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ABSTRACT

The 5-HTg receptor binding affinities of the epiminocycloheptalb]indole derivatives have been quantitatively
expressed in terms of topological and molecular features. The analysis revealed that more number of rings (nBnz,
nCIC and nR05) and lesser number of rotatable bonds (RBN) in molecular structure are advantageous to improve
5-HTs receptor binding affinity. A higher value of the molecular topology and symmetry accounting parameters
(S1C4, structural information content of 3-order neighborhood symmetry and IC5, information content index of 5-
order neighborhood symmetry) is favorable to the activity. A lower value of atomic polarizabilities associated to
path length 8 of the Geary autocorrelation (GATS8p) and more hydrophobicity of molecule (MLOGP) are favorable
to activity. Presence or absence of certain structural fragments X- -CH..X (descriptor C-033), R- - N- -Ror R- -N- -
X (descriptor N-075) and more number of hydrogen atoms attached to sp or sp2 or sp3 hybridized carbon atoms (H-
047) in a molecular structure are also relevant for the binding affinity. The derived models and participating
descriptors in them have suggested that the substituents of epiminocyclohepta[ b]indole moiety have sufficient scope
for further modification.

Key words: QSAR, epiminocyclohepta[blindole derivatives, FgHantagonists, binding affinity, combinatorial
protocol in multiple linear regression (CP-MLR).

INTRODUCTION

Serotonin receptor, 5-HTis expressed in various regions of the brainuidiclg the hypothalamus and pre-frontal
cortex [1]. The exclusively location of these recepwvithin the CNS represent 5-Bn attractive target as the
modulation of the receptor will not be associatéthvany of the peripheral side effects which offgague CNS
targeted programs. In pre-clinical animal modédig, inodulation of the 5-HTreceptor has been shown to induce
promising efficacy in conditions associated witbeg, anxiety and depression, epilepsy and paif. [Rast of the
5-HTs research, particularly antagonists, has centemedeight loss and cognition. 5-idTeceptor has been defined
as a promising new target for weight managemenhasnodulation of this receptor produced significamight
loss in rodent models of obesity [6]. The antagonof the 5-HF receptor has also demonstrated beneficial effects
in treating cognitive deficits associated with citiods like Alzheimer's disease and schizophrefia [For treating
cognitive deficits associated with Alzheimer’s dise [8] a number of 5-HTantagonists are currently undergoing
clinical evaluation including the compound SB-7424%5lenderson et al. [9] have recently reported reeseof
epiminocycloheptdjlindole derivatives through a process of rationalgddesign and the use of ligand-receptor
pharmacophore models.
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In view of the importance of 5-HTantagonists in the clinical management of sevdisbrders, a quantitative
structure—activity relationship is attempted on thieding affinities of these epiminocycloheptfifidoles. The

present study is aimed at rationalizing the sulpstit variations of these analogues to provide imdigr the future

endeavours.

MATERIALSAND METHODS

2.1. Chemical structure database and biological activity

This study comprises a chemical structure databégshirty epiminocyclohept#lindole derivatives, reported by
Henderson Zhao et al. [9]. The binding affinitytbEse derivatives was determined by displacemeftHE.SD
from human 5-HF receptor membranes. The structural variations thedbinding affinities of titled compounds
have been given in Table 1. The reported activattadn molar basis has been used for subsequenR @8&lyses
as the response variables. For the purpose of mgdal 30 analogues have been divided into trgrand test sets.
Out of the 30 analogues, nearly one fourth compsyi@l have been placed in the test set for thelatidin of
derived models. The training and test set compoanelsiso listed in Table 1.

2.2. Theoretical molecular descriptors

The structures of the compounds under study haga beawn in 2D ChemDraw [10]. The drawn structwese
then converted into 3D modules using the defaultvecsion procedure implemented in the CS Chem3aUTlthe
energy of these 3D-structures was minimized in M@PAC module using the AM1 procedure for closedllshe
systems. This will ensure a well defined conformaationship among the compounds of the studythise energy
minimized structures of respective compounds haenlported to DRAGON software [11] for the compotabf
descriptors for the titled compounds (Table 1).sTénftware offers several hundreds of descriptans fdifferent
perspectives corresponding to 0D-, 1D-, and 2D+@gtec modules. The outlined modules comprised ef t
different classes, namely, the constitutional (CON$he topological (TOPO), the molecular walk ctsuMWC),
the BCUT descriptors (BCUT), the Galvez topologichbrge indices (GALVEZ), the 2D autocorrelatio@®{
AUTO), the functional groups (FUNC), the atom-ceatefragments (ACF), the empirical descriptors (BM&hd
the properties describing descriptors (PROP). Baheof these classes the DRAGON software computasge
number of descriptors which are characteristich molecules under multi-descriptor environmente @efinition
and scope of these descriptor’s classes is givdrlie 2. The combinatorial protocol in multipledar regression
(CP-MLR) [12] procedure has been used in the pteserk for developing QSAR models. Before the atiion
of CP-MLR procedure, all those descriptors whiah iatercorrelated beyond 0.90 and showing a cdioel@f less
than 0.1 with the biological endpoints (descriptsr activity, r < 0.1) were excluded. This has redutesl total
dataset of the compounds from 483 to 128 descs@srelevant ones for the binding activity. A bdescription of
the computational procedure is given below.

2.3. Model development

The CP-MLR is a ‘filter’ based variable selectioropedure for model development in QSAR studies .[1i2]
procedural aspects and implementation are discussaame of our recent publications [13-17]. ltahxes selected
subset regressions. In this procedure a combimdtsiriategy with appropriately placed ‘filters’ hlasen interfaced
with MLR to result in the extraction of diverse wtture-activity models, each having unique comixmabf
descriptors from the dataset under study. In this,contents and number of variables to be evaluate mixed
according to the predefined confines. Here théeff are significance evaluators of the variabtesegression at
different stages of model development. Of thedir{ll is set in terms of inter-parameter correlatcutoff criteria
for variables to stay as a subset (filter-1, ddéfamlue 0.3 and upper limi 0.79). In this, if two variables are
correlated higher than a predefined cutoff value thspective variable combination is forbidden avill be
rejected. The second filter is in terms of t-valeédsgegression coefficients of variables associatiéth a subset
(filter-2, default value 2.0). Here, if the ratibregression coefficient and associated standamt ef any variable is
less than a predefined cutoff value then the vigigbmbination will be rejected. Since successigditeons of
variables to multiple regression equation will ease successive multiple correlation coefficienvétues, square-
root of adjusted multiple correlation coefficierftregression equation, r-bar, has been used to amrtpe internal
explanatory power of models with different numbérvariables. Accordingly, a filter has been setténms of
predefined threshold level of r-bar (filter-3, defavalue 0.71) to decide the variables’ ‘merit’ the model
formation. Finally, to exclude false or artificiebrrelations, the external consistency of the \déeis of the model
have been addressed in terms of cross-validafedr RY criteria from the leave-one-out (LOO) cross-valioat
procedure as default option (filter-4, default giveld value 0.3 Q? < 1.0). All these filters make the variable
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selection process efficient and lead to uniquetgwiuIn order to collect the descriptors with héghinformation
content and explanatory power, the threshold térfiB was successively incremented with increasimgber of
descriptors (per equation) by considering the riuzdne of the preceding optimum model as the newstiold for
next generation.

2.4. Model validation

In this study, the data set is divided into trainiset for model development and test set for eatgprediction.
Goodness of fit of the models was assessed by ekagnthe multiple correlation coefficient (r), tlstandard
deviation (s), the fatio between the variances of calculated and @bdeactivities (F). A number of additional
statistical parameters such as the Akaike’s infoiomacriterion, AIC [18,19], the Kubinyi functiorkIT [20,21],
and the Friedman'’s lack of fit, LOF [22], (Egs. LH&ave also been derived to evaluate the best model

aic = RS> p) (1)
(n-p)
FiT = X(n-k-1) )
(n+k*)x(1-r)
Ry o
{1_ k(d+1)}
n

where, RSS is the sum of the squared differencgelea the observed and the estimated activity galkés the

number of variables in the model, p' is the numifeadjustable parameters in the model, and d isstheothing

parameter. The AIC takes into account the statisjoodness of fit and the number of parametershaee to be
estimated to achieve that degree of fit. The Fl®sealy related to the F-value (Fisher ratio), wasvpd to be a
useful parameter for assessing the quality of theets. The main disadvantage of the F-value isétssitivity to

changes in k (the number of variables in the eqonatwhich describe the model), if k is small, atsl lower

sensitivity if k is large. The FIT criterion hadaw sensitivity toward changes in k-values, as lasghey are small
numbers, and a substantially increasing sensitfeityarge k-values. The model that produces theimim value

of AIC and the highest value of FIT is consideredeptially the most useful and the best. The LO&gainto

account the number of terms used in the equatidrisanot biased, as are other indicators, towaigklaumbers of
parameters. A minimum LOF value infers that theéwael model is statistically sound.

The internal validation of derived model was asaieed through the cross-validated index, ffom leave-one-out
and leave-five-out procedures. The LOO method eseat number of modified data sets by taking away on
compound from the parent data set in such a wayedheh observation has been removed once only. ®hen
model is developed for each reduced data set,lencesponse values of the deleted observationzredécted from
these models. The squared differences betweencpeddind actual values are added to give the piesliesidual
sum of squares, PRESS. In this way, PRESS willaionbne contribution from each observation. Thessro
validated G, oo value may further be calculated as

2 —1_PRES
Qloo =1 /%S/SY 4)

where, SSY represents the variance of the obsewt@dties of molecules around the mean valueeavé-five-out
procedure, a group of five compounds is randomigt kmutside the analysis each time in such a wal atahe

compounds, for once, become the part of the piigdigroups. A value greater than 0.5 dfifdex hints toward a
reasonable robust model.

The external validation or predictive power of gded model is based on test set compounds. The edjuar
correlation coefficient between the observed anetisted values of compounds from test s&tqr has been
calculated as
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2
rTz . — 1_ Z (YPred(Test)_Y (Tes))
es| T 2
Z (Y(Test) - Y (Training)

where, Yoreqresn@nd Yresy indicate predicted and observed activity valuespectively of the test-set compounds,
andY(rrining iNdicate mean activity value of the training 38t is the squared correlation coefficient between the

observed and predicted data of the test-set. Aevgteater than 0.5 of;te Suggests that the model obtained from
training set has a reliable predictive power.

(5)

2.5. Y-randomization

Chance correlations, if any, associated with theMIIR models were recognized in randomization t@&24] by
repeated scrambling of the biological response. ddta sets with scrambled response vector have reassessed
by multiple regression analysis (MRA). The resutiregression equations, if any, with correlatiorefioients
better than or equal to the one correspondingeaitiscrambled response data were counted. Everglrhad been
subjected to 100 such simulation runs. This has lised as a measure to express the percent chamekation of
the model under scrutiny.

RESULTSAND DISCUSSION

In multi-descriptor class environment, exploring fiest model equation(s) along the descriptor gheesides an
opportunity to unravel the phenomenon under ingagitin. In other words, the concepts embeddederm#scriptor
classes relate the biological actions revealedhkycompounds. For the purpose of modeling studygriipounds
have been included in the test set for the validatif the models derived from 23 training set coomats. A total

number of 128 significant descriptors from 0D-, Jdhd 2D-classes have been subjected to CP-MLR sinadgth

default filters’ set in it. Statistical models two and three descriptor(s) have been derived ssbady to achieve
the best relationship correlating 5-fiBinding affinity. These models (with 128 descrigjowere identified in CP-
MLR by successively incrementing the filter-3 wititreasing number of descriptors (per equation}.this the

optimum r-bar value of the preceding level modet lb@en used as the new threshold of filter-3 fer lext

generation. A total number of 96 models in threscdptors were obtained. These models shared 6€rigess.

These descriptors along with their physical meanawgrage regression coefficients and total inacderare listed
in Table 3.

The selected models in two and three descriptergiaen below.

pK; = 1.948(0.358)nBnz — 2.547(0.687)GATS8p + 7.205

n=23,r=0.814,s =0.705, F = 19.686, FIT 58.4.OF = 0.634, AIC = 0.647,

Qoo = 0.565, G 50 = 0.538, franav(sd) = 0.090(0.076) %= 0.727 (6)

pK; = 3.114(0.677)nCIC + 2.172(0.655)MLOGP + 4.444
n=23,r=0.805,s=0.719, F = 18.507, FIT =70,3.OF = 0.660, AIC = 0.673,
Qoo = 0.553, B 50 = 0.554, franav(sd) = 0.096(0.091)*fee= 0.691 (7)

pK; = 2.498(0.345)SIC4 + 1.923(0.546)C-033 + 3.51R6)MLOGP + 3.454
n=23,r=0.934,s = 0.444, F = 43.489, FIT =72,0.OF = 0.298, AIC = 0.280,
Qoo = 0.821, G50 = 0.796, franav(sd) = 0.127(0.105) %= 0.654 (8)

pK; = 2.076(0.286)nBnz + 1.791(0.391)SIC4 + 1.449(6)¥3048 + 4.562
n=23,r=0.918, s = 0.492, F = 34.207, FIT 208,2.OF = 0.367, AIC = 0.345,
Q0o = 0.758, G50 = 0.760, franav(sd) = 0.138(0.088) %= 0.667 (9)

pK; = -1.060(0.428)RBN + 2.835(0.371)IC5 — 1.531(0)88975 + 6.878
n=23,r=0.909, s =0.517, F = 30.455, FIT =58, OF = 0.404, AIC = 0.380,
Q%00 = 0.771, G50 = 0.796, Franav(sd) = 0.133(0.091) %= 0.547 (10)

pK; = 0.750(0.294)nR05 + 1.797(0.281)nBnz + 1.718(@)8K4 + 4.886
n=23,r=0.903, s = 0.534, F = 28.102, FIT 32,8 OF = 0.432, AIC = 0.406,
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Qoo = 0.716, G50 = 0.735, franav(sd) = 0.151(0.091)*fee= 0.533 (11)

In above regression equations, the values givethénparentheses are the standard errors of thessign
coefficients. The Faav(sd) is the mean random squared multiple correlatioefficient of the regressions in the
activity (Y) randomization study with its standatdviation from 100 simulations. In the randomizatiudy (100
simulations per model), none of the identified med®ms shown any chance correlation. The signeeofégression
coefficients suggest the direction of influenceegplanatory variables in the models.

The descriptors nBnz, nCIC, nR05 and RBN belonG®NST class of Dragon descriptors. The constitatiafass
descriptors are based on simple constitutionalsfamtd are independent from molecular connectivibgd a
conformations. The descriptors nBnz (number of baedike rings), nCIC (number of rings) and nR08niber of
5-membered rings) correlate positively and desori®gdBN (number of rotatable bonds) negatively te #Hctivity
suggest that more number of rings and lesser nupflretatable bonds in a molecular structure walfavorable to
the binding affinity. The descriptor MLOGP is Mguichi octanol-water partition coeff (logP) and eefs upon the
hydrophobic property of a molecule. The positivatdbution of this descriptor to the activity adwabes a higher
value of hydrophobicity for augmented activity.

The participated descriptors SIC4 and IC5 are fithn TOPO class of Dragon descriptors. The TOPOsclas
descriptors are based on a graph representatitire sholecule and are numerical quantifiers of mdbactopology
obtained by the application of algebraic operatormatrices representing molecular graphs and whakees are
independent of vertex numbering or labeling. They be sensitive to one or more structural featafethe
molecule such as size, shape, symmetry, branchml cgclicity and can also encode chemical infororati
concerning atom type and bond multiplicity. The aggor SIC4 is the structural information conterfit4-order
neighborhood symmetry and IC5 is the informatiomteat index of 5-order neighborhood symmetry. Btith
descriptors contributed positively to the activifyhus, suggesting that a higher positive valuehef structural
information content of @ order neighborhood symmetry (SIC4) and the infdiomacontent index of % order
neighborhood symmetry (IC5) would be beneficiarytte activity.

The descriptor GATSS8p, in above models, is loneasgntative of 2D-AUTO class of Dragon descriptdise 2D-
AUTO descriptors, MATSke and GATSke have their iorign autocorrelation of topological structure obkn and

of Geary [25,26], respectively. The computation tbkse descriptors involves the summation of differe
autocorrelation functions corresponding to the edéht fragment lengths and lead to different autetation
vectors corresponding to the lengths of the strattitagments [27]. Also a weighting component énnts of a
physicochemical property has been embedded in tHeseriptors. As a result, these descriptors addties
topology of the structure or parts thereof in agg@mn with a selected physicochemical property.these
descriptors’ nomenclature, the penultimate charaetenumber, indicates the number of consecuticelynected
edges considered in its computation and is caliathe@ autocorrelation vector of lag k (correspogdmthe number

of edges in the unit fragment). The very last cbima of the descriptor's nomenclature indicates the
physicochemical property considered in the weighttomponent for its computation. The participatedatiptor
GATS8p (Geary autocorrelation —lag 8/weighted bgrat polarizabilities) correlate negatively to thetivity
suggesting the unfavorable conditions associatéld lag 8 weighted by atomic polarizabilities. Thesdriptors H-
048, C-033 and N-075 emerged in above models amm fhe ACF (atom centered fragments) class. These
molecular descriptors are based on the countintP6fatom centered fragments as defined by Ghosé€dpden
[28]. These are simple molecular descriptors defiag the number of specific atom types in a mokeclihey are
calculated by knowing the molecular composition @tdm connectivities. Descriptors C-033 and H-04Weh
shown positive and N-075 negative correlation ®dhtivity. Thus presence of X- -CH..X (descripi033) and H
attached to C2(sp3)/C1(sp2)/CO(sp) (descriptor A}@hd absence of R-- N--R/R- -N- -X (descrigtb075) type
fragments in a molecular structure would be berafydo the activity.

These models have accounted for up to 87.28 peveeiaince in the observed activities. The valuesnr than 0.5

of Q%index is in accordance to a reasonable robust Q&#Rel. The pKvalues of training set compounds
calculated using Equations (8) to (11) have beehudted in Table 1. These models are validated afitlexternal
test set of seven compounds listed in Table 1.pFadictions of the test set compounds based omrattealidation

are found to be satisfactory as reflected in ths $et ¥ (’res) values and the predicted activity values are also
reported in Table 1. The plot showing goodnesst difdtween observed and calculated activitiesHerttaining and
test set compounds is given in Figure 1.
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Table 1. Structures?, obser ved and modeled 5-H T, binding affinities of the epiminocyclohepta[b]indole analogs

R
N
\ \
X
Z N
\
R2
PKi
S.No. | R R X Obsd.| Eq8] Eqd Eqid Eqdl

1 H CH 6-SQPh 6.09 5.82] 5.7¢ 6.34 5.2
2 H CHj3 7-SC,PF 6.8¢ 7.15 | 7.4€ 7.11 747

3 H CHs 8-SC,PH 8.0¢ | 7.1t | 74¢ | 7.1] 7.47

4 CHs CHs 8-SQPh 8.11 7.02] 7.18 6.91 7.2
5 CHs CHs 8-SQPh 7.04 | 7.28] 7.1§ 7.09 7.2

6 H H 8-SQPh 7.27 7.35| 7.79 7.33 7.79
7 H CGHs 8-SQPh 7.28 7.38] 7.43 7.30 7.4%
8 H CH(CHs), | 8-SC,Pt 6.4€ | 6.57 | 6.6¢ | 6.3C 6.6¢

9 H CH 8-SQ(2-Fluorophenyl) 834] 874 828 83l 82
10 H CH; 8-SQ(3-Fluorophenyl) 8.39] 8.74 828 831 8.26
11 H CH; 8-SQ(4-Fluorophenyl) 722| 760 74p 7L 747
12° H CHs 8-SQ(2-Chlorophenyl) 8.32| 8871 828 83l 82
13 H CH 8-SQ(3-Chlorophenyl) 874 887 828 83l 82
14 H CH 8-SQ(4-Chlorophenyl) 743 773 746 711 747
15 H CH 8-SQ(3-Trifluoromethylphenyl) 8.62| 8.79 7.94 8.04 7.94
16 H ChH 8-SQ(3-Trifluoromethoxyphenyl)| 8.14] 7.9 797 7.98 7.96
17 H CH 8-SQ(3-Aminophenyl) 8.20| 750 8.1 8.1 8.18
18 H Ch 8-SQ(3-Hydroxyphenyl) 796| 7.74 833 82f 830
19 H CH 8-SQ(3-Cyanophenyl) 746] 793 838 821 830
20° H CHs 8-SQ(2-Pyridyl) 6.72 | 6.75| 6.1 654 6.4
21 H Ch 8-SQ(3-Pyridyl) 681 | 6.75| 6.19 654 6.4
22 H CHs 8-SQ(4-Pyridyl) 500 | 557| 533 529 561
23 H CH 8-SQ(3-Thiophenyl) 729 743 75 7.5 7.0
24 H Ch 8-SQ(3-(1-Methyl)pyrazolyl) 6.00| 6.03 6.44 72% 6.78
25 H Chs 8-SQ(1-Pyrrolo) 749 | 7.73] 6.70 653 6.30
26 H Ch 8-SQ(1-Indolyl) 9.07 | 945 9.16 929 9.14
27 H Ch 8-SQ(3-Indolyl) 8.89 | 8.97] 9.16 929 9.14
28 H CH 8-SQ(5-Indolyl) 9.49 | 9.00| 8.95 9.29 8.9¢
29 H CH 8-SQ(3-Benzthiophenyl) 948 887 910 906 9.0
30 H CHs 8-SQ(3-(1-Methyl)indolyl) 9.09 | 8.76] 884 901 883

*Reference[9].
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Table2. Descriptor classes® used along with their definition and scope for modeling the binding affinity of epiminocycloheptalb]indole

derivatives
Descriptor class (acronyms) Definition and scope
Constitutional (CONST) Dimensionless or 0D desonigtindependent from molecular connectivity andfeomations
Topological (TOPO) 2D-descriptor from moleculargia and independent conformations

Molecular walk counts (MW( 2D-descriptors represting seltreturning walks counts of different leng
Modified Burden eigenvalues 2D-descriptors representing positive and negatiyerwalues of the adjacency matrix, weights theatial
(BCUT) elements and atoms

Galvez  topological charge

indices (GALVEZ) 2D-descriptors representing the first 10 eigenvabfecorrected adjacency matrix

Molecular descriptors calculated from the molecglaphs by summing the products of atom weighthef
terminal atoms of all the paths of the consideraith fength (the lag)

2D-autocorrelations (2D-AUTO)
Functional groups (FUNC) Molecular descriptors lose the counting of the chemical functional groups
Atom centered fragments(ACF) Molecular descriptmsed on the counting of 120 atom centered fragsnastdefined by Ghose-Crippen

1D-descriptors represent the counts of non-singledb, hydrophilic groups and ratio of the number of

Empirical (EMP) aromatic bonds and total bonds in an H-depleteccodé

Properties (PROP) 1D-descriptors representing mideproperties of a molecule

*Reference [11]

Table 3. Descriptor s* identified for modeling the binding affinity of epiminocycloheptalb]indole derivatives along with the average
regression coefficient”, standard deviation and thetotal incidence

Descriptor Avg reg c_oeff(sd) total Descriptor Avg reg goeff(sd) total Descriptor Avg reg c_oeff(sd) total
incidenct incidenct incidenct
MW 3.546(0.403)2 IC2 1.759(0.383)2 MATS3 -1.946@8)2
AMW 1.510(0.469)5 TIC2 2.380(0.000)1 MATS1ge -1.45361)5
Me 1.233(0.050)2 IC3 1.771(0.320)7 MATS8e -2.74000)1
nBM 2.680(0.862)3 SIC3 1.649(0.404)8 MATS8p 1.66600)1
nCIC 2.855(0.607)16 SIC4 2.350(0.383)19 GATSle 1B D00)1
RBN -1.584(0.742) IC5 2.835(0.000) GATS6¢ 2.205(0.000)
nS 1.463(0.000)1 D/Dr06 2.332(0.274)2 GATS8p -1(0852)8
nR0O5 1.275(0.304)18 T(N..N) -1.250(0.000)1 nCaH 78(0.401)4
nR06 2.884(0.604)3 BEHmM4 2.493(0.204)3 nHDon 1.86100)1
nBnz 1.868(0.334)28 BELmM1 -2.295(0.244)2 C-024 2(6847)8
HNar 3.737(0.568)2 BELmM2 2.975(0.030)2 C-025 0.0912)2
MSD -2.182(0.665) BELmM3 -3.840(0.000) C-027 -1.328(0.298)
X1A -2.201(0.513)1 BELmMS8 1.759(0.000) C-03z 1.903(0.178)
X1Av -1.816(0.000)1 BELv4 1.868(0.000)1 C-034 1.006000)1
PW2 2.655(0.445)3 BELv7 1.040(0.000)1 H-047 1.69%(0)1
PW4 2.033(0.000)1 BEHe7 1.416(0.000)1 H-04 2.072011
Lop -2.428(0.227)3 BEHp6 1.777(0.639)2 H-052 -2(08%48)10
IDDE 2.094(1.068) BEHp7 1.088(0.000) N-07E -1.711(0.178)2
CICo 1.206(0.000) BELp4 -2.625(0.000) ARR 1.4€4(0.000):
TIC1 2.612(0.000)1 JGT 3.787(1.698)3 MLOGP 2.8%40)24

®The descriptors are identified from the three pat@mmodels emerged from CP-MLR protocol with filleas
0.79; filter-2 as 2.0; filter-3 as 0.79; filter-4 8.3< Q?< 1.0; number of compounds in the study are @3NST:
MW, molecular weight; AMW, average molecular weighie, mean atomic Sanderson electronegativity éstah
Carbon atom); nBM, number of multiple bonds; nChHoymber of rings; RBN, number of rotatable bonds; nS
number of sulfur atoms; nRO5, number of 5-membeiregs; NR06, number of 6-membered rings; nBnz, remah
benzene-like rings;TOPO: HNar, Narumi harmonic topological index; MSD, meaquare distance index
(Balaban); X1A, average connectivity index chi-11A¢, average valence connectivity index chi-1; PW2,
path/walk 2 - Randic shape index; PW4, path/wallkéndic shape index; Lop, Lopping centric ind®DE, mean
information content on the distance degree equalyC0, complementary information content (neigiwmd
symmetry of 0-order); TIC1, total information conténdex (neighborhood symmetry of 1-order); |G#prmation
content index (neighborhood symmetry of 2-ordeff; 2, total information content index (neighborhaysnmetry
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of 2-order); IC3, information content index (neigihbood symmetry of 3-order); SIC3, structural imf@tion
content (neighborhood symmetry of 3-order); SIGAjctural information content (neighborhood symmedf 4-
order); IC5, information content index (neighbordaymmetry of 5-order); D/Dr06, distance/detougrindex of
order 6; T(N..N), sum of topological distances betw N..N; BCUT: BEHmM4, highest eigenvalue n. 4 of Burden
matrix / weighted by atomic masses; BELm1, BELmELB13 and BELmM8, lowest eigenvalue n. 1, 2,3 and 4 o
Burden matrix / weighted by atomic masses, respelgti BEHv3 and BEHvV6, highest eigenvalue n. 3 &ndf
Burden matrix / weighted by atomic van der Waaltunes, respectively; BEHe7, highest eigenvalue mof 7
Burden matrix / weighted by atomic Sanderson ebeetgativities; BELv4 and BELv7, lowest eigenvaluelrand 7
of Burden matrix / weighted by atomic van der Waaltumes; BEHp6, BEHp7, highest eigenvalue n. 6 arud
Burden matrix / weighted by atomic polarizabilitieespectively; BELp4, lowest eigenvalue n. 4 ofd&n matrix /
weighted by atomic polarizabiltie§ALVEZ: JGT, global topological charge inde2D-AUTO: MATS3v, Moran
autocorrelation - lag 3/ weighted by atomic van Wdéaals volumes; MATS1e, MATS8e, Moran autocorrelati
lag 1 and 8, respectively / weighted by atomic ®aswh electronegativities; MATS8p, Moran autocatieh - lag

8 / weighted by atomic polarizabilities; GATS1e aBATS6e, Geary autocorrelation - lag 1and 6, rebpsy /
weighted by atomic Sanderson electronegativitieAT&8p, Geary autocorrelation - lag 8 / weightedagmic
polarizabilities; FUNC: nCaH, number of unsubstituted aromatic C(sp2)Paii number of donor atoms for H-
bonds (with N and O)ACF: C-024, R- - CH- - R; C-025, R- -CR- -R; C-027, RSH- -X; C-033, X- - CH..X; C-
034, X- - CR..X; H-047, H attached to C1(sp3)/CQspH-048, H attached to C2(sp3)/C1(sp2)/CO(spP32; H
attached to CO(sp3) with one X attached to nextathaN-075, R- - N- -R/R- -N- -XEMP: ARR, aromatic ratio;
PROP: MLOGP, Moriguchi octanol-water partition coeffogP). "The average regression coefficient of the
descriptor corresponding to all models and thd tatanber of its incidences; the arithmetic signresents the sign
of the regression coefficient in the models.

ATraining set; OTest set ATraining set; OTest set
10 - A ~ 10 -
® | a |
= =2 8- sl LA
7 7 & e 2 7 .
A AL O
=6 M =06 A @
3 = A 3 = A
- 4 T T T T T 1 - 4 T T T T T 1
= = - . = - .
S 4 5 6 7 8 9 10 S 4 5 6 7 8 9 10
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ATraining set; OTest set ATraining set; OTest set
_ 10 - 10 -
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= 8 A B4 s 8 O 84
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36 s 26, ©
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E 4 T T T T T 1 E 4 T T T T T 1
% 4 5 6 7 8 9 10 = 4 5 6 7 8 9 10
o &
Observed pk; Observed pk;

Figure 1. Plot of the observed ver sus calculated pKi values of epiminocyclohepta[bjindoles

328
www.scholar sresear chlibrary.com



Manju Choudhary and Brij Kishore Sharma Der Pharma Chemica, 2014, 6 (6):321-330

CONCLUSION

In conclusion, the present study has provided sireeactivity relationships of the binding affieis of
epiminocycloheptdjlindole derivatives to 5-Hg receptor in terms of structural requirements. bmaling affinity
has, therefore become the function of the cumwdagiffect of different structural features which evédentified in
terms of individual descriptors.

In order to improve the 5-HTreceptor binding affinity of a compound, more nambf rings and lesser number of
rotatable bonds in molecular structure are advadchye descriptors nBnz, nCIC and nR05, and RBNpeetvely.
A higher value of the molecular topology and synmneiccounting parameters (SIC4, structural inforamat
content of 3-order neighborhood symmetry and I@frimation content index of'5order neighborhood symmetry)
is favorable to the activity. The polarizabilitysaeiated to path length 8 of the Geary autocoicgldlGATS8p) and
hydrophobicity of molecule (MLOGP) have shown thgievalence to explain the binding affinity. Additally,
presence of structural fragment X- -CH..X (desanpE-033), absence of R- - N- -R or R- -N- -X tyfpegment
(descriptor N-075) and more number of hydrogen atattached to sp or sp2 or sp3 hybridized carbomsiH-
047) in a molecular structure are also relevantefevated binding affinity. The derived models gadticipating
descriptors in them have suggested that the subst# of epiminocycloheptaljndole moiety have sufficient scope
for further modification.
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