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INFORMATION OF THE CENTRE 

This research project has been developed at the Cheminformatics and Nutrition research group, 

which is part of the Department of Biochemistry and Biotechnology of the Rovira i Virgili 

University. The lab is located in the Campus Sescelades, carrer Marcel·lí Domingo núm. 1. 

Universitat Rovira i Virgili is a public institution created by the Parliament of Catalonia in 1991 

to open doors to education in the Camp de Tarragona, and it has become a centre of excellence 

in training, research, and development.  

The Cheminformatics and Nutrition research group focuses its research on using computational 

tools to develop new strategies for the identification of bioactive compounds and provide new 

functions to certain molecules, such as authorized drugs. Thus, it is a leading research group in 

the field of bioinformatics where its expertise is demonstrated through several articles published 

in the latest years in top international peer-reviewed journals.  

Following the outbreak of the pandemic caused by the COVID-19 infection, the group has 

focused specially on applying its expertise to find new non-covalent inhibitors for the main 

protease (M-pro) of the virus that cause the infection (i.e., SARS-CoV-2), and consequently 

contribute to this social emergency providing rapid and non-invasive studies. The methodology 

carried out in this group is essentially based on combining a computational part (in silico) with 

an experimental part (in vitro and in vivo), which will allow to correlate them in order to identify 

which are the most bioactive compounds.  
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ABSTRACT AND KEY WORDS 

COVID-19 disease pandemic has resulted in a change in global health and economy that has 

involved the scientific community to find effective treatments in order to inhibit the virus 

responsible for this disease, the SARS-CoV-2. One of the key targets is its main protease (M-pro) 

as it has an important role in the replication of the virus. Computational approaches are essential 

for its important role in drug discovery research. Here, we make an evaluation of the two most 

popular methodologies used in drug discovery studies: prediction of protein-ligand binding 

affinity and pose prediction for non-covalent M-pro inhibitors. The combination of both 

prediction methodologies could be useful to predict the bioactivity of potential M-pro inhibitors 

and step forward on the drug discovery used for the COVID-19 disease treatment. In this way, 

we take advantage of the protein-ligand complexes between M-pro and non-covalent inhibitors 

available thanks to the COVID Moonshot project to analyse the performance of different 

commonly used tools for both predictive methodologies and evaluate the state-of-art of the 

accuracy of their predictions. 

 

 

Key words: 

M-pro, SARS-CoV-2, non-covalent inhibitors, binding affinity, docking, prediction 
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1. INTRODUCTION 

The actual pandemic of coronavirus disease (COVID-19) is caused by the virus named severe 

acute respiratory syndrome-coronavirus 2, known as SARS-CoV-2. The outbreak started in 

December 2019 in the city of Wuhan (China) and it has been rapidly spreading globally despite 

the efforts to contain the outbreak, causing a global health emergency situation declared by the 

World Health Organization (WHO) [1,2]. Symptoms of this disease include fever, cough, sore 

throat, runny nose and difficulty in breathing, but it could further aggravate the situation to a 

severe progressive pneumonia, multiorgan failure and death. This pandemic counts on 

170,377,345 global confirmed cases, including 3,542,391 deaths as of May 31, 2021, according 

to the Johns Hopkins University Coronavirus tracker (https://coronavirus.jhu.edu/), and has not 

only changed human health but also affected adversely the global economy [3]. 

Although vaccines against SARS-CoV-2 infection have emerged at an enormously high speed, the 

development of anti-viral drugs is crucial for the treatment of this disease in infected people. 

The current treatment for COVID-19 mainly consist of repurposed agents, such as protease 

inhibitors, mainly against the main protein M-pro [4]. 

For this reason, drug discovery studies are essential in order to find new drugs capable to revert 

this disease caused by a virus and, in this way, make a contribution in this global health 

emergency. Thanks to in silico studies, drug candidates can be discovered quickly, economically 

and safely through computational approaches such as drug-target interaction analyses [5].  

1.1. SARS-CoV-2 and its main protease (M-pro) 

SARS-CoV-2 belongs to the family of Coronaviridae and the genus Betacoronavirus, which are 

characterised by the following features: they are enveloped virus, with positive-sense and 

single-stranded RNA ranging from 26 kb to 32 kb approximately [6]. 

SARS-CoV-2 genome size varies from 29.8 kb to 29.9 kb, its structure contains an ORF1ab region 

on 5’ extreme that encodes orf1ab polyproteins and takes more than two-thirds of the genome, 

whereas the 3’ extreme contains genes that encode structural proteins such as surface proteins 

or Spike protein (S), envelope proteins (E), membrane proteins (M), and nucleocapsid N proteins 

(N). Moreover, it contains 6 accessory proteins encoded by ORF3a, ORF6, ORF7a, ORF7b, and 

ORF8 genes [7]. SARS-COV-2 structure is represented in Figure 1a.  

 

https://coronavirus.jhu.edu/
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The main protease or M-pro (also known as 3CL-pro) has become a key drug target for antiviral 

treatments studies, as the protein exclusively cleaves polypeptide sequences after a glutamine 

residue, being a high substrate specificity protease. SARS-CoV-2 M-pro has a lytic activity, and it 

cleaves the overlapping pp1a and pp1ab polyproteins to convert them into functional proteins. 

This step is critical during viral replication. The processing of these polyproteins is made together 

with the papain-like protease (PL-pro), and they give rise to 16 non-structural proteins (nsp1-

16), as Figure 1b shows. Therefore, M-pro inhibition will be able to stop the production of 

infectious viral particles and thus alleviate disease symptoms [6]. 

 

Figure 1. (a) Organization of the genome of SARS-CoV-2, where the RNA is indicated with all genes. (b) 
Polyproteins pp1a and pp1ab cleavage sites of SARS -CoV-2, where M-pro cleavage sites are indicated in red 
arrows and PLpro cleavage sites are indicated in green arrows, and non-structural proteins as a result of this 
lytic process are also indicated. Figure obtained from Ullrich et al.  [6]  

The structure of the SARS-CoV-2 main protease is composed of two dimers with a 

crystallographic two-fold axis of symmetry, known as protomers. Each protomer is composed of 

three domains: domain I (residues 8 - 101), domain II (residues 102 - 184), and domain III 

(residues 201 - 303) (Figure 2) [8,9]. Domains I and II have an antiparallel β-barrel structure, 

where the substrate-binding site is located between them, known as Cys-His catalytic dyad 

(residues His41 and Cys145). In contrast, domain III has a largely antiparallel globular cluster 

composed of five α-helices, and it is connected to domain II by a long loop region (residues 185-

200) [8,9]. Moreover, Domain III is involved in regulating the dimerization of the M-pro, a 

necessary process for catalytic activity of the enzyme [1]. The two protomers interact together 

with the NH2-terminal residues (“N-finger”) of one protomer and the Glu166 of the other one, 

and thereby the S1 pocket is helped to shape for the substrate binding site. To reach this 

interaction site, the N-finger is squeezed in between domain II of the other monomer and 

domains II and III of the parent one. Thanks to this event, the M-pro protein can be active and 

catalyse their substrates using amino acid residues of the catalytic site, Cys145 and His41 [1]. 
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Figure 2. Three-dimensional structure of SARS-CoV-2 M-pro in two different views. Residues of the catalytic dyad 
(His41 and Cys145) are indicated. (a) Protomers are indicated in red and green colours. (b) Domains are indicated 
in 6 different colours. Figure obtained from Ullrich et al.  [6] 

SARS-CoV-2 M-pro structures forming complexes with non-covalent inhibitors can be obtained 

from COVID Moonshot [10]. COVID Moonshot is a collaborative world project aimed to 

accelerate the development of a COVID antiviral. To this end, they have published at the 

Fragalysis website (https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro) the 

3D structure of several SARS-CoV-2 M-pro complexes with small drug fragments that can be 

freely used by scientifics around the world as the basis for designing new putative M-pro 

inhibitors. Then, some of the designed drugs have been built, their bioactivity measured and, 

some of them, co-crystallized again with SARS-CoV-2 M-pro [11]. The enzymatic activity of 

different compounds has been measured using the two complementary biochemical assays 

fluorescence based assay and RapidFire Mass Spectrometry assay, and structural 

characterization has been made with crystal structures when combined with the fragment 

screening data [11]. Thanks to this initiative, the structural data and the activity have been taken 

for this study. All data can be found on the COVID Moonshot website [10], that also links to 

crystal structures found on Fragalysis [12]. 

Furthermore, we only selected non-covalent SARS-CoV-2 M-pro inhibitors from all ligands taken 

from these ligand-protein complexes that COVID Moonshot provides, since covalent and non-

covalent inhibitors have noticeable differences such as the mode of binding with a protein. 

https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro
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Prediction of drug-target interactions can substantially accelerate lead generation and 

optimization in drug discovery to yield successful candidate compounds. Detecting interactions 

between drugs and targets is currently applied in virtual screening (a.k.a. in silico screening), a 

computational method used to filter a subset of compounds from a large library of chemical 

compounds with the aim of identifying novel active compounds [13]. M-pro non-covalent 

inhibitors interactions are one of the promising strategies for developing effective antivirals 

against SARS-CoV-2 since this protease is a key piece of the cell-replication machinery of the 

virus. Therefore, we provide a useful evaluation of the most popular prediction methodologies 

for binding free energy and for pose prediction (protein-ligand docking) for non-covalent SARS-

CoV-2 M-pro inhibitors. 

1.2. Protein-ligand binding affinity 

Interaction between proteins and their ligands is measured by binding affinity, which is the 

quantification by how strong the chemical compounds, also known as a ligand, binds to its 

counterpart protein [14]. How stronger the readout for binding affinity is, the stronger will be 

the interaction between protein and ligand to be inferred [15]. Predicting the binding affinity 

between compounds and targets with reasonable accuracy is crucial in drug discovery, in our 

case between proteins and ligands, and its prediction through computational approaches 

enhances the probability of finding lead compounds by reducing the number of wet-lab 

experiments and saving time and cost in drug discovery studies [13]. 

Terms used to quantify the binding affinity are inhibition constant (Ki), dissociation constant (Kd), 

changes in free energy measures (∆G, ∆H) and the half-maximal inhibitory concentration (IC50) 

[15]. Moreover, the binding affinity is the single most important initial indicator of drug potency 

despite it is also the most challenging to predict. A number of methods exists to determine it 

experimentally, such as the half-maximal inhibitory concentration (IC50), the isothermal titration 

calorimetry (ITC) or the surface plasmon resonance (SPR) [16]. In this study, the experimental 

binding affinity data is obtained from COVID Moonshot in terms of IC50 or pIC50 (negative 

logarithm of IC50). However, we focus our study on the binding affinity prediction, not on the 

experimentally determined. We use different computational approaches in order to obtain an 

accurate binding affinity prediction between M-pro and different compounds, and find an 

accurate correlation between the predicted and the experimental data. The combination 

between a computational part (in silico) and an experimental part (in vitro and in vivo) aims to 

identify new active compounds and demonstrate their predicted activities.  
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In this study, we used web servers since they are user-friendly online tools for the prediction of 

binding affinity which can be used without a program installation [17]. Programs can be limited 

by computational cost or required skills and resources needed to properly make use of the 

software. Therefore, we selected the following web servers: PRODIGY [17], CSM-lig [18], 

Alloscore [19], GraphDelta [20] and DeltaDelta [21].  

PRODIGY web server (https://bianca.science.uu.nl/prodigy/) is a simple binding affinity 

descriptor for protein-small ligand systems which makes use of atomic contacts instead of 

residue contacts. It has been trained on 200 protein-ligand complexes with known experimental 

binding affinity and structure from 2P2I dataset (a hand-curated structural database dedicated 

to protein-protein interactions with known small molecule orthosteric modulators [22]) and 

refined through HADDOCK (a docking software [23]), and the combination of structural and 

energy based terms is used to train multiple linear regression models [17]. In addition, CSM-lig 

web server (http://biosig.unimelb.edu.au/csm_lig/prediction) uses a class of graph-based 

signatures, called cutoff scanning matrix (CSM), to represent 3D environment of proteins and 

small ligands that are used to train predictors for receptor-based ligand prediction. It was built 

and evaluated using the release of PDBbind 2014 [18]. Moreover, Alloscore web server 

(http://mdl.shsmu.edu.cn/alloscore/) was developed using experimentally determined 

allosteric complexes with binding affinity from ASD v3.0 (an Allosteric Database developed to 

provide information of allosteric regulation [24]), and after its training and testing, the final 

model was deployed on the web server [19]. Furthermore, Graphdelta web server 

(https://mpnn.syntelly.com/) is a graph-convolutional neural network model, using as multitask 

learning the target variables of Kd, Ki and IC50, and it has been trained on the PDBbind dataset 

v.2018 [20]. Finally, DeltaDelta is a web server from Playmolecule 

(https://www.playmolecule.com/DeltaDelta/) that predicts protein-ligand binding affinity 

through a deep learning-based methodology [25]. Its applicability is the prediction of delta delta 

free energies in congeneric series. It is a neural network capable of predict the binding affinity 

running two phases: (1) Training: the initial predictive model has been pre-trained on hundreds 

of congeneric series from BindingDB database, and this input allows to optimise and fine tune 

this model with the training dataset provided by the user (i.e., M-pro non-covalent ligands). (2) 

Testing: the affinity prediction of the test dataset is calculated from the previous trained model 

[21,25]. 

However, different methodologies have been used in order to predict the protein-ligand binding 

affinity. Currently, scientific advances certainly opt for deep learning and machine learning 

models since they are an alternative to traditional physics-based free energy scoring functions 

https://bianca.science.uu.nl/prodigy/
http://biosig.unimelb.edu.au/csm_lig/prediction
http://mdl.shsmu.edu.cn/alloscore/
https://mpnn.syntelly.com/
https://www.playmolecule.com/DeltaDelta/
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[26]. Deep learning approach benefit is that it learns binding interaction rules directly from an 

atomic representation without relying on hand-curated features that may not capture the 

mechanism of binding [26]. This method predicts the binding affinity using regression and 

learning intrinsic patterns in a complex plane of available data, that make an optimal prediction 

without compromising on accuracy [15]. There are two types of three-dimensional structure-

based deep learning approaches commonly used: (1) 3D-convolutional neural network (3D-CNN) 

and (2) spatial graph convolutional neural network (SG-CNN) [26]. The 3D-CNN uses a 3D voxel 

representation of atoms that accounts for pairwise relationships among them through their 

relative positioning in the 3D voxel grip but does not predetermine a minimum atomic 

resolution, whereas the SG-CNN uses explicit distance thresholds to determine which pairs of 

atoms to consider in pairwise interactions [26]. Examples of deep learning 3D-CNN 

methodologies are DeltaDelta web server [21] previously described and KDeep [27], also from 

Playmolecule [28], that in this case it has been pre-trained using PDBbind v.2016 database and 

it was voxelized into 8 different pharmacophoric-like features (hydrophobic, aromatic, 

hydrogen-bond donor and acceptor, positive and negative ionizable, metallic and total excluded 

volume) [28]. DeepAtom [14] is another 3D-CNN also trained with PDBbind v.2016 core set, but 

this model improves representational capacity. In addition, other currently 3D-CNN approaches 

are, for instance, DEELIG [15], DeepDTA [29], AK-score [30], and DeepBindRG [31]. On the other 

hand, one example of spatial graph convolutional neural network (SG-CNN) methodology is 

graphDelta [20]. Furthermore, Jones et al. approach combine both 3D model representations 

(3D-CCN and SG-CNN) for protein-ligand binding affinity prediction, and they successfully 

demonstrated an improved accuracy [26]. Finally, other current methodologies are based on 

free energy perturbations (FEP), such as CHARMM-GUI free energy calculator [32] and gREST + 

FEP method [33] that both combines FEP and MD (molecular dynamics) methodology, as well as 

there are the RASPD+ method [34] that combines a rapid screening with physiochemical 

descriptors and machine learning. 

1.3. Docking 

Protein-ligand docking methods predict multiple binding poses and calculate their affinities 

through scoring functions. Molecular docking methods have been widely used to virtually screen 

potential drug candidates since they are considered as fast and efficient computational 

approaches. The determination of reliable poses is a prerequisite for high-precision drug design. 

For this reason, a variety of computational docking methods have been proposed in order to 

predict an accurate pose [33]. 
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Molecular docking generally involves two stages: (1) sampling the pose of the ligand in the 

protein binding pocket and (2) scoring the binding energy of the ligand to the receptor [35]. 

These two stages are shown at the top of Figure 3. At first step, docking programs like Glide [36] 

and FRED [37] use an anchor and growth strategy to gradually build up the ligand in the binding 

site whereas docking program AutoDock [31] use a generic algorithm (GA) approach that 

address the high computational cost associated with stochastic methods. At second step, a 

scoring function (SF) is required in order to predict the most likely pose within the set of all 

generated poses and then, use it to rank-order the top predicted poses for each compound and 

compare energies between compounds [35]. 

Scoring functions (SF) are the most important component of molecular docking as they have 

three major functions: (1) determine the binding mode and site of a ligand binding to a protein, 

(2) predict the absolute protein-ligand binding affinity in lead optimization, and (3) virtual 

screening in order to identify the potential drug leads for a given protein target [38]. Since 

current research, scoring functions are classified into four categories, described in Figure 3: (1) 

physics-based, (2) empirical, (3) knowledge-based, and (4) machine-learning method [38]. To 

begin with, physics-based scoring functions are based on force field, solvation models and 

quantum mechanics methods. The prediction of these scoring functions is greater accurate due 

to the consideration of the enthalpy, solvation and entropy although it has an expensive 

computational cost [38]. Otherwise, empirical scoring functions approximate protein-ligand 

interactions using equations of several physics-based terms, mimicking van de Waals 

interactions, solvation free energy, electrostatic interactions, etc. These empirical scoring 

functions have been implemented to various docking programs, although they are still actively 

developed because of their simple calculations and their close relationship with physic-based 

interactions [30]. In contrast, knowledge-based scoring functions use the three-dimensional 

structures of a large set of protein-ligand complexes in order to derive the desired pairwise 

potentials, assuming that the frequency of different atom pairs in different distances is related 

to the interaction of two atoms. Then, this frequency is converted into the distance-dependent 

potential of mean force. It has lower computing cost and higher predictive accuracy compared 

with the physics-based and empirical SFs, but it could have problems to locate the reference 

state [38]. Finally, machine-learning-based scoring functions use a training dataset docked by 

classical docking software, and then the docked structure is rescored using machine learning 

algorithms such as random forest, neural network or deep-learning. In this way, the accuracy 

can be improved [38].  
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Figure 3. Two steps of molecular docking and four categories of the scoring functions for protein-ligand docking. 
Figure obtained from Li J et al.  [38] 

Assessing a docking program’s ability to successfully predict tan accurate pose is usually done 

by redocking (i.e., rebuilding the 3D complex from its individual components) and comparing the 

conformations of crystalized (i.e., experimental) and docked ligands poses [39]. The quantitative 

measure of comparison is determined by the root mean square deviation (RMSD). The lower 

value, the similar conformation to the crystal structure. Molecular docking scoring functions are 

considered to predict a correct pose if the RMSD values are less than the accepted threshold 

[39].  

In this study we perform a pose prediction using 5 different docking programs/methodologies: 

Glide SP, Glide XP, Glide HTVS [36], FRED [37] and AutoDock Vina [40]. Glide is a program of 

Schrödinger [41] that uses Glide Score as a scoring function between protein-ligand complexes 

and have 3 different docking modes: SP, XP and HTVS. Glide HTVS and SP search for possible 

locations of the ligand in the binding-site region of a receptor using a series of hierarchical filters 

and they follow this process: first, the shape and properties of the receptor are represented on 

a grid by different sets of fields that provide progressively more accurate scoring of the ligand 
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pose; then, an enumeration of ligand torsions generates a collection of ligand conformations to 

examinate during the docking process; after these ligand conformations, initial screens are 

performed over the entire phase space available to the ligand to locate promising ligand poses; 

then, the ligand is refined in torsional space in the field of the receptor with a distance-

dependent dielectric model (this step differs in Glide SP and XP that use OPLS3, and Glide HTVS 

uses OPLS2005 refine methods); finally, a small number of poses are minimized within the field 

of the receptor with full ligand flexibility [42]. The main distinction within these 3 programs 

depends on their speed and accuracy: Glide HTVS can dock and trades sampling breath for 

higher speeds; Glide SP performs exhaustive sampling and is recommended for its balance 

between speed and accuracy; and Glide XP employs and anchor-and grow sampling approach 

and a different functional form for GlideScore, being also the slower mode [42]. In contrast, 

FRED is a Fast Exhaustive Docking from Openeye scientific [37] that performs a systematic and 

non-stochastic examination of all possible protein-ligand poses, filters for shape complementary 

and chemical features alignment before selecting and optimizing poses. It uses the Chemgauss4 

scoring function and the best scoring pose is then used to rank the ligand against other ligands 

in the screening database [43]. Finally, AutoDock Vina automatically calculates the grid maps 

and clusters the results in a transparent way to the user. The program functions as a machine 

learning method and it have a refined scoring function [40]. 

Nevertheless, other protein-ligand docking programs have been particularly used in other virtual 

screening studies. Some of these docking programs are the following: DOCK 5 [44], AutoDock 4 

[45] (previous to AutoDock Vina [40]), GOLD [46], FlexX [47], Surflex-DOCK [48], and SwissDock 

[49]. As well as that, there are scoring functions to re-score docked poses in order to get better 

results, such as X-Score [50], ChemScore [51], and ChemPLP [52] [30]. 
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2. HYPOTHESIS AND AIM OF THIS STUDY 

The hypothesis of this research project is that it is possible to find: (1) a methodology capable of 

quantitatively predict the bioactivity of a drug from its 3D non-covalent complex with the M-pro 

from SARS-CoV-2, and (2) a protein-ligand docking methodology capable of predicting the 3D 

structure of the complex between the SARS-CoV-2 M-pro and non-covalent inhibitors. This 

combination of prediction will be useful in order to predict the bioactivity of potential inhibitors 

that are not co-crystallised with the SARS-CoV-2 M-pro and, therefore find new drugs that can 

be used for the treatment of the COVID-19 infection.  

Therefore, the main aim of this study is to benefit from the large number of available protein-

ligand 3D complexes between the SARS-CoV-2 M-pro and non-covalent inhibitors with known 

IC50 value in order to evaluate:  

1. Which is the drug-target binding affinity program or web server predictor capable of 

perform a better correlation between predicted binding affinity values and 

experimentally known IC50 values for these non-covalently bound M-pro inhibitors. 

2. Which is the protein-ligand docking program capable to better predict the structure of 

these complexes from their individual elements (i.e., the SARS-CoV-2 M-pro and their 

corresponding non-covalent inhibitors). 
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3. MATERIALS AND METHODS 

3.1. Library preparation 

The library of compounds used in this study was obtained from the COVID Moonshot initiative, 

that has the activity data in its web page available to download (https://covid.postera.ai/covid) 

and the crystal structures posted on FRAGALYSIS database  

(https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro). 

The M-pro complexes were visualized using the ligand interaction option in Maestro [53] in 

order to select only the structures that contain a non-covalent bonded ligand. Therefore, the 

library was created with these non-covalent M-pro complexes and then was updated with the 

new M-pro structures as the content of the project is constantly growing. Thus, depending on 

the date, the libraries are: (1) Old library: library of 40 non-covalent compounds created on 

2020-12-02, and (2) Updated library: library of 111 non-covalent compounds created on 2021-

02-26 (libraries shown in Annex 1). 

Furthermore, these complexes were processed in Maestro in order to obtain separately the 

protein structure and the ligand structure in the file format needed for further predictions. It 

was done by the ‘split’ option and exported in different formats. Wherefore, the libraries 

contained the following files: (1) Complexes (M-pro - non-covalent ligand) in PDB format, (2) 

proteins (M-pro) in PBD format, (3) proteins (M-pro) in MOL2 format, (4) ligands in MOL2 

format, (5) ligands in SDF format, and (6) a compound tracker CSV containing the compound 

SMILES and the data from COVID Moonshot. 

3.2. Binding affinity prediction 

3.2.1. BINDING AFFINITY PREDICTION PROGRAM OR WEB SERVER 

The research for an appropriate program or web served capable to predict the protein-ligand 

binding affinity was done through bibliographic searches. After this research we decided to use 

web servers as they are easier to handle. Therefore, we select five different web servers: 

PRODIGY [17], CSM-lig [18], Alloscore [19], GraphDelta [20] and DeltaDelta[21].  

3.2.2. WEB SERVER PREDICTORS SETUP 

Compounds to be predicted were upload as an input on a different way depending on the web 

server used. PRODIGY [17] web server inputs were (1) a PDB file containing the structure of M-

pro complex, (2) selection of the protein chain ID where the ligand is located (ex., A) and (3) 

ligand ID as in PDB file. CSM-lig [18] inputs were similar: (1) A protein/small-molecule complex 

https://covid.postera.ai/covid
https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro
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in PDB format, (2) the small-molecule ID as in PDB and (3) the canonical SMILES string of the 

small-molecule. In contrast, Alloscore [19] inputs were the following: (1) a PDB file containing 

only the protein structure and (2) a ligand file in MOL2 format, as well as both protein and ligand 

should be hydrogen-added and pre-docked. Furthermore, GraphDelta [20] needed the following 

inputs: (1) a PDB file containing the protein structure without hydrogens and only with standard 

amino acids, and (2) a SDF file with the ligand molecule.  

On the other hand, the operation of DeltaDelta web server was different as it is a neural network 

that allows to put as an input a ligand set for training. Thus, for running this web server it was 

necessary to provide (1) a file of the receptor in MOL2 format (i.e., a file containing the M-pro 

structure), (2) a SDF file containing a set of training ligands containing a field called pIC50, (3) a 

SDF file containing a set of test ligands, and (4) select the validation field for assess the accuracy 

of the prediction. Figure 3 shows the web server with all fields commented. In this case, we run 

40 protein structures from the initial library with 4 different ligand distributions between test 

and training. A 75% of the ligands were set on the training SDF file whereas a 25% of the ligands 

were set on the test SDF file, that this corresponds to train 30 ligands and test 10 ligands. The 

distributions were made randomly according to their experimental pIC50 values. The reason of 

run 4 different distributions is for validating if the neural network works properly (cross-

validation method). 

 

Figure 4. DeltaDelta web server from Playmolecule  [21]. 
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3.2.3. PREDICTED AND EXPERIMENTAL BINDING AFFINITY CORRELATION 

The outputs obtained in the four web servers were downloaded and added into a spreadsheet 

software. The spreadsheet was built to have the following information: (1) ID of each M-pro-

ligand complex, (2) experimental pIC50 obtained from COVID Moonshot (i.e., we used 

Fluorescence pIC50 values), and (3) predicted binding affinity obtained from the web servers 

used in this study.  

Afterward, the data of experimental and predicted binding affinity from this spreadsheet was 

selected and the Pearson correlation coefficient was calculated and a correlation plot was 

performed for each web server. 

3.2.4. BETTER WEB SERVER AND M-PRO STRUCTURE 

Finally, we analysed which web server was able to better predict the binding affinity looking at 

the correlation results. The higher Pearson correlation coefficient, the better web server 

predictor. After this web server was selected, we continued using it in order to figure out which 

M-pro complex was better for the following step of docking.  

Then, as the initial library was updated, we need to run all the 111 compounds to obtain more 

accurate results. Thus, DeltaDelta web server was carried out by M-pro new structures obtained 

from the library update using the first ligand distribution. At the end of the process, the 10 best 

M-pro structures were selected in order to figure out which one was better for the following 

step of docking. Therefore, these 10 selected structures were run with 5 different distributions 

containing all 111 ligands from the updated library, as in order to optimize the initial model of 

the neural network it is necessary to further train it with as many examples as possible of our 

compounds of interest. 

Finally, the results of the predicted affinity were correlated with the experimental affinity and 

the best M-pro structure was selected for the next step according to their Pearson correlation 

coefficient value.  

3.3. Docking 

3.3.1. M-PRO PREPARATION, LIGANDS PREPARATION AND GRID 
GENERATION 

The compounds were prepared to be docked using 5 different programs/methods. On the one 

hand, compounds to be docked using Glide SP [36], Glide XP [36], Glide HTVS [36] and AutoDock 

Vina [40] were prepared as follows: (1) one 3D conformation was generated per compound and 
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compounds with unspecified chiralities were discarded by Omega [54], and (2) LigPrep [55] was 

used to prepare the compound for docking generating all the protonation states for each 

compound. On the other hand, compounds to be docked using FRED [37] were prepared as 

follows: (1) the ionization states of the compounds were set by fixpa [56], (2) tautomeric forms 

were enumerated by tautomer [56], (3) atomic partial charges were assigned by molcharge [56], 

and (4) one conformation per compound was generated and compounds with unspecified 

chiralities were discarded by Omega [54].  

The selected M-pro structure was the complex with ID Mpro-x12419. We took this protein from 

our library and it was prepared using different tools depending on the docking 

program/methodology used. 

For Glide SP, XP and HTVS [36], the protein structure was prepared using the Protein Preparation 

Wizard software [57], where the following modifications relative to default values were applied: 

(1) N and C termini were capped, (2) original hydrogens were removed to add new hydrogens, 

(3) water molecules were removed, (4) tautomers and protonation states with neutral pH were 

generated using Epik, (5) H-bond assignment was optimized using PROPKA, and (5) the structure 

was minimized with the default force field. Then, the grid generation was done around the 

binding site of the protein where the compounds were supposed to bind, and the mode of 

docking was selected: Glide SP (standard precision), Glide XP (extra precision) or Glide HTVS 

(high-throughput virtual screening). In contrast, for AutoDock Vina [40] dockings we used 

AutoDockTools [45] in order to prepare the protein structure as follows: (1) all water molecules 

were removed, and (2) polar hydrogens were added. Then, the grid was defined with the size 

and coordinated in order to perform the docking. Finally, for FRED [37] dockings the protein was 

prepared using MakeReceptor [58], that carried out the following procedure: (1) a box was 

defined according to the centre coordinates and dimensions of the grid previously defined with 

Glide, (2) shape potential was set, and (3) the inner and outer contours of the receptor was 

defined with the default options.  

3.3.2. DOCKING SETUP 

The docking setup in all 5 methodologies used in this study was to generate 20 binding poses 

per compound (i.e., 111 non-covalent ligands). Thus, we obtained a total of 2220 docked poses 

for each program.  
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3.3.3. IDENTIFICATION OF ACCURATE DOCKED POSES: RMSD AND 
THRESHOLD 

The comparison used to assess the docking programs’ ability to successfully predict accurate 

poses was done by comparing the root mean square deviation (RMSD) between the docked 

poses and the crystalized poses.  

After assigning a quantitative comparison measure (RMSD) in each docked pose for each 

program, we identified the similarity among all results using a visual inspection with Maestro 

[53]. The lower RMSD value, the more similar the docked pose against the crystalized pose. Thus, 

we stablished a threshold value of 2,7 Å in order to determine which poses had highest affinity.  

Then, this threshold was useful to approve or discard compounds depending on their RMSD 

value: (1) the compounds with a RMSD value lower than 2,7 Å were considered as true docked 

poses, and (2) the compounds with a RMSD value higher than 2,7 Å were considered as false 

docked poses.  

3.3.4. ANALYSIS OF DOCKING RESULTS 

Finally, the evaluation of the 5 docking programs/methodologies used in this study was done by 

the creation of statistic figures: (1) histograms and (2) violin plots. These figures were created 

using R Studio [59] considering the RMSD values for each pose and for each 

program/methodology. Thanks to these figures, we analysed the docking results and 

determined which program/methodology was better in order to predict more accurate poses.  
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4. RESULTS AND DISCUSSION 

4.1. Protein-ligand binding-affinity prediction 

4.1.1. BEST WEB SERVER PREDICTOR 

Nowadays, most computational approaches in the field of drug discovery have been focused on 

the calculation of protein-ligand binding affinity using different methods of prediction. 

Nonetheless, it remains a question which is the most accurate and precise program or web 

server to use in some specific cases, such as the affinity of different drugs targeted on the main 

protease (M-pro) of SARS-CoV-2. Here we used 4 different web servers as informatic tool 

predictors since they are easier to manage and set up than a downloadable program. 

The protein-ligand binding affinity prediction was performed using the following web servers: 

PRODIGY [17], CSM-lig [18], Alloscore [19], GraphDelta [20], and DeltaDelta [25]. 40 non-

covalent protein-ligand SARS-CoV-2 M-pro complexes obtained from the M-pro FRAGALYSIS 

database (https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro) were run in 

these web servers. Figure 5 shows correlation plots between experimental pIC50 and binding-

affinity predicted by PRODIGY (Fig. 5a), CSM-lig (Fig. 5b), Alloscore (Fig. 5c), and Graphdelta (Fig. 

5d). The results obtained using these web servers were comparable. It shows that the 

correlation is not good, as Pearson correlation coefficient were -0.4945, 0.3394, -0.0624 and -

0.0732 in PRODIGY, CSM-lig, Alloscore, and GraphDelta, respectively. The binding affinity is 

predicted in terms of free energy (∆G) in PRODIGY results, thus the higher experimental pIC50, 

the lower ∆G as the negative correlation coefficient obtained in Figure 5a. CSM-lig results are 

expressed in terms of -log10(KD/Ki) so the correlation coefficient is positive as our results in 

Figure 5b. In contrary, Alloscore uses its own measure unit, Alloscore. The higher Alloscore, the 

higher pIC50, but our results do not show a positive correlation coefficient (Figure 5c). Finally, 

results obtained using GraphDelta are expressed in terms of pKD, and it shows a negative 

correlation coefficient (Figure 5d) although the highest pKD value, the greater binding affinity of 

the ligand for its target. 

This study showed that web servers PRODIGY [17], CSM-lig [18], Alloscore [19] and GraphDelta 

[20] are not able to predict accurately the binding affinity of M-pro with different ligands, as the 

correlation between experimental pIC50 and predicted affinity was low in all cases (see above). 

These web servers were trained by using datasets that are different than the ones from our case 

of study (i.e., M-pro complexes with non-covalent inhibitors), as well as they were published in 

2016 (CSM-lig [18] and Alloscore [19]) and 2018 (PRODIGY [17]) when further approaches were 

https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro
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not launched. For these reasons, they are not able to predict with the same reliability our study 

molecules, and we should try other methods instead of using these binding affinity web server 

predictors. 

 

Figure 5. Correlation plots between experimental pIC 50 and predicted binding affinity using the following web 
servers: (a) PRODIGY, (b) CSM-lig, (c) Alloscore, and (d) GraphDelta.  

On the other hand, DeltaDelta web server [21] needed as an input a set of training ligands and 

a set of test ligands as it is a conventional neural network that allows us to train it with our study 

case, M-pro inhibitors. This web server was first run using the initial library of 40 non-covalent 

ligands, where 10 of them were tested. For this reason, we show the results separately from 

Figure 5. The neural network was validated using 4 different ligand distributions as a cross-

validation method. After the library update dated on 26th February 2021, 111 protein structures 

were run with these 4 distributions of 40 ligands, putting as an input a set of 30 ligands to the 

training and a set of 10 ligands to the test. Correlation between experimental pIC50 and 

DeltaDelta predicted pIC50 was good in most cases, showing high values with a Pearson 

correlation coefficient over 0.5 in most cases, even going to a value of 0.94 when the ligands are 

docked at the M-pro structure with ID Mpro-x11488 (Figure 6). We saw in the previous study 

that KDeep [28] also performed high Pearson correlation coefficient between experimental pIC50 

and predicted binding affinity (Macip et al. manuscript in revision: Haste makes waste: a critical 

review of docking-based virtual screening in drug repurposing for SARS-CoV-2 main protease (M-

pro) inhibition) but here we demonstrate that results obtained using DeltaDelta web server [21] 



Final Degree Project  Júlia Vilalta Mor 
Bachelor’s Degree in Biotechnology  Universitat Rovira i Virgili 

21 
 

are even better, because with this methodology we have the possibility to train the neural 

network with our set of interest, in our study, with non-covalent ligands that have been co-

crystallized with M-pro.  

DeltaDelta results are promising, as the combination between the 3D structures of the 40 

different complexes with the experimental 40 ligands co-crystallized with the M-pro showed a 

high Pearson correlation coefficient, showed in Figure 6. Thanks to the prediction using different 

distributions we have validated the neural network, in other words, we have tested that they 

are not random results, and this neural network works properly. Notice that Figure 4 only shows 

structures obtained by using distribution 1 and 3. This is because ligands contained in the 

training set have different characteristics when they bind to the binding site of the protein, 

depending on the ligand there will be more or less affinity. As ligand distribution between 

training set and test set has been done randomly, our results indicate that distribution 1 and 3 

correlates better than distributions 2 and 4. 

Noting that the results showed a good correlation in only one of the 5 web servers used in this 

study, even with a huge difference in their correlation coefficient, we proceeded using 

DeltaDelta. 

 

Figure 6. M-pro structures with higher correlation coefficient between experimental pIC 50 and predicted pIC50 by 
DeltaDelta web server. 
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4.1.2. BEST M-PRO STRUCTURE 

After the correlation between experimental pIC50 and DeltaDelta predicted pIC50, structures that 

correlated better were selected, as they show a correlation coefficient higher than 0.7 (R2 > 0,7) 

(Figure 6). These structures are the following: (1) M-pro-x11488, (2) M-pro-x11641, (3) M-pro-

x12321, (4) M-pro-x12419, (5) M-pro-x12695, (6) M-pro-x12710, (7) M-pro-x10638, (8) M-pro-

x11541, (9) M-pro-x11790 and (10) M-pro-x12715.  

In order to identify which one of the selected SARS-CoV-2 M-pro structures is the best one to 

perform the following part of this study (i.e., protein-ligand docking), we analysed which protein 

complex is able to generate better correlation between predicted and experimental pIC50 using 

the best web server previously identified, DeltaDelta. Table 1 collects the results of these 

experimental-predicted pIC50 correlations, realized using 5 random different sets of ligand 

distributions between training and test, obtained from the updated library that has a total of 

111 ligands. We have also run 5 different distributions for a cross-validation purpose. 

Results in Table 1 show that there are different structures with high Person correlation 

coefficients, as correlation can vary depending on the ligand distribution. Thus, we selected M-

pro-x12419 structure for the following protein-ligand docking, as it shows high correlation in 

most cases. 

 

Table 1. Correlations between experimental pIC 50 and predicted pIC50 by DeltaDelta web server of the 10 best M-
pro complexes and performed 5 times using different ligand distributions.  

 Distribution 1  Distribution  2  Distribution 3  Distribution 4  Distribution 5 

Dataset R R²   R R²   R R²   R R²  R R² 

M-pro-x10638 0.4812 0.2315  0.4001 0.16  0.6216 0.3864  0.6378 0.4068  0.6116 0.374 

M-pro-x11488 0.4051 0.1641  0.3174 0.1007  0.6615 0.4376  0.6116 0.374  0.569 0.3238 

M-pro-x11541 0.4948 0.2448  0.4973 0.2473  0.5146 0.2649  0.6906 0.4769  0.5128 0.263 

M-pro-x11641 0.5368 0.2882  0.2269 0.0515  0.6032 0.3638  0.5573 0.3106  0.6228 0.3879 

M-pro-x11790 0.4815 0.2318  0.4475 0.2003  0.588 0.3457  0.5427 0.2945  0.4878 0.2379 

M-pro-x12321 0.4033 0.1626  0.4084 0.1668  0.5701 0.325  0.5804 0.3369  0.4863 0.2364 

M-pro-x12419 0.4018 0.1614  0.4985 0.2485  0.6826 0.4659  0.6086 0.3704  0.6831 0.4667 

M-pro-x12695 0.3461 0.1198  0.3129 0.0979  0.5699 0.3248  0.4923 0.2424  0.6277 0.394 

M-pro-x12710 0.5036 0.2536  0.5799 0.3363  0.4994 0.2494  0.5643 0.3184  0.6184 0.3824 

M-pro-x12715 0.3511 0.1232  0.458 0.2098  0.4813 0.2316  0.5279 0.2786  0.571 0.326 
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4.2. Protein-ligand docking 

Most studies use protein-ligand docking methodology in order to predict the structure of a 

compound on a specific target, the protein. Here we applied this computational methodology in 

the case of the SARS-CoV-2 M-pro and different putative drugs obtained from our library of 

individual structures of M-pro and their non-covalent inhibitors, using 5 different docking 

programs/methodologies: FRED [37], AutoDock Vina [40], Glide SP [36], Glide XP [36] and, Glide 

HTVS [36]. 

Since one purpose of this study was to find which docking program is capable of better predict 

the structure of these complexes, this part of the study demonstrates that Glide SP perform 

better than the other docking programs, although there are some points that are necessary to 

review such as the ranking order and the number of poses that the program needs to obtain an 

accurate result. Docking results of the 5 different programs/protocols used in this study (FRED, 

Glide SP, Glide XP, Glide HTVS and AutoDock Vina) are graphically expressed as follows. 

Figure 7 shows 5 histograms, each one for a different docking program, where the number of 

true and false docking poses are represented on y-axis for the 20 docking poses on x-axis. We 

considered that a pose is true if its RMSD value against its experimental pose is under the 

established threshold of 2.7 Å. At this point, we can observe which of the docking programs is 

capable to predict a major number of true docked poses. Figure 7 clearly shows that FRED, Glide 

XP, Glide HTVS and AutoDock Vina place the major number of true docked positions at first 

generated poses, and this number decreases as programs predict new docked poses. FRED 

results show a strong tendency to decrease the number of true poses as docked poses are 

predicted whereas in AutoDock Vina results this tendency is downward. Results obtained by 

Glide XP and Glide HTVS also show that number of false docked poses decrease as the true ones, 

since programs dismiss the possibility of generating new docked poses. Otherwise, there is no 

decreasing tendency at Glide SP results, as well as we can observe that in all the 20 docked 

predicted poses the number of true poses is higher than in the other docking programs. Thus, 

Glide SP is the program capable of guess more true docked poses, but all of these poses are not 

ranked properly. For instance, we cannot affirm that pose 19 is less valid than pose 1. Moreover, 

all true numbers in all cases are very low, which stands below 25% of the total. Therefore, 

although we distinguished Glide SP as the better docking predictor, we cannot affirm that this 

program is totally successful. 
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Figure 7. Histograms showing the number of true and false docking poses for (a) Glide SP, (b) Glide XP, (c) Glide 
HTVS, (d) FRED and (e) AutoDock Vina.  

 

Docking programs used in this study were reviewed through the help of violin plots shown in 

Figures 8 and 9. In both Figures, the RMSD value relative to the experimental pose is located on 

the y-axis whereas the results for the 5 different programs/methodologies assayed are located 

on the x-axis. Thus, Figure 8a shows the RMSD value of the first pose (the one that is selected as 

the best one by the scoring function of each program) relative to the experimental pose. In 

contrast, Figure 8b shows the RMSD distribution of the docked pose with lower RMSD value 

relative to the experimental one (irrespective of how the corresponding scoring function has 

ranked it in the first twenty poses). Furthermore, Figure 9 shows 5 violin plots, one for each 

program, that allows to analyse the RMSD distribution of the 20 docked poses per ligand. Thus, 

for each program, the first violin plot shows how the poses scored first by the scoring function 

resembles the experimental pose, the second violin plot shows how the poses scored second by 

the scoring function resembles the experimental pose, and so on for the remaining eighteen 

violin plots. 
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Violin plots are very interesting as they allow us to analyse data results similarly to a box plot 

with the addition of have a visual density map in their sides. Figure 8a shows the first generated 

docked pose by all 5 docking programs/methodologies used in this study. Thanks to this plot, 

we demonstrate that with only one docked pose generation is not enough to predict an accurate 

docked pose that best approximates to their relative experimental crystalized pose. For this 

reason, it is essential to generate as many poses as necessary in order to find the one that best 

approximate to the crystalized one. As it stands, in Figure 8a the average in all programs is 

located higher that the established RMSD threshold and the major density of data is located 

around them, thus these values are set too high to be considered similar to the experimental 

pose. It is true that there exists a major density band around the threshold, but with only the 

first docked pose representation it is not enough to affirm that programs could be able to 

generate better poses, and for this reason we evaluate all 20 docked poses later (Figure 9). 

On the other hand, Figure 8b shows a comparison among all better docked poses of the five 

different programs used in this study. Note that this situation is not normal, but it allows us to 

see how good a program is on generating poses, as it shows that they really can approximate to 

the crystalized pose. Glide SP has the lower average value, thus it is clearly capable of predict 

better docked poses that are similar to the experimental ones as they show lower RMSD values. 

Average point is higher than the threshold at results obtained by FRED, Glide HTVS, Glide XP, 

and almost AutoDock Vina. Moreover, if we analyse data distribution we can see a major density 

under the threshold in Glide SP, stating that all these docked poses are considered as true, not 

as other docking programs. AutoDock Vina also has a lower average value, but their distribution 

is located higher than Glide SP as we can see in the density map, and their standard deviation is 

shorter. FRED, Glide HTVS and Glide XP have their data uniformly distributed, with longer violin 

plots that present less pronounced density at a particular point and they all have a huge standard 

deviation.  

We show one violin plot for each docking program in Figure 9, where 20 docked poses are 

appreciated in more detail. Here, we demonstrate that there are no better docked poses 

according to the scored order, as we sensed in the previous figures. Average numbers are similar 

in all docking programs and almost remain unchanged in all 20 docked poses, as well as there is 

a major density around this average point. Moreover, a density zone is located around the 2,7 Å 

RMSD threshold in all 20 poses predicted by Glide SP (except pose 20 that have lost some 

compound poses). There exists a similar tendency at poses generated by Glide XP, but this 

density zone around the threshold is maintained until the last docked poses. The same tendency 

is observed at poses predicted by Glide HTVS but less pronounced, here the density around 
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threshold is lost at last docked poses and all values are lower. According to FRED, the density 

zone is higher around the threshold at first poses and it decreases as the program generate new 

predicted poses. Finally, AutoDock Vina shows that from pose 11 it generates docked poses with 

RMSD values far from our interest. Thus, it generates a lot of variability from this pose, and it 

loses its reliability. 

 

 

Figure 8. Violin plots of the 5 docking programs used in this study  showing the RMSD value distribution at (a) 
first docked pose (b) best docked poses. 
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Figure 9. Violin plots depending on the 20 predicted docked poses by (a) Glide SP, (b) Glide XP, (c) Glide HTVS, 
(d) FRED and (e) AutoDock Vina.  



Final Degree Project  Júlia Vilalta Mor 
Bachelor’s Degree in Biotechnology  Universitat Rovira i Virgili 

28 
 

To sum up, Glide SP is the best docking predictor program used in this study for all reasons 

mentioned above, but still has some shortcoming to improve as a result of their lack of accuracy 

and success. Non-existence of a computational methodology capable to correctly predict 

experimental poses in M-pro non-covalent inhibitors set a challenging situation to identify 

potential drugs against this protein essential for SARS-CoV-2 replication.  Therefore, we 

demonstrated that this methodology is not good at predicting poses similar to crystalized 

structures in our study case of M-pro, and it is necessary to change and review this methodology 

that have been used in a lot of previous studies.  

We hypothesized if the combination of prediction programs would be useful to predict the 

bioactivity of potential inhibitors of SARS-CoV-2 M-pro. As mentioned, although we have found 

a methodology that properly predict bioactivity between M-pro and non-covalent inhibitors, we 

cannot affirm that the docking methodology works properly, therefore, the combination of both 

programs will not be useful to find potential inhibitors of M-pro. 
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6. CONCLUSIONS 

M-pro is an attractive target because it has a key role in the replication of SARS-CoV-2 virus. 

Thanks to computational approaches, potential inhibitors of this protease can be discovered and 

thus, contribute to find a new treatment for infected people with the COVID-19 disease. 

Our study has served to evaluate the performance on the SARS-CoV-2 M-pro of different 

commonly used tools for two of the most popular prediction methodologies used in the drug 

discovery of non-covalent inhibitors: prediction of protein-ligand binding affinity and pose 

prediction (a.k.a. docking). 

We demonstrate that the web server capable that best predicts the binding affinity between M-

pro and their non-covalent ligands is DeltaDelta [21], as it allows to train a neural network with 

our set of interest (i.e., with non-covalent M-pro inhibitors that have been co-crystallized with 

the M-pro from SARS-CoV-2).  

The evaluation of different protein-ligand docking programs/methodologies showed that the 

best program capable to most accurately predict the poses for non-covalent M-pro inhibitors is 

Glide SP [36]. Here, we demonstrate too that all these methodologies might not have been as 

affective as they are expected in their predictions. Docking has been used in a lot of drug 

discovery studies but however, our results show that this methodology is not really successful 

in predicting poses for M-pro non-covalent inhibitors. Therefore, it should be necessary to look 

for other protein-ligand docking programs/methodologies that perform better with potential 

non-covalent SARS-CoV-2 inhibitors than the ones used here. 

In conclusion, the combination of both prediction programs cannot be useful to predict the 

bioactivity of potential non-covalent M-pro inhibitors as the step of protein-ligand docking is not 

capable to predict accurate poses.  
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ANNEX I: Libraries 

Table 2. Libraries of non-covalent compounds used in this study.  The table shows the 111 compounds contained 
in the updated library (2021-02-26) and the 40 compounds contained in the old library (2020-12-02) are marked. 
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