
An investigation to understand the role of key facets 

involved in the coagulation/anticoagulation process by 

employing computational and molecular approaches 24 

 

 

Thesis Submitted for the Degree of 

Doctor of Philosophy (Science) 

to 

 

Jadavpur University 

May 2022 

 

by 

Suparna Banerjee 

 

School of Biological Sciences 

Indian Association for the Cultivation of Science 

Jadavpur, Kolkata 700 032 

India  





 

 

Dedicated  

to  

My mother Smt. Lily Banerjee,  

& 

My husband Shri Soumajit Chatterjee 
 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

DECLARATION 

 
The research work manifested in this thesis entitled “An investigation to understand 

the role of key facets involved in the coagulation/anticoagulation process by 

employing computational and molecular approaches” being submitted to Jadavpur 

University, Kolkata, has been carried out at the Indian Association for the Cultivation 

of Science, Jadavpur, under the supervision of Dr. Prosenjit Sen, Professor, School of 

Biological Sciences, Indian Association for the Cultivation of Science. This work is 

original and has not been submitted in part or in full, for any degree or diploma to this 

or any other university. 

 

 

 

(Suparna Banerjee) 

 



Page | i  

TABLE OF CONTENTS 

 
 Page No. 

 Preface v 

 Acknowledgment vi 

 Abstract vii 

 List of Tables viii-x 

 List of Figures xi-xiv 

 List of Abbreviations xv-xvi 

Chapter 1: General Introduction 1-22 

1. Overview 1 

2.  Blood Coagulation Pathways 2 

3.  Intrinsic (contact activation) pathway 5 

4.  Extrinsic (tissue-factor mediated) pathway 7 

5.  Coagulation protein factor VII/factor VIIa 8 

6.  Tissue factor 11 

7.  Endothelial protein C receptor (EPCR) 12 

8.  The motivation for the current work 13 

9.  Significance of the present thesis work 15 

 References 17 

Chapter 2 In silico mutation and binding studies of human FVIIa GLA-

domain to endothelial protein C receptor: A molecular 

dynamics simulation approach 23-56 

1. Introduction 23 

2. Computational Section 25 

2.1 System Setup 25 

2.2 Protein modeling. 26 

2.3 Molecular Dynamics Simulations Protocol. 28 

2.4 Potential of mean force calculation using the ABF method 30 

2.5 Protein-protein binding affinity change predictions by BindProfX 31 

2.6 Residue-wise interaction energy calculation using gRINN. 32 

3. Results and Discussion 32 

3.1 Dynamics of FVIIa/FXa GLA-domain in EPCR complex. 33 



Page | ii  

3.2 Free binding energy profile of flEPCR and Gla-domain complex.  37 

3.3 Evaluation of the interactions formed during MD simulations. 42 

3.4 Solvent Accessible Surface Area 48 

4. Conclusions 51 

References 52 

Chapter 3 A molecular dynamics simulation study to elucidate the effect 

of Cholesterol and Tissue Factor Palmitoylation on TF-FVIIa-

FXa ternary complex in different lipid environments. 57-100 

1. Introduction 57 

2. Methodology 60 

2.1 System Set up  60 

2.2 Modeling of protein target—TF-FVIIa-FXa (TERNARY 

COMPLEX) 62 

2.3 MD simulation setup protocol 65 

3. Results and Discussion 66 

3.1 Protein Dynamics Study 66 

3.2 Conformation analysis of complexes 72 

3.3 Evaluation of the Interactions Formed during MD Simulations 77 

3.4 Contact Probability estimation between Protein and lipid 85 

3.5 Protein stability predictions by FoldX 89 

4. Conclusion 91 

References 93 

Chapter 4 Identification of potential antifibrinolytic compounds against 

kringle-1 and serine protease domain of Plasminogen and 

kringle-2 domain of tissue-type plasminogen activator using 

combined virtual screening, molecular docking, and molecular 

dynamics simulation approaches. 101-142 

1. Introduction 101 

2. Methodology 103 

2.1. Protein Preparation 103 

2.2. Structure-based virtual screening 104 

2.3 Molecular Docking 104 



Page | iii  

2.3.1 Glide (Grid-based ligand docking with energetic) 104 

2.3.2. Auto Dock Vina 105 

2.3.3. ParDOCK & Bappl+ 106 

2.4. ADMET and TOPKAT 106 

2.5. Molecular Dynamics Simulation (MD) 107 

2.6. Principal Component Analysis 107 

2.7. Free energy calculation 108 

3. Results and discussion 109 

3.1 Virtual screening (VS) 109 

3.2 Comparative Molecular Docking 110 

3.3 Trajectory Analysis 120 

3.3.1 Root-mean-square deviation analysis   120 

3.3.2 Residue flexibility analysis 122 

3.3.3 Compactness analysis 123 

3.3.4 Solvent Accessible Surface Area analysis 125 

3.3.5 Hydrogen Bond and Bond distribution analysis 127 

3.3.6 Principal component analysis 129 

3.3.7 Binding free energy calculation 130 

4.  Conclusions 134 

 References 136 

Chapter 5 Evaluation of compounds having potential anti-cancer activity 

against programmed death-ligand 1 (PD-L1) using combined 

molecular docking, and molecular dynamics simulation 

approaches. 143-178 

1. Introduction 143 

2. Methodology 147 

2.1 Selection of the PD-L1 protein structure and a reference ligand for 

docking purposes 147 

2.2 Molecular Docking 147 

2.2.1 Auto Dock Vina 148 

2.2.2 ParDOCK & Bappl+ 148 

2.3 ADMET and TOPKAT 148 

2.4 Molecular Dynamics Simulation (MD) 149 



Page | iv  

2.5 Principal Component Analysis 150 

2.6 Free energy calculation 150 

3. Results and discussion 151 

3.1 Comparative Molecular Docking 151 

3.2 Trajectory Analysis 158 

3.2.1 Root-mean-square deviation analysis   158 

3.2.2 Residue flexibility analysis 160 

3.2.3 Compactness analysis 161 

3.2.4 Solvent Accessible Surface Area analysis 162 

3.2.5 Hydrogen Bond and Bond distribution analysis 164 

3.2.6 Principal component analysis 165 

3.2.7 Binding free energy calculation 166 

4. Conclusions 170 

 References 172 

List of Publications 179-180 

Paperwork included in the thesis   

Paperwork not included in the thesis  

Book chapters not included in the thesis  

  



Page | v  

PREFACE 

 

I hereby declare that the matter manifested in this thesis, “An investigation to 
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approaches” is the outcome of research carried out by me in the School of Biological 

Sciences, Indian Association for the Cultivation of Science (IACS), Jadavpur, Kolkata, 

India under the supervision of Dr. Prosenjit Sen. 

 Chapter 1 covers the fundamental of the blood coagulation process and illustrates 

the significant contributory factors (TF, FVII, FX, and EPCR) that are responsible 

for maintaining hemostasis. 

 Chapter 2 provides detailed insight into differences in species-specific binding of 

FVIIa GLA-domain and FXa GLA-domain towards EPCR and helps in 

understanding the structure-function relationship of the protein complex upon 

mutating the key residues.  

 Chapter 3 demonstrates the dynamics and interactions of cholesterol with the TF-  

FVIIaFXa Ternary complex and also assesses the effect of post-translational 

modification (Tissue Factor Palmitoylation of CYS245 residue) on protein-lipid 

interactivity in presence of cholesterol. 

 Chapter 4 explores computational drug discovery or virtual screening process to 

identify potent antifibrinolytic agents that may inhibit fibrinolysis by targeting the 

kringle-1 and serine protease domain of plasminogen and the kringle-2 domain of 

tissue plasminogen activator. 

 Chapter 5 involves combined molecular docking and molecular dynamics 

simulation approaches for an evaluation of in-house synthesized small-molecule 

inhibitors having potent anti-cancer activity against the programmed death-ligand 1 

(PD-L1) as a part of a collaborative project. 
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Chapter 1 

General Introduction 

 
1. Overview 

Hemostasis is an intricate physiological process that permits an organism to maintain 

blood fluidity [1]. It is regulated by a fine balance that exists between thrombogenic 

and anti-thrombogenic mechanisms present in the body. This highly conserved 

specialized process not only prevents and arrests bleeding/hemorrhage but also 

eliminates blood clots after the restoration of vascular integrity. Any imbalance of this 

process specifically in critical illness or diseased conditions might lead to problems 

associated with either thrombosis or bleeding. Blood coagulation is a host defense 

system that aids in maintaining the integrity of the closed, high-pressure mammalian 

circulatory system after blood vessel injury [2]. The equilibrium between the two 

processes namely blood coagulation and anticoagulation exclusively depends on an 

intricate interplay among a series of elements – the coagulation factors (mostly 

proteolytic enzymes), endothelium, and platelet. Certain plasma proenzymes are 

sequentially activated to their enzyme forms and thereafter proceed through either the 

intrinsic or extrinsic pathway of the blood coagulation process. These plasma 

glycoproteins, including factor XII, factor XI, factor IX, factor X, factor VII, and 

prothrombin are zymogens of serine proteases [3]. These proteins bear marked 

structural and functional homology to the digestive proteases’ trypsin and chymotrypsin 

family. Each of these proteins is converted from an inactive enzyme to an active 

enzyme by limited proteolysis of one or two peptide bonds, however, this active form 

of the enzyme is short-lived. Most of the blood clotting enzymes are effective only 

when assembled in complexes on membrane surfaces with protein cofactors such as 

factor VIII and factor V [4]. Clot formation occurs when fibrinogen is converted by 

thrombin to fibrin, the structural protein that assembles into the fibrin polymer. The 

clot, formed after tissue injury, is composed of activated platelets and fibrin. The clot 

mechanically obstructs the flow of blood from the injured vessel thereby minimizing 

blood loss from the wound. The healing process is initiated after a stable clot has been 

formed. The clot is gradually dissolved by the enzymes of the fibrinolytic system [5]. 

Thus, coagulation is a dynamic process, linked with an enzymatic cascade reaction in 
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which cellular components and specific proteins play an important role in response to 

vascular injury. Nevertheless, this mechanism is firmly controlled, so it has a 

“protective effect”. The natural coagulation pathway strikes a delicate balance between 

the pro-coagulant pathway responsible for clot formation and its complement 

mechanism that inhibits the clot formation beyond the injury site. Abnormal blood 

coagulation may lead to several pathological conditions like ischemic stroke, unstable 

angina, deep-vein thrombosis, and other cardiovascular diseases [6]. 

2. Blood Coagulation Pathways 

The coagulation cascade of hemostasis is split into two distinct pathways: the contact 

activation pathway (the intrinsic pathway) and the tissue factor pathway (the extrinsic 

pathway) Figure 1-1. Earlier research suggested that the two pathways of the 

coagulation cascade are equally important. Recent studies have established the 

prevalence of extrinsic pathways over intrinsic pathways [7]. 

The majority of clotting factors are generated inside the liver and present in blood in an 

inactive form (zymogenic form, precursors of proteolytic enzymes). Nomenclature for 

the activation of each zymogenic form is represented by the suffixing letter “a” to the 

particular zymogen Roman numeral. For example, if the factor VII (FVII) is converted 

into an activated form, the represented form is FVIIa. The principal function of 

coagulation factors is to trigger the formation of a blood clot when a blood vessel is 

injured. The clot is subsequently dissolved by another protease (known as a natural 

anticoagulant) [8]. These anticoagulants maintain the blood in the liquid fluid state 

within the circulation. An extremely delicate balance is required between these 

coagulation and fibrinolysis processes to maintain hemostasis. Any disturbance in 

either of these will cause problems associated with thrombosis or bleeding. A list of 

coagulant/anticoagulant factors and their function and disorders are mentioned in Table 

1-1. 



Chapter 1: Introduction 

Page | 3  

 

Figure 1-1. The blood coagulation pathway (Adapted from Bhattacharjee P, 

Bhattacharyya D. An insight into the abnormal fibrin clots—its 

pathophysiological roles. Fibrinolysis and thrombolysis. 2014 May 7:1-29.) 
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Table 1-1. List of coagulant/anticoagulant factors with their function, and the 

associated disease with it. 

Number or Name Function Associated disease 

I, Fibrinogen Cleaved by thrombin to form fibrin 

monomers, which are 

then crosslinked by FXIIIa to form 

stable fibrin clots 

 Congenital Afibrogenemia 

Familial Renal 

Amyloidosis 

II, Prothrombin Activated by the prothrombinase 

complex into thrombin, which then 

catalyzes 

the conversion of fibrinogen to 

fibrin 

Thrombophilia 

III, Tissue                   

Factor 

Cofactor or receptor for FVII/FVIIa 

initiates the 

the extrinsic pathway of the 

coagulation cascade.  

 Atherosclerosis 

IV, Calcium Required for coagulation 

factors to bind to phospholipid 

 Higher hematoma    

volume in patients 

with Intracerebral 

Hemorrhage. 

V, Proaccelerin Activated by thrombin into FVa 

which then participates in the 

formation of 

prothrombinase complex 

Activated protein C 

resistance 

VII, Proconvertin Binds TF to form the TF- FVIIa 

complex to initiate the extrinsic 

pathway of 

coagulation, activates IX, X 

Congenital 

proconvertin/factor VII 

deficiency 

VIII, Antihemophilic 

factor A 

cofactor of FIXa for the activation 

of FX, which it 

forms TENASE complex 

Haemophilia A 

IX, Antihemophilic 

factor B or Christmas 

factor 

Activated by FXIa or FVIIa- TF 

into FIXa, which then 

activates FX in the presence of 

cofactor FVIIIa 

Haemophilia B 

X, 

Stuart-Prower factor 

Activated by the TF-FVIIa complex 

or FIXa to form FXa, which then 

participates in the formation of the 

prothrombinase complex 

Congenital Factor X 

deficiency 

XI, 

Plasma thromboplastin 

antecedent (PTA) 

Activated by FXIIa into FXIa, 

which then activates FIX 

Haemophilia C 
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Number or Name Function Associated disease 

XII, Hageman Factor Activated by HMWK and PK to 

FXIIa, which then activates FXI to 

FXIa. It also binds to exposed 

collagen at the site of 

vessel injury 

Hereditary Angioedema 

type III 

XIII, Fibrin stabilizing 

factor (FSF) 

Activated by thrombin into FXIIIa, 

which then crosslinks 

the fibrin monomers to form a more 

stable clot 

Congenital Blood 

Coagulation Disorder 

vWF, 

Von Willebrand factor 

Binds to VIII, mediates platelet 

adhesion 

Von Willebrand 

disease 

PK, Prekallikrein 

(Fletcher 

factor) 

Activates XII and prekallikrein, 

cleaves HMWK 

Prekallikrein/Fletcher 

factor deficiency 

HMWK, High 

Molecular 

Weight Kininogen 

Supports reciprocal activation 

of XII, XI, and PK 

Kininogen deficiency 

Antithrombin III Inhibits IIa, Xa, and other 

proteases 

Antithrombin III 

deficiency 

Protein C Inactivates Va and VIIIa Protein C deficiency 

Protein S Cofactor for activated protein C Protein S deficiency 

Protein Z Mediates thrombin adhesion to 

phospholipids and stimulates 

degradation of FX by ZPI 

Protein Z deficiency 

Plasminogen Converts to plasmin, lyses fibrin 

and other proteins 

Plasminogen deficiency, 

type I (ligneous 

conjunctivitis) 

tPA, 

tissue-plasminogen 

activator 

Activates plasminogen Thrombophilia 

  

3. Intrinsic (contact activation) pathway 

The contact activation pathway initiates from negatively charged surfaces with the 

formation of the primary complex by high molecular weight kininogen (HMWK), 

prekallikrein (PK), and factor XII (Hageman factor) and is subsequently activated when 

factor XII is transformed to factor XIIa (Figure 1-2). Firstly, factor XIIa activates factor 

XI and factor IX into factor XIa and factor IXa, respectively. Subsequently, factor IXa 

in presence of the factor VIIIa activates factor X (factor Xa). In the presence of the 
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cofactor factor Va, factor Xa triggers prothrombin to thrombin formation, and 

eventually, thrombin transforms soluble fibrinogen into insoluble fibrin meshwork [9]. 

 

Figure 1-2. The intrinsic pathway of blood coagulation. (Adapted from Grover SP, 

Mackman N. Intrinsic pathway of coagulation and thrombosis: Insights from 

animal models. Arteriosclerosis, Thrombosis, and Vascular Biology. 2019 

Mar;39(3):331-8) 

The deficiency of coagulation components in the intrinsic pathway manifested 

hemorrhagic phenotypes in patients. The deficiency of factor VIII, and factor IX 

contributes to joints, muscles, and soft tissue bleeding abnormalities associated with 

hemophilia A and hemophilia B, respectively. Factor XI deficiency is related to a 

milder disorder like trauma or soft tissue-related hemorrhage, essentially involving 

tissues with high fibrinolytic activity [10]. Patients deficient in factor XII have 

noticeably extended partial thromboplastin time (PTT), however, such patients have no 

signs of bleeding abnormalities [11-12]. Modern shreds of evidence advocate that 

insufficiency of factor XII, prekallikrein (PK), and high-molecular-weight kininogen 

(HMWK) do not have a role in the hemostasis process. Nevertheless, a protein involved 

in the contact activation system (CAS) and kallikrein/kinin system (KKS) is associated 

with inflammation, blood pressure regulation, angiogenesis, and apoptosis processes 

[13]. 
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4. Extrinsic (tissue-factor mediated) pathway 

Initiation of extrinsic pathways requires an external factor (called tissue factor, TF) 

which is normally absent in the blood. Consequent to vascular injury, TF  is exposed to 

circulatory zymogenic factor VII, eventually leading to the formation of the TF-FVIIa 

binary complex. This complex directly triggers consecutive activation of factor X and 

prothrombin into factor Xa and thrombin, respectively. 

 

 

Figure 1-3. The extrinsic pathway of blood coagulation (Adapted from Grover SP, 

Mackman N. Intrinsic pathway of coagulation and thrombosis: Insights from 

animal models. Arteriosclerosis, Thrombosis, and Vascular Biology. 2019 

Mar;39(3):331-8) 

Concurrently, the small amounts of thrombin in presence of factor VIII (cofactor to 

factor IX) and factor V (cofactor to factor X), significantly increase the catalytic 

activity of factors IX and X on the platelet surface. Ultimately, thrombin (factor IIa) 

activation causes fibrin deposition which generates an impermeable platelet and fibrin 

plug at the site of injury (Figure 1-3). Both intrinsic and extrinsic pathways converge at 

the level of FXa generation [14-16]. 
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5. Coagulation protein factor VII/factor VIIa 

Factor VII is a member of the trypsin-like serine protease family, which is generated in 

the liver in zymogenic form (single-chain having 406 amino acids) and secreted into 

the bloodstream. As a result of proteolytic cleavage at position Arg152 and Ile153, 

FVII gets divided into two chains: heavy chain (254 residues) and light chain (152 

residues), which are interlinked by a disulfide bond. The first active-site inhibitor 

bound crystal structure of sTF/FVIIa was reported by Banner et al. in 1996 (Figure 1-4) 

[17]. 

Structurally, FVIIa comprises four domains: GLA, EGF1, EGF2, and SP domain. The 

crystal structure of the binary complex has revealed that FVIIa binds seven Ca2+ ions in 

the GLA-domain, one in the EGF1 domain, and one in the protease domain (Figure 1-

5). 

 

 

Figure 1-4   Schematic representation of the binary complex showing four domains of 

FVIIa: GLA, EGF1, EGF2, and SP domain in different colors with seven 

bound Ca2+ ions (shown in green) in the GLA-domain, one in the EGF1 

domain, and one in the protease domain. Tissue Factor is shown in blue color 

ribbon representation with N-terminal and C-terminal domain, a 

transmembrane domain, and a cytoplasmic tail. ( Adapted from Ke K. The 

tissue factor-factor vii (a) complex in blood coagulation. The University of 

Illinois at Urbana-Champaign; 2013.)  
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GLA domain: The ten Glu-residues within the first 45 residues of the GLA (gamma- 

carboxy glutamic acid-rich) domain of FVIIa are post-translationally modified to Gla-

residue upon carboxylation by a vitamin K-dependent carboxylase [18-19]. Previous 

studies have shown that Ca2+ is required for the stability of the GLA domain thereby 

promoting its interaction with membrane and receptors. Three hydrophobic residues 

Phe4, Leu5, and Leu8 in the ɷ-loop of the GLA domain are referred to as the “keel”. 

The keel residues penetrate the lipid bilayer and also stabilize the GLA domain [20-21]. 

 

Figure 1-5.  Three-dimensional structure of FVIIa, membrane-bound full length(fl) TF, 

and membrane-bound full length (fl) TF -FVIIa complex. Domains of FVIIa 

(GLA, EGF1, EGF2, and SP) are shown in different colors and fl TF in blue 

color new cartoon representation. Ca2+ions bound to the FVIIa GLA domain 

and FVIIa EGF1 domain are shown in red color ball representation. The keel 

residues F4, L5, and L8 of FVIIa are shown in pink color stick 

representation. Positioning of CT (catalytic triad) residues, H57, S195, and 

D102 are shown in stick representation.  

Vitamin K goes through oxidation and reduction reactions within the endoplasmic 

reticulum membrane and contributes electrons to activate specific proteins, carboxylase 

(Figure 1-6). The carboxylase enzyme performs gamma-carboxylation of glutamate 

groups in presence of CO2 and molecular oxygen before getting reduced. Oxidized and 

diminished forms of vitamin K are the guiding factors for the gamma-carboxylation of 
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specific Glu residues. Vitamin K antagonists like warfarin hinder this post-translational 

modification of coagulation protein thereby preventing the formation of mature 

peptides. Consequently, it has medical importance in the use of anticoagulation therapy. 

 

Figure 1-6.  Vitamin K-dependent gamma-carboxylation of specific Glu (glutamic acid) 

residues [Adapted from Kidd PM. Vitamins D and K as pleiotropic nutrients: 

clinical importance to the skeletal and cardiovascular systems and 

preliminary evidence for synergy. Altern Med Rev. 2010 Sep 1;15(3):199-

222]. 

EGF1 and EGF2 domain: Light chain of FVIIa is comprised of two epidermal growth 

factor-like domains. EGF domain is the most common domain found in the 

extracellular or membrane-embedded protein. It has been well established that these 

domains are rigid and are connected by disulfide bonds. In FVIIa, EGF1 and EGF2 

domains comprise residues numbering from 47-83 and 87-128, respectively. EGF1 

domain contains one high-affinity Ca2+ binding site and is responsible for TF binding. 

The EGF2 domain is located adjacent to SP (serine protease) domain. 

SP domain: The core structure of the SP domain of FVIIa is similar to that of all 

trypsin-like serine proteases. It consists of 254 amino acids, containing specific regions 

like TF- binding site (170 loop region), catalytic triad (CT) region, activation loop 1, 2, 

3, etc that are important for FVIIa function. Catalytic triad (CT) residues of serine 

protease include His57, Asp102, and Ser195 and are important to its catalytic function. 



Chapter 1: Introduction 

Page | 11  

6. Tissue Factor 

Tissue factor (TF) is a transmembrane glycoprotein that initiates coagulation in both 

physiological and pathological conditions and plays a pertinent role in maintaining 

homeostasis, thrombosis, and vascular development [22-23]. The Human TF gene is 

located on chromosome 1 (p21-22) spanning approximately 12.4 kilobases. Tissue 

factor is normally expressed on the surface of all non-vascular cells constitutively 

including vascular smooth muscle cells, pericytes, fibroblasts, etc [24]. Post-injury to 

the blood vessel, the endothelial layer disrupts, exposing TF to intravascular 

allosteric coagulation Factor VIIa (FVIIa) and forms a binary TF‐FVIIa complex 

(Figure 1-7). Thereafter coagulation cascade gets triggered by inducing sequential 

activation of clotting proteins Factor IX and Factor X into factor IXa and FXa, 

respectively. This eventually causes thrombin burst, leading to the formation of clots 

followed by the generation of insoluble fibrin meshwork from soluble fibrinogen. 

 

Figure 1-7. Three-dimensional structure of full-length TF-FVIIa complex on the 

membrane lipid bilayer. 

Defective angiogenesis and embryonic lethality are traced to the absence of TF 

expression [25-28]. TF-FVIIa protease complex performs diverse functions associated 

with tumor cell progression and propagation apart from TF-mediated coagulation in the 
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extrinsic pathway. Metastasis is influenced by TF- FVIIa protease complex via multiple 

processes by inducing cellular signaling events. A broad range of cellular responses is 

regulated by such events, such as cell survival, gene transcription, and cytoskeletal 

changes which are crucial for a cell to adequately respond to its local environment and 

malignant transformation [29-32]. This event also induces the production of proteins 

that inhibits apoptosis thus creating a favorable environment for metastasis. 

Structurally, TF consists of 263 amino acids having an extracellular part (1-219 amino 

acids), a transmembrane part (220-242), and a cytoplasmic tail part (243-263 amino 

acids) [33]. The extracellular part of TF consists of two immunoglobulin-like domains 

that share structural homology with fibronectin-type III protein. Two domains of TF are 

joined at an angle of 125 degrees and the cleft formed between the two domains 

constitutes the ligand-binding site [34]. TF contains two disulfide bonds at locations 

Cys49-Cys57 and Cys186-Cys209 that help to maintain the structure of the extracellular 

domain. It is also known that the disulfide Cys186-Cys209  bond located at the 

membrane-proximal region is important for TF cofactor activity [35]. 

7. Endothelial protein C receptor (EPCR) 

Endothelial cell protein C receptor (EPCR) is generally located in the endothelium of 

large blood vessels.  It is currently known as a multi-liganded and multifunctional 

receptor protein [36]. The primary ligand for EPCR is protein C /activated protein C 

(APC). The crystal structure of the human EPCR complex with human protein C (hPC) 

reveals that PC binds to hEPCR through its gamma-carboxyglutamic acid (GLA) 

domain with high affinity [37]. Other GLA-domain proteins, known to interact with 

EPCR are factor VIIa (activated FVII) and factor Xa (activated FX). FVIIa and FXa are 

vitamin K-dependent serine proteases that play a crucial role in blood coagulation [38-

39].  
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Figure 1-8.  Three-dimensional structure of EPCR with GLA domain of FVIIa/FXa on 

the membrane lipid bilayer. 

FVIIa GLA-domain has a high sequence identity with that of APC. FVIIa interacts with 

EPCR through its GLA-domain (Figure 1-8) [40]. The N-terminal region with residues 

1-11 of the GLA-domain forms an omega-loop, which is known to contact the 

membrane surface. The keel residues 4, 9, and 8 of omega-loop form hydrophobic 

protrusions that play an essential role during the protein-lipid interaction [41]. Upon 

binding with EPCR, the coagulant activity of FVIIa gets reduced [42]. In vivo 

administration of FVIIa markedly provides a barrier protective effect in the presence of 

EPCR besides exhibiting anti-inflammatory and anti-apoptotic properties [43].  

8. The motivation for the current work 

It is well known for being homologous to protein C, Factor VIIa binds to EPCR 

through its GLA-domain. More importantly, the interaction study between EPCR-

FVIIa has gained attention because of the usage of FVIIa in treating hemophilia 

patients [44]. The structures of the FVIIa and FXa GLA-domain reveal that there is a 

spatial disposition of the critical residues that are necessary for EPCR binding. Indeed, 

there is species specificity for FVIIa or FXa binding with EPCR [45]. Mouse FVIIa 
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(mFVIIa) cannot interact with EPCR; however, a single substitution of Leu4 with Phe4 

in mFVIIa determines its interaction with EPCR [46]. In the case of hFXa, the residue 

present at position 4th of the GLA-domain is Phe; still, FXa cannot interact with EPCR. 

Unfortunately, the inability of hFXa to bind to hEPCR has not been explored to date. 

Therefore, conducting FVIIa-based EPCR studies could provide insight into 

understanding the structure-function relationship of these interacting proteins.  

Previous studies have proposed that TF contributes significantly to balancing of 

initiation and propagation of thrombus on the rupture of atherosclerotic plaque [47]. 

Various studies confirm the presence of cholesterol/ oxidatively modified low-density 

lipoprotein (LDL) in atherosclerotic plaques and it has been found that the 

agglomeration and activity of TF are more in the lesions collected from patients with 

unstable angina, myocardial infarction, and other acute coronary events [48]. Previous 

reports suggest that TF-FVIIa coagulant activity at the cell surface may be affected by 

various processes including changes in cholesterol content and post-translational 

modifications of TF. Numerous studies were conducted but yielded inconclusive results 

about the effect of cholesterol on TF expression [49-50]. Therefore, it is very important 

to unveil the underlying molecular mechanism of how cholesterol affects structural 

modulations on the TF-FVIIa-factor Xa(FXa) Ternary complex.  

The zymogen protease Plasminogen (Plg) and its active form plasmin (Plm) 

carry out important functions in the blood clot disintegration (breakdown of fibrin 

fibers) process [51]. Inhibition of plasmin effectively reduces fibrinolysis to evade 

heavy bleeding. Irregular balance of the Plg/Plm system and immoderate fibrinolytic 

activity leads to fatal hemorrhagic disorders, thrombotic vascular injury, and severe 

complications during general surgery or major trauma [52]. Presently, available Plm 

inhibitor tranexamic acid (TXA) that is used to treat severe hemorrhages is associated 

with an increased incidence of seizures which in turn were traced to gamma-

aminobutyric acid (GABA) antagonistic activity in addition to having multiple side 

effects like headaches, nasal symptoms, or back, abdominal, and muscle pain [53]. 

Therefore, the development of new antifibrinolytic agents against Plg or Plm may help 

in preventing the disintegration of the blood clot and rampant blood loss. 

Immune checkpoint therapy is currently considered to be one of the most 

promising strategies in the field of cancer immunotherapy [54]. Cancer cells can exploit 
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immune checkpoints as a way to evade immune detection and elimination by distorting 

its co-stimulatory and coinhibitory molecules [55]. Previous studies suggest that the 

interaction of programmed death-ligand 1  (PD-L1)/PD-1 in the tumor 

microenvironment promotes cancer development and progression by enhancing tumor 

cell proliferation and survival [56]. Presently available treatments targeting PD-1/PD-

L1 in the market like monoclonal antibodies (mAbs) exhibit high specificity and are 

ideal for blocking protein−protein interaction, but some shortcomings exist like small 

half-life, less oral bioavailability, low stability, high manufacturing cost, immune-

related adverse effects, and incomplete response to cancer patients [57-58]. Therefore, 

the development of such novel small-molecule inhibitors as potent anti-cancer agents is 

beneficial for medical science. 

9. Significance of the present thesis work 

This thesis provides relevant information to understand the precise mechanisms of 

FVIIa binding to EPCR, which may facilitate the designing of FVIIa-mutant molecules 

for improved therapeutic use associated with bleeding disorders and septic shock. Our 

study can provide detailed insight into differences in species-specific binding of FVIIa 

GLA-domain and FXa GLA-domain towards EPCR. From our study, we can 

understand how mutation at the residue positions 4th, 8th, and 9th interfere with the 

energy profile of the FVIIa GLA-domain bound to EPCR. We explore how point 

mutations in GLA-domain affect the complex formation (FVIIa-EPCR) in the presence 

of phosphatidylcholine (PCh) in the EPCR groove. Lastly, our studies may provide 

valuable insights into the prediction and identification of protein-lipid interactions thus 

augmenting advances in understanding structural modulation and function of proteins. 

The effect of cholesterol content and post-translational modifications of Tissue 

Factor (TF) on TF-FVIIa (Factor VIIa) coagulant activity is still indeterminate. Various 

studies suggest that the presence of cholesterol/LDL in atherosclerotic plaques confers 

high importance to atherogenesis. Aberrant palmitoylation is related to various diseases 

including neurological disorders like Huntington’s disease, Parkinson’s disease, 

Alzheimer’s disease, metabolic disorders, and Cancer. In this thesis work, we have tried 

to characterize the dynamics and interactions of cholesterol with the TF-FVIIa-FXa 

Ternary complex. Additionally, we also attempted to assess the effect of 

Palmitoylation, on protein-lipid interactivity in presence of cholesterol. Overall, our 

https://www.abcam.com/pathways/cancer-immunotherapy-immune-checkpoint-pathway
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studies may throw light on the inconclusive results about the effect of cholesterol and 

TF palmitoylation on TF-FVIIa (Factor VIIa) coagulant activity.  

The zymogen protease Plasminogen (Pgn) and its active form plasmin (Plm) 

carry out important functions in blood clot disintegration, tissue remodeling, cell 

migration, and bacterial pathogenesis. Irregular balance of plasminogen/plasmin system 

ensues in fatal hemorrhagic disorders or thrombotic vascular occlusion. The 

development of potent antifibrinolytic agents against plasmin will prevent blood clot 

dissolution and abnormal blood loss. In this thesis work, we attempt to find potential 

antifibrinolytic inhibitors having both maximum specificity and efficacy with minimum 

side effects.  

          An encouraging number of studies report that targeting the PD-L1/ PD-1 immune 

checkpoint promotes an effective immune response against cancer cells and may be of 

significant therapeutic value [16]. Therefore, designing and synthesizing small 

molecules is a promising approach to the development of novel and inexpensive 

immune checkpoint inhibitors for PD-L1/ PD-1 [25]. Furthermore, in combination with 

the mAbs, novel small-molecule inhibitors are contemplated to attain synergistically 

anticancer effects [26]. Hence, a novel class of small-molecule inhibitors was designed 

and synthesized to prevent the binding of PD-L1 to its receptor PD-1. In this thesis 

work, as a part of a collaborative project, an evaluation of these in-house synthesized 

small molecule inhibitors was carried out using in silico approaches. 
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Chapter 2 

In silico mutation and binding studies of human FVIIa GLA-

domain to endothelial protein C receptor: A molecular 

dynamics simulation approach 

1. Introduction  

Endothelial cell protein C receptor (EPCR) is generally located in the endothelium of 

large blood vessels. It is currently known as a multi-liganded and multifunctional 

receptor protein [1]. The primary ligand for EPCR is protein C/activated protein C 

(APC). The crystal structure of the human (h) EPCR complex with protein C (PC) 

reveals that PC binds to hEPCR through its gamma-carboxy glutamic acid-rich (GLA) 

domain with high affinity [2]. Other GLA-domain proteins, known to interact with 

EPCR are factors(F) VIIa, and Xa. FVII and FX are vitamin K-dependent serine 

proteases, produced by the liver and present in blood in zymogenic form. The 

activation of each zymogen is represented by the suffixing letter “a” to the 

corresponding Roman numeral, for example, FVIIa (activated FVII) and FXa (activated 

FX). After activation, these enzymes participate in the blood coagulation process [3-5]. 

FVIIa GLA-domain has a high sequence identity with that of APC. FVIIa also interacts 

with EPCR through its GLA domain [6]. The N-terminal region with residues 1-11 of 

the GLA-domain forms an omega-loop, which is also known to contact the membrane 

surface. The keel residues 4, 5, and 8 of omega-loop form hydrophobic protrusions that 

play an essential role during the protein-lipid interaction [4-5]. Upon binding with 

EPCR, the coagulant activity of FVIIa gets reduced [7]. In vivo administration of FVIIa 

markedly provides a barrier protective effect in the presence of EPCR besides 

exhibiting anti-inflammatory and anti-apoptotic properties [8]. More importantly, the 

interaction study between EPCR-FVIIa has gained attention because of the usage of 

FVIIa in treating hemophilia patients [9-10].  

The binding affinity of both hPC and hFVIIa with hEPCR is similar. In contrast, 

mouse (m) FVII does not significantly interact with both mEPCR and hEPCR. Human 

FXa (hFXa) is highly homologous to the protein C and FVIIa GLA-domain; however, 

any noticeable binding of hFXa to hEPCR is not seen [11-13]. The molecular 

mechanism for this remains unclear.   
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Several groups have shown that FXa binds to endogenously expressed EPCR, 

and induces cellular signaling through cleavage of protease-activated receptor-1 (PAR-

1) [14]. Cellular signaling by FXa has been associated with various conditions like 

wound healing, atherosclerosis, cancer dissemination, angiogenesis, etc. FXa also 

provides a barrier protective effect against VEGF-induced vascular leakage that is 

independent of EPCR [1,15]. However, the binding of hFXa to hEPCR is not well 

studied. The structures of the FVIIa and FXa GLA-domain reveal that there is a spatial 

disposition of the critical residues that are necessary for EPCR binding. Indeed, there is 

species specificity for FVIIa or FXa binding with EPCR. Mouse FVIIa (mFVIIa) 

cannot interact with EPCR; however, a single substitution of Leu4 to Phe4 in mFVIIa 

determines its interaction with EPCR [12,16].  

In the case of hFXa, the residue present at position 4th of the GLA-domain is 

Phe; still, FXa cannot interact with EPCR. Unfortunately, the inability of FXa to bind 

to EPCR has not been explored to date. In this study, we hypothesized that the residue 

position of the GLA-domain at 8th and 9th might play a crucial role in determining 

EPCR binding; therefore we have considered six successive mutations of FVIIa GLA-

domain based on mouse FVIIa and human FXa as provided in Table 2-1. In silico 

mutation modeling, molecular simulations, and the potential of mean force calculations 

can provide detailed insight into differences in species-specific binding of FVIIa GLA-

domain and FXa GLA-domain towards EPCR. In this study, we have taken membrane-

bound full-length EPCR complex either with wild-type hFVIIa/ hFXa GLA-domain or 

mutated GLA-domain (Table 2-1).  

Table 2-1. Details of in silico mutation associated with human FVIIa GLA-domain. 

S/N Wild-type/mutation 

system 

Mutating residue at the 

position 

Mutation based on the 

species GLA-domain  

1. FVIIa (wild-type) - Human FVIIa 

2. FVIIa (F4L) 4 Mouse FVIIa 

3. FVIIa (R9W) 9 Mouse FVIIa 

4. FVIIa (F4L; R9W) 4, 9 Mouse FVIIa 

5. FXa (wild-type) - Human FXa 

6. FVIIa (L8M) 8 Human FXa 

7. FVIIa (R9K) 9 Human FXa 

8. FVIIa (L8M; R9K) 8, 9 Human FXa 
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Eventually, we performed molecular dynamics (MD) simulation to characterize 

the distinct binding of wild-type (WT) FVIIaWT, all FVIIa mutants, and FXaWT towards 

EPCR and explored the changes in protein-protein interactions concerning FVIIaWT in 

the presence of phosphatidylcholine (PCh) within EPCR groove. Human FVIIaWT binds 

to hEPCR in a true ligand fashion; however when the hFVIIaWT GLA-domain was 

mutated to FVIIaF4L; R9W at positions 4th and 9th, the fluctuation in the GLA-domain is 

higher. The fluctuation in the GLA-domain is also higher for all FVIIaL8M, FVIIaR9K, 

and FVIIaL8M; R9K systems.  Mutation at the residue positions 4th, 8th, and 9th interfere 

with the energy profile of the FVIIa GLA-domain that is bound to the EPCR system. 

We discuss how point mutations in GLA-domain affect the complex formation (FVIIa-

EPCR) in the presence of PCh in the EPCR groove. Our studies also reveal that lipid-

mediated interaction with Phe4 residue (GLA-domain) further facilitates the 

intermolecular H-bonds between EPCR and GLA-domain for wild-type FVIIa system. 

These findings may have important implications in understanding the precise 

mechanisms of FVIIa binding to EPCR, which may facilitate the designing of FVIIa-

mutant molecules for the improved therapeutic use associated with bleeding disorders 

and septic shock [8].  

2. Computational Section    

2.1 System Setup. 

We have prepared membrane-bound full-length EPCR with FVIIa/FXa/all mutant 

GLA-domain systems.  In this study, we constructed 1-palmitoyl-2-oleoyl-sn-glycero-

3-PC (POPC) and 1-palmitoyl-2-oleoyl-sn-glycero-3-PS (POPS) lipid binary models in 

4:1 concentrations. The rectangular lipid bilayer models, POPC: POPS were generated 

using the CHARMM-GUI membrane builder server, containing a total of 200 lipids 

(100 per leaflet), as described in the previous work [17-20]. During membrane 

generation, the system charge was neutralized by randomly placing Na+ and Cl- ions in 

the bulk water. Equilibration of the bilayer was done using the following CHARMM 

input files in the NPT ensemble (constant pressure and temperature) for 8–10 ns. We 

found that our lipid bilayer is equilibrated with an average area per lipid bilayer (~61 

Å2) and bilayer thickness (40 Å) at the end of the simulation. The last membrane 

coordinates were used for modeling membrane-bound flEPCR with either hFVIIa/hFXa 

or all mutant GLA-domain in the complex system.  
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2.2 Protein modeling.  

The initial coordinates of the extracellular domain of EPCR (residues 7-178) were 

taken from the X-ray crystallographic structure of the EPCR (PDB ID: 1LQV) [21]. 

Since full length (fl) of EPCR crystal structure is not available; therefore missing 

residues of EPCR (those are absent in the crystal structure) were constructed using 

template-based search in protein BLAST [17]. Initially, N-terminal amino acids of 

residues 1-6 (sequence SQDASD) of EPCR were modeled based on protein BLAST 

template search having PDB ID: 2Y3A from chain A (residue numbering 44-50) [22]. 

Similarly, modeling of the C-terminal of missing residues of the extracellular region 

from residues 179-193 (sequence AENTKGSQTSRSYTS) was carried out using 

protein BLAST template search (with >40% identity) having PDB ID: 1DDB, from 

chain A (residues 55-69, sequence ELQTDGSQASRSFNQ) [23]. Three polypeptides: 

residues 1-6, 7-178, and 179-193 were joined using discovery studio with a proper 

alignment that forms extracellular EPCR (193 amino acids).  

Similarly, the transmembrane region (length 21 amino acids) from residue 

numbering 194-214 (sequence LVLGVLVGSFIIAGVAVGIFL) was constructed based 

on the template (PDB ID: 4O6Y, the crystal structure of cytochrome b561, chain A, 

residues numbering 198-218) having highest protein BLAST score using Modeller [24-

25]. To construct membrane-bound flEPCR, we have accomplished the following 

criteria as follows: firstly, the extracellular region of EPCR (193 amino acids) was 

placed perpendicular to the equilibrated lipid bilayer model. After that, alignment of a 

transmembrane region of EPCR was implemented concerning the bilayer-normal (Z-

axis). The C-terminal region of the extracellular portion (residue number 193) to the N-

terminal portion of the EPCR transmembrane region (residues 194-214) were joined. 

The remaining residues (215-221, sequence CTGGRRC) comprising the C-terminal 

cytoplasmic tail region were joined using Pymol software [26]. Lastly, the cytoplasmic 

tail part (7 amino acids) was attached to the remaining part of EPCR (extracellular and 

transmembrane portion) using Discovery studio software. 

For the mutant GLA-domain, following substitutions in the FVIIa GLA-domain 

based on mouse FVIIa (FVIIaF4L, FVIIaR9W, FVIIaF4L; R9W) and human FXa (FVIIaL8M, 

FVIIaR9K, FVIIaL8M; R9K) were performed as shown Table 2-1. Initial coordinates for the 

FVIIa GLA-domain (residues 1-50) were taken from the X-ray crystallographic 

structure of the sTF-FVIIa binary complex (PDB ID: 1DAN) [27]. The molecule 

(GLA-domain) was aligned and superimposed based on the crystal structure of protein 
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C in complex with sEPCR (PDB ID: 1LQV) using VMD software [28]. This was done 

to assemble FVIIa GLA-domain in a complex with membrane-bound flEPCR because 

both FVIIa and protein C interact with EPCR through its GLA-domain [29]. As 

mentioned, six sets of mutations were generated either by single or double substitutions 

at positions 4th, 8th, and 9th in FVIIa GLA-domain (Figure 2-1). Three sets of mutants 

were created i.e., phenylalanine in position 4th was mutated to leucine (single mutant), 

arginine in position 9 was mutated to tryptophan (single mutant) and both 

phenylalanine and arginine were mutated to leucine and tryptophan in positions 4 and 

9, respectively (double mutants). Additionally, three sets of mutants of hFVIIa were 

also generated which include leucine in the 8th position was mutated to methionine 

(single mutant), arginine in the 9th position was mutated to lysine (single mutant) and 

both leucine and arginine were substituted by methionine and lysine in the 8th and 9th 

positions, respectively (double mutants).  

 

Figure 2-1. Overview of flEPCR-FVIIa/FXa GLA-domain structure.  

(a) The Sequence alignment of GLA domain residues 1-50 among human FVIIa, FXa, 

and mouse FVIIa. Fully conserved residues are shown by the “asterisk *” symbol. 

Conserved residues having strongly and weakly similar properties are shown by the 

“colon:” and “period .” symbols, respectively. GLA residues are shown by X. 

(b) Schematic representation of membrane-bound flEPCR and Gla domain. Calcium ions 

are shown by the red sphere. Bound phosphatidylcholine (PCh) molecule in the EPCR 

antigenic groove is represented as sticks (ice blue). A closer view of the locations of 

amino acids of GLA-domain (residue locations 4, 8, and 9) where single, double 
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mutations were carried out based on mouse FVIIa and human FXa. Residues whose 

mutations are based on mouse FVIIa (FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W) are 

shown in blue color. Other residues whose mutations are based on human FXa 

(FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K) are shown in green color. 

Recently, it was shown that the phosphatidylcholine (PCh) molecule is the 

major phospholipid that resides in the antigen-binding groove of EPCR [30]. Therefore, 

we considered this molecule in the antigen-binding groove of EPCR. Construction of 

the PCh molecule was done using CHARMM membrane builder, and the 

superimposition of the molecule was performed from the previously reported 

crystalline PTY molecule, which was done to fit the lipid molecule to its correct 

position, that was used in our previous simulations [31].  

2.3 Molecular Dynamics Simulations Protocol 

GLA-domain contains several (approx 10) post-translational modified groups known as 

gamma-carboxyglutamate residue (Gla residue), therefore both topology and parameter 

files of Gla residue were prepared based on the similar chemical groups present within 

topology and parameter files. After that, a protein structure file (PSF) was produced 

using the Psfgen package tool within VMD for each of the systems. Each system was 

solvated using the TIP3P water model in a periodic box having dimensions of 

128x128x182 Å [32]. Autoionize plugin of VMD was employed to achieve 5mM 

calcium ionic concentration by randomly replacing water molecules with Ca2+ and Cl- 

ions.  

Atomistic simulations were performed by employing NAMD 2.9 dynamics 

software package with CHARMM36 force field parameter [33-34]. Total potential 

energy functions (Utotal) used in NAMD simulations is the sum of the potential energy 

function associated with bonds, angles, dihedrals, improper and non-bonded 

interactions. These are as follows:  

Utotal = Ubonds + Uangles + Udihedrals + Uimpropers + Unonbonded  .............................................. (1) 

where, Ubonds = ∑ 𝐾𝑟(𝑟 − 𝑟0)2
𝑏𝑜𝑛𝑑𝑠  

Uangles = ∑ 𝐾Ɵ(Ɵ − Ɵ0)2
𝑎𝑛𝑔𝑙𝑒𝑠  

                     Udihedrals = ∑ 𝐾𝜒(1 + 𝑐𝑜𝑠(𝑛𝜒 − 𝛿))𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙𝑠  
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Uimpropers = ∑ 𝐾𝜙(𝜙 − 𝜙0)2
𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟𝑠  

Unonbonded = ∑ 𝜀𝑖𝑗 [(
𝑅𝑖𝑗

𝑚𝑖𝑛

𝑟𝑖𝑗
)

12

− 2 (
𝑅𝑖𝑗

𝑚𝑖𝑛

𝑟𝑖𝑗
)

6

] +
𝑞𝑖𝑞𝑗

𝜀𝑟𝑖𝑗
𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑  

Kr, KƟ, Kχ, and Kϕ are the force constants for bond stretching, angular 

vibrational motion, dihedral, and improper angles. In nonbonded interaction, both 

Lennard-Jones (LJ) “6-12” and Coulombic terms were included. Ɛ is the dielectric 

constant. qi and qj are the partial atomic charges, rij is the distance between the ith and jth 

atoms. Rij
min and Ɛij are the LJ minimum distance and well depth, respectively.    

During the simulation, the damping coefficient (γ) of 1ps-1 by Langevin 

dynamics was used to keep the temperature of the system constant at 310 K. Particle 

Mesh Ewald (PME) method was applied to calculate long-range electrostatic forces 

without truncation [35].  The pair-list distance cut-off was set to 2 Å with a direct non-

bonded potential cut-off of 12 Å and a scaling factor in the range 1-4 was employed in 

this system. Constant pressure was maintained at 1 atm using the periodic boundary 

conditions by applying the Langevin piston Nosé-Hoover method [36-37]. Preceding 

the structural equilibration, the model complex systems were put through several 

energy minimizations and relaxation cycles so that the bad contacts (steric clashes) 

present during the system preparation are abolished. Initially, water and counterions 

were equilibrated for 0.5 ns with a 1 fs time interval using a short “constant-pressure” 

NPT to pack lipid and water against the modeled protein-lipid. After that, the modeled 

protein was fixed. The counterions were allowed to relax their positions. System energy 

minimization was carried out for 40,000 steps using the conjugate gradient method to 

prevent steric clashes. Next, a short equilibration was performed using NPT for a 

period of 2 ns with 2 fs timesteps with protein constrained, in which hydrogen atoms 

were subjected to the SHAKE algorithm [38]. For achieving a free and stable 

simulation system, a short equilibration for this system was carried out with a time 

interval of 2 fs for 2ns of NPT equilibration with positional restraints on the heavy 

atoms of the protein complex Herein, a small harmonic potential with a spring constant 

(1 kcal mol-1 Å-2) was applied to keep the protein atoms constrained. Thereupon, the 

entire system was switched to NPnAT (constant membrane-normal pressure, Pn, 

temperature, and membrane area) from the NPT ensemble without restraints on the 



Chapter 2: In silico mutation and binding studies… 

Page | 30  

proteins for 200 ns simulation time, in which a time step of 2 fs was employed for 

integrating the equations of motions.  

2.4 Potential of mean force calculation using ABF method. 

After the equilibration of each system, the free energy profile concerning the potential 

of mean force (PMF) was calculated [39-40]. According to the reverse Boltzmann 

relationship, free energy for the protein-protein interaction system can be written as 

Aij = -kT ln [fij(r)/Zij] ............................................................................................. (2) 

where, k = Boltzmann constant 

    T= Absolute temperature 

    fij(r)= frequency of contacts between receptor protein atom type ith and 

ligand-protein atom type jth, occurring at the center of mass distance (r).  

Here, we have used the adaptive biasing force (ABF) module implemented in 

the NAMD simulation. An external biasing force was applied to the groups of atoms 

during PMF calculations, with respect to proper reaction coordinates (RC). In this ABF 

simulation, RC was calculated based on the center of mass (COM) distance between 

EPCR and GLA- domain (FVIIa/FXa/all mutants), in the range of 31.3 to 36 Å with a 

bin width dξ of 0.1 Å, in which 5000 force samples were collected in each bin. The 

biasing force was evaluated locally from the sampled conformations of the system at 

each step and updated continuously during simulation. Each RC was divided into 

equally spaced windows (width). Subsequently, for each window, ABF simulations 

were executed, and both upper and lower boundaries of simulation input files were 

subjected to a harmonic force of 100 kcal/mol/Å. The standard errors were estimated 

based on calculated PMFs from three individual runs (different starting coordinates) of 

simulation length of 5 ns for each system (EPCR and wildtype hFVIIa/hFXa/all 

mutants GLA-domain) using the NPT ensemble. NAMD ‘colvars’ module was 

employed to restrain the transmembrane portion and cytoplasmic region of EPCR for 

each simulation with a force constant of 100 kcal/mol/Å2. Langevin dynamics was 

utilized to maintain the system temperature at 310 K. To tackle the long-range 

electrostatic forces, particle-mesh Ewald (PME) algorithm was used. The time step 
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integration was set to 1fs to calculate the equations of the motion and the rigid bonds in 

the configuration file were set to all. 

2.5 Protein-protein binding affinity change predictions by BindProfX. 

To predict protein-protein binding affinity change upon mutation of residues at the 

interface, BindProfX was employed [41]. In case of multiple mutations, BindProfX 

uses iAlign to align the Protein-Protein Interaction (PPI) interface structure of the target 

protein to a set of PPI interface structures from the PIFACE database to predict ΔΔG of 

interface residue mutations [42].  

ΔΔG is calculated for the difference between the energies of wild-type and 

mutant complexes: 

∆∆𝐺WT→Mut    =    EWT(complex)  −  EMut(complex) 

In the case of single point mutation for predicting the binding affinity change, 

FoldX physics potential ΔΔGfoldx can be optionally combined with the profile 

conservation score which is calculated from the interface alignment [43]. 

BindProfX is a refurbished technique to calculate the binding affinity of 

protein-protein interface based on gene mutation through structure profiling. Free 

energy change on binding (ΔΔG) is counted as the logarithm of the relative probability 

of mutant amino acids over wild-type ones in the interface alignment matrix, wherein 

three pseudo-counts are incorporated to diminish the limit of the current interface 

library. The interface comparison is performed by the iAlign program, where all 

interfaces with a high interface similarity score (IS score) are used to construct a 

matrix. The binding free–energy change upon mutation is calculated by 

ΔΔGevo (i) =   −𝜆 ln {P(AMut,i)/P(AWT,i)} 

=  −𝜆 ln {Nobs(AMut ,i) + Npseudo(AMut,i)/ Nobs(AWT ,i) + Npseudo(AWT,i) 

where, P(AMut,i) and P(AWT,i) are the possibility of mutant and wild-type amino 

acids, respectively, appearing at the ith position of  matrix.  

Nobs(Mut, i) and Nobs(WT, i) are the number of the corresponding amino acids 

observed in the iMSA matrix, where Npseudo(A, i) is the corresponding pseudo-count 

number introduced to offset the limitations of statistics. Interface alignment and 
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structural analog search are performed by the I-align program, which is built on IS 

score:  

IS-score= 
𝑆+𝑆0

1+𝑆0
 

where, raw interface similarity score S=  
1

𝐿𝑄
 ∑

𝑓𝑖

1+(
𝑑𝑖
𝑑0

)
2

𝑁𝑎
𝑖=1   

s0= 0.18 – 
0.35

𝐿𝑄
0.3 is a scaling factor to normalize the interface size.  

In the raw score S, LQ is the average number of interface residues, Na is the number of 

aligned interface residues, fi is the fraction of conserved interface contacts at the ith 

aligned position, and di/d0 is the normalized Cα distance at the ith aligned position. It is 

not required to follow the sequential order for the alignment of interfacial residues 

while running I-align.  

2.6 Residue-wise interaction energy calculation using gRINN. 

To find the non-bonded interaction energies for the residue pairs (between EPCR and 

GLA domain) gRINN tool was used [44]. gRINN attributes graphical user interfaces 

and a command-line interface to generate and analyze pair-wise residue interaction 

energies from MD simulation trajectories. For running this standalone program, PDB, 

PSF, and DCD files of all the systems were provided as input. A solute dielectric 

constant of value 1.0 was used while computing the electrostatic component of the 

interaction energy. Percent cutoff value and filtering distance cutoff values were 60% 

and 12 Å, respectively meaning that only residue pairs whose centers-of-mass come 

closer than 12 Å in at least 60 percent of trajectory frames were included. 

3. Results and Discussion  

Administration of hFVIIa is used in hemophilia treatment because hFVIIa binds to 

EPCR and generates hemostasis [45]. The importance of residue position 4th was 

highlighted by Pavani et al., who demonstrated that a single substitution of Leu4 to 

Phe4 in mouse FVIIa determines its endothelial protein C receptor (EPCR) binding. 

Human FXa GLA-domain already has Phe at the 4th position; however, hFXa poorly 

interacts with hEPCR. The reason for this discriminate nature remains unclear. The key 

differences between hFXa and hFVIIa GLA-domain residues are at positions 8th and 

9th. We hypothesized that these residues might be responsible for showing different 
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consequences in binding. To address these problems, we did in silico mutation of the 

FVIIa GLA-domain as shown in Table 2-1 and Figure 2-1b. We simulated the 

following systems: FVIIa, FXa, all FVIIa GLA-domain mutants (single, double) 

complex with membrane-bound flEPCR.  

3.1 Dynamics of FVIIa/FXa GLA-domain in EPCR complex.  

As shown in the crystallographic structures of EPCR-protein C (PDB ID: 1LQV), 

protein C binds to EPCR through its GLA-domain [46]. As the GLA-domain of FVIIa 

and FXa is homologous to that of the protein C GLA-domain, therefore, we have 

superimposed all the GLA-domains from protein C crystallographic structures bounded 

with EPCR for the model preparation. To predict the stability of the system, root means 

square deviations (RMSDs) of all GLA-domain for each system were calculated over 

time, relative to the initial structure (Figure 2-2). In the case of the FVIIaWT GLA-

domain, the least fluctuation was observed in RMSD, indicating that the wild-type 

system is more stable. However, all mutants exhibit higher deviations from the initial 

structure. We observe that the relative stability of FVIIa and mutants GLA-domain with 

respect to positions 4th and 9th are in the following order: 

FVIIaWT>FVIIaR9W>FVIIaF4L> FVIIaF4L; R9W (Figure 2-2a). The average RMSDs with 

standard deviation (SD) of FVIIa, all mutants, and FXa GLA-domain for the last 100 ns 

are mentioned in Table 2-2. However, we found that mutation at position 9th (FVIIaR9K) 

induces a higher fluctuation in GLA-domain as compared to mutation at position 8th 

(FVIIaL8M) (Figure 2-2b). Average RMSD of the GLA-domain for these systems are in 

the following order: FVIIaWT>FVIIaL8M>FVIIaR9K>FVIIaL8M; R9K>FXaWT, indicating 

that mutations induce significant conformational alterations in the GLA-domain. 

Further, we calculated the RMSD of EPCR for all systems to check whether mutations 

in FVIIa GLA-domain alter the stability of the whole complex (Figure 2-2c and 2-2d). 

Data reveal that the RMSD of EPCR from the wild-type FVIIa system is much lower 

(2.8 ± 0.1 Å) compared to other systems (Table 2-2), indicating that the stability of 

EPCR in the complex is much higher. However, both double mutants (FVIIaF4L; R9W 

and FVIIaL8M; R9K) affect the stability of the whole EPCR in the complex. We have also 

run another set of simulations (around 130 ns) with different initial velocity coordinates 

to check the robustness of the simulation data (Figure 2-3). We found that both RMSD 

of GLA and EPCR for all the systems follow a similar pattern as observed with the 

previous data. Therefore, we conclude that the dynamics of the overall system are also 

dependent upon the mutation of the GLA-domain. 
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Figure 2-2. Root mean square deviations (RMSD) of GLA-domain and EPCR were 

obtained from simulation of membrane-bound flEPCR and GLA-domain 

complex. Backbone RMSD of (a) GLA-domain of FVIIaWT, FVIIaF4L, 

FVIIaR9W, and FVIIaF4L; R9W  (b) GLA-domain of FXaWT, FVIIaL8M, FVIIaR9K, 

and FVIIaL8M; R9K, (c) EPCR of FVIIaWT, FVIIaF4L, FVIIaR9W, and FVIIaF4L; 

R9W,  (d) EPCR of FXaWT, FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K for 200 ns 

simulation run. 

 

Table 2-2. Root mean square deviation (RMSD) of EPCR and GLA-domain, 

calculated from the last 100 ns of the production run for all the 

systems (membrane-bound flEPCR and GLA-domain complex) 

System EPCR  GLA-domain 

RMSD ± S.D. (Å) RMSD ± S.D. (Å) 

Mutation based on mouse FVIIa system 

FVIIaWT system 2.8±0.1 2.6±0.3 

FVIIaF4L system 3.6±0.2 3.6±0.2 

FVIIaR9W system 3.2±0.1 3.1±0.4 

FVIIaF4L; R9W system 4.2±0.3 4.3±0.3 

Mutation based on human FXa system 

FXaWT system 3.7±0.3 4.0±0.2 

FVIIaL8M system 2.8±0.2 2.6±0.2 

FVIIaR9K system 3.1±0.2 2.7±0.2 

FVIIaL8M; R9K system 4.0±0.3 3.0±0.5 
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Figure 2-3.  Root mean square deviations (RMSD) of GLA-domain and EPCR were 

obtained from 130 ns unbiased MD simulation trajectories of the EPCR-GLA 

complex for all the systems. (a) GLA domain of FVIIaWT, FVIIaF4L, FVIIaR9W, 

and FVIIaF4L; R9W system, (b) GLA domain of FXaWT, FVIIaL8M, FVIIaR9K, 

and FVIIaL8M; R9K system, (c) EPCR of FVIIaWT, FVIIaF4L, FVIIaR9W, and 

FVIIaF4L; R9W system, (d) EPCR of FXaWT, FVIIaL8M, FVIIaR9K, and FVIIaL8M; 

R9K system. 

Evaluation of root mean square fluctuations (RMSF) is insightful to understand the 

overall residue-wise protein dynamics in the protein complex. To explore the local 

dynamical variations in a protein complex, we have computed RMSF of both GLA-

domain as well as EPCR by taking the average structure of the last 60 ns of the 

simulation (2 ns internal) (Figure 2-4). In the case of the FVIIaWT GLA-domain, the 

residue-wise fluctuation is much lower, and the variation in the anchoring residue is in 

the lower range below 2 Å (Figure 2-4a).  In the case of the point mutation at residue 

position 4th (FVIIaF4L), fluctuation of GLA-domain residues was much higher in the 

range 2.8-3.2 Å; whereas mutation at position 9th is not significantly associated with the 

residue-wise fluctuation of GLA-domain and RMSF data is similar with that of 

FVIIaWT. In contrast, the double mutation at positions 4th and 9th (FVIIaF4L; R9W) 
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significantly alters the relative fluctuations of the GLA-domain specifically in the 

region from residues 5 to 18. This may be due to a weaker binding affinity of the GLA-

domain to EPCR. Overall, our results indicate that the mutation at residue position 4th is 

the driving factor in the regulatory movement of the GLA-domain. Our finding is also 

consistent with the recent experimental findings.  

Despite having the same residue (Phe4) located at the 4th position, FXa GLA-

domain exhibits higher instability. The probable reason for this alteration is still 

unknown. Therefore, we evaluated the dynamics of the GLA-domain by calculating 

RMSF for the last 60 ns of the total simulation (Figure 2-4b). We observe that both 

single and double mutants contributed to excessive fluctuations in FVIIa GLA-domain. 

The RMSF of the GLA-domain for the given system is in the following orders: 

FVIIaWT> FVIIaL8M>FVIIaR9K>FVIIaL8M; R9K>FXaWT.    

Similarly, we analyzed the RMSF of EPCR in the complex for all systems 

(Figure 2-4c). We found that residue-wise fluctuation of EPCR from the FVIIaWT 

system in the complex is least as compared to both double (FVIIaF4L; R9W) and single 

mutant (FVIIaF4L) systems, indicating that the wild-type FVIIa system is most stable. 

Residue-wise stabilities for the EPCR system are in the following order: 

FVIIaWT>FVIIaR9W>FVIIaF4L>FVIIaF4L; R9W. Fluctuations of EPCR residue are thought 

to be related to the dynamics of the GLA domain.  

A similar trend was observed in the RMSF of EPCR in FXa-bound form (Figure 

2-4d). The fluctuation of EPCR in the FXa system is much higher as compared to the 

other system, which indicates that the overall stabilization of the bound complex is 

dependent upon the dynamics of the GLA domain. It is also observed that the relative 

fluctuation of EPCR in the region nearer to H2 and H3 (residues 140-180) is much 

higher for the system FVIIaL8M and FVIIaR9K. The probable explanation for the 

dramatic increase in the overall flexibility might be due to the disruption of the native 

H-bonding network.  
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Figure 2-4.  Residue-wise fluctuation of GLA-domain and EPCR from membrane-bound 

flEPCR-GLA domain complex.  Root mean square fluctuation (RMSF) of  (a) 

GLA-domain of FVIIaWT, FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W,  (b) GLA-

domain of FXaWT, FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K, (c) EPCR of 

FVIIaWT, FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W, (d) EPCR of FXaWT, 

FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K. 

3.2 Free binding energy profile of flEPCR and Gla-domain complex.  

In recent years, the impact of mutations in regulating protein-protein binding has begun 

to be understood [47]. Recently, Pavani et al. showed that Phe4 in mouse FVIIa is the 

determining factor for mEPCR binding. Sequence homology studies among hFVIIa, 

hFXa, and mFVIIa GLA-domain (Figure 2-1a) reveal that Phe4 is also present in hFXa; 

however, hFXa has a weaker binding affinity towards hEPCR. There are many 

possibilities of residues that may have an impact on the protein complex assembly. 

Therefore, we considered specific point mutations of key residues at positions 8th and 

9th of the hFVIIa GLA-domain, as mentioned in Figure 2-1. To decipher the role of the 

GLA-domain for EPCR binding, the potential of mean force (PMF) was determined 

individually for the following permutations of the FVIIa/FXa with EPCR complex: 

FVIIaWT-EPCR, FVIIaF4L-EPCR, FVIIaR9W-EPCR, FVIIaF4L; R9W-EPCR, FVIIaL8M-

EPCR, FVIIaR9K-EPCR, FVIIaL8M; R9K-EPCR and FXaWT-EPCR (Figure 2-5).  
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Figure 2-5.  Free energy profile (potential of mean force, PMF) obtained from ABF 

simulations along the reaction coordinate (RC) between GLA-domain and 

sEPCR. PMF profile for a complex system (a) FVIIaWT, FVIIaF4L, FVIIaR9W, 

and FVIIaF4L; R9W mutation based on mouse FVIIa and (b) FXaWT, FVIIaL8M, 

FVIIaR9K, and FVIIaL8M; R9K mutation based on human FXa. Well-

equilibrated membrane-bound flEPCR complex with GLA domain for all 

systems were used for PMF calculation. The reaction coordinate here is the 

center of mass (COM) distance between two bulk proteins: the extracellular 

portion of EPCR and the GLA-domain (FVIIa, FXa, and all mutants). 

Reaction Coordinate (RC) was calculated based on the center of mass (COM) 

distance between EPCR and GLA-domain (wildtype FVIIa/ wildtype FXa/all 

mutants), in the range of 31.3 to 36 Å.  For all the systems, error estimates were 

obtained from the bootstrap analysis of all the sets, individually. The Bulk PMF 

value was shifted to 0 kcal/mol. 

Mutations of FVIIa were performed using Pymol. Estimation of the free energy profile 

concerning the PMF provides an accurate description of the thermodynamic feasibility 

of the process. We have used the adaptive biasing force (ABF) simulation methods 

implemented in NAMD to compare the energy barriers along with the reaction 

coordinates (RC). Here, RC was measured based on the COM distance between the 

GLA-domain and EPCR (Figure 2-6).    
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Figure 2-6.  The conformational changes of EPCR-GLA domain for FVIIaWT system in 

presence of PCh-containing lipid within EPCR groove at center-of-mass 

(COM) distance of 32 Å, 34 Å, and 36 Å, obtained from the ABF simulation 

trajectories. For the calculation of free energies, COM-separation distances 

between the GLA domain and EPCR were chosen as the reaction 

coordinates. Antigenic PCh-containing lipid within the EPCR groove is 

represented by brown licorice color.  

As provided in Table 2-3, we found that each of the systems is associated with 

single energy minima (depth of the well). An interesting trend observed in the PMF 

calculation is that binding happens to be near -39.57 ±0.3 kcal/mol for wild-type FVIIa 

GLA-domain/EPCR system around RC=32 Å (Figure 2-5a). The decrease in the PMF 

suggests the strength of interaction of the GLA domain with EPCR is higher. This can 

be understood through the formation of a stable complex at the given RC, as similar to 

the experimental binding affinity. On the other hand, an increase in the PMF also 

indicates the instability of the complex system. 
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Table 2-3.  The average potential of mean force with standard error is associated 

with the EPCR-GLA domain complexes system. 

System PMF (kcal/mol) 

Mutation based on mouse FVIIa system 

FVIIaWT -39.57±0.3 

FVIIaF4L -21.35±0.4 

FVIIaR9W -30.54±0.6 

FVIIaF4L;R9W -11.97±0.2 

Mutation based on human FXa system 

FXaWT -17.79±0.1 

FVIIaL8M -28.64±0.1 

FVIIaR9K -21.82±0.1 

FVIIaL8M;R9K -20.04±0.2 

 

Due to the mutation at the residue, position 4th (FVIIaF4L), PMF dramatically 

increases to a value -21.35±0.4 kcal/mol, which suggests that protein-ligand interaction 

is weaker for EPCR and GLA domain for FVIIaF4L system. The differences in the 

minimum of PMF are also observed, i.e., -9.03 kcal/mol for the mutant system at 

position 9th (FVIIaR9W) when compared with the wild-type FVIIaWT system. However, 

the differences in the minimum of PMF are much more significant (-27.6 kcal/mol) for 

the double mutant system (FVIIaF4L; R9W) than that of the wild-type system. The PMF 

for the mutant system with respect to residue position 4th and 9th follows the order: 

FVIIaWT (-39.57 kcal/mol) < FVIIaR9W (-30.54 kcal/mol) < FVIIaF4L (-21.35 kcal/mol) 

< FVIIaF4L;R9W (-11.97 kcal/mol). Our results show that mutation at residue position 4th 

alters the interaction for EPCR and GLA-domain, however double mutation further 

impairs the complex formation.  

Mutations at positions 8th (L8M) and 9th (R9W) of the hFVIIa GLA-domain 

also show similar trends (Figure 2-5b). The magnitude of the binding energy of the 

FVIIaL8M system is similar to those found for FVIIaR9W. However, the mutation at 

position 9th (R9K) drastically alters the energy profile of the EPCR and GLA-domain 

system more than that of the wild-type system (FVIIaWT). Interestingly, we also found 

that the positions of minima are changing upon point mutation. A maximum difference 
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is observed between FVIIaWT and FVIIaR9K system and between FVIIaWT and FVIIaL8M; 

R9K The probable explanation for this change may be due to mutation in residue 

position somehow alters the global minima of the complex. 

We found that mutation at both residue positions 8th and 9th (FVIIaL8M; R9K) 

guides the energy profile of the whole system. The order of PMF for the given system 

is as follows: FVIIaWT (-39.57 kcal/mol) < FVIIaL8M (-28.64 kcal/mol) < FVIIaR9K (-

21.82 kcal/mol) < FVIIaL8M;R9K (-20.04 kcal/mol) < FXaWT (-17.79 kcal/mol). The 

alterations of the energy profile in the mutants compared with the wild-type system 

might have implications for complex formation, which may be due to the difference in 

the H-bonding profile. To check further, how the mutation might affect the free energy 

profile of the complex system, we explored the intermolecular interaction between 

EPCR and GLA-domain for all the systems.  

The binding profile of EPCR and GLA-domain of wild-type FVIIa, wild-type 

FXa, and all mutants were also examined using BindProfX. According to the data 

obtained from BindProfX (Table 2-4), it is observed that on mutating the wildtype 

FVIIa GLA-domain to mutant FVIIa at the position 4th, ΔΔG of FVIIaF4L is 1.34 

kcal/mol, which is much higher compared to the ΔΔG of FVIIaR9W, implicating that the 

total free energy binding affinity profile for FVIIaR9W is more feasible than that of the 

FVIIaF4L. Similarly, ΔΔG of FVIIaF4L; R9W is 1.46 kcal/mol, which is even higher 

compared to the ΔΔG of FVIIaF4L and FVIIaR9W. We suggest that the double mutation 

imparts a greater contribution toward a decrease in binding affinity, which is similar to 

the observed data from the PMF calculation. As shown in Table 2-4, it can be inferred 

that ΔΔG of FVIIaL8M; R9K is 1.77 kcal/mol which is greater compared to FVIIaL8M and  

FVIIaR9K,  indicating that the binding affinity profile for FVIIaL8M; R9K is less favorable. 

Based on PMF and BindProfX, we conclude that mutation at position 9th (FVIIaR9K) 

may play a significant role in affecting stability as well as causing the change in the 

binding affinity of EPCR and GLA-domain. 
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Table 2-4. Summary of the binding profile of all mutant systems (mouse FVIIa 

and human FXa-based) using BindProfX.   

Mutating residue Position ΔΔG (kcal/mol) 

Mutation based on mouse FVIIa 

F 4 L 4 1.34 

R 9 W 9 0.01 

F 4 L ; R 9W 4,9 1.46 

Mutation based on human Xa 

L 8 M 8 0.01 

R9K 9 1.75 

L8 M; R9K 8,9 1.77 

   

3.3 Evaluation of the interactions formed during MD simulations. 

The number of H-bond formations in the complex system explains the overall stability 

of the protein. Thus, H-bond analysis of the whole systems in both wild-type and all 

mutants were evaluated and compared. Intermolecular interactions (both H-bond and 

hydrophobic) were analyzed, which are formed with the side chain-side chain or side 

chain-main chain of GLA-domain and EPCR within a cutoff distance of 3.5 Å. To 

ascertain the binding strength, we evaluated the interaction occupancy (%) between 

FVIIa GLA-domain and EPCR for all the systems (Figure 2-7). H-bond segment of the 

GLA-domain (residues 1-50) mainly interacts with EPCR regions 87-154. The 

interaction between Arg87 (EPCR) and Gla25 (protein C GLA-domain) is reported in 

the crystal structure of protein C GLA-domain and EPCR (PDBID:1LQV). This 

interaction pair is also prominent for EPCR and wild-type FVIIa GLA-domain. 

However, there is a difference in occupancy level (%) for the interacting residue of 

EPCR and GLA-domain for other systems. Interestingly, we found that intermolecular 

H-bond forming tendency is much higher for the wild-type hFVIIa GLA-domain EPCR 

system compared to the mutant systems. It is evident from the plot that a newly 

interacting H-bond is visible between residues Gln150-side-NE2 (EPCR) and Gla7-

side-OE21 (FVIIa) for wild-type (Figure 2-7a). However, this interaction is weakly 

observed for the mutants FVIIaR9W-EPCR and FVIIaF4L; R9W-EPCR. It is noteworthy to 

mention that this interaction is negligibly observed in the mutant system FVIIaF4L-

EPCR. Also, it is very interesting to mention another interaction between Leu5:HN and 

Tyr154:OH, which is comparably higher in the wild-type FVIIa system than the 
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remaining ones. Other interacting residue pairs formed between GLA-domain and 

EPCR are Gln85-Leu8, and Tyr154-Asn2, and are prominently higher in the FVIIaWT 

system. A most important type of hydrophobic interaction between aromatic amino 

acids phenylalanine and tyrosine is observed between EPCR and FVIIaWT GLA-domain 

within a distance cutoff of 3-4.2 Å. Occupancy (%) between residues Phe4 (GLA-

domain) and Tyr154 (EPCR) is approx 28.47% for the wild-type system, which is 

significantly higher than FVIIaF4L (5.58%), FVIIaR9W (15.36%) and FVIIaF4L; R9W 

(7.60%), as shown by colored GLA-domain residues sphere (Figure 2-7b). As reported 

in the crystal structure of protein C GLA-domain and EPCR bounded with antigenic 

lipid, the omega-loop region of protein C appears to interact with phospholipid. 

Therefore, we have investigated the protein-lipid interaction for all the systems.  While 

analyzing the protein-lipid interaction, we found that lipid-dependent protein 

interaction is prominent in the wild-type FVIIa system, shown by the black arrow 

(Figure 2-7c). However, in the case of mutants, lipid-based interaction (between 

phosphatidylcholine and Phe4) gets hindered. We suggest that the numbers of the H-

bonds between the GLA-domain and EPCR appear to decrease when lipid-based 

protein interaction is not formed, hence impairing the stability of complex formation.  

In the FXa-based mutant system, Phe is located at position 4th; however, the 

stability of the whole system is less compared with the wild-type system. The probable 

answer for this fluctuation might be either due to a weaker interaction between GLA-

domain and EPCR, protein-lipid (intrinsic bound lipid), or both. To evaluate further, we 

check the interacting residue between EPCR and GLA-domain for the systems FXaWT, 

FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K. Based on Figure 2-7, it is clear that the 

occupancy of interacting residue between EPCR and FVIIa GLA-domain mutant is 

much lesser than in the FVIIaWT system. There is hardly any interaction between Gln85 

and Leu8 for FXaWT, FVIIaL8M, and FVIIaL8M; R9K. The relevant difference in 

occupancy exists for the residue-pair Gln150-Gla7, Gln85-Leu8, and Leu5-Tyr154 for 

the FVIIaWT system in comparison with other mutant systems. We found that 

occupancy for the interacting residue pair Tyr 154-Asn2 is significantly higher for 

wild-type FVIIa system over mutant system FVIIaR9K. However, the mutation at 

position 8th (FVIIaL8M) does not significantly alter the occupancy for this residue pair. 

Additionally, we analyzed the lipid-protein interactions for all the mutant systems 

(FVIIaL8M, FVIIaR9K, and FVIIaL8M; R9K) and surprisingly, we found that lipid-based 

interaction is either lost or significantly reduced for mutant FVIIaL8M, FVIIaR9K, and 

FVIIaL8M; R9K. In the case of the FXa system, we found that lipid-based protein 

interaction is completely lost. For further analysis, the same hydrophobic interaction 

between aromatic amino acids Phe and Tyr was measured as mentioned in the previous 
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section. Occupancy (%) for the interacting residues Phe4 and Tyr154 for the whole 

system was obtained from 143 ns simulation. We obtained the occupancy in the 

following order: FVIIaWT (28.47%) > FVIIaL8M (19.41%) > FVIIaR9K (14.93%) > 

FXaWT (14.07%) > FVIIaL8M;R9K (10.81%). As a whole, our data suggest that the wild-

type FVIIa system, in which phenylalanine rings closely pack in the interior of EPCR 

and interact with Tyr154 in the presence of PCh lipid molecule, is the determining 

factor for the complex formation.  

 

Figure 2-7. Occupancy of interacting residue-pair between EPCR and GLA-domain 

obtained from MD simulation. H-bond occupancy (%) plot between the 

residues of the GLA-domain and EPCR, calculated from 143 ns simulation time 

of (a) FVIIaWT, FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W, (b) FXaWT, FVIIaL8M, 

FVIIaR9K, and FVIIaL8M; R9K systems. (c) EPCR interacting residues of the 

GLA-domain are defined using a cut-off distance of 3.5 Å, and colored based 

on occupancy during the simulations are defined as follows: red for >70%, 

blue for 30-70%, green for 10-30%, and orange for <10%. 
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To find the non-bonded interaction energies (IE) for the residue pairs (between EPCR 

and GLA domain) gRINN (get Residue Interaction eNergies and Networks) tool was 

used (Figure 2-8). Mean IE among the selected residue pairs Gln85-Leu8, Try154-

Asn2, Phe/Leu4-Tyr154, Leu5-Tyr154, Arg87-Gla25, and Gln150-Gla7 for all the 

systems were calculated by taking MD trajectories for the last 40 ns of the total run. 

Based on Figure 2-6, we found that the FVIIaWT system has stronger interaction for the 

residue pairs Tyr154-Asn2, Arg87-Gla25, and Gln150-Gla7 with a value of mean IE of 

-11.89, -10.85, and -7.53 kcal/mol, respectively as compared to FVIIaF4L system as well 

as other mutants.  

 

Figure 2-8. Interaction energy (IE) calculation between the selected residue pair of GLA 

domain and EPCR, obtained from the occupancy plot. Mean IE (kcal/mol) 

for the residue pairs Gln85-Leu8, Try154-Asn2, Phe4/Leu4-Try154, Leu5-

Try154, Arg87-Gla25, and Gln150-Gla7 for all the systems (a) FVIIaWT, 

FVIIaF4L, FVIIaR9W, FVIIaF4L; R9W and (b) FXaWT, FVIIaL8M, FVIIaR9K, 

FVIIaL8M; R9K.  
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However, a substantial change in IE for the residue-pair Try154-Asn2 is also observed 

for the mutant system at the residue position 9th (FVIIaR9K) with a value of ~8.29 

kcal/mol, suggesting that mutations at the successive position 4th and 9th guide the 

interaction pattern within EPCR-GLA domain.   

We have further deciphered the residue-pair distance by measuring distance 

distribution among those residues to estimate the H-bond propensity throughout the 

simulation period (Figure 2-9). We selected two interacting residue pairs, Gln150:NE2-

Gla7:OE12 and Leu5:HN-Tyr154:OH to generate a distance distribution plot. As 

inferred from the plot, it is apparent that H-bonds formed for both the residue pair: 

Gln150-Gla7 and Leu5-Tyr154 contribute toward the extra-stability of the whole 

system. For the wild-type FVIIa system, we observed that the Gln150-Gla7 distance in 

the complex fluctuates in the range of 2.5-3.7 Å with a peak at 2.8 Å, indicating that 

binding between EPCR and GLA-domain is much higher (Figure 2-9a). In contrast, in 

the mutant FVIIaF4L system, the Gln150-Gla7 distance fluctuates maximum in the range 

6-8 Å with the main peak around 7 Å. The distance distribution for mutant systems 

FVIIaR9W and FVIIaF4L; R9W also have a similar pattern to that of the mutant FVIIaF4L 

system. In addition, a significant difference in distance distribution was observed for 

the residue-pair Gln150:NE2-Gla7:OE12 for FXaWT, FVIIaL8M, FVIIaR9K, and 

FVIIaL8M; R9K than that of wild-type FVIIa system (Figure 2-9b). The residue-pair 

distance for Leu5:HN-Tyr154: OH fluctuates between 2Å  and 4.7 Å with a peak at 3 

Å, suggesting that this interaction is also stronger for the FVIIaWT system. However, for 

all mutant systems (FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W), the distance fluctuates from 

3 to 7.2 Å (Figure 2-9c), clearly indicating that the strength of interaction between 

EPCR and FVIIa GLA-domain mutant is weaker. Based on these results, we suggest 

that mutation at the residue 4th (FVIIaF4L) drastically alters the strength of H-bond 

formation between EPCR and GLA-domain. Mutation at positions 4th and 9th (FVIIaF4L; 

R9W) of the GLA-domain also exhibits lower affinity to EPCR. It is also noted that 

Leu5:HN-Tyr154:OH distance for the FVIIaL8M system fluctuates maximum extent in 

the range 2.5-5 Å with the main peak around 4 Å; however, the distances for FXaWT, 

FVIIaR9K (single) and FVIIaL8M; R9K (double) fluctuate in the range 4-7 Å with a peak 

around 5-5.5 Å (Figure 2-9d). Thus, these results indicate that the H-bond forming 

tendency for the residue pair Leu5-Tyr154 for the mutant systems is in the following 
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order: FVIIaWT > FVIIaL8M > FXaWT > FVIIaR9K > FVIIaL8M; R9K. We conclude that the 

incorporation of lysine mutation at the 9th position of the GLA-domain seems to be the 

consequence of the weakening of the EPCR-FVIIa GLA-domain complex formation, 

which is in accordance with the observed PMF result.  

 

Figure 2-9.  Distance distribution of unique interacting residue-pair between 

Gln150:NE2-Gla7:OE12 for all systems. (a) FVIIaWT, FVIIaF4L, FVIIaR9W and 

FVIIaF4L;R9W, (b) FXaWT, FVIIaL8M, FVIIaR9K and FVIIaL8M;R9K. Distribution of 

unique interacting residue-pair between Leu5:HN-Tyr154:OH for systems (c) 

FVIIaWT, FVIIaF4L, FVIIaR9W and FVIIaF4L; R9W, and  (d) FXaWT, FVIIaL8M, 

FVIIaR9K, and FVIIaL8M; R9K. The distribution plot was prepared based on the 

last 60 ns simulation of the production run. 
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3.4 Solvent Accessible Surface Area  

Solvent accessible surface area (SASA) is used to predict the hydration of the 

hydrophobic core that is also associated with the protein-protein interaction. The lower 

in SASA indicates that the hydrophobic core is more buried and the binding association 

is stronger between receptor and ligand. To elucidate the SASA of the hydrophobic 

region at the position 4th, 8th, and 9th within FVIIa GLA-domain for all systems 

(FVIIaWT, FVIIaF4L, FVIIaR9W, and FVIIaF4L; R9W, FXaWT, FVIIaL8M, FVIIaR9K, and 

FVIIaL8M; R9K), SASA distribution was carried out for the last 60 ns trajectory period 

having 1.4 Å probe radius (Figure 2-10). In the case of the wild-type FVIIa system, 

SASA distribution for the residue position 4th is in the range 20-90 Å with a maximum 

peak around ~35 Å (Figure 2-10a), which indicates that Phe4 residue is more buried in 

the groove of EPCR. However, the distribution for the mutant systems FVIIaF4L and 

FVIIaF4L; R9W are in the range 40-90 Å with the maximum peak around ~60 Å, which 

suggests that mutations at the GLA-domain position 4th cause the hydrophobic core to 

be exposed more, leading to the loss of protein-lipid as well as protein-protein 

interactions. The SASA for the FVIIaL8M, on the other hand, is relatively similar to that 

of wild-type FVIIa. From the graph, we found that FXaWT, FVIIaL8M, FVIIaR9K, and 

FVIIaL8M; R9K system have increased in SASA distribution compared to wild-type 

FVIIa. These observations are in agreement with the protein-protein interaction profile, 

where mutation causes the destabilization of the hydrophobic region of the GLA-

domain, causing an interruption in the hydrophobic interactions among nonpolar 

residues.  

SASA distributions at position 8th also have similar trends with that of mutation 

at position 4th (Figure 2-10b). The distribution peak for the systems is in the following 

order: FVIIaWT < FVIIaR9W < FVIIaF4L; R9W < FVIIaF4L. The distribution curve upon 

L8M mutation is in the range of 40-90 Å, as demonstrated by the smaller peak value 

compared to that of the wild-type. It is evident from the plot that SASA distribution for 

the mutant systems FVIIaR9K and FVIIaL8M; R9K is also higher, which suggests that the 

hydrophobic region becomes more accessible to the aqueous environment. SASA 
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distribution curves for the GLA-domain at residue position 9th also show similar trends 

as observed for the SASA distribution for the residue positions 4th and 9th. As position 

9th of the GLA-domain is not directly associated with the protein and lipid-mediated 

interaction,18  however, we found a significant difference in the SASA distribution plot 

among wild-type FVIIa, wild-type FXa, and all mutants. In the case of the wild-type 

system, the hydrophobic region at position 9th is more protected from the external 

environment, which ultimately leads to a decrease in SASA distribution. In the case of 

mutant systems FVIIaF4L and FVIIaR9W, however, there is a sharp increase in SASA 

distribution range from 130-200 Å (Figure 2-10c). In the case of double mutation 

systems FVIIaF4L; R9W and FVIIaL8M; R9K, there is a decrease in SASA peak compared to 

wild-type system FVIIa. We found a similar pattern of the plot for wild-type FXa, 

FVIIaL8M, and FVIIaR9K systems. Only the difference among them is the relative peak 

of SASA distribution. The probable explanation for this change might be due to the 

weaker interaction between receptor (EPCR) and ligand (GLA-domain). Mutations at 

both positions 4th and 8th drastically change the interaction pattern between EPCR and 

GLA-domain, which in turn also affects the SASA distribution at position 9th. 
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Figure 2-10. Schematic representation of the solvent-accessible surface area (SASA).                  

(a) Distribution of SASA of position 4 for systems FVIIaWT (orange), FVIIaF4L 

(dark blue), FVIIaR9W (green) and FVIIaF4L;R9W (purple),FXaWT (black), 

FVIIaL8M(gray), FVIIaR9K (light blue) and FVIIaL8M;R9K (brown). (b) 

Distribution of SASA of position 8 for systems FVIIaWT (orange), FVIIaF4L 

(dark blue), FVIIaR9W (green) and FVIIaF4L;R9W (purple),FXaWT (black), 

FVIIaL8M(gray), FVIIaR9K (light blue) and FVIIaL8M;R9K (brown). (c) 

Distribution of SASA of position 9 for systems FVIIaWT (orange), FVIIaF4L 

(dark blue), FVIIaR9W (green) and FVIIaF4L;R9W (purple),FXaWT (black), 

FVIIaL8M(gray), FVIIaR9K (light blue) and FVIIaL8M;R9K (brown). The 

distribution plot was prepared based on the last 60 ns simulation of the 

production run. 
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4. Conclusions 

Briefly, we attempted to envisage the probable reason for the difference in binding 

affinity of wild-type hFVIIa and hFXa with hEPCR using molecular dynamics 

simulation and performing free energy calculations. On calculating the average RMSD 

and RMSF of the GLA-domain, we found that the mutations induce significant 

conformational alterations in the complex. We suggest that the interacting residue pairs: 

Leu5 (FVIIa)-Tyr154 (EPCR) and Gla7 (FVIIa)-Gln150 (EPCR) are more prominent in 

the wild-type FVIIa system and hence may play an important role in imparting higher 

stability to the complex. On evaluating the protein-lipid interaction, we observe that 

lipid-dependent protein interaction (between PCh and Phe4) is also enhanced only in 

wild-type FVIIa system, however in the case of mutants; lipid-based interaction gets 

hampered. Based on the SASA distribution plot, it can be deduced that when lipid-

based protein interaction and protein-protein interaction are absent or weaker, the 

stability of complex formation is altered. Based on PMF, BindProfX, and interaction 

energy analyses, we found that mutation at position 9th (FVIIaR9K) based on FXa plays 

a relevant role in affecting the stability of the whole complex by significantly altering 

the binding affinity between EPCR and GLA domain and thereby somehow emphasizes 

the stability of the whole complex. Murine FVIIa contains Try at the 9th position; 

however, the possible causative effect for the weaker binding affinity may be the spatial 

position of two or more residues, which in turn induces conformational changes, hence 

regulating FVIIa binding to the EPCR. We believe that our results provide in silico 

evidence for understanding the structure-function relationship of the protein complex 

on mutating the key residues.  
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Chapter 3 

A molecular dynamics simulation study to elucidate the effect 

of Cholesterol and Tissue Factor Palmitoylation on TF-FVIIa-

FXa ternary complex in different lipid environments. 

1. Introduction  

Tissue factor (TF), a transmembrane glycoprotein, primarily initiates coagulation in 

both physiological and pathological conditions and plays a pertinent role in maintaining 

homeostasis, thrombosis, and vascular development [1]. Tissue factor is normally 

expressed on the surface of all non-vascular cells constitutively. Once there is an injury 

to the blood vessel, the endothelial layer disrupts, and TF is exposed to intravascular 

allosteric coagulation Factor VIIa (FVIIa) and forms a binary TF‐FVIIa complex. 

Thereafter coagulation cascade gets triggered by inducing sequential activation of 

clotting proteins Factor IX and Factor X into factor IXa and FXa, respectively. This 

eventually causes thrombin burst, thus leading to the formation of clots followed by the 

generation of insoluble fibrin meshwork from soluble fibrinogen [2]. 

Previous studies have put forward the proposition that TF contributes 

significantly to balancing of initiation and propagation of thrombus on the rupture of 

atherosclerotic plaque. It has been found that the agglomeration and activity of TF are 

more in the lesions collected from patients with unstable angina, myocardial infarction, 

and other acute coronary events [3]. Various studies confirm the presence of 

cholesterol/ oxidatively modified low-density lipoprotein (LDL) in atherosclerotic 

plaques and are considered to confer importantly to atherogenesis. Many studies were 

conducted to investigate the effect of cholesterol on TF expression [4]. Cholesterol 

consists of four hydrocarbon steroid rings placed in between the hydroxyl group and 

the hydrocarbon chain. Though mostly hydrophobic, the presence of the hydroxyl 

group imparts an amphiphilic property to the compound, characteristic of the lipid 

components of cellular membranes. Studies show that cholesterol can strongly 

influence the affinity state, binding capacity, and signal transduction property of 

membrane receptors by highly specific molecular interactions or by changing 
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membrane fluidity [5]. Membrane cholesterol modulates the flexibility and mechanical 

stability of the membrane and contributes to the regulation of various cellular processes 

such as endocytosis, and intracellular trafficking of receptors. Cholesterol also imparts 

a role in the differentiation and maintenance of cell surface microdomains of varying 

lipid composition, predominantly consisting of sphingolipid rafts. It is reported that 

Cholesterol and sphingolipid-rich rafts associate with caveolin, a structural protein, to 

form caveolae, which are present in the plasma membrane of many cell types, including 

smooth muscle cells and endothelial cells. These caveolae are flask-shaped 

invaginations that are 50-nm to 100-nm in diameter and their structural integrity is 

largely dependent on cholesterol. Upon removal of cholesterol, the structure of the 

caveolae gets drastically altered [6]. Recent studies suggest the linkage of TF with 

caveolae in smooth muscle cells and it is postulated that once the integrity of the vessel 

wall is lost, caveolae-associated TF is rapidly activated thus functioning as a latent pool 

of procoagulant activity [7]. Few studies highlighted that TF redistributes into caveolae 

following a sequence of events, that include TF binding to VIIa, generation of FXa, and 

subsequent formation of a transient ternary complex of TF-VIIa with FXa and 

consequent translocation and assembly with TFPI (tissue factor pathway inhibitor) in 

glycosphingolipid-rich microdomains. This provides evidence for the significance of 

caveolae in the control of cell surface proteolytic activity of TF. Previous studies also 

reveal that Caveolae/lipid rafts contribute to promoting protein-protein and protein-

lipid interactions. It is also demonstrated that lipid rafts/caveolae‐associated TF 

represents the encrypted form, and when such structures are disintegrated, TF can be 

activated rapidly [8]. Several groups of studies have shown that when 

monocytes/macrophages are exposed to modified LDL cholesterol, TF expression was 

induced [9-14]. However, few studies are inconsistent with these findings on the effect 

of cholesterol on TF expression [15-18]. In one such study, it is reported that as a result 

of treating HEK293 cells with methyl β‐cyclodextrin (mßCD), lipid rafts get disrupted, 

which causes subsequent removal of cholesterol from the membrane, followed by an 

increase in TF activity at the cell surface [19]. Howbeit, while investigating how 

cholesterol plays a part in the control of TF receptor function in fibroblasts and cancer 

cells, it was found that depletion of membrane cholesterol by using methyl-β- 

cyclodextrin weakens the functional activity of TF by reducing its affinity to FVIIa and 
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subsequent activation of FX [20,21]. Moreover, these studies have proposed that the 

reduced cholesterol content at the cell surface accounts for lowered TF activity in 

cholesterol-depleted cells, and not because of the disruption of caveolar structure, thus 

implying the role of cholesterol in modulating TF affinity to FVIIa. Accordant with this 

finding, dietary lipid-lowering was found to reduce TF expression in rabbit atheroma 

[22]. Recently, to explore the coagulation-inducing potential of cholesterol crystals 

(CC), a detailed study was performed in lepirudin-based human whole blood and 

plasma models. Their findings signify the role of CC in thrombosis following plaque 

rupture and activating coagulation through thrombo-inflammation. 

In our present study, we have tried to characterize the dynamics and interactions 

of Cholesterol with the TF-FVIIa-FXa Ternary complex using the molecular dynamics 

(MD) simulation approach. The present study may throw light on the contradictory 

experimental results and help in unveiling the underlying molecular mechanism of how 

cholesterol affects structural modulations on the TF-FVIIa-FXa Ternary complex. MD 

simulations permit membrane protein structures to be re-embedded into lipid bilayers in 

silico so that they can provide valuable insights into the prediction and identification of 

protein-lipid interactions thus augmenting advances in understanding the structural 

modulation and function of such proteins [23].  

Our study also attempts to assess the effect of Palmitoylation on protein-lipid 

interactivity in presence of cholesterol. Palmitoylation is a reversible post-translational 

modification that can dynamically regulate protein structure and function and thereby 

influencing membrane binding and targeting. Palmitoylation consists of the attachment 

of the fatty acid palmitate to the cysteine residues often located near the transmembrane 

region of the protein via a thioester bond. Aberrant palmitoylation is related to various 

diseases including neurological disorders like Huntington’s disease, Parkinson’s 

disease, Alzheimer’s disease, metabolic disorders, and Cancer [24-26]. Recent studies 

report that palmitoylation facilitates both protein-protein and protein-lipid interactions, 

and does influence the structure and function of membrane proteins by targeting them 

to cholesterol and sphingolipid‐rich microdomains and caveolae [27-29]. One previous 

study suggests that palmitoylation may modulate TF procoagulant activity by 

regulating TF cytoplasmic domain phosphorylation and maintaining TF in a monomeric 
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form [30-31]. However, in a recent study, it is reported that the increase in the 

procoagulant activity is initiated by depalmitoylation and appears to be independent of 

TF phosphorylation [ 32]. It is important to consider that the association between TF 

palmitoylation and the aforementioned contributory factors remains unclear [33]. 

Therefore, computational investigation using the MD simulation approach may provide 

some clues to understanding the influence of TF palmitoylation on the structure and 

dynamics of the TF-FVIIa-FXa Ternary complex. 

2. Methodology 

2.1 System Set up:  

We have built two mixed lipid bilayer systems, one having a composition of 1-

palmitoyl-2-oleoyl-sn-glycero-3-phosphatidylcholine (POPC) and 1-palmitoyl-2-

oleoyl-sn-glycero-3-PhospatidylSerine (POPS) in 4:1 ratio and the other having POPC, 

POPS, and Cholesterol (CHL) in 3:1:1 ratio. These rectangular lipid bilayer models 

containing a total of 200 lipids (100 per leaflet) are created using the CHARMM-GUI 

membrane builder server [34]. During membrane construction, the system charge was 

neutralized by randomly placing Na+ and Cl− ions in the bulk water. Both the systems 

are subjected to equilibration using consecutive CHARMM input files in the NPT 

ensemble (constant pressure and temperature) for 8−10 ns. We found that the POPC: 

POPS lipid bilayer is equilibrated with an average area per lipid bilayer of ∼61 Å2 and 

a bilayer thickness of 40 Å at the end of the simulation. We also found POPC: POPS: 

CHL lipid bilayer system is equilibrated with an average area per lipid bilayer of ∼51 

Å2 and a bilayer thickness of 44 Å at the end of the simulation. This observation is in 

line with previous studies as the presence of cholesterol in lipid bilayers is known to 

cause a decrease in the area per lipid [35]. It is known that the lipid membrane behaves 

as an incompressible fluid, as a result when the area per lipid decreases, it causes the 

bilayer thickness to increase [36]. The last membrane coordinates were used for 

modeling membrane-bound TF-FVIIA-FXa (TERNARY COMPLEX). Detailed system 

size and the simulation description of all systems are provided in Table 3-1. 
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Table 3-1: Details of system size and the simulation description of all systems. 

System TF-FVIIa-FXa 

TernaryComplex 

in POPC: POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex in 

POPC: POPS: CHL 

(CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC: 

POPS: CHL (CYSP) 

Lipid Composition 160 (POPC): 40 

(POPS) 

(100 in upper 

leaflet, 100 in 

lower leaflet) 

(Initial composition 

from CHARMM 

membrane builder) 

120 (POPC): 40 

(POPS): 40(CHL) 

(100 in the upper 

leaflet, 100 in the 

lower leaflet) (Initial 

composition from 

CHARMM 

membrane builder) 

120 (POPC): 40 

(POPS): 40(CHL) 

(100 in the upper 

leaflet, 100 in the 

lower leaflet) (Initial 

composition from 

CHARMM membrane 

builder) 

Initial box size (Å3) 123 (x) x 123 (y) x 

123 (z) = 

1860867 Å3 

150 (x) x 150 (y) x 

200 (z) = 

4500000 Å3 

150 (x) x 150 (y) x 

200 (z) = 

4500000 Å3 

Number of Ca2+ 

ions 

16 (9 bound + 7 

additional ions) 

16 (9 bound + 7 

additional ions) 

16 (9 bound + 7 

additional ions) 

Number of Cl- ions 17 (1 bound + 16 

additional ions) 

17(1 bound + 16 

additional ions) 

17 (1 bound + 16 

additional ions) 

Water model TIP3P TIP3P TIP3P 

Number of water 

molecules 

65972 63775 63716 

Number of total 

atoms 

266427 253292 253166 

Integration time 

step size 

2fs 2fs 2fs 

Simulation time for 

production run in 

NPT/NPnTA 

ensemble 

200ns 200ns 200ns 
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2.2 Modeling of protein target—TF-FVIIa-FXa (TERNARY COMPLEX) 

The starting coordinates of the sTF-FVIIa complex with 7Ca 2+ ions and Cl - ion were 

extracted from the X-ray crystal structure (PDB code: 1dan), followed by the removal 

of the co-crystallized inhibitor [37]. Deriving knowledge from correlated residues from 

another crystal structure of FVIIa (PDB code: 1qfk), the missing C-terminal residues, 

143-144 of FVIIa (light chain) were modeled [38]. Template segment (97-104) of chain 

L from FXa (PDB code: 2h9e) was used to model remaining absent residues, 145-152 

[39]. To model the full-length TF (residue, 1-263), the X-ray crystal structure of sTF 

(PDB code: 1boy) was used to model the initial coordinates [40]. In the beginning, the 

two missing residues, Ser1 and Gly2 of TF were modeled on knowledge derived from 

the template structure of sTF (PDB code: 2hft) and were connected with the crystal 

structure of sTF (PDB code: 1boy) having residues 3-213. The transmembrane region 

of TF from Ile223-Leu242 was built as described by Lee et al [41-42].  Building on a 

clue from the similarity search (having the highest protein BLAST score) the 

connective loop region(residues 214-222) was constructed using the template chain A 

(residues 199-207) of carbonic anhydrase 2 (PDB code: 2w3n) [43,44]. For building the 

binary complex model, we have considered similar criteria as mentioned by Lee et 

al.Firstly, alignment of the equilibrated membrane was done with the z-axis. Secondly, 

insertion of  TF-FVIIa complex into the phospholipid bilayer in a manner such that 

hydrophobic residues of the GLA domain ω-loop are put into the interstitial region of 

the phospholipid bilayer. Thirdly, penetration of the transmembrane helix into the 

membrane lipid. Accelrys Discovery Studio software was used to join the connective 

loop region (214-222) to the TF with the transmembrane part (TM) along with the 

visual examination. We measured the CT (catalytic triad)distance of the FVIIa modeled 

structure and found it to be around ~78-80 Å from the head group of membrane lipid. 

Finally, the cytoplasmic tail region (245-263) of TF was extracted from the NMR 

structure of the cytoplasmic part of TF (PDB code:2ceh) [45]. PyMol software was 

used to construct the coordinates of the two missing residues (243-244)and to join them 

to the N-terminal region of the cytoplasmic part. Thereafter, the TM portion was joined 

with manual adjustment of the orientation of side chains of connected residues. After 
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minimization and equilibration of TF-FVIIa binary complex, we have modeled ternary 

complex TF-FVIIa-FX by superposition of putative ternary complex sTF-FVIIa-FX. 

The putative sTF-FVIIa-FXa ternary complex was taken from MD refined structure 

(PDB code: 1NL8) for initial model building [46]. To generate membrane-bound full-

length TF-FVIIa-FX ternary complex, the coordinates of FXa along with bounded 

calcium ions from the ternary complex (TF-FVIIa-FXa) were taken after the 

superposition with equilibrated membrane-bound full-length TF-FVIIa complex 

structure. Missing residues of the FX-light chain having numbering Val144-Glu172 

were modeled from the mouse HP1 (M31), (PDB code: 1DZ1, chain A, residues 21-49) 

as a template based on a 45% similarity search in protein BLAST [47]. For modeling, 

the missing residues (Asn173-Thr193), and the X-Ray crystallographic structure APA 

protein (PDB code: 3DMQ, chain A, residues 721-741) were used as templates [48]. 

The linker region (Arg140-Ser143) was joined with Arg139 of FX (light chain) and 

linked with the N-terminus of Val144. Discovery studio was used to join the missing 

residues (173-193) with the C-terminus of Glu172 along with the visual examination 

and manual adjustment of the side chains of the residues.  

Previous studies reported the acylation of cysteine (residue number 245) in the 

cytoplasmic region of TF by both palmitic acid and stearic acid [49]. So, we have 

modified the CYS residue of TF at position 245 to CYSP (palmitoylated) using the 

“Add lipid tail option” in the PDB Manipulation section available in CHARMM GUI 

Server. Finally, three membrane-bound modeled structures were built and were 

subjected to MD simulation to generate the all-atom solvent-equilibrated model. These 

three systems are : a) TF-FVIIa-FXa Ternary Complex in POPC:POPS (CONTROL) b) 

TF-FVIIa-FXa Ternary Complex in POPC:POPS:CHL(CHOL) c) PalmitoylatedTF-

FVIIa-FXa Ternary Complex in POPC:POPS:CHL (CYSP) (Figure 3-1). 
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Figure 3-1.  3D representation of (A)TF-FVIIa-FXa Ternary Complex in POPC: POPS 

(CONTROL), (B)TF-FVIIa-FXa Ternary Complex in POPC: POPS: CHL 

(CHOL), and (C)Palmitoylated TF-FVIIa-FXa Ternary Complex in POPC: 

POPS: CHL (CYSP) used in the present study. Tissue Factor, Factor 

VII(chain),  Factor VII(chain), Factor X (chain A), and Factor X (chain B),  

are shown in the ribbon representation. FVIIa-bound and FX-bound Ca2+ 

ions in the GLA domain are represented as black spheres. The tissue Factor 

is shown by a light yellow color ribbon representation.  The light chain of 

FVIIa (chain L), is represented as a green color ribbon. The heavy chain of 

FVII (chain H)  is shown by the mauve color ribbon representation. Factor X 

(chain A), is shown as a dark yellow color ribbon representation. Factor X 

(chain B) is represented as a red color ribbon. In the bottom panel, 

phospholipid bilayer is shown in lines representation wherein POPC is shown 

as purple color lines, POPS shown as ice blue color lines, and CHOL in blue 

color lines. In the bottom middle panel of (C), CYSP  is represented by a 

VDW sphere in brown color. 
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2.3 MD simulation setup protocol: 

Atomistic simulations were performed using the NAMD-2.9 dynamics software 

package with CHARMM36 force field Parameter [50-52]. Topology and parameter 

files for Gla residue (γ-carboxyglutamate residue, post-translational modified groups) 

of FVIIa were constructed by adoption from similar chemical groups present in 

topology and parameter files. Thereafter, Protein Structure File (PSF) was generated 

using the Psfgen package tool of VMD for all three systems [53]. The systems were 

solvated using the TIP3P water model in a periodic box having a dimension of 

128x128x194 Å3 with a spacing of at least 12 Å from any given atom [54]. The total 

number of water molecules was 65,972.  12 Cl- ions and 7 Ca2+ were added by 

replacing water molecules randomly to achieve the desired 5mM CaCl2 concentration 

using AUTOIONIZE module in the VMD. The temperature of all the systems was kept 

constant at 310 K using the damping coefficient (γ) of 1ps-1by Langevin dynamics. The 

Particle Mesh Ewald (PME) method was used to calculate long-range electrostatic 

interactions without truncation [55]. The direct non-bonded potential cut-off was set to 

12 Å with a 2 Å pair-list distance cut off and a 1-4 scaling factor was used for all three 

systems. The pressure was kept constant at 1 atm by using the Langevin pistonNosé-

Hoovermethod using the periodic boundary conditions [56,57]. Before structural 

equilibration, the model complexes were subjected to several cycles of energy 

minimization and relaxation to eliminate the bad contacts (steric clashes) present during 

the model building of the complex. This was employed to ensure the simulation 

systems are stable and free. In the first step, dynamics were performed on all lipid 

molecules, water molecules, and counterions for 0.5 ns simulation with a 1fs time 

interval using a short “constant pressure and Temperature” (NPT ensemble)for packing 

of lipid and against the modeled protein and the counterions to relax their positions; 

while the modeled protein was kept fixed. In this condition, the energy of the system 

was minimized using the conjugate gradient method for 40,000 steps to remove steric 

clashes. In the second step, for a period of 2 ns with 2 fs timestep, short equilibration 

was done using NPT with protein constrained, in which the SHAKE algorithm was 
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applied for hydrogen atoms [58]. Constraining of protein atoms was done with a small 

harmonic potential (spring constant of 1.0 kcal/mol/Å2). In successive cycles, the whole 

system was switched to NPnAT ensemble (constant membrane-normal pressure, Pn, 

temperature, and membrane area) and simulation was performed without any constraint 

on the proteins with a 2fs time interval for 200 ns production run.  

3. Results and Discussion 

To understand the conformational dynamics of TF-FVIIa-FXa Ternary Complex in 

presence of cholesterol and also to explore the effect of Tissue Factor palmitoylation on 

the TF-FVIIa-FXa Ternary Complex, we had set up three systems: a) TF-FVIIa-FXa 

Ternary Complex in POPC: POPS (CONTROL) b) TF-FVIIa-FXa Ternary Complex in 

POPC: POPS: CHL (CHOL) c) PalmitoylatedTF-FVIIa-FXa Ternary Complex in 

POPC: POPS: CHL (CYSP) as shown in (Figure 3-1). Thereafter, we have subjected all 

these systems individually to MD simulation for 200ns. 

3.1 Protein Dynamics Study 

Structurally, FVIIa comprises four domains: GLA (gamma- carboxy glutamic acid-

rich) domain, Epidermal growth factor-like domains: EGF1 and EGF2, and Serine 

Protease (SP) domain. Crystal structure of binary complex revealed that FVIIa binds 

seven Ca2+ ions in the GLA-domain, one in the EGF1 domain, and one in the protease 

domain [59]. Based on folding pattern and conformation, the SP domain of FVIIa 

consists of two structural motifs, designated as A1E1 (residues 30-97) and A2F2 

(residues 134-228). A1E1 comprises the 60s and Ca2+ binding loop and the A2F2 

region is constituted of the 170s loop, activation loop 1, loop 2, and loop 3 [60]. To 

predict the stability of the system, root means square deviations (RMSDs) of various 

domains were calculated over time relative to the initial structure for each system. We 

observed that all the systems have attained equilibration and we computed average 

RMSDs for the key domains individually (Figure 3-2) (Table 3-2). We investigated Cα-

RMSDs for both FVIIa_60s Domain (A1E1) and FVIIa_170 Loop (A2F2) regions 

separately. The average deviation in region FVIIa_60s Domain (1.89 ± 0.11 Å) in 
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CONTROL was only slightly higher than found in CHOL(1.86 ± 0.12 Å) and CYSP 

(1.84 ± 0.08Å). Similar differences in average RMSDs were observed in the FVIIa_170 

Loop among CONTROL (2.77 ± 0.37 Å), CHOL (2.60 ± 0.24 Å), and CYSP (2.44 ± 

0.19 Å). 

The previous report suggests that when TF is bound to FVIIa, the interaction of 

the GLA(gamma-carboxy glutamic acid-rich)   domain of  FVIIa with the lipid 

membrane is increased thus enhancing the catalytic activity of FVIIa and giving rise to 

stronger membrane anchoring ability. So, we investigated Cα-RMSDs for the FVIIa 

GLA domain and thereafter obtained similar variations.ie (2.71 ± 0.38 Å) in 

CONTROL, (2.42 ± 0.35 Å) in CHOL, and (2.41 ± 0.33 Å) in CYSP.The light chain of 

FVIIa contains two epidermal growth factor domains EGF1 and EGF2 comprising 

residues numbering from 47-83 and 87-128, respectively. We observed similar 

variations while investigating Cα-RMSDs for the FVIIa EGF1 domain i.e (2.17 ± 

0.76Å) in CONTROL, (1.87 ± 0.47Å) in CHOL, and (1.57 ± 0.23 Å) in CYSP and for 

FVIIa EGF2 domain i.e (2.51 ± 0.55Å) in CONTROL, (1.48 ± 0.44Å) in CHOL and 

(2.48 ± 0.40Å) in CYSP. Further, we found that the average RMSDs of SP domain in 

TF-FVIIa-FXaTernary Complex(CONTROL) in POPC: POPS ( 6.01 ± 1.59 Å ) is 

comparatively higher than in TF-FVIIa-FXa Ternary Complex(CHOL)  in 

POPC:POPS: CHL (5.31 ± 0.89 Å) and PalmitoylatedTF-FVIIa-FXa Ternary 

Complex(CYSP) in POPC:POPS: CHL( 4.62 ± 0.46 Å ) suggesting that the presence of 

Cholesterol does have an impact on the stability of the SP domain Next, we examined 

Cα-RMSDs for FXa GLA domain and observed variations i.e. (2.16 ± 0.26 Å) in 

CONTROL, (2.08 ± 0.21 Å) in CHOL and (2.01 ± 0.22 Å) in CYSP respectively. 

Similarly, we observed variations for the FXa SP domain i.e (1.81 ± 0.19 Å) in 

CONTROL, (1.80 ± 0.17 Å) in CHOL, and (1.81 ± 0.19Å) in CYSP respectively. 

Finally, we checked Cα-RMSDs for full Tissue Factor and we noted variations i.e. 

(3.16 ± 0.43 Å) in CONTROL, (3.14 ± 0.35 Å) in CHOL, and (3.04 ± 0.28 Å) in CYSP 

and for Tissue Factor Domain1 i.e (1.88 ± 0.16Å) in CONTROL, (1.78 ± 0.14Å) in 

CHOL and (1.69 ± 0.12Å) in CYSP. 
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To understand the overall residue-wise protein dynamics in the protein 

complex, the evaluation of root mean square fluctuations (RMSF) plays a very 

important role. Therefore, to check residue-wise stability we have calculated the root 

mean square fluctuations (RMSFs) for the last60 ns of the total simulation run (Figure 

3-3).  

As per recent studies, the FVIIa 60s domain and FVIIa_170 Loop might play a 

pertinent role in the process of allosteric modulation by forming a hinge-like structure 

that stabilizes the catalytic triad at an optimal position [61]. Therefore, we have 

computed RMSF for both the domains and we observed the residue-wise fluctuation in 

CHOL and CYSP is much lower than CONTROL (Figure 3-3A, 3-3B). A similar trend 

is observed in the RMSF profile of the FVIIa EGF1 domain comprising residues 47-83 

and the FVIIa EGF2 domain comprising residues 87-128 (Figure 3-3C, 3-3D). 

Likewise, the RMSF profile of the FVIIa GLA domain (residues 1-38), FVIIa SP 

domain(residues 16-269), and FXa GLA domain (residues 1-46) indicate greater 

stability and minimum fluctuation in CHOL and CYSP systems as compared to 

CONTROL. (Figure 3-3E, 3-3F, 3-3G). As per previous findings, residues 142-154 

(contact region) at the A2F2 region of the SP domain of FVIIa are responsible for 

substrate (FIX, FX) recognition and binding [59]. Greater fluctuation at these residues 

may lessen substrate recognition and retention capability. So, we also checked the 

RMSF profile of the same and found that CHOL and CYSP systems exhibit maximum 

stability than CONTROL (Figure 3-3H). Lastly, we also examined the RMSF profile of 

Tissue Factor comprising residues (1-219) and domain 1 of Tissue Factor comprising 

residues 157-167 responsible for efficient proteolytic activity of FVIIa and FXa and we 

obtained similar observations in the RMSF profile as earlier(Figure 3-3I, 3-3J). 

Our findings suggest that the presence of Cholesterol allosterically affects the 

structural integrity of the complex and the presence of Palmitoylation of the Tissue 

factor additionally influences the stability of the Ternary complex and membrane 

association which is also substantiated by the experimental studies as mentioned earlier. 
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Figure 3-2.  Root mean square deviations (RMSD) obtained from simulation of  TF-

FVIIa-FXa Ternary Complex in POPC: POPS (CONTROL), TF-FVIIa-FXa 

Ternary Complex in POPC: POPS: CHL (CHOL), and Palmitoylated TF-

FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CYSP) for total 200ns. 

(A) RMSD ofFVIIa_60s Domain (A1E1 region, Ca2+ binding loop, comprising 

residues 30-97) (B) RMSD of FVIIa_170 Loop (A2F2 region, TF binding 

domain, activation loop 1,2,3 comprising residues 134-228 ) (C) RMSD of  

FVIIa EGF1 Domain comprising residues 47-83 (D) RMSD of FVIIa EGF2 

Domain comprising residues 87-128 (E) RMSD of FVIIa GLA Domain 
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comprising residues 1-38 (F) RMSD of FVIIa SP Domain comprising 

residues 16-269 (G) RMSD of FXa GLA Domain 1-46 (H) RMSD of  A2F2 

region of SP domain responsible for binding to FX comprising residues 142-

154 (I) RMSD of Tissue Factor comprising residues 1-219 (J) RMSD of 

Domain 1 Tissue Factor comprising residues 157-167. 

Table 3-2:  Average Cα root mean square deviation (RMSDs) and standard 

deviation (SD) of various domains of TF-FVIIa-FXa Ternary 

Complex in POPC: POPS (CONTROL), TF-FVIIa-FXa Ternary 

Complex in POPC: POPS: CHL (CHOL), and Palmitoylated TF-

FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CYSP) 

Domain/Residues 

System 

TF-FVIIa-FXa 

TernaryComplex 

in POPC: POPS            

(CONTROL) 

Cα RMSDs (Å) 

Mean ± S.D. 

TF-FVIIaFXa 

Ternary Complex in 

POPC:POPS: CHL 

(CHOL) 

Cα RMSDs (Å) 

Mean ± S.D. 

PalmitoylatedTF- 

FVIIa-FXa Ternary     

Complex in 

POPC:POPS: CHL 

(CYSP) 

Cα RMSDs (Å) 

Mean ± S.D. 

FVIIa GLA domain 

(residues 1-38) 

2.71 ± 0.38 2.42  ±0.35 2.41  ±0.33 

EGF1 (residues 47-83) 2.17 ± 0.76 1.87 ± 0.47 1.57 ± 0.23 

EGF2 (residues 87-

128) 

2.51 ± 0.55 a. ± 0.44 2.48 ±  0.40 

A1E1 region (residues 

30-97) 

1.89 ± 0.11 1.86 ± 0.12 1.84 ± 0.08 

A2F2 region (residues 

134-228) 

2.77 ± 0.37 2.60 ± 0.24 2.44 ± 0.19 

FXa GLA domain 

(residues 1-46) 

2.16 ± 0.26 2.08 ± 0.21 2.01 ± 0.22 

FVIIa SP domain ( 

residues 1-13) 

6.01 ±  1.59 5.31 ± 0.89 4.62 ± 0.46 

FXa SP domain 

(residues 16-269) 

1.81 ± 0.19 1.80 ± 0.17 1.79 ±  0.23 

Tissue Factor  

(residues 1-219) 

3.16 ± 0.43 3.14 ± 0.35 3.04 ± 0.28 

Tissue Factor Domain 

1 (residues 157-167) 

1.88 ± 0.16 1.78 ± 0.14 1.69 ±  0.12 
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Figure 3-3.  Root mean square fluctuation (RMSF) obtained from simulation of  TF-

FVIIa-FXa Ternary Complex in POPC: POPS (CONTROL), TF-FVIIa-FXa 

Ternary Complex in POPC:POPS: CHL (CHOL), and Palmitoylated TF-
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FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CYSP) for the last 60 

ns of the total simulation run. (A) RMSF ofFVIIa_60s Domain (A1E1 region, 

Ca2+  binding loop, (residues 30-97) (B) RMSF of FVIIa_170 Loop (A2F2 

region, TF binding domain, activation loop 1,2,3 (residues 134-228 ) (C) 

RMSF of  FVIIa EGF1 Domain (residues 47-83) (D) RMSF of FVIIa EGF2 

Domain (residues 87-128) (E) RMSF of FVIIa GLA Domain  (residues 1-38) 

(F) RMSF of FVIIa SP Domain (residues 16-269) (G) RMSF of  FXa GLA 

Domain (residues 1-46) (H)RMSF of  A2F2 region of SP domain responsible 

for binding to FX (residues 142-154)(I) RMSF of Tissue Factor (residues1-

219) (J) RMSF of Domain 1 Tissue Factor (residues 157-167). 

3.2 Conformation analysis of complexes 

We have measured the angle (acute angle formed between domains 1 and 2) among 

Cα-atom of residues Thr86, Phe19, and Ser162 and plotted the distribution as 

mentioned previously to check the structural integrity of the complexes [62]. We have 

observed varying distribution patterns for all the systems.TF-FVIIa-FXaTernary 

Complex (CONTROL)showed wider angular fluctuation having a maximal population 

at ~127o, while TF-FVIIa-FXa Ternary Complex (CHOL) and PalmitoylatedTF-FVIIa-

FXa Ternary Complex (CYSP), showed narrow fluctuation having maxima at ~136o 

and ~133o respectively. [Figure 3-4(A-D)] Comparative wider angular fluctuation in 

TF-FVIIa-FXaTernary Complex (CONTROL)indicates lesser structural integrity of the 

subdomains of TF concerning TF-FVIIa-FXa Ternary Complex (CHOL) and 

PalmitoylatedTF-FVIIa-FXa Ternary Complex (CYSP). 

Previous studies demonstrated that residues 157-167 of TF are essential for 

efficient proteolytic activation of FVII and FX [63]. Therefore, we calculated SASA 

(Solvent accessible surface area) for the residues 157-167 of TF   with probe radius 1.4 

Å for the last 60 ns simulation time. SASA will help us to predict the hydration of the 

hydrophobic core that is also associated with the PPI (protein-protein interaction) 

indirectly portraying the 3D structure of the protein [64].  From our SASA analysis, it 

can be inferred that SASA distribution is higher (963 Å2) for CONTROL as compared 

to CHOL (707 Å2) and CYSP (645.32 Å2). (Figure 3-4E, 3-4F). The lower SASA 
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indicates that the hydrophobic core (157-167 region consists of hydrophobic residues) 

is more buried and the difference in SASA values indicates the presence of cholesterol 

and Tissue Factor palmitoylation strongly guides the 3D structure of the 157-167 region 

of TF. Additionally, we checked SASA distribution for the cytoplasmic tail part 

(residues 243-263) of the Tissue Factor which is known to be involved in the signaling 

function [65]. We found that SASA distribution is lower for (997.407 Å2) for CYSP 

and CHOL (1063.14 Å2) as compared to CONTROL (1194.52 Å2) which suggests that 

palmitoylation of CYS245 residue in the cytoplasmic tail of TF decreases the SASA 

values, enhances hydrophobicity of proteins thus indicating more buried structure with 

increased protein-protein interaction. 

Previous reports suggest that the GLA domain plays an essential role during 

protein-lipid interaction [66]. Hence, for quantifying the rigidity of the GLA domain 

and to predict the compactness of the protein structure, we calculated the radius of 

gyration (Rgyr) for GLA domains of both FVIIa and FXa. We found that the Rgyr of the 

GLA domain of FVIIa is much higher for  CONTROL( 0.44 ± 0.22 nm) than CHOL 

(0.33 ± 0.12 nm) and CYSP ( 0.28 ± 0.09 nm). A similar trend is observed in the 

Radius of gyration (Rgyr) for GLA domains of FXa i.e., Rgyr of GLA  domain of FXa is 

much higher for  CONTROL ( 0.29 ± 0.11 nm) than CHOL ( 0.19 ± 0.07 nm) and 

CYSP (0.09 ± 0.05 nm) (Figure 3-4 G-H). These observations suggest that the presence 

of cholesterol and Palmitoylation of the Tissue Factor contributes to the structural 

rigidity and compactness of the GLA domains of both FVIIa and FXa respectively. 
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Figure 3-4. Structural analysis of TF-FVIIa-FXa Ternary Complex in POPC: POPS 

(CONTROL), TF-FVIIa-FXa Ternary Complex in POPC:POPS: CHL 

(CHOL), and Palmitoylated TF-FVIIa-FXa Ternary Complex in 

POPC:POPS: CHL (CYSP). (A)Schematic representation of the Angle 

formed among Cα-atom of residues Thr86, Phe19, and Ser162 of TF in 

CONTROL (B) Schematic representation of the Angle formed among Cα-

atom of residues Thr86, Phe19, and Ser162 of TF in CHOL (C) Schematic 

representation of the Angle formed among Cα-atom of residues Thr86, Phe19 

and Ser162 of TF in CYSP(D) Angle distribution formed among Cα-atom of 

residues Thr86, Phe19 and Ser162 of TF in all the three systems, calculated 

from the last 40 ns of the simulation run. (E) Distribution of solvent 

accessible surface area (SASA) of residues 157-167 of chain P of TF for all 

the systems obtained from the last 40 ns simulation of the total run. (E) 

Distribution of solvent accessible surface area (SASA) of residues 243-263 of 

chain P of TF for all the systems obtained from the last 40 ns simulation of 

the total run. (G) The radius of gyration (Rgyr) of FVIIaGla-domain 

(residues 1-38) for all the systems obtained from the last 100 ns simulation of 

the total run. (H) The radius of gyration (Rgyr) of FXaGla-domain (residues 

1-46) for all the systems obtained from the last 100 ns simulation of the total 

run. 
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It has been recently shown, that active conformation or the catalytic activity of the SP 

domain of FVIIa can be envisaged by measuring distance among catalytic triad (CT) 

residues, in which positioning of CT in space should remain confined and localized to 

the specific region [67,68]. In this context, we have computed the CT distance 

distribution between residues Cβ/Ser195-Cβ/His57 and simultaneously Cβ/Asp102-

Cβ/His57 (Figure 3-5 A-D).  We found that distances among CT residues remain 

confined within ~5.5-6.8 Å for residues Cβ/Ser195-Cβ/His57 and ~6.5-10.8 Å for 

residues Cβ/Asp102- Cβ/His57 in the case of TF-FVIIa-FXa Ternary 

Complex(CHOL). For Palmitoylated TF-FVIIa-FXa Ternary Complex (CYSP) 

distances among CT residues remain confined within ~6-6.7 Å for residues Cβ/Ser195-

Cβ/His57 and ~7.5-10.4 Å for residues Cβ/Asp102- Cβ/His57 respectively.  However, 

for TF-FVIIa-FXaTernary Complex (CONTROL), the distances among CT residues 

remain distinctly scattered throughout the region specifically from ~5.5-7.5 Å and ~5-

11.8 Å for residues Cβ/Ser195-Cβ/His57 and Cβ/Asp102-Cβ/His57, respectively. Thus, 

the presence of cholesterol and palmitoylation may play a critical role in the alteration 

of FVIIa activity by maintaining optimal distances among catalytic triad (CT) residues 

and providing extra stability to the SP domain. 

Experimental FRET studies suggest that for exhibiting optimal enzymatic 

activity, proper positioning of substrate and enzyme is the most important criterion. 

Proteolytic cleavage by TF-FVIIa binary complex is an important phenomenon as it 

leads to the generation of activated FX (FXa), a key regulator in blood coagulation. To 

attain an optimal level of FX activation, FX needs to be properly aligned with the 

binary complex, which can only be achieved if the height of both binary complex and 

FX is compatible [69-70]. Therefore, we have computed the relative height plot 

between the O-atom of Arg139 (light chain of FXa) and the nearest P-atom of 

phospholipid (POPC or POPS) obtained from the simulation of all the ternary complex 

systems for total 200ns. In close agreement with previous reports we obtained the 

average heights for FVIIa-FXaTernary Complex (CONTROL), TF-FVIIa-FXa Ternary 

Complex(CHOL) and PalmitoylatedTF-FVIIa-FXa Ternary Complex (CYSP) are 81.79 

± 2.57 Å, 85.36 ± 2.17 Å and  88.508 ± 3.061442 respectively (Figure 3-5E). This 

indicates that the presence of cholesterol and palmitoylation has contributed to the 

positioning of active residue (Arg139) in a more upright, stable, and optimal 

conformation allowing for maximal substrate recognition and interaction.  
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Figure 3-5:  Insight into Catalytic triad (CT) dynamics in TF-FVIIa-FXa Ternary 

Complex in POPC: POPS(CONTROL), TF-FVIIa-FXa Ternary Complex in 

POPC:POPS: CHL (CHOL) and Palmitoylated TF-FVIIa-FXa Ternary 

Complex in POPC:POPS: CHL (CYSP) Scattered plot for CT (catalytic 

triad) residues between Cβ atom of Ser195-H57 and Cβ atom of Asp102-H57 

residues obtained from simulation of (A) TF-FVIIa-FXa Ternary Complex 

(CONTROL), (B)TF-FVIIa-FXa Ternary Complex (CHOL)and (C) 

Palmitoylated TF-FVIIa-FXa Ternary Complex(CYSP) (D) Superimposed 

scatter plot of all the three systems. The reference values for distance 

between Cβ atom (Asp 102) and Cβ atom (His 57) is 9 Å and between Cβ 

atom (Ser 195) and Cβ atom (His 57) is 6.5 Å respectively. The distance was 

measured and plotted in the interval of 20 ps for all the three systems for a 

total 100 ns simulation run. Each point represents the distance of CT residues 

among S195/Cβ-H57/Cβ and D102/Cβ-H57/Cβ. (H) Relative height plot 

between the O-atom of Arg139 (light chain of FXa) and the nearest P-atom of 
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phospholipid (POPC or POPS) was obtained from the simulation of the 

ternary complex for 200ns. The average height between residue Arg139 and 

the nearest P-atom of phospholipid is found to be 81.79 ± 2.57 Å, 85.36 ± 2.17 

Å, and  88.508± 3.061442 for CONTROL, CHOL, and CYSP respectively. 

3.3 Evaluation of the Interactions Formed during MD Simulations. 

The number of H-bond formations in the complex system also explains the overall 

stability of the protein. Thus, to predict the H-bond propensity throughout the 

simulation period, H-bond analysis was conducted, evaluated, and compared for all 

three systems: CONTROL, CHOL, and CYSP. Intermolecular interactions (both H-

bond and hydrophobic) were analyzed, which are formed with the side chain−side 

chain or side chain−main chain of the respective domains within a cutoff distance of 

3.5 Å. To ascertain the binding strength, we evaluated the interaction occupancy (%) 

between various key domains for all systems (Figure 3-6). During simulation of the 

interaction between Tissue Factor and EGF1 Domain of FVIIa, we found a significant 

difference in the occupancy (%) between the most predominant H-bond forming pairs: 

GLY78-ASP58, LYS20-GLY78, GLN110-GLN64, LYS20-CYS70, ARG79-GLU24, 

LYS48-GLU77, ARG79-GLU56, GLN64-GLU130, ARG135-CYS72, LYS62-

GLU130, LYS62-GLU128, and LEU65-GLN110 (Figure 3-6A). Many of these 

interactions are reported in the crystal structure of the sTF-FVIIa complex (PDB ID: 

1DAN). Interestingly, for each interaction, we found that the intermolecular H-bond 

forming tendency is much higher for the CHOL and CYSP systems as compared to 

CONTROL. While analyzing H-bond interactions between Tissue Factor and EGF2 

Domain of FVIIa, we found a noteworthy difference in the occupancy (%) between H-

bond forming pairs: LYS46-GLU94, SER47-GLU94, SER47-ASN93, and ASN93-

LYS48 (Figure 3-6B). It is evident from the plot that a newly interacting H-bond is 

visible between residues ASN93 (FVIIa) and LYS48 (TF) for CHOL and CYSP 

respectively (Figure 3-6B). However, it is worthy to mention that this interaction is 

absent in CONTROL throughout the simulation period.  To evaluate further, we 

checked the interacting residues between the EGF2 domain of FVIIa and the SP 

domain of FVIIa, and we noted H-bond forming pairs: ARG113-GLU128, TYR215-

CYS98, ARG216- GLU99, ARG134-ASP104, ARG113- GLU128, ARG216- GLU94 

to be consistent throughout the simulation period (Figure 3-6C). While investigating-

bond interactions between FVIIa and FXa, we observed that H-bond forming pair 

LYS20-GLU19 is present only in CHOL and CYSP systems. Notable H-bond 
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interactions include GLN135- ARG153, ARG178- ASP93, ARG178- ASP95, 

ARG178- ASP97, LYS10- GLA35, ARG153- GLN135 (Figure 3-6D). We also 

checked the occupancy (%) of the GLA domain of FVIIa and Lipid, and we noted 

significant H-bond forming pairs: ARG9-POPC43, ARG36-POPS21, ASN2-POPC64, 

POPC27-GLA14, POPC64-GLA7, ASN2-POPC64. It is important to mention here that 

the LEU5-CHL84 interaction pair is absent in CONTROL but present in CHOL and 

CYSP (Figure 3-6E). We further obtained H-bond forming pairs between the GLA 

domain of FVIIa and TF: ARG36- SER163, GLN110- SER43, SER162- ASP33, 

LYS18- GLU216, LYS18- GLU208, LYS165- GLA35, GLU216- GLA14, VAL207- 

SER43, SER161- ASP33 (Figure 3-6F). While computing the occupancy plot of the 

GLA domain of FXa and Lipid we found prominent H-bond forming pairs: LYS9- 

POPS88, POPC33- GLA32, LYS10- POPS21, LEU5- POPS124 in all three systems. It 

is interesting to note that H-bond forming pair ARG28-POPS21 is present in CHOL 

and CYSP systems only (Figure 3-6G). We also computed occupancy plots between 

TF-chain P and FVIIa-chain L for all the three systems and we reported H-bond 

forming pairs: GLY78-ASP58, ARG79-GLU24, LYS85-ASP61, ARG79-GLU56, 

LYS20-CYS70, GLN110-GLN64 (Figure 3-6H). Occupancy plot of GLA domain of 

FXa and TF reveals novel interaction i.e between ASN199 and CYS50 which is only 

present in CHOL and CYSP. Notable bond-forming pairs present in all the three 

systems include LYS201- ASP35, LYS166-GLA32, ARG200-ASP48, and ARG200-

GLU39. (Figure 3-6I). Similarly, while analyzing the Occupancy plot of TF and Lipid, 

we observed new interacting residue pairs.ie between TYR222 and CHL6 and between 

GLY251 and POPC201 present only in CHOL and CYSP (Figure 3-6J). Important H-

bond forming pairs present throughout the simulation period: CYS245-POPC224, 

LYS247-POPS247, ARG246-POPS230, LYS244-POPC263. Overall, the data from the 

occupancy plot suggests that the increased number of interactions between the various 

domains make CHOL and CYSP systems more structurally stable as compared to 

CONTROL. Comparative analysis of interacting residues for H-Bond formation with a 

cut-off distance of 3.5 Å has been performed for all the three systems and is provided in 

detail in Table 3-3. 
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Figure 3-6:  Detailed interaction profile (H-bond forming pairs)  between various 

domains ofTF-FVIIa-FXa Ternary Complex in POPC: POPS(CONTROL), 

TF-FVIIa-FXa Ternary Complex in POPC:POPS: CHL (CHOL) and 

Palmitoylated TF-FVIIa-FXa Ternary Complex in POPC:POPS: CHL 

(CYSP)calculated from the 200ns simulation period of all the three 

complexes. (A) H-bond occupancy (%) plot between the residues of EGF1 

Domain of FVIIa and TF (B) H-bond occupancy (%) plot between the 

residues of EGF2 Domain of FVIIa and TF  (C) H-bond occupancy (%) plot 

between the residues of EGF2 Domain of FVIIa and SP Domain of FVIIa (D) 

H-bond occupancy (%) plot between the residues of FVIIaand FXa(E) H-

bond occupancy (%) plot between the residues of FVIIaGLA domain and 

Lipid(F) H-bond occupancy (%) plot between the residues of GLA domain of 

FVIIa and TF (G) H-bond occupancy (%) plot between the residues of GLA 

domain of FXa and Lipid (H) H-bond occupancy (%) plot between the 
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residues of TF-chain P and FVIIa-chain L (I) H-bond occupancy (%) plot 

between the residues of TF and GLA domain of FXa(J) H-bond occupancy 

(%) plot between the residues of  TF and Lipid.  

Table 3-3:  Comparative analysis of interacting residues for H-Bond formation with a 

cut-off distance of 3.5 Å for all the three systems: TF in TF-FVIIa-

FXaTernary Complex (CONTROL), TF-FVIIa-FXa Ternary 

Complex(CHOL) and PalmitoylatedTF-FVIIa-FXa Ternary Complex 

(CYSP) obtained from MD simulation study. 

Domain/Residues 

Systems 

TF-FVIIa-FXa 

TernaryComplex 

in POPC:POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHL (CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC:POPS: 

CHL (CYSP) 

EGF1-TF ARG79-GLU56,  

GLY78-ASP58, 

GLN110-GLN64, 

LYS20-CYS70, 

LYS48-GLU77, 

LYS65-GLN110, 

GLN64-GLU130, 

ARG135-CYS72, 

LYS62-GLU130, 

LYS62-GLU128, 

ARG79-GLU24 

ARG79-GLU56, 

GLY78-ASP58, 

GLN110-GLN64, 

LYS20-CYS70, 

LYS48-GLU77, 

LYS65-GLN110, 

GLN64-GLU130, 

ARG135-CYS72, 

LYS62-GLU130, 

LYS62-GLU128, 

ARG79-GLU24. 

THR17-GLN64, 

PHE140-CYS72, 

PHE71-THR132, 

PHE71-ARG131 

ARG79-GLU56, 

GLY78-ASP58, 

GLN110-GLN64, 

LYS20-CYS70, 

LYS48-GLU77, 

LYS65-GLN110, 

GLN64-GLU130, 

ARG135-CYS72, 

LYS62-GLU130, 

LYS62-GLU128, 

ARG79-GLU24. 

THR17-GLN64, 

PHE140-CYS72, 

PHE71-THR132, 

PHE71-ARG131, 

ARG131-SER60, 

ALA75-ASP61 

EGF2-TF LYS46- GLU94, 

SER47-GLU94, 

SER47-ASN93, 

 

LYS46- GLU94, 

SER47-GLU94, 

SER47-ASN93, 

ASN93- LYS48, 

THR106-SER85, 

GLY107-TYR51 

LYS46- GLU94, 

SER47-GLU94, 

SER47-ASN93, 

ASN93- LYS48, 

THR106-SER85, 

GLY107-TYR51 

EGF2-SP TYR215- CYS98, 

ARG255- GLU116, 

ARG113- GLU128, 

THR218- TYR118, 

ARG216- GLU94, 

ARG255- GLU116, 

ARG216- GLU99, 

ARG134- ASP104, 

ASN95- THR135, 

TYR215- GLU94, 

ARG113- GLU128, 

ARG255- GLU116, 

TYR215-CYS98 

ASN95-THR135, 

ASN95-TYR215, 

THR135-ASN95, 

PRO127-TYR101, 

ARG216-GLU94, 

THR218-TYR118, 

ARG113-GLU128, 

ARG134-ASP104, 

ARG255-GLU116, 

TYR215-CYS98, 

ARG113-GLU128, 

ARG216-GLU99, 

ASN47-GLU116, 

ASN95-THR135, 

ASN95-TYR215, 

THR135-ASN95, 

PRO127-TYR101, 

ARG216-GLU94, 

THR218-TYR118, 

ARG113-GLU128, 

ARG134-ASP104, 

ARG255-GLU116, 

TYR215-CYS98, 

ARG113-GLU128, 

ARG216-GLU99, 

ASN47-GLU116, 
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Domain/Residues 

Systems 

TF-FVIIa-FXa 

TernaryComplex 

in POPC:POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHL (CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC:POPS: 

CHL (CYSP) 

THR130-ASP104, 

GLU128-TYR101, 

TYR215-CYS98 

THR130-ASP104, 

GLU128-TYR101, 

GLN100-THR218, 

ASN95-PHE131, 

TYR215-CYS98 

FVII-FX ALA155-GLU26, 

LYS10-ASP33, 

LYS10-GLA35, 

ARG153-GLU138, 

ARG153-GLU138, 

TYR163-LEU40, 

LYS23-GLU159, 

ARG153-GLU138, 

ARG178-ASP95, 

ARG28-GLA14, 

ARG153-GLN135, 

LYS20-GLU193, 

ASP189-SER77, 

LYS23-GLU159, 

LYS20-GLU162, 

LYS43-GLA35, 

ARG87-ARG194, 

LYS32-GLA14, 

LYS62-THR148 

 

ARG207- ALA232, 

ARG207-SER199, 

GLN135-ARG153, 

GLY18-GLU162, 

ALA155-GLU26, 

LYS191-GLU159, 

LYS138-SER199, 

ARG207-ALA232. 

ARG207-GLY198, 

GLN20-ALA155, 

GLN20-THR156, 

GLN137-GLY198, 

ARG178-ASP95, 

ARG178-ASP93, 

SER199-GLN137, 

HSE12-GLA29, 

ARG153-GLN135, 

ARG28-GLA14, 

LYS10-ASP33, 

LYS10-GLA35, 

GLN146-ASN36, 

ARG178-ASP97, 

HSE12-GLA29, 

ARG28-GLA14, 

LYS10-GLA35, 

LYS179-ASP95 

ARG207- ALA232, 

ARG207-SER199, 

GLN135-ARG153, 

GLY18-GLU162, 

ALA155-GLU26, 

LYS191-GLU159, 

LYS138-SER199, 

ARG207-ALA232. 

ARG207-GLY198, 

GLN20-ALA155, 

GLN20-THR156, 

GLN137-GLY198, 

ARG178-ASP95, 

ARG178-ASP93, 

SER199-GLN137, 

HSE12-GLA29, 

ARG153-GLN135, 

ARG28-GLA14, 

LYS10-ASP33, 

LYS10-GLA35, 

GLN146-ASN36, 

ARG178-ASP97, 

HSE12-GLA29, 

ARG28-GLA14, 

LYS10-GLA35, 

LYS179-ASP95 

FVIIaGLAdomain - 

Lipid 

ARG9-POPC43, 

POPS17-ALA34, 

POPS17-GLA35, 

POPS17-LYS32, 

LYS32-POPC16, 

LYS32-POPC35, 

POPS38-GLA29, 

PHE4-POPC67, 

LYS38-POPS17, 

ARG36-POPS17, 

ASN2-POPC64, 

LEU5-POPC73, 

THR37-POPS17, 

POPC27-GLA25, 

POPC27-ALA27, 

ARG9-POPC43, 

POPS17-ALA34, 

POPS17-GLA35, 

POPS17-LYS32, 

LYS32-POPC16, 

LYS32-POPC35, 

POPS38-GLA29, 

PHE4-POPC67, 

LYS38-POPS17, 

ARG36-POPS21, 

ASN2-POPC64, 

LEU5-POPC73, 

THR37-POPS17, 

POPC27-GLA25, 

POPC27-ALA27, 

ARG9-POPC43, 

POPS17-ALA34, 

POPS17-GLA35, 

POPS17-LYS32, 

LYS32-POPC16, 

LYS32-POPC35, 

POPS38-GLA29, 

PHE4-POPC67, 

LYS38-POPS17, 

ARG36-POPS21, 

ASN2-POPC64, 

LEU5-POPC73, 

THR37-POPS17, 

POPC27-GLA25, 

POPC27-ALA27, 
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Domain/Residues 

Systems 

TF-FVIIa-FXa 

TernaryComplex 

in POPC:POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHL (CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC:POPS: 

CHL (CYSP) 

ARG36-POPS21, 

GLA7-POPC73, 

THR37-POPS17, 

POPS38-ASP33, 

PHE4-POPC67, 

LYS32-POPS17, 

ASN2-POPC64, 

ILE30-POPC27, 

ALA34-POPS17, 

THR37-POPS17, 

LYS38-POPS17, 

POPC64-GLA7 

ARG36-POPS21, 

GLA7-POPC73, 

THR37-POPS17, 

POPS38-ASP33, 

PHE4-POPC67, 

LYS32-POPS17, 

ASN2-POPC64, 

ILE30-POPC27, 

ALA34-POPS17, 

THR37-POPS17, 

LYS38-POPS17, 

POPC64-GLA7, 

ARG9-CHL1223, 

ARG9-CHL153, 

GLY11-CHL1240, 

ARG9-CHL1391, 

POPC51-ASP33, 

POPC27-GLA14 

ARG36-POPS21, 

GLA7-POPC73, 

THR37-POPS17, 

POPS38-ASP33, 

PHE4-POPC67, 

LYS32-POPS17, 

ASN2-POPC64, 

ILE30-POPC27, 

ALA34-POPS17, 

THR37-POPS17, 

LYS38-POPS17, 

POPC64-GLA7, 

ARG9-CHL1223, 

ARG9-CHL153, 

GLY11-CHL1240, 

ARG9-CHL1391, 

POPC51-ASP33, 

ARG9-CHL12, 

LYS32-CHL167, 

ARG9-CHL1249 

CHL12-GLA29, 

POPC27-GLA14 

FVIIaGLAdomain-TF TRP158- THR37, 

LYS165- GLA35, 

ARG36- SER163, 

ARG36- SER160, 

TRP158- THR37, 

VAL207- SER43, 

SER161- ASP33, 

ARG36-SER163, 

GLN110-SER43, 

LYS18-GLU216, 

LYS18-GLU208 

GLU216-GLA14 

LYS18-GLU208, 

GLN110-SER43, 

LYS214-GLA14, 

TRP158-PHE31, 

LYS165-GLA35, 

LYS32-SER160, 

LYS18-GLU216, 

LYS165-GLA35, 

LYS214-GLA14, 

LYS165-GLA35, 

ARG36-SER163, 

LEU39-SER205, 

VAL207-SER43, 

SER161-ILE30, 

SER161-ASP33, 

GLU216-GLA14 

LYS18-GLU208, 

GLN110-SER43, 

LYS214-GLA14, 

TRP158-PHE31, 

LYS165-GLA35, 

LYS32-SER160, 

LYS18-GLU216, 

LYS165-GLA35, 

LYS214-GLA14, 

LYS165-GLA35, 

ARG36-SER163, 

LEU39-SER205, 

VAL207-SER43, 

SER161-ILE30, 

SER162-ASP33, 

GLU216-GLA14, 

SER161-ASP33 

FXaGLA-lipid SER3- POPC113, 

SER3-POPC87, 

POPC87-GLA20, 

POPC87-PHE4, 

LYS9-POPC88, 

POPC87-GLA20, 

POPC87-PHE4, 

ARG28-POPC21, 

GLA32-POPC33, 

SER3- POPC113, 

SER3-POPC87, 

POPC87-GLA20, 

POPC87-PHE4, 

LYS9-POPC88, 

LYS9-POPS88, 

ARG28-POPS21, 

POPC33-GLA32, 

LYS10-POPS21, 

LYS9-POPS88, 

POPC33-GLA32, 

LYS10-POPS21, 
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Domain/Residues 

Systems 

TF-FVIIa-FXa 

TernaryComplex 

in POPC:POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHL (CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC:POPS: 

CHL (CYSP) 

POPC33-GLA32, 

LEU5-POPS124, 

SER3-POPC87, 

ALA1-POPC87, 

LYS10-POPC35, 

SER3-POPC83, 

POPS47-GLA25, 

LYS10-POPS21, 

GLA6-POPC87 

POPC87-GLA20, 

POPC87-PHE4, 

POPC33-GLA32, 

LEU5-POPS124, 

SER3-POPC87, 

ALA1-POPC87, 

LYS10-POPC35, 

SER3-POPC83, 

POPS47-GLA25, 

LYS10-POPS21, 

GLA6-POPC87, 

ARG28-POPC33, 

LEU5-POPS124, 

HSE12-POPS21, 

LYS10-CHL142, 

LYS9-CHL186, 

POPC51-GLA14, 

LYS10-CHL141, 

LYS10-CHL119 

LYS9- POPC88, 

POPC33-GLA32, 

POPS124-LEU5, 

SER3-POPC83, 

POPS47-GLA25, 

LYS10-POPS21, 

GLA6-POPC87, 

ARG28-POPC33, 

LEU5-POPS124, 

HSE12-POPS21, 

LYS10-CHL142, 

LYS9-CHL186, 

POPC51-GLA14, 

LYS10-CHL141, 

LYS10-CHL119, 

SER3-POPS140, 

PHE4-POPS140, 

LYS10-POPC51, 

GLY11-POPS21 

POPS21-VAL30, 

HSE12-POPC51, 

TF-FVIIaLightChain GLY78-ASP58, 

ARG79-GLU24, 

ARG79-GLU56, 

LYS85-ASP61, 

SER47-GLU94, 

SER47-ASN93, 

LYS165-GLA35, 

LYS62-GLN110, 

LYS62-GLU128, 

LYS20-CYS70, 

LYS46-GLU94, 

ARG36-SER163, 

TRP158-THR37, 

GLN110-GLN64, 

LYS48-GLU77, 

ARG79-GLU56, 

ARG36-SER160, 

ARG36-SER160, 

TRP158-THR37 

LYS32-SER160, 

LYS214-GLA14, 

ARG79-GLU24, 

ARG79-GLU56, 

LYS18-GLU208, 

LYS85-ASP61, 

GLY78-ASP58, 

ARG79-GLU56, 

SER47-GLU94, 

LYS165-GLA35, 

LYS62-GLU128, 

LYS62-GLU130, 

GLU94-SER47, 

LYS20-CYS70, 

LYS20-GLY78, 

GLN110-GLN64, 

TRP158-THR37, 

LYS48-GLU77, 

LYS18-GLU208, 

LYS165-GLA35, 

ARG36-SER163, 

LYS48-GLU77, 

LYS18-GLU216, 

GLY107-TYR51, 

LYS214-GLA14, 

LYS18-GLU208, 

LYS18-GLU216, 

GLY78-ASP58, 

LYS85-ASP61, 

ARG79-GLU56, 

ARG79-GLU24, 

LYS62-GLU128, 

GLU216-GLA14, 

LYS20-GLY78, 

ARG36-SER162, 

ARG36-SER163, 

GLN110-GLN64, 

LYS48-GLU77, 

LEU65-GLN110, 

LYS18-GLU216, 

LYS32-ASN184, 

LYS85-ASP61, 

SER161-ASP33, 

LYS62-ASP129, 

VAL207-SER43, 

LYS46-GLU94, 

LEU13-GLN212, 

ASN93-LYS48, 

ARG79-GLU56, 

LYS85-ASP61, 
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Domain/Residues 

Systems 

TF-FVIIa-FXa 

TernaryComplex 

in POPC:POPS            

(CONTROL) 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHL (CHOL) 

PalmitoylatedTF- 

FVIIa-FXa Ternary 

Complex in POPC:POPS: 

CHL (CYSP) 

LYS85-ASP61, 

SER161-ILE30, 

LYS48-ASP86 

SER161-ASP33, 

ARG79-ASP54, 

LYS32-GLU183, 

LYS32-GLU183, 

SER47-VAL92, 

LYS62-GLU128, 

LYS48-ASP86 

TF-FXaGLAdomain LYS201- ASP35, 

LYS165-ASP33, 

LYS201-GLU39, 

LYS165-GLA32, 

LYS36-ASP204, 

ARG200-ASP35, 

ARG200-ASP48, 

LYS201-ASP35, 

LYS201-GLU39, 

LYS166-GLA32, 

ARG200-GLU39, 

LYS36-ASP204, 

ARG200- ASP35 

LYS201- ASP35, 

LYS165-GLA32, 

LYS165-VAL30, 

TYR156-GLA32, 

ARG200-ASP35, 

LYS165-GLA32, 

ARG200-ASP35, 

ARG200-GLU39, 

LYS166-GLA32, 

ARG200-GLU39, 

LYS166-GLA32, 

ARG200-ASP48, 

ASN199-CYS50 

LYS166-GLA32, 

LYS201- ASP35, 

LYS165-GLA32, 

LYS165-VAL30, 

TYR156-GLA32, 

ARG200-ASP35, 

LYS165-GLA32, 

ARG200-ASP35, 

ARG200-GLU39, 

LYS166-GLA32, 

ARG200-GLU39, 

LYS166-GLA32, 

ARG200-ASP48, 

ASN199-CYS50 

TF-lipid CYS245-POPC224, 

TYR222-POPC29, 

ARG246-POPS230, 

ARG246-POPC250, 

LYS247-POPC220, 

LYS244-POPC250, 

LYS244-POPS230, 

LYS247-POPC209, 

LYS244-POPC263, 

HSD243-POPC258, 

LYS255-POPC205 

ARG246-POPC263, 

LYS247-POPC263, 

LYS244-POPC247, 

LYS255-POPC263, 

LYS244-POPC312, 

LYS255-POPC264, 

SER241-POPC247, 

CYS245-POPC224, 

ARG246-POPC263, 

LYS244-POPS298, 

ASN261-CHL1327, 

ALA248-CHL1283, 

TYR222-CHL16, 

SER263-POPC343, 

ARG246-POPC230, 

ARG246-POPS230, 

ARG246-POPC247, 

LYS244-LYS244, 

GLY251-POPC201 

LYS244-POPC226, 

LYS247-POPS211, 

LYS244-POPC226, 

TYR222-CHL16, 

CHL117-PHE221, 

ARG246-CHL1236, 

CYS245-POPC224, 

SER253-POPC252, 

HSD243-POPC247, 

LYS255-POPC252, 

TRP254-POPC252, 

POPC342-SER263, 

LYS247-POPS247, 

ARG246-POPS211, 

LYS244-POPS211, 

GLY251-POPC201, 

GLY251-POPC201, 

LYS247-POPS211, 

ARG246-POPS230, 

LYS247-POPS211, 

LYS244-POPC226, 

LYS244-POPC263 
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3.4 Contact Probability estimation between Protein and lipid 

To decipher protein-lipid interactions, the computation of contact probability can be 

very helpful [59]. Contact probability plot can provide us with information about the 

residues which are in contact with lipid and may give us clues about the importance of 

those residues responsible for lipid-protein interaction [Table 3- (4.1-4.3)]. Therefore, 

we have generated a contact probability plot using inhouse VMD TCL script for all the 

three systems: TF-FVIIa-FXa Ternary Complex in POPC: POPS (CONTROL), TF-

FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CHOL), and Palmitoylated TF-

FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CYSP) for 200ns. Contact 

Probability plots were constructed for residues of Chain B of FXain contact with lipid 

(Figure 3-7 A-C), residues of Chain L of FVIIa in contact with lipid (Figure 3-7 D-F), 

residues of Chain P of TF in contact with lipid (Figure 3-7 G-I). From Contact 

Probability data between Chain B of FXa with lipid, it is observed that there are notable 

distinct differences in the contact fraction for residue numbers 6(GLA), 15(ARG), 

19(GLA), 20(GLA), 28(ARG), 32(GLA) with Lipid. (Table 3-4.1) (Figure 3-8 A-C) It 

is noteworthy that Arg in position 15 and GLA in position 6 have 100% contact 

probability with lipid for both CHOL AND CYSP sets but this phenomenon is absent 

in the CONTROL set. Also, significant differences are observed in residue numbers 

20(GLA), 28(ARG), and 32(GLA) of chain B of FXa, having contact fractions of 

1.07%, 1.85%, and 8.06% respectively in the CONTROL system. This indicates the 

presence of strong and stable lipid-protein interactions in the CHOL and CYSP systems 

than in CONTROL. Similarly, from Contact Probability data between Chain L of FVIIa 

with lipid, it is observed that there are distinct differences in the contact fraction for 

residue numbers 1(ALA), 18(LYS), 26(GLA), and 28(ARG) with lipid. (Table 3-4.2) 

(Figure 3-8 D-F). Notably, GLA in position 26 has 100% contact probability with lipid 

for both CHOL AND CYSP sets but only 3.24% in the CONTROL set. A similar trend 

is observed for residue 8 which has 98.15% contact probability with lipid for both 

CHOL and 68.42% in the CYSP set but only 3.56% in CONTROL. Likewise, 

significant differences are also observed in residue numbers 1(ALA), and 28(ARG) of 

chain B of FXa. Likewise, from Contact Probability data between Chain P of TF with 

lipid, it is observed that there are distinct differences in the contact fraction for residue 

numbers 117(GLU), 122(LYS), 159(LYS), 179(VAL), 183(GLU), 212(GLN), 

219(GLU), 245(CYS), 255(LYS) with lipid. (Table 3-4.3) (Figure 3-8 G-I) It is 

important to note that LYS in position 122, CYS in position 245, and LYS in position 

159 have 100% contact probability with lipid for CYSP set as compared to the 
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CONTROL set which has only 48.82%, 62.12%, and 68.10% for the residues 

122(LYS), 245(CYS), 159(LYS) respectively.CHOL set has a significant contact 

fraction of 100%, 82.12%, and 94.54% for the residues 122(LYS), 245(CYS), and 

159(LYS) respectively. It is clear from the above data, that Cholesterol and 

Palmitoylation at CYS245 residue enhance the protein-lipid interactions. This is in line 

with the experimental studies which show that cholesterol has a strong influence on 

membrane receptors by unique molecular interactions or by changes of fluidity in the 

membrane [5]. 

 

Figure 3-7:  Detailed contact probability profile ( lipid-protein interaction) in FVIIa-FXa 

Ternary Complex in POPC: POPS(CONTROL), TF-FVIIa-FXa Ternary 

Complex in POPC: POPS: CHL (CHOL), and Palmitoylated TF-FVIIa-FXa 

Ternary Complex in POPC: POPS: CHL (CYSP) calculated from the 200ns 

simulation period of all the three complexes. (A) Contact probability vs 

residues of chain B of FXa in contact with lipid (CONTROL) (B) Contact 
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probability vs residues of chain B of FXa in contact with lipid (CHOL) (C) 

Contact probability vs residues of chain B of FXa in contact with lipid 

(CYSP) (D) Contact probability vs residues of chain L of FVIIa in contact 

with lipid (CONTROL)  (E) Contact probability vs residues of chain L of 

FVIIa in contact with lipid (CHOL) (E) Contact probability vs residues of 

chain L of FVIIa in contact with lipid (CYSP) (G) Contact probability vs 

residues of chain P of TF in contact with lipid (CONTROL) (H)Contact 

probability vs residues of chain P of TF in contact with lipid (CHOL) (I) 

Contact probability vs residues of chain P of TF in contact with lipid (CYSP). 

 

Figure 3-8: Schematic representation of the residues in contact with lipid (contact 

probability profile) of TF-FVIIa-FXa Ternary Complex in POPC: 

POPS(CONTROL), TF-FVIIa-FXa Ternary Complex in POPC: POPS: CHL 

(CHOL) and Palmitoylated TF-FVIIa-FXa Ternary Complex in POPC: 

POPS: CHL (CYSP) (A) Closer view of the residues of chain B of FXa 

(CONTROL) in contact with lipid: 6(GLA), 15(ARG), 19(GLA), 20(GLA), 

28(ARG), 32(GLA). (B) Closer view of the residues of chain B of FXa 

(CHOL) in contact with lipid:6(GLA), 15(ARG), 19(GLA), 20(GLA), 

28(ARG), 32(GLA). (C) Closer view of the residues of chain B of FXa (CYSP) 

in contact with lipid : 6(GLA), 15(ARG), 19(GLA), 20(GLA), 28(ARG), 

32(GLA) (D) Closer view of the  residues of chain L of FVIIa (CONTROL) in 

contact with lipid: 1(ALA), 18(LYS), 26(GLA) and 28(ARG) (E) Closer view 
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of the  residues of chain L of FVIIa (CHOL) in contact with lipid: 1(ALA), 

18(LYS), 26(GLA) and 28(ARG)(F) Closer view of the  residues of chain L of 

FVIIa (CYSP) in contact with lipid: 1(ALA), 18(LYS), 26(GLA) and 

28(ARG) (G)Contact probability vs residues of chain P(CONTROL) of TF in 

contact with lipid 117(GLU), 122(LYS), 159(LYS), 179(VAL), 183(GLU), 

212(GLN), 219(GLU), 245(CYS), 255(LYS)(H)Contact probability vs 

residues of chain P of TF (CHOL) in contact with lipid 117(GLU), 122(LYS), 

159(LYS), 179(VAL), 183(GLU), 212(GLN), 219(GLU), 245(CYS), 

255(LYS)(I)Contact probability vs residues of chain P of TF (CYSP) in 

contact with lipid 117(GLU), 122(LYS), 159(LYS), 179(VAL), 183(GLU), 

212(GLN), 219(GLU), 245(CYS), 255(LYS). Residues are shown in licorice 

representation. The chain B of FXa is shown by a red color ribbon 

representation. The chain L of FVIIa is shown by a green color ribbon 

representation. The chain P of TF  is shown by a yellow color ribbon 

representation.  In the bottom panel, phospholipid bilayer is shown in lines 

representation wherein POPC is shown as purple color lines, POPS shown as 

ice blue color lines, and CHOL in blue color lines. Contact Probability 

(%)colored based on occupancy during the simulations: Purple for >70%, 

blue for Dark yellow%, black for 10-30%, and sky blue for <10%. 

 

Table 3-4.1: Contact probability between Chain B of FXa with lipid. 
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Table 3-4.2: Contact Probability between Chain L of FVIIa with lipid. 

 

Table 3-4.3:  Contact Probability data between Chain P of TF with lipid. 

 

3.5 Protein stability predictions by FoldX 

Lastly, to check whether the presence of cholesterol and palmitoylation of Tissue factor 

has any effect on the binding affinity between chain L of FVIIa and TF, we have 

calculated the FoldX energy function using the FoldX optimization algorithm between 

FVIIa (light chain) and TF for all the three systems: CONTROL, CHOL, and CYSP 

(Table 3-5). FoldX is an algorithm that is used for the prediction of free energy changes 

based on the entropic contributions to protein interactions, which also contributes to the 

stability of proteins and protein complexes [71]. FoldX force field includes several 
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terms: Van der Waals, solvation, H-bond, electrostatic and entropic terms for the 

backbone and side chains of protein and protein complexes. 

The free energy profile (∆G) of the target protein is calculated using the following 

equation: 

∆G = Wvdw × ∆Gvdw + WsolvH × ∆GsolvH + WsolvP × ∆GsolvP + ∆Gwb+ 

∆Gℎbond 

+ ∆Gel+ ∆GKon+ WNC× T×∆SNC+ Wsc× T× ∆Ssc 

Where, 

∆Gvdw= summation of van der Waals contributions of all atoms. 

∆GsolvH and ∆GsolvP = solvation energy difference between polar and apolar groups, 

respectively, from unfolded to the folded state. 

∆Gwb = free energy difference provided by water molecule making more than one H-

bond to the protein and that interaction cannot be taken into account with non-explicit 

solvent approximations. 

∆Ghbond = free energy difference between intra- and inter-molecular H-bond 

formation. 

∆Gel = electrostatic contribution of charged groups. 

∆GKon = effect of electrostatic interactions on the association constant kon, when the 

interaction energies are calculated between protein complexes. 

∆Smc = entropy cost to fix the backbone in the folded state. 

∆Ssc = entropy cost to fix a side-chain of protein in a specific conformation. 

Coordinates of protein atoms (target) were extracted for all the three systems 

(CONTROL, CHOL, and CYSP) from the equilibrated MD simulation system and 

subjected to free energy calculation using the FoldX optimization algorithm. Lower the 

energy value obtained from the FoldX energy function indicates greater binding affinity 

between the interacting proteins. We found that the binding affinity between chain L of 

FVIIa and TF is less ( -1.45 kcal/mol) for CONTROL than CHOL ( -3.48kcal/mol) and 
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CYSP (-4.44 kcal/mol). This indicates that the CONTROL system is 

thermodynamically less stable than CHOL and CYSP and Palmitoylation of Tissue 

factor and cholesterol may play a role in enhancing the binding affinity between chain 

L of FVIIa and TF. 

Table 3-5: Interaction energy between TF and FVIIa (light chain) using the FoldX 

algorithm. 

FoldX energy profile Interaction between TF and FVIIa (L-chain) 

System TF-FVIIa-FXa 

TernaryComplex 

in POPC: POPS            

(CONTROL) 

 

TF-FVIIaFXa 

Ternary Complex 

in POPC:POPS: 

CHLc 

(CHOL) 

 

PalmitoylatedTF- 

FVIIa-FXa 

Ternary     

Complex in 

POPC:POPS: 

CHL (CYSP) 

 

BackHbond 

SideHbond 

Energy-vdW  

Electro 

Energy-SolvP 

Energy-SolvH 

Energy-vdWclash 

Energy-torsion 

Backbone-vdWclash 

Entropy-sidechain 

Entropy-mainchain 

Water bonds 

Helix dipole  

Loop-entropy 

Cis-bond  

Disulfide 

kn electrostatic 

Partial covalent interactions 

Energy-ionisation 

Entropy complex 

-2.66 

-5.89 

-15.32 

-3.44 

23.61 

-19.61 

3.09 

0.29 

1.32 

14.01 

4.85 

0 

-0.11 

0 

0 

0 

-0.26 

0 

0 

2.38 

-3.39 

-6.44 

-22.14 

-4.47 

32.83 

-28.99 

3.74 

0.25 

2.32 

17.75 

7.87 

0 

-0.02 

0 

0 

0 

-0.47 

0 

0 

2.38 

-3.49 

-5.06 

18.14 

-2.36 

25.35 

23.62 

1.27 

0.41 

1.92 

16.19 

5.32 

0 

0.06 

0 

0 

0 

-0.38 

0 

0 

2.38 

Total interactionenergy 

(kcal mol-1) 

-1.45 -3.48 -4.44 

 

4. Conclusions 

To gain insight into the effect of cholesterol and Tissue Factor Palmitoylation on TF-

FVIIa-FXa ternary complex in POPC-POPS-CHOL lipid environment, we had 

performed a comparative study among TF-FVIIa-FXa Ternary Complex in POPC: 

POPS(CONTROL), TF-FVIIa-FXa Ternary Complex in POPC: POPS: CHL (CHOL) 

and Palmitoylated TF-FVIIa-FXa Ternary Complex in POPC:POPS: CHL (CYSP). In 
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this study, we subjected CONTROL, CHOL, and CYSP systems to MD simulation in 

POPC: POPS and POPC:POPS: CHL environment. RMSD and RMSF profiles 

captured from the simulation suggest that CHOL and CYSP systems are more stable 

compared to CONTROL. Structural and Conformational analysis indicates lesser 

structural integrity of the subdomains of TF in TF-FVIIa-FXaTernary Complex 

(CONTROL)compared to TF-FVIIa-FXa TernaryComplex (CHOL) and Palmitoylated 

TF-FVIIa-FXa Ternary Complex (CYSP). Our study also suggests that the presence of 

cholesterol and palmitoylation may play a critical role in influencing FVIIa activity by 

maintaining optimal distances among catalytic triad (CT) residues, thereby providing 

extra stability to the SP domain. From the SASA profile, it can be deduced that there is 

an enhancement in hydrophobicity of proteins, indicative of a more buried structure 

with augmented protein-protein interaction in TF-FVIIa-FXa Ternary Complex 

(CHOL) and Palmitoylated TF-FVIIa-FXa Ternary Complex (CYSP). The radius of 

Gyration data suggests that the presence of cholesterol and Palmitoylation of the Tissue 

Factor contributes to structural rigidity and compactness of the GLA domains of both 

FVIIa and FXa respectively. While evaluating H-bond interactions formed during MD 

Simulations, we have found many novel interactions between the various domains of 

CHOL and CYSP systems which may be responsible for making these two systems 

structurally more stable, compared to CONTROL. From Contact Probability data, it is 

evident that Cholesterol and Palmitoylation at CYS245 residue enhance the protein-lipid 

interactions thus having a profound influence on protein activity. Lastly, from the 

FoldX protein stability study, it can be inferred that the CONTROL system is 

thermodynamically less stable than CHOL and CYSP. 
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Chapter 4 

Identification of potential antifibrinolytic compounds against 

kringle-1 and serine protease domain of Plasminogen and 

kringle-2 domain of tissue-type plasminogen activator using 

combined virtual screening, molecular docking, and molecular 

dynamics simulation approaches. 

 

1. Introduction 

Fibrinolysis is a process of removal (lysing) of clots formed due to the triggering of the 

hemostatic pathway, in conditions such as pathological thrombosis and vascular 

occlusion [1]. The principal mediator of fibrinolysis is plasminogen, which is 

transformed into plasmin by the plasminogen activators (Tissue-type plasminogen 

activator and Urokinase plasminogen activator) Figure 4-1[2]. Tissue-type plasminogen 

activator (tPA or PLAT) is a serine protease found on the surface of endothelial cells 

that plays an important role in degrading polymerized fibrin by hydrolyzing the 

Arg560-Va1561 peptide bond in plasminogen (Plg) [3]. t-PA consists of six well-

defined structural modules: a finger domain; an epidermal growth factor domain; two 

kringle domains and a serine protease two-domain unit with trypsin-like specificity [4]. 

Because of the presence of a lysine binding site in the above-mentioned two kringle 

domains and its stimulatory effect on Plg activation by fibrin, the scientific community 

has shown significant interest in the kringle domain [5]. The zymogen protease Plg and 

its active form plasmin (Plm), carry out important functions in blood clot disintegration 

apart from other cellular processes such as bacterial pathogenesis, tissue remodeling, 

and cell migration [6]. Plg comprises a serine protease (SP) domain, a Pan-apple (PAp) 

domain, and 5 kringle (KR 1-5) domains. These domains are ordered in a closed 

configuration that is sustained through interdomain interactions facilitated by the 

canonical lysine-binding sites (LBSs) of the KR domains. The binding of Plg to lysine-

containing substrates or receptors is also facilitated by the LBSs of the KRs. Post 

binding, Plg takes an open configuration that is triggered by tissue plasminogen 

activators (tPAs) or urokinase plasminogen activators (uPAs) [7]. To regulate this 
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binding process, α2-antiplasmin and α2-macroglobulin block the release of activated 

Plm from the clot or the cell surface [8]. Irregular balance of Plg/Plm system and 

immoderate fibrinolytic activity leads to fatal hemorrhagic disorders, thrombotic 

vascular injury, and severe complications during general surgery or major trauma [9]. 

 

Figure 4-1:  The interplay of enzymes in the process of fibrinolysis. Abbreviations used 

are FDPs, fibrin degradation products; PAI, plasminogen activator 

inhibitors; tPA, tissue plasminogen activator. (Adapted from Bhattacharjee 

P, Bhattacharyya D. An insight into the abnormal fibrin clots—its 

pathophysiological roles. Fibrinolysis and thrombolysis. 2014 May 7:1-29.) 

Presently, the Plm inhibitors aprotinin and tranexamic acid (TXA) are clinically used to 

treat severe hemorrhages by blocking new entry to target substrates and are the most 

extensively used inhibitor for the Plg/Plm system [10]. TXA is a reasonably well-

tolerated lysine analog that binds to the LBSs, culminating in the development of open 

Plg [11]. Post binding, TXA obstructs Plm activation by stopping it from binding to 

substrates and/or receptors. However, one recent study has shown that TXA may not 

block the activity of Plm which has already been formed leading to dangerous 

complications in patients suffering from extreme blood loss [12]. Hence, there is a 

requirement to synthesize specific inhibitors which can attach to the protease active site 

of Plg. Cross reaction of Plm inhibitors with other plasma serine proteases also 

challenges their development because the reactions generate multiple side effects like 

headaches, nasal symptoms, or back, abdominal, and muscle pain. In some cases of 

treatment with TXA, seizures were reported as a side effect which in turn were traced 

to gamma-aminobutyric acid antagonistic activity (GABAa) [13]. Also, the 

gastrointestinal side effects associated with a high dose of TXA can be attributed to 
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GABAa [14].   Based on the findings of these studies, the ideal novel oral fibrinolysis 

inhibitor is expected to work on a mechanism of action similar to that of TXA, having 

suitable dosing and higher selectivity over GABAa. Of late, some new encouraging 

drugs have been discovered like 4-PIOL and PS-112 (TXA-derived active site 

inhibitors) but, to date, their detailed profiling and testing have not been performed [15-

16]. Even though considerable research has been undertaken, clinically safe fibrinolysis 

inhibitors have not reached the market. Fibrinolysis can be suppressed by targeting 

each of the three important protein domains: the kringle-2 domain of tissue 

plasminogen activator, the kringle-1 domain of plasminogen, and the serine protease 

domain of plasminogen. Previous studies reported that the catalytically active domain is 

constituted by the serine protease domain while the kringle domains are crucial for 

protein-protein interactions such as binding to fibrin [17]. Therefore, we have selected 

the above-mentioned three individual protein domains as our respective targets [18-20]. 

Herein, we attempt to find potential inhibitors having minimum side effects with 

maximum specificity and efficacy using in silico approaches. In this present study, 

combined approaches of structure-based virtual screening and molecular docking were 

employed to discern prospective hits from the ligand database [21]. Thereafter, 

ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) properties of 

these identified ligands were evaluated and a molecular dynamics simulation of 200ns 

was carried out for each protein-ligand complex. Furthermore, principal component 

analysis (PCA) was performed and binding free energy was calculated using the 

Molecular Mechanics Poisson-Boltzmann Surface Area (MMPBSA) approach for all 

the protein-ligand complexes. The identified lead compounds are expected to contribute 

to the development of potent anti-fibrinolytic agents. 

2. Methodology 

2.1. Protein Preparation: 

The crystal structures of the kringle-2 domain of tissue plasminogen activator, the 

kringle-1 domain of plasminogen, and the serine protease domain of plasminogen with 

PDB IDs: 1PK2, 4CIK, 5UGG  were retrieved from the protein data bank (PDB) 

respectively [22-25]. All the three protein structures were analyzed in the pymol and 

discovery Studio 3.5 package (Accelrys, San Diego, CA, USA), and the missing 

residues in the structures were added using Modeller [26-28]. The co-crystallized 
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ligands with IDs: ACA, XO3, 89M were extracted from protein crystal structures 

1PK2, 4CIK, and 5UGG respectively using discovery Studio 3.5. The water molecules 

were eliminated, and protein preparation was done using the default settings of 

discovery Studio 3.5. Further, the protein structures were optimized using CHARMM 

(Chemistry at Harvard Macromolecular Mechanics) force field, and energy 

minimization was done by a smart minimizer algorithm incorporating conjugate 

gradient energy protocol [29]. Subsequently, these protein structures were selected as 

targets for virtual screening. 

2.2. Structure-based virtual screening 

The library of one million ligands was retrieved from the ZINC 15 database [30]. 

Initially, these one million ligands were screened individually against 1PK2, 4CIK, and 

5UGG protein targets respectively using RASPD [31]. This tool rapidly identifies hit 

molecules against the protein targets based on their physicochemical properties and 

calculates the binding energy. Subsequently, the hits were further evaluated based on 

Lipinski parameters such as hydrogen bonds acceptors & donors, molar refractivity, 

ADMET, Wiener index, and volume of functional groups & protein. The residues 

which were bound to the co-crystallized ligands were selected as active site pockets of 

the target proteins for virtual screening. From RASPD, the top 1500 hits (500 for each 

protein target) were retrieved for further analysis. 

2.3 Molecular Docking 

The top 500 hits filtered out from virtual screening (1500 total) were subjected to 

molecular docking against the three protein targets 1PK2, 4CIK, and 5UGG using three 

docking tools such as Autodock Vina, Glide,  and ParDOCK/BAPPL+  respectively 

[32-35]. 

2.3.1. Glide (Grid-based ligand docking with energetic) 

Firstly, the ligands were prepared using the LigPrep module of Schrodinger Maestro 

version 2.9, 2019 so that the ligands could be supplied to glide for docking in a state as 

they would occur in a protein-ligand complex [36]. LigPrep uses Optimized Potential 

Liquid Simulation (OPLS) 2005 force field and consists of a series of steps to optimize 

the structures. By default, LigPrep adds hydrogens, removes unwanted molecules, and 
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minimizes the ligand structure. Thereafter, docking was performed using the software 

package Glide version 2.9, 2019. Protein structures were prepared in the Protein 

Preparation Wizard of Schrodinger in which proteins were refined by adding missing 

hydrogens and assigning proper bond orders. A grid file was generated using the 

Receptor Grid Generation protocol on these minimized structures, such that the grid 

points were adjusted to the active site pocket in X, Y, Z dimensions with 25 × 25 × 25 

points and the ligands were allowed to move freely. We have used Glide docking 

modules namely simple precision (SP) and extra precision (XP) for docking 

calculations [37]. The conformations obtained from SP were used as input for XP to 

generate multiple binding poses. The binding affinity was computed based on the glide 

scoring function for all the three target proteins i.e., 1PK2, 4CIK, and 5UGG 

respectively. Thereafter, the top ten ligands were ranked according to their binding 

affinity using GScore (GlideScore) scoring function which is a combination of 

Coulombic energies, Van der Waals energies, and the internal strain of the ligand [38]. 

GScore = 0.065*vdW + 0.130*Coul + Lipo + Hbond + Metal + BuryP + RotB + Site. 

where, 

Glide evdW - Van der Waal energy 

Glide Ecoul - Coulomb energy 

Glide Lipo - Lipophilic contact term 

Glide Hbond - Hydrogen-bonding term 

Glide Metal- Metal-binding term 

Glide BuryP- Penalty for buried polar groups 

Glide RotB- Penalty for freezing rotatable bonds 

Glide Site- Polar interactions in the active site 

2.3.2. Auto Dock Vina 

As mentioned earlier, 1500 hits (500 hits per protein) were processed and subjected to 

docking analysis in AutoDock Vina. ADT tool was used to load the target protein 

structure and convert proteins to PDBQT format. Subsequently, the ligand hits were 

also converted into PDBQT format in Open Babel [39]. The hydrogen atoms and water 

molecules from the protein structure were removed and polar hydrogen atoms were 

added. Thereafter, Kollman charges were incorporated into the target protein structures 

[40]. The auto-grid box was set across X-Y-Z directions, i.e., 23x20x18 points for 
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tissue-type plasminogen activator kringle-2 domain(1PK2), 18x20x18 points for 

plasminogen kringle-1 domain (4CIK), and 29x28x28 points for serine protease domain 

of plasminogen (5UGG) respectively. The grid was set up to encompass the active site 

pocket, with a spacing of 1 Å.  The ligand hits were ranked according to their binding 

energies and finally, the best performing top ten ligands for each protein target were 

selected. 

2.3.3. ParDOCK & Bappl+ 

The same set of 1500 hits (500 hits per protein) was screened by the Monte Carlo 

method involving an all-atom energy-based system using default parameters of 

ParDOCK software, hosted in the Sanjeevani server [41]. The ligands were positioned 

optimally around the active site of the protein target and ranked based on their 

interacting energies. Subsequently, the scoring function of all the aforementioned 

ligands was derived using the Bappl+ tool which utilizes the Random Forest algorithm 

scoring function [42]. In Bappl+ the default parameters were set and formal charges 

were assigned for each ligand. Based on these settings, the binding affinities of ligands 

were computed and the top ten compounds were ranked accordingly. 

2.4. ADMET and TOPKAT 

All the top ten identified ligands obtained by screening from Glide, Autodock Vina, 

ParDOCK, and Bappl+ tools were visually inspected in Pymol and Schrodinger 

maestro. Based on the docking scores, out of these ten identified ligands, the top three 

were selected for ADMET and TOPKAT (Toxicity Prediction by Computer Assisted 

Technology) analysis for each protein target. ADMET properties such as CYP2D6 & 

plasma protein inhibition, intestinal adsorption, aqueous solubility, hepatotoxicity, 

blood-brain barrier level were evaluated using the Discovery studio 3.5 ADMET tool 

kit. Furthermore, Lipinski’s rule of five was also checked for these ligands [43]. 

Thereafter, the toxicity of each ligand was estimated using the TOPKAT tool, which 

contains a robust Quantitative Structure-Toxicity Relationship (QSTR) modeling 

system to predict the accurate toxicity endpoints [44]. The toxicity properties such as 

rodent carcinogenicity, Ames mutagenicity, skin irritation, and developmental toxicity 

potential were also investigated. 
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2.5. Molecular Dynamics Simulation (MD) 

The top three ranked ligands for each protein target were subjected to MD simulation 

using GROMACS (Groingen Machine for Chemical Simulations) 2019 suite 

implementing GROMOS (54a7) force field [45,46]. The protein-ligand complex was 

solvated in a cubic box of 0.8 nm using periodic boundary conditions and a Simple 

point-charge water model (SPCE) [47]. The Na+ and Cl- ions were added to neutralize 

the system and maintain the concentration of 0.15 mol/L. The PRODRG server was 

used to generate the ligand parameters and topology [48]. After that, internal 

constraints of the protein-ligand complex were relaxed by 2000 steps of steepest 

descent energy minimization with a max force constraint of 1000 KJ/mol, leading to 

restraining positions of all heavy atoms. Before MD simulations, the systems were 

heated using a V-rescale thermostat to attain the temperature of 310 K with 0.1ps as the 

constant of coupling and achieved equilibration in NVT (Number of atoms, Volume of 

the system, and Temperature of the system). Then solvent density was sustained using a 

Parrinello-Rahman barostat with the pressure of 1 bar, coupling constant of 0.1 ps, and 

temperature of 310 K to obtain equilibration in NPT (Number of atoms in the system, 

the pressure of the system, and temperature of the system) by gradually discharging the 

restraint on heavy atoms step by step [49]. Finally, an MD simulation was performed 

for the equilibrated structures for 5 ns with an integration time step of 2fs. The 

electrostatic interactions of long-range were implemented using particle-mesh Ewald 

sum with a cutoff of 1.0 nm [50]. During simulation, the LINCS algorithm was used to 

constrain all bond lengths, and the SETTLE algorithm was used for restraining water 

molecules [51-52]. The resultant structure from the NPT equilibration phase was 

employed for the final production run in the NPT ensemble for 200 ns simulation time. 

Finally, the trajectory analysis such as RMSD, RMSF, RoG, SASA, H-bonds, and PCA 

of protein-ligand complexes was performed using gromacs utilities and plotted in 

xmgrace [53]. 

2.6. Principal Component Analysis 

PCA is a statistical method that is applied to reduce data complexity and is useful for 

analyzing the large-scale motion of proteins [54]. Generally, internal motions of every 

protein molecule are ingrained and are required for their proper biological functioning 

like conformational changes to various biological environments, binding to substrate, 
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etc. Due to problems in interpreting these internal motions of the protein, PCA is 

utilized to minimize the large dimensions of the data set to identify the prominent 

principal components (PCs). These PCs represent the major contributors responsible for 

elucidating crucial information about the dynamic changes of the protein. In PCA, a 

covariance matrix was constructed from trajectory data after eliminating unwanted 

motions (translational and rotational). This was followed by diagonalization of the 

covariance matrix using the gmx_covar tool which is a part of the Gromacs module. By 

diagonalization of covariance matrices containing backbone C alpha atoms data, the 

eigenvector and eigenvalues were obtained which corresponds to the change in protein 

trajectory throughout the simulation time. The gmx anaeig tool of Gromacs was used to 

analyze and plot the trajectories of the backbone C alpha atoms of all the systems. In 

our study, the first two projections (PC 1 and PC 2) with the highest eigenvalues were 

taken into consideration as they are responsible for 80–90% of the collective motions of 

the C alpha backbone atoms. 

2.7. Free energy calculation 

To evaluate the binding free energy (ΔG)  of protein-ligand complexes, the Molecular 

Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) method was employed [55]. 

We computed ΔG for the last 50ns of the production run using the g_mmpbsa tool of 

the Gromacs module [56].  Binding free energy was calculated for the identified ligands 

by estimating the bound and unbound state differences with the protein targets. 

Δ Gbinding = Gcomplex – (Gprotein + Gligand ) —> (1) 

In equation (1), the free energies of protein and ligands are indicated by G protein  and G  

ligand. The free energy of the protein-ligand complex is represented by the G complex 

Gx = (EMM ) – TS + (Gsolv ) —> (2) 

Similarly, equation (2) is used to calculate the bound or unbound state’s free energy. 

The x indicates the unbound states or protein-ligand complex. E MM is used to calculate 

the average molecular mechanics energy and TS indicates the entropic contribution. 

The solvation free energy is indicated by G solv 

EMM = Ebonded + Enonbonded —> (3) 
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Equation (3) shows that bonded and non-bonded (i.e. vander Waal’s & electrostatic) 

interactions were considered for calculating the molecular mechanics energy ( EMM )  

for protein-ligand interaction. 

Gsolv = Gnonpolar + Gpolar —> (4) 

The linearized Poisson Boltzmann equation is represented by  Gsolv,   where polar and 

non-polar hydrophobic contribution  (Gpolar & Gnonpolar) is taken into consideration for 

estimating the solvent accessible surface area.  It was assumed that as all ligands are 

binding to one distinct protein target, therefore these ligands will contribute similar 

entropic energy. Hence, in our analysis complicated entropic contribution was not taken 

into account and was removed at the time of calculation. 

3. Results and discussion 

3.1 Virtual screening (VS) 

VS is the most widely used technique in the drug discovery process. The complete flow 

chart of our current study is represented in Figure 4-2. As mentioned earlier, we have 

selected three protein targets which known to play a crucial role in the fibrinolysis 

process i.e., tissue-type plasminogen activator kringle-2 domain (1PK2), plasminogen 

kringle-1 domain (4CIK), and serine protease domain of plasminogen (5UGG). From 

the crystallographic structures of protein i.e., 1PK2, 4CIK, and 5UGG, the co-

crystallized ligands with ligand IDs ACA, XO3, and 89M were removed from the 

protein complex, and the residues found interacting with these ligands were selected as 

active site pockets. We have used the structure-based drug design approach to identify 

the lead compounds which could bind to the specific pocket region accordingly [57]. 

As mentioned earlier, one million molecules were retrieved from the ZINC database 

and post-screening of these compounds in the RASPD tool we obtained 500 hits for 

each protein target (1500 hits total). These 1500 compounds (500 per protein) were 

optimized in the Discovery studio and molecular docking was performed by three 

different tools accordingly. 
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Figure 4-2:  Flow chart of the virtual screening process using combined molecular 

docking and molecular dynamics simulation approaches. 

3.2 Comparative Molecular Docking 

To understand the interaction profile of 1500 ligands (500 per protein) with the protein 

targets, we conducted a comparative molecular docking analysis using three different 
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tools, i.e., Auto dock Vina, Glide, and ParDOCK/BAPPL+. The 500 hits were 

individually docked to the active site pocket of 1PK2, 4CIK, and 5UGG respectively. 

The key active site residues of the 1PK2 protein target include TRP80, THR79, LEU78, 

ARG71, TRP69, ASP63, and VAL40. Similarly, the binding site of the 4CIK protein 

target includes ARG35, ASP55, ASP57, TRP62, TYR64, ARG71, and TYR72 active 

site residues. Likewise, for the 5UGG protein target, the residues selected for docking 

include PHE587, CYX588, HID603, LYS607, and SER736, CYX737, GLN738, 

GLY739, SER741, THR759, TRP761, and GLY762. Based on the binding energies, 

the top 10 hits for each target protein were ranked based on the scores obtained from 

the three docking tools: Autodock vina, ParDOCK/BAPPL+, and Glide (Table 4-1, 

Table 4-2, and Table 4-3). Detailed Glide SP and XP scores of the top three ligands hit 

against each protein target are also provided in (Table 4-4). Among these 10 hits, we 

narrowed it down to the top three ligands by selecting the common hits found in all 

three docking tools. The docking results obtained from docking all the nine identified 

ligands (P27, P67, P76, C19, C90, C97 U19, U94, U97) and the reference ligands 

(ACA, XO3, and 89M) with their respective protein targets (1PK2, 4CIK, and 5UGG) 

are provided in Table 4-5. The interacting residues which include both the active site 

and novel (other than the active site) residues of the proteins (1PK2, 4CIK, and 5UGG) 

with their respective ligands (P27, P67, P76, C19, C90, C97 U19, U94, U97) 1PK2 are 

provided in Table 4-1. The 2D structures of the nine identified compounds (three for 

each protein target) are provided in Figure 4-3 [(A)-(I)]. As mentioned earlier, for 

comparative docking studies of the 1PK2 protein target, the ligand ACA was selected 

as the reference ligand. Its binding energy was found to be -3.9 kcal/mol and -4.9 

kcal/mol in Autodock Vina and ParDOCK/BAPPL+ respectively. Similarly, the Glide 

score obtained for the reference ligand was -7.25 kcal/mol. Simultaneously, we 

conducted docking studies for each of the top three ligands i.e., ZINC12211330 (P27), 

ZINC00718625 (P67), ZINC09970930 (P76) against the 1PK2 protein target. The 

identified ligands P27, P67, P76 exhibited binding energy of -7.6, -8.3, -8.9 kcal/mol in 

Autodock Vina and -8.84, -9.60, -9.63 kcal/mol. in ParDOCK/ BAPPL+ respectively. 

Similarly, the Glide score obtained for P27, P67 & P76 was -8.6, -9.31, -9.42 kcal/mol 

respectively. As shown, the interacting residues of 1PK2 with P27 are LYS39, VAL40,  
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Table 4-1:  AUTODOCK-VINA scores of the top 10 identified ligands docked 

with their respective protein targets. 

AUTODOCK-VINA SCORES (TOP 10) 

1PK2 4CIK 5UGG 

Ligands 
Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 

P76 -8.9 C97 -8.8 U97 -11.4 

P27 -8.3 C38 -8.6 U94 -11 

P95 -7.8 C19 -8.5 U19 -10.9 

P67 -7.6 C90 -8.2 U90 -10.63 

P03 -7.58 C63 -8.1 U26 -10.6 

P83 -7.57 C20 -8 U08 -10.5 

P09 -7.54 C07 -7.9 U51 -10.3 

P01 -7.51 C10 -7.8 U80 -10.2 

P71 -7.4 C27 -7.7 U18 -10 

P78 -7.32 C66 -7.6 U87 -9.88 

ACA-std -3.9 XO3-std -7.4 89M-std -9 
 

Table 4-2: PARDOCK/BAPPL+ scores of the top 10 identified ligands docked 

with their respective protein targets. 

PARDOCK/BAPPL+ SCORES (TOP 10) 

1PK2 4CIK 5UGG 

Ligands 
Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 

P66  -11.85 C86  -11.03 U97 -8.33 

P74  -11.09 C62  -10.76 U7 -8.08 

P79  -10.41 C83  -10.71 U94 -8.02 

P78  -10.18 C22 -10.68 U59  -8.01 

P44 -9.98 C38 -10.6 U19 -7.9 

P48  -9.85 C12 -10.57 U55  -7.86 

P22 -9.73 C97 -9.47 U15  -7.74 

P76 -9.63 C18 -9.2 U81 -7.7 

P27  -9.6 C19 -9 U35 -7.69 

P67 -8.84 C90 -8.9 U40 -7.6 

ACA-std -4.9 XO3-std  -6.66 89M-std -5.9 
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Table 4-3: GLIDE scores of the top 10 identified ligands docked with their 

respective protein targets. 

GLIDE SCORES (TOP 10) 

1PK2 4CIK 5UGG 

Ligands 
Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 
Ligands 

Binding energy 

(kcal/mol) 

P82  -10.11 C32 -9.9 U88 -9.78 

P86 -9.98 C62 -9.5 U97 -9.6 

P67 -9.7 C97 -9.3 U96 -9.53 

P48 -9.56 C19 -8.92 U94 -9.41 

P76 -9.42 C74 -8.81 U49 -9.33 

P27 -9.31 C90 -8.75 U22 -9.21 

P67 -8.6 C36 -8.56 U19 -8.87 

P22 -8.4 C49 -8.51 U11 -8.76 

P64 -8.37 C40 -8.42 U09 -8.54 

P93 -8.1 C15 -8.13 U08 -8.39 

ACA-std -7.25 XO3-std -7.4 89M-std -7.5 

 

Table 4-4: GLIDE scores of the top 3 identified ligands docked with their 

respective protein targets. 

GLIDE DOCKING SCORES (TOP 3 identified and reference ligands) 

Protein target Ligand Docking Score XP Gscore Glide Gscore Glide energy 

1PK2 

P27 -9.12 -9.42 -9.42 -39.63 

P67 -8.52 -8.6 -8.6 -37.27 

P76 -9.31 -9.31 -9.31 -35.56 

ACA -7.11 -7.25 -7.25 -22.85 

4CIK 

C19 -8.34 -8.92 -8.92 -43.23 

C90 -7.82 -8.75 -8.75 -39.23 

C97 -8.9 -9.3 -9.3 -40.01 

XO3 -6.75 -7.15 -7.15 -31.62 

5UGG 

U19 -9.21 -9.6 -9.6 -88.73 

U94 -8.67 -9.41 -9.41 -85.92 

U97 -8.33 -8.87 -8.87 -79.37 

89M -7.45 -7.5 -7.5 -70.75 
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Table 4-5: Molecular docking results of the top nine identified ligands (P27, P67, 

P76, C19, C90, C97 U19, U94, U97) and the reference ligands (ACA, 

XO3, and 89M) bound with their respective protein targets (1PK2, 

4CIKand 5UGG) using three docking tools: Autodock vina, 

ParDOCK/BAPPL+, and Glide respectively.   

Protein 

target 
Ligands 

Autodock 

Vina- 

Binding 

Energy 

(Kcal/mol) 

ParDOCK 

and 

BappL- 

Binding 

energy 

(Kcal/mol) 

Glide 

Score 
Interacting residues 

1PK2 

P27 -8.3 -9.6 -9.31 

LYS39, VAL40, TYR41, 

ASP63, TRP69, HIS71, 

ARG77, LEU78, THR79, 

TRP80, GLU81, TYR82 

P67 -7.6 -8.84 -8.6 

 GLU23, LYS39, VAL40, 

TYR41, HIS71, ASP63, 

TRP69, ARG77, LEU78, 

TRP80, GLU81, TYR82 

P76 -8.9 -9.63 -9.42 

LYS39, VAL40, TYR41, 

TRP69, HIS71, ARG77, 

LEU78, THR79, TRP80, 

GLU81, TYR82 

ACA -3.9 -4.9 -7.25 

LYS39, VAL40, TYR41, 

ASP63, ASP65, LEU78, 

THR79, TRP80, TRP69 

4CIK 

C19 -8.5 -9 -8.92 

ARG35, ASP55, ASP57, 

PRO58, GLN59, TRP62, 

TYR64, ARG71, TYR72, 

TYR74 

C90 -8.2 -8.9 -8.75 

ARG35,ASP55, ASP57, 

GLN59, TRP62, GLU69, 

LYS70, ARG71,TYR72, 

ASP73, TYR74 

C97 -8.8 -9.47 -9.3 

ARG35, PHE36, ASP55, 

ASP57, PRO58, GLN59, 

TRP62, TYR64, ARG71, 

TYR72, TYR74 
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Protein 

target 
Ligands 

Autodock 

Vina- 

Binding 

Energy 

(Kcal/mol) 

ParDOCK 

and 

BappL- 

Binding 

energy 

(Kcal/mol) 

Glide 

Score 
Interacting residues 

XO3 -7.4 -6.66 -7.15 

ARG35, PHE36, ARG71, 

TYR72, TYR74, TYR64, 

TRP62, ASP55, ASP57 

5UGG 

U19 -10.9 -7.9 -8.87 

HID63, CYS64, LEU65, 

GLU66, LYS67, SER68, 

ARG70, SER72, SER73, 

TYR74, GLN198, SER201 

U94 -11 -8.02 -9.41 

SER68, LYS67, TYR74, 

GLU66, LEU65, CYS64, 

HID63, CYS197, SER196, 

ASP195, VAL233, GLY232, 

CYS225, GLY224, LEU223, 

GLY222, TRP221, SER220, 

SER201 

U97 -11.4 -8.33 -9.6 

ALA62, HID63, CYS64, 

LEU65, GLU66, LYS67, 

SER68, TYR74, SER73, 

CYS197, SER196, ASP195, 

GLY232, VAL233, SER220, 

TRP221, GLY222, LEU223, 

GLY224, SER201 

89M -9 -5.9 -7.5 

SER68, LYS67, GLU66, 

LEU65, TYR74, PHE47, 

CYS64, HID63, GLY146, 

GLU147, THR148, GLN198, 

GLY199, SER201, SER220, 

TRP221, GLY222, LEU223, 

GLY224 

TYR41, ASP63, TRP69, HIS71, ARG77, LEU78, THR79, TRP80, GLU81, TYR82. 

Likewise, the interacting residues of 1PK2 with P67 are GLU23, LYS39, VAL40, 

TYR41, HIS71, ASP63, TRP69, ARG77, LEU78, TRP80, GLU81, TYR82. Similarly, 
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the interacting residues of 1PK2 with P76 are LYS39, VAL40, TYR41, TRP69, HIS71, 

ARG77, LEU78, THR79, TRP80, GLU81, TYR82. Docking studies for each of the top 

three ligands i.e., ZINC02060288 (C19), ZINC12455413 (C90), ZINC14888376 (C97) 

were performed against the 4CIK protein target. The identified ligands C19, C90, C97 

exhibited binding energy of -8.2, -8.5, -8.8 kcal/mol in Autodock Vina and -8.90, -9.0, -

9.47 kcal/mol in ParDOCK/ BAPPL+ respectively. Similarly, the Glide score obtained 

for C19, C90, C97 was -8.75, -8.92, -9.3 kcal/mol respectively. The reference ligand 

XO3 exhibited binding energy of -7.4 kcal/mol in Autodock Vina and - 6.66 kcal/mol 

in ParDOCK/BAPPL+ and -7.25 in Glide respectively. As shown, the interacting 

residues of 4CIK with C19 are ARG35, ASP55, ASP57, PRO58, GLN59, TRP62, 

TYR64, ARG71, TYR72, TYR74. Likewise, the interacting residues of 4CIK with C90 

are ARG35, ASP55, ASP57, GLN59, TRP62, GLU69, LYS70, ARG71, TYR72, 

ASP73, TYR74. Similarly, the interacting residues of 4CIK with C97 are ARG35, 

PHE36, ASP55, ASP57, PRO58, GLN59, TRP62, TYR64, ARG71, TYR72, TYR74. 

In the same way, docking studies for each of the top three ligands i.e., ZINC12576410 

(U19), ZINC04557820 (U94), ZINC11839443 (U97) were conducted against the 

5UGG protein target. The identified ligands U19, U94 and U97 exhibited binding 

energy of -10.9, -11.0, -11.4 kcal/mol in Autodock Vina and -7.9, -8.02, -8.33 kcal/mol 

in ParDOCK/ BAPPL+ respectively. Similarly, the Glide score obtained for U19, U94, 

and U97 was -8.87, -9.41, and -9.6 kcal/mol respectively. The reference ligand 89M 

exhibited binding energy of -9 kcal/mol in Autodock Vina and -5.9 kcal/mol in 

ParDOCK/BAPPL+ and -7.5 in Glide respectively. As shown, the interacting residues 

of 5UGG with U19 are HID63, CYS64, LEU65, GLU66, LYS67, SER68, ARG70, 

SER72, SER73, TYR74, GLN198, SER201. Likewise, the interacting residues of 

5UGG with U94 are SER68, LYS67, TYR74, GLU66, LEU65, CYS64, HID63, 

CYS197, SER196, ASP195, VAL233, GLY232, CYS225, GLY224, LEU223, 

GLY222, TRP221, SER220, SER201. 
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Figure 4-3: The 2D structures of the lead identified compounds (A) ZINC12211330 (P27), 

(B) ZINC00718625 (P67), (C) ZINC09970930 (P76), (D) ZINC02060288 

(C19), (E) ZINC12455413 (C90), (F) ZINC14888376 (C97), (G) 

ZINC12576410 (U19), (H) ZINC04557820 (U94), (I) ZINC11839443 (U97) 

Similarly, the interacting residues of 5UGG with U97 are ALA62, HID63, CYS64, 

LEU65, GLU66, LYS67, SER68, TYR74, SER73, CYS197, SER196, ASP195, 

GLY232, VAL233, SER220, TRP221, GLY222, LEU223, GLY224, SER201. Overall, 

from the docking results, it can be construed that in comparison to reference ligands 

ACA, XO3, and 89M, the identified ligands P27, P67, P76, C19, C90, C97 U19, U94, 

U97 exhibited higher binding energy and stronger affinity towards their respective 

protein targets 1PK2, 4CIK, and 5UGG. Apart from the active site residues of the target 

proteins, no other residues are found to interact with the reference ligand ACA, XO3, 

and 89M. Therefore, it can be ascertained that the identified ligands form more 

favorable interactions with their respective protein targets, thus enhancing stronger and 

stable binding. The 2D interaction images of all the top nine ligands P27, P67, P76, 
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C19, C90, C97 U19, U94, U97 complexed with their respective protein targets 1PK2, 

4CIK, and 5UGG are also provided in Figure 4-4 [(A)-(I)]. It is noteworthy to mention 

that out of the nine identified ligands, P76, C97, and U97 are the top three ligands that 

bind with greater affinity to their respective targets 1PK2, 4CIK, and 5UGG as implied 

from the docking scores obtained from Autodock vina, ParDOCK/BAPPL+ and Glide 

(Table 4-5). Post docking, ADMET & TOPKAT properties such as solubility, intestinal 

adsorption, etc. of the identified ligands and the reference ligands were investigated, As 

provided in Table 4-6 and Table 4-7, these ligands were found non-hepatotoxic, have 

the least development toxicity and they don’t inhibit the cytochrome 4502D6 

(CYP2D6) enzyme. The identified ligands were also found not to bind to plasma 

protein (PP) and don’t exhibit any rodent carcinogenicity, Ames mutagenicity, and skin 

irritation. 

 

Figure 4-4: The 2D interaction profile of lead molecules into the binding site of their 

respective protein targets 1PK2, 4CIK and 5UGG (A) ZINC12211330 (P27), 

(B) ZINC00718625 (P67), (C) ZINC09970930 (P76), (D) ZINC02060288 

(C19), (E) ZINC12455413 (C90), (F) ZINC14888376 (C97), (G) 

ZINC12576410 (U19), (H) ZINC04557820 (U94), (I) ZINC11839443 (U97) 
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Table 4-6: ADMET properties of top 3 identified ligands for each protein target. 

ADMET properties: Extension hepatotoxicity: <1 is nontoxic.  CYP2D6: -ve 

is noninhibitors and +ve is inhibition, human intestinal absorption level: 0 

(good); 1 (moderate); 2 (low); 3 (very low), (aqueous solubility): 0 (extremely 

low); 1 (low); 2 (good); 3 (optimal); 4 (too soluble), BBB (blood brain 

barrier): 0(very high); 1(high); 2 (mediums); 3 (low); 4 (undefined). 

Protein 
Ligand 

name 

Solubility 

level 

BBB 

Penetration 

level 

Absorption 

level 

Extension 

CYP2D6 

Extension 

hepatotoxicity 

1PK2 

P27 1 3 0 -1.52 (false) -11.08 (false) 

P67 2 3 1 -9.95 (false) -18.01 (false) 

P76 2 3 1 -7.24 (false) -6.26 (false) 

ACA 5 3 0 -4.03 (false) -11.83 (false) 

4CIK 

C19 2 3 1 -0.13 (false) -14.09 (false) 

C90 2 3 0 -4.45 (false) -7.81 (false) 

C97 3 3 0 -1.8 (false) -4.85 (false) 

XO3 4 3 0 -4.11 (false) -6.21 (false) 

5UGG 

U19 2 4 2 -3.21 (false) -7.68 (false) 

U94 1 3 1 -7.24 (false) -5.11 (false) 

U97 2 4 0 -7.28 (false) -6.51 (false) 

89M 2 4 0 -9.51 (false) -5.81 (false) 

 

Table 4-7: TOPKAT properties of top 3 identified ligands for each protein 

target.TOPKAT properties: NC -Non-carcinogenic, C-Carcinogenic, NT-

Non-Toxic, T-Toxic, NI-Non-Irritant, I-Irritant, NM-Non-Mutagenic, M-

Mutagenic 

Protein 
Ligand 

name 

NTP 

carcinogenicity 

call (male rat) 

(v3.2) 

NTP 

carcinogenicity 

call (female 

rat) (v3.2) 

Developmental 

toxicity 

potential 

(DTP) (v3.1) 

Skin 

irritation 

(v6.1) 

Ames 

mutagenicity 

(v3.1) 

1PK2 

P27 NC NC NT NI NM 

P67 NC NC NT NI NM 

P76 NC NC NT NI NM 

ACA NC NC T NI NM 

4CIK 

C19 NC NC NT NI NM 

C90 NC NC NT NI NM 

C97 NC NC NT NI NM 

XO3 C C T NI NM 

5UGG 

U19 NC NC NT NI NM 

U94 NC NC NT NI NM 

U97 NC NC NT NI NM 

89M C C NT I M 
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3.3 Trajectory Analysis 

Molecular Dynamics Simulation (MDS) plays a significant role in studying 

conformational changes of protein-ligand complexes and provides valuable insights 

into the prediction and identification of protein-ligand interactions [58]. The top nine 

ligands P27, P67, P76, C19, C90, C97, U19, U94, U97 docked with their respective 

protein targets i.e., plasminogen activator kringle-2 domain (1PK2), plasminogen 

kringle-1 domain (4CIK), and serine protease domain of plasminogen (5UGG) were 

subjected to molecular dynamics simulation in GROMACS for 200ns duration. Also, 

MD simulation for 200ns was performed for reference ligands i.e., ACA, XO3, and 

89M docked with 1PK2, 4CIK, and 5UGG respectively. Additionally, we performed a 

simulation run of 200ns for all the three proteins 1PK2, 4CIK, and 5UGG respectively 

without ligand (APO). Thereafter, we performed trajectory analysis such as Root-mean-

square-deviation (RMSD), Root-mean-square fluctuation (RMSF), Radius of gyration 

(Rg), number of Hydrogen bonds, bond distribution, Principal component analysis 

(PCA), and binding free-energy calculation (MMPBSA) for all the systems (standalone 

proteins, protein-reference ligand complex, and protein-identified ligand complex). 

3.3.1 Root-mean-square deviation analysis   

To elucidate the influence of ligands on the conformational stability of the protein, we 

have analyzed the root-mean-square deviation (RMSD) of backbone atoms of all the 

systems using the standard g_rms function of GROMACS for an overall time of 200 ns 

simulation run (Figure 4-5 A-C). As provided in Table 4-8, 1PK2 protein docked with 

the reference ligand ACA and the identified legends P27, P67, P76 shows an average 

deviation of 0.32± 0.04 nm, 0.45± 0.05 nm, 0.36± 0.04 nm, 0.4± 0.03 nm respectively. 

The 1PK2 APO protein exhibits an average deviation of 0.44± 0.05 nm. From the 

RMSD graphs, it can be inferred that all the systems are equilibrated and have 

converged within a range of 0.2-0.5nm (Figure 4-5A). Similarly, 4CIK protein docked 

with ligands X03 (reference ligand), C19, C90, C97 shows an average deviation of 

0.29± 0.03 nm, 0.29± 0.03 nm, 0.3± 0.03 nm, 0.34± 0.04 nm respectively. The 4CIK 

APO protein exhibits an average deviation of 0.34± 0.06 nm. This suggests that all the 
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systems are equilibrated and have converged within a range of 0.2 - 0.4 nm (Figure 4-

5B, Table 4-8). Likewise, 5UGG protein docked with ligands 89M (reference ligand), 

U19, U94, U97 exhibited an average deviation of 0.24± 0.02 nm, 0.29± 0.02 nm, 0.3± 

0.02 nm, 0.31± 0.02 nm respectively. The 5UGG APO protein shows deviations of 

0.24± 0.02 nm. This implies that all the systems that have converged within a range of 

0.2-0.35 nm have attained equilibration (Figure 4-5C, Table 4-8). Although the RMSD 

profile shows an insignificant difference in the average value and minor fluctuations 

throughout, convergence is observed which indicates that our simulations have 

achieved stable trajectories. Hence, other conformational dynamics analysis is required 

to deduce further conclusions. 

Table 4-8:  RMSD values of all the protein-ligand complexes 

RMSD 

Protein-Ligand Complex 
Average(nm) SD -/+ 

(30-200ns) 

1PK2-APO 0.44 0.05 

1PK2-D27 0.45 0.05 

1PK2-D67 0.36 0.04 

1PK2-D76 0.4 0.03 

1PK2-ACA 0.32 0.05 

4CIK-APO 0.34 0.06 

4CIK-D19 0.29 0.03 

4CIK-D90 0.3 0.03 

4CIK-D97 0.34 0.04 

4CIK-XO3 0.31 0.03 

5UGG-APO 0.27 0.02 

5UGG-D19 0.29 0.02 

5UGG-D94 0.3 0.02 

5UGG-D97 0.31 0.02 

5UGG-89M 0.24 0.02 
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Figure 4-5:  RMSD profile of all the systems: 1PK2, 4CIK, and 5UGG. (A) RMSD profile 

of 1PK2 protein-ligand complexes (top three identified ligands P27, P67, P76, 

and reference ligand ACA) along with APO. (B) RMSD profile of 4CIK 

protein-ligand complexes ( top three identified ligands C19, C90, C97and 

reference ligand XO3) along with APO. (C) RMSD profile of 5UGG protein-

ligand complexes (top three identified ligands U19, U94, U97, and reference 

ligand 89m) along with APO. (D) RMSF profile of 1PK2 protein-ligand 

complexes (top three identified ligands P27, P67, P76, and reference ligand 

ACA) along with APO. (E) RMSF profile of 4CIK protein-ligand complexes 

(top three identified ligands C19, C90, C97and reference ligand XO3) along 

with APO. (F) RMSF profile of 5UGG protein-ligand complexes (top three 

identified ligands U19, U94, U97, and reference ligand 89m) along with APO. 

3.3.2 Residue flexibility analysis 

To understand the overall residue-wise protein dynamics in the systems, the evaluation 

of root mean square fluctuations (RMSF) plays a very important role. Therefore, to 

check the stability and flexibility of the residues, we have calculated the RMSFs for an 

entire simulation run of 200ns using the gmx_rmsf module of GROMACS (Figure 4-5 

D-F). From the RMSF profile, it can be understood that 1PK2 protein docked with 

ligands P27, P67, and P76 exhibited a similar pattern of fluctuation like the reference 

ligand ACA at active site residues TRP80, THR79, LEU78, ARG 71, TRP69, ASP63 

respectively. 1PK2 docked with ligands P27, P67 and P76 show a fluctuation peak of 
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values 0.15nm, 0.16nm, 0.18nm at residue VAL40 respectively but a higher fluctuation 

peak of 0.36 nm is observed at residue VAL40 for the reference ligand. This indicates 

that the ligands P27, P67, and P76 are contributing to the greater rigidity of the binding 

pocket of 1PK2 (Figure 4-5D). Similarly, 4CIK protein docked with ligands C19, C90, 

and C97 exhibited a similar pattern of fluctuation like the reference ligand XO3 at 

active site residues ARG35, TRP62, TYR64, ARG71, TYR72 respectively. Likewise, 

4CIK docked with ligands C19, C90, and C97 exhibited fluctuation of 0.15 nm at the 

residues ASP55 and ASP57 but in the case of reference ligand XO3, a higher 

fluctuation of 0.3 nm is observed. Also, XO3 shows a higher peak of 0.42nm at 

residues ASN9 and LYS8. This suggests that the identified ligands C19, C90, and C97 

have made the binding pocket more rigid and intact (Figure 4-5E). In the same manner, 

5UGG protein docked with ligands U19, U94, and U97 displayed the fluctuation 

pattern resembling the reference ligand 89M at active site residues LYS67, PHE68, 

CYX83, HID87, GLN239 respectively. Likewise, 5UGG docked with ligands U19, 

U94, and U97 exhibited fluctuation of 0.2nm, 0.2nm, and 0.28nm at the residues 

GLY762, SER765, CYS763 respectively, but in the case of reference ligand 89M, a 

higher fluctuation of 0.32 nm is observed. Also, 89M shows a higher peak of 0.5nm at 

residues TRP736, THR737, and GLY738. This propounds that the identified ligands 

U19, U94, and U97 have made the binding pocket more inflexible (Figure 4-5F). From 

the RMSF profile of all the systems, it can be inferred that the ligands P27, P67, P76, 

C19, C90, C97, U19, U94, U97 are responsible for the restricted dynamics at the active 

site residue pocket of their respective protein targets and for imparting structural 

rigidity.   

3.3.3 Compactness analysis 

To study the compactness of all the protein-ligand complexes, the radius of gyration 

(Rg) is computed using the gmx_gyrate function of GROMACS for a simulation time 

of 200ns. Rg is explained as the distance measured between the terminal end of protein 

and its center of mass during simulation. When a ligand docks to a protein, there is a 

conformational shift that changes the radius of gyration [59]. The compact protein 

structure tends to maintain a low Rg average deviation thus showing dynamic stability. 
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The combined Rg plot of all ligands is represented in Figure 4-6 [A-C]. As provided in 

Figure 4-6A and Table 4-9, 1PK2 protein docked with ligands ACA (reference ligand), 

P27, P67, P76 shows an average Rg deviation of 1.31± 0.02 nm, 1.29± 0.01 nm, 1.27± 

0.01 nm, 1.28 ± 0.02 nm respectively from 30-200 ns simulation time. Similarly, 4CIK 

protein docked with ligands X03 (reference ligand), C19, C90, C97 shows an average 

Rg deviation of 1.26 ± 0.01 nm, 1.23± 0.01 nm, 1.22± 0.01 nm, 1.21 ± 0.01 nm 

respectively from 30-200 ns simulation time (Figure 4-6B and Table 4-9). Likewise, 

5UGG protein docked with ligands 89M (reference ligand), U19, U94, U97 exhibited 

an average Rg deviation of 1.77± 0.01 nm, 1.74± 0.01 nm, 1.75± 0.01 nm, 1.73 ± 0.01 

nm respectively from 30-200 ns simulation time (Figure 4-6C and Table 4-9). 

Collectively, from the radius of gyration profile, it can be concluded that the identified 

ligands P27, P67, P76, C19, C90, C97, U19, U94, U97 are responsible for making the 

structure more compact compared to the reference ligands ACA, XO3, and 89M 

respectively. 

Table 4-9: Rg values of all the protein-ligand complexes. 

Radius of gyration 

Protein-Ligand Complex 
Average(nm) SD -/+ 

(30-200ns) 

1PK2-APO 1.26 0.02 

1PK2-D27 1.29 0.01 

1PK2-D67 1.27 0.01 

1PK2-D76 1.28 0.02 

1PK2-ACA 1.31 0.02 

4CIK-APO 1.2 0.01 

4CIK-D19 1.23 0.01 

4CIK-D90 1.22 0.01 

4CIK-D97 1.21 0.01 

4CIK-XO3 1.26 0.01 

5UGG-APO 1.74 0.01 

5UGG-D19 1.74 0.01 

5UGG-D94 1.75 0.01 

5UGG-D97 1.73 0.01 

5UGG-89M 1.77 0.01 
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Figure 4-6: Radius of gyration profile of all the systems: 1PK2, 4CIK, and 5UGG (A) 

Radius of gyration profile of 1PK2 protein-ligand complexes (top three 

identified ligands P27, P67, P76, and reference ligand ACA) along with APO. 

(B) The radius of gyration profile of 4CIK protein-ligand complexes (top 

three identified ligands C19, C90, C97and reference ligand XO3) along with 

APO. (C) The radius of gyration profile of 5UGG protein-ligand complexes 

(top three identified ligands U19, U94, U97, and reference ligand 89m) along 

with APO. (D) SASA profile of 1PK2 protein-ligand complexes (top three 

identified ligands P27, P67, P76, and reference ligand ACA) along with APO. 

(E) SASA profile of 4CIK protein-ligand complexes (top three identified 

ligands C19, C90, C97and reference ligand XO3) along with APO. (F) SASA 

profile of 5UGG protein-ligand complexes top three identified ligands U19, 

U94, U97 and reference ligand 89m) along with APO. 

3.3.4 Solvent Accessible Surface Area analysis 

To calculate the solvent-accessible surface area (SASA) of a molecular surface, a 

method is employed which involves the in-silico rolling of a spherical probe that 

approximates a water molecule, encompassing a full-atom protein model [60]. This 

procedure takes into account the expansion of the van der Waals radius for each atom 

by 1.4 Å (the radius of a polar solvent probe) followed by the calculation of the surface 

area of these atoms with expanded radius. Therefore, the SASA values of all the 

complexes were computed using the gmx_sasa function of GROMACS for a simulation 

time of 200ns (Figure 4-6 D-F). 
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As provided in Figure 4-6D and Table 4-10, 1PK2 protein docked with ligands ACA 

(reference ligand), P27, P67, P76 shows an average SASA value of 58.94± 1.7 nm2, 

58.67± 1.83 nm2, 58.34± 1.54 nm2, 58.76± 1.53nm2 respectively from 30-200 ns 

simulation timeframe. It is observed that the SASA curves followed the same trend as 

the reference ligand ACA. Similarly, 4CIK protein docked with ligands X03 (reference 

ligand), C19, C90, C97 shows an average SASA value of 54.46 ± 2.0 nm2, 54.18± 2.3 

nm2, 54.28± 1.72 nm2, 53.21± 1.7 nm2 respectively from 30-200 ns simulation time 

frame (Figure 4-6E and Table 4-10). The C19, C90, and C97 show a similar pattern of 

average SASA values when compared to XO3. Likewise, 5UGG protein docked with 

ligands 89M (reference ligand), U19, U94, U97 exhibited an average SASA value of 

124.75± 2.85 nm2, 123.61± 2.36 nm2, 124.32± 2.62 nm2,124.24± 2.84 nm2 respectively 

from 30-200 ns simulation time frame (Figure 4-6F and Table 4-10). The same pattern 

of SASA values was obtained for all the identified ligands. 

Table 4-10: SASA values of all the protein-ligand complexes. 

SASA 

Protein-Ligand Complex 
Average(nm ) SD -/+ 

(30-200ns) 

1PK2-APO 56.9 1.86 

1PK2-D27 58.67 1.83 

1PK2-D67 58.34 1.54 

1PK2-D76 58.76 1.53 

1PK2-ACA 58.94 1.7 

4CIK-APO 53.01 1.56 

4CIK-D19 54.18 2.3 

4CIK-D90 54.28 1.72 

4CIK-D97 53.21 1.7 

4CIK-XO3 54.46 2 

5UGG-APO 122.63 3.2 

5UGG-D19 123.61 2.36 

5UGG-D94 124.32 2.62 

5UGG-D97 124.24 2.84 

5UGG-89M 124.75 2.85 



Chapter 4: Identification of potential antifibrinolytic … 

Page | 127  

It is observed that similar to reference ligands, the identified ligands make the active 

site residues of the protein targets readily accessible to the solvent surface, thus 

exposing the proteins to the hydration shell. Also, the SASA values obtained from the 

analysis of proteins docked with our identified ligands are found to be significantly 

similar to the reference protein-ligand complexes. 

3.3.5 Hydrogen Bond and Bond distribution analysis 

The hydrogen bonds (H-bonds) are known to play a key role in forming stable contacts 

between the ligands and protein target [61]. In this study, H-bond analysis was 

performed on all the protein-ligand systems for a total simulation run of 200ns. The 

number of H-bonds and their bond frequencies are plotted using the gmx_hbond tool of 

GROMACS and are represented in Figure 4-7 A-F.  It is observed that the ligand P67 

formed one stable H-bond of length 0.27 nm with the protein target 1PK2, and its 

frequency to form this bond is 20 % (Figure 4-7A, 4-7D). Likewise, the P76 formed 2-3 

H-bonds during the simulation period and its frequency to form a bond of length of 

0.28 nm is 17.5% (Figure 4-7A, 4-7D).  Similarly, P27 had formed a bond of length 

0.29 nm with a frequency of 17% (Figure 4-7A, 4-7D). The reference ligand ACA did 

not form stable H-bonds and the frequency to form a bond of length of 0.28 nm is only 

10% which is very less compared to identified ligands (Figure 4-7A, 4-7D). In the case 

of the 4CIK protein target, the ligand C97 established stable 1-2 H-bonds during the 

simulation period and had a 23% frequency to form a bond of length 0.28nm (Figure 4-

7B, 4-7E). In the same way, the C90 exhibited 1-2 H-bonds during the simulation 

period, and its ability to form a bond of length 0.27 is 18% (Figure 4-7B, 4-7E). 

Similarly, the ligand C19 formed 1 H-bond, and its frequency to form a bond of length 

of 0.28 nm is 18% (Figure 4-7B, 4-7E). Lastly, we observed that the reference ligand 

XO3 formed unstable H-bonds during the simulation, and its frequency to form a bond 

of length 0.26 nm is only 10%, which is less compared to identified ligands (Figure 4-

7B, 4-7E).  

https://manual.gromacs.org/documentation/5.1/onlinehelp/gmx-hbond.html
https://manual.gromacs.org/documentation/5.1/onlinehelp/gmx-hbond.html
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Figure 4-7: Hydrogen bonding profile of all the systems: 1PK2, 4CIK, and 5UGG. (A) 

Hydrogen bonding pattern of 1PK2 protein-ligand complexes (top three 

identified ligands P27, P67, P76, and reference ligand ACA) along with APO. 

(B) Hydrogen bonding pattern of 4CIK protein-ligand complexes (top three 

identified ligands C19, C90, C97and reference ligand XO3) along with APO. 

(C) Hydrogen bonding pattern of 5UGG protein-ligand complexes (top three 

identified ligands U19, U94, U97, and reference ligand 89m) along with APO. 

(D) H-Bond frequencies of 1PK2 protein-ligand complexes (top three 

identified ligands P27, P67, P76, and reference ligand ACA) along with APO. 

(E) H-Bond frequencies of 4CIK protein-ligand complexes (top three 

identified ligands C19, C90, C97, and reference ligand XO3) along with APO. 

(F) H-Bond frequencies of 5UGG protein-ligand complexes top three 

identified ligands U19, U94, U97 and reference ligand 89m) along with APO. 

Likewise, in the case of the 5UGG protein target, the ligand U97 formed 1-2 stable H-

bonds during the simulation time, and its frequency to form a bond of length 0.27 nm is 

22% (Figure 4-7C, 4-7F). The U94 ligand formed 2-4 stable H-bonds and the frequency 

to form a bond of length 0.27 nm is 27% (Figure 4-7C, 4-7F). Also, the ligand U19 

formed 2-4 H-bonds, and its frequency to form a bond of length of 0.28 nm is 20% 

(Figure 4-7C, 4-7F). Lastly, the reference ligand 89M formed 1-2 unstable H-bonds, 

and the frequency to form a bond of length 0.27 nm is 15% (Figure 4-7C, 4-7F). 

Overall, from the H-bond analysis, it can be concluded that our identified ligands form 

stable and stronger H-bonds of length > 0.28 nm with their target proteins compared to 

reference ligands. 
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3.3.6 Principal component analysis 

In general, a protein-ligand complex that occupies a smaller phase space with a stable 

cluster denotes a highly stable complex [62]. Therefore, to explore this phenomenon, 

we have performed Principal Component Analysis (PCA) on the trajectories obtained 

from the 200ns simulation period for all the protein-ligand complexes as shown in the 

2D plots of PCA (4-8 A-C). From the PCA graph of 1PK2, it is observed that the 

complexes formed by P27, P67, and P76 with 1PK2 are clustered very closely and the 

area coverage is less compared to the reference ligand ACA (Figure 4-8A). In the same 

way, from the PCA graph of 4CIK, it is observed that the complexes formed by C19, 

C90, and C97 with 4CIK are closely clustered and occupy less area compared to 

reference ligand XO3 (Figure 4-8B). Similarly, from the PCA graph of 5UGG, it is 

observed that the complexes formed by U19, U94, and U97 with 5UGG are clustered 

and occupy small phase space compared to reference ligand 89M (Figure 4-8C). Thus, 

from the PCA analysis, it is implied that our identified ligands impart rigidity to their 

respective protein-ligand complexes by occupying smaller phase space with stable 

cluster formation compared to reference ligands. 

 

Figure 4-8:  Principal component analysis and MMPBSA analysis of all the systems: 

1PK2, 4CIK, and 5UGG. (A)Projection of motion of Apo-1PK2 in black; 

1PK2-ACA complex in yellow; 1PK2-P27 complex in red; 1PK2-P67 in 

green; 1PK2-P76 in blue. (B) Projection of motion of Apo-4CIK in black; 

4CIK-XO3 complex in yellow; 4CIK -C19 complex in red; 4CIK -C90 in 
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green; 4CIK-C97 in blue. (C) Projection of motion of Apo-5UGG in black; 

5UGG-89M complex in yellow; 5UGG -U19 complex in red; 5UGG -U94 in 

green; 5UGG -U97 in blue. (D) Binding energy profile (ΔG) of 1PK2 

complexed with the identified ligands P27, P67, P76, and reference ligand 

ACA. (E) Binding energy profile (ΔG) of 4CIK complexed with the identified 

ligands C19, C90, C97, and reference ligand XO3. (F) Binding energy profile 

(ΔG) of 5UGG complexed with the identified ligands U19, U94, U97, and 

reference ligand 89M. 

3.3.7 Binding free energy calculation 

The results obtained by calculation of the free energy of ligands give insights into 

ligands' binding potential with bonded and non-bonded entities [63]. In this study, the 

g_mmpbsa tool was used to calculate binding free energy (ΔG) for the last 50ns of the 

simulation time (Figure 4-8 D-F). From the MMPBSA graphs, it is observed that the 

reference ligand ACA, and the identified ligands P27, P67, P76 bound to the 1PK2 

target protein exhibit binding energy of -26.460 +/- 9.222 kJ/mol and -77.975 +/- 

19.181 kJ/mol, -90.798 +/- 37.674 kJ/mol, -145.653 +/- 20.078 kJ/mol respectively 

(Figure 4-8D). Thus, the binding free energies (ΔG) of 1PK2 bound with our identified 

ligands were found to be significantly better than that of 1PK2 bound with the reference 

ligand. Additionally, the four individual energy components such as van der Waal 

energy (ΔEvdW), electrostatic energy (ΔEelec), polar solvation energy (Δgpolar-solv), and 

SASA energy (ΔGnon-polar) were compared for all the four protein-ligand complexes i.e., 

1PK2-ACA, 1PK2-P27, 1PK2-67 and 1PK2-P76. The details of the MMPBSA energies 

of all the protein-ligand complexes are provided in Table 4-11. The individual energy 

components van der Waal energy (ΔEvdW), electrostatic energy (ΔEelec), polar solvation 

energy (ΔGpolar-solv) and SASA energy (ΔGnon-polar)  was found to be -40.822 +/ -9.960 

kJ/mol, -5.951 +/- 6.304 kJ/mol, 27.127 +/- 13.044 kJ/mol, -6.815 +/- 1.117 kJ/mol in 

1PK2-ACA complex, -118.529 +/- 17.130 kJ/mol, -5.881 +/- 6.590 kJ/mol, 61.449   +/- 

21.931 kJ/mol, -15.014 +/- 1.943 kJ/mol in 1PK2-27 complex , -117.567 +/- 47.692 

kJ/mol, -12.887 +/- 9.387 kJ/mol, 51.918 +/- 28.232 kJ/mol, -12.262 +/-5.059 kJ/mol 

in 1PK2-67 complex and -171.612 +/- 24.161 kJ/mol, -0.102   +/- 3.913 kJ/mol, 42.307 

+/- 10.310 kJ/mol, -16.246 +/- 2.225 kJ/mol kJ/mol in 1PK2-76 complex respectively. 

Similarly, from the MMPBSA graphs, it is observed that the reference ligand XO3 and 
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the identified ligands C19, C90, C97 bound to the 4CIK protein target exhibit binding 

energy of -20.066 +/- 30.373 kJ/mol and -89.316 +/- 38.412 kJ/mol, -93.881 +/- 39.414 

kJ/mol, -98.949 +/- 32.293 kJ/mol respectively (Figure 4-8E). The details of the energy 

components are provided in Table 4-11 for all the four protein-ligand complexes i.e.,  

Table 4-11: MMPBSA detailed energies (Binding energy and the individual 

energy components van der Waal energy (ΔEvdW), electrostatic energy 

(ΔEelec), polar solvation energy (ΔGpolar-solv), SASA energy (ΔGnon-polar) 

of all the protein-ligand complexes. 

MMPBSA DETAILED ENERGIES  

Protein 

target 
Ligands 

van der 

Waal 

energy 

Electrostatic 

energy 

Polar 

solvation 

energy 

SASA 

energy 

Binding 

energy 

1PK2 

P27 

-118.529   

+/-   

17.130 

kJ/mol 

-5.881   +/-    

6.590 kJ/mol 

61.449   +/-   

21.931 

kJ/mol 

-15.014   

+/-    

1.943 

kJ/mol 

-77.975   

+/-   

19.181 

kJ/mol 

P67 

-117.567   

+/-   

47.692 

kJ/mol 

-12.887   +/-    

9.387 kJ/mol 

51.918   +/-   

28.232 

kJ/mol 

-12.262   

+/-    

5.059 

kJ/mol 

-90.798   

+/-   

37.674 

kJ/mol 

P76 

-171.612   

+/-   

24.161 

kJ/mol 

-0.102   +/-    

3.913 kJ/mol 

42.307   +/-   

10.310 

kJ/mol 

-16.246   

+/-    

2.225 

kJ/mol 

-145.653   

+/-   

20.078 

kJ/mol 

ACA 

-40.822   

+/-    

9.960 

kJ/mol 

-5.951   +/-    

6.304 kJ/mol 

27.127   +/-   

13.044 

kJ/mol 

-6.815   

+/-    

1.117 

kJ/mol 

-26.460   

+/-    

9.222 

kJ/mol 

4CIK 

C19 

-178.135 

+/- 

49.112 

kJ/mol 

-19.139 +/- 

11.123 

kJ/mol 

126.667 +/- 

27.807 

kJ/mol 

-18.703 

+/- 4.933 

kJ/mol 

-89.31 

+/- 

39.414 

kJ/mol 

C90 

-178.135   

+/-   

49.112 

kJ/mol 

-8.939   +/-   

11.123 

kJ/mol 

111.896   +/-   

27.807 

kJ/mol 

-18.703   

+/-    

4.933 

kJ/mol 

-93.881   

+/-   

39.414 

kJ/mol 

C97 

-128.666   

+/-   

35.350 

kJ/mol 

0.790   +/-    

3.810 kJ/mol 

41.817   +/-   

25.156 

kJ/mol 

-12.890   

+/-    

3.743 

kJ/mol 

-98.949   

+/-   

32.293 

kJ/mol 
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MMPBSA DETAILED ENERGIES  

Protein 

target 
Ligands 

van der 

Waal 

energy 

Electrostatic 

energy 

Polar 

solvation 

energy 

SASA 

energy 

Binding 

energy 

XO3 

-45.470   

+/-    

7.831 

kJ/mol 

-6.123   +/-    

7.523 kJ/mol 

38.916   +/-   

27.368 

kJ/mol 

-7.388   

+/-    

1.775 

kJ/mol 

-20.066   

+/-   

30.373 

kJ/mol 

5UGG 

U19 

-326.449   

+/-   

12.469 

kJ/mol 

-28.751   +/-   

14.338 

kJ/mol 

164.799   +/-   

11.051 

kJ/mol 

-26.749   

+/-    

0.969 

kJ/mol 

-217.150   

+/-   

16.376 

kJ/mol 

U94 

-193.346   

+/-   

18.772 

kJ/mol 

-24.924   +/-   

13.795 

kJ/mol 

106.994   +/-   

23.339 

kJ/mol 

-17.398   

+/-    

1.411 

kJ/mol 

-128.674   

+/-   

20.963 

kJ/mol 

U97 

-332.423   

+/-   

12.146 

kJ/mol 

-28.614   +/-    

7.827 kJ/mol 

148.128   +/-   

10.778 

kJ/mol 

-25.937   

+/-    

1.160 

kJ/mol 

-238.846   

+/-   

17.788 

kJ/mol 

89M 

-199.690   

+/-    

9.099 

kJ/mol 

-30.462   +/-   

10.217 

kJ/mol 

126.314   +/-   

23.798 

kJ/mol 

-23.143   

+/-    

1.662 

kJ/mol 

-126.981   

+/-   

19.836 

kJ/mol 

 

4CIK-XO3, 4CIK-C19, 4CIK-C90, and 4CIK-97. The ΔEvdW component, the ΔEelec 

component, the ΔGpolar-solv component and the ΔGnon-polar component  was found to be -

45.470 +/- 7.831 kJ/mol, -6.123 +/- 7.523 kJ/mol, 38.916 +/- 27.368 kJ/mol, -7.388 

+/- 1.775 kJ/mol in  4CIK-XO3 complex, -178.135 +/- 49.112 kJ/mol, -19.139 +/- 

11.123 kJ/mol, 126.667 +/- 27.807 kJ/mol, -18.703 +/- 4.933 kJ/mol in 4CIK-C19 

complex , -178.135 +/- 49.112 kJ/mol, -8.939 +/- 11.123 kJ/mol, 111.896 +/- 27.807 

kJ/mol, -18.703 +/- 4.933 kJ/mol in 4CIK-C90 complex, -128.666 +/- 35.350 kJ/mol, 

0.790 +/- 3.810 kJ/mol, 41.817 +/- 25.156 kJ/mol, -12.890 +/- 3.743 kJ/mol in 4CIK-97 

complex respectively.  Likewise, from the MMPBSA graphs, it is observed that the 

reference ligand 89M and the identified ligands U19, U94, U97 bound to the 5UGG 

protein target, exhibits binding energy of -126.981 +/- 19.836 kJ/mol, and -217.150 +/- 

16.376 kJ/mol, -168.674 +/- 20.963 kJ/mol, -238.846 +/- 17.788 kJ/mol respectively 

(Figure 4-8F). The ΔEvdW component, the ΔEelec component, the ΔGpolar-solv component 

and the ΔGnon-polar component  was found to be -199.690 +/- 9.099 kJ/mol, -30.462 +/- 
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10.217 kJ/mol, 126.314 +/- 23.798 kJ/mol, -23.143 +/- 1.662 kJ/mol in 5UGG-89M 

complex,  -326.449 +/- 12.469 kJ/mol, -28.751 +/- 14.338 kJ/mol, 164.799 +/- 11.051 

kJ/mol, -26.749 +/- 0.969 kJ/mol in 5UGG-U19 complex, -193.346 +/- 18.772 kJ/mol. -

24.924 +/- 13.795 kJ/mol, 106.994 +/- 23.339 kJ/mol, -17.398 +/-  1.411 kJ/mol in 

5UGG-U94 complex, -332.423 +/- 12.146 kJ/mol, -28.614 +/- 7.827 kJ/mol, 148.128 

+/- 10.778 kJ/mol, -25.937   +/- 1.160 kJ/mol  in 5UGG-U97 complex respectively. The 

3D images of the top nine identified ligands P27, P67, P76, C19, C90, C97, U19, U94, 

U97 bound to the active site residues of their respective protein targets 1PK2, 4CIK, 

and 5UGG are shown in Figure 4-9 [(A)-(I)]. Furthermore, from the binding energy 

calculation, it can also be concluded that out of the nine identified ligands, the top three 

ligands having the best binding energy are P76, C97, and U97 against their protein 

targets 1PK2, 4CIK, and 5UGG respectively. 

 

Figure 4-9: Schematic representation of the top three identified ligands docked to the 

active site residues of their respective protein targets using VMD. (A) P76 

bound to 1PK2 (B) C97 bound to 4CIK (C) U97 bound to 5UGG. Proteins are 

shown in the New Cartoon representation. Active site residues of the proteins 

are shown in licorice representation. Identified ligands are shown in CPK 

representation.   
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From the MMPBSA profile, it can be inferred that the identified ligands docked with 

their respective target protein have the highest electrostatic energy, SASA energy, and 

Vander Waal energy in comparison with reference ligands. This also indicates that 

despite intermittent hydrogen bond formations as observed during h-bond analysis, the 

ligands were conserved in the binding pocket by nonbonded interactions (electrostatic, 

polar, and nonpolar). Based on overall MD analysis and MMPBSA energies, we have 

found the ligands P76, C97. and U97 to be the best performing amongst the top nine 

ligands. 

4. Conclusions 

In this study, we have identified compounds that can inhibit fibrinolysis by targeting 

each of the three important protein domains: the kringle-2 domain of tissue-type 

plasminogen activator, the kringle-1 domain of plasminogen, and the serine protease 

domain of plasminogen respectively. The top nine ligands (P27, P67, P76, C19, C90, 

C97, U19, U94, U97) were obtained by screening one million molecules from the Zinc 

database. These ligands were docked to their respective protein targets (1PK2, 4CIK, 

and 5UGG) using Autodock-Vina, Schrodinger-Glide, and ParDOCK/BAPPL+. 

Docking scores of these top nine ligands were evaluated and their ADMET profiling 

was also performed keeping the reported ligands (ACA, XO3, and 89M) as reference. 

All the top nine ligands, with the best scores and good ADMET results, were 

individually subjected to MD simulation for a period of 200 ns followed by detailed 

trajectory analysis. RMSD profile suggests that all the protein-ligand complexes have 

attained stable trajectories and are well equilibrated. From the RMSF analysis of all the 

systems, it can be inferred that the identified ligands are responsible for the restricted 

dynamics at the active site residue pocket of their respective protein targets, thereby 

imparting structural rigidity to the protein compared to the reference ligands. Rg data of 

all the systems reveals that in comparison to reference ligands, our identified ligands 

contribute greater compactness to the structure of their respective protein targets. From 

the SASA analysis, it is evident that similar to reference ligands, the identified ligands 

make the active site residues of the protein targets well exposed to the solvent, thereby 

making them readily accessible. From the h-bond analysis and bond distribution, it was 

observed that the identified ligands tend to form stronger H-bonds of length > 0.28 nm 

with their target proteins compared to reference ligands. PCA analysis helps us to 
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understand that in comparison to reference ligands our identified ligands occupy 

smaller phase space and form stable clusters, thus conferring more stability to the 

protein-ligand complexes. The results obtained by analyzing molecular docking and 

MD simulation data are well-validated by the binding free energy calculation. From the 

MMPBSA profile, it is observed that, in the identified protein-ligand complexes, there 

exist strong interactions in terms of energy components other than hydrogen bonding 

such as electrostatic energy, SASA energy, and Vander Waal energy compared to 

reference protein-ligand complexes. Based on overall MD analysis and MMPBSA 

energies, we have found the ligands P76, C97, and U97 to be the best performing 

amongst the top nine ligands. Hence, our study strongly substantiates the point that our 

identified ligands can act as strong inhibitors and further experimental studies can be 

conducted to prove the therapeutic potential of these promising antifibrinolytic agents. 
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Chapter 5 

Evaluation of compounds having potential anti-cancer activity 

against programmed death-ligand 1 (PD-L1) using combined 

molecular docking, and molecular dynamics simulation 

approaches. 

1. Introduction 

The T cells (T lymphocytes) of the immune system have the potential to selectively 

recognize and destroy pathogens or abnormal cells, including cancer cells, by 

orchestrating a coordinated immune response including innate and adaptive responses 

[1]. Immune checkpoints are several costimulatory and co-inhibitory pathways that 

regulate the antigen recognition of the T-cell receptor in the process of the immune 

response [2-3]. In normal conditions, checkpoints ensure that the immune system cells 

do not mistakenly kill healthy cells during an immune response (known as an 

autoimmune reaction) [4]. Cancer cells can exploit these immune checkpoints as a way 

to evade immune detection and elimination by distorting its co-stimulatory and 

coinhibitory molecules [5-6]. Immune checkpoint therapy is currently considered to be 

one of the most promising strategies in the field of cancer immunotherapy [7-8]. 

Immune checkpoint therapy predominantly relies on restoring the unregulated co-

signaling axis to release immune cells for removing malignant cells by administration 

of co-stimulatory signals agonists or co-inhibitory signals antagonists [9]. Cytotoxic T-

lymphocyte-associated antigen 4 (CTLA-4) and programmed cell death protein 1 (PD-

1), as well as its ligand PD-L1, are the most well-recognized co-inhibitory immune 

checkpoint molecules [10]. Accumulating evidence delineates that the PD-1/ PD-L1 

signaling pathway plays a pivotal role in the maintenance of peripheral tolerance in 

normal tissues and in preventing autoimmunity [11]. Thus, it is not surprising that 

tumor cells can exploit the PD-1/PD-L1 axis to evade antitumor immune responses and 

eventually progress, propagate, and metastasize [12-14].  Previous studies suggest that 

the interaction of PD-L1/PD-1 in the tumor microenvironment promotes cancer 

development and progression by enhancing tumor cell proliferation and survival [15]. 

An encouraging number of studies report that targeting the programmed death 1 (PD-

https://www.abcam.com/primary-antibodies/t-cells-basic-immunophenotyping
https://www.abcam.com/pathways/cancer-immunotherapy-immune-checkpoint-pathway
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1)/PD-1 ligand (PD-L1) immune checkpoint promotes an effective immune response 

against cancer cells and may be of significant therapeutic value (Figure 5-1) [16].  

 

Figure 5-1:  PD-1 and PD-L1 interaction of tumor cells and antigen-presenting cells 

(APC) with T cells that inhibit immune response. IFNγ help induces or 

maintains the expression of PD-L1. Anti-PD-L1 inhibits the interaction 

between PD-1 and PD-L1. [Adapted from Akinleye, A., Rasool, Z. Immune 

checkpoint inhibitors of PD-L1 as cancer therapeutics. J Hematol 

Oncol 12, 92 (2019)]. 

In this regard, the U.S. Food and Drug Administration (FDA) has approved targeted 

therapies like monoclonal antibodies (mAbs) namely nivolumab, pembrolizumab, and 

cemiplimab as well as PD-L1 inhibitors, atezolizumab, durvalumab, and avelumab [17-

18].  These inhibitors have demonstrated their unique advantages which include well-

tolerance, longer survival time, and higher potency against tumors [19-20]. Although 

mAbs exhibit high specificity and are ideal for blocking protein−protein interaction, 

some shortcomings exist like small half-life, less oral bioavailability, low stability, high 

manufacturing cost, immune-related adverse effects, and incomplete response to cancer 

patients [21-22]. In comparison to mAbs, small molecules have manageable 

pharmacodynamic and pharmacokinetic profiles, which provide them some definite 

advantages such as easy usage, higher membrane permeability, oral bioavailability, 

easy combination with other treatments, negligible immunogenicity, and rapid binding 

to the target protein [23-24]. Therefore, designing and synthesizing small molecules is a 

promising approach to the development of novel and inexpensive immune checkpoint 

inhibitors for PD-1/PD-L1 [25]. Furthermore, in combination with the mAbs, novel 
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small-molecule inhibitors are contemplated to attain synergistically anticancer effects 

[26]. Recently, novel small-molecule inhibitors bearing triazine scaffolds were 

successfully synthesized and are found to have superior antitumor activity [27]. 

Triazine is found to be a promising scaffold for designing inhibitors for the PD-1/PD-

L1 pathway. It has a wide range of biological applications including antimalarial, 

antibacterial, antiviral, anti-inflammatory, anticancer, antileukemia, and anti-HIV 

activities [28]. Besides that triazine exhibit almost all types of chemical interactions 

like hydrogen, coordination bond (through aromatic N-atom), aromatic stacking 

interactions, electrostatic and charge-transfer interactions. Owing to these unique 

properties of triazine and the ease of performing chemical reactions, it is feasible to 

synthesize derivatives of triazine. Of note, biphenyl scaffold is also known to be a 

potent chemical moiety for blocking the PD-1/PD-L1 signaling pathway due to their 

desirable molecular properties such as manufacturability and high stability [29]. 

Previous literature propounded that the biphenyl moiety is essential for interaction with 

PD-L1 [30]. Synthesis of biphenyl derivative have been extensively carried out by 

amination, halogenation, sulphonation, alkylation, hydroxylation,  metal complexation, 

etc. and have yielded a broad range of compounds with a wide range of activities such 

as antifungal, antimicrobial, anti-diabetic, antiproliferative, immunosuppressant, anti-

inflammatory, analgesic, anti-cancer, etc. [31]. Hence, a novel class of novel small-

molecule inhibitors was designed and synthesized by conjugating these two moieties 

(biphenyl and triazine) to prevent the binding of PD-L1 to its receptor PD-1 and 

ultimately blocking the downstream signaling. The 2D structures of these ten in-house 

synthesized novel small-molecule inhibitors are provided in Figure 5-2 [(a)-(j)]. In this 

present study, evaluation of these synthesized small molecules was done using 

molecular docking followed by ADMET (Absorption, Distribution, Metabolism, 

Excretion, and Toxicity) analysis. Thereafter, a molecular dynamics simulation of 

100ns was carried out for each protein-inhibitor complex. Furthermore, principal 

component analysis (PCA) was performed and binding free energy was calculated 

using the Molecular Mechanics Poisson-Boltzmann Surface Area (MMPBSA) 

approach for all the protein-inhibitor complexes. The novel small-molecule inhibitors 

are expected to contribute to the development of potent anti-cancer agents. 
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Figure 5-2:  The 2D structures of synthesized novel small-molecule inhibitors. (a) - [1,1'-

biphenyl]-3-amine (M1), (b) N-([1,1'-biphenyl]-3-yl)-4,6-dichloro-1,3,5-

triazin-2-amine (M2), (c) N2-([1,1'-biphenyl]-3-yl)-N4-benzyl-6-chloro-1,3,5-

triazine-2,4-diamine (M3), (d) N2-([1,1'-biphenyl]-3-yl)-6-chloro-N4-phenyl-

1,3,5-triazine-2,4-diamine (M4), (e) 2-((4-([1,1'-biphenyl]-3-ylamino)-6-

chloro-1,3,5-triazin-2-yl)amino)ethanol (M5), (f) tert-butyl (2-((4-([1,1'-

biphenyl]-3-ylamino)-6-chloro-1,3,5-triazin-2-yl)amino)ethyl)carbamate 

(M6), (g) N2-([1,1'-biphenyl]-3-yl)-N4-(2-aminoethyl)-6-chloro-1,3,5-triazine-

2,4-diamine (M7), (h) N2-([1,1'-biphenyl]-3-yl)-N4-(3-bromophenyl)-6-

chloro-1,3,5-triazine-2,4-diamine (M8), (i) N2-([1,1'-biphenyl]-3-yl)-6-chloro-

N4-(4-nitrophenyl)-1,3,5-triazine-2,4-diamine (M9) (j) N2-([1,1'-biphenyl]-3-

yl)-6-chloro-N4-(3,4-dimethylphenyl)-1,3,5-triazine-2,4-diamine (M10) 
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2. Methodology 

2.1. Selection of the PD-L1 protein structure and a reference ligand for 

docking purposes: 

The development of novel small-molecule inhibitors that interfere with the PD-1/PD-

L1 pathway has been slow in comparison to the development of mAbs [32-33]. This 

may be due to insufficient structural information which is hindering rational drug 

design and development [34-35]. In a previous report, a few molecules were disclosed 

by Bristol- Myers Squibb which are claimed to be “useful as inhibitors of the PD-1/PD-

L1 protein/protein interaction” however no comprehensive information was provided 

[36]. In a recent study, the interaction of Bristol-Myers Squibb (BMS) compounds with 

the target protein was characterized and it was shown that the compounds directly and 

specifically bind to PD-L1, not PD-1, dissociating a preformed PD-1/PD-L1 complex 

in vitro effectively [37]. Additionally, this report provided the first crystal structure of 

novel small-molecule inhibitors bound to their target protein PD-L1 (in this case PDL1-

dimer). Furthermore, this study contributed valuable insights into the protein-inhibitor 

interaction and pinpointed the druggable “hotspots” at the surface of PD-L1. Therefore, 

we have selected the above-mentioned crystal structure i.e., 5J89 (chain C and chain D) 

for our study and retrieved it from the protein data bank (PDB) [38]. The co-

crystallized ligand with ID: 6GX (reference ligand) was extracted from protein crystal 

structure 5J89 using the discovery Studio 3.5 package (Accelrys, San Diego, CA, USA) 

and viewed in pymol [39-40]. The water molecules were eliminated, and protein 

preparation was done using the default settings of discovery Studio 3.5. Further, the 

protein structure was optimized using CHARMM (Chemistry at Harvard 

Macromolecular Mechanics) force field, and energy minimization was done by a smart 

minimizer algorithm incorporating conjugate gradient energy protocol [41].  

2.2 Molecular Docking 

The novel synthesized novel small-molecule inhibitors MK1-MK10 along with the 

reference ligand 6GX were subjected to molecular docking against the protein target 

5J89 using the docking tools such as Autodock Vina and ParDOCK/BAPPL+ 

respectively [42-44]. 
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2.2.1. Auto Dock Vina 

 All the ten synthesized novel small-molecule inhibitors along with the reference ligand 

were processed and subjected to docking analysis in AutoDock Vina. ADT tool was 

used to load the target protein structure and convert proteins to PDBQT format. 

Subsequently, the ligands were converted into PDBQT format in Open Babel [45]. The 

hydrogen atoms and water molecules from the protein structure were removed and 

polar hydrogen atoms were added. Thereafter, Kollman charges were incorporated into 

the target protein structures [46]. The auto-grid box was set across X-Y-Z directions, 

i.e., 13.1x32.9x184.3 points for PD-L1 (5J89) and a size of 23 points respectively. The 

grid was set up to encompass the active site pocket, with a spacing of 1 Å.   

2.2.2. ParDOCK & Bappl+ 

Similarly, all the ten novel small-molecule inhibitors along with the reference ligand 

were subjected to evaluation by the Monte Carlo method involving an all-atom energy-

based system using default parameters of ParDOCK software, hosted in the Sanjeevani 

server [47]. The ligands were positioned optimally around the active site of the protein 

target and ranked based on their interacting energies. Subsequently, the scoring 

function of all the aforementioned ligands was derived using the Bappl+ tool which 

utilizes the Random Forest algorithm scoring function [48]. In Bappl+ the default 

parameters were set and formal charges were assigned for each ligand. Based on these 

settings, the binding affinities of ligands were computed and the compounds were 

ranked accordingly. 

2.3. ADMET and TOPKAT 

Post docking by the Autodock Vina, and ParDOCK/Bappl+ tools,  all the ten novel 

compounds were visually inspected in Pymol and Schrodinger maestro. ADMET and 

TOPKAT (Toxicity Prediction by Computer Assisted Technology) analysis was 

performed for each ligand. ADMET properties such as CYP2D6 & plasma protein 

inhibition, intestinal adsorption, aqueous solubility, hepatotoxicity, blood-brain barrier 

level were evaluated using the Discovery studio 3.5 ADMET tool kit. Furthermore, the 

novel synthesized novel small-molecule inhibitors along with the reference ligand were 

evaluated based on Lipinski parameters such as hydrogen bonds acceptors & donors, 

molar refractivity, ADMET, Wiener index, and volume of functional groups & protein 
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[49]. Thereafter, the toxicity of each ligand was estimated using the TOPKAT tool, 

which contains a robust Quantitative Structure-Toxicity Relationship (QSTR) modeling 

system to predict the accurate toxicity endpoints [50]. The toxicity properties such as 

rodent carcinogenicity, Ames mutagenicity, skin irritation, and developmental toxicity 

potential were also investigated. 

2.4. Molecular Dynamics Simulation (MD) 

All the ten novel compounds were subjected to MD simulation using GROMACS 

(Groingen Machine for Chemical Simulations) 2019 suite implementing GROMOS 

(54a7) force field [51-52]. The protein-inhibitor complex was solvated in a cubic box of 

0.8 nm using periodic boundary conditions and a Simple point-charge water model 

(SPCE) [53]. The Na+ and Cl- ions were added to neutralize the system and maintain 

the concentration of 0.15 mol/L. The PRODRG server was used to generate the ligand 

parameters and topology [54]. Thereafter, internal constraints of the protein-inhibitor 

complex were relaxed by 2000 steps of steepest descent energy minimization with a 

max force constraint of 1000 KJ/mol, leading to restraining positions of all heavy 

atoms. Before MD simulations, the systems were heated using a V-rescale thermostat to 

attain the temperature of 310 K with 0.1ps as constant of coupling and achieved 

equilibration in NVT (Number of atoms, Volume of the system, and Temperature of the 

system). Then solvent density was sustained using a Parrinello-Rahman barostat with 

the pressure of 1 bar, coupling constant of 0.1 ps, and temperature of 310 K to obtain 

equilibration in NPT (Number of atoms in the system, the pressure of the system, and 

temperature of the system) by gradually discharging the restraint on heavy atoms step 

by step [55]. Finally, an MD simulation was performed for the equilibrated structures 

for 5 ns with an integration time step of 2fs. The electrostatic interactions of long-range 

were implemented using particle-mesh Ewald sum with a cutoff of 1.0 nm [56]. During 

simulation, the LINCS algorithm was used to constrain all bond lengths, and the 

SETTLE algorithm was used for restraining water molecules [57-58]. The resultant 

structure from the NPT equilibration phase was employed for the final production run 

in the NPT ensemble for 200 ns simulation time. Finally, the trajectory analysis such as 

RMSD, RMSF, RoG, SASA, H-bonds, PCA of protein-inhibitor complexes was 

performed using gromacs utilities and plotted in xmgrace [59]. 
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2.5. Principal Component Analysis 

PCA is a statistical method that is applied to reduce data complexity and is useful for 

analyzing the large-scale motion of proteins [60]. Generally, internal motions of every 

protein molecule are ingrained and are required for their proper biological functioning 

like conformational changes to various biological environments, binding to substrate, 

etc. Due to problems in interpreting these internal motions of the protein, PCA is 

utilized to minimize the large dimensions of the data set to identify the prominent 

principal components (PCs). These PCs represent the major contributors responsible for 

elucidating crucial information about the dynamic changes of the protein. In PCA, a 

covariance matrix was constructed from trajectory data after eliminating unwanted 

motions (translational and rotational). This was followed by diagonalization of the 

covariance matrix using the gmx_covar tool which is a part of the Gromacs module. By 

diagonalization of covariance matrices containing backbone C alpha atoms data, the 

eigenvector and eigenvalues were obtained which corresponds to the change in protein 

trajectory throughout the simulation time. The gmx anaeig tool of Gromacs was used to 

analyze and plot the trajectories of the backbone C alpha atoms of all the systems. In 

our study, the first two projections (PC 1 and PC 2) with the highest eigenvalues were 

taken into consideration as they are responsible for 80–90% of the collective motions of 

the C alpha backbone atoms. 

2.6. Free energy calculation 

To evaluate the binding free energy (ΔG) of protein-inhibitor complexes, the Molecular 

Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) method was employed [6]. 

We computed ΔG for the last 50ns of the production run using the g_mmpbsa tool of 

the Gromacs module [62].  Binding free energy was calculated for the novel small-

molecule inhibitors by estimating the bound and unbound state differences with the 

protein targets. 

Δ G binding = G complex – (G protein + G ligand ) —> (1) 

In equation (1), the free energies of protein and ligands are indicated by G protein and G  

ligand. The free energy of the protein-inhibitor complex is represented by the G complex 

G x = (E MM ) – TS + (G solv ) —> (2) 
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Similarly, equation (2) is used to calculate the bound or unbound state’s free energy. 

The x indicates the unbound states or protein-inhibitor complex. E MM is used to 

calculate the average molecular mechanics energy and TS indicates the entropic 

contribution. The solvation free energy is indicated by G solv 

E MM = E bonded + E nonbonded —> (3) 

Equation (3) shows that bonded and non-bonded (i.e. vander Waal’s & electrostatic) 

interactions were considered for calculating the molecular mechanics energy ( EMM )  

for protein-inhibitor interaction. 

G solv = G nonpolar + G polar —> (4) 

The linearized Poisson Boltzmann equation is represented by  G solv,   where polar and 

non-polar hydrophobic contribution  (G polar & G nonpolar) is taken into consideration for 

estimating the solvent accessible surface area.  It was assumed that as all ligands are 

binding to one distinct protein target, therefore these ligands will contribute similar 

entropic energy. Hence, in our analysis complicated entropic contribution was not taken 

into account and was removed at the time of calculation. 

3. Results and discussion 

3.1 Comparative Molecular Docking 

To understand the interaction profile of the novel compounds with the protein target 

5J89, a comparative molecular docking analysis was conducted using two different 

tools, i.e., Auto dock Vina and ParDOCK/BAPPL+ respectively. All the novel ligands 

were individually docked to the active site cleft between chain C and chain D of the 

5J89 protein target respectively. The key active site residues of the 5J89 protein target 

include THR20, TYR56, MET115, ILE116, SER117, ALA121, ASP122, TYR123, 

LYS124 of chain C and ILE54, TYR56, GLN66, MET115, ILE116, SER117 of chain 

D respectively. The results were obtained from docking all the ten novel small-

molecule inhibitors (M1, M2, M3, M4, M5, M6 M7, M8, M9, M10) and the reference 

ligand (6GX) with their respective protein target (5J89) as provided in Table 5-1. The 

interacting residues which include both the active site and novel (other than the active 

site) residues of the protein (5J89) with the respective ligands (M1, M2, M3, M4, M5, 
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M6 M7, M8, M9, M10) are also provided in Table 5-1. As mentioned earlier, for 

comparative docking studies of the 5J89 protein target, the ligand 6GX was selected as 

the reference ligand. Its binding energy was found to be -9.3 kcal/mol and -9.89 

kcal/mol in Autodock Vina and ParDOCK/BAPPL+ respectively. Simultaneously, we 

conducted docking studies for all the ten ligands i.e., M1, M2, M3, M4, M5, M6 M7, 

M8, M9, and M10 against the 5J89 protein target. The novel small-molecule inhibitors 

M1, M2, and M3 exhibited binding energy of -9.9, -10.6, -10.7 kcal/mol in Autodock 

Vina and -10.76, -11.4, -11.78 kcal/mol. in ParDOCK/ BAPPL+ respectively. Docking 

studies for the novel small-molecule inhibitors M4, M5, M6 reveal binding energy of -

11.3, -10.98, -10.3 kcal/mol in Autodock Vina, and -12.01, -11.87, -11.45 kcal/mol in 

ParDOCK/ BAPPL+ respectively. Likewise, the novel small-molecule inhibitors M7, 

M8, M9, M10 exhibited binding energy of -9.82, -11.2, -11.02, -11.1 kcal/mol in 

Autodock Vina and -10.34, -11.97, -11.88, -12.26 kcal/mol in ParDOCK/ BAPPL+ 

respectively. Overall, from the docking results, it can be construed that in comparison 

to reference ligand 6GX, the novel small-molecule inhibitors M1, M2, M3, M4, M5, 

M6 M7, M8, M9, and M10 exhibited higher binding energy and stronger affinity 

towards their respective protein target 5J89. As indicated in Table 5-1, apart from the 

active site residues of the target proteins, no other residues are found to interact with 

the reference ligand 6GX. Therefore, it can be ascertained that the novel small-

molecule inhibitors form more favorable interactions with their respective protein 

targets, thus enhancing stronger and stable binding. The 2D interaction images of all 

the top ten ligands M1, M2, M3, M4, M5, M6 M7, M8, M9, and M10 complexed with 

their respective protein targets 5J89 are also provided in Figure 5-3 [(a)-(j)]. It is 

noteworthy to mention that out of the ten novel small-molecule inhibitors, M3, M4, and 

M10 are the top three ligands that bind with greater affinity to their respective targets 

5J89 as implied from the docking scores obtained from Autodock vina and 

ParDOCK/BAPPL. Post docking, ADMET & TOPKAT properties such as solubility, 

intestinal adsorption, etc. of the novel small-molecule inhibitors and the reference 

ligand were investigated, As provided in Table 5-2 and Table 5-3, these ligands were 

found non-hepatotoxic and they don’t inhibit the cytochrome 4502D6 (CYP2D6) 

enzyme. The novel small-molecule inhibitors were also found not binding to Plasma 

Protein (PP) and don’t exhibit any rodent carcinogenicity, Ames mutagenicity, skin 

irritation, with the least development toxicity. 
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Table 5-1: Molecular docking results of ten novel small-molecule inhibitors (M1-

M10) and the reference ligand (6GX) bound with their respective 

protein target (5J89) using two docking tools: Autodock vina, 

ParDOCK/BAPPL+ respectively. 

PROTEIN TARGET 5J89 

Ligands 

Autodock 

Vina- 

Binding 

Energy 

(Kcal/mol) 

ParDock/BappL+ 

Binding energy 

(Kcal/mol) 

Interacting residues 

M1 -9.9 -10.76 

Chain C: ILE54, VAL55, TRY56, 

SER117, ILE116, MET115, 

ALA121, ASP122, TYR123  

Chain D : SER117, ILE116, 

MET115, ILE54, VAL55, 

TYR56, ALA121, ASP122, 

TYR123 

M2 -10.6 -11.4 

Chain C: ILE54, VAL55, TRY56, 

SER117, ILE116, MET115, 

ALA121, ASP122, TYR123  

Chain D: SER117, ILE116, 

MET115, GLN66, VAL68, 

ILE54, VAL55, TYR56, 

ALA121, ASP122, TYR123 

M3 -10.7 -11.78 

Chain C: ILE54, VAL55, TRY56, 

SER117, ILE116, MET115, 

ALA121, ASP122, TYR123, 

ARG125 

Chain D : ILE54, VAL55, 

TYR56, ASN63,GLN66, VAL68,  

SER117, ILE116, MET115,  

ALA121, ASP122, TYR123 

M4 -11.3 -12.01 

Chain C: ILE54, VAL55, TRY56, 

MET115, ILE116, SER117, 

GLY120, ALA121, ASP122, 

TYR123, PHE19, ALA18  

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  
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PROTEIN TARGET 5J89 

Ligands 

Autodock 

Vina- 

Binding 

Energy 

(Kcal/mol) 

ParDock/BappL+ 

Binding energy 

(Kcal/mol) 

Interacting residues 

ILE54, VAL55, TYR56, ASN63, 

ALA121, ASP122, TYR123 

M5 -10.98 -11.87 

Chain C: ILE54, VAL55, TRY56, 

MET115, ILE116, SER117, 

GLY120, ALA121, ASP122, 

TYR123, LYS124, ARG125 

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  

ILE54, VAL55, TYR56, ASN63, 

ALA121, ASP122, TYR123 

M6 -10.3 -11.45 

Chain C: ILE54, VAL55, TRY56, 

MET115, ILE116, SER117, 

ALA121, ASP122, TYR123, 

LYS124, ARG125 

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  

ILE54, VAL55, TYR56, GLU58, 

ASP61, LYS 62, ASN63 

M7 -9.82 -10.34 

Chain C: ILE54, VAL55, TRY56, 

MET115, ILE116, SER117, 

ALA121, ASP122, TYR123, 

LYS124, ARG125 

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  

ILE54, VAL55, TYR56, ASN63, 

ALA121, ASP122, TYR123 

M8 -11.2 -11.97 

Chain C: ILE54, VAL55, TRY56, 

MET115, ILE116, SER117, 

GLY120, ALA121, ASP122, 

TYR123, PHE19, ALA18  

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  
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PROTEIN TARGET 5J89 

Ligands 

Autodock 

Vina- 

Binding 

Energy 

(Kcal/mol) 

ParDock/BappL+ 

Binding energy 

(Kcal/mol) 

Interacting residues 

ILE54, VAL55, TYR56,  

ALA121, ASP122, TYR123 

M9 -11.02 -11.88 

Chain C: ILE54, TYR56, 

MET115, ILE116, SER117, 

ALA121, ASP122, TYR123, 

LYS124, ARG125  

Chain D: MET115, ILE116, 

SER117, ASN63, GLN66, 

VAL68,  ILE54, TYR56, GLU58, 

ALA121, ASP122, TYR123 

M10 -11.1 -12.26 

Chain C : ILE54, VAL55, 

MET115, ILE116, SER117, 

ALA121, ASP122, TYR123, 

LYS124, ARG125  

Chain D: MET115, ILE116, 

SER117, GLN66, VAL68,  

ILE54, VAL55, TYR56, ASN63, 

ALA121, ASP122, TYR123, 

VAL76 

6GX-std -9.3 -9.89 

Chain C: ILE54, TYR56, ALA18, 

PHE19, THR20, MET115, 

ILE116, SER117, GLY120, 

ALA121, ASP122, TYR123 

Chain D: MET115, ILE116, 

SER117, ASN63, GLN66, 

VAL68,  ILE54, VAL55, TYR56,  

ALA121, ASP122, TYR123 
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Table 5-2: ADMET properties of novel identified ligands (M1-M10) and the 

reference ligand (6GX). ADMET properties: Extension 

hepatotoxicity: <1 is nontoxic.  CYP2D6: -ve is noninhibitors and +ve 

is inhibition, human intestinal absorption level: 0 (good); 1 

(moderate); 2 (low); 3 (very low), (aqueous solubility): 0 (extremely 

low); 1 (low); 2 (good); 3 (optimal); 4 (too soluble), BBB (blood brain 

barrier): 0(very high); 1(high); 2 (mediums); 3 (low); 4 (undefined). 

No. Ligand 

name 

Solubility 

level 

BBB Penetration 

level 

Absorption 

level 

Extension 

CYP2D6 

1 M1 3 1 0 -4.25 (false) 

2 M2 2 1 0 -0.73 (false) 

3 M3 1 3 0 -0.11 (false) 

4 M4 2 1 0 -0.47 (false) 

5 M5 2 2 0 -2.6 (false) 

6 M6 1 3 2 -5.6 (false) 

7 M7 2 3 0 -2.5 (false) 

8 M8 1 3 2 -1.72 (false) 

9 M9 2 3 2 -3.31 (false) 

10 M10 2 3 1 -0.59 (false) 

11 6GX-std 2 3 2 -3.76 (false) 

 

Table 5-3: TOPKAT properties of novel identified ligands (M1-M10) and the 

reference ligand (6GX) TOPKAT properties: NC -Non-carcinogenic, 

C-Carcinogenic, NT-Non-Toxic, T-Toxic, NI-Non-Irritant, I-Irritant, 

NM-Non-Mutagenic, M-Mutagenic 

No. 
Ligand 

name 

NTP 

carcinogenicity 

call (male rat) 

(v3.2) 

NTP 

carcinogenicity 

call (female 

rat) (v3.2) 

Developmental 

toxicity 

potential 

(DTP) (v3.1) 

Skin 

irritation 

(v6.1) 

Ames 

mutagenicity 

(v3.1) 

1 M1 NC NC NT NI NM 

2 M2 NC NC NT NI NM 

3 M3 NC NC T NI NM 

4 M4 NC NC NT NI NM 

5 M5 NC NC NT NI NM 

6 M6 NC NC NT NI NM 

7 M7 NC NC NT NI NM 

8 M8 NC NC NT NI NM 

9 M9 NC NC NT NI NM 

10 M10 NC NC NT NI NM 

11 6GX-std NC NC NT I M 
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Figure 5-3: The 2D interaction profile of novel identified ligands (M1-M10) docked into 

the binding site of their respective protein target 5J89. 
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3.2 Trajectory Analysis 

Molecular Dynamics Simulation (MDS) plays a significant role in studying 

conformational changes of protein-inhibitor complexes and provides valuable insights 

into the prediction and identification of protein-inhibitor interactions [63]. The ten 

novel ligands M1, M2, M3, M4, M5, M6 M7, M8, M9, and M10 docked with their 

respective protein target i.e., 5J89 were subjected to molecular dynamics simulation in 

GROMACS for 100ns duration. Also, MD simulation for 100ns was performed for 

reference ligand i.e., 6GX docked with 5J89 respectively. Additionally, we performed a 

simulation run of 100ns for the protein 5J89 without ligand (APO). Thereafter, we 

performed trajectory analysis such as Root-mean-square-deviation (RMSD), Root-

mean-square fluctuation (RMSF), Radius of gyration (Rg), number of Hydrogen bonds, 

bond distribution, Principal component analysis (PCA), and binding free-energy 

calculation (MMPBSA) for all the systems (standalone proteins, protein-reference 

ligand complex, and protein-identified ligand complex). 

3.2.1 Root-mean-square deviation analysis   

To elucidate the influence of ligands on the conformational stability of the protein, we 

have analyzed the root-mean-square deviation (RMSD) of backbone atoms of all the 

systems using the standard g_rms function of GROMACS for an overall time of  100 ns 

simulation run (Figure 5-4). As provided in Table 5-4, the 5J89 protein docked with the 

reference ligand 6GX exhibits an average deviation of 0.63 ± 0.07 nm. 5J89 APO 

protein and the novel inhibitors M1, M2, M3 show an average deviation of  0.33 ± 0.06 

nm, 0.35 ± 0.05 nm,  0.29 ± 0.06, 0.31± 0.04 nm respectively. Similarly, 5J89 protein 

docked with M4, M5, M6, M7 shows an average deviation of 0.42 ± 0.07nm, 0.42± 

0.09 nm, 0.27 ± 0.04nm, 0.32 ± 0.05 nm respectively. Likewise, 5J89 protein docked 

with M8, M9, M10 exhibited an average deviation of  0.30 ± 0.04 nm, 0.43  ± 0.05 nm, 

0.29  ± 0.04 nm respectively. From the RMSD graphs, it can be inferred that all the 

systems are equilibrated and have converged within a range of 0.2-0.4nm (Figure 5-4). 

Although the RMSD profile shows an insignificant difference in the average value and 

minor fluctuations throughout, convergence is observed which indicates that our 

simulations have achieved stable trajectories. Hence, other conformational dynamics 

analysis is required to deduce further conclusions. 
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Figure 5-4: RMSD profile of 5J89 protein-inhibitor complexes [novel identified ligands 

(M1-M10)  and reference ligand 6GX] along with APO. 

Table 5-4: RMSD profile of 5J89 protein-inhibitor complexes [novel small-

molecule inhibitors (M1-M10) and reference ligand 6GX] along with 

APO. 

RMSD 

Protein-Ligand Complex 

  (20-100ns) 
Average(nm) SD -+ 

5J89-APO 0.33 0.06 

5J89-M1 0.35 0.05 

5J89-M2 0.29 0.06 

5J89-M3 0.31 0.04 

5J89-M4 0.42 0.07 

5J89-M5 0.42 0.09 

5J89-M6 0.27 0.04 

5J89-M7 0.32 0.05 

5J89-M8 0.30 0.04 

5J89-M9 0.43 0.05 

5J89-M10 0.29 0.04 

5J89-6GX 0.63 0.07 
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3.2.2 Residue flexibility analysis 

To understand the overall residue-wise protein dynamics in the systems, the evaluation 

of root mean square fluctuations (RMSF) plays a very important role. Therefore, to 

check the stability and flexibility of the residues, we have calculated the RMSFs of 

both chain C and chain D of PDL1(5J89) for an entire simulation run of 100ns using 

the gmx_rmsf module of GROMACS (Figure 5-5 a-b). From the RMSF profile of chain 

C of 5J89, it can be inferred that the ligands M1-M10 exhibited less fluctuation at 

active site residues respectively. But a higher fluctuation peak of  0.38 nm, 0.2 nm, 0.23 

nm, 0.25 nm, 0.29 nm, 0.4 nm, 0.37 nm, 0.35 nm, 0.33 nm is observed at THR20, 

TYR56, MET115, ILE116, SER117, ALA121, ASP122, TYR123, LYS124 residues of 

chain C for the reference ligand 6GX. This indicates that the ligands M1-M10 are 

contributing to greater rigidity to the binding pocket of 5J89. Similarly, from the RMSF 

profile of chain D of 5J89, it can be construed that the ligands M1-M10 exhibited a 

similar less fluctuation pattern at active site residues respectively. But the reference 

ligand 6GXa shows a higher fluctuation peak of 0.18, 0.15, 0.23, 0.13, 0.14, 0.15 nm 

observed at ILE54, TYR56, GLN66, MET115, ILE116, SER117 residues. This 

propounds that the novel inhibitors M1-M10 have made the binding pocket more 

inflexible. From the RMSF profile of all the systems, it can be inferred that the ligands 

M1-M10 are responsible for the restricted dynamics at the active site residue pocket 

and for imparting structural rigidity to the protein target 5J89.   

 

Figure 5-5:  RMSF profile of 5J89 protein-inhibitor complexes [novel small-molecule 

inhibitors (M1-M10)  and reference ligand 6GX] along with APO. 
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3.2.3 Compactness analysis 

To study the compactness of all the protein-inhibitor complexes, the radius of gyration 

(Rg) is computed using the gmx_gyrate function of GROMACS for a simulation time 

of 100ns. Rg is explained as the distance measured between the terminal end of protein 

and its center of mass during simulation. When a ligand docks to a protein, there is a 

conformational shift that changes the radius of gyration [64]. The compact protein 

structure tends to maintain a low Rg average deviation thus showing dynamic stability. 

The combined Rg plot of all ligands is represented in Figure 5-6. As shown in Table 5-

5, 5J89 APO protein and 5J89 docked with novel inhibitors M1, M2, M3 show an 

average Rg deviation of 2.01 ± 0.04 nm, 1.99 ± 0.02 nm, 2.00 ±  0.03 nm, 2.06 ±  0.02 

nm respectively from 30-100 ns simulation time. Similarly, 5J89 protein docked with 

M4, M5, M6, M7 shows an average Rg deviation of 2.06 ±  0.02 nm,  2.05  ±  0.02 nm,  

2.01 ± 0.02 nm,  1.98 ± 0.02 nm respectively from 30-100 ns simulation time. 

Likewise, 5J89 protein docked with ligands M8, M9, M10 exhibited an average Rg 

deviation of  2.00 ± 0.03 nm,  2.03 ±  0.02 nm,  1.98 ±  0.02 nm respectively from 30-

200 ns simulation time. As provided in Table 5-5 the 5J89 protein docked with the 

reference ligand 6GX exhibits an average Rg deviation of  2.53 ± 0.03 nm. 

Collectively, from the radius of gyration profile, it can be concluded that the novel 

small-molecule inhibitors M1, M2, M3, M4, M5, M6, M7, M8, M9, and M10 are 

responsible for making the structure more compact compared to the reference ligand 

6GX. 

 

Figure 5-6: Rg profile of 5J89 protein-inhibitor complexes [novel small-molecule 

inhibitors (M1-M10)  and reference ligand 6GX] along with APO. 
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Table 5-5:  Rg values of all the protein-inhibitor complexes [novel small-molecule 

inhibitors (M1-M10)  and reference ligand 6GX] along with APO. 

Rg 

Protein-Ligand Complex 

  (20-100ns) 
Average(nm) SD -+ 

5J89-APO 2.01 0.04 

5J89-M1 1.99 0.02 

5J89-M2 2.00 0.02 

5J89-M3 2.00 0.03 

5J89-M4 2.06 0.02 

5J89-M5 2.05 0.02 

5J89-M6 2.01 0.02 

5J89-M7 1.98 0.02 

5J89-M8 2.00 0.03 

5J89-M9 2.03 0.02 

5J89-M10 1.98 0.02 

5J89-6GX 2.53 0.03 

3.2.4 Solvent Accessible Surface Area analysis 

To calculate the solvent-accessible surface area (SASA) of a molecular surface, a 

method is employed, which involves the in-silico rolling of a spherical probe that 

approximates a water molecule, encompassing a full-atom protein model [65]. This 

procedure takes into account the expansion of the van der Waals radius for each atom 

by 1.4 Å (the radius of a polar solvent probe) followed by the calculation of the surface 

area of these atoms with expanded radius. Therefore, the SASA values of all the 

complexes were computed using the gmx_sasa function of GROMACS for a simulation 

time of 100 ns. 

As provided in Figure 5-7 and Table 5-6, 5J89 docked with novel inhibitors M1, M2, 

M3, and 6GX (reference ligand) show an average SASA value of  139.42 ± 3.06 nm2,  

141.66 ± 2.64 nm2, 141.23 ±  2.92 nm2,  144.35 ±  2.86 nm2 respectively from 30-100 

ns simulation timeframe. It is observed that the SASA curves followed the same trend 

as the reference ligand 6GX. Similarly, 5J89 APO protein and 5J89 protein docked 

with ligands M4, M5, M6 show an average SASA value of  139.20 ± 2.79 nm2,  142.99 
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± 2.71 nm2, 140.72 ± 2.86 nm2,  141.35 ± 2.61 nm2 respectively from 30-100 ns 

simulation time frame (Figure 5-7 and Table 5-6). Likewise, 5J89 protein docked with 

ligands M7, M8, M9, and M10 exhibited an average SASA value of  141.21 ± 2.31 

nm2,   143.72 ± 3.03 nm2,  142.57 ± 2.45 nm2,  140.63 ±  2.68 nm2 respectively from 

30-100 ns simulation time frame (Figure 5-7 and Table 5-6). The values obtained from 

the SASA analysis of protein structures docked with our novel small-molecule 

inhibitors are found to be significantly similar to that of the reference protein-ligand 

complex (5J89-6GX). Hence, it can be interpreted that similar to reference ligands, the 

novel small-molecule inhibitors make the active site residues of the protein targets 

readily accessible to the solvent surface, thus exposing the proteins to the hydration 

shell. 

 

Figure 5-7:  SASA profile of 5J89 protein-inhibitor complexes [novel small-molecule 

inhibitors (M1-M10)  and reference ligand 6GX ]along with APO. 
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Table 5-6: SASA values of all the protein-inhibitor complexes [novel small-

molecule inhibitors (M1-M10) and reference ligand 6GX] along with 

APO. 

SASA 

Protein-Ligand Complex 

  (20-100ns) 
Average(nm) SD -+ 

5J89-APO 139.20 2.79 

5J89-M1 139.42 3.06 

5J89-M2 141.66 2.64 

5J89-M3 141.23 2.92 

5J89-M4 142.99 2.71 

5J89-M5 140.72 2.86 

5J89-M6 141.35 2.61 

5J89-M7 141.21 2.31 

5J89-M8 143.72 3.03 

5J89-M9 142.57 2.45 

5J89-M10 140.63 2.68 

5J89-6GX 144.35 2.86 

 

3.2.5 Hydrogen Bond and Bond distribution analysis 

The hydrogen bonds (H-bonds) are known to play a key role in forming stable contacts 

between the ligands and protein target [66]. In this study, H-bond analysis was 

performed on all the protein-inhibitor systems for a total simulation run of 100ns. The 

number of H-bonds and their bond frequencies are plotted using the gmx_hbond tool of 

GROMACS and are represented in Figure 5-8.  It is observed that the ligand M1 

formed an unstable H-bond of length 0.34 nm with the protein target 5J89, and its 

frequency to form this bond is 5%. Likewise, the M2 formed one stable H-bond during 

the simulation period, and its frequency to form a bond of the length of 0.31 nm is 16 

%.  Similarly, M3 had formed stable 1-2 H-bonds of length 0.27 nm with a frequency 

of 17.5 %. In the case of the 5J89 protein target, the ligand M4 established stable 1-2 

H-bonds during the simulation period and had a 21.3% frequency to form a bond of the 

length of 0.26nm. In the same way, the M5 exhibited one stable H-bond during the 

https://manual.gromacs.org/documentation/5.1/onlinehelp/gmx-hbond.html
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simulation period, and its ability to form a bond of length 0.32 is 15%. Similarly, the 

ligand M6 formed 1 H-bond, and its frequency to form a bond of length 0.28 nm is 

15%. Likewise, in the case of the 5J89 protein target, the ligand M7 formed 1-2 stable 

H-bonds during the simulation time, and its frequency to form a bond of length 0.34 nm 

is 16%. Also, the ligand M8 formed one H-bond, and its frequency to form a bond of 

length 0.34 nm is 16.1%. Similarly, The M9 ligand formed 1-3 stable H-bonds, and the 

frequency to form a bond of length 0.28 nm is 15%. Likewise, the ligand M10 formed 

1-2 stable H-bonds during the simulation time, and its frequency to form a bond of 

length 0.27 nm is 16.2%. Lastly, the reference ligand 6GX formed 1-3 unstable H-

bonds, and the frequency to form a bond of length 0.34 nm is 18 %. Overall, from the 

h-bond analysis, it can be concluded that our identified ligands- M3, M4, M10 form 

stable and stronger H-bonds of length < 0.27 nm with their target protein compared to 

the reference ligands.  

 

Figure 5-8:  Hydrogen bonding pattern of 5J89 protein-inhibitor complexes [novel 

identified ligands (M1-M10) and reference ligand 6GX] along with APO. 

3.2.6 Principal component analysis 

In general, a protein-inhibitor complex that occupies a smaller phase space with a stable 

cluster denotes a highly stable complex [67]. Therefore, to explore this phenomenon, 

we have performed Principal Component Analysis (PCA) on the trajectories obtained 

from the 100ns simulation period for all the protein-inhibitor complexes as shown in 

the 2D plots of PCA (Figure 5-9). From the PCA graph, it is observed that the 

complexes formed by M1-M10 with 5J89 are clustered very closely, occupy small 
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phase space and the area coverage is less compared to reference ligand 6GX. Thus, 

from the PCA analysis, it is implied that our novel small-molecule inhibitors restrict the 

protein motion, thus imparting rigidity to their respective protein-inhibitor complexes 

compared to reference ligands. 

 

Figure 5-9:  Principal component analysis: Projection of motion of 5J89-M1 in black; 

5J89-M2 complex in red; 5J89-M3 in green; 5J89-M4 in blue, 5J89-M5 in 

yellow; 5J89-M6 complex in pink; 5J89-M7 complex in grey; 5J89-M8 in 

violet; 5J89-M9 in cyan, 5J89-M10 in purple; 5J89-6GX complex in orange. 

3.2.7 Binding free energy calculation 

The results obtained by calculation of the free energy of ligands give insights into 

ligands' binding potential with bonded and non-bonded entities [68]. In this study, the 

g_mmpbsa tool was used to calculate binding free energy (ΔG) for the last 50ns of the 

simulation time. From the MMPBSA graphs, it is observed that the reference ligand 

6GX, and the novel small-molecule inhibitors M1, M2, M3 bound to the 5J89 target 

protein exhibit binding energy of  -121.422  +/- 10.843 kJ/mol and -150.165 +/- 7.395 

kJ/mol, +/- kJ/mol, -200.113 +/- 11.477 kJ/mol, -230.282 +/- 13.028 kJ/mol 

respectively (Figure 5-10). Similarly, from the MMPBSA graphs, it is observed that the 

novel small-molecule inhibitors M4, M5, M6 bound to the 5J89 protein target exhibits 
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binding energy of  -233.623  +/- 18.600 kJ/mol, -193.142 +/- 15.756 kJ/mol, -211.679 

+/- 15.524 kJ/mol respectively (Table 5-7). Likewise, from the MMPBSA graphs, it is 

observed that the novel small-molecule inhibitors M7, M8, M9, and M10 bound to the 

5J89 protein target, exhibit binding energy of  -202.559 +/- 13.036 kJ/mol, -222.366 +/- 

23.224 kJ/mol, -217.321 +/- 16.770 kJ/mol, -226.747  +/- 13.020 kJ/mol respectively 

(Table 5-7). Furthermore, from the binding energy calculation, it can also be concluded 

that out of the ten novel small-molecule inhibitors, the top three ligands having the best 

binding energy are M3, M4, and M10 against their protein target 5J89. The 3D images 

of these top three ligands M3, M4, and M10 bound to the active site residues of their 

respective protein targets 5J89 are shown in Figure 5-11 (a-c). For a better visual 

representation, the 3D images of both the chains C and D of 5J89 (PD-L1) docked with 

an inhibitor are provided in Figure 5-12 (a-b). The binding free energies (ΔG) of 5J89 

bound with our novel small-molecule inhibitors were found to be significantly better 

than that of 5J89 bound with the reference ligand. Additionally, the four individual 

energy components such as van der Waal energy (ΔEvdW), electrostatic energy (ΔEelec), 

polar solvation energy (Δgpolar-solv), and SASA energy (ΔGnon-polar) were compared for 

all the protein-inhibitor complexes. The details of the MMPBSA energies of all the 

protein-inhibitor complexes are provided in Table 5-7. It can be inferred that the novel 

small-molecule inhibitors docked with their respective target protein have the highest 

electrostatic energy, SASA energy, and Vander Waal energy in comparison with 

reference ligands. This also indicates that despite intermittent hydrogen bond 

formations as observed during h-bond analysis, the ligands were conserved in the 

binding pocket by nonbonded interactions (electrostatic, polar, and nonpolar). Based on 

overall MD analysis and MMPBSA energies, we have found the ligands M3, M4, and 

M10 to be the best performing amongst the top ten ligands. 
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Table 5-7: MMPBSA detailed energies (Binding energy and the individual 

energy components van der Waal energy (ΔEvdW), electrostatic energy 

(ΔEelec), polar solvation energy (ΔGpolar-solv), SASA energy (ΔGnon-polar) 

of all the protein-ligand complexes [5J89 complexed with the novel 

small-molecule inhibitors (M1-M10)and reference ligand 6GX]. 

PDL1-

5J89 MMPBSA DETAILED ENERGIES 

 

Ligands 

van der Waal 

energy 

Electrostatic 

energy 

Polar solvation 

energy SASA energy Binding energy 

6GX 

(Standard) 

-161.862   +/-   

12.304 kJ/mol 

-41.152   +/-    

6.109 kJ/mol 

100.883   +/-    

8.469 kJ/mol 

-19.292   +/-    

0.921 kJ/mol 

-121.422   +/-   

10.843 kJ/mol 

M1 

-162.952   +/-    

6.831 kJ/mol 

-0.487   +/-    

0.359 kJ/mol 

26.122   +/-    

5.257 kJ/mol 

-12.848   +/-    

0.791 kJ/mol 

-150.165   +/-    

7.395 kJ/mol 

M2 

-231.755   +/-    

7.786 kJ/mol 

1.067   +/-    

3.420 kJ/mol 

48.312   +/-   

10.211 kJ/mol 

-17.737   +/-    

0.744 kJ/mol 

-200.113   +/-   

11.477 kJ/mol 

M3 

-280.654   +/-    

8.920 kJ/mol 

-0.896   +/-    

3.762 kJ/mol 

73.147   +/-   

14.218 kJ/mol 

-21.880   +/-    

0.977 kJ/mol 

-230.282   +/-   

13.028 kJ/mol 

M4 

-276.443   +/-   

12.087 kJ/mol 

0.237   +/-    

5.335 kJ/mol 

64.718   +/-   

15.913 kJ/mol 

-22.135   +/-    

1.102 kJ/mol 

 -233.623   +/-   

18.600 kJ/mol 

M5 

-239.256   +/-   

14.084 kJ/mol 

-1.300   +/-    

4.738 kJ/mol 

67.252   +/-   

13.490 kJ/mol 

-19.838   +/-    

1.022 kJ/mol 

-193.142   +/-   

15.756 kJ/mol 

M6 

-279.624   +/-   

15.584 kJ/mol 

-8.908   +/-   

13.887 kJ/mol 

99.517   +/-   

22.634 kJ/mol 

-22.663   +/-    

1.082 kJ/mol 

-211.679   +/-   

15.524 kJ/mol 

M7 

 -250.280   +/-    

9.823 kJ/mol 

3.909   +/-    

4.118 kJ/mol 

63.635   +/-   

10.826 kJ/mol 

-19.823   +/-    

0.789 kJ/mol 

 -202.559   +/-   

13.036 kJ/mol 

M8 

-265.642   +/-   

15.054 kJ/mol 

2.995   +/-    

5.021 kJ/mol 

61.319   +/-   

12.949 kJ/mol 

-21.039   +/-    

1.014 kJ/mol 

-222.366   +/-   

23.224 kJ/mol 

M9 

-292.077   +/-   

12.898 kJ/mol 

-22.994   +/-    

5.571 kJ/mol 

119.556   +/-   

14.166 kJ/mol 

-21.805   +/-    

1.096 kJ/mol 

-217.321   +/-   

16.770 kJ/mol 

M10 

-279.196   +/-   

10.697 kJ/mol 

2.510   +/-    

5.117 kJ/mol 

71.275   +/-   

12.145 kJ/mol 

-21.335   +/-    

1.095 kJ/mol 

-226.747   +/-   

13.020 kJ/mol 
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Figure 5-10: Binding energy profile (ΔG) of 5J89 complexed with the novel small-

molecule inhibitors (M1-M10 )and reference ligand 6GX. 

 

Figure 5-11:  Schematic representation of the top three novel small-molecule inhibitors 

bound to the active site residues of their respective protein target 5J89 using 

VMD. (a) M3 (b) M4 (C) M10. Proteins are shown in the New Cartoon 

representation. Active site residues of the protein are shown in licorice 

representation. Novel ligandS M3, M4, and M10 are shown in CPK 

representation.   
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Figure 5-12: 3D representation of  PDL1 protein dimer (chain C and chain D)  (a) mixed 

surface and new cartoon representation of both chain C and D in purple 

color using VMD (b) CPK representation of ligand docked to the binding 

grove of PDL1 protein dimer shown in surface form using VMD. 

4. Conclusions 

Previous literature revealed the crystal structure of PDL1 docked to BMS compounds 

and highlighted the druggable hotspots of the protein. In this study, evaluation of in-

house synthesized novel small-molecule inhibitors docked to the binding site cleft was 

performed using combined docking and molecular dynamics simulation approaches. 

The novel compounds were docked to the binding cleft of the protein target (5J89) 

using Autodock-Vina, and ParDOCK/BAPPL+. Docking scores of these top ten ligands 

were evaluated and their ADMET profiling was also performed keeping the reported 

ligand 6GX as reference. All the ten novel inhibitors were individually subjected to MD 

simulation for a period of 100 ns followed by a detailed trajectory analysis. RMSD 

profile suggests that all the protein-inhibitor complexes have attained stable trajectories 

and are well equilibrated. From the RMSF analysis of all the systems, it can be inferred 

that the novel small-molecule inhibitors are responsible for the restricted dynamics at 

the active site residue pocket of their respective protein targets, thereby imparting 

structural rigidity to the protein compared to the reference ligands. Rg data of all the 

systems reveals that in comparison to reference ligands, our novel small-molecule 

inhibitors contribute greater compactness to the structure of their respective protein 

targets. From the SASA analysis, it is evident that similar to reference ligands, the 

novel small-molecule inhibitors make the active site residues of the protein targets well 

exposed to the solvent, thereby making them readily accessible. From the h-bond 
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analysis and bond distribution, it was observed that the novel small-molecule inhibitors 

tend to form stronger H-bonds of length > 0.28 nm with their target proteins compared 

to reference ligands. PCA analysis helps us to understand that in comparison to 

reference ligands our novel small-molecule inhibitors occupy smaller phase space and 

form stable clusters, thus conferring more stability to the protein-inhibitor complexes. 

The results obtained by analyzing molecular docking and MD simulation data are well-

validated by the binding free energy calculation. From the MMPBSA profile, it is 

observed that, in the identified protein-inhibitor complexes, there exist strong 

interactions in terms of energy components other than hydrogen bonding such as 

electrostatic energy, SASA energy, and Vander Waal energy compared to reference 

protein-inhibitor complexes. Based on overall MD analysis and MMPBSA energies, we 

have found the ligands M3, M4, and M10 to be the best performing amongst the top ten 

ligands. Hence, our study strongly substantiates the point that our novel small-molecule 

inhibitors can act as strong inhibitors and further experimental studies can be conducted 

to prove the therapeutic potential of these promising anticancer agents. 
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