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KHWANJIT ORKWEHA: PULMONARY DISEASE DETECTION USING LUNG SOUND
SIGNALS WITH MULTI-TASK DEEP NEURAL NETWORKS.
THESIS ADVISOR: PROF. PEERAPONG UTHANSAKUL, Ph.D., 96 PP.

Keyword: AUDIO DIAGNOSTICS MULTI-TASK AUTOENCODER DEEP LEARNING

This thesis proposes an approach for detecting and classifying respiratory
diseases from lung sound signals. The proposed method develops a Multi-Task
Autoencoder (MTAE) to learn latent representations that preserve essential signal
information while enhancing multi-class classification capability. In addition, a hybrid
approach is introduced by integrating the MTAE with a Support Vector Machine (SVM)

to improve the classification performance

An evaluation was conducted using 5-fold cross-validation on the King
Abdullah University Hospital (KAUH) lung sound dataset for four-class classification:
normal, pneumonia, asthma, and chronic obstructive pulmonary disease. The MTAE
achieved an overall accuracy of 89.47% and F1-score of 89.96%, whereas the hybrid
MTAE-SVM achieved the highest overall accuracy of 91.49% and F1-score of 92.13%.
The results indicate that incorporating an SVM classifier enhances the clarity and
stability of the decision boundary in the latent feature space, leading to significantly
improved overall accuracy and more balanced classification performance, and

demonstrating strong potential for future practical applications.
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\dsuen (Lung sounds) ludyaadansunmdfiinannisivareseinianielu
szuumnaiumela deanunsaasiieudtannsunfivaranuiinUnfvesenld desUend
unumdAgylunisidadelsassuuniaiungla wu lsavendniau (Pneumonia) lsanau
#n (Asthma) LLaﬂiﬂUaﬂQﬂﬁgm%a%Jﬂ (Chronic Obstructive Pulmonary Disease: COPD) R
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AauAsEEzsUAuldianudAydensinwwazandnsn1sideTinveeiUle (Kazem, Z. and
Zahra, M., 2006; Gibson, G.J., Loddenkemper, R., Lundback, B. and Sibille, Y., 2013)
nsUsziiludealanmeisnisitaiiuyileunme (Auscultation) e1duszaunisaluay
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audIrguesnnd Faidediamuanulusnide anuldadiauslunisiniy uay
auenlumsuundediilnnzinuniiadneaglndfeaiy venaini @oslenuis
Uszelnnenausnglutisauiiiegusnmilonsivvesmnywe dwaliAseunainiadeu
Tun1s3fadule (Pasterkamp, H., Kraman, S. S., and Wodicka, G. R., 1997) Jsymisnana
\Huguassasiomugniesiazaranideievesminiaitadelumandin
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Usznaudioanstunoundn Tdun nmsafanadnunig (Feature extraction) Lagn1531uun
Uszunn (Classification) Inefinnduuszans wiansuaudiua (Mel Frequency Cepstral
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JUNIU (Sengupta, N., Sahidullah, M. and Saha, G., 2016; Bahoura, M. and Pelletier, C.,
2004; Jung, S.Y., Liao, C.H., Wu, Y.S., Yuan, S.M. and Sun, C.T., 2021) amseuundila iy

DYUNTNATY TALN TUNDTALINLADTUNTTU (Support Vector Machine: SVM) Luud1aad



NALLUULNIATEY (Gaussian Mixture Model: GMM), 3’%Lﬁauﬁﬂu1ﬂa”ﬁqmwum (k-Nearest
Neighbors: KNN) tazlasi1guszanniisuwuung 9 (Azmy, M. M., 2015; Prajapati, S. K.,
Choudhary, T. S. and Mishra, S., 2023)

A5n13158U31 898N (Deep Leaming: DL) Inglasangussaiminisuuuuneuligdu
(Convolutional Neural Network: CNN) az@agifinauuduglunissiwunlsaandsalon

Iaegnsiitiaddey Ine Bardou, D., Zhang, K., and Ahmad, S. M. (2018) lauausn1sanun

dealeamelassiguszamiisunuunauligdu uazsignunanisduuniiuseansam
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Wi eand et nfing1d wuaAnvetaslaoulaned wuunaIsIl (Multi-Task
Autoencoder: MTAE) 5 <lasumnuaulagnnd ulusududygradinw o seendu
LLUUf\i’ﬂamﬁmmiaL‘%wé’mumm%qé’mmmné’uﬁu (Reconstruction) wagIUNITIILUN
Uszianlundoniu fudnudaurlssan (Shared latent representation) @swaliuudnass
anunsandlisansaumeddnvesdynnaduatu susioatufifiulssansanlunssiwun
U%Lm/lsuaﬁauuaiﬁiﬂa Ditthapron, A., Banluesombatkul, N.; Ketrat, S., Chuangsuwanich,
E. and Wilaiprasitporn, T. (2019) Iiinauenisldeslneulamesiuunatsau iteatnnm
Snuarsindmiunissiuundyyinnisnsiana ulniinaues (Electroencephalography)
Y Autthasan, P., Duan, R., Zhang, Z., Li, H., Guan, C., and Wilaiprasitporn, T. (2021)
LELOLUUSIa09d M UNI T Undy 1S snd ulnianes Tuaunsiuauinisnis
wiawli (Motor imagery) 675@LLamTﬁLﬁuﬂszﬁwﬁﬂ’lwmaﬂmiL‘%auiwwa’]&mﬂw%wﬁ

Aoan1sANaNnsawuuliYuAUElY (Subject-independent) uana Nl Bashir-Gonbadi, F.

and Khotanlou, H. (2021) §alaussgnduuiAnealaeulanesidenauligfusuunalsy



(Multi-task convolutional autoencoder) Tunusuunilesenaues Feaeoudiwumiens
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132  Anwuasiiiausiuinianisaiunlsaannidsslensie 5n1slausa (Hybrid
Method) lagraunisannaudnuuzddnmemalinealaoulawe shuunagnusIuium
FuunnaFeuivenaiouvuiaiy fo dameinnnmosuurdy eiiuussansamluns
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(Asthma) lsadeneniau (Pneumonia) LLaziiﬂﬂaﬂqmﬁuL§ 954 (Chronic Obstructive
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Isavonandgaauduslanlanialy

14 AAUYRIUIY

141 Wanuuudasseslaoulamesuuuvatsny ielsoudnsunudnunzved
TyaunaudesUoniifiuszdnsam

1.4.2 diaueuuInawuuNas lnenaukuuiastealaiaulanesuunaigau
uazdwnesnnnnesiuTu ilesnsyduaussauglunsduundeoya

143 msvssdunauuuldd uiudyeaslagldnisusdoyaseniduindau (5-
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Stochastic Neighbor Embedding (t+-SNE) tiagtum3ndduau (Confusion matrix)
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(Confusion matrix)
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e uazauIeNngIVed

4 v

UNAUDNITNUNIUITIUNTTULALIIWITEN LA 837037 UNITTLATIEA
Ty 10 AN THnng Taganizag 1ERIUAUNITIATIEMEEIUanNEN1INTINTULEY
uunlsaszuumadumels Jadusngiudidglunisiauinunie wazdsnisvesnuise
a a o‘dy a [ dglj o/ = LY a o
Ieinusi nseSuenannsiuguve iy adssanuarAuanvasiaUnaunlyly

N1SUNUTBYAAL NITNUNIULUIAALAZ NN B VDIUUUTIADINTLT U VDILAT DIUATNNT

Y

'
= =

SeudiaaniiiunUszgndldiutayaldeamnanisunme nuun1sesulgiuInvateslnou
lamas N1si3euuuunaIeny kagdidauunuuudwnesannmesuuydu Jadudiuddy

10935N1sNtLaUe Laruiteniiedenietliiuisdadnianasorinenuidde iludgnis

ANUALLIN AL ITNNTVBNUIFLINY IUNUS T

2.1 ﬁugma’%ﬁwmLLazé'zuuzyﬁmLﬁmﬂaﬂ
2.1.1  #@5Imevasszuumaiumela
lAssasavessuumaAumglavasuywed (Human respiratory system) lag
91nAvzid1ds1eneEunasnanlvg (Trachea) uaauenlugavasnay (Bronchus) n1elu
Uandsuusoenidunduuulaznduans daluvasnauszunnuvuadurievuiaidnaufegsan

o w o o

Uon (Alveoli) FaduusnudAydmnsunsuanildsufiwesndwutasasveulaoanleniu
& = = a o o Y a o a & Y

naealiennes lasdvasaidantatasnasnliona1ivtiniialdesien JUN 2.1 wans

funiiveaiilafiagsenitslenisdestna uaznszsay (Diaphragm) Falunduiloddny

Mheauaunsmglaidiuazeenveyyd



Human Respiratory System
Bronchus: wiaanay

Trachea (Windpipe): nasnaailngy Pulmonary Arteriole: yaoaidanua

gunidnluten
Upper Lobe: nauuutaslan

Pulmonary
Heart: ala Venule: yaon
- - -
= HEAAITUIALAN
Lower Lobe: nauanwuaslan —
Tuven

Diaphragm: n¥tsay Alveoli: fiay

JUN 2.1 lassaavesssuumaiumela

n: sameunatigesegs, 2567

nsluaveseiniaseringnIsmelaltieenaiuisanelinadesUanainnis
Tnauuutudau (Turbulent flow) AsduTeInIaenay warnsiladaresmaiumels
YuaLanlusziunasnauloslazgauden FeanunsaoSureBawannls faansdumsnsd
2.1 dofinmuRauniveslasad 1S oan e nnenensinen 1wy nSenIay NISAULAY 5o
nsdansAnna gULLUUﬁuaaLﬁ&NﬂamzLU?{auLLUaalﬂaeﬁNﬁﬂ’aé’wﬁ’@ (Pasterkamp et al.,

1997, Loudon, R. G., and Murphy, R. L. H., 1984)

A15197 2.1 wunAndenalnuaanisiindeslan®

GERIRN anwazaAny Tsnfieadios
Crackles A dwdedu q Adredowannde | - Ueadneu
(GENGY FosToutlusag 9 - mazmalaauian (Heart failure)
nOU / - finlagudnlugramnelan - amzdwiuven (Pulmonary
RENIN)) - 1inanvsanadluniawiuniela | edema)

W39NUAVINIAN/Manauiiuly | - N1Izgeauuny (Atelectasis)
g9l s awa L ukazway W | - Isaveaiilawianu (Interstitial
ULz AAELEDIUINGD lung disease)

- MsmisuvedlsalonganuLIas

(COPD exacerbations)




A15197 2.1 wunAsdieanalnuesnisiadaslan* (da)

\Hedan anwaudAgy TsafliAgadios
Wheezes udowadiosndodumuns Bn | - lsaveuiia
(Foerdn) | anmadumelanauag - TsavengaiuFess
- tinledudalutrmnelasen - amglanuman
- fnfinannvaenaurualanyse
NADNANNDEY
Rhonchi ~udewh adedeensy - ma@uma’[,aqmﬁgu
(GIENGER - dinledudnlugraelasen - iapAaNdnLEy (Bronchitis)
ASIAR) _ fnanLaunsseasAanadiy - Yamoniau
maAumelavualng
- tnanassemelunacle
Diminished | - ideaUanuinitung - TsauengaruiFess
(Fesloawun | - eannnsiuaieureseinidanas | - lsaneuiin
a9) viomafumelagaiiu - nmzaniiludeaderiuen

- 91NANNUINIBDINIALULDLED
Viuven
- U9971N1552UNURINARAAISD

AN5VLIYAVBIUBATINA

(Pneumothorax)

- dlugeadeviuton (Pleural
effusion)

- 15AIUMI DNV TIONUUIG
- ANEQIAULNUTULTY (Severe

atelectasis)

Stridor (vae

a %
PINLVAUAT)

- WWudsaurannayeaann
- fdnladutavusiausnuasnaul
(trachea)

1 t:’lj =l a
- U9TNSAULAUVDIMNGLAUMTR
AUVU

- Ae9bPsUNISUSELEIURENLTIAIU

- myddnalantasy
- shUanaeddsssniay
(Epiglottitis)

- A3 (Croup)




A15197 2.1 wunAadianalnuesnisiiadeslan® (sa)

GERIREH anwazdAgy Tsainedas

Pleural Rub | - Wwdeadendanideiudend - evuUandniau (Pleurisy)

(Foudend | SNy - Bevuviladniau (Pericarditis)
voudoriu | - IdBuswmsmnelad waruads | - dilugouderuiile

Jon) melaven

- lngutnusnumuamson Ut

VDAINTNBAN

i *FawUasain Pasterkamp et al. (1997) ikag Loudon and Murphy (1984)

2.1.2  NI5E9HIU N15ASIU wazn1snadeslan

&

=) A a é’ 1 1 g"’ v £

deaeaniindunangludanizgnadsiiuiloven Heviulen uagkianyisen
eugnasIRdumeylaunyd (Stethoscope) niayilsunnduuuiiia (Digital stethoscope)
TIN50 LA I IEL T DU UNAIN LT ALE UL ATNAVDINITAANOUNI BNITNTOIRIN

lassaiansasen fagui 2.2

Bell Irfideash

P

Wugu (Background)

. o v a ) Tiadeeiilaiaund (Heart murmurs)
- Jumadanldiadosnelusianie

- dadssvewila Uen wazanld a5 P
V . Diaphragm Tviidesan1unas
- lilnsynannsn1anIsunmdssninan1sns XS . -
Tailadesiilavazideslanunid

N8 v o | a
Toiadesilainuni

msWadesan (Lung Auscultation)
~ flanaenaseumsmeladuaznela
aaﬂgmmumiﬂaLLUUL{‘JuﬁJzumau
(Stepladder pattern)

- @eoaUanRauni@ (Abnormal lung
sounds)

- \@usUananas (Diminished lung

sounds)

Bronchial ({deaviaenaulveg))

\Eeara wman lAduuSnseuiaenayl (Trachea)

Bronchovesicular ({Fesvinonan-neausaiu)
= o va a ' : = o £
Wesszdunans laBuuiinntesdlasei 1-2 duwihen

UsaaazUn (Scapular region)

Vesicular (idesgeauion)

= S Mya & a &
@oaun ¢ ledwnvsnailevsn

JUN 2.2 dudszneuremilannmg wagsuannsgiudmiunnsiafiades

fun: fauUasan Bohadana, A., Izbicki, G., and Kraman, S. S. (2014)
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a

nsiruamuniainsayillinseuaguusiumseniidfydeiiuaiy

alanevesn1snsiadin Wudeimunddglunisimseiidaimnssy (Rangayyan, R. M.,

v o v

2015) wenanuulunsuuinisussiliudeslanmenisnsiailades Suldadindidgy

v ¥

oun Anududnidovesna UszaunisaluazAmnudeinguesusasuana Audedlu
nsnatauzladitade Wusu lnsansilledyaadinnuduansoldymyiasuniu
davaliminniswauinwinisnisidadelagldaeuiiamesvie (Computer-aided diagnosis)

[ [ 1

wetiueuuingidouazauusiugwesnsussiiiudes
2.1.3  UszmvaadeslonuazdnuaziBennuives SBTTRGY
deslananusaduunidudesslann1izund (Normal lung sounds) wagy
deaennnigRinund (Abnormal lung sounds) tneidsannisRnunifinuves léud deunn
50U 1889in LHBIATAATIAGT LazIFeeninuRanse @ sduius fune1San mue sz Uy
madumelanazddnwasid waauazieninud aniyia (Sarkar, M., Madabhavi, 1.,
Niranjan, N., and Dogra, M., 2015) Lﬁam’m%’maummmmeé’aasmé’zyzymiuimLuunm

waglauiIaIwazANG Aagun 2.3

(a) Normal (b) Wheeze {c) Crackle
1 1
0.5- a5
8 3 \ ] | NG
2 = 3 i T I RE
= = I‘_'I( k‘.’ 1 =
E‘ :1] g ) Wmll }f 2- ; \w M\“I""'n‘\ﬁ‘ﬁ"!'l{“fl* o o
05 05 ' ks "\"I! v J"h" '-'t”l"] |
g 1 2 o 0.5 1 15 2 3% as 1 15 2
Time (Seconds) Time (Seconds) Time (Seconds)

:

(5]
(=]
=]
o

N a 91 ..jnplulad

2000

Frequency (Hz)
™
2
(=]
Frequency (Hz}
Frequency (Hz)
ra
[=]
f =
(=]

=
(=]
=Y
=]
[=]
L=]
-
(=]
(=]
(=]

0

0.5 1 15 2

05 1 15 25 ; 5 1 15
Time (Seconds) Time {Seconds) Time (Seconds)

JUN 2.3 degradeslannnisuniiuazideslannizinung

ﬁuﬂ:BahOLna,NT(2009)
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Feoeslann1igund JesAusenauauindnaglugiauszuias 100 81 600

a 1 A o

1309 vauridsalannneiiauniunssiniiesdusznouanudgatasyiu 1 f 2 Aladsnd 39

<) o {

WuiugiudAyson1smuuadunaunIsnesmud kagnI1siaena e nvadyaLite

<9

TUNUTELANLE 83 (Kompis, M., Pasterkamp, H., and Wodicka, G. R., 2001; Bahoura,
2009) Wenlssandnuwazidedlugnisaianisallse Sndusdesiiansanindyyiasdeslon
Wudygraldasiaunad uasdudeudygyrusuniuandssiala nsedeuluives

$19N"8 wazdedanIndes Yin1TiAsIEidaIa uaAud IU89N1508NRUUAMEN YA

o w |

= 1
HUNUMEIAYADANLEILNTAIUNITLENANULANASTD9LSA (Rangayyan, 2015)

o

v [ % a

2.1.4 TsafiAadasfuszuumadunmelauazanuduiusiuidesen
Tsafiiigataatussuumadiumela nunedadagwile q ludeaiivinliven
Mauiaund laganunsadnnguidawwidala 3 Ussan laua (1) lsamadumela (Airway
diseases) Bsdsuarovioarnie vilvimaiumelaiuriogntu (2) Tsaveuilaievon (Lung

tissue diseases) F9dnanalaas1udadavan vilrvanveelalidui waz (3) 1sAns

v v

luaieuveslon (Lung circulation diseases) Fedinananaonidonlulonuazduiusiunise

[

nsiauvesiila (semerunaungssegs, 2567) luswideil

- o a ~
IANYIA VU ULAYIUDALIND

3 g7}

atuayun1sduunlsaiieatesiussuumaiunelagnulives waraanndoiuwuIng

[ 1

NuATA Uty UsEAsNMuaTuunlsaNdAgy 1w lsadendniau lsareuiin Lazlsa

Uangaiuzess (Jusiu
2.1.4.1 \sadandniay

a a A ! I v & a Yo
39n9NT 031 lsAavanuly L‘U‘L!ﬂ'ﬁ’e)ﬂLﬂU‘UE]QLUE)‘U@G’I“V]W‘UVL@UE]EJ

<

Tagianizlwanian )qee1e waz M 001280 dA1un1um §30995uns99unoliin

Y 9

amunIndoularnIsdediala anmnvedsauualdiiu 2 nau lauwn Yendniauainnisiie

1%
& = a A

Ao Fadusiiniinutosiign lneidelafa Weuuatise wiaides aunsadhduonuasyils
Aansdniauresgianuasiieidolaesou uasUandniauainnsldfinie wWu nisgaans
seAeLAed (U ATu answnllseive) nianatnuABsaIneIuYide oan1sddgy laun led
wune [unthenvgmelaniole T4 nundu dounds wazenainduldoniounio
vioadesau (Isane1u1avngesegs, 2567) luienisiladeslen Jonsniauduiiusiunis

dnlaukavasfanadbugauvIatiiavan dwalvnudssinunfnguideaunnnsay waziia
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mMswasuntamesdanadulauunaiwagainud é?faLﬁumamaﬁmu%’aﬁwmumﬂiﬁfﬁ’ﬁﬁ’aga
\Fuaoniiletiedinnseslsntensniau (Bohadana et al, 2014)
2.1.4.2 \3A%0U%N
Hunnedniaudesweadoymaonauiiutunrulvemasnausde
Asnsedu shliAnensmeladuin wilesveu uaranssanwdenanas Inelsaiynulsl

[

veguausasnsamuatlilionnsiisuld avndfalszneumedadsdundon (s
nonful nsAndomaiumela o1nmbu naalnadou mnueien wiesueie) uay
Hademaiugnssy emsiinutes 1dun Tefauvy uwiunihen melalidy welafidumia
wazwilesveu Taesinidu 9 me 9 udaziansernsvisnasiurdortiiln (smeuiatise
w03, 2567) Tuidednygaundss lsaneufinduiusfun1siuuauremasnaulagni gy

[

AUAIUNIUTIN AU TednnuLdes wheezes Milldnwauzmoldosuaziaululaiuu
Aud FadudnewuzdAyaon19uunA283513 918 uagAud (Sarkar et al, 2015;
Bahoura, 2009)
2.1.4.3 TsavangnnuL3ase

<) 1 (Y] T 1 13 a ada v v

Junqulsavasdniauisessiinulesnaziduanvnnisidedindusiu
fu vasUszrnslan lapanuagdAy Ao aorau Wealeon uaznaonienUsninn1Tontay
demeannislasusfiavieansssmefsatunauiu dmaliasnaudes 9 fuwaunsegn
ganukagliaunsafluaudaninunala Isandnlunguil laun geauldeanes uasvasnay
SNLAVIT03Y Tufvaenaunay JadeidesdAylakinsguums Wugnssy wasuaiuna

= ) a0 oA v a & v oo 4'
pInAvIeNITAUaasAlinewtes 91n1sdnlINaINteE e dldurzunn wideenau wiela
aun wdunten meladlideanda uasdndenaiumelaves (smeiuiatngesegs,
2567) Tuyunesnrsduunandealen lsavanganuiseiealisdiuuidsausdiunaiglse
N = o= v ° & X oo - A g v ° °

weudin Faanuvinmelunisdnwuntsavenaniusesenulsaveuiin Welduuudnaosdun
Ussnmiuunanengulse

v

2.1.5 unasiuvestoua

U

% U

lun1533ell {Iuladenldyntayadsslonainauideses “A dataset of
lung sounds recorded from the chest wall using an electronic stethoscope” & ﬂLmegm

ToyandnvindulaglayilawwnmddidnnsetindlunistuiindesanngUisass yadeyasinarign
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ﬂ’@umLﬁaiaa%’umsﬁmenLLazﬁ’mmé’aﬂa'%ﬁmmqﬁmmsL'%*emi’summ%"aa waslyausshivg
dmfunmsnsidusazdtuunlsaven

Foyagnifususamangitrsaudauisdu 112 918 Usznoudeddid
avnmund uazfUaeiifianufinundvesssuumadumela Tnsnseunqulsaveniiddsy
#un Tsaneuiin Tsauendniau TsndengaiuFess nneiiladuvan Welalulen viaanay
Snuav waznmziluderuon

2.1.5.1 Bmauazdunounisinfuioyasaonsniay

nsiiuteyadesvandnidunisiaeldyilsunnddidnnseindsu

9

Littmann Electronic Stethoscope Model 3200 %ammsﬂﬂuﬁﬂé’ﬁgmmlﬁmLLaza'aﬁﬁa;ﬂalU
Hampufianoskuszuy Bluetooth Tunpunsifiutoyaanunsnasuldsed

1. YMsRyTaunngunsiumianng o vaemtansisen (Chest wall)
Tagsumisdsnangnivualneunndyideawnsy

2. YuiinidsanismiglavesiUiglunsiaziunis lneseeeiiainis
Tufinegszwing 5 89 30 Junfl Fafleamedmiunmsaseuaguedatosnilseureinismela

3. dwiumstufinudazads ﬁmiﬁuﬁﬂ"gﬂugﬂLLUUGIU’Jﬂi@Qﬂ’NiJS
(Filter) AumnAafusIuIu 3 wuv teuwn Bell, Diaphragm ag Extended eLuga9Ad
yoadesiiunnseiy

4. Yoyardvaiiliazgnasludsneniinmesuazdafulugunuuld
Wdeawlla wav HURENAWIS Littmann StethAssist

& & v v a A iAo
el Mswiuteyaywinanizidenon lnelufidngussasrlunis

JUNNLELIITILD

22 MsENAAMENYME

(%
¥ v

nte 2.1 W@eslondudynndinisunvmd Aasy ounaas singuasne1sanIw

D

wosszvumaiumela lnefidnwaglinsfanunan tasvudoudyaiusuniuandesila
AT oUlnITe9T19n1Y Lardsndey virlrnisdnunlsandyyraduadulagnsedl
[ o o (% (% =3 v

1831110 NszvIUNMIaianuanvaeIsunumdAgylunsuUasdyaanuliduiunngs

MlavfinsEsaunaAd Ay YedlIn Lazlderan1siusUewUUTIaDs
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[ '
A o w 1

n1sannAuanyue dUunaun1snseudymyio L inguaudfiaulanasan
TUUIasUNIL N15WUSTE I (Segmentation) 1l 85093UNTIIATIZM UL 94281
(Short-time analysis) Wagn13AuInAd MY Wy duUszdnsielaniuninudiug uay
syiuSmnanilaliunuuanisreInudnyuzdssiTinmduiusiulse
221  nEwSsudyqrniiasesiunsainnuanuns
Feoaeafivhnstufinddainsuniu Selddansesuausiu (Bandpass
filter) 1 0ATRIAUTTNOUAIINE T 1A 3T DIRAZAANANTENUAINT WIS UNIUA BUARR
Adnuny NuATeEldFnsesuaukuLUUT A3 (Butterworth bandpass filter) uaz
fuuailsddugreloululauuninud nefdnuadduilawmes Ny, = 12 uagiivuagu
Audfiaula 120 69 1800 48509 (Pasterkamp et al., 1997; Rangayyan, 2015) @un157
(2.1) uanINIABUALBITWUIATBITIN TR AU UL UTIMeS S suuUANAR L TugY

vl Inglunisnaaesasdldniseanuuuiliu bandpass senudsdadn f, uazanuddings

fH G]’]llﬂﬁ%‘U’]‘Uﬂ’]ﬁa’e}ﬂLLUUﬁQﬂi@Q&J’]MigWU

H(f)= (2.1)

e
H(f) fio flafdunsmavaveadnnudvesiinges
i fio Anudvesdyain (Bsnd)
f, fio Anuddnvesiinges (F5nd)
Ngy A9 BURUTBIAINTIIUALRDILITS

v
U 1 § acs = L%

Wil fansosuauruLUUTAmesL3Ss uﬂmamﬁmimauauaﬂushumuﬁ

3oy Fehwanauiaieuremdsnuluguaruifaulawasilfaadnuusdanadud

Laﬁﬂimwmmsﬁu (Oppenheim, A. V., and Schafer, R. W., 2010; Rangayyan, 2015)
widanandssonazldnei usansaussnaldndilaludicnandu Soi

TnsiAszsiluugnaILaznIsAMEUNASuIAIUMINY (Rangayyan, 2015; Bahoura
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and Pelletier, 2003; Sengupta et al., 2015) wonaNT N1IAUIudUUTEANS LrUanduy
mm?iLuaé’fwﬁ’aaLLU@é’fgapmﬂmWau&szﬁuﬁaé?mﬁ Lﬁ@iﬁlﬁmmamaﬁmmsamwdw
anuaziBunduiauazidnnudluusundesden (L L, Xu, W., Hong, Q., Tong, F., and
Wu, J., 2016; Bahoura, 2009)
222 &ulszAvswianiunnudiwa

Fuszansisvaniunnuiwaifunudnvazidsannduiagusunsaves
annsulutiaandulfeglusudduusydnidnudes nsuiunisUssnaudensdum
annuridsihuniswas)Feiaaandu (Short-Time Fourier Transform: STFT) nnsa
wEaEuRaUnseIRLaLLa (Meldfilter bank) ¥ suuasaeni3iiy (Logarithm) uagn1s
wlassenisudadaledlisewos (Discrete Cosine Transform: DCT) il oliladudszans

UARSY (Rangayyan, 2015; Bahoura and Pelletier, 2003; Sengupta et al., 2015; Li et al,,

2016) aun1sNugIUUeIduUTEANSIwUansuANUDWE Asaunisil (2.2)

m(mﬂj
MFCC(c) = Y log(E(m))cos Tz (2.2)

m=0

1 U a Q‘ U i o e i
MFCC(c) Ao maulszavsidaniumiuiiuaainui ¢
A o oa o a £ o Y - o v v A
C Ao fullvesduussansivlansu lneiluidenanizainusu o Nl

ansauwedifsy ¢=0,1,...,N, -1

= o U a Q‘ U dl QAI & E%
N, Ao uNFNUsEANSwUansuaudaaenlyau
| 1 u U = ‘ﬂl o % dl %
Em AD AMATLTIE Y Iadssluta uALAWaaIAUN m ¥asaIN
HUYARINTDILA
m Ao pullveesinsaaua m=0,1,...,M —1
M AD INUIUFINTBILUANINUA
& Iz A <y A o o v Y] a
log(*) A Mlafduaanisny aldiednaeanisiuiaudiveades

cos(") fe andulaley Fadudrunisvesnisuladaletuuuliseiles
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Y

PUSLANS LW UANSTUAINUD LA TAUMALILANF NS ULEL9UDA 1199910
#1103 uANHLANAYRIAUNATUTENINNGY WU WHeada NindwnuauLagsiaiiesly

gIUAUAUNNI MSoLFsanTauLanTAaTuYduLas TN sIUAs UL asdunau

4%

223  audnvaslawalanasisunsiuasuwlaudaian

v a o

a a a A ' = A A
L@aUanNMERAUNANNNANBULIUABULUAIRINLIIEAN LU LEEIIANUIINg

wilugromnelasen viedeanseuuaniifisdumnnisaldu 9 dadu nsiiunudnyzds

' 2
=

waindagrglinuudiaesiuinisidsunlasvesanasununailafg iy Ingnaluan

|
v fv W =1

YussuAUnila (Delta coefficient) vosduUsza@nsiwUansuanuiwa awnsadiuinndu

©

6 a

BUYNUSTILIAUTEIUAIENARE 1 MENAAUNIN (2.3)

T
z n (Ct+n = Ct—n)

Ac, =1 — (2.3)
2% n?
n=1
\ilo
Ac, fio AauussusunimesdussAviiulaniunuiue o s
LA t
c_t fio AduUsEAvBlansumNiae o s t
T fie SruausuFuteilflunsussanaeyiusidanan
n fio fdnarudmiunmasiuaaan (1=1-T)
t e Avllvaamsuna

AuN137 (2.8) ayRuSIufuaes (Delta-Delta coefficient) YosduUseavsiwUansuauniua

A’c, = A(AC,) (2.4)

= 1 [ 6

Ae ARSI URUARIvRIdNUTEaANSIUanTUAIUIIA ) LsY

a0t
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2.2.4  mMsInguananvasiNaldUuiuLUUINEDY

= YY)

Weldyaaaanuazidtunaudaly Ao NsdnguuuulivinzAuddiuun

a9

Tngfiduunuuuauiy szsudunmlunnmesaudnvue augfidduuniuunisiousids
an wu lasangUsganniiensuupauligdu anunsasudunalunnmeinienmandnuuy

NFILNULIAT-AINUD KIFBLUNSNTEUUSLENTUaRSUANUDLLS

v

PANNIIVNIUVILASIUIgUSEa M 8uUUADUIIaTY (Convolutional

Y

Neural Network: CNN) #danisananuanuusidsauna sy ssnaumeduasuligdudwmiu
SeuiinsearaukuinudnvazaIndeya Tuilsidunseduieiiuaulidigady uag

FUN1559AT (Pooling) LiloanlAvaIRYARALINAUAUNUNURBAULUTUTINYDIF Y QY10

(% '
Y =

unaugAYINY Tuldenlesanysal (Fully connected layer) Yiutinfigguansaumanaz

Pee

—2

U

Y

andulalunisdun Feaglinisseusjuuuuvendsslonandunudulssansiglansy
= aa a a dy

AnudwalulawunaazaNudiysEANEamL NIy

LUINI99UITY e AN AR M Ny aanAa a9 UNITIILUNLIATEUY

MaAumelakuuraIengy kunsdrgusznaunig (1) N13NTesdy1eig AInsaduay

§ ac 1

NAULUUURLADSLISE 87U 120 D9 1800 L1857 dUAU 12 AUaNn1sT (2.1) (2) N156U9

[

fyeruszauredygin 4 39 wuulddouiu (3) nsmuiaduuszansimlansuainud

A7)

v '

WA auaun1sh (2.2) lneauaunisidwes lonisnaweuis (Hamming window) Wagn1s

'
U v U = U § o v

Vudeu 50 Wesidud uay (4) nMsiineuNussudunlsvs eayRussuduass auaunisi

= )

(2.3) way (2.9) Wisdzviounainvosdyyiu Fulusialsznaunine1de9iuaussausnIs

o

1 o w

o v [ < ) A o o = = 1 d'
6UN ﬂa']’ﬂﬂﬂiﬁﬂ miaﬂmmaﬂwmzLﬂumumaumﬂmwwﬂwamﬁymmmﬂa@mlmmwm:u

o

'
v =

NaUardYYIUTUNIUEGS AIUITAYAUNUAIYYARUENYULALNLIZABN1TTEUT VY

JoyaUsevg Wnedudseandgdansunnudiuanasnuaneaeoyiusaual dunuim

'
v W

dAglun1sduaudnyusidsmduiusiulse iy lsadendniau lsavieuiin uavlsnuangn

o [ '
v o v A !

Aue%e TlmsunninesuasdunsudAyindmanouse@nsninn1ssiwun (Rangayyan,

o

2015; Bahoura, 2009; Sengupta et al., 2016)
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23 A3nsiidleginu
2.3.1 lasednguszamiisunuuaauligdy
Tuu%wﬁ'%msﬁﬁaghﬁu NuIUNFyeasdssdIuuiInaIunsadnngule
Hu 2 ngu I wamenisdeudvonaiesuvudaduiildnudnuuzdmtuisuun uay

WUINNNNSIT U ITEnTITLuuTnaeusgui sUkuUaINYeyalnense lnglanizlaseyie

=

Ussanmitenuuuneuligiu daduantaenssuilansiudmivieyaidandd wazanunsn
Uﬁzqﬂﬁﬁ’ué’igzgmﬁmlﬁﬁaLLﬂaaé’fgﬁgmﬁemslﬁagui’[,ugﬂmmmé’ﬂwmz (Feature image)
W aUnlpsunsumALUUaRN 3Tl vieununmdiUszAvSieansuanufiua (O’Shea, K,
and Nash, R., 2015; Piczak, K. J., 2015; Hershey, S., Chaudhuri, S., Ellis, D. P. W.,
Gemmeke, J. F., Jansen, A.,, Moore, R. C,, Plakal, M., Platt, D., Saurous, R. A., Seybold,
B., Slaney, M., and Wilson, K., 2017)

Yoyadoalasssaniidudynaoynsuna Wegnuladlsieglususmuny
awarANd Wy anlaswnsy wiemaaunlnsunsuwuuaani3 iy dyiandeasd
Tassafradsansfidluununaiuaznud dsaenadesfusuiuudunaveslasaiiouszam
Weuuuuaeuligiu iluuudassamsaBeudsuuuuiivsnnguuszununawasaualy
ogiuszansan wnAndanarudunsnauiiddysevinanisadnaudnuaziazng
Uszandldlassneuszamiiensuuneuligiu lnganddedunisduundedauandiinu
athasadlasiismafindnanunsolinadnsiflunusuundesiduounluuasaudy
\d@eaUan (Piczak, 2015; Hershey et al., 2017; Perna, D. and Tagarelli, A, 2019; Zhang, Z,,
Li, H., Zhang, R., Wang, Y., and Guan, C., 2021)

2.3.1.1 nann1svadlasstnelssamiiisuunuunauligdu

TassnsUszaiisanuuneuligdu Jsznoudetdunoulgdu
(Convolutional layer) @sldifnsaswiainesiua (Kemel) aausiudunmiiieAInNagugn
(Dot product) Lazad1aunui Audnwuy uurAndidy Ao n15ideuselanizi (Local
connectivity) waznisldaniiming iy (Weight sharing) bk uuTIaesaIsaiseus
gﬂLLUUﬁLﬁm%ﬂuﬁnmma 9 v0sdunmliageliuszd@nsnn (O’Shea and Nash, 2015) il

iuualidunaduamEndaealf uazimundinges dsaun1sn (2.5)
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khfl kw—l
Y(i-J) :(ZZ X(i+r,j+s)W(r,s) +bnnj (2.5)

r=0 s=0

~
o
2 v o v ° 1 N [ a
X(ij) Ao Ateyatndl a dumia (i, ) Fe1vegluzuresunind
) Y Y Y
AMANWAIY
W (r,s) Ao Anhwvtinveunesiua o dwvds (r,s) lnedlvwn k, xk,
b, Ao Aluneavasrunlszavlutunouligiu
= 1 LS P 19 A o ' ..
Yo j) AB ANASNSULLRUNAMEN YalE iU (i, )
i, j D AUV DINASNSULLHUTIAME N WO
r,s Ao svisunuanieluieesiua

kh wag kw @@ mmqaLLazm'mn”Jf']waqma%mamué’ﬁu

Source layer

5 | 2| 5] 2 [F5

WOHEF kernel
4 3 4 3 4

\ 0 1 Destination layer
4 3 2 1 0
2 1 2
5 ﬁ'\-ﬁ;{_\ 2 | 3
L\ 1 -2 0 ;
2 1 3 1 2

(-1x5)+(0x2)+(1x5)+
(2x4)+(1x3)+(-2x4)+
(Tx4)+(-2x3)+(0x2) = 1

JUT 2.4 MILE0UARSIUAUUBUNALAYNITATUNUTIAMAN WY

1% '
A =

msﬁmumwwawﬁLma'i‘mm%guﬂauhq%’uﬁma&iam’mazLﬁam‘%qwuw
maqmiﬁauiuawmmmLquﬁﬂmé’ﬂwmz TnganizaA1nIsaeu (Stride) wagn1siiuey
(Padding) Fafluasdusznaviiugiuluniseonuutlasstneyssamifisuuuuaoulagiu

Arnsideu mneie szevdnvesnsdeuediva mnainisideud

ANNINTU LADSLUALLADUTALVANUALIUY AINATAINUIUALNUINAIUIUAART VUIALLNUT
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ANSNUULANAY LAaTIEAUNITTOUNUTENI 1INt 1enauligduanas aun1si (2.6)

ANUFUNUSYRIVUIANAaaNSLIlUTN1SIRNYaU

Output size = T =R (2.6)

stride

Ao vunvestayadndn (Input size) ludiAnfiarsan

= U

F A9 VUIAVDIRINTDINIBLADTHUA

S fB ANNSLADUVDIFINTD

stride

Outputsize Ao YW INVBIMAANSNFIAINTUABULITUNTOTUNITTILAY

n1siinveu Wuwellanisiiudisevreudune deuldnisfiugud
(Zero-padding) tiadesnwdeyau3naleuLasAIUANTLIALNUT Anan v LT ANa

| 2 A = | a X
EJEJ’Ni?ﬂLi’JLiJEJ@’J’IiJaﬂ“UENIﬂiQSU’I‘EJLWM%Ju

v

HandunszAu (Active function) MastulATIV18UTLAINAYULUU

9

mouligdu Tofsidunsedunuuliidadunofinanuaiusalunisseu suwuuidudou
laidusn@luddillesesin (Rectified Linear Unit: ReLU) Wuilsddunseduiivasantayminis

a 3 N < = ! < v A a = ! ¥
meldvensifsuduaziiuanuslunisinvedasaiie Wuddenileuiloinyigly

nsiseuiiiatesnmuavantayvinistasgau luuensal (Nair, V., and Hinton, G. E., 2010)

Re LU (Xgey ) =max (0, Xg, ) (2.7)

¥ o ¥

Ao Yeyatdvesilesndusnilnddtesedn

XRe LU U

RelLU(:)  fe endusnaluididesyis
§ & { a a1 Y 3

= s o oy v ) s A o
max (0, X, ) A8 Henduitlinadnsidunudidedunniadesnimiemiumgue

Y 9

waglviradnsviniudunmLilodunmdAINAIAUY
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Fun135ual Idieanifvestoya anadulisionsidousumis

LAzYIEATUANAINTUTOUNTAUIMYBLUUTIAEY lunudsslannisaniifuasnisiiy

o

asaumnadAyinudAY Wewindunanatwaraudivualvgwasidyayiusuniy
lunsdimsiuunvatenguiesldianYugensduund (Softmax) As Meddunseauinldludu
LOIENATDILUUTIA09TUN LilauUasInmasAIAzuuBLdy (logits) Trdunisuanwas

1 1 ' 1 1 I & a1 (- [ =
ﬂ'ﬂJ\IU’ﬁ]SLﬂWUE’NLL@ﬁgﬂQN TaenasI19IANUNE TUTTnuada AU 1 AeaunIsa (2.8)

Py = e—k (2.8)

Ksoft

Z eajsoﬁ

Jsoft=1

A 1 a oA = & v ¢ o A ¢
a, Ao A1aadnveingui k Falunadnsanduieulesauysel

Y

o stlvesngudmune ne k=1,2,...,K_,

=~
o))

Jeot Ao frtidmsunnu ey j=1,2,..., K,
Koo Aa uIungunaunveslyinisdiun
P Ao mnuvzdufiuuuaesinnediteyasglungui k

2.3.1.2 aandnenssuvadlasetiglssamiieunuunaul gty

lassgUszamifiguedn diundssgnaldlunisnsiadanenlsaain

= =

Ty audInIm Fellauanansatunsiteussuluudaiunuazdsiailaogeliusedniam
NUAAsgidesden Aykanat, M., Kilic, O., Kurt, B., and Saryal, . (2017) lalauenisld

lasagdszamiiisnivunauligduae sty (Convolutional Neural Network with Two

a

Layers: CNN-2L) ilunuudrassiiugiunillassasslidudou uaiussansninlunisduun

(%
[

andnenssuvedlasavigszanineuuuuneuligduaeatu
Usgnaumiedunouligdudiuiuassuden lnewiazudenyusenaudleduneuligdu

(Conv2D) dmsuarinandnvuziaiunandeyatingl uastuudndnads (MaxPool2d) e

N1sandAvesdoyalagiiunUnuUNIUADN1SABUAUNUIYBIAMEN YL TRIDINNIY
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[
v v

nszvIunIsRInandeyaszgnuatdunnmesuazdwelududoulesauysal wieviinig

PuunUssianveudeslonlutugaiing

Prediction
Block 1 Block 2
A: ol ;
& B r N 4 Pneumonia
BB = :,
o o 8l
o I~ o I 1 / Normal
S LML, S L) g LB
8 —> =3 l_) 8 —> e —> §“\
| l‘
@© [ L
< = = = 2| 4 corp
| .-
T b Asthma

UM 2.5 andnenssuvedlassigusvamiisnwuunauligtuaedu

(%
Y

JuppuNMsUsEIanateyadunnveuuIaedlasiigUssamiioy

v Ly a

wuumaulgtuaesty Ao AuaNvuzduUsEansgansunudwagnldiduiunudaan,

wazaudvesdnyandes nsTEduyszavdivansuanuiiuasiuiulasssussamiioy
wuuneuligdu elvituuinaesausaBsussuuuuresdsnuiaslassaiadsaunndud
Aeadesfudnuvazidesennnzuniuaznnzinund ielinisieuiiivuiiaenadesiu
wmaAdenouni swideifahlasemieussamidniuuneuhgiudestusnlsifu
LUUSa0981984 (Baseline model) dmiunmssiuunlsnanaudnynzideson iieussidy
UsgAnsnmvosnaifsuidsandefisuiuisnisiiendenisannnadnuny uagddiuun

LUURSLY (Tripathy, R. K., Das, D., Ghose, A., and Ghosh, A., 2022)

2.4  A5n15NULEUD

)=

lasengyszamiieunuuneuligduarduszdnsnmgalunisduundyaandes

NAUAIATUNTY UANITHNIUUNITTIMUNLUUULAET (Single-task classification ) &aajaiiu

a A

RNIZNTRNAIINYNABIYBINITINUN B1avIIinTEUIUMTSEuiaAeflandunnugade

agvieuisudmungnisuennguiiganuiied dewalvuuudiasdiuunliussussuluuida
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adAfilamzinzasiuyateyaiinuinnitnisfeudlasiairadnioawndead sine1ves
ey oudssion
maausunAnoslaoulamefuuuatsau Fsmugulididsiaoudfuny
Baurlefisasfuiinssnunlasiassdynaniunisasndui uazmssuunlsaneuiy
vilvinsBouiiiruannauagivihidumeianismuauanududeureauudiass duwa
‘Lﬁ’léfﬂmé’ﬂwwL%qﬁﬂﬁﬁt,aﬁﬂimw mmzﬁ’uﬁagaLﬁmﬂamﬁ'ﬁmm%’u%auuaxé’fgiy,mwmu
2.4.1 2laaulAABIHUUNANEIIY
solaeulanas (Autoencoder: AE) ulassvnedsvarnifieuwuulidod
thernfu wiemsiSouslaglaiflifaeu (Unsupervised leaming) Miilinguszasivdniiierous
AunuBausls (Latent representation) vastaya lnglikuudtassanunsoairestayandrlv

[y

nauAulalndAefigan1unTEUIUNTWI5WE (Encoder) wagnansa (Decoder) Luafn

ddy Ao maBudaansaumeandeyaiifgeliindennunansiiddn udldununarsiuat
Toyairunduiu dedeliiuuitasaiouslasauneluvestoyals
Tneihlueslmeulanoiusznaudeileddu 2 du léun
1. ddhsita vimihfisasdeyaduns (input data) TUdusunuidausls
2. fhoeasiia vimihfiasisteyaussnamand s
z=¢(v) (2.9)
V=y(z) (2.10)
e
v Ao TayaBUNA
z D FIUNUTIURS
v #io Jeyafignadatulmarndunubeuds
() fie Tlertuvessniinsiia (Encoder function) BaiFeudmsulasieya
dnngusniiausls
w() fio flafduvaasnonsita (Decoder function) FaiSeudnisadisdoya

YSLUUANAUINNG LN ULT LG
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Reconstruction

Encoder |—» Latent | , Decoder |, . ' ' .
Space g

JUN 2.6 eolalaulaines

v
v A a

laidunisgayde (Loss function) 1ud@in@eUsinamldusadiussduniny
AANAIAYEILUUTIADY tnginAnuLANANTEnIATuUTIaeiunelaiuA1asweteya
Hendudananvimtnidunae lunsusuusmsfiwesvetuudiawunszuIung

Seuiuuuldseau (Gradient-based optimization) LitelviFnsgsyideanasetvdeiiiouas

wuuTaesaNnsnesueteyalanuy

polataulamesingUuszasAnanveanisin Ae n1sasieteyadunn Iinduau

a

wlusUvesteyanignasisduludansdunudauns iianulndidesiudeyaiduuiniign

Y

[
v

faty Handunisgayidenliduivinanueainniousenitedeoyadidwazvoyanaing

] A

ndudu TnemildusuuuuiidenlduasldSunmseensuetunsuans fio Arnunaiainden
M&sdouads (Mean Squared Error: MSE) wszduilsdtuifianuseidewasaunsamen
auuslade viliminzauiunlnlassweUseamiisude3sn1sunsnseanedaundy
(Backpropagation) T lnuiuainunainiad susuinlnggendinanunainaiad ouruiaén
a'qwa“lﬁl,mmi’ﬂaaawﬂ’ﬁﬂﬁﬁauiéﬁLmuL%qLLchﬁ%’ﬂmIﬂsﬂaﬁ”Nﬁwﬁ’ayuaaé’agzymlé’ﬁ il
AnssnzaniuteyasUSinamuusdeiiles
nslirnsandsannisasinduuiiades il uudnassldaiunsays
Souflanzaudnvazitionssuuniiissegiaion wisndufoufuinmansaumneds
Tassafrvesdygrandsslenlilusunudals dealilinndnvusiddniidauaios
wazimnzausansthluldsmiunudu wu mssuunlsanienssuinansnuludusey

dald
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aunsaAtuNsaLdsaINNITasNtayanauAL (Reconstruction loss) A

AN (2.11)

1 Nrecon . 2
Lrecon :( Z Xjrecon - Xjrecon (2'11)
Nrecon ) jreeon=1
=
e
= 1 & = b ¥ v A
L recon Ao Afleitunsgadsainnisasisloyanduau
Nrecon A9 TIUIUFIDNTUATIINLA
Y
i D LINMDITOLAVDIIRENAFUN ]
% Ao LINWBTBYaNATIINAUALYETBYAMBEAIUN

I Ao AuesuLUUEAGR (Euclidean norm)

N3 BUsLUUTA8NY buImeilikuuiiaesieuiinnnimileingussasd

wiounu Iaglusunusin (Shared representation) [ialinn15a18loUATEUNATZNIN

[

uYIanlanIa@n1Tseusiiy uasiiuanuaisalunsussgnddudeyalui Tuusunvas

Y

o

deyrasdnnin nsldnsiseuivaneulaNUEIE AN 1B Yo AT Y IMTUNIUG AL

Y

Y

ANUWUTUTIUTENINUAAR

Latest Space

T
Input Feature extraction Multi-task estimation

JUN 2.7 MsiSgusuuunateny
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aalaulamasiuuratsulduniIsveswAnealaeulamas a5
ag1apranInunsouy laun un1sasenduAuvestaya wazaun1sTkunUszian
1ASIAS 19N NUTENBUAIY HAV1SVETIN kazdia1u (Task heads) Wend@1nSUAIDDATIE

wazAIduun (Classifier head) Adnsiaviminiasisiunusiu z gegnldnslunisaiia

V uagn1svinengy U @unisn1syinunenausidikun aeaunisi (2.12)

G=h (z) (2.12)
k)
u Ae Ungiiuasevedoya
~ P & | I i | Ay v °
a Ao LNwosALUIzluYeIwiasNgulaINN1SIIWNY
h(-) Ao HaNTUAIIUN

dmfunuduunrangngu Wi sidunisgyideiuuaseaioulnst (Cross

entropy loss) {ufinanuminyauvesnIsyiuieg

LCIaSS L § Z ykclass lOg(ykclaSS) (213)
Kelass =1
o

A 1 & a ] U o

W Ae AlaAdunsgydedmsunudLunUTEIanN

K s AB IUIUNGUIMUAVBINTIHUA
Ao frtivpsngunisaun lag k. =1,2,...,K

class ] class 205 T class

Vi Aa AU1eMAUTVRINENN Ky,

A P { 1 I a o o o o oA

Y\ AD AIANUILTUNLUUIIADIVUITEINTUNGNN Ky,

class

wnAaflendunsgeyidevetoalniaulanashuUnaIe9IU A N13TINAIAIY
goydevesisgasnudinieiu ielinsiSeusvesiudsiagniiualeidivanes (Dual

objectives) @un15TINAINNTANE (Total loss) faaunIsi (2.14)
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Ltotal = I—recon + Lclass (2'14)
~
o
= 6 o a o [
Loca Ao afdunisgayidesiuvesuuuinasseslaeulamesiuunangay
L econ Ao Mandunisayidearnnisasesdeyanauau
Lo Ao aitunisgeydedmsunisdnuiun

a

ibiuuudnaessnulassasiavesdyyiuuazannisagy.de

o

A15574 L

recon

=

ansawne vned L, vliduwnudadedainuaiuisanissiuunlddd el nndeu iy
Funudandsdsfiunlindugadnvadedniiatosnnninstinieduunegiaien g
aenndetuthmnevesnunsiulsaandeends oy s uNIULAEANWUTUTING
242 wuudaadlauia
Tuusunvesmsioudvesias esuazn19iiousidedn nseeniuusEUURd
unumliiusiaresdusznevimihilufsfiodauazidendedudunszuiunaiien eads
amﬂaizmwﬂmmwmﬂﬁaLLVIUGZ’JJEJquja (Data representation) WAZAUANTAYDIVOULYANTS

sindula (Decision boundary) TnsuvuirasadsdnansaSouifumuidaursiidioanai
fudou wardygusuniunesdoya vuziimsuunuuuiuiu Tnslensfsuunuuuia
58390V (Margin-based classifier) @unsaruunveulwnnisdaduladidiadosninuasd
auanansalum sl Teldiuseuvesuimanuulauielunsdiiyndoyadmiunisin

v Y [ Y d'

f31mudaia teinnsiseuiananwusdEnteLUasteyafunidag i dudunui

a 1

nsrdunazdianuving dewalvimdiunansaiinuliegidivszdnsnm lnglideaious
W dmesduunn SsasanaiuidsivesnsiTouiiiu Wumiaiissveanisdndula
LLazLé"yaﬁlﬁ’igUuﬁmmmumum'aﬁ’zyfyﬂmiuﬂ’guﬂwiéfﬁﬂ’aa"ﬂﬁ’mﬁmsﬁayja (Bengio, Y.,
Courville, A., and Vincent, P., 2013; Goodfellow, I., Bengio, Y., and Courville, A., 2016;
LeCun, Y., Bengio, Y., and Hinton, G., 2015)

dmiunuidell wndnlausagninunldlususuuiiumundedn maunauiu

LY

A9 UNLUUTEEEU0U LnelioalntaulAmes WUURAIEIUTINAT LS JUS AN ULT IR 99

Y

595UNINUNNTATINAUALLAE LN TTMUNHIUNSBUIA189W Anduthdunululy

v v I~

Audnnesaanmeosuusdududidwuntuaainewududenlesauysal wann1sd1dy fe
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(%
val U

denadnvaurildneslmeulawefuuunasauiinsuennguddasaildfgu dnmede
nnmesurdutiofouuAnnisiiusyezveugsgraztisdumlsofinauiianzauuas
inanuandavesnsindula Tnsannglunsdranafiddnuaslndidssiudmulsvesly
ToyaldgIUanlazIFyIMNINITUNNE (Caruana, R., 1997; Cortes, C., and Vapnik, V.,
1995)

Fathy LLuamﬂlaU%miumuﬁﬁ’aﬁﬁqLflumsaamwm%qszuuﬁﬁmeaﬁaﬁu
2613709 InealnoulAnaTHUUNAIE9IUYTIVENTEAUAMAINKAL A UENETUBIRIUNY
Aadnuway vgfidnweannnefuusduthesnssdunalnnsdedulalvfianueutauas
auanansatunsiilgdy dwalinseuumnAnnsvihnuimiussniteslaoulaines
wuunasnuiuiwmenanmesusdu Stneamlumaisinnuudusuageuause
lunsuszgnaldnusinelitedninvesteyaidemienisunme

Funosnnnmesunsiu luisnsseudveanieauuuiifasu Adqamusy

n139uuUnUszLn lnge dendnni1siiiusesrvouTEninangudoy Al eas19veulnng

v
v A wvaa o s s

dadulaifiadiosnin auandAdvilidwmesninnesunsdugninuldegaunsnanely
wmauvuiaedleuiasiuiuiuudiaeadedn mzanmsavhauldfuuyagadnuuei
rumsadavdelieuiud uilunsainsuuteyaiindldrinvsedeyaiiias

Tunsal 993 a8 Ldy (Linearly separable) 3gv1aunislaivasinay
(Hyperplane) flnzauiigaiausndeyaaeends wnAnysadineansuaznssouives

5 d‘ = d’lj a = e v [ [ 1 a a aa
LAIDIN YUY ‘W‘LJN’JV?E]GUE]‘UL‘UGWISLSULLU\“IGU@?;JJaEJ@ﬂLUUﬂE}M 1‘14'1.]3{]11‘1/1@’18&19]

W e, =0 (2.15)
il
W, fio nwesehmtnueslawosinan
X, AD LINWoIANENYMYYRIlRYa
b, Ao Arpil

(%

LWIRRYDITTEZIRUNINTIAN tnedesn1silivwinveanmesivinianiige

aelaeulunisuennguiignaes Aeaunisn (2.16)
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(1 2
mm(— Hwh sty (w;fansp“ex +b, )21 (2.16)
2 v q v q v
A
e
W, Av nawesAUmtnveslawesinay
yp
Y, Ae Ureiiuasavesiiedednui q tnedld1egluen {—1,+1}

dmiunsaimsTwunaaIngy

X AD LINLADIANENUALYRIRIBENERUTN g
b, AD ANANY]

Ao AUBTULUVLATATBIINMDTUIVIIN

yp

ranspose

seuly vy, (WI X, +b, )21 T ualidoyann@iog9gnILUNEN
v P oo Y

ONABY UALDYUUNTDNBUBNIHUSYEEURY

4

Tun1eufua Teyaluamisavenlaanysaldanusanusnoudu (Slack

Y Y

'
1 ¥ a o v v a

variables) iitgliluuinaesdiavgunegatayaniudouniy uazgaiuaualenines c,

AUNITUNOTALINIDTUNTTURVULINANNFIU (Soft-margin SVM)

1 2 < Trans
. pose
min (EJHW% +Cy Z Y, (Whyp Xg 0, ) >1-¢,,,6,20 (2.17)
sv=1
e
W, Ao LNwesAUMmtnvadlawasway
Y., A nanniudsevasdiadnsainun svinedirregluen {—1,+1}

dmsunsaimsTwunaangy

X, AB LINWBTAMANYMEYDIFIDENENUN SV
b, A9 AT
yp
Ny Ao IR Tayaavin
g, Ao AuUINOURUYBIRIRENAAUT | TdiRszaunsazidintouly

WYLVU
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Coun AD MTTWBIAIVANNITLANUABUTENTNAUNTINVBITEE VDU
WAZAUEANAINIINNITILUN
2 = o U 1 [ a I3 96’ U
Hwh AB ANAIEBIVBIAUDINLUUYATATBIINIABS LN
yp

Wwasiuakardunesannwesiuvludmsuteyaliladu wenUaoyaain

Unlinuauludalsniinuenlandulaglifesduiunisuiasegiesdnia dadudndulaves

Y

dnnaiannnesiuedu luguuuuninie Aseun1si (2.18)

Ngata
f(Xpre) = sign(dz; g 7gQ(Xy, X ) + bmodel] (2.18)
\ile
f (Xpre) Ao flaiduinduladmivnsduunnguvesioyadietie x,
a, fio AduUszAvsanmsuidamlusunine
74 fio thefiuaSsesiedsdwud d lnefimeglun {—1, +1}
X4 fio nwesRadNYAzvseEE U d Tuyedeyaiin
Xore fio e sRadn vz vsToyafeE s IdeINTYIE
b, e Ao ArAsTivesuuuTans
Nyata Ch) ﬁi’wmuéf’mejﬂﬁayjaﬁy’wm

Q(%s, Xye)  AB eAtumesiuafiliinnnuadeaiaszninediiegn x, uag X

pre

sign() Ao TATUAMUANGUNAENEIINATBININETBIANAIWINLA

WMBSLUANLY Ao LABSallanTuLsLAea (Radial Basis Function: RBF kernel)

[

Fadlanumsnzauiudeyadyyindinnidianulidadus

SR U

Qs Xp) =507 s X (219)

y  f9 mailnesiniuaumuniuetaaiiug



31

o

NTDTITAVBILUUTIADNTIFNN Y WU UNITTIUNLNEIDE19LA LT kAL

£
[y

FnenmvesnsFouinarsnuitueslaeuldnnatsny nuidediwausuuimadsaany
ToAY0INTTEUHUNULTURLazn sAndulaku v SIuaeiu Iaediuufandn loun
Heslmoulamesuvuvatsnuiioieuiiunuduls f3nwlasaiwesdoyadomen
HIUIUNNTATINTUAY NIRuAUESHANEANNTaluNTI U NN RN UTEIAN Uagld
dunesannmesuurduduiduundugaiowududelesanysaivedasee oy
iafpsnmvaanssuun Tnsamnzlunsafiteyaiidwiuiiauasidnvaslidadu duny
Bawrlsitldaneslaeulamefuuunatsnuaunsaeadugadnvu ddniiouilngnss
nndeyaderon MntuiailUlddudunvesdnmosannmesiurduiionuusveuias

nsandulaluusglivessiunugawsls daandluaunisn (2.20)

f(2)= sign(fadde(xd,xp,e)+bm0de|] (2.20)

d=1

Tagluaunisi (2.20) AIFMUNTNNDTALINABT UUTTU YINIUVULINLADS
NN unun1vuuudeladunalagnse deielinisinduliendeaudnuned

fRuarlaseaiiuningausion smveulnnisiindulanuuszeyrinegegn

2.5  UsvAias5eunssy

MMNTMUMUenaskazAfeiiAsadesiunsenadulsassvumaiumels
Mndsslon Nusnidseluaunidinsinwedeedes walusunsusvananadoyin
mMsafingadnwaly lazuuysasinsiiousvennies lnsanusadnnguuuimsiidfga
Srvnugdsns loun uwmeitedumsaingaisnuaesmiunisouivouriesuuudaiy
spenuuuiuudyana 1wy Andnvazinalazaud wazandy udlddduunly
Mswennguides n33euidsdnuuudunisialatenis (End-to-end deep leaming) ilsk
WUUTnaesEuITULUU AR INIwnudy s Wy anlasunsy viseaindyauiulaense
dWoriudnenmlunisdiuun uazuumeiiFunaiunsiousideiunu (Representation

o Aa o o

learning) #3an15i3BUsILULUMAIE9IU Liteseasudedninvesdeyaintemduniidiuiudiie

LAZLTIAUNUNIUYBILUUTIAB I AUKUTUTINVRITOYA LuImunaildigensediu
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ANTIOULVOITTUURE NN TBE ALY ﬂ’]‘lJ’JQEJU’Nﬁ’J‘HENWUGUBR‘I’mﬂLﬂEJ’JﬂUﬂ’J’WiJIﬂJﬁ&JﬂaSU@\‘I

foya luihteseluisniausmsusimihssunssulnedaBomunauuuimsianan el

Y

[y

gy dednin uardsaiufitlugmatmuaunfnvssemided

Bahoura and Pelletier (2003) Anwilaynisasinduidssinanidesamels Fadu
Feannzinundfiidnvuglinsiuazgnsumusedyanusuniugs nuideiauenisly
AudnwazdusUaniu fulszansisvansunufiuainduissuunuuunsmeulndids
NABS (Vector Quantization: VQ) 1 auenidsaninesnainidssn1izund laevinnns
WisuisuiuauanwarUsziandy 1wy amsudasi3esuuuisa (Fast Fourier Transform:
FFT) wagn st siaidanensalidadu (Linear Predictive Coding: LPC) 91ARANISNAASS

'
ad al =

Wy 3EldduUsEAnsisdanuanuiualiszansnmgand Tnefidianugndeaninnid
90 wWesidud afeufiuizau muideildlidiuienumnsauremudnuundadnnsy
dmsumsinsgiidsaen uiindsdadaeginissuunuuvasnguuazldnisesnuuy
AANvaElaLUAAA

Sengupta et al. (2015) sjs@nwilyvnaulsiiafiosvesnsduundeendaingin
FyaunausunIuazAUUTUTILYaNEEY WA sTeuiisunudnwuzdugansy
vanewin I duussansigvansunnuiua, Aduusyansiwlansunnudidadu (Linear
Frequency Cepstral Coefficients: LFCQ), Aduussans wiansuainnisnensaiid i
(Linear Predictive Cepstral Coefficients: LPCC) uazAduusyansiulansuainnisnensel
LG@QL%ULG&?&ﬂWi%’Ui (Perceptual Linear Prediction Cepstral Coefficients: PLPCC) waz 14
1Assneyszamfisunuuianesiisa (Feedforward Neural Network: FNN) tudasdiuun
TeyanaalIznaumetdsilanuTziangng o 1wy Lﬁmmwﬂﬂa WFanIn wagideaunn
nsev HaNIvaaedlUsEAVSIEYan UM LAl ivan s uunAfian TnedArnugnees
111091 92 Wesidud wazdanuliaidosnnsfinUnafidvseansan uandliidiuunum
dguosnsidenqudnvarivngausoussansnmyssnssuundesen

Li et al. (2016) t@uatuImnensiuunidsslonlasdnludfnislaaninwinaauaiy
s’?aﬁﬁﬂwmzL%aLaaﬂLLazé’fgzgmsumuqa UITBUNAUDITAITUVUNAN TN 1ATIU8
Uszamiiunid9an (Deep Neural Network: DNN) wazkuud1ae9u15aandaiay (Hidden
Markov Model: HMM) Tagléduszavdisuaniuanuiwaidudun waglilaseioszam

Wigsdednifiausranaaianuuiagiduresaniuglunuudianaunsaengdaiay nanns
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yneapsnuisdliUsAnsnmasninBuuudaesninenddanuildnisauinmddeu
oehafidedndny Inelianugniesatunazandnmanuiianannas suduandiifudnenin
Y9INIHA UM TR FN UL UUTIRe sl AU lunulaseidssen

Chambres, G., Hanna, P., and Desainte-Catherine, M. (2018) H a0 UnnINIg
andulannideslenlussdusounismela (Cycle-level) ovliiagviouanusvagUaeld
pgemiay NITEInauanIsnTRTugthelsamaiumelasienisdnaulalusyaugUae
(Patient-level decision) lngsaunadnrangseun1smelavesillieseiediu Yeyannass
195 uteya ICBHI nan1maassuansInisdndulalusedudUisdaiud1aula
(Sensitivity) kagA21uTILNY (Specificity) ag1slitodAgy muiﬁuéﬁwmmﬁﬁaﬂaami
ayUnalusziuiihefielvaenadosiunsldiuatamsaadn

Perna and Tagarelli (2019) Anwan1snsiradulsaniaiumelaainidesdaeldnig
Boufidedn ieuddodiavosiimatudufufifienmIsenuuunudnuvaedieiie 1uids
wuon1slATngUsramiienidenouligtul uunBseusdsEnkuuAunIsiislatenis lng
Tisunudyanadulamunaazanuiiludunn uaginisussiiuvugudoyaidesen
UIATFIU HANNTNAADS WUIWLINISoUIBEnIUTzANE LT efind138nns
Foufvounieauudniy suiuansdsdnenimuedlaseelsramiiioundaeulgdy
dmsumsinsziideaUan

Zhang et al. (2021) namfispnuvimevesnissuundesondudennziaunfioz
Aadulutisnarduiagdauuanieszainng ulidaay euiteauenislilassie
Ussamidisuuuuasubadusmiunalnanuaulalagldmaaunlnsunsnduduns ety
Nl Banauaranuafia S0y Nan1INRaeswanILUUSIaeiildliUsEAnEannnssuund
FninlasstneUszamiismisnoulpdunuusady Taseniglunssuundeinngiaung
wamslsiiiuunymvssandnensslumsiinasauisavesuuuitaesnsSeudidsdn

Engin, M., Engin, A. Z., Senol, Y., Memis, S., Yildinm, A., and Kafali, H. (2022) taug
sruudnludfdmiunissuunideseniinutuneumnnaduseunamelaasnissuun
Foaddheiu szuulinisatanadnvazanlamunauasnud wu duszansiedansy
mwdlua uaznsiiisviadmennsalidadu wdnihnsiuundoslonvanengy loun des

A1ILUNG LEABIATAATIAG WALLALILANNTOU NaN8UILLNN INNANISNAABISEUUTLAUD LN

£%
=

ANANLQNABIGNER 90.63 WWasidus uasilAiunldlaa (Area Under the Curve: AUC) 1ade
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Y v o

0.94 uandliiuAud1AyUeINITTINNTEUIUNTUsTINaRad I and 1 AUn sTmundes
Uoanuuudnlulf
Xia, Y., Han, J., and Mascolo, C. (2022) dauaunadudsvimiingiiun1snsianm
nsaslsamaiiumelanndygaudes lngaseupquzuteya I5n15UsERIanadygyIn uae
a a % -:4' = Y o = o A 29 v 2 °
wallan1siseuivednIaazn1ieudiddnildlunuiniuun diruinnudiuumn
euAInNNgnaedlusEiuas uidinsusautdymanulilaunavestoya Anuaiunsaty
a v o c o v a & o v o & A 1% (%
n1sesuIeNaans wavn 15U lUlguese uiirihnduninsiufasviounnuvinmenas
#enandeluswianveinsinseidesan
Soni, N., Chowdhury, A., Bhatia, M., and Chakrabarti, I. (2022) ﬁﬂmﬂﬁymmimm
waawtayaniimsfathefmivlunuliesgiideslon lnsausuuininsiseuivuulidedld
Unemiuaiewmaiianisiseusiuuiuieusng (Contrastive leaming) tielsauiMiunudeoya
ey udes I5nslddeyan1enddniiefuna Tl auINLALIAY HANITNAGDY
WIS BuskuUiiuaues (Selfsupervised learning) NiaueaNNTaUsUUS

= o w

Uszandnnvasn1sdwunluduaulaiaun (Downstream task) tegnsiitedAgy Insaniy

A

lunsdifiteyafintramduiiissdudes wandbiiudnanmvesnisiseudfunudeya
dwsunmsiieseideslonnielatedninvedeya

Hassan, U., Singhal, A., and Chaudhary, P. (2024) uge EasyNet Fadulasene
Uszamiieudadnidlassasieseudedwsunmsdwunidsseon lnseanuuuliiseuiann
[ a a (% I~ a (v [ v =l
doyrandsslonnuuivlpgnsadaelifeudanduaunlasunsuvieainananuneiieie
N1SNARBIATOUARNNITIUNLUUABING N WUUNAIENRY kazuuuratedreninu uu
guteyaiduslanuaieyn nanisvaaesansliiiuiwuuinaesiduauslirinugnsios

) v leJy Y & 1 ) Qlld % (Y] % v

anuly wazaudunglussiuge nuidlinuiivuieedmiilasaidlidudeuaunsaly
Useansnmiiwtatulalunisimsigmagslon

AMNN5USVALITIUATTUNUIN U ETIUIULINATUITONAUILUUIIADLND
Fezidsslanlaegnaliuseansnnnnglakeaulun1smeasdwuLee walllaNasuT9En
Fenuuseinuniraulavansaiu Tawn anuwlsusiuresdyauanunastufinlazang
wnaeufuanaeiy anuliaunavesteyaddinanoninuliveinisnsiadunguiaund
#a0nUAMUINTUTUNITAINUAT UMD UUTLLIUNA I AL o UNTSIHIURS T TA8LaN1Zn1T

PONLUUNTEUIUNTATEUTBYA NIFAMUANITITNDT LU sy Yedeyeyrad saun1smela
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[ v I~ % dyu PN ~ a o dy
Wuau N8N TR NI duN Uil UANNAINNTVIILUUINEDY UBNAINT LU
Aananagenansliiiiuninud A yuean1sisaug awnud Yy 1T A azn1509nkUY

annUnenssuiiaunsaiduaisaunadiyvendessnzinunils daduladeninane

UL ANSNNLALANULTDDD
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Unn 3
ad o = = o
I9N1IATLUUNIFIVEY
YauaseazidunseidsuiIzITenastunaunN1sInasIwesulTung 1y
SYUU 85 UNUNTLUIUNITIDNLUULALNISWAUILUUIIADIN UNLEAUD SINDIITNTUTLLNU

UszanSamvesiuudiasslunisnsiadulsavenlaslddygrandvsainlenctulaseding

Uszamiyigudniuunalgay

3.1 Yadayauaznisinseudyyiaudesuan

¥

3.1.1 Yavayardelan

9 U
nuTeilldyndeyaideslanaingrutayanineunsaisisuy (Fraiwan, M.,
Fraiwan, L., Khassawneh, B., and Ibnian, A. A., 2021) s1udeyaniddmsuaudiiunides

4

Jon duduyndoyaiinisiiutagaainlsane1uia King Abdullah University Hospital
! v Gi,jjy

(KAUH) agdlsfinnu anideilident 1@ KAUH Tumsvaasaiiedsuifiulszdnsnmues
FBnnsitiaue wselinnumnzauienismasssuuumsnsageulyiuuiidin lnouen
18YAAa (Subject-independent fivefold cross-validation) LWi’lﬂuLLﬁiazﬂﬁijiﬂﬁﬁf’lu’m
p1@adATHINNIN 4 518 (Unf, Tsaraudin, lsalandniay, Iﬁﬂﬂamqﬂﬁuﬁa%’q) JVUTEY
sensuisdtoyalaevanidsinsusluresieyayanaiieniuszninsyaiinuasyavaaey
N13NAaRIUNTUNYATRYaa151TME Leln13IANaURdTINANENTE
gunn 4 nau laua Agun1zUnd 35 518 lsaneuiia 32 518 lsalandniau 5 91e uazlsn
Janganulioss 9 318 dyniadesUongniuiind arui nsgudaegae 4 Aladnd
FgaBuAsEIINTAENs (YI907y wazdndiume) ﬂuﬁy’ﬁwmué’mmmwé’amiu,u'ﬂszm

Fyayned AeR9199 3.1
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M1397 3.1 Yoyauszynsveenauiieg 199 nNgIuteya KAUH

MU . T GIRTRIEER
. . 429918 LA o
NHUADEN RRGRGHEE - ING P!
@) (WeYs, ¥18) . .
(Aw) (*MuUUdYYIN)
AMzUNA 35 18-81 | wya 11, W8 24 415 (105)
15AnOUHR 32 12-72 | a8 17, ¥1e 15 357 (96)
lsadamsniau 5 36-70 | WeYs 2, ¥18 3 66 (15)
lsadanganuisess 9 42-76 | e 1, 918 8 102 (27)

£y [ o [ = 4 Ly ..
e *favlurnduuansdnuiudygadssusnauatu (Original lung sounds)

ﬂﬁiLﬁUsﬁa%aﬁ’lLﬁumiﬁ King Abdullah University Hospital Usgineaasuau
Tngldyilaunnddiannsetind 3M™ Littrnann® Electronic Stethoscope model 3200 101

aunsalnanlunisduiindeslen ’eJ‘UﬂiﬂJﬂ\‘]ﬂa’]’Jﬁ’]ﬁJ’]iﬂU‘UVlﬂLﬂEJ\‘i"U’]ﬂi’Nﬂ’]EJNU’JEJLLa”ﬁQ

Vo v

Foualudneniinmoiniu Bluetooth adaptor a1t ui3deldaonduag 3M™ Littmann®

Y Y

StethAssist Visualization Software lunasfsdeyaidssainniigaiudnvesyilawnnduas

dewanlwddedlusuuuy wav

a

Tuprstuiindes wnmdiigeasdud 19y isunng uusunesng o veq

= 1

Wiansaven Tnesundsiigdunndesdadlagnimualiviieuiuynausuunes widueg
funisusziukaznisnsiniiadevesunvdluudaznsd sunmbinmsiiudesgnszyuduien
Y9INTIBN WA ATUNTILAEAUMEIVDINTINEN AUFIBUAEATLYIT TINTIUTIMEIUUY
dIUNANN LAZEIUAIIYDINTIIBN NTTEYMWNLUIRINAITANAIARY e ndesUand
Guiinlaeaunnmsiiunuiunisuesloniaranvazvesmesanmlugisusiagsne

= o = o o | N a PR

Ao Tuinane s isaes1eiiaueUsrnn 5-30 Jundl Fau
sragaiisanadmsuaseunguegsteenilasountsmela agslsfinnu uneuduatu
seuldladnsimunssegiantuiitunsduiinidessgiansinde Weannistuiiniueg
Aun1InTIIvesnduadednnnvetsgunsal lngszesiiangeanveslndidesgndninain

ca & a el =

AuEInsaveilsunmgdiannsetindnldlunisfing

g Feslugadoyagndseendulnd .wav aglddinsesaiud 3 sUuuy

1sun Bell mode, Diaphragm mode Wag Extended mode ImaLmawﬁ’amaaﬁqmamﬂ’mu
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Maitiugaeaudvendesnnsieiy Bell mode WiudesAinudsn Diaphragm mode v
Foslursarudiivmngfumsitadosonsiniu way Extended mode AsoUARNYIAAA
finhanasdiudedutainats madlndidsndinsomisamgiuuutaeliannsaiifoys
TWengiuisuiisunavestsanuideussansamussuudians vieidenldiinsesd
wngauiuingusyasiuainsiiasisila

Yatoyadiuszneusiglid data annotation.xlsx Beszydeyalsznauvedus

12 | =<

agdegne laud 91y e n13Itadelse slinvenduslen waziuruiuindeauunsisen

v
a

Poyawantignidiludeyamiulunsivnsikazasiuwuudnassdwundssnndeslannie

Y

[
v 1

lsAsguumaiumels Ml Jeyaiiwewnslifiveyaiianunsassydinuvesfidisiulalaensy

Y

wazns uteyaldsuni1soud@aInAmeNIsNNITITESIIUNITITEUBS King Abdullah
University Hospital Wiz Jordan University of Science and Technology
3.1.2  NansENdygIauasnIThUededy I

WowIsutayadniunIssauivesuuTas dyaadealantunsazivg

¥ v

gnudseendudredygramentisisianuulidiudeu (Non-overlapping window) lag
fmuapauenIvieaingy 4 Suadl eadenanildunannisaaeswesedded daflaana
aenmdatuwuinislurideneuni Aldnsudsdyarasedumansiui Lﬁamamqm
dnwardenatinveadeausn (Abdulhameed, M. F., Al-Zubaidi, A. S., Mohammed, M. A,
and Al-Hayani, A. A., 2020; Rocha, B. M., Filos, D., Mendes, L., Vogiatzis, I., Perantoni,
E.,Kaimakamis, E., Natsiavas, P., Jaume-i-Capo, A., and Paiva, R. P., 2020)
NAINNITLUITNAYYIUALRUIAI1IAIUE 4 TUIT NI5LENAINED
wiene 4 Jundl Buaruszivszususzninanisaseunguanuaz@erddnveadssvenly
seausounsmela waznseuAuI st sauden 1 sEnkuuTIaes (Chambres et
al,, 2018; Rangayyan, 2015) yillad1uaumsuunnsraduluusazngulse dafiagulily
5197 3.1 InengunnzunAddnnumsumniign $1uru 415 wisu Jeyaildlunisdnu
lasnanuiudeyadymyrandssvenduatuinuiu 105 uily sesaeun Ae nqulsArauiin

113U 357 153 910 96 wilu nulsAvangAnusess 91uaU 102 s 910 27 wily wag

naulsalandniau 97uIU 66 sH 910 15 Wiy AINEIAU AULANFIIUBITIUIULNTY
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Ay

szminangulsasansiadnuazeuliaunavesteya Jadudeduddgiiseaiuionsanly
N1509NLUUNISHN waN1sUsEluUsEansnnvesuudness

3.1.3  n1sdansdeyaliauna

¥ a v 4 1

yoadoyadssvanildlunuideiidanvuziudayaluauna (Imbalanced

9 Y Y

dataset) osnnduiudeyaluwsazngulsainnuuansiaiu Meluseauduueiaiadas

[y

uruuiludeyaides wasduugndyarunlandninnisiueya lngauideinasan

nssuunlsavensendu 4 ngu laun anazund lsavieuiin lsavansniau wazlsadangn

£

fuFess Fangruteya KAUH nuidwiuenanasasvesusazngalaivindu Tnenguans
Unfiuaglsaneuiindsiuusegiannningulsavondsniauuaslsnongaiuiedsegng
datau gruteyaruatulsznaumeenaalinsnguund 35 91 lsaveuiia 32 918 lsaven
§niau 5 318 uarlsntenganuiiess 9 11y Geasfieuliiuingndoyadnnanszaiedaves
Sruusegdlivhiududssduumssdayaduady

ANUNAIINNITLAT BUF YR ULazNITLUIT T rudes Tayadi 14y

v Y

= L% a o % 1 [} 1 = a o
ANSANBTIAININUIUA D8l ULA A NANLANANINY Imaﬂquiﬁwauwummu 357 s

9

v a o

210 96 wily ngulsAvaARAN LTSI 102 w5y 310 27 wily uaznaulsavansniaudl

U9 66 SN 910 15 wily AUBANEITaITILIMNSLsTHINNgUlsadinanteidulade

[ 1 a 1

d1AN919d AR BNTLUIUNITEEUIVOILUUTIARY LB NLUUIIaeIealiudldusou;
anuaurvaINguiTwIuteyannnIlafningundduiuteyatoanin
Turuadeildlaldisnisusuaunadeyalnenss W Mstiinduiuteyasie

n13du%7 (Oversampling) N15an31UINTBLAIINNGNNTLINNTT (Undersampling) 138n13

sala o

asretayadunzi ilesndeyadeslondudoyatnsundiddnvazanzvosusas

yAnakazaaylse mMIstiiunieaniiuiudeyalagnstenailigluuuvesdyanialiain

' ¥ 1 o ¥
) 2/ =< o v v LY A v

anuMzdayalITY IR lMineARINTaYANgNAT 1YY Aeliy WIdelidaudendnnis

Y

maﬂisw‘usumsﬂ’mﬂahjamamumsaaﬂLLUUﬂszmumsmaaa mmﬁq%’ayja warn1siaen

[
Y [

M inUssdiunaliinzauiudnvazresntays
A A Y YV ¥ 1 -dld o
LWINNKIN A nsidentdteyaaingiudea KAUH wmzngulsaiifidnuau
pranadAsiieananenisussliunaluunisnsivaeuleivindiulaswenninuana 13
Subject-independent 5-fold cross-validation laun A1azUnd lsaneuiin lsavandniau

wazlsranganusess Inetayavetonaadassaeiuazgniniiegludiumeiiuiase
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Lilvinsudssnyeeaiieatulsingegislusiinuazganaaeu Tedinanntisandaminis
$ilnavestoya uazilinansussidiuasviournuansaveauuitasdunisduunteya
nnyaralmllfimngaumnnty

miAdeildnsuisoyanuunismsaasuluiuuuidu Tnsusnmuyaaa
iendnidssnisilvavesdeyaseninyeilnuazyanaaey TnefmunlideyaidosUon
Haupvasenaatasmeieatudosesluduiesuane lidnsdusfomioras
Tyanagesla 9 wwmsiinaniiaudfyesdumiesmeiidomanisunms Gaeli
nsUsEluNARANIANEINNTaveIwuLTIaaslun s bl uanaderUleselndlaegng
mMsulsdeyadiunsladnenaasinseeniiiu 5 dw wavmudsuliudasdruimih iy
yavaaau 1 ass lurnefian 4 du Wduyslnuasgansaaeuluusagsounismaaes s

(%
SR

sonuuuludnuaziitigananfaNnIsiaenyanaaey wasliuauieiovama

Subjects — [Fold 1] [Fold 2] [Fold 3] [Fold 4] [Fold 5]
[teration 1: Test = Fold 1, Train = Fold 2-5
Iteration 2: Test = Fold 2, Train = Fold 1,3-5

[teration 5: Test = Fold 5, Train = Fold 1-4

JUN 3.1 n1sudsdayanuunsnsadeuluinuuingu

wuNfiaes A MsldiuuiteeeslaaulamesuuaIBey (Multi-Task
Autoencoder: MTAE) LeL38u3aIUnuidaiHavesdya1adealen lnguuuinaaasgusany
nsasetayanduAusIiunuNsTwunUTEan Mnlimunudeyailadnsdnyansaume

dfgvosdygyrandssduaduld suziderduiimuauawnsalunisuenwesngulse

v v

14anNY MWITETNFINUT A Laa1n MTAE TUlgsuiudwnesannmaskusdy wie

Y '
SIS =

PrefmunvaulanIsandulaseninngulsalidnaugly JeaonndosiusuInImanaes

MY TINUS NNV UTIB MU UNENTENINITTEUS TR NUAE N TS UV IATEY
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WUINNENN AD NMSUTEIEUYSEANSAMwaIwuUINaadlagluiansaanie

) 1

AIAUYNABITIU (Accuracy) Lileaeg1uien iosanlunsiinvoyauravngudiiuiuly

v a a |

Wiy A1AUgnetelalaSudninaanngudeyandiiuiuuinndi wazevliasvieuy

¥ U =

ANNAINNTIvRUUTIRRIangulsANTiTeyatauldegetniau delu 1uiTelTeneany

¥
Y [

MFianateaiu laun Auwiugn (Precision) AulivzesAead (Sensitivity/Recall) kazan
ATUWUY F1 (Fl-score) Taufamsiiasesimnindduau 1 oldfarsanainuaiuisaves
wuudaesdhuusiaznagulsnogisnsounay TnglamizAnzuuy F1 Ssagviounnuaugasening
mnusiug uazeallvideinead IéAniimsldeugndeiissanfelunsdfiteyaiinim

Liauna

o
[y [ £ [ )

Tty n1sdanisteyaliaunalunuideiidunsdanisludessdeuisns
NAaRIINNIINITUTUTIWINTeYalaenss naAe uITelnlunuransenuvestayalyl

AuAaNIUNITIRENYATBYATIINIZEY MSKUITBYaLULLENAINYAAR N1FITUUUTI097

o [

a1u1saTeus Aiunud s wesdyaandeweonlaegnslusedniaim uwaznslddadin
Uszillunaninsounauvatedii wuanenenantelinisussdiulseansnmuesiuuinaead

! A dg! a (% s al a o 4 Q" ! (%
ANUUNTDNOUINTU UATANAIIULDUBEIVBINAT NS T D1UANIINTIWIUTBY AT UANAISTY

SEninengulsn

3.2 N1599NLUUIINISNUILEUD

3.2.1 20l UlAMBILUUNAILIIY

e uTunauMsnssudny i dygrnazgniidignszuiunisania

s U

a o S

AudNYE Ae dulszdnsiwlansuanudiue Fudunudnvuziisenuuuniossuiy

q

o a

SnwralUnnsuszurdU (Short-term spectrum) Ueddayanaldss wagiuasainananud v

doARdaeiUN1ITSUIV0INTSIABUYRINYYY N1saieRuanyurUTENoUAIY (1) N1SATUIN
anasuMaeelsies (Power spectrum calculation using Fourier transform) (2) n15¥
LHuAiAUganamanugadInsasa (Mel fitter bank) (3) n1sulasaeniiisiiioan
Pslauniinveandany uag (4) msudadlaleduuuldseileunelnlamduussansiaansy
A g £ aay v ! a a A
niinsruivesdeyataraniinlaegaiuse@niam
muualinisunudeyamedudssavaadansuanuiua iWunadnuaean

Madeutrguuudiass Insimuanisdives lown aue1wnlsy (Frame length) 11013
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NAAOUNAIYTEAU N1 T NRUINI9UINTS (Hamming window) 159 8 usiuvestnsy 50

Ly v v

Wosidud waznisrwiuadulssdndiwlansuanudiuanan saudanisiiueyiussusiu

nililazdunuaouialanInIsiUdsuLUaLTaan

a

M1397 3.2 MdiweinsaianudnwuzmeduUsEansansuaudwa

TRERFITH Andirsun
ANMNEITIE R UTEUUS (Segment duration) 4 3uit (ligauiiv)
Audigusiog1s (Sampling frequency) 4 Aladsn
ALY TY 20, 40, 128, 256, 512, 1000

Tadun

TR TR NUIAI NI
ANSTOUNULN S 50% overlap
SrnudulseavsaUansuanuiiua 13 i

LuIAANI T oUg natsUluF N v ITUYT AU NULT LIS @enAd oy
mu‘i{]’a@?qLauéfmmiﬁ;sm%’t,wwmsmu %ﬂ%IﬁLﬁu’j’]ﬂ’]iL%ﬂuiﬁ/imm”lumuﬁﬂﬁﬁﬂﬂ’lﬁL‘Idju
NalNN1IAIUANAIINFUTUTBILUUTIABY FIgaanIsiTEusLAY wazifiuANaINnsalunIg
ﬁﬂﬁuwai’waaammmiﬁﬁamlﬁﬁ’usﬁagaﬁhjLﬂawumﬂ'au (Caruana, 1997)

TuuSunvesoyaidsUen %aﬁmmLLUiUi'suqqmﬂﬂﬁaﬁﬂw ANNIIAABY

wagdsnstudin msldmsieusvargauiadiunumdAglunsiiuAun MY sfiIuN U

[ '
=] =

weld 1UNTETITRNANTUAUYILTNWIAME NI UTIY YT IUNITTMUNYIY
wWuansaunaderadniieatesiulse dwalifiumuddiladanuaunataziiunzause

s lulgludunaunisdiuun nseenuuuaarUnenssueslaoulAnosLuunaIssull

= v a

NUFIUTINRUIA T T8 UITUaz NN B N33 8us naN8un b sunIsuausy 9e

Y

o w =

atuayunisidiuuassiunisiwunidealanfilveyainiauaziinuulsusiug
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Classification

(Block3)

Module Layer Kernel | Layer configuration | Activation
Autoencoder | Conv2d 1 3x3 in_channels=1, RelLU
(Encoderl) | Conv2d 2 3x3 out_channels=16 RelLU
Autoencoder | Conv2d 3 3x3 in_channels=16, ReLU
(Encoder2) out_channels=8
Autoencoder in_channels=8§,

(Encoder3) out_channels=2

Autoencoder | ConvTranspose2d 1 | 3x3 in_channels=2, ReLU
(Decoderl) | ConvTranspose2d 2 | 3x3 out_channels=8 ReLU
Autoencoder | ConvTranspose2d 3 | 3x3 in_channels=8§, ReLU and
(Decoder2) out_channels=16 Sigmoid
Autoencoder in_channels=16,

(Decoder3) out_channels=1

Classification | FC (Linear 1) = in_features=[Flatten ReLU
(Blockl) FC (Linear 2) - latent sizel, RelLU
Classification | FC (Linear 3) - out features=128 RelLU
(Block2) Classifier (Linear 4) | - in_features=128, Softmax

out_features=128
in_features=128,
out features=128
in_features=128,

out features=4

Tun5197 3.3 panuwUUlRTNSLUITUA LN ULT LS IUAUTEWINGTUY

N15a319%eUANSUAY kA uNTTIMUN Mseenkuuludnyur YU MNIS YN

AsAUNATNASIAS 1Az aNTaUMAN gt UN Ik UNLsA A NS Ui
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3.2.2  2alneulAAasLUUNAI89IUS WNUTNNDIALINIADSUUTTY

naNlamILnudauriiissuanuuuiasteslaieulaauuunalganuly

o Y Y o ' )

wdeneu dunudinaingnihunldidudunavenszuiunisdwunisn lneeuideiidend

dnnosannwasiurdu Wumdwunanludunauganewnunisldtuilsidugenduund

Y = =

valassUgUsvamiisy Mal nsidenlddnnesaannesuurulivgnaigsseideuiz

aa [

donnnedfuanvzvetayadeilan JalliAvesnaanuaeNilLwiltugs LiTduIufIeeNs
1A wazilauwlsusiues

nanAMsVBITNNEIANNMBTLNYTY UM lunLuueAesyazaau (Margin)

=~ a

N amveuwnni1sanaulaniiss oz veunINNansenIeNgUsIe 9 F3YI8anmINULEEDINTT

Seusiiu waziiuanuasalunsvibinuudiaemaluldffiudeyanldinenuinneu

Ay =

lngiannzlunsdinveyaiinisnsyaneliaugarieiinisdouriuiuvenauuisdiu andnyuy
fananvlugnnesainieeswusduuiltegnunsnatslusudnnundygiudinisinng

URINUIAT AU DALAL LN ARANE T

(% (%
Y [ Y

lunuIdedunsunsiuntugavinegneaniuulilddnnesaanmesuuudu
FINAUAIUNWT SIS oA ua NwaulBednn A nwuUTIARIRRlARUlALAB S L UUNA 8911

a o

WariuAatesveswauluansanaula lnglanziletoyaininuuususiugauasidnuiu
AI9Y199711 A 62'7&Lﬂué’ﬂwmsﬁwé’mﬂmsﬁagaLﬁmﬂaﬂiuﬁwmaﬂﬁﬁﬂ ASTUIUNITYINNY
lagsuaniunistuguuuy 2 Tuneu as (1) Aneslaiaulamasiuunatsau iseus
P ) a ) ¢ et )
AENvazNilnunngaNdeyaidslen uay (2) ldeelaeulawmesiuuraignuninud?
Jusaianudnuue neuhaadnyaednadiddmmesaannesuusduiieyinnisdwun
Tsasiall
d‘ o 2 o % qa/’ d'
WevinmsinealneulAneswuunaleu diAnd Nyt oules
auyseldugarinevesealaeulanesiuuratsau wildidudeyadndrdmsudnnesn
LINLADSLUTTULNUNIT LT TUTILUNLUULANVBILASIU18USEaMAeN A ntuluganadauay
Idaolataulawmasiuuraignuninualainudnvazantoyannaey wazlidnnasn

'
a o aaa o

nnwesuuTwMUILNgUlsAINAMENYUEAINE1 wuIneiiidedessdeuisnd Ay Ae
LINUNUINTENINNITTEUSFIUNY baznisasiavaunnsanduls vlinisussduuans

Anuansatunsililuainavesnudnvusiiseusladnou
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N1399AN 1IN0 VI NNOSALINMBTRUTTY N1sTunlagldinasiua

Handusifea @eiansaumsiiwesdidy 2 a7 laun msdiwesaivauniswaniydeu

FENTNAMUNINVBITLYLVDULALAIIUAANAINIINATTIUN bae N5 ITmaTNAIUANAIY

N119BAABSLUR AR WIS TWTLANLT N1TEaNAINITITiweTaIAENITIATIEuLYATaYa
. . ° ey = a ) ¢ ¢ a

n319a8U (Validation) ¥8auUUTIARITHNINYARN ANNGEvednnesannmesuuvTULaL

¥

NUANYINUFIUAIUNITTEUTAILADIIUA NUIAIMNITTNBITAIUANANILNTNVBUABSLUR
d‘d 1 o v U Aa a U ¥ = 1 v Q" 1
nilAazihlvveuwansdndulainnududeunaziinulidedeyasuniu YagnAun
\Anazdsnalvaunnisdaaulaiinnuissunaziroiiuauatusalunisidauniluves
wuudaes Inglanzlunsdinveyadidfgmiediuiudieg13ddndn (Scholkopf, B., and
Smola, A. J., 2002; Hastie, T., Tibshirani, R., and Friedman, J., 2009) WUIA AR INEA 17
A0ARGDINUNANNITVDITHNBTALINABSUUYTU NY AU UNTAUTEELVOUFEA (Maximum
margin) {BAIUANAUTUTUYDILUUTIRNDILALANAIILEEIUBINTITEUTAY

weNaN NUIRENUszgnAlddnnasannnesiuviusiuAMSN YL TEN

= o A = v v oA Y] P A Y Ao v

VIOAMANYUENIHIUNITISEUTIA SeUdndanudnyaziinIsuennNauTlasEs R ogua)
AsldAmnsimesunuun Turesiauisaelidnnesarnmesuuvduruinidunaln
Asemaulandia@afasnin Iml:u'f\i’wLﬂuﬁaw%’ugumﬂﬁLm%asmazlﬁsm uvee Niu, X,
and Suen, C. Y. (2012) wansliniuinnislddnnesannmesiaeliuuunusnvuziiannain
TASIUULTIA AN IANANTITINUN AT AULAD U SIAEDIAENITANNUAATNITIT LA DT MU
UMY Ve ?l Huang, G, Song, S., Gupta, J. N. D., and Wu, C. (2018) Tliviuindadawun
WUUN$3Y JUsEANTnnaailern UL uYeyafldlas1as W ialuaINNITUIUAIT
a b7 v
Seuanmin

aolaunssunazaidudunounisinauvesuuIIaesidiiaus 49gn
28Nk UUT UL BKA eI AYRIN T Bu L UUIWAEIluNITIAT I EusUen Tnana
WIAANTIEUIAILUIAUFAITIIUNLUUT YR TRENTEAUNIAIULIUEILAZAIY
@R 85U99N1591MUNLTATEUUNINAUMILTA @A UTURBUAILANITISUF YY1 NI

AANYAY NMIFEUTAMNUTIIS lUaufsnsdunlsn Asgui 3.2 wuudnasseslaoula

LADSLUUNAIEIUIAUAUTNNBSALINLADT LUTTY TIUTENBUAIY 3 EIUNAN bAbkA
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Encoder Decoder

Input Reconstruction

(n) aaTeauiniens

Conv2d
v
ReLU
v

Latent Space

Convzd
v
Rell
ConvIranspose2d
v
Rell
v
ConvTranspose2d
v
Rel.L
v
Sigmoid

Encoder 1 Encoder 2 Decoder 1 Decoder 2
P z | Prediction
] - & > @
® > 2 > Preumonia
= = =i | ® ol
4 =
------ ’ ------_-----} :) COPD
=
=
FC FC i | @ Astm |
—mar \ 4
(1) WAISIMUN Black | Rlock 2 Rlock 3 (m) Avwatannieaduudu

JUN 3.2 wuudnaeseslapuine shuuaIgUsAUd e SaNNB I BTY

Tudud (n) eelaeulamas vivihSeusmunudausantoyadunn lag
g Uszneumeudenaeuligduaastu (Encoder 1 way Encoder 2) &dldiaiees

Convolution 2D saufuflendunseguilandusnaludfidesyln iloannaudnuazigedn

warvanfiivestoya 9ntutoyadzgnuiadiiogluguuosu3igau Fuludumudaune

aylansaumadAgyresdyaidoslon dauinensiaUsznaumeiagaineuligiunsiua

v

Iwawuuaesidi(Convolution Transpose 2D) kagilsidunseduilesiduisnilnadilesy

Y

v v

Weasidyaunduau Wilnalhssnudunsdy lnedinguseasnine usAuTiiun el
Snwlassainwesdypaauatuly

Tudruil (@) 91UNITIILUN AILIULTILEIINFILNULT L6 Azgni1Nvinng

' v '
= U A

USusudeyadunnnesviledidl (Flatten) uazdoudhdtudeulosauysal Suiunaiguion

a A

lnausazuionidilandunsequilsitusndlidfidesyds Weiiuanulddadulunisieus
Aaanway Mnuuiinisldilaiduyendudng wislildranuiiasiduveusasaaialunsd
NMIUUNVAENgY Feagviouran1siugUssiuvedasiy

Tugiud (A) @IUAITIUUNTUFATINEAIETNNDTALINLABTLUYTU FIUNULT

LYY

wlavsenudnvazBdnilandiunisduunazgnasseludsiduuniuudnnesannmes

Y -

v Jevihuthndusmduundugane Wneldudnnisssesveugean Werumlawosinau



ar

fmnzanlunsusnngudoya dwmalinisdndulaiarueudauaziadosnntu Tnsanglu
nsdifingulsefidnualndiesiu nagavie Ao msdwunlsaszuumadumeladu 4 ngu

lagasy an1UnunIsufInNaIas UL AANINANNEIUIENINNITITIUINAILY
\ieenseRuAmANYBIiLNLLT I uazmslddduundwweaiininesuusTulil et

ANMULEDESVBINSARAULR

33 wiwensildlunisiseInendinus

s eileft 19 lun1swauteui el 19uuasUssutananans : AMD Ryzen
Threadripper 3970x u28Uszu2auan3s 1MW : NVIDIA GeForce RTX 3090, #128A213197
nan : 128 GB n118AIUI1d@1589 SSD/ HDD : 2TB/6TB syuuufuins : Ubuntu 20.04
mwdildlunisiann : Python 3 wazisaidsn : PyTorch Tunisilnwuusiass finsiiviun

o W

AINISITLADTNITIT U T AATY LYW TIUIUTOUNITRN vuIAna udeyagey daUsu

AINIIITeT wasilandunseru wialinanisnaaesllanuad ssuazaiuisavingle

NYALLDYAVDINIT LA AT IUNSHNRUUINEDY ALANILUANTIN 3.4

A159 3.4 WsdiwesdAgnlglun1sinuuudnass

W15Aas Anfifvue
Yuakuad (Batch size) 32
d1uugANIsHN (Epochs) 350
fuTuANmINzay (Optimizer) 964 (Adam)
AAUgaYLEe (Loss) Aseaaulngy
Harffunszduresduiowing (Output activation) gonALung
aridunsesuvestugiou (Hidden activation) anduisnaladideselin

Ql‘ a € 0o o d‘ =2 1 d! [ ¥ Ql‘ a Y a

M1597 3.4 wansnnsilwesadgldlunisiinlaseing FevimiiiSeus i
ursvesdyrandsslondrusunsinluldludunsunisiniun 1nemRuATLIALUAT 32 Lile
ShwaunaTEnINenNEiesueINIsseuTarUsEaNSAINN1SAILIN F1UIUEANISHA 350

sau e liaunsassuilasiaiadulwesdayalasgaiivane
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[y

lutuneunisineslameulanes feiduanugyidswvuaseaoulnst gnlddmsu

Y

= & a

sumsduuninaueglunseunsiBouivansnu variilsidusnalidaidefylngnldiile
dinauldiBaduroauuuiiaes dadteifugonduund gnldlusueinnvesunsduun
melusslneulamesiviniu InenadnsandudusilévdamstinazgninlUlddunnmes
AudnwzBuNndmIuinnonnnmesuedy Saiviiidudsuunduanisvesny

WLYNIINATLUIUNNSHNLIATU DL ULANDS

3.4  A1sUsEUUSEEANSATN

% [

3.4.1 wesndduauuasfadIansussliunasengy
wesndduawduaiesdontnsgiui llunisuszifiudsz@niamass
wuudnaesdwmsudaminsduunysenn neanizlunsalnsdwunaiongy (Multi-class

classification) A3 NFHINAILANIAIUANNUSTZNIN9T18A1AUDSS (True labels) wasna

3

nsvIngvesLUUIae (Predicted labels) Tuguuuunisns Faaglanunsaliaszriguuuy

Y

AnugNARIwarAdUaLTEIngulsegndusyuy

Class 1| TPI FP2 FP3 FP4 Pneumonia ‘ ~ 7 4 13
Class2|  FNI P2 FP3 FP4 % Normal T- . -
E o - -1 ] B oy 1} TE“
Class3|  FNI FN2 TP3 FP4 2 COPD 3 34 10
Class 4§ FN3 FN2 FN3 P4 Asthma 16 16
Chssl". Class2  Class3  Classd Pneumonia Normal COPD  Asthma
Predictions Prediced label
dy o [ o ! 2 = & Y
(M) WUFIUATUNITAIUD 4 NEY (@) N5 unidssUananilu 4 nay

JUT 3.3 wesndduauuwuudiuun 4 ngu

U

JU7 3.3 (n) wandlasaaseiugiuvesunsndduaudmsunisdeun 4 ngy

TngeluuuInuess (Diagonal elements) wnudnwiudegefinuuassduunlagnaedly

1
=

WABLNAY FuSunImassauIn (True Positive: TP) vainguiiy Fududeyassaninawasidu

Qe
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v '
v = A 1

A1939 waziuuTaesiwenaneglulunquiu dededuuuitassiuiegnisnsaiu

U03A939 VULTATUDNWINLEYULEAINTEIN1TTIUNRANAIR Feanuisanuaeonidue

a a

NaudnLiie (False Positive: FP) doyavssniinamasidungudu wikvudiassiuienained

lunguA1aseuIn Fedediuuinassihuneiangudeya uaznaauiien (False Negative: FN)

[ = A !

Teyarteninaasidunatauin uikuudnassihuenaiteglundudu Fediedwuudiasy

[V (%
a o A

MIMWEHAIINTELAITI V19T N13NTEAEVRIAWIEHasTIDUTEAUAINNFUANTENINNGUAN 9

(%
a v a

! v o v o a I ! v 1 a (%)
agndalau dmsunuided Tuunidesdensenidu 4 nqu laun n1zdnd lsadendniau
lsavanganuisess waglsaviauiin laggui 3.3 (1) uansiegaunIndduaunlaainuanis

71Aa9 IMNLUAINFAUAUANNITOANLIUGITINSUTZ UM L Aeai]

ANuutiug dnunengu Asaunisi (3.1)

Precision;, = (3.1)

Precision,, Aa AALLINE1vBIwUUTIaRsdmSUNqud id

FF

'
Y 1 =

9 S1numegTiwuuTaewiueIndunguil id waly

o))Y

pudussadungudu

Aty dmsusiengu Aaunisn (3.2)
Recall, =—— 94— (3.2)
T .
Recall,, Ao ArmulvesuuTaesdmsungunl id

FN,, Ao TuIuFIRgeINgUN id Nwuudiaedlianunsnnsie

v o & oA
WUI@LL&%QﬂQ’]LL‘UﬂLUuﬂQN@u
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AAzuY FI dwsusiengy fdaaunisi (3.3)

Bl % Precision,, + Recall,,
id =

— (3.3)
Precision,;, x Recall,,

Fl, Aa AAziuY Fl vesuuinaesdmiunaud id

¥
Y v

Armzuy Fl iuidingaunaseninennuudugiuazeiiuly Juvunzay
dmsunsuseiiudszansamlunsaiidnnuiedwesdaznauliauna

AUgNABLlAgsIM (Overall Accuracy: OA) Faaunsi (3.4)

C
OA=Y s (3.4)
Gan Nai
e
Cy e AYllveanguy
C. Ao ai’wmum-jmﬁgwm
TP, fio S1uusegswenguil id Auuudaesduunlagnéos
N, fio S1uausegievionue
id Ao sulvesnguvidenanadililunisduun Tae id =1,2,...,C,,

[
1 v A

TuuIdg Ui eNUAIRIITINTIENaL INeAENDUANTIAULYDUUTIADS
lunsazlsaanunindduau lnsdwsungui id lamuiaauls (Recall, ) Feiiorundu

BN IUTENINTIUIUAIDE 171N TIUUNYNABIVDINFUTUADIIUIUATIRE T INUATVDINEY

Y
LY o [ [ L4

Anansluaunsf (3.3) wavlunuidedmwundgyanwalnisnenuselsalu ACC

Normal ?

ACCoemoniar ACC pgpma 488 ACCopp dmiungunizuni nqulsadensgniau nqulsa

Uanganuizess waglsavieuiin mudau ielvnmsiiauenaansluudaznguilanudaiay

(% 1%
LY [

Wialyin1sUssliunalinuAToUAgUUINEITY 1UITEUIIBNUNIARIT TR

PN

¥
Y [

U 1 N b4 o w [y 1 ~ [ 3] d' 14
INYNQULATANNAYIIN Iﬂﬂiﬂﬂ’ﬂmﬁﬁﬂﬁyﬂUﬂ’]ﬂ%LLuu F1 L‘LJEN"U’]ﬂLUUG]’J“U’JWVIGSV]@UE#NQ@
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aa o

sgInenuiug wagauhilafniAanugnieaieseginsel lnanmnglunsaiidiui

metsvasaznguliauna uenanil weindduauduheatvayunisinugniin lag

o w o o

VibiiugUuuuanuduauserinangulse wasidudeyadidydmiunisusulsuudiass

o

(Powers, 2011; Sokolova and Lapalme, 2009)

a

3.4.2 N15HATISHVININAENALA t-SNE

2
a a o [

wenwitlaa1NN15UsELaUUSEANSNMNYB UL IMEAITIA SN ILAY

[ Ly

WASNFAUAULAD 118U 69 l9N153ATIZITINTINANATA t-SNE LN DWARAIA NWUENIT

v 1 [ (%

N3¥EMIvITaYalaYANANYULITENYAIUNTEUIUNTANAANA N BUENTBNTITBUS

Funudauna nadla +-SNE 1JuiSnsandddoya dsanmsouasdoyaainuigififasasy
Usnllaeadiala Inedenslassasnvestoyald ilianunsadunawunluunissiunguuasnis
LLEJﬂﬂfjmaﬁa%alﬁaei’mﬁﬁ'mﬁ]u (van der Maaten, L., and Hinton, G. (2008)

Tusuddod tSNE il eauayunises uigauaInnves
wuudaedlunsduunuszianvestsa Taefegramanisuansnin uandlilusuil 3.3 Fadu
HAdNEAINAIBE19 1 @9 YBINTEUIUNITATIVADUANUY NG 8 sl uUluIvind U vnIs

[ o

WiguWigunsnszangiivesoyadnn 3 naal kA Jeyanuatu (Raw features) Auanwy

U

nlanuuudnaedlasaiieyssannieuiuuaeuligiudddduiuuinassdnde wasiunu

WP AINWUUINADI00LAULAA B SLUUNANL9UY

@® Pircumonia @ Normal & COoPD ® Asthma
y o 3 . A .
e s ~ N -: "-‘ -
. Ve = . o F ] I i
. °'=:1.- F . 1 4 e Wi
:~!.. . 4J . ::" ' - '.-.. | .
. -t- : o . 3‘":; -; '::: -:.= =
¢:. " H ) 'l‘. ":’?:".' d i -
" ' o ? .o
(n) fiuatu (2) LUUT1A8991989 (M) LWUUINGDI MTAE

JUN 3.4 fegransuansnmeiginaila t-SNE
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[
v Yo a a =

NN3UT 3.4 annsadeudnydnuaingy lawsd dune aneds Tsavandniay
(Pneumonia), #iTe vanes Un@l (Normal), & vanedls Tsavengafuiess (COPD) uay
Aunubu munefs Tsavouiia (Asthma) sl nansuansniwdaewaia tSNE gnldiile
arvayulodunadenuninaivaiunanisussiugaviina wagldlignihunlddunae
VANLUNIARAUUTEANENINUBILUUTIRY

danaledn nsnszanedvesteyatunsaldunaduatuiinisdouriuiuves
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AMUAILISOLUNITILUNARND
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NPENTGR mwmzizqmmmwmL‘V\Iiaﬂ,wmmzammauﬂizawﬁwﬂammmmaLma
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TaviN15AeA oY Usenauniealdsid 3 Tu Lazfi00nTia 3 Tu tazdultouley
auysnl 91U 3 U 9R3IN15L38U3 (Learning rate: LR) gnesasusudy 0.00001 nan1s
NAaDILANS ALIUNANTENUDIANLENVR LI SNANUSEANS I UansuAdmanuang 19y
NUNARDUTEANTNINVDILUVTIA0Y FIR15197 4.1 n1sAnwIvesdulszansiwvansuainud
waduszezaveumsy 20 fad3ui luwuudiaeansliiuiausednsningegalunis
FuunUssianaedlsalaglddyarandosdon sresinsuiadudsdrdglunis@nwives
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o

wsugIniuunliuiasyhlinuanvazanizanas dwalvinugndedanad N1smaael

Y = [

aoandasiun1sAnyivesnuideidegiounindatuanudidyssezmsuluns@nwives

o

% a
enaFEuIUan

A1519% 4.1 WATDIANYIANINYBIL VUG08 lAOUlANBSLUUNAIEI Y

ANNETINSY | AdugNdes AULLiuE Al AAZIU F1
(@aaduni) (Wasidud) (Wasidud) (Wosldud) | (Wesidud)
20 71.28 + 3.30 74.40 + 9.21 5260 + 6.11 | 54.60 + 5.13

a0 61.17 510 | 4760+ 1658 | 41.80+550 |40.20 + 6.76

128 56.60 = 1.71 36.80 + 11.34 35.40 + 2.30 32.60 + 2.70

256 5575+ 4.62 | 33.00 +12.02 | 33.80 +228 | 31.20 +2.95

512 50.74 = 3.21 25.40 = 2.61 30.80 + 1.48 27.40 = 1.52
1000 51.38 + 4.71 25.40 + 2.51 31.40 + 251 | 27.80 + 2.49

e + dueaunInggIu (Standard Deviation: SD)

nan1snaaeslun1s1ed 4.1 anmenasa 20 faddundl iuszansawgeqn o
\WisuAuanueaisudy 9 Taesidinnugndeaiidu 71.28 + 3.30 wWesidus uavA1ay
wsug WAy 74.40 + 9.21 Wesilud Fegaigalugnnisvaaesi vazieatudiaiuls
Wiy 52.60 + 6.11 WS uA uazAAzwul F1 AU 54.60 + 5.13 Wasidud uansliiity
FIANNETINTY 20 HaFIU @1UNTOINYIANAATENTINNITATITUAIDENAIERAUNG Uay
anuiugwesmsinungldafanneldifoulunismeas

dadiuanueralsudy 60 §a83uni nuiilssansnmanasesefitod ey Tay

AINNABIANANIED 61.17 + 510 Wasidud wazAAsLuY F1 anaunde 40.20 + 6.76

¥
= 1w [

Wasidus wazilaldainueniusuieniuindu (128 89 1000 Tad3un) A% inanas
fewlieq wu 91 512 fadiwd Arrnugniesanauiie 50.74 + 3.21 WWasidus uazAIAZLLY

F1 anadnde 27.40 + 1.52 1asidus wanaliiulmnsuieonvinlinudnuae s nnieva9

q
o '
o =

Healangnieienselleans dwalvikuudnaesdnwunngulaeindu deiuielilanaanuae
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J1U9 ﬁuf\]ﬂLa@ﬂI“UﬂﬂM?ﬂ’JLW'ﬁJ 20 4aa3um LU‘UW’]'ﬁ'ﬁJLm@iﬂqmiiq‘UﬂqﬁiUﬂ’ﬁWWa@Q

4.2 wansaliuaudgludiuvesnisidendnsinisiseus

Snsnsidend Humadimeivdniinusuuuiamsufudssamintinlussarinnis
fn mndanisdeudgaiuluanilinsusuadmdndugamaza uagliannsod
ydmeuTiafesld vurishnmsSeuimifuluasilinstintuazeraineglugaiifini
Aflmnzaudian (Sub-optimal) 113AnwINsI98RIINTITousNa1eA waznad NS L

YLaualupsen 4.2

M990 4.2 HANITNAGDIVBITATINITTEUS

. Y. ANQNABY AALUUED Al ANAZUY F1
aﬂs’]ﬂ’]iLsUuE § < 1 f < [ ¢ < 1 § & -1
(1Waagun) (Wasigun) (1Jastgun) (Wasigun)

0.01 44,15 + 3.63 11.00 + 0.71 25.00 = 0.00 15.40 + 0.89

0.001 75.96 + 10.33 68.60 + 20.50 | 67.20 + 13.94 | 67.00 + 17.59

0.0001 81.70 + 3.44 80.20 = 5.93 77.20 + 3.56 78.00 + 4.30

0.00001 71.28 + 3.03 74.40 + 9.21 55.60 + 5.50 59.20 + 7.33

0.000001 46.17 + 5.30 18.40 + 7.40 27.60 + 3.21 21.40 + 6.11

AR + d9ueauniInggIu (Standard Deviation: SD)

NANISNAADIRUAITIN 4.2 wansliriiudn 905IN751538u5 1A 0.0001 TVHARNSA

ige InedA1nugneaariniu 81.70 + 3.44 wWasidus uasAinuwiug Anuls uazea

§f @ (3

AZLUY F1 111U 80.20 + 5.93 tUastgus, 77.20 + 3.56 LUDSL9 Us waz 78.00 + 4.30

v
4 a a 0 Y

Wedldud auddu GeavviounisiGousfitlaiosnmuarliinaaugaunniigaluyndiia e
T¥hsmsiFoud wirdu 0.001 usfAnAnugndesedil 75.96 + 10.33 Wesldus wavAiAzuY
F1 0g7 67.00 + 17,59 Wesidud wisldwdenvunasgiugeunn uansdsnnulsiaios
sevheiuiusugansiin Tuvaeishsmadous widu 0.01 Wnadwsianogistaay

(AUYNADY 44.15 + 3.63 1Wasiud, ArAzuuu F1 15.40 = 0.89 1Wesidud) donndeiu
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1 a

AmgnsUiuALAugamINEaN (Over-shooting) uagmsiiniliiidymegiamngay dausns
Msi3ousfiadiann 1wy 0.000001 YilsdAugndes anaunde 46.17 + 530 Wedldus
uagAIAzILY F1 21.40 = 6.11 Wodidud avviauiuvudasssunaiminduiuluauly
annsnifeudsuuuuuunldednedivszdninm vnuaniseneidiadenld sasins

Sewus Wiy 0.0001 dwsumstinuuuinaesiunmmeassiuneusiely

43  wan1sAlueUIdgludiunasnruaaINIsIINsHELazN1SaDASHE
NanN1sALHELUIYEludILTRINTIINUAEEURENIIUNSIUTFELAE N0 0ATIHEVDY

wuusastoelaeulawmosuuunalgay wandifdiudn siunuduresiadiswa wazs

09AVa dINalAgNTIRBAIUAINITAVBILUUTIADILUNITIT OUT AIUNUTILHS Uae

Y v ¥

auansalunsiliquinvazasnsalinluldiuteyadlilneusingluyailn win
anrilnenssuiamuiuivly wuudnaesenaliianansadunnanvaedAyvesdyaalaegng
Asuiau Tumenduiu mnaandeenssudiaudnuiniuly 91atldglagviniseusinu
wazaaUszansamlunisldauiluvesiuuiiaes

uanni UssAnsamuesuuusiasseslnoulaneiuuunatsudeldsudnsna
pgnidvdAyInn1seantuuantUaenssulugIuuni9Iun1s9Iuun (Classification
head) lnsiameduauduvosdudonlosanysal v uasunudusddugnisindula
Bangu matvuasiuinty werlassadiwesdndednunurauiinnuddydenising
AUAATENINAMNALNTAIUNITHINNGY KATANUETETVDIUUTIABY

oA nwinansznuvesanUnenssuseuseansaim inasneasslaeusuiua sy
SrnutuuaznisdaSswstudonmsdisiauagnistensia siufinutuvestudenles
auysailudiunssiuun mnulsssdunaildlasordeainrugndoswasnisduundu

Fdianan Nﬁﬂ’]'ﬁﬂﬂﬁ@ﬂﬂﬁiﬂl’gﬂumﬁ’]ﬂﬂ 4.3 LL’a@ﬂI‘ML‘VT‘IJLL‘IJ'JIU&IW‘UG\L‘\]u"UENB\Iaﬂ'i‘”WU“UEN
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. . mwgné’faq AULLHUEN Al ANASLLUY F1
LSAE-DDATUE L. .. e ..
(1WJasigun) (1Uastgumn) (1Jastgun) (1Uastgun)

1-1 88.51 + 7.10 91.60 + 5.13 89.00 + 552 | 89.80 + 5.72

2-2 89.47 + 421 92.05 + 3.15 88.72 + 6.63 89.96 + 5.07

3-3 81.70 + 3.44 80.20 + 5.93 77.20 + 3.56 78.00 + 4.30

4-q 7287 + 10.21 | 69.60 + 14.84 | 63.80 + 12.03 | 64.60 + 12.28

5-5 71.17 + 9.28 66.60 + 9.66 | 65.60 + 13.58 | 65.40 + 11.63

RUIYLUG + ﬁamﬂmwummgm (Standard Deviation: SD)

Tupns199 4.3 uansiwuudnaesnillassaianuuannns 2-2 Waugadnan laeda

AINGNGDY AU 89.47 + 4.21 Wosidus wazaA1ANwiug A1A1UlY LagAIAZLLY F1

2

WU 92.05 + 3.15 1UBs L UM, 88.72 + 6.63 U5 LG UF way 89.96 + 5.07 vUasLdud

' | v
I U (Y

o v = ! = ) Y 1 ] 2 Y1 v
mudiu Faduaigengavselnalfeseatanlunndi@ia laseasne 1-1 hdianugndesgs

Y

TnawAes (88.51 + 7.10 Wasidus) WATlEIUT LI ULNINTINEINT kavAladelneTIutey
A1 2-2 wansliiiuln 1-1 galiiieamedmsumsiseuiaudnuusndudouresdsslonly
| o A o H =~ & o v | | P
VNNay Waiuduiutuanudndu 3-3, 4-4 Uag 5-5 NUIIAIANNYNADIANAIBE1RBLLDY
910 81.70 Wostdud tJu 72.87 oSt us waz 71.17 Wasidud audisu naufuan
AZLUY F1 8Aa3970 78.00 Wastdus 1Ju 64.60 lWasidus wag 65.40 1Wasidus auaisu

wandliiiuda nmsiiiuaududeuvesuuinaethilavilifvuanely wariivuiliudg

AMENITEUINY vsaunsen1siseusauribiwuudaedliiades lassadenisdisva

9 & A
LAZN1IDATNA LLUUAUUINT 2-2 Lﬂuamﬁmmwwmmxam

4.4  wansanliuauddeludiuvasdnuiutueulesauysal
Fugoulesauysal i iwlanaanwug BN WuilLdeues (Latent space)
lugnsdinduladuunngy Sruusuideslessanysalinniiuluonaiiiumsfinesauinms

Seuinuniiu vausiidesiuluandlidiisanelunisasisweuwnnisdnuunigdudou
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HANIMARDIlUM599 4.4 uanedn Yuwelesanysal 91w 3 u inadnign laed

AIAINYNA B9 VAU 89.47 = 4.21 Wasidud wazAIAzwUY F1 WAy 89.96 + 5.07
% &= & 1 A A & DI < a 1%

Woesigus dalugangaluyed wandlviliuil 3 4u awnsaiiuauainsalunisasng

youwan1siwuntagldiibibuuiasstudeuiudidu Weldtudeulosauysal $1umm 2

(%
o 1

WU ANALONABIOYN 87.55 + 1.50 Wasidud Fetleundn 3 Tu wazlleldtudoulesaysol

f & [ 1 1

i 19U Apnugndesananiu 85.84 + 5.79 wWesldud dzvieuiilaswaieiisuiuly

1Y

Paanuansatunsuenngy lunesesiudiufeiutuiu 4 uaz 5 Tu Arrnugndes

ananidu 85.70 + 4.86 1UasiGus Lay 86.38 + 2.15 Wasidud anuaisu IneaAazLuy F1

] (%
1 & d

gl 83.80 Wosidud viaeansd wanwwwilduiinsadunniululineliiinuselel
Wi wazevilikuudnaeasussusinniull vielinnuliedies Amunuidedsdondu

Woulesauysal 91w 3 U Juafiuvnzand miuluudiasy

M5NN 4.4 UseanSamuesiuigesleauysal

dudeulos | anugndes | aruusiven aala ANAZIUL F1
auysal (Uoasitus) (Wasidud) (Wasidud) (Wasidud)

1 85.84 + 5.79 91.20 £ 2.77 84.60 = 7.50 86.80 + 5.36

2 87.55 + 1.50 89.40 + 2.88 85.80 + 7.43 86.80 + 4.44

3 89.47 + 4.21 92.05 £ 3.15 88.72 + 6.63 89.96 + 5.07

4 85.70 + 4.86 86.80 + 5.12 84.20 + 7.89 83.80 + 9.18

5 86.38 + 2.15 85.80 + 3.63 82.20 = 1.79 83.80 + 1.48

Naene + dudeaiuuNInsgIu (Standard Deviation: SD)

4.5  mswiguiisuluuinged
HAN1INARDLUITHUWIEUUSEANTAIMNTTIMUNLUY 4 NFY T89INUUUTIA09871989
Taswnguszamiiisuwuuneuligiuaestu fuwuudiasseslmoulawesuuurateudaduy

sidaue wulkuudaesidauelinaifnitegedaauluiidda laun anugndes

AMULUUGT AU warAIAZLUY F1 §9R15197 4.5
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. ANGNARY | AULUEN aula ANAZKUY F1
LLUUQ’]aaq § < 1 ¢ @ ' § & 1 ¢ @ '
(1UasLgun) (1WUasgun) (Wasiaun) (Wasigun)

CNN-2L (Baseline) | 70.64 + 8.66 70.60 = 10.43 | 65.40 + 8.44 65.20 = 8.70
MTAE 89.47 + 4.21 92.05 + 3.15 88.72 + 6.63 89.96 + 5.07

Naene + dueauunsgIu (Standard Deviation: SD)

lnglassingUsraniiisunuunsuligduanidu liAiaugndes winiu 70.64 =
8.66 WUasLT UA wasiAIAILLN UG A1A1U) hazAIALUY F1 w1iU 70.60 + 10.43

Wosidus, 65.40 + 8.44 LUaSITUR kay 65.20 + 8.70 Wasidud MmUAIRU WAAIITLUUITIADY

Y v Y

9198sdslivadninauauaunsalunstwunngy lnsanizsdenansanAinull wagan

1%

Azuuu F1 Neglusziuiiunany Feusitennnuilanaialun1sdiuniasAlaunavednis

uwundalias lunwssiudiy wuudiaesidiaus Waianugnaedgsdls 89.47 + 4.21

I 13

Woasdud wazilAa1Anuiug A1Adty wagAIAzuY F1 AU 92.05 + 3.15 wasidus
88.72 + 6.63 LUDSLHUS Az 89.96 + 5.07 Wast9usd auasu hanalimiiulihuuanaasd

Unaus awsasiuienusiuglunisiue wazanuhlunisasianungulansoudu

o w =

danalviinaviuy F1 geuegidduddgidoiieuiuuuudiaetdnsds

o

uaﬂmﬂﬁmmmﬁENLuumm3§wuﬁuaqquai’ﬂaaqﬁﬁmua fuwaldusniuusians
$1959 Tunaneiai i lAUIANIZAINNYNADY UALAIAIINLLIUEN Fauanainfianuadesly
mMsvihngnnnduloysziiuuuunsnTvaeulyd (Cross-validation) atuayuinuuImisnis
LS UL AN UT UL U VN8I LYBUUTIA0980 L ALaULAN DT UUUTAE9TY YIBENTEFIU

Uszaninmnisduunlsassuumadumelaandeslenlagaindinuudnaeednede 19

[
v Av 1

ﬂawugﬂééquagﬂawuau@amaamamamiwaﬂq

o [ o

aeNaTUAMINIRe I IzaNiunuITy MVUANIINAGEMANYBILUUTIABY

palaoulawnasiuuvatgau laglddnsinisiseus windu 0.0001 lassasiadsiauay

(% '

nonTia 2-2 uazduienlesanysal 9IUIU 3 Fu IATILVANNEINNTALUNTTIUUNNAUTDS
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v %

AadnunizMe t-SNE leiTeuiiioy (n) dygrandesdiuaty (v) andnwazain CNN-2L
uay (A) ANANYMEAIN MTAE

wansn1sandfvestayamemaila t-SNE Wiguigun1snIzanefvestoys 4 nay
lngldiaeg1931n 1l 5 du msiasiginindenaaiuisaiandlalununinees

FunuANENYY NaAe MnALnuRuEnvazansadwunngulad asusing dunguindl

q

ANunEIkuNelunguas azllszuenIesEnINNaUNINTY valensviugouiuveIng

gyiouAINeINlUNTES 19U ULUNTILUN

@ rrcumonia ® romal COPD ® Ashma
. * . o
. - '. i L ™ L4 o : ‘ :.l': . ..:.O'
. oy AN < ROy
2 A1 Rk A SRR
. . LY ., o el o ..': ’,---‘.
& ..'. . 4 . q..- d : . n. ; --..‘. ..: . %
L ¥ 2 N R P
. ok, T PR " IR
2 . - . “hte es
3 . ‘._ - ® .I"
(n) dyayrauduady (v) AnwAEuD CNN-2L (A) AENYYYBY MTAE

JUN 4.1 N193n5291800 t-SNE Y0IRAANYLIUUANS 9

v o/ v 4

Fouryrauauatu n1snsyanesivesteyadygiamuatuildnuusUsUunagyiudouriy

'
{ =

geseninengu Feananludyaradeseaduatuianuwdsusiuuinannvatedade

)
JEAUANAY A1181250UNTTME1A FYITUNIU LagAINKANAINTENINYAAR dNa v
sUkvuBalassaseniuunlsautassindiliinudn msingudisuunlieenlunmiidaduy
v d 1 o & v A @ Y = = Yo =i i
wiaraliiuInlunedivunaunsainn AN e NI oN ST EUI MWL ZaNNBUNNS
TN
AMANYMEAIN CNN-2L WalnsannuanyuMeianalagkuudnasddass wuine

£
o

nsTunguuestoyanYullafisuivdyainiuatu Junngunsududulungy uwasiida

NNMTTMUNIINNGUAUATY A uAiTeesa (Boundary overlap) afiaulainuuuinges

9198 suinuanwaziuguvesannsulauisd uidldanunsafnudnuue
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o

A o oA v Y] [N 1Y) & 1% o o Py =
QWLWWSWQWLLUﬂﬂaq@JV]ﬂﬁWEJﬂUIWBEJWQGU@L?Iu Na.ﬂ']W‘uaa@ﬂﬁaﬂﬂUNa@]’JLasUium']ﬁ'NVl 459

[
| ]

WUUT1a098198¢ W ANAMUYNABITINAY FeUaFTAaN YL LAAINKUUTIRDI8198 98
AuasaluMsTLunIiadlslRenduiesyanilanuz dudndifisaiy

AMENBALYDY MTAE Nainannuuudiaseelaeulanshuunaley wuiingy

£ = o & ! < VY U Y o w A o J a X

vosfayaiinutnauiusgiuiulade lnguuilduddny A Anunsstunglunquiiuidy
(Intra-class compactness) LagAINLENAINAUTENINNFUUINTY (Inter-class separation)
d‘ a v A = ! o a Y o gy ] a 2/ 4
Welfiguiugun 4.1 (v) Fananainiuuinaesaunsaseuimuundnssidouddasaiali
nauAeItueglndiuuInTu waskanngusaiuliesnviteiuiIndy

wuuiaeseslaeulameshuunatgnuy danvauznisisousnauauliluudiass
aaunuduranavianisasidlul uagdensdunnsauiu v lviununseusiag
MlUuagnunuionNULUTUTINYREYRIMIINAT MU UTIaR UL UNLN B4R g 19LAE1
HaNINAINMALlA t-SNE FeatvanutaaunuIwuudasseslaoulamoshuuratg il
AN ETImMIzaNdan1sTkUnlsAmaRumelaandesenlafngy

lnsagunaninmaila tSNE ¥R wuudiassoalaoulammeswuunalsny

auNI0a I UANAN ¥ NENTTINNANA Ll UNENINTULALITINSLENAINAUTEN I

¥ [V
= v a

naulAANIMUUTIARI9198Y damalinsduunlsnandeslaninlabaiugnu Matdnadeanin
AanalAUADAARBINUNALTNAIAYAINATIN 4.5 UarguRl 4.2 wesndduaunuaninis

anAUFUAUTENINNGULIA

4.6  wansaiuauludunisiseuivatgnusmiudnnesaNnasuUYTY

&

LUUINADI00 190 ULALADS L UUNAYIIUI AU UTNNDS AL INLA DS LUTTUVNAUNTLT WA

v

U TUFATIIE VLRI IRIN AT U Ya89U nsdimesdidyvasdnnese
nnmasuLTTUNiINasagUkuLTBIBUWANITARAUlY Ao W1TTWesUNLNT F9AIUANAIIN
Iy ¢ v I3 = | ' v v s I
niwvesilaiduinesivanuuisiea uardwalagnsaienudutouratlaefinaunldlunis
uuntoya
AIELVARALTING Y waEnanNFIUINNUITeNBUNT UITBTTWdaNAUARN

PIFITADSHANL WU 0.1 FUSUTNNOSALINPBSUITU AU A taSUNsaausulu
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1550N551 W onANIE BN LA LT UTeUTBINSTUIUNTSVAaBILAz L ol AU LY
UsrAnNSAMUe93eNSIUUT a9 lAeulALA B SLUUTAN 8 UT A UTNNE SALINIAB S UUTTU
Jariulufinunmussiunudaursildnnmsseuivarsnuduvdn Weldamisfines
WANLNARINEN FrmasannmeswurTuaunsasusveulansindulafifinnuaude tne

91faNsTIwUNNaUlATIETvRIRILIUTLaINee e Ul B UUNATE 1Y Aekandly

'
a

Un 4.2
Pneumonia Pneumonia
g Normal E Normal
3 cord 3 coPD
Asthma Asthma
Pneumonia Normal 1 COPD  Asthma Pncumonia Normal COPD  Asthma
Prediced label Prediced label
(n) Wuud1ae9 CNN-2L () WUUI1a89 MTAE

Pneumonia

Normal

Actual label

COPD

Asthma

Pneumonia Normal COPD  Asthma
Prediced label

(M) kUU1@D9 MTAE-SVM

A a 6§ o
E‘U‘VI 4.2 WAINYFUFUVDILUUINAD
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. ANGNARY | AULUEN Aula ANAZKUY F1
LLUUQ’]aaq § & 1 ¢ @ ' § & -1 ¢ & '
(1Uastgun) (1WUasgun) (Wasigun) (Wasigun)

CNN-2L 70.64 + 8.66 70.60 = 10.43 | 65.40 + 8.44 65.20 + 8.70
MTAE 89.47 + 4.21 92.05 + 3.15 88.72 + 6.63 89.96 + 5.07
MTAE-SVM 91.49 + 3.03 93.45 + 2.32 91.22 + 4.17 92.13 + 3.14

IR + d3UJ8unLInFIU (Standard Deviation: SD)

A15197 4.6 WAAINANISUTZUUTEANT NNVBILUUTIa09 Fasrenuduaade
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Abstract: Rescarch focuses on the cfficacy of Multi-Task Autoencoder (MTAE) models in sighal
cl

researchers have not thoroughly investigated the study of lung sounds (TS

ification due to their ability to handle many tasks while improving feature extraction. However,

for pulmonary disease
detection. This paper introduces a new framework that utilizes an MTAE model to detect lung
diseases based on 1.8 signals. The model integrates an autoencoder and a supervised classifier,
simultancously optimizing both classification accuracy and signal reconstruction, I'urthermore, we
propose a hybrid approach that combines an MTAE and a Support Vector Machine (MTAE-SVM) to
enhance performance. We evaluated our model using LS signals from a publicly available database
from King Abdullah University Iospital. The model attained an accuracy of 89.47% for four classes
(normal, pneumonia, asthma, and chronic ohstructive pulmonary disease) and 90.22% for three
classes (normal, pneumonia, and asthma cases). Using the MTAE-SVM, the accuracy was further
improved to 91.49% for four classes and 93.08% for three classes, respectively. The results indicate
that the MTAE and MTAE-SVM have a considerable potential for detecting pulmonary diseases from
lung sound signals. This could aid in the creation of more user-friendly and effective diagnostic tools.

Keywords: pulmonary disease detection; multi-task autoenceder; MFCC; audio diagnostics; health

informatics

1. Introduction

Breathing-generated lung sounds (L5s) carry valuable health information [1] crucial
for diagnosing lung illnesses [2]. Given the highly transmissible and potentially severe
nature of many diseases, prompt and accurate identificationis paramount. However, this
task is challenging as I.Ss often occur at frequencies heyond human hearing, increasing the
risk of missing important diagnostic cues, Furthermore, the assessment of LSs, known as
auscultation, by healthcare practitioners is inherently subjective and may lead to diagnostic
errors [3]. To tackle these challenges [4], there is a growing trend towards adopting
computer-aided diagnosis methods. These technologies offer a more objective and reliable
approach to diagnosing respiratory disorders, enhancing the accuracy and cfficiency of
lung disease diagnostics. In this paper, we focus on a framework for detecting pulmonary
discases (I’'Ds) from LS signals, leveraging pattern recognition techniques in the field
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of computer science, This approach falls within the broader domain of symmetry in
computational models.

In recent years, significant advancements have been made in detecting PDs using LS
signals and conventional machine learning techniques. The typical structure of these LS
detection systems comprises two main phases: initial feature extraction and subsequent clas-
sification. During feature extraction, these systems meticulously analyze breathing sounds,
employing various classification models. Previous studies have demonstrated a preference
for wavelet-based features [5-7], Mel Frequency Cepstral Coefficients (MFCCs) [8-11],
Linear Predictive Cepstral Coefficients (LPCCs) [12], bispectrum [8], and Empirical Wavelet
Transform with Fixed Boundary Points (EWT-FBP) [13]. Particularly, MFCCs have gained
widespread adoption due to their exceptional ability to capture crucial spectral character-
istics of LSs, essential for distinguishing between different pulmonary conditions. They
provide a compact yet comprehensive representation of audio signals, facilitating efficient
analysis. Their small size and robustness in noisy environments make them ideal for clinical
settings where LS recordings may contain background noise. In the classification phase,
various meodels including Support Vector Machines (SVMs) [5,12,14], Gaussian Mixture
Models (GMMs) [15,16], k-Nearest Neighbors (KNN) [17], Linear Discriminant Analysis
(LDA) [17], Decision Trees (DTs) [18], Multilayer Perceptron (MLP) [13], Random Forest
(RF) [13,19], Extreme Gradient Boosting (XGBoost) [13], and Light Gradient Boosting Ma-
chine (LGBM) [13,16,17] have been utilized. The choice of classifier significantly impacts
the system’s effectiveness in diagnosing PDs from LSs, underscoring the importance of pro-
ficient feature extraction design. Therefore, the development of these systems necessitates
expertise in feature extraction methodologies to ensure accurate and reliable detection of
pulmonary conditions.

In addition to the classifiers previously discussed, the utilization of Deep Neural
Network (DNN) methods in detecting PDs has gained traction due to their growing
effectiveness [20,21]. A noteworthy development in this domain is the application of
Convolutional Neural Networks (CNNs) for LS analysis, elucidated in [22]. This approach
commences with the extraction of MFCC features, which are then inputted into a two-layer
CNN (CNN-2L) for classification. The CNN-2L has demonstrated superior performance
compared with traditional SVM-based techniques, particularly in distinguishing normal
LSs from those indicative of asthma or pneumonia. This success underscores the potential
of combining CNNs with MFCCs for more precise classification. The CNN-2L serves
as a benchmark model in this study for PDs detection from LS signals. Furthermore,
there has been notable progress in merging DNNs with Hidden Markov Models (DNN-
HMMs), as detailed in [23]. This fusion harnesses the predictive capabilities of DNNs
and the proficiency of HMMs in recognizing temporal patterns, significantly enhancing
classification performance. Another significant advancement is the integration of the
VGGish network with the bidirectional gated recurrent unit neural network (BiGRU), as
proposed in [24]. This hybrid model utilizes Mel-spectrogram features, capitalizing on
the VGGish network’s advanced feature extraction and the BiGRU's capability to process
sequential data. The VGGish-BiGRU model exemplifies the benefits of amalgamating these
advanced neural network architectures, leading to enhanced accuracy and reliability in LS
analysis for disease identification, thereby paving the way for future advancements.

Deep learning algorithms have demonstrated remarkable potential in accurately iden-
tifying diseases from LS signals. However, these systems often focus on single tasks,
potentially overlooking critical information. To address this issue, researchers have de-
veloped Multi-Task Autoencoders (MTAEs), aiming to simultaneously optimize both the
reconstruction fidelity of the input signal and the accuracy of disease classification. This
dual-focus approach ensures not only precise disease detection but also the preservation
of detailed information from the original LSs, essential for complex medical diagnos-
tics. The versatility of MTAEs is further evidenced by their successful deployment in
various domains, demonstrating their robustness and adaptability in handling intricate
data-driven challenges. A notable example is the Event-Related Potential Encoder Network
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(ERPENet) [25], which integrates CNNs with Long Short-Term Memory (LSTM) within
an autoencoder architecture to efficiently compress Electroencephalography (EEG) signals
and extract critical P300 features, essential for tasks like the P300 speller. Similarly, a novel
end-to-end multi-task learning method, referred to as MIN2Net, was introduced in [26],
which represents an advanced MTAE model for independent motor imagery EEG classifi-
cation, outperforming standard benchmarks in brain-machine interfaces on the SMR-BCI
and OpenBMI datasets. Another significant advancement is the multi-task convelutional
autoencoder-based neural network for brain tumor classification, as reported in [27]. Ap-
plied to the Cheng dataset, this method achieves remarkable accuracy, categorizing brain
tumors into meningioma, glioma, and pituitary with a 99.30% success rate. These instances
collectively underscore the sophisticated capabilities and adaptability of MTAEs in man-
aging complex, data-centric tasks. However, their application in PD) detection using LS
signals remains uncharted territory, offering opportunities for significant advancements in
medical diagnostics.

In this paper, we introduce an innovative framework utilizing an MTAE, specifically
tailored for comprehensive analysis of LS signals. This novel framework integrates an
autoencoder and a supervised classifier in a synergistic combination. The autoencoder,
comprising an encoder and a decoder, is adept at creating a latent vector that encapsulates
the fundamental characteristics of LSs. Simultaneously, the supervised classifier interprets
this latent vector to extract clinically significant information. This model meticulously
designs its training process to simultaneously optimize two crucial factors: the accuracy of
disease classification and the fidelity of signal reconstruction. This dual-focus approach
is pivotal for enhancing the model’s capability to accurately detect various lung diseases
while preserving the integrity of the original LS signals. We were inspired by [28,29],
which combined a CNN/Raw Speech-Based Multi-Scale Convolutional Neural Network
(RS-MSConvNet) for trainable feature representation with an SVM as the classifier. This
model was more accurate than CNN/RS-MSConvNet alone, which was mostly due to
its ability to use both the CNN's feature extraction strengths and the SVM's classification
strengths. In particular, the distance between the CNN /RS-MSConvNet features that were
automatically extracted and the trained SVM's hyperplane made it more specific, which
improved its ability to detect. In this paper, we propose a hybrid MTAE-SVM model that
replaces the final fully connected layers of the MTAE after full training, resulting in further
improvements in classification accuracy.

In this paper, we introduce an innovative framework utilizing an MTAE, specifically
tailored for comprehensive analysis of LS signals. This novel framework integrates an
autoencoder and a supervised classifier in a synergistic combination. We chose the MTAE
model for its distinctive capacity to simultaneously improve classification accuracy and
signal reconstruction quality, which is essential for the effective analysis of complex patterns
in LS data. Our model addresses the shortcomings of current methods that concentrate
only on classification, which could miss essential diagnml—ir information compn’sad in the
LS signals. The autoencoder, comprising an encoder and a decoder, is adept at creating a
latent vector that encapsulates the fundamental characteristics of LSs. Simultaneously, the
supervised classifier interprets this latent vector to extract clinically significant information.
This model meticulously designs its training process to simultaneously optimize two
crucial factors: the accuracy of disease classification and the fidelity of signal reconstruction,
This dual-focus approach is pivotal for enhancing the model’s capability to accurately
detect various lung diseases while preserving the integrity of the original LS signals. Our
experimental results demonstrate that the propesed MTAE model achieves greater accuracy
in 'R detection from LS waves, notably outperforming current approaches, including the
benchmark CNN-2L medel. This increase in performance demeonstrates the efficacy of our
method and its potential to advance medical diagnostics.

The salient contributions of this paper can be summarized as:

1. This study introduces the inaugural design of a novel framework utilizing MTAE
models tailored specifically for the detection of PDs from LS signals. To the best of
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our knowledge, this is the first attempt to introduce a framework that integrates both
regression and classification methods for the detection of PDs using LS signals.

2. Weinvestigate our model on the dataset provided by [30] from King Abdullah Univer-
sity Hospital (KAUH). Our framework demonstrates remarkable accuracy, achieving
89.47% reliability in distinguishing between normal, pneumonia, asthma, and chronic
obstructive pulmonary disease (COPD) using fivefold cross-validation on the KAUH
dataset. Additionally, it attains a 90.22% accuracy in classifying normal, pneumonia,
and asthma cases.

3. The MTAE model is further refined by incorporating an SVM method, replacing the
final fully connected layer to classify the automatically extracted features from the fully
trained MTAE. This modified version, referred to as the hybrid MTAE-SVM model
architecture, delivers enhanced accuracy compared with the MTAE classifier alone.
The subsequent sections of the paper are structured as follows. Related work is

presented and discussed in Section 2. The proposed framework is explained in Section 3,

while the experimental setup and the obtained results are deliberated in Sections 4 and 5,

respectively. Finally, Section & concludes the paper and offers possible directions for

future investigation.

2. Related Works

This section offersa concise overview of commonly employed CNN methodologies for
detecting PDs using LS signals, which will serve as our baseline for comparison with our
proposed approach. The emphasis lies on utilizing MFCCs for feature extraction, followed
by CNNs for classification.

2.1. MFCC

The MFCC is pivotal in audio signal processing, especially in capturing the short-term
power spectrum of a sound. Obtaining the MFCC involves a sequence of successive steps.
Initially, the process utilizes the Fourier Transform to generate the power spectrum. Then,
the spectra are mapped onto the mel scale, which reflects the perceived frequency of a tone.
This is followed by logarithmic scaling and ultimately culminates in the application of the
inverse Fourier Transform. The mathematical formulation of the MFCC is presented as,

MECC(i) = Nf log(P(k)) - cos((2k + 1)3), (1)
= 2N,

fori=1,2,...,M,

where P(k) denotes the power spectrum, N represents the count of mel filters, and M
indicates the number of cepstral coefficients.

Following the approach outlined in [31], we resized the initial MFCC images to a
more practical 28 < 28 pixel grayscale format. This resizing was intentionally performed to
reduce computational burden while preserving data integrity.

2.2. CNN-Based Classifier

CNNs play a pivotal role in classifying PDs using LS signals. Following feature
extraction using the MFCC, the processed data are fed into.a CNN, renowned for its
exceptional proficiency in detecting patterns and conducting classification tasks. Specifically
designed to scrutinize the precise features of the sound signals represented in MFCC images,
the CNN architecture comprises convelutional layers, poeling layers, and fully connected
(FC) layers arranged hierarchically. Each layer of the CINN contributes to the detection
process by extracting and enhancing features from the MFCC data, ultimately leading to
robust and precise classification of L.Ss.

The CNN methodology commences with convolutional layers, which utilize filters
on the input MFCC images to produce feature maps, highlighting significant character-
istics in the sound signals. This approach is pivotal for discerning the intricate patterns
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in LSs indicative of various lung diseases. Subsequently, max-pooling layers reduce the
dimensionality of the feature maps, thereby enhancing the computational efficiency of the
network and mitigating the risk of averfitting. The final layers of the CNN are densely
connected, enabling advanced reasoning processes based on the extracted features. These
layers amalgamate information from the feature maps to ultimately classify the LSs, distin-
guishing between healthy and diseased conditions. The CNN architecture configuration
can be observed in Figure 1.
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Figure 1. The configuration of CNN architecture.

3, Proposed Framework

This section presents our innovative approach for detecting PDs from LS signals
using the proposed MTAE medel and the MTAE-SVM hybrid architecture. The method-
ology is structured into three key phases: data preparation and feature extraction, the
design and training of the MTAE model, and the integration of the MTAE-SVM hybrid
model architecture,

3.1. Data Preparation and Feature Extraction

The dataset comprises audio recordings demonstrating various types of PDs, with
each recording indexed by its associated file path and disease label. The preprocessing step
involves applying a Butterworth bandpass filter to the audio data. The transfer function of

the filter is given by,
1
H{f) =————; @

v+ ()
where 1 represents the filter order (set to 12), f is the frequency, and f is the cut-off

frequencies, ranging between 120 Hz and 1800 Hz. Following this, MFCCs, as elaborated
in the preceding section, are extracted from these filtered signals.
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3.2. MTAE Model Architectire

This section presents a novel MTAE model meticulously crafted as a sophisticated
neural network consisting of two primary components: an autoencoder for precise signal
reconstruction and a classifier for accurate disease identification. These elements work in
tandem to analyze LS signals, offering vital insights for advanced medical diagnostics. The
structure of the proposed MTAE framework is depicted in Figure 2.
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Figure 2. The architecture of our proposed framework, illustrating: (a) the autoencoder for un-
supervised feature learning, (b) the MTAE-based classifier for multi-task representation learning,
and (c) the MTAT-5VM hybrid classifier, which integrates MTAL features with an SVM for final
classification.

3.2.1. Autoencoder

The autoencoder, an integral component of our strategic framework, has been meticu-
lously crafted to transform intricate LS data into a condensed, lower-dimensional latent
vector, facilitating swift feature extraction. This transformation process is essential for
capturing inherent patterns within the data, crucial for precise disease detection. The
autoencoder systematically restores the data to their original high dimensionality, thereby
preserving the quality of the signals.

Encoder

The encoder plays a pivotal role in constraining the input data. It adeptly captures and
encodes the most crucial characteristics inte a hidden space representation, a critical step
for effective pattern recognition. This is achieved through a series of convolutional layers,
each activated by a Rectified Linear Unit (ReLU) function, The ReLU function, denoted
as ReLU(x) = max(0, x), introduces non-linearity, enabling the maodel to better analyze
intricate and non-lincar relationships observed in LS data. By exclusively preserving
positive values, this function significantly enhances the model’s learning process and
addresses challenges like the vanishing gradient problem, cemmonly encountered in
DNN training.

Decoder

The decoder functions as the counterpart to the enceder, aiming to accurately recon-
struct the original input from its compressed latent representation. This task is achieved
by employing transposed convolutional layers, each accompanied by ReLU activations.
These layers progressively enhance the resolution of the compressed, data-dense latent
vector to align with the eriginal input, maintaining a high number of dimensions. The
symimetrical arrangement of the encoeder and decoder ensures the retention of vital data
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characteristics, enabling the model to obtain a concise yet comprehensive representation
of the input. This capability proves particularly advantageous for unsupervised learning
tasks, such as anomaly identification and noise reduction in LS analysis, where grasping
the underlying structure of the dala is paramount.

3.2.2. MTAE-Based Classifier

The classifier is intricately linked to the latent vector of the autoencoder and has been
meticulously crafted for the specific task of disease classification. Comprising multiple
linear layers, the system is adeptly structured to interpret the encoder’s output, thus
transforming it into precise disease detection results. The architecture of the classifier is
meticulously designed to enhance its capability to discern subtle variations in LS patterns,
which serve as indicators of different PDs. The output of the classifier plays a crucial role in
computing the cross-entropy loss, a fundamental metric for training and refining the model.
With its emphasis on precision and accuracy in disease detection, the classifier emerges as
an indispensable component in the diagnostic process.

3.2.3. Training Procedure for MTAE

Throughout the training phase, our model is meticulously engineered to achieve
two primary objectives: precise disease classification and effective signal reconstruction.
Through the utilization of a dual-target approach, the model’s ability to generalize to
unfamiliar data and uphold accuracy in disease categorization is enhanced.

The focus of the training revolves around optimizing a composite loss function, which
is defined as,

L = Lyecon + Lflﬂss: (3)

where Lo, represents the reconstruction loss, quantified by the Mean Squared Error
(MSE), and Ly is the classification loss, determined using the cross-entropy (CE) loss,
These components are erucial in steering the model’s learning process:

*  MSE for reconstruction: this loss function evaluates the average squared discrepancies
between the reconstructed signals and the original inputs. It is formulated as,

Lo = 3 L%~ T3 (@

where S is the total number of samples, Y; is the actual signal value, and Y; the
reconstructed version. The MSE is vital for ensuring the model accurately reproduces
the input signals, a key aspect for effective diagnosis.

*  CE for classification: this loss assesses the model’s accuracy in disease classification
and is formulated as,

C
Letges= — E Yoe log(Poc). (5)
(- |

where C is the number of disease categories, y is a binary indicator (1 if the class
label ¢ is correct for observation ¢, 0 otherwise), and p is the predicted probability of
observation ¢ belonging to class ¢. This loss refines the model’s capacity to distinguish
between diseases.

By merging these two loss functions, the model is effeclively guided towards accurate
disease categorization while simultaneously proficiently reconstructing input signals. Im-
plementing this well-balanced strategy is pivotal in crafting a robust model highly suitable
for practical diagnostic applications. This joint optimization implies that the common latent
representation includes features that are both distinctive for classification and informative
for reconstruction, as suggested in [32,33). Consequently, the model augments its capacity
to identify small deviations in LS signals, thereby enhancing classification accuracy while
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preserving high-quality signal reconstruction, which is crucial for the development of
dependable diagnostic tools.

3.3. MTAE-SVM Model Architecture

The SVM-based approach has proven effective in both classification and regression
tasks [34], making it widely applicable across various domains [35-37], including image
classification [38] and audio classification [39]. In addition, the SVM-based method is one
popular method for detecting pulmonary diseases due to its robust handling of complex,
high-dimensional feature spaces, which are common in medical signal processing. Previous
studies [28,29] motivated us by demonstrating the efficacy of integrating a CNN or an
RS-MSConvNet for feature extraction alongside an SVYM classifier. The hybrid models
demonstrated superior accuracy compared with utilizing a CNN or RS-MSConvNet in-
dependently, primarily due to their ability to utilize the advantages of the CNN's feature
extraction alongside the SVM’s classification strengths. The features extracted automati-
cally by the CNN/RS-MSConvNet, when fed into the SVM, leveraged the SVM's ability
to identify optimal separating hyperplanes within the feature space. This improvement
increased the model’s precision and overall detection capabilities. This paper creates the
use of an SVM-based method to classify the features derived from the fully trained MTAE
at the final FC layer. To implement the SVM within the hybrid model, we utilize the Radial
Basis Function (RBF) kernel. The penalty parameter, C, and the optimal kernel parameter,
7, are determined through validation data analysis on the hybrid model, which is trained
using the training data.

The implementation of the MTAE-SVM model, as depicted in Figure 2, involves several
key steps, First, during the training phase, the training set samples are input into the MTAE
model. Once fully trained, the MTAE classifier automatically extracts the relevant features
for each input. We then replace the FC layers with an SVM-based classifier, which learns
from the extracted feature vectors produced by the MTAE. During testing, the fully trained
MTAE processes the samples from the test set to generate feature representations. We then
feed these extracled features into the trained SVM to detect PDs.

4. Experimental Setup

In this section, the datasets used to verify the performance our framework, feature
extraction, and training setup, as well as performance criteria, are systematically presented.

4.1. Database

Two widely used databases for LS classification are the International Conference on
Biomedical Health Informatics (ICBHI) and KAUH databases. In this paper, we employed
the KAUH database to assess the effectiveness of our propesed methods. The primary
reason for selecting this database was its suitability for subject-independent classification
experiments based on fivefold cross-validation, as it includes more than four subjects per
disease category (normal, asthma, pneumonia, COPD). The details of the KAUH database
are shown in Table 1, The objective of this study was to assess the effectiveness of our
proposed approach in identifying PDs from LS signals. The evaluation was conducted using
a publicly available dataset, as cited in [30]. The dataset includes participants categorized
into various health conditions: 35 classified as normal, 32 as asthma, 5 as pneumonia, and 9
as COPD. The LS signal was recorded at a sampling frequency of 4 kHz.

Table 1. The demographic information of the subjects based on the KAUH database.

Pulmonary Disease  No. of Subjects Age R;ngcr Gender (Female, Male)  Segmented Waveform No. (Original LS)

Normal
Asthma
Preumonia

corp

35 15-81 11 female, 24 male 415 (105)
32 12-72 17 female, 15 male 357 (96)
5 36-70 2 female, 3 male 66 (15)

9 42-76 1 female, 8 male 102 (27)
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A crucial preprocessing stage in our methodology involved segmenting every LSsignal
into individual frames. Segmentation was accomplished by employing a non-overlapping
window approach. In this study, we opted for window durations of 4 s due to their
substantial impact on the overall detection performance of our method. Through extensive
testing, the suitable window length was determined to ensure it captured essential clinical
characteristics in the LS signals while optimizing the efficiency of the algorithm. The
quantities of frames with a duration of 4 s are given in Table 1.

4.2. MFCC Configuration

The MFCC was utilized as the primary feature for inputting data into our model.
The coefficients were calculated using frame lengths of 20, 40, 128, 256, 512, and 1000 ms.
Each frame underwent processing with a Hamming window and had a 50% overlap. This
approach resulted in a 13-dimensional MFCC. To investigate temporal changes in the
audio frames, we computed both the delta and double-delta coefficients of the MFCC.
Consistent with [40], we utilized a segment duration of 4 s in our investigation. Following
the recommendation in [31], we converted the 39-dimensional coefficients of the CNN-2L-
based classifier into a grayscale format with dimensions of 28 « 28 pixels. In contrast, our
proposed model utilized the original 39-dimensional coefficients directly as input.

4.3. Network Training

The evaluation models were constructed using the PyTorch v1.10.1 framework and
trained on an NVIDIA RTX3090 GPU with 24 GB of RAM. The training parameters can be
found in Table 2.

Table 2. Model parameters of the MTAE.

Parameters MTAE
Batch Size 32
Epochs 350
Optimizer ADAM
Loss Cross-entropy
Output Activation Softmax
Hidden Layer Activation ReLU

4.4. Performance Criteria

When assessing the classifier’s performance, we employed commonly used metrics
outlined in [41], described as precision (Pr), recall (Re), Fl-score (F1), and accuracy (Acc),
which can be defined as,

TP

r=trep ©)
TP
Re= TP L EN’ 7
Pr = Re
E=p Pr+Re’ ®)
LIPS TP+ TN -

TP+TN+FP+FN’
where TP, TN, FP, and FN represent true positive, frue negative, false positive, and false
negative values, respectively.

5. Results and Discussion

This section showcases the results achieved by our proposed framework, alongside a
comparative analysis of its performance with similar studies.
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5.1. Results Based on MTAE Classification

This section unveils the outcomes of our proposed MTAE module. The subsequent

subsections detail the findings obtained from adjusting the parameter configurations.

The duration of the frame in the MFCC significantly influences the classification
accuracy in deep learning models. Hence, identifying the optimal frame length
for the MFCC is crucial to enhance the effectiveness of our proposed MTAE. This
study employed an MTAE comprising three encoder and three decoder blocks for
regression, with an additional three layers for classification. The architectural and
configuration details of this MTAE are outlined in Table 3. A Learning Rate (LR) of
0.00001 was selected. The experimental results, illustrating the impact of various
MFCC frame lengths on the performance of our MTAE, are presented in Table 4. As
depicted in Table 4, the MFCC with a frame duration of 20 ms in our MTAE exhibited
the highest efficacy in detecting PDs using LS signals. This selected frame length
proved to be optimal as it strikes a balance between capturing spectral details and
preserving temporal resolution, closely resembling the typical duration of a vowel
sound in speech. This duration holds pivotal importance in LS studies, enabling
precise collection of detailed acoustic characteristics necessary for distinguishing
between normal and diseased sounds. Conversely, longer frame lengths tend to
oversimplify these distinct characteristics, leading to a reduction in classification
accuracy. This finding aligns with prior research presented in [28], underscoring its
significance in LS studies for PD diagnosis. Consequently, we consistently adopted
a frame length of 20 ms in the MFCC as the input parameter for our MTAE in all
subsequent tests.

Choosing the LR significantly influences the effectiveness of a deep learning model.
An excessively high LR can cause the model to overshoot optimal weights, whereas
an excessively low LR may lead to slow convergence or becoming stuck in suboptimal
solutions. This study experimented with various LR values, and the results highlighted
in Table 5 underscore the substantial impact of this hyperparameter. Remarkably, an
LR of 0.0001 (LR = 0.0001) achieved the highest accuracy of 81.70%. This LR effectively
adjusted the weights while preventing overshooting. Additionally, employing an LR
of 0.001 (LR = 0.001) resulted in a commendable accuracy of 75.96%, demonstrating
its suitability for the task at hand. However, setting the LR too high (0.01) or too
low (0.000001) led to diminished model performance, underscoring the importance
of careful LR adjustment for optimal training and convergence. Upon analyzing the
results, we opted to utilize an LR of 0.0001 as the default setting for our MTAE in all
subsequent studies, given its proven effectiveness in achieving optimal performance.
The efficacy of our MTAE model is notably influenced by its architecture, particularly
the configuration of encoder and decoder blocks during the regression phase, along
with the number of FC layers in the classification component. The careful selection of
these architectural elements plays a pivotal role in maximizing its effectiveness. We
systematically conducted experiments by varying both the combinations of encoder—
decoder blocks and the number of FC layers to assess their impact on accuracy. The
outcomes of these adjustments, outlined in Tables 6 and 7, provide valuable insights
into the optimal structural arrangement for our model. The results presented in Table 6
regarding encoder-decoder combinations reveal a significant relationship between
model accuracy and architectural complexity. The configuration of 2-2 exhibits the
highest accuracy rate of 89.47%, indicating that a well-balanced level of complexity is
most effective for this model. This implies that having two layers in both the encoder
and decoder achieves an optimal balance between capturing essential characteristics
and preventing overfitting. In contrast, as the model’s complexity increases with 3-3,
4-4, and 5-5 arrangements, there is a noticeable decline in accuracy. This decline is
likely attributed to overfitting, where the model becomes overly attuned to the training
data, thus compromising its ability to generalize. Remarkably, even the simplest 1-1
configuration still achieves a reasonably high accuracy of 88.51%. This suggests that
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minimal configurations can be beneficial, although they are not as favorable as the
2-2 configuration. Based on the insights provided in Table 7, the highest accuracy
is attained when utilizing three FC layers, achieving an accuracy of 89.47%. The
second-highest accuracy, at 87.55%, is achieved with a configuration of two FC layers.
This trend indicates that increasing the number of FC layers up to a certain threshold
can enhance the model’s data classification capabilities. However, the introduction
of additional layers beyond this optimal threshold doces not necessarily lead to per-
formance improvement, as evidenced by the slight declines in accuracy observed for
configurations with four and five FC layers (86.70% and 86.38%, respectively). This ob-
servation suggests the potential for overfitting or a limitation in learning capacity with
additional layers. The model’s performance is most compromised when employing
only one FC layer, resulting in an accuracy of 85.84%,. This underscores the necessity
of multiple layers to achieve effective performance.

*  To assess the effectiveness of multi-task learning, we adapted our model by removing
the decoder component and relied solely on entropy loss for classification tasks. This
modification led to a decrease in accuracy, with performance dropping to 88.40%.
This outcome supports the hypothesis that a multi-task learning approach, utilizing a
shared latent vector, is more efficient in detecting PDs from LS signals compared with
a single-task learning technique that employs a nen-shared latent vector. Such a tech-
nique aligns with similar methodologies outlined in the literature [27], suggesting that
shared representations in multi-task learning may yield stronger and more adaptable
models, particularly in complex tasks such as medical diagnosis.

*  Following thorough parameter optimization, we settled on an LR of 0.0001 and fi-
nalized the design of our MTAE system. This architecture, featuring a 2-2 encoder—
decoder arrangement and three FC layers, corresponds to the design depicted in
Figure 2.

Furthermore, we evaluated the effectiveness of characteristics extracted from the
trained MTAE in discerning various types of PDs in LSs. To accomplish this, we employed
t-distributed Stochastic Neighbor Embedding (t-SNE) [42] for dimensionality reduction
and comparison of raw sound signals, features extracted from the trained CNN-2L model,
and features extracted from the learned MTAE model. We conducted an analysis of the
distributions of four classes using t-SNE, selecting one out of five folds for each analysis.
Figure 3 illustrates the t-SNE-based feature distributions obtained by comparing raw sound
signals, features from the trained CNN-2L model, and features from the trained MTAE
model. Specifically, Figure 3a showcases a noticeable convergence of class distributions
when using raw sound signals, leading to limited distinction among diseases. In contrast,
Figure 3b illustrates improved differentiation across classes using the CNN-2L model, albeit
with some remaining overlap. Figure 3¢ demonstrates that features obtained via MTALE
exhibit clearer boundaries and shorter gaps between different classes, indicating enhanced
potential for effectively detecting PDs from LS signals.

@ rozumonia @ Normal COPD @ Asthma

() (b (©

Figure 3. t-SNE visualization of feature distributions: (a) raw LS signal features, (b) features extracted
from the baseline CNN model, and (¢) features learmed by the MTAE.
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Lastly, to explore the relationship between each disease category, we present the
confusion matrices. Figure 4 showcases the confusion matrices generated by our proposed
framework. The confusion between COPD and asthma primarily stems from the similarities
in their clinical presentations. ITowever, our approach notably improves the categorization
of pneumonia compared with the CNN-2L model, as evidenced by the increased true
positive rate for pneumonia in matrix (b). The suggested MTAE exhibits a high overall
accuracy in predicting the ‘normal” class, while also mitigating the occurrence of false
positives compared with the baseline. This suggests that the MTAE more effectively
captures the unique characteristics of each disease, although it still encounters challenges
in differentiating between diseases with similar symptoms.

Preumonia

Normal

COPD

Actual label

Asthma

Poneumonia Normal  COPD  Asthma
Prediced label

Pncumonia

Normal

COPD

Actual label

Asthma

Pncumonia Normal COPD  Asthma
Prediced label

Pneumonia

Normal

COPD

Actual label

Asthma

Pncumonia Normal COPD  Asthma
Prediced label
(c)

Figure 4. Confusion matrices for {a) CNN-based baseline, (b) MTAE, and (¢) MTAE-SVM. The color

intensity represents the proportion of correctly or incorrectly classified instances, with darker shades
indicating higher values.
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Table 3. Configuration of the MTAE designed for investigating the impact of varying frame lengths

in MFCC analysis.
Module Layer Kemel Layer Configuration Activation
Auto. (Encoderl) Convzd1 3x3 in_channels = 1, out_channels = 16 ReLU
Auto. (Encoder2) Conv2d 2 3x3 in_channels = 16, out_channels = 8 RelLU
Auto. (Encoder3) Convad 3 3x3 in_channels = 8, out_channels = 2 ReLU
Auto, (Decoderl) ConvTranspose2d1 3 x in_channels = 2, out_channels = 8 Rel.U
Auto. (Decoder2) ConvTranspose2d2 3 <3 in_channels = 8, out_channels = 16 Rel.U
Auto, (Decoder3) ConvTranspose2d3 3 < 3 in_channels = 16, out_channels = 1 ReLU and Sigmoid
Class. (Blockl) FC (Linear 1) - in_features = [flatten latent size], out_features =128 ReLU
Class. (Block2) FC (Linear 2) - in_features = 128, out_features =128 ReLU
Class. (Block3) FC (Linear 3) - in_features = 128, out_features = 128 ReLU
Classifier (Linear 4) - in_features = 128, oul_features = 4 Softmax

Auto.: autoencoder, Class.: classification.

Table 4. Effect of MFCC frame length on classification performance in the MTAE model,

Frame Length Acc (%) Pr (%) Re (%)
20 ms 71.28 + 3.30 7440 + 921 52.60 + 611 :
40 ms 61174 5.10 47.60 +£16.58 41.80 + 5.50 40.20 + 6.76
128 ms 56.60 4 1.71 3680 +£11.34 35.40 + 2.30 32,60 £ 2.70
256 ms 55.75 £ 462 33.00 £12.02 33.80 +2.28 31.20 £ 295
512 ms 50.74 + 3.21 2540 + 2.61 30.80 £ 1.48 2740+ 152
1s 5138 £471 2540 = 2,51 3140 £ 2.51 27.80 £ 2.49
Table 5. LR on MTAE-based classification.
LR Acc (%) Pr (%) Re (%) F1 (%)
0.01 4415 £3.63 11.00 + 0.71 25.00 + 0.00 1540+ 0.89
0.001 7596 + 1033 68.60 + 2050 67.20 + 13.94 67.00 +17.59
0.0001 8170 +344 80.20 +5.93 77.20 + 3,56 78.00 + 4.30
0.00001 71.28 +3.30 7440 4+ 9.21 55.60 -+ 5.50 59.20 +£ 7.33
0.000001 46,17 £5.30 18.40 £ 7.40 27,60 £ 3.21 2140 £ 611
Table 6. Performance of different encoder-decoder configurations.
Encoder-Decoder Ace (%) Pr (% Re (%) F1 (%)
1-1 8851 4 7.10 91.60 +£5.13 89.00 + 5.52 89.80 £572
22 8947 +4.21 9205 £3.15 88.72 + 6.63 89.96 £ 5.07
3-3 8170 +3.44 80.20 +5.93 77.20 + 3.56 78.00 £+ 430
44 7287 £10.21 69.60 + 14,84 63.80 +£12.03 64.60 +£12.28
5-5 7117 £9.28 66,60 £ 9.66 65.60 £ 13.58 6540 £11.63
Table 7. FC layer performance.
FC Layers Ace (%) Pr(%) Re (%) F1 (%)
1 85.84 +5.79 91.20 £ 2.77 84,60+ 7.50 86,80 4 536
2 87.55 £1.50 89.40 + 2.88 95,80+ 743 86,80 + 444
2 89.47 £4.21 9206 + 3,15 88.72 + 6.63 89.96 + 5.07
4 86,70 £ 4.86 84,80 £512 8420 £ 7.89 83.80 £ 918
5 56,38 +:2.15 85.80 4+ 3.63 8220 +1.79 83.80 + 148

5.2. Results Based on MTAE-SVM Classification
This subsection presents the results of the MTAE-SVM model. Since the 7 value

significantly affects SVM detection performance, identifying the optimal « is essential.
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Testing 7 values from 0.1 te 30 in 0.1 increments, 0.1 emerged as optlimal, offering the
highest accuracy on the validation sel of the trained hybrid model. The fully trained MTAE
model with ¢ = 0.1 was then used on the test set because the distance between the MTAE-
extracted features and the SVM hyperplane gave the best rate of correct classification.
Figure 5 presents a comparison between the performance of the MTAE-SYM model and
the MTAE model.

A 92.0543.15 93.4542.32
89.4744.21 88724663 89964507 91.40+3.03 91224417 9213314

MTAE

MTAE - 5VM

S90.00

30.00

20.00

10.00

0.00

WAccuracy WPrecision mPRecall @ Floscore
Figure 5. Comparison performance of the proposed MTAE classifier and MTAE-SVM classifier.

As shown in Figure 5, the hybrid model achieved enhanced accuracy, which can be
attributed to its superior decision-making process. The increased distance between the
automatically extracted features from the MTAE and the hyperplane of the trained SVM
resulted in higher specificity compared with the MTAE classifier alone, as summarized
in [25]. This directly contributed to improved detection accuracy, as evidenced by the
greater detail in the MTAE-SVM confusion matrix compared with the MTAE and CNN
methods, as illustrated in Figure 4da—c.

5.3. Comparison with Existing Approaches

In this subseclion, we present a comprehensive comparison between our proposed
feature extraction and classification technique and a range of established solutions. The
evaluation is conducted by comparing the classification accuracy across four disease classes:
normal (Accy ), pnewmonia (Acep), asthma (Accg ), and COPD (Accr), as well as the Overall
Aceuracy (OA) of the system. The comparison of various feature extraction methods and
classifiers for both the four-class and three-class scenarios is provided in Table 8 for the
four-class case and in Table 9 for the three-class case.

Based on the information provided in Table 8, the proposed MTAE and MTAE-SVM
achieve an OA of 89.47% and 91.49%, respectively, significantly outperforming the CNN-2L
and EWT-FBP with LGBM, which attain OAs of 70.64% and 77.13%, respectively. These
results highlight the superior eapability of the MTAE and MTAE-SVM models in effectively
capturing essential features for disease classification, leading to improved performance
across multiple classes, The approach we propose demonstrates superior performance com-
pared with allernative methods by utilizing the strengths of the MTAE's effeclive feature
extraction alongside the strong classification abilities of the SVM. The MTAE model boosts
feature learning through the simultaneous optimization of signal reconstruction and classifi-
cation tasks, leading to the development of more distinct features. The incorporation of the
SVM enhances classification performance by adeptly managing the representative features
from the MTAE and optimizing the margin between classes, resulting in improved accuracy.
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Table 8. Comparison with some systems for four classes.
Feature Extraction Method and Classifier Accy (%) Accp (%) Accy (%) Acce (%) OA (%)
MFCC and CNN-ZL, as in [31] 78.50 62.50 67.40 5244 70.64
EWT-FBP and LGBM, as in [13] - - - - 77.13
MFCC and MTAE (ours) 9277 83.33 86.83 89.22 8947
MFCC and MTAE-SVM (ours) 93.73 90,91 $9.64 89.22 91.49

Table 9. Comparison of feature extraction methods and classifiers for three classes.

Feature Extraction Method and Classifier  Accy (%) Acep (%) Accy (%) OA (%)

MFCC and CNN-2L, as in [31] 85.30 4001 64.79 7231
MFCC and DNN-HMM, as in [24] 86,30 8462 75.93 5273
EWT-FBP and LGBM, as in [13] 77.58 100.00 76.72 84.76
MFCC and SVM, as in [24] 83.61 81.84 77.16 52.64
MFCC and KNN, as in [24] 76.67 7222 66.67 72.05
MFCC and RF, as in [24] 80.28 79.27 59.26 73.96
Mel spectrogram and DNN, as in [24] 7444 78.85 7840 77.34
Mel spectrogram and LSTM, as in [24] 92,50 83.33 80.25 85.33
Mel spectrogram and GRU, as in [24] 92.22 81.41 78.70 83.94
Mel spectrogram & BiLSTM, as in [24] 94,44 84,62 79.63 86.28
Mel spectrogram & BiGRL, as in [24] 91,94 86.75 8333 87.41
MFCC and MTAE (ours) 93.01 §9.39 57.11 90.22
MFCC and MTAE-SVM (ours) 93.73 96.97 91.60 93.08

In the three-class classification task, as presented in Table 9, our proposed MTAE
and MTAE-SVM systems achieved OAs of 90.22% and 93.08%, respectively, surpassing
several well-known methods. The strong performance of the MTAE can be attributed to its
multi-task learning approach, which effectively captures key MFCC features. Additionally,
the hybrid methodelogy employed in the MTAE-SVM enhances performance, particularly
in scenarios with limited training data, by fully leveraging the strengths of the MTAE. The
impressive results of our models originate from their capacity to effectively learn complex
patterns in LS signals and classify them with precision, a process further improved by the
working together integration of the MTAE and SVM. This leads to enhanced precision in
identifying PDs when compared with current methods.

6. Conclusions

In this paper, we introduced a novel MTAE medel tailored specifically for the detec-
tion of PDs through the analysis of LS signals. The model employed a unique training
approach that simultaneously enhances both classification accuracy and reconstruction
quality. This model proposal has the potential to improve the efficiency and flexibility of
audio-based medical diagnostics. The experimental findings demonstrate that our MTAE
model outperforms CNN-2L and other existing systems in OA, achieving 89.47% accu-
racy in four-class disease classification and 90.22% accuracy in three-class classification.
Furthermore, the MTAE-SVM could enhance the accuracy further. The accuracy could be
improved to 91.49 % and 93.08 %, respeclively. The remarkable putcome underscores the
MTAE model’s ability to capture the intricate and distinctive characteristics necessary for
precise categorization of PDs. By fully using the strengths of the MTAE model, the hybrid
approach of the MTAE-SVM also improves performance, especially when there are not
many training data.

However, our study has certain limitations that need to be acknowledged:
¢ The model was evaluated using a specific dataset from KAUH, which may limit the

generalizability of the results to other populations or recording conditions.
¢ The performance of the model relies on the availability of large numbers of labeled

data for training, which can be challenging to obtain in medical settings.
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*  The model has not yet been implemented or validated in clinical settings, which is
necessary to demonstrate its practical effectiveness in diagnosing PDs.

In future research direction, we plan to collaborate with healthcare institutions to test
and refine the model in real-world scenarios, which will help demonstrate its potential in
effectively diagnosing PDs. Additionally, we will explore the effectiveness of integrating
phase feature extraction [43,44] and multi-scale CNNs [28] to improve our proposed MTAE
methods. Furthermore, we will utilize score aggregation [45] to complement our suggested
MTAE model with other classifiers.
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