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In May 2020, the Joint European Disruptive Initiative (JEDI) launched the “Billion Molecules

against COVID 19” challenge – an extensive open science effort aimed at identifying small molecule

inhibitors of SARS-CoV-2 and related human receptors. Our research group joined this initiative

among 130 international teams, focusing on the in silico screening for potential anti coronavirus

agents that target three viral proteins and one human receptor. The screening campaign covered

more than one billion synthetically accessible structures, including approved pharmaceuticals. By

July 17, 2020, our team submitted a subset of 10000 prioritized compounds to the organizers for

expert evaluation. The results from our selection, together with those from 19 other participating

teams, contributed to a pool of approximately 1000 molecules selected for chemical synthesis

and bioactivity testing. In total, 878 compounds were successfully synthesized and evaluated for

inhibitory activity against various SARS-CoV-2 targets as well as the human serine protease

TMPRSS2. Ultimately, 27 compounds – including one proposed by our group – demonstrated

measurable anti coronavirus activity. The collective outcomes of these collaborative efforts were

reported in the “Molecular Informatics” journal in 2024. In the present study, we summarize

our participation in the JEDI challenge and discuss broader methodological and organizational

considerations critical for improving the efficiency of rapid scientific responses to future emerging

biological threats.

Keywords: COVID-19, JEDI COVID-19 challenge, anti-coronavirus agents, in silico screen-

ing, future biogenic threats, effective response.

Introduction

In December 2019, physicians from several hospitals in Wuhan notified the local Center for

Disease Control and Prevention of pneumonia cases of unknown etiology. Subsequently, Vision

Medicals (Guangzhou) confirmed a novel coronavirus in specimens from Wuhan Central Hospital.

In January 2020, the initial SARS-CoV-2 genome sequence was deposited in GISAID [33]. Con-

currently, infections were identified beyond China, in Thailand, Japan, and the United States.

On January 30, the World Health Organization (WHO) proclaimed a Public Health Emergency

of International Concern (PHEIC), reporting 9800 cases and 213 fatalities. The disease received

its official designation, “COVID-19”, in February 2020; on March 11, WHO classified it as a

pandemic, with over 118000 cases in 114 countries and 4291 deaths.

Mitigating the COVID-19 pandemic necessitated a coordinated international effort, com-

prising border closures and lockdowns, reconfiguration of healthcare systems, rigorous sanitary

protocols, advancement of diagnostic tools and vaccines, and identification of new therapeutic

modalities [64]. After release of the viral genome sequence, laboratories rapidly designed RT PCR

assays targeting SARS-CoV-2, with WHO issuing technical guidance on detection, testing, and

case management by January 10, 2020 [48]. National public health laboratories and manufactur-

ers produced and scaled PCR based tests during January–February 2020; by March 2020, many
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countries had authorized emergency use diagnostic assays. Following viral genome publication,

multiple groups initiated vaccine design programs using mRNA, viral vector, inactivated, and

protein subunit platforms. In March 2020, at least four vaccine candidates entered first in human

(phase I) clinical trials, marking an unprecedented acceleration compared to traditional vaccine

timelines [48].

In early 2020, before the authorization of any pharmaceutical agents specifically indicated

for COVID-19 treatment, several small-molecule drugs previously employed against other vi-

ral infections were proposed for repurposing against SARS-CoV-2. These included lopinavir

& ritonavir (in combination), interferon (type I; mainly IFN α/β), ribavirin, chloroquine, hy-

droxychloroquine, favipiravir, remdesivir, and ivermectin. Except for remdesivir, most of these

compounds were subsequently shown to lack clinical efficacy, and some (e.g., chloroquine and

hydroxychloroquine) were associated with notable adverse effects. Nevertheless, during the ini-

tial stage of the pandemic, they comprised the primary therapeutic approaches available for

managing SARS-CoV-2 infection [51].

It became evident that the discovery of new anti coronavirus drugs was urgently needed. In

addition to extensive studies conducted by major pharmaceutical companies, numerous academic

groups also sought to identify novel promising candidates [37].

In response to the unmet need for effective COVID-19 therapies, the Joint European Dis-

ruptive Initiative (JEDI) launched the “Billion Molecules against COVID-19 Grand Challenge”

on April 23, 2020 [40]. Following an invitation from our European colleagues, including Prof.

Dr. Alexandre Varnek (University of Strasbourg), we chose to participate in this collaborative

project.

The terms and conditions of this study were defined as follows:

(1) to conduct virtual screening of more than one billion synthetically accessible compounds,

including clinically approved drugs;

(2) to assess their potential interactions with at least three molecular targets implicated in

antiviral activity against coronaviruses;

(3) to employ three independent computational methodologies; and

(4) to complete the study within the period of May–June 2020.

The set of targets available for subsequent experimental validation comprised the follow-

ing proteins: 3C-like protease (3CLpro), papain-like protease (PLpro), transmembrane serine

protease 2 (TMPRSS2), spike glycoprotein (S), nucleocapsid protein (N), and RNA-dependent

RNA polymerase (RdRp).

Participants were required to submit compound lists containing 10000 molecules for a min-

imum of three protein targets (amounting to a total of 30000 compounds) using the designated

*.csv template. Additionally, a detailed report describing the applied computational methods

and performance metrics, selected targets, compound libraries, and obtained results was to be

submitted in the *.docx template provided by the organizers.

The consolidated results obtained by participants of the JEDI COVID-19 Challenge are

reported in the joint publication [67]. In summary, 31 research teams proposed a total of

639024 candidate compounds with putative activity against the aforementioned anti-coronavirus

targets. Among these, 878 compounds were synthesized and subjected to experimental evalu-

ation in the corresponding biological assays. As a result, 27 compounds demonstrating weak

inhibitory or binding activity were identified through binding, cleavage, and/or viral suppres-

sion assays. It was concluded that the open-science framework adopted in the JEDI COVID-19
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Challenge made a measurable contribution to the collective knowledge base, thereby facilitat-

ing future drug discovery initiatives aimed at the development of improved therapeutic agents

against SARS-CoV-2 [67].

In this manuscript, we describe our methodology, developed within the framework of the

JEDI COVID-19 Challenge, for the selection of putative anti coronavirus agents from a chemical

space comprising billions of compounds, as well as the results obtained and the insights gained,

which may contribute to future strategies for mitigating the emerging biogenic threats.

The article is organized as follows. The Introduction describes the context of the onset of the

COVID-19 pandemic and the background of launching the open JEDI “Billion Molecules against

COVID-19” initiative, which aimed to urgently search for new antiviral drugs. In Section 1 we

detail the proposed computational workflow, which includes three sequential stages: initial hit

selection based on structural similarity (MNA and QNA), filtering and ranking using machine

learning algorithms (PASS and GUSAR software), and verification of the results via molecular

docking. This section also describes the selection process for viral targets and the preparation of

a consolidated library of over one billion synthetically accessible compounds. Section 2 provides

an analysis of the data obtained at each stage of the virtual screening for potential inhibitors of

the 3CLpro and PLpro proteases, RdRp polymerase, and the TMPRSS2 receptor. The authors

also share key takeaways from their participation in the JEDI challenge, analyzing the reasons

for the low efficiency of mass screening under conditions of initial scarcity and noisiness of the

training data. Section 2.2 summarizes the overall results of the study, emphasizing that despite

the limitations and inaccuracy of early data, the application of machine learning methods and

molecular modeling drastically reduced the material, financial, and time costs of experimen-

tal validation, narrowing down the screening of billions of molecules to the synthesis of just

878 compounds.

1. Materials and Methods

Considering the incomplete and occasionally contradictory information available on May 4,

2020, regarding the SARS-CoV-2 virus and its interactions with host cells, we developed a

systematic approach for the virtual screening of potential anti-coronavirus hits from extensive

chemical libraries.

The proposed workflow comprised three successive stages:

• Initial hit selection. Potential hits were identified among more than one billion compounds

by assessing structural similarity to reference molecules with experimentally confirmed

anti-coronavirus activity.

• Filtering and ranking. The selected compounds were further filtered and prioritized using

machine learning algorithms implemented in the PASS and GUSAR (see Sections 1.2

and 1.3) software packages. The corresponding training sets were continuously expanded

and refined throughout the project to improve predictive performance.

• Verification by molecular modeling. Representative compounds from the prioritized set

were analyzed using molecular modeling methods to evaluate their potential interactions

with SARS-CoV-2 targets. A schematic representation of the overall workflow for selecting

compounds with potential anti-coronavirus activity is presented in Fig. 1.

The following sections describe four distinct methods applied across the three stages.
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Figure 1. General workflow and results of selection of anti-coronavirus hits

1.1. Similarity Assessment

“Similar molecules tend to exhibit similar biological activities” [45]. Although this principle

is occasionally violated in the presence of the so called activity cliffs [18], it remains a cornerstone

of medicinal chemistry and is extensively employed in the design of structural analogues pre-

sumed to interact with the same target or to elicit comparable pharmacological responses [78].

Furthermore, it constitutes the method of choice in studies involving novel pharmacological tar-

gets, particularly when the number of known ligands is insufficient for the construction of a

pharmacophore model or the development of a (Quantitative) Structure-Activity Relationship

((Q)SAR) regression or classification models.

At present, no universal method exists for assessing the similarity between molecules be-

longing to different chemical classes and exhibiting diverse biological activities [6]. Within the

framework of the JEDI COVID-19 Challenge, molecular similarity was evaluated using our orig-

inal molecular descriptors – Multilevel Neighborhoods of Atoms (MNA) [24] and Quantitative

Neighborhoods of Atoms (QNA) [25]. These descriptors have demonstrated high efficacy in the

analysis of structure-activity relationships for heterogeneous datasets, which is fully consistent

with the objectives of the present study, namely the virtual screening of compounds with po-

tential anti-coronavirus activity among more than one billion molecules. Earlier, we examined

the applicability of these descriptors for activity prediction based on similarity across a dataset

comprising 16770 inhibitors of HIV-1 protease, reverse transcriptase, and integrase [71], and

identified both the advantages and limitations of this approach [20].

To conduct the similarity search and identify compounds exhibiting the desired biological

activity among a library exceeding one billion molecules, we selected “reference substances”,

defined as the most potent inhibitors of the four investigated targets reported as of June 2020.

These reference substances were subsequently employed as query molecules.

3CLpro. The five most active compounds were collected from various sources and evaluated

using different experimental protocols. The activities of GC376, Tideglusib, 11b, and TZDZ-8

were obtained from the respective original publications [16, 41, 49], while MAT-POS-916a2c5a-1

was selected from the PostEra resource [59]. All five compounds were tested against the recombi-

nant SARS-CoV-2 main protease (3CLpro) and exhibited low micromolar inhibitory activities.

PLpro. The PLpro inhibitors 6-thioguanine, GRL0617, 679818, and psoralidin were se-

lected from the corresponding original reports [13, 34, 62] as the most potent inhibitors of the

SARS-CoV papain-like protease.

RdRp. The selection of the most active compounds was performed using data from the

Stanford Coronavirus Antiviral Research Database [70]. Three compounds were identified as
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lead candidates: PubChem CID 44468216 (GS 441524), PubChem CID 121304016 (Remde-

sivir), and ChEMBL ID CHEMBL2178720 (β-D-N4-Hydroxycytidine). The antiviral activities

of GS 441524 and Remdesivir were documented in multiple preprints [9, 17, 61, 63, 66, 77],

whereas evidence for β-D-N4-Hydroxycytidine originated from a single study [22]. All three

compounds exhibited submicromolar half maximal effective concentrations (EC50) in assays

employing SARS-CoV-2 and human cell lines. Notably, both Remdesivir and GS 441524 were

also reported to suppress viral RNA expression, corroborating their potent antiviral properties.

TMPRSS2. The selection of the most potent compounds targeting TMPRSS2 was con-

ducted using data retrieved from the ChEMBL database [12]. Three chemical entities ex-

hibiting submicromolar Ki values were identified: CHEMBL1809250, CHEMBL1229259, and

CHEMBL1809251. According to the assay description provided in ChEMBL, these compounds

were evaluated against the recombinant catalytic domain of TMPRSS2 expressed in Escherichia

coli, employing D-cyclohexylalanine-Pro-Arg-AMC as a fluorogenic substrate and fluorescence

plate reader analysis for activity quantification. The experimental results were originally reported

in reference [68].

In addition to the reference compounds reported in available publications and databases,

we also included ligands complexed with SARS-CoV-2 proteins from the Protein Data Bank

(PDB) [60] in the similarity search. Ligands from the following six complexes were used: 6LU7

(PRD 002214), 7BRP (HU5), 7BRR (K36), 6Y2G (O6K), 6W63 (X77), and 7BV2 (F86). Ligand

IDs are given in parentheses.

1.2. Machine Learning with PASS Computer Program

PASS (Prediction of Activity Spectra for Substances, version 2019) is a computational sys-

tem developed to predict more than five thousand biological activities with an average Indepen-

dent Accuracy of Prediction (IAP), quantified as the Receiver Operating Characteristic Area

Under the Curve (ROC AUC), of approximately 0.97. These predictions are derived solely from

the structural formula of a drug-like compound [57]. The development of PASS began in the late

1980s [10], and over the subsequent three decades, the training datasets have been progressively

refined, the range of predictable biological activities expanded, and extensive benchmarking of

chemical descriptors and machine learning algorithms conducted [27, 58].

PASS 2019 utilizes structure-activity relationship (SAR) analysis for 1025468 biologically

active compounds employing MNA descriptors in combination with a modified nave Bayes clas-

sifier [27]. This methodology enables accurate SAR characterization for compounds within the

training set and demonstrates sufficient generalizability to provide reliable predictions of bio-

logical activity profiles for novel chemical entities, even in the presence of incomplete training

data [58].

For each compound under prediction, PASS calculates two probabilities: Pa, representing

the likelihood of belonging to the class of “actives”, and Pi, the likelihood of belonging to the

class of “inactives”. By default, compounds for which Pa exceeds Pi are classified as “active”.

The performance of PASS exceeds that of other established methods for predicting biological

activity profiles, as demonstrated by comparative computational studies [3, 32, 52]. The Profes-

sional version of PASS provides functionality for constructing novel training sets, retraining the

program to generate an updated SAR knowledge base, and assessing predictive accuracy and

reliability through leave-one-out and 20-fold cross-validation procedures, respectively.
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Within the framework of the present study, a specialized training set was developed by

systematically compiling data from both freely accessible and commercial databases [15], as

well as from a wide range of relevant scientific publications. Compounds exhibiting IC50 values

below 10 µM were designated as active to serve as the selection threshold. To enhance the

representativeness of the chemical space, all newly available information on the structures and

activities of anti-coronaviral agents was incorporated into the PASS 2019 training set. Upon

completion of the training and validation procedures, an updated SAR knowledge base with the

following characteristics was obtained: 1025630 substances, 106828 unique MNA descriptors,

8 selected activities; average IAP equals to 0.9138.

Characteristics of SAR models for each particular activity are given in the Tab. 1. Here,

N denotes the number of compounds in the training set that exhibit the given activity; IAP

(Invariant Accuracy of Prediction) is the predictive performance estimated by leave-one-out

cross-validation and is equivalent to the AUC ROC; 20-F IAP denotes the IAP estimated using

20-fold cross-validation.

Table 1. Characteristics of SAR models for different anti-coronavirus activities

N IAP 20-F

IAP

Activity Type

62 0.9585 0.9587 3C-Like Protease (SARS-CoV) Inhibitors

18 0.9908 0.9909 3C-Like Protease (SARS-CoV-2) In-

hibitors

6 0.8296 0.8320 Papain-Like Protease (SARS-CoV-2) In-

hibitors

3 0.9970 0.9980 RNA-Directed RNA Polymerase (SARS-

CoV-2) Inhibitors

808 0.7535 0.7535 SARS-CoV-2 infection reduction in cell-

based assay

5 0.9678 0.9684 SARS-CoV-2 viral Entry Inhibitors

371 0.8129 0.8147 Spike Glycoprotein (S) (SARS-CoV-

2)/ACE2 Interaction Inhibitors

3 1.0000 1.0000 Transmembrane Protease Serine 2 (TM-

PRSS2) Inhibitors

As evident from the data presented above, the accuracy (leave-one-out cross-validation) and

predictive performance (20-fold cross-validation) of the developed specialized version of PASS

are sufficiently high to support its practical application. This conclusion was also supported by

the results of prediction for the reference substances (remdesivir, umifenovir, etc.).

1.3. Machine Learning with GUSAR Computer Program

GUSAR (General Unrestricted Structure-Activity Relationships) is a software for the quan-

titative structure-activity relationship (QSAR) analysis based on compound structural formulas

and corresponding activity or property data, and for predicting activities or properties of novel

compounds. It enables the development of (Q)SAR models for organic molecules from both

homogeneous and heterogeneous chemical classes. GUSAR employs QNA descriptors, which
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represent a molecule as a set of tuples of real values P, Q. The P and Q values are calculated

for each atom in a molecule using the connectivity matrix together with values of the standard

ionization potential and electron affinities of its constituent atoms.

The current version of GUSAR additionally incorporates selected physicochemical descrip-

tors and biological descriptors derived from Pa-Pi predictions produced by the PASS algorithm.

The underlying modeling procedure is based on the self-consistent regression (SCR) method [28],

which is used in combination with nearest-neighbor evaluation and a radial basis function ar-

tificial neural network (RBF ANN) constructed from SCR outputs to obtain a multiple-model

consensus [81]. A comparative study of the first GUSAR version with widely used methodolo-

gies such as CoMFA, CoMSIA, GOLPE/GRID, and HQSAR demonstrated clear advantages

of this approach for QSAR model construction [25]. In the Collaborative Modeling Project for

Androgen Receptor Activity (CoMPARA), GUSAR predictions were also found to be robust

and accurate, further supporting the reliability of the method [50].

Within the framework of the JEDI COVID-19 Challenge, QSAR models were developed

using the GUSAR software for three viral targets: 3CLpro, PLpro, and RdRp. For 3CLpro and

RdRp, regression models were obtained with the following characteristics: 3CLpro, N = 45,

R2 = 0.981, Q2 = 0.836, F = 7.220, SD = 0.410, V = 11; RdRp, N = 888, R2 = 0.875,

Q2 = 0.818, F = 10.570, SD = 0.501, V = 213. Here, N is the number of compounds in the train-

ing set; R2 is the determination coefficient; Q2 is the leave-one-out cross-validated determination

coefficient; SD is the standard deviation; and V is the number of variables.

Due to the small size of the training set, only a classification model was built for PLpro, with

the following characteristics: N = 16, Sens = 1.000, Spec = 0.700, BA = 0.850, V = 3. Here,

N is the number of compounds in the training set; Sens denotes sensitivity; Spec, specificity;

BA, balanced accuracy; and V is the number of variables.

1.4. Molecular Modeling for Verification of Selection

The final validation of a selected subset of hits was conducted using molecular docking to

predict ligand binding poses and estimate binding affinities based on docking scores. Docking

calculations were performed with DOCK 6.5 [76] and AutoDock Vina [4]. The scoring function

cutoffs for compound selection were set to −65 kcal/mol for DOCK 6.5 and −8.0 kcal/mol for

AutoDock Vina, respectively. The resulting docking poses were visually inspected to evaluate

their compatibility with the subpockets within the protease active sites and to analyze key

binding interactions, including hydrogen bonding, steric complementarity, and electrostatic fit.

1.5. Targets Selection

Four out of the six targets proposed by the organizers of the JEDI COVID-19 Challenge

against COVID-19 were selected based on the following criteria: (1) the critical role of the

target in coronavirus entry into host cells or viral replication; (2) the availability of reference

compounds enabling activity assessment by similarity; (3) the availability of data on drug-like

compounds suitable for constructing (Q)SAR training sets; and (4) the presence of a resolved

three-dimensional structure in the Protein Data Bank. Targets satisfying at least three of these

four criteria were deemed suitable for subsequent analysis.

3-chymotrypsin-like protease (3CLpro/Mpro). The 3C-like protease (3CLpro), also

referred to as nonstructural protein 5 (Nsp5), is first auto-catalytically cleaved from the viral
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polyprotein to yield the mature enzyme. Subsequently, it mediates proteolytic processing of

downstream nonstructural proteins at 11 distinct cleavage sites, thereby releasing Nsp4-Nsp16.

Numerous three-dimensional structures of this protease are currently available in the Protein

Data Bank (PDB). At the initial stage of this study, all available crystallographic structures

of 3CLpro were retrieved from the RCSB PDB and analyzed to identify key structural fea-

tures involved in inhibitor binding. For molecular docking investigations, the crystal structure

with PDB ID 6LU7, complexed with the peptide-like inhibitor N3, was selected as the target.

This structure was chosen because it contains one of the largest inhibitors, which closely mim-

ics the natural substrate of the protease. Protein structure preparation was carried out using

the SYBYL-X 8.1 software suite [73] and involved the following steps: (a) removal of the co-

crystallized inhibitor, water molecules, and ions; (b) addition of hydrogen atoms; (c) assignment

of atomic charges using the Gasteiger—Hückel method; and (d) energy minimization in vacuum

employing the Tripos force field.

Papain-like proteinase (PLpro). PLpro cleaves the N terminal region of the replicase

polyprotein to release Nsp1, Nsp2, and Nsp3, an essential step in assembling the viral replicase

complex and enabling efficient viral replication. The crystal structure 6WUU was selected as the

target for molecular docking, and it was prepared using the same protocol previously applied

for 3CLpro.

RNA-dependent RNA polymerase (RdRp). Nsp12, a highly conserved protein among

coronaviruses, serves as the RNA-dependent RNA polymerase (RdRp) and constitutes the cen-

tral catalytic component of the viral replication-transcription complex.

Transmembrane peptidase serine 2 (TMPRSS2). TMPRSS2 mediates proteolytic

cleavage of the SARS-CoV-2 spike protein, thereby enhancing viral infectivity. However, the

three-dimensional structure of TMPRSS2 has not yet been experimentally determined.

1.6. Libraries

Nine libraries were used for preparation of “billion compounds” set for virtual screening.

Library 1. ZINC [82] included 920839556 structures. Over 750 million compounds were

potentially purchasable.

Library 2. SAVI (Synthetically Accessible Virtual Inventory) [65] included about 1.75 bil-

lion proposed products structures with reactions generated in the first full enumeration of the

SAVI project. Number of the synthesizable compounds is about 976 million (621 million without

stereoisomers).

Library 3. SWEETLEAD [72] included 9127 structures (7636 without stereoisomers).

Library 4. AMS (Aldrich Market Select) [1] included 4787319 structures, with samples

available in stock of Merck KGaA collected in the framework of the program “Antimicrobial

Stewardship”.

Library 5. Antiviral CAS dataset [2] included 49408 structures of antiviral compounds and

their analogs collected by Chemical Abstracts Services.

Library 6. Natural Compounds Set included 118894 structures of natural compounds col-

lected by our team from several publicly available databases: ChEBI [11], NANP DB [55],

NPASS [54], NuBBE DB [56], UNPD [75].

Library 7. IBS Natural Compounds Set [38] included 69034 structures of natural com-

pounds, their analogs and derivatives, which samples could be purchased from InterBioScreen

Ltd.
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Library 8. WWAD (World Wide Approved Drugs) [79] included 4108 structures of the

launched drugs prepared by our team in the framework of our project dedicated to drug repur-

posing.

Library 9. ENAMINE in-stock compounds [23] included 1.94 million structures that could

be obtained from Enamine Ltd.

All data were subjected to pre-processing and standardization procedures using ChemAxon

JChem Instant software and the in-house developed program ClearSDF, in full accordance with

current methodological recommendations [29–31]. Following the data curation and prioritization

of compounds with a higher probability of experimental availability or synthetic feasibility, a

final library comprising 1082000000 structures was prepared and subsequently analyzed using

the computational approaches described above.

A unified dataset of curated chemical compound structures was constructed by integrating

data from nine independent sources, followed by the removal of duplicate entries. Establish-

ing structural uniqueness requires evaluation of molecular graph isomorphism, a NP-complete

problem, making pairwise comparisons among approximately two billion structures computa-

tionally infeasible. To overcome this, QNA descriptors were calculated for each structure, and

a single real-valued parameter – the Q-index (the sum of atomic Q values) – was assigned to

each compound. Using the quicksort algorithm, compounds were ordered by increasing Q-index.

Only those compounds with Q-index differences below 10−9 were subsequently tested for iso-

morphism. This approach reduced the number of required graph isomorphism checks from

N(N-1)/2N(N-1)/2 to a near-linear-scale computation.

2. Results and Discussion

2.1. Selection of Potential Anti-coronavirus Agents

As illustrated in Fig. 1, based on the evaluation of MNA and QNA similarity for the reference

compounds described in Section 1, a total of 42509 hits were identified. These included 12230 pu-

tative 3CLpro inhibitors, 25812 putative PLpro inhibitors, 3584 putative RdRp inhibitors, and

883 putative TMPRSS2 inhibitors. Subsequent selection was performed using PASS predictions,

yielding 7148 potential 3CLpro inhibitors, 25782 potential PLpro inhibitors, 3544 potential

RdRp inhibitors, and 882 potential TMPRSS2 inhibitors.

Owing to the absence of a resolved spatial structure for transmembrane peptidase serine 2

(TMPRSS2), and the inability to construct both regression and classification models for its in-

hibitors using the GUSAR platform, this stage of selection was considered final for that molecular

target.

As the probability of TMPRSS2 inhibitory activity predicted by PASS is below 0.4, it

may be inferred that the likelihood of detecting this activity experimentally is relatively low.

Nevertheless, should the prediction be experimentally confirmed, the identified compound could

serve as a lead structure representing a novel chemical class associated with the investigated

biological activity (New Chemical Entity) [26].

Subsequent analyses were performed for the remaining three targets employing both re-

gression and classification (Q)SAR models developed using the GUSAR platform. As a result,

6655 potential 3CLpro inhibitors and 3387 potential RdRp inhibitors with estimated IC50 values

below 10 µM were identified. In the case of PLpro, the classification models yielded 6981 hits

predicted to belong to the “active” class.
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For RdRp, this stage represented the final step of the selection process. The top five predicted

RdRp inhibitors demonstrated markedly high Pa-Pi values, suggesting a high probability of

experimental confirmation. Nevertheless, these compounds exhibited strong structural similarity

to approved antiviral agents, with four of the five being listed in the CAS antiviral database.

The compounds included in the RdRp training set were nucleotide analogues. Their proposed

mechanism of inhibition involves incorporation into the growing RNA chain, thereby terminating

RNA elongation by preventing the subsequent addition of nucleotides. The molecular docking

programs employed in this study are not appropriate for accurately predicting binding poses or

estimating the binding affinities of inhibitors that act through such a mechanism. Consequently,

the molecular docking approach was not utilized at the final stage of compound selection for

RdRp.

For compounds predicted to possess 3CLpro and PLpro inhibitory activity, additional molec-

ular docking studies were conducted as described above. This analysis resulted in the identifi-

cation of 45 potential 3CLpro inhibitors and 38 potential PLpro inhibitors. Notably, for these

compounds, the computational predictions derived from similarity assessment and Tab. 2 sum-

marizes the three compounds predicted to be the most probable inhibitors for each target.

In consideration of the requirements of the JEDI COVID-19 Challenge (10000 hits per tar-

get), the highest-scoring compounds described above were supplemented with additional com-

pounds of lower scores, where such data were available.

2.2. Lessons Learned from Our Participation in the JEDI COVID-19

Challenge

According to the expert evaluation conducted by the JEDI COVID-19 Challenge organizers,

thirty-six compounds proposed by our research group were synthesized and assessed in anti-

coronavirus bioassays. Among these, one compound exhibited inhibitory activity against PLpro,

with an IC50 value in the micromolar range [67].

In accordance with the initial guidelines provided by the JEDI COVID-19 Challenge orga-

nizers, several approved drugs were also included among the compounds proposed as potential

anti-coronavirus agents. However, their inhibitory activity was not examined within the frame-

work of the JEDI COVID-19 Challenge, as multiple studies had already reported the results of

screening approved drug libraries against SARS-CoV-2 targets [39, 41, 63, 74].

Several of our predictions concerning potential anti-coronavirus agents among approved

drugs were subsequently corroborated by independent investigations. Specifically, inhibition of

3CLpro was demonstrated for narlaprevir, boceprevir, telaprevir [5, 44], carmofur, and disulfi-

ram [46]; inhibition of RdRp for sofosbuvir and gemcitabine [80]; and inhibition of PLpro for

dihydroquercetin and hesperetin [42].

The requirement established by the JEDI COVID-19 Challenge organizers to submit

10000 compounds predicted to interact with each of the three SARS-CoV-2 viral targets ap-

pears to have been overly stringent. Despite computational screening of approximately one bil-

lion synthesizable structures and the application of three independent in silico approaches, our

study did not yield that number of hits supported by sufficient evidence. If other teams in the

JEDI COVID-19 Challenge faced similar difficulties, it is plausible that the organizers received

a large volume of low-confidence data, necessitating substantial additional effort for its further

evaluation.

D.S. Druzhilovskiy, D.A. Filimonov, P.V. Pogodin, et al.

2026, Vol. 13, No. 1 95



Table 2. The most probable hits for the analyzed targets

Transmembrane peptidase serine 2 (TMPRSS2)

Name (Database) Structure Pa-Pi

ZINC001252905755 (ZINC) 0.315

Z355234742 (Enamine) 0.286

Z198103156 (Enamine) 0.280

RNA-dependent RNA polymerase

Name (Database) Structure Pa-Pi

BRDWIEOJOWJCLU-LTGWCKQJSA-N (AMS) 0.977

1911578-74-9 (CAS antiviral DB) 0.977

1911578-77-2 (CAS antiviral DB) 0.973

3-chymotrypsin-like protease

Name (Database) Structure Scoring Function

CHUUJOGSXZEWIU-NSCUHMNNSA-N (AMS) −66.2

(Dock 6.5)

SPSIFTRUXBQBRF-YOENDLTHSA-N (AMS) −8.4

(AutoDock Vina)

SXCFTBTXHZXEIN-NRFANRHFSA-N (AMS) −8.6

(AutoDock Vina)

Papain-like proteinase

Name (Database) Structure Scoring Function

NIKRPEWINGWQFH-FOWTUZBSSA-N (AMS) −8.2

(AutoDock Vina)

DUJJXYLPLPJJQH-RVDMUPIBSA-N (AMS) −9.7

(AutoDock Vina)

ORPOQLQFKDBKIH-UHFFFAOYSA-N (AMS) −8.2

(AutoDock Vina)

Another plausible inference from this observation is that the chemical spaces of known an-

tiviral agents and those of currently available synthesizable compounds differ substantially. This

finding aligns with earlier work published in 2016 [43], which showed that antiviral compounds

from ChEMBL cluster within specific regions of chemical space, with distinct antiviral classes

occupying “privileged” zones on GTM (Generative Topographic Mapping) maps that diverge
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from the more general drug-like chemical space. Subsequent studies similarly demonstrated that

a curated and similarity expanded set of SARS-CoV-2 active compounds occupies a region of

chemical space that extends well beyond that of a large commercially available coronavirus

focused library (over 20000 molecules) and exhibits distinct scaffold distributions [7].

Currently, the clinically validated direct-acting small-molecule antivirals approved for the

treatment of SARS-CoV-2 infection (as opposed to in vitro activity only) include remdesivir,

molnupiravir, and the combination nirmatrelvir/ritonavir (Paxlovid). Remdesivir (GS 5734),

originally developed by Gilead Sciences, is a nucleotide analogue initially designed for the treat-

ment of severe RNA virus infections with pandemic potential, with an early focus on the Ebola

virus [21]. Molnupiravir (EIDD 2801, MK 4482) was originally conceived as an orally bioavail-

able, broad-spectrum nucleoside analogue for the treatment of alphavirus and influenza virus

infections, reflecting its early development as an anti influenza and anti respiratory RNA virus

candidate [19]. The combination of nirmatrelvir with ritonavir (Paxlovid) was developed and

authorized by Pfizer in record time; notably, nirmatrelvir was not synthesized de novo but rather

derived from the earlier optimized SARS-CoV protease inhibitor PF 00835231 [35].

Therefore, it is not surprising that, despite the substantial efforts of 130 research teams

comprising approximately 600 experts from leading institutions worldwide (about 45% from

Europe, 30% from the Americas, 20% from Asia, and 5% from Africa) participating in the JEDI

COVID-19 Challenge and screening billions of synthesizable compounds, only 27 weak inhibitors

of SARS-CoV-2 targets were ultimately identified [36]. Clearly, the ambitious goal announced

at the outset of the JEDI COVID-19 Challenge “To screen billions of molecules with blocking

interactions relevant to SARS-CoV-2, and fast-track the route to a therapeutic treatment” was

not achieved and, in all likelihood, could not have been achieved using this approach.

The initial plan was to commence virtual screening on May 4, 2020, and complete it by June

6, 2020. However, this deadline was extended several times, with the final submission date for

reports set for July 17, 2020. Aggregation and evaluation of the submitted results were completed

by November 18, 2020. In total, 1200 compounds were included in the final list, of which 1000

were selected for synthesis. By April 21, 2021, 878 compounds were synthesized and were tested

in anti-SARS-CoV-2 assays by May 24, 2021. At that stage, it became evident that none of the

identified inhibitors exhibited activity with an IC50 value of 100 nanomolar or better.

On July 7, 2022, Prof. Thomas Hermans, program manager of the “JEDI Billion Molecules

Against COVID 19 Grand Challenge,” submitted his Letter of Resignation, outlining the organi-

zational challenges encountered during the project. It was subsequently decided to prepare a joint

manuscript representing the collective efforts of the participating community. The manuscript

was submitted to the Journal of the American Chemical Society on March 3, 2023, and re-

jected on April 11, 2023. The revised version was later accepted for publication in Molecular

Informatics on October 13, 2023, and published in January 2024 [53].

Just as “One woman can give birth to a child in nine months, but nine women cannot

give birth to a child in one month”, the discovery of an effective anti-coronavirus drug cannot

be hastened merely by increasing the number of researchers, even if they possess substantial

expertise in the field.

The testing results for compounds selected by thirty research teams using three independent

computational approaches indicated that the accuracy of virtual screening remained low – only

a few percent (27/878 ≈ 0.03). This outcome can be attributed primarily to the pronounced

scarcity of reliable data at the initial stage of the project. At that time, all available compounds
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with reported (“measured”) activity were incorporated into the training sets for the development

of (Q)SAR models. Subsequent analyses revealed, however, that some of these compounds lacked

genuine biological activity. The inclusion of low-confidence data introduced substantial noise into

the training sets, thereby diminishing the predictive performance of the models – a clear case of

purgamentum init, exit purgamentum (“garbage in, garbage out”).

Nevertheless, even under such conditions, despite the highly limited and noisy training

data, the (Q)SAR models developed using machine learning and molecular modeling approaches

enabled a substantial reduction in the human, temporal, material, and financial resources re-

quired for experimental investigations. Instead of synthesizing and biologically testing billions

of molecules, only 878 compounds were synthesized and evaluated in biological assays, leading

to the identification of 27 novel anti-coronavirus agents.

Conclusion

On May 5, 2023, the World Health Organization lifted the Public Health Emergency of

International Concern (PHEIC) designation, signifying the transition from the acute phase of

the COVID-19 pandemic to its long-term endemic management. Nevertheless, the consequences

of SARS-CoV-2 infection – particularly long COVID – remain a significant health burden for

many patients [69].

The urgent need for a prompt and coordinated response to the COVID-19 pandemic has

driven an unprecedented acceleration of scientific and clinical research. The viral genome has

been sequenced; diagnostic assays based on PCR and ELISA methodologies have been devel-

oped; fundamental mechanisms underlying viral pathogenesis have been elucidated; putative

molecular targets have been identified; and experimental models have been established for the

in vitro evaluation of potential antiviral agents. Ongoing clinical studies are focused on repur-

posing existing pharmacotherapies, assessing the safety and efficacy of candidate vaccines, and

characterizing the distinctive features of patients responses to infection and therapeutic inter-

ventions. A substantial portion of these findings is disseminated almost immediately through

online platforms of scientific journals and various specialized research databases.

Certain inconsistencies have been noted between experimental findings and clinical out-

comes, highlighting the need for further methodological refinement and validation. Moreover,

some studies disseminated through accelerated publication venues lack sufficient methodological

rigor and therefore warrant more comprehensive evaluation.

The distinctiveness of the JEDI COVID-19 Challenge lies in its requirement to conduct

integrative analyses of experimental and clinical data on SARS-CoV-2/COVID-19 in near real

time, in parallel with the rapid emergence of new scientific evidence. Beginning with data on

several dozen compounds that demonstrated inhibitory activity against viral infection in cell-

based assays, we subsequently assembled training datasets and developed classification and

regression (Q)SAR models. These models were then applied for large-scale virtual screening

to identify compounds with prospective anti-coronavirus activity among more than one billion

drug-like molecules.

Experimental validation of these selected hits is expected to significantly enrich the current

knowledge base in this domain, considering that conventional training sets employed in (Q)SAR

model development typically comprise only several thousand compounds, whereas the estimated

size of the drug-like chemical space approaches approximately 1060 molecules [53]. We anticipate

that the continued accumulation of experimental data and systematic exploration of the chemical
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space will accelerate the discovery of novel therapeutic agents with enhanced safety and efficacy

profiles for the treatment of COVID-19.

According to existing estimates, in addition to viruses, there exists a vast array of other

potential biogenic threats worldwide, including up to 1012 distinct microorganisms, 66 fungal

strains, and approximately 391000 plant species. Consequently, new diseases threatening human

health may emerge as a result of hypersensitivity reactions to substances secreted by these bi-

ological species, as well as from infections or toxic effects they induce [69]. Furthermore, the

potential for such biogenic threats has been convincingly demonstrated by Chinese researchers,

who conducted systematic studies and identified eight novel pathogenic viruses in rodents in-

habiting the tropical island of Hainan [47]. These viruses are considered highly likely to infect

humans should they succeed in crossing the species barrier.

As evidenced by the COVID-19 pandemic, the only rapid response to an emerging biogenic

threat is the application of the already available drugs – that is, their repurposing for new ther-

apeutic indications. The consequences of previous biogenic threats, such as SARS, MERS, and

others, were fortunately less severe; however, this circumstance led to a rapid decline in invest-

ments in related research. Consequently, humanity was insufficiently prepared for the COVID-19

pandemic. Considering the lessons learned from this crisis, it is essential to maintain and fur-

ther develop the research initiatives established during this period, particularly within existing

consortia, to continue the discovery of new antiviral agents and to establish robust theoretical,

practical, and methodological frameworks for an effective response to future biogenic threats [8].

In view of these considerations, we are in full agreement with the assertion of former NIH

Director Francis Collins, who stated: “Perhaps the most valuable lesson that COVID-19 has

taught the research community – and hopefully society more broadly – is the importance of

collective effort and continuous investment in basic and applied research.” [14].
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