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Emergence of drug resistance remains one of the most
challenging issues in the treatment of HIV-1 infection.
Here we focus on resistance to HIV-1 protease inhibitors
(PIs) at a molecular level, which can be analysed genotypically or phenotypically. Genotypic assays are based on
the analysis of mutations associated with reduced drug
susceptibility, but are problematic because of the
numerous mutations and mutational patterns that confer
drug resistance. Phenotypic resistance or susceptibility
can be experimentally evaluated by measuring the
amount of free drug bound to HIV-1 protease molecules,
but this procedure is expensive and time-consuming. To
overcome these problems, we have developed a docking
protocol that takes protein–inhibitor flexibility into
account to predict phenotypic drug resistance. For six
FDA-approved PIs and a total of 1792 HIV-1 protease
sequence mutants, we used a combination of inhibitor

flexible docking and molecular dynamics (MD) simulations to calculate protein–inhibitor binding energies.
Prediction results were expressed as fold changes of the
calculated inhibitory constant (Ki), and the samples
predicted to have fold-increase in calculated Ki above the
fixed cut-off were defined as drug resistant. Our
combined docking and MD protocol achieved accuracies
ranging from 72–83% in predicting resistance/susceptibility for five of the six drugs evaluated. Evaluating the
method only on samples where our predictions concurred
with established knowledge-based methods resulted in
increased accuracies of 83–94% for the six drugs. The
results suggest that a physics-based approach, which is
readily applicable to any novel PI and/or mutant, can be
used judiciously with knowledge-based approaches that
require experimental training data, to devise accurate
models of HIV-1 PI resistance prediction.

Introduction
Human immunodeficiency virus type 1 (HIV-1) drugresistant mutations that arise during treatment have
significantly affected patient management and the
long-term effectiveness of antiretroviral therapy [1,2].
Evaluating the effects of these mutations has become
an important factor in developing treatment strategies
for infected patients [3,4]. Several methodologies have
been developed to either phenotypically or genotypically determine HIV-1 drug susceptibility [5–10].
Genotypic testing is relatively rapid and particularly
useful when a strong correlation between specific
mutations and drug resistance exists [11,12]. However,
the interpretation of genotypic information is difficult
when complex mutational patterns and large numbers
of polymorphisms interact to cause resistance, crossresistance or resistance reversal [12–15].
To predict the resistant behaviour of HIV-1 from
genotypic data, several groups have developed computational tools based on molecular dynamics (MD)
simulations [16,17], neural networks [18,19], linear
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regression [20], decision trees [21,22], support vector
machines (SVM) [22,23], molecular docking [24–27]
and rule-based interpretation systems [28]. Among
these tools, the physics-based approach, that is,
docking and MD simulations that evaluate the energy
of protein–inhibitor complexes, is one of the techniques commonly used to study the interaction of
HIV-1 protease and its inhibitors at the atomic level.
The binding energies produced by this approach have
successfully identified key mutations in parts of the
enzyme that confer drug resistance and show high
correlation with the inhibitory concentration (IC50)
values determined by the phenotypic susceptibility tests
[16–17,24–27].
In this study, we used protein–inhibitor docking
with a molecular dynamics protocol that takes
protein–inhibitor flexibility into account [29] to determine the correlation between the experimentally
determined inhibitory concentration (phenotype) and
the computer calculated protease inhibitor binding
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affinities based on the HIV-1 protease gene mutations
(genotype). We further compared our predictions with
two other established HIV-1 genotypic interpretation
systems: a rule-based method (Stanford HIV drug resistance database; http://hivdb.stanford.edu/) and an
SVM-based method (geno2pheno; http://195.37.60.133/
cgi-bin/geno2pheno.pl/). Finally, we analysed the
advantage of generating consensus results from all
these methods to achieve better prediction accuracy.

Materials and methods
Dataset
A total of 1792 HIV-1 protease sequences and their
corresponding IC50 values were retrieved from the
Stanford HIV drug resistance database. We selected the
data for which genotypic and phenotypic evaluations
were performed by ViroLogic, Inc., using population
sequencing and PhenoSense HIV assays, respectively.
The phenotypic results were categorized as resistant or
susceptible based on the fold change cut-off values
recommended by the manufacturers (10-fold for
lopinavir and 2.5-fold for other drugs).

Generation of protease mutant three-dimensional
structures
The X-ray crystal structures of the wild-type HIV-1
protease–inhibitor complexes used for the binding
energy determination were obtained from the Protein
Data Bank (PDB): 1HPV for amprenavir, 1HSG for
indinavir, 1MUI for lopinavir, 1OHR for nelfinavir,
1HXW for ritonavir and 1HXB for saquinavir. The
three-dimensional structures of the protease mutants
were constructed according to protease gene mutation
data using the wild-type X-ray crystallography structures as templates. The wild-type side chains were
substituted with the mutant side chains based on the
backbone-dependent side chain rotamer library and a
linear repulsive steric energy term provided by SCWRL
version 2.95 [30].

Molecular dynamics simulations
MD simulations of all the wild-type and the mutant
structures were carried out using NAMD version 2.5b1
[31] with the X-PLOR force field [32]. The van der
Waals, bond, angle, dihedral and improper dihedral
parameters for all the inhibitors were adopted from the
Hetero-compound Information Centre-Uppsala (HICUp) (http://xray.bmc.uu.se/hicup). Protein protonation
states were modelled as in a related HIV-1 protease MD
simulations study [33]. All protein residues were
modelled in their charged state except for one of the two
aspartic acid groups (Asp 25 and Asp 25′) in the active
site since previous studies have shown that at least one
of these two aspartic acids is protonated [34–36]. We
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used a protonated Asp 25′ and deprotonated Asp 25 for
all HIV-1 protease–inhibitor complexes. The terminal
residues of both monomers were also protonated (Pro 1,
Pro 1′, Phe 99 and Phe 99′).
The complexes were immersed in a 20 Å radius
sphere of TIP3–water using the program Solvate [37]
to allow the protein–inhibitor complexes to relax in an
aqueous environment. Initially, 100 steps of energy
minimization of the protein–inhibitor–water system
were performed using default conjugate gradient
energy minimization parameters, followed by 0.1
picoseconds (ps) of MD simulations at 300 K with
periodic boundary conditions, an atom-based shifted
distance-dependent dielectric constant ε = 4r, a switch
function on the van der Waals interaction and a time
step of 1 femtosecond (fs). The non-bonded interaction
list was updated every 20 time-steps. The van der
Waals interactions were truncated at a distance of
12 Å. The structures at 0.1 ps were recorded and
processed in the docking step.

Preparation of protease and inhibitor structures for
docking
Preparation of protein and inhibitor structures was
carried out using utility programs in AutoDock version
3.0.5 [38]. Each trajectory of the protein–inhibitor
complex recorded from the MD simulations was first
separated into two files, one containing the inhibitor and
the other containing the protein. For the preparation of
the protein structures, only polar hydrogens were added
to the protein and AMBER united-atom partial charges
were assigned using the Protonate utility from AMBER
[39]. The solvation parameters were added to the
protein coordinates using the Addsol utility (both utilities are supplied with the program package) [38]. We
then generated three-dimensional affinity and electrostatic grid boxes that were big enough to cover the entire
active site using the AutoGrid program, which utilizes
Lennard-Jones 12-10 and 12-6 parameters. The number
of grid points in x, y, z-axes were 60 × 110 × 60 with
each point separated by 0.375 Å. The water molecules
solved by X-ray crystallography were retained in our
model for the docking step.
Inhibitor structures were treated as all atom entities,
for which all hydrogens were added to fill the empty
valences, followed by the addition of the Kollman
partial atomic charges. The root atom and the rotatable dihedrals in the inhibitors were defined using the
AutoTors program. All the rotatable bonds were
allowed to rotate freely. The partial charges of the nonpolar hydrogens are added to the charge of the carbons
they bond to, and then these hydrogens are deleted
from the molecule. The atom type for the aromatic
carbons was reassigned to be handled by the aromatic
carbon grid map.
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Determination of protease inhibitor binding energies
by docking
Docking calculations were carried out using AutoDock
version 3.0.5 with a Larmarckian genetic algorithm
and a ‘Solis & Wets’ local search [38]. The number of
docking runs was set to 100. The maximum number of
energy evaluations before the LGA run termination
was 1 500 000 and the maximum number of generations of the LGA run before termination was 27 000.
Other docking parameters were set to the default
values provided by the software. The details of the
docking parameters used to set up the docking experiments are given in Table 1.
At the end of each binding energy calculation,
docking solutions with inhibitor all-atom RMSDs
within 1.0 Å of each other were clustered together and
ranked according to the lowest energy representative.
AutoDock generates three energy terms: intermolecular
energy, internal energy of the ligand and torsional free
energy. The final docked energy was calculated from
the sum of the intermolecular energy and the internal
energy of the ligand. The free energy of binding was
calculated from the sum of the intermolecular and the
torsional free energies, and consequently converted

Table 1. Details of the docking parameters used in this study
Parameter

Value

Quaternion
Number of the initial dihedral angles
Initial value of the initial dihedral angles
Translation step sizes
Orientation step sizes
Torsion step sizes
Number of individuals in the population for
LGA job
Maximum number of energy evaluations before
LGA run is terminated
Maximum number of generations of LGA run
before it is terminated
Number of the best inhibitor conformations that
survive into the next generation
Gene mutation rate
Crossover rate
Number of generations for picking worst
conformations
Mean of Cauchy distribution for gene mutation
Variance of Cauchy distribution for gene mutation
Maximum number of local search iterations
Size of the local search space to sample (ρ)
Number of consecutive successes before changing ρ
Number of consecutive failures before changing ρ
Number of step size before the local search is
terminated
Number of docking runs

Random
10
Random
2.0
50.0
50.0
50
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1 500 000
27 000
1
0.02
0.8
10
0.0
1.0
300
1.0
4
4
0.01
100

into an inhibitory constant (Ki) according to Hess’s
law. The lowest-energy solution was accepted as the
calculated binding energy and its Ki value was used to
define the binding affinity of the inhibitors.
To find the cut-off value for each inhibitor, the
samples were divided into two groups: phenotypically
susceptible and phenotypically resistant. We first
measured the fold-changes in the calculated Ki relative
to the wild-type for both groups separately for each
inhibitor. The mean and the standard deviation of the
fold-changes in the calculated Ki of the phenotypically
susceptible group were calculated and the cut-off value
was set at two standard deviations above the mean
(Table 2). The docking results that had a fold-increase
in the calculated Ki above this cut-off were defined as
drug resistant.

Comparison of the accuracy in resistance prediction
with other methods
We analysed the same set of protease sequences with
two well-known resistance prediction servers: the
Stanford HIV drug resistance database (rule-based)
and geno2pheno (SVM). These methods match the
mutation information taken from the query sequences
with their phenotypic–genotypic resistance database.
The resistance scores were assigned to each matched
mutant sequence. The final resistance score was generated by adding together all the matched mutation
resistance scores. A score of 30 for the Stanford HIV
drug resistance database and a score of 3.5 for
geno2pheno were used to define a sample as resistant
or susceptible. If a prediction (by any method) of resistant or susceptible matched the experimental
observation (based on the manufacturer’s IC50 cutoffs
given above), then it was counted as correct prediction.

Results and discussion
Correlation of experimentally determined and
calculated binding energies
We have previously described the improvement of
protein–inhibitor binding energy prediction by incorporating protein flexibility through the use of MD
simulations and an inhibitor flexible docking technique
(AutoDock) for 25 HIV-1 protease–inhibitor
complexes [29]. The correlation coefficient of the
experimentally determined and calculated binding
energies for 25 complexes was 0.38 when the inhibitor
flexible docking was utilized alone (Figure 1A). The
correlations improved significantly when the MD
simulation was performed (up to 10 ps) prior to
docking and the highest correlation coefficient of 0.87
was obtained after 0.1 ps of dynamics simulations
(Figure 1B). This result indicates that our protocol has
high accuracy in binding energy prediction, which
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Table 2. Cutoff values used to define a prediction as drug resistant or susceptible

Cutoff
Phenotyping
Docking (mean + 2SD)
Mean
Standard deviation (SD)

Amprenavir

Lopinavir

Indinavir

Nelfinavir

Ritonavir

Saquinavir

2.5
1.11
1.01
0.05

10
1.20
0.90
0.15

2.5
1.01
0.91
0.05

2.5
1.10
0.84
0.08

2.5
1.06
0.94
0.06

2.5
1.56
1.22
0.17

The cutoff values of docking with dynamics are calculated from the mean of the calculated Ki of the phenotypically susceptible samples and are set at two standard
deviations above the mean. Predictions that have fold increase in calculated Ki above this cutoff are defined as drug resistant.

allows us to apply this technique to interpret HIV-1
genotypic susceptibility data.

Accuracy of the docking with dynamics protocol
The overall accuracy of the docking with dynamics
protocol was 64% for samples in the phenotypically
resistant group and 83% for samples in phenotypically
susceptible group. Specifically for each inhibitor, the
combined resistance/susceptible prediction accuracies
were 83% for amprenavir, 74% for lopinavir, 76% for
indinavir, 58% for nelfinavir, 80% for ritonavir and
72% for saquinavir (Figure 2).
Although the protocol reported in 2003 by
Shenderovich et al. [27] is similar to our own, the
prediction accuracies are not comparable. There are
two major enhancements in this work relative to that
presented by Shenderovich et al. Firstly, we analysed
1792 HIV-1 protease sequences as opposed to 50 in
[27]; our sample size is therefore larger and includes all

reported resistant mutations and polymorphisms in the
protease gene. Secondly, we included a protein–
inhibitor relaxation feature in our protocol. The
mutant structure used to estimate the binding energy
was generated based on a graph-theory algorithm of
SCWRL software followed by short energy minimization and 0.1 ps MD simulation. The trajectories after
0.1 ps MD simulation were recorded and used in the
docking step. This protein–inhibitor relaxation feature
significantly improves the accuracy of predicted HIV-1
protease inhibitor binding energies [29].
The mutant protease sequences used to generate the
models contain a wide variety of polymorphisms and
mutation patterns that do not match the sequences
of the X-ray crystallography structure of the protease–
inhibitor complexes in the PDB. However, we showed
in our previous study that the structures obtained at the
end of 0.1 ps of MD simulation were not significantly
different from the original X-ray crystallography

Figure 1. Plots comparing experimentally determined and calculated binding energies for 25 HIV-1 protease–inhibitor
complexes
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Protein-rigid docking produced a poor correlation (0.38) between the experimental and calculated energies (A), while the best correlations (0.87) were obtained after
0.1 ps MD simulations (B).
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Figure 2. Accuracy of docking with dynamics for drug-resistant and drug-susceptible mutations
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The white and grey bars represent the fraction of drug-resistant and drug-susceptible mutations (determined by phenotypic susceptibility testing results). The black
bar associated with each fraction bar represents the percentage correct prediction made by docking with dynamics for that set. On average, the accuracy is 64% for
drug-resistant mutations and 83% for drug-susceptible mutations.

structures for 25 protease–inhibitor complexes (average
all-atom RMSD was 0.35 Å) [29]. This indicates that
the trajectories used to estimate the binding energy were
not distorted by the simulation. Our protocol allows
rearrangement of the side chain especially on the active
site surface, which improves the interacting surface
complementarities of the protein–inhibitor complex.
The time scale of 0.1 ps is only sufficient to allow minor
re-adjustment of side chains; larger structural changes
caused by the mutations are not modelled.
The short MD simulation time (0.1 ps) did not effect
movement of the main chain, although the flap region
moved away from the binding pocket (average all-atom
RMSD of the flap region was 0.54 Å) as the MD simulation time increased. This movement could affect
rearrangement of binding pocket-lining side chains
only. We assume that the main chains of the simulated
mutant structures were not significantly different from
those of the template wild-type X-ray crystal structures.

Accuracy of the consensus predictions generated
from the three methods
Figure 3 compares the accuracy of three prediction
methods: docking with dynamics, rule-based and
SVM. Overall, the accuracy was 74% for docking with
dynamics, 87% for rule-based and 86% for SVM.
Prediction results from the rule-based and SVM
methods show higher accuracy for indinavir, nelfinavir,
ritonavir and saquinavir compared with the accuracy
Antiviral Therapy 10:1

of the docking with dynamics protocol. However,
docking with dynamics modestly outperforms the
other two methods for amprenavir and lopinavir.
Since the prediction results of the rule-based and the
SVM had almost identical accuracy, we generated
consensus predictions of the physics-based and
machine-learning approaches. We expected that these
two approaches would complement each other to
improve the accuracy of HIV-1 genotypic susceptibility
interpretation.
We generated four types of consensus predictions
based on the concordant predictions from the docking
with dynamics and rule-based methods (consensus 1),
the docking with dynamics and SVM methods
(consensus 2), the docking with dynamics method and
either rule-based or SVM methods (consensus 3) and
the concordant predictions from all three methods
(consensus 4). On average, the docking with dynamics
protocol had a 75% concordance with the other
methods (that is, all the methods used in the consensus
calculations produced the same result 75% of the
time). The overall accuracy for these mutants was
90%. The concordance and the accuracy of each
consensus prediction with respect to the inhibitors are
shown in Figure 4.
The best consensus prediction type in terms of the
percent concordance was between docking with
dynamics and either rule-based or SVM (consensus 3).
The percent concordance was 84% for amprenavir,
161
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Figure 3. Comparison of the accuracy of three HIV-1 resistance prediction methods
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The overall accuracy of our docking with dynamics protocol was 73%, the Stanford rule-based method was 87% and the geno2pheno SVM method was 86%. The
accuracy of the rule-based and SVM methods are higher than the docking with dynamics protocol for indinavir, nelfinavir, ritonavir and saquinavir. However, our
protocol outperforms the other two methods for resistance prediction of amprenavir and lopinavir, which are the two most recently approved HIV-1 protease
inhibitors.

76% for lopinavir, 83% for indinavir, 64% for nelfinavir, 85% for ritonavir and 74% for saquinavir. The
best consensus prediction type in terms of the prediction accuracy is one where all methods are included
(consensus 4). The resistance/susceptibility prediction
accuracies were 89% for amprenavir, 78% for
lopinavir, 93% for indinavir, 86% for nelfinavir, 96%
for ritonavir and 94% for saquinavir. These results
indicate that the consensus predictions generated from
different methods have higher overall accuracies than
any of the methods considered individually.
In this study, there are only two key mutations,
Asp30Asn and Gly48Val, which docking with dynamics
always failed to identify as a cause of drug resistance.
However, the rule-based and the SVM constantly determined Asp30Asn and Gly48Val mutations as nelfinavir
and saquinavir resistance, respectively. Generating the
consensus from the three methods would improve the
accuracy of genotypic susceptibility interpretation for
sequences containing these mutations.
This suggests that genotypic interpretations should
not rely on a single system and that decisions about
therapeutic regimens may be undertaken with higher
confidence when consensus results are obtained.
Discordant predictions indicate that expert interpretation that takes into account the mutation patterns and
the treatment histories of the patient is necessary for
proper diagnosis.
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Analysis of resistant mutations in the context of
docking with molecular dynamics simulations
Analyses of the protease mutant structures showed that
mutations around the binding pocket significantly
reduce the binding affinity of the inhibitors to the
mutant active site (Figure 5A,B). On the other hand,
mutations that occur far away from the binding pocket
do not directly affect the binding affinity but
contribute to reducing the binding affinity in conjunction with the binding pocket mutations.
Residue 82 provides a major contribution to the
binding pocket for the inhibitor group at residues P1
and P1′, which are generally hydrophobic. Val82 is
part of the hydrophobic S1/S1′ pocket, which also
contains residues Leu23, Gly27, Ile50, Pro81 and
Ile84. Thus Val82/82′ helps stabilize the binding of
hydrophobic residues at P1/P1′.
The docking with dynamics results show that a
side-chain substitution at position 82 from –CH3 of
valine to –OH of threonine (Val82Thr), without any
substitution at residue 84, increases sensitivity of the
mutant to all drugs. In contrast to Val82Thr, the bulky
side chains at position 82 and position 84 physically
modify the conformation of the S1 and S1′ subsites of
the active site and weaken the van der Waals interaction with the inhibitors.
In addition, the loss of the side chain –CH-CH3 group
in Val82Ala and –CH2 in Ile84Val substitution by itself
©2005 International Medical Press
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Figure 4. Comparison of the percentage concordance and accuracy of four consensus prediction approaches
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The white and grey bars represent percentage concordance among prediction methods (consensus) and the overall accuracy for the concordant predictions, respectively. The black and cross-hatched bars represent percent discordance among prediction methods and the accuracy of the docking with dynamics protocol for the
discordant predictions, respectively. Each approach examines the concordant predictions between (A) docking and rule-based (consensus 1), (B) docking and SVM
(consensus 2), (C) docking and either rule-based or SVM (consensus 3) and (D) docking, rule-based and SVM (consensus 4). The best accuracies are obtained when
concordant predictions by all three methods are considered (consensus 4).

or present with other mutations at residues 82, 84
and/or 90 always increases the calculated Ki value of all
drugs. The effect of these mutations on the reduction of
the binding affinity for indinavir is explained as follows:
the pyridyl and piperidine group of indinavir occupy the
S3 and S1 subsites and the benzyl moiety occupies the
S1′ subsite. The tertiary-butyl group and the indanol
moiety occupy the S2 and S2′ subsites, respectively. The
loss in binding affinity is mainly due to the loss of van
der Waals contacts at residues 82 and 84 between the
protease and indinavir as a result of these mutations.
The important amino acid substitutions that cause
high-level amprenavir resistance were Ile50Val and a
combination of Ile84Val + Leu90Met and Ile54Val +
Antiviral Therapy 10:1

Val82Ala + Ile84Val + Leu90Met. All these mutations
were also cross-resistant to indinavir, nelfinavir, ritonavir
and saquinavir. The single mutations, Asp30Asn,
Ile50Leu, Asn88Asp and Leu90Met, and double mutations Asp30Asn + Asn88Asp or Ile54Val/Met + Leu90Met
did not display reduced affinity for amprenavir.
The docking with dynamics protocol shows that the
Ile50Leu mutation did not affect the calculated Ki of
amprenavir, indinavir or saquinavir. However, the
mutation interferes with binding to nelfinavir and
ritonavir and results in an increased calculated Ki
value. The Ile50Val mutation reduced the hydrophobic
contact between the side chain of valine residue 50 and
the P2′ phenyl ring of the benzenesulphonamide
163
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Figure 5. Comparison of the three-dimensional conformation of the binding site and flaps region of the HIV-1 protease wildtype and mutant

(A) The binding pocket of the protease wild-type. The side chain of isoleucine residue 84 protrudes inside the binding cavity, generating two small subsites (S1′ and
S2). (B) The loss of the –CH2 group when Ile84 mutates to Val and the loss of the –CH-CH3 group when Val82 mutates to Ala; this creates a hole in the S1′ subsite of
the enzyme and reduces the hydrophobic and van der Waals contacts with the inhibitor, resulting in weakened potency. (C) The flaps region (residue 45 to 55) of the
protease wild-type bound with the amprenavir (shown in green). (D) The Ile50Val mutation that reduces the hydrophobic contact between the side chain of valine
residue 50 and the phenyl ring of the benzenesulphonamide moiety of amprenavir. This mutation also increases the calculated inhibitory constant for nelfinavir and
ritonavir.

moiety of amprenavir (Figure 5C,D). The results also
show that all Ile50Val/Leu mutant structures are
involved in increasing the calculated Ki for nelfinavir
and ritonavir.
Our docking with dynamics protocol failed to identify Asp30Asn as a cause of nelfinavir resistance. Of
the 38 Asp30Asn mutant structures evaluated, only
three structures were correctly identified as nelfinavirresistant. Correct predictions for these structures are
probably due to the combination of Asp30Asn,
Val82Ala and Ile84Val mutations. The remaining
structures, which were predicted as nelfinavir susceptible, had only Asp30Asn mutation without any other
primary mutations. Docking with dynamics also failed
to define mutations at residue 48 as saquinavirresistant. We noticed that Asp30Asn and Gly48Val
mutations are located at the edge of the protease active
site. The small conformational changes seen in these
mutations did not significantly alter the mutant
164

inhibitor binding energies that our docking protocol
incorrectly identified as the wild-type.
The important advantage of the docking with
dynamics protocol is that it does not need a large
phenotype–genotype database for training, since it
determines the interaction between the inhibitors and
protein structures that are generated directly from the
amino acid sequences. Amino acid substitutions that
distort the binding pocket conformation highly affect
the binding energies of inhibitors, which proportionally
vary with the fold-change of the IC50 values. Since the
Ki values are calculated solely from the binding energy
of the protease–inhibitor complex, our protocol outperforms the rule-based and SVM methods for newly
approved drugs, that is, amprenavir and lopinavir, for
which there are fewer phenotype–genotype results
available in a database.
Another advantage of the docking with dynamics
over the machine-learning method is that it provides
©2005 International Medical Press

Prediction of HIV-1 protease inhibitor resistance

structural details on how the inhibitor binds to its
binding pocket. This structural information would
allow us to understand resistance mechanisms and may
ultimately be used in deriving a new generation of antiretroviral drugs against resistant strains.
A web server where a mutant protease sequence may
be submitted and have its resistance/susceptibility to
various drugs predicted using our docking with
dynamics protocol, is available at http://protinfo.
compbio.washington.edu/pirspred. The docking with
dynamics calculations take up to 6 h on a single AMD
1.7 GHz CPU to generate the prediction results for one
drug. The web server returns the results immediately if
our protocol has already been applied to the mutant
sequence, or places the sequence in a queue, which is
processed gradually (due to the computational cost of
our protocol).

Conclusion
In this study, we present a new docking with dynamics
technique that integrates protein relaxation through
the use of MD simulations, and applies it to predict
resistance/susceptibility of HIV-1 protease to six
different inhibitors. The docking with dynamics
protocol achieved high accuracy for mutations that
alter the protease active site conformation. Results
from our protocol were complementary to those
obtained from two well-established knowledge-based
methods: the rule-based method derived from the
Stanford HIV drug resistance database and the
geno2pheno SVM-based method. The consensus
results generated from all three methods significantly
improved the accuracy and enable comprehensive
assessment of HIV-1 drug resistance.
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