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The high levels of sequence diversity and rapid rates of evolution of HIV-1
represent the main challenges for developing effective therapies. However,
there are constraints imposed by the three-dimensional protein structure
that affect the sequence space accessible to the evolution of HIV-1. Here, we
present a strategy for predicting the set of possible amino acid replacements
in HIV. Our approach is based on the identification of likely amino acid
changes in the context of these structural constraints using environmentspecific substitution matrices as well as considering the physical constraints
imposed by local structure. Assessment of the power of various published
algorithms in predicting the evolution of HIV-1 Gag P17 shows that it is
possible to use these methods to make accurate predictions of the sequence
diversity. Our own method, SubFit, uses knowledge of local structural
constraints; it achieves similar prediction success with the best-performing
methods. We also show that erroneous predictions are largely due to
infrequently occurring amino acids that will probably have severe fitness
costs for the protein. Future improvements; for example, incorporating
covariation and immunological constraints will permit more reliable
prediction of viral evolution.
© 2011 Elsevier Ltd. All rights reserved.

Introduction
The greatest impediment to producing an effective
treatment for HIV is the high rate of viral evolution.
This is a consequence of HIV's high rate of
mutation,1 propensity to recombine,2,3 high rate of
viral turnover4,5 and the actions of the immune
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response promoting diversifying selection.6–8 The
ability of HIV to change rapidly leads to high levels
of sequence diversity both within and between
infected individuals, enabling a persistent infection
to be maintained despite the actions of the immune
response.9,10 A key challenge for HIV biology is,
therefore, dealing with this evolutionary change.
HIV's rapid evolution represents a significant
challenge for all types of HIV therapy. HIV has
been shown to escape drug therapy via a multitude
of mutations,11 including the ability to acquire
multiple mutations.12 Additionally, the virus has a
demonstrated ability to escape both the antibody
response 13 and the cytotoxic T lymphocyte
response.14 Determining whether there are limits
of HIV evolution, and determining what they might
be, is therefore of prime therapeutic importance.15
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Although the degree of sequence diversity is
extremely high, we expect that there is an upper
bound.16 Single-nucleotide mutations within genes
have the potential to alter amino acids and may
ultimately disrupt the structure and function of the
encoded protein molecule. Structural constraints on
protein evolution have been studied across a wide
range of systems. The local structural environment
of amino acid residues has been shown to strongly
affect not only the degree of conservation observed,
but also the entire pattern of substitutions17,18 and
compatibility of amino acids in particular structural
locations.19 In addition, functional sites within the
protein add evolutionary constraints.20 These analyses have been used to predict the likely relationship between substitutions and disease.21
The likely effect of a given substitution can be
predicted from the known characteristics of the
structure and the particular side chain substituted.22–29
Protein structural and functional constraints determine whether an amino acid altering change is
neutral (of little or no fitness cost), prone to purifying
selection (a high cost of fitness to the virus in terms of
structure and/or function) or positively selected
(immediately beneficial to viral fitness). Substitutions with a high “cost of fitness” would therefore be
subject to purifying selection. Thus, the requirement
to maintain the correct structure and function of the
molecule imposes restrictions on which sites can
change and the nature of the evolutionary change
that can occur. For HIV proteins, we have previously
found that the majority of sites are subject to
evolutionary constraint, and this constraint derives
in part from protein structure and function.16 This is
the case even for env, which is the most mutable of
HIV-1′s genes.
Many nonsynonymous single-nucleotide polymorphisms (nsSNPs) have been implicated in
human disease phenotypes,30 and several studies
have attempted to predict how these changes can
alter protein function. These methods use various
aspects of protein structure and/or sequence to
determine whether a substitution will be tolerated.
Methods utilising protein sequence information31,32
use multiple sequence alignments (MSAs) to determine the likelihood of substitutions based on the
normalised probabilities or biochemical similarity
between the mutants and wild-type amino acids.
Structure-based methods use information such as
solvent accessibility and location of known binding
sites23 to determine the effect of a substitution, whilst
neural networks 25,28 and support vector machines27
trained on mutagenesis data have also been used.
Changes to protein stability caused by nsSNPs have
been demonstrated to be a major factor in disease
mechanisms,26 and many in silico methods have been
developed to estimate the change in folding free
energy upon mutation.24,29 Although these algorithms have not been developed explicitly for the
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identification of nonacceptable snSNPs, they also
provide a measure of how likely a substitution can be
in terms of its influence on overall stability.
We propose that methods used to predict the
effect of mutations on protein structure could be
adapted to predict an upper bound on the diversity
generated during the course of the evolution of
rapidly evolving HIV-1 proteins. Here, in addition
to determining the utility of such predictive
methods, we also apply our own structural constraints-based method, SubFit, to determine the
likely effects of nsSNPs. Our method takes an
“inverse protein folding” approach; that is, it
determines which sequences are compatible with a
known structure.33,34 Those residues that are compatible with a structure are those that can be
substituted without compromising structural integrity to an extent that the folded state is destabilised.
This can then be used to make predictions of the
viable evolutionary trajectory of HIV-1.
The prediction of protein sequence evolution
based on structural templates relies heavily on
amino acid side-chain packing analysis and interpretation of interactions at the atomic level. Interactions between side chains are important for
maintaining the stability of the protein as well as
enabling correct folding of the molecule.35,36 Substitutions that alter the amino acid side chain,
particularly in the core of the protein where the
structure is well packed, will have an impact on the
surrounding residues. They may lead to van der
Waals overlaps (see Fig. 1a for an example), or
induce a conformational adjustment that may result
in side-chain or main-chain movement of the protein
leading to strained conformations with respect to
local energy minima.37 Substitutions could also
occur that introduce voids into the well-packed
core, resulting in decreased protein stability.38,39
These potentially negative implications of amino
acid substitutions will influence which residues can
be accommodated at each position within a protein.
Were the virus to synthesize proteins with these
replacements, their presence may result in a fitness
cost and, in extreme cases, possibly an unfolded
nonfunctional protein. We hypothesise that such
substitutions are infrequently observed in the
genomes of viable viruses.
In order to understand this process, it is necessary
to have accurate information in relation to the
compatibility of amino acid side chains at each site
within the structure. Environment-specific substitution tables (ESSTs)17 account for the constraints of
local structure on substitution probability and act to
place limits on the number of residues that we
predict can be accepted at each site. Such constraints
have been shown to be important in determining
evolutionary patterns in proteins.40,41 Surrounding
sites will also influence the likelihood of an amino
acid substitution, and therefore we additionally
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Fig. 1. Predicting HIV evolution
at individual sites using SubFit. (a)
Matrix protein P17′s structure and
illustration of the “goodness-of-fit”
aspect of the method. Each site in
P17 has every amino acid substituted
computationally (b). In the inset,
position 85 (leucine) is replaced
with methionine (dark blue). In this
conformation, the methionine has
substantial van der Waals overlaps,
as illustrated by the pink and yellow
spikes, and so would be considered a
constrained replacement. (b) The
algorithm used for the predictive
method. Proposed amino acid substitutions are first assessed for likelihood using the ESSTs. Acceptable
residues are then tested for goodness of fit. All low-energy side-chain conformations (“rotamers”) are tested following energy
minimization, and the molecular interactions between this residue and the rest of the protein are calculated with PROBE to
determine the goodness of fit at a specific site. See Methods for further details.

calculate a goodness-of-fit score for each substitution and integrate this to form our prediction of
amino acid substitution (Fig. 1).
As a proof of concept we apply our strategy to
HIV-1′s matrix protein, P17. P17 is processed from
the Gag polyprotein and is associated with the
inner viral membrane, having a number of functions essential for viral assembly and entry into the
infected cell. 42 We have chosen this protein
primarily because of its known immunogenic
importance.43,44 Using our approach, we demonstrate that amino acid usage at individual sites is
significantly constrained. Moreover, our method
accurately predicts real viral diversity at the
majority of sites in P17. We benchmark our method
in a quantitative manner against a selection of
published methods that use a variety of criteria to
assess nsSNP viability and demonstrate that, to a
certain extent, you can predict HIV evolution from
knowledge of the constraints imposed by protein
structure. Incorporation of further structural and
functional information into our method has the
potential to increase the accuracy of the predictions
of viral evolution.

Results
Subtype B predictions
Genetic divergence between the various subtypes
of HIV-1 will result in slight variations in both the
sequence and the structural background of each
position in the P17 proteins. Distinguishing “acceptable” from “unlikely” sequence variation will
depend on the particular protein structure to
which the method is applied. In addition, there is a

direct relationship between the predictive power of
the approach and the genetic distance between the
sequence to be predicted and that of the structure
used. The available P17 crystal structure [Protein
Data Bank (PDB) code 1HIW]45 is from subtype B
and, as such, is likely to be more accurate when used
to predict the likely sequence variation in other
subtype B sequences.
Predictive algorithms were assessed using the
subtype B sequence and/or structure. Comparison
of the amino acids predicted to be acceptable with
those observed in the subtype B sequence alignment demonstrates performance of the various
methods (Table 1). We determine the accuracy of
the method in terms of the sensitivity [true
positive (TP)/true positive (TP) + false negative
(FN)], specificity [true negative/true negative
+ false positive (FP)] and Matthews correlation
coefficient46 (MCC) of predictions. In terms of
sensitivity and specificity, there appears to be a
trade-off with no one method excelling in both.
Relatively high levels of specificity are obtained
by some methods, but in many cases this is
coupled with poor sensitivity, indicating an overly
conservative set of acceptable amino acid predictions. The methods with the best MCC scores
are SIFT, SNAP and our method SubFit. The
sensitivity achieved by these methods range from
0.38 in SNAP to 0.65 in SubFit, indicating that the
level of sequence divergence in the P17 protein is
much more than these methods would predict to
be viable.
Predictions using algorithms based on protein
stability were initially made with substitutions
leading to reduced stability disallowed (Table 1).
This threshold is strict and prevents the prediction of
many amino acids that may be viable. We varied
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Table 1. Breakdown of predictions from each method for subtypes B and C
Subtype B

Subtype C

Method

TP

TN

FP

FN

SN

SP

MCC

TP

TN

FP

FN

SN

SP

MCC

SubFit
FoldXa
PoPMuSiCa
MUproa
SDMa
Contact-dependenta
Align-GVGD
PolyPhen
PMUT
SNAP
SIFT

496
365
202
158
596
274
463
477
322
288
395

1220
1034
1337
1334
482
1109
969
989
1306
1375
1269

218
424
121
124
953
329
466
446
129
60
165

266
397
560
604
169
488
302
288
443
477
371

0.65
0.48
0.27
0.21
0.78
0.35
0.61
0.62
0.42
0.38
0.51

0.84
0.71
0.92
0.91
0.34
0.77
0.68
0.69
0.91
0.96
0.88

0.51
0.18
0.25
0.17
0.11
0.13
0.27
0.30
0.39
0.44
0.44

374
278
189
145
628
112
542
471
342
437
403

1370
1208
1427
1414
444
1538
999
975
1292
1244
1330

219
341
122
135
1033
11
478
512
441
233
148

233
373
462
506
95
539
181
242
125
286
319

0.62
0.43
0.29
0.22
0.87
0.17
0.75
0.66
0.73
0.60
0.56

0.86
0.78
0.92
0.91
0.30
0.99
0.68
0.66
0.75
0.84
0.90

0.48
0.21
0.28
0.19
0.18
0.33
0.40
0.30
0.41
0.46
0.50

a
Stability-based methods: predictions made with destabilizing substitutions disallowed. This strict threshold is explored further in the
Discussion and Supplementary Figs. 1 and 2.

Subtype C predictions
SubFit is amongst the best-performing methods
benchmarked (Table 1). In order to assess how
well the methods perform in absolute terms, we
have further characterised SubFit as an example of
an accurately performing methodology. Following
the subtype B predictions, we attempted to predict
the sequence variation in subtype C of HIV-1
using SubFit with the subtype B reference structure (PDB code 1HIW). As the sequence differences between the subtype B structure and the
subtype C protein being predicted increased, the
number of sites incorrectly predicted also increased (Fig. 2). This demonstrates that increased
divergence at specific sites alters the local structural environment and ultimately affects the
sequence variation that can be accommodated.
Therefore, to increase the accuracy of the bounding
sequence variation in other subtypes, protein
structures that are closely related to the sequence
in question would have to be determined. To
alleviate the subtype-specific limitations of the
protein structure, we created an energy-minimized
subtype C structural model using the subtype B
structure as a template (see Methods). We repeated
the analysis and found that using this subtype C
structure resulted in significantly fewer sites not
predicted (P b 0.0001, t test) (Fig. 2). In the same
way, the method performed worse when the
modeled subtype C structure was used to predict
subtype B sequence variation. When using the
subtype C sequence and/or structure as input for
the predictive methods, we obtain overall MCC
scores similar to those achieved for subtype B.

Prediction assessment
Using SubFit, we find that 106 positions out of
110 are predicted to change, that is they exhibit
more than one residue per site (Fig. 3 and Supplementary Table 1). The mean number of predicted
amino acids per site is 6, with the maximum being
13. To determine the accuracy of the predictions, we
compare them to the number of residues observed
at each site in the subtype B sequence alignment

35

Subtype B using B structure
Subtype C using B structure
Subtype C using C modeled structure

30

No. of sites not predicted

this threshold for FoldX, PoPMuSiC and MUpro
(Supplementary Fig. 1) as well as the contactdependent method (Supplementary Fig. 2) to
demonstrate the prediction success over a range of
stability thresholds.
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45

Hamming distance

Fig. 2. The relationship between genetic distance and
accuracy of the method. The genetic distance between the
subtype B protein sequence used and all other sequences
in the subtype B and subtype C alignments are represented by Hamming scores. As the genetic distance
between sequences increases, the number of sites not
predicted increases. Predictions for subtype B sequences
(circles) are shown to be more accurate than those for
subtype C (×) when using the subtype B structure.
However, when the subtype C modeled structure is
used, reducing the genetic distance to subtype C
sequences, the accuracy of predictions is improved (+).
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To investigate the statistical significance of our
predictions, we assessed whether we correctly
predict the residues at a site as compared with
10,000 random predictions (Supplementary Table 2).
Despite the clear underprediction at the majority of
sites (dark bars relative to light bars in Fig. 4a),
sensitivity is greater than in random simulation per
site (P b 0.0001) (Supplementary Table 2). These
values were statistically significant at 55% of sites
(P b 0.05, indicated above each site with white
squares in Fig. 4a). The specificity per site (dark
bars relative to light bars in Fig. 4b) was also
significant over random simulation (P b 0.0001),
with 54% of sites being statistically significant
(P b 0.05, indicated above each site with white
squares in Fig. 4b).
Underprediction and the subsequent occurrence
of FNs may be either methodological (i.e., due to
simplifying assumptions in developing the method)
or, alternatively, biological (i.e., due to features of
the biological systems upon which we are making
predictions). The main simplification is that we treat
all sites independently. This could clearly lead to
underprediction of diversity at some positions due
to covariation between neighbouring sites, accommodating mutations that are not allowed by our
method (see Discussion). An interesting feature of
HIV-1 biology is the common generation of
sequences that represent evolutionary dead ends
and make no contribution to the ongoing infection
within an individual.47 It is possible, therefore, that
some sequences contain amino acids that may be
considered irrelevant, as they would be so detrimental to the structure that viral fitness would be
significantly reduced. If this is the case, then the FNs
should occur at significantly lower frequencies than

predicted
observed

25

Frequency

20
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5

0
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10

15

20

Number of residues

Fig. 3. Bar chart depicting the frequencies of residues
predicted (grey) and observed (black) at sites in P17
subtype B by SubFit. The observed data are taken from the
alignment of 2128 unique HIV-1 subtype B sequences.

(Fig. 3). Of the 110 sites in the alignment, none
contained an amino acid conserved in 100% of the
sequences, with the mean number of amino acids
per site being 7 and the maximum 15. Comparing
the distribution of these observed residues to those
predicted (Fig. 3), we find that they are not
significantly different (P = 0.6, Mann–Whitney test);
however, there is a tendency for the real data to
include more amino acids than predicted (Figs. 3
and 4a). This underprediction of the sequence
variation is a common feature of a number of the
predictive methods used and is evident as lowsensitivity scores (Table 1) for both subtypes.

observed but not predicted (FN)
predicted and observed (TP)

No. of residues

(a)
20
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(b)
20
18
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8
6
4
2
0
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not predicted and not observed (TN)
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Fig. 4. (a) The number of residues observed (total bar height).
The proportion of these that are
predicted by SubFit and observed
(TP, black) and the proportion
observed but not predicted (FN,
light grey) are shown. Stars indicate sites inferred to be under the
influence of positive selection.7 (b)
The number of residues not observed in the alignment (total bar
height). The number of these not
predicted and not observed (TN,
black) and the number predicted
but not observed (FP, light grey)
are shown. In (a) and (b), the
white squares denote sites with
predictions significantly different
from random (P b 0.05); black
boxes are insignificant.
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observed but not predicted (FN)
predicted and observed (TP)

Amino acid freq. (%)
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those that are correctly predicted (TPs). We find this
is the case with FNs occurring at significantly lower
frequencies, 2% on average per site versus 98% for
the TPs (Fig. 5; P b 0.0001, Wilcoxon test). Indeed, of
554 amino acids that occur at a frequency of b1% in

(a)
P=0.0018
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Fig. 5. The summed amino acid
frequencies of all predicted by SubFit and observed residues (TP, light
bars) versus all observed but not
predicted by SubFit (FN, dark bars)
at each site in P17.

the subtype B alignment, 44% fall into the FN
category and were found to have a greater predicted
destabilizing effect in FoldX (average ΔΔG of 1.1
compared to 0.51 for low-frequency TPs;
(P = 0.0044), indicating that they are likely to be
substitutions with large structural consequences for
the protein.
In addition, underprediction at sites can be
attributed to the action of positive selection. Of
eight such sites previously identified in the P17
region,7 four correspond significantly to sites with
high numbers of observed amino acids (Fig. 4a;
P = 0.0019, Wilcoxon test) and occurrence of FNs.
At these sites, sequence variation is high, and it is
possible that more structurally disrupting amino
acids are being sampled in an attempt to escape
the immune response. At only one site (position
84) did our approach fail to predict the consensus
residue (Fig. 5). This rare erroneous prediction
arises from the consensus amino acid failing the
ESST likelihood test. Other erroneous predictions
can come about by failure of the goodness-of-fit
test, presumably the result of the P17 structure
having been solved for one sequence only and a
problem that would be resolved with the availability of more P17 structures.
Overprediction of SubFit at certain sites leads to
high FPs, where the sequence variation is less varied
than we predict. Analysis of the structural environments demonstrates that FPs increase with solvent
accessibility of the site and at positions with fewer
intrachain contact interactions (Fig. 6). These sites
are on the surface of the protein where our method
predicts many amino acids are likely to be accommodated. It is a proportion of these sites that are
under additional constraints that are not accounted
for by SubFit.

accessibility of original amino acid(%)

Fig. 6. (a) The relationship between the number of
same-chain interacting residues and number of FPs. (b)
The relationship between the solvent accessibility per site
and number of FPs.

Discussion
Using algorithms for predicting the viability of
nsSNPs in proteins, we have shown that it is
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possible to make useful predictions of the evolutionary divergence of HIV P17 proteins. Such
methods were originally designed for the analysis
of energetic effects of amino acid substitutions to
predict phenotypic effects. We have shown that they
can also be useful for predicting the upper bounds
on HIV-1 evolution, as they are essentially determining which sequences are compatible with a
known structure.
The predictive algorithms tested use a variety of
sequence and structure-based principles and have
varying success in predicting the observed sequence
variation.
SIFT,32 an algorithm based on sequence homology,
performs as well as any other method (Table 1).
However, methods utilising sequence homology in
this way will not necessarily identify amino acid
changes with severe consequences for the protein
structure but merely represent the sequence divergence that has already been observed within the
family of proteins. Benchmarking the predictions
using alignments of observed homologues becomes a
rather circular process, and it is only due to the
abundance of very low frequency amino acids in the
alignment that predictions are not more accurate.
The Align-GVGD algorithm combines a positional
conservation score generated from an MSA with a
measure of the physicochemical differences between
substituting amino acids. PolyPhen expands on this
by creating a position-specific profile matrix based
on an MSA and combines this with a variety of
structure-based information. Features such as solvent accessibility, side-chain volume and B-factor of
the site are considered and scored to predict the
likelihood of the substitution. As with Align-GVGD,
predictions are too permissive, and many substitutions are allowed that are likely to be constrained due to more complex structural interactions
within the molecule. However, it should be noted
that these methods are not trained on viral
sequences, and their authors do not recommend
them for this use.
Neural-network-based methods such as SNAP
and PMUT perform comparatively well, but predictions include a high number of FNs for the
subtype B data. A large number of factors are
considered in their predictions including biochemical properties, local environment, chain flexibility,
SWISS-PROT and Pfam information, PSI-BLAST
profiles and sequence conservation. PMUT has
been developed primarily with the aim of identifying disease-related SNPs in humans and potential
sites for experimental mutagenesis. For these reasons, caution should be taken when this method is
used to predict HIV evolution where certain substitutions may occur that push the boundaries of
fitness to escape the immune response. Indeed, the
high numbers of FNs included in the subtype B
predictions indicates that many observed substitu-
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tions are classified as “non-neutral” or “pathological,” suggesting that these are the more structurally
damaging substitutions that may be detrimental to
viral fitness.
Algorithms that predict the stability changes upon
mutation such as FoldX.29 MUpro,27 PoPMuSiC24
and SDM48 were not designed to partition “likely”
from “unlikely” amino acid substitutions and as
such perform comparatively poorly when used in
this manner (Table 1). In many cases, stability
changes are likely to be subtle, and variations
between the algorithms seem to either result in a
trend of greatly overpredicting (many FPs) or
underpredicting (many FNs). Here, substitutions
that lead to a predicted decrease in stability, no
matter how small, are deemed unacceptable. This
assumption is likely to be somewhat flawed, as
marginal decreases in stability can still result in
correctly folded and functional proteins.49 We
attempted to allow for this by varying the thresholds
for acceptable stability changes in FoldX, PoPMuSiC
and MUpro (Supplementary Fig. 1). The FoldX
algorithm uses an energy function using data from
protein engineering experiments; PoPMuSiC uses
database-derived potentials based on solvent accessibility; and MUpro uses a support vector machine
to determine protein stability changes. Despite these
methodological differences, results are similar.
Optimal MCC scores are achieved where stability
thresholds are very strict, and so while they
achieved very high specificity scores, sensitivity is
very low and predictions are not useful. Allowing
for a small decrease in stability upon substitution (0
to 1 ΔΔG) increases sensitivity in all of these
methods and suggests that marginally destabilizing
substitutions are often observed in the p17 data.
Even allowing for a decrease in stability, these
methods do not perform as well as others when used
to predict sequence variation. There is a marked
trade-off between specificity and sensitivity in this
destabilizing region (Supplementary Fig. 1), indicating that there are many observed amino acids
that cannot be partitioned correctly using stability
alone. While many destabilizing substitutions can
occur in this range, many cannot, and it is likely that
other constraints will determine viability.
Interactions with surrounding amino acids will
influence which substitutions are likely to occur. We
implemented a contact-dependent energy-based
method based on previous work by Bastolla et al.50
and Rastogi et al.51 Here, the energy from interactions between neighbouring side chains is
calculated, and the native structure and substituted
structures are compared. We found that subtype B
predictions are similar to those from other stabilitybased methods (Supplementary Fig. 2a). Excluding
a substitution that results in a decreased overall
interaction energy leads to many FNs and hence
poor MCC score and confirms that many of the
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observed substitutions may be less stable than the
native structure. Subtype C predictions appear
improved at this threshold (Table 1), but sensitivity
is very low. The “native” subtype C structure is itself
a model that has been energy–minimized, and
therefore it is unlikely that a simple model structure
featuring a substitution will have lower interaction
energy. This algorithm was developed for calculating optimum energy conformations for protein
folding. Adapting it to predict likely sequence
variation on a site-by-site basis demonstrates that
while many single substitutions decrease stability,
segregating amino acids based on this can lead to
poor predictions. However, the derived sequences
tested here are based on single substitutions that
may have not occurred. In addition, modeled
structures from which contact maps are determined
may not represent the lowest energy conformations;
this highlights the potential problems in adapting
this algorithm for sequence prediction.
Our own approach to predict the evolutionary
change works because there are strong structural
constraints acting on viral proteins such that the
amino acids that can occur at individual sites are
restricted.16 This link between sequence and structure imposes physical restrictions both on which
sites will change and on the nature of the change
that can occur; consequentially, structure affects the
distribution of amino acids observed. As with all of
the tested algorithms, there is a proportion of the
observed sequence divergence that is not predicted
(Fig. 3). Analysis of these FNs reveals that they are
largely due to the occurrence of very low frequency
amino acids in the alignments (Fig. 5) and that these
substitutions are likely to have a greater destabilizing effect on the protein than low-frequency TPs.
The nature of our method predicts that these
residues are likely to be evolutionarily irrelevant,
as their presence would result in severe fitness
consequences and possibly unfolded proteins. Conversely, those amino acids correctly predicted to be
present are found at much higher frequencies and
represent the possible sequence and structural
evolution within the limits of structural integrity.
Other erroneous predictions are FPs, where sites
appear to be more conserved than we predict.
Analysis of these sites reveals that there is a
tendency to overpredict the variation at sites on
the surface of the protein that make few same-chain
interactions (Fig. 6). At these sites, there are likely to
be additional constraints that restrict the sequence
variation that are not accounted for by our method.
HIV proteins, including P17, are known to have
many interactions with human proteins.52,53 It is
therefore likely that certain sites, more likely on the
surface of the protein, will be constrained due to
these interactions leading to overprediction.
SubFit allows limited backbone flexibility due to
the energy-minimization step following replace-
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ment of the rotameric side chains. This movement
from energy minimization is small but likely to
accurately represent the subtle backbone movements that occur following amino acid
substitutions.54 The importance of subtle structural
variations to our method is demonstrated in Fig. 2.
Subtype C predictions improve when a minimized
modeled subtype C structure is used, highlighting
the importance of local structural movements in
determining amino acid acceptance. It has previously been suggested that approaches that combine
a free-to-move backbone with energy minimization
can often be far too permissive,22 predicting that an
inappropriately wide range of residues are compatible with the structure. In our case, we err on the side
of conservative prediction. However, it is possible
that the underprediction of diversity at some sites
(Fig. 3) is due in part to this simplifying assumption.
The structural constraints-based method is conservative in that it is identifying replacements with
severe fitness consequences (those having consequences for folding), whereas many mutations that
will have consequences for fitness might not be
considered constrained by our method. These may
include the so-called “cost-of-fitness” residue replacements associated with escape mutations,55
which, although associated with fitness decrease
relative to wild-type, can have higher fitness in the
context of the immune response. We have investigated replacements that have been reported to be
associated with fitness in P17.56,57 All of these fall
into our predicted and observed set of amino acid
residues, although at relatively low frequencies:
E17K, 0.8% frequency; K26R, 6.8%; and Q28H, 0.3%.
Despite our sample being small, this observation is
consistent with our assertion that the method is
identifying residues with dramatic consequences for
folding. To check this, we also looked at the
replacement, K30M, which had been associated
with SIVcpz and, as a probable reversion, with
subtype C.58 Thus, we would expect this to be
predicted as a constrained amino acid for HIV-1 and
we find this is the case.
The inclusion of additional constraints at functional sites,42 the requirement to maintain binding
interfaces, 20 and the intra- and intermolecular
interactions18 will place further limits on the change
that can occur in proteins and could be incorporated
into future predictions. Additionally, more complex
evolutionary models have taken tertiary structure
into account to model substitutions based on site
interdependence.50,59 The quantification of these
additional constraints on viral evolution will permit,
with even greater accuracy than achieved here, the
prediction of the evolutionary trajectory of HIV at
specific sites.
Despite its current limitations, our approach
based on prediction of structurally significant
amino acid replacements is the first attempt to
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predict the limits of viral evolution. Crucially, the
high cost-of-fitness mutations associated with immune escape require compensatory mutations.60–62
Indeed, it is the occurrence of compensatory
mutation that changes an amino acid's replacement
from improbable to probable. Thus, understanding
in greater detail the nature of compensatory
covariation in terms of both intra- and intermolecular interactions will permit the prediction of these
important evolutionary changes. Ultimately, an indepth understanding of the limits of HIV's ability to
change will aid understanding of immune escape,
drug resistance and design of any future vaccine.

Methods
P17 protein structures
The protein structure 1HIW was selected from the
PDB63 as being representative of HIV-1′s matrix protein,
P1745 in subtype B. The subtype C model structure was
generated using Modeller64 with 1HIW as a template. The
comparative model was subjected to energy minimisation
using limited-memory L-BFGS minimization to a rootmean-square (RMS) gradient of 0.1 kcal mol− 1 Å− 1 using
the charmm27 force field65 as implemented in Tinker.66
Hydrogen atoms were added to the structure in optimum
positions using REDUCE.67
Substitution matrices
Substitution tables were used to further filter the
predicted amino acids at each position in the structure.
Replacement tables were used in order to account for
propensity issues such as the likelihood of buried
charges and exposed hydrophobic side chains, which
would not be taken into account in predictions using
goodness of fit alone. ESSTs were created using
alignments from the HOMSTRAD database68 (16 August
2010). The structural environment of each amino acid
position was calculated using the program JOY,69 and
structural alignments of homologous families were
selected with a percent sequence identity of N85%.
Sixty-four environment-specific substitution tables17,18
were generated, utilising secondary structure (helix,
sheet, coil, positive phi), solvent accessibility [accessible
(N 7% of its side-chain area accessible to a 1.4 Å probe) or
buried] and hydrogen bonding to local side chains and
main chains (eight classes). Substitution tables were
calculated using the SEQSUBST program.70,71 The
percent sequence identity cutoff of N 85% was applied,
as this results in substitution tables that most accurately
describe the level of sequence divergence observed in
the P17 sequence alignment. The likelihood of each of
the amino acids occurring at these structural positions
was assessed using the replacement tables, and any
residue with a log-odds score of greater than − 11 was
deemed suitable for replacement in the structure. This
threshold was used as it was found to achieve optimal
predictions; however, results were found to be largely
insensitive to this cutoff (Supplementary Fig. 3).

Goodness of fit
Each position within the protein structure was analyzed
by computational replacement of the existing side chain to
all other amino acid side chains using a rotamer library.72
In order to allow some flexibility of the backbone after
each rotamer substitution, the structure was energyminimized to an RMS gradient of 0.1 kcal mol− 1 Å− 1
using the charmm27 force field65 in Tinker.66 The
goodness of fit of these substituted amino acids was
then assessed.22 The side chains of each amino acid were
rotated in steps of 5° around each of their χ angles to
known rotamer boundaries in order to optimise efficiency
and minimize computational time. After each rotation
step, all-atom contact measurements were carried out
using PROBE37 to assess how well the residue would fit
within the local structure of the molecule in the given
conformation. PROBE uses the rolling probe algorithm73
to recognize regions where steric clashes between atoms
occur. Once this had been done for all amino acids at a
particular position, those residues were selected with
PROBE score greater than −1.74 These were amino acids
with at least one rotameric conformation that did not
cause steric clashes within the existing local protein
structure. We predict that replacements of these residues
into the structure would not cause local structural
disruption and are, therefore, more likely to occur than
replacements requiring the local structural environment to
shift in order to accommodate them.
Amino acids within the cutoffs of the ESSTs scores
and goodness of fit formed our predicted set of residues
for each site in the protein structure (Fig. 1b). These are
amino acids that, if substituted into the protein, would
cause minimal structural disruption.
Data sets
HIV-1 sequences for which a near full-length genome is
available were downloaded from the LANL HIV Sequence Database†. Sequences corresponding to P17 were
extracted, translated to amino acids and aligned using
Muscle.75 For subtype B, this resulted in a data set of 2128
aligned sequences after strains with identical names and
nonsense mutations were removed. Sites that included
more than 95% gaps were removed from all amino acid
sequence alignments. Sequences as subtype C were also
downloaded and processed, resulting in 1945 sequences
for analysis. These alignments were used to assess how
well the predictive methods matched the observed data.
The overall percentage sequence identity in the alignments was 86% and 85% for subtype B and subtype C,
respectively.
Parameters for other predictive methods
Contact-dependent method
Model structures of all possible substitutions at each
position were generated using Modeller.64 Contact maps
were calculated with all amino acid side-chain heavy

† http://www.hiv.lanl.gov
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atoms within 4.5 Å considered interacting. The effective
free energy of each model structure was calculated by
summing the interaction energy of all contacting residues.
The interaction matrix used was derived by Bastolla et al.50
and has been implemented in this way by Rastogi et al.51 It
is an optimized energy function based on the maximization of the thermodynamic average of the overlap between
protein native structures and a Boltzmann ensemble of
alternative structures. The total free energy of contact
interactions (in units of kBT) of the substituted proteins
was compared to that of the native protein. Supplementary Fig. 2 shows the variation of the threshold with
prediction accuracy.
Other methods
SIFT (version 4.0.3)32 was run by submitting the
sequence of the subtype B and subtype C proteins with
known structure. The high-quality Uniprot–SwissProt
56.6 database was selected to search for homologous
sequences to avoid potentially nonfunctional HIV proteins
present in trEMBL from affecting the predictions. The PSIBLAST generated alignment from SIFT was then used as
the input for Align-GVGD.31 Sequences were submitted to
PMUT25 and the small neural network was selected, as
suggested for nonhuman mutations. The reference P17
sequence was also submitted to PolyPhen76 and SNAP28
using default settings.
PoPMuSiC (version 2.0)29 was run using the systematic
approach given the PDB code 1HIW for subtype B and the
modeled PDB structure for subtype C. FoldX (v3.0
Beta5.1)24 was downloaded and run with default parameters. MUpro (v1.1)27 was downloaded and run using the
regression model over all substitutions. SDM48 was run by
submitting both the wild-type PDB files and those
containing the mutant amino acids.
Supplementary materials related to this article can be
found online at doi:10.1016/j.jmb.2011.04.037
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