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ABSTRACT 

 

 

MOLECULAR MECHANISM OF AT1R/PARP1 INHIBITORS INTERACTIONS 

USING COMBINED MOLECULAR MODELING APPROACHES AND PHYSICS-

DRIVEN VIRTUAL IDENTIFICATION OF NOVEL THERAPEUTICS AGAINST 

RETINAL INFLAMMATION 

 

 

Md Kamrul Hasan 

 

Bioengineering MSc (Thesis) 

 

Thesis supervisor: Prof. Dr. Serdar DURDAĞI 

 

June 2021, 96 pages 

 

 

The classic renin-angiotensin system (RAS) is known as a homeostasis regulator of blood 

pressure and electrolyte. It has recently been recognized as a pro-inflammatory mediator 

and implicated in various age-related ocular disorders associated with the activation of 

inflammatory molecules. The findings of RAS components in the eye initiate a new 

therapeutic approach to alleviate ocular disorders through RAS inhibitors such as 

angiotensin-II type-I receptor (AT1R) antagonists. It is shown that retinal microglia 

express AT1R, and their activation state is significantly altered by its endogenous ligand 

Ang-II. Thus, Ang-II may directly activate the AT1Rs on microglia and contribute to 

retinal inflammation, such as in diabetic retinopathy, an increase in Ang-II levels play an 

important role.  AT1R is a class A G protein-coupled receptor (GPCR). GPCRs may exist 

and function as monomers; however, they can assemble to form higher-order structures, 

and as a result of oligomerization, their function and signaling profiles can be altered. 

Recent findings reveal that AT1R can form homodimers and activate the non-canonical 

(β-arrestin-mediated) pathway. Since it is shown that microglia-mediated inflammation 

response in the retina has been associated with the development of retinal degenerations 

and because of therapeutic effects of PARP1 inhibitors on retinal degeneration, in this 

study, known PARP1 inhibitors have interacted with the AT1R and molecular mechanism 

studies have been carried out using integrated molecular modeling approaches including 

molecular docking, molecular dynamics (MD) simulations, post-processing MD 

analyses. 

 

Keywords: Molecular docking, Molecular Dynamics simulations, Ocular Disorders, 

Angiotensin II Type I Receptor. 
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ÖZET 

Kombine Moleküler Modelleme ve Fizik-temelli Sanal Tarama Yaklaşımları ile 

AT1R/PARP1 İnhibitörlerinin Retinal İnflamasyona Karşı Yeni Terapötikler Olarak 

Belirlenmesi ve Moleküler Mekanizmalarının Araştırılması 

 

Md Kamrul Hasan 

Biyomühendislik 

Tez danışmanı: Prof. Dr. Serdar DURDAĞI 

Haziran 2021, 96 sayfa 

 
 

Klasik renin-anjiyotensin sistemi (RAS) elektrolit ve kan basıncının homeostaziz 

regülatörü olarak bilinmektedir. Son zamanlarda bir pro-inflamatuar aracı olarak kabul 

edilmiştir ve inflamatuar moleküllerin aktivasyonu ile ilişkili yaşa bağlı çeşitli oküler 

bozukluklarda rol oynadığı anlaşılmıştır. Gözdeki RAS bileşenlerinin bulguları, 

anjiyotensin-II tip-I reseptör (AT1R) antagonistleri gibi RAS inhibitörleri aracılığıyla 

oküler bozuklukları hafifletmek için yeni bir terapötik yaklaşım başlatmaktadır. Retinal 

mikroglianın AT1R'ü eksprese ettiği ve aktivasyon durumlarının endojen ligandı Ang-II 

tarafından önemli ölçüde değiştirildiği gösterilmiştir. Bu nedenle, Ang-II, mikroglia 

üzerindeki AT1R'leri doğrudan aktive edebilmekte ve diyabetik retinopatide olduğu gibi 

retina inflamasyonuna katkıda bulunabilmektedir, dolayısıyla Ang-II seviyelerindeki 

artışın hastalıkta önemli bir rol oynadığı anlaşılmıştır. AT1R, bir sınıf A G protein-bağlı 

reseptördür (GPCR). GPCR'lar monomer olarak bulunabilmekte ve işlev 

görebilmektedir; bunun yanında daha yüksek mertebeden yapılar oluşturmak üzere bir 

araya gelebilmekte ve oligomerizasyon sonucunda işlevleri ve sinyal oluşurma profilleri 

değiştirilebilmektedir. Son bulgular, AT1R'nin homodimerler oluşturabileceğini ve 

kanonik olmayan (β-arrestin aracılı) yolu aktive edebileceğini ortaya koymaktadır. 

Retinada mikroglia aracılı inflamasyon yanıtının retina dejenerasyonlarının gelişimi ile 

ilişkili olduğu ve PARP1 inhibitörlerinin retina dejenerasyonu üzerindeki terapötik 

etkileri nedeniyle bu çalışmada, bilinen PARP1 inhibitörlerinin AT1R’e bağlanmaları 

hesaplamalı yöntemlerle test edilmiştir. Bu çalışmada, moleküler kenetleme, Moleküler 

Dinamik (MD) simülasyonlar, ve MD sonrası analizler dahil olmak üzere entegre 

moleküler modelleme yaklaşımları kullanılarak hit moleküller belirlenmiş ve moleküler 

mekanizma çalışmaları gerçekleştirilmiştir.  

Anahtar Kelimeler: Moleküler kenetleme, Moleküler Dinamik simülasyonlar, Oküler 

Bozukluklar, Anjiyotensin II Tip I Reseptör. 
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1. INTRODUCTION 

Retinopathy is a trait that results from the complication of diabetes, as well as a leading 

cause of blindness in working-age people (Sjølie & Chaturvedi, 2002). The  angiotensin 

II type-1 receptor (AT1R) gene is an important target for preventing retinopathy 

development (Rübsam et al., 2018). Sufficient evidence proves that the angiotensin 

system is adequately expressed in the eye, and AT1R blockers can function in the 

inhibition of angiogenesis (Kurihara et al., 2012). PARP1 (Poly Adenosine Di-Phosphate- 

Ribose Polymerase) is a protein, involved in the renin-angiotensin system (RAS) related 

disease (Reinemund et al., 2009). 

 

The RAS or renin-angiotensin-aldosterone system (RAAS) is a hormone system, 

responsible for regulating blood pressure, fluid and electrolyte balance and vascular 

resistance. Angiotensinogen, released from the liver, is converted to angiotensin I. 

Angiotensin-converting enzyme (ACE) converts angiotensin I to angiotensin II (Ang-II). 

Increased blood pressure generally occurs, due to the narrowing of blood vessels by 

potent vasoconstrictive peptide, Ang-II. Ang-II is responsible for activating the Ang-II 

type I receptor (AT1R) and Ang-II type II receptor (AT2R). Suppression and 

overstimulation of these receptors can result in hypertension, renal failure, coronary 

artery, and diabetic retinopathy. AT1R blockers (ARBs) or ACE inhibitors (ACEIs) are 

the currently used therapeutics for this complex health problem. 

 

The “sartan” family consists of a newer group of pharmaceuticals, like losartan, 

candesartan, valsartan, irbesartan, telmisartan, eprosartan, azilsartan and so on. They all 

act on AT1R, and work as an antagonist. For RAAS pathway, AT1R antagonist works 

very specifically and selectively on AT1R target, while in Ang-II synthesis pathway, they 

work independently. As a result, blockade of AT1R mediated effects of Ang-II have 

become more selective in comparison with ACE inhibitors. 

AT1Rs are known as members of the class A G Protein Coupled Receptor (GPCR) family, 

which is a membrane protein family with a significant role in signal transduction. They 

have seven trans-membrane (TM) domains, associated with intracellular and extracellular 

loops (ICL, ECL) (De Gaspero et al.,   2000).  According to recent reports, AT1R blockers 
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can function as potential anticancer agents, by suppressing cell growth, stimulated by 

Ang-II (Kawai et al., 2017). It has been reported that retinal microglia express AT1R, and 

Ang-II can alter their activity. As a result, Ang-II can directly act on AT1R activity on 

microglia and contribute to retinal inflammation. Recent studies revealed that AT1R 

monomers can form homodimers, resulting in the activation of the non-canonical (β-

arrestin mediated) pathway (Jean-Charles et al. 2017). In the regulation of adaptive 

immune response, the effector molecules in RAS, specifically, Ang-II and its AT1R, 

where Ang-II was proposed to contribute in pro-inflammatory effects. (Kunert-Radek et 

al. 1994). Moreover, it is not clear enough how AT1R plays role in antigen specific T (a 

type of lymphocyte) cells. In T cell activation, the proliferation, adhesion and 

differentiation are triggered by Ang-II, which acts like as co-stimulatory molecule (Coppo 

et al. 2017). In the higher production of pro-inflammatory cytokines by CD+ T cells, 

AT1R is actively involved, which results in added capacity, to stick with and migrate by 

contributing on up regulation of chemokine receptors (Silva-Filho et al., 2016). 

 

PARP1 is an essential protein for repairing DNA in cancer cells. Uncontrolled PARP1 

activity may cause stroke, myocardial infarction, neurodegeneration and some other 

disease conditions. PARP1 inhibitors conduct to trapping of PARP proteins on DNA to 

inhibit their catalytic action, that stands in the way of replicating DNA and resulting in 

the death of cancerous cells (Patel et al. 2020). Recent studies have shown that PARP1 

inhibitors have therapeutic effects on retinal degeneration. The first approved PARP1 

inhibitor was Olaparib (Lynparza™), which was used for BRCA1 or BRCA mutation 

treatment for women in Europe (Tomao et al. 2020). PARP is a broad family, consisting 

of 18 proteins, where nicotinamide adenine dinucleotide (NAD+) are utilized as substrate 

(Amé et al., 2004). It has two subtypes of PARP1 and PARP2, which are activated by 

damaged DNA and triggers repairing of DNA pathways (Y. Q. Wang et al., 2016). When 

it binds to damaged DNA, the catalytic activity of PARP1 is increased. Other proteins, in 

DNA damaged sites are added by this auto poly ADP ribosylation and as a result, it creates 

a repairing complex. (Sun et al., 2018) 

 

In the beginning stage of drug discovery, primary task starts by identifying a lead 

compound. The structural optimizations of the lead compound for a better therapeutic 
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activity and potency is the next step. In drug discovery process, high-throughput 

screening (HTS) is widely used, which is mainly designed for producing quantitative data 

on the activity of thousands of chemicals, towards hundreds of biological targets and 

pathways. Nowadays, HTS is being largely used for screening large compound libraries 

for identification of lead compounds, which has been popular in pharmaceutical 

industries. But, the drawback of HTS is, it’s very expensive process and at the same time, 

finding active compound with their actual mechanism cannot be assured. As a result, 

adapting structure-based drug design, using computational approaches, are highly 

increased in the phase of finding a lead compound. Computer-aided drug design has 

become a high-priority tool in the drug discovery and development approaches, in recent 

years. A drug may be a substance that binds to a specific target macromolecule receptor, 

to exert pharmacological effects. Drug discovery is the foremost field in analysis; 

however, the method is time-consuming, and costs a lot, for searching a new hit 

compound (Lionta et al., 2014). It has been published that for an era, too many docking 

programs have been developed with a rewarding success in virtual screening application 

procedure. But the drawback is, few programs show false negative (compounds that are 

active, but not representing top ranking scores in docking softwares) and false positives 

(compounds showing highest scores in ranking, but, are inactive). For specific receptor 

or class of compounds, some individual docking programs, most of the time, show 

impressive capability in case of predicting higher affinity compounds. In order to be 

successful in docking application, appropriate target structure with experimental 

knowledge, is the top priority throughout the procedure. 

 

At present time, in understanding molecular mechanism processes, structure-based drug 

design (SBDD) acts by using the structure of protein for discovering new ligands or small 

molecule (Ferreira et al. 2015). SBDD is playing focused role for efficiently developing 

therapeutic agents. Since SBDD targets for disease in molecular level and uses three-

dimensional structural knowledge of the biological target or protein, it has been proven 

much more efficient than other tools of drug discovery. It is possible now to get 

experimental results in atomic level, as investigation of molecular interaction of ligand-

protein binding can be done. For delivering new drug molecules in a very quicker and 

cost-effective way, computational tools now play a very advantageous role in drug 
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discovery process. Alternative approaches of HTS are SBDD, including virtual screening 

(VS) and de novo drug design, which have proved much more efficient in drug molecule 

searching procedure. Commercially available drug molecules or drug-like compounds 

can be screened using computational tools, towards target or protein of known structure, 

in large drug compound libraries and at the same time, some compounds, that are 

predicted to bind well, can be tested experimentally (Sliwoski et al., 2014). In the SBDD 

process, 3D target structural information of interest, is the primary thing to begin with. It 

can be obtained from experimental data, like X-ray crystallography, nuclear magnetic 

resonance (NMR) or homology modeling techniques can be used to model the 3D 

structure of the target protein.  

 

The aim of this thesis study, to repurpose PARP1 inhibitors on AT1 receptor. Since recent 

findings proved that both PARP1 and AT1R play an important role in retinopathy, already 

available PARP1 inhibitors can be used to block AT1R. Successful candidates can act on 

both PARP1 and AT1R, and may provide better therapeutic activity to cure retinopathy. 

 

1.1 Theoretical Background 

1.1.1 Computer-aided Drug Design (CADD) Approaches 

 

Drug discovery and development is a prolonged and complex process, in which computer 

aided drug design (CADD) has become the one of the most significant approaches in 

present era. (Figure 1.1) A drug can be defined as a ligand, when it binds to a specific 

biological target or protein to execute necessary therapeutic effects. The drug discovery 

process is very expensive process. It is known that it may costs $800 million up to the  

US $2 billion from the scientific reports, and at the same time, it may takes 10-15 years 

for the approval, production and marketing of the drug product from drug searching is 

started (Paul et al. 2010). 
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Figure 1.1: The representative workflow of CADD. 

 

 

 (Source: Adapted from (Talevi, 2018)) 

CADD plays a vital role in discovering the drug molecule process for screening enormous 

compound libraries, into the compact collection of functional compounds. CADD 

fundamentally, relies on ligand-based drug design (LBDD), and SBDD. SBDD requires 

target protein structure information, to calculate the binding energies of all studied 

compounds (Yu & Mackerell. 2017). When there is no 3D structural information of the 

target protein or if the homology modeling studies may not be applied, LBDD techniques 

such as quantitative structure activity relationships (QSAR) models can be constructed to 

represent a pseudo binding pocket of the target protein. The impact of structural factors 

on biological activity can be investigated using QSAR modeling.  

 

In the process of structure-based virtual screening (SBVS) an important step is the 

construction of the compound database. There are drug like molecules in SBVS database, 
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which are available freely. Lipinski’s rule of five (Bialystok, 2017) ensures drug 

likeliness of a compound, stating that the molecular weight of an ideal drug like 

compound should be lower than 500 Da, logP (lipophilicity) value should be lower than 

5, hydrogen bond donor number less than 5, and hydrogen bond acceptors less than 10. 

Metabolically liable moieties, and known toxic compounds must be excluded, along with 

lead like properties screening.  

 

SBDD, mostly, begins by screening a possible substance with a binding affinity, 

precisely, to the target molecule. The substance binding sites, are referred to as the active 

sites. Structure-based approaches mostly depend on three dimensional (3D) structures of 

target information. (Lionta et al., 2014) Active compounds, against specific targets are 

searched mainly at the active site. Target structures are retrieved at the molecular level, 

using X-ray diffraction (XRD), solution and solid state nuclear magnetic resonance 

(NMR), electron microscopy, neutron diffraction, electron crystallography, solution 

scattering, and fiber and powder diffraction methods. Macromolecule databank (protein 

data bank, PDB, rcsb.org) (Berman et al., 2002) currently contains more than 180.000 

available structures among them more than 88% are solved using X-ray crystallography. 

Without the target macromolecule structure's atomic positions, the 3D structure, can be 

modeled and predicted with homology modeling. In homology modeling, a solved target 

structure from same family can be used as template structure. 

 

Molecular docking is an approach, for predicting the bioactive conformation of 

compounds in target structures, calculates interactions between protein and ligand 

molecules. (Figure 1.2) In which, ligand conformation in a binding pocket, and accurate 

prediction of the binding energy plays a vital role. To be fitted into the binding pockets 

of proteins, ligand searches for various conformations. The electrostatic, van der Waals 

interactions, hydrogen bonding, inhibitor strain, enzyme desolvation, are important 

factors for free energy calculation of the protein-ligand complex (Kitchen et al. 2004) 
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Figure 1.2: Bioactive conformation and binding energy of a ligand can be predicted with 

molecular docking approach. 

 

 (Source: Adapted from (Yang et al., 2020)) 

∆𝐺 = 𝑅𝑇𝑙𝑛𝐾𝑑 =
[𝐿][𝑃]

[𝐿𝑃]
…………………………………………………………….(1.1) 

 

In Equation 1.1, calculation of binding free energy of the ligand at the target protein (G) 

from dissociation constant (Kd) is represented. The binding of the ligand to the target 

protein will be tighter, if the value of G becomes the lowest. In molecular docking, G 

can be predicted with the summation of binding interaction forces between ligand and 

target protein atoms. (Equation 1.2) Calculation of docking algorithm, via G can provide 

information about binding free energy of ligand, although, recent docking algorithms 

provide only static information. Degrees of freedom become very large, when, both 

flexible parts of ligand and protein are taken, requiring costly computer sources. As a 

result, flexibility is given only in docked ligand at the binding pocket, and the target site, 

where, minimal flexibility is taken. Flexibility of the ligand and binding pocket residues 

can be increased with Induced Fit Docking (IFD) protocols. ( Eunsung Mouradian, 2008) 

 

∆𝐺𝑏𝑖𝑛𝑑 =  ∆𝐺0

+ ∆𝐺ℎ−𝑏𝑜𝑛𝑑𝑠 ∑ 𝑓(∆𝑟, ∆𝛼) +  ∆𝐺𝑎𝑟𝑜𝑚 

ℎ−𝑏𝑜𝑛𝑑𝑠

∑ 𝑓(∆𝑟, ∆𝛼)

𝑎𝑟𝑜𝑚

+ ∆𝐺𝑖𝑜𝑛𝑖𝑐  ∑ 𝑓(∆𝑟, ∆𝛼) +

𝑖𝑜𝑛𝑖𝑐

 ∆𝐺𝑙𝑖𝑝𝑜  ∑|𝐴𝑙𝑖𝑝𝑜 | +  ∆𝐺𝑟𝑜𝑡  𝑁𝑟𝑜𝑡 

𝑙𝑖𝑝𝑜

  

……………………………………………………………………………(1.2) 
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In Equation 1.2, ∆𝐺0 , refers to, standard binding free energy. ∆𝐺ℎ−𝑏𝑜𝑛𝑑𝑠   describes the 

contribution of hydrogen bonds to the binding free energy. ∆𝐺𝑖𝑜𝑛𝑖𝑐 refers the contribution 

from an unperturbed ionic interactions. ∆𝐺𝑎𝑟𝑜𝑚 describes the contribution of the binding 

free energy of aromatic interactions.  ∆𝐺𝑙𝑖𝑝𝑜 describes the contribution of binding free 

energy from lipophilic interactions. ∆𝐺𝑅𝑜𝑡 describes rotational penalties, that are applied 

to the binding free energies. 

 

Docking is a static approach. In order to better understand that structural and dynamical 

profiles of the interactions between protein-ligand complexes, molecular dynamics (MD) 

simulations can be performed. MD simulations play an important role in protein motion 

determining, thus plays significant role in drug discovery (Salo-ahen et al., 2021). NMR, 

X-ray crystallography and homology modeling help in building a static model, which can 

provide important insights for macromolecular structure determination. In case of a drug 

or small molecule binds to a receptor, it does not interact with a single, frozen structure, 

it interacts with a macromolecule in a constant motion, but, if the protein motion are 

limited, then the ligand can fit into static binding pocket like a key fits into lock (A & 

VA, 2018). The idea of MD simulation is, calculating the force applied on each atom by 

all rest of other atoms with the help of using Newton’s law of motion, for getting a 

prediction of the spatial position of each atom, as a function of time. Specifically, 

calculating the forces on each atom continuously, and after that updating the position and 

velocity of each atom by using these forces, which results in trajectory, describing 

configuration of the system at every point throughout the simulation time at atomic level. 

These simulations capture the position and motion of every atom in every point of time. 

By comparing simulations, the variety of molecular perturbations can be analysed (Scott 

A. Hollingsworth & Ron O. Dror, 2018). 

 

In LBDD approach, QSAR method is the widely used technique which uses known 

experimental knowledge, to develop a general pharmacophore model (Verma et al., 

2010). Molecules with similar structures, tend to own similar biological activity. 

Validation, of the overall pharmacophore model can be done using alternative ligands 

with known experimental activity. Combination of these approaches can create a chance 

to find new drug molecules. The most considerable distinction between ligand-based and 
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structure-based approaches is the 3D structural information of the target protein data. 

Data, on receptor spatial coordinates, and their active sites are not required in QSAR. To 

derive data from ligands, initially, their experimental activities ought to be known. There 

need to be enough ligands with a diverse biological of activities (i.e., from micromolar to 

nanomolar).  

 

1.1.2 GPCR Signaling Pathway 

RAS is the endocrine system, that controls plasma blood pressure (Preston et al., 1998). 

Proteinase in circulation, transforms vasoconstrictor to hypertensin (Ang I), and 

primarily, cleaves ten residues of angiotensinogen. These cleaved residues tagged Ang I, 

in which, decapeptide (Arg-Val-Tyr-Ile-His-Pro-Phe-His-Leu) is remodelled into 

hypertensin octapeptide (Ang II) by ACE, in the main respiratory organ capillaries. ACE 

cleaves peptide linkage between Phe and Ang I, C-terminal residues and Ang-II induces 

vessel narrowing, along with, targeting AT1R. Often, Ang-II induces mineralocorticoid 

endocrine secretion, which mediates urinary organ metallic element (Na+) organic 

process, and potassium (K+), which implicitly affects body pressure level. Excessive RAS 

stimulation induces several diseases and high blood pressure; diseases like, arteria 

coronaria, viscus attack, obesity, diabetic kidney disease, urinary organ disorder, and 

cancer, which are also regulated through ACEIs, ARBs, proteinase inhibitors that 

specifically, block Ang II. Targeted medications are usually used as strategies of medical 

aid. Another Ang-II target is AT2 receptor. Its functional roles have not been fully 

clarified yet (Sallander et al. 2016, Durdagi et al. 2018).  

 

GPCRs are one of the cell membrane macromolecules of superfamilies, that process 

chemical secretion messengers and release neurotransmitters (D. Wang, 2018; 

Fredriksson et al. 2003a). GPCRs incorporate seven alpha-helical trans-membrane (TM) 

domains, connected by three extracellular (EC) and three intracellular (IC) loops, headed 

by EC amino-terminal (N-terminal) and IC carbon-terminal (Zhou et al., 2019). These 

categories include category A (rhodopsin-like), category B (secretin receptor family), 

category C (metabotropic glutamate), category D (pheromone plant receptor), and 

category F -frizzled (FZD) and smoothened (SMO) receptors. Categories D and E for 

invertebrates. GRAFS is an alternate vertebrate theme. Vertebrate GPCRs have five 
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completely different families; Glutamate, Rhodopsin, Adhesion, Secretin and 

Frizzled/Taste2 (Fredriksson et al., 2003b). Binding of ligand molecule to target GPCR 

causes conformational change of the protein. This alteration affects GPCR-G 

macromolecule interaction, and remodelling of downstream proteins (O'Connor, 2010; 

Inoue et al. 1997), (Figure 1.3). The increased understandings of GPCR structure have 

made a parallel increase in GPCR targeting drug designing studies (Cherezov et al., 2007, 

Kruse et al., 2012). 

 

         Figure 1.3: GPCR signaling pathway. 

 

 (Source: Adapted from (Gurevich & Gurevich, 2019)) 

 

AT1R plays a significant role in regulation of cardiovascular and renal homeostasis, 

though, overstimulation of AT1R can cause hypertension and hypertrophy like diseases. 

AT1R blockers are now widely used for these types of diseases. AT1R ligand may also 

activate the beta-arrestin mediated pathway. (Figure 1.4) 
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Figure 1.4: Beta-arrestin mediated pathway. 

 

 (Source: Adapted from (Van Gastel et al., 2018)) 

 

1.1.3 Diabetic Retinopathy 

Persons with diabetes, eventually, suffer from microangiopathy of retina, called diabetic 

retinopathy, which can be subdivided into two types; like, diabetic macular edema and 

proliferative retinopathy. Among them, macular edema can highly threaten visual 

impairment. Arterial blood pressure, plays a significant role in development and 

progression of diabetic retinopathy, which has become the leading cause of blindness 

among working age people (Ulbig & Kollias, 2010). Figure 1.5 shows diabetic 

retinopathy pathway. 
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Figure 1.5: Diabetic retinopathy pathway.  

 

 

1.1.4 PARP1 

PARP1 is a protein, involved in DNA repair, which is activated by DNA strand breaks 

(Ko & Ren, 2012; Murata et al., 2019; Chen, 2011). PARP1 is composed of three 

functional domains (Figure 1.5). PARP1 needs two zinc fingers, which can be found on 

amino-terminal DNA-binding domain for binding with single-strand breaks and double 

strand –breaks. (Huambachano et al., 2011). 
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          Figure 1.6: Structural along with functional organization of PARP1. 

 

                                               (Source: Adapted from (Eustermann et al. 2015)). 

 

1.1.5 Aim of the Study 

 

In this study, molecular docking, MD simulations, molecular mechanics generalized Born 

surface area (MM/GBSA) binding free energy calculations were performed, to analyse 

the AT1/PARP1 interactions, and their molecular mechanisms. In this thesis, 

computational approaches, like, molecular docking, MD simulations and post-processing 

MD analyses were combined to determine inhibitors of PARP1 interactions with AT1R. 

The highlights would represent the molecular mechanism, that would be useful for further 

designing of potent inhibitors, to cure diabetic retinopathy. 

 

 



14 
 

2. LITERATURE REVIEW 

 

In 1995, Feng et al. stated about a direct charge pair by applying bold interaction in 

between Ang-II and Arg2 side chain along with Asp281 of the receptor which led to 

partial agonism. It happened as arginine side chain was being able to take part in different 

hydrogen bonding interactions (Feng et al. 1995) 

In 2001, Nikiforovich &Marshall studied structure activities with various analogues of 

Ang-II , which showed the importance of Arg2, Tyr4, His6 and Phe8 and also the 

importance of negatively charged carboxy terminal regions for Ang-II ( Nikiforovich & 

Marshall 2001).  

In 2002, Gradman discussed in their paper about the pharmacological properties and 

clinical efficacy of the AT1R blockers, which differed markedly. Without affecting 

maximal response, losartan shifted the dose-response curve for Ang-II to the right. By 

increasing the concentration of Ang-II, losartan could act as unsurmountable antagonist.  

In 2015, Haitao et al. used crystal structure human AT1R in complex with Olmesartan 

(Benicar TM), which is an inverse agonist and highly potent antihypertensive drug for the 

regulation of blood pressure, for identification of specific interactions between AT1R and 

different ARBs. It was observed in the study that binding of endogenous peptide agonist 

is affected by the mutation N1113.35A in the putative binding site (Haitao et al., 2015). 

In 2011 Miura et al. stated in their paper about highly selective ARBs. The main focus of 

the study was the class effects versus molecular effects (Miura et al., 2011). 

 

In 2013, Akazawa et al. published a work that demonstrated that Ang-II through AT1Rs 

was able to stimulate multiple signaling pathways and transfers with various tyrosine 

kinases along with increased rate of transcription of growth factor receptors (Akazawa et 

al., 2013). 

 

In 2013, Miura et al. published their work about the molecular mechanisms of non-

peptide AT1 receptor antagonists act different as variations of their molecular structures 

(Miura et al. 2013).  
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In 2013, Fillion et al. stated that in their paper about binding of the Ang-II at different 

sites of the receptors in the extracellular loops (ECL) along with transmembrane helices. 

They mentioned that the bound Ang-II was adopting vertical binding mode along with 

it’s amino terminus and it’s carboxy terminus was interacting more strongly in between 

the transmembrane domain core (Fillion et al. 2013).  

 

In 2016, Silva-Filho et al. discussed in their paper about  the axis of RAS, AngII and its 

receptor, AT1R, played role as an important effector by regulating T-cell responses. By 

using tools of pharmacology, these studies characterized effects of AngII, and AT1R. The 

specific function did AT1R play, in antigen specific CD8+ T cells, was not known. This 

study revealed that  in antigen specific CD8+ T cells and AT1R regulated expansion, 

differentiation and function during effector and memory phase during response against 

plasmodium (Silva-Filho et al., 2016). 

In 2020, Anderson et al. stated in their paper about AT1R blockers, which are the 

commonly prescribe drugs, in treatment of cardiovascular disease. Due to non-

synonymous single nucleotide polymorphisms, (nsSNPs) within the AT1R gene, the 

effectiveness of ARBs varies largely. There were 100 nsSNPs, which could be found in 

AT1R coding sequence. However, for the determination of nsSNP, which nsSNP could 

abrogate the binding with selective ARBs, was the purpose of this study. (Anderson et 

al., 2020). 

 

In 2015, Malyuchenko et al. stated in their paper about the discovery of antitumor drugs, 

targeting the PARP1. In some disease, associated with neoplasm and lung cancer, breast 

cancer expression of PARP1 was observed. By aiming at DNA binding and 

transcriptional activity, rather than aiming catalytic domain could open the possibility of 

developing new PARP1 inhibitors,  which was discussed in this paper (Malyuchenko et 

al., 2015). 

 

In 2020, Zhang et al discussed in their paper about PARP1 inhibitors, which were derived 

from various pyridopyridazione derivatives. The isostere of pthalazine nucleus of the lead 

compound Olaparib, using pyridopyridazinone scaffold, was used, to modify the tail part 

of the molecule. Most compounds possessed inhibitory potencies in nanomolar level in 
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comparison with Olaparib. As a reference, drug with 8a (IC50=36nM), with compared to 

Olaparib, showed, best PARP1 inhibitory action. The newly designed compound was 

docked well into PARP1 active site, and at the same time, their complexes were stabilized 

by three key hydrogen bond interactions with both Gly863, Ser904, along with favourable 

π-π and hydrogen-π stacking interactions with Tyr907 and Tyr896, which was revealed 

by molecular modeling (Zhang et al., 2020). 
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3. COMPUTATIONAL METHODS 

 

3.1 Protein Preparation 

A reasonable beginning structures of ligand and protein, is the prerequisite for desired 

campaigning of SBVS. There are heavy atoms present in an ideal PDB structure file ( in 

case of X-ray structure), and at the same time, water molecules, co-factors, ligands, metal 

ions, along with various protein subunits are also present in a typical PDB structure. But, 

about bond orders, formal atomic charges or topologies, there is limited information in 

the structure. Low resolution of a specific protein area, may result in missing of larger 

loops or residue side chains. There are some protein preparations schemes that have been 

proposed to resolve above mentioned structural issues. (Lorenz-Fonfria, 2020) The 

proposed strategy starting from determining the protonation states of the amino acid 

residues. Some few popular softwares are PROPKA (Breiding, 2014), H++ (Davies et al., 

2006). Later step, begins with assigning hydrogen atoms and protein hydrogen bond 

optimization, in accordance with, an ideal hydrogen bond network. The next step starts 

with assigning of partial charges, capping of residues, filling up missing side chains and 

loops, treating metals, and for relieving steric clashes the protein structure is minimized. 

A decision should be made whether, which water molecules will be removed or kept at 

the binding pocket, which can be done by WaterMap (Bolcato et al., 2020), JAWS (Trist 

et al., 2008), 3D RISM (Nguyen et al., 2019) in commercially available softwares. 

 

In this study, the crystal structure of the AT1R (PDB ID: 4YAY) (Zhang et al., 2015b) 

were used. Protein preparation tool of Maestro molecular modelling package was used to 

prepare the AT1R structure. (Sastry et al., 2013) Before optimization and minimization, 

the mediator residues, from Asp1002 to Leu 1106, in the AT1R crystal structure, were 

removed, as, it was used to get the crystal structure with cytochrome. Hydrogen atoms 

were added, bond orders were allocated, disulphide bonds were generated between Cys18 

and Cys274 and between  Cys101 and Cys180. Missing side chains and loops were fixed. 

Prime module of the Maestro was used for the refinement of the target protein. Structural 

optimization were conducted at physiological pH 7.4, by running PROPKA (Bas et 

al.,.2008, Li et al., 2005). As force field OPLS3e was used for energy minimization. 
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3.2 Ligand Preparation 

ChEMBL (https://www.ebi.ac.uk/chembl/) is considered as bioactivity database, where 

data extraction from medicinal chemistry literature and new sources of bioactivity data 

can be found. In the current study, 2499 PARP1 inhibitors and 1156 ATR1 binders and 

20 AT1R approved drugs and ligands in clinical investigation were downloaded.  For the 

preparation of the structures of ligand, LigPrep module was used. The OPLS3e force field 

was performed for structural optimization of the ligands. Protonation circumstances of 

ligands were allocated with running EPIK, and pH was adjusted to neutral 7.0 

(Greenwood et al., 2010, Shelly et al., 2007) and generate all combinations were assigned. 

After completion, 4461 PARP1 inhibitors were generated. Settings were the same for 

preparation of the 1156 AT1R binding molecules and 20 AT1R drugs, which resulted into 

2034 and 54 molecules, respectively. 

 

3.3 Molecular Docking 

Currently there freely available and commercial molecular docking programs such as 

Autodock, Glide, FlexX, GOLD, LigandFit (Z. Wang et al., 2016). Docking programs 

can be used to predict the binding poses of the ligands at the target structure as well as 

differentiate the strong binders from weak binders.  (Huang & Zou, 2010) Glide/SP 

(standard precision) module of the Maestro molecular modeling package was used for 

molecular docking. (Friesner et al., 2004a, Friesner et al., 2006, Halgren et al., 2004). A 

grid map was built at the known active site of the AT1R crystal structure (Zhang et al., 

2015b). The prepared grid AT1 crystal structure is indicated in Figure 3.1. Default 

settings of Glide were used in docking calculations.  

 

 

 

 

 

 

 

 

 

https://www.ebi.ac.uk/chembl/
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Figure 3.1:  Grid map of AT1R prepared for docking studies. 

 

In the rotatable group’s tab, all bonds as rotatable were assigned. Glide/SP docking 

protocol of Maestro molecular modeling package was used to dock 4461 PARP1 

inhibitors at the AT1R. At the same time, 2034 AT1R binding molecules and 54 AT1R 

inhibitors were docked to the AT1R binding pocket.  

 

3.3.1 Induced Fit Docking (IFD) 

Induced fit docking protocol (IFD) along with Glide/Extra precision (XP) protocol of 

Maestro molecular modeling package was used for the selected compounds. At the 

beginning, for every ligand, Glide docking was performed. Selections of the ligands along 

with sample ring conformations were done and trimming of side chains were performed. 

Refinement of residues were set within 5 Å of ligand poses and optimization of side 

chains were done. This resulted in formation of a ligand structure and conformation, 

which acted as induced fit for every pose of the structure of the receptor. Ultimately, Glide 

re-docking was run in default settings and for precision, XP was selected. In the induced 

fit receptor structure, the ligand was precisely docked.  
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3.4 Molecular Dynamics (MD) Simulations 

MD simulations were performed under physiological conditions for the analyses of 

structural and dynamic profile of the ligand-protein interactions. The protein-ligand input 

structures, used for MD simulations, were determined, in accordance with, the top-scored 

complex from IFD docking protocol. The MD simulations were carried out using 

Desmond (Ivanova et al., 2018) program. Simulations were carried out with the body 

temperature (310 K) and a pressure of 1 bar was applied in three runs along with 

NPT ensemble. Time step was 2 fs and the simulation length was 100 ns for each run. 

The OPLS3e force field parameters were used in all simulations (Roos et al., 2019). As it 

is membrane protein, POPC was used as lipid bilayer, OPM server was used for the 

alignment with crystal structure. The long-range electrostatic interactions were calculated 

using the particle mesh Ewald method.  The Martyna–Tuckerman–Klein chain coupling 

scheme with a coupling constant of 2.0 ps was used for the pressure control and the Nosé–

Hoover chain coupling scheme for the temperature control. The trajectories were saved 

at 50 ps intervals for analysis. 

 

3.5 Molecular Mechanics Generalized Born Surface Area (MM/GBSA) Calculations 

MM/GBSA method was run to estimate ligand-binding affinities, using molecular 

mechanics and continuum solvent models (Rastelli et al., 2010). For protein-ligand 

binding free energy calculations, the Prime-MMGBSA module was used. Solvation 

model VSGB 2.0 and force field OPLS3e was used for calculation.  

 

3.6 Binary QSAR Models 

MetaCore /Metadrug is a web-based platform, where it uses developed binary QSAR 

models, for predicting therapeutic activity, and at the same time, toxicity and 

pharmacokinetic profile prediction of screening molecules (Durdagi et al., 2020). 

The structures of top 20-PARP1 identified inhibitors were submitted to MetaCore/ 

MetaDrug, for the purpose of analysing therapeutic activity. MetaDrug uses Tanimato 

prioritization (TP) for finding the similarity between analysed compound and compounds 

in the construction of QSAR models, based on the elements that can be found in 

structures. In this application, the predicted values are normalized between 0 and 1, where 

0 refers to inactive and 1 refers to active molecules.   
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4. RESULTS  

 

4.1. Molecular Docking Studies 

2499 PARP1 inhibitors were collected from ChEMBL database. These molecules were 

prepared before the docking calculations, after the ligand preparation because of different 

protonation states and stereochemistries, total number of compounds reached to 4461. 

Before the docking, capability of the used docking software (Glide) to capture the correct 

co-crystallized pose of the ligand was evaluated. For this aim, co-crystallized ligand 

(ZD7) at the AT1R was removed from binding pocket and re-docked. RMSD between 

co-crystallized pose and docking pose were found as 0.7 Å both in Glide/SP and 

Glide/IFD methods. (Table 4.1) Since for Glide/SP and IFD, root mean square deviation 

(RMSD) values are below 1 Å, predicted pose of PARP1 inhibitors at the binding pocket 

of AT1R can be used confidently.  

 

Table 4.1: Comparison of co-crystallized ligand (ZD7) conformation and top-docking 

pose. 

 GLIDE/SP 

-Standard Precision 

IFD-(Induced Fit 

Docking) 

RMSD (Å) 0.70 0.70 

 

Figure 4.1 represents distribution of docking scores of PARP1 inhibitors at the AT1R 

binding site. Most of the docked molecules have docking scores between -6 and -7 

kcal/mol. Table 4.2 represents selected top-docking scored compounds.  
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Figure 4.1: Distribution of docking scores of PARP1 inhibitors at the AT1R binding 

site. 

 

Table 4.2: Top-scored Docking, along with MM/GBSA free energy estimation result of 

PARP1 inhibitors, against the binding pocket of AT1R (Docking scores are in kcal/mol) 

PARP1 

INHIBITORS 

 

2D STRUCTURES 

SP 

DOCKING 

kcal/mol 

IFD 

DOCKING  

kcal/mol 

MM/GBSA 

BIND  

kcal/mol 

CHEMBL 

523887 
 

-10.01 -8.86 

 

-83.92 

CHEMBL 

3945618 
 

-9.73 -10.16 -64.27 

CHEMBL 

3317902 

 

-9.00 -10.45 -89.51 
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CHEMBL 

610491 

 

-8.80 

 

-8.76 

 

-63.17 

CHEMBL 

593609 

 

-9.15 -9.97 

 

-56.83 

CHEMBL 

378794 

 

-8.94 -8.30 -41.30 

CHEMBL 

3933577 

 

-8.79 -9.21 

 

-61.54 

CHEMBL 

3105882 

 

-8.98 -10.79 -68.05 

CHEMBL 

2323533 

 

-8.79 -9.25 -82.10 
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CHEMBL 

4177163 

 

-8.84 -9.81 -72.46 

CHEMBL 

610165 

 

-9.25 -8.17 

 

-50.83 

CHEMBL 

3663637 

 

-9.00 -10.67 -65.25 

CHEMBL 

407760 

 

-8.98 -8.44 -58.60 

CHEMBL 

4084234 

 

-8.78 -9.60 -60.20 

CHEMBL 

4167820 

 

-8.82 -8.64 

 

-69.53 

CHEMBL 

3649746 

 

-8.80 -7.26 -42.13 
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CHEMBL 

3922251 

 

-9.03 -9.20 -58.41 

CHEMBL 

3891789 

 

-8.83 -11.37 

 

-61.03 

CHEMBL 

3644592 

 

-8.90 -8.84 

 

-36.46 

 

Compound CHEMBL3891789 was found to top IFD docking score (-11.37 kcal/mol). Its 

corresponding Glide/SP docking scores was calculated as -8.83 kcal/mol. 2D and 3D 

ligand-residue interactions of this compound was depicted at Figure 4.2. 
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Figure 4.2: 2D and 3D ligand interaction diagrams of CHEMBL3891789 at the binding 

pocket of the AT1R. 

 

 

Figure 4.2 shows that while the residue Tyr92 is forming cation-pi interactions, Arg23, 

Tyr35, Arg167, Tyr184, and Gln267 form hydrogen-bonding interactions with the ligand. 

These residues are well-known residues for the crucial interactions of the known ARBs. 

Table 4.3 summarizes the crucial residues and their corresponding type of interactions 

with the binding pocket residues for the selected top-3 compounds. 

 

Table 4.3: Top-scored compounds with their docking scores along with their residue 

interactions at the active site of the ATR1. 

 

Selected PARP1 

Inhibitors 

Docking Score 

(IFD) 

(kcal/mol) 

Type of interactions Amino Acid Residues at 

the Active Site 

CHEMBL3891789 -11.37 Hydrophobic, Hydrogen 

bond (backbone), Hydrogen 

bond (side chain) 

Tyr92, Arg167, Gln267, 

Tyr184,  Tyr35. 

CHEMBL3105882 -10.79 bond(backbone), Hydrogen 

bond (side chain 

Tyr92, Asp281, and Trp84. 
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CHEMBL3663637 -10.67 Hydrophobic, Hydrogen 

bond(backbone), Hydrogen 

bond (side chain 

Tyr92, Asp281, and Trp84 

 

 

1156 ATR1 binders and 20 AT1R approved drugs and ligands in clinical investigation 

were downloaded from ChEMBL after ligand preparation, total number of compounds 

were 2034 and 54 molecules, respectively. Figures 4.3 and 4.4 represent docking score 

distribution of the docked compounds. 

 

Figure 4.3: Docking score distribution of the AT1R drugs and candidates. 

  

Figure 4.4: Docking score distribution of the AT1R binders. 
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Table 4.4 represents the 2D structures and docking scores of selected ATR1 drugs and 

drugs in clinical investigation at the active site of the target protein. 

 

Table 4.4: Top scored docking score and MMGBSA energy calculation of AT1 drugs 

and candidates at the binding pocket of AT1 (docking scores are in kcal/mol). 

AT1 Drugs and Candidates GLIDE/ 

IFD 

(kcal/mol) 

GLIDE/ 

SP 

(kcal/mol) 

MM/GBSA 

DG Bind 

(kcal/mol) 

CHEMBL938: SARALASIN 

 

-11.55 -10.23 -119.65 

CHEMBL1014: CANDESARTAN CILEXETIL 

 

-11.02 -8.76     -116.04 

CHEMBL2028661: AZILSARTANMEDOXOMIL -10.48 -8.56 -107.24 
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CHEMBL539423: SPARSENTAN 

 

-10.82 -8.49 -87.94 

CHEMBL57242: AZILSARTAN 

 

 

-10.85 -8.13 -81.08 

CHEMBL1200692: OLMESARTAN 

MEDOXOMIL 

 

-10.09 -8.86 -96.41 
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Table 4.4 indicates that saralasin and telmisartan have high docking scores which lines 

well with the experimental results. Figure 4.4 shows 2D and 3D ligand interactions of 

telmisartan at the binding pocket of the AT1R. 

 

 

Figure 4.5: 3D (A) and 2D (B) ligand interaction diagrams of Telmisartan at the 

binding pocket of AT1R structure. 

 

CHEMBL1016: CANDESARTAN 

 

-10.41 -8.22 -92.03 

CHEMBL1017: TELMISARTAN 

 

-11.54 -8.39 -113.31 
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Figure 4.5 indicates that residues Tyr35, Tyr92, and Ser105 construct  hydrogen bonding 

interactions with the ligand. Arg167 forms both hydrogen bonding, pi-cation and salt 

bridge interactions with the telmisartan.  

 

Table 4.5 represents type of chemical interactions and docking scores of selected known 

AT1R drugs at the AT1R. 

 

Table 4.5: Top scored selected AT1 drugs and candidates with their docking scores along 

with their chemical interactions at the active site of AT1R. 

 

Selected AT1 Drugs 

and Candidates 

Docking 

Scores (IFD) 

(kcal/mol) 

Nature Of 

Interaction 

Amino Acids on 

Active Sites 

Saralasin  -11.55 Hydrogen bonding, 

(backbone), Hydrogen 

bonding (Side chain), 

hydrophobic 

Lys199, Arg167, 

Cys180, Asp263, 

and Asp281 

Candesartan Cilexitil -11.02 Hydrogen bonding, 

(backbone), Hydrogen 

bonding (Side chain), 

hydrophobic 

Arg167, Cys180, 

Asp263, and 

Asp281 

Azilsartan -10.85 Hydrogen bond ing 

(backbone), Hydrogen 

bonding (Side chain), 

hydrophobic 

Arg167, Cys180, 

Asp263, and 

Asp281 

 

Table 4.6 shows top-docking scores of selected AT1R binders among docking scores of 

2034 compounds. 
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Table 4.6: Top-scored docking scores of AT1R binders at the binding pocket of AT1R 

(Docking scores are in kcal/mol). 

AT1 BINDERS 2D STRUCTURES DOCKING 

SCORE, 

IFD 

(kcal/mol) 

MM/GBSA 

BIND  

kcal/mol 

CHEMBL3640124 
 

-11.12 -107.39 

CHEMBL3640125 
 

-11.03 -92.51 

CHEMBL306638 
 

-10.98 -146.80 

CHEMBL3640123 
 

-10.92 -106.88 
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CHEMBL3640138 
 

-10.90 -111.67 

CHEMBL3640139 
 

-10.88 -115.22 

CHEMBL313868 
 

-10.84 -105.37 

CHEMBL3735236 
 

-10.69 -120.60 

CHEMBL3640137 
 

-10.66 

-102.30 
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CHEMBL70100 
 -10.57 

-131.10 

 

In order to check the therapeutic activity predictions of selected PARP1 inhibitors at the 

AT1R, selected hit compounds were also screened at the binary QSAR models of 

MetaCore/MetaDrug applications of Clarivate Analytics. For this aim, top-20 PARP 

inhibitors that show predicted high affinity at the AT1R were used. Binary QSAR models 

of anti-hypertension, anti-inflammation, and anti-cancer models of MetaCore/MetaDrug 

were used. These models have following statistical results. Hypertension-QSAR model: 

(Training set: 554, test set: 111, sensitivity: 0.89, specificity: 0.81, accuracy: 0.85; MCC: 

0.70); Inflammation-QSAR model: (Training set: 598, test set: 93, sensitivity: 0.86, 

specificity: 0.84, accuracy: 0.85; MCC: 0.69); Cancer-QSAR model: (Training set: 886, 

test set: 167, sensitivity: 0.89, specificity: 0.83, accuracy: 0.86; MCC: 0.72).  Table 4.7 

represent binary QSAR model results of selected PARP inhibitors and their 

corresponding docking scores at the AT1R. 
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Table 4.7: Binary QSAR model results of selected top-20 PARP inhibitors. 

 

PARP1 

INHIBITORS 

2D STRUCTURES Hypertension 

QSAR model  

Inflammation 

QSAR model 

Cancer 

QSAR 

model 

 

CHEMBL 

523887 
 

0.41  

 

0.12  

 

0.63  

CHEMBL 

3945618 
 

0.59  0.35 0.79  

CHEMBL 

3317902 

 

0.52  0.41  0.53  

CHEMBL 

610491 

 

0.56  0.57  0.74  

CHEMBL 

593609 

 

0.50  0.59 0.73  

CHEMBL 

378794 

 

0.59  0.35  0.79  
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CHEMBL 

3933577 

 

0.91  0.14  0.66  

CHEMBL 

3105882 

 

0.41  0.12  0.63  

CHEMBL 

2323533 

 

0.32  0.63  0.64  

CHEMBL 

4177163 

 

0.55  0.39  0.64  

CHEMBL 

610165 

 

0.57  0.40  0.72  

CHEMBL 

3663637 

 

0.62  0.51  0.38  

CHEMBL 

407760 

 

0.63  0.32 0.61  
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CHEMBL 

4084234 

 

0.39  0.17  0.71  

CHEMBL 

4167820 

 

0.62 0.48  0.46  

CHEMBL 

3649746 

 

0.52 0.27  0.51  

CHEMBL 

3922251 

 

0.91  0.12  0.63  

CHEMBL 

3891789 

 

0.91  0.14  0.66  

CHEMBL 

3644592 

 

0.71  0.18  0.73  
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Among the analyzed compounds at three different binary QSAR models, three 

compounds showed very high predicted therapeutic activity values (0.91) at the 

hypertension-QSAR models. These molecules were CHEMBL3933577, 

CHEMBL3922251, and CHEMBL3891789. 

Figures 4.6 and 4.7 represent 2D and 3D ligand interaction diagrams of 

CHEMBL3922251 and CHEMBL3933577 compounds. Corresponding interactions for 

the CHEMBL3891789 were depicted at Figure 4.2 

Figure 4.6: 3D (A) and 2D (B) ligand interactions of CHEMBL3922251 with AT1R (top-

docking pose of IFD). 

 

While Tyr35, Arg167, and Tyr184 form hydrogen bonding interactions with the 

compound (CHEMBL3922251), Trp84 forms pi-cation interactions. Tyr292 constructs 

pi-pi stacking interactions.  
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Figure 4.7: 3D (A) and 2D (B) ligand interactions of CHEMBL3933577 with AT1R (top-

docking pose of IFD). 

 

Compound CHEMBL3933577 forms interactions mainly with Tyr35, Trp84, Arg167, 

and Lys199 which are well-known crucial residues for the ATR blockers.  
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4.2 MD Simulations 

Three selected hit molecules (CHEMBL3933577, CHEMBL3922251, and 

CHEMBL3891789) were used in MD simulations for better understanding their structural 

and dynamical profiles at the AT1R. Together with three selected hit compounds, we also 

used telmisartan as positive control molecule as AT1R antagonist. Figure 4.8 represents 

change of backbone protein RMSD throughout the simulations when three hit compounds 

and telmisartan bound to AT1R. All the RMSD values seem in stable form after around 

5 ns of MD simulations. 

Figure 4.8: RMSD –Time graph comparison of top-3 PARP1 inhibitors used in AT1R 

for protein backbone, in respect to positive control Telmisartan. 
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Figure 4.9 depicts representative 2D ligand interactions for CHEMBL3891789. 

Simulations are repeated 3 times for each system. Here, figure shows representative figure 

for Run #1. 

Figure 4.9: 2D ligand-protein interactions for CHEMBL3891789 during the MD 

simulations. 

 

This schematic of detailed ligand atom interactions with protein residues, in which 

interactions, that occur more than 30% of the simulation time (100 ns) are represented. 

Protein-ligand interactions can be monitored throughout the simulation. These 

interactions can be categorized into four types, hydrogen bonds, hydrophobic 

interactions, ionic interactions and water bridges. H-bonds play a significant role in ligand 

binding. Hydrogen bonds, between a protein and a ligand can be further broken down into 

four subtypes: backbone acceptor; backbone donor; side-chain acceptor; side-chain 

donor. Hydrophobic contacts can be divided into three types, π-Cation; π-π; and other 

non-specific interactions. Ionic interactions or polar interactions are between two 

oppositely charged atoms within 3.7 Å and do not involve hydrogen bonds. All ionic 

interactions can be broken down into two subtypes, mediated by protein backbone or side 

chains. Water bridges are hydrogen bonded protein-ligand interactions, mediated by 



42 
 

water molecules. The current geometric criteria for protein-water or ligand-water 

hydrogen bonds are 2.8 Å distance between donor and acceptor atom. Crucial constructed 

interactions for the binding of CHEMBL3891789 at the AT1R are from Tyr92, Phe182, 

Lys199, Asp263, and Asp281. While Lys199 and Asp281 mainly forms hydrogen bonds 

and water bridges, Phe182 constructs pi-pi stacking interactions. Moreover, Asp281 

forms ionic interactions and Tyr92 forms pi-cation type interactions. Conservancy of each 

interactions during the simulations are depicted at the figure. 

Figure 4.10 shows 2D ligand-residue interactions of selected hit compound 

CHEMBL3922251 at the binding pocket of AT1R during the simulations for run#1. 

While Trp84 and Tyr292 form pi-pi stacking interactions with the ligand, Arg167 and 

Tyr184 constructs hydrogen bonds.  

Figure 4.10: 2D ligand-protein interactions for CHEMBL3922251 during the MD 

simulations. 
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Figure 4.11 represents 2D ligand-residue interactions for CHEMBL3933577 during the 

simulations. Crucial interactions were from Lys199 (water bridges and hydrogen bonds), 

Tyr113 (water bridges and hydrogen bonds) and Phe182 and Trp253 (hydrophobic 

interactions).  

Figure 4.11: 2D ligand-protein interactions for CHEMBL3933577 during the MD 

simulations. 
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Corresponding protein-ligand interactions during the simulations for positive control 

compound telmisartan were shown in Figure 4.12. While Arg167, Lys199, Tyr87, 

Tyr35 form hydrogen bonding interactions, Tyr92 forms pi-pi stacking and pi-cation 

interactions. Arg167 also forms pi-cation interactions. 

Figure 4.12: 2D ligand-protein interactions for Telmisartan during the MD simulations. 
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4.3. MM/GBSA Calculations 

During the MD simulations, binding free energies of selected three hit compounds and 

positive control molecule telmisartan were compared. Figure 4.13 shows the change of 

MM/GBSA during the simulations. It is observed that among three selected compounds 

CHEMBL3891789 have lower binding free energies than other two selected hits. 

However, none of the three compounds have found better binding free energies than the 

positive control telmisartan.   

FIGURE 4.13: MM/GBSA –Time graph comparison of top 3 PARP1 inhibitors used in 

AT1R for MMGBSA ΔG calculation in respect to positive control Telmisartan obtained 

from 100 ns MD simulations. 
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5. DISCUSSION 

 

 

The purpose of this study was to identify new potential inhibitor against AT1R. Primary 

focus was searching for a small molecule or ligand that can bind to AT1R and inhibits its 

activity, so that a potential therapeutic activity can be achieved, which was being desired 

for intended cure of disease. After analyzing docking scores together with web-based 

MetaCore/MetaDrug applications, three hit PARP1 inhibitors were chosen, according to 

their therapeutic activity, which are CHEMBL3891789, CHEMBL3922251 and 

CHEMBL3977577. These three PARP1 inhibitors showed very competitive docking 

scores and MM/GBSA scores, compared to marketed drug Telmisartan, which is a very 

potential AT1R antagonist. Telmisartan has potential cardiovascular effect for treating 

hypertension and it is considered the most desired drug that inhibits AT1R activity and 

thus, lowers the blood pressure by putting an affect to blood vessel, responsible for 

hypertension. Telmisartan has been proven unique among ARB’s by its pharmacological 

along with pharmacokinetic properties (Wienen et al. 2000, Cianchetti et al. 2008, Zı´dek 

et al. 2013). Telmisartan can bind to AT1R very strongly with a special ‘delta lock’ 

structure (Ohno et al. 2011). 

 

Telmisartan was taken as a positive control here, for comparing new inhibitors that can 

bind to AT1R. The selected top three-scored PARP1 inhibitors showed outstanding 

predicted antihypertensive value of 0.91 (i.e., all of the three hits have same value of 0.91) 

with binary hypertension QSAR model and corresponding predicted anticancer values 

were between 0.61 and 0.63 (Table 4.7). However, selected compounds do not show high 

predicted antiinflammatory profiles. People with long time diabetes, they do suffer from 

diabetic retinopathy. Many people for this reason go blind after suffering from long time 

with diabetes. The top scored three PARP1 inhibitor molecules is being able to bind to 

AT1R like other AT1R binders and sartan and thus, being able to exert potential effects 

to a greater extent on the repair mechanism of damages blood vessels. (Yanez et al., 2019)  

In order to compare the reliability of docking poses, it is important to consider 

conformational changes between the ligand of the crystal structure derived from X-ray 

crystallography and the generated docking poses of ligand by Glide. Docking poses of 
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ligand generated by Glide, the RMSD values were less than 1.0  Å, which is near to ligand 

poses of crystal structure. Screening studies, docking studies, MetaCore/MetaDrug 

applications, and long MD simulations were run to find out potential PARP1 inhibitor 

that can bind to AT1 receptor for the desired pharmacological effect.  

 

Binding pocket residue-ligand contacts for the selected hit compounds were analyzed in 

detail and compared with the selected positive control drug telmisartan. Crucial residues 

for the ligand binding for the telmisartan were found as Arg167, Lys199, Tyr87, Tyr92, 

and Tyr35 and these contacts were stable (>30%) throughout the simulations. Importance 

of these residues for high affinity ligand binding were also highlighted in literature. (Ohno 

et al., 2011; Feng et al., 1995; Yamano et al.,1995; Marie et al. 1994; Groblewski et al. 

1997). Among selected hits CHEMBL3922251 represented crucial interactions with 

following residues: Trp84, Tyr292, Arg167, and Tyr184. Corresponding residues were 

found as Lys199, Tyr113, Phe182, and Trp253 for CHEMBL3933577 and Tyr92, 

Phe182, Lys199, Asp263, and Asp281 for CHEMBL3891789.  

 

Although MM/GBSA calculations show very low binding free energies for the selected 

hits, none of the selected PARP1 inhibitors have lower binding energy values than 

telmisartan. Among three selected hits, CHEMBL3891789 showed a better predicted 

binding affinity compared to other two hits at the binding site of the AT1R. 
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6. CONCLUSIONS 

 

The classic RAS is known as a homeostasis regulator of blood pressure and electrolyte. 

It has recently been recognized as a pro-inflammatory mediator and implicated in various 

age-related ocular disorders associated with the activation of inflammatory molecules. 

The findings of RAS components in the eye initiate a new therapeutic approach to 

alleviate ocular disorders through RAS inhibitors such as AT1R antagonists. It is shown 

that retinal microglia express AT1R and their activation state is significantly altered by 

its endogenous ligand Ang-II. Thus, Ang-II may directly activate the AT1Rs on microglia 

and contribute to retinal inflammation, such as in diabetic retinopathy, an increase in Ang-

II levels play an important role.  Since it is shown that microglia-mediated inflammation 

response in the retina has been associated with the development of retinal degenerations 

and because of therapeutic effects of PARP1 inhibitors on retinal degeneration, in this 

study, known PARP1 inhibitors have collected from CHEMBL database and screened at 

the binding pocket residues of the AT1R.  

 

In this study, several molecular screening methods and computational approaches of 

molecular docking and MD simulations were performed and at the end, we selected three 

PARP1 inhibitors as hit compounds which are CHEMBL3891789, CHEMBL3933577, 

and CHEMBL3922251. Both structural and energetic results of the selected hits were 

compared with the known AT1R inhibitor telmisartan. At the study, both rigid and 

flexible docking approaches as well as molecular dynamics simulations were performed. 

Moreover, binary QSAR models were used to predict the potential therapeutic activities 

of the selected hit compounds. We propose that these three selected hit compounds 

(PARP1 inhibitors) may have important therapeutic profiles retinal inflammation. 

However, in order to validate the in silico results in this study, in vitro tests must be 

carried out. 
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