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Annomauus. Lens HacTosmel pabOThl — CpaBHUTENBHBIA aHATN3 3P ()EKTUBHOCTH HCTIOIb30BAHMS HCKYCCTBCHHBIX HEHPOHHBIX
ceTell ¢ pa3iIuYHbIMU CBEPTOYHBIMM M PEKYPPEHTHBIMHM apXUTEKTypamMHu B 3a/lau€ IUarHOCTUKH JENPECCUU Ha OCHOBE
JAHHBIX dMeKkTposHnedanorpamm (O3I7). B kauecTBe 00BEKTOB HCCIENOBAHUS BHEIOPAHBI OTKPHITHIE HAOOPHI JaHHBIX U
BBINIOJTHEH ¢OOp COOCTBEHHBIX OaHHBIX DI peanbHBIX MAIMEHTOB ¢ Aenpeccueil. Memoowi. [ns pemenus 3a1aqy BbIABICHUS
OMOMapKepOB JIENPECCUBHOTO PacCTPOMCTBA MO JAaHHBIX DO HCHONB30BAIMCH CBEPTOUHBIE HEHPOHHBIE CETH, UCTIOJIB3YIOIUE
JIBYMEPHYIO WJIM OXHOMEPHYIO OIEPAIHIO CBEPTKH, a TaKXKe THOPHIHBIE MOAEIN CBEPTOYHBIX M PEKYypPPEHTHBIX HEHPOHHBIX
cereil. [l TecTUpOBaHMA pa3paOOTaHHBIX MOAEIEH NCKYCCTBEHHBIX HEMPOHHBIX ceTeil ObUTH BRIOPaHBI OTKPBITHIE HAOOPHI
JIaHHBIX, BBINIOJIHEH OKCIIEPUMEHT I10 C60py COGCTBGHHLIX JaHHBIX PC€AJIbHBIX MALIUCHTOB C uenpeccnei&, a TaKXXe MMPOBEACHO
0o0beIMHEHNE OATOTOBICHHBIX HA0OPOB NaHHBIX. Pe3yivmamom paboOTHI SIBISIETCS aHAIN3 U CpaBHEHHE 3(P(deKTHBHOCTH
Pa3IMYHBIX KIaCCU(HUKATOPOB HA OCHOBE MOJEIEH CBEPTOUYHBIX U PEKYPPEHTHBIX HEHPOHHBIX ceTel. 3akmouenue. IlokaszaHo,
YTO CPEHss TOYHOCTh KIACCU(UKAIIMY JENPECCHBHOTO PACCTPOICTBA HA TECTOBOW BBHIOOPKE C MCIIONB30BAHUEM IEPEKPECTHOM
npoBepku coctasmia 0.68. [lomydeHHbIe JTaHHBIE COMIACYIOTCS ¢ W3BECTHBIMU U3 JINTEPATYPhl Pe3yIbTaTaMHy, OIyIeHHEIMI
JUTst HEOOTBIINX HAOOPOB JAHHBIX C Pa30MBKOM IO MarEeHTaM. XOTs MONydYeHHas B JaHHOH 3a/ia4e TOYHOCTh HEAOCTATOUHA IS
MPaKTUYECKOTO IPUMEHEHUS MOZENHU, MOKHO YTBEPXK/IATh KaK O MEPCIEKTUBHOCTH JaJbHEHIINX UCCIIEI0BaHUM B HAaIIpaBICHUU
MOBBIICHUS S(GGEKTUBHOCTH MOJEIH, TaK U 0 HEOOXOIMMOCTH CO3/IaHUs IOCTATOYHO OOJIBIIOTO PENpe3eHTaTHBHOTO Habopa
JTAaHHBIX MAIMEHTOB C JCNPECCHEH, 4To SBISETCSA BAXKHOW HAyYHOH 3amaveil s JajJbHEHIIEro moCTpoeHUs OnopHu3nIeCcKux
Mojieiel IeTIpeCCUBHBIX PACCTPOMCTB.

Kniouegsle cnoea: HeMHBa3UBHAS MMEKTpoIHIE(aTOrpaMmMa, JHArHOCTHUKA ACHMPECCHHU, NIyOokoe oOydeHHe, CBEPTOUHEIC
HeliponHsle cetd (CNN), pekyppeHTHbIe HelipoHHble ceTd (RNN).
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Abstract. The purpose of this paper is to comparatively analyse the efficiency of using artificial neural networks with
different convolutional and recurrent architectures in the task of depression diagnosis based on electroencephalogram (EEG)
data. Open datasets were chosen as objects of the study and own EEG data of real patients with depression were collected.
Methods. To solve the problem of identifying biomarkers of depressive disorder from EEG data, we used convolutional neural
networks using two-dimensional or one-dimensional convolution operation, as well as hybrid models of convolutional and
recurrent neural networks. To test the developed models of artificial neural networks, we selected open data sets, performed
an experiment to collect our own data from real depressed patients, and merged the prepared data sets. The result of this
work is analysis and comparison of the performance of different classifiers based on convolutional and recurrent neural
network models. Conclusion. We show that the average accuracy of classification of depressive disorder in a test sample using
cross-validation was 0.68. The results are consistent with the known results from the literature for small patient-disaggregated
datasets. Although the accuracy obtained in this task is insufficient for practical application of the model, it can be argued
that further research to improve the efficiency of the model is promising, as well as the need to create a sufficiently large
representative dataset of depressed patients, which is an important scientific task for further construction of biophysical models
of depressive disorders.

Keywords: non-invasive electroencephalogram, depression diagnosis, deep learning, convolutional neural networks (CNN),
recurrent neural networks (RNN).
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BBenenne

Hcrnonb3oBaHne MalMHHOTO 00y4YEHUsI M UCKYCCTBEHHBIX HEHMPOHHBIX CETel CTallo OOIIenpH-
HATOW MIPAKTHKOHN B aHaJIM3e SKCIEPUMEHTAIbHBIX OMOMEIUIIMHCKUX JaHHBIX B 3a/1a4ax OHO(PHU3NKH,
KOTHUTHUBHOTO MOJICTUPOBAHMS W TPOTHOCTHYCCKOW METUITUHEI [1-4]. JlnarHocTuka MCUXUYECKUX
HapyUIeHUH ¥ yCTONYMBBIX AIMOLIMOHAIBHBIX COCTOSIHUM CTaHOBUTCA BCE Oojiee akTyalbHOM 3ajaueit
B CHIIy PacHpOCTPaHEHHOCTH 3MOLMOHAJIBHBIX HAPYIICHUH U TPYIHOCTEH, COMPSIKEHHBIX C UX TUa-
THOCTHKOHM, 0COOEHHO Ha PaHHUX CTaIuAX pa3BUTHS 3a0oneBaHus [5—7]. Yenex perieHus mogqoOHBIX
3a/1aq CBsi3aH KaK C HMCIIOJIb30BAaHWEM Pa3IMYHBIX METONOB HEWPOBH3yaJH3allMii aKTUBHOCTH MO3Ta
MalMeHToB — (DYHKIIMOHAIBHOM MarHUTHO-pe3oHaHCHOM Tomorpaduu (GMPT) [8, 9], anexTposnie-
(danorpammer (O3I) [10-12], marautosnuedanorpaduu (MOI') [13,14] u 1. 1., Tak U ¢ CO3AaHHEM
Bce Ooiree 3(h(peKTHBHBIX MojeNnel Kiaccudukanmii marueHToB [15, 16]. [Ipu 3ToM aHamu3 HEOOIBIIMX
M0 00bEeMY SKCIEPUMEHTAJIBHBIX BBIOOPOK AHHBIX C MCHOJIB30BAaHHEM TPATUIIMOHHBIX CTAaTHCTHYE-
CKUX TIOIXOJIOB TI0 OOJBIIEH 9acTH He croco0eH 3aMKCHPOBATh T€TEPOTEeHHOCTD, JISKAIIYI0 B OCHOBE
ncuxuarpuueckux GeHomMeHoB. OCHOBHBIE Ha/IGXK/Ibl Ceifuac BO3IAraroTcs Ha allfOPUTMBI TITyOOKOTO
00yueHus, KOTOpbIe CIIOCOOHBI BBIIETATh M3 JaHHBIX OYEHb CIIOXKHBIE, TPAKTHYECKH NMPOU3BOJIHLHBIC
MATTePHBI, BRICTyNarone 3(ppeKTHBHBIMU MPEANKTOPAMH B pPaMKax perraeMoii 3ai1adu. Tak, BRICOKYIO
3¢ $eKTUBHOCTH B 3a7a4ax JUATHOCTHKH JETPECCUBHBIX PACCTPOMCTB MOKa3aiu rpadoBble HEHPOHHBIE
CEeTH, TOYHOCTb AMAarHOCTHKHU KJIacCUPHUKaTOpoB Ha ux ocHoBe pocturaeT 0.8-0.9. [Ipu sTom Takue
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MOJIETTH TIO3BOJISIIOT MCTIONB30BaTh MPEICTaBICHNE aKTUBHOCTH MO3Ta B HEEBKJIMJOBBIX MPOCTPAHCTBAX,
omuchiBas (PYHKIHMOHAJIBHBIC CBSI3M MEXKAY pa3jIMuHBIMU 00nacTsMU Mo3ra B Buae rpados [17]. Ognako
nocuegHue padoTsl (cM., HapuMmep, [ 18]) mokaseiBatoT, 4To 3((EKTUBHOCTH CBEPTOUYHBIX HEHPOHHBIX
ceTell MOXXET OBITh HE HIKE, a B ps/Ie ClTydaeB BhImie, 4eM 3(p(eKTHBHOCTH TpadoBBIX HEHPOHHBIX CETEH.
[ToaTomMy B maHHOIT paboTe MBI COCPEAOTOUMIINCH HA aHAIHM3E PA3NIMYHBIX aPXUTEKTYP CBEPTOUHBIX
HEWPOHHBIX CeTel B 3aa4e AMarHOCTUKH ACNPECCUH Ha OCHOBE JIaHHBIX dJeKkTpodHuedanorpamm (337).

OtmernM, uTo 3¢ dexkTuBHOE 00yUeHne MOAEIel Ha OCHOBE MCKYCCTBEHHBIX HEHPOHHBIX ceTel
BO3MOJKHO JIMIITb TIPU YCIIOBHW MCIIONIB30BAHUS OONBIIMX 00EMOB JaHHBIX. Ha ceromHsamHmii neHp st
00y4eHHUs1 JOCTYITHBI JINIIb CPABHUTENHHO HeOobIHe BeIOOpKH pazmepoM MeHee 10 000 HabmroneHui.
g Takux HaOOPOB JaHHBIX Ha TEPBBIN IUIAH BBIXOAAT d((EKTUBHAS apXUTEKTypa CETH U BEpHBIN
noadop runepnapaMeTpoB, ONPEACIIIONINX TUHAMHUKY OOyUYCHMs CETH. YUHThIBas HEOOXOOUMOCTh
obecrieueHUs1 CTaOMILHO BBICOKOTO KauecTBa 0OydeHUs Ha pa3jIMuHbIX HAObopax NaHHBIX, IPU IPOBEe-
HUU aHaJIHM3a 1e1ecoo0pa3Ho BBHIOIHUTE MIPEIBAPUTEIHHOE TECTUPOBAHNE BEIOPAHHONW apXUTEKTYPhI
U TUIIEpIIapaMeTPoB Ha pa3HOOOPa3HbIX JaHHBIX. OTMETHM TaKXke BaXXHOCTb CO3[AHUS HOBBIX HAOOpPOB
JaHHBIX IJIs paclIMpeHHs] UMEIOIUXcsl naTaceToB. OIHAKO B 3TOM Cilydae BO3HHUKAET MpobiemMa o0beau-
HEHMs Pa3IMyHbIX J1aTaCETOB B €IUHYIO 0a3y NaHHBIX, KOTOpas OyIeT MCIIOIb30BaThCS ISl OOy4EHUs
Y ONTUMU3AIMN MOJIETH. DTUM BOIIPOCAM TakXKe OyJeT yAeleHO BHUMaHUe B Hamei padore.

Takum oOpa3oM, B gaHHOW paboTe MBI IPOBENIN CPaBHUTEIBHBIA aHaTU3 d3PPEKTHBHOCTH HC-
MOJIb30BAaHUSI MCKYCCTBEHHBIX HEHPOHHBIX CETel C PaslMYHBIMH CBEPTOYHBIMH M PEKYpPPEHTHBIMHU
apXUTEKTYypaMH B 3afjadye JUAarHOCTUKH JACHPECCHU Ha OCHOBE JAAHHBIX 3JeKTposHLedanorpamm (33I).
B kadecTBe 00BEKTOB HCCIENOBaHMUS BBIOPAaHBI OTKPHITHIE HAOOPHI JaHHBIX M BBITIOIHEH COOp COOCTBEH-
HBIX IaHHBIX DOl peanbHBIX MAIIMEHTOB C JIEMPECCUEH.

1. MeToauka

1.1. IloaroroBka HA0OPOB JAHHBLIX Jisl 00yueHus:. Ha MOMEHT mpoBe/IeHUsI UCCIIEIOBaHUS
OBUTH HAWICHBI CICAYIOMINE, HAXOIIIINUECS B OTKPBITOM JOCTYyIe, HA0Oph! MaHHBIX DI marueHToB
C IMarHOCTUPOBAHHBIM JACTIPECCUBHBIM PACCTPOMCTBOM U MOIYYCHHBIC B PacClaOIECHHOM COCTOSHUU
C 3aKpBITHIMU TJIa3aMHU.

1. MDD Patients and Healthy Controls EEG Data (New) [19].
2. EEG: Depression rest [20].
3. MODMA Dataset: a Multi-modal Open Dataset for Mental-disorder Analysis [21].

[lepBeiii 1 BTOpOH HAOOPHI NaHHBIX JOCTYIHBI JJIsl cCKaunBaHUsA B ceTH MHTepHet. s momydeHus
JIOCTyMa K TpeTbeMy Habopy JaHHBIX HEOOXOJMMO OBLITO 3aII0THUTE U OTIIPABUTH aBTopam JIumeH3nonHoe
comanieHrue KOHEYHOTO IOJIb30BaTes [22].

[MonpoOHbIe XapaKTEPUCTUKH UCTIOIB30BAHHBIX OTKPHITHIX HAOOPOB AaHHBIX MPUBEICHBI B Ta0M. 1.

Tabnuua 1. OTkpoIThie qanHble DO MalKMEeHTOB ¢ AETPECCHUBHBIM PAacCTPOHCTBOM

Table 1. Open EEG data from patients with depressive disorder

MDD Patients and MODMA dataset:
Healthy Controls EEG | EEG: Depression rest a Multi-modal Open Dataset
Data (New) for Mental disorder Analysis
https://doi.org/ https://doi.org/10.

http://modma.lzu.

URL 10.6084/m9.figshare. 18112/openneuro. edu.en/data/index/

4244171.v2 ds003478.v1.1.0

TocnuTans Universiti | J1adoparopust  [xona | Bropas GonbHuLa YHHBEpcUTeTa
Mecro mosmy4eHus Sains Malaysia, Kesan- Jbx. b. Amnena B | JlaHpwKoy (CTallMOHAPHBIE U aM-
tan, Manaiizus YHuBepcureTe IITaTa | OynaTOpHBIC MAIMEHTHI), ['aHbCY,
Apmsona, CIITA Kurait
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MDD Patients and
Healthy Controls EEG

EEG: Depression rest

MODMA dataset: a
Multi-modal Open Dataset for

Data (New) Mental disorder Analysis
OO61iee yucio 64 121 53
YYaCTHUKOB
jp};(;;}()) YYaCTHUKOB 34 46 24
Hucro 38/26 47/74 33/20
MY>KIUH/)KEHIITUH
fgfmm BO3paCT, 39.4 + 14.1 189 £ 1.2 312 £ 9.6

Mar”o3, IIKaja

Jwnarnoctuka B[P IUar"Ho3 Beka [23] IUarHos3
Yucno KaHAIOB 19 66 129

Hcnonezyemble
kaHasel O0I

Fpl, Fp2, F3, F4, F7,
F8, Fz, T7, TS, C3, Cz,
C4, P7, P8, P3, Pz, P4,
01, 02

Fpl, FPz, Fp2, AF3,
AF4, F7, FS, F3, Fl,
Fz, F2, F4, F6, FS, FT7,
FC5, FC3, FC1, FCz,
FC2, FC4, FC6, FTS,
T7, C5, C3, Cl, CZ, C2,
C4, C6, T8, M1, TP7,
CPs, CP3, CP1, CPZ,
CP2, CP4, CP6, TPS,
M2, P7, P5, P3, P1, Pz,
P2, P4, P6, P8, PO7,
PO5, PO3, POZ, PO4,
PO6, POS, CBI, Ol,
0z, 02, CB2, HEOG,
VEOG

HydroCel Geodesic Sensor Net.
Kanasnbl, cooTBeTCTBYIOIINE CH-
creme 10-10: C3, C4, Cz, F3,
F4, F7, F8, FP1, FP2, FPz, Fz,
01, 02, P3, Oz, P4, P7, P8, T7,
T8, F3, AF4, AF7, AFS, AFz,
Cl1, C2, C5, Pz, Co, CP1, CP2,
CP3, CP4, Cp5, CP6, CPz, F1,
F2, F5, F6, F9, F10, FC1, FC2,
FC3, FC4, FC5, FC6, FCz, FT10,
FT7, FT8, FT9, P1, P2, P5, P6,
P9, P10, PO3, PO4, PO7, POS,
POz, T9, T10, T11, T12, TP7,
TPS, TP9, TP10

Pedepenc Linked ear (LE) Mexnay Cz u CPz Cz
Yacrora AUCKPETH-

sanmm, T 256 500 250
IMapametpsi Guibt-

pauuu (OBY/

DHU/pexceriis), 0.1/70/50 HET JAaHHBIX HET JAHHBIX
I'n

Popwar daiiros edf set, .fdt (EEGLAB) mat

JAHHBIX

1.2. COop KIMHUYECKHUX TAHHBIX.

Jlyis monoHEeHHs HaIEHHBIX HA0OPOB JaHHBIX U YBEIHYC-

HUS O0IIEro KoJiM4ecTBa HaOMIOEHUI U MAIeHTOB OBbLIO MPOBeNeHO uccienoBanue DO y manueHToB
C TIOATBEPKICHHBIM JUATHO30M JEIPECCUBHOIO paccTpoiicTBa Ha 6a3e KIMHUKO-THarHOCTUYECKOTO
nentpa bOY umenn Mmmanyuna Kanra.

B xoxe ceccun mpoBoamtack peructpanus 931" 60apCTBYIOMHKX MANMEHTOB B paccilaOICcHHOM
COCTOSIHUH C 3aKPHITHIMHA M OTKPBITHIMH TJIa3aMU IO CIIeAYIONIeH Mporenype:

XXX

OTIPOC YYaCTHHUKA;
IpeABapUTENIbHOE TECTUPOBAHKE T10 IIKaJIe Aenpeccun beka;
00BsICHEHHE TIPOBOANMON MPOLEAYPHI U MOTydeHNEe HH(OPMHPOBAHHOTO COTIIACHS;
IMOJIrOTOBKA K CHATHIO DT
3anuchk D01 B paccinableHHOM COCTOSIHUHU IIPH 3aKPBITHIX Ta3zax (3 MUHYTHI);

3anuck D01 B pacciabieHHOM COCTOSHUM NPH OTKPBITHIX IMa3ax (3 MUHYTHI);

3aBepLIeHUE MPOLEaYypPbl, coxpaHenue Qaiina ¢ ganaeiMu D3I B popmare EDF.
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Jns castus 3017 19 a5eKTpooB 3aKpeIuisuIoch Ha CIENUAIbHON miarmodke A cHATuS D01,

cornacHo cucteme 10-20, B nonoxenusax Fpl, Fp2, F7, F3, Fz, F4, F§, T7, C3, Cz, C4, T§, P7, P3,
Pz, P4, P8, O1, O2. Cxema CHATHA — MOHOIIOJISIPHAS] OTHOCUTENFHO AJIEKTPOAa Ha MOYKE JIEBOTO yXa
(otBenenue Al). st 3a3emMiteHUsT HCTIONB30BaIoch oTBeneHne AFz. Yactora muckpermsaruu 500 I,

[Mapametps punsrpamuun: GBY (0.5 T'n), DHY (70 '), pexxexropubiii uistp (50 o).
B pesynprare Obutn mony4eHsl JaHHBIE OT 37 manueHToB (9 MyX4WH, 28 JKEHIIWH, CPeTHHN

Bo3pacT 39.8 £+ 15.2).

1.3. O0bequHeHne HA0OOPOB JaHHBIX B eqUHYI0 0a3y. Kax BUAHO U3 Tabi. 2, XapaKTEPUCTHKH

Ha0OpOB JaHHBIX 3HAYUTEIHHO PA3IMYAIOTCS U JUIS CO3IaHUS UTOTOBOM 0a3bl JaHHBIX DDI UX HYKHO
00beIMHNTE. 1)1 9TOro HeoOXOIUMO COITIAaCOBAHHE CICAYIONIUX MapaMeTPOB:

JaCcTOTa TUCKPETU3AIIH;
KOJIMYECTBO KaHAJIOB M PACIIOJIOKEHUE DIIEKTPOJIOB;

napameTpbl UGPoBoi HUIBTpaLn;

pedepenc;

pa3MeTka.

JIost cornacoBaHusl TAaHHBIX MCIONB30BANIACh CISAYIONIAs MPOIENypa ¢ UCIOIb30BaHHEM OUOIHO-

teku MNE-Python [25].

l.

CorracoBaHne 4acTOTHI TUCKpeTu3anuu ¢ nonmkerneM a0 200 I
[Ipumenenre U poBeIX GUIBTPOB, comtacHo mpuHATol nmpaktuke: ®BY (1 I'm), ®HY (40 I'm)

CormacoBaHH€e YHCiIa UCITOJIB3YyEeMBIX KaHAJIOB 110 19 oTBeACHUH, UCIOIB3YEeMBIX B Hallel Ha-
crpoiike cbopa maunbix: Fpl, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7, P3, Pz, P4, P§,

Wsmenenue pedepencHoro anekTpona Ha Cz Bo Bcex Habopax JTaHHBIX.

2.
[24].
3.
01, 02).
4,
5.

[IpuBenenve k eAMHOMY BHIY U (hopMaTy pa3MEpHOCTH AaHHBIX, HA3BaHUI U MOPsIKa KaHAJOB,
npeoOpa3oBanue (aita s coxpaHeHus pe3yasraroB B ¢popmar CSV.
Kaxnpiii momydeHHBIN (aiin TaHHBIX MOTYYHI METKY Hanuuus win orcytctBusi B/IP. B ciyuae

€CITH TaHHBIE 0 HAJIMYWU THarH03a OTCYTCTBOBAIHN, HO UMEIHUCh Pe3yiIbTaThl ompoca 1o mkane beka,
T0 MeTka Hanuuus BJIP Ha3zHayamach AJs MAIMEHTOB C Pe3yabTaToM Bhime 13 Gamios [23].

JU1st KOHTpOJIST KadecTBa IMONYYEeHHBIX JAHHBIX KaXABINA (Daii ObLT MPOCMOTpPEH SKCIEPTOM

C OT60p0M HanOOJIBIIIETO HCMIPEPBIBHOI'O YYACTKa AJaHHBIX 0e3 CYHICCTBCHHBIX apTe(l)aKTOB. daiin

Tabmuma 2. [Mapamerpsr HaO0poB HaHHBIX DI, CBA3aHHBIX C JEMpeccHen

Table 2. Parameters of EEG datasets associated with depression

HcTounuk \ [19] \ [20] \ [21] | lannas paGora
HcTouHuk JaHHBIX Manaiizus CIIA Kurait Poccus
OO01ee 9nciio y9acTHUKOB 64 121 53 37
Yucno yyactaukos ¢ B/IP 34 46 24 27
MarHo3, mKkaja MarHo3, mkaja
Huarnoctuka BJIP Huarnos A Bexa Juaruos A Bexa
Ywncino MyKIuH/KSHITUH 38/26 47/74 33/20 9/28
Cpenuuii BO3pacT, JeT 39.4 + 14.1 189+ 1.2 312+ 9.6 398 £ 15.2
Yucno xaHajaoB 19 66 129 19
Yacrora auckperusayy, ['1 256 500 250 500
g‘g?;gg;%:iﬁf;;;ﬁl I'i 0.1/70/50 HET JaHHBIX HET JaHHBIX 0.5/70/50
Pedepenc Linked ear (LE) | Mexny Cz u CPz Cz Al
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0TOpackIBaJICs MOTHOCTBIO, €CITH TaKOM y4acTOK OBLIO BHIOpaTh HEBO3SMOXKHO. B pe3ynmbrare U3 Kaxkaoro
Habopa JaHHBIX ObLIO oTOpomieHo 15, 0, 7 u 0 daittoB cooTBeTCTBeHHO. CpeaHss MPOIXOIIKUTEIHLHOCTh
3amnuceif cocraBuna 113 £ 81 cexyHasl.

WroroBsiii 00berHEHHBIN Ha00p HaHHBIX D01 JTrofeii B pacciaabieHHOM COCTOSHHUY C 3aKPBITHIMU
[J1a3aMH, pa3MEUEHHBII B COOTBETCTBUM ¢ HamuuueMm uiu orcytctBueMm B/IP, comepxxut manasie 122
nanueHToB ¢ AuarHo3oM B/IP u 123 yenoBek KOHTPOIBHOUW TpyMIibl CYMMapHOW MPOAOIKUTENbHOCTHIO
13927 u 13841 cexyHII COOTBETCTBEHHO.

2. Pe3yabTaThl

2.1. UccnenoBanue M BbIOOP ONTUMAJbHON apXUTEKTYpPbl HelipoHHoil cetu. HecMotps
Ha CyIIECTBEHHBII MPOrpecc B MPUMEHEHUH IITyOOKOro OOy4eHHs B MEAMIMHCKHUX HUCCIENOBaHUSIX,
HE CYIIECTBYET OOIIENPUHATON, Hauboee 3GeKTUBHON apXUTEKTYPhl HEHPOHHOH CETH, HAWITYYIIUM
oOpa3oM moxxosie A 3anad kiaccudukanuu DO0 npu aHaIM3e MCUXUYSCKUX PACCTPOUCTB [26].
Nmetomuecss B HACTOSAIMNUNA MOMEHT apXUTEKTYPhI OTIHYAIOTCS BHIPAKEHHON «CIEIHaIA3ane Mo
KOHKPETHBIE MapaMeTPhl JAHHBIX M THIIbI paccTpoiicTB. TakuM 00pa3om, 3aiaya mox0opa ONTUMAIBLHON
ApXUTEKTYPHI ABISIETCS aKTyalbHOMW, BCIEICTBHE Yero Tpedyercs Ooee monpoOHOe CpaBHUTEIHHOE UC-
CJIC/IOBAHNE IPUMEHUMOCTH PA3IUYHBIX 0a30BBIX apXUTEKTyp. CpaBHUTENbHBII aHaIi3 ObLI BBIONHEH
JUTS 3a7a91 KIacCH(pHUKAIMK HAIMYUS WA OTCYTCTBHUS JACMPECCHBHOTO PACCTPONCTBA HA OCHOBE JaHHBIX
curnanoB DI

Cpenn BO3MOXKHBIX HEHPOHHBIX CETeH-KaHINWIATOB IeIec000pa3HO pacCMOTPETh CBEPTOUHBIC
HEHPOHHBIE CETH M pPeKypPpPEHTHBIE HepoHHbIE ceTH (B yacTHOCTH, LSTM), mmpoko pacrnpocTpaHeHHbIE
JUISL Pa3sTUYHBIX 3a7a9 00paOOTKM MEOUITMHCKUX NaHHBIX [27]. s cBEpTOUYHBIX HEHPOHHBIX CETeH
XapakTepHa BO3MOXXHOCTh M3BJIEKATh MPOCTPAHCTBEHHBIE MPU3HAKHM M3 BXOIHBIX JTaHHBIX, & PEKYPPEHT-
HbIC HEUPOHHbBIE CETH YPPEKTUBHBI IS TOCIIEAOBATEIBHOCTEH TaHHBIX, TAKMX KaK 33724l 00paboTKU
BPEMEHHBIX PSIOB WIIA €CTECTBEHHOTO S3bIKA.

Jns perieHus 3aa4u ONpezesieHus IeIpecCUBHOIO paccTpoiicTBa o faHHbIX D3I Hanbonee pac-
MIPOCTPaHEHbI CBEPTOYHBIE HEWPOHHBIE CETH, UCTIONB3YIONINE IBYMEPHYIO FIIH OJHOMEPHYIO OIIEPaIliio
CBEPTKHU U THOPHUIIHBIE MOJENIN CBEPTOYHBIX U PEKyPPEHTHBIX HEHPOHHBIX ceTel [28].

Ha ocnoBe aHanmu3a auTepaTypbl OBUTH OTOOPAHBI 5 apXUTEKTYp HEHMPOHHBIX CeTeH, MOKa3aBIINX
BBICOKYIO TOYHOCTb MPHU PEIICHUU 3aJa4l JUATHOCTUKHU Jenpeccuu o aanHeM D3OI [29].

1. OmaomepHas cBeprouHas HelpoHHas ceTh u3 9 cioes [30]. JlocTHTHYTast TOYHOCTH KIIacCU(HUKa-
i 98.32.

2. T'mOpumHas ceTh M3 OJHOMEPHBIX CBEPTOUHBIX ciioeB U cioeB LSTM [31]. JlocTurayTas TOYHOCTh
knaccudukanuu 95.97.

3. OpmHoMmepHas cBEpTOYHAS HEWpoHHAas ceTh u3 15 cmoe [32]. JocTurHyTas TOUHOCTH KJIaCCHU(HUKA-
mu 93.5.

4. T'mOpumgHas ceThb, COCTOSIIASA U3 OJHOMEPHBIX CBEPTOUHBIX citoeB U cnost LSTM [33]. JlocturayTas
TOYHOCTH Kiaccudpukanuu 97.66.

5. OpHOMepHas CBepTOYHAsI HEHPOHHAs ceTh U3 5 cioeB [34]. JlocTurayTasi TO4HOCTh KiacCU(pUKa-
i 96.3.
JlononHuTeNbHO OBUIH PaCCMOTPEHBI €I ABE apXUTEKTYPHI, KOTOPHIE HA MOMEHT MCCIIEIOBAHUS

HE WCTOIB30BAIHCH JUIA 33/1a91 KJIACCH(HUKANHN JeTPeCcCHH 1Mo JaHHbIM D01

6. Kommaxthas cBeprounas HeiiporHas cetb EEGNet, n3HagansHO peaHa3HauYeHHAS A1 PUMEHE-
HUS B Pa3IMYHBIX 3aJa9aX MO3T-KOMIBIOTEPHBIX HHTepdeiicoB [35].

7. JIByMepHas cBepTO4Hasi HEWpOHHas ceTh, co3naHHas no npuHiuny EEGNet, Ho conepxaias
TOJIEKO CBEPTOUHBIC CIIOH.

ApXHUTEKTypa HMCIIOJIb30BAaHHBIX B MCCIIEJOBAHUM HEMPOHHBIX CeTel mpencTaBieHa B Tabm. 3.

Hlywapuna H. H.
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Tabnuma 3. CTpyKTypa clloeB HEHPOHHBIX ceTell. THIT ceTH B 3aBUCHMOCTH OT €€ HoMepa: | — ogHOMepHas

CBEPTOYHAs HEHMPOHHAs CeTh; 2 — rMOpUIHAs CeTh U3 OIHOMEPHBIX CBEPTOUHBIX CclIoeB U cioeB LSTM;
3 — ogHOMeEpHasl CBEpTOYHAsI HEHPOHHAs ceTh; 4 — rHOpHUIIHAs CeTh, COCTOSIIAsT U3 OJTHOMEPHBIX
CBEPTOUHBIX clloeB U ciod LSTM; 5 — ogqHOMepHast cBepTouHas HEHPOHHAs CETh;
6 — EEGNet-koMIIakTHasi CBEpTO4YHAsE HEMPOHHAs CETh; 7 — JABYMEpPHAsl CBEPTOYHAs HEMPOHHAs CETh

Table 3. Structure of neural network layers. Network type depending on its number: 1 — one-dimensional
convolutional neural network; 2 — hybrid network consisting of one-dimensional convolutional layers and
LSTM layers; 3 — one-dimensional convolutional neural network; 4 — hybrid network consisting of one-
dimensional convolutional layers and LSTM layer; 5 — one-dimensional convolutional neural network;

6 — EEGNet-compact convolutional neural network; 7 — two-dimensional convolutional neural network

Cetb 1 2 3 4 5 6 7
Croit
. . | CBepTOUHBIN
CBepTOUHBII . . N . | CBepTOUHBIN
| (50 szep Caeprounslii | Ceeprounsrii | CBepTouHblil | CBEpTOUHBIN (8 aep (16 smep
(64 smep 1x5)| (5 amep 1x5) |(64 aapa 1x5)|(32 smpa 1x5) 18x50, mar
1x10) 1x100)
1x4)
CBeprounbIi Cy6auckpern- CyOnuckpeTu ChepTounbIii CyO6muckpeTi
) (50 se 3anuu (110 3anu (1o (128 s 3anuu (mo | Hopmanusa- | Hopmanusa-
lxl}(l))p MaKCUMyMY, | MaKCUMYyMY, 1x3})1 P MaKCUMyMy, |IIMH 110 0aTdy |uuH 1o 0ardy
1x3) 1x2, mar 2) 1x2, mrar 2)
Cybmuckpe- § CybauckpeTy- CBepTounbIii Cybauckpern-
TU3ALUU Ceeprounblii | 3amuu (mo | [TomHOCBS3- 3anuu (1Mo
3 Dropout(0.5) . o TIIyOuHe
(o maxcu- (5 smep 1x5) | makcumymy, | Hbiid (1024) (18x1) cpeaHemy,
Mymy, 1x3) 1x2, mar 2) 1x4)
. Cy06auckpery- .
CBepTOUHBII . CBepTOYHBII
CBeprouHslif | 3amuu (110 ITonnoces3- | Hopmanusa-
4 (100 smep Dropout(0.2) . (32 ampa
(48 snmep 1x5)| Makcumymy, HbIH (32) |mmu mo Garuy
1x10) 1x25)
1x2, mar 2)
Cybauckpe- |CyOauckpeTu- | Creprounit Cybauckpery-
5 tu3anuy (1o | 3anmu (o | CBepTOYHBIH (128 se [onnocesz- | 3amuum (mo | Hopmanusa-
MakcuMyMmy, | Makcumymy, (10 smep 1x5) 1x13I; P HBI (2) CpeHEeMy, |IHH 1Mo O6aTdy
1x3) 1x3) 1x4)
ChepToumbIii CyOnuckperu- CyOnuckpern-
6 (50 smep | Dropout(0.5) sawn (0 | CBeprowmbiii Dropout(0.5) 3auumn (1o
1x21) Makcumymy, |(32 aapa 1x7) cpelHeMYy,
1x2, miar 2) 1x4)
Cy6mucipe- Pasnenumerii
THSALHH Cseprounsblil | CBEpTOUHBIN cBepTouHbli | CBEpTOYHBIN
7 (mlffi;‘;‘;‘_’m (24 sxpa 1x5)/(10 szep 1x5)| > TMB2) (16 smep | (2 spa 1x1)
1x16)
HEeMYy)
Cy6auckpern- CyOnuckpeTu Cybauckperu-
3 Dropout 3aruu (110 3aiuu (mo | ITomHocBsz- Hopmanusa- | 3auuu (mio-
. MaKCUMyMy, | MaKCUMyMYy, | HBIH 1K 110 Oardy| GanbHBIN 10
0.5 yMY, yMY, i (64 Oaray| O i
1x3) 1x2, mar 2) MaKCHUMYyMY)
Cybauckpery-
ITonHOCBA3- CBepTOYHBII 3anud (1o
9 bt (2) Dropout(0.5) (15 sinep 1x5) Dropout (0.2) cpesHemy,
1x8)
Hlywapuna H. H.
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CeTb 1 2 3 4 5 6 7
Croit
Cybauckpery-
3anuu (o | ITomHOCBSA3-
10 LSTM(128) MAKCHMYMY, bt (2) Dropout (0.5)
1x2, mar 2)
TlonHOCBS3- ITonHoCBS3-
1 LSTM(64) Hbli (80) HBIH (2)
ITonHoCBS3-
12 bt (64) Dropout(0.1)
13 TTonHocBs3- | TlomHOCBS3-
HEIH (2) HEIH (40)
14 Dropout(0.1)
15 TTonHOCBS3-
HBIH (2)

st cpaBHEHHMS BBINIEYKa3aHHBIX apXUTEKTyp OBUIO BBHITIOIHEHO 0Oy4eHHe Ha MOMyIeHHOM paHee
o0beuHeHHOM Habope naHHbIX DOI.
[loaroroBka maHHBIX A7 00y4ueHHs ObLIa BHIOJIHEHA B CIEAYIONIEH MOCIeI0BaTeNbHOCTH.

1. 3arpy3ska moarotoBieHHBIX MaHHBIX 3 CSV-daiinos.

2. Hape3ska mansbix Ha orpesku 1o 200/400/600/800/1000 oTcyeToB (COOTBETCTBYIOIIME UTUTEIHHO-
ctu 1/2/3/4/5 cexynn), 6€3 epexpoITHSL.

3. BrimonHeHue craHIApTH3ANWK JaHHBIX JUIS OBBIIICHUS! CKOPOCTH CXOAUMOCTH allTOpUTMa 00yue-
HUS HEUPOHHBIX ceTeit [36].

B mporiecce 00yueHUs mpUMeHSIIach MPOIEAypa IEPEKPECTHON MPoBEepKH (KPOCC-BaTHIAITHS)
ITyTeM MHOTOKPAaTHOW pa30MBKHU JaHHBIX IO MAlMEHTaM Ha 00YYalollyl0 U TECTOBYIO BBIOOPKHU B COOT-
vomrenuu 90/10, ucrons3ys ¢pyuknuto StratifiedKFold n3 6ubnmmnorekn MamuHHOTO 00yUeHUS Ha S3BIKE
Python-sklearn [37]. Peanuzanus cereil BBIONHSNIACH HA s3bIKe TporpammupoBanus Python 3 ¢ uc-
nonp3oBanreM onbmmorteku TensorFlow 2 [38] ma kommbroTepe ¢ omeparmonHoi cuctemorr Ubuntu
Linux 20.04, o6opymosanHoMm rpaduueckum yckopureiaeM NVIDIA Quadro P1000 (CUDA 10.1).
s kaxaoro pa30oueHus BBIIONHIOCH 00ydeHHe MOJIENIM HEHPOHHOM CeTH M BBIYHCIIEHHE MOIYYEeHHBIX
3HAYCHUH TOYHOCTH KiTaccuukanuu u F1-Mepsl Ha TeCTOBOH BBIOOpPKE.

Jlnst oOydeHust HEMPOHHBIX CeTel ObUT MCIIOJIb30BaH METOJ] afanTuBHOM uHepuuu (Adam) [39]
¢ mapaMmeTpoM ckopocTH oOydeHus, paBHpIM 0.0001, u pasmepom muHHOaTda 64. KareropmambHas
MepeKpecTHAsE SHTPONH (KPOCC-3HTPOIUS) IPUMEHSJIAch B KauecTBe PyHKIMH MOTephb. C MOMOIIBIO
¢yuxmu EarlyStopping u3 6ubnmorexn TensorFlow BEITOTHSIIOCH OTCIEKHMBaHNE AMHAMUKA H3MEHEHHUIH
(yHKIMY OMMOKH HAa TECTOBOM BBIOOPKE M OCTaHOBKA OOYYEHHS NPU OTCYTCTBUU CHIDKCHHS (DYHKIHH
OIMOKH B TeUeHHE 4 3MOX.

Pesynprupyromnye 3HaueHHs MPEACTABICHBI B Ta0N. 4 B BUJIE CPETHUX PE3YJIBTaTOB MEPEKPECTHBIX
MIPOBEPOK TOYHOCTH Kiaccupukaruu u F1-mepsr.

Brrunciienne metpuk Mojenu 0a3upyeTcs Ha Tak Ha3blBaeMO# MaTpuile omubOok (confusion
matrix) — KBaJpaTHOH MaTpHIle, pa3Mep KOTOPOi COBIAJaeT ¢ KOJIMYECTBOM KJIaccoB (2 Ha 2 B cirydae
OMHapHOHN KJIACCU(UKAINN), U YKa3bIBAETCS KOJMIECTBO OOBEKTOB, OTHECEHHBIX MOJEIBIO0 K KOHKPET-
HOMY KJIACCy C OILIEHKOI JAeMCTBUTEIHHOTO OTHOIICHHS yKa3aHHOTO oObekTa. [Ipu 3ToM yKasbIBaeTcs
KOJIMYeCTBO 00BEKTOB, BEpHO OTHECEHHBIX K KOHKPETHOMY KJIACCy W OTHOCSIIUXCS K HeMy (true positive,
TP), BepHO HE OTHECEHHBIX K KOHKPETHOMY KJIACCY M HE OTHOCSAIIMXCA K HeMy (true negative, TN),

Hlywapuna H. H.
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Tabnuna 4. VccienoBanue apxuTeKTyp HEHPOHHOM CETH IS PEILICHUs 33/1aull KJIACCU(HKAIIMK ETTPECCHBHOTO
paccTpoiicTBa o AaHHbIM DT

Table 4. Exploring neural network architectures for solving the problem of classifying depressive disorder from
EEG data

Heiiponnas cerb

2

4

6

ApxuTtek-
Typa

CNN 1D

CNN 1D +
LSTM

CNN 1D

CNN 1D +
LSTM

CNN 1D

CNN
(EEGNet)

CNN 2D

Yucno
CJIOEB

13

15

10

5

11

Yuco na-
pameTpoB
(most 1/2/3
/4/5 ¢)

189352

159050

12722/ 19922/
27122/ 35522/
42722

485666/
690466/
895266/
1100066/
1304866

3313602/
6590402/
9867202/
13144002/
16420802

1954/ 2146/
2338/ 2562/
2754

27506

ToyHOCTE
uF1(1c)

0.62 £ 0.08

0.63 £ 0.10

0.61 £ 0.07

0.62 £ 0.11

0.63 + 0.09

0.63 £ 0.09

0.60 + 0.09

0.59 £ 0.12

0.59 £ 0.06

0.57 £ 0.09

0.66 £ 0.10

0.66 £ 0.11

0.63 + 0.07

0.62 £ 0.11

Tounocth
uF1 (2 ¢)

0.64 £+ 0.08

0.63 + 0.10

0.60 £+ 0.07

0.63 £ 0.09

0.67 £ 0.09

0.63 £ 0.13

0.62 £ 0.08

0.61 £ 0.12

0.62 £+ 0.08

0.61 +0.12

0.66 = 0.10

0.61 £+ 0.16

0.64 £ 0.07

0.63 £ 0.11

ToyHOCTE
uFl (3 c)

0.64 £ 0.08

0.63 £ 0.12

0.63 £ 0.08

0.62 £+ 0.08

0.63 + 0.09

0.63 £ 0.10

0.61 + 0.09

0.59 £+ 0.08

0.61 £+ 0.07

0.61 £ 0.07

0.67 £+ 0.11

0.67 £ 0.11

0.65 + 0.09

0.65 £ 0.09

Tounocth
uFl (4 ¢c)

0.63 £ 0.11

0.62 +£0.14

0.57 £ 0.11

0.65 £ 0.10

0.67 £ 0.08

0.65 £ 0.09

0.60 £+ 0.09

0.58 £ 0.14

0.61 £ 0.07

0.59 £ 0.11

0.67 £ 0.10

0.66 + 0.11

0.64 £ 0.08

0.63 £ 0.09

ToyHOCTE
uFl1 (5c)

0.63 £ 0.12

0.60 £ 0.16

0.57 £ 0.12

0.66 £ 0.11

0.63 + 0.09

0.61 £ 0.13

0.61 + 0.07

0.59 £ 0.12

0.59 + 0.05

0.59 £ 0.08

0.66 £ 0.10

0.61 £ 0.16

0.65 + 0.10

0.60 £ 0.17

OTHECEHHBIX K KOHKPETHOMY KJlaccy M He oTHocsmuxcs kK Hemy (false positive, FP), He oTHeceHHBIX
K KOHKpPETHOMY KJlacCcy W oTHocsmuxcs k Hemy (false negative, FN). O01ee KOIM4ecTBO OTBETOB
Mozenu npeacrasisier cobort cymmy TP+TN+FP+FN. Haubonee oueBuaHON Ka)KeTCs BBIYUCICHUE TOIU
BEPHBIX OTBETOB 10 OTHOIICHHIO K 00IIEMy KOJIMYECTBY OTBETOB (accuracy):

TP +TN
TP+TN+FP+FN'

accuracy =

(1

OnnHako 3HaueHue BeipaxkeHus (1) OyzeT 3aBUCeTh OT cOaTaHCHPOBAHHOCTH Kiacca | JUisl Hecha-
JIAHCUPOBAaHHBIX HAOOPOB JaHHBIX Oy[eT MEHATHCA IPU cMeHe Kiacca. [loaToMy Hcnonb3yroTcs 1Be
METPHKH, XapaKTepu3youme 3pQeKTUBHOCTh MOJEIH B OTHOIICHHH K KOHKPETHOMY KIIACCy.

TounocTs (precision) Moka3pIBaeT JOJIIO OTBETOB, BEPHO OTHECEHHBIX MOJENIBIO K KOHKPETHOMY
KJaccy, K 00I1eMy KOJMYEeCTBY OTHECEHHBIX K KIlacCy 0ObEKTOB:

TP

precision = TPLFP

2)
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TouHOCTH IPUMEHSIETCS B Mape ¢ MoaHoToH (recall) — momeit 0OBEKTOB, OTHECEHHBIX MOJEIBIO
K KOHKPETHOMY KJIaccy, K 00ILeMy KOJIMYeCTBY OOBEKTOB IaHHOTO Kiacca:

TP

= —F—F—.
reca TP+ FN

A3)

Ha ocnoBannu Metpuk (2) u (3) Beraucisercs Fl-mepa, onHa U3 caMbIX MOMYISIPHBIX METPHK
3 PEKTUBHOCTH MAIIMHHOTO 00y4EHUs, KOTOpas MPEICTABISIET COO0M TapMOHUYECKOE CPEIAHEE TOUYHOCTH
Y TIOJTHOTHI MOJIENY TI0 KOHKPETHOMY KJIaccy:

Pl 2 x presicion * recall

presicion + recall @)

U3 1abm. 4 ciemyert, 4To HAWITYYIIYIO TOYHOCTh KJIacCHU(UKAIUU AEMOHCTPUPYIOT Moaen 6 u 7
IIPH ITUTEIHHOCTH CUTHAJIa Ha BXO/E 3 CEeKyH/IBL.

OOparaeT Ha ce0s1 BHUMaHUE OYCBUIHAS PA3HUIA MEK/TY 3asSBICHHON TOUHOCTHIO KJIacCH(PUKAIIU
Monenei, npesbimatomeii 90%, 1 MoIy4eHHBIMH pe3yJIbTaTaMH KIacCH(PHKAINH Ha FCIIONb3YEeMbIX
JIAHHBIX. DTO BBI3BAHO, IPEXKJIC BCETO, Pa3HUIICH B 00bEME U KaueCTBE UCXOHBIX JIAHHBIX, IPUMEHSIEMbBIX
s o0ydeHus. B mannHO# pabore cTparndunupoBanHOe pa3OHeHNe JaHHBIX IO TMAIleHTaM HEOOXOIIMMO
JUTSI TIPENOTBPAICHUS HESIBHOW yTEYKH OOYYaroIIMX JaHHBIX B TECTOBOE MOAMHOXecTBO. [logoOHas
YTEYKa BBI3BIBACT HE TOJHKO 3aBBINICHHE MOKAa3aTeNeH TOYHOCTH, HO W MPUBOIAUT K MEPEOOYUCHUIO
MOJIENIH, CHUXKAs CIIOCOOHOCTh K 0000meHmo. Kpome Toro, s knaccudukaropa Oyaetr HaOIoaaThes
pa3dpoC TOYHOCTH B 3aBHCHMOCTH OT KOJIMYECTBA CKOMIIPOMETHPOBAHHBIX HAOMIOICHUN IS TTAIIUECHTOB,
MOTIAaBIINX U B OOYYaIOIIYI0, U B TECTOBYIO BRIOOPKH, KaK MIOKa3aHO B TaoI. 5.

Ta6muma 5. Tounocts (1) u Fl-mepa (4) pa3nuyHbIX apXUTEKTyp HEHPOHHOW CETH IPHU PEHICHUN 3aJadu
KJIaccH(pUKany AEIPECCUBHOTO PACcCTPONCTBA HAa PA3NIMYHBIX NCTOYHMKAX AaHHBIX OOI
0e3 ydera pa3OueHUs JaHHBIX 10 TAIIMEHTaM

Table 5. Accuracy (1) and Fl-score (4) of different neural network architectures in solving the depressive disorder
classification task on different EEG data sources without considering patient data partitioning

N CTOYHUK Heiiponnas cetb (Tounoctn/F1-mepa)
JAHHBIX 1 2 3 4 5 6 7
0.99 & 0.01 [0.70 & 0.06 | 0.91 & 0.03 [0.97 & 0.01 |0.78 & 0.02 [0.95 & 0.02 | 0.98 & 0.01
1
0.99 + 0.01 [ 0.70 £ 0.03 | 0.92 + 0.03 [ 0.97 & 0.01 | 0.78 & 0.02 | 0.95 & 0.02 | 0.98 + 0.01
0.84 + 0.02 [0.60 & 0.04 [0.69 & 0.02 [0.71 & 0.04 [0.59 & 0.04 [0.71 & 0.02 [ 0.69 + 0.03
2
0.84 + 0.05 [ 0.60 & 0.04 | 0.69 & 0.18 | 0.71 & 0.08 | 0.59 & 0.04 | 0.71 & 0.06 | 0.69 =+ 0.08
0.96 & 0.01 [0.77 & 0.09 [0.70 & 0.06 | 0.87 & 0.06 | 0.55 & 0.02 | 0.76 & 0.03 |[0.83 & 0.04
3
0.95 + 0.02 [ 0.77 & 0.09 | 0.70 & 0.06 | 0.86 & 0.04 | 0.54 + 0.04 | 0.76 & 0.03 | 0.79 + 0.05
0.95 & 0.03 [0.92 + 0.03 | 0.80 & 0.04 [0.89 & 0.06 | 0.63 & 0.03 [0.87 & 0.02 | 0.89 + 0.09
4
0.95 & 0.02 | 0.92 & 0.02 | 0.80 & 0.03 | 0.89 & 0.06 | 0.63 & 0.03 | 0.87 & 0.02 | 0.89 & 0.09
0.89 & 0.01 [0.78 & 0.08 | 0.74 & 0.02 [ 0.84 & 0.02 | 0.67 & 0.03 [0.79 & 0.02 | 0.82 & 0.02
O0ObenuHeH-
Hast Gasa 0.89 + 0.01 [ 0.80 & 0.06 | 0.73 & 0.02 | 0.84 & 0.02 | 0.67 & 0.02 | 0.78 & 0.02 | 0.82 & 0.02
Hlywapuna H. H.
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Tabmuma 6. Tournocts (1) u Fl-mepa (4) it pa3mugHBIX apXUTEKTyp HEHPOHHOW CETH HA Pa3IMYHBIX UCTOYHUKAX
naHHbIX DO MpU UCTIONB30BaHUM Pa30MEHUS NAHHBIX IO TAIlCHTaM

Table 6. Accuracy (1) and Fl-score (4) for different neural network architectures on different EEG data
sources when using patient data partitioning

MU CcTOYHUK Heiiponnas cerb (Tounocts/F1-mepa)
JaHHEIX 1 2 3 4 5 6 7
0.82 + 0.11 [0.69 &= 0.16 [0.81 & 0.13 | 0.81 & 0.10 | 0.74 & 0.09 | 0.80 + 0.20 | 0.84 + 0.10
1
0.80 + 0.14 | 0.62 + 0.20 | 0.82 + 0.10 | 0.80 + 0.12 | 0.75 + 0.12 | 0.78 + 0.26 | 0.86 + 0.08
0.58 + 0.09 [0.50 & 0.15 [ 0.56 & 0.09 | 0.58 & 0.07 | 0.55 & 0.06 | 0.58 &+ 0.10 | 0.56 + 0.09
2
0.57 £+ 0.09 | 0.50 & 0.09 | 0.57 & 0.09 | 0.55 &+ 0.14 | 0.55 + 0.06 | 0.59 + 0.10 | 0.55 + 0.10
0.35+0.14 [0.38 = 0.12 [0.48 &+ 0.14 | 0.39 & 0.12 | 0.51 & 0.05 | 0.53 + 0.11 | 0.47 + 0.09
3
0.34 +0.13 [ 0.34 + 0.12 | 0.48 + 0.14 | 0.37 £ 0.12 | 0.51 + 0.07 | 0.53 £ 0.11 | 0.45 £+ 0.10
0.65 + 022 [0.61 = 0.16 [0.51 £ 0.17 | 0.73 &+ 0.14 | 0.56 & 0.10 | 0.67 + 0.14 | 0.54 + 0.19
4
0.64 +0.21 [ 0.61 +0.16 | 0.51 £ 0.16 | 0.72 + 0.14 | 0.56 + 0.09 | 0.67 + 0.13 | 0.54 + 0.20
0.64 + 0.08 [0.59 & 0.10 | 0.63 & 0.09 | 0.61 & 0.09 | 0.61 + 0.07 | 0.67 + 0.10 | 0.65 + 0.08
O0ObennHeH-
Has Gaza 0.63 +0.120.59 + 0.10 | 0.59 & 0.16 | 0.58 &+ 0.15 | 0.59 + 0.09 | 0.66 + 0.11 | 0.64 + 0.09

B 1abn. 6 npencraBieHs! pe3yasTaThl 00yUeHHs C YIeTOM pa30MeHns JaHHBIX IO MalMeHTaM JUIsd
MPEAOTBPALICHHUS yTeUeK AaHHBIX U3 00ydaroliel BEIOOPKH B TECTOBYIO.

Ha ocHoBe mosydeHHBIX PE3yJIbTaTOB CIEAYET, YTO HAMIYUIIMMH KaHAWJaTaMH Ul 3aaqd
moA0opa ONTUMANBHBIX MTAPaMEeTPOB SBISIOTCS MOJEIH Ha OCHOBE apXHTEKTyp 6 u 7.

2.2. [TopGop onTUMANBHBIX IAPAMETPOB IS Jy4YIIMX Mofeseid. Ilapamerpsl Monenu, 3ana-
BaeMEbIe JI0 TIpollecca 00ydeHHs, Ha3bIBAOTCS THIIEpIapaMeTpamMu. JTO OTIIMYAET UX OT IapaMeTPOB
MOJIEJIH, KOTOPBIC HACTPAUBAIOTCS B TIPOIlecce OOyICHMS.

CraHgapTHBIM CIIOCOOOM MTOI0OPa ONTHMAIILHBIX TUIIEPIIAPAMETPOB SBIISETCS IMOUCK IO CETKE
(amrm. — grid search) [40] ¢ momHBEIM TIEpeOOPOM BCEX BO3MOXKHBIX KOMOMHAIIMN W3 33JAaHHOTO ITOIMHO-
YKECTBa 3HaYCHUH. [ TaBHBIM HEAOCTATKOM MOUCKA MO CETKE SBJSETCS SKCIIOHCHIMAIBHOE YBEIMYEHUE
KOJTMYECTBA KOMOMHANINN U 00beMa BHIYUCICHUH TIPU YBEIMUCHUH KOJIMYECTBA ¥ JUAMIA30HOB 3HAYCHUN
TUIepHapaMeTpoB.

AINBTEpHATUBON MOUCKY MO CETKE MOTYT CIIY>KUTh Pa3iINYHbIC alTOPUTMBI CIIy4aifHOTO TIOWCKA,
MpY KOTOPOM KOMOWHAIIMY THITEPIIapaMeTPOB M3 33JaHHOTO MOAMHOXECTBA MEpeOUParOTCsl CITyIaitHBIM
o0pa3oM. [TockonbKy Tpu OOJIBIIOM YKCIIE MOMBITOK BCE MPOCTPAHCTBO THIIEPIAPAMETPOB OKPHIBACTCS
MPUOIM3UTEIIEHO PAaBHOMEPHO, TO JyUIIHA HAOOp TUTIepImapaMeTpoB MOXKET OBITh HAlICH 32 MECHbIIICE
BpeMs 110 CPAaBHEHUIO C TIOUCKOM TI0 ceTke [41].

Jlyummit pe3ynsTar, o CpaBHEHHUIO C TTOMCKOM IT0 CETKE M CIIYYaiHBIM ITOWCKOM, ITOKAa3bIBAET
MeToJ] OaliecoBCKON onTUMU3anud. [Ipy ero UCIoib30BaHUU CTPOUTCS MOJIETh OTOOpaKeHHs 3Hade-
HUW TUTIEPTIapaMETPOB B MEIIEBYIO0 (PYHKIIHIO, IO KOTOPOH HTEpaTUBHO OOHOBISICTCS KOH(HUTYparus
THIIEpIIapaMeTPOB MOJCTH MaIlMHHOTO 00ydueHus [40].

s gocTIKeHusl MaKCUMAaJIbHOM TOYHOCTH Ha TECTOBOM BBIOOpKE MOAOOpP THIEpIIapaMeTpOB
ISl ABYX JIYUIIHX MOJEJNIEH TPOBOIIIICS METOAOM OalieCOBCKON ONTHMH3AIMK C WCITONB30BAHUEM
MEPEeKPECTHON MPOBEPKHU (C y4eToM pa3OHMeHHs JaHHBIX IO ManreHTaM) Ha 10 HemepeceKarommxcs
yacTsax. B kauecTBe ONTHMH3UPYEMbBIX THIIEPIIAPAMETPOB OBLIU BBIOPAHBI MapaMeTPhl CBEPTOUHBIX
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Tabnuua 7. IlonoOpannsie onTuMaiibHbIe runeprnapameTps! st Moaenu Ne 6 (EEGNet) u Ne 7 (CNN 2D)
Table 7. Selected optimal hyperparameters for model Ne 6 (EEGNet) and Ne 7 (CNN 2D)

Cahoii EEGNet CNN 2D
1 Cseprounslii (16 suep 1x100) Caeprounsnif (32 sapa 1x50, mar 1x8)
2 Hopmanu3zaruu o 6aray Hopmanusamuu o 6atay
3 Ceeprounslii o ryoune (18x1) Cy6muckperu3anuu (1o cpegHemy, 1x2)
4 Hopmanu3zanuu no 6aray Caeprounslii (8 saep 1x5)
5 Cybauckperusanuu (1o cpegHemy, 1x8) Hopmanusaruu mo 6atay
6 Dropout(0.5) Cybauckperusanuu (1o cpeaHemy, 1x8)
7 Paznenmmerii ceprounstit (16 smep 1x5) Ceeprounsnii (2 sapa 1x1)
8 Hopmamu3zanuu no 6aray Cy6auckpernzanuu (IJ100aTbHBIA 110 MAaKCUMYMY )
9 Cy6nuckperusaiuu (o cpensHemy, 1x8)
10 Dropout(0.5)
11 IToHOCBS3HEIH (2)

CI0eB (YUCIO W pa3Mep saep) U mapaMmeTpsl ClioeB cybauckpernsarnuu (mar). s momdopa onTH-
MaJIbHBIX THIIEpPIapaMeTpOB BBIOPAHHBIX MOZEICH HEHMPOHHBIX CETeH HCIIOIb30Bajlach OMOIMOTEKA
KerasTuner [42]. Ucnonb3yemast QyHKIMS aKTHBaUUM — SKCIIOHEHIM A bHas TuHeiHas ¢ynkuus (ELU).
Haiinennslie onTuManbHble 3HAYSHNUS TUIIEpIIapaMEeTPOB MPHUBEACHBI B Tabm. 7.

2.3. O0yyeHue Moneeii Ha MOATOTOBJIEHHBIX Ha0opax faHHbIX. Mogenu Ne 6 u Ne 7 ¢ mo-
ToOpaHHBIMU ONITHMAJIBHBIMU THIIEpIIapaMeTpamMi Obuth 00ydeHBI Ha KaXKIOM M3 YeThIpeX HaOOpOB
JaHHBIX, ONMCAHHBIX BBIIIE, a TAKXKE HA 00bEIMHEHHOM HaOOpe NaHHBIX JUISL M3y4YECHUS BIUSHUS CTPYK-
TYpBl ¥ PENpPE3CHTAaTUBHOCTH AAHHBIX Ha 3(PQPEKTUBHOCTH Kiaccuukauuu. PesyiasraTbl TOUHOCTH
kiaccuukanuu 1 F1-Mepsl npeacrasieHs B Tabm. 8.

Ta6muma 8. Tounocts (1) u Fl-mepa (4) momeneit Ne 6 u Ne 7 ¢ momoOpaHHBIMU ONTHMATbHBIME
mapaMeTpamMu, 0Oy4eHHBIX Ha KaXXJIOM Ha0Ope JaHHBIX B OTICIIFHOCTH U Ha BCEM 00beMe JTaHHBIX,
00bEIMHEHHOM B OJUH Ha0Op

Table 8. Accuracy (1) and Fl-score (4) of models Ne 6 and Ne 7 with selected optimal parameters
trained on each dataset separately and on the whole data set combined into one dataset

HUctounux Heiiponnas cerb (Tounoctn/F1-mepa)
AaHHBIX Ne 6 (EEGNet) Ne 7 (CNN 2D)
1 0.86 = 0.10 / 0.87 = 0.09 0.84 + 0.18 / 0.83 = 0.20
2 0.67 = 0.07/ 0.67 = 0.10 0.68 + 0.09 / 0.68 =+ 0.13
3 0.50 = 0.07 / 0.48 + 0.10 0.49 + 0.12/ 0.48 + 0.18
4 0.57 + 0.19/ 0.56 = 0.20 0.69 & 0.14 / 0.68 + 0.11
gai‘;eﬂ“HeHHa’I 0.68 = 0.10 / 0.68 = 0.10 0.68 & 0.10 / 0.67 = 0.10

[Tony4eHHbIe pe3ybTaThl AEMOHCTPUPYIOT YAYYIICHUE TOYHOCTH Kiaccuukanuu Ha 00beau-
HeHHoU 0aze maHHBIX DI mocie onTHMU3anyy TUIepnapaMeTpoB Monenei. Kpome Toro, oT4eT/InBO
BUJ/IHA Pa3HUIIA B TOYHOCTH KJIacCH(UKAIMU IJIs1 Pa3HBIX HAOOPOB JTAHHBIX KaK MEXIY JBYMS MOJIEIISIMH,
TaK W JJIs OJHOW W TOU ke Momenu (tadn. 4, 5, 6 u 8). Hanpumep, TouHOCTh KitaccuuKamuu st
Habopa maHHBIX HOMep 1 (8) okazamach BEIIIe, YeM Il 00MIeit Oa3bl JaHHBIX, HECMOTPS Ha OYCBUIIHO
MEHBIINN pa3Mep BBIOOPKH. DTO YaCTHYHO MOXKET OOBSACHATHCS AMCOATaHCOM KJIACCOB U BO3MOXKHBIM
HENPaBUIBHBIM Ha3HAYCHUEM METOK, BIMSIOIIUX HAa PEHPE3CHTATUBHOCTh O0YYaIOIIeH BHIOOPKH.
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[NombiTkK yaydilieHHs pe3yybTara 3a CUeT JAbHEHUIIEero YBeIUUCHHs KOJIMYeCTBA JaHHBIX IyTeM
J00aBJICHUS] HOBBIX YYacTKOB, CETMEHTHPOBAHHBIX CKOJIB3SIIIUM OKHOM ¢ mepekpbitueM (0.25/0.5 c),
Y CHHTETUYECKHX JAHHBIX C MOAMEIIAHHBIM TrayCCOBCKUM IIyMOM [43] 3HAUUMBIX pe3ylbTaToOB HE MPH-
HECJH. DTO TIO3BOJISIET CIeJaTh BEIBOA O HEOOXOAMMOCTH IMONyUeHHs OOJIBIIEr0 KOJHYECTBA PealbHBIX
JTAHHBIX JUISl BBIJEIICHHUS HOBBIX NMPH3HAKOB W JAJIbHEHINIEro MOBBIIIEHHSI TOYHOCTH KIIACCH(PHUKAIINY.

Jns mopeneii miyOokoro oOydeHHsl XapaKTepHBI pa3jMdHble OCOOCHHOCTH, 00YCIIOBIIEHHBIC
APXUTEKTYpOH ceTH W crnenudukoil Habopa MaHHBIX. Tak, Ha HEOOIBIINX W HecOaTaHCHPOBAHHBIX
Habopax JaHHBIX BBITOJIHEHHE MHOTOKPATHOTO CTPaTHU(UIIMPOBAHHOTO pa3dMeHns Ha 0O0y4aromulyro
1 TECTOBYIO BHIOOPKH CYIIECTBEHHO 3aTPYJHEHO, IIOCKOJIBKY OHU M TE€ YK€ HAOMIONEHHS, OTHOCSIIIUECS
K c71ab0 MPEJCTAaBICHHOMY KIIACCY, TOMAJIAI0T B OOJBIIMHCTBO pa3OMEHUl, 4TO MOXKET BbI3BaTh Kak
MOTEPI0 TOYHOCTH, TaK W AUCOANAHC pe3ylbTUPYIOIIed mMarpunbl omubOok. Kpome Toro, mroromas
3G PEKTUBHOCTE 00yUYEHHsI YacTO 3aBHCHUT OT croco0a pa3MeTkH, Habopa MPU3HAKOB M KOHTEKCTa
3agaun. OTYacTH 3TUM OOBSCHSIOTCS OTPaHUYCHUS OTIENBHBIX METOIOB TpaHC(EepHOTro 00ydYeHus, eClu
ceTh-JA0HOp OblTa 00yYeHA Ha JaHHBIX, JIUIIH KOCBEHHO CBSI3aHHBIX C ICJICBOM 3amaveii [44].

3akJoueHue

B xo0z1€ OArOTOBUTENBHOTO 3Tamna MpoBepku 3P(HEKTUBHOCTH pa3UYHbIX apXUTEKTYP HEHPOHHBIX
cereil B 3aJjaue onpeenaeHus HaTMIHs WM OTCYTCTBUS IeTIPECCHU OBIIIM MOI0O0paHbl OTKPHITHIE HAOOPHI
JAHHBIX Ui 00y4eHus, MPOBEACH COOp COOCTBEHHBIX KIMHMYECKUX TAHHBIX, IIOATOTOBIICH 00BEnU-
HEHHbII Habop naHHBIX OosblIoro o0beMa. Ha ocHOBHOM 3Tane ObUIM MONOOPAaHbI CEMb PA3JIMYHBIX
apXUTEKTyp U ONTUMANbHBIE apaMeTpbl 00ydeHus Ui HUX. Ha 0CHOBE MOTyuYeHHBIX PE3y/IbTaToB Kiac-
CU(UKAIIH HATMYUS WA OTCYTCTBHUS JIENPECCUBHOTO PacCTPOIcTBA OBUIN BBIOPAHbI IBE apXUTEKTYPHI —
EEGNet n nBymepHasi cBepTOYHass HEUPOHHAs CETh, COCTOSINAS TOJIBKO U3 CBEPTOYHBIX CIIOEB.

CpenHsAs TOYHOCTh KJIACCU(UKAIIUU JETPECCHBHOTO PACCTPONCTBA HAa TECTOBOW BBIOOPKE C HC-
MOJIb30BaHUEM NEPEeKPeCcTHO mpoBepku cocTasmia 0.68.

[Tonmy4yeHHbIe TaHHBIE B LIEJIOM COIVIACYIOTCS C pe3yJbTaTaMH, IPUBEJCHHBIMU B JIUTEPAType JIs
HEeOONBIINX HAOOPOB AaHHBIX ¢ Pa3OMBKOH 1Mo manueHTaM. XOTs HOJMydeHHas B JaHHOH 3a/iade TOUHOCTh
HEJ0CTaTOYHA JJIs IPAaKTUIECKOTO IPUMEHEHH MOJAEIHN, HA OCHOBAHHWH NPUBEIECHHBIX B IUTEPATypE
pE3YNBTaTOB BO3MOXKHO YTBEPKIATh KaK O MEPCIEKTUBHOCTH JadbHEHUIINX UCCIECAOBaHUN B HalpaBile-
HUH TOBBIIEHNS 3} (EKTUBHOCTH MOJAEIH, TaK U O HEOOXOOUMOCTH CO3JaHUsl JOCTATOUYHO OOJIBIIOrO
penpe3eHTaTHBHOTO Habopa TaHHBIX ManueHToB [44,45].

Breapenuro anropuTMoB mTyOOKOro 00y4YeHHs B KIMHHYECKYIO MPAKTHKY MPEMATCTBYIOT OTCYT-
CTBHE IOCTATOYHO OOJBIINX HAOOPOB JAHHBIX MALMEHTOB, €AMHOOOPA3HOTO TOAX0Ja K HHTEPIpPETaluu
JIUAarHOCTUYECKUX MPHU3HAKOB MCHXMYESCKUX PACCTPOICTB, HEIOBEpUE BpadeOHOTO coo0IIecTBa 1 Hepe-
IIEHHBIE 3TUYECKHE BOIPOCHI MPUMEHEHUS] UCKYCCTBEHHOTO MHTEIIEKTa B MeAuLuHe [45].

[lepciekTHBY 3HAYUTEIBHOTO YIYYIIEHUs PE3YIbTAaTOB B 3a/Ja4ax AMATHOCTHKHU MCUXUYECKUX
3a00JI€BaHUI U 3MOLIMOHAJIBHBIX PACCTPOMCTB CBA3BIBAIOT C OYpHBIM Pa3BUTUEM HOBBIX apXHTEKTYp
ceTel, Takux Kak TpaHC(HOPMEPH U aBTOIHKOAEPHI, [10 aHAJIOTHH C OBICTPHIM MPOTPECCOM B 3aqadax
00pabOTKK €CTECTBEHHOTO sI3bIKa, M300pakeHuil U 3Byka. Kpome TOro, MHOro BHUMAaHUS YIEISETCs
CO3/IaHUI0 MYJIBTUMOMAJIBHBIX MOZeNel, CIOCOOHBIX paboTaTh ¢ HECKONBKIUME UCTOYHUKAMHU JaHHBIX,
Pa3IMYAroIINXCs 10 CTPYKType U XapakTepucTHkam [406].

[Tockonpky KadecTBO OOydeHHUS MOAEIU B 3HAYMTEIBHON CTEIEHH OIpenessieTcs] KadeCTBOM
MPEeIOCTABICHHBIX JaHHBIX, 00€ 3a7auil SBIAIOTCSA aKTyaJbHBIMHU JUISI CO3/IaHUS HAJIEKHBIX CHUCTEM
MOAAEPKKH MPHUHATHS PEIICHUH U TepCOHN(UIIMPOBAHHON MEIUIMHBL.
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