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Momusayus u yenw: ViccnenoBanus o pacimmppoBKe CTPYKTYPhI U BBIYUCIUTEIEHOMY
MPEJCKa3aHNUI0 aKTUBHOCTH PETYNISATOPHBIX pAlOHOB T'e€HOMa 3YKapUOT CETrOIHS
pasBUBAIOTCI OCOOCHHO OypHO Oyiarojapsi CHHEPIHMH BBICOKOIPOU3BOAUTEIBHBIX
9KCIIEPUMEHTAIILHBIX METOJIOB M MAaIIMHHOTO oOyueHus. HakamnuBaeTcst Bce Ooubliie
JMAHHBIX MACCOBBIX MapalJICNbHBIX OJKCIEPUMEHTOB C pErmopTepamMu, KOTOpHIC
IMO3BOJIAIIOT OLCHHUTH AKTHBHOCTHL COTCH ThICAY MU OAKC MUIIJIMOHOB PEryJIATOPHBIX
ajieMeHTOB. HeoTheMiteMbIM HUHCTPYMCHTOM JJId pa6OTI)I C TAKUMH JAaHHBIMU SABJISICTCA
MaluHHOe OOydeHue, B OCOOEHHOCTH TIIyOOKHE HEWpOHHBIE ceTh. PaHee MBI
npeIoKuIK - amanramuio  apxutektypsl  EfficientNetV2 [1], wucmonbsyemoii mist
KIaccupuKaud W300paXeHUH, K aHajdu3y HYKJICOTHIHBIX IOCIEI0BATEILHOCTEH.
[Ipennoxennas namu w™oxens LegNet [2] ¢ OompmuMm  OTpeIBOM ToOeamia
KOHKYPHPYIOIIHE peIleHUsS Ha OCHOBE PEKYPPEHTHBIX CeTed M ceTeil Ha OCHOBE
MeXaHU3Ma BHHMaHHs B 3ajjaue MpPEACKa3aHusl dKCIPECCHU PErnopTepHOro Oenka B
KIIETKaX JIPOXKKEH MO TOCIIe0BATEIBHOCTH IIPOMOTOPA.

CerojiHs HaM yJIaJoch aanTUpOBaTh MOJEIb K IUPOKOMY CIIEKTPY TEHOMHBIX 3aJau:
OT MHPpCACKa3aHUsA AKTUBHOCTH PETYyJIATOPHBIX HOC.He]IOBaTe.HBHOCTCI‘/II B Pa3IMYHBIX
THTIAX KJIETOK 4YeJIOBeKa JI0 OIECHKH 3¢ (eKTa OJHOHYKICOTHJHBIX 3aMEH B HUX U
palMOHATIBHOTO  JU3aifHa pEryJATOPHBIX MOCJIEOBATEILHOCTEH C  3aJaHHBIMH
CBOMCTBaMH.

Memoowvl u ancopummot. LegNet — momTHOCThIO KOHBOTIOIMOHHAS HEHPOHHAS CETh JIIS
paboThl ¢ HYKJICOTHUIHBIMH TOCIENOBATENBHOCTSIMU [2], peanu3oBaHHas Ha (pelim-
Bopke pytorch [3]. B xozie 00yueHuss HEHPOHHO# CETH UCIOJIL30BAJICS METO T One-cycle
learning rate schedule [4]. 1515t 0OyueHust HEWPOCETH MCIIONIB30BAIM JaHHBIE U3 PA0OT
[5-7], mnsa xaxmoit W3 3amay apXHTEKTypa aJalTUPOBalach HCXOIsS W3 pa3Mepa
oOyuaroieil BBIOOPKH, MPEACKa3bIBAEMON MEPEMEHHON M pa3Mepa MOCie0BaTeNb-
HocTel. J{JIsi BaTuIaliMy MCIoJIb30Bal JIaHHbIe U3 padot [5—10].

Pesynomamer: LegNet mokaseiBaer SOTA (state-of-the-art) pesymbrarel Ha 3amade
NpeIcKa3aHusl SKCIPECCHH MO PETYJSITOPHON MOCIe0BAaTEIbHOCTH AJSl IPOMOTOPOB
JIPOXOKEH, PEryJISTOPHBIX JIEMEHTOB JIPO30(HIIbI, SJHXaHCEPOB yenoBeka. s peryns-
TOPHBIX pPaliOHOB TEHOMa YeJOBEKa JIOCTUTHYTOE KAueCTBO MOJIENU IPEBOCXOIUT
Enformer [11], npenoOyueHHON Ha OOJIBIIOM KOJHYECTBE JKCIEPUMEHTOB U3 0a3bl
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ENCODE. Mogenu, oOyueHHbIE Ui PETYISATOPHBIX PaiiOHOB T€HOMa YeJIOBEKa,
CIOCOOHBI Mpe/ICcKa3aTh coObITH auienb-crienuduunoctu no nanaeiM ADASTRA [8]
n UDACHA [9]. Takxe MBI BIEpBbIC NPEUIOKWIA U YCICHTHO MPOTECTHPOBAIN
TCHEPATUBHYIO MOJIEeIh HA OCHOBE MU (Y3UH JUIsl TCHEPAIUH TPOMOTOPOB C 3aJaHHBIM
YPOBHEM 3KCIIPECCUH, HE OIPAaHUYHBAsCH PA0OTON C KaTeropualbHBIMHU IEPEMEHHBIMH
[12, 13]. Hakomem, wmbr amanTupoBanu LegNet mis paGorel Ha KOPOTKHX
MOCJEIOBATENIFHOCTSIX M, WCIOJB3Ysl JIAHHBIE BBICOKOMpPOM3BOAUTENbHOTO SELEX,
MoKa3aly TMPUMEHUMOCTh B 3ajJade MpeickasaHus 3PQEeKTOB OJHOHYKICOTHIHBIX
BapUaHTOB, U3MepeHHbIX B akcniepumente SNP-SELEX [10].

Buigoowi: Hamu Obia pazpaboTana HOBasi apXUTEKTypa CBEPTOYHON HEHPOHHON ceTH
LegNet u meToauka ee oOyueHus:, mo3Bossromue AocTurayth SOTA pe3ynbraToB Ha
OOJIBIIIOM CIIEKTpE 3aJau PeryiaToOpHON TeHOMUKH. [IpenokeHHbI MeTO I TPUMEHUM
JUTSL Pa3HBIX JUTHH HYKJICOTHIHBIX MOCIEIOBATEILHOCTEH M Pa3HBIX OPraHU3MOB JUIS
peleHus 3aad MpeacKa3aHusi aKTUBHOCTH PETYISTOPHBIX paliOHOB M s Ju3aiiHa
MOCJIEeI0BAaTENILHOCTE! C 3aJaHHBIMU CBOHCTBAMHU.

Qunarncuposanue: Viccnenosanue ObL10 moanepxkano rpanrom PH® 20-74-10075.
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Motivation and Aim: Synergy of high-throughput experimental methods and machine
learning has substantially driven the recent advances in deciphering the structure and
predicting the activity of eukaryotic gene regulatory regions. The volume of available
data obtained from massively parallel reporter assays is growing fast, and the already
available dataset include activity estimates for hundreds of thousands or even tens of
millions of diverse regulatory elements. Machine learning, in particular, deep neural
networks became an essential tool to properly utilize such large-scale data for modeling
gene regulatory regions. In previous studies, we had shown how to adapt the
EfficientNetV2 architecture [1], originally used for image classification, to be effectively
applicable for the analysis of nucleotide sequences. Our LegNet model [2] outperformed
multiple competing solutions, including those based on recurrent networks and attention-
based networks, in solving the problem of predicting reporter protein expression in yeast
cells solely from the promoter sequence.

Here we show that LegNet is applicable to a wide range of genomic problems from
predicting the activity of regulatory sequences in various human cell types to assessing
the effect of single nucleotide variants and rational design of regulatory sequences with
desired properties.
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Methods and Algorithms: LegNet is a fully convolutional neural network optimized to
handle nucleotide sequences [2] and implemented with PyTorch [3] using the one-cycle
learning rate schedule for training [4]. Data from [5-7] was used for model training for
different tasks, while the architecture was modified to account for varying sizes of the
training set, the target variable, and the lengths of sequences. Data from [5-10] was used
as independent test data.

Results: LegNet demonstrates state-of-the-art (SOTA) results in predicting expression
from the regulatory sequence for yeast promoters, estimating the activity of Drosophila
regulatory elements, and human enhancers. For human gene regulatory regions, the
achieved model performance surpasses Enformer [11], which was pre-trained on a large
number of experiments from the ENCODE database. Further, models trained for
regulatory regions of the human genome are capable of predicting allele-specific events
based on data from ADASTRA [8] and UDACHA [9].

Also, we have proposed and tested a generative diffusion-based model for generating
promoters with a desired level of expression, the first of its kind not limited by handling
categorical variables only [12, 13]. Finally, we have adapted LegNet to shorter sequences
and, with high-throughput SELEX data, demonstrated its capability in recognizing
regulatory single nucleotide variants dected by the SNP-SELEX experiment [10].
Conclusion: We have developed a new convolutional neural network architecture,
LegNet, and a training scheme allowing to achieve SOTA results in a wide range of
machine learning applications in eukaryotic regulatory genomics. The proposed method
is applicable to sequences of different lengths and for different organisms, enabling the
prediction of regulatory region activity and the design of sequences with desired
properties.

Funding: This study was supported by the Russian Science Foundation grant (20-74-
10075 to I.V.K.)
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