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SUMMARY 

The cholinesterase enzyme consists of two family members acetylcholinesterase (AChE, EC 

3.1.1.7) and butyrylcholinesterase (BChE, EC 3.1.1.8), functioning as terminators of the 

cholinergic neurotransmission. These (AChE & BChE) enzymes were selected as a receptor to 

identify effective inhibitors by computational techniques towards Alzheimer disease. 

Computational techniques like molecular docking simulation, molecular dynamic (MD) 

simulation, three dimension quantitative structure–activity relationship (3D-QSAR) and virtual 

screening (VS) techniques were applied on targeted enzyme to understand the binding 

mechanism and get diverse hit to lead compounds by using different datasets. 

Physostigmine analogues as AChE inhibitor were found to increase the long term memory 

process. Due to this reason 3D-QSAR modeling applied on forty inhibitors of physostigmine to 

explore their structure activity correlation with AChE. The 3D-QSAR modeling use to developed 

two type of satisfactory models, comparative molecular field analysis (CoMFA) (r2 = 0.989, q2 = 

0.762) and comparative molecular similarity indices analysis (CoMSIA) (r2 = 0.988, q2 = 0.754). 

The correlation coefficient values of CoMFA & CoMSIA test sets were 0.730 and 0.720, 

respectively. In molecular docking simulation, four different datasets including isolated steroidal, 

adamentyl and oxatrizine derivatives were used to explore the binding modes of all selected 

diverse compounds inside binding pocket of BChE. Theoretical results of these inhibitors were in 

good agreement with the experimental results. In the next phase, MD simulations were applied to 

correlate the generated docking (vacuum) results with dynamic conditions. This study was 

applied on three models (apo structure of BChE, highest and lowest active compounds of 

oxatriazine derivatives series) to examine the active site residues fluctuations. MD simulation 

studies were carried out in an explicit solvent model using the AMBER 12.0 package. The 

generated results of simulation were monitored till 10ns for three different selected models of 

BChE. Furthermore, structure-based virtual screening study was applied to explore the hit 

compounds of different core structure for BChE. In this study, ten million compounds were 

retrieved from freely available different databases like ZINC, NCI, MayBridge and ChemBridge 

databases. This study focused small scale structure-based virtual screening against BChE. Sybyl 

software was the appropriate choice for VS of BChE among the GOLD, Sybyl, and MOE 

software. Selection criteria was based on re-docking, cross docking, Enrichment Factor (EF) and 



Summary 
 

 Page III 
 

Area under the curve (AUC). On the basis of different filters twelve compounds were identified 

as potential hits.  

Additionally, Vascular Endothelial Growth Factor (VEGF) and B-RAF kinase (member of Ras 

Activating Factor (RAF) family) target proteins were selected to compare two different types 

(ligand-based & structure-based) of 3D-QSAR technique, respectively. A diaryl-acylsulfonamide 

derivative is reported as VEGF inhibitors which were used by means of CoMFA studies to find 

the relation between biological activities of inhibitors and their structures of VEGF. These 

derivatives showed q2 values up to 0.417. The obtained model was found satisfactory in terms of 

excellent external predictivity        0.8.  According to these results, we concluded that CoMFA 

technique may have some predictive power for the analysis of the generated model for VEGF.  

In V600EB-RAF three different datasets of inhibitors (pyrazine, pyridoimidazolones and central 

phenyl core of pyridoimidazolones derivatives) were used for CoMFA and CoMSIA study. 

Among database and receptor-guided alignment methods, receptor-guided alignment with most 

active conformers produced satisfactory results for both the 3D-QSAR models (CoMFA & 

CoMSIA) with sufficient statistical validation with y-randomization test. On the basis of these 

two studies few new structures were designed. The newly predicted structure (IIIa) showed 

higher inhibitory potency (pIC50 6.826) that indicated most active compound of the 2, 6-

disubstituted pyrazine series. 
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CHAPTER 1 
 

. 

3D-QSAR Studies of Physostigmine Analogues as Aetylcholinesterase 
Inhibitors 

Natural alkaloid physostigmine is one of the most potent pseudo-irreversible inhibitor of 
acetylcholinesterase. 3D-QSAR studies based on the comparative molecular field 
analysis and comparative molecular similarity indices analysis were applied to a set of 40 
physostigmine derivatives which are divided into two classes: A and B. The study was 
conducted to obtain a highly reliable and extensive dynamic QSAR model based on 
alignment procedure with co-crystallized ganstigmine as template. This study will 
facilitate the rational design of more potent physostigmine compounds which might have 
better activity and reduce toxicity for the treatment of Alzhemier disease. 
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1.1. INTRODUCTION 

1.1.1. Alzheimer Disease 

lzheimer disease (AD) is a slow progressive neurodegenerative disorder. It is 

characterized by a noticeable cognitive decline distinct by a loss of memory 

and learning ability to perform basic activities of daily routine [1, 2]. From the 

time of initial discovery, AD has been recognized as one of the most important diseases 

amongst the elderly, presently afflicting approximately more than thirty five million 

people worldwide [3]. Taking into account the increase in life expectancy and the fact 

that the incidence of AD enhances with growing age and over whelming effect, currently 

AD represents a major public health problem and will presumably be the most important 

cause of pathology in the developed countries [4]. For scientists, it remains a mysterious 

disorder for which no treatment to stop or reverse the persistent neurodegenerative 

process is presently available [5]. Important efforts have been made in the last two 

decades in order to determine the etiopathogenesis of AD, and to carry out its early 

diagnosis and therapeutic control [6]. One of the few undisputed evidence in the 

neuropathology of the AD is the loss of cholinergic neurons occurring in different areas 

of CNS, mainly in the cerebral cortex and the hippocampus [7-9]. Acetylcholine is a 

common neurotransmitter found in the central and peripheral nervous system. The 

cholinergic approach in the treatment of Alzheimer's disease (AD) has so far been the 

most studied and exploited. The cholinesterase enzyme consists of two family member 

acetylcholinesterase (AChE, EC 3.1.1.7) and butyrylcholinesterase (BChE, EC 3.1.1.8), 

perform function as terminators of the cholinergic neurotransmission.  

1.1.1.1. Acetylcholinesterase (AChE): 

AChE is one of the most crucial enzymes for nerve responses and function. It terminates 

transmission of neuronal impulses by rapid hydrolysis of acetylcholine [10, 11]. AChE is 

a complex protein consists of α/β hydrolase fold type having an overall ellipsoid shape 

containing a deep groove, usually called the gorge of about 20Å deep. Hydrolysis of ACh 

appears to take place at the bottom of the gorge and the mechanism is fairly complex. 

Although the hydrolysis process takes place in the base of the gorge, initial binding of 

A 
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ACh is thought to occur at its outer rim in a region called the “peripheral site”. At the 

bottom of the gorge, where the actual hydrolysis occurs, there are four main subsites, the 

“esteratic site”, which contains the catalytic machinery of enzyme. It is dependent on a 

catalytic triad of Ser200–His440–Glu327, the “oxyanion hole” made up of the amino 

acids Gly118, Gly119 and Ala201, the “acyl pocket” at Phe288 and Phe290. In addition 

to these particular sites located inside the gorge, the peripheral anionic site at the entrance 

of the gorge (TRP279, TYR70) is of special interest as it is believed to play a role in β-

amyloid plaque formation as a key step in the development of AD [12]. 

1.1.1.2. Butyrylcholinesterase (BChE): 

Based on this cholinergic hypothesis, AChE has traditionally been the main target in AD 

therapy due to its role as the main enzyme hydrolyzing ACh. So far, BChE has mainly 

been given a supportive role, even though it has become clear that BChE displays a more 

central role when AChE is inhibited. Butyrylcholine is an acetylcholine-like compound, 

hydrolysed by acetylcholinesterase and butyrylcholinesterase (pseudo cholinesterase) the 

latter being more efficient. Butyrylcholine is a synthetic compound, used as a tool to 

distinguish between acetyl- and butyrylcholinesterases. It is essential for the catalysis of 

the rapid breakdown of suxamethonium (succinylcholine), a muscle relaxant, frequently 

used in surgery and electroshock therapy. Prolonged muscle relaxation may follow the 

administration of drug if pseudocholinesterase activity is defective or markedly decreased 

[13, 14]. BChE inactivates the neurotransmitter, acetylcholine (ACh). ACh is an 

important therapeutic target for the treatment of Alzheimer’s disease, characterized by a 

cholinergic deficit [15]. In literature, butyrylcholinesterase enzyme divided into five 

major domains: 1) peripheral active site (PAS) region (Asp68, Tyr330), 2) catalytic 

active site (CAS) region (Ser196, His436, Glu325), 3) a acyl pocket region (Leu281, 

Trp229, Phe438), 4) the choline sub-site region (Trp80, Tyr126, Glu195), and 5) the 

oxyanion hole region (Gly114, Gly115, Ala197). The CAS residues of both proteins 

make specific contribution to the inhibitors specificity and selectivity [16] as illustrated in 

Figure 1.1. 
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Figure 1.1: Schematic diagram of the active site residues of butyrylcholinesterase [17] 

 

The cholinesterase inhibitor therapy increases both the level and duration of action of 

acetylcholine which in turn delay the progression of sysmptoms of AD [18]. 

Cholinesterase inhibitors such as donepezil, galantamine, rivastigmine, hupezine and 

tacrine serve as standard approach to symptomatic treatment of Alzheimer’s disease [19]. 

With the help of computational techniques diverse compounds consider as an inhibitors 

of butyrylcholinesterase. Isolated steroids, Biotransformed steriods, adamentyl, trizoles 

and ZINC database compounds were considered as cholinesterase inhibitors. 

Clinical studies indicate that acetylcholinesterase (AChE) inhibitors, such as 

Physostigmine may be useful for enhancing memory in patients of AD [20]. The 

physostigma genus (Fabaceae) produces many indole alkaloids and physostigmine is one 

of its main constituents. It was first isolated in 1864 from the seeds of the African calabar 

bean physostigma venenosum and structurally characterized in 1925. The structure of 

Physostigmine was discovered by Stedman and Barger [21]. Physostigmine is included in 

the class of pseudo-irreversible of AChE inhibitors which is specifically well known for 

the carbamates group. It is involved in the formation of a carbomylated complex with the 
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serine residue of the catalytic triad of AChE enzyme which is hydrolyzed at a slower rate 

than the acylated form resulting from the interaction with the substrate ACh [1, 22].  

However, physostigmine suffers from a short half-life, a variable bio availability, and a 

narrow therapeutic index [23]. Anticholinesterase activity of physostigmine was recorded 

due to the N-methyl carbamic group moiety. In order to improve in vivo profile, a number 

of lipophilic analogues have been designed. Carbamates act by carbamoylation of AChE 

and eradicate its physiological function. The kinetic of AChE inhibition by carbamate can 

be illustrated in the following Scheme-1.1. 

 

   E  +  CX  ECX  EC    E  +  C 

Acetylcholinesterase enzyme (E) and carbonate (CX) formed intermediate complex (ECX) with 
detachment constant K4 in term of lose leaving group of carbonate (X) and generate the 
carbamoylated enzyme (EC). This step of reaction is characterized by rate constant of 
carbamoylation AChE (EC) is depending on the character of carbamate. EC decarbamylated by a 
rate constant of decarbamoylation (K2). 
 

Scheme-1.1. Kinetics of acetylcholinestersae inhibition by carbamate 

 

A long-chain analog of physostigmine 8-(cis-2,6-dimethylmorpholino) octylcarbamoyl-

eseroline (MF268), complex with AChE enzyme produced pseudo-irreversible inhibitory 

effect on AChE. Such long-chain physostigmine analogs form much more stable 

conjugates as compared with the physostigmine, which reactivated quite rapidly. From 

the crystallographic study of its complex with the AChE, resolved by Bartolucci and 

coworkers [24], indicated that dimethylmorpholineooctyl (DMPO) moiety of the MF268 

is covalently bound to the active-site Ser200 and escape the eseroline from MF268 as the 

leaving group. The alkyl group of inhibitor fills the upper part of the gorge, thus blocking 

the entrance to the active site. This prevents the leaving group, eseroline, from exiting by 

the entrance route. Surprisingly, the bulky eseroline moiety is not recognized in the 

crystal structure, imply the existence of an alternative route known as a back door, for its 

clearance [25]. The general mechanism of the carbomoylation process is depicted in 

Figure 1.2. 

Kd K1 Kt 
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Figure 1.2: General mechanism of the carbomoylation process by using physostigmine 
with the Ser200 of AChE enzyme. 

 

1.1.2. Quantitative Structure–Activity Relationship (QSAR): 

 Initially, QSAR idea generated in 1865 by Crum Brown and Fraser based on relationship 

between activity and chemical structure[26]. In 1893, Richer correlated toxicities of 

simple organic molecules with their solubility in water [27]. In 1900, Meyer and Overton 

found linear relationships between the toxicity of organic compounds and their 

lipophilicity [28, 29]. In 1969 Hansch [30] published a free‐energy related model to 

correlate biological activities with physicochemical Properties. Finally concluded concept 

of quantitative structure‐activity relationship (QSAR), the quantitative correlation of the 

physicochemical properties of molecules with their biological activities[31] played an 

important role in drug discovery based on chemometric technique to develop significant 

N

N

O

C

O

HN

R

H

AChE-Ser200

N

N
+

H
N

R
C

O

Ser200 AChE

H



3D-QSAR studies on AChE inhibitors 

 

 Page 7 
 

computational models which attempts to find a statistically significant correlation 

between structure and biological activity [32-34]. 

Classical QSAR studies depend upon affinities of ligands to their binding sites, inhibition 

constants, rate constants, and other molecular properties such as lipophilicity, 

polarizability, electronic and steric properties (Hansch analysis) or with certain structural 

features (Free-Wilson analysis) have been correlated. However this approach has only a 

limited utility for designing a new molecule due to the lack of consideration of the 3D 

structure of the molecules. Crammer’s 3D-QSAR technique is a natural extension to the 

classical (Hansch and Free-Wilson) approaches, which exploits the three-dimensional 

properties of the ligands to predict their biological activities using robust chemometric 

techniques such as PLS, G/PLS, ANN etc.  

The main motive of QSAR approach can be explained by the depth study for structural 

determination of chemical properties and possibility to estimate the properties of new 

chemical compounds without synthesize and test them. This technique has been applied 

for decades in the development of relationships between physicochemical properties of 

chemical substances and their biological activities to obtain a reliable statistical model for 

prediction of the activities of new chemical entities. QSAR's most general mathematical 

form is 

               Activity = f (physiochemical properties or structural properties)..............Eq: 1.1 

Types of QSAR are based on the dimensionality [35] of molecular descriptors used: 

 0D-QSAR: These are descriptors derived from  molecular weight, number and 

type of atoms׳ etc. means that based on molecular formula 

 

 1D-QSAR substructure list representation of a molecule can be considered as a 

one-dimensional (1D) molecular representation and consists of a list of molecular 

fragments. 

 

 2D-QSAR based on two dimensional (2D) information focused on molecular 

graph contains 2D topological features. It explains pattern of atoms are bonded in 
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a molecule, focus on bonding and the interaction of particular atoms. In 2D-

QSAR, no protein complex information is required. 
 

 3D-QSAR: deals with the calculation of molecular geometry in term of 3D 

descriptor of a molecule. These descriptors include molecular surface, molecular 

volume and other geometrical properties e.g. electronic, steric, shape׳ etc. 3D-

QSAR techniques are also available such as SOMFA, CoMMA and 

multidimensional (nD)-QSAR including, 4D, 5D and 6D-QSAR, including 

conformational, configurational and alignment information. In 3D and 4D-QSAR, 

its optional means with or without structure knowledge, study is possible, 

however, 5D and 6D-QSAR, is not doable without structural information. 
 

 4D-QSAR: recently explore this type of QSAR, deals with atomic coordinated 

and full conformational space, collectively, provides more valuable results.  This 

method uses ligand molecule in condition of ensemble of their conformations, 

orientations and monitored the protonation states. This advance version utilizes 

protein-ligand binding interaction energies as descriptors, in addition, to correlate 

the activity and also considered as preprocessor for 3D CoMFA and CoMSIA 

studies. 4D-QSAR, preferentially, required huge dataset with large diversity in 

training set to generate reliable 4D model, this is due to incorporation of large 

number of descriptors [35]. 

 

In this present study, three-dimensional quantitative structural-activity relationship (3D-

QSAR) techniques [36, 37], Comparative Molecular Field Analysis (CoMFA) and 

Comparative Molecular Similarity Indices Analysis (CoMSIA), were applied on a data 

set of physostigmine analogues. The major objectives of this study were to construct an 

informative and reliable 3D-QSAR model for the whole series of physostigmine 

derivatives and to examine the structural requirement for the inhibition of these 

inhibitors. The obtained models gave insights into how steric, electrostatic, hydrophobic 

and hydrogen bonding interactions influence the AChE inhibition.  The results from this 

study will be helpful in future for the design of new and more potent AChE inhibitors.  
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1.2. MATERIAL AND METHODS 

1.2.1. Data Set and Biological Activity 

 The physostigmine congeners data, represented by anti-acetylcholinesterase activity IC50 

(9.77–20892.96 nM) were obtained from the literature [38-40]. Total 40 physostigmine 

derivatives and their corresponding inhibition values are presented in Table-1.1.  Thirty 

two compounds were selected as a training set for model construction and the remaining 

eight compounds were defined as a member of the test set for external model validation. 

Training and test sets were selected in such a way that structurally diverse molecule 

possessing activities of a wide range (highly active, moderately active and less active 

compounds) were included in both the sets by following a ratio of 4:1. The biological 

activity values (IC50) of the data set were converted into pIC50 by taking their inverse 

logarithms (-log IC50) and used as a dependent variables in the investigation  

1.2.2. Computational Details 

1.2.2.1. Molecular modeling 

All 3D structures were constructed on Gaussian 98 [41].  3D-QSAR calculations were 

performed using SYBYL  version 7.3 [42] (Tripos Ltd, St. Louis, MI) running on a dual 

processor Intel(R) XeonTM CPU 3.00 GHz LINUX work station running under SUSE 

10.3. The partial atomic charges were assigned for each ligand by Gasteiger Huckel 

method with distance dependent-dielectric constant. Ligands were minimized using the 

Powell's conjugate gradient algorithm until a convergence criterion value of 

0.05kcal/mol.Å was reached. 1000 maximum iterations were allowed in minimization 

process. The PLS method were used for all the 3D-QSAR analysis. Quality of the models 

was control by their q2 values and by test set prediction. 
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Table-1.1: Molecular structures of physostigmine derivatives (Class A & B) with actual inhibitory activity in pIC50 values. 
 

 
    Class A            Class B 

Comp. No Class R1 R2 R3 R4 IC50 (nM) 

1 A CH3 CH3 CH3 Ph(2-ethyl) 9.77 

2 A CH3 CH3 CH3 Ph(2-methyl) 10.23 

3 A CH3 CH3 CH3 Ph(2,4,-dimethyl) 13.48 

4 A CH3 H CH3 Ph 13.8 

5 A CH3 CH3 CH3 Ph(2-iso-propyl) 15.48 

6 A CH3 H CH3 Ph(2-methlyl) 16.98 

7 A CH3 H CH3 Ph(2,4-dimethyl) 17.37 

8 A CH3 CH3 CH3 Ph 23.98 

9 A CH3 CH3 CH3 CH3 30.19 

10 B -- C2H5 CH3 CH3 38.01 

11 B -- C2H5 CH3 C6H13 44.66 
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NO (CH2)8

12 B -- C2H5 CH3 C7H15 57.54 

13 A CH3 CH3 CH3  60.25 

14 B -- C3H7 CH3 C6H13 61.65 

15 A CH3 CH3 CH3 2,6-dichloro phenyl 66.06 

16 B -- C2H5 CH3 -CH2–C6H5 69.18 

17 A CH3 CH3 CH3  79.43 

18 B -- CH3 CH3 C6H13 77.62 

19 B -- C2H5 CH3 C4H9 89.12 

20 B -- C3H7 CH3 C7H15 93.32 

21 B -- CH3 CH3 C7H15 114.81 

22 A CH3 CH3 CH3 Ph(4-methyl) 138.03 

23 B -- C2H5 CH3 C3H7 154.88 

24 B -- C2H5 CH3 C6H5 177.82 

25 B -- C2H5 H C6H13 208.92 

26 B -- C2H5 H CH3 251.18 

27 A CH3 CH3 CH3 C8H17 288.4 

NO (CH2)9
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NO (CH2)3

 

 
NO (CH2)7

 
NO (CH2)2

28 A CH3 H CH3 Ph(4-iso-propyl) 323.59 

29 A CH3 CH3 CH3  380.18 

30 B -- C2H5 H C7H15 380.18 

31 A CH3 CH3 CH3 Ph(2-chloro) 489.77 

32 B -- CH2-C6H5 CH3 C7H15 501.18 

33 B -- C3H7 H C6H13 549.54 

34 B -- C3H7 H C7H15 630.95 

35 A CH3 CH3 CH3  691.83 

36 A CH3 CH3 CH3 Ph(4-iso-propyl) 758.57 

37 A CH3 CH3 CH3  933.25 

38 A CH3 
 

CH3 

 

CH3 

 7585.77 

39 A CH3 CH3 CH3  3801.89 

40 A CH3 CH3 CH3  20892.96 

 

  

NO (CH2)5

 
NO (CH2)4

NO (CH2)6
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Table-1.1: Molecular structures of physostigmine derivatives (Class A& B) with actual inhibitory activity in pIC50 values. 

  

   

 

                                                           Class A                                                                                               Class B 

Comp. No Class R1 R2 R3 R4 IC50(nM) 

1 A CH3 CH3 CH3 Ph(2-ethyl) 9.77 

2 A CH3 CH3 CH3 Ph(2-methyl) 10.23 

3 A CH3 CH3 CH3 Ph(2,4,-dimethyl) 13.48 

4 A CH3 H CH3 Ph 13.8 

5 A CH3 CH3 CH3 Ph(2-iso-propyl) 15.48 

6 A CH3 H CH3 Ph(2-methlyl) 16.98 

7 A CH3 H CH3 Ph(2,4-dimethyl) 17.37 

8 A CH3 CH3 CH3 Ph 23.98 

9 A CH3 CH3 CH3 CH3 30.19 

10 B -- C2H5 CH3 CH3 38.01 

11 B -- C2H5 CH3 C6H13 44.66 

N

NOC

O

HN

R 1

R 2

R 3

R 4
NOC

O

HN
R 2

R3

R 4
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1.2.2.2. Bioactive conformation and structural alignments 

Since there was no clue available about the bioactive conformation for studied inhibitors, 

therefore, inhibitor with lowest pIC50 value was reasonably selected as initial structure to 

perform 3D-QSAR calculations. One of the fundamental assumptions where 3D-QSAR 

studies are based is that a geometry similarity should exist between structures. The co-

crystallized ligand was extracted from the X-ray crystallographic data of the ACE-GSG 

complex, available in PDB (2BAG 2.4Å resolution) has similar carbamoyl moiety and its 

bioactive conformation is directly used for the structure based 3D-QSAR modeling [43]. 

In CoMFA and CoMSIA studies, the position of a molecule is most important because 

the descriptors are calculated on the basis of coordinates of atoms. Hence, different 

methods of alignment will give different results. However, several factors influence the 

modeling results of CoMFA and CoMSIA, but among them the most important are 

alignments and fields. Molecular alignment is a crucial step for CoMFA and CoMSIA 

procedure. For the comparison of different features of physostigmine analogues, it is 

necessary to align molecules in a common orientation relative to a template compound.  

In present study, four atoms of GSG ligand selected for alignment based on the atom fit 

method as shown in Figure 1.3a. All the compounds were aligned at the atoms of 

selected bioactive conformer as depicted in the Figure 1.3b. All conformations were 

aligned together inside the binding pocket of AChE and used directly for CoMFA and 

CoMSIA. Following the alignment of the data set compounds, each conformation was 

individually inspected, and no particular problem was found.  
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Figure 1.3a: Substructure used for the common substructure atom based alignment.    
selected atoms are shown by asteric (*). 

 

 

 

 

Figure 1.3b: Schematic diagram of the molecular alignment of whole data set containing 

                                                                                40 different analogs of physostigmine. 
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1.2.2.3. CoMFA studies. 

A Comparative Molecular Field Analysis ―CoMFA‖ [44] is then generated by creating a 

grid around molecules and calculating the steric and electrostatic potentials at each point 

on the grid using a charged probe atom. A training set of 32 compounds as shown in 

Table 1.2 was selected from the existing database, representing the diversity of structures 

and activities. After alignment, the molecules were inserted as rows of a QSAR table 

along with their respective pIC50 values. CoMFA steric and electrostatic fields were 

calculated by default parameters and entered as columns in the QSAR table. Standard 

steric and electrostatic CoMFA field energies of each Physostigmine analogs were 

calculated using an sp3 probe atom with a +1 charge at each lattice intersection of 

regularly spaced grid 2.0 Å surrounding each molecule. Coulumbic potential [44, 45] 

functions and Lennard-Jones 6-12 potential, within the Tripos force field [46] and a 

distance dependent (1/r) dielectric constant, were used in the calculation. The grid box 

dimensions were determined by the ―create automatically‖ features in the CoMFA 

module by ―SYBYL 7.3‖ program. The same grid box was used in all calculations. The 

steric and electrostatic fields  contribution  truncated at an energy cut off of 30 Kcal / mol  

was set as threshold.  

1.2.2.3.1. Substantiation of CoMFA studies: Eight additional inhibitors (Table-1.2) 

were selected as a predictive set to test the stoutness of the resulting model. They were 

aligned with the template (GSG) structure using the same alignment protocol as described 

in the CoMFA training set, and finally their activities were predicted. 
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Table-1.2: Experimental verses predicted (CoMFA&CoMSIA) activities with residual for physostigmine derivatives of 
training set and test set. 

Compound Actual pIC50 Predicted by CoMFA Residuals  Predicted by CoMSIA Residuals 
 

TRAINING 
SET 

     

01 8.01 7.877 0.13 7.838 0.17 

02 7.99 7.888 0.1 7.833 0.16 

04 7.86 7.807 0.05 7.824 0.04 

05 7.81 7.905 -0.1 7.92 -0.11 

06 7.77 7.813 -0.04 7.895 -0.13 

07 7.76 7.729 0.03 7.757 0.00 

08 7.62 7.757 -0.14 7.731 -0.11 

09 7.52 7.531 -0.01 7.53 -0.01 

10 7.42 7.429 -0.01 7.428 -0.01 

11 7.35 7.34 0.01 7.346 0.00 

12 7.24 7.169 0.07 7.241 0.00 

14 7.21 7.046 0.16 7.016 0.19 

15 7.18 7.136 0.04 7.197 -0.02 

16 7.16 7.102 0.06 7.053 0.11 
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Compound Actual pIC50 Predicted by CoMFA Residuals  Predicted by CoMSIA Residuals 
17 7.1 7.146 -0.05 7.134 -0.03 

19 7.05 6.992 0.06 7.055 0.00 

20 7.03 7.038 -0.01 7.028 0.00 

22 6.86 6.864 0.00 6.86 0.00 

23 6.81 7.037 -0.23 7.009 -0.20 

24 6.75 6.773 -0.02 6.736 0.01 

25 6.68 6.793 -0.11 6.821 -0.14 

26 6.66 6.67 -0.01 6.665 -0.01 

27 6.54 6.638 -0.1 6.547 -0.01 

29 6.42 6.409 0.01 6.414 0.01 

30 6.42 6.405 0.01 6.36 0.06 

32 6.30 6.277 0.02 6.296 0.00 

33 6.26 6.205 0.05 6.273 -0.01 

34 6.20 6.306 -0.11 6.261 -0.06 

35 6.16 6.099 0.06 6.109 0.05 

36 6.12 6.109 0.01 6.035 0.09 

38 5.12 5.095 0.03 5.161 -0.04 

40 4.68 4.675 0.00 4.685 -0.01 
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Compound Actual pIC50 Predicted by CoMFA Residuals  Predicted by CoMSIA Residuals 
TEST SET      

03 7.87 6.563 1.31 6.519 1.35 

13 7.22 7.497 -0.28 7.459 -0.24 

18 7.11 6.962 0.15 6.968 0.14 

21 6.94 7.391 -0.45 7.355 -0.41 

28 6.49 6.824 -0.33 6.697 -0.21 

31 6.31 5.834 0.48 6.597 -0.29 

37 6.03 5.084 0.95 5.359 0.67 

39 5.42 5.371 0.05 5.306 0.11 
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1.2.2.4. CoMSIA studies 

 Second 3D-QSAR procedure, Comparative Molecular Similarity Indices Analysis 

“CoMSIA” [47] can avoid some inherent deficiencies arising from the functional forms 

of Lennard-Jones and Coulumbic potentials used in CoMFA. In CoMSIA methodology, 

the alignment that generated the most predictive CoMFA models was used. A distance 

dependent Guassian- type functional form has been introduced in this technique. Similar 

to the usual CoMFA approach, a data table has been constructed from similarity indices 

calculated via a common probe atom that is placed at the intersections of a regularly 

spaced lattice. A grid spacing of 2 Å has been used throughout this study.  In CoMSIA 

five physicochemical properties (steric, electrostatic, hydrophobic and hydrogen bond 

donor and acceptor) were evaluated, using a common probe atom with 1 Å radius and 

charge, hydrophobicity and hydrogen-bond property of +1. Steric property fields were 

expressed by the third power of the atomic radii. Local hydrophobicities were using 

atom-based parameters developed by Viswanadhan et al [48]. To choose the appropriate 

components and to check the statistical significance of the models, leave-one-out cross-

validations were used by PLS. Then, the final 3D-QSAR model was derived from the no 

cross-validation calculations. The attenuation factor was set as the default value of 0.3. 

1.2.2.5. Statistical analysis/ PLS analysis 

Correlations were derived using the method of Partial Least Squares (PLS) [49] and 

cross-validated.  The CoMFA/CoMSIA fields combined with the actual bioactivities 

(pIC50) were included in a molecular spreadsheet so that CoMFA/CoMSIA descriptors 

were assigned as independent variables, and pIC50 values were assigned as dependent 

variables in PLS regression analysis to drive models. To check statistical significance of 

the models, cross-validations analysis with the leave-one-out (LOO) [44] procedure was 

employed to choose optimum number of components. In LOO method, one component is 

removed from the dataset and its activity is predicted using the model derived from rest 

of the dataset. The minimum sigma was adjusted to 2.0 kcal/mol as column filtering 

value to improve the signal-to-noice ratio by omitting the lattice points whose energy 

variation was below the adjust threshold value. To maintain the optimum number of 

components (ONC) and minimize the tendency to over fit the data, the number of 
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components corresponding to the highest cross-validated correlation coefficient q2 and 

the lowest standard error of prediction (SEP) were used to drive without cross-validation 

model. Conventional correlation coefficients (r2) and their standard errors of estimate 

(SEE) were computed. Finally, the CoMFA and CoMSIA results were interpreted 

graphically by the contribution maps using the field type “stdev x coeff”. 

1.3. RESULTS AND DISCUSSION 

CoMFA and CoMSIA technique were used to develop models for physostigmine 

analogues with AChE receptor. For the purpose of alignment, the bioactive conformer of 

GSG retrieved from the pdb (2BAG) was used. CoMFA and CoMSIA models were 

derived for a set of 32 structurally related physostigmine analogous divided into two 

classes (A & B). Using the aligned training set molecules, 3D-QSAR models were 

generated and validated with an external test set comprising of 8 molecules. After the 

generation of CoMFA and CoMSIA models, the statistical validity of the models was 

judge by high values of cross validated q2 (more than 0.5), non-validated r2 (close to 1) 

and also standard error of estimation. The models that fulfill these criteria are reported 

and selected for further explanation of results. 

1.3.1 CoMFA Statistics 

No compounds omitted from the training set according to the partial least-squares (PLS) 

analysis results listed in Table-1.2. The cross-validated q2 value 0.762 with six 

components having the lowest standard error of prediction 0.399 and non cross-validated 

PLS analysis by using six components revealed a conventional correlation coefficient r2 

value of 0.989, with an estimated standard error of 0.089, and F-value of 388.641 (Table-

1.3). The steric field descriptor explained 53.9% of the involvement while the proportion 

of electrostatic descriptor accounted for 46.1% which indicated that the steric field has 

relatively greater influence than the electrostatic field. 
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Table-1.3: Summary of the results of CoMSIA models. 

aSteric field 
bElectrostatic field 
cHydrophobic field 
dHydrogen bond donor field 
eHydrogen bond acceptor field 

*Model 14 highlighted in bold is considered as best CoMSIA model

Model # Field q2 ONC  SEP r2
(ncv) SEE F ratio 

1 Sa  + Eb 0.778 4 0.392 0.975 0.133 257.29 

2 S + Hc + A 0.733 3 0.422 0.981 0.118 218.00 

3 S + H + Dd 0.761 5 0.415 0.985 0.105 278.00 

4 S + D + A 0.712 4 0.447 0.950 0.186 128.76 

5 H + D + Ae 0.696 4 0.459 0.962 0.162 170.47 

6 S + E + A 0.765 2 0.390 0.919 0.228 165.44 

7 S + E + D 0.790 6 0.397 0.989 0.091 375.01 

8 S + E + H 0.770 4 0.399 0.979 0.121 314.69 

9 E + H + D + A 0.735 6 0.445 0.990 0.086 414.75 

10 S + H + D + A 0.744 4 0.421 0.986 0.103 288.00 

11 S + E + H + A 0.759 2 0.394 0.934 0.207 203.79 

12 S + E + H + D 0.776 6 0.410 0.990 0.086 417.00 

13 S + E + D + A 0.757 3 0.403 0.950 0.184 175.84 

14* S+ E+ H+ D+ A 0.754 6 0.429 0.989 0.093 360.00 
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1.3.2. CoMSIA Statistics 
For CoMSIA model same training and test set were used as in the generation of CoMFA 

model. A total of fourteen CoMSIA models were generated using different combinations 

of fields. Most of the models including electrostatic field showed a high q2 value, 

indicating the importance of electrostatic factor for physostigmine in CoMSIA. From 

Table-1.3, no major difference present among the q2 values, all combinations exhibit 

within almost 0.7 range.  Among the different field combinations, the model 14 with five 

fields i.e. steric, electrostatic, hydrophobic, hydrogen bond donor and hydrogen bond 

acceptor gives the higher cross-validated q2 value of 0.754 with six components and  the 

lowest standard error of prediction is 0.429. The non cross-validated PLS analysis by 

using six components revealed a conventional correlation coefficient r2 of 0.989 with an 

estimated standard error of 0.093 and F-value of 360.00. Therefore, the model 14 out of 

fourteen models was considered as the best model and used for further explanation. The 

electrostatic descriptor explained 27.5% of the variance and the steric descriptor 

contributed only 20.6% while the proportion of hydrophobic, hydrogen bond donor and 

acceptor accounted for 23.8%, 21.0% and 7.0%, respectively. 

The statistical parameters of selected CoMFA & CoMSIA models are summarized in 

Table-1.4. The experimental versus predicted activities the training and test set 

compounds, predicted by CoMFA and CoMSIA 3D-QSAR models are listed in Table-

1.2. The correlation between the experimental and the predicted activities is depicted in 

Figures 1.4a & 1.4b for CoMFA and CoMSIA models, respectively. 
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Table-1.4: Statistical details of CoMFA and CoMSIA analysis. 

Parameters CoMFA CoMSIA* 

aq2 0.762 0.754 
bONC 06 06 
cSEP 0.399 0.429 
dSEE 0.089 0.095 

F-test ratio 388.64 360.00 
 er2 0.989 0.988 

fr2
pred 0.73 0.72 

PRESS 0.20 0.23 

Field contribution (%)   

Steric 53.9% 20.6% 
Electrostatic 46.1% 27.5% 
Hydrophobic ------ 23.8% 

Donor ------ 21.0% 
Acceptor ------ 7.0% 

aCross-validated correlation coefficient  
bOptimum number of components (ONC) 
cStandard error of prediction (SEP) 
dStandard error of estimate (SEE) 
eConventional corrélation coefficient (r2) 
fCorrelation coefficient (r2

pred) 

 *Selected best model for CoMSIA
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Figure 1.4: Experimental biological activity values plotted versus the predicted values of 
bioactivity which were obtained from the selected models.  a) CoMFA_plot, b) CoMSIA_plot. 
The red triangles and green squares refer to the training and test set, respectively with holding the 
blue trend line.  
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1.3.3. Visual Inspection of 3D Contour Maps Generated by CoMFA and 

CoMSIA.  

1.3.3.1. CoMFA steric fields 

The 3D contour maps of steric field are displayed in Figure 1.5a, sterically favored and 

disfavored cut-off energies were set at the 90%and 10%, respectively. Both green and 

yellow colors support the steric field explanations in terms of favored and disfavored, 

respectively. The green regions stipulate area where steric bulk enhances AChE affinity, 

whereas regions which should be kept unpopulated to prevent the reduction of affinity are 

contoured in yellow region. A green region overlap the N-methyl indole moiety at R1 

position of class A, which comes in the structural region of eseroline indicating that 

bulky group was preferred in this region. This sterically preferred area is located near 

hydrophobic amino acids such as F288, F290 and G119 that form a large hydrophobic 

binding pocket in AChE enzyme. All compounds with class A, are present in this green 

isopleth region. Another large green isopleth is located at little distant to the N-phenyl-

ethyl moiety at R4 position of class A in compound 1, which is also near to hydrophobic 

amino acids such as G118, G119 and A201. Hence, inhibitors with more bulky 

substituent on this position can interact better with the side chains of these residues. 

That’s why, compound 1 gives higher inhibitory potency within all the compounds 

present in dataset of physostigmine derivatives. Compound 1 has ethyl group fall in the 

sterically favored region, but in case of Compound 5, pIC50 value decreases although at 

this position i-pr chain present which is more bulky than ethyl gives clear indication the 

limit of the alkyl chain is ethyl whenever cross this alkyl chain limit the inhibitory 

potency decrease. Similarly, compound 2 which has methyl group at the same position 

and that showing low activity as compared to the most active compound of the series. 

Compounds 4, 8 and 31 that also have low inhibitory potency due to the same reason, 

compound 6 which has  methyl group as it is also found in compound 2 but showing low 

activity due to the second arm effect of the structure. Compounds 7, 15, 16, 22, 28 and 36 

are also plunge in this green isopleth with N-phenyl moiety at R4 position in class A.  In 

contrast, this green isopleth even not touched the compounds 9-12, 14, 17, 19, 20, 23-27,  
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Figure 1.5a 3D CoMFA steric contour map around the most active compound 1 
represented in the ball and stick as the reference compound. Green isopleth enclose areas 
where steric interaction is favoured. Yellow contours are the area where the steric 
interaction is disfavored 
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29-30, 32-35, 38 and 40, because containing long alkyl chains in both the classes. Third 

green contour is appeared above R4 moiety in compound 1, because phenyl ring that may 

be surrounded with hydrophobic residues G328, I196 and show hydrophobic interactions 

with them. One large sterically disfavored yellow region is located around the R4 

position. In contour map yellow area is present very next to the green isopleth, suggesting 

that the small deviation in the area of favorable steric region makes a disfavorable region 

close to the side of yellow contours and small bulky groups are required to increase the 

activity. Compound 5-7, 17, 22, 27, 29, 35, 36, 38 and 40 of class A and compound 11-

12, 14, 16, 19, 20, 23-25, 30, 32-34 of class B are settled in this region. Compounds 19 

and 23, at R4 position overlap the yellow contour suggesting the limit of alkyl chain 

because in compound 26 this region is quit far away from the methyl group and disposed 

in the green region and also entrenched in a narrow pocket of the enzyme, therefore 

larger substituent in these region should reduce the activity. It is quite clear that the 

activity increases in class A, if methyl group replace by ethyl group (phenyl substituent at 

R4 position) but not more than two carbon chain due to the presence of  more  than two 

carbons in alkyl chain overlaps with the yellow region and inhibitory activity decrease. 

Compounds 7, 22 and 36 have para substituents at phenyl moiety of R4 position that 

contacts the yellow isopleth indicating that bulkier substitution at para position is not 

suitable for the enhancement of activity. This yellow isopleth contour supports the 

experimental data and indicated physostigmine derivatives with morphiline group are less 

active than phenyl group at R4 position.  

1.3.3.2. CoMFA electrostatic fields 

The CoMFA electrostatic contour plot is displayed in Figure 1.5b with a 43% field 

contribution; it holds also an important position in CoMFA. To aid in the visualization, 

the most active compound 1 is displayed in the map as the reference structure. Blue 

contour indicates the region where negative potential is unfavorable to activity, while red 

areas are negative potential that are favorable and will improve affinity. Electropositive 

charge favored and disfavored cut-off energies were also pinched at 92% and 12%, 

respectively. A large blue isopleth encompasses the pyrolidine ring that reflects the 

common placement at the R2 position of both the classes suggesting that biological  
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Figure 1.5b: 3D CoMFA electrostatic maps represented by red and blue regions. Blue 
region represent the area where an electropositive group is favored for binding affinity 
and red region refer to the area where an electronegative group is favored. This maps 
surround the highly active compound 1 of the series showing as a reference compound. 
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activity can be enhanced by the introduction of more electropositive group at this 

position. This observation was supported almost by all the compounds of both classes. 

The eseroline moiety not participating in the binding and even not retain in the gorge for 

long time duration this condition depends on the R1, R2 and R3 positions, while the route 

of escaping eseroline moiety  by gorge was depending upon the R4 position.  CoMFA, red 

color contours indicate penchant for the negatively charged element present in this area.  

There is one large red contour found corresponding exactly to the electronegative oxygen 

atoms of the morpholine moiety at R4 position in the compound 35 of class A This 

contour was observed near side chain of the residues H440 and E327 because the 

nitrogen atom of the H440 donates the electron which is corresponding to the electron 

withdrawing group of ligands. This red isopleth also point out that in compounds 17, 29, 

38 and 40 at R4 position having long alkyl chain which maybe not beneficial for activity 

enhancement. The reduction in the length of alkyl chain and last carbon is replaced by 

electronegative element, might help in increasing the biological activity. This region 

encompasses the catalytic site which play most important role in the inhibition of AChE 

enzyme.   

1.3.3.3. CoMSIA steric and electrostatic fields 

The steric and electrostatic field contour plots are displayed in Figures 1.6a and 1.6b, 

respectively. Green and yellow isopleths were set at contribution levels of 80% and 20% for 

encircle regions. Analysis of the steric contour map around compound 1 is permitted us to 

visualize sterically favored green isopleth around the R1postion of class A which should 

contribute detrimentally for interaction with the hydrophobic residues of receptor. This isopleth is 

common in all compounds of class A. We may suppose that all the compounds of class A lies in 

this green region, indicating that steric bulk interaction is necessary for a good bioactivity in the 

series of physostigmine derivatives. Explanation and comparison, so far,(Figures 1.5a & 1.6a) it  

is evidenced that both techniques (CoMFA and CoMSIA), showed more or less similar steric 

contributions for the studied physostigmine derivatives. Conversely, a definite degree of paired 

information from these contours was described below.  From Figure 1.6a the yellow contour is 

located near the N-phenyl ethyl moiety at R4 position of class A, is surrounded by the catalytic 

triad residues S200, E327 and H440. This indicates that ligands with crowded groups causes the 

steric hindrance are unfavorable for the biological activity. That`s why compounds 17, 27, 29, 
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31, 38 and 40 in class A and compounds 12, 16, 20, 27, 30 and 34 in class B showed low 

biological activity.  

The electrostatic contour is depicted in Figure 1.6b by means of a 28% field contribution 

within the five different fields of CoMSIA descriptors, indicating strong position in 

CoMSIA. The blue region indicated the substituent should be electron deficient for high 

binding affinity, while red contour emphasized that electronegative group was desirable 

at this position. The distribution effect of the electrostatic field in CoMSIA was found to 

be consistent with CoMFA results. A blue isopleth encompasses the pyrrolidine ring 

reflects the common placement at the R2 position of both the classes, suggested that 

biological activity can be enhanced by the introduction of more electropositive group at 

this position. This observation was similar with the CoMFA electrostatic contour map. 

Furthermore, the amidic NH and carbonyl group of the carbamoyl moiety in Compound 1 

is embedded in a second blue contour, Figure 1.6b represented that surround with 

electronegative hydroxyl group of S200 which is involved in the carbamoylation reaction. 

In CoMSIA, two red isopleths embedded with the most active compound 1 are displayed 

in Figure 1.6b.  One red contour overlap the methyl group of indole moiety at R3 position 

which indicates that if this group replace with electronegative atom then it may enhance 

the biological activity. Another red isopleths found near the morpholine oxygen atom, at 

the same position which was already discussed in CoMFA electrostatic field. 
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Figure 1.6. 3D CoMSIA contour maps (standard deviation x coefficient).(a)  Steric field, Green color showing sterically 
favorable region while Yellow color represent the sterically unfavorable area. (b) Electrostatic field, Blue color indicates that 
positive charge favors high affinity, whereas red indicates that negative charge increase activity. (c) CoMSIA hydrophobic 
maps, Yellow isopleths enclose where hydrophobic group enhanced the activity while white contour represent the area where 
hydrophobic group are disfavored. (d) The contour plots of the CoMSIA H-bond donor and acceptor fields. The favorable H-
bond donor is shown in cyan, and the unfavorable H-bond donor is shown in purple. The favorable H-bond acceptor is shown 
in magenta represents regions where hydrogen bond acceptor groups on ligands enhance activity and the unfavorable H-bond 
acceptor is in red. The most active compound 1 is shown in ball and stick model as the reference  
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2.3.3.4. CoMSIA hydrophobic fields 

Figure 1.6c represents the hydrophobic contour map with yellow and white isopleths. 

Yellow contour maps at contribution 90% are representing the preferred position of 

hydrophobic group which favor biological activity while 10% contribution of white 

isopleth showing disfavored position for hydrophobic group. One large yellow area 

located below the position of the amidic carbonyl moiety indicates that this position favor 

hydrophobic groups.  A hydrophobic pocket certainly exists in this area, composed of 

several amino acid residues (G117, G118, A201 and F288). This yellow region overlaps 

the ethyl group of phenyl substitution at R4position in class A that exhibits good 

biological activity.  

There are three white large regions found, one above the amidic nitrogen and carbonyl 

moiety indicated the presence of hydrophobic residues in the protein which enhanced the 

activity of ligands. Another white contour beyond the phenyl group at R4 position 

indicates that compound 34 is more active because of shorter number of carbon in alkyl 

chain of the morpholine moiety as compared with compounds 38 and 40. In compound 

11, the same alkyl chain at R4 position approach the disallowed region and decreases the 

biological activity as compared with the 3compound 9 and 10 where hydrophilic groups 

would be favorable in this area but long chain make a noise and falls in the white region. 

Last white isopleth overlap the R2 group, indicates that compound 3, 5 and 6 have more 

biological activity because of the presence of hydrogen instead of alkyl group.   

1.3.3.5. CoMSIA hydrogen bond donor and acceptor fields 

The hydrogen bond donor plot represented by cyan and purple contours is depicted in 

Figure 1.6d. Cyan contours indicate regions where hydrogen bond donor substituents on 

ligands are favored and purple contours represent areas where hydrogen bond donor 

properties on inhibitors are disfavored. There are three cyan contours in the hydrogen 

bond donor map. The first one cyan contour is near the ionizable nitrogen which is 

present in the pyrolidine ring at eseroline part indicating hydrogen bond donor 

functionalities that cause enhancement of activity in compounds of both classes. This 

cyan group corresponds to the Y334 suggesting that hydrogen bond donor group of 

ligand may form a strong hydrogen bond with the carbonyl oxygen of the residue and 



3D-QSAR studies on AChE inhibitors 

 

 Page 33 
 

hence increase inhibitory potencies. The second cyan contour was observed near the N-

phenyl ortho alkyl group substituted at R4 position in class A, indicated that replacing one 

of the hydrogen at alkyl group from hydrogen bond donor group impact a dramatic 

enhancement on inhibitory activity. This region is surrounded by oxyanion residues G118 

and G119. The third and last cyan contour displayed in Figure 1.6d is shown above the 

oxygen of the carbamoyl moiety.  The oxygen of S200 and nitrogen of the H440 are 

surrounded by this contour of the AChE enzyme.  

One purple contour is found near the benzene ring of the eseroline part in both the classes 

implying that the existence of hydrogen bond donor groups in this area might decreased 

the activity. This contour corresponds to the nitrogen of A201 residue; this amino acid 

residue has weak proton acceptor capability. Hence, it will not interact with the hydrogen 

bond donor groups of ligands. Hydrogen bond acceptor properties explained by magenta 

isopleths (80%) contains information concerning where hydrogen bond donating groups 

should be positioned in the receptor or region where hydrogen bond acceptors on ligands 

will lead to improve biological activity. The red regions (20%) give the results of 

impaired biological activity in case of hydrogen bond donating group of receptor that will 

be  present near this region. In Figure 1.6d, H-bond acceptors contour field are displayed 

within the active site of the complex structure of AChE. One magenta isopleth is showing 

at R4 position of morpholine oxygen group in class A. Compound 16 has good inhibitory 

activity compare with the compounds 29, 35, 38 and 40 because of the morpholine 

moiety containing long alkyl chain.  

From the statistical values which indicated less contribution of hydrogen bond acceptor 

field for the genration of best model by CoMSIA, thats why, it is quite clear from Figure 

1.6d that shows only one isopleth found of favorable countor map whereas no 

unfavorable region was found. 

1.3.3.6. Validation of the 3D-QSAR models 

The Eight selected compounds were used as the test set to verify the  constructed CoMFA  

 & CoMSIA models. The calculated results are listed in Table-1.2 and displayed in Figure 

1.4a and 1.4b (green squares). The predicted IC50 values with the QSAR models are in 

good agreement with the experimental data and in a statistical tolerable range, with the 
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correlation coefficient of r2 values 0.721 and 0.73 for CoMFA and CoMSIA respectively. 

The test results indicated that the CoMFA and CoMSIA models would be reliable and 

have good predictive ability. These models might be used to design new inhibitor for 

developing drugs with long duration of action against Alzheimer disease. 
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1.4. CONCLUSION 

Physostigmine analogues as AChE inhibitor were found to increase the long term 

memory process. This is the basic reason to exploit the different analogues of 

physostigmine.  Two different class of physostigmine analogues were used in this study, 

class A is based on phenyl and alkyl chain whereas class B incorporated the second 

ionizable nitrogen of morpholine moiety. The 3D-QSAR modeling results provide 

invaluable insights into AChE binding with forty inhibitors and their structure activity 

correlation. The 3D-QSAR modeling lead to development of two type of satisfactory 

models, CoMFA (r2 = 0.989, q2 = 0.762), CoMSIA (r2 = 0.988, q2 = 0.754). The 

correlation coefficient values of test set 0.730 and 0.720, respectively. 

To confirm the validation of 3D-QSAR models, CoMFA and CoMSIA contour maps 

were identified from the active site residues of AChE. The most important finding from 

CoMFA and CoMSIA result, is that the role of steric, electrostatic and hydrophobic 

interactions are most important for the synthesis of new compound of physostigmine 

derivatives as new AChE inhibitors.  From the obtained results, it can be concluded that 

ortho alkyl substitution of phenyl ring at R4 position for class A is more feasible than 

para position, to increase the inhibitory potency. The amidic carbonyl group was 

depicted in the blue region and interacts with the active residue of the catalytic site S200 

(near to red region) supported the carbomylation process by the electrostatic contour 

maps. 

Reasonably satisfactory cross validated correlations were obtained and showed the 

dominance of alignment protocol that was very crucial step to start the 3D-QSAR. Our 

3D QSAR models based on the CoMFA and CoMSIA studies showed a good agreement 

present between experimental and predicted activity values for the test set, indicating the 

reliability of the 3D-QSAR models. These models have satisfactory predictive power for 

the designing of physostigmine derivatives and will be useful to evaluate the biological 

activity of the potential drugs against the Alzheimer disease. 

 



3D-QSAR studies on AChE inhibitors 

 

 Page 36 
 

1.5. REFERENCES 

1. Camps, P.; Munoz-Torrero, D. (2002), Cholinergic drugs in pharmacotherapy of 
Alzheimer's disease. Mini. Rev. Med. Chem., 2, 11-25. 

 
2. Cummings, J. L.; Askin-Edgar, S. (2000), Evidence for psychotropic effects of 

acetylcholinesterase inhibitors. CNS Drugs, 13, 385-395. 
 
3. Mount, C.; Downton, C. (2006), Alzheimer disease: progress or profit? Nat. Med., 

12, 780-784. 
 
4. Cutler, N. R.; Sramek, J. J. (2001), Review of the next generation of Alzheimer's 

disease therapeutics: challenges for drug development. Prog. 

Neuropsycho. pharmacol. Biol. Psychiatry, 25, 27-57. 
 
5. Bolognesi, M. L.; Minarini, A.; Rosini, M.; Tumiatti, V.; Melchiorre, C. (2008) 

From dual binding site acetylcholinesterase inhibitors to multi-target-directed 
ligands (MTDLs): a step forward in the treatment of Alzheimer's disease. Mini. 

Rev. Med. Chem., 8, 960-967. 
 
6. Gauthier, S. (2001), Alzheimer's disease: current and future therapeutic 

perspectives. Prog. Neuropsycho. pharmacol. Biol. Psychiatry, 25, 73-89. 
 
7. Davidsson, P.; Blennow, K.; Andreasen, N.; Eriksson, B.; Minthon, L.; Hesse, C. 

(2001), Differential increase in cerebrospinal fluid-acetylcholinesterase after 
treatment with acetylcholinesterase inhibitors in patients with Alzheimer's 
disease. Neurosci. Lett., 300, 157-160. 

 
8. Snape, M.; Misra, A.; Murray, T.; De Souza, R.; Williams, J.; Cross, A.; Green, 

A. (1999), A comparative study in rats of the in vitro and in vivo pharmacology of 
the acetylcholinesterase inhibitors tacrine, donepezil and NXX-066. 
Neuropharmacology, 38, 181-193. 

 
9. Hasegawa, K. (1998), How to Cope with Alzheimer’s Disease? Neurobiol. Aging,  

19, S107-S108. 
 
10. Barnard, E. A.; (1974), Neuromuscular transmission—enzymatic destruction of 

acetylcholine. In The peripheral nervous system, Springer. 201-224. 
 
11. Patočka, J.; Kuča, K.; Jun, D. (2004), Acetylcholinesterase and 

butyrylcholinesterase–important enzymes of human body. Acta Medica, 47, 215-
228. 

 
12. Muñoz, F. J.; Aldunate, R.; Inestrosa, N. C. (1999), Peripheral binding site is 

involved in the neurotrophic activity of acetylcholinesterase. Neuro Report, 10, 
3621-3625. 

SHAN
Inserted Text
,



3D-QSAR studies on AChE inhibitors 

 

 Page 37 
 

 
13. Kalow, W. (2006), Pharmacogenetics and pharmacogenomics: origin, status, and 

the hope for personalized medicine. Pharmacogenomics J., 6, 162-165. 
 
14. Hodgkin, W.; Giblett, E.; Levine, H.; Bauer, W.; Motulsky, A. (1965), Complete 

pseudocholinesterase deficiency: genetic and immunologic characterization. J. 

Clin. Invest., 44, 486. 
 
15. Greig, N. H.; Utsuki, T.; Ingram, D. K.; Wang, Y.; Pepeu, G.; Scali, C.; Yu, Q.-

S.; Mamczarz, J.; Holloway, H. W.; Giordano, T. (2005), Selective 
butyrylcholinesterase inhibition elevates brain acetylcholine, augments learning 
and lowers Alzheimer β-amyloid peptide in rodent. Proc. Natl. Acad. Sci. U.S.A., 
102, 17213-17218. 

 
16. Nicolet, Y.; Lockridge, O.; Masson, P.; Fontecilla-Camps, J. C.; Nachon, F. 

(2003), Crystal structure of human butyrylcholinesterase and of its complexes with 
substrate and products. J. Biol. Chem., 278, 41141-41147. 

 
17. Darvesh, S.; Hopkins, D. A.; Geula, C. (2003), Neurobiology of 

butyrylcholinesterase. Nature Rev. Neurosci., 4, 131-138. 
 
18. Bhattacharya, S.; Montag, D. (2015), Acetylcholinesterase inhibitor modifications: 

a promising strategy to delay the progression of Alzheimer's disease. Neural  

Regen. Res., 10, 43. 
 
19. Al-Aboudi, A.; Al-Qawasmeh, R. A.; Shahwan, A.; Mahmood, U.; Khalid, A.; 

Ul-Haq, Z. (2015), In-silico identification of the binding mode of synthesized 
adamantyl derivatives inside cholinesterase enzymes. Acta Pharmacol. Sin., 36, 
879-886. 

 
20. Davis, K. L.; Mohs, R. C.; Tinklenberg, J. R.; Pfefferbaum, A.; Hollister, L. E.; 

Kopell, B. S. (1978), Physostigmine: Improvement of Long-Term Memory 
Processes in Normal Humans. Science,  201, 272-274. 

 
21. Stedman, E.; Barger, G. (1925), XLII.—Physostigmine (eserine). Part III. J. 

Chem. Soc. Transaction, 127, 247-258. 
 
22. Coughlan, C. M.; Breen, K. C. (2000) Factors influencing the processing and 

function of the amyloid β precursor protein—a potential therapeutic target in 
Alzheimer's disease? Pharmacol. Therapeut., 86, 111-144. 

 
23. Thal, L. J.; Fuld, P. A. (1983), Memory enhancement with oral physostigmine in 

Alzheimer's disease. N. Engl. J. Med., 308, 720. 
 
24. Bartolucci, C.; Perola, E.; Pilger, C.; Fels, G.; Lamba, D. (2001), 

Three‐dimensional structure of a complex of galanthamine (Nivalin®) with 



3D-QSAR studies on AChE inhibitors 

 

 Page 38 
 

acetylcholinesterase from Torpedo californica: Implications for the design of new 
anti‐Alzheimer drugs. Proteins, Struct. Funct. Bioinfo., 42, 182-191. 

 
25. Greenblatt, H. M.; Dvir, H.; Silman, I.; Sussman, J. L. (2003), 

Acetylcholinesterase. J. Mol. Neurosci., 20, 369-383. 
 
26. Crum-Brown, A.; Fraser, T. R. (1868), On the connection between chemical 

constitution and physiological action. Part 1. On the physiological action of the 
ammonium bases, derived from Strychia, Brucia, Thebaia, Codeia, Morphia and 
Nicotia. Trans. R. Soc. Edinburgh, 25, 151-203. 

 
27. Richet, C. (1893), On the relationship between the toxicity and the physical 

properties of substances. Compt. Rendus Seances Soc. Biol., 9, 775-776. 
 
28. Overton, E. (1897), Osmotic properties of cells in the bearing on toxicology and 

pharmacology. Z. Physik. Chem., 22, 189-209. 
 
29. Meyer, H. (1899),On the theory of alcohol narcosis: first communication Which 

property of anesthetics determines its narcotic effect. Arch. Exp. Pathol. 

Pharmakol., 109-118. 
 
30. Hansch, C. (1969), Quantitative approach to biochemical structure-activity 

relationships. Acc. Chem. Res., 2, 232-239. 
 
31. Hansch, C.; Kim, D.; Leo, A. J.; Novellino, E.; Silipo, C.; Vittoria, A.; Bond, J. 

A.; Henderson, R. F. (1989), Toward a quantitative comparative toxicology of 
organic compounds. CRC Critic. Rev.Toxicol., 19, 185-226. 

 
32. Kubinyi, H. (1993), 3D QSAR in drug design: volume 1: theory methods and 

applications. Springer Science & Business Media.  
 
33. Gozalbes, R.; Doucet, J.; Derouin, F. (2002), Application of topological 

descriptors in QSAR and drug design: history and new trends. Curr. Drug 

Targets: Infect. Disord., 2, 93-102. 
 
34. Verma, J.; Khedkar, V. M.; Coutinho, E. C. (2010), 3D-QSAR in drug design-a 

review. Curr. Top. Med. Chem., 10, 95-115. 
 
35. Ekins, S.; Bravi, G.; Binkley, S.; Gillespie, J. S.; Ring, B. J.; Wikel, J. H.; 

Wrighton, S. A. (1999), Three and four dimensional-quantitative structure activity 
relationship (3D/4D-QSAR) analyses of CYP2D6 inhibitors. Pharmacogenetics, 
9, 477-489. 

 
36. Desiraju, G. R.; Gopalakrishnan, B.; Jetti, R.; Nagaraju, A.; Raveendra, D.; 

Sarma, J.; Sobhia, M.; Thilagavathi, R. (2002), Computer-aided design of selective 
COX-2 inhibitors: comparative molecular field analysis, comparative molecular 



3D-QSAR studies on AChE inhibitors 

 

 Page 39 
 

similarity indices analysis, and docking studies of some 1, 2-diarylimidazole 
derivatives. J. Med. Chem., 45, 4847-4857. 

 
37. Desiraju, G.; Sarma, J.; Raveendra, D.; Gopalakrishnan, B.; Thilagavathi, R.; 

Sobhia, M.; Subramanya, H. (2001), Computer‐aided design of selective COX‐2 
inhibitors: comparative molecular field analysis and docking studies of some 3, 
4‐diaryloxazolone derivatives. J. Phys. Org. Chem., 14, 481-487. 

 
38. Chen, Y. L.; Nielsen, J.; Hedberg, K.; Dunaiskis, A.; Jones, S.; Russo, L.; 

Johnson, J.; Ives, J.; Liston, D. (1992), Syntheses, resolution, and structure-activity 
relationships of potent acetylcholinesterase inhibitors: 8-carbaphysostigmine 
analogs. J. Med. Chem., 35, 1429-1434. 

 
39. Villalobos, A.; Butler, T. W.; Chapin, D. S.; Chen, Y. L.; DeMattos, S. B.; Ives, J. 

L.; Jones, S. B.; Liston, D. R.; Nagel, A. A. (1995), 5, 7-Dihydro-3-[2-[1-
(phenylmethyl)-4-piperidinyl] ethyl]-6H-pyrrolo [3, 2-f]-1, 2-benzisoxazol-6-one: 
a potent and centrally-selective inhibitor of acetylcholinesterase. J. Med. Chem., 
38, 2802-2808. 

 
40. Villalobos, A.; Blake, J. F.; Biggers, C. K.; Butler, T. W.; Chapin, D. S.; Chen, Y. 

L.; Ives, J. L.; Jones, S. B.; Liston, D. R. (1994), Novel benzisoxazole derivatives 
as potent and selective inhibitors of acetylcholinesterase. J. Med. Chem., 37, 
2721-2734. 

 
41. Gaussion 98. Gaussion, Inc.; Pittsburgh P A  USA, 2003. 
 
42.       Morris, G. SYBYL-7.3, Tripos Associates, St Louis: 2002. 
 
43. Bartolucci, C.; Siotto, M.; Ghidini, E.; Amari, G.; Bolzoni, P. T.; Racchi, M.; 

Villetti, G.; Delcanale, M.; Lamba, D. (2006), Structural Determinants of Torpedo 
c alifornica Acetylcholinesterase Inhibition by the Novel and Orally Active 
Carbamate Based Anti-Alzheimer Drug Ganstigmine (CHF-2819). J. Med. 

Chem., 49, 5051-5058. 
 
44. Cramer, R. D.; Patterson, D. E.; Bunce, J. D. (1988), Comparative molecular field 

analysis (CoMFA). 1. Effect of shape on binding of steroids to carrier proteins. J. 

Am. Chem. Soc., 110, 5959-5967. 
 
45. Ul‐Haq, Z.; Mahmood, U.; Jehangir, B. (2009), Ligand‐based 3D‐QSAR Studies 

of Physostigmine Analogues as Acetylcholinesterase Inhibitors. Chem. Biol. 

Drug Des., 74, 571-581. 
 
46. Clark, M.; Cramer, R. D.; Van Opdenbosch, N. (1989), Validation of the general 

purpose Tripos 5.2 force field. J. Comput. Chem., 10, 982-1012. 
 



3D-QSAR studies on AChE inhibitors 

 

 Page 40 
 

47. Klebe, G.; Abraham, U.; Mietzner, T. (1994), Molecular similarity indices in a 
comparative analysis (CoMSIA) of drug molecules to correlate and predict their 
biological activity. J. Med. Chem., 37, 4130-4146. 

 
48. Uddin, R.; Yuan, H.; Petukhov, P. A.; Choudhary, M. I.; Madura, J. D. (2008), 

Receptor-based modeling and 3D-QSAR for a quantitative production of the 
butyrylcholinesterase inhibitors based on genetic algorithm. J. Chem. Inf. 

Model., 48, 1092-1103. 
 
49. Geladi, P.; Xie, Y. L.; Polissar, A.; Hopke, P. (1998), Regression on parameters 

from three‐way decomposition. J. Chemometrics, 12, 337-354. 
 
 
 
 



Molecular Docking Studies 

 Page 41 

 

 
CHAPTER 2 

 

Molecular Docking Simulation Studies Applied on Diverse Inhibitors 
of BChE 

This chapter is based on two computational techniques; molecular docking simulation 
and molecular dynamic simulation. Molecular docking is widely used for predicting 
ligand binding mode inside the target proteins. In current study, four datasets of 
different scaffolds were evaluated in silico to understand their binding mode of 
interaction with the cholinesterase (AChE & BChE) enzyme. These different selected 
derivatives would behave as hit to lead compounds as some selective ChE inhibitors 
have already been reported to increase acetylcholine levels and to reduce the 
formation of abnormal amyloid found in Alzheimer`s disease. In molecular dynamic 
simulation we compared apo and complex systems of BChE to evaluate the 
fluctuation of active site residues in dynamic condition.   

 

 

 

. 
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2.1. INTRODUCTION  

2.1.1. Computer Aided Drug Design (CADD) 

Drug discovery and development is an expensive, time consuming and multi-step 

effort [1]. This process is mostly revealed as a steady, consecutive process that starts 

with selection of appropriate target and its inhibitor to lead discovery, followed by 

optimization and pre-clinical phases by utilizing both strategies in vitro and in vivo 

studies. These strategies are involved to determine step by step processes and find out 

effective number of hit to lead compounds then in vivo biological screens involved 

and approach the further investigating towards promising candidates for their 

pharmacokinetic properties, metabolism and potential toxicity. In addition with in-

silico or computational approaches, drug discovery become easier, cost controlling 

process and produced a tremendous opportunity for researchers, academic level and 

pharmaceutical companies around the globe to identify new potential new drug targets 

and its inhibitors from the initial process to clinical trials as shown in Figure 2.1. 

In computational chemistry, the computer is frequently used as an experimental tool, 

and focus to obtaining results relevant from theoretical model of chemical problems. 

Molecular modeling comprises the application of computational chemistry methods to 

give insight into the behavior of molecular systems. The fundamental factor allowing 

the widespread use of molecular modeling is the central paradigm of today’s drug 

discovery, the one disease one-target concept and its implementation. Within this 

paradigm, a certain human condition is associated with the role played by a particular 

macromolecule, whose action can be modulated with a small organic molecule in 

order to achieve a therapeutic effect [1]. 
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Figure 2.1: Steps involved in computer aided drug design (CADD) [  ]
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Nowadays many different approaches of computer-aided drug design (CADD) are 

being used in many aspects of molecule design with respect to target binding site and 

from small organic molecule to protein /enzyme binding gorge. Finally, drug 

designing is an integrated discipline which involves biologically active compounds on 

the basis of molecular interactions in term of molecular structure or its 

physiochemical properties. Computational chemistry and molecular modeling 

methods have became central features of all pre-clinical research stages of the drug-

discovery process. There are several computational methods present for drug 

discovery process. When these methods applied to the study of drugs and their 

receptors, molecular modeling techniques are generally divided into two broad 

categories.  

i. Ligand based drug design (LBDD) consists of a series of techniques used for 

creating models and predictions based solely on the structure of the small 

organic compounds.  

 

ii. Structure based drug design (SBDD) exploits the knowledge of the 3D 

structure of one or more biological receptors and/or their macromolecular 

ligands [2, 3]. 

In drug designing development process computational chemistry and molecular 

modeling play an important role with low cost and effective time frame. Several 

methods are being utilized for development of advance drug design to prevent human 

from different diseases. Computational approaches can be used to aid in refinement of 

drug candidates, systematically induced different functional group in drug’s structure 

to improve its pharmacological properties, as well as in the identification of novel 

lead compounds. The rapid requirement of small molecules searching that may bind 

to targets of biological interest is of crucial importance in the drug discovery process.  

2.1.1.1. Molecular docking studies 

Molecular docking simulation method is one of computational technique, if a three-

dimensional (3D) structure or theoretical homology model of the target is available, in 

which protein-ligand docking programs are used for the placement of small molecule 

within the these compounds according to their binding affinity toward receptors [4, 5]. 
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It is a powerful tool of computational technique which predicts the interaction energy 

between two molecules (receptor and ligand) and find the best orientation of ligand 

which would form complex with minimum energy inside the binding pocket of 

receptor [6-8]. Many Docking programs exist to date, but no single program has been 

used to give best performance in all cases of rigid & flexible target proteins [6]. These 

docking programs are used to place computer-generated representations of a small 

molecule into a target structure with variety of positions, conformations and 

orientations indicating that these are based on scoring function and algorithms [5]. 

Algorithm used to place compounds inside the binding pocket of target and in order to 

identify the energetically most favorable pose from generated result with the aid of 

scoring functions based on the target in terms of shape and properties such as 

electrostatics, hydrophobic, and hydrophilic etc. A good score for a given molecule 

indicates that it is potentially a good binder [9].  

A large number of docking programs and search algorithms have been published 

(Table 2.1),  according to the requirement of protein ligand treatment (rigid & 

flexible) during docking protocol, classifying the underlying algorithms. Some 

algorithms are used to buildup ligand incrementally, initiate docking process from 

base fragment of ligand for this purpose Hammerhead [10-12], DOCK [13, 14], and 

FlexX [15, 16] docking programs are used to follow incremental approach. In other 

programs, such as Auto Dock [16, 17], Genetic Optimization for Ligand Docking 

(GOLD) [17], ICM-Dock [18, 19] and QXP [20], the ligand is treated in its entirety. 
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Table 2.1: Some important molecular docking programs [21] 

S. NO. DOCKING PROGRAMS ALGORITHMS 

1 AutoDock Lamarckian GA 

2 DOCK Shape matching (sphere images) 

3 DOCK (NWU version) Shape matching (sphere images) 

4 FlexX Incremental construction 

5 FRED Shape matching (gaussian functions) 

6 Glide Descriptor matching/MC 

7 GOLD Genetic Algorithms (GA) 

8 Hammerhead Incremental construction 

9 ICM MC minimization 

10 LigandFit Shape matching (moments of inertia) 

11 QXP MC minimization 

11 SLIDE Descriptor matching 

12 Surflex Dock Surface-based molecular similarity 
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2.1.1.1.1. Rigid docking:  

The rigid ligand docking is based on just simple lock and key theory both molecules 

ligand and protein, are considered as a rigid body during docking protocol. Both 

molecules sustain their spatial arrangement. In this type of docking uses geometrical 

complementarities to dock small molecule inside the biological macromolecule. It is 

fast method and search according to the distance-compatible matches of protein and 

ligand features (H-bonding interactions, segment of receptor site of the protein or 

ligand). Different algorithms are used as group of search techniques [22]. Dock [13] 

and FRED [23, 24] docking programs are used for rigid docking. 

2.1.1.1.2. Flexible docking: 

Rigid or single conformation of ligand is easier to handle during docking procedure 

and produced result in less time. However; when ligand has some rotatable bond in 

the molecule then the docking takes large time frame to produce results due to 

different conformations with respect to best binding energies. Flexible docking 

follows the rules of induce fit method in which ligand and protein both provide space 

to each other and ligand with its complimentary can easily accommodate inside the 

binding pocket of receptor. In flexible ligands, it is quite common that the bioactive 

conformations in vaccum are different from the minimum energy conformations in 

solution. Ligand flexibility is typically handled in docking approaches by 

combinatorial optimization protocols such as ensembles, genetic algorithms, and 

fragmentation. Currently, most of docking algorithms are modified to consider 

protein-ligand flexibility, in order to obtain their best binding conformation [25, 26]. 

2.1.1.1.3. Scoring functions:  

Scoring functions in docking programs make assumptions and simplifications in the 

effort to reach a balance between computational time and accuracy of the results [27]. 

Molecular docking depends on the several applications of scoring function, the most 

highlighted application is based on the determination of interactive binding pocket of 

protein for best placement site of ligands. According to the nature of binding site of 

target protein, molecular docking generates number of conformations of putative 

ligand at the active site of protein and produced number of complexes [9]. It is utilized 

to rank the best selected conformations of ligand on the basis of binding tightness of 
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each of the putative complexes and suitable scoring function would be helpful to 

select compounds and arrange the series from lower activity to higher as the result 

produced experimentally. Due the scoring function it is easier to find hit to lead 

compounds. During the process of lead optimization, an accurate scoring function can 

greatly increase the optimization efficiency and control the cost involve in expensive 

steps for different experimental test for ligand synthesis before predicting the binding 

affinities between the protein and modified ligands computationally. These all aspects 

of scoring functions are summarized in Figure 2.2. 

Scoring functions also play an intensive role in virtual database screening by 

identifying the potential drug hits/leads for a given protein target, and help to rank 

known binders at top in selected database according to their respective binding 

scores [28]. In the light of determined binding mode of a ligand, researcher would be 

able to understand the insight molecular mechanism of ligand binding and to further 

design an efficient drug by modifying the ligand. Scoring functions are subdivided 

into following classes  

1- Force field scoring functions 

2- Knowledge based scoring functions 

3- Empirical based scoring functions 

4- Consensus scoring functions 
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Figure 2.2: An illustration of scoring function categories with evaluation criteria of protein ligand complexes [29]. 
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2.1.1.1.3.1. Force field (FF) scoring functions: 

Initially, when no scoring functions were developed for exploring protein-ligand 

interactions, force field (FF) scoring function was recognized as a powerful tool 

for biological system. FF scoring functions are based on physical atomic 

interactions, including Vander Waals (VDW) interactions, hydrogen bonding, 

electrostatic interactions, and bond stretching/bending/torsional force [30]. These 

functions are similar to empirical scoring functions, in that they attempt to predict 

binding energies of ligands by adding individual contributions as mentioned 

following types of interactions. According to the principles of physics, 

experimental data and ab initio quantum mechanical calculations are incorporated 

in FF functions and parameters. In spite of its clear physical meaning, a makeable 

challenge in the force field scoring functions is to explore how to tackle the ligand 

binding in solvent phase. One typical force field scoring function in molecular 

docking is the scoring function of DOCK whose energy parameters are taken from 

the Amber force fields [31-33]. The scoring function is composed of two energy 

components i) Lennard-Jones VDW and ii) an electrostatic term. 

𝐸𝑛𝑜𝑛 −𝑏𝑜𝑛𝑑𝑒𝑑 =    
𝐴𝑖𝑗

𝑟𝑖𝑗
12

𝑝𝑟𝑜𝑡
𝑗

𝑙𝑖𝑔
𝑖

 −
𝐵𝑖𝑗

𝑟𝑖𝑗
6 + 332  𝑞𝑖𝑞𝑗

𝐷𝑟 𝑖𝑗
 ………………………Eq:2.1 

Equation 2.1 indicated i for ligand and j is reserved for protein, VdW interactions are mentioned in 
this equation from Aij and bij in term of repulsion & attraction parameters of the 6-12 potential, rij is the 
distance between atom i and j, D represents the dielectric constant and q is the charge point at each of 
atoms, intra-ligand interactions are added to the score. 

Basically, force field energy functions are designed to compute potential energy in 

gas phase, in a protein-ligand binding process which depends only on one 

component of the free energy change. By the passage of time this scoring 

functions were augmented by solvation energy terms [34, 35] which were computed 

with either Poisson–Boltzmann (PB) or Generalized Born (GB) continuum 

solvation models. The generalized form of force field function which is mentioned 

below now becomes more wide adapted [36] 

∆𝐺𝑏𝑖𝑛𝑑𝑖𝑛𝑔 = 𝐸𝑉𝐷𝑊 +  𝐸𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑠𝑡𝑎 𝑡𝑖𝑐 +   ∆𝐸𝐻−𝑏𝑜𝑛𝑑  + 𝐺𝑑𝑒𝑠𝑠𝑜𝑙𝑣𝑎𝑡𝑖𝑜𝑛 ……………Eq:2.2 
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2.1.1.1.3.2. Knowledge based scoring functions: 

Knowledge based scoring functions are also known as statistical potential based 

scoring functions. This type of scoring functions employ energy potential statistics 

information collected from protein-ligand complexes that is embedded by 

experimentally determined atomic interactions. It is utilized to reproduce binding 

poses rather than binding energies. Rules are interpreted as pair-potentials that are 

subsequently used to score ligand binding poses.  

2.1.1.1.3.3. Empirical based scoring functions: 

The empirical scoring functions estimate the protein-ligand complex binding 

affinity [37]. It is the sum of a set of functions parameterized to fit experimental 

data like binding energies. 

∆𝐺 =   𝑊𝑖𝑖 ∙ ∆𝐺𝑖………………………………………Eq: 2.3 

∆𝐺𝑖  Indicated different energy term i.e. entropy, H-bonding, electrostatics, VDW energy, 
hydrophobicity, desolvation, etc.  𝑊𝑖  is the corresponding coefficients which determined binding 
affinity of 3Dcomplex structures of protein-ligand. Upon comparison with Force field scoring function, 
empirical functions calculate binding score rapidly due to the simple energy terms. 

2.1.1.1.3.4. Consensus scoring functions: 

All developed scoring functions are not completely perfect, applicable and 

accurate for all the protein ligand cases. Every scoring function has some 

limitations with advantages. To overcome the limitation deficiencies of all 

previously explored scoring functions, the consensus scoring technique has been 

introduced to improve the probability of finding correct solutions by combining 

the scores from multiple scoring functions. The most critical step in consensus 

scoring is the design of an appropriate consensus scoring strategy of individual 

scores so that the true binders can be discriminated from others accordingly.  

Generally, in consensus scoring strategies include vote-by-number, number-by-

number, rank-by-number, average rank, and linear combination, etc. Examples of 

all these types of scoring functions are given in Table-2.2. 
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2.1.1.2. Molecular dynamics (MD) simulation. 

Molecular dynamics (MD) simulation calculates the trajectory of a system by the 

application of Newtonian mechanics.  

                      F= ma……………….……………………...............Eq: 2.4 

Molecular dynamic simulation is a powerful tool in molecular modeling to study 

the physical movements of atomic, molecular systems and their environment. For 

MD simulations, firstly a computer model of the molecular system to be studied is 

prepared from NMR, crystallographic or homology modeling data. Then the forces 

acting on each atom are estimated using following Table-2.3 

The interactions described above are collectively called force fields as they 

describe the contribution of different atomic forces governing molecular 

dynamics. In order to mimic the actual behavior of real molecular systems, the 

energies estimated are parameterized to fit quantum mechanical calculations as 

well as experimental data. Then positions of atoms present in the system are 

moved according to Newton’s laws of motion and simulation time is recorded in 

ns. The calculations for MD simulations are performed on super computers having 

hundreds of parallel processors or message passing interface (MPI). Software 

Packages used to perform MD simulations include; AMBER [38], CHARMM [39] 

and NAMD [40]. 

Strategies like simulated annealing have been applied for more efficient use of 

MD in docking. Mangoni et al. described a MD protocol for docking small flexible 

ligands to flexible targets in water. They separated the center of mass movement 

of ligand from its internal and rotational motions. 
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Table-2.2: Different types of scoring functions [27] 

S. No. TYPES OF SCORING FUNCTION EXAMPLES 
 

1 

 

Force Field Scoring Function 

 

DOCK, DOCK 3.5(PB/SA), DOCK / GBSA (SDOCK), AutoDock, GOLD, 

SYBYL/D-Score, SYBYL/G-Score 

 

2 Knowledge-based Scoring function  IT-Score, PMF, Drug-Score, DFIRE, SMoG, BLEEP, M-Score, GOLD/ASP, 

K Score 

 

3 Empirical Scoring function  FlexX, Glide, ICM, LUDI, PLP, ChemScore, SCORE, X-Score, Surflex, 

SYBYL/F-Score, Lig Score, Medusa Score, AI Score, SFC score 

 

4 Consensus Scoring Functions Multi- Score [41], XC-Score, GF-Score [42], SCS [43], and SeleX-CS 

[44]. 
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Table-2.3: Forces used in bonding and non-bonding interaction during molecular 

 dynamic simulation process. 

Interaction type Nature of Bonding Methods 

Interactions between 
chemically bonded 

atoms 

Chemical bonds Simple springs 

Atomic angles Simple springs 

Dihedral angles Sinusoidal functions 

 
Interactions between 
non-bonded atoms 

 
Van der-Walls forces 

 
Lennard-Jones potential 

Electrostatic interactions Coulombs law 
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2.1.2. Target Protein. 

Cholinesterases serve a pivotal role in regulation of nerve impulse transmission by 

hydrolysis of neurotransmitter Acetylcholine [45]. It has been demonstrated that both 

acetylcholinesterase (AChE) and butyrylcholinesterase (BChE) play an important role 

in Aβ-aggregation during plaque formation [46]. The cholinesterase inhibitor therapy 

increases both the level and duration of action of acetylcholine which in turn delay the 

progression of symptoms of AD [47]. Cholinesterase inhibitors such as donepezil, 

galantamine, rivastigmine, hupezine A and tacrine serve as standard approach to 

symptomatic treatment of Alzheimer’s disease [48]. Alzheimer's disease, the most 

common cause of dementia is a neurodegenerative disorder with high heritability 

rate [49]. Neurological changes associated with the disease are characterized with a 

cholinergic deficit in the nucleus basalis of Meynert and deposition of neurofibrillary 

tangles [50]. 

In current study, four different datasets of compounds were evaluated in silico to 

understand their mode of interaction with the cholinesterase enzyme. Different variety 

of compounds were docked within the binding pocket of the crystal structure of 

cholinesterase (AChE & BChE), revealing the structural features responsible for 

observed enzyme inhibitory activities. MOE & Surflex-Dock software`s were utilized 

to perform the molecular docking experiment. In dataset-I Dihydrotestosterone (DHT) 

is the most potent endogenous androgen for the growth of ventral prostate [51]. DHT is 

selectively retained by an androgen receptor, found in the nuclear chromatin of 

prostate. Due to this weaker interaction with the androgen receptor, DHT has a 

stronger androgenic potency than the testosterone. It also plays a vital role in human 

hair loss [52, 53]. Dataset-II is based on ecdysteroids, which are important steroidal 

hormones. The ecdysteriods form a large group of natural and synthetic compounds 

with chemical structures similar to that of the first representative, “α-ecdysone”, 

isolated from silkworm cocoons. A large number of these compounds have already 

been observed in plants fungi and invertebrates. They are classified into phyto- zoo-, 

and mycoecdysteroids, depending on the isolated source. The characteristic features of 

the biological activity of the ecdysteroids are to hormonal control of moulting and 

metamorphosis processes. Dataset-III core structure is based on adamantane 

derivatives, known to exhibit different bioactivities, among which are central nervous 
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system [54], antiviral [55], antibacterial [56, 57], anti-inflammatory[58], and 11β-

HSD1 inhibitory activities [59]. Inspired by the diverse bioactivities of oxatriazine 

derivatives (dataset-IV), the cholinergic inhibitory potential of 1H-1,2,4-Triazoles and 

some of its derivatives were investigated. Triazole, an interesting class of compounds 

are defined by the presence of three nitrogen hetero atoms in five member ring 

system [60]. The isomerization in triazole is characterized by the difference in 

arrangement of nitrogen atoms which give either a 1,2,3 triazole or 1,2,4 triazole [61]. 

1,2,4 triazole has been regarded as magic moiety and wonder nucleus for their diverse 

biological response profile e.g. antibacterial, antifungal, antiviral, sedative, anti-

inflammatory, diuretic, muscle relaxant and analgesic [62]. Maraviroc, a triazole 

derivative has emerged as a novel and very promising HIV treatment drug [63]. 

Moreover, compounds containing triazole derivatives such as vorozole, letrozole and 

anstrozole have been reported to prevent breast and ovarian cancers[64]. In addition to, 

N substituted triazole derivatives, glycosylated triazole derivatives like virazole are 

also highly potent antiviral drugs [65]. The outcome of the docking study helped to 

understand the binding mechanism of compounds with BChE. Docking results of all 

four datasets were in good correlation with experimental findings, exhibited good 

results with BChE as compared to AChE because BChE has larger binding pocket and 

lining of 20Å gorge is consist on more hydrophobic instead of aromatic residues. 

Oxatriazine derivatives docking results were followed by MD simulation of selected 

compounds to determine the molecular forces defining potency of these derivatives. 

Dataset-IV used further to evaluate binding interactions in dynamic system which 

applied at two different set in (apo and complex) BChE enzyme. The results of the 

study presented here suggest that the oxatriazine derivatives investigated could be 

considered as lead compounds for developing novel therapeutics against AD. 

Furthermore, different selected derivatives would behave as hit to lead compounds as 

a drug for AD as some selective BChE inhibitors have already been reported to 

increase acetylcholine levels and to reduce the formation of abnormal amyloid found 

in Alzheimer`s disease [39]. 
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2.2. MATERIAL AND METHODS 

Molecular modeling studies were conducted on a dual processor Intel(R)XeonTM CPU 

3.00 GHz LINUX work station running under SUSE 11.4. 

2.2.1. Construction of Ligand Datasets: 

3D structures of dataset I, II, III& IV were drawn by molecule builder which is 

incorporated in MOE modeling package as depicted in Figures-2.3 to 2.5. The all 

constructed structures were subjected to MMFF94x for energy minimization. 

Subsequently for the evaluation of potential energy, partial charges were calculated by 

MMFF94 force field [66, 67].  

2.2.2. Preparation of Protein Targets 

Among thirty-one reported X-ray crystal structures of human BChE in the protein 

data bank (PDB) [68], PDB ID 1P0P: 2.30 Å was selected as the target protein based 

on suitable resolution and co-crystallized ligand, butyrylthiocholine (BCh) for dataset-

1 & 11. The entire system was energy minimized by MMFF94 force field[66], after 

adding the missing hydrogen atoms and keeping heavy atoms fixed until a root-mean-

square deviation (RMSD) gradient of 0.05 Kcalmol−1Å−1 was reached. For dataset-III 

the X-ray crystal structures of both types of cholinesterase enzymes, human AChE 

(hAChE, PDB ID: 4EY5:2.30) and human BChE (hBChE, PDB ID: 2WSL:2.0Å) 

were retrieved from Protein Data Bank (PDB) and whole structures were minimized 

after addition of polar hydrogen atoms. In dataset-IV human BChE (hBChE), PDB 

ID: 2WSL:2.0Å) was used for molecular docking and simulation purpose. The 

elevated levels of BChE have been associated with the progression of disease[69]. 

Thus, the search for selective BChE inhibitors might be considered as an innovative 

approach for the treatment of AD. In the current study, selective inhibition of BChE 

by a series of 4H-1,2,4,5-oxatriazine derivatives which underpin the therapeutic 

potential of these compounds against AD were reported.  
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Figure 2.3: Biotransformation of dihydrotesttosterone (DHT) was subjected to 
microbial transformation by two fungal cultures a) Macrophomin phasolina and b) 
Gibberella-fujikuroithat produced different three and four scaffolds, respectively for 
dataset-1. 
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Figure 2.4: Bio-transformed steroidal compounds of dataset-II 

 

 

 

 

 

 

 

 

 

Figure 2.5: Core structure used for oxatriazine derivatives of dataset-IV 
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2.2.3. Molecular Docking Simulation Protocol 

Molecular docking is widely used to predict binding modes and inhibitory mechanism 

of small ligands with their target proteins [6, 70]. To select best docking program [71] 

with respect to the target biological system, GOLD [17, 72, 73], MOE [74] and 

Surflex [10] docking programs were employed. Molecular Operating Environment 

(MOE) docking software was finally selected to study the assembly pattern of bio-

transformed DHT derivatives (dataset-I), steroidal compounds (dataset-II) and 

oxatriazine derivatives (dataset-IV) in complex with human BChE system.Both 

prepared systems (protein and ligand) were introduced for molecular docking 

simulation. Docking simulations were performed by using two methods (a) Alpha 

Triangle placement method, and (b) Triangle matcher placement method. All 

compounds were ranked with London dG scoring function and re-scored by 

GBVI/WSA dG with the force field refinement strategy [75]. A total of 30 docking 

poses were generated for each ligand and the pose with the lowest energy was 

selected for further studies. 

Molecular docking studies were carried out to understand the binding mode of 

synthesized adamentyl derivatives (dataset-III) inside both types of cholinesterase 

enzymes using Surflex-Dock program of Sybyl 7.3 [76-78] software. Surflex is a fully 

automatic flexible molecular docking algorithm that combines the scoring function 

from the Hammerhead docking system with a search engine that relies on a surface-

based molecular similarity method as a means to rapidly generate suitable putative 

poses for molecular fragments. Prior to docking, the 3D structures of inhibitors and 

receptors were prepared according to Surflex-Dock requirements. In the Surflex-Dock 

automatic active site detection of prepared proteins were done by “protomol” and 

used an empirically derived scoring function based on the binding affinity. In this 

study, standard parameters were used to estimate the binding affinities of new 

adamentyl derivatives characterized by Surflex-Dock score (total score) that is 

expressed in –log10 (Kd) units [11]. 
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2.2.4. Molecular Dynamic (MD) Simulation 

In order to investigate the binding mechanism of the oxatriazine derivatives with 

BChE, MD simulation was performed for apo system and highest activity (t3) with 

lowest activity (t2) compounds. MD simulations were carried out in an explicit 

solvent model using the AMBER 12.0 package [79]. AMBER99SB force field 

parameters were used to establish the potentials of proteins, and generalized AMBER 

force field (GAFF) parameters were used to establish the potentials of the inhibitors. 

To ensure the electro neutrality complexes chloride ions were added with subsequent 

solvation by TIP3P rectangular box around the solute unit. The solvated protein-

inhibitor complex system was subjected to comprehensive energy minimization 

before MD simulation. For this purpose, first restrain minimization of water 

molecules was done while holding the solute fixed (5000 steps using the steepest 

descent algorithm followed by 5000 steps of conjugate gradient minimizations of the 

whole system). An unrestrained minimization was then carried out using the same 

procedure as for restrained minimization. Bond lengths involving hydrogen atoms 

were constrained using SHAKE algorithm [80] with harmonic restraints of 25 

kcal/molÅ. Both simulated systems were subsequently subjected to a gradual 

temperature increase from 0 to 300 K over 300 ps, and then equilibrated for 400 ps at 

300 K followed by production runs of 10 ns. Constant temperature (298 K) and 

constant pressure (1 atmosphere) were controlled by the Berendsen coupling 

algorithm [81]with a time constant for heat-bath coupling of 0.2 ps. The dielectric 

constant and cut-off distance were set to 1.0 and 10.0 Å, respectively. Long-range 

electrostatic calculations were carried out by particle mesh Ewald method. The 

resulting trajectories were analyzed by CPPTRAJ [82] module of AMBER package 

and VMD [83] 
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2.3. RESULTS AND DISCUSSION 

2.3.1. Molecular Docking Simulation  

2.3.1.1. Dataset I& II: 

Initially, selection of suitable docking program for our target of interest was possible 

by re-docking with GOLD, MOE, and Surflex programs. In this exercise, re-docking 

protocol was applied on co-crystallized structure of human BChE (PDB ID 1P0P). 

The competency assessment of each re-docked pose was evaluated by considering the 

RMSD values, binding energy and refinement based re-scoring function, as shown in 

Table-2.4. 

MOE-Dock is able to produce the most convincing re-docking results for cognate 

ligand within the binding pocket of BChE as shown depicted in Figure 2.6. 

Co-crystallized ligand and its re-docked pose are surrounded by the same active site 

residues displaying conserved interactions within 0.655Ǻ RMSD value. On the basis 

of satisfactory re-docking results, MOE was utilized to investigate behavior of 

dataset-I (1-7 compounds) and dataset-II (S-I & S-II compounds) inside the binding 

pocket of BChE as shown in Table-2.5.  

Molecular docking studies demonstrated that all compounds were well accommodated 

inside the binding pocket of BChE. Due to the larger binding pocket of BChE, bulkier 

compounds like DHT derivatives are easily placed inside the binding gorge. The best 

selected dock pose of galanthamine (standard inhibitor) exhibited hydrogen bond 

interaction with catalytic triad residue Glu197 at 2.16 Å with all possible conserved 

interactions within 5.0 Å (Figure-2.7). 
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Table 2.4: Re-docking score of co-crystallized ligand butyrylthiocholine (BCH) 

inside the binding pocket of butyrylcholinesterase (1P0P) 

S: No. Conformations S RMSD 
(Ǻ) 

E-
conf. E-place E-refine 

1 BCH -16.83 2.22 -36.9 -45.77 -16.83 

2 BCH -16.73 5.35 -32.75 -42.93 -16.73 

3 BCH -15.29 2.11 -34.94 -40.23 -15.29 

4 BCH -15.16 4.20 -39.36 -42.95 -15.16 

5 BCH -15.03 2.18 -38.86 -52.02 -15.03 

6 BCH -14.97 4.89 -38.09 -45.09 -14.97 

7 BCH -14.55 2.96 -40.02 -46.16 -14.55 

8 BCH -14.53 5.33 -37.47 -40.07 -14.53 

9 BCH -14.53 2.23 -35.48 -49.1 -14.53 

10 BCH -14.14 3.51 -38.87 -43.07 -14.14 

11 BCH -13.91 0.65 -38.35 -40.73 -13.91 

12 BCH -13.79 2.26 -37.94 -41.29 -13.79 

13 BCH -13.11 1.96 -32.74 -42.69 -13.11 

14 BCH -13.05 3.07 -35.12 -41.93 -13.05 

15 BCH -11.32 1.51 -36.62 -42.84 -11.32 

16 BCH -10.74 4.57 -36.79 -40.00 -10.74 

17 BCH -7.41 4.41 -38.12 -42.33 -07.41 

18 BCH 0.92 3.07 -33.26 -40.17 00.92 

S; binding free energy 
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Figure 2.6 Three Dimensional (3D) conformational differences of co-crystallized 
ligand (BCH) and its docked pose within binding site of 1p0p. 

 
 
 
 

Table 2.5: Molecular docking studies of biotransformed DHT derivatives inside the 
binding cavity of butyrylcholinesterase (PDB ID 1P0P) 
 
 

Compounds 
Inhibition 

potency 

IC50 ± 

SEM [μM] 

Binding Free 

Energy 

(kcal/mol) 

1 

Dataset I 

Inactive NA -6.64 

2 Inactive NA -6.73 

3 Inactive NA -6.43 

4 Active 109.4 ± 1 -6.70 

5 Active 11.8 ±0.5 -6.74 

6 Active 20.5 ±0.2 -6.57 

7 Active 12.9 ±0.7 -6.82 

Galanthamine 

(Standard) 
Standard Active 4.9 ± 0.3 -6.26 

S-I 
Dataset II 

Inactive NA -7.36 

S-II Active 45.5 ±0.5 -7.67 

 

NA= Not active  

 



Molecular Docking Studies 

 Page 65 

 

 
 
 
 
 
 
 
 

 
 
Figure 2.7: Docking conformation of galanthamine (generated by MOE docking 
software) properly accommodated into the binding cavity of butyrylcholinesterase 
enzyme and developed hydrogen bond interaction with catalytic residue GLU197 
at 2.61 Å. 
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From the analysis of each inhibitor (1-7), we found that due to lack of carbonyl 

moiety and a double bond in ring “A”, compounds 1-3 were not able to productively 

engage with the enzyme, the outcome was well correlated with experimental results. 

Both functional groups actively participated in the inhibition of BChE activity and are 

involved in the interactions with key residues, as shown in the Figure 2.8. The 

presence of both the functional groups in compounds seems to be prerequisite to 

inhibit the BChE activity. From this postulation, compounds 5-7 were identified as 

active inhibitors. Depth analysis exhibited the role of double bond in assisting the 

compound to attain a favorable orientation towards the binding residue W82 which is 

involved in the inhibition and thus participate in π-π interaction between the DHT 

derivatives and BChE enzyme. In active site two most important residues of BChE 

(Y128& Y332) are frequently involved in hydrogen bonding and play an important 

inhibitory role. By docking experiment, S198, E197, H438, Y128, Y332, P285, F329, G115, 

439& W82 were identified as key residues, located within the binding pocket. The 

figure-6c clearly reflects that no interactions were found between compound 3 and 

binding residues of BChE, which might be due to the inverted orientation. Compound 

3 exhibited no inhibition of the enzyme during the experimental studies. Similarly, 

compounds 1 and 2 also exhibited weak potency against BChE. By comparison of 

docked pose orientation of all compounds, it was deduced that compound 2 (Figure-

2.8b) has a better orientation than compounds 1, and 4-7. With this orientation, two 

hydrogen bonds formation were also possible with the Y128 (2.89 Å) and Y332 (2.17 Å) 

residues of BChE, but the molecule would be disorientated for inhibition. This 

disturbance could be due to the presence of hydroxyl group (OH), instead of carbonyl 

moiety, and the absence of a double bond in ring “A” that was required for π-π 

interactions. Compound 4 was found to be more active as compared to 1-3, while less 

active than compounds 5-7. It would be due to the absence of hydrogen bonding with 

Y332 (Figure-2.8d) even though it is involved in π-π interaction with W82. Compound 

7 exhibited the highest inhibitory potency experimentally and theoretically (-6.82 k-

cal/mol) due to the double bond in ring “A”, as well as hydrogen bond interactions 

with Y128 (3.19 Å) and Y332 (3.05 Å) and hydrophobic interactions with key residues. 

The Figure-2.8c clearly reflects that no interactions were found between compound 3 

and binding residues of BChE, which might be due to the inverted orientation. 

Compound 3 exhibited no inhibition of the enzyme during the experimental studies. 
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Similarly, compounds 1 and 2 also exhibited weak potency against BChE. By 

comparison of docked pose orientation of all compounds, it was deduced that 

compound 2 (Figure-2.8b) has a better orientation than compounds 1, and 4-7. With 

this orientation, two hydrogen bonds formation were also possible with the Y128 (2.89 

Å) and Y332 (2.17 Å) residues of BChE, but the molecule would be disorientated for 

inhibition. This disturbance could be due to the presence of hydroxyl group (OH), 

instead of carbonyl moiety, and the absence of a double bond in ring “A” that was 

required for π-π interactions. Compound 4 was found to be more active as compared 

to 1-3, while less active than compounds 5-7. It would be due to the absence of 

hydrogen bonding with Y332 (Figure-2.8d) even though it is involved in π-π 

interaction with W82. Compound 7 exhibited the highest inhibitory potency 

experimentally and theoretically (-6.82 k-cal/mol) due to the double bond in ring “A”, 

as well as hydrogen bond interactions with Y128 (3.19 Å) and Y332 (3.05 Å) and 

hydrophobic interactions with key residues. 

Furthermore, docking analysis of dataset-II reveals that compound S-I exhibited 

active inhibition against BChE target due to placement of this compound inside the 

binding gorge create effective hydrogen bonding with G78 at 2.6Å & P285at 2.6Å and 

involved in π-π interaction with W
82. All important hydrophobic interactions also 

conserved to contribute this compound as active inhibition. Due to the absence of 

hydrogen bonding of proline and π-π interaction compound S-II exhibited in active 

inhibition as depicted in Figure 2.9. 

Molecular Docking results of dataset-I & II with BChE provided valuable information 

about the nature of the binding interactions that were satisfactorily correlated with the 

experimental studies. This information could be utilized to design new leads against 

the BChE enzyme. 
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Figure 2.8. Best selected molecular docking interactions pose of all compounds (1–7) 
within binding pocket of BChE. Compounds 1–3 exhibited weak interaction due to 

the absence of π-π interaction (a-c), while compounds 4–7 exhibited strong 
interactions (d-g) inside the BChE. 
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2.3.1.2. Dataset-III 

The molecular docking studies were performed to explain the binding mechanism of 

new adamentyl derivatives theoretically against cholinesterase enzyme. To date, 

several ligand-cholinesterase complexes have been reported. Docking studies applied 

on experimentally resolved structures of BChE (PDB code: 2WSL) and AChE (PDB 

code: 4EY5) carried out by Surflex-Dock program of Sybyl 7.3 software. Docking 

results demonstrated that FDA approved drug like tacrine (THA) efficiently bind 

inside binding vicinity of BChE than AChE and also supported by experimental 

results as mention in Table-2.6. In complex of THA-BChE (Figure 2.10a), the THA 

moiety was bound with CAS and cationic-π site, its structure is involved in π-π 

bonding with phenyl ring of W80 (2.94Å) by parallel orientation and stabilized by a H-

bond with CAS (H436) residue at 2.1Å distance. However, this stabilizing hydrogen 

bond was missing in the THA-AChE complex while only two π-π interactions were 

observed at an anionic site with THA rings at distance of 3.29Å and 3.79Å 

respectively (Figure 2.10b). 

On the basis of BChE experimental inhibition activities, twenty-six new compounds of 

adamentyl derivatives were categorized into three different groups for understanding of 

docking results, active compounds (0-79µM), least active compounds (135-250 µM) 

and in-active compounds (>250). According to this classification three different 

compounds were selected to explain the docking results against BChE and its results 

were co-related with experimental findings. Similar compounds were also used to 

understand the mechanism of interaction and inhibitory activities of AChE adamentyl 

complexes. 
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Figure 2.9: Compounds of dataset-III placed inside the binding gorge of target protein 
BChE and exhibited interaction with active resides:  

A) Compound S-I B) compound S-II. 
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Table-2.6: Binding affinities of Tacrine with new adamantyl derivatives (1–26) 
against AChE and hBChE cholinesterase enzymes. 

 
 

S No. Compounds Structures R- 
BChE IC50 

(µM) 

AChEIC50 

(µM) 
BChE 

Dock_score 
AChE 

Dock_score 

1 1 Scheme 1 29.69 274.41 1.6 2.83 

2 2 Scheme 1 8.65 410.9 1.22 3.63 

3 3 Scheme 1 18.05 17.8 2.02 2.26 

4 4a Br

 
201.25 561.85 

 
0.9 

 
2.57 

5 4b Cl

 
180.93 441.31  

0.79 
 

3.06 

6 4c F

 
147.26 570.59 

 
1.19 

 
3.21 

7 4d NO2

 
10.01 637.28 

 
1.22 

 
1.51 

8 4e 
NO2

 
236.69 765.59  

0.87 
 

2.84 

9 4f 

NO2

Cl  

217.96 439.18 0.43 3.56 

10 4g 
S  

165.7 218.55 0.85 2.76 

11 4h 
 

75.57 519.72 1.83 2.8 

12 4i CH3

 
135.76 624.19  

1.23 
 

1.14 

13 4j OCH3

 
10.75 607.5 

 
0.92 

 
0.99 

14 4k OH

 
8.80 619.65 3.46 3.53 

15 4l OH

HO

 
13.75 464.6 2.96 2.68 
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S No. Compounds Structures R- 
BChE IC50 

(µM) 

AChEIC50 

(µM) 
BChE 

Dock_score 
AChE 

Dock_score 

16 4m OH

HO OH

 
12.4 353.11  

2.35 
 

2.33 

17 4n CN
 

227.94 424.88  
1.73 

 
1.71 

18 4o 
N  

327.39 515.00  
1.51 

 
3.3 

19 4p 
N  

297.05 633.58  
1.49 

 
2.5 

20 4q N
 

183.4 596.23  
0.92 

 
3.45 

21 4r 
NH

H3C

 

35.5 549.25 1.61 -0.2 

22 4s 
NH

 
29.19 638.65 2.88 2.91 

23 4t 

NH

Br  

189.71 411.15 2.67 3.23 

24 4u 
OCH3

 
207.01 383.9 0.88 3.75 

25 4v 

Br

 
209.14 399.94  

1.02 
 

2.94 

26 4w 

F

F  

281.4 302.7  
1.46 

 
2.65 

27 Tacrine 

N

NH2

 

0.615 6.77 
 

3.8 
 

3.99 
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Figure 2.10: (a) Docked pose of the FDA approved drug Tacrine as an active 
inhibitor inside the binding gorge of human butyrylcholinesterase (hBChE), (b) 

Docked pose of Tacrine with human acetylcholinesterase (hAChE). 
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2.3.1.2.1. Active compounds (0-79µM): Compound 1 (29.69µM) occupied the entire 

enzymatic CAS, mid-gorge and PAS, displaying several hydrophobic interactions as well 

hydroxyl (OH) moiety established a hydrogen bond (1.96Å) with the carbonyl group of 

the CAS (His436) residue (Figure 2.11a). These interactions stated that more 

hydrophobic scaffolds have experimentally good inhibitory potency as compared to 

hydrophilic in nature. These observations were also supported upon comparison of 

compounds 4k, 4l and 4m, less inhibitory potency was observed as number of OH 

function group on phenyl ring were increased. These compounds exhibited good 

agreement with experimental results while in AChE the important residues of CAS, mid-

gorge and PAS were not closely found and due to distances could  not establish 

significant interactions except week π-H interaction were observed for compound 1 

(274.4µM) with Trp86 residue as shown in Figure 2.12. 

2.3.1.2.2. Least active compounds (135-250 µM): The molecular structure of 4t 

(189.71) indicated, that it has a large hydrophobic surface, which is ideal for interacting 

with the hydrophobic lining of 20Å deep gorge inside the BChE. Therefore, these 

residues can readily form hydrophobic interactions with the hydrophobic surface of 4t as 

well as interact with the negatively charged acidic residues Glu195 at 2.083Å (Figure 

2.11b)that participated in binding affinity of 4t against BChE. In case of 4a, 4b and 4c, 

docking analysis specified that size of halogen effect on the inhibitory potency of these 

compounds against BChE. The interacting active site residues into 5Å to comp 4t 

exhibited eight hydrophobic residues while only six hydrophobic residues present with 

respect to the binding pocket in AChE. This observation may account for the relatively 

stronger binding of 4t to BChE than AChE (Figure 2.12). 

Although 4t also has the potential to form electrostatic interaction with active site residues 

of both enzymes, therefore, the 4t impact of inhibitory activity against both proteins differ 

mainly by hydrophobic interactions. 

2.3.1.2.3. In-active (>250µM): The compound 4o (327µM) showed non inhibitory 

potency towards BChE enzyme. This compound has no H-bond interaction to stabilize 

the complex system and no other interactions were observed (Figure 2.11c). Similarly, 

this compound was also inactive against AChE (Figure 2.12). Upon comparison of 4o 

with 4t, the orientation of adamentyl moiety is far away from the interactive hydrophobic 

residues because of the pyridine ring. Possibly, due to this factor non inhibition potency 

was observed against the both cholinesterase enzymes. 
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Figure 2.11: Putative binding mode of selected adamantyl derivatives according to 
their inhibition potency inside the binding gorge of human butyrylcholinesterase 
(hBChE): (A) active compound 1; (B) least active compound 4t, and (C) inactive 
compound 4o. 
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Figure 2.12: Representation of the top-scored docked poses of selected adamantyl 
derivatives to understand the binding pattern within the human acetylcholinesterase 

active site for compound 1 (orange), least active 4t (magenta) and inactive compound 
4o (yellow). 
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2.3.1.3. Dataset-IV 

In the dataset-IV we assessed a series of 4H-1,2,4,5-oxatriazine (t1-6) as depicted in 

Table-2.7 for their cholinesterase inhibitory potential.  

Table-2.7: Summary of the in vitro cholinesterase inhibitory activities of 4H-1,2,4,5-
oxatriazine derivatives  

 

 

 

Compound Code R-group IC50 value 

t1 (p-methyl)phenyl 6.14 mM 

t2 (p-methoxy)phenyl 1.64 µM 

t3 (p-fluoro)phenyl 693 nM 

t4 (p-chloro)phenyl 76.19 µM 

t5 (p-bromo)phenyl 176.66 µM 

t6 thiophene 96.54 µM 
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In case of BChE, Compounds t2, t4, t5 and t6were found to have moderate inhibitory 

activity against BChE, with IC50 values are 1.64, 76.19, 176.66 and 96.5μM 

respectively. The highest activity was presented by compound t3 (IC50 693 nM) while, 

t1 showed least activity (IC50 6.14 mM). The overall order of inhibition against BChE 

of oxatriazine are t3> t2> t4> t5> t6> mt1. 

The compound t3, t4 and t5 having halogen substitutions at para position of benzene 

ring at C1 suggests a direct relationship between electronegativity and inhibitory 

potential. A significant increase in activity was observed as increase in 

electronegativity increase from fluorine to bromine. In contrast, t5 should 

accommodate and interact properly in the larger binding pocket of BChE and can 

exhibit significant inhibition value against enzyme but may be due to the anomalous 

behavior of fluorine and being most electronegative member of the halogen family, 

experimental and computational results supported t3 as highest active inhibitor within 

series of oxatriazine derivatives.  

The active site gorge of butyrylcholinesterase can be divided into five major domains; 

the peripheral active site, the catalytic active site (CAS), the acyl pocket region, the 

choline sub-site region and the oxyanion hole region [48]. Docking studies of the 

oxatriaizne derivatives in BChE indicated that all the compounds occupied similar 

position in the BChE active site and non covalent interaction developed as hydrogen 

bonds with the amide groups of residues Gly116 and Gly117 of oxyanion hole as 

depicted Figure 2.13 & Table-2.8. The analysis of putative docking pose of 

compounds t3, t1 and t2 indicated the accommodation of these compounds near the 

peripheral anionic site while, the compounds (t4, t5 and t6) with bulkier substitutions 

flipped off the other side near the acyl binding site. The benzene ring of the 

compounds (t1-5) were found to be stacked with W82 at the choline biding site which 

further anchored these compounds at the active site gorge. 

In BChE, oxatriazine derivatives did not interact with F288 and F290, these two 

aromatic amino acid residues were replaced by two smaller amino acid residues, L286 

and V288. Due to these residues, BChE has larger space in the binding gorge which 

allowed accommodation of relatively bulkier substrate moieties [84].  
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Figure 2.13: Docking pose of oxatriazine derivatives of dataset-IV within binding 
gorge of BChE, Green color is representing peripheral anionic site, yellow color for 
oxyanio hole, purple color is indicating catalytic triad, cyan color showed choline 
binding site and blue represent the acyl binding site. 
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Table-2.8: The important hydrogen bonding interactions exhibited by the lead molecules in complex with BChE. 

Compound Interacting site Residues Mode of Interaction Distance (Å) Ligand Interacting atoms 

t2 

Oxyanion hole Gly 116 H- bond 2.25 Nitrogen of oxytriazine 

Oxyanion hole Gly 117 H- bond 2.64 Oxygen of oxytriazine 

Choline binding site Trp 82 Hydrophobic  Aromatic ring 

t1 

Oxyanion hole Gly 116 H- bond 3.32 Oxygen of oxytriazine 

Oxyanion hole Gly 117 H- bond 3.17 Nitrogen of oxytriazine 

Choline binding site Trp 82 Hydrophobic  Aromatic ring 

t3 

Oxyanion hole Gly 116 H- bond 3.29 Nitrogen of oxytriazine 

Oxyanion hole Gly 117 H- bond 3.40 Oxygen of oxytriazine 

Choline binding site Trp 82 Hydrophobic  Aromatic ring 

t4 
Oxyanion hole Gly 116 H- bond 3.5 Nitrogen of oxytriazine 

Choline binding site Trp 82 Hydrophobic  Aromatic ring 

t5 
Oxyanion hole Gly 116 H- bond 3.5 Nitrogen of oxytriazine 

Choline binding site Trp 82 Hydrophobic  Aromatic ring 

t6 Oxyanion hole Gly 117 H- bond 3.6 Nitrogen of oxytriazine 
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2.3.2. Molecular Dynamic (MD) Simulation: 

Molecular Dynamic (MD) simulation is the modern state-of-art technique widely 

applied to characterize protein ligand interactions [85]. The technique is evolved as a 

major technique to design novel bioactive molecules and to investigate their mode of 

action. MD experiment carried out on two different systems (apo and complexes) till 

10ns production run time. In this work two different complexes of oxatriazineseries 

(t3-BChE and t1-BChE) were used for comparison in order to investigate the stability 

of protein-inhibitor complexes with respect to high and low experimental activity and 

to monitor the persistence of protein-ligand interactions in dynamic phase. MD 

generated results monitored by pressure, density, temperature and energy (kinetic and 

potential) graphs from the output files. 

Mass-weighted RMSD (only polypeptide backbone) calculated as a function of time 

indicated stability of protein atoms during simulation (Figure 2.14). The extent of 

fluctuation that spanned the RMSD distance corresponds to the conformational 

changes and the rationality of sampling. According to the RMSD graphs of apo 

protein and its complexes exhibited high fluctuation in apo system as compare to 

complexes (t3-BChE & t1-BChE). This fluctuation indicated that complex system is 

more stable than apo. The curve shows that a plateau is formed till 1-2ns indicating 

presence of a stable unvarying conformation till 8ns followed by gradual increment in 

the RMSD value.  

The significantly lower RMSD values of protein inhibitor complexes underline the 

stability of inhibitor bound structures during the production run. 
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Figure 2.14: The docked pose of compound t3 in the binding pocket of BChE. The triazole 

moiety of ligand forms hydrogen bonds with the amide groups of G116 and G117. 

 

 

 

Figure 2.15: Root mean square deviation of carbon α of peptide backbone plotted as a 

function of time. 
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The analysis of mass weighted RMSF values demonstrated overall decreased 

fluctuation in amino acids involved in formation of hydrogen bonding interaction 

(<1Ǻ). An interesting observation was found in case of amino acid Trp 82 which has 

comparatively lower fluctuation in protein-t3 than in protein-t1 complex (Figure 

2.14). This observation is in line with our docking results suggesting the stacking of 

benzene ring of compound t3 and the amino acid throughout the simulation time. 

Ligand-modulated interaction with the neighboring amino acids play a key role in 

drug induced inhibition of enzyme. The analysis of distance profile of the compound 

t3  revealed that the distance between G117
 and the ligand remained roughly constant 

with an average value of 3.5 Ǻ (Figure 2.15) which demonstrates the key role of this 

interaction in stability of the complex. Interestingly this interaction could not be 

noticed during docking analysis as the distance was fairly large to be considered 

(Figure 2.16) which underpins the importance of molecular dynamics simulation in 

characterization of mode of inhibition of the ligands. 
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Figure 2.16: Root Mean Square Fluctuation (RMSF) of all residues during the MD simulation. 
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Figure 2.17: The stability analysis of the hydrogen bonds observed between the G117 residue of BChE and t3 oxatriazine derivatives 
during the time frame (10ns) of MD simulation
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2.4. CONCLUSION  

In conclusion, the theoretical estimated binding affinities are in close range to the 

experimental values. From the docking analysis, experimental inhibitory potency 

relationship of dataset-I of compounds 1-7 exhibited the fundamental role of α, β-

unsaturated carbonyl moiety in ring “A”. In the bound state of metabolites with 

BChE, compounds 5-7 exhibited favorable hydrophilic, hydrophobic and hydrogen 

bond interactions with the active site residues of receptor protein. These compounds 

also participated in π-π interaction towards the W82 as exhibited in dataset-II. 

Additionally, according to the binding modes, the hydrophobic interactions between 

dataset-III (adamentyl derivatives) and their surrounding hydrophobic residues of 

active site play predominant roles, while hydrophilic interactions were also found. 

When different adamentyl derivatives (1-26) were docked inside both cholinesterase 

enzyme (BChE and AChE), high selectively of adamentyl compounds were observed 

to BChE over AChE. Might be possible, due to BChE larger active site gorge is quite 

enough to generate good binding with the new derivatives of adamentyl andalso it has 

more hydrophobic lining of 20Ǻ deep gorge as compared to AChE. A series of novel 

oxatriazine derivatives (dataset-IV) were assessed for their BChE inhibitory potential 

moderate to good activity. The docking results suggested a positive relationship 

between the electronegativity of the halogensubstituent series and their relative 

biological activity.  According to the binding modes, the hydrophobic interactions 

between oxatriazine derivatives and their surrounding active site residues play  

predominant role in inhibition, while apolar contact were also found. Experimental 

studies correlated with the theoretical studies confirming the behavior of different 

metabolites inside the binding pocket of BChE, and supported inhibition activity 

trend, followed by least active to highly active compounds. In MD simulation studies, 

apo system and complexes system of representative compounds (t3 & t1) of 

oxatriazine series were compared, which indicated complexes were more stable 

because high RMSD fluctuation was found in apo system. In t3-BChE complex 

formed stable hydrogen bonds between the residues (G117) of oxyanion hole of the 

BChE and oxatriazine  moiety of the ligands. Finally, experimental results of 

biological activity and computational results (vacuum & dynamic) were found to be 

correlated. 
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CHAPTER 3 
 

Identify Diverse Inhibitors of BChE by Small Scale Virtual Screen (SSVS)  

In rational drug designing Virtual Screening (VS) is cost effective and productive method 
to predict the novel lead compounds against any selected receptor. In this study, small 
scale virtual screening (SSVS) phenomena adopted by using the ZINC databank and the 
Lipinski’s rule of five followed by molecular docking to select possible hit to lead 
compounds to inhibit butyrylcholinesterase (BChE) activity. Furthermore, the molecules 
were obtained by screening evaluated possible binding interactions and this work can be 
extended in future for in vitro assays to analyze the most potent inhibitors through the 
pIC50 value. 
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3.1. INTRODUCTION: 

irtual screening (VS) is an effective method in drug discovery process to 

identify the novel diverse nature of hit compounds from large chemical 

libraries by using structure based filtering tools to eliminate undesired 

compounds [1-4]. Initially, Lipinski’s “rule of 5” is very helpful as an earlier filter tool 

where those structures are eliminated if they violate one or more of the rules [5]. VS 

technique is extremely dependent on the quantity and quality of available data and the 

predictive ability of the underlying algorithm and scoring function. In this method, a 

large virtual library contains several thousand compounds with different molecular 

structures filtered and reduced into a small number of filtered compounds [6, 7]. 

Subsequently, filtered compounds are ranked according to their possibility to be bioactive 

compounds and selected enrich the top fraction list of compounds. In this connection, VS 

attempts to improve the odds of identifying bioactive molecules by maximizing the true 

positive rate, that is, by ranking the truly active molecules obtained as high as possible 

and resulted compounds used for further experimental activity [8]. This method can be 

divided into two broad categories: Structure-based VS [9] and Ligand-based VS. 

Structure-based VS utilizes the three-dimensional (3D) structure of the biological target 

(determined either experimentally through X-ray crystallography or NMR, or 

computationally through homology modeling) to dock the candidate molecules and rank 

them based on their predicted binding affinity to the binding site. In presence of high 

resolution structure of the biological target, SBBS virtual screening is found as most 

appropriate adopted method, which involves the use of docking algorithms in which 

conformational sampling protocols are used for placement of ligand into the active site of 

the target macromolecule. Genetic Algorithms, Monte Carlo Simulation, and Simulated 

Annealing, conformational sampling methods are used in docking calculations [10]. In 

the absence of structural information on the receptor, virtual screening approaches are 

mainly based on structural similarity between known and potential active ligands. 

Ligand-based approaches utilize structure activity data from a set of known actives in 

order to identify candidate compounds for experimental evaluation. Ligand based 

methods include approaches such as similarity and substructure searching, quantitative 

V 
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structure−activity relationships (QSAR), pharmacophore and three-dimensional shape 

matching. In virtual screening, all sampling protocols are guided by a function that 

evaluates the fitness of interactions between the macromolecule and small ligand. In this 

protocol, small molecule conformations are generated and ranked according to the score. 

Therefore, scoring functions are playing an important role because the final predicted 

conformations are ranked according to the score. Moreover, virtual screening is one of 

the important and valuable methods for frequent use to discover novel scaffolds against 

selected targets. In this research work, small scale virtual screening (SSVS) was 

performed on ten million compounds and applied different filter (lipinski rule of 5, 

enrichment factor, area under curve, scoring functions, molecular docking, and binding 

interactions) techniques to reduce towards effective number of compounds into the 

binding pocket of target protein butyrylcholinesterase. 

 

3.2. MATERIAL AND METHODS 
3.2.1. Database Construction. 
Compounds retrieved to prepare a set of diverse, drug like, lead like compounds from 

freely available databases such as CHEMBL, ChemBridge, NCI, MayBridge & ZINC [11-

14]. These databases are used as inhibitors against target receptor of BChE. At first step, 

repeated molecules were removed from above mentioned databases then those 

compounds were removed which have different elements in structure rather than C, H, N, 

O, S, F, Cl, and Br through filter package of OpenEye software. Two different databases 

were constructed; one used for selection of appropriate molecular docking program and 

the second database contains compounds for SSVS which based on only ZINC database. 

To select best docking program against target protein we required known inhibitor 

database which was created with the help of FASTA format sequence of target receptor 

sequence (1P0I). The known compounds of selected homo-sapiens butyrylcholinesterase 

were searched at CHEMBL web server for software selection.  In this work 2853 

compounds were reported against homo-sapiens BChE target, while only 1536 

compounds were selected on the basis of IC50 values for further workup and remaining all 

compounds were deleted. According to the effective activity (0-6700000000 nM) range, 

146 compounds were retrieved.  Furthermore, in the next step, repeated compounds were 
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removed which produced 103 compounds and Lipinski “rule of five” was applied on 

selected compounds by filter program which successfully passed 78 compounds and 25 

compounds were not found to fulfill the requirement of this rule as mentioned in pie chart 

Figure 3.1. Once a known compounds CHEMBL database of 78 compounds were 

created, one cognate ligand was added from butyrylcholinesterase complex structure 

having PDB code: 1p0p). Finally, database of known inhibitors with 79 compounds 

(Figure 3.2) have been created, and converted in to a single file of mol2. In SSVS 

database workup only ZINC database was used, in which 10637968 compounds were 

present. 
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Figure-3.1. Pie chart graph representation for selection of known compounds from CHEMBL web server against 

butyrylcholinesterase target protein. 
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Figure 3.2: Chemical structures of known 79 compounds used to select of best molecular 
docking software for SSVS 
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3.2.2. Selection and Preparation of Target Proteins 
In the current study, out of thirty five X-ray resolved crystal structures, five resolved 

proteins of BChE were selected on the basis of organism (homo-sapiens) and its best 

resolution, aged, non-aged, soman-aged and date of release including native structure 

along with complex from protein data bank (PDB) [15] depicted in Table-3.1. All 

receptors were prepared by hydrogen atoms added to the receptor at physiological pH and 

partial atomic charges using Kollman method were assigned to the receptors and 

minimized the whole system. All selected five protein obtained best receptor for SSVS by 

re-docking protocol as illustrated in Scheme 3.1. 

 

3.2.3. Preparations of Ligands 

3.2.3.1. Known active compounds  

The SYBYL7.3 package was used to prepare the known active compounds database and 

selected proteins co-crystallized ligands required for the re-docking and software 

selection for docking. The cognate ligands were extracted from selected receptors then 

correct atom type and geometry were assigned, hydrogen atoms were added. The 

compounds those have ionizable group (positively charged quaternary amino group) were 

protonated according to the physiological pH and Gasteiger-Hückel partial charges were 

assigned also. Additionally, by the help of energy minimization all these compounds 

attained lowest energy state at by default procedure followed by 1000 steepest descent 

steps with the Tripos Force Field to release the internal all strains (torsion, steric etc). 

Furthermore, minimization generated probably most stable conformation by using 

OpenEye's Omega program at default settings. After addition of missing hydrogens and 

charges were applied to best conformation of selected known compounds prepared 

dataset finally ready to use for docking software (MOE [16], Sybyl & GOLD) assessment 

against five selected proteins. 

 

3.2.3.2. Unknown compounds 

Unknown compounds retrieved from different freely available online databases: like 

ZINC (10637968), NCI (265242), MayBridge (57200) & ChemBridge (788841) 
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databases. On the basis of known (79) active compounds specifications, appropriate 

molecular docking software selected for targeted receptors, properties and their ranges is 

display in Table 3.2. According to the ranges of the different properties of these known 

compounds were selected for unknown compounds to create database of software 

selection. Initial strategies towards this goal involved the use of computational filters to 

remove compounds supposed to be chemically unsuitable for screening purpose. Such 

filters help to remove those structures from unknown compounds that may be toxic or 

reactive groups present in the structure. Molecular weight limit helps for effective 

searching of unknown compounds as well as number of rotatable bonds play an important 

role also. Finally, 4998 unknown compounds were finalized for software validation 

process. 
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Table-3.1. Target protein (BChE) information for small scale virtual screening (SSVS).  

 

S NO. PDB ID INHIBITOR RESOLUTION 

(Å) 

1 1P0P Butyrylthiocholine (BCH) 2.3 

2 1P0I Butanoic Acid (BUA) 2.0 

3 2WSL Tabun analogue (TA4) 2.0 

4 2XMB Sulfate (SUL) 2.1 

5 1XLW Ecothiophate (EP) 2.1 

 

Table-3.2: Drug like properties ranges of selected known active (79) compounds against 

BChE. 

S: # 2D-Descriptors Lower limit Upper limit 

1 M.wt (762.992) (199.2770) 

2 Logp (9.3570) (-0.3080) 

3 TPSA (148.430) (7.680) 

4 H-acc (10) (0.00) 

5 H-don (3.0) (0.00) 

M.wt = Molecular weight, Log P=, TPSA=topological polar surface area, H-acc, 

Hydrogen bond acceptor, H-doc=Hydrogen bond donor  
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3.2.4. Molecular Docking Simulation. 
SSVS experiments were performed applying a multistep hierarchical protocol using three 

in-silico screening packages GOLD, SYBYL, and MOE software`s were used for 

docking of 5,078 compounds in BChE binding site in order to choose a single docking 

program [10] to determined positive ligand in screened hits. Selection criteria based on re-

docking, cross docking, enrichment factor (EF) and area under the curve (AUC), then 

appropriate docking selection for VS of BChE among the GOLD, SYBYL, and MOE 

software [17], SSVS procedure proceed further as shown in Scheme 3.1. 

 

3.2.4.1. Molecular docking software 

3.2.4.1.1. GOLD 

Genetic Optimization for Ligand Docking  (GOLD) is the docking program that 

introduced by Cambridge Crystallographic Data Centre (CCDC), UK. GOLD software is 

based on genetic algorithm and suitable for flexible docking [18, 19]. In the procedure of 

protein–ligand complex, to dock flexible ligands into protein binding pocket and active 

site is defined as interactive residues of the protein within 10Å radius sphere of selected 

ligand. The default software settings were used for controlling of the parameters of 

GOLD’s genetic algorithm. Initially, both system were prepared according to the 

requirement of software, deleted all water molecules from the protein system. During the 

docking study, 10 docking solutions were generated for each ligand. The GOLD scoring 

function based on non-bonding VdW forces at 2.5 Å cutoff, H-bonding, and 

intramolecular energies. Goldscore and Chemscore used for this work.  In individual GA 

run, a maximum number of 100,000 GA operations were performed on a single 

population of 100 individuals. Operator weights were set as 95, 95, and 10 for crossover, 

mutation, and migration, respectively. Thirty top ranked poses were saved for further 

analysis. 

3.2.4.1.2. MOE 

Molecular docking is carried by MOE software [20], the whole system were minimized 

by MMFF94 force field after adding missing hydrogen atoms and  keep heavy atoms 

fixed until a RMSD gradient of 0.05 Kcalmol−1Å−1 was reached.  Subsequently, for the 
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evaluation of potential energy, partial charges were calculated by MMFF94 force field 

[21, 22]. Both the prepared system (protein and ligand) were introduced for the molecular 

docking simulation.  Docking simulations were performed using two docking placement 

methods a) Alpha Triangle placement method  b) Triangle matcher placement method. All 

compounds were ranked with London dG scoring function and re-scoring obtained by 

(GBVI/WSA dG) with the force field refinement strategy.A total of 30 docking poses 

were saved for each ligand and the pose with lowest energy was selected for further 

studies [16, 23]. 

 

3.2.4.1.3. SURFLEX DOCK 

Surflex-Dock program [24, 25] is integrated in Sybyl 7.3 software. It is an automatic 

flexible molecular docking protocol implements an incremental construction 

“Hammerhead’s” empirical scoring function approach with morphological similarity 

method means that rapidly generate appropriate putative poses for ligand fragments. 

Surflex-dock is faster flexible docking software [24] and gives an accurate performance 

in terms of docking results accuracy that comparable in all available methods. This new 

fragment assembly method is relatively related to genetic algorithm approaches but it is 

deterministic. Surflex-dock algorithm generated an ideal active site of receptor known as 

“protomol”. The construction of protomol is based on interactive residue of active site of 

protein. This software plays an important role in virtual screening and due to the good 

screening performance, produce good results of screening like true positive hits is greater 

than 80% at false positive hits which indicated it is significantly better than all of 

competing methods. Prepared protein used to generate protomol and database of ligands 

docked inside the protomol at by default settings (proto thresh= 0.2 & proto bloat=0) for 

all other parameters. Finally, thirty poses were generated for each ligand of database. 

 

3.2.4.1.4. FRED 

FRED (Fast Rigid Exhaustive Docking) is rigid molecular docking program [26, 27]. It is 

the part of OpenEye scientific software, implements ensemble of ligand conformers for 

rigidly docked into the binding pocket of protein [28, 29]. The rigid docking approach 
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widely use for virtual screening to screen millions of compounds by rapid molecular rigid 

docking FRED software. 

In FRED docking, shape fitting process is the first step in which input is set of ligand 

conformers and tests against a Boolean grid where ligand atoms can placed efficiently 

which is known as “bump map”. Rejection criteria based on orientations that clash with 

the active site residues of protein or located far from the assigned active site. The crude 

docking solutions are also tested by pharmacophore feature if specified during protocol, 

in case any poses that do not match the pharmacophore features those ligands are 

rejected. Various scoring function incorporated in FRED including a Gaussian type fitting 

scoring functions Chemgauss2, Chemgauss3, PLP, ChemScore, Shapegauss and 

Screen Score [30, 31]. In FRED docking protocol, multi-conformer of ligands were 

generated by OMEGA at default software parameters [32]. The receptor files were 

created by using defined position of a known bound ligand in combination with a shape 

based site detection algorithm. The prepared receptor file was docked with multiple 

conformer dataset of ligand to create protein-ligand complex using all mentioned scoring 

functions [33]. Thirty top ranked docking poses were saved and analyzed. 

 

3.2.4.2. Re-docking  

Re-docking phenomena describes the docking software accuracy for particular system by 

correctly dock cognate ligand of any experimental complex inside the true binding 

pocket. This method is subsequently used for virtual screening.  Re-docking generated 

results evaluated by RMSD value. RMSD values were calculated to quantify the 

difference between the experimental ligand coordinates and the predicted docking pose 

coordinates by each docking program. The goal of re-scoring was to scrutinize which 

scoring functions are able to correctly rank the known inhibitors among the top positions 

from the random library of “drug like” compounds. 

 

3.2.4.3. Area under the curve (AUC) 

Area under the curve (AUC) is used to quantify the ability of software to differentiate 

between binders and non-binders. 
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3.2.4.4. Enrichment factor 

To evaluate the quality of docking protocols against targeted receptors with the help of 

scoring function comparison to random selection, Enrichment factor parameter is widely 

utilized for virtual screening [34]. The enrichment factor (EF) is defined as 

 

                                                                          
     

  

     

  
    ………………..Eq-3.1         

In the above equation: i for sample & j for total N is the number of compounds, Hitsi is 
the number of active compounds in the sample dataset, and Hitsj is the total number of 
active compounds in the database.  
 

This parameter is used against random screening; mean that it is indicated maximum 

enrichment is determined by the total number of active compounds and the total number 

of molecules in the database. In this project, selected 79 active known compounds among 

the total 5077 (4998+79) molecules in the database for the BChE SSVS project, 

enrichment factor (EF) showed the concentration of actives within 1% , 5% and 10% of 

screened data, on the basis of these factors, software suitability of known compounds 

were judge and select for further process. 
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Scheme 3.1: Work flow scheme of Small Scale Virtual screening 
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3.3. RESULTS AND DISCUSSION 
Initially, we selected five proteins out of thirty eight crystal structures; selection was 

made on resolution, aged, complex & native structure. SSVS selected five proteins with 

different resolution and including native & complex structures with aged, soman aged 

protein. These five structures were used for re-docking & cross docking methods and on 

the basis of these selected rules1P0I was finalized as suitable protein structure for further 

work up of SSVS. 

3.3.1. Selection of Software 
Compounds retrieved from freely available online database, that is, databases having the 

range of molecular weight, cLogP value, no. of hydrogen bond donor, no. of hydrogen 

bond acceptor, no. of rotatable bonds (4-15), and topological polar surface area (TPSA) 

(73-157) to fulfill the similarity bases of known inhibitors of BChE as shown in Table-

3.1. Chemical structures of these reported compounds were also important to identify the 

essential chemical features required in lead candidates showed in Figure-3.2. 

Molecular Docking methods provide a very useful initial filtering of any data set that can 

be used for further filtration data analysis. In this our project we screen the database 

against BChE enzyme to reduce the chances of Alzheimer disease [35]. 

The major step of virtual screening technique depends on selected target active side 

residues interaction with the ligands. By applying the filtration protocol of OPENEYE 

software on whole downloaded database to avoid the biased and undesirable compounds. 

Total compounds in database are 3490485 and 3343760 number of molecules passes 

from filter process. Molecular Docking is the promising method to smooth the progress 

of the generation of multiple conformations that can fit into the active site for prediction 

of protein-ligand interactions with lowest binding energy. Compounds were ranked 

according to the value of scoring functions that would be helpful to announce best 

conformations according to the quality of fitness within the binding cavity of BChE. 
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3.3.2. Software's Validation Protocols: 
Molecular docking technique was performed at prepared dataset by using GOLD 5.0, 

MOE 2011.10, and Sybyl 7.3 to finalize the primarily (program were selected based 

primarily on software availability) Thirty poses were generated and saved for each 

ligand, best ranked pose of each ligand with all software`s was taken for further analysis. 

Most molecules are highly flexible and single conformer of compound cannot depict the 

possible bound conformation effectively. As a consequence, docking with generation of 

multiple conformations or flexible docking method is found to be more reliable and 

frequently used strategy. Most of the docking methods, nowadays, are flexible type 

approach requires several minutes to dock one ligand to the target protein. All used 

docking softwares are based on flexible docking mechanism [10]. Scoring functions of 

these softwares are required for two most important purposes; for generation of best 

possible orientation and confirmation of ligand to fit effectively to the binding pocket and 

to calculate binding affinity of best docked molecule and ranked it. Our software’s 

validation protocol is totally based on scores which in turned depends on three valuable 

points; the ability to identify the correct ligand binding mode within the target protein, to 

rank the poses of ligand according to their binding affinity, and its ability to discriminate 

the true inhibitors (reported compounds) out of large virtual database and dock them 

more appropriately. 

For this purpose, the default parameters of selected three molecular docking software`s 

were used to generate 30 poses that strongly bind into the binding gorge. Docking top 

ranked scores and best conformations of each software`s were selected for further 

analysis and compared with other software to evaluate the software capability to 

recognize the known actives from large number of unknown compounds and ranked them 

with highest scores.  

The docking programs; GOLD with goldscore and chemscore, MOE with London dG 

and GBVI/WSA dG and Hammerhead in Sybyl were taken for selection of appropriate 

docking. 5,078 compounds dataset were used to dock inside the five selected BChE 

proteins (1P0P, 1P0I, 2WSL, 2XMB, 1XLW). Dataset collected from NCI, ZINC, 

MayBridge and ChemBridge databases and depend on the physiochemical (2D features) 

properties of known BChE inhibitors reported in CHEMBL. The cognate ligands of 
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selected proteins were also extracted from crystal structures to incorporate into dataset 

that facilitate the re-docking and cross-docking steps of analysis (56-57). 

Docking results used to obtain best top ranked compounds with suitable conformation 

and then AUCs were calculated. AUCs results of all software`s showed the performance 

of each docking tool and their ability to differentiate between active and in-active 

compounds against targeted protein. AUCs of total dataset of two software`s out of three 

with five proteins were not in acceptable range indicated that every docking program 

with default settings were not suitable for all targeted system. MOE software is rejected 

because of AUC value, that is not in acceptable range (~0.098) and also not produced 

satisfactory values from 1% to 10% data set analysis, Sybyl has -0.509 AUC value it is 

acceptable but GOLD software produces -0.707 is high range for acceptance. It means 

that MOE software has poor performance of docking ability for BChE target system as 

shown in Table-3.3.  
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Table-3.3: Total AUCs with 1%, 5% and 10% and Enrichment factors of 1%, 5% and 

10% database 

 

S No. Docking Software AUC AUC EF 

   1% 5% 10% 1% 5% 10% 

1 Sybyl  

 

0.707 0.02 0.50 0.26 3.72 2.53 3.16 

2 MOE 

 

-0.01 0.01 0.50 0.25 3.80 2.80 1.80 

3 GOLD 

 

0.606 0.01 0.50 0.3 3.80 2.53 1.80 
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Enrichment factor is also play a crucial role to contribute the suitable selection software. 

MOE software is not produced appropriate results gradually decrease from 1% to 10%. 

Although EF values of 1% and 5% have similar values of EF for GOLD and Sybyl 

software when calculated for 10% database GOLD software decline from 2.53 to 1.80 

while Sybyl software EF value increased from 2.53 to 3.16. Finally, Sybyl software 

selected for further study against cholinesterase enzyme.   

In the present work, zinc database compounds used for virtual screening, 3.4 million 

compounds were retrieved. For SSVS at the first step general filter applied followed by 

drug like and lead like that proceed to 3343760 compounds. These compounds were 

divided into three different dataset; dataset-1 & dataset-II contains 11,000,00 compounds, 

respectively while 11,437,60 compounds present in dataset-III. All three datasets were 

filter by apply charges and minimization protocol with the help of OMEGA software that 

helpful to further reduce compounds to 371800, 428600 & 433700 respectively. These 

filtered compounds used for rigid docking by “Fred” docking program. Dataset-I 

produced 371581 compounds successfully in result of rigid docking approx. in 27hours, 

dataset-II finished docking in 31 hours proceed428404 compounds successfully, 433499 

compounds filter for dataset-III. Then ROC calculation strategy utilized at cutoff 0.9, 0.8 

and 0.7 but selected compounds at cutoff 0.7 for further analysis. In this cutoff 20304, 

22500, 22149 compounds reduced further for dataset-1, dataset-2 & dataset-3, 

respectively. 2D descriptor of drug-like properties ranges used for further analysis 

including M.wt, logp, TPSA, a-acc, A-don, that produced 10,635 compounds 

 

3.3.3. Docking by Surflex: 
Surflex is a fully automatic flexible molecular docking algorithm that combines the 

scoring function from the Hammerhead docking system with a search engine that relies 

on a surface-based molecular similarity method as a means to rapidly generate suitable 

putative poses for molecular fragments. By using surflex 10,635 compounds docked 

which present in single file. All compounds were docked and on the basis of dock score 

VS compounds filtered compounds and figure reduced from ten to five thousand.  
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3.3.3.1. Selection on the basis of consensus scoring 

On the basis of consensus scoring, top 10% of the data selected for visual analysis. i.e. 

916 compounds were selected due to the presence of active site key residues (SER198, 

GLU197, HIS438, TYR128, TYR332, PRO285, PHE329, GLY115, GLY439 and TRP82) 

which located within the binding pocket of BChE. 

After the procedure of consensus scoring only 87 compounds were best accommodated 

inside the binding gorge. Depth analysis of compounds with respect to non-covalent 

bonding only 44 compounds exhibited good interaction between receptor and selected 

dock pose of ligand as depicted in Figure-3.3. Twenty eight compounds were selected in 

which, catalytic triad residue SER198, Glu197 HIS438, and rest of all active residues i.e. 

TYR128, TYR332 and GLY115-116 were involved more frequently in H-bonding. On 

the basis of depth analysis of non-covalent interactions, from diverse nature of 

compounds only twelve (12) important compounds screened for further studies including 

in-vitro technique that may play an important role in inhibition of BChE and prevent 

human from Alzheimer disease. In compound ZINC-26895468 GLU197 involved in 

hydrogen bonding at 1.90Å and GLY115 also exhibited as significant interaction, ZINC-

35237393 GLU197 exhibited hydrogen bonding at 1.79Å and GLY115 found at 

2.61Å.ZINC-38918939 has also unique properties and exhibited well interacted with 

active site residues like HIS438 at 2.70Å, Ser198 (2.71Å) and GLY115 also played some 

role inside the binding gorge of BChE. In ZINC-48229741 residue of catalytic triad 

GLU197 was involved in hydrogen bonding at distance 1.84Å and HIS438 present at 

2.06Å. ZINC-71255614 exhibited GLU197 at 2.05Å HIS438 and GLY115 involved at 

2.49 and 2.60 respectively. This compound ZINC - 62864105 showed significant 

interactions including GLU197, SER198 catalytic triad residues and also GLY115were 

found at distance 2.38Å, 1.76Å, and 2.02Å, respectively.  ZINC-48229741 involved in 

hydrogen bonding only GLU197 residue at distance 1.84Å, while ZINC-34726888 

exhibited GLU197 at 1.67Å, In ZINC-09777198, Ser198 showed hydrogen bonding at 

1.48Å and in ZINC-05896042,  GLU197 (1.73Å), SER198 (2.61Å) and GLY115 found 

at 1.71Å. ZINC-04467385 surrounded by active site residue GLU197 (2,28Å) while same 

residue present at 1.60Å around ZINC-01401556 and GLY115 also located in this 

compound with significant interaction. 
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     Figure 3.3: On the basis of non-covalent H-bonding interaction of active site residues of BChE         

     twelve (12) best selected zinc compounds 
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3.4. CONCLUSION 

In this work, with the help of small scale virtual screening (SSVS)  the diverse scaffolds 

hit to lead compounds were identified as inhibitors of butyrylcholinesterase (BChE) 

enzyme. In SSVS, out of five selected experimentally x-ray resolved crystal structures of 

BChE proteins, 1p0I finalized for whole experiment on the basis of re-docking and cross 

docking strategies and utilized toexplore best docking program for this VS project. Freely 

available databases i.e. CHEMBL, ChemBridge, NCI, MayBridge & ZINC used to 

retrieved 4999 compounds based on features (molecular weight, cLogP value, HBD, 

HBA, rotatable bonds, and TPSA) of known 79 compounds to fulfill the similarity bases 

of known inhibitors of BChE. SSVS protocol was performed on ten million compounds 

and applied different filter (lipinski rule of 5, scoring functions, rigid & flexible body 

molecular docking, and non-covalent binding interactions) techniques to reduce into 

effective number of compounds of target protein butyrylcholinesterase. Therefore, after 

these filters from the consensus scoring only 87 compounds were best accommodated 

inside the binding gorge of BChE. Depth visual inspection of these compounds with 

respect to non-covalent bonding only 44 compounds exhibited good interaction between 

receptor and selected dock pose of ligand. Twenty eight (28) compounds were selected in 

which, catalytic triad residue and rest of all active residues of oxyanion hole were 

involved more frequently in H-bonding. Finally, SSVS story end at retrieval of twelve 

(12) important compounds from in-silico technique and would use for further studies 

including in-vivo & in-vivo techniques that may be play an important role in inhibition of 

BChE and prevent human from Alzheimer disease. 
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CHAPTER 4 
 

Ligand Based 3D-QSAR Studies of Diaryl Acyl-Sulfonamide Analogues  

Diaryl acyl-sulfonamide derivatives were reported as Human Umblical Vein 
Endothelial Cell (HUVEC) inhibitors, which are stimulated by Vascular Endothaelial 
growth factor (VEGF). VEGF has angiogentic characteristics to cause colorectal 
cancer. A ligand based 3D-QSAR technique was carried out on diaryl acyl-
sulfonamide derivatives by using CoMFA studies to find relation between biological 
activities of inhibitors and their structures. Although, these ligands have no direct 
binding mechanism with VEGF receptors that`s the reason, the current study hopes to 
shed some light on the inhibition mechanism of the ligands with HUVEC   
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4.1. INTRODUCTION 

 

arious types of cancers are preventable disorders and colorectal cancer is 

one of them. Colorectal cancer also called colon cancer or large bowel 

cancer includes cancerous growth in colon, rectum and appendix. 

Pathogenic angiogenesis plays an important role in propagation of colorectal cancer. 

Vascular Endothelial Growth Factor (VEGF) is involved in the development of 

colorectal cancer. VEGF level are higher in those patients who suffer from this 

disease [1]. Previous studies provide evidences that deregulated VEGF is predominant 

angiogenic factor in progression of colorectal cancer [2]. VEGF is released by variety 

of tumor cells which activate endothelial cells to propagate and form new blood 

vessels [3, 4]. The biological effects of VEGF on endothelial cells are mediated by i ts 

two receptors; Fms -like tyrosine kinase (Flt-1 or VEGFR-1) and Kinase Domain 

Receptor (KDR or VEGFR-2). Both of which belong to tyrosine linked receptors of 

class III [5, 6]. KDR participates in angiogenesis and vasculogenesis while Flt-1 is 

involved in organogenesis [7]. Therefore, making different strategies to inhibit 

colorectal cancer is a main goal to achieve the target of suppressing this cancer 

causing agents. Acyl-sulfonamide compounds are reported as potent inhibitors of 

tumor agents against human tumor xenograft (colon, breast, ovary & prostate). Two 

closely related diaryl acyl-sulfonamide have proved their potential to the treatment of 

colorectal cancer. These are specific inhibitors of VEGF stimulated Human Umbilical 

Vein Endothelial Cells (HUVEC). HUVEC were used as angiogenic model to check 

the inhibitory potentials of diaryl acyl-sulfonamide. The substitution occurs on both 

the phenyl ring of the acyl-sulfonamide antiproliferative scaffold and the Structure 

Activity Relationship (SAR) was demonstrated, although the molecular target of these 

compounds remains unclear [8].  

To our knowledge, there have been no reports concerning the three-dimensional 

quantitative structure-activity relationship (3D-QSAR). The current study deals with 

the ligand based the 3D-QSAR technique [9, 10]. The generated models were used to 

V 
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correlate the observed biological activities with the structural changes in ligands. Two 

of the most widely used 3D-QSAR [11] approaches are used, based on Comparative 

Molecular Field Analysis (CoMFA) [12-14] and Comparative Molecular Similarity 

Indices Analysis (CoMSIA) [15]. The CoMFA technique was exclusively utilized 

biological activities of inhibitors and provides the worthful information to understand 

the structural requirements of the ligands [16-18]. The CoMFA uses electrostatic and 

steric fields to generate the correlation. The calculated fields are correlated with 

experimentally biological data by Partial Least Square (PLS) analysis to derive 3D-

QSAR models. Three methods of alignments were used to generate stable 

conformations for CoMFA analysis. Contour maps generated by CoMFA were used to 

interpret activity and structural requirements of the ligand. On the basis of generated 

CoMFA model finding of a potent inhibitor from the acyl-sulfonamide class will be 

easier. 3D-QSAR studies were done for the very first time for these acyl-sulfonamide 

derivatives which have evidence to inhibit the VEGF stimulated with HUVEC [8]. 

 

4.2. MATERIALS AND METHODS 

4.2.1. Biological Data & Molecular Structures 

In this 3D-QSAR study, a series of diaryl acyl-sulfonamide derivatives were selected 

which consists of 50 compounds (as shown in Table-4.1. The experimentally 

determined pIC50 values were taken from the literature [8]. The dataset was divided 

into training set (40 compounds), test set (10 compounds) and the pattern based on 

random selection followed by approximate ratio of 4:1. The pIC50 values of training 

set compounds range from 4.66 to 6.77 which were also believed to contribute for the 

suitability of training set compounds for this 3D-QSAR study. 
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Table-4.1: Molecular structures of acyl-sulfonamide derivatives (Skeleton A & B) with Actual inhibitory activities in 
pIC50 values. 

 

 

 

 

Compound No. Skeleton R1 R2 R3 R4 pIC50 

1 B --- --- Cl --- 6.77 

2 A Cl --- Br --- 6.70 

3 B --- --- CH3 --- 6.68 

4 A Br --- Cl --- 6.62 

5 B --- --- Br --- 6.62 

6 A Br --- Br --- 6.60 

7 B --- Br --- --- 6.60 

8 A CH3 --- Cl --- 6.52 

9 B --- --- OCH3 --- 6.46 

10 B --- --- C(CH3)3 --- 6.46 

S
N
H

O

A B

OO

R3

Cl

ClSkeleton B

R4

R2

R1

Skeleton A 
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9 B --- --- OCH3 --- 6.46 

10 B --- --- C(CH3)3 --- 6.46 

11 B --- Cl CH3 --- 6.44 

12 B --- Cl F --- 6.39 

13 B --- --- F --- 6.39 

14 B --- Cl --- --- 6.36 

15 B --- Cl Cl --- 6.34 

16 B --- --- CH3S --- 6.28 

17 B --- --- CH3CO --- 6.26 

18 A CH3 --- Br --- 6.21 

19 A Cl ---- NO2 --- 6.21 

20 A C2H5 --- Cl --- 6.20 

21 B --- CH3 --- --- 6.12 

22 B --- Br Br --- 6.04 
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23 B --- NO2 --- --- 6.04 

24 B --- CH3O --- --- 6.04 

25 B --- --- N(CH3)2 --- 6.03 

26 B --- Ph --- --- 6.03 

27 B --- --- CO2CH3 --- 5.89 

28 A C3H7 --- Cl --- 5.89 

29 B --- --- NO2 --- 5.85 

30 A CF3 --- CF3 --- 5.85 

31 B --- --- Ph --- 5.85 

32 B --- Cl --- Cl 5.85 

33 A OCH3 --- Cl --- 5.70 

34 A NH2 --- Cl --- 5.49 

35 B --- OCH3 OCH3 --- 5.41 

36 A F --- Br --- 5.34 
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37 A --- Cl Cl --- 5.23 

38 A NO2 --- Cl --- 5.23 

39 A --- --- Cl --- 5.20 

40 A Cl --- OCH3 --- 5.00 

41 A Cl --- CN --- 5.00 

42 A NO2 --- CF3 --- 4.96 

43 A --- --- NO2 --- 4.96 

44 A Cl --- --- Cl 4.89 

45 A NO2 --- NO2 --- 4.89 

46 A --- Cl --- --- 4.85 

47 A --- Br --- --- 4.82 

48 A --- --- N(CH3)2 --- 4.80 

49 A --- Cl --- Cl 4.74 

50 A H H H H 4.66 
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4.2.2. Molecular Modeling 

All Molecular Modeling studies were performed using SYBYL version 7.3 [19] 

running on a dual processor Intel (R) XeonTM CPU 3.00GHz LINUX work station 

running under SUSE 11. The structures of all compounds were built with Sybyl-7.3 

software. Inhibitor with highest pIC50 value was reasonably selected as template 

structure to perform 3D-QSAR calculations because no crystal structure or complex 

was presented for this set of compounds. One of the fundamental assumptions where 

3D-QSAR studies are based on is that the geometry similarity should exist between 

structures. For the comparison of different features of acyl-sulfonamide analogues, it 

is necessary to align molecules in a common orientation relative to a template 

compound. The partial atomic charges were assigned for each ligand by Gesteiger  

Huckel [20], Gesteiger Marsilli [21] and MMFF94 [22] methods. Ligands were 

minimized using the Powell's conjugate gradient algorithm until a convergence 

criterion value of 0.05 kcal/mol.Å was reached. 1000 maximum iterations were 

allowed in minimization process. In case when MMFF94 charges were applied, the 

same force field of applying charges was used. The PLS method was used for all the 

3D-QSAR analysis. Quality of the models was determined by their q2 values and by 

external set (test set) prediction        values. 

4.2.3. Molecular Alignment 

The molecular conformation and orientation is one of the most sensitive parameter in 

CoMFA analysis. The predictive ability of the model depends directly on the quality 

of alignment in 3D-QSAR. Therefore, careful attention required during the molecular 

alignment step for the development of 3D-QSAR model. In present work, all 

compounds under study have common rigid substructure. Superimpositions of the 

molecules were carried out by different approaches using Compound 01 as template 

structure having pIC50 value 6.77. The three alignment protocols were utilized; 

Alignment I: (Database method)  

Alignment II: (RMSD method)  

Alignment III: (Atom fit method) 
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Different selected positions of core structure were chosen, by selecting fifteen atoms 

for database alignment, all atoms for RMSD alignment and five atoms for atom fit 

alignment protocol. The final selected alignment method, in which fifteen selected 

atoms of molecules were used and depicted in Figure 4.1. All the compounds were 

aligned on the atoms of selected bioactive conformer which has highest pIC50 value 

and used this compound as a reference molecule and displayed in the Figure 4.2.  

After the alignment of the data set compounds, each conformation was individually 

inspected, and an extra care was given to avoid any alignment problem. 

 

 

 

 

 

 

Figure 4.1: Template structure used for the database alignment. Selected atoms used 

for alignment purpose were indicated by asterisk (*). 

 

 

 

 

 

 

 

 

 
Figure 4.2: Schematic diagram of the molecular alignment by database alignment 

protocol of whole data set containing 50 different analogues of diaryl acyl-
sulfonamide. 
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4.2.4. 3D-QSAR Calculation 

4.2.4.1. CoMFA model calculation 

A Comparative Molecular Field Analysis (CoMFA) is then generated by creating a 

grid surrounding molecules of each ligand and calculating the steric and electrostatic 

potentials at each intersection point on the grid using a sp3 hybridized carbon atom 

with a +1 charge  as a probe atom. A training set of 40 compounds as shown in Table 

4.2 was selected from the existing database, representing the diversity of structures 

and activities. Standard steric and electrostatic CoMFA fields energies of each acyl-

sulfonamide analogs were calculated at each lattice intersection of regularly spaced 

grid 2.0 Å surrounded each molecule. Coulombic potential [13, 23] functions and 

Lennard-Jones 6-12 potential [24], within the Tripos force field [25] and a distance 

dependent (1/r) dielectric constant, were used in the calculation. The steric and 

electrostatic field contribution at an energy cutoff and column filtering of 30 Kcal/mol 

and 2.0 Kcal/mol respectively was set as a threshold. 
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Table-4.2: Experimental verses predicted (CoMFA) activities with residual for diaryl acyl-sulfonamide derivatives of 

training set and test set. 

S.No. Compounds Actual pIC50 Predicted by 

CoMFA 

Residuals 

Training set     

1 1 6.770 6.701 0.070 

2 2 6.700 6.588 0.1100 

3 3 6.680 6.645 0.030 

4 4 6.620 6.292 0.330 

5 5 6.620 6.518 0.100 

6 6 6.600 6.507 0.100 

7 7 6.600 6.579 0.020 

8 8 6.520 6.333 0.190 

9 9 6.450 6.678 -0.220 

10 11 6.440 6.531 -0.090 
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11 12 6.390 6.467 -0.080 

12 13 6.390 6.471 -0.080 

13 14 6.360 6.507 -0.150 

14 15 6.340 6.380 -0.040 

15 17 6.260 6.126 0.130 

16 18 6.260 6.195 0.060 

17 19 6.210 6.499 -0.290 

18 20 6.210 5.861 0.350 

19 21 6.200 6.1187 0.010 

20 22 6.120 6.196 -0.070 

21 24 6.040 5.975 0.070 

22 25 6.040 6.252 -0.210 

23 27 6.030 5.930 0.100 

24 31 5.850 5.993 -0.140 
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25 32 5.850 5.903 -0.050 

26 34 5.700 5.606 0.090 

27 36 5.490 5.413 0.080 

28 37 5.410 5.441 -0.030 

29 38 5.340 5.315 0.020 

30 39 5.230 5.172 0.060 

31 40 5.230 5.419 -0.190 

32 41 5.200 5.339 -0.140 

33 42 5.000 4.900 0.100 

34 45 4.960 5.010 -0.050 

35 46 4.890 4.805 0.080 

36 47 4.890 4.965 -0.080 

37 49 4.850 4.910 -0.060 

38 52 4.820 4.856 -0.030 
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39 53 4.800 4.745 0.050 

40 55 4.740 4.888 -0.140 

Test set     

41 10 6.460 6.323 0.130 

42 23 6.040 6.302 -0.260 

43 26 6.030 5.446 0.590 

44 28 5.890 6.487 -0.600 

45 29 5.890 6.264 -0.380 

46 30 5.850 5.929 -0.080 

47 33 5.850 6.387 -0.530 

48 43 5.000 5.353 -0.350 

49 44 4.960 4.393 0.560 

50 56 4.660 5.036 -0.380 
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4.2.5. Statistical Analysis/ PLS Analysis 

Partial least squares (PLS) methodology was used for all 3D-QSAR analysis. In PLS, 

determination of the optimum number of components is an important factor to obtain 

a predictive PLS model. For this purpose, leave-one-out (LOO) [23] cross validated 

PLS analysis [26] was used to check the predictive ability of cross-validation 

experiment, monitoring the internal predictivity of the model at each component. The 

minimum sigma was adjusted to 2.0 Kcal/mol as column filtering value to improve the 

signal-to-noise ratio by omitting the lattice points whose energy variation was below 

the adjust threshold value. To maintain the optimum number of components (ONC) 

and minimize the tendency to over fit the data, the number of components 

corresponding to the highest cross-validated correlation coefficient q2 and the lowest 

standard error of prediction (SEP) was used to derive without cross-validation model. 

The final CoMFA model was selected based on criteria such as q2, r2, r2
pred, and the 

standard error of estimation (SEE) value.  

4.2.6. Predictive Ability of CoMFA Model 

Ten additional inhibitors represented in Table-4.2 were selected as an external test set 

to validate the resulting model. They were aligned with the template structure using 

the same alignment protocol as described in the CoMFA training set, and finally their 

activities were predicted with the cross validated model of training set.  

4.3. RESULTS AND DISCUSSION 

Diaryl acyl-sulfonamide derivatives were selected for the 3D-QSAR analysis, these 

compounds have their experimental activities. Selections of acyl-sulfonamide 

derivatives were based on their potent antitumor ability against HUVEC. These are 

permanently established cell culture of HUVEC that have ability to proliferate in 

space or in fresh medium. These cell lines are stimulated by VEGF. Diaryl acyl-

sulfonamide showed inhibitory activities against HUVEC, hence docking method was 

not appropriate to predict binding interactions of ligands with their receptor (VEGF) 

directly. Therefore, a ligand based approach was a method of choice. 

At the initial stage of experiment, correlation coefficient was not found practically 
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acceptable. In order to improve the value of cross validated correlation coefficient, 

different strategies were followed e.g. effect of charges was monitored by uti lizing 

different combination of alignments. But no successful results were found to improve 

the ligand based 3D-QSAR CoMFA approach. The best value of q2 obtained from the 

changing of charges and alignment protocol for the selected database of diaryl  acyl-

sulfonamide was 0.417. Finally, this value was used for further analysis and for 

generating contour maps which have the properties of steric and electrostatic fields. 

4.3.1. Statistical Analysis 

In the present study, the CoMFA models were developed by means of different 

methods including multiple alignment protocols with different charges. From Table-

4.3 it is clearly observed that all methods of the charges were applied for deliberated 

three alignment protocols by selecting whole structure, fifteen (15) atoms and five 

(5) atoms for RMSD, Database and Fit atom alignment respectively. 
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Table-4.3: Effect of different combinations of charges and alignment protocol on predicative quality (q2) of CoMFA 
model 

 

S.NO. Charges Alignment Method Selected Points q2 

     
1. GasteigerMarsili    
  Database 15 0.333 
  RMSD All 0.307 
  Fit Atom 5 0.188 
     

2. GasteigerHuckle    
  Database* 15 0.417 
  RMSD All -0.339 
  Fit Atom 5 0.214 
     

3. MMFF94    
  Database 15 0.243 
  RMSD All 0.262 
  Fit Atom 5 0.256 
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The best selected model extracted from this study which has the q2 value 0.417, is very 

near to standard value (0.5) and it was achieved by Gasteiger Huckel charges and 

database alignment protocol. The non-cross validated PLS analysis showed 

conventional correlation coefficient of r2 value as 0.98. Furthermore, the predictive 

abilities of all the generated models were evaluated by computing their predictive 

correlation coefficient (r2
pred) implying their respective test set compounds. The 

CoMFA model with the highest external predictive ability (r2
pred 0.8) was selected as 

the best model as shown in Table-4.4. The correlation between experimental and 

predicted activities of the acyl-sulfonamide derived by CoMFA is depicted in Figure 

4.3. The electrostatic descriptors explained 56.7% of the variance and showed 

dominating role on the developed model while steric descriptor contribution is 

playing lesser dominating role if compared with the electrostatic and it has 43.3% of 

the explained variance. 

After the generation of CoMFA model with the lowest standard errors of estimation 

(SEE), Our developed model fulfilled all the criteria of having acceptable q2, r2and  

r2
pred values that’s why it was selected for further analysis. 

One of the interesting features of the CoMFA modeling is the visualization of the 

results by plotting the 3D-QSAR as coefficient contour plots.  
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Table-4.4: Statistical details of CoMFA analysis. 

Parameters CoMFA 

 

aq2 
 

0.42 
bONC 4 
cSEP 0.54 
dSEE 0.15 

F-test ratio 126.81 
 er2 0.96 

fr2
pred 0.8 
  

Field contribution (%)  

 
Steric 43.3 

Electrostatic 56.7 
 
 

aCross-validated correlation coefficient (q2), bOptimum number of components (ONC), cStandard error of prediction(SEP), dStandard error of 
estimate(SEE), e Conventional corrélation coefficient (r2), fCorrelation coefficient(r2

pred) 
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Figure 4.3: Experimental biological activity plotted versus the predicted values which were obtained from the selected 
models.  
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4.3.2. Mapping of CoMFA Contours 

The QSAR model produced by CoMFA having number of terms to express this 

technique but usually used 3D ―coefficient contour‖. It showed the area where 

variation of steric and electrostatic properties around the derivatives of acyl-

sulfonamide dataset could be beneficial. By CoMFA strategy, the steric and 

electrostatic properties are extracted from the acyl-sulfonamide inhibitory activity 

data. 

The CoMFA contour maps have permitted an understanding of the steric and 

electrostatic requirements for the ligand binding. 

4.3.3. CoMFA Steric Field 

The 3D contour maps of steric fields are displayed in Figure 4.4a. Field contribution 

is 43.3%, sterically favored and disfavored cut-off energies were set at the 90% and 

10% respectively. The area indicated by green contours associated to the region where 

steric bulky groups should increase the activity of inhibitors and yellow contour 

representing the region in which steric bulk is detrimental to the activity. To the aid of 

visualization, Compound 1 is displayed in the map because it has the highest 

pIC50 value. There are two green isopleths present at R1 and R2 positions of ring B, 

which indicate that the bulky group in this area would increase the activity. 

Compound 1 has higher potency within all the molecules present in the dataset of 

diaryl acylsulfonamide. It has two Cl atom present at C-2 and C-4 positions of ring B 

and one Cl atom present at R3 position of ring A of skeleton B. Compounds with 

bulky group at CI position of ring B in both skeletons such as compounds 1, 2,4 and 

19 have comparatively high activities. The basic reason is that the ortho positions of 

ring B of both skeletons come in the green isopleths and indicating that if the ortho 

substituent is replaced by bulky group then the activity might be enhanced. The ortho 

position of ring B fall in the sterically favored region but in case of Compounds 37, 

39,43,46,47,49 & 50 pIC50  values were decreased. The possible reason is that all the 

compounds bear the H atom at ortho position instead of lipophilic Cl atom. That’s 

why, the compounds showed low inhibitory activities. In Compound 5 both the Cl 

group present at the same position as in Compound 1 but bearing low pIC50 value. It 
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might be due to the replacement of Cl from Br substituent at R3 position at ring A of 

skeleton B. Similarly, comparison of compound 4 with compound 1, only Br atom is 

replaced with Cl atom at R1 position of ring B. Although it indicates that it is more 

bulkier than Cl atom, on the basis of steric influence at this position it should be more 

effective for the enhancement of bioactivity profile than compound 1 but 

experimental result was deviated from this observation because it gives the evidence 

that there is some limitations for the presence of bulkier group. 

There is a one large and another small yellow isopleths are present at the R4 position 

and around ortho position of ring B, suggesting that bulky groups in these areas 

would decrease the activity of compounds. If compare Compound 1 to 40, the pIC50 

values decrease from the 6.769 to 4.744 (2 log units). The possible explanation could 

be that the R4 position is nearby the yellow contour and indicating that the bulky 

substituents are not allowed at this position. Comparing compound 5 with 1 led to the 

identification of one Cl group substituted at the same yellow contour position. 

Compound 1 bearing H atom at this position showing itself more potent and favorable 

than 5. 
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Figure 4.4.  (A) Steric contour map of the 3D- comparative molecular field analysis (CoMFA) model. The most active 
compound 1 represented in the ball and stick as the reference compound. The favored steric areas are indicated by Green 
isopleth, while Yellow contours are the areas where the steric interaction is disfavored. (B) 3D CoMFA electrostatic map 
represented by red and blue regions. Blue region indicated the area where an electropositive group is favored for binding aff inity 
and red region refer to the area where an electronegative group is favored. These maps surround the highly active compound 1 of 
the series showing as a reference compound. 

 



Ligand Based 3D-QSAR Studies on VEGF Target 

 

 Page 149 
 

4.3.4 CoMFA Electrostatic Field 

The CoMFA electrostatic contour plot is displayed in Figure 4.4b with a 56.7% field 

contribution; it holds an important position in CoMFA. To aid in the visualization, the 

most active Compound 1 is displayed in the map as the reference structure.  Electro 

positive favored and disfavored cut-off energies were also set at 87% and 13%, 

respectively. The electrostatic contour showed the blue polyhedra in the vicinity of 

sulfonamide moiety where low electron density is expected to increase the activity.  A 

large blue isopleth encompasses the sulfonamide portion of the compound that 

reflects the common placement, where electron density low is expected to increase the 

activity. This observation was supported almost by all the compounds of both classes. 

The electrostatic contours of CoMFA showed red contour enclosing the ring B of the 

template molecule where high electron density is expected to increase the activity. 

Hence the acyl-sulfonamide derivatives Compounds 23, 29 and 30 exhibited good 

interaction where the electronegative elements or groups are buried in the red 

contours.  

With the help of contour maps, modification in the molecular structures can be 

suggested to improve the biological activity. Bulky and low electronegative 

substitutions were favoring for biological activity and directing the design of new 

inhibitors according to the studied CoMFA model of acylsufonamide derivatives. It is 

worth noting that two combinations of electrostatic and steric descriptors were able to 

explain the biological activity trend in the series of compounds studied. 
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4.4. CONCLUSION 

To understand the structural requirement of diarylacyl-sulfonamide inhibitors with 

respect to their bioactivity data of VEGF against HUVEC, we developed reliable 

CoMFA model. These inhibitors showed q2 values up to 0.417. The obtained model 

was found satisfactory in terms of excellent external predictivity r2
pred 0.8.  According 

to these results, we concluded that CoMFA technique may have some predictive 

power for the analysis of the generated model.  

Furthermore, the CoMFA contour maps were produced and explained as per the 

biological profile. According to the contour maps steric requirements are playing 

major role in order to optimize the biological activities of the compounds. This 

observation suggested that, presence of bulkier group at the ortho position of ring B in 

both of the skeletons favor the selectivity of biological activity enhancements. 

Similarly this observation drawn the conclusion that the inhibition selectivity of the 

ligands could not be achieved with the R groups modifications of ring A. Therefore, 

in general the sterically bulkier substituents having electron donating effect are more 

favorable at ring B as compared to the ring A. 

Additionally, these useful information gathered from CoMFA approach demonstrated 

the way to understand the structural and chemical features of diaryl  acyl-sulfonamide 

derivatives in designing and finding new potential inhibitors. 
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CHAPTER 5 
  

A combine 3D-QSAR and Molecular Docking Strategy to Understand the 
Binding Mechanism of V600EB-RAF Inhibitors 

B-RAF is a member of the RAF protein kinase family involved in the regulation of cell 
growth, differentiation, and proliferation. V600EB-RAF protein has much potential for 
scientific research as therapeutic target due its involvement in human melanoma cancer. 
In the current work, molecular modeling study was carried out for the first time with 3D-
QSAR studies by following the docking protocol on three different datasets of V600EB-
RAF inhibitors. Based on the co-crystallized compound (PDB ID: 1UWJ), a receptor-
guided alignment method was utilized to derive reliable CoMFA and CoMSIA models. In 
the shed of developed models few new structures were designed. The newly predicted 
structure (IIIa) showed higher inhibitory potency (pIC50 6.826) than that of the most 
active compound of the series.  
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5.1. INTRODUCTION 

The B-RAF kinase is a member of Ras Activating Factor (RAF) family of serine/throenine 

kinase. A-RAF and C-RAF are two other isoforms of RAF family [1]. Among these three 

members, B-RAF is a suitable therapeutic target for the wide variety of human cancers. The 

mutated B-RAF has gained, however, all attention towards itself because of high severity and 

elevated kinase activity [2]. RAF kinase plays a valuable role in Mitogen-Activated Protein 

(MAP) kinase signalling pathway, which consists of three tiers of kinase proteins. These 

proteins participate in a cascade after receiving stimuli from an extra-cellular environment. 

The RAF-MEK-ERK-MAP signal transduction cascade is a conserved protein pathway 

involved in cell cycle progression and apoptosis [3]. Activation of RAF occurs in sequential 

steps that start when growth factors, cytokines or hormones bind to receptor tyrosine kinases 

(RTKs) and stimulate it for activity. The activated form binds with the RAS kinase protein 

and help to resent inside the inner surface of plasma membrane. Subsequently RAF comes 

out from cytosol to plasma membrane [4, 5]. Activation of the RAF occurs due to an 

increased level of RAS-GTP by the stimulators in the cells. RAF starts its mitogenic activity 

by performing phosphorylation of MEK which is responsible for the initiation of MAP 

kinase cascade. This active MEK phosphorylates hence activates extracellular regulated 

kinase (ERK) and regulates phosphorylation process of different proteins either in cytosol or 

nucleus. But disorders in ERK signaling pathway cause mutation in B-RAF.  The 

intracellular cAMP levels in certain cells from neuronal origin, e.g. melanocytes and 

throcytes, when they receive appropriate stimulating signals. The increased cAMP level helps 

in activation of B-RAF and promotes cell proliferation [4]. More than 45 mutations described 

among all valine substitution with glutamic acid at position 600 are frequently observed 

(approximately 90%) in carcinomas [6-8]. These mutations occur in activation loop [9]. 

Efficacy of complete remedy of disordered functions depends upon the identification of the 

functional target that plays an important role in improper regulation of cell cycle and 

tumerogenisis. On the basis of previous studies, V600EB-RAF is considered to be one of most 

promising targets to prevent the human carcinomas. The frequencies of V600EB-RAF 

mutations in different type of cancers are different; 50-70% in cutaneous malignant 

melanomas, 30% thyroid, 10% colorectal and 35% in ovarian cancer [4, 10]. These observed 
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melanomas, 30% thyroid, 10% colorectal and 35% in ovarian cancer [4, 10]. These 

observed data validates the mutated V600EB-RAF as a therapeutic target therapy against 

human melanoma cancers and its inhibition contribution in the opportunities for 

anticancer drug development [11].  

A number of inhibitors such as benzylideneoxindoles ZM336372, sorafenib, 

isoquinolones, triarylimidazoles, PLX4032, RAF 265 and XL281 have been reported to 

target different members of RAF. Some of these have potential to target the V600EB-RAF 

[8, 12]. Principally, sorafenib and triarylimidazoles showed inhibitory activity against 
V600EB-RAF [13, 14]. The highly conserved sequence and conformation of catalytic cleft 

have always been a center of consideration for binding of inhibitors to suppress the 

kinase activity. It is one of the major reasons for the lack of selectivity of previously 

reported inhibitors [15]. Therefore, to approach the main cause of the problem an 

extensive research is required by examining the interaction within binding site of similar 

and different core structures of V600EB-RAF inhibitors.  

In the field of medicinal chemistry, activity prediction of new scaffolds is a primary goal 

for drug designing process [16, 17]. Therefore, it is necessary to develop a model for the 

prediction of activity before synthesis of new V600EB-RAF inhibitors. This work deals 

with the molecular modeling protocol in which 3D-QSAR & molecular docking 

simulation were performed to evaluate the interactions of ligand within active sites of 
V600EB-RAF. On the basis of predicted results, existing structures could be modified. The 

most reliable methodologies of 3D QSAR technique [18], i.e. Comparative Molecular 

Field Analysis (CoMFA) [19-22], and Comparative Molecular Similarity Indices 

Analysis (CoMSIA) [23-25], have been successfully employed in drug discovery 

prediction. Three different data sets of different core structures (2,6-disubstituted 

pyrazine [26], pyridoimidazolone and modified central phenyl core of pyridoimidazolone 

derivatives) were selected from the literature for better evaluation of V600EB-RAF 

inhibitors [10, 27]. These selected series of compounds exhibited greater inhibitory 

potency as V600EB-RAF inhibitors as compared to with the previously reported 

compounds. Previously research work based on the 3D-QSAR studies have been carried 

out on different series of V600EB-RAF inhibitors [14, 28]. A QM/MM based 3D QSAR 
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study was reported on the pyrazole derivatives [6], and recently, Ying Yang et al. studied 

the V600EB-RAF interactions via molecular dynamic simulation method combined with 

the structure based 3D-QSAR studies on the series of pyridoimidazolone [29]. According 

to the literature survey, the V600EB-RAF is very important biological target which is 

considered to prevent the human melanoma cancer. To the best of our knowledge, there 

have been no data reported concerning the 3D-QSAR study collectively on three different 

core structure datasets of V600EB-RAF inhibitors to be merged in a single data set.  

5.2. MATERIALS AND METHODS 

5.2.1. Dataset and Biological Activity 

Molecular structures and activities of 125 V600EB-RAF inhibitors were taken from the 

literature [10, 26, 27]. Different ranges of biological activities were reported for three sets 

of compounds. Fifty three derivatives of 2, 6-disubstituted pyrazine scaffold have pIC50 

(4.30-6.50), thirty four derivatives of pyridoimidazolones (4.00-7.92) and thirty five 

compounds with pIC50 (5.00-9.00) in which central phenyl core of pyridoimidazolones 

derivatives were modified. SAR of all three data sets was reported by Caroline J. 

Springer group. These reported datasets have individual significance in term of V600EB-

RAF inhibitors, in the literature a number of research articles are present that covers its 

computational aspect [14, 29]. For convenience in the present study these three datasets 

are reported as Group A, B and C, respectively. Although core structures of group B and 

C are quite similar but they have been placed into two separate groups for the purpose of 

best alignment. In Table-5.1 reports pIC50 values of V600EB-RAF inhibitors. Ninety five 

compounds were randomly selected as training set and remaining thirty compounds were 

used as a test set for the validation of predicted model by following the ratio of approx. 

3:1. Random distribution of training and test sets were based on high, moderate and low 

inhibitory activities (pIC50) with molecular structural diversity. Additionally, selection 

criteria also depended on the fact that at least one analogue of training set should be 

present in the test set as shown in Figure 5.1. 
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Figure 5.1: Selection of the training and test sets by following the structural molecular diversity 
and whole range of inhibitory activities (pIC50) from the entire data sets. 
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Table-5.1: The molecular structures and experimental inhibitory activities (pIC50) of 
V600E

BRAF for all three groups A, B & C 

  

Compound No. R1 R2 pIC50 

 

1A 
N
H

O

 

H3CO

H3CO

OCH3  

5.500 

 

2A 

N

 

H3CO

H3CO

OCH3  

5.500 

 

3A 

N

 

H3CO

H3CO

OCH3  

4.700 

 

4A 

OH

 

H3CO

H3CO

OCH3  

5.400 
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5A 

OH

 

H3CO

H3CO

OCH3  

 

4.700 

 

6A OH

 

H3CO

H3CO

OCH3  

 

4.600 

 

7A 

O

 

H3CO

H3CO

OCH3  

 

4.900 

 

8A 

H

O

 

H3CO

H3CO

OCH3  

 

5.500 

 

9A 

H
N

H
N

O

 

H3CO

H3CO

OCH3  

 

5.900 
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10A 

CN

 

H3CO

H3CO

OCH3  

 

5.000 

 

11A 

NH2

O

 

H3CO

H3CO

OCH3  

 

6.000 

 

12A 

H
N

N
H

O

 

H3CO

H3CO

OCH3  

 

4.800 

 

13A 

HN

 

H3CO

H3CO

OCH3  

 

4.800 

 

14A 

H
N

N

 

H3CO

H3CO

OCH3  

 

5.300 
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15A 

H
N

H
N

O

 

H3CO

H3CO

OCH3  

 

4.900 

 

16A 

H
N

OH  

H3CO

H3CO

OCH3  

 

5.300 

 

17A 

H
N F

 

H3CO

H3CO

OCH3  

 

4.900 

 

18A 

H
N

F  

H3CO

H3CO

OCH3  

 

4.700 

 

19A 

O

 

H3CO

H3CO

OCH3  

 

5.900 
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20A 

O

 

H3CO

H3CO

OCH3  

 

4.000 

 

21A 

O

 

H3CO

H3CO

OCH3  

 

4.500 

 

22A 

O

N

 

H3CO

H3CO

OCH3  

 

4.800 

 

23A 

O

N  

H3CO

H3CO

OCH3  

 

4.300 

 

24A 

S

 

H3CO

H3CO

OCH3  

 

5.000 

 



Structure Based 3D-QSAR Studies applied at BRAF target 

 

 Page 164 
 

  
 

25A 

O

 

H3CO

H3CO

OCH3  

 

4.700 

 

26A 
O

NH

 

H3CO

H3CO

OCH3  

 

5.100 

 

27A 

O O O

 

H3CO

H3CO

OCH3  

 

4.400 

 

28A 

O

N

 

H3CO

H3CO

OCH3  

 

5.800 

 

29A 

O N

 

H3CO

H3CO

OCH3  

 

5.000 
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30A 

O

N  

H3CO

H3CO

OCH3  

 

4.500 

 

31A 

O

N

 

H3CO

H3CO

OCH3  

 

5.400 

 

32A 

O

O

 

H3CO

H3CO

OCH3  

 

4.500 

 

33A 

O

O  

H3CO

H3CO

OCH3  

 

4.100 

 

34A 
O

O

 

H3CO

H3CO

OCH3  

 

4.700 
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35A 
O O

 

H3CO

H3CO

OCH3  

 

4.200 

 

36A 

O

O

 

H3CO

H3CO

OCH3  

 

4.700 

 

37A 

O

 

H3CO

H3CO

OCH3  

 

5.000 

 

38A 

O

F  

H3CO

H3CO

OCH3  

 

4.300 

 

39A 

O F

 

H3CO

H3CO

OCH3  

 

4.300 
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40A 

O Cl

 

H3CO

H3CO

OCH3  

 

4.400 

 

41A 
O

H
N

O

 

H3CO

H3CO

OCH3  

 

4.900 

 

42A 

O

N
H

O

 

H3CO

H3CO

OCH3  

 

5.300 

 

43A 
O

O

 

H3CO

H3CO

OCH3  

 

4.700 

 

44A 

O

O  

H3CO

H3CO

OCH3  

 

4.500 
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45A 

O

N

OH

 

H3CO

H3CO

OCH3  

 

5.000 

 

46A 

O

N

OH  

H3CO

H3CO

OCH3  

 

4.600 

 

47A 
O

N

OH

 

H3CO

H3CO

OCH3  

 

5.900 

 

48A 

O

N
HO

 

H3CO

H3CO

OCH3  

 

4.300 

 

49A 

O

N
H

O

 

H3CO

H3CO

OCH3  

 

6.400 
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50A 

O

N
H

O

 

H3CO

H3CO

OCH3  

 

6.300 

 

51A 

O

N
H

O

 
N

O  

 

6.200 

 

52A 

O

N
H

O

 

O

O

 

 

5.600 

 

53A 
O

N
H

O

 

N

O  

 

6.500 
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Compound 
No. R1 R2 R3 R4 R5 X pIC50 

1B H H C=O NH 

CF3

Cl  

O 

 

7.000 

 

2B H H C=O NH 

CF3

 

O 

 

7.900 

 

3B H H C=O NH 

O

CF3

 

O 

 

7.700 

 

N

X

H
N

R3

R4

N

N

O

R2

R1

R5
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4B H H C=O NH 

CF3

O

 

O 

 

7.920 

 

5B H H C=O NH 

CF3

ClO

 

O 

 

7.600 

 

6B H H C=O NH 

CF3

F  

O 

 

7.300 

 

7B H H C=O NH 

F

 

O 

 

5.500 

 

8B H H C=O NH 
N

O

F

 

O 

 

6.200 
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9B H H C=O NH 

CF3

N

O  

O 

 

6.100 

 

10B CH3 H C=O NH 

CF3

Cl  

O 7.700 

11B CH3 H C=O NH 

 

O 6.800 

12B H CH3 C=O NH 

CF3

Cl  

O 7.300 

13B H CH3 C=O NH 

 

O 

 

7.200 
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14B H CH3 C=O NH 

CF3

F  

O 6.300 

15B C2H5 C2H5 C=O NH 

CF3

Cl  

O 

 

6.500 

 

16B H H C=O NH 

CF3

F  

S 

 

7.500 

 

17B H H C=O NH 

CF3

 

S 7.600 

18B H H C=O NH 

CF3

Cl  

S 

 

7.400 

 

19B H H C=O NH 

CF3

Cl  

O 7.100 
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20B H H C=O 

 

- O 

 

4.000 

 

21B H H C=O 

CF3

Cl

 

- O 4.800 

22B H H C=O 

CF3

 

- O 4.800 

23B H H C=O 

Br

 

- O 4.900 

24B H H C=O 
N

O

F

 

- O 4.000 
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25B H H C=O 

 

- O 4.800 

26B H H C=O 

O

 

- O 5.000 

27B H H C=O 

F

F

 

- O 4.000 

28B H H C=O 

O

CF3

 

- O 5.000 

29B H H O=S=O 

CF3

Cl  

- O 4.000 

30B H H O=S=O 

Cl  

- O 

 

4.000 

 



Structure Based 3D-QSAR Studies applied at BRAF target 

 

 Page 176 

 

 

 

 

 

 

 

 

 

31B H H O=S=O 

CF3  

- O 4.000 

32B H H O=S=O 

F  

- O 4.000 

33B H H O=S=O 

S

 

- O 4.900 

34B H H O=S=O 

F

 

- O 

 

4.500 
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Compound No. R1 R2 R3 R4 pIC50 
 

1C 

 
CF3

Cl

 

 
H 

 
H 

 
7.600 

 

 
2C S

 
CF3

Cl

 

 
H 

 
H 

 
9.000 

 
3C 

O

 
CF3

Cl

 

 
H 

 
H 

 
7.600 

 
4C 

 
CF3

Cl

 

 
H 

 
H 

 
7.600 

R2

H
N

H
N

R1

O

O

N

N

N

O

R3

R4
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5C 

F

 
CF3

Cl

 

 
H 

 
H 

 
8.100 

 
6C 

 

CF3

Cl

 

 
H 

 
H 

 
7.500 

 
7C O

 

CF3

Cl

 

 
H 

 
H 

 
7.000 

 
8C 

 CF3

Cl

 

 
H 

 
H 

 
7.200 

 
9C 

CF3

 

CF3

Cl

 

 
H 

 
H 

 
7.700 
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10C F

 
CF3

Cl

 

 
H 

 
H 

 
7.300 

 
11C 

Cl

 
CF3

Cl

 

 
H 

 
H 

 
7.700 

 
12C 

 
CF3

Cl

 

 
H 

 
H 

 
7.400 

 
13C S

O O

 

CF3

Cl

 

 
H 

 
H 

 
7.000 

 
14C 

F

 

Cl

CF3

 

 
H 

 
H 

 
8.100 
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15C 

 

Cl

CF3

 

 
H 

 
H 

 
7.500 

 
16C S

 

CF3

 

 
H 

 
H 

 
9.000 

 
17C 

O

 

CF3

 

 
H 

 
H 

 
7.800 

 
18C 

F

 

CF3

 

 
H 

 
H 

 
7.900 

 
19C 

 

CF3

 

 
H 

 
H 

 
8.200 

 
20C S

 

CF3

F  

 
H 

 
H 

 
7.900 
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21C 

F

 

CF3

F  

 
H 

 
H 

 
8.200 

 
22C 

 

CF3

F  

 
H 

 
H 

 
7.400 

 
23C 

F

 

SCF3

 

 
H 

 
H 

 
8.200 

 
24C 

 

F

 

 
H 

 
H 

 
6.700 

 
25C 

 

F

F  

 
H 

 
H 

 
7.100 
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26C 

 

 

 
H 

 
H 

 
7.900 

 
27C 

 

CF3

Cl  

 
H 

 
H 

 
7.520 

 
28C 

 

CF3

Cl  

 
CH3 

 
H 

 
7.600 

 
29C 

 

CF3

Cl  

 
H 

 
CH3 

 
6.800 

 
30C 

 

CF3

F  

 
H 

 
H 

 
7.400 
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31C 

 

CF3

F  

 
CH3 

 
H 

 
7.800 

 
32C 

 

CF3

F  

 
H 

 
CH3 

 
6.800 

 
33C 

 

 

 
H 

 
H 

 
7.900 

 
34C 

 

 

 
CH3 

 
H 

 
7.400 

 
35C 

 

 

 
H 

 
CH3 

 
6.400 
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36C 

 

CF3

 

 
H 

 
H 

 
8.200 

 
37C 

 

CF3

 

 
CH3 

 
H 

 
8.000 

 
38C 

 

SCF3

 

 
CH3 

 
H 

 
7.600 

 
* All three date sets were taken from the literature: Group A [26], Group B [27], Group C [10] 
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5.2.2. Ligand and Receptor Preparation 

All 3D structures were built initially on ChemDraw Ultra 8.0 software. Further 

corrections were completed using the sketch module of Sybyl-7.3 [30]. Energy 

minimization processes for geometry optimization of ligands were performed by 

using Tripos force field followed by 1,000 iterations with Powell's conjugate gradient 

algorithm with 0.05 kcal/(mol/Å) convergence criterion [31]. The am1bcc charge 

[32], was assigned to each ligand for calculating the partial atomic charges from 

“mol-charge” method of OpenEye software. X-ray crystal structure of V600EB-RAF 

bound with Sorafenib inhibitor (PDB code: 1UWJ) retrieved from RCSB Protein 

Data Bank with 3.50 resolution. This complex structure consists of two homodimeric 

chains A and B. Our goal of interest was to target the mutated chain (chain B) of 
V600EB-RAF. Therefore, chain A was deleted from the structure of 1UWJ and bound 

inhibitor also extracted from chain B. 

5.2.3. Molecular Docking 

Although no published data was available about the bioactive conformation of group 

A, B and C inhibitors, it is known that binding mode of these three groups are same as 

ligand Sorafenib bound with V600EB-RAF in active state. Molecular docking was 

carried out to understand the detailed binding modes of different sets of mutated 
V600EB-RAF inhibitors. For the molecular docking simulation, the most active 

molecule from each group was selected. Compound 53 with pIC50 6.50, Compound 04 

(pIC50 7.92) and Compound 02 (pIC50 9.00) were selected from group A, B and C, 

respectively. The molecular docking simulation software, Surflex was employed to 

perform the docking of these three compounds into the active site of V600EB-RAF 

receptor. This docking program is integrated in the Sybyl-7.3 software. Surflex 

generates the putative poses from ligand fragments by using a surface-based 

molecular similarity method. The empirical Hammerhead scoring function was 

utilized to generate protomol, helpful for producing the ligand poses by incremental 

construction and crossover procedure that combines pieces from dist inct poses. The 

protomol is characterized by a set of ligand fragments that represents the active site in 
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which ligand of interest is fragmented and consider the similarity and alignment [33-

35]. 

5.2.4. Molecular Alignment: 

Alignment is considered to be the most crucial step for the comparison and co-

relation of structurally diversified compounds. Alignment based 3D-QSAR results are 

sensitive to bioactive conformations of compounds present in a data set that are 

finally superimposed over each other. Several approaches have been designed to 

superimpose molecule in a database, few of them are mentioned below [36]: 

a) Atom based superimposition 

b) Receptor-guided based superimposition 

c) Fields/pseudofields based superimposition 

d) Pharmacophore based superimposition 

e) Multiple conformers based superimposition 

For the current study receptor-guided and data-base alignment methods were used. 

Following the alignment procedure, each group was carefully monitored and the 

compounds with highest activity were selected with respective groups A, B & C 

because of the different core structure. To prepare the template for respective group 

alignment template receptor guided method was utilized. Data-base alignment 

method was used to align all the compounds of respective groups on the prepared 

template compound. Individually three aligned groups were merged to form one large 

data set for CoMFA and CoMSIA studies [37].  

5.2.5. CoMFA Studies 

CoMFA derived by two descriptor fields known as steric and electrostatic. For the 

CoMFA descriptor fields 3D cubic lattice at different grid spacing 0.5, 1.5 & 2.0Å in 

all (x, y, z) directions were created to encompass the aligned molecules by Sybyl-7.3. 

These descriptor fields were calculated using sp3 carbon probe atom with +1.0 charge 
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and 1.52 Ǻ Van der Waals radius to generate the steric (Lennard Jones potential) [38], 

and electrostatic (Coulombic potential) fields with a distance dependent dielectric at 

each lattice point. The steric and electrostatic energy values were truncated at 

30.0kcal/mol. The CoMFA-STD method in Sybyl was used to scale the CoMFA steric 

and electrostatic fields. However the best q
2 model was obtained with a default grid 

space of 2.0 Å.  

5.2.6. CoMSIA Studies. 

Klebe et al derived the Comparative Molecular Similarity Indices Analysis (CoMSIA) 

descriptors [39]. It is another form of 3D-QSAR studies which has reduced the some 

inherent deficiencies arising from functional forms of Lennard Jones and Coulombic 

potential in CoMFA technique. The CoMSIA method computes the hydrophobic, 

hydrogen bond donor and acceptor fields in addition to steric and electrostatic fields as 

used in CoMFA. CoMSIA descriptors were also derived with the same lattice box as used 

in CoMFA. The all five fields of CoMSIA were calculated with a grid spacing of 2.0 Ǻ 

employing a carbon +1 probe atom with the radius of 1.0 Ǻ as implemented in Sybyl-7.3. 

In CoMSIA, steric indices were related to the third power of atomic radii and electrostatic 

indices were derived from the atomic partial charges. Hydrophobic fields were derived 

from the atom based parameters; hydrogen bond donors & acceptors were obtained by 

rules based method. The attenuation factor was set at the default value of 0.3. 

5.2.7. Partial Least Squares (PLS)   

The correlation between CoMFA / CoMSIA molecular fields (independent variables) and 

the physicochemical property (dependent variable) of under consideration compounds 

were obtained by using PLS method [40-42]. For the current study pIC50 values were 

assigned as dependent variables in PLS regression analysis to drive models. Cross-

validation (q2) analysis was performed by Leave One Out (LOO) method in which 

simultaneously one compound is omitted from the dataset and its activity is predicted 

using the model reproduced from the rest of the inhibitors which are the part of dataset. 

The PLS algorithm with the LOO method was employed to select the Optimum Number 

of Components (ONC) and to assess the statistical significance of each model. The 
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the signal to noise ratio by omitting the lattice points whose energy variation was below 

the adjust threshold value. With the help of obtained ONC from the best selected 

q
2valuepredicted conventional correlation coefficient (r2) value. This value was used to 

assess the CoMFA and COMSIA models prediction ability, following equation used to 

calculate the       with respect to the test set. 

                                                                               
     

     

  
                Eq: 5.1 

(PRESS is the sum of the square deviations between the predicted and actual activity for each inhibitor in 
the test set, SD is the sum of the squared deviations between the experimental activity of test set and the 
mean activity of the training set.) 

 

5.2.7. Y-randomization Test 

“Y-randomization” [43, 44] is also used to further validate the 3D-QSAR models, this 

process is also known as “y- scrambling test”. By utilizing this method we ensures the 

robustness and the statistical significance of our 3D-QSAR models [45, 46]. In this 

method, dependent variable (pIC50) is randomly shuffled to developed new 3D-QSAR 

models with the help of original independent variable matrix. The derived models after 

several repetitions are expected to have significantly low q
2 and r

2 values than the true 

value of original models. This method is usually performed to eliminate the possibility of 

chance correlation. If higher values obtained then an acceptable 3D-QSAR model cannot 

be generated for a particular data-set because of chance correlation and structural 

redundancy [47]. 

The graphical interpretation of CoMFA/CoMSIA results was performed by analyzing the 

contribution maps using “STDEV*COEFF” field type. 
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5.3. RESULTS AND DISCUSSION 

V600EB-RAF mutation exhibited clear evidence of being an active target for human melanoma 

cancer. Several inhibitors have already been designed to inhibit this mutated form of B-RAF 

but an insight study is required to further investigate and predict a novel inhibitor with high 

biological activity. Our present work strategy is mentioned in the work flow  Scheme 5.1. 

The developed models from CoMFA and CoMSIA assisted in obtaining informative results 

of V600EB-RAF inhibitors, using a large data set of 125 compounds shown in Table-5.2. 

5.3.1. Molecular Docking and Structural Alignments  

The structural alignment of compounds is one of the most important steps in development of 

3D-QSAR studies. In the current study, receptor-guided (known as Docking based 

alignment) and Data-base alignment methods were used. Molecular docking is considered as 

the most appropriate way to stumble on bioactive conformations of the compounds with their 

subsequent receptors. All compounds from dataset were docked into the active kinase 

domain of V600EB-RAF using SURFLEX docking program. In order to check the efficiency 

of SURFLEX docking program for our protein system, the complex structure of the V600EB-

RAF retrieved from PDB (ID:1UWJ) in which Sorafenib is present as a co-crystallized 

ligand, were re-docked using default parameters. The comparison of position, orientation and 

interaction of co-crystallized ligand with top most conformation of re-docked inhibitor 

exhibited similar results. Figure 5.2 depicts the specific molecular interaction of re-dock 

conformation and co-crystallized Sorafenib inhibitor. 
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Scheme 5.1: Work flow scheme for generate the reliable CoMFA&CoMSIA models. 

Newly predicted structure (IIIa) 

showed higher inhibitory potency 

(pIC50 6.826) with respect to Group 

A. 

Best selected model used for 

further analysis:  

(Contour maps) 

 

Receptor-guided alignment protocol were applied on 

all the prepared ligands by using Surflex Docking 

program 

Initially, all compounds were 

designed by chem-Draw 

software in cdx &mol format. 

 Convert the mol format of all 

3D compounds into mol2 by 

using Babel. 

 Minimized & am1 charges 

were applied on all the 3D 

compounds 

 

 

3D Ligand Preparation 

 

Retrived from the Protein 

data Bank (pdb ID:1UWJ) 

 

Selected mutated chain B 

without  co-crystallized 

ligand 

Receptor 

Preparation 

The most active compound from group A, 

B & C were docked in the active site of 
V600EBRAF by using surflex program 

 

All Compounds were docked in the active 

site of the V600EBRAF by using surflex 

program integrated in the Sybyl-7.3 

 

Top scored conformation of each 

compounds were selected for 

CoMFA/CoMSIA analysis 

 

CoMFA statistical outcomes (q2) 

value was not acceptable, not used 

this data for further analysis. 

Top scored conformation of each 

compound were selected to aligned the 

rest of compounds by database alignment 

Finally, merged all the aligned groups in 

one dataset & incorporated with the 3D-

QSAR modeling 

 

This strategy produced the acceptable statistical 

results in term of internal (q2) & external (r2) 

predication. 
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Table-5.2: The actual and predicated pIC50 values with their residuals of the Training and Test set molecules generated by CoMFA and 
CoMSIA models for V600EBRAF. 

 

S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

  

Training set 

     

 

1 01A 5.50 5.30 0.20 5.47 0.03 

2 01B 7.00 7.42 -0.42 7.55 -0.54 

3 01C 7.60 7.64 -0.04 7.61 -0.01 

4 02A 5.50 5.37 0.13 5.16 0.34 

5 02B 7.90 7.45 0.45 7.54 0.37 

6 02C 9.00 9.10 -0.10 9.18 -0.18 

7 03B 7.70 7.45 0.25 7.81 -0.11 

8 03C 7.60 7.43 0.17 7.42 0.18 

9 04A 5.40 5.16 0.24 5.18 0.22 

10 04B 7.92 7.71 0.21 7.99 -0.07 

11 04C 7.60 7.60 0.00 7.61 -0.01 

12 05B 7.60 7.18 0.42 7.48 0.12 

13 05C 8.10 7.81 0.29 7.67 0.43 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

14 06A 4.60 4.72 -0.12 4.70 -0.09 

15 06C 7.50 7.50 0.01 7.45 0.05 

16 07A 4.90 5.28 -0.38 4.81 0.10 

17 07B 5.50 6.35 -0.85 6.50 -1.00 

18 08B 6.20 6.44 -0.24 6.37 -0.17 

19 08C 7.90 7.52 0.38 7.65 0.25 

20 09A 5.90 5.90 0.01 6.42 -0.52 

21 09B 6.10 5.93 0.17 5.98 0.12 

22 10B 7.70 7.21 0.49 7.34 0.36 

23 10C 7.30 7.64 -0.34 7.66 -0.36 

24 11B 6.80 6.73 0.07 6.83 -0.03 

25 11C 7.70 7.76 -0.06 7.62 0.08 

26 12A 4.80 4.86 -0.06 4.95 -0.15 

27 12B 7.30 7.02 0.28 6.98 0.32 

28 12C 7.40 7.66 -0.26 7.53 -0.13 

29 13A 4.80 4.79 0.01 5.02 -0.22 

30 13B 7.20 7.57 -0.37 7.10 0.10 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

31 13C 7.00 7.12 -0.12 6.81 0.19 

32 14A 5.30 5.20 0.10 5.09 0.21 

33 14B 6.30 7.06 -0.75 6.80 -0.50 

34 14C 8.10 8.13 -0.03 7.88 0.22 

35 15A 4.90 4.88 0.02 4.80 0.10 

36 15B 6.50 6.46 0.04 6.76 -0.26 

37 16A 5.30 4.76 0.54 4.93 0.37 

38 16B 7.50 7.43 0.07 7.38 0.12 

39 16C 9.00 9.10 -0.10 8.87 0.13 

40 17A 4.90 4.81 0.09 5.05 -0.15 

41 17C 7.80 7.69 0.11 7.84 -0.04 

42 18A 4.70 5.27 -0.57 4.77 -0.07 

43 18B 7.40 6.59 0.81 6.76 0.64 

44 18C 7.90 8.22 -0.32 7.97 -0.07 

45 19A 5.90 5.39 0.51 5.06 0.84 

46 19B 7.10 6.79 0.31 6.94 0.16 

47 19C 8.20 8.07 0.13 8.01 0.19 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

48 20A 4.00 4.41 -0.41 4.45 -0.45 

49 20C 7.90 8.00 -0.10 8.04 -0.14 

50 21A 4.50 4.55 -0.05 4.68 -0.18 

51 22A 4.80 4.75 0.05 4.99 -0.19 

52 22B 4.80 4.89 -0.09 4.61 0.19 

53 22C 7.40 7.22 0.18 7.24 0.16 

54 23A 4.30 4.73 -0.43 5.01 -0.71 

55 23B 4.90 5.26 -0.35 4.64 0.26 

56 23C 8.20 7.93 0.27 8.09 0.12 

57 24A 5.00 4.90 0.10 4.89 0.11 

58 24B 4.00 3.88 0.12 4.05 -0.05 

59 25A 4.70 5.04 -0.33 4.98 -0.28 

60 26A 5.10 4.97 0.13 5.18 -0.08 

61 26C 7.90 7.93 -0.03 8.01 -0.11 

62 27A 4.40 4.42 -0.02 4.60 -0.20 

63 27B 4.00 4.14 -0.14 4.10 -0.10 

64 27C 7.50 7.46 0.04 7.72 -0.22 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

65 28C 7.60 7.58 0.02 7.56 0.04 

66 29A 5.00 5.42 -0.41 5.33 -0.33 

67 29B 4.00 4.34 -0.34 4.33 -0.33 

68 29C 6.80 7.26 -0.46 7.24 -0.44 

69 30A 4.50 4.53 -0.03 4.92 -0.42 

70 30B 4.00 3.91 0.09 3.93 0.07 

71 30C 7.40 7.22 0.18 7.24 0.16 

72 31A 5.40 5.07 0.34 5.15 0.25 

73 32B 4.00 4.12 -0.12 3.99 0.02 

74 32C 6.80 6.89 -0.09 6.95 -0.15 

75 33A 4.10 4.31 -0.21 4.28 -0.18 

76 33B 4.90 4.51 0.39 4.36 0.54 

77 34A 4.70 4.55 0.15 4.60 0.10 

78 34B 4.50 4.58 -0.08 4.39 0.11 

79 35A 4.20 4.27 -0.07 4.20 0.01 

80 36A 4.70 4.40 0.30 4.70 0.00 

81 36C 8.20 8.07 0.13 8.31 -0.11 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

82 37A 5.00 4.88 0.12 4.53 0.47 

83 38A 4.30 4.31 -0.01 4.55 -0.25 

84 38C 7.60 7.68 -0.08 7.75 -0.15 

85 43A 4.70 4.33 0.37 4.63 0.07 

86 44A 4.50 4.10 0.40 4.16 0.34 

87 45A 5.00 5.10 -0.10 4.94 0.06 

88 46A 4.60 4.98 -0.38 4.99 -0.39 

89 47A 5.90 5.51 0.40 5.44 0.46 

90 48A 4.30 4.61 -0.31 4.59 -0.29 

91 49A 6.40 6.31 0.10 6.00 0.40 

92 50A 6.30 6.45 -0.15 6.05 0.25 

93 51A 6.20 6.00 0.21 5.96 0.24 

94 52A 5.60 5.71 -0.11 5.67 -0.07 

95 53A 6.50 6.94 -0.44 6.84 -0.34 

 Test Set      

1 03A 4.70 5.15 -0.45 5.00 -0.30 

2 05A 4.70 4.98 -0.28 4.94 -0.24 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

3 06B 7.30 6.45 0.85 6.36 0.94 

4 07C 7.00 7.75 -0.75 7.76 -0.76 

5 08A 5.50 4.86 0.64 4.84 0.67 

6 09C 7.70 7.81 -0.11 7.55 0.15 

7 10A 5.00 5.06 -0.06 4.96 0.04 

8 11A 6.00 5.21 0.79 4.97 1.03 

9 15C 7.50 7.46 0.04 7.34 0.16 

10 17B 7.60 7.32 0.28 7.42 0.18 

11 20B 4.00 4.96 -0.96 4.34 -0.34 

12 21B 4.80 5.15 -0.35 4.40 0.40 

13 21C 8.20 6.69 1.52 7.09 1.11 

14 24C 6.70 7.58 -0.88 7.82 -1.12 

15 25B 4.80 4.18 0.62 4.12 0.68 

16 25C 7.10 7.58 -0.48 7.82 -0.72 

17 26B 5.00 4.07 0.93 4.12 0.88 

18 28A 5.80 5.34 0.46 5.16 0.64 

19 28B 5.00 4.17 0.83 4.02 0.98 
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S # Skeleton Actual pIC50 CoMFA CoMSIA 

   Predicted values Residual Predicted values Residual 

20 31B 4.00 5.08 -1.08 4.63 -0.63 

21 31C 7.80 6.99 0.81 7.00 0.80 

22 32A 4.50 5.02 -0.52 5.26 -0.76 

23 33C 7.90 7.46 0.44 7.79 0.11 

24 34C 7.40 7.35 0.05 7.52 -0.12 

25 35C 6.40 7.30 -0.90 7.32 -0.92 

26 37C 8.00 7.51 0.49 7.51 0.49 

27 39A 4.30 4.35 -0.05 4.64 -0.34 

28 40A 4.40 4.39 0.01 4.67 -0.27 

29 41A 4.90 5.50 -0.60 5.63 -0.73 

30 42A 5.30 5.32 -0.02 5.21 0.09 
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Figure 5.2: 2D depiction (MOE software) of the re-dock conformation (a) and co-crystallized Sorafenib inhibitor (b) in the active 
site of V600EBRAF. 
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The pyridine ring of the co-crystallized ligand occupies the ATP adenine binding pocket, 

where this portion interacts with the three important aromatic residues: Trp530, Phe582 &Phe594 

which are the part of the hinge region, catalytic loop and DGF motif, respectively. We 

observed the similar interaction as present in published structure. The lipophilic 

trifloromethyl phenyl moiety is involved in the interaction with the hydrophobic pocket that 

is located between the catalytic loop and DFG motif. The central phenyl ring of co-

crystallized ligand also exhibited the same interaction as has been in the literature, 

communicated with the aliphatic side chains of Lys482, Leu513 and Thr528.Urea moiety of the 

inhibitor is involved in two important conserved hydrogen bond interactions,  one is present 

between nitrogen of inhibitor and the carboxylate side chain of the Glu500 residue while 

second bonding is formed between the carbonyl moiety and main chain nitrogen of the 

Asp593 active side residue of V600EB-RAF. Finally, the inter-domain hinge region Cys531 

residue of V600EB-RAF participated at the same portion as the co-crystallized inhibitor. It is 

involved in the hydrogen bonding with the amide nitrogen of pyridine moiety at a distance of 

O---N =2.32 Ǻ, while in co-crystallized structure Cys531 residue is directly in contact with the 

pyridine nitrogen at 3.06 Ǻ. Despite the minor differences, all other interactions are 

conserved for the co-crystallized and re-docked inhibitor and showed a RMSD value of 1.24 

Ǻ. On the basis of re-docking experimental results we decided to use SURFLEX docking 

program for the V600EB-RAF protein system to dock all the compounds considered for this 

study. For the structural alignment, top scored/ranked conformations of all compounds were 

considered as best preference for CoMFA and CoMSIA modeling. However, the obtained 

correlation coefficient value was not satisfactory to proceed further (data not shown). 

Unsatisfactory results from docking showed the underprivileged performance of the model 

because our data-set consisted of three different skeletons. Therefore, as an alternative, the 

most active compound 53 of group A, compound 04 and 02 from the group B & C, 

respectively were selected. These compounds were docked in chain B of prepared receptor 

(PDB code: 1UWJ) displayed in Figure 5.3.  
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Figure 5.3: Docked conformation of the most active compounds from the all three 
datasets: Compound 53 in magenta, yellow colour represent the Compound 04 and 

Compound 02 in blue colour from the Group A, B and C respectively. 
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Subsequently top scored/ranked conformations of most active compounds were used as 

templates to align all the compounds of each respective group. For the individual group 

alignment of A, B and C, we considered data-base alignment protocol by selecting different 

atoms. Individual aligned conformations of each group are represented in Figure 5.4 (a, b & 

c). Combine approach was utilized to merge all three individually aligned groups (A, B & C) 

and all compounds were gathered into a new dataset. A dataset of 125 compounds was finally 

utilized to develop CoMFA and CoMSIA models.  

5.3.2. CoMFA 

5.3.2.1. Statistical analysis of the CoMFA and CoMSIA models 

Based on the receptor guided alignment, CoMFA&CoMSIA predicted values are listed in 

Table-5.2. A satisfactory correlation coefficient q2 value for CoMFA 0.753 with optimum 

number of components (ONC) 04 and q2 0.807 for CoMSIA with six ONC were obtained. 

ONC was used to find the non cross validated PLS analysis namely, conventional correlation 

coefficient r2 values 0.962 & 0.961 for both models. Y-randomization is utilized to check the 

robustness and significance of developed 3D-QSAR models. This method was performed to 

check the possibility of correlation chances. In particular 50 random different datasets were 

generated for dependent variable (PIC50 values) to perform CoMFA and CoMSIA models 

were further validated by external test set with satisfactory correlated predictive values (r2= 

0.89 and 0.88 respectively). The CoMSIA statistical values were obtained from the best 

selected model out of fourteen different combinations of steric, electrostatic, hydrophobic, 

hydrogen bond donor and acceptor fields in which all combinations were present to avoid the 

misleading field contributions. The analysis of statistical results produced by CoMFA and 

CoMSIA were summarized in Table-5.3. The 2D representation of training and test set 

correlation in terms of graph with residual were displayed in Figure 5.5 (a, b, c & d). Y-

randomization test is performed to further evaluate the model robustness and eliminate the 

possibility of structural redundancy or correlation chances. From the Figure 5.5 (e & f) and 

Table 5.3 it is clear that the statistical q2and r2 values of CoMFA and CoMSIA models with 

the real activities of training set is significantly higher than developed models with 

randomized activities. Particularly, for the increment of statistical significance, the Y-

randomization test for CoMFA and CoMSIA models were performed with 50 random 
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shuffles of the Y-vector (pIC50 values). It produced q2 and r2 values in the range of -0.594 to -

0.239 and 0.232 to 0.925, respectively for CoMFA. Similarly, acceptable range of q2and r2 (-

0.224 to 0.003 and 0.068 to 0.503) were obtained for CoMSIA model. According to the Y-

randomization test it is confirmed that the high r2 values of predicted true best models were 

not obtained due to over fitting, that proved developed models are robust and predictive.  
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Figure 5.4 (a, b & c): Individual alignment of respective group representing in the active site of V600EB-RAF with the help of the 

most active compound as a template from the group A, B and C respectively 
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 Table-5.3: The statistical and regression summary of CoMFA & CoMSIA model with Y-Randomization model validation test 

 

Protocol Models a Descriptor Fields 
Combination 

LOO Cross Validation Non Cross Validation hrpred 

   bq2 cONC dSEP er2 fSEE gFratio  
          

*CoMFA 1 S(54.8%) + E(45.2%) 0.753 04 0.756 0.962 0.297 373.7 0.89 

*Y-TestCoMFA 1-50  -0.594 to -
0.239 

  0.232 to 0.925    

 1 S + E 0.708 4 0.813 0.892 0.494 188.246 0.89 

 2 S + H + A 0.792 6 0.693 0.962 0.298 373.475 0.89 

 3 S + H + D 0.795 6 0.689 0.965 0.285 407.886 0.89 

 4 S + D + A 0.789 5 0.694 0.948 0.347 325.138 0.90 

 5 H + D + A 0.803 5 0.672 0.956 0.318 388.714 0.90 
*CoMSIA 6 S + E + A 0.592 3 0.688 0.77 0.707 109.563 0.89 

 7 S + E + D 0.768 5 0.729 0.924 0.417 218.896 0.88 

 8 S + E + H 0.640 4 0.679 0.845 0.583 132.53 0.86 

 9 E + H + D + A 0.809 6 0.665 0.96 0.304 357.664 0.90 

 10 S + H + D + A 0.795 3 0.658 0.826 0.614 155.579 0.87 

 11 S + E + H + A 0.796 6 0.687 0.957 0.316 328.152 0.90 

 12 S + E + H + D 0.799 6 0.682 0.959 0.308 347.011 0.88 

 13 S + E + D + A 0.795 6 0.688 0.954 0.325 310.284 0.90 

 14 S(11.6%) + E(17.2%) + H(26.4%) + D(23.1%) + 
A(21.8%) 

0.807 6 0.668 0.961 0.302 362.878 0.88 

*Y-TestCoMSIA
 1-50  -0.224 to 

0.003 
  0.068 to 0.503    

 

aDescriptor Fields [S (steric); E (electrostatic); H (hydrophobic); D (hydrogen-bond donor); A (hydrogen-bond acceptor)], b Cross-validated 
correlation coefficient after Leave-One-Out (LOO) procedure. c Optimum Number of Components, d Standard Error of Prediction (SEP), e 
Conventional non cross-validated correlation coefficient, f Standard Error of Estimate (SEE), gF-test value, h Correlation coefficient for the test 
set predication, *CoMFA&CoMSIA(Model # 14)withY-Randomization test, highlighted in bold is considered as best model with fields contribution  
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Figure 5.5: Graphical interpretation of actual versus predicted pIC50 of the training and test sets generated by the CoMFA(a) 
and from the best selected model CoMSIA(b) with residual graph and y-randomization test to validate the CoMFA(e)  and 

CoMSIA(f) models. 
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5.3.2.2. Visual analysis and interpretation of contour maps  

One of the attractive features of analysis is to evaluate the existing modification effect of 

pyrazine, pyridoimidazolone and central phenyl core of pyridoimidazolone derivatives. On 

the basis of these outcomes find the extent of possible modification to achieve most active 

and potent inhibitor. CoMFA based on two descriptors i.e. steric and electrostatic; However, 

CoMSIA explained by five different fields namely steric, electrostatic, hydrophobic, 

hydrogen bond donor and acceptor. 

5.3.2.3. Steric and electrostatic profile: 

In steric field, the green contour shows sterically favored region while yellow region 

indicates the area where presence of steric hindrance may cause decline in the inhibition 

activity of compounds. In electrostatic field red contour shows the region where 

electronegative group is favorable while opposite is for blue contours. In this work we 

analyzed the contours with respect to their individual group template. 

Group A: The most active compound 53 of this series was superimposed with CoMFA 

contour maps within the active site of V600EB-RAF as shown in Figure 5.6 (A). It is clear 

from the figure that two green and one yellow isopleths are present at the R1 and R2 positions 

in the developed CoMFA model. The green contour found near the oxazole moiety of R2 

group, indicated that heavier group substitution at this position can increase the inhibition 

activity profile. It is also supported when we compare the most active compound 53 with 52, 

the inhibitory activity decreased because the 5-phenyloxazole ring is replaced by 

Isobenzofuran-1(3H)-one group at R2 position. R1 group also plays an important role in 

declining the activity. Similarly, if we correlate the template molecule with compound 51, 

low activity is observed. The activity was decreased due to the position of acetamide moiety 

at R1 position of napthyl ring, simultaneously oxazole moiety position at phenyl ring was 

also considered. Compound 09, 47, 49 & 50 are true representatives and supported the 

prediction in account; presence of heavier group at R1 position is favorable for high activity 

profile. Compound 20, 21, 33, 35 and 48 showed low inhibitory activities compared to most 

active compound might be due to the absence of the oxazole moiety at R2 position. 
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Figure 5.6(A, B & C): The contour maps of the CoMFA modeling. Sterically favored areas are 
represented by green polyhedra and disfavored areas are represented by yellow polyhedra 
surrounded the most active compound 53, 04 and 02 from the Group A, B and C respectively. (D, 
E & F):Std* coeff. contour maps of CoMSIA analysis (i) Steric contour map. Green and yellow 
contours refer tosterically favored and disfavored regions. (ii) Electrostatic contour map: blue and 
red contours refer to regions where electron-donating and electron-withdrawing groups are 
favored. (G, H & I): In the Hydrophobic contour map of CoMSIA model, white contours refer to 
regions where hydrophilic substituents are favored and yellow contours indicated the areas where 
hydrophobic substituents are favored (J, K & L): The CoMSIA hydrogen bond donor contour 
map in which cyan and purple contours indicated favorable and unfavorable region for hydrogen 
bond donor groups while for the hydrogen bond acceptor isopleths shows favorable region in 
magenta and red contours indicates the disfavored region for the acceptor group. Compound 53, 
04 & 02 from the group A, B & C displayed respectively. 
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Furthermore, oxazole moiety of phenyl replaced with tri-methoxy moiety at R2 position is 

found to be plunged in yellow isopleths. This observation supported that less sterically 

bulkier moiety at R2 position would be better for strong interaction, in order to accommodate 

inside the binding pocket of V600EB-RAF. With the judgment, it is clear that naphthyl with 

acetamide moiety have positive contribution on activity increment and this prediction was 

further supported by the experimental data. In the current situation, steric field contributions 

are dominant over electrostatic and establish strong correlations with surrounding interacting 

residues. A large blue isopleth encompasses the oxazole moiety at R2 position and strongly 

recommend the presence of an electropositive group at this position to enhance the activity 

profile. Furthermore, the electronegative parts of the interacting surrounding residues of 
V600EB-RAF were found in contact with electropositive part of inhibitors embedded in the 

blue isopleths. In order to increase the activity profile strong interaction with the 

electronegative side chain of residues is preferable for stable interaction of ligand with 

protein. This observation was further supported by another blue isopleth which lies near O 

linker at R1 position over amino acid residues. In CoMFA, three red isopleths located in the 

surrounding of R1 group and one large red contour exactly correspond with the hydrophobic 

residue. These contours demonstrated the presence of an electronegative group which 

developed interactions with electropositive atoms found near to these isopleths in the binding 

site of V600EB-RAF. The activity decline pattern is observed in compounds 09, 20, 33, 36, 37 

and 48 because these compounds were found moving away from red contours. 

Group B: Figure 5.6(B) displayed CoMFA contour  maps of steric and electrostatic 

descriptors. In the steric contours two green and one large yellow isopleths are found at the 

most active compound of this series. The imidazolidine moiety of R1 group is encompassed 

by a large green contour and indicates that the heavier group at R1 position may be strongly 

accommodated within the binding site of V600EB-RAF. From the bioactivity and structural 

analysis of compound 11 we came to know that R1 group is bulkier than template with a low 

activity profile. Correlation of second green contour at R5 position with the first green 

contour demonstrated the fact that steric bulk favored at R5 position is more influential for 

bioactivity as compared to R1 position. The sterically bulkier methoxy group embedded in 

the green contour favors the presence of bulkier group. With the careful inspection of 

compound 16 with the most active compound 04 it is clear that with decrease in steric 
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hindrance at R5 position inhibitory activities of compounds are also decreased. To 

authenticate, structural and activity correlations of compound 22-24, 27, 29-30, 32-34 are 

monitored which showed the remarkable difference in pIC50 values i.e. the range of 4.00 – 

6.10 due to the absence of R5 moiety. On the other hand, large yellow isopleth on the 

pyridine moiety suggested that replacement of bulky substituent at this position may help to 

significantly improve biological activities. 

In the electrostatic contour map, a visual investigation reveals the blue contours located near 

the pyridine moiety of core structure and few blue contours scattered around surrounding of 

amide group indicated the presence of positively charged group in this zone could help to 

enhance the inhibitory activity. The negatively charged groups are found in the vicinity of red 

contours and the residues present in the surrounding of positive coefficient (blue) and 

correlating with ligand that is involved in the development of strong interaction. 

Group C: Reference compound 02 of this group is shown in Figure 5.6(C) surrounded with 

two green and one yellow polyhedron. The green contour in between the pyridine moiety and 

R1 group indicates the substitution of H with a bulky group is suitable for the increment in 

activity profile. The comparison of template with compound 16 and 20 showed the influence 

of SH3 group at R1 position. In compound 16, decrease in bioactivity is observed due to the 

lack of Cl group at R2 position, while in compound 20 replacement of Cl with F and change 

in the position from para to ortho further decreased bioactivity profile. The second isopleth 

which appeared around the edge of R2 emphasized the presence of sterically bulkier groups. 

The large yellow polyhedron present on the right top of the imidazolidine moiety at R3 and 

R4 regions perfectly correlates with ligand. As a result, compounds 28, 29, 32 and 38 with a 

non-favorable bulkier substituent showed lower activity compared to template. Two blue 

polyhedrons located in close proximity to pyridine moiety further supported the presence of 

electropositive group at this position (Figure 5.6C). In the surrounding, the electronegative 

part of Asp593 residue communicates with the ligand for the development of the stable 

interaction. One of the small blue polyhedron present near imidazolidine moiety correlated 

with active site residues. The amide group of ligand is also depicted in blue contours to 

develop a strong interaction with electronegative atoms of docking residues. From the 

contour map visualization it is apparent that one large and two small red isopleths are 
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established in the vicinity of template compound possessing electronegative atom for suitable 

interactions with the electropositive part of His573, Val503
 and Leu504 amino acids of active 

site. One red polyhedron embedded near R1 region where oxygen is already present and 

interacts with electropositive docking residue Leu504
 which is present in close proximity of R1 

region. These red contours are in good agreement with the environment of the active site 
V600EB-RAF. 

5.3.3. CoMSIA 

5.3.3.1. Steric and electrostatic fields: The steric and electrostatic CoMSIA contour maps 

are exposed in Figure 5.6(D). Explanation and judgment, so far, Figure 5.6 in panel (A & 

D) evidenced that both techniques (CoMFA & CoMSIA) found nearly identical steric & 

electrostatic contributions for premeditated V600EB-RAF inhibitors except with some slight 

difference.  

Group A: When the most active compound with active site of V600EB-RAF is overlaid on 

developed contours, oxazole moiety of R2 chain fully lies on large green isopleth which 

strongly recommends the presence of sterically bulkier groups in this region. If R2 chain 

moves far away in core structure in that case activity decline pattern is observed as in 

compound 02, 09, 13-14, 20, 24, 37 and 48. Two yellow isopleths are also originated; one 

appears near the R2 moiety and we can infer that it is analogous to CoMFA contour. While 

second isopleth lies in close proximity to R1 region. It is clearly observed that some fractions 

of R1 position are embedded with yellow contours, which indicate that Arg574 and 

His573
 binding site residues of V600EB-RAF create noise because a sterically bulkier naphthyl 

moiety is situated in the ligand. On the analysis of electrostatic descriptor of CoMSIA, one 

blue and two red isopleths are found. Amide group is depicted in blue favorable isopleths; 

the electronegative moiety in binding site is essential for the close interaction. Additionally, it 

is also under consideration that Glu500
 side chain is depicted in small red isopleths that 

predicate the presence of side chain donor moiety. The red colored region close to naphthyl 

ring at R1 group indicated that negative charges are essential for ligand binding. This 

observation also correlates with the presence of His573 residue in the surrounding of template.  
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Group B: The large green contour is embedded over an imidazolidine moiety as it is 

present in CoMFA, but the variation occurs in CoMSIA in which green contour is extended 

towards the linker X. The same pattern as with CoMFA is followed in CoMSIA at R1 

position as shown in the Figure 5.6(E). Linker X also showed influence on biological 

activities which was cleared by comparing compound 16 with compound 14 in which oxygen 

is replaced with sulphur and remarkable change in activity was observed. Two yellow 

isopleths, one near the pyridine moiety while second positioned at phenyl ring suggested 

the presence of less bulkier group for proper accommodation of ligand in the receptor and 

enhanced bioactivity. The contour maps of electrostatic properties indicated that blue 

coefficient for a positive group should lie near the positive group moiety and exactly opposite 

is same for red coefficients. 

Group C: From the direct comparison of Figure 5.6. panel (C & F), some similarities and 

differences among CoMFA and CoMSIA model can be observed. Firstly, in steric map, large 

green isopleth is located near the pyridine moiety which is same in both models. This green 

contour is almost similar in strength but the position is slightly changed because it is closer to 

pyridine moiety in CoMSIA model. Two yellow isopleths are also present. The one yellow is 

exactly located near to R4 group that indicates steric bulk is not required in this area to 

increase the activity as no space is available to accommodate the bulkier group due to 

presence of hydrophobic interacting residues of V600EB-RAF. The second yellow contour lies 

near R1 group at the position where substituents are added to recommend the presence of less 

bulkier groups. This trend is observed in compound 06 and 13 where the addition of bulkier 

group decreases the inhibitory potential with reference to template. 

Secondly, in electrostatic contour maps a blue and a red isopleths are observed. The blue 

located very close to bottom of imidazolidine moiety, showed stable interactions with 

surrounding residues. The opposite is true for red contour present in the vicinity of amide 

group. These contour maps represent physiochemical properties which affect biological 

activities 

5.3.3.2. Hydrophobic descriptor fields: Yellow and white polyhedron region indicated 

respective areas where hydrophobic and hydrophilic properties were found favorable. 
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Group A: In reference compound two large yellow polyhedrons represent the favorable 

position for hydrophobic groups depicted in Figure 5.6 (G). One is lying over an oxazole 

moiety of R2 position, while second is present in the vicinity of naphthyl moiety at R1 

position. This observation suggested that lipophilicity of this portion of the molecule is an 

important factor for the biological activity. Compound 51 and 52 found to follow this pattern 

for existence of hydrophobic group at R2 position, while the interacting residues depicted in 

yellow isopleths strongly recommended more hydrophobic contribution in replacement of 

non lipophillic residues. A large yellow area located below the R1 group points towards the 

presence of long chain hydrophobic fractions. Compounds 02, 09, 14 and 19 found to possess 

low inhibitory activity profile compared to template but moderate activities than rest of the 

compounds. Due to this reason, these compounds depicted more closer to yellow polyhedron 

at R1 position because of absence of non lipophillic group as it is present in template. 

There are two white unfavorable regions stumbled on R1 chain and amide group that showed 

the region where hydrophilicity is required. In case of amide moiety, there should be non 

lipophillic residues adjacent to hydrophillic moiety for better interactions. A consistent 

pattern of both the lipophillic and non lipophillic group is observed in case of the second 

white isopleth. 

Group B: The hydrophobic contour maps depicted in Figure 5.6(H) build a correlation with 

steric descriptor. The hefty yellow polyhedron located on the imidazalodine moiety 

indicated the presence of hydrophobic groups for the enhancement of biological activities. 

The CoMSIA steric contour map of this region and large yellow hydrophobic contour are 

correlating with each other. Therefore, same pattern in compound activities was observed. 

Second large yellow contour is situated on substituents of R5. From the comparison of 

compound 11 and 13 with reference compound it is established that methoxy substitution of 

R5 moiety are responsible to improve the biological activities. The compounds like 12 and 14 

which are not entertained from these groups have low inhibitory profile than the most active 

compound. Similarly, a comparison of compound 12 and 14 with template indicated the 

significance of placement of two lipophilic groups. White contours for the presence of non 

lipophillic moieties are overlaid on central phenyl moiety and amide bond. Active site 

residues His573, Asn499, Arg574 and Glu500encourage the presence of hydrophilic groups 
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surrounded by white contours indicated the unavailability of enough space for 

accommodation of template hydrophobic moieties. 

Group C: The hydrophobic contours superimposed on the most active compound 02 are 

shown in Figure 5.6(I). From the CoMFA and CoMSIA steric contours maps, the large 

green contour near the pyridine moiety is also supported by yellow isopleths of hydrophobic 

contour. On the other hand, a yellow contour is observed near the R2 moiety indicating that 

hydrophobicity is required in this region to increase the activity. This contour is embedded in 

the CF3 substituent of 5-phenyl ring, suggesting noteworthy contribution of long 

hydrophobic chains. This is further supported by the compounds 29, 36 and 38 in which less 

hydrophobic groups are present. Therefore, all these compounds showed low inhibitory 

activities with reference to template. The white contour present around 5-phenyl moiety of 

R1 indicates that presences of hydrophobic groups at this region are unfavorable for activity. 

It is further supported from a comparison of the most active compound 02 with compounds 

03-04, 06, 10, 18, 29 and 32. 

5.3.3.3. Acceptor and donor descriptor fields: The CoMSIA hydrogen bond donor and 

acceptor contour map correlates with the involvement of hydrogen bond interaction and 
V600EB-RAF. The cyan color shows a favorable hydrogen bond donor region and the purple 

isopleths demonstrate area where hydrogen bond donor is not favored. The magenta color 

illustrates the necessity for presence of hydrogen bond acceptor and red polyhedron gives an 

idea that in the vicinity hydrogen bond acceptor is not favorable.  

Group A: The hydrogen bond donor and acceptor based on the acidity and basicity Lewis 

concept, where electron density accepted by acids and base behaves as electron density 

donor. So it is an interesting observation from the contour plot Figure 5.6(J), that a large 

magenta isopleth is situated near the pyrazine core which functions as a hydrogen bond 

acceptor as it carries non bonding pair of electron. It is correlated with surrounding chain of 

His573amino acid that has ability to interrelate with acceptor group which is lying on favored 

magenta region for strong interaction. This region was found to be fully consistent with 

remaining ligands of this group. In addition, unfavorable red contours are observed, one 

embedded on para position of naphthyl moiety at R1 and other near oxazole moiety of R2 

position. By observing red contour it is clear that carbonyl of amido group behaves as 
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hydrogen bond acceptor because Asn499 present with the carbonyl facing towards it. 

Therefore, its replacement may lead to an improvement in biological activities. Another red 

contour is found which is suggested that residues lying in surrounding should be hydrogen 

bond donor. Figure 5.7(a) further supported our prediction. 

The two favored cyan isopleths are situated around the active compound; one is located near 

pyrazine moiety indicating hydrogen bond donor functionalities cause the enhancement of 

activities. This cyan region corresponds with surrounding docking residues involved in ligand 

interactions. The second cyan isopleth is located near benzene ring at R2 position, 

substitution with the hydrogen bond donor groups could improve the biological activity and 

supported by the surrounding residues. There are two purple contours established by the 

CoMSIA model, one near O atom of oxazole and the second small contour present far from 

R2 group. 

Group B: The H-bond donor and acceptor fields are displayed in Figure 5.6(K). The 

magenta polyhedron is due to the N of pyridine moiety and active site residues favor the 

presence of magenta isopleths. It may be inferred from the above observation that the 

nitrogen atom of the pyridine ring should have enough electron density, which acts as H-

bond acceptor and modification should be accordingly to maintain its relative strength of the 

basicity as H-bond acceptor group. From two red isopleths, one is found near the 

imidazolidine moiety and other is located in the vicinity of amide group. Both of these 

favor the presence of red polyhedrons Figure 5.7(b). 

The two cyan contours around pyridine moiety and top of central phenyl moiety indicate 

that presence of H-bond donor group which may increase the ligand activity. Due to the 

presence of the active site residues in surrounding of these cyan contours involved in the H-

bond with ligand. To aid visualization, Figure 5.6(K) in which His573 and N of amide group 

of ligand developed the H-bond. The purple contour near the N of imidazolidine moiety 

favors the presence of this group which can accept lone pair from active site residues to make 

stable interaction.  

Group C: In Figure 5.6(L) the most active compound is over laided on generated contour 

map and structure is covered by the one magenta and two red isopleths. The acceptor fields 
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contain information about where H-bond donating group should be located on the receptor. 

Therefore, the presence of large magenta contour indicates the ligand protein interaction. The 

carbonyl of Val503 and Leu513 residues are there to interact with acceptor moiety of inhibitors 

(imidazalodine moiety). The presence of red contours are not favorable for H-bond 

acceptors moiety; this statement is proved by observing lone pair donating group of ligand 

can accept the electron pair from the receptors for good interaction. But in the current 

situation binding site residues Asp593 is pointed towards the ligands and behaves as the H-

bond donor which is not suitable, that`s why low activity is observed. The graphical 

interpretations of the H-bond donor (cyan) field highlighted the fact that beyond the ligand, 

hydrogen accepting moieties in protein are present that can form hydrogen bond and 

influence the binding affinity. Active site residues additionally support this information 

because a series of amino acids such as the  Lys600, Ile591 Val503 & Gly592around the cyan 

contours can establish hydrogen bond with inhibitors. This indicates that H-bond donor 

substituent may increase the inhibitor activity. In Figure 5.7(c) hydrogen bonding interaction 

is observed between the oxygen of imidazolidine and Cys531 residue at hinge region as well 

as π-π interaction also found in the template compound 02. These docking results support the 

prediction of the developed contour maps. 
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Figure 5.7(a,b&c):Docking interactions of three most active compounds from the three 
groups A, B & C within active site of V600EB-RAF receptor. These 2D interactions pose 
generated by the MOE software.  

(a) (b) 

(c) 
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5.3.4. Design and Prediction of New 2, 6-Disubstituted Pyrazine Derivatives. 

Three novel compounds with similar structural profiles to the 2, 6-disubstituted pyrazine 

derivatives of series A, were designed based on satisfactory result of CoMFA and 

CoMSIA models. Compound 53A is evaluated as the most potent with the highest 

inhibitory activity (pIC50 6.5) within the series and well explained by all generated 3D-

QSAR models.  Due to this reason, the compound 53A is considered as a lead for 

designing and prediction of three new scaffolds (Ia, IIa and IIIa) as shown in the 

Scheme 5.2. The main strategies of the molecular modification in design of these new 

scaffolds were introduction of new substituent groups and adjustment of the possibility of 

steric and electrostatic functionality.    

In compound Ia and IIa the linker O is replaced by bulky atom S and change of the 

acetamide moiety position is also observed that produced effect on predicted inhibition 

value by means of  steric and hydrophobic influence. In compound IIIa, we introduced a 

methyl group at naphthalene moiety with the same linker O atom and get better results of 

inhibition. These new inhibitors preserve crucial core structure of compound 53 from 

group A. Compound IIIa showed excellent predicted activity (pIC50 6.826) with respect 

to the active compound of group A. Predictions for newly designed compounds also  

validated our 3D-QSAR model for further studies. Conserved interactions are also 

maintained in the predicted scaffolds which are depicted in the Figure 5.8.  
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Scheme 5.2: Design and predication strategy of new scaffolds with inhibition activity 
(pIC50). 
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Figure 5.8: Docking pose of new predicated structure (IIIa) within the active site of 
V600EBRAF. 

  



Structure Based 3D-QSAR Studies applied at BRAF target 

 

 Page 221 

 

5.5. CONCLUSION 

V600EB-RAF is the frequent oncogenic protein kinase whose inhibition can prevent humans 

from cancers. In this work, we proposed the strategy to design new inhibitors for mutated B-

RAF protein by computational methods. A hybrid approach of 3D-QSAR with molecular 

docking simulation is applied for V600EB-RAF on three different scaffold data sets to 

investigate the proper binding mode. Database and receptor-guided alignment methods were 

utilized in order to obtain the best predictive 3D-QSAR models.  Among these alignment 

methods, receptor-guided alignment with most active conformers produced satisfactory 

results for both of the 3D-QSAR models (CoMFA & CoMSIA) with sufficient statistical 

validation with y-randomization test. The best CoMSIA model is considered with all five 

fields that accounted the most important role in the prediction of new modified scaffold 

especially due to the hydrophobic field contribution, and better explained the binding 

mechanism with the residues and chemical group interactions of the inhibitors. By 

visualizing the outcomes of interactions, predicting that sterically bulky R group of all three 

different core structure have H-bond interaction with N of Cys531 (Hinge region) as well as 

with the Asp593 and all the possible catalytic residues (Lys482 Glu501& Asp576) were 

observed. These observations pointed out that if changes occur with respect to interaction of 

mutated protein residues at some areas of the inhibitors, it may be possible that the inhibitory 

activity would enhance.  

The new scaffolds designing, followed the molecular modification strategy in the existing 

dataset of 2, 6-disubstituted pyrazine. On the basis of results we concluded that the 

imidazolidine moiety should be a part of the inhibitor because it occupies the ATP binding 

pocket and interacts with the hinge region. Subsequently, central part of new scaffold is 

covered by the phenyl ring with different substitution of chemical groups that could be close 

in contact with the DFG motif and catalytic loop.   

Additionally, we predicated the activity of new proposed compounds by using 3D-QSAR 

technique. Compound IIIa was found to be the most active (pIC50 6.826) within all studied 

compounds. This new proposed compound would be better within the respective group to 

explore the chance of the specificity and more selectivity towards V600EB-RAF protein.  
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6.2. APPENDIX 
 
6.2.1. APPENDIX-I 

 
Amino Acids Codes 

Amino acid Three letter code One letter code 

Alanine Ala A 

Arginine Arg R 

Asparagine Asn N 

Aspartic acid Asp D 

Asparagine or aspartic acid Asx B 

Cysteine Cys C 

Glutamic acid Glu E 

Glutamine Gln Q 

Glutamine or Glutamic acid Glx Z 

Glycine Gly G 

Histidine His H 

Isoleucine Ile I 

Leucine Leu L 

Lysine Lys K 

Methionine Met M 

Phenylalanine Phe F 

Proline Pro P 

Serine Ser S 

Threonine Thr T 

Tryptophan Try W 

Tyrosine Tyr Y 

Valine Val V 
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6.2.2. APPENDIX-II 
 

Docking Software 

Software Reference(s) Website Search algorithm 
Affinity  N/A  www.accelrys.com/products/  MC  
  datasheets/i2_affinity_data.pdf   
ADAM  (Yamada and Itai, 

1993; Mizutani et 
al.,  

www.immd.co.jp/en/  RBD  

 1994, 2006)  product_2.html   
Autodock 4.0  (Morris et al., 1998; 

Osterberg et al.,  
autodock.scripps.edu/  GA  

 2002)    
CDOCKER  (Wu et al., 2003a)  N/A  MD-SA  
CHARMM  (Vieth et al., 1998b, 

a)  
www.charmm.org/  GA and MC  

CLIX  (Lawrence and 
Davis, 1992)  

N/A  RBD  

DARWIN (Taylor and Burnett, 
2000)  

N/A  GA  

DIVALI  (Clark and Ajay, 
1995),  

N/A  GA  

DOCK 6  (Oshiro et al., 1995; 
Knegtel et al.,  

dock.compbio.ucsf.edu/  IC  

 1997; Kang et al., 
2004; Moustakas 

  

 et al., 2006)    
DockIt N/A  www.metaphorics.com/  N/A  
  products/dockit.html   
DockVision 1.0.3  (Hart and Read, 

1992) ,  
www.dockvision.com/  MC  

DoMCoSAR (Vieth and 
Cummins, 2000)  

N/A  SA  

DragHOME (Schafferhans and 
Klebe, 2001)  

N/A  RBD  

EADock (Grosdidier et al., 
2007)  

N/A  EA  

eHiTs (Zsoldos et al., 
2006)  

www.simbiosys.ca/ehits/  RBD of fragments 
followed by 
reconstruction  

  index.html   
EUDOC  (Pang et al., 2001) ,  N/A  RBD  
FDS  (Taylor et al., 2003)  N/A  MC  
DAIM-SEED-FFLD  (Majeux et al., 1999; 

Budin et al., 2001;  
biocroma.uzh.ch/SDL/DAIM- RBD  

 Kolb and Caflisch, 
2006)  

SEED-FFLD_agreement.pdf   

FITTED  (Corbeil et al., 2007)  www.fitted.ca  GA  
FlexX 2.2  (Rarey et al., 1996)  www.biosolveit.de/  IC  
FlexE (Rarey et al., 1999; 

Clau_en et al., 2001)  
  

FlipDock (formerly  (Zhao and Sanner, 
2007)  

www.scripps.edu/Byongzhao/  GA  

pyDock)   FLIPDock/   
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FLOG  (Miller et al., 1994)  N/A  IC  
FRED  (McGann et al., 

2003)  
www.eyesopen.com/products/  RBD  

  applications/fred.html   
FTDock (Gabb et al., 1997)  www.bmm.icnet.uk/docking/  RBD  
  ftdock.html   

GAMBLER  (Charifson et al., 
1999)  N/A  GA  

GasDock (Li et al., 2004)  N/A  GA  
GEMDOCK  (Yang and Chen, 

2004)  
N/A  EA  

GlamDock (Tietze and 
Apostolakis, 2007)  

N/A  MC/SA  

 
Glide 4.0  

 
(Friesner et al., 
2004; Sherman et 
al.,  

 
www.schrodinger.com/  

 
Hierarchical filters and 
MC  

 2006)  ProductDescription.php?   

GOLD 3.1  
(Verdonk et al., 
2003, 2005)  

mID¼ 6&sID ¼ 6&cID ¼ 0 
www.ccdc.cam.ac.uk/products/  GA  

  life_sciences/gold/   
Hammerhead  (Welch et al., 1996)  N/A  IC  
HADDOCK  (Dominguez et al., 

2003)  
www.nmr.chem.uu.nl/haddock/  SA  

HierDOCK/HierVLS (Floriano et al., 
2004; Trabanino et 
al.,  

N/A  IC  

 2004)    
ICM  (Abagyan et al., 

1994b; Totrov and  
www.molsoft.com/  MC  

 Abagyan, 1997)  docking.html   
LibDock (Diller and Merz, 

2001)  
N/A  MA  

LIDAEUS  (Wu et al., 2003b)  N/A  MA  
LIGIN  (Sobolev et al., 

1996)  
N/A  RBD  

MacDOCK (Fradera et al., 
2004)  

N/A  IC  

MCDOCK  (Liu and Wang, 
1999)  

N/A  MC  

MolDock (Thomsen and 
Christensen, 2006)  

N/A  DE  

MVP  N/A  N/A  IC  
PatchDOCK (Schneidman-

Duhovny et al., 
2005)  

N/A  Shape complementarity  

PAS-Dock  (Tøndel et al., 2006)  N/A  TS  
PhDOCK (Joseph-McCarthy 

et al., 2003)  
N/A  MA  

Ph4DOCK  (Goto et al., 2004)  N/A  MA  
PIPER  (Kozakov et al., 

2006)  
N/A  Fast Fourier transform  

Plants  (Korb et al., 2006)  N/A  Ant colony optimisation 
Prodock (Trosset and 

Scheraga, 1999)  
N/A  MC  

PRO_LEADS  (Murray et al., 1999)  N/A  TS  
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ProPose (Seifert, 2005)  N/A  IC  
PSI_DOCK  (Pei et al., 2006)  N/A  GA with TS  
Q-fit  (Jackson, 2002)  N/A  MA  
Quantum  N/A  www.q-lead.com/cnt/quantum  N/A  

QXP/Flo þRiboDock 

(McMartin and 
Bohacek, 1997) 
(Morley and Afshar, 
2004)  

N/A N/A MC MC 

ROSETTALIGAND  (Meiler and Baker, 
2006)  

N/A  MC  

SANDOCK  (Burkhard et al., 
1998)  

N/A  MA  

SDOCKER  (Wu and Vieth, 
2004)  

N/A  Random walk  

SLIDE  (Schnecke and 
Kuhn, 2000; 
Zavodszky 

N/A  IC  

 and Kuhn, 2005)    
SKELGEN  (Alberts et al., 

2005)  
N/A  IC  

SODOCK  (Chen et al., 2007)  N/A  Swarm Optimisation 
SG-DOCK/SP-
DOCK  

(Fradera et al., 
2000)  

N/A  IC  

Surflex 2.1  (Jain, 2003, 2007)  N/A  IC with MA  
Yucca  (Choi, 2005)  N/A  MC  
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6.2.3. APPENDIX-III 
 

SCORING FUNCTIONS 
Scoring 
function 

Software 
implementations Class Reference(s) 

ChemScore GOLD, FRED, 
CScore, Empirical (Eldridge et al., 1997) 

 PRO_LEADS   
eHiTS SF eHiTS Empirical (Zsoldos et al., 2003) 
FlexX SF FlexX Empirical (Rarey et al., 1996) 

Fresno Standalone Empirical (Rognan et al., 1999) 
GlideScore Glide Empirical (Friesner et al., 2004, 2006) 

Hammerhead 
SF 

Hammerhead, 
Surflex, 

Empirical (Jain, 1996) 

 LigandFit   
HINT Standalone Empirical (Cozzini et al., 2002) 

LigScore LigandFit Empirical (Krammer et al., 2005) 
PLP LigandFit, FRED, 

DockIt 
Empirical (Gehlhaar et al., 1995) 

RankScore FITTED Empirical/FF (Moitessier et al., 2006a) 
SAFE_p None Empirical/FF (Sussman et al., 2002) 
SCORE Standalone Empirical (Wang et al., 1998) 

SCORE 3.0 PSI-DOCK Empirical (Pei et al., 2006) 
SCORE1 LUDI Empirical (Bo¨hm, 1994) 
SCORE2 LUDI Empirical (Bo¨hm, 1998) 

ScreenScore FRED Empirical/consensus (Stahl and Rarey, 2001) 
SIE Standalone Empirical/FF (Naim et al., 2007) 

SLIDE 
SCORE 

SLIDE Empirical (Schnecke and Kuhn, 2000) 

VALIDATE Standalone Empirical/FF (Head et al., 1996) 
X-Score Standalone Empirical/consensus (Wang et al., 2002) 

AutoDock SF AutoDock, 
SODOCK 

FF/empirical (Morris et al., 1998) 

DockScore DOCK, CScore FF (Meng et al., 1992) 
GoldScore GOLD, CScore FF (Jones et al., 1997) 

HADDOCK 
Score 

HADDOCK FF (van Dijk et al., 2006b) 

ICM SF ICM FF (Abagyan et al., 1994b) 
QXP SF QXP/MCDOCK FF (McMartin and Bohacek, 1997) 
BLEEP Standalone Knowledge based (Mitchell et al., 1999) 

DrugScore 
CSD Standalone Knowledge based (Velec et al., 2005) 

DrugScore 
PDB Standalone Knowledge based (Gohlke et al., 2000) 

M-Score Standalone Knowledge based (Yang et al., 2006) 
PMF CScore, LigandFit, Knowledge based (Muegge and Martin, 1999; Muegge, 

2006) 
 BioMedCAChe, 

DockIt 
  

SMoG SMoG Knowledge based (DeWitte and Shakhnovich, 1996; 
Ishchenko and 

   Shakhnovich, 2002) 
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