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In this paper, we provide an introductory overview to the field of phylogenetic analysis, which has wide
applications in modern biology.

1. Introduction
The volume of numerical data in evolutionary studies
is usually large, and hence difficult to interpret. The use
of graphical representation techniques that adequately
summarize the data so as to bring out the major features
is therefore particularly important. This paper deals with
phylogenetic analysis using two types of graphical representations that have been used in the literature--tree
and map.
Considering the generality of the approach of phylogenetic analysis, it can be applied to different levels of
biological organization. Most often, it is applied at the
level of species or populations/races/strains. The basic
unit of study in phylogenetic analysis (whether individuals, populations or species) is the Operational Taxonomic
Unit (OTU) or taxon. This terminology is used in the
area of molecular phylogenetics too (Kumar et al 1993;
Nei 1996; Swofford et al 1996).
Modern theoretical phylogenetic analysis is less than
40 years old. Cavalli-Sforza and Edwards (1967) and
Fitch (1971) provided some of the foundations of the
subject. More recently, thanks to the development of
experimental techniques which have made it possible to
study the genetics of living organisms by the more direct
means of observing genetically relevant molecules, there
has been a distinct shift in accent to phylogenetic analysis
using molecular data. The various national and international genome projects, which provide vast quantities
of molecular data, have also contributed to this sea-

change. In recent times, there have been several reviews
on theoretical aspects of (molecular) phylogenetic analysis
(Felsenstein 1988; Swofford and Olsen 1990; Nei 1991,
1996; Hiilis et al 1993; Swofford et al 1996).
Felsenstein 0988) deals at length with different statistical and statistical-computational methods for testing
the reliability of trees. Nei (1991) describes the results
of computer simulation experiments for evaluating the
ability of the different tree-making methods in correctly
recovering given "model trees". Hiilis' (Hillis et al 1993)
review brings out the problems in aligning DNA
sequences (which precedes phyiogenetic analysis) and
the assumptions involved in the theoretical methods, and
describes some tests for assessing the level of confidence
in the results of the analysis. Swofford et al (1996)
provide a review with emphasis on maximum parsimony
and maximum likelihood methods. Nei (1996) updates
the information based on computer simulations (Nei
1991), and also discusses an example comparing different
analytical methods based on real data from known
phylogenies.
Before outlining the contents of this review, a comment
on terminology, especially on 'phylogenetic methods' as
against 'clustering methods'. The Unweighted Pair Group
Method with Arithmetic averages (UPGMA), which is
one of the earliest, if not the oldest, methods of
phylogenetic analysis, is commonly accepted to be a
clustering method (Sneath and Sokai 1973; Swofford
et al 1996; Nei 1996). Workers in the field of molecular
phylogenetic analysis have used the description,
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'phylogenetic cluster analysis' and 'clustering algorithms
for phylogenetic analysis' (pp 471-472 of Hillis et al
1993). Nei (1996) refers to phyla (as in tests tor monophyly) as 'clusters'. Swofford et al (1996) classify computer algorithms for phylogenetic analysis into 'exhaustive
search methods', 'heuristic search methods', 'other methods' like clustering methods (UPGMA, WPGMA) and
other algorithmic methods (neighbour joining, star
decomposition, etc.). Our view is that phylogenetic analysis is a form of cluster analysis in which the criteria
for clustering or grouping are different from those of
classical statistical cluster analysis methods. In addition
to similarity relationships, a model of evolution may be
explicitly involved in phyiogenetic analysis. We have on
occasion used the word 'group' instead of 'cluster' in
order to avoid possible misunderstanding (see Hillis et al
1996b).
In this paper, we begin with the different methods of
obtaining raw data for a phylogenetic analysis and compare their relative merits. The emphasis is on molecular
data in general (unlike the other recent reviews which
focus on DNA sequence data). The methods of analysis
of data from these different sources coincide at some
stage of the general method of phylogenetic analysis, as
will become clear in the following sections. Significant
information and results from the other recent reviews
are only stated here; the interested reader may refer the
cited papers for details. In addition, we also review the
alternative, map-like graphical representation method,
with an illustrative example from our work. The overall
organization of the paper follows the sequence of
the general method of phylogenetic analysis as explained
in w

2. General method of phylogenetic analysis
A schematic version of the general method of phylogenetic
analysis is presented in figure 1. Some sources of raw
data for phylogenetic analysis are discussed in w 2.1.
The different phylogenetic analysis algorithms are broadly
classified into distance methods and discrete character
methods (Hillis et al 1993; Kumar et al 1993; Swofford
et al 1996; Feisenstein 1998). The conversion of raw
data into distances is treated in w 2.2, Discrete character
methods are used for directly analysing some types of
qualitative data. Such data can also be converted into
"distances" using a suitable transformation function, after
which any of the distance methods can be used for the
analysis. Quantitative data can, in general, be converted
either to distances or to discrete characters before they
are analysed. The latter results in loss of information
and is to be avoided (except, possibly, when the reliability
of the experimentally obtained numerical values is poor)
(Felsenstein 1985b). After deciding between distance
methods and discrete character methods, one has to
choose a particular algorithm to carry out the analysis.

Some of these algorithms are discussed briefly in w 3.1
and the simpler ones are described in more detail in
w 3.2. The chosen algorithm is applied to the data to
obtain the summarizing graphical representation. Finally,
one has to draw inferences from these results.
However, the results obtained by the above procedures
may not always be easy to interpret, or there may be
causes for doubt about their reliability. Ambiguity occurs
when multiple equally good graphical representations are
obtained by some of these methods. Also, there is no
guarantee that the analytical procedure correctly reconstructs the true evolutionary relationships. Furthermore,
the inferences may be biased by the sampling procedure.
These issues are discussed in w 3.3.
The alternative type of graphical representation, the
map-representation, is treated in w 4.
2.1

Sources o f raw data

The raw data used in phylogenetic studies can be obtained
by different experimental means. These include measurements from morphological and other macroscopic
observations (2.1a), cytological studies (2.1a and 2.1b)
and molecular studies (2.1c-2.1f). Macro-measurements
have been useful in classification of living organisms at
.the higher levels, but become more and more tedious
as one goes down the scale, where similar features
become more common than dissimilar ones and it becomes
difficult to say whether the observed dissimilarities represent variation within a group or are indicative of
different groups. Cytological studies are not phylogeneti-
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Figure 1. General pix~cedure tbr phylogenetic analysis. (See
text for details.)
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cally very informative, while molecular methods provide
the possibility of getting complete genetic information
and are popular areas of research in recent years. One
of the advantages of the molecular approach t9 phylogenetic analysis is that one can directly compare organisms as diverse as fungi, primates and birds,
independently of the major differences in their external
morphology and behaviour (Fitch and Margoliash 1967;
Ayala 1978). However, it should be borne in mind that
the evolutionary relationships obtained among a group
of species using molecular data (say, for a set of genes)
may look quite different from that inferred from morphological data. The reasons for this could be error
introduced by sampling only a few of the total genetic
loci, the difficulties in defining the relationships between
genes and phenotypic characters, and the effect of nongenetic factors (such as environment) in morphological
observations. A detailed comparison of the applicability
of different types of experimental data for different
purposes is provided by Hillis et al (1996a). Whichever
type of data is used, attempts should be made to ensure
that the observed characters are independent of each
other.

2.1 a Morphological measurements and behavioural studies: This is the classical method of measuring macrovariables, which is still used (Airoldi et al 1995) in
systematic studies. The measurements are in terms of
lengths (e.g., body length), weights (e.g., weights of
brains), ratios (e.g., ratio of body length to opercular
height in fish, which partly accounts for differences in
the shapes of different species), numbers (e.g., number
of ribs) or presence/absence of characters (e.g., presence
of webs in hind limbs). In behavioural studies, one may
note down the different classes of reproductive and social
behaviour and classify the OTUs under observation
according to these classes. The highest levels of division
of living organisms (into prokaryotes and eukaryotes,
unicellular and multicellular etc.), which utilize cellular
(i.e., micro-level) information, are also based on morphological observations.
2.1b Karyotyping: These techniques involve studies at
the level of chromosomes in cells. The number of
chromosomes, their lengths, the locations of the centromeres and the distances of specified positions on a
chromosome from the centromere, C- and G-banding
patterns which further differentiate each chromosome in
different regions, are some of the parameters measured.
Evolutionary inferences are made by assuming fission
or fusion of chromosomes of a species, leading to another
similar species. The recently developed technique of
chromosome painting has emerged as an approach to
comparative genomics (Wienberg and Stanyon 1995).
However, these techniques have limited utility in
phylogenetic studies.
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2.1c Protein electrophoresis: Genetic loci coding for
different proteins are tested for polymorphism using
electrophoretic techniques, and the different allelic forms
occurring in a sample of individuals in different populations (or species) are noted down. The data may be
provided in the form of a table of binary values (qualitative data), with a '0' indicating absence of an allele
in the population and '1' indicating occurrence of the
allele in some individual in the population. More information can be provided in a table showing frequencies
of alleles for each locus in each population (quantitative
data). The analysis could be biased if an adequate number
of loci are not studied, or if most of the loci studied
are monomorphic, or the sample sizes are too small. In
general, it is recommended that one samples a large
number of highly polymorphic loci. Care should be taken
to ensure that the sample sizes are not too small in
relation to the degree of polymorphism of the loci
(C B-Rao, unpublished results).
2.1d DNA-DNA hybridization: In these methods, single
stranded DNA ("drivers") from different species are
hybridized with a radioactively labelled single stranded
DNA ("tracer") molecule, and the double stranded DNA
so obtained is melted to separate the strands. The temperature profiles of melting and extent of re-association
are determined for each hybridization reaction. Using
this information and a mathematical formula, "distance"
between the DNA strands of pairs of species is calculated
(Springer and Britten 1993). Further analysis and inference
is based on these distance values. The distance estimates
between a pair of species become inconsistent when
multiple copies of some sequences occur in the DNA
molecules. This is overcome by shearing the molecules,
purifying and fractionating the single copy sequences,
and then hybridizing them. By this process, a biased
sample of the DNA molecules is studied and consequently
the phylogenetic inferences would be expected to be
biased. The major advantages of these methods are their
relative simplicity and cost-effectiveness. Felsenstein
(1987) has shown (for data on humans and chimpanzees)
that the DNA hybridization data is approximately equivalent in power to sequencing 5000 nucleotides.
2.1e Molecular sequences: Amino acid sequences of
proteins and DNA sequences are found for different
OTUs and compared. The basic data is in the form of
a sequence of alphabets. Theoretically, the two types of
sequences can be analysed in similar ways, after noting
the difference that amino acids are taken from an alphabet
of size 20, while nucleotide sequences are taken from
an alphabet of size 4. It would appear that DNA sequences
will be much more informative than the corresponding
protein sequences due to the degeneracy of codons, but
in practice, it is found that, protein sequences sometimes
provide more information by removing the "noise" caused
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by the excess of detail contained in DNA sequences
(Hiilis et al 1996). In principle, DNA sequences contain
the most complete genetic information that one can
obtain. Evolution is believed to occur through small
changes at the level of nucleotides in DNA sequences,
which accumulate over a period of time and manifest
themselves at the macroscopic level when a sufficiently
significant change occurs. However, the volume of data
is so enormous that it is not possible to compare two
genomic sequences completely. Hence, one generally
resorts to sampling, testing particular coding loci or a
certain number of base pairs (200--300 bp) at a time.
Even then, aligning the sequences involves several problems and is a subject of research in itself (Waterman
et al 1991; Hillis et al 1993). With advances in experimental and computational techniques, it should become
possible to harness the whole of the information content
of DNA sequences in evolutionary studies. The major
drawbacks of the method are its complexity and the cost
involved in sequencing.
2.1f DNAfingerprinting: These methods are a variation
of the protein electrophoresis techniques, in which the
DNA molecule is cut in specific sites with a restriction
enzyme, size-fractionated by electrophoresis, and the
desired fragments detected by indirect means by using
labelled probes (whether micro-satellite, mini-satellite or
satellite) (Holsinger and Jansen 1993; Aggarwal et al
1994; Mountain and Cavalli-Sforza 1994; Jorde et al
1995; Weising et al 1995). The Southern blot pattern
indicates bands wherever a fragment contains the probe
sequence, and constitutes the DNA fingerprint. Some of
the problems with these techniques are that fragments
occurring at the same position on the gel in different
lanes may have different sequences (and hence not be
the same allele), or even different molecular weights (if
the fragments are large enough for their secondary and
tertiary structures to affect their mobilities). However,
these techniques have the advantages of being simpler
and cheaper than DNA sequencing, of sampling coding
as well as non-coding sequences (unlike protein electrophoresis where information on only coding genes is
available), and of being a more direct measure of genetic
variation than DNA hybridization method. Some authors
(Templeton 1983a, b, 1987; Neuhaussen 1992; Dowling
et al 1996; Swofford et al 1996) do not recommend the
use of restriction endonuclease data (whether from restriction sites or restriction fragment lengths) for phylogenetic inference. The reason is that, firstly, these data
violate the assumption of independence of characters,
which is an underlying assumption for all standard
phylogenetic analysis methods. Secondly, insertion and
deletion mutations are hard to handle with such data.
However, such data can be handled using special distance
measures (Nei and Li 1979) or modified discrete character
methods (Holsinger and Jansen 1993; Nei and Tajima

1983, 1985; DeBry and Slade 1985; Felsenstein 1991,
1992).
2.2

Distance measures

The conversion of raw data to distances is a necessary
step in distance-based approaches to phylogenetic analysis. The term "distance" as generally used in this
context is a misnomer for what is essentially a measure
of dissimilarity. Depending on the source of the data,
there are different ways of finding the degree of genetic
relatedness between pairs of taxa. Often, more than one
way of measuring dissimilarity is possible for the same
data or data derived from the same source, depending
on the criterion of similarity used or on the assumptions
of the underlying model of evolution.
The most popular measure of distance/'or morphometric
measurements is the Mahalanobis distance (Mahalanobis
1936) although many other measures have also been
used. For qualitative morphological and behavioural data,
the Sanghvi distance (Sanghvi 1953; Sneath and Sokal
1973) has been much used. For DNA hybridization
methods, there are several satisfactory distance conversion
formulae (Springer and Britten 1993).
2.2a Genetic distance: When the data is in the form
of frequencies of alleles at a given set of loci in different
populations/species, we can use a measure of dissimilarity
called genetic distance. Genetic distance is an abstract
notion which gives a quantitative measure of the degree
of unrelatedness between OTUs. Genetic distances are
useful when molecular data is used for population genetic
studies. They are based on some underlying model of
evolution (Felsenstein 1982). The equations for CavalliSforza and Edwards' chord distance (dii) (Cavalli-Sforza
and Edwards 1967), Nei's (I 972) standard genetic distance
(Dij) and Reynolds' distance (~ij) (Reynolds et al 1983)
are respectively given by:
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where n is the number of loci, r m is the number of
alleles at the mth locus, PJmk is the frequency of the kth
allele at the mth locus in the ith population. The
Cavalli-Sforza and Edwards (1967) chord distance is
based on a geometrical model, and gives the chord
distance between populations on the surface of the positive
"octant" of the unit hypersphere. It is useful in finding
minimum evolution and maximum likelihood trees under
a pure drift model of evolution. A modification of this
measure (Nei et al 1983) satisfies the triangle inequality
property, and has been found to be better suited for
recovering the correct phylogenetic tree than the other
distance measures (Nei and Takezaki 1994). Nei's (1972)
standard genetic distance is a commonly used measure
of genetic distance. Simplified to the form

Z~= i Pi, Pjk
Dij
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where c is the total number of alleles over all loci, the
quantity within the logarithm on the right hand side is
reminiscent of Karl Pearson's correlation coefficient
between the frequencies of the alleles in the two populations. It is not a true distance as it does not satisfy
the triangle inequality condition. Nei (1972) has also
shown how one can estimate the standard error in the
distances, which is useful in some applications. Nei's
(1972) genetic distance is consistent with the infinite
isoalleles model of mutation. The Reynolds et al (1983)
genetic distance is also based on a pure drift model of
evolution. A computer program for computing these
distances from allele or band frequencies is available in
the PHYLIP package (Felsenstein 1991).
Several measures of distances for sequence (amino
acid or nucleotide) data based on different underlying
hypotheses about evolution have been proposed by
different researchers (Jukes and Cantor 1969; Kimura
1980; Felsenstein 1991; Kumar et al 1993). The simplest
of these is the p-distance, which is given by the proportion
of different nucleotides (or amino acids, as the case may
be) between two sequences to the total number of
nucleotides (or amino acids, respectively). Some distance
measures such as Kimura's (1980) and Hasegawa et al
(1985) are useful in correcting for parallel and backward
mutations and are expected to give better estimates of
the number of substitutions per site than the p-distance.
But the p-distance is found to produce the correct
topology more often than more sophisticated distance
measures when the rate of nucleotide substitution is
approximately constant in all evolutionary lineages and
the number of nucleotides examined is not very large
(Nei 1996 and references therein).
Genetic distances from allele frequency data contain
scaling constants (such as effective population size or
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mutation rates) that are not known, so that the estimates
of time represented by the distances are unreliable. Time
estimations are a controversial issue, and can vary widely
depending on the model used. In fact, conversion of
distances to time is tricky, regardless of the source of
raw data and the distance measure used.
2.2b Similarity indices: The concept of similarity is
opposite to that of distance. The measure of similarity
increases as that of distance decreases, and can be defined
in different ways from any given measure of distance.
In general, to facilitate comparisons between different
measures of similarity, by convention they are defined
in such a way (with suitable normalizing factors) that
their values lie between 0 and 1. If the distance measure
lies between 0 and ~, then e- ~ satisfies the conditions
for being a similarity measure (with some implicit model
assumptions, whose validity needs to be verified). Sometimes, it is easier to define a measure of similarity than
that of dissimilarity. For example, with DNA fingerprinting data, if nil is the number of bands shared between
samples i and j, it is easy to compute the "band sharing
index" by,
2nij
Sij =

(5)
nii + njj

or,

Sij = ~

-}" -njj
-

(6)

and then compute the distance between the individuals
by, ( 1 - S i j ) or ( 1 - s i j ) . In this case, Sij (or sij) may
be an estimate of genetic relatedness between individuals
i and j, or between the groups i and j. The measure
Sij is known to provide an overestimate of homozygosity
in the population (Lynch 1990). On the other hand,
s/j is a statistically unbiased estimator of the conditional
probability that a band seen in the ith individual is also
seen in thej th (John Brookfield, personal communication)
and is easily interpretable in genetic terms when single
locus probe data is used (Li et al 1993).
A measure of dissimilarity based on the step-wise
mutation model for DNA fingerprinting data was proposed
by Shriver et al (1995). Several other measures of similarity or dissimilarity for molecular data are known
(Waterman et al 1976; Nei 1978; Yukhi and O'Brien
1990; Kumar et al 1993; Lake 1994; Nei and Takezaki
1994). Distance measures for application to phylogenetic
inference are discussed in Nei and Takezaki (1994),
Takezaki and Nei (1996), Nei (1996), and Felsenstein
(1998). Most of the phyiogenetic analysis algorithms
need the input to be a distance matrix rather than a
similarity matrix. A suitable conversion formula can be
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used but care should be taken to see that the assumptions
implicit in the formula are feasible.
3.

G r a p h i c a l (tree) representation

The major types of tree representations that can be
obtained as output of a phylogenetic analysis are shown
in figure 2. The basic characteristics of a phylogenetic
tree are its topology and the branch lengths. Topology
refers to the shape or branching pattern of the tree
(Kumar et al 1993). The lines (figure 2) are called
branches of the tree and the points of intersection of
branches are the nodes of the tree. The OTU-ends of
branches are called external nodes or leaves of the tree.
I f the branches from two OTUs intersect at a node, then
they share a common ancestor. The lengths of the
branches from the OTUs to the node may be used to
find the time of divergence of the two OTUs.
Some trees may be "rooted"---that is, a definite time
direction can be assigned for the tree. For example, for

(e}

(b)

(9

C

a

D

D'~

E

E
.,
-

F

Time

Figure 2. Major types of representations of phylogenetic
relationships in tree-form. Horizontal or vertical flipping of the
representations in (a) and (b) are equivalent forms that are
sometimes used. Forms (a) and (b) may or may not be rooted.
Form (e), being unrooted, can be rotated in any direction to
get an equivalent form.

the tree in figure 2a, the root may be at the middle of
the rightmost vertical line (node 1) and in figure 2b, it
may be at the bottommost node. Trees represented in
forms as in figures 2a and b are not necessarily rooted.
But a tree of the type in figure 2c is certainly not
rooted. Rooting of trees is done either by taking the
midpoint of the longest branch (Farris 1983) or by using
"outgroups"--OTUs which are known to be distantly
related to the ones under investigation, and whose times
of divergence from these OTUs are known fairly reliably
from fossil or other data. Rooted trees provide information
on clustering of OTUs along with a time direction,
whereas unrooted trees only show the clustering pattern
and existence of common ancestry, but no time direction.

3.1 Algorithms for phylogenetic analysis
We have summarized some of the more important
phylogenetic clustering methods in table 1. These methods
are generally classified into two types: discrete character
methods and distance methods. While the former utilize
full information on each character being studied, the
latter condense the character-by-character information into
a single numerical value (either a dissimilarity or a
similarity measure, as discussed in w 2.2). However, it
has been shown that the amount of information lost in
the process is remarkably small (Felsenstein 1984, 1988),
so that both types of methods are useful. Discrete character methods have been extensively reviewed (Swofford
and Olsen 1990; Swofford et al 1996; Felsenstein 1998),
and will only be mentioned in brief here.
The UPGMA algorithm is one of the oldest techniques
to be used in phylogenetic analysis (Michener and Sokal
1957; Sneath and Sokal 1973). It is an off-shoot of the
linkage methods that were popular in numerical taxonomy
studies. The main reason for its survival in phylogenetic

Table 1. Summary of clustering algorithms for phylogenetic analysis.
Method

Input

Assumptions

UPGMA

Constant rate of evolution

Neighbour-joining (NJ)

Distance
Distance

Fitch-Margoliash (FM)

Distance

Unequal rates of evolution. Additivity

Minimum evolution (ME)

Distance

Unequal rates of evolution. Additivity

Maximum parsimony (MP)

Qualitative

Maximum likelihood (ML)

Qualitative

Only significant difference counted.
Unequal rates of evolution
Unequal rates of evolution. Random
distribution of variable sites. Site-specilic
variability

Unequal rates of evolution. Additivity

Output
Clustering in increasing order of distance
Estimate minimum evolution phylogeny
by heuristic method
Optimal tree, minimizing per cent
standard deviation between given and
fitted distances
Choose tree with minimum total length
over all possible topologies
Minimum number of evolutionary
changes for data set
Find tree which maximizes log
likelihoods using Pr (data given tree.
model of evolution)
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analysis is its simplicity and ease of interpretation. An
implicit assumption of the method is that the rates of
evolution in all lineages are the same. This assumption
may not be too seriously violated when one is dealing
with species belonging to the same genus. UPGMA has
been found to work well when the distances among the
OTUs are large (that is, distantly related species are
being studied) rather than when they are small (Tateno
et al 1982).
The Fitch and Margoliash (FM) (1967) method is
another much-used technique. In the original FM algorithm, branch lengths are estimated using sets of algebraic
equations (see w 3.2b). As these equations are seldom
exactly satisfied by the empirical distance data, several
different trees corresponding to different approximate
solutions are obtained. The optimal tree, which minimizes
the per cent standard deviation between the given and
the fitted distances, is the true tree. However, modern
implementations of the FM algorithm simply search for
the tree which minimizes the per cent standard deviation.
Evolution is not assumed to occur at a constant rate.
In the case of DNA sequence data, the branch lengths
are meaningful in that they give the expected number
of nucleotide substitutions.
Another algorithm that has gained in importance due
to certain desirable properties it has, is the NeighbourJoining (NJ) method (Saitou and Nei 1987). This heuristic
method (see w 3.2c) has been found to frequently converge
to the minimum evolution tree for DNA sequence data
when the extent of sequence differences is sufficiently
large and number of nucleotides examined is over 500
(Nei 1996), with considerably less computational effort.
Branch lengths can be computed in the NJ method using
the FM or least squares procedure. When one wishes
to do a simple analysis of distance data but the assumptions of UPGMA are not satisfied, this may be a good
alternative method to use.
The principle of minimum evolution (ME) states that
the tree which has minimum length (that is, minimum
sum of branch lengths) should be preferred (Cavalli-Sforza
and Edwards 1967; Kidd and Sgaramella-Zonta 1971;
Rzhetsky and Nei 1993). The ME method is not affected
by parallel and backward mutations provided the evolutionary distance is properly measured (Nei 1991). Conyergence of the minimum evolution algorithm can often
be speeded up by using the NJ tree as the starting tree.
Among non-distance based algorithms, the most popular
is the maximum parsimony (MP) method (Edwards and
Cavalli-Sforza 1964; Carmin and Sokal 1965; Eck and
Dayhoff 1966; Kluge and Farris 1969; Moore et al 1973;
Fitch 1975; Swofford 1990; Felsenstein 1998). It is based
ori the parsimony principle which states that, other things
being equal, a simpler explanation is to be preferred to
a complicated one. The aim is to obtain the tree which
contains the minimum number of evolutionary changes
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for the given data set. One of the drawbacks o f this
method is that when two or more OTUs are far from
all the others (outliers), they tend to cluster together
although they may be far from each other also (Tateno
et al 1982; Felsenstein 1988), and this may result in
wrong topologies being obtained. However, the MP
method has been found to recover the original tree with
a high probability in certain cases. The MP method
comes in several flavours as can be seen in the phylogenetic software packages (see Appendix).
The maximum likelihood methods (Edwards and
Cavalli-Sforza 1964; Neyman 1971; Felsenstein 1973a,
b, 1981) have the strongest statistical basis. They include
methods dealing with distance data as well as with
qualitative data. The basic idea is to find the tree which
maximizes the likelihood of the data having occurred
given a tree and a model for evolution. These methods
are less popular than the other distance methods and the
MP method, probably due to their complexity. The star
decomposition method (Saitou 1988; Adachi and
Hasegawa 1995) is a heuristic method that can provide
a good starting tree for the ML method, which sometimes
speeds up convergence to the ML tree (Nei 1996).
Since the algorithms for phylogenetic analysis are
computation-intensive, it is not only desirable but often
essential to use computers for implementing them. A
list of some standard computer software packages is
given in Appendix. More detailed lists of computer
software packages for phylogenetic analysis are available
(Felsenstein 1991; Swofford et al 1996).
3.2

Some simple algorithms

In the following subsections, we illustrate the application
of three algorithms with simple numerical examples. For
all the algorithms, we use the same data, namely, the
distance data (in arbitrary units) in table 2a for 4 0 T U s
labelled A, B, C and D. Since the distance of an OTU
from itself is zero, and the distance between a pair of
OTUs is the same regardless of the order in which they
are taken, these values are not repeated in the data matrix.
3.2a UPGMA: The general UPGMA (Michener and
Sokal 1957) algorithm has the following steps:
(i) Find the pair of OTUs which have minimum distance
between them. In table 2a, this is A and D.
(ii) Join this pair to give a "new" OTU, (A, D). Find
the arithmetic average of distances of each of the other
OTUs from the two OTUs, and form a new table of
distances. In table 2b, the distance of B from OTU
(A, D) is obtained by adding the distance of B from
A (which is 30) and B from D (25) and dividing by
two to get 27.5. Similarly, one can find the distance
from C to (A, D).
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(iii) Repeat steps (i) and (ii) till all OTUs are joined
together in a single cluster. In our example, the least
distance in table 2b is 10.5, between C and (A, D).
When the three are combined, the distance of B from
this cluster is given by ( 3 0 + 2 5 + 1 5 ) / 3 = 2 3 . 3 3 . That
covers all the OTUs. The clustering pattern can be
represented by {[(A, D), C], B}.
(iv) To draw the dendrogram (of the type in figure 2a),
draw a scale of a length that is at least equal to half
the distance between the pair of OTUs in the last table.
In table 2c, this is equal to 11.67. We select a scale
with values ranging from 0 to 12 units, for the X-axis
(figure 3). On the Y-axis, we will place the OTUs at
equal intervals, in the hierarchical order determined above.
First, two parallel horizontal lines of length 8 / 2 = 4 each
are drawn from X = 0 and two adjacent OTU positions
on the Y-axis to represent A and D. They are joined
together by a vertical line at X = 4 , so that the total
distance between them is the total of the lengths of the
branches (horizontal lines) from them. Since the next
OTU to join this cluster is C, C is placed in a OTU
position adjacent to either of A and D. The distance
from C to the cluster (A, D) is 10-5. Half this distance
(equal to 5.25 units) is taken as the length of the branch
starting from C and the other half from (A, D). For the
second half, since 4 units are already taken care of by
the branch from A (or D), the length of the remaining
branch is 5 . 2 5 - 4 . 0 0 = 1.25. Likewise, from table 2c,
B is joined to the cluster (A, D, C).
Note that the actual distances between pairs of OTUs
in a UPGMA dendrogram are camouflaged by the

averaging procedure. We know from table 2a that the
distance between OTUs B and A should be 30 units.
But the tree diagram in figure 3 shows only the distance
of B from the cluster (A, D, C), which is 23.33. Hence,
although the UPGMA tree representation provides information on the hierarchical clustering and some idea of
the distances between OTUs, it does not give the distances
between pairs of OTUs. The FM method rectifies this
to some extent.
3.2b FM method: Here, we present the original algorithm of FM (Fitch and Margoliash 1967) rather than
the latter day algorithm being used in computer programs
as it demonstrates how outgroups are useful in rooting
trees.
In table 2a, consider the distances between OTUs A,
D and C. Since the distance between A and D is the
shortest, these OTUs must have diverged last. Hence, a
tentative evolutionary tree for the three OTUs may be
as shown in figure 4a, with the time direction being
from top to bottom (a variation of figure 2b). The FM
procedure consists in selecting a topology for the tree
(as in figure 4a) and solving a system of linear equations
for the branch lengths (which have to be estimated).
The distance from A to D is 8 from table 2a and is
estimated by a + d in figure 4a. Equating the two, we
get,
a+d=8.

Similarly, we get the other two distance equations as,

Table 2. Distance matrix (a) is used to illustrate the
implementation of the UPGMA, FM and NJ algorithms.
Distance matrices (b) and (c) are obtained in successive
steps in the UPGMA algorithm.
(a)

B
C
D
(b)
B
C
(c)

A

B

C

30.0
12.0
8-0

15.0
25-0

9-0

(A, D)

B

27.5
10.5

15-0

(A, D, C)
B

23-33

(a), A, B, C and D refer to OTUs and the numbers indicate
the distances. (b) In the UIK3MA procedure, after clustering two
of the OTUs the distance matrix in (a) is reduced by one row
and one column. (c) The procedure is repeated with the reduced
distance matrix till all OTUs are included in a single cluster.

(7)

a + c = 12

(8)

d+c=9.

(9)

Solving this system of three equations in three unknowns,
we get a = 5.5, d = 2.5 and c = 6-5. Note that the tree in
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figure 4a is not a rooted tree as we do not know the
position of the topmost node; we cannot estimate this
from the given data as we have only three equations.
Using an outgroup would provide the extra equations
for doing this. Alternatively, we can place this node at
the midpoint of the longest branch, namely, of AC.
The tree in figure 4a can be represented in other ways.
For example, figure 4b makes it clear that the tree is
unrooted and figure 4c is similar to the UPGMA
representation in figure 3. Comparing figures 3 and 4c,
we can see that the branch lengths are different; the
distance from A to C in figure 4c is the actual sum of
the branch lengths along the path joining the two
OTUs, and independent of the fact that A clusters with
D first.
Consider the triplet, A, B, and C in table 2a. The sum
of distances between (B, C) and (A, C) (equal to 27)
is less than that between (A, B ) ( e q u a l to 30). Hence
these distances violate the triangle inequality condition
(namely, that the sum of lengths of any two sides of a
triangle should be at least as large as the length of the
third side). The system of equations for this triplet will
be satisfied only if one of the branch lengths is negative.
The solution obtained is a = 13.5, b = 16.5 and
c = - 1 . 5 . It is very difficult to interpret negative branch
lengths, and this is one of the disadvantages of the FM
procedure.
Another problem that can arise with the FM method
is that when there are more than 3 0 T U s , no exact
solution may exist for the system of algebraic equations.
This is the case when one takes all the four OTUs in
table 2a. The system of 6 equations in 5 unknowns has
no solution consistent with all the equations. However,
several approximate solutions, in which some of the
distances are not exactly satisfied, can be found. Modern
implementations of the FM algorithm searches for the
tree which minimizes the function,

~)

(b)
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where Dij and D~j refer to the target (given) and computed
distances respectively between the ith and j th OTUs. It
thus follows an optimization procedure. The best FM
tree obtained for the data in table 2a is the same as in
figure 5b, with the branch lengths given by
LAX=5-63, Lox=2.37, Lxv=7.44, LBv= 15.90 and Lcy=
-0.90. The minimum error sum of squares is equal to
0.00457 and the average per cent standard deviation is
2.13809, which indicate a good fit of the data to the
model.

(e)

B

C
(b)

)> L,
(c)

(c)

B

A

C
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"1C
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Figure 4, (a) Tentative FM tree for the OTUs A, C and D
in table 2a. (b) Unrooted form of the tree in (a). (c) Equivalent
dendrogram form of tree in (a). Since the total branch lengths
are not equally split between the bifurcating branches (equivalently, rates of evolutions of the different lineages are differen0,
the positions of the OTUs are not vertically aligned.

Figure 5. (a) A priori form of tree data in table 2a, which
is the starting tree for the NJ method. (b) Topology for an
NJ tree at the first split of two "nearest neighbours", which
have to be found, from the remaining OTUs, (c) NJ tree for
data in table 2a. One of the branch lengths (CY) is negative;
since this is impossible to represent, we have shown it by a
small line.
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3.2c NJ method: The steps of the NJ (Saitou and Nei
1987) algorithm are as follows:
(i) A priori, since it is not known which OTUs are
aligned to which, begin with a starting tree which has
a star-shaped topology such as shown in figure 5a.
(ii) To get a bifurcating tree, separate out a pair of the
OTUs from the remaining OTUs to get a topology as
in figure 5b. This pair, called the "nearest neighbours",
is found optimally so as to minimize the total length
o f the tree (Fij) over different choices of OTUs i and
j. For given i and j,

(11)

Fij = (Lix + Ljx ) + Lxr + ]~ Lkr ,

k~i,j
where Lmn is the branch length from node m to node
n (m, n = i, j, k, X, Y) and will be estimated by the FM
or least squares procedure. However, in terms of the
given distances between the OTUs, the expression can
be written as (Saitou and Nei 1987, for proof),
Fij_

1

1

2(N- z) y~ (~176
k~i,j
1
+.~
N-2

~

+2 ~

D,,,,,

(12)

tree topology is possible. In our example, this happens
after the first cycle. The lengths of the branches, BY,
CY and (AD)Y are found by the FM method to be
1 6 , - 1 and 11-5 respectively. The branch length, Lxr,
is calculated using

Lx~=L~ao~y-DAy2

which gives a value of 7.5. The final NJ tree with
.branch lengths is depicted in figure 5c.
It may be noted that, in our example, the distances
Dij satisfy the "relaxed additivity" conditions for obtaining
the correct unrooted tree topology for four OTUs [Saitou
and Nei 1987, eqn (10)]. The topology obtained by the
NJ method matches that obtained by UPGMA and FM
methods in w 3.2a and w 3.2b respectively.
The NJ method estimates the branch lengths by the
least squares method (Saitou and Nei 1987), which gives
it statistical validity. The branch lengths obtained in our
example are very similar to those of the FM tree, with
the length of branch CY being negative. While negative
branch lengths pose problems of interpretations, it is
found that the negative value is generally quite small
(Saitou and Nei 1987), so that, in practice, it can be
set to zero and the remaining distances optimally
recomputed (Felsenstein 1988).

m,n~i,j;m<n
3.3

where N is the total number of OTUs (=4, in our
example).
Hence, we find that Fan= 34.5 (= Fco, by symmetry),
Fac = Fso = 34.25 and Fao = Fsc = 30-5. Thus, OTUs A
and D (equivalently, B and C) are the nearest neighbours.
(iii) Estimate the lengths of the branches iX and jX by
the FM procedure, as follows (Saitou and Nei 1987, for
derivation and interpretation):
L ix =

(Di j + Diz- Djz )/2

Omz• I Z

(15)

(13)

Omk~(g-2) m,n=i,j; man,

~k~m, n

)

(14)

where OTUs i and j are the neighbours (A and D, in our
example). Hence, we find that Lax = (8 + 21 - 17)/2 = 6
and Lox=(8+ 1 7 - 2 1 ) / 2 = 2 .
(iv) Join the nearest neighbours, i and j (A and D in
our example), together and separate it out from the rest
of the OTUs, as in figure 5b. Compute the new distance
matrix as the averages of the distances of each of the
remaining OTUs with A and D, exactly as in the UPGMA
method, which gives table 2b.
(v) Repeat steps (i), (ii), (iii) and (iv) till the number
of OTUs is reduced to three, when only one unrooted

Reliability of phylogenetic trees

As mentioned in w 3.1, the basic characteristics of a
phylogenetic tree that are estimated from theoretical
analysis are its topology and the branch lengths. Branch
lengths are generally estimated using either the FM or
a least squares procedure. We already saw the problems
in these in w 3.2a and w 3.2b. The branch lengths are
related to the rate of evolution, and hence, errors in
branch lengths may give an erroneous inference regarding
the time of divergence of species. Several statistical tests
have been formulated for testing the significance of
branch lengths (Tateno et al 1982; Felsenstein 1988;
Hillis et al 1993; Nei 1996; Swofford et al 1996).
Two of the important statistical-computational tests are
jackknifing and bootstrapping. Jackknifing is a procedure
by which one resamples the given data by dropping one
or more data points at a time. In phylogenetic analysis,
jackknifing is applied to characters rather than taxa, and
has been used to check whether branch lengths are
greater than zero (Felsenstein 1988; Swofford et al 1996).
Bootstrapping is used to test for monophyly of particular
subgroups (Felsenstein 1985a). If k characters of n taxa
are studied, then a random sample of size k is drawn
with replacement from the k characters and phylogenetic
analysis of the n taxa using these "observations" is
carried out using the chosen algorithm. The procedure
is repeated several times (say, 1000 times) and the
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clustering pattern is noted each time. The number or
percentage of times a given branch occurs in the resulting
phylogenetic trees is called its bootstrap value (Feisenstein
1985a). For a pre-specified level (say, 50%, 90% or
100%), a consensus tree whose branches have a bootstrap
value of at least the pre-specified level is constructed
(Margush and McMorris 1981; Kumar et al 1993).
Reliability of the bootstrap value as a measure of confidence in the associated branch has been criticized as
being a conservative estimate of the true statistical support
for the topology (Hillis and Bull 1993; Brown 1994;
Sitnikova et al 1995). Felsenstein and Kishino (1993)
showed that the bias is not caused by the bootstrapping
procedure, but rather, is the result of summarizing the
evidence for a group by using a single P-value. Efron
et al (1996) showed that Felsenstein's (1985b) method
is not biased, at least to a first order of statistical
accuracy, but can be corrected to better agree with
standard ideas of confidence levels and hypothesis testing,
at considerably more computational cost. The interested
reader can find more detailed discussions on bootstapping
in phylogenetic analysis (Swofford et al 1996).
Statistical-computational methods for testing topology
of a tree have been reviewed in fair detail (Felsenstein
1988; Hillis et al 1993; Nei 1996; Swofford et al 1996).
Since empirical information about the actual course of
evolution is not available, in general it is not possible
to say whether the tree obtained using any of the
algorithms on empirical data is the correct one. However,
well-supported phylogenies can be used to test the
efficiencies of different phylogenetic methods (Allard
and Miyamoto 1992). For viral lineages derived from
bacteriophage T7, for example, Hillis et al (1994) have
shown that the known phylogeny of a controlled laboratory sample is correctly recovered by the maximum
parsimony method applied to the DNA sequence data.
Such tests can provide support to a method but not
conclusive proof of its veracity. Other empirical studies
(Lenski and Travisano 1994; Nei 1996; Russo et al
1996) suggest that when closely related DNA or codon
sequences are used, the correct phylogeny is obtained
regardless of the algorithm used, but the result does not
hold for distantly related sequences even when sequence
length is large.
It is possible (and much simpler) to set up an artificial
or model phyiogenetic tree, analyse the distance or
discrete character data from it using different algorithms
to reconstruct the "phylogeny", and check which of the
trees so obtained are the same as the starting tree. This
is the method of computer simulation which has been
used by several researchers (Peacock and Boulter 1975;
Tateno et al 1982; Nei 1991; Kuhner and Felsenstein
1994; Rzhetsky and Nei 1995) in efforts to find the
phylogenetic analysis algorithms that are most likely to
recover the starting tree topology.
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One feature that has been reported from the simulation
experiments (Nei 1991) is that substantial error occurs
in the process of rooting trees. Unrooted trees are much
more likely to match the topology of the true tree than
their rooted counterparts. Nei (1996) report that adding
two distantly related species (viz. lamprey and sea urchin)
to a set of vertebrates caused gross distortion in the
topology of the true vertebrate tree with all the treemaking methods. These results suggest that, contrary to
previous belief, outgroup rooting may affect the topology
of the tree, and cause errors in interpretations.
The other major result of the computer simulation
experiments concerns the "goodness" of some of the
algorithms. A criterion that has been used to determine
how good an algorithm is, is the value of Pc, the
probability that the tree of correct topology is arrived
at by the method. Extensive computer simulations using
this criterion have been reported to have largely failed
to discriminate between the different algorithms when a
molecular clock holds; all of them were nearly equally
good in estimating the true tree. But when there was
considerable heterogeneity in evolutionary rate in different
lineages, all methods were found to fail to approach the
true tree (Nei 1996).
In his review, Felsenstein (1988) explicates the difficulties with current methods of phylogenetic analysis.
Some of the problems include the fact that the assumptions
inherent in the different methods of analysis are only
sketchily known. Even less is known about the reliability
of the methods; few criteria and only fragmentary methods
for testing them are available. The reliability and power
of the few tests of reliability of phylogenetic analysis
methods that are available (like jackknife, bootstrap and
computer simulation) are themselves not clearly understood in spite of the efforts of several research groups
(Nei et al 1983; Hillis et al 1993; Nei 1996; Swofford
et al 1996).

4. Map-like graphical representation method
The bulk of the literature on theoretical methods and
aspects of phylogenetic analysis deals with the tree type
of representations, which we have been discussing till
now. Another type of representation that has been used,
though rarely and for limited purposes, is the multivariate
map-like graphical representation (Sheath and Sokal
1973). Lately, the usefulness of these representations are
beginning to be appreciated (DeQueiroz and Good 1997;
Sherry and Batzer 1997; B-Rao and Majumdar t998).
Other types of representations which combine some of
the advantages of both the tree and map representations
have been proposed (Carroll and Pruzansky 1983; Hendy
and Penny 1992; Bandelt and Dress 1992; Hendy et al
1994; Bandelt et al 1995; Charleston 1998; Huson 1998)
but are beyond the scope of this paper.
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The concept of chord distance proposed by CavalliSforza and Edwards (1967) is based on multivariate
geometrical reasoning. These authors give a lucid exposition on the relationship of phylogenetic trees in two
dimensions to evolution in multiple dimensions. Rohlf
(1970) provided a multidimensional scaling (MDS)
formulation of the problem. He applied the method to
several sets of real data and found that the grouping of
species closely matched that expected from earlier analyses using other methods, and that the results satisfied
objective criteria for a good representation. We have
obtained similar results from analysing many different
sets of molecular data by the method of similarity
structure analysis (SSA) (Borg and Lingoes 1987).
Felsenstein (1984) suggested the use of non-metric MDS
giving a tree-representation, which would overcome the
problem of non-additivity of distances. A few other
authors have attempted to use principal components
analysis to have some idea of clustering, while also
using a tree-making method for the phylogenetic relationships.
There are many different multivariate methods for
deriving a map-like representation (Kruskal 1977; Seber
1984; Borg and Lingoes 1987; Meulman 1986). The
general procedure common to all these methods is given
in B-Rao and Stewart (1996), and its application to
phylogenetic analysis is discussed by B-Rao and
Majumdar (1998) in some detail, along with applications
to real data. The final output from a map-representation
algorithm is in the form of points (OTUs) placed on a
two-dimensional plane or a hyperplane of a suitable
higher dimension. The visual distances between pairs of
points on the plane are indicative of the extent of
dissimilarity between the pairs of OTUs. OTUs that are
similar to one another are placed close together; the
grouping pattern is usually visually apparent, as are the
distances between groups.
The SSA method as we view it (B-Rao and Stewart
1996; B-Rao and Majumdar 1998) is a generalization
of MDS methods in that we vary the characteristics of
the representation till we find a combination that represents the data well (that is, we look for a model that
fits the data rather than just fitting the data to an assumed
model).
First, we need a matrix of distances among the OTUs
(called the target distance matrix), which can be found
by the methods described in w 2.2. We begin with an
initial configuration of points, check whether the distances
between points in the current "solution" are sufficiently
close to the target distances, and if it is not, we move
the points on the plane (Borg and Lingoes 1987) so as
to get an improved configuration, again check for the
stop criterion, and repeat the procedure till the criterion
is satisfied. The configuration obtained at this stage is
a final solution. We note down the value of a measure

of goodness of the solution. We repeat the procedure
with several initial configurations and we take the best
of the final solutions as the optimum configuration of
points. If a sufficiently good final solution is not obtained,
then we change some characteristics of the representation
(B-Rao and Stewart 1996) and repeat the procedure. In
general, if a good solution is not obtained in less than
or equal to 3-dimensions, we reject the map-representation
method for the given data because a higher dimensional
solution would lack visualizability and hence, interpretability. In our experience this happens very rarely.

4.1 Illustrative example
For an illustration, we present the result of our analysis
(figure 6) of distance data based on cytochrome c
sequences (Fitch and Margoliash 1967). The distances
between pairs of sequences were calculated as the number
of differences between amino acids in corresponding
positions in each pair. The legend to figure 6 gives the
list of organisms included in the study.
We verified that the optimum solution we obtained
satisfied objective criteria (B-Rao and Majumdar 1998)
for a good representation. Since our objective was to
minimize Kruskal's (1977) stress function, the first criterion for a good representation was the value of this
function as classified by Kruskal's rule-of-thumb. This
value was 13-42%, which rates as "fairly good". Secondly,
we looked at the Shepard diagrarrv--a plot of the represented distances versus target distances--and found
that the positions of the points were well-approximated.
Furthermore, the least squares best fit line to these points
was very close to the perfect fit line (which is given
by Y=X), and the correlation coefficient between the
two sets of distances (target distances and represented
distances) was over 0.9.
Using the fact that, for the objective function being
used, long distances are more reliably represented than
short distances (Heiser 1981; Borg and Lingoes 1987),
we sequentially drop far away points/groups, and repeat
the analysis to obtain a hierarchical grouping pattern.
The observed pattern in figure 6 confirms the validity
of the representation. The fungi (Candida, Saccharomyces
and Neurospora) and the members of the animal kingdom
are placed far apart, as expected. All the birds are
grouped together as are the primates and the other
mammals, indicating that the relatedness within each of
these groups is greater than that between members of
different groups. It can be seen that the non-primate
mammals group seems to be as close to that of the
birds as to that of the primates, which seems to be
surprising. However, we found from the given distance
data that the average distances of these groups are nearly
equal (13-63 and 13.25 respectively), hence confirming
that the data is correctly represented by our method.

Reconstruction of phylogenetic relationships

133

Figure 6. Map-like graphical representation of distance data (Fitch and
Margoliash 1967) based on cytochrome c sequences from diverse living
organisms. The closed lines enclosing points indicate the clustering pattem.

Fitch and Margoliash (1967) found that the position
of the turtle, close to the birds rather than to fish, is
unexpected and attribute this to bias in the data. The
same observation can be made from our representation.
They also mention that the kangaroo is expected to
group with the primates rather than with the other
mammals as seen from their analysis. Although a similar
grouping is observed in our representation, in addition,
it can be seen that the kangaroo is closer than any of
the other mammal species to the primates. We confirmed
the optimality of the positions of tuna, turtle, snake and
kangaroo in figure 6 by computer simulation as in B-Rao
and Majumdar (1998).
On the whole, the procedure has given a grouping
pattern that is similar to that obtained by other methods
and is in agreement with the inferences from morphological classification of the species. It also provides some
additional information that could not be seen from the
FM representation. The hierarchical pattern is represented
by enclosing the points by lines; the innermost such

line groups two taxa, with successive lines indicating
further levels of grouping. The pattern in figure 6 becomes
much clearer when one uses colour codes for different
positions in the hierarchy within different groups.
Alternatively, the pattern can be easily translated to a
tree representation of the form in figure 2a, which makes
the topology of the hierarchical grouping clearer, but
we lose out on information in the second dimension
such as mentioned in the last paragraph.

5.

Discussion

A large number of tree-making algorithms have been
proposed in the last 30-40 years, based on different
criteria, taking different inputs and providing different
qualities of outputs. The popularity of any particular
algorithm has depended more on its easy availability
than on scientific criteria. In the last decade, attempts
have been made by several groups of researchers to
establish scientific criteria (Felsenstein 1988, 1998; Hillis
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et al 1993; Nei 1996) and examine the relative merits of
the methods. Some progress has been made in this direction,
in spite of the constraints imposed by a lack of adequate
information about the basic system being studied.
A few researchers have tried out methods for map-like
graphical representations of phylogenetic relationships.
In this type of representation, the computed distances
between the OTUs are directly represented as the visual
distance between them. Given the flexibility of the
general multivariate approach (B-Rao and Stewart 1996),
a large number of different models can be tested. In
fact, the FM method (and other optimization methods
for phylogenetic inference not mentioned in this paper)
may be considered to belong to this class of methods,
with a particular type of metric (which gives an additive
tree) and optimization criterion (minimization of the per
cent standard deviation) being specified.
In tree-making algorithms, allowance for unequal rates
of evolution along different lineages is made by purely
mathematical means. Hence, the inferred rates may or
may not be interpretable in biological terms. The SSA
procedure (Borg and Lingoes 1987) allows for weighting
the distances between pairs of OTUs according to known
information about different rates of evolution. If no such
information is available, then all distances are given
equal weightage.
Rohlf (1970) mentions the lack of hierarchical relationships in map-representation as one of its disadvantages
as compared to tree methods in which computation and
representation of such relationships are inbuilt. Our
sequential analysis method can be used to obtain hierarchical relationships among the OTUs, as in the tree
methods. However, we have found (unpublished results)
that forcing a bifurcating hierarchical structure can sometimes distort the true relationships among the OTUs,
which may be better represented in two dimensions. This
happens because the property of transitivity (that if A is
similar to B and B is similar to C, then A and C should
be similar to each other) does not always hold for phyIogenetic similarities based on a large number of characters.
Map representation is not very useful if a good twoor three-dimensional representation is not obtained. This
may happen, for example, when the data is perfectly
tree-like. However, empirical data is seldom perfectly
tree-like (or map-like, for that matter), and hence, one
would have to find both of them to see which fits the
data better. Some guidelines on when to use which type
of representation are provided by Carroll and Pruzansky
(1983) and some tests of whether the data fits the
bifurcating tree model have been devised using graph
theory (Hendy and Penny 1992; Huson 1998).
To sum up, we feel that the map-like graphical
representation can be more informative than the tree
representation. The main advantage of the tree representation over the map-representation--namely, that of

being able to assign a time direction--is offset by the
finding that the process of rooting a tree can significantly
distort the topology of the estimated tree (Nei 1996).
On the other hand, the map-representation method can
show pair-wise relationships among the OTUs at a glance,
as well as demonstrating other relationships that are not
clear in the tree-representation.
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Appendix
Computer software for phylogenetic analysis may be
obtained from the following addresses. Some of them
are available gratis.
(i) PHYLIP (Phylogeny Inference Program)
Joseph Felsenstein,
Department of Genetics SK-50,
University of Washington,
Seattle, Washington 98195, USA
joe @genetics.washington.edu
joe @evolution .genetics.washington .edu
(ii) MEGA (Molecular Evolutionary Genetics Analysis)
Sudhir Kumar, Koichiro Tamura and Masatoshi Nei,
Institute of Molecular Evolutionary Genetics,
The Pennsylvania State University, University Park,
PA 16802, USA
imeg@psu.edu
(iii) PAUP (Phylogenetic Analysis Using Parsimony)
David Swofford,
Illinois Natural History Survey,
Natural Resources Building,
607 East Peabody Drive, Champaign,
Illinois 61820, USA
(iv) MacClade (Cladistic analysis using Macintosh
computers)
Wayne Maddison,
Department of Ecology and Evolutionary Biology,
University of Arizona, Tucson,
Arizona 85721, USA
(v) Several useful programs
Walter Fitch,
Department of Ecology and Evolutionary Biology,
University of California, Irvine,
California 92717, USA
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