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The blind use of models of nucleotide substitution in evolutionary analyses is a common practice in the viral
community. Typically, a simple model of evolution like the Kimura two-parameter model is used for estimating
genetic distances and phylogenies, either because other authors have used it or because it is the default in various
phylogenetic packages. Using two statistical approaches to model fitting, hierarchical likelihood ratio tests and the
Akaike information criterion, we show that different viral data sets are better explained by different models of
evolution. We demonstrate our results with the analysis of HIV-1 sequences from a hierarchy of samples; sequences
within individuas, individuals within subtypes, and subtypes within groups. We also examine results for three
different gene regions: gag, pol, and env. The Kimura two-parameter model was not selected as the best-fit model
for any of these data sets, despite its widespread use in phylogenetic analyses of HIV-1 sequences. Furthermore,
the model complexity increased with increasing sequence divergence. Finally, the molecular-clock hypothesis was
rejected in most of the data sets analyzed, throwing into question clock-based estimates of divergence times for
HIV-1. The importance of models in evolutionary analyses and their repercussions on the derived conclusions are

discussed.

Introduction

The use of phylogenetics in vira studies has in-
creased dramatically in the last years. When estimating
phylogenetic relationships among DNA sequences, the
use of a model of nucleotide substitution—a model of
evolution—is necessary. While maximum parsimony as-
sumes a model of evolution in an implicit manner, dis-
tance methods and maximum likelihood explicitly esti-
mate parameters according to the model of evolution
specified (distance methods estimate only the substitu-
tion rate, while maximum likelihood estimates all the
parameters of the model). The use of particular models
of evolution without obvious justification is, unfortu-
nately, an extended practice in the viral community.
Even worse, ignorance about the model of evolution
used in the analysis, or failing to report it, is also com-
mon in the viral literature (Leitner and Fitch 1999). The
Kimura (1980) two-parameter model (K80) has been ex-
tensively used for estimating viral phylogenies without
justification. Many viral evolutionary studies have fo-
cused on the HIV-1 virus, and we used it here for a case
study.

Models of evolution are used in phylogenetic anal-
yses to describe changes in character state, i.e., the rate
of change from one nucleotide to another. The first mod-
el developed for molecular evolution was that of Jukes
and Cantor (1969) (JC), who considered all possible
changes among nucleotides to occur with equal rates.
Other authors have suggested the incorporation of more
realistic assumptions into these models (for a review of
models, see Swofford et al. 1996; Li0 and Goldman
1998). For example, base frequencies often differ among
nucleotides and therefore may affect the rate of change
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from one nucleotide to ancther. Likewise, many genes
show a bias in transitions over transversions, again af-
fecting the rate of change from one nucleotide to anoth-
er. We can incorporate these differences in rates of
change by incorporating different rate parameters. Ulti-
mately, for a symmetrical change model without consid-
eration of codon position, we can have 10 parameters:
6 rate parameters and 4 nucleotide frequency parameters
(fig. 1). Of these 10 parameters, 8 can vary, since the
nucleotide frequencies must add up to 1 and the rates
are relative to a single change occurring with rate 1.
Given alarge number of parameters to choose from, we
wish to optimize a model for our particular data set.

It seems intuitive that a simple model like K80 may
not adequately represent the complexity of the nucleo-
tide substitution process in human immunodeficiency vi-
rus 1 (HIV-1) (Moriyama et al. 1991; Leitner, Kumar,
and Albert 1997; Muse 1999). One possible solution to
model selection for constructing HIV-1 phylogenies
could be the arbitrary use of complex (parameter-rich)
models (e.g., Korber et al. 2000). However, this ap-
proach has several disadvantages. First, a large number
of parameters need to be estimated, so the analyses be-
come computationally difficult and require larger
amounts of time. Second, the use of complex models
increases the error with which each parameter is esti-
mated. Ideally, we would like to incorporate as much
complexity as needed in the estimation procedure. In-
deed, this best-fit model of evolution can be chosen
through rigorous statistical testing (Goldman 1993;
Rzhetsky and Nei 1995; Huelsenbeck and Crandall
1997; Posada and Crandall 1998). The relevance of
model selection becomes apparent when the use of one
model of evolution or another changes the results of the
analysis (Sullivan and Swofford 1997; Kelsey, Crandall,
and Voevodin 1999). Phylogenetic methods may be less
accurate (recover an incorrect tree more often) or may
be inconsistent (converge to an incorrect tree with in-
creased amounts of data) when the model of evolution
assumed is incorrect (Felsenstein 1978; Huelsenbeck
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Fic. 1.—Different rates of nucleotide substitution. All of the mod-
els compared here are symmetrical, so the rate of change from nucle-
otide i to nucleotide j is the same as the rate of change from nucleotide
j to nucleotide i.

and Hillis 1993; Penny et al. 1994; Bruno and Halpern
1999; but see Rzhetsky and Sitnikova 1996; Yang 1997,
Posada and Crandall 2001b). It has been shown that the
use of adequate models of evolution improves the ac-
curacy of HIV-1 phylogenetic inference (Leitner et al.
1996; Leitner, Kumar, and Albert 1997; Posada, Cran-
dall, and Hillis 2000).

Nevertheless, the use of models is not important
only for phylogenetic reconstruction. Accurate estima-
tion of genetic parameters from a DNA aignment may
depend on the model of nucleotide substitution assumed.
For example, when a simple model of evolution is used,
sequence divergence, transition/transversion ratios, and
branch lengths may be underestimated (Tamura 1992;
Yang et al. 1994; Adachi and Hasegawa 1995; Yang,
Goldman, and Friday 1995). Moreover, the use of cor-
rect models is also relevant for evolutionary hypothesis
testing (e.g., molecular-clock likelihood ratio tests)
(Zhang 1999).

The molecular-clock hypothesis, which states that
the rate of evolution of a gene is approximately constant
among different lineages (Zuckerkandl and Pauling
1965), can aso be incorporated in a model of evolution.

The assumption that HIV-1 follows a molecular clock is
controversial. While some authors dispute the existence
of a molecular clock (Coffin 1995; Holmes, Pybus, and
Harvey 1999), other authors claim that the evolution of
HIV-1 is clocklike (Gojobori, Moriyama, and Kimura
1990; Leitner and Albert 1999; Shankarappa et al.
1999). Although a molecular clock is not necessary for
phylogeny estimation using neighbor joining or maxi-
mum likelihood, it becomes a relevant parameter for the
study of the origin of HIV-1 (Korber, Theiler, and Wol-
insky 1998; Korber et al. 2000)

It does not seem likely that there is a single best-
fit model of evolution appropriate for any HIV-1 data
set (Muse 1999). Different lineages, genes, or regions
within HIV-1 may evolve at distinct rates. Different de-
grees of variability are observed for the same region
depending on the hierarchical level of the comparisons,
i.e., within or among individuals, or within or among
subtypes. Consequently, model selection should be a
common practice when estimating HIV-1 phylogenies.
We suggest two different statistical approaches for mod-
el selection—hierarchical likelihood ratio tests (LRTS)
and the Akaike information criterion—but other strate-
gies can be used (Rzhetsky and Nei 1995). Computer
simulation studies show that these methods for selecting
the model of nucleotide substitution perform well and
that they are not affected by the starting topology used
to estimate the likelihood of the different models eval-
uated (Posada and Crandall 2001a). Moreover, the spe-
cific LRT hierarchy used in this study seems to perform
slightly better than other possible orders of LRTs.

The aim of this study was to use statistical testing
in order to establish the best-fit model of evolution for
an array of different data sets representing different
genes and taxonomic levelsin HIV-1. By doing this, the
fit of a molecular clock to HIV-1 data was aso evalu-
ated. We show how different HIV-1 data sets are better

Table1
Data Sets Analyzed in this Study
GAG POL ENV
N Region bp N Region bp N Region bp
Individual
Setl....... 10 p7 213 10 pro 295 10 V3 295
Set2....... 10 p17 393 10 p31 867 10 gp4l 867
Set3....... 10 p24 693 10 p51 1,320 10 gp120 1,447
Setd....... 10 cds 1,494 10 cds 3,012 10 cds 3,012
Subtype
AL 20 cds 1,497 20 cds 3,009 20 cds 2,370
B.......... 20 cds 1,503 20 cds 3,012 20 cds 2,454
Coviviinns 20 cds 1,458 20 cds 2,982 20 cds 2,366
D......... 10 cds 1,462 4 cds 3,003 12 cds 2,433
Groups
M. 40 cds 1,482 40 cds 3,009 40 cds 2,279
O ..ot 10 p24 597 8 cds 2,517 8 cds 2,380
Total
HIV-1...... 60 cds 1,482 60 cds 3,003 60 cds 2,282

Note.—Individual data sets correspond to patient WCIPR in Fang et al. (unpublished results). Some data sets only partially cover the indicated region. Positions
with ambiguous homology were removed from the analysis. p7: nucleocapside; p24: capside; p17: matrix protein; pro: protease; p31l: integrase; p51: reverse

transcriptase. cds = codifying sequence.
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Table 3

Maximum-Likelihood Estimates of Base Frequencies Under the Best-Fit Models Selected by the Hierarchical

Likelihood Ratio Test Procedure

Models of DNA Substitution in HIV-1 901

fA fc fG fT fA fc fG T fA fc fG fT

Individuals

Setl.... 033 0.16 0.29 0.22 0.35 0.15 0.24 0.26 0.43 0.19 0.19 0.19

Set2.... 039 0.18 0.25 0.17 0.39 0.15 0.24 0.22 0.31 0.19 0.27 0.23

Set3.... 036 0.20 0.24 0.20 0.40 0.17 0.21 0.22 0.37 0.17 0.21 0.25

Set4.... 037 0.20 0.24 0.19 0.39 0.17 0.22 0.22 0.34 0.17 0.24 0.25
Subtype

AL 0.37 0.20 0.24 0.19 0.39 0.17 0.22 0.22 0.35 0.18 0.23 0.24

B....... 0.37 0.20 0.24 0.19 0.39 0.17 0.22 0.22 0.35 0.17 0.23 0.25

C....... 0.37 0.20 0.24 0.19 0.38 0.17 0.23 0.22 0.35 0.17 0.24 0.24

D....... 0.38 0.20 0.24 0.18 0.39 0.16 0.23 0.22 0.36 0.17 0.24 0.23
Groups

Moo 0.39 0.19 0.23 0.19 0.40 0.17 0.22 0.21 0.35 0.19 0.22 0.24

O....... 0.37 0.21 0.23 0.19 0.36 0.19 0.22 0.23 0.35 0.19 0.22 0.24
Total

HIV-1... 0.40 0.20 0.22 0.18 0.40 0.17 0.21 0.22 0.36 0.19 0.21 0.24

explained by different models of evolution (different
from K80) and how the molecular clock is rejected for
most HIV-1 data sets.

Materials and Methods
HIV-1 Sequences and Alignment

Thirty-three DNA data sets were gathered from the
HIV Sequence Database (http://hiv-web.lanl.gov/) to
represent a reasonable range of nucleotide diversity, as
well as different regions of the HIV-1 genome (table 1).
Four different taxonomic levels of sequence variation
were studied: within individuals, within subtypes, within
groups, and within HIV-1. Three different genes, env,
pol, and gag, were analyzed at each one of these levels.
DNA sequences were obtained already aligned from the
HIV Sequence Database, or they were aligned using
Clusta X (Thompson et al. 1997). In either case, adign-
ments were inspected and confirmed by eye. Regions of
the alignment with ambiguous homology were excluded
from the analysis. Final alignments are available in
NEXUS format on request from the authors.

Model Selection

A neighbor-joining (NJ) tree (Saitou and Nei 1987)
was estimated for each data set under the JC model.
Parameter estimation is believed to be insensitive to tree
topology (Yang, Goldman, and Friday 1995), and an NJ-
JC treeis agood estimate of topology for estimating the
parameters of the corresponding model (Posada and
Crandall 2001a). Likelihood scores for 56 different
models of evolution were calculated for the NJ-JC tree
in PAUP* (Swofford 1998). These likelihood scores
were then compared using the hierarchical likelihood ra-
tio test approach (mLRT) (Huelsenbeck and Crandall
1997) implemented in the program Modeltest, version
3.0 (Posada and Crandall 1998) (available at http://
bi oag.byu.edu/zool ogy/crandall_lab/model test.htm).

LRTs are widely used to compare the relative fits of two
different models to the data. The LRT statistic is

8 =2(nL, — InLy), (1)

where L, is the likelihood maximized under the null
hypothesis (simple model) and L, is the likelihood max-
imized under the alternative hypothesis (complex
model).

When the models compared are nested (the simple
model is a special case of the complex model) and the
simple model corresponds to fixing some parametersin
the complex model to values inside the parameter space,
d is asymptotically distributed as x? with q degrees of
freedom, where q is the difference in number of free
parameters between the two models (Kendall and Stuart
1979). When the simple model corresponds to fixing one
parameter at the boundary of its range in the complex
model, a mixed x? (or x?) distribution, consisting of 50%
X2 and 50% x2,, should be used (Self and Liang 1987;
Goldman and Whelan 2000; Ota et al. 2000). Once a
model was chosen, an LRT for the molecular-clock hy-
pothesis (Felsenstein 1981) was also performed among
the best-fit model with and without the molecular-clock
restriction. The number of degrees of freedom for the
molecular-clock LRT was n — 2, with n being the num-
ber of taxa.

We also explored another approach to compare dif-
ferent models without the nesting requirement or the as-
sumption of a x? distribution for statistical comparison,
the Akaike (1974) information criterion (AIC). The AIC
is a useful measure that rewards models for good fit
(smaller values of AIC indicate better models) but im-
poses a penalty for unnecessary parameters (Hasegawa
1990a, 1990b; Hasegawa, Kishino, and Saitou 1991,
Muse 1999). If L is the maximum value of the likelihood
function for a specific model using p independently ad-
justed parameters within the model, then

AIC = -21InL + 2p. )
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Table 4

Maximum-Likelihood Estimates of Nucleotide Substitution Rates Under the Best-Fit Models Selected by the Hierarchical Likelihood Ratio Test Strategy

ENV
rAT

POL

rAT

GAG
rAT

rCT

rCG

rCT rAC rAG

rCG

rCT rAC rAG

rCG

rAG

rAC

Individuals
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4.35
5.28
4.29
4.72

0.76 0.77
0.99 1.33
0.58 0.58
0.67 0.84

1.98 4.35
297 5.77
213 4.29
2.27 4.72

13.83
14.50

10.89
12.91

0.74
121
0.92
1.00

113
1.44
0.86
1.00

10.21
14.50
7.54
6.76

7.22 253
4.70 3.37
391 2.18

1.00

0.68 0.56
0.43 0.43
0.58 0.58

ti/tv = 3.09

4.76
3.38
391

1.60
1.00
1.00

Groups

4.08
5.26

0.69 0.79
115 1.56

177 4.63
2.50 5.26

5.44

14.91

1.10 1.26
0.82 1.09

0.83 7.55 2.78 10.42
257 5.44

0.77
tiftv = 2.92

4.98

172

Total

124 13.32 1.60 4.31 0.70 0.84 3.83

0.91 7.70 2.46 9.43 112

0.84

5.03

172

HIV-1...

Note.—All rates within a data set are expressed relative to rGT, which is arbitrarily set to 1. ti/tv = transition/transversion ratio.

The models of evolution compared in this study include
parameters that describe (1) the nucleotide base fre-
quencies, (2) the substitution rates among the four bases,
(3) the rate distribution among sites (homogeneous or
heterogeneous), and (4) the rate distribution among lin-
eages (homogeneous [i.e., molecular clock] or hetero-
geneous). Different models assume that base frequencies
areequal (fA = fC = fG = fT = 0.25) or dlow them
to vary freely with the only constraint being that they
have to add up to 1. When reversibility of change is
assumed, i.e., the probability of changing from nucleo-
tide i to nucleotide j is the same as the probability of
changing from nucleotide j to nucleotide i, there are six
possible substitution rates among nucleotides (a, or
rAC; b, or rAG; c, or rAT; d, or rCG; e, or rCT; f, or
rGT) (fig. 1). Complex models allow these six rates to
vary freely, while less complex models assume that
some of them are equal to others, e.g., transition (rAG
= rCT)/transversion (rAC = rAT = rCG = rCT) ratio,
and simple models assume that all rates are equal. It is
this substitution scheme that usually gives names to the
models (JC, K80, F81, HKY, etc.; see fig. 1). On the
other hand, the rates of evolution among different sites
can be similar or very different. This heterogeneity of
rate variation among sites can be incorporated by simply
assuming that there is a proportion of invariable sites
(p-inv), while the rest of the sites evolve at the same
rate. A more detailed rate variation model assigns to
each site a certain probability of belonging to a specific
rate class or category. This set of probabilities is con-
veniently described by a discrete gamma distribution
with four categories (dG,) (Yang 1994, 1996). When the
shape parameter of the gamma distribution () is small,
most of the sites evolve very slowly, but a few sites
have moderate-to-fast rates. When « increases, most of
the sites evolve at medium rates, and a few evolve at
dow and fast rates. When « is infinity, al of the sites
evolve at the same rate. Rates of evolution can also be
different in different parts of the tree. These rates can
be assumed equal by enforcing a molecular clock, or
each branch can be allowed to have its own rate of evo-
lution. Base frequencies, substitution rates, proportion of
invariable sites, and o were estimated in PAUP* under
each model on the initial NJ-JC tree. After including the
molecular-clock hypothesis, there were 112 models of
evolution compared in a hierarchical fashion for each
data set (fig. 2). What we call the best-fit model of evo-
lution is nothing more or less than the model selected
among these possible alternative models.

Results

Different data sets resulted in different best-fit
models of nucleotide substitution. Furthermore, the
commonly used K80 model of evolution was never the
optimal model. The relative fits of different models
changed for particular genes and regions and for differ-
ent hierarchical levels. The models of nucleotide sub-
stitution selected by the nLRT and AIC approaches in-
creased in complexity—becoming more parameter-
rich—in accordance with the increasing hierarchical lev-



Table 5

Models of DNA Substitution in HIV-1 903

Maximum-Likelihood Estimates of the Gamma Shape Parameter («) and the Proportion of Invariable Sites (p-inv)
Under the Best-Fit Models Selected Using the Hierarchical Likelihood Ratio Test

GAG

POL ENV

a p-inv a p-inv @ p-inv

Individuals

Setl....... 0.0023 — 0.0049 — — —

Set2....... — — 0.7913 0.8424 0.3797 0.6583

Set3....... 0.0111 — 0.6214 0.7822 0.0058 —

Setd....... — 0.8855 0.7948 0.8049 0.8787 0.6878
Subtypes

A 0.7046 0.3352 0.5951 0.3820 0.6812 0.2255

B.......... 0.7226 0.4974 0.7589 0.4817 0.6594 0.3068

C.ooviiinn 0.2938 — 0.2716 — 0.7208 0.3334

D.......... 0.3234 — 0.0831 — 0.6694 0.3632
Groups

Moo 1.2153 0.4041 0.9034 0.4076 0.8777 0.2424

O.viinn. 0.3446 — 0.3606 — 0.3862 —
Total

HIV-1...... 0.9691 0.3152 0.6960 0.2811 0.8770 0.1707

el of nucleotide diversity (table 2). Levels of model
complexity were similar across genes and regions, and
most models incorporated rate heterogeneity among
sites. There was a slight tendency for the AIC procedure
to favor more complex models than the LRT strategy,
but there was a general agreement on the models se-
lected. Maximum-likelihood estimates of base frequen-
cies were similar for different taxonomic levels and for
different regions and genes (table 3). Adenine was the
most common nucleotide, while guanine was the second
most common base (except for the pol gene, where the
second most common base was thymine). Maximum-
likelihood estimates of substitution rates revealed a sim-
ilar pattern among genes, where the most common
change (after multiplying by the corresponding base fre-
quency) was the A-to-G transition (table 4). The rest of
the transitions were still more common than any trans-
version. Gamma shape estimates («) were almost in-
variably <1, indicating that most of the sites evolve
relatively very slowly but a few have faster rates (table
5). Rate heterogeneity among sites increased and the
proportion of invariable sites (p-inv) decreased with in-
creasing taxonomic level. Those patterns were generaly
similar for the three genes studied. After correcting the
statistical significance for multiple tests, all of the LRTs
of the molecular-clock hypothesis were significant at the
0.05 family level except for the envelope V3 region.
Three additional tests were not significant at the 0.01
family level (table 6).

Discussion
Models of HIV-1 Sequence Evolution

The fact that different HIV-1 data sets are better
explained by different models of evolution suggests that
blind model selection may confound inferences based
on phylogenetic analyses of HIV-1. However, this does
not necessarily mean that different data sets for the same
genes evolved under different models of evolution. The

different substitution patterns may simply reflect differ-
ent evolutionary times. In fact, the complexity of the
models correlates well with nucleotide diversity. The ex-
tensive rate heterogeneity observed among sitesis easily
explained by different selective regimes along the ge-
nome. Moreover, recombination in HIV-1 can inflate the
amount of rate variation (Schierup and Hein 2000a).
More complex models exist that could increase the fit
to HIV-1 sequences, especially codon models including
selection (Pedersen, Wiuf, and Christiansen 1998; Yang
et al. 2000). In this paper, we have restricted ourselves
to nucleotide substitution models currently implemented
for phylogenetic estimation.

HIV-1 Molecular Clock

The rgjection of the molecular clock in most data
sets is most easily explained by the absence of a mo-
lecular clock. Such rate variation among lineages seems
very plausible in light of the different selective pressures
exerted by the immune system and the repeated reduc-
tion in effective population sizes during infection that
HIV lineages experience. In other cases, the molecular-
clock hypothesis can be rejected when the sequences are
evolving in a clocklike fashion because of the presence
of recombination (Schierup and Hein 2000b), which is
a frequent phenomenon in HIV (Robertson et al. 1995).
This regjection of the clock is not a failure of the LRT,
but rather the consequence of recombination violating
the actual null hypothesis that the LRT of the molecular
clock is testing: that the sequences are evolving in a
clocklike fashion on one tree. In either case, the appli-
cation of molecular-clock techniques in HIV-1 seems to
be inappropriate due to either the absence of a clock
and/or the presence of more than one true tree because
of recombination.

The main study supporting a molecular clock in
HIV-1 was by Leitner and Albert (1999), who suggested
that the molecular clock explained the genetic variation
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Table 6

Likelihood Ratio Test (LRT) of the Molecular-Clock Hypothesis

GAG

POL ENV

Nonclock  Clock Nonclock  Clock Nonclock  Clock
=InL; -InL, o P —-InL; -—InL, o P =InL; -InL, o P

Individuals

Setl.... 417 542 250 <0.0003 521 617 192 <0.0003 212 217 10 0.2650

Set 2 616 626 20 0.0412 1,415 1,428 26 0.0052 2,062 2,072 20 0.0412

Set 3 1,145 1,160 30 0.0015 2,254 2,303 98 <0.0003 3,245 3,759 514 <0.0003

Set 4 2,676 2,714 76  <0.0003 5,246 5,322 152  <0.0003 5,337 5,363 52  <0.0003
Subtypes

A....... 8,735 8,933 396  <0.0003 15,436 15,703 534  <0.0003 18,304 18,595 582  <0.0003

B....... 5,625 5,669 88 <0.0003 9,947 10,025 156 <0.0003 14,298 14,453 310 <0.0003

C....... 5,376 5,398 44 0.0035 9,614 9,838 448  <0.0003 12,824 12,948 248  <0.0003

D....... 4,948 4,959 22 0.0453 5,585 5,629 88 <0.0003 10,205 10,224 38 <0.0003
Groups

M....... 13,973 14,158 370 <0.0003 24,552 24,856 608 <0.0003 26,601 26,925 648 <0.0003

O....... 2,069 2,114 90  <0.0003 9,160 9,195 70  <0.0003 8,934 9,057 246  <0.0003
Total

HIV-1... 20,643 21,456 1626 <0.0003 34935 36,340 2,810 <0.0003 41,453 43,422 3,938  <0.0003

Note.—The nonclock log likelihood corresponds to the best-fit model on a neighbor-joining-Jukes-Cantors (NJ-CJ) tree. The clock log likelihood was cal culated
on the same NJ-JC tree and best-fit model parameter estimates with the molecular clock enforced. P values correspond to the corrected x? probabilities of the test

statistic 8 = 2(In L, —
was calculated using the sequential Bonferroni correction (Hockberg 1988).

in the p17 and V3 regions in a known transmission HIV-
1 cluster. In arriving at this conclusion, Leitner and Al-
bert used a regression analysis of genetic distance and
time. However, molecular clocks should ideally be cal-
ibrated using independent lineages in the phylogeny.
Calibration using pairwise differences among taxa with-
in a group inflates the correlation between divergence
and time because pairwise differences are based on
shared proportions of the phylogeny and therefore are
not independent (Hillis, Mable, and Moritz 1996). This
lack of independence makes the regression analysis of
genetic distance on time inadequate. Moreover, esti-
mates of HIV-1 divergence rates vary depending on the
region of the genome under study, alignment, amount
of recombination, different selection pressures among
individuals, and phylogenetic accuracy (Korber, Theiler,
and Wolinsky 1998; Korber et al. 2000). We performed
an LRT of the molecular-clock hypothesis on these data
sets and were able to strongly reject the molecular clock
for both data sets (p17, P < 0.0001; V3, P < 0.0001)
using the best-fit models for each data set. The P values
for these tests even decreased when the true topology
and the GTR+dG, model were used. Furthermore, we
also rejected the molecular clock for these same data
when the different sampling times were taken into ac-
count (Rambaut 2000) (P < 0.0001) (see also Rambaut
1997). Computer simulation studies have shown that the
LRT of the molecular clock performs quite well under
a “‘reasonable’” model of evolution and that it becomes
a conservative test when the assumptions of the substi-
tution model are not met (Yang, Goldman, and Friday
1995; Zhang 1999). In addition, the confounding factor
of recombination is absent due to the known history of
the sequences among individuals. Interestingly, the re-
sults from this one transmission case with a known his-
tory have been extrapolated across al of HIV diversity

In Lg). The number of degrees of freedom for the molecular clock LRT is n — 2, where n is the number of taxa. Multiple-test significance

with an obviously complex and recombinogenic history
to justify the assumption of amolecular clock (e.g., Kor-
ber et al. 2000).

Conclusions

Researchers of HIV-1 evolution should justify their
choice of models of nucleotide substitution. Simple
methods have been implemented in computer programs
to facilitate the statistical justification of a particular
model of substitution (Posada and Crandall 1998). Dif-
ferent models can change not only topologies, but also
branch lengths and distance calculations. Indeed, nucle-
otide substitution parameters are more accurately esti-
mated under the correct model (Fukami-Kobayashi and
Tateno 1991; Yang, Goldman, and Friday 1994; Van de
Peer et al. 1996; Leitner, Kumar, and Albert 1997).
Bootstrap values may be dependent on the adequacy of
the model for the data. Common approaches for detect-
ing recombination in HIV-1 data sets will also be af-
fected by model choice, since one's ahility to partition
effects of rate heterogeneity and recombination is criti-
cal. Both topology and branch length estimates are be-
coming increasingly important in HIV-1 transmission
cases (Ou et al. 1992) and therefore must be estimated
with justified models for the greatest accuracy. Although
we have made a case with HIV-1 DNA sequences, re-
sults from this study apply to the use of models of DNA
substitution in any evolutionary study. Current models
of nucleotide substitution are not perfect (and they never
will be), and parameters that are more realistic will be
incorporated to describe the complexity of evolution. As
models that are more complex are proposed (Goldman
and Yang 1994; Muse and Gaut 1994; Pedersen, Wiuf,
and Christiansen 1998), there is further reason to justify
one's choice of models.



The large number of DNA sequences available at
the HIV-1 sequence database allows for an alternative
approach to model selection. The parameters of a com-
plex model could be estimated for each region or gene
of the HIV-1 virus using al (or part) of the data avail-
able. Once these parameters were estimated, they could
be used for subsequent analyses without the necessity
of estimating them again (Hillis 1999). However, for this
approach, we must be willing to assume that HIV-1
evolves under the same underlying model of DNA sub-
gtitution at any hierarchical level. In addition, it is not
clear if this general-model procedure would raise the
accuracy of phylogenetic estimation for a smaller data
set. We are currently investigating these questions.
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