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1. PHYLOGENIES AND HIV

A phylogeny is a set of relationships among groups of genes or organisms that re-
flects their evolutionary history. Inferring a phylogeny is an estimation procedure, a
statistical inference of a true phylogenetic tree that is unknown. However, the aim
of the phylogenetic analysis is not merely the reconstruction of a tree topology; the
phylogeny provides a powerful framework in which several hypotheses can be
tested and parameters of interest can be estimated from the data (Huelsenbeck and
Crandall, 1997). Once a reliable estimate of the phylogeny of the sequences under
study has been obtained, it can be used for testing diverse hypotheses about evolu-
tion. All phylogenetic methods are based on some set of assumptions. To
understand the scope of the derived inferences, the assumptions of a method must
be explained and delimited, and then tested and contrasted with the biological data
at hand. Inferences derived from the phylogeny can be only as good as the
phylogenetic estimate from which they were derived.

There are many reasons why a clear understanding of the genetic relation-
ships among different strains of a virus is desirable. Such knowledge can provide
information on the origins and geographic distributions of particular strains, on their
routes of transmission, and for the development of vaccines (Leigh Brown and
Holmes, 1994). In the case of HIV, its rapid evolution provides an ideal system for a
successful application of a variety of phylogenetic approaches, as evidenced by the
increasing number of studies on HIV using phylogenies. Phylogenetic analyses of
HIV sequences have been used to investigate a variety of problems (see Seiller-
Moiseiwitsch et al., 1994; Crandall, 1999; Crandall et al., 1999b). These problems
include potential transmission of the HIV virus among individuals
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(Krushkal and Li, 1999), cross-species transmissions (Sharp et al., 1995; Sharp et
al., 1996), origins (Sharp et al., 1994), epidemiology (Holmes et al., 1999), sub-
typing (Louwagie et al., 1993; Simon et al., 1998) and drug resistance (Crandall et

al., 1999a).  Phylogenetic studies have been critical for understanding the biology
and evolution of HIV (Hillis, 1999). In fact, the wealth of data accumulated over the
last few years has made the immunodeficiency viruses the most data-rich group of
organisms for any evolutionary analyses (Leigh Brown, 1994). In this chapter, we
introduce procedures for estimating phylogenies from DNA and protein sequences,
including hypothesis testing and applications, and point out diverse special concerns
about HIV. This chapter gives some simple guidelines for the phylogenetic analysis
of HIV sequences, including references to more specific reviews and available
software. Swofford et al. (1996a) provide the most comprehensive current review of
the phylogenetic methodology.

2. PHYLOGENETIC RECONSTRUCTION

Phylogeny reconstruction is a complex process that requires several steps. Each step
is equally important and should be completed carefully. In the next section we out-
line the main phases in phylogenetic analysis: alignment, selection of optimality
criteria and search strategies for optimal trees, use of appropriate models of evolu-
tion, and confidence assessment. Also, a necessary discussion about consensus and
ancestral sequences is included.

2.1 Alignment

The first step in any evolutionary study is to establish homology. In DNA sequence
analysis one hypothesizes that the nucleotides observed at a given position came
from the same position in the common ancestor of the taxa under study (Swofford et
al., 1996a). This statement of positional homology constitutes an alignment. In the
alignment, positions inferred to be homologous are in the same column of the data
matrix, so insertions or deletions (indels) are postulated by inserting gaps in one or
several sequences. The quality of an alignment is measured as some cost resulting
from different penalties. The insertion of a gap, its size, or position can each be pe-
nalized in different ways. In general, penalties are bigger for gaps than for mis-
matches, as indels are usually rarer than substitutions. The cost is also bigger for
internal gaps than for leading or trailing gaps, as the latter usually represent differ-
ent lengths of sequences rather than actual evolutionary changes (Swofford et al.,
1996a). Also, a matrix of change costs may be specified for the different nucleotide
substitutions, thereby allowing, for example, the specification of different costs for
transitions and transversions. In the case of protein-coding sequences, information
about the protein reading frame or about the secondary structure of the protein can
be incorporated in the alignment process (see Kjer, 1995). For example, gaps that
are not multiples of three can be penalized more heavily than those that are multi-
ples of three, because the former produce a shift in the protein reading frame.

Although alignment methods can be efficient, especially when the se-
quences are similar, they are not foolproof, and manual refinement of the alignment
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may still be required (Weiller et al., 1995). Regions of the sequence alignment with
substantial numbers of gaps, in which positional homology is too uncertain, should
be omitted from the analysis (Swofford et al., 1996a). However, deleting all the
gapped columns—a procedure known as “gapstripping”—results in an unnecessary
loss of information that neglects the reality of indels as evolutionary events. Some
phylogeny methods (e. g., maximum parsimony) can treat gaps as a fifth state, ac-
knowledging the evolutionary reality of indel evolution. Some models of indel
evolution (Thorne et al., 1991; Thorne et al., 1992) have been proposed for use in
likelihood or distance analyses, but no widely available software programs currently
implement these models. Therefore, indels are often treated as missing data in
maximum likelihood and distance analyses, thereby resulting in some loss of infor-
mation. In the software section, some of the many programs for the alignment of
DNA and amino acid sequences are described.

2.2 Consensus Sequences and Ancestral State Reconstruction

Consensus sequences can be constructed by examining each site or position in an
alignment. When a site is invariant, the nucleotide is assigned to the consensus se-
quence in that position. When a site is variable, a certain nucleotide is assigned to
the consensus sequence if its frequency reaches some predetermined value (e. g.,
80%, 90%) called a consensus threshold. If no nucleotide reaches the threshold fre-
quency, an ambiguity state is assigned to the consensus sequence. We would like to
emphasize the artificial nature of consensus sequences. Consensus sequences are
inappropriate representations of the variability in a group; this variation is better
represented by using all the sequences in that group. Consensus sequences have
often been used in the HIV literature as a surrogate for an ancestral sequence type.
This is a serious mistake, for consensus sequences are not in any way ancestral se-
quences (see Figure 1).

Ancestral sequences can be readily reconstructed using various techniques,
including parsimony and maximum likelihood methods. Parsimony reconstructs
ancestral states by minimizing the number of steps in the tree (Fitch, 1971; Mad-
dison and Maddison, 1994; Swofford, 1998). The problem is that the accuracy of
the reconstruction is in doubt when there is a high level of sequence divergence, and
parsimony often suggests many equally good reconstructions without a way to
choose among them (Yang et al., 1995b) (see Figure 1). Ancestral state reconstruc-
tion using parsimony is implemented in MACCLADE, PAUP* and COMPARE
(see software section for software references and associated web sites). Yang et al.
(1995b) proposed a statistical method for estimating ancestral states using maxi-
mum likelihood. In this method, a model of evolution is used to obtain maximum
likelihood estimates of parameters such as branch lengths. These estimates are used
to compare posterior probabilities of assignments of character states to interior
nodes of the tree (see Figure 1). The best reconstruction at the site is the character-
state assignment with the highest posterior probability. This likelihood-based
method has been found to be superior to the parsimony method (Yang et al.,
1995b). Maximum likelihood ancestral state reconstruction is implemented in
PAML and PAUP*.
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Figure 1 Reconstruction of ancestral and consensus sequences. A maximum likelihood tree was esti-
mated under the best-fit model of nucleotide substitution selected by MODELTEST (GTR+G) from a set
of aligned pol sequences (3009 bp). Parsimony reconstruction was implemented in PAUP*. There were
10 most parsimonious possible reconstructions. The marginal likelihood ancestral reconstruction was
implemented with the program baseml in PAML under the best- fit model of evolution.

2.3 Optimality Criteria and Searching Methods

Once an alignment has been proposed, several methods can be used for estimating
the phylogeny of the sequences under study. All commonly used phylogenetic
methods have two parts: the specification of an optimality criterion, and the specifi-
cation of a search strategy to find optimal or near-optimal trees. The optimality cri-
terion is a statement of how goodness-of-fit between data and alternative hypotheses
is measured, whereas the search strategy is the means for looking for the best tree
among the universe of possibilities. Given an optimality criterion, a score can be
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assigned to each possible phylogenetic hypothesis, so that all the different hypothe-
ses can be ranked in order of preference. The main optimality criteria used in phylo-
genetics are maximum parsimony, maximum likelihood, and minimum evolution.
For any of these criteria, searches for optimal solutions can be quick and approxi-
mate (e. g., neighbor joining, stepwise addition) or thorough and exact (e. g.,
branch-and-bound, exhaustive searches). A comparative review of optimality crite-
ria and search methods as applied to HIV analyses is given in Hillis (1999), so this
discussion will not be repeated here. We will only note that each of the three opti-
mality criteria has advantages, and that thoroughly searching for optimal solutions is
often of much greater importance than which of the three optimality criteria is se-
lected. Parsimony and minimum evolution analyses of DNA and protein sequences
can be implemented in programs such as PAUP*, PHYLIP, MEGA, and
PHYLO_WIN. Maximum likelihood methods for DNA sequences are implemented
in PAUP*, PHYLIP, PHYLO_WIN, fastDNAML, PAML, MOLPHY, and GAML.
Maximum likelihood analyses of protein sequences are implemented in PAML and
MOLPHY.

2.4 Models Of Evolution

All the phylogenetic methods make assumptions, whether implicit or explicit, about
the process of DNA substitution or amino acid replacement (Felsenstein, 1973;
Goldman, 1990; Penny et al., 1992). This set of assumptions about the evolutionary
process defines a DNA substitution or amino acid replacement model, respectively.
Models are abstractions or simplifications of the real world, but they are intended to
include the most important features and omit irrelevant detail (Penny et al., 1994).
Muse (1999) provides an extensive overview about modeling HIV evolution.

2.4.1 Models of Evolution of DNA Sequences

All the models of DNA substitution that we will discuss here share two basic
assumptions:
!  Substitution is described by a homogeneous Markov process, in which the

probability of a change from nucleotide i to nucleotide j does not depend on the
previous state of nucleotide i, and does not change in different parts of the tree.

!  Substitution events are independent across sites, so that the probability of
change in one site does not affect the probability of change in another site.

 
 Other assumptions can be relaxed (or not) to allow a more realistic interpretation of
the process that led to the data set at hand:
 
!  Substitution events are reversible, meaning that the probability of change from

nucleotide i to nucleotide j is the same as the probability of change from nucleotide
j to nucleotide i.

!  Rates of change are homogeneous among sites: all the sites along the DNA
sequence evolve at the same rate.
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! Base composition is stationary: the expected base frequencies do not change in
different parts of the tree.

DNA substitution models are expressed as a 4 × 4 instantaneous rate matrix, Q,
in which each element Qij represents the instantaneous rate of change from nucleo-
tide i (rows) to nucleotide j (columns):

Q = {qij} =

−r2πC − r4πG − r6πT r2πC r4πG r6πT

r1πA −r1πA − r8πG − r10πT r8πG r10πT

r3πA r7πC −r3πA − r7πC − r12πT r12πT

r5πA r9πC r11πG −r5πA − r9πC − r11πG



















(1)

The rows and columns are ordered A, C, G, and T. The ri's are the rate parameters
that define the rates of change between nucleotides, and the πi's are the base fre-
quencies. If the matrix is made symmetric, so that r1 = r2, r3 = r4, r5 = r6, etc., then it
corresponds to the general time-reversible model of DNA substitution (GTR or
REV, Tavaré, 1986; Rodríguez et al., 1990; Yang, 1994a), which is the most gen-
eral model that we will consider here. Most of the commonly used models are spe-
cial cases of the GTR model, and can be obtained by specifying different constraints
in the values of the rate parameters or base frequencies. For instance, by restricting
r3 = r4 = r9 = r10 (equal transition rates) and r1 = r2 = r5 = r6 = r7 = r8 = r11 = r12 (equal
transversion rates), one gets the Hasegawa-Kishino-Yano model (HKY, Hasegawa
et al., 1985). By restricting r1 = r2 = r3 = r4 = r5 = r6 = r7 = r8 = r9 = r10 = r11 = r12 (all
rates equal) and πA = πC = πG = πT (all base frequencies equal), the simplest model
(JC, Jukes and Cantor, 1969) is specified. To calculate a likelihood score for a tree
we need the probabilities of change from any state to any other along a branch of
length t. This substitution probability matrix P is calculated as

P(t)= eQt (2)

In the JC model, these probabilities are:

P t
e i j

e i j
ij

t

t

( ) =
+ =

− ≠










−

−

1
4

3
4

1
4

1
4

µ

µ

 ( )

 ( )

(3)

A very important extension of these models incorporates the possibility of
rate heterogeneity across sites (Yang, 1993), which relaxes the assumption that all
sites along the DNA sequence evolve at the same rate. This is accomplished by as-
signing to each site a certain probability of evolving at each rate contained in a dis-
crete probability distribution. The simplest model assumes a proportion of invari-
able sites, while the rest of the sites evolve at the same rate. But the most commonly
used distribution for modeling rate heterogeneity is the discrete gamma (Γ) distri-
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bution, in which a specific number of rate categories (e. g., four) are defined (Yang,
1994b). Yang (1996) reviewed the role of the incorporation of rate heterogeneity
among sites and its impact on phylogenetic studies. In an attempt to relax the as-
sumption of stationary base composition (i. e., that the base frequencies do not
change in different parts of the tree), Galtier and Gouy (1998) recently proposed a
nonhomogeneous, nonstationary model of DNA evolution that allows varying equi-
librium G+C content among lineages. This model is implemented in the program
NHML.

2.4.2 Protein Coding Sequences

DNA positions in a coding sequence can undergo either nonsynonymous substitu-
tions, in which nucleotide substitutions correspond with amino acid replacements,
or synonymous substitutions, in which nucleotide substitutions do not result in a
change of amino acid. Under neutral evolution, synonymous substitutions occur at a
higher rate than nonsynonymous substitutions. Since the number and type of non-
synonymous substitutions that can occur at a given site in a coding sequence can
change over time, some assumptions do not hold as well in coding sequences as
they do in noncoding sequences. In particular, nucleotides within a codon do not
evolve independently, rates of substitution differ among the nucleotides within a
codon, and rates at a specific site change over time (Muse, 1999). Some models of
codon evolution that use 61 × 61 matrices have been developed in order to account
for these problems (Goldman and Yang, 1994; Muse and Gaut, 1994).

Muse and Gaut (1994) define Pij(α,β,dt) as the instantaneous probability of
changing from codon i to codon j in a small amount of time dt. The parameters α
and β are the synonymous and nonsynonymous substitution rates, respectively. As-
suming that only one nucleotide substitution can occur in time dt, the substitution
process among the 61 nonterminating codons is:

Pij , ,dt

dt

dt
n

n( ) =

0        

when synonymous change

when nonsynonymous change

when multiple substitutions needed

α β
απ
βπ

 

 






(4)

where πn is the frequency at equilibrium of the target nucleotide. Once again, tran-
sition probabilities for a given amount of time (t) need to be calculated in order to
estimate branch lengths (or to calculate likelihoods given the branch length t). If we
form a matrix A with the instantaneous probabilities, Pij(α,β,dt), the transition prob-
abilities are given by eAt. Once the matrix of transition probabilities P is approxi-
mated, the probability of observing the data, given values of α , β, and t, can be
evaluated, and the parameters can be estimated using likelihood. Only the products
of substitution rates and time, αt and βt, are estimable. This model is implemented
in the program HYPHY.
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The matrix of transition probabilities of Goldman and Yang (1994) is
similar to that of Muse and Gaut (1994), but the elements of this matrix are calcu-
lated in a different way:

Pij

d V

d V

if or of pair

i j i j i j

are different

if exactly of the pairs

i j i j i j

differ by a transversion

if exactly

j aa aa

j aa aa

i j

i j

=

−

−

0 2 3

1 1 2 2 3 3

1

1 1 2 2 3 3

                                 

exp( / )    

exp( / )  

                                        ( , ), ( , ), ( , )

                                       

                                      ( , ), ( , ), ( , )

                                     

,

,

µπ

µκπ 11

1 1 2 2 3 3
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i j i j i j

differ by a transition

                                       ( , ), ( , ), ( , )

                                       




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




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
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(5)

where µ is the mutation rate, πj is the frequency at equilibrium of the codon being
changed to, κ is a parameter that allows the empirical finding that transitions often
occur more frequently than do transversions (Brown et al., 1982), daai,aaj are phys-
icochemical distances following Grantham (1974), and V is a parameter represent-
ing the variability of the gene or its tendency to undergo nonsynonymous substitu-
tions. However, a simplified version is recommended (Yang, 1998; Yang and Niel-
sen, 1998; Yang et al., 1998):

q

if thetwocodons differ at morethanone position

for synonymoustransversion

for synonymoustransition

for nonsynonymoustransversion

for nonsynonymoustransition

ij

j

j

j

j

=















0       

    

  

  

π

κπ

ωπ

ωκπ

(6)

where qij is the instantaneous substitution rate from codon i to codon j, κ is the tran-
sition/transversion ratio, ω is the nonsynonymous/synonymous rate ratio, and πj is
the equilibrium frequency of codon j. These models are implemented in the program
codeml in the software package PAML.

2.4.3 Amino Acid Sequences

The simplest model of amino acid evolution is a Poisson model, analogous to the JC
model for DNA, but with 20 possible states instead of four. The probability of
change for this model is given by:
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P t
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As in the case of DNA, different constraints in the values of the relative rate pa-
rameters lead to the specification of distinct models. More complex empirically
derived models have been developed taking into account amino acid physicochemi-
cal properties and protein secondary structure (Thorne et al., 1996; Goldman et al.,
1998). Goldman, Thorne and Jone’s model (1998) is implemented in the program
PASSML. An empirical general reversible model of amino acid replacement
(mtREV) analogous to the REV model of DNA substitution has been proposed by
Adachi and Hasegawa (1996a), and it is implemented along with other models in
MOLPHY (Adachi and Hasegawa, 1996b). Yang and colleagues (1998)
transformed a Markov model of codon substitution into a mechanistic model of
amino acid replacement that seems to provide a better fit to amino acid sequence
data. A number of models of protein evolution are implemented in the program
aaml in the software package PAML.

2.4.4 Estimating Model Parameters

The models described above contain a number of parameters that must be estimated
from the data. This is best done in a maximum likelihood framework, simultane-
ously optimizing the different parameters, and finding the values that maximize the
likelihood. As long as the parameter estimates are fairly consistent across tree to-
pologies, a useful method is to estimate model parameters on some reasonably good
tree (parsimony, neighbor joining, maximum likelihood using the JC model), and
then use the resulting estimates in a search for a better tree under the adequate
model of evolution. Yang et al. (1994; 1995a) have shown that in estimating some
important parameters of molecular evolution, such as ti/tv ratio, κ , and the α pa-
rameter of the gamma distribution, knowledge of the true phylogeny is not very
important as long as a reasonable model of evolution is adopted. How to decide if a
model of evolution is reasonable is discussed in the next section.

2.4.5 Selecting a Model of Evolution

To have confidence in inferences, it is necessary to have confidence in the models
on which these inferences are based (Goldman, 1993b). The advantage of methods
that incorporate explicit models of DNA substitution, such as distance or maximum
likelihood methods, is that confidence on the models can be assessed (Huelsenbeck
and Crandall, 1997). Discrimination between models of DNA substitution will be-
come more important as molecular sequence databases expand and interest in DNA
analysis increases (Goldman, 1993b). One of the most widely used statistics for
comparing the fit of two competing models is the likelihood ratio test (LRT) statis-
tic δ:
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δ = −( )2 1 0ln lnL L (8)

where L1 is the maximum likelihood under the complex model (alternative hypothe-
sis) and L0 is the maximum likelihood under the simple model (null hypothesis).
When the models compared are nested (the simple model is a special case of the
complex model), the δ statistic is asymptotically distributed as χ2 with q degrees of
freedom, where q is the difference in number of free parameters between the two
models. It is important to note that to preserve the nesting of the models, the likeli-
hood scores must be estimated on the same tree topology.

Goldman (1993a) questioned the χ2 approximation of the test statistic, but
simulation study of Yang and coworkers (1995a) suggests that the χ2 approximation
is acceptable in most cases. However, the χ2 distribution may not be reliable when
the null model is equivalent to fixing some parameters at the boundary of the pa-
rameter space of the alternative model, e. g., rate homogeneity test, where the null
hypothesis is a special case of the gamma-distribution model with shape parameter
(α) equal to infinity (Yang, 1996). Whelan and Goldman (1999) showed that for
comparisons of rate variation across sites and nucleotide frequencies estimated as
the observed base frequencies, the observed distribution of the LRT statistic was
significantly different from the χ2 distribution. However, the likelihood differences
when comparing models may be very large, and the inaccuracy of the χ2 approxi-
mation should not change the conclusions of the tests in these cases. When the
models compared are not nested, the δ statistic is not distributed as χ2 anymore, and
one must use alternative means of generating its null distribution, typically through
Monte Carlo simulation (Goldman, 1993b) (see below and Figure 4).

A different approach for comparing models is to compare all competing
models at the same time by calculating the minimum theoretical information crite-
rion (Akaike, 1974), AIC= –2lnL + 2n, where L is the maximum value of the likeli-
hood function for a specific model using n independently adjusted parameters.
Smaller values of AIC indicate better models (Hasegawa, 1990). The advantages of
the AIC criterion are that it does not require the compared models to be nested, and
it is very fast and easy to implement. Muse (1999) demonstrates the use this ap-
proach to model testing using HIV–1 sequence data. Rzhetsky and Nei (Rzhetsky
and Nei, 1995) used linear invariants to develop several tests for the fit of a par-
ticular model to the data. They test whether the deviation for the expected invariant
would be significant if the evaluated model were true. These tests do not require the
use of an initial phylogeny, and are independent of evolutionary time, but they are
model specific, and can only be applied to a small set of possible substitution mod-
els

Some other methods have been developed for assessing the fit of a single
model to the data. These methods calculate the maximum value of the likelihood
function under the multinomial distribution as an upper bound to which the likeli-
hood of any model can be compared as a test for model fit (Goldman, 1993a). The
likelihood function under the multinomial distribution refers to an unconstrained
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model of evolution, and for n aligned DNA sequences of length N sites (excluding
gapped sites) it has the form

L pb
n

b

b=
∈ℜ
∏ ( ) (9)

where ℜ  is a set of 4n possible nucleotide patterns that may be observed at each site,
pb is the probability that any site exhibits the pattern b in ℜ  given the tree and a sub-
stitution model, and nb is the number of times the pattern b is observed out of the N
sites.

One tool for choosing a model of evolution using likelihood-ratio tests or
the AIC is the program MODELTEST. This program compares the likelihood
scores (obtained through PAUP*) corresponding with different models of evolution
for a given tree topology using LRTs and the AIC criterion. This approach tests a
number of hypotheses concerning the sequence data, including 1) Are nucleotide
frequencies equal? 2) Are transition rates equal to transversion rates? 3) Are transi-
tion rates and transversion rates equal within these classes? 4) Is there rate hetero-
geneity within the data set? (Γ) and 5) Is there a significant proportion of invariable
sites (I) ?

It has been shown that the use of one model of evolution or another can
change the results of the analysis (Sullivan and Swofford, 1997; Kelsey et al.,
1999). The methodology described in Huelsenbeck and Crandall (1997) and imple-
mented and extended in Posada and Crandall (1998) provides a justification for the
use of a specific model of DNA substitution. Empirical tests support the idea that
best-fit models identified using LRT tests seem to be a conservative choice, but
their relative performance seems to be the greatest when the choice of models is
most important (Cunningham et al., 1998). A model does not have to be perfect to
be useful (Swofford et al., 1996a). All the current models of evolution are often re-
jected when compared against the multinomial distribution (Goldman, 1993a; Yang
et al., 1994), but this means only that actual models do not completely describe the
underlying process of evolution, not that they are inadequate to lead to a reasonable
estimation of the phylogeny. The use of adequate models of evolution (even current
ones) improves the accuracy of the phylogenetic inference (Leitner et al., 1997;
Sullivan and Swofford, 1997).

Example 1. The subtype reference pol alignment was downloaded from Los
Alamos database at http://hiv-web.lanl.gov/ALIGN_98/subtype_alignments.html. A
block of commands (included in the package MODELTEST) is executed in PAUP*
to obtain likelihood scores for 24 different models of evolution, given the data (the
pol alignment) and a neighbor-joining (NJ) tree constructed using the JC model of
evolution. The output of this execution of PAUP* is the input for the program
MODELTEST, which indicates that the best-fitting model for this data set is the
GTR + Γ  (see above) model, after rejecting the null hypotheses of equal base fre-
quencies, equal transition and transversion rates, equal transition rates and equal
transversion rates, and rate homogeneity among sites, and failing to reject the null
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hypothesis of no invariable sites (Table 1). For the pol data set we have estimated
two trees using the neighbor-joining algorithm. One tree has been estimated using
the Kimura two-parameter model, (K2P or K80, Kimura, 1980) (Figure 2A); the
other tree was estimated using the best fitting model, the GTR + Γ  model (Figure
2B). The topology of these trees is different (see Figure 2, position of subtype A),
although, in this specific case, this difference is not significant (Kishino-Hasegawa
test; P-value = 0.9693).

Figure 2 A. Neighbor-joining tree estimated using the K2P model of evolution. B. Neighbor-joining tree
estimated using the GTR + Γ model of evolution. Observe the differences in the position of subtype A.

Table 1 Likelihood ratio tests of models of molecular evolution (Huelsenbeck and Crandall, 1997;
Posada and Crandall, 1998). P-value were corrected using the Bonferroni correction (Miller,
1966). δ = 2 (lnL1-lnL0)

Null
Hypothesis

Models
Compared

-lnL0 -lnL1 δ df P

Equal base
  frequencies

H0: JC69
H1: F81

17650.73
17422.55

456.36 3 <0.0001*

Equal ti/tv
  rates

H0: F81
H1: HKY85

17422.55
16708.51

1428.08 1 <0.0001*

Equal ti and
  equal tv rates

H0: HKY85
H1: GTR

16708.51
16636.97

143.08 3 <0.0001*

Equal rates
  among sites

H0: GTR
H1: GTR+Γ

 16636.97
15902.03

1469.88 1 <0.0001*

Proportion of
invariable sites

H0: GTR+Γ
H1:GTR+Γ+I

15902.03
15898.80

6.46 1  0.0554

* Null hypothesis rejected
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2.4.6 A General Model of HIV–1 Evolution

It is now well known that the substitution matrix in HIV–1 is highly asymmetric.
The most common type of change observed in HIV–1 sequences is the transition A
to G, A to C transversions are more common than C to T transitions, and all of these
types are several times more common than C to G transversions (Hillis et al., 1994).
Simple models such as K2P cannot explain the complexity of HIV–1 evolution
(Moriyama et al., 1991), and usually more complex models such as GTR fit the data
better (Leitner et al., 1997). One possible way to incorporate more specific infor-
mation on HIV evolution would be to use the large HIV database to estimate im-
portant parameters for use in implementing different general models of evolution for
different parts of the HIV genome (Hillis, 1999). This approach would be expected
to increase the accuracy and power of phylogenetic analysis of HIV sequences. In-
deed, a first step in this direction is the codon-based model of Pedersen et al.
(1998), that incorporates unequal base compositions in the three codon positions
and selection against the CpG dinucleotide.

2.5 Confidence Assessment

Without some assessment of reliability, a phylogenetic estimate has limited value. A
phylogenetic estimate based on data should normally be accompanied by an as-
sessment of the estimate’s reliability (Penny and Hendy, 1986). There are several
methods of assessing the reliability of the individual internal branches of an esti-
mated tree.

The decay index or Bremer support (Bremer, 1988) is the difference in
length between the shortest tree (the tree that implies the smallest number of nu-
cleotide substitutions) that contains that branch and the shortest tree that does not
contain that branch. The significance of the different values of Bremer support is
not clear, because there is no defined range of values, and it can be applied only for
parsimony trees. Bremer support can be calculated using the program
AUTODECAY.

The a priori T-PTP (topology-dependent permutation tail probability) test
(Faith, 1991) calculates the proportion of the time that a particular Bremer support
value is matched or exceeded when calculated from permuted data sets. The a poste-
riori T-PTP (Faith, 1991) test uses a different method for generating the permuted
data sets. Swofford et al. (1996b) have argued that, because the permutation proce-
dure destroys all phylogenetic structure in the data, the null hypothesis tested by T-
PTP is that of no phylogenetic structure, rather than that a particular group is non-
monophyletic. They used computer simulation to support their arguments. On the
other hand, Faith and Trueman (1996) suggest that when the T-PTP test is signifi-
cant, it fails to falsify a hypothesis of monophyly. The T-PTP test is implemented in
PAUP*.

The interior branch test (Rzhetsky and Nei, 1992; Sitnikova et al., 1995) is
a t-test that assesses whether the length of the branch separating the hypothesized
monophyletic group from the remaining taxa is significantly greater than zero. If the
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branch length is not significantly greater than zero, then it is not considered signifi-
cantly supported. The interior branch test is implemented in METREE.

Resampling techniques such as bootstrapping and jackknifing (Efron and
Tibshirani, 1993) are used to estimate the variance of a statistic from which the un-
derlying distribution is either unknown or difficult to derive analytically. The vari-
ance of the statistic of interest is approximated by the variance of a sampling distri-
bution obtained by repeatedly resampling data from the original data set. Each new
sample obtained by resampling is called a pseudosample. When the resampling is
made with replacement and the size of the pseudosample is the same as the size of
the original sample, the technique is called bootstrapping or nonparametric boot-
strapping (see Figure 3). Consequently, in the bootstrap pseudosamples, some data
points are lost and others are repeated. When the resampling is made without re-
placement and the size of the pseudosamples is smaller than the size of the original
sample, the technique is called jackknifing. In the jackknifed pseudosamples, some
data points are lost but none are repeated. In a phylogenetic context, the resampled
data points are the columns of the alignment (characters), because the statements of
homology (the columns) must be preserved. From each pseudosample a new tree is
estimated, and the number of times that a specific internal branch appears in the
whole set of trees is recorded as the bootstrap or jackknife proportion for that
branch (Felsenstein, 1985; Felsenstein, 1988). In general, the bootstrap or jackknife
pseudosamples are summarized by computing a consensus tree of all bootstrap or
jackknife replicates.

Figure 3 The bootstrap process.
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Bootstrapping is used more in phylogenetics than jackknifing or any of the
other techniques described above (Swofford et al., 1996a). However, interpretation
of bootstrap proportions is often problematic. A bootstrap proportion is not the
probability that a branch (a grouping) is correct. Analytical (Zharkikh and Li,
1992b; Zharkikh and Li, 1992a) and empirical (Hillis and Bull, 1993) studies have
shown that bootstrap values are biased estimates of accuracy. Under a consistent
method, high bootstrap values underestimate accuracy, while low bootstrap values
overestimate accuracy. The extent of the bias depends on the data set at hand, so it
is incorrect to assume that bootstrap proportions provide a direct measure of accu-
racy. Two methods, iterated bootstrapping (Hall and Martin, 1988; Rodrigo et al.,
1993) and the complete-and-partial (C-P) bootstrap technique (Zharkikh and Li,
1995), have been proposed to correct for this bias. In addition, it has been recom-
mended that the number of bootstrap replicates should be greater than 400 to reduce
the variance of the estimate (Li, 1997). Although the interpretation of bootstrap val-
ues is still in debate, what is clear is that high values (>90%) are very likely to indi-
cate correct branches if the method is consistent. It also should be clear that the
bootstrap proportions are no better than the phylogenetic method used. If the phylo-
genetic method used is inconsistent, it will converge repeatedly to the same wrong
topology, providing high bootstrap values that have no correspondence to phyloge-
netic accuracy. One common unjustified use of bootstrap values compares them
across different trees for establishing different levels of support for different hy-
potheses. This procedure lacks any statistical or logical basis. Nonparametric boot-
strapping is designed to provide a general measure of support, and is not a method
for testing specific a priori hypotheses. For testing specific hypotheses, appropriate
statistical tests are available that make efficient use of the available information (all
the information in the data that is relevant to the desired inference is contained in
the statistic). Some of these tests are described below. Another subtle issue is how
to present bootstrap values. Commonly, bootstrap values are presented in a
consensus tree of the trees estimated from the pseudosamples. However, this tree
does not represent our best estimate of relationships. Because of that, it is often
desirable to present the bootstrap values on the best estimate of topology and branch
lengths. Bootstrap and jackknife techniques are implemented in general
phylogenetics packages, such as PAUP*, PHYLIP, and MEGA.

3. HYPOTHESIS TESTING IN A PHYLOGENETIC FRAMEWORK

Whereas nonparametric bootstrapping provides a rough measure of support
for various branches in an estimated tree, it is often desirable to test specific a priori
hypotheses of phylogeny. Huelsenbeck and Rannala (1997) provided a review of
testing hypotheses in an evolutionary context, using likelihood-ratio tests. Tests of
this type can be generalized for any optimality criterion (Hillis et al., 1996), with
the test statistics generated through parametric bootstrapping (also called Monte
Carlo simulation). In this procedure, many data sets of the same size as the original
are simulated under an explicit model of evolution and an explicit phylogenetic hy-
pothesis. In Figure 4, the process of parametric bootstrapping is described for test-
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ing the monophyly of a group (see also Huelsenbeck et al., 1996c). In the phylogeny
problem, the parameters used in the simulation would include the tree topology,
branch lengths, and substitution parameters (e. g., transition:transversion ratio,
shape parameter of the gamma distribution). Huelsenbeck et al. (1996b) provides a
review of performance and applications of parametric bootstrapping in
phylogenetics. Some of these applications are discussed below. Programs for
simulating DNA and protein sequences given a tree and a specified model of
evolution are THE SIMINATOR, SEQGEN and TREEVOLVE.

Obtaining a phylogeny should not be the end of the analysis when testing
phylogenetic hypotheses. Because the phylogeny can provide answers to many bio-
logical questions, a number of statistical tests have been developed that take into
account the phylogeny of the group of interest. In this section, we also describe
some of these extensions of phylogenetic tests.

3.1 Comparing Two Trees: Is Tree A Different than Tree B?

Often it is of interest to test alternative trees that represent different hypotheses, for
example, monophyly of a group versus nonmonophyly of that group, or congruent
partitions of the data versus incongruent partitions. When testing phylogenetic hy-
potheses, it is essential to designate the two alternative trees to be tested before the
estimation procedure; i. e., the hypotheses must be declared a priori; the comparison

Figure 4 Parametric bootstrapping description and its application for testing the monophyly of a
given group.
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considered most appropriate should not be selected after evaluating the results of the
test.

In a parsimony framework, several tests have been proposed for testing the
null hypothesis that the number of substitutions is not significantly different in the
two trees. The Templeton test (Templeton, 1983b) is a one-tailed Wilcoxon signed-
ranks test that compares the differences at each site in the number of substitutions
required for each tree. The winning sites test (Prager and Wilson, 1988) is a signed
test (approximated to a binomial) for the departure from one-half of the proportion
of sites that support one of the trees. Both of these tests can be easily implemented
in MACCLADE using the “Compare two trees” option or in PAUP* under “Tree
Scores” for parsimony. The Kishino-Hasegawa test (Kishino and Hasegawa, 1989)
uses the variance of the difference in steps (substitutions) in single sites between
tree topologies; a t-test is then used to compare the observed differences in number
of steps between the two trees. These three tests are explained in Figure 5.

Rzhestky and Nei (1992) developed a t-test for testing the difference in the
sums of branch lengths between two topologies. This test is equivalent to testing
whether the lengths of the interior branches at which the two topologies differ are
statistically greater than zero (Nei, 1996). The interior branch test can be imple-
mented in METREE.

In a maximum likelihood framework, other tests have been proposed to
compare two trees. Kishino and Hasegawa (1989) proposed the estimation of the
variance of the difference in single-site log-likelihood scores between tree topolo-
gies for performing a simple t-test. It is important to note that this test compares not

Figure 5 Tests for comparing tree topologies.
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only the topology of the trees but also their branch lengths. The Kishino-Hasegawa
test for parsimony or maximum likelihood trees can be implemented in PAUP* or
PHYLIP. Huelsenbeck and Bull (1996) designed a test for comparing two trees de-
rived from different data partitions (e. g., different genes). They proposed the use of
a likelihood-ratio test (LRT) for testing the null hypothesis that the same phyloge-
netic tree underlies all of the data partitions. Monte Carlo simulation is used to es-
tablish the significance of the LRT test statistic (as in Figure 4). This test estimates
whether the difference in likelihood between the best solution that supports each
hypothesis is significantly larger than expected if the null hypothesis is true.

Another approach to compare trees is through the use of tree comparison
metrics that quantify differences in topology. The most widely used tree comparison
metric is the symmetric-difference distance, or partition metric (Robinson and
Foulds, 1981), which is the number of groups that appear in one of the trees or the
other but not in both. It is easy to calculate and its probability distribution is known
(Steel and Penny, 1993), which allows for the calculation of its significance (i. e.,
whether the value observed could have arisen by chance) (Penny and Hendy, 1985).
The calculation of this metric is implemented in PAUP*.

Example 2. Simon et al. (1998) identified a highly divergent new HIV–1 isolate
from Cameroon (YBF30), proposing it as the prototype strain of a new human im-
munodeficiency virus (group N). In their analysis, the neighbor-joining tree based
on the env gene indicated clustering of YBF30 with a chimpanzee lentivirus from
Gabon (SIVcpz-gab). However, the hypothesis of interest here is whether this strain
falls within the M group, O group, or neither group; i. e., can we reject the null hy-

Figure 6 Analysis of the YBF30 sequence. P-values were adjusted using sequential Bonferroni.
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pothesis of YBF30 clustering with the M or O group? The point estimate of the
phylogenetic relationships does not constitute a test of this hypothesis. To test this
hypothesis we also need to estimate two trees with the constraint of YBF30 being a
member of the M and O groups, respectively. Then we compare these constrained
trees with the original point estimate of the phylogeny (the tree clustering YBF30
with SIVcpz-gab). The authors provided the accession numbers of the env (gp 160)
sequences used in the analysis, and we tested this hypothesis (Figure 6). Given the
data and the best-fit model of evolution, we cannot reject the null hypothesis of
YBF30 falling into the M group, but strongly reject the hypothesis of YBF30 be-
longing to the O group. The best-fit model (GTR + I + Γ ) was different from the
model used by the authors (K2P). Even using the K2P model, the results were the
same. Therefore, the conclusion drawn by Simon et al. is not supported by our sta-
tistical analysis of these sequences.

3.2 Comparing Rates of Evolution

Several tests have been proposed for comparing rates of nucleotide substitution
between homologous sequences. Some of these tests have been designed for com-
paring two lineages (relative rate tests), while others test for overall heterogeneity of
rates in a given phylogeny (rate heterogeneity tests or molecular clock tests). The
relative rate tests use a third taxon as a reference point, and compare the relative
rates from the reference to each of the test sequences. Other tests are based on vari-
ance estimates for performing simple t-tests (Sarich and Wilson, 1973; Wu and Li,
1985; Pamilo and Bianchi, 1993). Muse and Weir (1992) and Muse and Gaut (1994)
proposed the use of a likelihood-ratio test for the same purpose. These methods are
implemented in HYPHY. Templeton (1983a), Gu and Li (1992), and Tajima (1993)
proposed a nonparametric approach using a sign test for comparing the number of
sites that the two taxa of interest have in common with the reference taxon. The
likelihood-ratio tests are the more powerful approaches. The codon-based models of
sequence evolution provide powerful likelihood-based tests that compare nonsyn-
onymous and synonymous substitution rates between lineages (Muse and Gaut,
1994). Relative-rate tests may be generalized to compare substitution rates between
more than two sequences (Robinson et al., 1998). Steel, Cooper and Penny (1996)
also described a relative rate test that uses the variation within two monophyletic
groups to estimate their divergence time. The tests of Wu and Li, Tajima, and Steel
and colleagues are implemented in the program R8S.

The first test of the molecular clock was the maximum likelihood approach
of Langley and Fitch (1974), which tests whether the estimated branch lengths are
consistent with a Poisson process under a constant rate. This method and an ex-
tended version are implemented in the program R8S. Other molecular clock tests are
based on least squares approaches (Felsenstein, 1984; Uyenoyama, 1995). The rate
constancy hypothesis can also be tested by calculating the likelihood values of the
best trees with and without enforcing the molecular clock and then performing a
likelihood-ratio test (Felsenstein, 1988). A likelihood-ratio test can also be applied
for testing assertions about rates of evolution in different parts of a molecule, such
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third codon positions or different genes (Felsenstein, 1988; Gaut and Weir, 1994).
Steel et al. (1996) developed a t-test of the molecular clock that does not rely on any
specific model of evolution and is based on relative distances. Hartmann and Gold-
ing (1998) also proposed a permutation method for detecting regional substitution
rate heterogeneity based on maximum likelihood—a method they claim is more
accurate statistically than the likelihood-ratio methods.

Ideally, molecular clocks should be calibrated using independent lineages
in the phylogeny (Hillis et al., 1996). The common calibration using pairwise dif-
ferences among taxa within a group inflates the correlation between divergence and
time, because many pairwise differences are based on the same portions of the
phylogeny, and therefore are not independent (Hillis et al., 1996). This lack of inde-
pendence makes the regression analysis of genetic distance on time inadequate.
Moreover, estimates of HIV–1 divergence rates vary depending on the region of the
genome under study, alignment, amount of recombination, different selection pres-
sure among individuals, and phylogenetic accuracy (Korber et al., 1998). The
existence of a molecular clock in HIV cannot be assumed unless it is tested statisti-
cally with techniques other than regression.

The assumption of a molecular clock in HIV is controversial. The rate of
evolution of HIV has been estimated at 10-2−10-3 nucleotide substitutions per site
per year (Li et al., 1988) using a molecular clock. This rate correlates well with epi-
demiological data for the branching points within the HIV phylogeny (Sharp et al.,
1994). Estimates of the age of the M group are in accord with the assumed age
given the existence of a well-dated sequence (ZR59; Zhu et al., 1998) at the base of
this group (Korber et al., 1998), although the confidence limits of the estimate for
the age of the M group are very large. However, the molecular clock is rejected
when analyzing subtype A and B env, gag and pol gene sequences (Holmes et al.,
1999). Given the relevance of the molecular clock assumption for parameter esti-
mation, more research is needed in this direction. An alternative and powerful ap-
proach is the use of coalescent theory for estimating divergence times. A review of
these techniques is included in Chapter 10 in this book by Vasco and Fu.

Recently, Sanderson (1997) and Thorne and colleagues (1998) have devel-
oped two promising approaches for estimating divergence times in the absence of a
molecular clock, based on the idea of autocorrelation of rates in time. Sanderson's
method is implemented in the program R8S. Thorne, Kishino and Painter’s method
(1998) is implemented in a C program available from Jeffrey Thorne at the Depart-
ment of Statistics at North Carolina State University.

Example 3. A simple likelihood-ratio test of the molecular clock can be imple-
mented in PAUP*. The sequences used are those in the subtype reference pol
alignment from Los Alamos HIV database at http://hiv-web.lanl.gov/ALIGN_98/
subtype_alignments.html. The first step is to obtain the best estimate of the phylo-
genetic relationships. A likelihood-ratio test is implemented that compares the like-
lihood of the estimated tree constrained with the null hypothesis of a molecular
clock (L0) versus the likelihood of same tree but allowing each lineage to have dif-
ferent rates (L1). These likelihood scores can be obtained in PAUP* by enforcing
the molecular clock under Analysis–Likelihood settings–Miscellaneous, and
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obtaining the maximum likelihood scores in Trees–Tree Scores–Likelihood under
the best-fit model, and repeating the same steps without the molecular clock
enforcement. The likelihood-ratio test statistic is calculated as twice the difference
between the log-likelihood scores of the two models being contrasted. When the
model representing the null hypothesis is a special case of the alternative model, as
in this situation, this statistic fits a chi-square distribution, with n-2 degrees of
freedom (2n – 3 rates for the non-clock model minus n-1 rates for the clock-like
model), n being the number of taxa.

!  The best-fit model is selected using PAUP* and MODELTEST (see above).
This model is GTR + Γ, and these were the parameter estimates:

rAC rAG rAT rCG rCT rGT Γ shape
3.0409 10.4617 1.3261 1.4239 14.9662 1.0000 0.3314

!  A neighbor-joining tree (or an ML tree) is estimated from the data using the
GTR + Γ model of evolution with the parameter estimates

! The likelihood of this estimated tree is calculated in PAUP* with the molecular
clock constraint
L0 = -ln likelihood tree with the molecular clock assumption = 15918.9027

!  The likelihood of this estimated tree is calculated in PAUP* without the mo-
lecular clock constraint
L1 = -ln likelihood tree without molecular clock assumption = 15904.5491

!  The ratio likelihood test statistic is δ = 2 (ln L1 − ln L0) = 2 (-15904.5491 +
15918.9027) = 28.7072

The significance of this test is calculated comparing the test statistic to a chi-
square distribution with (17 − 2) = 15 degrees of freedom. P-value = 0.0175, which
is significant (P < 0.05). In this case we would reject the molecular clock at the 95%
level, although not at the 99% level of confidence.

3.3 Detecting Selection in Protein Coding Sequences: Synonymous and
Nonsynonymous Substitution Rates

HIV–1 is known to exhibit high levels of genetic variation even within a single pa-
tient (Hahn et al., 1986; Fisher et al., 1988). Since RNA viruses have high mutation
rates (Holland et al., 1992), one possible explanation for the HIV–1 polymorphism
is that the variation is selectively neutral and a consequence of the high mutation
rates. An alternative hypothesis is that HIV–1 genetic variation is maintained by
positive natural selection by the immune system (Holmes et al., 1992; Seibert et al.,
1995). The nonsynonymous/synonymous substitution ratio (dn/ds) has been pro-
posed as an indicator for discriminating between the neutral and the selective
hypotheses. Under purifying selection (neutral theory), the dn/ds substitution ratio is
smaller than one (Kimura, 1977), as synonymous mutations are much more likely to
become fixed than are nonsynonymous mutations, since the latter have a negative
effect on gene function. Under positive Darwinian selection the dn/ds ratio is greater
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than one, because advantageous nonsynonymous substitutions are fixed at a higher
rate than synonymous substitutions (Hughes and Nei, 1988; Messier and Stewart,
1997). Several methods have been proposed for estimating dn and ds substitution
rates. The Nei and Gojobori (1986) method and related methods (Miyata and Yasu-
naga, 1980; Lewontin, 1989; Li, 1993; Pamilo and Bianchi, 1993; Ina, 1995) start
by counting the number of silent and replacement sites. Next they compare homolo-
gous codons site by site and infer the number of silent and replacement differences,
using the shortest pathways between the codons. Finally, they adjust these counts
for multiple substitutions (for example, using the JC model). But there are problems
with this approach, as variation at most sites does not result exclusively from syn-
onymous or nonsynonymous substitutions, and the parameter being estimated
(expected number of silent substitutions per silent site) is not clearly defined. Ina
(1995) pointed out that these methods give underestimates of the dn rate and over-
estimates of the ds rate, because use of a simple model such as JC does not allow for
unequal nucleotide change probabilities, unequal base frequencies, or heterogeneity
of the rate of substitution among sites. Consequently, these methods are conserva-
tive tests of positive selection. Moreover, these pairwise approaches have problems
because they count the substitutions occurring on internal branches multiple times
(Crandall et al., 1999a) (Figure 7). Nei and Gojobori's method is implemented in
MEGA, SITES, and DNASP.

By using a 61 × 61 model of codon evolution, the problems found in stan-
dard methods can be repaired (Goldman and Yang, 1994; Muse and Gaut, 1994),
although the cost is a higher computational demand. Muse (1996) proposed a
maximum-likelihood estimation of the dn/ds ratio based on the latter model. This
method is implemented in the program HYPHY. Yang (1998) and Nielsen and
Yang (1998) used a modification of Goldman and Yang's (1994) model for

Figure 7 Unrooted tree with four terminal taxa (1-4) and four nonsynonymous (N) and two
synonymous (S) changes along the branches. Pairwise estimates of dn/ds overestimate changes on the
internal branch and therefore can lead to biased estimates.
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constructing a likelihood-ratio test of neutral evolution. This test can be
implemented in PAML by estimating likelihood scores under a neutral and a
positive selective model. Some other tests of neutrality exist (Hudson et al., 1987;
Tajima, 1989; McDonald and Kreitman, 1991; Fu and Li, 1993) based on
population genetics theory, and the reader is referred to Chapter 10 in this book.
These tests can be implemented in SITES and DNAsp.

Using the dn/ds criterion, positive selection has been identified in HIV–1,
especially in the hypervariable V3 loop of the envelope gene (Holmes et al., 1992;
Bonhoeffer et al., 1995; Seibert et al., 1995; Mindell, 1996; Yamaguchi and Go-
jobori, 1997; Nielsen and Yang, 1998). Positive selection can be acting in a region
where the dn/ds ratio is smaller than one, because typically only a few amino acids
are responsible for adaptive evolution (Hughes and Nei, 1988; Yokoyama et al.,
1988) and because variation in selection intensity leads to underestimation of dn
rates (Nielsen, 1997). Crandall et al. (1999a) provide an example of this situation in
the case of the evolution of drug resistance.

It is also important to note the difference between neutral and random
evolution. Under neutral evolution, the dn/ds substitution ratio is smaller than one
because functional constraints in proteins do not allow the fixation of certain
mutations (Kimura, 1977). In contrast, under random evolution there are no func-
tional constraints, and any substitution can be fixed with equal probability. Because
only one−third of the possible changes in a codon are synonymous, under random
evolution, we expect approximately two times as many nonsynonymous substitu-
tions as synonymous substitutions.

4. SPECIAL CONCERNS WITH HIV

Different organisms present different characteristics and these should be taken into
account in the phylogenetic analysis. Because of the rapid increase in the size of the
HIV sequence database, it is now common to use large data sets containing several
genes. The high rate of substitution and the possibility of recombination should be
also taken into account when designing an HIV phylogenetic study.

4.1 Large Data Sets

The number of possible bifurcating topologies increases rapidly with the addition of
taxa. For unrooted trees this number is
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T being the number of taxa, while the number of possible rooted trees is increased
by a factor of 2T−3. For example, for 10 taxa, there are 2,027,025 possible unrooted
and 34,459,425 rooted trees; for 20 taxa there are 2.216431 × 1020 possible unrooted
and 8.200794 × 1021 rooted trees; for 100 taxa there are 1.700459 × 10182 possible
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unrooted and 1.649445 × 10184 rooted trees. Methods based on an optimality crite-
rion (i. e., maximum parsimony, minimum evolution, and maximum likelihood)
search in the tree space for the tree with the best score given the specific optimality
criterion. In an exact search the best tree (global optimum) is guaranteed to be
found. This can be done by evaluating all possible trees (exhaustive search) or by
using some exact algorithms (e. g., branch and bound) that do not explore the com-
plete tree space. However, with more than 10 taxa for maximum likelihood, more
than 15 for minimum evolution, or more than 20 for maximum parsimony, these
exact algorithms often require an impractical amount of computation. In these cases,
a heuristic search is performed, where the tree space is explored partially and the
tree obtained is not guaranteed to be the best possible tree (i. e., it may be only lo-
cally optimal). In this situation, it is a good idea to perform several replicates of the
heuristic search with random addition of taxa to obtain a starting tree. In this way
the search is started several times at different points in the tree landscape, thereby
reducing the possibility of entrapment in local optima.

Many phylogenetic analyses of HIV include more than 20 sequences of
several genes or even complete genomes. When making an effort to optimize the
phylogenetic solution, parsimony analyses are much faster than distance analyses
(neighbor joining does not optimize the solution; it gives a simple point estimate),
which are in turn faster than maximum likelihood analyses (Hillis, 1999). With
large data sets, then, maximum likelihood analyses may be prohibitive. But some of
the advantages offered by the maximum likelihood approach, like the definition of
models, can still be incorporated into parsimony and distance analyses (see section
“Implementing a phylogenetic study of HIV sequences” in Hillis (1999)). In addi-
tion, new methods are being developed for reducing the amount of computation of
maximum likelihood methods. One of such strategies is the quartet puzzling method
(Strimmer and Haeseler, 1996). This method reconstructs the maximum-likelihood
tree for each possible quartet (groups of 4 sequences). The resulting quartet trees are
combined in an overall tree during the puzzling step. The quartet-puzzling tree is
obtained as a majority-rule consensus of all trees that result from multiple runs of
the puzzling step. The number of times a group is reconstructed during the puzzling
steps is converted into reliability values for each internal branch. The quartet puz-
zling method is implemented in PUZZLE. The use of genetic algorithms (Lewis,
1998) is a new avenue for a faster tree search. Genetic algorithms imitate natural
processes such as natural selection to find an optimal or near-optimal tree. In the
case of Lewis' method, an initial population of trees is evolved during several gen-
erations by mutation and recombination under selective pressure for improving the
likelihood score. The genetic algorithm search strategy is implemented in GAML.
Another promising (and not exclusive) approach is the parallelization of search
strategies, where the different search paths are split among many processors, mak-
ing the process much faster. Some programs, such as fastDNAML and GAML, can
be executed in parallel. Several groups are starting to actively develop parallel ver-
sions of phylogenetics programs, creating the possibility of analyzing very large
data sets in the near future.
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4.2 Data Partitions

There are good reasons for thinking that different evolutionary processes occur in
different genes or even within distinct parts of the genes (e. g., 1st, 2nd and 3rd posi-
tions of a codon). It is not unusual to have HIV nucleotide sequences from several
different genes, and several ways of partitioning HIV data sets can be considered.
One of the biggest debates in molecular phylogenetics is how partitioned data
should be analyzed (Nixon and Carpenter, 1996). Kluge (1989) proposed that all
data sets should be combined when performing a phylogenetic analysis. On the
other hand, Miyamoto and Fitch (1995) argued that each tree should be estimated
independently from each data partition, and the different estimates compared for
congruence. Congruence among data partitions should provide strong evidence that
the proposed phylogeny is accurate (Penny and Hendy, 1986; Swofford, 1991). The
third approach is to subject the data partitions to a statistical test of homogeneity
(Bull et al., 1993; de Queiroz, 1993; Rodrigo et al., 1993; Huelsenbeck et al.,
1996a). If the data partitions result in significantly different estimates of phylogeny,
they are considered heterogeneous and the results of the different analyses are con-
sidered separately. If the estimates of phylogeny are not significantly different, the
data partitions are then combined.

There are several ways of testing for data heterogeneity. De Queiroz
(1993) suggested that if there is high bootstrap support for conflicting clades, the
data should not be combined. Rodrigo et al. (1993) proposed the use of the distance
between the shortest trees for each partition as a test statistic, whose null distribu-
tion could be constructed by bootstrapping. The incongruence length difference
(ILD) (Mickevich and Farris, 1981; Farris et al., 1994) is the difference between the
length of the shortest tree from the combined data set (LC) and the sum of lengths of
the shortest trees (Li) from each one of the n partitions:
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The null distribution of the ILD statistic is generated by randomly partitioning the
combined data set into subsets of the same size as the original partitions. If the
original value of the ILD statistic is greater than 95% of the ILD values in the null
distribution, the null hypothesis of congruence is rejected. The ILD test is imple-
mented in PAUP* in the partition homogeneity test in the Analysis menu. Huelsen-
beck and Bull (1996) proposed a likelihood-ratio test for data heterogeneity. The
null hypothesis (homogeneity) is represented by the likelihood of the tree when the
same tree is assumed to underlie all data partitions, whereas the alternative hypothe-
sis (heterogeneity) is represented by the likelihood of the tree when different trees
can underlie each data partition. The null distribution of the statistic is calculated
using parametric bootstrapping. Topology tests (see above) can also be used to de-
tect partition incongruence when the partitions support significantly different trees.
Cunningham (1997) compared the ILD test, Templeton's topology test, and Rodrigo
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and coworkers’ test by applying them to well-corroborated vertebrate phylogenies,
and showed the ILD test to be the most useful and accurate.

4.3 Recombination

Genetic recombination can result in a direct violation of one of the fundamental
assumptions of most methods of phylogenetic reconstruction—namely, that there is
a single history common to all the sequences under study. Therefore, recombination
can cause incorrect phylogenetic inference (Sanderson and Doyle, 1992). Recombi-
nation clearly plays a role in the evolution of RNA viruses (Lai et al., 1995). Re-
combination has been shown to be a common phenomenon within HIV–1 subtypes
(Groenink et al., 1991; Vartanian et al., 1991; Zhu et al., 1995) and among subtypes
(Sabino et al., 1994; Leitner et al., 1995; Robertson et al., 1995a; Robertson et al.,
1995b; Cornelissen et al., 1996; Gao et al., 1996; Lole et al., 1998). Recombination
in HIV therefore may be widespread (Sharp et al., 1996). Although several statisti-
cal tests have been proposed for testing the occurrence of recombination within a
gene region and for delimiting its boundaries (reviewed in Crandall and Templeton,
1999), very little is known about how well they work and under which conditions.
Often methods of the "bootscanning family" (Robertson et al., 1995a; Siepel et al.,
1995; Siepel and Korber, 1995; Salminen et al., 1996; Lole et al., 1998) are applied
to HIV data sets. In these methods, a sliding window is used over and over until
character partitions that result in different tree estimates are found. However, these
methods have severe limitations, for they will never identify overlapping recombi-
nant regions, do not correct for multiple comparison, and their use of bootstrap val-
ues for comparing different topologies is inappropriate (see above). Crandall and
Templeton (1999) proposed two new methods that capitalize on the strengths and
correct the weaknesses of existing methods. Any HIV phylogeny estimated without
exploring the possibility of recombination can be erroneous, thereby compromising
the inferences derived. Moreover, recombination in HIV has immediate conse-
quences for the understanding of HIV pathogenesis and for vaccine development
(Sharp et al., 1996). Therefore, testing for recombination should be a common
practice in any HIV phylogenetic study. Several programs have been developed for
detecting recombination (see software section).

Most methods of phylogenetic analysis are designed to build trees in which
genes or species always diverge and never recombine or hybridize to form new
lineages. However, in situations where genetic recombination among sequences is
likely, it is more appropriate to build a network rather than a tree, as the former can
depict both divergence as well as recombination of sequences. One method that can
be used to produce networks of HIV sequences is the method of statistical parsi-
mony (Templeton et al., 1992; Crandall, 1994; Crandall et al., 1994; Crandall and
Templeton, 1996). This method makes all pairwise connections between sequences
that differ minimally and whose connections are justified by a statistical crite-
rion—namely, that the probability is highest that a specific site difference between a
pair of haplotypes corresponds with a single substitution. Recombination may be
discovered by examining the distribution of homoplasy on the resulting tree or net-
work (Crandall and Templeton, 1999). Recombinants are either eliminated from the
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analysis or the recombinational history is depicted as a network of genealogical
relationships. There are five advantages to the statistical parsimony approach over
traditional analysis: (1) a more accurate estimation of phylogenetic relationships for
data with low levels of divergence is possible (Crandall et al., 1994); (2) a rigorous
hypothesis-testing framework is introduced, which in turn provides a quantitative
partitioning of population phenomena across evolutionary time (Templeton and
Sing, 1993); (3) the method allows for (and calculates) uncertainty in the phyloge-
netic estimate, rather than relying on a single estimate of phylogenetic relationships
(Templeton et al., 1992); (4) the approach allows for the potential of recombination
within the data set (Crandall and Templeton, 1999); and (5) a probabilistic determi-
nation of appropriate rooting is produced (Crandall and Templeton, 1993; Castelloe
and Templeton, 1994). This method complements other methods of phylogenetic
reconstruction, because it allows greater statistical resolution when differences are
few and similarities are many (Crandall, 1994), whereas most methods are more
powerful when there are many differences. Statistical parsimony has been used suc-
cessfully in HIV studies, including transmission identification (Crandall, 1995) and
drug resistance studies (Crandall et al., 1999a; Crandall et al., 1999b). A computer
program to implement this  method (TCS) is  available at
http://bioag.byu.edu/zoology/crandall_lab/programs.html.

4.4 Summary

Phylogenetic analysis is a complex field of study that embraces a variety of tech-
niques that can be applied to a wide range of evolutionary questions. However, the
complete understanding of all the assumptions involved in the analysis is essential
for a correct interpretation of the results. Although computation still represents a
boundary to the application of advanced phylogenetic theory, recent improvements
in computer science methodology enhance the application of more sophisticated
techniques. The HIV community can take advantage of the rich phylogenetic meth-
odology, as has been shown throughout this chapter.

5. PHYLOGENETIC SOFTWARE

A large amount of software is available for performing phylogenetic analysis. The
most comprehensive list of software is compiled by Joe Felsenstein on the WWW at
http://evolution.genetics.washington.edu/phylip/software.html. An interesting link
where diverse analyses (conversion, alignment, phylogeny) can be performed online
is http://bioweb.pasteur.fr/intro-uk.html. Some tools for the analysis of HIV se-
quences can also be found at the HIV sequence database at Los Alamos at
http://hiv-web.lanl.gov/HTML/tools.html.

5.1 General Phylogeny Packages

!  PAUP* (Swofford, 1998) is the most sophisticated and user−friendly program
for phylogenetic analysis, with many options (e. g., bootstrapping, ancestral re-
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construction) and close compatibility with MACCLADE (see below). It in-
cludes parsimony, distance matrix, invariants, and maximum likelihood meth-
ods. PAUP* 4.0 beta is distributed as Macintosh, DOS, and Unix versions. It is
described in its web page at http://www.lms.si.edu/PAUP with information on
bugs, commands, frequently asked questions and ordering.

! PHYLIP (Felsenstein, 1993) includes programs to carry out parsimony, distance
matrix methods, and maximum likelihood, including bootstrapping and consen-
sus trees. It accepts a variety of types of data, including DNA and RNA, pro-
teins, restriction sites, 0/1 discrete character data, gene frequencies, continuous
characters, and distance matrices. It is distributed free of charge in C source
code, or as executables for DOS, 386/486/Pentium Windows, Macintosh, or
P o w e r M a c .  I t  i s  a v a i l a b l e  a t  i t s  w e b  s i t e :
http://evolution.genetics.washington.edu/phylip.html

! MEGA (Kumar et al., 1993) is for analysis of data from DNA, RNA, and pro-
tein sequences, and distance matrices produced from other kind of data. It in-
cludes the neighbor-joining method, a branch-and-bound parsimony method,
and bootstrapping. It is distributed as an executable program for DOS ma-
chines. It also runs under Windows in a DOS window. The program costs $20
(for the documentation, mailing and handling), and can be ordered from
http://www.bio.psu.edu/People/Faculty/Nei/Lab/Programs.html

!  PHYLO_WIN (Galtier et al., 1996) performs neighbor-joining, parsimony, and
maximum likelihood methods and can bootstrap with any of them. It runs under
X Windows on many Unix workstations, including Sun (SunOS and Solaris),
Silicon Graphics, IBM, DEC Alpha, and HP. You also need the NCBI Vibrant
toolkit. The program can be downloaded at h t t p : / / p b i l . u n i v -
lyon1.fr/software/phylowin.html

!  TREEALIGN (Hein, 1990) builds trees as it aligns DNA or protein sequences.
It uses a combination of distance matrix and approximate parsimony methods.
It is available by anonymous ftp at the European Bioinformatics Institute mo-
lecular biology software distribution site ftp://ftp.ebi.ac.uk in directories
pub/software/unix and pub/software/vms

!  CLUSTALX (Thompson et al., 1997) is another multisequence alignment pro-
gram that estimates trees as it aligns multiple sequences. It is probably the easi-
est alignment program to use given the current implementations. It provides an
integrated environment for performing multiple sequence and profile
alignments. It is distributed as C source code and executables for DOS, Mac-
intosh, and some Unix systems. It is available by anonymous ftp at ftp://ftp-
igbmc.u-strasbg.fr. There is a description on its web page at http://www-
igbmc.u-strasbg.fr/BioInfo/ClustalX/Top.htm

!  MALIGN (Wheeler, 1996) is a parsimony-based alignment program for mo-
lecular sequences. It implements the idea that alignment and phylogenies can
be done at the same time by finding the tree that minimizes the total alignment
score along the tree. It is distributed as a DOS or Macintosh executable or as C
source code (with a Makefile) for Unix workstations. It is available by anony-
mous ftp from the American Museum of Natural History's anonymous ftp site,
ftp://ftp.amnh.org, in directory pub/molecular
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!  HMMER (Eddy, 1998) uses Profile Hidden Markov Models for the alignment
of DNA or protein sequences. It is distributed as source code and also as ex-
ecutables for Solaris, SGI and Linux. It is available from its web page at
http://hmmer.wustl.edu/

5.3 Maximum Likelihood Programs

!  PAML (Yang, 1997) is a program for the maximum likelihood analysis of nu-
cleotide or protein sequences. The program can be used to test evolutionary
models, to calculate substitution rates at particular sites, to reconstruct ancestral
nucleotide or amino acid sequences, to perform codon-based likelihood analy-
sis (for estimating synonymous and nonsynonymous rates, testing hypotheses
concerning dn/ds rate ratios), to do amino acid likelihood analysis with rate
variation among sites, and for phylogenetic tree reconstruction by maximum
likelihood and Bayesian methods. The package is distributed as ANSI C source
code and executables for Macintosh, Windows, and Unix systems, and it is
available at  the i ts  web page at  http://abacus.gene.ucl.ac.uk/
software/paml.html

!  MOLPHY (Adachi and Hasegawa, 1996b) carries out maximum likelihood
inference of phylogenies for either nucleotide sequences or protein sequences.
The package is distributed free as C source code. It is available for Unix ma-
chines by anonymous ftp from ftp://sunmh.ism.ac.jp in directory pub/molphy.
An executable version for Windows95 or Windows NT on Intel processors, and
also one that works on Windows NT on DEC Alpha processors, is available at
http://dogwood.botany.uga.edu/malmberg/software.html

! fastDNAML (Olsen et al., 1994) it is an enhanced replacement for the PHYLIP
program DNAML. The C program and PowerMac executables are also avail-
able by anonymous ftp from the Indiana University Biology ftp server at
ftp://ftp.bio.indiana.edu in directory molbio/evolve

! GAML (Lewis, 1998) uses a genetic algorithm for finding the maximum likeli-
hood trees. It is quite fast and allows the analysis of a large number of taxa
(100). It is available for Macintosh, Windows, and Unix machines at
http://biology001.unm.edu/~lewisp/gaml.html

!  PASSML (Lio et al., 1998) has been developed to implement an evolutionary
model that combines protein secondary structure and amino acid replacement
and permits analysis of phylogeny and secondary structure from aligned amino
acid sequences. It is distributed as a C source for Unix at http://ng-
dec1.gen.cam.ac.uk/hmm/Passml.html

!  NMHL (Galtier and Gouy, 1998) is an implementation of a nonhomogeneous,
nonstationary model of DNA evolution for performing maximum likelihood
analyses. It is available for Unix machines by anonymous ftp from
ftp://pbil.univ-lyon1.fr in directory pub/mol_phylogeny/nhml
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5.4 Parsimony Programs

!  A list of software for parsimony analysis is maintained by the Willi Hennig
Society at http://www.vims.edu/~mes/hennig/software.html

!  AUTODECAY (Eriksson, 1998) generates decay indices from an existing
PAUP treefile. Its intent is to simplify the task of creating reverse constraint
trees in PAUP and subsequent generation of Bremer support values. It is dis-
tributed as a Macintosh executable at  http://www.bergianska.se
/personal/TorstenE/

! NONAME (Goloboff, 1997) searches for most parsimonious trees according to
character weights defined by the user a priori. with versions available for both
386-486-Pentium machines and earlier 16-bit machines. The demo version and
the documentation are available from the Willi Hennig Society's software pages
at http://www.vims.edu/~mes/hennig/software.html

5.5 Distance Programs

!  METREE (Rzhetsky and Nei, 1993) computes minimum evolution trees from
DNA and amino acid sequence data, and tests the statistical significance of
topological differences and of the branch lengths of the minimum evolution
tree. Different distance measures may be used. It is distributed as a PC program
free of charge from http://www.bio.psu.edu/People/Faculty/Nei/Lab/
Programs.html

5.6 Character Evolution

!  MACCLADE (Maddison and Maddison, 1994) has its analytical strength in
studies of character evolution. It also provides many tools for entering and ed-
iting data and phylogenies, and for producing tree diagrams and charts. It runs
on Macintosh and is available at http://phylogeny.arizona.edu/MACCLADE/
MACCLADE.html.

!  COMPARE (Martins, 1997) includes various programs for conducting statisti-
cal analyses of comparative data in a phylogenetic context. It includes programs
to compute independent contrasts, spatial autocorrelation analyses, sum of
squares parsimony, random data, and trees and/or branch lengths. It is distrib-
uted as C source code and as Windows95, Windows 3.1, and Unix applications.
The program is available from its web page at http://evolution.uoregon.edu/
~COMPARE/indexV3.html

5.7 Simulation Software

!  THE SIMINATOR (Huelsenbeck, 1995) simulates the evolution of nucleotide
sequences along a given tree or trees. It allows for gamma-distributed rate
variation among sites, and the Hasegawa-Kishino-Yano 1985 model of nucleo-
tide substitution. It is distributed as C source code, with examples of input files.
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It can be obtained from the Slatkin Lab's software Web page at
http://ib.berkeley.edu/labs/slatkin/software.html

!  SEQGEN (Rambaut and Grassly, 1997) will simulate the evolution of nucleo-
tide sequences along a phylogeny, using common models of the substitution
process. A range of models of molecular evolution is implemented including
the general reversible model. Nucleotide frequencies and other parameters of
the model may be given and site-specific rate heterogeneity may also be incor-
porated in a number of ways. It is distributed as C source code and Macintosh
executable from its Web site at http://evolve.zoo.ox.ac.uk/software.html

!  TREEVOLVE and PTREEVOLVE (Grassly and Rambaut, 1997) simulate the
evolution of DNA and protein sequences respectively. The molecular sequences
are simulated under coalescent models with constant population size, or with
exponential population size growth. In addition, different levels of recombina-
tion can be specified. They are distributed as C source code and Macintosh ex-
ecutable from their Web site at http://evolve.zoo.ox.ac.uk/software.html

5.8 Selecting Models of Evolution

!  MODELTEST (Posada and Crandall, 1998) implements a hierarchical likeli-
hood-ratio test procedure for choosing the model of DNA substitution that best
fits the data, as well as AIC estimates. It is distributed as C source code and as
Macintosh, Windows and Unix executable from its web site at
http://bioag.byu.edu/zoology/crandall_lab/modeltest.htm

5.9 Rates of Evolution

!  HYPHY (Muse, 2000) is a free multiplatform (Mac, Windows and UNIX)
software package intended to perform maximum likelihood analyses of genetic
sequence data and equipped with tools to test various statistical hypotheses.
HYPHY was designed with maximum flexibility in mind and to that end it in-
corporates a simple high level programming language which enables the user to
tailor the analyses precisely to his or her needs. It is available from
http://peppercat.stat.ncsu.edu/~hyphy/

!  R8S(Sanderson, 1997) is designed to perform miscellaneous analyses of rates
of molecular evolution, estimation of divergence times under clock and non-
clock models, estimation of birth-death parameters of the branching process,
and miscellaneous functions, including the construction of phylogenetic super-
trees. It is distributed as C source code from http://phylo.ucdavis.edu/
r8s/r8s.html.

5.10 Population Genetics Programs

! DNASP (Rozas and Rozas, 1999) is a software package that performs extensive
population genetic analyses on DNA sequence data. DNASP estimates several
measures of DNA sequence variation within and between populations, as well
as estimating linkage disequilibrium, recombination, gene flow, and gene con-
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version. DNASP can also carry out several tests of neutrality, including those
of Hudson et al. (1987), Tajima (1989), McDonald and Kreitman (1991), and
Fu and Li (1993). It is distributed as a Windows application from its web site at
http://www.bio.ub.es/~julio/DnaSP.html

!  ARLEQUIN (Schneider et al., 1997) is population genetics software environ-
ment able to analyze RFLPs, DNA sequences, microsatellites, standard multi-
locus data or allele frequency data. It implements a variety of population ge-
netics methods either at the intra-population or at the inter-population level. It
is distributed as PC executable from its web site at
http://anthropologie.unige.ch/arlequin/software/. A Java version that works in
Windows, Unix and Macintosh environments can be requested from the authors

!  SITES (Hey and Wakeley, 1997) is a computer program for the analysis of
comparative DNA sequence data. It is intended primarily for data sets with
multiple closely related sequences. SITES is written in ANSI C. Precompiled
versions are available for DOS and Macintosh. It is available from its web page
at http://heylab.rutgers.edu/#software

5.11 Tree Analysis

! COMPONENT (Page, 1993) is a computer program for analyzing evolutionary
trees and is intended for use in studies of phylogeny, tree-shape distribution,
gene trees/species trees, host-parasite cospeciation, and biogeography. It runs
on PC-DOS 286 or 386 systems under Windows 3.0 or higher. It costs 40
pounds U.K., and an order form can be filled at its web site at
http://taxonomy.zoology.gla.ac.uk/rod/cpw.html

5.12 Detecting Recombination

!  David Robertson has created a web page with links for several recombination
analysis programs at http://grinch.zoo.ox.ac.uk/RAP_links.html
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