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Abstract: Problem statement: Drug resistance is the most important factor, whitffuences the
failure of current HIV therapies. So, the ability predict the drug resistance of HIV-1 protease
mutants will be useful in developing more effectis@d longer lasting treatment regimens.
Approach: Drug resistance of HIV-1 protease is predicted witfo current protease inhibitors
(Indinavir and Saquinavir). The problem was appheac from two perspectives. First, structural
features of the HIV protease with inhibitor complewere constructed. Next, a classifier was
constructed based on the patterns of various deaigtant mutants. In first stage SPDB viewer (for
making mutations) and INSIGHT Il (for analyzing ding energies and hydrogen bond contact with
the inhibitor and the binding site) software’s weised for structural property analysis. In the séco
stage a supervised learning linear Classifier (SMB} in DTREG tool has been used to analyze the
Resistant and susceptible patterns. Finally Genglgorithm in Matlab tool has been used for
Optimization.Results: Structural data mining performed linear SVM modieg “93% accuracy” in
initial screening of pattern sets HIV1 proteaseldwype and mutants) of sub type B against the
inhibitors Indinavir and Saquinavir. Genetic alglom gives “80% Accuracy” for Indinavir and “60%
Accuracy” for SaquinavirConclusion: Geno2pheno software uses machine learning analgsis
subtypes of HIV with proper inhibitory values. If diécular Mechanics is followed by Machine
Learning with appropriate Inhibitory or effectiverentration analysis, the validation of Genotyping
will be more accurate than initial Geno2Pheno &sialyin future even the dynamics of the molecule
will be analyzed with molecular mechanics and maeHearning principles for various mutations of
all FDA approved protease Inhibitors within theiuidual complex with the protease.

Key words: Binding energies, protease, hydrogen bonding, tird¥M model, Matlab tool and
genetic algorithms

INTRODUCTION (Louis, 2001). First, the mechanisms are examihatl t
allow the HIV virus to develop drug resistance he t
HIV has pol gene to code 3 enzymes namelyFDA-approved protease inhibitor Indinavir. The
Protease, Reverse Transcriptase and Integrase. Hstructural changes that characterize drug resistant
protease is an aspartyl D protease with 99 amiimdsac protease mutants are studied in order to understand
(Basu et al., 2004a; 2004b). The three dimensionaleffect that various structural changes have uparmy dr
structure of the HIV protease contains primafly resistance (Winters, 2000; Xie, 1999; Louis, 200He
sheet, turn and extended structural elements. Theesults suggest that the drug resistance phenomsnon
structure is unusual in that the dimer has only oneassociated with a loss of contacts between the andg
active site. Each monomer contributes one of the twthe target viral enzyme. A further observation hatt
aspartyl residues within the Asp-Thr-Gly sequenaies different point mutations may lead to similar strual
the active site. The HIV protease active site sated changes in the active site (Mahalingaal., 1999).
in a cleft into which the polypeptide to be cleavied This study also investigated the resistance of HIV
positioned (Ishima, 1999; Pattabiraman, 1999)protease mutants to Saquinavir (another FDA approve
Substrate or inhibitor binding to the protease oefua protease inhibitor). No attempt is made to underbta
large conformational change. The flaps of the @®¢e the mechanism or reasons why certain mutationaatre
move as much as 15°A when the ligand is boundesistant to Saquinavir, but rather to predict such
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resistance based solely on the amino acid sequance understand the mechanism or reasons why certain
HIV protease mutants. A small number of thesemutations are not resistant to Saquinavir, buteratb
mutants have reported Saquinavirgd@alues, which predict such resistance based solely on the amiitb a
were used to classify the resistance of the mutantsequence of HIV protease mutants. A small number of
tested (Draghici and Potter, 2003). Once a treatmernthese mutants have reported Saquinavigp Malues,
failure has been detected, the usual measure is twhich were used to classify the resistance of theants
change the treatment and attack the virus with dested. Once a treatment failure has been detettted,
different combination of drugs. There are two majorusual measure is to change the treatment and attack
problems here (Draghici and Potter, 2003). Firlsg t virus with a different combination of drugs.
number of FDA-approved drugs is limited and therefo
the number of effective combinations of drugs isoal 1Cy values. The 1Gy is the result of a “Phenotypic” test
limited. It is conceivable that a viral quasi-sgacimay and represents the amount of drug necessary t@eedu
become resistant to all known drugs, thus renddhieg viral replication by 90% (Draghici and Potter, 2D0OBhe
treatment ineffective. A second problem is tha€Cadss-  ratio between the I§g value of a specific mutant and the
resistance, which further reduces the number ettiffe  1Cy value of the wild type (the virus in its non-meizt
combination therapies (Draghici and Potter, 20@). form) is the fold resistance. §¢value refers to 90%
Molecular Mechanics followed by machine learninginhibition concentration shown by the drug towavidal
analysis is performed to analyze and understand thgtrain (Winterset al., 1998) (Fig. 1 and 2).
complete resistance of inhibitors against HIV paste
Trying to relate the structure of the virus to giru
resistance by understanding the general relatipnshi

between the structure and function of the HIV virus e e 5
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1999). This study also investigated the resistaoice
HIV protease mutants to Segqinavir (another FDAFig. 1: 1Gy values of Indinavir against sub type B
approved protease inhibitor). No attempt is made to strain
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Fig. 2: 1Gy values of Saquinavir against sub type B
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Mutation IC:; (uM) Fold resistance
Wild Type 0.03

L10I K14R N37D M46I F53L A71V G738 8.08 269
V771 L90M

L10I E35D M361 R41K I62V L63P ATIV 6.00 200
G735 184V LOOM I93L

L10II15V M361 G48V I54V 162V V82A 1.18 39
L10II15V M36I G48V I54V 162V 0.92 30.67
KI4R 115V N37D F53L A71V G735 L90OM 0.58 19
KI14E M36V G48VLG63PATIVT745 VE2A 0.58 19
15V R41K L63P A71T G735 LO90M 0.37 12
G48V L63P TT4A 0.80 27
K20I M36I L63P A71T G735 L90M 0.42 14
LIOIE35D R41K I62V L63P A71V G738 0.34 13
184V L90M IS93L

K14R R41K L63P V771 L90M I93L 021 7
L10I K20M L63P A71T V771 LOOM I93L 0.20 7
N37D R57K D60E L63P A71V G735 0.20 7
L90M I93L

I15V D30N E35D M361 R41K L63P 0.03 1
L63P T745 L9OM 0.09 3
L63P LoOM 0.08 3
K14R R41K L63P V7711931 0.07 2
L10V I62V G735 L90M 0.07 2
L63P TT4AVTTL 0.07 2
L63P L90M 0.06 2
N3TD L63P A7IV G73S LO9OM I93L 0.06 2
LI10IL63P A7TIT VITII93L 0.06 2
I15V E35D R41K LG3P 0.06 2
K14R/K L63P I93I/L 0.06 2
KI14E L6e3P AT7IV 0.06 2
115V 0.04 1
L63P 0.05 2
L10IL63T A71T 0.02 1
L63P ATIV LOOM 0.02 1
L63A 0.01 0.33
G48V I54V L90M (Schinazi er al., 1999) 1.50 50
G48V 184V L90M (Schinazi er al., 1999) 0.90 30

strain
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=l

B Bl Pick one group [or Fit 'sse’)

1.55/'

[0
-7

7 e

0.1, ”\!‘i

5 p1 (600 x 400 )

Fig. 3: Performing mutations in SPDB viewer

The fold resistance was calculated as a ratio
between the I value of the mutant and the dC
value of the wild type. All mutations were obtained
from Winterset al. (1998), except as noted

Resistance values were not available for 14 out of
the total of 38 mutants with resistance and 14 WithF
NR. (NR = No Resistance Reported. Patterns 1-6, 52

and 53 are from Schinadi al. (1999). Patterns 7-21
are also from Schinaa al. (1999) and Winterst

al. (1998), but are not included because they are
redundant with patterns from Wintestsal. (1998)

MATERIALSAND METHODS

Structure-based data mining-PROTOCOL:

Construct mutant genotypes and produce 3D
structures using SPDB viewer (i.e., for making
mutations (Fig. 3))
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ig. 4: Analyzing hydrogen bonds between Saquinavir

and wild type HIV protease using INSIGHT-II.
(Here there are 2 hydrogen bonds)

Use INSIGHT 1l to analyze the 3D structures and
produce a list of contacts between the mutant
proteases and protease inhibitor (i.e., analyzing
hydrogen bonding and binding energies (Fig. 4-7))

Preprocess the contact information (input reduction
normalization)

Construct and train the patterns using Support
Vector Machine (SVM) to categorize Mutant

resistance to the protease inhibitor using DTREG
tool
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Fig. 5: Analyzing binding energy between SaquinavirFig. 7: Analyzing binding energy between Indinavir
and wild type HIV protease using INSIGHT-IL. and wild type HIV protease using INSIGHT-II.
(Here the binding energy is -3.728 Kcal mdje (Here the binding energy is-0.262 Kcal modje

Resistance

Fig. 8: Output of linear-SVM predictions on Indinav
Fig. 6: Analyzing hydrogen bonds between Indinavir (34 patterns), optimized to linear graph from
and wild type HIV protease using INSIGHT-II. DTREG tool
(Here there are 4 hydrogen bonds)
* No need for the Iteration of Learning rates with
+ Test the SVM and analyze its performance and neighborhood method to calculate score:
further perform virtual screening with genetic
algorithm using Matlab software (Fig. 8 and 9) Score = Coverage x Accuracy x 100

e Implementation of algorithm is much easier when
compare to neighborhood calculations

* Easy to understand (Meta class construction an@raphical representation of mutant construction
Prediction mapping) followed by molecular analysis:

* More parameters are not required for modeling.  Initial screening meteorology (Indinavir): Done by

* More reliable confinement of appropriate accuracy support vector machine, in training higher weigletasy
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given for binding energy (5) and plotted on Y aaixl
lower weightage is given for H bonding (1) and fg#dt
on X-axis.

Initial screening meteorology (Seginavir): Done by
support vector machine, in training higher weigketég
given for binding energy (3) and plotted on Y aaixl
lower weightage is given for H bonding (1) and fdt
on X-axis.

Calculation of accuracy in linear SVM model
(Indinavir) (Table 1): Accuracy calculation (true-
positive state):

(Resistant Patterns x Sensitivity)/(SusceptibledPas)
x (1-Specificity) x 100 = (7x0.4)/[6x(1-0.5)]x10093%

Note:

Sensitivity is 0.4, since 4 fold cross validatiossh

126-132, 2010
e Specificity is 0.5, since (13 points+4 support
points) are classified in a linear graph for 10
iterations

Calculation of accuracy in Linear SVM model
(Saquinavir) (Table 2): Accuracy calculation (true-
positive state):

[(Resistant Patterns x Sensitivity)/(SusceptiblédPas) x
(1-Specificity)] x 100 = (5x0.8)/[5%(1-0.14)] x16093%

Note:

Sensitivity is 0.8, since 4 folds cross validattas
been performed for 10 iterations for 10 points with
2 thresholds training resistant patterns

Specificity is 0.14, since points (10 points+2
support points) are classified in a marginal graph
for 10 iterations

been performed for 10 iterations with 1 threShO'dOptimized resistance (|ndinavir): Done by fithess

resistant pattern
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Fig. 9: Output of linear-SVM predictions on Saquiina
(31 patterns), optimized to comparative marginal
graph from DTREG tool

Table 1: Classification of Indinavir resistancet{@ screening)

Class Patterns Fold resistance
High resistance 6,1, 22 19, 34, 13.08
Low resistance 24,27, 28, 20 55,4.2,6.0, 3.58
High suceptability 34,42,33 1.83, 1.25, 2.67
Low suceptability 38,31, 25 1.33, 2.33,4.75

Table 2: Classification of Saguinavir resistancdiil screening)

Class Patterns Fold resistance
High resistance 4,8,2 30.67, 27, 200
Low resistance 1,3 269, 30.67
High suceptability 16, 21,5 27,1,3

Low suceptability 9,24 7,1
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principles in genetic algorithm
(Fig. 10).

using Matlab tool

Optimized resistance (Saquinavir): Done by fitness
principles in genetic algorithm using Matlab tool
(Fig. 11).

Calculation of accuracy in genetic algorithm for
Indinavir (optimized resistance) (Table 3): Accuracy
calculation (positive fitness):

[(Best Fitted Values) x (cross validated profilefNon
Fitted Values) x (Eigen Test Fitness)]/[(Number of
Generation) x (Mean Value of training set)] x 100 =
[(3%x2x6x10)/(100%4.5)] x 100 = 80%

= BEE
File Edit view Insert Tools Desktop Window Help
Cutrrent best
Best: 3 Mean: 4.5 AT
B 4 10 individual 1
i
5 B 6 05
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Fig. 10: Output of genetic algorithms predictions o

Indinavir (9 patterns)
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Fig. 11: Output of genetic algorithms predictions o

Saquinavir (9 patterns)

Table 3: Classification of complete resistancenafinavir (optimized
resistance)

Class Patterns Fold resistance
High resistance 24,28, 1 5.5,6.0,19
Low resistance 22 13.08

Table 4: Classification of complete
(optimized resistance)

resistance ofqguBnavir

Class Patterns Fold resistance
High resistance 2,1 200, 269

Low resistance 4,3 39, 39.67
Note:

Eigen test fitness is 10 for 100 generations.
Calculation of accuracy in genetic algorithm for
Saquinavir  (optimized resistance) (Table 4):
Accuracy calculation (positive fitness):

[(Best Fitted Values) x (cross validated profilefNon

Fitted Values) x (Eigen Test Fitness)]/[(Number of
Generation) x (Mean Value of training set)] x100 =the

[(A1x2x6x10)/(100%2)]x100 = 60%
Note:
Eigen test fitness is 10 for 100 generations.

I mplementation of usage:

Logical implementation (hypothesis): If the number

of resistant patterns of the drug are greater tien
Number of Susceptible patterns of the drug, exdgdi
the support vectors and unbound patterns, thedrtige
molecule can be taken for further analysis of tresait
regimen. If needed Genetic algorithms can be used t
analyze the complete resistance of the drug towards
certain patterns.

RESULTS

Comprehensive analysis of hydrogen bonding and
binding Energies are taken for various mutants and
trained in two classifying methods namely Lineal\&V
method and genetic algorithms structural data rginin
performed Linear SVM model gives “93% accuracy” in
initial screening of pattern sets HIV1 proteaselqwi
type and Mutants) of sub type B against the inbiisit
Indinavir and Saquinavir (Fig. 8 and 9). Genetic
algorithm gives “80% accuracy” for Indinavir and
“60% accuracy” for Saquinavir.

DISCUSSION

Results were obtained from software’s SPDB
Viewer (Fig. 3), INSIGHT Il (Silicon graphics Maate
in Unix Platform using Grid based conjugate gratlien
algorithm), DTREG tool Optimization and Matlab
optimization. Among various sets of descriptorsyonl
hydrogen bonding (Fig. 4 and 6) and integratedeorc
field energy parameters (binding energy (Fig. 5 @jd
are assumed to be the fit parameters for analyttiag
stability of the molecule, i.e., molecular mechanigo
by accurate predictions of these properties frosigint-
Il software gives us the details of molecular dighi

CONCLUSION

Structural data mining analysis shows that
screening method is Linear SVM
(Acevedo-Rodriguezet al., 2009) model and the
confined method is Genetic algorithm. Genetic
algorithm is performed using Matlab. This meteoggio
has to be implemented for in-depth Geno2Pheno
analysis, since a better data tree is construced.
Geno2Pheno analysis can be achieved by both
molecular mechanics and machine learning strategies
along with proper values of Inhibitory or effective

+ To develop drug resistance for the failure ofconcentrations.Geno2pheno software uses machine

current HIV therapies by HAART methods

learning analysis for subtypes of HIV with proper

e The ability to predict the drug resistance will be inhibitory values. If molecular mechanics is folleav

useful in developing
regimens

long lasting

treatment by machine learning with appropriate Inhibitory or

effective concentration. Then the validation of
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Genotyping will be more accurate than initial Durant, J., 1999. Drug-resistance genotyping in IV
Geno2Pheno analysis. So all these combined confined therapy: The VIRAD APT randomized controlled

parameters of Molecular network will make sure to trial. Lancet, 353: 2195-2199.
achieve better accuracy for Geno2Pheno analysis. http://linkinghub.elsevier.com/retrieve/pii/S014067
3698122912
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