starting
from the leaves (with known gene contents), using the puladilustrated in Fig. 12.11:

if two sibling leaves both contain geixe then so does their parent, while, if neither leaf
contains contain¥, then neither does their parent. When one leaf contains ¥ene
and the other does not, geKeis noted asambiguoudor the parent; such ambiguities
are resolved through propagation of constraints and ierahprovement, much in the
style of the basic optimization heuristic BRAPPA. This approach to the handling of
unequal gene orders and duplications can be incorporatbthCM GRAPPA, yielding

a method for the analysis of large datasets with arbitraneg®ntent.

12.4 Experimentation in Phylogeny

Before we conclude our survey, we should say a few words abqérimentation with
phylogenetic reconstruction algorithms. While computéeistists have long evaluated
algorithms in terms of their asymptotic running time andfpenance guarantees, it is
only in the last 10 years that more formal approaches to tper@xental assessment
of algorithms have emerged, under the collective namexptrimental algorithmics
Experimental algorithmics (see, e.g., [19, 45, 47] andJingrnal of Experimental Al-
gorithmicsatwww. j ea. acm or g) is an emerging discipline that deals with how to test
algorithms empirically to obtain reliable characteripas of their performance as well
as deepen our understanding of their properties in ordezfioerthem. Because it is
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based on experimental data, experimental algorithmicsseak inspiration from the
physical sciences, but it must adapt to the specific goaltmonderstand one phe-
nomenon, but to generalize findings to an infinite range o$ibsinstances.

In phylogenetic reconstruction, an assessment must tak@arount the accuracy
of the reconstruction (in terms of the chosen optimizatidtedon but also, and more
importantly, in terms of the biological significance of thesults) as well as the scaling
up of resource consumption (time and space). In turn, cdimdpsuch an assessment
requires the use of a carefully designed set of benchmaalsetst [52].

12.4.1 How to test?

First, how do we choose test set8ological datasetsest performance where it mat-
ters, butthey can be used only for ranking, are too few to figurantitative evaluations,
and are often hard to obtain. Moreover, the analysis of aigelhiological dataset will
be hard to evaluate: one cannot just walk up to one’s colleagsystematics with a
10,000-taxon tree in hand and ask her whether the tree isgigallly plausible! Thus
biological datasets are good for anecdotal reports andréality checks.” In the lat-
ter capacity, of course, they are indispensable: no sionlatan be accurate enough
to replace real dat&Bimulated datasetsnable absolute evaluations of solution qual-
ity (because the model, and thus the “true” answer, is knawa) can be generated
in arbitrarily large numbers to ensure statistical sigaifice. Thus a combination of
large-scale simulations and reasonable numbers of bibdatasets is the only way
to obtain valid characterizations of algorithms for phydogtic reconstruction. The sim-
ulations must be based on the best possible models of thzajimh at hand—in our
case, we need accurate models of speciation and extinofigene duplication, gain,
and loss, and of genome rearrangements.

12.4.2 Phylogenetic considerations
A typical simulation study runs as follows:

1. generate a rooted binary tree (according to a chosen nuddgdeciation and
extinction) with the appropriate number of leaves—thisi®kn as themodel
tree

2. assign a “length” (i.e., number of evolutionary eventsgach edge of the tree

according to a chosen model of divergence;

. place a genome of suitable size and composition at the root

4. evolve the genomes down the tree, i.e., transform thenpgemome along each
edge to its children according to the number of evolutioresnts on that edge
and to the chosen model of genome evolution;

5. collect the genomes thus generated at the leaves and erseath input to the
reconstruction algorithm under test; and

6. compare the topology (and, if desired, the internal gess)raf the reconstructed
tree with that of the model tree.

This sequence of operations is run many times for the sanaaeer values (number
of taxa, size of genomes, parameters of the model of genoatetion, distribution of

w



22 RECONSTRUCTING PHYLOGENIES FROM GENE-ORDER DATA

edge lengths, etc.) to ensure statistical significanceunsty, a range of parameters is
also explored. Thus the computational requirements arefisignt—keeping in mind
that even a single reconstruction can prove quite expemsieems of running time.

In the many years of experimental work we have conducted,ave found a num-
ber of useful guidelines, summarized below.

e Tree shape plays a surprisingly large role. Thus we needsamehle model of
speciation (and extinction), one that certainly goes beytbe simplistic models
of uniform distributions or birth-death processes. Of saythe shape of the true
trees is unknown and, in any case, depends on the selectiganoimes (tight
clades will show very different shapes from that of the enfiree of Life, for
instance), so that good simulations will need to use a seteof parameters.

e The evolutionary models for divergence and genome evaiwie important. In
particular, most reconstruction methods exhibit poor smcyiwhen thediame-
ter of the dataset (the ratio of the largest to the smallest psérdistance in the
dataset) is large. Methods aimed at minimizing inversiatagtices may not per-
form as well on datasets where the predominant events argpiwaitions. Large
numbers of duplications or very large gene losses also senfibst reconstruc-
tion methods. Thus the challenge is to devise an evolutjomardel with few
parameters that is easily manipulated analytically andmgationally and pro-
duces realistic data.

e Testing a large range of parameters and using many runs ¢brsting to es-
timate variance are essential parts of any testing strabedlie huge parameter
space induced by even the simplest of models, it is all tog tafall within an
uncharacteristic region and draw entirely wrong conclusiabout the behavior
of the algorithm. Of course, the size of the parameter spademit difficult to
sample well.

That tree shape plays such a role was an unexpected findirgj.dWamlies to date have
used either a uniform model (popular in computer science) lmrth-death model (so-
called Yule trees, popular in biology). Several author2[22, 27, 44] noted that pub-
lished phylogenies exhibit a shape distribution that degifrom either model: in terms
of balance (relative size or height of the two children of @l published trees tend
to be more balanced than uniformly distributed trees, g bmlanced than birth-death
trees. We subsequently found that simple strategies suakighbor-joining do very
well on datasets generated from birth-death trees and, allithther parameters held
unchanged, quite poorly on datasets generated from urifadistributed trees. Al-
dous [1, 2] proposed a model with a single balance parantb&g-splitting model,
that, according to the value of the paramdiecan generate perfectly balanced trees,
birth-death trees, uniformly distributed trees, down tat&epillar” (or “ladder”) trees
(in which each internal node has a leaf as one of its childaed)recommended a par-
ticular parameter setting to match the balance factors bfighed phylogenies. Unfor-
tunately, that model lacks a biological foundation—it isuagly combinatorial model;
moreover, the single parameter cannot localize tree streietit acts on the entire tree
atonce. Heard [27] had earlier published a model with a gthaological foundation, in
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which the speciation rate is inherited and also subject tiatian; again, depending on
the setting of the speciation parameters (inheritance aridhility), most distributions

of tree balance can be produced. Heard’s model, becaugeiitrided on the birth-death
process, has the added advantage of producing edge leimgthsi{s of elapsed times),
from which the number of evolutionary events can be infeinetgrms of various evo-

lutionary models. We have used both Aldous’ and Heard'’s fsodeour simulations,

with the most convincing results coming from Heard’s model.

Many problems of biological verisimilitude appear at evstgge, but perhaps most
importantly in the process of generating genome rearrarg&nMost studies to date,
including ours, have used a simple process in which invessfand, if included, trans-
positions and inverted transpositions) are generatecoumiy at random. However,
most chromosomes have internal structure that might pteahenoccurrence of cer-
tain events (for instance, inversion might not be possibiess a centromere) or favor
the occurrence of others (for instance, there might be floits in the chromosome
that are frequently involved as the endpoint of inversionsanspositions—for recent
evidence of such, see [60]). The length of inversions antspasitions is an important
guestion that has recently been considered in models ofgieravolution [65], in phy-
logenetics [34], and in comparative genomics—the latt@aoficular importance in the
evolution of cancerous cells, where many short rearrangeage common.

Finally, a thorny issue in all optimization problems is tlssue of robustness. NP-
hard optimization problems, such as MP and (presumably)d¥ten exhibit very brittle
characteristics; little is known about the space of tregfénneighborhood of the true
tree in phylogenetic reconstruction or about the effecthos $pace of the choice of
parameters in the models.

12,5 Conclusion and Open Problems

Gene-content and gene-order data are being produced easiicg rates for many sim-
ple organisms, from organelles to bacteria, and in a few inedlearyotes. In phylo-
genetic work, such data have been found to carry a very staodgrobust phyloge-
netic signal—reconstructions using such data, both in kitimns and with biological
datasets, provide information consistent with the beslyara run on sequence data,
robust in the face of small changes, and less sensitive tesyiksmall and large evo-
lutionary distances than any sequence-based analysiedver, these techniques scale
well to large datasets (at least to 1,000 taxa, but mostlikelny more). That these data
do so well in spite of the primitive tools available to datienlistic models, limited op-
timization frameworks, enormous computational demandsleb well and justifies a
call for more research, particularly on the following tapic

e Tree models. Heard’s model [27] is promising and perhaps suficient, but the
effect of its various parameters on the accuracy and coritplekphylogenetic
reconstruction needs to be better understood.

e Evolutionary models for genomes. As mentioned above, #werenany questions
and very few answers to date. For the time being, one can nmnaiions under
many different models and verify that certain solutions kvoetter than others;
as new data emerge, however, one can expect improvemehtsiinadels.
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e Extensions of the theory pioneered by Hannenhalli and Raybeyond the work
of EI-Mabrouk, Marroret al,, and Hartman, to handle transpositions alone, trans-
positions and inversions, length-dependent rearrangesmnposition-dependent
rearrangements, and duplications.

e Good combinatorial formulations of the median problem fureirsions and for
more general cases and, by extension, of the problem ofréisgigncestral gene
orders to a fixed tree in order to minimize the total numbewofigionary events
(as weighted by the model of evolution). In particular, Harglof large multi-
chromosomal genomes, by integrating advances sudftiand DCM GRAPPA,
would enable the use of gene-order data in the reconstruatieukaryotic phy-
logenies.

e Tighter bounds on tree scores under the optimization mededs to scale up the
optimization to the largest possible datasets.

¢ Integration of the above within a DCM-like framework, in erdo scale the com-
putations to (nearly) arbitrarily large datasets.
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