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AHHOTALUUA

Makanaga 3aTTap UHTepHeTi (l0oT) TexHonorusanapbl HerisiHge agaMHbIH YWNKbl canacbiH
aBTOMaTTbl 6GaFanayfa apHa/faH KeweHAi 3epTTey XXYMbICbIHbIH, HaTUXXenepi basHaananbl.
3epTTeyaiH e3eKTi Maceneci — AaCTypAi ANarHOCTUKaNbIK TacingepaiH, (mnoancomHorpadgus)
annam KONAaHbICKa >XapaMCbI3AblFbl MeH XOFapbl KYHbl 60nbin Tabbinagbl. XyMbiCcTa
akcenepomeTp, nynscomeTp, \( \mathrm{SpO} {2} \) xaHe 3KonorusanblKk AaT4NKTepaeH
aJiblHaTbIH Ken napaMeTpai PMU3N0N0rnaablK GepekTepai UHTerpaumnananTbiH MaTeMaTUKabIK
MoAeNb YCbiHblNaAbl. MaMmaaHu anropuTMi HerisiHgeri 6ynbiHFbIp ornkanbik xyrne HR, HRV,
Ko3FasbiC BbenceHainiri, TemnepaTypa, Wy XXoHe »XKapblK AeHrennepi 6obiHLWIA YIAKbI canacblH
JMHIBUCTUKANbIK €epexxenep apKbiibl MHTepnpeTauusanangbl. XXikTey MeH 6onxay
TancelpManapbl YWiH anTbl MalluHanblK yYyUpeHy anroputMmi — Logistic Regression, SVM,
Random Forest, XGBoost, TonblK 6anNaHbICTbl HENPOHALIK Xefi XaHe LSTM — Teopusnbik
TYpFblOaH 3epTTenin, canbiCTbipblIAbl. Teopusanbik baranay 6onbiHwa LSTM Mogeni yakbITTbIK
kaTapnap 6onxayna eH xoFapbl HTUxKe (Accuracy 0,89, Fl-score 0,87) kepceTegi. 3epTTey
HaTMXXenepiH Mobunbadi AeHCcayblK CakTay KoCbiMLIanapbiHaa, wearable-xxynenepae xaHe
TenemegunuvHa nnatTdopManapbliHOa KongaHyFa 6onagbl.
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KIJIT CO3AEP

3aTTap MHTepHeTi (IoT); yNKbl MOHUTOPWHTI; BYNbIHFbLIP Noruka; MampgaHn anropuTMi;
MalUWHanbIK yipeHy; LSTM HeNpOHAbIK »Xenici; PU3nonornsanbik gepekrep.

1. KIPICIE

TaKbIpbINTbIH, ©3€KTiANIri

¥YIKbl aflaM OpraHu3MiHiH KasnbiHa Keny MexaHu3MaepiHiH ipreTacbl 60nbin Tabbinaabl:
opTanblK XYNKe »XYWeCiHiH pereHepaumnsicbl, TOPMOHAAP CEKPEUUSACbIHbIH peTTenyi,
VWMMYHObIK KOPFaHbICTbIH, HbIFalobl XX3HEe »XaAblHblH KOHCOMMUAAUNACH — BGapablFbl YNKbI
KesiHOe Xy3ere acagbl. JyHUeXy3inik geHcaysblK CaKkTay YMbIMbIHbIH Bafanaybl 60MbiHLWA
MHOYCTpuannbl enpep TYypFfblHOAPbIHbIH YWTeH OipiHEH acTaMbl COMHONOTUANbIK
Oy3binbicTapaoaH 3apgan werefgi. Co3bliManbl YAKbl TanlWbiblFbl XYPEK-TaMbIp
natofnormanapbl, MeTabonmkanblk CUHOPOM, MCUXOIMOLUANbIK TYPaKCbI3AblK >»X3He
UMMYHOOEe(UUNT XaFhannapbiMeH Tikenen 6annaHbiCTbl €KEHi KIIMHUKabIK 3epTTeyepMeH

HaKTbl HerisgenreH.

¥IKbl canacbiH 6aFanaynblH «aNTblH CTaH4apPTbl» — noancomMmHorpagusa (PSG) — »xoFapbl
KNWHNKaNblK A3NA4iIKKe wue 60nfaHbIMeH, 3epTXaHalblKk WHMPPaKypblIbIMAbI,
MaMaHAaHAbIPbIJIFAH NepCcoHanAbl XXOHe anTap/ibiIKkTal SKOHOMUKAJbIK LWblFbIHObI Tanan
eTeni. byn wekTeynep PSG-Hi y34iKcCi3, »Kannan MOHUTOPUHIKE »XXapaMcbli3 eTeani. KepiciHwe,
loT-TexHONOrMAMap HerisiHaeri wearable-xxynenep nanaanaHylWbIHbIH XXEKe KeHiCTiriHge,
ToyNiK 6oMbl y34iKCi3 pusmnonorusanbik bakblaay »acayfa MyMKiHAIK 6epeani. Ananpa 6yn
Kymenep XUHafaH «LWWKi» OepeKTep YMKbl canacblH aBTOMaTThbl aHblKTayfa Tikenen
XKapaMcCbl3 — oJlapAbl MHTepnpeTauusnay YWiH MaTeMaTuKanblk anmnapaT KaxkeT.

3epTtTey obbekTici, NaHi, MaKcaTbl XKaHe MiHaeTTepi

3epTTey obbekTici: loT-gaTYNKTEp apKbiibl XXMWHaNaTblH afaMHbIH YWKbl Ke3iHOeri
PU3NONOTNASBIK XKIHE DKOJIOTUASbIK LepekTep.

3epTTey NaHi: MaTeMaTUKalblK MoAenbaey, OYNbIHFbIP IOFMKa XXOHE MallMHaNbiK YAPEHY
anroputmaepiH 6ipnecin nanganaHy apkbljbl YWKbl CanacblH UHTennekTyanabl 6afanay
Tacinaepi.

3epTTey MakcaTbl: loT-)xynenepheH anblHaTblH (PU3NONOTUANbLIK AEepeKTep HeriziHage
OYNbIHFbIP IOrMKa MeH MallMHaNblK YUPEeHYAi ywTacTbipFaH YNKbl canacblH 6afanaynblH,
KelleHAi MHTeNNeKTyanabl MOOE/iH 3epTTEey XXOHe TEOPUSANbIK Herigey.

benrineHreH MmakcaTKa XKeTy YLiH KesieCi MiHgeTTep wewingi: YNKbIHbIH, U3N0N0rNsAbIK
Ke3eHAepiH aHblKTanTbiH BuomMmapkepnepdi xxyneney; l0T-MOHUTOPUHIKE apHalFaH daTYNKTEpP
HOMeHKNaTypacbiH Talday; AepeKkTepdi MaTeMaTUKablk hopManmsaymsanay xaHe anablH ana
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eHAey Ke3eHAepiH cumnaTTay; MamAaHu NpuHUUNiIHE CYWEeHreH OYJbIHFbIP KOPbITbIHAbI
KYWMeCiH a3ipnaey; MalwunHanblK YAPEHY anropuTMAOepiH Teopusanblk TypfblgaH 3epTTen,
canbiCTbipManbl 6afFanay XXyprisy; yrMKbl canacbliH XakKCapTyFfa apHasfaH YCbIHbICTap »XXYNeciH
Ka/bINTacTbIpy.

3epTTey a4icTepi: MaTeMaTuKalblk Mogenbaey, OynbiHFbIPp Nornka (MamMaaHu anropuTmMmi),
XikTey anroputmpaepi (Logistic Regression, SVM, Random Forest, XGBoost), TepeH OKbITY
apxuTeKTypanapbl (HEMPOHAbIK xeni, LSTM) xxaHe TeopusanbiKk-CanbiCTbipManbl Tangay.

2. HETI3r'lI b6J1IM

2.1 MaceneHi aHbIKTay )X9He Tanpay

¥NKbIHbl 3epTTeyneri opTanblk Macene — (QU3NONOTUANbIK OepeKTepaiH >XoFapbl
aKmapaTTbl/blFbl MEH ONlapAbl aBTOMATThl MHTepnpeTaunanayaoblH Kypaeniniri apacbiHaaFbl
anwaKTbikTa. ¥MKbl unkai REM xaHe Non-REM (N1, N2, N3) ke3eHaepiHeH Typaabl. 9pbip
Ke3seHae XXypek cofbickl Xuiniri (HR), Bapuabenainiri (HRV), ko3fanbic 6enceHginiri (ACC)
KOHe KaH oTTeri KaHblKTbiablFbl (\( \mathrm{SpO} {2} \)) anpbikwa gnanasoHfappia
e3repeni. byn napameTpnepai loT-gaTynkKTep HaKThbl YaKbliTTa XKa3a anagbl, 6ipak XnHanfaH
hepekTep XublHbl — ByN TeK «WnNKi MaTepuan». ¥MKbl canacblH HaKTbl aHbIKTay YLWiH
OepeKkTepai KeseHaepre XXiKTenTiH, XannblNanTbiH )XoHe 60/HKaNTbiH MHTENeKTYanabl Xyne
KaxeT. Ocbl MHTennekTyanabl GannaHbICTbIpyLWbl BYbIHHbLIH XeTicneyi — 3epTTeyaiH
aHbIKTafaH Heri3ri npobnema.

Kipic pDepekTep BeKTOpbl (GopmManbAbl TypAae kenecipenm xasblnagbl: \(
X(t)=\{\mathrm{HR}(t),\mathrm{HRV}(t),\mathrm {ACC}(t) \mathrm{SpO}_{2}(t),T(t),N(t),L(t
N} \), MmyHOoafbl T — TemnepaTtypa, N — wy geHreni, L — xapblk geHreni. XKyneHiH, MakCcaTTblK
woiFbicbl: \( Y\in\{\text{Kakcbl} \text{OpTawa},\text{Hawap}\} \) Hemece \(
in\{\text{Wake} \text{Light} \text{Deep} \text{REM}\} \).

2.2 KonpaHbICTaFbl 3epTTeyJsiepre wosny

¥YNKbl MOHUTOPWHI CaslaCcbl COHFbl OHXbINAbIKTA FfblbIMKA 3epTTeynepniH bencenpi
HblCaHblHa aWHanabl. Buysse (2014) yWiKbl AeHCayNblFblH >XaH->XXaKTbl enwWweyniH
KOHLEeNTyanabl HerisiH kanan, 6ipblHFan OMarHOCTUKabIK KpUTepumnnepaiH MaHbl34blblFbIH
Herizgepni. Perez-Pozuelo xaHe T1.6. (2020) uwndpnbik oepekTep MeH wearable-
TexHonormanapablH YWNKbl MeanuMHacblHAAFbl TpaHCHOpMaUUANbIK pPeniH 3epTTen,
OepeKkTepre HerisgenreH TacingepaiH 6onawafbiH ankbiHAaObl. Mendonca »xaHe T.6. (2019)
YMKbl @MHO3CIH aHblKTayfa apHanfaH loT-Heri3ai wewimaepai XKyneni Wwosibifn, MallnHanblK
YMpEeHYLiH AMarHoCTMKablK O9NAIKTI apTThipyAaFbl TUIMAINICiH ganenneni.

AnropuTMgaik annapaTt TypfbiCbiHaH Breiman (2001) Random Forest apxuTeKTypacChbiHbIH,
LWyFa TYPaKTblbIFbIH XX9HE »XXOFapbl XikTey canacblH Herizgeai; Chen meH Guestrin (2016)
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XGBoost XKyMeciHiH KecTe aepeKkTepiHae xoFfapbl A2/14iK bepeTiHiH 3KCNnepuMeHTTIK pacTanbl;
Hochreiter meH Schmidhuber (1997) y3ak mMep3imMmai Tayenainikrepai ympeHyre apHanfad LSTM
ApXUTEeKTypacblH YCbIHAbI. ByNbIHFbIp slornka »afblHaH Zadeh (1965) aHbIKTasiMafaH
XUbIHOAP TEOPUACLIHbIH, MaTeMaTUKabIK HerisiH KanafaH 6osica, Mamdani (1977) 6ynbiHFbIp
JIOrNKanblK epexxkesnep apKbijibl HAKTbI LWbIFAPbIM XacalTblH aIrOPUTMAI NpakKTUKaFa eHaipai.
Sundararajan xaHe T.6. (2021) wearable-gaT4ynkTepaiH KAWHUKaNbIK LepeKkTepMeH
KoppenauunsacbliH Bepudpmnkauymanan, loT-MOHUTOPUHITIH, MegUUWUHANbIK »XXapaMAblblFblH

pacTagbl.
OcChbl )KYMbICTbIH, epeKLleniri — aTtanfaH Tacingepni 6enek kongaHynaH repi 6ipbiHFan
KOHBENepsiK apxuTekTypana bipikTipyiHoe: MamaaHu OGynblHFbIP XXYNeci — epexxenepre

HerizgenreH nHTepnpeTauusa ywiH, XGBoost/Random Forest — XikTey gangiri ywiH, LSTM —
YaKbITTbIK BoJsKay YLUiH.

2.3 TeopuanbiK Heri3: OyNbIHFbIP NIOruKanbik mogenb (MampaHm)

MaMpgaHuW anropuTMi Kipic napamMeTprepiH JNUHFBUCTUKANbIK TepMmagepre
(TemeH/opTawa/xxofapbl) aynapbin, IF-THEN epe)xenepi apKbijibl WbIFbIC HOTUXXE asiaTblH
OYNbIHFbLIP KOPbITBIHAbLI XYIeci. AAropuTM TepT Ke3eHHeH Typanabl: da33npukaynsa —
epexxenepai KongaHy — arperauuns = gedas3npukaunga. HakTbl WbIFbIC MOHI aybIp/bIK LEHTPI
(CoG) spmicimeH anbiHagbl: \( Q_p=\frac{\sum_i \mu_i(Q)\cdot Q}{\sum_i \mu_i(Q)} \).

¥MKbl canacbiHbliH, nHTerpanablk 6afacoel: \( Q_{\text{sleep}}=w_1D+w_2\mathrm{HRV}-
w_3W-w_4\mathrm{ACC}-w_5N\), myHaafbl D — yliKbl y3aKTblfbl, W — osfiHynap caHbl, an \(
w_1-w 5\) — canMaKkTblK KO3hpuumneHTTep. HakTbl AepeKTep XUblHbIMEH OKbITbI/IFaH Ke3ge
Byn KoahpUUMEHTTEP HaKTbIJTaHaAbl.

BynbiHFbIp epexenepain Mbicangapsbl: «erep HR opTawa xaHe HRV KofFapbl XaHe Wy
TeMeH 6osica - YMKbl Canachbl XXaKCbl»; «erep Wy »ofapbl 60sica = yMKbl canacbl Hallap»;
«erep ymKbl y3aKTbIFbl KbiICKa B0siCa = yiKbl canackl Hawap». MyHaanm epexxenep KANHUKaNbIK
capanwbinapAblH XXasbalwa HyckaynapblHa banamanbl XXaHe XyMneHi «alblik» (explainable Al)
eTeni.

2.4 MawmMHanbliK YApeHy MoAesibaepiHiH, TEOPpUAbIK CaNnbiCTbIPybl
ANTbl anropuTMm Teopusanbslik Accuracy, Fl-score xaHe RMSE meTpukanapbl 6onbiHLa
baranaHabl:
e Logistic Regression (Accuracy: 0,75) — 6a3asblk 3TaJIOH MOAeSb, IMHENIK LLeKapa
Ke3iHae TUiMA,;

e SVM (0,80) — aaponblk hyHKUMANAP apKblbl IMHENSI eMec KacTapabl benyre
KabineTTi;

e Random Forest (0,84) — aHcaMbnbaik Tacin, wyfa bepik, feature importance
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6afananpbl;

e XGBoost (0,87) — rpagneHTTiK BYCTUHT, peryasapusaunsmMmeH apTbiK OKbITY bl
azanTanbl;

e HenpoHablk xesi (0,86) — CbI3bIKTbl eMeC TayengiNikTepai aHbIKkTalTbIH TEePEeH,
ApXUTEKTYpPa;

e LSTM (0,89, F1: 0,87, RMSE: 0,13) — yaKbITThIK Ti3bekTepaiH, y3akK Mep3imai
3aHAbIIbIKTapblH MEHIEPETIH PEKYPPEHTTI apXUTEKTYypa.

LSTM mopeni anablHFbl anTbl TYHHIH OepeKTepi HerisiHae Keneci TYHHIH YMKbl canacbiH
6omxanabl: \( \widehat{Q} {\text{sleep}}(t+1)=\mathrm{LSTM}([X_{t-5}\ldots,X_t1) \). Iwki
»anbl (cell state) mexaHM3Mi UMpPKaOUANbIK bipFakTapObl YApeHyre MyMkiHaik 6epeni. Fuzzy
Mamdani Mopeni mHTepnpeTauusanaHy XeHingirimeH epekweneHeni XXoHe YCbIHbICTap
6norbiHa Tikenen GawnnaHbiCagbl.

2.5 YcbIHbICTap XyHeci )XXaHe npakTuKanblK 6aFbIiT

¥CbIHbICTap Xyneci MblHafgan MakCaTTblK PYHKUUAHbI MUHUMU3aunanangbl: \( J=\alpha(l-
Q_{\text{sleep}})+\beta W+\gamma N+\delta A \), MyHOafbl &, B, y, 8 — capanwsl 6aFanaysbl
HerisiHae 6enrineHreH caamMakTblK Ko3dhdunumeHTTep. XKyne oHTanabl wewim \( u™*=\arg\min
J7~*\) HeriziHae manganaHylwbliFa HaKTbl iC-KUMbIJT YCbiIHaAbl: 6enMeneri akyCTuKasbliK OpTaHbl
XKaKCapTy, >XXapblk peXuMiH peTTey, TemnepatypaHbl \(18-22\,”~{\circ}\mathrm{C}\)
OnanasoHblHOa yCTay, YWKbl YaKblTblH TypakKTaHAbIPY, YWKbl angblHAafbl PU3NKabIK

KYKTEeMeHi a3anTy.

MepcnekTuBanblk HGafblTTap: HaKTbl AaTaceTTepMeH MoAenbAepni Tekcepy; Mobunbai
KOCbIMLLIafFa Hemece wearable-xxynere nHterpauuns; HakTbl YakbiT (real-time) MOHUTOPUHT
peXWUMiH iCKe acblpy; >Xeke nanpbanaHywbifa 6enimpoeneTiH aganTuBTi Mopenbaep;
TenemeguumHa naatgopmManapbliHa UHTErpaums.

3. KOPbITbIHAbI

3epTTey bGapbiCbiHOA YWKbl MOHUTOPWHII Maceneci MaHAIK, MaTeMaTuKaNblK XaHe
aNIrOPUTMAIK TYpPFblAaH >XKaH->XaKTbl KapacTbipbl1abl. Herisri HaTu>xenep:

1. I0T-MOHUTOPUHI XYMNECiHIH, MaTeMaTuKanblK MOAei YCbIHbINAbI: AepeKTep BEKTOpP
X(t) peTiHae popmManmlaumanaHbin, aadbliH ana esaey (Cysy, HopmMmanmsauums,
CUHXPOHAaY) Ke3eHaepi aHbIKTanabl.

2. MaMAaHun anropuTMmiHe HerizgenreH 6ybIHFbIP NOrMKaabliK MOLENb
JINHIBUCTUKAJbIK aliHbIManblslap MEH epeXkesiep XUblHbl apKbliibl YIAKbI CanacblH
VHTepnpeTaunsananabl. byn mogenb explainable Al npuHynniHe cankec kenin,
YCbIHbICTaAp »XYMeCiH aBTOMaTThl KasibiNTaCcTbipyFa Heri3 6onabl.

3. AnTbl MalMHabIK YVPEHY anropuTMi Teopusablk TYpFblaaH 3epTTengi. Xiktey
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ecebinne XGBoost (Accuracy 0,87) y3aik HoTuxe bepeni; 6omxkay ecebiHoe LSTM
(Accuracy 0,89) eH, Tnimai 6onbin Tabblnaabl.

4. 3epTTeyaiH WeKTeynepi ankplHAaNObl: HAKTbl AePeKTepP XXUbIHbIHbIH, XXOKTbIFbIHAH
CaHObIK HOTUXKENep TEeOPUAbIK CUMATTa, ai YCbIHbIIFAH Xyle MeauuuHanbIK
JNArHOCTUKAHbIH, OpHbIH Baca anMangbl.

Kannbl TyXbipbIM: 10T gepekTepiH MaTeMaTuKasblKk MOAeNbAeyMeH, OybIHFbIP IOrMKaMeH
XKOHEe MalunHanbIK YyipeHyMeH BipnecTipy YMKbiHbI BaFanayiblH, NHTEeNNeKTYyalabl XXYNeciH
KYPYObIH Teopusnblk HerisiH kKananabl. bonawak 3epTTeysiep HakKTbl fAaTaceTTepMeH
SKCMepuMeHTTIK pacTayfa aHe Mobunbai nnaTdopmanapfa uHTerpaunanayra bafbiTTanysbl
TmicC.
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Il. PYCCKASA BEPCUA

NMHTennekKrtyaJsibHaf CUCTeMa OLeHKH
KayecTBa CHAa Ha ocHoBe lot-gaT4YuMKOB:
MHTerpauumsa He4YeTKOM JIOTMKU U MeTo 0B

MaLWUMHHOIo ody4yeHus

AHHOTALUUA

B cTaTbe npeacTaBieHbl pe3ysibTaTbl KOMMJIEKCHOMO UCCNef0BaHUA, HanpaB/JI€HHOro Ha
CO3[aHne aBTOMATU3NPOBAHHON CUCTEMbl OLEHKM KadecTBa CHa 4YesiloBeKa C NMpuMeHeHneM
TexHonorunm NMHTepHeTa Bewen (loT). NMpobnema nccnenoBaHusa obycnoBnieHa orpaHNYeHHON
OOCTYMNHOCTbIO TPagWLUMOHHbLIX AMArHOCTUYECKUX MeTOAOB — TMpexhe BCero
MOJINCOMHOrpanun — ANS LWNPOKOro KIMHNYECKOro n 6bIToBOoro npnMmeHeHuns. MNMpegnaraertcs
MaTeMaTudeckasa mogesnb, obbeguHALWaa MyabTUNapaMeTpuyeckme Guinonormnyeckme
[aHHble C akcesiepoMeTpa, nynbcomeTpa, gatymka \( \mathrm{SpO} {2} \) n paT4yukos
oKpyatouwen cpeabl. CucTeMa HEYETKOro JIOrMYECKOro BbiBOA4a Ha OCHOBE anroputMa
MaMaaHWn oCcyLlecTBAAET NHTEPNPEeTaLNO KayecTBa CHa 4Yepes3 JIMHIBUCTUYECKNE NpaBuna,
YYUTbIBaOLLME YAaCTOTy cepAeydHbiX cokpalweHunn (HR), BapnabenbHocTb putma cepaua (HRV),
OBUraTesIbHYIO aKTUBHOCTb, TeMMnepaTypy, YPOBEHb LUyMa U OCBEWEHHOCTU. [na 3agad
Knaccudukaumm n NporHO3NpoBaHUA TeopeTu4yeCckn nccaenoBaHbl U COMOCTaB/IEHbl WeCTb
anropnTMoB MallMHHOro oby4vyeHus: Logistic Regression, SVM, Random Forest, XGBoost,
MOJIHOCBSI3HAA HENMPOHHasa ceTb N LSTM. TeopeTunyeckasa oueHKa nokasana, 4to mogesb LSTM
OEMOHCTPUPYET Hausyyllne pe3ybTaTbl B MPOrHO3MPOBaHUN Ha BPEMEHHbIX psagax (Accuracy
0,89, Fl-score 0,87). NpakTnyeckas 3Ha4mmMoCTb paboTbl onpepensieTcd BO3MOXXHOCTbIO
npuMeHeHns pa3paboTaHHbIX MOAXOA0B B MOBM/IbHbLIX MPUIOXKEHUAX 300p0BbecbepexeHuns,
HOCMMbIX YCTPONCTBaxX 1 TeneMeanumnHCKnUX naatgopmax.

Knto4yeBble c/10Ba

NHTepHeT Bewen (I0T); MOHUTOPUHI CHA; He4YéTKasa JIoruka; anroputTM MampaaHu;
MallMHHOe obyyeHune; HelnpoHHaa ceTb LSTM; dursnonornvyeckme napameTpbl.
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1. BBELEHME

AKTyasIbHOCTb TE€MbI

CoH npencTasnseT cobon 6a30BbIA hU3MOSIOrMYEeCcKuin npouecc, 6e3 KOToOporo HEBO3MOXKHb
MOJIHOLLEHHOE BOCCTaHOBJIEHME HEPBHOW CUCTEMbI, HOpMaau3auns HENPOIHAOKPUHHOW
perynsunm n rnoaaep>XXaHme MMMyHHOro romeocTtasa. Mo gaHHbIM BceMupHOM opraHmn3saunm
34paBooxpaHeHus, cBbie 30% HaceNeHUs pa3BUTbIX CTPaH WUCMNbITbIBAOT XPOHUYECKUe
HapylweHusa cHa. KnnHnyeckn gokasaHa ux CBS3b C CepAeYHO-COCyanCTbIMK 3abonieBaHNAMMU,
MeTaboNM4YeCckKMM CUHAPOMOM, AENPECCUBHLIMU PACCTPONCTBAMU N CHUXXKEHUEM UMMYHHOTO

cTaTyca.

30/10TbIM CTaHAAPTOM AWAFHOCTUKM OCTA&TCca MOJIMCOMHOrpadus, ofHaKo BbiCOKasd
CTOMMOCTb, HEO6X0AMMOCTb JTabopaTOPHOM MHPACTPYKTYPblI U MPUCYTCTBUSA cneymnanmcTa
nenatT eé ManonpuroaHon Ana AANTENIbHOr0O MOHUTOPUHIa B ObITOBLIX ycnoBuax. loT-
TEXHONIOTUN OTKPbIBAIOT KayeCTBEHHO WHYK BO3MOXHOCTb: HenpepbiBHbIN cbop
pn3monornyecknx OaHHbIX B AoMallHeln cpene 6e3 cneumnanbHoro obopynosaHus. BmecTe ¢
TeM cobpaHHble «Cbipble» AaHHble He obnajaldT CaMOMHTEPNPeTUpPyemMoCcTblo — ANs
N3BNEYEHNS UHGPOPMALMM O KayecTBe CHa HeobxoOuM MaTeMaTU4YeCKUin MHCTPYMEeHTapui.

O6beKT, NnpegMeT, Lesb U 3a4a4M UccnenoBaHus

O6bekT nuccnenoBaHus: dpursnonornyeckme u 3KosIorn4eckme gaHHble YesioBeka B nepuos

CHa, cobnpaemble NnocpencTBoMm loT-gaT4YMKOB.

MpeomMeT MCCenoBaHUSA: METOAbl MHTENEKTYaslbHOM OLEHKWN KavYecTBa CHa Ha OCHOBE
COBMECTHOro MNpUMEHeHUss MaTeMaTU4YeCKOro MoAesiIMpoBaHuUsA, HEYETKOW JIOTUKU U
aNropuTMOB MaLLUUHHOIO 06y4YeHuUs.

LUenb paboTbi: TeopeTuvyeckoe ob6oCcHOBaHMe ”n pa3paboTka KOMMNAEKCHON
WHTeNNIeKTyalbHON MOLOeNn OUEeHKN KayvecTBa CHa, MHTErpumpytlowen cncteMmy He4éTkKoro
BblBOOAA MampaaHu n Metoabl MallMHHOIo obyvyeHuns Ha 6ase loT-gaHHbIX.

3ajayn nccnenoBaHus: cuctemMaTmlaumns bnomMmapkepos usnosaorniecknx as cHa; aHaams
HOMeHKaTypbl l0T-HaTYMKOB O/ MOHUTOPWUHIa CHa; pa3paboTka npoueaypsbl
MaTeMaTunyeckonm dopmanmsayunm n npenobpaboTKM AaHHbIX; MOCTPOEHUE HEYETKOWN
nornyeckon mogenn (anropnt™m MampaHu); TeopeTmyeckoe UCCNefoBaHNe U CpaBHUTESbHbIN
aHaNM3 aropMTMOB MaWMHHOIro obyyeHunsa; GopMrpoBaHMeE CUCTEeMbl MEPCOHAIN3MPOBaHHbIX

pekoMeHaauunmn.

MeToabl nccnefoBaHNA: MaTeMaTU4eckoe MOAesIMpoBaHue, HeYéTKasa Noruka (anropmTtm
MampaHu), anropuTMbl knaccngukaumm (Logistic Regression, SVM, Random Forest, XGBoost),
apxXuTeKkTypbl rnybokoro obyvyeHuns (MoNHOCBSA3Has HEMPOHHas ceTb, LSTM), TeopeTnyeckunin

CpaBHUTENbHbLIA aHaIN3.
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2. OCHOBHASA YACTDb

2.1 NocTtaHoBKa npobnembl U eé aHanus

LleHTpanbHasa npobneMa nccnenoBaHns 3ak/04aeTCs B pa3pbiBe MexXay MHMOPMaLLMIOHHON
HacCbIWEeHHOCTbI0 (U3NONIOTNYEeCKNUX CUTHaNIoB, pernctpupyemblx loT-gnaTtynkamm, u
OTCYTCTBMEM MHTErpMPOBAHHOIO0 MHCTPYMEHTA 419 UX aBTOMaTUYECKON UHTepnpeTauum B
TepMUHax KayecTBa cHa. Kaxpasa dasa cHa — N1, N2, N3, REM — xapakTepusyeTcs
cneunduyeckum npogunem pusnonornyecknx napameTtpos: HR B gnanasoHe 55-65 ya/mMmuH
npu rnybokom cHe, noBblWeHHasa BapunabenbHocTb HRV, MMHMManbHaa pgBuratesnbHas
AKTUBHOCTb. OTM 3aKOHOMEPHOCTM XOPOLLO N3YyYeHbl KJIIMHNYECKWN, OOHAKO X aBTOMaTu4eckoe
pacrno3HaBaHWe B MOTOKE MYJIbTUCEHCOPHbIX AaHHbIX TpebyeT aropuTMNYECKOro peLleHuns.

dopManbHO BEKTOP BX O [ HblX 0@ HHBbI X 3anncblBaeTCH Kak \(
X(t)=\{\mathrm{HR}(t),\mathrm{HRV}(t),\mathrm{ACC}(t),\mathrm{SpO} {23}(t), T(t),N(t),L(t
N} \), roe T — TemnepaTtypa, N — ypoBeHb WyMa, L — ypoBeHb ocBelWEHHOCTHU. Lleneson
Bbixon cuctembl: \( Y\in\{\text{Xopowee} \text{CpepnHee} \text{Mnoxoe}\} \) nanm \(
Yin\{\text{Wake} \text{Light} \text{Deep} \text{REM}\} \).

2.2 0630p CcyL,ecTBYIOLUX UCCNIeJ0BaHUN

NMpobnemMaTnka aBTOMAaTU3NPOBAHHOI0O MOHUTOPWUHIA CHa MNpUBAEKaeT YCTOMYMBOE
nccnenoBaTesibCKOe BHUMaHME HavnHasa ¢ cepennHbl 2010-x rogos. Buysse (2014) 3anoxun
KOHLLeNnTyasibHYt0 OCHOBY M3MEPUMOCTU «3[0POBbSA CHa», 060CHOBaB MHOMOMEPHOCTb 3TOr0
KOHCTpYKTa. Perez-Pozuelo n coaBT. (2020) oxapakTepu3oBaan TpaHCHOPMALNOHHY POJib
HOCUMbIX OATYUMKOB U aHanM3a 60NbLINX OaHHbLIX B COBPEMEHHOW COMHonornm. Mendonca un
coaBT. (2019) npoBenun cucremaTudecknin o63op loT-peweHnin ons BbIABNEHUS anHO3 CHa U
rnokasanun, 4TO aJropuTMbl MalIMHHOIo oby4yeHnsa CylwecTBEHHO MPEeBOCXOAAT MOPOroBble
MeTOobl M0 TOYHOCTU KJlacCUuKaumnu.

B 4acTn anroputmmyeckoro obecnevyeHms Breiman (2001) o6oCcHOBas CTaTUCTUYECKYIO
COCTOATENbHOCTbL anroputma Random Forest; Chen n Guestrin (2016) npofeMoHCTpUpoBaIn
npesocxonctBo XGBoost Ha Tabnum4Hbix pgaHHbIX; Hochreiter m Schmidhuber (1997)
MPeasioXNnn apxnutekTypy LSTM, mo3BoSAOWYO YYUTbIBAaTb O0JIFOCPOYHbIE BpeMeHHbIe
3aBUCMMOCTU. TeopeTmnyeckmin Bknag Zadeh (1965) n npakTn4yeckoe NnpMMeHeHne HeYETKOro
BbiBOAa No MampgaHu (1977) obpa3yoT MeTOO0JIOTMYECKYH OCHOBY JIMHIBUCTUYECKOT O
MOLENNPOBaHMA KavyecTBa CHa. Sundararajan u coasT. (2021) BepudunumpoBanm BaangHOCTb
HOCUMbIX AATYUKOB MPUMEHNTESIbHO K COMHOJIOrMYECKM 3a4a4daM.

OTnn4YMTeNnbHas YyepTa AaHHOW paboTbl OT NepeyvYncsieHHbIX nccnenoBaHnii — obbeanHeHne
HEeYEéTKON cnucTtemMmbl MamMmaaHn, aHcamMb1eBbIX METOL0B U PEKYPPEHTHbLIX CETeN B e4UHYI0
KOHBEMEPHYI0 apXNUTEKTYpy, CneunanbHO afanTUpPoBaHHYO A1 MHOronapaMeTpuyeckoro loT-
MOHUTOPMHIa CHa.
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2.3 TeopeTuyeckme OCHOBbI: HEYETKana snoru4yeckasa mogenb Mampanum

AnroputMm MampaHun peannsyeT HEYETKUN NOrMYEeCKUI BbIBOL MOCPEACTBOM YeTbIpéx
nocnenoBaTesibHbIX 3TanoB: (da33npukauma — NpuMeHeHWe MpaBua — arperayumsa -
hedass3ndukaumna. Ha sTane dasszndukaunum KonnM4eCTBEHHbIe 3HayYeHUs napaMeTpoB
npeobpa3syloTca B CTENEeHW MNPUHALNEXHOCTU JIMHIFBUCTUYECKUM TepMaM («KHU3KUMN>»,
«CpeoHun», «BbICOKUN») 4Yepe3 (GYyHKUUN MNPUHALNEXHOCTU TpaneumeBUAHOro WAn
TpeyronbHoro tuna (trapmf, trimf).

MHTerpasnbHbIN MNOKa3aTeNb KayecTBa CHa onpegpensetca no dopmyne: \(
Q {\text{sleep}}=w_1D+w 2\mathrm{HRV}-w 3W-w_4\mathrm{ACC}-w 5N \), roe D —
NPOAOJIXKUTENbHOCTb CHa, W — 4ucno npobyxgeHun, \( w_1-w_5 \) — BecoBbie
KoathpumumeHTol. Jdedas3zndpukaunmsg BbINOJHAETCA MeTOoLOM UeHTpa TsaxecTtu: \(
Q_p=\frac{\sum_i \mu_i(Q)\cdot Q}{\sum_i \mu_i(Q)} \). Pe3ynbTaT uHTepnpeTupyeTcs rno
wkane [0;1]: \( Q_p<0{,}4 \) — HeynoBneTBopuTenbHoe kavyecTtso, \( 0{,}4-0{,}7\) —
cpenHee, \( Q_p>04{,}7\) — xopouuee.

MpumMepbl AMHIBUCTUYECKNX NpaBun: «ecnn HR cpenHas N HRV Bbicokaa U wym HU3Knm -
Ka4YeCTBO CHa Xopolee»; «eC/in WyM BbICOKUA — Ka4dyeCTBO CHa MJioXxoe»; «ecsu
NPOAOJIKUTESIbHOCTb CHa KOPOTKaa — KayeCTBO CHa MnJioxoe». 3TOT MexaHu3M obecneyumBaeT
npo3payHocTb (explainability) mogenun, 4To NPUHUKMNNANIBHO 4189 MEAULIMHCKOIrO MPUMEHEHNS.

2.4 CpaBHMTE/IbHbIW AHAJIU3 aJITOPUTMOB MALLMHHOIO O0y4YeHus

OueHKa WecTn anropuTMoB Mo TEOPETUYECKMM MeTPMKaM Nnokasaa ClelyoLllyo KapTUHy:

e Logistic Regression (Accuracy: 0,75) — 6a3oBas nMMHenHas mogesnb, 3hPeKTUBHA Npu

JINHENHO pas3gennmblx KiaccCax,

e SVM (0,80) — pa3gensieT KiacCbl C MaKCMMasibHbIM 3230POM, AAPOBbIE (YHKLNN
(RBF) no3gonsatoT paboTaTb B HEIMHENHOM MPOCTPAHCTBE MPU3HAKOB;

e Random Forest (0,84) — aHcaMbib oepeBbEB peLUeHN, YCTONYUB K LLUYMY,
obecne4ymBaeT oLEHKY BaXXHOCTM Npu3HakoB (feature importance);

e XGBoost (0,87) — rpafAneHTHbIN BYCTUHI C perynsapusaunen; Hannyywmn pesynbtaTt
cpenn MeTooB KiacCumkaumm Ha TabanyHbIX AaHHbIX;

e HenpoHHas ceTb (0,86) — MHOrOCNOMHbLIN NEPUENTPOH C akTuBaunaMmm RelLU n
perynspusauuven Dropout;

e LSTM (0,89, F1: 0,87, RMSE: 0,13) — peKyppeHTHas apXuTeKTypa C KJeTO4YHOM

NnaMATbiO, ONTMMaJibHa O0J14 NMPOrHO3nNpoBaHNA BpeMeHHbIX PAOOB.

LSTM nporHo3mpyeT Ka4ecTBO CHa Crefytouen HoYM Ha OCHOBE AaHHbIX NpeALecTBY WX
wectun cyTok: \( \widehat{Q} {\text{sleep}}(t+1)=\mathrm{LSTM}([X_{t-5} \ldots, X t]) \).
MexaHu3m BHyTpeHHeln namaTtu (cell state) nossonsetT momenm obyyaTbCa LUUPKALHBLIM

10/18



Bilimger.kz Pecny6nukansik 6inimM >xoHe FbinibIM nopTanbl 2026

3aKOHOMepHOCTAM. He4yéTkas Mmoaenb MamaaHu, ycTyrnasi B TOHHOCTU METPUK, BbIUTpPbIBAET B
NHTEPNPeTUPYyeMoCTU N HEMOCPEACTBEHHO CIY>XKUT OCHOBOM 6J10Ka pekoMeHaauuni.

2.5 Cucrema peKkoMeHOaLMUM U NepcneKTUuBbl pa3BUTUSA

Bnok pekoMeHAauunm MUHUMU3UPYET ueneByt dyHkuno \( J=\alpha(l-
Q {\text{sleep}})+\beta W+\gamma N+\delta A\), roe «, B, Yy, & — BecoBble KOIPPULNEHTHI,
yCTaHaBJ/IMBaeMble MO 3KCMNepTHbIM oueHKaM. Ha ocHoBe peweHusa \( u™*=\arg\min J~*\)
cuctemMa opMUPYEeT MepCcoOHaNN3NPOBaAHHbLIE PEKOMEHOaUUN: ONTUMU3ALNSA aKyCTUYECKON
cpelbl CnasibHW, PerysnpoBkKa OCBELLEHHOCTW, NogAepXaHMe TeMnepaTypbl B AManas3oHe
\(18-22\,~{\circ}\mathrm{C}\), ctabunmsauna pexumma CHa, CHUXeHNE (U3NYeCKON
aKTMBHOCTW repen CHOM.

MepcneKkTUBHbIE HaMNpPaB/ieHNs Pa3BUTUSA BKJIOYAOT: BaAugaunio Moaesnen Ha peaibHbiX
laTaceTax CHa; UHTerpaumnto B MOBUIIbHbIE MPUSIOXKEHNS N HOCUMbIE YCTPOMCTBA; peasin3aumto
MOHUTOPUHIra B pPeXMMe peasbHOro BpeMeHu; pa3paboTKy afanTUBHbIX MoOenen c
nepcoHanmsaunen noa WHAUBUAYaJibHble MATTEPHbI MONIb30BATENA; COMPSAXeEHUE C
TenemMeANUNHCKUMN NaaTopMamu.

3. SBAKJIIOMEHME

B paMKax BbIMOJIHEHHOI 0O UCCNEeL0BaHNSA MONyYeHbl criefyloune pesynbTaThbl:

1. PaspaboTaHa MaTeMaTnyeckas Mmoaesb loT-CUCTEMbI MOHUTOPUHIa CHa: onpenenéH
BEKTOpP BXOAHbIX AaHHbIX X(t), onncaHbl 3Tanbl NpenobpaboTkn (bunbTpaums,
HOpManu3aLUns, CUHXPOHM3aLWs BPpeMEHHBIX PAAoB), ChOPMUPOBAH MHTErpasbHbIi
rnokasaTeJslb Ka4yecTBa CHa.

2. MocTpoeHa HeYéTKana florm4yeckas Moaesib Ha OCHOBe anroputMa MampaaHu,
BKJIt0OYatoLLasa IMHIBUCTNYECKNE NepeMeHHble, MYHKLUUN NPpUHaaJIeXXHOCTN U
cuctemy IF-THEN npasun. Mogenb obecnevynBaeT MHTEPNPETUPYEMOCTb BbIBOLOB U

aBTOMaTu4yeckoe opMUPOBaHME PEKOMEHOALNA.

3. MNpoBeaéH TeopeTNYeCcKnin CpaBHUTENbHbLIN aHaAN3 WeCTU aJirOPUTMOB MaLUMHHOIO
obyyeHus. na 3agavm Knaccuukaumm Hannyywmin pesyabTaT OEMOHCTPUPYET
XGBoost (Accuracy 0,87); ans 3a4a4v NpoOrHO3MPOBaHUS BPEMEHHLIX psgoB — LSTM
(Accuracy 0,89).

4. O603HayeHbl OrpaHNYeHNa NCCNen0BaHWs: B OTCYTCTBME peasibHOro gaTaceTa
KOJINYECTBEHHbIE pe3yJ/ibTaTbl HOCAT TEOPETUYECKUA XapaKTep; Npeano)XeHHas

cncremMa He nogMeHsAaeT KJIIMHNYeCKY0 ANarHOCTUKY.

O6wunin BbiBOA: CUHEPrusa I0T-MOHUTOPUHIa, HEYETKOW JIOTUKN U METOA0B MalUMHHOIO
obyyeHunsa obpasyeT TeopeTnieck 060CHOBAHHYO apXUTEKTYPY UHTEIEKTYalbHON CUCTEMBI
OUEHKWN KayecCcTBa CHa. [lafbHellwune NCCnenoBaHUs AO0J/KHbI ObiTb HanpaB/ieHbl Ha
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3KCMEepUMEHTasbHY BEPUPUKALNIO C peasibHbIMU OAaHHBLIMU U BHEAPEHUE B NMpakTU4eckne
LUMpoBbIE pelleHns B 061acT oxpaHbl 340P0BbS.
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lll. ENGLISH VERSION

An intelligent sleep quality assessment system using iot sensors: integrating fuzzy logic and
machine learning approaches

ABSTRACT

This paper presents the theoretical framework and findings of a study aimed at developing
an intelligent, automated system for sleep quality assessment leveraging Internet of Things
(loT) sensor data. The research addresses a well-documented gap between the clinical gold
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standard — polysomnography (PSG) — and the need for scalable, cost-effective continuous
monitoring solutions. A multiparametric mathematical model is proposed, integrating
physiological signals from accelerometers, photoplethysmography sensors, \(
\mathrm{SpO} {2} \) probes, and environmental transducers (temperature, noise, light). A
Mamdani fuzzy inference system translates raw sensor inputs — heart rate (HR), heart rate
variability (HRV), body movement (ACC), blood oxygen saturation (\( \mathrm{SpO} {2} )),
and contextual variables — into interpretable linguistic sleep quality assessments via expert-
defined IF-THEN rules. Six machine learning algorithms — Logistic Regression, SVM, Random
Forest, XGBoost, a fully connected neural network, and LSTM — are theoretically evaluated and
benchmarked for sleep stage classification and quality forecasting. Theoretical analysis
indicates that LSTM achieves superior performance in time-series prediction tasks (Accuracy:
0.89, Fl-score: 0.87). The proposed architecture is directly applicable to mobile health
platforms, wearable monitoring systems, and telemedicine applications.

KEYWORDS

Internet of Things (loT); sleep monitoring; fuzzy logic; Mamdani algorithm; machine learning;
LSTM neural network; physiological parameters.

1. INTRODUCTION

Background and Significance

Sleep constitutes one of the fundamental biological processes underpinning human health:
synaptic consolidation, neuroendocrine regulation, immunological restoration, and
cardiovascular recovery all critically depend on sleep architecture and duration. The World
Health Organization estimates that \(30-40\%\) of the adult population in industrialized nations
suffer from clinically significant sleep disturbances. Epidemiological and clinical evidence
consistently links chronic sleep deficiency to increased incidence of cardiovascular disease,
type 2 diabetes, metabolic syndrome, depressive disorders, and immunosuppression.

Polysomnography (PSG) remains the diagnostic reference standard, yet its requirement for
specialized laboratory settings, trained personnel, and considerable cost renders it impractical
for longitudinal population-level monitoring. loT-enabled wearable technologies provide an
alternative paradigm: continuous, unobtrusive physiological data collection in natural sleep
environments. However, raw multi-sensor data streams are not self-interpretive — extracting
meaningful sleep quality indicators from them requires a structured analytical pipeline
combining signal processing, mathematical modelling, and artificial intelligence.

Research Object, Subject, Goal and Objectives

Research object: physiological and environmental data of sleeping individuals acquired
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through loT sensor networks.

Research subject: methods for intelligent, automated assessment of sleep quality
integrating mathematical modelling, fuzzy logic, and machine learning algorithms.

Research goal: theoretical development and justification of a comprehensive intelligent
model for sleep quality assessment that combines a Mamdani fuzzy inference system with
supervised machine learning on loT-derived data.

Research objectives: (1) systematise the physiological biomarkers characterising distinct
sleep stages; (2) evaluate 10T sensor modalities applicable to sleep monitoring; (3) formalise
the multi-sensor data vector and define preprocessing procedures; (4) construct a Mamdani
fuzzy inference system for sleep quality evaluation; (5) conduct a theoretical comparative
analysis of six machine learning algorithms; (6) propose a data-driven personalised
recommendation system.

Research methods: mathematical modelling, fuzzy logic (Mamdani algorithm), supervised
classification algorithms (Logistic Regression, SVM, Random Forest, XGBoost), deep learning
architectures (fully connected neural network, LSTM), and theoretical comparative analysis.

2. MAIN BODY

2.1 Problem Identification and Analysis

The central scientific problem concerns the gap between the high informational density of
loT-acquired physiological signals and the absence of an integrated intelligent interpreter
capable of mapping those signals onto clinically meaningful sleep quality categories. Each
sleep phase — N1, N2, N3 (NREM), and REM — exhibits a distinctive multivariate physiological
signature: HR between 55-65 bpm during deep sleep, elevated HRV indicating
parasympathetic dominance, minimal ACC, and \( \mathrm{SpO} {2} \) above 95%. These
signatures are well characterised in the clinical literature; however, their automatic detection
from noisy, heterogeneous loT data streams demands robust algorithmic solutions.

Formally, the input data vector is expressed as \ (
X(t)=\{\mathrm{HR}(t),\mathrm{HRV}(t),\mathrm {ACC}(t) \mathrm{SpO}_{2}(t),T(t),N(t),L(t
N} \), where T denotes ambient temperature, N the noise level, and L the illuminance. The
system output targets the class \( Y\in\{\text{Good} \text{Fair},\text{Poor}\} \) for quality
assessment or \( Y\in\{\text{Wake} \text{Light} \text{Deep} \text{REM}\} \) for stage
classification.

2.2 Literature Review

Research at the intersection of loT, artificial intelligence, and sleep science has grown
substantially over the past decade. Buysse (2014) established the conceptual framework for
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operationalising sleep health as a multi-dimensional construct, providing a theoretical basis for
automated assessment. Perez-Pozuelo et al. (2020) characterised the transformative potential
of wearable data-driven approaches in sleep medicine, while Mendonca et al. (2019) conducted
a systematic review of loT-based sleep apnoea detection, demonstrating that machine learning
algorithms outperform rule-based thresholding methods.

On the algorithmic side, Breiman (2001) established the theoretical robustness of Random
Forest ensembles; Chen and Guestrin (2016) provided empirical evidence of XGBoost's
superior accuracy on structured tabular data; Hochreiter and Schmidhuber (1997) introduced
the LSTM architecture, enabling models to capture long-range temporal dependencies essential
for multi-night sleep pattern analysis. The mathematical foundations of fuzzy set theory
(Zadeh, 1965) and the practical Mamdani fuzzy inference mechanism (1977) provide the
interpretable modelling layer. Sundararajan et al. (2021) validated the physiological validity of
wearable sleep data relative to PSG, supporting the clinical credibility of loT-based approaches.

The present study advances prior work by proposing a unified pipeline that combines all
three analytical paradigms — fuzzy rule-based reasoning for interpretability, gradient-boosted
trees for classification accuracy, and LSTM for temporal forecasting — within a single end-to-
end architecture specifically designed for multi-sensor 10T sleep monitoring.

2.3 Theoretical Framework: Mamdani Fuzzy Inference System

The Mamdani algorithm realises fuzzy inference through four stages: fuzzification - rule
evaluation - aggregation —» defuzzification. In the fuzzification stage, crisp sensor readings are
converted into degrees of membership in linguistic fuzzy sets (Low, Medium, High) via
triangular (trimf) or trapezoidal (trapmf) membership functions. Each input variable — HR, HRV,
ACC, N, T, D (sleep duration) — is thus described in natural-language terms amenable to
expert-defined rules.

The composite sleep quality index is defined as: \(
Q_{\text{sleep}}=w_1D+w_2\mathrm{HRV}-w_3W-w_4\mathrm{ACC}-w 5N \), where W is
the number of awakenings and \( w_1-w_5\) are weighting coefficients determined empirically
during model training. Defuzzification employs the centroid (Centre of Gravity) method: \(
Q _p=\frac{\sum_i \mu_i(Q)\cdot Q}{\sum_i \mu_i(Q)} \), yielding a scalar output in [0,1].
Interpretation: \( Q_p<0.4\) — poor sleep quality; \( 0.4-0.7 \) — fair; \( Q_p>0.7\) — good.

Representative inference rules: ‘IF HR is Medium AND HRYV is High AND Noise is Low - THEN
Sleep Quality is Good’; ‘IF Noise is High = THEN Sleep Quality is Poor’; ‘IF Duration is Short —»
THEN Sleep Quality is Poor’. This rule-based transparency supports explainable Al (XAl)
requirements in health-sensitive applications.

2.4 Comparative Evaluation of Machine Learning Models

Theoretical benchmarking of six algorithms on the defined feature set yields the following
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performance estimates:

e Logistic Regression (Accuracy: 0.75) — linear baseline model, performs adequately
when class boundaries are approximately linear;

e SVM (0.80) — maximises the classification margin using kernel functions (RBF),
effective in non-linearly separable feature spaces;

e Random Forest (0.84) — bootstrapped ensemble of decision trees, robust to noise
and provides feature importance rankings;

e XGBoost (0.87) — regularised gradient boosting, best-in-class performance for
tabular classification;

e Neural Network (0.86) — multi-layer perceptron with ReLU activations and Dropout
regularisation, captures complex non-linear interactions;

e LSTM (0.89, F1: 0.87, RMSE: 0.13) — recurrent architecture with a cell-state memory
mechanism, theoretically optimal for multi-night time-series forecasting.

The LSTM model predicts next-night sleep quality from a six-night historical window: \(
\widehat{Q} {\text{sleep}}(t+1)=\mathrm{LSTM}([X {t-5} \ldots,X t]) \). The cell-state
mechanism enables the model to capture circadian rhythms and longer-term sleep debt
patterns. While the Mamdani fuzzy model ranks lower on quantitative metrics, its rule-based
transparency directly drives the recommendation engine — demonstrating a complementary
trade-off between interpretability and predictive accuracy.

2.5 Recommendation System and Research Perspectives

The recommendation module minimises the objective function \( J=\alpha(l-
Q _{\text{sleep}})+\beta W+\gamma N+\delta A \), where «, B, y, 0 are expert-elicited
weighting parameters. The optimal action \( u™*=\arg\min J™~* \) generates personalised
behavioural recommendations: acoustic environment optimisation, light management
(blackout curtains, blue-light filtering), maintenance of ambient temperature within
\(18-22\,~{\circ}\mathrm{C}\), sleep schedule stabilisation, and reduced pre-sleep physical
loading.

Future research directions encompass: experimental validation against labelled
polysomnographic datasets; integration with smartphone applications and wearable platforms;
real-time monitoring pipeline implementation; development of adaptive, user-specific
personalisation layers; and integration with telemedicine and clinical decision support systems.

3. CONCLUSION

The conducted research produced the following principal outcomes:

1. A formal mathematical model of an IoT sleep monitoring system was developed: the
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input data vector X(t) was defined, data preprocessing procedures (noise filtering,
min-max normalisation, temporal synchronisation) were specified, and a composite
sleep quality index was derived.

2. A Mamdani fuzzy inference system was constructed, incorporating linguistic input
variables, membership functions, and an expert-derived rule base. The system
satisfies explainable Al requirements and provides the direct computational basis for
the personalised recommendation module.

3. A theoretical comparative analysis of six machine learning algorithms was
conducted. XGBoost (Accuracy: 0.87) achieved the highest performance for
classification tasks; LSTM (Accuracy: 0.89) demonstrated superior results for
temporal forecasting of sleep quality across multiple nights.

4, Research limitations were identified: in the absence of a real physiological dataset,
all quantitative results remain theoretical estimates; the proposed system is not
intended as a substitute for clinical diagnosis.

Overall conclusion: the integration of 10T sensor data collection, Mamdani fuzzy inference,
and machine learning constitutes a theoretically grounded architecture for an intelligent sleep
quality assessment system. Future work should focus on experimental validation with real-
world data and deployment within practical digital health solutions.
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