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tionThe best eviden
e strongly supports that all life 
urrently on earth is des
ended from a single
ommon an
estor. Over a period of at least 3.8 billion years, that single original an
estorhas split repeatedly into new and independent lineages (i.e., spe
ies), and, on o

asion, someof these otherwise independent lineages have 
ome ba
k together to form yet other lineagesor to ex
hange geneti
 information. The evolutionary relationships among these spe
ies isreferred to as their \phylogeny", and phylogeneti
 re
onstru
tion is 
on
erned with inferringthe phylogeny of groups of organisms. The ultimate goal is to infer the phylogeny of all lifeon earth.Phylogenies are important to biology in many ways. So mu
h so, that phylogenies havebe
ome an integral part of mu
h biologi
al resear
h, in
luding biomedi
al resear
h, drugdesign, and areas of bioinformati
s (su
h as protein stru
ture predi
tion and multiple se-quen
e alignment). A

urate phylogeneti
 re
onstru
tions involve signi�
ant e�ort due tothe diÆ
ulties of a
quiring the primary biologi
al data and the 
omputational 
omplexity ofthe underlying optimization problems. Not surprisingly, phylogeneti
 inferen
e is providinginteresting and hard problems to the 
omputer s
ien
e algorithms resear
h 
ommunity { as0-8493-8597-0/01/$0.00+$1.50
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1-2witnessed by the three 
hapters in this volume on novel algorithmi
 resear
h for phylogenyre
onstru
tion. The limitations of existing phylogeneti
 re
onstru
tion methods have a di-re
t impa
t on the ability of systematists (that is, biologists who study the evolutionaryhistory of a group of organisms) to analyze their data with adequate a

ura
y and eÆ
ien
y,so that their subsequent s
ienti�
 inferen
es are reliable.The purpose of this 
hapter is to help 
omputer s
ientists develop suÆ
ient knowledge andtaste in the area of 
omputational phylogeneti
s, so that they will be able to develop newmethods for phylogeny re
onstru
tion that 
an help the pra
ti
ing mole
ular systematist.Understanding the various appli
ations of phylogenies will help the algorithms designerappre
iate where errors in phylogeny estimation 
an be tolerated, and where they willhave a more serious impa
t. Mu
h of our dis
ussion will therefore be from the viewpointof a mole
ular systematist, and will (a) elu
idate promising areas for additional resear
h,(b) provide a 
ontext with whi
h to understand the potential for impa
t of algorithmi
innovations, and (
) give the algorithms resear
h 
ommunity a better understanding ofthe strengths and limitations of data 
olle
tion and analysis in 
urrent pra
ti
e. The �nalpoint is important be
ause a better understanding of the type and amount of raw datathat biologists 
an routinely obtain and analyze will help mathemati
ians and 
omputers
ientists in designing methods that are 
ompatible with and take advantage of the typesand quantities of data used by biologists. In parti
ular, we will draw attention to the sour
esof potential error in the primary data, and to those aspe
ts of the input data that have thepotential to impa
t re
onstru
tion methods in signi�
ant and potentially di�erent ways.We therefore begin our dis
ussion in Se
tion 1.2 with an overview of how phylogeniesare used in biology, fo
using on the questions that 
an be answered on
e the phylogenyis obtained. We 
ontinue in Se
tion 1.3 with a des
ription of the pro
ess a biologist goesthrough, from the in
eption of a proje
t to the produ
tion of a publishable phylogeneti
inferen
e. In Se
tion 1.4 we review ea
h of the steps involved in phylogeneti
 inferen
e, anddis
uss their major methodologi
al and algorithmi
 issues. In Se
tion 1.5 and Se
tion 1.6, wedes
ribe advan
es on two spe
ialized resear
h problems { supertree methods (the subje
tof one of the 
hapters in this volume) and gene order phylogeneti
s (whi
h is dis
ussedin another 
hapter), respe
tively. We 
lose in Se
tion 1.7 with some 
omments aboutalgorithmi
 resear
h in phylogeny and re
ommendations for additional reading.Finally, a 
aveat. Phylogenies are generally represented as rooted binary trees sin
espe
iation events are generally bifur
ating, i.e., spe
iation usually o

urs when an an
estrallineage splits into two new, independent lineages. The assumption is that reti
ulation, i.e.,horizontal gene transfer and hybrid spe
iation, is rare. Nonetheless, reti
ulation events areknown to o

ur and are fairly 
ommon in 
ertain groups of organisms, e.g., hybrid spe
iationis relatively 
ommon in plants [48℄. Therefore, the evolutionary history of all life is notproperly represented as a tree. Instead, the appropriate graphi
al model of evolution forall life is a dire
ted a
y
li
 graph (DAG) whi
h we 
all a \phylogeneti
 network" [44, 45℄.Despite the reality of reti
ulation, in order to keep the 
hapter to a reasonable size, wewill 
on�ne most of our dis
ussion to phylogeneti
 trees and their re
onstru
tion and willonly talk about reti
ulate evolution insofar as it 
reates diÆ
ulties for tree re
onstru
tion.Readers who want to learn more about reti
ulate phylogenies may wish to read the tutorialon reti
ulate evolution at the DIMACS web site for reti
ulate evolution [38℄.1.2 What are phylogenies used for in biologi
al resear
h?Phylogenies are re
onstru
ted on the basis of 
hara
ter data, where a \
hara
ter" is anyfeature of an organism that 
an have di�erent states. A typi
al biologi
al example of a
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hara
ter is a nu
leotide position in a DNA sequen
e, with the 
hara
ter state being theparti
ular nu
leotide (A,G,C,T) o

upying that position. From a mathemati
al standpoint,a 
hara
ter is just a fun
tion that maps the set of taxa to its set of states. When the set ofstates is dis
rete, the 
hara
ter is said to be \qualitative" or \dis
rete", and when the set ofstates is 
ontinuous, then the 
hara
ter is said to be \quantitative". Mole
ular phylogeneti
sresear
h is 
on
erned not only with the evolutionary history of di�erent organisms, but alsowith how the di�erent 
hara
ters evolve in the 
ourse of that history. Thus, 
hara
ters areused to infer spe
ies trees, but 
an also be of interest in their own right.The uses for phylogenies, beyond elu
idating the evolutionary relationships of biologi
alspe
ies, are many and growing; here we highlight the most 
ommon uses and some of themost intriguing.The most 
ommon use of a phylogeny is for a 
omparative study [5, 30℄. A 
omparativestudy is one where a parti
ular question is addressed by 
omparing how 
ertain biologi
al
hara
ters have evolved in di�erent lineages in the 
ontext of a phylogeny. This informationis used to infer important aspe
ts of the evolution of those 
hara
ters. That statementis vague and general be
ause of the many types of 
hara
ters studied using a 
ompara-tive approa
h. Some examples of areas in whi
h the 
omparative method 
an be appliedin
lude adaptation, development, physiology, gene fun
tion, va

ine design, and modes ofspe
iation. In essen
e, a 
omparative approa
h 
an be taken any time a biologist wishes toexamine a pro
ess or aspe
t of biologi
al organisms that has evolved on a time s
ale thatis greater than the time of an individual spe
ies or lineage. An evolutionary perspe
tive,through the use of an a

urately estimated phylogeny, makes it possible to ensure that thenumber of independent data points used in the 
omparative study is not over estimated,and to determine the order of the events.Consider the following example, where a biologist is studying the qualitative 
hara
teregg 
olor, and �nds that a parti
ular state for that 
hara
ter (e.g., blue egg 
olor) o

urs in50 of the 100 spe
ies in a 
lade (where a \
lade" 
onsists of all the des
endants from a singlenode in the tree). The biologist would like to know how many times in the evolutionaryhistory this parti
ular 
olor arose and was lost. Without knowledge of the phylogeny ofthe 
lade it is not possible to estimate these numbers, sin
e the pattern itself is 
onsistentwith one mutation leading to blue egg 
olor, or even 50 mutations. However, knowingthe phylogeny for the 
lade makes it possible to obtain tighter lower bounds{and to evenquantify statisti
ally{the number of times that 
hara
ter has 
hanged state. Hen
e, thesequestions 
an be answered with greater a

ura
y when the phylogeny is known. Similarly,the biologist might also like to know if the trait is an
estral (i.e., that it evolved beforethe 
lade of interest) or derived (i.e., that it evolved at some point within the 
lade understudy). These questions fall more generally into the question of understanding the evolutionof a parti
ular 
hara
ter within a 
lade of the evolutionary tree for a parti
ular group.The resear
her might also want to know about the rate at whi
h a quantitative 
hara
terhas 
hanged in the 
lade overall or in di�erent parts of the 
lade, and for qualitative 
har-a
ters the resear
her might like to know the number of times a trait was gained or lost andhow those gains and losses are distributed. For both types of traits, the resear
her mightalso like to know if there are 
orrelations between 
hanges in sets of traits or among traitsand parti
ular external (environmental) fa
tors. In order to ensure independen
e betweenthe inferen
es made in a 
omparative analysis and the phylogeny that is used to make theinferen
e, biologists usually strive to use di�erent sets of 
hara
ters for inferring phylogeniesand for 
omparative studies. Comparative studies have be
ome extremely 
ommon in biol-ogy, and one 
an easily �nd examples of them in almost any issue of experimental biologi
aljournals, as well as in the general s
ien
e journals, Nature and S
ien
e.A se
ond 
ommon use of phylogenies is to test biogeographi
 hypotheses. Biogeography is
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on
erned with the geographi
al distribution of organisms, extant and extin
t. For example,a resear
her may be interested in whether a parti
ular group of spe
ies has 
olonized a setof islands a single time or repeatedly. This 
an be assessed by determining whether all ofthe spe
ies on the island arose from a single most re
ent mainland 
ommon an
estor orwhether there are multiple independent mainland an
estors.Phylogenies 
an be used to look at the mode and tempo of spe
iation. Regular bifur-
ating spe
iation is hypothesized to o

ur by several me
hanisms. One of these, allopatri
spe
iation, is 
aused by the geographi
al separation of a single an
estral spe
ies into twogeographi
ally isolated groups. Hen
e, one 
an look at the geographi
al distributions ofspe
ies in a 
lade to determine whether there is support for allopatri
 spe
iation. For ex-ample, if the geographi
al ranges of a set of spe
ies is well known, it is sometimes possible to
orrelate spe
iation events with large s
ale geologi
al events su
h as mountain building orplate te
toni
s. If there are adequate fossil re
ords or if a mole
ular 
lo
k (the assumptionthat ea
h 
hara
ter evolves at a rate that is proportional to elapsed time) 
an reasonablybe assumed, one 
an also 
ompare and 
ontrast the rates of spe
iation in di�erent 
ladesand in di�erent parts of a 
lade. However, the assessment of spe
iation rates is somewhat
louded by the fa
t that our knowledge of the number of extin
t spe
ies in a 
lade is of-ten poor. Sin
e every extin
t lineage must also have had a spe
iation event, it is possibleto signi�
antly underestimate the absolute number of spe
iation events, and their relativeproportions between 
lades. For the same reasons, it is often diÆ
ult to use phylogenies tosay mu
h about rates of extin
tion in di�erent 
lades.One 
an also use a phylogeny to attempt to infer the amino a
id sequen
e of extin
tproteins. These putative extin
t proteins 
an then be synthesized or an arti�
ial gene
oding for them 
an be produ
ed, and the fun
tional 
hara
teristi
s of the protein that areof interest to the resear
her 
an be tested.In a more pra
ti
al vein, phylogenies 
an be used to tra
k the evolution of diseases, whi
h
an, in turn, be used to help design drugs and va

ines that are more likely to be e�e
tiveagainst the 
urrently dominant strains. The most prominent example of this use is the 
uva

ine, whi
h is altered from year-to-year as medi
al experts work to keep tra
k of thein
uenza types most likely to dominate in a given 
u season [7℄.Finally, phylogenies have even been used in 
riminal 
ases, most famously, in a 
asewhere a do
tor in Louisiana was a

used of having deliberately infe
ted his girlfriend withHIV [41℄. The phylogeneti
 eviden
e featured prominently in the trial and the do
tor wasultimately 
onvi
ted of attempted se
ond degree murder.The key here is that phylogenies are useful in any endeavor where the histori
al andhierar
hi
al stru
ture of the evolution of spe
ies 
an be used to infer the history of thepoint of interest.1.3 The steps of a phylogeneti
 analysisBiologists are re
onstru
ting phylogenies for hundreds of sets of organisms representing allof the major divisions of the \Tree of Life," e.g., ba
teria, plants, animals, et
. While thatmight lead one to think that the pra
ti
e of inferring phylogenies 
ould be very di�erentdepending upon the taxonomi
 group that is being studied, there are many details and stepsin the generation of the primary data that are similar whether the resear
her is studyingmi
robes, invertebrates, vertebrates, plants or fungi. And if DNA sequen
e data are usedas the primary data for re
onstru
tion, the steps after puri�ed DNA has been extra
tedfrom the group of interest are very similar, if not identi
al. In this se
tion, we outline thepro
ess of inferring a phylogeny, from its 
on
eption to the assessment of support for an
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 methods afeeling for what a biologist must do to produ
e a phylogeny for a group of organisms.Some steps are relatively easy and not very time 
onsuming; others are rate limiting andhave signi�
ant impa
t on the type, quantity and quality of raw data that are available foranalysis. A better understanding of how biologists work, what data they 
an easily augmentand what they must struggle to provide, will help resear
hers to produ
e methods that willbe most useful to biologists.1.3.1 Designing the studyBefore a biologist 
olle
ts her �rst organism, the s
ope and nature of her study must bedelineated, and a plan must be put in pla
e to a

omplish its goals. The �rst de
ision tobe made is why the study is being 
ondu
ted. This de
ision will determine the taxonomi
s
ope of the proje
t, e.g., a small re
ently evolved 
lade (su
h as a single genus of thegreat apes), or a 
lade that en
ompasses an older group (su
h as all inse
ts), or even therelationships among the kingdoms of life1. However, the broader the taxonomi
 s
ope, themore likely a supertree analysis will be needed, for reasons whi
h we will dis
uss below. Inparti
ular, the phylogeny of all life 
annot be dire
tly re
onstru
ted. Instead, phylogeniesof many subsets of the 
omplete phylogeny are being independently inferred by hundredsof systematists around the world with the goal of ultimately 
ombining the subsets into asingle phylogeny for all life. This all-in
lusive phylogeny is a major goal of phylogeneti
re
onstru
tion.There are many reasons for wanting to re
onstru
t phylogenies at all levels, and thereasons for estimating the phylogeny of a parti
ular group 
an be as varied as the purposesto whi
h a phylogeny 
an be put (as we dis
ussed in Se
tion 1.2). However, on
e thetaxonomi
 s
ope of the work is determined, many of the fa
ets of the study (the samplings
heme, the markers to be used, et
.) will either be determined or at least 
onstrained.Taxon sele
tion and samplingAlthough a phylogeneti
 re
onstru
tion 
an o

asionally en
ompass over 10,000 spe
ies[61℄, the majority of studies where the resear
hers generate the primary data from s
rat
hinvolve fewer than 100 spe
ies. Therefore, unless resear
hers are working with a small 
ladeof organisms, a sampling s
heme needs to be de
ided upon sin
e it will not be possibleto in
lude all of the spe
ies in the 
lade. For example, if a resear
her de
ides to look at
oral evolution in a genus of plants with over two hundred des
ribed spe
ies distributedthroughout the globe, several aspe
ts of the study be
ome immediately evident. First,several issues may prevent 
olle
tion of spe
imens for every spe
ies in the genus: the numberof spe
ies may be too great to 
olle
t and pro
ess; the spe
ies may be too geographi
ally1In traditional taxonomy, organisms are hierar
hi
ally grouped a

ording to a standard terminology.From least to most in
lusive the hierar
hy goes spe
ies, genus, family, order, 
lass, phylum, kingdom.Generi
ally, any level 
an be referred to as a taxon. Ideally ea
h hierar
hi
al level represents a 
ladeof organisms, but there are still many taxonomi
 groups where it is not yet known if they represent
lades, and many organisms have to be re
lassi�ed as their phylogeneti
 relationships be
ome 
learer.Sin
e there are at least several million spe
ies on earth, the number of taxonomi
 
ategories is obviouslyinsuÆ
ient to give a name to every level of 
lades in the phylogeny of life. It is also important to notethat the evolutionary depth of a given taxonomi
 level is not 
onsistent from one group of organisms tothe next. For example, not all genera represent 
lades that are approximately 4 million years old.
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olle
tions to be made, even if sympatheti
 workers in other 
ountriesagree to help 
olle
t spe
imens lo
ally; it may be politi
ally infeasible to get 
olle
tions fromsome 
ountries; some 
ountries may have highly restri
tive laws regarding study of their
ora by foreign s
ientists; and it might not be possible to obtain suÆ
ient funds for all ofthe travel and permits required. These 
onsiderations will ne
essitate strategi
 de
isionsabout whi
h taxa are most 
riti
al to the study and what sort of sampling s
heme will bemost likely to yield s
ienti�
ally valid results, given the goals of the study. It also meansthat methods designed for inferring phylogenies need to be robust to missing taxa. Notethat even if a resear
her is able to sample all of the extant taxa for his or her group, thereare likely to be some missing taxa due to extin
tion.Be
ause our example study is interested in the evolution of 
hara
ters, the resear
her willalso have to de
ide how many individuals from ea
h spe
ies will need to be examined to havea statisti
ally valid sample of the range of 
hara
ter variation within and between individualspe
ies. Also, if the spe
ies are re
ently evolved and poorly 
ir
ums
ribed taxonomi
ally,the resear
her may need to sample several individuals from more than one population ofea
h spe
ies to ensure the variation that is used for re
onstru
ting the phylogeny trulyrepresents interspe
i�
 variation rather than an
estral variation that has been inheritedby several spe
ies from a 
ommon an
estor. If the spe
ies for whi
h a phylogeny willbe re
onstru
ted are more distantly related, a smaller number of samples will usually berequired from ea
h spe
ies. Finally, be
ause in nearly all 
ases biologists want to re
onstru
tthe rooted phylogeny, the resear
her will need to sele
t spe
ies to be used as outgroups.Outgroup spe
ies are ones that are not in
luded in the 
lade of interest (the ingroup) andwhi
h, therefore, 
an be used to root the 
lade of interest. This method of rooting worksbe
ause the 
ommon an
estor of the ingroup and the outgroup lies further ba
k in time thanthe 
ommon an
estor of the ingroup. If the outgroup is 
orre
tly 
hosen, and a phylogenyis re
onstru
ted that is 
orre
t (as an unrooted tree), then the rooted phylogeny obtainedby rooting the re
onstru
ted phylogeny on the edge between the ingroup and the outgroupwill be the 
orre
t as a rooted phylogeny.Sele
ting the outgroup is tri
ky. The �rst issue is the obvious one: a taxon may seemto be an outgroup, but it may not be. And if the taxon is not a
tually an outgroup, theresultant rooting of the re
onstru
ted phylogeny 
an be in
orre
t, and hen
e the inferredorder of spe
iation events will also at least in part be in
orre
t. Sin
e many of the usesof phylogenies are strongly based upon a

urate re
onstru
tion of the order of spe
iationevents, this 
an have negative 
onsequen
es for s
ienti�
 inferen
es later on. This is notjust a theoreti
al danger: in many 
ases, work has shown that spe
ies that were 
onsideredoutgroups were mis
lassi�ed and a
tually belonged in the ingroup. For example, potatoesand tomatoes were originally thought to be in di�erent genera, but are now known to be
lose relatives in the same genus.Sin
e more 
losely related groups of spe
ies are expe
ted to be more similar to one another(be
ause they will have inherited a larger number of unaltered an
estral traits from theirmost re
ent 
ommon an
estor), it would seem that adding a taxon (as an outgroup) whi
his most di�erent from the ingroup taxa would be the \right thing" to do; and, indeed, su
h a
hoi
e would avoid the problem of inadvertently pi
king a member of the ingroup instead ofan outgroup. However, this too is potentially problemati
. Suppose we take this approa
hseriously, and we pi
k taxon A as an outgroup to a set S of taxa. Let us also supposethat A is in fa
t a true outgroup, and that it is quite dissimilar to every taxon in S. Theproblem here is that the more dissimilar taxon A is to the taxa of S, the harder it is forany phylogeny re
onstru
tion method to 
onne
t the taxon A to the phylogeny on S. Thatis, evolution is modeled as a random pro
ess that is operating on a phylogeny, produ
ingsequen
es at the nodes of the tree. The more dissimilar A is to S, the 
loser to random
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e for A is to the sequen
es for the taxa in S. The more random these sequen
eslook relative to ea
h other, the more random the pla
ement of the edge that 
onne
ts A tothe rest of the tree. This has the 
onsequen
e that, on
e again, the rooting of the resultantphylogeny 
an be in
orre
t, and mu
h of the subsequent s
ienti�
 analysis 
an be basedupon false premises.Thus, a good outgroup taxon must be dissimilar enough to be de�nitely an outgrouptaxon, but not so dissimilar that the phylogeneti
 re
onstru
tion method 
annot re
on-stru
t the phylogeny 
orre
tly. If a mole
ular 
lo
k hypothesis is reasonable for the dataset(in
luding the outgroup), these de
isions are mu
h easier to make, but in general this isquite a tri
ky and diÆ
ult problem.Marker sele
tionAnother 
riti
al part of the planning is to 
hoose markers that are appropriate for thestudy. In this 
ontext a \marker" 
an refer to a parti
ular region of DNA, a protein, amorphologi
al 
hara
ter, or the order of genes on a 
hromosome. Ea
h type of marker has itsown spe
ial 
hallenges and te
hniques. Rather than attempting to provide a 
omprehensiveoverview of how all of the di�erent markers are sele
ted and used, we will fo
us on the most
ommon type in use today, DNA sequen
es, with o

asional 
omments about the othertypes.When a phylogeny is re
onstru
ted for a region of DNA, what is really being re
onstru
tedis the phylogeny of that DNA region, whi
h does not ne
essarily have to be the same asthe phylogeny of the spe
ies from whi
h the DNA was taken (see below); this is the 
lassi
gene tree/spe
ies tree problem [39, 40, 49, 50, 51, 52℄. What 
an a resear
her do to in
reasethe probability that their DNA region will produ
e a gene tree whose evolutionary historyis identi
al to that of the spe
ies tree? A
hieving this ideal requires pi
king markers withthe following 
hara
teristi
s:1. The marker is unre
ombined. When sex 
ells (eggs, sperm, ovules, pollen, et
.)are produ
ed by normal diploid organisms (organisms that inherit one 
opy ofea
h nu
lear 
hromosome from their mother and one from their father2), theyundergo a pro
ess 
alled re
ombination in every generation, whi
h 
auses indi-vidual strands of DNA to be a mixture of two or more di�erent geneologi
alhistories. Details about re
ombination (or more formally \meioti
 re
ombina-tion") are available in any introdu
tory geneti
s text. What is important hereare not the details of how re
ombination produ
es DNA sequen
es having mul-tiple evolutionary histories, but rather the e�e
t this 
an have on phylogeneti
re
onstru
tion. If a re
ombination event has taken pla
e within a marker used forphylogeneti
 analysis it will be 
omposed of two di�erent evolutionary histories.If the resear
her 
an determine where the re
ombination event o

urred, then themarker 
an be broken into these two regions, and ea
h region 
an be analyzedseparately { and ea
h 
an produ
e a potentially di�erent gene tree. But sin
eonly rarely does a resear
her know that a marker has undergone re
ombination,it is more likely that she will analyze the full DNA sequen
e without 
onsid-ering the separate histories of the di�erent parts of the sequen
e. Dependingon the re
onstru
tion method used and the relative amounts of data from the2The one ex
eption to this rule is the sex 
hromosomes. The sex that is heterogameti
 (XY, ZW, et
.)only has one 
opy of ea
h type, e.g., human males have one 
opy of the X and one 
opy of the Y
hromosomes.



1-8 di�erent histories, analysis of su
h 
ombined histories 
an produ
e a phylogenythat neither re
e
ts the gene trees nor the spe
ies tree. To avoid the problem ofre
ombined sequen
es, in many 
ases resear
hers use sequen
es that are predom-inantly uniparentally inherited su
h as mito
hondrial and 
hloroplast sequen
es.Be
ause these organelles are inherited from only one parent the sequen
es in theseorganelles are haploid and do not undergo re
ombination. This greatly redu
esthe probability that di�erent genes will have di�erent trees.2. The marker is single 
opy or is subje
t to rapid 
on
erted evolution. Another waythat gene trees and spe
ies trees 
an di�er is the presen
e of gene dupli
ation,i.e., when a gene has 
opies at two or more lo
ations (lo
i) on one or more
hromosomes. If a gene is dupli
ated one or more times before a 
lade originatesand then di�erent 
opies of the dupli
ations are randomly lost in di�erent lineages(\random assortment"), the leaves of the tree will have di�erent sets of 
opies ofthe gene. Depending upon how the systematist analyzes the data (a 
ompli
atedsituation whi
h we will not dis
uss here - see [38℄ for more information), this 
an
ause the re
onstru
ted gene tree to di�er from the spe
ies tree.The gene tree is more likely to mat
h the spe
ies tree if there is only one 
opyof a marker that has not undergone dupli
ation and loss in the 
lade of interest,and for this reason single 
opy markers are the most desirable in phylogeneti
s.However, some dupli
ated genes 
an be useful in a phylogeneti
 analysis, providedthey undergo \
on
erted evolution", a pro
ess that rapidly homogenizes all the
opies of a gene to a single type with the same sequen
e. As long as 
on
ertedevolution is homogenizing the sequen
es of the 
opies at a rate signi�
antly fasterthan the rate of spe
iation, then the probability that the phylogeny for the marker(the \gene tree") will be identi
al to that of the spe
ies tree will be high. Thus,pi
king markers with multiple 
opies 
an also work, provided that the region hassuÆ
iently rapid 
on
erted evolution. The ribosomal DNA repeat is one su
hregion, and it is broadly used by systematists.3. Finally, it is preferable to sequen
e the same allele of a gene for re
onstru
tion.Be
ause diploid organisms have two 
opies of ea
h autosome (non-sex 
hromo-somes), they have two 
opies (alleles) of every gene at a position (
alled a \lo
us")on a 
hromosome. Although ea
h individual in a spe
ies 
an only have up to twodi�erent alleles at a lo
us, 
olle
tively, all the individuals in the spe
ies 
an, andoften do, have three or more alleles at that lo
us. Hen
e, even single 
opy genes
an experien
e the same assortment and sampling problems expe
ted with du-pli
ated genes. The only way for a resear
her to make sure she is using the sameallele for phylogeneti
 re
onstru
tion is to sequen
e extensively and determine thephylogeneti
 relationships among the alleles of all the spe
ies in his/her 
lade.Be
ause this is so mu
h extra work, most systematists fo
us on organellar DNAsequen
es or nu
lear sequen
es that undergo rapid 
on
erted evolution, whi
hhomogenizes the repeats on both 
opies of the 
hromosome.In addition to the issues surrounding gene trees and spe
ies trees, the resear
her is alsolooking for the following 
hara
teristi
s in a DNA region.1. The marker is readily ampli�able by polymerase 
hain rea
tion (PCR). At present,almost all DNA sequen
ing is pre
eded by ampli�
ation of the region to be se-quen
ed using PCR. PCR requires highly 
onserved sequen
es at either end ofthe marker so that \primers"(single stranded DNA sequen
es that have approx-imately 18-30 nu
leotides) will bind to them for all of the spe
ies that will be
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onstru
tion 1-9sequen
ed. If a priming sequen
e for a marker varies signi�
antly within the setof spe
ies in the study, it 
an be very diÆ
ult to get DNA sequen
e data for allthe spe
ies in a study.2. The marker 
an be sequen
ed. Some DNA regions 
an be ampli�ed but are verydiÆ
ult to sequen
e due to repetitive elements in the sequen
e. This problem 
anbe 
aused by either very short repeats (one to four nu
leotides in length) that
ause the DNA polymerase enzyme to stutter and produ
e di�erent numbers ofrepeats, or very large repeats that make it diÆ
ult to sequen
e through thatregion. Modern DNA sequen
ing methods use primers in a fashion similar tobut not identi
al to PCR. For a given primer only 600-1000 nu
leotides 
an besequen
ed. If 
ontiguous repeats are longer than twi
e this upper limit, it maybe impossible to sequen
e through that repeat region. See Se
tion 1.3.4 for adis
ussion of the problems with aligning repeats.3. The marker evolves qui
kly enough to distinguish among the most re
ently evolvedspe
ies in the ingroup, but does not evolve so qui
kly that it is either impossibleor extremely diÆ
ult to infer a reliable multiple sequen
e alignment (see Se
tion1.3.4). Markers that evolve very slowly, su
h as the ribosomal DNA genes, 
an beused to re
onstru
t relationships among organisms from di�erent kingdoms, thebroadest traditional taxonomi
 group, whereas, very rapidly evolving markers,su
h as mito
hondrial sequen
es in animals, may only be suitable for re
onstru
t-ing genera, the least in
lusive taxonomi
 group above spe
ies. The in
ompletetaxonomi
 
overage of all but a few slow evolving DNA regions is part of thereason supertree methods (see Se
tion 1.5) are needed for re
onstru
ting largenumbers of spe
ies from diverse taxonomi
 groups. For example, if the ingroup is
losely related, rapidly evolving markers that have been vetted by the systemati
s
ommunity for the 
hara
teristi
s enumerated above will be a systematist's �rst
hoi
e, but if these prove to have too little variation to distinguish the spe
ies,the resear
her may have to invest signi�
ant time and resour
es into developinga new marker or markers. In general, for ea
h kingdom of organisms, there isa fairly small set of DNA regions that are 
urrently 
onsidered a

eptable forphylogeneti
 analysis. There are undoubtedly more regions that 
ould be used,but to save time and expense, resear
hers use the ones that are already developed�rst.Having made these 
riti
al de
isions (and hopefully having se
ured funding), a systematist
an now turn to the next step.1.3.2 Colle
ting organisms in the �eldDepending on the taxonomi
 group that is under study, 
olle
ting the organisms whi
hwill be studied 
an involve a small number of trips 
lose to the home institution of theresear
her or a number of far 
ung trips to lo
ations that are diÆ
ult to a

ess for bothgeographi
al and politi
al reasons. Often the resear
her will have to obtain permissionfrom one or more governmental agen
ies to 
olle
t spe
imens. This is espe
ially true in lessdeveloped 
ountries where 
on
ern about bioprospe
ting is high. The rules for 
olle
ting indi�erent 
ountries are as varied as the 
ountries themselves, and the resear
her will haveto negotiate the legal web of the 
ountries in whi
h she needs to 
olle
t. In some 
ases, itwill be possible to get tissue for DNA for some spe
ies by arranging to borrow museum orherbarium 
olle
tions re
ently made by other systematists. The older the spe
imens, theless likely they will have inta
t DNA.



1-10When the resear
her is in the �eld she must 
olle
t and preserve spe
imens of every spe
iesthat will be studied. How the spe
imens are preserved and returned to the lab dependson the taxonomi
 group studied. For most vertebrates, spe
imens will either be frozen inthe �eld and then pro
essed ba
k at the lab or pla
ed in a preserving solution. Inse
ts 
anbe easily 
aptured, killed and preserved in the �eld with parti
ular body parts, e.g., a leg,being harvested for DNA extra
tion ba
k in the lab. Plants are usually pla
ed in pressesin the �eld to produ
e dried vou
hers that will be kept permanently at a herbarium. Atthe time of 
olle
tion, some material (usually leaves or 
owers) from the vou
her will bequi
kly dried in sili
a gel. With plants, the resear
her also often has the option of 
olle
tingseeds whi
h 
an later be grown in a greenhouse for vou
hering and fresh material for DNAextra
tion.For mi
roorganisms or fungi, a resear
her might 
olle
t from a parti
ular lo
ality and then
ulture the organisms ba
k in the lab for identi�
ation and DNA extra
tion. However, thevast majority of spe
ies in these groups are not 
ulturable. In these 
ases, the resear
her will
olle
t material, e.g., soil or water, from a lo
ality and preserve it until it 
an be broughtba
k to the lab where mole
ular te
hniques 
an be used to determine the spe
ies in thesample.Colle
ting is often 
ondu
ted over a period of several years, so the resear
her is at painsto plan well before the trips are made. It may be prohibitively expensive or politi
allyinfeasible to return to an area a se
ond time in rapid su

ession.1.3.3 In the labOn
e a portion of the spe
ies in a study has been 
olle
ted, work 
an begin on gathering theprimary data for phylogeneti
 analysis. We fo
us here on DNA sequen
e data, resear
hersmight also 
olle
t morphologi
al, RNA, protein or gene order data.For multi
ellular organisms, generally, a small pie
e of tissue from the organism is takenthrough a series of physi
al and 
hemi
al steps to release and purify the DNA from 
ellsand organelles. For single 
elled organisms, either single spe
ies are 
ultured under sterile
onditions and samples are taken from these 
ultures, or a mixture of many spe
ies isextra
ted simultaneously, e.g., from a soil sample. The steps for extra
ting and purifyingDNA from di�erent groups of organisms di�er, but generally, it is easier to get DNA fromanimals than it is from plants, fungi, and some groups of mi
robes. Plants and fungioften have se
ondary 
ompounds that either damage DNA when it is extra
ted or that
o-extra
t with it, thereby 
ompli
ating the puri�
ation pro
ess. Plants, fungi, and somemi
roorganisms also often have either a se
ondary 
ell wall or other 
ell-wall stru
turesthat 
an interfere with DNA extra
tion. The resear
her must often try several di�erentextra
tion and puri�
ation pro
edures before suÆ
ient quantities of high quality DNA, freeof interfering 
ompounds, are reliably obtained. In some 
ases, months 
an be spent juston determining an e�e
tive extra
tion and puri�
ation pro
edure.On
e high quality DNA has been obtained, the resear
her will usually 
ondu
t a prelim-inary study on a subset of their taxa to determine whi
h markers are likely to have enoughinformative variation for phylogeneti
 re
onstru
tion. This study will 
onsist of some taxathat are expe
ted to be 
losely related and some that are expe
ted to be distantly related,in an attempt to determine whether a given marker has suÆ
ient variation to distinguishamong 
losely related taxa but is not evolving so rapidly that it will be unalignable for thedistantly related taxa and the outgroups.Generally, PCRs will be set up to amplify the region of interest. If the ampli�
ationsare su

essful, they will be puri�ed and sequen
ed. If they are unsu

essful, the resear
herwill attempt to determine if there was a problem with the PCR or with the template DNA
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onstru
tion 1-11and will 
orre
t the problems with the PCR or try other methods of getting puri�ed DNA,respe
tively. Although modern DNA sequen
ing methods make it possible to sequen
elarge quantities of DNA, and the sequen
e of nu
leotides 
an be 
alled with a fair degree ofa

ura
y by ma
hine when the raw sequen
e data are of suÆ
ient quality, the automatedpro
ess is not infallible. Resear
hers proofread their sequen
es by eye and resequen
e regionsthat are ambiguous or of low quality.If these preliminary runs indi
ate the marker is good for the group of interest, the re-sear
her will amplify and sequen
e the marker for all of the taxa in the study. Be
auseit is often the 
ase that some taxa are more diÆ
ult to obtain or extra
t than others, aresear
her often does not 
omplete the sequen
ing for all of the taxa simultaneously. Whenthis o

urs she may perform preliminary phylogeneti
 analyses on the taxa that are morereadily available for sequen
ing.Usually, a resear
her will sequen
e two or more markers and then 
he
k whether thephylogeneti
 analyses of ea
h marker produ
es trees that are topologi
ally identi
al. Topo-logi
ally di�erent trees produ
ed by di�erent markers 
an be 
aused by several things: genetree/spe
ies tree problems, reti
ulation, la
k of support for parts of the phylogeny, anduse of di�erent re
onstru
tion methods for di�erent markers. If a resear
her �nds thatmarkers and the methods of analysis produ
e 
on
i
ting phylogenies, she will usually takeadditional steps to determine the sour
e of the 
on
i
t. Con
i
ting tree topologies frommultiple markers from the same organelle (or multiple markers from a region experien
ing
on
erted evolution) 
annot usually be 
aused by reti
ulation or gene tree/spe
ies tree prob-lems sin
e the markers usually do not 
ontain multiple evolutionary histories. Therefore, inthe absen
e of 
ompelling eviden
e that two or more organellar markers have well supported
on
i
ting phylogenies (see Se
tion 1.3.6), it is usually assumed in these 
ases that 
on
i
tis due to parti
ular aspe
ts of the evolutionary history (e.g., evolutionary trees with edgeson whi
h very few mutations o

ur) that make it hard to fully resolve the evolutionarytree. Su
h 
onditions usually result in aspe
ts of the re
onstru
ted trees that are not wellsupported by the data. To solve this problem, the resear
her will often sequen
e more ofthe organellar genome or the region that is evolving 
on
ertedly. On the other hand, iforganellar and nu
lear or two or more nu
lear markers produ
e well supported 
on
i
tingphylogenies, the resear
her will have to try to de
ide whether the 
ause is gene tree/spe
iestree problems or reti
ulation. At present, we la
k reliable methods for making this judg-ment solely on the basis of the sequen
es. However, the resear
her may be able to make ajudgment using other biologi
al information that we do not dis
uss here.1.3.4 Multiple Sequen
e AlignmentOn
e the sequen
e data are available, they need to be put in a multiple sequen
e alignment(MSA) before a phylogeny re
onstru
tion method 
an be applied. There are many methodsfor produ
ing multiple sequen
e alignments, some of whi
h are quite re
ently developed,while others (e.g., ClustalW [77℄) have been in use for a long time. Many of the mostpromising MSA algorithms in use are des
ribed in this volume, in a 
hapter on multiplesequen
e alignment. The fo
us in that 
hapter is on MSAs for amino a
id sequen
es, withparti
ular interest in identifying stru
tural features of the proteins. The fo
us we take this
hapter is the use of MSA for phylogeny re
onstru
tion purposes, and thus our dis
ussionwill be slightly di�erent.A multiple sequen
e alignment of a set S of sequen
es is de�ned by a matrix where therows are the sequen
es in S, and the entries within ea
h 
olumn are \homologous". For phy-logeneti
 re
onstru
tion, this means positional homology, i.e., that all the nu
leotides in thesame 
olumn have evolved from a 
ommon an
estor. However, multiple sequen
e alignments



1-12(espe
ially of protein sequen
es) 
an also be de�ned in terms of stru
tural homology, so that
olumns identify residues that produ
e identi
al stru
tural features in the three-dimensionalfolding of the protein. To a large extent, stru
tural alignments and phylogeneti
ally drivenalignments are either the same or very similar, but there 
an be di�eren
es be
ause non-homologous regions in proteins 
an sometimes evolve to have the same fun
tional/stru
turalform. \Convergent evolution" is the term used to des
ribe this phenomenon, whereby sim-ilar 
hara
ters in di�erent spe
ies 
an evolve from nonhomologous genes or gene regions.Convergent evolution 
an take pla
e at many levels in organisms, e.g., similar stru
turalfeatures in a protein or the spines on 
a
ti and other desert plants.The usual pro
edures for produ
ing a multiple sequen
e alignment operate by insertinggaps (represented by dashes) into the sequen
es, so that the �nal resultant sequen
es areall the same length. This limitation means that if the sequen
es submitted to the MSAmethod do not begin and end at homologous sequen
e positions, the leading and trailingbases for whi
h at least some of the sequen
es la
k homologous positions will often not bealigned 
orre
tly. In some 
ases this 
an 
onfuse the alignment algorithms and produ
e verypoor alignments as they attempt to make all of the sequen
es the same length. To avoidthis problem, most resear
hers trim their sequen
es to begin and end at what they believeare the same homologous positions before submitting them for multiple alignment.However, equalizing the length of the sequen
es is not the obje
tive but rather a featureof the MSA pro
ess, as the following dis
ussion should make 
lear. For example, if we beginwith n DNA sequen
es, with maximum sequen
e length k, the result of an MSA will be aset of n sequen
es over the alphabet fA;C; T;G;�g, ea
h of length k0 � k. These sequen
es
an then be pla
ed in an n � k0 matrix, and hen
e the 
orresponden
e between matri
esand multiple alignments.There are a number of features that are diÆ
ult for the 
urrent set of methods to han-dle. The two most prevalent problems are (1) sequen
es that have diverged so mu
h thatsimilarity is diÆ
ult to infer and (2) introdu
tion of large gaps, espe
ially when these aredue to di�erent numbers of repeat sequen
es. When sequen
es from di�erent taxa havedi�ering numbers of imperfe
t repeats, the 
urrent set of MSA algorithms usually 
annotdetermine whi
h repeats from one sequen
e should be aligned with whi
h repeats from theother. Consider the simplest example with two sequen
es. If sequen
e A has 4 repeats andsequen
e B has 2 repeats, whi
h of the repeats in A should be aligned with the repeatsin B? In some 
ases, the resear
her will simply delete the repeats from his/her analyses.Alternatively, if the resear
her thinks the repeats have important phylogeneti
 informationand the repeats are long enough and varied enough, the resear
her 
an try to determine thephylogeneti
 relationships of the repeats, by produ
ing a MSA 
onsisting of ea
h 
opy ofea
h repeat from ea
h taxon and then using that MSA as input to a phylogeneti
 analysis.In this way the resear
her 
an produ
e a hypothesis of whi
h repeats are homologous (theywill appear in 
lades together) and whi
h are not. The phylogeny 
an then be used to guidea hand alignment of the putatively homologous repeats within the larger alignment of themarker. An MSA algorithm that 
ould at least partially automate this pro
ess would bevery useful. Thus, many systematists obtain multiple sequen
e alignments at least partlyby hand, either aligning sequen
es themselves, or taking the output of some software (e.g.ClustalW [77℄) and then modifying the alignment. While this may seem ineÆ
ient, thelimitations of the 
urrent set of MSA algorithms ne
essitates it.Finally, after the alignment is obtained, it is often further modi�ed in order to eliminateunreliable sites (
olumns) or taxa (rows). For example, the systematist may eliminate those
olumns that 
ontain too many gaps to have 
on�den
e in the positional homology of thatregion of the alignment, or that have a low \s
ore" as 
omputed by ClustalW; she mayalso ele
t to eliminate taxa (rows) that 
ontain too many gaps. The obje
tive of these
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onstru
tion 1-13modi�
ations is to redu
e the noise in the alignment that arises from poor quality data,sin
e ex
essive noise (espe
ially due to large numbers of unequal length gaps, whi
h are oftenintrodu
ed in regions that are hard to align well) will result in poorly estimated phylogenies.Consequently, by eliminating the problemati
 
omponents of the alignment, it may be
omepossible to obtain an a

urate re
onstru
tion of the phylogeny on the remaining data.1.3.5 Phylogeneti
 re
onstru
tionAfter the multiple alignment is obtained and before pro
eeding to re
onstru
t the phy-logeny, several intermediate steps take pla
e. The �rst involves de
iding how to best analyzedatasets whi
h 
ontain multiple markers for the same set of organisms. In this 
ase, thesystematist must de
ide between doing a phylogeneti
 analysis on a \
ombined" dataset(obtained by 
on
atenating the individual datasets), or doing phylogeneti
 analyses on theindividual datasets and then 
omparing the resultant phylogenies. As dis
ussed above,this determination requires as
ertaining whether the datasets have the same evolutionaryhistory, so that issues su
h as lineage sorting or reti
ulate evolution 
an be ruled out as
auses for making the evolutionary histories di�erent. Methods for determining when it issafe to 
ombine datasets exist, but these methods are not ne
essarily suÆ
iently a

urate[32℄. Most do not even 
onsider whether reti
ulate evolution is a reasonable explanationfor not 
ombining the sets. As pointed out above, sequen
es from the same uniparentallyinherited organelle are generally 
onsidered safe to 
ombine, but unless the assumption ofuniparental inheritan
e is expli
itly tested for ea
h spe
ies{a time 
onsuming and sometimeshighly impra
ti
al task{
ombined analyses 
an be misleading even for these sequen
es.The se
ond issue has to do with the 
hoi
e of phylogeneti
 re
onstru
tion method. Ifthe systematist wants to use one of the statisti
al estimation te
hniques (i.e., MaximumLikelihood or Bayesian MCMC), she needs to de
ide whi
h sto
hasti
 model would be mostappropriate for her data. If she is using multiple markers and wishes to perform a 
ombinedanalysis (
ombining the datasets into one dataset), then the model sele
tion will in generalbe di�erent for the di�erent markers, and her phylogeneti
 analysis will need to be able tomaintain these partitions during the inferen
e phase.Standard sto
hasti
 models of evolutionThere are many sto
hasti
 models of site evolution, most of whi
h have been des
ribedin terms of DNA sequen
e evolution. The models used for DNA sequen
e evolution donot usually involve bringing in 
onstraints on the evolutionary history that would arisedue to stru
tural issues (su
h as se
ondary stru
tures for RNA and tertiary stru
tures forregions that 
ode for amino-a
id sequen
es), and so are simpler than sto
hasti
 models foreither RNA or amino-a
id sequen
es. Sto
hasti
 models of DNA sequen
e evolution usedin pra
ti
e range from the simplest Jukes-Cantor (JC) Markov model, to the fairly 
omplexGeneral Time Reversible (GTR) Markov model. These models des
ribe the evolution of asequen
e beginning at the root and evolving down the tree as a sequen
e of point mutations.Thus, no insertions, deletions, or dupli
ations o

ur, and instead the only 
hanges possibleon an edge of the tree are at individual nu
leotide positions where the 
urrent state of anu
leotide 
hanges to another state. The result of these assumptions is that if the rootsequen
e has length k, then the result of this evolutionary pro
ess is that every leaf in thetree is assigned a sequen
e also of length k. Furthermore, standard models assume that allthe positions (sites) within the sequen
e evolve under identi
al pro
esses, and independentlyof ea
h other.



1-14Rate variation a
ross sitesThe reader may be aware that it is often assumed that the sites evolve at di�erentrates, with some sites evolving more qui
kly than others; furthermore, some sites may beinvariable, and so not be allowed to 
hange at all.3 However, these observations do notviolate the assertion that standard models assume that the sites are evolving identi
allyand independently (i.i.d.). That is, when rate variation is in
orporated into these models,these rates are assumed to be taken from a distribution (typi
ally a gamma distribution);thus, ea
h site has a probability of being invariable (i.e., having rate 0), but if it is allowed tovary, it then sele
ts its rate from a 
ommon distribution, typi
ally the gamma distribution,and then maintains this relative rate on all edges of the tree. Thus, even when sites havevariable rates or may be invariable, this way of de�ning the rates has the 
onsequen
e thatthe sites are still evolving under identi
al and independent pro
esses.Thus, standard sto
hasti
 models of evolution are essentially de�ned by two 
onsidera-tions: how a random site evolves, sin
e all sites will follow the same model, and then thedistribution of rates a
ross sites. Typi
ally these rates are taken from a gamma distribution,and 
an be in
orporated into any single site evolution model. Here we now fo
us on thesingle site evolution models.Di�erent sto
hasti
 models of evolution di�er substantially with respe
t to their impa
ton the resultant phylogeneti
 analysis, and yet the mathemati
s involved in the theory un-derlying the models generally in use in phylogeneti
s (i.e., from the simplest Jukes-Cantor(JC) model to the 
omplex Generalized Time Reversible (GTR) model) is the same. Thatis, all of these models are identi�able (the probability distribution a model tree de�nes onthe \patterns" suÆ
es to identify the model tree). To understand how a 
hara
ter de�nespatterns, suppose that a 
hara
ter has r states and there are n taxa. Then there are rn pos-sible ways that the 
hara
ter 
an assign states to the leaves, and these are the \patterns" forthe 
hara
ter. Furthermore, the parameter values for the model (su
h as the substitutionprobabilities on ea
h edge) determine the probabilities of ea
h pattern o

urring. Thus,the model tree itself de�nes a probability distribution on the rn possible patterns at theleaves. Saying that a model is identi�able means that knowing the probability distribu-tion of the patterns is suÆ
ient to de�ne the tree. Thus, all the models that are undergeneral 
onsideration, from the JC to the GTR model, are identi�able. However, not allsto
hasti
 models are identi�able { the \no-
ommon-me
hanism" model [80℄ is one non-identi�able model. Other models that are not identi�able in
lude standard site evolutionmodels in whi
h sites either do not evolve i.i.d., or have rates of evolution drawn from more
ompli
ated distributions than the gamma distribution (see [9, 14, 72, 88℄).Thus, all the standard models 
urrently used in phylogeneti
 re
onstru
tion are iden-ti�able. Furthermore, methods that have provably good performan
e under the simplestof these models (i.e., under JC) will also have provably good performan
e under GTR. Inessen
e, therefore, there is little mathemati
al di�eren
e between any two models in 
urrentuse in phylogeneti
 re
onstru
tion.3Note that a site that does not vary its state on a parti
ular dataset is said to be \invariant"; however,that does not mean that the site is invariable { rather, its rate of evolution may be so slow as to notexhibit a 
hange on a parti
ular dataset. Thus, saying a site is invariable is a statement about the model,and not about its evolution on a parti
ular dataset.
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onstru
tion 1-15The Jukes-Cantor (JC) modelThe assumption of the JC model whi
h 
hara
terizes it is that if a site 
hanges its state,it 
hanges with equal probability to the other states. Hen
e, in the JC model we 
an spe
ifythe evolutionary pro
ess on the tree T by the assigning of substitution probabilities p(e) toea
h edge e, where p(e) indi
ates the probability that a site 
hanges on the edge e.The Generalized Time Reversible (GTR) modelFor the GTR model, we do not make the assumption of equiprobable nu
leotide sub-stitutions, but we do require that the model be time-reversible. This is a fairly modestassumption, and allows us to model the evolution of a single site with a symmetri
 4 � 4sto
hasti
 substitution matrix M , along with the usual lengths (or substitution probabili-ties) on the edges. Thus, the GTR model 
ontains the JC model, the Kimura 2-parameter(K2P) model, et
., as spe
ial 
ases, but allows greater 
omplexity by having additional freeparameters. It is not the most 
omplex model that has been used to analyze datasets; inparti
ular, the General Markov (GM) model [70℄ is a model whi
h relaxes the assumptionof time-reversibility, while still allowing for identi�ability.Phylogeneti
 analysis using sto
hasti
 models of evolutionVarious statisti
al te
hniques have been developed whi
h make it possible to sele
t thebest �tting model within this spe
trum { from JC to GM { for a given DNA sequen
edataset [55℄. Thus, if a statisti
al estimation is desired, the �rst step in a phylogeneti
analysis is generally to use one of these statisti
al tests to sele
t the model under whi
hthe data will be analyzed. On
e the model is sele
ted, the resear
her 
an then de
ide howto analyze his/her data { whether with a method that uses the model expli
itly, or withone that does not. Phylogeny re
onstru
tion methods 
ome in essentially three 
avors: (a)distan
e-based methods, su
h as Neighbor Joining [62℄, whi
h tend to be polynomial timeand are very fast in pra
ti
e; (b) heuristi
s for either maximum likelihood or maximumparsimony, two hard optimization problems, and (
) Markov Chain Monte Carlo (MCMC)methods. Of these, only distan
e-based methods are polynomial time; despite this, mostsystematists prefer to use one of the other types of analyses, be
ause numerous studies (bothempiri
al and simulated) have shown that the other types of methods will often produ
ebetter estimates of evolutionary history.Distan
e-based methods operate by 
omputing a matrix of pairwise \distan
es" betweenthe sequen
es (these are typi
ally not just edit distan
es, but distan
es whi
h are supposedto approximate the evolutionary distan
e, and so are derived from statisti
ally-based dis-tan
e 
al
ulations), and then use only that distan
e matrix to estimate the tree. MaximumParsimony is an NP-hard [19℄ optimization problem in whi
h the tree with the minimumtotal number of 
hanges is sought (thus, it is the Hamming Distan
e Steiner Tree problem).Maximum Likelihood (ML) is another NP-hard optimization problem [11℄, but this problemis de�ned in terms of an expli
it parametri
 sto
hasti
 model of evolution. The optimizationproblem is then to �nd the tree and its asso
iated parameters (typi
ally substitution proba-bilities) that maximizes the probability of the data. The theoreti
al advantage of MaximumLikelihood over Maximum Parsimony is that it is \statisti
ally 
onsistent" under most mod-els; this means that it is guaranteed to return the 
orre
t tree with high probability [10℄ ifthe sequen
es are suÆ
iently long { something whi
h is not true of Maximum Parsimony[15℄. However, ML is even harder in pra
ti
e than MP, and heuristi
s for both problemsrequire very substantial amounts of time (weeks or months) for a

eptable levels of a

ura
yon even moderate sized datasets. MCMC methods also expli
itly referen
e a parametri
sto
hasti
 model of evolution, but rather than trying to solve the ML problem under the
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e of model trees. After some burn-inperiod, statisti
s are gathered on the set of trees that are subsequently visited. Thus, theoutput of an MCMC method is not so mu
h a single tree, but a probability distribution ontrees or aspe
ts of evolutionary history.Thus, the major methods for phylogeneti
 inferen
e, if run a suÆ
iently long time toobtain an a

eptable level of a

ura
y, 
an take weeks, months or longer on large datasets,and even moderate datasets (with just a hundred or so taxa) 
an take several days. Sin
ethere are no well established te
hniques for determining whether a phylogeneti
 analysishas run for a suÆ
ient time, most systematists use ad ho
 methods to determine when tostop.1.3.6 Support assessmentAt the end of the pro
ess of re
onstru
ting a phylogeny, a systematist may or may not have asingle best re
onstru
tion. This is parti
ularly 
ommon for maximum parsimony analyses,where for some datasets there 
an be thousands of equally good trees. With maximumlikelihood this is less likely to happen (be
ause of the real-valued optimization, the optimalsolution is more likely to be unique), but it 
an happen with neighbor joining due to tiesduring the agglomerative pro
edure. However, all methods have the potential to produ
ea set of trees that are very 
lose in s
ore to the best s
ore a
hievable on the dataset, andwhi
h are probably statisti
ally no better. In these 
ases, the resear
her would like to havean obje
tive measure of the support for the best phylogeny (i.e., the one that optimizesthe obje
tive 
riterion, su
h as MP or ML). In the 
ase where the best tree does not havesigni�
ant support (su
h as will happen if the se
ond best trees are not substantially worsethan the best tree with respe
t to the obje
tive 
riterion), the resear
her will still wantto know whi
h aspe
ts of the evolutionary history implied by the best tree are reliable,where \reliable" means a measure of how well supported the re
onstru
tion is given thedata and the method used. Usually reliability is assessed at the level of individual edgesin the tree. Reliability 
an be addressed through statisti
al te
hniques, or through morepurely 
ombinatorial or \data-mining" te
hniques.The 
ombinatorial approa
h: 
onsensus te
hniquesThe �rst step of the 
ombinatorial approa
h to estimating reliability is to sele
t the pro�leof trees to evaluate. This pro�le 
onsists of those trees that are 
lose enough to optimal(with respe
t to the obje
tive 
riterion) to be 
onsidered equally reliable. From this set, a\
onsensus" tree will be inferred. Of the many ways of de�ning 
onsensus trees, the mostfrequently used 
onsensus methods in systemati
s are the \stri
t 
onsensus" and \majority
onsensus" trees. These are de�ned in terms of edge-indu
ed bipartitions, in a natural waywhi
h we now des
ribe.Let S be a set of spe
ies, T be a tree leaf-labeled by S, and e be an edge in T . Thedeletion of e from T splits the tree into two pie
es, and hen
e 
reates a bipartition 
e on theset S of leaves. We 
an thus identify ea
h edge e in T by the bipartition 
e. Furthermore,the tree T is uniquely identi�ed by its set C(T ) = f
e : e 2 E(T )g, and that set is 
alledthe \
hara
ter en
oding" of T . We 
an now de�ne the stri
t and majority 
onsensus trees.Given a 
olle
tion T of trees, so T = fT1; T2; : : : ; Tkg, the tree Ts
 su
h that C(Ts
) =\iC(Ti) is 
alled the stri
t 
onsensus tree. It is not hard to see that the stri
t 
onsensustree always exists, and that is the most re�ned 
ommon 
ontra
tion of all the trees in T .The tree Tmaj de�ned by C(Tmaj) = f
e : jfi : 
e 2 C(Ti)j > k=2g is 
alled the majority
onsensus tree. The majority 
onsensus tree always exists, and it always re�nes or equals
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onstru
tion 1-17the stri
t 
onsensus tree. Both the stri
t 
onsensus and the majority trees 
an be 
omputedin polynomial time. In pra
ti
e, the majority 
onsensus tree is more often re
onstru
tedthan the stri
t 
onsensus tree. If desired, other 
onsensus trees 
an also be 
omputed. Forexample, instead of pi
king the tree whose bipartitions appear in more than half the trees,one 
an pi
k a di�erent threshold, and every threshold p > 1=2 will de�ne a tree thatwill ne
essarily exist (if p < 1=2 this 
onsensus tree may not exist). See [23, 35, 54, 87℄for examples of other 
onsensus methods, and [6℄ for an overview of 
onsensus methods interms of their theoreti
al performan
e.Other methods of assessing support are statisti
al in nature. For MP, ML, or distan
e-based phylogeneti
 re
onstru
tions, the most 
ommon method of support is a bootstrapanalysis, although a ja
kknife analysis is also sometimes applied. When a Bayesian MCMCapproa
h is used to estimate the tree, posterior probabilities are often estimated.The BootstrapBootstrap analyses take two basi
 forms: non-parametri
 and parametri
. A non-parametri
bootstrap resamples with repla
ement ea
h of the positions in the original dataset, 
reatinga new dataset drawn from the same distribution. The resear
her then uses the same methodby whi
h the phylogeny was re
onstru
ted, and the resulting \bootstrap phylogeny" is 
om-pared with the re
onstru
ted phylogeny. Many repli
ated bootstrap runs are performed andthe proportion of times that ea
h edge in the re
onstru
ted phylogeny appears in the boot-strap phylogenies is re
orded and interpreted as support for the edge. (In biologi
al papers,edges are frequently referred to as \bran
hes", and so the support of an edge in the tree is
alled \bran
h support".)The interpretation of the non-parametri
 bootstrap is an important issue, and it is oftenassumed that the bootstrap support for an edge somehow indi
ates the likelihood that theestimated edge is 
orre
t (that is, that it appears in the true tree). However, this is 
learlyoverly simpli�ed. It is possible for a phylogeneti
 re
onstru
tion method to return the sametree on all repli
ated datasets, thereby produ
ing bootstrap proportions that are all 100%,and yet the tree (and hen
e all its edges) may be in
orre
t. The standard example forthis is the \Felsenstein zone" quartet tree, for whi
h maximum parsimony and UPGMA
onverge to the wrong tree as the sequen
e length in
reases, and thus will give very highbootstrap proportions to the wrong tree; see [15℄ for this result, and [17℄ for more aboutphylogeny re
onstru
tion methods, in
luding UPGMA. (It is also important to rememberthat the gene tree being estimated in this pro
ess 
an di�er from the spe
ies tree; this, moregeneral point, has to do with how to interpret any phylogeneti
 analysis.) Thus, stri
tlyspeaking, the best way to interpret the bootstrap support for an edge is that it indi
atesthe probability that the edge would 
ontinue to be re
onstru
ted if the same phylogeneti
estimation pro
edure were applied to datasets having the same distribution as the originaldataset. Thus, when the phylogeneti
 re
onstru
tion method is statisti
ally 
onsistent forthe model, the bootstrap proportion for an edge indi
ates the strength of support for thatedge in the original dataset.Parametri
 bootstrapping 
an only be performed when we assume an expli
it model ofsequen
e evolution, su
h as in ML or distan
e-based phylogeneti
 analyses. In this 
ase,we use the original data to estimate the parameters of the sto
hasti
 model of evolutionon the tree we 
onstru
ted for the dataset. These parameters will generally in
lude site-spe
i�
 rates of evolution or the distribution from whi
h the rates of evolution are drawn,substitution probabilities on ea
h edge, and an overall substitution matrix governing theevolutionary pro
ess a
ross the tree. On
e this model tree is 
onstru
ted, we 
an simulateevolution down the model tree, produ
ing datasets of the same length as the original dataset.
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onstru
t the original tree, and estimate the treeon these new datasets. As with the nonparametri
 bootstrap, support is assessed by theproportion of times the edges in the phylogeny re
onstru
ted using the original datasetappear in the parametri
ally bootstrapped re
onstru
tions.The Ja
kknifeJa
kkni�ng involves repeatedly deleting some proportion of the original sites (or in some
ases original taxa) at random and then using the same method as was used for the fulldataset to re
onstru
t trees on the redu
ed dataset. Here again, the aim is to determine thestrength of support for the edges the tree 
onstru
ted using the full dataset by assessing theproportion of times that the edges in the analysis of the full dataset appear in the ja
kknifere
onstru
tions.Bayesian MCMC methodsWhen the phylogeneti
 re
onstru
tion uses a Bayesian MCMC analysis, the output itselfis in the form of an estimation of the statisti
al support for ea
h of the hypotheses. That is,instead of a single best tree being returned, the output 
ontains a frequen
y 
ount for ea
hof the trees that is visited after burn-in. These values are then normalized to produ
e the\posterior probabilities" of the di�erent trees. Just as with the bootstrap and ja
kknife, theinterpretation of these values is 
ompli
ated and subtle (and like the parametri
 bootstrap,this interpretation will depend upon issues having to do with the model of evolution usedto analyze the data).Computational issuesBe
ause a single analysis of a large dataset under either maximum likelihood or maximumparsimony (to a reasonable level of a

ura
y) 
an take a long time to 
omplete (days, weeksor months), a full bootstrap or ja
kknife analysis 
an take prohibitively long. Runningthe bootstrap analysis using fewer repli
ations, or using faster (and hen
e less a

urate)analyses, 
hanges the out
ome, and may therefore produ
e di�erent estimates of supportthan would have been obtained if the analyses were 
orre
tly repeated. This impa
ts thea

ura
y of support estimations obtained using bootstrap or ja
kni�ng. On the other hand,using Bayesian MCMC to produ
e posterior probabilities does not have the same issue {these values are a natural out
ome of the initial analysis.Interpreting supportIn the 
ontext of phylogeneti
 analysis, the features of the evolutionary history for whi
hsupport is estimated are usually topologi
al { parti
ularly, splits (bipartitions) in the tree.On
e the phylogeneti
 analysis is done and the support values have been estimated, a naiveinterpretation of support values would suggest that features with high support are likely tobe true of the true tree, and that features with low support may not be. However, a moresophisti
ated user of the support estimation te
hnique understands that these interpreta-tions 
an only reliably be made when the model that has generated the mole
ular sequen
edata is the same as the model used to estimate the tree and subsequently to estimate thesupport. (Of 
ourse, some methods, su
h as maximum parsimony, for estimating trees andsupport, are not expli
itly based upon models; in this 
ase, we would need to know that themethod is reasonably a

urate under the generating model.) Thus, ex
ept under 
arefullypros
ribed 
ir
umstan
es, even high levels of support may not be indi
ative of true featuresof evolution, and low levels of support may not be indi
ative of features unlikely to be true.
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onstru
tion 1-191.4 Resear
h problems in mole
ular phylogeneti
sMole
ular phylogeneti
s is 
on
erned with the estimation of phylogenies from mole
ular(i.e., DNA, RNA, or amino-a
id) data, whi
h usually 
onsists of sequen
es, but for DNA it
an also be gene orders. There are many resear
h issues in mole
ular phylogeneti
s, ea
hof whi
h 
ould have potentially a large impa
t on pra
ti
e in systemati
s. Some of theseissues involve database resear
h, others involve statisti
al inferen
e (in
luding developingbetter models of the evolutionary pro
ess), and some are algorithmi
 in nature. Rather thanattempting to be 
omprehensive, in this 
hapter we will limit ourselves to dis
ussing algo-rithmi
 resear
h involved in phylogeneti
 inferen
e, sin
e the target audien
e is algorithmsresear
hers in 
omputer s
ien
e. Also, in order to keep this 
hapter reasonably moderate insize, we will restri
t our dis
ussion to issues involved in re
onstru
ting phylogeneti
 trees,rather than the more general problem of re
onstru
ting phylogeneti
 networks.1.4.1 Performan
e analysis of algorithmsBefore dis
ussing resear
h problems in phylogeneti
s, it is important to dis
uss how algo-rithms are evaluated in this 
ommunity. Algorithm developers are familiar with designingalgorithms for numeri
 or 
ombinatorial optimization problems, like vertex 
oloring, trav-eling salesperson, et
. Algorithms for polynomial time problems are generally exa
t - i.e.,they �nd optimal solutions - and hen
e they are 
ompared in terms of their running time(whether asymptoti
 running times or on ben
hmark datasets). By 
ontrast, if a prob-lem is NP-hard, then algorithms may not be exa
t, but may instead o�er bounded-errorguarantees (e.g., obtaining a solution no more than twi
e the 
ost of the optimal solution),or simply be designed to �nd hopefully good lo
al (rather than global) optima. In these
ases, algorithms (or heuristi
s, as they are often 
alled) 
an be evaluated in terms of thes
ores they �nd on ben
hmark datasets and the time they take to �nd these s
ores. Ben
h-marks 
an be real datasets (typi
ally from some appli
ation domain), or random datasetssimulated from some distribution (su
h as random graphs of some sort). Comparing algo-rithms for NP-hard problems is thus a bit more 
ompli
ated than 
omparing algorithmsfor polynomial time problems, sin
e there is a trade-o� between performan
e with respe
tto the optimization 
riterion and running time. Thus, algorithms for the usual numeri
 or
ombinatorial optimization problems 
an be evaluated both theoreti
ally and empiri
ally,with 
riteria that in
lude running time and a

ura
y with respe
t to the obje
tive 
riterion.In this light we now 
onsider phylogeneti
 estimation. Here, too, we have numeri
 op-timization problems, and for the most part they are hard (either proven to be NP-hard,or 
onje
tured to be so); maximum parsimony and maximum likelihood are two obviousexamples. (The evaluation of Bayesian MCMC methods is more 
ompli
ated, sin
e theoutput is not a single tree with a s
ore for some obje
tive 
riterion, but rather a probabilitydistribution on trees. We will dis
uss the issues in evaluating these methods later in this
hapter.)As with all algorithms for hard optimization problems, methods for MP and ML 
anbe evaluated using the same kind of 
riteria and methodology as des
ribed above. Thus,ben
hmark datasets 
an be obtained, some real and some randomly generated, and re
on-stru
tion methods 
an be 
ompared in terms of their a

ura
y with respe
t to the referen
edobje
tive 
riterion on these ben
hmarks. When the method is a lo
al sear
h heuristi
 (i.e.,it keeps on sear
hing for improved solutions), the methods 
an also be evaluated at dif-ferent points in time, and their performan
e 
an then be measured with respe
t to howlong it takes ea
h method to obtain an a

eptable level of a

ura
y. These studies 
an helpevaluate the performan
e of phylogeneti
 re
onstru
tion methods to the extent that the



1-20user is interested in solving the parti
ular optimization problem (whether it be MP, ML, orsomething else).However, phylogeny re
onstru
tion problems are di�erent from the usual 
ombinatorialoptimization problems, in several signi�
ant ways. First, we are trying to estimate the\true" tree, not just solve some numeri
 problem, and so our 
riteria for su

ess mustin
lude how 
lose our re
onstru
ted trees are to the tree that a
tually generated the data.This statement itself makes it 
lear that phylogeny re
onstru
tion 
an be 
onsidered astatisti
al estimation problem, whereby we are trying to infer something (the tree) fromdata generated by a sto
hasti
 pro
ess (de�ned by the model tree). Thus, issues su
h ashow mu
h data does a method need to get an a

urate re
onstru
tion with high probabilityare just as signi�
ant as the running time of the method (if not more so) (see the 
hapterin this volume on large-s
ale phylogeneti
 analysis and [85℄ for more information on this).These issues 
an be evaluated theoreti
ally, or in simulation.Simulation studiesThe a

ura
y of a phylogeny re
onstru
tion method is typi
ally measured topologi
allywith respe
t to the true history. Sin
e the true tree is not usually known on any biologi
aldataset, this a

ura
y estimation is done using a simulation study, as follows. First, asto
hasti
 model of evolution (su
h as Jukes-Cantor or the Generalized Time Reversiblemodel) is sele
ted, and a model tree (that is, a rooted tree T along with the parametersne
essary to de�ne the evolutionary pro
ess) is spe
i�ed. Then a sequen
e of some lengthis pla
ed at the root of the tree T and evolved down the tree a

ording to the spe
i�edmodel. At the end of this pro
ess there are sequen
es at ea
h leaf of the tree, and these
an be given as input to a phylogeny re
onstru
tion method (su
h as neighbor joining, or aheuristi
 for MP, et
.), thus produ
ing an estimated tree T 0. The estimated tree T 0 is then
ompared to the model tree T with respe
t to topologi
al a

ura
y.The standard way that trees are 
ompared in the phylogeneti
 resear
h literature is theRobinson-Foulds (RF) metri
 [59℄. The RF metri
 between trees is de�ned in terms ofthe 
hara
ter en
oding of a tree (as des
ribed in Se
tion 1.3.6 earlier). Let T be the truetree for a set S of n taxa, and let T 0 be a re
onstru
ted tree on S. Then RF (T; T 0) =jC(T )�C(T 0)j+jC(T 0)�C(T )j2(n�3) . Note that 0 � RF (T; T 0) � 1, and that T = T 0 if and only ifRF (T; T 0) = 0. RF rates below 10% are generally required, unless the data themselves areso poor that a good estimation of the true tree is unlikely.The major advantage of using simulations as 
ompared to real data is that for almostall real datasets, it is not possible to know pre
isely the 
orre
t evolutionary history, andthose aspe
ts of the evolutionary history that are reliable are also generally easy to inferusing any method. Thus, it is not parti
ularly helpful nor straightforward to try to evaluatemethods with respe
t to topologi
al a

ura
y on real datasets. Sin
e topologi
al a

ura
y isso important, simulations have be
ome a standard methodology for evaluating the a

ura
yof phylogeneti
 re
onstru
tion methods.There are, however, distin
t issues (and disadvantages) in using simulation studies. Themost 
ompelling of these issues is that the mathemati
al models used to de�ne the evolu-tionary pro
esses are not nearly as 
omplex as those that operate on real organisms andgenomes; thus, inferen
es about a

ura
y of re
onstru
tion methods must be taken with a
ertain amount of salt, metaphori
ally speaking. Additionally, to the extent that simula-tions are used to evaluate running times for heuristi
s for hard optimization problems, thelands
ape produ
ed by these models are also smoother (easier to navigate and �nd optimalsolutions) than the lands
apes of real datasets. All in all, however, simulations are impor-tant (otherwise we 
an rarely, if ever, have a real ben
hmark), and have 
hanged pra
ti
e
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onstru
tion 1-21within mole
ular systemati
s dramati
ally.1.4.2 Phylogeneti
 re
onstru
tion on mole
ular sequen
esVarious numeri
 optimization problems have been formulated for phylogeny re
onstru
tion,of whi
h a few have re
eived signi�
ant support by the systemati
 biology 
ommunity; theseare Maximum Parsimony, Maximum Likelihood, and (in a disguised form) Maximum Inte-grated Likelihood. While systematists do not generally agree whi
h of these optimizationproblems is the most appropriate, all of these are of interest to a sizeable 
ommunity. Unfor-tunately, these are hard problems (MP and ML provably NP-hard), and so exa
t solutionsare not generally feasible ex
ept for suÆ
iently small datasets.Heuristi
 sear
hes for MP and MLHeuristi
s for MP and ML (largely based upon hill-
limbing) are in very broad use inthe systemati
s user 
ommunity, and seem to provide quite a

urate solutions on small tomoderate sized datasets. These heuristi
s di�er from ea
h other in various ways, but mostuse the same set of transformations for moving from one tree to another. First, a fastmethod (neighbor joining, or a greedy insertion of taxa into a tree to optimize MP or ML)is used to obtain an initial tree. Then, a neighborhood of the tree is examined, and ea
htree s
ored with respe
t to the obje
tive 
riterion (MP or ML). If a better tree is found, thesear
h 
ontinues from the new tree; otherwise, the 
urrent tree is a lo
al optimum and thesear
h may terminate. Some heuristi
s in
lude additional te
hniques in order to get out oflo
al optima. The Rat
het [47℄ is one of the most su

essful of these te
hniques for gettingout of lo
al optima; it randomly perturbs the sequen
e data, and then hill-
limbs from the
urrent tree (but using the perturbed data to s
ore ea
h visited tree) until a lo
al optimumis found. Then the data are returned to their original values, and the hill-
limbing resumes.It should be 
lear from the des
ription that these methods may not terminate in anya

eptable time period, espe
ially if randomness is in
luded; thus, the systematist mustde
ide when the sear
h has gone on long enough.The best of these heuristi
s, as implemented in the popular software pa
kages PAUP*[75℄, TNT [22℄, and others, are quite e�e
tive at produ
ing good MP analyses on evenfairly big datasets (
ontaining a few hundred sequen
es), provided enough time is allotted.The limit for maximum parsimony analyses using 
urrently available software is probably1,000 taxa, and maximum likelihood analyses are probably limited to 100 (or fewer) taxa.(Bayesian MCMC methods are reputed to be able to do well on large datasets, but as it isnot 
lear how to evaluate the performan
e of these methods, this needs additional study.)However, with lowered 
osts, automation, and worldwide a

umulation of DNA sequen
edata, systematists now attempt to re
onstru
t phylogenies on ever larger datasets; manyphylogeneti
 datasets now have easily above a thousand sequen
es. These datasets are mu
hharder to analyze well in a \reasonable" time (of perhaps a few days or even a few weeks),by 
omparison to smaller datasets.Thus, in general, large-s
ale phylogeneti
 analysis is quite diÆ
ult to do in a reasonableamount of time, and mu
h of the fo
us of algorithm development (and of our dis
ussion) ison developing better heuristi
s { ones that 
an provide suÆ
ient analyses on large datasetsin a matter of days rather than months or years. However, sin
e MP and ML sear
hes 
antake a long time to �nd optimal solutions, it is also important to be able to assess when itis safe to stop sear
hing for better trees. The 
urrent te
hnique is to run the analysis untilit seems to have 
onverged. However, it is very diÆ
ult to establish 
onvergen
e, and thereis 
learly a real possibility that the method has not 
onverged so mu
h as slowed down
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ally with respe
t to �nding improved s
ores.Thus, a natural 
ombinatorial optimization problem that is also relevant to pra
ti
e is toobtain better bounds for MP and ML. If good lower bounds 
ould be obtained, these 
ouldbe used to evaluate how 
lose to optimal a 
urrent best tree is, and that in turn 
ould beused to evaluate whether it was reasonably safe to stop running the heuristi
 sear
h.Maximum ParsimonyWe begin with MaximumParsimony, whi
h is the simplest of these optimization problems.Heuristi
s for this problem have been used to 
onstru
t perhaps the majority of publishedphylogenies, and so MP is a major approa
h to phylogeny estimation. However, optimalsolutions to MP may not be 
orre
t re
onstru
tions of evolution. There is no guaranteethat MP will yield a 
orre
t solution, even given in�nitely long sequen
es be
ause MP isnot statisti
ally 
onsistent in general. Still, MP is an important problem, and improvedalgorithms for MP would represent an important advan
e for 
omputational phylogeneti
s.The Maximum Parsimony Sear
h Problem:� Input: Set S of sequen
es, ea
h of length k, in a multiple alignment� Output: Tree T leaf-labeled by S and with additional sequen
es, all of length k,labeling the internal nodes of T , so as to minimizeX(u;v)2EH(su; sv);where su and sv denote the sequen
e labeling the nodes u and v, respe
tively,H(x; y) denotes the Hamming distan
e between x and y, and E denotes theedge set of T . (The Hamming distan
e between two sequen
es is the number ofpositions in whi
h they di�er.)MaximumParsimony (MP) is thus the Hamming distan
e Steiner Tree problem. AlthoughMP is NP-hard [19℄, it, like Steiner Tree problems in general, 
an be approximated. Also,although �nding the best tree is NP-hard, it is possible to s
ore a given �xed tree in lineartime (i.e., it is possible to 
ompute sequen
es at the internal nodes of a given �xed tree soas to minimize the total number of steps in O(rnk) time, where there are n sequen
es ea
hof length k, ea
h over an alphabet of size r), using the well known Fit
h-Hartigan algorithm[18℄. Therefore, �nding the best MP trees 
an be solved exa
tly through te
hniques su
has exhaustive sear
h and bran
h-and-bound, but su
h te
hniques are limited to about 25 or30 taxa, sin
e the number of trees on n leaves is (2n � 5)!!. For larger datasets, heuristi
sear
h te
hniques are used to analyze essentially all datasets of interest to systematists. Onmoderate sized datasets (up to a few hundred sequen
es) these heuristi
s probably workquite well (though there are no theoreti
al guarantees bounding the error of these heuristi
s),but mu
h less is understood about their performan
e on larger datasets, espe
ially datasetswith more than a thousand sequen
es.Resear
h questions for MPIn addition to the general 
hallenges we dis
ussed earlier in the 
ontext of both MP andML, there are many resear
h questions of parti
ular relevan
e to MP. One question thatis parti
ularly intriguing is to explain, mathemati
ally, why MP is as good as it is. Thatis, statisti
al theory has established that MP is not a statisti
ally 
onsistent method foreven simple DNA sequen
e evolution models, and so 
annot be guaranteed to re
onstru
tthe true tree (with high probability) even on extremely long sequen
es. Yet MP's perfor-man
e in simulation studies (when the model trees are suÆ
iently large and biologi
al) is
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learly not bad. In some 
ases, it 
an be better than statisti
ally 
onsistent methods likeneighbor joining, and 
omparable to ML. Why? There must be some theory to explain thisphenomenon.Maximum LikelihoodThe usual maximum likelihood problem in phylogeneti
s is to �nd a tree and its asso
iatedparameters so as to maximize the probability of the observed data. Sin
e sto
hasti
 modelsdi�er a

ording to the parameters that must be spe
i�ed (and those that are �xed forthe model), the use of a maximum likelihood analysis requires that the sto
hasti
 modelof evolution already be expli
itly spe
i�ed. While the model 
hoi
e de�nitely a�e
ts therunning time of the software for �nding the best ML trees (the more parameters in the modelthat must be estimated, the more 
omputationally intensive), in essen
e the mathemati
sof ML estimation does not 
hange between the simplest model (JC) and the most 
omplexof the standard models (the GTR model). Thus, we will dis
uss Maximum Likelihoodestimation under the JC model.Re
all that, like all of the standard models, the JC model assumes that the sites evolveidenti
ally and independently down a tree T , and that the state of ea
h site at the rootof T is drawn from a given distribution (usually the uniform distribution or a distributionestimated from the dataset). The model is then simply de�ned in terms of the evolutionof a single site. The main feature of the JC model is that it asserts that if a site 
hangeson an edge e, it 
hanges with equal probability to the remaining states. Thus, the entireevolutionary model 
an be des
ribed by the pair (T; p), where T is a rooted tree, and p isa fun
tion p : E(T )! (0; 3=4), so that p(e) is the substitution probability on edge e.On
e a model tree (that is, the tree T and its asso
iated parameters as de�ned by thefun
tion p) is spe
i�ed, it is possible to de�ne the probability Pr[SjT; p℄ of a given set S ofsequen
es pla
ed at the leaves being generated by the model tree (T; p). Furthermore, thisquantity 
an be 
al
ulated in polynomial time, using dynami
 programming [16℄.The ML s
ore of a �xed treeLet T be a �xed tree. The s
ore of the tree under ML (for a given model) is de�ned to bes
oreML(T ) = suppfPr[SjT; p℄g. Note that we have used the supremum, indi
ated by sup,instead of the maximum. This is be
ause the maximum may not exist, but the supremumwill (be
ause the set fPr[SjT; p℄g is bounded from above by 1).Maximum Likelihood for the Jukes-Cantor model:We now de�ne the ML sear
h problem, again in the 
ontext of the Jukes-Cantor model(though the de�nitions and dis
ussion extend in the obvious way to models with moreparameters).The obje
tive in an ML sear
h is to �nd the tree with the highest ML s
ore; however, thisoptimal solution may not exist, be
ause the set is not 
losed (in the same sense in whi
h we
an say there is no largest number in the open interval (0; 3=4)). Therefore we will state theML problem as a de
ision problem (i.e., does there exist a solution of at least s
ore B?).� Input: A set S of sequen
es, ea
h of the same length, and a value B.� Output: A model tree (T; p) (where p : E(T ) ! (0; 3=4) de�nes the substitutionprobabilities on the edges of T ) su
h that Pr[SjT; p℄ � B (if su
h a model treeexists); otherwise, FAIL.From a 
omputational viewpoint, ML is very diÆ
ult. Solving ML tree under the Jukes-Cantor model is NP-hard [11℄ (and 
onje
tured NP-hard under the other models), and
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ti
e than MP. Worse, even the problem of �nding the optimal parameters for a�xed tree is potentially NP-hard, even for trees with only four leaves! Existing approa
hes to�nd optimal parameters on a �xed tree, whi
h utilize hill-
limbing on the �nite dimensionalreal-parameter spa
e, are not known to solve the problem exa
tly [69℄. Note that the usualexhaustive sear
h strategy isn't feasible, sin
e this optimization is over a 
ontinuous spa
erather than a dis
rete spa
e.Resear
h questions for MLWhile ML and MP are 
learly di�erent, both ML and MP share the same sear
h-spa
eissues, and so heuristi
s that improve te
hniques for sear
hing through \treespa
e" will helpspeed up both ML and MP analyses. Thus, many of the questions that we dis
ussed in the
ontext of MP apply here as well. However, ML has some additional 
hallenges that arenot shared by MP, and whi
h make ML analyses additionally 
hallenging.The main 
hallenge is 
omputing the ML s
ore of a given tree T ; in pra
ti
e, this amountsto �nding parameter settings that will produ
e (up to some tolerated error) the maximumprobability of the data. The 
omputational 
omplexity of this problem is open, and 
urrentte
hniques use hill-
limbing strategies whi
h may not �nd global optima [69℄. By 
ontrast,the 
orresponding problem for MP (
omputing the \length" of a �xed tree) 
an be solved inlinear time using dynami
 programming. Thus, parameter estimation on a given tree is thereal bottlene
k for ML sear
hes. In fa
t, this is su
h a time-
onsuming step in ML sear
hes,that the popular heuristi
s for ML do not a
tually try to �nd optimal parameters on everytree, but only on some. The 
ost of 
omputing these optimal parameters is just too high.Consider then the possibility of not 
omputing the optimal parameters. Instead, supposewe 
ould qui
kly 
ompute an upper bound on the ML s
ore of the tree (that is, the proba-bility of the data under the best possible settings of the parameter values). If we 
ould dothis, eÆ
iently, we might be able to speed up solutions to ML. That is, during the heuris-ti
 sear
h through treespa
e, instead of performing the 
omputationally intensive task of
omputing optimal parameters on a tree we visit, we would simply 
he
k that the upperbound we have on its s
ore is at least as big as our 
urrent best s
ore. If it is not, we 
aneliminate this tree from 
onsideration. In this way, we 
an (rigorously) sele
t those treeswhi
h are worth a
tually spending the time to s
ore exa
tly, and thus potentially speed upthe sear
h.Closely related to this is the question of simply 
omparing two trees for their possibles
ores, rather than s
oring either one. Consider the following question:For �xed phylogeneti
 trees T1 and T2 on set S; iss
oreML(T1) > s
oreML(T2)?Suppose we 
ould answer this question in a fra
tion of the time it takes to �nd the optimalparameters on a tree (i.e. faster than it takes to a
tually 
ompute s
oreML(T ). In this 
ase,we 
ould also traverse tree spa
e more qui
kly, and thus get improved solutions to ML.The 
hallenge in these approa
hes is to be able to make these 
omparisons rigorouslyand eÆ
iently, rather than in an ad ho
 fashion. In addition, the obje
tive is to obtain anempiri
al advantage, and not just a theoreti
al one.MrBayes, and other Bayesian MCMC methodsIt should be 
lear that Bayesian MCMC methods are not trying to solve maximumlikelihood in the sense we have de�ned, whereby the model tree (that is, the tree withparameter values) is returned that maximizes the probability of the data. However, thereis a kind of maximum likelihood problem whi
h Bayesian MCMC methods 
an be used to
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tion 1-25solve. This problem is the \maximum integrated likelihood" problem, des
ribed in [71℄,and whi
h we now de�ne. Re
all that if we are given a set S of sequen
es and a model treeT with an assignment p of the parameter values to the tree, we 
an 
ompute Pr[SjT; p℄ inpolynomial time. Thus, for a �xed tree T , we 
an de�ne the \integrated likelihood" of Tto be the integral of this quantity, over all the possible parameter settings. In other words,the integrated likelihood of a tree T , whi
h we denote IL(T ), is de�ned byIL(T ) = Z Pr[SjT; p℄dF (pjT );where F (pjT ) is the distribution fun
tion of the parameters p on T . In general, (F (pjT ))has a probability density fun
tion f(pjT ), so that we 
an write this asIL(T ) = Z Pr[SjT; p℄f(pjT )dp:The tree T whi
h has the maximum possible integrated likelihood value is 
alled the\maximum integrated likelihood tree". The maximum integrated likelihood tree has manydesirable properties, some of whi
h are quite surprising [69℄. In parti
ular, as Penny andSteel [69℄ point out, the integrated likelihood of a tree T is proportional to its posteriorprobability.Despite the popularity of MrBayes [33℄ and other Bayesian MCMC methods, not mu
his known about how to run the methods so as to obtain good analyses, nor about how toevaluate the performan
e of a Bayesian MCMC method. By 
ontrast, mu
h more is knownabout MP and ML. Consider, for example, the question of how to evaluate the performan
eof a heuristi
 for MP or ML. We 
an assemble ben
hmark datasets, and we 
an analyzeea
h dataset using various heuristi
s, and re
ord the best s
ore found by ea
h heuristi
under various 
onditions. This is a legitimate way to 
ompare methods, provided that the
onditions are identi
al.Some systematists use Bayesian MCMC methods as heuristi
s for ML; rather than us-ing the normal output (i.e., posterior probabilities), they simply return either the mostfrequently visited tree, or the model tree whi
h had the best likelihood s
ore. If BayesianMCMC methods are used in this way, then it is reasonable to use the same methodologyfor evaluating ML methods to evaluate Bayesian MCMC methods. But this is not whatBayesian MCMC methods are really designed for { they produ
e posterior distributions ontrees, not single trees with s
ores. Therefore, how should we evaluate a Bayesian MCMCmethod? To do this, we need to know what the \
orre
t" output should be, and failingthat, whether one posterior distribution is better than another.Resear
h questions for Bayesian MCMC methodsThe most fundamental problem for Bayesian MCMC is to be able to say what the \
or-re
t" output is, and to be able to analyti
ally 
ompute that (even if it would take a longtime to obtain an answer). Re
all the observation made earlier that the integrated like-lihood of a tree T is proportional to its posterior probability, if the MCMC method wereto rea
h the stationary distribution. Hen
e, if we 
an 
al
ulate the integrated likelihoodof ea
h tree exa
tly, we 
an a
tually evaluate the a

ura
y of a Bayesian MCMC method.The question then be
omes: how 
an we 
al
ulate this integral exa
tly? On
e again, thisseems diÆ
ult, and the problem is that we are trying to 
al
ulate something that is in amulti-dimensional 
ontinuous spa
e, not a dis
rete spa
e.The diÆ
ulty in how to evaluate the output of a MCMC method is part of both theappeal and the problem with using MCMC methods { if there is no expli
it way to evaluate
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e �nishing qui
kly) is potentiallya

eptable. On the other hand, if one wishes to be more 
onservative about the use of thiste
hnology, it be
omes ne
essary to have tools for evaluating how long one should take forthe burn-in period, before sampling from what is hoped to be the stationary distribution.Thus, two algorithmi
 resear
h problems that present themselves in the 
ontext of MCMCmethods are (1) developing analyti
al te
hniques for obtaining bounded-error estimations ofthe integrated likelihood of �xed trees, and (2) determining when a suÆ
ient amount of timehas elapsed so that the burn-in period 
an be 
onsidered 
omplete and the sampling of trees
an begin. It is easy to approa
h these problems using ad ho
 te
hniques; the 
hallenge hereis (if possible) to develop te
hniques with a �rm theoreti
al foundation. More generally, of
ourse, designing new MCMC methods with better 
onvergen
e rates is always bene�
ial.1.4.3 Multiple Sequen
e Alignment (MSA)MSA remains one of the most signi�
ant open problems related to phylogeny estimation,with no really satisfa
tory software. One of the major 
hallenges for the algorithms designerin developing better MSA methods is that no obje
tive 
riterion for MSA has been metwith general a

eptan
e in the phylogeny resear
h 
ommunity. Instead, MSA methods(espe
ially MSA methods for protein sequen
es) are evaluated with respe
t to a

ura
yon spe
i�
 real datasets for whi
h 
orre
t stru
tural alignments are known. This makesthe development of improved methods for MSA diÆ
ult to a
hieve sin
e the stru
tures ofmost mole
ular sequen
es are not known in advan
e, and the alignment must be obtainedwithout that knowledge. Furthermore, as noted above, a 
orre
t stru
tural alignment maynot produ
e an alignment that maximizes positional homology (i.e., stru
tural alignmentsneed not produ
e a set of 
olumns where ea
h 
olumn has 
hara
ter states that are theresult of a 
ommon evolutionary history for those 
hara
ter states). Sin
e datasets whereanalyses based upon these di�erent optimality 
riteria 
an lead to di�erent alignments do
ome up in pra
ti
e, the 
urrent approa
hes for MSA are inadequate for the purposes ofphylogeneti
 re
onstru
tion.The rest of this se
tion will des
ribe two numeri
 optimization problems that have beensuggested for MSA. Ea
h of these optimization problems de�nes the 
ost of a given multiplealignment on the basis of a set of pairwise alignments. Therefore, we begin by des
ribinghow pairwise alignments are s
ored.Pairwise alignmentsTypi
ally, the 
ost of a pairwise alignment depends upon the number of ea
h type ofsubstitution, and the number and length of the gaps in the pairwise alignment. The 
ostof ea
h type of substitution is given by a substitution 
ost matrix whi
h 
an be quitearbitrary, although there are standard matri
es used in the 
ommunity. The 
ost of a gapis more 
ompli
ated. In general, \aÆne gap penalties" are the most frequently used. Thesepenalties are of the form C0 + C1(l � 1), where l is the length of the gap, and C0 and C1are two positive real numbers. In general, C1 is mu
h less than C0, re
e
ting the modelassumption that initiating a gap is harder to do than extending a gap. Note also that if weallowed C0 =1, then no gaps would be permitted, and so aÆne gap penalties 
an be usedto model various model 
onditions.Given any su
h fun
tion for the 
ost of a pairwise alignment, we 
an then de�ne the ob-vious optimization problem { given two sequen
es, �nd the pairwise alignment of minimum
ost. The pairwise alignment problem 
an be solved in polynomial time (standard dynami
programming te
hniques give an O(mn) time algorithm when the 
ost fun
tion uses an
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tion 1-27aÆne gap penalty, where m and n are the lengths of the two sequen
es).Consider now a multiple alignment A on the set S = fs1; s2; : : : ; sng, and 
onsider twosequen
es si and sj in S. The pairwise alignment indu
ed by A on sequen
es si and sj isobtained by examining the alignment A, and restri
ting the attention to just the ith andjth rows. We denote this indu
ed pairwise alignment by A(si; sj). Then if we are given a
ost fun
tion f(�; �) on pairwise alignments, we 
an extend it to any multiple alignment inthe obvious way: simply s
ore every indu
ed pairwise alignment, and add up the s
ores.We formalize this as follows:Sum-of-Pairs (SOP) alignment� Input: A set S = fs1; s2; : : : ; sng, of sequen
es and a fun
tion f(�; �) for 
omputingthe 
ost of a given pairwise alignment between two sequen
es.� Output: A multiple alignment A on S su
h that Pi;j f(A(si; sj)) is minimized.This natural optimization problem is NP-hard to solve exa
tly [34℄, but 
an also beapproximated. Despite its natural appeal, it has no demonstrated 
onne
tion to evolution.Therefore, 
onsider the following alternative way of looking at multiple sequen
e alignments.This problem (a spe
ial 
ase of whi
h was introdu
ed in [64℄) 
an be seen as an extensionof the maximum parsimony optimization problem in whi
h we allow for insertions anddeletions of substrings during the evolutionary pro
ess.Generalized Tree Alignment (GTA)� Input: A set S of sequen
es and a fun
tion f(�; �) for 
omputing the 
ost of agiven pairwise alignment between two sequen
e.� Output: A tree T whi
h is leaf-labeled by the set S and with additional sequen
eslabeling the internal nodes of T , so as to minimizeX(v;w)2E f(Aopt(sv ; sw));where sv and sw are the sequen
es assigned to nodes v and w respe
tively andE is the edge set of T .It is easy to see that the Generalized Tree Alignment (GTA) problem is NP-hard, sin
e thespe
ial 
ase where gaps have in�nite 
ost (and hen
e are not permitted) is the maximumparsimony (MP) problem, whi
h is NP-hard. The �xed tree version of GTA is also ofinterest, and has re
eived as mu
h attention as the Generalized Tree Alignment problem.We now des
ribe this.Tree Alignment� Input: A tree T leaf-labeled by a set S of sequen
es and a fun
tion f(�; �) for
omputing the 
ost of a given pairwise alignment between two sequen
es.� Output: An assignment of sequen
es to the internal nodes of T so as to minimizeX(v;w)2E f(Aopt(sv ; sw));where sv and sw are the sequen
es assigned to nodes v and w respe
tively andE is the edge set of T .



1-28Unfortunately, Tree Alignment is also NP-hard [81℄. Algorithms whi
h return provablyoptimal solutions for the Tree Alignment problem have been developed for the 
ase wherethe fun
tion f(�; �) uses an aÆne gap penalty, but these run in O(
nkn) time, where 
 is a
onstant, k is the maximum sequen
e length, and n is the number of leaves in the tree [37℄;thus, exa
t solutions to Tree Alignment are 
omputationally infeasible ex
ept for extremelysmall trees with short sequen
es. Approximation algorithms for the problem have also beendeveloped. One of the simplest of the approximation algorithms is the 2-approximationalgorithm in [26℄, whi
h 
an be used with arbitrary fun
tions f(�; �) that satisfy the triangleinequality). For the 
ase of aÆne gap penalties, a PTAS (polynomial time approximations
heme) has also been developed [82℄. However, be
ause all the approximation algorithmswith good ratios are 
omputationally intensive (even on small datasets!), they are not usedin pra
ti
e. (Gus�eld, however, suggests using the 2-approximation in [26℄ in order toobtain lower bounds on a
hievable alignment 
osts, rather than to a
tually estimate a goodalignment!)Heuristi
s for either the Generalized Tree Alignment problem (in whi
h the tree is notknown) or the Tree Alignment problem (when the tree is assumed) have also been developed,and there is still a lively interest in this area (see [21, 26, 37, 56, 65, 57, 82, 86℄). However,the performan
e of these methods is still not well understood, and the standard pra
ti
e bymost systematists is still to use a method su
h as ClustalW to obtain an alignment, andthen to infer a tree on the basis of the alignment.Maximum likelihood and Bayesian approa
hes 
an also be used for phylogeneti
 multiplesequen
e alignment, but these require an expli
it model of evolution whi
h in
orporatesinsertions and deletions (and perhaps also dupli
ations) as well as site substitutions. Somesu
h models exist, but ML and Bayesian methods based upon these models are extremely
omputationally intensive, and are unlikely to s
ale; see [31, 42, 58, 67, 73, 78, 79℄ for somework in this area.Resear
h questions for MSAThe main 
hallenge here, from the point of view of phylogeneti
 estimation, is developingMSA te
hniques that are appropriate for phylogeneti
 re
onstru
tion, so that a

uratetrees 
an be obtained when the input data are not yet aligned. To establish su
h a method,however, better models of sequen
e evolution (ones that in
lude events that make a multiplealignment ne
essary) need to be developed, so that methods 
an be tested on simulateddata. Su
h events in
lude dupli
ations of genes, insertions and deletions of DNA regions,and large-s
ale events su
h as inversions and transpositions. Realisti
 simulators shouldin
orporate all these events, while still keeping the 
exibility of the standard DNA sequen
emodels whi
h do not enfor
e mole
ular 
lo
ks or 
onstant rates a
ross sites. No simulatoravailable today has all the 
exibility needed to be of real use in testing alignment algorithms.Until we 
an test methods in simulation, we will not know if trying to optimize the treelength (i.e., trying to solve the Generalized Tree Alignment problem) will produ
e bettertrees from unaligned sequen
es. It is possible that we may need to 
ome up with di�erentoptimality 
riteria in order to best 
onstru
t trees and alignments simultaneously.Thus, there are really two main 
hallenges: �rst, to develop good sto
hasti
 modelsthat re
e
t the properties of real datasets, and then to develop methods for alignment(and perhaps simultaneous alignment and phylogeny re
onstru
tion) that enable a

uratephylogenies to be inferred. The general 
hallenge of developing better, more biologi
allyrealisti
, models of evolution applies to all aspe
ts of phylogeneti
 inferen
e.
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onstru
tion 1-291.4.4 Spe
ial 
hallenges involved in large-s
ale phylogeneti
sSin
e most approa
hes for estimating phylogenies involve solving hard optimization prob-lems, phylogeny re
onstru
tion is generally 
omputationally intensive, and the larger thedataset the more 
omputationally 
hallenging the analysis. This is the obvious 
hallengein analyzing large datasets. But 
ertain other problems be
ome parti
ularly diÆ
ult whenlarge datasets are analyzed. In parti
ular, as mentioned before, assessing 
on�den
e inestimated phylogenies using bootstrapping be
omes infeasible, unless fast re
onstru
tionmethods are used instead of 
omputationally intensive ones.Another 
hallenge that 
omes up is storing and analyzing the set of best trees foundduring an analysis. Even for moderate sized datasets this 
an be a large number (runningin the thousands), and the number of best trees for larger datasets may 
on
eivably run intothe millions. How to store these datasets in a spa
e-eÆ
ient manner, and so that 
onsensusmethods and other datamining te
hniques 
an be applied to the set, is still largely an openproblem. (See [4℄ for some progress on this problem.)Finally, with datasets 
ontaining many taxa, the in
iden
e of missing data and diÆ
ultmultiple sequen
e alignments in
reases, thus making the usual approa
hes to phylogenyestimation diÆ
ult. In these 
ases, the systematist may wish to 
onsider approa
hes forphylogeny re
onstru
tion whi
h �rst divide the full data matrix into smaller (probablyoverlapping) subsets (whi
h may have less missing data, or be easier to align); su
h subsetsshould be easier to analyze phylogeneti
ally. These smaller trees on subsets of the taxa maythen be used in a supertree analysis (the subje
t of the next se
tion) in order to obtain aphylogeny on the full dataset.1.5 Spe
ial topi
: Supertree methods1.5.1 Introdu
tionSupertree methods attempt to estimate the evolutionary history of a set S of sequen
esgiven estimates of evolutionary history for subsets of S. Thus, supertree methods take asinput a 
olle
tion of trees (whi
h may be rooted or unrooted, depending upon the methodused to estimate evolution), and they produ
e a tree on the union of all the input leaf sets.Supertree methods may be 
riti
al to the inferen
e of the \Tree of Life" (although otherapproa
hes do exist, whi
h we dis
uss below), and for this reason there is an in
reasinginterest in the resear
h 
ommunity on understanding these methods. See, for example, [3℄,a volume fo
using on supertree methods, their analyses, and dis
ussions of the bene�ts andpitfalls of these approa
hes.Supertree methods 
an be used in an exploratory fashion, to see (for example) what 
anbe inferred just by 
ombining phylogenies from previously published analyses. However,sometimes a biologist has a dataset that suggests the use of a supertree analysis, dueto properties of the data themselves. For example, re
all that systematists routinely usemultiple markers for phylogeneti
 re
onstru
tion. Even if the markers are 
onsidered to belikely to produ
e 
ompatible trees (i.e., if reti
ulation and gene tree/spe
ies tree 
on
i
tshave been ruled out), when there are enough missing data, ea
h marker may only be relevantfor a subset of the taxa. When this happens, ea
h marker may be analyzed separately, withthe result being that a di�erent tree is obtained for ea
h marker. Sin
e the trees will nothave identi
al leaf sets, in order to obtain a tree on the entire dataset, a supertree methodis then applied. We 
all this type of use of supertree methods (when only the trees are usedto 
onstru
t the supertree, and not the 
hara
ter matri
es as well) meta-analysis.Thus, in some 
ases the original 
hara
ter datasets are available, but in others only the
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hara
ter datasets are available, supertree methodsare not the only option { supermatrix analyses (where the di�erent matri
es for ea
h markerare 
ombined into one data matrix) 
an also be 
onsidered. If the submatri
es do not allshare the same taxa, then some 
hara
ters will be missing states for some taxa. In this
ase, when the supermatrix is 
reated, the missing entries are simply 
oded as \missing".Phylogeny re
onstru
tion methods are generally adapted for su
h data, sin
e missing dataare fairly 
ommon, and so the newly 
reated supermatrix 
an then be given as input to aphylogeneti
 re
onstru
tion method. (In this 
ase, however, a re
onstru
tion method maykeep tra
k of the way the new supermatrix is 
omposed of submatri
es, so that di�erentsto
hasti
 models 
an be used on the di�erent parts of the supermatrix during the estimationof the phylogeny.)Supertree methods may also be used as part of a divide-and-
onquer strategy whereby adataset is de
omposed into smaller, overlapping datasets, trees are re
onstru
ted on ea
hsubset, and then the smaller trees are merged into a tree on the full dataset. (See the
hapter on large-s
ale phylogeneti
 analysis in this volume, and also [60℄, for more on thiskind of appli
ation of supertree methods.)Ea
h of these uses of supertree methods entails somewhat di�erent algorithmi
 
hallenges.Supertree methods designed for use in arbitrary meta analyses need to be able to a

eptarbitrary inputs (and perform well on them). However, supertree methods used in the
ontext of a divide-and-
onquer strategy need not be designed to handle (or perform wellon) arbitrary inputs, sin
e the input trees 
an be assumed to have 
ertain overlap patterns(sin
e the divide-and-
onquer strategy 
an produ
e subset de
ompositions that are favorableto the supertree method).The utility of a supertree method must always be 
onsidered in 
omparison to the obvioussupermatrix analysis; both approa
hes have theoreti
al advantages and disadvantages, andthe relative quality of these approa
hes is not yet known. Note, however, that a supermatrixapproa
h is not always possible; sometimes only the trees are available, and not the original
hara
ter data.1.5.2 Tree CompatibilityThe most obvious 
omputational problem related to supertree 
onstru
tion is to determineif a 
olle
tion of trees is 
ompatible, and if so, to 
onstru
t a supertree 
onsistent with allthe input trees. We now make these 
on
epts pre
ise.TerminologyLet T and T 0 be two trees on S. Then T is said to re�ne T 0 if T 0 
an be obtained from Tby a sequen
e of edge-
ontra
tions. Thus, every tree re�nes the star-tree on the same set ofleaves, and if T re�nes T 0 and both are binary trees (or more simply have the same numberof edges), then T = T 0. Finally, trees T and T 0 on the same leaf set are 
ompatible if thereis a tree T 00 su
h that T 00 re�nes both T and T 0. Note that if T 00 exists, it may be equal toT or T 0.These de�nitions 
an be extended to the 
ase where the input trees are not on the sameleaf set, by 
onsidering trees restri
ted to subsets of their leaf sets. We 
an restri
t a tree Tto a subset A of its leaves in the obvious way: in
luding only the subtree of T 
onne
tingthe leaves in A and suppressing nodes of degree two. The resultant tree is denoted by TA.We now de�ne tree 
ompatibility.



An overview of phylogeny re
onstru
tion 1-31Tree 
ompatibility� Input: Set T = fT1; T2; : : : ; Tkg of trees on sets S1; S2; : : : ; Sk, respe
tively.� Output: Tree T , if it exists, su
h that for ea
h i, T jSi re�nes Ti.The tree 
ompatibility problem is NP-hard [68℄, and so is diÆ
ult to solve. Furthermore,its relevan
e to pra
ti
e is questionable, as almost all phylogeneti
 analyses have someerrors, and so most inputs to a supertree problem will simply not be 
ompatible.Now 
onsider the 
ase where the input trees are rooted. In this 
ase, we are looking fora rooted supertree whi
h is 
onsistent with all the inputs { thus, the rooted trees must be
orre
t with respe
t to the lo
ation of their roots, as well as topologi
ally. On
e again,we 
an ask if the problem is 
omputationally tra
table and relevant to pra
ti
e. Here, theanswers are as follows. First, the rooted 
ompatibility problem is solvable in polynomialtime [1℄. However, sin
e inputs to the (unrooted) tree 
ompatibility problem are unlikelyto be 
ompatible, inputs to the rooted 
ompatibility problem are even less likely to be
ompatible { therefore, the problem is not parti
ularly relevant to pra
ti
e.1.5.3 Matrix Representation ParsimonySin
e estimates of evolutionary trees may not be 
ompletely 
orre
t, supertree methodsneed to be able to handle in
ompatibility in their inputs. Fortunately, there are approa
hesfor 
onstru
ting supertrees from in
ompatible trees. The most popular method is MatrixRepresentation Parsimony (MRP). This method 
an be applied to rooted or unrooted trees,and uses maximum parsimony to analyze the data matrix that it 
reates. The te
hniqueused to 
reate the data matrix depends upon whether the trees are rooted or unrooted.If the trees are unrooted, then ea
h input tree is repla
ed by a data matrix of partialbinary 
hara
ters on the entire set of taxa, where by \partial binary 
hara
ter" we mean
hara
ters whose states are 0, 1, and ?, where the ? indi
ates that the state is missing forthat taxon. An example will make this 
lear. Let T be one of the trees, and let T have leafset A � S. Let e 2 E(T ) be an edge in T , and let A0jA1 be the bipartition on A 
reatedby deleting e (but not its endpoints) from T . Then e is represented by the partial binary
hara
ter 
e de�ned by 
e(a) = 0 if a 2 Ai, i = 0; 1, and 
e(s) =? if s 2 S � A. Note that
e 
an be de�ned in two ways, depending upon the de�nition of A0 and A1; however, thisis irrelevant to the 
omputation that ensues. Thus T is repla
ed by the data matrix on Swith 
hara
ter set f
e : e 2 E(T )g. We represent ea
h tree in the pro�le by its data matrix,and 
on
atenate all the data matri
es.The same representation is used for rooted trees, ex
ept that the 
hara
ters 
e are de�nedin su
h a way that the part of the tree 
ontaining the root is assigned the zero state. Also,an additional row 
onsisting of all zeros is added to the data matrix that is 
reated torepresent the root, and the trees that are obtained are rooted at this added node. In thisway, MRP 
an be used to analyze either unrooted or rooted trees.This 
on
atenated data matrix is then analyzed using maximum parsimony, and theoutput of the maximum parsimony method is returned (this 
an either be all the optimaltrees, or a 
onsensus of the optimal trees, as desired). Note that if all the trees are 
ompatible(meaning that they 
an be 
ombined into one supertree T without loss of a

ura
y), thenthis te
hnique will 
onstru
t the 
orre
t supertree (along with any other supertree whi
h is
onsistent with all the input trees). However, be
ause MRP involves solving an NP-hardproblem, its running time is not generally eÆ
ient. Furthermore, most inputs will havesome error, and it is not 
lear how errors in the input trees a�e
t the quality of the MRPtree. Thus, despite the ni
e theoreti
al property of MRP, its performan
e in pra
ti
e is less
lear.
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h 
an handle unrooted or rooted treeswhi
h have errors. For example, Gordon's stri
t 
onsensus supertree [23℄ method is aninteresting method, but not in general use. Another method quite similar to Gordon's stri
t
onsensus supertree method is used in the \Disk-Covering Methods" (DCMs) des
ribed inthis volume. These DCMs are divide-and-
onquer methods used to speed up maximumparsimony analyses, as well as improve other phylogeneti
 re
onstru
tion methods. Bothof these supertree methods are guaranteed to solve tree 
ompatibility if the input trees are\big enough" (i.e. have enough overlap) and are 
orre
t.1.5.5 Open problemsDespite the potential for supertree methods to be useful, and the interest in them (seethe book 
hapter in this volume on supertrees, and also [3℄), little is really known abouthow well they work on real data analyses. Thus, the main resear
h that needs to be doneis to evaluate how well they work in 
omparison to ea
h other, and also in 
omparison tosupermatrix approa
hes. In the likely event that 
urrent approa
hes are not able to produ
ehigh quality supertrees, new methods should be developed. As a �rst step, it is likely thatnew optimization problems should be developed. As these are likely to be NP-hard (as isalmost everything in phylogeny estimation), heuristi
s for these problems will need to bedeveloped.1.6 Spe
ial topi
: Genomi
 phylogeny re
onstru
tionIn the previous se
tion we des
ribed phylogeneti
 inferen
e when the input is a set ofaligned mole
ular (DNA, RNA, or amino-a
id) sequen
es. In this se
tion, we will dis
ussphylogeneti
 inferen
e for a di�erent kind of data { whole genomes, in whi
h the informationis the order and strandedness of the genes within the genomes.Just as evolution 
hanges the individual nu
leotides within gene sequen
es, other eventsalso take pla
e whi
h a�e
t the \
hromosomal ar
hite
ture" of whole genomes. Some ofthese events, su
h as inversions (whi
h pi
k up a region and repla
e it in the same lo
ationbut in the reverse order, and on the opposite strand) and transpositions (whi
h move asegment from one lo
ation to another within the same 
hromosome) 
hange the order andstrandedness of genes within individual 
hromosomes; others, su
h as translo
ations (whi
hmove genomi
 segments from one 
hromosome to another) dupli
ations, insertions, anddeletions 
an 
hange both the order and also the number of 
opies of a given gene withina 
hromosome. Finally, �ssions (whi
h split a 
hromosome into two) and fusions (whi
hmerge two 
hromosomes) 
hange the number of 
hromosomes within a genome.All these events are less frequent than individual point mutations, and so have inspiredbiologists to 
onsider using gene orders as a sour
e of phylogeneti
 signal in the hopethat they might allow evolutionary histories to be re
onstru
ted at a deeper level thanis typi
ally possible using mole
ular phylogeneti
s. On the other hand, mu
h less is reallyunderstood about how genomes evolve, and so the statisti
al models des
ribing the evolutionof whole genomes are not as well developed. Equally problemati
 is the fa
t that from a
omputational standpoint, whole genome phylogeneti
 analysis is mu
h more diÆ
ult than
omparable approa
hes in mole
ular phylogeneti
s.Resear
h in gene order phylogeny has largely fo
used on two basi
 approa
hes: parsimony-style methods that seek to �nd trees with a minimum total \length", and distan
e-basedmethods. Both types of approa
hes require the ability to 
ompute either edit distan
es
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tion 1-33between two genomes (that is, determining the minimum number of events needed to trans-form one gene order into another) or estimating true evolutionary distan
es (i.e., estimatingthe a
tual number of events that o

urred in the evolutionary history between the two geneorders). Algorithms to 
ompute edit distan
es tend to involve graph-theoreti
 algorithms(see [27, 28, 29℄ for initial work in the area) whereas algorithms to estimate true evolutionarydistan
es involve probability and statisti
s (see [12, 13, 43, 74, 83, 84℄).The estimation of true evolutionary distan
es (that is, the a
tual number of events thathave o

ured in the evolutionary history between a pair of gene orders) is dire
tly relevantto phylogeny re
onstru
tion sin
e if this estimation if done suÆ
iently well and obtained forevery pair of 
hromosomes, then distan
e-based re
onstru
tion methods (su
h as neighborjoining) applied to these distan
es will return a

urate trees (the same statement is nottrue when used with edit distan
es). However, the inferen
e of these distan
es requiresthat a sto
hasti
 model for the evolutionary pro
ess be given. Typi
ally these algorithmsoperate by 
omputing one of two standard edit distan
es on the two 
hromosomes (eitherthe minimum inversion distan
e or the breakpoint distan
e, both of whi
h 
an be 
omputedin polynomial time and do not depend upon any model assumptions), and then using thatvalue to estimate the number of events that o

ured in the evolutionary history betweenthe two 
hromosomes. Sin
e the estimations obtained by these algorithms depends 
loselyon the assumptions of the sto
hasti
 model, the more general the model the more a

urate(and more generally appli
able) the algorithm is likely to be. The algorithms in [12, 13℄apply to a model of gene order evolution in whi
h only inversions o

ur, and the algorithmsin [43, 83, 84℄ apply to a model of gene order evolution in whi
h inversions, transpositions,and inverted transpositions o

ur. The algorithm in [74℄ 
an be used when these events, aswell as insertions and deletions, o

ur.Note that this last algorithm 
an analyze datasets whi
h have unequal gene 
ontent (i.e.,some 
hromosomes have more than one 
opy of a gene, while others have only one 
opy ormay even la
k any 
opy of the gene). While some other work has been done for unequal gene
ontent 
ase, the majority of the resear
h has been fo
used on the equal gene 
ontent 
ase.Even for this spe
ial 
ase, however, many 
omputational problems are known or 
onje
turedto be NP-hard. For example:� Computing the inversion distan
e is solvable in polynomial time [2, 28℄.� Computing the transposition distan
e is of unknown 
omputational 
omplexity.� Computing the inversion median of three genomes is NP-hard [8℄.� Computing the breakpoint median of three genomes is NP-hard (though it re-du
es to the well studied traveling salesperson problem, and hen
e 
an often besolved qui
kly in pra
ti
e) [63℄.In other words, under even fairly idealized 
onditions (where the only events are inversionsand transpositions), most optimization problems are hard to solve. Heuristi
s withoutproven performan
e guarantees have been developed for these idealized 
onditions [24℄, buteven these only have good performan
e under 
ertain 
onditions.Resear
h questions in whole genome phylogenyThere are essentially two main obsta
les for whole genome phylogeny. The �rst is thatalmost all the methods that have been developed (and their sto
hasti
 models) assume thatall the genomes have exa
tly one 
opy of ea
h gene (an assumption that is widely violated),and the se
ond is that despite a fair amount of e�ort, we still do not have methods that
an reliably analyze even moderately large datasets, even under these idealized 
onditions.Thus, work in both dire
tions needs to be done.
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opy of ea
h gene is thatevents that 
hange gene 
ontent (su
h as insertions, deletions, and dupli
ations) o

ur inenough datasets to make the 
urrent approa
hes inappli
able without some prepro
essing.Thus, in fa
t, essentially all the datasets that have been analyzed using existing methodsthat assume equal gene 
ontent are �rst pro
essed to remove dupli
ate genes. While in some
ases this pro
essing is a

eptable (and should not 
hange the phylogeneti
 re
onstru
tion),it is not always 
lear how to do this rigorously (and in any event, throwing out data isalmost always not desirable). Thus, making progress on developing new sto
hasti
 modelsthat in
orporate these events that 
hange gene 
ontent is important, and will allow us tothen test the performan
e of methods that we develop to infer evolutionary history fromthe full range of data.Also, the usual sto
hasti
 models of gene order evolution make assumptions that allevents of the same type are equiprobable, so that (for example) any two inversions havethe same probability. However, resear
h now suggests that \short inversions" may have ahigher probability than \long inversions". In
orporating these 
hanged assumptions intophylogeneti
 inferen
e 
hanges the 
omputational problems in interesting ways. For exam-ple, instead of edit distan
es we would have weighted edit distan
es (so the 
ost of an eventwould re
e
t its probability), and estimations of true evolutionary distan
es would also needto be 
hanged to re
e
t the additional 
omplexity of the model. While some progress hasbeen made towards estimating these distan
es [74℄, mu
h still needs to be done.Finally, methods for whole genome phylogeny re
onstru
tion are quite 
omputationallyintensive { more so than the 
orresponding problems for DNA sequen
e phylogeneti
s byfar. For example, 
omputing the inversion length of a �xed tree on just three leaves 
an takea long time on some instan
es! While some progress has been made to provide speed-upsfor whole genome phylogeny so that they 
an analyze large datasets, so far these speed-upsare limited to datasets with 
ertain properties (no long edges, in parti
ular). Therefore, anatural resear
h area is to develop te
hniques for handling large datasets whi
h do not haveas signi�
ant limitations as the 
urrent set of methods.1.7 Con
lusions and suggestions for further readingResear
h into methods for phylogeny re
onstru
tion o�ers surprisingly deep and interesting
hallenges to algorithms developers. Yet understanding the data, the methods, and howbiologists use phylogenies is ne
essary in order for the development to be produ
tive. Wehope this 
hapter will help the reader appre
iate the di�eren
e between pure algorithmi
resear
h, and that whi
h 
ould make a tremendous di�eren
e to pra
ti
e.There is a wealth of books and papers on phylogeneti
s, from all the di�erent �elds(biology, statisti
s, and 
omputer s
ien
e). The following list is just a sample of some ofthese books and papers, that will provide additional grounding in the �eld of 
omputationaland mathemati
al phylogeneti
s.For more information from the perspe
tive of a systematist, see [17, 76℄. For books with agreater emphasis on mathemati
al and/or 
omputational aspe
ts, see [20, 66℄. Expositionswith a greater emphasis on sto
hasti
 models 
an be found in [25, 46℄. Texts that areintermediate between these in
lude [53℄. For an on-line tutorial on phylogeneti
s, see [36℄.1.8 A
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