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Momusayus u yenv. JJHK-cBszpiBarome 6enku (DBPS) urpatoT ximtoyeByto poiib BO
MHOJKECTBE OMOIIOTMYECKHX TPOIECCOB, TAKMX KakK perviukarms, pemaparws JIHK,
peryisinus TpancKpunuun 1 TpaHcisauus [ 1]. [pubnusurensno 6—7 % reHoB B reHOMax
aykapuotT u 2-5 % B reHomax npokapuoT koaupyror JIHK-cBs3biBaromue oenku [2].
Jnst mzydenust B3aumogeiicteust OenkoB u JIHK HCIONB3yIOT HECKOIBKO AKCHEpH-
MEHTAJIbHBIX METOJOB — IOBEPXHOCTHBIM IUIA3MOHHBIA PE30HAHC, (MIBTPALIMOHHBIN
CBSI3BIBAIOIINI aHANN3, JIEKTPO(QOpeTHUECKHi aHaM3 CABUTA TMOJIBMXKHOCTH [3].
OpHako 3TH TOAXOIbl HMMEIOT CBOM OlPAaHUYCHHs, SBISIOTCS JJIUTEIBHBIMH U
TPYAOEMKHMH, PE3yJbTAaThl IKCIIEPUMEHTOB MOIYT OBITh MCKaXEHBI. JlOCTM)KEHUS B
00J1aCTH BBICOKOTIPOM3BOIUTEIBHBIX METOJIOB CEKBEHHPOBAHMS 3HAYMTEILHO YBEJIH-
YMJIA KOJIMYECTBO FT€HOMHBIX JaHHbIX. OnHako MeHee 1 % u3 6oiee yeM 200 MUJUIHOHOB
oenkoB B UNiProtKB umeroT skcriepuMEHTaIbHO MOATBEPXKICHHBIE aHHOTAIIMH. DTO
MOJYEPKUBAET BAXKHOCTh Pa3padOTKU BEIYUCIUTEIbHBIX METOIOB /1715l aBTOMATHUECKOTO
noucka JIHK-cBs3piBatonux OenkoB (DBP). B mocnemnee Bpems B o0iiacTu
BBIYUCIUTEIbHON OMOJOIMH MOJIYYMIIA PaclpoCTpaHEHHE MPeJoO0yUYeHHbIE S3bIKOBBIC
MoJeNu sl O€JIKOB, MHOTHE M3 KOTOPBIX aHAJOIMYHBI 10 apXUTEKTYpEe S3bIKOBBIM
MOJIEJISIM JJ1si 00pabOTKU eCTeCTBEHHOro si3bika [4]. OHM CITOCOOHBI KOJIUPOBATh TaK
Ha3bIBaeMble TIpe/ICTaBIICHHS Oelika M0 ero aMHHOKUCIOTHOW TMOCIIe0BATEIbHOCTH B
BUJIE BEKTOpa YMCEJ, OTPAXKAIOLIETr0 €ro CBOMCTBAa M (YHKUUH. DTH NPEICTaBICHUS
WCTIONB3YIOTCS JIsl pellleHHs pPa3IUyuHBIX 3ajad: Kiaccuukamuss BTOpUYHOU [5],
TPETUYHOW CTPYKTYpHI OenKa [6], mpeacka3anust GyHKIuHA GepMeHTOB [7].

B Hacrosiee Bpemsi HE CYLIECTBYET OOLICHPUHSITBIX METONOB [UIS IpPEICKa3aHUs
criocooHocTn OenkoB cBs3biBaThess ¢ JIHK. Ilo 3Tolf mpuumHe wHCmoib30BaHUE
Npeno0yvYeHHBIX OENKOBBIX SI3BIKOBBIX MOJENeN JUIs pelIeHUs JTaHHOW 3a1adn
MpeCTaBiIsieT 3HAYMTENbHBIH HaydHbldi WHTepec. Llenmplo Hamedi paboThl Oblia
pa3paboTKa ajxropurTMa Juist Houcka 0eJIkoB, ciocoOHbIX cBsi3biBaThCs ¢ JJHK.

Memoovt u ancopummvr: Jlns ¢GopMupoBaHus 00ydaroIiero Habopa JaHHBIX
WCTIONB30BAINCh AMHWHOKHUCIIOTHBIE MOCIIEIOBATEIbHOCTH OENKOB M3 0a3bl JTaHHBIX
UniProtKB/Swiss-Prot [8]. Kaxxnast 3anmce B 0a3e JaHHBIX BPYYHYIO IPOBEPSETCS U
AHHOTHPYETCS CHEHUAINCTAMH, YTO 00ECIeUYNBAET BBICOKYIO TOYHOCTD JIAHHBIX.
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3amaya noucka DBPS ¢opmynupyercs kak 3ajaya OMHApHOW KIIaCCHU(UKAIUH, TS

MOJIOKUTENBHEIN Kiacc coctapisitoT JIHK-cBs3pIBaromue Oenku, OTpHUIIATEIBHBIN

knacc — JJHK-HecBsI3bIBarone OSiIKm.

Benku moaoKUTEIbHOTO KiIacca BRIOUpaInch U3 SWiss-Prot mo umeroreiics aHHOTaIuu

Gene Ontology “DNA binding”. benku oTpUIiaTeIbHOTO Kilacca TAKXKE BHIOUPATHCH W3

Swiss-Prot, ne umeromue annorammio Gene Ontology “DNA-binding/RNA-binding”.

PHK-cBs3pIBatoniie OenKM HE BKIIOYAINCH B OTPUIATENBHBIA KIACC, MOCKOJIBKY

MHOTME W3 HUX Takxke ces3piBatoTces ¢ JJHK [9]. [ns oGecrnieueHuss yHUKaIbHOCTH

Ha0opa JaHHBIX OBUIM yNAJCHBI WJCHTHYHBIC TOCIICIOBATCIHLHOCTH OeNKOB. benku

(UIBTPOBATUCH TIO MJIMHE AMHHOKHCIOTHBIX TOCIEN0BATEIHFHOCTEH: HCKIIOYAJIICh

Oenku, nmeronue JuMHYy MeHee 50 wim G6onee 1024 aMUHOKHUCIIOT. DTOT HOJIXO0/A OBLI

MPUMEHEH IS YAaJCHHsI TOTCHITUAIBHBIX TETITHAOB M OCIIKOBBIX KOMILICKCOB, a TAKIKE

B CBSI3M C BBIYHCIUTEIFHBIMI OTPAHHYEHISIME SI3BIKOBBIX MOJIENIEH, KOTOPBIE HE MOTYT

paboTaTh ¢ IIWHHBIMU TociienoBaTebHOCTIMU OenmkoB [10]. Kpome Toro, mckimoda-

JIUCh O€JIKM, UMEIOIIME HEOoNpeAcicHHbIe aMUHOKUCIOThI “X”. TecToBbI HabOp

naHHbix PDB2272 Obut B3AT U3 mpeablAyIIero uccieaoBanus [11], oH npeacTaBistoT

c000if aMHHOKHCIIOTHEIE ToclenoBareabHoctu 6enko u3 UniprotKB ¢ nmeromeiics
apHoTtanueii Gene Ontology. [laHHbIe WCIIOAB30BAIMCH IS OLEHKH TOYHOCTH

KJIACCU(HUKAIIMK Pa3pabOTaHHOTO aJIropuTMa.

ANTOPHUTM COCTOUT U3 IBYX KOMIIOHEHT:

1. TIpemoOydeHHas si3bikOBas Mojenb it OenkoB Ankh [12] mis momydenus
NpEACTaBICHUIH OEIKOB MO0 UX aMHHOKHCIIOTHOH MOCIIeIOBATEILHOCTH.

2. Krnaccupukarop Ha OCHOBE TPaAWEHTHOTO OYCTHHTa, TIOCTPOCHHBIH C
ucnonp3oBarremM LightAutoML [13], BbIYHCISONIMI BEPOSTHOCTH CBSI3BIBAHHUS
JIHK G6enkxom.

Pezynomamur: [lns npeAoTBpallleHHsi TOMOJIOTHH MEXAy OOYYaloluM Ha0oOpoM |

TECTOBBIM HA0OPOM MAaHHBIX ObIa BBIIOJNIHEHA KJIACTEPH3AIHS C HCIIOIb30BaHUEM

MMseqs2 [14] ¢ mOporoM WAEHTHYHOCTH aMHHOKHCIOTHBIX ITOCIIEI0BATEIbHOCTEH

6onee yem 50 %. B pesyibrare Oenku u3 00ydaroero Habopa JaHHBIX, IONABIINE B

OJIMH KJIacTep ¢ OelKaMu W3 TeCTOBOTO Habopa, MCKIoYanch. Jns GamaHCHpPOBKH

oOydatomero Habopa JaHHBIX CIyYalHBIM  00pa3oM  BBIOMpanuCh  OenKu

OTPHIIATENIFHOTO Kjlacca B OSKBHUBAICHTHOM COOTHOLICHHH K KOJHYECTBY OENKOB

MOJIOKUTENBHOTO Kitacca. OO0yuaromniuii Habop naHHBIX B utore Bkitouni 31 803 Oenka

MOJIOKUTENBHOTO Kiacca u 31 803 Oenka orpumarensHOro kiacca. MHbopmamus o

00yJaroleM 1 TECTOBOM Habopax JaHHBIX IpeJcTaBiicHa B Ta0uL. 1.

Tabémuma 1. CraTrcTiKa 00yYaronIero U TeCTOBOTO HAOOPOB TaHHBIX

KonuuectBo 0eKkoB

Habop Komuaectro
obmiee MOJIOKHUTEIBHOT | OTPHIATEIBHOTO
JaHHBIX KJIacTepOB
0 KiIacca KJacca
O6y4arommii | 63 606 31803 31 803 28 033

Ha0Op JaHHBIX

PDB2272 2272 1119 1153 2270

Jlmst  OIEHKH TOYHOCTH KJIACCH(HUKAIMK HCIIOJIb30BAIMCh METpUKH: Precision,
Sensitivity, Specificity, Matthews correlation coefficient (MCC). B xone nccnenoBanus

2146 BGRS/SB-2024



TOYHOCTh KJacCU(pHUKAIMK aJrOpUTMa CpPaBHHUBANIACh HA TECTOBOM HAa0OpE AaHHBIX
PDB2272 ¢ cyuiecTByIOIUMHU MeToiaMu (Tad. 2).

Tabéauua 2. CpaBHeHHE pa3padOTAaHHOTO HAMH METO[a C CYIIECTBYIONIIMH Ha TECTOBOM
Habope nanubix (PDB2272)

AnroputM Precision Sensitivity Specificity MCC
PHMMER [15] 0.608 0.805 0.466 0.289
BiCaps-DBP [16] * 0.893 0.707 0.613
Local-DPP [17] * 0.087 0.936 0.456
Ha anroputm 0.816 0.859 0.8 0.661

BTOPBI padOT HE NPEAOCTAaBUIM 3HAYEHUS COOTBETCTBYIOIUX METPUK.
*A 0 y

Bvigoovi: B 3TOM WCCIeOBaHUM TPEICTABICH HOBBIA METOA HCIOJIb30BAHHUS
MpenoOyUYEeHHBIX S3bIKOBBIX Mojened st OenkoB st uiaeHTudukarmu JHK-
CBSI3BIBAIOINIUX OCJIKOB, PACIIUPSIONIMA TPUMEHEHUE TEXHOJIOTHI MAIIMHHOTO 00yue-
HUS B MOJICKYJIIPHOM OMOJOTHU. ANTOPUTM MOKA3bIBAET BHICOKYIO 3P PEKTUBHOCTH 110
CPaBHEHHMIO C CYNIECTBYIOIIUMHM METOJAMHU, 3HAYUTEIHHO YCKOPSS W YJCHICBIISS
nponecc uneHtudukammu JHK-cBs3piBatommx OenkoB. DTo crnocoOCTByeT Ooee
OBICTPOMY W TOYHOMY MMOHUMAHHIO WX (DYHKIUH, C TOTCHIUATLHBIM MPUMEHEHHEM B
MEIUIMHCKUX ¥ OMOTEXHOIOTHYECKUX MCCIIETOBAHMIX.
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Motivation and Aim: DNA-binding proteins (DBPs) play a crucial role in numerous
biological processes such as DNA replication, repair, transcriptional regulation, and
translation [1]. Approximately 6—7 % of genes in eukaryotic genomes and 2-5 % in
prokaryotic genomes encode DNA-binding proteins (DBPSs) [2]. Several experimental
methods are employed to study protein-DNA interactions, including surface plasmon
resonance, filter binding assays, and electrophoretic mobility shift assays [3]. However,
these approaches have limitations, are time-consuming and labor-intensive, and
experimental results may be biased. Advances in high-throughput sequencing methods
have significantly increased the amount of genomic data available. Nevertheless, less
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than 1 % of the over 200 million proteins in UniProtKB have experimentally validated
annotations. This underscores the importance of developing computational methods for
the automatic identification of DNA-binding proteins (DBPs). Recently, pretrained
protein language models have become popular in computational biology, many of which
are analogous in architecture to natural language processing models [4]. These models
can encode protein representations from their amino acid sequences into vector forms
reflecting their properties and functions. These representations are used for various tasks,
such as the classification of secondary [5] and tertiary protein structures [6], and the
prediction of enzyme functions [7].
Currently, no standardized methods exist for predicting the DNA-binding capability of
proteins. For this reason, utilizing pretrained protein language models for this task
presents significant scientific interest. The aim of this study was to develop an algorithm
for identifying proteins capable of binding DNA.
Methods and Algorithms: Amino acid sequences of proteins from the UniProtKB/Swiss-
Prot database [8] were used to form the training dataset. Each entry in the database is
manually curated and annotated by experts, ensuring high data accuracy. The task of
identifying DBPs is formulated as a binary classification problem, where the positive
class comprises DNA-binding proteins and the negative class comprises non-DNA-
binding proteins.
Proteins in the positive class were selected from Swiss-Prot based on the existing Gene
Ontology annotation “DNA binding.” Proteins in the negative class were also selected
from Swiss-Prot, excluding those with the Gene Ontology annotation “DNA-
binding/RNA-binding.” RNA-binding proteins were not included in the negative class,
as many of them also bind to DNA [9]. To ensure dataset uniqueness, identical protein
sequences were removed. Proteins were filtered by the length of their amino acid
sequences, excluding those shorter than 50 or longer than 1,024 amino acids. This
approach was applied to remove potential peptides and protein complexes and due to
computational limitations of language models, which cannot process long protein
sequences [10]. Additionally, proteins with undefined amino acids “X” were excluded.
The test dataset PDB2272 was taken from a previous study [11] and consists of amino
acid sequences of proteins from UniProtKB with existing Gene Ontology annotations.
The data were used to assess the classification accuracy of the developed algorithm.
The algorithm comprises two components:
1. A pretrained protein language model, Ankh [12], to obtain protein
representations from their amino acid sequences.
2. A gradient boosting-based classifier built using LightAutoML [13], which
calculates the probability of a protein binding to DNA.
The algorithm consists of two components:
1. A pre-trained protein language model, Ankh [12], to extract features from the
amino acid sequences.
2. A gradient boosting classifier, built using LightAutoML [13], to predict the
probability of a protein being DNA-binding.
Results: To avoid homology between the training and test datasets, clustering was
performed using MMseqs2 [14] with an amino acid sequence identity threshold of over
50 %. As a result, proteins from the training dataset that clustered with proteins from the
test dataset were excluded. To balance the training dataset, proteins from the negative
class were randomly selected in a ratio equivalent to the number of proteins in the
positive class. The final training dataset included 31,803 proteins in the positive class
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and 31,803 proteins in the negative class. Information about the training and test datasets
is presented in Table 1.

Table 1. Statistics of the training and test datasets

Dataset Number of Number of Number of Number of
Proteins Positive Class Negative Class Clusters
Proteins Proteins
Training 63,606 31,803 31,803 28,033
dataset
PDB2272 2,272 1,119 1,153 2,270

Metrics such as Precision, Sensitivity, Specificity, and Matthews correlation coefficient
(MCC) were used to evaluate classification accuracy. During the study, the classification
accuracy of the algorithm was compared with existing methods on the PDB2272 test
dataset (Table 2).

Table 2. Comparison with existing methods on an independent test set (PDB2272)

Algorithm Precision Sensitivity Specificity MCC
PHMMER 0.608 0.805 0.466 0.289
[15]

BiCaps-DBP [16] * 0.893 0.707 0.613
Local-DPP [17] * 0.087 0.936 0.045
Our Algorithm 0.816 0.859 0.800 0.661

*The authors did not provide values for corresponding metrics.

Conclusion: This study introduces a novel method using pretrained protein language
models to identify DNA-binding proteins, extending machine learning applications in
molecular biology. The algorithm shows high efficiency compared to existing methods,
significantly accelerating and reducing the cost of identifying DNA-binding proteins.
This contributes to a faster and more accurate understanding of their functions, with
potential applications in medical and biotechnological research.
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