doi 10.18699/bgrs2024-9.5-01

Ili1annpoBaHue IKCIIEPUMEHTA B 00JIaCTH TPEXMEPHOI nme4yaTu
onocoBMecTUMBIX cKa(Q}o0110B ¢ IOMOIIBLIO MO/IeTH
AKTHBHOI0 MAIIIUHHOT0 00y4YeHUs!

Bopkosckas E.B.1*, Bununcku-Masyp K.A.2, Konomenckuii JI.C.2, Kupumios B.A.% 3
! Mockoeckuii pusuro-mexnonoeuueckuti uncmunitym, JJonzonpyouwiii, Poccus

2 [lenmp mexnonoauti mamepuanos, CKoOIKOSCKUti uncmumym Hayku u mexrorozuti, Mockea, Poccus

3 Lenmp 6b1cOKOMOUHO20 PEOAKMUPOBAHUSA U 2EHEMULECKUX MEXHOA02ULE O GuoMeduyunbsl, Uncmumym
buonozuu 2ena Poccutickoti akademuu nayk, Mockea, Poccus

* horkovskaia.ev@phystech.edu

KiaueBnle cioBa: akTHBHOEC OOy4eHHe;, MamuHHOe oOyuenue; 3D-Ouomedath; OHOCOBMECTHUMEIC
ckadGosl

Momusayus u yeav: TeXHOIOTUU TPEXMEPHOI OMONEUATH CTPEMHUTEIBLHO PAa3BUBAIOTCS,
MPEOCTaBIssl HOBBIE BO3MOXKHOCTH JJISl PETeHEPaTHBHON MEIUIMHBI M TKaHEBOU
nmkenepun [1]. Kpome Toro, TpexmepHsie OMOMOIENH, CO3JaHHBIE B Ja00OpaTOPHBIX
YCIIOBUSIX, CTAHOBATCS BaKHBIM HHCTPYMEHTOM [UIi H3YyYEHHS MEXaHU3MOB
3a00J€BaHUl M TECTUPOBAHMS HOBBIX JIGKAPCTBEHHBIX CPEACTB B YCJOBHUSX,
MaKCHMaJbHO TPHUONIKEHHBIX K ecTecTBeHHBIM [2]. OCHOBHO# mpobiemoil mpu
CO31aHMH OMOCOBMECTUMBIX CKa(hongoB, KOMIIO3UTHBIX IOPUCTHIX CTPYKTYp H3
THpOreNis, 3aceisieMbIX KJIETKaMH, OCTAaeTCs ONTHUMH3AIMs IapaMeTpoB IeYaTH.
[IpuMeHeHne METOOB AaKTHBHOIO MAIIMHHOTO OOYYEHUS MOXKET 3HAYUTEIbHO
COKpaTHTh YHCJIO IKCIEPUMEHTAJbHBIX WTepauuid A JOCTHKEHUS HEOO0XOIUMBIX
KauecTBa M 3PPEKTUBHOCTH TICUATH.

Memoowt u aneopummur: JIns ONTUMHU3AUKN TTapaMeTPOB IKCTpy3uoHHOU 3D-mevatn
O6rocoBMecTUMBIX ckadoiIoB pazpaboTaHa MOIETh AKTUBHOTO MAIIMHHOTO O0yYEeHHS
[3]. Mopnens BbiOupaeT Hambosee MHGOPMATUBHBIE 3KCIIEPUMEHTHI Ul yIyUIICHHS
KayecTBa MeYaTh Ha OCHOBE CBOEH COOCTBEHHOMW OLIEHKH YBEPEHHOCTH MpecKa3aHus,
MI0CJIe Yero mapameTpsl IeYaTH, TAKWe KaKk TeMIlepaTypa IIIpula, CKOPOCTh MeYaTu U
COCTaB TUIPOTEIsl, BAPbUPYIOTCS B COOTBETCTBUH C PEKOMEHAALMSIMH MOJEIH.
Peszynomamer: llpuMenenue pa3paboTaHHOM MOJIEIM AKTUBHOTO MAIlIMHHOTO 00Y4eHUs
MO3BOJIMJIO YIYYIIUTh KauecTBO OMOCOBMECTHUMBIX CKa(p@OII0OB, COKPATHB MPH 3TOM
KOJINYECTBO HEOOXOAMMBIX SKCIIEPUMEHTAIBHBIX HTEpaLni.

Bvigoowi: Ucmonb3oBaHue aKTHBHOIO MAIIMHHOTO OOYYEHUS Ui TUIAHUPOBAHUS
sKcniepuMeHToB B 3D-0nornevary mo3BoiseT CynecTBEHHO MOBBICHTH d((EKTUBHOCTh
npoliecca ¥ KauecTBo noinydaeMbix ckaddonnos. [Ipemnaraemelii moaxon cnocoocTByeT
Oosiee OBICTPOMY M TOYHOMY NO0OPY MapaMeTpoB MevaTH. Pe3ynbpraTe! uccae10BaHus
MOTYT OBITh MCIOJNB30BaHbI ISl pa3pabOTKU U BHEIPEHUS WHIUBHYaTH3UPOBAHHBIX
penieHnid B OMOMEANIIMHCKUX UCCIIEIOBAHUAX U KIMHUYECKON IPaKTHKE.
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Motivation and aim: Technologies of 3D bioprinting currently in rapid development
provide new opportunities for regenerative medicine and tissue engineering [1].
Moreover, lab-made three-dimensional biomodels have become an important tool for
studying disease dynamics and testing of new remedies in environments that closely
resemble natural ones [2]. However, the need for search of optimal printing parameters
remains main challenge in creation of biocompatible scaffolds — composite porous
structures made of hydrogel and infused with cells. Application of active machine
learning methods [3] allows to reduce the number of experimental iterations needed for
achieving required quality and effectiveness of bioprinting.

Methods and algorithms: We develop a model based on active machine learning [3] for
optimization of parameters for printing biocompatible scaffolds with extrusion 3D
bioprinter. The model selects the most informative experiments for improvement of
printing quality based on its internal estimation of prediction confidence. After that we
change the printing parameters, such as syringe temperature, printing speed and hydrogel
composition during the experiment based on the recommendations given by the model.
Results: Application of the active learning-based model allows to improve the quality of
biocompatible scaffolds while reducing the number of required experimental iterations.
Conclusions: Application of active machine learning for experimental planning in 3D
bioprinting allows to significantly improve the effectiveness of printing and quality of
the resulting scaffolds. This approach speeds up parameter selection for accurate
printing. The results of the current research may be applied towards development of
individualized biomedical solutions and their translation into clinical practice.
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