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Abstract

QSAR (Quantitative Structure Activity Relationshigtudies were carried out on a set ofNé1
(2-aryl-cyclohexyl) and\N-(2-hydroxy-2-aryl-cyclohexyl) substituted spiropipdines as GlyT1
inhibitors (Glycine Transporterl) using multipleggression procedure. The activity contributions
of these compounds were determined from regressipration and the validation procedures
such as external set cross-validatidifiRP. ex) and the regression of observed activities against
predicted activities and vice versa for validateet were described to analyze the predictive
ability of the QSAR model. An accurate and reliaQ8AR model involving six descriptors was
chosen based on the FIT Kubinyi function. Applidi&idomain of QSAR model such as
leverages, y-randomization test and RMSE (Root M&auare Error) of training and validation
set were reported.

Keywords: Multivariate analysis; Molecular diversity; Physichemical properties.

I ntroduction

Several new antipsychotic drugs have been intratlicehe last decade that promised to treat
schizophrenia than others without unwanted sidecesf[1].Schizophrenia is characterized by
failures in nearly all aspects of higher-order bhédwa such as disruption of information
processing and sensory perception, abnormal modgarsonal hygiene, cognitive impairments
including attention, short-term memory, and behalidlexibility and certain movement
abnormalities as well [2]. It has been postulatet Enhancement of glutamate transmission, in
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particular, N-methyl-D-aspartate (NMDA) receptotia&tion, produces both anti-psychotic and
cognitive enhancing effects, thus constituting éepbal therapeutic target for the treatment of
schizophrenia, psychoses and cognitive impairm8nt]] Some of the potential targets for
pharmacological intervention in schizophrenia idelihe glycine and D-serine binding site on
the NR1 subunits of the NMDA receptor, the Glycifransporter (Gly T), and potentiators of
metabotropic glutamate (mGlu) receptors, in palicunGlu5, which positively modulates
NMDA receptors through activation of the G proté€dy, and mGlu2/3, which regulate the
release of glutamate [2]. NMDA receptors are compl@bundant, ubiquitously distributed
throughout the brain and activation requires bdthagnate and glycine binding to open the ion
channel and permit the calcium entry. Glutamatkesased from pre-synaptic terminals, has the
neurotransmitter role whereas glycine which is @nésin the extracellular fluid acts as a
modulator. Evidence indicates that potentiating NMi2ceptor should be beneficial for treating
cognitive disorders and schizophrenia [8]. Morepwaativation of the glycine site has shown
some clinical benefit. Apart from normal antipsytbaherapy, addition of glycine or other
glycine site agonists, D-seine and D-cycloserineeweported to show efficacy in treating
schizophrenia [9]. However, few companies have $eduon another approach to increase
extracellular levels of glycine by blocking glycine-uptake into neurons through the inhibition
of GlyT1 transporter [10]. GlyT1 is the only sodiwrhloride dependent glycine transporter in
the forebrain, co-expressed with the NMDA receptlyT1 is thought to be responsible for
control of extracellular level of glycine at thensypse. Several groups have focused their efforts
in developing selective GlyT1 inhibitors [11] andrariety of non-amino acid GlyT1 inhibitors
were reported [12].

Quantitative Structure activity relationship (QSAR)dies delineate the structural requirements
for potency of inhibitors. QSAR studies have bemrestigated on the basis of the fact that the
biological activity of the compound is a functiori ibs physicochemical properties. From
literature, it was observed that very few attempése made to build QSAR models of GlyT1
inhibitors. In this paper, we report QSAR studies Bl-(2-aryl-cyclohexyl) substituted
spiropiperidines as GlyT1 inhibitors to investigdatee influence of molecular structure on
biological activity. Several validations were refgar which state the robustness and domain
applicability of the model.

Materialsand Methods

To obtain a reliable and robust QSAR model, it ésichble to consider a large data set that
covers reasonable chemical diversity and biologaetivity. Hence, a set of 61 compound
biological data was taken from 2 references [13, THe structures along with bioactivities are
given in Table I. The inhibitory activities of theeglerivatives reported in terms ofsiGn pM
were transformed into their corresponding concéoma values in order to overcome
overlapping data. Therefore, to guarantee the fidésribution of data, the enzyme inhibition
was converted to negative logarithmic values amed tised for subsequent QSAR analysis. The
structures were sketched using ISIS Draw 2.3 (wwdli.oom) software and the descriptors
were calculated using Tsar 3.3 software (www.agsailom). Before the calculation of
descriptors, three dimensional structures of allecwdes were generated using Corina 3D
package, charges were derived and the geomettriesiogd using cosmic module of Tsar.
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Tablel: Structure and biological activities of compounds

ID Compound name ECso (UM) Molecular Molar conc.

M ass log(C)
O H
>
N

1 (cis,rac) 0.026 389.59 -7.176
2 (trans,rac) 0.073 389.59 -6.727
3 (cis, 1R,2R) 0.004 389.59 -7.988
4 (cis,1S,2S) 0.380 389.59 -6.010
@) H
>
N
_N
R
5 C'S'Z'phegg’/'l'cy‘:")pe”t' 1.1 375.56 5.533
6 C'S'Z'pherl‘zll'cyd(’hept' 1.7 403.57 -5.375
7 1’1'd'meé:‘r3]’)'/'|2'phe”y" 9.3 363.55 -4.592
8 2-methyl-2-phenyl-propy 7.3 363.55 -4.697
@) H
>
R
N
N
9 4-F-Ph 0.023 407.58 -7.248
10 4-Cl-Ph 0.040 424.03 -7.025
11 4-Me-Ph 0.085 403.62 -6.676
12 4-MeO-Ph 0.610 419.62 -5.837
13 3-Cl-Ph 0.130 424.03 -6.513
14 3,4-ChL-Ph 0.067 458.47 -6.835
15 3-CFR;,4-CI-Ph 1.8 492.03 -5.436
16 2-Me-Ph 0.510 403.62 -5.898
17 2-Py 6.6 390.53 -4.772
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@) H
)
N\
N R
18 4-F-Ph 0.024 407.58 -7.232
19 4-CI-Ph 0.027 424.03 -7.196
20 4-CR-Ph 0.065 457.59 -6.847
21 4-MeO-Ph 0.066 419.62 -6.803
22 4-Me-Ph 0.055 403.62 -6.865
23 Et 6.6 341.55 -4.713
24 nPr 0.450 355.58 -5.897
25 nPent 0.034 383.64 -7.052
26 nHex 0.049 397.67 -6.909
27 cPr 3.3 353.56 -5.029
28 cBu 1.5 367.59 -5.389
29 cPent 0.63 381.62 -5.782
30 cHex 0.75 395.65 -5.722
31 CH.-cHex 0.065 409.68 -6.799
32 CH, CH,-cHex 0.025 423.71 -7.229
33 CH,-Ph 0.258 403.62 -6.194
34 CHCH,-Ph 0.025 417.65 -7.222
35 CHCH,-OMe 5.3 371.58 -4.845
O H
)
N
N
36 (cis,rac) 0.026 389.59 -7.175
37 (trans,rac) 0.073 389.59 -6.727
@) H
)
HO,, N
.} N

38 (trans,rac) 0.056 405.59 -6.859
39 (cis,rac) 0.044 405.59 -6.964

150




Ajay Babu Padavalaet al

J. €&@h. Pharm. Res., 2010, 2(2): 147-162

o. H
N
R1 >
HO,, N
J_ N
R2
40 4-MeO-Ph H 0.261 435.62 -6.222
41 4-Me-Ph H 0.140 419.62 -6.479
42 4-CI-Ph H 0.080 440.03 -6.740
43 3,4-Ch—Ph H 0.173 A74.47 -6.438
44 4-F-Ph H 0.040 423.58 -7.024
45 2-Me-Ph H 0.050 419.62 -6.923
46 3-CI-Ph H 0.130 440.03 -6.529
47 3-Me-Ph H 0.130 435.62 -6.525
48 3-MeO-Ph H 0.130 435.57 -6.525
49 2-Py H 0.130 406.58 -6.495
50 3-Py H 0.110 406.58 -6.567
51 4-Py H 0.062 406.58 -6.816
52 Me H 9 343.52 -4.581
53 t-Bu H 29 385.61 -4.123
54 4-F-Ph F 0.024 441.57 -7.264
55 4-F-Ph Cl 0.015 458.02 -7.484
56 4-CI-Ph F 0.024 458.02 -7.280
57 4-CI-Ph MeO 0.099 470.06 -6.676
O. H
h
HO, N
LN
O
58 | (cis,rac) | 0.058 | 407.56 | -6.846
@) H
)
HO/ N
1 N
O
59 | (cis,rac) | 0.090 | 407.56 | -6.655

151



Ajay Babu Padavalaet al J. €&@h. Pharm. Res., 2010, 2(2): 147-162

5%

60 | - | 0.45 \ 35558 | -5.897
Oo. H
% >
HO,, gN
’ R N \_\
61 | - | 0.40 \ 37158 | -5.967

Multivariate Regression Analysis

QSAR models were constructed on complete and tgisets, respectively. Validation was done
internally using leave-one-out (LOO) technique axdernally by predicting the activities of
validation set. The relationship between dependantble (logC) and independent variables
was established by linear multiple regression amalysing Tsar. Significant descriptors were
chosen based on the statistical data of analysatiscal quality of the generated QSAR
equation was judged based on the parameters likelaton coefficient (r), standard error of
estimate (s), F-value, cross-validation(g) and predictive residual sum of squares (PRESS).
Cross-validation was calculated using leave-oneto@) technique over 2 random trials with
F to leave and F to enter being 2 in F steppingnttude the most significant variables in
generating the QSAR model.

Thirty five molecular descriptors were selectedtfa study: topological, shape and connectivity
indices, total dipole and lipole, molecular weightbond donors, h-bond acceptors, logP and
rotatable bond counts. A semi-empirical moleculabital package was used to calculate
thermodynamic property like heat of formation atet&ostatic properties like HOMO (Highest
Occupied Molecular Orbital) and LUMO (Lowest Unopad Molecular Orbital).

Predictive Ability of QSAR model

Predictive ability of the generated model was ested externally by predicting the activities of
validation set. This criterion may not be suffidciéor a QSAR model to be truly predictive [15].
An additional condition for high predictive abiliogf QSAR model is based on external set cross-
validation f, (Rev.ex) and the regression of observed activities againsticted activities and
vice versa for validation set, if the following abfions are satisfied [15, 16].

Ricext > 0.5 (1)
> 0.6 2

R R)/R<0lor (R-R?)/R<0.1 (3)

0.85k<1.150r 0.85x k' <1.15 (4)
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Calculations relating to R, ex; Ro” and the slopes, k and k' are based on regress$iohserved
values against predicted values and vice versa [15]

Applicability Domain of QSAR Model

Applicability domain of a QSAR model must be detinéthe model is to be used for screening
new compounds. Predictive ability of the model rbayconsidered reliable for compounds that
fall into this domain [16]. One simple approactb&sed on y-randomization and the calculation
of leverage for each chemical compound used irstilngy.

Y-randomization

This test ensures the robustness of a QSAR modgl dhd to assess the multiple linear
regression models obtained by descriptor sele¢fi8h In y-randomization test, the dependent
variable or y-data is randomly shuffled and a ne®A® model is developed keeping X-data
intact. The new models are expected to have IdwaRd G values, which determine the
statistical significance of the original model. Mover, if the model development includes F-
stepping, then it is necessary to shuffle both ddpet and independent variables to indicate that
the original model is not because of chance cdiogla

Leverage Test

Leverage values refers to the diagonal elementeeohat matrix H = (X (X’X)-1X’). A given
diagonal element (h [ii]) represents the distanesvben the X value for th& iobservation and
the means of all X values. Leverages measure #targie of an observation from the centre of a
set of X observations [19]. A leverage value, bieater than 3p/n is usually considered large
(where p is the number of parameters in the modled ponstant and n is the number of
observations). If high leverage points fit the modell (i.e. have small residuals), they are
called “good high leverage points” or good influerpoints. Such points stabilize the model and
make it more precise. High leverage points, whighdt fit the model (i.e. have large residuals)
are called “bad high leverage points” or bad infices points [19].

Results and Discussion

Multivariate regression analysis with F steppingtgFenter and F to leave being 2) and cross-
validation by leaving-out-one row, to test the pcide power, resulted in Kappa2 index, Kier
chi4 (cluster index), Kier chiV3 (cluster index)-dénd donors and H-bond acceptors as the
most significant descriptors. Equation 5 represémisiinear QSAR model from a complete set
of 61 GlyT1 inhibitors.

log(C) =+ 1.044 *Kier chiV3
+ 3.652 * Kier chi4
- 0.725 * Kappaz2 index
+ 0.614 * H-bond acceptors
- 1.533 * H-bond donors

-1.131
r =0.876, r2 =0.767, q2 =0.865, F = 33.616, n = 61
PRESS =5.170, s =0.418 (5)

A new QSAR model was attempted by dividing theaseta 50 molecule training set and a 7
molecule validation set (Table II). More specifigathe selection of molecules in the training
set was made according to the biological actionraotecular structure, so that representatives
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of a wide range of structures with different suiostints, atoms and activity were included. The
distribution of activity values for the validati@et follows the similar distribution of the activit
values for the training set [20].

Tablell: Logarithmic molar concentration values of complete, training and validation set
and descriptor values of the proposed QSAR model (Eq. 7).

. Complete Training Validation Balaban .

o | AN | st | st el oo | A | s | i | |
og og og index

1 ——

-7.176 -6.738 -6.812 1.161 116.481 9.24 0.083
2 ——

-6.727 -6.738 -6.812 1.161 116.481 9.24 0.083
3 ——

-7.988 -7.189 -7.012 1.161 116.481 9.24 0.083
4 ——

-6.011 -6.738 -6.812 1.161 116.481 9.24 0.083
5 ——

-5.533 -6.292 -6.35 1.175 111.88 8.61 0.083
6 ——

-5.375 -5.154 -5.241 1.196 121.08 9.86 0.085
72 -4.637

-4.592 -4.674 -—-- 1.320 109.324 8.3 0.287
8 ——

-4.697 -4.595 -4.747 1.301 109.138 8.3 0.287
9 ——

-7.248 -6.838 -7.049 1.172 116.697 9.4} 0.083
10

-7.025 -6.696) -6.611 1.172 121.286 9.4} 0.083
11

-6.676 -6.730 -6.588 1.172 121.522 9.4} 0.083
12

-5.838 -6.671 -6.628 1.162 122.944 10.0 0.083
13

-6.513 -6.696) -6.628 1.168 121.286 9.4} 0.083
14

-6.835 -6.711 -6.48% 1.168 126.09 9.7( 0.083
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15

-5.437 -6.129  -6.03 1.158| 127.259 10.40 0.372
16

-5.898 -6.767]  -6.496 1.191| 121527  9.47 0.083
17

-4.772 -4.845  -4.23% 1.161| 114.007 9.24 0.055
18

-7.230 -6.838  -7.114 1.157| 116.697  9.47 0.083
19

-7.196 -6.696]  -6.68] 1.157| 121.28  9.47 0.083
20

-6.847 -6.128  -6.226 1.147| 122454 1017 0.372
21

-4.697 -6.671]  -6.68¢ 1.149| 122.944 10.09 0.083
22 - 6.659

-7.248 -6.730, - 1.157| 121523  9.47 0.083
23

-7.025 5221  -5.01% 1.316| 101451 7.94 0.083
24

-6.676 5679  -5.446 1.314| 105.974 8.57 0.083
25

-5.838 -6.625  -6.442 1.292| 115.177  9.87 0.083
26

-6.513 7113 -6.99] 1.275| 119.774 10.54 0.083
27

-6.835 -4.748  -4.77] 1.176| 103.914 7.4 0.083
28

-5.437 5173 - -5.129 1.17 108.515 8,02 0.083
29

-5.898 5609 - -5.531 11720 113.116  8.63 0.083
30

-4.772 -6.054  -5.97] 1.161| 117.717 9.24 0.083
31

-7.230 -6.4100  -6.494 1.136| 122448 9.8y 0.083
32

-7.196 -6.874  -7.034 1.112| 127.124 1051 0.083
33

-6.847 -6.500  -6.602 1.137| 121.314 9.87 0.083
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34

-7.222 -6.964  -7.135% 1.112 126.07 105 1 0.04
35

-4.846 5533  -5.476 1.306| 107.747 9.2 1 0.04
36

-7.176 -6.738  -6.769 1.170| 116.481] 9.2 1 0.04
37

-6.727 -6.738  -6.731 1.178| 116.48] 9.2 1 0.04
38

-6.860 -6.921]  -6.936 1.195| 117.774 9.0 2 0.2(
39

-6.965 -6.921]  -6.936 1.195| 117.774 9.0 2 0.2(
40

-6.222 -6.843  -6.702 1.202| 124241 9.9 2 0.2(
41

-6.480 -6.918  -6.696 1.211| 122819 9.3 2 0.2(
42

-6.740 -6.884  -6.719 1.211| 122583 9.3 2 0.2(
43

-6.438 -6.904  -6.59% 1.208| 127.387  9.5] 2 0.2(
44

-7.025 -7.026]  -7.156 1.211| 117994 9.3 2 0.2(
45

-6.924 -6.953  -6.602 1.231| 122819 9.3 2 0.2(
46

-6.530 -6.884  -6.736 1.208| 122583 9.3 2 0.2(
47

-6.525 -6.843  -6.734 1.196| 124.241 9.9 2 0.2(
48

-6.525 -6.011|  -6.025 1.184 125.33  9.9] D 0.14
49 -6.361

-6.495 -6.326] - 1.216| 115.249 9.0 2 0.2(
50

-6.567 -6.307  -6.328 1.216| 115589 9.0 2 0.2(
51

-6.817 -6.307  -6.328 1.216| 115589 9.0 2 0.2(
52

-4.582 5061  -5.009 1.372| 97.9131 7.2 2 0.24
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53

-4.124 -3.997,  -3.956 1.387| 111.307 7.92 2 0.4
54

-7.264 71320 -7.571 1.187| 118.211 9.57 2 0.2(
55

-7.485 -6.990  -7.136 1.187| 122799  9.57 2 0.2(
56" -7.136

-7.281 -6.990 - 1.187| 122799  9.57 2 0.2(
57

-6.677 -6.805|  -6.676 1.178| 129.04 10.17 D 0.2
58

-6.847 -6.307]  -6.486 1.195| 114.9794  9.09 2 0.2(
59

-6.656 -6.307]  -6.42 1.209| 114.974  9.09 2 0.2(
60

-5.898 5679  -5.446 1.315| 105.9794 8.57 1 0.04
612 -5.466

-5.968 5842 - 1.363| 107.274  8.39 D 0.2(

2 Validation set molecules. ; ° Calculated valuesfrom Equation 5; ¢ Calculated values from Equation 7

9 Predicted values from Equation 7

Cross-validation was performed using leave-oneb@iO) technique over 2 random trials with
F to enter and F to leave being 2 in F steppingnttude the most significant variables in
generating the QSAR model. The results obtaineah fitee multiple linear regression procedure

with varied number of descriptors are shown in &dblwith their statistics (Egs. 6-8).

Tablelll: Descriptor data and statistical values of 5, 6 and 7 variable model equations

Coefficient

Descriptor 5-variable 6-variable 7-variable

model model model
Balaban index - +4.803 +5.257
Molecular refractivity - +0.095 +0.131
Kappa? index -1.210 -1.355 -1.498
H-bond donors -1.672 -1.872 -2.024
H-bond acceptors +0.673 +0.717 +0.771
Kier ChiV2 path - - -0.271
Kier ChivV0O atoms +0.334 - -
Kier Chi4 index +4.860 +4.634 +5.001
Intercept -1.373 -10.93 -11.871
Statistics
R 0.859 0.884 0.888
r’ 0.737 0.780 0.788
o0 0.717 0.693 0.682
F 24.686 25.527 22.418
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N 54 54 54
PRESS 9.185 9.943 10.32
s 0.440 0.407 0.404
Equation No. 6 7 8

FIT Kubinyi function

All the three models passed the conditions fordadion sets (Eqs.1-4, Table IV). Further, to

define the statistical quality of activity predmi, the number of variables that enter in a QSAR

model are compared by using FIT Kubinyi functiom(R), a criteria closely related to F value

was proven to be useful [21].
FIT=R(n-k-1)/(n+R 1 -R) (9)

Where n is the number of compounds in trainingaset k is the number of variables in the

QSAR equation.

TablelV: Predictive ability of validation sets consisting of 5, 6 and 7 variables

Var® | R% e« | R? k K’ Eq° Eq°

5 0.636 | 0.887 1.038 | 0.963 0.013|  0.001
6 0.792 | 0.967 1.035 | 0.966 0 0.001
7 0.828 | 0.975 1.033 | 0.968 0.001|  0.004
2number of significant variables? (R* — Ry*) / R
C(RR-R)) IR

The main feature of F value is its sensitivity banges in k, if k is small and its lower sensijivit

if k is large. The FIT criterion has a low senstiivowards changes in k values, as long as they
are small numbers, and a substantially increasemgisvity for large k values [22]. The best
model will be the one that possess a high valugisffunction. Hence, QSAR models with five,
six and seven variables are generated (Table ®hdose the best among them.

TableV: Statistical parameters of the regression models obtained for five, six and seven

variables.
Var? | r? s F FIT Eq No.
5 0.737 | 0.440| 24.686| 1702 6
6 0.780 | 0.407| 25.527| 1.85] 7
7 0.788 | 0.404| 22.419| 1.660 8

# number of significant variables

According to the statistical values of the modelgarted in Table V, we chose the model with
six variables since this showed high FIT than athd@ihe observed, calculated and predicted

values of the statistically significant six paragteQSAR model (Eq. 7) are presented in Table
Il.
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Equation 7 accounts for the significant correlatafndescriptors with biological activity and
displayed good internal predictivity as shown Byaglue of 0.693 and was able to explain 78.0
% variance of inhibitory activities of derivativeBhe predictive residual sum of squares and the
standard error of estimate are 9.943 and 0.40%ctsply. Observed verses predicted values of
molecules in training and validation set are shagrephically in Fig. 1. The proposed QSAR
model Eq. 7 illustrated the predictive ability ofi€ 1-4 and depicted graphically in Figs. 2 and
3.

¥ =0.80062- 12358
B E2=0.7200

Predicted Values log(C)

-8 < Training Set
& Yalidation Set

-10 -9 -8 -7 -6 -5 -4 -3 -2 -1
Obh=emved Valueslog(C)

Fig. 1: Observed and predicted values of moleculesin training and validation set

Validation Set

y=0.9626x - 0.0185
-4 R*=09473

P redi cted Values log (C)

y=00656%
R =02673

- -7 -6 -5 -4 -3
Observed Values log(C)

Fig. 2: Regression plot between observed vs. predicted values of compounds from
validation set justifying the predictive ability of QSAR model Eq. 7
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Validation Set

g | ¥=10048x- 0179

o R2 = 0.9673

g .

g 5

2

[

>

F *

£

@

w

S . ¥ = 1.0348
R2= 0.9664

-3 : : : ;
-8 -7 -B -5 -4 -3

Predicted Values log(C)

Fig. 3: Regression plot between predicted vs. observed values of compounds from
validation set justifying the predictive ability of QSAR model Eq. 7

The model was further validated by applying theagelomization test. As the model selection
included F-stepping, several random shuffles ofdépendent as well as independent variables
were performed and the results are shown in Tabldhe low R and @ values indicate that
the results obtained in our original model (Egai not due to chance correlation. Alternatively,
Table VII given below represents the leverage \alofketraining and validation sets. RMSE of
training and validation sets were calculated basedEuclidean distance method using Ambit
software and the values are within the limits, RMfSE training set is 0.37 and RMSE for
validation set is 0.04, respectively.

Interpretation of Descriptors

A brief explanation of the descriptors that wernéagd to generate the statistical QSAR model:

From Eq. 7 it can be observed that the Balabanagpmal index, molecular refractivity, H-bond

acceptors and Kier Chi4 index properties has p@sitiontribution towards GlyT1 inhibition.

Topological index can be used to evaluate strukcsimailarity and diversity and describes the
nature of atoms and bond multiplicity such as atoorder (Z), relative eletronegativity (X),

length of covalent radius (Y), atomic mass (A),naito and adjacent hydrogen mass (AH),
atomic polarity (P), atomic radius (R), and atoraletronegativity (E) [23, 24]. The Balaban
index, J, is the average-distance sum connect[2®} and measures the ramification which
tends to increase with molecular ramification [26].

Molar refractivity is a measure of steric factasgonstitutive-additive property, may be treated
as the additive sum of contributions of constitustntictural fragments, and a measure of the
volume occupied by a group of atoms. Molar reframtiincreases as the formula weight and

molar volume increases, indicating the concurreataase in steric effects [27]. Therefore, Eq. 7
suggests that better GlyT1 inhibition can be adtdewith an increase in molecular refractivity

and Balaban index with an increase in molecularctiire by substituting groups that increase
steric property on spiropiperidine moiety.
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Most of the studied inhibitors contain halogen grelike CI, F and are known to act by forming

H-bonds with the acceptor residues within the actite region. Negative correlation of H-bond

donor term with activity indicates lower the numloérH-bond donor groups in the molecule,

more active it would be. On the other hand, Eqefings that increase in acceptor groups is
favorable for Gly T1 activity. Therefore, designingw analogs with decrease in H-bond donor
atoms with introduction of few acceptor atoms og tasic scaffold would increase Gly T1

inhibition.

On the other hand, a high value of Kappa2 indexessmts a negative contribution to the
activity. The Kappa index [28] is a molecule shapmex based on the assumption that the shape
of a molecule is a function of the number of atoamsl their bonding relationship. Kappa 1
shows the degree of complexity of a bonding patt€éappa 2 indicates the degree of linearity of
bonding patterns. Kappa 3 indicates the degreeasfdhing at the centre of a molecule, larger
for predominantly linear molecules with branchirigtee ends. Equation 7 suggests that a high
value of kappaZ2 index decreases the activity, lreowvords, the degree of linearity of bonding
patterns should be modified by introducing groupat tenhance H-bond acceptors and by
reducing H-bond donor property with a concomitantréase in molecular structure on
spiropiperidines increases Gly T1 inhibition.

Hall and Kier [29] have developed molecular conivégt indices (Chi) that reflect the atom
identities, bonding environments and number of mydiydrogens. Hall and Kier defined four
series of fragment categories: Path, Cluster, Baibfer, and Ring. Moreover, the size,
branching, unsaturation, cyclic and chemical natfrearious chemical species are determined
by molecule connectivity. Therefore, an increasKigr Chi4 path/cluster index can be achieved
by increasing the size and branching order on #s&clskeleton.

Conclusion

The generated QSAR model on the data set with nedd® chemical diversity and biological
activity demonstrated a promising method and tledsscriptors [Balaban Topological index,
Molecular refractivity, Kappa2 index, Kier chi4 (ster) index, H-bond donors and H-bond
acceptors] were found to be important in descritthegGlyT1 inhibition. The predictive abilities
and the internal and external validation procedultestrated the accuracy of the model. This
work indicates that accurate predictions can baemed with few computational efforts in a
relatively short time and the procedure describaal loe extended to study the receptor-ligand
interactions based on QSAR. Various validation pdares described in the paper demonstrate
the robustness of the QSAR model.
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