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SUMMARY  

 

During replication stress, Replication Protein A (RPA) initiates the DDR activation by 

binding to single-stranded DNA (ssDNA), while it also mediates the DDR through 

recruiting protein partners. Given these pivotal roles, RPA has become an attractive target 

for cancer drug discovery. Hitherto, many efforts have been devoted to identify inhibitors 

of RPA, employing different methods ranging from high throughput screening to 

fragment-based approaches. Although these studies led to the identification of RPA 

inhibitors, large molecule databases are awaiting to be screened, marking a possibility to 

identify more potent inhibitor(s). To this end, here we report the virtual screening of the 

ZINC15 database which is composed of more than 700 million small molecules. 

Particularly the RPA70N domain is used as the target, enabling inhibition of the protein-

protein interactions (PPIs) formed by RPA. Prior to the screening, we assessed the 

performance of multiple docking tools by using benchmark ligand sets which were 

experimentally characterized. The best-performed tool, LeDock (r=0.745±0.08) was used 

for the large screen, and the ligands were filtered according to their docking scores and 

also the presence of a negatively charged group which was considered to be critical in 

binding to the positively charged amino acids located in the RPA70N cleft. 20 selected 

ligands were analyzed in molecular dynamics simulations followed by MM-PBSA 

prediction of binding free energy. The performance of the MM-PBSA method was also 

tested by using the benchmark set and the results showed a well-agreement (r=0.92) 

between the binding free energy predictions and experimental values. These validated 

tools led us to identify one promising ligand targeting RPA70N with a higher binding 

affinity and better drug-likeness features than any of the known inhibitors. Overall we 

surmise this ligand as being a inhibitor to target RPA70N more efficiently, reflecting its 

potential in reducing the side-effects associated with other RPA inhibitors.  

Keywords: Replication Protein A, Virtual Screening, Molecular Docking, 

Molecular Dynamics, MM-PBSA 
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ÖZET  

 

Kanser Tedavisi İçin İnsan Replikasyon Protein A N-Terminal Bölgesini Hedefleyen 

Potansiyel İnhibitörlerin in silico Tanımlanması 

 

Çoğalma stresi sırasında, Replikasyon Proteini A (RPA), tek-iplikli DNA'ya (ssDNA) 

bağlanarak DNA hasar cevabı (DDR) aktivasyonunu başlatırken, aynı zamanda diğer 

protein partnerlerinin de DDR'ye dahil olmasına aracılık eder. Bu önemli rolü göz önünde 

bulundurulduğunda, RPA, kanser ilaçlarının keşfi ve geliştirilmesi için alternatif bir hedef 

olarak karşımıza çıkmaktadır. Şimdiye kadar, yüksek verimli taramadan fragment tabanlı 

yaklaşımlara kadar farklı yöntemler kullanarak, RPA inhibitörlerini tanımlamaya yönelik 

birçok çalışma yapılmıştır. Bu çalışmalar RPA inhibitörlerinin tanımlanmasına yol açmış 

olsa da daha etkin inhibitörlerin belirlenmesi için büyük veri tabanlarının taranması 

beklenmektedir. Bu amaçla bu çalışmada 750 milyondan fazla küçük molekülden oluşan 

ZINC15 veri tabanının sanal olarak taranması yapılmıştır. Özellikle RPA tarafından 

oluşturulan protein-protein etkileşimlerinin (PPI) inhibisyonu için RPA70N bölgesi hedef 

olarak kullanılmıştır. Taramadan önce, deneysel olarak tespit edilen referans ligand 

setlerini kullanılarak çoklu docking programlarının doğruluğu değerlendirilmiş ve en iyi 

performans gösteren program LeDock (r = 0.745 ± 0.08) geniş tarama için kullanılmıştır. 

RPA70N bağlanma bölgesinde bulunan pozitif yüklü amino asitlere bağlanmada kritik 

olduğu düşünülen negatif yüklü bir grubun varlığı, bağlanmada kritik olduğu 

düşünülmüştür. Seçilen 20 ligand, moleküler dinamik simülasyonlarında MM-PBSA'nın 

tekniği ile serbest bağlanma enerjisinin tahmin edilebilmesi için analiz edildi. MM-PBSA 

yönteminin performansı da referans inhibitörler kullanılarak test edildi ve sonuçlar 

bağlanma serbest enerji tahminleri ve deneysel değerler arasında iyi bir korelasyon (r = 

0.92) görüldü. Doğruluğu onaylanmış methotlar ile RPA70N'yi hedefleyen, bilinen 

inhibitörlerden daha yüksek bir bağlanma afinitesi ve daha iyi ilaç özellikleri bulunan bir 

tane potansiyel inhibitörün tanımlanmasını sağlanıştır. Genel olarak, bu potensiyel 

inhibitörün, RPA70N'yi daha etkin bir şekilde hedefleyen bir inhibitör olarak görüyoruz 
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ve diğer RPA inhibitörleriyle ilişkili olan yan etkileri daha az gösterme potansiyeli 

barındırmaktadır. 

 

Anahtar sözcükler: Replikasyon Protein A, Sanal Tarama, Moleküler Docking, 

Moleküler Dinamik, MM-PBSA 
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1. INTRODUCTION 

 

DNA is constantly exposed to DNA damaging agents externally and internally. Cells 

evolved to recruit a number of strategies to deal with the high rate of DNA damage that 

can occur in every cell every day. DNA damage response (DDR) is the collective term 

referring to all of the signalling and enzymatic activities found in cell-cycle arrest, 

regulation of DNA replication, and the repair of DNA damage (1–5). Defects in DDR 

pathways are associated with many cancer types (3,5,6). Indeed, this phenomenon 

regarding the greater propensity of cancer cells to accumulate DNA damage than normal 

cells ground the DNA damaging cancer therapies such as chemotherapy and radiotherapy 

(7). Because such therapy strategies are often accompanied with grievous side effects, 

targeted inhibition of DDR has become an intriguing area of research for cancer drug 

discovery, carrying the potential to minimize the side-effects.  

Recently more than 450 different proteins have been reported to be involved in DDR 

pathways (8), underscoring numerous potential targets for drug discovery. Replication 

stress which is elevated in cancer cells compared with the normal cells (9), is the 

uncoupling of the DNA polymerase from the replisome helicase activity (10,11). During 

replication stress, extended single-strand DNA (ssDNA) is generated at the replication 

fork, leading to stalled replication forks. DDR is initially activated against replication 

stress by the binding of replication protein A (RPA) to these extended ssDNA regions 

(10). Subsequent to its ssDNA binding, RPA recruits several replication stress response 

mediators involved in DDR such as the kinase Ataxia Telangiectasia mutated and Rad3-

related (ATR) (12), RAD9-HUS1-RAD1 (9-1-1) complex, ATRIP of ATR (13,14) and 

the replication fork remodeling protein SMARCAL1 (15). Owing to its binding to ssDNA, 

RPA acts as the initiator of DDR; while through protein-protein interactions (PPIs) formed 

by RPA, it can mediate the replication stress response involved in DDR. Given the dual 

roles of RPA as an initiator and regulator of DDR during replication stress, the structure 

and function of RPA have been extensively studied. This protein has been identified to be 

a hetero-trimeric protein consisting of three subunits, namely RPA70, RPA32, and RPA14 
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(16). All of these subunits are essential for the RPA function in DDR, such that loss of 

any subunits has been shown to be lethal (17). Taken together with these observations, the 

finding showing even conservative mutations in the RPA gene caused DDR defects (18–

20), proposes RPA as an interesting target for drug discovery for cancer therapy.  

Given the critical intermolecular interactions of RPA in DDR, this protein stood out as a 

potential target for cancer drug discovery. All of the subunits can bind to ssDNA with 

different affinities, thereof involved in initiating DDR (21–24). Despite the binding of 

different RPA subunits to ssDNA, N-terminal domain of RPA70 subunit (RPA70N) is 

primarily involved in forming PPIs to mediate DDR during replication stress (25). 

Although targeting the initiator function of RPA is a promising way of sensitization of 

cancer cells against replication stress, it may be a challenging route because of the 

ubiquitous binding of RPA to ssDNA from multiple subunits. On the other hand, 

inhibiting PPIs formed by RPA is more explicit since only a single subunit is involved in 

the recruitment of DDR mediators. Thus, PPIs formed and mediated by RPA70N have 

been widely studied to identify potential PPI inhibitors for cancer therapy. 

A vast number of efforts primarily leads to the identification of small molecule inhibitors 

of RPA70N by different experimental methods including high throughput screening 

(HTS), fragment-, and structure-based methods. While these experimental methods are 

robust, they are also costly and labour intensive particularly for screening large compound 

libraries. Virtual screening studies may present an alternative way to screen large 

databases with reduced cost. Although great efforts have been dedicated to the discovery 

of RPA70N inhibitors by experimental methods, the currently available large databases 

still await to be screened, underscoring the possibility of the presence of more potent RPA 

PPI inhibitors.    

To this end, here we present an extensive virtual screening study of two databases, 

ZINC12 and ZINC15 that composed of more than 700 million molecules (Figure 1). 

Multiple tools were tested by using a benchmark ligand set which is already known 

inhibitors of RPA70N, enabling us to choose the best approach for screening large 
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libraries. Dynamical analysis of the RPA70N and inhibitor interactions revealed the 

further evidence on the underlying molecular mechanism behind RPA70N inhibition, 

while the insights from dynamical analysis further guided us to pursue a rational design 

of the selected inhibitors. Through rationalizing the functional group in the selected 

inhibitors, we report one promising inhibitor which carries higher binding potential and 

better drug-likeness features than any of the known inhibitors of RPA. Overall, our 

comprehensive methodology will present an alternative approach, highlighting the 

potential of screening large databases for identification of potential inhibitors at low costs.   

 

 

Figure 1: Multi-stage virtual screening strategy for the identification of the potential inhibitors targeting 

RPA70N. * Validated tools using the reference set.  
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2. BACKGROUND 

2.1.  Replication protein A 

 

Replication protein A (RPA) is the primary single strand DNA (ssDNA) binding protein 

complex and is essential for processing of ssDNA intermediates found in replication, 

repair, and recombination (1). It is the fundamental component in DNA metabolism so 

that silencing of the entire RPA protein with using siRNA is cytotoxic to cells (2,3). There 

is a great amount of RPA protein in cells, and it binds to ssDNA with sub-nanomolar (nM) 

affinity (4,5). Thus, any single-stranded DNA formed in the genome is immediately 

coated by RPA in a non-sequence specific pattern. RPA is a heterotrimeric protein 

consisted of three subunits of 70-, 32-, and 14-kDa (RPA70, RPA32, and RPA14, 

respectively) (Figure 2)(6). The loss of any subunits in RPA is lethal for cells and non-

deleterious mutations in RPA gene can cause DNA repair defects and genome instability 

(7–9). All RPA subunits contain one or more DNA-binding domains (DBD) composed of 

an oligosaccharide/oligonucleotide binding (OB) folds (10–13). The RPA14 subunit 

contains an OB-fold but it does not bind ssDNA and plays an important role in the stability 

of the RPA heterotrimerization core (15). The RPA32 subunit also contains an OB fold to 

bind ssDNA and several phosphorylation sites that regulate DNA metabolism and interact 

with other proteins (26). The RPA70 subunit is comprised of four domains (A, B, C, and 

N) (7). RPA70A and RPA70B domains have high ssDNA binding affinity and account 

for the binding of RPA to ssDNA (14). RPA70C domain also contains DBD but it binds 

with lower affinity (15). In addition to binding ssDNA, RPA interacts with proteins 

involved in DNA metabolism (16,17).  

 

During normal DNA replication, RPA70 interacts with SENP6 (SUMO-specific protease) 

which keeps RPA70 in a hyposumoylated state. However, SENP6 is dissociated from 

RPA70 when DSBs occur in DNA. This allows RPA70 to be the sumoylated state to 

initiate homologous recombination. Thus, the sumoylation status of RPA70 is a critical 

part in DNA repair through homologous recombination (27).  
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Figure 2: Replication Protein A structural model that is composed of 6 DBD. The red is RPA14 and the 

blue is RPA32. The green one is the RPA70 subunit is comprised of four domains (A, B, C, and F). 

 

The N-terminal domain of the RPA70 subunit (RPA70N) is a crucial domain for protein-

protein interactions and this domain plays a critical role in DNA damage response and 

repair proteins by way of a conserved motif of RPA70N (18). RPA70N interacts with 

several partner proteins that are important for mediating the DNA damage response, 

including ATRIP (ATR-interacting protein), MRE11, RAD9, and p53 (18,19). Disruption 

of the protein-protein interactions between these proteins and RPA70N by mutation of 

every interaction partner leads to decrease ATR signaling and increases sensitivity to 

DNA damage and replication stress (20–22). Selective inhibition of the RPA70N domain 

specifically disrupts these protein-protein interactions, leading to the inhibition of DNA 

repair functions and impairment of the DNA damage response (18,23). Based on this role 

of the RPA70N domain through protein-protein interactions in the DNA damage response, 

A 

B 

C 

D 

E 

F 
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targeted inhibition of this function is an attractive pathway for new therapeutic strategies 

in cancer (28). DNA damage response and repair are up-regulated in response to 

chemotherapy and radiotherapy. Because of the fact that cancer cells have increased DNA 

repair activity and higher levels of replicative stress than normal cells and these contribute 

resistance to chemotherapy and radiotherapy (24,25,29,30). Small molecules that 

specifically target the domain on RPA70N to inhibit the protein-protein interaction have 

potential to increase replicative stress and inhibit the DNA damage response and sensitize 

cancer cells to DNA-damaging agents without affecting other functions of RPA.  

 

A small number of small molecules that inhibit RPA70N have already been reported in 

the literature. Firstly, Oakley and his colleagues reported Fumaropimaric Acid as the first 

inhibitor of the interaction between RPA70N and RAD9 (23). In this study, they 

performed a plate-based ELISA-like HTS assay to assess the disruption of the interactions. 

Similarly, using the previously described HTS assay, the Oakley laboratory identified 

another inhibitor, HAMNO (31). Unlike the first inhibitor, HAMNO is neutral at pH 7. 

Also, it is the first inhibitor of RPA70N that has been shown in vitro and in vivo 

experiments. Also, Fesik and his colleagues have made some efforts to identify new 

inhibitors of RPA70N using fragment-based techniques. Firstly, they screened the 15,000-

member fragment library for binding to RPA70N using NMR. From this study, they have 

discovered potential inhibitors of the RPA70N–ATRIP protein-protein interaction without 

inhibition of RPA–ssDNA interaction (32). Also, they have described the optimized 

compounds with submicromolar binding affinity using the fragment-based screening and 

preliminary linking efforts to combine fragments (33). Lastly, they have identified 

anthranilic acid-based inhibitors using HTS and optimized using iterative medicinal 

chemistry and structure-based design techniques (Figure 3). These efforts led them to the 

discovery of 20c (4-Bromo-2-(3-(N-(3,4-dichlorophenyl)sulfamoyl)-4-methyl 

benzamide)benzoic acid), which binds to RPA70N with an affinity of 812 nM and exhibits 

sufficient permeability and solubility characteristics for cellular studies (34). This 
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compound may offer a promising starting point molecule for the discovery of potential 

useful RPA inhibitors. 

 

 
Figure 3: The binding mode of anthranilic acid-based inhibitors on the N terminal of RPA70. This crystal 

structure contains compound 11 identified by Fesik and his colleagues. (PDB ID: 5E7N)  
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2.2. Computer-Aided Drug Design and Discovery 

 

Computer-aided drug design (CADD) is a very effective tool in the identification of 

potential drug candidates (35). CADD can increase the hit number of potential drug 

candidates because it uses a more targeted searching than traditional high throughput 

screening (HTS) and combinatorial chemistry. In a drug discovery effort, CADD is 

commonly used for three main purposes: to filter large ligand databases into smaller 

libraries of predicted more active ligands that may be experimentally tested; to lead to the 

optimization of hit compounds, whether to increase its binding affinity or optimization of 

pharmacokinetics properties including absorption, distribution, metabolism, excretion, 

and toxicity properties (ADMET) and drug metabolism; to design potential drug 

candidates (36,37). CADD consist of two common categories: ligand-based and structure-

based. Structure-based CADD depends on the presence of the target structure for 

calculation of interaction energies between receptor and ligands, whereas ligand-based 

CADD uses active and inactive compounds through chemical similarity searching. 

Structure-based CADD generally prefers high-resolution structures of the target 

molecules. Ligand-based CADD is commonly used when insufficient structural 

information of target molecules. The main goal of structure-based CADD is to design and 

discover compounds that bind to the target with better binding affinity, valuable reduction 

of binding free energy, improvements of ADMET properties, and reduction off-target side 

effects. A successful effort of these applications will result in a ligand that has been 

corrected in vitro and in vivo and its binding site has been verified, ideally determining a 

crystal structure of the complex.  The most common use of CADD is the screening of 

ligand libraries, which is known as virtual high-throughput screening (vHTS). Eliminating 

a huge number of inactive ligands saves money and time, since the size of the experimental 

HTS is significantly decreased using this technology. It is very important that vHTS 

technologies do not target to directly identify a new drug that is ready to test clinically, 

but rather to identify hits that have not been related to the target before. Development of 

new drugs may cause a huge amount of expenses in the range of 300 million to 3 billion 
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dollars anywhere. The significant low cost of CADD compared with traditional drug 

development makes these technologies very attractive to focus, decrease, and vary the 

chemical library. De novo drug designing is another method in CADD technologies and 

it includes the designing of new molecules. Like vHTS, the main role of de novo drug 

designing is not to design a new single molecule with very good binding affinity and 

acceptable ADMET properties but rather to design new compounds which can be 

sequentially improved.  

 
 

vHTS needs so much computer power with high-performance to screen large ligand 

databases and identify ligands for experimental testing. Current computers and algorithms 

allow screening thousands of molecules using structure-based methods per day using 

parallel processing (38). Ligand libraries can be available in different sizes and forms 

including general databases which can be used to screen for any target macromolecule. 

Some databases focus a specific family of targets or ligand family. Generally, vHTS uses 

ligand databases containing drug-like small molecules that have been synthesized or can 

be easily synthesized from a starting molecule already available. For this aim, several 

databases are available with containing various information including available chemical 

ligands, drugs, enzymes, reactants, carbohydrates, and natural products etc. (39). Some 

commonly used compound databases are listed in Table 1. 

 

Ligand databases are frequently built via enrichment ligands for drug-likeness or specific 

physiochemical properties for the target molecule. Even the presence of very fast docking 

algorithms, docking millions of ligands needs significant resources, and time which can 

be reduced through the eliminating non-drug like and undesirable ligands.  
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Table 1: Commonly used ligand databases 

Database Description Reference 

ZINC 
A free database of commercially-available compounds for virtual 

screening 
(40,41) 

KEGG 
Ligand Database Molecular building blocks of life in the chemical 

space 
(42,43) 

DrugBank 

A unique bioinformatics and cheminformatics resource that 

combines detailed drug data with comprehensive drug target 

information 

(44) 

PubChem 
A database of chemical molecules and their activities against 

biological assays 
(45) 

ChemSpider 

A free chemical structure database providing fast text and 

structure search access to over 60 million structures from 

hundreds of data sources 

(46) 

NLDB 

A database of automatically corrected and predicted 3D protein-

ligand interactions in the enzymatic reactions of various metabolic 

pathways 

(47) 

BindingDB 

A public, web-accessible database of measured binding affinities, 

focusing chiefly on the interactions of protein considered to be 

drug-targets with small, drug-like molecules 

(48) 

 

 

Structure-based CADD needs the structure of the target molecule. The Protein Data Bank 

(PDB) is the most frequently used database for protein structure. PDB currently contains 

more than 139,000 protein structures by April 2018. The presence of 3D structures allows 

to diligently inspect the binding site of the receptor. Current structure-based drug 

discovery (SBDD) methods enable to design ligands having the important properties for 

efficient binding to the target receptor (49,50). Starting with a known target 

macromolecule, in silico methods are performed to identify novel small molecules. These 

in silico procedures are followed by the synthesis of the most potential molecules and 

experimental evaluations of biological features (51,52). Molecular docking is the most 

common technique used in SBDD because of the accurate prediction of ligand binding 

pose within the receptor binding pocket (53).  

 

In recent years, we have been aware of the significance of analyzing and optimizing the 

absorption, distribution, metabolism, excretion, and toxicity (ADME-Toxicity) properties 

of drug candidates during the first stages of drug discovery. Lots of in silico tools have 
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been developed to predict some important ADME-Toxicity features. These in silico tools 

have the same aim of predicting ADME-Toxicity properties from molecular structure (54).  

 

The aim of drug design and discovery is to identify a new pharmaceutical ligand that binds 

to a receptor. Traditionally, drug discovery efforts are carried out experimentally. These 

processes are both time consuming and costly. So, computational techniques have been 

improved with the aim of reducing the cost and time to design and develop new 

compounds. The most commonly used computational techniques in drug design and 

discovery are docking and scoring (55), whereby the binding pose of the drug is predicted, 

followed by the estimation of the binding affinity. These techniques are very efficient but 

not so accurate. They can be used to predict binding poses and distinguish between the 

best binder and non-binder compounds. The most popular method is molecular mechanics 

with Poisson-Boltzmann and surface area solvation method (MM-PBSA) (56,57). The 

method is used in a lot of applications, including protein design, conformation stability, 

protein-protein interaction, and prediction of ligand-binding affinities (58–62). The MM-

PBSA calculations can be done using a single minimized structure or a large number of 

molecular dynamics snapshots. The first tool for the MM-PBSA method was firstly 

developed within the AMBER software (63). Also, another tool has also been published 

for the publicly available GROMACS, NAMD and APBS software (56,64,65). MM-

PBSA is a useful method for postprocessing of docking conformations or to rationalize 

different conformations.  

 

Here, an extensive virtual screening study of two databases, ZINC12 and ZINC15 that 

composed of more than 700 million molecules was performed to identify potential 

inhibitors targeting RPA70N (Figure 1). Multiple tools were correlated by using already 

known inhibitors of RPA70N, enabling us to select the best tools for screening large 

libraries. Molecular dynamical analysis of interactions between the RPA70N and 

inhibitors elicited the detailed evidence on the underlying molecular mechanism behind 

RPA70N inhibition.  
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3. MATERIALS AND METHODS 

3.1. Data collection and preparation 

 

3D structure of the reference compounds (Reference Compounds: 11, 15, 16, 20c, 20f, 

20i, 21, 28, 32, 34) (Figure 4) was generated using JSME molecular editor (34,66). Open 

Babel v2.4.1 was used for conversion of file formats of chemical and structure files (67). 

The Dock Prep tool of the Chimera program was used to optimize the compounds for the 

docking studies (68). The X-ray crystal structures of RPA70N were obtained from the 

protein databank (PDB codes: 5E7N, 4LUZ, 4LWC, 4O0A, 4R4C, 4R4I, 4R4O, 4R4Q, 

4R4T). The ZINC12 and ZINC15 ligand libraries which store commercially-available 

chemical compounds were used for virtual screening studies (40,41).  

 

3.2. Ligand-based Virtual Screening 

 

The ligand-based virtual screening was performed by using four different approaches: 

Ligand Similarity using Clique Algorithm  (LiSiCA) (69), LIGSIFT (70), ShaEP (71), and 

SHApe-FeaTure Similarity (SHAFTS) (Figure 5) (72). Compound 20c with having the 

best binding constant to RPA70N was used as the reference molecule for the similarity 

search in all software. All purchasable compounds from ZINC12 database were used as a 

search library. All of the similarity scores obtained from 4 different algorithms were 

ranked separately and the top scored 1000 ligands from each screen were combined to be 

tested in the structure-based screening step. 
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3.3. Structure-based Virtual Screening 

 

Before the structure-based virtual screening, 5 different docking tools including 

AutoDock4.2 (73,74), AutoDock Vina (75), UCSF DOCK6 (76,77), PLANTS (78–80), 

and LeDock (81,82) were analyzed for the determination which docking program is better 

for the screening in RPA70N. For this analyzing, 5E7N structure as the receptor and the 

reference compounds as the ligands were used and the center of 5KR was adjusted as the 

binding site center. The binding site covered 20 Å of dimension or diameter in all docking 

tools.  

AutoDock and Autodock Vina: The receptor and compound files were prepared using 

AutoDock Tools (73) for Autodock and AutoDock Vina. The remaining parameters were 

maintained at their default values in both tools.  

UCSF DOCK6: The Dock Prep tool of the Chimera program (68) was used to prepare the 

receptor structure. The molecular surface of the receptor was generated with a probe radius 

of 1 Å. The maximum sphere radius was 4.0 Å, and the minimum sphere radius was 1 Å. 

Subset spheres representing the binding site for RPA70N were identified within 8.0 Å of 

5KR crystal pose in 5E7N. The grid-based scoring function based on the non-bonded 

terms of the molecular mechanic force field was used as the primary scoring function.  

PLANTS: The SPORES (83,84) tool was used for protonation of the protein and all 

ligands. The piecewise linear potential (PLP) scoring function was used and other 

parameters were remained by default (79). 

LeDock: LePro was used for the preparation of the receptor structures to be docked in 

LeDock. All of the heterogenous atoms were removed from the structures and the 

hydrogens were added by LePro (81,82).  

All the ligands were ranked according to the best binding score obtained from the docking 

tools. Each docking was repeated three times. The Pearson correlation coefficient was 

calculated for the docking scores and experimental binding affinities. Root mean square 

deviation (RMSD) of heavy atom distance was calculated by comparing the crystal 

coordinates with the best pose of docking program. The docking program that produced 
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the strongest correlation with the experimental values was selected to be recruited for 

ranking of the ligands, while the program that produced the lowest RMSD from the crystal 

structure was used during selection of the poses. 

 

 

 

Figure 4: Reference molecules were used to evaluate the scoring function of docking tools in this study. 
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3.4. ADME-Toxicity Analysis 

ADME properties were predicted by using SwissADME tool (85). This server enables us 

to calculate important physicochemical, pharmacokinetic, drug-like parameters for small 

molecules. Toxicity prediction was performed using Mcule Toxicity Checker web server 

(86). This tool applies a searching for substructures commonly found in toxic molecules 

and promiscuous ligands. 

 

3.5. Molecular Dynamics Simulations  

Molecular dynamics simulations performed for all 20 protein-ligand complexes along 

with the first benchmark set using Gromacs 4.6.5 adopting the force field the AMBER 

ff99SB to generate the topologies (87–89). The topology file for the ligands was generated 

using the general AMBER force field (GAFF) (90,91). The protein-ligand complexes 

were then solvated using the SPC water model and placed in the center of a cubic box. 

Minimum 1.0 Å distance was kept on the edge of the box and protein that can fully 

immerse in water and rotate freely. Particle Mesh Ewald (PME) method was used for the 

electrostatic energy calculation (92). Before minimization, the system was neutralized by 

adding Na+ or Cl- ions. The steepest descent approach was used for each protein-ligand 

complex for energy minimization without any constraints (93,94). The time step was 

maintained at 2 fs for the molecular dynamics. 10 Å cut-off distance was used for 

predicting the short-range non-bonded interaction. Then the system was slowly heated to 

a constant temperature of 310 K during 100 ps simulation. After stabilizing the system 

temperature at 310 K, 100 ps of simulation was performed by using an NpT ensemble 

with the system pressure at 1 bar. The final MD run was set to 20 ns at constant pressure 

and temperature for each protein-ligand complex, and trajectories were collected at every 

100 ps for further analysis. All of the trajectories were analyzed by means of backbone 

RMSDs, Cα fluctuations, intermolecular hydrogen bonds, number of contacts and 

distance. For visual inspections of the structures and trajectories, Discovery Studio, VMD 

and/or Chimera were used (68,95,96). 
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3.6. Binding Free Energy Calculations 

The binding free energy of protein-ligand complexes was calculated using the Molecular 

Mechanics Poisson–Boltzmann surface area (MM-PBSA) method (65,97,98). The 

binding free energy of protein-ligand complexes was calculated with using the g_mmpbsa 

tool from all snapshots extracted every 0.01 ns from the last 1 ns. The temperature used 

for Poisson–Boltzmann calculation was set to 310 K. The binding free energy (ΔGbind) is 

calculated using by the four individual energy components from the equation 2,  

Eq. 1  ΔGbind = EMM + Gsolv – TΔS = EvdW + Eelec + Gpolar + Gnonpolar – TΔS             

EMM is the molecular mechanics free energy in the gas phase, including electrostatic (Eelec) 

and van der Waals (EvdW) contributions. Gsolv is the solvation free energy, including polar 

(Gpolar) and nonpolar (Gnonpolar) contributions. TΔS represents the conformational entropy 

contribution at temperature T. 
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4. RESULTS 

4.1. Virtual Screening 

 

Computational approaches for the discovery of potential RPA70N inhibitors started with 

a ligand-based virtual similarity screening followed by molecular docking, which is a 

structure-based technique. Compound 20c was used as the reference compound for 

similarity searching in the database that comprises a total of 18,939,595 small molecules 

obtained from ZINC12 database (40). The ligand-based virtual screening was performed 

using four different virtual screening algorithms (Figure 5). All similarity scores obtained 

from all software were ranked separately, and 1000 top-scored ligands from each ranking 

were preserved. Finally, top-ranked ligands formed a ligand library consist of 2581 small 

molecules. 

 

 
Figure 5: Ligand-based virtual screening workflow 

 

After the ligand-based virtual screening, molecular docking studies were performed using 

these top-ranked ligands. It is crucial to use the most accurate software for molecular 

docking. Therefore, the Pearson correlation coefficient between the docking scores and 

experimental binding affinities was calculated to validate the prediction accuracy and 
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reliability of the scoring function in molecular docking programs. For this calculation, 10 

reference inhibitors (Figure 4) with the significant difference between the binding 

affinities were randomly selected from the previous work (34). Then each inhibitor was 

docked three times with five different freely available molecular docking programs. 

Average scores for all inhibitors are listed in Table 1. According to the results, LeDock 

had the best scoring power with 0.745 ± 0.08 correlation compared to other programs in 

this case. This result shows us this software is very suitable for structure-based virtual 

screening to rank the ligands against to RPA70N. 

 

Table 2. Assessment of scoring of different docking program in the reference compounds set of RPA70N 

inhibitors. Bivariate correlation is calculated between Kd and docking scores. Docking is repeated three 

times for each inhibitor and “mean±SD” correlation coefficient is given. 

ID Kd  LeDock* DOCK6** Vina* PLANTS*** AutoDock* 

11 30 -5.37 ± 0.04 -27.96 ± 1.40 -6.23 ± 0.06 -66.74 ± 4.17 -6.31 ± 0.11 

15 234 -5.19 ± 0.09 -30.99 ± 1.57 -6.50 ± 0.26 -68.85 ± 2.45 -6.11 ± 0.14 

16 95 -5.12 ± 0.16 -32.05 ± 1.03 -6.43 ± 0.06 -72.36 ± 1.39 -6.23 ± 0.19 

20c 0.81 -6.37 ± 0.25 -30.46 ± 0.92 -6.80 ± 0.00 -68.31 ± 3.87 -6.74 ± 0.25 

20f 15 -6.32 ± 0.07 -28.20 ± 6.03 -6.53 ± 0.23 -70.46 ± 0.02 -6.29 ± 0.09 

20i 62 -6.29 ± 0.17 -26.20 ± 1.94 -7.40 ± 0.00 -67.74 ± 2.13 -6.30 ± 0.28 

21 150 -5.34 ± 0.31 -23.99 ± 2.24 -6.70 ± 0.17 -69.19 ± 0.03 -6.50 ± 0.22 

28 193 -4.84 ± 0.20 -28.90 ± 6.42 -6.67 ± 0.12 -69.04 ± 0.07 -6.26 ± 0.06 

32 126 -5.17 ± 0.26 -32.87 ± 3.28 -6.03 ± 0.32 -72.08 ± 0.23 -6.37 ± 0.09 

34 208 -4.91 ± 0.14 -23.75 ± 2.01 -6.10 ± 0.00 -70.05 ± 0.00 -6.73 ± 0.16 

Pearson’s r 0.745 ± 0.08 0.147 ± 0.10 0.247 ± 0.06 -0.171 ± 0.37 0.331 ± 0.26 

Docking scores are the raw values directly obtained as the output of docking 

* Energy (kcal/mol) ** Grid Score (a.u.) *** ChemPLP Score 
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After this validation, top-ranked ligands (2581) obtained from ligand-based virtual 

screening were docked to RPA70N using LeDock. After this docking study, all molecules 

were ranked according to their docking scores, then top-ranked 100 ligands were analyzed 

to obtain information which chemical scaffolds exist in this ranking (Table 2 and Figure 

6). All small molecules having these chemical scaffolds were extracted from ZINC15 (41), 

which is a superior version of  ZINC12 (40) in most ways.  All molecules (46999) obtained 

from ZINC15 were docked to RPA70N again using LeDock. 
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Table 3: Chemical scaffolds obtained from the first structure-based virtual screening. In this table, the first 

column represents a number of small molecules having scaffold and the second contain SMILES for each 

scaffold. 

# of Ligands SMILES 

539 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccncc1 

22575 O=C(Nc1ccccc1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

153 O=C(Nc1ccc2ocnc2c1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

42 O=C(c1nc(-c2cccc(S(=O)(=O)Nc3ccccc3)c2)no1)N1CCCCCC1 

7267 O=C(Nc1ccccc1)c1cccc(NS(=O)(=O)c2ccccc2)c1 

250 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1cnccn1 

1663 O=C(Nc1ccccn1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

57 O=C(c1nc(-c2cccc(S(=O)(=O)Nc3ccccc3)c2)no1)N1CCCC1 

74 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccc2[nH]nnc2c1 

1765 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccccn1 

59 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccc(-n2cnnn2)cc1 

1 O=C(c1nc(-c2cccc(S(=O)(=O)Nc3ccc4c(c3)OCO4)c2)no1)N1CCCC1 

1180 O=C(N=C(NCc1cn[nH]c1)Nc1ccccc1)c1ccccc1 

5 O=C1NC(=O)C(=NNc2cccc(S(=O)(=O)Nc3ccccc3)c2)C(=O)N1 

54 O=C(c1nc(-c2cccc(S(=O)(=O)Nc3ccccc3)c2)no1)N1CCCCC1 

2263 O=C(Nc1cccnc1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

74 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1cc(C2CC2)[nH]n1 

123 O=C(Nc1ccc2c(c1)OCCO2)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

548 O=C(N=c1cc[nH]cc1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

263 O=C(Nc1nc2ccccc2s1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

440 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1cncs1 

280 O=C(Nc1cccs1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

7065 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccccc1 

90 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccc(=O)[nH]n1 

23 O=C(Nc1ccccc1C(=O)NCc1ccco1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

22 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccc(Cn2cncn2)cc1 

2 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1cccc(-c2ccccc2)c1 

17 O=C(Nc1cccc(S(=O)(=O)Nc2ccccc2)c1)c1ccc(N2CCCC2)cc1 

39 O=C1CCC(C(=O)Nc2cccc(S(=O)(=O)Nc3ccccc3)c2)=NN1 

43 O=C(c1nc(-c2cccc(S(=O)(=O)Nc3ccccc3)c2)no1)N1CCOCC1 

23 O=C(Nc1ccc(S(=O)(=O)N2CCCC2)cc1)c1cccc(S(=O)(=O)Nc2ccccc2)c1 

 



24 
 

 

Figure 6: 31 different scaffolds representing a total of 2581 ligands that were identified to have similarity 

with the 20c in the ZINC12 database. The numbers display the total number of molecules that possess the 

represented scaffold. 
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Besides to scoring power of molecular docking software, the prediction accuracy of the 

best binding poses is another essential part of lead identification. If LeDock is not capable 

of predicting the best binding poses, we need to another docking tool to predict the best 

binding poses of top-ranked ligands. In order to validate pose prediction accuracy, we 

extracted RPA70N structures containing one ligand from PDB database and tried to 

predict binding poses of each ligand in crystal structures. These predictions were 

independently tested three times, and heavy-atom root-mean-squared-deviation (RMSD) 

between the docked poses and crystal structure poses of each ligand was calculated and 

evaluated. If the RMSD of the docked pose is less than 2.0 Å from the experimentally 

observed conformation, the prediction is regarded to be successful (82). Thus, PLANTS 

is the most successful software reproducing the crystallographic binding mode of each 

ligand. The average value of RMSD for all ligands is 0.92 ± 0.007, and this result 

concluded us PLANTS which is a thriving docking tool to predict the best binding poses 

of RPA70N ligands. Also, LeDock and AutoDock Vina, which are nearly considered 

successful based on their average RMSD, can be used to predict the binding mode of small 

molecules. Furthermore, LeDock gave us 1.23 ± 0.15 RMSD value with default 

parameters.  
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Table 4: Assessment of pose prediction accuracy for docking tools. The last row contains an overall average 

value for all complexes. Docking is repeated three times for each inhibitor, and the average value of RMSD 

is given as “mean±SD”. 

PDB ID Ligand ID LeDock DOCK6 Vina PLANTS Autodock 

4LUZ 1XT 1.81 ± 0.26 8.38 ± 2.53 1.46 ± 0.52 1.08 ± 0.16 2.36 ± 1.80 

4LWC 1XU 1.51 ± 0.48 8.97 ± 1.19 1.74 ± 0.10 0.69 ± 0.00 7.09 ± 1.57 

4O0A 2P9 1.05 ± 0.07 5.04 ± 0.15 1.29 ± 0.17 1.10 ± 0.08 5.54 ± 3.80 

4R4C 3HS 1.06 ± 0.35 8.25 ± 3.64 0.78 ± 0.18 0.98 ± 0.00 3.52 ± 2.28 

4R4I 3HV 1.33 ± 0.64 5.48 ± 1.03 1.39 ± 0.02 0.58 ± 0.25 4.60 ± 0.04 

4R4O 3HW 1.43 ± 0.15 5.85 ± 1.31 2.38 ± 1.99 1.19 ± 0.10 5.74 ± 5.13 

4R4Q 3HZ 3.73 ± 0.95 6.12 ± 0.28 2.80 ± 1.05 0.88 ± 0.18 6.04 ± 2.22 

4R4T 3J0 1.11 ± 0.09 4.46 ± 0.71 1.04 ± 0.19 1.02 ± 0.13 7.96 ± 3.32 

5E7N 5KR 6.65 ± 3.40 7.16 ± 1.59 9.31 ± 0.30 0.80 ± 0.40 4.29 ± 4.04 

Average RMSD 2.19 ± 0.4 6.64 ± 0.5 2.46 ± 0.3 0.92 ± 0.1 5.24 ± 1.6 
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Table 5: Assessment of scoring function of docking tools using second reference benchmark used in pose 

prediction accuracy analysis. Docking is repeated three times for each inhibitor and “mean±SD” correlation 

coefficient is given. 

PDB Ligand Kd LeDock DOCK6 Vina PLANTS AutoDock 

4LUZ 1XT 20 -7.09 ± 0.1 -35.88 ± 3.8 -8.27 ± 0.2 -86.84 ± 0.0 -9.03 ± 0.5 

4LWC 1XU 1.7 -7.43 ± 0.2 -29.53 ± 1.9 -6.90 ± 0.0 -85.18 ± 0.0 -7.05 ± 0.8 

4O0A 2P9 0.19 -8.60 ± 0.2 -37.52 ± 0.4 -8.27 ± 0.2 -99.72 ± 0.0 -9.19 ± 0.1 

4R4C 3HS 2.9 -8.97 ± 0.4 -29.79 ± 7.3 -9.10 ± 0.0 -100.23 ± 0.0 -10.73 ± 0.1 

4R4I 3HV 0.54 -8.18 ± 0.1 -37.16 ± 2.8 -8.40 ± 0.0 -83.56 ± 0.1 -10.42 ± 0.1 

4R4O 3HW 1.5 -7.61 ± 0.2 -35.52 ± 1.8 -7.53 ± 0.0 -81.70 ± 0.6 -8.44 ± 0.2 

4R4Q 3HZ 8.2 -7.12 ± 0.4 -36.59 ± 0.3 -7.57 ± 0.1 -94.62 ± 0.6 -7.63 ± 0.3 

4R4T 3J0 0.55 -8.33 ± 0.1 -30.58 ± 0.5 -8.13 ± 0.1 -86.25 ± 0.1 -8.65 ± 0.6 

5E7N 5KR 30 -5.49 ± 0.1 -33.96 ± 2.5 -6.13 ± 0.1 -71.85 ± 0.1 -5.95 ± 0.1 

Pearson’s r 0.85 ± 0.1 -0.14 ± 0.2 0.54 ± 0.1 0.54 ± 0.0 0.55 ± 0.1 

 

In addition to binding pose prediction, the scoring power of LeDock was re-evaluated 

using this dataset. For this evaluation, the Pearson correlation coefficient between the 

docking scores and experimental binding affinities in this dataset was calculated as 0,85 

± 0,06 r. This calculation also validated the ranking power of LeDock to score binders of 

RPA70N. 

After molecular docking studies, top-scored 10 ligands selected for molecular dynamics 

studies. Also, we generated another ligand set for molecular dynamics because our binding 

pocket is arginine-rich and the top-selected set did not contain any ligand having carboxyl 

group (Table 6). Carboxyl group is very important as a functional group to bind arginine 

residues, so we generated top-scored carboxyl-containing ligand set. For molecular 

dynamics simulations, Protein-ligand complexes were generated using PLANTS that is 

the most successful docking tool in the assessment of pose prediction. 
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Table 6: Selected ligands after structure-based screening for molecular dynamics studies  

The Top-selected Ligands The Carboxyl-containing ligands 

ZINC ID Energy (kcal/mol) ZINC ID Energy (kcal/mol) 

ZINC000003305744 -6.98 ZINC000001196972 -5.87 

ZINC000103020176 -6.76 ZINC000002860268 -6.09 

ZINC000150446689 -6.85 ZINC000028571534 -5.98 

ZINC000150451197 -7.28 ZINC000029749235 -6.38 

ZINC000477616741 -7.36 ZINC000299859287 -5.84 

ZINC000485075600 -6.89 ZINC000485282795 -6.33 

ZINC000485439503 -7.39 ZINC000485657388 -6.18 

ZINC000595369213 -6.74 ZINC000500370920 -5.77 

ZINC000611932230 -6.97 ZINC000579026174 -5.58 

ZINC000637513594 -6.75 ZINC000753854163 -5.85 
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4.2. Molecular Dynamics Simulations  

 

After the all virtual screening studies, reference inhibitors and selected ligands with 

RPA70N were submitted to 20 ns of the molecular dynamics simulations. The aims of 

these simulations were to investigate the dynamic behaviour of these ligand-RPA70N 

complexes obtained from docking studies and obtain additional information to support the 

proposal of new potential inhibitors for RPA70N. The stability of all complexes was 

evaluated by monitoring RMSD of Cα carbon atoms of the protein with respect to the 

starting structure through 20 ns of molecular dynamics simulations. Root mean square 

fluctuation (RMSF) of side-chain atoms for all complexes was analyzed to investigate the 

flexibility of each residue of RPA70N. Also, number of contacts, number of hydrogen 

bond and distance were calculated and analyzed for all complexes. Molecular dynamics 

simulations were done for three benchmark sets: reference set, top-selected set and 

carboxyl-containing set (Table 6 and Figure 4).   
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4.2.1 Reference Set 

 

Firstly, reference complexes were submitted to 20 ns of the molecular dynamics 

simulations. The equilibration was achieved before the beginning of 2 ns. This is a typical 

pattern to the molecular dynamics simulations, with fluctuations never seen above the 0.3 

nm for reference complexes (Figure 7).  After the equilibration, the stability of reference 

complexes followed with the similar trend until the end of the simulation. The average 

RMSD values changed between 1.36 (Compound 21) and 1.74 (Compound 15) nm. 

Smaller deviations represent more stable protein structure. The average RMSD values for 

the complexes never exceeded 0.3 nm during the simulations. This result suggested that 

the ligands not affect the stability of the receptor inside the binding pocket during the 

simulation. 

 

 

Figure 7: The RMSD of Cα carbon atoms of the protein with respect to the starting structure through 20 ns 

of molecular dynamics simulations for reference inhibitors.  
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Before the root mean square fluctuation (RMSF) analysis of side-chain atoms, the distance 

between the receptor and ligands was calculated to get information of the binding pocket 

in the receptor. According to this calculation, the binding pocket consists of 30-44, 54-61 

and 80-98 amino acid residues (Figure 8). Among these residues, three amino acid 

residues (Arg31, Arg41 and, Arg43) are more critical for the binding and protein-protein 

interactions with RPA70 partners (28). All reference binders were situated in the same 

binding pocket during the simulation (Figure 8).  

 

 

Figure 8: The average distance between the receptor and reference ligands for all residues during the 

molecular dynamics simulations. 

 

Analysis of Root mean square fluctuation (RMSF) for the complexes give us information 

on the flexible regions of the protein. In proteins 3D structure, the loop, coils and turns 

showed higher fluctuation compared to the sheet and helical structures (99). The higher 

RMSF value pointed out the loosely organized structure, and the lower RMSF value 

indicated the well-organized structural regions (99). Figure 9 shows us RMSF plots for 
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reference inhibitors. According to Figure 9, all complexes had nearly same fluctuation 

pattern around the binding pocket residues. 

 

Interestingly, compound 16 had more fluctuation in the region of 15-20 amino acid 

residues. Similarly, compound 20f also had higher fluctuation in a different region 

between 88-93 amino acid residues. The binding pocket residues, especially Arg31, Arg41 

and, Arg43, rarely had RMSF value above 0.3 nm during the molecular dynamics 

simulations for all complexes. This indicated that the binding site of the protein was stable 

in the presence of the reference inhibitors and the protein-ligand complexes were 

acceptable for further analysis. 

 

 

Figure 9: Root mean square fluctuation (RMSF) of side-chain atoms of the receptor for reference inhibitors. 
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Figure 10: The RMSD of the reference ligand molecules with respect to the starting structure through 20 

ns of molecular dynamics simulations. 

 

The RMSD of reference inhibitors was presented in Figure 10, demonstrating that these 

ligand conformations nearly remained stable throughout the simulation for all ligands. 

RMSD values rarely exceeded 0.2 nm during the simulations (Figure 10). Also, average 

RMSD values of reference inhibitors distributed in a small range between 0.1 and 0.17 

nm (Table 6). All these stability and fluctuation analysis concluded that nearly all 

reference structures remained stable throughout the simulation. In addition, interactions 

between RPA70N and inhibitors were considered, especially hydrogen bonds and contacts 

(< 0.6 nm). Hydrogen bonds in drug discovery are significant because of their influence 

on the drug-like properties. The number of hydrogen bonds was calculated and shown in 

Figure 11. The most number of hydrogen bonds was formed by compound 16 while the 

lowest number of hydrogen bonds was formed by compound 28. Compound 16 also has 

the highest number of contacts. Compound 20c is the best binder among the reference set, 

but it had the lowest number of close contacts compared to others (Figure 12 and Table 

6).  
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Table 7: Average values of RMSD, number of hydrogen bonds and number of contacts for reference 

compounds throughout the simulation 

Compound 11 15 16 20c 20f 20i 21 28 32 34 

RMSD 0.14 0.10 0.17 0.14 0.10 0.12 0.12 0.11 0.17 0.12 

H-Bonds 1.44 1.33 2.38 1.22 1 0.83 1.61 0.72 1.44 0.77 

Contacts 1612 1728 1858 1389 1701 1843 1573 1438 1853 1528 

 

Although the ligands were stable within the binding pocket throughout the molecular 

dynamics simulation, hydrogens bonds were not continuous and stable between protein 

and ligand complexes. There is no significant correlation between binding constants and 

hydrogen bonds numbers (Table 6). This suggested that the stability of ligands within the 

binding pocket would be contributed by other intra-molecular forces such as van der 

Waals and electrostatic forces. These will be explored in detail in the next section. 

 

 

Figure 11: The number of hydrogen bonds during the simulations with 1 ns interval for the reference 

ligands. 
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Figure 12: The number of contacts (< 0.6 nm) between molecules during the simulations for the reference 

ligands. 
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4.2.2 Top-selected Set 

 

To examine the conformational changes of the RPA70N with the top-selected list, the 

root-mean-square deviation (RMSD) was calculated. Figure 13 shows the RMSD of Ca 

atoms of the protein as a function of time. The RMSD values that vary between 0.14 

(Z.600) and 0.19 (Z.594) nm are nearly same with the reference set and rarely seen over 

0.2 nm for all complexes during the simulation, indicating the structural stability of the 

complexes (Table 7). These selected ligands did not affect the stability of receptor inside 

the binding pocket during the simulation. Also, the average distance between amino acid 

residues of receptor and top-selected ligands was calculated to show residues involving in 

the binding pocket. Same as the reference ligands, these top-selected ligands were located 

around 30-43, 54-61 and 80-98 amino acid residues (Figure 14). 

 

 

Figure 13: The RMSD of Cα carbon atoms of the protein with respect to the starting structure through 20 

ns of molecular dynamics simulations for the top-selected potential inhibitors. 
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The RMSF values of side chain atoms against the amino acid residues for each ligand 

during the 20 ns trajectory data are displayed in Figure 15. Analysis of the RMSF values 

indicates that these top-selected ligands show nearly same fluctuation compared to the 

reference ligands. Only Z.741 affected side chains with more fluctuation between 67 and 

73 residues. However, this fluctuation did not affect overall protein stability. These 

molecular simulation outputs clearly indicate that the binding orientation of top-selected 

ligands with RPA70N did not affect the protein stability during the simulation.  

 

 

Figure 14: The average distance between the receptor and top-selected ligands for all residues during the 

molecular dynamics simulations. 

 

The RMSD of top-selected potential inhibitors was presented in Figure 18, demonstrating 

that these ligand conformations nearly remained stable throughout the simulation for some 

top-selected ligands, but some of them did not remain very stable. Especially, Z.176 

displayed more conformational change with 0.34 average RMSD value between 2 – 18 ns 

simulation period (Figure 16). However, this conformation change did not affect the 
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protein stability. Unlike, Z.744 and Z.197 ligands firmly remained stable throughout the 

simulation (Figure 18). For the others, RMSD values were around 0.2 nm during the 

simulations (Table 7). 

 

 

Figure 15: Root mean square fluctuation (RMSF) of side-chain atoms of the receptor for top-selected 

potential inhibitors. 

 

The hydrogen bonds and close contacts between each compound of this set and RPA70N 

were examined (Figure 17 and Figure 18). Z.594 made more average number of hydrogen 

bonds during the simulation while Z.744 had the lowest average number of hydrogen 

bonds (Table 7). The number of hydrogen bonds also steadily continued for Z.594 during 

the simulation. Although Z.744 formed a lower number of hydrogen bonds, it had a nearly 

same number of close contacts with Z.594. The overall average number of hydrogen bond 

for the top-selected set was lower than the reference set. Z.689 and Z.230 interacted with 

RPA70N via a higher number of close contacts than the others. Z.503 had the lowest 
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number of close contacts, but it remained in the binding pocket using a high number of 

hydrogen bonds.  

 

 

Figure 16: The RMSD of top-selected ligand molecules with respect to the starting structure through 20 

ns of molecular dynamics simulations. 

 

Table 8: Average values of RMSD, number of hydrogen bonds and number of contacts for the top-

selected set throughout the simulation 

Compound Z.744 Z.176 Z.689 Z.197 Z.741 Z.600 Z.503 Z.213 Z.230 Z.594 

RMSD 0.11 0.34 0.22 0.14 0.23 0.27 0.21 0.21 0.23 0.25 

H-Bonds 0.33 1.14 0.76 0.47 1.04 1.04 1.71 1.95 1.61 2.09 

Contacts 1827 1605 1942 1764 1222 1453 1134 1548 1972 1811 
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Figure 17: The number of hydrogen bonds during the simulations with 1 ns interval for top-selected 

ligands. 

 

Figure 18: The number of contacts (< 0.6 nm) between molecules during the simulations for top-selected 

ligands. 
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4.2.3 Carboxyl-Containing Set 

 

The carboxyl-containing set is the last simulation set for fishing potential inhibitors. 

Figure 19 presents the backbone alpha carbons RMSD of the RPA70N complexed to the 

carboxyl-containing potential inhibitors. Nearly all complexes remained stable throughout 

the simulation because of the fact that the complexes never exceeded 0.3 nm during the 

simulations (Figure 19). The average values of RMSD for all complexes changed between 

0.14 and 0.19 nm, Z.795 and Z.163 respectively. In some complexes, RPA70N was less 

stable, especially Z.163 and Z.268. Ligand Z.163 affected the protein stability during 7 – 

11 ns time period. But this is not very significant change on the protein stability. The 

average distance between protein and ligand was calculated and this calculation showed 

that the carboxyl-containing set shared same binding pocket with the reference set. This 

binding region contained 30-43, 54-61 and 80-98 amino acid residues (Figure 20).  

 

Figure 19: The RMSD of Cα carbon atoms of the protein with respect to the starting structure through 20 

ns of molecular dynamics simulations for the carboxyl-containing potential inhibitors.  
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Figure 20: The average distance between the receptor and the carboxyl-containing ligands for all residues 

during the molecular dynamics simulations. 

 

The RMSF values of side chain atoms against the amino acid residues of RPA70N during 

the 20 ns trajectory data are displayed in Figure 21. In the figure, the first and second 

binding regions had more RMSF compared to the reference set. This side chain fluctuation 

affected the protein stability more than the reference set. The RMSD of the carboxyl-

containing potential inhibitors was presented Figure 24. Z.534 and Z.287 remained 

remarkably stable with the average RMSD of 0.06 and 0.09 nm throughout the simulation 

compared to the others (Table 8). Contrarily, Z.295 and Z.174 displayed higher fluctuation 

with the average 0.23 and 0.30 nm RMSD, respectively (Figure 18).  Despite the high 

RMSD value for Z.163, it had very low the RMSF values of side chain atoms (Table 8 

and Figure 21). 
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Figure 21: Root mean square fluctuation (RMSF) of side-chain atoms of the receptor for the carboxyl-

containing potential inhibitors. 

 

 

Figure 22: The RMSD of the carboxyl-containing ligand molecules with respect to the starting structure 

through 20 ns of molecular dynamics simulations. 
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Table 9: Average values of RMSD, hydrogen bonds and number of contacts for the carboxyl-containing set 

throughout the simulation 

Compound Z.972 Z.268 Z.534 Z.235 Z.287 Z.795 Z.388 Z.920 Z.174 Z.163 

RMSD 0.23 0.21 0.06 0.13 0.09 0.23 0.15 0.18 0.30 0.27 

H-Bonds 1.57 1.42 0.57 1.19 3.90 1.04 0.61 1.90 0.33 2.09 

Contacts 1364 1361 1906 1445 1629 1803 1145 1433 1996 2395 

 

The RMSD of the carboxyl-containing set was presented in Figure 18, demonstrating that 

these ligand conformations nearly remained stable throughout the simulation, but some of 

them did not remain very stable against to docked pose. Especially, Z.174 displayed more 

conformational change with 0.3 average RMSD value (Figure 22). However, like these 

conformational changes did not affect the protein stability. Beside all these dynamical 

analysis, intermolecular interactions were additionally analyzed. Z.287 had the most 

number of hydrogen bonds among these set while Z.163 possessed the most number of 

the close contacts (Table 8). Z.174 made the lowest average number of hydrogen bonds 

during the simulation while Z.174 had the higher average number of close contacts after 

Z.163 (Table 8).  
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Figure 23: The number of hydrogen bonds during the simulations with 1 ns interval for the carboxyl-

containing. 

 

 

Figure 24: The number of contacts (< 0.6 nm) between molecules during the simulations for the carboxyl-

containing ligands. 
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4.3 Binding Free Energy Calculations 

 

The binding free energies were calculated using the MM/PBSA method to obtain more 

detailed information on the interactions between all ligands and RPA70N. Firstly, all of 

the 10 complexes of reference inhibitors were energy-minimized, equilibrated and then 

simulated for 20 ns using molecular dynamics simulations. The structures that were used 

in binding free energy calculations were collected at every 0.1 ns from the last 1 ns of 20 

ns simulation. The results of the predicted binding free energies and energy components 

of the reference inhibitors are listed in Table 9.  

 

Table 10: Binding energy values and individual component energy for the reference set calculated with 

the MM-PBSA method. 

ID Kd ΔEvdW ΔEelec ΔGpolar ΔGnonpolar ΔGbind 

11 30 -160.5 +/11.5 -96.6 +/-24.0 144.1 +/-13.4 -16.7 +/-0.9 -129.7 +/-11.7 

15 234 -138.9 +/-12.4 -42.8 +/-13.2 108.6 +/-10.8 -16.9 +/-0.8 -90.0 +/-10.7 

16 95 -153.8 +/-15.7 -98.7 +/-16.3 124.0 +/- 9.8 -16.3 +/-1.3 -144.7 +/-14.1 

20c 0.81 -174.0 +/-13.4 -111.5 +/-21.9 136.8 +/-11.9 -18.2 +/-0.6 -166.8 +/-12.8 

20f 15 -179.5 +/-23.1 -145.4 +/-28.3 166.9 +/-32.9 -18.5 +/-1.5 -176.6 +/-10.0 

20i 62 -197.3 +/-12.7 -132.6 +/-29.2 201.4 +/-14.8 -19.7 +/-0.9 -148.2 +/-23.6 

21 150 -139.2 +/-10.8 -81.8 +/-23.8 113.1 +/-12.4 -15.6 +/-0.5 -123.4 +/-19.0 

28 193 -139.1 +/-14.5 -68.9 +/-24.1 129.6 +/-13.3 -18.0 +/-1.9 -96.5 +/-15.0 

32 126 -140.0 +/-13.4 -102.2 +/-24.7 138.3 +/-14.0 -16.4 +/-0.6 -120.3 +/-18.1 

34 208 -122.4 +/-9.1 -42.0 +/-21.5 88.4 +/-13.5 -13.7 +/-0.9 -89.7 +/-18.6 

 

MM-PBSA method was shown to produce well-correlated binding free energy values with 

the experimental binding constant (r=0.92). Thus, these results showed the validity of the 

dynamical analysis for calculation of binding free energy by MM-PBSA for the 

identification potential of RPA70N inhibitors.  After this validation, the binding free 

energy for each ligand of the top-selected and the carboxyl-containing sets was calculated 

and listed in Table 10.  
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Table 11: Binding energy values and individual component energy for the top-selected and carboxyl-

containing sets calculated with MM-PBSA method. 

ZINC ID ΔEvdW ΔEelec ΔGpolar ΔGnonpolar ΔGbind 

Z.744 -195.5 +/-6.4 -46.8 +/-19.5 115.5 +/-20.8 -21.0 +/-1.6 -147.9 +/-13.4 

Z.176 -149.2 +/-14.3 -37.6 +/-39.9 102.5 +/-18.1 -17.9 +/-1.1 -102.3 +/-23.7 

Z.689 -196.3 +/-10.8 -25.0 +/-15.3 111.5 +/-10.1 -21.2 +/-1.5 -131.0 +/-13.7 

Z.197 -188.0 +/-14.7 -113.5 +/-15.2 163.7 +/-15.2 -20.9 +/-0.8 -158.9 +/-10.2 

Z.741 -120.0 +/-9.1 -32.6 +/-15.2 90.1 +/-14.4 -14.5 +/-0.6 -77.0 +/-7.2 

Z.600 -147.1 +/-14.5 -83.4 +/-30.4 121.6 +/-25.6 -15.8 +/-1.1 -124.8 +/-19.9 

Z.503 -102.8 +/-12.5 -30.5 +/-17.4 106.9 +/-20.0 -12.8 +/-1.2 -39.3 +/-10.5 

Z.213 -126.2 +/-12.8 -177.3 +/-45.2 179.5 +/-24.7 -15.5 +/-1.1 -139.6 +/-23.5 

Z.230 -158.8 +/-14.5 -155.9 +/-30.2 184.8 +/-18.3 -18.5 +/-1.3 -148.5 +/-28.2 

Z.594 -158.7 +/-9.9 -57.8 +/-17.4 115.2 +/-20.5 -17.6 +/-0.7 -119.0 +/-14.2 

Z.972 -111.5 +/-10.4 -144.2 +/-12.7 134.0 +/-12.0 -12.2 +/-0.6 -133.9 +/-10.3 

Z.268 -142.3 +/-22.4 -67.1 +/-29.6 118.1 +/-22.9 -16.9 +/-1.7 -108.3 +/-32.0 

Z.534 -173.7 +/-11.2 -56.4 +/-13.4 134.6 +/-9.4 -19.4 +/-0.7 -115.0 +/-20.5 

Z.235 -151.0 +/-16.5 -75.7 +/-20.6 146.5 +/-9.0 -16.3 +/-0.6 -96.6 +/-26.0 

Z.287 -148.3 +/-15.4 -302.2 +/-37.1 283.1 +/-31.9 -17.9 +/-1.8 -185.2 +/-24.3 

Z.795 -166.3 +/-16.7 -105.0 +/-68.0 174.6 +/-56.3 -18.1 +/-1.4 -114.7 +/-26.9 

Z.388 -129.0 +/-5.6 -56.5 +/-15.8 116.5 +/-40.7 -15.4 +/-0.6 -84.4 +/-48.7 

Z.920 -125.7 +/-8.9 -66.3 +/-38.8 133.3 +/-26.9 -15.3 +/-1.6 -74.1 +/-22.3 

Z.174 -175.6 +/-21.4 -68.6 +/-23.2 129.3 +/-16.3 -19.4 +/-0.6 -134.4 +/-22.2 

Z.163 -214.6 +/-12.6 -135.1 +/-15.2 178.5 +/-7.3 -21.9 +/-0.5 -193.2 +/-13.6 

 

The top-selected list did not contain any ligand with the higher binding free energy value 

than the reference list but 3 of them can be evaluated as a potential inhibitor because of 

the high value of binding energy. The carboxyl-containing list possessed the most potent 

inhibitors according to their higher binding free energy value than the reference list. Z.163 

showed the best binding energy with -193.2 kJ/mol while compound 11 and 20c showed 

-129.7 kJ/mol and -166.8 kJ/mol, respectively. Based on the contribution of individual 

energy components to the free binding energy, the van der Waal energy component 

contributed to Z.163 more than all others whereas electrostatic energy component 

contributed to Z.287 more than all others for the binding affinity. Z.287 had the highest 

positive enrichment of polar solvation energy. 
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Figure 25: Contribution of each RPA70N amino acid to the binding free energy of the ligands. 

 

To identify the key residues involved in ligand binding, the residue wise energy 

decomposition was plotted for the ligands displayed the highest binding free energy in 

Figure 25. As seen the figure, it can be observed that some residues showed a positive 

binding affinity while some of them showed negative binding affinity. ARG41 showed 

the highest binding affinity as compare to other residues. The results concluded that 

ARG41 play critical role in protein ligand interactions. The residues that most interacted 

were ILE33, THR34, GLY35, ARG41, ARG43, MET57, ARG81, LEU87, ARG91, and 

VAL93.  
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4.4. ADME-Toxicity Analysis 

 

Table 12: Drug-likeness and toxicity analysis of ligands 

ID Lipinski Ghose Veber Egan Muegge Total Violations* Toxicity 

20c 2 2 0 1 1 6 OK 

Z.744 2 3 1 2 2 10 FAIL 

Z.197 1 3 1 2 3 10 FAIL 

Z.230 0 1 1 1 0 3 FAIL 

Z.287 2 3 2 2 2 11 OK 

Z.163 0 1 0 0 0 1 OK 

*Total violations; the sum of violations from five rule-based filters. 

 

The high absorption and well distribution of a drug in efficient time are important for its 

effective metabolism and action. In addition, the toxicity that often overshadows preferred 

ADME behaviour is another important consideration (85). Computational prediction of 

drug-likeness and toxicity at the drug discovery could provide opportunities for 

accelerating lead compounds. Five rule-based filters were used in order to ensure the 

improved quality of the inhibitors for future lead optimization. The ADME properties of 

the ligands were evaluated from its pharmacokinetics. Toxicity analysis perform searching 

for substructures commonly found in toxic and promiscuous ligands. According to this 

searching, only two potential inhibitors displayed non-toxic properties (Table 11). 

Although Z.287 displayed non-toxic properties, it had worse drug-likeness than the 

reference. Z.163 is the best candidate as an inhibitor of RPA70N because of its ADMET 

properties (Figure 26). 

 

 

Figure 26: Chemical structure of ZINC000753854163 that is the best candidate as an inhibitor of RPA70N 



50 
 

5. DISCUSSION 

 

The rationale behind conventional cancer therapy relies on the fact that cancer cells 

accumulate higher DNA damage than normal cells, and as a result, they are more 

susceptible to DNA damaging agents. Despite many efforts in the development of targeted 

drugs, DNA damaging therapy is still associated with considerable side effects, 

highlighting the necessity of identification of novel lead molecules with higher selectivity. 

One plausible way to induce DNA damage is to impair DNA damage response (DDR) 

pathways, in which Replication Protein A (RPA) plays a crucial part. Particularly, 

targeting the protein-protein interactions (PPIs) formed between RPA70N and other DDR 

mediators has become an intriguing area of research populated with a number of studies 

allocating different methods ranging from high throughput screening approaches to 

fragment-based drug design tools (28). Although these methods are robust, for screening 

large libraries virtual screening approaches may present valid alternatives to such 

experimental tools. Here we report the comprehensive screening of the large database, 

ZINC15 to unveil potential inhibitors of RPA70N and also document the comparison of 

the identified molecules with the previously identified potent inhibitors by means of 

binding affinity and drug-likeness. Our in silico results underline the presence of potential 

inhibitors that showed better inhibition capacity and drug-likeness features than 

previously known inhibitors.  

 

A number of small molecules have been reported to inhibit RPA70N (29). Among these 

inhibitors, fumaropimaric acid and HAMNO, which are among the first generation 

inhibitors of RPA70N have been identified in HTS studies (28,30). Fragment-based 

screening approaches have been further applied and upon screening a 15,000-member 

fragment library, novel ligands have been identified, impairing particularly RPA70N-

ATRIP interactions (31). Subsequently these compounds have been optimized to bind at 

submicromolar levels (32), albeit these group of inhibitors displays unfavorable drug-
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likeness features. Other inhibitors based on anthranilic acid derivatives have been also 

identified by HTS and optimized by iterative medicinal chemistry and structure-based 

design techniques. These efforts ultimately led to the discovery of 20c which displays a 

high binding affinity (812 nM) and promising permeability, solubility characteristics to 

be used as a drug (33). This ligand, 20c, mainly because of its well established inhibitory 

effect at the submicromolar concentrations and superior drug-likeliness features than any 

other inhibitors stood out to be the most promising lead molecule for targeting RPA70N. 

Thus we have used 20c (34) as the reference ligand in our study. The ligands that show 

better binding affinity and drug-likeness were considered potential lead molecules.  

 

Ligand-based screening is widely used for detecting similarity between small molecules. 

However, there is no universal strategy for quantification of the similarity.73–75 Here we 

have applied multiple algorithms to collect similar ligands to 20c from the ZINC12 

database. Among the similarity search methods used here, LiSiCA screened 3D structure 

(69), while ShaEP was used to assess the similarity of each compound in ligand library 

with the reference molecule by evaluating the similarity as means of spatial overlap in 

volume and electrostatic potentials (71). LIGSIFT evaluated the global shape of the 

ligands, was used to calculate the 3D shape and chemical similarities of the reference 

molecule with the ligand library (70). SHAFTS was applied to integrate the strength of 

both the pharmacophore matching and volumetric similarity approaches, as this method 

uses a hybrid similarity search of molecular shape and labeled chemical groups annotated 

as pharmacophore features for the 3D similarity calculation and ranking (72). By 

combining different similarity search methods, we ensured reaching all of the ligands 

similar to 20c (2581 ligands) in the ZINC12 database.  

 

Structure-based screening has been widely used for drug discovery, particularly for 

identification of novel lead compounds when the 3D structure of the target is available 

(100–106). The docking program and/or free binding energy prediction method used 
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during structure-based screening may greatly affect the screening results. Considering the 

high number of the ligands to be screened by structure-based tools used in this study, 

application of multiple programs would be impractical and computationally costly. 

Nevertheless, it is critical to evaluate the performance of different programs prior to 

screening large databases. Therefore, we have established benchmark ligand sets to test 

multiple structure-based tools prior to screening.  

 

Many docking programs have been developed and reported to be successful for a variety 

of protein-ligand pairs, still accurate prediction of the binding affinities and poses is a 

challenging task for docking (107–111). For instance, a given docking program may 

assign an unfavorable score to an active compound, while it predicts a favorable score for 

an inactive compound. Moreover, individual programs often show better ability to predict 

high-affinity compounds for particular receptors or ligand classes (111,112). Thus, we 

initially aimed to select the best-optimized docking program to apply a larger database. 

For assessment of docking programs, 5 widely-used programs were used to score 20 

different inhibitors with experimentally known binding affinities. Only LeDock gave 

well-correlated (0.745 ± 0.08) binding scores with the experimental values (Table 2), 

while both PLANTS and LeDock were successful in the reproduction of the crystal pose 

(Table 4). LeDock generates these well-correlated binding scores using the evolutionary 

algorithm that is adopted in combination with simulated annealing search, which is used 

to generate the first generation of docking poses. Although other well-known and highly 

cited docking programs such as Autodock and DOCK6 were also employed, we note that 

they did not perform as well as LeDock and PLANTS did in predicting the active ligands 

targeting RPA70N. Overall, we stress that LeDock produced a remarkably better 

performance than the most widely used and cited docking programs (5). These results 

reinforce the necessity of assessment of multiple docking programs with the same rigor 

prior to screening large databases.  
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During dynamical analysis, we used the first benchmark set, due to the fact that the second 

ligand set with known 3D structures are much larger ligands than those found in the first 

benchmark set. Their relatively larger size makes molecular dynamics applications 

challenging. Moreover, the drug-likeness properties of the second set are very unfavorable 

compared with the first set. On the other hand, the first benchmark set including 20c are 

smaller in size and have favorable ADME and toxicity scores (Table 11). Therefore, we 

used the first benchmark set to be tested in the molecular dynamics simulations coupled 

with free energy predictions by MM-PBSA. This benchmark set also included the crystal 

structure (PDB ID: 5E7N) harboring the compound 11, which produced a similar complex 

to 20c at the end of 20 ns of simulation. Overall, we observed an excellent agreement 

between the free energy predictions and experimental values (Table 9). Highlighting the 

validity of binding free energy prediction tool on this benchmark ligand set, we have 

applied molecular dynamics simulations and the MM-PBSA method to the selected 

RPA70N-ligand complexes.  

 

Structural analysis of the RPA70N structure showed that the binding cleft possessed 

critical positive charged amino acids. Essentially, R41, R43 and R91 stood out to play an 

important role in inhibition of RPA70N (28). Dynamical analysis performed here also 

underscored the importance of these amino acids for the reference ligand and RPA70N 

interactions. Moreover, we stress that N87 and K88 as being other critical amino acids in 

the vicinity of the reference ligands with notable contributions to the binding. Therefore, 

we note that along with previously identified positively charged amino acids (R41, R43, 

R91), N87 and K88 may in part mediate ligand binding, reflecting its significance for 

prospective studies concerning intermolecular interactions of RPA70N. 

 

Inspection of the selected molecules by only LeDock scores revealed that most of the 

molecules do not contain any negatively charged groups that can interact with the 

positively charged amino acids. From this respect, we further refined our search by adding 
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the criterion that ensured the presence of at least one carboxyl group which might 

potentiate binding to the positively charged RPA70N cleft. In line with this appraisal, the 

ligands (Z.163 and Z.287) that were selected according to this criterion, stood out among 

others (Figure 25). According to the stability analysis of RPA70N-ligand complexes, 

Z.163 and Z.287 showed much higher binding affinities than any of the reference 

inhibitors used here. Further structural inspections revealed that these ligands were also 

the most potent inhibitors with the highest number of contacts (Table 8) and hydrogen 

bonds (Figure 23) than any of the ligands including the reference inhibitors. More 

importantly, these carboxyl-containing ligands interacted with RPA70N, particularly from 

the R41, R43, R91 and K88. These interactions were shown to be more potent than those 

formed by 20c. Thus, the ligands identified by this study (Z.163 and Z.287) carry a high 

potential for targeting RPA70N. Owing to the fact that the Z.163 has a better ADME and 

toxicity profiles than Z.287 (Table 11), we report Z.163 as being the best potential 

inhibitor for targeting RPA70N.  
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6. CONCLUSION 

 

Identification of novel RPA70N inhibitors will lead to new routes of drug discovery which 

might result in more potent therapies with reduced side effects. This study employed the 

best-optimized methods of docking and binding free energy prediction for screening small 

molecules that target RPA70N. Given these validated methods, we appraise that two 

ligands that were identified here represent the most potent inhibitors found in the ZINC12 

and ZINC15 databases including all of the inhibitors tested here. In conclusion these series 

of in silico approaches concluded that Z.163 carry high potential to be developed as a 

potential chemotherapeutic for targeting the PPIs formed between RPA70N and other 

DDR proteins. 
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