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Summary 

The present dissertation is primarily focused on medicinal significance of two 

important classes of enzymes – methyltransferases and phosphatases. A combination of 

diverse computational analysis is performed on clinically important enzymes. The focus of 

this work is mainly on the exploration of binding mechanism of enzymes mentioned before. 

Binding with inhibitors, substrates and ions is elucidated in the respective enzymatic 

structures. The main focus is how the overregulation of enzymes may be inhibited to cure 

some particular disease. The core procedure and major focal in silico technique in this 

dissertation is molecular dynamics simulation.  

First chapter discusses the background and motivation of this work along with a 

brief summary of the upcoming projects. The next chapter describes all the methodological 

details and theoretical aspects of the techniques and analyses performed throughout the 

thesis. It encompasses all the software and hardware details made use of in the research 

work. Chapter 3 deals with the sterol 24-C methyltransferase (SMT) enzyme.  In this 

chapter for the very first time, the SMT enzyme is probed computationally. A deep insight 

into the binding mechanism of inhibitors against the enzyme has been provided. The 

structure of SMT had been developed in the group previously. In the current work, 

molecular docking and MD studies have been undertaken. This enzyme is necessary to 

inhibit for the treatment of leishmaniasis. We report crucial binding residues of the pocket 

and the binding mechanism is explained through various analyses including a novel in-

house developed tool, Axial Frequency Distribution (AFD). In the chapter 4, binding free 

energy analysis of arsenite methyltransferase (AS3MT) bound with S-adenosylmethionine 

(SAM) is extensively discussed. The binding mechanism of this enzyme is currently an 

important area of debate among researchers. Various computational groups are performing 

researches to answer the queries regarding arsenic methylation performed by AS3MT. A 

homology model of AS3MT has been reported in this study, which is further docked with 

its substrate SAM. SAM binding site is identified to give an idea of how AS3MT 

methylates arsenic to transform into less toxic compounds. The complex is then analyzed 
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for free energy of binding through MM(PB/GB)SA calculations and alanine scanning 

mutagenesis studies to identify the hotspot amino acid residues.  

The major focus of Chapter 5 is inhibition of protein tyrosine phosphatases (PTP) 

by divalent ions. This is the first detailed study for the identification of zinc ions in 

inhibition of PTP1B both computationally and experimentally. The enzyme performs its 

function in three steps and the conformational states vary in each step. In this study, a 

different PDB structure for each conformational state is used for identifying the behavior 

of enzyme in each state when divalent ions bind to the enzyme. The role of active site WPD 

loop structure in different states is emphasized especially when ions bind to it. Binding of 

zinc in the active site is validated by pulling an ion through steered molecular dynamics 

and compared with the mutant PTP1B structure where an active WPD loop residue is 

mutated. A sharp decrease in free energy value is observed with the mutant enzyme which 

confirms the crucial binding site residues for the inhibition through zinc. The enzyme 

inhibition assays are designed for testing the hypothesis of PTP1B inhibition through zinc 

ions. We have observed a remarkable drop of enzyme activity with addition of zinc. The 

next chapter is a side project on the docking and molecular dynamics study of B-cell 

lymphoma extra large (Bcl-xL) protein. This protein is over-expressed in various types of 

cancers including pancreatic cancer, lung cancer, leukemia and adenocarcinoma of 

reproductive tissues. A range of inhibitors is identified against Bcl-xL protein for the 

treatment of cancers. In this study, an allosteric binding site is reported for the first time. 

MD studies are carried out to further investigate the time-dependent behavior of enzyme-

inhibitor complexes. 

  



Chapter 1  Background and Motivation 

 
1 

1. Background and Motivation 

Molecular informatics encompasses two disciplines; bioinformatics and 

cheminformatics. Both have risen to prominence as a consequence of derivation of mostly 

empirical rules that have contributed to a knowledgebase for rational drug design through 

introduction of new experimental techniques. This enabled synthesis of very large number 

of molecules as compared to traditional molecular modeling study. Through analytical 

description of the system, inhibitors are designed ahead of synthesis and tested in virtual 

computer experiment. In the case of artistic design in any other engineering like a machine 

or of an automobile, the result is usually predictable. The design of ligands is however 

complex as it requires an intelligible understanding and insight of experiments. 

Consequences of smallest structural changes of a drug on its biological properties and 

target tissue are manifold and at present poorly understood. Modeling through quantum 

mechanics owes a lot to mathematical approximation techniques that paved the way to 

carry out quantum chemical calculations on huge systems. This has made possible the 

elucidation of ligand binding into active site of enzymes critically involved in debilitating 

diseases (Höltje, Sippl, Rognan, & Folkers, 2005; Leach, 2001).  

In a broader context, disease refers to any condition that disturbs the normal 

functioning of body. For this reason, diseases are associated with impaired functioning of 

the body's normal homeostasis. We come across several definitions of disease in literature: 

“Biomedical disease is demonstrable pathophysiology or pathochemistry and is diagnosed 

by the demonstration of pathologic features” and “disease is a matter of physics and 

chemistry” (Jennings, 1986) also, “a disease is a type of internal state which impairs health: 

i.e., reduces one or more functional abilities below typical efficiency” (Boorse, 1977). It is 

summarized as “a disease is a state of the human organism that actually or potentially 

disadvantages a person for survival, reproduction or full enjoyment of life (characteristic 

of age) other than by sole reason of social circumstance or by temporary and reversible 

environmental change” (Emson, 1987). Realizing the necessity of etiological and 

mechanistic studies in silico for a clearer understanding of many diseases and their 
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prevention is our basic motivation. Diseases of tropical and temperate climates have been 

considered to be separate branches of medicine. The former being concerned with 

communicable diseases and malnutrition, has now largely become a specialty in 

parasitology. Similar advances in the temperate scene have resulted in a shift of emphasis 

from the treatment of acute communicable disease to the treatment and control of chronic 

and degenerative diseases. Although diabetes, hypertension and cancer primarily affect the 

industrialized nations, a real increase in prevalence of these diseases is being observed in 

the developing countries (Trowell, 1981). In the work followed, we target important 

diseases affecting the developing nations such as Pakistan through studying enzymes of 

medicinal significance mechanistically. Development of medical applications has been 

quite extensive, reflecting the extent of the prospective recompenses. As a case study we 

can take the example of pancreatic enzymes being in use for the treatment of digestive 

disorders since nineteenth century. The variety of proteins and their potential therapeutic 

applications are considerable. Selection of proteins has realized this potential to become 

important therapeutic agents. The present study by addressing medicinally significant 

enzymes, is related to direct or indirect treatment of serious disorders such as leishmania, 

cancers and diabetes equally by dint of targeting the proteins involved. Treatment of a 

disease includes discovering a drug through finding appropriate ligand that binds to an 

important protein in the metabolic pathway and inhibits it in a selective manner without 

disturbing other proteins. Designing and developing new drugs is very demanding in terms 

of both time and resources. For effective drug discovery, interactions between candidate 

ligand and target protein needs to be modeled carefully that develops an understanding of 

life processes. Small molecules bind to the proteins and bring changes to their functions. 

These small molecules or ligands selectively block or enhance certain regions of proteins, 

such as the active site, and thus act as inhibitors and activators. In this way, the biological 

processes of life can be controlled by behavior of proteins through mastering the control of 

ligands binding in their active sites. This is a basic principle behind drug design and 

discovery (Sukhwani, 2011). Bioinformatics and cheminformatics are used to understand 

proteins or enzymes as drug targets before proceeding to actual drug design procedure. In 

this dissertation, we use molecular modeling and biomolecular simulations mainly on two 

major groups of enzymes – methyltransferases and phosphatases – having medicinal 
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importance. Each enzyme discussed has its own unique properties and significance related 

to a prevalent disease. Through the studies performed, different aspects of these 

biomolecular structures have been highlighted and specific aims and objectives met. 

1.1. Methyltransferases  

 Sterol 24-C-Methyltransferase (SMT) - Although several drugs are in use for 

treating leishmaniasis, there is a need for novel treatment. Already available drugs have 

limitations including high cost, toxicity and drug resistance. In this work, we propose a 

putative binding mode for SMT, which is an already established drug target (Abadio et al., 

2011; Liu et al., 2011), through docking and molecular dynamics simulations. A thorough 

analysis of the binding site is performed with the MD analysis tools such as RDF and AFD. 

 Arsenic (+3 oxidation state) Methyltransferase (AS3MT) - A combination of 

homology modeling, MD simulations, hydrogen bond analysis and MM(GB/PB)SA free 

energy calculations is used to investigate the binding of SAM with hAS3MT (Li, Geng, 

Chang, Song, & Wang, 2014; Li et al., 2013; Li et al., 2013). Alanine scanning is performed 

by mutating the residues reported to be of functional importance into alanine and then study 

the effect of this mutation on binding. 

1.2. Phosphatases  

Protein Tyrosine Phosphatase 1B (PTP1B) - To gain atomic and molecular detail 

into the mechanism of PTP1B inhibition through divalent ions, MD simulations of different 

transition states were performed (Hu & Stebbins, 2006; Peters, Frimurer, Andersen, & 

Olsen, 1999, 2000), with (i) docked ions, (ii) using flooding simulations. The complexity 

of ion binding to PTP1B requires modeling techniques capable of dealing with large 

numbers of degrees of freedom. The methodological framework of classical molecular 

dynamics simulations, the underpinning CHARMM force field, as well as our own 

parameterization efforts on p-Cys are outlined. SMD is used to pull the zinc ion from the 

structure and free energy was compared with that of the mutated protein. These calculations 

are followed and supported with in vitro validation as well.    
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2. Methodology 

2.1. Molecular modeling 

Development of modern molecular modeling methods instigated in twentieth 

century. With rapid advancements in crystallography, successful representation of 

molecular structures started. In the beginning, molecular modeling became possible when 

hybridization state or aromatic moieties for true number of bonds and angles were resolved 

(Höltje et al., 2005). This made it possible to construct accurate three-dimensional (3D) 

structures as protein models. Hydrogen bonding, steric hindrances of substituents, and 

other such properties were quite well represented by these models. Back then, molecular 

modeling was not computer science although the development in the computer science was 

happening simultaneously. With the passage of time, in support to molecular physics and 

biophysics methods, together with computer science, mathematical models were developed 

for the calculation and prediction of biomolecular physical states. As the necessary steps 

in the computer processes took shorter and shorter time for their completion, increasing 

speed of the processors established with each day that can handle proteins containing 

thousands of atoms. With this technology, it became possible that very accurate methods, 

for example, X-ray crystallography and nuclear magnetic resonance (NMR) could be used 

for the characterization of proteins. The speed of development in this field has been ever 

mounting and inexorable. Each day it is loaded with new algorithms for multiple tasks 

related to molecules and their modeling. However, it demands systematic thinking to reap 

maximum output and benefits. The ratio of performance to price has increased by an order 

of magnitude every five years or so. The huge computer technology has made this field a 

“winner field”, as proclaimed by the Nobel laureate Professor Michael Levitt ("The 9th 

Randall Lecture, Birth & future of multi-scale modeling of macromolecules by Professor 

Michael Levitt FRS, 2013 Noble prize winner for chemistry ", 12th November 2014). 

Models serve to simplify the processes of very complicated phenomena. In model 

building, suppositions are made and the structures to be modeled are considered analogous 

to the structures in the real physical world. For example, in Hooke’s law, bonds in 
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molecules are supposed analogous to the springs. Such analogies have resulted in 

expanding theories successfully as the theories are scrutinized experimentally (Leach, 

2001). Molecular modeling is a complete discipline in itself connected to reality through 

models and exists in the computer. Quantum mechanics (QM) and molecular mechanics 

(MM) are the most common models employed in molecular modeling. Energy calculations 

of systems with whatever pattern of atomic and molecular arrangement can be made with 

both of these models. The next phase is performing calculations on the model, for example, 

conformational search, energy minimization and/or Monte Carlo (MC) or molecular 

dynamics (MD) simulations. The last and final stage is the analysis of calculations 

performed to check its accuracy and to extract meaningful insights from it (Höltje et al., 

2005).  

Correct representation of positions of atoms and molecules in the modeling 

program is crucial. One of the representations is through Cartesian coordinate system and 

the other is the use of internal coordinates. With internal coordinates the position of one 

atom is described relative to the other atom and such type of representation is used as input 

to quantum mechanics program. Most molecular mechanics calculations are represented 

with Cartesian coordinates (Leach, 2001).  

2.2. Molecular docking 

Molecular docking refers to modeling non-covalent interaction between ligand and 

protein through in silico studies. Prediction of protein-ligand complex is fundamental 

process in docking. The aim is to find the best position and orientation of ligand within the 

protein (also termed as pose) that gives the strongest interaction through basic computation. 

There are two basic steps in a docking process: a) sampling the conformations of the ligand 

and predicting its best pose within the putative binding sites, b) assessment of the binding 

affinity and ranking accordingly using a scoring function (Meng, Zhang, Mezei, & Cui, 

2011). There is a huge variety of docking algorithms each differing on the basis of these 

two steps of the procedure. The list includes exhaustive search algorithms, molecular 

dynamics based docking algorithms, and heuristic algorithms such as those based on 

simulated annealing and genetic algorithms. Rigid docking is used among various classes 

when the interacting bodies are assumed fixed. It forms the basis for other docking 



Chapter 2  Methodology 

 
6 

algorithms such as solvent mapping and fragment based docking. Rigid docking frequently 

comprises of an exhaustive 6-dimensional search to evaluate extensive relative poses 

between any two interacting molecules (Sukhwani, 2011). This is fast and commonly used 

in virtual screening experiments. The most common docking method in use is when the 

ligand is kept flexible and the receptor rigid (Moitessier, Englebienne, Lee, Lawandi, & 

Corbeil, 2008). 

The sampling space gets too complex with six degrees of translational and 

rotational freedom along with the conformational degrees of freedom of both the protein 

and ligand.  Hence, possible binding modes between two molecules could be countless. To 

account for better sampling of such huge search space and reduction in time and expense, 

various sampling algorithms have been used by the docking programs. There are three main 

conformational sampling algorithms: multiconformer docking algorithms, incremental 

construction and stochastic algorithms. Of the tools employed in this thesis for docking, 

FRED (OEChem, 2012) uses multiconformer docking algorithm while both AutoDock 

(Morris et al., 2009) and GOLD (Verdonk, Cole, Hartshorn, Murray, & Taylor, 2003) use 

stochastic algorithm.  

FRED performs rigid docking in which ligands are docked by employing 

interaction site matching algorithm. In such algorithms, a pharmacophore, developed 

through representation of protein structure, guides the docking procedure. A ligand 

conformation is developed in this way and is used to produce a ligand pharmacophore. 

Finally, matches are found by examining a distance matrix based on ligand and protein 

pharmacophores. In the case of a match, motion vectors for that ligand are calculated and 

applied keeping the frame of reference same as the protein. This process is very speedy 

making it ideal for the screening of large compound libraries. Stochastic algorithms, 

however, are more promising in terms of accuracy and search the conformational space by 

randomly modifying ligand population or conformation of ligands. Genetic algorithm (GA) 

used by both AutoDock and GOLD docking programs is a stochastic algorithm. GA takes 

its basic idea from Darwin’s theory of evolution. Binary strings termed as genes that encode 

degrees of freedom of the ligand. One pose of the ligand comprises of a chromosome made 

up by genes. GA has two genetic operators as described in Darwin’s theory: mutation and 
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crossover. Random changes to genes are caused by mutations while genetic exchange 

between two chromosomes is crossover. New ligand structure is the consequence of actions 

performed by these two genetic operators. Assessment of new products (structures) will be 

performed by scoring functions by applying the rule of “survival of the fittest”. Structures 

that score above a threshold will be used for the next generation. 

The scoring function enables to discriminate between correct and incorrect poses 

by assigning a binding score to each pose as well as predict the binding affinity. Scoring 

functions are classified into three main classes: force-field based, empirical and knowledge 

based scoring functions. One docking program may employ more than one scoring 

function. Taking the instance of GOLD, it employs both GoldScore and ChemScore 

(Verdonk et al., 2003). FRED also implements multiple scoring functions. ChemScore, 

implemented in both GOLD and FRED, is an empirical-based function. A general form of 

empirical scoring function is given in equation: 

∆𝐺𝐵𝑖𝑛𝑑 = ∆𝐺
0 + ∆𝐺𝐻𝐵 ∑ 𝑓(∆𝑟)𝑓(∆1𝛼)𝐻𝐵 + ∆𝐺𝑚𝑒𝑡 ∑ 𝑓(∆𝑟)𝑚𝑒𝑡 + ∆𝐺𝑙𝑖𝑝𝑜 ∑ 𝑓(∆𝑟)𝑙𝑖𝑝𝑜 +

∆𝐺𝑟𝑜𝑡𝑁𝑟𝑜𝑡
′   …… (1) 

where ∆𝐺𝐵𝑖𝑛𝑑 is the free energy of binding, ∆𝐺0 is for the reduction of translational 

and rotational entropy, ∆𝐺𝐻𝐵, ∆𝐺𝑚𝑒𝑡, ∆𝐺𝑙𝑖𝑝𝑜, ∆𝐺𝑟𝑜𝑡 show the contributions to energy from 

hydrogen bonds, metal ligation, hydrophobic effects and freezing of rotatable bonds 

respectively, 𝑓(∆𝑟)𝑓(∆1𝛼) represents the penalty function, 𝑟 is the ideal distance, ∆𝐺𝑟𝑜𝑡 

is a contribution that symbolizes the loss of conformational entropy that occurs when 

inhibitors bind to the enzyme. The number of rotatable bonds is given as 𝑁𝑟𝑜𝑡
′ . These 

factors are then fitted to experimental protein-ligand affinities by regression. In GOLD, 

clash penalties acting upon close contacts and internal torsion terms for poor internal 

conformations are added to make up the final ChemScore value: 

𝐶ℎ𝑒𝑚𝑆𝑐𝑜𝑟𝑒 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = ∆𝐺𝐵𝑖𝑛𝑑 + 𝐸𝑐𝑙𝑎𝑠ℎ + 𝐸𝑖𝑛𝑡  …… (2) 

FRED uses Chemgauss with Gaussian type fitting as a scoring function also. 

Potentials between chemically matched positions around the docked pose of an inhibitor 

are used by Gaussian function. These matched positions are paired with the neighboring 
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particular groups in the enzyme. Commonly, interactions are hydrogen bonds; thus, an 

acceptable hydrogen bond score is assigned when a lone pair position of a molecule is 

overlapped by a polar hydrogen position on another molecule. Other types of interactions 

that can be estimated and scored by Chemgauss scoring function are acceptor, donors, 

steric, lone pairs, metals, coordinating groups, and chelator coordinating groups (Kitchen, 

Decornez, Furr, & Bajorath, 2004). 

The force-field based scoring functions are implemented in AutoDock and GOLD. 

These methods assess the binding energy by calculating the sum of electrostatic and van 

der Waals interactions, that is, the non-bonded interactions. A cut-off distance is used for 

the handling of non-bonded contributions for the purpose of speed optimization. Force field 

terms are given in equation (2). 

∆𝐺𝐵𝑖𝑛𝑑 = ∑ ∑ [
𝐴𝑖𝑗

𝑟𝑖𝑗
12 −

𝐵𝑖𝑗

𝑟𝑖𝑗
6 + 332.0

𝑞𝑖𝑞𝑗

𝜀𝑟𝑖𝑗
]𝑟𝑒𝑐

𝑗
𝑙𝑖𝑔
𝑖   …… (3) 

∑ is the sum over all ligand and receptor interactions of atom type 𝑖 and 𝑗, 𝐴𝑖𝑗 and 

𝐵𝑖𝑗 represent potential of mean force between 𝑖 and 𝑗, 𝑟 and 𝑞, distance and partial atomic 

charge respectively. These terms are often combined with terms from empirical-based 

scoring functions. The tools use contributions from solvation effects, entropy and hydrogen 

bonds also. Both differ in parameters such as the form of energy function, the way 

hydrogen bonds are treated and so on. The GoldScore function is comprised of four terms: 

𝐺𝑜𝑙𝑑𝑆𝑐𝑜𝑟𝑒 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =  𝑆ℎ𝑏−𝑒𝑥𝑡 + 𝑆𝑣𝑑𝑤−𝑒𝑥𝑡 + 𝑆ℎ𝑏−𝑖𝑛𝑡 + 𝑆𝑖𝑛𝑡  …… (4) 

where 𝑆ℎ𝑏−𝑒𝑥𝑡 is the enzyme–inhibitor hydrogen bond score and 𝑆𝑣𝑑𝑤−𝑒𝑥𝑡  is the 

enzyme–inhibitor vdW score. 𝑆ℎ𝑏−𝑖𝑛𝑡  is the contribution to the function due to 

intramolecular hydrogen bonds in the ligand; 𝑆𝑖𝑛𝑡 is the scoring function contribution due 

to intramolecular strain in the ligand. Nowadays, results of docking are further refined 

through other free-energy calculation methods such as MMPBSA. 

2.3. Molecular Simulations 

Besides docking, another more detailed and much valued tool in drug design is 

molecular dynamics simulation. In the whole process of in silico drug discovery, molecular 



Chapter 2  Methodology 

 
9 

dynamics provide a spectrum of solutions for different problems that are encountered. It is 

employed for the refinement of enzyme–inhibitor complexes and the calculation of binding 

energies (Alonso, Bliznyuk, & Gready, 2006). Docking programs have proved better in 

generating multiple poses including binding modes similar to the X-ray crystallographic 

structures. However, there is the need for verification or validation of the docking protocol 

through more powerful methods such as MD simulations (Sabbadin, Ciancetta, & Moro, 

2014). Results of computer simulations may also be compared with those of real 

experiments. Moreover, there are many possibilities to work within the theory environment 

such as extreme conditions of temperature and pressure with the extraction of quite subtle 

details that is not practically possible in experiments. If the computer model is good 

enough, it will be able to provide insights to the experimentalists along with interpretation 

of the results. Thus, simulations act as a bridge between theory and experiment (Allen & 

Tildesley, 1989).  

 

 The foremost step in molecular simulation study is the prediction and 

explanation of phenomena at the atomic scale. In classical mechanics, Newton’s second 

law is used to predict the behavior of the system mathematically.   

�⃗� = 𝑚�⃗� …… (5) 

 where 𝐹  is the force, 𝑚 mass and 𝑎 acceleration. The analogue of Newton’s 

equation is believed to be Schrӧdinger’s equation in quantum mechanics (Nelson, 1966). 

It was introduced by Erwin Schrӧdinger in 1926 (Schrodinger, 1926). 

𝐸ѱ(�⃗�, 𝑡) = Ĥѱ(�⃗�) 

     = (−
ћ2

2𝑚
∇2 + 𝑉(�⃗�))ѱ(�⃗�)  …… (6) 

 In this equation, 𝐸 is the total energy, Ĥ is the Hamiltonian operator and ѱ(�⃗�, 𝑡) 

is the wavefunction which is the central object of Schrӧdinger’s equation containing all 

information about each particle in the system. The Hamiltonian operator Ĥ is the sum of 

kinetic and potential energies of all the particles in the system. When the system is huge, it 

contains a large number of particles and computation of the above equation becomes too 
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complex. Hence, approximations come to play a role for simplification of Schrӧdinger’s 

equation computation (Swails, 2013). 

 The main goal of QM calculations is to determine atomic and molecular 

properties of the system of interest based on the Born–Oppenheimer approximation (BOA). 

In BOA, it is assumed that the motion of electrons, protons and neutrons can be separated 

(D. A.;  McQuarrie & Simon, 1997). Such calculations can help experimentalists in 

providing reliable measurements of molecular geometries, ionization energies, potential 

and free-energy barriers of chemical reactions, proton affinities and gas-phase basicity; 

(Chandrasekhar, Smith, & Jorgensen, 1985; Jeletic, Lowry, Swails, Ghiviriga, & Veige, 

2011; Range, Riccardi, Cui, Elstner, & York, 2005; Watson & Bartlett, 2013) just to name 

a few. For large atomic systems, quantum mechanics calculations are computationally 

expensive. Therefore classical mechanics, in which the energy of the system is calculated 

only based on nuclear positions ignoring electron motion, is best suitable for such systems 

such as biological macromolecules. Using the initial structures and force fields, primarily 

developed with the aid of QM calculations and experiments, molecular simulations 

generate information at the atomic level in the form of a series of snapshots of the system 

(Gangupomu, 2010).  

 Statistical mechanics involves the conversion of microscopic level information 

regarding atomic and molecular positions, velocities and other properties generated from 

computer simulation into macroscopic terms such as pressure, internal energy etc. Defining 

a multicomponent system as a single-component system for the sake of simplicity is easy. 

For such system, a small set of parameters define the thermodynamic state of the system. 

The positions and momenta of particles that define the instantaneous state can be defined 

through coordinates in multidimensional space, that is, phase space. This is to say, if we 

have a system with N atoms, the phase space has 6N dimensions corresponding to positions 

and momenta in all three dimensions. The collection of all points characterizing the 

thermodynamic system represents an ensemble. Different kinds of statistical ensembles 

exist that are characterized by fixed values of thermodynamic states such as the total 

number of particles N, volume V, temperature T, total energy E, or chemical potential μ. 
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There are four ensembles in common use (Frenkel & Smit, 2001; Leach, 2001; Schlick, 

2010): 

 The microcanonical or constant-N V E ensemble 

 The canonical or constant-N V T ensemble 

 The isothermal-isobaric constant-N P T ensemble 

 The grand canonical constant- μV T ensemble 

 The probability density for the respective ensembles is proportional to:  

𝛿(Ĥ(Г⃗⃗) − 𝐸)  Microcanonical …… (7) 

𝑒𝑥𝑝(−Ĥ(Г⃗⃗)/𝑘𝐵𝑇)  Canonical  …… (8) 

𝑒𝑥𝑝(−(Ĥ + 𝑃𝑉)/𝑘𝐵𝑇) Isothermal-isobaric …… (9) 

𝑒𝑥𝑝(−(Ĥ − 𝜇𝑁)/𝑘𝐵𝑇) Grand canonical …… (10) 

 where Г⃗⃗ represents the set of particle positions and momenta. The 𝛿 function 

selects out those states of an N-particle system in a container of volume V that have the 

desired energy E. In the canonical ensemble, normal time evolution occurs on a set of 

independent constant-energy surfaces, each of which should be appropriately weighted by 

the factor(−Ĥ(Г⃗⃗)/𝑘𝐵𝑇). In the isothermal-isobaric ensemble, the quantity appearing in 

exponent when averaged, gives the thermodynamic enthalpy 𝐻 = 〈Ĥ〉 + 𝑃〈𝑉〉. Now the 

volume has joined the list of macroscopic quantities, that is, velocity and momentum 

comprising the state point Г⃗⃗. µ is the specified chemical potential in the grand canonical 

ensemble. Here, the number of particles N is a variable, along with the coordinates and 

momenta of those particles (Allen & Tildesley, 1989).  

 The partition functions of all the four ensembles are given in following 

equations. The natural logarithm of partition functions provides the link between each 

ensemble and thermodynamics. With this link provided, statistical mechanics explains the 

whole of thermodynamics from microscopic behavior of individual atoms and molecules 
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(McQuarrie, 1973). The main challenge now is the efficient estimation of partition 

function. 

𝑄𝑁𝑉𝐸 = ∑ 𝛿(Ĥ(Г) − 𝐸)Г   …… (11) 

𝑄𝑁𝑉𝑇 = ∑ 𝑒𝑥𝑝Г (−Ĥ(Г)/𝑘𝐵𝑇) …… (12) 

𝑄𝑁𝑃𝑇 = ∑ 𝑒𝑥𝑝𝑉 (−𝑃𝑉/𝑘𝐵𝑇)𝑄𝑁𝑉𝑇 …… (13) 

𝑄𝜇𝑉𝑇 = ∑ 𝑒𝑥𝑝(𝜇𝑁/𝑘𝐵𝑇)𝑄𝑁𝑉𝑇𝑁  …… (14) 

 Molecular dynamics (MD) helps in efficient estimation of different 

thermodynamic properties with the help of partition functions. The estimation is done using 

a representative subsample of available points to construct the distributions. MD integrates 

the equations of motion in a time dependent behavior for a system of interacting particles 

and builds ensembles. The force on each atom in the system is calculated as the gradient 

of empirical interatomic potential energy. MD can be used to calculate temporal properties 

such as diffusion. Each structure generated during MD is a full member of the resulting 

ensemble. The trajectories generated through MD simulations can give full information 

regarding the movement of molecules within the system (Swails, 2013). This is how MD 

simulations have become very popular in the field of computational biology and 

bioinformatics since the first reported use of MD simulations on proteins and biomolecules 

in 1977 (Mccammon, Gelin, & Karplus, 1977).   

 In classical MD, Newton’s law is integrated iteratively to generate the time-

evolution of an N-atom system configuration. For this purpose, the trajectory is discretized 

and an integrator is used to advance over small steps. 

𝑟𝑖⃗⃗⃗ (𝑡0) → 𝑟𝑖⃗⃗⃗ (𝑡0 + ∆𝑡) → 𝑟𝑖⃗⃗⃗ (𝑡0 + 2∆𝑡) → ⋯𝑟𝑖⃗⃗⃗ (𝑡0 + 𝑛∆𝑡) …… (15) 

 Velocity-Verlet algorithm was proposed as a stable and accurate integrator. 

𝑟𝑖⃗⃗⃗ (𝑡0 + ∆𝑡) = 𝑟𝑖⃗⃗⃗ (𝑡0) + 𝑣𝑖⃗⃗⃗ ⃗(𝑡0)∆𝑡 +
1

2
𝑎𝑖⃗⃗⃗⃗ (𝑡0)∆𝑡

2 …… (16) 

𝑣𝑖⃗⃗⃗ ⃗(𝑡0 + ∆𝑡) = 𝑣𝑖⃗⃗⃗ ⃗(𝑡0) +
1

2
[𝑎𝑖⃗⃗⃗⃗ (𝑡0) + 𝑎𝑖⃗⃗⃗⃗ (𝑡0 + ∆𝑡)]∆𝑡 …… (17) 
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 The velocity-Verlet algorithm is quite simple and time-reversible and proves 

best in longer simulations. It is important to note that the choice of time step is very 

important. Too small timestep will be costly and require a large number of steps to 

complete required length of the trajectory and too large value will cause a drift or 

fluctuations in the energy. To check the accuracy of the system, it is suggested to check the 

conservation of energy in a microcanonical simulation (González, 2011).  

 Integration of equation (1) will keep N, V and E constant but if one is interested 

in the behavior of the system with specific thermodynamic constraints, simulations using 

thermostat or barostat are required (Leach, 2001). A thermostat is also used to avoid steady 

energy drifts caused by the accumulation of numerical errors during MD simulations. The 

simplest way to hold the temperature constant is to directly control the kinetic energy by 

scaling the velocities at each time step. This results in instantaneous harmonizing of kinetic 

energy with the desired temperature. This presents a problem with this method as it does 

not allow fluctuations in temperature. To overcome this, an external heat bath having 

constant value of T is coupled with the temperature of the system as suggested by 

Berendsen et al. Velocities are scaled at each step, so that the difference in temperature is 

proportional to the rate of change of temperature (Berendsen, Postma, van Gunsteren, 

Dinola, & Haak, 1984). An analogy is made for constant pressure (barostat) when volume 

is scaled to maintain a constant pressure in the same way as velocities are scaled for 

constant temperature. Berendsen algorithm is quite efficient in terms of relaxing the system 

to a certain target temperature, however it may become more important to explore a correct 

canonical ensemble once equilibrium has been attained. For this purpose, Nosé-Hoover 

thermostat is presented. Here, heat bath is considered an integral part of the system by an 

additional variable having a mass as well as velocity. This additional variable plays a role 

of time-scaling parameter. Another example of temperature constraint is the Langevin 

thermostat (Hunenberger, 2005). In this thermostat also, each particle is coupled with a 

heat bath and Newton’s equation takes the form of Langevin equation which is used for 

integration also: 

𝑚𝑖�̈�𝑖⃗⃗⃗ = − (
𝜕𝑈

𝜕𝑟𝑖
) − 𝛾𝑚𝑖ṙ⃗𝑖 + 𝜂𝑖(𝑡) …… (18) 



Chapter 2  Methodology 

 
14 

 where 𝑚 is mass, 𝑈 is the interatomic potential, 𝛾 is the friction constant, 𝜂 is 

the random force. 

2.3.1. Force Fields and Parameterization 

 It is apparent from the aforementioned discussion that an accurate model is 

needed for the representation of interatomic forces in the system. The electronic structure 

of all nuclei in their particular configuration is solved and the resultant forces are calculated 

to represent interatomic forces between atoms. For treatment of reasonably large systems 

and achieving timescales of thousands of picoseconds, empirical force field (FF) based 

methods provide a higher level of approximation. A force field is a mathematical 

expression describing the dependence of system’s energy on the coordinates of its particles 

(González, 2011). The parameters found in common force fields include bonds, angles, 

torsions and non-bonded interactions. A general form of force fields looks like: 

𝑈𝑡𝑜𝑡𝑎𝑙 = 𝑈𝑏𝑜𝑛𝑑 + 𝑈𝑎𝑛𝑔𝑙𝑒 + 𝑈𝑡𝑜𝑟𝑠𝑖𝑜𝑛 + 𝑈𝑛𝑜𝑛−𝑏𝑜𝑛𝑑𝑒𝑑  …… (19) 

 In this thesis, two empirical potentials employed are (a) AMBER (Assisted 

Model Building and Energy Refinement) (Cornell et al., 1995; Duan et al., 2003; Hornak 

et al., 2006) and (b) CHARMM (Chemistry at HARvard Macromolecular Mechanics) 

(MacKerell et al., 1998). There is only a slight difference between the two potentials. The 

parameters are derived from either quantum calculations or experimental measurements. 

In this work, CHARMM force field parameterization has been done through quantum 

calculations, details of which are coming in chapter 3. A rigorous definition of the Amber 

force field taking into account the proper exclusion of non-bonded terms between bonded 

atoms is presented as: 

𝑈(𝑞) = ∑ 𝐾𝑟(𝑟 − 𝑟𝑒𝑞)
2
+∑ 𝐾𝜃(𝜃 − 𝜃𝑒𝑞)

2
+ 𝑎𝑛𝑔𝑙𝑒𝑠𝑏𝑜𝑛𝑑𝑠 ∑

𝑉𝑛

2𝑡𝑜𝑟𝑠𝑖𝑜𝑛𝑠 [1 +

cos(𝑛∅ − 𝛾)] +
1

2
∑ ∑ [

𝐴𝑖,𝑗

2.0𝑅𝑖,𝑗
12 −

𝐵𝑖,𝑗

2.0𝑅𝑖,𝑗
6 +

𝑞𝑖𝑞𝑗

1.2𝜖𝑅𝑖,𝑗
] +

1

2
∑ ∑ [

𝐴𝑖,𝑗

𝑅𝑖,𝑗
12 −

𝐵𝑖,𝑗

𝑅𝑖,𝑗
6 +𝑗𝜖𝑙𝑒𝑥𝑐𝑙,𝑖𝑖𝑗𝜖𝑙1−4,𝑖𝑖

𝑘𝑒𝑙𝑒𝑐
𝑞𝑖𝑞𝑗

𝜖𝑅𝑖,𝑗
]  …… (20) 

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

Bond 

Angle 

�⃗⃗� 

Improper torsion 

�⃗⃗� 

𝑈(𝑞) = ∑ 𝐾𝑏(𝑏 − 𝑏0)
2 + ∑ 𝐾𝜃(𝜃 − 𝜃0)

2 + ∑ 𝐾𝑈(𝑢 − 𝑢0)
2

𝑈𝑟𝑒𝑦−𝐵𝑟𝑎𝑑𝑙𝑒𝑦 +𝑎𝑛𝑔𝑙𝑒𝑏𝑜𝑛𝑑𝑠

∑ 𝐾𝜒(1 + cos(𝑛𝜒 − 𝛿))𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 + ∑ 𝐾𝜑(𝜑 − 𝜑0)
2

𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟𝑠 + ∑ ∑ 4𝜖𝑖𝑗𝑗>𝑖 [(
𝜎𝑖𝑗

𝑟𝑖𝑗
)
12

−𝑖

(
𝜎𝑖𝑗

𝑟𝑖𝑗
)
6

] + ∑ ∑
𝑞𝑖𝑞𝑗

4𝜋𝜖0𝑟𝑖𝑗
𝑗>1𝑖   …… (21) 

 where 𝑈(𝑞) is the system potential energy, 𝐾𝑏 , 𝐾𝜃  , 𝐾𝑈, 𝐾𝜒 , 𝐾𝜑  are the force 

constants for bond, angle, Urey-Bradley, dihedral, improper terms respectively, 𝑟  or 𝑏 

denotes each atom pair bond length and 𝑟𝑒𝑞 or 𝑏0 denotes the equilibrium bond length, 𝜃 

is the valence angle, 𝜃𝑒𝑞  or 𝜃0  is the equilibrium valence angle, ∅ or 𝜒 is the dihedral 

angle, 𝑛 is the periodicity of the cosine function, 𝛾 or 𝛿 is the cosine phase factor, 𝜑 is the 

improper torsion angle in case of CHARMM.  

Now each of the term contributing to the force field is discussed separately. The 

bonds and angles behave as simple harmonic oscillators when they are quite close to 

equilibrium value. When four atoms are connected by three sequential bonds, this 

connection is defined through torsion. Its representation in the force field is different than 

a simple bond and angle. An improper torsion term is also added to the force field to 

account for controlling out-of-plane motion. Urey-Bradley term is common in CHARMM 

force fields, it is similar to bond but the difference is that it is present between atoms 

forming a valence angle. These terms are illustrated in Figure 2.1. A Coulomb potential 

and a Lennard-Jones potential model the electrostatic contribution and van der Waals 

interactions respectively between the non-bonded atoms (Swails, 2013). 

 

 

 

 

Figure 2.1. Schematic representation for various force field parameters 
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2.3.1.1. CHARMM Force Field  

If a novel ligand or a residue is to be simulated using the CHARMM force-field, 

progress could not be made without first generating the appropriate ligand parameters that 

completely abide by the parameterization philosophy. CHARMM has its own 

parameterization philosophy available as CHARMM General Force Field (CGenFF) that 

facilitates the challenging task of creating convertible parameters in the chemical space of 

small molecules (Vanommeslaeghe et al., 2010). CGenFF must be developed enough in 

order to meet the challenge of vast chemical space covered by the drug-like molecules. On 

the other hand, it should be too simple to enable the users to develop the parameters for 

chemical groups of their own interest. All the target data for development of parameters is 

acquired from QM calculations.  

The first step in parameterization is QM geometry optimization at MP2/6-31G* 

level of theory (MP2/6-31+G* for anions). This level of theory includes a correlation to 

the Hartree-Fock (HF) energy that embodies a good compromise between computational 

cost and precision (Foloppe, Hartmann, Nilsson, & MacKerell, 2002). MP2 calculations 

are based on a Møller-Plesset (MP) correlation energy correction and a Self-Consistent-

Field (SCF) Hartree Fock (HF) calculation and the 2 in the name implies truncation at 

second order. For anions molecules, in order to reproduce bulk behavior, diffuse functions 

must be added to non-H atoms. 

The next step in parameterization uses the TIP3P water model for the estimation of 

ligand-solvent QM interaction energies and the level of theory used is HF/6-31G*. The 

selection of this theory is attributed to maintaining compatibility with the rest of 

CHARMM FF. In the TIP3P water model, the representation is made of three point charges 

where oxygen atom has a partial negative charge and the two hydrogen atoms have partial 

positive charge each. Each water molecule acts either as h-bond donor or acceptor. The 

subsequent QM interaction energies are employed in the fitting of the atomic partial 

charges as target data. Monte Carlo Simulated Annealing (MCSA) algorithm by 

Kirkpatrick et al (Kirkpatrick & Vecchi, 1983) was used for the optimization of partial 
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charges. This is followed by a downhill gradient algorithm search that traces the Potential 

Energy Surface (PES) to a local minimum. 

For parameterization of small molecules in CGenFF, there is a tool in VMD that 

fits MM data onto benchmark ab initio QM data. This is called Force Field Toolkit (FFTK) 

(Mayne, Saam, Schulten, Tajkhorshid, & Gumbart, 2013) and it offers to use (a) the net 

dipole moment of the ligand and (b) the least ligand-TIP3P distance and interaction energy 

values of the ab initio MP2 calculation. This data is given as input to objective scoring 

function 𝑓𝑐ℎ𝑎𝑟𝑔𝑒 = 𝑓𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠 + 𝑓𝑑𝑖𝑝𝑜𝑙𝑒. An MCSA fit is performed on QM benchmarks 

to generate the CHARMM MM dataset. Escale and dscale confirm additive quantities with no 

dimensions for the energy and distance: 

𝑓𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = ∑ 𝑤𝑖 [(
𝐸𝑄𝑀−𝐸𝑀𝑀

𝐸𝑠𝑐𝑎𝑙𝑒
)
2

+ 𝑤𝑑𝑖𝑠𝑡 (
𝑑𝑄𝑀−𝑑𝑀𝑀

𝑑𝑠𝑐𝑎𝑙𝑒
)
2

]𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛  …… (22) 

where 𝑤𝑖 and 𝑤𝑑𝑖𝑠𝑡 are the weighing factors for each water-target interaction and 

the distance term respectively, 𝐸𝑠𝑐𝑎𝑙𝑒= 0.2 kcal/mol and 𝑑𝑠𝑐𝑎𝑙𝑒  = 0.1 Å are the target 

accuracies of the interaction energies and the interaction distances respectively. 

𝑓𝑑𝑖𝑝𝑜𝑙𝑒 = 𝑁𝑐ℎ𝑎𝑟𝑔𝑒𝑤𝑑𝑖𝑝

[
 
 
 
 

{
 
 

 
 
(
𝑝𝑀𝑀 𝑝𝑄𝑀⁄ −1.2

0.1
)
2

↔ 𝑝𝑀𝑀 𝑝𝑄𝑀⁄ < 1.2

(
𝑝𝑀𝑀 𝑝𝑄𝑀⁄ −1.5

0.1
)
2

↔ 𝑝𝑀𝑀 𝑝𝑄𝑀⁄ > 1.5

+ {
0                            ↔ ∆𝜃 < 30

𝑝𝑄𝑀 (
∆𝜃−30

5
)
2

↔ ∆𝜃 > 30
}

}
 
 

 
 

]
 
 
 
 

 

 …… (23) 

where ∆𝜃 is the angle between dipole moment vectors 𝑝𝑄𝑀  and 𝑝𝑀𝑀 , 𝑁𝑐ℎ𝑎𝑟𝑔𝑒  is 

the number of atoms under consideration, and 𝑤𝑑𝑖𝑝 is the relative weight of the dipole term. 

The main advantage of using FFTK is fast timescales for parameter generation, however 

there is a general concern regarding validity of data fitting, and overfitting. 

After charge optimization of ligand, the Hessian is calculated at the MP2/6-31+G* 

level of theory. This Hessian contains the second derivatives of the potential energy H = 

(𝜕2𝐸 𝜕𝜉2⁄ )𝑖,𝑗  along a distance-angle coordinate 𝑞 = {𝑏𝑖, 𝜃𝑖} (Bardhan et al., 2003; Brooks 

et al., 2009). The eigenvalues extracted are used as target data for fitting bonded parameters 

(b0 and Kb) and angle parameters (θ0 and Kθ). The automated fitting procedure is based on 
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a scoring function incorporating the minimized value q of bond lengths and angles, in the 

form: 

𝑓𝑏𝑜𝑛𝑑 = ∑ 𝑤𝑖 [(
𝑞𝑄𝑀−𝑞𝑀𝑀

𝑞𝑠𝑐𝑎𝑙𝑒
)
2

+ 𝑤𝐸(𝐸𝑑𝑖𝑠𝑡
𝑄𝑀 − 𝐸𝑑𝑖𝑠𝑡

𝑀𝑀)
2
]𝑏𝑜𝑛𝑑,𝑎𝑛𝑔𝑙𝑒  …… (24) 

MM energies are fitted to a QM system PES for parameterization of torsions. The 

energy is obtained by performing dual torsional scans of magnitude χ = ±90 at the MP2/6-

31+G* level of theory. A special variant of the MCSA algorithm developed by Guvench 

and Mackerell is used for the fitting (Guvench & MacKerell Jr, 2008) to simultaneously fit 

all dihedral parameters and minimize the RMS energy given  in equation (25), where c is 

defined as a vertical translation constant to align the QM reference data and MM data, and 

𝑤𝑖 is a weighing factor that can be used to discriminate between the different benchmark 

energy contribution. 

𝑅𝑀𝑆 𝐸𝑛𝑒𝑟𝑔𝑦 = √
∑ 𝑤𝑖(𝐸𝑖

𝑄𝑀
−𝐸𝑖

𝑀𝑀+𝑐)2𝑖

∑ 𝑤𝑖𝑖
   …… (25) 

FFTK fitting procedure of dihedrals employs a scoring function of similar 

functional form (Mayne et al., 2013):  

𝑓𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 = ∑ 𝑤𝑖(𝐸𝑖
𝑄𝑀 − 𝐸𝑖

𝑀𝑀 + 𝑐)
2

𝑐𝑜𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛𝑠  …… (26) 

2.4. Steered Molecular Dynamics 

 Sampling is the main problem faced in simulations involving biomolecules. The 

quality of MD simulation depends largely on the extent of phase space sampled. For large 

systems, the size of phase space is unimaginably huge that it cannot be directly computed. 

Even though the partition functions of thermodynamic ensembles are simple, truly 

exhaustive simulations are not possible. The extent of phase space sampling depends on 

the length of simulation which further depends on simulation system size and 

computational resources available (Gangupomu, 2010). Among those few methods that are 

used for efficient sampling of phase space, Steered Molecular Dynamics (SMD) is one 

being employed in this thesis. 
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 In steered molecular dynamics, an atom or a group of atoms is pulled from an 

initial position to a final one through applying force (cf-SMD) or moving at a constant 

velocity (cv-SMD). The center-of-mass of the atoms is attached through a virtual spring to 

a dummy atom. A harmonic biasing potential is added to the underlying potential along a 

reaction coordinate to drive the sampling along that coordinate. The force between the 

SMD atom and the dummy atom is the negative gradient of the potential energy given as: 

𝑈 =
𝑘(𝑡)

2
(𝑠(𝑋) − 𝑠0 − 𝑣𝑡)

2  …… (27) 

 where 𝑘(𝑡) is the spring constant, 𝑠(𝑋) the distance it is pulled, 𝑠0 the initial 

position and 𝑣 is the pulling speed. This means that if 𝑘 is tight enough the system will 

follow closely the center of the moving harmonic spring at 𝑠. If it is too hard the equations 

of motion will keep up since they are tuned to the fastest motion in the system. If higher 

frequency and 𝑣 are introduced artificially in the system, the dynamics will be disturbed.  

 The free energy surface along the reaction coordinate is termed Potential of 

Mean Force (PMF) and it determines the transition rate of dynamic processes or 

conformational equilibrium properties of biomolecules. However, pulling in SMD is a non-

equilibrium process (Tuckerman, 2010). For an exact relation between the free energy 

differences and the work done through non-equilibrium processes, Jarzynski’s equality is 

often used (Jarzynski, 1997). This states that: 

𝑒𝑥𝑝(−𝛽𝛿𝐺) = 〈𝑒𝑥𝑝(−𝛽𝑊)〉  …… (28) 

 Where 𝛽 =
1

𝑘𝐵𝑇
, G is the Gibbs free energy and 𝑊 is the total work done to pull 

the atom. The work profile can be calculated by integrating the total force over the steered 

trajectory obtained using a suitable rigid spring. PMF calculations were made using the 

Jarzynki’s equation that was generalized for NPT systems. These trajectories can be 

repeated to reduce the statistical error of the calculated PMF. A finite number of 

simulations are used to estimate the total free energy. An advantage of exponential average 

is that it converges rather rapidly with a small number of work profiles. However, the point 

to be noted here is that the work profiles must be generated with nice balancing. This means 
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that the SMD atom should neither be pulled too quickly nor too slowly but with an optimal 

speed that gives a good estimate of total PMF (Swails, 2013).  

2.5. Binding Free Energy Calculations 

 When studying the biomolecules, in particular enzymes, it is always 

recommended to calculate the binding free energy of interaction between ligands and 

receptors. It is important for the reason that it provides a way of comparison with the 

experimental values. In this thesis, solvation free energy and interaction energy 

calculations between enzyme-substrate and their mutant counterparts are performed. This 

way the functional significance of certain residues is highlighted through computational 

alanine scanning. This is performed through Molecular Mechanics Generalized 

Born/Poisson Boltzmann Surface Area MM(GB/PB)SA method in AMBER package 

(Massova & Kollman, 2000; Srinivasan, Cheatham, Cieplak, Kollman, & Case, 1998). 

These are commonly used for non-covalently bound complexes. Typically, the ensembles 

are generated for bound complex, receptor and ligand separately. The free energy is 

computed over a simulated trajectory file from ensemble averages (Miller et al., 2012). The 

free energy of binding is given as:  

∆𝐺𝑏𝑖𝑛𝑑𝑖𝑛𝑔 = 〈∆𝐻𝑠𝑜𝑙𝑣,𝑏𝑜𝑢𝑛𝑑〉 + 〈∆𝐻𝑏𝑖𝑛𝑑𝑖𝑛𝑔,𝑔𝑎𝑠〉 − 〈∆𝐻𝑠𝑜𝑙𝑣,𝑢𝑛𝑏𝑜𝑢𝑛𝑑〉 …… (29) 

 In this method, the gas phase energy contributions are combined with polar and 

non-polar salvation free energy components. MM(GB/PB)SA is a post-processing method 

so the main cost is due to the initial simulations required to construct each of the three 

ensembles. However, to further reduce the computational cost, a single simulation of bound 

complex is performed and all the ensembles are extracted from it. This approach is termed 

as single trajectory protocol and it always predict the binding free energy exceedingly 

better, since the bound states of the receptor and ligand will always be less stable in the 

bound conformation than they are when free in solution. However, when making the same 

approximation for a family of related receptors and ligands, the systematic errors in each 

end-state calculation will be similar. Therefore, MM(GB/PB)SA methods can be useful for 

tasks like rank-ordering a handful of proposed inhibitors for a specific enzyme by 

calculating accurate relative binding free energies (Homeyer & Gohlke, 2012).  
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2.6. Radial Distribution Function (RDF) 

 One of the tools used for the analysis of trajectories to obtain fundamental 

structural attributes is Radial Distribution Function (RDF). RDF describes pair correlation 

that identifies how atoms are packed around each other. In liquid environment of 

simulations that have a greater degree of disorderedness, it is very effective in describing 

the average structure. The average structure analysis is better as the atoms are in constant 

motion and the behavior of a single snapshot does not show the complete picture. RDF can 

be represented mathematically as: 

𝑔(𝑟) = 𝑛(𝑟)/(𝜌4𝜋𝑟2⃗⃗⃗⃗⃗∆𝑟 …… (30) 

 where which g(r) is the RDF, n(r) is the mean number of atoms in a shell of 

width Δr at distance r, ρ is the mean atom density It is a prominent analytical tool in order 

to describe the structural features of a system. Secondary structures of large polypeptide 

chains from X-ray data are routinely determined using this valuable tool (Donohue, 1954).  

2.7. Axial Frequency Distribution (AFD) 

 Axial Frequency Distribution is a novel analysis approach, developed in our lab 

by Saad Raza with the help and guidance of our supervisor Syed Sikander Azam. AFD 

averages the density around all directions of the initial atom masks and estimate the 

coordination geometry of the protein-ligand complex through this. It reveals such exact 

information that is quite pertinent to the structure of the complex. AFD can give insight 

into coordination geometry of the protein-ligand complex and additionally ascertain their 

stability by making use of the  distribution of the atomic mask relying on the relative 

coordinate axis (Azam, Abro, & Raza, 2015). AFD could be represented as: 

∑ 𝑚𝑖,𝑗
𝑘,𝑙
𝑖=1,𝑗=1   …… (31) 

where 𝑚𝑖,𝑗  is the distance between two particles 𝑖  and 𝑗.  In principle, the 

information about particles positions is available in the simulation trajectory. In case of 

RDF which is a two-particle correlation, one can observe local displacement of atom from 

the aspect of a protein residue. One can also expand from two-particle to three-particle 
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correlations in order to have detailed observation of the system. In this manner, local 

reorganizational attributes can be measured, along with local displacement, thus allowing 

more information to be obtained for structures. The enzyme–inhibitor pair distribution 

functions are not significantly responsive to local structure reorganizations events, as the 

majority of the contributions result from the movement of an inhibitor in the active pocket 

of the enzyme to attain an energetically stable state as the simulation advances. AFD is 

sensitive to such local movements and hence determines the structural change (Abbasi, 

Raza, Azam, Liedl, & Fuchs, 2016; Azam, Abro, & Raza, 2015). 

2.8. Tools and Software  

 Comparative model building was performed with Modeler9v12 (Eswar et al., 

2006), molecular docking through AutoDock (Trott & Olson, 2010) and GOLD (Jones, 

Willett, Glen, Leach, & Taylor, 1997), MD simulations using AMBER (Case et al., 2005; 

Pearlman et al., 1995) and NAMD (Phillips et al., 2005), steered molecular dynamics with 

PLUMED (Tribello, Bonomi, Branduardi, Camilloni, & Bussi, 2014), Quantum 

mechanical calculations through Gaussian09 (Frisch et al., 2009). Visual Molecular 

Dynamics (VMD) (Humphrey, Dalke, & Schulten, 1996) and Chimera (Pettersen et al., 

2004) software were used to visualize and analyze the trajectories. VMD was also used to 

solvate membranes and proteins and to add counter ions to the system in NAMD 

simulations. For measuring ion channels, CAVER 3.0 was used (Kozlikova et al., 2014). 

2.9. Hardware Details 

 Workstations that are commonplace in many laboratories now offer a real 

alternative to centrally maintained supercomputers for molecular modeling calculations. 

Nevertheless, there are some calculations that require the power that only a supercomputer 

can offer (Höltje et al., 2005). Basic work for this thesis is carried out using Intel (R) 

Core(TM) 2 Duo CPU E8600 @ 3.33 GHZ and the operating system used is Linux 

openSUSE 11.4. However, for running MD simulations, the computational equipment 

utilized for the project are as follows: 
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 The cluster system used for simulations is a Beowulf or loosely-coupled Linux 

cluster comprised of nodes (servers) containing Intel x86-64 processors. Some nodes also 

feature NVIDIA GPUs for CUDA applications. The cluster also features high-performance 

QDR InfiniBand network, a 1Gb/s Ethernet network (with 10Gb/s uplinks) and a Lustre-

based distributed parallel file storage system. It has total 1464 CPU cores with RAM of 4.2 

TB. There are 8 GPU cores and total usable Lustre storage equals to 87 TB. 

 The following gives a description of each partition including the kinds of 

calculation that are supported. 

 InfiniBand Islands – Designed for massively parallel calculations, hosting 

mostly pure MPI calculations and mixed MPI and OpenMP. Each island includes up to 24 

physical servers connected with a 40 Gb/s Intel Truescale InfiniBand QDR network. Inter-

island bandwidth is limited to 20 Gb/s for I/O traffic. 

 Number of physical cores: 16 

 Processor model: Intel Xeon E5-2650 v2 

 Processor turbo frequency: 3.0 GHz 

 RAM Memory type: PC3-14900 DDR3 ECC 

 RAM Quantity: 2GB per core 

 Local Disk: 120 GB, Samsung SM843_T Solid State Disk 

 Ethernet Islands – Due to the slow performance of the standard Ethernet network 

this partition is designed for serial and multithreaded calculations, but it can also be used 

for small MPI calculations or for loosely-coupled MPI applications. It offers a larger 

availability of RAM per core. 

 Number of physical cores: 16 

 Processor model: Intel Xeon E5-2650 v2 

 Processor turbo frequency: 3.0 GHz 

 RAM Memory type: PC3-14900 DDR3 ECC 

 RAM Quantity: 4-8GB per core 

 Local Disk: 120 GB, Samsung SM843_T Solid State Disk 

 1 Port Gigabit Ethernet 
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 InfiniBand Fat Node – Designed for large multithreaded jobs and very large 

memory jobs, it is also connected to the InfiniBand network for fast I/O. 

 Number of physical cores: 32 

 Processor model: Intel Xeon E5-4620 

 Processor nominal frequency: 2.4 GHz 

 Processor turbo frequency: 2.8 GHz 

 RAM Memory type: PC3-12800 DDR3 ECC 

 RAM Quantity:8GB per core 

 Local Disk: 120 GB, Samsung SM843_T Solid State Disk 

 1 Port Intel IB QDR HCA 

 InfiniBand GPU nodes – Designed for applications that have been already 

successfully ported to the GPU architecture, with excellent performance in single precision 

like several Molecular Dynamics codes and Quantum ESPRESSO. 

 Number of physical cores: 12 

 Number of Physical GPUs: 4 (2 K10 modules) 

 Processor model: Intel Xeon E5-2630 v2 

 GPU model: NVIDIA Tesla k10 

 Processor nominal frequency: 2.6 GHz 

 Processor turbo frequency: 3.0 GHz 

 RAM Memory type: PC3-14900 DDR3 ECC 

 RAM Quantity:2 GB per core 

 GPU RAM: 5GB/GPU 

 Local Disk: 120 GB, Samsung SM843_T Solid State Disk 

 1 Port Intel IB QDR HCA 

 Another system used for running simulations had the cluster architecture with 

245 PS702 nodes, each one with 16 cores in two 64-bit processors POWER7 (eight cores 

each) 3.0 GHz, 32 GB of RAM and 300 GB of local hard disk. Each core provides 18.38 

Gflops. The interconnection is with an Infiniband network, a high-bandwidth (40 Gbit/s) 

and low latency (0.3 μs). The system has two independent Gigabit Ethernet for auxiliary 
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tasks: deployment of images and access to storage subsystem. The storage system contains 

192 TB under GPFS with a bandwidth near 1 Tbit/s. Operating system (SLES11SP1), 

deployment system (xCAT, eXtreme Cluster Administration Toolkit) and all software and 

libraries used in the system. 

 It has three different types of nodes each with different characteristics:  

 Architecture POWER7: 245 nodes BladeCenter PS702 each of which has 16 3'3 

GHz POWER7 processors (422'4 GFlops) with 32 GB of RAM and 300 GB local 

hard drive.  

 Intel Architecture: 41 nodes with two Intel Xeon E5-2670 8-core at 2.6GHz (332 

GFlops) and 64 GB of RAM.  

 Intel Architecture-FAT: 3 nodes with 2 Intel Xeon E5-2670 8-core at 2.6GHz (332 

GFlops) and 256 GB of RAM. Two of them are equipped with an Intel Xeon Phi™ 

5110P and the third with a NVIDIA Tesla K20X. 

 

Figure 2.2. High performance clusters used for carrying out simulation studies
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3. Sterol 24-C Methyltransferase 

3.1. Introduction 

Sterols are considered to be ubiquitous among all eukaryotic organisms. They serve 

both as bulk membrane lipid components as well as precursors for additional metabolites 

like mammalian steroid hormones, plant brassinosteroid hormones, insect ecdysteroids and 

even in fungi. Hundreds of such discrete steroids of plants, animals, and fungi are made in 

cells either from the lanosterol (animals and fungi) or from cycloartenol (plants) (Hendrix, 

1970; Thompson, Svoboda, Kaplanis, & Robbins, 1972; Yokota, 1997). Defective 

synthesis of these hormones may have profound effects on development and homeostasis. 

In particular, the enzyme sterol 24-C-methyltransferase (SMT) belongs to the family of 

transferases, specifically to the one-carbon transferring methyltransferases. The enzyme 

has been reported to participate in employing a cofactor, glutathione 

(http://enzyme.expasy.org/EC/2.1.1.41). Along with the methyl transferring property, 

SMT has been found playing a major role during the production of steroids, especially for 

the biosynthesis of ergosterol, which is the major membrane sterol in leishmania parasites, 

and the etiological basis of leishmaniasis (Nes et al., 2009). 

Leishmaniasis can be classified into three general types of disease, cutaneous 

leishmaniasis (CL), mucosal leishmaniasis (ML) and visceral leishmaniasis (VL) based on 

the clinical manifestations of the disease (Davies, Kaye, Croft, & Sundar, 2003). Human 

leishmaniasis is a spectrum of potentially fatal diseases in which, the parasites are 

transmitted by the bite of a tiny – only 2 to 3 mm long – insect vector, the phlebotomine 

sandfly. The disease is endemic in 88 countries with a mortality rate of 59,000 per year, 

and 2 million estimated new cases of leishmaniasis (Prüss-Üstün & Corvalán, 2006). As 

aforementioned, these three forms of leishmaniasis are caused by different parasite species 

and SMT has been observed to be highly conserved among all of them (Goto et al., 2009). 

Leishmania infantum, transmitted by sand flies – the intermediate hosts – is the causative 

agent of infantile VL in the Mediterranean region of the Old World and in Latin America, 

where it has been called Leishmania chagasi. Dogs and other carnivores are considered to 
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be the natural reservoirs for this parasite (Wilson et al., 1995). In humans, children have 

been found to be most commonly affected. One single bite might be enough to cause an 

infection of the vertebrate host, where the amastigotes replicate intracellularly by simple 

division, forming ‘cell nests’, followed by the rupture of the host cells (Murray, Berman, 

Davies, & Saravia, 2005). However, SMT and ergosterol are not found in mammals, so it 

has been believed to be a promising anti-leishmanial vaccine and drug (Goto et al., 2009; 

Wilson et al., 1995). Therefore, the focus of our work has been to study the structural 

features of antigenic SMT with respect to its relation with L. infantum and VL – the most 

severe form of all, in which vital organs of the body are affected. 

Lead discovery is currently an important area requiring diligent efforts for 

exploring the novel antileishmanial drugs (Siqueira-Neto et al., 2010). Inhibition of 

ergosterol biosynthesis provides safe and efficient therapy for leishmania (Nes et al., 2009). 

Both the structure and function of SMT are ideal for the design of species-specific 

inhibitors, which have the advantage of not being harmful to mammalian physiology. Thus, 

it has been treated as a potent drug target in leishmaniasis and other diseases caused by 

fungal agents (Lorente et al., 2004). Pentavalent antimonials, polyene antibiotic agents, 

antiretroviral drugs, immunomodulators, and combined therapy comprise the commonly 

used treatment against leishmaniasis (Monzote, 2009). Polyene antibiotic agents and 

ergosterol biosynthesis inhibitors (EBIs) such as itraconazole interfere with ergosterol 

homeostasis in independent ways. Amphotericin B, a representative drug from the class of 

polyene antibiotic agents, interferes with membrane permeability by binding to ergosterol 

in the lipid leaflet, whereas the EBIs produce a significant loss of ergosterol by targeting 

the enzymes that interrupt carbon flux. SMT, a 353-amino acid enzyme, is a member of 

one-carbon group transferring methyltransferase family and employs glutathione as a 

cofactor (Ator, Schmidt, Adams, & Dolle, 1989; Davies et al., 2003). The active site is a 

deep hydrophobic groove where the inhibitors with hydrophobic substituents would bind 

(Azam, Abro, Raza, & Saroosh, 2014). A series of inhibitors against SMT have been started 

to evolve by the end of 1980s (Nes, 2000; Nes, Xu, & Parish, 1989). Mechanism-based 

inactivators bind irreversibly to SMT which form the basis of this study. Sterol analogs 

have been studied in vitro and in vivo to interfere with SMT activity irreversibly which 

provide leads for the design of antileishmanial inhibitors. Excessive experimental work is 
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being carried out on this target and its inhibitors (Ator et al., 1992; Guo et al., 1997; Mangla 

& Nes, 2000; Nes, Guo, & Zhou, 1997; Nes, He, & Mangla, 1998; Nes et al., 1999; Rahman 

& Pascal, 1990; Zhou & Nes, 2003; Zhou, Song, Kanagasabai, et al., 2004; Zhou, Song, 

Liu, Miller, & Nes, 2004). Many inhibitors designed have ammonium or sulfonium 

function incorporated in their side chain which is mainly responsible for the inhibitory 

activity. The sterol molecule is predicted to bind to the donor site through a combination 

of polar and hydrophobic interactions. They mimic the reactive intermediates in the 

mechanism of methylation. After binding with SMT, the inhibitors undergo C-methylation 

but no other enzyme can catalyze the reaction (Zhou, Song, Liu, et al., 2004). Although 

several drugs are in use for treating leishmaniasis, there is a need for new antileishmanial 

agents as already present drugs have limitations such as high cost, toxicity, and drug 

resistance. In silico, approaches are extensively used for the design of novel enzyme 

inhibitors. In terms of speed and accuracy, computational techniques that are most 

important in modeling protein–ligand binding are molecular docking, molecular 

mechanics, and molecular dynamics (Gilson & Zhou, 2007). 

3.2. Methods and Models 

Different docking tools AutoDock, FRED and GOLD are employed to find out the 

interactions between enzyme and ligands so as to contribute to the drug design against 

SMT. This will also provide an estimate of the binding affinities of inhibitors before they 

are subjected to more advanced steps of synthesis and biological elucidation. Docking 

results from these tools are compared and it is investigated that to what extent and how 

adequately do different tools explain biological results. The best-docked pose of the most 

active inhibitor is investigated using MD simulation in order to understand the dynamic 

pattern and conformational variability with respect to time in nanosecond scales. The 

simulation is analyzed with respect to statistical parameters such as RMSD, RMSF, B-

factor, Rg and RDF. Hydrogen bonds distance is investigated using the statistical parameter 

RDF, and for further insight into coordination geometry of the enzyme–inhibitor complex, 

a novel analysis approach of AFD is utilized. Movement of inhibitor was identified inside 

the binding pocket of enzyme during simulation using AFD. Furthermore, an attempt is 



Chapter 3  Sterol 24-C Methyltransferase 

 
29 

made to understand the structure of enzyme–inhibitor complex in perspective of the 

network of hydrogen bonds which has great association with the stability of the complex.  

Active site mapping – Protein sequence of L. infantum was deduced from cDNA 

as no reported protein sequence was found. The protein sequence was cross referenced with 

cDNA protein sequences of Saccharomyces cerevisiae for predicting the active site 

(Sankararaman, Sha, Kirsch, Jordan, & Sjölander, 2010). Protein sequences for SMT were 

aligned. The alignment revealed a highly conserved region rich in aromatic amino acids 

shown in a box in Figure 3.1. Other active site residues are also found to be conserved. 

 

Figure 3.1. Comparison of the binding site sequence of S. cerevisiae and L. infantum 

The protein utilized in the docking study was the product of homology modeling 

(Azam et al., 2014). Fifty-seven potential sterol analogs including the relevant substrates 

and two standard drugs were selected after thorough literature search (Mangla & Nes, 

2000; Siqueira-Neto et al., 2010). Structures were drawn using chemical structure drawing 

package, ChemOffice 2004. The energy minimization was carried out using MM2 force 

field. Ten thousand iterations were given with a convergence criterion of 1.000 
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kcal/atom/ps. Binding regions were proposed using binding site predictors; also, a careful 

interpretation of multiple sequence alignment data of the SMT enzyme with its homologs 

was performed. AutoDock, FRED and GOLD were utilized to dock inhibitors in the active 

site of SMT. Speed in docking is important in a well-performed study of a set of 

compounds. Default parameters were used in all docking experiments. The average time 

to dock a ligand was approximately 2-3 mins by AutoDock, 1–2 min by FRED and 2–5 

min by GOLD. 

      3.2.1. AutoDock 

Both receptor and ligands’ PDBQT Files for docking were prepared using 

AutoDock 4.2 software package (Morris et al., 2009) and the molecular docking was 

carried out using AutoDock Vina (Trott & Olson, 2010). During the docking process, the 

polar hydrogen atoms, united atom Kollman charges, solvation parameters and fragmental 

volumes were assigned to the protein using AutoDock Tools. All the inhibitors were 

docked within the prepared protein. Prior to docking, AutoGrid was used for the 

preparation of the grid map using a grid box with a number of points in xyz of 60×60×60 

Å box, which encloses the ligand. The box spacing was 0.375 Å and grid center designated 

at dimensions (x, y, z): -1.095, -1.554 and 3.894. A scoring grid was calculated from the 

ligand structure to minimize the computation time. Finally AutoDock Vina was executed 

using protein and ligand information along with grid box properties in the configuration 

file. During the docking procedure, both the protein and ligands were considered as rigid. 

Results less than 1.0 Å in positional RMSD were clustered together and represented by the 

pose 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. 

3.2.2. GOLD 

While docking with GOLD, for each inhibitor, ten was the highest number of 

genetic algorithm runs. The default parameters for genetic algorithm were designated. For 

van der Waals and hydrogen bond distances, cutoff values of 2.5 and 4.0 Å, respectively, 

were taken as used by default.  



Chapter 3  Sterol 24-C Methyltransferase 

 
31 

3.2.3. FRED 

The first step in docking with FRED was the shape fitting process where inhibitors 

were taken as input and were tested where they can potentially be placed. The grid box was 

centered at dimensions 20.33 Å × 20.33 Å × 20.00 Å, and the total volume of the box was 

8268 Å3. The next step was the optimization performed employing Chemgauss4 scoring 

function.  

3.2.4. Simulation Protocol 

MD simulation of SMT with most active compound was carried out using the 

AMBER software (Case et al., 2008). Preprocessing of the inhibitor involved the 

application of antechamber program. For ligands, the general AMBER force field (GAFF) 

was chosen and for enzyme the ff99SB force field (Duan et al., 2003; Lee & Duan, 2004; 

Wang, Wolf, Caldwell, Kollman, & Case, 2004). To record the topology of the enzyme 

and inhibitors, the LEaP module was employed (Case et al., 2008). The system was 

minimized before solvation with 750 steps each of steepest descent and conjugate gradient. 

The system was placed in TIP3P tetrahedral box of water molecules with dimensions of 65 

Å × 70 Å × 70 Å (Jorgensen, Chandrasekhar, Madura, Impey, & Klein, 1983). Histidine 

residues were present as neutral species with hydrogen at epsilon position. In the final form, 

these were named as HIE 8, HIE 25, HIE 40, HIE 79, HIE 117, HIE 156, HIE 161, and 

HIE 244. SMT docked with an inhibitor consisted of 4605 atoms surrounded with 10,636 

water molecules. Minimization of the solvated enzyme system was performed before 

undertaking MD simulations. 2500 cycles of energy minimization (steepest descent 

algorithm of 1500 steps was followed by 1000 steps of conjugate gradient) were conducted 

through SANDER module to relieve unfavorable clashes in the docked complex of SMT. 

It was followed by heating with initial period of 100 picosecond starting gradually from 0 

K to a temperature of 300 K and pressure of 1 atm. Heating sets the system and assigns the 

initial coordinates and velocities. After heating, an initial round of 100 ps of equilibration 

at a constant temperature of 300 K is required before the production phase of the 

simulation. Before launching the production run for the system, we need to equilibrate the 

system, which is normally achieved by an exchange between potential and kinetic energies. 

This exchange then tends to stabilize the system which is apparent when kinetic and 
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potential energies, and the total energy seems to converge with oscillations about the mean 

value. This behavior is achieved from NVE ensemble. So our system was equilibrated on 

NVE ensemble before the production was started. Production run of 20 ns followed the 

equilibration for SMT docked complex, to bring together the correct results, statistically 

and numerically. The SHAKE algorithm was used for constraining the bond lengths that 

involved hydrogen bonds (Ryckaert, Ciccotti, & Berendsen, 1977). Simulation box was 

kept under periodic boundary conditions, and the Berendsen coupling integration algorithm 

was employed to keep the temperature constant; a non-bonded cutoff of 8.0 Å was applied. 

To explain long-range electrostatic interactions, Ewald summation method was used for 

performing MD simulations (Darden, York, & Pedersen, 1993). Files were saved after 

every 0.5 ps for analyzing the complex structure. PTRAJ module of the AMBER saved 

these files. 

3.2.5. Structural Evaluation 

The preliminary analysis to obtain fundamental structural attributes is RDF, which 

is plotted between O and N of enzyme with H of inhibitor. The RDF, represented as g (r), 

shows the likelihood of finding an atom or a molecule at the distance r from another atom 

or molecule. If we find the frequency of two molecules at a distance of r, ranging from 0 

to ∞, RDF can be calculated. Docking study highlighted the enzyme residues Asp 95, Ile 

112, Glu 113, and Ala 114 which were visible in the course of the inhibitor binding process. 

These residues forming hydrogen bonds were further analyzed using RDF. We investigated 

the RDF between SMT and its inhibitor hydrogen atom to observe the influence of ligand 

on enzyme activity. While analyzing the association of an inhibitor with the enzyme, RDF 

provides the estimate average distance between two atom masks on the basis of an 

orientation vector. It does not calculate the coordination geometry of the complex as it 

averages the density around all directions of the initial atom masks. To reveal this precise 

information relevant to the structure of the enzyme–inhibitor complex, another parameter 

is used. This parameter utilizes the atomic molecular distribution of the atomic mask 

depending on the relative coordinate axis, which can give the insight into coordination 

geometry of the enzyme–inhibitor complex and further establish their stability. Initially, 

orientation vector of 5 Å was utilized to scrutinize non-bonding atoms.  
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A structural network comprising of hydrogen bonds is deduced from RDFs of O–

H and N–H. This structural framework is influenced by a potent inhibitor when it binds in 

the active site of the enzyme structure.  

3.3. Results and Discussion 

Active site was defined with reference to the research performed on S. cerevisiae 

(Boissy et al., 1999; Jayasimha & Nes, 2008; Nes, 2000; Nes et al., 2002). In yeast SMT, 

residues 81–86 form the conserved motif of aromatic residues which is of considerable 

importance in inhibitor binding as reported by Nes and co-workers (Nes et al., 2002). 

Sequence alignment of the SMT from L. infantum and S. cerevisiae showed a high 

sequence homology suggesting the striking similarity of motifs and domains within the 

family. Both the substrate binding site and SAM binding domain are conserved among 

both organisms. Multiple sequence alignment highlighting the active site residues depicted 

in Figure 3.1., demonstrates the protein conservation among the two species. Nes and 

coworkers explained the role of specific amino acid residues in crucial interactions at the 

active site in yeast SMT. Active site residues that are conserved among both species are 

enlisted in Table 3.1. These residues form the putative active site in human SMT. 
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Table 3.1. Critical amino acid residues of SMT along with their locations 

No. Active site residue Location 

1 Tyrosine 1 

2 Glycine 4 

3 Glutamine 5 

4 Histidine 8 

5 Glycine 45 

6 Glycine 47 

7 Aspargine 67 

8 Aspargine 68 

9 Aspargine 69 

10 Glutamine 72 

11 Isoleucine 112 

12 Glutamine 113 

13 Alanine 114 

14 Histidine 117 

15 Glycine 168 

3.3.1. Molecular Docking 

In order to explore characteristics of the binding pocket of the enzyme and to obtain 

the structural requirement for better activities of inhibitors possible, molecular docking is 

carried out. The data set is shown in Table 3.2. The numbers given here are just serial 

numbers used for the current research. These are not the experimental numbers. All results 

are based on docking studies through GOLD and AutoDock. 
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Table 3.2. Data set employed in the study with binding affinity (in Kcal/mol) from 

AutoDock Vina docking 

S. No. Compound structure Binding 

affinity 

S. No. Compound structure Binding 

affinity 

1 

 
3-aminolanosterol 

-9.6 2 

 
3-desoxycycloartenol 

-9.1 

3 

 
3-epicycloartenol 

-9.2 4  

 
3-ketocycloartenol 

-8.7 

5 

 
3-OMe cycloartenol 

-7.7 6 

 
4 α-methylfecosterol 

-9.7 

7 

 
4  α-methylzymosterol 

-7.6 8 

 
7-amino 24,25-

dihydrolanosterol 

-9.4 

9 

 
10  α-cocurbitacin 

-7.9 10 

 
14  α-methylfecosterol 

-9.2 

11 

 
14  α-methylzymosterol 

-8.2 12 

 
17(20)E-dehydrodesmosterol 

-10.0 
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13 

 
17(20)Z-

dehydrodesmosterol 

-10.0 14 

 
20(22)E-dehydrodesmosterol 

-8.6 

15 

 
20-epidesmosterol 

-8.0 16 

 
20R,22-azacholesterol 

-9.0 

17 

 
23-azazymosterol 

-9.5 18 

 
24(28)-methylenecyclartanol 

-9.6 

19 

 
24(R,S),25-

epiminolanosterol 

-10.7 20 

 
24-azazymosterol 

-9.7 

21 

 
24-methyl desmosterol 

-9.7 22 

 
24β-aminolanosterol 

-9.2 

23 

 
25-aminolanosterol 

-9.8 24 

 
25-azacholesterol 

-9.5 

25 

 
25-azacycloartenol 

-7.8 26 

 
25-azalanosterol 

-9.1 

27 

 
25-thialanosterol iodide 

salt 

-8.0 28 

 
26-nor-25-thialanosterol 

-9.2 
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29 

 
30,31-dinorcycloartenol 

-9.3 30 

 
31-norcycloartenol 

-9.0 

31 

 
31-noreburicol 

-7.6 32 

 
31-norlanosterol 

-7.7 

33 

 
32-amino24-

dihydrolanosterol 

-7.5 34 

 
Amphotericin B 

-11.1 

35 

 
Cholest-8-enol 

-7.6 36 

 
Cholest-5,7,22E-24-tetraenol 

-8.5 

37 

 
Cholesta-5,7,24-trienol 

-8.0 38 

 
cholesta-5, 25(27)-dienol 

-7.7 

39 

 
Cholesterol  

-9.5 40 

 
Cycloartanol 

-8.7 

41 

 
cycloaudenol 

-7.7 42 

 
desmosterol 

-7.6 

43 

 
Ergost-7,22-enol  

-7.9 44 

 
Ergost-7-enol 

-9.1 

45 

 

-7.4 46 

 

-7.5 
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The top ranked conformations were selected for further studies and visual 

inference. The docking results indicate that all of the studied compounds occupy an almost 

similar space in the binding site. All of the compounds are particularly analyzed for their 

binding modes. Compound number 19 which is 24(R,S),25-epiminolanosterol fits best in 

the binding pocket. The best possible binding modes of this compound along with the FDA 

approved standard drugs Amphotericin B and Itraconazole in SMT active site are 

illustrated (Figures 3.2. (a–f)). 2D depiction of the docked conformation of the ligand in 

the binding site of SMT enzyme is shown in Figure 3.3. as taken by LIGPLOT. It was 

Ergost-8-enol Ergosta-5,8,22-trienol 

47 

 
Ergosterol  

-7.9 48 

 
Fecosterol 

-8.2 

49 

 
Itraconazole  

-10.5 50 

 
Lanosterol 

-10.0 

51 

 
Obtusifoliol  

-9.6 52 

 
Parkeol 

    -10.3 

53 

 
Sitosterol  

-7.5 54 

 
Solanidine 

-9.3 

55 

 
Solasodine  

-9.6 56 

 
Tirucallol 

-7.3 

57 

 
Zymosterol  

-8.2  
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studied in detail in order to extract useful information about its conformation in the binding 

pocket of the SMT enzyme.  

This compound docked deeply into the active site region making interactions with 

the residues Gln72, Gly45, Gly47, Tyr1, Gly4, Gln5 Asn69, Asn67, Asn68; one acidic 

residue Glu113. There were two basic residues His8 and His117 while Ala114 and Ile112 

were the greasy residues as backbone donors. Ile112 is forming a hydrogen bond of type 

(–O…H–O). Hydrophobic interactions are formed in majority among all the ligand–protein 

interactions. Therefore, an inhibitor with hydrophobic substituent would be better as it 

would project into the hydrophobic groove and thus effectively inhibit the enzyme activity. 

Due to this high hydrophobic character of the binding pocket, it is clearly understood that 

hydrophobic substitutions tend to enhance the fitting of each mechanism based inactivator 

in the binding site. This can be explained considering that the increase of the surface 

complementarity forces the inhibitor to maintain a stable conformation. The presence of 

H-bond with the solvent-exposed pocket of the receptor (Ile112) further stabilizes the 

interaction. The top-ranked ligands and their experimental values are provided in Table 

3.3. It is evident from the table the selected best docked compound has the value of binding 

energy as well as the IC50 close to Amphotericin B and Itraconazole, both are the drugs 

used for the treatment of leishmaniasis. Hence, these results are found to be consistent with 

the experimental findings. 
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Figure 3.2. (a) The binding mode of most active compound (compound 19) in the 

binding site of SMT enzyme with important interacting residues (b) Binding mode of 

SMT enzyme with most active compound (compound 19) showing helices (in purple), 

Beta sheets (in yellow), coils and turns with the docked ligand (bead form) (c) The 
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binding mode of Itraconazole in the binding site of SMT enzyme with important 

interacting residues (d) Binding mode of SMT enzyme with Itraconazole showing helices 

(in purple), Beta sheets (in yellow), coils and turns with the docked ligand (bead form) 

(e) The binding mode of amphotericin B in the binding site of SMT enzyme with 

important interacting residues (f) Binding mode of SMT enzyme with Amphotericin B 

showing helices (in purple), Beta sheets (in yellow), coils and turns with the docked 

ligand (bead form) 

 

Figure 3.3. Interactions of ligand in the binding site of SMT enzyme are shown in 2D 

conformation 
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Table 3.3. IC50 values and binding affinity values of top-ranking compounds 

 

 

 

 

 

 

 

 

 

 

 

 

Upon visual inspection of binding modes and key enzyme–inhibitor interactions for 

compounds docked through FRED and GOLD, the top-scoring inhibitors docked into the 

binding pocket of SMT appeared to be the same (as shown in Figure 3.4.), but difference 

in the scoring function resulted in the difference of the docking scores. Hydrophobic 

interactions are again formed in majority among all the enzyme–inhibitor interactions. 

Here, a stable conformation for each inhibitor is considered to be maintained by the 

increase of the surface complementarity. The presence of a small number of hydrogen 

bonds further stabilizes the interaction with the receptor to its solvent-exposed binding site. 

These results are consistent with the experimental findings (Nes et al., 2009) as the IC50 

can only be justified by the interaction of ligand molecule with active site or the allosteric 

site which hampers the activity of the protein or enzyme. GOLD scoring functions ranked 

the other compounds higher as compared to the standard drugs (amphotericin B and 

Ligand IC50 µM AutoDock (Kcal/mol) 

3-aminolanosterol 1 -9.6 

7amino 24,25-dihydrolanosterol 4.5 -9.4 

24(R,S),25-epiminolanosterol 0.23 -10.7 

24b-aminolanosterol 2.5 -9.2 

25-aminolanosterol           3.1 -9.8 

25-azacholesterol 0.14 -9.5 

25-azacycloartenol 0.35 7.8 

25-azalanosterol 2.1 -9.1 

25-thialanosteroliodidesalt 0.35 -8 

26-nor-25-thialanosterol 6.4 -9.2 

32-amino24-dihydrolanosterol 4.2 -7.5 

AmphotericinB             0.4 -11.1 

ergosterol               0.85 -7.9 

Itraconazole               0.2 -10.5 

solasodine              2 -9.6 

zymosterol           4.5 -8.2 
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itraconazole). In the case of FRED, majority of the compounds were ranked lower than the 

standard drugs. A better fit in the binding site is shown by more negative value. To 

elucidate the binding mode of mechanism-based inactivators in the binding pocket of SMT, 

the docking pose of active compounds (19 in GOLD results with GoldScore – 64.4) and 

(26 in FRED results with binding affinity value −11.3) has been discussed in the 

forthcoming section. The best docking conformation of molecule 19 (24 (R,S),25-

epiminolanosterol), which seems to be the most active compound, is depicted in Figure 

3.5. (a). The cutoff value for hydrogen bond is usually considered in range of 1.5–2.5 Å. 

The range represents the distance between the hydrogen joined to highly electronegative 

atom and another highly electronegative atom. The distance usually taken is from one 

electronegative element to another, so the hydrogen van der Waal’s radius is added to the 

cutoff and the cutoff boundary is set to 4 Å. If the distance is less than 2.5 Å, they are 

considered as strong; if it is between 2.5 and 3.2 Å, it is considered as moderate; if it is 

between 3.2 and 4 Å, it is classified as weak (Jeffrey & Jeffrey, 1997). The –OH group of 

compound 19 forms a weak hydrogen bond with both backbone oxygen and nitrogen of 

Glu 113 (3.42 and 3.90 Å), while the distance of –OH from backbone carbonyl oxygen of 

Ile 112 is 2.01 Å. The backbone –NH group of Ala 114 also forms weak hydrogen bond 

with –OH of the same compound with the distance of 3.38 Å. In the current study, all the 

mechanism-based inactivators indicate isoleucine 112 and glutamate 113 residues in their 

vicinity which gives a clear idea that a potent SMT inhibitor must be interacting with these 

isoleucine and glutamate amino acids. Prediction of the correct binding of a ligand into its 

active site was evaluated by comparing the binding affinity values. FRED performs 

docking faster as compared to GOLD. It is efficient in terms of speed; however, results are 

different from those found in the literature for the same protein in different organism, while 

GOLD results are more favorable and coherent with in vitro experiments conducted against 

opportunistic pathogens (Nes et al., 2009). The enzyme–inhibitor complex with minimum 

binding affinity (compound 26, that is, 25-azalanosterol) value is depicted in Figure 3.5. 

(b). Majority of the residues are polar and include Tyr 1, Gly 4, Gln 5, His 8, Gly 45, Gly47, 

Asn 67, Asn 68, Asn69, Gln 72, His 117, and Tyr 124. Glu 113 is a single acidic residue 

which is very important in the binding site as it acts as a side-chain donor and involved in 

hydrogen bonding with the inhibitor. Phe 7, Val 44, Phe 96, Ile 112, Ala 114, and Ala 118 
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are the greasy or hydrophobic residues. Majority of the interactions formed are 

hydrophobic, and a few hydrogen bonds are also observed. Oxygen of both Glu 113 and 

Ile 112 forms hydrogen bonds with inhibitor with distances 3.20 Å and 2.86 Å, 

respectively. All the other compounds show similar interactions with the active site amino 

acid residues. A correlation between available IC50 data (Ator et al., 1992; Guo et al., 1997; 

Mangla & Nes, 2000; Nes et al., 1997; Nes et al., 1998; Nes et al., 1999; Rahman & Pascal, 

1990; Zhou & Nes, 2003; Zhou, Song, Kanagasabai, et al., 2004; Zhou, Song, Liu, et al., 

2004) and the respective docking score or binding affinity values is determined. The 

accuracy of a docking protocol is determined by the assessment of the scoring function that 

how well it assigned scores to certain docked pose. The best pose of the inhibitors was 

selected from the 10 GOLD-generated poses on the basis of two gauges, inhibitor fit in the 

active site and fitness function scores. The fitness function scores are given in Tables 3.4 

and 3.5. 

 

Figure 3.4. The binding mode of most active compounds from GOLD and FRED in the 

binding site of SMT enzyme with important interacting residues 
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Figure 3.5. (a) The binding mode of most active compound from GOLD in the binding 

site of SMT enzyme with important interacting residues (b) The binding mode of most 

active compound from FRED in the binding site of SMT enzyme with important 

interacting residues 
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Table 3.4. Chemscore of Ligands through GOLD 

S. No. ChemScore ΔG S(hbond) S(lipo) H(rot) ΔE(clash) ΔE(int) 

1 26.63 -33.68 1.92 209.66 1.07 6.83 0.21 

2 30.56 -33.24 0 259.13 1 0.42 2.26 

3 27.29 -30.52 0 245.75 1.45 1.25 1.98 

4 27.41 -29.54 0 228.91 1.06 0.15 1.98 

5 28.39 -32.85 0 258.06 1.1 1.75 2.71 

6 27.75 -29.61 0 238.72 1.49 1.24 0.61 

7 26.47 -28.91 0 232.1 1.45 1.93 0.51 

8 25.89 -28.83 0.97 197.61 1.17 2.6 0.34 

9 25.71 -27.44 0 219.41 1.45 0.23 1.5 

10 26.2 -27.73 0.91 196.76 1.49 0.47 1.06 

11 25.47 -26.67 0.94 186.1 1.45 0.32 0.89 

12 24.26 -30.47 0 244.57 1.42 5.9 0.31 

13 24.15 -28.86 0.95 203.64 1.42 4.7 0.01 

14 24.55 -28.02 0 223.62 1.42 2.29 1.18 

15 26.68 -27.24 1 189.37 1.46 0.37 0.19 

16 22.76 -27.2 0.93 194.66 1.63 4.18 0.27 

17 26.1 -30.47 0.61 231.58 1.63 0.74 3.63 

18 29.64 -31.77 0 257.05 1.48 0.03 2.1 

19 27.96 -30.58 1 222.11 1.65 2.38 0.23 

20 26.46 -28.49 1 205.79 1.72 0.27 1.75 

21 26.3 -28.32 0 227.09 1.46 0.46 1.56 

22 29.38 -31.76 1.99 206.44 1.77 1.35 1.02 

23 30.42 -30.76 1.96 200.72 1.86 0.15 0.19 

24 21.89 -25.42 0 206.41 1.65 0.26 3.26 

25 25.76 -27.15 0.88 195.79 1.63 0.2 1.19 

26 26.96 -31.46 0.95 230.62 1.63 3.92 0.57 

27 26.23 -28.6 0.89 204.55 1.48 1.75 0.62 

28 25.65 -27.17 0.8 195.08 1.48 1.13 0.39 

29 25.78 -26.05 0.84 183.76 1.45 0.05 0.22 

30 26.37 -30.82 0 248.4 1.45 2.19 2.27 

31 27.02 -29.63 0 238.85 1.48 0.85 1.77 

32 25.99 -28.28 0 226.61 1.45 0.16 2.13 

33 24.08 -35.88 1.43 258.95 1.83 8.66 3.13 

34 -10.97 -29.33 2.31 326.13 8.6 34.47 5.83 

35 26.85 -26.96 1 187.73 1.49 0.05 0.06 

36 25.78 -26.22 1 178.55 1.36 0.16 0.27 

37 26.77 -27.53 1 191.83 1.46 0.1 0.66 

38 26.33 -26.75 0.73 193.57 1.49 0.33 0.08 

39 26.06 -26.56 0.93 186.27 1.49 0.37 0.13 
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40 27.29 -29.26 0 235.63 1.48 0.53 1.44 

41 28.68 -31.26 0 252.69 1.48 2.24 0.34 

42 25.44 -27.23 0 217.78 1.46 0.13 1.66 

43 27.43 -29.19 0.79 212.39 1.48 1.08 0.68 

44 30.12 -33.94 0.94 248.32 1.46 3.47 0.35 

45 29.68 -35.15 0.56 270.08 1.49 4.64 0.83 

46 26.26 -27.06 1 188.59 1.49 0.17 0.63 

47 25.56 -32.6 0 263.75 1.46 4.63 2.41 

48 26.05 -27.74 0 222.14 1.46 1.55 0.13 

49 26.3 -28.85 0 232.36 1.49 1.59 0.97 

50 18.54 -24.03 0 222.61 2.93 0.56 4.93 

51 26.32 -27.46 0.84 195.61 1.45 0.78 0.36 

52 26.2 -28.21 0 226.71 1.48 0.13 1.87 

53 30.45 -33.96 0.99 247.04 1.45 3 0.52 

54 27.49 -28.06 0.93 199.78 1.52 0.28 0.28 

55 26.58 -26.59 0.88 177.12 1 0.02 0 

56 24.71 -24.79 0.99 158.6 1 0.08 0 

57 25.51 -28.49 0.97 200.63 1.45 2.58 0.4 

58 26.34 -27.97 0.98 196.21 1.46 1.26 0.36 

Table 3.5. GOLD Fitness function GoldScore results 

S. No. Fitness S(hb_ext) S(vdw_ext) S(int) 

1 51.92 1.65 38.11 -2.12 

2 59.12 0 43.12 -0.16 

3 58.44 0 43.68 -1.61 

4 54.73 0.04 39.81 -0.03 

5 52.27 0 41.95 -5.42 

6 53.25 0 38.81 -0.11 

7 52.21 0 38.69 -0.99 

8 46.52 0.65 34.09 -0.99 

9 51.55 0 37.85 -0.5 

10 50.9 0 37.43 -0.58 

11 55.11 0 40.78 -0.96 

12 50.12 0 40.8 -5.99 

13 55.52 0 40.48 -0.14 

14 56.21 0 41.38 -0.69 

15 55.78 0.53 41.47 -1.77 

16 59.21 0 43.06 0 

17 56.77 0.39 41.41 -0.56 

18 60.07 0 43.76 -0.1 

19 64.4 0 46.86 -0.03 

20 51.83 0 37.75 -0.07 
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21 52.67 0 38.41 -0.14 

22 55.75 0 40.61 -0.09 

23 56.29 0 42.24 -1.79 

24 49.31 0 36.33 -0.65 

25 56.65 0 41.21 -0.02 

26 54.32 0 39.99 -0.66 

27 55.42 0 40.57 -0.36 

28 56.7 0 41.59 -0.49 

29 55.17 0 40.24 -0.15 

30 54.02 0.3 39.63 -0.77 

31 55 0 41.43 -1.97 

32 45.9 1 33.81 -1.59 

33 30.26 0.24 28.68 -9.4 

34 52.69 0 38.53 -0.29 

35 56.05 0 41.51 -1.03 

36 55.8 0 41.15 -0.77 

37 55.3 0 42.91 -3.71 

38 49.43 0 36.96 -1.38 

39 56.8 0 41.52 -0.29 

40 57.01 0 41.49 -0.04 

41 57.32 0 42.05 -0.5 

42 56.99 0 41.55 -0.14 

43 50.76 0 42.13 -7.17 

44 49.45 0 38.32 -3.24 

45 49.44 0 36.08 -0.16 

46 51.6 0 38.97 -1.99 

47 52.95 0 38.89 -0.53 

48 49.87 0 36.43 -0.23 

49 63.44 0.78 46.74 -1.61 

50 61.09 0 44.5 -0.09 

51 53.35 0 38.85 -0.07 

52 60.76 0 45.1 -1.24 

53 54.61 0 40.94 -1.67 

54 53.67 0 39.04 -0.01 

55 52.92 0 38.57 -0.12 

56 61.03 0 44.49 -0.14 

57 50.31 0 36.96 -0.51 

 

From the poses as viewed in VMD, it is clear how accurately GOLD predicts the 

correct binding conformation of ligands, GoldScore showed better predicting ability. 

GoldScore has compatibility problem when calculating the large ligand molecule 
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interaction as the large molecules rely primarily on hydrophobic interactions. GoldScore 

has decreased sensitivity for hydrophobic interactions (Perola, Walters, & Charifson, 

2004). The term S(int) in GoldScore equation represents the intramolecular strain in the 

ligand which can have negative value if the ligand is large as compared to the pocket or 

other ligands. Amphotericin B is about 923 Da in size which is comparatively higher than 

other ligands that is the reason value for S(int) is approximately −9.4 which removes it 

from the top-ranked ligands. Docking results reported by Azam et al. from AutoDock Vina 

predicted binding affinity of −11.1 Kcal/mol. Large molecules are usually an exception 

when ranking their docked conformation on the basis of GoldScore. Ergosterol was docked 

to find the cutoff value to determine the mechanistic inhibitors. 

The compounds with low IC50 values correspond to high GoldScores, while 

inhibitors scored with ChemScore were not found in any such correlation and the scatter 

appeared to be random for ChemScores. GoldScore has performed better than ChemScore 

fitness function, and a qualitative agreement is found with the reported IC50 values of 

mechanism-based inactivators. A linear regression model was used for establishing the 

correlation where the GoldScore has shown the higher scoring consistency. Results yielded 

for current study provided the following linear regression model for explaining the data: 

𝐺𝑜𝑙𝑑𝑆𝑐𝑜𝑟𝑒 = 15.82 + 6.59 𝑝𝐼𝐶50 

Where 𝑝𝐼𝐶50 = −𝑙𝑜𝑔𝐼𝐶50. 

R2, the calculated correlation coefficient, shows the strength of this model. The 

value of R2 came out to be 0.50 which means that IC50 values and GoldScore are correlated. 

Additionally, this also implies that variation in IC50 can be described by 50% of the 

variation in GoldScore. The potency of newly designed SMT inhibitors can successfully 

be predicted using the given linear regression model. GOLD provided a satisfactory 

correlation value when estimated using GoldScore. Hence, for further molecular dynamics 

study, docked pose from GOLD is used for observing dynamics of SMT enzyme. In an 

earlier in vitro study by Nes and coworkers, the same inhibitor is reported to be the most 

potent against the same protein in different organism. It was proved to be the most active 

antifungal agent while inhibiting SMT activity in Cryptococcus neoformans, and in our 
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results, the same compound is exhibiting best antileishmanial activity. Due to sequence 

similarity in both the proteins, their functions are alike, and hence, the inhibitors acting 

upon their active sites are also same (Nes et al., 2009). 

3.3.2. Trajectory Analysis 

MD was employed to evaluate the stability of the enzyme–inhibitor complex. A 20 

ns simulation is carried out on enzyme–inhibitor complex for the assessment of its dynamic 

behavior and stability. The inhibitor is stabilized mainly by hydrogen bonds. Time-

dependent behavior of hydrogen bonds is analyzed through molecular dynamics. A 

hydrogen bond is formed between OH of the ligand and Ile 112 at the beginning of the 

simulation (60 ps). However, as the simulation proceeds (around 760 ps), the ligand is 

internalized and OH is able to form two new hydrogen bonds with Glu 113 and Ala 114, 

which are present in the catalytic site. It is worth mentioning that the formation of the 

hydrogen bond between the ligand and the Asp 95 is stabilized in the later steps of 

simulations. It is noteworthy that the ligand remains inside the binding site and once 

formed, hydrogen bonds are present throughout the course of simulation. Furthermore, it 

is observed that the enzyme–inhibitor conformation does not involve crucial changes. 

Aforementioned findings provide essential information regarding interactive dynamics of 

enzyme–inhibitor complex. RMSD is the foremost and basic measure that is used to 

monitor structural changes in simulations of protein dynamics. The overall RMSD of SMT 

enzyme–inhibitor complex is shown in Figure 3.6. (a). Fluctuations have been observed in 

RMSD values; the maximum value for RMSD noted is 3.71 Å. The RMSD stays around 

3.0 Å, which is its average value also. Fluctuations are attributed to the presence of a loop 

structure in enzyme model. When observing the SMT homology model, the loop is 

showing minor fluctuations (Figure 3.7.). As seen before, the ligand is stabilized in the 

active site of SMT primarily by hydrogen bonding which is observed in the molecular 

docking. The RMSD plot has moderate mean value of 3.0 Å depicting complex stability. 

The enzyme–inhibitor complex shows stability due to strong binding which is possible 

when we have high hydrogen bonds or hydrophobic interaction. In this system, we have 

four hydrogen bonds which are attributed to complex stability. 
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Figure 3.6. (a) RMSD versus time graph (b) B-factor versus residue number graph (c) Rg 

for the 20 ns of simulation 
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Figure 3.7. a–d SMT homology model (left) and ligand–enzyme complex (right) at 0, 1, 

3 and 8 ns 
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It is discussed before that the ligand is stabilized in the active site of SMT primarily 

by hydrogen bonding which is observed in the molecular docking. Thus it seems hydrogen 

bonding is contributing towards the stability of the RMSD plot of the docked structure. 

In order to examine the structural variations of the structure within the hydrated 

environment, RMSF of the simulated system was analyzed. Dynamic fluctuations of 

enzyme molecules around their average conformations is an important indicator of their 

activities (Saleem, Azam, & Zarina, 2012). RMSF is calculated for Cα atoms in each of 

the protein residues and plotted to compare the flexibility of each amino acid residue of 

SMT and to explore the flexible regions of the system. While observing the residual 

fluctuations of enzyme–inhibitor complex, there are less fluctuations and the stability of 

the system is revealed towards the end of simulation as compared to the simple homology 

model (Figure 3.8.). It shows that average RMSF decreases with the binding of ligand. This 

is also in complete agreement with the docking results. It is observed that the greatest 

fluctuations are observed by Leu 223, Cys 237 and Ala 288, which are the residues not 

present in the active site of SMT. Thus, fluctuations have nothing to do with the ligand 

directly. Hence, both RMSD and RMSF plots provide a proof that ligand binding has 

stabilized the protein structure. This finding can prove very helpful in development of new 

ways of treatment against leishmanial disease. 

 

Figure 3.8. RMSF plot of ligand–enzyme complex 

B-factors have been exploited to predict flexibility in structure, assess their thermal 

stability, and predict disordered regions in protein dynamics (Kuzmanic & Zagrovic, 
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2010). During any structural analysis, B-factors are very important to scrutinize: For an 

atom, value for B-factor that is below 30 Å2 points to the strength of its atomic position, 

but a value greater than 60 Å2 shows that the position of an atom may be disordered. B-

factor plot (depicted in Figure 3.6. (b)) shows that half of the residues lay below 30 Å2 and 

the other half above the 60 Å2. This indicates that the structure of the protein overall is 

stable, and at the same time, some of the residues are disordered. The structure of the 

protein seems to be highly stable where the active site is present and the inhibitor is bound 

as the B-factor values are below 30 Å2. This is validating the fact that the active site is the 

region which is evolutionarily highly conserved and thus stable as well. Ala 288 (579 Å2) 

has the highest value for B-factor of all the 288 residues of SMT. Next was the Rg, which 

gives an understanding of the equilibrium conformation of the system. It reflects the 

compactness of a protein. Low Rg suggests rigid packing, while higher radii suggest the 

packing flexibility (Lobanov, Bogatyreva, & Galzitskaya, 2008). The enzyme–inhibitor 

complex reaches structural equilibrium at 20.13 Å according to the Rg calculations (see 

Figure 3.6. (c)). This confirms the results of RMSD and B-factor reported herein. Overall, 

the structure bound with the ligand gains stability. To date, there is no experimental data 

available for the Rg values for SMT; hence, experiments may be conducted to authenticate 

the value predicted through simulation. 

3.3.3. RDF Analysis 

The RDF between N and O atoms of SMT with bound inhibitor is discussed in 

detail. The sharpest RDF peak for the ligand with the Ile112 interaction appears at distance 

of 1.774 Å with a probability value of 2.207 (see Figure 3.9. (a)). The ligand H1 atom is 

2.203 times more likely to be found at a separation distance of 1.774 Å from carbonyl 

oxygen of Ile 112. The highest peak in RDF graph for ligand and Glu 113 occurs at 3.527 

Å and has a g(r) value of 0.457 indicating a 0.457 times greater probability of finding the 

ligand atom H1 and the N atom of backbone of residue Glu 113 at a distance of 3.527 Å 

(see Figure 3.9. (b)). The sharpest peak for the ligand and Ala 114 was found at 4.029 Å in 

the graph having a g(r) of .285 (Figure 3.9. (c)), and the sharpest peak for ligand and Asp 

95 appears at 2.124 Å having a g(r) value of 0.210 (see Figure 3.9. (d)). The ligand and Ile 

112 have the maximum g(r) value amid all of the aforementioned interactions. The 



Chapter 3  Sterol 24-C Methyltransferase 

 
55 

comparatively higher values of g (r) inferred at the end of simulation signify the confidence 

at the distance between atoms of the inhibitor and enzyme residue. It is noticed that the 

presence of inhibitor enhanced the peaks of RDF for O and N of enzyme with H of 

inhibitor. This indicates the strengthening of enzyme–inhibitor complex structure which 

can be attributed to the shortening of the hydrogen bond angle and the distance between 

enzyme O and N atoms with H atom of the inhibitor. The results obtained from the RDF 

graphs depict a movement of the inhibitor structure. It appeared that a new hydrogen bond 

is formed toward the end of simulation run as mentioned before. For the definition of 

hydrogen bond between donor and acceptor, a cutoff radius of 3.5 Å was taken. The 

distribution of hydrogen bond distances between enzyme and its inhibitor in the complex 

was inspected, and it was found that the peaks of the graphs exhibit a significant increase 

in the probability distribution. It is also clearly observed that the addition of a mechanism-

based inactivator of an enzyme forces the shorter angles of the hydrogen bond distances; 

thereby, the ratio of strong hydrogen bonds is significantly increased by the inhibitor.  

 

Figure 3.9. (a) RDF graph of inhibitor and Ile112 (b) RDF graph of inhibitor and GLU 

113 (c) RDF graph of inhibitor and ALA 114 (d) RDF graph of inhibitor and ASP 95 
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3.3.4. AFD Analysis 

In order to have deeper insight, we investigated hydrogen bonds through AFD and 

rationalized the formation of new hydrogen bonds observed at bonds with Glu 113 and Ala 

114 during the simulation. As mentioned earlier, statistical parameter such as RMSD and 

RDF can give an insight into the structural stability of protein–ligand complex. Structure 

stability depicted cannot account for the formation of new hydrogen bonds. Appearance of 

hydrogen bonds between ligand and protein during the course of simulation is due to the 

movement of ligand within the active site cavity. Results yielded from AFD employed on 

the simulation trajectories agree well with the fact that inhibitor has gone through change 

in its position. No net displacement of the inhibitor with respect to the enzyme is shown by 

the RDF, but one new hydrogen bond appears at the end of simulation. The PTRAJ results 

could not explain the anomaly; however, AFD assists in the characterization of the 

aforesaid behavior. Keeping in view this fact, AFD has been explored in this study 

(developed by Saad Raza). Figure 3.10. shows the RDF and AFD graphs taken at different 

intervals, where graph is depicting a clear movement of the ligand with the progression of 

simulation while RDF suggests that the atoms are more or less vibrating around the same 

position. All four hydrogen bonds that were analyzed through RDF are subjected to 

analysis through AFD. The results are determined at the beginning and after 20 ns of the 

simulation for comparison of hydrogen bonds. The asymmetrical orientation difference 

observed in hydrogen bond between residue 112, 113, and 114 with respect to first 

hydrogen atom of the ligand is due to the movement of backbone and the rotation of ligand 

during the course of simulation. In Figure 3.11., AFD graph of ligand H1 atom with respect 

to carbonyl O of Ile 112 depicts a clear movement of ligand atoms with respect to protein 

atoms. Conservation of distance observed from RDF is also visible in AFD, but the ligand 

atoms have taken a turn of 180° with reference to the starting position of simulation. 

Relative distance and surface area of distribution of H1 with respect to O atom at the start 

of simulation is more or less equal to the end of simulation. Similar pattern is observed in 

AFD graph between ligand H1 atoms with respect to backbone N of Glu 113 (Figure 3.12.), 

with some deviation of distance between the atoms at the end of simulation which is 

coherent with RDF graph in Figure 3.9. (b). As it is observed in RDF, there are two peaks 

of the graph at the end of simulation and these are also visible in the AFD graph. But the 
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atom distribution of ligand had taken a turn of nearly 180° depicting a rotation in ligand 

molecule. This twist in ligand is further established, is visible from the AFD graph of ligand 

H1 atom with respect to backbone N of Ala 114, and is also observed in Figure 3.13. with 

slight reduction in angle of rotation with reference to the starting point of simulation. In all 

of the above mentioned AFD graphs, the sharpness in the peaks of the graph with respect 

to XY-axis has slightly increased at the end of simulation which could depict the 

stabilization of hydrogen bonds at the end of simulation. Relatively higher fluctuation in 

the hydrogen bond between residue 95 and second hydrogen atom suggests that the 

hydrogen bond is less stable as compared to the other three hydrogen bonds formed with 

first hydrogen atom (Figure 3.14.). The rotation as shown in Figure 3.15. played its role in 

bringing the second hydrogen atom of ligand in vicinity of the protein residue Asp 95 which 

resulted in the formation of a hydrogen bond. Due to movement of the ligand and variation 

in interaction pattern, one can induce the behavioral evidence for a new residue involving 

in hydrogen bond formation from the interaction diagram taken at both the start and end of 

simulation (Figure 3.16). This behavioral change in ligand is easily observed through AFD; 

thus, it gives an edge over the representation of atom distribution on the basis of a single 

vector. It is observed that RDF has limitations in determining the relative movement and 

rotation of atoms. AFD proves to be more explanatory regarding aforementioned dilemma, 

as it shown to be changing the numeric values with respect to rotation in the molecule. The 

main factor which helps in understanding the underlying mechanism is that it utilizes two 

vectors instead of one in plotting the distribution. RDF is useful in determining the net 

distance of two atoms, but AFD can additionally provide the detailed description of the 

geometric distribution of the atoms of ligand with respect to protein. 
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Figure 3.10. AFD of ligand atom H1 with respect to carbonyl oxygen atom of Ile 112 at 

different time intervals of simulation (a) 1 ns (b) 5 ns (c) 10 ns (d) 15 ns and (e) 20 ns (f) 

RDF graph of same set of atoms in identical time frame 
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Figure 3.11. AFD of ligand H1 atom with respect to carbonyl O of Ile 112 at (a, b) first 

and (c, d) last nanosecond of simulation (a) and (c) are the top down perspective of the 

graph, (b) and (d) are the three point perspective of the graph 

 

Figure 3.12. AFD of ligand H1 atom with respect to backbone N of Glu 113 at (a, b) first 

and (c, d) last nanosecond of simulation (a) and (c) are the top down perspective of the 

graph, (b) and (d) are the three point perspective of the graph 
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Figure 3.13. AFD of ligand H1 atom with respect to backbone N of Ala 114 at (a, b) first 

and (c, d) last nanosecond of simulation (a) and (c) are the top down perspective of the 

graph, (b) and (d) are the three point perspective of the graph 

 

Figure 3.14. AFD of ligand H2 atom with respect to OD2 of Asp 95 at (a, b) last 

nanosecond of simulation (a) is the top down perspective of the graph, while (b) is the 

three point perspective of the graph 
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Figure 3.15. Rotation of ligand towards the protein residue during the simulation. Red 

represents the docked conformation of ligand and protein which is also the initial point of 

simulation. Blue represents the conformation adopted by protein and ligand after 20 ns 

 

Figure 3.16. The binding mode of most active compound in the binding site of SMT 

enzyme (a) before and (b) after simulation highlighting important interacting residues 

3.4. Concluding Remarks 

SMT has shown to have potential as a target receptor for drug designing against 

leishmaniasis. A thorough analysis of the interaction between a class of mechanism based 

inactivators and SMT enzyme was carried out, by using a molecular docking approach. 

This facilitated detail insight into the mechanism of binding. The study also confirmed the 

experimental findings and encouraged the rational drug design against the SMT enzyme 
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involved in leishmania disease by probing the activity of new lead compounds in a defined 

way. The molecular dynamics simulation studies were performed for analyzing the stability 

of the SMT structure as compared to the structure that has been docked with a most suitable 

ligand. The results revealed that the enzyme–inhibitor complex is more stable due to the 

presence of hydrogen bonding. Trajectory analysis showed that the change in position of 

residues and the disorderedness of atoms that were not involved in ligand binding was high. 

Overall, it is proved that the ligand binding stabilized the structure. 

Data produced on SMT are based on the various bioactivity analyses and IC50 

values of the compounds against SMT. No crystal structure has been reported yet to 

establish any molecular mechanistic explanation of the inhibition mechanism. The study is 

designed to elaborate the molecular approach adopted by the ligands in inhibiting the SMT 

of Leishmania infantum. In this study, we investigated the binding modes of inhibitors 

docked into the binding site of SMT enzyme along with the detailed analysis of the most 

potent complex by taking into account various parameters mainly the hydrogen bonding. 

As discovery of novel inhibitor templates remains a clear need, the best-docked enzyme–

inhibitor complex is subjected to molecular dynamics to further our understanding of the 

system. Simulation is performed to check the dynamicity of ligand moiety in the presence 

of its designated target protein which is SMT. RDF and a novel analysis tool AFD were 

used to have a deeper understanding of enzyme stabilization once it is bound with the 

inhibitor. The increase in the final peaks of RDFs in the presence of an inhibitor as well as 

hydrogen bonding present in the complex indicated the strengthening of the enzyme–

inhibitor complex. AFD clearly depicted the movement of the ligand indicating its strength 

over RDF that has its limitations for this sort of explanation. AFD, is a novel in-house 

analysis tool for structural analysis of the system. Only 20 ns simulation is considered 

because ligand rotation is observed in first 15 ns. Later on, the ligand had no considerable 

movement with respect to protein. Data obtained from AFD show the stability of ligand 

after 15 ns as the graph depicts the relative motion of ligand atoms to be more or less within 

a certain limit. So the dynamicity of ligand atoms with respect to protein is depicted, and 

therefore, the study contained just 20 ns. This is also concurred from the current study that 

after applying sophisticated and sensitive tool like AFD, it is hydrogen bonding playing 

crucial role in the whole binding mechanism. Hydrogen bonding not only has attracted the 
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ligand to bind with the receptor but also plays an important role in maintaining the 

underlying dynamics of the system. Both receptor and ligand are dwelling in a dynamic 

environment due to efficient hydrogen bonding pattern with respect to time, which is 

indicated only by MD simulation. 
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4. Arsenite Methyltransferase  

4.1. Introduction 

Arsenic (As) is an environmental toxin and carcinogen contributing to cancers of 

lung, bladder and skin. It is necessarily detoxified in every organism usually through 

methylation. Arsenic methylation is catalyzed by an enzyme called As(III) S-

adenosylmethionine (SAM) methyltransferase, known as ArsM in microbes and AS3MT 

in humans. hAS3MT methylates inorganic As into trivalent methylarsenite MAs(III) and 

dimethylarsenite DMAs(III), these are believed to be more carcinogenic and toxic than 

inorganic As (Thomas et al., 2007). Development of drugs for AS3MT is important to 

prevent diseases caused by arsenic toxicity. For this purpose, identification of inhibitors or 

activators is vital  as a preliminary step (Dong, Xu, Pillai, Packianathan, & Rosen, 2015). 

It is primarily important to understand the mechanism of hAS3MT methylation and most 

essentially SAM binding site in hAS3MT for the identification of drug-like molecules (Li 

et al., 2013).  

SAM, a conjugate of nucleotide adenosine and amino acid methionine, is an 

essential metabolic intermediate in every organism having several SAM-dependent 

methyltransferases (Kozbial & Mushegian, 2005). AS3MT utilize SAM as the methyl 

group donor, leading to S-adenosylhomocysteine (SAH). Mechanisms of arsenic 

methylation and transfer of methyl group from SAM to arsenic atom have remained the 

topic of debate since last few years (Aposhian, 1997; Hayakawa, Kobayashi, Cui, & 

Hirano, 2005; Li, et al., 2013; Li et al., 2013; Li et al., 2013). The crystal structure of 

hAS3MT has not been resolved, but the crystal structures of eukaryotic red alga 

Cyanidioschyzon merolae CmArsM have been reported with or without bound SAM or 

As(III) (PDB ID: 4FS8, 4FR0, 4FSD) (Ajees, Marapakala, Packianathan, Sankaran, & 

Rosen, 2012). We developed a model of hAS3MT utilizing CmArsM structure as template. 

Identification of SAM and arsenic binding positions is essential for having an insight into 

the methylation mechanism of arsenic by hAS3MT. SAM binding sites, deduced majorly 

from the AS3MT from diverse species through sequence alignment, have been elucidated 
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in enough detail in the experimental studies (Kagan & Clarke, 1994; Lin et al., 2002; 

Marapakala, Qin, & Rosen, 2012). Residues from hAS3MT that form a prospective 

network of hydrogen bonds around SAM are Tyr 59, Gly 78, Ser 79, Asp 102, Met 103, 

Gln 107, Ile 136, Glu 137 And Cys 156. A stretch of amino acid residues from 74-

ILDLGSGSG-82 has been recognized from the sequence alignment of several 

methyltransferases utilizing SAM as SAM-binding motif I. This includes Gly 78 and Ser 

79 from the putative hydrogen bonding network. The function and importance of these 

residues have been examined experimentally. Herein, the importance of these residues 

through computational study is highlighted. 

A combination of homology modeling, MD simulations, hydrogen bond analysis, 

and free energy calculations is used to investigate the binding of SAM with hAS3MT. 

Molecular Mechanics/Generalized Born Surface Area (MMGBSA) and Molecular 

Mechanics/Poisson-Boltzmann Surface Area (MMPBSA) are employed for free energy 

calculations. These methods use molecular mechanics force fields and implicit solvation 

models with additional benefits including fast sampling of conformational space and speed 

of computing (Anandakrishnan, Drozdetski, Walker, & Onufriev, 2015; Kollman et al., 

2000). MMGB/PBSA methods are combined with MD simulation studies in explicit water 

solvent models to give the best methods for calculation of absolute ligand binding affinities 

in terms of accuracy (Hayes & Archontis, 2011). In our knowledge this is the first detailed 

in silico study on hAS3MT.  Residues of functional significance (except Gly 78) are 

mutated into alanine for performing alanine scanning mutagenesis studies. Alanine 

scanning is a method primarily aimed to determine how a particular side chain pertaining 

to a particular amino acid effect the protein activity and contribute to the energy changes 

such as electrostatic and van der Waal (vdW) energies. In this study, free energy 

calculations are combined from per residue energy decomposition analysis and in silico 

alanine scanning mutagenesis methods. The contributions of different energy components 

including electrostatic, van der Waals and solvation energies have been thoroughly 

explored. Moreover, enzymatic interactions with its substrate, such as hydrogen bonds and 

salt bridge interactions are also investigated. 
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4.2. Methods and Models 

4.2.1. Structure modeling 

The crystal structure of CmArsM was used as template to build the homology 

model of hAS3MT using Modeller 9v12 (Eswar et al., 2006). The criteria for selection of 

template were query coverage, sequence identity and E-value among them. The detailed 

information and parameter values are given in Table 4.1. The first 35 residues of hAS3MT 

do not have the relative coordinates in CmArsM structure and hence could not be assigned 

to a structure. These residues were not reported in the CmArsM structure to be present in 

the binding domains. The sequences of hAS3MT and CmArsM were aligned using the 

align2d program within Modeller. The 3D structure of the hAS3MT model was generated 

and the conformation with lowest value of the MODELLER objective function was 

selected and used as the starting point for further optimization. Homology modeling was 

also performed using four different web-based tools/servers for determining the best 

model: (i) SWISSMODEL [http://swissmodel.expasy.org/] (ii) I-TASSER 

[http://zhanglab.ccmb.med.umich.edu/I-TASSER/] (iii) Mod-web 

http://modbase.compbio.ucsf.edu/ModWeb20-html/modweb.html] (iv) EsyPRED 

[http://www.fundp.ac.be/sciences/biologie/urbm/bioinfo/esypred/].  The criterion of 

selecting the model over other web-based servers was primarily based upon the results of 

Ramachandran plots depicting the complete coverage of amino acids present in favorable 

regions and further confirmed through other validation tools. 

Table 4.1. Template and target information 

The modeled structure was energy minimized using UCSF Chimera (Pettersen et 

al., 2004) for 750 steps of each conjugate gradient and steepest descent algorithms. The 

minimized structure was then subjected to PROCHECK analysis for the assessment of 

Target 

protein 

Accession 

number 

Length  Template 

ID 

Template Protein Source Query 

coverage 

E-

value 

Maximum 

identity 

Human 

Arsenite 
methyl-

transferase 

Q9HBK9 375 4FR0_A ArsM arsenic(III) S-

adenosylmethionine 
methyltransferase 

with SAM 

Cyanidioschyzon 

sp. 

83% 2e-75 42% 
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protein structure through Ramachandran plot (Laskowski, Rullmannn, MacArthur, 

Kaptein, & Thornton, 1996). Other tools used to assess the quality of homology model are 

Verify3D (Eisenberg, Lüthy, & Bowie, 1997), ERRAT (Colovos & Yeates, 1993) and 

ProSA (Wiederstein & Sippl, 2007).  

The bound structure of AS3MT is obtained through docking with SAM using 

GOLD5.2 software (Verdonk et al., 2003). Default parameters in GOLD for genetic 

algorithm are selected with 10 number of runs. All other parameters were set as default. 

SAM-binding site was mapped from sequence alignment between CmArsM and hAS3MT 

sequences (Figure 4.1.).  

 

Figure 4.1. Sequence alignment of target and template sequences 

4.2.2. Simulation Protocol 

MD simulations of homology model and SAM bound AS3MT were performed for 

the purpose of structural investigation. Two mutants of SAM-AS3MT complex were 

subjected to MD simulations, with Tyr 24->Ala and Gly 43->Ala mutations respectively. 

The set of simulation studies were carried out using the AMBER software (Case et al., 
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2005). Preprocessing of SAM involved the application of antechamber program. GAFF 

(Wang, Wolf, Caldwell, Kollman, & Case, 2004) was chosen for SAM and for enzyme the 

ff14SB force field (Ponder & Case, 2003). To record the topology of the enzyme and 

inhibitors, the LEaP module was employed. To bring electrostatic neutrality to the system, 

8 and 9 Na+ ions were added to SAM bound hAS3MT and homology model hAS3MT 

respectively. The system was placed in TIP3P box of water molecules. Such cubic box in 

simulations is used because of its geometrical simplicity (Allen & Tildesley, 1989). Energy 

minimization was performed by executing 1500 steps of the steepest descent method 

followed by 1000 steps of the conjugate gradient method. The cutoff for non-bonded 

interaction was set as 8 Å. Heating for 10 picoseconds (ps) of the system was performed at 

constant temperature of 300K and constant volume (canonical ensemble) using Langevin 

dynamics. Next the system is equilibrated for 100 ps, periodic boundary conditions with 

constant pressure and Langevin thermostat is used. Production run is performed by keeping 

same set of parameters as equilibration so it proves to be an extension of the former.   

First, production runs of 10 ns for both systems were performed. In the stage two, 

wild-type SAM-AS3MT complex simulation is extended to 100 ns along with same 

timescale simulation for two mutants mentioned before. All the simulations are performed 

with explicit solvent models in the isothermal-isobaric ensemble (T = 300 K; P = 1 atm). 

Long-range electrostatic effects were modeled using periodic boundary conditions and 

particle-mesh-Ewald method (Darden, York, & Pedersen, 1993), with a weak coupling 

algorithm used to couple the temperature to an external bath (Berendsen, Postma, van 

Gunsteren, DiNola, & Haak, 1984). Bond lengths involving hydrogen bonds were 

constrained by the use of SHAKE algorithm (Ryckaert, Ciccotti, & Berendsen, 1977). The 

temperature was kept constant through employing Langevin coupling integration 

algorithm. The time step equal to 2 femtoseconds was chosen to solve the Newton’s 

equations and the trajectory files were collected every 1 ps for the succeeding exploration. 

Ptraj module in the AmberTools 14 was used for all MD trajectory analyses and visual 

examination is performed using VMD software (Humphrey et al., 1996). 
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4.2.3. Binding Free Energy Calculations 

Binding free energies were calculated using the MMPBSA method (Miller et al., 

2012). These binding free energy values were computed by taking the difference between 

the free energy of the complex and that of the ligand and receptor: 

∆𝐺𝑏𝑖𝑛𝑑 = ∆𝐺𝑐𝑜𝑚𝑝𝑙𝑒𝑥 − [∆𝐺𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟 + ∆𝐺𝑙𝑖𝑔𝑎𝑛𝑑] …… (1) 

Where ∆𝐺 is the Gibb’s free energy calculated by MMGB/PBSA calculated for 

each term as: 

∆𝐺 = 𝐸𝑔𝑎𝑠 + ∆𝐺𝑠𝑜𝑙𝑣 − 𝑇𝑆𝑠𝑜𝑙𝑢𝑡𝑒 …… (2) 

𝑇 is the temperature and 𝑆 represents the entropy contribution to ligand binding 

estimated using known approximations. 𝐸𝑔𝑎𝑠, the gas phase energy is often the MM energy 

from the force field. It includes contributions from internal energy and electrostatic and 

van der Waals interaction energies and represented as:  

𝐸𝑔𝑎𝑠 = 𝐸𝑖𝑛𝑡 + 𝐸𝑒𝑙𝑒 + 𝐸𝑣𝑑𝑤 …… (3) 

The ∆𝐺𝑠𝑜𝑙𝑣  term is calculated using an implicit solvent model and split into 

electrostatic and non-polar contributions. 

∆𝐺𝑠𝑜𝑙𝑣 = ∆𝐺𝑒𝑙𝑒 + ∆𝐺𝑛𝑝 …… (4) 

𝐺𝑒𝑙𝑒 is the addition of electrostatic energy and polar solvation components, 

∆𝐺𝑒𝑙𝑒(𝑃𝐵/𝐺𝐵) = 𝐸𝑒𝑙𝑒 + ∆𝐺𝑃𝐵/𝐺𝐵) …… (5) 

𝐺𝑛𝑝  is the non electrostatic contribution and is proportional to the solvent-

accessible surface area of the molecule,  

∆𝐺𝑛𝑝 = 𝛾𝑆𝐴𝑆 + 𝛽 …… (6) 

This is estimated using LCPO (Linear Combinations of Pairwise Overlaps) method 

(Weiser, Shenkin, & Still, 1999) in MMPBSA with water probe radius as 1.4 Å. The 
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standard values for constants 𝛾 and 𝛽 are used in this analysis, 0.0072 kcal/mol.Å2 and 0 

kcal/mol in MMGBSA, 0.0052 kcal/mol.Å2 and 0.92 kcal/mol, respectively in MMPBSA.  

4.2.4. Free Energy Decomposition Per Residue 

MMPBSA.py in AMBER gives an advantage of decomposing free energies into 

specific residue contributions using implicit solvent models. The calculation of free 

binding energy contribution by each fragment of protein or small molecules is also 

possible. The basis of such energy decomposition technique is approximation of energy at 

the atomic level. The free energy is obtained by summing up all of its components, it is 

therefore easy to find the energy contributions of hotspot amino acid residues and to further 

obtain the energy contributions from backbone and side chain separately. This information 

can help in providing a better insight into the relative importance of components in the 

interactions between the enzyme and its ligand (Holger Gohlke, Kiel, & Case, 2003). Non-

bonded interaction energies are added to the internal potential terms. Usually this method 

is used in the case of dimeric proteins to estimate the energy contribution of each residue 

interacting within the monomer (Holger Gohlke et al., 2003; Suri, Hendrickson, Joshi, & 

Naik, 2014; Zoete, Meuwly, & Karplus, 2005). 

In the current study, free energy binding contributions were decomposed to binding 

free energy of complex in a per-residue basis. The same system was used as in binding free 

energy calculations. Those residues having a significant contribution to the binding free 

energy are hotspot amino acids. This further validates the mutational studies through 

alanine scanning and confirms the hotspot amino acids with chief contributions to the 

stability of the complex.  

4.2.5. Alanine Scanning 

In the next step, specific residues already proved essential through site-directed 

mutagenesis studies for SAM binding, were selected for alanine scanning analysis (Li et 

al., 2013; Li et al., 2013). In the modeled structure, nine residues of functional significance 

are Tyr 24, Gly 43, Ser 44, Asp 67, Met 68, Gln 72, Ile 101, Glu 102 and Cys 121. Eight 

mutants were created by manually replacing the respective residue with Ala and loading 
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the structure into leap in AMBER. The theory is to change an amino acid of interest into 

alanine and recalculate the absolute binding free energy. In practice however, 

computational alanine scanning mutagenesis technique was applied to eight (not nine) 

residues to see the result of changing these residues into less reactive residue alanine, on 

the binding free energy. AMBER does not handle Gly->Ala mutation because for every 

other mutation, extra atoms are removed and bond lengths are readjusted to make those 

same as alanine. However Glycine is simpler and due to its smaller size than alanine, atoms 

need to be added. In this study, MM(PB/GB)SA approach was carried on the 100 snapshots 

extracted from the 2 ns of MD simulation. The difference in the binding free energies of 

the native type and mutant referred as ∆∆𝐺𝑏𝑖𝑛𝑑 was calculated as: 

∆∆𝐺𝑏𝑖𝑛𝑑 = ∆𝐺𝑏𝑖𝑛𝑑[𝑊𝑖𝑙𝑑 𝑇𝑦𝑝𝑒] − ∆𝐺𝑏𝑖𝑛𝑑[𝑀𝑢𝑡𝑎𝑛𝑡] …… (7) 

A lower value of ∆𝐺𝑏𝑖𝑛𝑑[𝑀𝑢𝑡𝑎𝑛𝑡] indicates that mutant is more stable as compared 

to native enzyme. Consequently, Positive values of ∆∆𝐺𝑏𝑖𝑛𝑑  indicate favorable 

contribution while negative values indicate unfavorable contributions. 

4.3. Results and discussion 

4.3.1. Homology model 

The structure of hAS3MT is obtained via modeling through MODELLER and web-

based models. PROCHECK, ERRAT and VERIFY3D were used for assessing the overall 

quality of the models, stereo-chemical values and non-bonded interactions. Best model 

selected is the outcome of MODELLER on the basis of residues in favorable zones. Results 

from the tools used are summarized in Table 4.2. PROCHECK results for best model has 

shown that 88.8 % of residues are in favorable regions with G-factor of -0.2. PROCHECK 

analysis producing Ramachandran plots shown that there are no residues in the disallowed 

region (Figure 4.2.). For non-bonded atomic interactions, ERRAT is employed that 

calculates an overall quality factor of the enzyme. The range acceptable in ERRAT is 50, 

scores more than 50 point towards the accuracy of the model. In the case of hAS3MT, the 

ERRAT score was 80.511 that is within the range of quite good quality model. Likewise, 

the VERIFY 3D score of 91.93 specifies a high quality model. RMSD between 298 atom 

pairs was also calculated and it comes out to be 0.693 Å (Figure 4.2.).  
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Table 4.2. Comparison of models from Modeller and web-based modeling servers 

 

Figure 4.2. Ramachandran plot of target (left) Superimposition of hAS3MT (blue) and 

template CmArSM (red) (right) 

4.3.2. Docking of SAM with hAS3MT 

SAM was docked into its binding site on hAS3MT using GOLD with GoldScore 

value of 73.55. The active residues from molecular docking are: Arg 22, Tyr 23, Tyr 24, 

Regions Modeller EsyPRED3D I-

Tasser 

ModWeb SwissModel 

Residues in most favoured 

regions 

254 

88.8% 

234 

90.7% 

250 

87.4% 

232 

93.2% 

221 

81.0% 

Residues in additional 

allowed regions 

27 

9.4% 

21 

8.1% 

24 

8.4% 

16 

6.4% 

49 

17.9% 

Residues in generously 

allowed regions 

5 

1.7% 

2 

0.8% 

8 

2.8% 

0 

0.0% 

1 

0.4% 

Residues in disallowed 

regions 

0 

0.0% 

1 

0.4% 

4 

1.4% 

1 

0.4% 

2 

0.7% 

Number of non-glycine and 

non-proline residues 

286 258 286 249 273 

Number of end residues 1 0 1 2 2 

Number of glycine residues 28 28 28 25 28 

Number of proline residues 12 10 12 7 11 

Total number of residues 327 296 327 283 314 

Overall G-factor -0.2 -0.2 -0.38 -0.1 -0.1 

ERRAT 80.511 70.833 28.213 78.909 64.590 
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Gly 25, Val 29, Asp 41, Leu 42, Gly 43, Ser 44, Gly 45, Asp 49, Ile 66, Asp 67, Met 68, 

Thr 69, Gln 72, Gly 99, Tyr 100, Ile 101, Glu 102, Leu 104, Ser 119, Asn 120, Cys 121, 

Val 122, Leu 125 and Val 126. 

4.3.3. RMSD and RMSF 

To optimize the homology model and its complex with SAM, a set of MD 

simulation of 10 ns each was performed. The relative fluctuation in the RMSDs of the Cα 

atoms of unbound hAS3MT is relatively higher when compared to SAM bound hAS3MT, 

demonstrating the stability of the complex (Figure 4.3.). This is also apparent from the 

mean RMSD for the two systems, with 2.15 Å and 3.04 Å for SAM-hAS3MT and 

homology model hAS3MT, respectively. In order to check the convergence of the two 

systems, the RMSF of the amino acids was monitored. As can be seen from Figure 4.3., 

fluctuations of individual amino acids are much lesser in SAM bound hAS3MT as 

compared to homology model, most of the amino acids fluctuate less than 3.0 Å along the 

whole trajectory. Very little fluctuations in RMSF reveals that the SAM bound hAS3MT 

system remained stable during MD simulation. 

 

Figure 4.3. RMSD (left) and RMSF (right) plots for homology model and complex 

Another set of simulations were performed for two mutants and extension of SAM-

AS3MT simulation to 100 nanoseconds. It is observed that the RMSD of both mutants is 

rising with the increase in time (Figure 4.4). However, the RMSD of wild-type SAM-
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AS3MT attains stability after 63 ns and stay within a narrow range presenting lesser 

fluctuations. RMSF graphs are also shown for the three structures in Figure 4.4. (d). 

 

 

Figure 4.4. RMSD plots of (a) wild-type SAM-AS3MT (b) Mutant1 SAM-AS3MT (Tyr 

24->Ala) (c) Mutant2 SAM-AS3MT (Gly 43->Ala) (d) RMSF plot of three complexes 

4.3.4. Binding Free Energy Analysis 

The binding free energy and molecular interactions between SAM-hAS3MT 

complex were elucidated based on MM(PB/GB)SA of the MD trajectories. Both 

approaches showed very robust interactions between SAM-hAS3MT complex. The 

summary of the binding free energies obtained is given in Table 4.3. The entropy term is 

excluded because, due to convergence problems in some cases, it cannot be calculated. It 

can be seen from the table that the electrostatic energy term is quite favorable and 

dominates the overall binding energy. Total charges on modeled hAS3MT and SAM are –

9 and +1, respectively. Complex formation lead to highly favorable Coulombic interactions 

(-396.20 kcal/mol) opposed by non-favorable contributions due to polar part of solvation 

free energy (366.70 kcal/mol in case of PB and 381.61 kcal/mol in case of GB). The total 

electrostatic contribution however, is still high, i.e. –29.50 kcal/mol and –14.59 kcal/mol 

in PB and GB calculations respectively. Favorable contributions to binding affinity arise 
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from van der Waals interactions (–43.08 kcal/mol) and the non-polar part of solvation free 

energy (–6.49 kcal/mol). The collective average of binding free energy using PB and GB 

methods was determined as –76.82 and –64.16 kcal/mol respectively. This difference in 

values could be due to the polar solvation energy which was 375.12 kcal/mol obtained by 

MMGBSA, higher than 362.46 kcal/mol from MMPBSA. All the energy values are 

calculated as the average value of 100 snapshots from 2 ns of the MD trajectory. Polar and 

non-polar components direct all the molecular interactions in a polar solvent, where non-

polar interactions and their energy contributions are more favorable. The polar interaction 

is given as, ∆𝐺(𝑒𝑙𝑒,𝑃𝐵/𝐺𝐵) = ∆𝐸𝑒𝑙𝑒 + ∆𝐺(𝑃𝐵/𝐺𝐵).  Non-polar residues tend to hide 

themselves in the hydrophobic regions letting water in the binding site to dislodge (Tsai & 

Nussinov, 1997). ΔEinternal is canceled between ligand, receptor and complex, which can 

significantly reduce the noise in most cases.  

Table 4.3. Binding energy values for SAM-AS3MT complex 

Contribution  Energy values (kcal.mol-1) 

∆𝐸𝑣𝑑𝑤 -43.08 

∆𝐸𝑒𝑙𝑒 -396.20 

∆𝐸𝑔𝑎𝑠 -439.28 

∆𝐺𝑠𝑜𝑙−𝑛𝑝 -6.49 

∆𝐺𝑃𝐵 366.70 

∆𝐺𝑠𝑜𝑙𝑣,𝑃𝐵 362.46 

∆𝐺𝑒𝑙𝑒,𝑃𝐵 -29.50 

𝐻𝑡𝑜𝑡,𝑃𝐵 -76.82 

∆𝐺𝐺𝐵 381.61 

∆𝐺𝑠𝑜𝑙𝑣,𝐺𝐵 375.12 

∆𝐺𝑒𝑙𝑒,𝐺𝐵 -14.59 

𝐻𝑡𝑜𝑡,𝐺𝐵 -64.16 

Convergence of average values calculated by MM(PB/GB)SA must be attained to 

obtain consistent results of absolute binding free energies. Figure 4.5. shows the free 

energy calculated versus function of time for 100 snapshots of complex, receptor and 

ligand, separately. These plots show stable effective energies over 2 ns of production runs. 

The pattern of fluctuations is same in both GB and PB calculations. There are oscillations 

in energies mainly due to small sampling size, hence longer timescales are required for 

extraction of snapshots (Gohlke & Case, 2004).  
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Figure 4.5. Energy values versus number of frames for MMGBSA (left) and MMPBSA 

(right) calculations 

To further understand the SAM-AS3MT interactions at the atomic level, binding 

free energy contributions were determined for each residue to the overall binding energy 

of the complex using the MM(PB/GB)SA method and plotted in Figure 4.6. The residues 

having a contribution of <–2 kcal/mol are considered as hotspot amino acids and they were 

positioned so as to play a major role in stabilizing the complex. Asp 41, Leu 42, Gly 43, 

Gly 47, Arg 48, Asp 49, Cys 50, Asp 67, Met 68, Gln 72, Ile 101, and Glu 102 are the 

residues that make high free energy contributions <–2 kcal/mol collectively in GB and PB 

calculations hence, making considerably large contribution to the overall binding free 

energy of the complex. Among the mentioned residues, those reported to be involved in 

binding with SAM are Gly 43, Asp 67, Met 68, Gln 72, Ile 101 and Glu 102. Asp 67 is 

showing a remarkably low GB energy indicating its significance in the active site. All of 

the residues are involved in hydrogen bonding with substrate SAM and forming a potential 

hydrogen bonding network around it. Arg 48, Asp 49, Asp 67, Gln 72 and Glu 102 are also 

involved in salt bridge interactions with SAM. All the hydrogen bond and salt bridge 

interactions are shown in Figure 4.7. It is reported that loss of any one of the residues 
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mentioned above will lead to loss of catalytic activity (Li et al., 2013; Li et al., 2013; Li et 

al., 2013). 

 

Figure 4.6. Decomposition of MMGBSA (left) and MMPBSA (right) free energy per 

residue in SAM-AS3MT complex 

 

Figure 4.7. Visualizing interactions between SAM and hotspot amino acid residues of 

hAS3MT 

Significantly, all the hotspot amino acids were observed to be present in or around 

the active site with SAM-binding motif (Figure 4.8.).   
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Figure 4.8. SAM (CPK) bound with AS3MT enzyme (Ribbons) highlighting the active 

site residues (red beads). SAM-binding motif is shown in cartoon representation (orange) 

Moreover, to identify the thorough contribution of each important residue, the 

binding energy was decomposed into its constituents like the electrostatic, van der Waals, 

and solvation contribution (Table 4.4.). Figure 4.9. is showing individual energy 

contributions of active site amino acid residues, it is apparent how electrostatic 

contributions are dominating the overall binding energy which is an affirmation to the 

former energy calculation results. Tyr 24 and Ser 44 are not observed to be involved in 

hydrogen bonding, however, these residues are showing favorable vdW and non-polar 

energies attributing to their vdWs contacts with SAM as reported in the experimental 

results. Upon combining the results yielded from both MM(PB/GB)SA calculations, most 

active site amino acids were observed to make considerable polar contributions (<=–2 

kcal/mol). In GB calculations, Asp 41, Asp 49 and Asp 67 were observed to make 

significant polar contributions (<–4 kcal/mol). The occurrence of hydrogen bonds 

throughout the simulation is described in Table 4.5. Significant contributions to energy 

were observed by residues Leu 42, Asp 49, Cys 50, and Met 68 in PB calculations.  
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Table 4.4. Free energy decomposition into components for active residues 

Residue ∆𝑬𝒗𝒅𝒘 ∆𝑬𝒆𝒍𝒆 ∆𝑮𝒔𝒐𝒍,𝑮𝑩 ∆𝑮𝒔𝒐𝒍,𝒏𝒑 𝑯𝒕𝒐𝒕,𝑮𝑩 ∆𝑮𝒔𝒐𝒍,𝑷𝑩 𝑯𝒕𝒐𝒕,𝑷𝑩 

(All energies are in kcal/mol) 

TYR24 -0.42 -4.80 4.36 -0.14 -0.99 5.17 -0.04 

ASP41 1.74 -52.94 42.20 -0.01 -9.00 0.23 -0.15 

LEU42 -0.45 -2.05 2.33 -0.004 -0.17 43.19 -8.01 

GLY43 -1.44 -7.01 6.57 -0.14 -2.03 1.72 -0.78 

SER44 -1.29 3.22 -1.52 -0.03 0.38 6.78 -1.68 

GLY45 -1.41 0.31 -0.42 -0.10 -1.63 -0.92 1.01 

SER46 -0.46 -1.15 0.46 -0.01 -1.15 -0.32 -1.43 

GLY47 -0.78 -2.45 0.001 -0.002 -3.24 0.36 -1.25 

ARG48 -0.68 13.05 -15.44 -0.009 -3.08 -0.55 -3.79 

ASP49 0.84 -39.25 29.45 -0.04 -8.99 -17.97 -5.60 

CYS50 -0.39 -0.34 -0.24 -0.0001 -0.98 31.50 -6.90 

ASP67 0.63 -50.85 35.16 -0.12 -15.19 -1.22 -1.95 

MET68 -3.16 1.35 -0.92 -0.30 -3.03 43.19 -7.03 

GLN72 -0.36 -0.20 0.61 -0.03 0.01 -1.05 -2.86 

ILE101 -0.94 -0.95 0.03 -0.10 -1.97 -0.01 -1.68 

GLU102 -0.32 -17.15 17.83 -0.07 0.29 -0.11 -2.00 

CYS121 -1.13 -1.84 2.19 -0.09 -0.87 18.61 1.14 

 

Figure 4.9. MMGBSA (left) and MMPBSA (right) Energy decomposition of active site 

amino acids into components 
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Table 4.5. Hydrogen bonding between SAM and AS3MT during 10 ns of simulation 

Donor residue Donor atom Acceptor residue Distance (Å) 

TYR24 N SAM 3.61 

ASP41 OD1 SAM 1.79 

OD2 SAM 1.90 

OD1 SAM 2.46 

OD2 SAM 2.71 

GLY45 N SAM 3.16 

ASP49 OD1 SAM 3.63 

OD2 SAM 3.14 

OD2 SAM 1.69 

OD2 SAM 3.17 

N SAM 3.33 

ASP67 OD1 SAM 1.63 

OD2 SAM 1.68 

THR69 OG1 SAM 3.21 

GLN72 NE2 SAM 3.58 

GLU102 OE1 SAM 3.46 

OE2 SAM 1.87 

OE1 SAM 2.83 

OE2 SAM 3.39 

SAM N1 ILE101 1.97 

N3 MET68 2.49 

O3 GLN72 3.34 

O SER46 1.72 

O2 THR69 2.97 

N ASP49 3.83 

OXT ASP49 2.33 

OXT ARG48 2.27 

Alanine scanning mutagenesis was performed in order to further our understanding 

of the active site amino acid residues contribution to free energy of binding between SAM 

and AS3MT. The process proposes that a small native change in the enzyme structure does 

not considerably disturb the overall conformation of the enzyme. After performing 

computational alanine scanning for eight active residues, increase in the MM(PB/GB)SA 

binding free energy was observed for all the eight mutants with alanine scanning analysis. 

Findings obtained from the yielded results are consistent with the per residue energy 

decomposition findings. The change of active site amino acid residues into alanine steered 

to a decline in the binding affinity, for each active residue, except for S44A mutant through 

GB method (Table 4.6.). The steepest decline is observed in D67A mutant owing to the 

importance of Asp 67 residue, being apparent from per residue energy decomposition 

analysis. This reinstates that the hotspots amino acids most importantly Asp 67, recognized 

in the SAM-hAS3MT interaction are very crucial for its binding and activity. 
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Table 4.6. Free energy contributions of mutants along with ∆∆𝑮𝒃𝒊𝒏𝒅,𝑮𝑩/𝑷𝑩 

Binding free energy of mutants (kcal/mol) 

Contribution Y24A S44A D67A M68A Q72A I101A E102A C121A 

∆𝑬𝒗𝒅𝒘 -42.96 -42.08 -46.10 -39.50 -42.23 -41.86 -43.11 -42.70 

∆𝑬𝒆𝒍𝒆 -396.16 -394.23 -294.79 -396.51 -397.53 -396.41 -359.37 -399.43 

∆𝑮𝒈𝒂𝒔 -439.13 -436.31 -340.89 -436.00 -439.76 -438.27 -402.48 -442.14 

∆𝑮𝒔𝒐𝒍−𝒏𝒑 -4.24 -4.24 -4.27 -4.09 -4.20 -4.28 -4.25 -4.24 

∆𝑬𝑷𝑩 366.68 365.68 319.10 366.58 368.54 367.54 334.27 369.57 

∆𝑮𝒔𝒐𝒍𝒗,𝑷𝑩 362.44 361.44 314.83 362.49 364.33 363.26 330.02 365.33 

∆𝑮𝒆𝒍𝒆,𝑷𝑩 -29.48 -28.55 24.31 -29.93 -28.99 -28.86 -25.10 -29.86 

𝑯𝒕𝒐𝒕,𝑷𝑩 -76.68 -74.87 -26.06 -73.52 -75.43 -75.01 -72.46 -76.80 

∆𝑬𝑮𝑩 381.53 376.81 316.28 381.51 383.68 381.83 347.25 384.56 

∆𝑮𝒔𝒐𝒍𝒗,𝑮𝑩 375.04 370.48 309.63 375.22 377.29 375.34 340.92 378.07 

∆𝑮𝒆𝒍𝒆,𝑮𝑩 -14.63 -17.42 21.49 -14.99 -13.85 -14.58 -12.12 -14.87 

𝑯𝒕𝒐𝒕,𝑮𝑩 -64.09 -65.83 -31.26 -60.78 -62.47 -62.93 -61.56 -64.07 

∆∆𝑮𝒃𝒊𝒏𝒅,𝑮𝑩 -0.07 0.35 -32.90 -3.37 -1.69 -1.23 -2.59 -0.09 

∆∆𝑮𝒃𝒊𝒏𝒅,𝑷𝑩 -0.13 -0.10 -50.75 -3.30 -1.39 -1.80 -4.36 -0.01 

4.4. Concluding Remarks 

An understanding of SAM binding site is essential for a clear insight into hAS3MT 

function. Experimentalists have studied the role of active site residues and their impact on 

catalytic activity of this enzyme. This is the first study in our knowledge that confirms and 

validates the role of active site residues, corroborating previous studies and further provide 

a mechanistic explanation on the basis of free energy calculations. Hydrogen bonding 

observed in aqueous medium has been found to form a network around SAM in the active 

pocket. Coulombic contributions are playing a most favorable role in SAM binding with 

its enzyme. The electrostatic energy contribution and polar solvation is the most favorable 

in binding of SAM with hAS3MT. Van der Waals energy does not dominate the final 

binding energy in both MMPBSA and MMGBSA methods. Most favorable energies are 

assigned to the residues of the active pocket. However, exceptionally high GB values are 

assigned to Asp 41 and Asp 49 owing to the fact that these are negatively charged residues 

and are involved in coulombic interactions. Asp 41 and Asp 49 are lying in close vicinity 

to the SAM-binding motif. When individual residue energy contribution is observed, Tyr 

24 and Ser 44 from the reported active pocket are not contributing significantly. This 

attributes to the fact that polar energies dominate the overall binding energy, while Tyr 24 
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and Ser 44 are mostly involved in van der Waals contributions. Knowledge of the nature 

of interacting forces, requiring detailed description of binding thermodynamics, enables 

truly rational structure-based medicinal chemistry research. Therefore, outcomes of the 

current approach will not only aid researchers for designing inhibitors against the enzyme, 

but also serves to provide a treatment to various diseases caused by carcinogenicity of 

arsenic. 
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5. Protein Tyrosine Phosphatase 

5.1. Introduction  

A proposition has been made in 1934 indicating relationship between diabetes 

mellitus and divalent zinc ion. This was the product of a research work that showed zinc is 

a component of insulin crystals (Scott, 1934). Since then, various studies have been 

performed attempting to explicate the role of zinc in diabetes mellitus. The objective of 

such studies had been obvious – to identify novel underlying mechanisms and explore new 

medicinal options (Jansen, Karges, & Rink, 2009). It is proved that zinc ions have 

properties that seem to mimic insulin (insulin-mimetic). Protein tyrosine phosphatase 1B 

(PTP1B) is thought of as a predominantly susceptible target of zinc ions due to its crucial 

role in phosphorylation of the insulin receptor. In insulin signal transduction, a 

physiological role of zinc is proposed owing to its identification of temporal and spatial 

variation and regulation of insulin signaling by zinc chelating agents. Modulation of 

tyrosine phosphatases seem to be mutually performed by insulin-induced signaling and 

zinc inhibition when other proteins release oxidative zinc. The insulin-induced signaling 

results in their oxidative inactivation. Considerable levels of oxidative stress and 

accompanied changes in zinc metabolism transform the cell's response and sensitivity to 

insulin in diabetes. Insulin resistance is caused by zinc deficiency that may activate stress 

pathways and result in a loss of tyrosine phosphatase control (Haase & Maret, 2005). 

A common catalytic mechanism is used by a variety of protein tyrosine 

phosphatases (PTPs) for hydrolysis of phosphorylated substrates involving the 

phosphorylation of cysteine resulting in a cysteinyl phosphate intermediate (Denu & 

Dixon, 1998). All members of the PTP family have a characteristic signature motif, 

[I/V]HCXXGXXR[S/T], which contains the phosphorylated cysteine (p-Cys 215 in 

PTP1B) required for enzyme catalysis. The catalytic process is a two-step mechanism. In 

the first step, substrate phosphate is attacked by the Cys sulfur atom of the thiolate side 

chain and the attack is nucleophilic. In addition, a conserved Asp residue (Asp 181 in 

PTP1B) acts as a general acid and its side chain reacts and protonates the tyrosyl-leaving 
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group of the substrate. This leads to phosphorylation of cysteine resulting in p-Cys as a 

catalytic intermediate. In the second catalytic step, cysteinyl-phosphate is hydrolyzed and 

phosphate is released by the action of Asp181 acting as general base and Gln 262, which 

coordinates a water molecule (Tonks, 2003). Along with the involvement of Asp 181 as 

general acid/base catalyst, this step is mediated by arginine residue through transition-state 

stabilization (Denu & Dixon, 1998). In the complete reaction, different conformational 

states of PTP1B protein are identified on the basis of movement of a flexible WPD loop. It 

is named owing to the presence of three critical residues; Trp (W), Pro (P) and Asp (D). 

When this loop closes, the product is released simultaneously. To gain further atomic and 

molecular details into the mechanism of ion binding to PTP1B, MD simulations of several 

systems involving open and closed conformations of the enzyme along with its phospho-

intermediate form were performed. To further confirm the binding of divalent ions, 

magnesium is also tested by allowing it to bind with PTP1B similar to zinc. 

5.2. Methods and Models 

Molecular dynamics simulations for each state were performed using three different 

protein structures for PTP1B. The starting point for MD simulations in open conformation 

was protein with PDB ID 2CM2. For closed conformation, protein with PDB ID 3I80 was 

used for MD simulations. Protein with PDB ID 1A5Y was used for simulations in the 

phospho-intermediate conformation of PTP1B. This enzyme structure was crystallized by 

mutating the active site residue Gln 262 into Ala which allows the intermediate to 

accumulate and trap within the crystal structure easily. In the last two sets of simulations, 

we switched Ala back into Gln to observe the binding with divalent ion.  

5.2.1. Parameterization Details 

Parameters for the cysteinyl phosphate (p-Cys) residue in phospho-intermediate 

form and substrate 6,8-Difluoro-4-methylumbelliferyl phosphate (DiFMUP) were 

developed in-house through CHARMM FF parameterization (Figure 5.1.).  
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Figure 5.1. p-Cys and DiFMUP parameterized in the study 

Both the p-Cys residue and substrate were initially scanned in ParamChem database 

for pre-existing CHARMM parameters. Most of the parameters for substrate were found 

in the database, except for the improper torsional parameters. These parameters were 

available in lab (courtesy of Christian Jorgensen), and hence used in this study. For p-Cys, 

phosphorylated cysteine has an overall charge of -2 at physiological pH. CHARMM 

parameters were generated using CGenFF philosophy. Firstly, a geometry optimization of 

p-Cys was carried out at the MP2/6-31+G* level. The optimized structure was used as a 

starting point for the generation of p-Cys partial charges. For phosphate (PO4) oxygens, 

three TIP3P water molecules are positioned to simulate the electrostatic interaction of PO4 

in the bulk. QM interaction-energy calculations were performed at MP2/6-31+G(d) level, 

with diffuse basis functions on non-H atom (C,O) to correctly estimate interaction energies 

for a -2 system charge. The resulting QM potential energy surface (PES) was used as the 

reference benchmark, and CHARMM MM partial charges were fitted onto this QM PES 

with the MCSA algorithm. 

To validate, re-optimization of partial charges upon completion of the CGenFF 

parameterization procedure yielded partial charge changes of less than 0.05 each, 

suggesting the initial round of partial charges were satisfactory. CGenFF employs a 

complex atom type scheme, in order to cover the entire range of the chemical space. 

Technically, atom types constitute arbitrary strings that start with the element name (1 or 

2 letters), followed by the letter, G to indicate the CGenFF scheme, and terminated by a set 

of 2-3 strings that depend on various factors, including the hybridization state and chemical 

environment. The chemical environment includes formal charge considerations. 
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For parameterization of the dihedral potential ∑ 𝑘𝜒(1 + 𝑐𝑜𝑠(𝑛𝜒 − 𝛿))𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠 , 

PES scans of magnitude χ = ±90 were performed in intervals of 10. The parameterized 

entries were the backbone dihedrals C – S – P = O and C – C – S – P. A periodic function 

with n=1 𝑘𝜒(1 + 𝑐𝑜𝑠(𝜒 − 𝛿))  constitutes a harmonic well with a single minima. A 

periodic function with n = 2 𝑘𝜒(1 + 𝑐𝑜𝑠(2𝜒 − 𝛿)) is for a torsion that enforces anti (180º) 

or syn (0º) conformations, similar to an sp2–hybridized conformation whose PES is 

characterized by a double-minimum well separated by an energy barrier. A periodic term 

with n=3 𝑘𝜒(1 + 𝑐𝑜𝑠(3𝜒 − 𝛿)) Corresponds to a minimum PES with 3 minima, similar to 

an sp3–hybridized butane torsion. The MCSA dihedral fitting procedure for both dihedrals 

to the QM PES was performed with a linear combination of three potential of the forms 

mentioned above. 

Table 5.1. Parameters obtained for p-Cys 

A) BOND 

Atom type Kb b0 (Å) 

S – P 87.074 2.229 

B) ANGLES 

Atom types Kθ θ 

C – S – P 223.001 100.000 

S – P = O 83.247 102.025 

C) DIHEDRALS 

Atom types Kchi n Δ 

C – S – P = O 0.481 3 0.00 

C – C – S – P 1.415 3 0.00 

Where Kb, Kθ and Kchi are the spring constants, b0 is the equilibrium length, θ is the measure 

of angle in degrees, and n is the multiplicity. 
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Figure 5.2. Dihedral scan profile for p-Cys 

5.2.2. Simulation Protocol 

Each simulation box was filled with water, and Zn+2/Cl- or Mg+2/Cl- ions were 

added to achieve neutralization up to a final concentration of 150mM respectively. NAMD 

was used with the CHARMM 27 force field and CMAP correction (Brooks et al., 2009) 

for MD simulations. The TIP3P model (Shirts & Pande, 2005) was used for water, and the 

standard CHARMM parameters (MacKerell et al., 1998) for ions. Parameters were 

assigned by dividing the molecule in its molecular components and by searching for 

corresponding (or homologue) parameters in the CGenFF (Vanommeslaeghe et al., 2010). 

In the case of sulphur-phosphorus bond where no parameters could be found in the 

CGenFF, parameterization was undertaken using the force field Tool Kit (FFTK) (Mayne 

et al., 2013). In the systems prepared, both protonation states for Asp 181 were considered. 

Each system was minimized, and equilibrated to remove initial steric clashes. Production 

runs of MD simulations were performed in the NpT ensemble. Semi-isotropic pressure 

coupling at 1 atm was accomplished using Nosé-Hoover Langevin piston (Martyna, 1994), 

while temperature control was performed by means of the Langevin thermostat (Feller, 

Zhang, Pastor, & Brooks, 1995). Long range electrostatic interactions were treated using 

the particle mesh Ewald algorithm (Sagui & Darden, 1999), van der Waals forces were 

smoothly switched off at 10-12 Å. The SHAKE algorithm was used to constrain all bonds 

involving hydrogen atoms, in order to use a time-step of 2 fs. Non-bonded short and long-
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range interactions were computed every time step. Details of systems prepared in this work 

are given in Table 5.2. 

Table 5.2. Description of systems simulated in the current project 

S. 

No. 

Protein 

Conformation 

PDB 

ID 

System Asp 181 

Protonation 

state 

Simulation 

time (ns) 

1. Open 2CM2 150 mM ZnCl2 ions in 

solution 

Charged 150 

2. Open 2CM2 150 mM MgCl2 ions 

in solution 

Charged 150 

3. Open  2CM2 Docked ZnCl2 ions + 

present in solution 

Charged 150 

4. Closed 3I80 150 mM ZnCl2 ions in 

solution 

Charged 150 

5. Closed 3I80 150 mM MgCl2 ions 

in solution 

Charged 150 

6.  Closed  3I80 150 mM MgCl2 ions 

in solution 

Neutral 150 

7. Closed 3I80 Docked ZnCl2 ions + 

present in solution 

Charged 150 

8. Phospho-

intermediate 

1A5Y 150 mM ZnCl2 ions in 

solution 

Charged 150 

9. Phospho-

intermediate 

1A5Y 150 mM MgCl2 ions 

in solution 

Charged 150 

10. Phospho-

intermediate 

1A5Y Docked ZnCl2 ions + 

present in solution 

Charged 150 

11. Control 1CAM ZnCl2 Ions in system - 150 

12. Transition state 

analog of PTP1B 

3I7Z 150 mM ZnCl2 ions in 

solution 

Charged 100 

13. Closed 3I80 150 mM ZnCl2 ions in 

solution 

Neutral 150 

14. Closed with 

substrate 

3I80 150 mM ZnCl2 ions in 

solution 

Neutral 150 

15. Open 2CM2 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Neutral 150 

16. Open  2CM2 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Charged 150 
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17. Closed 3I80 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Neutral 150 

18. Closed 3I80 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Charged 150 

19. Phospho-

intermediate 

1A5Y 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Neutral 150 

20. Phospho-

intermediate 

1A5Y 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Charged 150 

21. Closed with 

substrate 

3I80 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Neutral 150 

22. Closed with 

substrate 

3I80 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Charged 150 

23. Phospho-

intermediate 

(GLN262) 

1A5Y 150 mM ZnCl2 ions in 

solution + Ion Placed 

manually in grid 

Charged 200 

24. Phospho-

intermediate 

(GLN262) 

1A5Y 150 mM MgCl2 ions 

in solution + Ion 

Placed manually in 

grid 

Charged 200 

In order to further validate the binding of zinc in PTP1B active site, constant force 

SMD is performed for two systems. The phospho-intermediate conformation of PTP1B 

with 150 mM concentration of ions is selected for steering the zinc ion. A mutant (Asp 

181->Ala) of the structure is also undergone through same process for comparison. The 

center of mass of p-Cys is used for pulling the SMD atom in 50,000 steps. The zinc ion is 

then pushed with a force constant of 10 kcal/(mol*A), along 30 Å distance (Figure 5.3.). 

The number of runs was 30 in both the cases. 
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Figure 5.3. Pulling a Zn2+ (yellow) from the active pocket of PTP1B using SMD 

5.2.3. Experimental Details 

To confirm the binding of Zn2+ with PTP1B, experiments were performed as well. 

The reagents used are: ethylenediaminetetraacetic acid (EDTA), nitrilotriacetic acid 

(NTA), Molecular biology-grade HEPES, tris(2-carboxyethyl)phosphine hydrochloride 

(TCEP), zinc sulphate (ZnSO4) and Triton X-100 were from Sigma-Aldrich; 6,8-Difluoro-

4-Methylumbelliferyl Phosphate (DiFMUP) from Invitrogen. Recombinant human 

PTP1B, residues 1-299 was from Millipore, supplied in 50 mM Hepes, pH 7.2, 1 mM DTT, 

1 mM EDTA, and 0.05% (v/v) NP-40. 

5.2.3.1. Enzymatic Assay 

PTP1B was assessed fluorometrically for enzymatic activity at 25 °C in a freshly 

prepared buffer containing 50 mM Hepes/Na+, pH 7.4, 0.1 mM TCEP, 1 mM NTA and 

0.01% (v/v) Triton X-100. The enzyme was added to the buffer to a final concentration of 

2.5 nM. The reaction was initiated by adding the fluorogenic phosphatase substrate 

DiFMUP. Assays were performed in triplicates in a total volume of 100 μl in 96-well black 

optical bottom plates (Greiner Bio-One Ltd., Stonehouse, UK). Product formation was 

monitored by fluorescence at 460 nm with 360 nm excitation using a fluorescence plate 

reader (Synergy HT, BioTek, Winooski, VT).   
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5.2.3.2. Zinc-Inhibition Assay 

Free zinc ion concentrations were calculated with Maxchelator  (Bets, Patton, & 

Nuccitelli, 1994). To buffer zinc, 1 mM NTA in the solution was used. The enzyme was 

added to freshly prepared zinc-containing buffers that were equilibrated for 15 minutes. 

For incubation experiments, the enzyme was pre-incubated with zinc-containing solutions 

for seven minutes at 25 °C in a closed Eppendorf tube; the substrate was then added and 

the reaction monitored. SigmaPlot software was used for determining activity values 

(SYSTAT Software Inc.). 

5.2.3.3. Data analysis 

Data was analyzed with Microsoft Excel 2010 and SigmaPlot 12.5 (SYSTAT 

Software Inc.). Values are reported as mean of at least three separate experiments ± SD.  

5.3. Results and Discussion 

Zinc commonly binds to proteins via coordination with electronegative atoms in the 

protein, such as nitrogen, oxygen, and sulfur. One of the most important structural aspects 

of zinc binding is its coordination geometry (CG) or the spatial arrangement of 

coordinating atoms around the zinc ion. In this context, the coordinating atoms are known 

as ligand atoms or ligands; however, the amino acid residues that contain these atoms are 

often referred to as ligands as well. A metal's CG, defined by the set of proper ligands and 

their spatial orientation to the metal, often has functional implications (Andreini & Bertini, 

2012; Andreini, Bertini, & Rosato, 2009). Zinc is a transition metal, and binds to proteins 

in its +2 state, which enables a stable full 3d10 and empty 4s2 and 4p6 orbitals. This 

electronic configuration allows zinc to stably bind four, five, and six ligands (Zastrow & 

Pecoraro, 2014). As a result, zinc ions often adopt one of three major canonical CGs (cCG): 

tetrahedral (Tet), trigonal bipyramidal (Tbp), and octahedral (Oct) (Yao, Flight, Rouchka, 

& Moseley, 2015). 

After the first catalytic state, the enzyme PTP1B is inhibited by zinc and thence we 

did not observe any notable active site residues binding with the ion in open conformation. 

The movement of WPD loop signifies the switch from open to closed conformational state. 
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This loop closes and simultaneously the product is released, hence the possibility of closed 

PTP1B dephosphorylated conformation is low which is why, we have observed maximum 

active residues’ interactions with zinc in phospho-intermediate form. When this loop 

closes, Asp 181 comes closer to zinc ion. Notable among these are, Asp 181, Cys 215, Glu 

115 and Ser 216. Gln 262 is another important active site residue but it is mutated into Ala 

in the phospho-intermediate conformation and so it is not found among residues interacting 

with zinc ion. This is reported by Bellomo et al., that zinc binding with p-Cys in the 

intermediate conformation can trigger inhibition of second catalytic step, that is, release of 

phosphate form cysteine (Bellomo et al., 2014). It is also reported that the Gln 262 and Asp 

181 act to hydrolyze the phospho-intermediate through coordinating a water molecule. 

Validating this hypothesis, one water molecule is found in coordination with zinc ion in 

the active site. Arg 221 is present close to this binding pocket. This residue is crucial in 

binding of substrate and stability of first transition state (Figure 5.4.). 

 

Figure 5.4. Zn2+ binding in the active site of PTP1B 

MD simulations of the wild type open conformation of PTP1B in the presence of 

150 mM zinc ions are compared with simulations starting from a crystal structure with zinc 

ions docked at random sites, removing the substrate. The WPD loop in both the 

conformations presents high mobility as shown in Figure 5.5. This is in agreement with 

WPD loop conformation in Yersinia PTP visiting open and closed states in both apo and 

ligated states (Juszczak, Zhang, Wu, Gottfried, & Eads, 1997). In our simulations, no Zn2+ 

is found binding to the active site, however, 3 alternative binding sites were observed 

(Figure 5.6.). 
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Figure 5.5. All 2CM2 conformations of the active loop along the simulation, while 

keeping the protein in the initial conformation for clarity 

After simulation, Glu 75, Glu 130, Glu 136, Asp 137, Glu 62, Glu 101, Hse 60, Lys 

12, Asp 22, Hse25 and Glu 26 were found interacting with Zn2+ ions of solution. 

Alternative binding sites are in agreement with docking results (Bellomo et al., 2014). In 

the pose 1, Zn2+ is binding with Glu 159 and Glu 161. Zn2+ is binding with Asp 40, Glu 2 

and His 1 in Pose 4. The third binding pose is where Zn2+ binds with Asp 26 and Asp 22 

(Figure 5.7.). All distances are calculated within 3 Å. A comparison of RMSD values is 

also made for both systems to observe how the protein structure varies from the reference 

one (Figure 5.8.). It is observed from the graphs that the docked ions simulation is more 

stable as compared to the one with ions randomly placed in solution. 

 

Figure 5.6. Comparison of the binding sites found by molecular dynamics and those 

found by docking calculations published. All Zn2+ ions (orange spheres) at 3 Å of the 

protein along the simulation. This indicates that there are three main Zn2+ binding sites 

where ions remain bound during the simulation  

Pose 1 

Pose 2 
Pose 3 
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Figure 5.7. Analysis of the MD simulation starting from the Zn2+ configurations obtained 

by docking (grey spheres). The analysis of results showed that docked ions are stable and 

other binding sites are found owing to MD (orange spheres)  

 

Figure 5.8. Comparison of RMSD values for simulations with and without docked ions 

PTP1B Simulations WT with and Zn2+ ion placed in the active site – A Zn2+ ion 

was placed manually inside the active site and two systems were prepared, one with a 

protonated Asp 181 residue and the second with neutral Asp 181. Systems with neutral Asp 

181 are prepared in order to study the effect of protonation states on the movement of WPD 

loop and hence zinc binding. It is observed in the open loop conformation of such systems, 

the ion is not stable and leaves the active site at the beginning of the simulation as shown 

in Figure 5.9. 

Pose 2-4 

Pose 5 

Pose 1 

10 ns 
20 ns 30 ns 

Docking MD 
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Figure 5.9. When a Zn2+ ion is placed in the active site of 2CM2 and simulations are run, 

the ion is not stable at the active site 

No effect of the Asp 181 protonation state is observed on the open WPD loop 

conformational state (Özcan, Olmez, & Alakent, 2013). Average RMSD of loop with 

neutral Asp 181 is 3.53 Å with maximum that it reaches is 5.28 Å. The negative loop 

RMSD is 3.14 Å with maximum value of 5.73 Å. An analysis of the effect of the 

protonation state of Asp 181 on the loop dynamics exhibits no significant differences 

between two protonation states. This agrees with the work of Özcan et al (Figure 5.10.). 

 

Figure 5.10. Loop mobility in PTP1B open conformation 

Comparison of Zn2+ and Mg2+ binding sites for 2CM2 – Same analysis 

performed for Zn2+ are accomplished for Mg2+ as well. Mg2+ is found at higher distances 

from the protein and is bound in a non-specific way (Figure 5.11). This seems to indicate 

that, contrary to Zn2+, there is no protein binding sites for Mg2+ (Juszczak et al., 1997; 

Khajehpour et al., 2007). 
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Figure 5.11. Comparison of Zn2+ and Mg2+ binding sites for 2CM2 

PTP1B Simulations for Closed Conformation (3I80) – MD simulations were 

performed starting from a crystal structure with WPD loop in a closed form. The WPD 

loop presents low mobility in all the simulations with different conditions Figure 5.12. (a). 

A loop residue Asp 181 forms salt bridge interaction with Arg 221, which is an active site 

residue. Neutral Asp 181 present higher mobility than the negatively charged. A 

comparative analysis is given along with the RMSD values in Figure 5.13. It is observed 

that neutral Asp181 interacts with Glu 115. However, no Zn2+ is observed to be binding to 

the active site in the system with randomly placed ions in 150 mM concentration. Same as 

open loop conformational state, three different alternative binding sites were observed 

Figure 5.12. (b). Alternative Binding Sites shown in Figure 5.14. are similar to the binding 

sites as observed in docking calculations (Bellomo et al., 2014). One of the ions bind at the 

active site also as shown in Figure 5.15. After simulation, Asp 148, Hse 60, Glu 101, Asp 

29, Glu 75, Asp 240, Lys 239, Asp 22 were found interacting with Zn2+ ions of solution. 

 

Figure 5.12. MD of the closed conformation in the presence of Zn2+ for the negatively 

charged and neutral Asp 181 

Zn at 3 Å from protein Mg at 3.5 Å from protein Mg at 4 Å from protein 
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Figure 5.13. Comparison of structures with deprotonated and neutral Asp 181  

 

Figure 5.14. MD simulation poses in agreement with docking poses 

 
Figure 5.15. Comparison of docking and MD binding sites. Orange spheres are MD 

representation and gray represents docking results 

Pose 4 

Pose 5 

Pose 1 

Pose 1 

Pose 4 

Catalytic Site 

Pose 5 

Pose 2-3 

Negative loop RMSD 

Avg=0.657, SD=0.15, Max=1.299  

Neutral loop RMSD 

Avg=1.226, SD=0.254, max=2.116 

Pose 4 (Glu207) 

Pose 5 (Asp26, Asp22) 

Pose 1 (Glu136, Asp137) 
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Figure 5.16. RMSD comparison of 3I80 protein (docked and MD) 

Comparison of Zn2+ and Mg2+ binding sites for PTP closed conformation – 

results are similar to the open conformational state where Mg2+ ions are far away from the 

protein Figure 5.17. 

 

 

Figure 5.17. Comparison of Zn2+ and Mg2+ in closed loop conformational state 

PTP1B simulations closed conformation in the presence of substrate – There 

are no Zn2+ ions near the substrate during the 150 ns of MD simulation, however some 

chloride (Cl-) ions are obserevd. In the beginning, Zn2+ is bound with two O atoms of Asp 

181 and substrate each, along with O atoms of three neighboring water molecules. As the 

simulation progresses, one O atom of Asp 181 move far from the Zn2+. In the 44th ns, again 

both O atoms of Asp 181 come into interaction with the Zn2+ ion, while one O atom of 

substrate goes far. Another water molecule comes in the vicinity of Zn2+ in 50th ns, binding 

of this water will make the O atom of Asp 181 go far as Zn2+ has fulfilled its octahedral 

coordination. Again a vice versa phenomena observed at 70th ns when water molecule is 

pushed far while O of Asp 181 was drawn closer. In the same way, O atom of water and O 

of Asp 181 alternate their positions till the end of simulation. According to this simulation 

Zn at 3 Å from protein Mg at 3.5 Å from protein Mg at 4 Å from protein 
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the substrate does not bind ions, but this can be a consequence of placing the substrate 

directly at the active site of the enzyme.  

In the protonated system, the only difference is the interaction of O atom of Gln 

262 instead of Asp 181. Other interactions are made with four water molecules and a 

substrate. 

 

Figure 5.18. MD simulation with the substrate bound to the active site (obtained from a 

docking calculation) 

MD simulations of the covalent intermediate (CI) in the presence of Zn2+ – In 

the MD simulation starting from the crystal structure of the phosphate covalent 

intermediate (1A5Y), it is observed that the WPD loop presents low mobility. Similar to 

the previous step, Asp 181 forms a salt bridge interaction with Arg 221. No Zn2+ is 

observed to bind with any active site residue. Three different alternative binding sites were 

observed in this case as well. Zn2+ binding sites found by docking agree with MD, which 

also found additional ones. Glu 129, Glu 130 were found interacting with Zn2+ ions of 

solution. When RMSD comparison for both systems was made, it is observed that although 

the binding sites are similar, the trend in RMSD is opposite (Figure 5.20.). 

Asp 181 

Cys 215 

Cl
-
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Figure 5.19. (a) Flexibility in loop (b) Alternative binding sites from docked ions 

(Bellomo et al., 2014) 

 

Figure 5.20. Comparison of RMSD of two structures, docked 1A5Y and apo form 

None of the Mg2+ ions bind with the residues of active site. However, one 

interaction is formed with the residue Asp 284 that is quite far from the active site. This 

interaction remains intact throughout the simulation time. Comparison of Zn2+ and Mg2+ 

Binding Sites for PTP1B phospho-intermediate form was also performed. Again Mg2+ is 

not binding within 3 Å distance in the active site (Figure 5.21). 

 
Figure 5.21. Comparison of PTP1B Simulations CI with Zn2+ or Mg2+ in the active site 

Comparison of MD simulations with a Zn2+ or Mg2+ inside the catalytic 

binding site – Zn2+ is observed to be found in octahedral coordination state, forming bonds 

with six neighboring atoms including one O from water molecule. Other bonds are formed 

Mg at 4 Å from protein Zn at 3 Å from protein 

Docking 

 

All Binding Sites 

MD 
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with O of p-Cys 215 residue, two bonds with two of the O atoms of both Asp 181 

(deprotonated) and Glu 115, respectively. However, at 39.5th ns, Ser 216 interacts with 

Zn2+ replacing one of the O atom form Asp 181. 

In the beginning of the simulation with protonated Asp 181, two O atoms of p-Cys 

215 and Glu 115 each and one O of Asp 181 interact with zinc. Asp 181 left its place in 

60th frame, also one O of p-Cys 215 is replaced by an O atom of a water molecule. At the 

same time, O atom of Asn 111 also interacts with zinc. A few frames later, a different O 

atom of p-Cys 215 interacts with the Zn2+ ion thus completing its octahedral coordination. 

At the start of the 5th ns, there is a new water molecule interacting with zinc. It remains 

there till the 44th ns, and breaks from the active site in 45th ns while binds again at the start 

of 47th ns. There is a difference in the binding residues of Zn2+ with different states of 

protonation of Asp 181, which shows that the protonation states are affecting the binding. 

In both cases, once the ion is inside the binding site, it disturbs the hydrogen bond network 

necessary for catalysis (Figure 5.22.). 

                                             

Figure 5.22. Hydrogen bonding network necessary for catalysis is disturbed in both cases 

binding Zn2+ and Mg2+ ions 

Next step was the analysis of the channel size connecting the binding cavity to the 

water phase. It was performed for the last 10 ns of the phospho-intermediate MD simulation 

as shown in Figure 5.23. The vdW radius of Zn2+ ion is 1.39 Å while that of Mg2+ is 1.73 

Å. It is clear that the vdW radius of Zn2+ is smaller hence it penetrates deeper into the active 

site.  

Asp181 

Arg221 

Ser216 

 Zn2+ 

  Mg2+ 
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Figure 5.23. Analysis of the channel radii for the last 10 ns of the CI simulation.  Dashed 

light green line is for Mg2+ representation and orange dashed line is for Zn2+ 

SMD was able to discriminate between the mutant and wild type PTP1B proteins. 

Before running SMD, sixty nanoseconds for WT and 20 nanoseconds for mutant of plain 

MD was carried out. A well-equilibrated structure was taken for SMD. We experimented 

with various pulling directions, pulling forces and lengths, spring constants and center of 

mass for pulling an ion.  Finally, 30 SMD runs were performed and an estimate of free 

energy difference was calculated using Jarzynski’s (Jarzynski, 1997) equality. Values of 

free energy are shown on the plots (Figure 5.24). It is clear that pulling an ion from the WT 

enzyme needs much more work as compared to the work required for mutant structure 

which again emphasizes the binding of Zn2+ in active site of PTP1B. 

 

Figure 5.24. Plots of the work done for (left) WT and (right) mutant structures 

5.3.1. Experimental Results 

The experimental activity shows that when Zn2+ is added to the protein, it 

diminishes the protein activity (Figure 5.25.). No major effect was produced by EDTA on 

the amplitude of fluorescence. Zn2+ binds and inhibits the enzyme in the second step of the 

reaction (dephosphorylation). After addition to the buffer, EDTA returned complete 
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enzymatic activity. Interestingly, on the other hand, the recovering activity of enzyme was 

significantly diminished, when it is added after the substrate. This suggest that Zn2+ inhibits 

the second catalytic step. Zn2+ binds in the second step of the reaction instead of water. It 

enters the binding site with the substrate and inhibits 2nd step. 

 

Figure 5.25. Zn2+ inhibition of PTP1B 

5.4. Concluding Remarks 

Zinc ions are recognized as inhibitors of PTPs. Analysis of structures in different 

conformational states of PTP1B indicated a precise zinc binding site in the phosphorylated 

intermediate together with additional sites (Bellomo et al., 2014). Zinc ions can be 

accommodated in the closed conformational catalytic site and phosphorylated intermediate 

state (Bellomo et al., 2014). Zn and Mg ions do not bind to the PTP1B active site in the 

open conformation (both protonation states of Asp181).  This is in agreement with previous 

docking calculations. The flexibility of WPD loop in the open conformation is independent 

of the Asp 181 protonation state. This confirms the previous studies with PTP1B enzyme. 

Flexibility of the WPD loop in the closed conformation depends on the Asp181 protonation 

state. It is observed that the position of the Asp181 residue changes. This can be attributed 

to removing the phosphate group in the active site. PTP1B presents several binding sites 

for zinc and magnesium. Zinc seems to bind more tightly to the protein surface than 

magnesium. The number of binding sites occupied seems to have an effect on protein 

stability. Simulations including the substrate did not show any binding to its phosphate 

group that may be due to the way system is prepared by direct placement of substrate in 
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the binding site. The pore diameter of the channel connecting the binding site with the 

solvent phase seems to be able to discriminate between Zn2+ and Mg2+ ions. Mg2+ has a 

bigger size and it is observed that Zn2+ with smaller size penetrates deeper than Mg2+. 

Results of SMD calculations also support the hypothesis of Zn2+ binding deeply in its active 

site. Higher energy values are observed when the ion is being pushed from the binding site. 

Asp 181 has also a central position in the active site which when mutated resulted in smaller 

energy values. It proves that Zn2+ has a greater binding affinity for PTP1B and the enzyme 

is inhibited by ion, also supported through experimental data. 

When zinc binds into the active site, the activity is reported to be inhibited to a higher 

percentage (Bellomo et al., 2014). It was reported that many acidic residues on the surface 

of PTP1B could be identified that act as putative zinc binding sites. In our study, we found 

one such residue is Glu 115. Bellomo et al., suggested that PTP1B activity modulation and 

identification of a potential zinc binding site could play a significant role in the 

development of pharmaceutical products containing zinc. These products may act as drugs 

for the treatment of diabetic patients. It is concluded from this project, Zn2+ binds with 

crucial residues – Asp 181, p-Cys 215, Glu 115 and Ser 216 – in the binding site of PTP1B 

and inhibits it.  
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6. B-cell Lymphoma Extra Large Protein  

Bcl2 family of proteins impart functionality to the intrinsic (alternatively known as 

mitochondrial) pathway of apoptosis (Michels et al., 2013; Yip & Reed, 2008). Bcl2 

protein family is comprised of anti-apoptotic and pro apoptotic members which share one 

or more Bcl2 Homology domains (BH domains) (Kuwana & Newmeyer, 2003). B-cell 

lymphoma extra large (Bcl-xL) specifically belongs to the anti apoptotic group of Bcl2 

proteins, which either associate directly with the multidomain pro apoptotic members 

(BAX, BAK) to form heterodimers, or with single-BH3 domain-containing members – 

BAD, BIM, and BID (Michels et al., 2013). As a result of sequestration of these pro-

apoptotic members, the mitochondrial outer membrane permeabilization (MOMP) is 

suppressed. Consequently, the release of caspases from mitochondria and their subsequent 

apoptotic effects is avoided (Kuwana & Newmeyer, 2003). Normal apoptotic control is 

characterized by a balance between the anti and pro apoptotic members (Shore & Viallet, 

2005). However, imbalance in the amount of these proteins leads to apoptotic dysregulation 

which is an important phenomenon associated with cancer phenotypes. Specifically, Bcl-

xL overexpression is observed in various types of cancers namely pancreatic cancer, lung 

cancer, leukemia, non-Hodgkin’s lymphoma, multiple myeloma, and adenocarcinoma of 

reproductive tissues (Masood, Azmi, & Mohammad, 2011). 

Additionally, Bcl-xL confers multidrug-resistance phenotype in the cancerous cells 

rendering the effects of the chemotherapeutic agents, unsuccessful (Minn, Rudin, Boise, & 

Thompson, 1995; Yip & Reed, 2008). Such a complex involvement of Bcl-xL in cancer 

biology makes it an extremely important potential therapeutic target in cancer therapies. 

Human Bcl-xL is composed of four different domains (BH 1–4) and a transmembrane 

region which allows it to span the mitochondrial membrane (Kuwana & Newmeyer, 2003; 

Michels et al., 2013). All four domains are alpha-helical structures of amphipathic nature 

(Guillemin et al., 2010). In a folded conformation of Bcl-xL, domains 1–3 form a 

hydrophobic groove, which acts as a binding site for the BH3-only peptides (pro-apoptotic 

members) (Guillemin et al., 2010; Sattler et al., 1997). The aforementioned hydrophobic 

active site has been targeted by several experimental and computational screening methods 
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for a diverse set of compounds (Enyedy et al., 2001; Kang & Reynolds, 2009; Manion et 

al., 2004; Tse et al., 2008).  

Bcl-xL interacts with the BH3 domain of pro-apoptotic members under normal 

conditions; therefore, earliest of the drugs that targeted Bcl-xL were BH3 mimetics 

including BH3Is, ABT-737, and ABT-263 (Lugovskoy et al., 2002; Tse et al., 2008). Other 

small molecule inhibitors which have been proposed in previous studies as Bcl-xL 

antagonists include Obatoclax, Gossypol (phenolic pigment from cotton seeds), and its 

derivatives (Masood et al., 2011). All these compounds found their way into different 

clinical testing phases (Kang & Reynolds, 2009; Reed & Pellecchia, 2005). Apart from 

these, other potential inhibitors include α-helical proteomimetics, based on terphenyl 

scaffold (Kutzki et al., 2002). In a separate study employing SAR through NMR, analogs 

of fluoro biaryl acid 1 which showed binding to hydrophobic core region of Bcl-xL were 

identified; further screening of compounds based on information of a proximal region of 

the binding site yielded a second set of compounds known as naphthol analogs collectively 

termed as secondsite compounds (Petros et al., 2006). In another independent study, based 

on the high-sequence identity with Bcl-xL, homology model of Bcl2 was generated which 

was subsequently used for structure-based computational screening to identify 35 potential 

Bcl2 small molecule inhibitors (Enyedy et al., 2001). These Bcl2 antagonists are also 

included in the current study to be tested against Bcl-xL. Apart from the synthetic 

compounds, several classes of naturally occurring alkaloids have been well characterized 

in terms of their anticancerous properties. Protoberberines and Benzophenanthridines are 

two such groups of compounds which have been implicated in Bcl-xL inhibition (Lu, Bao, 

Chen, Huang, & Wang, 2012; Zhang et al., 2006). Analogs belonging to these classes along 

with analogs from beta-carboline and indoloquinoline class of alkaloids, for which anti-

cancerous properties have been well established, are tested against Bcl-xL in this study 

(Hamsa & Kuttan, 2011; Lavrado, Moreira, & Paulo, 2010).  

Current study incorporates the use of in silico molecular modeling tools to compare 

aforementioned synthetic and natural antagonists against Bcl-xL. Aim of this analysis is to 

provide a comprehensive comparison of molecular docking studies of diverse Bcl-xL 

inhibitors using GOLD and AutoDock Vina. The best compounds docked in the active sites 
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of the protein are subjected to MD simulation analysis using AMBER with timescale of 

140 ns. It will also provide an insight into the binding modes and energies of the mentioned 

analogs, which would further clarify the design of potential drug candidates against Bcl-

xL.  

All the compounds were docked into structure of Bcl-xL protein. The docking results 

are shown in Table 6.1.  

Table 6.1. Binding affinity and GoldScore of selected compounds of Bcl-xL 

S. No. Binding Affinity 

(kcal/mol) 

GoldScore Structure 

1. -7.3 29.57 

 
2. -7.3 33.96 

 
3. -7.1 29.85 

 
4. -6.9 28.97 

 
5. -7.4 34.06 

 
6. -7.9 30.21 

 
7. -7.7 29.73 

 
8. -7.9 33.36 

 
9. -7.2 29.24 
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10. -7.4 27.50 

 
11. -7.2 28.27 

 
12. -7.2 35.30 

 
13. -7.4 36.34 

 
14. -7.2 29.25 

 
15. -7.0 25.95 

 
16. -7.3 30.39 

 
17. -7.4 22.71 

 
18. -7.9 27.80 

 
19. -8.6 41.88 

 
20. -9.2 46.24 
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21. -7.7 33.01 

 
22. -7.1 44.18 

 
23. -7.8 38.42 

 
24. -8.7 50.12 

 
25. -8.5 33.56 
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26. -8.8 40.52 

 
27. -6.2 34.42 

 
28. -7.3 26.85 

 
29. -5.9 38.05 

 
30. -5.7 38.26 

 
31. -5.8 37.27 

 
32. -6.0 38.58 

 
33. -7.6 41.37 

 
34. -7.7 40.95 

 
35. -7.7 40.82 

 
36. -6.4 30.39 

 
37. -6.3 31.18 
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38. -6.1 29.43 
 

39. -6.0 30.45 

 
40. -6.3 30.24 

 
41. -6.3 30.84 

 
42. -6.6 31.14 

 
43. -6.6 30.02 

 
44. -6.5 29.66 

 
45. -7.4 32.04 

 
46. -10.4 19.79 

 
47. -6.1 32.48 

 
48. -7.6 35.00 

 
49. -6.3 30.61 

 
50. -10.8 33.46 

 
51. -7.4 25.75 

 
52. -7.3 34.09 
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53. -10.3 27.75 

 
54. -9.9 29.43 

 
55. -9.6 27.09 

 
56. -7.5 35.42 

 
57. -7.7 34.53 

 
58. -9.6 29.53 

 
59. -9.8 29.34 

 
60. -7.0 37.13 

 
61. -7.2 28.32 

 
62. -6.1 42.53 

 
63. -5.1 25.73 

 
64. -8.8 39.75 

 
65. -9.6 28.88 

 
66. -7.7 30.77 
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67. -6.3 30.21 

 
68. -6.9 35.42 

 
69. -7.9 30.21 

 
60. -6.3 29.86 

 
61. -7.4 25.61 

 
62. -5.9 32.51 

 
63. -6.5 30.57 

 
64. -7.1 41.58 

 
65. -6.2 41.21 

 
66. -7.4 26.82 

 
67. -6.0 32.41 
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68. -6.8 33.43 

 
69. -6.9 29.65 

 
70. -7.2 28.11 

 
71. -6.8 30.73 

 
72. -6.1 36.68 

 
73. -6.7 33.01 

 
74. -5.3 28.72 

 
75. -5.3 26.75 

 
76. -5.7 29.44 

 
77. -5.8 29.29 

 
78. -6.2 30.65 

 
79. -5.5 30.77 

 
80. -5.8 30.46 

 
81. -5.9 33.13 

 
82. -5.6 32.43 

 
83. -4.8 27.13 
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84. -6.2 34.29 

 
85. -6.7 38.43 

 
86. -6.5 34.87 

 
87. -8.2 37.86 

 
88. -7.0 29.48 

 
89. -4.6 28.42 

 
90. -7.6 53.00 

 
91. -6.0 28.72 
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92. -7.0 36.67 

 
93. -6.6 44.73 

 
94. -8.7 45.73 

 

 

Details of the top-scoring compounds, pertaining to their involvement in the 

observed hydrogen bonding network, are provided in Table 6.2. 

 

Figure 6.1. Correlation between experimental Kd Values and binding affinities for 

Bcl-xL inhibitors 
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Table 6.2. Hydrogen bonding interaction details of active compounds 

Compound Interacting Atom of 

Ligand 

Interacting Atom of 

Protein 

Distance (Å) 

50 O Tyr101.OH 2.83 

N Tyr101.OH 3.50 

N Arg132.NH2 3.32 

54 O Arg100.NH2 2.80 

O Ala93.OE2 2.95 

46 O Gln121.N 2.92 

O Gln121.OE2 3.22 

O Arg165.NH2 3.23 

90 O Arg103.NH2 3.19 

N Arg103.NH2 3.34 

O Arg103.NE 2.92 

O Arg103.HE 2.34 

N Tyr101.OH 3.04 

24 O Arg102.NE 3.50 

H Arg102.N 2.99 

H Arg100.O 2.27 

ABT-737 N Tyr101.OH 2.93 

O Arg139.NH1 2.87 

O Arg139.NH1 2.82 

N Arg139.NH1 3.18 

N Asn136.ND2 2.62 

In docking analysis with AutoDock Vina, it was revealed that primarily Bcl-xL 

antagonists interacted with the conventional BH3 binding hydrophobic groove; however, 

40 docked complexes exhibited interaction with a novel surface region of Bcl-xL. Among 

the docked compounds, compound 50 had the lowest docking energy (-10.8 kcal/mol) with 

Bcl-xL protein. Docking poses of the best conformation of the top ranking three 

compounds with AutoDock Vina in the binding site of Bcl-xL protein are shown in Figures 

6.2. (a), 6.3. (a), and 6.4. (a). Residues of protein involved in the formation of hydrogen 

bonds with these compounds are Ala 93, Arg 100, Tyr 101, Gln 121, Arg 132, and Arg 

165. The binding pocket of best hit of Bcl-xL protein was formed by the residues Tyr 101, 
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Phe 97, Arg 139, Gly 138, Arg 100, Arg 132, Phe 105, Asp 107, Leu 130, Ala 142, Leu 

108, Arg 103, and Glu 129 (Figure 6.2. (a)). Aromatic rings of the ligands showed π– π 

interactions with Tyr 101, additionally the positively charged amide group of Arg 100, Arg 

132, Arg 103, and Arg 139 exhibited cation–pi interactions (Figure 6.2. (b)). Interactions 

are driven primarily by van der Waals forces, however, additional hydrophilic interaction 

includes the hydrogen bond formed by Tyr 101 and O and N atom of the ligand and Arg 

132 and ligand N atom with distance of 2.83, 3.50, and 3.32 Å, respectively (Figure 6.2. 

(c)). 

 

Figure 6.2. (a) Docked pose of compound 50 highlighting the most active residues of 

protein’s binding pocket. Protein is in ribbons whereas ligand is in bonds style, (b) 2D 
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depiction of compound 50 highlighting important interactions, (c) 2D depiction of docked 

compound 50 highlighting hydrogen bonds and their lengths 

Within the same binding pocket, the next best hit is compound 54 with binding 

energy value -9.9 kcal/mol. It interacted with Phe 97, Arg 139, Gly 138, Arg 100, Tyr 195, 

Glu 96, Glu 92, and Ala 93 (Figure 6.3. (a)). Tyr 195 formed a σ– π bond with the aromatic 

ring of the ligand (Figure 6.3. (b)). Similar to compound 50, positively charged Arg 100 

showed pi interactions with heterocyclic rings of the ligand. Among hydrophilic 

interactions, hydrogen bonds formed between Arg 100 and O atom of the ligand having a 

distance of 2.80 Å and Ala 93 with O atom of ligand with distance 2.95 Å (Figure 6.3. (c)). 

 



Chapter 6  B-cell Lymphoma Extra Large Protein  

 
120 

Figure 6.3. (a) Docked pose of compound 54 highlighting the most active residues of 

protein’s binding pocket. Protein is in ribbons whereas ligand is in bonds style, (b) 2D 

depiction of compound 54 highlighting the important interactions, (c) 2D depiction of 

docked compound 54 highlighting hydrogen bonds and their lengths 

BH3-binding hydrophobic groove is characterized by the following residues: Phe 

105, Leu 108, Val 126, Phe 97, Ala 104, Leu 130, Ala 142, Phe 146, Ala 93, Lys 138, and 

Glu 96 with reference to binding of natural peptides such as Bad and Bak (Petros et al., 

2000). Current docking analysis validates the active site as being composed of 

aforementioned residues. Therefore, observed best hits represent small molecules with 

potential to act as competitive inhibitors, rendering the binding site inaccessible to natural 

substrates. Results of compounds 50 and 54 are also coherent with active centers identified 

in different mutational studies involving Gly 138, Tyr 101, Arg 139, and Leu 130 (Sattler 

et al., 1997). These studies have established these residues to be essential for proper 

functioning of protein and delineated their role in binding energetics (Moroy, Martin, 

Dejaegere, & Stote, 2009; Sattler et al., 1997). Further analysis of compounds 50 and 54 

highlighted Tyr 101 and Phe 97 as major contributors to hydrophobic binding. Results 

corroborate the findings of Moroy and coworkers where simulation data of Bcl-xL-peptide 

complexes were studied (Moroy et al., 2009). Moreover, conservation of the hydrophobic 

residues (Tyr 101, Phe 97) in Bcl2 further supports the importance of interactions of this 

nature, exhibited by the anti-apoptotic members of Bcl2 protein family (Andrew M Petros 

et al., 2000; Sattler et al., 1997). Compound 46, also one of the top hits, has showed binding 

to a different interface of Bcl-xL which has not been previously reported. However, a prior 

study has established that additional binding sites may exist in the Bcl-xL and may even 

be crucial for proper functioning of this peptide (Petros et al., 2000). This compound has 

the binding affinity value of -10.4 kcal/mol. This is comparable to the aforementioned 

energy values of the compounds docked in previously reported binding site. The potential-

binding site interacting with compound 46 is characterized by Arg 165, Val 161, Tyr 120, 

Glu 121, Ser 164, Ala 168, Trp 169, and Thr 172 (Figure 6.4. (a)). The hydrophobic 

contacts describe the predominant mode of binding for this compound (Figure 6.4. (b)). 

Tyr 120 shows pi–pi interactions with three heterocyclic rings of the ligand. The charged 

Arg 165 demonstrates cation–pi interactions with two aromatic rings. Three hydrogen 
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bonds are identified between the charged residues Gln 121 (2 hydrogen bonds) and Arg 

165 (1 hydrogen bond) with different O atoms of the ligand having distance of 2.92, 3.22, 

and 3.23 Å, respectively (Figure 6.4. (c)).  

 

 

 

Figure 6.4. (a) Docked pose of compound 46 highlighting the most active residues of 

protein’s binding pocket. Protein is in ribbons whereas ligand is in bonds style, (b) 2D 

depiction of compound 46 highlighting the important interactions, (c) 2D depiction of 

docked compound 46 highlighting hydrogen bonds and their lengths 

In GOLD, among all the docked compounds, compound 100 had the highest 

GoldScore of 53.0 with Bcl-xL. Docked poses of three top-ranked compounds are shown 

in Figures 6.5. (a), 6.6. (a), and 6.7. (a). Hydrogen bond forming residues came out typically 
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to be the same as the AutoDock Vina docked compounds. Residues include Arg 100, Tyr 

101, Arg 102, Arg 103, Asn 136, and Arg 139. Hydrogen bonding is illustrated in Figures 

6.5. (b), 6.6. (b), and 6.7. (b). Active residues came out to be common in all of the 

compounds when docked into the binding pocket of Bcl-xL protein with GOLD. These 

active residues are: Phe 12, Leu 90, Gly 94, Glu 96, Phe 97, Glu 98, Arg 100, Tyr 101, Arg 

102, Arg 103, Phe 105, Leu 108, Leu 130, Asn 136, Gly 138, Arg 139, Val 141, Ala 142, 

Phe 144, Ser 145, and Tyr 195. 

However, not all of residues are involved in binding with the compound. The 

charged Arg 139 shows cation–pi interaction with two aromatic rings. Van der Waals 

interactions are formed by the residues Phe 97, Phe 105, Asp 107, Leu 108, Gln 111, Glu 

129, Leu 130, Arg 132, Gly 138, Arg 139, Ala 142, and Tyr 195 with the ligand. Tyr 101, 

Arg 103, and Asn 136 are involved in electrostatic interactions (Figure 6.5. (c)). The 

hydrogen bonding is shown by Tyr 101 and Arg 103 residues. Second best hit compound 

24 (GoldScore 50.12) is mainly involved in electrostatic and van der Waals interactions 

(Figure 6.6. (c)). However, two hydrogen bonds are also formed involving the residues Arg 

100 and Arg 102. Next best hit in ranking came out to be ABT-737 (GoldScore 46.24) 

which is a proven Bcl family inhibitor against tumor. It is involved in both electrostatic 

and van der Waals interactions as illustrated in Figure 6.7. (c). It is important to note that 

other two compounds showed better binding than ABT-737. Though highly potent, ABT-

737 has the limitations of no oral bioavailability and low aqueous solubility (Tse et al., 

2008). From the MD simulation of 140 ns each for conventional and allosteric binding 

sites, it is observed that the ligand in conventional binding site is more stable. It can be 

seen from Figure 6.8., both RMSD and RMSF plots of ligand in conventional binding site 

are showing less fluctuations. However, the average RMS values for allosteric binding site 

are also not very high. 
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Figure 6.5. (a) Docked pose of compound 100 highlighting the most active residues of 

protein’s binding pocket. Protein is in ribbons whereas ligand is in bonds style, (b) 2D 

depiction of docked compound 100 highlighting hydrogen bonds and their lengths, (c) 2D 

depiction of compound 100 highlighting the important interactions 
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Figure 6.6. (a) Docked pose of compound 24 highlighting the most active residues of 

protein’s binding pocket (b) 2D depiction of docked compound 24 highlighting hydrogen 

bonds and their lengths, (c) 2D depiction of compound 24 highlighting the important 

interactions 
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Figure 6.7. (a) Docked pose of ABT-737 highlighting the most active residues of 

protein’s binding pocket. (b) 2D depiction highlighting hydrogen bonds and their lengths, 

(c) 2D depiction of ABT-737 highlighting the important interactions 

  

Figure 6.8. RMSD (left) and RMSF (right) plots for conventional and allosteric binding 

sites in Bcl-xL 
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Concluding Remarks – It is concurred that most of the compounds showed similar 

binding modes with active site amino acid residues Tyr 101, Phe 97, Arg 139, Gly 138, 

Arg 100, Arg 132, Phe 105, Asp 107, Leu 130, Ala 142, Leu 108, Arg 103, and Glu 129. 

Results from both tools are different which is due to dissimilarity in the search parameters 

and scoring algorithms. The best hits from AutoDock are compounds 50, 54, and 46 with 

binding energy values -10.8, -9.9, and -10.4 kcal/mol, respectively. GOLD best hits include 

compound 100 with GoldScore 53.0 and compound 24 with GoldScore 50.12. All the other 

compounds showed similar binding. However, in case of AutoDock, a new binding site is 

revealed that has never been reported, previously. It includes residues Arg 165, Val 161, 

Tyr 120, Glu 121, Ser 164, Ala 168, Trp 169, and Thr 172. This site may be crucial to the 

binding with Bcl-xL as it was reported previously that this protein has the potential for new 

active sites. This further implicates the possibility of finding novel binding targets for 

future work. The identification of unique binding site has been proposed in the current 

study, and this leads to another route to explore the catalytic and pharmacological 

properties of these compounds. 
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