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Using Physical-Chemistry-Based Substitution Models in Phylogenetic
Analyses of HIV-1 Subtypes

Jeffrey M. Koshi,*1 David P. Mindell,† and Richard A. Goldstein*‡
*Biophysics Research Division, †Department of Biology and Museum of Zoology, and ‡Department of Chemistry, University
of Michigan

HIV-1 subtype phylogeny is investigated using a previously developed computational model of natural amino acid
site substitutions. This model, based on Boltzmann statistics and Metropolis kinetics, involves an order of magnitude
fewer adjustable parameters than traditional substitution matrices and deals more effectively with the issue of protein
site heterogeneity. When optimized for sequences of HIV-1 envelope (env) proteins from a few specific subtypes,
our model is more likely to describe the evolutionary record for other subtypes than are methods using a single
substitution matrix, even a matrix optimized over the same data. Pairwise distances are calculated between various
probabilistic ancestral subtype sequences, and a distance matrix approach is used to find the optimal phylogenetic
tree. Our results indicate that the relationships between subtypes B, C, and D and those between subtypes A and
H may be closer than previously thought.

Introduction

If our understanding of evolutionary processes
were complete, we could model the change of discrete
characters in phylogenetic analyses and readily obtain
the most reasonable phylogeny. Our knowledge of evo-
lution is limited, however, and models of evolutionary
change are necessarily simplified. While many evolu-
tionary studies have focused on modeling the evolution
in DNA, for which the relative frequences of different
base changes can be represented with simple models,
there has been increasing interest in performing phylo-
genetic analyses on proteins. The hope is that purifying
selective pressure acting at the protein level can reduce
saturation effects, allowing the delineation of more dis-
tant evolutionary relationships.

Modeling evolution at the amino acid level has,
however, proven problematic. The larger size of the al-
phabet of amino acids means the determination of a
much larger set of relative substitution rates than is nec-
essary for DNA sequences. More significantly, the as-
sumption inherent in traditional approaches, including
use of substitution matrices, is that the rate or probabil-
ity for any particular pairwise substitution is considered
to be the same for all sequence positions. This assump-
tion ignores the fact that different parts of proteins
evolve under different selective pressures. Maintaining
functionality of the protein may require conservation of
amino acid identity at key locations in catalytic or di-
merization sites, while a more general residue charac-
teristic, such as hydrophobicity or polarity, may be pre-
served at other locations. Site substitutions elsewhere in
the protein may preserve charge or side chain size or
flexibility. Variable sites may evolve by random fixation
of neutral or nearly neutral mutations. A given substi-
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tution, for instance, from histidine to phenylalanine,
would represent a conserved substitution in locations in
which aromaticity was important, but it would represent
a nonconservative substitution if charge or ligation was
relevant. There have been numerous demonstrations of
heterogeneity in absolute and relative rates of amino
acid change depending on local structure and function
within the protein, as well as between proteins (Kimura
and Ohta 1973; Miyata, Miyazawa, and Yasunaga 1979;
Wako and Blundell 1994a, 1994b; Koshi and Goldstein
1995; Thorne, Goldman, and Jones 1996). Any reason-
able model of amino acid change must be able to en-
compass the heterogeneous nature of the selective pres-
sure without increasing the number of adjustable param-
eters beyond that which can be determined by the avail-
able data. This is especially difficult since the nature of
the variability may be complicated and difficult to iden-
tify a priori, especially for proteins of unknown structure
or function.

While approaches such as protein profiles and hid-
den Markov models that include site heterogeneity have
been developed for performing similarity searches and
recognition of homologs (Taylor 1986; Gribskov,
McLachlan, and Eisenberg 1987; Krogh et al. 1994; Ta-
tusov, Altschul, and Koonin 1994; Yi and Lander 1994),
these approached have generally not been extended to
address more specific questions of phylogenetics. The
construction of these models generally involves the de-
termination of 20 parameters for each location in the
protein, each representing the probability of one of the
20 amino acids occurring at that location. In contrast,
extending this approach to the modeling of site substi-
tutions would require determination of the value of 380
parameters at each location, representing the probabili-
ties of all possible substitutions. This is beyond the lim-
its of what can be done with currently available data.
Heterogeneity of substitution rates has been included in
some models of both amino acid and DNA evolution
(Koshi and Goldstein 1995; Yang 1995; Van de Peer et
al. 1996; Felsenstein and Churchill 1996; Thorne, Gold-
man, and Jones 1996). These models, however, have
been based on more limited assumptions of homoge-
neity, assuming either that the relative rates are constant
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or that substitution rates are the same for all locations
sharing the same local structure.

The properties of proteins are not a function of the
identities of the residues at each location but, rather,
depend on the physical-chemical properties of these res-
idues. The relative substitution rates can often be inter-
preted in terms of corresponding changes in these prop-
erties in a way that depends on the local context (Mi-
yata, Miyazawa, and Yasunaga 1979; Koshi and Gold-
stein 1997). Motivated by this perspective, we recently
developed a method for representing substitution matri-
ces as a function of the physical-chemical properties of
the amino acids (Koshi, Mindell, and Goldstein 1997;
Koshi and Goldstein 1998). By using simple functions
of small sets of such properties, the number of adjust-
able parameters to be determined is greatly reduced, al-
lowing us to optimize substitution matrices for smaller
data sets. In addition, we can explicitly include hetero-
geneity in substitution rates among sites so that different
parts of the protein sequence are modeled as evolving
under different constraints. The result is a simpler mod-
el, with greater sensitivity to protein structure and func-
tion, that can represent protein evolution with increased
accuracy. While there have been other substitution mod-
els that use physical-chemical properties to assign dis-
tances between the amino acids (Goldman and Yang
1994; Schmidt 1995), these models have been construct-
ed based on preconceived notions of what physical-
chemical properties are important and have not ad-
dressed the issue that the similarities between amino ac-
ids will be context-dependent. In contrast, the model de-
scribed below includes site heterogeneity in a natural
way and allows the parameters in the model to be op-
timized by likelihood maximization based on data sets
of homologous proteins.

As a demonstration of the use of our method in
performing phylogenetic analyses, we use our model to
reconstruct the phylogenetic relationships between the
HIV-1 subtypes. Ten genetic subtypes of HIV-1 have
been recognized based on monophyletic groups found
in phylogenetic analyses and placed within a larger
group, M (Louwagie et al. 1993; Korber et al. 1997).
Subtypes A–E are the most common, with only a few
known isolates belonging to the more recently recog-
nized subtypes I and J. A small number of isolates com-
prise the distinctive outlier group O. Envelope protein
sequences show about 70% similarity in comparisons
between HIV-1 subtypes and about 80%–90% similarity
in comparisons within subtypes. Resolution of phylo-
genetic relationships among HIV-1 subtypes is impor-
tant in understanding the origin and spread of AIDS as
well as in determining potential treatments, as subtypes
may have phenotypic differences affecting transmission
and susceptibility to alternative vaccines (Wolfs, Nara,
and Goudsmit 1993; Birx et al. 1996). Previous analyses
of HIV-1 subtype phylogeny have focused on DNA se-
quences using a variety of approaches (Louwagie et al.
1993; Myers 1994; Leitner et al. 1995, 1996: Delaporte
et al. 1996; Van de Peer et al. 1996), and no consensus
on topology has emerged. There has been a tendency to
find close relationships between subtypes B and D and,

to a lesser extent, between subtypes A, G, and H. In all
cases, however, internodal distances between the sub-
types appear similar, approximating a star phylogeny.

In this paper, we provide an analysis based on the
sequences of the HIV-1 envelope (env) proteins. Our
model is especially appropriate in this instance, as there
seems to be a strong heterogeneity of substitution rates
throughout the sequence (Starcich et al. 1986; Willey et
al. 1986).

Materials and Methods

Our model of amino acid substitutions has two dis-
tinct parts: the inclusion of site heterogeneity by positing
multiple types of sites, each changing according to a
different substitution matrix, and the construction of
simplified substitution matrices based on the underlying
physical-chemical properties of the amino acids. It is the
simplifications inherent in the construction of the sub-
stitution matrices that allow the site heterogeneity to be
included without resulting in an unmanageable number
of adjustable parameters. Our model has previously been
described (Koshi, Mindell, and Goldstein 1997; Koshi
and Goldstein 1998) and is summarized in the appendix.
Briefly, we consider that any location in the protein can
potentially belong to one of a number of ‘‘site classes,’’
possibly representing local structure or functional sig-
nificance. Each site class is described by a different sub-
stitution matrix. No assumption is made about which
locations correspond to which site classes; rather, each
location in the protein has the same a priori probability
of belonging to a given class. The propensity of any
amino acid to be found at any site belonging to a par-
ticular site class is considered to be a simple adjustable
function of the size and hydrophobicity of that amino
acid, with two or four adjustable parameters. The sub-
stitution rate is an adjustable attempt rate times a relative
fixation rate, which is equal to 1 if the resulting amino
acid has a higher propensity for that site, or an expo-
nentially decreasing rate for changes to amino acids with
lower propensities. In this way, each substitution matrix
can be defined by three to five adjustable parameters.

The complete substitution model is completely
specified by the adjustable parameters defining the sub-
stitution matrix for each site class and the a priori prob-
abilities. We used CLUSTAL W to align the sequences
found within the various subtypes, and we used its im-
plementation of the neighbor-joining method to con-
struct phylogenetic trees for individual subtypes, with
no assumed relationships between the subtypes. The
model parameters were adjusted for the HIV-1 env pro-
teins in subtypes A, C, and D by likelihood maximiza-
tion. The midpoint of the longest branch was assumed
to be the root. Only a central 780-residue region of the
env protein was used. As shown in table 1, the evolu-
tionary model based on simple kinetics including site
heterogeneity was superior to either the Dayhoff PAM
matrix or a single optimized substitution matrix, with
the exception of the substantially different O subtype.
After the model was optimized, the most likely distances
between the roots of the various subtypes were calcu-
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Table 1
Log-Likelihoods of the Data Representing the Logs of the Conditional Probabilities that the Current Sequences for
Each of the Various Subtypes Would Result, Given a Particular Model for Evolution

OPTIMIZATION

DATA SET

NUMBER

OF SITE

CLASSES

HIV-1 SUBTYPE

A B C D E F G H O

Traditional substitution matrices
Dayhoff . . . . .
General . . . . .
HIV-1 env . . .

1
1
1

210,712
210,848
210,378

215,035
215,292
214,650

212,724
212,894
212,452

27,634
27.721
27,461

26,271
26,347
26,160

24,944
24,964
24,846

25,670
25,732
25,574

21,595
21,606
21,612

24,430
24,464
24,370

Simple models
HIV-1 env . . . 3

5
7
9

210,966
210,519
210,420
210,350

215,275
214,714
214,504
214,420

212,841
212,362
212,210
212,063

27,712
27,422
27,360
27,302

26,389
26,236
26,163
26,157

25,101
24,948
24,849
24,803

25,772
25,622
25,515
25,466

21,671
21,659
21,610
21,568

24,776
24,677
24,558
24,534

NOTE.—Traditional substitution matrices assume that substitution rates are the same throughout the protein, that is, that there is a single ‘‘site class.’’ ‘‘Dayhoff’’
represents the matrix developed by Dayhoff, Schwartz, and Orcutt (1978). ‘‘General’’ and ‘‘HIV-1 env’’ represent substitution matrices optimized either over a
general set of protein sequences or over the observed sequences of HIV-1 subtypes A, C, and D using methods described earlier (Koshi and Goldstein 1995). The
‘‘Simple models’’ represent the approach described in the text, where substitution rates are represented as a function of the physical-chemical parameters of the
amino acids, and selective pressure heterogeneity is included by representing separate substitution rates for 3, 5, 7, or 9 different site classes. These models were
also optimized over the A, C, and D subtypes. Bold numbers represent instances in which the simple models outperform all of the more standard models that ignore
site heterogeneity.

FIG. 1.—Phylogenetic hypothesis for HIV-1 subtypes based on
env amino acids and a model accounting for evolutionary rate hetero-
geneity in different structural and functional regions of the protein (see
text). Branches terminate at inferred ancestral sequences for each sub-
type. Each internal node is labeled with the percentage of 200 bootstrap
runs that yielded a topology with that particular node being maintained
when subtype O was specified as the outgroup (first) and when O was
excluded (second).

lated based on the principle that the most likely evolu-
tionary distance between the roots, given the observed
sequences, is the distance that would maximize the
probability that the observed sequences would result
through the process of site substitutions. Optimal dis-
tances were calculated between all pairs of subtypes, and
the best evolutionary tree was computed based on these
distances in an exhaustive search, performed by inputing
all possible trees into the Fitch routine from the PHYLIP
package (Felsenstein 1993). The implementation of the
more rigorous maximum-likelihood approach is cur-

rently in progress. In order to test the accuracy of our
results, we performed a bootstrap test using 200 runs,
each time selecting 100% of the data with resampling.
The optimal evolutionary tree was then found for each
of the 200 distance matrices generated by the bootstrap
runs.

Results and Discussion

Our optimal phylogenetic hypothesis for HIV-1
subtypes based on env amino acid sequences and our
model incorporating evolutionary rate heterogeneity
across functional site classes is shown in figure 1. The
various subtypes are represented by triangles to indicate
that tree branches connect subtype roots as represented
by inferred ancestral sequences. Much of the uncertainty
in the tree topology concerns the location of subtype O,
due to its relative distinctiveness from the other subtype
sequences. This is evident in the differences in bootstrap
values given for nodes in which subtype O was desig-
nated as the outgroup (left number) and for those in
which subtype O was excluded and no outgroup was
specified (right number). The evolutionary distances be-
tween these roots and the most distant intrasubtype se-
quences are included in the tree in figure 2.

We found several differences between our tree and
those proposed by others. Many phylogenetic hypothe-
ses place subtype C farther from subtypes B and D than
subtypes E or F (Louwagie et al. 1993; Leitner et al.
1995, 1996: Delaporte et al. 1996; Van de Peer et al.
1996). In contrast, our hypothesis places subtypes B, C,
and D as a monophyletic group in 60% of the bootstrap
runs in trees rooted with subtype O, and in 83% of the
unrooted runs in which subtype O was excluded. The
exact relationship of B, C, and D cannot be distin-
guished using our model, with ((B, C), D) and ((B, D),
C) equally common in the bootstrap runs.

Our placement of subtype E is interesting not only
because it is distant from B, C, and D, but also because
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FIG. 2.—Optimal phylgeny for HIV-1 subtypes, as in figure 1,
with branches (thin lines) indicating distances between inferred ances-
tral subtype sequences (dark triangles) and the most distant sequence
for that same subtype.

it is distant from A. Subtype E appears to be a mosaic
resulting from recombination between A and the origi-
nal form of E, with the env gene being from the original
E form (McCutchan et al. 1996). The results of our mod-
el suggest that this recombination involved relatively
distant subtypes. We also found a sister relationship be-
tween subtypes A and H supported in 82% of the boot-
strap analyses excluding subtype O.

In earlier work, we showed by comparison of log-
likelihood scores that our simple models optimized over
an HIV-1 env protein data set substantially outperformed
more traditional substitution matrices on the highly dis-
similar HIV-2 env protein data set, demonstrating the
ability of the simple models to capture the evolutionary
patterns found in different proteins evolving under sim-
ilar selective pressure (Koshi and Goldstein 1998). Sur-
prisingly, the simple models optimized on HIV env pro-
teins from HIV-1 subtypes A, C, and D did not represent
the evolutionary processes in HIV-1 subtype O as well
as more traditional substitution matrices, as shown in
table 1. It has been suggested that group O has only
recently appeared in the human population (Gurtler
1996). Our results suggest that the evolutionary context
may have an influence on the patterns of substitutions,
especially for a protein evolving as rapidly as env.

Comparison with the known features of current
subtype geographic distribution (Burke and McCutchan
1997) indicate a general lack of correlation between
geographic proximity and phylogenetic relatedness. For
example, subtypes B, C, and D form a monophyletic
group in figure 1 but are found in disparate locales
worldwide. This lack of correlation suggests a history
of HIV1 subtype dispersal via human travel and migra-
tion rather than dispersal through geographically contig-
uous populations. Further phylogenetic analyses using
additional proteins and additional isolates will help in
assessing the reliability of our env-based tree.

The approach described here, using simple models
to delineate amino acid substitution patterns by incor-
porating information about their physical-chemical
properties, is a general approach that can be used in a
wide variety of phylogenetic analyses, including maxi-
mum-likelihood formalisms. The utility of this approach
stems from the benefits of incorporating a more specific
model of evolutionary change in the phylogenetic analy-
ses based on observed differences among HIV-1 env se-
quences, with fewer unsupported assumptions of rate
homogeneity across amino acid sequence regions and
functional classes. Our analyses modeling evolutionary
change among amino acids support close phylogenetic
relationships among HIV-1 subtypes B, C, and D and
between subtypes A and H, whereas previous subtype
analyses based on nucleic acids and more assumptions
of rate homogeneity have been less resolved.
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APPENDIX

Inclusion of Site Heterogeneity

One of the aspects of amino acid substitutions that
must be included in any reasonable model is the pres-
ence of variable relative and absolute rates in different
structural and functional regions of the protein. In order
to encompass this site heterogeneity, we consider that
any location in the protein can belong to one of a num-
ber of ‘‘site classes’’ Sk, each represented by a distinct
substitution matrix M describing the rate of replace-k

i,j

ment of amino acid Ai by amino acid Aj in a given length
of evolutionary time. The specifications of the various
types of site classes, as well as the assignment of various
locations in the proteins to the different site classes, are
not performed in advance. Rather, every location in the
protein has the same a priori probability P(k) for being
a member of site class Sk. As all locations must be in
some site class, Sk P(k) 5 1. The substitution matrices
M and probabilities P(k) for all of the different sitek

i,j

classes represent the parameters optimized based on
analysis of the data set of homologous sequences.

Construction of Physical-Chemistry-Based Substitution
Matrices

With 20 different amino acids, the complete spec-
ification of a substitution matrix would require the de-
termination of 380 adjustable parameters, representing
all possible substitutions. Setting the values for individ-
ual substitution matrices for each of a set of site classes
would result in an unacceptably large number of ad-
justable parameters. For this reason, we developed sim-
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pler substitution matrices that represented the probabil-
ity of substitutions in terms of the underlying physical-
chemical properties of the amino acids, rather than in
terms of their identities (Koshi, Mindell, and Goldstein
1997; Koshi and Goldstein 1998). This was done using
a model of propensities based on a Boltzmann distri-
bution and substitution rates based on Metropolis kinet-
ics, as described below.

Each amino acid Ai is considered to have a partic-
ular propensity value Fk(Ai) denoting its tendency to oc-
cur in any particular location described by site class Sk.
We would expect that amino acids with strong propen-
sities for particular sites would be common, while amino
acids with weak propensities for these sites would be
rarer, although not completely absent. We formally de-
fine the relative propensities of the different amino acids
in a location belonging to a given site class as equal to
the logs of the relative probabilities that these amino
acids would be found in that particular location. Invert-
ing this definition of propensity results in an expression
for Pk(Ai), the probability that amino acid Ai would be
found in that location, as an exponential function of the
propensity, similar in form to the Boltzmann distribution

AF ( )k ie
P (A ) 5 (1)k i AF ( )k i9eO

i9

The propensity of any amino acid in any location
is a function of the physical-chemical properties of that
amino acid, such as its hydrophobicity and size. In par-
ticular, we assume that the propensity can be expressed
either as a linear function of these properties, so that

Fk(Ai) 5 a Hi 1 a Bi,H B
k k (2)

or, with a quadratic dependence on these parameters

Fk(Ai) 5 a (Hi 2 H )2 1 a (Bi 2 B )2,H k B k
k 0 k 0 (3)

where Hi and Bi represent the hydrophobicity and bulk
of amino acid Ai as characterized by the indices devel-
oped by Scheraga and co-workers (Kidera et al. 1985),
and a , a , B , and H represent adjustable parameters.H B k k

k k 0 0
By using fixed physical-chemical characteristics for the
amino acids, the propensities of all of the amino acids
for each particular site class can be modeled by deter-
mining only two (a and a ) or four (a , a , H , andH B H B k

k k k k 0
B ) parameters. Note that the propensity values are spe-k

0
cific to each particular site class such that the same ami-
no acid with given values for hydrophobicity and size
would have different propensities for locations charac-
terized by different site classes. Once the parameters
defining Fk(Ai) are fixed, we can calculate the propensity
for any particular amino acid to be in a location be-
longing to a particular site class.

The relative substitution rates are modeled with
Metropolis kinetics (Metropolis et al. 1953), for which
favorable substitutions to a more fit amino acid proceed
with site-class-specific maximum substitution rate nk,
and unfavorable substitutions occur with a rate of nk

times an exponentially decreasing function of the re-
sulting propensity change.

n z F (A ) . F (A )k k j k ikM 5 (4)i, j A A(F ( )2F ( ))5 k j k in e z F (A ) # F (A ),k k j k i

which represents the rate of substitutions as the product
of an attempt rate nk, representing the probability that a
random mutation with no effect on survivability would
be fixed in the population, times an acceptance rate that
decreases as the mutation becomes more unfavorable.
Metropolis kinetics are the only possible means of main-
taining a Boltzmann distribution of propensities while
obeying detailed balance whereby all favorable muta-
tions are accepted at the maximum rate. While other
arrangements are possible, where favorable mutations
have probabilities that depend on the resulting differ-
ence in propensities, the latter approximation involves
the assumption that substitutions are dominated by neu-
tral drift.

With Metropolis kinetics, the substitution matrix is
determined by the propensity function with the inclusion
of only one more adjustable parameter, nk, in addition
to the two or four parameters that characterize the pro-
pensity function represented by equations (2) and (3).
The model is then completely specified by the parame-
ters representing the propensity functions for each site
class, the maximum substitution rate for each site class,
and the set of values of P(k) subject to the constraint on
their sum. As an example, a model with nine different
site classes was used in the phylogenetic analysis of
HIV-1 env proteins described below: four site classes
with propensities that depend linearly on hydrophobicity
and bulk, and five with a quadratic dependence on these
properties. Since the linear site classes have substitution
matrices that are each specified by three adjustable pa-
rameters, the substitution matrices for the quadratic site
classes are specified by five adjustable parameters, and
there are eight a priori probabilities (one fewer than the
number of site classes), there are a total of 45 adjustable
parameters, approximately an order of magnitude fewer
parameters than the 380 needed for a single standard
substitution matrix neglecting site heterogeneity. With
fewer adjustable parameters, we can optimize these ma-
trices for specific protein types.

Optimization of the Model

These adjustable parameters are set using likeli-
hood maximization, as described in earlier work (Koshi
and Goldstein 1995) using a quadratic programming al-
gorithm (Gill et al. 1986). For a set of homologous pro-
teins, we first construct a sequence alignment and evo-
lutionary tree using CLUSTAL W (Thompson, Higgins,
and Gibson 1994). We then calculate the probability for
each possible set of substitutions resulting in the cur-
rently observed sequences. Consider a single location l
in the multiple alignment. The amino acids in the ho-
mologous proteins are represented by {A} , where the9l
prime sign indicates knowledge of only the currently
existing sequences. We do not know the identity of the
amino acid at the internal nodes of the phylogenetic tree,
so we must sum explicitly over all possibilities at these
positions in order to calculate P({A} z M ), the condi-k9l i,j
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tional probability that these amino acids would result
given that the location can be characterized as belonging
to site class Sk with substitution matrix M .k

i,j

We do not know a priori what site class this loca-
tion belongs to. We must therefore consider all possi-
bilities explicitly. The total probability of residues
{A} resulting from the model with the set of substitu-9l
tion matrices {M } is obtained by calculating the prob-k

i,j

ability that these residues would result if the site
belonged to site class Sk times the probability that
site Sk is the appropriate classification, equal to
P({A} z M )P(k), and summing over all possible sitek9l i,j

classes to yield

k kP({A}9 z {M }) 5 P({A}9 z M )P(k). (5)Ol i, j l i, j
k

The optimal model, then, is the model with the set of
parameters that maximizes this probability multiplied
over all locations in all sets of the homologous proteins.

As mentioned above, there is no attempt to char-
acterize the locations in the protein as belonging to one
site class or another. The properties of these various sites
emerge during the optimization procedure. It is possible,
however, to calculate a posteriori the probability
P(k z {A} ) that a given location is a member of site class9l
Sk based on the amino acids found at that location,
{A} ,9l

kP({A}9 z M )P(k)l i, jP(k z {A}9) 5 . (6)l k9P({A}9 z M )P(k9)O l i, j
k9

One of the advantages of our method is that the
small number of adjustable parameters relative to sub-
stitution matrices allows us to focus on the patterns spe-
cific for specific types of proteins under their unique
selective pressure. In earlier work, we optimized the
model for the test set of HIV-1 env proteins and tested
these models on the evolutionary relationships of the
patterns of the HIV-2 env proteins (Koshi, Mindell, and
Goldstein 1997; Koshi and Goldstein 1998). Our results
showed that the inclusion of site heterogeneity increased
the log-likelihood of the test data significantly relative
to the standard Dayhoff substitution matrix or a single
traditional substitution matrix optimized for the test set.

Use of the Model for HIV-1 Subtype Phylogenetic
Analysis

We were interested in constructing a phylogenetic
tree outlining the relationship between previously con-
structed rooted phylogenetic trees for the various sub-
taxa. The most likely distances between the roots of the
various subtypes were calculated by maximizing the
probability that the observed sequences would result
through the process of site substitutions. This was done
by first computing Pj,x({A} z k, Ar), the conditional9j,x
probability that observed amino acids {A} would be9j,x
found at position j in subtype isolate x given that the
ancestral sequence for the subtype contained Ar at that
location and the location could be described by site class
Sk. Pj,x({A} , {A} z dx,y, k), the conditional probability9 9j,x j,y

that observed sequences of subtype x at location j would
be given by {A} and observed sequences of subtype y9j,x
at the same location would be given by {A} if the9j,y
distance between the two ancestral sequences were dx,y,
and, again, if the site belonged to site class Sk, is cal-
culated by considering the probability of any pair of
residues occurring in the two ancestral sequences times
the probability that the observed sequences in the two
subtypes would consequently result, expressed as

P({A}9 , {A}9 z d , k)j,x j,y x,y

5 P ({A}9 z k, A )P ({A}9 z k, A 9)O j,x j,x r j,y j,y r
r,r9

k3 P (A )M (d ), (7)k r r,r9 x,y

where Pk(Ar) is given by equation (1) and M (dx,y) isk
r,r9

equal to the probability that amino acid Ar would mutate
to amino acid Ar9 in evolutionary distance dx,y in a lo-
cation described by site class Sk. As emphasized above,
we do not identify a priori which locations in the protein
correspond to the different site classes. For this reason,
P({A} , {A} z dx,y), the conditional probability that the9 9j,x j,y

observed sequences would result in these two subtypes
in any site class given distance dx,y, is obtained through
a weighted sum over all possible site classes

P({A}9 , {A}9 z d )j,x j,y x,y

5 P({A}9 , {A}9 z d ,k)P(k). (8)O j,x j,y x,y
k

Note that this equation is quite different from what
would be obtained if the substitution matrices them-
selves were averaged over site classes at the beginning
of the calculation.

The conditional probability of observed sequences
resulting for subtypes x and y given distance dx,y be-
tween ancestral nodes is estimated as the product of
P({A} , {A} z dx,y) over all locations j. This probability9 9j,x j,y

was maximized in order to find the most likely value of
dx,y. Optimal distances were calculated between all pairs
of subtypes, and the best evolutionary tree was com-
puted based on these distances in an exhaustive search,
performed by inputing all possible trees into the Fitch
routine from the PHYLIP package (Felsenstein 1993).
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