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Momusayus u yenv: llpenckazanme CTpyKTypel Oeidka 10 aMHHOKHCIOTHOU
MOCJIE0OBATEIbHOCTH SIBJISICTCS OOHOM K3 ILEHTPAIbHBIX 3aJad  MOJEKYJISIPHON
Ouonormu u Ouopusuku. HecMoTps Ha BbIJAMOIIMECS JOCTHXKCHUS METOOB
MarmuHHOTo 0o0yueHust (AlphaFold [1], ESMFold [2]), kauecTBo mpeacka3zaHUs
CTPYKTYPHI O€JIKOB, 17151 KOTOPBIX JaHHBIE O CTPYKTYPE TOMOJIOTOB OTCYTCTBYIOT B 0a3ax
JAHHBIX, MO-TIPEKHEMY YacTO OCTAaeTCsi HU3KMM. boliee Toro, 10 cux MOp HET oOIIe-
NPU3HAHHOTO TPEJCTABICHUS JIOKAJIbHOW CTPYKTYphl [3—7]. MBI pa3BuBaeM oOImIHe
MPUHIUIEL (POPMHUPOBAHUS CTPYKTYPHBIX andaButoB (CA) B 3aBHCHMOCTH OT Kilacca
3afay, Ui KoTopeix 3T CA OynyT MCHONb30BaThCs. Pe3ynbraToM mpuMeHEeHHs 3THUX
MIPUHIIMIIOB JTOJIKHO OBIThH co3fanue ob1iero anroputMa Gopmupopanus Takux CA.

Memoowt u aneopummut. Yucio CTpYKTYPHBIX KJIACCOB JOIKHO OBITh JOCTATOYHBIM IS
aZIeKBaTHOI'O TNPEACTAaBICHUA XOJAa TJaBHOM uenu. bonee anuHHBIE (parMeHTHI
TpeOyIOT OOJIBIIErO YHCHA CTPYKTYPHBIX KIAcCOB JUIS MPEJCTaBICHUS MHOTOOOpa3ust
BO3MOXHBIX KOH(opManuii OenkoBoii nienu. KirtoueBbIM mapaMeTpoM, OnpeaesiFoIiM
BBIOOP CTPYKTYPHBIX 3JIEMEHTOB, SIBIISIETCS MEpa pasyinuus (METpuka) Mekay HUMU. B
Hamieil padore [8] mbI BeiOpaiu RMSD [9] u cTporo 060cHOBaIM MUHUMATBHOE YHCIIO
CTPYKTYPHBIX DJIEMEHTOB 33/IaHHOH JUIMHBI, HEOOXOJUMBIX JUIS B3AUMHO OJTHO3HAYHOTO
COOTBETCTBHSI MEXIYy KOOPAMHATAMHU TJIABHOM LIETIM M NPEACTaBICHHEM JIOKaIbHOU
CTPYKTYpBbI, CO3[IaHHBIM Ha 3THX CTPYKTYPHBIX 3iieMeHTax. B [8] mpuBenen anroputw,
TTO3BOJISIONINN OJTHO3HAYHO BOCCTAaHOBUTH 3D KOOpaMHATHI TIO JIOKATEHON CTPYKTYPE.
CrnenoBarenbHo, ais 000 KoHpopmanuu (parmeHTa IJIaBHOW Lenu HO Habopy
paccrosauit RMSD 1o Ka)kaoro u3 CTpyKTYypHBIX 3JIEMEHTOB MOXKHO BOCCTAHOBHUTD €TO
3D koopauHathl. Takum 00pa3oM, Mbl Pa3a0KUJIM MHOTOMEPHYIO 3a1auy
NpeACKa3aHusi CTPYKTYPbI 0eJIKa HA HeCKOJIbKO (110 YHCIly CTPYKTYPHBIX KJIACCOB)
OTIeNbHBIX OJHOMepHBIX 3anad. Kakgas Takas 3ajaya HampaBiieHa Ha
KOJINYECTBEHHYIO OIIGHKY B3aMMOCBS3M MEXJY IIOCIEI0BATEIBHOCTRIO OelKa,
CTaTUCTHKON €ro CTPYKTYpHBIX KOH(MopMmanui U (pHU3NKO-XUMUYECKHUMHU CBOWCTBAMH
COCTaBIJISIIONIMX O€JIOK aMHUHOKHMCIIOT. Jlsi pemieHus] Takux 3a4ad Mbl HPUMCEHSIIH
MOMIATOBBIA perpeccoHHblil aHanu3 [10], KOTOpbI TO3BOJISET MPOM3BECTH OTOOP
CTaTUCTHYECKH 3HAYMMBIX MPEMKTOPOB M3 OOJIBIIOro epBuaHOro Habopa. [Iporeaypa
BbIOOpa 3HAYMMBIX TPEAUKTOPOB MO3BOJISIET MPOBEPATH MPEANONONKECHUS O (HUIUKO-

512 BGRS/SB-2024



XMMUYECKUX TapaMeTpax, ONpelelsiomnX CTPYKTypy Oenka (PpHU3MKO-XUMHUYECKHE

CBOMCTBA aMHHOKHUCIOT (>550) coOpanbl B 6a3e nanubix AAindex [11]). st reneparmn

[IPEIUKTOPOB HaMU MPeUIoKEeHa METOANKa (DOPMUPOBAHUS M ONTUMHU3ALKUN HaOOPOB

CTaTUCTUYECKH 3HAUYMMBbIX IIPEIUKTOPOB 1JIsl [TOCIIEIYIOLIETO UCIIOIb30BaHMU B 3a1a4ax

npe/iCKa3aHus CTPYKTYPbI U pyHKIHUI OeKka MeToJaMi MalllMHHOTO 00y4enust [12].

BoccraHoBieHue IeKapTOBBIX KOOPAMHAT IO MPEACKA3aHHOHN JIOKAJbHOU CTPYKTYpE,

omucanHoe B [8], Ha mpakTHKe HE pabOTaeT BBUIY OBICTPOrO HAKOIUICHHS ONIMOOK

npeznckazanus npu coopke 3D CTPYKTyphl U3 OTAEIBHO MpPEACKa3aHHBIX (YParMEeHTOB.

[ ncnosp30BaHus IOKATbHOM CTPYKTYPBI IPH COOPKE MPOCTPAHCTBEHHON CTPYKTYPHI

BCEi OEIKOBOM IEeTH MBI Tpe/jiaracM HOBBIM ITOIXO:

1. TlpenckasanHasi JOKajdbHAs CTPYKTYpa 3allMCHIBAETCS KaK CHMBOJBHAs MOCIEAO-
BarenbHOCTh. Hanpumep, s PB [6] monyuaercs CA u3 16 cuMBOJIOB.

2. Jlnsa oOy4aronieii BEIOOPKH MpeJicKa3aHHbIe CHMBOJIBHBIC TIocieaoBaTebHOCTH CA,
OYEBHIHO, OJHO3HAYHO BBIPABHUBAIOTCS C CHMBOJIBHBIMHU IIOCJIEAOBATEIbHOCTAMH,
NOJY4YEHHBIMH M3 pealibHBIX TPEXMEPHBIX KOOPAUHAT 06€3 BCTABOK U AeJenril. DTo
H03BOJISIET €Oo37aTh 1o anroputMmy [13] marpuiyy 3amen (substitution matrix),
KOTOpast He0OX0MUMa JIJIsi IPUMEHEHHUSI IPOrpaMM BhIpaBHUBaHus [14].

3. Tlpu nmomMomy mporpaMm BEIpaBHUBAHUS IPOBOIUTCS CKAHWPOBaHHUE OaHKa JaHHBIX
PDB [15] mist moucka «roMoJoru4Hbix» B cMbicie CA y4acTKOB. 3aTeM M3 TaKUX
YYaCTKOB C M3BECTHOM TPEXMEPHOH CTPYKTYpPOM CO3[Aal0TCAd HadajbHBIC
MPUOJIMKEHUS U METOIOB MOJICKYJISIPHON IWHAMHMKH M MEXaHUKH.

Pesynomamer: B Hameit pabore [16] Mbl mprUMeHUITH HEHPOHHBIE CETH MHOXKECTBEHHOM

perpeccun (multiple regression NN) mis npenckasaHusi JOKaIbHOH M BTOPHYHON

cTpykTyp Oenka. Ham meron mpeB3olien Bce METObI, OIMCAHHBIC B JIUTEpaType, s

KJIACCHMYECKOro Habopa HEroMoJIOTHuHbIX OenkoBbix weneit CBS513  [17]: s

BropuuHoi cTpykTypbl DSSP [7] Q3 = 85.99 %, Q8 = 79.35 %; nus 16 PB [6] Ha

BeiOOpke CB513 Q16 = 81.01 % [16]. danee, mis PB ¢ ucnonb30BaHHEeM MONTYyYSHHON

B [16] mpexackasarenbHON Mojaenu OBUIM BBINONHEHBI MPEIACKa3aHHs JIOKAIbHBIX

CTPYKTYyp oOydaromieid BBIOOpKH, mociie IpeoOpa3oBanuss KoTopeix B CA Obuia

MOCTPOEHA MaTpulia 3aMEH W ONTHMH3UPOBAaHA NPOLEAYpPa BBIPABHUBAHUS METOJIOM

Smith—-Waterman u3 makera FASTA [14].

B mensx pasButus Hameld METOAUKHM OBUI TPOBENEH pPACIIUPEHHBIH IMOHMCK

ONTUMAJILHBIX CTPYKTYPHBIX aj(aBUTOB U AJIUH (ParMEHTOB, PE3YJIbTATOM YEro CTal

CA, coctosamuii n3 50 CTpyKTypHBIX 3JIEMEHTOB JTMHON 7 aMHUHOKHCIIOTHBIX OCTAaTKOB.

Jliss 3TOTO CTPYKTYpHOTO aindaBuTa OBUIM BBIMOJHEHBI BCE ATallbl UCCIIE/IOBAHUS,

BKIIfO4ass OOydeHHe HEHpPOHHBIX CeTel H CO3AaHhe AaHAIOTUYHOW MPOIEyPhI

BbIpaBHUBAHUSI.

Buioow: [Ipouenypa BBIPaBHUBAHUS MPEeICKa3aHHbIX CHUMBOJIBHBIX

nocienoBatensHocTeld CA 1o 6a3e CHMBOIIBHBIX TOCIIEI0BATEIBHOCTEH, TOTY9YEeHHBIX

U3 peaNbHBIX TpPEeXMEpHbIX KoopauHaT u3 PDB 0anka, He 3aBUCHT OT HaIW4MA

TOMOJIOTOB B OOIICHPUHITOM CMBICIIE 3TOr0 TEPMHHA, MOCKOJBKY HAIl ajJrOpUTM

npefcKa3aHus HE HUCIONb3yeT WHPOPMAIUMI0 O HaJWMYUM TOMOJIOTHH IO

AMUHOKHUCIIOTHOW TIOCIIEIOBATEILHOCTH, a 0Oa3upyercss Ha (U3UKO-XHMMHUYECKUX

CBOWCTBaX AMUHOKHCIOT M CTaTHCTHKE BCTPEYaEMOCTH CTPYKTYPHBIX 3JIEMEHTOB.

CrtpykrypHbIe andaBuThl, UCTIONB3yOMuUe MeTpuKy RMSD, myuime (cormacHo HameMy

MpeIBapUTENLHOMY aHalu3y), YeM INHPOKo u3BecTHhle PB [6], ommceiBaroT x07

OeJIKOBOM LenH MPH AJTMHE CTPYKTYPHBIX 3JIEMEHTOB OT 5 10 11 0cTaTKOB ¥ IO3BOJISIOT
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B WUTOTE TOJY4YUTh OOJiee ajcKBaTHBIC HAYalbHBIC MPUOIKCHHS U1 JTaTbHEHIIETO
KCIIOJIb30BAHUSI METOJI0B MOJICKYJISIPHON JTUHAMUKH.

QuHancuposanue’ ViccnegoBanue nojiepxano rpantoM Poccuiickoro Haydroro hoHma
PH® (Ne 24-24-00493).
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Motivation and Objective: Protein structure prediction from sequence stands as a central
task in molecular biology and biophysics. Despite remarkable advancements in machine
learning methods (such as AlphaFold [1] and ESMFold [2]), the quality of protein
structure prediction remains often low for proteins lacking structural homolog data in
databases. Moreover, a universally accepted representation of local structure is still
absent [3-7]. Here we develop general principles for constructing such representations,
further referred to as Structural Alphabets (SAs), and tailoring them to specific tasks at
hand.

Methods and Algorithms: The number of structural classes should be sufficient to
adequately represent any protein backbone: namely, it should be possible to reconstruct
the Cartesian coordinates of the backbone from its SA representation. A key parameter
determining the selection of structural elements is the measure of dissimilarity (metric)
between them. In [8], we have chosen RMSD [9] and rigorously justified the minimum
number of structural elements of a given length necessary for a one-to-one
correspondence between the backbone coordinates and the representation of local
structure created from these structural elements. Further, we presented an algorithm to
reconstruct the Cartesian coordinates from the SA representation.

Thus, we decomposed a highly complex problem of protein structure prediction into
several one-dimensional problems, each corresponding to a single structural class. Each
one-dimensional problem is aimed at quantitatively assessing the relationship between
the protein sequence, the statistics of its structural conformations (dependent on the
training data), and the physicochemical properties of the constituent amino acids
(independent of the training data). To address these tasks, we employed stepwise
regression analysis [10], which enables the selection of statistically significant predictors
from a large initial set. The procedure for selecting significant predictors allows for
testing suggestions about the physicochemical parameters that determine protein
structure (physicochemical properties of amino acids (>550) are assembled in the
AAindex database [11]), and thus increases interpretability of the method. We have
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further proposed a methodology for generating and optimizing sets of statistically
significant predictors for subsequent use in protein structure and function prediction
[12]. Same as the exact SA classes, the predicted structural class assignments can be
used to reconstruct the Cartesian coordinates of the backbone [8]. However, it is hindered
by rapidly accumulating prediction error. To mitigate this, we propose a new approach:
First, we represent a protein sequence in terms of its predicted SA assignment classes
for each amino acid, which gives rise to a new symbolic sequence (for instance, Protein
Blocks proposed in [6] give rise to a 16-symbol alphabet, and the structural class
assignment corresponds to a fragment centered at the corresponding amino acid in the
protein). Second, for the proposed symbolic representations, we perform a sequence
alignment against symbolic representations of a large pool of proteins with known
structures (for details see [13, 14]). While the alignment algorithms use symbolic
sequences, there is structural information behind each of the SA symbols. This way, we
identify structural homology between the query structure and the structures in the PDB
[15], and use it to construct a “first 3D approximation” that serves as a starting point for
molecular dynamics algorithms.

Results: We developed a method for local protein structure prediction using SAs, and
evaluated it for the secondary structure prediction, DSSP Q8 class prediction and the 16-
class Protein Block class prediction tasks using the CB513 data set [6, 7, 17]. In all tasks,
it outperformed the existing methods showing the following results: Q3 = 85.99 %,
Q8 =79.35 %; Protein Blocks based Q16 = 81.01 % [16]. Further, we applied the
16 class Protein Blocks alphabet to fine-tune the alignment methods: namely, we used
the true and predicted SA class assignments for the training set proteins to construct a
substitution matrix for the aligner.

As another branch of this research, we aimed to identify an optimal set of SA classes and
an optimal length of the corresponding peptides which resulted in a SA consisting of
50 structural elements with a length of 7 amino acids. For this structural alphabet, all
stages of research were performed, including training the neural networks and creating
a similar alignment procedure.

Conclusion: The proposed SA-based alignment procedure, as well as the local structure
prediction algorithm, does not rely on the existence of sequence homologs in terms of
the amino acid sequence. Instead, it relies on structural homologs, or homologs in terms
of the SA-assigned sequence, which allows for structural prediction for proteins with no
existing sequence homologs among the resolved structures — a protein class poorly
covered even by the best available methods. For the query protein, it would be the
predicted SA classes, and for the reference structures these are the true SA class
assignments. Moreover, our method for the SA class prediction does not rely on amino
acid sequence homology either but is based on physicochemical properties of amino
acids and the occurrence statistics of the structural elements in the PDB. Using RMSD
as a measure of dissimilarity, we observed that optimal length of a basic structural
fragment to best describe the trajectory of the protein backbone is between 5 and 11. It
ultimately provides a more adequate initial approximations for further application of
molecular dynamics methods.

Funding: This research was supported by the Russian Science Foundation grant
(No. 24-24-00493).
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