Available online at www.sciencedirect.com

ScienceDirect

EUROPEAN JOURNAL OF

ELSEVIER European Journal of Medicinal Chemistry 43 (2008) 2518—2534
http://www.elsevier.com/locate/ejmech

Original article

Prediction of HIV-1 protease inhibitor resistance by Molecular Modeling
Protocols (MMPs) using GenMol™ software

G. Pépe **, J. Courcambeck °, R. Perbost ®, P. Jouanna *¢, P. Halfon "

#GCOM2, UMR-CNRS 6114, Faculté des Sciences de Luminy, Case 901, 13288 Marseille Cedex 9, France
® Genoscience, 23 Rue de Friedland, 13006 Marseille, France
€ Géosciences Montpellier, Université Montpellier 2, CNRS, CC 60, 34095 Montpellier, France

Received 15 May 2007; received in revised form 28 January 2008; accepted 29 February 2008
Available online 14 March 2008

Abstract

This paper investigates the contribution of Molecular Modeling to (i) predict and (ii) understand more fundamentally HIV drug resistance.
Based on a new automated GenMol™ module, these goals are approached by Molecular Modeling Protocols (MMPs), respectively, (i) the
Molecular Modeling Phenotype Protocol (MMPP) and (ii) the Molecular Modeling Phenotype—Genotype Protocol (MMGPP). Section 2
recalls clinical practice with a reference case study and Section 3 presents atomistic simulation tools. Section 4 is the heart of the paper. In
Section 4.1, MMPP drug resistance prediction is based on correlations between fold resistances versus binding energies on 2959 HIV-1
complexes with 6 protease inhibitors. Based on a drug sensitivity twofold criterion, modeling prediction is able to replace long and costly
phenotype tests. In Section 4.2, MMGPP enlightens drug resistance by investigating steric and energetic residues/inhibitor interaction. Section
5 gives a synthesis on modeling contribution to drug resistance prediction. In conclusion, the most promising trend consists of MMP automats
that are able to suggest a real time diagnosis taking into account the history of each patient, to enrich databases and to develop therapy strategy
and new drugs.
© 2008 Elsevier Masson SAS. All rights reserved.
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1. Introduction e PB2 consists of understanding more fundamentally the
mutation/drug resistance mechanism to elaborate new
For stopping HIV-1 virus proliferation, the main targets of treatment strategies or new drug.

antiretroviral treatments are virus reverse transcriptase and
protease enzymes. However, virus can become drug resistant For helping such a research, two Molecular Modeling Proto-
due to target genetic mutations. Therapy is guided in clinical cols (MMPs) are proposed using the GenMol™ software [1]:
practice by fold resistance phenotype test and mutation geno-

type X-ray test, leading to a genotype—phenotype cross-anal- (i) The ‘“Molecular Modeling Phenotype Protocol”

ysis. However, a great help would be brought to therapy by (MMPP) is based on inhibitor/virus protease binding

solving two problems: energy, a fundamental information escaping to clinical

phenotype. This new contribution to PB1 is coming af-

e PB1 consists of reducing the cost of phenotype tests and ter other studies [2—7] and especially studies in Refs.

their delay in order to fight the virus in its early [8,9].

development. (ii) The “Molecular Modeling Genotype—Phenotype Pro-

tocol” (MMGPP) is a tentative of focusing on PB2 by

* Corresponding author. Tel.: +334 91 82 94 04; fax: +334 91 82 94 07. a steric and energetic investigation of interconnection
E-mail address: pepe @luminy.univ-mrs.fr (G. Pépe). between a protease inhibitor (PI) and a residue (R).
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Both MMPs are validated by comparison with clinical phe-
notype and/or genotype tests recalled in Section 2, where a ref-
erence case study is extracted from the “Stanford HIV Drug
resistance Data Base”. Section 3 recalls usual molecular mod-
eling tools and validates GenMol docking—optimization pro-
cess leading to a protease/drug complex. Section 4 is the
heart of the paper. In Section 4.1, MMPP drug resistance pre-
diction is investigated on different correlations between the
fold resistance FR and the difference AE between binding en-
ergies of complexes (PI+ wild protease WP) and (PI+ mu-
tated protease MP). Correlation over all PIs and correlations
relative to each PI are finally split into sensitive and resistant
sub-correlations. Based on a twofold criterion, a numerical
prediction of virus sensitivity is obtained, replacing long and
costly phenotype tests. In Section 4.2, MMGPP enters more
deeply into the drug resistance mechanism, correlating pheno-
type—genotype clinical data with steric or energetic differ-
ences between (PI+ wild residue WR) and (PI + mutated
residue MR). After a synthesis in Section 5 on modeling con-
tributions to resistance prediction, conclusion sketches some
trends, the most promising consisting of MMP automats able
to suggest in real time antiretroviral treatment of each patient,
to enrich databases and to elaborate therapy strategies or new
drugs.

2. Virus/drug approach in clinical practice

When multiplication of HIV wild virus (WV) is stopped by
an antiretroviral drug (ARV), such as a protease inhibitor PI,
mutations can occur. If the drug remains active after mutation
the mutant is said to be sensitive. On the contrary the mutant is
said to be resistant. Drug resistance study is based on pheno-
type and genotype tests briefly recalled hereunder to present
the case study in view of MMP validation.

2.1. Phenotype

A phenotype test consists of growing in vitro an HIV sam-
ple coming from a patient, simultaneously with a wild virus
culture. A dose of ARV is added to both samples and the in-
hibition replication of the virus is measured. The drug resis-
tance to a given PI of a mutated virus (MV) compared to
the resistance of the wild virus (WV) is quantified by the
“fold resistance’ (FRpy):

FRp; = (IC5oMV)/(IC5oWV);
IC5yMV = PI concentration for obtaining 50%
inhibition of MV,
IC5yWV = PI concentration for obtaining 50%
inhibition of the WV (1a)

The fold resistance can be rewritten as function of constants
relative to the associated protease, called ‘‘association
constants’’:

FRp, = (ICs;MV)/(ICs WV) = (KWTP) /(KMP);
KWTP = association constant relative to the wild
protease (WP),
KMP = association constant relative to the mutated
protease (MP) (1b)

Phenotype data, extracted from the *“Stanford HIV Drug
Resistance Data Base — Feb 2004, are used in Section 4
for validating drug prediction by the Molecular Modeling Phe-
notype Protocol (MMPP). Phenotype tests are costly (1200 €)
and the delay of virus culture (10 days) is too long for a rapid
therapy decision. These major drawbacks push towards replac-
ing experimental tests by modeling prediction.

2.2. Genotype

2.2.1. Genotype information

The purpose of a genotype test, today available at low cost
in some minutes by automats, is to detect protease mutations.
Among the 99 residues belonging to the wild protease (WP),
essentially 21 wild residues (WR) are important for PIs’ virus
sensibility. A mutated protease (MP) includes one or several
mutated residues (MR) characterized by a symbol, for instance
KS57N. Letter K identifies the amino-acid in the WP, 57 the po-
sition in the code chain and N the code of the mutated amino-
acid.

Studying mutations requires a statistical approach on a great
number of genotype tests. In such an ensemble, each sample S
corresponds in general to several mutated residues (MRs) and
several protease inhibitors (PIs). Moreover, several parameters
are generally missing, such as the patient identification (is he
always the same or not for different complexes?), the sequence
of PIs treatments, the delay of treatment, etc.

2.2.2. Mutation frequency: a new statistical index

In view of a better understanding of mutation sequences, we
propose to introduce the notion of “mutation frequency” (MF).
The statistical index MF(R)py, relative to a residue R and an in-
hibitor PI, is defined as follows. Suppose for instance that,
within reported cases, 595 samples are treated by the inhibitor
PI = NFV. Within this NFV class, the total number of residues
R =L10 (mutated or not) is of course equal to 595. If only
327 of them appear in the MR genotype list, the corresponding
mutation frequency is ME(L10)ngy = (327/595) x 100 =55% .

A mutation frequency analysis is illustrated below using the
genotype list extracted from the ‘““Stanford HIV Drug Resis-
tance Data Base” (Virologic set) at the end of February
2004. The 2959 HIV-1 samples are distributed in PI classes:
595 for nelfinavir (NFV), 547 for indinavir (IDV), 476 for ri-
tonavir (RTV), 540 for saquinavir (SQV), 482 for amprenavir
(APV) and 319 for lopinavir (LPV). Atazanavir (ATV) was not
taken into account because its MP/PI X-ray structures are not
available and not possible in our modeling approach. When
one mutation is not identified, signaled by x or z code in the
data, the most probable mutation occurrence was deduced
from the associated mutations. In Fig. 1, the mutation
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Fig. 1. Mutation Frequency MF(R)p; of the 21 HIV-1 protease residues R ver-
sus PIs: NFV, IDV, RTV, SQV, APV, LPV.

frequency MF(R)p is reported for all the 21 residues important
for PIs’ virus sensibility, in the presence of the 6 Pls.

2.3. Genotype—phenotype approach

Coupling both genotype and phenotype information leads
to a description of fold resistance (FR) of mutated residues
MRs versus inhibitor PIs. A 3-D graph of the fold resistance
function FR (MR,PI) would be confusing, due to the number
of points (2959), the number of MRs (21) and the number
of PIs (6). The graph of this function can be converted into
a 2-D table, where columns are relative to the 6 PIs and lines
are relative to the 21 Rs important for PIs’ virus sensibility
whatever be their post-mutation structure, except for M50
with two mutated forms M50V and M50L. The fold resistance
FR (MR,P]) is coded by a color convention as shown in Fig. 2
extracted from the ““Stanford HIV Drug resistance Data Base
(October, 2004)”. (For interpretation of the references to color
in this figure, the reader is referred to the web version of this
article.) Six levels of drug resistance of the MRs are distin-
guished, between high-level resistance (dark blue) and hyper
sensibility (white with a star).

Drug resistance of a given PI can be estimated using Fig. 2
as soon as a residue R is declared mutated in the genotype list.
For instance if residue M46 is declared mutated, it will be re-
sistant to all PIs except NFV and SQV, the latter having a fold
resistance FR = 0.

24. Discussion and trends

Taking into account the mutation frequency, introduced in
Section 2.2.2, would lead to an improved genotype—pheno-
type analysis. Indeed, a given residue can mute very often in
the presence of a drug but have no incidence on the patient’s
health if its drug resistance is low. On the contrary, a residue
of low mutation frequency can have a strong incidence on
the patient if its drug resistance is high.

However, before exploiting this new information to weight
statistically the drug resistance, attention must be drawn to
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Fig. 2. Degrees of drug resistance FR versus possible mutated residues MR

treated by different PIs [after ““Stanford HIV Drug resistance Data Base (Oc-
tober, 2004)”’].

possible bias due to incomplete information in data. Such is
the case in Fig. 1, where the mutation frequency MF(R)p; ap-
pears to be quasi-identical for the 6 PIs whatever be the resi-
due R. This unexpected coincidence suggests some correlation
between hidden parameters: samples coming from the same or
different patients, mutations after a simple or multi-therapy,
chronology of drug administration, etc. Consequently data
bank should be first refined to escape possible bias described
in Section 2.2.2. Such database improvement appears essential
not only for usual therapy but also for linking clinical data
with modeling drug resistance prediction.

3. Virus/drug approach in molecular modeling

3.1. Drug resistance mechanism and molecular modeling
Stopping HIV development by inhibiting its protease is

a mechanism observed at the microscopic level. The function

of the protease is to cut long protein chains to fabricate new
virus components. The drug appears as an allurement for the



G. Pépe et al. | European Journal of Medicinal Chemistry 43 (2008) 2518—2534 2521

protease which can remain clamped to it and thus neutralized.
This mechanism suggests that “‘binding energy” between the
protease and the drug is a fundamental criterion for quantify-
ing virus sensitivity or resistance to an antiviral treatment.
This quantity, not accessible by experiment, explains the spe-
cific contribution of molecular modeling in antiretroviral
investigation. Fig. 3 shows a wild HIV-1 protease and its active
site, with indication of the residues important for PIs’ virus
sensitivity.

3.2. Molecular modeling tools

3.2.1. Steric tools

Inter-atomic distances between atoms is a first geometrical
criterion used in steric MMGPP (Section 4.2.1). The relative
distance between similar structures is measured by the Root
Mean Square Distance (RMSD) for example between WP
and MP (Section 3.4).

3.2.2. Energetic tools

Access to energy is specific to modeling, contrary to geom-
etry tools applicable also to direct X-ray observation. Theoret-
ically, under any temperature and pressure (7,P) conditions,
the adequate potential is not energy but free enthalpy or Gibbs
energy. In fact, energy is here assimilated to free enthalpy, in-
ter-atomic potentials being calibrated in clinical (7,P) condi-
tions. Energies are defined with an arbitrary origin. Thus
only energy differences are intrinsic, explaining their impor-
tance in the following.

For complex structures, energy is accessible by Molecular
Mechanics with the help of ab initio. GenMol™ possesses
its own Molecular Mechanics covalent and non-bond poten-
tials. Coulomb charges are obtained using the ab initio modi-
fied Del Re method [10,11]. Both Molecular Mechanics and ab
initio computations are treated by GenMol [12—15].

Fig. 3. Wild HIV-1 protease image displaying the residues important for PIs’
virus sensitivity, the central hole corresponding to the protease active site. The
two symmetrical chains A and B are shown. However, for clarity PIs are in-
dicated only on one chain.

3.3. Building MP/PI complexes

Powerful X-ray sources lead to a complete X-ray descrip-
tion of structures including proton positions when good quality
crystals are available. In that case, molecular modeling leads
directly to the binding energy of WP/PI or MP/PI complexes.
However, such complete structures are not usually available
and binding energy computation requires the following
operations.

3.3.1. Step 1: importing WP and PI structures from X-ray
data bank

Modeling directly atomic clusters is possible for simple
structures as PIs but remains difficult today due to the lack
of necessary geometry accuracy for binding energy calculation
on complex structures such as proteases associated to Pls.
Consequently structures used for calculations are imported
from the Protein Data Bank (PDB) [16].

The resolution of X-ray must be excellent for allowing pre-
cise computation. In case of low resolution, an artifice can be
used. For instance, for overcoming the low resolution (2.8 A)
of the LPV X-ray structure (IMUI) and considering the simi-
larity between LPV and RTV, IHXW structure was used for
computing binding LPV energies. A better correlation was ob-
tained in that way with phenotype data. Similar attempts made
with other PIs were abandoned, because they lead to poor
correlations.

3.3.2. Step 2: building a mutated protease MP

Starting from a wild protease structure given in a PDB data
bank, GenMol simulates mutations as follows. The former lat-
eral chains corresponding to mutated residue are first with-
drawn and then replaced by the new lateral chains (together
with their protons) added in some geometrical position. These
lateral chains and the neighborhood ones are repositioned by
rotation around ¢ bonds in order to minimize the local non-
bond interactions (van der Waals, coulombic and hydrogen
bonds). Finally a complete optimization of all atomic interac-
tions by the conjugate gradient method is applied to the total
structure for obtaining the mutated MP protease structure at
the lowest strain energy level.

For this global optimization, the first decision consists of
choosing protons’ refinement convergence limit CL1 and
then all atoms’ refinement convergence limit CL2. For in-
stance, in Section 4.1.4, different (CL1, CL2) couples were
tested for obtaining the best possible separation between
ITpy sen and ITp; s SUb-ensembles, leading in that case to adopt
CL1 = 0.05 kcal/A/mol and CL2 = 1.0 kcal/A/mol. If lower
values were chosen, no separation would be found. This means
that optimized MP/PI structures must stay as close as possible
to the reference X-ray structure.

A second decision consists of choosing between explicit or
implicit hydration models. In explicit water models, water mol-
ecules are added to water molecules belonging to the X-ray
structure in order to complete the water shell. Implicit water
model described in Ref. [17] was also tested. However, hydra-
tion effects on the molecular complex were not considered in
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the following, because they have no incidence on correlations
derived in Section 4.1.

3.3.3. Step 3: docking mutated protease MP with protease
inhibitor PI

Associating MP and PI is obtained by docking. The PI
structure, with water molecules linked to it, is introduced
into the protease active site at the X-ray position given in
the PDB data bank. PDB codes are as follows: 1HXW for
WP/RTV or MP/RTV (1.8 A resolution), 1HPV for WP/APV
or MP/APV (1.9 A resolution), 1OHR for WP/NFV or MP/
NFV (2.1 A resolution), 2BPX for WP/IDV or MP/IDV
(2.8/0% resolution), THXB and 1FB7 for WP/SQV or MP/
SQV (with, respectively, a 2.3 and 2.6 A resolution).

3.34. Step 4: optimizing MP/PI complex and obtaining
binding energy

The docked complex is optimized in two steps. A first
optimization is done by slightly translating and rotating the
PI rigid molecule in its environment assumed to be rigid, fol-
lowed by rotations around ¢ bonds of the lateral chains con-
tacting the PI in order to minimize the binding energy.

Then a complete energy refinement by the conjugate gradi-
ent method is applied to the complete complex. The binding
energy Enpspr 18 equal to the total energy Enppr-opt Of the
final optimized complex minus Eyp.qp €nergy of MP and
minus Epp,, energy of the PI (values extracted from
Ep4pry-opt)> Plus an arbitrary constant:

Binding energy Enp/pr = E(Mp4-p1)-opt — (EMP-opt + EP[-opl)
-+ arbitrary constant (2)

3.4. Discussion

Before any further development, the physical meaning of
simulated MP/PI complexes must be validated by comparison
with X-ray observed MP/PI structures. Table 1 gives a guide
for correlating simulated and observed complexes. Of course
preceding steps 1 and 2 have no equivalent for an imported
X-ray complex. On the other hand, a numerical optimization
in step 4 appears strange for the naturally optimized MP/PI.
In fact comparing step 3 and step 4 for the imported structure
offers a first level of validation. A second level of validation is
based on comparing imported and simulated structures’ ener-
gies in step 4.

Table 1
Comparing study steps of simulated and observed MP/PI complexes

Observed MP/PI complex

Simulated MP/PI complex

Step 1 Importing WP and PI from X-ray -
Step 2 Mutation of WP into MP -
Step 3 Docking MP with Importing MP/PL
PI = (MP/Pl)gimu from X-ray = (MP/PI),p
Step 4 Optimizing Optimizing

(MP/PI)simu = (MP/PI)simu_opt (MP/PI)obs = (MP/PI)ubs_upt

3.4.1. First level of validation

Comparison between (MP/PI),,s structure in step 3 and its
numerically optimized image (MP/PI)qp_op in step 4 can be
done uniquely on a steric criterion, because energy of the nat-
ural structure is ignored. An excellent RMSD between both
structures is a first modeling requirement, indicating that ab in-
itio charges and atomic bond or non-bond potentials are ade-
quate. An illustration is given (Fig. 4) for MP = V82A and
PI=RTV. Distinction between (MP/RTV),,, and (MP/
RTV)gps_opt Structures is unappreciable to the eye and the
RMSD = 0.65 A between the PI and the main chain atoms.

3.4.2. Second level of validation

The second level of validation consists of comparing (MP/
PD)gpbs in step 3 with (MP/PI)gimyu_opt in step 4. In fact, an excel-
lent fit in the first level of validation allows replacing (MP/
PD)gps by its optimized image (MP/PI)ops_op. Thus comparing
(MP/PT)gps_opt With (MP/PD)gimy_ope Can be done in step 4 on
both steric and energetic criteria. A validation based on the en-
ergetic criterion is essential in Section 4, where the key for
linking clinical observations to simulation predictions is
energy.

The fit between (V82A/RTV )ops_ope and (VSZA/R"[V)simu_Opt
structures is excellent (Fig. 5), with a RMSD = 0.5 A between
the PI and the main chain atoms.

Comparison between binding energies of both structures is
also excellent:

Enp/p1 obs_opt = —88.5 keal /mol
Enp/p1 simu_opt = —88.7 keal /mol

AEobs-simu = (EMP/PI obs_opt) - (EMP/PI simu_opt) =02 kcal/lno1

AEabs—simu/EMP/Pl obs_opt — 0.2 (%)

In short, molecular simulation for building protease/PI
complexes (see Section 4.1 for MMPP) is validated by the
above illustrations which show an excellent fit between the ob-
served and simulated structures, using either steric or energetic
comparison criteria. This validation extends to residue/PI
complexes (see Section 4.2 for MMGPP).

Fig. 4. Best molecular fit between (V82A/RTV)qps and (V82A/RTV)gps-opt
structures.
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Fig. 5. Best molecular fit between (V82A/RTV )gimu-opt and (V82ZA/RTV)gps-opt
structures.

4. Bridging clinical and modeling practices for drug
resistance prediction

4.1. The Molecular Modeling Phenotype
Protocol (MMPP)

4.1.1. Drug resistance prediction by MMPP

MMPP aims at replacing long and costly phenotype tests by
modeling. The drug resistance is clinically measured by the vi-
rus growth rate in the presence of an inhibitor PI. Bridging this
growth rate directly with a computational simulation would
suppose to mimic the virus duplication, an unrealistic target
today. However, it has been demonstrated [18,19] that pheno-
typic tests, characterizing the virus growth rate by the fold re-
sistance FRp; defined by Eq. (1) or Eq. (2), can be related to
the difference AFp; between WP/PI and MP/PI binding ener-
gies, accessible by modeling:

AEp = EWP/PI - EMP/PI;
Ewp/p1 = binding energy of complex WP/PI,
Eyp/pr = binding energy of complex MP/PI (3)

The theoretical bridging relation is:
AEp] =RT IH(FRPI) (4)

R =8.314 J/g mol K, universal gas constant; T = absolute tem-
perature (K); RT =300 x 1.987E — 3 =0.596 kcal/mol in
clinical conditions at 7= 300 K.

However, both clinical and modeling quantities are ob-
tained statistically. Consequently this relation becomes in
practice a correlation:

AE < RT In(FR) (5)

The quality of FR prediction is directly related to the quality
of this correlation. Three types of correlations are considered
in the following:

(a) The simplest is a brute correlation between AE;; and FR;
for an ensemble II of complexes extracted from a data
bank without any distinction between the different PIs:

AEp < RT In(FRy) (6)

(b) A first refinement consists of investigating a correlation
within the ensemble IIp; of complexes related to the
same PI:

AEp; < In(FRp) (7)

(c) Finally, the fundamental question of the therapist is:
“Does the virus be sensitive or resistant to a PI?”’. To
solve this binary problem, a partition is considered in
ensemble IIp; based on an arbitrary fold resistance
FR =2.5. Sub-ensemble Ilp; , includes ‘‘sensitive”
cases (FR < 2.5) and sub-ensemble I1p; . includes “‘resis-
tant” cases (FR > 2.5). Correlation defined by Eq. (7) can
now be split into sub-correlations:

AE‘PI sen QRT 1n(Fl{PI sen) (Sa)

AEPI res QRT lll (FRPI res) (Sb)

4.1.2. Brute correlation AE;; < RT In(FRy)

Brute correlation Eq. (6) was first experimented in the en-
semble I including the 2959 HIV-1 complexes of the ““Stan-
ford HIV Drug Resistance Data Base — Feb 2004”. Binding
energies Ewpppr and Eypp; necessary for obtaining AEp; by
Eq. (3) are computed by the automated version of GenMol.

Correlation is reported (Fig. 6) between (RT In FRj;) and
(—AEp). A regression line forced to pass by the origin, ac-
cording to the theoretical relation Eq. (4), remains in the vicin-
ity of a free regression line. However, such a brute correlation

is relatively loose, with regression coefficients /> = 0.54 and
2
r°=0.61.

4.1.3. Correlations AEp; < RT In(FRpy) for the 6 Pls
Dispersion in brute correlation Eq. (6) can be investigated
by correlation Eq. (7) AEp<RT In(FRpy) specific to each
sub-ensemble I1p;. For these correlations (Fig. 7) regression
lines are free or forced to pass through the origin. Table 2
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Fig. 6. Brute correlation in IT between x = RT In(FR) and y = —AE with re-
gression coefficients 7% =0.54 and r*=0.61 on 2929 data (30 outliers were
removed).
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false energy wells have been removed (4 for APV, 6 for IDV, 3 for NFV, 5 for RTV, 8 for SQV and 4 for LPV).

gives the resulting regression and concordance coefficients,
both criteria indicating a good (bold) or average correlation.

4.1.4. Correlations AEpy sen < RT In(FRpj gen )
and AEPI res <RT ln(FRpl res)

Finally “‘sensitive” Ilp; ¢, and “resistant” ITp; .5 Sub-
ensembles were considered in each Ilp; ensemble.

Table 2

Performance analysis of correlations AEp; < RT In(FRpy)

PI APV IDV NFV RTV SQV LPV

Number of cases 482 547 595 476 540 319

Free regression coefficient, 2066 047 069 075 046 0.72
478) (541) (592) 471) (532) (315)

Concordance coefficient 80 74 84 89 69 83

4.14.1. Binding energies of MP/PI complexes. Fig. 8 gives
the distribution of binding energies Eypp; for the 611p; ¢op
and 61lp; s sub-ensembles, i.e. the number of samples for
each binding energy class. The width of each energy class
is equal to 0.3 or 0.6 kcal/mol, in blue for ‘“‘sensitive” com-
plexes and in red for “resistant”” complexes. Green arrows in-
dicate the binding energy Ewp/p; between the wild protease
and each PI.

Table 3 summarizes for the 6 PIs (column 1) binding ener-
gies with the wild protease Ewp/p; (column 3), average binding
energies <Eyp/pi>sen With their standard deviation SD.,, for
complexes € Ilp; ¢, (column 4), and similarly <Ewp/pr>res
with SD,s for complexes € ITpy s (column 5).

Simulating a phenotype test on a sample S leads to a partic-
ular value E;,, of the binding energy Enp/pr. To conclude on
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mutated virus sensitivity, the value Eg must simultaneously
satisfy two conditions:

(i) Egmu, must belong statistically to ensemble { Enp/pr sen}
and
(i) Egmy must be excluded statistically from ensemble

{EMP/PI res } .

Two cases may happen depending on the separation or im-
brication of sensitive and resistant ensembles:

Case 1. statistical separation {Envppr sen) N {Emprpr
res} = {O} at (SDsen + SDres)

[<EMP/PI >sen +1 SDsen] less than [< EMP/p[ > res -1 SDres} (9)

To obtain a sensitivity diagnosis, avoiding resistance or dubi-
ous case between Ilp; ¢, and Ilp s, the necessary condition
on Eg, is:

Esimu S [ < EMP/PI >sen +1 SDsen] (10)
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Table 3
Binding energies between PIs and wild protease (c3), mutated sensitive (c4) or mutated resistant (c5), plus upper binding energy limit insuring sensitivity (c6)
(cl) (c2) (c3) (c4) (c5) (c6)
PI Ewppr <Emppr>sen + 1 SDsen <Emp/pr>res — 1 SDres Enp/pr timic = inf {c4;¢5}
APV Energies (kcal/mol) —-73.2 —72.25+1.10 —70.66 — 1.62 —72.28
Number of cases 482 224 258
IDV Energies (kcal/mol) —95.1 —93.36 + 1.38 —92.58 — 1.61 —94.19
Number of cases 547 222 325
NFV Energies (kcal/mol) —80.7 —79.70+0.71 —78.10 — 1.32 —79.42
Number of cases 595 161 434
RTV Energies (kcal/mol) —95.5 —94.45 +1.36 —90.30 — 2.00 —-93.09
Number of cases 476 207 269
SQv Energies (kcal/mol) —95.5 —93.76 + 1.41 —92.98 — 1.66 —94.64
Number of cases 540 267 273
LPV Energies (kcal/mol) -91.2 -91.23+1.73 —88.28 — 2.41 —90.69
Number of cases 319 105 214

Inf {[<Emppr>sen + 1 SDgenls[<Emp/pr>res — 1 SDres]} is bold-faced

Case 2: statistical imbrication {Eyp/pr sen} N {Emp/pl res)
# {0} at (SDgen + SDres)

[< Ewipjp1 >res — 1 SDyes |less than [< Entp/pr >sent1SDsen]  (11)

To avoid resistance, the necessary condition on Eg;,,, is:
Esimu S [ < EMP/PI >res -1 SDres] (12)

This condition implies automatically sample S € IIp; g, due to
Eq. (11).

Finally, conditions Egs. (10) and (12) can be condensed in
a unique expression by defining a twofold upper sensitivity
binding energy limit Enp/pr fimic:

Egmu < Emp/pt timic = inf{ [< Enpypr >sen +1 SDsen];
[< EMP/PI > tes -1 SDres]} (13)

Upper limits Enp/pr 1imie are reported for each PI in Table 3
(column 6).

4.14.2. Differences of binding energies between WP/PI and
MP/PI complexes. To get intrinsic results, the above binding
energies are reported to wild complex binding energies (Table 3,
column 3). Fig. 9 gives the distribution of differences AEp; g, =
Ewp/pt — Empspr sen (blue) and AEpy o = Ewppr — Emppr res
(red) in kcal/mol. The ‘“frequency” refers to the number of
MP/PI structures relative to each AE class; curves are smoothed
for clarity. Blue and red vertical lines indicate energy average
<AEp; on> and <AEpy ros>.

If correlations Eqgs. (8a) and (8b) were perfectly distinct, blue
“sensitive” AFEpy ¢ and red “‘resistant” AEpy .., distributions
should be entirely disconnected but are in practice overlapping.
Discriminating ““sensitive” and “‘resistant’ distributions can be
analyzed by different means:

(i) Firstly, the difference between blue and red distribu-
tions can be appreciated to the eye (Fig. 9). A clear sep-
aration appears for RTV, LPV, NFV and APV but
overlapping is more important for IDV and APV.

(i) Then separating blue and red graphs can be based on
the distance between average values <AEpy ¢,> and

<AFEp; 05>, mentioned in Fig. 9 by blue and red verti-
cal lines. The larger their interval, the better the separa-
tion. Separation is good for RTV, LPV, NFV and APV
(with separation, respectively, equal to 4.2, 3.0, 1.6
and 1.6 kcal/mol) but loose for IDV or SQV (separation
equal to 0.8 kcal/mol).

(iii) Finally, comparison between blue and red distributions
can be based on Tukey—Kramer’s coefficient “p”
which quantifies the statistical difference between two
distributions. Correlation analysis is done according to
the non-parametric Spearman’s approach, ranking the
two variable series and thus avoiding Gaussian assump-
tion used in standard Pearson’s approach. Values of “p”’
were found smaller than 0.0001 except “p”” = 0.033 for
IDV. All “p” values smaller than 0.05 indicate a signif-
icant separation between all IIp; s, and Ilpy e -

However, a strict separation between sensitive and resistant
distributions is not required for applying the twofold criterion.
Thus, whatever be the separation quality, sensitivity determi-
nation can be based on an intrinsic twofold criterion AEpy jimit
deduced from Eq. (13):

AEpriimic = Ewp/pt — Emp/priimic = SUP{ [EWP/PI_ < Emp/p1 >en
- SDsen]; [EWP/PI_ < EMp/pr >res +SDres] } (14)

Finally, whatever be the separation between Ilpy s, and I1p;
res Sub-ensembles, sensitivity of the virus is discriminated by
a unique condition when Ewpp; and Eg,, are given by
modeling:

AEgimu = Ewp/p1 — Esimu = AEp limit (15a)

or in absolute value because energy values are negative:

|AEgmu| = |Ewppt — Egimu| < |AEpy jimit| (15b)
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Application of Eq. (15a) to the different PIs leads to the
following sensitivity conditions extracted from data given in

Table 3:

Sensitive to APV if 0 2 AEsimu > AEAPV limit

=-732+4+7228=-09

Sensitive to IDV if 0 > AEgm, > AEDY timit

=-95.14+94.19=-09

Sensitive to NFV if 0 > AEg . > AENEV limit

=-80.74+7942=-13

(16a)

(16b)

(16¢)

Sensitive to RTV if 0 > AEg . > AERTV limit

=-955+93.09=-24

Sensitive to SQV if 0> AE g, > AEsqy timit

=—-9554+94.64=-09

Sensitive to LPV if 0 > AEsimu > AELPV limit

=-91.2490.69 = —-0.5

4.1.5. Discussion of MMPP method and results

(16d)

(16e)

(16f)

Replacing a phenotype test by a MMPP numerical run de-
pends upon the fundamental correlation bridging the clinical
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fold resistance FR and modeling results AEp; = Ewp/pr — Empy
pr- This correlation depends first on the quality of the pheno-
type test, but above all on the quality of FR data. The quality
of brute correlation and also correlation relative to each PI is
limited by a number of missing parameters, such as treatments
with different Pls, sequence of successive treatments and se-
ries of patients, etc. On the other hand, correlation depends
of course on the quality of simulation. In this respect, our re-
sults can be compared with recent studies given in Refs. [8,9].

First of all, simulation techniques are quite different. The
above cited studies are obtained by a technique of flexible
docking and molecular dynamics, when GenMol™ is a molec-
ular mechanics code, obtaining structures’ optimization by an
original energy minimization algorithm. Moreover an auto-
matic and very efficient mutated protease/PI docking replaces
very long molecular dynamics operations. The cpu time is di-
vided by a coefficient of the order of 100 and a larger number
of cases can be explored on any laptop. Moreover traditional
approach can fail to converge for instance on cyclic chains.

Study [8] is performed on a limited number of complexes
(78 protease variants). A good correlation is obtained between
binding energy and fold resistance (0.7 <r* < 0.8) on the 6
PIs recorded in the Virologic data set. This kind of approach
was extended by study [9] to a larger number of cases (1792
mutants), obtaining equivalent correlations with the Virologic
data set. Our results lead to a similar correlation quality, at
least for a global correlation as shown by comparing Fig. 5
in Ref. [8] and our Fig. 6. However, refined correlation for
the 6 PIs are unfortunately not available in the above cited
works to compare with our Fig. 7. It would have been interest-
ing to confirm the disparity of correlations as function of the
PIs (Fig. 7), compared to the global correlation (Fig. 6). For-
tunately, these regression graphs are not directly used for mod-
eling virus sensitivity prediction neither in cited works nor in
our study.

Prediction of the drug effectiveness depends fundamentally
on the sensitivity limit criterion. Criteria are slightly different
in the above cited works and in our study. They remain any-
way arbitrary for at least two reasons. First of all, the fold re-
sistance limit between sensitive and resistant cases is arbitrary.
To be on the safer side, we decided to take FR =2.5 when
Shenderovich et al. [8] preferred FR = 4. However, this safer
choice seems to induce a more difficult separation between
sensitive and resistant cases, as it appears comparing both
studies in the following. This first choice being made, the sec-
ond arbitrary choice is the criterion to declare sensitivity to
a drug without any risk of resistance. Shenderovich et al. [8]
are defining an equivocal zone for AEy;,q between two cut-
off ¢l =<AFEp; ¢en>+2 SDgp, and c2 = <AEp; > — 1
SD,s, the difference cl — c2 being found positive for all Pls
([8], Table 3). In the general case, this equivocal zone can dis-
appear due to an imbrication between sensitive and resistant
zones (c1 > c2). (Note that in Ref. [8] absolute values of bind-
ing energies are considered when we kept binding energies
with their natural negative sign.) To take into account both
separation or imbrication possibilities, we defined a twofold
criterion AEpy imic by Eq. (14). This criterion insures in any

case to be in a sensitive case, avoiding dubious or resistant
cases. A safe suggestion to the therapist is expressed by con-
ditions Eq. (16a) to Eq. (16f). In our case, Table 3 shows that
the second limit [<Enp/p1>res — 1 SDyes] prevails upon the first
one {[<Emppr>sen+ 1 SDgen] for all Pls, except for RTV
where the separation between Ilp; ¢, and ITp; o is the best.
A sensitivity diagnosis based on a unique cut-off similar to
cl would be wrong for all PIs (except for RTV), because
they include drug resistance possibility. Explaining the behav-
iour difference between RTV and other PIs escapes at first
glance to a direct comparison between their structures
(Fig. 10) and requires a deeper MMPP insight of binding en-
ergies as function of the PIs type.

4.2. The Molecular Modeling Genotype—Phenotype
Protocol (MMGPP)

The preceding MMPP study is based on the gross binding
energy between a protease, wild or mutated, with a given in-
hibitor. However, the complete knowledge of drug resistance
given by the genotype—phenotype synthesis (Fig. 2) was not
used. For exploiting these full clinical data including genotype
tests, molecular modeling gives the opportunity to analyze the
interaction between a drug molecule and the different residues,
before or after mutation. Such is the purpose of the MMGPP
approach. “Steric MMGPP” rests on a pure geometry analysis
of the drug/residue couple, while “Energetic MMGPP” intro-
duces the ““interaction energy”” between drug and residue.

4.2.1. Steric MMGPP

4.2.1.1. Steric analysis. Analysis of the X-ray image of a WP/
PI structure allows quantifying the ‘““distance” between a PI
inhibitor molecule in the protease active site and a residue
WR important for PIs’ virus sensibility in the wild protease
WP. This “distance” (PI-WR) is appreciated by the number
of “contacts” between atoms of both entities. A ‘“‘contact”
is said to be existing when the distance between two atoms
is lower than the sum of their van der Waals radii + 3 A (cal-
culation includes the residue main chain atoms). This first in-
dication could be refined by comparing contacts in wild and
mutated protease, but data will not be homogeneous between
experimental WP structure and simulated MP structure. How-
ever, it was observed that generally the number of contacts is
quite similar before and after mutation, even if residues and
their environment are modified by mutation. Fig. 11 gives
the number of ““contacts” between PIs and residues WR im-
portant for PIs’ virus sensibility for the 2959 HIV-1 complexes
given in the “Stanford HIV Drug Resistance Data Base — Feb
2004”.

4.2.1.2. Drug resistance and steric MMGPP. Comparing these
results with the genotype—phenotype data (Fig. 2) leads to the
following correlation between the drug resistance and the dis-
tance (PI—WR) for residues important for PIs’ virus sensibil-
ity. All residues with more than one contact are manifesting
a medium-level resistance when the number of contacts is
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small and high-level resistance when the number of contacts is
high. A contrario, residues with no “contact” or 1 “contact”
(L10, K20, D30, L33, M36, 150, L63, A71, G73, V77), far
away from the active site of the wild protease, generally do
not induce strong resistance when mutated. In Fig. 2 they
are mentioned only as contributors to resistance when associ-
ated with other mutations. However residue 190, in this pri-
mary approach (see discussion below), appears as an
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Fig. 11. Numbers of “contacts” between atoms of the 6 PIs and atoms of the
21 residues important for PIs’ virus sensitivity, corresponding to inter-atomic
distances lower than 2 vdW radii + 3 A.

exception, with a high-level resistance with all PIs and no
“contact” before reaching a cut-off of 2 vdW radii + 6 A.

4.2.2. Energetic MMGPP

4.2.2.1. Interaction energy analysis. Another parameter that is
able to take into account the relation between a PI and a resi-
due is their interaction energy. Definition of interaction energy
IEwgr/pr or IEygr/p1, between, respectively, a wild or mutated
residue R and a PI, is similar to binding energy definition
given by Eq. (2):

IEwr/p1 = E(wr+P1)-opt — (EWR-opt + EPI—opt)
+ arbitrary constant (17a)
IEmg o1 = Evrp1)-opt — (EMR-opt + Epr-opt) + arbitrary constant

(17b)

Thus, influence of a PI on a residue may be appreciated by the
difference AIEgp;

AIER/PI = IEwr/p1 — IEmr/p1;
Ewg/p1 = interaction energy between WR and PI,

Eng/p1 = interaction energy between MR and PI

(18)
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The parallel between MMPP protease binding energies and
MMGPP residue interaction energies is illustrated in Fig. 12.
These energies are related by the following relations:

Evwppr = Z IEwr/p1

1to 99

= (IEWI/PI + -+ 1Ewrpr+ - + IEW99/PI) (19a)
In case of a unique residue mutation of residue WR into MR,
the total binding energy Eyp/pr becomes:

Enpjpr = Z IEmg/p1
1t0 99

= (IEQVI/PI + o+ 1Evr/pr 4 + IE,W99/PI) (19b)
with IEyr/pr interaction energy relative to the mutated residue
MR, and all other terms IE'w/p; up to IE'woo,pr being interac-
tion energies relative to non-mutated WR residues. However,
IEwp1 # IE'wy/p1, etc. because of the configuration change
of the whole protease due to the unique MR mutation. This
leads to:

AEp; = Ewp/p1 — Emp/p1 = Z AIEg/p1

1t099
= [(IEWUPI - IE/Wl/pI) + -+ + (IEwg/pt — IEnrypr) + -
+ (IEW99/PI - IE/W99/PI)} (20)

(i) MMPP

(ii) MMGPP

Fig. 12. Schematic binding and interaction energies computed by GenMol™:
(i) MMPP (Molecular Modeling Phenotype Protocol) gives the energy differ-
ence AEp; = Ewp/pr — Evp/pr between binding energies of an inhibitor PI asso-
ciated, respectively, with a wild protease WP and a mutated protease MP.
Carriage return (ii) MMGPP (Molecular Modeling Genotype—Phenotype Pro-
tocol) gives the energy difference AIEg/p; = IEwgr/p1 — [Emr/p1 between inter-
action energies of an inhibitor PI associated, respectively, with a wild residue
WR and a mutated residue MR.

4.2.2.2. Computing interaction energies. Interaction energies
are computed starting from X-—ray Pl/protease complexes
given in the PDB data bank [16]. The different operations
are as follows:

e Start from the original complex WP/PI given in the PDB
data bank, for instance 1HPV for the PI = APV. Make
an energetic optimization of the complex WP/PI and ex-
tract the interaction energy IEwg/p; between the 21 wild
residues WR (important for PIs’ virus sensibility) and
the 6 PIs.

e Then restarting from the wild original protease WP, gener-
ate the 21 possible monomutated protease MPs. Associate
each MP with one of the 6 PIs and optimize the (21 x 6)
MP/PI structures. For each optimized MP/PI, extract the
interaction energy IEwgr/p; between each of the 21 MRs
and each of the 6 PIs.

e Finally deduce the interaction energy differences AIEg;p; =
IEwr/p1 — IEmr/pr relative to the (21 x 6) couples (R, PI).

4.2.2.3. Interaction energies between Pl =RTV and residues
before any mutation. Fig. 13 gives the modulus of interaction
energies I[Ewgrpr (WR = 1->99) according to the sequence or-
der of the 99 wild residues of both chains contributing to the
binding energy Ewp/pr. Dark values correspond to the 21 resi-
dues important for PIs’ virus sensibility. Fig. 14 gives the same
results but classified by increasing interaction energy values.

4.2.24. Impact of a residue mutation over AEp; (MMPP) and
AlEg;p; (MMGPP). Table 4 gives, for PI = RTYV, the impact on
binding energies of the mutation of the 21 residues important
for PIs’ virus sensibility. Binding energies before mutation are
given in column (c1) and after mutation in column (c2). Dif-
ference, before and after each monomutation, is given in col-
umn (c3) for binding energies relative to the total protease
(AEp; = Ewprtv — EmprTy) and in column (c4) for interac-
tion energies of the mutated residue R (AIEgrgrtv = IEwr/
rTv — IEMr/RTV). The difference between variations of bind-
ing energy and interaction energy are given in column (c5).
Column (c6) recalls intensity of drug resistance (Fig. 2), the
number of stars being proportional to the resistance.

4.2.3. Discussion of steric and energetic MMGPP

Both steric and energetic MMGPPs investigate the relation
between the drug and a mutated residue and its impact on the
whole drug resistance phenomenon.

Steric MMGPP shows that in nearly all cases, drug resis-
tance is directly influenced by the proximity of the mutated
residue. Such is the case of 184, with a maximum number of
contacts (Fig. 11) and a very high resistance with all PIs
(Fig. 2). However, drug resistance created by mutation of
L90 into L90OM appears as a strong exception. This particular-
ity can be explained by kinetics [20] or refined crystallo-
graphic studies of the protease [21,22]. Study [23] realized
with SQV shows that the L90M mutation has a structural
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Fig. 13. Modulus of interaction energies |Ewg/pi| of the 99 wild residues of both chains according to the sequence order contributing to the modulus of the wild
protease binding energy |Ewp/pi|. Dark values correspond to the residues important for PIs’ virus sensitivity.

effect reported up to L38—P44 in the opening and closing
hinge region of the protease, thus indirectly acting on the es-
caping drug mechanism.

Energetic MMGPP approach confirms the general inci-
dence of a mutated residue on its environment. The values
in Table 4 show that the term AEp; in Eq. (20) does not result
uniquely from the term (IEwgpr — IEmgr/pr) relative to the sin-
gle mutant residue because terms (IEwpr — IE wi/p1) €tc. are
not equal to zero. All residues, important for PIs’ virus sensi-
bility or even other residues, can participate to the total bind-
ing energy difference AEp;= Ewppr — Emppr- This explains
why values in columns (c3) and (c4) are entirely different in
Table 4. For instance, the mutation 147V induces a high resis-
tance with an increase of 2.07 kcal/mol of the binding energy;
however, the contribution of the interaction energy of this res-
idue is only 0.67 kcal/mol. Contribution of interaction energies

16

can even be opposite to binding energy variation as for F53L
for instance. In other words a single mutation and “‘a fortiori”
multi-mutations affect the whole protease energy distribution.

Finally, the complexity of a detailed study at the level of
residues, as shown by the above steric or energetic approaches,
appears as a justification of the statistical MMPP approach.
Correlation between binding energy computation and clinical
observations incorporates stochastically direct or indirect inci-
dences of several mutations in the prediction of drug
sensitivity.

5. Synthesis on MMPs contribution to drug
resistance prediction

A first rapid test is the genotype X-ray test which gives the
actual state of the virus, i.e. the ensemble {R,,} = (R;, R,,

14

12

©

Contribution to E ;, , | (Kcal/mol)

Residue

Fig. 14. Modulus of interaction energies |Ewg/pi| of the 99 wild residues of both chains classified in increasing value order and contributing to the modulus of the
wild protease binding energy |Ewppi|- Dark values correspond to the 21 residues important for PIs’ virus sensitivity.
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Table 4
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Impact of a monoresidue mutation over differences AEgry = Ewprrv — Emp/rTV Detween protease/RTV binding energies before and after mutation, compared to
differences AIEgrTv = IEwr/rTvV — IEMR/RTY Detween residue/RTV interaction energies before and after mutation (unit: kcal/mol)

(c1) (c2) (c3)

(c4)

(c5) (c6)

Wild residue Mutated residue Difference of binding

energy Ewprry — Emprrv

Difference of interaction
energy IEwr/rrv — IEmr/RTV

Difference (c3) — (c4) Drug resistance

intensity (Fig. 2)

L10 L101 —1.15
K20 K20R -1.79
L24 L241 —1.03
D30 D30N —0.41
V32 V321 —-1.99
L33 L33F 0.67
M36 M361 0.29
M46 M46l —0.60
147 147V —2.07
G48 G48V 0.90
150 I50L —5.32
F53 F53L —0.36
154 154V —0.92
L63 L63P —0.76
ATl AT1V 0.21
G73 G73T —0.65
V71 V77i —0.03
\%:) V82A -1.00
184 184V —1.53
N88 N88D 0.58
L90 L9OM —1.03

0.28 —1.43 *
—0.34 —1.45 *
—1.15 0.12
—0.52 0.11
—2.17 0.18 ok

0.07 0.60 *
—2.69 2.98 *

0.04 —0.64 ok
—0.67 —1.40 ok

1.81 —0.91 ok
—4.40 —0.92 -

4.00 —4.36 ok
-0.93 0.01 HAE

0.45 —1.21 *
—0.47 0.68 *

2.52 —3.17 *
—0.01 —0.02
—0.65 —0.35 HAAK
—1.92 0.39 Ak

2.08 -1.50 *

0.81 —1.84 HowE

..Ry,... R,) of mutated residues. Based on this list, what is the
information available on the resistance of a drug D, using the
data synthesis given in Fig. 27

(a) If (Ry, D) C high resistance cases, for at least one
R e {R,,}, the drug D, must be considered a priori as in-
efficient to remain on safety, even if other mutations can in
some occasions attenuate this resistance. A phenotype test
is generally not realized in that case.

(b) If (Ry, Dy) & high resistance cases for any Ry € {R,,}:
(bl) If only one Ry is mutated, and if (Ry, Dg) C low re-

sistance or inexistent resistant cases, the drug can be

used without necessitating confirmation by a pheno-
type test.

But if several R, € {R,,} are indicated with the men-

tion ““intermediate or low-level resistance” or “‘con-

tributes to resistance”, a phenotype test becomes
absolutely necessary to judge the cumulative effect

of mutated residues on the treatment by the drug D,.

(b2)

In this last eventuality, which is in fact the most general
and most delicate case, modeling appears as an ideal tool. A
great help can be brought to the therapist by suggesting, in
quasi-real time and for practically no cost, a drug sensitivity
diagnosis. Eventually this numerical diagnosis can be con-
firmed by a classical delayed and costly phenotype test.

6. Conclusion
Symbiosis between clinical genotype—phenotype tests and

molecular modeling offers new potentialities for helping the
therapist in the hard task of predicting HIV drug resistance.

To exploit all molecular modeling capacities, a first
improvement consists of getting more detailed data bank
(treatment chronology of each patient, multi-mutations and
multi-drugs, etc.) and to refine consequently data analysis as
proposed for instance by the mutation frequency index.

Concerning numerical tools, they should become fit for use
exactly as other clinical tools. This supposes first rapid
algorithms for avoiding huge cpu resources and a possible
implementation on usual machines. Such is the case of
GenMol™ with an optimization algorithm dividing classical
atomic optimization cpu by a coefficient of the order of 100.
Moreover GenMol™ possesses an automated module to fast
generate 3-dim molecular structure of mutated proteins and
their association with virus inhibitor. The next step consists
of integrating MMPs into automatic and conversational simu-
lators, immediately usable by any therapist on his laptop.

Combining such clinical data and efficient molecular mod-
eling tools, a phenotype simulation is now possible in real time
and at a very low cost by the Molecular Modeling Phenotype
Protocol (MMPP). This issue is based on correlation between
binding energy of a protease/drug complex and clinical fold
resistance, plus a precise X-ray genotype. Prediction of virus
sensitivity to a PI is obtained with a reasonable degree of con-
fidence based on the twofold AEpy jjm;, insuring sensitivity and
avoiding any possible dubious or resistant cases.

This MMPP statistical protocol is completed by the more
detailed MMGPP study at the level of mutated residues.
This refined steric or energetic study shows the complexity,
even in monomutation cases, of the reorganization of a prote-
ase after a residue mutation. Finally MMGPP justifies MMPP
sensitivity approach, operating on the total mutated protease
configuration.
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Numerical molecular modeling opens trends first in elabo-
rating new therapy strategies, following each patient, and
adapting the treatment to the mutation history of the patient’s
disease. Then numerical tools participate to improve database
by more detailed and chronological information. Finally they
appear as an eminent tool for a larger understanding of muta-
tions and new drug development.
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Appendix A. Main abbreviations

(aaa)  average value of “aaa” statistical variable
APV amprenavir

ARV  antiretroviral drug

ATV atazanavir

CL convergence limit

CL1 convergence limit for protons’ refinement

CL2 convergence limit for all atoms

2-D two-dimensional

3-D three-dimensional

Egme  energy value obtained by any simulation

Emp/pr imic twofold upper sensitivity binding energy limit
binding energy of wild protease complex WP/PI
Envppr binding energy of mutated protease complex MP/PI
FR fold resistance

EWP/PI

FRj;, limit of FR between sensitivity and resistance
(FR <2.5)

FRpy FR for any PI=(IC5)MV)/IC50WV)=(KWTP)/
(KMP)

FRpr «.n FR values relative to ensemble Ilp; sen
FRpy o FR values relative to ensemble Ilp; res

FR;;  FR relative to any sample of ensemble I1
HIV Human Immunodeficiency Virus
HIV-1 Human Immunodeficiency Virus-1

inf {a;hb} minimum value of both a,b values
IC5oMV PI concentration for obtaining 50% inhibition of the

MV

IC5oWV PI concentration for obtaining 50% inhibition of the
wVv

IDV indinavir

IEwg/pr interacting energy of wild residue WR with PI
IEnmg/pr interacting energy of mutated residue MR with PI

KMP  association constant relative to a MP

KWTP association constant relative to a WP

LPV  lopinavir

MF mutation frequency = (number of MR)/(total number
of WR)

MF(R)p; mutation frequency of residue R in the presence of
inhibitor PI

MMP  Molecular Modeling Protocol

MMGPP
Molecular Modeling Genotype—Phenotype Protocol

MMPP Molecular Modeling Phenotype Protocol

MP/PI Mutated Protease/Protease Inhibitor structure
(MP/PI)ns MP/PI observed structure by X-ray

(MP/PI)gimu MP/PI docked structure obtained by simulation
(MP/PI)ops_ope MP/PI observed structure after optimization
(MP/PD)imu opt (MP/PDgim, structure after optimization

MP Mutated Protease

MR Mutated Residue

MV Mutated Virus

NFV  nelfinavir

p Tukey—Kramer coefficient
P pressure

PDB Protein Data Bank

PI Protease Inhibitor

(PI-WR) “distance” between PI and WR
r regression coefficient

res resistant

R residue, i.e. amino-acid of a protease
R universal gas constant
RMSD Root Mean Square Distance
RTV  ritonavir

sen sensitive

SQV  saquinavir

S any sample

SD Standard Deviation

T temperature

vdW  van der Waals

WP Wild Protease, before mutation

WR Wild Residue, before mutation

WV Wild Virus

AEpr timit Ewppr — Epr limit

AEp;  Ewppr — Evprpr for a given PI

(AEp;) average value of AE = (|Ewp/p1 — Enpypi|) for a given
PI

AEp; oo, AEp; relative to ensemble ITp; sen

AEpr s AEpy relative to ensemble Ilpy o

AIEPI IEWR/PI - IEMR/]’I

AE;  Ewppr — Emppr Whatever be the PI in ensemble 1T

I ensemble of all cases found in a data bank

Ipy ensemble of cases treated with a given PI

IIp; n ensemble of cases sensitive to a PI treatment
(FR <2.5)

Ilpr s ensemble of cases resistant to a PI treatment
(FR > 2.5)
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