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Summary 

Molecular dynamics and computational drug discovery have both provided invaluable 

insight into numerous important biomolecular systems and even launched the design 

of a number of new therapeutics; however, significant gaps in our knowledge and 

insufficiencies in the treatment options available to patients still remain. The latter is 

especially challenging for individuals suffering from diseases, such as cancer, 

neurodegenerative disease, hepatitis C, atherosclerotic plaques and metabolic 

disorders. 

Keeping this in view, the current dissertation has been designed to address 

aforesaid disease by inhibiting the over regulation of medicinally important proteins. 

It consists of seven chapters. Chapter 1 provides a general introduction of proteins, 

their structure, function and medicinal significance for treating different disease. 

Additionally, significance of bioinformatics and computational biology in the field of 

medical sciences has also been highlighted. Chapter 2 introduces the computational 

techniques used for the identification, modelling and optimization of different drug 

targets, whose 3D structures are not available. In addition details of computer 

simulations have also been described. In chapter 3 we have discussed extensively the 

homology modeling, molecular docking, and molecular dynamic studies along with 

free energy calculations of human AMACR. AMACR (EC 5.1.99.4) is a 

mitochondrial and peroxisomal protein involved in the metabolism of branched-chain 

fatty acid and bile acid intermediates. Recently, AMACR has been demonstrated to be 

over-expressed in localized and metastatic prostate cancer and in high-grade prostatic 

intraepithelial neoplasia but not in normal prostatic glands, suggesting that it as an 

important tumor marker. Chapter 4 deals with the identification of potent HCV 

NS5B-3a polymerase inhibitors by means of a structure-based drug design protocol, 

homology modeling, molecular docking and molecular dynamic simulations. NS5B-

3a is the predominant genotype in Pakistan among all the other genotypes of HCV. 

There is very little data available on genotype 3a. Its prevalence in Pakistani 

community was the motivation for current research. 

In chapter 5, two proteins involved in neurodegenerative diseases (namely: 

Acetylserotonin-O-methyltransferase and Butyrylcholinesterase) have been discussed. 

ASMT (EC 2.1.1.4) protein is found in both prokaryotes and eukaryotes, however, 

most abundantly in the pineal gland and retina of humans. It is involved in a general
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tryptophan metabolism pathway where it catalyzes the final reaction in the synthesis 

of melatonin, converting nor-melatonin to melatonin. ASMT also catalyzes a second 

reaction in tryptophan metabolism: the conversion of 5-hydroxy-indoleacetate to 5-

methoxy-indoleacetate. Through experimental studies, there is evidence of high 

ASMT expression in pineal parenchymal tumors (PPTs). This varying expression can 

act as a diagnostic marker for such tumors and will serve as an indication of the 

existence of PPTs in the brain. Moreover, tryptophan imbalance has been implicated 

in bipolar and mood disorders. Additionally, the relationship between 

Butyrylcholinesterase (pdb ID: 1P0I) and its interactions with the inhibitor, potent for 

Alzheimer's disease, was also examined. In this work MD simulation was used to 

investigate the binding of BChE with the inhibitor. The studied inhibitor was an 

analogue of a previously reported inhibitor, was not available commercially and it 

was synthesized as part of the experimental plan of this thesis. The work presented in 

chapter 6 is mainly an in silico validation of the experimental work. The main aim of 

this work was to design an imaging agent consisting of a small peptide coupled with 

Gd-DOTA in order to cure the vulnerable plaques at a very early stage. In this work, 

the structural and physicochemical properties of collagen type III docked with five 

different peptides coupled to Gd-DOTA, using classical molecular dynamic (MD) 

simulations, were studied. Furthermore, in order to check the impact of Gd-DOTA, 

additional MD runs was performed by moving the agent to the C-terminal using 

lysine as linker.  

The computational methods used to identify the new potent inhibitors of human 

lysosomal acid lipase are described in chapter 7. Lysosomal acid lipase (EC 3.1.1.13) 

is an essential protein which plays a central role in the hydrolysis of cholesteryl esters 

and triglycerides to generate free fatty acids and cholesterol in the lysosome. 

Cholesteryl esters and triglycerides are delivered to lysosomes by means of low-

density lipoprotein (LDL) receptor pathway. LAL contributes to the homeostatic 

control of plasma lipoprotein levels and the prevention of cellular lipid overload in 

liver, spleen, and macrophages (Assmann and Seedorf, 1995). Deficiency of hLAL 

results in either wolman disease (WD) or cholesteryl ester storage disease (CESD). 

These are inherited as autosomal recessive disorders. WD is a severe infantile-onset 

variant with death usually occurring before the first year of age in children. 

Hepatosplenomegaly, steatorrhea, abdominal distention, adrenal calcification, and 

failure to thrive are observed in the first week of life. Massive intracellular storage of 
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both cholesteryl esters and triglycerides is observed in the liver, adrenal gland, and 

intestine. Niemann-Pick type C (NPC) disease is another autosomal recessive 

lysosomal storage disorder which is characterized at the cellular level by abnormal 

accumulation of cholesterol and other lipids in lysosomal storage organelles. 

Lysosomal acid lipase (LAL) has been recently identified as a potential therapeutic 

target for NPC. In addition to LAL, we have also studied and reported another 

medicinally significant ligase, D-Alanine: D-alanine ligase (paper V), a bacterial 

protein.  
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1. GENERAL INTRODUCTION 

Proteins, along with fats, carbohydrates and nucleic acids, are the major “building blocks 

of life.” The majority of important function and structure within cells is attributed towards 

proteins. These complex macromolecules, because of the significant versatility, perform 

various activities that are essential for life. In fact, it is not possible for any other type of 

macromolecules to perform all of the functions that proteins have conducted since 

evolution. The knowledge of a protein structure is essential for understanding its function 

as it is a basic principle of proteins science that “protein structure leads to protein 

function.” The protein structural diversity directs to the precise assignment of specific 

functional groups at particular positions in 3D space. Because of this accuracy, proteins 

act as catalyst for a remarkable range of chemical reactions as well as play fundamental 

regulatory, structural and transport functions in organisms. The functional diversity of 

protein mediates the structural diversity, as protein structure leads to its function.  

Additionally, the protein binding to other macromolecules, exploits its potential to 

highlight functionally varied areas. Extensive research about the protein structure, nature 

over the years has now resulted in a set of rational principles that characterizes the 

structure of protein and the way in which it affects the function. In order to describe and 

understand the different levels of protein structures, these rational principles have been 

arranged into a hierarchy (four-tiered). This hierarchal classification does not actually 

explain the physical laws that generate protein structure, but rather is a thought to make 

the study of protein structure more expedient (Bourne and Weissig, 2003). Structures of 

many important drug targets, such as receptors, enzymes and ion channels consist of two 

or more protein subunits associated with each other (Bull and Doig, 2015). Human 

proteome is classified into two classes, i.e. approved drug targets and non-targets, on the 

bases of information available about proteins which are targets of approved drugs. If a 

protein targets an approved drug than it falls under the category of approved drug else it 

would be a non-target. For a protein being drug target, it is essential that it should be 

druggable. The druggable proteins are those which have the ability to bind with small 

molecules (drug-like) and contain active sites (Hopkins and Groom 2002; Chen and Du, 

2007). These active sites contain some definite attributes that facilitate the site specific 
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binding of drug like molecules. A plausible protein drug target should be related to a 

disease mechanism like all other drug targets. The process of drug discovery commonly 

initiates via identification and validation of a probable target. The selected target is then 

screened against the library of drug like molecules in a high throughput mode or 

subjected to the rational drug designing process. In order to avoid the loss of resources, it 

is very important to collect as many facts as possible in support of the target of choice 

(Bakheet and Doig, 2009). 

Presently, many drugs have been designed successfully for number of routinely used 

protein targets such as GPCRs, nuclear hormone receptors, proteases and kinases (Drews, 

2000; Imming et al., 2006). The most imperative target classes utilized for the drug 

discovery are GPCRs and enzymes (Zheng et al., 2006). About 120 proteins (fulfilling 

the rule of five successfully) have been identified by Hopkins and Groom (Hopkins and 

Groom, 2002). They also reported about 3000 proteins (in humans) as druggable. In 

humans, 2000 to 3000 druggable proteins, including few rhodopsin-like GPCRs, kinases 

as well as proteases have been reported by Russ and Lampel in 2005. Based on the 

previously reported facts, Overington et al., (2006) proposed a consent figure of 324 of 

targets for all of the approved drugs. Based on the cellular locations, chromosome and 

tissue distribution, biochemical functions, biological pathway association and 

involvement in natural processes, Lauss and coworkers reported the characteristics of 392 

drug targets in human (Lauss et al., 2007). By discovering the homologous sequence of 

therapeutic drug target in the human genome, a new possible drug target could be 

identified. As structural information could be utilized to categorize the homologues, it 

could also be used to calculate their affinity towards drug like compounds (Hajduk et al., 

2005). 

The latest approaches to identify targets and linked bio-informatics techniques are 

being developed to categorize this limitless group of data. Space and capacity have paved 

a way to open new horizon in the area of computational biology and applied 

bioinformatics. Bioinformatics illustrates the use of computational means for the 

handling of bulk of biological data. In fact, most of the people defined it as a synonymous 

of "computational molecular biology" i.e., characterization of the molecular mechanisms 
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of living organisms by means of computers. The main objectives of bioinformatics are 

the predictionof 3D structure of proteins from the primary sequences, biophysical and 

biological processes, prediction by employing sequential or structural information, and 

simulated metabolism as well as number of additional biological systems. Numerous 

routines of computer science and information technology concepts are exploited for the 

sake of attaining the said objectives such as stochastic methods, algorithms, information 

theory, artificial intelligence, machine learning, statistics, graph theory, logic, simulation, 

etc. Briefly bioinformatics deals with the storage, recording, analysis, annotation, genes 

or proteins sequence retrieval as well as structural data (Zomaya, 2006).Computational 

biology explains the advancement and exploitation of the theoretical and data-analytical 

techniques, computational simulation as well as mathematical modeling procedures for 

investigating behavioral social and biological frameworks (Huerta et al., 2000). The main 

goal of the computational biology is the development of computer models by using 

chemical, physical as well as biological rules that reflect the mode of action of biological 

molecules and procedures. Computational biology on the contrary to bioinformatics, is 

experimental and exploratory in nature. By means of virtual experiments and 

examinations “in silico” computational biology gives the guarantee of incredibly 

quickening the rate and productivity of scientific revelation. Computational biologists are 

attempting to develop predictive models that will (1) permit the three dimensional 

structure of a protein to be determined directly from its primary sequence, (2) determine 

the function of unknown proteins from their sequence and structures, (3) screen for the 

potential inhibitors of a protein in silico, and (4) construct virtual cells that reproduce the 

behavior and predict the responses of their living counterparts to pathogens, toxins, diet, 

and drugs. The creation of computer algorithms that accurately mimic the behavior of 

proteins, enzymes, cells will enhance the speed, efficiency, and the safety of biomedical 

research. Computational biology will also enable scientists to perform experiments in 

silico whose scope, hazard, or nature renders them inaccessible to or inappropriate for 

conventional laboratory or clinical approaches (Murrayet al., 2003).  

Computational biology and bioinformatics are embedded in life sciences and also in 

information and computer sciences. The two mentioned cooperative methodologies draw 

from particular trains, for example, material science, mathematics, software engineering 



Chapter 1                                                                                                         I n t r o d u c t i o n  

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
 4 4 

and designing, behavioral science and biology. Both the computational science and 

bioinformatics keep up close associations with the life sciences to understand their 

maximum capacity. Bioinformatics employs fundamentals of information sciences and 

advances to make the tremendous, various, and multifaceted life sciences information 

more justifiable and helpful. Alternatively, in order to answer the experimental and 

theoretical queries in biological sciences, computational biology exploits the 

computational as well as mathematical means. In spite of the fact that bioinformatics and 

computational science are inimitable, there is an important action and overlay at their 

interface (Huerta et al., 2000). Before the advanced development in the fields of structure 

determination and theoretical techniques, structure-function studies on proteins were 

usually done by elucidating the biological function of a protein extensively and then 

determine its structure to confirm known function. But, after the substantial development 

of experimental structure determination techniques, nowadays, even some protein 

structures are available with unknown functions. Therefore, knowledge of the 

relationship between sequence-function and structure-function is necessary to infer 

function from already present sequences and structures. For this purpose, theoretical 

methods become a fundamental requirement to exploit functional information from 

already known sequences and structures. Additionally, computational alternatives to 

experimental methods attract interest for their ability to save resources, and their potential 

to provide complimentary information atrelatively small expense. More precisely, in 

silico experimentation can be practiced to find and build up new small drug-like 

compounds. As compared to an actual experiment, testing of properties of a new 

molecule using computers is less costly and time saving. In pharmaceutical industry 

computer aided drug designing is very common (Meller, 2001). In the past few decades, a 

considerable increase has been observed in the use of computational techniques in drug 

discovery process. Since 2004 around 50 molecules found computationally had gone 

through clinical trials (human) and few of these are approved by FDA (Jorgensen, 2004). 

A covering article subtitled the “Next Industrial Revolution: Designing Drugs by 

Computer at Merck” has been issued on 5th October 1981 (Van Drie, 2007). It has been 

acknowledged as being the beginning ofextreme attention in the use of computational 

methods for discovering/designing new therapeutically important small molecules. 
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In this context, the structural and functional dynamics of six different medicinally 

important proteins, using various computational and theoretical methods, have been 

studied in this dissertation. Every protein discussed in this thesis has its own distinctive 

properties and medicinal significance related to some prevalent disease. For instance, 

among the selected proteins, Alpha-methylacyl-CoA racemase is a potent cancer target. 

HCV NS5B-3a, most prevalent genotype in Pakistani community among all the other 

HCV genotypes, is responsible for chronic liver disease. Acetylserotonin-O-

methyltransferase and Butyrylcholinesterase are involved in neurodegenerative disorders. 

In artherosclerotic plagues, collagen plays a vital role in determining the vulnerability 

and stability of plaques. Whereas, lysosomal acid lipase is an essential dietary protein 

which is involved in the hydrolysis of cholesteryl esters and triglycerides to generate free 

fatty acids and cholesterol in the lysosome.  In addition to LAL, we have also studied and 

reported antibacterial drug candidate of medicinally significance ligase, D-Alanine: D-

alanine ligase. 

 

 

 

 

 

 

 

 

 

  

 



 
 
 
 

CHAPTER 2 
Computational and Theoretical 

Overview 
 
 
 
 
 
 
 
 
 



 
 
 
Chapter 2                                                                                    Computational and Theoretical Overview 

 
Theoretical and Computational Structure Function Studies of Medicinally important Proteins 

 
 

 
6 

In this chapter main computational techniques, used during the research, are introduced.  

Figure 2.1 is depicting the stepwise protocol used in this thesis.  

 

Figure 2.1: Flow diagram showing the methodology employed in current research 
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2.1 PROTEIN MODELING 

In spite of major technical advancements in different structure identification 

routines, such as NMR spectroscopy, X-ray crystallography etc., a high resolution 3D 

structure of the majority of therapeutic protein targets are still unknown 

(Mavromoustakos et al., 2011; Cavasotto and Phatak, 2009; Nayeem et al., 2006; 

Johnson et al., 1994; Zamora et al., 2003). Prediction of precise 3D models by employing 

computational approaches is an inexpensive alternative of experimental 3D structures. 

Therefore, the demand for generating reasonably accurate models for many of the targets 

by using computational methods has been increased. It also bridges the sequence-

structure gap and assists in structure based drug design (Rost and Sander, 1996). 

Structure prediction methods are generally classified as homology modeling, also known 

as comparative modeling, threading and de novo modeling (Figure 2.2) (Mullins, 2012; 

Baker and Sali, 2001; Dalton and Jackson, 2007).   

2.1.1 Homology Modeling 

Homology modeling has become a vital tool that is routinely used in structural biology 

and bioinformatics (Baker and Sali, 2001; Dalton and Jackson, 2007; Sali and Blundell, 

1993). This routine is instigated on the fact that proteins which are evolutionary related to 

each other hold a common three dimensional structure (Pitman, 2006; Marti-Renom et 

al., 2001). A rational model for selected protein structure is predicted by employing a 

sequence of one or more homologous protein (template), whose 3D structure has already 

been reported. Homology modeling is only applicable when >30% sequence similarity 

exists among target and template. Construction of a three dimensional model for an 

unknown protein sequence comprise of four major steps (Pitman et al., 2001; Eswar et 

al., 2001) such as (i) selection of template (ii) alignment of sequences (target, template) 

(iii) model generation and (iv) evaluation of generated model Figure 2.3. 

 2.1.1.1 Steps of Homology Modeling 

Template Selection: ----- The process of homology modeling starts with the selection 

and identification of appropriate template for the target. The sequence with unknown 
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structure is set as a query to explore the databases of known structures, for example 

RCSB PDB, in order to find an accurate template sequence that has a reported 

crystallographic structure (Bernstein et al., 1978). The criterion for the selection of 

template is that it must share at least 30% of sequence similarity with a target (Wallner 

and Elofsson, 2005). In order to estimate the percent identity among the template and the 

target, alignment programs for instance BLAST (Altschul et al., 1990) or FASTA 

(Pearson, 1990) are commonly used. These alignment approaches resulted in the ranked 

list of pairwise sequence alignments among all the available sequences in the database 

and query sequence. All those sequences which occupy top places in the list and share 

greater than 30% of identity could be employed as templates. 

Template-Target Alignment: -----In homology modeling an accurate template target 

is vital, as any mistakes at this point can affect the final model. Thus, after the template 

selection, in order to attain a most favorable alignment, a pairwise target-template 

alignment should be conducted (Pitman, 2006). Alignment of such types can be useful in 

highlighting the evolutionary relations among the selected template and target sequences 

by identifying the nearly all shared conserved and variable regions. Alternative methods, 

such as mix-and-match and multiple templates, can be used to collect all the information 

necessary for model construction in the absence of a single template. Such methods 

utilize multiple template structures for constructing a model.  

 
Model Construction: ----- On the contrary, few regions, such as the loop regions 

(flexible) as well as gaps, of the target might not completely align with the template. 

These regions (loop) play a crucial part in the organization/ development of various 

structural components in protein, therefore these regions should be modeled 

appropriately. For instance, the processes of ligand binding in the GPCRs are known to 

be implicated by the extra cellular loops. However, modelling the loop regions accurately 

is not an easy task to accomplished, particularly for the loops of 6 to 8 amino acid or 

more (McRobb et al., 2010; Dalton and Jackson, 2007; Michino et al., 2009). Under 

aforesaid circumstances, “de novo” or “ab initio” techniques are used to re-model the 

loops as these techniques don’t rely on the templates. The next step after the modeling of 

all the structural elements of target, is the optimization of generated model. The main 
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motivation behind this step is to remove all the steric clashes and to optimize the bond 

orders. For the purpose of model optimization, different energy minimization approaches 

have been reported for example conjugate gradient (Stich et al., 1989), steepest descent 

(Averill and Painter, 1992) and Newton/Raphson (Fujiwara et al., 2005). 

 
Model Evaluation: ----- Evaluating of the quality of model, generated by using 

homology modeling approach, is important prior to using that model for further studies. 

There is a possibility that modeled structures might have few errors. These errors are 

normally because of the percent identity between the template and target and also 

because of errors in the selected template. The accuracy of the model, having >90% 

sequence similarity between the template and the target, could be used to compare against 

the experimentally reported structures (Lesk and Chothia, 1986), while similarity of 50 to 

90% attributed towards RMS error of 1.5Å or above. On the other hand, larger errors 

might occur because of <25% similarities in sequence (Sippl, 1993). Minor inaccuracies 

in the models generated by computer can be rectified, once their positions in the models 

have been identified.  For example, errors of loop regions, not lying within the vicinity of 

the pocket, can be less harmful (Venselaar et al., 2011). This makes the evaluation of 

generated 3D structuresas an essential step within the process of SBDD. An adequate 3D 

model must have precise stereochemical characteristics. Geometrical parameters, 

especially the torsional angles, of the residues making up the model are vital for the 

stereochemical importance of the structure (Venselaar et al., 2011; Cavasotto and Phatak, 

2009). Hence, geometrical parameters assessment remains one of the essential methods 

for evaluating the accuracy and quality of a generated model.  

 
Keeping in view the significance of torsional angles, G. N. Ramachandran introduced 

a technique for plotting the two key torsional angles, Phi (ɸ, C-N-Cα-C) and Psi (ψ, N-Cα-

C-N), of proteins. This technique is commonly recognized as Ramachandran plot 

(Ramachandran et al., 1963) and is considered as a powerful tool for visualizing the 

distribution of torsional angles within a protein structure. The ɸ and ψ torsional angles, 

which are crucial for protein folding, lies in the span of  -60° to -150° and in -60° and 

120°, respectively (Ramakrishnan and Ramachandran, 1965; Hovmoller et al., 2002). Phi 

angles are present on x-axis whereas y-axis corresponds to psi angels in the 
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Ramachandran plot. The plot consists of four quadrants; every quadrant represents the 

torsional angles of a specific secondary structure element in a protein. The top-left 

quadrant represents beta sheets torsion angles whereas α-helices (the right and left 

handed) lie in the bottom left and top right quadrants, respectively. Region inside the 

plot, classified as allowed, disallowed, generously-allowed and low-energy region, help 

in validating the accuracy of a certain structure (Laskowski et al., 1993).  A model is 

considered best if the majority of its amino acids lie in the allowed region, while because 

of absence of clustering some of the residues of a poor model possibly occupy the 

disallowed regions.  

 
Several software are available to estimate the quality of model on the basis of 

Ramachandran plot for example WHATCHECK (Hooft et al., 1996) and PROCHECK 

(Laskowski et al., 1993). Both these routines employ geometrical analysis to evaluate the 

stereochemical quality of the protein. Other software programs available for quality 

estimation are ERRAT (Colovos and Yeates, 1993), Verify-3D (Luthy et al., 1992, 

Bowie et al., 1991), PROVE (Pontius et al., 1996), PROSA (Wiederstein and Sippl, 

2007), etc. The ERRAT program validates precision of the non-bonded interactions 

among the interacting particles within the structure, by taking into account the statistical 

correlation with the high resolution experimentally reported structures. Structure 

sequence compatibilities, on the basis of residual localization, are determined by the 

Verify-3D. PROVE makes the comparison of atomic volumes of reported 3D structures 

and modeled structures in order to calculate the statistical Z-scores for the model. The 

energy profile of the residues is given by PROSA. In the profile, the peaks show the 

invalid regions in the protein structures. Estimation of the excellence of computational 

models should always be preferably checked by employing different evaluation tools. 

SAVES is a server reported by “The National Institute of Health’s MBI laboratory for 

structural genomics and proteomics” (Luthy et al., 1992; Bowieet al., 1991). It 

incorporates five different structure validation programs to examine the diverse properties 

of protein structures such as VERIFY-3D, PROCHECK, ERRAT, WHATCHECK and 

PROVE. 
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2.1.1.2 Homology Modeling Tools and Web-Servers 

Various tools and automated web servers are in use for modeling the unknown structures 

of proteins for instance MODELLER (Eswar et al., 2001; Eswar et al., 2002; Sali and 

Blundell, 1993), 3D-JIGSAW (Bates et al., 2001), Mod-web (Pieper et al., 2004), 

GENO3D (Combet et al., 2002), ESyPred (Lambert et al., 2002), SwissModel (Bordoli et 

al., 2008; Schwede et al., 2003), I-TASSER (Roy et al., 2010), HHpred (Soding, 2005), 

Protein Model Portal (Haas et al., 2013), CPHModel (Morten et al., 2010), COMPOSER 

(Sutcliffe et al., 1987), Schrodinger Prime (Schrödinger, 2011), etc. Varioud different 

modeling programs utilize varied protocols for constructing three dimensional homology 

models of the unidentified target sequences. Such as in case of MODELLER, it takes the 

target-template alignment, template’s atomic coordinates along with a script file as an 

input. It generated the constraints for the query sequence that are afterward linked by 

distributions attained against the template present in databases (protein) (Eswar et al., 

2001; Eswar et al., 2002). In contrast, SwissModel, 3D-JIGSAW, Mod-web, GENO3D 

and ESyPred, which are all automatic modeling tool, take the query sequence as an input 

and execute all the mentioned steps of homology modeling approach automatically 

(Schwede et al., 2003).  

In this thesis, we performed homology modeling for constructing the required 3D 

structures as the absence of the three dimensional structures of selected protein targets 

created a need for the development of their homology models. In chapter 3, the 3D 

models for human Alpha-methylacyl-CoA Racemase (query sequence) were generated 

through MODELLER 9v12 and five online modeling servers for instance: 3DJigSaw, 

GENO3D, Mod-web, SwissModel and ESyPred. Among the generated models, the 

stereochemical properties of best model were evaluated by using various available 

programs like PROCHECK, ERRAT, ProSA energy plots, Verify3D. Whereas, 

physicochemical properties and biochemical function were calculated using ProtParam at 

ExPASy server and ProFunc of EBI tools, respectively. In chapter 4, 3D homology 

models for targeted such as HCV NS5B-3a RNA polymerase, where as in, chapter 7 

human Lysosomal Acid Lipase, has been generated by employing MODELLER. For 

modeling 3D structure D-Alanine: D-alanine ligase, MODELLER along with several 
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other automatic web-based modeling routines i.e. SWISS-MODEL, 3D-JIGSAW, 

MODWEB and I-TASSER were used. The generated protein models have been evaluated 

by using the above said programs. 

2.1.2 Threading 

It is generally believed that the majority of proteins, regardless of their evolutionary 

linkage, share identical folding patterns. Consequently, the threading technique constructs 

the tertiary structure of a target by exploiting the folds of the identified proteins. This 

approach works by searching the target sequence against the database named as 

“Structural Classification of Proteins” (Murzin et al., 1995) and identifying all those 

proteins having the similar folding patterns. In threading, scoring function is use to 

estimate the alignments of sequence and structure. The most common program which 

employs threading routine to construct the protein models is THREADER (Jones et al., 

1998). However, the limitation of this approach is that it could not work for the novel 

folding pattern, present in target protein sequence.  

2.1.3 De novo Modeling 

De novo modeling can be used when the other modeling methods such as homology 

modeling and threading fail to work. De novo routines, work on the basis of a physical 

principle which states that global energy minimum states are normally preferred by native 

proteins. According to this hypothesis, low energy conformers for the target sequence 

have been identified by the large scale conformational exploration performed de novo 

approach (Bonneau et al., 2001). Simulation techniques for instance molecular dynamic 

and Monte Carlo are used for searching the energy landscape. Lately, significant 

improvements have been made in the programs which are based on de novo structure 

construction approach such as I-TASSER (Roy et al., 2010) and ROSETTA (Huang et 

al., 2011). One of the major problems of this technique is its computational 

expensiveness. It needs extra computing resources for the significant energy space 

sampling. 
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Figure 2.2: Classification of Structure prediction methods (Reference: Kalyaanamoorthy 

and Chen, 2014) 

 
Figure 2.3: Step by step homology modeling protocol (Adopted from Kalyaanamoorthy 

and Chen, 2014) 
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2.2 Molecular Docking 

In several biological processes recognition of molecular events, such as cell regulation, 

signals transduction as well as other associated actions, are crucial. These processes are 

dependent on an array of therapeutically signification atomic level procedures including 

protein-inhibitor, enzyme-substrate, drug-nucleic acid and protein-protein interactions 

(Huang and Zhou, 2010). Standard experimental methodologies for predicting the 

affinities and binding modes for mentioned recognition events are slow and costly hence, 

molecular docking provides a comparatively fast and economical alternative to 

experimental techniques computationally (i.e. in silico) (Sousa et al., 2010). Molecular 

docking is a simulation technique where one tries to identify the ’best fit’ among a 

receptor and a ligand, typically a protein and a small compound (’ligand’) (Huang and 

Zhou, 2010). Docking builds on early attempts to discretize the interactions between 

proteins and ligands to understand and predict their affinities (Kuntz et al., 1982; 

Goodford, 1985). The first program and scoring functions were developed in the 1990’s 

by Böhm (Böhm, 1992, Böhm, 1992; Böhm, 1994) and others. Docking has received 

substantial attention in the field of drug discovery since it is desirable to quickly process 

very large libraries of drug like candidates (Kitchen et al., 2004; Sousa et al., 2006). 

Essentially, the main objective of docking is to predict the accurate protein-ligand 

complex by utilizing computational means. Molecular docking is comprised of two 

interlinked steps: first step is the sampling of different orientations of the small molecule 

within the binding site of the protein and second is the ranking of these conformations 

through a scoring function. 

2.2.1 Sampling Algorithms 

At present existing docking routines vary in aspects such as the description of molecular 

interactions, the algorithms used to create ligand structures and the average run time per 

molecule. A variety of sampling algorithms have been developed to overcome the costly 

generation of all the possible conformations of protein and ligand in vitro. The algorithms 

can be grouped into those with systemic and those with stochastic approaches (Tracy, 

2006). 
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2.2.1.1 Stochastic Algorithms 

Stochastic algorithms include a random factor for sampling the conformations and the 

binding orientations of a ligand. Stochastic algorithms are of four different types: Genetic 

algorithms (GAs), Tabu Search (TS), Monte Carlo (MC) and swarm optimization (SO) 

methods. 

Genetic Algorithms: ----- Genetic algorithms mimic the process of evolution by 

natural selection in order to generate the accurate binding conformations. Several docking 

softwares such as GOLD (Tracy, 2006; Jones et al., 1995), AutoDock (Morris et al., 

1998), DIVALI (Clark, 1995), DARWIN (Taylor and Burnett, 2000), MolDock 

(Thomsen and Christensen, 2006), PSI-DOCK (Pei et al., 2006), FLIPDock (Zhao and 

Sanner, 2007), Lead finder (Stroganov et al., 2008), and EADock (Grosdidier et al., 

2007) have implemented GAs. Among all these docking programs GOLD and AutoDock, 

which are two popular and commonly used softwares to explore the conformational space 

of ligand, are used in this thesis in chapter 3, 4, 5 and 7. 

Tabu Search: ----- In this method earlier visited solutions, in the conformational 

space of the ligand, get stored in a tabu list. A random change will be accepted if it 

generates a solution that doesn’t differ sufficiently (e.g. RMSD <0.75Å) from the stored 

solutions else it would be rejected. The tabu search algorithms were first implemented in 

the PRO_LEADS docking method (Baxter et al., 1998). 

Monte Carlo: ----- In a Monte Carlo technique, the conformational space is 

sampled by random movements. A random change acceptance or rejection is based on the 

Boltzmann probability expression. The probability of acceptance P is computed as: 

P=𝑒𝑒�−
𝛥𝛥𝛥𝛥
𝑘𝑘𝑘𝑘 � ……………. (2.1) 

Where 𝛥𝛥𝛥𝛥 is the energy difference from the preceding step, T is the total temperature 

presented in Kelvin and k is the Boltzmann constant (Goodsell and Olson, 1990). The 

docking programs that use the MC methods include DockVision (Hart and Read, 1992), 
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ICM (Abagyan et al., 1994), QXP (McMartin and Bohacek, 1997), Prodock (Trosset and 

Scheraga, 1999), and MCDOCK (Liu and Wang, 1999). 

Swarm Optimization: ----- This algorithm tries to search for a best conformation 

in a search space by modeling swarm intelligence. In SO method, the information 

regarding the best position of a neighboring ligand are used to model the movements of a 

ligand. Docking routines which use SO algorithms are: SODOCK (Chen et al., 2007), 

Tribe-PSO (Che et al., 2006), PSO@Autodock (Namasivayam and Gunther, 2007) and 

PLANTS (Korb et al., 2006). 

2.2.1.2 Systemic Search Algorithms 

Such algorithms are usually employed for performing the flexible-ligand docking. These 

methods are of three types: exhaustive search, fragmentation and conformational 

ensemble. 

Exhaustive Search: ----- These algorithms are most straight forward. In order to 

perform a flexible-ligand docking, the potential rotatable bonds of a ligand undergo 

systematic rotation. Such rotations might result in a large number of the protein-ligand 

combinations, so to avoid this and to make the docking more practical, 

chemical/geometric constrains are usually applied at the early ligand pose screening step. 

The obtained ligand conformations are further subjected to optimization. Glide (Friesner 

et al., 2004; Halgren et al., 2004) and FRED (McGannet al., 2003) are two typical 

examples of this type of hierarchical sampling methods. 

Fragmentation Method or Incremental Construction Algorithm: ---- In this 

algorithm the ligand didnot docked entirely instantaneously, rather divided into single 

chunks and incrementally constructed within the vicinity of binding pocket DOCK 

(Ewing and Kuntz, 1997), LUDI (Bohm, 1992), FlexX (Rarey et al., 1996), ADAM 

(Mizutani et al., 1994), and eHiTs (Zsoldos et al., 2006) are docking programs that use a 

fragment approach for molecular docking. We have used FlexX in our work in order to 

identify the novel inhibitor for ASMT, extensively discussed in chapter 5.  
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Conformational Ensemble Method: ----- In this approach, the cost of producing 

numerous conformers per ligand molecule is incurred only once, saving time in future 

studies. Moreover, the internal energy of each pre-generated conformer can be pre-

calculated before it is docked rigidly into the receptor. This approach has been 

implemented in FLOG (Miller et al., 1994), DOCK 3.5 (Lorber and Shoichet, 1998), 

PhDOCK (Joseph-McCarthy and Thomas, 2003), MS-DOCK (Sautonet al., 2008), 

MDock (Huang and Zou, 2007, Huang and Zou, 2007), and Q-Dock (Brylinski and 

Skolnick, 2008). 

2.2.2 Scoring Functions 

A search algorithm may produce an immense number of solutions, and the purpose of the 

scoring functions is to differentiate the experimental binding means from all the other 

means investigated during the search. Depending on the type of algorithm used to 

estimate binding energies, scoring functions are classified into the three key categories: 

force-field-based, empirical, and knowledge-based scoring functions. They should be 

sufficiently quick to permit their use to a substantial number of possible solutions, 

besides good precision. This feature in turns reduces the computational cost and 

complexity of the scoring functions and increases the accuracy. Scoring functions which 

are commonly employed are ChemScore (Eldridge et al., 1997), DrugScore (Gohlke et 

al., 2000; Velec et al., 2005), D-Score (Kramer et al., 1999), Fresno (Rognan et al., 

1999), F-Score (Rarey et al., 1996), G-Score (Verdonk et al., 2003), GoldScore 

(DeWhitte and Shakhnovich, 1996), SMoG score (Wang et al.,2002), and X-SCORE 

(Kitchen et al., 2004). The scoring functions employed in this thesis are: GoldScore 

(described in chapters 3, 4 and 5) and the Chemgauss4 score (chapter 5). 

GoldScore is a molecular method like function and has been optimized for the 

computation of binding positions of ligand. It takes into account four terms: 

Fitness = S (hb_ext) + 1.3750 *S (vdw_ext) + S(hb_int) + 1.0000 * S (int)       (2.2) 

S (int) = S (vdw_int) + S (tors) 

Where Shb_ext is the protein-ligand hydrogen bonding and Svdw_ext are the van 

derwaals interactions between protein and ligand. Shb_int are the 
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intramolecularhydrophobic interactions whereas Svdw_int is the contribution due to 

intramolecularstrain in the ligand. 

Chemgauss4 utilizes the potentials amid the chemically coordinated positions around 

the ligand docked pose. Those chemical sites are corresponding to the adjacent specific 

groups in receptor. Usually, interactions are either hydrogen bond donors or acceptors 

and a complimentary hydrogen bond score is acquried when a polar hydrogen position on 

one molecule overlap a lone pair position on another molecule. The interactions which 

can be scored by Chemgauss functions are: steric, acceptor, donors, coordinating groups, 

metals, lone pairs, polar hydrogens and chelator coordinating groups (Feynman, 1985). 

2.2.3 Dock Complex Refinement 

It is a famous quote of Richard Feynman, (Noble Prize recipient in Physics, 1965), “If we 

were to name the most powerful assumption of all, which leads one on and on in an 

attempt to understand life, it is that all things are made of atoms, and that everything that 

living things do can be understood in terms of the jigglings and wigglings of atoms.”  

The better understanding of this atomic jiggling and wiggling remained the topic of hot 

debate for last fifty years. Laws which are governing the motions in microscopic 

dynamics are astonishingly new for those who are working in macroscopic world. 

Motions in addition to deterministic laws are ruled using probability functions. Shifting 

of electrons clouds, which are waves and particles at the same time, results in chemical 

bonds. As eloquently said by Feynman, this is “nature as she is – absurd” (Fischer, 1894). 

Knowledge of these molecular movements is certainly germane to the process of drug 

development. In the early “lock-and-key” speculation of ligand binding (Teague, 2003), it 

was believed that the frozen protein/receptor holds a small compound without 

experiencing any conformational changes.  This concept now has been abandoned chiefly 

to support the models that account for the arbitrary jiggling of  macro and micro 

molecules along with the conformational rearrangements (Ma et al., 1999; Kumar et al., 

1999; Tsai et al., 1999; Ma et al., 2002; Alder and Wainwright, 1959; Frenkel and Smit, 

2002b). Dynamic studies are considered as an attractive method for refining the docked 
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complexes. In order to enhance the complementarily and interactions between receptor 

and ligand, simulation approach take into account the flexibility of both (Yunta, 2013). 

Additionally, MD integrates the explicit solvent molecules and explains the 

function of water as well as the effect induced by it on the stability of docked complexes. 

Numbers of studies, highlighting the use of MD simulations to refine the docked 

complexes, are reported. For instance, “binding of D-glucose onto the surface of insulin” 

was analyzed by Karplus and co-workers (Zoete et al., 2004). Cavalli et al.,(2004) 

reported in their work the use of MD to study the stability of varied complexes obtained 

as a result of docking studies. In another study, human acetylcholinesterase (HuAChE)-

propidium docked complexes were analyzed using simulations to discriminate among 

different conformations. Azam and Abro utilized the simulation to yielded strong 

interaction between Sterol 24-C methyltransferase and the inhibitor (Azam et al., 2015). 

MD simulations have been used in my own work for analyzing interaction mechanisms 

of melatonergic inhibitor in melatonin synthesis pathway, dynamic studies of AMACR 

docked complex (Abbasi and Azam, 2015), HCV, BChE and Collagen (for details see 

chapters 3, 4, 5 and 6), among others. Keeping in view the importance of MD simulation 

for refining the docked complexes and advantages over other simulation techniques, MD 

simulation approach has been employed in this thesis.  

2.3 Computer Simulations 

With the advent of computer simulations, the interplay among the experiment and theory 

has been changed. The spirit of the simulation is the modeling of a physical system by 

means of a computer. Computers make use of the mathematical estimates and interpret 

the results as to physical properties. As computer simulations employ the models, they 

might be categorized as theoretical methods. Whereas, physical parameters estimation 

using computers justifies the expression “computer experiment”. The important benefit of 

simulations is that it is capable of expanding the scope of the intricacy which sequentially 

parts the “solvable’ from ‘unsolvable” (Meller, 2001). Essential theories of physics for 

example: classical, quantum and statistical mechanics are appropriate for many naturally 

occurring phenomena. These theories result in the expressions that can not be elucidated 
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analytically, apart from some exceptional circumstances. The quantum Schrödinger’s 

equation for any atom but hydrogen or the classical Newton’s equations of motion for a 

system of more than two point masses can be answered only approximately. Physicists 

call this “many-body problem.” It is incredibly apparent that with the increasing 

complexity, less precise estimations turn out to be inevitable. A correct wave function 

calculation for the hydrogen atoms, located at the active site of number of important 

proteins, is much easier than for large molecules. In the protein model explicit inclusion 

of the electrons is very difficult rather depicting the atoms and bonds as balls and springs, 

respectively. The lesser drastic approximations are now possible by means of computers. 

Hence, bridging the experiment and theory, by using computer simulations, helps in 

generating the more promising and realistic models. Computer simulations can also 

provide novel insights into processes and mechanisms which are not experimentally 

accessible. Practically speaking, computer experiments may be employed effectively for 

designing and discovering novel compounds. Modeling and testing of a new molecule by 

means of computer is time saving and cost effective as compared to in vitro synthesis and 

characterization. Computer aided drug designing is mostly utilized in the pharmaceutical 

industry (Allen, 2004). 

 

 
Figure 2.4: Simulation as a bridge between theory and experiment (Adapted from 

Introduction to molecular dynamics simulation, 1976) 
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2.3.1 Statistical Mechanics 

Statistical mechanics bridges the microscopic simulations and the macroscopic 

thermodynamic properties (pressure, heat capacity, volume and Gibbs free energies). It 

relates the probabilities and motions of N particles to the macroscopic properties by 

providing an accurate set of mathematical equations (Frenkel and Smit, 1996; Blinder, 

1969). The macroscopic observable can then be easily extracted from the microscopic 

information. These extracted properties might play an important role for predicting 

variations in the free energy of binding of a small molecule or mechanistic as well as 

energetic variations induced in a specific protein because of the various conformations. 

According to thermodynamics, by using three independent variables (for instance: energy 

(E), the total number of atoms (N) and volume (V)) a system having only pure matter at 

equilibrium can be illustrated entirely. The total number of atoms is normally of the order 

1024. In terms of classical mechanics, the coordinates (x, y, z) along with the momenta 

(px, py, pz) defines the dynamics of each particle (Figure 2.5). Hence, the previous 

system would need massive details regarding the number N of atoms, all coordinates and 

conjugate momenta. The n, (number of independence extent) is equivalent to 3N, for 

structures consisting of molecules, also including the central revolutions and vibrations. 

Therefore, the most basic and simplest system generated thermodynamically resembles a 

highly complex mechanical system. For representing a diatomic particle in gaseous 

phase, a trajectory of momenta values (p1, p2) and a trajectory with positions (q1, q2) is 

required. In order to record the momenta (p) and position (q), the coordinates in the space 

(x, y, z) must also be recorded (as in Figure 2.5) 

 

Figure 2.5: A diatomic molecule in phase space. The positions and momenta are 

represented by q and p letters, respectively 
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In the statistical mechanics, a quasi-geometric depiction of the dynamical state of 

a mechanical system, identified as phase space decribed by the vector x= {q, p}, has 

shown to be important. The phase space for a system is defined as the compound of the n-

dimensional space as well as n-dimensional momentum space. It says that instantons state 

of the system corresponds to the 2n-dimensional phase space. A trajectory in the 

hypothetical space is trace out by the representative point, as with the time (t) the system 

changes in accordance with the mechanical laws. In the phase space, a point representing 

the system at time (t) determines uniquely and completely the new as well as the old 

trajectory. Only in the case n=1 thephase space can be explicitly diagrammed as in Figure 

2.6. 

 

Figure 2.6: Trajectory in two-dimensional phase space 

The trajectory in 2D phase space corresponds to the set of parametric equations. 

The phase space trajectory, for a linear harmonic oscillator with constant 

energy𝜀𝜀, resembles to an arch in the p-q space (Gibbs, 1902). No additional conceptual 

difficulties have been introduced by the analogous representation of more complex 

mechanical systems. Generally, 2n equations are used to determine the trajectory. Which 

sequentially are characterized by the classical Hamiltonian’s equations of motion also 

including 2n initial values qi (0), pi (0). 

𝑞𝑞𝑖𝑖 =  𝜕𝜕𝜕𝜕
𝜕𝜕𝑝𝑝𝑖𝑖

 ,𝑝𝑝𝑖𝑖= - 𝜕𝜕𝜕𝜕
𝜕𝜕𝑞𝑞𝑖𝑖

  𝑖𝑖 = 1 …𝑛𝑛 ………….. (2.3) 
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The Hamiltonian function is abbreviated as H (p, q) whereas dot represents the 

derivative of time. For an isolated system the entire energy is represented as the function 

of momenta and coordinates of atoms by Hamiltonian function. This is basically equals to 

the total energy plus potential and kinetic energies of the system. It can be written as:                                                                                                                  

H(pi,ri ) = ∑ 1
2𝑚𝑚𝑖𝑖

𝑝𝑝𝑖𝑖2 + 𝑉𝑉 (𝑟𝑟𝑖𝑖) = 𝐾𝐾 + 𝑈𝑈 = 𝛥𝛥 𝑁𝑁
𝑖𝑖=1 …………….. (2.4) 

The Hamiltonian is a function of 6N free parameters including atom’s 3N momenta plus 

3N positions. Trajectory is the assimilation of laws of motion. 

xt =xt (x0 ) 

where at time t=0, x0 is equal to the state of the system. As classical mechanics laws are 

deterministic, the succeeding trajectory obtained from a certain position is distinctively 

projected. Consequently, in the phase space self intersection is not possible for a 

trajectory. 

2.3.2 Statistical Ensembles  

All the possible systems which vary in microscopic conditions yet pertain to a particular 

macroscopic or thermodynamic condition represent an ensemble (Frenkel and Smit, 

1996). Gibbs in 1902 gave the idea of ensemble as a way of calculating the time average 

of single system, by averaging over the system in ensemble at a fixed time. Statistical 

ensembles are classified in to four different types on the bases of fixed values of 

macroscopic states for instance temperature T, volume V, total number of atoms N, 

chemical potential μ or total energy E (Blinder, 1969; Monticelli et al., 2013). The most 

commonly used ensembles are:  

1. Canonical ensemble (NVT) 

2. Isobaric-isothermal ensemble (NPT) 

3. Grand canonical ensemble (μVT)  

4. Microcanonical ensemble (NVE)                                                                  

Canonical Ensemble (NVT): In canonical ensemble the total number of 

atoms N, temperature T and the volume V are fixed. The partition function of 

canonical ensemble is as follows:      

 Q (N, V, T) = ∑ Ω(N, V, E) exp(−βE)E …………… (2.5) 
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here𝛃𝛃 =  1
𝑘𝑘𝐵𝐵𝑘𝑘  � . From partition function it follows that the probability of finding 

configuration is given by: 

  A= -kT ln (Q (N, V, T) …………….. (2.6) 

The two above equations (3 and 4) are the basic equations for a simulation in canonical 

ensemble. 

Isobaric-isothermal Ensemble (NPT): It is an ensemble with fixed pressure P, 

fixed temperature as well as fixed number of atoms N. The partition function can be 

written as: 

           𝚫𝚫 (N, P, T) =∑ 𝑄𝑄 (𝑁𝑁,𝑉𝑉,𝑘𝑘) exp(−𝛽𝛽𝑝𝑝𝑉𝑉)𝑉𝑉  .............. (2.7) 

This equation shows that, the random walk in ln V results in the probability of finding 

volume V is given by: 

G = -kT ln (𝚫𝚫 (N, p, T)) ……………. (2.8) 

Grand Canonical Ensemble (μVT): A thermodynamical condition depicted by a 

static chemical potential μ, fixed temperature, T and fixed volume, V. Partition function 

is: 

  ≡ (μ, V, T) = ∑ Q(N, V, T) exp  (βμN)N  …………. (2. 9) 

whereas the probability is : pV = kT ln (≡ (μ, V, T) ……………..(2.10) 

Microcanonical Ensemble (NVE): Thermodynamical conditions characterize by 

a fixed number of atoms N, fixed volume V, and fixed energy E. This correlates to a 

dense system because of energy conservation. Partition function is: 

Ω (N, V, E) = ⍵ (E) ………….. (2.11) 

 ⍵ is the total number of states with a given energy. 
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The probability is proportional to: 

   S = k ln (Ω (N, V, E)) …………. (2.12) 

In order to maintain the system parameters various barostat and thermostats algorithms 

are accessible (Swails et al., 2014). Among these, Berendsen, Langevin and Nosé-Hoover 

are the most frequent methods employed for keeping the pressure and temperature 

variables constant in the molecular dynamic simulations of the large biological systems. 

In this thesis we have employed Berendsen method.  

2.3.3 Quantum Mechanics 

The most fundamental description of the world available to us at the atomic level is 

quantum mechanics and it provides the only way we can realistically model chemical 

reactions in atomic detail. In principle quantum mechanics can be used to better 

understand the structural aspects as well as dynamics of the protein. To take this 

approach would require the explanation of the time dependent Schrodinger equation for 

the entire protein. 

𝛥𝛥ѱ(�⃗�𝑥, 𝑡𝑡) =H ѱ(�⃗�𝑥)  

= �− ћ2

2𝑚𝑚
∇2 + 𝑉𝑉(�⃗�𝑥)�ѱ(�⃗�𝑥)  ………… (2.13) 

In this equation, 𝛥𝛥 is the total energy, H is the Hamiltonian operator and ѱ(�⃗�𝑥, 𝑡𝑡) 

is the wavefunction which is the central object of Schrӧdinger’s equation. It contains all 

the data regarding each and every atom within the system so for a huge system the above 

mentioned equation becomes too complex. To avoid the computational complications at 

this point, approximations are used (Born and Oppenheimer, 1927). The approximate 

methods employed to solve Schrodinger equation are usually classified into two classes. 

(i) semiempirical methods (include empirical parameters), and (ii) ab initio methods. Ab 

initio strategies are derived exclusively from theoretical principles without including the 

experimental data. One of the most commonly used approximations is the Born-

Oppenheimer approximation (BOA). BOA cites that due to the relatively large mass, the 

nuclei might be considered stationary as compared to electrons (Frisch, 2004). It allows 

the approximate calculation of the wavelength of the electrons. However, the calculation 
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of wave function is computationally very costly even though other approaches such as 

Car-Parrinello method, Hartree-Fock and Density Functional Theory (commonly used 

Gaussian package) are also employed (Frenkel and Smit, 1996; Frisch et al., 2004). This 

indicates that using quantum mechanics for studying the dynamics of entire proteins are 

not feasible. 

2.2.3.1 Semiempirical Quantum Method 

The semiempirical quantum technique was developed as well as reported by Dewar and 

colleagues (Bingham et al., 1975; Dewar and Thiel, 1977; Dewaret al., 1985; Stewart, 

1989). These methods played a vital role in molecular energies reproduction, molecular 

structures replication, and chemical reaction interpretation (Pilar, 1990; Hirst, 1990). 

SQM methods had been incorporated in to MOPAC, “one molecular orbital package” 

(Stewart, 1989). MOPAC, by employing the Hartree-Fock formalism, permits wave 

functions estimation by a self-reliable field technique. It includes one Hamiltonian based 

on the customized technique of intermediary neglect of differential overlap 

approximation (MIND0/3) and three Hamiltonians based on the customized neglect of 

diatomic differential overlap approximation (MNDO, AM1, and PM3). The PM3 routine 

is analytical. In case of PM3 if the total magnituted of estimated hydrogen bond energies 

is >2 kcal per mol, it suggests that the global minimum is a comlex stabilized by 

hydrogen bond interactions. Alternatively if values are < 2 kcal per mol it means 

complexes having van der Waals interactions are much stable. The geometries of the 

PM3 hydrogen bonded complexes agree with high-resolution spectroscopic observations, 

gas electron diffraction data, and high-level ab initio calculations. Since ab initio routines 

provide quantitative results for comparatively small compounds only, SQM methods are 

employed to study bigger organic systems (Hirst, 1990). In this thesis, chapter 4, PM3 

method has been used for enthalpy estimation. 

2.3.4 Monte Carlo Simulation 

Monte Carlo (MC) methods are a class of algorithms based upon the repeated sampling 

of random numbers (Metropolis et al., 1953). MC provides the stochastic approach in 

order to explore configurational space available to a protein, at equilibrium. As compared 
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to MD, it cannot provide the dynamics of protein of interest. The basic theory of Monte 

carlo is to employ the 3D structure of the protein as the starting point for a random walk 

in conformational space (Metropolis et al., 1953; Northrup and McCammon, 1980). This 

type of simulations is commonly used to estimate the thermodynamic effects of studied 

system and to minimize the energies. However, several limitations of MC seriously 

hamper the use of this approach for simulating the biological macromolecules. Specially, 

it is difficult to define the efficient moves for macromolecules. Additionally, no data 

about the evolutionary time of structural events is provided by MC (Stewart and 

McCammon, 2006). 

2.3.5 Molecular Dynamic Simulations 

Molecular dynamics (MD) simulations are imperative and widely applied computational 

techniques for studying the equilibrium structure, transport and dynamic properties of 

biological macromolecules with the help of partition functions (Norberg and Nilsson, 

2003; Snow et al., 2005; McCammon et al., 1977). In MD simulatons atoms are treated 

as hard balls which are coupled through springs (bonds) swinging in a most favorable 

distance. The base of aforesaid approximation is Newtonian equation of motion: 

𝐹𝐹𝑖𝑖 = 𝑚𝑚𝑖𝑖  𝑎𝑎𝑖𝑖………………….(2.14) 

where Fi is the force on the particle i, mi is the mass of that particle and ai is the 

acceleration  produced as a result of applied force. 

MD simulations proved very helpful in order to better understand the dynamic 

behavior of macromolecules (proteins), such as folding and conformational changes, at 

varying timescales (Alder and Wainwright, 1957). The consequence of the explicit 

solvent particles on protein stability and structure can also be studied. Molecular dynamic 

simulations not only justify the experimentally computed properties of proteins at the 

atomic level, but also refine the protein structures obtained by NMR or X-ray 

crystallography. Hence the association of experimental and computational techniques in 

the field of MD is longstanding, with the theoretical approaches helping in understanding 
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and evaluating experimental data. This association is in turn important for validating and 

improving the computational protocols and methods.  

MD technique was introduced by Alder and Wainwright, for studying the 

interaction mechanism of hard spheres, in the late 1950’s for the first time. The next most 

vital advancement was reported by Raham 1964. In 1974, Rahman and Stillinger reported 

the simulation of a realistic system, in their simulation of water (liquid) (Duan and 

Kollman, 1998). The first MD simulation for protein was reported in 1977. In this study, 

the bovine pancreatic trypsin inhibitor (BPTI) was simulated in vacuo for only 8.8 ps 

(Alder and Wainwright, 1957). Increased computational resources nowadays allow 

simulations in the order of ns to 𝜇𝜇s (Verlet, 1967). This increased computer power has 

made said field a “winner field”, as declared by the Professor Michael Levitt, noble 

laureate.  

2.3.6 Integration Algorithm 

In order to integrate the equations of motion, numerous algorithms exist (Beeman, 1976; 

Swope et al., 1982; Gear, 1971; Hess et al., 1997). Among these algorithms, majority are 

based on finite difference approaches where the integration is divided into tiny steps. 

Every step is parted in time by 𝚫𝚫t as the continuous potentials highlighting atomic 

interaction preclude an analytical solution. However, given that in the majority of cases 

the bond stretching between hydrogen atoms is least attractive, H atoms can be restrained 

to their equilibration distances via algorithms for instance LINCS (Hockney, 1970) and 

SHAKE (Fischer et al., 1998). Restraining the bonds in such a way will considerably 

lessen the need to think about the quickest oscillations in the complex, which permits the 

exercise of a 𝚫𝚫t4 = 1.5 or 2 fs. The accuracy of aforesaid method has been reported 

efficient against majority of biological systems. 

The simple Verlet algorithm (Beeman, 1976) utilizes the atomic accelerations and 

positions at a given time t and the positions from the previous step, x(t - 𝚫𝚫t), in order to 

find out the new locations at t + 𝚫𝚫t. 

x (t + 𝚫𝚫t) = 2x (t) –x(t –𝚫𝚫t) + 𝑑𝑑
2𝑥𝑥(𝑡𝑡)
𝑑𝑑𝑡𝑡2  ∆𝑡𝑡2……………. (2.15) 
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The popular Leapfrog algorithm is a minor alteration of the simple Verlet algorithm 

(Hockney, 1970). In order to update both velocities and positions by using estimated 

forces, F(t), acting on the atoms at time t, it make use of the positions at time t and the 

velocities at time t - (𝚫𝚫t/2) 

x (t + 𝚫𝚫t) =x(t) +𝑑𝑑𝑥𝑥 (𝑡𝑡)
𝑑𝑑𝑡𝑡

(t +Δ𝑡𝑡
2

)𝚫𝚫t ……………. (2.16) 

          𝑑𝑑𝑥𝑥 (𝑡𝑡)
𝑑𝑑𝑡𝑡

(t+Δ𝑡𝑡
2

) = 𝑑𝑑𝑥𝑥 (𝑡𝑡)
𝑑𝑑𝑡𝑡

(t - Δ𝑡𝑡
2

 ) +𝑑𝑑2𝑥𝑥(𝑡𝑡)
𝑑𝑑𝑡𝑡2 𝚫𝚫t ………..(2.17) 

Other finite difference approach integrators incorporate the velocity Verlet method (Gear, 

1971) and the Beeman algorithm (Beeman, 1976). The velocity Verlet approach 

harmonizes the computation of positions, accelerations and velocities without 

compromising accuracy. The Beeman algorithm shows enhanced energy conservation 

character because of it’s additional precise expression for velocities. 

The direction of simulation during the run is considered as arbitrary because all of 

aforementioned integrators are fluctuating or reversible (time). It is worthy to consider 

the computational cost of employing any specific integration scheme, however for 

rational simulations of proteins an additional deliberation turns out to be even more 

serious. The estimation of all the acting forces, within a system, is more significant as 

compare to the computational requirements of the integration technique. It is hence 

worthwhile to constrain the amount of force calculations requisite through the simulation 

run. One technique for conducting such calculation is to choose an integrator which 

permits elongated time runs without differing considerably from the way followed by 

accurate systematic trajectory. How much the Taylor series expansion is essential in 

deciding the precision of every integrator relies upon which parameters they incorporate. 

The order (so-called) of the method is estimated by the major expression in the Taylor 

series which is not measured in a given integration set-up. The Verlet algorithm is a 

fourth-order approach with conditions beyond ∆𝑡𝑡4 truncated. Predictor-corrector methods 

are groups of integration algorithms that are accurate to a chosen error order (Hess, 

1997). Initially different parameters like accelerations, positions, velocities as well as any 

required high order expression of Taylor expansion were estimated by these methods. 



 
 
 
Chapter 2                                                                                    Computational and Theoretical Overview 
 

 
    

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
30 

Subsequently, forces are computed with these evaluated positions resulting in new 

accelerations at time (t + 𝚫𝚫t). The two sets of accelerations are evaluated, and correction 

step regulates the initially anticipated positions, velocities, etc. 

 

2.3.7 Force Field Parameters 

A mathematical expression which describes the dependence of the energy of a system on 

the coordinates of its particles is called a force field. It consists of an analytical form of 

the interatomic potential energy, U (r1, r2, . . . , rN), and a set of parameters entering into 

this form. The parameters are typically obtained either from ab initio or semi-empirical 

quantum mechanical calculations or by fitting to experimental data such as neutron, X-

ray and electron diffraction, NMR, infrared, Raman and neutron spectroscopy. Molecules 

are simply defined as a set of atoms that is held together by simple elastic (harmonic) 

forces and the FF replaces the true potential with a simplified model valid in the region 

being simulated. Ideally it must be simple enough to be evaluated quickly, but 

sufficiently detailed to reproduce the properties of interest of the system studied. A 

typical expression for a FF may look like this: 

𝑈𝑈 = ∑ 1
2𝑏𝑏𝑏𝑏𝑛𝑛𝑑𝑑𝑏𝑏 𝑘𝑘𝑏𝑏(𝑟𝑟 − 𝑟𝑟0)2 +  ∑ 1

2𝑎𝑎𝑛𝑛𝑎𝑎𝑎𝑎𝑒𝑒𝑏𝑏 𝑘𝑘𝑎𝑎  (𝜃𝜃 − 𝜃𝜃2)2 +  ∑ 𝑉𝑉𝑛𝑛
2𝑡𝑡𝑏𝑏𝑟𝑟𝑏𝑏𝑖𝑖𝑏𝑏𝑛𝑛𝑏𝑏 [1 + 𝑐𝑐𝑏𝑏𝑏𝑏 (𝑛𝑛∅ −

𝛿𝛿)] +  ∑ 𝑉𝑉𝑖𝑖𝑚𝑚𝑝𝑝   +  ∑ 4𝜖𝜖𝑖𝑖𝑖𝑖𝐿𝐿𝐿𝐿𝑖𝑖𝑚𝑚𝑝𝑝𝑟𝑟𝑏𝑏𝑝𝑝𝑒𝑒𝑟𝑟 �
𝜎𝜎𝑖𝑖𝑖𝑖  

12

𝑟𝑟𝑖𝑖𝑖𝑖
12 −

𝜎𝜎𝑖𝑖𝑖𝑖
6

𝑟𝑟𝑖𝑖𝑖𝑖
6 � +  ∑ 𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖

𝑟𝑟𝑖𝑖𝑖𝑖𝑒𝑒𝑎𝑎𝑒𝑒𝑐𝑐  (2.18) 

 

where the first four terms refer to intramolecular or local contributions to the total energy 

(bond stretching, angle bending and dihedral and improper torsions), and the last two 

terms are describing the repulsive and Van der Waals interactions (in this case  by means 

of a 12-6 Lennard-Jones potential) and the Coulombic interactions. Figure 2.7 is showing 

the schematics of various force field parameters: 
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Figure 2.7: Schematics shown for various parameters of a typical force field  

 

Several force fields such as, CHARMM (Cornell et al., 1995), AMBER 

(Jorgensen et al., 1996) and OPLS-AA (Kaminski et al., 2001), the united atom force 

fields such as GROMOS (Daura et al., 1998) and coarse grained force fields (Liwo et al., 

2011), MARTINI (Monticelli et al., 2008) are accessible now days for MD simulations. 

Additionally, a large number of definite potentials have also been reported to depict just a 

specific system or a group of compounds. Water plays a vital role in this regard, as 

because of its significance a substantial number of water models have been anticipated 

since the first MC simulation of Barker and Watts (Barker and Watts, 1969). A 

comprehensive comparison of the most renowned rigid non-polarizable water potentials 

(TIP3P, TIP4P, TIP5P, SPC and SPC/E) has been performed by Vega et al. recently. 

Findings of mentioned study highlight that a customized version of the TIP4P (called 

TIP4P/2005) offers the best explanation of 9 out of the 10 experimental properties 

examined (Vega et al., 2009). 

In this thesis, two force fields employed are: AMBER (Assisted Model Building 

and Energy Refinement) and CHARMM (Chemistry at Harvard Macromolecular 

Mechanics). There is only a slight difference between the two potentials. The parameters 

are derived from either quantum calculations or experimental measurements. A rigorous 

definition of the AMBER force field taking into account the proper exclusion of non-

bonded terms between bonded atoms is presented as: 
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𝑈𝑈(𝑞𝑞) = � 𝐾𝐾𝑟𝑟�𝑟𝑟 − 𝑟𝑟𝑒𝑒𝑞𝑞 �
2 + � 𝐾𝐾𝜃𝜃�𝜃𝜃 − 𝜃𝜃𝑒𝑒𝑞𝑞 �

2 + 
𝑎𝑎𝑛𝑛𝑎𝑎𝑎𝑎𝑒𝑒𝑏𝑏𝑏𝑏𝑏𝑏𝑛𝑛𝑑𝑑𝑏𝑏

�
𝑉𝑉𝑛𝑛
2

𝑡𝑡𝑏𝑏𝑟𝑟𝑏𝑏𝑖𝑖𝑏𝑏𝑛𝑛𝑏𝑏

[1 + cos(𝑛𝑛∅ − 𝛾𝛾)] + 

  1
2
∑ ∑ � 𝐴𝐴𝑖𝑖 ,𝑖𝑖

2.0𝑅𝑅𝑖𝑖,𝑖𝑖
12 −

𝐵𝐵𝑖𝑖,𝑖𝑖
2.0𝑅𝑅𝑖𝑖,𝑖𝑖

6 + 𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖
1.2𝜖𝜖𝑅𝑅𝑖𝑖 ,𝑖𝑖

� + 1
2
∑ ∑ �𝐴𝐴𝑖𝑖,𝑖𝑖

𝑅𝑅𝑖𝑖,𝑖𝑖
12 −

𝐵𝐵𝑖𝑖,𝑖𝑖
𝑅𝑅𝑖𝑖,𝑖𝑖

6 + 𝑘𝑘𝑒𝑒𝑎𝑎𝑒𝑒𝑐𝑐
𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖
𝜖𝜖𝑅𝑅𝑖𝑖,𝑖𝑖

�𝑖𝑖𝜖𝜖 𝑎𝑎𝑒𝑒𝑥𝑥𝑐𝑐𝑎𝑎 ,𝑖𝑖𝑖𝑖𝑖𝑖𝜖𝜖 𝑎𝑎1−4,𝑖𝑖𝑖𝑖  (2.19) 

The general functional form of CHARMM force field is shown as: 

𝑈𝑈(𝑞𝑞) =  ∑ 𝐾𝐾𝑏𝑏(𝑏𝑏 − 𝑏𝑏0)2 + ∑ 𝐾𝐾𝜃𝜃(𝜃𝜃 − 𝜃𝜃0)2 + 𝑎𝑎𝑛𝑛𝑎𝑎𝑎𝑎𝑒𝑒𝑏𝑏𝑏𝑏𝑏𝑏𝑛𝑛𝑑𝑑𝑏𝑏 ∑ 𝐾𝐾𝑈𝑈(𝑢𝑢 − 𝑢𝑢0)2
𝑈𝑈𝑟𝑟𝑒𝑒𝑈𝑈 −𝐵𝐵𝑟𝑟𝑎𝑎𝑑𝑑𝑎𝑎𝑒𝑒𝑈𝑈 +

 ∑ 𝐾𝐾𝜒𝜒(1 + cos(𝑛𝑛𝜒𝜒 − 𝛿𝛿))𝑑𝑑𝑖𝑖ℎ𝑒𝑒𝑑𝑑𝑟𝑟𝑎𝑎𝑎𝑎  + ∑ 𝐾𝐾𝜑𝜑(𝜑𝜑 − 𝜑𝜑0)2
𝑖𝑖𝑚𝑚𝑝𝑝𝑟𝑟𝑏𝑏𝑝𝑝𝑒𝑒𝑟𝑟𝑏𝑏 +∑ ∑ 4𝜖𝜖𝑖𝑖𝑖𝑖𝑖𝑖>𝑖𝑖 ��𝜎𝜎𝑖𝑖𝑖𝑖

𝑟𝑟𝑖𝑖𝑖𝑖
�

12
−𝑖𝑖

�𝜎𝜎𝑖𝑖𝑖𝑖
𝑟𝑟𝑖𝑖𝑖𝑖
�

6
�  + ∑ ∑ 𝑞𝑞𝑖𝑖𝑞𝑞𝑖𝑖

4𝜋𝜋𝜖𝜖0𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖>1𝑖𝑖 (2.20) 

Where 𝑈𝑈(𝑞𝑞) is the system potential energy, 𝑟𝑟 or 𝑏𝑏 denotes each atom pair bond length 

and 𝑟𝑟𝑒𝑒𝑞𝑞  or 𝑏𝑏0 denotes the equilibrium bond length, 𝜃𝜃 is the valence angle, 𝜃𝜃𝑒𝑒𝑞𝑞  or 𝜃𝜃0 is the 

equilibrium valence angle, ∅ or 𝜒𝜒 is the dihedral angle, 𝑛𝑛 is the periodicity of the cosine 

function, 𝛾𝛾 or 𝛿𝛿 is the cosine phase factor, 𝜑𝜑 is the improper torsion angle in case of 

CHARMM.  

2.3.8 Periodic Boundary Conditions 

To emulate bulk solution behavior using a system composed of a tractable number of 

atoms, we impose periodic boundary conditions (PBC) on the system, replicating it 

infinitely in every dimension. In such a system, each atom interacts with all other atoms 

in all other simulation cells including its own periodic images (Allen and Tildesley, 

1989). A two-dimensional illustration of PBC is shown in Figure 3.8 for a rectangular 

unit cell.  
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Figure 2.8: A two-dimensional schematic representation of periodic boundary condition 

A practice commonly adopted in PBC simulations in which each atom interacts 

directly with only a single image of every other atom—specifically the nearest image—is 

called the minimum image convention. The minimum image convention is employed to 

simplify the problem, but also imposes a limit to the range of calculated interactions. 

Specifically, the non-bonded interactions do not extend beyond half the length of the 

shortest side of the unit cell. Employing the minimum image convention, the energy 

calculated for a system with PBC is the energy of a single unit cell in the field generated 

by every periodic cell. The minimal image convention technique was first used in 

simulation by Metropolis et al., in 1953 and it is implemented in order to consider the 

appropriate coordinates: 

I f rx,y,z(𝑖𝑖) ≥ −𝐵𝐵𝐿𝐿
2

 ⇒ 𝑟𝑟𝑥𝑥 ,𝑈𝑈 ,𝑧𝑧 (𝑖𝑖) = 𝑟𝑟𝑥𝑥 ,𝑈𝑈 ,𝑧𝑧(𝑖𝑖) − 𝐵𝐵𝐿𝐿…………….. (2.21) 

I f rx,y,z(𝑖𝑖) ≤ −𝐵𝐵𝐿𝐿
2

 ⇒ 𝑟𝑟𝑥𝑥 ,𝑈𝑈 ,𝑧𝑧 (𝑖𝑖) = 𝑟𝑟𝑥𝑥 ,𝑈𝑈 ,𝑧𝑧(𝑖𝑖) − 𝐵𝐵𝐿𝐿 …………… (2.22) 

 

Wherer x, y, z(i) are the cartesian coordinates of the ith particle and BL is the length of the 

elementary box. It is obvious that a too-small elementary box will impose an artificial 

symmetry effect on the simulated system. In practice, this means that for the description 
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of short-range order, at least a few hundred particles must be contained in this box, but if 

one is interested in long-range order then this number must be extended accordingly. 

2.3.9 Long-Range Interactions 

Increasing computing power makes it possible to simulate the larger systems such as the 

biological system containing as many as 105 particles. In aforesaid systems it grows very 

important to avoid all pair interactions estimation, else the computational effort would be 

proportional to the square of the number of particles. This issue is especially applicable 

for long-range interactions (such as, dipolar and coulombic potentials) because, 

truncation of the potential is not permitted for such models. Subsequently, development 

of an effective method for long range interactions computation becomes significant. 

Numerous endeavors have been reported to address the appropriate and useful treatment 

of electrostatic interactions, and these have brought about an assortment of methods 

(Metropolis et al., 1953; Roux and Simonson, 1999; Sagui and Darden, 1999). There are 

many approaches to handle electrostatic forces among which Ewald summation 

implemented in AMBER have been used in this thesis. 

2.3.9.1 Ewald Summation Method 

The technique of Ewald summation is hugely popular in molecular dynamics simulation, 

even though it applies to a special case: namely, periodic systems. This method was first 

devised by Ewald and it was originally developed to study the energetics of ionic crystals 

(Tobias, 2001; Ewald, 1921). It evaluates all electrostatic interactions of particles inside 

the box with all of their periodic images in an infinite array of periodic cells (Tobias, 

2001). This method accurately includes all the effects of long-range forces in computer 

simulation and has been widely used to study highly polar or charged systems. Though 

the implementation of this method is computationally quite expensive and it also favors 

the reinforcement of artifacts that take place as a result of periodic boundary conditions 

use, but newer modifications are in process to overcome these restrictions. It is 

increasingly used for calculations on much larger molecular systems, such as lipid 

bilayers, proteins and DNA, due both to the increases in computer performance and to the 

new methodological advancements (Roux and Simonson, 1999). 
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2.3.10 Free Energy Calculations 

The purpose of MD simulation is the derivation of kinetic and thermodynamic facts 

regarding the model system. In fact, various thermodynamic properties can be readily 

separated from adequate sample configurations of a system. For instance, the entropy of a 

system is specifically identified with the number of various arrangements that are 

thermally available to it (Frenkel and Smit, 1969). A measure of the stability of a system 

also known as free energy is one very significant thermodynamic property and is most 

likely key to all investigations of biomolecular binding methods. By using MC, MD, and 

the variety of other associated methods binding states and the resultant binding free 

energies might be anticipated for protein-protein and protein-ligand complexes 

(Madelung, 1918). 

Approaches accessible for calculating either relative or absolute binding free 

energies cover a wide range of accuracies and computational necessities. Free-energy 

perturbation (FEP) and thermodynamic integration (TI) routines are computationally 

costly, but they have been effectively used in the calculation of the binding strengths for 

complexes (Simonson et al., 2002; Straatsma and McCammon, 1992). Several more or 

less precise methods (Kollman, 1993) for the qick approximation of said free energies 

have been reported. Such methods consist of the linear interaction energy (LIE) method 

(Ajay and Murcko, 1995), the molecular mechanics/Poisson Boltzmann surface area 

(MM/PBSA) method (Almlof et al., 2004; Gilson et al., 1997), the chemical Monte 

Carlo/molecular dynamics (CMC/MD) method (Srinivasan et al., 1998; Eriksson et al., 

1999) the illustrative depiction of free-energy components (PROFEC) method 

(Srinivasan et al., 1998; Pitera and Kollma, 2000), the one-window free-energy grid 

(OWFEG) method (Randner and Kollman, 1998; Pearlman, 1999), the ì-dynamics 

method (Pearlman, 1999; Banbaet al., 2000), and the 4D-PMF method (Rodiger et al., 

2005), among others. 

2.3.10.1 MM-GBSA 

MM-Generalized Born surface area is amongst the best commonly employed free energy 

routine in SBDD. This approach calculates, by making use of the classical simulations 
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associated with continuum solvent models, the free energies for the protein-ligand 

systems. In the MM-GBSA routine, free energy of binding (𝚫𝚫Gb) can be written as: 

 𝚫𝚫Gb = ∆𝛥𝛥𝑀𝑀𝑀𝑀  + ∆𝐺𝐺𝐺𝐺𝐵𝐵  +∆𝐺𝐺𝑆𝑆𝐴𝐴- T𝚫𝚫S …………. (2.23) 

where 

∆𝑬𝑬𝑴𝑴𝑴𝑴 = ∆𝑬𝑬𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 + ∆𝑬𝑬𝒊𝒊𝒊𝒊𝒊𝒊𝒆𝒆𝒊𝒊𝒊𝒊𝒆𝒆𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒆𝒆 + ∆𝑬𝑬𝒗𝒗𝒗𝒗𝒗𝒗 …………... (2.24) 

Here ∆𝛥𝛥𝑀𝑀𝑀𝑀  is the least energy variation among the complexes and the sum of the 

energies of the unliganded receptors and the ligands. The energy terms from the 

electrostatic (∆𝛥𝛥𝑒𝑒𝑎𝑎𝑒𝑒𝑐𝑐𝑡𝑡𝑟𝑟𝑏𝑏𝑏𝑏𝑡𝑡𝑎𝑎𝑡𝑡𝑖𝑖𝑐𝑐 ), van der Waals (𝚫𝚫Evdw) and the geometrical parameters, 

such as, angles, bonds and dihedrals (∆𝛥𝛥𝑖𝑖𝑛𝑛𝑡𝑡𝑒𝑒𝑟𝑟𝑛𝑛𝑎𝑎𝑎𝑎 ), add to the MM energy. The 𝚫𝚫GGB 

symbolizes the electrostatic energy terms anticipated by means of the Generalized- Born 

(GB) (Rodiger et al., 2005) which illustrates the polar inputs in the complexes. Where, 

the 𝚫𝚫GSA symbolizes the non-electrostatic salvation factors (Hayes and Archontis, 2012; 

Carra and Cucinotta, 2010). The T𝚫𝚫S represents the changes in entropy observed when 

ligand binds to the proteins. The entropy incorporates diverse inputs from vibrational, 

translational and rotational motions inside the models; those are ascertained by normal-

mode examination. MM/GBSA has been successfully applied to various protein-ligand 

(Sitkoff et al., 1994; Hou et al., 2002; Wang and Kollman, 2001; Lepsik et al., 2004; 

Kuhn and Kollman, 2000; Huo et al., 2002; Brown and Muchmore, 2006; Stoica et al., 

2008; Hou et al., 2003) or protein-protein/ peptide complexes (Hou and Yu, 2007; Wang 

and Kollman, 2000; Hou et al., 2006). In current thesis, free energies of studied system 

have been calculated by using MMGBSA packages available in AMBER (as discussed in 

chapter 3). 

2.4 Hardware Specification 

The research work in this thesis is conducted using different work stations. Docking 

studies are conducted on Intel (R) Core(TM) 2 Duo CPU E8600 @ 3.33 GHZ with Linux 

openSUSE 11.4, work station. High performance computer cluster shown in Figure 2.9 is 

used for the production run of 100 nanoseconds. This setup facility is provided by 
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Computational Biology Lab at National Centre for Bioinformatics Quaid-I-Azam 

University Islamabad, Pakistan. 

 

Figure 2.9: High performing cluster at computational biology lab, Quaid-i-Azam, 
University, Islamabad 

 
EPSRC UK National Service for Computational Chemistry Software: Slater 

The NSCCS hardware is administer by people at the Rutherford Appleton 

Laboratory (RAL) of the Science and Technology Facilities Council (STFC). The 

NSCCS cluster is called slater. Slater is a 512-cores Silicon Graphics Altix UV 2000 and 

has a memory of 4TB with 22TB of scratch work space. CPUs: 64 x Intel E5-4620 v2 

2.6GHz 8 core Ivybridge CPUs. 1200 nanoseconds run of collagen docked with Gd-

DOTA-peptide complex were performed using slater and Proserpina.  Proserpina was a 

64-bit machine with 32 CPUs. Docking studies o collagen and peptides were also 

conducted on Proserpina machine. 

 

 

Figure 2.10: The NSCCS cluster: slater
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3.1 BACKGROUND OF STUDY 

AMACR (EC 5.1.99.4) plays a crucial role by regulating the metabolic process of 

dietary lipids and drug molecules in nearly all metabolic pathways. Chiral inversion of 

various 2-methyl acids, catalysation and regulation of branched-chain lipids entry during 

β-oxidation pathways is also attributed to AMACR. A relation among dietary fat, 

metabolic pathways and disease, particularly with tumor has become quite promising 

since 2001 (Wright et al., 2011; Xu et al., 2014). An increase in the concentrations of 

AMACR enzyme has been observed in prostate cancer (Yang et al., 2014; Kataria et al., 

2015; Parimi et al., 2014), colon cancer (Annenkov et al., 2012; Velonas et al., 2013) and 

number of other cancers (Velonas et al., 2013) and has emerged to be important for 

cancer markers (P504S). Phytanic acid (Rosendale et al., 2015) increases the level of 

AMACR in cancerous cells and investigations reveal a connection between prostate 

cancer frequency and levels of this dietary fat (Wright et al., 2014; Price et al., 2010).  

As studies have established a direct correlation between red meat, farm products 

and prostate cancer (Wright et al., 2011; Wright et al., 2012), additional knowledge of 

AMACR could provide valuable insight into the nature and onset of this impairing 

disease. In this regard, the field of computational chemistry and its recent applications 

has provided reliable tools for a better understanding of biological systems of interest. 

Molecular docking and molecular dynamic simulations, which can elucidate the binding 

mode of protein and ligands, have become an integral component of many in silico 

studies (Gharaghani et al., 2012). Estimation of free energy of ligand binding to a target 

is a challenging issue in medicinal chemistry and the entropic contributions are of great 

significance in the protein folding and inhibition mechanism.  

To the best of our knowledge, no three-dimensional structure of the AMACR for 

human has been reported so far. Structural knowledge of AMACR for human, its active 

site statistics as well as protein-ligand interactions would expedite the development of 

novel and more potent drugs. Hence, we reported homology model of human AMACR 

using M. tuberculosis AMACR as template. Molecular docking and MD simulations 
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were used as the theoretical tools for the better understanding of binding mechanism of 

modeled protein. Furthermore, MM-GBSA approach has been used to estimate the 

binding free energies for ligand.  

3.2 METHODS 

 3.2.1Homology Modeling 

Comparative modelling of 3D structure of protein was conducted using the tools 

discussed extensively in chapter 2, section: 2.1.1.2. In this study, ProtParam at ExPASy 

server was employed for physicochemical properties estimations (ProtParam tool) while 

biochemical function was predicted using ProFunc of EBI tools (Laskowski et al., 2005). 

A thorough exploration of RCSB PDB confirmed that the crystallographic three-

dimensional structure of human AMACR is not publically available. The primary 

AMACR (Homo sapiens) amino acids sequence was attained from NCBI, in FASTA 

format (AC:AAF22610) (http://www.ncbi.nlm.nih.gov/protein). To identify related three 

dimensional structures as template from PDB, BLASTp search of a target sequence was 

conducted (http://www.pdb.org/pdb/) (Altschul et al., 1997). NCBI BLAST search 

yielded most suitable template (PBD ID 1X74A) with a resolution of 1.79 Å from 

Mycobacterium tuberculosis (Kalle et al., 2005). The coordinates of 1X74A were 

employed as a template to generate a model by alignment via ClustalW 

(http://www.ebi.ac.uk/Tools/ClustalW2/index.html) (Thompson et al., 1994). Pair-wise 

alignment was carried out to classify the areas of similarity that may highlight 

evolutionary, structural and functional relationships among two proteins. 

Among the generated homology models, best model was chosen on the basis of 

PROCHECK analysis. Energy minimization was carried out using Chimera 1.6.2. A 

structural evaluation and stereochemical analysis of energy minimized model were 

performed. In order to check the stereochemistry of crude homology model protein with 

Ramachandran plot, PROCHECK program was employed. Energy profile of generated 

model was acquired by ProSA test in form of Z-score. ProSA calculates the interaction 

energy of each residue by means of a distance based pair potential residue. Negative Z-

score confirms the validity and reliability of model and existence of equitable side chain 
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interactions. In order to check compatibility of modeled protein by sequence of its own 

amino acids, Verify3D was used. Greater the value of Verify3D, higher will be the 

quality of receptor model (Hendrychova et al., 2012). RMSD calculation amid the query 

and template was estimated by superimposition of predicted model with template 

structure using UCSF Chimera.  

3.2.2 Active Site Prediction 

CastP was employed for the identification of active site in the predicted model. The 

amino acid sequence of the homology model was also aligned with the sequence of the 

homologous template (1X74A) to check for the conserved residues among them using 

ClustalW. Conservation of the critical residues in the target proteins corresponding to the 

template was identified from alignment between query and template (Figure. 3.1).  

 

 
 

Figure 3.1:Alignment of AMACR sequence (AAF22610) and template (1X74A). 
Catalytic triad is indicated by arrows 

3.2.3 Inhibitors of AMACR 

In a quest to find potent AMACR inhibitor, the initial structures of inhibitors reported in 

various literatures were acquired from brenda website (http://www.brenda-

enzymes.org/php/result_flat.php4?ecno=5.1.99.4). Since the selected compounds showed 

their activity towards AMCAR from Mycobacterium tuberculosis, it was speculated that 

http://www.brenda-enzymes.org/php/result_flat.php4?ecno=5.1.99.4
http://www.brenda-enzymes.org/php/result_flat.php4?ecno=5.1.99.4
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they could also potentially inhibit homology modeled protein and therefore delivering as 

broad spectrum inhibitors. Two dimensional structures with standard bond lengths and 

angles were created on molecular modeling package, ChemDraw (Liet al., 2004). 

Chimera was used for energy minimization. Compounds having least energy were saved 

in mol2 format.  

3.2.3 Molecular Docking Protocol 

Docking study was carried out by defining approximate centers of the binding site of the 

enzyme on conserved residue His122: C within 10 Å. Small molecules were docked ten 

times each with default generic algorithm constraints containing number of islands 5, 

population size 100, generic processes number 100,000 and niche mass 2. For van der 

Waals (vdW) and hydrogen bonds distances, default cut-off of 2.5 Å and 4.0 Å, 

respectively, was used. GoldScore fitness function was used as scoring functions. 

Components of GoldScore fitness has been discussed previously in section 2.2.2, chapter 

2. Analysis of docked complexes and their interactive visualization was achieved using 

Chimera (Pettersenet al., 2004), VMD (Humphrey et al., 1996) and MOE (Molecular 

Operating Environment, 2012). All computations were executed on openSUSE11.4 

(Linux workstation) with an Intel Pentium D processor (2.7 GHz) and 2 GB of RAM. 

3.2.4 Molecular Dynamics Simulation 

MD simulation of 24 ns was conducted for calculating stability of the AMACR-ligand 

complex. Ligand preparation was carried out by using Antechamber program (Wang et 

al., 2006) in the AMBER12 tools (Case et al., 2012). AMBER force field (GAFF) was 

chosen for the ligand (Wang et al., 2004) whereas ff03.r1 for the protein (Ryckaert et al., 

1997; Berendsen et al., 1984; Darden et al., 1993). The Leap module in AMBER12 tools 

was employed to record the topology of the protein and the ligand (Case et al., 2005). 

Ten sodium (Na+) ions were added to dock complex for neutralizing it. The neutralized 

system was then solvated using water molecules box (TIP3PBOX) (Jorgensen et al., 

1983) with 8.0 Å distance around the docked complex. The assignment of the protonation 

state of the histidine residues in the protein was done. The final protonation state was: 

HIE 8, HIE 25, HIE 40, HIE 79, HIE 117, HIE 156, HIE 161, and HIE 244. The solvated 
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system was minimized thoroughly before undergoing production run of MD simulations. 

For the first 1500 iterations steepest descent method using SANDER module was 

conducted and then switched to conjugate gradient for 1000 steps. These 2500 cycles of 

energy minimization were to relieve unfavorable clashes in the docked complex. Every 

run initially comprised of a heating period of 100 ps starting gradually from 0 K to a 

temperature of 300 K and pressure of 1 atm. Before the production phase an initial round 

of 100 ps of equilibration at a constant temperature of 300 K is necessary. During the 

equilibration phase an exchange between kinetic and potential energies occurred. 

Throughout the equilibration, total energy remains almost constant while the potential 

and kinetic energies fluctuated. Equilibration was followed by the production run of 24 ns 

for AMACR docked complex, in order to obtain the statistically precise results. The 

SHAKE algorithm (Ryckaert et al., 1977) was employed to constrain all atoms covalently 

bonded to a hydrogen atom. In the simulation box, periodic boundary conditions were 

used with canonical ensemble. Berendsen coupling integration algorithm was used to 

keep the temperature constant and a non-bonded cutoff of 8.0 Å. MD simulations were 

achieved by means of Ewald summation method (Darden et al., 1993). For the analysis of 

the structure, the coordinate file was saved for every 0.5 ps. The trajectory was analyzed 

at every 0.5 ps using the PTRAJ module implemented in AMBER10. For the detailed 

understanding of the dynamical properties of the system, RMSD and Rg were analyzed. 

The last 2 ns trajectories obtained from MD simulations of docked complex were used for 

the estimation of binding free energy.  

3.2.5 Free Binding Energy Calculation  

The binding energy calculations (ΔG bind) were implemented using MM-GBSA method 

(Lee et al., 2005, Lee and Sun, 2007) (on 200 frames) incorporated in AMBER 10 

package, while keeping all the parameters kept at their default values. 

3.3 RESULTS AND DISCUSSION 

3.3.1 Homology Modeling                                                                                                  

The ultimate aim of homology modeling is to predict a structure of protein from its 

primary sequence with an accuracy that is equivalent to experimentally attained results 
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(Philip and Helge, 2003). In order to develop 3D model, sequence of AMACR for human 

was explored in NCBI. Result of relevant sequence in FASTA format was saved. In order 

to gain close match for said sequence, BLAST was performed. Target and template 

(1X74A) share 46% identity with 92% sequence coverage was subjected to BLASTP 

analysis against PDB in order to select an appropriate template for homology modeling 

(sequence identity>30%). High sequence similarity with template could be possible 

explanation for this geometric arrangement.  

Three-dimensional structures not only provide beneficial understanding of the 

function of macromolecules but also allow the analysis of their interaction with 

appropriate substrates and small molecules. Models for query sequence were generated 

via different protein modeling tools and servers, namely SwissModel, MODELLER 9v9, 

GENO3D, EsyPred3D, Mod-web and 3D JigSaw. Predicted models were validated by 

analyzing the Ramachandran plot through PROCHECK. A comparison of MODELLER 

and web servers, based on overall stereochemistry of all the models, elucidated that 

model 5 generated by MODELLER came out to be best for protein of interest. It 

exhibited good percent of allowed, disallowed and general region in comparison with 

other models in Table 3.1. 

The Ramachandran plot indicated that 93.0% of the residues were in most 

favorable region whereas 5.7% and 0.1 % were in the allowed and generously allowed 

region, respectively. Aforementioned result confirmed the reliability and stereo chemical 

quality of the obtained model. G factor values were also in acceptable range highlighting 

the good quality and appropriateness of the predicted model (Table3.2). Among web 

servers ESYPred3D showed promising results (Table3.3). 

Energy minimization was carried out to further refine the best model 5 of 

AMACR. Quality of model largely influences the possible applications of protein. For 

evaluating the compatibility of proposed model and amino acid sequence, the best model 

was evaluated by different verification servers such as ERRAT, ProSA and Verify3D. 

Overall quality factor by ERRAT was 85.6% for AMACR, showing the good quality of 

structure. Z-score and energy profile of model was obtained using ProSA web server. The 
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plots obtained from ProSA revealed negative interaction energies for maximum residues 

and a z-score of -7.85 as shown in Figure. 3.2.  

Finally, the packing quality of every residue was judged by the Verify3D tool. It 

compares the residues with their environment in models by using score function and 

allocated a 3D–1D score (>0.2) for all modeled receptors. As in current scenario, most of 

the residues get score more than 0.2 so the selected model is accurate and compatible 

with its sequence (Figure. 3.3). In order to explore matching accuracy of the target and 

template, the prepared model and its respective template were aligned and superimposed 

using Chimera (Figure. 3.4). RMSD value of 0.579 Å supported that homology model 

structure is rationally accurate and analogous to template (Kellenberger et al., 2004). 

The secondary structure characteristics and physicochemical properties were 

determined using ProFunc and ProtParam tools, respectively (Figure 3.5: Table 3.4). 

Likewise evaluation of different physical and chemical parameters, using 

ExpasyProtParam depicted low Grand Average Hydropathicity (GRAVY) of 0.201 and 

theoretical pI of 6.80 indicating the hydrophilic and acidic behavior of protein, 

respectively. Aliphatic index is 87.82 showing the increased thermal stability for the 

protein. Aliphatic index provides with the relative volume of the protein employed by 

aliphatic side chain. It is considered as the positive factor for thermal reliability of the 

globular proteins (Table 3.5).  
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Table 3.1: Ramchandranplot analysis by PROCHECK and ERRAT values of models 
generated by MODELLER 

 
Regions Model -1 Model-2 Model-3 Model-4 Model-5 

Residues in most favoured regions 

[A,B,L] 

279 

93.0% 

277 

92.3% 

279 

93.0% 

279 

93.0% 

279 

93.0% 

Residues in additional allowed 

regions [a,b,l,p] 

19 

6.3% 

18 

6% 

16 

5.3% 

17 

5.7% 

17 

5.7% 

Residues in generously allowed 

regions[~a,~b,~l,~p] 

1 

0.3% 

3 

1.0% 

3 

1.0% 

2 

0.7% 

3 

1.0% 

Residues in disallowed regions 1 

0.3% 

2 

0.7% 

2 

0.7% 

2 

0.7% 

1 

0.3% 

Number of non-glycine and non-

proline residues 

300 300 300 300 300 

Number of end-residues (excl, Gly 

and Pro) 

2 2 2 2 2 

Number of glycine residues (shown 

as triangles) 

34 34 34 34 34 

Number of proline residues 21 21 21 21 21 

Total Number of Residues 357 357 357 357 357 

ERRAT value 75.6 69.6 76.5 76.5 76.5 
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Table 3.2: Comparison between MODELLER and web servers regarding stereochemical parameters of AMACR 

 

Modeling Tool Stereochemical 
parameter 

No. of data 
pts 

Parameter 
Value 

Comparison Values No. of band widths from 
mean 

Comments 
Typical 
value 

Band 
width 

 
MODELLER 
(best Model) 

 
Bad contacts / 100 

residues 
Overall G-factor 

 
0 

 
357 

 
0.0 

 
0.0 

 
4.2                        10.0 

 
-0.4                           0.3 

 
-0.4 

 
1.2 

 
Inside 

 
BETTER 

 
 

SWISS-
MODEL 

 
Bad contacts / 100 

residues 
Overall G-factor 

 
0 
 

356 
 

 
0.0 

 
0.1 

 
4.2                         10.0 

 
-0.4                           0.3 

 
-0.4 

 
1.5 

 
Inside 

 
BETTER 

 
 

3DJigSaw 
 

Bad contacts / 100 
residues 

Overall G-factor 

 
0 
 

357 
 

 
0.0 

 
-1.0 

 
4.2                         10.0 

 
-0.4                           0.3 

 
-0.4 

 
-2.0 

 
Inside 

 
WORSE 

 
 

EsyPRED 3D 

 
Bad contacts / 100 

residues 
Overall G-factor 

 
0 
 

356 
 

 
0.0 

 
0.0 

 
4.2                         10.0 

 
-0.4                           0.3 

 
-0.4 

 
1.2 

 
Inside 

 
BETTER 

 
 

Mod web 
 

Bad contacts / 100 
residues 

Overall G-factor 

 
0 
 

356 
 

 
0.0 

 
-0.1 

 
4.2                         10.0 

 
-0.4                           0.3 

 
-0.4 

 
1.0 

 
Inside 

 
BETTER 

 
GEON3D 
( Model 2) 

Bad contacts / 100 
residues 

Overall G-factor 

0 
 

356 
 

0.0 
 

0.2 

4.2                         10.0 
 

-0.4                           0.3 

-0.4 
 

2.0 

Inside 
 

BETTER 
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Table 3.3: PROCHECK results of web based homology modeling servers 

 
Regions SWISS-

MODEL 
3DJigSaw EsyPRED 3D Mod 

web 
GEON3D  Models 

1 2 3 4 5 

 
Residues in most favoured 

regions [A,B,L] 
 

 
260 

87.0% 

 
233 

77.7% 

 
276 

92.3% 

 
273 

91.3% 

 
225 

75.3% 

 
239 

79.9% 

 
217 

72.6% 

 
212 

70.9% 

 
223 

74.6% 

 
Residues in additional 

allowed regions [a,b,l,p] 
 

 
35 

11.7% 

 
49 

16.3% 

 
17 

5.7% 

 
20 

6.7% 

 
65 

21.7% 

 
56 

18.7% 

 
72 

24.1% 

 
71 

23.7% 

 
62 

20.7% 

 
Residues in generously 

allowed 
regions[~a,~b,~l,~p] 

 

 
2 

0.7% 

 
14 

4.7% 

 
4 

1.3% 

 
3 

1.0% 

 
7 

2.33% 

 
2 

0.% 

 
9 

3.0% 

 
14 

4.7% 

 
6 

2.0% 

 
Residues in disallowed 

regions 
 

 
2 

0.7% 

 
4 

1.3% 

 
2 

0.7% 

 
3 

1.0% 

 
2 

0.7% 

 
2 

0.% 

 
1 

0.3% 

 
2 

0.7% 

 
8 

2.7% 

 
Number of non-glycine 

and non-proline residues 
 

 
299 

 
300 

 
299 

 
299 

 
299 

 
299 

 
299 

 
299 

 
299 

 
Number of end-residues 

(excl, Gly and Pro) 
 

 
2 

 
2 

 
2 

 
2 

 
2 

 
2 

 
2 

 
2 

 
2 

 
Number of glycine 
residues (shown as 

triangles) 
 

 
34 

 
34 

 
34 

 
34 

 
34 

 
34 

 
34 

 
34 

 
34 

 
Number of proline residues 

 
21 

 
21 

 
21 

 
21 

 
21 

 
21 

 
21 

 
21 

 
21 

 
Total Number of Residues 

 
356 

 
357 

 
356 

 
356 

 
356 

 
356 

 
356 

 
356 

 
356 
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Figure 3.2:Model validation. (a)ERRAT plot of Model 5 (best). (b)knowledge-based 

energy curve for residues. (c)Z-score analysis using PROCHECK. 

 

Figure 3.3:Verify 3D plot for models generated by MODELLER. Model 5 (best 
model) is represented by green line 
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Figure 3.4: Superimposed 3D structure of best model (model 5) and template crystal 

structure (1X74A). Template is shown in yellow color whereas target is in purple color 

 

 
Figure 3.5:Secondary structure characteristics obtained by ProFunc 
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Table 3.4: Secondary structure elements of human AMACR predicted by ProFunc server 

 
Secondary Structure  elements Number Secondary Structure  elements 

 
Number 

 Strand  43 (12.0%)  
 

Beta hairpins 
 

2 

 Alpha helix  
 

 99 (27.7%)  
 

Beta bulge 
 

1 

 3-10 helix  
 

 18 (5.0%)  
 

Strands 
 

10 

 Other   197 (55.2%)  
 

Helices 
 

19 

  Total residues  357  
 

Helix-helix interactions 
 

18 

Beta sheets 
 

2 Beta turns 
 

28 

Beta-alpha-beta-units 3 Gamma turns 
 

12 
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Table 3.5: Physicochemical Properties of AMACR through ExpasyProtParam tool 

Features  Results 
Number of amino acids  
 

380 

Molecular weight  
 

42255.5 

Theoretical pI 
 

6.08 

Total number of negatively 
charged residues (Asp + Glu)  
 

49 

Total number of positively 
charged residues (Arg + Lys) 
 

46 

Formula  
 

C1887H2981N517O552S16 

Total number of atoms  
 

5953 

Estimated half-life 4.4 hours (mammalian reticulocytes, in vitro) 
>20 hours (yeast, in vivo) 
>10 hours (Esherichia coli, in vivo) 

Instability index 
 

47.39 

Aliphatic Index 
 

87.82 

Grand average of 
hydropathicity (GRAVY)  
 

-0.201 

Ext. coefficient  35785 
Abs 0.1% (=1 g/l)   0.847, assuming all pairs 
of Cys residues form cystines 
Ext. coefficient    35410 
Abs 0.1% (=1 g/l)   0.838, assuming all Cys 
residues are reduced 

Atomic  Composition Carbon      C       1887 
Hydrogen    H 2981 
Nitrogen    N        517 
Oxygen      O        552 
Sulfur      S         16 
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3.3.2 Active Site Prediction 

CastP identified the active site of the enzyme comprising of 48 amino acids (Figure 3.6). 

The amino acids Cys116, Asn23, Asp306, Arg398, Arg92, Lys22, Asp48, Arg121, 

His122, Asp123, Val132, Lys135, Ile136, Gly137, Arg138, Glu141, Asn142, Tyr144, 

Ala145, Pro146, Lys147, Lys149, Lys150, Asp152, Ala154, Lys191, Ser192, Phe194, 

Leu195, Trp196, Gln1989, Trp204, Glu205, Ala206, Lys213, Asp214, Gly215, Tyr220, 

Thr221, Thr222, Tyr223, Arg224, Phe230, Arg232, Val233, Gly234, Lys268, Ala272, 

Cys293, Thr295, Pro296, Val297, Leu298, Thr299 and Phe300 and Glu330 have been 

identified as the active site residues of AMACR. Additionally, active site was also 

defined with reference to the work done on AMACR form Mycobacterium tuberculosis. 

Arg91, His126, Asp156, and Glu241 are important catalytic residues of Mycobacterium 

tuberculosis AMACR. Sharma et al., and Bhaumik et al., also reported role of His126, 

Asp156 as important catalytic residues (Sharma et al., 2012; Savolainen et al., 2005). 

Multiple sequence alignment of the AMACR showed a high sequence homology 

suggesting the striking similarity of secondary and tertiary structures within the family. 

The molecular docking study of modeled protein and its inhibitors was further performed 

for in silico validation of its binding site. 

 
Figure 3.6: CastP predicted active site for human AMACR homology model. The active 

site region has been highlighted in green 
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3.3.3 Docking Analysis 

Docking studies were carried out to explore the ligand binding potential of validated 

homology model of AMACR. Compounds that have been reported in the literature as 

plausible inhibitors against AMACR of other organisms were collected and docked into 

the pocket of protein using GOLD. Inhibitors exhibiting high GOLD scores and equitable 

orientations were selected as the optimal docked conformations. Initially, 10 poses of 

each small molecule and the corresponding GOLD fitness scores were generated. The 

GOLD scores of top 10 inhibitors have been summarized in Table 3.6. Among all studied 

compounds; 2-methylmyristoyl-CoA exhibited the best GoldScore of 88.29 and also 

interacted with important residue of pocket. On the basis of this, 2-methylmyristoyl-CoA 

has been predicted as potential lead against modeled AMACR. The important protein-

ligand interactions between 2-methylmyristoyl-CoA and AMACR are depicted in Figure 

3.7. Curiously, important interactions were found between ligand and the residues 

His122, Asp123 and Asp152 which encompasses catalytic trait of AMACR (Table3.7). 

Exploration of docked complex using VMD revealed that hydrogen bond interactions 

were playing signification role in the stabilization of complex. Five hydrogen bonds were 

observed between the imidazole ring and side chain atoms of active site conserved 

residue His122 and hydrogen and electronegative atoms of ligand. Diphosphate His122 

formed hydrophobic contacts with the key residues of AMACR at distances of 3.5 Å, 3.6 

Å, 3.5 Å and 3.5 Å. Moreover, side chain atoms of His122 were also making ionic 

interactions with electrostatic residues. 2-methylmyristoyl-CoA interacts with AMACR 

by making hydrogen bond interactions with main chain hydrogen and nitrogen atoms of 

Asn148 at distances of 3.3 Å, 3.1 Å, 2.6 Å and 3.3 Å. Backbone atoms of Asp123 and 

Asp152 were in strong hydrogen bond interactions with atoms of ligand. Hydrogen bond 

was also found between main chain atom of Arg81 and the ligand at a distance of 3.6 Å. 

Active site residues Asp123 and Asn148 showed ionic interactions with amine group and 

oxygen of ligand. Results of ADMET properties and MD simulation studies concluded 

that our reported best inhibitor would have long lasting and far reaching therapeutic 

impact. 
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Figure 3.7:Important interactions generated using MOE. (a) 2Ddepiction of interacting 

residues. 
 

 

 
 

(b) 3D depiction of interactions. 
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 3.3.4 MD Simulation Analysis 

To assess the stability of protein-ligand docked complex and to prove the binding 

mechanism as shown in the docking results, MD simulations were conducted. 

Furthermore, binding free energy calculations of the AMACR/2-methylmyristoyl-CoA 

complex was performed using MM-GBSA method. The stability of system was 

monitored and confirmed by the analysis of backbone RMSD by plotting it as a function 

of time (Figure 3.8). The plot showed that the RMSD values fluctuated till 8 ns (4.1 Å) of 

simulation run. System attained equilibrium after 8 ns. The average value of RMSD was 

around 3.9 Å, showing a stable behavior. Average conformations of RMSF of proteins 

are significant indicator of several biological processes (Philip and Helge, 2003). For the 

identification of flexible regions, RMSF was estimated for the carbon-α atoms of each 

protein residue. The average RMSF value for the system was 1.98 Å. The conserved 

residues of pocket His122 and Arg156 showed lower fluctuations of 1.9 and 1.7 Å, 

respectively. Mostly, aforesaid results illustrate the stability of docked complex over the 

whole simulation run. 

 

Figure 3.8:Trajectories analysis. (a)RMSD plot of docked complex.(b)Root mean square 

fluctuations versus total number of residues 
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In order to further validate the results obtained, best hit from molecular docking and 

structures extracted from first and last ns MD trajectories were superimposed. No vital 

alterations in the superimposed structures were observed (Figure 3.9). The overall RMSD 

calculated for three complexes was 2.22 Å. 

 

Figure 3.9: 3D alignment of docked complex before simulation (navy blue), complex 

obtained after 1 ns of simulation run (magenta) and complex obtained at last ns (yellow) 

3.3.5 Free Energy Binding Calculation 

Mentioned results validate the docking results and highlight the accuracy of the docking 

model. Furthermore, the binding free energy contributions for the AMACR/2-

methylmyristoyl-CoA complex were computed. It was predicted to be −86.99 kcal/mol. 

Total relative binding free energy (ΔG (binding)) equals to the sum of gas phase energy 

(ΔG (gas)) and solvation free energy (ΔG (solv)); both the values (-73.36 and -13.36, 

respectively) were found to be favorable in this case. It was also observed that the 

contribution of van der Waals energy component (−74.16 kcal/mol) to the overall binding 

free energy was much higher and was favorable as compared to electrostatic component 

(20. 97 kcal/mol). This analysis exemplifies that ligand has high binding affinity with and 

could be used as a lead to further identify and design potential inhibitors against 
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AMACR. Molecular docking and MD simulations at present are in use as efficacious 

tools for the elucidation of the binding interactions between the protein and inhibitors. 

Such techniques have become an integral part of many structure based computational 

studies (Garcia et al., 2013).  

In previous studies, it has been reported that six different variants of AMACR 

alternatively spliced from a gene locus located in chromosome number 5 (Shen-Ong et 

al., 2003; Mubiru et al., 2004; Mubiru et al., 2005; Rubin et al., 2002). Classification of 

these variants (as type I and II) was dependent on the presence or absence of intact exon 

5. Further these were sub-classified as variant A and variant B, on the basis of presence 

or absence of exon 3. Ouyang et al., reported the identification and cloning of 

alternatively spliced AMACR variants and evaluated the use of these variants to improve 

the specificity of prostate cancer detection. They also reported the presence of four 

conserved active site residues (Lys87, His122, Asp152, and Gln237) at different exons. 

Two functionally important residues were present on exon 2 whereas exon 3 and 4 each 

contain one residue. The presence of all the five intact exons, coding for a protein of 382 

amino acids, was also attributed to a most abundant variant. Overexpression of AMACR 

might help prostate cancer cells in switching the energy sources, thus facilitating cancer 

progression (Ouyang et al., 2011). Keeping this in view, the current research starts with 

the homology modeling of the human AMACR using 1X74A as a template. It was 

observed that the modelled structure is very similar to that of bacterial AMACR and 

contains all the amino acid residues reported as the major functional sites for bacterial 

AMACR.  

Molecular docking studies were conducted to illuminate the structural and 

functional significance of modeled AMACR in terms of ligand specificity and binding. 

Docked complex analysis provides an exhaustive and exact depiction of the ligand’s 

behavior and interactions with key residues within the pocket of generated protein model. 

The prepared small molecules were docked into the binding pocket of AMACR model. 

Among the studiedinhibitors, 2-methylmyristoyl CoA having Ki value of 0.137 (Carnell 

et al., 2007) and GOLD score of 88.29 came out tobe the most potent. Additionally, we 

evaluated in silico ADMET properties of our potent inhibitor using OSIRIS (Oakley et 
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al., 2014). Overall results were in acceptable range and no associated toxicity risk 

(including mutagenicity, tumorgenicity, irritant and reproductive effects) was observed. 

The cLog P and solubility values were -5.73 and -1.97, respectively. Toxicity value and 

other estimated parameters, suggested that no potential side effects are associated with 2-

methylmyristoyl CoA as an inhibitor of AMACR. Toxicity and poor pharmacokinetics 

were believed to be the major causes of costly late stage failures in drug development 

process (Waterbeemd and Gifford, 2003). 

In term of molecular level, the enzyme kinetic studies reported that 2-

methylmyristoyl-CoA, which has the 2-methyl moiety, bears a strong affinity for α-

methylacyl-CoA racemase (Carnell et al., 2007). Bhaumik et al., reported a hydrogen 

bond between the thioester oxygen atom of 2-methylmyristoyl CoA and nitrogen atom of 

Asp127 (3.0 Å). A close contact with important residues of active site, His126: ND1 at 

3.3 Å, Asp156: OD1 at 3.1 Å and Asp156: OD2 at 2.9 Å, was also observed. The side 

chain atoms of Asn152, Asp127, His126, atoms of the smaller domain of other subunit 

(Ile240, Leu217, and Tyr224) and Asp156 of larger subunit are contacted by the 2-methyl 

group (Bhaumik et al., 2007).  In coherence with these established studies, detail analysis 

of best docked complex revealed a network of hydrogen bond, ionic and hydrophobic 

interactions with key residues of catalytic trait. Hydrogen bond interactions play a vital 

part for biological molecules in terms of their structure and function, particularly for 

inhibition in a complex. Such bonding provides a specificity of interaction between 

protein and ligand which is a fundamental aspectof molecular recognition (Hubbard and 

Haider, 2010). Hydrogen bonds also contribute towards the formation of a concrete and 

stable ligand-receptor complex structure. Dueto such hydrophilic protein–ligand 

interactions, results yield the formation of hydrogen bonding network at the active site of 

AMACR. Kinetic studies have also revealed that the 2-methyl group contributes 

significantly towards high affinity. For example, it has been found for the human and rat 

homologue that 2-methylmyristoyl-CoA binds tightly than that of the unbranched acyl-

CoA (Schmitz et al., 1994; Schmitz et al., 1995).  
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Additionally, a total of 200 snapshots were collected from the last 2 ns of MD 

simulations of enzyme ligand complex, and the binding free energy contributions using 

MM-GBSA technique was computed for the docked complex. The MM-GBSA technique 

used in this study and other linked MM-PBSA techniques are computationally effective 

to compute the end-point free energy. These methods have been used effectively to 

compute and study receptor–ligand binding affinities (Massova and Kollman, 2000; 

Archontis et al., 2001; Pearlman, 2005; Polydoridis et al., 2007; Gilson and Zhou, 2007; 

Gouda et al., 2003; Zoete et al., 2010; Kollman et al., 2000; Tamamis et al., 2010). 

Findings of current studies are in good agreement with the experimental data for 

interactions of AMACR with the mentioned ligands. However, there was no report of 

their inhibitory activity against human AMACR. Hence, for the first time, based on our in 

silico predictions, they have been proposed as plausible inhibitors of human AMACR. 

3.4 CONCLUSION 

Recent identification of AMACR as cancer marker highlights its medical and 

diagnostic value. In this regard it is imperative to elucidate the structural aspects of this 

enzyme. The lack of crystal or NMR structures for human AMACR has driven the 

current study. A three-dimensional structure of AMACR for human using M. tuberculosis 

AMACR as template (1X74A) has been built. The modeled structure of AMACR 

exhibited the same active site as of template comprising of highly conserved residues 

His122 and Asp156. Following the homology modeling molecular docking and 

simulations were performed. Docking analysis revealed important interactions with the 

catalytic bases His122 and Asp156 besides other residues. These interactions might play 

an important role in designing of further potent inhibitors of AMACR as presence of 

His122 and Asp156 is vital for the racemase activity (Lloyd et al., 2013). Moreover, the 

simulation methods results, such as MD and MM-GBSA free energy calculations, could 

be a step forward step towards clarifying the mechanism of AMACR enzyme as cancer 

marker. Results of docking analysis are in good agreement with the experimental data for 

interactions of studied enzyme and inhibitor therefore, the predicted docked complex 

might be useful in further mechanistic studies as well as in the designing of new potent 
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compounds for the treatment of carcinomas: colon, breast and prostate etc.The modeled 

structure has been successfully submitted to PMDB having ID: PM0080404. 



Chapter 3                                                       Alpha-Methylacyl-CoA Racemase: a potent cancer marker                                                         
 

 
    

 
 

 
Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 

 
 

61 61 

Table 3.6: GOLD scores and Ki value of top ten inhibitors 

S.No. Structure Ki value 
(nM) 
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Table 3.7: Important interactions between modeled AMACR and 2-methylmyristoyl-
CoA within 5Å of pocket 

Hydrogen Bond Interactions 
 

Ionic Interactions Hydrophobic Contacts 

 

Asn148:HD21--UNK:O 3.3 

Asn148:HD21--UNK:O 3.2 

Asn148:ND2----UNK:H 2.5 

Asn148:HD21--UNK:O 3.1 

Asp152:OD2----UNK:H 3.1 

Asp123:H--------UNK:O 3.8 

Asp123:H--------UNK:O 3.1 

His122:N---------UNK:H 3.5 

His122:NE2------UNK:H 3.8 

His122:NE2------UNK:H 3.6 

His122:HE2------UNK:O 3.5 

Asn148:OD1-----UNK:H 3.5 

His122:ND1------UNK:H 3.2  

Asp123:N---------UNK:H 3.3 

Asp152:OD1-----UNK:H 3.8 

Asp123:N --------UNK:H 3.7 

Arg81:N ----------UNK:H 3.6 

Asn148:OD1-----UNK:H 2.8 

Asn148:N---------UNK:H 3.5 

Asn148:ND2-----UNK:H 2.5 

 

Asn148:ND2----UNK:O 2.7 

Asn148:ND2----UNK:O 3.3 

Asn148:ND2----UNK:O 3.8 

Asn148:ND2----UNK:O 3.9 

His122:N --------UNK:O 3.9 

His122:NE2-----UNK:O 3.6 

His122:ND1-----UNK:O 3.4 

His122:NE2-----UNK:O 3.5 

His122:ND1-----UNK:O 2.6 

His122:ND1-----UNK:O 3.1 

His122:ND1-----UNK:O 3.1 

 

 

Tyr144:CZ ---UNK:C 3.8  

Tyr144: CE1--UNK:C 3.9 

Leu147:CA---UNK:C 3.9 

Leu147:CD2--UNK:C 3.8 

Leu147:CD2--UNK:C 3.7  

Ala15: CB-----UNK:C 3.6 

 Ser108: CA----UNK:C 3.5  

Ser108: CA----UNK:C 3.9 

 Ser108: C------UNK:C 3.9 

 Ala120:CB---UNK:CB 3.1  

His122:CB----UNK:C 3.4  

Ala120:CB---UNK:C 3.8  

His122:CE1--UNK:C 3.6  

Ala120: CB---UNK:C 3.4  

Phe110:CZ---UNK:C 3.9 

Phe116:CD1--UNK:C 3.6 

Phe116:CE1--UNK:C 3.9 

Phe110:CE1--UNK:C 3.7 

Phe110:CE2--UNK:C 3.9 

Phe110:CZ ---UNK:C 3.2 

Leu14:CB ----UNK:C 3.7 
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His122:CE1--UNK:C 3.5 

Leu119:CG---UNK:C 3.9 

Leu14: CB----UNK:C 3.9 

His122:CD2--UNK:H 3.5 
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4.1 BACKGROUND OF STUDY 

Hepatitis C virus (HCV) is a blood-borne pathogen and it is estimated that more 

than 180 million people in the whole world are infected with HCV. About 80 % of them 

will develop chronic liver disease and a large number of patients will lead to cirrhosis and 

ultimately progress to death (Wasley and Alter, 2000). The current combined HCV 

therapy of pegylated interferon a (PEG-FN-a) and ribavirin is associated with severe 

adverse effects and it is expensive. This combination therapy proved not to be efficient 

against the various HCV genotypes (Dillon, 2004; Ni and Wagman, 2004; Cornberg et 

al., 2002; Reichard et al., 1998; Farci et al., 2006; Ferenci, 2006). Approval of HCV 

protease inhibitors for the patients with HCV genotype 1 infection has changed the 

standard of care to triple drug therapy (Rice, 2011; Sheridan, 2011). However, the 

complicated dosing schedule and adverse side-effects of this new therapy highlights an 

urgent need to develop novel and effective antivirals having high therapeutic index, 

reduced side-effects against HCV. HCV is a small, single stranded, positive-sense RNA 

virus and is a member of the Flaviviridae family of viruses (Cheng et al., 1999). 

Nonstructural 5B (NS5B) protein of 498 amino acids found in the C-terminal end of the 

polyprotein of the HCV virus, provides the required RNA-dependent RNA polymerase 

(RdRp) functionality (Hong et al., 2001). The nature of this enzyme for HCV replication 

is an important target for direct-acting antiviral inhibitors including nucleoside based (NI) 

and non-nucleoside inhibitors (NNI) (Biswal et al., 2005). Similar to other known RdRps, 

the HCV NS5B also contains six conserved motifs designated A–F. The three-

dimensional crystal structure of HCV NS5B of different genotypes other than 3a has been 

resolved independently by several working groups (Lesburg et al., 1999; Bressanelli et 

al., 2002; Ago et al., 1999). HCV genotypes show up to 70% similarity over the whole 

viral genome (Simmonds et al., 1993) and possess a significant pattern of geographical 

distribution (Figure 4.1; WHO, 2009). Polymerase shows the right-handed topology 

(Joyce and Steitz, 1995), the HCV RdRp also has the same topology with fingers, palm, 
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and thumb subdomains. An unusual characteristic of this polymerase is due to the 

important interaction between the finger and thumb subdomains, the HCV RdRp has an 

enclosed active site (Lesburg et al., 1999; Bressanelli et al., 2002; Ago et al., 1999). 

Structural analysis of HCV NS5B (J4 strain) revealed that de novo initiation is the 

possible way of RNA synthesis, and some degree of changes take place in structure at the 

time of nucleotide binding. Structural studies with RdRp from the HCV genotype 2a 

shows the existence of two poses of the protein even when the template RNA is absent, 

where the key difference between the two forms is the relative orientation of the thumb 

domain in relation to fingers and palm domains (Biswal et al., 2005). In 2009, it was 

reported after performing genotyping of 3,351 patients that the most prevalent genotype 

in Pakistan is genotype 3a among eleven genotypes of HCV (Waheed et al., 2009). The 

three-dimensional structure of the RNA dependent RNA polymerase of HCV genotype 

3a of Pakistani strain has not been reported so for. Computational studies have attracted 

the scientists to identify novel drug targets and strengthen the drug development process. 

The field of computational chemistry and its recent applications has provided reliable 

tools for the better understanding of biological systems of interest (Azam et al., 2009a, b, 

c, 2010, 2012; Cheng et al., 2002; Barreca et al., 1999).  

 
Figure 4.1: Global distribution of HCV genotypes. Adapted from WHO, 2009 

 

 



Chapter 4                                                                                                    HCV NS5B-3a RNA polymerase 
 
 

 
    

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 68 

4.2 METHODS 

4.2.1 Homology Modeling 

Homology modeling for determining the 3D structure of HCV NS5B-3a Polymerase was 

performed using the same protocol as discussed in chapter 3 (3.2.1). For this study, the 

primary amino acid sequence of HCV NS5B-3a Polymerase was retrieved from the NCBI 

database GenBank (Accession No. AEV46286.1). Target sequence was screened through 

structural database protein data bank (RCSB PDB) and the crystal structure of template, 

PDB ID = 2XHU, was selected. The pairwise sequence alignment was performed using 

ClustalW (Iggins et al., 1994) at http://www.ebi.ac. Uk/Tools/msa/clustalw2/ with default 

parameters for generating the alignment file.  

In total, 20 comparative models of NS5B were generated with differing geometric 

conformations. One best model was selected on the basis of different validation 

parameters (mentioned in previous chapter 3, section 3.2.3). The protein was assigned 

Gasteiger–Huckel charges and energy was minimized with the tripos force field (TFF) 

using UCSF Chimera (Pettersen et al., 2004). The symmetry of target and template 

proteins was verified with the root mean square deviation (RMSD) values. Secondary 

structure was predicted using Chou–Fasman secondary structure prediction server 

(CFSSP) (Chou et al., 1974). It is an empirical technique based on analysis of relative 

frequencies of each amino acid in helices, turns, and beta sheets in a protein.  

4.2.2 Active Site Prediction 

DogSiteScorer web serve was employed to detect the binding pocket of protein 

(Volkamer et al., 2012). It is an automated pocket detection and analysis tool which can 

be used for protein druggability assessment. DoG Site is a grid-based function prediction 

method which uses a difference of Gaussian (DogSite) filter to detect potential pockets 

on the protein surface and splits them into subpockets. Subsequently, global properties 

describing the size, shape, and chemical features of the predicted pockets are calculated 

(Volkamer et al., 2012). The important residues of the active pocket detected are Arg442, 

Glu399, Gln437, Arg402, His403, Thr404, Val406, Leu434, and Ile439 which differ from 

the active residues of other reported strains of HCV genotype 3a. It is reported in a recent 
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study that the genomic sequence of Pakistani strain is phylogenetically distinct from the 

HCV genotype 3a isolates sequenced in the rest of the countries like USA, New Zealand, 

Italy, Australia, and Germany (Rehman et al., 2011). 

4.2.3 HCV Inhibitors 

One hundred and eleven inhibitors used in the current study were selected from various 

literatures (Bhatt et al., 2011; Chen et al., 2012; Manfroni et al., 2012; Kumar et al., 

2012; Talele et al., 2010; Jackson et al., 2011). The criteria for the selection of inhibitors 

were: (i) all selected compounds must be reported inhibitors against HCV NS5B 

polymerase, (ii) Selected inhibitors must have reported IC50 values. The 2D structures of 

inhibitors with standard bond lengths and angles were built using the molecular modeling 

package ChemOffice 2004 (Li et al., 2004). The conformational energies of inhibitors 

were minimized up to a gradient of 0.01 kcal/mol using UCSF Chimera. The minimized 

structures were then used for docking analysis. 

4.2.4 Molecular Docking Protocol 

Molecular docking studies were carried out using GOLD v 5.1 from Cambridge 

Crystallographic Data Centre, UK (Jones et al., 1997). Docking with GOLD was 

performed on a Linux workstation (openSUSE 11.4) with an Intel Pentium D processor 

(3.0 GHz) and 4 GB of RAM. In the current work, the approximate center of the binding 

site was defined that lies within a specified radius of 10 Å from Phe430:C. GOLD Score 

was chosen as a fitness function to select the best docked conformations of the HCV 

inhibitors in the active site. All other parameters were kept at their default standard 

values in all calculations.  

4.2.5 Molecular Dynamics Simulation 

Same simulation protocol has been followed in the current study as was mentioned in 

previous chapter (3, section 3.2.5). In this case 15 Cl- ions were added to neutralize the 

system. The system was then solvated using TIP3PBOX with 10.0 Å distance around the 

docked complex.  
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4.2.6 Semiempirical Quantum Mechanics (SQM) 

A systematic SQM study of the interactions between protein and ligand has been 

performed to determine the ability of this approach for the accurate estimation of the 

enthalpic contribution to the binding free energy of the protein–ligand system. This 

approach has been applied for a protein–ligand docked complex with experimentally 

known binding enthalpies. The SQM calculations were performed using the PM3 

(MNDO-type) semi-empirical Hamiltonians approach incorporated in the sqm program 

of AMBER. For SQM calculations, the protein and water were modeled classically using 

the AMBER force field with parameter set ff03 whereas the ligand was treated with semi-

empirical QM method PM3. 

4.3 RESULTS AND DISCUSSION 

4.3.1 Homology Modeling 

The availability of three-dimensional structure of HCV polymerase of genotype 3a is 

crucial to find inhibitors against it. Therefore, the structure was predicted by homology 

modeling. The most important step of homology modeling is to obtain the best matching 

template by performing a sequence homology search using BLAST (Altschul et al., 

1990). A BLASTp (Altschul et al., 1990) search was performed for protein sequence 

against the PDB to identify template for homology modeling. 2XHU an X-Ray 

diffraction model of HCV-J4 NS5B polymerase with 2.29 Å belongs to the same 

class/family was selected as template because it shows maximum identity with NS5B-3a 

with 100% query coverage. The importance of selecting template from same class is that 

function is more conserved than structure. If both proteins have same functions or belong 

to same class/family then the chances of structural similarity will increase. The sequence 

identity and E value for the best hit are listed in Table 4.1.  
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Table 4.1: Results of multiple sequence alignment with best hit 2XHU (template) 

Properties Values 

Sequence Identity 71% 

Exception Value 0.0 

Query Coverage 100% 

 

A well-defined alignment is very important for the prediction of a reliable tertiary 

structure. The pairwise alignment of query sequence and template sequence was done 

using ClustalW (Iggins et al., 1994), shown in Figure 4.2. The query and template 

sequence alignments show that HCV polymerase is highly conserved among all strains, 

also supported by literature (Bressanelli et al., 2002). This alignment was used as input to 

MODELLER (Eswar et al., 2006; Fiser et al., 2000; Sali and Blundell, 1993) for 

homology modeling. Total 20 models were generated and the best model was selected on 

the basis of objective function value. Next step was energy minimization, quality 

assessment, and visualization of the predicted 3D structure of NS5B shown in Figure 4.3. 

Even though there were no steric clashes in the structure generated, it is subjected to 

energy minimization and assessed for both energy values and geometrical aspects. 

Several structure assessment methods including root mean square deviation (RMSD), Z-

scores, and Ramachandran contour plots were used to check reliability of the predicted 

3D model of NS5B-3a. RMSD value was calculated by superimposing the query and 

template structures (Figure 4.4). The RMSD value obtained from superimposition of 

NS5B-3a polymerase and 2XHU in UCSF Chimera was found to be 0.596 Å, suggesting 

a reliable 3D structure. Verify-3D profile for the selected structure is shown in Figure 4.5 

which shows that 90.38 % of the residues possess score over 0.2 (residues with a score 

over 0.2 are reliable).  
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Figure 4.2: Pairwise alignment between template and query sequence obtained from 

ClustalW 

 
Figure 4.3: Homology model of RNA-dependent RNA polymerase of genotype 3a 

(Pakistani strain) modeled using MODELLER 
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Figure 4.4:Superimposition of homology model of HCV-3a NS5B Polymerase and its 

template using UCSF Chimera. Template is shown in magenta color and homology 

model is shown in yellow 

 

Figure 4.5: Verify-3D plot of residues of binding pocket of NS5B-3a 

The Z-score indicates overall model quality and is used to insure whether the 

input structure is within the range of scores usually found for native proteins of similar 

size. Z-scores of the query model were obtained from PROSA web server. The Z-score of 

predicted model was -9.91 displayed in a plot (Figure 4.6a) which contains the Z-scores 

of all experimentally determined proteins of same size and class. For reference the Z-
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score of template was also obtained that is -11.2 which is near to the Z-score of predicted 

model. The Z-score for query model suggests the good quality of structure. PROSA 

energy plots (Figure 4.6b) were also constructed for template protein to verify the quality 

of predicted model by plotting the energies as a function of amino acid sequence position. 

In this plot average energy of all residues is calculated shown by thick line. Positive 

energies are problematic, whereas negative energies show the good quality of model. All 

residues of predicted model are showing negative energies.  

 
Figure 4.6: a) Z-score of homology model of HCV-3a NS5B polymerase obtained from 

PROSAweb. b) E-plot of residues of homology model of HCV-3a NS5B polymerase 
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Ramachandran plot was obtained for the homology model as a quality assessment. 

PROCHECK displayed 94 % of residues in the most favored regions, with 5.7, 0.2, and 

0.0 % residues in additionally allowed, generously allowed, and disallowed regions, 

respectively. The values of Ramachandran plot are better in case of predicted model as 

compared to the template shown in Table 4.2. This indicated that the backbone dihedral 

angles, phi and psi, in the NS5B-3a polymerase 3D model, were reasonably accurate. 

Predicting the secondary structure of modeled protein using CFSSP (Chou et al., 1974) 

demonstrates that it has more beta sheets as compared to helices (Figure 4.7). Statistical 

analysis shows that it has 58 % helices, 64.5 % beta sheets, and 11.2 % turns. Amino 

acids involve in the formation of beta sheets are valine, isoleucine, phenylalanine, 

tyrosine, tryptophan, and threonine.  

 

Table 4.2: Characteristics validating the homology model of HCV-3a NS5B polymerase 

constructed from MODELLER and comparison with its template 

 

Properties Model Template 

Sequence length 498 a.a 562 a.a 

Ramachandran Plot: 

Residues in most favored regions 

Residues in additional allowed 

regions 

Residues in generously allowed 

regions 

Residues in disallowed regions 

Number of glycine residues 

Number of proline residues 

 

94% 

5.7% 

0.2% 

0.0% 

33 

27 

 

91% 

8.8% 

0.0% 

0.2% 

31 

30 

Q-score 0.839 0.924 

Z-Score -9.91 -11.2 

Errat Quality Factor 90.00 90.29 

Residues had an averaged 3D-1D  

score > 0.2 

90.38% 96.8 
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 Figure 4.7:  Secondary structureprediction of HCV-3apolymerase predicted from 

CFSSP 

4.3.2 Molecular Docking 

Docking protocols are commonly used to predict the binding affinities for a wide range of 

inhibitors. The major focus of this work was to examine the possibility of an existing 

relationship between the experimental bioactivities of selected HCV inhibitors and the 

docking scores. Molecular docking studies were performed using GOLD with default 

parameters. GOLD generated ten conformations of each one hundred and eleven 

inhibitors. The top ranked conformations were selected for further studies. Compound 1 

having GOLD fitness score of 62.17 was ranked most active compounds in the training 

set (Table 4.3). On the basis of experimental bioactivities, compound 1 was the second 

most active compound among reported inhibitors. NS5B-3a protein and compound 1 

complex was selected as the optimal docked conformation. The optimal docked 

conformation was studied in detail to extract useful information for the better 

understanding of the binding mechanisms of HCV protein and inhibitors. Compound 1 

docked deeply inside the active pocket of protein making closer interactions with Glu399, 

Arg442, Gln437, Arg402, His403 and Arg442, Thr404, Val406, Leu434, and Ile439 as 

shown in Figure 4.8a. Acidic amino acid Glu399 and basic amino acid Arg442 of active 

site showed ionic interactions with N and O of ligand, respectively. Glu399, Gln437, 

Arg402, His403, and Arg442 formed hydrogen bonds with the hydroxyl group of ligand. 

It also showed hydrophobic interactions with hydrophobic residues Arg402, His403, 

Glu399, Thr404, Val406, Gln437, Leu434, and Ile439. Molecular interactions were 

plotted using the LIGPLOT (Figure 4.8b) (Wallace et al., 1995). As indicated in the same 

figure, compound 1 formed hydrogen-bond interactions with the key residues Arg442 at 

distances of 3.28, 2.88, 3.17 Å, and His 403 at distance of 2.66 Å and play an important 

role in stabilizing the binding of inhibitors within the cavity of active sites. For the 

estimation of connection between the experimental bioactivities and GOLD fitness 
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scores, a squared correlation coefficient was calculated and found as acceptable with the 

value of 0.67 (Figure 4.9). Kellenberger et al., 2004 reported that a solution pose is 

considered accurate if the RMSD of the pose is less than 2 Å. In order to evaluate the 

accuracy and efficiency of docking the RMSD of the best docked complex was estimated 

to be 0.12 Å. As the next step molecular dynamics simulation studies are underway for 

understanding the dynamics of the system. 

 
Figure 4.8: a) Docked pose of compound 1 highlighting the most activeresidues of 

protein’s binding pocket Protein is in ribbons, whereasligand is in bonds style of 

CHIMERA. b) 2D depiction of docked complex using LIGPLOT (Wallace et al., 1995. 

Hydrogenbonds and their lengths are shown in green 
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Figure 4.9: Correlation graph between GOLD fitness score and IC50values of HCV 

inhibitors 

4.3.3 MD Simulation 

In order to further optimize the selected docked protein–ligand binding affinity, 100 ns 

MD run was conducted successfully in this study. To evaluate the stability of the MD 

trajectories, the RMSD value of the NS5 3a backbone atoms relative to the initial 

minimized structure through the phase of the simulation was calculated. Figure 4.10 

illustrate the RMSD for Cα atoms of protein as the function of the simulation time. The 

obtained RMSD value (1.97 Å) clearly depicted that complex reached equilibrium after 

1ns of the simulation phase and remains stable till the end. This result shows that the 

trajectories of the MD simulation for the docked complex after equilibrium were suitable 

for post analyses. 
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Figure 4.10: The RMSD of the backbone atoms as function of simulation time 

Analysis of the root mean square fluctuations (RMSF) of each residue is shown in 

Figure 4.11. RMSF reflects the flexibility of a certain residue around its mean position. 

The average RMSF (1.9Å) values of the Cα atoms were calculated with the trajectories 

after the equilibrium. One can note clearly that the residues of active site (39-442) 

showed less flexibility as compared to other protein residues.  

 
Figure 4.11: Per-residue amino acid fluctuation for inhibitor bound with HCV NS5B3a 
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Analyzing the trajectories generated by SQM we inferred that PM3 method 

provides better rmsd of Cα atoms than the AMBER forcefield. Specifically, the averaged 

rmsd for the complex optimized by the PM3 method amountsto 1.7 Å, whereas an 

increased rmsd of complex optimized by AMBER was observed (1.97 Å). Furthermore, 

the comparison of hydrogen bond interactions also revealed that optimized distances are 

larger when AMBER force field was used. The most apparent difference was found for 

the bond between hydrogen atom of active site residue Arg402 and oxygen of inhibitor. 

In case of PM3 it was 3.2 Å whereas it was 14.77 Å for AMBER, shown in Figure 4.12. 

A bond between His403: H and N3 of inhibitor (3.45 Å) were only observed in case of 

PM3 method. Likewise, the hydrogen bond between Gln437 and O2 of inhibitor was at a 

distance of 2.6 Å and 6.9 Å, respectively. In light of these results, it was inferred that the 

SQM method reproduces the structure and geometry of HCV-inhibitor complex well 

including the geometry of hydrogen bonds, as compared to classical MD. SQM also 

further validates the stability of docked complex, like MD. 

 
(a) (b) 

Figure 4.12: Comparison of Hydrogen bond interactions. a) SQM optimized complex. b) 

MD optimized complex 
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4.4 CONCLUSION 
Various computational methods are widely used as an aiding tool for the design of 

novel inhibitors against diseases. Homology derived models are extensively used in wide 

range of applications such as virtual screening, site directed mutagenesis experiments or 

in rationalizing the effects of sequence variation. The homology model of HCV NS5B 

polymerase, genotype 3a (Pakistani strain) was generated for the first time. A three-

dimensional structure model was used to identify the potent inhibitor against the NS5B 

polymerase 3a genotype, molecular docking simulation was carried out on the novel 

NS5B-3a inhibitors. Gold Score function was considered as an initial criterion to estimate 

the binding affinities of inhibitors against NS5B-3a polymerase. A squared correlation 

was also calculated using GOLD fitness scores with experimental bioactivities. A 

significant squared correlation between GOLD fitness scores and IC50 values can be 

concurred from the results. The MD and SQM run analysis further confirms the stability 

of inhibitor binded to active site of protein. Findings of this study could be helpful in 

future for further development of effective drug targets of HCV genotype 3a.
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Table 4.3:GOLD scores of top ten active compounds against NS5B 3a inhibitors 

 
S.No. Compounds IC50 

(μM) 

GOLD 

Scores 

1 Ph

H 3 CO

H 3 CO

O

N

O
N

Cl

N

 

0.04 

 

 

 

 

62.17 

 

 

 

 

2 

H 3 CO

H 3 CO

O

Cl

O

N
N

Cl

N

 

1.6 

 

 

 

 

 

61.25 

 

 

 

 

 

3 

H 3 CO

H 3 CO

O

Cl

N

N
O

Cl

N

 

11 

 

 

 

 

59.51 

 

 

 

 

4 
F

N

N

O

F

N

O
N

Cl

N

 

0.02 

 

 

 

 

59.48 
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5 

F

N

N

O

F

F

N

O
N

Cl

N

 

0.08 

 

 

 

 

59.3 

 

 

 

 

6 Ph

F

N

N

O

O

N
N

Cl

N

 

4.4 

 

 

 

 

59.11 

 

 

 

 

7 CH(COOH)CH 2 CH 2 SCH 3

S

Cl

Cl

O

N

S

 

29.2 

 

 

 

 

 

59.01 

 

 

 

 

 

8 CN

Me

CO 2 H

O

N

H

N

O

N

 
 

0.64 

 

 

 

 

58.51 

 

 

 

 

9 CH(COOH)CH 2 CH(CH 3 )2

S

Cl

Cl

O

N

S

 

18.9 

 

 

 

 

 

57.93 

 

 

 

 

 



Chapter 4                                                                                                    HCV NS5B-3a RNA polymerase 
 
 

 
    

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 84 

10 Ph

H 3 CO

H 3 CO

O

N

N

N
N

Cl

N

 

11 

 

 

 

 

57.56 
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5.1 BACKGROUND OF STUDY 
One of the major focus of this work is the computational study of two medicinally 

significant proteins, whose overregulation is a cause of neurodegenerative diseases, N-

Acetylserotonin-O-methyltransferase (ASMT) and Butyrylcholinesterase (BChE). ASMT 

is involved in bipolar disorders, pineal parenchymal tumors, mood and sleep disorders 

whereas BChE is an important drug target for Alzhemier’s disease.  

5.1.1 N-Acetylserotonin-O-methyltransferase 

ASMT is a protein which by converting nor-melatonin to melatonin catalyzes the final 

reaction in melatonin biosynthesis in tryptophan metabolism pathway (Figure 5.1). It also 

catalyzes the conversion of 5-hydroxy-indoleacetate to 5-methoxy-indoleacetate (a 

second reaction intryptophan metabolism) (Kanehisa et al., 2006). ASMT lies under three 

critically important sub-classes of enzyme, transferases, one-carbon group transferases, 

and methyltransferases. ASMT protein is found in both prokaryotes and eukaryotes. In 

humans, ASMT gene encodes this enzyme. There are two identical copies of ASMT (one 

on the X arm and another on the Y arm of chromosome) (Donohue et al., 1993; 

Rodriguez et al., 1994). In human population different forms of ASMT have been 

reported. Some variants of ASMT, in patients with neuropsychiatric disorders namely 

autism spectrum disorders (ASD), attention- deficit hyperactivity disorders (ADHD), or 

intellectual disability (ID), are linked with dramatic decrease in melatonin synthesis 

(Chaste et al., 2011; Jonssonet al., 2010; Paganet al., 2011; Toma et al., 2007; Melke et 

al., 2008). Furthermore, high expression of ASMT gene is evident in pineal parenchymal 

tumors (PPTs). The presence of abnormally high levels of ASMT in pineal gland could 

serve as an indication of the existence of PPTs in the brain (Montange et al., 2006). In 

pineal gland a small lipophilic indoleamine hormone melatonine pineal is present. In both 

human and mammals, it plays a vital role in harmonization of circadian rhythms (Reiter, 

1991; Foulkes et al., 1997). Different levels of melatonin are used as a trait marker for 

prescribing the mood disorders e.g. seasonal affective disorder, bipolar disorder, or major 
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depressive disorder. As studies have revealed a direct correlation between the amount of 

ASMT in the pineal gland and the melatonin level, additional knowledge of ASMT could 

provide valuable insight into the nature and onset of these neurodegenerative disorders 

(Srinivasan et al., 2006). Keeping in view, significant efforts have been made for the 

synthesis of potent melatonergic inhibitors with better pharmacokinetics, and subtype 

selectivity, numbers of structurally diverse melatonergic inhibitors have been reported in 

several recent studies (Garratt and Tsotinis, 2007; Rivara et al., 2008; Mor et al., 2010; 

Hardeland, 2010). To date, there is no functional study reported, explaining the binding 

mode of these inhibitors with ASMT. Theoretical techniques together with experimental 

calculations are powerful tools for better understanding of catalytic mechanisms. Direct 

acquisition of structural information from experiment is hard. Therefore, computational 

studies have attracted the researchers and their recent applications have provided reliable 

tools for the better understanding of biological systems of interest (Jiang et al., 2013; 

Shen et al., 2013; Jalkute et al., 2013).  

 
Figure 5.1: ASMT catalyzed melatonin synthesis 

 

In connection with efforts rendered in searching for novel inhibitors of ASMT and for 

the detailed “atom-by-atom” picture of the structural reorganization of a molecule, we 

performed a comparative docking study with four extensively used programs as well as 

MD simulations study. The docking accuracy and scoring reliability of the selected 

docking approaches (AutoDock-Vina, GOLD, FlexX and FRED) were evaluated by 

docking seventy three melatoninergic ligands with ASMT and correlating the predicted 

binding affinities with the experimental values. In case of MD simulations, particular 

attention was paid to examine structural variations of the ASMT and the behavior of 

active site comprising of loop region by analyzing different physical properties namely 

Root Mean Square Deviation (RMSD), Root Mean Square Fluctuation (RMSF), Radius 
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of Gyration (Rg) and Radial Distribution Function (RDF). RDFs were calculated 

specifically in order to monitor conformational variation in the studied system.  

In addition to above said physical properties, Axial Frequency Distribution (AFD), a 

novel analysis approach, has also been employed for the first time on ASMT. AFD is a 

highly sensitive tool developed in our lab by one of our group member Mr. Saad Raza 

with the help and guidance of my supervisor Syed Sikander Azam. Previously AFD gave 

significant insight into the hydrogen bonding pattern (Azam et al., 2015). Results yielded 

give insight into the conformational variations due to movement of inhibitor inside the 

binding pocket of enzyme during simulation. 

5.1.2 Butyrylcholinesterase 

Keeping in view the prominent role of BChE in the hydrolysis of Ach in Alzheimer’s 

patient brain, we conducted computational study of BChE-inhibitor docked complex. 

Alzheimer’s disease (AD) is the most common type of human dementia among adults 

around the globe, so is being the main focal point for many researchers. Many different 

Alzheimer’s Associations, Alzheimer’s disease Education and Referral (ADEAR) Center 

and Alzheimer societies have been established for helping people affected by AD. Still 

more efforts are required in order to prevent AD. In 2011 Alzheimer’s Association 

released a report, based on different facts and figures, according to which about 5.4 

million people are victims of AD. Among people of different ages, Alzheimer’s is the 6th 

driving reason of death while it is the 5th driving reason of death for those aged 65 and 

elder in United States (US) (Minino et al., 2010). Alzheimer’s disease International, in 

World Alzheimer Report 2009, reported about 35.6 million individuals are living with 

dementia around the world. This estimated number will be increasing to 65.7 million by 

2030 and 115.4 million by 2050. In Pakistan the conditions are equally bleak where the 

percentage of mental disorders depicts a gloomy image 6% of population is suffering 

from depression, 1.5% from schizophrenia, 1–2% from epilepsy and 1% from 

Alzheimer’s disease (Gadit et al., 1999).   
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AD represented by low levels of acetylcholine (ACh) in the hippocampus and cortex 

(Croxson et al., 2012; Hall et al., 2013), results in symptoms for instance loss of cerebral 

efficiency, cognition worsening and a variety of neuropsychiatric states (Croxson et al., 

2012; Hall et al., 2013; Dumas et al., 2011; Silman and Sussman, 2005). Ach, a 

neurotransmitter, executes an important part in the modulation of memory function under 

normal and neurodegenerative conditions (Micheau and Marighetto, 2011; Hut et al., 

2011). ACh is hydrolyzed and degraded by acetylcholinesterase (AChE, E.C. 3.1.1.7) and 

butyrylcholinesterase (BChE, E.C. 3.1.1.8) (Guevara-Salazar et al., 2007; Greig et al., 

2005; Lahiri et al., 2000). BChE present in the serum, heart, lung, intestine, liver and 

kidney plays an important role in the metabolism of ester containing compounds (Dave et 

al., 2000; Prody et al.,1987; Ecobichon and Corneau, 1973). Even though the accurate 

role of BChE is not fully known so far, its function in morphogenesis, cytogenesis and 

tumorigenesis, regulation of cell proliferation and onset of differentiation during early 

neuronal development, as a scavenger in the detoxification of certain chemicals, and in 

lipoprotein (VLD) metabolism has been reported (Giacobini, 2003). Besides this, several 

neuronal groups solely show the activity of BChE in the human brain (Wright et 

al.,1993), such as in the inhibition or absence of AChE, BChE can replace AChE in the 

degradation of acetylcholine Ach (Li et al., 2000; Chatonnet et al., 2003). Such 

replacement in Alzheimer's patient brains renders BChE as a more effective drug target 

than AChE (Carreiras and Marco, 2004).  

Keeping in view the therapeutical significance of BChE, in one of our previous work 

(unpublished: Abbasi, 2011) we performed docking studies, using crystal structure of 

human BChE (PDB ID: 1P0I, Nicolet et al., 2003), for the identification of plausible lead 

compound. The lead was selected on the bases of the IC50 value (0.011 μM) and binding 

affinity (-10.0Kcal/mol). Docking results were coherent with the experimental study as 

the selected lead compound, which was a 4-[(diethylamino) methyl]-phenol derivative, 

showed high affinity to BChE (Yu et al., 2010). Lead identification was followed by 

designing of analogues. In order to have most active compound to use as BChE 

inhibitors, these analogues were also docked. The most active analogue obtained through 

docking and verified from MD simulation, is further subjected to experimental synthesis 

in wet lab as an extension of this study. This is the most important aspect in order to 
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unveil the detail understanding of the dynamical properties of the system and future wet 

lab verification. 

5.2 METHODS 

5.2.1 ASMT and Melatoninergic inhibitors 

The protein used in the docking study was obtained through homology modeling by 

Azam et al., (Azam et al., 2013). DogSite web server was employed to detect the binding 

pocket of ASMT (Table 5.1) (Volkamer et al., 2012). Seventy three structurally diverse 

ASMT inhibitors with representative good biological activity were selected from the 

literature (Ettaoussi et al., 2008; Du et al., 2008; Markl et al., 2009; Elsner et al., 2006; 

Leclerc et al., 2011; Li et al., 2011). The 2D structures of the melatoninergic inhibitors 

were drawn using chemical structure drawing package, ChemOffice 2004 (Li et al., 

2004). The conformational energies of inhibitors were minimized by using UCSF 

Chimera (Pettersen et al., 2004). The minimized structures were then subjected to 

docking studies. 

Table 5.1: Active site residues of ASMT 

 

 

 

 

 

 
 

 

 

one letter code Amino acids 
W 
K 
Y 
G 
S 
C 
T 
L 
E 
F 
I 
D 
R 
N 
V 
Q 
M 

TRP 11, 117, 285 
LYS 107,223 

TYR 108 131, 336 
GLY 110, 263 

SER113 
CYS 116 

THR 112, 144, 207, 336 
LEU 142, 186, 308,326 

GLU 152 
PHE 26,143, 156, 237 

ILE 277, 310 
ASP 238, 268, 284 

ARG 210, 280 
ASN 330   
VAL 333   

GLN 253,334 
MET331 
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5.2.2 Synthesis of BChE inhibitor 

The compound for the current study is not commercially available, as mentioned 

before it was an analogue of BChE inhibitor so we synthesized it. The synthesis of 

Diacetyl [(4-{[8-(3-methyl-1, 3-diazinan-1-yl) octyl] oxy} cyclohexy) methyl) amine is a 

four step process. Steps are given as under. 

1. Protocol for the synthesis of N,N-diethyl-4-hydroxybenzamide 

In a 250ml round bottom flask, 2g of 4-hydroxybenzoic acid was stirred in 20ml of 

SOCl2 (thionyl chloride). The mixture was heated at reflux for 2hrs. Excess of SOCl2 was 

removed in vacuo. After removing SOCl2, 40ml of Dichloromethane (DCM) was added 

followed by dropwise addition of 5ml diethylamine. After addition, mixture was allowed 

to stir for 2hrs at room temperature. While keeping check on temperature the reaction 

mixture was refluxed for 18 hrs. The reaction progress was monitored by TLC (thin layer 

chromatography) until completion. The next step after reflux was the extraction. 

Extraction was carried out in a separatory funnel by adding 1ml dil HCl and 50ml DCM. 

The combined organic layer was washed with 50ml NaHCO3 (sodium bicarbonate), and 

dried over Na2SO4 (sodium sulphate). Solvent was removed via rotary evaporator to 

obtain the required product in good yield. 

2. Protocol for the synthesis of N-methyl piperazine 

In 250 ml round bottom flask, piperazine (100 mol %) and K2CO3(potassium 

bicarbonate)(100 mol%) was stirred in N,N-dimethylformamide (DMF) for 15-20 

minutes at room temperature. Methyl iodide (100 mol %) was then added dropwise while 

keeping flask in ice-bath. When addition was completed, reaction was allowed to stir at 

room temperature, reaction progress was monitored by TLC until completion. After 

completion of reaction, aqueous workup followed by extraction with DCM was 

performed. The combined organic layers were washed with brine, dried over anhydrous 

sodium sulphate and evaporated in vacuo to obtain product. 
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3. Protocol for the synthesis of N-alkylation of N-methyl piperazine using 

octyl dibromide: 

In 250 ml round bottom flask, N-methyl piperazine (100 mol%) and K2CO3(100 

mol%) was stirred in DMF for 15-20 minutes at room temperature. Octyl dibromide (100 

mol%) was then added dropwise and reaction was allowed to stir at room temperature, 

reaction progress was monitored by TLC until completion. It was ensured that one of the 

halide has removed. After completion of reaction, aqueous workup followed by 

extraction with DCM was performed. The combined organic layers were washed with 

brine, dried over anhydrous sodium sulphate and evaporated in vacuo to obtain product.  

4. Protocol for the synthesis of O-alkylation of N,N-diethyl-4-

hydroxybenzamide: 

In 250 ml round bottom flask, N,N-diethyl-4-hydroxybenzamide (100 mol%) and 

K2CO3(100 mol%) was stirred in DMF for 15-20 minutes at room temperature. N-

alkylated piperazine (100 mol %) was then added and reaction was allowed to stir, 

reaction progress was monitored by TLC until completion. After completion of reaction, 

aqueous workup followed by extraction with DCM was performed. The combined 

organic layers were washed with brine, dried over anhydrous sodium sulphate and 

evaporated in vacuo to obtain product. 

5.2.3 Docking Protocol for ASMT Inhibitors 

Molecular docking protocols are widely used for predicting the binding affinities for a 

number of ligands. In our work we performed docking studies to examine the possibility 

of an existing relationship between the experimental bioactivities of the ASMT inhibitors 

and the docking scores. In order to get accurate results, all the docking experiments were 

performed with the default parameters. The time to dock one ligand was approximately 

1–2 min. Docking with AutoDock-Vina, GOLD and FRED was performed on a Linux 

workstation (openSUSE11.4) with an Intel Pentium D processor (3.0 GHz) and 1 GB of 

RAM where as FlexX was run on windows 7 equipped with an Intel® Atom™ processor 

(1.67 GHz) and 1GB of RAM. 
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5.2.3.1 Docking using AutoDock-Vina 

Intermediary steps, such as pdbqt files for protein and ligands preparation and grid box 

creation were completed using Graphical User Interface program AutoDock Tools 

(ADT). ADT assigned polar hydrogens, united atom Kollman charges, solvation 

parameters and fragmental volumes to the protein. AutoDock saved the prepared file in 

PDBQT format. AutoGrid was used for the preparation of the grid map using a grid box. 

The grid size was set to 60 × 60 × 60 xyz points with grid spacing of 0.375 Å and grid 

center was designated at dimensions (x, y, and z): -1.095, -1.554 and 3.894. A scoring 

grid is calculated from the ligand structure to minimize the computation time. AutoDock-

Vina was employed for docking using protein and ligand information along with grid box 

properties in the configuration file. AutoDock-Vina employs iterated local search global 

optimizer (Baxter, 1981; Blum et al., 2004). During the docking procedure, both the 

protein and ligands are considered as rigid. The results less than 1.0 Å in positional root-

mean square deviation (RMSD) was clustered together and represented by the result with 

the most favorable free energy of binding. The pose with lowest energy of binding or 

binding affinity was extracted and aligned with receptor structure for further analysis. 

5.2.3.2 Docking using GOLD 

Like all the other systems reported in previous chapters (3 and 4), docking using 

GOLD was performed with default GA settings. Again GoldScore was selected as the 

scoring function. 

5.2.3.3 Docking using FlexX 

FlexX (which is now a part of LeadIT) is a flexible docking method that uses an 

Incremental Construction (IC) algorithm and a pure empirical scoring function similar to 

the one developed by Böhm and coworkers (Böhm, 1998) to place ligands into the active 

site. IC algorithms first dissect each molecule into a set of rigid fragments according to 

rotatable bonds, and then incrementally assemble the fragments around the binding 

pocket (Rarey et al., 1996). For docking studies, the pdb files of ligands were 

transformed into a SYBYL mol2file format and a ligands library was generated. A 

receptor description file was prepared through the FlexX graphic interface. An active site 
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was defined by selecting the residue of the protein. The active site includes protein 

residues around 10 Å radius sphere centered on the center of mass of the ligand. Based on 

energy values, top ten ranked poses for each ligand in data set were selected for further 

analysis. 

The free binding energy ΔG of the protein–ligand complex is given by: 

∆G= ∆G0 +∆GrotxNrot 
                        +∆Ghb∑neutral H bonds f (∆R, ∆α) 

                   +∆Gio    ∑ionic int. f (∆R, ∆α) 
                +∆Gar    ∑aro int. f (∆R, ∆α) 

                            +∆Glipo ∑lipo cont. f * (∆R)       (5.1) 
 

Here, f (ΔR, Δα) is a scaling function penalizing deviations from the ideal geometry and 

Nrot is the number of free rotatable bonds that are immobilized in the complex. The terms 

ΔGhb, ΔGio, ΔGar and ΔG0 are adjustable parameters. ΔGlipo is lipophilic contact energy 

(Rarey et al., 1996). 

5.2.3.4 Docking with FRED 

FRED uses multi-conformer docking algorithm which separately generates a set of low 

energy conformers, and then does a rigid docking for each conformer (Kellenberger et 

al., 2004). In order to carry out correct docking, FRED required accurately prepared 

receptor file as well as a ligand conformer library. The receptor file was prepared by 

using make-receptor file provided in FRED whereas ligand conformer library was created 

in Omega 2.3.2 (Open- Eye Scientific Software) with default settings. The volume of the 

docking box centered on the receptor was expanded in all directions until it was 

approximately 31671 Å3. The dimensions of the box were: 28.10 Å × 32.91 Å × 34.25 Å. 

FRED with a Gaussian type fitting scoring function Chemgauss4 was used to dock 

ASMT with ligands conformer library in order to obtain a potent inhibitor against ASMT. 

Chemgauss4 uses the potentials between the chemically matched positions around the 

ligand docked pose. Those chemical positions are complementary to the nearby specific 

groups in the receptor. Generally, the interactions are either hydrogen bond donors or 

acceptors and a favorable hydrogen bond score is obtained when a polar hydrogen 

position on one molecule overlaps a lone pair position on another molecule. The 



Chapter 5                                                                           Proteins related to Neurodegenerative Diseases 
 

 
    

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 94 

interactions which can be scored by Chemgauss functions are: steric, acceptor, donors, 

coordinating groups, metals, lone pairs, polar hydrogens and chelator coordinating groups 

(Kitchen et al., 2004). 

5.2.4 Molecular Dynamics Simulation 

Similar MD method has been followed in the current study, for both proteins, as 

mentioned in chapter 3 section 3.2.5. Like, AMACR 10 Na+ ions were added to ASMT 

docked complex system for neutralizing it. On the other hand, to neutralize the system for 

BChE 5 Cl- were added. Both the systems (ASMT-inhibitor, BChE-inhibitor) were then 

solvated using TIP3PBOX with 10.0Å and 12.0 Å distances around the docked 

complexes, respectively. 

5.2.4.1 Root Mean Square Deviation (RMSD) 

The conformational drift of the simulated structure from the initial model was evaluated 

by estimating the Cα RMSD as a function of time. RMSD is the measure of the average 

distance between the atoms, mostly used between the backbone Cα atoms of 

superimposed proteins. The expression for root mean square deviation calculation is: 

            𝑅𝑅𝑀𝑀𝑆𝑆𝑅𝑅 = �
∑𝑑𝑑𝑖𝑖=1

2

𝑁𝑁𝑎𝑎𝑡𝑡𝑏𝑏𝑚𝑚𝑏𝑏
                                                                                       (5.2) 

Where di is the distance between the position of atom i in the original and overlaid 

structure 

5.2.4.2 Root Mean Square Fluctuations  

RMSF is a significant indicator of various biological processes. It is a measure of the 

deviation between the position of particle i and its mean position: 

                    𝑅𝑅𝑀𝑀𝑆𝑆𝐹𝐹 =  �1
𝑘𝑘
∑ (𝑥𝑥𝑖𝑖  (𝑡𝑡𝑖𝑖𝑘𝑘
𝑡𝑡𝑖𝑖=1 ) −  𝑥𝑥𝑖𝑖)2(5.3) 

Where T is the time over which one wants to average and xi is the reference position of 

particle 
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5.2.4.3 Radial Distribution Function  

The radial distribution function, g(r), for a group of N atoms is the probability of finding 

an atom in a spherical volume of radius r (Hemmer et al., 1999). In the current study, 

RDFs between amino acids in the vicinity of ASMT pocket and ligand are plotted in 

order to have insights into conformational variations induced by intermolecular 

interactions. Radial distribution functions (RDFs) were extracted using PTRAJ in order to 

quantify the density of a specified atom around another definite atom at an ideal distance 

for interaction. The expression for the radial distribution function is presented in 

equation5.4. 

  (5.4) 

In the above equation ρijis the observed number density of one specified atom of the 

molecule (solvent) at a specified distance, (r), from one atom of the other molecule 

(solute). The function g(r) is the ratio between this observed number density ρijat the 

distance r and the average bulk atom number density of the solvent, ρj. This ratio is equal 

to the ratio betweennij(r)and <ρj>4πr2δr where nij is the bin number of atoms in a 

spherical volume fragment, dependent on the bin width δr. In other words, the RDF 

provides the probability of finding the one specified atom of the solute in a specified 

volume, at a distance (r) from another specified atom of the solvent. The factor4πr2δr 

gives the volume of a spherical shell with a thickness, δr, at a distance (r) from the 

chosen solute atom. The ratio between the number of solvent atoms found in this 

spherical volume (4πr2δr) at the distance (r) from the specified solute atom and the bulk 

density of solvent atoms (again molecules) gives the probability of finding the solvent 

atom at this distance from the solute atom as compared to solute atom in bulk solution 

which is referred as g(r) value.  

5.2.3.4 Axial Frequency Distribution 

RDF illuminates the radial packing of atoms around each other in a system and the 

average distance of two atom masks based on an orientation vector. It lacks the variables 

to properly express the coordination geometry of the inhibitor within the complex. To 
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highlight the significance of bonding interaction via coordination geometry of the ligand 

with respect to the protein (ASMT) we utilized another parameter. This parameter was 

reported for the first time by Azam et al., (2015) to provide precise information relevant 

to the structure of this enzyme inhibitor complex. The atomic molecular distribution of 

the ligand atomic mask relative to the coordinate axis provides an insight into 

coordination geometry of the enzyme-inhibitor complex and further establishes their 

stability.  

5.3 RESULTS AND DISCUSSION 

5.3.1 BChE inhibitor 

The compound was obtained in good yield. Scheme I illustrates the synthesis 

protocol (APPENDIX). 

5.3.2 Molecular Docking of ASMT inhibitor 

Each docking routine mentioned previously returned top ten ranked docked poses for 

each ligand. The number and categories in which docked poses fall are summarized in 

Table 5.2. Among all the studied docking routines, AutoDock-Vina was found to be the 

best for carrying out blind docking and in generating poses that bind best deep inside the 

5 Å of the binding pocketit generated 70% well fit poses. Gold and FRED also performed 

well with 65% and 45% of well fit poses, respectively. FlexX returned no significant 

results in generating accurate poses. This variation might be because of the algorithms 

employed by the routines, grid box specification and active site residue specification. 

Overall results showed relatively poor performance ranging from 41 to 70%. These 

percentages were surprisingly low, indicating the docking programs often failed to find 

the correct binding mode. The percentages of docked poses for ASMT melatoninergic 

inhibitors docked complexes obtained by the different docking routines are shown in 

Figure 5.2. 
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Table 5.2: Number of good, fair and poor ASMT docked complexes obtained by the 

different docking routines 

FRED FlexX GOLD AutoDock-Vina Pose 

25 18 35 43 Gooda 

13 28 22 18 Fairb 

15 22 16 12 Poorc 

 a good on the bases of lowest binding affinities, RMSD < 2 Åand high docked scores. 

                 b fair pose on the bases of lowest to moderate binding affinities, RMSD < 3 Å and >2Åand moderate docking scores. 

                  c poor on the bases of high binding affinities, greater RMSD and lowest docked scores. 

 

 

Figure 5.2: Percentages of docked poses for ASMT docked complexes obtained by the 

different docking routines 

Evaluation of docking accuracy of docking programs requires program runs at 

approximately comparable speeds. The average time required for carrying out the 

docking calculation using different scoring functions and docking routines of a single 

ligand is shown in Table 5.3. According to this table in the context of the average time 

required for docking a single ligand, FRED is the fastest algorithm with average 1.4 sec, 

followed by Gold and AutoDock-Vina with an average time of 1.66 and 2 sec, 

respectively. FlexX seemed to be the more time-consuming approach. The correlation 

between the experimental bioactivities (PIC50) and binding affinities and the calculated 

scores generated by each docking routine for ASMT docked complexes are shown in 

Figure 5.3. The best squared correlation coefficient of r2 = 0. 66 was observed between 
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binding affinities (AutoDock-Vina) and experimental values (Figure 5.3a). Low values of 

correlation for the Gold scores (r2 = 0.37) and FlexX scores (r2 = 0. 28) was obtained. 

FRED (Chemgauss4), due to its rigid-body approach, presented the lowest value of the 

squared correlation coefficient among the tested routines (Figure 5.3d). 

 
Figure 5.3: Plot showing the correlation between the experimental bioactivities (PIC50) 

and a) binding affinities b) GOLD scores c) Chemgauss4 scores and d) binding energies 

The 2D view of protein–ligand interactions of the best poses generated by all the four 

employed routines are shown in Figure 5.4. As clearly depicted in this figure all 

molecules exhibit the same binding mode. Interestingly, important interactions can be 

found between these atoms and residues Ser213, Ser98, Val97, Thr100, Val211, Ser227, 

Arg210, Arg280, Phe212, Leu198, Ile198, Ser104, Thr195, Leu160, Tyr327, Tyr108, 

Trp117, Leu326, Phe29, Phe19, Gln334, Asn330, Ala159, Lys107, Met105, which 

directly participate in the catalytic mechanism of this enzyme. The ligand–enzyme 

complex is stabilized mainly by hydrogen bonds and hydrophobic interactions. All the 

top docked poses generated by each docking routine exhibited well-established bonds 

withone or more amino acids in the binding pocket of ASMT. The top-ranked pose with 

lowest docked binding affinities and high docking scores are generally used as a standard 
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selection in most of the docking programs. The best poses of ASMT-B22 generated by 

AutoDock-Vina, Gold and FlexX and ASMT-A3 by FRED are shown in Figure 5.5. 

For B22 the binding affinity is found to be −9.2 Kcal/mol. The orientation and 

hydrogen bonding, ionic interactions of B22 within ASMT active site are shown in 

Figure 5.5a. Different sets of hydrogen bonding interactions with polar side chain 

residues of Arg280, Ser104, Thr100, Tyr108 and with phenol of Tyr327 are observed at 

distances within 4 Å. An ionic interaction with the side chain residue of Arg280 is also 

observed.The indole ring and other side chain carbons of B22 formed strong hydrophobic 

interactions with nonpolar residues Leu160, Tyr327, Tyr108, Leu326, Trp117 and Phe26 

and are suggested to increase binding affinity (Table 5.4).  

Figure 5.5b shows the binding mode of top pose B22ASMT complex generated by 

GOLD with GoldScore of 64.88. Compound B22 was mediating hydrogen bond 

interactions with the side chain residues of Arg280, Ala159, Tyr327 and Tyr108. The 

phenol and indole ring of B22 formed favorable hydrophobic contacts with Tyr108, 

Tyr327, Tyr366, Trp117 and Leu326 and ionic interaction with Arg280. The FlexX 

generated 10 solutions for B22. The highest-ranking solution has a binding energy of 

−25.45 kJ/mol. Hydrogen bonds with a backbone and side chain residues of Arg210, 

Lys223 and Thr207, back bone residues of Val211, back bone residues of Phe212 and 

Glu224 are observed. The strong hydrophobic interactions were with Thr195, Lys223, 

Leu228, Arg169, pyrrole ring of His209, Val211 and aromatic ring of Phe212. Ionic 

interactions were with Arg210 and Glu224 (Figure 5.5c). 

The top ranked pose of ASMT-A3 generated by FRED has Chemgauss4 score of 

−9.87. Phenolic side chain of Tyr327, Tyr108, amide side chain of Asn330 and side chain 

residues of Lys107 formed strong hydrogen bonding interactions with electronegative 

atoms of ligand. Phenol group of Tyr108, and the aromatic ring of Trp117 and Tyr 327 

werehighlighted as major contributor of hydrophobic interactions. A3 also resulted in 

favorable ionic interactions through the active site with the back bone residues of Asn 

330 side chain residues of Lys107 (Figure 5.5d) (Table 5.4).  

The lowest binding affinity, high Gold- Score, a low binding energy and number of 

observed hydrogen bonding interactions between the backbone residues and various 
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important residues at the entrance of the pocket enables B22 to be a strongly binding 

inhibitor of ASMT. 

As shown in Table 5.5, among the provided data set AutoDock-Vina docked all the 

seventy three inhibitors with binding affinities in a convincing range. Like AutoDock-

Vina, GOLD also docked all the provided inhibitors however GOLD tends to be limited 

in terms of ligand flexibility. Kellenberger reported that out of 100 protein-ligand 

complexes, GOLD successfully docked 80% of the ligands at an RMSD value of 2.0 Å 

(Kellenberger et al., 2004). Likewise Perole (Perola et al., 2004)while doing virtual 

screening of HIV-1 protease established that when looking at only the top 10% of the 

rankings, GOLD will accurately bind 60% of the ligands. Additionally GOLD depends 

more on the binding site and it generates worst results when hydrophobic interactions 

plays an important role in binding (Perola et al., 2004). 

The performance of FRED with respect to ranking inhibitors in the list was poor. 

FRED ranked inhibitor B22 on the 11th place whereas all the remaining routines ranked 

B22 in 1st place. FRED docked fifty three inhibitors out of seventy three provided 

inhibitors which is a low number as compared to other routines. Kellenberger et al., 

concluded in their work that FRED seemed to haveproblems with small, polar and buried 

ligands (Kellenberger et al., 2004). FlexX docked sixty eight inhibitors out of seventy 

three. The most severe restriction of FlexX is that it treats receptor as a rigid entity.  

In the light of the above analysis, the B22ASMT docked pose generated by Auto-

Dock/Vina produced the best results. It forms hydrogen bonds, hydrophobic and ionic 

interactions with the important residues of the binding pocket of ASMT thus stabilizing 

the structure of target receptor. The dock pose with least binding energy has the highest 

affinity and hence is the best docked conformation. 
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Table 5.3: Time required for the docking of a single ligand 

Docking Routine Docking Time 

AutoDock-Vina 

GOLD 

FlexX 

FRED  

2-3 sec 

1.66 sec 

5 sec 

1.4 sec 

 

 
Figure 5.4: Docked conformation of ASMT with top ranked ligands showing the 

interaction with the crucial residues in the active site cleft using: (a) AutoDock-Vina (b) 

GOLD (c) FlexX (d) FRED 
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Figure 5.5: Docked Poses: Binding mode of top ranked docked poses generated by 

different docking routines into ASMT binding cavity. For clarity, only interacting 

important residues are displayed in CPK style. The inhibitors were designed in licorice 

style, and part of the enzyme in the background was visualized in New Ribbon style 

using the VMD (Visual Molecular Dynamics) program. a) AutoDock-Vina generated 

pose of ASMT-B22 

 

 
b) GOLD generated best pose of ASMT-B22 
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c) FlexX generated best poseof ASMT-B22 

 

 

 
d) FRED generated best pose of ASMT-A3
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Table 5.4: Important interactions between the active residues of ASMT and ligands within 5Å 

Compound Hydrogen Bonding Ionic Interactions Hydrophobic Interactions 
ASMTB22 
AutoDock-Vina 

Arg280:HH11..O 3.67Å 
Arg280:HH12...O 3.29Å 
Arg280:HH12...O 3.85Å 
Ser104:HG...N 3.83Å 
Thr100:HG1...O 2.23Å 
Thr100:HG1...O 3.58Å 
Tyr108:HH...N 3.56Å 
Tyr327: HH...O 3.84 Å 

Arg280:NH1...O 3.78Å Leu160:CD2...C 3.69Å 
Tyr327:CE1...C 3.40Å 
Tyr108:CZ...C 3.97Å 
Tyr108:CE2...C 3.64 Å 
Tyr108:CE2...C 3.77 Å 
Tyr108:CE2...C 3.87Å 
Tyr108:CD2...C 3.92Å 
Tyr108:CD2...C 3.97Å 
Leu326:CD2...C 3.49 Å 
Leu326:CB...C 3.65 Å 
Leu326:CB...C 3.78 Å 
Leu326:CG...C 3.98 Å 
Leu326:CD2...C 3.49Å 
Leu326:C...C 3.89Å 
Trp117:CD1...C 3.90Å 
Trp117:CE2...C 3.58Å 
Trp117:CZ2...C 3.96Å 
Trp117:CD2...C 3.62Å 
Trp117:CD2...C 3.94Å 
Trp117:CG...C 3.72Å  
Trp117:CD2...C 3.73Å 
Phe26:CZ...C 3.42 Å 
Phe:26:CE2...C 3.81Å 

GOLD Arg280:HH12...O 2.30Å 
Arg280:HH11...O 2.89Å 
Arg280:HH11...O 3.91Å 
Asn330:H...N 3.95 Å 
Ala159:O…H  2.67 Å 
Tyr327:HH...O 3.88 Å 
Tyr108:HH...N 3.90Å 
Tyr108:HH...N 3.48Å 
Tyr108:OH...H  3.71Å 

Arg280:NH1...O 2.91Å Tyr108: CE1...C 3.45Å 
Tyr108: CE1...C 3.96Å 
Tyr108:CE1...C 3.92Å  
Tyr108: CZ...C 3.43 Å 
Tyr108: CD2...C 3.86Å 
Tyr108:CD2...C 3.78 Å 
Tyr108:CE2...C 3.77Å 
Tyr108:CZ...C 3.91 Å 
Tyr108:CZ...C 3.79Å 
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Tyr108:HH...N  2.80Å 
Trp117:HE1...O 3.89 Å 

Tyr108:CD2...C 3.87Å 
Tyr327:CD1...C 3.76Å 
Tyr327:CD1...C 3.74Å 
Tyr327:CD1...C 3.58Å 
Tyr327:CB...C 3.82Å 
Tyr366:CE2...C 3.86Å 
Tyr366:CE2...C 3.89Å 
Trp117:CG...C 3.57Å 
Trp117:CE2...C 3.98Å 
Trp117:CZ2...C 3.51Å 
Trp117:CH2...C 3.48Å 
Trp117:CB2...C 3.98Å 
Asn330:CB...C 3.53Å 
Leu326:C...C 3.55Å 
Leu326:CB...C 3.99Å 

FlexX Arg210:H...O 2.22 Å 
Arg210:H...N 3.32Å 
Arg210:HH11...N 3.29Å 
 Arg210:HH12...O 2.69Å 
Arg210:HH11...O 3.26Å 
Lys223:HZ3...O 2.34Å 
Lys223:HZ1...O 2.51Å 
Lys223:HZ2...O 3.73Å 
Thr207:HG1...O 1.65Å 
Thr207:HG1...O 3.41Å 
Val211:O...H 1.67Å 
Val211:N...H 3.85Å 
Phe212:N...H 2.98Å 
Glu224:OE2...H 1.97Å 
Glu224:OE1...H 2.54Å 

Arg210:N...O 3.17Å 
Arg210:NH1...O 3.34Å 
Lys223:NZ...O 2.68Å  
Glu224:OE2...N 2.96Å 
Glu224:OE1...N 3.32 Å 

Thr195:CB...C 3.07Å 
Thr195:CG2...C 3.54Å 
Lys223:CE...C 3.39Å 
Lys223:CE...C  3.99Å 
Leu228:CD2…C 3.14Å 
Leu228:CD2...C 3.51Å 
Leu228:CD1…C 3.95Å 
Arg169:CG...C 3.55Å 
Arg169:CB...C 3.83Å 
His209:CD2...C 2.63Å 
His209:CD2...C 3.31Å 
His209:CD2...C 3.39Å 
His209:CG...C 3.50Å 
His209:CG...C 3.84Å 
His209:CA...C 3.35Å 
His209:CA…C 3.92Å 
S His209:CB...C 3.93Å 
Val211:CA...C 3.49Å 
Val211:CA...C 3.51Å 
Val211:C...C 3.04Å 
Val211:C...C 3.61 Å 
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Arg210:C...C 3.94Å 
Arg210:C...C 3.96Å 
Phe212:CB...C 3.65Å 
Phe212:CB...C 3.62Å 
Phe212:CD2...C 3.66Å 
Phe212:CD2...C 3.38Å 
Thr195:CG2...C 3.54Å 
Thr195:CB...C 3.07Å 

ASMT-A3 
FRED 

Tyr108:HH...N 3.14 Å 
Tyr108:HH...O 3.37Å 
Asn330:HD21…O 3.75Å 
Asn330:HD22...O 3.33Å 
Lys107:HZ3...O 1.85Å 
Lys107:HZ2...N 3.48Å 
Lys107:HZ3...N 3.09Å 
Lys107:HZ2...O 3.21Å 
Lys107:HZ1...O 3.25Å 
Tyr327:HH...N 3.90Å 

Asn330:ND2...O 3.25Å 
Lys107:NZ...O 2.84Å 

Tyr327:CD1...C 3.88Å 
Tyr327:CD1...C 3.84Å 
Tyr327:CD1...C 3.61Å 
Tyr327:CD1...C 3.90Å 
Tyr327:CE1...C 3.87Å 
Tyr327:CE1...C 3.80Å 
Tyr327:CE1...C 3.51Å 
Tyr327:CD1...C 3.59Å 
Tyr327:CE1...C 3.68Å  
Tyr108:CZ...C 3.93Å 
Tyr108:CE2...C 3.35Å 
Tyr108:CE2...C 3.76Å 
Tyr108:CE2...C 3.90 Å 
Tyr108:CD2...C 3.73Å 
Tyr108:CZ...C 3.86Å 
Trp117:CE2...C 3.69Å 
Trp117:CZ2...C 3.34Å 
Trp117:CD1...C 3.73Å 
Trp117:CH2...C 3.45Å 



Chapter 5                                                                           Proteins related to Neurodegenerative Diseases 
 

 
    

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
     

 
 

 
 

 
 

107 107 107 

Table 5.5: Comparison: showing the PIC50 values, Chemgauss scores, binding affinities, 

GoldScores and binding energies 

S. # Ligand PIC50 
Chemgauss4       

score 

Binding 
Affinities 
(kcal/mol) 

GOLD 
scores 

Binding 
Energies 
(kJ/mol) 

1 A3 Fred Best 7.54 -9.873667 -9 59.09 -18.82 
2 7e 7.17 -9.772967 -7.7 58.27 -20.66 
3 B20 7.17 -9.772967 -7.7 58.31 -23.75 
4 A7 7.21 -9.606176 -4.3 55.01 -20.91 
5 A19 7.28 -9.497549 -5 55.39 ND 
6 6e 7.27 -9.448377 -7.4 56.43 -18.29 
7 A2 7.21 -9.376864 -4.3 54.47 -21.03 
8 6b 7.18 -9.190106 -7.7 61.41 -18.23 
9 B23 7.6 -9.114123 -4.8 42.07 ND 
10 10f 4.95 -9.08652 -7.7 56 -17.21 

11 
B22 
ADV,Fl.G.Best 7.17 -8.99517 -9.2 64.88 -25.45 

12 A6 8.11 -8.828648 -7.7 53.85 -17.84 
13 6a 7.85 -8.7937 -7.2 55.17 -20.74 
14 A4 7.15 -8.793257 -7.5 39.34 -11.62 
15 7a 7.08 -8.77433 -7.2 55.26 -21.36 
16 11l 4.92 -8.765322 -4.9 46.14 -22.29 
17 11j 4.17 -8.731167 -4.4 43.8 -18.52 
18 11o 4.01 -8.722329 -4.4 40.92 -15.44 
19 11h 4.48 -8.703998 -4.7 44.39 -17.31 
20 21 8.73 -8.70327 -8.4 57.6 -22 
21 10b 4.63 -8.558372 -7.8 59.67 -23.03 
22 11k 4.37 -8.527354 -4.5 40.02 -18.04 
23 A16 7.43 -8.509283 -7.5 59.91 -17.63 
24 A17 7.37 -8.497904 -7.2 47.57 ND 
25 A14 7.74 -8.497536 -7.1 51.87 -16.17 
26 B27 7.85 -8.416398 -7.3 56.36 -17.62 
27 10a 4.79 -8.404483 -7.4 56 -17.51 
28 11i 4.28 -8.376978 -5.4 44.83 -18.15 
29 B25 7.25 -8.366087 -8.7 58.6 -21.6 
30 10e 4.25 -8.366087 -8.7 60 -21.8 
31 11t 5.04 -8.309559 -4.5 40 ND 
32 11p 4.56 -8.237691 -5.8 39.37 -11.19 
33 18 7.83 -8.195755 -6.9 51.11 -19.33 
34 11f 4.72 -8.194806 -4.7 44.48 ND 
35 dbc-amp 5.67 -8.177967 -8.4 64.44 -19.67 
36 11r 4.23 -8.096362 -4.5 48.35 -15.37 
37 11g 4.73 -8.094617 -4.8 44.78 -18.91 
38 A5 7.55 -8.016981 -7.6 50.77 -14.78 
39 11n 5.04 -8.002397 -5.1 53.35 -11.13 
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40 11m NA -8.002397 -6.7 49.27 -11.13 
41 11b 4.49 -7.910209 -5 41.77 -18.51 
42 B28 7.8 -7.861473 -7.2 59.97 -24.45 
43 11c 4.06 -7.86083 -4.5 46.85 -17.83 
44 11q 6.39 -7.821584 -4.7 48.09 -16.1 
45 17 7.91 -7.810211 -6.6 63.09 -18.35 
46 B24 7.96 -7.760382 -7.9 62.43 -19.28 
47 8a 4.92 -7.682957 -7.5 55.05 -17.4 
48 11s 4.98 -7.644275 -5.3 42.3 -16.93 
49 A11 7.49 -7.604273 -8.6 62 -23.45 
50 A15 7.68 -7.576113 -7.5 61.77 -17.13 
51 B26 7.19 -7.290902 -7.7 50.41 -18.17 
52 A13 8.04 -7.28357 -5 60.21 -14.29 
53 A1 7.36 -6.714446 -7 50.72 -15.67 
54 20b 6.95 ND -8.8 62.58 -18.29 
55 20c 8.09 ND -8.7 63.83 -18.32 
56 Ramelotinine 8.5 ND -8.3 45.36 -16.17 
57 16 6.5 ND -7.8 60.81 -22.52 
58 2a 6 ND -9 56 -19.08 
59 4 7.06 ND -7.8 57 -20.4 
60 5-Methoxy 3.82 ND -6.7 45.51 -20.56 
61 11 2.68 ND -8.2 51.08 -16.31 
62 12c 7.93 ND -7.8 55.42 -23.75 
63 20a 6 ND -7.9 59.03 -24.08 
64 A9 7.27 ND -4.3 43.31 -22.65 
65 A10 7.96 ND -4 54.87 -19.04 
66 19 5.12 ND -7.1 51.87 -16.06 
67 20 6.23 ND -8.3 57.53 -22.06 
68 Melotinine 6.79 ND -7.1 50.47 -17.51 
69 N-Acetyl 5.15 ND -7.2 44.88 -19.38 
70 Agomalotinine 8.67 ND -4.9 49.75 -14.74 
71 SAM 8.04 ND -6 45.21 -17.46 
72 A8 7.85 ND -6.8 50.18 -15.06 
73 A12 7.29 ND -7.1 37.66   ND 
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5.3.3 Molecular Dynamic Simulations 

MD simulations were conducted for observing time dependent behavior of docked 

complexes of both the studied protein. The best docked complex o ASMT selected for 

MD is shown in Figure 5.6. 200 and 100 ns simulation is performed for the best docked 

complexes of ASMT and BChE, respectively. 

 

 
Figure 5.6: Best Docked pose of ASMT-B22 selected for MD 

 

5.3.3.1 Root Mean Square Deviation  

In order to explain the dynamic behaviour of ASMT, 200 ns MD simulation of the 

ASMT-B22 docked complex was carried out. RMSD estimation of backbone Cα atoms 

of enzyme illustrates atomic displacements of about 7 Å (Figure 5.7). As shown in this 

figure, complex has reached the equilibrium after the 1.8 ns of the simulation phase and 

remains stable till 9 ns (2.8-3 Å). Intriguingly, the main deviation from the initial binding 

mode occurred at 11th ns transiently, which causes a displacement of greater than 5 Å. 
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The larger excursion at 11th ns appeared to be related to the N-terminal residues, which 

deviated from initial conformations. When the structure obtained at 11th ns was compared 

with the initial structure, the largest conformational shift was found to involve residues 

Tyr9-Leu12. This also inferred the configurational mobility at this point and time in 

structure. The segment is far distant from the ASMT binding site and has no effect on 

ligand binding. A significant difference observed was the formation of a turn by the 

residues forming α-helix at N-terminus of initial ASMT structure. Formation of a turn 

was initiated by the breakdown of intra hydrogen bonds after MD simulation of 11 ns. 

This conformational transition was a consequence of decrease in α-helical content and an 

increased turn on the N-terminus followed by partial protein unfolding. This phenomenon 

was not observed or reported in context to functional significance of ASMT. The rest of 

the structure was nearly steady till 19th ns (Figure 5.8). Furthermore a conformational 

change was observed at 20th ns where α-helix changed to a coil. After 20ns simulation 

has shown no more significant fluctuations and remained stable, revealing that the protein 

has attained a steady conformation. Breaking phenomenon of hydrogen bonds may be the 

cause of sensitive conformational variability which leads to either protein folding or any 

geometrical change in overall conformation of protein structure. Observed alterations in 

conformation from helix-turn-helix-coil at specific points speculated that the N-terminus 

residues have considerable mobility. The mobility seems to be responsible for the helix to 

turn into coil (as shown in Figure 5.8). This mobility may be essential for the functional 

significance of ASMT or it may play part in formation of a transient state before 

activation or transfer of methyl group to NAS. The exact nature of this transient behavior 

could be a subject of extensive research. 



Chapter 5                                                                           Proteins related to Neurodegenerative Diseases 
 

    
    
     

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
 

 
 

 
 

 

111 111 

 
Figure 5.7: Root mean square deviation (y-axis) of ASMT melatonin complex along the 

time frame (x-axis) 

 
Figure 5.8: MD profile of the ASMT tertiary structure optimization. a) initial docked 

complex b) conformation after 11 ns MD simulation (α-helix forming residues changed 
to turn) c): conformation after 20 ns MD simulation (α-helix forming residues changed 
tocoil) d) aligned conformation of initial, 11 ns and 20 ns docked complex highlighting 

observed alterations. 
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The average backbone RMSD for the BChE complex with inhibitor was 2.2 Å. This was 

an indication that the generated MD trajectory of the complex is quite stable. (Figure 

5.9). The overall orientation of the BChE docked complex was preserved and very little 

movement of the inhibitor inside the pocket was observed during the course of the MD 

run. 

 

 
Figure 5.9: Averaged RMSD of BChE-docked complex with respect 

of Time 

5.3.3.2 Root Mean Square Fluctuations 

To reveal the structural mobility, residue by residue root mean-square fluctuations of all 

residues were analysed for the whole course of simulation. The RMSF for our system of 

interest was examined for the C-alpha atoms of each of the residue representing the 

average displacement of these atoms (Figure 5.10). Residues at N-terminal of the protein 

structure were more flexible than the other residues. The first 123 side chain residues had 

high peaks in the RMSF plot, particularly Gly59 showed greatest fluctuations, of about 

4.72 Å. Examination of this region revealed conformational changes at 11th ns and 20th ns 

of MD simulation. Alpha helix in the initial ASMT structure opened into a turn and then 

into a coil after the MD simulation. After 20ns till 200ns, RMSF values remain low 
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indicating the stable conformation of studied system. However, residues residing in the 

binding pocket comprising of a loop region demonstrated an unusual stability. The 

average RMSF value was 1.74 Å. The acceptable value of RMSF reflected slight 

structural rearrangement in the docking complex during simulation run.  

 
Figure 5.10: Root mean square fluctuation versus residue number graph, ASMT 

In case of BChE more comprehensive information on flexibility was achieved by plotting 

residue-based root mean square fluctuations (RMSF) over the 100 ns simulation run 

(Figure 5.11). The average RMSF value was 0.88 Å. 

 

Figure 5.11:Per-residue amino acid fluctuation for inhibitor bound with BChE 
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5.3.3.3 Radius of Gyration  

The radius of gyration (Rg) was calculated for the better understanding of the equilibrium 

conformation of the total system. Measure of Rg is considered as a tool used for 

estimating the compactness of the protein structure (Lobanov et al., 2008). Hence, 

variation in Rg values of protein represented the variation in the compactness of the 

protein structure during the simulation run. Higher the value of Rg less tight the packing 

of atoms would be whereas lower values imply tight packing. During the 1 ns simulation, 

Rg for the simulated protein attained structural equilibrium at 22.4 Å (Figure 5.12). A 

decrease in value of Rg (22 Å) was observed at 11th ns emphasizing alterations in 

conformation from helix-turn-helix-coil. On the longer time scale, that of 200 ns, a major 

and pronounced gain in radius of gyration was observed, revealing that the protein is 

stable. Results obtained are coherent with the results of RMSD reported herein. However, 

experimental verification of predicted radius of gyration value of studied enzyme 

(ASMT) is required.  

 
Figure 5.12: Time dependence of the radius of gyration (Rg) for the backbone atoms of 

protein during the simulation in the presence of ASMT melatonin complex  
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5.3.3.4 Radial Distribution Function  

Radial distribution function (RDF) is a criterion for finding the distribution of atoms, 

molecules or other species around target. RDF has been employed for the determination 

of the secondary structure polypeptide chains (Donohue, 1954). The radial distribution 

functions were calculated for the interacting residues crucial for the stability of ligand 

during the ligand binding process, docking. The binding process revealed that the ligand 

is stabilized in the active site of ASMT primarily by hydrogen bonding interactions. By 

virtue of these hydrogen bond interactions, active site residues (predominantly Arg210, 

Ile196 and Leu198) efficiently trap the melatonergic inhibitor (B22) which remained 

tightly bound over the course of simulation. This fact is illustrated by radial distribution 

functions. 

RDF plots of the three aforementioned hydrogen bond interacting residues with the 

ligand, before and after the 200 ns simulation run are illustrated in Figure 5.13. Hydrogen 

bonding interactions were detected between Arg210 and H atoms. RDF of Arg210:H12 

in Figure 5.13a is consistent with docking results. The largest peak of the RDF graph 

before simulation appears at 2.45 Å having a g(r) value of 1.77 whereas the largest peak 

after simulation appears at 2.45 Å having a g(r) value of 1.83. After MD simulations, the 

peak has narrowed suggesting that during the MD simulation the Arg210 and H protons 

spend sufficient time close to one another to exhibit activity. 

The largest peak for Leu198-ligand occurs at 1.93 Å with g(r) value of 1.33 indicating 

a 1.33 times greater probability of finding the ligand and the residue at a distance of 1.93 

Å. Comparative analysis in Figure 5.13b illustrated that the peak after MD simulation is 

more pronounced in magnitude and narrower in width than that of one before simulation, 

rendering that O atom of ligand moves toward protein’s active site. The RDF between 

Ile196 and ligand is shown in Figure 5.13c. Largest peaks for the Ile196-ligand before 

simulation and after simulation occurred at 7.02 Å having a g(r) value of 0.07 and at 6.91 

Å having g(r) value of 0.08, respectively. Before simulation a high peak was observed 
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while with the passage of simulation time it gets narrower and defined, confirmed the 

existence of a strong hydrogen bond between ligand and Ile196. 

RDFs for Arg210, Leu198 and Ile196 with B22 suggested that system is composed in 

a correct way and such observations are contributing factor in the formation of stable 

complexes. Moreover, it can also be inferred from RDF results that there was less 

flexibility in the interactions. Overall, RDF results showed a good agreement in bridging 

the MD simulation and docking results. In general, results demonstrated two significant 

findings, a time-dependent local structural reorganization of ASMT and an unusual 

stability of loop region.These conformational changes with increased local fluctuations 

and partial unfolding of ASMT provide valuable insight over its regulatory power in the 

production of melatonin. ASMT is a limiting reagent in the production of melatonin and a 

direct correlation between Hydroxyindole-O-Methyl Transferase (HIOMT) expression 

and melatonin levels exists (Djeridane and Touitou, 2001). It has been reported that lower 

activity of ASMT reduces conversion of N-acetylserotonin to melatonin, which in return 

resulted in lower levels of melatonin. 
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Figure 5.13: Hydrogen bonding interactions andRadial distribution functions (RDFs) calculated 

for: a) Arg210-ligand, b) Leu198-ligand and c) Ile196-ligand 

 



Chapter 5                                                                           Proteins related to Neurodegenerative Diseases 
 

    
    
     

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
 

 
 

 
 

 

118 118 

5.3.3.5 Axial Frequency Distribution 

Axial frequency distribution was employed to further understand the hydrogen bonding 

pattern between the ligand and protein. Results yielded further emphasize efficacy of 

melatonergic inhibitor B22 to efficiently envelop the active site via hydrogen bonding. 

The pattern observed in the AFD graph remained consistent which suggested that the 

ligand was retained by the protein over the whole time span of the simulation. The AFD 

graph suggested the stability of the inhibitors which was visible from sharp peaks with 

little variance and small area of the distribution with respect to the top down perspective 

of the graph. The interaction observed in initial stages of simulation where compared 

with the last nanosecond during course of simulation.  

AFD graph for the hydrogen bond between HH12 atom of Arg210 and O1 atom 

of inhibitor is show in Figure 5.14. This graph showed slight shift in orientation. This 

displacement can be due to general solvent pull on the system. The ligand moved a little 

closer to the protein atom as this was near to centre according to Figure 5.14d. Relative 

movement toward the protein can be described as an increase in the stability by adopting 

the hydrogen bond predicted by the docking. The maximum distance observed from the 

highest peak of distribution is within 1 Å at the start of simulation but at the end of 

simulation the coordinate’s distribution is reduced to an area of 0.5 Å. The graph of 

HH12 atom of Arg210 and O3 of ligand showed aless similar pattern in Figure 5.15. The 

ligand atom O3 also remained in the same position with respect to protein atom. The 

value of the area increased slightly at the end of simulation, but the distance from the 

highest peaks was still within 1 Å which is acceptable form for a hydrogen bond.  
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Figure 5.14: Axial Frequency Distribution of ligand O1 atom with respect to side chain 

terminal hydrogen atom HH12 of Arg 210 at first nanosecond of simulation (a, b) and 

last (c, d). (a) and (c) are the three point perspective of the graph while (b) and (d) are the 

top down perspective of the graph

Figure 5.15: Axial Frequency Distribution of ligand O3 atom with respect to side chain 

terminal hydrogen atom HH12 of Arg 210 at first nanosecond of simulation (a, b) and last 

(c, d). (a) and(c) are the three point perspective of the graph while (b) and (d) are the top 

down perspective of the graph 
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The ADF graph between Ile196 and ligand atom H18 depicted a similar pattern as 

depicted by RDF but there was still some movement observed at the 200 nanosecond 

(Figure 5.16). Surface area had decreased with an increase in the magnitude of the peaks 

observed in the graphs. Similarly, distribution of ligand atom H17 with respect to O of 

Leu198 showed a little variability at the end of the simulation (Figure 5.17). The graphs 

peaks magnitude slightly increased but the surface area also increased compared to 

beginning of simulation. A tilt of the ligand was also visible in the distribution. The data 

and AFD graphs showed that hydrogen bonds are retained by the complex during the 

course of the simulation.  

 

Figure 5.16: Axial Frequency Distribution of ligand H18 atom with respect to backbone 

carbonyl oxygen O of Ile 196 at first nanosecond of simulation (a, b) and last (c, d). (a) 

and (c) are the three point perspective of the graph while (b) and (d) are the top down 

perspective of the graph 
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Figure 5.17: Axial Frequency Distribution of ligand H17 atom with respect to backbone 

carbonyl oxygen O of Leu198 at first nanosecond of simulation (a, b) and last (c, d). (a) 

and (c) are the three point perspective of the graph while (b) and (d) are the top down 

perspective of the graph 

The aforesaid results suggested that the conformational changes in the structure of ASMT 

will possibly influence the normal signalling of melatonin in the human body and will in 

turn be connected with symptoms associated with this disease. Furthermore, the 

intertwining of helices first into turn and then in coil at the N-domain not only unveils the 

phenomena of conformational switching but also could be influential in the formation of 

physiologically active homodimer and in the efficient blocking of substrate binding site 

as reported by Brotos et al., (2003). Molecular dynamics simulations elucidated 

flexibility of the overall structure because of local reorganizations but the consistent 

binding of compound B22 with ASMT throughout the simulation run showed that B22 

can be a potential drug candidate due to tight binding. This information on key 
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interacting residues will be helpful for the confirmation of the connection of the function 

and structural variability of the system. The structural variability could provide 

significant insight into transient states of ASMT and their precise mechanistic 

explanation.  

5.3.3.6 Hydrogen Bond Analysis of BChE Complex 

The analysis of the hydrogen bond interactions along the MD trajectories illustrated an 

important hydrogen bond between the third catalytic traid residue, HIS438: H and O of 

inhibitor at a distance of 3.3 Å. This bond play an anchoring role in increasing the 

selectivity of inhibitors. Other observed dominant hydrogen bonding interactions are 

shown in Figure 5.18. The MD simulations clearly show that the inhibitor easily fits into 

the active enzyme pocket. A total of nine hydrogen bonds are formed between the 

inhibitor and the active site residues, suggesting that a complex with these hydrogen 

bonds will be stable at room temperature. 

 

Figure 5.18: Important Hydrogen bond interactions playing role in stability of protein-

ligand docked complex 
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5.4 CONCLUSION 
Docking and scoring have evolved significantly over the past years. It has become a 

valuable tool in drug discovery process. In case of ASMT, our goal was to explore the 

feasibility of four different docking approaches: (AutoDock-Vina, GOLD, FRED and 

FlexX) to find out the lead compound. We compared the predictive power of each 

docking and scoring function. Results suggest that all docking programs studied here do a 

reasonable job in docking and should aid significantly the drug discovery process. 

However, AutoDock-Vina consistently outperformed as compared to other programs and 

was found to be relatively more useful in blind docking pose prediction. Moreover, 

analysis of the docked ligands with the protein brought into focus some important 

interactions operating at the molecular level. The results of the ligand docking showed 

that the binding pocket involves the amino acid residues Ser213, Ser98, Val97, Thr100, 

Val211, Ser227, Arg210, Arg280, Phe212, Leu198, Ile198, Ser104, Thr195, Leu160, 

Tyr327, Tyr108, Trp117, Leu326, Phe29, Phe19, Gln334, Asn330, Ala159, Lys107, 

Met105. The important hydrogen bond forming amino acid residues was Arg280, 

Thr100, Tyr108, Asn330, Trp117 and Tyr327.  

Vigilant dynamics analysis of the trajectories using RMSD highlighted some novel 

conformational movement occurred at starting residues of the N-terminal of the protein, 

speculating the time dependent behaviour of ASMT accompanied by local structural 

reorganization. This event could be responsible for the structure reorganization required 

for the binding of cofactor or substrate. Rg analysis revealed a good agreement with 

RMSD values. RMSF of the entire system illustrated some residues at N-terminal of 

protein have the highest fluctuation rate during simulation. The active site residues 

showed fewer fluctuations indicating the rigid bonds and lesser flexibility in that region. 

Analysis involving RDF illustrated that Arg210, Leu198 and Ile196 were the main 

residues involved in stable interaction with B22. Detailed analysis using a novel approach 
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AFD for distribution of bonding atoms in simulation trajectory depicts the retention of 

the hydrogen bonds by the complex throughout the simulation time frame. As a 

conclusion, apart from the structural stability comparison, the dynamics of the interacting 

residues well agreed with our docking postulation and further confirmed the activity of 

B22 as a potent lead. Like ASMT, molecular dynamics analysis of analogue docked to 

BChE further confirms our previously postulated docking results. The BChE-ligand 

docked complex remained stable throughout the MD run. Interaction of inhibitor with 

one of residue of catalytic traid concluded that the synthesised compound might be use in 

future to develop more potent drugs, with less toxic effects, against AD increases the 

confidence The experimental validation of computational results, involving synthesised 

compound and BChE, is under way and it would be an extension of this work. This study 

provides significant suggestions that might be helpful for the treatment 

ofneurodegenerative disorders. 
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6.1 BACKGROUND OF STUDY 

This chapter deals with development of a MD modeling procedure that allows the 

study of collagen type III with an imaging agent which consists of a small peptide-

binding sequence coupled to Gadolinium (Gd) and to check which peptide among the 

selected ones will be the best inhibitor of collagen. Imaging agent was designed in vivoto 

identify a biomarker found within early stage vulnerable atherosclerotic plaques.  

6.1.1 Atherosclerotic plaques 

Atherosclerosis is an ongoing and chronic inflammatory disorder which is illustrated 

through several particular events which take place at cellular as well as molecular level 

(Davies, 1995) (Figure 6.1). In an early stage inflammatory lesions (“fatty streaks”) 

developed as a result of accumulation of macrophages and lipids (Behrendt and Ganz, 

2002), these lesions later result in a fully developed plaque. On the lumen side of plaque 

a main lipid core surrounded by an endothelialized fibrous cap is present. The fibrous cap 

contains vascular smooth muscle cells and connective tissue, particularly collagen. Since 

the plaque develops, the vessel grows and, consequently, flow of blood is conserved, a 

procedure acknowledged as positive remodeling. As a result, big atherosclerotic lesions 

can mount up with no compromise on flow or generating symptoms. The artery 

ultimately can enlarge no further, and the plaque starts to intrude in the lumen of the 

vessel, resulting in a blood flow obstacle. Atherosclerosis stays clinically quiet til either 

of two incidences. The lesion can extend to the time when it confines blood flow, 

resulting in signs of erratic ischemia, for instance angina, throughout times of additional 

requirements. On the other hand, the fibrous plaque can corrode or break, bringing about 

the exposure of lipid and sub-endothelial collagen (Fuster et al., 1996). The results of 

plaque burst vary from total breakdown of the thrombus through remote fibrinolytic 

pathways by succeeding recuperating of fibrous cap and endothelium to unrestrained 

thrombosis along with whole lumen closure. Hence, aforesaid incident can vary beside 



Chapter 6                                                                                       Biomarker identification using Collagen 
 

    
    
     

Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 
 

 
 

 
 

 

126 126 

being clinically quiet at one end by precipitation of an intense vascular incident, for 

example unsteady angina, stroke or myocardial infarction (contingent upon the vessel 

required), to unexpected death at the other end (Davies, 1995). 

 

Figure 6.1: Progression of atherosclerosis. VSMC, vascular smooth muscle cells 
(adapted from: Weissberg, 2000) 
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6.1.2 Collagen 

Collagens comprise a main portion of the extracellular matrix in the atherosclerotic 

plaque, where they add to the potency and reliability of the fibrous cap, and besides that 

regulate cellular reactions via definite receptors and signaling pathways. Collagen is the 

most plenteous protein of vertebrates, it consist of three polypeptide chains twined 

around one another. Normally, the triple helix is composed by two identical chains and a 

third chain that differs in its chemical composition. The main constituents of collagen are 

glycine, which is present on nearly each 3rd amino acid, proline that makes up about 28% 

of collagen, and two rare derived residues, hydroxilysine and hydroxyproline. The twenty 

eight human collagens have various fundamental activities in tissue development, 

strength and homeostasis. Many human disorders are associated with the mutations in 

genes (collagen) (Myllyharju and Kivirikko, 2004). Type I–III, V and XI of collagen 

arrange in supramolecular fibrils that provide mechanical strength to the body of 

vertebrate. Typical collagen fibrillogenesis in vivo needs variety of globular proteins 

interfacing against the triple helix, for instance tiny leucine-rich repeat proteoglycans 

(Ameye and Young, 2002). A varied group of transmembrane collagen receptors is 

responsible for cellular contacts with collagen. Aforesaid group comprises of discoidin 

domain receptors (DDRs), Ig superfamily members and integrins (Leitinger and 

Hohenester, 2007; Heino, 2007; Sweeney et al., 2008). In spite of the fact, that the triple 

helical structure of the collagen has been identified for greater than 50 years (Brodsky 

and Persikov, 2005), the interactions between protein and collagen remain inadequately 

known on the atomic levels. The collagen peptide is a straight triple helix of ~95Å length 

(Figure 6.2). Along the collagen no variation in the triple helix twist is reported: the GPO 

rich end is near to a perfect 75 helical symmetry, while the rest of the helix presumes a 

twist somewhere amid 75 and 107 symmetry (Bella et al.,1998; Okuyama et al.,2006).   

Among the different collagen types, type III has been considered as a key 

collagen type responsible for myocardium infraction and atherosclerotic plaques 
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(McCullagh and Balian; 1975, Weiet al., 1999). The fibrillar-forming collagens, type I 

and III, are the main constituents of the extracellular matrix(cardiac) (Weber et al., 1989). 

The number and allocation of these fibrillar in the myocardium are vital parameters of 

cardiac functions, and modifications in the number and/or division of collagen can 

influence the working of the heart (Caulfield and Borg, 1979). 

 

 
Figure 6.2:  Structure and characterization of collagen 

Collagen type III consist of many charged amino acids in Xaa and Yaa locations of its 

chain (Ala-Kokko et al., 1989) (Figure 6.3). This collagen, after the collagen type I, is 

second most ample collagen in human tissues and is mainly located in tissues showing 

flexible characteristics, such as blood vessels, skin and internal organs. Type III is 

customary in quickly developing tissue, especially at the initial phases of lesion repair 

(Haukipuro et al., 1987; Liu et al.,1997). Structurally, type III is a homo-trimer formed of 

three α1 (III) chains and look like other collagens (fibrillar). A main characteristic in the 

arrangement of this type is a hypothetical cystine knot or disulfide, which is situated 

among the C-terminal telopeptide and the triple helical area (Bulleid et al., 1996; 

Allmann et al., 1979). The knot is created by three inter-chain disulfide bridges, and it 
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notably balances the helical structure. The immovability bestowed by disulfide knot has 

been effectively utilized to generate collagenous peptides that alternatively would be 

excessively unsteady, making it impossible to consider (Mechling and Bachinger, 2000, 

Boulegue et al., 2008).  

 

Figure 6.3: Crystal structure of collagen type-III (2V53) 

6.1.3 Gadolinium-DOTA  

Gadolinium chelates (Gd3+-chelates) have been widely used as contrast agent in magnetic 

resonance imaging (MRI) and as research tools in biomedicine.There are currently about 

ten commercial Gd-chelates clinically approved for medical uses (Villaraza et al., 2010; 

Hermann et al., 2008), which can be sorted into two groups, cyclic and acyclic Gd-

chelates and their derivatives. Diethylenetriaminepentacetic acid (DTPA) and 1, 4, 7, 10-

tetraazacyclododecane-1, 4, 7, 10-tetraacetic acid (DOTA) are the most often used 

ligands. These chelates can be further coupled with various biomarkers to function as 

molecular probes for MRI (Hanaoka et al., 2008; Park et al., 2008; Tan and Lu, 2011; 

Wu et al., 2012; Zhou et al., 2013).As molecular imaging probes, they are usually more 

reliable than other probes because their structure can be precisely designed and regulated 

through chemical methods. 
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Keeping in view the role of collagen in plaques atherosclerosis and reliability of 

Gd-DOTA as imaging agent, we have designed this study to report a novel molecular 

imaging probe to better define cardiovascular risk at an early stage and to validate the 

postulations of experimentalist.  

6.2 METHODS 

6.2.1 CHARMM Force-Field Parametrization of Gd-DOTA 

If a novel ligand or residue is to be simulated using the CHARMM FF potential, it is 

necessary to generate the appropriate ligand parameters to input into, in accordance with 

a stringent parametrization philosophy. The parameters for our ligand DOTA chelating 

Gd were not available so the required parameters were developed for this study by 

Jorgensen Christian, my PhD fellow at Kings’ college.  

Within the CHARMM FF, a novel CHARMM General Force Filed (CGenFF) 

(Brooks et al., 2009) with a unified parametrization philosophy is available and it 

promises to counter the challenge of generating transferable parameters in the chemical 

space of drug-like molecules (Vanommeslaeghe et al., 2010). In Figure 6.4 we presented 

a drug-like ligand considered in this study, which is encompassed by CGenFF. 

 
Figure 6.4: DOTA ligand chelating Gd(III) 
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Because of the large size of the drug-like molecular space, estimated to be of the order of 

1033 molecules (Polishchuk et al., 2013), the CGenFF must be sufficiently complex in 

architecture to encompass parameters for all types of molecules. 

Within the CHARMM FF philosophy, the first step in the parametrization of a 

new ligand consists of a quantum mechanical (QM) geometry optimization at the MP2/6-

31G* level of theory (MP2/6-31+G* for anions), which represents a good compromise 

between computational cost and accuracy, by including a correlation to the Hartree-Fock 

(HF) energy. Polarization functions are added on heavy atoms. MP2 calculations consist 

of a Self-Consistent-Field (SCF) Hartree Fock (HF) calculation and a Moller-Plesset 

(MP) correlation energy correction  (Moller and Plesset, 1934) truncated at second order. 

For anoins molecules, diffuse functions must be added to non-H atoms, in order to 

reproduce bulk behavior (Mayne at al., 2013). 

The second step consists of estimating ligand-solvent QM interaction energies at 

HF/6-31G* level, using the TIP3P water model (Jorgensen et al., 1983 ). This level of 

theory is chosen for results to be comparable with the rest of the CHARMM FF. The 

TIP3P water molecule is represented by three electrostatic point charges, with partial 

positive charges assigned to the hydrogen atoms, and a partial negative charge to oxygen. 

No dispersion interaction involving the hydrogen is necessary, because water-water 

dispersion interactions are evaluated by treating the water molecule as a single point 

charge located on the oxygen (Jorgensen et al., 1983). Each TIP3P water molecule is 

oriented with respect to the ligand to either act as (i) h-bond donor, or (ii) as h-bond 

acceptor. The resulting QM interaction energies are used as target data in the fitting of the 

atomic partial charges. The optimisation of partial charges is done with the Monte Carlo 

Simulated Annealing (MCSA) algorithm by Kirkpatrick et al.,(1983). Then, a downhill 

gradient algorithm search actually locates the local minimum on the Potential Energy 

Surface (PES).  

Accurate bulk solution behavior of neutral molecules is dealt with by following 

the recommended practice 22 23 to scale the water-ligand interaction energy by 1.16 and 
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the QM water-ligand hydrogen-bond distance is offset by -0.2 Å, in order to overestimate 

the bond dipole moments, allowing an accurate reproduction of the higher polarisabilities 

of bonds in the condensed phase as compared to QM gas phase data (Jorgensen et al., 

1983). 

A tool in Visual Molecular Dynamics (VMD) (Humphrey et al., 1996) exists to 

parametrised molecules in CGenFF, by fitting MM data onto benchmark ab initio QM 

data. The automated fitting procedure Force Field Toolkit (Mayne et al., 2013) (FFTK) 

proposes to use three output quantities of the ab initio MP2 calculations, (i) the net dipole 

moment of the ligand, (ii) the minimum ligand-TIP3P distance, (iii) the minimum ligand-

TIP3P interaction energy. This data is input into objective scoring function 

charge=interaction + fdipole, shown in (2.6). The CHARMM MM dataset is generated by 

doing an MCSA fit onto the QM benchmark, Escale, and dscale ensure dimensionless, 

additive quantities for the energy and distance: 

F interaction = ∑ 𝑤𝑤i𝑖𝑖𝑛𝑛𝑡𝑡𝑒𝑒𝑟𝑟𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑏𝑏𝑛𝑛 ��EQM –EMM

𝛥𝛥scale
�

2
+ 𝑤𝑤dist  �

dQM –dMM

𝑑𝑑scale
�

2
�                            (6.1) 

 
Automated procedures like FFTK emphasize ‘rapid’ timescale for parameter generation, 

but question about validity of data fitting exists, and overfitting is a general concern. 

Once the ligand charges are optimised, the Hessian of the system containing the second 

derivatives of the potential energy H = (∂2𝛥𝛥/∂ξ2)ij along a distance-angle coordinate 

q={bi, θi} (Mayne et al., 2013).  

This Hessian is calculated at the MP2/6-31G* level. The eigenvalues extracted are 

used as target data for fitting bonded parameters (equilibrium bond length b0 and force 

constant Kb) and angle parameters (equilibrium angle θ0 and force constant Kθ). The 

automated fitting procedure is based on a scoring function incorporating the minimized 

value q of bond lengths and angles, in the form: (Mayne et al., 2013) 

 

F bond =   ∑ 𝑤𝑤i𝑏𝑏𝑏𝑏𝑛𝑛𝑑𝑑 ,𝑎𝑎𝑛𝑛𝑎𝑎𝑎𝑎𝑒𝑒 ��qQM –qMM

𝑞𝑞scale
�

2
+ 𝑤𝑤E  �𝛥𝛥𝑑𝑑𝑖𝑖𝑏𝑏𝑡𝑡

𝑄𝑄𝑀𝑀 −  𝛥𝛥𝑑𝑑𝑖𝑖𝑏𝑏𝑡𝑡𝑀𝑀𝑀𝑀�
2
�           (6.2) 
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Torsions are parameterized by fitting MM energies to a QM system PES. The energy is 

obtained by performing dual torsional scans of magnitude χ =+ 90 at the MP2/6-31G* 

level of theory. The fitting is done with a special variant of the MCSA algorithm 

developed by Guvench and Mackerell (Guvenc and MacKerell, 2008; Guvench and 

MacKerell, 2009) to simultaneously fit all dihedral parameters and minimize the RMS 

energy given in equation, where c is defined as a vertical translation constant to align the 

QM reference data, and wi is a weighting factor that can be used to discriminate between 

the different benchmark energy contributions (Hatcher, 2009). 

 

            𝑅𝑅𝑀𝑀𝑆𝑆𝛥𝛥 =  �
∑ 𝑤𝑤i𝑖𝑖 �𝛥𝛥𝑖𝑖

𝑄𝑄𝑀𝑀−𝛥𝛥𝑖𝑖
𝑀𝑀𝑀𝑀 −𝑐𝑐�

2

∑ 𝑤𝑤i𝑖𝑖
                                                   (6.3) 

The automated Force-Field Toolkit (FFTK) fitting procedure of dihedrals uses a scoring 
function of similar fuctional form: (Mayneet al., 2013) 

          𝑓𝑓𝑑𝑑𝑖𝑖ℎ𝑒𝑒𝑑𝑑𝑟𝑟𝑎𝑎𝑎𝑎 = ∑ 𝑤𝑤i�𝛥𝛥𝑖𝑖
𝑄𝑄𝑀𝑀 − 𝛥𝛥𝑖𝑖𝑀𝑀𝑀𝑀  − 𝑐𝑐�

2
𝑐𝑐𝑏𝑏𝑛𝑛𝑓𝑓𝑏𝑏𝑟𝑟𝑚𝑚𝑎𝑎𝑡𝑡𝑖𝑖𝑏𝑏𝑛𝑛𝑏𝑏           (6.4) 

6.2.2 Peptides  

Five different peptides were selected from literature for current study, each peptide 

serving as an inhibitor of collagen type III. In order to obtain the coordinates of peptides 

we searched RCSB PDB. For those peptides whose exact amino acid sequences was not 

available, the initial models were obtained by computationally modifying available 

crystal structures of α-glucosidase (Protein Data Bank code 3N04) (Tan et al., 2010)  and 

crystal structure of Blasticidin S (4L6J) (Svidritskiy et al., 2013). The peptide in the 

crystal structure (3N04) contains FIRSGKCIPV recognition motif, which was converted 

to GKCILY and GELYKCILY. The peptides DARRSHHAL and KELLIKG, of 4L6J 

were converted to DARKSEVQK, KELNLYV, respectively using the mutagenesis 

function in VMD.  
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6.2.3 Molecular Docking 

The docking of collagen and different peptides was performed using the data-driven 

docking program HADDOCK server (De Vries et al., 2010). The active residues for each 

system were defined manually. HADDOCK server automatically defines the passive 

residues around the active pocket The HADDOCK docking included a rigid body energy 

minimization step resulting in 1000 structures. Among the generated structures, the best 

200 structures undergo a semi flexible simulated annealing step and then a final low 

temperature flexible refinement in explicit waters. 

6.2.4 Simulation Protocol 

We performed simulations in two phases: in first phase MD simulations of five different 

systems containing collagen type III and Gd-DOTA attached on N-terminal of peptides 

were run using NAMD2.6 and the CHARMM-27 all-atom force field with CMAP 

correction (MacKerell et al., 1998). Additional solvent water molecules were added using 

the Solvate plug-in of VMD. Sodium and chloride ions were added to neutralize the 

system. The systems were aligned to the z-axis, and were centered in the xy plane.The 

time step was set to 2 fs, SETTLE algorithm (Miyamoto and Kollman, 1992), and the 

coordinates were saved every 10 ps. Long-range electrostatic interactions were treated by 

the Particle Mesh Ewald algorithm (Essmann et al., 1995), and a 10 Å cutoff was used 

for the van der Waals interactions. Langevin dynamics controlled the temperature at 300 

K, with a damping factor of 5 ps-1. The Nose Hoover Langevin pressure control was used 

to keep a pressure of 1 bar; the piston period was 200 fs, and the damping time scale was 

100 fs (Feller et al., 1995; Martyna et al., 1994). 

NAMD allows the use of PBC to avoid surface effects at the boundary of 

simulated systems. In pre-equilibration phase, periodic boundary conditions were applied 

at the faces of the unit cell in order to link the large chains and preserve the conformation 

of crystal structure of the collagen. To equilibrate the atoms around the channels, 2000 
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steps of energy minimization and 500 ps of MD were performed, with restraints applied 

to the backbone atoms of the protein. Afterward, 50 ns of unrestrained MD were 

performed for all the systems.  

In the second phase we shifted Gd-DOTA on the C-terminal of peptides using 

lysine as linker and then followed the same MD procedure as mentioned above for each 

system.  

 
Figure 6.5: Solvate system 

In order to further confirm our results we repeated the whole simulation process 

for all the systems (with and without lysine) (Table 6.1). 

Table 6.1: Simulated systems 

System Temperature 
(K) 

 

Simulated Time 
(ns) 

Second Run 
(ns) 

DOTA-KELNLVY 300 50 50 
DOTA-TEFPLRMRDWLKN 300 50 50 
DOTA-GELYKCILY 300 50 50 
DOTA-GKCILY 300 50 50 
DOTA-DARKSEVQK 300 50 50 
KELNLVY-K-DOTA 300 50 50 
TEFPLRMRDWLKN-K-DOTA 300 50 50 
GELYKCILY-K-DOTA 300 50 50 
GKCILY-K-DOTA 300 50 50 
DARKSEVQK-K-DOTA 300 50 50 
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6.3 RESULTS AND DISCUSSION 

6.3.1 Gd (III)-DOTA Parametrization 

Gadolinium (having oxidation state of +3) in complex with cheating agent DOTA is most 

commonly used in magnetic resonance imaging. CHARMM parameters for Gd+3 –DOTA 

were generated following the CGenFF philosophy. The ligand was initially screened in 

the Paramchem database 33-35 for pre-existing CHARMM parameters. Parameters 

generated in Parachem are assigned as a penalty value. Assigned parameters with high 

penalties above 50 need revalidation and possibly re-parametrisation. 

Parameters for the Gd-DOTA ligand compatible with version 2b7 of the 

CHARMM General Force-Field (CGenFF) were generated and validated using the Force-

Field toolkit plugin in VMD, after initial atom typing and assignment of parameters and 

charges by analogy using version 0.9.7 of the CGenFF program at paramchem.org (Table 

6.2). Torsional parameters were re-optimized using a QM potential energy scan at 

MP2/6-31G* level, and fitted using an automated MCSA torsional fitting algorithm. 

Firstly, a geometry optimization of Gd-DOTA was carried out at the MP2/6-31G* level. 

The optimized structure was used as a starting point for the generation of Gd-DOTA 

partial charges. For Gd-DOTA carboxylate oxygens, three TIP3P water are positioned to 

simulate the electrostatic interaction of Gd-DOTA in the bulk. The Gd (III) ion was 

assigned a partial charge of +3. The remaining structure was optimised to a final charge 

of -4, resulting in the final Gd-DOTA complex of charge -1. The resulting QM PES was 

used as the reference benchmark, and CHARMM MM partial charges were fitted onto 

this QM PES with MCSA algorithm (Figure 6.6). To validate, re-optimization of partial 

charges upon completion of the CGenFF parametrization procedure gave partial charge 

changes of less than 0.05 each, suggesting the initial round of partial charges were 

satisfactory. The Hessian matrix was evaluated for Gd-DOTA, to refit CG321-NG301-

CG321 angle (Kb = 60.872 and b0 = 96.30) and to calculate bond lengths (Table 6.3). 
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Table 6.2: CGenFF 36 atom type and partial charge assignment to DOTA 

 

Name Type Partial charge Name Type Partial charge 

C1 CG321 -0.058 C16 CG321 0.598 

C2 CG321 -0.058 N1 NG301 -0.440 

C3 CG321 -0.058 N2 NG301  0.450 

C4 CG321 -0.058 N3 NG301 -0.450 

C5 CG321 -0.058 N4 NG301  0.450 

C6 CG321 -0.058 O1 OG2D1 -0.510 

C7 CG321 -0.058 O34 OG2D2  -0.764 

C8 CG321 -0.058 O4 OG2D2 -0.760 

C9 CG321 0.013 O5 OG2D2  -0.760 

C CG321 0.510 O6 OG2D2 -0.760 

C11 CG321 -0.043 O7 OG2D2 -0.760 

C12 CG321 0.598 O8 OG2D2 -0.760 

C13 CG321 -0.043 H5 HGA2 0.090 

C14 CG321  0.598 H14-H36 HGA2 0.090 

C15 CG321 -0.043 GD1 GD 3.000 
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Table 6.3: Showing bonds of Gadolinium 

 

Bonds Kb b0 
CG321  NG301            
 

263.000 
 

1.474 
 

NG301  GD 95.0 
 

2.665 
 

OG2D2  GD 105.0 
 

2.365 
 

CG321  NG3P3 200.000 
 

1.4800 
 

CG2O3  OG2D2 525.00 
 

1.2600 
 

CG2O3  OG2D1 525.00 
 

1.2600 
 

 

For parametrization of dihedral potential∑ 𝐾𝐾𝜒𝜒 (1 + cos(𝑛𝑛𝜒𝜒 − 𝛿𝛿))𝑑𝑑𝑖𝑖ℎ𝑒𝑒𝑑𝑑𝑟𝑟𝑎𝑎𝑎𝑎𝑏𝑏 , PES 

scans of magnitude χ = + 90 were performed in intervals of 10. The backbone dihedrals 

shown are shown in Table 6.4.  
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Table 6.4: Showing the backbone dihedrals of Gadolinium 

Dihedral Kχ N Δ 

CG201-CG321-NG301-CG321 2.989 1 180 

CG201-CG321-NG301-CG321 2.496 2 0 

CG201-CG321-NG301-CG321 0.777 3 0 

CG203-CG321-NG301-CG321 2.042 1     0 

CG321-CG321-NG301-CG321 0.328 1 0 

NG2S1-CG201-CG321-NG301 0.400 1 0 

OG2D1-CG201-CG321-NG301 0.000 1 0 

OG2D1  CG2O3  CG321  NG301 1.146 2 180 

CG201-CG321-NG301-CG321 2.496 2 0 

CG321-CG321-NG301-CG321 2.997 2 0 

CG321-CG321-NG301-CG321 2.736 3 0 

OG2D2-CG203-CG321-NG301 1.146 2 180 

CG203-CG321-NG301-CG321 2.577 2     0 

CG203-CG321-NG301-CG321 1.820 3     0 

 

A periodic function with n=1 𝐾𝐾𝜒𝜒 (1 + cos(𝜒𝜒 − 𝛿𝛿)) constitute a harmonic well 

with a single minima. A periodic function with n=2𝐾𝐾𝜒𝜒 (1 + cos(2𝜒𝜒 − 𝛿𝛿)), is for a 

torsion that enforces anti (180o) or syn (0o) conformations, akin to a sp2-hybridised 

conformation whose PES is characterized by a double-minimum well separated by an 

energy barrier. A periodic term with n=3𝐾𝐾𝜒𝜒 (1 + cos(3𝜒𝜒 − 𝛿𝛿)), corresponds to a 

minimum PES with 3 minima, akin to a sp3-hybridised butane torsion.The NCSA 

dihedral fitting procedure for the OG2D2-CG2O3-CG321-NG301 and OG2D1-CG2O3-

CG321-NG301 dihedrals were fitted with n=2 function. The NG301-CG321-CG321-

NG301 dihedral was fitted with a linear combination of functions of n=1 and n=2 
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periodic functions. CG321-CG321-NG301 -CG321 and CG2O3-CG321-NG301-CG321 

dihedrals were fitted with a linear-combination of n=1, n=2 and n=3 periodic functions, 

as shown: 

𝐾𝐾𝜒𝜒 (1 + cos(𝜒𝜒 − 𝛿𝛿)) + 𝐾𝐾𝜒𝜒 (1 + cos(2𝜒𝜒 − 𝛿𝛿)) + 𝐾𝐾𝜒𝜒 (1 + cos(3𝜒𝜒 − 𝛿𝛿)) 

 

 

Figure 6.6: Proposed fitting of dihedrals of PES for [Gd-DOTA-R] 

 6.3.2 Molecular Docking 

HADDOCK generated 200 clusters of docking solutions for each system by using utilizes 

all the available experimental as well as bioinformatics data. Among generated clusters 

for all studies systems, we selected the best energy structure for each. Docking results are 

represented in Table 6.5.   

Table 6.5: Energy values for best docked complexes 

Complex Energy Complex Energy 

KELNLVY-Collagen -1989.2 DARKSEVQK-Collagen -3220.4 

GELYKCILY-Collagen -1796.6 GKCILY-Collagen -1824.3 

TEFPLRMRDWLKN-Collagen -2028.2   
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 6.3.3 Molecular Dynamic Simulations  

MD simulations were performed to get deeper insight into the behavior of Gd-DOTA 

attached peptides and collagen and to validate the experimental observations. Table 6.6 is 

showing the in vitro observations on the bases of which we analyse our systems using the 

MD. Molecular dynamic simulations results are tabulated in Table 6.7. 

 

Table 6.6: In vitro behavioral observations of DOTA coupled collagen inhibitors 

 

Systems Postulations Systems Postulations 

DOTA-KELNLVY Specific binding 

expected 

KELNLVY-K-DOTA Specific binding 

expected 

DOTA-

TEFPLRMRDWLKN 

Specific binding 

expected 

TEFPLRMRDWLKN-

K-DOTA 

Specific binding 

expected 

DOTA-GELYKCILY Non-binding 

expected 

GELYKCILY-K-

DOTA 

Non-binding 

expected 

DOTA-GKCILY Non-binding 

expected 

GKCILY-K-DOTA Non-binding 

expected 

DOTA-

DARKSEVQK 

Specific binding 

expected 

DARKSEVQK-K-

DOTA 

Specific binding 

expected 
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Table 6.7: Simulation results: RMASD in Å and hydrogen bond interactions within 3 Å of DOTA attached peptides docked with 

Collagen 

 

Systems Simulation 
Observations 
 

RMSD Hydrogen Bond Interactions 

DOTA-KELNLVY Stayed  2.3 GLN17:HE22---ASN147:ND2 2.1 
GLN17:NE2---ASN147:ND21 2.5 
GLN17:NE2---ASN147:ND22 2.9 
ASN15:HH21---LEU148:O 3.2 

DOTA-TEFPLRMRDWLKN Stayed 3.4 Lys227:O---Glu145:HN 2.3 
Hyp224:O---Arg149:HH 
Hyp224:O---Asp152:HT 2.8 
Met221:O---Trp153:HE1 3.5 
Hyp224:O---Asn156:OD2 1.8 

DOTA-GELYKCILY Stayed 1.2 Hyp109:OE---Tyr618:HH 2.9 
Hyp109:O--- Tyr618:HH 1.6 
Arg215:HE---Glu611:OE1 1.7 
Arg215:HH22---Glu611:OE2 1.9 
Arg215:HH22---Glu611:OE1 2.2 
Arg215:HE---Glu611:OE2 2.9 

DOTA-GKCILY Moved  ----- ---------- 
DOTA-DARKSEVQK Stayed 0.7 Arg81:HH12---Asp144:OD1 1.8 

Arg81:HH12---Asp144:OD2 2.5 
Arg81:HH22---Asp144:OD1 2.7 
Arg81:HH22---Asp144:OD2 1.7 

KELNLVY-K-DOTA Stayed 1.9 Met211:O---Hyp150:HH 2.1 
Arg15:HH22---Glu145:OE2 1.8 
Arg15:HH11---Glu145:OE2 2.7 
  Arg15:HH11---Glu145:OE1 1.6 
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  Arg15:NH2---Glu145:OE1 3.3 
TEFPLRMRDWLKN-K-DOTA Stayed 3.0 Gly222:O---Trp153:HE1 3.0 

Hyp224:O---Arg149:HH22 2.2 
Hyp224:O---Arg149:HE 1.8 
Met221:O---Trp153:HE1 2.1 

GELYKCILY-K-DOTA Stayed 4.7 Gly210:HN---ILE616:O 1.7 
Gly110:O---Tyr618:HN 1.9 
Hyp109:OE---Tyr618:HN 3.9 
Hyp109:O---Tyr618:HN 2.7 

GKCILY-K-DOTA Stayed 1.7 Gly200:O---Tyr615:HH 2.9 
Gly200:O---Tyr615:HH 1.7 
PrO211:N---Tyr615:HH 3.5 

DARKSEVQK-K-DOTA Stayed 3.7 Gly122:O---Arg146:HH 3.2 
Gly122:O---Arg146:HE 3.3 
Met121:O---Arg146:HH 1.7 

 

Stayed signifies that the peptide attached with DOTA remains close to collagen during 50ns rn. 

Moved signifies that the peptide moved away from the collagen 
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All studied systems except DOTA-GELYKCIL and GELYKCIL-K-DOTA, 

behaved well and remained stable during MD run.  Results obtained were in accordance 

to experimental postulations. It was expected that GELYKCIL attached to DOTA will 

move away from the collagen and no binding will occur but MD results were different 

(Table 6.7), suggesting that this peptide coupled with DOTA might also be used as an 

imaging probe along with other selected peptides. Results for DOTA-GKCILY and 

GKCILY-K-DOTA illustrated that the peptide having DOTA on N-terminal moved away 

from the collagen as expected but in other cases it stayed close to collagen. This signifies 

that peptide (GKCILY) having DOTA attached on C-terminal using Lys as linker might 

play an important role in determining the vulnerability of plaques. Secondly, systems in 

which DOTA was moved to C-terminal of peptide, using lysine as linker, resulted in 

equally stable complexes. Lys residue was added to peptide because we did not want to 

compromise the binding of the peptide to the target. Lysine has an extra amide so the 

conjugation can be done through this amine, keeping the peptide conformation as close as 

possible to the previous version. 

In the light of results obtained, it can clearly be depictedthat all the studied 

peptides (except DOTA-GKCILY) might be used with Gd-DOTA to design safe and 

effective imaging agents.These imaging agents when hit the target, will produce MRI 

imageable signals. With the help of these signals the clinician will be able to detect and 

characterisevulnerable plaques and will be able to monitor the non-invasive disease 

progression. 

6.4 CONCLUSION 

Cardiovascular disorders are the main cause of death in the rising world and 

illustrate a tremendous clinical load. Atherosclerosis is the chief contributor to the 

pathology of severe cerebral and myocardial thrombosis. Though major progress has 

been made in the prime prohibition of cardiovascular illness, hazard stratification remains 

problematic in substantial sections of the population. It is currently broadly 

acknowledged that the level of coronary artery stenosis is not prescient of the danger of 



Chapter 6                                                                                       Biomarker identification using Collagen 
 

 
    

 
Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 

 
145 145 

plaque burst and resulting thrombosis at that area. Clinical risk assessment is practical yet 

may drop analytical value in the substantial portions of the population at middle hazard. 

In spite of the expansion of new estimations to stratify clinical hazard in people at middle 

hazard, for example, the recognition of coronary calcification by calculated tomography 

or serum C-reactive protein, there is still a need for new “molecular imaging probes” to 

better describe cardiovascular hazard and lead treatment all the more reasonably. In this 

regard our current study is a small step towards the development of novel imaging agents 

for curing the patients at an early stage of atherosclerotic plaques.  
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7.1 BACKGROUND OF STUDY 

Lysosomal acid lipase (LAL; EC 3.1.1.13) is an essential enzyme which plays a 

central role in the hydrolysis of cholesteryl esters and triglycerides to generate free fatty 

acids and cholesterol in the lysosome. Cholesteryl esters and triglycerides are delivered to 

lysosomes by means of low-density lipoprotein (LDL) receptor pathway. LAL 

contributes to the homeostatic control of plasma lipoprotein levels and the prevention of 

cellular lipid overload in liver, spleen, and macrophages (Assmann and Seedorf, 1995). 

The free release of cholesterol within the cell mediated by human LALhas different 

effects. It results in the downregulation of endogenous cholesterol synthesis by negative 

feedback to the rate-limiting enzyme, 3-hydroxyl-3-methylglutaryl-CoA reductase 

(Brown and Goldstein, 1980) and also in the downregulation of LDL uptake that is 

mediated by transcriptional regulation of the LDL-receptor gene via membrane-bound 

transcription factors (SREBP-1 and SREBP-2) released by sterol-regulated proteolysis 

(Wang et al., 1994; Briggs et al., 1993; Hua et al., 1993). It also plays an important role 

in the upregulation of cholesterol esterification by direct activation of fatty acyl 

CoA:cholesterol acyltransferase (Goldstein et al., 1975). Deficiency of hLAL results in 

either Wolman disease (WD) or cholesteryl ester storage disease (CESD). These are 

hereditary diseases and inherited as autosomal recessive disorders. WD is a severe 

infantile-onset variant with death usually occurring before one year of age. 

Hepatosplenomegaly, steatorrhea, abdominal distention, adrenal calcification, and failure 

to thrive are observed in the first week of life. Massive intracellular storage of both 

cholesteryl esters and triglycerides is observed in the liver, adrenal gland, and intestine 

(Assmann and Seedorf, 1995; Hoeg et al., 1984). CESD is a milder, later-onset disease. 

Lipid deposition is widespread although hepatomegaly may be the only clinical 

manifestation. Survival beyond middle age can occur with development of premature 

atherosclerosis. Niemann-Pick type C (NPC) disease is another autosomal recessive 

lysosomal storage disorder which is characterized at the cellular level by abnormal 
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accumulation of cholesterol and other lipids in lysosomal storage organelles. Lysosomal 

acid lipase (LAL) has been recently identified as a potential therapeutic target for NPC 

(Rosenbaumet al., 2010). Advances in the field of computational biology leads to design 

of small drug like molecule with better biological activity and minimal side effects for a 

disease-specific target (Azam et al., 2014; Azam et al., 2012). Current bioinformatics 

tools can reduce the time needed to prioritize lead compounds. Scientists have been 

paying more attention to in silico approaches since the first peptide-based HIV protease 

inhibitors were developed (Roberts et al., 1990), followed by a target for hypertension 

(Blundell et al., 1983), inhibitors of the influenza virus (Joseph, 1999)and H5N1 avian 

influenza (Russell et al., 2006; Von Itzstein et al., 1993), using a structure-based drug 

design (DesJarlais et al., 1990; Fernandez et al., 2007 ; Gangjee et al., 2008; Ghosh et al., 

2008). Even with such advances, designing a novel anti-cancer drug that works 

effectively on a patient is still out of reach. Considering the role of protein structures in 

predicting protein function, we assume that the complexity of each disease can be 

unraveled if the structure of disease-associated molecules can be accurately visualized in 

three dimensions at the atomic level. The protein structure provides information about the 

precise position of each atom and molecules present in crystallographic forms. This helps 

in elaborating the location of an active site at the molecular surface of the protein 

structure where active ligands can be placed. 

In an effort to identify potent and effective inhibitors that modulate cholesterol 

homeostasis, a thorough search has been conducted in current study using various 

computational approaches.  

7.2 METHODS 

7.2.1 Homology Modeling 

The sequence of human LAL (P38571) was obtained from Uniprot (www.uniprot.org). 

Like other proteins discussed formerly (chapter 3, 4), the dog gastric lipase (PDB Code: 

1K8Q_A) was selected as template (Roussel et al., 2002) as a result of BlastP. Figure 7.1 
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is illustrating the steps followed for generating the 3D model for LAL. The resultant 

model was evaluated and refined by already mentioned tools and parameters (chapter 3 

and 4). 

 

 

Figure 7.1: Comparative model of LAL sequence using MODELER 

7.2.2 Active site prediction 

For the active site identification a pairwise sequence alignment between target and 

template was carried out and conservation of critical residues in the target proteins 

corresponding to the template was identified (Figure 7.2). The molecular docking study 

ofmodeled target protein and its inhibitors was performed for in silico validation of its 

binding sites. Important residues of pocket identified as a result of docking are shown in 

Table 7.1. 
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Figure 7.2:Pairwise sequence alignment of query with template (PDBID: 1K8Q_A)from 

Doggastric lipase. The conserved regions are highlighted 

Table 7.1: Active site residues of LAL 

Amino acids one letter code 
HIS 298 

LEU 67,195,213,239,234 

ALA 120 

ASP 36, 124 

PRO 191,264 

ARG 100 

TYR 38, 129, 299, 307 

MET 192,272 

PHE 207, 212 

LYS 128, 294 

SER 153 

TRP 289 

GLU 117,125 

H 

L 

A 

N 

P 

R 

Y 

M 

F 

L 

S 

W 

E 

 7.2.5 Virtual Screening 

Virtual Screening (VS) is a rigorous process of finding ligands with required properties 

from large chemical databases. Initially, natural products (NPs) dataset of 0.18 million 
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ligands was downloaded from ZINC database 

(http://wiki.bkslab.org/Index.php/Natural_products_database). The next step was to filter 

the ligand according to ADME/Tox(Irwin and Shoichet, 2005) filter, for this purpose 

FILTER program (OpenEye, Inc., v2.2) was used with standard drug-like filter file based 

on Lipinski’s rule with only one violation of rule allowed (Lipinski et al., 2001; Sala et 

al., 2011). Compounds which fulfill this rule are active when orally administered to 

humans (Sala et al., 2011).In the next step, structure based 3D VS was performed using 

ROCS program (OpenEye, Inc., v2.2). ROCS works on shape-based overlays of 

conformers of two compounds and compare Guassian-based overlap. In this experiment 

scoring function of shape Tanimoto score > 0.5, the ImplicitMills-Dean force field and 

color optimization mode was utilized. The basic step for 3D shape analysis is selection of 

reference molecule for this purpose, the structure of compound orlistat which is 

experimentally proved as inhibitor of LAL was obtained from DrugBank (Wishart et al., 

2006). The structure was subjected to energy minimization using Chimera with AMBER 

parameters to acquire most stable configuration of ligand. Results of ROCS program 

were submitted to EON program (OpenEye, Inc., v2.2) to carry out comparison on the 

basis of shape and electrostatic potential with cutoff for Electrostatic Tanimoto combo 

score (ET_combo) values equal or greater than 0.850. The ET_combo is the sum of the 

Shape Tanimoto (ST) and the Poisson-Boltzman Electrostatic Tanimoto scores, which is 

quantitative measure of three dimensional overlap and comparison of electrostatic 

potential of two small compounds respectively. The OMEGA software (OpenEye, Inc., 

v2.2) was used to construct conformer library for resulted virtual hits. Two hundred 

conformers were generated for each hit with RMSD value below 0.8 Å and a database 

was created with best conformations. The best conformations of virtual hits were then 

minimized using Chimera for docking studies. 

 7.2.6 LAL Inhibitors from Literature 

2D structures of LAL inhibitors were sketched using ChemOffice 2004 and saved in pdb 

format (Table 7.2). IC50 values of thirty seven inhibitors selected from literature were in 

the mid-nanomolar range (Rosenbaum et al., 2010; Rosenbaum et al., 2009; Chioua et 

http://wiki.bkslab.org/Index.php/Natural_products_database
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al., 2009; Lin et al., 2003). The conformational energies of inhibitors were minimized by 

UCSF Chimera. The minimized structures were then employed for docking analysis. 

 

Table 7.2: Chemical structures of lysosomal acid lipase inhibitors and their molecular 
weight and logP values 

S. No. Ligand Name Structure Molecular Weight logP 
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MeMe

Me
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327.37 

 

 

 

2.74 
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ZINC00308207 

 

 

 

 

303.38 

 

 

 

4.56 
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3 

 

 

 

ZINC00472859 

 

 

 

 

275.43 

 

 

 

3.88 

 

 

 

4 

 

 

 

ZINC00488455 
 

 

 

 

261.27 

 

 

 

0.68 

 

 

 

5 

 

 

 

ZINC00489720  

 

 

 

297.43 

 

 

 

1.62 

 

 

 

6 

 

 

 

ZINC00489722 

 

 

 

 

297.43 

 

 

 

1.62 
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392.4 

 

 

 

2.47 
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356.33 

 

 

2.91 
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412.57 

 

 

 

2.26 

 

 

 

10 
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432.9 

 

 

 

0.37 
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11 

 

 

ZINC03843937 

 

 

 

272.38 

 

 

3 

 

 

 

12 

 

 

 

ZINC03852730  

 

 

 

286.41 

 

 

 

3.71 

 

 

 

13 

 

 

 

ZINC04260931 

 

 

 

 

388.37 

 

 

 

-0.14 

 

 

 

14 

 

 

 

ZINC04260932 

 

 

 

 

372.38 

 

 

 

0.76 
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0.57 
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N
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N
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2.04 
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7.2.7 Docking Protocol 

In the current work, in conjunction with efforts rendered for the identification of novel 

potent and selective LAL inhibitors, a docking study on LAL using AutoDock and 

AutoDock-Vina was conducted (Morriset al., 1998; Trott and Olson, 2010). Docking 

experiment was performed with the default parameters for the acquisition of precise 

results. Docking was performed on a Linux workstation (openSUSE11.4) with an Intel 
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Pentium D processor (3.0 GHz) and 1 GB of RAM. Figure. 7.3 is depicting scheme of the 

current study. 

 
Figure 7.3: Hierarchical view of the methodology 

 

7.3 RESULTS AND DISCUSSION 

 7.3.1 Homology Modeling 

Based on template identity and PROCHECK values dog gastric lipase was selected as 

best template for human LAL. The selected template has 93% query coverage, 60% 

sequence identity with bit score greater than 100. PROCHECK values for particular 

template have 84% residues in most favored region, 15% residues in additionally allowed 

region and no residue in disallowed region. From five models of human LAL generated 

by MODELLER, the best one was selected on the basis of DOPE score, Ramachandran 

plot values and, over all quality factor computed by PROCHECK program. The 

assessment of the predicted model generated by MODELLER is shown in Table 7. 3. The 

results revealed that best selected structure has 91.9% residues in most favorable region 

with over all G-factor -0.06 and minimum DOPE score. Furthermore, Verify 3D profile 

of generated models also implicated model 2 as the best model (Figure 7.4).  



Chapter 7                                                   Novel Chemical Inhibitors of Human Lysosomal Acid Lipase 

 
    

 
Theoretical and Computational Structure Function Studies of Medicinally Important Proteins 

 168 168 

 
Figure 7.4: Verify 3D values for models generated by MODELER 

 

Table 7. 3: Ramachandran plot values for models generated by MODELER 

 
Regions Model 1 Model 2 Model 3 Model 4 Model 5 

 
 

Residues in most favored regions [A,B,L]  299 
89.8% 

306 
91.9% 

302 
90.7% 

305 
91.6% 
 

303 
 91.0% 

Residues in additional allowed 
regions[a,b,l,p] 

30 
9.0% 

 25 
7.5% 

29 
8.7% 

25 
7.5% 
 

28 
8.4% 

Residues in generously allowed 
regions[~a,~b,~l,~p] 

3 
0.9% 

2 
0.6% 

2 
0.6% 

3 
0.9% 
 

2 
0.6% 

Residues in disallowed regions 1 
0.3% 

0 
0.0% 

0 
0.0% 

0 
0.0% 
 

0 
0.0% 

Number of non-glycine and non-proline 
residues 

333 
100% 

333 
100% 

333 
100% 

333 
100.0% 
 

  333 
100% 

Number of end-residues(excl, Gly and 
Pro) 

2 2 2 2 2 

Number of glycine residues (shown as 
triangles) 

26 26 26 26 26 

Number of proline residues 
 

17 17 17 17 17 

Total Number of Residues 378 378 378 378 378 
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The next step was the assessment of selected structure on the basis of results predicted by 

analytical tools (Šali et al., 2004).Results of ERRAT considered excellent if they have 

overall quality factor greater than 90% (Colovos and Yeates, 1993). For selected structure 

overall quality factor is 91.08% presented in Figure 7.5a. Z-score and energy profile of 

model was obtained using PROSA Score.This program evaluates the interaction energy 

per residue of the structures using a distance based pair potential residue with negative 

PROSA energies and more negative value for z-score confirm theirliability of the model 

(Wiederstein and Sippl, 2007).The PROSA analysis of the models showed maximum 

residues to have negative interaction energies and a z-score of -7.09 calculated was also 

satisfactory (Figure 7.5b).  

 

 
Figure 7.5: Validation of best model using (a) ERRAT and (b) Z-score and 

eplot obtained from PROSA web server 
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 7.3.2 Virtual Screening 

The search of more potent and less toxic inhibitors is always a major task for chemical 

biologist. Chemical compounds with same biological activity usually have same 

pharmacological activities. Computational evaluation of 0.182 million ZINC NPs 

compounds was performed by using FILTER. Only 51036 compounds fulfill the criteria 

of drug likeness. As 3D shape similarity methods prove to be more effective in last 

decade, the simple ROCS run for 3D shape based search was conceded with orlistat as 

query molecule which resulted in 10,000 compounds having Combo score > 0.6. The 

post processing of ROCS results through EON yielded only 28 compounds for docking 

experiments. The values of these compounds range between 1.087 and 0.852 (Figure 

7.6). Previous studies proved that results from EON experiments provide more potent 

inhibitors (Muchmore et al., 2006). 

 

 Figure 7.6: ET_Combo Scores values of Eon hits. *indicates best ligand value 
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 7.3.3 Molecular Docking 

A total of sixty five LAL inhibitors, comprising thirty seven from literature and twenty 

eight ZINC database compounds, were docked to the LAL protein. In order to obtain an 

optimal docked conformation of LAL and potent inhibitor, an automated docking was 

performed using Vina. Vina generated ten conformations against each studied inhibitors. 

The conformer having lowest binding affinity was searched out of 10 different 

conformers and was used for further molecular docking analysis to confirm the drug 

binding conformation (Table 7.4).  The molecular docking analysis revealed that among 

the studied inhibitors, the compounds obtained as a result of VS showed good binding 

affinities with protein as compared to compounds selected from literature. This is unique 

finding as compounds other than those already existed in literature are found to be more 

potent giving rise both to the need of experimental screening and the significance of VS 

and molecular docking approaches.  

Table 7.4: Ranking of top 10 drug-like molecules on the bases of their binding affinities 

 

S.No. Compound ID Binding Affinities kcal/mol 
 

01 
 

ZINC15707335 -10.4 

02 
 

A-8-3  -10.1 

03 
 

2-A-8 -9.8 

04 
 

ZINC62001579 -9.7 

05 
 

1-A-14 -9.5 

06 
 

2-A-13 -9.4 

07 
 

ZINC79192445 -9.3 

08 
 

2-A-9 -9.2 

09 
 

ZINC15675800 -9.1 

10 ZINC72324701 -9.1 
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Compound having ZINC code ZINC15707335 with binding affinity of -10.4 (kcal/mol) 

bound to the active pocket of protein and made interactions with active residues of 

protein (Figure 7.7a). The 2D interactions of best conformations of docked complex and 

orlistat/LAL docked complexwere analyzed using the Molecular Operating Environment 

MOE(Figure7.7b) (Molecular Operating Environment, 2012).Interactions between lead 

compound and LAL for the binding site are dominated by hydrogen bonding and 

hydrophobic interactions. In order to have clear depiction of the ZINC15707335 binding 

mode to the LAL active site, hydrogen bonds were analyzed. Five polar hydrogens on 

ZINC15707335 were found available for hydrogen bonding (Figure7.8). Six hydrogen 

bonds were formed between side chain residues of TYR129 (-HH---N 2.74Å, -HH---N 

2.63Å, -HH---O 2.71Å and –HH---O 2.65Å), LYS128 (-HZ3---O 3.37Å) and TYR307 

(HH---O 3.26Å) with the electronegative atoms of ligand. All the residues contributing in 

hydrogen bonding were hydrogen bond donors and playing an important role in 

stabilizing the binding of inhibitors within the active site cavity. The importance of 

hydrogen bonds in the binding affinity of a target-drug has been described extensively 

(Panigrahi, 2008). Hydrophobic interactions optimizing also increases the binding 

affinity. Hydrophobic interactions between LAL and ZINC15707335 were then analyzed. 

The dioxolane ring carbon entered in hydrophobic interaction with the side chain residues 

of LYS128 (-CG---C 3.88Å, -CD---C 3.60Å,-CG---C 3.57Å,-CD---C 3.86Å,-CE---C 

3.86Å,-CG---C 3.57Å). The first and fifth carbon on piperidin and second carbon of 

fluorocyclohexyl methanol forms hydrophobic contacts with side chain 3-carbonyl of 

pyrrole ring HIS 298 (-CE1---C 3.97Å,-CE1---C 3.61Å,-CE1---C 3.75Å). The 1-

substituent of the benzene ring binds to the front pocket where it interacts with side chain 

residues of ASP124 (-CB---C 3.72Å) and showed hydrophobic contact. Side chain 

residues of TYR 299 (-CD1---C 3.99Å,-CD1---C 3.74Å,-CE1---C 3.29Å,-CE1---C 

3.91Å,-CE1---C 3.22Å,) of protein made hydrophobic contacts with the carbon of UNK. 

In addition to this, ionic interactions with backbone residues of HIS298 (-O---N 3.74Å) 

and side chain residues of LYS128 (-NZ---O 3.82) were also evident (Table 7.5). Each of 

these hydrophobic, hydrogen and electronegative residues were within 5Å region of 

protein. It is due to all these interactions the compound showed high potency to inhibit 
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LAL then the orlistat, thiadiazoles carbamates, aurintricarboxylic acid and other 

compounds obtained from various literatures. 

 Careful visual inspection of orlistat (-8.6 kcal/mol) LAL illustrated only 

hydrophobic contacts with active side residues: LEU195, PHE207, LEU67, LEU234, 

MET192, LEU239, PRO191, LYS194, LEU195, PHE212, LEU68 and MET192 (Table 

7.5). The 2D depiction of orlistat/LAL using MOE depicted the residues which are close 

to orlistat, making weak interactions such as hydrophobic interactions (Figure7.7c). No 

hydrogen bond interaction was observed between orlistat and active site residues of LAL. 

Hydrogen bond interactions are crucial for the formation of a concrete and stable ligand-

receptor complex structure. Such bonding is also associated with alleviation of ligand at 

target site, and help in enhancing the binding affinity and drug efficacy (Patil et al., 

2010). Thus the suggested inhibitor is proven to be better than orlistat which is a 

previously reported potent LAL inhibitor to reduce lysosomal cholesterol (Rosenbaum et 

al., 2010). 
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Figure 7.7:3D view of ZINC and orlistat docked into the pocket of LAL. (a)  Three- 

dimensional representation of ZINC docked complex using Chimera. 
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Figure 7.7: (b) Two-dimensional representations of hydrogen bonding and hydrophobic 

interactions observed between protein and most active compound (ZINC15707335) using MOE 

program. (c) Two-dimensional representations of hydrogen bonding and hydrophobic interactions 

observed between protein and orlistat using MOE program. 
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Figure 7.8: 3D hydrogen bonding interactions of ZINC15707335 with LAL 

Orlistat (also known as tetrahydrolipstatin, IC50, about 80 nM) is a well-documented 

inhibitor against LAL and is associated with number of adverse effects: gastrointestinal-

related side effects, steatorrhea (oily, loose stools with excessive flatus due to unabsorbed 

fats reaching the large intestine), fecal incontinence and frequent, acute kidney injury, 

liver problems, or urgent bowel movements (Filippatos et al., 2008). Orlistat inhibits the 

absorption of fat-soluble vitamins and other fat-soluble nutrients. In order to overcome 

this condition, a multivitamin tablet containing vitamins A, D, E, K, and beta-carotene is 

recommended (Roche Pharmaceuticals, 2008).Orlistat was included in the list as having a 

"Potential Signal of Serious Risk" of liver toxicity by U.S. Food and Drug Administration 

in its quarterly list of drugs that are under investigation for potential safety issues or new 

safety information (AERS, 2009). Likewise, thiadiazolecarbamates are also documented 

effective small molecules in reducing cholesterol and having inhibitory activity similar to 

orlistat (Sala et al., 2011).Of the compounds tested herein, compounds available at ZINC 

specifically ZINC15707335 were effective in inhibiting LAL by making interactions with 

important residues of pocket.The comparison of orlistat and ZINC15707335 

demonstrated the fact that the latter one is more potent than the standard drug. This 

identification could be significant in bringing the new ways of therapy by utilizing the 
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compound as a drug after essential optimization to obtain desirable pharmacological 

benefits.  

Table 7.5: Comparison of docking results of best VS hits and orlistat in terms of 
interactions 

Compound 
 
 

Hydrogen Bonding Ionic Interactions Hydrophobic Interactions 
Amino Acid Distance Amino Acid Distance Amino Acid Distance 

 
 
 
 
 
ZINC15707335 

TYR38:HH 
ARG100:HH11 
TYR129:HH 
TYR129:HH 
TYR129:HH 
TYR129:HH 
LYS128:HZ3 
TYR307: HH 

3.95 
3.62 
2.74 
2.63 
2.70 
2.65 
3.37 
3.26 

HIS298: O 
LYS128:NZ 

3.74 
3.82 

HIS298:CE1           
LYS128:CG 
LYS128:CD 
HIS298:CE1 
LYS128:CG 
LYS128:CD 
LYS128:CE 
TYR299:CD1 
LYS128:CG 
TYR299:CD1 
TYR299:CE1 
TYR299:CE1 
HIS298:CE1 
ASP124:CB 
TYR299:CE1 

3.97 
3.88 
3.60 
3.61 
3.57 
3.86 
3.86 
3.99 
3.57 
3.74 
3.29 
3.91 
3.75 
3.72 
3.22 

 
 
 
 
 
Orlistat 

 
 
 
 
 
None  

  
 
 
 
 
None  

 LEU195:CB 
LEU195:CG 
LEU195:CD2 
LEU195:CG 
PHE207:CZ 
LEU67:CB 
LEU67:CG 
LEU67:CD2 
LEU243:CG 
LEU243:CD1 
LEU243:CD2 
MET192:CB 
LEU239:CD2 
PRO191:CA 
PRO191:CB 
PRO191:CA 
PRO191:CB 
PRO191:CA 
PRO191:CB 
LYS194:CD 
LYS194:CE 
LEU195:CG 
PHE207:CZ 
PHE212:CZ 
PHE212:CE2 
PHE212:CZ 
LEU68:CD1 
MET192:CE 
MET272:CE 
MET192:CE 
LEU243:CD1 

3.89 
3.61 
3.89 
3.75 
3.94 
3.58 
3.70 
3.64 
3.88 
3.15 
3.46 
3.63 
3.82 
3.91 
3.82 
3.93 
3.68 
3.55 
3.79 
3.59 
3.94 
3.56 
3.97 
3.88 
3.50 
3.43 
3.72 
3.70 
3.75 
3.62 
3.41 
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7.4 CONCLUSION 

In the present study, comparative homology modeling was performed for human 

LAL protein through MODELLER. ZINC database was screened to identify broad 

spectrum inhibitors against human LAL. A total of 28 drug-like inhibitors were identified 

as a result of virtual screening. Mechanistic information after docking studies yielded that 

ZINC15707335 is more potent inhibitor of human LAL than that of orlistat (standard 

drug) in terms of binding affinity and intermolecular interactions. ZINC15707335 is 

involved in making strong hydrogen bonds with several important amino acid residues of 

LAL and number of hydrophobic interactions which could explain the potency of the 

compound. 

In conclusion, the natural compounds tested herein, especially ZINC15707335, 

could be a good candidate as ‘lead’ molecule for the further development of new drugs 

that increase the inhibition of LAL and reduce the adverse effects of orlistat. This will 

provide not only an alternative of the standard drug but an improved efficacy is also 

expected by the findings observed from the current work. 
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Scheme I: Synthesis protocol to generate Diacetyl [(4-{[8-(3-methyl-1, 3-diazinan-1-yl) octyl] 

oxy} cyclohexy) methyl) amine 

 

 

 


