
PHYLOGENIES: AN OVERVIEWSUSAN P. HOLMES�Abstra
t. This is an overview that aims to help statisti
ians a

ess interestingproblems developing in the biologi
al literature on estimating and evaluating phyloge-neti
 trees.Key words. Bootstrap, 
ladisti
s, DNA, mole
ular evolution, parsimony, phy-logeny, systemati
s, tree.1. Introdu
tion. Representation of biologi
al families by trees pre-dates Darwin's theory of evolution, although the latter gave su
h repre-sentations a true explanatory justi�
ation. For biologists, at ea
h bran
hof the tree are situated separation events that split orders or families orgenera or spe
ies. For example, the �gure shows a 
lassi�
ation by Hae
kel,1870.

Fig. 1.�Biometri
s Unit, Cornell University, NY14853 Itha
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PHYLOGENIES : AN OVERVIEW 83Neighbors on the tree share the same an
estor. Chara
ters that arederived from this 
ommon an
estry are 
alled homologous. Many geneti-
ists doing population studies repla
e the term homology by identity bydes
ent (IBD). The distin
tion between homology and similarity is a sub-tle one. In parti
ular, sisters in the tree de�ned by a 
ommon an
estor are
alled 
lades or monophyleti
 groups, they have more than just similaritiesin 
ommon. Finding su
h groups is one of the goals of phylogeneti
 studies.For over 200 years biologists have built trees to 
lassify their spe
iesbased on morphologi
al 1 data. More re
ently the explosion of geneti
data available through mole
ular biology has made tree-building even morepopular. This presentation aims to interest statisti
ians in bringing theirknow-how to some of the open issues that 
urrently �ll the biologi
al liter-ature. The systemati
s literature is fraught with a great deal of polemi
s,mu
h of whi
h are statisti
al in nature.Some questions that are raised in
lude:� Whether parametri
 methods using models should be preferred tononparametri
 methods.� How the data should be 
oded, for instan
e, is one 
ategori
alvariable preferable to several binary ones?� Should 
ertain 
hara
ters suspe
ted of 
on
i
ting with the treestru
ture be down-weighted?� Whi
h methods should be used to validate a tree that results fromthe analysis? (This entails re
ourse to 
on�den
e regions and 
on-ditional testing).� Whi
h parameterizations of the problem have the most desirablestatisti
al properties, 
onsisten
y, identi�ability, robustness ?� How should the information from di�erent genes be 
ombined intoan overall spe
ies tree?� How should prior information on the spe
ies be in
orporated intothe analysis? This 
an be translated into a Bayesian dilemma; how
an we 
ode the fa
t that we know in advan
e that 
ertain spe
iesare very di�erent?There are many obsta
les to reading literature from a new �eld. Surpris-ingly, the most diÆ
ult hurdles may not be the new words en
ountered herebut the `faux amis'-the old friends (statisti
al terms) with new meanings.I will do
ument these below. Here are a few examples I had diÆ
ultieswith:1data about presen
e or absen
e of wings, sepals, hair, nodules,...



84 SUSAN P. HOLMESBiologi
al arti
les Standard Statisti
al Terminologyinferring phylogenies - estimating phylogeniesbiased - systemati
ally wrong
onsistent - robust
onsisten
y - existen
e of an iterative limitstatisti
al power - eÆ
ientrepeatability -transition -substitution model - transition matrixindependen
e - 
onditional independen
eja
kknife - 
ross-validationstatisti
al method - parametri
 methodlikelihood - probabilitystatisti
ian - philosopherStatisti
ians interested in more details about mole
ular evolution will�nd Li (1997) rewarding, it explains 
learly many aspe
ts of the problem.There is a 
olle
tion of 
hapters on the subje
t in Hillis, Moritz and Mable(1996) whi
h has the merit and handi
ap of attempting to be exhaustive.A review written for statisti
ians 15 years ago 
an be found in Felsenstein(1983). His programs are publi
ly available in phylip [24℄. I will startmy review as he did by de�ning phylogenies and the data used; then ourpaths separate. Se
tion 3 presents a translation of the problem in statisti
alterms. Se
tion 4 presents the three main families of tree-building methods:maximum likelihood, distan
e-based methods and maximum parsimony.Se
tion 5 attempts to outline some of the sour
es of trouble in the pro
e-dures, and why 20 years after this �eld of resear
h began, four spe
ializedjournals and hundreds of books later, no agreement has been rea
hed, eitheron whi
h method is better or how sure one is of the answer the methodsprovide.Statisti
ians do have tools for 
omparing methods and Se
tion 6 re-views some of the qualities of the various methods as measured with thesestatisti
al yardsti
ks. Se
tion 7 presents methods for evaluating a tree,on
e it has been estimated. The question answered by the methods of thisse
tion are similar to those answered by the 
omputation of a 
on�den
eregion, unfortunately in a spa
e with neither a natural distan
e nor a natu-ral probability measure. The bootstrap is the most popular method amongbiologists for evaluating a tree, and we will try to underline some of its fea-tures and drawba
ks in this 
ontext. Finally we will propose some moreexploratory indi
es for evaluating how tree-like the data are to provide as
ale of plausible error for the trees.Finally the more pra
ti
ally minded may �nd the appendix a goodstarting point; it 
ontains some exemplary runs of some freely availableprograms that 
an be easily down-loaded from the internet.



PHYLOGENIES : AN OVERVIEW 852. What is a phylogeny?. >From a mathemati
al point of view aphylogeny is a rooted binary tree with labeled leaves.
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86 SUSAN P. HOLMESUnrooted trees are graphs in whi
h all N � 2 inner verti
es (nodes)are of degree 3, and the N outer verti
es (leaves) of degree 1, are labeled.
���� ���� �������� \\\\\\ZZZZZ
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C D E
FFig. 5. An unrooted tree.The number of unrooted semi-labeled trees with N leaves is known sin
eS
hr�oder (1870) to be:(2N � 5)!! = (2N � 5)� (2N � 7)� (2N � 9) : : :� 3 = (2(N � 1))!2N�1(N � 1)!where n!! is the double fa
torial where the di�eren
e between the su

essivefa
tors is 2 instead of 1 in the 
lassi
al fa
torial n!.As there are 2N � 3 possible bran
hes on whi
h to pla
e the root thenumber of rooted semi-labeled trees is: (2N � 3)!!. For N = 10 there are2; 027; 025 unrooted trees and 34; 459; 425 rooted ones. These numbers growrapidly. Using Stirling's formula, we have an asymptoti
 approximation(2N � 3)!! � (2e )(N�1)(N � 1)(N�1)p2This tells us that for N = 20, there are around (2:1020) unrooted and:8 � 1022 rooted topologies from whi
h to 
hoose. Even if there is a lotof data, we 
an see that the 
hoi
e is going to need some more outsideinformation. We will develop this problem in se
tion 6.Many useful fa
ts about su
h trees 
an be gleaned from books on graphtheory and 
ombinatori
s: Stanley (1996) is parti
ularly useful. It 
ontainsan elegant proof of S
hr�oder's formula.The leaves of these phylogeneti
 trees (
alled trees from here on) are
alled Operational Taxonomi
 Units or OTU's by the biologists and
alled simply units below. They 
an be:� genes2, for instan
e hemoglobins were some of the �rst to be se-quen
ed and used for phylogeneti
 purposes.2segment of DNA that 
odes for a polypeptide 
hain or spe
i�es a fun
tional RNAmole
ule, see Li (1997,page 9)



PHYLOGENIES : AN OVERVIEW 87� individuals, represented by part of their genome. They are usuallyfrom within a population and 
an a
tually be 
onne
ted by 
lassi
alfamily relations.� populations from within the same spe
ies but from di�erent areas.� spe
ies of whi
h there is usually one representing sequen
e from aparti
ular individual.� families or larger 
lasses of spe
ies.The data I have seen up to now usually has the following features:� The leaves are all 
ontemporaries.3 This is why the trees are rep-resented with the leaves all falling level `on the ground level' ratherthan a more mathemati
al representation whi
h would inspire theright hand part of Figure 6.
�������
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���� LLLLLL���O I1 I2

R RO I1 I2Fig. 6. The left tree shows 
ontemporary leaves.� Up to now sequen
ing has been slow and phylogeneti
 studies 
on-
entrated on relating spe
ies using one representative unit. Withthe rapid growth of Polymerase Chain Rea
tion (PCR) usage, datawill be so abundant that it will be possible to study 
onjointlywhole samples of sequen
es from di�erent individuals of a samespe
ies, thus introdu
ing interesting statisti
al information on vari-ability.� Usually it is the topology of the tree that is essential. The units(OTU's) are the only parts that are observed, the internal nodeshave to be guessed at. (They are the an
estors, and they are thepart of the tree that inspired the term inferred.) However, as weshall see later, the estimated tree is often augmented by bran
h-lengths. These present additional subtleties in the evaluation ofthe quality of the estimated tree.3. What are the data from whi
h the trees are built?. We willsuppose that we want to study N units, this number of spe
ies or genesstudied at the same time is usually between 10 and 50.In all that follows the examples are of mole
ular data, either amino3Ex
epting for paleontologi
al data.



88 SUSAN P. HOLMESa
ids or nu
leotides obtained sometimes from fragments, restri
tion sites,or whole DNA/RNA sequen
es4.The �rst part of the analysis 
onsists of alignment of the sequen
es.There is a la
k of 
oheren
e between the methods 
hosen to align the se-quen
es and methods that are used after to build the tree. A method thatwould improve the 
oheren
e of the methodology would allow simultaneousalignment and tree-�tting. For re
ent work, see S
hwikowski and Vingron(1996), and Wheeler (1994).There are three main s
hools of tree-building methods:� Maximum likelihood methods.� Distan
e methods.� Maximum parsimony methods.For the time being I will 
onsider that we are given sequen
es in whi
hgaps have been inserted to enhan
e their alignment so that a typi
al se-quen
e looks something like:21 383VVi M-SGTAGQVICCKAAVAWEAGKPVIEEVEVAPPQAMEVRLKILYTSLCHZma1 M--ATAGKVIKCKAAVAWEAGKPSIEEVEVAPPQAMEVRVKILFTSLCHZma2 M--ATAGKVIKCRAAVTWEAGKPSIEEVEVAPPQAMEVRIKILYTALCHHvu1 M--ATAGKVIKCKAAVAWEAGKPTMEEVEVAPPQAMEVRVKILFTSLCHHvu2 M--ATAGKVIKCKAAVAWEAGKPSMEEVEDAPPQAMEVRDKILYTALCHHvu3 M--ATAGKVIKCKAAVAWEAGKPSIEEVEVAPPQAMEVRVKILYTALCHTae M--ATAGKVIECKAAVAWEAGKPSIEEVEVAPPHAMEVRVKILYTALCHOsa1 M--ATAGKVIKCKAAVAWEAGKPSIEEVEVA--KEMEVRVKILFTSLCHOsa2 M--AT-GKVIKCKAAVAWEAGEASIEEVEVAPPQRMEVRVKILYTALCHAth M-S-TTGQIIRCKAAVAWEAGKPVIEEVEVAPPQKHEVRIKILFTSLCHPsa M-SNTVGQIIKCRAAVAWEAGKPVIEEVEVAPPQAGEVRLKILFTSLCHFan M-SSTEGKVICCRAAVAWEAGKPVIEEVEVAPPHPNVVRVKILYTSLCHTre M-SNTAGQVIKCRAAVAWEAGKPVIEEVEVAPPQAGEVRLKILFTSLCHStu M-STTVGQVIRCKAAVAWEAGKPVMEEVDVAPPQKMEVRLKILYTSLCHPgl M-A-TAGKVIKCKAAVAWEAGKPSIEEVEVAPPQAMEVRVKILYTSLCHPhy MSSNTAGQVIRCKAAVAWEAGKPVIEEVEVAPPQKMEVRLKILFTSLCHPde M-SSTVGKVIRCKAAVAWEAAKPSIEEVEVAPPQANEVRLRILFTSLCHPta MASSTAGQVIKCKAAVAWAAGEPKIEEVEVAPPQAMEVRVKIHYTALCHFra M-SSTEGKVICCRAAVAWEAGKPVIEEVEVAPPQANVVRVKILYTSLCHMal M-SNTAGQVIRCRAAVAWEAGKPVIEEVEVAPPQANEVRIKILFTSLCHLy
 M-STTVGQVIRCKAAVAWEAGKPVMEEVDVAPPQKMEVRLKILYTSLCHThis table is a subset of a larger data matrix that was downloadedfrom genbank. It was originally submitted by Yokoyama (1995) for allthe sequen
es ex
ept Vitis Vinifera whi
h 
omes from Sarni-Man
hado,4For detailed te
hni
al explanations see Li ,(1997) or Hillis et al, (1996)



PHYLOGENIES : AN OVERVIEW 89Verri�es and Tesni�ere (1997) and is from an adh gene.The �rst two numbers indi
ate the dimensions of the data matrix X .The �rst number here is 21 be
ause there are N = 21 spe
ies being stud-ied, the se
ond integer indi
ates that there are k = 383 
hara
ters. (theyrepresent either one of the 20 amino-a
ids or an insertion `-').The a
tual tree-building analysis will be run on di�erent subsets of thedata depending on whi
h of the methods is used to build the tree.1. For maximum likelihood, the 
omplete matrix of sequen
es areused. Even 
olumns with no di�eren
e at all between the units
ontain information on the relative frequen
y of various 
hara
ters.2. On the other hand, parsimony methods only use `informative'
olumns, (for a 
omplete de�nition see Li (1997), page 113). Infor-mative sites are those that enable di�erentiation between possibletrees, in parti
ular either monotypi
al sites, or sites that have allthe same value ex
ept for one unit are not informative and so areleft out of the data set.3. Distan
e methods have an in-between strategy. In a �rst step allthe data are pro
essed to estimate the relevant parameters for thedistan
e formula, then the distan
es are 
omputed between units.Only the distan
e matrix is used after that.Other types of data 
an be used for tree building instead of DNA sequen
es.These 
an be either presen
e/absen
e of 
hara
ters 
oded in binary andmorphologi
al 
hara
ters 
oded as 
ategori
al data. Gene frequen
y datawere used in the past, but re
ent mole
ular studies at a more pre
ise s
aleseem to have repla
ed them.At least one of the taxonomi
 units has a spe
ial fun
tion. For astatisti
ian it would be seen as a simple outlier: the biologists voluntarilyin
lude what they 
all an outgroup to lo
ate the root of the tree. Theroot is situated by 
reating an unrooted tree and the edge that joins theoutgroup to the other spe
ies will be the support for the root. This is a
lever use of prior information that simpli�es the problem 
onsiderably,(by a fa
tor of (2N � 3)). What is less obvious to the outsider is why,on
e the root's position is de
ided upon, the biologists keep the outgroupin the data set - it seems to distort the image of the 
loser group (
alledthe ingroup), in fa
t outgroups also provide information on the root's
hara
ters, and so on the an
estral states of the 
hara
ter. This seemsto be a se
urity 
he
k, if in fa
t the outgroups be
ome mispla
ed or lostin the tree, then there are signs of trouble. Many methods have troubleas soon as 2 very di�erent outgroups are present (this is named the longbran
h attra
tion problem), just as in regression two opposite outliers
an 
ompletely rede�ne the regression line.In fa
t mole
ular data from one parti
ular gene will only provide in-formation about a 
ertain `gene tree' and not ne
essarily about the moregeneral unit (su
h as the whole spe
ies). Combining information from allthese di�erent gene trees remains an interesting statisti
al open problem



90 SUSAN P. HOLMESthat 
ould be addressed with 
onjoint methods su
h as those developedby Lavit, Es
ou�er, Sabatier and Traissa
 (1994) or by meta-analysis typemethods. Some work has been started on the subje
t by Doyle (1992) andmore re
ently Page and Charleston(1997).3.1. What are mole
ular-based phylogenies used for?. Lists ofpossible answers as extra
ted from Hillis et al. (1996), in
lude gene evolu-tion, population subdivision, analysis of mating systems and heterozygos-ity, paternity testing, as well as studies of individual relatedness, geographi
variation, hybridization, spe
ies boundaries. Details of these 
an be foundin the useful textbooks: Li (1997), Hillis et al. (1996).Comparative meth-ods su
h as those explained in Harvey and Pagel (1993) also use phylogeniesalong with other, possibly quantitative, information.Many modern geneti
 studies aimed at mapping diseases use the notionof identity by des
ent. This is the same as the 
on
ept of homology inthe 
ase of a study restri
ted to a small population of individuals for whi
hgene trees are 
onstru
ted. Thus information about relationships betweenfar 
ousins 
an enhan
e understanding of homologies.4. Statisti
al translation of the problem. All tree-building meth-ods are based on the assumption that an evolutionary tree is a relevantrepresentation of the data, an assumption that we will need to make morepre
ise as we advan
e.The �rst goal is estimation, produ
ing a tree T̂ on the basis of a datamatrix XN�k that estimates an unknown true tree T . This is strangely
alled an inferen
e problem by biologists whereas the statisti
ians would
all it an estimation problem.The se
ond goal is to provide a 
on�den
e statement to asso
iate tothe estimator T̂ . Currently this is done most often by bootstrapping-typemethods that we summarize in se
tion 6. Although de�nitely related tobran
h lengths, this aspe
t of the tree re
eives less attention, sin
e mostgoals of phylogeny seem to be more qualitative than quantitative.The s
hools of tree-building methods: maximum likelihood methods,distan
e methods, and maximum parsimony methods 
an be 
omparedusing the statisti
al paradigm in a way whi
h 
lari�es their similarities anddi�eren
es. From a statisti
al viewpoint these methods 
an be understoodas being ordered by the dimension of the underlying parameter spa
e:� Maximum likelihood uses a parametri
 model 
ontaining from 1to 12 parameters for the substitution rates and usually (N � 2)parameters for the bran
hing times. (See se
tion 4 for a detaileddes
ription of the method.)� Distan
e based methods use the same parametri
 model for thesubstitutions and dedu
e from these rates `evolutionary' distan
esbetween units. The distan
e matrix is then analyzed by hierar
hi-
al 
lustering type methods su
h as neighbor-joining (single linkage
lustering) or unweighted pair-group with arithmeti
 mean (aver-



PHYLOGENIES : AN OVERVIEW 91age 
lustering). Distan
e-based methods 
an be seen as interme-diary 
ontaining both parametri
 and nonparametri
 
omponents.� As we will see shortly, basi
 maximum parsimony methods area
tually based on building a binary Steiner tree with regards toHamming distan
e. They are nonparametri
 methods where themain assumptions are :{ The existen
e of a true evolutionary tree.{ The independen
e of 
hara
ters (
olumns of the X matrix).{ Comparable substitution rates a
ross 
hara
ters.Conne
tions between the methods follows from re
ent work of Tu�ey andSteel (1997) who show that when the number of parameters in the model isin
reased to in
orporate di�erent mutation rates along sites and di�erentrates along bran
hes the maximum likelihood method be
omes equivalentto the maximum parsimony method.Note that as the number of parameters be
omes larger than the num-ber of estimates that the data 
an usefully provide, the method passesthe limit of a parametri
 model and be
omes nonparametri
 (or in�nitedimensional).5. The tree-building methods. Here I will give a brief introdu
tionto the three main families of tree-building te
hniques. Details may be foundin Li (1997) for instan
e. Distan
e-based methods and maximum likelihooduse a spe
ial model for des
ribing the pro
ess by whi
h 
hanges betweensequen
es o

ur. This is the substitution model that I will des
ribe �rst.5.1. The substitution model. To be more pre
ise I will only showthe 
ase where the data are DNA nu
leotides: purines (`A', `G') andpyrimidines (`T', `C'). There are many types of substitution models,the simplest model is 
alled the Jukes-Cantor model and supposes thatany 
hange of the nu
leotides o

urs at the same rate, whether from onetype to another, (transversion), for instan
e from purines to pyramidineswithin ea
h type, (transition), for instan
e from purines to purines. Therate matrix Q is of the form:Q = A T C GA �3� � � �T � �3� � �C � � �3� �G � � � �3�The 12 parameter model is of the formQ = A T C GA � �1;2 �1;3 �1;4T �2;1 � �2;3 �2;4C �3;1 �3;2 � �3;4G �4;1 �4;2 �4;3 �



92 SUSAN P. HOLMESThe substitution matrix gives the probability of the 
hange of a nu
leotideduring a time t as: P (t) = eQtIn the 
ase of the amino a
ids we would have bigger matri
es (20� 20instead of 4� 4), but most of the other 
omputations 
arry through.5.2. Distan
e based methods. These methods are variants of 
lus-ter analysis, probably more familiar to statisti
ians. The aim is to re
on-stru
t the distan
es as 
omputed between the two sequen
es of the twospe
ies x and y by distan
es along the edges of the tree forming a pathbetween x and y.First a distan
e matrix is 
onstru
ted between the N units in someway. These distan
es dxy are supposed to estimate the unknown `trueevolutionary' distan
es between x and y as they would be measured alongthe unknown true tree T .For the Jukes-Cantor model whi
h assumes equal rates of substitutionbetween all base pairs provides the estimate of distan
es between sequen
esx and y as:dxy = �34 log(1� 43(1� (#AAk + #CCk + #GGk + #TTk )))where k denotes the number of 
hara
ters (
olumns) in the data matrix,and #AA denotes the number of times there is an A in x mat
hed with anA in y.On
e the distan
es are de
ided upon, the parametri
 model is left be-hind and a 
lustering te
hnique su
h as hierar
hi
al 
lustering with averagegroups is used to �nd the tree from the distan
es.It seems that this method has de
lined somewhat in popularity overre
ent years among biologists. It was the method that made the trees theeasiest to 
ompute, but improved fa
ilities have made maximum likelihoodand maximum parsimony more tra
table. Those who don't believe in theparametri
 substitution models don't use it be
ause of the assumptionsunderlying the distan
e 
omputations and those who don't trust heuristi
tree-building algorithms don't use it be
ause of the tree-building phase.Histori
ally it was the �rst method available on the 
omputer, and peoplestill use it for reasons of 
omputational ease.Remarks:If we knew the true evolutionary distan
es between spe
ies, we 
ould buildan additive tree that reprodu
ed the distan
es along the tree in a uniqueway. The existen
e of an additive tree reprodu
ing the distan
es faithfullyis not always ensured, a suÆ
ient 
ondition for this to be possible is 
alledthe four point 
ondition:dAB+dCD � max(dAC +dBD; dAD+dBC); for all quadruples (A;B;C;D)



PHYLOGENIES : AN OVERVIEW 93This means that one of the two sums is minimum and the other two areequal. Noti
e that this is not the same as the ultrametri
 property whi
hsays that for any three points: A, B, C:dAC � max(dAB ; dBC)If the distan
es obey the ultrametri
 property the distan
es 
an be �t toa binary tree with leaves equally distant from the root. Unfortunatelydistan
es 
omputed from real data never obey this property. We will givedetails later in se
tion 5, but additivity is destroyed by:� Homoplasy (reversal, parallelism and 
onvergen
e) whi
h is 
ausedby superimposed 
hanges.� An uneven distribution of 
hange rates.� Measurement error.� Paralogous sequen
es5.Some distan
es are obtained dire
tly by hybridization te
hniques. Wewill not in
lude these here. We 
on
entrate on distan
es that are 
omputedfrom substitution models su
h as Jukes and Cantor's one-parameter model,Kimura's two-parameter model, or even the 
omplex 12-parameter modelfor the substitution matri
es. These models provide estimates of di�eren
esbetween sequen
es 
omputed from the frequen
ies of various 
hanges in thesequen
es.5.3. Parsimony method. The foundations of this method have beenlong dis
ussed, as always with heuristi
 nonparametri
 pro
edures. A de-tailed a

ount 
an be found in Farris (1983), his justi�
ation for parsimonyis that this method \minimizes requirements of ad ho
 hypotheses of ho-moplasy6". This is easier to understand for a statisti
ian if the analogyis made between homoplasies and residuals, these are the part of the datathat the tree does not explain, minimizing homoplasies is an approa
h akinto minimizing residuals in regression for instan
e.Roughly this method 
an be seen as based on the assumption that\evolution is parsimonious" whi
h means that there should be no moreevolutionary steps than ne
essary. Thus the best trees are the ones thatminimize the number of 
hanges between an
estors and des
endants. Wewill see that under the assumption of independen
e of ea
h of the 
hara
-ters, this has a 
lear 
ombinatorial translation.5.3.1. The parsimony tree as a 
ombinatorial problem. For thetime being, we will only 
onsider the 
onstru
tion of unrooted parsimonytrees. As we saw in the se
tion on data, the rooting of the tree is donebefore the 
onstru
tion of the unrooted tree.5Consequen
es of lineages being 
reated separately after a gene dupli
ation.6These are the transformations 
aused by reversal, parallelism and 
onvergen
e thatwill be explained in se
tion 5.



94 SUSAN P. HOLMESRe
all that the Hamming distan
e between two units is the number of
hanges needed to bring one to the other. This assumes that all 
hangesin a 
ategori
al 
hara
ter are 
ounted as one step.dH(AACTGGG;AACTGGC) = dH(AACTGGG;AACTGGA) = 1Here, given N points in a metri
 spa
e, the Steiner problem is that of�nding the shortest tree 
onne
ting the N points where one is allowed toadd extra verti
es. Thus, with 4 points arranged at the verti
es of a unitsquare, one would add a �fth point in the 
enter to form the Steiner tree.t tttt ttt d d\\\��� ���\\\Fig. 7. The minimum spanning tree and the Steiner tree of the 4 verti
es of a re
tangle.Although statisti
ians are not familiar with minimal Steiner trees, theymay have en
ountered minimal spanning trees as used by Friedman andRafsky (1985). The relation between the two is well explained in Gard-ner's wonderful 
hapter on Steiner trees (Chapter 22, Gardner (1997)). Heexplains how minimal spanning trees are good \starting points" sin
e inthe plane for instan
e they 
an only be 13% longer than Steiner trees.As a 
ombinatorial problem, the maximum parsimony tree is the prob-lem of �nding the Steiner points or Steiner tree for Hamming distan
e be-tween the units, under the 
onstraint that the tree be binary. The problemof �nding a minimal Steiner tree is that of �nding the Steiner points (rep-resenting an
estors) that minimize the 
omplete length of the tree. Steinerpoints are points that are added to a graph so that its minimal span-ning tree be
omes shorter. The minimal Steiner tree problem is NP-hard,meaning that no algorithm is known that will 
ompute an optimal tree inpolynomial time in the number of spe
ies N .Mu
h work has been done to implement good heuristi
 algorithmsfor �nding approximately optimum trees. Swo�ord's PAUP, Felsenstein's



PHYLOGENIES : AN OVERVIEW 95Phylip, and Golobo�'s NONA all 
ontain 
lever use of bran
h and boundte
hniques and bran
h swapping to �nd a

eptable answers. No expli
itanalyses of the 
omplexity of the algorithms involved have been published,but re
ent empiri
al tests show enormous progress in terms of CPU time,even for large (N=500) problems (Golobo�, personal 
ommuni
ation).Theoreti
al 
omputer s
ientists on the other hand have produ
ed manypapers on methods to solve the problem, with detailed 
omplexity analysis,but no 
ode is available as yet. See in parti
ular re
ent work su
h as Erd�os,Steel, Sz�ekely, Warnow(1996,1997) and Ri
e, Steel, Warnow and Yooseph(1997).5.3.2. Parsimony as a statisti
al pro
edure. Felsenstein (1983)lists parsimony in a se
tion entitled a se
tion on parsimony as \non-statisti
alapproa
hes". Farris says (1983) says the \statisti
al approa
h to phyloge-neti
 inferen
e was wrong from the start, for it rests on the idea that tostudy phylogeny at all one must �rst know in great detail how evolutionhas pro
eeded". Both these authors identify statisti
s with parametri
modeling. This is unfortunate as it has led many 
lever 
ladists to stopreading the statisti
al literature, thus depriving them of many useful tools.Parsimony methods are well within the boundaries of non-parametri
 sta-tisti
al pro
edures that have been developed over the last twenty years.Methods are no longer 
onsidered statisti
al only if they are justi�ed by anunderlying sto
hasti
 model.Many data-analyti
 pro
edures su
h as 
orresponden
e analysis, pro-je
tion pursuit, neural nets, 
lassi�
ation and regression trees (CART) andminimal spanning trees have proved that 
omplex situations 
an be satis-fa
torily understood by heuristi
 pro
edures before any theoreti
al frame-work supposing a probabilisti
 model justi�es their properties (Dia
onisand Efron (1984)).On the other hand it 
an be an interesting 
hallenge for theoreti
alstatisti
ians to do for parsimony what Rubin and Anderson (1956) did forfa
tor analysis, that is �nd a model for whi
h the heuristi
 method wasproviding the 
orre
t estimate, as also was the 
ase for partial likelihood.However I doubt from a pra
ti
al point of view that this would be of anyinterest to those who use parsimony as their standard tree-building te
h-nique.5.4. Maximum likelihood trees. For a statisti
ian this is the easi-est of the methods to understand. A parametri
 model (�; T ) is postulated,� is a �-dimensional ve
tor that we explain below and T is the tree's topol-ogy. Under this model the likelihood for ea
h possible tree T is separately
omputed for ea
h 
hara
ter, the independen
e of 
hara
ters then allowsthe total likelihood of the tree for all data to be 
omputed by taking theprodu
t.The �rst part of the ve
tor of parameters � 
omes from the substitutionmodel as explained in se
tion 4.1. The number of other parameters that



96 SUSAN P. HOLMEShave to be spe
i�ed depends on the 
omplexity of the model. If a mole
ular
lo
k 7 is postulated, spe
iation times ft1; t2; :::tN�2g (splitting events) arethe other parameters. Otherwise both the bran
h lengths fv1; v2; :::vN�2gand the di�erent rates along those bran
hes have to be parametrized.
�������
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Fig. 8. Two parametrizations of the tree.The substitution parameters are estimated from the data. A 
om-plete model in
luding distributions of separation events is postulated andthe likelihood 
an be 
omputed for ea
h possible tree by 
omputing thelikelihood of the tree given ea
h site X:j :f(X:j j�1; �2; : : : ; �� ; T ):This a
tually requires 
omputing the likelihood of all the subtrees, so themethod is re
ursive.L(�1; �2; : : : ; �� jX:1; X:2; : : : ; X:k; T ) = kYj=1 f(X:j j�; T )As the assumptions are essential, I present them here:1. Ea
h site in the sequen
e evolves independently.2. Di�erent lineages evolve independently.3. Ea
h site undergoes substitution at an expe
ted rate whi
h is 
ho-sen from a series of rates with a given distribution.Fan
ier versions of the pro
edure enable di�erent sites to have di�erentevolution rates.Many biologists won't use maximum likelihood be
ause of the 
ompu-tational expense, ea
h tree's likelihood 
omputation is NP hard. This is asurprising ex
eption to the usual rule that parametri
 methods are advan-tageous by their lesser 
omputational needs. Others don't use the MLEbe
ause there seems to be little eviden
e that the assumptions are a
tuallyrealisti
 in real biologi
al appli
ations.6. Where does the trouble 
ome from?. Here are a few detailsabout the hurdles the tree-making algorithms have to deal with.7bran
h lengths in evolutionary 
hange depend linearly on time
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hara
ter 
hange may be
ome invisible throughtime, be
ause there has been a reversal or ba
k-substitution for in-stan
e: A �! G �! A:There are also 
hanges of exa
tly the same type that appear in di�erentparts (
lades) of the tree, giving a false impression of similarity. This is
alled parallelism.Another variant is substitutions that o

ur in di�erent 
lades but havethe same results:A �! G �! AA �! C �! T �! A � these are 
alled 
onvergent substitutions.The e�e
t on the resulting measurements of di�eren
es between units arethe same: there is an error; units appear to be more similar than theywould be if the 
omplete history were known. Colle
tively these are 
alledhomoplasy. There are very 
learly do
umented examples of these in Li(1997), pages 69-70.Parametri
 models that take homoplasy into a

ount are the motiva-tion for the `modi�ed evolutionary distan
e' 
omputations. Whether theyin
lude 1 or 12 parameters they try to retrieve some of the variabilitylost through homoplasy. Some authors feel that this possibility of error-
orre
tion in parametri
 methods is so essential that it justi�es using su
hmodels even when they have not been proved to �t the a
tual phenomenon.Parsimony methods are sometimes limited to shorter stret
hes of timeto limit the homoplasy; `long bran
hes' are undesirable in parsimony meth-ods.6.2. Non-optimality of the solutions. As we saw in se
tion 4,both maximum likelihood and parsimony provide only lo
ally optimumtrees, whatever their 
riteria, be
ause the problems are 
omputationallyintra
table. The 
lustering methods used on distan
e matri
es are alsoonly heuristi
 algorithms, not ne
essarily providing the global optimum.So even when the data are perfe
tly dependable, errors may persistbe
ause only a lo
al optimum was obtained, or there may be several optima.Some authors repeat the analysis of the data, inter
hanging the order oftheir spe
ies, this makes the algorithm 
hoose a di�erent starting point,thus often resulting in a di�erent solution. This appears as option jumblein Phylip for instan
e (see the examples in the appendix).6.3. Many possible trees, little data. When we have boiled downthe patterns of di�erent nu
leotides, there are often less than 100 of themleft, of whi
h usually 80% or more are weak signals be
ause they are sin-gletons. So we have about 100 numbers, the frequen
ies of ea
h of thepatterns, from whi
h to de
ide about 1020 possible trees, a diÆ
ult task.



98 SUSAN P. HOLMESIn more detail, although there may be k = 2000 
hara
ters available, mostof these are usually uninformative sites. Even parametri
 methods thatuse them (parsimony doesn't) boil them down to 4-5 numbers: the numberof 
olumns of ea
h type. For instan
e, in the Vitis Vinifera exampleof se
tion 1, there were 383 
olumns of amino-a
ids of whi
h 187 were allmonotypi
al 
olumns. When one takes out what biologists 
all singletons,(
olumns with all the same 
hara
ter but for one spe
ies) there were only140 
olumns of data left. Now if the data are patterned, (the 
hara
terwhi
h appears �rst is 
alled `1', the next di�erent `2', the third `3' and soon8), it 
an be summarized as a few frequen
ies, most equal to 1k .7. Evaluating the methods. Some statisti
al yardsti
ks su
h as
onsisten
y, eÆ
ien
y, identi�ability, robustness, 
omputational speed, dis-
riminating ability, or versatility may help to 
ompare the methods in anabstra
t way.7.1. A

ura
y. A �rst suggestion that 
omes to mind is \Whi
hmethod gives the true tree when we know the answer ?" Unfortunately,there are few data sets where the truth is known. An example is the tinyorganism 
alled ba
terophage T7 of whi
h a small phylogeny was gener-ated in laboratory 
onditions (Hillis, Bull, White, Badgett and Molineux1992). The programs in the appendix show some of the results obtainedon this data for whi
h parsimony seemed to work well, it gave an a

uratepredi
tion of the tree. But a sample of size one is no eviden
e, and as usualthe statisti
ian begs the biologists: Bring us more data!.7.2. Consisten
y. There have been studies of 
onsisten
y of the es-timator T̂ in the 
lassi
al statisti
al sense: when the number of 
hara
tersin
reases to in�nity do the trees provided by the estimators 
onverge to thetrue tree? Under their own parti
ular assumptions, all methods are 
on-sistent. However this is insuÆ
ient unless these 
onditions 
an be 
he
ked.Chang (1996), shows that maximum likelihood is in
onsistent when the ho-mogeneity assumption of identi
al distribution of substitution rates a
ross
hara
ters is violated. Parsimony is in
onsistent when some bran
h lengthsare long enough to make `hidden 
hanges' or homoplasies likely.In fa
t, the justi�
ation of putting this into a 
lassi
al statisti
al frame-work is tri
ky, be
ause what is being said is that we should 
onsider that
hara
ters 
an be independently sampled from some distribution. Then,as the number of 
hara
ters in
reases, we want the estimator to 
onvergeto the true tree. However, su
h in
rease in the observations is impossible,the genome is �nite, and as we sample more and more 
hara
ters they areless and less independent. (see Sanderson 1995)Consisten
y is a quality that should not be 
onsidered fundamental.We never have in�nite amounts of data, espe
ially as 
ompared to thenumber of 
hoi
es that have to be made, on the other hand, it would be8For an example see in the appendix.



PHYLOGENIES : AN OVERVIEW 99most useful to know how long a sequen
e is ne
essary to attain a suÆ
ientlevel of pre
ision in distinguishing between possible trees, this has beennamed statisti
al power in part of the biologi
al literature. In fa
t amore pre
ise statisti
al term would be eÆ
ien
y.7.3. EÆ
ien
y. Histori
ally one 
ould reason ba
kwards and see whybiologists have 
alled this power, but as no spe
i�
 testing framework is setup before the analysis, this term seems abusive here. In 
lassi
al statisti
alterminology, eÆ
ien
y measures how qui
kly a method 
onverges to the
orre
t solution as the data size in
reases, this would be a better term here.Mu
h theoreti
al work remains to be done here. For maximum likeli-hood, 
lassi
al estimates of eÆ
ien
y are available. No su
h information isavailable for nonparametri
 estimation methods.7.4. Robustness. Robustness measures the stability of the methodwhen the data do not ful�ll the ne
essary assumptions. Simulations 
anbe used to test robustness with regards to spe
i�
 departures from theassumptions. There have been some of these done by biologists. No theoryis available, in parti
ular the notion of in
uen
e fun
tion needs distan
esto be de�ned in both tree-spa
e and data-spa
e. Neither have been studiedin this 
ontext.7.5. Identi�ability. Making the maximum likelihood model more
exible to en
ompass more biologi
al realism is blo
ked by the problemof non-identi�ability. When both bran
h lengths and substitution rates arefree to vary, the model 
eases to be identi�able. This is studied in Chang(1995).Too many parameters and too little data are the plight of phylogeny.This will only get worse as one starts to study real biologi
al data with allthe dependen
y between 
hara
ters in
luded.8. Evaluating phylogenies. Various questions that biologists needto answer after building a tree T̂ from their data are:1. How sure am I that this 
lade exists?2. Can I be more 
on�dent in 
lade A than in 
lade B?3. If the data were slightly wrong(a bad alignment, a poor reading ofthe 
hara
ters), how far o� would my tree be?4. How mu
h support does this 
lade have from the data?These questions do not ne
essarily have to do with a pre
ise sto
hasti
setting as many authors have pointed out. For interesting re
exions onstatisti
s in a non-sto
hasti
 setting see Freedman and Lane (1983). For adis
ussion of the foundation of the use of the bootstrap from the biologi
alpoint of view see Sanderson (1995).8.1. The bootstrap. To 
larify some of the messy issues here I willtry to develop a somewhat geometri
 analysis of the problem, this is morefully developed in Efron, Halloran and Holmes (1996).Suppose that the number of 
hara
ters is �xed at k and the numberof units or spe
ies is N . The data are k 
hara
ters from an alphabet of



100 SUSAN P. HOLMESlength A (maybe A = 5; fA;G;C; T;�g or A = 21 amino a
ids and a `-').The set of all possible 
olumns of N spe
ies from an alphabet of size A isS = AN . Under the assumption that the 
olumns of X are ex
hangeable,a data matrix X 
an be asso
iated with a unique �̂ , the ve
tor of relativefrequen
ies of ea
h type of possible 
olumn. This is not an e
onomi
 way of
oding the data. The ve
tor is of length S and is extremely sparse, but itis 
on
eptually useful here. The tree-estimation pro
ess asso
iates to thisdata ve
tor �̂ an estimated tree T̂ = E(�̂ ). Of interest are properties ofthe estimated trees T̂� = E(�̂ �) for neighboring �̂ �.
?$' ?$'
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Fig. 9. Estimation is a fun
tion from the data to tree spa
e.
?$'
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((((����JJJ""""""""bbbb
bbbb ��HH JJJ�� aa%%%Data Spa
e�̂ T̂ = E(�̂)Estimation: E

T̂2R3 T̂3Tree Spa
eE�1Fig. 10. Several di�erent data sets 
ould give the same estimated tree.Nonparametri
 bootstrapping is a way of 
reating a neighborhood of 
lose,plausible frequen
ies �̂ � by redistributing k 
olumns among all the ob-served 
olumns. Looking at the asso
iated trees provides `neighboringtrees'. Properties of the 
orresponding neighborhood of T̂ are supposed



PHYLOGENIES : AN OVERVIEW 101to represent properties of the neighborhood of the true tree T .We are interested in trees that are obtained as images of possiblefrequen
y ve
tors �̂ �. The idea is to �nd out if for some �̂ � \near" �̂ , thetree T̂� is di�erent from T̂ .For instan
e, in the se
ond �gure above, region R3 is the set of allfrequen
ies that would have given the same tree T̂3.The above des
ribes nonparametri
 bootstrapping. Parametri
 boot-strapping is also a way of studying some aspe
ts of the neighborhood ofT̂ . This is done by generating new �� ve
tors as simulated through therelevant sto
hasti
 model taking the tree and the ne
essary parameters tobe those estimated from the data set. Seq-gen, Rambaut and Grassly(1997),is one of the software pa
kages available that enables su
h a study.(See appendix for an example of its use).Simulating data from a given tree and sto
hasti
 model has also beenmu
h used to experiment with the nonparametri
 bootstrap in the ab-sen
e of ne
essary theory. (See for instan
e Cherno� (1997) or Berry andGas
uel (1994)).Another method for obtaining properties of the neighborhood of theestimated tree is Bremer support. This provides a neighborhood dire
tlyin tree spa
e by relaxing the optimality 
riteria somewhat, so that forinstan
e, trees that are up to 10 steps longer are also 
onsidered. Or, one
ould 
ontinue to relax optimality until a 
lade disappears. This was whatBremer (1988)originally suggested. This gives a measure of the diameterof a neighborhood around T̂ de�ned by 
ontour lines of the fun
tion thatis optimized.On
e a set of neighboring trees has been generated, there are di�erentways of using them. Mostly one wants to summarize the properties ofthese neighborhoods in tree spa
e, again an unsolved statisti
s problem.One approa
h is detailed in the following se
tion.8.2. Summarizing several trees. The 
onsensus tree is a notionwhi
h is quite useful when several trees have been obtained, either througha perturbation analysis su
h as bootstrapping, or just be
ause there is nota unique optimal tree but several. One then needs to see how mu
h thevarious trees 
on
ord. Two trees that agree are 
alled 
ongruent. Severalpropositions are available:� Majority rule 
onsensus.� Stri
t 
onsensus.� Quartets.� Compatible 
omponents.Phylip o�ers either of the �rst two. The �rst 
reates a tree where the
lades are those that have a majority of trees in their favor. In the se
ond,stri
t 
onsensus, only 
lades that have unanimous support are shown, oth-ers appear as `unresolved'. An example output from Phylip 
an be foundin the appendix.



102 SUSAN P. HOLMESCurrent preo

upations of biologists seem 
on
entrated on how to splitup the NP-hard problem of �nding the optimal tree and re
ombine variouspartial solutions. One of the solutions proposed is to divide up the data atrandom in a 
ross-validation type pro
edure, and re-unite the trees with
onsensus methods. (This is 
alled the parja
k by Farris, et al. (1996))Another is to use all the quartets and re
ombine them. This is 
alled thequartet puzzling method and there is available software 
alled puzzle,(Strimmer and von Haeseler, (1996)) whi
h provides ways of doing this forthe maximum likelihood 
riterion based trees. Certainly, more study isneeded on 
ombining trees.Biologists exhibit bootstrap results by drawing a 
onsensus tree. Thenumber of times a given monophyleti
 group or 
lade appears on the treeis divided by the total number of trees simulated. This number is writtenalong the bran
h of the 
onsensus tree as an indi
ation of how `sure' one
ould be of the 
lade. In an abuse of nomen
lature, it is 
alled bootstrapsupport.Interpretation of su
h a usage is parti
ularly diÆ
ult for anyone whohas had enough training in probability to use probability trees where thenumbers along the bran
hes are 
onditional probabilities.This method is so popular with 
ertain s
hools of biologists that anypaper exhibiting a tree without \bootstrap support" numbers on the bran-
hes is reje
ted.8.2.1. Of the use of p-values?. The bootstrap support is often as-similated to a p-value, the te
hni
al dis
ussion of su
h an interpretationhas already been given elsewhere (Efron, Halloran and Holmes, 1996). Al-though one 
an ponder whether several p-values asso
iated with a sametree with the same data set one shouldn't worry about the multiple testingaspe
t, I will only raise a philosophi
al issue here. Don Ylvisaker pointedout during the workshop that it is be
oming 
ustomary in 
ourt 
ases toask statisti
ians to stand up in 
ourt and state their `p-values' as eviden
e.This seems to have repla
ed the notion of an expert. For re
ognizing �n-gerprints, the expert says whether the �ngerprints were beyond the shadowof a doubt those of a 
ertain person. Although tempting as it may be toquantify the `beyond the shadow of a doubt' as a number (with eventuallyseveral de
imal pla
es of pre
ision....) these p values are in fa
t meaning-less. We know that only approximate answers are possible.8.2.2. Why 
an the bootstrap run into trouble?. The �rst timeI saw the use of the bootstrap in this 
ontext, it seemed that the role ofvariables and observations had been reversed as 
ompared to the tradi-tional setup. This may 
reate 
onfusion for statisti
ians a

ustomed todata matri
es with few 
olumns (variables) and many observations (rows).Here are some other possible sour
es of error in bootstrapping:1. Dis
reteness of the underlying statisti
: the tree is a dis
rete statis-ti
, for whi
h no appli
able theory exists for the use of the boot-



PHYLOGENIES : AN OVERVIEW 103strap with reasonable amounts of data. Large deviations as devel-oped by Newton (1996) are unfortunately not appli
able. Zharkihand Li (1995) de�ned the \partial bootstrap" that statisti
ians willre
ognize as a m-out-of-n bootstrap that attempts to �x the prob-lems that the bootstrap en
ounters when the estimated tree T̂ is
lose to several possible neighboring trees.2. The statisti
 T̂ is based on a maximum. It is well-do
umentedthat bootstrapping doesn't work for maximums of random vari-ables (Bi
kel and Freedman, 1982).3. Overparametrization of the model 
ompared to quantity of dataavailable. In multivariate regression for example, the bootstrapfails 
ompletely when the number of variables, and so the numberof parameters, be
omes of the same order as the number of ob-servations. Work by Freedman and Peters (1984)do
uments this
arefully. Another well explained example 
an be found in theuse of the bootstrap to estimate bias in 
lassi�
ation and regres-sion trees (CART), see Breiman and Stone (1984) who explain themagi
al 1� 1e fa
tor also redis
overed by Harshman (1994).4. Non-independen
e of observations: The 
loser we want the modelto adhere to real nu
leotide data, the more one sees that the 
har-a
ters are not independent. The 
odons (triplets of DNA) haveto be dependent as there are only 
ertain ones that are possible,those that 
ode for 
ertain amino-a
ids. There is also well do
u-mented se
ondary stru
ture 9 a
ross the sequen
es whi
h is alsoeviden
e against independen
e. The 
olumns 
ould be 
onsidered
onditionally independent given the tree, but I have not found anyliterature explaining this di�erent assumption. It seems that thedependen
e stru
ture is pre
isely what one is trying to �nd in thetree stru
ture.Statisti
ians will re
ognize here a wonderful �eld of appli
ation formethods of inferen
e more pre
isely tailored for dependent data,that is, blo
k-bootstrapping, Markov Chains, et
..5. Non identity of the distribution at di�erent states. Any graphi
aldisplay su
h as 
an be seen in the appendix shows that there are re-gions where there are many 
hanges and other more stable regions.This spatial dependen
y should be integrated into the bootstrap.8.3. Probability distribution on trees. A statisti
ian 
onsideringthe inferential part of the analysis of trees would 
hara
terize how 
lose webelieve the estimate to be to the true tree by using sampling theory. Thisbuilds on a probability distribution on the spa
e of all trees.The diÆ
ult aspe
t of this problem is that there are exponentiallymany possible trees that the parameter 
an take on. The 
lassi
al non-parametri
 approa
h to this would be to put a multinomial probability9The sequen
es fold and parts rea
t together to perform 
ertain fun
tions.



104 SUSAN P. HOLMESmodel on the whole set of trees. This would have dimension d � NN , Nbeing the number of spe
ies. It 
ould be possible to use a di�erent para-metri
 approa
h than the substitution model, using prior knowledge onthe spe
ies' relations or the tree's form. The use of the outgroup strat-egy explained above is a spe
ial 
ase of this. For instan
e, one 
ould usefun
tions su
h as the depth of the tree, the number of two-leaved 
lades,the balan
e of the tree, et
, and 
reate exponential families through these.The more the parameters, the 
loser we 
an 
ome to nonparametri
 modelswhile keeping a hold on the overall stru
ture of the tree.Seen this way we 
an understand that as the maximum likelihoodmethod puts a low dimensional surfa
e through this high dimensional spa
e,its 
han
es of �nding a tree `near' the true tree may be quite low.The notion of a tree that is near the true tree has not been dis
ussedhere, nor very mu
h in any of the biologi
al literature. Waterman andSmith de�ne the NNI metri
 whi
h is at the basis of the `elementary steps'that Pearl, Doss, Li (1997)use in their Gibbs sampler for generating pos-terior distributions on tree spa
e. The `bran
h swapping' methods usedboth in PAUP (Swo�ord 1998) and NONA (Golobo� 1994) also use theseelementary steps to explore parts of tree-spa
e sear
hing for optimal trees.We refer the interested reader to Dia
onis and Holmes (1998) for reviewsof possible distan
es on trees and random walks on the spa
e of trees thathave various desirable properties.De�ning a graph of trees that are nearest neighbors in some sense10
an be useful. Distan
es between trees 
an be de�ned as the number ofedges separting the trees in this graph. Random walk on trees 
an be seenas random walk on this graph.Another idea that is possible when a distan
e between trees has beende�ned is to look for trees that are suboptimal, but 
lose to interpretabletrees.The Bayesian approa
h advo
ated and 
arried through by Doss, Pearland Li (1996) and Mau, Newton and Larget (1999) de�nes parametri
priors on the spa
e of trees, and then 
omputes the posterior distributionon the same subset of the set of all trees. These enable pre
ise 
on�den
estatements in a Bayesian sense.9. Exploratory indi
es. For a statisti
ian starting an analysis ofaligned mole
ular data on N spe
ies, a �rst question might be about therelevan
e of building a tree, or how far the data lie from a `reasonable tree'.That is basi
ally how tree-like are the data? Of 
ourse given 
ompletefreedom, we 
an always build a tree that obeys 
ertain rules and 
onne
tsthe spe
ies.Ea
h of the di�erent tree-building 
ontexts, parametri
, semi paramet-ri
 and nonparametri
 
an be submitted to su
h an evaluation in a 
oherent10they may di�er by the transposition of leaves, or by a pruning/re
onne
tion move



PHYLOGENIES : AN OVERVIEW 105way. We follow previous work from Sattvah and Tversky (1977) who studytrees as 
ompared to planar multidimensional s
aling in the re
onstru
tionof distan
es for the use of hierar
hi
al 
lustering for psy
hologi
al datawho suggest the following indi
es of treelike-ness. For d(i; j) the distan
eas measured by the distan
e matrix between units i and j and dT̂ (i; j) thedistan
e as measured along the tree.STRESS =X jd(i; j)� dT̂ (i; j)jP d(i; j) :STRESS measures how well the tree re
onstru
ts all the distan
es.Measures of how tree-like the data are in
lude the 
onsisten
y index,a measure used by parsimony-tree builders. It is de�ned as the ratio of theminimum number of steps a tree with k 
hara
ters and N spe
ies wouldneed, divided by the a
tual number of steps needed. Thus this index isalways between 0 and 1.Measures of tree-likeness provide size estimates for what 
ould be 
on-sidered a reasonable neighborhood within whi
h to sear
h for an inter-pretable tree. Again, there is mu
h to do here.10. Con
lusions. There are suggestions that statisti
al theory 
anmake to help biologists, here are some examples:� An evaluation of some of the error 
ould be made by �nding howfar the data are from being tree-like, this 
ould indi
ate what sizethe neighborhood of possible trees should be. Here I have used no-tions of distan
e both in the data spa
e and the tree-spa
e withoutde�ning them, this should be a �rst step for theory (see Dia
onisand Holmes, 1998).� Veri�
ation of assumptions and quanti�
ation of notions of robust-ness should go hand in hand.� There should be a 
oheren
e of methods for ea
h part of the anal-ysis. If there is an underlying model used in the alignment pro-
edure, then the same model should be employed throughout thetree-building pro
ess and its validation. For instan
e a 2 parame-ter mutation model used to align sequen
es implies that a distan
ebased method using Kimura's distan
e is appropriate. This shouldbe followed by parametri
 bootstrapping using this same paramet-ri
 model and software su
h as Seq-gen (Rambaut and Grassly,1997) 11. This is not 
ir
ularity, it is 
oheren
e.On the other hand, if the method is nonparametri
, alignment willprobably be better done either by hand in an exploratory fashionor at least without a parametri
 model, validation methods 
an in-
lude nonparametri
 bootstrapping, although if independen
e be-11Using as arguments the estimates of transition/transversion ratio and nu
leotidefrequen
ies provided by the data



106 SUSAN P. HOLMEStween the bran
hes is not assumed, there is no meaning to 
reat-ing bootstrap numbers along the bran
hes representing averages.It would seem more 
orre
t to give the more frequently obtainedtrees, with their probabilities.� Monte-Carlo Markov 
hains for generating sampling distributionson tree spa
e seems like an interesting one (Mau, Newton & Larget,(1999))� This is a high dimensional problem, 
urse of dimensionality tells usthere is NO reason to melt it down to just a planar representationwith numbers along the bran
hes without more ado.....On the other hand there is mu
h to be learnt from the 
lever algorithmsthat are being developed by 
ladists to atta
k this 
omplex problem, forinstan
e the su

essive weighting algorithm (Farris 1969) 
ould be trans-posed into a statisti
al framework for regression. The pro
edure reweightsthe 
hara
ters after the �rst tree is found, downweighting those that are dis-
ordant with it, and then repeating this until an optimal tree is found. Thisis like an iterated reweighted least-squares method. Golobo� (1997) hasproposed a less 
omputer intensive version of this that 
reates the weightson
e only, and assigns an overall 
ost to ea
h tree taking the weights intoa

ount. This is like a downweighting least-squares method.Those who have run simulation studies on 
onstru
ting trees have no-ti
ed that the bootstrap 
ombined with 
onsensus methods has a propensityto 
orre
t bias. Thus Berry and Gas
uel (1997) and Erd�os, Steel, Sz�ekelyand Warnow (1997) have redis
overed this property of the bootstrap's,already do
umented in the general 
ase (see Efron and Tibshirani, 1993).Thus 
ombining many bootstrap data sets and then taking a 
onsensus treehas been shown empiri
ally to produ
e a better estimate than just a one-pass parsimony optimization. However no theory has yet been developedin this 
ase to explain and quantify the improvement.Serious statisti
al 
onsiderations have also led to many other redis-
overies. For example, Zharkikh and Li (1995) redis
overed the merits ofthe m-out-of-n bootstrap in the multiple de
ision 
ontext that o

urs whenthere are more than two trees that are plausible given the data.Certainly I feel that the two �elds of evolutionary biology and statisti
swould gain in more interdis
iplinary work.11. A
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PHYLOGENIES : AN OVERVIEW 107of sending me many pages of 
omments that 
ould unfortunately not bea

omodated for be
ause of time 
onstraints.APPENDIXExamples of data set. I have used two data sets for my examples, theT7 data experimentally generated phylogeny, Hillis et al. (1992) for whi
hthe parsimony program will be seen to produ
e the 
orre
t answer. Hereis the part of the data set (in phylip form) 
omposed of the informativesites:9 21R C C G C C G G C C G G C C A G C G G G G TJ C C C C G T A C C G G T C A A C G G G G TK T C C C G C A C C G A T C A A T G G G G GL T C C C G C A C C G A T C A A T G G G G GM C T C C G T A C C G G T C A A C G G G G TN C C T T A C G T T A G C T G G C A A A A TO C T C C G C G C T G G C C G G C A G A A TP C C C C A C G C T G G C C G G C A G A A TQ C C T T A C G T T A G C T G G C A A A A TIf the data set is put into a �le 
alled in�le it will automati
ally be pro
essedby any phylip program that is 
alled. Otherwise if there is no 
urrent in�le,phylip will ask for a �le name, then there is a dialogue menu that allowsthe user to spe
ify all the options.



108 SUSAN P. HOLMESParsimony tree. This is part the output from the phylip 
ommanddnapars:One most parsimonious tree found:+--------O+-----------6! ! +-----P! +--7! ! +--Q! +--8+--5 +--N! !! ! +--L! ! +-----3! ! ! +--K--1 +-----------2! ! +--M! +-----4! +--J!+-----------------------Rremember: this is an unrooted tree!requires a total of 25.000steps in ea
h site:0 1 2 3 4 5 6 7 8 9*-----------------------------------------0! 1 2 2 1 2 2 1 1 110! 1 1 1 1 1 1 1 1 1 120! 1 1The output �le 
alled treefile 
ontains the following line (the treein parentheses format):(((O,(P,(Q,N))),((L,K),(M,J))),R);



PHYLOGENIES : AN OVERVIEW 109Maximum likelihood trees: Output from phylip program dnaml:Nu
lei
 a
id sequen
e Max. Likelihood, vers. 3.572
Empiri
al Base Frequen
ies:A 0.27778 G 0.22685C 0.22325 T(U)0.27212Transition/transversion ratio = 2.000000(Transition/transversion parameter = 1.519971)+J!! +R! +--1! ! ! +N! ! +--4! ! ! +O! +--5 +--3! ! ! ! +P! ! ! +--2--7--6 ! +Q! ! !! ! +L! !! +M!+KLn Likelihood = -344.10331Examined 95 treesBetween And Length Approx. Confiden
e Limits------- --- ------ ------- ---------- ------7 J 0.00006 ( zero, infinity)7 6 0.00003 ( zero, infinity)6 5 0.00006 ( zero, infinity)5 1 0.00936 ( zero, 0.02236) **1 R 0.00466 ( zero, 0.01384) **1 4 0.00469 ( zero, 0.01389) **4 N 0.00462 ( zero, 0.01369) **4 3 0.00003 ( zero, infinity)3 O 0.00462 ( zero, 0.01369) **3 2 0.00003 ( zero, infinity)2 P 0.00462 ( zero, 0.01369) **2 Q 0.00003 ( zero, infinity)5 L 0.00006 ( zero, infinity)6 M 0.00003 ( zero, infinity)7 K 0.00003 ( zero, infinity)* = signifi
antly positive, P < 0.05** = signifi
antly positive, P < 0.01



110 SUSAN P. HOLMESHow tree-like were the data?. Here is the distan
e as 
omputedby Jukes-Cantor distan
e between the ba
teriophage spe
ies:R 0 4 8 8 5 11 6 6 11J 4 0 3 3 0 12 6 6 12K 8 3 0 0 4 15 10 10 15L 8 3 0 0 4 15 10 10 15M 5 0 4 4 0 13 6 7 13N 11 12 15 15 13 0 5 3 0O 6 6 10 10 6 5 0 1 5P 6 6 10 10 7 3 1 0 3Q 11 12 15 15 13 0 5 3 0as 
ompared to the distan
es along the bran
hes of the `best' distan
e basedtree: [,1℄ [,2℄ [,3℄ [,4℄ [,5℄ [,6℄ [,7℄ [,8℄ [,9℄[1,℄ 0 7 10 10 8 15 9 9 15[2,℄ 7 0 5 5 1 16 10 10 16[3,℄ 10 5 0 0 5 19 13 13 19[4,℄ 10 5 0 0 5 19 13 13 19[5,℄ 8 1 5 5 0 16 11 11 16[6,℄ 15 16 19 19 16 0 8 6 0[7,℄ 9 10 13 13 11 8 0 2 8[8,℄ 9 10 13 13 11 6 2 0 6[9,℄ 15 16 19 19 16 0 8 6 0For whi
h the stress was:> sqrt( sum((d7a-d72f)^2)/sum(d72f^2))[1℄ 0.1205607



PHYLOGENIES : AN OVERVIEW 111Parametri
 bootstrap generation of sequen
es. Suppose we hadthe treefile from a previous phylip output, the generation of sequen
esis done using Seq-gen (Rambaut and Grassly, 1997) by :seq-gen -mHKY -t3.0 -l27 -n100 < treefile > example.T7For whi
h the output looks like:Sequen
e Generator - seq-gen, Version 1.04(
) Copyright, 1996 Andrew Rambaut and Ni
k GrasslyDepartment of Zoology, University of OxfordSouth Parks Road, Oxford OX1 3PS, U.K.Simulating 11 taxa, 27 basesfor 1 tree(s) with 100 dataset(s) per treeBran
h lengths assumed to be number of substitutionsper siteRate homogeneity of sites.Model=HKYtransition/transversion ratio = 3 (kappa=6)frequen
ies = A:0.25 C:0.25 G:0.25 T:0.250%|____________________|100%[....................℄Time taken: 0.12 se
ondsThe data �le example.T7 generated looks like this:11 27Pfa4 CCGACCTCCAAGATTCGCTATGACAATPvi10 CCGACCTCCAAGATTCGCTATGACAATP
y9 CCGACCTCCAAGATTCGCTATGACAATPkn8 CCGACCTCCAAGATTCGCTATGACAATPfr7 CCGACCTCCAAGATTCGCTATGACAATPbe5 CCGACCTCCAAGATTCGCTATGACAATPma3 CCGACCTCCAAGATTCGCTATGACAATPga11 CCGACCTCCAAGATTCGCTATGACAATPlo6 CCGACCTCCAAGATTCGCTATGACAATPme2 CCGACCTCCAAGATTCGCTATGACAATPre1 CCGACCTCCAAGATTCGCTATGACAAT11 27Pfa4 ATGGTAGCGGATAACTGACTTCATCGAPvi10 ATGGTAGCGGATAACTGACTTCATCGAP
y9 ATGGTAGCGGATAACTGACTTCATCGAPkn8 ATGGTAGCGGATAACTGACTTCATCGAPfr7 ATGGTAGCGGATAACTGACTTCATCGAPma3 ATGGTAGCGGATAA.........et




112 SUSAN P. HOLMESThis �le example .T7 was then submitted to the phylip programdnapars with the option multiple data sets indi
ating that there were 100data sets to analyze, the �rst part of the output from this looked like this:((R,(((((M,K),L),N),Q),(J,P))),O)[0.0100℄;((R,(((((M,K),L),N),(J,Q)),P)),O)[0.0100℄;((R,(((((M,K),L),(J,N)),Q),P)),O)[0.0100℄;((R,(((((M,K),(J,L)),N),Q),P)),O)[0.0100℄;((R,(((((M,(J,K)),L),N),Q),P)),O)[0.0100℄;(((((((J,M),(R,K)),L),N),Q),P),O)[0.0100℄;(((((((J,(R,M)),K),L),N),Q),P),O)[0.0100℄;((((((((R,J),M),K),L),N),Q),P),O)[0.0100℄;((R,((((((J,M),K),L),N),Q),P)),O)[0.0100℄;(((((((R,(J,M)),K),L),N),Q),P),O)[0.0100℄;(((R,J),(((((M,K),L),N),Q),P)),O)[0.0100℄;((J,(R,(((((M,K),L),N),Q),P))),O)[0.0100℄;((R,(J,(((((M,K),L),N),Q),P))),O)[0.0100℄;((R,((J,((((M,K),L),N),Q)),P)),O)[0.0100℄;((R,(((J,(((M,K),L),N)),Q),P)),O)[0.0100℄;((R,((((J,((M,K),L)),N),Q),P)),O)[0.0100℄;((R,(((((J,(M,K)),L),N),Q),P)),O)[0.0100℄;(((J,(R,M)),((((K,L),N),Q),P)),O)[0.0100℄;((((R,J),M),((((K,L),N),Q),P)),O)[0.0100℄;(((R,(J,M)),((((K,L),N),Q),P)),O)[0.0100℄;((M,((R,J),((((K,L),N),Q),P))),O)[0.0100℄;(((R,J),(M,((((K,L),N),Q),P))),O)[0.0100℄;(((R,J),((M,(((K,L),N),Q)),P)),O)[0.0100℄;(((R,J),(((M,((K,L),N)),Q),P)),O)[0.0100℄;(((R,J),((((M,(K,L)),N),Q),P)),O)[0.0100℄;(((R,(M,(J,K))),(((L,N),Q),P)),O)[0.0100℄;((((J,M),(R,K)),(((L,N),Q),P)),O)[0.0100℄;(((R,((J,M),K)),(((L,N),Q),P)),O)[0.0100℄;Noti
e at the end of ea
h tree is asso
iated a weight.



PHYLOGENIES : AN OVERVIEW 113Putting trees together: 
onsensus.These trees are usually summarized by programs like phylip's 
onsense.This has an output tree that looks like this:Majority-rule and stri
t 
onsensus tree program,version 3.572
CONSENSUS TREE:the numbers at the forks indi
ate the numberof times the group 
onsisting of the spe
ieswhi
h are to the right of that fork o

urredamong the trees, out of 100.00 trees+----L+-22.0+-22.0 +----K! !+-22.0 +---------M! !! +--------------N!+100.0 +----O! ! +-22.0! ! +-22.0 +----R! ! ! !! +-22.0 +---------J! !! +--------------P!+------------------------Qremember: this is an unrooted tree!



114 SUSAN P. HOLMESProof of sparsity of the data. Here are all the possible \boileddown" patterns in the Vitis Vinifera data:111111111111111111111 111111111111111111121 111111111111111112111 111111111111111121111187 2 17 4111111111111111211111 111111111111111213111 111111111111121111112 1111111111111211121124 1 1 1111111111111231111113 111111111112111111211 111111111112111113211 1111111111211111111311 3 1 1111111111121211111111 111111111121211111131 111111111122111121222 1111111112111111111117 1 1 5111111111211111112111 111111111211111113111 111111111211111133111 1111111112111112111111 1 1 1111111111211111331111 111111111221111111111 111111111221211322111 1111111112212211121121 1 1 1111111111223121314352 111111111231311241111 111111111234311141441 1111111121111111111111 1 1 6111111112111111112111 111111112111111113111 111111112112111113221 1111111123451411415141 1 1 1111111121111111111111 111111121111111112111 111111121131311111111 1111111234151414111143 1 1 1111111211111111113111 111111231112111111111 111112111111111111111 1111121131111111111111 1 1 1111112113211111114111 111112211331321111132 111121111111111111111 1111211111111112111111 1 10 2111121111112111111211 111121111112321131212 111121111113111111311 1111211113111111111111 1 1 1111121112111111111111 111121112111111311111 111121113311111141111 1111211321212111211211 1 1 1111122111111131113113 111122211111121111112 111122211112111113211 1111222113111212111111 1 1 1111122211333321145362 111122212121211111111 111122212131321111111 1111231111111111141111 1 1 1111211111111112111111 111211111113131111333 111211113423212444311 1112111213333211133322 1 1 1111211123221211221111 111212213411111114115 111221111111121111112 1121111111111111111111 1 1 2112111111112111113221 112111111121211111113 112111111122211111221 1121111113111111111111 1 1 1112111132221211212111 112112112111111111111 112112212112111112221 1121132121111111141111 1 1 1112122212111111111111 112122212111111112111 112122212113121112332 1121222121313111111113 1 1 1112122212221221212122 112131112222211122231 112133312113311121321 1122222221111111111111 1 1 1112222222221222212112 121111111111112111111 121111111111121112112 1211322221222221112421 1 1 1121211111111112131112 121211121111111111111 121211121111112111111 1212111212212112211211 1 1 1121211121222212211211 121211121222222222222 121211123121312111111 1212111311111121141111 1 1 1121213321214112112411 121222221112122112222 121231122222222222222 1222111111111121111111 1 1 1122211121222222222222 122211122222222222222 122212222111112111111 1222122321222222222221 1 1 1122221122122212312211 122222222111113111111 122222222111122113112 1222222221121121212111 1 1 1122222222113112111311 122222222121212122111 122222222122222222222 1222222222222121122221 1 1 1122222222222212121221 122222222222222222212 122222222222222222222 1222222222222222232341 1 1 1122222222223222233332 122222222345463455546 122222223442522162222 1222222234542424264241 1 1 1122222322421242442144 122232222222222222222 122232222322332333223 1222333221212122141111 1 1 1122233322411122141112 122234422325252533556 122322222111112124111 1223222221111221111121 1 1 1123211121441412421111 123211123222222232222 123233323114112554411 1232333233424325262231 1 1 1123242222312112112231 123244444444412144441 123245524644432782443 1233333221114121121111 1 1 1123333343552513243261 123343333155553155565 123433353125222226562 1234444353363527366151 1 1 11234522212111225221121



PHYLOGENIES : AN OVERVIEW 115How some regions are stable where others are are variable.

The regions of low variability have mostly dots in them, high variabilityis shown by the letters, (ex
ept for 
omplete 
olumns that indi
ate just adi�eren
e with the �rst taxa).These patterns 
an be made even more visible by the use of 
olor, (seeCharnordi
 and Holmes, 1997).



116 SUSAN P. HOLMESA 
onsensus bootstrap tree for the vitis vinifera data.+----Tre+-100.0+-48.3 +----Psa! !+-37.6 +---------Ath! !+-32.1 +--------------Pde! !+-19.0 +-------------------Phy! !! ! +----Pta+-49.7 +----------------61.7! ! +----Fan! !! +-----------------------------VVi!! +--------------Osa2! !+-100.0 +-54.2 +----Hvu3! ! ! ! +-82.7! ! ! +-84.3 +----Tae! ! +-100.0 !! ! ! ! +---------Hvu2! ! ! !! ! ! +-------------------Zma2! +------100.0! ! +----Pgl! ! +-45.4! ! +-75.4 +----Hvu1! ! ! !! +------95.5 +---------Zma1! !! +--------------Osa1!+---------------------------------------Sturemember: this is an unrooted tree!
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