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ABSTRACT

2D-QSAR and 3D-QSAR studies by means of MLR, PL®@R were performed on a series of 4-Alkoxycarbony
1, 5-diaryl-1, 2, 3-triazole analogues for the tient of drug abuse disorder using software MDS v&iion
(VLife Science). This study was performed with &&mounds (Data set) using random as well as madatd
selection methods for the division of the data im&ining and test set. MLR methodology with stepwibrward-
backward variable selection method was used folding the QSAR models. Statistically significantA@Smodels
were generated. Among them most significant modsl dguared correlation coefficient’\r= 0.9895, cross
validated correlation coefficient §fy= 0.9747 and predictive correlation coefficieqiréd_r) = 0.9826 for the
treatment of drug abuse disorders. The idea ofpesent study is the search for novel 4-Alkoxycaybd, 5-
diaryl-1, 2, 3-triazole analogues that would showrpise to be useful in the treatment of drug aldiserders.

Keywords: CB1 cannabinoid receptor, 4-Alkoxycarbonyl-1,%4gl-1,2,3-triazoles , 2D QSAR, 3D QSAR kNN-
MFA, VLife MDS

1INTRODUCTION

The wide range of pharmacological effects of cammll and endogenous cannabinoid ligands, are rreztliay
two subtypes of transmembrane G-protein coupledptecs: CB1 and CB2. [1-4] CB1 receptors are exga@sn

the central nervous system (CNS) with high denigityie cerebellum, hippocampus and striatum. [5] C&eptors
are found in some peripheral tissues (urinary bdadtestis, and ileum) as well. CB2 receptors asgl@gminantly
located in the immune system (tonsils, spleen amdiine cells) with very low concentration in the CN¢§ CB1

agonists have potential therapeutic applicationdeiveloping drugs for pain, nausea, glaucoma, strotncer and
neurological disorders such as multiple sclerosid &arkinson’'s disease. The potential applicatioh<CB1

antagonists include the therapeutic treatment ekibp and related metabolic disorders as well adicagons for
drug addiction. The role of CB1 receptors in thdsease states and disorders, the nature of tleptes active
sites, and the molecular interactions between #weptors and ligands are not fully understood amduader
intensive investigatiolfi7-8]

Our interest in developing new effective medicatiéor drug abuse has focused our attention on Bie r€ceptors
because of their selective presence within CNSthed mediation of the effects of psycho-stimulaats brain
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circuitry. Pharmacological studies have shown ®BL receptor antagonists or inverse agonists Haeability to
attenuate the elevation of dopamine levels thatumscevith psycho-stimulant use, suggesting theirepiial
applications in the treatment of drug abuse dissrd6-12. [9-11]

The pyrazole derivative SR141718 (vas the first compound reported to be a potedtssiective antagonist for
the CB1 receptor. [12] However, further charactgion of SR1411716 has shown it to possess ansawggonist
pharmacological profile.[13] This prototypical CB&ceptor antagonist/inverse agonist has been stualea
potential therapeutic for the treatment of obesitpoking cessation and a variety of other CB1 recemediated
pathological conditions.[14] However, inverse agtsitypically elicit pharmacological responses igo to
agonists and thus are not ideally suited for teattnent of drug addiction due to potential dyspherie effects
associated with these drugs. These include inalease ceptive sensitivity, decreased food intake laody weight,
disruption of operant behavior and potential nausdaumans.[15-19] Such side effects undoubtedlyladidead to
low compliance and relapse among addicts. Moreaeeent reports that describe increased levelsiety and
depression in patients, along with a higher incideaf suicide (3 to 1 over placebo) in clinicablsi with the diet
drug Rimonabant (SR141716) strongly disfavors égefiopment as a drug abuse medication.[20]

Based upon the structure of 1,5-diarylpyrazole ¢emplate in SR1417184), bioisosteric replacement has been an
important approach to discover new lead compoufig@int CB1 ligands and a variety of bioisostemalogues

of SR14716 have been synthesized and identifigub&ant ligand$"*. In reviewing the literature, the absence of
1,2,3-triazole analogues were significant. To esplthis deficiency, our aim was to perform 2D amat@SAR
analysis on a series of 1,2,3-triazole analogueBi@fL, and explore further the binding motifs dBXreceptor
ligands.

The purpose of the present study is to investifagePhysico-chemical parameters responsible foptb&ective

effect of 4-alkoxycarbonyl-1,5-diaryl-1,2,3-triaesl derivatives as a drug abuse medication, exgiereorrelation
between them and to obtain more information forigitésg novel substituted 4-alkoxycarbonyl-1,5-diaty2,3-

triazoles derivatives with potent protective adtivin the present investigation, three widely usechniques, viz.
stepwise forward variable selection method, Genatijorithm and simulated annealing have been apghe

descriptor optimization and multiple linear regressanalysis, principal component regression andigbdeast

square has been applied for two and three-dimealsipBAR models development. The generated modelddaer

insight into the influence of various interactivelds on the activity and, thus, can help in desigrand forecasting
the protecting effect of novel 4-alkoxycarbonyl-tjaryl-1,2,3-triazoles molecules.

A series of 4-alkoxycarbonyl-1,5-diaryl-1,2,3-trides analogues which were reported [21] are ché@e@SAR
study in order to establish quantitative relatiopdietween physiochemical properties and biologaivities of
the compounds using MDS software (VlifeSciencel] [2

MATERIALS AND METHODS
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Figure 1: Parent Chemical structure of 4-alkoxycabonyl-1,5-diaryl-1,2,3-triazoles derivative
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All molecular modeling studies (2D and 3D) were fpaned using the Molecular Design Suite (VLife MDS
software package, version 3.5; from VLife Sciendase, India), on a HP computer with a Pentium t¥cpssor
and a Windows 7 operating system. Structures wiegtclsed using the 2D draw application and conveirve8D
structures (Fig.1, Table 1).

Table 1: Inhibition of [ *H]SR141716A at CB1 receptors

Comp. Activity
No. Code ClogP’ (M)
1. HS69 5.33 590 + 170
2 HS53-2|  4.46 | 6900 + 1300
3 HS57-2| 5.11 1420 + 266
4. HS53-1] 4.68 4400 + 760
5. HS57-1| 5.32 66+7.0
6 HS60 4.69 54%
7 HS57-3| 5.68 180 + 27
8. HS57-4|  6.21 4.6+0.012
9. HS57-5| 6.70 NA
10 HS576 | 7.62 NA®
11. HS57-8|  6.83 11+34
12. HS57-9| 6.85 97 +55
13 HS57-7] 7.23 240 + 79

@ All compounds were tested as the freebds8ee Reference 25.All values are the mean = SEM of three experimpatformed in triplicate.;
4 Percent inhibition at 100uM?® NA, not available.

2.1 Biological data

The cannabinoid receptor affinity of substitutedildexycarbonyl-1,5-diaryl-1,2,3-triazoles derivagss on CB1
receptors were taken from the reported work. Thal teet of compounds was divided into a training fee
generating 2D and 3D QSAR models and a test setalatating the quality of the models. Selectiorthu# training
set and test set molecules was done on the basisiofural diversity and a wide range of actidtich that the test-
set molecules represent a range of biological iagtsimilar to that of the training set; thus, ttest set is truly
representative of the training set. The biologigetivity values [IC50 (LM)] reported in micro molanits were
converted to their molar units and then furthen¢gative logarithmic scale and subsequently us¢deadependent
variable for the QSAR analysis. The values ofl@long with the structure of the compounds in #es are listed
in Table 1.

2.2 Molecular modeling for 2D QSAR

In 2D QSAR analysis, significant methods Multipleelar regression, principal component regressiah rtial
least square were applied to generate the 2D-QSA&mThe 2D structures were converted to 3D atrest by
sending them to MDS software. Each compound wasggnminimized and batch optimized by using Merck
Molecular Force Field force field and charges foka by Austin Model-1. Hamiltonian method was aafli¢ in
MOPAC module with the convergence criterion 0.0@&lknol A® fixing Root Mean Square Gradients (RM8)
0.001 kcal/mol A°. 2D descriptors (physicochemiaatl alignment independent) were calculated foroghtamized
compounds on QSAR plus work sheet. The invarialdscdptors (the descriptors that are constant fotha
molecules) were removed, as they do not contribat€SAR. Most stable structure for each compound wa
generated after energy minimization and used folcutaing various physico-chemical descriptors like
thermodynamic, steric and electronic. The energyimized geometry was used for the calculation ef whrious
2D descriptors (Individual, Chi, ChiV, Path cou@ti Chain, ChiV Chain, Chain path count, ClustethPcluster,
Kappa, Element Count, Estate number, Estate camiih Semi-empirical, Hydrophilic— hydrophobic, |&o
surface area and Alignment independent) and wasidened as independent variables in the preseahy.stu

QSAR analysis was performed after removal of alithvariable columns, as they do not contributthto QSAR.
The optimal test and training data set were geedrasing the manual as well as random data satentithod.
Sphere exclusion method was also adopted for divisf training and test set. Sphere exclusion neethaised for
creating training and test set from the data. This rational selection method which takes intostaeration both
biological and chemical space for division of ds¢& Dissimilarity value provides handle to va@irrtest set size.
It needs to be adjusted by trial and error untikaired division of train and test set is achiev&sla rule, increase
in dissimilarity value will lead to increase in nber of molecules in the test set. All 13 molecwlese subjected to
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regression analysis using Multiple linear regrassamalysis, as model building methods coupled stdpward
forward backward variable selection method. Regpesanalysis was carried out for treatment of dalgse
disorders and the best model was cross-validatest /0 dimensional QSAR results obtained by midtimear
regression analysis (using random and manual delecton method), Partial Least Squares and Pihcip
Component Regression are obtained by the followiagle.2a, 2b and 2c¢ respectively.

Table 2.1: 2D QSAR model optimization by Multiplelinear regression analysis (using Random selectianethod)

Model No. I I i v
Parameters

Test set 1,2,5,13 10,4,7,8] 11,13,3,9| 13,3,4,8
N 9 9 9 9
DOF 5 6 6 7
r? 0.9917 0.9995 | 0.9871 | 0.9670
? 0.969¢ 0.998¢ 0.955¢ | 0.¢45¢
F-tes 199.705( | 6160.007 | 230.30( | 204.8¢
r’se 0.1214 0.027 0.1398 | 0.2128
g’se 0.2328 0.0429 | 0.2591 | 0.2723
pred r? 0.9976 0.9608 | 0.9942 | 0.9261
pred_r’se 0.0628 0.2475 | 0.1011 | 0.3146

Table 2.2: 2D QSAR model optimization by Patrtial last square and Principal component regression meths

Model No.

Parameters X Xil
2D-QSAR Method PLS results PCR results
Test se 11,126, 13,3,4,¢

Training set

1,2,3,4,5,8,9,10,13

1,2,5,6,7,9,1011

Optimum components

1

1

N 9 9
DOF 7 7

r? 0.9700 0.9670
q 0.938: 0.945¢
F-test 226.0004 204.86
r’se 0.2107 0.2128
g’se 0.3014 0.27
pred_r? 0.9388 0.9261
pred_r’se 0.2607 0.3146

2.3. Three dimensional (3-D) QSAR studies

In the kKNN-MFA method three models were generatedtie selected members of training and test seid,the
corresponding best two models are reported hetgiiie Molecular Design Suite 3.5 allows user to oke probe,
grid size, and grid interval for the generation descriptors. The variable selection methods aloiitly the
corresponding parameters are allowed to be chasehpptimum models are generated by maximizind-tNearest
neighbor molecular field analysis (kKNN-MFA) requdrsuitable alignment of given set of molecules.déave the
kKNN-MFA descriptor fields, a 3D cubic lattice wigrid spacing of 2 A’ in X, y, and z dimensions wereated to
encompass the aligned molecules. kNN-MFA descripteere calculated using sparbon probe atom with a van
der Waals radius of 2A° and a charge of +1.0 wiiéfiault cut off energy 30 kcal/mol to generateistéield,
electrostatic and hydrophobic fields. The steri@] alectrostatic energy values were truncateddsfault value of
+30 kcal/mol. The kNN-MFA steric, and electrostdiiglds thus generated were scaled by the standattiod in
the software. The 3D-QSAR studies were performe&MM-MFA using stepwise forward backward, simulated
annealing selection method and genetic algorithrthate The software produced more than 7568 descsifEnd
prior to model development descriptors having aeatues or same values were removed which resuftedare
than total 2500 descriptors for all the compoumdséparate columns This algorithm allows constngctraining
sets covering all descriptor space areas occupiedfdresentative points. KNN-MFA with simulated aaling and
stepwise variable selection was employed for seleaf variables to obtain the QSAR model. The dtad leave
one- out (LOO) procedure was implemented to caleutaoss validated® (cf) value, that is a molecule in the
training set was eliminated and its biological wbtfiwas predicted as the weighted average activitthe k most
similar molecules.
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2.4. Molecular alignment

Molecular alignment was used to visualize the stmat diversity in the given set of molecules. Thias followed
by generation of common rectangular grid aroundntioéecules. The Atom based alignment method wad fre
alignment by considering the common elements ofsiiges. kNN-MFA method requires suitable alignmeft
given set of molecules after optimization, aligmineas carried out by Atom based alignment metiiagl )

Figure 2: 3D view of aligned molecules by Atom badetype of method of alignment

2.5. k-Nearest neighbor (KNN) method:

The kNN methodology relies on a simple distancenieg approach whereby an unknown member is cladsif
according to the majority of its k-nearest neiglsbior the training set. The nearness is measurexhkappropriate
distance metric (e.g., a molecular similarity meastalculated using field interactions of molecudauctures). This
method employs the kNN classification principle ¢caned with the stepwise selection procedure formaigation
of the number of nearest neighbors (k) used tones¢é the activity of each compound and optimizatibeelection
of variable from the original pool of all moleculdescriptors (steric and electrostatic fields atlitice points) that
are used to calculate similarities between compsurithe descriptors that get selected in a givedehare the
field points either of steric or of electrostatiature at particular locations in a common grid acbreported set of
molecules. For utilizing these descriptors for digand design, we consider the field values atedéht grid points
of compounds cluster having most active compour @xtrema of field values of compounds in the telusf
most active compounds decide the range of fieldaswhich is preferred and recommended for new oo
design.

2.5.1. KNN-MFA Stepwise (SW) forward variable selgmn:

In stepwise (SW) forward backward variable selectidgorithm, the search procedure begins with dped a
trial model step by step with a single independaniable and to each step. Independent variabéeadded one at a
time, examining the fit of the model by using theSPcross-validation procedure. Thus, the modekjseatedly
altered from the previous one by adding or remowrredictor variable in accordance with the ‘steggriteria’
(in this case F= 4 for inclusion; F=3.99 for exatusfor the forward—backward selection method). Thethod
continues until there is no more significant valéatemaining outside the model (Table 3).
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Table 3: Best results of 3D QSAR model obtained blyNN-MFA method

Model No.
Parameters X XIV XV
kNN-MFA Stepwise Forward Simulated Genetic
method Backward (SWFB) | Annealing (SA) Algorithm (GA)
Test set 11,13,3,9 13,3/4,8 11,12,6,7
kNN 2 2 3
N 9 9 9
DOF 7 4 5
g 0.7063 0.6349 0.1414
g’se 0.5788 0.6618 1.0508
pred_r? -1.4133 -0.9634 -2.6121
pred_r’se 2.0629 1.6212 2.0034

) E_1100, E_1179,
Descriptors E_592 S 1157 E 892 S_910,S_323,E_528

2.6. Development and validation of QSAR models

Models were generated by using significant sta@tmethods, namely, Multiple linear regression RJLThe
multiple linear regression model and its estimatising ordinary least squares (OLS) is doubtlessbst widely
used tool. The multiple linear regression modelasss a linear (in parameters) relationship betwedependent
variable y and a set of explanatory variables=x(x0; x1; :::; xK). Xk is also called an independent variable, a
covariate or a regressor. The first regressor x 1 is a constant unless otherwise specified.tiMal linear
regression attempts to model the relationship batvie/o or more explanatory variables and a respeasable by
fitting a linear equation to observed data. Eveajug of the independent variabdés associated with a value of the
dependent variablg. Here all the calculated descriptors were conellers independent variable and biological
activity as dependent variable.

The cross-validation analysis was performed udigléave-one-out method. The following statistigatameters
were considered to compare the generated QSAR siaatetelation coefficient (r), squared correlatamefficient
(r¥), predicted 7 (pred_f), and Fischer's value (F}. To validate the generated QSAR models, the lemaout
(LOO) method was used, indicated as the value qtgss-validated explained variance), which isemsure of the
internal predictive ability of the model. The cresdidated r2 (g2) value was calculated, wherend a are the
actual and predicted activities of tfeniolecule respectively, anghanis the average activity of all the molecules in
the training set.

Both summations are over all molecules in the ingjrset and hence the predictions were based ocuttent trial
solution, the §obtained indicates the predictive power of theenrmode.

qul — E(:’F;—f}:):

Z(V: = Vonean )

The predicted’ (pred_f) value was calculated, where yi and “yi are theiacand predicted activities of thB i
molecule in test set, respectively, angkny is the average activity of all molecules in thaiing set. Both
summations are over all molecules in the test Bee. pred_7 value is indicative of the predictive power of the
current model for external test Set

Sy, — 9)°

EE ¥i— -.Vmean)_

pred_r® =1—

To evaluate the statistical significance of the @S#odel or an actual data set, we have employedeatal
hypothesis testing. The robustness of the QSAR fadde experimental training sets was examined dmygaring
these models to those derived for random data Ratsdom sets were generated by rearranging biabagativities
of the training set molecul@s
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RESULTS AND DISCUSSION

The importance and utility of the new 2D and 3D @Skethod discussed has been established by apptying
known sets of molecules as described above. Alt#heulated descriptors were considered as independriable
and biological activity as dependent variable. QSAR analysis, significant methods like Multipieear

regression analysis, Partial Least Square (PLSPaimtipal Component Regression (PCR) were appliegknerate
the model having good?cand pred 7 values, one of which was selected having goodrriateand external
predictivity. Selection of training and test setsway Manual data selection and random data seteatiethod.
Training and test set were selected if they follitve unicolumn statistics, i.e. maximum of the tisstess than
maximum of training set and minimum of the testisgreater than of training set, which is prersieifor further
QSAR analysis. This result shows that the testtisrpolative i.e., derived from the min-max randéraining set.

The mean and standard deviation of the trainingtestiset provides insight to the relative diffemf mean and
point density distribution of the two sets The QSARdels developed by kNN-MFA include both the glestatic,

steric descriptors along with their range to intlicteir importance for interaction in moleculaldi. Models 5,6
and 7 are with 3D QSAR studies. QSAR investigatiafisthe substituted 4-alkoxycarbonyl-1,5-diaryl-B8;2
triazoles derivatives series resulted in severahAR®quations. Some statistically significant 2D &8 QSAR

models were chosen for discussion.

3.1 2D-QSAR model:
Model lIl:
By Random data selection method;

ICso= 1.1144(+0.0582) XlogP + 0.1834(+0.0541) SsEHhdex — 0.5761

n = 9, Degree of freedom = &, 0.9871, §= 0.9558, F test = 230.306,3e = 0.1398, yse = 0.2591, pred’ £
0.9942, pred rse = 0.1011
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=
E so1{--) e e
.-lE .q_D - - -
= 3|:| - - -
U ED - — — B N o
gl N . i 0§
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xXlogP SsCHI2E-index
Descriptors

Figure 3a: Contribution plot of 2D-QSAR Model IlI

Among all the significant models the above is thstbmodel generated for anti drug abuse disordées.equation
explains 98.71% ti= 0.9871) of the total variance in the training aetl has an internal{gand external (pred?)yr
predictive ability of ~95.58% and ~99.42% respediiv The F-test = 230.300 which is far greater tltae F-
tabulated value = 3.2850 (http://url.ie/fjj2). Thihows the statistical significance of 99.99% & thodel, which
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means that the probability of failure of the model in 10,000. All the standard error values ag/Vow (less than
1) hence this model is highly acceptable.

In this QSAR model, the positive coefficient of ¥ [it is a prediction of logP based on the atopetgethod. It is
a constitutional descriptor and is determined ey Klellog method] on the biological activity indieatthat higher
the value leads to the better activity, while lowes value indicates less biological activity. Tgesitive coefficient
of SSCHE-Index [it is an electrotopological state indi¢estotal no. of CH3- groups connected with singtends]

on the biological activity indicates that highee thalue leads to the better activity, while lowee talue indicates
less biological activity. In addition, the randosation test shows confidence of 99.9999 (Alpha Rared R"2 =
0.0000) that the generated model is not randonhande chosen as the QSAR model.

[ |
41 -
=]
4]
=]
=6
a
| -
(T
5 .
4.5 5.0 5.5 6.0 6.5 7.0 7.5
Actual
= Training ® Test

Figure 3b: Fitness plot showing actual activity viesus predicted activity of Model Ill

Model VIII:

By Manual data selection method;

ICso= 1.1627(+0.0506) XlogP + 0.3031(+0.0908) SsEatint — 0.8332n = 9, Degree of freedom =6; .9895, §
=0.9747, F test = 281.570% 5e = 0.1345, Tse = 0.2082, pred® £ 0.9826, pred rse = 0.1390

Among all the significant models the above are blest models generated for anti drug abuse disordérs

equation explains 98.95%& 0.9895) of the total variance in the training aetl has an internal {gand external
(pred_f) predictive ability of ~97% and ~98% respectivelyeTF-test = 281.5701 which is far greater thanfthe
tabulated value = 3.2850 (http://url.ie/fjj2). Trikows the statistical significance of 99.99% a&f thodel, which

means that the probability of failure of the model in 10,000. All the standard error values ag/Vow (less than
1) hence this model is highly acceptable.

In this QSAR model, the positive coefficient of ¥ [it is a prediction of logP based on the atopetynethod. It is

a constitutional descriptor and is determined ey Klellog method] on the biological activity indieatthat higher
the value leads to the better activity, while lowres value indicates less biological activity. Tgasitive coefficient

of SsCHcount [This descriptor signifies the no. of CH34gps connected with single bond] on the biological
activity indicates that higher the value leadshe better activity, while lower the value indicatess biological
activity.
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Figure 4a: Contribution plot of 2D-QSAR Model VIII
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Figure 4b: Fitness plot showing actual activity viesus predicted activity of Model VIII

Model XI:

By partial least square method;

ICso= 1.1847 XlogP — 0.7883

n = 9, Degree of freedom = 7, 0.9700, §= 0.9382, F test = 226.0004,5e = 0.2107, 7se = 0.3014, pred’ F
0.9388, pred “rse = 0.2607

Among all the significant models the above are blest models generated for anti drug abuse disordérs
equation explains 97%?% 0.9700) of the total variance in the training aetl has an internal Ygand external
(pred_f) predictive ability of ~93.82% and ~93.88% respedijiv The F-test = 226.0004 which is far greatentha
the F-tabulated value = 3.2850 (http://url.ie/fjjDhis shows the statistical significance of 99.98f4he model,
which means that the probability of failure of tim@del is 1 in 10,000. All the standard error valaes very low
(less than 1) hence this model is highly acceptable

In this QSAR model, the positive coefficient of ¥ [it is a prediction of logP based on the atopetgnethod. It is
a constitutional descriptor and is determined ey Klellog method] on the biological activity indieatthat higher
the value leads to the better activity, while lowe value indicates less biological activity.
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Figure 5a: Contribution plot of 2D QSAR Model XI
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Figure 5b: Fitness plot showing actual activity viesus predicted activity of Model XI

Model XII:

By principal component regression method;

ICso= 1.1739 SlogP — 0.4720

n = 9, Degree of freedom = 7 * 0.9670, § = 0.9459, F test = 204.86° se = 0.2128, {yse = 0.27, pred’r=
0.9261, pred ’rse = 0.3146

Among all the significant models the above are blest models generated for anti drug abuse disordérs
equation explains 96.70% & 0.9670) of the total variance in the training aetl has an internal {gand external
(pred_f) predictive ability of ~94.59% and ~92.61% respesiiy The F-test = 204.86 which is far greater ttran
F-tabulated value = 3.2850 (http://url.ie/fjj2).i$shows the statistical significance of 99.99%haf model, which
means that the probability of failure of the moidel in 10,000. All the standard error values ag/vow (less than
1) hence this model is highly acceptable.

In this QSAR model, the positive coefficient of §R|[it is the log of Octanol/water partition coeféint, including
implicit hydrogens. This is an atomic contributiorodel that calculates logP from the given strugtuee correct
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protonation state (washed structures). Results waay from logP (o/w) descriptor] on the biologicattivity
indicates that higher the value leads to the battgvity, while lower the value indicates lesslbgical activity.
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Figure 6a: Contribution plot showing 2D QSAR of Mockl XII
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Figure 6b: Fitness plot showing actual activity vesus predicted activity of Model XI|

3.2 3D-QSAR model:

Model XIII:

By stepwise forward backward method,;

ICse= E_592 (-0.1075, -0.0342)

N= 9, Degree of freedom = 72 g 0.7063, dfse = 0.5788, pred® £-1.4133, and pred’ se = 2.0629

According to thekNN-MFA methodology Icsgis a function of independent variables, steric eledtrostatic fields.
Values of it prove the equation statistically to $ignificant. It also shows the predictive powertioé model as
70.63%. It showed steric and electrostatic fieldrgy of interactions between probe (CH) and compsiat their
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corresponding spatial grid points of 592. Numbegarast neighbor’s k of 2 were observed with thiglehd.e. two
values are proved statistically significant. Itdbserved from thd-ig 6 that the negative coefficient of E_592
suggested that electronegative substituent mag\mdble on the position of triazole ring for betetivity.

Figure 7a: Contribution plot of 3D-QSAR Model XIIl
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Figure 7b: Fitness plot showing actual activity vesus predicted activity of Model Xl

Model XIV:

By simulated annealing method;
ICs0=E_1100 (0.0243, 0.1525) + E_1179 (0.3555, 0.8593) 1157 (30.0000, 30.0000) — E_892 (-0.0378,98P7

N= 9, Degree of freedom = 4% g 0.6349, (fse = 0.6618, pred” £-0.9634, and pred? se = 1.6212

According to th&kNN-MFA methodology ICxpis a function of independent variables, steric eledtrostatic fields.
Values of it prove the equation statistically to significant. It also shows the predictive powertioé model as
63.49%. It showed steric and electrostatic fieldrgy of interactions between probe (CH) and compsLiat their
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corresponding spatial grid points of 1100, 117%7.1land 892. Numbers nearest neighbor’s k of 2 weserved
with this model i.e. two values are proved stat@ty significant. It is observed from the Fig.Gththe positive
coefficient of E_1100 and E_1179 suggested thattrelgositive substituent may be favorable on thsitjom of
triazole ring for better activity. Even the steféctor S_1157 is positive which indicates the fability of bulky
groups on the triazole ring to increase the agtivithe negative coefficient of E_892 indicates #uklition of
electronegative atom also at the position is resipbmfor the increase in biological activity.
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Figure 8b: Fitness plot showing actual activity vesus predicted activity of Model XIV

Model XV:

By genetic algorithm method,;

ICso= - S_910 (-0.1861, -0.0416) — S_323 (-0.0298,087) + E_528 (0.1386, 2.0222)

N= 9, Degree of freedom = 5% g 0.1414, ¢fse = 1.0508, pred” £-2.6121 and pred’ se = 2.0034

According to the&kNN-MFA methodology ICsis a function of independent variables, steric aeledtrostatic fields.
Values of it prove the equation statistically to significant. It also shows the predictive powertloé model as
14.14%. It showed steric and electrostatic fieldrgg of interactions between probe (CH) and comgsuat their
corresponding spatial grid points of 910, 323 aB8. 3Numbers nearest neighbor’'s k of 3 were obsewitdthis
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model i.e. three values are proved statisticaliypigicant. It is observed from the Fig.6 that tregative coefficient
of S 910 and S_323 suggested that the bulky grargsot favorable for the activity. While the poastcoefficient
of E_528 indicates the electropositive substituttonecessary for better biological activity.

Figure 9a: Contribution plot of 3D-QSAR Model XV
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Figure 9b: Fitness plot showing actual activity visus predicted activity of Model XV
CONCLUSION

In the present investigation, all proposed QSAR ef®dvere statistically significant, thus, from abo@SAR
investigations it could be concluded that 2D/3Datligsors properties of substituted 4-Alkoxycarboetyl5-diaryl-
1, 2, 3-triazoles derivatives are mainly involvadrieatment of drug abuse disorders. The good letior between
experimental and predicted biological activity fmmpounds in the test set further highlights tHeldity of the
constructed QSAR model. The requirements for theenpotent biological activity are explored with 2BD and
group based QSAR studies. The 2D technique indidiie importance of XlogP, SssCH3-Eindex, SssCHB;0
and SlogP of the compounds on the activity. The(BRAR analysis makes it possible to relate chensittactures
of ligands and their binding affinity with respeotdifferent bio targets by using the kKNN-MFA teajues. Thus it
provides a direct view of factors expressed in teohmolecular fields (electrostatic, steric) affieg the binding
affinity. This in turn could give the reasonablyogloprediction of binding affinity. The location amdnge of
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function values at the field points selected byrtiaels provide clues for the design of new molkesuHence, this
method is expected to provide a good alternativéhfe drug design.

The 3D-QSAR model showed that electrostatic effdotminantly determine the binding affinities andta QSAR
models developed in this study would be usefultfar development of new drugs as a medicament fodthg
abuse disorder. The 2D-QSAR studies revealed tigaitnaent independent descriptors were the majotritmrting

descriptors. The descriptor values obtained in $higly helped in quantification of the structurehtures of 4-
alkoxycarbonyl-1, 5-diaryl-1, 2, 3-triazole deriive.

After successful QSAR studies, attempts were madgredict the activities of the newly designed agaks of
these reported compounds. we have designed 47 eompcamong which 11 compounds are showing higher
activity than the reported analogues. In future,o&e synthesize these compounds using the selecheane and
confirm their activity by carrying ouh vivo evaluation.

R R3

Figure 10: Parent structure of the triazole derivatves

Newly Designed Molecules

After successful QSAR studies, attempts were madgredict the activities of the newly designed agaks of
these reported compounds. we have designed se@mrglounds among which 5 compounds are showing highe
activity than the reported analogues. In future,o&e synthesize these compounds using the selschenne and
confirm their activity by carrying oun vivo evaluation.

Table 4: Newly designed triazole derivative with teir predicted biological activity

These compounds have more biological activity thatihe reported.

Sr. No. Newly Designed molecules Activity

C CaHg
N_
cl

N N\
AN
N
? 5\ /
Cl
O N; f 7.1025
Cl
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\ N\\/N
N Cl
2 Q 8.08166
Cl

Cl

N\
CoHs \ SN
N Cl
3 Q 8.57019
\N
Cl
4 f j 8.71542

Cl
5 3 :< 8.1691
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