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Momusayus u yens: Hlupoxoe pacupoctpanenne SARS-CoV-2 1o cpaBHEHHIO C €ro
MpeIeCTBEHHUKAaMH O0YCIIOBIEHO OoJiee BBICOKOM a(MHHOCTBIO CBSI3BIBAHUS S-
oenxa ¢ ACE2 [1]. Oco3nanve qaHHOM 3aKOHOMEPHOCTH MOBJIEKIIO 32 CO00M 6ObIIIoe
KOJMYECTBO WUcclenoBaHuii wuHTepdeiica cBs3pBanmst RBD-ACE2, a Taxke
aMUHOKHUCIIOTHBIX 3aMEH, BIUSIOMUX Ha apQUHHOCTD CBS3BIBAHUS MEXIY NaHHBIMU
Mosiekynamu [2]. dusnueckoe B3aUMOJCHCTBHE MEXKIY MOJCKyJaMu OEIKOB MMEeT
JABHIOIO MCTOPHIO M3YYEHHs C MCIOJIb30BAHHEM MHOTOYHCIEHHBIX 3KCIEPUMEHTAIb-
HBIX U BBIYHCIIUTEIBHBIX METO/IOB [3, 4], B TOM uucie MeTo10B GrHonHpOopMaTHKH [5].
OpHOl W3 THAaBHBIX XapaKTEPUCTUK B3aMMOJICHCTBUSI  SIBJSIETCS. KOHCTaHTa
nmucconuanun komruiekcoB Oenok-0emok (Kd). Co3maHne anropuTMOB aKKypaTHOMH
OIICHKH 3TOH PHEPTUU MO3BOIWIO OBl Oojee 3(pPeKTHBHO MPOBOMUTH HANPABICHHBIIH
MyTareHe3 B3aMMOJICHCTBYIOIIUX OENKOB, YTO MMEET CYIIECTBEHHOE 3HAYCHUE IS
CO3/IaHMsI MEIMIMHCKHX TpErnapaToB OENKOBOW NPHUPOJIBI, BKJIIOYas aHTUTEna. B
JaHHOM paboTe MBI MPOBENIU TECTUPOBAHME Psilia PaHee MPEIUIOKEHHBIX alrOPUTMOB
OLICHKH DHEPTUH B3aUMOJICHCTBHS B KOMIUIEKcax «bemok-0emok» (Prodigy [6], FoldX
[7], DFIRE [8], ROSETTADOCK [9]), a Takxe pa3pabOTaHHOr0 HaMU aJrOPUTMa
ProBAN [10].

Memoowt u aneopummsr: Jlns ananmza ad@UHHOCTH CBS3BIBaHUS OBUIM OTOOpAHBI
koMmruiekcsl RBD-ACE2 ¢ u3BeCTHBIMH MPOCTPAaHCTBEHHBIMH CTPYKTYpaMU |
3HaYeHUsIMH KOHCTaHTHI aucconmanui (Kd). MToroBeiii HabOp ITaHHBIX COAEPKHUT
48 xomrutekcoB ACE2 n RBD BupycoB SARS CoV (3 crpykrypsl) u SARS CoV-2
(45 ctpykTyp).

[penckazanne ahGUHHOCTH CBS3BIBAHUS OCYIIECTBISUIOCH anroputMoM ProBAN,
OCHOBaHHBIM Ha CBEPTOYHOW HEWpOHHOU cetu. Monens Obia oOydeHa U
MIPOTECTUPOBaHA Ha HAOOpe OEOK-O0ETIKOBBIX KOMIJIEKCOB C U3BECTHBIMU 3HAYEHUSIMU
KOHCTaHTHI Iucconuanyu B 6a3e nanusix PDBBind v.2020. Hccneayembie KOMILUIEKCHI
RBD-ACE?2 nHe conepxatcs B JaHHOH Bepcrur 0a3bl TaHHBIX, YTO [TO3BOIISET MPOBOINUTH
npefcKa3aHds Ha OOy4eHHOM Mozenu 0e3 BO3MOXXHOCTH «YTEUKW» MAAaHHBIX U3
oOyuaroreii BHIOOPKH. AHaNH3 IOJNYYCHHBIX PE3yJIbTAaTOB, a TaKXKe IpeliCKa3aHHe
anroputMoM ProBAN ocymiecTBisuioch ¢ ucnonb3oBanueM Python amctpubytnsa
Anaconda.
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Pezynomamur: JIns aHanuza mpeiacka3aHHs XapaKTEPUCTHK CBS3BIBAHMS B OCIIOK-
OCITKOBBIX KOMIUIEKCax ainroputMoM ProBAN ObLIO MpOBENEHO €ro CpaBHEHUE C
MpeICcKa3aHusAMA, TONydeHHBIMH  BeO-cepBucoM  Prodigy.  amHBII — MeTon
OCyIIECTBISIET OLEHKY addUHHOCTH CBA3BIBaHUS (YHKIMEH, OCHOBAaHHOW Ha
MEXKMOJICKYJSIPHBIX KOHTaKTax W IpH3HAaKaxX HEMOCPEICTBEHHO Ha HHTepdeiice u
NOJNYYEeHHBIX M3 aHajlu3a IIOBEPXHOCTH, He OTHOcsmeiics K uHTepdeicy
B3anmogeiicteus. ProBAN (MAE = 0.5, xoppemsuus ITupcona = 0.56) mokassiBaer
Ooyiee BBICOKOE KayecTBO NpescKa3aHus 1o cpaBHeHuio ¢ Prodigy (MAE = 0.9,
koppesitus [Tupcona = —0.38). Mbl monaraeM, 4T0 NPHYMHON 3TOTO SIBISIETCS UCIONb-
30BaHME Kak OoJiee MOIHOM MH(OpMALMU O B3aUMOACHCTBHUAX MEXKIY aTOMaMH, TaK U
GOJIBIIEr0 MOPOrOBOr0 3Ha4deHMs paccTosHus Mexay atomamu (10 A), xoropoe
KJaccu(UIMpyeT Mapbl aTOMOB Ha B3aWMOJCHCTBylolne W HeT. Mcmonb3zyemoe B
Prodigy aHazormdHOe MOpPOroBOE 3HAUEHHE PACCTOSHHSA MeXIy aTomamu (5.5 A), mo-
BUAMMOMY, OTCEMBAET YacCTh BAKHBIX aTOMOB, BHOCAIIMX BKJIaJ B CBSI3bIBAaHHE.
Boubiioe 4nciio anropuTMOB, UCTIONB3YEMBIX AJISl OLIEHKU apUHHOCTH CBSI3BIBAHUS B
0e0K-0eIKOBBIX KOMIUIEKCAX, IPEACKa3bIBAIOT HE 3HAYCHNE KOHCTAHTHI HCCOLIMAIINY,
a cBoOoaHyto 3Hepruto ['mb0ca cBs3piBaHMA. 111 OleHKH pabOTHl 3TUX alTOPUTMOB
(FoldX, DFIRE, ROSETTADOCK) Ha uccnenxyeMoM Habope JaHHBIX U3 MOyYEHHBIX
Hamu 3HaueHnid Kd mer paccuuranu AG u cpaBHwin ¢ AG, NMOJTy4eHHOH C HCHOJb-
30BaHMEM IICPEUMCIICHHBIX AJITOPUTMOB. PaccunTaHHbIE 3HAYCHUS METPHUK KadecTBa
CBHICTENLCTBYIOT 0 HaubosbIieii s¢dekruHoctn ProBAN (MAE = 0.7 kkan/moJib)
Cpeln BCEeX MPOAHATM3MPOBAHHBIX anropuT™oB (mis Prodigy 1.2 kkan/monb, y
OCTAJTBHBIX BBIIIE).

Cpenn ¢ KOMITJIEKCOB ¢ HAMOOMbIIIeH abCOMOTHOM ommbKoi (0ompIre 1) momaBistomas
4acTh MMesa paspemenue xyxke 3 A (6¢cs2, 7wk6, 7tex), u OmMH UMeN pa3pelieHue
2.85 A (8asy). Ha6monaemas 3aKOHOMEPHOCTb CBUJIETELCTBYET O HEFaTUBHOM BKJIa/Ie
HEYETKO Pa3peLICHHOrO IMOJIOKEHHSI aTOMOB B KauecTBO Hpeacka3aHus adpuHHOCTH
CBSI3BIBAHUS, TaK KaKk HMCKa)xaeTcsl WHpopMamuss o0 MEKaTOMHBIX DPACCTOSHHUSX,
UTPAIOIIUX KITIOUEBYIO POJIb BO B3AUMOACHUCTBHH MEKAY OCIKOBBIMU MOJICKYJIaMHU.
Bui6oowi: Cobpan HaOOp AaHHBIX, coaepskaluii cTpyKTypbl komiuiekcoB ACE2-RBD c
W3BECTHBIMH KOHCTAHTAMH CBSI3BIBAHMS, KOTOPBIM MOKET HCIHOJIb30BAThCA JUIS
u3ydeHus: (pakTopoB, BIUSIONMX Ha cBsizbiBaHue Mexnay RBD n ACE2, a takxe mis
o0yyeHHsT ¥ TECTHPOBaHHMA QJITOPUTMOB, OCYLIECTBISIOUIMX  IpeJCKa3aHHue
adduHHOCTH CBsI3BIBaHUA. lcronp30BaHME HEHPOCETEBBIX METOAOB, B YaCTHOCTH
ProBAN, st OLIGHKM KOHCTaHTBI JUCCOIMAIMM M CBOOOIHOW 3Hepruu ['mbOca
BO3MOXXHO He TONbko Mexay HaTuBHBIMH RBD u ACE2, HO u Mexay Apyrumu
MyTaHTHBIMH (opmamu. [lomydeHHBIE METPUKM KadyecTBa CBHIETEIbCTBYIOT O
HEIOCTaTOYHOM CTaOMJIBHOCTH MpPEICKa3aHUH JJIsi KOMIUIEKCOB C  BBICOKOM
ad(UHHOCTBIO CBSI3bIBAHMS, YTO VYKa3blBaeT Ha HEOOXOAMMOCTH  YIY4IICHHUS
NPEIUKTOPOB NPH YBEIWYEHUH HaOOpa AOCTYIHBIX JaHHBIX AJs aHaiau3a. CoOpaHHBIN
Ha0Op AaHHBIX, a TAXE PE3yJIbTAThl IPEICKA3aHMsI BEUIOKEHbI B OHJIAHH-PENIO3UTOPHUH,
JIOCTYIHOM 110 ccbuike: https://github.com/EABogdanova/ProBAN _RBD-ACE2.
Qunancuposanue: Viccnenosanue nojaaepxano Poccuiickum HaydnbsiM doniom (Ne 19—
74-30003).
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Motivation and Aim: The widespread distribution of SARS-CoV-2 compared to its
predecessors was associated with the higher binding affinity of the S protein to ACE2
[1]. Awareness of this pattern led to many studies of the RBD-ACE2 binding interface,
as well as amino acid substitutions that affect the binding affinity between these
molecules [2]. The physical interaction between protein molecules has a long history of
being studied using numerous experimental and computational methods [3, 4], including
bioinformatics methods [5]. One of the main characteristics of the interaction is the
dissociation constant of protein-protein complexes (Kd). The creation of algorithms for
accurately assessing this energy would make it possible to carry out targeted mutagenesis
of interacting proteins more effectively, which is essential for the creation of protein-
based drugs, including antibodies. In this work, we tested several previously proposed
algorithms for estimating the interaction energy in protein-protein complexes (Prodigy
[6], FoldX [7], DFIRE [8], ROSETTADOCK [9]), as well as the ProBAN [10] algorithm
we developed.

Methods and Algorithms: RBD-ACE2 complexes with known spatial structures and
dissociation constant (Kd) values were selected for binding affinity analysis. The
resulting data set contains 48 ACE2 and RBD complexes of the SARS-CoV
(3 structures) and SARS-CoV-2 (45 structures) viruses.

Binding affinity prediction was performed by the ProBAN algorithm based on a
convolutional neural network. This model was trained and tested on a set of protein-
protein complexes with known dissociation constant values in the PDBBind v.2020
database. The RBD-ACE2 complexes under study are not contained in this version of
the database, which allows predictions to be made on a trained model without the
possibility of data “leakage” from the training set. Analysis of the results obtained, as
well as prediction by the ProBAN algorithm, was carried out using the Anaconda Python
distribution.

Results: To analyze the prediction of binding characteristics in protein-protein
complexes by the ProBAN algorithm, it was compared with predictions obtained by the
Prodigy web service. This method evaluates binding affinity by a function based on
intermolecular contacts and features directly at the interface and obtained from analysis
of surfaces not related to the interaction interface. ProBAN (MAE = 0.5, Pearson
correlation = 0.56) shows superior prediction performance compared to Prodigy
(MAE = 0.9, Pearson correlation = —0.38). We believe that the reason for this is the use
of both more complete information about the interactions between atoms and a larger
threshold value for the distance between atoms (10 A), which classifies pairs of atoms
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as those that interact or not. The similar interatomic distance threshold used in Prodigy
(5.5 A) appears to screen out some of the important atoms that contribute to binding.
Many algorithms used to estimate binding affinities in protein-protein complexes do not
predict the value of the dissociation constant, but rather the Gibbs free energy of binding.
To evaluate the performance of these algorithms (FoldX, DFIRE, ROSETTADOCK) on
the data set under study, from the Kd values we obtained, we calculated AG and
compared it with AG obtained using these algorithms. The calculated values of quality
metrics for different algorithms indicate the highest efficiency of ProBAN (MAE =
0.7 kcal/mol) among all analyzed algorithms (for Prodigy 1.2 kcal/mol, for others
higher).

Among the c complexes with the largest absolute error (more than 1), the overwhelming
majority had a resolution worse than 3 A (6cs2, 7wk6, 7tex) and one had a resolution of
2.85 A (8asy). The observed pattern indicates a negative contribution of unclearly
resolved atomic positions to the quality of binding affinity prediction, since information
about interatomic distances, which play a key role in the interaction between protein
molecules, is distorted.

Conclusions: A dataset containing the structures of ACE2-RBD complexes with known
binding constants has been collected, which can be used to study factors influencing the
binding between RBD and ACE2, as well as to train and test algorithms that predict
binding affinities. The use of neural network methods, particularly ProBAN, to estimate
the dissociation constant and Gibbs free energy is possible not only between native RBD
and ACEZ2, but also other mutant forms. The obtained quality metrics indicate a lack of
stability in predictions for complexes with high binding affinity, indicating the need to
improve predictors as the data set available for analysis increases. The collected data set,
as well as the prediction results, are posted in an online repository, available at the link:
https://github.com/EABogdanova/ProBAN_RBD-ACE?2.

Funding: The study is supported by the Russian Science Foundation (No. 19-74-30003).

Cnucoxk numepamypoi/References

1. Choudhary S., Sreenivasulu K., Mitra P. et al. Role of Genetic Variants and Gene Expression in the
Susceptibility and Severity of COVID-19. Ann Lab Med. 2021;41(2):129-138

2. Vogel M., Augusto G., Chang X. et al. Molecular definition of severe acute respiratory syndrome
coronavirus 2 receptor-binding domain. Allergy. 2022;77(1):143-149

3. Chothia C., Janin J. Principles of protein — protein recognition. Nature. 1975;256:705-708

4. Archakov I., Govorun V.M., Dubanov A.V. et al. Protein-protein interactions as a target for drugs in
proteomics. Proteomics. 2003;3(4):380-391

5. ShiT.L, Li Y.X,, Cai Y.D. et al. Computational Methods for Protein — Protein Interaction and Their
Application. Curr Protein Pept Sci. 2005;6(5):443-449

6. Xue L.C., Rodrigues J.P., Kastritis P.L. et al. PRODIGY: a web server for predicting the binding
affinity of protein-protein complexes. Bioinformatics. 2016;32(23):3676-3678

7. Schymkowitz J., Borg J., Stricher F. et al. The FoldX web server: an online force field. Nucleic Acids
Res. 2005;33:W382-W388

8. Zhang C., Liu S., Zhou Y. Accurate and efficient loop selections by the DFIRE-based all-atom
statistical potential. Protein Sci. 2004;13(2):391-399

9. Lyskov S., Gray J.J. The RosettaDock Server for Local Protein-Protein Docking. Nucleic Acids Res.
2008;36:W233-W238

10. Bogdanova E.A., Novoseletsky V.N. ProBAN: Neural network algorithm for predicting binding
affinity in protein—protein complexes. Proteins. 2024. doi 10.1002/prot.26700

BGRS/SB-2024 459



