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PREFACE 

This thesis is divided into six chapters, including the following: 

Chapter 1:  

This chapter introduces the background of the study, its rationale, relevance and the aims and 

objectives. This chapter also includes the summarized outline of this thesis. 

 

Chapter 2: 

This chapter provides a comprehensive review on the molecular protein target that was 

explored in this thesis and its involvement in the protein degradation process. Also, currently 

existing strategic therapeutic interventions in relation to this target were discussed coupled 

with their respective advantages and limitations. The historical background, function and 

structural characteristics of these approaches were appropriately elucidated.  

 

Chapter 3: 

This chapter explains computer aided drug design by discussing a various molecular dynamic 

approaches and applications. Moreover, the relevant application of these diverse techniques 

was appropriately discussed, and most especially with regards to the combinatorial in silico 

methods succinctly applied in the studies that constitute this thesis.  

 

Chapter 4: (Published work – this chapter is presented in accordance to the required 

format of the journal in which it was accepted for publication, hence it is the final 

version of the accepted manuscript). 

In this chapter, we highlight and provide a justification from the computational point of view 

and computational techniques suitable for covalent and non-covalent bad and good 

advantage. We also discuss the workability of each method, lapses and shortcomings.  

This review article has already been published in the journal of Protein Journal (IF = 1.317) 

in 2020. 
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Chapter 5: (Published work – this chapter is presented in accordance to the required 

format of the journal in which it was accepted for publication, hence it is the final 

version of the accepted manuscript). 

This chapter covers the second objective of this thesis, including a comparative study of the 

covalent versus covalent inhibition of the nucleotide binding domain of HSP72 protein. Upon 

the binding of these two covalent bond inhibitions via lysine56 and cysteine17, the optimal 

underlying mechanism was evaluated based on the structural and conformational molecular 

dynamic variations of the enzyme.   

This research article has also been published in the journal of Molecules (IF = 3.267) in 2020. 

Chapter 6: (Published work – this chapter is presented in accordance to the required 

format of the journal in which it was accepted for publication, hence it is the final version 

of the accepted manuscript). 

This chapter demonstrates the two different binding modes of the HSP72 protein. evaluates the 

third objective of the thesis: to compare the inhibition modes of HSP72 protein when bound 

covalently and non-covalently at the ATP binding domain. In addition, a detailed molecular 

understanding of ATP nucleotide binding domain structural mechanisms of inhibition was 

provided. 

This research article has been published in the computer in biology and medicine (IF = 3.434) 

in 2021.  

Chapter 7: (Published work- this chapter is presented in the required format of the 

journal and is the final version of the submitted manuscript). 

This chapter entitled “Comparison of irreversible inhibition targeting HSP72 protein - the 

resurgence of covalent drug developments”, describes the preferential binding of the third-

generation covalent inhibitor to the ATP binding domain. 

This research article has been published in the Molecular Simulation Journal (IF = 1.73). 
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ABSTRACT 

Cancer is the most complicated and diverse disease that has been menacing human beings 

worldwide. Up to date, important advancement has been done to improve the existing 

therapeutic interventions in the treatment and management of cancer. However, the side effect 

of these drugs that are mostly associated with the “off-target” effects is a perpetual failure in 

cancer drug development. Therefore, efficient regimen with minimal toxicities and high drug 

target selectivity should be achieved. Covalent inhibition is an emerging field in drug discovery 

and a very distinct category of therapeutics that reduces adverse side effects and possible 

interactions that lead to drug resistance due to its attainable reactivity and high selectivity.  

The Heat shock proteins (HSPs) play a crucial role in the clearance of damaged proteins by 

encouraging proteotoxicity and proteins acclamation. This process occurs by avoiding 

unsuitable stress-induced protein aggregation, ensure suitable refolding of denatured proteins, 

and promoting their degradation; thus, the involvement of this enzyme in many human 

diseases, including cancer. In this study, we delve into the structural features of one of the most 

crucial enzymatic targets of the stress proteins, the Heat shock proteins72. In drug 

development, the integration of computational techniques including molecular dynamic 

simulations, docking and molecular modelling has allowed drug developers to screen and 

syntheses millions of compounds and thus screen out possible lead drugs. Computer-Aided 

Drug Design has been validated as a cost-effective strategy to fast trace the drug discovery 

process due to these in silico methods. 

One of the characteristics of the HSP72 is its ability to be targeted either covalently or non-

covalently through small drug molecules. Therefore, the above-mentioned methods, amongst 

several other computational tools were employed out in this study to provide insights into 

conformational changes that explain potential covalent and non-covalent inhibitory 

mechanisms, binding sites assessment features leading to promising small molecule inhibitor 

candidates. 

These combinatorial computational studies offer an inclusive in silico perspective to fill the 

gap in drug design studies about targeting protein degradation, thus providing insights toward 

the structural characteristics of the pivotal target and describing promising drug developments.  
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OKUFINQIWE 

Umdlavuza isifo esiyinkimbinkimbi futhi esinhlobonhlobo kunazo zonke izifo ezihlupha 

abantu emhlabeni jikelele. Ukuthuthuka kwezobuchwepheshe okusesikhathini futhi 

okubalulekile ikhona osekudlale iqhaza elinzulu ekuphucukiseni ukungenelela kokwelapha 

[izindlela zokwelapha] okusetshenziselwa ekwalapheni kanye nokulawula umdlavuza. Kepha, 

imiphumela eqhamuka ngokungehloso uma udla imishanguzo ehlobene kakhulukazi 

nemiphumela “engashayi emhlolweni [engaqondiwe]” ikhomba ukwehluleka okuqhubekayo 

mayelana nokuthuthukiswa kwemishanguzo yomdlavuza. Ngako-ke, izinhlelo eziphumelelayo 

ezinobuthi okuyingcosana kanye nemishanguzo ekwazi ukukhetha okuphokopholelwe izona 

izinto okufanele zizuzwe. Ukuvinjelwa okuvamile (i-covalent inhibition) kungumkhakha 

osafufusa ocwaningweni lwemishanguzo futhi kunguhlobo lokwelapha oluqavile olukwazi 

ukunciphisa imiphumela emibi [eqhamuka uma udla imishanguzo] kanye nokwenzelana 

[ngenxa kwe-attainable reactivity kanye nokubandlulula okuphezulu (high selectivity)] 

okungenzeka okuholela ekungasebenzeni kwemishanguzo.  

Ama-heat shock proteins (HSPs) adlala indima ebalulekile ekususeni amaprotheni alimeleyo 

ngoku gqugquzela amaprotheni ukuthi ajwayele ushintsho oselukhona emzimbeni kanye 

nemiphumela yokulimala ngokweqile noma ukungasongeki ngendlela efanele kwamaprotheni. 

Le nqubo yenzakala ngokunqanda ukuhlangana kwamaprotheni angafanelekile adalwa 

ukucindezela kwengcindezi, iphinde futhi iqinisekise ukusongana ngendlela efanekileyo 

yamaprotheni abesengasongekile ngokwendalo, futhi iyaku khuthaza ukuncipha 

kwamaprotheni: kanjalo, nokubandakanyeka kwale-enzyme ezifweni eziningi eziphatha 

abantu, okubalwa kuzo umdlavuza. Kulolu cwaningo, sihlaziya izici zezakhiwo zama-enzyme 

ahlosiwe amaprotheni engcindezi abaluleke kunawo wonke, lawa ama-heat shock proteins72 

(HSP72). Ekuthuthukisweni kwemishanguzo, ukusetshenziswa kobuchwepheshe okubalwa 

kukho i-molecular dynamic simulation, i-docking, kanye ne-moleculur modelling sekuvumele 

osokhemisi ukuthi bakhone ukuhlanganisa baphinde bahlole izigidi zezinhlanganisela ukuze 

bekwazi ukukhipha imishanguzo okungenzeka ibe usizo. Lolu cwaningo olwenziwa 

ngamakhompyutha (ama-in silico methods) seluqinisekisile i-Computer-Aided Drug Design 

njengendlela [yokucwaninga] ebiza kahle ezo phuthumisa inqubo yokutholakala 

kwemishanguzo. 

Esinye sezici zama-HSP72 ikhono lawo lokuthi kwaziwe ukufinyelelwa kuwo covalently 

okanye non-covalently ngokusebenzisa amagqamuzana (molecules) amancane emishanguzo. 
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Ngaleyo ndlela, izindlela zocwaningo ezishiwo ngenhla, kanye nobunye ubucwepheshe 

obusebenzisa amakhompyutha, ikhona okusetshenzisiwe kulolu cwaningo ukuze umcwaningi 

ekwazi ukunikeza ukuqonda ngoshintsho olwenzeka esakhiweni sama-macromolecule 

(conformational change) okuyilona okungenzeka likwazi ukucacisa ngezindlela zokuvimbela 

ezi-covalent okanye non-covalent [izici zokuvivinya zezindawo zokuhlanganisa ezingaholela 

ezithikamizweni ezithembisayo ezincanyana zamagqamuzana (molecule) aqhudelanayo].  

Lezi zinhlobo zocwaningo ezisebenzisa izindlela zokubala ezibizwa ngokuthi i-combinatorial 

zikhona ukunikeza umbono ophelele ngocwaningo olwenziwa ngamakhompyutha (ama-in 

silico methods) ukuze kwazeke ukuvala isikhala esikhona ngolwazi oluphathelene nocwaningo 

lokuklama imishanguzo emelene nokunqoba ukukhahlazeka kwamaprotheni, ngaleyo ndlela 

kwazeka ukuthi kutholakale imibono ngesakhiwo sezici eziqondiwe ezinohlonze kanye 

nokuchaza ngezindlela ezithembisayo zokuthuthukiswa kwemishanguzo. 
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Figure 6. 11 The conformational dynamic of α-helix conjunction upon non-covalent binding at 

ATP binding site via non-covalent bond showing the wide conformation of Non-NBD of 

HSP72. 
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Figure 6. 12 Distance between C- α residues involving ALA60 and ARG261 α-helices of the 

NBD. The average distances were found to be 6.25 Å and 14.63 Å, respectively, for Cov-NBD 

HSP72 and Non-NBD HSP72 conformations. 
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Figure 6. 13 Non-NBD (A) and Cov-NBD(B) conjunction HSP72-NBD covalent and non-

covalent interaction mechanisms respect the bond distance between the conjunction residues. 

Crucial salt-bridge between Glu-268 and Lys-56 residues were missing in the Non-NBD wide 

conformation. 
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Figure 7. 1 Drug-enzyme interaction. Association of a L interacting with E in [A] conventional 

non-covalent and [B] covalent mode of action. Where is L: Ligand; E: Enzyme. 
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Figure 7. 2 2D structure of [A] TCI2 and [B] TCI8. 
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Figure 7. 3 The surface view of HSP72 [A] covalently bonded with TCI2 [B] and covalently 

bonded with TCI8. A close view of two covalent inhibition conditions (red color circle shows 

the covalent bond via Lys56). 
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Figure 7. 4 Comparative C-α RMSD plots showing the degree of stability and convergence of 

the studied systems over the 250ns MD simulation time. Crystal structure superimpose [A] and 

all ligand atoms alignment [B], were is the TCI2 (red) and TCI8 (yellow), with deferent binding 

pose direction at the ATP binding site α-helices region. 
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Figure 7. 5 The time evolution RMSF of each residue of the protein Cα atom over 250 ns for 

HSP72-Apo (Gray), and HSP72-TCI2 (green), and HSP72-TCI8 (magenta). Superposed of the 

α-helix region crystal structures of the studied systems to show differences in fluctuations in 

the α helix region. Comparative Cα RMSF plot showing the degree of major flexibility of 

certain N terminal NBD. ATP binding site α-helices flexibility [a] and [b] (Inset). 
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Figure 7. 6 Solvent accessible surface area (SASA) backbone atoms relative to the starting 

minimized structure over 250 ns for HSP72-Apo, HSP72-TCI2, and HSP72-TCI8. Areas with 

higher SASA values and lower SASA values are shown in blue and red, respectively, for 

HSP72-TCI2 [A], HSP72-TCI8 [B], and HSP72-Apo [C]. A close view for both ligands SASA 

values pocket-site. 
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Figure 7. 7 Dynamic cross-correlation matrix analyses for HSP72-TCI8 [A] and HSP72-TCI2 

[B] with unbound HSP72-Apo [C]. Numbers closer to 1 indicate high correlation, while those 

closer to -1 indicate anticorrelation between pairs of residues. X denoted the α-helices binding 

site of HSP72 via Lysine56. 
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Figure 7. 8 Clustering and principal component analysis on 250ns of equidistance 

conformations using the Bio3D package in R. The plots show the first three eigenvectors for 

HSP72-TCI2 complex [A] and HSP72-TCI8 complex [B], Conformers are colored according 

to the k-means clustering: cluster 1, blue; 2, red; 3, white. Dominant motions and captured 

eigenvector variance; and residue mobility for HSP72-TCI2 complex [a] and HSP72-TCI8 

complex [b]. The rectangular black shaped box marks the most flexible region. 
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Figure 7. 9 The conformational dynamic motion of HSP72-TCI2 covalent bond toward ATP 

binding domain are indicated in red arrows [A]. Comparative C-α RMSD plots showing the 

degree of stability induced by TCI2 at the ATP site [a]. Also shown is the ATP binding α-helix 

site superposition of unbound (red) and HSP72-TCI2 (green) form of the protein. (orange circle 

shows the covalent bond via Lys56). 
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Figure 7. 10 The conformational dynamic motion of HSP72-TCI8 covalent bond toward ATP 

binding domain are indicated in red arrows [A]. Comparative C-α RMSD plots showing the 

degree of instability and disruption induced by TCI8 at the ATP site [a]. Also shown is the ATP 

binding α-helix site superposition of unbound (red) and HSP72-TCI2 (magnet) form of the 

protein. (orange circle shows the covalent bond via Lys56). 
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Figure 7. 11 T Molecular visualization of TIC8 and TCI2 at the ATP binding sites (hydrophobic 

pockets of covalent bonds) of [A] HSP72-TCI8 [B] HSP72-TCI2. Inter-molecular interactions 

between two covalent inhibitors as mentioned and binding site residues in HSP72 complexes 

are shown in [a] and [b] respectively. Hydrophobic surface representations of TCI8 and TCI2 

covalent-bounds binding sites. The degree of hydrophobicity ranges from least (-3 → blue) to 

highest (+3 → deep brown). 
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Figure S5. 1 Comparative C-α RMSD plots showing the degree of stability and convergence 

of the studied systems over the 250ns MD simulation time; [A] Cysteine-NBD[B] Lysine-NBD 

[C] Apo. 
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Figure S6. 1 Comparative C-α RMSD plots showing the degree of stability and convergence 

of the studied systems over the 350ns MD simulation time; [A] Cov-NBD [B] Non-NBD [C] 

Apo. 
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Figure S6. 2 The radius of Gyration (ROG) of Cα atoms of NBD protein residues Apo-NBD 

(grey color), and Non-NBD (Blue color), and Cov-NBD (orange color). 
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Figure S7. 1 The radius of Gyration (ROG) of Cα atoms of HSP72 protein residues HSP72-

Apo (grey), HSP72-TCI2 (green), and HSP72-TCI8 (magnet). 
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CHAPTER 1 

 

     1. Introduction   

     1.1 Background and rationale of the study 

Cancer has been threatening people worldwide since ancient ages, being one of the non-

communicable diseases that are responsible for the larger part of deaths across the world (Yin 

et al., 2019). According to the World Health Organization (WHO), cancer is the ultimate cause 

of death before the age of 70 years in most countries globally (WHO, 2018). Cancer is the main 

cause of death and the major obstacle for improving life expectancy around the world in the 

21st century (Bray et al., 2018; Siegel, Miller and Jemal, 2019).  

The growth and division of cells that result from the uncontrolled cellular changes in the human 

body lead to the development of cancer. Different forms of cancer cause cells to grow and 

divide hastily, while others cause cells to grow and divide a slower rate (Baskar et al., 2014). 

There are several types of cancer; however, all the cancerous cells grow continuously, divide 

and leads to the formation of new abnormal cells (Boothman et al., 2019). Few classes of 

cancerous cells move from one part of the body to others through the circulation of blood, 

where they start growing. Tumors are cancerous and non-cancerous (benign). Benign tumors 

are not life-threatening and does not grow (Sudhakar, 2009). 

Besides lifestyle choices, such as smoking, excess body weight or poor nutrition, genetic 

factors can contribute to the disease's development. Several elements affect the ways that DNA 

communicates with cells and directs their division and death (Bouvard et al., 2009; Cogliano 

et al., 2011; Hecht, 1999). Conventional approaches for cancer treatment compromise a 

combination of chemotherapy, radiation therapy, and surgery. Some patients benefit from 

personalized cancer treatment that is usually based on the tumour genetic profile (Block et al., 

2015). However, the drug cannot always characterize the proteins involved in cancer, and 

sometimes it affects healthy tumour cells; thus, finding selective inhibitors is a pivotal objective 

in drug discovery (Visscher, Michelle R Arkin and Dansen, 2016).  

Drug selectivity is a key concept to achieve the proper drug effect and overcome interactions 

with undesirable targets that can be essential for biological processes in the human body 
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(Huggins, Sherman and Tidor, 2012). In order to increase the potency and selectivity of 

therapeutics, scientists have extended their hunt for different strategies that can contribute to 

the path through drug development. The covalent inhibition of pathogenic proteins is one of 

the reemerging strategies holding the attention of chemical biologist, because of their proven 

reactivity and selectivity to the biological receptors (Johnson, Weerapana and Cravatt, 2010; 

Liu et al., 2013). Covalent drugs have contributed to the curing of different diseases and 

pharmacological problems that could not be solved by the non-covalent inhibitors, due to their 

peculiar mechanism of action, allowing a prolonged linkage with the target (Zhao and Bourne, 

2018). Altogether, the desirable features of the covalent inhibitors explain the importance of 

covalent drugs in the pharmaceutical industry, as this class of therapeutics occupies, 

approximately, 30% of all drugs on the market, with anti-cancer drugs accounting for 21%. 

(Singh et al., 2011). 

Hsp70 is the main stress-inducing member of the chaperone family and is coded by two genes, 

HSPA1A and HSPA1B, producing structure isoforms of HSP72 (Kampinga et al., 2009). 

HSP72 is symmetrical to the 78 kDa glucose-regulated protein of 377 residues of amino acid 

that form in the nucleotide-binding domain (NBD), which play a senior role in coordinating 

unfolding protein response, HSP72 is identified as high level effective protein in malignant 

tumors of many origins and improve cancer cell survival (Nylandsted et al., 2000, 2002). Thus, 

HSP72 is demonstrated as a promising anti-cancer target due to its key role in expressing at 

high levels in malignant tumors of numerous origins (Jaattela, 1999). Hsp70 forms a transient 

chaperone interaction with substrate proteins through its C-terminal substrate-binding 

domain(SBD), according to their functional mechanism and molecular structure (Mayer and 

Bukau, 2005). Controlling the transient chaperone interaction when the nucleotide binds 

allosterically to the N-terminal nucleotide-binding domain (NBD). The affinity of the 

substrate-binding domain (SBD) for substrates decreases by 10 to 400 folds when ATP is 

binding to the N-terminal of the nucleotide-binding domain (NBD). The inhibition of the 

nucleotide-binding domain (NBD) is identified as one of the most promising strategies for 

HSP72 function inhibition (Zhuravleva, Clerico and Gierasch, 2012), which can be covalently 

or non-covalently targeted by small molecules inhibitors, will undergo various studies reported 

herein. 

The development of drug discovery is expensive and challenging, starting from basic scientific 

research to FDA approval passing through preclinical and clinical trials (Mohs and Greig, 
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2017). Computational methods and resources may be implemented in most stages of drug 

discovery from identifying targets, to drug optimization and preclinical testing. With such a 

blighted disease, like cancer, computational techniques including molecular modeling and 

molecular dynamic simulations, docking, identification of pharmacophoric hot spots and 

virtual screening allow drug developers to synthesis millions of compounds to funnel out 

possible lead drugs which may then be validated experimentally. This strategy overcomes the 

concept of “walking in the dark” with experimental screening, thus reducing the drug discovery 

timeline (Sliwoski et al., 2014; Ou-Yang et al., 2012). 

The necessity of computational methods in drug discovery and development activity is hastily 

expanding in terms of growth, application and popularity. Computer-aided covalent drug 

design is one of the most growing field in the area of drug discovery (Baillie, 2016; Lonsdale 

and Ward, 2018; Kapetanovic, 2008). Molecular modeling techniques are widely used in drug 

design and development and can play a key role in selecting compounds for synthesis and also 

offering atomic level justifications which can be used to direct further design efforts. Various 

modeling techniques used in drug design were only evolved for the application on non-covalent 

inhibitors. Most of the techniques can also be functional to covalent drug design; however, 

certain concerns or improved software packages or tool are mandatory sometimes, to preserve 

the covalent bond between the inhibitor and target (De Cesco et al., 2017; Lonsdale and Ward, 

2018). The detailed molecular techniques useful for covalent drug design have been introduced 

in chapter three of this thesis. 

In this study, due to the lack of fundamental research about the rational drug designing of 

covalent inhibitors of the HSP72, we have utilized key computational techniques to fill the gap 

in the literature regarding the inhibition of this biological target, thus giving insights toward 

oncogenic drug targets and designing potential inhibitors against cancer. 

 

    1.2 Aims and objective of this study  

 

The main purpose of the current study is to provide structural and molecular insights on crucial 

target in protein degradation process, heat shock protein 72 (HSP72), as well as fill the gap in 

literature regarding covalent inhibition of biological targets in drug discovery by implementing 

computational techniques. Coupled in silico applications of strategic drug design methods were 

utilized to uncover the differences between the covalent inhibition and the non-covalent 
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inhibition of HSP72 and optimize the therapeutic activities of compounds and improving their 

pharmacokinetics in relation to their use against this target protein. 

To accomplish this, specific sub-aims were outlined including the following:  

1. To explore the molecular insights regarding the development and modifications of 

computational techniques suitable for covalent systems, their lapses, shortcomings and 

recent advancements. To achieve this, we; 

• Providing insights into the covalent drugs and the advantages and limitations that 

can be related to this class of therapeutics in drug discovery. 

• Listing the different tools and techniques that can be used by a computational 

scientist to study the covalently targeted systems. 

• Bringing to light an expert opinion about the development of the covalent inhibitors 

and the progress associated with these drugs.  

 

2. To establish the most optimal binding mechanism for the inhibition of the HSP72 and 

highlight the structural dynamics upon binding of two different inhibitors (covalent and 

non-covalent) in the catalytic site by: 

• Performing molecular dynamic simulations to compare the structural adjustment of 

covalently and non-covalently inhibited HSP72, with respect to its APO form. 

 

• Utilizing a wide variety of post-molecular dynamic analysis techniques to 

characterize the binding landscape of the HSP72 enzyme and assess its stability and 

to demonstrate any structural alterations associated with the binding inhibitor. 

 

 

3.  To investigate the preferential binding mode of a covalent inhibitor towards the HSP72 

and determine the implicated structural and molecular dynamics. In other words, we 

highlight the binding mechanism of one covalent inhibitor and one non-covalent inhibitor 

into two different binding sites and we establish the impact of the binding mechanism on 

the selectivity of the inhibitors. This objective was achieved by:  
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• Applying the covalent molecular dynamic approach to study two covalent systems: 

when ligand is bound to the Lysine56 amino acid and when the same ligand is bound 

to Cystine17 amino acid. 

• Utilizing different post-molecular dynamic analysis techniques to characterize the 

binding landscape of the enzyme in the two bound systems and to clarify previous 

experimental results on the lysine56 covalent bond as the favored binding of the 

covalent inhibitor. 

 

4. To combine various in silico techniques to virtually screen and propose potential covalent 

inhibitors of the HSP72. This may be achieved by: 

• Appropriate ligand and protein target are selected, docked covalently or non-

covalently using respective docking tools. 

• This was followed by parameterization of the ligand, protein and covalent complex 

respectively. 

• Combining molecular docking with covalent molecular dynamic simulations of 250 

ns for unbound enzyme, enzyme-inhibitor complex. 

• Validating the most favourable ligands by assessing the stability and conformation 

structure changing of each system following exposure to molecular dynamic 

simulations. 

 

  1.3 Novelty and significance of the work 

Extraordinary efforts have been giving in the past decades toward a novel class of drugs known 

as ‘covalent drugs’, where structure-based strategies are involved in producing small molecule 

inhibitors that inhibit their targeted protein through a covalent bond with a particular residue. 

This strategy has been proved promising especially in cancer therapy to overcome the 

challenges associated with selectivity, potency and efficacy of drugs (Singh et al., 2011; 

Visscher, Michelle R. Arkin and Dansen, 2016; De Cesco et al., 2017). As opposed to the 

rapidly growing areas of drug design, computational studies on covalent inhibition are very 

limited, for instance, there have been insufficient reported computational studies which 

comparatively account the different binding inhibition modes of drug action related to HSP72. 

Therefore, we chose to provide insights into structural dynamics and binding landscapes upon 

covalent and non-covalent drug inhibition HSP72. With the use of computer aided drug 
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development approach, a comprehensive in silico perspective is offered to shed light on 

potential structural features that allow for the inhibition of this protein as well as amino acids 

implicated in enzyme activity. Defining the binding landscape will offer prospective design of 

selective and unique inhibitors with critical pharmacophoric features that will aid in developing 

targeted and effective small molecule inhibitors. 

 

To this end, the work conferred in this thesis is considered to be a major platform in the 

development of research to design more highly selective potent covalent inhibitors for Heat 

shock protein (HSP72) with the potential to overcome challenges related to selectivity in cancer 

therapy. 
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CHAPTER 2 

2. Cancer, implicated heat shock proteins in therapeutic interventions and the impact of 

covalent vs non-covalent inhibition   

2.1 Cancer overview  

Cancer is a complicated and diverse disease that has been threateningly evading people 

worldwide. The scientific and medical society is expecting about 20 million of new cases yearly 

and proportional increase by 2025 (Ferlay et al., 2012). Cancer implies the aberrance 

development of biochemical and cellular factors (Zhang et al., 2008). In fact, normal cells 

undertake the continual cellular cycle of growth, division and death, cancer cells violate this 

normal order and rather than die, they exhibit continuous growth and division and 

multiplication which results in tumor development (Hanahan and Weinberg, 2011). Videlicet, 

disrupting the natural process of the proliferation and cell death generates tumors that 

eventually turn into cancer. This can affect all types of tissues and cells in the body, hence the 

various existing types of cancer. The disease is specifically unique since the growth of cancer 

can be distinctive in individual patient.  

Several factors have been identified to cause cancer and they basically include genetic 

predisposition and environmental exposure to carcinogens (Bouvard et al., 2009; Cogliano et 

al., 2011; Hecht, 1999). Genetic predisposition entails the inheritance of defective genes from 

members of the same family. This, according to Knudson two hit hypothesis explains that a 

person with genetic mutations is highly predisposed to cancer development as life progresses 

(Knudson, 2001). The role of age in cancer predisposition has also been considered due to the 

propensities of cancer-inducing DNA mutations as aging occurs, hence age has been 

considered as a risk factor in cancer incidences. Likewise, pathogenicity of virulent organisms 

such human papillomavirus (HPV), hepatitis B and C, and Epstein-Barr virus have been related 

to carcinogenesis while immunosuppressive factors or diseases such as Human 

immunodeficiency virus (HIV) can also increase the tendency of cancer development (Samaras 

et al., 2010; Plummer et al., 2016; Haque et al., 2018; WHO, 2018) (Figure 1.2). 
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Figure 2. 1 Risk factors that contribute to cancer incidence. 

Other than these above listed factors, the role of environmental or lifestyle factors have been 

greatly reported with regards to carcinogenesis (Knudson, 2001). These factors entail the intake 

of toxic substances, smoking or diet, which altogether are basically constitute carcinogenic; 

chemical substances that possess DNA-damaging abilities and they include arsenic, X-ray or 

gamma radiation, asbestos, tobacco, arsenic and carbon compounds from exhaust fumes 

(mainly poly aromatic hydrocarbons - PAHs). Free radicals are generated in the presence of 

carcinogens, which damage cellular biomolecules such as DNA and proteins and prevent their 

biological functions.  

Current treatment strategies for cancer include radiotherapy, surgery and systemic treatment 

options which consist of cytotoxic chemotherapy, immunotherapy, hormonal therapy, and 

targeted or personalized therapies (Block et al., 2015). The adoption of precision medicine, 

targeted therapies and immunotherapies have recorded wide success in the treatment and 
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management of cancer diseases. These approaches have resulted in the development of targeted 

drugs such as imatinib, gefatinib, erlotinib, sunitinib, nivolumab among several others, which 

are either used singly or in combination (Palumbo et al., 2013; Bode and Dong, 2017; Shin, 

Bode and Dong, 2017). In various cases, this method selects drugs based on the upregulation 

of a pathway in the melanoma, although the drug does not inevitably categorize among the 

expression of the protein in healthy vs unhealthy or tumor tissue. Conventional forms of 

treatments are less effective and harmful in different types of cancers. Scientific developments 

have enabled the identification of signaling pathways and molecular targets specific and related 

to cancerous cells which results in treatments with better efficacy, selectivity and less toxicity, 

indeed, verification of compounds has depended on target validation first (Block et al., 2015).  

Heat shock proteins (HSPs) are vastly expressed in numerous types of carcinomas. The 

circulating HSPs levels, along with the antibodies, are excellent biomarkers for analysing the 

aggressiveness and stage of certain cancer types. HSPs are involved in tumor cell proliferation, 

differentiation, invasion and metastasis (Wang et al., 2014; Das et al., 2019). Heat shock 

induces proteotoxicity and aggregation of proteins with heat shock proteins (HSPs), 

encouraging heat tolerance by preventing excessive protein aggregation caused by stress, 

supporting in refolding denatured proteins properly and, promoting their degradation if 

necessary (Mathew and Morimoto, 1998; D. Whitley, Goldberg and Jordan, 1999; Kleinjung 

et al., 2003). In many cancers, heat shock protein (HSP) molecular chaperones are elevated, 

and its overexpression signals a poor prognosis in various cancer types in terms of response to 

therapy and survival (Cornford et al., 2000; Ciocca et al., 2003). HSP elevated expression in 

malignant cells plays a major role in protection against malignancy-related spontaneous 

apoptosis as well as, therapy-generated apoptosis, mechanisms that may underlie HSP's role in 

tumor treatment resistance and progression (Volloch and Sherman, 1999).  

Hsp70 protein members are among the highly preserved proteins and play a critical part in 

these processes (Wu, Hunt and Morimoto, 1985). HSP72 is main stress-inducing member of 

the Hsp70 chaperone family and is encoded by two genes, HSPA1A and HSPA1B, which 

generate isoforms structure of HSP72 (Kampinga et al., 2009). HSP72 is demonstrated as a 

promising anti-cancer target due to its key role in expressing at high level in malignant tumors 

of many origins (Jaattela, 1999). More aspects of this auspicious protein target, as well as the 

emplacement of the HSP70 family in the cancer proliferation and treatment, will be highlighted 

in the current section of this study. In addition, we discuss the advantages of therapeutic 

measures that have been previously used to target it besides their shortcomings.  
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2.2 Background on the Heat shock protein (HSPs) and cancer  

The heat-shock response in all organisms, induced by a wide range of the variety of stimuli 

increases the expression of a protein family called Heat-shock proteins (HSPs) (Kroeger, 1960; 

Tissiéres, Mitchell and Tracy, 1974) that act as chaperones of molecules and they display 

cytoprotective properties for cells under stress (Li and Werb, 1982; Nollen et al., 1999). Stress 

beyond a certain outset induces aggregation and misfolding of proteins and disruption of 

regulatory complexes (Yahara, 1996). Five principal heat shock proteins conserved classes 

which have chaperone activity: Hsp100, Hsp90, Hsp70, Hsp60, Hsp27 and the small heat-

shock protein class (sHSPs) (Calderwood, 2018). Members of the HSP family are transported 

to different cellular compartments, either expressed regulated inductively or constitutive. ATP-

dependent molecular chaperones are HSPs of large molecular weight; small HSPs act in an 

ATP-independent manner (Kumar et al., 2016). Molecular chaperone genes may either be 

constitutively synthesized or, in the case of inducible HSP genes, are either silent or weakly 

expressed in non-stressed cells but activate after stress at dramatic rates to cope with the 

ensuing protein folding crisis (Feder and Hofmann, 1999). Inducible HSP genes each contain 

heat shock transcription factor 1 (HSF1) binding sites within their promoters, a protein that 

detects stress exposure almost spontaneously, changes from a monomer to a trimer type, and 

powerfully induces HSP genes (Calderwood and Murshid, 2017). HSPs are involved not only 

in the growth of tumors, but also in evaluating their response to treatment; therefore, disrupting 

HSPs as protein target involved in this process is a strong approach in anti-cancer therapy 

(Kumar et al., 2016; Calderwood, 2018) (Figure 2.2). 
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Figure 2.2 Heat shock proteins and cancer. Cancer cells are incurred to several stress factors 

from the milieu extracellular of the tumor microenvironment. The stress factors activate heat 

shock transcription factors (HSFs) by facilitating their separation from heat shock proteins 

and phosphorylating them. The heat shock transcription factors bind with heat shock 

elements (HSE) where they translocated into the nucleus and initiated the transcription of 

heat shock proteins like HSP27, HSP70 (HSP72), and HSP90. The HSPs enhance the 

survival and proliferation of cancer cells by activating their cellular protection machinery, 

which is revealed in immunosuppressive conditions. The HSPs may also be maintaining a 

fine balance between cell death and survival by stimulating the anticancer immune response 

under optimal conditions. (Adapted from (Das et al., 2019)). 

HSPs most notably HSP27, HSP72 and HSP90 have been revealed as a standard inducers in 

many types of cancer (Ciocca and Calderwood, 2005; Arrigo and Gibert, 2014). Although the 
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increases caused by these mechanisms are not entirely understood, it has been proposed that 

HSPs proliferation in many cancer cells by responding to folding stresses that arise through 

tumour progression and malignant transformation (Workman, 2004). The accumulation of 

oncogenic proteins, many of which are mutated, and the friable, flexible structures that often 

accompany heavy enzymatic activity push for an increase in protein folding influence. 

(Workman, 2004; Gray, Stevenson and Calderwood, 2007). Since molecular chaperones work 

in a stoichiometric scheme, often associating in long-lived protein complexes with unhinged 

clients, instead of enzymes that operate in an attached and release catalytic manner, massive 

intracellular concentrations of HSPs are required for effective folding. (Ellis, 2007). It has been 

envisaging that this folding increasing in cancer, activates the heat shock response, leading to 

HSF1-dependent increases in transcription of HSP genes (Volloch and Sherman, 1999). 

Tumour cells have thus come to be observed as ‘addicted to chaperones’, becoming dependent 

on a continual supply of large concentrations of HSPs, and responding with some adversity to 

their withdrawal (Workman, 2004; WORKMAN et al., 2007; Trepel et al., 2010). However, 

the activation in terms of chaperone accumulation would be like the same, whether induced 

through an oncogenic signalling cascade or increased folding demand (Calderwood, 2018). 

Many of the main mechanisms that drive malignant transformation and tumor progression, 

such as escape from apoptosis stimulus-independent growth and senescence, de novo 

angiogenesis, metastasis, and invasion of surrounding tissues, are all induced by HSPs. 

(Workman, 2004; Trepel et al., 2010; Hanahan and Robert A. Weinberg, 2011; Gibert et al., 

2012; Colvin et al., 2014). Despite the fact that a narrow number of studies have focused on 

the critical function of HSPs in tumor models, the available evidence indicates different modes 

of action depending on the driver oncogene that intercedes transformation (Figure 2.3.)  
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Figure 2. 3 Tumorigenic effects of intracellular HSPs. Elevated levels of Hsp70 and Hsp27 

are particularly effective in inhibiting oncogene-induced apoptosis and senescence, also 

important in granting de novo angiogenesis, invasion and metastasis. Heightened levels of 

Hsp90 affect most areas of tumorigenesis, including stimulus-independent tumour cell 

growth, escape from senescence, invasion of surrounding tissues and metastasis. 

 

2.3 HSP72 and implications in cancer therapy 

Heat shock proteins play a crucial role in the damaged proteins clearance by inducing 

proteotoxicity and proteins acclamation. This process occurs by preventing unsuitable stress-

induced protein accumulation, ensure proper refolding of denatured proteins, and, the 

promotion of their degradation if necessary (Mathew and Morimoto, 1998; D Whitley, 

Goldberg and Jordan, 1999; Nollen and Morimoto, 2002). Some cancers display elevated levels 

of Hsp70, and their expression has been associated with disease prognosis, cell proliferation 

and resistance to chemotherapy. As a consequence of this increase; thereby, cancer cells seem 

to be susceptible to agents that inhibit the elimination of aggregated or misfolded proteins 

generated by protein synthesis. (Hideshima et al., 2005; Wu et al., 2010; Zhu, Dunner and 

McConkey, 2010).  

Hsp70 proteins are vastly preserved proteins and play a critical role in these processes (Wu, 

Hunt and Morimoto, 1985). The most important chaperon, a stress-inducing conserved member 

of the Hsp70 family, is known as HSP72, is coded by two genes, HSPA1A and HSPA1B 
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(Kampinga et al., 2009). HSP72 is homologous to the 78 kDa glucose-regulated protein of 377 

residues of amino acid that form in the nucleotide-binding domain (NBD), which plays a senior 

role in establishing the unfolding protein response. HSP72 is recognized at high levels in 

malignant tumors of many origins (Jäättelä, 1999) and enhances cancer cell survival 

(Nylandsted et al., 2000, 2002). Therefore, the inhibition of HSP72 is identified to be a 

successful pathway in anti-tumor therapy (Powers et al., 2010). (Figure 2.4)   

 

Figure 2. 4 Several roles of HSP72 in cancer related cellular processes 

Hsp70 different functions are proficient through a transient chaperone interaction with 

substrate proteins through its C-terminal substrate-binding domain (SBD) (Mayer and Bukau, 

2005). Controlling the transient chaperone interaction when the nucleotide binds allosterically 

to the N-terminal nucleotide-binding domain (NBD). The affinity of the substrate-binding 

domain (SBD) for substrates decreases from 10 to 400 folds when ATP is binding to the N-

terminal of the nucleotide-binding domain (NBD). Hence, the inhibition of the nucleotide-

binding domain (NBD) is considered one of the most promising strategies for HSP72 function 

inhibition (Zhuravleva, Clerico and Gierasch, 2012).  The NBD is composed of two adjacent 

lobes (lobe I and lobe II), which connect to the base via a deep nucleotide groove. Each lobe 

consists of two subdomains (IB, IIB, IA and IIA) (Sharma and Masison, 2009; Penkler et al., 
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2017). IA and IIA Domains are linked to IB and IIB, respectively, by flexible hinges and 

control access to the nucleotide-binding sites (Chiappori et al., 2012).   

HSP72 helps to maintain the probity of protein structures and their transfer by facilitating 

precise protein folding and degradation of misfolded or old proteins across several cell 

organelles (Sharma and Verma, 2018). Stress-induced HSP72 expression allows cells to deal 

with great quantities of unfolded or denatured proteins. Moreover, the  functions of HSP72 

involve transportation of precursor proteins into cellular comportments; degradation of 

unstable proteins and protein complexes; protein folding (cytosol, mitochondria and 

endoplasmic reticulum); regulatory proteins control and protein refolding (Voos, 2003; Young 

et al., 2004; Hennessy et al., 2005). (Figure 2.5) 

 

Figure 2. 5 Diagrammatic presentation of the chaperone functions of HSP72 (Young et al., 

2004; Hennessy et al., 2005). HSP72 binds to unfolded protein in the presence of J-proteins 

using ATP. ATP hydrolysis stimulates J-protein release that further led to release of 

correctly folded protein(s), and HSP72 become available for the next cycle 
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2.4 Important strategies in inhibiting HSP72 

 

2.4.1 Non-covalent inhibition 

Non-covalent interactions are essential in the development of a new substance with specific 

properties (Hagel et al., 2011; Halgren, 2009; Swinney, 2004). These interactions have been 

identified in different fields correlated to chemical pharmacological, physical, materials and 

biological sciences (Smith et al., 2009; Bauer, 2015; Potashman and Duggan, 2009). The study 

of non-covalent interactions such as hydrogen bonding, van der Waals interactions, 

electrostatic interactions, hydrophobic interactions, and salt bridges has been a major focus in 

drug development (Zhanting Li et al., 2015). Understanding these interactions and the physical 

mechanisms that underpin them is critical for improving the current drug design strategy. As a 

consequence, many efforts have been dedicated to explaining the structural, geometrical, 

energetic, and thermodynamic properties of these interactions. The strong hydrogen bonds 

(Figure 2.6:A), with their high directional characteristics is very effective in the supramolecular 

assembly of molecules (Desiraju, 2011). In sight of their importance in many science fields, 

the debate on the nature, properties, and importance of hydrogen bonds are increasing. 

However, the van der Waals interaction, outcome from a momentary random fluctuation in the 

circulation movement of the electrons of any atom (Figure 2.6:C), which give upturn to a 

transient differing circulation of electrons, a transient electric dipole (Zhang, 2013). van der 

Waals interactions are responsible for the constancy between molecules of solids and nonpolar 

liquids, heptane as example, cannot form ionic interactions or hydrogen bonds with other 

molecules (Hunter, 2013). The present of these strong interactions, overrule most of the effect 

of van der Waals interactions, and the strength efficiency of these interactions decreases rapidly 

with increasing distance; thus, these non-covalent bonds can form only when atoms are quite 

near to one another (Finkelstein, 2007). Nonetheless, Ionic bonds (Figure 2.6:B), generate from 

the electrostatic attraction between the positive and negative charges of ions (Mahmudov et al., 

2017). The Hydrophobic bonds occur between nonpolar molecules, such as hydrocarbons, in 

an aqueous environment (Privalov, 1988). In most cases, compared to their natural substrate 

analogues, non-covalent reversible inhibitors bind to the target active site with a higher affinity. 

Since the bound inhibitor is non-covalently bonded at the active site and is reversibly released 

from the active site, enzyme deactivation is not irreversible in these cases (Puhan et al., 2017).  
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Figure 2. 6 Non-covalent interactions: (A) Strong hydrogen non-covalent bond. (B) Ionic 

bond between two atoms Na+ and Cl- by electrostatic force. (C) Van der Waal interaction 

force. 

2.4.2 Historical framework of covalent inhibitors in drug discovery 

As a validated approach to avoid acquired resistance in malignancy, Covalent inhibition is a 

rapidly emerging paradigm in the process of drug discovery. (Schwartz et al., 2014) (Pettinger, 

Jones and Cheeseman, 2017). The process of developing small molecule inhibitors to inhibit 

the target protein covalently dates back to the establishment of drug discovery field. Aspirin 

(acetylsalicylic acid) was manufactured by Bayer in the late 1800s century to treat pain, and 

inflammation. Until the 1970s, it was unknown that aspirin works by the covalent mechanism 

of inhibition of cyclooxygenase-1 and -2 (COX-1 and 2) enzymes (Bauer, 2015). Numerous 

covalent inhibitors in the past were invented accidentally. Recent development has seen a huge 

modification in this outlook, as covalent inhibition expressed potential for targets where earlier 

attempts to investigate non-covalent small molecule inhibitors have flopped (Lonsdale and 

Ward, 2018). 

Covalent drugs have resurged in recent years, and various reports have acclaimed the general 

advantages of designing covalent inhibitors (John, Long and Aye, 2017). These drugs occupy 

a very distinguish class in the history of therapeutics. There are several drugs in the market, 
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however very less have been intentionally designed to interact covalently with the biological 

target (De Cesco et al., 2017).  

In drug discovery area, the commercial and clinical progress of covalent drugs has urged an 

improved and more thoughtful detection of covalent mechanism (Strelow, 2017). Drugs that 

form a covalent bond to their target have typically been considered as different from 

conventional non-covalent drugs. There has been a hesitancy to apply a covalent mode of action 

in drug discovery, despite of having many examples of efficacious drugs through a covalent 

mechanism (Figure 2.7) (Singh et al., 2011).  

The small molecule activators and inhibitors that link to a target non-covalently and reversibly 

are always the focus of conventional structure-based drug design. Enhancements in potency 

and selectivity are usually attained by improving shape and non-covalent interfaces (van der 

Waals interactions, hydrogen bonds and salt bridges) among inhibitor and a target binding site. 

(Lonsdale and Ward, 2018). 

 

Figure 2. 7 Timeline representation of approved covalent inhibitors in history. 

In drug discovery enterprises, a non-conventional approach coined as ‘covalent inhibition’ has 

invaded the cognizance of an increasing number of drug hunting companies. In the covalent 

mechanism of inhibition, a small molecule is designed not only to bind to a target protein 

through the conventional non-covalent mechanism but also to endure a bond-forming action 
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that results in a durable drug-protein association. The resulting covalent bond is irreversible 

and sufficiently long-lived within the half-life of the target protein, resulting in a drug-protein 

complex that is not subject to classical equilibrium (Bauer, 2015).  In the first step (A) a 

covalent drug [D] links to its target enzyme [E] through a non-covalent mechanism of 

inhibition to generate an enzyme-drug complex [ED]. In another step (B), second chemical 

reaction results among the drug [D] and enzyme [E] to produce covalent irreversible complex 

[E-D] by leading conformational alterations in the final complex (Figure 2.8) (Khan et al., 

2018). A most appropriate example of covalent inhibition is afatinib, a proven drug for 

metastatic non-small lung cancer. 

 

Figure 2. 8 Drug-enzyme interactions. Association of a Ligand (L) interacting with Enzyme 

(E) in (A) conventional non-covalent and (B) covalent mode of action. Where is L: Ligand; 

E: Enzyme. 

 

2.4.2.1 Warhead moiety 

The warhead moiety plays a significant role in covalent inhibition by regulating the covalent-

interaction-induced toxicity of targeting. Researchers integrate various warhead moieties, 

intending the balance of risk versus treatment (Zhao and Bourne, 2018). There is resurging 

attention in small molecule inhibitors that involve their target through covalent inhibition. 

Cysteine’s thiol (-SH) is enriched with improved reactivity, making it the nucleophile of 

interest for covalent inhibition with an inhibitor allying an electrophilic trap with a cysteine 

amino acid residue in a target of interest (Lagoutte, Patouret and Winssinger, 2017). For 

instance, the deprotonated thiolate anion is a highly selective nucleophilic moiety which is used 

as a crucial catalytic residue in cysteine proteases and phosphatases. Cysteines also function as 
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an essential non-catalytic residue in stabilizing tertiary structure of a protein by forming a 

disulphide-cross link and direction of enzyme cofactors (metals).  

To date, most covalent inhibition approaches have been discovered by targeting the highly 

nucleophilic cysteine thiolate. Different types of electrophilic warhead moieties that can 

counter with nucleophilic amino acid residues like cysteine, tyrosine or lysine have been 

investigated in designing covalent inhibitors as showing below. The most extensive chemical 

reaction used to achieve irreversible binding is Michael addition reaction (Figure 2.9).  

 

Figure 2. 9 A schematic representing Michael addition as a popular example of covalent 

reaction between, in this case, α, β-unsaturated ester of the ligand and both cysteine and 

lysine residues of the protein (these two residues can be any electrophile and nucleophile 

moieties).  

 

The commonly used functional groups to sustain this addition reaction involve, vinyl 

sulfonates, quinones, acrylamides, alkynyl amides and propargylic acid derivatives (Figure 

2.10). The efficiency to target distinctly altered cysteine amino acid residue may provide 

further means of attaining selectivity (Liu et al., 2013).  
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Figure 2. 10 Warhead moieties used in covalent drugs (Adapted from (Liu et al., 2013)). 

 

2.4.2.2 Benefits and risks of covalent drugs in cancer therapy 

Approximately, 30% of drugs available in the market work via a covalent mechanism, 

however, most of them were not manufactured as covalent inhibitors and were discovered by 

serendipity (Mah, Thomas and Shafer, 2014). Drugs that form a covalent bond to their target 

protein have been treated as a separate class of drugs from conventional non-covalent drugs. 

This class of drugs has verified to be a highly profitable class in pharmaceutical production. In 

the United States, the three top-most selling drugs that achieved blockbusters (lansoprazole, 

esomeprazole and clopidogrel) are covalent (Singh et al., 2011). There are many examples of 

successful covalent drugs, and the illustrative examples are shown in (Figure 2.11).  

Covalent drugs are used to cure various diseases like cancer, often link with a specific amino 

acid residue in target protein in a highly selective manner and are irreversible by generating 

prolonged effects (Serafimova et al., 2012). According to Barf and Kaptein, while perceiving 

covalent inhibition as a method, there can be a significant balance between the benefits and 

potential risks of covalent inhibitors (Barf and Kaptein, 2012). 
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Figure 2. 11 Few examples of covalent drugs. Electrophilic warhead moiety is highlighted 

in grey color (Adapted from (Bauer, 2015)). 

Covalent inhibitors are the class of the small molecule compounds that inactivate the enzyme 

through the formation of a covalent attachment between the nucleophilic region of the enzyme 

and electrophilic region of the inhibitor. The formation of the covalent bond results to the loss 
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of enzymes function may be either because it alters the active site amino acid residue important 

for the chemical reaction or it does not allow access to enzymes catalytic or allosteric site 

(Rempel and Withers, 2008).  

Although the risks of covalent drugs are well known, yet the long-lasting duration of covalent 

bond creates a number of potential benefits including: (i) enhanced biochemical efficacy, (ii) 

less frequent dosing decrease a patient’s drug burden without compromising overall drug 

efficiency, (iii) most efficient approach when a complete loss of enzymes activity is needed, 

(iv) potential to circumvent drug resistance mechanism and (v) a dissociation of 

pharmacokinetics (PK) from pharmacodynamics (PD) because PD relies on the synthesis of a 

new enzyme (Figure 2.12) (Mah, Thomas and Shafer, 2014).   

 

Figure 2. 12 Benefits and risks of covalent drugs (Image prepared by author). 

 

Although concerns are associated with the toxicity, covalent drugs have had a major influence 

on human health. Remarkably, the FDA approved 27 drugs in 2013, out of which three were 

covalent drugs. Finally, covalent mode of inhibition may be a misjudged approach for focusing 

on critical targets and ‘undruggable’ modalities in human diseases (Bauer, 2015).  
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2.4.2.3 Clinical developments of covalent drugs 

Covalent drug design is a rapidly growing and promising field in drug discovery, however 

principle for the rational design of these small molecule compounds have emerged recently by 

enabling the development of this therapeutic class (Singh et al., 2011). These drugs have many 

benefits over conventional non-covalent drugs; low dosage is required to indicate the needed 

pharmaceutical effect, produce balance and long-lived links and are resistant to mutations 

(Ruddraraju et al., 2017). There is a broad scope of development in this field, more specifically 

by targeting non-catalytic amino acid residues other than catalytic cysteines. The range and 

number of covalent drugs, and the interest of how to develop them, is constantly increasing. 

There are many schemes for covalent drug discovery projects; the preference will be affected 

by the quantity of preceding information and/or screening library databases (Lonsdale and 

Ward, 2018). Computational chemistry methods can have a key effect on covalent drug design 

and will sustain to be an important feature of the expansion of this interesting field (Lonsdale 

and Ward, 2018). Although most pharmaceutical industries hesitate to design covalent 

inhibitors due to toxicity, there are many examples of FDA approved covalent drugs. Table 2.1 

summarizes the covalent drugs based on their biological target and therapeutic domain. 

Table 2. 1. List of FDA approved covalent drugs. 

Drug                              Structure                      Target                         Domain   

 

Azacytidine 

 

 

Methyltransferase 

   

Cancer 

 

 

Bortezomib 

 

 

Proteasome 

   

Cancer 
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Decitabine/ 

AzadC 
 

 

Methyltransferase 

   

Cancer 

 

 

Dutasteride/ 

Avodart 

 

 

5-α-Reductase 

   

Cancer 

 

 

Mercaptopurin

e/Purinthol 
 

 

Purine-nucleotide 

synthesis 

   

Cancer 

 

Exemestane/ 

Aromasin 
 

 

Aromatase 

   

Cancer 

 

 

Floxuridine 

 

 

Thymidylate 

synthase 

   

Cancer 

 

 

Gemcitabine/ 

Gemzar 

 

 

Ribonucleoside 

reducatse 

   

Cancer 
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Proscar/ 

Finasteride  

 

5-α-Reductase 

   

Cancer 

 

 

Warfarin 

 

 

Vitamin K 

reductase 

   

Cardio-

vascular 

 

 

Phenoxy-

benzamine 

hydrochloride 

 

 

α-Adrenoceptor 

   

Cardio-

vascular 

 

 

 

Amoxicillin 
 

 

PBP 

  Anti-

infective 

 

Cefaclor/ 

Ceclor  

 

PBP 

  Anti-

infective 

 

Ceftriaxone/ 

Rocephin 
 

 

PBP 

   

Anti-

infective 
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Cefuroxime 

axetil 

 

 

PBP 

   

Anti-

infective 

 

Cephalexin/ 

Keflex 
 

 

PBP 

   

Anti-

infective 

 

D-cycloserine/ 

Seromycin  

 

Alanine racemase 

   

Anti-

infective 

 

Fosfomycin/ 

Monurol  

UDP-N-

acetylglucosamine

-3-enolpyruvyl-

transferase 

  Anti-

infective 

 

Isoniazid 

 

 

Enol-acyl carrier 

protein reductase 

   

Anti-

infective 

 

Meropenem 

 

 

PBP 

   

Anti-

infective 

 

Omnicef 

 

 

PBP 

   

Anti-

infective 
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Penicillin V 

 

 

PBP 

   

Anti-

infective 

 

Nexium/ 

Esomeprazole 

 

 

H+/K+ ATPase 

   

Gastro-

intestinal 

 

Orlistat 

 

 

Lipase 

   

 

Gastro-

intestinal 

 

Prevacid/ 

Iansoprazole  

 

 

H+/K+ ATPase 

   

 

Gastro-

intestinal 

 

Prilosec/ 

Omeprazole 

 

 

 

H+/K+ ATPase 

   

 

Gastro-

intestinal 

 

Protonix/ 

Pantoprazole 

 

 

 

H+/K+ ATPase 

   

 

Gastro-

intestinal 
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Aciphex/ 

Rabeprazole 

 

 

 

H+/K+ ATPase 

   

 

Gastro-

intestinal 

 

Saxagliptin/ 

Onglyza  

 

DPP-IV 

   

Anti-

diabetic 

 

 

Vildagliptin/ 

Eugreas 
 

 

DPP-IV 

   

Anti-

diabetic 

 

 

Rasagiline 

 

 

MAO-B 

  Parkinson

’s disease 

 

 

 

Selegiline 
 

MAO-B   Anti-

epileptic 

 

 

Vigabatrin/ 

Sabril 
 

GABA-

Aminotransferase 

   

Inflamma

tion 

 

Aspirin 

 

 

Cyclooxygenase 

  Chronic 

alcoholis

m 
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Disulfiram/ 

Antabuse 

 

 

Aldehyde 

dehydrogenase 

   

Hirsutism 

 

 

Eflornithine 

 

 

Ornithine 

decarboxylase 

  Hyperthyr

oidism 

 

 

Propylthiourac

il/Procasil 
 

Thyroxine-5-

deiodinase 

  CNS  

 

Carbidopa/ 

Lodosyn 

 

DOPA 

decarboxylase 
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CHAPTER 3 

 

3. Computer-aided drug design and molecular modeling approaches for biomolecular 

structural analyses and selective therapeutic targeting 

3.1 Introduction to molecular modeling 

Molecular modeling approaches have made tremendous progress in past years and have 

become a necessary element of various biological and physio-chemical studies. There are two 

main objectives for this expansion:  first, there has been an uncontrollable increase in the 

structural data available for proteins, from X-ray crystallography, electron microscopy and 

Nuclear Magnetic Resonance (NMR) studies. Second, convoying this development in the field 

of structural biology has approached remarkable improvements in computational methodology 

and hardware. As computers revive to enhance in speed and proficiency, we are able to handle 

more complex systems (Saxena et al., 2009). Molecular modeling is one of the most promptly 

growing scientific fields by comprising a broad range of computational and theoretical tools, 

used to simulate small biologically active systems with the objective to understand their 

behavior at an atomistic level (Kore et al., 2012).  

Drug design and discovery is an important topic in pharmaceutical research as it is highly time 

consuming and cost-effective method to manufacture new drug compounds. There are several 

computational approaches that having critical impact in the area of computer aided drug design 

(CADD) over many years. These approaches can be divided into three basic fields: 

conformational modeling (complexes of macromolecules and small molecules), property 

modeling (biological, chemical and physical properties) and molecular design (to optimize 

these properties). Thus, computational approaches have given a significant hope to 

pharmaceutical industries to discover new potential drug targets which in turn imitate the time 

and success of implementing clinical trials for identifying new drugs (Baldi, 2010). Starting 

from 1960s, these computational approaches have served a strong platform for drug discovery 

and biomolecular structure analysis (Leach, 2001). Since the early 1980s, developments in the 

field of molecular biology, computational chemistry and protein crystallography have 

significantly aided Rational Drug Design (RDD) examples and the efficiency of their binding 

affinity estimations  (Roy, Sengupta and De, 2001).  
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Most of the approaches utilized in drug designing were advanced for the reversible non-

covalent inhibitors and have widely used everywhere. However, these techniques may also be 

functional for covalent inhibitors, special attentions or software with modified packages are 

necessary, to form the covalent bond between the substrate and ligand. Here, we proposed some 

molecular modeling approaches which are useful for covalent drug design and discovery 

(Lonsdale and Ward, 2018).    

Some of the major techniques includes: Covalent docking, Covalent Molecular Dynamics 

simulation (CMDs), Molecular Mechanics (MM), Quantum Mechanics (QM) and Quantum 

Mechanics/Molecular Mechanics (QM/MM). These techniques are broadly used for rational 

drug discovery and design developments, to understand the molecular binding mechanism of 

the drug (Ramírez, 2016).   

There are two fundamental molecular modeling principles that may be used to define the 

conformational and energetic modifications to drug-target complex: 

- Quantum Mechanics 

- Molecular Mechanics 

By combining these two principles of molecular modeling with molecular dynamic 

simulations, flexibility of the target and landscape of the inhibitor binding can be studied 

(Lewars, 2010).  

In this chapter, quantum mechanics, molecular mechanics and molecular dynamic simulations 

will be explained on, by providing insight into the rationale behind the chosen energy 

descriptors for this study. The principle behind each of the computational tools employed in 

the analysis will also be further described.  

3.2 The principle of Quantum Mechanics  

Quantum mechanics (QM) is the most successful field in physics. In the early 20s century, 

principle of QM has been developed and divided into two types. German scientists: Planck, 

Born, Jordan, Heisenberg and English-borne Dirac initiated the development of Matrix 

mechanics. Later, Erwin Schrödinger in 1926 developed Wave mechanics, that play a key role 

in the understanding of quantum phenomena (Trabesinger, 2009). 
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The theory of Quantum elucidates the behavioral features of sub-atomic particles, like nuclei 

and electrons (Atkins and Friedman, 2011). QM plays a significant role in different approaches 

in molecular biology, like formation/breaking of the bond, electron excitation and atomic 

transfer. Any property of a particular system in a 3D-space can be predicted by QM. Electrons 

are mapped by employing the continuous electron density approach and system energetic is 

calculated by using Schrödinger’s theory of wave function. For complex systems, density of 

electrons may be estimated using the Born-Oppenheimer approximation theory (Cui, 2016; 

Shen, Wu and Yang, 2016) 

3.2.1 The Schrödinger Wave Function Theory 

In the early 1900s, Austrian physicist Erwin Schrödinger projected the quantum mechanical 

model of the atom. Elaborating on the Bohr’s model of atoms which suggests that electrons are 

organized in concentric circular orbits nearby the nucleus, Schrödinger developed the 

mathematical equations to explain the probability of positioning an electron on the precise path. 

The model is represented as a nucleus which is bounded by a low- and high-density electron 

cloud. According to theory of quantum mechanics, all particles are explained as wave function 

with no described momentum or position unless they are perceived. The wave function 

determined the probability of every possible observation (Atkins and Friedman, 2011)(Leach, 

2001).  

The Schrödinger equation creates the basic core of QM, as Schrödinger himself observed that 

by accumulating the properties of an atom, being the mass and charge, to the equation, he was 

capable to predict the sequence of shapes presenting the wave pattern of electrons in an atom 

(Bahrami et al., 2014). 

The Schrödinger wave equation: 

 

H = E                                   (Eq 3.2.1) 

 

H is the Hamiltonian operator which contains derivatives with respect to the location of atom, 

E is the eigenvalues of energies in the system and  is the wave function. To imitate an 

appropriate physical model of Schrödinger’s equation, the wave function must be normalized, 
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single valued, continuous and anti-symmetric. H is the sum of atom’s total potential energy (V) 

and kinetic energy (T): 

 

H = T + V                                                        (Eq 3.2.2) 

Where H is defined as follows: 

 

 

The Schrödinger equation is extremely complicated when solving molecular systems as it may 

comprise thousands of atoms, thus proved to be non-executable (Barde et al., 2015)(Nakatsuji, 

2004). Although, another QM theory, The Born-Oppenheimer Approximation, recompenses 

for molecular structure rather than atomic structure. 

3.2.2 The Born-Oppenheimer Approximation Theory 

Born-Oppenheimer approximation theory has been proposed by the two physicists Max Born 

and J. Robert Oppenheimer in the year 1927. This theory explains about the uncoupling of the 

nuclei wave function to that of the electrons (Born and Oppenheimer, 1927). Electrons are 

taken to be of less weight than nuclei by having improved velocity and can move rapidly to 

nuclei movement. Distribution of electron inside a molecule is described by the position of the 

nuclei (Belkic et al., 1986)(Liehr, 1957). This enables for the Schrödinger equation to be 

resolved for the kinetic energy of the electrons as this energy will remain constant for the 

nuclei. The variation in electron and nuclei’s velocities allow Born-Oppenheimer to be applied 

by minimizing the complexity of the wave function of the Hamiltonian equation (Huang and 

Yi, 2009). Now the simplified wave function: 

 

                                (relec) = (relec) ((rncul)                           (Eq 3.2.3) 

 

Equation 3.2.1 is converted into: 

                               HEN(relec) = EEN(relec)                              (Eq 3.2.4) 
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HEN symbolizes a modification of terms based activity to stabilize the nuclear position (VNN). 

Equation 3.2.5 represents EEN, initiated from two sources being the unstable electron co-

ordinates and fixed co-ordinates of nuclear. 

 

                               (Hel + VNN)  (rel) = EEN(rel)                      (Eq 3.2.5) 

 

We use the Schrödinger equation to illustrate electronic motion within a molecule. The 

Approximation is believed to be more precise when applied to ground electronic states. After 

the equation has been resolved, stable positions of interest of the equilibrated conformation 

may be evaluated and the potential energy surface and curve can be formed (Jecko, 

2014)(Matsika, 2010). 

3.2.3 Potential Energy Surface as an Application of Quantum Mechanics 

The potential energy surface is an efficient graphical/mathematical illustration among the 

molecular vibrational motions of a molecule, its geometry and its nuclear probability 

distribution by explaining the time-dependent Schrödinger’s equation. The model of potential 

energy surface is based on the Born- Oppenheimer approximation theory, where the electrons 

fluctuate according to the positional states of the nuclei. Potential energy surface is further 

taken as the potential of an atoms movement to collide into each other within a molecule 

(Atkins and Friedman, 2011). A potential energy surface presents excessive regions of potential 

energy, denoting high-energy nuclear activities and low regions of energy denoting low nuclear 

energy conformations (Figure 3.1). This energy can be employed in computational chemistry 

to determine the lowest state of energy and the positional geometry of a molecule at this state 

(Jensen, 2007). 
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Figure 3.1: Graphical representation of a two-dimensional potential energy surface (PES) 

(Adapted from The California State University 2017). 

 

3.3 The principle of Molecular Mechanics 

One of the major difficulties in the field of chemistry is to be able to comprehend the chemical 

features of a molecule, for example, its solubility, stability and reactivity. The basic concept 

behind the molecular mechanics (MM) is that a molecular complex can be observed as a 

microscopic mechanical system. These molecular systems are connected by mechanical 

springs that regulate their angles, covalent bonds among successive bonds, rotations around the 

bonds and so on. Atoms repel or attract with each other due to the non-bonded classical 

potentials that identify the non-bonded interatomic energies. In mathematical expressions, this 

explanation needs the composition of a potential function integrating entirely conventional 

terms. This potential energy function is then utilized to calculate all the appropriate forces for 

the Newton’s equation of motions, that finally explains the dynamics of the molecular system 

(Vanommeslaeghe, Guvench and MacKerell, 2014)(Lewars and Lewars, 2011).  

In MM, simple algebraic terms are used to define the compounds total energy without requiring 

to calculate electron density or wave function as with QM  (Tsai, 2002)(Davidson, 1993). 

Various methods are used in rational drug design which determines potentially suitable 

molecules before experimental analysis. MM simulations also enables the formation of 

atomistic models based on promising energy estimations (Poltev, 2015).  
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3.3.1 Potential Energy Function 

In force filed methods, all atoms are categorized as the building blocks and electrons are not 

treated to be separate particles. This means that instead of solving the Schrödinger’s equation, 

precise information about the bonds should be specified. In force field techniques, molecules 

are specified by a ball and spring model with distinctive atoms size and different length of 

bonds. It was seen that diverse molecules might have similarity in their structures because of 

the atoms they are made up of. The model was termed as “atom types” and is dependent on the 

number of atoms and chemical bonds holding it in place (Jensen, 2007; Tsai, 2002). 

The sum of potential energy includes the extended sum of every single potential inter/intra 

molecular constituents, comprising: 

1. Bond stretching (between directly bonded atoms) 

 

2. Angle bending (atoms surrounded to same central atoms) 

 

3. Bond torsion 

 

4. Non-bonded interactions (electrostatic and van der Waals) 

 

 

Where: Kr, Kθ, Kϕ are force constants for bond, angle and dihedral angles and ro, θo, ϕo are the 

equilibrium distance, angle and phase angle. rij is the parameter for distance and Aij and Bij are 

the parameters for van der Waals. D is the molecular dielectric constant; qi and qj are charge 

points. Atoms are usually treated as spheres and bonds as springs in MM. The characteristics 
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stated above are the simplest to explain mathematically where atoms are treated as spheres with 

characteristics radii.  

The final functional equation for potential energy function is: 

 

Currently, there are various types of force fields in use; although, they vary by the function of 

individual term of energy, the type of information used for parameters fitting and the number 

of cross terms. The two common types may be considered while designing the force fields:  

1. Force fields implemented on big systems like protein or DNA, have a comparatively 

understandable function with no cross terms and use the Lennard-Jones potential as van der 

Waals energy. These are called diagonal/harmonic force fields. 

2. Force fields implemented on medium to small size of systems, have to sustain more 

accuracy. These systems are having number of cross terms and use an exponential-type 

potential for van der Waals energy. These are called “class II” force fields. 

The most extensively used force fields in biomolecular simulations are AMBER (Wang et al., 

2004), GROMOS (Hermans et al., 1984), OPLS-AA (Damm et al., 1997), CHARMM (Brooks 

et al., 2009), ENCAD (Levitt et al., 1995) and NAMD (Phillips et al., 2005).  

In this study, the AMBER force field (Wang et al., 2004) was used for the defining the 

molecular systems.  

3.4 The Hybrid Quantum Mechanics/Molecular Mechanics (QM/MM) 

For modeling the non-covalent interactions in large complexes, MM based approaches are 

useful like protein-ligand systems. Although, this approach is not fully implemented on the 

covalent system as it does not allow the reactivity effects. QM techniques are necessary in order 

to suitably model chemical reactions; however, these techniques are usually restricted to small 

model systems.  

A well-known approach for large systems is to use the hybrid quantum mechanics/molecular 

mechanics approach (QM/MM). In this method, small number of atoms such as the ligand and 

target residue are employed with the QM method, enabling the chemical reaction to be formed. 
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The other region of the substrate and solvent are used with the MM method. The benefit of the 

QM/MM method over the common QM method is that the force of the surrounding solvent and 

protein is contained their geometry and effects based on the local electrostatic environment. 

QM/MM methods may be utilized to reveal mechanistic aspects of enzymatic reactions that 

can be useful in designing covalent inhibitors (Lonsdale and Ward, 2018). However, QM/MM 

is widely used and proven to be very efficient in simulating systems where energy profiles, 

reaction pathways, electronic contributions, chemical reactivity in biomolecular systems are 

being studied. Nevertheless, it is also highly cost effective and still the high-level description 

of QM region remains out of reach. Also, the free energy calculations of QM/MM approach 

require extensive configurational sampling. Therefore, for biomolecular simulations where 

long MD is required, such as conformational analysis, protein folding etc., QM/MM would not 

serve as a feasible choice. For this type of study, where a long MD simulation is required, all-

atom MM covalent approach is the most feasible and appropriate. It has been a challenge in 

literature to perform all-atom covalent simulations and that is truly one of the biggest strengths 

in our current report besides. Therefore, we present a less costly approach for describing 

irreversible covalent interactions (Khan, Bjij, Fisayo, et al., 2018). 

3.5 The Principle of Molecular Dynamic Simulations 

Molecular dynamics (MD) first started in the late 1950s, where Rahman, Alder and Wainwright 

established the techniques for the dynamics of liquids. The domain of computational chemistry 

has advanced since then. From 1970s, the method has developed from simulating hundreds to 

thousands atoms to systems containing macromolecules like DNA or protein (Hospital et al., 

2015). There are mainly two types of simulation methods: 

- Classical MD 

- Monte Carlo (MC) 

In past years, many hybrid approaches have also been launched. One of the leading benefit of 

MD over MC is that, it enables the dynamical characteristics of a system like time-dependent 

reactions and rheological properties (Liu et al., 2018). MD is specifically useful in molecular 

biology and biochemistry as on atom scale, it allows to determine and classify the dynamic 

event which can affect the biological properties of a system (Jarosaw Meller, 2001).   

Conventional/classical MD includes Newton’s equations of motions into computational 

algorithm. On atomistic level, MD simulations offers high probability real-time mechanistic 
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and conformational interpretations of different chemical reactions which are based on the 

highly advanced physical and mathematical algorithm (Figure 3.2) (Vitalini et al., 

2015)(Monticelli and Tieleman, 2013). 

 

 

Figure 3.2 Basic algorithm of Molecular Dynamics. Where Epot = potential energy; t = 

simulation time; dt = iteration time; x = tom co-ordinates; F = force component; a = 

acceleration; m = atom mass and v = velocity (Image adapted from (Hospital et al., 2015)). 

The MD simulation allows analyzing the particles interacting in the system throughout a 

required time-period, by generating a dynamical trajectory which can be further explored. The 

whole objective of this computational approach is to use the Newton’s equations to study and 

understand the structural dynamics and energies of a biological system. The below mentioned 

conditions for initial particles are needed: 

1. A suitable force field to describe the forces between atoms such as AMBER or CHARMM. 

2. Velocities and positions of individual particles. 

3. Conditions for the boundary that need to be employed.  

The classical equation of motion can be solved then: 
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Where ri(t) is the particle position vector, t is time-evolution, m is the mass of the particle and 

Fi represents the interacting force on the particle. 

MD can be divided into four continuous technical steps which may be repetitive millions of 

types to produce a trajectory  (Haile et al., 1993). The steps are as follows: 

1. The basic condition of the biomolecular system are explained as: 

 - The co-ordinates of each atom 

 - Bond characteristics between each atom 

 - Acceleration of atoms 

2. Every atom’s potential energy is calculated. 

3. The potential energies from step 2 are then used to study the equations of motions. 

4. The new “state” of the system must be saved, and the co-ordinates of the atoms should be 

changed and step forward in the simulation in taken. The process then starts back from step 1.  

Once the trajectory is completely produced, quantitative evaluation of the system’s time-

evolution can progress.   

3.5.1 Covalent molecular dynamic simulations   

In silico techniques can explain the relationship between covalent inhibition and produced 

conformational changes, offers a more accurate approach for investigating covalent systems 

contrary to classical simulation techniques. Covalent Molecular Dynamic simulations (CMDs) 

is a technical modification of the MD method which allows to overcome the disputes 

accompanied with the parameterization of a covalent bond. Therefore, we proposed the first 

standard, accurate and reliable protocol for the simulations of covalent systems (Khan, Bjij, 

Fisayo, et al., 2018). This enables the simultaneous rationalization of covalent bond formation 

and corresponding changes in the conformation of the system. This method specifically 

illustrates the interface between target protein and covalent inhibitors. This method has been 
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positively validated by few of our recent published studies (Khan, Bjij, Betz, et al., 2018; Khan, 

Bjij, Fisayo, et al., 2018; Bjij et al., 2018). It includes the primary retrieval of the suitable 

ligand and proteins, system preparation and the final step of MD simulation using all atom MM 

approach. Detailed steps for studying covalent systems are mentioned below: 

3.5.2 Specific criteria for the selection of ligands and proteins 

Although there are numerous criteria to select the ligand and their respective target proteins 

but not all are appropriate for studying the covalent systems, therefore it is essential to focus 

on the characteristics and basis of selection. The choice of ligand and protein is depending on 

the existence of reactive moieties that can be electrophilic and sometimes nucleophilic in 

nature.  Reactive moieties are described according to their compatibility to either donate 

(nucleophiles) or receive (electrophiles) electrons, which results in the covalent bond 

formation. The process of covalent bond formation is known as Michael addition that happens 

between a Michael donor and a Michael acceptor. The common residues involved in the 

formation of covalent bond are cysteine (mostly), lysine, tyrosine, threonine, arginine, 

histidine, aspartate and glutamate. These residues are selective for covalent inhibition in their 

un-protonated states. The most appropriate residues are the ones that positioned in the catalytic 

site of the proteins, however the covalent inhibition of adenosine triphosphate (ATP) binding 

site and allosteric site residues are also gaining interest. These criteria have been utilized in the 

covalent inhibition of numerous proteins involved in disease pathogenesis (Liu and Rost, 2003) 

(Punthasee et al., 2017; Ruddraraju et al., 2017).  

3.5.3 Molecular Dynamics Post-Analysis 

Trajectories of MD are generated from the production run of the simulation. These trajectories 

can be described as snapshots of the sequences which are considered by velocity vectors and 

positional co-ordinates and report the time evolution of the system in phase space (Likhachev, 

Balabaev and Galzitskaya, 2016)(Jarosaw Meller, 2001). 

While selecting the analytical software, the below specifications are necessary: 

1. Software for qualitative visualization that will generate high quality images/snapshots and 

also show the video clips for trajectory analysis. 

2. The software must have fast processors that can entertain data with large volume. 
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3.  The software should have variety of options for analysis. 

The preferred post-dynamic approaches and calculations should be related to the type of the 

MD study; although, specific quantitative calculation is required to support any visual 

systemization.     

For the purpose of this type of investigation, the post-dynamic analysis of the trajectories is 

important to observe the: 

 - Conformational stability and energetics of the biomolecular system, 

 - Dynamics or variability of the biomolecular system, 

 - Appearances of the system’s small molecule binding landscape and the 

thermodynamic fluctuations of energies with the clustered trajectory. 

3.5.3.1 Stability of the System 

Convergence:  

This term can be utilized to explain dynamics of the protein based on types of bonds and bond 

angle vibrations at the time of protein unfolding. This integration for equilibrium and the 

illustration of a conformational plateau and final energetic is necessary for a MD trajectory to 

be more precise and reproducible (Amadei, Ceruso and Di Nola, 1999). At this plateau the 

ligand-protein system is presented to show energetic constant conformations. 

Root Mean Square Deviation (RMSD): 

The divergence of a system can be evaluated by the spatial modification between two static 

structures of the uniform trajectory. The RMSD of a trajectory is described as: 

 

Here, N is the total number of atoms in the system, Ri is the vector position of the Cα atom of 

particle i in the reference conformation that is calculated after aligning the structure to the 

primary conformation (O) using the least square fitting. 
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The average RMSD can be computed by taking the average of the frame numbers in each 

trajectory and can be calculated for the ligand, receptor and complex of a system (Orry and 

Abagyan, 2012; Forster, 2002). 

Radius of Gyration (RoG): 

In a protein, the radius of gyration can be described as the root mean square distance of the 

atoms from their center of gravity. This enables for the calculation of a compactness of a protein 

system with the trajectory. The RoG of a system can be based on the below mentioned equation: 

 

 

 

Where, ri is the position of the ith atom and r is the center weight of atom i. The average RoG 

can be computed by taking the average frame number in a trajectory (Lobanov, Bogatyreva 

and Galzitskaya, 2008). 

3.5.3.2 Conformational fluctuations of system 

Root Mean Square Fluctuation (RMSF): 

RMSF of a protein evaluates the residual Cα atom fluctuations based on the average structure 

of the protein with system’s trajectory. This further extends to hypothesize the flexible regions 

of a protein based on the calculated RMSF (Bornot, Etchebest and De Brevern, 2011). 

The below equation is applied to calculate the RMSF: 

 

 

Where, RMSFi is the RMSF of the ith residue, from which average RMSF is subtracted. This is 

further divided by the RMSF’s standard deviation to achieve the resultant standardized RMSF. 
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This technique is different from RMSD and RoG as it is calculated as the total residual 

fluctuation with the trajectory and is not evaluated at each frame in the trajectory.  

3.5.3.3 Free energy binding landscape 

Free binding energy calculations is an essential technique that may explain the mechanism of 

ligand-protein binding involving the contribution of entropy and enthalpy (Ylilauri and 

Pentikäinen, 2013). Binding of free energy estimation leads to advancement of different 

algorithms and methods comprising thermodynamic integration, molecular energy 

calculations, free energy perturbation and linear integration energy etc. From all the free energy 

calculations, Molecular Mechanics/Generalized Born Surface Area (MM/GBSA) and 

Molecular Mechanics/Poisson-Boltzmann Surface Area (MM/PBSA) approaches are the most 

efficient and accurate in computing binding free energies for biological macromolecules. 

Opposing to molecular docking, MM/GBSA and MM/PBSA do not account on a big data set 

to explain diverse parameters in each energy term. The above mentioned approaches utilize the 

combination of MM in terms of solvent model to calculate the absolute binding energy which 

is a average number of frames in the trajectory (Rastelli et al., 2010). The free binding energy 

(ΔG) estimated by these techniques for a protein system like ligand, receptor and complex can 

be illustrated as: 

 

Here, Egas symbolizes gas-phase energy consisting the internal energy Eint; Coulomb energy 

Eele and the van der Waals energy Evdw. The Egas was calculated from the FF14SB. Gsol is the 

solvation free energy that was computed from the polar states, non-polar states and GGB/PB 

energy contribution. GSA is the non-polar solvation energy. GSA was calculated from the solvent 

accessible surface area (SASA) by utilizing a water probe radius of 1.4 Å, while the polar 

solvation GGB/PB involvement was calculated by solving the equation of GB/PB. T and S signify 

the total entropy of the temperature and solute respectively. The MM/GBS and MM/PBSA 

algorithms propose quantifiable analysis of the binding affinity of the inhibitor to the protein 

and thus enables to explain molecular docked structures (Suenaga et al., 2012).  
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3.5.3.4 Dynamic cross correlation matrix of a system 

Dynamic Cross Correlation Matrix (DCCM) is used to plot the fluctuations between the 

residues either in or out of phase throughout the simulation. The cross-correlation constant 

differs from +1 (completely correlated movements) to -1 (completely anti-correlated 

movements).   

The equation used to explain the DCCM is: 

 

The cross-correlation coefficient (Cij) differs within a value of -1 to +1 and the higher and lower 

limit resembles to a fully correlated and anti-correlated movements throughout the simulation 

process.  

Where, i and j denotes ith and jth residues respectively and Δri or Δrj symbolizes displacement 

vectors relate to ith and jth residues. Dynamic cross correlation maps have become very 

effective in calculating residual movements that arise from ligand binding or in the occurrence 

of protein mutations (Tiberti, Invernizzi and Papaleo, 2015)(Kasahara, Fukuda and Nakamura, 

2014). 

3.6 Additional Computer-Aided Drug Design techniques utilized in the study 

3.6.1 Covalent docking  

Covalent docking has become a valuable computational tool applied in structure-based design 

of covalent inhibitors. Its application gained prominence upon the recent resurgence of covalent 

inhibitors. The traditional docking techniques compute the binding modes of non-covalent 

inhibitors. These techniques are restricted because they are not able to deal with the formation 

of covalent bond. Steric repulsion among the reactive residues and covalent moiety may inhibit 

the appropriate docking poses from being recognized. Currently, there are numerous docking 

tools and servers available for covalent docking. The accurate functional group has been 

implicit into the docking software and then docking poses are traced in which the covalent 

bond between ligand and receptor has been formed. This unique process of covalent bond 

formation makes the covalent docking technique different from the conventional docking 
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methods. Some of the user friendly docking tools and packages that successfully execute 

covalent docking involve: AutoDock (Morris et al., 2009), CovalentDock (Ouyang et al., 

2013), CovDock (Zhu et al., 2014), FlexX (Rarey et al., 1996) and Dockovalent (London et 

al., 2014). Although, few of these software can hardly apply in the virtual screening of large 

libraries of molecules, as they need a manual definition of the covalent bond. Covalent docking 

has been efficiently implemented in various studies as a validation of its importance as an 

essential tool in computer aided covalent drug design (Khan, Bjij, Fisayo, et al., 2018) 

(Lonsdale and Ward, 2018).  

The utilized computer-aided drug design techniques have been performed in this Study as the 

following chapters show where the Molecular modeling approaches have been carried out to 

exhibit the crucial result of this Study.  
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Abstract 

The pace and efficiency of drug target strategies have been emanating debates among 

researchers in the field of drug development. Covalent inhibitors possess significant advantages 

over non-covalent inhibitors, such that covalent warheads can target rare residues of a 

particular target protein, thus leading to the development of highly selective inhibitors. 

However, toxicity can be a real challenge related to this class of therapeutics. From the 

challenges of irreversible drug toxicity to the declining reactivity of reversible drugs, herein 

we provide justifications from the computational point of view. It was evident that both classes 

had its merits, however, with the increase in drug resistance, covalent inhibition seemed more 

suitable. There also seems to be enhanced selectivity of the covalent systems, proving its use 

as a therapeutic regimen worldwide. We believe that this study will assist researchers in making 

informed decisions on which drug class to choose as lead compounds in the drug discovery 

pipeline. 

Keywords: Covalent inhibition; Non-covalent inhibition; Merits; Pitfalls 
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3.1 Introduction 

The attenuation of biological effects of protein through the binding of small molecules defines 

the general process of its inhibition. The common mechanism of this process depends on the 

equilibrium of reaction between the functional groups of the drug and the active site residues 

of the protein. The created equilibrium between the bound and unbound states of the complex 

is a result of some or all the interactions such as, hydrogen bonds, dipole-dipole interactions, 

van der Waals interactions, ionic bonds and London dispersion interactions. In addition to these 

non-covalent interactions, the proteins can be covalently modified in the presence of certain 

chemical moieties that form a covalent bond with the appropriate amino acid in the protein. 

Creating this covalent bond in the ligand-receptor complex, establishes a re-emerging class of 

drugs in drug discovery called covalent drugs [1].Covalent inhibition is a rapidly evolving 

paradigm in the area of drug discovery as a validated approach to avoid acquired resistance in 

malignancy. The process of evolving small molecules to inhibit the target receptor covalently 

has become an important task in the drug discovery field [2]. In the late 1800s, Aspirin 

(acetylsalicylic acid) was manufactured by the Bayer company to treat inflammation and pain 

by covalently inhibiting of cyclooxygenase (COX)-1 and -2 enzymes. This further paved the 

way for the development of other covalent drugs, which have evolved over time [3]. Figure 4.1 

illustrates a timeline of the covalent drug evolution from the last two centuries. Covalent bonds 

are usually formed by the interaction between a nucleophilic cysteine, serine, threonine or 

rarely, lysine, and a reactive functional group of the ligand such as hydroxyl, epoxy or carbonyl, 

thus leading to the formation of covalent adducts [4]. 
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Figure 4.1: Timeline representation of approved covalent inhibitors in history. 

 

This bond is irreversible within the half-life of the target protein and sufficiently long lived, 

resulting in a drug-protein complex, which is not subject to classical equilibrium (Figure 4.2) 

[5]. On the other hand, the conventional mechanism for non-covalent inhibitors is usually 

dependent on the development of small inhibitors that bind to a target non-covalently and the 

subsequent enhancement of potency and selectivity. This is usually attained by enhancing the 

shape, and non-covalent interfaces (van der Waals interactions, hydrogen bonds, salt bridges, 

etc.) among the inhibitor and target binding site residues. The binding mechanism of covalent 

and non-covalent drugs are shown in figure 2 [6].  

Although there are numerous examples of efficacious drugs through covalent mechanisms, the 

clinical and commercial progress of covalent drugs has urged an improved and more thoughtful 

pursuit of irreversible and covalent mechanisms in the drug discovery process [7].  
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Figure 4.2: The mechanism of (a) covalent binding through a functional group in the ligand and (b) 

non-covalent binding to the drug target protein. 

With the prominent rise in interest toward the rational design of inhibitors and considering the 

ambiguities surrounding the advantages and disadvantages in drug treatments using covalent 

and non-covalent inhibition, we opted to provide a detailed understanding of covalent and non-

covalent inhibition. We also elucidate on each mechanism’s merits and pitfalls, as well as 

introduce molecular modelling features related to each of these inhibitory modes. 

3.2 Non-covalent approach in drug discovery- Merits and hurdles 

Non-covalent interactions play an essential role in the structure-based design of new substituent 

with specific properties [8,9]. They have been recognized in different fields related to chemical 

pharmacological, biological, physical, and materials sciences [10–12]. Non-covalent 

interactions like hydrogen bonding, hydrophobic interactions, van Waals interactions, 

electrostatic interaction and salt bridges, has been the main focus in designing and improving 

drugs [13,14]. Understanding these interactions and their physical basis is of significant interest 
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towards improving the currently available drug design strategies. Hence, many efforts have 

been devoted to explaining the structural, energetic, geometric, and thermodynamic properties 

of these interactions. The strong hydrogen bonds (Figure 4.3a), with their high directional 

characteristics, are very efficient in the supramolecular assembly of molecules [15]. In spite of 

their importance in many scientific domains, controversy on the properties, nature, and 

importance of hydrogen bonds are increasing. The van der Waals interactions, on the other 

hand, result from a temporary random fluctuation in circulation of the electrons of atom (Figure 

4.3c), which give an upsurge to a transient differing circulation of electrons, a transient electric 

dipole [16]. van der Waals interactions are responsible for the consistency between molecules 

of solids and nonpolar liquids. An example of this is heptane, which cannot form hydrogen 

bonds or ionic interactions with other molecules [9]. When these strong interactions are present, 

they overrule most of the effects of van der Waals interactions. The strength efficacy of the 

interactions subsequently decrease with increasing distance; thus, these noncovalent bonds can 

form only when atoms are quite close to one another [17]. Nevertheless, Ionic bonds (Figure 

4.3:b) are an outcome of electrostatic attraction between the negative and positive charges of 

ions [18]. The Hydrophobic bonds occur between nonpolar molecules, such as hydrocarbons, 

in an aqueous environment [19,20]. The non-covalent reversible inhibitors, in most cases, bind 

to the target’s active site with relatively greater affinity as compared to that of their natural 

substrate analogues. The enzyme inactivation is not irreversible in these cases, as the bound 

inhibitor is non-covalently bound at the active site and is reversibly released from the active 

site [21].  

https://www.ncbi.nlm.nih.gov/books/n/mcb/A7315/def-item/A7680/
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Figure 4.3: Non-covalent interactions: (A) Strong hydrogen non-covalent bond. (B) Ionic bond 

between two atoms     Na+ and Cl- by electrostatic force. (C) Van der Waal interaction force. 

 

3.3 Covalent approach in drug Discovery-Merits and hurdles  

Covalent drugs have made an extensive positive effect on human health and also have been 

permitted in curing different disease symptoms. In the pharmaceutical industry, these 

therapeutic drugs have already proved to be a very beneficial class. Approximately, 30% of the 

overall drugs in the market that target enzymes are covalent drugs [22]. It is estimated 

worldwide that around 26 covalent drugs account for more than US$33 billion sales [8]. 

Inhibitory interactions are defined by the creation of covalent bonds between the electrophilic 

moiety warhead of the inhibitor and the efficient side chain moieties of definite residues at the 

active site of the enzyme target [23]. Since the serendipitous discovery of the COX-1 covalent 

drugs like Aspirin and few residues like cysteine, threonine, histidine, tyrosine, arginine, 

glutamate and aspartate and lysine. These residue are selective for targeting due to their reactive 

side chains in their unprotonated states [3,23]. The advancement of selective irreversible 

covalent inhibitors has been the focus of intensive comprehensive exploration. Protein targets 

offer the amino acid residue for an appropriate covalent drug to directly affect with the reaction 

mechanism. Covalent inhibitors are regularly designed to mimic the natural substrate but have 
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been adjusted in such a way that the reaction cannot continue to achievement, and the drug 

remains covalently bound to the receptor, irreversibly rendered unable to perform its activity 

[6]. The covalent bond interaction is completed in two basic steps, the first of which involves 

the reversible association of the inhibitor with its biological target in an orientation. The faintly 

electrophilic functionality “warhead” of the ligand is then carried into proximity to a correctly 

placed nucleophilic residue on the protein. In the second step, an impulsive reaction occurs 

between the contributing functional groups on the ligand and protein, thus producing the 

covalently-adapted, inactivated protein. The action of a targeted covalent inhibitor can be 

defined by the generic mechanism shown in Equation 1, where Ki refers to the noncovalent 

binding constant (affinity of the ligand for the target) and kinact to the rate constant for enzyme 

inhibition [7].  

 

Equation 1. The generic mechanism of action of a target-specific covalent inhibitor 

The ligand warhead moiety is vital for the covalent reaction to occur  and to control the 

eventually induced toxicity of enzyme [24]. In consideration of the equity of treatment versus 

peril, researchers consolidate different kinds of warheads [25], the reactivity of a covalent 

warhead will not be suitable reactivity variety. In this case it might be acceptable to tune the 

reactivity by making structural adjustments around the warhead or modify it or replace it 

entirely, For instance, in the event of cysteine warhead targeting, making the warhead more 

electrophilic will  probably increase the reactivity, however, proper optimization of 

electrophilicity is needed to control toxicity [6]. Figure 4.4 represents the popular Michael 

reaction, which occurs between the cysteine residue of proteins and electrophilic warheads (in 

this example we used the α, β-unsaturated ester due its wide use in the process of drug 

conception).  
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Figure 4.4 A schematic representing Michael addition as a popular example of covalent reaction 

between, in this case, α, β-unsaturated ester of the ligand and cysteine residue of the protein (these 

two residues can be any electrophile and nucleophile moieties). 

A main challenge for the treatment of infectious diseases and cancer is the development of drug 

resistance due to mutations at the binding site of a drug target. However, it seems that covalent 

inhibitors may preserve activity against drug resistant mutations that are gained after treatment 

with non-covalent inhibitors [26]. Indeed, covalent drug design is an increasing and promising 

area, the amount and variety of covalent inhibitors and knowledge reaches in this field of drug 

discovery is continuously increasing. There are plenty strategies for covalent drug design 

development projects and computational chemistry techniques can have vital impact on 

covalent inhibitor design and will remain to be a significant aspect to the development of this 

class of therapeutics. 

Computational and molecular modeling tools have become a close counterpart to experiments 

in the understanding of molecular aspects of biological systems. The computational simulations 

of non-covalent biological systems have been widely explored by scientists in the field of 

biological and pharmaceutical chemistry [26]. However, the computational studies of covalent 

inhibition of target proteins have been limited due to the shortage of technical protocols for in 

silico simulations of this kind of irreversible systems. These techniques aid the simulation of 

biological interactions thereby providing molecular and structural insights into the direct 

binding of lead compounds to biological targets coupled with the dynamics and induced 

alterations in the structure–function relationship of target proteins. Our recent reports have 

covered this gap by providing our in-house technical protocol on the in silico modeling and 

tackling the challenges related to the simulation of covalent systems [27–29]. A summary of 

the protocol is provided in table 4.1. The computational preparation for the non-covalent and 
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covalent bonds has a similarity process with a different step, as it focused on the covalent bond 

preparation is more favorable than the non-covalent bond, especially after docking preparation 

to antechamber steps alongside the Tleap preparation table 1. 

Table 4.1: Computational preparation for Covalent bond and Non-covalent bond: 

Covalent preparation Non-covalent preparation 

Docking 

Using Auto-dock vina for covalent docking 

after a protein ligand charge and hydrogen 

preparation, by posing the ligand near to the 

residue, which we create the covalent bond 

with, making it close to each other 

approximately 2.5Å or 4 Å.  

Protein and ligand preparation by add charges 

and hydrogen or removal in certain cases, 

using Auto-dock vina for docking the ligand 

with the receptor at the right pose in the active 

site, with no bond attached with the ligand.  

Molecular dynamic (MD) preparations 

Creating covalent bond by using some 

softwares for instance Maestro software, 

make the ligand and residue as one 

complex under one name and residue 

number covalently attached. 

• Antechamber 

• Tleap with residue charge inserted 

and changed 

• Dabble for the complex 

• Minimization with certain restrains 

from high restrains to low restrains in 

several steps 

• Heating, 

• Equilibration in several steps  

• MD simulation. 

checking the covalent Bond and making 

sure after every step the Bond still save and 

not broken with the whole complex inside 

the Water box.  

Unlike the Covalent preparations, non-

covalent complex is not requiring using any 

softwares for the ligand and receptor after 

docking, using the MD preparation steps 

straight after docking. 

• Antechamber with ligand charge 

• Tleap 

• Minimization (Partial Minimization, 

Full Minimization) 

• Heating  

• Equilibration 

• MD Simulation 

 

Checking the complex and water box before 

going to MD simulation step. 

Molecular dynamic simulation (MDs) 
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Molecular dynamic simulation going on 

short several steps of Nano second for the 

irreversible covalent bond, to make sure the 

binding of the covalent bond is not affected 

during the simulation periods. 

Non- covalent molecular dynamic 

simulation, going on long several steps of 

Nano second, with complex and Water box 

checking after every MD period. 

 

Moreover, some aspects are important for these types of interactions such as interactions 

strength, environment through which it acts distance parameters. Examples for small range 

interactions for these forces are shown in Table 4.2.  

Table 4.2:  Example for small range interactions forces: 

 

3.4 The essence docking protocol of molecular modeling and drug design perspective for 

both covalent and non-covalent inhibitors  

Molecular docking is a computational process implemented on structure-based rational drug 

design to identify right conformations of small molecule ligands and also to estimate the 

strength of the ligand-protein interaction, commonly one receptor and one ligand [30–32]. The 

most common docking tools are AutodockVina, Autodock [33], and maestro Schrödinger [34] 

and more other softwares. Nevertheless, many other methods similar to them mainly focus on 

the docking between the two molecules through non-covalent interactions (van der Waals 

interaction, the electrostatics interaction and hydrogen bonding) Figure 4.3, using other 

knowledge or pragmatic to characterize these non-covalent interactions [35]. However, not all 

Nature of bond 

interaction 

Type of Force Distance Energy (Kcal/mol) 

Ionic bond 

interaction 

Coulombic force 2.8 Å 

2.0 Å 

180 NaCl 

240 LiF 

Covalent bond 

interaction 

Electrostatic force 

(sharing to pairs of 

electrons, wave 

function overlap) 

N/A 170 Dimond 

 

283 SiC 

Hydrogen bond 

interaction 

Strong type of 

directional dipole-

dipole interaction 

N/A 7 HF 

Van der Waals Dispersion forces, 

dipole-induced 

dipole forces, dipole-

dipole forces 

Important in the 

range from a few Å 

to hundred Å   

2.4 CH4 
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drugs bind non-covalently to the protein active site, there are other classifications of drugs, 

called the covalent drugs [7]. Nowadays docking of ligands that are bound to a receptor through 

non-covalent interactions is relatively imitative. The majority of docking methods development 

research has been focused on the effective prediction of the binding modes of non-covalent 

inhibitors [36,37]. Because of the reaction between the drug and the protein that needs to be 

taken into consideration, docking ligands that bind covalently to the receptor  it’s been 

complicated [7]. Most covalent docking software’s are only successful in predicting the binding 

energy between a nucleophilic receptor and electrophilic ligand; However, Different routines 

have been developed to perform covalent docking of the inhibitors to the target proteins Figure 

5.  

 

Figure 4.5: Scheme describing the workflow of covalent docking in drug discovery. 

Docking methods for the covalent bond is  deferent from the non-covalent bond, although of 

using same software’s [38]. Essentially the docking of covalent bond is between the inhibitor 

and the residue “link atom”, creating the covalent bond for the inhibitor with a certain residue 

it’s the main reason for the covalent docking. Using a certain software’s like Auto-dock vina 

and Maestro Schrödinger for instance [33,38], helping to create the perfect covalent bond and 
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create a ligand residue complex. The perfect docking for covalent bond is almost so important 

that the molecular dynamic simulation results depend on it. Making the distance between the 

inhibitor and the enzyme specific residue close to each other approximately 2.5Å or 4 Å is 

essential for covalent docking as it showing in table 4.1, after create the covalent bond between 

the ligand and the inhibitor in such docking distance it’s more guaranteed in MD simulation 

period the covalent bond won’t break, and that’s so important to carry on the simulation process 

to get the desired results. However, for the non-covalent docking there’s bond between the 

ligand and the residue, it depends on the right pose for the inhibitor inside the enzyme pocket 

site and which residues are more attracted to it by using analysis such as (MM/GB-SA- 

MM/PBSA) [39]. Choosing the right pose for the inhibitor during the docking process with the 

highest negativity position, is significant for molecular modeling simulation and better analysis 

results. Docking materials can affect the reversible and irreversible inhibition for the way 

ligand has been docked (posed, created bond). Docking is importantly essential to express the 

relationship outcome results between the inhibitor and the enzyme. In covalent binding the 

ligand binds first through non-covalently interaction with the protein in a pose that benefits the 

reaction, and then followed by the reaction between the elements to form a covalent bond. 

Therefore, in Covalent-Dock the interactions between the inhibitor and its protein are modelled 

the same as in conventional molecular dockings through non-covalent interactions with 

additional energy contribution from covalent bond formation (Equation (1)). 

3.5 Paving the route: guided answer from molecular modelling perspective 

The bond’s strength interactions describe how strongly each atom is bound to another atom 

and how much energy is required to break the interaction bond between these atoms. The 

interactions strength of the covalent and non-covalent is significant in various field of protein 

folding, drug design and origins of life. Bonds interactions such as ionic bond, covalent bond, 

hydrogen bond and van der Waal interaction are important to define the interaction strength, 

form the strongest bond to the weakest starting with the higher strength interaction the ionic 

bonds, due to the massive electrostatic attraction between two atoms, the ionic bonds are the 

strongest which including the higher strength interaction. Nevertheless, covalent bond comes 

next, because it is formed by sharing and overlap of two atoms, and in some cases, it considers 

stronger than the ionic bond. And then it comes the hydrogen bond and it’s followed by Van 

der Waals interactions. 
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In terms of deciding the route taken in illness therapy of covalent or non-covalent inhibition, it 

is always riddled with confusion, despite the advantages and disadvantages of both. From a 

molecular modeling and drug design perspective, we see that both are equally and not equally 

from the therapeutic side. In the case of drug mutation, such as those implicated in cancer 

disease, covalent inhibitors prove to be more effective because of its prolonged stay at the 

active site [32], resulting high selectivity and activity as compared to the reversible effect of 

the non-covalent drugs [34,39]. However, non-covalent drugs can be better therapeutics when 

it comes to evading toxicity that can be associated with the irreversible binding of covalent 

drugs. Covalent drugs possess some advantages compared to the non-covalent one such as a 

high binding affinity, higher selectivity and specificity leading to complete target inhibition 

under non-equilbrium kinetics [40]. Their prolonged activity also helps in decreasing dose 

frequency and enhancing the drug regimen [41]. In addition, they have a great potency in 

overcoming the challenge of drug resistance which has caused a significant draw back in the 

disease treatment using a non-covalent drugs [7]. Popular drugs, afatinib, neratinib and 

dacomitinib, which have been shown to overcome drug resistance [25,42], occurs when non-

covalent drugs such as lapatinib and gefitinib are used as EGFR inhibitors [27,43], also 

hepatitis C mutant patients have been effectively treated with covalent drugs [44]. Covalent 

drugs have shown an important strategy for addressing supposedly undruggable and 

challenging targets in human diseases. Odanacatib,  which effectively inhibits Cathepsin K, 

which was regarded as an undruggable cysteine protease  [45]. However, in some cases, the 

long-lasting effect and the permanent nature of bond between the drug and the target can be 

associated with drug toxicity. Hence, researchers from academia and industry tend to combine 

strengths of covalent and non-covalent modes of action by carefully designing reactive 

compounds that can overcome the drug resistance and still not toxic, especially when the 

administrated doses are lower. Lipinski has provided guidelines for computational as well as 

experimental scientists to rationally assess the inhibitors during the conception phase of drugs 

[46]. Moreover, in the light of the prodigious evolution of computational tools, it is possible to 

direct the efforts of researchers in every phase of drug development. This, has highly 

contributed to incline the researches to the reversible covalent drugs that has proved to 

overcome the aforementioned challenges and also reduce off-target toxicity and drug-drug 

interaction [4,47]. 
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3.6 Conclusion 

In this review, the pros and cons of covalent and non-covalent inhibitory mechanisms were 

elucidated on. The characteristic features of each class were discussed, including the duration 

of the drug at the active site region as well as the extrapolated effects on the drug potency and 

selectivity. In this study we also provided a short summary of our previous in-house protocol, 

which will be used to identify covalent inhibitors based on pharmacophore-based virtual 

screening. A final opinion was offered on the suitability of each drug class. It was evident that 

both classes had its merits, however, with the increase in drug resistance, covalent inhibition 

seemed more suitable. For example, Michael addition in the case of cysteine residues, thiolate 

is formed based on the deprotonated cysteine thiol. It then reacts with the functional group of 

the inhibitor. The rate of covalent modification depends on the pKa of the cysteine residue 

because of the deprotonation step. More reactive cysteines have lower pKas because of the 

increased probability that the cysteine will be in the nucleophilic thiolate state. Accordingly, 

cysteines with low pKas are more susceptible to covalent modification. Thus, calculating the 

pKas of cysteines could help identify druggable cysteine targets prone to covalent modification, 

leading to design of more potent and selective inhibitors. Hence, enhanced selectivity of the 

covalent systems is manageable proving its use as a therapeutic regimen worldwide. We 

believe that this study will assist researchers in making informed decisions when identifying 

whether or not to further assess a compound. 
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Abstract 

Covalent inhibition has recently gained a resurgence of interest in several drug discovery areas. 

The expansion of this approach is based on evidence elucidating the selectivity and potency of 

covalent inhibitors when bound to particular amino acids of a biological target. The unexpected 

covalent inhibition of heat shock protein 72 (HSP72) by covalently targeting Lys-56 instead of 

Cys-17 was an interesting observation. However, the structural basis and conformational 

changes associated with this preferential coupling to Lys-56 over Cys-17 remain unclear. To 

resolve this mystery, we employed structural and dynamic analyses to investigate the structural 

basis and conformational dynamics associated with the unexpected covalent inhibition. Our 

analyses reveal that the coupling of the irreversible inhibitor to Lys-56 is intrinsically less 

dynamic than Cys-17. Conformational dynamics analyses further reveal that the coupling of 

the inhibitor to Lys-56 induced a closed conformation of the nucleotide-binding subdomain 

(NBD) α-helices, in contrast, an open conformation was observed in the case of Cys-17. The 

closed conformation maintained the crucial salt-bridge between Glu-268 and Lys-56 residues, 

which strengthens the interaction affinity of the inhibitor nearly identical to adenosine 

triphosphate (ADP/Pi) bound to the HSP72-NBD. The outcome of this report provides a 

substantial shift in the conventional direction for the design of more potent covalent inhibitors. 

 

Keywords: Covalent MD simulation; HSP72; 8-N-benzyladenosine; Coupling; Principal 

component analysis.  
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5.1 Introduction:  

Heat shock proteins (HSPs) play a central role in the clearance of damaged proteins by inducing 

protein aggregation and proteotoxicity. This process occurs by preventing inappropriate stress-

induced protein aggregation, ensure proper refolding of denatured proteins, and, if necessary, 

the promotion of their degradation [1–3]. Recent studies have proven that increased protein 

synthesis (translation) is vital to the conversion of neoplasms. As a result of this increase, 

cancer cells appear to be particularly susceptible to agents that inhibit the removal of 

aggregated or misfolded proteins generated by protein synthesis as a product [4–6]. Hsp70 

protein member families are among the highly conserved proteins and play a critical role in 

these processes [7]. The primary stress-inducing member of the Hsp70 chaperone family is 

known as HSP72 and is encoded by two genes, HSPA1A and HSPA1B, which generate 

isoforms of Hsp72 [8]. HSP72 is extremely homologous to the 78 kDa glucose-regulated 

protein, which plays a significant role in organizing the unfolding protein response[9]. HSP72 

is expressed at high levels in malignant tumors of various origins [10] and enhances cancer cell 

survival [11,12]. Thus, the inhibition of HSP72 is considered to be a successful pathway in 

anti-tumor therapy [13].  All the different functions of Hsp70s are accomplished through a 

transient chaperone interaction with substrate proteins through its C-terminal substrate-binding 

domain (SBD) [14]. The nucleotide binds allosterically to the N-terminal nucleotide-binding 

domain (NBD) to control the transient chaperone interaction. The affinity of the SBD for 

substrates decreases by 10- to 400-fold when ATP is binding to the NBD. Hence, the inhibition 

of NBD is considered one of the most promising strategies for HSP72 function inhibition [15]. 

The NBD consists of two adjacent lobes (lobe I and lobe II), which form a deep nucleotide 

groove connected to the base. Each lobe consists of two subdomains (IA, IIA, IB, and IIB) 

[16,17]. Domains IB and IIB are linked to IA and IIA, respectively, by flexible hinges and 

control access to the nucleotide-binding sites [18] (Figure 5.1). 

Several studies have designed potential HSP72 inhibitors, including 2-

phenylethynesulfonamide (PES) [19], 15-deoxyspergualin (DSG) [20], natural products 

Oridonin [21] and Novolactone [22], but upregulation is one of the most challenges associated 

with drug resistance and poor clinical outcomes [23]. The challenging hurdle to cellular activity 

for competitive nucleotide inhibitors of HSP72 is due to the highly conserved domain. This 

conserved domain is mostly occupied by ADP and ATP (ADP, KD ~ 110 nm) in addition to 

hydrophilic and electrostatic interactions with the nucleotide ribose and phosphate amino acid 

residues, hence difficult drug binders [24].. 
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Figure 5.1 The 3-D crystal structure of the HSP72-NBD protein (PDB code: 5MKS). The IA, IIA, 

IB, and IIB subdomains are shown in green, light-green, oily green, and grey, respectively. 

Covalent inhibition is a key approach for high-affinity proteins [25] and has recently sparked 

interest among the community of pharmaceutical research [26]. Covalent inhibition occurs 

when the electrophilic moiety of a covalent ligand connects with a nucleophilic residue of a 

biological target, resulting in an irreversible link between the protein and the drug. For 

example, it can inhibit the same biological target at a lower concentration than a noncovalent 

drug due to the long-lasting effects of a covalent drug. [27,28]. An example of a covalent 

reaction between a ligand and its protein target is shown in Figure 5.2. 
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Figure 5.2 A schematic summarizing the covalent reaction mechanism between a covalent inhibitor 

and the protein residues lysine and cysteine. 

In a recent study by Pettinger et al. (2017) using fluorescence polarization (FP) assay and 

crystallography, the authors observed an unexpected covalent bond interaction between 8-N-

benzyladenosine and lysine-56 of the NBD of HSP72 (HSP72-NBD domain). This unexpected 

covalent bond interaction resulted in the arrest of the NBD via hydrogen-bonding array of the 

ribose and adenine moieties with the lipophilic para-chlorobenzylamine moiety, parallel with 

the two α-helices of the binding cavity [29] (Figure 5.3). It is worth highlighting that the 

observed covalent inhibition of HSP72 via lysine-56 by 8-N-benzyladenosine was opposed to 

the anticipated 8-N-benzyladenosine covalent inhibition of HSP72 via cysteine-17. 

The unexpected preferential covalent bond formation of 8-N-benzyladenosine with lysine-56 

over cysteine-17 prompted the need to investigate the conformational plasticity and structural 

dynamics associated with this unexpected covalent interaction. To accomplish this, we utilized 

in silico approaches such as covalent molecular dynamics simulation, clustering and principal 

component analyses to define and compare the structural dynamics of 8-N-benzyladenosine-

Lys-56 modeled covalent complex with 8-N-benzyladenosine-cys-17 covalent complex on 

HSP72-NBD domains.  
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Extensive analyses reveal that the coupling of the inhibitor to cysteine-17 is intrinsically more 

dynamic than to lysine-56, mainly in the IIA and IA α-helices region. Conformational 

dynamics analysis further reveals that the coupling of 8-N-benzyladenosine to lysine-56 

induces a closed conformation of the IIB and IIA α-helices of the NBD. In contrast, an open 

conformation was observed when coupled to the cysteine-17 residue.  

 

Figure 5.3 Surface view of HSP72 covalently bonded with 8-N-benzyladenosine inhibitor via a 

cysteine residue (red) and a lysine residue (navy-blue) with different binding pocket. A close view of 

two covalent bonds (yellow color cysteine residue bonding and light blue for lysine residue bonding) 

5.2 Computational methodology  

5.2.1 System preparation  

The studied models were prepared based on the reported human HSP72-NBD domain crystal 

structure retrieved from the Protein Data Bank [30] (PDB code: 5MKS) [31] and set up using 
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the UCSF Chimera software package [32]. The ligand was prepared using MarvinSketch 6.2.1, 

2014, Molegro Molecular Viewer (MMV), and Chem-Axon (http://www.chemaxon.com) to 

ensure that the ligand hybridization state and proper angels were displayed [33,34].  

5.2.2 Covalent Docking 

 Covalent bonds were formed between the inhibitor and lysine-56, cysteine-17 residues of 

HSP72-NBD. Before the creation of the covalent bond, a non-covalent docking was performed 

for the inhibitor to ensure an appropriate stable binding mode at HSP72-NBD. This initial non-

covalent docking was performed using AutoDock Tools GUI, and AutoDock Vina [35] 

integrated with Chimera GUI. The AutoDock Tools GUI was used to define the grid box 

(center: −12.75, −8.433, and 5.19; Size: 18.65, 18.02, and 21.39) at the lysine and cysteine 

binding site of the protein. The initial non-covalent docking was to appropriately position the 

inhibitor in the active site to allow the covalent bond to be created subsequently. The binding 

poses were checked to see if the two atoms that will eventually form the covalent bond between 

the target residues (lysine-56 and cysteine-17) and the inhibitor was within 3 Å of each other. 

The inhibitor binding mode that did not meet this condition to allow the bond to be formed was 

rejected. The Schrödinger Maestro [36] was used to create the covalent bond between the 

inhibitor and the residues (lysine-56 and cysteine-17). The best covalent complex pose was 

then selected. 

The protein preparation wizard in Maestro Schrödinger was used to optimize the protonation 

state of the complex, adjust hydrogen atoms, cap acetyl, and methylamide neutral residues. An 

initial vacuum minimization was performed to resolve any steric clashes and restore normal 

bond lengths. The prepared receptor and covalent ligand were saved separately and taken for 

parameterization using the preparatory program. The APO system was run based on our 

previously reported protocol for non-covalent simulations [37,38]. 

 

5.2.3 Covalent molecular dynamic simulation 

The two covalent systems were exposed to an all-atom classical covalent molecular dynamics 

simulation (MD) using the PMEMD package in Amber 14 [39]. The Antechamber module in 

the Amber 14 was used to provide atom types and atomic ligand partial charges using the 

FF14SB forcefield [40]. The LEaP program was used to generate a library defining the ligand 

residue topology. The final system was built, neutralized, and solvated with two Na+ counter-

http://www.chemaxon.com)/
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ions using the Dabble program [41]. Before starting the simulation process, the studied covalent 

complexes were placed within a box of TIP3P water molecules with 10 Å distance from the 

protein [42]. Particle mesh Ewald (PME) method was implemented within Amber14, with 

direct space and Van der Waals cut-off of 12 Å, to obtain long-range electrostatic interaction. 

To further relax the complex and remove potential steric clashes, each system was energy 

minimized for a total of 7500 steps (2500 steps of steepest descent and 5000 conjugate gradient 

steps) with a 10 kcal/mol/Å2 restraint conditions applied. The systems were heated for 30 ps 

from 0 to 300 K with an additional 7-ns equilibration performed at a 4-fs integration time step. 

MD simulation production runs of 250 ns were performed for each system during which the 

SHAKE algorithm was used to constrict all atomic hydrogen bonds at a 4-fs integration time 

step [43]. The computational methodology concerning the covalent systems was based on our 

previously reported [44]. The CPPTRAJ and PTRAJ modules [45] of AMBER14 package were 

used to analyze resulting trajectories for root mean square deviation (RMSD), root mean square 

fluctuation (RMSF), solvent accessible surface area (SASA), the radius of gyration (ROG), and 

secondary structure analysis. The data were expressed in mean ± standard deviation. The 

obtained data were plotted using Microcal Origin tools [46] and Maestro Schrödinger software 

[36]. 

 

5.2.4 Clustering and Principal component analysis 

A principal component analysis (PCA) was performed to describe the internal motion of the 

complexes using the Bio3D package in R. The process involves the initial construction of the 

covariance matrix (C) from (x,y,z) coordinate positions of the C-atoms as representatives of 

residues (N), generating a large matrix of dimension 3N_3N. The covariance matrix was further 

diagonalized to obtain eigenvectors based on related eigenvalues. This was then projected on 

the first three eigenvectors (PC1, PC2, and PC3).  

5.3 Result and Discussion 

To understand the molecular behavior associated with the preferential binding mechanism of 

8-N-benzyladenosine to Lys-56 over Cys-17 at HPS72-NBD, covalent molecular dynamics 

simulation was employed to study the structural and dynamical changes of the above two 

covalent binding models. Post molecular dynamics analyses were carried out covering different 

aspects, including dynamic conformational stability (RMSD, RMSF), dynamic system 

variations (SASA, secondary structure analysis, PCA). 

 



88 
 

5.3.1 Overall Structural Stability and Dynamics of the Simulated Systems:  

To assess the structural stability of the studied systems, the root mean square deviation (RMSD) 

was calculated based on C-α atoms for the Apo and covalent complexes over the 250ns 

simulation. The systems achieved stable equilibration after 50ns. The recorded average RMSD 

values for the entire frames of the systems were 2.1 ± 0.27 Å, 3.1 ± 0.42 Å, and 4.8 ± 0.54 Å 

for Apo-NBD, Lys-NBD, and Cys-NBD, respectively (Figure S 4.1). The Apo system showed 

a lower RMSD average value, whereas the Lys-NBD induces a relatively more stable protein 

conformation compared with the Cys-NBD complex. 

The covalent binding effects of 8-N-benzyladenosine towards amino acid residues of the 

HSP72-NBD when covalently bonded to Lys-56 or Cys-17 were analyzed by the root mean 

square fluctuation (RMSF). The mobility of HSP72-NBD C-α RMSF was computed and 

averaged over 250ns to observe inhibitor binding effects towards HSP72-NBD protein 

structural flexibility. The computed average atomic fluctuations for Apo-NBD, Lys-NBD, and 

Cys-NBD were 1.2 ± 0.52 Å, 1.6 ± 0.77 Å, and 2.1 ± 0.94 Å, respectively. The plotted results 

in Figure 5.4 indicate overall relative lower residue fluctuation in the Lys-NBD complex 

system compared with the Cys-NBD complex system. This observation suggests that the 

covalent binding of 8-N-benzyladenosine to HSP72-NBD via lysine relatively decreases the 

overall protein flexibility in contrast to 8-N-benzyladenosine binding to HSP72-NBD via 

cysteine residue. 

 

Figure 5.4 The time evolution RMSF of each residue of the protein C-α atoms over 250 ns for Apo 

(black color), and Cys-NBD (orange color), and Lys-NBD (green color). Superposed crystal structures 

of the studied systems are also illustrated to show differences in fluctuations. 
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Furthermore, to obtain insight into how the protein surface interacts with solvent molecules 

and how it relates to the compactness of the hydrophobic protein core, the solvent-accessible 

surface area (SASA) of the protein upon ligand binding was calculated (Figure 5.5). This was 

accomplished by calculating the surface area of the protein visible to solvent across the 250 ns 

MD simulation, which is vital for biomolecular stability [47]. The overall SASA indicates that 

the Lys-NBD protein surface is relatively less exposed to solvent molecules compared with 

Cys-NBD inhibition. The computed average SASA values for Apo-NBD, Lys-NBD, and Cys-

NBD inhibition systems were 17374.3 ± 327.7 Å, 17975.5 ± 518.2 Å, and 18289.5 ± 680.2 Å, 

respectively.  

 

Figure 5.5 Solvent accessible surface area (SASA) backbone atoms relative to the starting minimized 

structure over 250 ns for Apo, Cys-NBD, and Lys-NBD. Areas with higher SASA values and lower 

SASA values are shown in blue and red, respectively, for Cys-NBD (A), and Lys-NBD (B) and Apo 

(C). 

 

5.3.2 Analysis of Secondary Structure Variation  

 

To further gain an additional structural understanding of the cysteine-NBD targeting, and the 

lysine-NBD targeting of HSP72, the DSSP classification for each amino acid was calculated 

(Figure 5.6). The segment of residues 50–70, which was suggested in the stabilization of the 

closed formation [48–50], remains as α-helix-para-turn (green-blue-brown) conformation 
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throughout the simulation when bound to cysteine. In contrast, it becomes 310helices-bend 

(dark green-red) when bound to lysine is binding. The α-helix in this segment disappears almost 

entirely and thus potentially destroys the NBD as it is no longer in close proximity. The solvent-

exposed salt-bridge between Glu-268 and Lys-56 is absent [51]. 

 

 

 

Figure 5.6 DSSP classification for the time evolution of the secondary structural elements for Apo (A), 

Cys-NBD (B), and Lys-NBD (C). 

 

5.3.3 Conformational clustering and principal component analysis  

Principal component analysis and clustering were performed for Cys-17-HSP72 and Lys-56-

HSP72 8-N-benzyladenosine covalent complexes to observe the overall concerted motion of 

HSP72-NBD protein. The PCA provides insight into the conformational changes of 

macromolecules, such as proteins [52]. The structural distribution of conformational changes 
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and the proportion of variance of the captured eigenvectors are shown in Figure 5.7A, C. The 

first three principal components accounted for 67.8% and 53.2% of the total variance observed 

in the MD trajectories for Cys-17-HSP72 and Lys-56-HSP72 covalent complexes, respectively. 

The magnitude of principal component 1 (PC1) was observed to be the highest for the Cys-17-

HSP72 complex (51.2%); however, a relatively lower PC1 of 30.8% was observed for Lys-56-

HSP72 covalent complex. The observed PC1 variance suggests that the inhibitor-induced 

radical conformational changes in the protein structure when couple to Cys-17, resulting in a 

dynamic rearrangement of the IIA and IA helices of HSP72-NBD (Figure 5.7B). The clustering 

analysis also shows conformational distribution variance along the first, second, and third 

principal components with each dot representing a single complex conformation.  

 

The clustering and principal component analyses suggest that HSP72 undergoes a large 

conformational change in the NBD when the inhibitor is coupled to Cys-17 compared with 

Lys-56 (Figure 5.7). The coupling of the inhibitor to cysteine-17, therefore, shows intrinsically 

more dynamic residue mobility largely in the IIA α-helix region compared with the lysine-56 

inhibitor complex (Figure 5.7B, D). 
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Figure 5.7 Clustering and principal component analysis on 250ns of equidistance conformations using 

the Bio3D package in R. The plots show the first three eigenvectors for Cys-17 HSP72 complex (A) 

and Lys-56 HSP72 complex (C) Conformers are colored according to the k-means clustering: cluster 

1, black; 2, red; 3, green. dominant motions and captured eigenvector variance; and residue mobility 

for Cys-17 HSP72 complex (B) and Lys-56 sHSP72 complex (D). The color scale from blue, green, to 

red depicts low to high atomic displacements. 
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5.3.4 Understanding structural dynamics upon 8-N-benzyladenosine coupling to Lysine and 

Cysteine of HSP72-NBD α-helices. 

To further elucidate the structural basis of the preferential covalent coupling of 8-N-

benzyladenosine with Lys-56 over Cys-17, we compared the subdomain helix dynamic 

motions throughout the simulation. The observed structural changes in the helix motion show 

a different mechanism of the NBD characterized by an opened conformation and a closed 

conformation of the IIB and IIA subdomains for Cys-17 HSP72 complex and Lys-56 HSP72 

complex, respectively (Figure 5.8). The Lys-56-HSP72 8-N-benzyladenosine complex binding 

results in the closure of the two helices for the subdomain IIB and IIA, thus, inducing a closed 

conformation. On the other hand, an open conformation of the two helices for the subdomain 

IIB and IIA was observed for the Cys-17-HSP72 8-N-benzyladenosine complex. 

 

Figure 5.8 Conformational dynamic comparison of α-helix coupling upon 8-N-benzyladenosine 

binding to Lys56 (Orang color) and Cys17 (violet color) showing the closed conformation of HSP71-

NBD. 

The inhibition of HSP72-NBD via lysine-56 decreased the inter-residue distance between two 

opposite IIB and IIA subdomain helix residues Thr-265 and Asn-57 with an average distance 

of 9.24 Å. However, a distance of 26.14 Å was observed between residues Thr-265 and Asn-

57 via the cysteine-17 inhibition model (Figure 5.9). The coupling of 8-N-benzyladenosine to 

Lys-56 over Cys-17 residue strengthens the interaction affinity of 8-N-benzyladenosine and 

induced a closed conformation of the IIB and IIA nucleotide-binding subdomain.  
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Figure 5.9 Distance between C- α residues involving THR265, and ASN57 α-helices of the NBD. The 

average distances were found to be 9.24 Å and 26.14 Å, respectively, for Lys-NBD and Cys-NBD 

conformations. 

 

Further analysis of the 8-N-benzyladenosine interaction mechanism with Lys-56 and Cys-17 

reveals a salt-bridge interaction between Lys-56 and Glu-268 in the Lys-56-HSP72-NBD 

complex (Figure 5.10A), which is absent in the Cys-17-HSP72-NBD complex (Figure 5.10B). 

The observed Lys-56-8-N-benzyladenosine interaction and the closed conformation is nearly 

identical to the closed conformation of ADP/Pi bound to HSP72-NDB [51]. In Cys-17 inhibitor 

coupling, the bulk of the inhibitor is sandwiched between Glu-268 and Lys-56 of the two 

helices, which prevent the possible formation of the Glu-268 and Lys-56 salt bridge inducing 

an open conformation (Figure 5.10B). 
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Figure 5.10 Lys-56-8-N-benzyladenosine (A) and Cys-17-8-N-benzyladenosine (B) coupled HSP72-

NBD irreversible interaction mechanism. Crucial salt-bridge between Glu-268 and Lys-56 residues 

were missing in the Cys-17 coupled conformation. 
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5.4 Conclusion 

The human heat shock protein 72 (HSP72) represents a vital therapeutic target during the 

critical stages of oncogenesis and progression of human cancers. In this study, we performed 

covalent molecular dynamic simulation followed by extensive analyses to decipher the 

structural basis and conformational dynamics associated with the unexpected preferential 

coupling of 8-N-benzyladenosine to lysine-56 over cysteine-17 in HSP72-NBD models. The 

results reveal that the irreversible binding of 8-N-benzyladenosine to lysine-56 over cysteine-

17 in HSP72-NBD represents the most stable conformation with minimal intrinsic dynamics. 

Clustering and PCA showed that the first three principal components accounted for 67.8% and 

53.2% of the total variance for Cys-17-HSP72 and Lys-56-HSP72 covalent complexes, 

respectively. The magnitude of principal component 1 (PC1) was observed to be the highest 

for the Cys-17-HSP72 complex (51.2%); however, a relatively lower PC1 of 30.8% was 

observed for Lys-56-HSP72 covalent complex.  

The conformational dynamics analysis further reveals what the experimental study could not 

capture and explain, that the coupling of 8-N-benzyladenosine to Lysine-56 induces a closed 

conformation of the IIB and IIA α-helices of the nucleotide-binding subdomain. In contrast, an 

open conformation was observed in coupling to Cysteine-17 residue. Interestingly, the close 

confirmation maintained the crucial salt-bridge between Glu-268 and Lys-56 residues, which 

strengthens the interaction affinity of 8-N-benzyladenosine nearly identical to ADP/Pi bound 

to the HSP72-NBD. It is rare for non-catalytic lysine residues to form a covalent bond with an 

inhibitor. The recent unexpected covalent formation between lysine-56 and 8-N-

benzyladenosiness would assist with the design of more potent and highly selective covalent 

inhibitors for HSP72 with the potential to overcome drug resistance challenges and represent a 

novel therapeutic approach for inhibiting HSP72 oncoprotein.  
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Abstract 

Over the past two decades, covalent inhibitors have gained much interest and are living up to 

their reputation as a powerful tool in drug discovery. Covalent inhibitors possess several 

significant advantages, including increased biochemical efficiency, prolonged duration and the 

ability to target shallow, solvent-exposed substrate-binding domains. One of the enzymes that 

have been both covalently and non-covalently targeted is the heat shock protein 72 (HSP72). 

This elevated enzyme expression in cancer cells may be responsible for tumorigenesis and 

tumor progression by providing chemotherapy resistance. A critical gap remains in the 

molecular understanding of the structural mechanism's covalent and non-covalent binding to 

HSP72. In this study, we explore the most optimal binding mechanism in the inhibition of the 

HSP72. Based on the molecular dynamic analyses, it was evident that the non-covalent 

complex showed more stability than the covalent complex. The covalent ligand, however, was 

more able to induce and stabilize the sealed conformation of the HSP72-NBD ATP binding 

domain throughout the. Also, the non-covalent ligand does not induce any significant 

conformational change as it remained close to the shape of the unbound complex; and the 

affinity is only dependent on the multiple hydrogen bonds in contrast to the covalent ligand. 

This is supported by the secondary structure elements and principal component analysis that 

was more dominant in the covalently inhibited complex. Covalent bond induced the α-helices 

sealed conformation of the HSP72-NBD; based on our findings, this will prevent other small 

molecules from interacting at the ATP binding site domain. Moreover, inhibition of the ATP 

binding domain can directly affect the ATPs protein folding mechanism of the HSP72 enzyme. 

The essential dynamic analysis presented in this report compliments the binding mechanism of 

HSP72, establishing covalent inhibition as the preferred method of inhibiting. The findings 

from this study may assist in the design of more target-specific HSP72 covalent inhibitors 

exploring the surface-exposed lysine residues. 

Keywords: Covalent MD simulation; HSP72; covalent; Conjunction; Principal component 

analysis.  
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6.1 Introduction  

Most small-molecule drugs are made to interact with their biological targets under balanced 

binding conditions, where the desired drug-protein interaction is a hasty and reversible process 

[1]. Depending on the concentration and the exposure length, the drug can utilize irreversible 

and reversible inhibition  [2]. Non-covalent interactions can be divided into various groups, 

such as electrostatic, п-effects, van der Waals forces, and hydrophobic effects [3]. Upon the 

drug binding, these non-bonding interactions are leading forces for the affinity, specificity, and 

selectivity of the drug, leading to increasing the stability of the Drug-protein complex [4].  Even 

though these interactions optimization has mostly dominated the advance in the drug discovery 

process, including covalent modification of protein targets, represent an emerging filed in the 

drug development process [5–7].  

Covalent bonds vary from non-covalent interaction in that electrons are shared between two 

contributing atoms; therefore, the covalent bonds are much stronger than the non-covalent 

forces [8]. Targeted covalent inhibitors typically react via a two-step mechanism of action 

(Figure 6.1). Firstly, the target protein enzyme (E) interacts reversibly with covalent 

Drug/ligand (L) to generate a non-covalent enzyme-ligand complex (EL). The tendency of the 

reversible complex recognizes by the free concentration of the drugs and the equilibrium 

constant Ki.  The reversible complex can then undergo covalent bond formation as identified 

by first-order kinetic, to generate the covalent complex (E-L) by inducing conformational 

changes in the complex.  
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Figure 6.1 Drug-enzyme interaction. Association of a Ligand (L) interacting with Enzyme (E) in (A) 

conventional non-covalent and (B) covalent mode of action. Where is L: Ligand; E: Enzyme. 

 

HSP72 is induced in an HSF1-dependent manner when the cell is undergoing stress and is 

overexpressed in several cancer cell types [9].  This overexpression is correlated with 

metastasis, poor prognosis, and resistance to chemotherapy in patients. Thus, inhibition of 

HSP72 is considered to be a successful pathway for anti-tumor therapy [10]. All the different 

functions of Hsp70s are accomplished through a transient chaperone interaction with substrate 

proteins through its C-terminal substrate-binding domain (SBD) [11]. This interaction is 

allosterically controlled by the nucleotide bound to the N-terminal nucleotide binding domain 

(NBD). In the nucleotide-free and ADP bound state, the affinity for substrates is high, but 

substrate association and dissociation rates are low. ATP binding to the NBD increases 

association and dissociation rates by orders of magnitude, thereby decreasing the substrates 

affinity by 10 to 400-fold [12–14]. Hence, the nucleotide-binding domain's inhibition is 

considered one of the most promising strategies for HSP72 function inhibition [15]. The NBD 

consists of two adjacent lobes (lobe I and lobe II), which form a deep nucleotide groove 

connected to the base (Figure 6.2). Each lobe consists of two subdomains (IA, IIA, IB, and IIB) 

[16,17]. Domains IB and IIB are linked to IA and IIA, respectively, by flexible hinges and 

control access to the nucleotide-binding sites [18]. 
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Figure 6.2 The 3-D crystal structure of the HSP72-NBD protein (PDB code: 5MKS). The IIB, IB, 

IIA, and IA subdomains are shown in blue, grey, orange, and green. 

One of the enzymes that have been both covalently and non-covalently targeted is the Heat 

shock proteins (HSP72) chaperone, which play a significant role in the unfolding protein 

response organisation by clearance of damaged cells induced by protein aggregation and 

proteotoxicity [19]. Recently, Pettinger et al. (2017), fluorescence polarization (FP) assay, and 

crystallography had confirmed that the 8-N-benzyladenosine could irreversibly target the non-

catalytic nucleophilic lysine 56 residue on HSP72  [20]. On the other hand, the adenosine-

derived inhibitors can reversibly target the ATPase binding domain of the HSP72 [21]. The 

crucial difference between the two ligands is their ability to induce and stabilize the closed 

conformation of the HSP72-NBD [22]. Based on the discrepancies involving covalent versus 

non-covalent forces and the ambiguity surrounding the mechanistic inhibition of HSP 72 
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enzyme, we were prompted to study the difference in the binding mechanism between covalent 

ligand 3-[(2~{R},3~{S},4~{R},5~{R})-5-[6-azanyl-8-[(4-chlorophenyl)methylamino]purin-

9-yl]-3,4-bis(oxidanyl)oxolan-2-yl]propyl prop-2-enoate (TI8) [20], and non-covalent ligand 

4-{(2R,3S,4R)-5-[(R)-6-Amino-8-(3,4-dichloro-benzylamino)-purin-9-yl]-3,4-dihydroxy-

tetrahydro-furan-2-ylmethoxymethyl}-benzonitrile (3FD)  [21] (Figure 6.3). 

Figure 6.3 2D structure of [A] TI8 and [B] 3FD 

In this study, we aim to establish the most optimal binding mechanism amongst covalent and 

non-covalent inhibition of HSP72. This was accomplished by molecular dynamic simulation, 

which compared the structural modification of covalent and non-covalent inhibition of HSP72 

by comparing two modes of inhibition of HSP72, covalent (irreversible) and non-covalent 

(reversible) with respect to its APO (apoenzyme correspond to the free form of the enzyme) 

form in order to gain a better understanding of underlying structural dynamics and critical 

implications in each binding mechanism (Figure 6.4).  
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Figure 6.4 The surface view of HSP72 [A] covalently bonded ligand [B] and non-covalent bonded 

ligand. A close view of two inhibition conditions (red color circle shows the covalent bond). 

6.2 Computational methodology  

6.2.1 System preparation  

The studied models were prepared based on the reported human HSP72-NBD domain 

crystal structure retrieved from the Protein Data Bank [23] (PDB code: 5MKS) [24] and set up 

using the UCSF Chimera software package [25]. The ligand was prepared using MarvinSketch 

6.2.1, 2014, Molegro Molecular Viewer (MMV), and Chem-Axon 

(http://www.chemaxon.com) to ensure that the ligand hybridization state and proper angels 

were displayed [26,27].  

http://www.chemaxon.com)/
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6.2.2 Covalent docking 

Covalent bonds were formed between the inhibitor and lysine-56 residues of HSP72-NBD. 

Before the creation of the covalent bond, a non-covalent docking was performed for the 

inhibitor to ensure an appropriate stable binding mode at HSP72-NBD. This initial non-

covalent docking was performed using AutoDock Tools GUI, and AutoDock Vina [28] 

integrated with Chimera GUI. The AutoDock Tools GUI was used to define the grid box 

(center: -12.75, -8.433, and 5.19; Size: 18.65, 18.02, and 21.39) at the lysine binding site of the 

protein.The initial non-covalent docking was to appropriately position the inhibitor in the active 

site to allow the covalent bond to be created subsequently. The binding poses were checked to 

see if the two atoms that will eventually form the covalent bond between the target lysine 

residue and the inhibitor was within 3 Å of each other. The inhibitor binding mode that did not 

meet this condition to allow the bond to be formed was rejected. The Schrödinger Maestro 11.5  

[29,30]  was used to create the covalent bond between the inhibitor and the lysine residues . 

The best covalent complex pose was then selected. 

The protein preparation wizard in Maestro Schrödinger was used to optimize the 

protonation state of the complex, adjust hydrogen atoms, cap acetyl, and methylamide neutral 

residues. An initial vacuum minimization was performed to resolve any steric clashes and 

restore normal bond lengths. The prepared receptor and covalent ligand were saved separately 

and taken for parameterization using the preparatory program. Furthermore, the non-covalent 

ligand docking was performed using AutoDock Tools GUI, and AutoDock Vina [27] integrated 

with Chimera GUI. The AutoDock Tools GUI was used to define the grid box (center: -15.57, 

-10.21, and 10.21; Size: 12.57, 12.46, and 11.95) at the ATP binding site. The APO system 

was run based on our previously reported protocol for non-covalent simulations [31,32]. 
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6.2.3 Molecular dynamics simulation with Covalent inhibitor 

The covalent system was exposed to an all-atom covalent molecular dynamics simulation 

(cMD) using the PEMED package in Amber14 [33]. Using the Antechamber module in the 

Amber14 to provide atom types and atomic ligand partial charges using the FF14SB forcefield 

[34], while the LEaP module was used to create a library of covalent ligand residue topology, 

whereas the Dabble program [35] was used to build, neutralize and solvate the system with two 

Na+ counter-ions. The covalent system was inserted within a box of TIP3P water molecules 

with 10Å distance from the protein [36] and minimized and heated at 300 K and to stabilize 

the covalent during simulation gradually. Moreover, the production cMD run lasted for 350ns 

with a 2-fs time step using graphics processing unit version of particle mesh Ewald (PME) 

molecular dynamics in AMBER14 [37]. The computational methodology concerning the 

covalent systems was based on our in-house protocol reported previously [38]. 

 

6.2.4 MD simulation with non-Covalent inhibitor 

In a non-covalent system (ncMD), to parametrize the ligand, we run antechamber, and 

simulation was done as explained in the section on cMD simulation. AMBER force field 

FF14SB was applied to define a protein [39]. We were using the LEaP module of AMBER-14 

to add the missing hydrogens and counter ions to neutralize the system for the protein. We use 

a box of TIP3P water model [40] to include the corresponding complexes with a distance of 10 

°A among the protein solute atom and surface. The particle mesh Ewald (PME) method was 

carried out within Amber14, with direct space and Van der Waals cut-off of 12 Å, to obtain 

long-range electrostatic interaction [41]. Ahead of the non-covalent MD simulations, system 

minimization was conducted with the restraint potential of 10 Å to consider the solute molecule 

using steepest descent 500 steps, followed by steps of 1000 conjugate gradient minimization 

process. The simulated systems were minimized and heated at 300 K and steadily equilibrated 



111 
 

to ensure system stability during simulations. This was followed by MD simulation production 

runs of 350ns for each system to analyze the motions in the trajectory, during which the 

SHAKE algorithm was used to constrict all atomic hydrogen bonds [42].  

For all simulation systems, The CPPTRAJ and PTRAJ modules [43] of the AMBER14 package 

were used to calculate resulting coordinate, and trajectories for Root mean square deviation 

(RMSD), dynamics cross-correlation matrix (DCCM), Root mean square fluctuation (RMSF), 

Solvent accessible surface area (SASA), the radius of gyration (ROG) and secondary structure 

analysis. The obtained data were plotted using Microcal Origin tools (www.originlab.com) 

[44]. 

 

6.2.5 DCCM analysis 

We used dynamic cross-correlation analysis to investigate the fluctuations and movements in 

the backbone of the α carbon atoms [45]. The cross-correlation elements Cij between Cα atoms 

of residues i and j of proteins can be computed based on structural extracted from MD 

trajectories using the following equations [46–49] :  

                                                     

                         

Where Δ ri is the displacement of the ith Cα aom relative to its averaged position. The Δri is 

the displacement of the ith Cα atom relative to its averaged position. Significantly correlated 

movements are symbolized by Cij = 1, while Cij = -1 symbolized highly anticorrelated 

movements in the trajectory. The divergence of motion from 1 and -1 indicates that i and j 

movements are anticorrelated.  

(Equation 1) 

http://www.originlab.com/
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The DCCM matrix was carried out using the CPPTRAJ package in Amber 14, and the matrices 

were plotted and evaluated using Origin software (www.originlab.com) [44]. 

6.2.6 Clustering and Principal component analysis 

Principal Component Analysis (PCA) is a multivariate statistical approach used to 

systematically minimize the number of dimensions needed to characterize protein dynamics 

through a decomposition process that filters movements from the largest to the smallest spatial 

scales [50–54]. Principal component analysis (PCA) was performed to the complexes using the 

Bio3D package in R. The process involves the initial construction of the covariance matrix (C) 

from (x,y,z) coordinate positions of the C-atoms as representatives of residues (N), generating 

a large matrix of dimension 3N_3N. The covariance matrix was diagonalized to obtain 

eigenvectors based on related eigenvalues and plotted on the first three eigenvectors (PC1, 

PC2, and PC3). 

 

6.3 Result and Discussion 

6.3.1 Dynamic Conformational Stability and Fluctuation: 

It was significant to ensure that all the systems were converged and structurally stable during 

the 350ns MD production run to avoid disrupted motions and simulation artifacts. So that, Cα 

-RMSD for the three systems was estimated (Figure S 6.1). The systems achieved stable 

equilibration after 75ns. The recorded average RMSD values for the entire frames of the 

systems were 2.15 Å, 3.15 Å, and 1.68 Å for Apo, Cov-NBD, and Non-NBD, respectively. The 

RMSD plot indicates that the Non-NBD complex was more stable compared to the Apo and 

Cov-NBD.  The Cov-NBD complex did not achieve satisfactory equilibrium throughout the 

entire simulation because it is binding to non -catalytic nucleophile lysine residue. [20] Besides, 

the non-covalent binding depends on the multiple hydrogen bonds between the compound and 

the target protein[17]. 

http://www.originlab.com/
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Afterwards, we calculated the Root mean square fluctuation (RMSF) values to invested the 

inhibitory effect of the covalent and non-covalent inhibitor towards the amino acid residues of 

the HSP 72-NBD. The computed average atomic fluctuation of Apo, Non-NBD, and Cov-NBD 

were 1.2 Å, 1.60 Å, and 1.16 Å, respectively. The plotted results in (Figure 6.5) indicate overall 

relative a higher residue fluctuation at the α-helix region on the Cov-NBD compared to the 

Non-NBD as the Cov-NBD has induced and stabilized the closed conformation of the HSP72-

NBD throughout the simulation in comparison to the Non-NBD. 

 

Figure 6.5 The time evolution RMSF of each residue of the protein Cα atom over 350 ns for Apo 

(Gray color), and Non-NBD (blue color), and Cov-NBD (orang color). We are superposed of the α-

helix region crystal structures of the studied systems to show differences in fluctuations in the α helix 

region. 

 

The radius of gyration (RoG) is an indicator of protein compactness after ligand binding. The 

RoG was determined by calculating the mass-weighted Root mean square distance of the 

collection of atoms from their common center of mass during the molecular dynamic 

simulation [55]. The average ROG values were 21.52 Å, 21.61 Å, and 21.41 Å for Apo, Cov-

NBD and Non-NBD 

inhibition, respectively. This pattern suggested that the non-covalent interaction residues with 

HSP 72 showed relatively rigid, stable protein structure compared to the covalent interaction 
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residues (Figure S 6.2). The observed lower ROG value for Non-NBD than Cov-NBD reflects 

a similar pattern, as shown in RMSF and RMSD values.  

Moreover, to know how the protein surface interrelates with solvent atoms and how it relays 

to the compactness of the hydrophobic protein core, the solvent-accessible surface area (SASA) 

of the protein upon ligand binding was calculated (Figure 6.6). This was accomplished by 

computing the surface area of the protein observable to solvent across the 350 ns MD 

simulation, which is vital for biomolecular stability [56]. The computed average SASA values 

for Apo-NBD, Cov-NBD, and Non-NBD inhibition systems were 17399.3 Å, 17677.6 Å, and 

16905.8 Å, respectively. The overall SASA indicates that the Non-NBD protein surface is 

relatively less exposed to solvent molecules compared to Cov -NBD inhibition. 

 

Figure 6.6 Solvent accessible surface area (SASA) backbone atoms relative to the starting minimized 

structure over 350ns for Apo, Non-NBD, and Cov-NBD. Areas with higher SASA values and lower 

SASA values are shown in blue and red, respectively, for Non-NBD [A], Cov-NBD [B], and Apo [C]. 

 

Different enzyme dynamics between the three conditions were examined using a dynamic 

cross-correlation matrix and plotted by observing the correlated movements of all residues. 
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DCM plots are represented by different colors, highly positive regions range from green to 

olive-green (strongly correlated), and highly negative range from light blue to black (strong 

anticorrelated) movement for specific residues, respectively.  

 

As evident in Figure 6.7, The Cov-NBD system enzyme displayed less correlated motions 

compared to the Non-NBD complex. Moreover, the α-helices region showed a highly 

correlated motion in a Cov-NBD complex system compared to a Non-NBD system. These 

results are correlated with RMSF, which justified that the α-helices region exhibits a highly 

correlated motion during the simulation per time. Taken together, these results suggested that 

the conformation flexibility of the α-helices region was improved by covalent inhibitor binding. 
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Figure 6.7 Dynamic cross-correlation matrix analyses for HSP72 covalent (A) and non -covalent (C) 

with unbound Apo (B). Numbers closer to 1 indicate high correlation, while those closer to -1 indicate 

anticorrelation between pairs of residues. X denoted the α-helices site of HSP72. 

6.3.2 Analysis of Secondary Structure Variation 

To additionally increase the structural understanding of the Cov-NBD targeting, and the Non-

NBD targeting of HSP72, the DSSP classification for each amino acid was calculated and 

showed its time course in (Figure 6.8). The segment of residues 50–70, which was suggested 

in the stabilization of the closed formation [57–59], remains as α-helix-para-turn (green-blue-

brown) conformation throughout the simulation when bound to covalent binding, whereas it 

becomes 310helices-bend (dark green-red) when bound to non-covalent is binding. The α-helix 

in this segment disappears almost entirely and potentially destroys the nucleotide-binding 

domain as it is no longer close, which allows a less residues interaction compared to covalent 

inhibition. The solvent-exposed salt-bridge between glutamic acid 268 and lysine 56 is absent 

[22]. 
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Figure 6.8 DSSP classification for the time evolution of the secondary structural elements for Apo 

[A], Non-NBD [B], and Cov-NBD [C]. 

 

6.3.3 Conformational clustering and principal component analysis 

Principal component analysis are largly used to understand the conformational changes due to 

eithier the mutation or drug binding ,and this help for producing potentional inhibitors [60–62]. 

In this study, Principal component analysis and clustering have been carried out for Cov-NBD 

HSP72 and Non-NBD HSP 72 complexes to realize the overall concerted motion of HSP 72-

NBD protein. The structural distribution of conformational changes and the proportion of 

variance of the captured eigenvectors are shown in (Figure 6.8B & C). The first three principal 

components accounted for 53.2% and 47.4 % of the total variance observed in the MD 

trajectories for Cov-HSP72 and Non -HSP72 complexes. The clustering analysis also shows 

conformational distribution variance along with the first, second, and third principal 

components with each dot representing a single complex conformation. For the Cov-HSP72 

complex, the PC 1/3 and PC 1/2 conformational subspace highlight distinct thermodynamic 

periodic jumps with a significant energy barrier. However, the Non-NBD complex displayed a 

uniform and overlapping conformational PC 1/3 and PC 1/2 subspace with a minimal energy 

barrier. The clustering and principal component analyses suggest the HSP72 undergoes a 

massive conformational change of the nucleotide-binding domain with reversible ligand 

compared to the irreversible ligand. The sealed conformation conjunction of the irreversible 

inhibitor shows intrinsically more dynamic residue mobility, mainly in the IIA α-helix region 

compared to the reversible inhibitor complex (Figure 6.9A & D). 
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Figure 6.9 Clustering and principal component analysis on 350ns of equidistance conformations 

using the Bio3D package in R. The plots show the first three eigenvectors for Cov-NBD HSP72 

complex [B] and Non-NBD HSP72 complex [C], Conformers are colored according to the k-means 

clustering: cluster 1, black; 2, red; 3, green. Dominant motions and captured eigenvector variance; 

and residue mobility for Cov-NBD complex [A] and Non-NBD complex [D]. The color scale from 

grey, green, to red, depicts low to high atomic displacements. 

6.3.4 Understand the structural dynamics of the HSP72-NBD α-helices upon covalent and 

non-covalent inhibition. 

To further gain an additional structural understanding of the preferential covalent inhibition 

conjunction over the non-covalent inhibition, we essentially compared the subdomain α-helix 

dynamic motions throughout the simulation. The observed structural changes in the α-helix 

motion show a different mechanism of the NBD characterized by a wide conformation and a 

sealed confirmation of the IIB and IIA subdomains for Non-NBD complex and Cov-NBD 

complex, respectively (Figure 6.10 and Figure 6.11). The Cov-NBD complex binding results 
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in the closure of the two helices for the subdomain IIB and IIA, thus, inducing a sealed 

confirmation as displaying in (Figure 6.10). On the other hand, a wide conformation of the two 

α-helices for the subdomain IIB and IIA was observed for the Non-NBD complex (Figure 

6.11).  

 

Figure 6.10 The conformational dynamic of α-helix conjunction upon 8-N-benzyladenosine 

binding to Lys56 via covalent bond showing the sealed confirmation of Cov-NBD of HSP72. 
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Figure 6.11 The conformational dynamic of α-helix conjunction upon non-covalent binding at 

ATP binding site via non-covalent bond showing the wide conformation of Non-NBD of HSP72. 

 

The inhibition of HSP72-NBD as a result of the conjunction of irreversible inhibitor was 

captured by observing the decline in the inter-residue distance between two opposite IIB and 

IIA subdomain helix residues Arg-261 and Ala-60 with an average distance of 6.25 Å. 

However, a distance of 14.63 Å was found between residues Arg-261 and Ala-60 in the 

conjunction of reversible inhibitor (Figure 6.12). The irreversible inhibitor prompted a sealed 

confirmation of the IIB and IIA nucleotide-binding subdomain.  
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Figure 6.12 Distance between C- α residues involving ALA60 and ARG261 α-helices of the NBD. 

The average distances were found to be 6.25 Å and 14.63 Å, respectively, for Cov-NBD HSP72 and 

Non-NBD HSP72 conformations. 

 

Further evaluation of the mechanism of the interaction as a reversible and irreversible inhibitor 

reveals a salt-bridge interaction between Lys-56 and Glu-268 in the irreversible HSP72-NBD 

complex (Figure 6.13B), which is absent in the reversible HSP72-NBD complex (Figure 

6.13A). The detected covalent bond of the irreversible complex and the sealed confirmation is 

nearly identical to the sealed confirmation of ADP/Pi bound to HSP72-NDB [22]. Non-

covalent inhibition conjunction, the distance wide open between Glu-268 and Lys-56 of the 

two α-helices, prevents the possible formation of the Glu-268 and Lys-56 salt bridge and 

generate a wide conformation (Figure 6.13A). Furthermore, other residues interact for a close 

distance, which helps in inducing the sealed conjunction of the α-helix subdomain as showing 

(Figure 6.13A & B). 
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Figure 6.13 Non-NBD (A) and Cov-NBD(B) conjunction HSP72-NBD covalent and non-covalent 

interaction mechanisms respect the bond distance between the conjunction residues. Crucial salt-bridge 

between Glu-268 and Lys-56 residues were missing in the Non-NBD wide conformation. 
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6.4 Conclusion  

The human heat shock protein 72 (HSP72) represents a vital therapeutic target during the 

critical stages of oncogenesis and progression of human cancers. This study was undertaken to 

compare two inhibition modes of HSP72-NBD: covalent and non-covalent in order to gain a 

better understanding of the underlying structural dynamics of each binding mechanism. The 

performed MD analyses provided in this study established the most optimal ligand binding 

mechanism at the HSP72-NBD enzyme. Molecular mechanism revealed that the covalent 

ligand was more able to induce and stabilize the closed conformation of the HSP72-NBD 

throughout the simulation than the non-covalent ligand. This was further confirmed by 

extensive analyses of the structural basis and conformational dynamics associated with the 

preferential conjunction of the covalent ligand over the non-covalent ligand in HSP72-NBD 

models. Covalent bonds induced the α-helices sealed conformation of the nucleotide-binding 

subdomain; based on our results, this will prevent other small molecules from interacting at the 

ATP binding site domain. Furthermore, inhibition of the ATP binding domain can directly 

affect the ATPs protein folding mechanism of the HSP72 enzyme. Interestingly, the sealed 

confirmation maintained the crucial salt-bridge between glutamic acid 268 and lysine 56 

residues, strengthening the interaction affinity of covalent ligand bound to the HSP72-NBD. 

Disturbance in HSP72-NBD sealed confirmation upon covalent inhibition was also revealed 

by the DCCM, which showed a highly correlative residual movement in the α-helices of the 

NBD compared with the non-covalent inhibition. This study will assist with the design of more 

potent and highly selective covalent inhibitors for HSP72 with the potential to overcome drug 

resistance challenges and represent a novel therapeutic approach for inhibiting HSP72 

oncoprotein. 
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Abstract  

The covalent inhibition mechanism of action, which overcomes competition with high-affinity, 

high-abundance substrates of challenging protein targets, can deliver effective chemical probes 

and drugs. Heat shock protein 72 (HSP72) expressed in cancer cells may be responsible for 

tumorigenesis and tumor progression by providing resistance to chemotherapy. In this study, 

we explore the most optimal binding mechanism in the inhibition of the HSP72 by two different 

covalent generation, TCI2 and TCI8. However, the structural basis and conformational changes 

associated with this preferential covalent inhibition to HSP72-TCI2 over HSP72-TCI8 remain 

unclear.  Our results revealed that HSP72-TCI2 covalent complex was more able to stabilize 

and induce better interaction with high correlated dynamic motion of HSP72-NBD at ATP 

binding site throughout the simulation in comparison to the HSP72-TCI8 covalent complex. 

This is supported by the dynamic cross-correlation and principal component analysis that was 

more dominant in the HSP72-TCI2 inhibited complex. The insights demonstrating the above 

binding mechanism of HSP72 establish TCI2 covalent inhibition as the preferred method of 

inhibiting the HSP72 protein. This investigation aids in the understanding of the structural 

mechanism of HSP72 inhibition and would assist in the design of more potent covalent 

inhibitors of HSP72. 

 

Keywords: MD simulations; HSP72; Covalent bond; Principal component analysis; ATP 

binding domain.  
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7.1 Introduction 

Irreversible covalent drug inhibition is a developing model; however, critical gaps in 

unravelling molecular determinants' efficacy still persist. The development of covalent drugs, 

particularly in cancer therapeutics, has recently lightened interest among the pharmaceutical 

research community. Despite many of our most important drugs using an enzyme's irreversible 

covalent inhibition [1], concerns about idiosyncratic toxicity led to the near exclusion of this 

mechanism of action (MOA) from drug discovery programs [2]. The recent renaissance in 

covalent inhibitors is primarily due to their inherent advantage over reversible counterparts 

with high-affinity, high-abundance natural substrates for antagonizing proteins [3]. While the 

previous generation of irreversible inhibitor drugs were discovered by serendipity or were 

natural products, the rational design strategy for modern targeted covalent inhibitors (TCIs) 

focuses on exploiting high resolution small-molecule/protein X-ray crystal structures of high-

affinity reversible ligands to target active site, solvent exposed cysteine residues with sparingly 

reactive electrophiles [4]. Unfortunately, the rarity of cysteine in the proteome has limited its 

application [5], leading to an increased interest in targeting other potentially nucleophilic 

residues [6–8]. 

TCIs use both reversible and irreversible occupancy of a protein depending on exposure 

duration and concentration [9]. For rational design, identifying a TCI only through an IC50 

value may be restricting, as with increasing preincubation time, the inhibitor (I) will eventually 

become more potent. TCIs typically react via a two-step (MOA), the target protein enzyme (E) 

interacts reversibly with TCI (L) to make a non-covalent enzyme-ligand complex (EL). The 

tendency of the reversible complex recognizes by the free concentration of the drugs and the 

equilibrium constant Ki. The reversible complex can then bear covalent bond formation as 

identified by first-order kinetic, to give the covalent complex (E-L) and inducing 

conformational changes in the complex. Covalent inhibitors can be divided into two 
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chemotypes: a warhead acting as a reactive group function to which the entire structure is 

attached (Figure 7.1). 

 

Figure 7.1 Drug-enzyme interaction. Association of a L interacting with E in [A] conventional non-

covalent and [B] covalent mode of action. Where is L: Ligand; E: Enzyme. 

 

Heat shock 72 kDa protein (HSP72) is a member of the HSP70 family of molecular chaperones.  

It is an ATPase that binds misfolded proteins, stabilizing the cellular environment and allowing 

the cell to return to homeostasis [10].  HSP72 is induced in an HSF1-dependent manner when 

the cell is undergoing stress and is overexpressed in several cancer cell types [11]. This 

overexpression is correlated with metastasis, poor prognosis, and resistance to chemotherapy 

in patients. Thus, inhibition of HSP72 is considered to be a successful pathway for anti-tumour 

therapy [12]. 

The different functions of Hsp70s are achieving through a transient chaperone interaction with 

substrate proteins through its C-terminal substrate-binding domain (SBD) [13]. The nucleotide 

binds allosterically to the N-terminal nucleotide-binding domain (NBD) to control the transient 

chaperone interaction. Substrate-binding domain affinity for substrates decreases by 10 to 400 

folds when ATP is binding to the N-terminal of the nucleotide-binding domain. Hence, the 

nucleotide-binding domain inhibition is considered one of the most promising approaches for 

HSP72 function inhibition [14]. The NBD consists of two adjacent lobes (lobe I and lobe II), 
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which form a deep nucleotide groove connected to the base [15].  Each lobe composes of two 

subdomains (IA, IIA, IB, and IIB) [16,17], domains IB and IIB are linked to IA and IIA, 

respectively, by flexible hinges and control access to the nucleotide-binding sites.  

Targeting lysine residues with TCIs presents a number of unique challenges and is still in its 

infancy [18], but the greater prevalence of lysine in the proteome could result in more wide-

ranging applications of the irreversible inhibitor paradigm than has so far been possible through 

the rational targeting of cysteine [19]. Recently , Pettinger et al. reported the discovery that 

lysine-56 can be selectivity targeted with an acrylate-derived TCI 8 ,and TCI 2 (Figure 7.2) 

[20]. TCI2 was demonstrate a >100-fold enhancement in covalent efficiency compared to 

TCI8. Yet, to date, little is known about the peculiar binding mechanism of this inhibitors and 

the details behind the detected high affinity of TCI2 over TCI8 when targeting the covalent 

binding sites of HSP72 (Figure 7.3). 

Figure 7.2: 2D structure of [A] TCI2 and [B] TCI8. 

In this study, we aim to compare two covalent binding modes and stablish the most optimal 

binding mechanism amongst first generation and third generation covalent inhibition of 

HSP72. This was accomplished by molecular dynamic simulation, which compared the 

structural modification of covalent inhibition of HSP72 by comparing one mode of inhibition 

of HSP72, covalent (irreversible) with respect to its APO (apoenzyme correspond to the free 
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form of the enzyme) form in order to gain a better understanding of underlying structural 

dynamics and critical implications in each binding mechanism (Figure 3).  

Figure 7.3: The surface view of HSP72 [A] covalently bonded with TCI2 [B] and covalently bonded 

with TCI8. A close view of two covalent inhibition conditions (red color circle shows the covalent 

bond via Lys56).  

 

7.2 Computational methodology  

7.2.1 System preparation and MD simulation 

The X-ray crystal structures of heat shock protein; HSP72 retrieved from the Protein Data Bank 

[21] (PDB code: 5MKS) [22]. These structures were then prepared for molecular dynamic 

(MD) simulation using the UCSF Chimera software package [23]. MarvinSketch 6.2.1, 2014, 
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and Molegro Molecular Viewer (MMV), was used for the ligands preparation and ensured that 

the ligands proper angels and hybridization state were displayed [24,25]. AutoDock Tools GUI  

was used to describe the grid box at lysine-56 and ATP binding site of the protein [26]. The 

Lamarckian Genetic algorithm was used to perform docking calculations [27]. The prepared 

systems protonation states were optimized using Maestro Schrödinger [28], as for the covalent 

systems, the covalent bond was built up, necessary hydrogen atoms were corrected, and 

capping neutral residues to ensure protein stability during the simulation. The Apo system was 

run based on our previous in-house protocol for non-covalent simulations [29,30]. 

7.2.2 Simulation protocols  

7.2.2.1 Molecular dynamics simulation with Covalent inhibitors 

The two covalent systems were exposed to an all-atom classical covalent molecular dynamic 

simulation (MD) using the PMEMD package in Amber 14 [38]. The Antechamber module in 

the Amber14 was used to provide atom types and atomic ligand partial charges using the 

FF14SB forcefield [39]. The LEaP program was used to generate a library defining the ligand 

residue topology. The final system was built, neutralized, and solvated with two Na+ counter-

ions using the Dabble program [40]. Before starting the simulation process, the studied covalent 

complexes were placed within a box of TIP3P water molecules with 10 Å distance from the 

protein [41]. Particle mesh Ewald (PME) method was implemented within Amber14, with 

direct space and Van der Waals cut-off of 12 Å, to obtain long-range electrostatic interaction. 

To further relax the complex and remove potential steric clashes, each system was energy 

minimized for a total of 7500 with a 10 Å restraint conditions applied. The systems were heated 

for 30 ps from 0 to 300 K with an additional 7-ns equilibration performed at a 2-fs integration 

time step. MD simulation production runs of 250ns were performed for each system during 

which the SHAKE algorithm was used to constrict all atomic hydrogen bonds [42]. The 

computational methodology regarding the covalent systems was based on our previously 
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reported [43]. The CPPTRAJ and PTRAJ modules [44] of AMBER14 package were used to 

analyze resulting trajectories for root mean square deviation (RMSD), root mean square 

fluctuation (RMSF), solvent accessible surface area (SASA), the radius of gyration (ROG), and 

secondary structure analysis. The data were expressed in mean ± standard deviation. The 

obtained data were plotted using Microcal Origin tools [45] and Maestro Schrödinger software 

[35]. 

7.2.3 Clustering and Principal component analysis 

Principal component analysis (PCA) was performed to describe the internal motion of the 

complexes using the Bio3D package in R. The process involves the initial construction of the 

covariance matrix (C) from (x,y,z) coordinate positions of the C-atoms as representatives of 

residues (N), generating a large matrix of dimension 3N_3N. The covariance matrix was 

diagonalized to obtain eigenvectors based on related eigenvalues and plotted on the first three 

eigenvectors (PC1, PC2, and PC3). 

7.2.4 DCCM analysis 

We used dynamic cross-correlation analysis to investigate the fluctuations and movements in 

the backbone of the α carbon atoms [31]. Cross-correlation components for i and j Cα atoms 

are shown in equation 1: 

                                                  (Equation 1) 

Where ri = Cαi = standard time throughout the MD trajectory. Significantly correlated 

movements are symbolized by Cij = 1, while Cij = -1 symbolized highly anticorrelated 

movements in the trajectory. The divergence of motion from 1 and -1 indicates that i and j 

movements are anticorrelated.  The DCCM matrix was carried out using the CPPTRAJ package 
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in Amber 14, and the matrices were plotted and evaluated using Origin software 

(www.originlab.com) [32]. 

 

7.3 Result and Discussion 

7.3.1 Dynamic Conformational Stability and Fluctuations 

MD simulations were carried out to investigate the inhibition performance and interactions of 

the potential ligands with HSP 72 targets. The validation of system stability is essential to trace 

disrupted motions and avoid artifacts that may arise during the course of the simulation. In this 

study, Root-Mean-Square Deviation (RMSD) was calculated to measure the systems’ stability 

during the 250 ns simulations (Figure 7.4). The recorded average RMSD values for all frames 

of systems HSP72-Apo, HSP72-TCI8, and HSP72-TCI2 were 2.11 Å, 3.10 Å, and 2.31Å, 

respectively. These results revealed that HSP72-TCI2 complex acquired a relatively more 

stable conformation compared to HSP72-TCI8 system. 

Figure 7.4: Comparative C-α RMSD plots showing the degree of stability and convergence of the 

studied systems over the 250ns MD simulation time. Crystal structure superimpose [A] and all ligand 

atoms alignment [B], were is the TCI2 (red) and TCI8 (yellow), with deferent binding pose direction 

at the ATP binding site α-helices region.   

http://www.originlab.com/
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The evolution of protein structure flexibility upon ligand binding is essential in probing residue 

performance and their association with the ligand during MD simulation. HSP72 residual 

fluctuations were evaluated using Root-Mean-Square Fluctuation (RMSF) algorithm to assess 

the effect of inhibitor binding towards the respective targets over 250 ns simulations. The 

computed average atomic fluctuation of HSP72-Apo, HSP72-TCI8, and HSP72-TCI2 were 

0.97Å, 1.61Å, and 1.60 Å, respectively. The plotted results in Figure 7.5 indicate overall 

relative lower residue fluctuation in the HSP72-TCI2 complex system compared with the 

HSP72-TCI8 complex system. This observation suggests that the covalent binding of TCI2 to 

HSP72 via Lys56 relatively decreases the overall protein flexibility in contrast to TCI8 covalent 

bond. 

Figure 7.5: The time evolution RMSF of each residue of the protein Cα atom over 250 ns for HSP72-

Apo (Gray), and HSP72-TCI2 (green), and HSP72-TCI8 (magenta). Superposed of the α-helix region 

crystal structures of the studied systems to show differences in fluctuations in the α helix region. 

Comparative Cα RMSF plot showing the degree of major flexibility of certain N terminal NBD. ATP 

binding site α-helices flexibility [a] and [b] (Inset). 

 

The radius of gyration (RoG) is an indicator of protein compactness after ligand binding. The 

RoG was calculated by measuring the mass-weighted root mean square distance of the set of 

atoms from their shared center of mass [33]. The average Rg values are 21.52 Å, 21.70 Å, 21.63 

Å, for HSP72-Apo, HSP72-TCI8, and HSP72-TCI2, respectively. This pattern suggested that 
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the HSP72-TCI2 interaction residues with HSP 72 showed relatively rigid, stable protein 

structure compared to the HSP72-TCI8 interaction residues (Figure S 7.1). The observed lower 

ROG value for HSP72-TCI2 than HSP72-TCI8 reflects a similar pattern, as shown in RMSF 

and RMSD values. Moreover, to indicate how the protein surface interrelates with solvent 

atoms and how it relays to the compactness of the hydrophobic protein core, the solvent-

accessible surface area (SASA) of the protein upon ligand binding was calculated (Figure 7.6). 

This was accomplished by computing the surface area of the protein observable to solvent 

across the 250ns MD simulation, which is vital for biomolecular stability [34]. The computed 

average SASA values for HSP72-Apo, HSP72-TCI8, and HSP72-TCI2 inhibition systems 

were 17374.3 Å, 18006.26 Å, and 18086.26Å, respectively. The overall SASA indicates that 

the HSP72-TCI8 protein surface is relatively less exposed to solvent molecules compared to 

HSP72-TCI2 inhibition. Nevertheless, HSP72-TCI8 is 18.0% of the molecules exposed to the 

ligand, or just under 82% is buried in the receptor, while the HSP72-TCI2 is 18.6% exposed to 

the ligand. Or more importantly for these reasons, 18% is exposed to the solvent.  
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Figure 7.6: Solvent accessible surface area (SASA) backbone atoms relative to the starting minimized 

structure over 250 ns for HSP72-Apo, HSP72-TCI2, and HSP72-TCI8. Areas with higher SASA values 

and lower SASA values are shown in blue and red, respectively, for HSP72-TCI2 [A], HSP72-TCI8 

[B], and HSP72-Apo [C]. A close view for both ligands SASA values pocket-site. 

 

Different enzyme dynamics between the three conditions were examined using a dynamic 

cross-correlation matrix and plotted by observing the correlated movements of all residues. 

DCM plots are represented by different colors, highly positive regions range from green to 

dark-red (strongly correlated), and highly negative range from light blue to black (strong 

anticorrelated) movement for specific residues, respectively.  

As evident in (Figure 7.7), The HSP72-TCI2 system enzyme displayed higher correlated 

motions compared to the HSP72-TCI8 complex. Moreover, the α-helices region where the 

covalent bond made showed a highly correlated motion in a HSP72-TCI2 complex system 

compared to a HSP72-TCI8 system. These results are correlated with RMSF and RMSD which 

justified that the α-helices region binding site exhibits a highly correlated motion during the 
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simulation per time. Taken together, these results suggested that the conformation flexibility 

and stability of the entire enzyme was improved by HSP72-TCI2 inhibitor binding. The 

HSP72-TCI2 covalent binding site shows a remarkable positively high correlating atoms 

motion of the α-helices binding region, and mostly for the complete enzyme compare to 

HSP72-TCI8 complex. These findings agree with the conformation changes of the HSP72 

enzyme, which it agrees on the other hand of the strong covalent bond inhibition of the TCI2 

toward HSP72 protein. 

 

Figure 7.7: Dynamic cross-correlation matrix analyses for HSP72-TCI8 [A] and HSP72-TCI2 [B] 

with unbound HSP72-Apo [C]. Numbers closer to 1 indicate high correlation, while those closer to -1 

indicate anticorrelation between pairs of residues. X denoted the α-helices binding site of HSP72 via 

Lysine56. 
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7.3.2 Residual overall motions clustering and principal component analysis 

Principle component analysis can convert the high-dimensional data of protein dynamics into 

the low-dimensional space to obtain a series of eigenvectors and eigenvalues that replicate 

overall motions in the protein  [35,36]. The PCA  analysis can be applied to any system and 

permits to study the effect of any varying parameters, by reducing the density of the collective 

motion [37,38], which is associated with the phase space behavior related to protein functions 

and stability. Consequently, it is often used to distinguish different conformational variances, 

which are involved in protein open-close mechanism and folding of ion channels, and 

conformational dynamics [39–41]. 

Principle component analysis and clustering have been carried out for HSP72-TCI2 and 

HSP72-TCI8 complexes to realize the overall concerted motion of HSP72 protein. The 

structural distribution of conformational changes and the proportion of variance of the captured 

eigenvectors are shown in (Figure 7.8A & B). The first three principal components accounted 

for 47.3 % and 53.2% of the total variance observed in the MD trajectories for HSP72-TCI2 

and HSP72-TCI8 complexes. The clustering analysis also shows conformational distribution 

variance along with the first, second, and third principal components with each dot representing 

a single complex conformation. For the HSP72-TCI2 complex, the PC 1/3 and PC 1/2 

conformational subspace highlight distinct thermodynamic periodic jumps with a significant 

energy barrier. However, the HSP72-TCI8 complex displayed a uniform and overlapping 

conformational PC 1/3 and PC 1/2 subspace with a higher motion energy barrier. The clustering 

and principal component analyses suggest the HSP72 protein undergoes minimal fluctuated 

conformational change and more stable structure of the nucleotide-binding domain (NBD) with 

HSP72-TCI compared to HSP72-TCI8.  

The first PC1 pdbs were rendered (Figure 7.8 a & b) to getting insights into the regions of 

protein being fluctuated during the simulation and Figure 8 a & b depicts conformational 

variations on timestep. It can be seen from Figure 8 a & b that, residues mobility of HSP72-
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TCI8 (mostly α-helix region), of ATP binding site of HSP72 have demonstrated highest 

flexibility than HSP72-TCI2. Notably, other high fluctuations were observed for HSP72-TCI8, 

within deferent regions. Thus, this compressed analysis supports earlier RMSF calculation.  

 

Figure 7.8: Clustering and principal component analysis on 250ns of equidistance conformations 

using the Bio3D package in R. The plots show the first three eigenvectors for HSP72-TCI2 

complex [A] and HSP72-TCI8 complex [B], Conformers are colored according to the k-means 

clustering: cluster 1, blue; 2, red; 3, white. Dominant motions and captured eigenvector variance; 

and residue mobility for HSP72-TCI2 complex [a] and HSP72-TCI8 complex [b]. The rectangular 

black shaped box marks the most flexible region. 
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7.3.3 Understand the structural dynamics motion of the covalent inhibitors at the HSP72 

ATP binding site domain.  

Binding to N-terminal of the nucleotide-binding domain ATP site (NBD) can stop the folding 

circle process. Hence, nucleotide-binding domain (NBD) inhibition is considered one of the 

most promising strategies for HSP72 function inhibition. Accordingly, the ATP binding 

domain is the most favourable binding site for the ligands binding and usually comes with a 

high inhibition effect on HSP72 [42]. To further gain an additional structural understanding of 

the preferential covalent inhibition of HSP72-TCI2 over HSP72-TCI8 inhibition, we 

essentially compared both covalent bonds dynamic motions at ATP binding subdomain α-helix 

site throughout the simulation. Inhibiting the HSP72 by TCI2 covalently bonded via Lys56, 

showing more stability and high correlated motion for the protein, TCI8 showed less as 

compare. Moreover, our findings revealed the favourable covalent bond for HSP72-TCI2 

complex comprehensive and exact according to the previous analyses data. Interestingly, 

HSP72-TCI2 covalent bond shows an attractive, dynamic motion towards the ATP binding 

domain, as a result, during the 250ns MD time (Figure 7.9). It also makes it one of the main 

reasons it is more favourable, stable, less fluctuate and more correlated as a covalent bond 

compares to the HSP72-TCI8 complex.  
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Figure 7.9: The conformational dynamic motion of HSP72-TCI2 covalent bond toward ATP binding 

domain are indicated in red arrows [A]. Comparative C-α RMSD plots showing the degree of stability 

induced by TCI2 at the ATP site [a]. Also shown is the ATP binding α-helix site superposition of 

unbound (red) and HSP72-TCI2 (green) form of the protein. (orange circle shows the covalent bond 

via Lys56). 

 

As evident in (Figure 7.9 &7.10), both covalent bonds' orientation can be explained based on 

the previous findings. The HSP72-TCI2 system enzyme displayed high dynamic motions 

directed towards the ATP binding site compared to the HSP72-TCI8 complex as it moved 

behind and above ATP binding subdomain α-helix site. The observed structural changes in the 

NBD α-helix motion show a different inhibition mechanism caused by both covalent bonds; 

hence, controlling the ATP binding site can be define as the highest inhibition of HSP72 

(Figure 7.9 &7.10). Noticeably, the HSP72-TCI2 controlling the binding site by heading to the 

ATP binding groove during the 250ns, and that can be enough reason to explain the high 

correlation dynamic motion for HSP72-TCI2.  
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On the other hand, HSP72-TCI8 can be observed in a different direction of the covalent bond, 

heading above and behind the ATP binding site, displaying less correlation dynamic motion 

and less stability during the simulation. (Figure 7.10) The α-helices region where the covalent 

bond made showed a highly conformation motion and flexibility in a HSP72-TCI8 system 

compared to a HSP72-TCI2 system due to the high fluctuation.  

 
Figure 7.10: The conformational dynamic motion of HSP72-TCI8 covalent bond toward ATP binding 

domain are indicated in red arrows [A]. Comparative C-α RMSD plots showing the degree of instability 

and disruption induced by TCI8 at the ATP site [a]. Also shown is the ATP binding α-helix site 

superposition of unbound (red) and HSP72-TCI2 (magnet) form of the protein. (orange circle shows 

the covalent bond via Lys56). 

 

 

Furthermore, ligand-residue interaction is fundamental to the identification of key binding site 

residues and their corresponding interactions with the irreversible drugs. Nevertheless, they 

don’t consider as a strong evidence for the covalent bond interactions, since the drug is directly 

bonded with a certain amino acid, beside the remarkable immediate effect on the enzyme as 

compare to the non-covalent drug, regardless, of their benefits and side effects. For these 
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reasons, molecular visualization was used to obtain insights into the activity of both irreversible 

inhibitors covalently bonded via Lys56 at the ATP binding domain site of HSP72 with respect 

to their affinities, stabilizations and covalent-inhibitions. As shown in (Figure 7.9), certain 

residues of the hydrophobic covalent binding site elicited strong interactions with TCI2 

inhibitor, which accounted for its stability and high affinity. These interactions vary from 

strong ionic interactions, salt bridges, conventional and non-conventional hydrogen bond types 

to weak aromatic π interactions.  

To understand the interaction dynamics of HSP72-TCI2 and HSP72-TCI8 at the binding site 

of HSP72 covalently bonded via lysine56, we noted certain residues that interacted directly, 

steadily and intermittently across the 250ns MD simulation time. These modes of interactions 

could relatively provide essential details and insights into the covalent molecular basis and 

mechanisms of HSP72-TCI2 selectivity and high-affinity binding towards HSP72. 

 

Figure 7.11: Molecular visualization of TIC8 and TCI2 at the ATP binding sites (hydrophobic 

pockets of covalent bonds) of [A] HSP72-TCI8 [B] HSP72-TCI2. Inter-molecular interactions 
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between two covalent inhibitors as mentioned and binding site residues in HSP72 complexes are 

shown in [a] and [b] respectively. Hydrophobic surface representations of TCI8 and TCI2 

covalent-bounds binding sites. The degree of hydrophobicity ranges from least (-3 → blue) to 

highest (+3 → deep brown). 

As shown in (Figure 7.11) above, among all interactions caused by HSP72-TCI2 and HSP72-

TCI8 covalent binding, only two amino acids in common for both inhibitor interactions Val59 

and Glu268, the rest of them are different. Moreover, the numbers of the interacted residues 

for both inhibitors are nine remarkable interacted residues (Arg269, Glu268, Arg264, Asn58, 

Asn35, Tyr15, Asp53, Gly52 and Val59) for HSP72-TCI2 and seven significant residues for 

the HSP72-TCI8 (His89, Pro63, Pro91, Val59, Try41, Glu268 and Glu231), as shown in figure 

11. Consequently, perhaps one of the reasons why is HSP72-TCI2 is better stability and less 

fluctuate more than HSP72-TCI8 is the high number of the interacted residue which forms 

direct hydrogen bonds alongside other bonds. Thus, as we mentioned, the key interaction 

residue is not strong evidence for the covalent bond outcome, but the bonded amino acid itself, 

and how it interacts covalently with the irreversible drug. Therefore, the formed covalent bond 

with TCI2 via lysine 56 shows a better affinity, acceptance and favourable as a strong bond for 

the inhibition of HSP72 irreversibly. Hence, based on these findings, the covalent bond of 

HSP72-TCI8 via lysine56 will eventually be disconnected as an effect of irreversible drug way 

faster compared to HSP72-TCI2, and that is the essential extraordinary meaning of the 

enhancement and development for the covalent drugs generation after another. 

 

 

 

 

 

 

 



150 
 

7.4 Conclusion 

The human heat shock protein 72 (HSP72) represents a vital therapeutic target during the 

critical stages of oncogenesis and progression of human cancers. This study was undertaken to 

compare two covalent inhibition modes of HSP72 at the nucleotide binding domain: HSP72-

TCI2 and HSP72-TCI8 in order to gain a better understanding of the underlying structural 

dynamics of each binding mechanism. The performed MD analyses provided in this study 

established the most optimal ligand binding mechanism at the HSP72-NBD enzyme. Molecular 

mechanism revealed that the HSP72-TCI2 was more able to inhibit and induce stabilization of 

the HSP72-NBD ATP binding site throughout the simulation than the HSP72-TCI8 complex. 

This was further confirmed by extensive analyses of the structural basis and conformational 

dynamics associated with the preferential inhibition of the covalent TCI2 over the TCI8 

covalent ligand in HSP72-NBD models.  

Our findings revealed that the dynamic motion of the irreversible inhibitor TCI2 toward ATP 

binding site domain significantly destabilizes the protein, coupled with a decrease in surface-

exposed residues. These observed perturbations, which occur as a result of TCI2 irreversible 

inhibition, could in turn alter substrate binding and catalysis, indicative of enzyme inhibition. 

Disruption in HSP72-NBD conformation upon HSP72-TCI2 irreversible inhibition was also 

revealed by the DCCM which showed a highly correlative residual movement in the protein 

structure compared with the HSP72-TCI8 and unbound systems. This study will assist with the 

design different generations of more potent and highly selective covalent inhibitors for HSP72 

with the potential to overcome drug resistance challenges and represent a novel therapeutic 

approach for inhibiting HSP72 oncoprotein. 
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CONCLUSION AND FUTURE PERSPECTIVES 

1.            Conclusion 

Cancer has continued to render existing therapies ineffective due to incessant incidences of 

resistance, apoptotic evasion and disease relapse. Hence, the search for novel treatment 

strategies have been continuous, particularly those that incorporate the identification of crucial 

oncogenic targets with the design of highly selective inhibitory molecules; an approach that 

reduces unwanted interactions with biological non-targets, which basically engenders toxic 

effects. 

Covalent drug design is a rapidly growing and promising field in the drug discovery. Despite 

of the various examples of effective covalent drugs, the fundamentals for the rational design of 

these small compounds have only developed recently. The number and knowledge of covalent 

inhibitors is continuously increasing every day. There is a further possibility of major 

advancement in this area, more specifically around targeting the non-catalytic amino acid 

residues. Covalent inhibition has emerged as a therapeutic approach for targeting 

‘undruggable’ pathogenic proteins. Likewise, computer aided covalent drug design have 

contributed greatly to the drug discovery and development of covalent inhibitors in cancer 

therapy.  

Heat shock proteins (HSPs) play a crucial role in the clearance of damaged proteins by inducing 

proteins acclamation and proteotoxicity. HSP72 is a crucial enzyme in the protein degradation 

process that has been proved to involve in various human disease including cancer. This 

enzyme encloses the ATP binding domain that can be targeted either covalently or non-

covalently. In this project, we sought to expand the structural and molecular characteristics of 

the HSP72 as an important target in cancer therapy. Then, create a CADD route map to identify 

the potential inhibitors of this enzyme and finally, implement the route map to investigate 

preferred inhibitors for the enzyme. 

The major objectives of this project were: 

• Covering the existing gap in drug discovery literature regarding covalent inhibition and 

highlighting its advancements and drawbacks and assemble the computational tools 

available for analyzing these systems.  
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• The covalent inhibition at the N-terminal of the nucleotide-binding domain (NBD) site 

of the HSP72 was determined as the optimal binding mechanism mode over the non-

covalent inhibition using molecular dynamics simulations.  

• The same covalent inhibitor was used to study the structural variations between the 

Lysine56 covalent bond and cysteine17 covalent bond of the HSP72. These 

comparisons have aided in the understanding of the structural and conformational 

dynamics and the underlying inhibition mechanisms of this peculiar enzyme. Various 

analyses have been performed and were validated by calculating the binding free 

energies.  

• Comparison of two novel and potent covalent inhibitors as different generation and 

implement it to identify the optimal binding inhibition profile at the N-terminal of the 

nucleotide-binding domain of the HSP72 enzyme. 

Upon commencement of the study, there were limitations of in silico methods to simulate 

covalent complexes using all atom MM approach. There were difficulties associated with the 

use of currently available methods that are inaccurate, unreliable and irreproducible. These 

methods were failed to define and to parameterize the formation of covalent bond and structural 

dynamics of protein associated to covalent inhibition. Hence, we established the first accurate, 

well-documented and more reliable protocol for simulating the covalent inhibitor-enzyme 

complex. This protocol is reproducible and has also been validated in our recent studies. The 

protocol is based on the all-atom MM approach. The ability to explore covalent interactions 

within the protein and covalent inhibitor using this technical protocol will assist significantly 

towards the development of covalent inhibition in the therapy of incurable diseases. Overall, 

this study has provided valuable insights into the design and development of covalent inhibitors 

through molecular modelling and CADD. 

 

2.            Future perspectives 

Approximately 30% of the overall drugs available in the market are inactivating their enzymes 

by covalent mode of inhibition. Covalent ligands have many potentials containing better 

biochemical efficacy of target interruption, prolonged duration of action that sustain molecule’s 

pharmacokinetics and lower drug dosing. The covalent inhibition approach is gaining 

acceptance as a favorable tool in pharmaceutical industries and will also make major effect in 
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future to design more potent covalent inhibitors. 

The work reported here, reveals an appropriate and reliable protocol to simulate irreversible 

covalent inhibitors of target proteins and can be used as a beneficial reference for 

computational chemists towards the design and development of covalent inhibitors. 

Furthermore, the study described herein could serve as a scaffold for the synthetic design of 

highly effective and selective of novel lead compounds against the activity of HSP72 in 

malignant cells. This could present a ‘low cost, less toxic’ ideal starting material for drug design 

in cancer therapeutics. 
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Journal of Computer in Biology and Medicine.   

APPENDIX B 

 

Supplementary Documents for Submitted Article: Aimen Aljoundi, Ahmed El Rashedy, 
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Figure S5.1. Comparative C-α RMSD plots showing the degree of stability and convergence 

of the studied systems over the 250ns MD simulation time; [A] Cysteine-NBD[B] Lysine-NBD 

[C] Apo. 
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Figure S6.1. Comparative C-α RMSD plots showing the degree of stability and convergence of the 

studied systems over the 350ns MD simulation time; [A] Cov-NBD [B] Non-NBD [C] Apo. 

 

 

Figure S6.2. The radius of Gyration (ROG) of Cα atoms of NBD protein residues Apo-NBD (grey 

color), and Non-NBD (Blue color), and Cov-NBD (orange color). 
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Comparison of irreversible inhibition targeting HSP72 protein - the 

resurgence of covalent drug developments 

 

Supplementary Material: 

Aimen Aljoundi, Ahmed El Rashedy, Mahmoud E.S Soliman  
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Figure S7.1: The radius of Gyration (ROG) of Cα atoms of HSP72 protein residues HSP72-Apo 

(grey), HSP72-TCI2 (green), and HSP72-TCI8 (magnet). 

 

 

 

 

 

 




