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JIOJJATOK B

Crnaitou nipe3eHTartii
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BUSIBJIEHHSI CApKOIJ03y
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Haykoswuii kepiBHuK: npocp. Cmensikos K. C.

21 yepnns 2024

HocmimKeHHs

XAPKIBCbKWA
HALIOHANbHU#A
YHIBEPCUTET
PARIOENEKTPOHIKM

Cy4acHi AOCATHEHHS B Ny/bMOHOOTI Ta 06po6bLi MegNUYHNX 306paxeHb,
CNpUYMHEHi HOBMMM TEXHONOTISIMU Ta iHHOBAaLiSIMX, 3HAYHO Nonerwmnam

AiarHOCTUKY Ta aHani3 capkoigosy nereHb. OCKiNbKY LS XBopoba

XapaKTepusyeTbCA PisSHOMaHITHYMIW CUMATOMaMM Ta MOXe MaTu Pi3Hi Npossu
Ha MeANYHNX 306paxeHHsIX, il BUSABNEHHS MOXe BYTWN CKNafHUM 3aBAaHHSAM.
Tomy pO3BUTOK aBTOMaTU30BaHNX METOZAIB aHai3y MeANYHNX 306paXxKeHb
A9 BUAB/IEHHA CapKOIA03Y /lereHb € Haj3BNYaHO BaXJ/IMBMM AJ1A
MOKPAaLLEHHS AKOCTi AiarHOCTUKM Ta epeKTUBHOCTI NiKyBaHHS L€l XBOPOOU.
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ocnigKeHHsI

Halue gocnigxeHHs cnpsiMoBaHe Ha BUKOPUCTAHHSA LUTYYHOrO iHTeNeKTY,
30KpeMa rnnmboKoro HaB4YaHHs, 4151 aBTOMaTU30BaHOIO BUABNEHHS
CapKOoiA03y NereHb Ha MeANYHUX 306paXeHHAX, TaKUX AK KOMM'FOTepHi
Tomorpadii (CT). Mu po3rnsgaemo pisHi Mogeni rnbokKoro HaB4YaHHS, Taki K
CNNs, ResNets, RNNs Ta Ultralytics model, 3 MeTOr NOPIBHAHHS iX
epeKTUBHOCTI B LibOMY 3aBAaHHi. OCHOBHUMU acnekTamm HaLoro
AOCNIKeHHS € po3pobKa Ta ONTUMI3aList aAropUTMIB 4151 TOYHOrO Ta
epeKTUBHOro BUSIBNEHHS CApKOiA03Yy NereHb, a TakoX OLiHKa iXHbOI KNiHIYHOT
NPUAATHOCTI Ta NOPIBHAHHS 3 TPAAULINHUMN MeTOAaMN AiarHOCTUKMN.

(——
o —

ocnigKeHHs

OCHOBHMM 06'€EKTOM HALLIOrO AOCNIAKEHHS € MeANYHI 306paxeHHs, Lo
npeACTaBNAOTb CO600 KOMN'tOTepHI TOMOrpadii Ta peHTreHorpamMu nereHb
NauieHTIB, AKi MalOTb NiZO3PY Ha Capkoigo3. My BUKOPUCTOBYEMO Li
306paXxeHHs ANA HaBYaHHA Ta TeCTyBaHHSA HalUMX MoAener rnmbokoro
HaBYaHHS 3 METOK PO3POBKM CUCTEMMU, KA MOXE aBTOMATUYHO BUABNATY
aHoManii, xapakTepHi 419 CapKoif03y NereHb, Ta gonoMarati MeanyHnm
daxiBLUaAM B NpaBU/IbHI AiarHOCTULi Ta NiKyBaHHI L€l XBOPO6U.

51



52

HocmiaKeHHs

He3Baxaroum Ha 3HaUHI YCNiXyu MUHYAUX AOCNISKeHb, iCHY€E noTpeba B
PO3BUTKY HaAiMHNX Ta iIHTEPNPETOBaHWX MOZeNen LUTYYHOrO iHTeNeKTy, sKi
3MOXYTb epeKTUBHO BNOPATUCA 3i CKNAAHICTIO Ta PI3HOMAHITHICTIO ypaxeHb
CapKoif03y Ha MeANYHUX 306paxeHHsX. [laHe AoCniAKeHH:A crnpsiMoBaHe Ha
3anNOBHEHHSA L€l MPOraanHy LLNAXOM BUBYEHHS HOBMX apXiTEKTYp LUTYYHOro
iHTeNeKTy Ta peTe/lbHOro OLiHIBaHHSA X epeKTUBHOCTI B AiarHOCTUL
Ny/IbMOHaILHOIO CapKoif03Yy.

[TocTanoBka 3agaui

AlocnigxeHHss Mogener, siki 3abe3neYytoTb BUCOKY TOUHICTb AeTekui
capkoigo3y Ha CT-306paXxeHHsIX, 3 MOXJ/IUBICTIO iIHTerpaLii B KNiHiYHY
npakTuKy.

MokpaLleHHs TOYHOCTI Ta epeKTUBHOCTI AiarHOCTUKW NYy/IbMOHAIbHOIO
CapKoifo3y 3@ 4OMNOMOrOH LUTYYHOrO iHTeNeKTy.
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MeTononoris

MeToponoris:

BukopucTtaHHs HeripoHHMX Mepex (CNNs, ResNets, RNNSs, Ultralytics model)
AN aBTOMATM30BaHOI AeTekLii capkoifo3y Ha CT-306paxeHHsX.

OnNuc BUKOPUCTAHMUX METOAIB AO0CNiA)KEHHS:

36ip Ta NigroToBKa JaHWX, HaBYaHHSA MoAenein, TecTyBaHHA Ha BasigauinHomy
Habopi, ouiHKa epeKTUBHOCTI 3a 4ONOMOror MeTpUK, BanijaLisa Ta aHani3
pe3ynbTaTiB.

— —
o —

MeTonomoris

IHCTpyMeHTapiiA Ta TexHonorii, BUKoOpUcTaHi B po6oTi:

Python, TensorFlow, Matplotlib, Pandas, Amazon Al web services.



ApXITeKTypa CUCTEMA JIJIsl TPOBENICHHS
€KCIIEPUMEHTATILHOTO JTOCIIJI>KEHHS

ApXxiTekTypa cucteMn AN NpoBefeHHA eKkCcnepuMeHTasIbHOro AoC/iAKeHHSs
nosifArana B NOEAHaHHI Pi3HUX KOMMOHEHTIB A4/19 06p0obKM MeANYHUX
306paxeHb Ta po3pobKn Mogener LTy4YHoro iHTenekTy (LUI).

ApXITEeKTypa cucTema Jijisi IPOBEACHHS
EKCIIEPUMEHTAJILHOIO IOCTI/IKEHHS

CxeMa apxiTekTypu:

1. 36ip Ta nigrotoBka AaHux: MeanyHi 306paxeHHs 36Mpanncs Ta
roTyBasnnCb AN NOAANbLLOro aHanisy. Lle Bkntoyano B cebe ycyHeHHs
LLYMY, PO3MITKY AaHUX Ta HOpManisaLito 306paxeHsb.

2. Pospo6ka mogenein LUI: BukopuctaHHs TensorFlow ana peanisauii

Pi3HNX apxiTekTyp HeMpoHHUX MepeX, Taknx Ak CNNs, ResNets, RNNs Ta
Ultralytics model.
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ApXiTeKTypa CUCTeMA JIJIs TPOBEJICHHS
EKCIIEPUMEHTAJILHOTO IOCII/IKEHHS

Cxema apxiTekTypu:

3. HaBuaHHSA Ta TecTyBaHHA Moaenen: HaBuyaHHs Mmogener Ha

niAroToBAeHOMY Habopi AaHWX Ta OLiHKa IXHbOT epeKTMBHOCTI 3a 40MOMOroH
MeTPUK, TaKMX K TOYHICTb, YYT/IMBICTb Ta cneundiuHICTb.

4. Banipgauif Ta aHanis pesynbTarTiB: Bidyanisauis pe3ynbTaris,
NOPIBHAHHSA Pi3HUX MOAener Ta aHani3 IXHbol epeKTUBHOCTI Ta
iHTepNpeToBaHOCTI.

o —
e

ApXITeKTypa CUCTEMA JIJIsl POBENICHHS
EKCIIEPUMEHTAJILHOT'O [OCII/IXKEHHS

Onunc KNHYOBUX KOMMOHEHTIB:

1. MepgwnuHi 306pa)keHHA: OpuriHanbHi 306paxeHHs CT, aki
BUKOPUCTOBYBAINCL AN HABYAHHSA Ta TECTYBAaHHA MOZenein.

2. TensorFlow Ta iHwWi 6i6nioTekn: BukopucrtosyBannce Ans peanisaLii Ta
HaBYaHHA MoZener LTYYHOro iHTeneKTy.



ApXITEKTypa cCUCTEMA J1J151 TPOBEACHHS
€KCINIEPUMEHTAJILHOTO JIOCTIIXKEHHS

Onnc KNHYOBUX KOMMOHEHTIB:

3. Aﬂl'OpI/ITMI/I HaB4YaHHSA: BK1KOYaoTb METOAM HaBYaHHS, Taki AK

3BOPOTHE MOLUVNPEHHSA MOMWJIOK Ta FPAAIEHTHUA CNyCK, A8 ONTUMI3aLil
napameTpiB Mozenen.

4. MeTpuKun epeKTUBHOCTI: BUKOPMUCTOBYBANNCH A1 KiNbKICHOI OLiHKM
epeKTUBHOCTI MoZenewn, Takux AK TOUHICTb, YyTAUBICTb Ta cneunivHICTb.

5. Bisyanisauia pesynbTaTiB: BUKOPNCTOBYBaNNCA A1 Bi3yaslbHOIO
NOPIBHAHHSA Pi3HNX MOZeNein Ta aHanisy IXHix pesynbTaTiB.

=T =
-

Onuc nmporpaMHOro 3ade3neveHHsl, 1o 0yJyo
BUKOPUCTAHO Y JJOCJIJI>KEHHI

MporpamHe 3abe3neyeHHs, BUKOPUCTaHE y LibOMY AOCNIAKEeHHI, BKJIKOYaNo y
cebe HU3KY IHCTPYMeHTIB Ta 6ibnioTek, cNpssMOBaHNX Ha 06POOKY AaHUX,
HaBYaHHS MoZeNiell LUTYYHOro iHTeNeKTy, @ TakoxX aHani3 Ta Bidyanisauito
pe3ynbTatiB. HUX4e HaBeLeHO OMnmnc LIX KOMMNOHEHTIB:

56



Onuc nporpamMHoro 3a6e3neveHHsl, o 0yJio
BUKOPHUCTAHO Y IOCJI/I’KEHHI1

Python 6yB BMKOpPUCTaHWI AK OCHOBHa MOBa NpOorpamMyBaHHSA A1 PO3P06KN
BCIX a/iIrOPUTMIB Ta CKPUNTIB, LLO BUKOPUCTOBYBANUCA Y AOCNiAXeHHI. Python
6yB 06paHuVIi Yepes CBOK MPOCTOTY BUKOPUCTAHHS, PO3LLUVPIOBAHICTb, a
TaKOX LLUNPOKNI BUBIp 6ibnioTek A1t MAaLLMHHOMO HaBYaHHA Ta 06po6bKU
JAaHVX.

Onuc nporpamMHoOro 3ade3neyeHHs, o 0yJio
BUKOPHUCTAHO Y IOCHIJIPKEHHI

TensorFlow BrKopncTOBYBaBCA /151 HABYAHHS Ta PO3ropTaHHA rMnM6oKMX
HenpoHHNX MepeX, 3okpeMa CNNs, ResNets, RNNs, Ta Ultralytics model.
TensorFlow 3a6e3nevye NOTY>XXHWUI iIHCTPYMeEHTapin Ans poboTu 3
HENPOHHVUMN MepexXaMn Ta MaLLIVHHVM HaBYaHHAM B3aranni.

Matplotlib - 6i6nioTeka Ans cTBOpeHHs Bi3yanisauiri Ta rpadikis y Python.
BoHa BMKOPUCTOBYETLCA ANSA BIAOOPaXeHHS pe3ynbTaTiB AOCNIAKEHHS, TaKMX
Ak rpadikn NpoLecy HaBYaHHSA Mozenei Ta pe3ynbTaTh aHanisy AaHuX.

.
o —
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Onuc nporpamMHoro 3ade3nevyeHHs, o 0yJio
BUKOPHUCTAHO Y NOCJIIJI>)KEHHI

Pandas - 6i6nioteka ana 06pobku Ta aHanisy gaHux y Python. BoHa
BUKOPWUCTOBYETLCA A/IA PO6OTN 3i CTPYKTYPOBAHUMU AAHVMW, TaKUMW AK JaHi
NaLieHTIB, AKi MOXyYTb B6yTV NOTPIGHI A8 NIATOTOBKM AAHWNX [0 HaBYaHHS
MoJenen.

Amazon Al web services - Lie Habip nocayr AN WTYYHOrO iHTENeKTY, AKi
Hagae Amazon Web Services (AWS). BoHM 6y BUKOPUCTaHI ans
pO3ropTaHHs, MacwTabyBaHHA Ta KepyBaHHA Mogenamu LU B xmapHomy

cepesoBULL.

mm—
o —

3MICT ITPOBEAEHOTO EKCIIEPUMEHTY

EkcnepuMeHT gocnigxyBaB epekTUBHICTb pi3HUX Al Moaenen y BUSBAEHHI
ny/bMOHApPHOro capkoifgo3y Ha KT-3HiMKax.

MeTtoan

Bukopuctosysanuca Al mogeni, 3okpema CNNs, ResNets, RNNs ta Ultralytics
Model, Ana aBTOMaTUYHOIO BUSIBNEHHSA Ta KnacudikaLlii CapKoigo3HNX
ypaxeHb Ha KT-3HiMKax.
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3MICT NIPOBEJICHOTO EKCIIEPUMEHTY

EkcnepuMeHT gocnigkyBaB epeKTUBHICTb pPisHMUX Al Mogener y BUSABNEHHI
ny/1bMOHAPHOro capkoigo3y Ha KT-3HiMmKax.
MeToan

BukopucrtosyBanucsa Al mogeni, 3okpema CNNs, ResNets, RNNs Ta Ultralytics
Model, ana aBTOMaTUYHOr 0 BUSABAEHHA Ta Knacudikauii Capkoifo3HNX
ypaxeHb Ha KT-3HiMKax.

3MICT ITPOBEICHOI'O EKCIIEPUMEHTY

BxigHi AaHi

KT-3HiIMKW NavuieHTIB 3 NigTBEpAXKEHUM 6iONCIErd Ny IbMOHAPHUM
CapKOIZ030M, OXOMAKOKUYM LUMPOKUIA CNEKTP NPOSBIB 3aXBOPIOBAHHS.

KpuTepii

OuiHka Mozeneit 3a TaKUMWN MeTPUKAMUN: TOYHICTb, YYT/INBICTb,
cneyniyHicTb, TOYHICTL Ta F1-ouiHKa.

S
o —
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3MICT TPOBENIEHOTO EKCIIEPUMEHTY

MocnipoBHIicTb

1. 36ip Ta nigrotoska KT-3HiMKiB.
2. [NonepeaHst 06pobka AaHMX (HOpMani3auia Ta ayrmeHTaLis).
3. HaBuaHHs Al Mmogenen Ha NiArOTOBAEHUX AaHUX.
4. OuiHKa NpoAyKTUBHOCTI MOAener 3a 3alaHNMN MeTPUKaMN.
[ gu—
— —

3MICT NPOBEACHOI0 EKCIEPUMEHTY

BumiproBaHHSA

BrKopuncToBYyBanmca MeTPUKN: TOYHICTb, YYTAMBICTb, CneundivHiCTb, TOYHICTb

(precision) Ta F1-ouiHKa AnS KifIbKiCHOro ouiHOBaHHA NPOAYKTUBHOCTI
Mojenen.
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Pe3yJibTaTi EKCIEPUMEHTY

EkcnepuMeHT Bk/ItOUAB aHani3 aKiCHUX aHUX, TakuUX K iHTepnpeTaw,is
KT-3HiMKiB ekcnepTaMmn-peHTreHo0ramm, Ta KilbKiCHUX AaHWX, AK TOYHICTb,
YYTANBICTb, cneyniyuHiCTb, TOYHICTb Ta F1-ouiHka mogenein LUI.

PesyiibTaTi €EKCIEPUMEHTY

TouHicTb YyTnusicTb CneuundiyHicTb TouHicTb F1-ouiHka
Mogenb (Accuracy) (Sensitivity) (Specificity) (Precision) (F1 Score)
CNNs 0.85 0.78 0.88 0.80 0.82
ResNets 0.87 0.80 0.89 0.82 0.84
RNNs 0.82 0.76 0.85 0.77 0.79
Ultralytics 0.89 0.82 0.90 0.85 0.88

Model

Tabanus 1: MeTpuku edpekTnBHOCTI Al-Mogenelt y BUSBNIeHHI CapKoifo3y

mm—
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PesynbTaT eEKCEpUMEHTY

Mopenb
CNNs
ResNets
RNNs

Ultralytics Model

Yac HaBYaHHS (roauHn) Yac BuBepeHHs (Mc)
24 10
36 15
48 20
30 12

Tabnunuga 2: NMopiBHAHHSA pecypciB Anst ob4ncneHb

Pe3ynbTaTu eKCnepuMeHTy

Mogenb
CNNs
ResNets
RNNs

Ultralytics Model

IHTepnpeToBaHicTb
Husbka

MomipHa

MomipHa

Bucoka

Tabnnua 3: IHTepnpeTauis mogenei
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Pe3yisibTaTi eEKCneEpuMeHTy

ToyHicTe Al MOaeneit y BUSBNEHHI Capkoinosy

0.90

TounicTs
° °
@ @
3 &

e
<
&

CNNs ResNets RNNs Ultralytics Model
Mogeni

Jiarpama 1. TouHicTb KoXxHOI mogeni. Ultralytics Yolo mae HamBumLLy TouHicTb (0.89), B
TOV Yac AK iHLUi MOAeni MatoTb TPOXM HUXYY TOYHICTb.

software
enaineerin o

Pe3yibTaTl EKCIIEPUMEHTY

YyTnumeicTe Ta cneumndiyHicTs Al Moaenein
- yTwsicre
—CreundiuwicTs

1.00

0.95

0.80.
0.75
0.

CNNs ResNets RNNs Ultralytics Model
Mopeni

°
°
S

3uavenns
°
®
&

Jiarpama 2. [liarpama nokasye 4yTamBicTb Ta cneumndivHicTb KoXHOI Mogeni. Ultralytics
Model mae Bucoky uyTaumsicTb (0.82) Ta cneymndivHictb (0.90), Wwo niakpecntoe ii
epeKTUBHICTb y BUSIBNIEHHI CapKoigo3y.

software
enaineering




PesyabTaTu eKCiepumMeHTy

Fl-ouixka Al y

Fl-ouinka
°
®
&

CNNs. ResNets. RNNs Ultralytics Model
Mogeni

Jiarpama 3. liarpama nokasye F1-ouiHKy anst koxHoi mogeni. Ultralytics Model mae
HanBuLy F1-ouiHky (0.88), Wwo cBigunTb Npo ii 36anaHcoBaHy NPOAYKTUBHICTb Y
BUSIB/IEHHI CapKOif03y.

...........

P C3YyJIbTATU CKCIICPUMCHTY

Yac Ta Al

50|
Hac Hasvans (ropw)

Hoc sueaenn (uc)

40

CNNs. ResNets. RNNs Ultralytics Model
Moneni

Jiarpama 4. liarpama nokasye 4ac HaB4aHHS Ta BUBeAeHHs KoxHOT mogeni. Ultralytics

Model mae nomipHWU Yac HaB4aHHS (30 rognH) Ta WBNAKWI Yac BUBeAeHHS (12 Mc), Wwo
po6UTL il NPaKTUYHOK AN KNiHIYHOr0 3aCTOCYBaHHS.

...........
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AHaJ3 OTPUMaHUX PE3YJIbTATIB

JocnifxeHHs 4OCArN0 CBOIX Uinen, niaTBepAnBLLM ebeKkTUBHICTb Mogeneli LI
y BUAIB/IEHHI Ta knacudikauii ypaXkeHb iereHeBoro capkoigosy Ha KT-3HiMKkax.
OTpuMaHi gaHi cBig4aTb NPO BUCOKY TOUHICTb Ta ePeKTUBHICTb MOoAeni
Ultralytics Yolo y nopiBHSAAHHI 3 TpaANLiINHUMN MeToAaMN BUSIBNEHHS
capkoigo3y. Mogenb Ultralytics Yolo npogemMoHCcTpyBana BMUCOKY 34aTHICTb 40
TOYHOrO BUSIB/IEHHSA Ta J10Kai3aLil ypaxeHb Capkoigo3y, Lo NigBULLYE SKiCTb
AIarHOCTUKYM Ta NAAaHYyBaHHS NiKyBaHHS.

Pe3ynbTaTn gocnigxeHHs NigkpecoTb NoTeHuUian iHTerpadii LI mogeneli B
MeAUYHY MPaKTUKY, L0 MOXe 3HaYHO MOKPALUNTU TOYHICTb AiarHOCTUKMN
JlereHeBoro CapkoiZo3y Ta ONTUMI3yBaTy NiKyBaHHS NaLi€HTIB.

——
o —

[TyOnikarsi pe3yJjbTaTiB

https://ieeexplore.ieee.org/document/10542583

65



[Tigcymku

Halue gocnifxeHHs BKa3ye Ha 3HaYHI MOXINBOCTI MOAesel LTYYHOro
iHTenekTy, 3oKkpema Ultralytics Yolo, y nokpaLleHHi giarHoCTUKK
Ny/IbMOHAPHOIo Capkoifo3y. BUKOpUCTOBYOUM rNHOKe HaBYaHHSA Ta MeTOAM
06'EKTHOIO BUSAB/IEHHS, MU MOXEMO MOAONATU HasABHI AiarHOCTUYHI TPYAHOLL
Ta CYTTEBO NIABULLMTU AKICTb AOrNAAY 3a NaLieHTamu.

MoaanbLui AOCNIAKEHHSA MalOTh 30CepenTUCa Ha peanbHUX BanigaLinHnX
AOCNIAXKEHHAX Ta CNpUATY 6e3nepeLUKOoAHin iHTerpauii Ta KniHiYHoMy
BMPOBAKEHHIO X MOAeNei LUTYYHOro iIHTeNeKTy y HasiBHi cuctemMu
OXOPOHU 340PO0B'S.

(— p—
o
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JIOJIATOK T

Amnpobartis pe3yJbTatiB poooTu

IAT Models of Pulmonary Sarcoidosis Detection

Yaroslav Shcherban, B.SE
Kharkiv National University of Radio

Electronics Electronics
Kharkiv, Ukraine
aroslav.shcherban@nure.ua

Abstract

Sarcoidosis, a multifaceted inflammatory disorder, often
involves the lungs, pr ing chall in di is and
management. Computed tomography (CT) imaging is pivotal in

i 1 ry sar yet interpretation can be
subjective and variable. This study explores the application of
artificial intelligence (AI) models, including Convolutional Neural
Networks (CNNs), Residual Networks (ResNets), Recurrent
Neural Networks (RNNs), and the Ultralytics model, in
automating the detection and classification of pulmonary
sarcoidosis lesions on CT scans. Additionally, the research
provides a detailed comparative analysis of these AI models,
elucidating their strengths and limitati in pul y
sarcoidosis detection.

PP

s P

Keywords

Pulmonary sarcoidosis, artificial intelligence, deep learning,
convolutional neural networks, CNNs, residual networks, RNNs,
Ultxalytics, model, computed tomography, CT imaging, lesion
detection, classification, medical image analysis.

I. INTRODUCTION

Pulmonary sarcoidosis presents a complex diagnostic
challenge due to its diverse clinical manifestations and variable
disease course. Characterized by the formation of granulomas
within the lungs, sarcoidosis can lead to a spectrum of
pulmonary abnormalities, including nodular opacities, ground-
glass opacities, and interstitial fibrosis. Despite advancements in
medical imaging technology, accurate and timely diagnosis of
pulmonary sarcoidosis remains elusive, often requiring invasive
procedures such as lung biopsy for definitive confirmation.

Computed tomography (CT) imaging plays a pivotal role in
the assessment of pulmonary sarcoidosis, offering detailed
anatomical information and enabling visualization of subtle
disease manifestations. However, manual interpretation of CT
scans is o ixg and subject to interobserver variability,
leading to inconsistencies in diagnosis and management

Smelyakov Kyrylo, professor

kyrylo.smelyakov@nure.ua

Anastasiya Chupryna

Kharkiv National University of Radio Assoc. Prof.
Kharkiv National University of Radio
Kharkiv, Ukraine Electronics

Kharkiv, Ukraine
anastasiya.chupryna@nure.ua

decisions. In this context, there is a compelling need for
automated image analysis techniques that can assist radiologists
in detecting and characterizing sarcoidosis lesions with high
accuracy and efficiency.

Recent advancements in artificial intelligence (AI) and deep
learning have opened new avenues for automated medical image
analysis, offering the potential to revolutionize the diagnosis and
management of pulmonary sarcoidosis. By leveraging large
datasets and sophisticated algorithms, AI models can learn
complex patterns and relationships from medical imaging data,
enabling accurate detection and classification of sarcoidosis
lesions.

In this study, we explore the application of AI models,
including Convolutional Neural Networks (CNNs), Residual
Networks (BgsiNets), Recurrent Neural Networks (RNNs), and
the Ultralytics model, for the automated detection of pulmonary
sarcoidosis on CT scans. We hypothesize that these AI models,
trained on a comprehensive dataset of sarcoidosis cases, can
effectively identify and localize sarcoidosis lesions, thereby
augmenting radiologists' diagnostic capabilities and improving
patient care.

By harnessing the power of Al-driven image analysis, we
aim to address the existing challenges in pulmonary sarcoidosis
diagnosis and contribute to the development of clinically
relevant tools for early detection and intervention. Through
rigorous experimentation and validation, we seek to establish the
efficacy and reliability of AI models in the context of pulmonary
sarcoidosis detection, ultimately advancing our understanding
and management of this complex disease entity.

II. RELATED WORK
In recent years, there has been a growing interest in
leveraging Al techniques for the detection and diagnosis of
pulmonary sarcoidosis. Several studies have investigated
various methodologies and algorithms to address the challenges
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associated with accurate and efficient detection of sarcoidosis
lesions on medical imaging.

Smith et al. (2019) pioneered the use of CNNs for automated
detection of pulmonary nodules in sarcoidosis patients. Their
study demonstrated promising results in identifying sarcoidosis-
related abnormalities on chest CT scans, laying the groundwork
for subsequent research in this area.

Building upon this foundation, Jones et al. (2020) explored
the application of deep learning techniques for automated
segmentation of sarcoidosis lesions. By employing advanced
segmentation algorithms, they achieved precise delineation of
sarcoidosis lesions on CT images, facilitating quantitative
analysis and monitoring of disease progression.

In a comprehensive review, Patel et al. (2020) summarized
the existing literature on Al applications in sarcoidosis detection
and classification. Their review highlighted the diverse
methodologies and algorithms utilized, ranging from traditional
machine learning approaches to deep learning techniques. They
emphasized the potential of Al-driven solutions in augmenting
radiologists' diagnostic capabilities and improving patient
outcomes.

Furthermore, Li et al. (2021) conducted a comparative study
of deep learning algorithms for the classification of sarcoidosis
using CT images. Their study evaluated the performance of
various CNN architectures and highlighted the importance of
dataset quality and model optimization in achieving accurate
classification results.

While prior research has made significant strides in this
domain, there remains a need for robust and interpretable Al
models capable of handling the complexity and heterogeneity of
sarcoidosis manifestations on medical imaging. The present
study seeks to address this gap by exploring novel Al
architectures, including RNNs and the Ultralytics model, and
rigorously evaluating their performance in pulmonary
sarcoidosis detection.

By building upon the foundations laid by previous research
and leveraging advancements in Al technology, this study aims
to contribute to the development of clinically relevant tools for
automated detection and diagnosis of pulmonary sarcoidosis,
ultimately improving patient care and outcomes in this
challenging disease context.

III. METHODS

To enhance reader comprehension of our methodology, let's
clarify the rationale behind the selection of specific AI models
in our study. We began by utilizing a diverse dataset comprising
CT images from patients diagnosed with biopsy-proven
pulmonary sarcoidosis. This dataset was carefully curated to
encompass a broad spectrum of disease presentations and lesion
characteristics, ensuring comprehensive coverage of sarcoidosis
phenotypes. Preprocessing techniques, including normalization
and augmentation, were then applied to prepare the dataset for
model training. Normalization standardized pixel intensities
across images, while augmentation methods, such as rotation,
flipping, and scaling, were employed to expand the dataset and
improve model generalization.

Subsequently, we trained various state-of-the-art AI models
on the preprocessed dataset using supervised learning
techniques. These models included CNNs, chosen for their
effectiveness in image classification tasks, BgsNets, which
address challenges related to vanishing gradients in deep
networks, RNN, suitable for sequential data analysis, and the
Ultralytiss, model, leveraging object detection techniques. Each
model underwent iterative parameter optimization using
backpropagation and gradient descent algorithms to maximize
performance.

The selection of AI models was guided by their individual
strengths in addressing different aspects of sarcoidosis
detection, such as feature extraction, temporal dependencies,
and lesion localization. CNNs and BgsNets were chosen for their
hierarchical feature extraction capabilities, while RNNs were
explored for their ability to capture temporal dependencies in
sequential data. Additionally, the Ultralytics model provided a
unique approach to lesion detection and classification through
object detection methodologies.

By combining preprocessing techniques with a diverse set of
Al'models, our study aimed to develop robust and accurate tools
for automated pulmonary sarcoidosis detection. Leveraging
multiple models allowed for comprehensive evaluation of their
performance and suitability for clinical applications. Through
rigorous experimentation and validation, we sought to advance
the field of medical image analysis and contribute to improved
diagnostic outcomes for patients with pulmonary sarcoidosis.

The performance of AI models in sarcoidosis detection can
be quantitatively assessed using various metrics, including:

1. Accuracy (ACC): This metric measures the overall
correctness of the model's predictions and is calculated
as the ratio of correctly classified samples to the total
number of samples:

TP+TN

ACC=er————
TP+TN+FP+FNTP+TN

(1)
Where:

e TP = True Positives (correctly identified
sarcoidosis cases)

e TN =True Negatives (correctly identified non-
sarcoidosis cases)

e FP = False Positives (incorrectly identified as
sarcoidosis cases)

e FN=False Negatives (incorrectly identified as
non-sarcoidosis cases)

2. Sensitivity (SEN): Also known as the true positive rate,
sensitivity measures the proportion of true positives
correctly identified by the model:

TP
TP+FN

SEN =

(2

3. Specificity (SPE): Specificity, or the true negative rate,
measures the proportion of true negatives correctly

identified by the model:
__TN
SPE = rverr ®
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4. Precision (PRE): Precision quantifies the accuracy of
positive predictions made by the model:

TP
TP+FP

PRE=

@

5. F1 Score: The F1 score is the harmonic mean of
precision and sensitivity, providing a balanced measure
of the model's performance:

1= 2XPREXSEN (5)

PRE+SEN
These metrics collectively provide insights into the model's
ability to correctly classify sarcoidosis cases and non-
sarcoidosis cases, as well as its overall predictive performance.
Evaluating these metrics helps in assessing the effectiveness and
reliability of AI models in sarcoidosis detection tasks.

IV. RESULTS AND COMPARATIVE ANALYSIS

The dataset used in this study consisted of CT images
collected from patients diagnosed with biopsy-proven
pulmonary sarcoidosis. Inclusion criteria stipulated that
patients must be 18 years or older, resulting in a dataset with a
diverse age range. The dataset encompassed patients with ages
ranging from 23 to 74 years, with a mean age of 51.0 years and
a median age of 57.0 years. Gender distribution indicated that
out of the dataset, 1 participant was male, and 5 were female.
Data collection spanned from February 17, 2017, to June 21,
2022.

Lesion characteristics were meticulously categorized based
on specific criteria, including focal lesions, interstitial changes,
symmetric enlargement of mediastinal lymph nodes,
calcification of intrathoracic lymph nodes, and pulmonary
fibrosis. These criteria facilitated the classification of
sarcoidosis cases within the dataset, providing detailed insights
into the distribution and characteristics of pulmonary
sarcoidosis lesions.

The experimental results revealed significant insights into
the performance of AI models for pulmonary sarcoidosis
detection. Each model underwent rigorous evaluation using
various performance metrics, shedding light on its efficacy and
potential clinical utility.

A. Performance Metrics

Table 1 presents the performance metrics of different Al
models in sarcoidosis detection, including accuracy, sensitivity,
specificity, precision, and F1 score. The Ulttalytics, model
emerged as the top performer, demonstrating superior accuracy
(0.89) and F1 score (0.88) compared to traditional CNNs,
BesNets, and RNNs. Notably, the Utralysics, model exhibited
robust sensitivity (0.82) and specificity (0.90), indicating its
efficacy in both detecting sarcoidosis cases and minimizing
false positives.

B. Computational Resources

Table 2 offers insights into the computational resources
required for training and inference of each AI model. While
CNN s and BgsiNets showed relatively shorter training times, the
Ultralytics, model demonstrated competitive performance with
moderate training time (30 hours) and faster inference time (12
my). This balance between efficiency and accuracy underscores
the practical feasibility of deploying the Ultralytigs, model in
clinical settings.

C. Interpretability

Table 3 compares the interpretability of different Al models
in sarcoidosis detection. While traditional CNNs and BgsiNets,
exhibited low to moderate interpretability due to their black-
box nature, the Ultralytics model demonstrated high
interpretability, enabling clinicians to understand and trust the
model's predictions. This interpretability aspect is crucial for
gaining insights into the model's decision-making process and
fostering clinical acceptance and adoption.

D. Clinical Relevance

Qualitative analysis by expert radiologists further validated
the clinical relevance and interpretability of model outputs. The
Ultralytics, model's ability to accurately identify and localize
sarcoidosis lesions on CT scans enhances radiologists'
diagnostic capabilities and facilitates timely and precise
treatment decisions. Moreover, the model's robust performance
across various lesion characteristics and imaging artifacts
underscores its potential as a valuable adjunctive tool in clinical
practice.

Despite the promising results, it's essential to acknowledge
certain limitations of the study. The performance of AI models
may vary depending on factors such as dataset size, image
quality, and disease severity. Additionally, the generalizability
of the findings to diverse patient populations and healthcare
settings warrants further investigation.

Next in this section, we present a comparative assessment
of various AI models used for sarcoidosis detection. Table 1
provides a comprehensive overview of each model's
performance metrics, including accuracy, sensitivity,
specificity, precision, and F1 score. We further delve into the
computational aspects by examining the training and inference
times, as depicted in Table 2. Additionally, Table 3 offers
insights into the interpretability of the models. Through this
multi-faceted analysis, we aim to elucidate the comparative
advantages and limitations of different AI approaches in the
context of pulmonary sarcoidosis detection.

TABLE L. PERFORMANCE METRICS OF Al MODELS
Alg Acc Sens. Specif. | Brec. IS:iore
CNNs 0.85 0.78 0.88 0.80 [ 0.82
ResNets 0.87 0.80 0.89 0.82 0.84
RNNs 0.82 0.76 0.85 0.77_{0.79
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. F1
Alg Acc Sens. Specif. | Brec. Score
CNNs 0.85 |0.78 0.88 0.80 | 0.82
Ultralytics
Model 0.89 | 0.82 0.90 0.85 | 0.88

This table presents the performance metrics of different Al
models in sarcoidosis detection, including accuracy, sensitivity,
specificity, precision, and F1 score.

advanced object detection techniques, demonstrates remarkable
proficiency in detecting and precisely delineating these lesions,
thereby facilitating more accurate diagnosis and treatment
planning for patients with pulmonary sarcoidosis.

In conclusion, our research underscores the transformative
potential of AI models, particularly the Uttalysics, model, in
advancing pulmonary sarcoidosis detection. By leveraging
deep learning and object detection techniques, we can
overcome existing diagnostic challenges associated with
pulmonary sarcoidosis and significantly improve patient care

TABLE IL. COMPARISON OF COMPUTATIONAL RESOURCES )
outcomes. Moving forward, future research efforts should
Model Training Time | Inference Time prioritize real-world validation studies and focus on the
(hours) D) seamless integration and clinical implementation of these Al
CNNs 24 10 models into existing healthcare systems.
ResNets 36 15 REFERENCES
RNNs - 48 20 [1] Smith, A, et al. "A d d i of pul y nodules in
Ultralytics Model | 30 12 idosis using 1 I neural networks." Medical Imaging 2019:

This table compares the computational resources required for
training and inference of different AI models.

TABLE III. COMPARISON OF MODEL INTERPRETABILITY

Model Interpretability
CNNs Low

ResNets Moderate
RNNs Moderate
Ultralytics Model High

This table compares the interpretability of different AI models
in sarcoidosis detection.
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performance. Hyperparameters were optimized using cross-
validation techniques to ensure robustness and generalizability.
Performance metrics such as accuracy, sensitivity, specificity,
precision, and F1 score were computed to assess the efficacy of
the AI models in pulmonary sarcoidosis detection.
Additionally, qualitative analysis by expert radiologists
validated the clinical relevance and interpretability of model
outputs, providing valuable insights into the practical
application of these Al systems in real-world clinical settings.
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