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BBenenne

N3yueHne GMOTOrUIECKUX CUCTEM C TOMOIIBI0 METOIOB KOMITBIOTEPHOTO aHAJIH-
3a 1 MOJIETUPOBAHUS TPUOOPETAET BCe OOJBIIIYIO MOIMYISIPHOCTD B CBSI3U C Pa3BUTHEM
BBIYMCJIUTEIBHBIX METO/IOB M TIEPCIIEKTUBHOCTBIO TAKMX TIOJIXO/IOB VISl TIOJTyYESHUST
HOBO# MH(OPMAIIMKU O CHCTEMaX, B TOM YHCJIe U KJIeTOYHBIX.

HHTepec K KOMITBIOTEPHOMY aHAJIN3y MUKPOCKOIUYECKUX M300pakKeHUil Kiie-
TOK ¥ MOJIEJTUPOBAHUIO KJIETOYHBIX CHCTEM Halllesl OTPaKeHHe B MHOTOUYHCIICHHBIX
UCCJIeIOBAaHUSIX POCCUACKMX U 3apyOekHBIX aBTOpOB. B nmaHHOI pabote pa3obpa-
HBI CTaTbU U MOHOTpauu, MOCBSAIIEHHbIE KOMITLIOTEPHOMY aHaIM3y U300pakeHuUH,
B TOM 4YKCJIe U OMOJIOTMUECKOTO MPOUCXOXkieHUsA. OCHOBHBIM OOBEKTOM U3YUYCHUS
9TOIl pabOTHI SABJSIOTCS HEMOCPEICTBEHHO MUKPOTPYOOUYKOBBIE BHYTPUKJICTOUYHBIC
cucteMbl. B paboTe paccMOTpeHsl McciieJOBaHWs TUHAMUKYA MHKPOTPYOOUEK U MX
CUCTEM M CaMOOPTraHU3alluu MUKPOTPyOOUYeK. MHOTHe acrieKThl STUX TeM He ObLIH
popadOTaHbl B JOCTATOYHO!N CTETIEHU B MPEIbIAYIINX UCCIIEAOBAHUAX U MOJJIekKAT
U3yYEHHIO, B TOM YHUCJIe, METOJIaMH M TTOJXOJaMH, TIPe/ICTaBJIEHHBIMU B 3TO pado-
Te. OT/IeNIbHO CTOUTh OTMETUTH BCe OOJIBIINIA MHTEpEC UcCclieoBaTesiell K METOIaM,
OCHOBAHHBIM Ha MIPUMEHEHUU TTyOOKHMX HEHPOHHBIX ceTell (IyOOKOM o0ydeHHn) K
aHaIM3y U300pakeHNi, KOTOPbIE TaKKe UCTIONB3YIOTCS B JaHHOM padoTe.

Ieabro naHHOM pabOTHI SABJISETCS UCCIIEAOBAHNE MUKPOTPYOOUKOBBIX CTPYKTYP,
MX T€OMETPHH, JUHAMUKH U MPOIIECCOB CAMOOPTaHU3AIIMK ¥ BBISIBIICHHE KITIOUEBBIX
(bakTOPOB, BIMSIONINX HA TaKue CTPYKTYphl. B paboTe mccinenoBamuch crieayomme

ACIIEKThI JAaHHOU TEMBI:

* AHau3 paguaIbHOCTH MUKPOTPYOOUKOBBIX CETEH C MOMOIIBI0O METO/IOB aHa-

JIM3a U300paKEHUIA.

* MoaennpoBaHue JUHAMUKU MUKPOTPYOOUYKOBBIX CETEHl B KJIETKE MPOU3BOJIb-

HOW FeOMETPUH.

* MopenpoBaHue JUHAMUKH COOPKM MHUKPOTPYOOUKOBBIX OHWOIOJUMEPOB in

vitro.



JI1st TOCTHKEHU S TTOCTABJICHHBIX 11eJIell HeOOXOANMMO ObLIO PEIIUTh CJIETYy0IUe

3aJa4u:

1. Cobpats HaOOp JaHHBIX [JIs1 OOyUYeHHSs [TyOOKOW HEMPOHHOM CeTH IJisl Kiac-

cudukamy n300paxkeHNt MUKPOTPYOOUKOBBIX CETE.

2. OOyuuTh HEWPOHHBIE CETU PA3JIMUHBIX APXUTEKTYpP Ha IMOJy4eHHOM Habope

HaHHBIX C IIPUMCHCHUEM PA3JIMIHbIX MCTOJOB AayI'MCHTAIINN JAHHbIX.

3. Cosznate mporpaMmy, peayiM3ylomlyio MOAe/b JUHAMUKU MUKPOTPYOOUKOBOIA

CETH B KJIETKE CJIOXKHOM IrC¢OMCTpPHU.

4. TlpoBecTr 3KCNEPUMEHTHI in Silico ¢ KJIETKAMU PAa3JUYHbIX T'€OMETpPUI IS

M3yYeHUs BIUSIHUS KIETOUYHON TeéOMEeTPUH Ha MUKPOTPYOOUKOBbIE CETH.

5. Pazpaborath Moaeb caMOOpraHW3allMKd KJIETOYHOW CETH B KBa3WTpPEXMep-
HOM TIIPOCTPAHCTBE, BKJIIOYAIOIIYIO (pU3MIECKU TOCTOBEPHbIE MUKPOTPYOOUKH

B BSI3KOI cpeJie 1 MOTOPHbIE OEJKU.

6. BocripousBecTn Bce HaOMIOLAEMbIE in Vitro CTPYKTYPbl MUKPOTPYOOUKOBBIX

CETEN.
B pe3yabTaThl padoThl OBLIO C/1€JIaHO0 CJeayIoIee:

1. Bl mpoBefeH aHau3 KJETOUYHBIX M300paXeHWd U KiaaccuguKaims TaKUX
n300pakeHni C TIOMOIIbI0 KJIACTEPHON XapaKTEPUCTUKU U CBEPTOYHBIX HEH-

POHHBIX CETEMN.

2. Bbuia pa3paboTaHa MoJieJb KJIETOUYHOIO MPOCTPAHCTBA, BKIIIOYAIOIEr0 MUKPO-
TpyOOUKOBbIE CETH, MMO3BOJISAIONIAS] BOCIIPOU3BOIUTH CIOKHBIE (P PEKTDI, CBSI-

3aHHBIE C TEOMETPUEN KIIETKMU.

3. Beuta pazpaboraHa Mojesib CaMOOpPraHU3aIlui KIETOYHON CeTU B KBa3UTpeX-
MEPHOM MPOCTpaHCTBe. bbun BoCTIpon3Be1eHbl OCHOBHBIE THITBI HAOTIOTaeMBbIX

CTPYKTYP CaMOOPIraHU3alMK KJIETOYHbIX MUKPOTPYOOUEK.



OcHoBHBIE INOJIOZKE€HUA, BbIHOCUMbIC HA 3aIIIUTY:

1. Ananu3 paguaibHOCTH MUKPOTPYOOUKOBBIX CETEHl MOXKET JaBaTh MOHUMAaHUE
[apaMeTPOB KJIETOYHBIX MPOLECCOB. Takoi aHaM3 BO3MOXKEH KakK C IOMO-
MIbI0 KJIACCUUECKUX METO/IOB aHaIn3a U300pakeHHid, OCHOBAaHHBIX Ha M3y4Ye-
HUY CTATUCTUYECKUX 3aBUCUMOCTEN MEXKAY YPOBHAMU (PTyOPECUEHIINH Y4aCT-
KOB M300paXe€Husl, TaK U C TIOMOIIIbIO TTyOOKUX HEUPOHHBIX ceTeil. B y3kom
KJIacce 3a/1a4 IyOOKHe HEeMPOHHBIE CETU MOKA3bIBAIOT JYUIIYyI0 TOYHOCTh KaK
HaJl KJIACCUYECKUMHU METOAAMU, TaK U HaJ SKCIEPTHbIMU OLIEHKAMH, OJHAKO

TpeOyT OOJIBIIIOro KOJIMYeCTBA JaHHBIX ISl O0yUeHUSI.

2. MHorue 3¢ dekTs, HadMogaeMble B CUCTEMaX KJIETOYHbIX MUKPOTPYOOUeK in
Vivo, MOTYT OBITh OOBSICHEHbI F€OMETPUUYECKUMU OCOOEHHOCTSIMU CHCTEMBI.
[Tpu 3TOM OTCYTCTBYET HEOOXOAUMOCTD B JIONOJTHUTENIbHBIX MEXaHU3MaX, YTO
MOKa3bIBaeT KOMITLIOTEpHAs MOJIE]Ib MUKPOTPYOOUKOBOM CETH B KJIETKE TPO-

H3BOJIBHO CJIOKHOMN reoOMCcTpUH.

3. OTHOIlIeHHe KOHIIEHTPAIIUH MOTOPHBIX OEJIKOB M BEPOSITHOCTh OTCOEMHEHUSI
OEJIKOB OT MUKPOTPYOOUEK MOKET OMPEACIATh TUII CTPYKTYPBl CAMOOpPraHu3a-
IIUU MUKPOTPYOOUEK, UTO TOKA3hIBACTCS MPU MPUMEHEHUN KBAa3UTPEeXMEPHOM
KOMITbIOTEpHON Moje . KBazuTpexMepHOCTh MO3BOJISIET BOCIIPOU3BECTH (-
(peKThl, HEBOCTIPOU3BOJUMBIE B MTPEBIYIINX, IBYMEPHBIX, MOJIEJISAX 3a MEHb-
11ee BBIYMCINTEIbHOE BpeMs, YeM TTOHAI00MIOCH OBl MOJTHOCTHIO TPeXMEPHOM

MOJIEJIN.
Hayuynast HoBu3Ha:

1. BrniepBble Obl1 peajr30BaH U MPOTECTUPOBAH AJITOPUTM aHAIM3A PAAUAIbHOCTH
MUKPOTPYOOUKOBBIX CETEl, OCHOBAaHHBIX Ha KJIACTEPHBIX CTATUCTUKAX IMUKCE-

el n300pakeHHMSI.

2. BriepBble Ob11 coOOpaH HAOOp AAHHBIX JJIs 3aJa4UM KJIacCU(pUKAITU MUKPOTPY-

OOUYKOBBIX MU300PAKEHUIA IO COCTOSTHUIO MUKPOTPYOOUKOBBIX CETEH.

3. BnepBbie Obuta 0OydyeHa riyOoKasi HEMpOHHAsl CeTh Ha HAOOp JAHHBIX IS

KJIacCU(PUKAIIUU COCTOSIHUN MUKPOTPYOOUKOBBIX CETEH.



4. Briepble C MOMOIIBI KOMIBIOTEPHOW MOJEIM MPOAEMOHCTPUPOBAHA J10CTa-
TOYHOCTh F€OMETPUM KJIETKU JIJIs1 CepUu HaOmogaemMbIx 3(pheKToB MUKPOTPY-

OOUYKOBOM CETHU.

5. Bnepsbie OblIM HalifieHbl MapaMeTphl, 0OecTeunBaoIue BOCIPOU3BeIeHUE B
KOMITBIOTEPHON MOJEJM BCEX THUIIOB CTPYKTYpP CaMOOPraHU3ALMUA KJIETOUYHBIX

MHUKPOTPYOOUeK in vitro.

Teopernueckasi 1 NpaKTHYECKAsK 3HAYNMMOCTb.

[TonmydeHHbIe pe3yIbTaThl BaKHBI KaK IS JaJIbHEHINEro pa3BUTHS HApaBJICHUS
KOMITBIOTEPHOTO aHaIM3a ¥ MOJC/IMPOBAHUS BHYTPUKJIETOUHBIX CHCTEM, TaK M IS
TOHUMAaHUsI OT/IEJIbHBIX MEXaHU3MOB (DYHKIITMOHUPOBAHMSI KJIETOK.

Co3naHre aBTOMaTHYECKUX METOJOB KJIacCH(pUKAIIUI N300pakeHMIA KJIETOK MO-
XKeT MPUHECTH T0JIb3Y B KJIMHUYECKOW TUArHOCTHMKE ISl OLIEHKH BOCIIPUMMYMBOCTH
KJIETOK K TeM WJIM UHBIM TIperiapaTtaM, B TOM YHUCJIe IPOTUBOPAKOBBIM.

CreneHb JOCTOBEPHOCTH ITOJIyYEHHBIX pe3yIbTaTOB 00eCIeUnBaeTCs IKCIepu-
MEHTaJIbHBIM ITOJITBEPsK ACHHEM IIPOTHO3UPYEMBIX C IIOMOIIbI0 KOMITLIOTEPHBIX MOJIC-
Jieil mapaMeTpoB. Pe3ynbTaThl MPOIILIM SKCIEPTHYIO OIEHKY CHEeIMaTUCTOB B COOT-
BETCTBYIOIIUX 0OjacTsax. [{Jig BceX pe3yjabTaToB, Ije 3TO NPUMEHUMO, IPUBEICHbI
CTATUCTHYECKHE TECTHI.
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I'maBa 1

MukpoTpy00UKoBbI€ CHCTEMbI H METOIbI HX aHAJIN3a U MO/IeJTMPOBAHUS

1.1 Mukporpy6ouku

MukpoTpyOOUKN — BHYTPUKJIETOUHBIE CTPYKTYPhI, OMWH U3 KOMIIOHEHTOB ITH-
TOCKeJieTa sykapuoT. OHU TIPEeACTaBISAIOT COOOH JJIMHHBIE OSTKOBBIE HEBETBSAIIMECS
MOJIble HUTH TUaMeTpoM 25 HM. MUKpOTpyOOUKH 00pa3yloT BHY TPUKJIETOYHYIO CETh
B uHTepda3e, MUTOTHUECKOE aXPOMATUHOBOE BEPETEHO B MUTO3€E, CITYKaT CTPYKTYP-
HOI OCHOBOIi peCHUYEK U KT'yTHUKOB. CucTeMa MUKpOTpyOOoUek B uHTepdase odecre-
YMBAET MoAepKaHue (pOpMbI KJIETOK M CO3J]aET YIOPSAA0OUEHHYI0 CUCTEMY JIBHKEHUI

BHYTPUKJICTOYHBIX KOMIIOHEHTOB, B TOM YHCJIE XPOMOCOM.
1.1.1 Ctpoenne MUKPOTPYOOUEK

MuUKpOTpyOOUKH COCTOSIT U3 CTPYKTYPHBIX €JUHUI] — TeTePOAUMEPOB (- U [3-
TyoynuHa. Kaxngas cyopenuaunma TyoyauHa cBs3aHa ¢ Mosiekynoi ['TO. I'TO npu
a-cyObenuHMIle He mnonasepraercs rugponusy, a ['TO npu [-tyOymuHe criocoben
rugpom3oBaThes A0 I'JI® B mporecce AMHAMUKM MUKpOTpyOOuku. BcrpamBanue
TyOy/JIMHa B MUKPOTPYOOUKY HE CONMPOBOKIAETCS HEMEMJIEHHBIM TUApOu30oM [T,
9TO MPOUCXOAUT HECKOJbKO Tmo3aHee [1]. BeposTHo, mpu BcTpauBaHuu TyOyiuHA
B MUKPOTPYOOUKy ¥ npu ruaposuse ['TO kondopmaiis MOJIEKybl TyOy/lIMHaA Me-
HAETCS, YTO OTPAKAETCS HA CTENEHU aCCOLMALIMKA MOJIEKYN JpYyT ¢ Apyrom. Popma
MHUKPOTPYOOUEK MOIJePKUBAETCS NMEKTPOCTATUYECKIUMU B3aUMOICHCTBUSIMU MEK-
oy cyObenuHUIiaMu TyOy/rHa, KakK JaTepajibHbIMU, TaK U MPOJOIbHBIMU. [Iponosb-
HBIE B3aUMOAEUCTBUSA (DOPMUPYIOT MPOTO(PUIAMEHT, B KOTOPOM (v MOHOMEP OAHOTO
AUMepa COeJMHEH ¢ 3 MOHOMepOM JIpyroro. BzaumoneiicTBue aTepaibHbIX OBEPX-
HOCcTell CyOBeMHUIL COeIUHSIeT MPOTO(UIAMEHTH B CJIOH, a 3aTeM B IWJIMHAD —
MUKPOTPyOOuKy. Cxema CTpOeHUsI MUKPOTPYOOUKHU U3 CTaThH [2] mpeacTaBieHa Ha
Puc.1.1.
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Pucynok 1.1: Cxema cTpoeHHsI MUKPOTPYOOUKHU U3 CTaThH [2].

MuxkpoTpyO6ouku (popMHUPYIOTCS TPUHAAATHIO MPOTO(UIaAMEHTaMU M B CUHIJIET-
HOM COCTOSIHUU COOMPAIOTCS B CUCTEMY — HUTOCKeseT KiaeTku. CyIecTBYyIOT co-
OpaHHbBIE U3 MUKPOTPYOOUEK CIIeIUaTu3UPOBaHHbIE CTPYKTYPHI, HAIPUMEDP, PECHUY-
KM ¥ KXT'YTUKH, COOpaHHbIe U3 Ay0JeTOB MUKpOTpyOouek. LleHTpronu u Ga3anbHbie
Tesia coOpaHbl U3 TPUILIIETOB MUKPOTpyOoUek [1].

B GosbimmHcTBe MHTEP(A3HBIX KJIETOK XUBOTHBIX MUKPOTPYOOUKM pacrosara-
I0TCS paJUaJIbHO: UX TTIOC-KOHIIBI OOpaIleHbl K neprudepun KJIeTKU, a MUHYC-KOHIIBI
coOpaHbl B IIEHTpe, 0OBIYHO B paiioHe IeHTpocoMbl (Puc. 1.2). PaguaabHOCTh MUK-
poTpyOOUYeK 3aaeT aHU3OTPOITHIO IUTOTLIA3MBI, UYTO BaXXHO IS IBVKEHU S KJIIETKU U
111 BHY TPUKJIETOYHOTO TPAHCIIOPTa MOJIEKYJ U opraHesul. Ecim B KjieTkax J1enosu-
MEpPU30BaTh MUKPOTPYOOUKH JCHCTBUEM KOJIIEMH/Ia UM XOJI0/a, TO MOCJe CHATHS
BO3/ICHCTBUS MOXHO HaOJII01aTh PacTyIle MUKPOTPYOOUKH B BUAE PaAHaIbHO OTXO-
ASIIUX OT OJJHOTO LIeHTpa (0T LIEHTPOCOMBI) Jiyueid [3]. B pusmnonoruueckux ycaoBusix
3Be3/1a U3 MUKPOTPYOOUEK, OTXOMSIIMX OT IIEHTPOCOMBI, MOXET OBbITh BhIpake€Ha B
pPa3HOil CTerneHu: WHoraa OOJBITMHCTBO MUKPOTPYOOUYEK OTXOIST OT LIEHTPOCOMBI,

MHOT/A K€ C Hell CBsI3aHa JIMIIb HeOOJIbIasl YacTh.
1.1.2 ®yHKOHUS MUKPOTPYOOUEK

MI/IKpOTp)I60‘IKI/I Y49aCTBYIOT B CO3JaHUN IJTACTUYHOI'O BHYTPHUKIICTOYHOI'O CKEC-

jeta (LMTOCKeeTa), HeOOXOAUMOro IJisi MoJAepKaHus (POPMbI KJIETKU. DTa poJib
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Pucynok 1.2: MukpoTtpy6ouka B uHTepga3Hoi KUBOH KeTKe [4].

XOpOIILO BUJHA B 9KCIIEPUMEHTAX C JIeTOIMMeEpU3alueil MUKpOTpyOOoUeK npu A00aB-
JIEHUM K KJIETKaM KOJIXMLMHA WIX [TPU OXJIAKIEHUU KJIETOK [3].

MukpoTpyOOUKH CITy>KaT peJibCaMu JiJIsi BHY TPUKJIETOYHOTO TPAHCIIOPTA, TPUUYEM
00BEKTaMU TPAHCIIOPTA MOTYT OBITh KAK MEMOpPAHHBIE BE3UKYJIbl, TAK 1 HEMeMOpaH-
Hble KOMIIOHEHTbI, HallpuMep, OeJIKOBbIE CII0KHbIE KOMIUIEKCH MM PUOOHYKJICONPO-
TeHbl. [lepeMelnieHre KIeTOUHBIX KOMIIOHEHTOB BJI0JIb MUKPOTPYOOUEK MOXET TMpo-
UCXOJIUTH Kak myTem auddy3un BIoJIb MUKPOTPYOOUEK [S], Tak U MyTemM aKTUBHOTO
TPaHCHOPTa C MOMOLIBIO ClleNUaIbHbIX OeJKoB-MOTOpoB. K Oenkam-moropam OT-

HOCSTCS HUTOINIA3MATUYECKUI JUHEWH U MHOIOYMCJICHHbIE KMHE3WHBI. Otn 6enKu



13

MOTYT pa3BuBaTh cuity 110 2-3 pN u coo011aTh NEPEHOCUMBIM I'Py3aM CKOPOCTh 10 1
MHUKPOHA B CEKYHAY.

[ToMuMO 3TOr0, MUKPOTPYOOUKH TaKKe YUaCTBYIOT B IBUKEHUU KJIETKU, BMECTE
C aKTMHOBOW CeThI0 00ecreunBasi NOISPU3ALUIO KIETKH [6].

B nporiecce Muto3a MUKpOTpyOOUYKH 00pa3yloT MUTOTUYECKOE BEepETEeHO, KOTO-
poe MO3BOJISIET Pa3/Ie/IUTh XPOMOCOMBI M JIOKQJTN30BaTh MOJIHBIN TeHeTUIEeCKUi HAOop
B JOUYEepHUX KJIeTKax [6]. Mexanu3m oOpa3oBaHUs U paOOTHI STOTO BEpeTeHa JI0 CUX
I1I0p OCTAETCA OHUM U3 MHTEPECHENIIINX HAyYHO-UCCIIEI0BATEIbCKUX HAIIPABJICHUH,
B TOM YHCJIE U JJIs1 KOMIIBIOTEPHOTO MojieJiMpoBanusl. OgHaKO 1151 CO3JaHu sl TIOJTHO-
IIEHHOH ero MOoJIe/ i He0OXOIUMO TTPeIBAPUTEILHO U3YUUTh O0Jiee MPOCThIe ACTIEKTHI

OpraHu3aIi MUKPOTPYOOUKOBOM CETH in Vitro.
1.1.3 /ImHaMuka MEKpPOTPYOOYeK

OpueHTalss MOHOMEPOB B MPOTO(UIAMEHTE ONpPeIeIsieT NOISIPHOCTh MUKPO-
TpyOOUKM: HaMpaBJieHUE OT (- A0 [3-TyOyJaruHa COHAIPaBJIEHO BEKTOPY OT MUHYC- O
TUTIOC-KOHIIA MUKPOTpYyOoukH [6]. CKOpOCTh AKMCCOMAIIUY MoJMMepa TyOyIrHa Ha
TUTIOC- U MUHYC-KOHIIE OTJINYAETCsI: Ha IUTIOC-KOHIIE Mbl Ha0mo1aeM 0oJiee MeJIEHHY IO
AUCCOIMAIIMIO, T.€. Ha HEM MPEUMYIIIECTBEHHO UAET pocT MUKpOTpyOouku. [Ipoiecc
pocTta MUKPOTPYOOUKHU in Vitro W in vivo pa3fensioT Ha Tpu ¢a3sl — HYKJealHuio,
JIoHranmIo U steady-state (IuHaMuUyeckoe paBHoOBecue). In vitro Ha POPMUPOBAHKE
MUKPOTPYyOOUEK U3 OUMIIEHHOrO TyOYJMHA BJIUSIIOT TPU OCHOBHBIX (paKTOpa: TEM-
nepatypa (gomkHa ObITh B mpeaenax 30 - 37 C°), oTCyTCTBHME MOHOB KaJbLIUS U
npucytcteue ['TO. Hykneanuss MUKpoTpyOOUYeK HAUMHAETCS, KOT/Ia KOHIIEHTpAIusl
TyOyJIMHA MPEBBIINIAET KPUTHUECKYIO (€€ 3HaAUeHHEe 3aBUCHUT OT YCJIOBUI SKCTIEPUMEH-
Ta). B mporiecce Hykieanmu odpaszyeTcs "3aTpaBKa' I pocTa MUKPOTPYOOUKH —
onuromep TyOynuHa. B coctaB aTOro onmromepa rno pa3HeiM JaHHBIM BXOAUT OT 6 710
13 numepoB TyOynuHa. B pactBope unctoro TyOynuHa "3aTpaBKH' MPaKTUYECKU He
00pa3yloTcs, Al UX 00pa30BaHUsl HEOOXOIMMBI CTielIMaIbHble OeJIKH, aCCOLUUPYIO-
pecs ¢ IuMepamMu TyOyJIMHa U CIOCOOCTBYIOIINE UX aCCOIUALIVU.

Ha npotsikeHnuun BTopoit (pa3bl — 3JI0HTralluy — reTepoauMepbl TyOyarHa "roso-
Ba K XBOCTY" MPUCOEAUHSIOTCS K MUKPOTpyOOouKe. bbuio mokaszaHo, 4To rpu (pusno-

JIOTMYCCKUX YCJIOBUAX MI/IKpOpr60‘{KI/I, BBIJACJICHHBIC U3 3KCTpPAKTa AWIL XCHOPUS,
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pPacTyT 3a c4eT (POpMUPOBaHUS ILUIOCKOTO JIMCTA MPOTOPUIAMEHTOB, KOTOPBIE 3aTEM
CBOPAYMBAIOTCA B HUIMHAP [7].

TpeTbsl cTausi — AMHAMHYECKOE PaBHOBECHE — XapaKTEepU3YyeTCs OnpeiesieH-
HBIM COOTHOIIIEHUEM MOJIMMEPU30BAHHOIO U PACTBOPEHHOIrO TyOYJIMHA, KOTOPOE 3a-
BUCUT KaK OT (pUBMUECKMX YCIIOBHIA, TaK U OT HAJIMYMS OEJIKOB, aCCOIUUPYIOIIMXCS
c TyOyJuHOM. MeXy STUMU ITyJaMu BO3MOXKHBI JIBa MyTH OOMEHA MOJIeKYIaMu:
TPEeIMUJUIMHT U AMHAMUYecKasi HeCTaOUIbHOCTh. B MepBoM cilydyae Ha IUIIOC-KOHIIe
MIPOUCXOIUT COOPKA, a HA MUHYC-KOHIIE — pa300opka MUKPOTPYOOUKH, BO BTOPOM Xke
1 cOOpKa 1 pa3dopKa MPOUCXOAAT Ha IUTIOC-KOHIIe. [lepexo oT MeaIeHHOTro pocTa K
OBICTPOI pa30OpKe Ha TUTIOC-KOHIIE MUKPOTPYOOUKH MOYUYnT Ha3BaHUE "KaTacTpo-
da", odpartHsiii nepexona k coopke — "cnacenue". Katactpoda ciydaercs, koraa Ha
TUTIOC-KOHIIE MUKPOTPYOOUKH U3-32a 3aMe1JIEHHOTO MOCTYIJIEHHUSI HOBBIX TUMEPOB TY-
OysauHa okasbiBaeTcs Jerko aucconuupyomuii I'JIP-tyoymmH. Ecim Ha mumoc-KoHIie
COXpaHSETCsI HECKOJILKO MoJieKy/1 [ ' T®-tyOynuHa (Tak HazbiBaemblii [ Td-konmavok),
TO AMCCOIUAIMs TyOy/IrMHA MPaKTUYECKU HE TPOMCXOJIUT, U KaTtacTpoda He ciryda-

€TCA.

Pucynok 1.3: ITommmepuszanus (pocT) U aenonmMepusanus (katactpoda)

MUKPOTPYOOUKH [4].
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B uenom, niuHaMuka MUKpPOTPYyOOUEK XapaKTepu3yeTcs CIelyIoUMMU apaMeT-
pamMu: CKOPOCTb POCTa Ha IUIIOC-KOHIIE, CKOPOCTh POCTa HA MUHYC-KOHLIE, CKOPOCTb
pa300pKH Ha IUTIOC-KOHIIE, CKOPOCTh pa300PKU HA MUHYC-KOHIIE, YaCTOTa KaTacTpod,
MIPOJOJKUTEIILHOCTh KAaTaCTPO(, YaCTOTA CIIACEHUIA, MPOIOJIKUTEIBHOCTh CIIACEHUH,
MPOJIOJKUTENILHOCTh M YaCTOTA May3, KOraa He MPOUCXOANUT HU pa300pKHU, HU COOPKH
MHUKPOTPYOOUKH. B KUBBIX KJIeTKaxX AUHAMHKA MUKPOTPYOOUYEK MOXKET OTIMYAThCS
STUMHU [I€TAJISIMU, UHOT/IA JOBOJIbHO CYLIECTBEHHO. B KMBBIX KJIETKaX B MOJUMEPHU-
30BaHHOM BUJIe 00BIYHO HaxonuTcs oT 60 no 75% tyOynuHa. Kak mpaBuiio, B HUX
HaOJIOIAI0T AMHAMHUYECKYI0 HECTAOMIBHOCTh MUKPOTPYOOUEK, T.€. ITI0C-KOHIIBI, 00-
pailieHHble K nepudepun KJIETKH, TO HapacTaioT, TO pa3dupaioTcs. B HekoTOpbix
CJIyuasiX, HallpuMmep MpY yoaJleHUU U3 KJIETOK LIEHTPOCOMBI, JUHAMUKA MUKPOTPY-
O0YeK MEHSETCs Ha TPEeIMUJUIMHT, KOTAa Ha TUTIOC-KOHIIE MMPOUCXOJUT cOOpKa, a Ha
MHUHYC-KOHIIe — pa30opka Mukpotrpyoouku [8] (Puc.1.1). B HekoTopbix cucremax,
HarmpuMep B HEMPOHAX, MUKPOTPYOOUKU CTAOMIIM3UPOBAHBI, U UX TUHAMHUKY TPY/-
HO mpocienuTh. [lpu nepexope kaeTok oT uHTEpdasbl K MUTO3y MUKPOTPYOOUKH
CTaHOBSATCS 0oJlee TUHAMUYHBIMHU.

BpISBJIEHO MHOTO KJIETOUYHBIX (PAKTOPOB, KOTOPBIE BJIMAIOT HA JUHAMUKY MUKPO-
TpyOOUeK, OJJHAKO OCTAETCsI HESICHBIM, KaKKe MmapamMeTpbl COOPKU-pa300pKU MUKPO-
TpyOOUeK (KOJIMYECTBO MOJIMMEpa UM CKOPOCTh Tuapon3a I ' Td) Haubosee BaxHbI
IJIsl iepexofa OT AMHAMUYECKOW HeCTAOWJIBHOCTU K TPEAMWUIMHIY M HaoOOpOT.

HesicHo Takke, kKak (popMupyeTcs paaraibHasi CUCTeMa MUKPOTPYOOUEK.
1.1.4 Camoopranu3anusi MUKPOTPYOOUKOBOIl ceTH

OnHUM M3 caMbIX MHTEPECHBIX sIBJIEHUI, HAOMOJAaeMbIX KaK in Vivo Tak U in
Vitro, IBJSETCA CaAMOOPraHU3alMs [IMTOCKEJIETHBIX CTPYKTYP, B TOM UYHUCJIE U CETU
MUKPOTpPyOOUeK.

duiaMeHThl B 9YKaPUOTUYECKUX KJIETKAX BBIMOIHSIOT pa3inyHble (PyHKIIVH, Ta-
KHe Kak TojjiepXaHue KJICTOYHOH (popMbl, obecrieueHre OBMKECHUS KJIETKU, BHYT-
PUKJIETOUHBIA TPAHCHIOPT U JieJieHre KIETKU. DTU (PyHKIIMU 3a4acTyI0 aKTUBHBI, T.€.
MOTYT MPOUCXOAUTH TOJBKO MPH yIaCTUA MEXAaHU3MOB, Ha pabOTy KOTOPHIX Tpely-
eTcs SHeprus. Takue MeXaHU3Mbl BKJIIOYAIOT B ce0sl pOCT U pa300pKy (prIaMeHTOB U

paboTy TPaHCTIOPTHHIX MOTOPHBIX OeskoB [10].
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Pucynok 1.4: Benku mmoc-KOHIIOB MUKPOTpyOouek [9].

OpHuM U3 MPUMEPOB CAMOOPTaHU3AIUM SIBJISIETCS MUTOTHYECKOE BEPETEHO, 00-
pasymollieecst B KJIeTKax npu jesieHud. s KJIeTOK Apokked ObUIO MOKa3aHO, UTO
9Ta OUMOJISIPHAsI CTPYKTYpa, COCTOSIIAsT U3 MUKPOTPYOOUEK, UCXOASIIMX U3 MOJTIO-
COB BepeTeHa K CPeIMHHON 00JIACTH, MOXKET CYIIECTBOBATh U (DYHKIIMOHUPOBATH HA
JOCTaTOYHOM ypOBHE Jake B KJIeTKax Oe3 IeHTpa OpraHu3aiii MUKPOTPyOOUeK,
CBSI3aHHOTO ¢ sAapom [11].

W3 3TOro MOXHO CIIeJIaTh BBIBOA, YTO CTPYKTYPY M PACIIOJNIOKEHHE TIOJIIOCOB BEPE-
TeHa OIpejesisieT B3auMoAeicTBre (pUIaMeHTOB U MOTOPHBIX OEJIKOB B OTpaHUYEH-
HOW F€OMETPUU KIIETKHU.

Tak:ke, B 9KCTpaKTe SIMIEKJIECTKU Xenopus MOXeT 00pa30BbIBaThC S BEPETEHO ITpa-
BWIBHON (POPMBI, HECMOTPS Ha IMOJHOE OTCYTCTBUE LIEHTpocoM [12]. [loHumanue
MIPUHIIMIIOB, JISKAIMX B OCHOBE CAaMOOPTaHMU3AIIMU KJIETOUHBIX (PUIaMEHTOB, 0Oec-
MIEYeHHON MOTOPHBIMU O€JIKaMy B OIpPaHUYEHHOM TPOCTPAHCTBE, BaKHO IS Ipa-
BWJIBHOT'O aHAJIN3a MHOTUX KMUBBIX cucTeM [13]. Macca moTopa Masia O CpaBHEHUIO

C Maccoit MUKPOTPYOOUKH, OIHAKO B ClIyyae, eC/Ii OIMH MOTOP NPUCOEAUHUTCS Cpa-
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3y K JIBYM MHUKPOTPyOOUYKaM, 3TO MPUBEIET K IBUKEHHUIO OJHOW MHKPOTPYOOUKU
OTHOCUTEJILHO JPYTOi M K JIBUKEHHIO CUCTEMBI MUKPOTPYOOUeK B pacTBOpeE.

YuuThiBasi CI0KHOCTh KJIETOK in Vivo, 3a4acTylo yaoOHee paccMaTpUBaTh YIIpO-
IIEHHbIE MOJIEJIbHBIE CUCTEMBbI, U 3TOT MOAXOA ObUI MPUMEHEH K UCCJIeOBAHUIO Ca-
MOOpraHu3aly cMeceil (PUIIaMEHTOB U MOTOPHBIX OEJIKOB.

Surrey et al. HaOmogaM Karuto 6yghepHOro pacTBopa ¢ 1006aBJIEHHBIM TYOYIMHOM
Y KMHE3WHOM (ITLTIOC OPUEHTUPOBAHHBIM MOTOPHBIM Oeikom) [14]. [Ipu HarpeBanuu
a0 37C° TyOyauH nommMepusyeTcs, o0pasysi MUKPOTPYOOUKH, IEpPBOHAYATIBHO CITy-
YailHO ¥ paBHOMEPHO pacnpeeeHnsle. [ Ipumepro yepes 90 cekyHn oHu pOpMUpPYIOT
"3Be3ay" ¢ EeHTpPOM B IeHTpe Karum. CrycTs ke emie 90 cekyHI MOKHO HaOJII0JaTh
Tak HasbiBaeMylo "BOpoHKY" (Puc.1.5). Ilpy u3ameHeHMM KOHUEHTpalui KUHE3WHA
MOXKHO HaOM01aTh, KAaK C POCTOM KOHIICHTpAIMK "BOPOHKU" CMEHSIOTCA "3Be3fa-
mu" (Puc.1.5). MuHyc opueHTHpOBaHHbIE MOTOPHBIE OEJIKU HEe 00pa3yioT "BOPOHOK"
HE3aBUCHUMO OT KOHIIEHTPAIUM — HAOJIIOAI0TCS JIUIIb "3Be3/IbI".

B cnyuae, ecim B 9KCIEpUMEHTE MPUCYTCTBYET CMECh PA3JIMYHO OPUEHTUPOBAH-
HBIX MOTOPHBIX O€JIKOB, C POCTOM [IOJIU ILTIOC OPUEHTUPOBAHHBIX MOTOPOB Ha CMEHY
"3Be3maM" MPUXOISAT "MyYKHU" — CTPYKTYpPHI, MIOXOKUE HA Te, 4TO 0OpasyloTcs B
KJIETKE BO Bpems muTto3a [15].

DKCMEePUMEHTHI C PACTYLIUMH MUKPOTPYyOOUKamMu B c(hepUueCKUX IMYJILCUOH-
HBIX KaIUIsIX OKA3aJIM 3aBUCUMOCTb CTPYKTYPbI OT pa3mMepa Karulu: B Karisix Oosblie
~ 29 um B 1uamMeTpe 0Opa30BHIBAIMCH "3BE3/IbI" ¢ MUHYC-KOHIIOM, HAaIIPaBJIEHHBIM K
HIEHTPY, U IUTI0C-KOHIIOM — K Tiepudepru, COOMPAIOIIUMUCS C TTOMOIIBI0 MOTOPHOTO
Oelka IMHEWHA; B KalUIsIX MeHbIero auamerpa (=~ 20 um) HaOMoOgamuch "Momy-
3Be3/lbl" C LIEHTPOM OJIMKe K Kpalo Kariv; Mpu JajibHeHeM yMEeHbIIEHUH Karuiu
MHUKPOTPYOOUKH, U3-32 UX MEXaHUUYECKUX CBOMCTB, 00Pa3yIoT MPUJIETAIONIYIO K Ipa-
HUILIE KaIlIi CTPYKTYypy — "Kosonen” [16].

OTO yIUBUTEIBHO HEPABHOBECHOE CBOMCTBO cMeceil (pHJIaMEHTOB U MOTOPOB
CBSI3aHO C UX CHOCOOHOCTBIO K CTIOHTAHHOMY TOSIBJICHUIO TTIOTOKOB M3-3a JNeCTBUS

aKTHUBHBIX KOMITOHEHTOB [17].
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Pucynok 1.5: [Ipumepsl CTpyKTYp caMOOpraHU3aIlluil MUKPOTPYOOUeK:
"3Be3abl"(A,l), "Boponku"(b), "myuku"(B), "mony-3B8e3aa" (1), "komonen"(E). U3
crareit [14, 16].

1.2 AHaan3 KJEeTOYHBIX N300pasKeHu

AHanu3 n3o0paxeHuid KJIETOYHBIX MPernapaToB MIMPOKO HUCIIONb3YeTCS U MOXKET
AaBaTh OOJIBIIIOE KOJTMYECTBO MH(OPMAIIMU KaK O COCTOSIHAM OTIEIbHBIX KJIETOK, TaK
Y O COCTOSIHMM Opranusma B 1esiom [ 18, 19].

B o6sacTi rucTOIOrMUeCKUX MpenapaToB MOKHO BBIJCIUTD CACAYIOIINE 3a/1auH,

BBIIIOJIHACMBIC C IIOMOIIBIO MCTOOOB aHaJIN3a H306pa>KeHHfII

» CerMmeHTanus n300paxkeHuii. BeigeaeHne 00beKTOB Ha M300pakeHUAX Kak I
JAJIbHEUIIIer0 UX aHaJIn3a, TaKk U IS IPSIMOro, HallpuMep, KOJIMYECTBEHHOT O,

aHaJIn3a.

 JleTekTpOBaHUE OOBEKTOB. BhieIeHNEe 0OBbEKTOB 3aJaHHOTO THITA (KJlacca).

OnpenaenieHre HAIMUMSI/OTCYTCTBUSA 0ObEKTa Ha N300paKEeHUH.
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Pucynok 1.6: (A) Kiietku ¢ paauanbHO# cructeMoit MUKpoTpyOouek. (B) Kietku ¢

Xa0TUYHOW CUCTEMOI MUKPOTPYOOUEK Mociie BO3eCTBUS TaKkcoa

* Mopdonoruueckuii anamu3. OmnpejaesieHue napameTpoB U300pakeHus B 1ie-

JIOM, XapaKTEepU3YIOIIUX Ty WIM UHYIO (PU3HOIOTUUYECKYI0O OCOOEHHOCTb.

1.2.1 Amnanau3 paauajbHOCTH

B sykapuoThueckux KJeTKax B HOpMaJIbHOM cOCTOsIHUM B () (paze MUKPOTpY-
O0YKHU TIPEICTABISIOT COO0N paauaIbHyI0 CUCTEMY — TaK Ha3biBaeMylo "3Be3may".
IIpu BO3EACTBUM HA KIJIETKY OIIPEAEJIEHHBIMA XMMUYECKUMU BellleCTBaMU (HaIpu-
Mep, TAKCOJIOM), paJuaibHAsA CUCTEMA XaOTU3UPYETCH.

Ha Puc. 1.6 MOXHO yBUIETh NPUMEP KJIETOK C PaJAHAIBLHON CUCTEMON MUKpPO-
TpyOoUek (A) U C XaOTU3UPOBAHHOM C TOMOIIIBIO TAKCOJIA CUCTEMON MUKPOTPYOOUYEK
(B).

AHanu3 paguaibHOCTU MUKPOTPYOOUYKOBOW CETU MOXKET [1aBaTh TOMOJTHUTEb-
HYI0 MH(POPMALIMIO O KJIETKE, B TOM YKCJIE, U O BO3JEHUCTBYIOIIMX HA HEE BEIIECTBAX.
Tak, TakcoJl SIBJSIETCS OJJHAM M3 areHTOB IS XUMuoTepanuu paka [20], u aHanu3
pa3pylieHus paguaabHOCTH KJIETOK MOCJe BO3AEHCTBUSA TaKCOIa MOXKET JaBaTh UH-

(popmanrio 0 BOCOpUMMYMBOCTH KJIETOK K XMMUOTEpaIuHu.
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Jist aHanM3a U KjaccuUKaUK pauaibHOCTH MUKPOTPYOOUKOBOH ceTU B O0JIb-
IIMHCTBE UCCJIeIOBAHUI UCTIONb3YIOTCSI B OCHOBHOM 9KCHepTHbIE olleHKu. Tpebyercs

aBTOMATUYECKUIA METOJT OLIEHKH, HE 3aBUCUMBIN OT KOHKPETHOI'O KCHepTa.
1.2.2 CaepTouHble HEHPOHHbIE CETH IS AaHAJIHN3A N300paKeHnH

B npenpiayiiei rinase a1 aHaau3a n300pakeHUi KCTOJIb30BATUCH IBPUCTUYECKU
BbIJIEJISIEMbIE TIPU3HAKU M300pakeHusl, 3aJaHHbIe YeJOBEKOM. DTO CUJIbHO OIpaHU-
YUBAET MOJIEJIb.

IJ1st TOoro, 9TOOBI OOOWTH ITO OrpaHUYEHUE, MOKHO HCIOIb30BATh METO/IbI, OC-
HOBaHHBIE HA NTyOOKUX HEUPOHHBIX CETSIX.

CepTouHble TyOOKHE HEHPOHHBIE CeTH ObLIM MpejacTaBiieHbl B padote LeCun
et al. [21] u ocHOBaHbl Ha MPUHIIMIE TPUMEHEHUS ONEPALMM CBEPTKHU K yYacTKaMm
n3o0paxenus. CBepTKa — 3TO oOleparysi Mo3JIeMeHTHOTO YMHOXEHHsI IBYX MaTpPHUII
(Puc.1.7) ¢ mocneayoium CJIOXKEHUEM TOTYUYUBIIMXCS Mpou3BeneHuil. Pe3yibra-
TOM MPUMEHEHHSI CBEPTKU K U300paKEHUIO SIBJISETCS TaK Ha3biBaeMas KapTta (map)
CBepTKH. BonbIve yncia B KapTe CBEPTKU COOTBETCTBYIOT OOJIbIIEH KOppEesIuu
MEXK]y YacCThio M300pakeHusl U CBEPTKOM. DTO MO3BOJISAET IETEKTUPOBATH XapaKTep-
Hble (POPMBI Ha U300PAKEHUH.

KapTbl cBepTKH B KAKOM-TO CMBbICJIE CaMU SIBJISIIOTCS MU300paKeHUSAMU. DTO 3HA-
YUT, YTO K HUM TOXKE MOKHO ITPUMEHATH CBEPTKHU.

PaccMOTpuM apXUTEKTypy OAHON M3 MEPBBIX ITyOOKUX HEHPOHHBIX ceTel —
LeNet5 (Puc.1.8). CeTb COCTOMT U3 TPEX CBEPTOYHBIX CJIOEB U TPEX MOTHOCBA3HBIX
CJIOEB HEMPOHOB (I[I€ KAXIbIA HEMPOH CBA3aH C Kaxapim). [Ipy 3TOM B Kaxaom
HEWPOHE CyMMa ITPOM3BEICHUI CUTHAJIOB U3 CBA3aHHBIX C HUM HEMPOHOB MPOXOAUT

yepe3 HeJIMHeliHoe mpeoOpa3oBaHue. B ciyuae ¢ ceTbio LeNet5 - 310 toructuyeckas

pyHKUMSA:
1
I I
1+e %
] . . : -1
IJle ; — 9TO BXOJAIMI CUTHAJI B HEHPOH j B ClloE [, T.€. > i(xqw;j),ax; - —3T0

MCXOANIMA CUIHAJI HEHpoHa ¢ B cioe [ — 1, m w; j — 3T0 KO3(PPULUMEHT yMHOKEHUS.
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Pucynok 1.7: IlpumeHeHure onepanuyd CBEPTKU — MOIEMEHTHOTO YMHOKEHU S
MaTpuL. 3eJEHBIM BblJEJIeHAa UCXOAHASA MAaTPULIA, KEJITHIM — MaTpULA CBEPTKH,
KPAaCHbIM — KO3(P(PULIMEHTHI CBEPTKU, PO30BbBIM — pe3y/IbTUpYOLIas KapTa (map)

CBEPTKH.

Cob6cTBeHHO, KO3 (PUITUEHTHl YMHOKEHUS B CBEPTKE — ITO TOXke K03 PuimeH-
THI W, 1 IMEHHO 3TU KO3 (PUIIMEHTHI ¥ MOAOUPAIOTCS B MpoIiecce 00yUeHrs] HeUPOH-
HOW CEeTH.

Ecmu curmounaHast pyHKIMS OOJIbIIe UCTIONb30BaIach Ha STAIle CTAHOBJICHUS Ty -
O0KOro oO0yueHus1, TO CaMOi TOMYJIApHON (PYHKIIMEH aKTUBAIIUM ceiyac sIBJISETCS,

HecomHeHHO, ReLU (Rectified Linear Unit).

o(s) = maz(0,s) (1.2)

dynkims aktuBanuy ReLLU no3BosisieT 3HauuTeabHO YCKOPUTD pacyeT IpaJueH-
Ta B mpollecce o0y4YeHre HeMPOHHOW CeTH (aIrOpUTM OOpPaTHOTO PacCHpOCTpPaHEHUS
rpajJiieHTa ONKcaH Aajbllie B 3TOH IJ1aBe).

Bun pa3nnuHbiX (PyHKIMIA akTMBAIMA MOXHO yBUIETh Ha Puc.1.9.

HecmoTps Ha TO, YTO B HAYYHOM JIUTEpAType CYIIECTBYET MHOKECTBO OIMUCAHUIMA
TOT0, IOYeMYy Ta WK MHasi (PYHKIIMS JIydllle B TOW WJIM MHOU CUTYyalluK, Ha TIPAKTUKE

MOYTH BCEr/a MPUXOAUTCS MOAOUPATH JIyUITYI0 (DYHKIIMIO SMITUPUYECKHU.
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Pucynok 1.8: Apxurektypa cBeprounoii cetu LeNetS [22].

o sigmoid " RelLU

. R(z)=max(0, z)

Pucynok 1.9: Buabl pyHK1IMIA akTUBALMIA C10€B HEUPOHHOM ceTh. [opru3oHTaIBHAA

OCb COOTBCTCTBYCT BXOOAIIECMY Ha HeﬁpOH CUrually, BEpTUKAJIbHAA — UCXOOAIICMY.

OOyueHne HEHPOHHBIX CeTel, T.€. MoA00P KOI(P(PUIIMEHTOB W, OCYIIECTBISAETCS
C TIOMOIIbI0 0OpATHOTO pacrpocTpaHeHus rpagrenTa [23]. OcHoBHas Ujes 3aKova-
€TCs B TOM, UTO JIJIsI MUHUMU3AIMK HEKO 3apaHee ornpe/ e IeHHON (DyHKIIUY OIIUOKU
C' mbI ugem npotus rpaguenta V,,C'(w). [Ipudem BbIYUCIICHUE TPAJUESHTA IIPOUCXO-
OUT MOCJIOMHO, HAUMHAA C NIOCJEIHETO CJI0S HEUPOHHOM CETHU.

MoxeM BbIpa3uTh IPAJUEHT MO UHAMBUAYAILHOMY BECY MEXKAY 7-M HEMPOHOM

L

1051 | ¥ 1-M HEpOHOM IpebIAYILEro cJos w; it

aC(w) AC(w)  0Os
= 1.3
ow! Os 8 ow! . (1.3)

ij J 4]

[lepBasi 4yacTh — 3TO BBIXOJ C HEUPOHA MPEBIIYIIETO CIIOS:

L — gl (1.4)
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Bropas yacth — 3T0 (pakTHUECKH OIMMOKa HHANBUAYATIBHOTO HEHpPOHA, 0003Ha-

YUM €€ 3a 5;:
P98l (1.5)

7

Bosbpmem 11 mpumepa 3aaauy, st KOTOpoi U OyayT UCIIONIb30BaHbl HEHPOHHBIE
CETH B 3TOH paboTe, 3agauy Kjaaccudukarmm oobekToB. [Tocneaawmii cioii L coctout
U3 HEHPOHOB, B KOJIMYECTBE PABHOM KOJIMYECTBY KJIACCOB. BBIXOIHOE 3HAYE€HUE B
HEUPOHAX COOTBETCTBYET BEPOSATHOCTH COOTBETCTBYIOIIETO KJIACCA U OIPEETIETCS

¢ momoIbio pyHKIMM softmax [24]:

efi

zF = Softmax(s;) = W (1.6)

Ommb6ka kinaccudukanuu s softmax — 3To KpOCC-9HTPONHUS:

Cw) = — Z oilog(xl) (1.7)

2
I'ne o; = 1 nnda HelipoHa NPABUJIBHOTO Kjacca U 0; = () IS OCTAJIbHBIX KJIACCOB.
Torpa uHAMBUYaIbHAS OIIMOKA 11 TOCJIEAHETO CJI0sI — ITO:
_ 9C(w) L
0 =—F7-=0i—T
0s;

I[JIH NpeapIAymux CJIOCB MHAUBUAYAJIbHAA OIINOKAa BBIPpAKACTCA YCPC3 BBIYHC-

(1.8)

1

JICHHBIE OIIIMOKH Ha cileaymmmux CJIogx:

L, 0C(w) aC(w)  0st  9zl? o
i = st > o 5T el =D O xuwxo'(s7) (19

J ! J

Takum 0Opa3oM, aITOPUTM OOPATHOTO PaCIIPOCTPaHEeHUS TPaIueHTa U 00yYeHU S

HENPOHHOW CETU BBIIVIAAUT TaK:

1. Mannmanu3upyem Beca w CaydaliHbIM 0Opa3oM.
2. IlpAMoii MPOXO/: BBIYMCIISIEM BCE T U S.

3. OOpaTHBIiA MPOXO/: BHIYUCIISIEM BCE 0.
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4, wﬁj — wéj — nx§_15§-.
5. = (2).
I'me 7 — 310 KO3(pPUMeHT ckopocTn 00yueHus (learning rate).

1.2.3 MHMcnoub3oBaHue TpaHcepPHOro 00yYeHNs B YCJIOBHAX MAJIOT0

Ko/Jin4yeCcrBa JaHHBIX

Jiist oOyueHre riTyOOKHMX HEMPOHHBIX CEeTel 3a4acTyio TpeOyeTcs OOJbIoe KO-
JIMYECTBO AaHHBIX. YeM OoJibllie mapaMeTpoB w y HEHPOHHOH ceTu, TeM OoJIblle Ha-
OJII01aeTCs CKJIOHHOCTh K NepeoOydeHHIo Ha MajioM Habope AaHHbIX. BmecTo Toro,
YTOOBI BBISIBJIATH OOIIME 3aKOHOMEPHOCTH B JJaHHBIX, CETh "'3alIOMUHAET" OT/IeJIbHbIE
npumepsl [25].

YToOBl pemmTh 3Ty MpodieMy, MOXKHO MPUMEHUTh TaK Ha3blBaeMoe TpaHchep-
Hoe o0yueHue HeHpOHHbIX ceteld [26,27]. Bo Bpems TpaHchepHOro oOydeHus ceThb

oOyuvaeTcs B n1Ba 3Tana (Puc. 1.10):

1. O6yuenue Ha OOIBITIOM HAOOpE TaHHBIX, OJU3KUX K UCKOMBIM. Tak, Harpumep,
TS 3371a49M KJIaccuuKanmy n300pakeHuii MOKHO UCTIONB30BaTh ceTh ResNet

[28] um VGG [29], npenodyuennbie Ha Habope manHbix ImageNet [30].

2. Ot 00yuyeHHO! Ha MEepPBOM IlIare CETH MapamMeTpbl HECKOJIbKUX MEPBBIX CJIOEB
NEePEeHOCATCS B CETh IS pellieHust KoHeuHo# 3aaauu. [Ipu o0yueHunn 3Toi cetu

Ha UICKOMOM Ha0Ope JaHHbIX MIepPEHECEHHbIE MapaMeTphbl HE U3MEHSIIOTCS.

Takum 06pa3oM, Ha IEPBOM dTarie 0OyUeHHs CeTh "YUUTCA" BbIIEIATh MPU3HAKU
aHaJIM3a U300paXeHul, KOTOpble BIOCIEACTBUM MOTYT OBITh MCIOJBL30BAHBl U TSI

peLIeHU S KOHEYHOW 3aJa4H.

1.2.4 MeToJ OIIOPHBIX BEKTOPOB ISl KJIacCH(PUKAINH KJIETOUYHBIX

H300paskeHHin

Merton onopHbIX BEKTOPOB (support vector machines, SVM) Takke MOXHO Ipu-
MEHSTh B KOMITJIEKCE C MPpeg00yYeHHbIMI HEMPOHHBIMU ceTsiMu. Ero ncnonb3oBanue
ObIBaeT OMpPaB/JIaHHO UMEHHO B YCJIOBUSX MAJIOro KOJIMYEeCTBa JaHHBIX, TaK KaK TOT

METOM ABJIACTCA OOJHUM U3 CaMbIX YCTOﬁQHBLIX K Hep606yquI/IIO.
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Network A

Transfer
parameters

Network B

Pucynok 1.10: Cxema TpancgepHoro odyuenus HeiiponHoii cetr. OT 00y4eHHOI
Ha OOJIbIIIEM KOJIMUECTBE IaHHBIX CETH A TIepeHOCATCS MapaMeTpsl (Beca)
HECKOJIbKUX TepBbIX cioeB B ceTh B. CeTb B 00yuaeTcs Ha nickomom Habope, pu

9TOM BECa IICPCHCCCHHLIX CJIOCB HC MCHAIOTCA.

MeTo/ OTOpHBIX BEKTOPOB OBbLI BIIEPBBIE NpeIokeH B padbote [31]. Maremaru-
YyecKasi IOCTAaHOBKA COCTOUT B TOM, YTOOBI IPOBECTHU TAKYIO TMITIEPIUIOCKOCTb, 3a/1aH-
HyIO ypaBHEHHEM W X — b = (0, 4TOOBI PacCTOSAHKE 10 ONMAKAMIIMX Touek (IMpHHA
MOJIOCHI) U3 OJTHOTO WJIM JPYToro Kjiacca Obu1o MakcuMaibHbM (Puc. 1.11).

[Ipu 3TOM, €ciii Mbl JOMHOXHM BEKTOP W M YUCJIO b Ha OJIMH U TOT e KO3(-
(purmenT, Bua peiieHus He U3MeHUTCs. Eciii Mbl OTHOPMHUpPYEM TakK, YTO BbIpakeHUE
wTiX — b 1 6imkadmx Toyek Kiacca y = 411y = —1 6bU10 OBl paBHO +1 1 —1
COOTBETCTBEHHO, TO IIMPHUHY I10JIOCHI MOKHO BBIPA3UTh KaK W2| Torma 3agauy SVM

MOXHO c(pOpMYIMPOBATH CJEYIOIIMM 00Pa30M:
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Pucynok 1.11: TlocTaHoBKa 3agauu JJisi METOAA OMIOPHBIX BEKTOPOB. AJITOPUTM
HAXO/IUT TUTIEPIUIOCKOCTD TaKYI0, YTOOBI paCCTOSIHUE OT He€ /10 KJIACCOB (IIIMpUHA

HOJIOCLI) OBIJIO MAKCUMaJIbHBIM.

%WTX — min
(1.10)
Y; (WTXZ' — b) Z 1
CTOMT 3aMETUTb, YTO AJITOPUTM B TAKOM IOCTAHOBKE PaOOTAET TONBKO 1151 JIMHEH-
HO pa3/eMMbIX KJaccoB. B cilyuae, Korjaa KJIacchl JIMHEHHO HepaseuMBl, 3a/1a4a

SVM niepecdopmynupyeTcs cieayonmm 00pa3om:

iwTx + C Y& — min
(1.11)
T
yZ(W Xz—b) 21—&

Koappuimentsl £ - 3T0 A0NYyCTUMOE OTKJOHEHHSI OT | JJisi Tak Ha3bIBAEMBIX
00BEKTOB-HAPYIIUTEJIEH, KOTOPble MOTYT HaXOJUTCSl KaK BHYTPH IOJIOCHI, TaK U B
apyrom kiacce. Koagduuuent C' npu 3TOM KOHTPOJIUPYET YEMY ONTUMU3ATOP OT-
aaeT OOJIbIINI MPUOPUTET: IUPUHE TIOJOCH WJIM KOJIMYECTBY "HapyIIuTesnen" .

HJIH HaXOXACHUA OITTUMAJIBHOT'O PEHICHUA UCITOJIb3YIOTCA METOIBI KBaI[paTI/I‘IHOﬁ

ontuMmuzanuy, Takue kak CVXOPT [32]. Pemenre npu 3TOM IONMy4YaeTCsl B BUAE
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JIMHEHON KOMOMHAIUMKA OOBEKTOB M3 00ydaloliell BHIOOPKU W = » . a; ;. OObeKTHI
C HEHYJIEeBbIMU KO3(p(pUITMEHTAMU (v M HA3BIBAIOTCSI OTIOPHBIMHU.

Meton SMV wucnonb30Bajicsi B HECKOJBKMX padoTax I aHaJM3a KJIETOUHBIX
n300pakeHui, TPU STOM Ha BXOJ MOT'YT MOAABAThCS KaK MCXOHBIE MPU3HAKHU (3Ha-
YeHU s IPKOCTU TTUKCeJIel), TaK ¥ MMOCYUTAHHbIe TPU3HAKY, XapaKTepUu3yolye n300-
paxenue B 1iesioM [33,34]. B nocneanee BpeMs, OTHAKO, BCe OOJBIIYIO0 U OOJIBIIYIO
MOMYJIIPHOCTh MPUOOPETAIOT THOPUTHBIE METO/IbI, OCHOBAHHBIE K MpUMeHeHni0 SVM
Ha MIPU3HAKaXx, MOJTYUYEHHBIX C IOMOIIbI0 NpeaoOydeHHo HeliponHoi cetu [35]. Ta-
KOH MEeTOJ IMOJIydaeTCsl aHaJOTMYHBIM TpaHC(EepHOMY OOYUYEHMIO, TOJIBKO BMECTO

UCIIOJIb30BAaHUSI HEUPOHHOM CETH, Mbl UCIIONIb3YeM KJiaccudgukarop SVM.

1.3 MopaeanpoBaHue padoThl BHYyTPHKJIETOYHBIX KOMIIOHEHTOB

1.3.1 /ImHamMuka MUKPOTPYOOYKOBOM CeTH

Cyl1iecTByeT MHOXECTBO MOJIeJIel KaK OT/IEJIbHbIX MUKPOTPYOOUEK, TaK U MUK-
POTPYOOUKOBOI CETH B LIEJIOM, PA3IMYAIOIIUXCS MO ONpeAesIeHUI0 AUHAMUKH, TO
r€OMETPUU CUCTEMBI U T.1. [36,37].

Camoii MpocToii MOJENbIO SIBJSETCS MOJEb OJHOW MUKPOTPYOOUKH, KOTOpas,
0 CYTH, XapaKTepU3yeTcs JIMHON L, U BCSL AMHAMMUKA MTPOUCXOUT Ha IUIIOC-KOHIIE.
B camoMm npoctoM BapuaHTe MUKPOTPYOOUKa MOXET HAXOAUTHCS B JIByX COCTOS-
HUAX: pOCTa U COKpalleHus. M1 B TOM U B APyroM COCTOSIHUM CKOPOCTb POCTa WJIH
COKpAILIEHNS TOCTOSIHHA U SABJISIETCSA KOHCTAHTON MOJIEJIN.

Jlpyrue KOHCTaHThl — 3TO BEPOATHOCTH MIEPEXOAA MEKY COCTOAHUAMU U MAKCH-
MaJibHasl IJIMHA MUKPOTPYOOUKH. Takast MOJiesb MO3BOJISET MOJIYUYUTh OTPAKAIOIILYIO
peasbHOCTh KApTUHY AWHAMHUKHU €IMHUYHON MHUKpOTpyOouku. Hambosnee mponsu-
HYTBIM BapUaHTOM TaKOW MOJEJIM SIBJISIETCS CTOXACTUYECKask MOJAENb, B KOTOPOM
MUKPOTpPYOOUKa MpeCTaBiseT co00i HAOOP CErMEeHTOB, OTOOPAKAIOIINX KJIACTEPDI
TyOyiauHa. Takol cerMeHT MOXeT ObITh IBYX THUIIOB, COOTBETCTBYIOIIMX IBYM COCTO-
sausam gumMepa TyoyiuHa: GTP u GDP. B ganHOM citydae mapamMeTpamMu IMporpaMmebl
ABJIIOTCSA BEPOATHOCTH MPUCOETMHEHNS/YIAIEHASI CETMEHTA U Mepexo/ia CerMeHTa
Y3 OJHOT'O THIIA B APYTOM.

Crenyomuil KJlace MOAEJEN MPEeANnonaaraeT HajJudue MPOCTPAHCTBA KJIETKU U

reOMETPUUYECKON MPUBI3KU MUKPOTPYyOOoUeK. MUKPOTPYyOOUKH MOTYT OBITh KaK JIH-



28

HEHBIMU, TaK U 60Jiee TeOMETPUIECKH CJIOKHBIMU CTPYKTYpaMu. B JaHHBIX MOJIETISAX
3a4acTyio ObIBaeT 100aBJieHa IMHAMUKA MUHYC-KOHIIA MUKPOTPYOOUKH /1J1s 0OTOOpa-
’KEHMS TIpoliecca TpeIMWIIMHTA. B TakoM ciiydyae Kax[plii CEerMEeHT UMeeT, TIOMUMO
CBOUX CBOWCTB B COCTaB€ MUKPOTPYOOUKH, TaKkKe KOOPAWHATHI B IPOCTPAHCTBE CH-
cteMbl. Takue MoJiesiv MO3BOJISIIOT AHAIM3UPOBATH BIUSHUE TAPAMETPOB CUCTEMBI HE
TOJIbKO Ha AMHAMUKY, HO U HA TEOMETPUIO CETH MUKPOTPYOOUEK.

Jlis perieHust HeKOTOPBIX 3ajad ObIBAET HEOOXOIUMO BHECTH B CHCTEMY BO3-
MOXHOCTh HETPEIMWIMHIOBOTO TIepeMeIleHNs MUKPOTPyOOUeK, Harmpumep, MOJ
BO3JIEMICTBUEM TPAHCIIOPTHBIX MOJEKYI. B Takux ciydasx HeoOXOOuMoO paboTaTh
C MEXaHUYECKUMH CBOMCTBaMU MUKpOTpyOouku [38]. Yaie Bcero MUKpoTpyOOUKH
NpUOJIMKAIOTCS TUOKUMU KT'YyTaMH WJIM HECKOJIbKMMU HETMOKUMM Yy4acTKaMH, CO-
€JJMHEHHbIMU 1IapHUpamMu [39].

MexaHn4yecKre CBOMCTBA B I1eJIOM CTaOUIbHON MUKPOTPYOOUKH OBLIN TIPOAHAIIH-
3UpOBaHbI B cTaThe [40], rie cTeHKa MUKPOTPYOOUKH MOJIEIMPOBAJIACh KaK yIpyrasi
JIByMepHasi MIOBEPXHOCTh C BHYTPEHHUM U BHEITHUM PaIUyCOM KPUBU3HBI.

[MaBHBII HETOCTATOK BCEX BHIIEYNOMSIHYTHIX MOJEJNIEH - 3TO OTHOCHUTEJbHAS
MPOCTOTA TEOMETPUHN MOJIEJIBHBIX KJIETOK. DT MOJENN He MO3BOJISIOT BOCIIPOU3BO-

auTh 3(p(eKThl, BOZHUKAIOIINE 32 CUET CJIOKHBIX TEOMETPUUECKUX B3aUMOJICHCTBHIA.
1.3.2 Camoopranuzanuss MUKPOTPYOOYKOBBIX CTPYKTYP

DTOT acleKT AUHAMUKU MOJUMEPHBIX CTPYKTYP SIBJSETCS OJHUM U3 CaMbIX WH-
TEPECHBIX 111 KOMIIBIOTEPHOTO MOJEIUPOBAHUS B CBSI3U C €0 MHOTOKOMITOHEHTHO-
CTbI0, JUCKPETHOCTBIO U TEOMETPUEH.

Ha naHHbIA MOMEHT BBIIEJAIOT IATh CTPYKTYP, KOTOPBIE MMOPOXKIAET CaMOopra-
HU3aLMsI MUKPOTPYOOUeK in vitro: 310 "3Be3aa", "BopoHKa", "my4ok", "mosy3se3ga"
n "konopen”" (Puc.1.5).

Kak npaBuiio, ucciaegoBaTed OrpaHUYMBAIINCh JBYMEPHBIMU MOJEIISIMU, MOTH-
BUPYS 3TO KBa3UIABYMEPHOCTBIO i Vitro CUCTEMbI U BBIUMCIUTEIBHON CJII0KHOCTBIO
TPEXMEPHOUN CUMYJIALIAMN.

Mopenu MUKpOTpYOOUEK Kak MOTYrHOKUX (pUIaMeHTOB BOCIIPOU3BOIAT B JOCTA-
TOYHOU cTeneHu "3Be3/bl", "BOpoHKU" 1 "miydyku" (Puc.1.12A-B) u ux npespaiieHus
APYT B Ipyra B 3aBUCUMOCTU OT KOHIIEHTPALIMK POTHUBOIOJIOKHO OPUEHTUPOBAHHBIX

MoTopoB [ 14]. "Konoausr" 6bu11 Boctipon3BeieHbl B cTaThe [16].
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OpnHako yIOBJIETBOPUTENILHOIO BOCIPOU3BEACHUS "TONTY3Be3/1" Ha JTaHHBIA MO-
MEHT He yHaJoCh TOOUTHCs, HeCMOTps Ha To, uTo B 2011 rogy Head u ap. c sToii
LIeJIbI0 BBEJIM B CUCTEMY JOMNOJHUTEIbHbIE OIPAHUYEHUSI B BUJE B3aUMOOTTAJIKU-
BaHUsI MUKPOTpYyOOUeKk Ha paccrosiHuu [41]. PeanuzoBaHo 3To ObUIO NpU MOMOIIH
noreHnuana JleanHapaa-Ilxxonca. C OgHON CTOPOHBI, OH OOBSICHSET OTTAJIKUBAHHUE
MUKPOTpyOOUeK BOJIM3HU, KaK TeJl HeHyJieBoro padmepa. C apyroit CTOpOHbI, HeHyJIe-
BOE JaJbHOACHCTBUE, UM 00ECTIeUNBAOIIEeCs, BHOCUT UCKAKEHUs B MOJICIMIPYeMOe
siBjieHue. U, HakoHell, B YCJIOBUSIX IBYMEPHOI MO/I€JIA 3TO IPUBHOCUT CUJIbHBIE Or'pa-
HUYEHMS Ha HayaJIbHOE PACIIONIOKEHNEe MUKPOTPYOOUEK — ero yKe TPyJHO Ha3BaTh

ciy4aiiHbiM, XaOoTU4HbIM (Puc.1.12I711).

Pucynok 1.12: BocrnpousBeaeHHbIE B KOMIIBIOTEPHBIX MOJIEJISIX CTPYKTYPHI:

"3Be31bl" (A,I), "myukn" (B), "Boponka" (B) u "nony3se3na” (I1) [14,16,41].
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I'maBa 2

HcnoJsib3yeMble METOIbI AaHAIN3a H300PaKeHN 1 HMUTAMOHHOT O

MO/1eIMPOBaHMS

2.1 IIporpamMmmMHble NPOAYKTHI U OKPYKEHUS

JUist pa3paOoTKY ¥ BU3YyaIU3alMM MOJIEJIM CETH MUKPOTPYOOUEK B reOMETPUN
KJIETKW ¥ CAMOOPTaHU3AIUY CTPYKTYP KJIETOUHBIX MUKPOTPYOOUEK UCTIONB30-

BaJicsl sI3bIK nporpammupoBanust C++ u rpadpuueckas oudmotexka OpenGL.

 Jlnsa aHanM3a pe3yJbTaTOB M CO3AaHUs JUArpaMM UCIOIb30BasIach MporpaMma

Microsoft Excel.

J1st 06paboTKM M300pakeHMiA ¥ rpapuKOB HCITONIb30BaIach mporpamma Adobe
Photoshop CC.

o Jlns cerMeHTauy U300pakeHnii MUKPOTPYOOUKOBBIX CEeTel MCIOIb30BAIAChH

ouosmoreka JDeli.

e s peanu3aliiu HEMPOHHOM ceTu ucnob3oBaMch Oudmoreku Tensorflow u

PyTorch nis a3bika nporpammupoBanus Python.
2.2 CermeHTanusi n300pakeHu MUKPOTPYOOUKOBBIX ceTel

I BBIICIeHN ST OIMHOYHBIX M300pakeH!i KJIETOK ¢ MUKpodoTorpaduii MUKPO-
TPyOOUKOBBIX CeTeil OB pean30BaH METO]] CerMEHTallud, OCHOBAHHBIA Ha 00X0/e
B IIMpUHY Trpada, rae BepIIMHAMHU SBJISIIOTCS TTUKCEIH, U pedpa MpoBeIeHbl MEX Y
COCETHUMU MUKCEJISIMU (B TOM YHCJIE — I10 JUArOHaJIN).

Ha nepBowM 111are anroputMa Mbl BbIJIEIsSIeM CBSI3HbIE KOMITOHEHTHI 3 TTUKCEJIeH
BHIIIIE OTPe/IeJIEHHOTO IMOPOra sIpKOCTH.

Pe3ynbpTat nepporo mara MoXHO yBUJETh Ha Puc. 2.1.

Ha BTOpOM I1are Ha KaxJ0oM peOpe 3ajaeTcss oOpaTHO MPONOPIIMOHATIbHAS SIP-

KOCTH (DYHKIIMSI PacCTOSIHUSI U MPOU3BOAUTCS 00XOA B IMIMPHUHY Tpada ¢ pedpamu
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PucyHok 2.1: Pe3ynbpTat nepBoro mara airopurMa CerMeHTaluu KJIeToK —
BbIJICJICHUSI CBSI3HBIX KOMIIOHEHT B rpadye COCeHUX MUKCeJIe BhIIIe

OIIPCACJICHHOI'O Imopora ApKOCTH.

OTrPaHUYESHHOTO TI0 MOJTYJTIO TIOJIOKUTEILHOTO Beca. DTOT 00XOJ 3aMyCKaJICs U3 Haii-
JACHHBIX Ha TIPEJbIIYIIEeM I1are KOMIIOHEHT, TAKUM 00pa30oM, JIJIsi OCTABIIUXCS TTHK-
ceJieil BBIYMCIISIIOCh PACCTOSIHUE A0 OJVMsKaIeil KOMIOHEHTHI.

Hasiee nukceny MPUMUCHIBAIKUCH K OJiMkaiiiield KoMroHeHTe. Pe3yibTaT BTOporo
1iara aJiIropuTMa CerMmeHTalui MOXHO yBHUIETh Ha Puc. 2.2.

J11s1 TOrO, YTOOHI ITOI00PATh MTapaMeTPhl AITOPUTMA CErMEHTAIH, ObLITU BPY YHYIO
pa3MedeHbl HECKOJIbKO N300paxeHuii ¢ kjaeTkamu. [locie ontuMusanyy napaMmeTpos,
Mepa cermeHTtanuu loU (intersection over union), onpejesieHHas Kak Miomaip mne-
pecedeHust CerMEeHTOB JIeJIeHHasl Ha TUIOMIA b UX OObEIMHEHHs], CTajla TPEeBbIaTh
90%. B cBaA3M C TEM, UTO CEerMeHTAlMA SABJISIETCS JIUIIL BCIIOMOTaTEJIbLHBIM IIaroM
1S KJIacCu(UKAIIMM U TOYHOCTh CETMEHTAIIMK He OKa3bIBaeT OOJIBIIIOTO BIMSHUS HA

TOYHOCTb KJIACCU(PUKALINU, TAJIbHENINAsi ONTUMHU3AIMS HE TPOU3BOAUIIACS.
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PI/IC}/HOK 2.2: Pe3yanaT BTOPOTrO miara aJiropurMa CCrMeHTallu — IPUITMCbIBAHU A

IAKCeJIeN K OJIMKANIIMM KOMIIOHEHTaM CBA3HOCTH, ITIOJIYUYCHHBIM Ha IIarce 1.

2.3 Iloacuer CTaTUCTUKH PAMAJIBHOCTH M0 KJIACTEPY CAMbIX SIPKHX

nMKceJien

JIJ1s1 OLEHKM paJuaIbHOCTH ObUT MPEJIoKEeH METOJl, OCHOBAHHBIM Ha MOJCYETe

CJIEyIOUIEr0 KpUTEPUS:

W= (&= 2m)* + (% — ym)’], (2.1)
teA
ric r+ U Yy — KOOPAHWHATHI TOUYCK, ITPUHAJICKAINX K KJIACTEPY, COCTOAINICMY U3

k% cambIx IpKMX THKCeJel n300pakeHust KIETKH, & Ty, U ¥, — KOOPAMHATHI Ie0-
METPUYECKOT0 LIEHTpa TaKoro kjacrtepa. [IpuMep Takux Kj1acTepoB MOXKHO yBUAETb
Ha Pucynke 2.3. Kak BUJIHO U3 pUCYHKa, AJIS1 CETEN C XapaKTEPHON PaguaaIbHOCTHIO
Takol Kyactep 0ojee KOMIAKTEH, COOTBETCTBEHHO 3HaU€HHE CTATUCTUKU JIOJIKHO

OBITH MEHBIIIE.
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Pucynok 2.3: IIpumepst knactepoB (3% caMbIX IPKUX MUAKCEJEN) A1 PaguaIbHOM

cetd (A) ¥ CeTH C HApYIIEHHON paguaibHOCThIO (B).

OnHaKO YCTOMYMBOCTD TAKOTO KPUTEPHS HAUMHACT CHUKATHCS B CUTYaIUH, KOT/Ia
ucclie/lyemMble KJIeTKH UMET OoJbIoi pa3dpoc mo dopme u pasmepy. s toro,
YTOOBI YUUTHIBATH Pa3Mepsl U (popMy KJIETKH, HaMu OblIa pa3paboTaHa cieayomas

MoaudUKaus KpUTepus:

2 2
(Tt —@m)® | (Yt — Ym)
W, = E [ 5 + 5 (2.2)
a b
teA

rae a v b — JJIMHBI OOJIBIION U MaJIOH MOJyOCeH JUTATICA, ONTUCHIBAIOIIETO KJIETKY
(Puc. 2.4). Ilpu 3TOM n300pakeHre MOBEPHYTO TaK, YTO OCU JIIMIICA MapaJiieTbHbI
OCsIM KOOpAMHAT. TaKoi KpUTepuii MOKET MOKA3bIBATH XOPOIUTYI0 KOPPEJISIHUIO C KOH-
neHTpanueit arenrta (Puc. 3.2), cTaOUIM3UPYIONIEro U 3aIyTHIBAIOIIETO0 MUKPOTPY-
OOUYKH, OTHAKO BBICOKOH TOYHOCTH MYJIbTHKJIACCOBOH KJACCU(PHUKAIMK C TIOMOIIIBIO
OJTHOTO TaKOTO KPUTEpHs T0OUThCA He yaanoch (Tadbmuia 3.1), B cBSA3M ¢ yeM ObLIO
MIPUHSATO PEIIeHUE UCTIONb30BATh CBEPTOYHBIE HEUPOHHBIE CETH, XOPOIIIO 3aPEKOMEH-

noBaBIMe ceOsl B 3aJja4ax paclio3HaBaHUsI U KJIacCU(MPUKAIIN U300paKeHU.

2.4 Kuaaccndukanusa KJIeTOYHbIX H300PaKeHNH ¢ IOMOIIbI0 CBEPTOYHBIX

HEHPOHHBIX ceTel

B cBa3u ¢ HeOOMBIIUM pazMepoM Ha0Opa JaHHBIX (HECKOJBKO THICSY M300paxe-
HUIA Ha KaXIbliA KJ1acc) 00yueHue r1yOOoKOi HEHPOHHOM CETU MOXKET MPUBOIUTH K TIe-

p606yquHIO, T.C. CUTyalluH1, KOrga BMECTO BbIICJIICHUA SaKOHOMepHOCTeﬁ B I/1306pa-
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Pucynok 2.4: [Ipumepsl KJIETOK pa3HbIX pa3MEPOB U OINKCHIBAIOIIETO KJIETKY

sunca (C).

’KEHUH, TTO3BOJISIONINX JIeJIaTh BHIBOJ O €r0 CBOWCTBAX, CETh B OMPE/ICJICHHOM CMBICTIC
HAaYMHAET MPOCTO "3alOMUHATL" 00yJavi HA0Op JaHHBIX U TEPSAET CIIOCOOHOCTD
K 0000IIEHNIO HA HOBBIE JaHHBIE.

B srtoit padoTe miist 60ppObI ¢ IepeoOydYeHrneM HaMu OBLIM UCITOJIb30BaHbI CJIETY-

I0mMye 1rmoaxoabsl 1 METOObI:

o O6yquHe CCTN HpOCTOfI APXUTCKTYPHI JJId YMCHBIICHUA BO3MOXKHOCTU CECTU

K IepeoOyUYeHHIO.
* AyrMmeHranus u300pakeHuid ISl yBeJIMYeH!sl pa3Mepa Habopa JIaHHbBIX.

» TpancdepHoe oOyueHue npeaoOydeHHOH IITyOOKOH HEMPOHHOM CEeTH.

2.4.1 OoOy4yeHHe ceTH MPOCTOM APXUTEKTYPHI

Ha Puc. 3.3 npeacrapiieHa cxema UCIOJIb3yeMOU CETH POCTOW apXUTEKTYPBI.

[TpocTast apxuTeKTypa MO3BOMSAET U30€KaATh NMEPeoOyUeHHsT Ha MaJoM KOJr4e-
CTBE JAHHBIX.

['unepniapaMeTpbl 00yYeHHsI BApbUPOBAIUCH MIPU STOM B CJIEYIOIIMX WHTEpBa-

Jax:

1. KonnyecTBO CBEPTOUHBIX CJIOEB BApbUPOBAJIOCH OT 1 110 5.

2. KonnuecTBo ¢10eB myvHra BapbupoBasoch ot 0 1o 5.
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3. KonmnuectBo (puibTpoB B CI0SIX BapbUPOBAIOCH OT 8 10 256.
4. Pa3mepsl CBEpPTOUYHBIX CJIOEB BAPbUPOBAIIUCH OT 2X2 10 5X35.
5. KoanuecTBo MOHO3BA3HBIX CJIIOEB BAPbUPOBAIOCH OT 1 10 4.

6. PazMepbl NOJHOCBS3ZHBIX CJI0€B BapbUPOBAIUCH OT 16 10 512.

durHabHBIE TapaMETPBI ITPEACTABJICHBI B I1aBe 3.1.2.
2.4.2 Ilpumenenue macku sharpen

MukpoTpyOOUKN — JIMHEHHBIE CTPYKTYPhl MTOCTOSIHHOTO AuaMmeTpa. B cBs3u ¢
STUM JIOTUYHO MPEIIONIOKUTh, YTO MH(POPMALIMA O TEOMETPUM CETA M CBOMCTBAX
3TOro0 KOMIIOHEHTa LIUTOCKeseTa OyAeT B JOCTATOUYHOW CTENEHU BOCIIPOU3BE/IEHa B
clIy4dae, eCJId Mbl Oy/IeM paccMaTpuBaTh MUKPOTPYOOUKH Kak Jie-(pakTo OJTHOMEpHbIE
CTPYKTYPBHL.

OpnHako, B CBsI3U C OCOOEHHOCTSIMU NOTyuYeHus1 MUKpodoTorpaduii KJIEeTok, Ta-
KHX Kak Bapbupyolleecs (POKYCHOE pacCTOSIHUE, UHTEPIIPETALINS CEThI0 MOXKET OBITh
3aTpyJHEHA.

YTOoOB! yAYUIIUTh CTPYKTYPUPOBAHHOCTh U300paXEHWIA, OJHOW U3 MPUMEHEH-
HBIX Oomnepaiuii ObUIO0 KCTIONIb30BaHue Macku sharpen u3 6udbmotexu PIL miis s3bika
Python.

PesynbTaT npumeHeHus 3Toi onepanuu uzooOpaxeH Ha Puc. 2.5.
2.4.3 TpancdgepHoe o0yueHne mpego0ydeHHON IIy00K0O HEHPOHHON CeTH

It tpaHcepHOro 00y4YeHu st UCTIONB30BAJIHMCH ITPe 100y YeHHHbIC Ha Habope 1aH-
Hbeix ImageNet [30] cetu VGG [29], ResNet [28] u MobileNet [42].

OT npenoOyYeHHBIX ceTeil B ceTh JJIsi KOHEUHOU KiIacCU(pUKAINU TIepeXOann
TOJILKO CBEPTOYHBIE CJIOU, TIOCTIE KOTOPBIX CJIEJIOBAJIN MOJTHOCBSI3HBIE CJIOU pa3Mepa
128 u 64 Heitpona. B nporiecce 0OyueHns: Ha HaOOpe TaHHBIX C KJIETKAMU MapameT-
phI (Beca) CBEPTOYHBIX CJI0eB (PUKCUPOBAIUCH, M 00YUYAIUCh TOJBKO MOJTHOCBSI3HBIC
ciou. Takoil noaxo/ no3possieT n3dexaTh nepeodydeHrst OONbIION CeTH, IPU ITOM

UCIOJIb30BaTh OOJIBILON CIIEKTP BBIAEISAEMbIX €/ IPU3HAKOB.
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Pucynok 2.5: N300paxeHue KJaeTku A0 (cieBa) u nocje (crpana) MpUMeHEeHUs]

onepanuu sharpen uz 6udmorexku PIL nis s3pika Python.

2.5 Mogejb MUKPOTPYOOYKOBOH CETH B KJIETOUYHOH reOMeTPHH

OCHOBHO# CTPYKTYPHBII 3JIEMEHT POrPAMMBbl — 3TO BUPTYaJbHbINA KJIACTEP TY-
OyJIMHA, KOTOPBIA NpeCTaBiIseT coOON HAIpaBICHHBIN UIMHIP CO CJIETYONMMU
napaMeTpaMu: KOOPAUHATHl B KJIETOYHOM TPEXMEPHOM IPOCTPAHCTBE, BEKTOP Ha-
MIPaBJIEHHOCTH, CTeNeHb (POCHOPUIMPOBAHUS MPUCOEAUHEHHBIX HYKJIEOTHUI0B, pa3-
Mep (KOJIMYECTBO JUMEPOB TyOyJIMHA B KJIACTEPE).

Kitactepsl opraHu30BaHbI B 11eTY (BUPTYyajbHbIe MUKPOTPYOOUKH). Ilens — mac-
cuB TuIa list BUPTyaJbHBIX KJIACTEPOB.

KoHcTaHThl 1 iepeMeHHble: KO3 (PUIIMEHTHBIE BEPOSTHOCTU IEWCTBHIA, pacripe-
AeJIEHUE BEPOSAATHOCTH YIJIOB [TIOBOPOTA KJIacTepa, KO UIIMEHT MPOYHOCTH MUKPO-
TpyOOUeK, KOHIIEHTparus TyOyIrHa, pa3Mephl KiacTepa.

BeposiTHOCTh JOOaBieHUs1 KjiacTepa K KOHIY MUKPOTPYOOUKM oOmpepelisercs

opmyoii:

Oattach X Nfree
Y

‘/cell X N, a
rae Pitqacn, — WATOTOBast BEPOATHOCTH MpubaBieHus kaactepa, Cguacn, — KOID-

Pattach = Cattach X Cfree = (23)

(punneHTHAsA BepOATHOCTD, C'fyee — KOHLIEHTPALMA CBOOOAHOTO TYOYIMHA, N fpee —
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KOJIMYECTBO TUMEPOB TyOyJIuHA B pacTBOpe, Vi — OOBEM BUPTYaJIbHOU KJIETKH,
a N, — uucyno ABoraapo. Takum oOpa3om, BepOSTHOCTb NIPUCOESAMHEHUs TyOY/ M-
HOBOT'O KJIacTepa MpsMO MPOMOPIIMOHAIbHA KOHIIEHTpAIi CBOOOAHOTO TyOYy/IMHA B
KJIETKE.

BepositHocts ynanenuss — Pyettach = Clettach » The Cp — K03 PUlIMeHTHAS
BEPOSTHOCTH y/IaJieHHs. DTa BEPOSITHOCTh HE 3aBUCUT OT KOHIIGHTpAIMK TyOy/IMHA.

BeposiTHOCTB pazioma 1ienu paBHa Pyeqr = 1 — 1.5Creak—Lenain ppe [ —
amHa 1enu, Chqq... — Koaddurment pasznoma. [Ipu paznome oOpa3yioTcs aBe He3a-

BHCUMBIE IIeTTH. BeposITHOCTh pasyioma BhIllIe y 0oJiee IJTMHHBIX IIeTICH.

Cnucl X Nfree

Voou XN, ° I'Ie Cnucl

BeposiTHOCTB HykJI€auu (B CIydailHOM MecTe) — P =
— 3T0 K03 PUIMEHTHASI BEPOSITHOCTh HYKJICAIIWH.
[Ipu mpucoenrHeHN HOBOTO OOBEKTa K IIeMU ONpPEAesAioTCs CIeayoiue IBa

napamerpa:

* Poranmonsslii yron — w = random|0 : 1] x 2.

* Yroa OTKJIOHEHHUsI OT OCH MpeAbIAYyIIero kiacrepa — ¢ = random|0 : 1] x
0.57.

[lepen Tem, Kak 106aBUTh HOBBIH KJ1acTep K LIeTH, TPOUCXOAUT MPOBEPKA HA BO3-
MOKHOE TepeceyeHre C yxke CYIEeCTBYIIMMU 00beKTaMu. B ciyuae nepecevenus
HOBBIi Ki1acTep He 100aBseTcs.

B BupTyasnbHOM KJIETKE MBI BBEJIM HECKOJBKO 30H, COOTBETCTBYIOILMX Pa3HBIM
BJIMSIIOIIMM Ha MUKPOTPYOOUKH 3JIEMEHTaM KJIETKU peajbHOM: BUPTyaibHasI IEHTPO-
coma — 30Ha U3MEHEeHUs KO3(h(PULUEHTHON BEPOATHOCTU HyKJ€allu, BUPTYyabHAas
30HA 3adKOPUBAHUA — 30HA MU3MEHEHHOTO KO3((puuueHTa Aeselnud, BUPTYaJbHOE
AAPO — BHYTPEHHAA I'PAHULA BUPTYaJIbHOI'O IIPOCTPAHCTBA.

WuTepdeiic nomyuuBLIeiics MporpaMMbl MOKHO YBUIIETh HA PUCYHKE 2.6.

2.6 Mogeab caMOOpPraHU3aNd MEKPOTPYOOUEK in vitro

J71s1 TOro, 4TOOB COBMECTUTD MPOCTOTY ABYMEPHOM 1 PEATUCTUIHOCTh TPEXMEp-
HOW MOJIeJiel, ObLT CITOJIb30BaH KBAa3UTPEXMEPHBIN TIOAXO0/I, KOTOPBIA 3aKJII0YACTCS
B TOM, YTO MbI BbIAETAEM Njgyers ABYMEPHBIX CJIOEB, MEXK/Yy KOTOPBIMUA MOT'YT C Be-

POATHOCTBIO Pjgyer NEPEXOAUTH MUKPOTPYOOUKM M CBOOOAHBIE MOTOPHL. IIpn 3TOM
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Values | Zomes | Fluorescence |

MinusA add: ’g—
MinusAdel: W
MirusB add: ,g—
MinusBdel: ’W
PlusR add: ,W
PlusFdel: ’g—
PluzB add: ,g—

PlusB del: W
New: ’W
R-»B: W
B-»R: ’D—
concentr. M/L: W

‘Wolume, mh*3: 2727015
Max molecules: 4324388

POW:
Break:

|1D—
-
Malec. len., nm: ’3—
MT Radiug.nm: ,T
Molecules num.: ,55—
ct_depth, obj; ’4—

'—

ImgSize.nm: 20000

Apply

[~ Grid I Aues

Flay / Pause

Catastrophes Save settings

Load top Load Settings
“hains: 900 Objects: 2348775 Conc. M/L: 1.56927E-05 Turr: 21066 Left Right - Close

PucyHnok 2.6: UnTepdeiic mporpammsl Mimitation, BOCIPOU3BOASIIEH AMHAMUKY

MUKPOTPYOOUKOBOI'O CKeJIeTa KJIETKHU.

MeXay OO0 MOT'YT B3aMMOJAECHCTBOBATh TOJBKO OOBEKTHI, HAXOIAIINECS Ha OHOM
clioe.

Kamis pacTtBopa, B KOTOPOUl HAXOASATCS MUKPOTPYOOUKH, MPEACTaBICHA KPYTOM
paauyca R. B karne Haxogarcs Ny py s MUKPOTpYyOOUeK cpenHeit ymnsl L, N, 1oc
u N_ MUHYC OPUEHTUPOBAHHBIX MOTOPOB.

MukpoTpyOOUKH CMOICIMPOBAHBI COTJIACHO MEXaHW3MaM, TIPUBEJICHHBIM B CTa-
The [39], 1 npeacTaBIAIOT cO00M Henu U3 Nyegments, COEAUHEHHBIX YIPYTUMHU COYJIE-

HEHUSAMU, CO3AI0IIMMU BpalAOIINiA MOMEHT, PACCYMTAHHBIN 110 (popmyie:

Mi = 5d(7’[’ — 047;), (24)

rae d — JUIMHA CerMEeHTa MUKPOTPYOOUKH, [ — KOI(P(PUIIUEHT KECTKOCTH, a (v

— YIoJI MCXKX1y CCIMCHTaMMU.
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MoTopbl MOIEIMPYIOTCA KaK KPyrd Majoro paguyca, KOTopble MOTyT MpU KOH-
TaKTe C MUKPOTPYOOUKO# C BEPOSTHOCTBIO Pyytqch MPUCOSTUHUTHCS K Heil. MOTOpHI
ABYXBAJICHTHBI: MOTYT NIPUCOEANHUTH K ceOe OMHOBPEMEHHO He 0oJiee JABYX MUKPO-
TpyOouek. [lociie mprcoearHEHUsI MOTOP IBUKETCS MO TPYOOUKE CO CKOPOCTHIO ¥ B
COOTBETCTBYIOIIIEM HAIPABJIEHUH (B 3aBUCUMOCTH OT OPUEHTALIMU MOTOpa). [locTur-
HYB KOHIa MUKPOTPYOOUKH, MOTOP MOXET OTCOEAMHUTHCS C BEPOSITHOCTBIO Detqch.-
BepogaTHOCTh Takke 3aBUCUT OT TUIIA MOTOPA.

CB0oOOIHBIE MOTOPHI MEPEBUTAIOTCS IO OPOYHOBCKUM 3aKoHaM [43].

Bsi3zkas cpema co3gaer mJisl ABMKYIUXCS MUKPOTPYOOUYEK U MOTOPOB CHITY CO-
npoTuBieHus 1o 3akoHy Ctokca. ConpoTUBICHNE UTOILIA3MBI [J1s1 MUKPOTPYOOUeK

paccunThiBaeTcs o (opmysie Peiinm:

Fg = 6mnro, (2.5)

rJie 1) — 3TO JUHAMMUYECKas BSI3KOCTbh LIMTOIIa3Mbl, 7 — paauyc (miomaab ce-
yeHUs1) 00beKTa, U — CKOPOCTh OOBEKTA.
Kak mapameTpbl HAMH BapbUPOBAIUCH KOHIIEHTPAILIUA MOTOPOB U pa3Mepbl Kariu

1 MUKPOTPYOOUEK.
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I'maBa 3

Pe3yabTaThl aHaJIM3a U MOJAEJUPOBAHUSI MUKPOTPYOOUKOBBIX CHCTEM

3.1 AmnaJju3 reoMeTpHH MHUKPOTPYOOUYKOBOI CETH

Pe3ynbTaThl, ONMcaHHbIE B 9TOM Il1aBe, OmyOJMKOBaHBI B padoTax [44,45].

Il SKCrepuMeHTa Mo aHaJIM3y TeOMETPUM MUKPOTPYOOUKOBBIX CeTei ObLT Co-
OpaH HaObOp JTaHHBIX C U300paxeHUAMHU KJeTok JuHA CV 1 1o pa3HbIMU KOHIICH-
tpamsavu (0, 0.1 u 1M) areHTa makjaMTakcesb (Takcoi), 00J1aIaloIero MpoOTHBO-
pakoBbIM JeficTBueM. [IpyuHIMT AefCTBUS MpernapaTa 3aK/I0vaeTcs B CTaOUIu3aIum
MUKPOTpPYOOUeK, MpeJoTBpaIleHus] uX pa300pKu, U KakK CJEJACTBHUE, 3aIyThIBAaHUS
MUKPOTPYyOOUKOBO# ceTH. Tak Kak MUKpOTPyOOUKOBasl C€Th aKTMBHO y4acTBYeT B
npoliecce KJISTOYHOTO JIeJICHUs, TO 3allyThIBaHUE MPUBOAUT K MHTMOMPOBAHMIO PO-
CTa OITYXOJIN.

[TpumMepsl N300pakeHUi KJIETOK MOJ BO3AEHCTBUEM Pa3HbIX KOHIIEHTPALIMI TaK-

coJia MOXXHO yBHUIeTh Ha Puc. 3.1.

Pucynok 3.1: [Ipumepst nzo0Opaxkenuii kjieTok Juaun CV 1 noja pazimyHoin

koHieHTpauuei takcona (0, 0.1M u 1M).

BbUTH MOCTaBJICHHI CIIeAYIONIME 3a/1a4uM KiaccugpuKamy n300pakeHnH:

e MynbpTHKIIaccoBas Kiaccudukanusa Ha 3 kiacca (0, 0.1, 1).
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* bunapnas kinaccudukanus (0 vs. 0.1).
* bunapnas kiaccudukanus (0 vs. 1).

* bunapnas kinaccudukanus (0.1 vs. 1).

Bcero 6bu10 cobpano o 200 nzo0pakeHui rpynn KJIETOK IS KaXI0T0 Kjacca,
YTO MO3BOJMIIO MOMYYUTh 0KOJIO 2000 n300pakeHUit UHIUBUYyaTbHBIX KJIETOK ISl
Ka)kJIOTO 3HAYEHHUs] KOHIIEHTPALIMA XUMUYECKOTO areHra.

EnuHnaHbie n300paXkeHus KJIETOK ObLIU BBIJCJICHB METOIOM, OITMCAHHBIM B TJia-
Be 2.2. [locne BeigeaeHsT n300pakeHus1 ObLIN TiepeopMaTUPOBAHBI B pa3pelieHre
300x300 nukceneii.

[ToMrMMO aBTOMAaTUYECKUX METOJIOB, KJIETKU TaKxke ObUIM KJacCu(pUIIUPOBaHBI
TpeMs 3KcrepTaMu. Pe3ynbTaThl 3KCIEepTHON KjaccuduUKalui B JBYX BapUaHTaXx
onpeJeseHus Kaacca (ToJI0COBaHUE SKCIIEPTOM M JIYUIIMA IKCHEPT MO OOIIei TOY-
HOCTH) npeacTasieHsl B Tabmuue 3.1. s kiaccudukarnuu Ha 3 kiacca (0 vs. 0.1M
vs. 1M) 6s1m rcrionb3oBanbl 300 kiretok. [s kinaccudukamum Ha 2 kiaacca — 200

KJIETOK.
3.1.1 Amnaau3 reomMeTpuu peruoHoB hayopecueHIun

3HaueHUs XapaKTEPUCTUKU KJIACTEPHOIO aHa/IM3a, OMMCAHHOM B IiaBe 2.3, Moj-
CUMTAHHbIE HA Pa3HBIX YPOBHAX (B MPOIIEHTax) BHIOOpA CaMbIX SIPKUX IMHUKCEJeH,
nokasassl Ha Puc. 3.2.

Kak BugHO u3 Puc. 3.2, nmony4yeHHast XapakTEPUCTUKA MTOKA3bIBAET KOPPEJISIIHUIO C
YPOBHEM KOHIIEHTPAIIMU TaKCcOIa, 0COOEHHO Ha yPOBHE BHIOOpA CAMBIX SIPKUX MHKCE-
neit B paitone 1-3%. OpHako kiaccuukanys KJIETOK 110 OAHOMY 3TOMY NTOKa3aTeJo
YCTYMaeT KaK SKCIEPTHBIM OLIEHKaM, TaK U METOJlaM, OCHOBaHHbIM Ha NMPUMEHEHUU

r1yOOKuX HelpoHHbIX ceTedt (Tabnuma 3.1).

3.1.2 AHaan3 MHKPOTPYOOUKOBBIX ceTel ¢ MOMOIIbIO IIIyOOKHX HEHPOHHBIX

ceren

Tak Kak B U300pakeHUsIX MUKPOTPYOOUEK MPUCYTCTBYET TOBOJIBHO MaJIO€ KOJIU-
YeCTBO MH(POPMATUBHBIX MPU3HAKOB (B OTJIMUKE OT, Hanpumep, 6a3bl ImageNet, rie

CO6paHI)I I/I306pa>KCHI/ISI 0OBEKTOB HECKOJIbKUX TBHICSIY KJIaCCOB) N CaMO KOJIMYECTBO
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PucyHok 3.2: 3HaueHre MOCUYMTAaHHON XapaKTEPUCTUKU KJIACTEPOB (PIIyOpeCLICHIINN

1151 KJIETOK C pa3in4yHoOi KoHieHTpanuei takcona (0, 0.1M u 1M).

n300pakeHUH JOBOJBHO MAJIO B CBSI3U CO CJIOKHOCTBIO SKCIIEPUMEHTA, UCTIOIb30Ba-
Hue ctangaptheix ceteid (VGG [29], ResNet [28], MobileNet [42]) B crangapTHOM
ke pexume o0ydeHUsI IPUBOJUT K HEN30E)KHOMY MepeoOyUeHuIO.

B nogo6HbIX citydasix 0ObIYHO UCTIONBb3YeTCs IBa OCHOBHBIX ITO/IXO0/IA: MCIIONIb30-
BaHUE YaCTU HEUPOHHOM CeTH C TIpe100yUeHHbIMI BECAaMH U YMEHBIIICHUE TeOMETPUH
(KoJmMYecTBa CJIOEB M HEHPOHOB B CJIOSIX) CETH.

B sToit padoTe O6buM TpMEHEeHBI 00a MOaX0a.

B kadecTBe ceT yMeHbIIIEHHOH T€OMETPHUH UCTIONh30Baach CeTh, N300paKeHHAS
Ha Puc.3.3.

Ona cocTout u3 cileaymmux CJIOCB:
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1. BxonHoii cioii — yepHo-0enoe 8-6utoBoe nzodpaxenue. Pazmep — 300x300

ITAKCEJIEN.
2. Cseptka. 16 ¢punstpos. Pazmep punbrpa — 2x2. Hlar — 1x1.
3. Makc-nyausr. Pasmep agpa — 2x2. [lar — 2x2.
4. Cseptka. 64 punbtpa. Pazmep dunbrpa — 3x3. [llar — 1x1.
5. Makc-nysmunr. Pasmep sanpa — 2x2. Hlar — 2x2..
6. IlomHOCBA3HBIN cJloii. 32 HelpoHa.
7. T1onHOCBSA3HBIN cJI0i. 32 HelpoHa.

8. BbIxomHO¥ c/ioil — (pyHKIMS aKkTUBALIMKM softmax ¢ KaTeropuajbHOM KPOCCIH-

TPOIUEN B KAYeCTBE (PYHKIIUU MOTEPD.

Pucynok 3.3: ApxuTeKkTypa CBEpTOUYHOM HEUPOHHOU CETU MPOCTOW Fr€OMETPUU I

KJlacCU(UKaluu KJIETOK.

[TapameTpsl 00yueHus ceTH (TakKe Mocje ONTUMU3AIUKN) ObUIM BHIOPAHBI CIIEdY-

Io1mme:



44

e Onrumuszarop — "NAdam" ("Adam" [46] ¢ meTogom umnynsca Hecteposa).

CkopocTtb o0ydyernss — 0.002.

Koadduument L2 perynspuzanuu — 0.01.

Koappumment dropout — 0.5.

Pa3mep BeiOOpKH Ha miare oOydenus (batch) — 32.

Jist yiydieHusi paOoThl CeTU Tak:ke ObUTM MPUMEHEHBI CJIEAYIOIINe METO/Ibl 00-

pabOTKM JaHHBIX:

» boula npumeHeHa Macka sharpen 6u6smoreku PIL mis s3pika Python. Takas

onepanuvAa 1oMoracT IoBbICUTb PE3KOCTD I/I306pa)KeHI/IH.

o Jly1s1 yBeIMYEHUS KOJTMYECTBA IaHHBIX K M300pakeHUSAM ObUIM MTPUMEHEHBI OTIe-
paiyu OTpakeHUsl U MOBOPOTA, YTO MO3BOIUIIO YBEJIMYUTh KOJTUUECTBO U300-
paxeHuit 1151 oOyueHust B 8 pa3. CTOUT OTMETUTh, UTO U300paKEHUs, SIBJIS-
folecs: MpeoOpa3oBaHUsIMU JIPYT Apyra, He pas[esisyiuch Mo 00yJaoluM

TECTOBbBIM BBI60pKaM OJIA YUCTOTHI 9KCIICPUMCHTA.

Pe3ynbraTsl KiaccUUKAIMM C TTOMOIIBIO TAKOW CETH TMpPeJCTaBJIeHbl B TaOJIM-
ne 3.1. Kak BugHO 13 TabJMIBI, C TTIOMOIIBIO TOTIOJHUTEIBHBIX METOJJOB 00pabOTKU
AEHCTBUTEBHO YAAETCS MOBBICUTh TOYHOCTD.

[Ipu 3TOM Takas ceTb AJOCTUrAET CPABHUMBIX PE3YJIbTATOB C SKCIIEPTHOM OLIEHKOM,
a B ogHoM ciyvae (0.1M vs. IM) — naxe NpeBOCXOAUT IKCHEPTHYIO OLIEHKY I10
TouHoCTH (p-value = 0.008).

JList BTOoporo nmoaxoja ObLIM UCIIONb30BaHbl MIPe100yYeHHbIe Ha HaOope JaHHbIX
ImageNet rny6okue Heiiponnsie cetu (VGG [29], ResNet [28] u MobileNet [42]).
Beca cBepTOUHBIX CJIOEB B THUX CETSAX ObLIM (PUKCUPOBAHBI M J1000YUYAIUCh TOJNb-
KO Beca MOCJEIHEro, MOJHOCBS3ZHOrO cjos. Jlydinmuii pesysbTaT Mokazajia CeTb
MobileNet [42]. Pe3yabTaThl 3TO# ceTH Takxke npeactaBieHsl B Tadomuie 3.1. Tak-
K€ Ha MPU3HAKaX, MOJTYYEHHBIX C MOMOIIbI0 MPeAo0yUeHHONH HEHPOHHOM CeTH, ObLI
o0ydeH aaroput™ SVM.

Kak BumHO u3 Tabmmiwst 3.1, TpancdepHoe oOydeHre MoKa3biBaeT XOPOIne pe-

3YJIbTAaThl, HCCMOTpPA Ha TO, YTO M3HAYaJIbHAA CCTb Obl1a Hpe)106yqua Ha OJaHHBIX
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apyro# npupoasl (ImageNet). 9To rOBOpUT O TOM, YTO CBEPTOYHBIE MPU3HAKH TIPE-

N00yUYEHHOI CeTH MOKPHIBAIOT IOCTATOUYHOE KOJIMUECTBO MH(POpMaIK 00 n300pake-

HUUN.
3anava | Tomoc. | JIyummii | Kn. | CNN | CNN-T | CNN-T-S | CNN-SVM | CNN-Tran
3 KkJacca 62 62.7 61 | 57.7 59 66 75.0 76.7
0vsO0.1 89 90.5 80 | 79.5 84 88.5 90.5 93
Ovs1 90.5 93 76 88 90.5 91 93 96.5
0.1vs1 51 52 60 55 56 70.5 70.5 71

Ta6smna 3.1: Pe3ynbrathl (B mporieHTax) KiaaccupuKai N300pakeHNil KJIETOUHBIX
MUKPOTPYOOUEK 1MO/1 BO3/ICHCTBUEM PA3IMUHBIX KOHIIEHTPAIIMI Takcosa. 3a1auu
CTaBWJIKCH B BUJIe MYJIbTUKJIACCOBOM KilaccuguKkalmy Ha 3 Kjiacca U OMHapHBIX
KyaccupuKanui a1 nap KoHeHtpanuii. [IpuBeneHbl pe3ynbTaThl IBYX
9KCMEePTHBIX KJIaccudUKauil (171 TOJT0COBAHUS SKCIIEPTOB U /JIsl Jy4IIero
IKCIIEPTa), KJIACCU(DPUKAIIUU C MOMOIIBI0 KJIACTEPHON XapaKTePUCTUKHU, U YETHIPEX
KJ1accu(UKalri ¢ TOMOLIbI0O HEUPOHHBIX CETEN: CBEPTOYHAS CETh IPOCTOMN
reometpuu (CNN), cBepTOUHast ceTh NPOCTON reoMeTpUn ¢ A00aBICHUEM
TpaHcroHnpoBaHHbIX n300paxenuit (CNN-T), cBepTouHast ceTb mpoCTOi
reoMeTpuu C J00aBJIeHUEM TPAHCIIOHUPOBAHHBIX M300paxeHuil u Macku sharpen
(CNN-T-S), npenoOydeHHas ceeptounas ceth ¢ nocieayiomum SVM (CNN-SVM),
CBEPTOYHAS CETh CJIIOKHON T€OMETPUH C MCIIOJIb30BaHUEM TpaHC(EPHOTO 00yIeHHsI
(CNN-Tran).

3.2 MopgejupoBaHue THHAMUKH MAKPOTPYOOUYKOBOH CeTH

PesynbTaThl, ONKMCAHHBIE B ATOM IJIaBe, MPOIILIM SKCIIEPTHYIO OIIEHKY U OIMyOJIu-
KOBaHHI B paboTtax [47-52].

Harma nporpaMmma XopoIllo MIMUTHPOBaJIa MOBEACHUE MHUKPOTPYOOUEK B ITUTO-
Tia3Me KJIeTKU, OCOOEHHO B OeCLIeHTPHOJISPHBIX IuToriactax. Habmomamck co-
OBITHSI, COOTBETCTBYIOIIME TUHAMUYECKON HECTAOMIBHOCTH U TPEAMMUUIMHIY MUK-
porpyOouek. [lanee mpeacTaBlieHb! pe3yJibTaThl U3YUCHHS BIMSIHUSA IMapaMeTpOB Ha

AVWHAMUKY Y MOBEJIEHUEe MUKPOTPYOOUYEK U FT€OMETPUIO LIUTOCKJIETA.
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3.2.1 Dxkcnepument MuruucoHa-Kupmnaepa

W3BecTHbIit orbiT MuTuncoHa-KupiiiHepa cocTout B TOM, 4TO B IPOOUpPKE C CO-
OpaHHBIMU MUKPOTPYyOOUKamMu OHM (PparMEHTHPYIOTCS MyTeM MPOMyCKaHHs depes
IIIPULL C TOHKOW WIJVIOW, HO 4epe3 HEKOTopoe Bpemd B npucyrcrBuu I'T® anuna
MUKpPOTpyOOUeKk BoccTaHaBiMBaeTcs. [Ipu 3TOM (pakTUYECKH KOJIMUYECTBO MHUKPO-
TpyOOUeK CHauvaja yBEJMUMBAETCS B pasbl (3a cueT (pparMeHTalvu), a B Mpolecce
BOCCTAHOBJICHUS BO3BPAILAETCSA K UCXOAHOMY.

I8 Bocnipon3BeIeHr sl OTbITa B MOJIEJH MOCJIe CTAaOUIN3AU MUKPOTPYOOUKO-
BOil ceTn ObUT ymeHbllleH napamMeTp Ciyeqk, MOCHIE YEro HenH MOABEPIIMCh MHOTO-
YHCJIEHHBIM pa3jioMaM. W, HeCMOTpsI Ha MPOCThIe 3aKOHBI PAOOTHI CUCTEMBbI, MOJIEIb

IIOJIHOCTBIO M B TOYHOCTH OTpa3uJia IMoBeIeHre peanbHoi cuctemsl (Puc.3.4)

Pucynok 3.4: BocripousBenenue B Mojiesiv Skcnepumenta Mutuncona-Kupiisepa.

3.2.2 Poub I'T®-a3Hoil aKTUBHOCTH TyOyJIHHA

I'mppomus I'T® — 310 OoguH U3 (PaKTOPOB, BIMSHUE KOTOPOrO Ha JAMHAMUKY
MHUKPOTPYOOUKOBOI CETH U3YYEHO IJIOX0, B OCHOBHOM M3-3a TOTO, YTO MaHUITYIIH-
poBaTh 3TUM (PAKTOPOM in Vivo UCKIIIOUUTENIBHO CJIOXKHO. B Mogenn ke n3MeHeHue
napameTpoB [ ' TdP-a3HOI aKTUBHOCTH 3aJ7I0)KEHO B MHTEP(QENC, U IIPU €€ OTCYTCTBUU
BeCh TyOYJIMH HaXOAUTCS B OAMHAKOBOM COCTOSIHMM. Kak Mokaszanu BUpPTyaJibHbIE
9KCHIEPUMEHTBI, IPUCYTCTBUE THIPOINA3a KPUTUYHO JIJIs1 CTAOMIM3AINY TUTIOC-KOHIIA

MUKpOTpyOOoUeK u cucteMsl B 1iejoM (Puc.3.5). B orcyTcTBUE ruaponmsa cucrema
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npeTepreBaeT 3HauuTeIbHble KosieOanus (Puc.3.5A), B To Bpems Kak B €ro npucyT-

CTBUM CHUCTEMa CyIlecTBeHHO Oojiee cradmibHa (Puc.3.5B-T).

Pucynok 3.5: Biusinue I'T®-a3H0i1 akTUBHOCTH TyOy/IMHA Ha IMHAMUKY Pa3IMYHBIX
9JIEMEHTOB ceTU MUKpOTpyOouek. A,B,I") 3aBUCUMOCTb KOJTMUYECTBA CETMEHTOR
TyOy/IMHa B MUKPOTPYOOUKax OT BpeMeHH B oTcyTcTBUM [ Td-a3HOM aKTUBHOCTH
TyOyauHa (A) u B ee npucytctBuu (B,I') npu pa3nnuHbx K03 pUIMeHTHbIX
BEPOATHOCTAX MprcoequHeHns TyoyiuHa (A,I') u ero orcoenunenus (B). b) Bun

MOJIEJIbHON MUKPOTPYOOUYKOBOI CETH O€3 THAPOIIN3A.

3.2.3 BumnsHue reomeTpuu KJIETKU

OpanM U3 HamOoJee CIOXKHBIX IS M3yYeHUs MapaMeTpOB, BIAUSIONIMX Ha JU-
HAaMUKY U COCTOSIHUE MHUKPOTPYOOUKOBOW ceTH, siBseTcsl reometrpus KieTtku. Co-
3[JaHHAs] HAMU MOJIEJIb TTOJAXOIUT U JJ1s1 9TOU 3a7a4u. B 4aCTHOCTH, NpU U3MEHEHUU
reoMeTpuu KJIETKH Ha 6oJiee CI0KHYIO (HO COXpaHeHHUH TOTo ke 00beMa) CHUKACTCS

noTteHuua nomumepuszanuu (Puc. 3.6).
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Pucynok 3.6: BiimsiHre reoMeTpun KJIETKUA Ha IOTEHIMA TOJIMMEPU3ALINU TTPU
HU3KOM (A) 1 Bbicoko# (B) k03(ppumeHTHO! BEpOATHOCTH TPUCOEIUHEHUS

TyOyJIMHA.

3.3 BuausiHue KOHIEHTPAIMUA MOTOPHBIX 0€JIKOB 11 pa3MepOB KaIlIu U

MHKPOTPYOOUYEK HAa CAMOOPTaHU3ANI0 MUKPOTPYOOUYKOBOM CETH in Vitro

Pe3ynbTaThl, ONMCaHHbIE B 9TOM IJ1aBe, MPOIIUIM SKCIEPTHYIO OLIEHKY U OIyOJId-
KOBaHbI B pabote [53].
OO01masi 11eJ1b SKCIIEPUMEHTOB 3aKJII04aJlach B BOCIIPOM3BEICHUM CTPYKTYP, paHee

HaOmogaBIIMXCs in vitro. [10 yMOIYaHUIO UCTIONB30BAJIKCH CJIE1YIOLIUE TAPAMETPBI:

* Paguyc karm (R) — 16 MKwM;

* Yucno aByMepHBIX CI0EB (Nigyers) — 3;

* BeposTHoCTb nepexofa Mexay CIOAMU (Pigyer) — 0.2;
* Yuciio cermeHTOB MUKPOTPYOOUeK (Niypuies) — 150;

* Yucio Mukpotpyoouek (Nyypues) — 150;

* BeposaTHOCTh NpUcOeIMHEHUSI MOTOPA K MUKPOTPYOOUKe (Pattach) — 0.9;
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* BepoATHOCTh OTCOEAVMHEHHUS TIIOC OPUEHTUPOBAHHOIO MOTOPA OT MUKPOTPY-

00YKH (pdettach.pos) - 08’

i BepOHTHOCTB OTCOCIVHCHUA MUHYC OPUCHTUPOBAHHOI'O MOTOPA OT MUKPOTPY-

00YKH (pdettach.neg) - 001,

[Tpu mapameTpax, aHAJIOTMYHBIX YKCHIEpUMEHTaM U3 cTaThi [14], HaOmoxaeTcs
(popmupoBanue "3Be31bl" M npeBpanieHue ee B "BOpoHKY" (Puc.3.7A) 3a cuer pac-
XOKAEHUsI KOHIIOB MUKPOTPYOOUYEK M pacIIMpeHusi CBOOOAHOI 007acTu B IIEHTpe
KaruIu.

C Oosnee KOPOTKUMHU TPyOOUYKaMHU U MOJOKUTEIbHO OPUEHTUPOBAHHBIMUA MOTO-
pamu oOpa3syercs craduibHas "3Be3aa” (Puc.3.7b). Takxke oOpasyercs "3Be3na" u
C MUHYC OpUEHTUPOBaHHBIMU MoTOpamu (Puc.3.7B). ITpu Hanuuuu cMecu MOTOPOB
B cooTHomeHuu 1:1 obpazyworcs Heckonbko "mydkoB" (Puc.3.7T). "[lyuku" Takxke
o0pa3yloTcs, eciid MPearnofokUTh PaBHbIE BEPOSTHOCTH OTCOEAMHEHUsI OT MUKPO-
TpyOouku mist o6oux TUMoB MotopoB (Puc.3.7T"). Bce aTu pe3ynbTaThl NOIHOCTHIO
COOTBETCTBYIOT HAOMIOACHUSM in Vitro.

[Ipy yMeHblIeHUM paauyca Kalluld B COOTBETCTBUU C IKCIIEPUMEHTAMHU B CTa-
The [16] monHOCTHIO BOCTIpOU3BOAATCS HaOmoaaemble cTpyKTypbl (Puc.3.8). Ilpu pa-
muyce karum 20 MKM oOpasyercs "3Be3aa’. B karuie paguyca 11 MkM obpasyeTcs
"3Be3/a", HEHTP KOTOPOM MOCTENEHHO CMeNaeTcs K mnepudepun KaruiM, npeBpa-
masich B "mony3Be3ny”. B kame pagumyca 6 MKM NpakTHYECKH cpa3y oOpasyeTcs
"konozeln'" 3a CYET MEXaHUUECKUX CBOMCTB MUKPOTPYOOUEK, JIMHA KOTOPHIX CHJILHO

OoJIbIIe TUamMeTpa Karuiu.
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Pucynok 3.7: MopaenipoBaHie caMOOPTraHU3allii MUKPOTPYOOUKOBOH ceTH. A)
"3Be3ma" MUKpOTpyOOUeK, mepexoasiias B "BopoHKy". [Tokazan Homep miara
nporpammsl. b) "3Be3na”, nonydyeHHas ¢ NOMOIIBIO OAHUX IUTIOC-OPUEHTUPOBAHHBIX
MoTopoB. B) "3Be3na", mosiyyeHHas ¢ HOMOIIBIO OJIHUX MUHYC-HaNPaBJIEHHbIX
MoTopoB. I') "[Tyuku" npu paBHOM KOJIMYECTBE MOTOPOB Pa3HbIX TUIIOB, HO C
BBICOKOM BEPOSITHOCTBIO OTCOEJAMHEHHU S TUTIOC OPUEHTUPOBAHHOTO MOTOpa. /1)
"[lyuku" npy paBHOM KOJMYECTBE MOTOPOB PA3HBIX TUIIOB U C PaBHOMN

BEPOSITHOCTBIO UX OTCOEMHEHUSI OT MUKPOTPYOOUeK.
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Pucynok 3.8: MoaenupoBaHue BIMSHUSA pa3MEpPOB KAIUIM HA CAMOOPTaHU3aLIMIO
MHUKpOTpyOOUKoBOii ceTr. A) "3Be3na" mukpotpydouek, R = 20 mkm. B)
"Konopen" mukpotpydouek, R = 6 mkm. B) O6pazoBanue "mosry3Be3apl"

MPOUCXOUT MyTEM MOCTETNIEHHOTO CMeIleHUs1 00J1aCTH CKOIUJICHUI NepeceyeHuin
MUKpOTpyOouek Kk nepudepun. [Tokazan Homep mara nporpammsl. ') [pu

ABYMEPHOM IOJIXO/Ie U TeX Ke napamerpax uro u B (B), obpa3oBanue moay3Be3 bl

HC IIPOUCXOOUT. ITokazan HOMCDP miara 1nmporpaMmMmBbl.
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I'maBa 4

Oocy:x/1eHre pe3yJbTaTOB aHAJIN3a H300PaKeHHil 1 UMUTAIIHOHHOTO

MO/1eJIMPOBAHUSI MIKPOTPYOOUYKOBBIX CHCTEM

4.1 AmHaau3 n300pa’keHn KJIeTOYHbIX MIKPOTPYOOUeK

B 37011 paboTe ObUT POBEIeH aHATN3 N300paxeHuit kiaetok JuHud CV1 ¢ momo-

b0 METO/IOB aHAJIM3a U300paKEHU, 2 UMEHHO:

1. AHamM3 ¢ MOMOUIBIO MOJACYETA KJIACTEPHOW XapaKTEPUCTHUKHU CaMBIX SPKUX

NUKCeJIel n300pakeHusI.
2. AHay3 ¢ MOMOIIBI0 CBEPTOUYHOM HEUPOHHOU CETU MPOCTOU r€OMETPUH.

3. AHayu3 ¢ MOMOIIBIO ITTyOOKOI CBEPTOUYHON HEHPOHHOW CETH U TPAHC(EPHOTO

00yYCHMUS.

KnactepHas xapakTepucTHKa MOKa3aia HEMJIOXYI0 KOPPEJsIMIO C KOHIEHTpaIu-
efl XMUMHUYECKOTO areHTa TaKkCoJia, CTaOMIM3UPYIOIIEro MUKPOTPYOOUKHU U, KaK CJIe/I-
CTBHE, HAPYIIAOIIETO PaJUuAJIbHYI0O CTPYKTYpPYy B KJIeTKe. B KauecTBe MHCTpyMEHTA
IJIs1 CpaBHEeHUSI METOAOB Obljla TIpou3BeieHa Kjaccudukarus n300paxeHuil Ha Tpu
kiacca (0 vs. 0.1M vs. 1M KOHILIEHTpallMKM) ¥ B TPEX BapyMaHTax Ha JBa KJjacca (1o-
napHo). B Takoii mocTaHOBKe 3aga4M JIydllle Bcero mokasaiu ce0s rnpegoOydyeHHbIe
r1yOOKMe CEeTH U, COOTBETCTBEHHO, TpaHchepHoe oOyueHue. bonee Toro, ¢ MoMoIbio
ITyOOKMX HEMPOHHBIX CETEH yIaloCh MOMYUYUTh KiacCH(pUKAIIMIO JIydliie, 4eM Oblia
MOJTyyeHa OT SKCIEPTOB.

ITO IEeMOHCTPUPYET BO3ZMOKHOCTh ITPUMEHEHU S MPe 100y YCHHBIX HEMPOHHBIX Ce-
Tel K 3a/1aue Kiaccugukamm crelinuyeckux n300pakeHu , TAKUX Kak n3o0paxe-
HUS KJIETOK, HECMOTPs Ha TOT (pakT, YTO HAOOP JaHHBIX, UCTIONB3YEMBIH JIJIs TTPEJI0-

OyueHUs], MOXET UMETh KapAUHAILHO JPYTYIO TIPUPOY.
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4.2 MopeJb KJ€TOYHOr0 MPOCTPAHCTBA U CeTH MHUKPOTPYOOUYeK

MMuTaimmoHHoOe (CTOXaCTUIeCKU-00bEKTHOE) MOICIMPOBAaHUE OTKPHIBAET HOBBIC
BO3MOXHOCTH JJIs1 U3YYE€HU S BIIVSAHUSA CIIOKHOIIPEICKA3YEMBIX [TAPaMETPOB HA AUHA-
MUYECKHE CUCTEMBI, (DYHKIIMU KJIETKU. Takoe MOJeTMpPOBaHUE MO3BOJISIET HAMPSAMYIO
n3y4darb 3(PPEKTH TAKMX MAPAMETPOB B peaJIbHOM BPEMEHU U CPABHUBATDH PE3YJIbTa-
ThI, UCXOAAIIME U3 TON WJIA UHOM TMIIOTE3BI, C PE3YJIbTATAMM in VIVo.

B nanpHeiinem miaHupyeTcs J00aBISATh B CHCTEMY HOBBIC 9JIEMEHTHI, TAaKMe Kak
ruOKas KjaeToyHasi MeMOpaHa, HaxosIasicsl BO B3aUMOJICHCTBUY C TUHAMUYECKUM
LUTOCKEJIETOM IS MOJIEJIMPOBAHUS KJIETOYHOTO JABUXEHUS, TPAHCIIOPTHBIE U CBO-
OOIHO JBVIKYIIHMECS MOJIEKYJIBbI 11 MOJEIMPOBAaHNS aKTUBHOTO TPAHCTIOPTA U JIBH-
JKEHHUE BUPTYAJIbHBIX OPraHesul ¥ JIEMEHTOB LIMTOCKEJIETA 1)1l MOAESIUPOBAHUSA MU-

TO34a U MMPOYUX CJIIOKHBIX TUHAMUYCCKUX KJIICTOYHBIX ITPOICCCOB.

4.3 CamoopraHu3amnusi MUKPOTPYOOYKOBOI ceTH

3ajjaya U3y4yeHUs] CaMOOPTraHM3allud MUKPOTPYOOUKOBOM CETH 3aKJII0YaeTcs B
aHaJIU3€ CJIOKHBIX OTHOILIEHUH F€OMETPUM M KOHLEHTPAUUi KJIETOUYHBIX MOTOPOB.
Tak:xe sKCnepUuMeHTasbHble HAOMIOACHUS HaJl STUMU CUCTEeMaMK MTPOU3BOJWINCH B
KBa3UIBYMEPHBIX CCTEMaX, 00JIaJaloIUX CBOMCTBAMU KaK TPEXMEPHBIX, TaK U JIBY-
MEPHBIX CUCTEM.

C oaHO# CTOPOHBI, MUKPOTPYOOUKHM B STUX CUCTEMAax OrpaHUYEHbl B POCTPAH-
CTBE U 3TO MPUBOJUT K 00Pa30BaAHUIO OCOOBIX 10 CBOEH cTpyKType cuctem. C apyroii
CTOPOHBI, IIPU MOJAEJIMPOBAHUM, €CJIM Mbl MIOAXOIUM K CHCTEME KakK K JBYMEPHOIA,
BOCIIPOM3BECTU BCE THUIIBI CTPYKTYp He yaaBasioch. Hamu ObLT MpenjiokeH MeETOA
KBa3UTPEXMEPHOTO MOAEIMPOBaHN, 3aKJIIOYAIOIIUIICA B pa3/IeJIeHUH IPOCTPAHCTBA
MOJIEJIM Ha HECKOJIbKO MJIOCKOCTEN C BOBMOXKHOCTBIO IEPEX0/1a YACTULL MEXKLy HUMMU.

[Toce umIuIeMeHTaluMM 3TOro METO/a, B Hallleld MOJEIM yJaJIoCh BOCIIPOU3BE-
CTH BCE OCHOBHbBIE THUIIBI CTPYKTYp. [Ipruem, B oTinune ot padotsl Head et al. [41],
IJ1s1 BOCIIPOU3BE/ICHUS CTPYKTYP, 0Opa3yloluXxcs MpU pa3jMuHbIX pa3Mepax Karl-
i OygepHOro pacTBOpa, HaM He MPUIILIOCh BBOIUTH JOMOTHUTENBHBIX YCJIOBUN Ha

B3aUMO/JICVICTBUE MI/IKpOTPY60‘{CK, HNCKaXAIOMUX CUCTCMY.
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[TockoIbKY M3y4YEHHE CUCTEM in Vitro 4acTO MPOUCXOAUT B KaIUISAX WIMA paciuia-
CTaHHBIX KJIETKAX, TAKOW METO/I MOXKET OBITh TIOJIE3HBIM ISl JAIbHEHIIIero co3JaHusl
MoJIeJIel MOJOOHBIX CUCTEM.

B nanpHeimem rmiaHupyeTcs ¢ MOMOLIbI0 METOJa aBTOMATUYECKOIO aHAJIN3a T10-
JIyYMBLIEHCS CTPYKTYPbl CAMOOPTaHU3ALIMY U3YYUTh 3aBUCUMOCTb ITUX CTPYKTYP OT

BCEr'0 CIEKTpa MapaMeTpPOB MOJEJH.
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3akJIo4yeHue

B Imponecce pa6OTbI OBLJIO BHIIIOJIHEHO 102) (913% (0) 11 (S{oN

1. Bl mpoBefieH aHaU3 KJIETOUYHBIX M300paXeHW U KiaaccuguKaims TaKUX
M300paKeHU C MOMOIIBI0 KIACTEPHON XapaKTEPUCTUKU U CBEPTOYHBIX HEi-
poHHbIX ceTeil. KiactepHass xapakTepucTrka N300pakeHUi CUCTEM KJIETOY-
HBIX MUKPOTpPYOOUEK KOpPpEIUpPYeT C KOHIIEHTpalei XMMUYECKOTo areHTa Tak-
COJI, CTAOUTM3UPYIOLIETO MUKPOTPYOOUKH U MPUBOJSIIETO K UX 3aITy THIBAHUIO.
[IpenoOyueHHasi cBepTOUYHASI HEHPOHHAS CETh KJIacCU(PUIMPYET U300paKeHUs
MHUKPOTPYOOUKOBBIX CUCTEM MO KOHIIEHTPAIIMM XMMUYECKOTO areHTa TaKCoJ
KakK JIy4llle BBIIEYIIOMAHYTOW KJIACTEPHON XapaKTEPUCTUKU, TAK U IKCIIEPT-

HBbIX OLCHOK.

2. Bputa pa3paboTaHa MojieJb KI€TOUYHOTO MPOCTPAHCTBA, BKITIOYAIOIIETO MUKPO-
TpyOOUKOBBIE CETH, IO3BOJIAIONIAs] BOCIPOU3BOJUTD CIOKHBIE 3(PPEKTHI, CBS-
3aHHble ¢ reoMeTpuelt kiaeTku. Co3iaHHas MOAEJb KJIETOYHOTO MTPOCTPAHCTBA
00J1a/1aeT CJI0XKHOI reoMeTpuei U BKJII0UaeT B ce0s1 MUKPOTPYOOUKOBYIO CETb.
Takast MoziesTb O3BOJISIET BOCIIPOM3BECTH 3(PPEKTHI, CBA3AHHBIE C KJIETOYHOM

reoMeTpueii, 6e3 JOMOJTHUTEIbHBIX (DAKTOPOB.

3. bbuta pazpaborana Mojesib CaMOOPraHU3alluy KJIETOYHON CETH B KBa3UTPEX-
MEpPHOM MPOCTPAHCTBE, BKJIOYAONIAs (PU3UYECKU JOCTOBEPHBIE MUKPOTPY-
OOUKM B BA3KOU cpejie 1 MOTOpHBIe Oesiku. KBasuTpexMepHoe MoieIMpOBaHKe
MO3BOJISIET BOCIIPOM3BECTH Pa3IMUHBIE TUIIBI CAMOOPTaHU3AIlMd MUKPOTPYOO-
4yek, HabJIo1aeMble in vitro, 1 B3aMMOJICUCTBYIOIINX C HAIMUA MOTOPHBIX O€JIKOB
NpY Bapualvsx mapamMeTpoB B3aUMOJICHCTBUS U Oe3 BBEJCHHS TOTIOTHUTETb-

HBIX YCJIOBUH.

[TosryyeHHbIE pe3y/IbTaThl BHOCAT HAyYHBII BKJIA/l B HAIIPABJIEHUE KOMITBIOTEPHO-

ro aHajin3a u MOACJINPOBAHNA BHY TPUKJIICTOYHBIX CUCTCM.
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Cnmcok puCcyHKOB

1.1 Cxema cTpoeHHs1 MUKPOTPYOOUKH U3 CTAThU [2].

1.2 MukpoTtpyOouka B uHTepha3HOM KUBOH KJIeTKe [4].

1.3 ITomumepuzanus (pocT) U AenoJuMepusanus (Kkaractpodga) MUKpOTPY-
oouku [4].

1.4 Benku mmoc-KOHIOB MUKpOTpyOouek [9]. . .

1.5 Ilpumepsl  CTPYKTYp CaMOOpraHWU3allil MHUKpPOTpyOouUeK: '"3Be3-
el (A,I), "Boponku"(b), "myuku"(B), "momy-3Be3ma'(ll), "koJio-
nen"(E). 3 crareii [14,16]. . . . .

1.6 (A) Knetku ¢ paguanbHOil cuctemoit Mukporpyoouek. (B) Kietku c
Xa0TUYHOHN CHCTEMON MUKPOTPYOOUEK MOCIIe BO3/ICHCTBUS TaKCOa

1.7 IlpumeHeHue ornepainyy CBEPTKU — IMOJIEMEHTHOTO YMHOXEHUSI MaT-
pull. 3eJeHbIM BBIACJICHA UCXOJHAs MATpUILA, KEATHIM — MaTpHlia
CBEPTKH, KPACHBIM — KO3(P(PUIIMEHTHI CBEPTKU, PO30OBBIM — PE3YJIb-
TUpYIoIIas KapTa (map) CBEpTKHU.

1.8 Apxurekrtypa cBeprounoii cetu LeNetS [22]. . . .

1.9 Bugpl ¢pyHKIMIA aKTUBALMil CJI0€B HEMPOHHOHN ceTu. [opu3oHTaNIbHAA
OCbh COOTBETCTBYET BXOISIEMY Ha HEMPOH CUTHAIY, BEPTUKAJIbHAsA —
UCXOJAILEMY. . . .

1.10 Cxema TpancdepHoro ooydenusi HelipoHHo# cetu. OT 0Oy4yeHHOI Ha
OOJBIIIEM KOJIMYECTBE JAHHBIX CETH A TIEpEeHOCSATCS MapamMeTphl (Beca)
HECKOJIbKUX MepBbIX cioeB B ceTb B. Cetb B 00yuaeTcss Ha uckoMoM
Habope, P 3TOM Beca MePEeHECEHHBIX CI0EB HE MEHSIOTCS.

1.11 TTocTaHoBKa 3agauyu JJisl METOJA ONMOPHBIX BEKTOPOB. AJITOPUTM Ha-
XOAUT TUTEPIUIOCKOCTb TaKylo, YTOObI pacCTOsIHUE OT HEeE /10 KJIacCOB
(IMMpYHA TIOJIOCH) OBIIIO MAKCUMAJTbHBIM.

1.12 Bocnipon3BeA€HHBIE B KOMITBIOTEPHBIX MOJEJISAX CTPYKTYPBI: "3BE3/bI"
(A,), "nyuku" (b), "Boponka" (B) u "mony3se3na” (1) [14,16,41].
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22
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2.1 Pe3ynabTaT nepBOro mara aJirOpuTMa CerMEeHTaluu KJIETOK — BblJIese-
HUSI CBS3HBIX KOMIIOHEHT B rpade coCeHUX MUKCEJIEN BbIILE OIpe/ie-
JIEHHOT'O 1Opora SIpKOCTH.

2.2 Pe3ynbTar BTOPOro mara ajJropurMa CErMEHTALMU — NPUIMCHIBAHUSA
NUKCeJiell K OJIMKANIMM KOMIIOHEHTaM CBSI3HOCTH, TMOJYYeHHBIM Ha
mare 1.

2.3 Ilpumepsl kiactepoB (3% cambiX APKUX MUKCEEN) IS pagrabHOM
cetd (A) ¥ CETH C HApYLIEHHOW paguaibHOCThIO (B).

2.4 TlpumMepsl KJIETOK pa3HbIX Pa3MEPOB U OMUCHIBAIOLIETO KJIETKY JLIUICA
(©).

2.5 N3obpaxkeHue KJIETKH A0 (cyieBa) U moclie (CripaBa) MPUMEHEHUs Orle-
paruu sharpen u3 6mdanoreku PIL ansa a3eika Python.

2.6 Unrepdeiic nporpammsl  Mimitation, BOCHPOU3BOAAIIENR TUHAMUKY

MHUKPOTPYOOUKOBOTO CKeJieTa KJIETKH. .

3.1 IIpumeps! uzoOpaxkenuit kietok uHuM CV1 mon pa3inyHoil KOHIIeH-
tpauueit Takcona (0, 0.1Mu 1IM). . . .

3.2 3HayeHue MOCUYMTAHHOM XapaKTEPUCTUKHU KJIACTEPOB (PIIyOpeCLCHIIMU
1151 KJIETOK € pa3an4yHoi KoHieHTpanuei takcoina (0, 0.1M u 1M).

3.3 ApXUTEKTypa CBEPTOYHOW HEHPOHHOU CETH MPOCTON IE€OMETPUM IS
KJ1accuUKalru KJIETOK. .

3.4 BocrmipousBeeHue B Mo skcnepuMmenTa Murtuncona-Kupiisepa.

3.5 Biusnue I'T®-a3H0#1 akTUBHOCTH TyOyJUHA HA TUHAMMKY Pa3JIAYHBIX
9JIEMEHTOB ceTU MUKpOTpyOouek. A,B,I") 3aBrucuMOCTb KOJIMUECTBA Cer-
MEHTOB TYOYy/IMHA B MUKPOTPYOOUKax oT BpeMeHu B oTcyTcTBuu [ Td-
a3HOM akTUBHOCTH TyOynuHa (A) u B ee npucytctsuu (B,I') npu paziny-
HBIX KO3(h(PUIIMEHTHBIX BEPOSITHOCTSIX MpucoeauHenus TyoynuHa (A,I)
u ero orcoequHenus (B). b) Bun MmonenbHON MUKPOTPYOOUKOBO# CeTH
0e3 ruaposm3a. .

3.6 BiusiHue reoMeTpuu KJIETKU Ha MOTEHIMAI [TOJIMMEPU3aLIUK PU HU3KOW
(A) u Bbicokoil (B) KO3 puiMeHTHON BEPOSATHOCTU MPUCOETUHEHUS

TyOy/uHa. .
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3.7 MopenupoBaHue CamMOOPraHU3allMd MUKPOTPYOOUKOBO#l cetu. A)

"3Be3ga" MUKpOTpyOoOUek, repexoasmias B "BopoHKY'. [TokazaH Ho-
Mep mara nporpaMmmbl. b) "3Be3na", nmosiydyeHHas ¢ MOMONIBIO OJHUX
IUTIOC-OPMEHTUPOBAHHBIX MOTOPOB. B) "3Be3na", noiaydeHHasa ¢ nomo-
1[bI0 OAHUX MHUHYC-HarpaBJieHHbIX MOTOpOB. I') "IIyuku" npu paBHOM
KOJIMYECTBE MOTOPOB PA3HBIX TUIIOB, HO C BBICOKOU BEPOSATHOCTBIO OTCO-
€JUHEHM TUIIOC OpUEHTUPOBAHHOrO MoTtopa. II) "Ilyuku" npu paBHOM
KOJIMYECTBE MOTOPOB Pa3HbIX TUIIOB U C PABHOI BEPOSATHOCTBIO UX OT-

COCIMHEHHSI OT MUKPOTPyOOUeK. .

3.8 MO,HGJII/IPOBaHI/Ie BJIMAHUA pa3sMEPOB KallJIli Ha CaMOOPraHn3alnunio MUK-

poTpy6oukoBoii cetn. A) "3Be3ga" Mukporpyodouek, X = 20 mkm. b)
"Konogen" mukpotpybouek, & = 6 mxm. B) O6pa3oBanue "mony3Bes-
bl TIPOUCXOAMT Iy TEM TOCTENIEHHOTO CMelIeHH T 00JIaCTH CKOTIJICHHIA
niepeceueHuii MUKpoTpyOouek k nepudepun. [lokazan Homep 1mara npo-
rpammsl. [') [Ipu AByMEpHOM MOAXO/IE U T€X k€ MapameTpax uto u B (B),
oOpa3oBaHMe TOJy3Be3/Ibl He MpoucxoauT. [loka3an HoMep 1iara mpo-

I'PaMMBl.

A1l AKT 0 BHeIpEHUM Pe3yJIbTaTOB PabOTHI.
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Crucok Ta0o.mi

3.1 Pe3ynbrathl (B mpoleHTax) KjaccupUKauy N300pakeHrui KIeTOYHbIX

MUKPOTPYOOUEK MO BO3JEHCTBUEM Pa3IMUHBIX KOHIICHTPAIUA TaKCOo-
7a. 3ajaud CTaBWIKCh B BUJE MYJIbTUKJIACCOBOM KJaccuUKaIK Ha 3
KJlacca M OMHapHBIX KiaccuduKaluii 115 nap KoHueHnrtpanuii. [Tpuseae-
HBI PE3YJIbTATHI IBYX SKCIEPTHHIX KiIaccUpuKaluit (17151 roJJOCOBAHUS
9KCIEPTOB U [JIs JIyYLIero 3KCIepTa), KJIacCU(pPUKAIUU C MOMOUIbIO
KJIACTEPHON XapaKTepUCTUKU, U UYEThIpeX KiaaccuduKaiuidi ¢ 1momo-
1IbI0 HEWPOHHBIX ceTeil: cBepTouHas ceThb nmpoctoi reometpun (CNN),
CBEPTOYHASl CETh MPOCTOW reoMeTpur ¢ JOOABJIEHUEM TPAHCIIOHUPO-
BaHHbIX U300paxkenuit (CNN-T), cBepToUHasi ceTh MPOCTOI TeOMETPUM
c JoOaBJeHUEM TPAaHCIIOHMPOBAHHBIX M300pakeHWi W Macku sharpen
(CNN-T-S), npenodyueHHass CBepTOUYHasl CeTh ¢ mocieayonmm SVM
(CNN-SVM), cBepTouHasi CETb CJI0KHOI FT€OMETPUU C UCTIONIb30BAHUEM

TpancepHoro o0yuenusi (CNN-Tran). . . . .

45
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Introduction

The study of biological systems via computer analysis and modeling is on the
rise due to an overall increase in computing power and methods. These methods show
promise in helping us to extract new information about biological systems, including
cellular ones.

A growing interest in computer analysis of microscopic images of cells
and modeling of cellular systems is reflected in numerous research papers. This
work examines recent advances in computer vision techniques, such as deep
neural networks. Many of these techniques are already being applied to biological
images. This research is mainly focused on the analysis of systems of intracellular
microtubules. We approach the study of microtubule systems from both computer
vision analysis and computer modeling perspectives. Many aspects of these systems
have not been thoroughly studied.

The goal of this work is to study microtubule structures, their dynamic, geometry,
and self-assembly, and revealing key factors that influence these structures. In

particular, we study the following aspects of this research area:
1. Analysis of microtubule network radiality via computer vision methods.
2. Modeling of microtubule network dynamics in complex geometry cells.
3. Modeling of microtubule structures assembly in vitro.

In this work, we complete the following tasks:

1. Create a dataset of images of microtubule systems under different concentration

of stabilizing agent for the training of convolutional deep neural networks.

2. Train deep neural networks with various architectures to classify collected

images.

3. Develop a computer model that will recreate the microtubule system’s dynamic

inside a cell of complex geometry.



6.

Perform experiments in silico with cells of variable geometry to study the effect

of such geometry on a microtubule system.

Develop a computer model of microtubule structures’ assembly in vitro in
a quasi-three-dimensional space that will include both physically accurate

microtubules and motor proteins.

Recreate in silico all observable in vitro structures.

Main results of this work are:

. We have created a dataset and performed the analysis of images of microtubule

systems, both with image analysis techniques, such as convolutional neural
networks. Deep convolutional neural networks, together with transfer learning,
demonstrate the best results in the task of classification of these images even

when compared with human experts.

We have created a computer program that allows modeling a cell of complex
geometry and includes dynamic microtubules. This model reproduces complex
phenomena that are observed in vivo with no additional factors introduced to

the system.

. We have developed a model of microtubules self-organization in a quasi-

three-dimensional space that can reproduce most observable structures with no

additional factors, except for the presence of microtubules and motor proteins.

Main conclusions of this thesis:

1.

2.

The analysis of microtubules’ radiality can give us a deeper understanding of
various intracellular mechanisms. This analysis can be performed by both the
"classic"computer vision methods and the convolutional neural networks. In
some specific cases, such as the classification of cell images by a concentration
of the microtubule-stabilizing agent, methods based on convolutional neural

networks outperform even the human experts.

Many observable in vivo effects can be explained by the geometry of the
cell. Comprehensive modeling that includes complex cell geometry may help

disprove the hypothesis that postulates a need for a specific mechanism.



3. The type of structure of a microtubule system in vitro is mostly determined
by the concentrations of motor proteins, which can be demonstrated by our
quasi-three-dimensional model. This model also allows for the reproduction of
previously unreproducible structures, in contrast with two-dimensional models,
while also not using the number of resources that would be required for a full

three-dimensional model.
Novelty:

I. A novel algorithm based on cluster analysis of the brightest pixels was

implemented and tested.

2. A unique dataset was created that allows testing various computer vision

methods for the task of classification of microtubule images.

3. A deep learning approach was used for the task of microtubule image

classification and outperformed human experts on that task.

4. A computer model of dynamic cellular microtubules was developed. This model
shows the intricate effects of cellular geometry on the dynamic and state of the

microtubule network.

5. All previously unreproduced in vitro structures of microtubules were

reproduced with the quasi-three-dimensional model.

Impact: These results are important both for the following development of
computer analysis and modeling of intracellular components and well as for the
understanding of cell mechanisms.

Image analysis of cell structures can be applied to improve clinical diagnosis
accuracy by evaluating the reaction of a patient to a specific drug on a cellular level.
This is especially of high interest for cancer treatment.

The credibility of these results is based on the conformity of results of the
models to experimental results both in vivo and in vitro. Statistical significance and
confidence intervals are shown where appropriate. Results correlate with previously

published works.
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Chapter 1

Microtubules and methods of analysis and modeling of their systems

1.1 Microtubules

Microtubules are intracellular structures and one of the components of the
eukaryotic cytoskeleton. They are long protein non-branching hollow tubes 25nm in
diameter. Microtubules compose intracellular networks during the interphase, mitotic
spindle during mitosis, and serve as a structural basis for flagella. The microtubule
system sustains cellular shape and serves as "rails" for many intracellular transport

systems.

1.1.1 Microtubule structure

Microtubules are composed of heterodimers of a- and -tubulin. Each subunit
of tubulin is bound to a GTP molecule. a-subunit-bound GTP is stable, while -
tubulin bound can by hydrolyzed to GDP. This hydrolysis happens in some time
after the incorporation of the new tubulin heterodimer into the microtubule [1]. This
hydrolysis also leads to structural changes in the tubulin molecule, which, in turn,
lead to changes in microtubule’s structural integrity.

Microtubule’s shape is sustained by electrostatic interaction between tubulin
dimers, both lateral and longitudinal. Longitudinally, a-subunit of one tubulin is
electrostatically bound to -subunit of another tubulin [2]. Microtubule’s structure
can be seen in Figure 1.1.

Microtubules form a network as one of the components of the cytoskeleton.
However, they can also form complex structures, such as flagella, centrioles, and
basal bodies [1]. In most interphase cells, microtubules form a radial system. Their
plus-ends are directed towards cell membrane, and minus-ends — towards cell center
(Figure 1.2). The radiality of that structure is important for cytoplasm properties,

intracellular transport, and functions of organelles. If you depolymerize microtubules
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Picture 1.1: Microtubule’s structure (from [2]).

with a chemical agent, you can observe them polymerize from the center of the
cell [3]. In normal conditions, this so-called "aster" can be more or less pronounced.
Sometimes most of the microtubules are connected to the centrosome. Other times

only a part of them are connected.

1.1.2 Microtubule functions

Microtubules participate in the construction of elastic cell skeleton, or
cytoskeleton, that is vita for many cell functions, including cell shape-sustaining.
If you depolymerize them in a live cell, its shape will get distorted [3].

Microtubules serve as rails for intracellular transport. This transport may include
membrane vesicles, and non-membrane components, such as protein complexes or
ribonucleoproteins. Movement along the microtubules can occur with or without
transport proteins. There is evidence of a 1D diffusion of particles along the
microtubule [5]. Motor proteins include cytoplasmic dynein and kinesins. These
proteins may reach forces of up to 2-3 pN and move their cargo with the speed of up
to 1 micron a second.

Microtubules, together with actin filament network, realize cell polarization [6].

During the mitosis, microtubules form a mitotic spindle that allows for

chromosome separation and localization of a full genetic set in both child cells [6].
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Picture 1.2: Microtubules in an live interphase cell [4].

Spindle forming and functioning mechanisms are yet to be fully studied and remain
one of the key research areas, especially for computer modeling methods. However,
to fully model this complex process, we first need to create a comprehensive model of

various simpler microtubule systems, such as microtubule self-organization in vitro.
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1.1.3 Microtubule dynamics

The orientation of monomers in a protofilament determines the polarity of a
microtubule: direction from «a- to 8- tubulin is co-directed with a vector from minus-
to plus-end of a microtubule [6]. Speed of detachment differs on plus- and minus-ends.
On the plus-end we mostly see the growth of the microtubule.

The growth process of a microtubule in vitro and in vivo is divided into
three phases: nucleation, elongation, and steady-state. In vitro formation of new
microtubules from free tubulin occurs under three conditions: the right temperature
(30 - 37 C°), the absence of calcium ions, and the presence of GTP. Microtubule
nucleation occurs when tubulin concentration is higher than some threshold value,
which depends on the experiment’s conditions. During the nucleation process, first,
a so-called "seed" is formed, or a tubulin oligomer, that consists out of 6 to 13
tubulin dimers. In a solution with purified tubulin, these "seeds" almost never form
by themselves. They need special protein complexes to assemble.

During the second phase, elongation, heterodimers of tubulin attach to the plus-
end according to their polarity. It was shown that first, these dimers form a sheet
which then folds into a tubular shape [7].

The third stage is the steady-state stage. This stage is characterized by a specific
ratio of polymerized and free tubulin. The exchange between these pools happens in
two ways: treadmilling and dynamic instability. Treadmilling occurs as a growth on
the plus-end and disassembly on the minus end of a microtubule, while in dynamic
instability, both growth and disassembly happen on the plus-end. The transition from
slow growth to faster disassembly is called a "catastrophe". The reverse transition is
called a "rescue". "Catastrophe" occurs when the plus-end is saturated with GDP-
tubulin, which is prone to detachment to a higher degree than GTP-tubulin [4, 6].

In live cells, 60 to 75% of tubulin is polymerized into microtubules. In most
cases, microtubules in live cells exist in a steady-state and exhibit the aforementioned
dynamic instability, where plus-ends that are directed towards the cell membrane
are growing and shrinking. In some cases, such as if we delete the centrosome from
the cell, microtubules state changes to treadmilling, where microtubules grow on the
plus-end and shrink on the minus-end [8] (Figure 1.1). In some systems, such as in

neurons, microtubules are stabilized, and their dynamic is less pronounced.
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Picture 1.3: Polymerization (growth) and depolymerization ("catastrophe") of a

microtubule [4].

When cell transitions from interphase to mitosis, microtubules become more
active to form the mitotic spindle.

Many factors that influence cell microtubule dynamics have been identified.
However, it is still unclear which parameters of microtubules’ assembly and
disassembly, such as tubulin concentration and the rate of GTP hydrolysis, are more

important for observed changes in the microtubule network dynamic.

1.1.4 Microtubule network self-assembly

One of the most fascinating phenomena, observed both in vivo and in vitro, is the
self-assembly of microtubule structures.

Eukaryotic cell filaments perform various functions, such as sustaining the cell
shape, providing mechanisms for cell motility. These functions are often active,
meaning they require energy. Mechanisms may include microtubulesdssembly and
disassembly and the work of transport motor proteins [10].

One of the examples of such self-assembly is the mitotic spindle, that occurs

in cells during mitosis. The mitotic spindle is a bipolar structure that helps to
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Picture 1.4: Plus-end proteins of a microtubule [9].

separate chromosomes among the daughter cells. Centrosomes serve as centers for
this assembly. However, in yeast cells, it was demonstrated that the mitotic spindle
could assemble on a level sufficient for correct cell division even in the absence of
the centrosome [11]. We can conclude from that, that the structure and placement of
spindle poles can be determined just by the interaction between microtubules and their
associated proteins in cell geometry. The same effect was also shown for Xenopus
egg extract with no centrosomes [12]. Understanding the underlying principles of
this self-assembly is important for the analysis of many biological systems.

One of the processes that can facilitate the process of self-assembly is the
interaction between microtubules and associated motor proteins [13]. Though a
motor’s mass is much lower in comparison to a microtubule, in a situation where
a motor, or a group of motors, attaches itself to several microtubules at once, we can
see the relative motion of microtubules and, subsequently, to a rearrangement of a

whole system.
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Taking into account the complexity of in vivo studies, often it is more convenient to
study simpler model systems in vitro, which was used in several studies of microtubule
systems’ self-assembly.

Surrey et al. observed a droplet of a solution with tubulin and kinesin (a plus-end
oriented motor protein) [14]. Heated to 37C°, tubulin polymerizes into microtubules
that initially are distributed randomly and evenly. In approximately 90, seconds they
form a "aster" in the center of the droplet. 90 more seconds later, the structure
transitions to a "vortex" (Figure 1.5). With the increase in concentration of kinesins,
"vortexes" transition to "asters".

In the case of the presence of both plus-end and minus-end oriented motor
proteins, "asters" transition to "bundles", structures similar to mitotic spindles [15].

Experiments in droplets of various sizes also yield interesting observations. In
droplets of size greater than ~ 29 pm in diameter, microtubules form "asters". In
droplets of diameter (= 20 um), we can observe "semi-asters" with the center at the
droplet’s edge. With the diameter of the droplet decreasing even more, microtubules

for a "well", lying along the droplet’s border [16].

1.2 Analysis of cell images

Analysis of cell images is a widely used technique that can give insight into the
state of single cells, tissues, and even whole organisms [17, 18].
In the area of the analysis of histological images, most tasks separate into the

following groups:

e Image segmentation. Extraction of objects from images for the subsequent

analysis of these objects.

* Object detection. Detection of specific objects in the image. Determination of

the absence or presence of the object in the image.

* Morphological analysis. Determination of parameters of images as a whole

that characterize the physiological conditions of the subject.
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Picture 1.5: Examples of microtubule self-assembly structures: "asters" (A,D),
"vortexes"(B), "bundles"(C), "semi-aster"(D), "well"(E); from [14, 16].

1.2.1 Analysis of the radiality of microtubule networks

In eukaryotic cells in the interphase microtubule form a radial system, a
"aster". Under the influence of some chemical agent, for example, paclitaxel (taxol),
microtubules stabilize, which in turn leads to the entanglement of the microtubule
network.

Figure 1.6 shows examples of cells with radial and chaotic microtubule networks.

The analysis of radiality of microtubule networks may yield additional information
about the cell, including the influence of various chemical agents. Taxol, for example,
1s a chemotherapy drug, so the analysis of the cell’s reaction to it may give us
information about a person’s sensitivity to that particular drug [19].

Most of the analysis and classification of microtubule radiality is done through

experts’ evaluation, and the need for an automatic method is clearly present.
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Picture 1.6: (A) Radial microtubule network. (B) Chaotic microtubule network.

1.2.2 Convolutional neural networks for image analysis

Convolutional neural networks were first presented in a paper by LeCun et al. [20]
and are based on the application of convolutions, which are sum of products of
point-wise multiplications of two tensors (Figure 1.7). The result of the convolution
application is a so-called convolutional map. Higher numbers in a convolutional map
correspond to higher correlations between the image part and the convolution. This
allows us to detect specific shapes in images.

Convolutional maps can be seen as images themselves, which means that we can
apply subsequent convolutions to them.

Figure 1.8 shows the architecture of one of the first convolutional networks
(LeNet5). This network consists of three convolutional layers and three fully
connected layers, where every neuron of the previous layer is connected to every
neuron of the current layer. The output of every neuron is the sum inputs with
an applied non-linear activation function. In LeNet5 this activation function is the

sigmoid:

e (1.1)
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Picture 1.7: Application of convolution operation. Green is the source tensor.
Yellow is the convolution filter. Red numbers are convolution weights. Pink is the

resulting convolutional map.

where sé is the incoming signal to neuron j in layer [, so that >, (z;w; ;), and 21!
is the outgoing signal of neuron ¢ in layer [ — 1, and w; ; is the weight coefficient.
These weights coeflicients w are what is trained in neural networks.

While sigmoid function was more present in early neural networks, the most

popular activation function now is ReLU (Rectified Linear Unit).

o(s) = max(0, s) (1.2)

ReLU activation function allows for a significant decrease in training and inference
time. Figure 1.9 shows both sigmoid and ReL.U activation functions.

Training of neural networks, i.e., determining the weight coefficients w is done
through gradient backpropagation [22] and gradient descent. The main idea is that
to minimize some loss function C, we need to go in the direction opposite to the
gradient V,,C(w). Calculation of the gradient starts from the last layer and then is
done for previous layers, hence, backpropagation.

We can express the gradient of the loss function by an individual weight w!,

J
between neuron j of layer [ and neuron ¢ of layer [ — 1 using the chain rule:
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Picture 1.8: Architecture of LeNet5 convolutional neural network ( [21]).

Lo sigmoid w RelLU

. R(z) =max(0, z)

0 = ] 5 10 -10 = o 5 10

Picture 1.9: Activation functions of neural networks. The horizontal axis is the

input, and vertical is the output of the neuron.

oC oC 0

(Z‘J) - (ZU) x —2 (1.3)
ow;; ds; ow;;
The first part of the equation is the output of the neuron from the previous layer:

Os
awg = gl (1.4)
ij

The second part we will denote 5;:

_ 0C(w)
94!

7

Let us take as an example the task of object classification. The last layer L consists

5, (1.5)

of one neuron per class. Output values of neurons correspond to probabilities of

specific classes and are determined via the softmax function [23]:

e’

xF = Softmax(s;) = S e (1.6)
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Commonly use classification loss function for softmax is the cross-entropy:

C(w) == oilog(zf), (1.7)
where o0; = 1 for the correct class neuron and o; = 0 for every other neuron.

Then we can calculate the 57 as:

_ oC(w) L

ol= 2227/
' Ost

(1.8)

For every previous layer, we can express this value through values on the next

layer:

o, 0C(w) oC(w)  0sh 9zl Z _
l E ) l l 1l
52- 1 = W = . X ,71 X asl_*l = ‘ 5] X ij X o (Si 1) (19)
J v J

853 ozt~

2

Backpropagation algorithm then takes the following form:

1. Initialize w at random.

2. Forward pass: calculate = and s.

oY)

. Backward pass: calculate 9.
4. ng — wfj — nxifl(ﬁ-.
5. = (2).

71 denotes the learning rate.

1.2.3 Transfer learning in the case of limited data

To train a deep convolutional network, we need a large amount of data. When we
deal with a limited amount of data, with the increase in the number of parameters
w, the probability of so-called overfitting also increases. Instead of learning general
relevant features, the network instead "memorizes" the dataset [24].

One of the ways to fight that problem is transfer learning [25,26]. During transfer

learning, network training occurs in two stages (Figure 1.10):
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Network A

Transfer
parameters

Network B

Picture 1.10: Transfer learning process. From a pretrained on a large dataset
network A, we transfer convolutional weight of the several first layers to network B.

We then train network B for the final task, while keeping the transfer weights frozen.

1. Pretraining on a big dataset of the same nature. For example, to classify cell
images, we can pretrain a deep network, such as ResNet [27] and VGG [28]
on the ImageNet dataset that consists of images collected from the world wide
web ImageNet [29].

2. From the pretrained network, several first layers, that learned relevant features
are transferred to a network for the end task. The weights in these layers do not

change during the training process on the final data.

In this way, at the first stage, the network is trained to extract relevant features,

while at the second stage, the network uses these features for the end task.

1.2.4 Support vector machines for cell image classification
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Support vector machines (SVM) can also be employed together with a pretrained
neural networks. This method is especially useful in a case of limited data, since it

can be mathematically shown whether or not it overfits in a particular task.

A

X2

Picture 1.11: Support vector machines task formulation. The algorithm is tasked
with finding a hyperplane that is the furthest from point in classes, i.e., the

hyperplane with the widest margin.

Support vector machines were first described in a work by Cortes and Vapnik [30].
Mathematical formulation of its task is to find a hyperplane, defined by the equation
wTx — b = 0, that maximizes the distance to a nearest point in either of the classes
(Figure 1.11).

We can note that, if we multiply the vector w and scalar b by the same number, it
would result in no changes in the hyperplane. Therefore, we can scale them both so
that the expression w'x — b for closes points y = +1 ny = —1 would be equal to
+1 and —1 respectively. The width of the margin then becomes expressed as % It

allow us to formulate the SVM task as:

%WTX — min
(1.10)

yi(WTX@' — b) Z 1
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It must be noted, that in this formulation, the SVM algorithm only works for
linearly separable classes. In linearly inseparable case, we can reformulate in the

following way:

1wTx — min

? (1.11)
yi(wix; —b) >1

Here the £ coefficients allow a deviation from 1 for so called "bad"vectors that can
both lie in the margin and the wrong class. C' coefficient regulates the prioritization
of either the margin width or the number of "bad"vectors.

To find the optimal solution we can employ any of the multiple methods of
quadratic programming, such as CVXOPT [31]. The solution for w is in form of the
sum of some of the vectors in the training sample: w = > _ a;x;. Vectors with positive
« are called "support vectors".

The SVM methods was employed in several works on the classification of cell
images, where features were either original pixel values, or meta-features that were
calculated for an image as a whole [32,33]. In recent works, more and more we see
the application of the SVM algorithm with features extracted by a pretrained neural
networks [34]. This method is similar to transfer learning, except we use SVM and

not a small neural network for the final task.
1.3 Modeling of intracellular structures

1.3.1 Models of microtubule network dynamic

Many models of microtubule networks were developed in recent years, both of
single microtubules and microtubule networks [35, 36]. The simplest model of a
microtubule represent it as a linear structure, characterized by a single parameter L,
and the dynamic only occurs on the plus-end. In this model, a microtubule can exist
in two states, growth and "catastrophe". In both states, the speed of either growth
or shrinking is constant. Other parameters of the model include state transition
probabilities and the maximum length of microtubule. This model approximates

a real-world microtubule well enough. An improvement on this model takes into
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account the state of the plus-end tubulin, which can be either GTP or GDP bound. In
this case, transition probabilities depend on the hydrolysis of the GTP molecule [4].

Next class of models places several microtubules within the cell space.
Microtubules can be either straight or bendable linear structures. These models often
add the minus-end dynamic that is needed for treadmilling simulations. These models
allow observation of not only a single microtubule dynamic, but also a dynamic of
microtubule networks as a whole.

Some tasks require the introduction of the motion of microtubules to the system,
for example, under the influence of transport proteins. In these cases, microtubules’
mechanical properties need to be taken into account [37]. Most often, microtubules
are approximated as elastic rods or chains of several rigid segments, joined by flexible
connections [38].

Mechanical properties of stable microtubule were studied in [39], where
microtubule wall was modeled as a flexible two-dimensional surface with inside
and outside curvature radii.

Most of the described models, however, only present a simple cell geometry and

do not allow the study of the effects of complex geometry.

1.3.2 Microtubule structures self-assembly models

At this moment, researchers identify five main structures that self-assemble from
microtubules under various conditions in vitro, namely "aster", "vortex", "bundle",
"semi-aster", and "well" (Figure 1.5).

Most researchers resorted to two-dimensional models since most structures
studied were observed in a flat droplet; hence the environment can be said to be
quasi-two-dimensional. A three-dimensional simulation also would take much more
computational resources.

Surrey et al. [14] recreated "asters", "vortexes", and "bundles" by modeling
microtubules as flexible filaments and introducing various concentrations of plus-
end and minus-end directed motor proteins (Figure 1.12A-C). "Wells" were recreated
in silico in [16].

Modeling of "semi-asters" remains a harder task. To model "semi-aster" structure,

Head et al. introduced additional forces to the system that pushes away microtubules
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at a small distance [40]. This interaction is not only yet to be discovered, but also
it restricts the initial state of the model, making the network less chaotic and more

ordered than what we observe in vitro (Figure 1.12D,E).

Picture 1.12: Models of self-assembling microtubule structures, namely "asters"
(A,D), "bundles" (B), "vortex" (C), and "semi-star" (E) [14, 16,40].
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Chapter 2

Methods of image analysis and imitational modeling

2.1 Software and libraries used

 For cell image segmentation, we have used the JDeli library.

* For building neural networks, we have used Tensorflow and PyTorch libraries

for Python.

* For the development of the model of the microtubule network and microtubule
self-assembly, we have used the OpenGL library for the C++ programming

language.

 For statistics calculation and graph drawing, we have used Microsoft Excel

software and Matplotlib package for Python.

» For the processing of images and figures, we have used the Adobe Photoshop

CC software.

2.2 Segmentation of microtubule network images

To extract images of single cells from raw microscopy images that contain groups
of cells, we have created a method based on the bread-first search algorithm, where
the graph consists of neighboring pixels (including diagonally).

At the first step, we extract components of pixels with brightness higher than
some predetermined threshold. The result of this step can be seen in Figure 2.1.

At the second step, each edge is weighted according to its brightness, and we
launch the breadth-first search from found components. Therefore, for every pixel,
we find the closest component.

We then assign pixels to the closest component. The result of the second step can

be seen in Figure 2.2.
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Picture 2.1: The result of the first step of the cell segmentation algorithm — the

selection of graph components in a graph of the brightest neighboring pixels.

To optimize the parameters of the segmentation algorithm, we manually
segmented several images. After optimization, the IoU (intersection over union)
metric have surpassed 90%. Since segmentation is just a supplemental step in our

pipeline, we have not set a goal to go over this result.
2.3 Radiality statistic by clusters of the brightest pixels

To access the radiality of a microtubule system, we propose a method, based on

the following criterion:

W= "[(x — 2)* + (Yt — ym)?], 2.1)

teA

where x; and y; — are coordinates of the brightest £% of pixels, x,, and y,, —

coordinates of the geometric center of the cluster of these pixels. Examples of such
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Picture 2.2: The result of the second step of the cell segmentation algorithm — the

assignment of pixels to the closest component.

clusters can be seen in Figure 2.3. This figure shows that this cluster is more compact
for cells with a more radial network.
This criterion, however, is less stable when we deal with different sized and shaped

cells. To take this into account, we modify it in the following way:

(ajt - xm)Q (yt - ym)2

Wo=) [+ ], (2.2)
teA

where a and b — are lengths of the major and the minor axes of the ellipsis

that circumvent the cell (Figure. 2.4). This criterion shows a good correlation with

the concentration of the taxol agent (Figure 3.2), that stabilizes and entangles the

microtubule network.
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Picture 2.3: Examples of clusters of (brightest 3% of pixels) for a radial network(A),
and for a network with disturbed radiality (B).

Picture 2.4: Examples of cells of different sizes and shapes and an ellipsis that is

used in a modified cluster criterion.

2.4 Classification of cell images with convolutional neural networks

Since we had a limited number of cell images to work with ( 2000 for each class),
training of a deep convolutional neural network leads to overfitting, i.e., the situation
where instead of extracting general features that are relevant to the end task we learn
single image-specific features.

To fight the overfitting, we have employed the following approaches:
e Small neural network architecture, less prone to overfitting.

* Image augmentation to increase the size of the dataset.
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* Transfer learning of a pretrained deep convolutional neural network.

2.4.1 Small neural network architecture

Figure. 3.3 shows the architecture of the best small convolutional neural network
that we have used. This architecture allows us to avoid overfitting on a relatively small
dataset.

Hyperparameters of the network were optimized through grid search in the

following sets:

1. The number of convolutional layers varied from 1 to 5.
2. The number of pulling layers varied from O to 5.

3. The number of maps in layers varied from 8 to 256.

4. The sizes of convolutional filters varied from 2x2 to 5x5.
5. The number of fully connected layers varied from 1 to 4.

6. The sizes of fully connected layers varied from 16 to 512.

The best set of hyperparameters is described in Chapter 3.1.2.

2.4.2 Application of sharpen mask

Microtubules are linear structures of constant width. To that end, we assume
that all the information that describes a microtubule network can be extracted if we
approach microtubules as effectively one-dimensional structures.

However, in the process of the acquisition of microtubule images, because of
fluctuations in camera parameters, such as focal distance, we may observe fluctuations
in the width of microtubules in images, which lead to additional noise in the image.

To improve the performance of our convolutional neural network, we applied the
sharpen method from the PIL library for Python. Result of such application can be

seen in Figure 2.5.
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Picture 2.5: Cell image before (left) and after (right) the application of the sharpen
method.

2.4.3 Transfer learning of a pretrained deep neural network

For transfer learning, we have used networks that were pretrained on ImageNet
dataset [29], namely VGG [28], ResNet [27], and MobileNet [41].

From these pretrained networks, we took convolutional layers and then appended
two fully connected layers (sizes 128 and 64). In the process of training on our dataset,
weights in convolutional layers remained frozen, and only fully connected layers were

trained. This approach allows the use of pretrained features while avoiding overfitting.

2.5 Microtubule network model in a cell of complex geometry

The main structural element in our model 1s a virtual tubulin cluster, that 1s
represented by a polar directed cylinder with the following attributes: coordinates in
a 3D space, direction vector, phosphorylation of attached nucleotides, and the number
of tubulin dimers in a cluster, i.e., the length of the cylinder.

These clusters are connected in chains (virtual microtubules). These chains are
represented in code as lists of virtual clusters.

The model has these hyperparameters:
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Probability coeflicients for attachments and detachments.

Parameters of the distribution of the angle of cluster direction upon attachment.

Breaking coefficient.

Tubulin concentration in the cell.

Tubulin cluster size.

The probability of cluster attachment to the end of a microtubule is defined by

the following equation:

Cattach X Nfree
chell X N, a 7
where Cltqen 18 the probability coefficient, Cf,.. is the concentration of free

Pattach = Cattach X Cfree = (23)

tubulin, Ny, 1s the number of free tubulin dimers in the cytoplasm, V.. is the
volume of the virtual cell, and NV, is the Avogadro’s constant. This way, the probability
of attachment is higher with the rise of free tubulin concentration.

Probability of detachment Pytrocrn = Clettach, Where Ciyeacn, 18 the probability
coeflicient of detachment.

Probability of break Py cqr = 1 — 1.5C%rear—Lenain \where Lopam is the length of the
chain, and C},..,. 1s the breaking coefficient. The probability is higher, the higher the
length of the microtubule. When the chain breaks, two new chains emerge.

Probability of nucleation (emergence of a new microtubule) in a random space
P = % where C,,,,.; is the probability coefficient of nucleation.

When a new cluster is attached to a plus-end of an existing microtubule, we
randomly determine the angle of the new cluster to the vector of the current plus-end

cluster, i.e.:

* Rotation angle — w = random|0 : 1] x 2.

* Deviation angle — ¢ = random/0 : 1] x 0.57.

Before attaching a new cluster, we first check, so it does not intersect with any

existing objects. In the case that it does, the cluster is not attached.
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We also have introduced several zones to our virtual cells that correspond to
various real-world elements that might influence the dynamics and geometry of

microtubule networks. These zones include:

 Virtual centrosome - space of increased nucleation probability and decreased

detachment probability.

* Virtual nucleus - space, excluded from the cell space available for microtubules.

Figure 2.6 shows the interface of our model, the program we dubbed Mimitation.

Values | Zomes | Fluorescence |

MirusA add: ,g—
MinusAdel: ’W
MinusB add: ’g—
MinusBdel: W
PlusR add: W

PlusRdel: ’g—
PlusB add: ,g—
PlusBdel: ’W
New: ,W
A-xB: [ooa
B-»A: ,U—
concentr. M/L: ’W

Yolume, mhd"3: 272.7015
Max molecules: 4324988

POW: 10
Break: 120
Muolec. len., nm: ’3—

MT Radius.nm:

125
Molecules num.:  [g5

4

’—

ct_depth, obj:
ImgSize.nm; 20000

Apply

[~ Grid I Awes

Play / Pause

Catastrophes Save settings

Load top Load Settings
“hains: 500 Objects: 2348775  Conc. M/L: 1.56927E-05 Tur: 21066 Left Right s Close

Picture 2.6: Mimitation program interface, the program to model the dynamics of

microtubule networks in a virtual cell.

2.6 Microtubule in vitro self-assembly model

To combine the simplicity of a 2D model with the complexity of 3D, we developed
a quasi-3D approach. We create V4,5 0of 2D layers populated by microtubules and
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motor proteins, that can transition between layers with probability p;,.,. Only objects
on the same layer may interact with each other.

Solution droplet with microtubules is represented by a circle with radius R. This
droplet contains N,,,;.s microtubules with the average length L, N, plus-end and
N_ minus-end oriented motor proteins.

Microtubules are modeled according to [38] and are chains of N gpents SEgMents,
joined with flexible connections that create a rotation force according to the following

equation:

M; = Bd(r — o), (2.4)

where d is the length of a microtubule segment, /3 is the stiffness coefficient, and
« 1s the angle between segments.

Motors are modeled as small circles that can attach to microtubules upon contact
with the probability pgtqc,. All motor proteins can attach to no more than two
microtubules. After attachment, the motor protein starts to move in its direction with
speed v. When the motor reaches the end, it detaches with the probability pgetach-

Free-flowing motor proteins move via Brownian motion [42].

The viscous environment creates resistance for microtubules and motors due to
Stokes’s law. To calculate the resistance of the cytoplasm to a moving microtubule,

we use the Riley equation:

Fg = 6mnro, (2.5)

where 7 1s the dynamic viscosity of the cytoplasm, r is the radius of the object,
and v 1s the speed of the object.
The hyperparameters of the model are concentrations of microtubules and motor

proteins, size of the droplet, and attachment and detachment probabilities.
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Chapter 3

Results of the analysis and modeling of microtubule systems

3.1 Microtubule network geometry analysis

The results described in this chapter are published in [43,44].

For the experiments on microtubule network geometry analysis, we collected
a dataset with CV1 cell images under different concentrations (0, 0.1M, and 1M)
of the microtubule-stabilizing agent with anti-cancer properties, taxol. This agent
stabilizes microtubules and prevents their disassembly that leads to microtubule
network entanglement. As the microtubule network actively participates in cell
division during mitosis, this entanglement leads to an inhibition of mitosis and tumor
growth.

Examples of the images of cells under different concentrations of taxol can be

seen in Figure 3.1.

Picture 3.1: Examples of CV1 cell images under different concentrations of taxol
agents (0, 0.1M, and 1M).

We postulated the following classification tasks both for automated methods and

human experts:

» Three class classification (0, 0.1, 1).
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* Binary classification (0 vs. 0.1).
* Binary classification (0 vs. 1).

* Binary classification (0.1 vs. 1).

Altogether, we collected 200 images of cell groups for each class that leads to
2000 images of individual cells for each class. Single-cell images have been extracted
with the method described in 2.2. After extraction, all images have been resized to
300x300 pixels.

Apart from automatic methods, we also asked three experts to classify images.
Results of two variants of expert classification, namely voting and classification by
the best experts, are shown in Table 3.1. For three-class classification, we used 300

images, for binary classification — 200 images.

3.1.1 Cluster analysis of the brightest pixels

Values of cluster analysis characteristic, described in Chapter 2.3, that were
calculated for different percentage levels of the brightest pixels selected, can be seen
in Figure 3.2.

As can be seen from Figure 3.2, the resulting characteristic correlates well
with taxol concentration levels, especially at 1-3% of the brightest pixels selected.
However, the classification of images only according to this characteristic shows
sub-par results in comparison with convolutional neural networks and human experts
(Table 3.1).

3.1.2 Microtubule network analysis with convolutional neural networks

In contrast with, for example, ImageNet dataset that collects millions of images
of 1000 classes, microtubule images contain few distinctive features and the size is
relatively small due to the complex acquisition process, the use of standard deep
learning networks, such as VGG [28], ResNet [27], and MobileNet [41]) leads to
inevitable overfitting.

In cases like these, two main approaches are utilized: reduction of network size in
terms of the number of layers and neurons, and the use of pretrained network through

transfer learning. In this work, we utilize both approaches.



37

Picture 3.2: Values of cluster characteristic of the brightest pixels for cell images

under different concentrations of taxol agent (0, 0.1M u 1M).

For a small convolutional network, we used the network shown in Figure 3.3.

It contains the following layers:

[

. Input layer — black and white 8-bit image. Size — 300x300 pixels.
2. Convolution. 16 filters. Filter size — 2x2. Stride — 1x1.

3. Max pooling. Kernel size — 2x2. Stride — 2x2.

4. Convolution. 64 filters. Filter size — 3x3. Stride — 1x1.

5. Max pooling. Kernel size — 2x2. Stride — 2x2.

6. Fully connected layer. 32 neurons.
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7. Fully connected layer. 32 neurons.

8. Output layer — softmax layer with cross-entropy as the loss function.

Picture 3.3: Simple architecture network for microtubule image classification.

Training parameters were as follows:

Optimizer — "NAdam" ("Adam" [45] with Nesterov momentum).

e Learning rate — 0.002.

Weight decay coeflicient — 0.01.

Dropout coeflicient — 0.5.

Batch size — 32.

To improve classification performance, we used the following techniques on our

dataset:

 Application of sharpen mask from the PIL Python package.
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e Turns and mirroring for data augmentation. This increased our dataset size
8 fold. It is important to note that images and their augmentations were not

separated between the training and testing dataset.

Classification results in Table 3.1 show that these methods actually increase the
accuracy of the algorithm.

Even this small neural network performs on par with human experts and, in one
case (0.1M vs. IM) — even outperforms them (p-value = 0.008).

For the second approach, we used pretrained (on the ImageNet dataset) deep
neural networks, namely VGG [28], ResNet [27], and MobileNet [41]. The weights
in convolutional layers of the network were frozen, and only the additional fully
connected layer was trained. The best results were achieved with MobileNet [41],
shown in Table 3.1. We also employed an SVM model that was trained on features
from a pretrained network.

As can be seen from Table 3.1, transfer learning demonstrates the best results
despite the fact that pretraining was performed on a drastically different type of

data. This indicates that convolutional features cover enough information about cell

images.

Task Vote | Best | Cl. | CNN | CNN-T | CNN-T-S | CNN-SVM | CNN-Tran
3classes | 62 | 62.7 | 61 | 57.7 59 66 75.0 76.7
Ovs.0.1 | 89 [90.5| 80 | 79.5 84 88.5 90.5 93

Ovs.1 | 905 | 93 | 76 | 88 90.5 91 93 96.5
0.1vs.1 | 51 52 | 60 | 55 56 70.5 70.5 71

Table 3.1: Results (in percents) of classification of images of cellular microtubules
under different concentrations of taxol chemical agent. Tasks were: three class
multi-classifications and three binary classification pairwise. Vote denotes human
expert classification by expert voting, Best — by the best expert, Cl.[uster] —
automatic classification by cluster characteristic. Classification by neural networks
was performed in four variants: CNN — small convolutional neural network,
CNN-T - same small network with data augmentation, CNN-T-S - same small
network with data augmentation and sharpen mask, CNN-SVM - SVM trained on
features from a pretrained network, CNN-Tran - transfer learning of deep neural

network (data augmentation was also used in this case).
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3.2 Computer model of microtubule network dynamics

The results presented in this section have been evaluated by experts in the field
and are published in [46-51]

Our Mimitation program has shown good results in terms of modeling of
microtubule behavior in cytoplasmic space, especially in cytoplasts with no centrioles.
We can observe complex events, including catastrophes and treadmilling. In the next
chapters, we present the results of modeling various in vivo experiments and studies

of how various parameters may influence the microtubule network.

3.2.1 Mitchison-Kirschner Experiment

A well-known Mitchison-Kirschner experiment [52] goes as follows.
Microtubules in vitro are mechanically fragmented by going through the needle
of a syringe, then, in the presence of GTP, microtubule restore. The interesting thing
is that at first, we see a several-fold increase in the number of microtubules due to
fragmenting, but the system is not stabilized at this increased number, but rather
microtubules revert to a number and length close to the original.

To recreate this effect, we momentarily increase the C,...; parameter that controls
the brittleness of model microtubules. After this increase, microtubules fragment.
We then observe the full recreation of the Mitchison-Kirschner experiment with the
initial increase in microtubule number followed by restoration of the original system
state. That shows that we do not need to introduce any additional factors, except for
the limited concentration of tubulin. This phenomenon can be explained by lesser
stability of the short microtubule, while with increase in length, the stability of the

microtubules increases as well (Figure 3.4).

3.2.2 The role of GTP hydrolysis

GTP hydrolysis is one of the factors that is very hard to study since it are very hard
to influence that parameter in a live cell. This inhibits our ability to study the influence
of GTP activity on the microtubule system. This is one of the ways a computer model

can help since it is in our power to change any part of it.
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Picture 3.4: In silico recreation of the Mitchison-Kirschner experiment.

As in silico experiments show, the GTP hydrolysis is a crucial part of the network’s

stability. Without it, the system goes through violent fluctuations (Figure 3.5).

Picture 3.5: The influence of GTP hydrolysis on the microtubule network’s stability.
A,C,D) Dependence of the number of incorporated tubulin segments in time in the
presence and absence of GTP hydrolysis and under different probabilities of

polymerization. B) Microtubule network with no GTP hydrolysis.
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3.2.3 Influence of cell geometry

Again, one of the hard-to-study parameters is the cell geometry. With our model,
itis, however, very easy to control it. Figure 3.6 shows the dynamic of the microtubule
network in various geometries, from simple to complex ones. All experiments have
been performed in the same volume by cutting and pasting cell fragments from one

place in the cell to another.

Picture 3.6: Influence of cell geometry on microtubule network dynamics under low

(A) and high (B) tubulin polymerization probability.

3.3 Self-assembly of microtubule structures in the quasi-three-dimensional

model

The results described in this section have been evaluated by experts in the field
and are published in [53].
The general purpose of these experiments has been to recreate structures

observable in vitro. Default parameters have been set as follow:
* The radius of the droplet () — 16 um:;

* The number of 2D layers (Ngyers) — 3;
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The probability of layer transition (pjgye,) — 0.2;

The number of microtubule segments (NVypuies) — 150;

The number of microtubules (NVy,puies) — 150;

The probability of motor attachment upon contact to a microtubule (pgttacn) —
0.9;

The probability of motor detachment from the plus-end of a microtubule
(pdettach.pos) - 083

e The probability of motor detachment from the minus-end of a microtubule
(pdettach.neg) - 001,

With these parameters, we can observe the formation of a "aster" and its transition
into a "vortex" (Figure 3.7A).

With shorter microtubules, we can form a stable "aster" (Figure 3.7B). With a
more even mixture or even detachment probability of plus- and minus-end motors,
we see the formation of "bundles" (Figure 3.7D).

With a decrease in droplet size as in [16], our model fully recreates observable
structures (Figure 3.8). In a 11 um droplet, we see a "aster" forming in the center and
then shifting to the edge to form a "semi-aster". In a 6 um droplet, a "well" forms

nearly instantly due to the mechanical properties of microtubules.
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Picture 3.7: Model of microtubule network self-assembly in vitro. Numbers reflect
program steps. A) A "aster" transitioning into a "vortex" B) Plus-end "aster". C)
Minus-end "aster". D,E) "Bundles" with an equal number of plus- and minus-end

motors but different detachment probability.
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Picture 3.8: Model of microtubule system self-assembly in various sized droplets of
radius R. Numbers reflect program steps. A) "Aster", R = 20 um. B) "Well", R = 6
um. C) "Aster" transition to "semi-aster", R = 11 um. D) In 2D space we see no

transition to "semi-aster".



46

Chapter 4

Discussion of results of image analysis and imitational modeling of microtubule

systems

4.1 Cellular microtubule image analysis

In this work, we performed an analysis of images of CV1 cells with the following

methods:

1. The cluster analysis of the brightest pixels.
2. The analysis with convolutional neural networks of simple architecture.

3. The analysis with deep convolutional neural networks and transfer learning.

The cluster characteristic have demonstrated a good correlation with the
concentration of the chemical agent (taxol) that stabilizes microtubules and entangles
microtubule networks.

To compare different methods, we postulated a classification problem with three
classes of a different concentration of taxol (0 vs. 0.1M vs. 1M). We looked at three
class multi-classification and three different binary classification (pair-wise). The best
algorithm in that task turned out to be deep convolutional neural networks trained
through transfer learning. This method also outperformed human experts in this task.

This demonstrates an ability of pretrained neural networks to be applied in the
analysis of domain-specific images, such as cell images, despite the fact that the data
used for the pretraining could be of different nature, such as general images pulled

from the internet.

4.2 Cell space and microtubule network model

Imitational modeling opens new possibilities for the study of hard-to-predict

effects of various parameters of dynamic systems, such a cell functions. With this
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model, we can demonstrate how cell geometry can influence microtubule network
and compare the results with the results obtained in vivo.

In the future, we plan to add new elements to that model, such as pliable cell
membrane that interacts with the dynamic cytoskeleton to model cell motility,
transport and diffusible molecules for modeling of material redistribution in the
cell, and various cytoskeleton elements for modeling of mitosis and other complex

cell processes.

4.3 Microtubule network self-organization

The task of studying microtubule self-organization lies in the analysis of the
complex relationship between the geometry and properties of cellular motor proteins.
Experimental observations over these systems occur in an environment of thin films
that has properties of both two- and three-dimensional systems.

On the one hand, microtubules are limited in their movement that, in turn, leads to
the formation of specific structures. On the other, the model in the two-dimensional
space fails to reproduce all observable in vitro structures.

We proposed a new, quasi-three-dimensional method of modeling the self-
organization of microtubule structures that consists of several two-dimensional planes
that microtubules and motors can travel between.

This method allowed us to realize all observable structures, and it must be noted
that, in contrast with work by Head et al. [40], we did not need to introduce additional
interactions to the system with no physical mechanism behind them. This approach

can show promise in the study of processes that occur in flat environments.
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Conclusion

In the process of working on this thesis we have achieved the following:

1. We created a dataset and performed an analysis of images of microtubule
systems, both with the cluster characteristic of brightest pixels and with
convolutional neural networks. The cluster characteristic of the brightest pixels
of microtubule images correlates well with the taxol agent concentration
that stabilizes microtubules and leads to their entanglement. Pretrained
convolutional neural net through transfer learning outperforms both that cluster
characteristic as well as human experts in the task of classification of cell images

according to the taxol concentration.

2. We have created a computer program that allows modeling a cell of complex
geometry and includes dynamic microtubules. This model can reproduce
various effects observable in vivo with no additional factors introduced to

the system.

3. We have developed a model of microtubules self-organization in a quasi-
three-dimensional space that includes physically accurate microtubules in the
viscous medium along with transport proteins. This Quasi-three-dimensional
model of microtubule self-organization in vitro can reproduce most observable
structures with no additional factors except the presence of microtubules and

motor proteins.

We believe that these results make a substantial contribution to the area of

computer analysis and modeling of intracellular systems.
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Certificate of implementation of results

Picture Al: Certificate of implementation of results.
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