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ABSTRACT 

 

 

DNA is a well-established biomolecular target for a wide range of drugs that may or 

may not specifically interact with it and hence affect its biological functions. There is 

a huge number of anticancer, antibiotic, and antiviral drugs which express their 

primary biological effects by interacting with nucleic acids, viz., DNA. In addition to 

it, there is a whole lot number of drugs which are still under various clinical trials and 

therefore making DNA an utmost import drug target due to its gene expression 

tendencies. Therefore, it can be said that, significant progress has been gradually made 

over the past few years in the field of drug-DNA interactions. 

Interaction between small molecules and DNA is classified into of two 

categories, viz., covalent interactions and non-covalent interactions. Three major 

modes of non-covalent interactions are electrostatic interactions, groove binding and 

intercalative binding. Numerous elaborative computational techniques have been 

employed to decipher and provide in-depth explanations for these interactions. To the 

best of our believes, these techniques provide data that are not only reliable but simple 

to interpret owing to computational rigorousness. 

The research work carried out in this thesis deals with drug–DNA interactions, 

their types and applications of elaborate computational techniques to study these 

interactions and provide underlying explanations for binding of molecules that hold 

some potential pharmaceutical interest. The explanations of the molecular interactions 

in this research work; between different DNA binding molecules has been done by 

using benchmarked computational techniques such as, Molecular Docking, Molecular 
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Dynamics Simulation, Free Energy Calculations and QM/MM calculations etc. 

Molecular docking is a probabilistic approach to determine the possible drug binding 

site in the vicinity of the biological macromolecule. Molecular dynamics assures the 

stability of the drug-DNA complexes with the evolution of time. Free energy 

calculations offer key insights into the molecular forces that drive and determine the 

key factors responsible for stable complex formation. Quantum mechanical/molecular 

mechanical (QM/MM) approach is used for the modelling of reaction mechanism by 

computationally mimicking the biomolecular systems which are not understood so 

far. 

For the improvement of the clinical efficacy of existing drugs and in the design 

of new ones, complete understanding of the molecular basis of drug–DNA 

interactions in structural, thermodynamic, and kinetic detail is a prerequisite. The 

most fundamental problems related to drug discovery are based upon the progress of 

recognition by small molecules. Binding specificity of DNA with small molecules is 

explained mainly by studying the formation of hydrogen bond and polar interactions. 

The action mechanism of majority of DNA binding molecules at molecular levels is 

still unknown and therefore due to urgency it becomes and utmost important field of 

global interest. 

This study confirms that the minor groove binders bind to DNA through 

different types of non-covalent interactions. DNA minor groove binders form 

hydrogen bonds between the drug and DNA bases. DNA recognition by drug 

molecules does not directly depend upon the base sequences but also depends on the 

sequence dependent conformation or DNA modifications and distortions. This study 
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provides a complete understanding of drug-DNA interactions, sequence selectivity 

and sequence specificity through usage of advanced computational techniques. 
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PREFACE 

 

This thesis, entitled “A Computational Study of Drug-DNA Interactions” 

encapsulate the results obtained on theoretical investigations carried out in the 

Department of Applied Physics, Babasaheb Bhimrao Ambedkar University under the 

supervision of Dr. Anil Kumar Yadav, Assistant Professor, Department of Applied 

Physics, Babasaheb Bhimrao Ambedkar University, Lucknow. 

Deoxyribonucleic acid DNA is one amongst various other biomolecules 

having great biomedical significance. Transcription and replication are the two vital 

processes that are essential for the survival of living organisms. Transcription holds 

itself responsible for the production of proteins whereas replications is accountable 

for making copies of the DNA. The knowledge of drug activity for various cancer, 

anti-microbial and anti-viral drugs depend upon their binding with DNA and hence it 

makes this a fascinating field of current global interest. Therefore, in order to design 

effective therapeutic agents targeting DNA, it is essential to explore their interactions 

with DNA. 

Computational modelling studies in such field holds great significance in lieu 

of experimental setups. Therefore, it is crucial to explore such fields of biomedical 

interests with benchmarked computational techniques. This thesis will focus upon the 

interactions taking place between selected antimicrobial molecules and DNA and the 

factors responsible for stability of the drug-DNA complexes. Specific attention will 

be paid to the formation of hydrogen bonds and their critical in-depth analysis 

followed by the implementation of advanced computational techniques. 
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The work carried out in the present thesis has been divided into seven chapters. 

Chapter 1 discusses the structure of DNA, different types of interactions 

between drugs and DNA, the different methods which are used to study the 

interactions between drug & DNA. This chapter also reviews the literature work done 

so far in this field. In Chapter 2, different molecular modelling techniques that are 

used in this thesis are discussed in detail, giving a brief idea of the theoretical protocol 

being followed in their development and implementation. 

Chapter 3 elucidates the comparative molecular docking studies on two 

classes of antimicrobial agents and discusses the underlying factors for their stability 

and interactions with DNA. 

Chapter 4 describes the interactions between some minor groove binding 

agents and DNA through the usage of molecular modelling techniques such as 

molecular docking and molecular dynamics and therefore provides necessary 

information to complement the docking results. 

Chapter 5 presents the binding mechanisms between some antimicrobial 

drugs and DNA studied through extensive computational techniques viz., molecular 

docking, molecular dynamics and free energy calculations and thus provides 

elaborative descriptions for the present interactions. 

Chapter 6 uses elaborate and advanced computational technique like, 

QM/MM to study interactions between selected antimicrobial agents and DNA and 

thus explains the role of interactions with great sophistications. The general 

conclusions drawn from the present thesis are summarized in the Chapter 7. 
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Hopefully, a better understanding of interactions occurring between small 

molecules and DNA will enable more efficient and effective work of computational 

drug design to be performed, well into the future.  
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Chapter-1 

Introduction 

 

Ever since the dawn of civilization, mankind has been prone to many deadly 

contagious, non-contagious and life-threatening diseases. Earlier the doctors had 

devised medicines based on natural products for the cure of simple viral and bacterial 

infections and various other diseases. But as the generations passed and civilization 

started getting indulged into industrialization and started depending heavily upon 

machinery and technology, there came modern advancements in the field of 

healthcare, medicines and drug discovery followed by gradual advancement in the 

techniques of drug discovery and their implementations [1-5]. From natural products 

to the usage of modern computational techniques such as, artificial intelligence, 

machine learning, data science, etc., the field of drug discovery has evolved itself 

accordingly for the maximum benefit of mankind [6-11]. 

The information of accurate biomolecular interactions is the prerequisite for 

structure based rational and effective therapeutic drug design. In particular, modeling 

studies on DNA, RNA, enzymes, proteins, lipids, etc. is certainly a huge 

interdisciplinary enterprise including biology, chemistry, physics, computer science 

and even mathematics [12,13]. Biologists describe the problems at the cellular levels, 

chemists fill in it the atomic and molecular designations, physicists formulate the 

problems at electronic interaction levels and tend to describe the underlying forces 

beneath, mathematicians formulate the algorithms and develop numerical models 
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whereas computer scientists support in terms of challenging computational techniques 

[14-16]. 

The deoxyribonucleic acid (DNA) is the core bio-molecule, essential for 

controlling various bio-chemical reactions taking place inside the cell. Interactions of 

DNA with variety of drugs is amongst one of the most important aspects of bio-

medical studies. The prior knowledge of target specificity in rational design of chemo-

therapeutics is a significant fundamental factor. Observing the significance of drug-

DNA interactions in the field of drug discovery and drug mechanism provides good 

evidence for the development of new rational design of target-oriented drugs and 

explanations of their possible mechanism of action. Several similar approaches can 

also prove themselves to be key-players in providing new insights into target specific 

drug design and then lead in understanding of their possible interaction mechanism 

with DNA [17, 18]. DNA is a core biological target for a class of huge number of 

chemical compounds that act as drugs, because of its gene expression and protein 

formation tendencies. Many drugs act as inhibitors thereby inhibiting the action of a 

specific protein. In addition, the DNA replication processes can also be altered 

significantly, which is important for cell growth and cell division thereby implying 

DNA to be one of the prominent drug targets in various disease’s therapies [19]. 

In the past several years, research has also shifted its focus towards how the 

drugs, that target DNA proteins can actually attach themselves to the vicinity of DNA 

for better implementation of drug action and thus producing lesser side-effects. 

Eventually, researchers identified three distinct classes of drugs, based upon their 

binding mechanisms for attaching themselves to DNA, viz., major & minor groove 
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binders and intercalators [20-22]. Therefore, we can, for sure, say that, drugs will 

continue to be developed targeting DNA. Our increasing knowledge of DNA and its 

significant role in human body can hopefully provide more successful treatments that 

target the disease and eventually help the people who suffer from it’s devastating 

effects [23]. 

Computational techniques have always been key players in In-silico drug 

design and in modeling the targets for the therapeutic action of drugs to begin [24-

27]. The interactions present between drug & DNA helps in controlling and regulating 

the replication and transcription processes in DNA and thereby inhibiting the 

progression of the diseased part of the DNA. This thesis encapsulates the robust 

computational techniques used in solving challenging biological problems; herein, our 

problem of interest was drug-DNA interactions. The computational techniques, viz., 

molecular docking calculations [24], molecular dynamics simulations [25] and 

quantum mechanical/molecular mechanical (QM/MM) calculations [26,27]; used 

while carrying out the entire research work are benchmarked through years of gradual 

research. 

The problems raised in this thesis mainly focus upon how certain drugs find 

their target binding site in the vicinity of DNA and then deals with the implementation 

of various advance computational techniques for the studies and analysis of the 

interaction and stability of drugs with those binding sites. To name a few techniques 

that are implemented in this thesis; molecular docking calculations, molecular 

dynamics simulations, free energy calculations and quantum mechanical (QM) & 

quantum mechanical/molecular mechanical (QM/MM) calculations, using the two 
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layered ONIOM scheme. This thesis not only accounts for the analysis of interaction 

and stability of drug molecules in the vicinity of DNA but also incorporates the roles 

of various underlying factors responsible for the same and thus fulfills its objective. 

1.1 Nucleic Acids 

Nucleic acids are the prime contents of cells of all living organisms. Because 

of their primary occurrence and acidic nature, they are termed as nucleic acids. The 

unit cell of a nucleic acid is called nucleotide, i.e., nucleic acids are composed of linear 

polymeric chains of nucleotides. DNA & RNA are the two basic kinds of nucleic acids 

that hold long thread like macromolecular structures and play essential roles in various 

hereditary processes. The main component of chromosomes is the DNA, and is 

associated with a small amount of chloroplast and mitochondria whereas, RNA is 

mostly found in plant viruses and cytoplasm [28]. Figure 1.1 shows the constituents 

of a cell: 

 

Figure 1.1: Basic constituents of the cell 

Free occurrence of DNA & RNA is very rare. Each nucleic acid consists of 

sugar-phosphate poly-deoxy/oxy ribonucleotide double helical entangled strand. 
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Ordinarily, nucleic acids are composed of nitrogenous bases, sugars, phosphate 

groups, each of which are discussed as follows:  

1.1.1 Nitrogenous Bases 

Nitrogenous bases are nitrogen containing organic rings. Each of the 

nucleotide in the DNA consists of adenine (A), thymine (T), guanine (G) and cytosine 

(C), whereas in RNA there is another base called uracil (U) in place of thymine (T). 

These nitrogenous bases are further classified into two types, viz., purines and 

pyrimidines. In case of purines, the parent substance purine consists of a six-

membered pyrimidine ring joined to a five-membered imidazole ring. Adenine (A) 

and guanine (G) fall into the category of major purines and have been isolated from 

nucleic acids. Whereas pyrimidines are six-membered heterocyclic rings and have not 

yet been isolated from nucleic acids. Cytosine (C), thymine (T) and uracil (U) fall into 

the category of pyrimidines. Figure 1.2 represents the chemical structures of purines 

as well as pyrimidines. 

 

Figure 1.2: Figure depicting purines and pyrimidines nitrogenous bases 
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1.1.2 Sugars 

The sugar components of nucleic acids are ribose and deoxyribose sugars. 

These sugars are pentoaldoses and occur in the form of furanose rings. Both, DNA as 

well as RNA contains sugars but each of them consists of different sugar units. DNA 

is made up of deoxyribose sugar, whereas RNA is made up of ribose sugar. These 

sugars differ by the fact that the second carbon atom bears a hydroxyl (–OH) group. 

Figure 1.3 [29] depicts both deoxyribose sugar as well as ribose sugar. 

 

Figure 1.3: Figure depicting deoxyribose and ribose sugars 

1.1.3 The Phosphate Group 

The phosphate group consists of d-electrons. In a phosphate group, a 

phosphorous atom is linked to four oxygen atoms via sp3 hybridized σ bonds having 

tetrahedral geometry. Figure 1.4 shown below represents a phosphate group. 

 

Figure 1.4: Figure representing a sp3 hybridized phosphate group 
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1.1.4 Nucleoside and Nucleotide 

A deoxyribose or ribose sugar attached to a purine or pyrimidine is termed as 

a nucleoside. Adenine linked to a ribose or deoxyribose is called adenosine, similarly 

guanine nucleoside is called guanosine. The pyrimidine nucleosides are called uridine, 

cytidine and thymidine. Nucleotides are phosphate esters of nucleosides and are 

strongly acidic in nature. Similarly, oxyribose sugar also form nucleosides and are 

termed as, adenosine monophosphate (AMP) and similarly GMP, TMP, CMP and 

UMP respectively. Figure 1.5 depicts the arrangement of nucleosides and nucleotides 

along with sugar and phosphate group. 

 

Figure 1.5: Figure depicting a nucleoside and a nucleotide group 

 

1.2 History & Structure of DNA 

Life emerges out of a cell (embryo & sperm) and then it gradually replicates 

(via cell division) and thus forming a human baby. DNA is the key ingredient in such 

biological process; it regulates and transfers the genetic codes from one generation to 

another, passing on the important chromosomal contained information. DNA always 
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existed in all living beings, but was discovered formally by Friedrich Mischer in 1868 

[30], while working with white blood cells obtained from pus drained out of surgical 

bandages. 

Ever since then, there was a strong agitation among the scientists all around 

the globe to get deeper insights into DNA and its conformational structure. To this, 

Avery and coworkers reported that nucleic acids are the carriers of genetic information 

and not proteins [31]. In 1950, Chargaff discovered that DNA for each and every 

species was unique in its own way [32]. Roseland Franklin used experimental 

technique of X-Ray crystallography to elucidate the helical model of DNA [33] 

however, it was Watson and Crick who is credited to have modeled the double helical 

structure of the DNA and for recognizing the relationship between the nitrogenous 

bases Adenine (A), guanine (G), cytosine (C) and thymine (T), for the first time, ever.  

Their double helical model for DNA, significantly suggested that A/T and G/C 

bases pair with each other, whereas the phosphate backbone lied outside as a 

supporting structure and the nitrogenous bases were held to each other via hydrogen 

bonds pointing inwards owing to have modeled a right handed double helical DNA 

[34,35]. Figure 1.6 represents the Watson and Crick double helical DNA model. 
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Figure 1.6: Watson & Crick’s double helical DNA model 

The functions of the DNA, and thus the underlying biological processes, can 

be artificially controlled, activated or inhibited as per requirement by mimicking the 

binding specificity of small molecules to DNA. Since then many efforts were 

frequently made and thus DNA was eventually modeled into various conformations 

depending upon its topological information obtained. Some of the few common 

conformations of DNA along with their structural properties are mentioned in [36] 

table 1.1. Whereas figure 1.7 shows the central dogma [37] of protein synthesis from 

DNA and RNA. 
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Table 1.1: Structural properties of different DNA conformations 

Property A-DNA B-DNA Z-DNA 

Helix Sense Right Right Left 

Twist/bp (Å) 32.7 36 -9, -51 

Rise/bp (Å) 2.56 3.4 3.8 

Residues/bp (Å) 11 10 12 

Mean rotation/bp 33.6° 35.9° -30° 

Helix axis location Through base 

pairs 

Through Major 

groove 

Through Minor 

groove 

Groove 

width 

Major(Å) 2.7 11.7 8.8 

Minor(Å) 11 5.7 - 

Groove 

depth 

major(Å) 13.5 8.8 3.7 

minor(Å) 2.8 7.5 3.7 

 

Figure 1.7: Figure representing key cellular processes of DNA replication and 

translation 
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1.3 Drug-DNA Interactions 

DNA owes itself to be a prime target for many anti-bacterial, anti-fungal, anti-

microbial and deadly diseases such as cancer, etc. It is an essential target of many 

clinical drugs which are still under trials. The vital life processes, that are essential for 

living organisms involve transcription and replication of DNA [38]. Transcription 

involves fetching of information from DNA to RNA whereas in replication DNA self- 

yields two identical DNA strands. These processes are governed by specific form of 

regulatory proteins. These proteins are generated at particular regions of DNA where 

certain inhibition in required [39]. Now, if this DNA regulatory mechanism is 

mimicked by some drug molecule (usually heterocyclic aromatic molecules), then the 

vital life processes of DNA can be artificially controlled and regulated and thereby 

inhibiting a particular genetic process or a severe disease. The DNA held vital life 

processes such as; replication, transcription, etc. are of significant interest as targets 

of wide range of diseases [40,41]. 

Molecular interactions occurring between DNA base pairs and drugs is the 

field of current global interest. It also plays a very significant role in the biological 

activity of drug controlled vital DNA processes. Many disease inhibiting therapies 

depend upon the interaction between the drug molecule and DNA. These drug 

molecules act by interacting with the diseased part of the DNA and thereby inhibiting 

the growth of the disease because these compounds have the tendencies to bond to 

DNA at specific sequences and thus interfere with DNA topoisomerases or with DNA 

transcription factors [42]. To design such effective and efficient therapeutics, it is very 

important to have a deep insight into drug binding mechanics with DNA. 
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The mechanism of action of various cancer, anti-microbial and anti-viral drugs 

depend upon the binding mechanism involved of that drug with DNA or eventually 

leading to modified DNA activity and thus leading to inhibition of diseases. Although 

complete information for drug-DNA interactions is still a topic of current global 

research and has not yet been fully deciphered, but on the basis of  literatures and 

research work conducted we can say that, indeed it is very interesting in learning about 

new drug action mechanisms as well as in contributing insignificantly towards design 

of new and potent drugs with minimal side effects [43]. In the current research work, 

focus has not only been made upon the investigations on the molecular basis 

underlying the drug-DNA interactions but also a few significant efforts have been 

made to study the role of hydrogen bonds in such interactions. Thus, these studies can 

be very fruitful in discovery and design of new and efficient drugs provided they have 

minimal side effects [44,45]. 

1.3.1 Forces Involved in Drug-DNA Interactions 

Binding of drugs to DNA involves many energy contributions terms of the 

form of conformational charges, entropy contribution during biomolecular complex 

formation, hydrophobic charge transfer process, and from some of the non-covalent 

inter/intra-molecular interactions occurring within the dug-DNA complex [46]. Some 

of them play a very important role in determining the factors responsible for the 

stability of drug-DNA complexes [47-52]. 
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1.3.1.1 Van der Waals Interactions 

When two neutral molecules are brought into the vicinity of each other, the 

electrons in their valence shells tend to repel and thus exhibiting a force upon the 

atoms. During such an interaction a transient dipole is set up in one of the 

atom/molecules and thus it tends to generate another dipole in the other 

atom/molecule leading to their mutual interaction. Such interactions are termed to be 

Van der Waals interactions. These forces are highly dependent upon the shape of the 

interacting molecules. Van der Waals radii describe the closest proximity to which the 

interacting species would approach. In the case of drug-DNA interactions, Van der 

Waals forces hold significant importance in describing the binding and stability of the 

complexes. 

 

1.3.1.2 Hydrogen Bonding 

Formation of hydrogen bonds in drug-DNA complexes is an essential feature 

and is a key player in determining the involved interaction and in predicting the 

stability of the system. It usually forms between the functional groups attached on the 

drug molecule and the bases of DNA. Since all the hydrogen bonds are linear and 

therefore their contribution to favorable energy change is very less when drug 

interacts with DNA in solution phase. However, a penalty of 4kJ/mol is offered when 

a non-linear or poorly aligned hydrogen bond is formed, it is also offered when there 

is absence of any hydrogen bond. Therefore, the presence of hydrogen bonds signifies 

the sequence specific interactions between drug & DNA and adds to the sustained 

stability of the system [47]. 
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1.3.1.3 Electrostatic Forces 

Electrostatic forces or salt bridges are those interactions that are formed 

between ionized phosphates of nucleic acids and the positively charged group of the 

drug molecule in the drug-DNA complexes. They offer stabilization energy of about 

~40kJ/mol per salt bridge. The strength of salt bridge tends to decrease the 

concentration of salts in drug DNA complexes. These kinds of electrostatic forces are 

of significant strength when there is absence of water molecule between the two 

ionized groups reason being water has considerably high dielectric constant. These 

forces fall into the category of long ranged interactions [52]. 

 

1.3.1.4 Hydrophobic Forces: Entropic Forces 

This force is caused due to the presence of water molecules at the interaction 

surfaces between drug & DNA. Any molecule surrounded by water tends to create a 

sharp cusp like curved surface of ordered molecules around itself. As there is 

accumulation of water molecules at the interface it gets disordered thereby increasing 

the entropy of the system. Whereas water molecules which are left at the interface of 

drug-DNA interaction site tend to decrease the entropy of the system [53]. Thus, it is 

essential that the chemical structure of the non-aromatic drug chromophore to be 

exactly complementing in such a manner that there are no unnecessary water 

molecules thereby hindering the moiety where the drug-DNA complex formation is 

to take place [54]. 
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1.3.1.5 Dispersive Forces due to Base Stacking 

Base pair stacking occurs mainly due to two major kinds of interactions, viz., the 

hydrophobic effects and dispersive forces. Molecules which do not possess net dipole 

moment tend to attract each other by transient dipole-induced dipole interactions, this 

leads to a decrease in the dispersive forces by an inverse of the sixth power of the 

distance between the two dipoles; the reason behind this is that they are exceptionally 

sensitive to thermal agitation of the molecules involved [55-57]. Despite of thermal 

dependence and being so sensitive towards distance dependency, dispersive forces 

play a very crucial role in maintaining the firmness of the double helix of the DNA 

strands by providing support in base pair stacking. Another very interesting feature of 

them is allowing planar insertion of any aromatic chromophore between the base pairs 

of the DNA, the process to be commonly known as, Intercalation [58,59]. 

 

1.4 Modes of Drug-DNA Interactions 

While drug interacts with DNA, it binds itself to the vicinity of the DNA 

macromolecule. This binding of drug molecule to the DNA macromolecule occurs in 

mainly two ways viz., covalent and non-covalent binding [106]. Non-covalent 

interactions can be further classified into three categories, viz., minor groove binding, 

major groove binding and intercalation. Other modes of drug-DNA interactions are 

also available depending upon the choice of preferential binding site by the DNA and 

restrictions imposed upon the DNA macromolecule due to the effect of various 

underlying interaction forces. Following figure 1.8 represents a flow chart which 

gives us a brief idea of the different drug-DNA interaction modes. 
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Figure 1.8: Figure representing different modes of drug-DNA interactions 

Each of the above-mentioned binding modes are discussed in brief as follows: 

1.4.1 Covalent Binding 

Covalent binding of drugs with DNA is observed to be irreversible in nature 

and eventually leads to cell death. Covalent binding of drugs to DNA occurs in two 

ways, viz., either they bind via inter- or intra-strand cross linking or through DNA 

alkylation; covalent binding involves high binding strengths [107,108]. DNA covalent 

binders are often called DNA alkylating agents also, as they may attach an alkyl group 

to the DNA and thus inhibit the cancerous cell, leading to cell death. DNA alkylation 

involves attachment of alkyl groups from drug molecule to DNA leading to cure of 

various types of cancers. Alkylating agents belong to one of the most significant class 

of anticancer drugs. These alkylating agents have a methyl or alkyl (CnH2n+1) group 

attached to the molecules. Some common DNA alkylating agents are: Carmustine 

(BCNU), Chlorambucil, Cyclophosphamide, cis-Platin, Dacarbazine, Fotemustine, 
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Lomustine (CCNU), N-methyl-N’-nitro-N-nitrosoguanidiene (MNNG), Nimustine 

(ACNU), Temozolomide (TMZ) [110-115]. Figure 1.9 shown below illustrates some 

of the few DNA alkylating agents. DNA alkylating agents prefer to react to N7 of 

guanine and N3 of adenine, and in this way base pairing of the DNA gets inhibited 

and thus leading to miscoding of DNA and consequently inhibiting the disease. 

Alkylating agents interact with DNA through three mechanisms. In the first 

mechanism, the alkylating agent which has to bind to DNA attaches an alkyl group to 

DNA and therefore rendering the DNA into fragments. This results in release of DNA 

repairing enzymes it their attempt to replace the alkylated bases of the DNA. In the 

second mechanism, the alkylating agent forms cross linking with the DNA and thus 

leading to DNA damage. In this process, the two DNA bases are linked to each other 

by alkylating agents that has two DNA-binding sites. Cross linking prevents DNA 

from transcription. And in the third process, alkylating agents lead to mutations due 

to mis-pairing of the nucleotides [109]. 

 

 
 

Figure 1.9: Figure showing some common DNA covalent binding agents 
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1.4.2 Non-Covalent Binding 

Non-covalent interactions, viz., hydrogen bonding and base stacking 

interactions, tend to determine the conformational structure of the biological 

molecules (nucleic acids and proteins). It is certainly known through years of research 

that the hydrogen bonding is essential for the specificity of base pairing whereas 

interactions due to π-π stacking occur between the planar aromatic rings of the 

nucleobases, and both contribute significantly in the final stability attained by the 

nucleic acid’s structures [117].  Though, individually each of these interacting forces 

is insignificant but their combined effect produces considerable stabilizing effects. 

Non-covalent binding in the DNA also tends to rupture the DNA strands, may tend to 

change the torsional angles and interrupt the protein-DNA interactions. Non-covalent 

interactions in DNA take place via three modes, viz., Major groove binding, minor 

groove binding and intercalation. Each of them is discussed as follows: 

1.4.2.1 Minor Groove Binding 

DNA minor groove binders usually consist of aromatic rings (rings involving 

benzene) linked via covalent bonds through sigma bonds. Small therapeutic molecules 

usually bind themselves to the nucleic acid bases via hydrogen bonds with N3 of 

adenine and O2 of thymine, whereas minor groove binders prefer binding at AT-rich 

region of the DNA. The reason behind the choice of this preferential binding in 

addition to the designated propensity for electronegative pockets of numerous AT-

rich sites is due to better Van der Waals contact between the drug and the groove 

regions and also the steric hindrance offered is lower in latter, presented by the C2 

amino acid of the guanine base [119-121]. 
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Sequence specific DNA binding proteins prefer binding in the vicinity of 

major groove of the DNA as it offers numerous positions preferring the formation of 

hydrogen bond, and thus adding to complex stability and sequence specificity. 

However, binding of small molecules and proteins to the minor groove of the DNA 

usually depends upon the hydration properties of the available minor grooves, the 

former prefers binding to the AT-rich site of the macromolecule due to more prevalent 

water ordering. Thus, the driving force operating behind minor groove binding is the 

very large entropy change during the release of ordered water molecules, although the 

enthalpy being unfavorable [118, 122-124]. Minor groove binding involves higher 

binding affinity and greater extent of sequence specificity than any other binding 

modes. Minor groove has been demonstrated as a preferential binding site for neutral, 

mono-charged and multi-charged ligands [125]. 

Figure 1.10 shown below represents the both covalent and non-covalent minor 

groove binding modes of drug with DNA: 

 

Figure 1.10: Figure depicting the (a) covalent and (b) non-covalent minor groove 

bindings 
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There are several factors that govern the selectivity of minor groove binders 

towards the AT-rich regions of the DNA, viz., firstly the electrostatic potential of the 

AT-rich region is observed to be higher than that of the GC-rich region and secondly 

the structural differences between the groove widths, i.e., the AT-rich site is narrower 

and deeper than GC-rich site, this also favors the minor groove binders to AT-rich 

sites [126]. Some of the crucial minor groove binders having significant therapeutic 

importance are shown below in figure 1.11. 

 

Figure 1.11: Figure showing some common DNA minor groove binders 

 

1.4.2.2 Major Groove Binding 

The groove widths for major groove are wider than that of minor groove, as a 

matter of statistics, the groove widths for B-form of DNA are 11.7 Å and 5.7 Å 

respectively. This widened groove width attracts DNA-interacting proteins as binding 

site. Proteins interact by forming a number of hydrogen bonds as donors and acceptors 

supplied by major groove residues [139-141]. It is the job of major groove binding 

protein to block the access of other proteins that recognize the similar binding site as 
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their preferential binding site. Figure 1.12 shown below depicts the binding of drug 

in the major groove of the DNA. This is attained through sequence specificity and 

sequence selectivity [142].  

 

Figure 1.12: Figure showing covalent major groove DNA binding mode 

 

DNA duplexes, which are composed of ring structures (polypurine-

polypyrimidine), such sequences are read by oligomers and they tend to form 

hydrogen bonds with the nucleic acid base pairs of the purine strands. These are 

termed to be triplex-forming oligonucleotides (TFOs). Another format of major 

groove binding can be achieved by peptide nucleic acids (PNAs) [143,144]. Figure 

1.13 representing some important major groove binders are shown below. 
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Figure 1.13: Figure showing some common DNA major groove binders 

 

1.4.2.3 Intercalation 

Intercalation was first termed by Lerman [127]. He explained that during 

intercalation the drug molecules are held perpendicularly to the nucleic acids base 

pairs of the DNA strands. However, this does not render the hydrogen bonds formed 

between the DNA base pairs and eventually the structural conformation of the DNA 

remains intact during intercalation. But this causes the distortion in the sugar 

contained phosphate backbones and hence distorts the pitch of the DNA [128]. During 

intercalation, the drug molecules bind via stacking non-covalently between two 

adjacent DNA base pairs. Generally, planar aromatic drug molecules fall into the 

category of DNA intercalators. Interaction between the drug molecules and DNA base 

pairs takes place during intercalation via means of π-π stacking. The stability while 

intercalation is attained via, van Der Waal’s force, hydrophobic forces, stacking or 

charge transfer mechanisms and most important is hydrogen bonding, all these factors 

tend to stabilize the system, eventually [129]. 
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Intercalation also leads to some structural anomalies in DNA double helix, 

viz., lengthening, unwinding, or stiffening of the DNA double helix. Data-wise, 

intercalation leads to change in the DNA torsional angles of the phosphate backbones 

in a way to create a vacancy for the incoming drug molecule, this tends to separate the 

two base pairs by lengthening of DNA approximately by 3.4 Å and decreases the 

twists in the helix by unwinding the DNA near the vicinity of the incoming drug 

molecule by 36° per base pair [130]. Acridine, Actinomycin D, Adriamycin, cis-

Platin, Echinomycin, Ethidium, Noglamycin, Propidium, Trostin A, are some 

common DNA intercalating drugs and are shown in figure 1.14, below [131-134].  

 

Figure 1.14: Figure showing some common DNA intercalators 

 

Once the intercalation of a drug molecule occurs in the vicinity of DNA, then 

it hinders the access of another molecule ready to intercalate at the next intercalation 

site, this phenomenon is termed as “Neighbor Exclusion Principle” and the reason 

behind this is that due to intercalation, deep significant structural deformations occurs 

in the nucleotide secondary structure of the DNA [116, 135-138]. There are a few 

intercalating molecules without bulky groups attached to them, and therefore they can 

intercalate to the DNA without getting their significant part either into major or minor 

groove of the DNA, such intercalators are termed as, Classical intercalators [113]. 
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And the ones which get their significant part inserted either into the major or minor 

groove of the DNA are termed as, threading intercalators [131]. In case of threading 

intercalation, the bulky group usually contains an aromatic ring and tends to bind itself 

to minor or major groove of the DNA [135,136]. Figure 1.15 depicts the two DNA 

intercalation modes.  

 

Figure 1.15: Figure showing (a) covalent DNA intercalation and (b) non-covalent 

DNA intercalation 

1.5 Experimental Techniques in Studies of Drug-DNA Interactions 

Experimental techniques play a very crucial role in the studies of drug-DNA 

interactions [195]. Thermodynamic study provides the necessary information of free 

energy, enthalpy, entropy, heat capacity and also about the binding constant changes 

during complex formation. Various experimental techniques which are used to 

understand the interaction of drug molecule with nucleic acids (DNA/RNA) are 

discussed below: 
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Circular dichroism (CD) spectroscopy holds significant importance in the 

studies of drug-DNA interactions. This technique is used to detect whether a drug is 

groove binding or intercalator. Various other binding parameters along with the 

binding site can also be calculated by using circular dichroism [196]. 

Thermal stability is used to study the role of stabilizing or destabilizing 

effects of a drug on the DNA transition. This can be calculated by monitoring the 

variations in UV-absorption spectra as a function of temperature [197]. 

Viscometric Titration is used to understand the conformational changes 

occurring in DNA strands as a result of drug-DNA interactions. 

Electric linear dichroism gives significant information regarding the 

preferential binding mode of the drug with DNA and also informs about base pair 

preferences of the nucleic acid during the drug binding [197-200]. 

X-ray crystallography requires a good quality of the single crystal of drug-

DNA complex for crystallographic analysis [201]. However, it is very difficult to 

obtain a good quality crystal of compounds having high molecular weights such as, 

drug-DNA complexes. The major disadvantage of this technique is the selection of a 

particular conformational form or structure of the macromolecule due to the influence 

of crystal packing forces and underlying local ionic strengths. 

Nuclear Magnetic Resonance (NMR) is very useful for the characterization 

of drug-DNA interactions at molecular levels. The atomic nuclei which are available 

for the study of DNA are (1H, 13C, 15N and 31P); among them, 1H is the very common 

for NMR studies, but NMR of 31P is useful for studying the effect of binding of ligands 

to the phosphate groups of DNAs [201]. 
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Figure 1.16 shows various computational and experimental tools and 

methodologies used in the studies of drug-DNA interactions. 

 

Figure 1.16: Figure representing different methods used to study drug-DNA 

interactions 

 

1.6 Thermodynamic Data for Drugs as obtained from Previous Researches 

Various research groups have been working in the field of drug-DNA 

interactions via experimental and computational techniques and have reported the 

obtained thermodynamic data in terms of various parameters, viz., K, ∆G, ∆Tm, etc. 

[145-194]. The thermodynamic data as obtained from their literature survey, along 

with their corresponding binding modes with DNA; can be summarized in the table 

1.2 given below: 
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Table 1.2: Table representing various drug-DNA interaction data as obtained through 

literature 

S. No. Ligand DNA 

Sequence 

Exp. Data Binding 

Mode 

1 Benzidine CT-DNA K=6.2±0.4x103 M-1 I 

2 Netropsin A3T3 

CT-DNA 

∆G=-7.7 kcal/mole 

∆G=-8.8 kcal/mole 

m 

3 Propamidine A3T3 

CT-DNA 

∆G=-7.0 kcal/mole 

∆G=-8.2 kcal/mole 

m 

4 Berenil A3T3 

CT-DNA 

∆G=-8.0 kcal/mole 

∆G=-8.6 kcal/mole 

m 

5 Distamycin A3T3 ∆G=-10.5 kcal/mole m 

6 Captopril CT-DNA K=6.2±0.4x103 M-1 m 

7 Doxorubicin CT-DNA ∆G=-8.9 kcal/mole I 

8 Propidium CT-DNA ∆G=-7.5 kcal/mole I 

9 Daunorubicin CT-DNA ∆G=-7.9 kcal/mole I 

10 Ethidium CT-DNA ∆G=-6.7 kcal/mole I 

11 Chartreusim CT-DNA ∆G=-7.4 kcal/mole I 

12 Echinomycin CT-DNA ∆G=-7.5 kcal/mole B 

13 Dapi AATT K=1.2x105 M-1 I 

14 Ditercalinium CGCG K=5.0x108 M-1 B 

15 Mesalamine CT-DNA ∆G=-4.2 kcal/mole I 

16 Doxorubicin 1R2L DNA K=0.17x105 M-1 I 

17 Epirubicin 1R2L DNA K=0.14x105 M-1 G 

18 Daunorubicin 1R2L DNA K=1.80x105 M-1 I 

19 Cisplatin 1R2L DNA K=0.41x105 M-1 I 

20 Flourouracil 1R2L DNA K=8.7x105 M-1 G 

21 Carboplatin 1R2L DNA K=2.41x105 M-1  

22 Etopside 1R2L DNA K=1.4x103 M-1 G 
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23 Cyclophosphami

de 

1R2L DNA K=4.21x105 M-1  

24 Dactinomycin 1R2L DNA K=3.61x105 M-1 I 

25 Mitoxantrone 1R2L DNA K=61.91x105 M-1 I 

26 Chloridazon CT-DNA ∆G=-22.63 

kcal/mole 

I 

27 Pirenzepine CT-DNA K=1.57x103 M-1 G 

28 Distamycin DICKERSO

N 

POLY[d(AT)

] 

∆G=-44.77 

kcal/mole 

∆G=-31.25 

kcal/mole 

m 

29 Chlorambucil CT-DNA K=2.0x107 M-1 M 

30 Emodine CT-DNA K=5.559x103 M-1 I 

31 Mitoxantrone CT-DNA K=3.38x105 M-1 I 

32 Ciprofloxacine HUMAN 

TELOMERI

C DNA 

K=9.62x104 M-1 G 

33 Daphnetin CT-DNA ∆G=-25.19 

kcal/mole 

I 

34 Thiabendazole CT-DNA ∆G=-21.68 

kcal/mole 

I 

35 Troxerutin CT-DNA K=1.75x103 M-1 M 

36 Pregabalin CT-DNA K=5.6x103M-1 I 

37 Nimustein CT-DNA K=3.27x103 M-1 I 

38 Querceitn Ds-DNA K=3.56x103 M-1 I 

39 Tomoxifen CT-DNA K=8.15x104 M-1 I 

40 Nitrofurantion CT-DNA K=8.22±0.05x106 M-

1 

I 

41 Farrerol CT-DNA ∆G=-26.16±0.81 

kcal/mole 

I 
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42 Levetiracetam CT-DNA K=4.9±0.2x103 M-1 M 

43 Idarubicin Ds-DNA K=2.1x104 M-1 I 

44 Ticlopidine CT-DNA K=4.91x103 M-1 G 

45 Citral CT-DNA K=4.96x103 M-1 I 

46 Chelerythrine Poly(dG).pol

y(dC) 

Poly(dG-

dC).poly(dC-

dG) 

Poly(dA).pol

y(dT) 

Poly(dA-

dT).poly(dA-

dT) 

K=5.25x10-6M-1 

K=2.17x10-6 M-1 

 

K=1.23x10-6 M-1 

K=1.60x10-6 M-1 

G 

47 Resistomycin CT-DNA K=1.095x104 M-1 G/I 

48 Epirubicin Fish Sperm 

DNA  

K=3.8x105 M-1 I 

49 Sodium 

benzoate 

CT-DNA ∆G=-28.34±0.40 

kcal/mole 

I 

50 Carboplatin CT-DNA   

51 Sinafloxacin CT-DNA K=2.33x102 M-1 G 

52 Idarubicin Ds-DNA K=5.14x105 M-1 I 

53 Elsculetin CT-DNA K=1.84x104 M-1 m 

54 Methotrexate CT-DNA K=1.0x103 M-1 G 

55 Olanzapine CT-DNA K=2.0x103 M-1 m 

56 Carbaryl CT-DNA K=8.68x103 M-1 I 

57 Tau-fluvalinate CT-DNA ∆G=-24.56 

kcal/mole 

m 

58 Flumethrin CT-DNA ∆G=-24.80 

kcal/mole 

m 
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59 Methyldopa CT-DNA ∆G=-23.57 

kcal/mole 

m 

60 Coumarin CT-DNA K=1.69x1011 M-1 m 

61 Aspirin CT-DNA ∆Tm=6.4˚C I 

62 Diflunisal CT-DNA ∆Tm=2.3˚C G 

63 Ibuprofen CT-DNA ∆G=-6.96 kcal/mole I  

64 Eugenol Salmon 

Sperm DNA 

K=7.28x103 M-1 I 

Intercalator (I) 

Bisintercalator (B) 

Groove Binder (G) 

Major Groove Binder (M) 

Minor Groove Binder (m) 

 

1.7 Web resources for Drugs and related data 

Computational studies of drug-DNA interaction involve a huge number of 

web-based resources for deposited data. Table 1.3 represents the list of some 

important and widely used such web-based resources [60-91]. 

Table 1.3: List of web-based resources for studying drug-DNA interactions 

S. No. Name Description Website 

1 BindingDB Database focusing upon experimental 

binding affinities between small 

molecules and macromolecules 

http://www.bindingdb.

org/bind/index.jsp 

2 BioGRID General repository for interaction 

dataset for protein, genetic and 

chemical interaction for humans 

https://thebiogrid.org/ 

3 canSAR Knowledgebase chemical and 

pharmacological database 

https://cansarblack.icr.

ac.uk/ 
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4 CarlsbadOne Confederated database of compounds 

associated with protein tarets 

http://carlsbad.health.u

nm.edu/wp/ 

5 ChEMBL Manually curate database of drug-like 

molecules 

https://www.ebi.ac.uk/

chembl/ 

6 DGIdb Database for information about 

drug-gene interaction 

http://www.dgidb.org/ 

7 DINIES Helps in predicting potential 

interaction between drug molecules 

and target proteins 

https://www.genome.j

p/tools/dinies/ 

8 DisGeNET Contains information about gene-

disease associations and variant –

disease associations 

https://www.disgenet.o

rg/ 

9 DrugBank Web resource containing detailed drug 

data and drug-target information 

https://www.drugbank.

ca/ 

10 DrugCentral Contains information about active 

ingredients of chemical entities and 

pharma products, including mode of 

action of drugs 

http://drugcentral.org/ 

11 DTO Interactive visualization for drug-target 

organization 

http://drugtargetontolo

gy.org/ 

12 ECOdrug To identify human drug targets and 

explore predictions for drug targets 

http://www.ecodrug.or

g/ 

13 GUILDify Characterization of genes through 

biological data 

http://aleph.upf.edu/gu

ildify2/ 

14 HitPick Helps analysis of chemical screenings 

and then generates hits for predicting 

targets 

http://mips.helmholtz-

muenchen.de/hitpick/c

gi-

bin/index.cgi?content=

targetPrediction.html 

15 iDrug-Target Webserver for predicting drug-target 

interactions 

http://www.jci-

bioinfo.cn/iDrug-

Target/ 
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16 idTarget Identifying targets for small molecules http://idtarget.rcas.sini

ca.edu.tw/index.php 

17 IUPHAR/BPS One stop shop portal to 

pharmacological information 

http://www.guidetopha

rmacology.org/ 

18 OpenTargets To find new targets for drug discovery https://www.targetvali

dation.org/ 

19 PASS Online Predicts biological activity, 

mechanism of action, pharma effects, 

adverse effects, metabolism with 

enzymes, etc. for drugs 

http://www.pharmaexp

ert.ru/passonline/index

.php  

20 Pharm 

Mapper 

Pharmacophore matching platform for 

potential target identification 

http://lilab-

ecust.cn/pharmmapper

/ 

21 Pharos Database for druggable genome for 

most common drug-targated protein 

family 

https://pharos.nih.gov/ 

22 PhID Provides visual relationship about 

diseases, drugs, targets, genes, 

pathways and side-effects 

http://phid.ditad.org/ 

23 PPB Predicts possible targets for small 

molecules 

http://gdbtools.unibe.c

h:8080/PPB/index.htm

l 

24 PROMISCOU

S 

Exhaustive resource for protein-protein 

& drug-protein interactions 

http://bioinformatics.c

harite.de/promiscuous/ 

25 SLAP For target prediction of drugs http://cheminfov.infor

matics.indiana.edu:808

0/slap/ 

26 SPiDER Prediction of drug-equivalence 

relationship 

http://modlabcadd.ethz

.ch/software/spider/ 

27 SuperDRUG2 Resource for approved drugs http://cheminfo.charite

.de/superdrug2/ 

28 SuperTarget Information about drug target relations http://bioinformatics.c

harite.de/supertarget/ 
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29 SwissTarget 

Prediction 

To predict target for bioactive small 

molecules 

http://www.swisstarget

prediction.ch/ 

30 TargetMine Identification of suitable targets for 

characterization  

https://targetmine.mizu

guchilab.org/ 

31 TargetNet For predicting binding of multiple 

targets for a given molecule 

http://targetnet.scbdd.c

om/home/index/ 

32 WITHDRAW

N 

A resource for discontinued drugs http://cheminfo.charite

.de/withdrawn/index.ht

ml 

 

1.8 Tools to model Nucleic Acids (DNA) 

Some very useful tools [92, 93, 99-104] that are often used to model nucleic 

acids (DNA) are listed below in table 1.4: 

 

Table 1.4: List of tools used to model DNA & drug-DNA interactions 

S. No. Tool Description 

1 3DNA To analyze, rebuild & visualize 3D structures of 

nucleic acids 

2 AMBER Generates canonical A- and B-duplex geometries 

of nucleic acids 

3 CURVES To analyze DNA structure 

4 DNA Sequence to 

Structure 

Generates canonical A- and B-duplex geometries 

of DNA and molecular dynamics averaged DNA 

structure 

5 NucCGEN Generates a curved or non-uniform helix 

6 Nuparm To analyze sequence dependent variations in 

nucleic acid double helices 
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1.9 Database repository entries in NDB 

The number of entries of 3D structures of DNA, drug-DNA and DNA-

protein complexes as deposited in NDB [105] are listed below in table 1.5. 

Table 1.5: Number of entries in NDB 

S. No. Type of System No. of NDB entries 

1 DNA 6393 

2 Drug-DNA 429 

3 DNA minor groove binders 116 

4 DNA major groove binders 24 

5 DNA intercalators 139 

6 DNA-protein complexes 4479 

7 DNA covalent binders 15 
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Chapter 2 

Methodology 

 

This chapter provides an overview about the different computational techniques that 

are used to understand the structure, dynamics and other physical and chemical 

properties of atomic and molecular systems. 

2.1 Quantum Mechanics 

A molecule is composed of atoms and atoms are made up of electrons, protons 

& neutrons. Protons & neutrons reside inside the nucleus and there are electrons 

revolving around the nucleus in various energy levels also called orbits or shells. This 

is most basic idea of the arrangement of subatomic particles inside an atom. This 

arrangement of the subatomic particles inside the atom in a definite manner leads them 

to hold and exhibit unique physical and chemical properties, viz., stable geometry, 

charge distribution, dipole moment, vibrational frequency, etc. These sets of unique 

physical and chemical properties can be calculated precisely using quantum 

mechanical formulations for a given set of atoms or molecules [1].  

According to quantum mechanics (QM), all information regarding a molecular 

system is held by its wave function (ψ) and can be obtained by solving the well-known 

Schrödinger wave equation [2]: 

= EH                    (2.1) 

Equation 2.1 represents the time independent form of the Schrödinger wave 

equation, where H represents the Hamiltonian Operator and E is the energy eigenvalue 
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corresponding to the Hamiltonian Operator H. Ψ is a well-behaved mathematical 

function also called the wave function which is square integrable [3] i.e., whose square 

represents the probability density. 

The wave function of the molecule represents its nuclear as well as its 

electronic motions together; the electronic wave function is separated from total wave 

function using Born Oppenheimer approximation [4-6]. 

When the nuclei of two or more atoms are fixed at a particular distance, then 

their electronic wave function sufficiently provides all the physical and chemical 

properties of the molecule. But for a multi electron system, the electronic part of 

Hamiltonian operator of Schrödinger equation is given by:  

 


−− +−−=
A P qp

pqAPAP

P

e rrZH 112

2

1
     (2.2) 

The first term in equation 2.2 represents the kinetic energy, second term 

represents the potential energy whereas the third term represents the raise in potential 

energy due to inter-electron interactions. Thus, the modified Schrödinger wave 

equation for ‘n’ electron system [7] is given by: 

),....,2,1(),....,2,1(),....,2,1( nEnnH eeee =     (2.3) 

Where, Ψe is electronic part of the total wave function. Due to the presence of 

several inter-electronic repulsion terms, the Schrödinger equation for a single atom is 

inseparable and therefore we obtain the solution Ψ0 by neglecting these inter-

electronic repulsion terms. The wave function Ψ0 for ‘n’ electrons is given by the 

product of ‘n’ single electronic wave functions. This product wave function is known 

as Hartree Product of the wave function [8] and is given as:  
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),,(..........).........,,(),,( 222211110 nnnn rrr  =   (2.4) 

The electrons are fermions and thus they obey half spin Fermi-Dirac statistics 

[9]. One electron wave function are the molecular orbitals which are the products of 

the spatial orbitals and the spin functions (α or β) [10]. In order to satisfy Pauli’s 

exclusion principle, the wave function must be anti-symmetric in nature [11]. The anti-

symmetry wave functions may be derived from Slater Determinants [12]. The spin 

orbital Slater determinant for ‘n’ electrons is given by: 

)2()()()(

1

)()(

1

)2()2()2()2(

2

)2()2(

1

)1()1()1()1(

2

)1()1(

1

.............

.............

.............
1







n

n

nnnn

n

n

N
=     (2.5) 

The solution to eq. 2.5 can be obtained by using perturbation over the 

solution Ψ0 and a trial wave function is constructed with the help of Slater 

determinant by applying the Variational principle. The equation of energy of the 

system given below is written in form of Dirac notation [13-15] given by: 

ji

iei

e

H
E

''

'||'




=

      (2.6) 

2.2 Hartree Self -Consistent Field Method 

The solution of the Schrödinger wave equation of molecule, which is formed 

by writing the Slater determinant, consists of the nuclear–nuclear interaction energy, 

which has constant value for a given geometry, the nuclear-electron attraction, which 

is dependent on one electron coordinate and the electron–electron repulsion, which 

depends on two electron coordinates [16,17]. The Hamiltonian is given as: 

nn

N

i

N

ij

ij

N

p

e VghH ++= 
= 1        (2.7) 
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where, 


−

−−=
a pa

a

p
rR

Z
h

||2

1 2        (2.8) 

and 

||

1

ji

ij
rr

g
−

=          (2.9) 

Where one electron operator ( ih ) quantifies the motion of the ith electron in 

field of all nuclei, ( ijg ) is the two-electron operator quantifying the repulsion between 

two electrons while 
nnV  is to record the nuclear-nuclear interaction energy. Therefore, 

the energy can be finally expressed using the following sets of equations: 

( )  +−+=
N

i

N

ij

nnjijjijiii VKJhE  ||||
2

1
||   (2.10) 

)2(

2

)1(

112

)2(

2

)1(

112 ||  gJ =       (2.11) 

Where, J operator corresponds to the classical repulsion between the two 

charge distributions described by φ12(1) and φ22(2): 

)2(

1

)1(

212

)2(

2

2

112 ||  gK =        (2.12) 

The ‘K’ operator represents the exchange integral that has no classical 

analogue [17]. To determine the set of M.O. (Molecular Orbital) which has minimum 

energy or is stationary in respect to change of orbitals, variation is carried out in a 

manner that the MOs should remain orthogonal and normalized. This type of 

optimization is termed as constrained optimization and it can be achieved by 

implementing Lagrange’s multipliers [16, 19]. The Lagrange function is stationary 

with respect to the orbital variations: 
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( )ijji

N

ij

ijEL  −−=  |        (2.13) 

‘L’ is the Lagrange function. Variation of the Lagrange function is written as:  

( ) =+−=
N

ij

iiiiEL 0||       (2.14) 

( ) −+=
N

j

jjii KJhF        (2.15) 

Where, Fi is the Fock Operator; whereas operator J is the electron repulsion 

term, known as the Coulomb Operator while operator K is termed as the Exchange 

Operator. Hence, the Hartree Fock equation can be written as below [16, 20]: 

iiiiF  =                        (2.16)  

A set of functions that are the solutions of eq. 2.16 are called Self-Consistent 

Field Orbitals and are determined through an iterative method. The Hartree-Fock 

method is known as mean field approximation which considers the average electron-

electron repulsion [21]. 

2.3 Electron Correlation 

Electrons avoid confronting themselves by repelling each other. Such effect of 

electron repulsion (force between electrons) is also called electron correlation. Thus, 

the motion of electron is correlated and hence affected due the motion of the other 

electrons in the system. When the molecules are formed, there is a possibility for the 

existence of angular electron correlation around the bond direction. Within the 

Hartree-Fock formalism, the anti-symmetric wave function is approximated using a 

Slater determinant, which does not include this electron correlation (or Coulomb 

correlation). Therefore, the energy calculated with Hartree-Fock theory is different 
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from the exact energy of the system. This difference between these two energies is 

termed as the correlation energy and is given by following equation: 

Ecorr = Eexact – EHF         (2.17) 

There has been a significant development in the fields of computational 

methods in order to accurately determine the contributions of various correlation 

terms and thus lead to form a broader category of approach called the post Hartree-

Fock method. Many post-HF calculations methods are also available which include 

configuration interaction (CI), Moller-Plesset perturbation theory (MPn), coupled 

cluster theory (CC) and multi configurational self-consistent field (MCSCF). 

2.4 Density Functional Theory 

Density functional theory (DFT), in contrast to wave function formalism in 

quantum mechanics, describes the energy as a functional of the density of the electron 

cloud (ρ(ᴪr)) [22]. Kohn et al. derived a set of one-electron equations that enables us 

to calculate the electron density and eventually the total energy of the system [23]. 

This methodology has proven itself to be very successful in recent years as it is less 

computationally expensive while the results obtained through it show reasonable 

agreement with experiments [23]. Thus, similar to Hartree-Fock calculations, the total 

energy (Eel) of a DFT calculation setup is also split into different components, viz., a 

kinetic energy term, a term representing the electron-nucleus attractions, a term for 

the Coulomb interactions between the electrons and lastly an exchange-correlation 

term (Exc), respectively [23,24]. The first three terms resemble the Hartree-Fock 

Hamiltonian shown in equations 2.7, 2.8 & 2.9 above as a function of the nuclear 

coordinates (R), and the coordinates of the electrons (r), and is shown below: 
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Generally, Exchange-Correlation Functional (Exc) is split into an exchange 

functional (EX) and a correlation functional (EC). The exchange functional essentially 

represents the interaction of spins of the two electrons in different orbitals, whereas 

the correlation functional represents the pairing energy of the two electrons in the 

same orbital [25,26]. The exchange energy is often estimated using the Slater 

exchange function given as: 

 







−=


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

1

3/4

11

3/1

)(
4

3

4

9
drrE

ex

Slater

X      (2.19) 

In the above equation 2.19 (αex) is an exchange scale factor, which has the 

value equal to ⅔ for an electron gas system. The commonly used correlation energy 

functional ( VWN

CE ) was named after Vosko, Wilk and Nusair [25] and represents the 

correlation energy per electron in an electron gas system    11C  with spin 

densities 1
 & 1

and is given as: 

 
 = 1111111 )(),()( drrrrE c

VWN

C

        (2.20) 

  

The Local Density Approximation (LDA) is obtained through the combination 

of Slater exchange functional and Vosko-Wilk-Nusair correlation functional. 

However, to correct the non-local terms other (better and accurate) exchange and 

correlation functionals have now been developed. Two such netter and popular 
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approaches are named after Lee, Yang & Parr (i.e., LYP correlational functional) [26] 

and Perdew & Wang (i.e., PW91 correlational functional) [27]. 

A groundbreaking breakthrough regarding the applications of density 

functional theory to computational chemistry, in general, appeared when Becke 

developed the hybrid density functional procedures [28]. Becke benchmarked the 

DFT methods against a test set of experimentally pre-known ionization energies and 

electron & proton affinities with higher accuracies. Essentially the hybrid density 

functional method B3LYP now has the following form: 

LYP

C

VWN

C

Becke

X

HF

X

Slater

X

LYPB

XC ECEEBEAAEE +++−+= )1(3    (2.21) 

In essence, the B3LYP method is not an ab-initio method. In strict sense, the 

term ab-initio means starting from scratch without prior knowledge of experiment. 

The B3LYP method including the other hybrid and non-hybrid DFT methods, have 

been tested to be extremely accurate and versatile for computational chemists. 

Although, in general, DFT lags in accuracy when compared to high-level ab-initio 

methods, such as coupled cluster methods, but their calculation speed when combined 

with reasonable accuracy makes them a very popular choice and a useful 

methodology. 

Comparative calculations when performed to test the accuracy and speed of 

the three different techniques, i.e. Hartree-Fock theory, MP2 theory and DFT methods 

(using B3LYP) on complete test-set molecules using showed that B3LYP 

methodology gives a considerable improvement over Hartree-Fock as well as over 

MP2 calculations [29]. Therefore, it can be said that, DFT is a low-cost and accurate 
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result providing alternative than other quantum mechanical procedures and it is as 

such highly suitable to perform calculations on biochemical systems [30]. 

2.4.1 Basis Sets 

A basis set is a mathematical representation of acceptable functions used to 

define the shape of the orbitals in an atom. To solve the Schrödinger equation, one 

has to optimize the wave function with the help of the Hamilton operator to find the 

corresponding energy eigenvalues. There is no straightforward method to obtain the 

wave functions for molecules with distinct levels of orbitals. To overcome this 

problem, an approach known as, the Linear Combination of Atomic Orbitals (LCAO) 

[31] was used to describe the molecular wave function through molecular orbitals. In 

this approach, the occupied atomic orbitals () of all the atoms in the molecule are 

considered to create a set of molecular orbitals (i) through certain fractions (cri) of 

all the atomic orbital components. Mathematically, it can be interpreted as following 

equation: 

=

r

rrii c 

         (2.22)

 

There are two broad classes of basis sets i.e., Slater Type Orbitals (STO’s) 

[32,33] and Gaussian Type Orbitals (GTO’s) [16,34]. A Slater Type Orbital for an 

s-type atomic orbital has the following form: 

2

)( r

seNrS −=          (2.23) 

Where, r is radial distance from the nucleus, Ns, is normalization constant, 

and ζ is a constant known as the orbital exponent, which governs with size of the 



61 
 

orbital.  A Gaussian Type Orbital for an s-type atomic orbital with the same orbital 

exponent as STO has the following form: 

 
2

)( r

geNrg −=         (2.24) 

Where, Ng is the normalization constant 

 

The smallest basis set, which represents a particular basis function for each 

type of occupied orbital in the separated atoms, is called a minimal basis set [35]. 

The Pople basis set [36,37] are another family of basis set and they are represented 

using the notation 6-31G. This means that each core orbital is described by a single 

contraction of six GTO primitives which describes each core orbital and two 

contractions, of which one with three primitives and another with one primitive 

describe each valence shell orbital. The Pople basis sets are very popular choice 

for the simulation of organic molecules. These basis sets can be modified by adding 

one or two asterisks (*), such as 6-31G* or 6-31G**. A single asterisk means a set 

of d-primitives has been added to atoms other than hydrogen. Two asterisks mean 

that a set of p-primitives has been added to hydrogen as well. These are called 

polarization functions because they give the wave function more flexibility to 

change shape. Similarly, one or two plus signs (+) can also be added, such as 6-

31+G* or 6-31++G*. A single plus sign indicates that diffuse functions have been 

added to atoms other than hydrogen. The second plus sign indicates that diffuse 

functions are being used for all atoms. Diffuse functions are used for anions, which 

have larger electron density distributions. They are also used for describing 

interactions at long distances, such as, van der Waal’s interactions. The effect of 

adding diffuse functions is usually to change the relative energies of the various 



62 
 

geometries associated with these systems. Basis sets with diffuse functions are 

called augmented basis sets [36,38]. 

Due to the constraints implemented in Variational principle, the electronic 

energy of an atom or a molecule approaches to its exact value closely with an 

increase in the number of basis functions used in during the calculation. Hence, it 

is beneficial to choose such a basis sets which has more basis functions than the 

number of basis functions in minimal basis set. The Double Zeta (DZ) basis sets 

consist of two minimal basis functions for the separated atoms. Since, the 

coefficients of hybrid density functional theory were benchmarked against 

experimental data using calculations through a double- quality basis set, this type 

of basis set is generally sufficient in DFT calculations for geometry optimizations 

[39]. 

2.4.1.1 Popular Basis Sets 

Following table 2.1 provides a concise list of popular basis sets and their 

description: 

 

Table 2.1: Popular basis sets with their descriptions 

S. No. Basis Set Description 

1 STO-3G  
 

Minimal basis set: used to obtain more qualitative results 
on very large systems. Implemented when one cannot 
afford to use 3-21G. 

2 3-21G Split valence: consists of two sets of functions in the 
valence region to provide a more accurate 
representation of orbitals. implemented for very large 
molecules for which 6-31G(d) is computationally too 
expensive. 
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3 6-31G(d)  
 

Adds polarization functions to all the heavy atoms 
present in the molecule. Implemented in the calculations 
of medium/large sized systems. This basis set uses the 6-
component type functions. 
 

4 6-311+G(d, p)  
 

Triple zeta function: adds extra valence functions (three 
sizes of s- and p-functions) 

 

2.5 Molecular Mechanics 

In case of large molecules or biomolecules where the semi-empirical methods 

are less effective, and modeling the system via quantum mechanics is very difficult; 

there stands out another method referred to as the molecular mechanics (MM). MM 

is a set up of simple algebraic expressions to evaluate the total energy of compound 

and implementation of MM requires no need to compute a wave function or total 

energy or total electron density [18] for the system. Molecular mechanics (MM) is 

based on the simple classical model where the atoms are treated as hard spheres and 

bonds as springs. In MM, the energy of molecule is expressed as the energy due to the 

orientation (geometry) of the molecule, from a few specific interactions within the 

molecule. These interactions include the bonded terms such as bond stretching, 

bending and twisting and the non-bonded terms such as Van der Waals attractions or 

repulsions between the atoms that come close together, and the electrostatic 

interactions between partial charges in a molecule due to the presence of polar bonds 

[24-26]. Therefore, the total potential energy as calculated using MM can be written 

as the sum of the contributing energies of these two types of interactions, viz.: 

E = E
bonded + E

non-bonded      (2.25) 

E
bonded =E

stretching + E
bending + Eimproper + E

dihedral   (2.26) 
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Enon-bonded = E
elec + E

vdw      (2.27) 

The approximations adopted in MM calculations make the computation less 

expensive. Due to the speed of the MM calculations, large biomolecular systems, such 

as, protein and DNA are treated using this method. The shortcoming of this method is 

that it ignores various chemical and physical properties associated to electrons as there 

are many chemical properties which are not defined within the framework of this 

method such as, electronic excited states, shape and energies of molecular orbitals, 

etc. This method is valued for the limited class of molecules for which force field is 

parameterized. 

2.6 Molecular Docking Simulation 

Molecular docking simulation is a computer simulation method implemented 

to predict the structure (or structures) of the resulting intermolecular complex formed 

due to coalescion between two or more molecules/macro biomolecules. The docking 

program generates a large number of possible docked conformations, and so they 

require a definite ranking according to their docking scores to identify those 

conformations that draw the most interest [43-48]. The three important components 

of docking simulation include: 

a. Representation of the biomolecular system 

 

b. Search of the definite conformational space via an inbuilt search algorithm 

 

c. Hierarchical ranking of obtained potential solutions using the inbuilt scoring  

 

function 

 

The main application of docking software is to computationally simulate 

the molecular identification process and accomplish an optimized docked 
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conformation so that the free energy of the overall complex gets minimized. The 

docking method involves large numbers of degrees of freedom. With six 

translational and rotational degrees of freedom as well as certain conformational 

degrees of freedom available for each molecule, there is a possibility of obtaining 

a large number of binding modes. It would be computationally too expensive to 

generate all those possible conformations. Therefore, various docking algorithms 

have been developed to tackle this problem [49-54]. 

The simplest amongst the available docking algorithms treats the two 

molecules as rigid bodies and explores only six translational and rotational degrees 

of freedom. This approximation was generally used in the earliest algorithms for 

docking small ligands to the binding sites of proteins and DNA. Kuntz and co-

workers used this algorithm in the docking program DOCK [55]. 

In order to perform a conformationally flexible docking, we need to take 

into account the conformational degrees of freedom of the molecule. In this 

method, the receptor (macro biomolecule) is assumed to be rigid and the ligand is 

supposed to be flexible and hence can orient itself in different poses. Later, all the 

common methods for searching conformational space are incorporated into various 

docking algorithms [56]. 

Monte Carlo (MC) methods are also used to perform molecular docking 

simulations, in conjunction with simulated annealing techniques. At each iteration 

during the MC simulation, the internal conformation (geometrical orientation) of the 

ligand gets changed due to rotation about a bond or the entire molecule gets randomly 

rotated or translated about a particular bond. The conformations obtained by these 
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transformations are tested on an energy-based selection criterion. If the criterion is 

passed, it gets saved and if not, then these iterations will proceed until the predefined 

quantity of conformations is collected. Later, the final information is further modified 

to generate conformations [56-58]. 

Genetic algorithms (GA) can also be used to perform molecular docking [59-

61]. The main idea of docking through the usage of genetic algorithm stems out from 

Darwin’s theory of evolution. Each chromosome codes are not only for the internal 

geometrical conformation of the ligand but also for the orientation of the ligand within 

the domains of the binding site of the receptor. Both the orientation and the internal 

conformation thus vary as the population evolves. The score of each docked structure 

within the site act as the fitness function used to select the individuals for the next 

iteration [61]. 

 

2.6.1 Popular Docking Softwares 

Following table 2.2 gives the list of popular docking softwares and their 

description: 

Table 2.2: Popular Docking Softwares 

S. No. Software Description Reference 

1 AutoDock Grid based scheme; quick computation of 

interaction energies of ligand-receptor complexes; 

incorporates evolutionary, genetic and Lamarckian 

Genetic algorithms; affinities predicted using 

autodock show great success 

62 

2 DOCK ligands geometries and binding sites are described 

by sets of spheres; overlapping of spheres is done 

63 
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for binding; in recent versions, electrostatic & 

molecular-mechanics based interaction energies are 

incorporated 

3 FlexX Docked ligand conformers are classified using 

pose-clustering; it models the entire geometry of the 

protein-ligand complex and then estimates the 

binding affinity complex 

64,65 

4 GLIDE Grid Based Ligand Docking with Energetics; uses a 

grid-based scheme is used for docking, 

representation the shape and properties of the 

receptor; whereas OPLS-AA force field is used to 

search for conformational, orientational and 

positional space of the docked ligand 

66 

5 GOLD performs flexible docking; uses genetic algorithm 

for the conformational search; a powerful tool for 

screening of novel lead compounds; provides high 

accuracy and reliability 

67-71 

6 SURFLEX performs fully automatic and flexible molecular 

docking; provides results evaluated for reliability 

and accuracy in comparison to the existing 

crystallographic experimental results 

72 

 

2.7 Molecular Dynamics Simulation 

Molecular dynamics simulation is an important computational tool to describe 

physical movements of atoms and molecules, i.e. how positions, velocities & 

orientations of molecules changes with respect to each other over the passage of time. 

MD provides an interface between laboratory experiment and theory, so it is also called 

virtual experiment. MD is generally used when the real-world experiments are too 

expensive, time consuming & impossible to do. 
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In MD simulation atoms and molecules are persuaded to interact with each 

other for an allotted period of time. The trajectories of atoms and molecules are 

calculated by mathematically solving the Newton’s equations of motions whereas the 

forces and potential energies are calculated using molecular-mechanics based force 

fields [73]. Long ranged MD simulations are mathematically difficult to simulate 

because they generate some errors in numerical integration and we can minimize these 

errors by using some algorithms but not entirely remove them. Molecular dynamics 

is an important tool to analyze structural and dynamical properties ones at a different 

scale of time and space. The two main families of molecular dynamics are classical 

mechanics approach and quantum molecular dynamics. The classical molecular 

dynamics quantifies the dynamics of the system and the quantum molecular dynamics 

approach tells about the nature of chemical bonds. Quantum molecular dynamics 

provides crucial information for a number of biological problems but they require 

more computational resources being computationally expensive. The choice of 

ensemble to be used is also a question in a simulation. 

Table 2.3 represents various types of integration algorithms and associated 

mathematical equation with them that are used to generate velocity and position at 

each time step during the simulation [76]. One can perform simulation at constant 

NPT and NVT ensemble. This seems that NPT ensemble is widely used as a standard 

approach for simulating bio membranes etc. [74]. From table 2.4, as shown below, 

one can get a brief idea of different types of statistical ensembles used in MD 

simulation [77]. 
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Table 2.3: Different types of integration algorithms with associated mathematical 

equation used to generate velocity and position at each time step 

S. 

No. 

Algorithm Equation for Position Equation for Velocity 

1 Verlet 𝑥(𝑡 + ∆t) = 2𝑥(𝑡) − 𝑥(𝑡 − ∆t)

+  
𝑓(𝑡)

𝑚
(∆t)2 

 

𝑣(𝑡) =
x(t + ∆t) − x(t − ∆t)

2𝑥(𝑡)
+ 𝑂(∆t)2 

 

2 Velocity 

Verlet 

𝑥(𝑡 + ∆t) = 𝑥(𝑡) + 𝑣(𝑡)

+ 
𝑓(𝑡)

𝑚
(∆t)2 

 

𝑣(𝑡 + ∆t) = 𝑣(𝑡) +
f(t + ∆t) + f(t)

2𝑚
(∆t) 

 

3 Leap 

Frog 

𝑥(𝑡 + ∆t) = 𝑥(𝑡) − ∆t. v(t + 
∆t

2
) 

 

𝑣 (𝑡 +
∆𝑡

2
) = 𝑣 (𝑡 −

∆𝑡

2
) + (∆t)

𝑓(𝑡)

𝑚
 

 

4 Corrected 

Velocity 

Verlet 

𝑥(𝑡 + ∆t)

= 𝑥(𝑡) + 𝑣(𝑡). ∆t

+
4f(t) − f(t − ∆t)

6𝑚
(∆t)2 

 

𝑣(𝑡 + ∆𝑡)

= 𝑣(𝑡)

+
2𝑓(𝑡 + ∆𝑡) + 5𝑓(𝑡) − 𝑓(𝑡 − ∆𝑡)

6𝑚
(∆𝑡) 

 

 

Table 2.4: Different types of statistical ensembles used in MD simulation 

S. No. Ensemble Partition Function Property 

1 Microcanonical 

(E, V, N) 

Energy (E), volume (V) and 

number of particles (N) of the 

system remain constant during this 

simulation scheme 

Ω(E) 

where, Ω(E) is the number of 

micro-states 

corresponding the system’s 

energy E 

2 Canonical 

(T, V, N) 

Temperature (T), volume (V) and 

number of particles(N) of the 

ZTVN=∑i e-βE
i 

where, β=1/kT and Ei is the 
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system remain constant during this 

simulation scheme 

total energy of 

the system in the respective 

microstates 

3 Grand 

Canonical 

(T, V, µ) 

Temperature (T), volume (V) and 

chemical potential (µ) of the 

system remain constant during this 

simulation scheme 

ZTVµ =∑i e-β(N
i
µ - E

i
) 

Where, β=1/kT and (Niµ - Ei) 

is the total energy of the 

system in the respective 

microstates 

 

2.7.1 Basic Scheme of Molecular Dynamics Simulation 

When the system under consideration contains large number of atoms then the 

quantum mechanical description is not sufficient. Hence classical mechanics 

describes a method which is used to approximate the motion executed by heavy atoms 

of molecule. The general scheme of MD simulation is obtained by numerically 

integrating Newton’s equations of motions for any system of interest, given by: 

𝑚𝑖
𝑑2𝑟

𝑑𝑡2 = −∇𝑖[𝑈(𝑟1,𝑟2,𝑟3………..𝑟𝑛
)]                  , 𝑖 = 1, 𝑁    (2.28) 

By solving these equations of motion, the position and velocities as a function 

of time are obtained. Here 𝑚𝑖 and 𝑟𝑖 are is the mass and position of particle i & U is 

the potential energy which depends on positions of N particles in the system. In the 

molecular system we can divide Newton’s equation into two parts- 

a) evaluation of energies and underlying forces 

b) propagations of atomic positions and velocities 

The force field equation contains several energy terms to represent each, 

chemical bonds, angles and improper torsions and also rotations about bonds & pair 
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wise non-bonded interactions (Van der Waals and Columbic interactions). Sum of all 

pairs of effective potential [75], as shown in equation below: 

 𝑈(𝑟1,𝑟2,……..𝑟𝑛) = ∑
1

2
𝑘𝑏(𝑏 − 𝑏0)2 + ∑

1

2
𝑘𝜃(𝜃 − 𝜃0)2 + ∑ 𝑘𝑤(𝑤 − 𝑤0)2 + ∑ 𝑘𝜑 [1 +

cos(𝑛𝑥 − 𝜏)] + ∑{4𝑖𝑗 [(
𝜎𝑖𝑗

𝑟
)12 − (

𝜎𝑖𝑗

𝑟
)

6
] +

𝑞𝑖𝑞𝑗

𝑟
}   

         (2.29) 

Here 𝑘𝑏,𝑘𝜃,𝑘𝑤 and 𝑘𝜑are force constants. 

2.7.2 Classification of Molecular Dynamics 

2.7.2.1 ab-initio Molecular Dynamics 

Molecular dynamics is performed with standard code like LAMMPS, 

GROMACS, etc. while ab-initio molecular dynamics is performed with DFT code 

like VASP. The difference between ab-initio and standard molecular dynamics arises 

due to the difference between their approaches in calculation of inter atomic forces. 

However, in both the cases the motions of atoms are computed using Newton’s 

equation of motion, which means by treating them classically. In ab-initio molecular 

dynamics we solve inter atomic forces at a given instant of solving prescribed 

potential [78]. 

In case of systems, in which forces have not been parameterized in terms of 

force field, ab-initio molecular dynamics enables to calculate dynamics for those 

systems. The effects like polarization, charge transfer, bonding etc. may also be 

treated with ab-initio molecular dynamics while in standard MD these effects are 

imposed artificially. 
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2.7.2.2 Coarse Grained Molecular Dynamics 

Coarse grained molecular dynamics play essential role in computer simulation 

of biological systems. The MD simulation for any large system for long time scale is 

extremely expensive for all atom models. Hence, an idea of molecular dynamics 

reduces the computational cost by simply re-describing the system and at the same 

time retains the ability of the technique for the prediction of properties of interest. 

Such methods hold applicability for a wide range viz., protein-protein interactions, 

folding, lipid-bilayer structure etc. coarse-grained simulation are helpful in larger 

systems to achieve fast simulation still coarse-grained simulation limits the systems 

and processes having lack of detailed atomistic information. Hence, mixed all atom 

coarse grained is an attractive approach providing full atomic details in to coarse 

grained models. In coarse grained particles are positioned in a way that they describe 

lowest frequency modes of the molecule and to represent the excluded volume 

interaction [79]. Steps involved in coarse grained machinery, are- 

a) Defining goals 

b) Degree of coarsening 

c) Mapping atomistic into coarse grained 

d) Interaction between coarse grain particles 

e) Reproduce atomistic target function 

f) Optimize functions 

2.7.2.3 Steered Molecular Dynamics 

In steered molecular dynamics an external force is applied to one or more 

atoms and these atoms are known as steered atoms. The steered molecular dynamics 



73 
 

follows the same idea as that of harmonic constraint. In steered molecular dynamics, 

atoms are constrained only along the constraint direction. By applying steered 

molecular dynamics, we can investigate molecular mechanics & elastic properties 

exhibit by proteins subjected to deformations in AFM etc. Steered molecular 

dynamics is a derivative of molecular dynamics. We can demonstrate steered 

molecular dynamics as an important tool in the rational drug design. Why steered 

molecular dynamics? 

a) Accelerates processes to simulation time scale (ns). 

b) Explanation of bio-polymers 

c) Generate and test hypotheses. 

d) Finds underlying unbinding potentials 

2.7.3 Force Fields 

Force field is widely used term in MD simulation & also known as potential 

energy function. Force field is the functional form and a set of parameters which are 

used for the evaluation of the potential energy of a system of atoms. Moreover, it is 

used to describe the bond angles & torsions, the time evolution of bond lengths & also 

nonbonding Van der Walls and electrostatic interactions between atoms [80]. 

Our understanding of macromolecular structure is based upon the forces acting 

to maintain the atoms in their position. With the understanding of these forces we can 

know how the atoms in structure move about their mean position [81]. Hence, our aim 

is to understand the force field around each atom in a structure. Empirical potentials 

are the force field associated with chemical bond, bond angle & bond dihedrals 

(bonded forces) and Van-der Waals & electrostatic charge (non-bonded). Non bonded 
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energy formulation is represented as sum over interactions between the particles. The 

potential function representing non bonded energy is pair potential. In pair potential, 

total energy is the sum of energies that contribute between pairs of atoms. Lenard-

Jones potential is one of the examples of pair potential: 

𝑈(𝑟) = 4 ∈ [(
𝜎

𝑟
)12 − (

𝜎

𝑟
)6] (2.30) 

These are the electrostatic and Lenard Jones potentials (which describe the 

van-Der Waal’s interactions): 

𝑈(𝑅)   =      ∑ 𝑘𝑖
𝑏𝑜𝑛𝑑

𝑏𝑜𝑛𝑑𝑠

(𝑟𝑖 − 𝑟0)2 + ∑ 𝑘𝑖
𝑎𝑛𝑔𝑙𝑒

(𝜃𝑖 − 𝜃0)2

𝑎𝑛𝑔𝑙𝑒

  

+ ∑ 𝑘𝑖
𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠[1 + cos(𝑛𝑖∅𝑖 + 𝛿𝑖)] + ∑ ∑ 4𝜀𝑖𝑗 [(

𝑞𝑖𝑗

𝑟𝑖𝑗

)

12

− (
𝑎𝑖𝑗

𝑟𝑖𝑓

)

6

]

𝑗≠𝑖𝑖𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙

+ ∑ ∑
𝑞𝑖𝑞𝑗

𝜀𝑟𝑖𝑗
𝑗≠𝑖𝑖

 

           (2.31) 

𝑈 = ∑ 𝑘𝑏(𝑟 − 𝑟0)2
𝑏𝑜𝑛𝑑  and 𝑈 = ∑ 𝑘𝜃(𝜃 − 𝜃0)2

𝑎𝑛𝑔𝑙𝑒  are the stretching and 

bending energy equations and are based on the Hook’s law. ∑ 𝑘𝑖
𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠

[(1 +𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠

cos(𝑛𝑖∅𝑖 + 𝛿𝑖)] is the torsion energy and is molded by simple periodic function. 

2.7.3.1 Popular Force Fields 

AMBER (Assisted Model Building with Energy Refinement) was developed 

by Kollman et. al. [http://ambermd.org/]. It is based upon parameter transferability 

and usage of charges derived from electrostatic potential fitting [82,83]. The results 

obtained using this force field holds good for proteins and nucleic acids. 

CHARMM (Chemistry at HARward Macromolecular Mechanics) was 

developed by Karplus et al. [http://www.charmm.org]. It was originally derived for 
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proteins and nucleic acids, [84] but now a days, it is used for a large number of 

macromolecules for their molecular dynamics, solvation, crystal packing, vibrational 

analysis and also for quantum mechanical/molecular mechanical (QM/MM) 

calculations. This force field uses five valence terms, one of which is electrostatic and 

is a basis for other force fields. 

GROMOS (Groningen Molecular Simulation) was developed jointly by the 

University of Groningen and ETH (Eidgenössische Technische Hochschule) of Zurich 

[http://www.igc.ethz. ch/GROMOS/index]. It is quite popular program for predicting 

the dynamical motion of molecules and bulk liquids [85]. It is also being used for 

modeling biomolecules. It uses five valence terms, one of which is electrostatic. 

2.7.4 Steps in Molecular Dynamics 

An initial set of configurations of the simulated molecule is required before 

starting the MD simulation. A general scheme showing the flowchart to perform MD 

simulation is shown in Figure 2.1. Generally, the structures of nucleic acids are 

obtained from protein data bank [86], these structures are retrieved experimentally. 

These systems required energy minimization before starting the calculation and 

minimization results a structure with lowest possible energy. Thus, this state 

corresponds to a temperature near 0 K, where no motion is observed [87]. 

There is no mutual force acting upon the atoms in their minimized structure. 

For the minimum energy, the system calculates the gradient of potential energy and 

puts it equals to zero, this means that no force is acting on any atom along any 

direction, and therefore no motion will appear to take place inside the system. 
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Figure 2.1: Steps involved in MD Simulation 

Initial velocities are assigned to the atoms corresponding to a Gaussian 

distribution in order to raise the temperature from 0K to the desired value, to provide 

energy to the system [88]. Subsequently, Newton’s equations of motion are then 

integrated to let the system propagate with time. First, the kinetic energy and later the 

temperature, show the exact same behavior. Since, the total energy remains constant 

during equilibration process while the kinetic and the potential energies behaves 

irregularly, this shows that the total energy distribution occurs in a vibrational kind of 

way between the system components. 

The structure may be unstable after heating the system and so the temperature 

may drop quickly [89]. So, it is needed to equilibrate the system before the production 

run. Equilibration implies the process in which the kinetic energy and the potential 
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energy are distributed evenly throughout the system. For the constant period of time, 

the velocities are rescaled to desired values at the desired temperature. This process is 

repeated until the simulation becomes stable with respect to time which means till 

thermodynamic terms like temperature and energy are retained in a certain, small 

interval for a sufficiently long time. 

2.7.5 Popular Molecular Dynamics Softwares 

Table 2.5: Popular Molecular Dynamics Softwares 

S. No. Software Description Reference 

1 AMBER provides a set of inbuilt modules to apply the 

AMBER forcefields for simulations of 

biomolecules viz., LEAP, antechamber, sander, 

pmemd, cpptraj, mmpbsa, etc. 

90 

2 DESMOND computes energies and forces for many 

standard force fields used in biomolecular 

simulations; compatible with Drude formalism 

based polarizable force fields; has facilities for 

accurate checkpointing and restart. 

91 

3 GROMACS excellent CUDA-based GPU acceleration; user-

friendly, as topologies and parameter files are 

written as text format; all programs use a 

simple interface; keeps updating about the 

progress of the simulation; it’s a free software. 

92 

4 LAMMPS classical molecular dynamics program focusing 

on materials modeling; can simulate solid-state 

systems, soft matter (biological systems) and 

coarse-grained or mesoscopic systems 

93 

5 NAMD claimed for its parallel simulation efficiency; its 

interface provides it an edge of access to 

advanced techniques such as, hybrid QM/MM 

simulations in an easy-to-use suite 

94 
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2.8 MMPBSA/MMGBSA Calculations 

The molecular-mechanics based energies when combined with the Poisson-

Boltzmann or Generalized Born Surface Area based continuum solvation models are 

termed as MMPBSA/MMGBSA methods. This is a very popular approach to evaluate 

the free energy differences between the bound and unbound states of two solvated 

molecules [96-100]. Snapshots obtained from the molecular dynamics simulation are 

used for the calculation to get an average value of the energies. The free energy of 

binding is calculated by following thermodynamical equations mentioned below: 

Gbinding = H – T. S        (2.32) 

Gbinding = (+GSOL) – T. S     (2.33) 

Where, 

 = (
complex - 

receptor - 
ligand )    (2.34) 

GSOL = (GSOL
complex - GSOL

receptor - GSOL
ligand )   (2.35) 

S = (Scomplex - Sreceptor - Sligand)      (2.36) 

Where, ΔH, ΔEMM, ΔGSOL, T and ΔS are the enthalpy contributions to the 

binding energy, the average difference in molecular mechanical energy, the solvation 

free energy (including both polar and non-polar components), the absolute 

temperature and the change in entropy, respectively. Thus, the final binding free 

energy of the complex equals the sum of intermolecular energy, solvation free energy 

and the entropic energy contribution terms. Polar solvation free energies are 

calculated either by solving the linear Poisson Boltzmann (PB) equation or by 

Generalized Born approximation (GB) models. The non-polar component of energy 

is evaluated from a linear relation to the solvent accessible surface area (SASA) 
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model. The entropic contributions are calculated either by solving quasi-harmonic 

analysis or through normal mode analysis [101,102]. 

The MMPBSA calculations are based on single minimized structures, and thus 

are computationally time saviors as they ignore the dynamical effects. By performing 

the minimizations using MMGBSA method even more time can be saved. The 

MMGBSA results vary as the simulation length increases, but studies have suggested 

that there is no benefit for the simulation for longer than 4ns [99]. A study further 

reveals that the energies calculated using g_mmpbsa (GROMACS) and the AMBER 

MMPBSA packages are approximately similar and the difference in calculating 

ΔGpolar using both, lies between 1~3 kcal/mol [103]. 

2.9 Hybrid QM/MM Calculations 

The concept of quantum mechanical/molecular mechanical (QM/MM) 

calculations in biological systems was first proposed and presented by Warshel and 

Levitt in 1976. They used this method to study the chemical reaction in lysozyme 

[104]. With due passage of time, the QM/MM theory and related method has 

developed itself as a crucial computational tool for the modeling of local electronic 

events in macro biomolecular systems giving precise results. The basic concept 

behind this method is to chemically demonstrate the active site by QM with accuracy, 

while the effect of the bimolecular environment is described by MM. Due to the 

potential use of this method in understanding the biological phenomenon at atomistic 

scales; this field won, Warshel, Levitt & Karplus, the Nobel Prize in chemistry in 

2013. The total energy of the macro biomolecular system is calculated using the two 

available schemes, viz., the additive and the subtractive schemes, respectively [105-
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107]. Regarding this boundary scheme, a diagram showing the convention is given 

below in figure 2.2: 

 

Figure 2.2: Figure representing a typical QM/MM partitioning Scheme 

2.9.1 Additive QM/MM Scheme 

In this scheme, the total energy (EQM-MM (system)) contains only three 

components, the EMM (MM), the molecular mechanical energy of the MM region only, 

EQM (QM) the quantum mechanical energy of the QM region and the EQM−MM(QM-

MM); this term is due to the inclusion of bonded and non-bonded interaction between 

QM/MM regions. The bonded term elaborates and includes the bond stretching, 

bending and torsion whereas the non-bonded term elucidates the Van der Waals and 

electrostatic interactions, respectively. Following equation 2.37 represents the 

additive scheme for obtaining QM/MM energy: 

EQM-MM (system) = EMM (system) + EQM (QM) - EQM-MM (QM-MM)  (2.37) 

2.9.2 Subtractive QM/MM Scheme 

It is given by following equation 2.38: 

EQM-MM (system) = EMM (system) + EQM (QM) - EMM (QM)    (2.38) 
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where EQM-MM(system), EMM(system), EQM(QM), EMM(QM) are the total energy, the 

molecular mechanical energy of the entire system, the quantum mechanical energy of 

the QM region and the molecular mechanical energy of the QM region, respectively. 

The drawback of this scheme is that the interactions between QM and MM region is 

considered at MM level only, which is unreliable and this scheme requires the MM 

parameters for QM region also. 

The main objective of implying QM/MM methods is that they consider the 

pairing between the electric field from the surrounding and the Hamiltonian based on 

quantum mechanics from the region of active site and the boundary between QM and 

MM region is treated accurately. The most important part of QM/MM calculations is 

the partitioning of the systems. The basic considerations for QM/MM partitioning are: 

a. The QM region should be chosen carefully as per the chemical problem; the 

QM region should be small which can be enlarged later to check the effect of 

the QM/MM results. 

b. If a QM/MM partition is through such that the covalent bonds cannot be 

avoided, then only unconjugated single bonds are cut and avoided, preferably 

without electronically demanding substituents (e.g., cut unpolar C–C bonds). 

A common procedure for QM/MM calculations starts by taking a crystal 

structure from protein data bank as a starting point for the calculations. Then missing 

hydrogens are added, followed by missing atoms etc. Then the system is equilibrated 

using MM followed by molecular dynamics production run and a few low energy 

snapshots are generated and studied. These snapshots are eventually taken are starting 

points for deciding boundaries for QM/MM calculations. These structures contain the 
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bimolecular system solvated in water (20000-30000 atoms) and this setup requires a 

lot of prior work to avoid errors and wrong choices for the actual QM/MM 

calculations. 

 

Figure 2.3: Figure representing a two layered QM/MM Scheme 

Further, the study of reaction mechanism is similar to the typical methods for 

the study of gas-phase reactions [108,109]. Morokuma and his co-workers developed 

the computational chemistry techniques, especially the hybrid QM/MM methods 

(ONIOM method) for large biomolecular systems [110-112]. The two layered 

ONIOM scheme is shown above in figure 2.3. In many studies, the ONIOM method 

is used for the study of DNA binding drugs [113, 114]. 
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Chapter-3 

Unveiling the Interactions of Some DNA Minor Groove 

Binders through Molecular Docking Calculations 

 

3.1 Introduction 

Deoxyribonucleic acid (DNA) is a twisted, double helical strand that serves as 

the main ingredient by acting as the carrier of all the genetic information [1]. Almost 

all the anti-cancer therapies involve the interaction of drugs with DNA. The 

interactions between drug & DNA can be classified broadly into two major categories 

viz., intercalation and groove binding. Groove binding in DNA takes place via two 

modes, major groove binding and minor groove binding [2]. In the present chapter, 

we prefer to analyze the minor groove binding tendency of several ligands with DNA. 

The ability to predict the conformation as well as the associated energy of binding of 

ligands with DNA has played a crucial role in bioinformatics and related disciplines. 

The design of new drugs and test of their potency has been very easy since past few 

years due to the presence and wide use of various computational tools [3]. Molecular 

docking technique has proven itself to be of great importance in such a field of 

research. Since almost all the anti-cancer and anti-microbial drugs preferentially bind 

itself to the DNA for their therapeutic action over DNA to begin, Minor groove 

binders are often crescent shaped and therefore their geometry complements the shape 

of the minor groove of DNA resulting in better binding [4-7]. 
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The binding mechanism of ligands in the vicinity of minor groove of the DNA 

can be described via following two steps: in the first step, the ligand gets itself 

transferred to the minor groove of the DNA via hydrophobic and electrostatic 

interactions whereas in the second step, numerous covalent interactions are formed in 

between ligand/drug and DNA base pairs [8,9]. These interactions include van-der 

Waal's contacts, hydrogen bonds, electrostatic interactions and hydrophobic 

interactions. It has been observed that most of the minor groove binders bind 

themselves at AT-rich regions of the DNA [10,11]. Various research groups have 

performed experimental studies in order to explain and understand the binding 

mechanism of anti-cancer, anti-bacterial and various other diseases. The results 

obtained from these experiments serve as an excellent database for theoretical 

scientists to carry out and test the authenticity of their simulations [12-18]. 

There are many predefined models to analyze and study the protein-DNA 

interactions but these models are not reliable for the analysis of interactions between 

drug & DNA. The reason behind this is that unlike in the case proteins and enzymes 

there is no predetermined active binding site in DNA, whole of the double helical 

strand of the DNA serves itself as binding site. Therefore, for such cases, various 

computational molecular modeling techniques have proven themselves to be of great 

relevance in understanding various non-covalent interactions existing between 

drug/ligand and DNA base pairs [19]. In this chapter, two different classes of 

compounds were selected for study, viz., 2,5-bis(4-amidinophenyl) furan & its 

derivatives (which is labelled as class-1 of compounds) and carbazoles & its analogs 

(which is labelled as class-2 of compounds) having anti-microbial activity, from 



94 
 

literature [28] and then docked to selected DNA sequences in search of deeper and 

better insight of their binding modes, binding affinities and to understand the role of 

hydrogen bonding. 

3.2 Computational Methodology 

3.2.1 Dataset 

The crystal structures of the selected eight DNA sequences (1BNA [20], 

1DNE [21], 1QSX [22], 1RMX [23], 195D [24], 2MNB [25], 2MNE [25], 4AH0 [26]) 

were downloaded from Protein Data Bank (PDB) [27] and are listed below in table 

3.1. The generalized structure showing the fused rings and the position of the 

substituent derivatives for two different class of selected compounds, viz., 2,5-bis(4-

amidinophenyl) furan & its derivatives (class-1) and carbazole compounds & their 

analogs (class-2), that were docked with the selected DNA sequences were obtained 

from literature [28]. Their generalized structures are shown in figures 3.1 and 3.2, 

respectively. 

Table 3.1: PDB Id’s and sequence of the selected DNAs 

 

 

 

 

 

 

S. No. PDB Id. DNA Sequence 

1 1BNA 5'-CGCGAATTCGCG-3' 

2 1DNE 5'-CGCGATATCGCG-3' 

3 1QSX 5'- CTTTTGCAAAAG-3' 

4 1RMX 5'- CGACTAGTCG-3' 

5 195D 5'-CGCGTTAACGCG-3' 

6 2MNB 5'- CGACGCGTCG-3' 

7 2MNE 5'- CGACTAGTCG-3' 

8 4AH0 5'- CGCAAATTTGCG-3' 
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Figure 3.1: Figure showing the generalized structure of the fused ring for class-1 of 

compounds along with the position where the substituent (R) is to be attached 

 

 

Figure 3.2: Figure showing the generalized structure of the fused ring for class-2 of 

compounds along with the position where the substituent (R) is to be attached 

3.2.2 Geometry Optimization 

Water molecules from each of these DNA sequences were removed using 

Chimera [29]. Chemical structures of all the ligands/drugs were selected from the 

literature. These chemical structures were then subjected to geometry optimization 

using Gaussian 09 software package using B3LYP hybrid density functional and 6-

31G(d,p) basis set [30]. 

 
3.2.3 Molecular Docking 

Molecular Docking calculations were performed using Autodock4 software 

package [31]. The Gasteiger charges were added to the drug-DNA complex using 

Autodock Tools (ADT) before starting the docking calculations. A grid box, having 

different dimensions, was prepared for each drug-DNA complex that enclosed the 
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macromolecule. This helped the drug/ligand in finding the most preferential binding 

site while the docking calculations were performed [32,33]. 

Docking calculations were set up using the Lamarckian Genetic Algorithm 

(LGA). A 20 LGA run having a maximum cycle of 2500000 energy evaluations was 

performed for each of the drug-DNA complex. The docked pose with the lowest 

binding affinity was extracted and aligned with the receptor for further analysis [34-

38]. 

3.3 Results and Discussion 

The result as obtained by the docking studies has been summarized and 

discussed as follows: 

3.3.1 Optimized Geometries 

Optimizing the ligand geometry before docking and other computational 

calculations is of utmost importance, as it brings the entire system in the lowest 

possible energy state; having least steric hindrances and charge repulsions. The reason 

behind this is because the system would then have attained a maximized distance 

between the bonds, the angles and the dihedrals. Further, the electrostatic charges also 

tend to get well distributed throughout the system leading to the electron transfer 

between definite pair of atoms; eventually no distortions in the chemical structures 

are offered. In the present chapter, the geometry optimization of selected ligands was 

carried out using Gaussian 09 software using B3LYP hybrid functional at 6-31G** 

level of theory for their potentials to attain a local minimum. These optimized ligands 

were then docked to the selected DNA sequence. 
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3.3.1.1 Class-1 of compounds 

Figure 3.3, shown below, represents the optimized structures of the fused ring 

of the selected ligands obtained after the specific substitutions to the generalized 

chemical structure belonging to class-1 of compounds. 

Figure 3.3: Optimized geometrical structures of class-1 of compounds 

3.3.1.2 Class-2 of compounds 

Figure 3.4, shown below, represents the optimized structures of the fused ring 

of the selected ligands obtained after the specific substitutions to the generalized 

chemical structure belonging to class-1 of compounds. 
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Figure 3.4: Optimized geometrical structures of class-2 of compounds 

3.3.2 Molecular Docking Studies 

Molecular docking studies were done for the two sets of compounds in search 

of their preferential binding modes, corresponding binding affinities and for gaining 

atomistic insights regarding the factors that contribute to the stable complex 

formation. It was observed that class-1 of compounds were better DNA binders than 

class-2 of compounds, because of the presence of O-atom in the chemical structure of 

class-1 compounds whereas class-2 compounds had bulky groups attached to it owing 

to decreased interactions. The docking results for both, class-1 and class-2 complexes 

are discussed in detail as follows: 

3.3.2.1 Class-1 of compounds 

The binding energies obtained by computational docking for the class-1 of 

compounds are listed below in table 3.2, the compounds having the least binding 

affinities are shown in bold; these represent the formation of stable complexes [2] 

with corresponding mentioned DNA sequence. Figure 3.5 represents the best docked 
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poses corresponding to compounds having least binding affinities, whereas figure 3.6 

represents the interaction profile in 2D obtained using Discovery studio visualizer [39] 

which reveals various types of interactions taking place between the DNA bases and 

the selected drugs eventually leading to stabilization or de-stabilization of the 

complexes thus formed. 

Table 3.2: DNA binding affinities of complexes as measured by computational 

docking along with their change in thermal melting values for class-1 

compounds 

 

Substitution 

R 

Exp. 

(ΔTm) 

1BNA 

(kcal / 

mol) 

1DNE 

(kcal / 

mol) 

1QSX 

(kcal / 

mol) 

1RMX 

(kcal / 

mol) 

195D 

(kcal / 

mol) 

2MNB 

(kcal / 

mol) 

2MNE 

(kcal / 

mol) 

4AH0 

(kcal / 

mol) 

H 11.7 -9.89 -13.45 -10.19 -10.69 -10.88 -9.59 -10.44 -10.64 

i-Pr 14.4 -8.60 -12.55 -9.71 -10.29 -10.03 -9.74 -9.54 -11.36 

c-Pentyl 15.8 -9.42 -13.40 -10.12 -9.49 -11.35 -9.53 -9.83 -10.73 

c-Pr 12.4 -7.60 -9.32 -6.29 -8.22 -7.58 -6.50 -6.36 -7.21 

2-Pentyl 7.7 -7.60 -10.48 -9.04 -7.50 -9.44 -8.50 -7.38 -10.43 
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Figure 3.5: Figure representing the best docked posed complexes for class-1 

compounds 
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Figure 3.6: Figure representing the interaction profile for the best docked posed 

complexes for class-1 compounds 

3.3.2.2 Class-2 of compounds 

The binding energies obtained by computational docking for the class-2 of 

compounds are listed below in table 3.3, the compounds having the least binding 

affinities are shown in bold; these represent the formation of stable complexes [2] 

with corresponding mentioned DNA sequence. Figure 3.7 represents the best docked 

poses corresponding to compounds having least binding affinities, whereas figure 3.8 

represents the interaction profile in 2D obtained using Discovery studio visualizer 

[39], which reveals various types of interactions taking place between the DNA bases 

and the selected drugs eventually leading to stabilization or de-stabilization of the 

complexes thus formed. 
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Table 3.3: DNA binding affinities of complexes as measured by computational 

docking along with their change in thermal melting values for class-2 

compounds 

Substitutions Exp. 

ΔTm 

1BNA 

 

1DNE 1QSX 1RMX 195D 2MNB 2MNE 4AH0 

R1, 

R2 

R1 R2
 R3 (°C) (kcal/mol) 

3,6 Am Am H 17.2 -7.51 -7.19 -6.81 -6.16 -7.90 -6.02 -6.98 -8.58 

3,6 Am Am CH3 19.5 -6.82 -7.24 -7.97 -6.00 -7.06 -6.23 -6.81 -6.63 

2,6 IsoAm IsoAm H 9.6 -6.49 -7.41 -7.10 -6.86 -7.55 -6.05 -6.37 -9.02 

3,6 Im Im H 19.5 -8.69 -7.92 -8.73 -5.96 -8.75 -7.35 -7.72 -9.20 

3,6 Im Im CH3 24.0 -7.72 -8.07 -8.27 -6.12 -8.54 -7.48 -7.57 -9.31 

3,6 Im H CHM 16.8 -9.75 -8.47 -9.78 -7.56 -9.86 -7.11 -6.74 -9.66 

3,6 THP THP CH3 13.6 -8.58 -8.89 -8.67 -6.31 -8.92 -7.54 -7.95 -8.32 

3,6 THP THP CHM 7.3 -8.78 -8.72 -6.57 -6.86 -9.78 -7.72 -7.54 -10.24 

2,7 Am Am H 19.0 -7.21 -8.25 -7.97 -6.88 -8.37 -6.55 -6.65 -8.06 

2,7 Im Im H 18.6 -8.25 -7.04 -9.11 -7.05 -9.05 -6.12 -6.04 -8.38 

2,7 Im Im CH3 19.1 -7.42 -8.84 -7.76 -6.12 -8.08 -6.50 -6.59 -8.02 
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Figure 3.7: Figure representing the best docked posed complexes for class-2 

compounds 
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Figure 3.8: Figure representing the interaction profile for the best docked posed 

complexes for class-2 compounds 

3.3.3 Hydrogen Bonding Analysis 

Formation of hydrogen bond owes solely to the complex stability [2]. The 

atoms of the ligands and the DNA residues involved in the formation of hydrogen 

bonds are visualized in figures 3.9 & 3.11 respectively, whereas, the acceptor and 

donor regions during the formation of hydrogen bonds are shown in figures 3.10 & 

3.12. These assist in demonstrating the electron rich and electron deficient sites in the 

drug-DNA complexes, and thus helps in the prediction of possible hydrogen binding 
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sites within the system. These regions also represent the atoms which have the 

tendency to donate/accept electrons so as to achieve stability [40] during the docking 

calculations. In this section, the hydrogen bonding interactions between the DNA 

bases and the ligands are presented as follows: 

3.3.3.1 Class-1 of compounds 

Figure 3.9 shown below, gives the 3D representation of the hydrogen bonds 

existing between the DNA bases and the class-1 of compounds corresponding to the 

best docked posed complexes, whereas table 3.4 depicts the donor and the acceptor 

bases of the DNA involved in the formation of hydrogen bond and corresponding 

length and number of hydrogen bonds formed. 

 

Figure 3.9: Figure representing the H-bonds formed corresponding to the best 

docked posed complexes for class-1 of compounds in 3D 
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Table 3.4: Table representing the donor and the acceptor species and H-bond length 

formed between the DNA and class-1 of compounds 

S. No. Complexes Number of 

H-Bonds 

Interacting Species H-Bond length 

(Å) 

1 1bna + lig-6 2 LIG0:H - DT19:OP1 

LIG0:H - DA18:O3' 

2.105473 

1.818074 

2 1dne + lig-7 4 LIG0:H - DG10:OP1 

LIG0:H - DG10:OP1 

LIG0:H - DT20:O3' 

LIG0:H - DC21:OP1 

1.920956 

1.970445 

2.092594 

2.326452 

3 1qsx + lig-6 4 LIG0:H - DA20:O5' 

LIG0:H - DA20:OP2 

LIG0:H - DG18:OP2 

LIG0:H - DG18:OP2 

2.025997 

1.933799 

2.064850 

2.089325 

4 1rmx + lig-6 5 LIG0:H - DC4:OP2 

LIG0:H - DC4:OP1 

LIG0:H - DA6:OP2 

LIG0:H - DG7:OP2 

LIG0:H - DG7:OP2 

1.796149 

1.939713 

2.146880 

2.053564 

2.330354 

5 195d + lig-6 4 LIG0:H - DT18:O3' 

LIG0:H - DT18:O2 

DG16:N2 - LIG0:O 

LIG0:H - DC11:O2 

2.692488 

2.579076 

2.571794 

2.834610 

6 2mnb + lig-8 4 LIG0:H - DC4:OP2 

LIG0:H - DC4:OP2 

LIG0:H - DC14:OP2 

LIG0:H - DA13:OP1 

1.916382 

1.901026 

2.196361 

2.114568 

7 2mne + lig-7 3 LIG0:H - DT18:OP1 

LIG0:H - DC19:OP1 

LIG0:H - DC4:OP1 

2.912220 

1.534208 

2.100831 

8 4ah0 + lig-8 2 LIG0:H - DG12:OP1 

LIG0:H - DT9:O3' 

1.621622 

1.837660 
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Following figure 3.10 represent the H-donor/acceptor clouded regions at the 

atomistic binding sites for each of the drug-DNA complexes for class-1 of 

compounds. These specific regions in the biomolecular systems help in quantifying 

the electron rich and electron deficient sites in the biomolecular complexes, and thus 

helps in the prediction of possible hydrogen binding sites within the system and the 

strength of the bond formed. 

 

Figure 3.10: Figure showing the donor and acceptor regions for the H-bonds formed 

corresponding to the best docked posed complexes for class-1 of compounds 

 

3.3.3.2 Class-2 of compounds 

Figure 3.11 shown below, gives the 3D representation of the hydrogen bonds 

existing between the DNA bases and the class-2 of compounds corresponding to the 

best docked posed complexes, whereas table 3.5 represents the donor and the acceptor 

bases of the DNA involved in the formation of hydrogen bond and corresponding 

length and number of hydrogen bonds formed. 
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Figure 3.11: Figure representing the H-bonds formed corresponding to the best 

docked posed complexes for class-2 of compounds in 3D 

 

Table 3.5: Table representing the donor and the acceptor species and H-bond length 

formed between the DNA and class-2 of compounds 

S. No. Complexes Number of 

H-Bonds 

Interacting Species H-Bond length 

(Å) 

1 1bna + lig-1 2 LIG0:H - DA5:N3 

LIG0:H - DA6:O4' 

2.806182 

2.039128 

2 1dne + lig-1 1 LIG0:H - DT8:O2 1.877852 

3 1qsx + lig-1 1 LIG0:H - DG6:O4' 2.064408 

4 1rmx + lig-1 1 DG7:H22 - LIG0:N 1.776228 

5 195d + lig-3 1 LIG0:H - DT18:O4' 2.011384 

6 2mnb + lig-2 3 LIG0:H - DC14:O3' 

DC16:H42 - 

LIG0:N 

LIG0:H - DA13:O5' 

2.410066 

2.055858 

1.814939 

7 2mne + lig-1 2 LIG0:H - DC9:O2 

LIG0:H - DG10:O4' 

2.095689 

3.027310 
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8 4ah0 + lig-2 2 LIG0:H - 

DG10:OP1 

LIG0:H - DT8:O2 

2.188940 

2.209946 

 

Following figure 3.12 represent the H-donor/acceptor clouded regions at the 

atomistic binding sites for each of the drug-DNA complexes for class-2 of 

compounds. These concentrated regions in the biomolecular systems help in the 

demonstration of the electron rich and deficient sites in the biomolecular complexes, 

and thus helps in the prediction of possible hydrogen bond formation, with their 

formation sites and also help in the determination of the strength of the hydrogen bond 

formed. 

 

Figure 3.12: Figure showing the donor and acceptor regions for the H-bonds formed 

corresponding to the best docked posed complexes for class-2 of compounds 
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3.4 Conclusions 

Docking study performed in the current research work was done in order to 

evaluate the DNA binding affinities for the two class of ligands. The major focus was 

to get an elaborated perspective of DNA minor groove binders at molecular levels. 

Thus, our study not only helps in getting a deeper insight regarding the DNA binding 

mechanism but also evaluates the binding affinities of 2,5-bis(4-amidinophenyl) 

furans & its derivatives (class-1) and carbazoles & its analogues (class-2) with 

selected DNA sequences. 

Both the class of ligands, class-1 and class-2 were docked to the minor groove 

of the selected DNA sequences. Their binding site was found to be AT-rich regions 

of the DNA, as preferred by most of the DNA minor groove binders. 

Further, we can conclude that class-1 of the drugs are better DNA binders than 

class-2 of drugs, as the former has formed a greater number of hydrogen bonds than 

the later. The reason behind this is the geometry of the two class of compounds, class-

1 compounds involved O-atom eventually leading them to find more hydrogen bonded 

interactions whereas, in the later class of atoms the attached groups were bulky 

eventually offering more steric hindrances. However, no such steric hindrances were 

involved in class-1 compounds and thus leading to better binding with DNA. 

The results obtained through hydrogen bonding analysis suggested that donor 

and acceptor clouded regions essential for the formation of hydrogen bonds had 

greater extent for class-1 compounds, eventually leading the drug-DNA complex to 

form hydrogen bonds with greater ease than class-2 compounds, this factor also added 

to the increased interactions and stability of the drug-DNA complexes. 
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Thus, it may be concluded that this analysis will certainly help in the 

improvement of existing DNA minor groove binders having antimicrobial potency 

and would also prove helpful in the design of new and potent drugs. It also adds to 

enrich the database regarding the structure activity relationship of ligands with DNA 

through computer simulation studies. 
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Chapter-4 

Interaction, Dynamics and Stability Analysis of some Minor 

Groove Binders with B-DNA Dodecamer 

5’-(CGCAAATTTGCG)-3’ 

 

4.1 Introduction 

Deoxyribonucleic acid (DNA) has been a known cellular target for many 

antibacterial and anticancer agents due to its gene expression tendencies. The 

interaction of drugs with nucleic acid is very important feature for drug industry and 

holds a significant role in understanding the action mechanism of drugs and helps in 

designing of more efficient drugs with minimal side effects. 

Minor groove of the DNA is a proven target for many anticancer and antitumor 

drugs. The forces that are involved in minor groove binding with DNA are: 

electrostatic interactions, Van der Waals interactions, hydrophobic interactions, and 

hydrogen bonding [1]. Sequence specificity is an important tool for studying drug-

DNA interactions. Another important factor that governs the interactions of small 

molecules with DNA is their crescent shape which is complementary to the minor 

groove and consequently DNA minor groove binding is favored [2]. Furans have been 

known since long and are often claimed to have possessed various medicinal and 

therapeutic tendencies. 

In the current chapter, we selected four molecules belonging to two different 

classes viz., 2,4-bis(4-amidinophenyl) furans and reversed diamidino 2,5-

diarylfurans, labelled as mol-1, mol-2 mol-3 & mol-4. These molecules were 

computationally studied for their relative binding strengths and stable complex 
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formation tendencies with DNA (PDB Id: 4AH0). Molecular docking was performed 

to predict binding pocket of the drug in the vicinity of DNA and molecular dynamics 

simulation was performed to study the interaction dynamics in support of the stability 

of the predicted binding mode. 

Frequently, minor groove binders show binding selectivity towards AT-rich 

regions of DNA; several factors are responsible for this, first one is the electrostatic 

potential of AT-rich region is higher than that of GC-rich regions and another one is 

that the AT-rich grooves are deeper and narrower than GC-rich ones [3]. A DNA 

minor groove with alternating A and T, allows favorable Van der Waals contacts 

between the drug and DNA unlike the GC-rich region where the geometry of groove 

is altered by bulky amino groups of guanine bases [4,5]. 

In the current study, molecular modeling techniques such as geometry 

optimization, molecular docking & molecular dynamics simulation were 

implemented for better understanding of the factors responsible for binding and 

stability of the drug-DNA complexes. The selected ligands were first geometrically 

optimized in order for them to attain a minimum potential. Further they were docked 

to the selected DNA in search of the best fit pose. Molecular Docking is simplest 

computational representation of DNA-ligand interactions [6,7]. Docking also gave 

information regarding the site binding energy and role of hydrogen bond in obtained 

docked poses. Various literatures have reported that, the minimum the site binding 

energy, the better the corresponding docked pose [8]. After geometry optimization 

and docking, the drug-DNA complexes were put to molecular dynamics simulation 

[9-11], for a better insight of their dynamical behavior, stable complex formation 
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tendency and regarding any distortions obtained in the DNA double helix, by means 

of RMSD & RMSF calculations. 

4.2 Computational Methodology 

4.2.1 System Selection and Preparation 

The lead molecules (mol-1, mol-2, mol-3 & mol-4) were selected from 

literature [12]. Their chemical structures are shown in figure 4.1. The DNA sequence; 

4AH0 [13] was obtained from Protein Data Bank [14]. Its structural data including its 

specific nucleic acid bases sequences and PDB Id. is mentioned in table 4.1 as 

obtained from Discovery Studio software package [15]. Water molecules and other 

residues, from selected DNA sequence were removed using UCSF Chimera before 

the start of docking calculations [16]. 

 

 

Figure 4.1: Figure showing chemical structures of the selected ligands 

  



121 
 

Table 4.1: Nucleic Acid Report for 4AH0 

S. No. PDB Id. Nucleic Acid Sequence 

from Available 

Structure 

Basic Information 

1. 4AH0 B-DNA DODECAMER 

(5'-

D(CGCAAATTTGCG)-

3') 

• Cell Space Group: 19 (P212121 

Origin-1 Choice: 1) 

• Crystallographic Resolution: 1.20 Å 

• Molecular Weight of Nucleic Acid 

Chains: 7268.84 

• Number of Nucleic Acids: 24 

• Experimental pH: 6.5 

 

4.2.2 Molecular Geometry Optimization 

Using optimized ligand geometry before docking and other computational 

calculations is very important before proceeding for any computational simulations, 

the reason behind this is that geometry optimization would put the entire system in 

the lowest possible energy state; having least steric hindrances and charge repulsions; 

as the system would then have attained a maximized distance between the bonds, the 

angles and the dihedrals. Further, the electrostatic charges also tend to get well 

distributed throughout the surface of the system leading to the electron transfer 

between definite pair of atoms; and eventually no distortions in the chemical 

structures are offered [17]. Here, the geometry optimization of selected ligands was 

carried out using Gaussian 09 software [18] using B3LYP hybrid functional at 6-

31G** level of theory for their potentials to attain a local minimum. These optimized 

ligands were then docked to the selected DNA sequence. 

4.2.3 Molecular Docking Studies 

Molecular Docking is a frequently used computational technique for the 

prediction of the binding pocket of potent inhibiters in the vicinity of target molecules. 
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The ability to determine the binding affinity of ligand-receptor complexes is the key 

objective of docking studies [19]. Here, molecular docking was carried out using 

Autodock4 software [20]. Docking calculations were set up using Lamarckian Genetic 

Algorithm (LGA). Gasteiger charges were added to each drug-DNA complex using 

Autodock Tools (ADT) before starting the docking simulations. A grid box, having 

various dimensions along the three coordinate axes, was prepared for each drug-DNA 

complex that enclosed the macromolecule. A 20 LGA run with a maximum cycle of 

2500000 energy evaluations was performed for each of the drug-DNA complex. The 

docked pose with the least binding affinity was extracted and aligned with the receptor 

(DNA) for further analysis. 

4.2.4 Molecular Dynamics Simulation 

Molecular Dynamics is a computational technique used for the study the 

dynamical characteristics of biomolecular systems, viz., protein folding, unwinding 

and other conformational changes including complex stability, over a specified period 

of time. Its applications have gained significant importance due to lack of 

experimental resources [21]. In the present work, GROMACS 5.0.4 software package 

[22] was used to carry out the molecular dynamics simulations. 

A total of four drug-DNA complexes were generated, after docking for 

molecular dynamics simulations viz., (4AH0+mol-1, 4AH0+mol-2, 4AH0+mol-3 & 

4AH0+mol-4). These drug-DNA complexes were put to for 5000ps time scale 

simulation. There are many studies for the comparison of force fields for the nucleic 

acids but AMBER force fields [23] seems to be good for nucleic acid simulation due 

to the presence of specific topologies for the terminal nucleotides. Amber03 force 
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field already embedded in GROMACS software suite was used to generate the 

topology for the selected DNA sequence and antechamber module of AMBER 

program was used to generate topology of selected ligands through a python script: 

‘acpype.py’ [24]. The ligand-DNA complex was then solvated in an octahedral box 

of using TIP3P water model at 298K [25]. Sodium ions were then added to the 

solvated box containing the DNA-ligand complex by randomly replacing the water 

molecules in order to neutralize the system. Particle Mesh Ewald (PME) was used to 

handle long-ranged electrostatic interactions under periodic boundary conditions [26]. 

Energy minimization of the whole system was carried out in 25000 steps using 

Steepest Descent leap- Frog Integration Method followed by NVT ensemble 

equilibration at a constant temperature of 300K for 50s using Berendsen thermostat 

[27]. The system was then equilibrated with NPT ensemble at a constant pressure of 

1atm in 25000 steps using steepest descent leap-frog integrator [27]. All the bonds 

involving hydrogen atoms were constrained using the LINCS algorithm [28]. Graphs 

were plotted using XMgrace software [29]. 

4.3 Results and Discussion 

Present study was aimed to identify new leads, targeting binding affinity and 

structural & dynamical stability of some antimicrobial ligands with DNA. The results 

obtained through various computational calculations are discussed and summarized 

as follows: 

4.3.1 Molecular Geometry Optimization 

The geometry of the lead molecules needs to be optimized before docking so 

that the repulsions between the nearest bonded atoms, between their angles and 
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between their dihedrals could get minimized and the lead molecules would attain a 

state having least repulsion and hence owing to maximum stability and correspond to 

minimum energy [30]. The optimized geometries of the selected ligands are shown 

below in figure 4.2. 

 

Figure 4.2: Figure showing optimized structures of the selected ligands 

 

4.3.2 Molecular Docking 

The selected ligands (mol-1, mol-2, mol-3 & mol-4) which were claimed to 

possess antimicrobial tendencies in the literature [12] were docked to 4AH0 in search 

of best docked posed complex leading to stability. The docking result corresponding 

to the selected DNA sequences are summarized below in table 4.2. Docking 

calculations revealed that 4AH0 with mol-4 had least binding energy of -12.39 

kcal/mol. This indicates that since mol-4 had lesser binding energy, it owes to 

maximum stability of the formed complex. The 3D representation of the docked pose 



125 
 

corresponding to each drug-DNA complex is shown in figure 4.3. These figures 

reveal that both the drugs bonded themselves to the minor groove of each DNA 

sequence, whereas figure 4.4 represents the interaction profile in 2D which reveals 

various types of interactions taking place between the DNA bases and the selected 

ligands, viz., conventional hydrogen bonds, carbon hydrogen bonds, π-σ bonds, π-

alkyl bonds and presence of some attractive charges. These interactions eventually 

lead to the stabilization or de-stabilization of the drug-DNA complexes formed. 

Further, docking calculations revealed that due to presence of more planar 

aromatic rings in mol-4, its geometry oriented in such a way so as to offer maximum 

binding affinity with the DNA. Further, from figures 4.2 & 4.3 and from the binding 

affinity mentioned in table 4.2, it can be seen that as the aromatic rings decreased the 

binding energy also decreased and similar pattern was observed for inhibition constant 

also. This means that presence of aromatic rings tends to stabilize the drug-DNA 

complex owing to higher binding affinity and lower inhibition constants. 

 

Table 4.2: Table representing docking results obtained for 4AH0 DNA sequence 

S. No. Ligand Binding Energy 

(kcal/mol) 

Inhibition Constant 

(nM) 

1. Mol-1 -12.03 1.52 

2. Mol-2 -10.94 9.55 

3. Mol-3 -12.06 1.44 

4. Mol-4 -12.39 0.82 
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Figure 4.3: Figure showing best docked posed complexes for 4AH0 in 3D 

 

Figure 4.4: Figure representing the interaction profile for the best docked posed 

complexes in 2D 
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4.3.2.1 Hydrogen Bonding Analysis 

 There are few specific regions in the biomolecular systems that help in the 

quantification of the electron rich and electron deficient sites in the biomolecular 

complexes, and thus helps in the prediction of possible hydrogen bond formation sites 

within the system and the strength of the bond formed. Figure 4.5 represents the 

atomistic binding site for each of the drug-DNA complex and figure 4.6 represents 

the corresponding H-donor/acceptor clouded regions at binding sites. These clouded 

regions represent the atoms or group of atoms which have the tendency to 

donate/accept electrons for hydrogen bonding so as to achieve stability [31] during 

the docking calculations. Table 4.3 summarizes the donor and the acceptor residues 

involved in the formation of hydrogen bond between the DNA and ligands along with 

the length of the hydrogen bond. In this section, the interactions established, specially 

the hydrogen bonds formed between the DNA bases and the ligands are presented as 

follows: 

 

Figure 4.5: Figure showing H-bonds in best docked posed complexes 
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Figure 4.6: Figure representing the H-bond donor and acceptor regions in best 

docked posed complexes 

 

Table 4.3: Table showing the donor and the acceptor species and H-bond length 

formed between the DNA and ligand atoms 

S. No. Complex No. of H-

Bonds 

Interacting Species H-Bond Length 

(Å) 

1. 4AH0+Mol-1 1 H – DC11:O3’ 2.679714 

2. 4AH0+Mol-2 4 H – DT8:O4’ 

H – DT7:O2 

H – DC11:O2 

H – DC11:O3’ 

2.148102 

3.067220 

2.689916 

2.256256 

3. 4AH0+Mol-3 2 H – DC11:O4’ 

H – DC11:O3’ 

2.153036 

2.520974 

4. 4AH0+Mol-4 1 H – DT9:O3’ 2.656984 

 

4.3.3 Molecular Dynamics Simulation 

Structural stability of biomolecules under dynamical conditions over a 

specifically mimicked environment for a pre-defined period of time can be studied via 

molecular dynamics simulations. Such studies hold significant importance in the 
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structure and dynamics of biomolecules owing to less experimental costs. Various 

parameters were studied and analyzed for their contribution to stability analysis of the 

drug-DNA complexes, and are discussed as follows: 

4.3.3.1 Variation in Energy 

The energy variation obtained from molecular dynamics simulation of the 

drug-DNA complexes for a time scale of 5000ps are shown below in figure 4.7. These 

variations in energies were obtained through gmx_energy programme inbuilt in 

GROMACS software suite [25]. The variations in the energy values of all the ligands 

are comparable and energy values for all lie in between 1500kJ/mol~2100kJ/mol. So, 

in the lieu of any direct evidence, other factors, viz., number of hydrogen bonds, 

RMSD, RMSF & variations in radius of gyration, would be decisive regarding the 

stable complex formation. 

 

Figure 4.7: Figure representing variations in energy of the drug-DNA complexes 
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4.3.3.2 Variation in Hydrogen Bonds 

The role of hydrogen bonding in stability of biomolecular systems is a well-

established fact. These bonds play a crucial role in determining the stability of the 

drug-DNA complexes. Figure 4.8 depicts the variations in the number of hydrogen 

bonds being formed during the molecular dynamics trajectory for 5000ps. The same 

figure not only reveals the hydrogen bonding forming pattern but also gives 

information about the average number of bonds formed after simulation; i.e., mol-1 

forms 2 H-bonds, mol-2 also forms 2 H-bonds whereas mol-3 & mol 4 form 3 & 1 H-

bonds, respectively (all numbers are average after the simulation). Above variations 

in energies were obtained through gmx_hbond programme inbuilt in GROMACS 

software suite [25]. 

 
Figure 4.8: Figure representing variations in number of hydrogen bonds for drug-

DNA complexes 



131 
 

4.3.3.3 Variation in Radius of Gyration 

To understand the compactness of DNA & the dynamical stability of DNA-

ligand complexes, radii of gyration values were determined. Clearly the average 

radius of gyration lies between 1.25nm to 1.50nm resp. The radius of gyration 

variations for each drug-DNA pair is shown in figure 4.9. This data reveals that mol-

2, mol-3 & mol-4 with 4AH0 sequence form the most stable complexes whereas for 

mol-1, the radius remains intact till ~3500ps but after that time limit there are frequent 

perturbations in the conformations of the complex leading to distorting and decreased 

stability. These variations in energies were obtained through gmx_gyrate programme 

inbuilt in GROMACS software suite [25]. The variations in radii of gyration, can be 

summarized in table 4.4 shown below: 

 

Figure 4.9: Figure representing variations in radius of gyration 
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Table 4.4: Table summarizing the variation in radius of gyration for drug-DNA 

Complexes 

S. No. Drug 

Molecule 

4AH0 

(avg. RG) 

1. Mol-1 Compact between 1.25nm to 1.50nm for first 3000ps, 

But between 3000~3500ps, 4000ps & 4500~5000ps there are 

several sharp fluctuations in the radii values 

Remark: non compact complex hence unstable 

2. Mol-2 Compact between 1.25nm to 1.50nm for entire 5000ps, 

Remark: Compact drug-DNA complex hence stable 

3. Mol-3 Compact between 1.25nm to 1.50nm for entire 5000ps, 

Remark: Compact drug-DNA complex hence stable 

4. Mol-4 Compact between 1.25nm to 1.50nm for entire 5000ps, 

Remark: Compact drug-DNA complex hence stable 

 

4.3.3.4 Root Mean Square Deviation 

The RMSD is the measure of the conformational stability of biological 

macromolecules. The plots for RMSD of all the drug- DNA complexes are 

represented in figure 4.10. From the variations shown below, the RMSD 

corresponding to mol-2, mol-3 & mol-4 with 4AH0 almost lie between 0 to 0.5nm, 

i.e., sharply around 0.25nm representing insignificant deviations. However, complex 

4AH0+mol-1, shows deviations between 3000~3500ps, 4000ps & between 

4500~5000ps and hence confirms for having had formed least stable complex with 

considerable deviations in the DNA double helix. The variations in RMSD, can be 

summarized in table 4.5 shown below: 
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Figure 4.10: Figure representing RMSD for Drug-DNA Complexes 

Table 4.5: Table summarizing the RMSD for drug-DNA Complexes 

S. No. Drug 

Molecule 

4AH0 

(avg. RG) 

1. Mol-1 Compact between 0 to 0.5nm for first 3000ps, 

But between 3000~3500ps, 4000ps & 4500~5000ps there are 

several sharp fluctuations in the RMSD values 

Remark: unstable complex 

2. Mol-2 Compact between 0 to 0.5nm for entire 5000ps, 

i.e., variations sharply take place around 0.25nm for entire 

5000ps 

Remark: Compact drug-DNA structure hence stable 

3. Mol-3 Compact between 0 to 0.5nm for entire 5000ps, 

i.e., variations sharply take place around 0.25nm for entire 

5000ps 

Remark: Compact drug-DNA structure hence stable 

4. Mol-4 Compact between 0 to 0.5nm for entire 5000ps, 

i.e., variations sharply take place around 0.25nm for entire 

5000ps 

Remark: Compact drug-DNA structure hence stable 
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4.3.3.5 Root Mean Square Fluctuation 

RMSF records the fluctuation of each amino acid base pair including the 

fluctuations in the flexible regions within the nucleic acid during the course of the MD 

simulation. Well-structured regions and loosely bound regions in DNA strands are 

distinguished by low and high root mean square fluctuations values, respectively. For 

small proteins, a fluctuation lying between 1~3 Å is acceptable. The graphs shown 

below in figure 4.11 suggest that, 4AH0+mol-2, 4AH0+mol-3 & 4AH0+mol-4 had 

the least fluctuations, and especially around and beyond residue number 800 among, 

and hence owe towards the stability of the complexes. Here this range lies between 

0~0.5 Å. Whereas,4AH0+mol-1 shows maximum deviations as seen from the 

corresponding graph. 

 

Figure 4.11: Figure representing RMSF for Drug-DNA Complexes 
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4.4 Conclusions 

Current chapter addressed a problem regarding interaction and stability of 

drugs in the vicinity of DNA, and our findings successfully resolve this claim. The 

optimized drugs structures when docked to selected DNA generated best docked pose 

by finding the most stable binding site, these docked complexes when subjected to 

molecular dynamics for time scale evaluation of their stability yielded similar results 

that complemented the docking results. Our evaluated parameters viz., hydrogen 

bonding, radius of gyration, RMSD & RMSF were sufficient to support our claim. 

Docking results revealed that all the selected ligands were bound to the minor 

groove of the DNA. Their binding site was AT-rich region, as preferred by minor 

groove binders. Docking calculations revealed that 4AH0 with mol-4 had least 

binding energy of -12.39 kcal/mol. This claims to maximum stability of the formed 

complex between mol-4 and 4AH0. 

The results obtained through hydrogen bonding analysis suggested that donor 

and acceptor clouded regions essential for the formation of hydrogen bonds had 

comparable extent for acceptor regions for all the selected molecules. This also 

represented the DNA bases involved in the hydrogen bond formations. 

Results obtained from the molecular dynamics simulation show the time 

dependence of the stability of selected molecules in the vicinity of DNA. Radius of 

gyration, RMSD and RMSF analysis were done from the trajectories obtained via MD 

studies; all these results favor the stable complex formation for mol-2, mol-3 & mol-

4 with 4AH0. Radius of gyration & RMSD values reveal that ligands remain bound 

to the preferred binding positions of the DNA without any considerable deviations in 
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its minor groove; whereas the RMSF values reveal that the topological structure of 

DNA remains intact during the entire course of the simulation, inferring the stability 

of drug-DNA complexes. 

Obtained results not only predicted the conformational stability of the DNA 

with the ligands but also gave a firm affirmation regarding the time dependence of the 

interaction and stability of drug-DNA complexes. They also add strong affirmations 

regarding the benchmark of various computational techniques. 
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Chapter-5 

 

Understanding Interactions of some DNA Minor Groove 

Binders through Molecular Dynamics Simulations and 

MMPBSA Free Energy Calculations 

 

 
5.1 Introduction 

Interaction of DNA with various drugs has been of most significance in the 

field of drug discovery and the pharmaceutical industry. In the past few years, there 

has been rapid growth in the interest of studying DNA as the target molecule for the 

investigation of anticancer, antimicrobial, antibacterial and various other types of 

diseases. Also, these studies can be helpful in the quantification of such drugs and for 

the determination of new targets followed by the development and enhancement of 

existing drugs. DNA owes to be the key ingredient in most biological and genetic 

processes and therefore is an apt target for such studies [1,2]. Studying the structural 

properties of DNA, the processes involving mutation of genes, the reasons involving 

the origin of various deadly diseases and the action and mechanism of various drugs 

that target DNA for the same is of utmost importance in the current scenario. 

Interaction between drug and DNA occurs in many ways, viz., intercalation, 

covalent binding or cross-linking, DNA cleaving, groove binding, [3] etc. Groove 

binding in DNA takes place via two modes, viz., minor groove (width being 12Å) 

binding and major groove (width being 22Å) binding whereas intercalation involves 

the insertion of the drug ligand in between the DNA base pairs [4,5]. The complex 

formation between DNA and drug leads to manipulation of its thermodynamic 
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parameters [6] and thus studies involving complex formation are of great importance 

and are in current trend as they may lead the researches towards more rational and 

target-oriented drug design. Apart from drug design and enhancement of its existing 

properties, computational methods can also be used to model the enzyme catalysis 

reactions involved in the metabolism of drugs [7-9]. 

In this chapter, a few di-cationic DNA minor groove binders (2,5-diaryl 

furans), which are supposed to have antimicrobial drug potency [10], are studied for 

their interactions, stability, binding affinities and complex forming tendencies with 

DNA using machine learning techniques. 

Molecular docking studies help in finding the best docking site and 

corresponding docking score followed by corresponding binding site energy. Docking 

studies performed over such ligands suggested the formation of stable complexes [11]. 

However, molecular dynamics simulations carried out for drug-receptor complexes 

helps in determining the structural stability of the complexes over time. Free energy 

calculations were performed to predict the stable complex formation tendencies of 

these analogs with DNA with time [12]. Various computational studies have proven 

computational resources to be of significant importance in this field of computational 

biology and drug discovery [13, 14]. 

5.2 Methodology 

5.2.1 System Selection & Preparation 

The ligands were selected from literature [10]. A generalized chemical 

structure is shown in figure 5.1 followed by a table informing about the substitutions 



144 
 

made in table 5.1. The DNA sequences {1DNE [15], 195D [16]} were obtained from 

Protein Data Bank [17]. Their structural data including their specific nucleic acid 

bases sequences and PDB ID’s, is mentioned in table 5.2. Geometry optimization of 

ligands was carried out using Gaussian 09 software [18] by applying B3LYP hybrid 

density functional at 6-31G** basis set for them to attain a local potential minimum. 

Water molecules, from downloaded DNA sequences were removed using UCSF 

Chimera software [19] to prepare them for docking and molecular dynamics 

simulations. 

 

Figure 5.1: Figure showing generalized chemical structures of the ligands with 

position for attachment of substituents 
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Table 5.1: Table representing the chemical structures substitutions for the selected 

ligands 

S. 
No. 

Substitution Chemical Structure Identification 
R X 

1. NHC(=NH)NH2 H 

 

mol-1 

2. NHC(=NH)-2-

Qu 

CH3 

 

mol-2 

 

Table 5.2: PDB ID’s of selected DNA sequences 

S. No. PDB Id. DNA Sequence Experimental Parameters 

1. 1DNE 5'-CGCGATATCGCG-3' • Total Structure Weight: 7757.25  

• Atom Count: 517  

• Residue Count: 24  

• Unique nucleic acid chains: 1 

• Resolution: 2.4 Å 

2. 195D 5’-CGCGTTAACGCG-3’ • Total Structure Weight: 7757.25  

• Atom Count: 517  

• Residue Count: 24  

• Unique nucleic acid chains: 1 

• Resolution: 2.3 Å 

 

5.2.2 Molecular Docking Studies 

Molecular Docking was carried out using Autodock4 software [20]. Gasteiger 

charges were added to the drug-DNA complex using Autodock Tools (ADT) before 

beginning the docking calculations computationally. A grid box, having various 

dimensions along the three coordinate axes, was prepared for each drug-DNA 

complex which enclosed the macromolecule, here DNA. This helped the ligand (drug) 
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in searching the most appropriate binding site while the docking calculations were 

done. Docking calculations were set up using Lamarckian Genetic Algorithm (LGA). 

A 20 LGA simulation with a maximum cycle of 2500000 energy evaluations was 

carried out for each of the drug-DNA complex. The docked pose with the least binding 

affinity was extracted and aligned with the receptor (DNA) for further analysis. 

5.2.3 Molecular Dynamics Simulation 

Molecular Dynamics Simulation is a cutting-edge computational technology 

for the precise atomistic simulation of biomolecular systems which mimics the natural 

environment during the simulation and hence generates accurate results [21]. 

Applications of molecular dynamics simulation to drug discovery and complex 

stability followed by atomistic insights into the binding of ligands, unwinding of 

proteins and conformational changes over time, is expanding and has attained utmost 

importance due to lack of experimental resources [22,23]. In the current research 

work, molecular dynamics simulations were carried out using GROMACS 5.0.4 

(Groningen Machine for Chemical Simulations) software package [24]. 

A total of 4 ligand-DNA complexes were created, post docking simulations 

for molecular dynamic calculations viz., (1DNE: mol-1 & mol-2; 195D: mol-1 & mol-

2). All these drug-DNA complexes were put to molecular dynamics for 5000ps time 

scale simulation. CHARMM27 force field was used to generate the topology for all 

the selected DNA sequences [25]. However, Swiss PARAM webserver [27] was put 

into use for generating topology of selected ligands. The Ligand-DNA complex was 

solvated in a box of varying dimensions having P1 space group using TIP3P water 

model at 298K [27]. Sodium ions were then added to the box already solvated 
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containing the DNA-ligand complex by randomly replacing the water molecules to 

neutralize the charge of system. Particle Mesh Ewald (PME) was used to handle long-

range electrostatic interactions in periodic boundary conditions [28]. Energy 

minimization of the whole system was carried out in 25000 steps using Steepest 

Descent leap- Frog Integration Method followed by NVT ensemble equilibration at a 

constant temperature of 300K for 50s using Berendsen thermostat [29]. The system 

was then equilibrated with NPT ensemble at a constant pressure of 1atm in 25000 

steps using steepest descent leap-frog integrator [29]. All the bonds involving 

hydrogen atoms were constrained using the LINCS algorithm [30]. 

Various analyses were then done to judge the potency of the antimicrobial 

agents interaction, binding and stability with DNA. The gmx_energy, gmx_gyrate, 

gmx_hbond, gmx_rmsd, gmx_rmsf programmers were used to calculate comparative 

variations in energies, radii of gyration, hydrogen bonds being formed, root mean 

square deviations and root mean square fluctuations. XMgrace software was used to 

plot all graphs [31]. 

5.2.4 Free Energy Calculations 

Accurate estimation of binding free energies is of significant importance in 

structural biology and computer-based drug design [12] MMPBSA method is based 

upon molecular mechanics and continuum solvent model [32]. In this method the 

receptor and ligand complex are assumed to split into two components: association in 

the gaseous phase, generally vacuum and dissolution in the aqueous phase. Classical 

force fields are implemented in the energy evaluation of single point gaseous phase 
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whereas implicit solvent models are applied for the solvation energy terms; this is the 

peculiarity of this method. 

In MMPBSA method the free energy of a ligand receptor system is estimated 

by following equations [32,33]: 

ΔG = ΔH – TΔS                 (5.1) 

Where,  

ΔH = ΔEmm + ΔGsolv –T.ΔS      (5.2) 

ΔEmm = ΔEcov + ΔEelect + ΔEvdW      (5.3)  

ΔEcov = ΔEbond + ΔEangle+ ΔEtor      (5.4) 

ΔGsolv = ΔGpol + ΔGapol       (5.5) 

 

Here, ΔEmm is the MM energy term which includes contribution from bonded 

interactions viz., covalent (ΔEcov), electrostatic (ΔEelect) and van-der Waal’s (ΔEvdW) 

interactions respectively. Further the covalent bonding interaction free energy (ΔEcov) 

comprises of energy changes in bond terms (ΔEbond), angle terms (ΔEangle) and 

torsional terms (ΔEtor) respectively. Whereas ΔGsolv comprises of polar (ΔGpol) and 

non-polar (ΔGapol) solvation free energies respectively. The entropy term is the most 

difficult to compute amongst all the energy terms, and it is often approximated with a 

normal mode method. However, in the current work the entropy contribution to free 

energy was forbidden owing to the expensive computational cost [34]. The Polar 

solvation free energy (ΔGpol) is obtained by solving the Poisson- Boltzmann (the 

MMPBSA method) equation or by solving the generalized Born model (the 

MMGBSA method), whereas the non-polar solvation free energy (ΔGapol) is obtained 
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from the Solvent accessible surface area (SASA model) [35]. In the current research 

work, G-MMPBSA method was applied to calculate the binding free energies of all 

receptor ligand complexes [36]. 

5.3 Results and Discussion 

This study was aimed to identify new leads, targeting binding affinity, 

structural stability and drug likeness and applicability for antimicrobial ligands with 

DNA. The results obtained through various computational calculations are 

summarized and discussed as follows: 

5.3.1 Molecular Docking 

A total of two ligands which were claimed to possess antimicrobial tendencies, 

were docked to two DNA sequences in search of best docked posed complex, as 

shown in figure 5.2. The docking results, corresponding to each selected DNA 

sequences are summarized below in table 5.3 and table 5.4 respectively. Docking 

calculations revealed that 1DNE formed most stable complex with second ligand 

(mol-2) having binding energy of -13.54 kcal/mol. 195D also formed its best docked 

posed complex with second ligand (mol-2) having binding energy of -11.72 kcal/mol. 

Amongst all the obtained best docked posed complexes 1DNE had the maximum 

binding affinity with mol-2 and thus claiming itself to have formed the most stable 

drug-DNA complex. The docked pose corresponding to each drug-DNA complex is 

shown in figures 5.3 & 5.5 respectively. These figures reveal that both the drugs 

bonded themselves to the minor groove of each DNA sequence, whereas figures 5.4 

& 5.6 represent the interaction profile in 2D which reveals various types of 

interactions taking place between the DNA bases and the selected ligands, viz., 
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conventional hydrogen bonds, carbon hydrogen bonds, π-σ bonds, π-alkyl bonds and 

presence of Van der Waals & some attractive charges, etc. These interactions 

eventually lead to the stabilization or de-stabilization of the drug-DNA complexes 

formed. 

 

 

Figure 5.2: Figure showing chemical structures of the selected ligands 

 

Table 5.3: Table representing docking results for 1DNE sequence 

*all energies are in kcal/mol 

 

 

S. 

No. 

Molecule Substitution Exp. 

(ΔTm) 

1DNE 

R X (°C) Binding 

Free 

Energy 

(kcal/mol) 

Inhibition 

Constant 

 

(nM) 

Docking 

RMSD 

 

(Å) 

No. of 

Conformers 

Docking 

Temp. 

 

(K) 

1. mol-1 NHC(=NH)NH2 H 10.8 -11.17 6.49 72.575 3 298.15 

2. mol-2 NHC(=NH)-2-

Qu 

CH3 10.8 -13.54 119.86 83.548 1 298.15 
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Figure 5.3: Figure showing best docked posed complexes for 1DNE in 3D 

 

 

Figure 5.4: Figure representing the interaction profile for the best docked posed 

complexes in 2D for 1DNE 
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Table 5.4: Table representing docking results for 195D sequence 

S. 

No. 

Molecule Substitution Exp. 

(ΔTm) 

1DNE 

R X (°C) Binding 

Free 

Energy 

(kcal/mol) 

Inhibition 

Constant 

 

(nM) 

Docking 

RMSD 

 

(Å) 

No. of 

Conformers 

Docking 

Temp. 

 

(K) 

1. mol-1 NHC(=NH)NH2 H 10.8 -11.38 4.52 25.643 2 298.15 

2. mol-2 NHC(=NH)-2-

Qu 

CH3 10.8 -11.72 2.56 24.023 1 298.15 

*all energies are in kcal/mol 

 

 

Figure 5.5: Figure showing best docked posed complexes for 195D in 3D 
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Figure 5.6: Figure representing the interaction profile for the best docked posed 

complexes in 2D for 195D 

 

5.3.1.1 Hydrogen Bonding Analysis 

 There are few specific regions in the biomolecular systems that help in the 

quantification of the electron rich and electron deficient sites in the biomolecular 

complexes, and thus helps in the prediction of possible hydrogen bond formation sites 

within the system and the strength of the bond formed. Figures 5.7 & 5.8 represent 

the atomistic binding site for each of the drug-DNA complex along with 

corresponding H-donor/acceptor clouded regions at those binding sites. These 

clouded regions represent the atoms or group of atoms which have the tendency to 

donate/accept electrons for hydrogen bonding so as to achieve stability [45] during 

the docking calculations. Table 5.5 summarizes the donor and the acceptor residues 

involved in the formation of hydrogen bond between the DNA and ligands along with 

the length of the hydrogen bond. 
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Figure 5.7: Figure representing the H-bond donor and acceptor regions in best 

docked posed complexes for 1DNE 
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Figure 5.8: Figure representing the H-bond donor and acceptor regions in best 

docked posed complexes for 195D 
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Table 5.5: Following table represents the donor and the acceptor residues involved 

in the formation of hydrogen bond between the DNA and ligand atoms 

 

S. 

No. 

DNA 

Sequence- 

Drug 

No. of 

H- 

Bonds 

Formed 

Interacting Species Donor 

Species 

Accepting 

Species 

H-Bond 

Length 

(Å) 

1. 1DNE 

(Mol-1) 

4 LIG1:H16 - DC9:O4' LIG1:H16 DC9:O4' 2.684142 

LIG1:H19 - DT18:O3' LIG1:H19 DT18:O3' 1.923581 

LIG1:H32 - 

DA17:O1P 

LIG1:H32 DA17:O1P 1.930623 

LIG1:H27 - DG16:O3' LIG1:H27 DG16:O3' 1.721654 

2. 1DNE 

(Mol-2) 

2 LIG1:H1 - DA7:O3' LIG1:H1 DA7:O3' 2.387511 

LIG1:H - DT20:O4' LIG1:H DT20:O4' 1.758792 

3. 195D 

(Mol-1) 

6 LIG0:H - DA19:O4' LIG0:H DA19:O4' 1.865318 

LIG0:H - DT18:O3' LIG0:H DT18:O3' 2.534521 

LIG0:H - DT18:O2 LIG0:H DT18:O2 2.139825 

DG16:N2 - LIG0:O DG16:N2 LIG0:O 2.687842 

LIG0:H - DC15:O2 LIG0:H DC15:O2 2.109972 

LIG0:H - DG16:O4' LIG0:H DG16:O4' 1.800594 

4. 195D 

(Mol-2) 

3 LIG0:H - DT18:O4' LIG0:H DT18:O4' 2.981288 

LIG0:H - DT17:O2 LIG0:H DT17:O2 2.323480 

DG14:N2 - LIG0:N DG14:N2 LIG0:N 3.375634 

 

5.3.2 Molecular Dynamics Simulation 

Structural stability of the complexes over a pre-defined period can be 

elucidated via molecular dynamics simulations followed by certain analysis viz., 

variations in energy, variations in radius of gyration, variations in number of hydrogen 

bonds, root mean square deviations and root mean square fluctuations; during the 
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course of the simulation. Each of the above-mentioned variations are discussed 

separately as follows: 

5.3.2.1 Energy Variations 

The GROMACS energy variation obtained from molecular dynamics 

simulation of 1DNE and 195D for a time scale of 5000ps are shown in figure 5.9. 

Above variations in energies were obtained through gmx_energy programme inbuilt 

in GROMACS software suite [24]. The contributions of various kinds of energies 

obtained are tabulated in table 5.6. The variations in the energy values of 1DNE are 

minimum (variations up to a lesser extent) as compared to that of 195D. This indicates 

the formation of comparatively stable complexes between 1DNE: mol-1 & mol-2 

respectively. And hence the activity of selected drugs for 1DNE DNA sequence act 

as better antimicrobial agents than that of 195D [9]. However, confirmation of this 

fact requires analysis from various other perspectives and this lets the door opened for 

further research. 

Figure 5.9: Figure representing variations in energy of the drug-DNA complexes 
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Table 5.6: Various energy contributions during variations in energy 

 
Drug-

DNA 

Complex 

Bond 
 

 

(X 

102) 

Angle 
 

 

(X 10) 

UB 
 

 

(X 103) 

Proper 

Dihedral 

 
(X 103) 

Improper 

Dihedral 

 
(X 10) 

LJ- 

14 
 

(X 

103) 

Coulomb- 

14 

 
(X 104) 

Potential 
 

 

(X 105) 

1DNE 

(Mol-1) 

3.57 9.37 1.59 3.54 2.44 1.81 -1.36 -3.13 

1DNE 

(Mol-2) 

3.93 7.68 1.57 3.38 2.79 2.00 -9.89 -3.18 

195D 

(Mol-1) 

3.31 7.26 1.31 3.34 1.62 1.75 -1.36 -3.36 

195D 

(Mol-2) 

3.66 6.58 1.38 3.43 2.65 1.93 -1.00 -3.34 

 

5.3.2.2 Variation in Radius of Gyration 

To understand the compactness and dynamic stability of DNA-ligand 

complexes, radii of gyration values are determined [37, 38]. Radius of gyration was 

calculated through gmx_gyrate programme inbuilt in GROMACS software suite [24]. 

The variation in radius of gyration of DNA- ligand complexes can be seen from table 

5.7. The avg. radius of gyration for 1DNE and 195D are 1.2nm and 1.3nm~1.4nm, 

respectively. However, from the above table and figure, it can be concluded that 

1DNE shows fewer variations in its radius of gyration than the 195D and therefore 

this confirms the formation of stable complexes for 1DNE with both mol-1 as well as 

mol-2 than that of 195D. The collective Radius of Gyration variations are shown 

in figure 5.10. These variation results reveal that 1DNE DNA sequence remains most 

compact for the whole 5000ps molecular dynamics simulation apart from a few sharp 

fluctuations at around 2000ps and between 4500ps~4750ps respectively and hence 

confirms the stability of the complex [35]. 



159 
 

 

Figure 5.10: Figure representing variations in radius of gyration for drug-DNA 

complexes 

 

Table 5.7: Variation in radius of gyration for drug-DNA Complexes 

S. 

No. 

Drug 

Molecule 

1DNE 

(avg. RG) 

195D 

(avg. RG) 

1. Mol-1 1.2nm, consistent throughout the 

simulation 

Remark: Compact DNA structure; Most 

stable complex 

1.3nm~1.4nm, with numerous frequent 

sharp fluctuations 

Remark: unstable complex 

2. Mol-2 1.2nm, with sharp fluctuation at 2000ns, 

4500ns and ~4750ns resp. 

Remark: Compact DNA structure; 

stable complex within 4500ns 

1.275nm~1.425nm with numerous 

frequent sharp fluctuations 

Remark: unstable complex 

 

5.3.2.3 Variation in Number of Hydrogen Bonds 

Hydrogen bonds play a crucial role in determining the binding affinity as well 

as binding specificity in DNA-ligand interactions. Figure 5.9 depicts the variations in 
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the number of hydrogen bonds being formed and broken during the molecular 

dynamics trajectory for 5000ps.  Figure 5.11 shows that 1DNE forms a maximum of 

3 H-bonds with mol-1 and a maximum of 5 H-bonds with mol-2 respectively. 

However, 195D forms a maximum of 5 H-bonds with mol-1 and a maximum of 4 H-

bonds with mol-2 respectively. This suggests the stronger interaction between DNA-

ligand complexes of 195D. Thus, the overall results of hydrogen bonds suggest that 

despite the presence of lesser number of hydrogen bonds ligands attached to DNA 

sequence 1DNE could act as better antimicrobial agents than that of 195D [37] on 

account of previous results. However, concerning hydrogen bonding, 195D forms best 

complexes with its ligands. 

 

Figure 5.11: Figure representing variations in number of hydrogen bonds for drug-

DNA complexes 
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5.3.2.4 Root Mean Square Deviation 

The RMSD can be treated as the measure of the conformational stability of the 

complex during the course of molecular dynamics simulation [37]. Here, we are 

interested in examining the conformational stability and dynamical effect of ligand-

DNA complexes and to determine the most stable complex. The plots for RMSD of 

all the drug- DNA complexes are represented in figure 5.12. From the variations 

shown below, the RMSD for all ligand complexes corresponding to DNA sequence 

1DNE are almost consistent apart from that for 1DNE: mol-2, which shows a kink 

between 4500ps and 4750ps and thus destabilizes the complex. However similar 

pattern was also observed for 195D sequence which too had frequent sharp kinks 

throughout the 5000ps simulation and thus claiming to the stability of all its 

complexes. Whereas 1DNE: mol-1, owes to the least deviations and hence confirms 

for having had formed most stable complex. 

 

Figure 5.12: Figure representing RMSD for Drug-DNA Complexes 
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5.3.2.5 Root Mean Square Fluctuation 

Well-structured regions and loosely bound regions in DNA strands are 

distinguished by low and high root mean square fluctuations values respectively [38]. 

RMSF also records the fluctuation of each amino acid base pair including the 

fluctuations in the flexible regions within the nucleic acid during the course of the MD 

simulation. A fluctuation between 1~3 Å is acceptable for biomolecular systems [38]. 

The graphs shown below in figure 5.13 suggest that 1DNE: mol-1 had the least 

fluctuations among and hence forms the most stable complexes among all. 

 

Figure 5.13: Figure representing RMSF for Drug-DNA Complexes 

 

5.3.3 Free Energies 

Variations in polar solvation free energies are shown below in figure 5.14. 

The Poisson equation for polar solvation is a fundamental equation of continuum 

electrostatics [39]. It is a linear, second- order, partial differential equation: 

)())()(( rrr


 =•−  for r      (5.6) 
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which expresses the electrostatic potential (φ) terms of a dielectric coefficient (ε) and 

a charge distribution (ρ) for all points (r) in some domain (Ω). The Poisson-Boltzmann 

equation for polar solvation is [40]: 
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Figure 5.14: Variation in polar solvation free energy for Drug-DNA Complexes 

 

A-polar or non-polar solvation involves the interaction of the system with 

uncharged solutes. This method of solvation usually includes hydrophobic interaction 

studies. Several biological phenomena are associated with non-polar solvation of the 

system, beginning from protein-protein interactions to protein folding and energetics 

involved [40]. 

Research in the field of atomistic simulations will continue to enhance our 

understandings of the role of solvation methods (polar or non-polar) of biomolecular 

structure and dynamics. Since the major contribution of solvation energies is that 



164 
 

which is required to create a solvation cavity. This cavity generation term explains the 

amount of work done to accommodate within the solvent and extremely strong solute-

solvent interactions [41], etc. Figure 5.15 shows that the a-polar solvation free energy 

for ligand complexes of 1DNE and 195D lies between 90~105kJ/mol and 

110~130kJ/mol respectively. Therefore, we may predict that 1DNE requires lesser 

cavity creation energy that 195D. Also, the non-polar solvation process (strong and 

attractive solvent-solute interactions) cannot be easily decoupled [42-44] and 

therefore on this basis 1DNE complexes attain more stability over 195D. Table 

5.8 shows the component-wise free energy contribution of each drug-DNA complex. 

The residue wise total energy as calculated by residue decomposition analysis of the 

G-MMPBSA module is represented in figure 5.16. 

 

Figure 5.15: Variation in a-polar solvation free energy for Drug-DNA 

Complexes 
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Table 5.8: Table representing the component-wise free energy contributions for each 

drug-DNA pair 

S. 

No. 

Energy Term 1DNE 195D 

Mol-1 (kJ/mol) Mol-2 (kJ/mol) Mol-1 (kJ/mol) Mol-2 (kJ/mol) 

1 Van der Waals 

energy 

-97.318±9.428 -185.255±23.278 -66.352±31.113 -121.989±19.503 

2 Electrostatic 

energy 

-49.417±12.248 -44.114±17.444 -50.176±34.099 -33.822±25.373 

3 Polar solvation 

energy 

51.252±9.816 34.384±33.969 41.507±35.380 17.709±27.876 

4 SASA energy -10.254±0.829 -18.334±2.055 -7-719±2.810 -13.414±2.072 

5 Binding energy -105.736±17.243 -213.319±39.215 -82.740±37.767 -151.517±28.417 

 

 

Figure 5.16: The residue interaction map calculated by residue decomposition 

analysis of G-MMPBSA module 
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5.4 Conclusions 

Computational techniques have been key players in drug designing and 

pharmacy industries. New and potent drugs are designed and existing drugs are 

studied for their relative action tendencies using various computational 

methodologies. In this chapter, interaction, stability and dynamics of drugs in the 

vicinity of DNA was studied. The optimized chemical structures of ligands when 

docked to selected DNA generated best docked pose by finding the most stable 

binding site. These docked complexes were subjected to molecular dynamics for 

evaluation of their stability. We then performed free energy calculations in order to 

support the results obtained through molecular dynamics simulations. 

Molecular docking results reveal that both the selected molecules 

corresponding to 1DNE & 195D show stabilizing interactions because of the 

comparable binding affinities. However, since binding energy obtained for 

1DNE+mol-2 is least and also more interactions were observed in complexes of 

1DNE; this supports the stability of its complexes. It was also observed from the 

obtained results that all the ligands were minor groove binders and were docked to 

AT-rich sited of the DNA, as preferred by minor groove binders. The results obtained 

through hydrogen bonding analysis suggested that donor region had greater extent in 

1DNE and acceptor clouded regions had more extent in 195D. The results also 

represented the DNA bases involved in the hydrogen bond formations. 

Results obtained from the molecular dynamics simulation show the time 

dependence and the stability of selected molecules in the vicinity of DNA. Radius of 

gyration, RMSD and RMSF analysis were done from the trajectories obtained via MD 
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studies; all these results were comparable & thus favor the stable complex formation 

for both. However, the radius of gyration, RMSD & RMSF analyses reveal a stable 

complex formation for mol-1 & mol-2 with 1DNE. 

Free energy calculations were carried out for better understanding of the 

results obtained through MD simulations. The results obtained suggest that since 

binding energies for 195D is less than 1DNE, obtained through various contribution 

terms, so 195D has the most stable complex formation tendency than 1DNE. 

Conclusively, this study describes the properties and dynamics of DNA on the 

interaction with 2,5-diaryl furan derivatives, taking the account of deformation upon 

binding which can play significant role in the discovery of new minor groove binder 

as a regulator of gene expression. Obtained results not only predicted the 

conformational stability of the DNA with the ligands but also gave a firm affirmation 

regarding the usage of computational techniques for studies of time dependence of the 

interaction and stability of drug-DNA complexes. 
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Exploring Interactions of Some DNA Binding Ligands 

through Molecular Docking, Molecular Dynamics 

Simulations and Quantum Mechanical/Molecular 

Mechanical (QM/MM) Calculations 

 

 

 
6.1 Introduction 

Nucleic acids are the most prominent targets for a number of anticancer, 

antiviral, antitumor, antiprotozoal and antiparasitic drugs. Some of these drugs are 

either currently in medicinal usages or under clinical trials. Most of these drugs hold 

aromatic rings within them i.e., they are the derivatives of aromatic class of 

compounds. Groove binding and intercalation are the two major drug binding modes 

with which drugs bind themselves with DNA. Intercalation needs conformational 

changes in DNA due to the formation of intercalation gap between the DNA base pairs 

whereas, in contrast, minor groove binders which do not require any conformational 

changes to the DNA [1-4]. Major groove of the DNA has a width of 11.7Å and depth 

of 8.8Å, and therefore it holds multiple sites for intercalation which result in the 

formation of comparatively stronger bonds. Whereas, the width and depth for minor 

groove of the DNA are 5.7Å and 7.5Å respectively and hence there is no availability 

of binding pockets in the vicinity of DNA. Geometrical flexibility is an important 

parameter of DNA minor groove binders. They tend to acquire crescent shape while 

binding them to DNA and hence stabilize the complex [5]. The structural arrangement 

of base pairs gives rise to the architecture of major and minor grooves and the 
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environment of each groove is different at molecular prescriptive. On a statistical note, 

typically, minor groove binders bind to B-DNA with the higher binding affinity 

towards AT- rich centers [6,7]. However, the intercalators are usually geometrically 

planar molecules with several fused rings, and are usually insert between the adjacent 

base pairs of DNA duplex by their planar moiety. These interactions are quite strong 

although the fact that energy is consumed due to the unwinding of the helix and 

unstacking of the base pairs during complex formation. Hydrophobic interactions 

between ligand and DNA bases contribute towards the stability of intercalated 

complexes [8-10]. DNA minor groove is the target for many anticancer and antitumor 

drugs. The forces that contribute in DNA-minor groove binding are electrostatic 

forces, van der Waal’s interactions, hydrophobic interactions, and hydrogen bonding. 

Sequence specificity is a major clause in drug-DNA interactions. It has been observed 

that, minor groove binding drugs show selectivity towards AT rich region, several 

factors are also responsible for this first is electrostatic potential of AT-rich region is 

higher than that of GC-filled ones and the second one is that the AT-rich grooves are 

narrower and deeper than GC ones and thus allowing better binding and interactions. 

Minor groove of the DNA has alternating A and T bases which allows van der Waals 

contacts between the drug and DNA however no such contact is observed in GC-rich 

regions because the geometry of groove is altered by bulky amino groups of guanine 

bases. 

In this work, some ligands were taken that were claimed to have antimicrobial 

activities and were subjected to exhaustive computational studies. Molecular modeling 

techniques such as molecular docking, molecular dynamics simulation, and Quantum 
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Mechanical/Molecular Mechanical (QM/MM) calculations have been used for the 

estimation of binding energies, which was then comparatively studies and evaluations 

were made to reach a conclusive remark. 

Molecular docking was first done using AutoDock4 software for identifying 

the drug binding site followed by molecular dynamics simulation for both the drug-

DNA complexes using GROMACS software. The data obtained from molecular 

dynamics simulation was analyzed for energy variations, variations in radii of 

gyrations, variations in number of hydrogen bonds, root mean square deviations and 

root mean square fluctuations. Further, QM/MM calculations were carried out using 

the ONIOM scheme of Gaussian09 software by taking several snapshots at time 

interval of 1ns for the entire molecular dynamics simulations. 

The results obtained from these calculations will create opportunities for 

further In-vitro & In-vivo studies for the correct determination and applicability of 

better antimicrobial agent amongst the selected molecules. 

6.2 Methodology 

6.2.1 System Selection and Preparation 

The lead molecules (ligand-1 & ligand-2), for the current study were taken 

from the literature [11]. Their chemical structures are shown below in figure 6.1. The 

DNA sequence 1BNA [12] was obtained from Protein Data Bank [13]. Its structural 

information including its specific nucleic acid bases sequences and PDB ID is 

mentioned in table 6.1, as obtained from Discovery studio visualizer [14].  Water 

molecules, from downloaded DNA sequences were removed using UCSF Chimera 

software [15] to prepare them for docking and molecular dynamics simulations. 
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Table 6.1: Nucleic Acid Report for 1BNA 

S. No. PDB Id. Nucleic Acid Sequence from 

Available Structure 

Basic Information 

1. 1BNA B-DNA DODECAMER 

(5'-D(CGCGAATTCGCG)-3') 

Chain A: 

CGCAAATTTGCG 

 Chain B: 

CGCAAATTTGCG 

• Cell Space Group: 19 (P212121 

Origin-1 Choice: 1) 

• Crystallographic Resolution: 1.20 Å 

• Molecular Weight of Nucleic Acid 

Chains: 7268.84 

• Number of Nucleic Acids: 24 

• Experimental pH: 6.5 

 

 

Figure 6.1: Figure representing the selected antimicrobial ligands 

6.2.2 Molecular Geometry Optimization 

The geometry optimization is a crucial step in molecular modeling studies. The 

reason that leads to it is that, geometry optimization would put the entire molecular 
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system to its lowest possible energy state; in which it experiences least steric 

hindrances and least charge repulsions; as the system would then have attained a 

maximized distance between the bonds, the angles and corresponding dihedrals [16]. 

Also, the electrostatic charges tend to get equally distributed throughout the system 

leading to the electron transfer between definite pair of atoms; and eventually no 

distortions in the chemical structures are offered [17]. Here, the geometry optimization 

of selected ligands was carried out using Gaussian 09 software [18] by applying 

B3LYP hybrid density functional and 6-31G** basis set for their potentials to attain a 

local minimum. These optimized ligands were then led to docking calculations. 

 

6.2.3 Molecular Docking Studies 

Molecular Docking is a widely used computational technique to predict the 

binding site and a few underlying interactions of potent inhibiters in the vicinity of 

their corresponding target molecules. Molecular docking plays an important role in the 

determination of ligand binding site and associated binding affinity [19]. 

In the current study, docking was carried out using Autodock4 software [20]. 

Molecular docking calculations were set up using classical Lamarckian Genetic 

Algorithm (LGA). Then, missing Gasteiger charges were added to each drug-DNA 

complex using Autodock Tools (ADT) before starting the docking simulations. A grid 

box that enclosed the macromolecule having different dimensions along all the three 

coordinate axes was prepared for each of the two drug-DNA complexes. A simulation 

was carried out with 20 LGA runs having a maximum cycle of 2500000 energy 

evaluations for each of the drug-DNA complex. The docked pose corresponding to the 
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least binding affinity was extracted and aligned with the receptor (DNA) for further 

analysis. 

6.2.4 Molecular Dynamics Simulation 

Over several years, molecular dynamics has evolved itself to be a very reliable 

computational technique in the studies of the time evolution of systems. The study of 

dynamic characteristics of biological systems viz., protein folding, winding & 

unwinding and other conformational changes including complex stability, over a 

specified period of time gets easier to depict by studying it through molecular 

dynamics. Its applications have gained significant importance due to lack of 

experimental resources [21]. 

In the current study, GROMACS 5.0.4 software package [22] was used to carry 

out all the molecular dynamics simulations. A total of two drug-DNA complexes were 

created keeping using the best docked poses obtained after docking for molecular 

dynamics simulations viz., (1BNA+ lig-1 and 1BNA+lig-2). A simulation for 5000ps 

was carried out for the studies of their dynamical behavior. There are many force fields 

proposed for the MD simulation studies of nucleic acids such as, CHARMM, AMBER, 

GROMOS, OPLS, ENCAD and BMS. Moreover, many studies have been performed 

regarding the comparison of force fields for the nucleic acids but AMBER force fields 

seem to be good for nucleic acid simulation due to the presence of specific topologies 

for the terminal nucleotides [23]. During the current simulation, Amber03 force field, 

which was already embedded in GROMACS software suite, was used to generate the 

topology for the DNA sequence and antechamber module of AMBER program was 
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used to generate topology of selected ligands through a python script: ‘acpype.py’ 

[24]. 

The Ligand-DNA complexes were solvated in a box of different dimensions 

along the three axes using TIP3P water model at 298K [25]. Sodium ions were then 

added to the solvated boxes containing the DNA-ligand complexes by randomly 

replacing the water molecules in order to neutralize the system, as the biological 

systems needs to be neutral overall before the production run begun. Particle Mesh 

Ewald (PME) was used to handle long-range electrostatic interactions under periodic 

boundary conditions [26]. Energy minimization of the whole system was carried out 

in 25000 steps using Steepest Descent leap- Frog Integration Method followed by 

NVT ensemble equilibration at a constant temperature of 300K for 50s using 

Berendsen thermostat [27]. The system was then equilibrated with NPT ensemble at a 

constant pressure of 1atm in 25000 steps using steepest descent leap-frog integrator 

[27]. All the bonds involving hydrogen atoms were constrained using the LINCS 

algorithm [28]. Graphs were plotted using XM-grace software [29]. Variations in 

energies, Root mean square deviation (RMSD), root mean square fluctuations 

(RMSF), radius of gyration (Rg) and hydrogen bond distribution for each system was 

determined by the analysis of MD trajectories. The MD trajectories were visualized 

by means of VMD [30]. 

6.2.5 QM/MM Calculations 

A total of 5 snapshots at 1ns each from the molecular dynamics results as 

obtained from GROMACS, for each of the two drug-DNA complexes was extracted 

using VMD and that formed the basis of the starting point of the QM/MM calculations. 
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These structures contained the bimolecular system surrounded by water droplets of 

around 20000-30000 atoms in number and this setup requires a lot of prior work to 

avoid errors and wrong choices regarding the actual QM/MM calculations. 

In this chapter, the quantum mechanical/molecular mechanical (QM/MM) 

calculations were performed using the two-level ONIOM method embedded within 

the Gaussian 09 program. B3LYP hybrid functional along with 6-31++G basis set was 

used for the higher layer (QM region of the system) whereas AMBER force field was 

incorporated for the lower layer (MM region of the system) and all the surrounding 

water molecules and Na+ ions were kept frozen. Figure 6.2, shown below, depicts the 

two layered ONIOM scheme of Gaussian09 used in the current study. The mechanical-

embedding version of ONIOM was used for geometry optimization and the energy of 

the high or QM region is calculated. Now, the co-ordinate of QM region from the 

optimized system is extracted, which is further subjected to geometry optimization and 

the energy of QM region in the gas phase is calculated by the same method. The 

interaction energy between the DNA and drug molecule is calculated with the help of 

equation: 

ΔEIE = EQM (gp) – EQM (pp)        (6.1) 

Where, 

ΔEIE is the interaction energy between drug and the DNA, 

EQM (pp) is the energy of QM region in nucleic acid phase, 

EQM (gp) is the energy of QM region in the gas phase. 
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The electronic-embedding model of the two layered ONIOM (ONIOM-EE) 

method was used for single point energy calculation using the B3LYP hybrid DFT 

functional along with 6-31++G basis set for the QM region and AMBER force field 

for the MM region. The single point energy of QM region in the gas phase using the 

same method was also calculated. The interaction energy between the DNA and drug 

was calculated using above mentioned formula. 

 

 

Figure 6.2: Figure depicting the two layered ONIOM Scheme for QM/MM 

 

6.3 Results and Discussion 

This study was aimed to identify new leads, targeting binding affinity, 

structural stability, underlying interactions at atomic levels and applicability for 

antimicrobial ligands as potent drugs which target DNA. The results obtained through 

various computational calculations are discussed and summarized as follows: 
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6.3.1 Molecular Geometry Optimization 

It is often suggested to optimize the geometry of the lead molecules before 

performing the docking simulations because then the repulsions between their nearest 

bonded atoms, between their angles and between corresponding dihedrals would get 

minimized and the lead molecules would attain such an energy state having least 

repulsion and therefore owing to maximum stability and the geometrical orientation 

of that state would correspond to minimum energy [31]. The optimized geometries of 

the selected ligands are shown below in figure 6.3. 

 

Figure 6.3: Figure showing optimized structures of the selected ligands 

 

6.3.2 Molecular Docking 

The lead molecules (lig-1 & lig-2) were docked to the selected sequence calf 
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thymus DNA sequence (PDB Id: 1BNA) for the evaluation of its interaction 

tendencies, complex formation tendencies, and stability analysis of the best docked 

posed complex. The docking results, corresponding to the selected DNA sequences 

are summarized below in table 6.2. 

A perusal of table 6.2 revealed that 1BNA with lig-1had the least binding 

affinity and therefore has formed more stable complex with the DNA than lig-2. 

Various other parameters that contributed towards docking binding affinity are 

mentioned in table 6.3. This indicates that since lig-1 had lesser binding energy, it 

owes to maximum stability of the formed complex. The docked pose corresponding to 

each drug-DNA complex is shown in figure 6.4. These figures reveal that lig-1 bonded 

itself to the major groove of the DNA whereas lig-2 bonded itself to the minor groove 

of the DNA. 

Further figure 6.5 represents the interaction profile in 2D which reveals 

various types of interactions taking place between the DNA bases and the selected 

ligands, viz., conventional hydrogen bonds, carbon hydrogen bonds, π-σ bonds, π-

alkyl bonds and presence of some attractive charges, etc. These interactions eventually 

lead to the stabilization of the drug-DNA complexes formed. 

Molecular docking results also revealed that as bulky groups were attached to 

base structure of lig-2 as compared to lig-1 and when docked to DNA, there were less 

number of hydrogen bonding interactions with lig-1 and DNA than that with lig-2; 

owing to more steric hindrances and consequently the fact that number of hydrogen 

bonding interactions decrease on attaching bulky groups complement the obtained 

results. These hydrogen bonding interactions were obtained from Discovery Studio 
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Visualizer and are discussed below in detail. 

Table 6.2: Table representing various docking results for 1BNA DNA sequence 

S. No. Ligand Binding Energy 

(kcal/mol) 

Docking RMSD 

(Å) 

1. lig-1 -5.37 12.794  

2. lig-2 -10.69 27.648 

 

 

Table 6.3: Table representing various contributing terms to binding energy 

S. No. Contributing Factors 

 

Corresponding Energy 

Lig-1 (kcal/mol) Lig-2 (kcal/mol) 

1 vdW + H-bond + desolv. Energy -5.87 -9.26 

2 Electrostatic Energy -0.09 -2.62 

3 Final Total Internal Energy -0.67 -0.23 

4 Torsional Free Energy +0.60 +1.19 

5 Unbound System's Energy -0.67 -0.23 
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Figure 6.4: Figure showing best docked posed complexes for 1BNA 

 

 

Figure 6.5: Figure representing the interaction profile for the best docked posed 

complexes in 2D 
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6.3.2.1 Hydrogen Bonding Analysis 

 In biomolecular systems there are some electron rich and electron deficient 

sites and thus helps in the prediction of possible hydrogen bond formation within the 

system and the strength of the bond formed. Figures 6.6 & 6.7 represent the atomistic 

binding site for each of the drug-DNA complex along with corresponding H-

donor/acceptor clouded regions at those binding sites. These clouded regions represent 

the atoms or group of atoms which have the tendency to donate/accept electrons for 

hydrogen bonding so as to achieve stability [35] during the docking calculations. 

Whereas table 6.4 summarizes the residues involved in the formation of hydrogen 

bond between the DNA and ligands along with the length of the hydrogen bond. 

 

Figure 6.6: Figure showing H-bonds in best docked posed complexes 
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Figure 6.7: Figure representing the H-bond donor and acceptor regions in best docked 

posed complexes 

 

Table 6.4: Following table represents the donor and the acceptor species and H-bond 

length formed between the DNA and drug atoms 

S. No. Complex No. of H-Bonds Interacting Species H-Bond Length 

(Å) 

1. 1BNA+lig-1 3 LIG1:H23 - DA18:OP2 

DA18:N6 - LIG1 

DA18:N6 - LIG1 

2.016971 

3.767351 

3.702694 

2. 1BNA+lig-2 6 LIG0:H - DT19:OP1 

LIG0:H - DA18:O3' 

LIG0:H - DT7:O2 

LIG0:H - DT19:O2 

LIG0:H - DT7:O2 

LIG0:H - DT8:O4' 

2.044760 

1.938946 

2.743386 

1.870977 

2.491069 

2.166167 
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6.3.3 Molecular Dynamics Simulation 

Structural stability of the drug-DNA complexes can be elucidated, over a pre-

defined period of time, via molecular dynamics simulations. The MD simulations were 

accompanied by certain analysis viz., variations in energy, variations in radius of 

gyration, variations in number of hydrogen bonds, RMSD and RMSF for better and 

atomistic insights into the drug-DNA complexes during the course of the simulation. 

Each of the above-mentioned variation are discussed individually as follows: 

 

6.3.3.1 Energy Variations 

The variations in the contributing terms in the energy of the complexes are 

shown below in figure 6.8. These variations were obtained through gmx_energy 

programme inbuilt in GROMACS software suite. The variations in the energy values 

for both the complexes are comparable. This indicates the formation of stable 

complexes for both lig-1 & lig-2 with same DNA sequence. However, confirmation of 

this fact requires analysis from various other perspectives and this lets the door opened 

for further research. 
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Figure 6.8: Figure representing variations in energy of the drug-DNA Complexes 

 

6.3.3.2 Variation in Radius of Gyration 

Radii of gyration values are determined in order to understand the compactness 

and dynamic stability of drug-DNA complexes [32, 33]. Radius of gyration was 

calculated through gmx_gyrate programme inbuilt in GROMACS software. The 

average radius of gyration for both the complexes falls between 1.275nm and 1.475nm, 

respectively. The collective radius of gyration variations is shown in figure 6.9. These 

variation results reveal that DNA in both the complexes remains compact for the whole 

5000ps molecular dynamics simulation and hence claims for the stability of the 

complex [34]. 
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Figure 6.9: Figure representing variations in radius of gyration of the drug-DNA 

Complexes 

 

6.3.3.3 Variation in Number of Hydrogen Bonds 

Hydrogen bonds are important parameters in the determination of specific 

binding sites in DNA-ligand interactions. Figure 6.10 depicts the variations in the 

number of hydrogen bonds being formed and broken during the molecular dynamics 

trajectory for 5000ps. The same figure also shows that complex-1 forms a maximum 

of 4 H-bonds whereas complex-2 forms a maximum of 8 H-bonds. This suggests the 

stronger interaction between DNA and ligand in complex-2. Thus, the overall results 

of hydrogen bonds suggest that complex-2 could act as better antimicrobial agents [32] 

on account of previous results. 
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Figure 6.10: Figure representing variations in number of hydrogen bonds for drug-DNA 

Complexes 

6.3.3.4 Root Mean Square Deviation 

RMSD is considered as the measure of the conformational stability of the 

complex during the course of molecular dynamics simulation [32]. Here, our interest 

lies in examining the conformational stability and dynamical effect of ligand-DNA 

complexes and hence to determine the most stable complex amongst the two. The plots 

for RMSD of both drug-DNA complexes are represented in figure 6.11. In the 

variations shown below, the RMSD for both complexes are similar and thus both of 

them claim towards the stabilization of the complexes. However, complex-2 shows 

consistency in the variations which is missing in that ofcomplex-1 and this adds to the 

benefit of the results obtained in favor for complex-2. 
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Figure 6.11: Figure representing RMSD for Drug-DNA Complexes 

 

6.3.3.5 Root Mean Square Fluctuation 

Well-structured regions and loosely bound regions in proteins and nucleic acid 

strands are distinguished by low and high root mean square fluctuations values 

respectively [33]. RMSF also records the fluctuation of each amino acid base pair 

including the fluctuations in the flexible regions within the nucleic acid during the 

course of the MD simulation. For small proteins, a fluctuation between 1~3 Å is 

acceptable [33]. The graph shown below in figure 6.12 suggests that complex-2 had 

the least fluctuations in its residues from beginning till the end of the simulations, and 

hence claims to be the most stable complex. 
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Figure 6.12: Figure representing RMSF for Drug-DNA Complexes 

 

6.3.4 Quantum Mechanical/Molecular Mechanical (QM/MM) Calculations 

The interactions energies between drug & DNA were calculated for both the 

complexes using previously discussed ONIOM method by employing B3LYP hybrid 

functional. The geometry optimization was performed using the basis set 6-31G** for 

the quantum mechanical (QM) region (high layer) and amber force field for molecular 

mechanical (MM) region (low layer). The optimized geometry of complex having the 

least interaction energy is shown in figure 6.13. All the interaction energies were 

calculated using equation 1. The calculated interaction energies from QM/MM 

calculation using ONIOM scheme are mentioned below in table 6.5. It was observed 
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that the interaction energy of DNA-Ligand complexes does not only depend on the 

chemical structure of ligand but also depends on the DNA sequence and specificity.  

 

Figure 6.13: Figure representing one of the snapshots of drug-DNA complexes 

 

Table 6.5: Table showing the obtained energies (ΔEIE) through QM/MM calculations 

S. 

No. 

Time Scale Complex-1 Complex-2 

ΔEIE 

(kcal/mol) 

ΔEIE 

(kcal/mol) 

1 1ns -1.733 -4.367 

2 2ns +2.902 -7.282 

3 3ns -1.714 -3.334 

4 4ns -1.300 -4.578 

5 5ns -2.125 -1.776 
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6.4 Conclusions 

DNA minor groove binding drugs are of high pharmaceutical potential because 

of their mode of action towards anticancer, antiviral, antibacterial activities are directly 

related to their binding with nucleic acids. A computational approach that combines 

with quantum mechanics, molecular docking, and molecular dynamics simulation 

predict the energetic pattern of the DNA-ligand binding was presented. 

Docking results revealed that lig-1 was bound to major groove of the DNA 

whereas lig-2 was bound to minor groove of DNA. They were strictly bound to AT-

rich regions of the DNA. Docking calculations revealed that with mol-2 had least 

binding energy of -10.69 kcal/mol. This claims to maximum stability of the formed 

complex between mol-2 and 1BNA. 

The results obtained through hydrogen bonding analysis suggested that 

complex-1 had both donor and acceptor clouded regions essential for the formation of 

hydrogen bonds but due to presence of bulky groups greater interactions could not be 

achieved. However, complex-2 had greater extent of donor clouded regions but due to 

presence of non-bulky substituents, hydrogen bonding was preferred. This analysis 

also represented the DNA bases involved in the hydrogen bond formations. 

Molecular dynamics simulation shows the time evolution of the stability of 

ligands in the vicinity of DNA. Radius of gyration, hydrogen bonding, RMSD and 

RMSF analysis were done from the trajectories obtained via MD studies; all these 

results favor the stable complex formation for lig-2 with 1BNA. Radius of gyration & 

RMSD values reveal that ligands remain bound to the preferred binding positions of 

the DNA without any considerable deviations; whereas the hydrogen bonding data 
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reveals that complex-2 has greater number of hydrogen interactions, as predicted by 

docking calculations. RMSF analysis revealed that the topological structure of DNA 

remains intact during the entire course of the simulation, inferring the stability of drug-

DNA complexes. 

QM/MM calculations were then carried out for better understanding of the 

results obtained through MD simulations. The results obtained suggest that since 

binding energies for lig-2 is less than lig-1, so complex-2 has the most stable complex. 

Because lig-2 did not offer any steric hindrances during the DFT studies and hence the 

repulsions between their nearest bonded atoms, between the angles and between 

corresponding dihedrals was minimized and the complex-2 attained an energy state 

having least bonded repulsions and therefore maximum stability was achieved and that 

state would correspond to minimum energy. 

Molecular docking predicted the binding pockets and MD simulation results 

highly support the predicted binding site. RMSD and RMSF analysis also indicate that 

none of the compounds detached from the system throughout the simulation. 

Advanced computational techniques such as, QM/MM calculations also predicted the 

similar results as obtained via molecular docking and molecular dynamics simulation, 

owing to incorporation of DFT. The results obtained through computational 

calculations not only predicted the conformational stability of the DNA with the 

ligands but also gave a firm affirmation regarding the time dependence of the 

interaction and stability of drug-DNA complexes. The extension of such studies 

involving computational techniques is not only limited to drug design and molecular 

modelling but also to drug metabolism. 
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Chapter-7 

 

Conclusions 

 

 
 

This chapter focuses upon the conclusions drawn from the investigations 

carried out on the computational studies of drug-DNA interactions in this thesis. It also 

provides the strategies for further research work in the field of drug discovery via 

computational advances. The concluding remarks made and the recommendations 

suggested for future works are as follows: 

1. The focus of the study is to confirm the importance of DNA sequence and 

specificity in directing the complex formation at molecular levels. And 

our study attempts to give detail insight on the complexity in binding modes of 

small molecules to DNA. 

2. Docking results were well explained through various series of analysis and thus 

were found to be in good co-relation with the results reported in the literature. 

3. Dynamical behavior of the system was well studied and critical analysis of the 

in-depth information regarding the stability of the drug-DNA complex with 

evolving time was done by evaluating various parameters such as, variations 

in energy, variations in radii of gyrations, variations in number of hydrogen 

bonds, RMSD and RMSF. 

4. The free energy calculations performed also added to the computational 

rigrousity of the calculations by incorporating the electrostatic effects and their 

exhaustiveness added to more detailed results, viz., energy contributions for 
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each component (van der Waals energy, electrostatic energy, polar solvation 

energy, binding energy and SASA energy) and also per-residue contribution 

was also obtained and hence critical analysis of the obtained results was 

achieved. 

5. QM/MM calculations provide much better results than that of other molecular 

modeling methods such as molecular docking and molecular dynamics results 

owing to incorporation of DFT. 

6. The use of MD simulations approach with QM/MM calculations allowed us to 

provide a theoretical protocol for complementing experimental techniques. 

 

These collaborative computational modelling studies performed at electronic 

structure levels can give a great insight and add huge valuable information in designing 

novel inhibitors in close relationship with experimental works. 
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C. Developed Scripts 
 
 

 
1. Bash (Shell) script for geometry optimization using Gaussian09 

2. Python script for extracting data from Gaussian09 log file 

3. Bash (Shell) script for automated docking using Autodock4 

4. Python script for extracting data from Autodock4 log file 

5. Bash (Shell) script for molecular dynamics simulation using GROMACS 

with amber03 force field 

6. Bash (Shell) script for molecular dynamics simulation using GROMACS 

with charmm27 force field 

7. Bash (Shell) script for molecular dynamics data analysis for amber03 & 

charmm27 force fields 

8. Bash (Shell) script for ligand preparation for molecular dynamics simulation 

using AMBER software 
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1. Bash (Shell) script for geometry optimization using Gaussian09 

 

 
#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

g09 $i.com 

cd .. 

done 

echo "*****optimization done*****"
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2. Python script for extracting data from Gaussian09 log file 

 

 

import glob 

import sys 

sys.stdout=open("data.txt", "w") 

for fn in glob.glob('*.log'): 

f=open(fn, 'r') 

atom=[]; basis=[]; charge=[]; scf=[]; homo=[]; 

lumo=[]; freq=[]; meth=[]; multi=[] 

while 1: 

 line=f.readline() 

 if not line: break 

   if line[0:8]==' NAtoms=': 

  at1=line[11:13] 

  atom.append(at1) 

  if line[0:16]==' Standard basis:': 

  bs1=line[17:25] 

  basis.append(bs1) 

  if line[0:9]==' Charge =': 

  ch1=line[11:12] 

  charge.append(ch1) 

  if line[0:10]==' SCF Done:': 

  scf1=line[25:39] 

  scf.append(scf1) 

  if line[0:12]==' Frequencies': 

  fq1=line[21:73] 

  freq.append(fq1) 

  if line[0:27]==' Alpha occ. eigenvalues --': 

  homo1=line[28:38] 

  homo.append(homo1) 

  if line[0:27]==' Alpha virt. eigenvalues --': 

  lumo1=line[28:38] 
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  lumo.append(lumo1) 

  if line[0:3]==' #p': 

  me1=line[13:19] 

   meth.append(me1) 

  if line[0:9]==' Charge =' and line[11:12]=='0': 

  mul1=line[28:29] 

  multi.append(mul1) 

 print fn, '\t', atom[1], '\t', basis[1], '\t', 

charge[1], '\t', scf[-1], '\t', freq[0], '\t', homo[-

1], '\t', lumo[1], '\t', meth[0], '\t', multi[0] 

sys.stdout.close()
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3. Bash (Shell) script for automated docking using Autodock4 

 

#!/bin/bash 

for i in lig1 lig2 lig3 lig4 

do 

cd $i 

prepare_ligand4=/home/anwesh/softwares/mgltools_x86_6

4Linux2_ 1.5.6/bin/pythonsh prepare_ligand4.py -l 

$i.pdb 

prepare_receptor4=/home/anwesh/softwares/mgltools_x86

_64Linux 2_1.5.6/bin/pythonsh prepare_receptor4.py -r 

rec.pdb 

prepare_gpf4=/home/anwesh/softwares/mgltools_x86_64Li

nux2_1.5.6/bin/pythonsh prepare_gpf4.py -l $i.pdbqt -

r rec.pdbqt -o grid.gpf 

autogrid4 -p grid.gpf -l grid.glg 

prepare_dpf42=/home/anwesh/softwares/mgltools_x86_64L

inux2_1. 5.6/bin/pythonsh prepare_dpf42.py -l 

$i.pdbqt-r rec.pdbqt -o dock.dpf 

autodock4 -p dock.dpf -l dock.dlg 

cd .. 

done 

echo "*****docking done*****"
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4. Python script for extracting data from Autodock4 log file 

 

import glob 

import sys 

sys.stdout=open("data.txt", "w") 

for fn in glob.glob('*.dlg'): 

f=open(fn, 'r') 

be=[] 

while 1: 

 line=f.readline() 

 if not line: break 

  if line[0:4]==' 1': 

  be1=line[11:17] 

  be.append(be1) 

 print(fn, be) 

sys.stdout.close()
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5. Bash (Shell) script for molecular dynamics simulation using 

GROMACS with amber03 force field 

 

Step 1: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx pdb2gmx -ignh -f dna.pdb -o conf.gro -water tip3p 

cd .. 

done 

echo "**********" 

 

Step 2: 

#!/bin/bash 

for i in 1 2 3 4 do 

cd $i 

gmx editconf -f conf.gro -o newbox.gro -c -bt 

dodecahedron -d 1.2 

gmx solvate -cs -cp newbox.gro -p topol.top -o 

solv.gro gmx grompp -f em.mdp -c solv.gro -p 

topol.top -o ions.tpr 

gmx genion -s ions.tpr -o solv_ions.gro -p topol.top 

-pname NA -nname CL -np 20 

cd .. 

done 

echo "**********" 
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Step 3: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx grompp -f em_real.mdp -c solv_ions.gro -p 

topol.top -o em.tpr 

gmx mdrun -v -nt 8 -deffnm em 

cd .. 

done 

echo "**********" 

 

Step 4: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx genrestr -f lig_GMX.gro -o posre_lig.itp -fc 1000 

1000 1000 

cd .. 

done 

echo "**********" 

 

Step 5: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx make_ndx -f em.gro -o index.ndx 

cd .. 

done 

echo "**********" 
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Step 6: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx grompp -f nvt.mdp -c em.gro -p topol.top -n 

index.ndx -o nvt.tpr 

gmx mdrun -v -nt 8 -deffnm nvt 

gmx grompp -f npt.mdp -c nvt.gro -t nvt.cpt -p 

topol.top -n index.ndx -o npt.tpr 

gmx mdrun -v -nt 8 -deffnm npt 

gmx grompp -f md.mdp -c npt.gro -t npt.cpt -p 

topol.top -n index.ndx -o md_0_1.tpr 

gmx mdrun -v -nt 8 -deffnm md_0_1 

cd .. 

done 

echo "**********" 
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6. Bash (Shell) script for molecular dynamics simulation using 

GROMACS with charmm27 force field 

 

Step 1:  

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i  

gmx pdb2gmx -f dna.pdb -ff conf.pdb -nochargegrp 

charmm27 -water tip3p -ignh -o 

cd .. 

done 

echo "**********"   

 

Step 2:  

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i   

gmx editconf -f conf.pdb -o boxed.pdb -c -d 1.2 -

bt octahedron 

gmx solvate -cs -cp boxed.pdb -o solvated.pdb -p 

topol.top gmx grompp -f em.mdp -c solvated.pdb -p 

topol.top 

trjconv -s topol.tpr -f solvated.pdb -o 

compact.pdb -ur compact -pbc mol 

cd .. 

done 

echo "**********" 
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Step 3: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx editconf -f conf.pdb -o boxed.pdb -bt octahedron 

-d 1.0 gmx solvate -cp boxed.pdb -o solvated.pdb -p 

topol.top 

gmx grompp -f em.mdp -c solvated.pdb -p topol.top -o 

ions.tpr 

gmx genion -s ions.tpr -o solvated.pdb -p topol.top -

pname NA -np 22 

cd .. 

done  

echo "**********"   

 

Step 4:  

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i   

gmx grompp -f em_real.mdp em.tpr -c solvated.pdb -p 

topol.top -o 

gmx mdrun -v -nt 6 -deffnm em 

cd .. 

done 

echo "**********" 
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Step 5: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx genrestr -f ligand.pdb -o posre_lig.itp -fc 1000 

1000 1000 

cd .. 

done 

echo "**********" 

 

Step 6: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx make_ndx -f em.gro -o index.ndx 

cd .. 

done 

echo "**********" 

 

Step 7: 

#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

gmx grompp -f nvt.mdp -c em.gro -p topol.top -n 

index.ndx -o nvt.tpr 

gmx mdrun -v -nt 6 -deffnm nvt 

gmx grompp -f npt.mdp -c nvt.gro -t nvt.cpt -p 

topol.top -n index.ndx -o npt.tpr 

gmx mdrun -v -nt 6 -deffnm npt 
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gmx grompp -f md.mdp -c npt.gro -t npt.cpt -p 

topol.top -n index.ndx -o md_0_1.tpr 

gmx mdrun -v -nt 6 -deffnm md_0_1 

cd .. 

done 

echo "**********"
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7. Bash (Shell) script for molecular dynamics data analysis for amber03 & 

charmm27 force fields 

 

 
#!/bin/bash 

for i in 1 2 3 4 

do 

cd $i 

trjconv -s md_0_1.tpr -f md_0_1.xtc -o 

md_0_1_noPBC.xtc -pbc mol -ur compact 

trjconv -s md_0_1.tpr -f md_0_1_noPBC.xtc -n 

index.ndx -dt 1 -b 1 -o last.pdb -fit rot+trans 

g_rms -s md_0_1.tpr -f md_0_1_noPBC.xtc -n index.ndx 

-o rmsd.xvg -tu ps 

g_rmsf -s md_0_1.tpr -f md_0_1_noPBC.xtc -n index.ndx 

-o rmsf.xvg 

g_hbond -s md_0_1.tpr -f md_0_1_noPBC.xtc -num 

hbond.xvg 

g_gyrate -s md_0_1.tpr -f md_0_1_noPBC.xtc -n 

index.ndx -o gyrate.xvg 

g_energy -f md_0_1.edr -o ener.xvg 

cd .. 

done 

echo "**********" 
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8. Bash (Shell) script for ligand preparation for molecular dynamics 

simulation using AMBER software 

 

 

#!/bin/bash 

for i in lig1 lig2 lig3 lig4 

do 

cd $i 

antechamber -i $i.pdb -fi pdb -o $i.mol2 -fo mol2 -c 

bcc -s 0 

parmchk2 -i $i.mol2 -f mol2 -o $i.frcmod 

cd .. 

done 

echo "**********" 


