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OZET

Bu -al ekxkmaneéen amac e, gebel ik d°nemi nde é
dejerl endir mek, il kKT ri sk faktorlerini 0
ulusl ararassesajil agnatkregekatk&te yapél acak ar
ol uktur makt éer . Bu -al ek ma, gebeli kte Srinei
y°netimine ilikkin literat¢greéegn incelenmesin
pl ankaamé KIlgil:i -al ekxmal ar ; gebeli k s¢reci |
°nl eme yakl akémlareéné i-erecek «kekilde si st
-al ékmal ar , gebeli k d°neminde | KOni dibiyaygén
sajl ek sorunu ol dujunu ortaya koymaktader.
psikolojik ve sosyal boyutl arda ol umsuz etk
dejerlendirildijinde; ileri iaheeinaeé&siy{NKe&
s¢recinde akéreée kilo aleme ve -ocukluk -aje
Pl kkio ol duju saptanméxkteér. Gebeli kte | KO
egzersizleri birinci basamak ve enetkbik uyucu yakl akém ol arak ©°ne
deneti mli egzersiz programlarénén yaneée SEer
t¢eketi minin sénérl andeér él mase vV e sigaranén
sempt oml ar &én naezardlit é&lonha soéynndaama®k t adér . Ayr éca,
taraféndan sajl anan er ken d°nem ejitim ve
kroni kl ekmesi ni °nl emede kritik °neme sahipt

Anahtar Kelimeler : Gebelik; Griner inkontinans; pelvik taban legzersizleri
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AWARENESS, RISK FACTORS, AND PREVENTIVE APPROACHES TO URINARY
INCONTINENCE DURING PREGNANCY: A DESCRIPTIVE REVIEW

ABSTRACT

This study aims to evaluate awareness of urinary incontinence (Ul) during pregnancy, identify
associated risk fagts, and contribute to the international literature by providing a scientific
basis for future research. This study was designed as a descriptive review based on the
examination of the existing literature on the prevalence, risk factors, and managemnieiairpf
incontinence during pregnancy. Relevant studies were systematically reviewed in terms of the
frequency of Ul, contributing factors, and preventive strategies during the gestational period.
The findings indicate that urinary incontinence during peegy is a common yet frequently
overl ooked health probl em. Ul has been shown
in physical, psychological, and social dimensions. Analysis of maternal risk factors revealed
that advanced maternal age, highgestational body mass index (BMI), excessive gestational
weight gain, and a history of childhood enuresis are significantly associated with the
development of UI. Pelvic floor muscle exercises are considered thinfrsind most effective
preventive apmach for the management of Ul during pregnancy. In addition to structured and
supervised exercise programs, lifestyle modifications such as weight control, prevention of
constipation, reduction of caffeine intake, and smoking cessation play a crucialreslacing
symptom severity. Furthermore, early education and pelvic floor assessment provided by
healthcare professionals, particularly midwives and nurses, are essential in preventing the
chronicity of UL

Keywords: Pregnancy; urinary incontinence;lyae floor muscle exercises

1. GKRKKk
Gebeli k d°neminde idrar ka-érma [¢riner 0 nko
g°r ¢l en ancak sékl ékla g°z arde edilen ©°nem
Literatg¢rde, gebaEnk®wed) KI prewvyal araséenda dej
yak ilerledik-e, czelli kl e ¢-¢é¢nce¢g trimesterd
Zhang, vd., 2023; Moossdotfiteinhauser vd., 2021; Parlas & Bilgic, 2024; Zhu vd., 2025).
Gebeli kte en sék karkélakeéelan | K tipi stres
hapkérma veya fiziksel aktivite gibi I ntraat
ka-érma il e karakteri zedi-$teinpadssevd.A2021;/Rajavuovi d . , 2
vd. , 202 2; Sun vd. , 2025) . Yapeéel an -al exkmal a
I

S| Kénin t¢gm vakal arén %756inden fazlaséné o
2023; Jung vd., 2024; Wang vd., 2022).
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Urinernkont i nans, yalnézca fizyolojik bir sorun
-ok boyutlu olarak etkileyen bir durumdur. |
iyili k halinin anlamleé d¢zeydepeen&hangnvd. r@23;et ki |
Par |l as & Bilgic, 202 4; Wang vd., 202 2; Zhu
keséetl anma, ut an - duygusu, ©zge¢éven kaybe

i li kkil endir i l-Bteikhausedvd.r2021;NRarlasilgial 2024f Xu vd., 2023;

Zhu vd. , 2025). Bunun yanée séra | Ko6nin, nok:t
cinsel sajl ek ¢zerinde olumsuz etkiler yarat
yol a-abil diJ i ad&eBilgicr2024; Wang kdt, 2082).r ( Par |

1.1. Etiyoloji: Gebelikte ¢riner inkontinans
ol up, bakl éca anatomi k ve hor moh@ienvd.02R;k i k1 i
Parlas & Bilgic, 2024). Geel i Jin il erl emesiyle birlikte Db
dojrudan basé uygul amasé, mesane kapasitesin
Rajavuori vd., 2022; Ryhta vd., 2023; Zhang vd., 2025). Azalan mesane kapasitesi ve artan
intraabdominh baseén-, pel vi k taban yapéel ar é czer

mekani zmal arénén zayéfl amaséna ve kontinans
2024; Parlas & Bilgic, 2024).

Hor monal deji ki kl ikl er odyen & nka kgted d &ri .mi Giedbee I°inke
relaksin ve progesteron hormonl ar é, pel vi k
gevketici etki g°stererek destek mekani zmal a
Av c é, 2024; J u wdy, 2023j Zhang 2d0 2025). Oxebikie gelaksin hormonu,
dojuma hazeérl ék s¢recinde baj dokul aréné e:
stabilitesini azaltarak stres ¢riner inkonti
2024; Zhang vd 2025).

Bunun yané séra, artan uterus ajérleje ve h
taban kaslarénéen (°zellikle | evator ani k as
etkilemektedlr. Pel vi k t ashiayno nked s lyaertéenrdsai z2 a yké
yapélarén arta tolere edememesine ve Kk
& Erim Avceé, 2024; Parl as & Bilgic, 2024 ; |
i ki kl i kler, i | er i deg festgklertmgktee olup, Uy “%boyutle ml e r
rasonografik dejerl endirmel erde gebel ik
t

erilmiktir (Parlas & Bilgic, 2024; Sun v

-}
<
o

=~
o

Tané ve Dejerlendir me

ebeli kte ¢riner i nkaoynrtéinntaénl seé e( |SK)s tteamaét i akn nh
s¢recini gerektirmektedlr. Bu kapsamda °ncel
idrar ka-é@rmanén zamaneée, ékl éeje ve tetikley
gibi) dikkatlesog ul anmal édér (BaSS|n vd. , 2025; Mac Ar
vd. , 2023) . Bu dejerl endir me, P K tipinin k

pl anlanmasé a-éséndan kritik °neme sahiptir.

Semptomlarén objektif éylaa akéwéejaelrédrmander i B ke
°neril mektedir. Bu dojrul tuda, kadénl aréen g
i nkontinans epi zodl ar éné kaydetti kIl er.i m e
nesnell exktiril mesi natekiylaiy g&ma -oll arr cagkr kuMd amrétl
vd., 2023; Woodley vd., 2020).

Yakam kalitesinin dejerlendiril mesi de tane
ulusl ararasé ge-erlilijJi ve g¢veni |zeliklei Joi k 8
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International Consultation on Incontinence Questionnditenary Incontinence Short Form

(ICIQ-UI-SF), semptom «kKiddetini v e i KOnin bireyi |
dejerl endirmede altén standart ektedir-(Jaffarvd.r a- | ar
2022; MacArthur vd., 2025; Wang vd., 2022; Zhu vd., 2025).

Gor¢ntegleme yontemlerdi de tané ve dejerlendi
boyutlu (3D) transperineal ul tr asorklklgrinaf i, P
ve pelvik organ prolapsusunun dejerlendirilm

yatan mekanizmal arénén anl akél maséna yardeémc
1.3. Risk Faktorleri

Literat¢rde, gebeli kte kat he
mat ernal ve yakam tarzéna ba
dejerlendiril mesi, ri sk al t
takémaktadeéer .

ibklommnamansk (3
€ risk fakt?©oryg
daki gebel erin

etri kel®ykki¢gmi njdle doelirl eyici fakt©orl
ki gebeliklerde idrar ka-érma °ykg¢s
el 1 ki mi i-in en g¢-1 ¢ predi kt©r 12025d e n
as & Bil gi 2024; Raj avuor.i vd. , 2022;
i k taban s erindeki k¢e¢megl ati f oy
S

t r
e

g

I

% z

roi di r (2B24;sLsGhen, Ludvd., 202!
3 .

u

K

r

u

°0
S5 o
o wn

erden
s é bul
e bi

X MacArthur vd., 2025)
asl aré ¢zerindeki trav
ecudbjumen kkeasmen ol a
an & Erim Av 24 ; Jung vd. , 2024; R
m veya forseps gibi m¢gdahaleli dojumlar,
a-ar a&r tl &r mdktkadcdr (Jung vd. , 2024; Raj i
i k1 e
e

O< <—~XxaN--"T T~

tasyonel yak il erledik-e, °czell &= éno
pel vik tabana binen y¢k artmakta v ' K preve
2024;Mao vd., 2024; Parlas & Bilgic, 2024; Rajavuori vd., 2022; Sun vd., 2025; Yang vd.,

2023; Zhu vd., 2025).

Maternal °zelli kler de | K gelikiminde °©°neml
( VKK) , czelli kle pregest asky ongr e sdi°nnceemdaK €orbee
intraabdominal baséncé artérarak pelvik tab:
rlsk ni arteéermaktadér (Bassin vd., 2025; Bur
vd. , 2022; Sun vd.doka025)astKlkaryietamme wamké nm
gel i kimi a-éséndan ©°neml. bir risk fakt°rg¢ o
Jung vd. , 202 4; Raj avuor.i vd. , 202 2; Sol i man
endrezisi oykisudbbl unan kadénl arda gebelikte | K g°r ¢l
bildirilmektedir (Rajavuori vd., 2022; Wang vd., 2022).

Yakam tarzé ve exlik eden klinik durumlar d
Kroni k kabeé ek rwmeej k momsiikg a%las krugk ah® ména ba
czerinde s¢ ' basén- olukturarak bu yape
yakl akék iki d. ,
e [
k I
r

)
a
i

[

t artérmaktadér (Bassin
2021). Kafeini - er eceklerin (kahve ve -ay bi )
detrusor da er ken kaseél mal ar a y
kol ayl akt é mektedir (Wang vd., 2022
oykisto | an gebelerde i K semptomlarénén da
2023; Jung vd., 2024; Wang vd., 2

Vv
g
0 &
) - Ay
ha sé

o
N
N
~
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Bununla birlikte, sedanter yakam tarze | K i -
fiziksel aktiviéeereéehvmerzpeél vkket ghpel Rad egze
koruyucu et Kki g°®stermektedir (Bassin vd., 2 C
Zhang vd., 2025).
¢izelge 1. Gebelikte jriner Knkontinans K-in
Séenéf R sk Fak Sonu-1| ar & Kaynakl| &
Obstel¥ncek I KGebel k °ncesMacArthur
Fakt?© gebel kl erde |[Parl as & B
gé¢-1 ¢ pred ktRajavuor
Wang vd. , y
vd., 2025

Par( doej umArtan dojum g9Bass n vd.
sayése) taban hasaréen& Er m Avcé
Chen, L u,
Elb ss vd.
MacArt hur

Dojum kKeklVaj nal dojunBuram &n RAv
sezaryen ésn2024,; Jung
ol ab | r Raj avuor
Wang vd. , y
M¢dahal el|lPel v k taban|Jung vd.,
(vakum/ fool ukturur Raj avuor
Wang vd. , y
Gestasyon;-¢nceg tr mesdJung2024,; |
vd. , 2024,
B Ilg c, 20
vd. , 202 2;
2025; Yang
Zhu vd. , 2
Mater|Y¢ksek VKKntraabdom ngBass n vd.
Fakt?©° artérarak pell& Er m Avcé
zayeéefl ater Jung vd. ,
Rajavuor
Sun vd. , 2
KIl er annDoku el ast k |Buran & Er
| e I Kk | g2024; Jung

Rajavuor
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Sol man vd
vd. , 2025

¢cocukl uk

' K gel pkrend s|Rajavuor
en¢grez s |fa

ktordge¢r Wang vd. , y

YakamKron k kaPelv k tabandgBass n vd.

Tar z é ol ukturur vd. , 202 3;
K n 202 4; Poud
Fakt©°

Kron k °kPelv kstab&m¢Bass n vd.
S gara zayefl at eéer vd., 2023;
2024; Poud

Kafe n t¢Mesane rrt
detrusor akt

Wang vd. , y

a)

Tekrarl ayl] K semptomlanEl b ss vd.

vd. , 202d .,
2022
Sedanter Pelv k taban|Bass n vd.
katkéda bulun& Er m Av Cé
Ryht? vd.,
vd. , 2025
F z ksel Pelv k taban|Bass n vd.
(koruyucur sk azalten& EAvme, 2

Ryht?& wvd.,

vd., 2025
1.4. Onlenmesi ve Yonetimi
Gebelikte sriner I nkontinansén (1 K) °nl enm
dojrultusunda -ok boyutl u m¢dahal el er i i - e
egzersizleri, fiziksel aktivite, ybhrae&@®d t ar :
uygul amal arée temel bil ekenler ol arak ©°ne -ék
1.4.1. Pelvik Taban Kas Egzersizleri (PTKE/ Kegel Egzersizleri)
Pel vik taban kas egzersizleri (PTKE), gebel:
en etkili koruyucu yontem olarakabul edilmektedir (L. Chen, Zhang, vd., 2023; Jung
vd. , 2024, Xu vd. , 2023) . Erken gebeli k de°r
programlar éeneéen, gebelijin ilerleyenid®nemler
62 oranénda az al(Ryhtaad. &023).iBu egzersizldr,riretiatvajidaive
an¢gs¢ -evreleyen pelvik taban kasl arénén i s
dayanmaktadér (L. Chen, Liu, vd., 2023). Gg¢n

sette 81 2 t ek r ar awmesitd s@mniye Kuedgri@nhesn onerilmektedir (L. Chen,
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Liu, vd., 2023) . Egzersiz sérasénda nefes t
manevralardan (°rnejin ékénma) ka-éneéel mal édeé

Kegel egzersizi adimlari

e ; e T YR

I olarok petvik taban Peivik taban kasianna 3 saniye skn
Kaslarmzm yorind tespdt odfn, | Ve ardindan 3 2aniye geveatin

x 10 - e
d_Ba | oM.

BU hareheti 10 kez By setl biv sabah Zamania séma vo
ek adin, bir de akgam GrVgeIme siresing
{1 sat) Tokrar adin rem,

Gorsel 1. Kegel Egzersizleri
Kaynak:https://www.sezaileventoglu.com/blag/pelvik-tabanegzersizlerkeget
egzersizlersaglikli-bir-yasamicin-guclu-bir-adim

1.4.2. Fiziksel Aktivite ve Gebelik Pilatesi

D¢zenlii vV e deneti mli fiziksel aktivite, b
oynamaktadér . Gebeli kte haftadakenviaze 16¥¢ rd
aerobik, direng ve denge egzersizleri) énerilmektedir (Zhang vd., 2024, 2025). Ozellikle gebelik

pilatesi, pelvik taban kasl arénén g¢-1lendiri
28. haftaséndan itabaked hygguhasmgnenvepiylakt es
gebeli kte hem de postpartum d°nemde | K ki dd
(Buran & Erim Avce, 2024) . Ayréca bu te¢r eg

taban lzerindekimekni k y¢k¢ azaltmaktadér (Buran & Er |

Gorsel 2. Gebelikte Pilates

7
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1.4.3. Yakam Tarzé Dejixkiklikleri

Dejiktirilebilir risk fakt°rlerine y°neliKk
azaltabilmektedir (Bassin vd., 2025). Bu kapsatndal o kontr ol ¢, kabézl éej
t¢eketiminin azaltél masé ve sigaranén bérakeée
¥zelli kle y¢ksek pregestasyonel v¢gcut kitle
onemli risk faktorlerio | u p , sajl ékl é& kilo araleéjénén kor:
kritik 6neme sahiptir (Bassin vd., 2025; Wang vd., 2022).

Kroni k kabéezléek ve buna bajlé ékénma, pelvik
yapélarén zayémakmasdema (ke¢dbess vd., 2023; Po
Liften zengin beslenme ve yeterl] séveée al ém
2024) . Kafein i-eren i-eceklerin (kahve ve -
acabile ej i nden séneérl andérél masé ©°neril mektedir
2023). Sigara kullanéemé ise kronik °ksg¢gr e e
pelvik taban yapélarée ¢zerinde olnunbséuza keatl kma
°neml i bir koruyucu yaklakémder (EI biss vd.,
Mesane ejiti mi de davranéxksal tedavi y°ntem
- ékma, idraré wuzun s¢re tutmama ve dojru n
i -ermektedir (Mao vd., 2024, Sol i Aantrol vd. ,
becerilerini geliktirerek semptom y°netimind
1.4.4. TeknolojjveOBak ém Progr aml ar é

Son yéllarda gedéstkeklrii |l pakltekédmll o, | K y°nei
cstl enmektedir. ¥zellikle gebelere y°nelik g
AKEPTO) , pel vik taban egzersizlerine uyumu &
Bu uygulamalard oj ru egzersi z tekniklerinin °jJretil
d¢zenld i uygul amanén tekvik edil mesi ve sempt

(L. Chen, Zhang, vd., 2023; Zhu vd., 2025).

Uygulamadestekliéb ak ém prodKamleampémoméenn ki ddetini azal't
Pyilektirdiiji g°sterilmiktir (L. Chen, Zhang
i keme ve idrareée ertelememe gibi davraneéexksal
edilereks empt om y°neti minde etkinliji arteérmaktac
2023).

2. EBELKK BAKI Ml

Gebeli kte ¢riner i nkontinanseén (| K) °nl enme
ebeler ve hemkireler tagjaifteinmawe sadhanmanlea
Bil gi c, 2024 ; Sol i man vd. , 2023) . ' K sempt ol
ol arak al géel anmaseé, kadeénl arén sajl ék hizme
sorunun g°z ar dée eldedit(Im€ren, shang, v, Q0231 Padds & Bilgid, m
2024) . Bu nedenl e, sajl ék profesyonellerini
takémaktadeéer .

Ebel er, prenatal bakéem s¢recinde | K sempt oml
alem |l e semptomlarén varl éjéenée, sékléejéené ve
bu durumu normall ektirerek 1 hmal et melerinin
ve kanéta dayal é m¢gdahal el er b akR®mPaslags &e ci ne
Bilgic, 2024) . Bu kapsamda, pel vi k taban kz
uygul anmasénén iz|l enmesi ve bireysellextiril
bakéménén temel unsurl aré arasénda yer al mak
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Erkend° nemde sajlanan ejitim ve pelvik taban
°nl emede hayat.i °neme sahiptir (Parlas & Bi
°yKke¢se bul unan, y ¢ ksek pariteye sahip ol ar
gergkl extirmik kadénl ar y¢ksek risk grubunda
ve hedefe yonelik midahalelere 6ncelik verilmelidir (Wang vd., 2022).

Ayréca, teknol oji dest ekl i yakl akémlar ebeli
d eeflendiriimektedir. Mobil uygulamalar ve dijital izlem sistemleri, gebelerin pelvik taban kas
egzersizlerine uyumunu arteérmakt a, dé¢zenld i I
davranéek deji ki klijini dest e KfarednaoRa, zhdvdr, ( L.
2025) . Bu t ¢r yeni |l i k- yakl akéml ar én ebel
s¢rdegreglebilir ve etkili sonu-1lar el de edilm
3. SONUC¢CLAR VE DEjERLENDKRME

Gebeli kte ¢riner pnkovatianaesa(fyH) mensgke&kekl
kadénl arén yakam kalitesini -ok boyutlu ol ar
l'iterate¢r, | Kénin gebelik s¢recinde artan fi
olarakgek t i i ni ve °zellikle ¢-¢nc¢ trimesterde
Bu derl emede el de edilen bulgular, | K geli«ki
yak, v¢gcut kitle indeksi ve pnakdgmntamg?atfealknt
¥zelli kle gebelik ©°ncesi veya °©°nceki gebel |
fakt°rl erinden biri olarak °ne -ékmaktadeéer

' Kénin °nl enmesi ve y°netiminde pelvik tabar
birincibasamak yakl akém ol arak kabul edi |l mektedi
sajleklée kilo y°neti mi, kabéezl €] én °nl enmesi
berakeéel masé gi bi yakam tarzé denemliik | iklalt &ré
sajl amaktadér. -Bekemloygudaemakatée 9e mobi l S
uyumu artéran yenil i k- yakl akémlar ol arak d
Ebeli k bakéménén bu s¢re-te mbekiezreber tat g
sajlanan erken d°nem ejitim, rutin tarama ve
erken tanélanmasé ve kroniklexkmesinin °nlenmnm
Sonu- ol arak, gebeli kte | Koésnajnl é@jhémasl o reudn u noelm
tané ve b¢tégncgl bakém yakl akéemlaré il e °nl e
dojrul tuda, klinik wuygul amal arda farkéndal e
yaygénl aktérél masée. bAyskcé@nemetagekmbat gdeel .
mer kezl i -al ékmal ar én, P KOonin y°neti mine
dekenegl mektedir
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DOJUMDA S| REKDEKSEBEKNKN MATERNAL VE NEONAT
SONUCLARA ETKKSK: YAPILANDIRILMI k BKR DEJ

YI . ¥jr., Neb ye Gg¢l Kk ENEL
Karab¢k | n vers tes
neb vyvegul b<@0ngaD @O BBn8 9

Do - . Dr . , Ayke C¢UVADAR
Karab¢k | n vers tes
aysecuvadar @kOaOraad @ ® 1085d7u6. t r

ET

-al ekmanén amacé, d o] udre sstgerje cn nrd emastaq rl manle
nu-1ar czer ndek etk | er n dejerlend rm
er ndek katkelaréné ortaya koymakteéer . Bu
S stemat Kk der|l aynehaen ntanamkehgaédmes bna o
anl anméxkt eéer. Kl g | -al ékmal ar ; dojumda s
kem alan kadénl arén karkeéel aktérél deje ar ack
jum s¢res ,, odbosjtuent rk &klm¢gdahal e oranl ar é,

nu-|laré ve maternal memnun yet d¢ezeyl er

res nce sajlanan sg¢r ekl ebe destej n n n
zeyde dleumlsuajedtakdé] éné g°stermekted r. S¢r
res n n keéesal déj e, spontan vaj nal dojum
dahale oranlarénén azal déjé bel rl eumm kKt r
ney m ne I Kk n memnun yet d¢zey n n art
jerlend r | d J nde se yen dojanlaréen APGA
kem ¢n tes ne yat éK oranl arénény azal daj a
rél megktgr. Dojumda s¢r ekl ebe deste] her
|l ekt ren, g¢venl ve et k | b r bakém yak
Kta ol mak czere ulusl ar gmrake r ehrmd relsgro,n e |
ygénl aktéeréel maséné °nermekted r. Sajl ék s
n dojan sajlejenéen gel Kt r | mes ne °neml

ahtar KBo]j wmmleyl em , s¢reklu- leabre, dneesotneajt a,l

neta dayal é bakeém
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THE EFFECT OF CONTKNUOUS MKDWKFERY SUPPORT
MATERNAL AND NEONATAL OUTCOMES: A STRUCTUR

ABSTRACT

Th s study a ms to evalwuate the effexns of

mat er nal and neonat al outcomes and to expl ol
ch I'db rth exper ence. Th s study was des gn
of current research and systnenautd ecd rsetw de vess
women rece V ng cont nuous profess onal sSup|
car e. The evaluat on focused on |l abor dur &
ntervent ons, analgesanewusal ®sabnatac¢ct oobhclh
stud es nd cate that cont nuous m dw fery s
on both maternal and neonat al out comes. Wo m
| abor durat fonspdntghhrereousateasg onal b rth, and
and other obstetr ¢ ntervent ons. Add t on:
ncrease n maternal sat sfact on w th the
neamd out comes, h gher APGAR score values,
adm ss ons, and mproved neonat al adaptat or
dur ng | abor s a safe and effect mNeomatr &l a
health outcomes. Accord ngly, Worl d Heal th
recommend the w despread mpl ement at on of
ch I db rth. The ntegrat on odonthr sbatperoagmh
t o mprov ng maternal and neonat al heal t h.
KeywoLabor, cont nuous m dw fery support, m
ev deased care

1. GKRKEk

D¢nya Sajléek ¥rgete (DS¥), dojumunkagdendar é
k omp | kasyonsuz ol arak ger-eklekeb |l en f zyo
g°re poz t f dojum deney m ; kadenén f z kse
saygeéele ve b reysellexkt ekl mrefbalkemehl sunulb
e Kl k ett | , kadenéen bekl ent vV e nan-1ar é
sonu-lanan b¢t éencgl b r s¢ére-t r ( DS ¥, 2018)
ol ay dej |, aynk Bamaddaepysmkobdsjyanu vurgu
dojum -ojunlukla olumlu b r yakam deney m (
kontrol kaybée h ss ve yalnézlék korkusu g b
zaman tbhavmaend&ky me d°n¢igkeb | mekted r. ¥zell
yakanmas é, dojum s¢grec ne Il kk n b I g eks
ol umsuz algélanmaséna yol a-ab | mekteda r. Ay
dojum s¢grec nde kadéenl arén ps kol oj k yeékeny
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sunul an profesyonel dest ek, kadeénén dojum d
olarak °ne -ékmaktadér (C°mert wvd., 2025).
Tar hsel S¢raen tseerlasceerdlaar- odajind ukl a d jJer kai
bu destek dojumun dojal b r par-aseé ol arak k:;
bu yakl akém, dojum yapan kadénéen f z ksel,
kes zntolsarak karkél anmaséneé fade et mekted r.
hastane ortaména takénmaseéeyla b rl kte, doj
azal mék ve b r-ok sajlék s stem ndeé., s20-h.
Gé¢negmegzde se d¢e¢nyanéen pek -ok ¢l kes nde do]
ebe | derl J nde yg¢regteéel en bakém model |l er y
Kanét temell -al eékxkmal ar , dojumda s¢r ekl e b
gé-1 ¢ b r °ner d¢zey ne sah p ol dujunu ort e
kull anéménén azal masé, dojum mgoeanhanéeresaad
obstetr k m¢dahaleler n azal maseé, yen doj an
depresyon ns dansénén azal masé ve maternal
yenl ¢ olumlu etk | er sajl2a0dle7)é. bN ltde kr nh mR2XK¥ G
yél énda yayémladéejée Aolumlu b r dojum deney
s¢rec nde her kadéna en az b r ebe tarafénda
2018) .

2. S! REKLK EBE DESTEJK NEDKR?

Knslkanktar h boyunca kadeéenl ar gebel k, doj ut
berakeéel mamécxk,; bu s¢re-l erde deney ml kadeéenl
Bu dest ek, dojumun doj al b r par-asé ol ar ak
daha g¢venl ve y°net | eb | r hale get rm kKt
gebe odakle b r yakl akémé temel al makta ol ug
b reysellexkt r I m kK b r bakém sbrmaygebama-
b I g Il end rerek hem doj um sé¢rec ne akt f
kompl kasyonl ar ve r sk fakt°rler n n erken
(Y¢gcel, Tak ve Ekk ojlu, 2022).

Y rm nc yé¢zyéeélagre norbt al-arké ngdlaknedet doj uml ar ér
ortaména takénmaséyla b rl kte, dojum séraseée
st sna b r uygul ama hal ne gelm Kt r. Ance
daha olumstmeshale ¢ kKkk n kaygélaré da berabe
s¢rec nde yen den s¢r ekl ve b re b r deste]j
vd. , 2017) . N tek m yapélan -al éxkxmalear,, k a
duygusal, b Ig Il end r ¢ ve prat k gereks n
ht ya- duydukl arénée ve bu deste]j ol duk-a d
Khashol an, El Nemer ve Bashour, 2015) .
Dojum desta@jpjumgerreldof um sonrasé d°nemde Kka
a |le ¢yeler ek veya kadénén terc h ett ]
tanemlanmaktader (G°k-ek ve Yazéce, 2022) .
s¢rec arkd f yardéem sajl amak, duygusal ve f z
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arteéer mak, dojum memnun yet n yékselt mek, v
sonu-1| aréneé y |l ekt r mek, annel k rol ¢ne u
yakama adaptasyonunu desteklemek ve kadéneéen
2022). Ayréca, s¢r ekl ebe deste] n n dojum
gévenl k algéséné ve kontrol rh w&. n 2@®20)er de
Dojumda sajlanan destekley ¢ bakém d°rt t e
destek, f z ksel destek, b 1|g deste] ve sa
Duygusal destek; gebeyle empratmkkusaygkl Rade
géevende ve rahat h ssetmes n sajl amaye - e
kur ma, a-ék ve destekley c l et Kk m, kaygeéy
ve kadénén maneyv deberlueasumé asayge @l snad&t &
duygusal dest ek, dojum ajrésénéen algél anmas
(Hodnett, 2013).

F z ksel dest ek; dojrudan gebeye y°nel k uyoc
ajreséeneée ak akftawmangaak oyl®onj K y°ntemler n kull ane
poz syonlarén ver | mes |, dojum ortaménén uy
kadéenéen d nlenme ve besl enme gereks n mler
dest aifeln bt d exkenl er ndend r (Rathf sch, 2012;
B I g destej ; kadénén dojum sg¢grec n anl aya
b Ig Il end rme ve e] t m n sajlanmaséne -er|
ajrese °vmeetajmr & yynteml er hakkéenda b | g | enc
kat él eml aréné tekv k etmekted r. Bu dur um,
deney mlemeler ne ve s¢grece uyum sajlamal ar é
Savaolbuk deste]j se kadénén haklaréenén kol
dest ekl enmes vV e kend sajl ejeyl a Il g |
kapsamaktadeér. Ebel er bu s¢re-te a-éek, anl
th ya-laréné d kkate almalée ve b reysell ext
go°r ¢kl er n fade et mel er tekv k ed | mel Vv
©zg¢ Kek | de planl anmal éedér (G°k-ek ve Yazeéec
3. MATERNAELABN ETKKSK

Dojum s¢rec nde sajlanan sg¢r ekl ebe deste]j
boyutlu etk | er ol duju | teratg¢grde kapsaml é
dojum boyunca kes nt s zI oMearbakl gsulnaundanr dawyg
ol up, b u yakl akém dojum sg¢grec non f zyol oj
m¢dahal el er n azaltel maséna katkeé saj-d amakt
anal =zl erden b r océlna n( 2B0olh7r)e n- avl eé karaksa&damal, a rs
mat er nal sajl ek -ektelaré ¢zer nde anl aml é
goster Im kt r (Bohren vd., 2017) . Ayneé - al
vV aj nall doj mmhaomi &@&nlkekenar artteéej]é,; buna kar
vakum g b m¢dahal el dojum oranlarénén azal
S¢r ekl ebe deste]j] n n dojum s¢res iczer nde

destefravay s¢res n n késalmaséna katkeéeda b
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r - ler , dojum sérasénda sajlanan s¢r ekl d
taya koymaktadeéer (DS¥, 2018) . Buwdofpluan b r
resené daha d¢k¢k degzeyde al gél adekl aré ve
t ya- duyduklarée b I d r I mekted r (Bohren
bul gul ar, random ze kontroll ¢ -al ékmal ar
| eéak,maedbe veya hemk re taraféndan s¢r ekl d e
reler n n daha késa ol duju ve spontan va
ptanméktér. Ayné -al ékmada, s¢rekumudes g enk
reler nde daha d¢k¢gk ol duju ve bunun daha
K¢k maternal kort zol d¢zeyler n o on se da
l'd r I m xkt r (Stjernholm vd., 2021) .
ternal rurh nslakl eéjet k¢g 2 e@r a-eéeseéndan dej er |
rkl el ekl ar d kkat -ekmekted r. DS¥ wver |e
raséenda destek sajlayécénén sajl ék prof es
ruml arpar pom depresyon r sk n n azalab | ec
netl ar, destek sajlayécénén sajlek profes
er nde sénérl é& ya da anlamleé ol mayan b r
aséndak heterojenl k neden yle postpartur
duj u fade ed I mekted r (DS¥, 2018).

nunla b rl kte, daha ge¢ncel random ze Kkon
ternal ps kol agdekosaombul et k¢gter sajl adéjén
b r (2023) taraféndan y¢reégtelen -al ékmada,
rkusunu ve dojum travmasé algésénée anl aml e
delkand énn,| ar én ntrapartum d°nemde al géel adéeél
doj um sbhoenbreaks €b aagjnlnaen mas éné ol umlu y°nde et |
rekl ebe deste]j n n yalnézca fmaz ek sall daj
]l &) éné koruyucu ve gel Kt r ¢ b r rol ¢ S
NEONATAL SONUC¢LARA ETKKSK

jum s¢rec nde sajlanan sg¢r ekl ebe deste]j
manda neondaat aoll usnd nuu -yl®anrdée et k | ed ] | ter
rekl ebe deste] dojumun f zyol oj k s¢r
reks z obstetr k m¢dahaleler n azalteél mas:é
jumas@®@nadaptasyon s¢igrec n dojrudan ol umlu
kadakl ar enén (20Bbhrl gerde gekisghtekd d jdesmetka
n dojan yojun bakém ¢n tes ne kabul wranl a
réeél me sékl éjéneéen anlamle d¢gzeyde azal déej é
rekil ebe destej n n dojum sg¢gres n kesal
n dojan sajleje a-éséndan °neml ewraend eanf | a
jum s¢grec yen dojanén dojum stres ne da
nun yané sér a, s¢r ekl destek ver |l en do]j

bebek arasénda ten tene temasén datha yqdglkeak
oranl arda ger -ekl ekt ] b I'd r | mekted r. |
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sajl anmaseé, kard yoresp ratuvar stab | ten n
a-ésendan kr t k °neme sah pt r (DS¥, 2018).
Sonu- ol aebae ,d essgtreejk | |l e sajlanan f zyol oj Kk
yakama ge- K n kol ayl akt érmakta ve késa d°r
bul unmaktader.

5. KANI T D} ZEYK

Dojum séerasénda sajlananl swea erkéon atbael dsecsnwe-l
olumlu etk | er ulusl araraseée | terat¢rde go¢
ebe destej , ge¢ncel k| n k rehberl erde kaneét
s¢res nce kadkhnhéndgamnelhdsaajslcayan b r eben n |
|l erl emes ne, m¢gdahale oranl arénén azal maseén
katkée sajlamaktader. D¢nya Sajl ék ¥rgetye (D
profesyomejll alrrmase&né, ol umlu dojum deney m n
b r olarak °nermekted r (DS¥, 2018).

Benzer Kek | de, Ul usl araraseé Ebeler Konf ede
mesl e]j] n n temel b | ekenlrr h@®BMayded g°rel aba
be¢teéencel s¢r ekl ve kadén mer kezl b r y ak
araséenda kurulan gg¢ven I Kk s bakéemén etk
model , kadéenl arémbemevertemegivekatar odestell
sajl amaktader (I CM, 2025).

6. SONU¢ VE ¥NERKLER

Dojum s¢rec nde sajlanan sg¢r ekl ebe deste]j
czer nde anlamlé ve -ok boyetlaw soldemligy - é tg k kil
Konmuktur. S¢r ekl ebe deste] ; dojumun f z\
m¢dahal el dojum oranlaréné azaltmakta, doj
deney m n daha ol Bml wbalka&lme mgpeate |l r meskatyeeds rn.d e
s¢rec nde kend | er n daha g¢vende h ssett
duydukl aré memnun yet n y¢kseld J b I d r I
ajréeséeneéen daha atyke ystanjeltaylameask ntarkmakol o] k
azal t maktadeér. Neonat al a-édan dejerlend r |
dojum sonrasé adaptasyonunu destekled | , d
azalttejée vebglk@dmdogihaneyohe@nyat @€k oranl ar éné
bu bul gul ar, dojumda sg¢r ekl ebe destej n n
ol dujunu g°stermekted r (Bohren vd., 2017).
D¢nya Sajlek ¥rge¢teg (D@¥)ar baeget atolf makl egrz,er
kadenl ara s¢rekl profesyonel dest ek sajl ar
I derl J nde y¢regtelen bakém modell er n o n o ar
vurgul amaktadér (DS¥sa20E &) s Bu edndjerulntdied & a d
bakém anl ayékénén ben msenmes |, dojum h zmet
°neme sah pt r.
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'l kem z °zel nde dejerlend r I d J nde, doj u
yaygemnkamtase ve s¢irekl ebe deste]j n n stan
gerekmekted r. Bu kapsamda, doj umhanel er de
dengel enmes vV e her kadeéna b re b r sS¢re
dé¢zenl eemey&@pél masé ©°nem ar z etmekted r. Ay r
gé¢-lend r | mes amaceéyla h zmet - e] t ml
uygul amal aréna y°nel k farkéendal é]J én gel Kt
gécnel | enmes °ner I mekted r.

Bunun yaneée sSér a, doj umda s¢r ekl ebe dest
pol t kalaréneén gel Kt r | mes , ebe mer kez
mult d s pl ner ek p yakl ak.é melnadheng ¢k- | epnade yd
alanda yapeéel acak l er d¢zey arakteéermalarl a
model |l er n n etk nl J n n karkél akt éréel maseé
destej n n dojum bakéni, h aznnmeet | e nyeenedbDg gl
y |l ekt r | mes ve olumlu dojum deney mler r
ger ekl I k ol arak dejerlend r I mekted r.
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DETECTION OF HEPATITIS C TRELATED LIVER DISEASES USING ROUTINE
BIOCHEMICAL TESTS: AN EXPLAINABLE MACHINE LEARNING APPROACH
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ABSTRACT
Hepatitis C virus (HCV) infection affects approximately 50 million people worldwide and may

lead to fatal complications such as liver fibrosis, cirrhosis and hepatocellular carcinoma. This
study aimed to develop a leakaigee and explainable (XAl) machinedrning model that
distinguishes HCMelated liver diseases from healthy individuals using routinely measured
biochemical blood parameters. The publicly available UCI HCV dataset (n=615) was used.

Af ter excluding ambi guous 7)iahinarpdassification task d d or
was defined (healthy blood donor versus hepatitis/fibrosis/cirrhosis; n=608). Imputation,
scaling and SMOTE balancing were applied only within training folds to prevent data leakage.
Seven machine learning algorithms weoenpared using-fold x 10repeat stratified cross
validati on. The best mo d e | 0 sfreep(eutofffald) crossn c e wa
validated predictions, with 95% confidence intervals (CI) obtained from 2000 bootstrap
resamples, and its decisiom®re explained using SHAP (SHapley Additive exPlanations).
Random Forest achieved the best performance, with an AUROC of 0.989 (95% Gl 0.972
0.999), balanced accuracy of 0.955, sensitivity of 0.920 and specificity of 0.991, producing

only 6 false negativeand 5 false positives among 608 patients. SHAP analysis identified AST,

GGT, bilirubin, ALP and ALT as the most influential markers, in full agreement with
established clinical biomarkers of liver injury. These findings show that an explainable
machine larning model based on routine biochemical tests can detectrel@éd liver

diseases with high accuracy and clinical interpretability, with decisions resting on clinician

verifiable liver pathophysiology.

Keywords: Hepatitis C, machine learningxplainable artificial intelligence, SHAP, random

forest, liver disease.
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1. INTRODUCTION

Hepatitis C virus (HCV) infection is one of the leading bloodborne agents that cause chronic
inflammation of the liver. According to the World Health OrganizatiorH@Y, an estimated

50 million people were living with chronic HCV infection in 2022, with approximately 1
million new infections occurring annually. In the same year, around 242,000 people died from
HCV-related causes, predominantly liver cirrhosis and toepdular carcinoma. Although
directacting antiviral agents (DAAs) can cure more than 95% of infected individuals, it is
estimated that only about 36% of those infected have been diagnosed [1]. This gap underscores

the critical importance of detectingetllisease at an early stage.

HCV infection is frequently diagnosed late because symptoms often appear in the advanced
stages of the disease [2]. Although liver biopsy is considered the gold standard for fibrosis
staging, it is invasive, carries samplingoerand complication risks, and is therefore unsuitable

for routine screening. In contrast, routine biochemical tests such as aspartate aminotransferase
(AST), alanine aminotransferase (ALT), gamglatamyl transferase (GGT), alkaline
phosphatase (ALP) aralirubin are lowcost, norinvasive and widely accessible. Combining

these parameters with machine learning methods enables the developmenetiectige,

norrinvasive screening tools [2,3].

In recent years, machine learning methods have produced successful classification results on
HCV datasets. Hoffmann et al. used decidi@ebased methods to generate diagnostic
pathways from laboratory data [2], while Chicco and Jurman improved théictsm of

patients with hepatitis and cirrhosis using ensemble learning approaches [3]. However, many
studies in this field face two important methodological limitations. First, applying balancing
techniques such as the Synthetic Minority GsamplingTechnique (SMOTE) to the entire

dataset rather than within cregalidation folds can cause data leakage and overly optimistic
performance estimates [4]. Second, mostiughr f or mi ng model s are dbl

to provide the transparency and triesjuired in clinical decisiemaking [5].

Explainable artificial intelligence (XAIl) [
problem. The SHAP (SHapley Additive exPlanations) method, proposed by Lundberg and Lee,
consistently quantifies the coittution of each feature to the model output based on Shapley
values from game theory [6]. SHAP provides both global (populiénasl feature importance)

and local (individuapatientlevel) explanations, thereby enhancing clinical interpretability.
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The am of this study is to develop an explainable machine learning framework that (i)
distinguishes HCMelated liver diseases from healthy individuals using routine biochemical
parameters, (i) prevents data leakage by embedding all preprocessing and baipsng
within crossvalidation folds, and (iii) renders model decisions clinically interpretable through
SHAP.

2. MATERIALS AND METHODS

2.1. Dataset

The publicly available HCV dataset, created by Lichtinghagen, Klawonn and Hoffmann and
donated to the UCI Blchine Learning Repository, was used [2,7]. The dataset contains
demographic information (age, sex) and 10 routine biochemical laboratory parameters (ALB,
ALP, ALT, AST, BIL, CHE, CHOL, CREA, GGT, PROT) for 615 individuals. The target
variable consists dfve categories: blood donor (n=533), suspect blood donor (n=7), hepatitis
(n=24), fibrosis (n=21) and cirrhosis (n=30).

The clinically ambiguous Asuspect blood donc¢
analysis because it belongs to neither a lldaalthy nor a clearly diseased group. A binary
classification problem was defined on the remaining recdreisithy (blood donor; n=533)
anddiseasdhepatitis + fibrosis + cirrhosis; n=75). Consequently, the analysis was conducted

on 608 individuals with an imbalanced dataset of approximately 7.1:1.

2.2. Preprocessing

The sex variable was binagncoded (male=1, female=0). Missing values (at most A& P)

were imputed using the median. All numerical features were standardizedr€). As a
critical methodological point, all parameters defining imputation, scaling and balancing were
learned only from théraining portion of each crosgalidation fdd and then applied to the
validation portion. This approach prevents data leakage and the resulting optimistic

performance bias [4].

2.3. Handling Class Imbalance
The Synthetic Minority Ovesampling Technique (SMOTE) was used to address class

imbalance 8]. SMOTE generates synthetic samples by linear interpolation between minority
class instances, thereby widening the decision boundary. To prevent leakage, SMOTE was
applied only to training folds; the validation data never came into contact with synthetic

samples at any stage.
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Seven supervised learning algorithms were compared: Logistic Regression, Random Forest

[9], Extra Trees, Gradient Boosting, Radial Basis Function Support Vector Machine- (SVM
RBF), kNearest Neighbors {KIN) and Gaussian Naive Bayes. All models were implemented

using the scikdearn library in Python [10]. For reproducibility, all sources of randomness

were fixed to a constant seed (seed=42).

2.5. Model Evaluation

Models were evaluated usingf@d x 10-repeat stratified crosgalidation (50 folds in total).

Wi thin each

f ol

d, an

integrated

pipeline

CorIl

model was constructed. The performance metrics included the area under the ROC curve

(AUROC), balanced accuracy, tore, sensitivity and specificity. For the bpstforming

model, 95% confidence intervals were computed on leakaggoutof-fold) crossvalidated

predictions using 2000 bootstrap resamples.

2.6. Explainable Atrtificial Intelligence (SHAP)
The decisior of the best model were explained using SHAP [6]. Using the TreeExplainer

algorithm optimized for trebased models, the contribution of each feature to the prediction
for each patient was computed. Global feature importance was ranked by mean abgdfute SH

values, while the direction and magnitude of feature effects were visualized using a SHAP

beeswarm plot.

3. RESULTS

3.1. Model Comparison

The 5fold x 10repeat stratified crosglidation results of the seven algorithms are presented
in Table 1. Randorforest and Extra Trees achieved the highest AUROC values (0.990 and

0.990, respectively). In terms of the overall performance balance (joint consideration of

AUROC, sensitivity and specificity), Random Forest was selected as the best model.

Model AUROC Bal. Acc. F1 Sensitivity Specificity
Random Forest 0.990 £ 0.014 0.950 0.915 0.912 0.989
Extra Trees 0.990 £ 0.013 0.922 0.891 0.852 0.992
SVM-RBF 0.987 £ 0.011 0.948 0.895 0.915 0.982
Gradient Boosting 0.986 + 0.018 0.946 0.890 0.912 0.981
Logistic Regression 0.966 + 0.030 0.919 0.821 0.873 0.964
Gaussian Naive Bayes 0.945 + 0.031 0.852 0.718 0.751 0.953
k-Nearest Neighbors | 0.931 £ 0.046 0.887 0.796 0.803 0.971

Table 1. Performance of seven machine learning algorithms unfiéd % 10-repeat stratified crossalidation
(mean + standard deviation).
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Figure 1. Comparison of the models by AUROC (mean + standard deviation).

3.2. Performance of the Best Model

The detailed performance of the Random Forest model on leflemyerossvalidated

ON APPLI

ED SCI

predictions and the 95% bootstrap confidence intervals are given in Table 2. The model showed
nearperfect discrimination with an AUROC of 0.989 (95% CI 0:87.299). According to the
confusion matrix (Figure 3), 528 of 533 healthy individuals andf6®b diseased individuals
were correctly classified; only 6 false negatives and 5 false positives were observed. The

negative predictive value (NPV) was 0.989 and the positive predictive value (PPV) was 0.932.

Metric Value 95% Confidence Interval
AUROC 0.989 0.9721 0.999
Balanced Accuracy 0.955 0.9227 0.983
F1-score 0.926 0.8781 0.966
Sensitivity 0.920 0.8521 0.973
Specificity 0.991 0.9821 0.998
Positive Predictive Value 0.932 0.8717 0.985

Table 2. Leakagéreecrossvalidated performance of the Random Forest model and 95% confidence intervals

from 2000 bootstrap resamples.
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ROC Curve — Leakage-Free OOF Predictions
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Figure 2. ROC curve of the Random Forest model based eof-doid (leakagefree) predictions.

Confusion Matrix

Healthy 5
©
2
(9]
=4
Disease - 6 69
Healthy Disease

Predicted
Figure 3. Confusion matrix (otdf-fold predictions).
3.3. Explainability (SHAP) Analysis
The global feature importance ranking from the SHAP analysis is presented in Table 3 and
Figure 4. The most influential marker was AST (aspartate aminotransferase), with a mean
absolute SHAP value @220, followed by GGT (0.099), bilirubin (0.075), ALP (0.049) and
ALT (0.042). These five parameters explain t

well-established clinical biomarkers of hepatocellular injury and hepatobiliary dysfunction.

Feature Mean |SHAP|
AST (Aspartate aminotransferase) 0.2196
GGT (Gamma-glutamyl transferase) 0.0989
BIL (Bilirubin) 0.0747
ALP (Alkaline phosphatase) 0.0490
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ALT (Alanine aminotransferase) 0.0421
CHOL (Cholesterol) 0.0274
CHE (Cholinesterase) 0.0148
CREA (Creatinine) 0.0124
Table 3. Global importance ranking of the top eight features by mean absolute SHAP value.
‘ High
AST . .-——o*—-- : 80 e o
\
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ALP . i @B D WD 6 . .
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A
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PROT

ALB . -+
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SHAP value (impact on model output)
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Figure 4. SHAP beeswarpiot. Each point represents a patient; positive SHAP values (to the right) indicate a
contribution toward disease probability, and color indicates the magnitude of the feature value (red=high,
blue=low).

The beeswarm plot (Figure 4) shows that high valfe&ST, GGT, bilirubin and ALP
consistently produce positive SHAP values,
This directional relationship coincides e

serum levels in liver injury and configrihat the model makes biologically plausible decisions.

4. DISCUSSION

In this study, an explainable machine learning model based on routine biochemical blood tests
detected HCWelated liver diseases with high accuracy (AUROC = 0.989). The performance
obtained is comparable to or better than similar studies in the literature [3,11]. However, the
main contribution of this study lies not only in high performance but also in its methodological

rigor and explainability.

First, by embedding all preprocessingdad®MOTE balancing steps within cregslidation
folds, data leakage was prevented. The commonly encountered error of applying SMOTE to
the entire dataset leads to overly optimistic performance estimates [4]. Because the
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performance estimate in this study based on leakageee (outof-fold) predictions, it

provides a more reliable estimate of realrld generalization.

Second, the SHAP analysis resolved the mode
AST, GGT, bilirubin, ALP and ALT as the most inéintial markers shows that the model

makes decisions consistent with liver pathophysiology. AST and ALT are established
indicators of hepatocellular injury, GGT and ALP of hepatobiliary dysfunction, and bilirubin

of the | iver ds sy nity. TEstconsisteacy donferscctnica trustrinythe c a p a
model and demonstrates the value of the XAl approach in medical desigiport systems

[5,6].

Clinically, the model s high negative predic
its potental as a screening tool that can safely rule outrisW individuals. Nevertheless,

although a sensitivity of 92% is high, it indicates that a small fraction of diseased individuals
(6/75) may be missed; therefore, the model should be positioned adtatalpports rather

than replaces clinician judgment.

The study has some limitations. First, the dataset was obtained from a single center (Germany)
and offers limited diversity in terms of population and laboratory methods; external validity
should beested with independent, multicenter datasets. Second, the sample size of the disease
group is relatively small (n=75), which is reflected in the width of the confidence intervals.
Third, the study focused on binary classification; the multiclass disatmam of fibrosis

stages (hepatitis/fibrosis/cirrhosis) may be the subject of future work. Finally, the exclusion of
ambi guous fisuspect blood donoro records has

this decision on the results may be examindterfuture under alternative grouping scenarios.

5. CONCLUSION

This study demonstrated that a leakéige and explainable machine learning model based on
routine, lowcost biochemical tests can detect H&Vated liver diseases with high accuracy
(AUROCC=0.989; specificity = 0.991). The SHAP a
rest on clinically verifiable liver biomarkers such as AST, GGT, bilirubin, ALP and ALT,
conferring transparency and clinical trust. The results suggest that explainahippbdirted
approaches may be promising, fAiomasive decisiorsupport tools for HCV screening in
resourcdimited settings. Future work will focus on external validation of the model on

independent, multicenter datasets and its extension to multiclassisibtaging.
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Abstract

The rapid digitalization of healthcare has generated large volumes of clinical, imaging,
laboratory, and omics data, accelerating the adoption of machine learning (ML) for clinical
predicion modeling. Unlike traditional statistical approaches, ML algorithms can capture
complex and nottinear relationships among predictors and potentially improve diagnostic and
prognostic accuracy. However, many published -béised prediction models exhibit
methodological shortcomings that limit reproducibility, generalizability, and clinical
applicability. This narrative review synthesizes the methodological principles underlying ML
based clinical prediction models by integrating evidence from methodolsgidats, reporting
guidelines, and representative healthcare applications. Key stages of model development,
including data preprocessing, management of missing data, feature engineering and selection,
prevention of data leakage, model training, perforreamvaluation, validation, and
explainability, are critically discussed. Current evidence indicates that robust prediction models
require systematic data preparation, adequate sample sizes, rigorous validation strategies, and
transparent reporting. Internahlidation approaches, particularly nested cneaglation and
bootstrapping, reduce optimism bias and provide more reliable estimates of predictive
performance, whereas external validation remains essential for evaluating transportability
across differet populations and healthcare settings. Furthermore, explainable artificial
intelligence methods improve the interpretability of model predictions and facilitate clinical
implementation. Although machine learning has substantial potential to enhancesdiagno
prognosis, and individualized treatment planning, predictive performance alone is insufficient
for clinical adoption. Methodological rigor, reproducibility, explainability, and comprehensive
validation constitute essential prerequisites for developefigble and clinically meaningful
prediction models.

Keywords: Machine learning; artificial intelligence; clinical prediction models; biostatistics; model
validation; explainable artificial intelligence.
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1. Introduction

Clinical prediction modelsonstitute an essential component of eviddresed medicine. By
combining multiple predictors, these models estimate the probability that a condition is already
present (diagnostic models) or that an event will occur in the future (prognostic models),
thereby supporting diagnostic decistamaking, risk stratification, and individualized treatment
planning [1,2]. Traditionally, prediction modelling has relied on conventional statistical
techniques, particularly logistic regression and survival models. édthahese methods
remain valuable because of their interpretability and modest data requirements, they may
underperform when relationships among predictors are highly complex asthean[1,2].

The emergence of electronic health records,-tigbughputaboratory technologies, medical
imaging, and multomics platforms has dramatically increased the dimensionality and
complexity of healthcare data [3,4]. Consequently, machine learning approaches have attracted
considerable attention because of theititgbio process large datasets and identify intricate
patterns that may escape conventional statistical methods [3,5]. This evolution has been
described as a shift from hypothedisven modelling toward datdriven discovery, in which

the algorithm learnthe predictive structure directly from observed examples rather than from

a prespecified functional form [6].

Numerous studies have reported promising applications of machine learning in predicting
disease onset, hospital mortality, treatment respoisegs®e progression, and adverse clinical
events [4,5,6]. Nevertheless, enthusiasm has often outpaced methodological rigor. Systematic
reviews indicate that, for structured tabular data, machine learning does not consistently
outperform weHldeveloped logisc regression, and that many comparative studies are affected
by methodological and reporting limitations [7,8]. A substantial proportion of published models
suffer from inadequate handling of missing data, insufficient sample size, inappropriate variable
selection, data leakage, and limited validation, which collectively produce overly optimistic
performance estimates and reduce generalizability [7,9].

Accordingly, there is a growing need to integrate machine learning techniques with
fundamental biostati€al principles [1,2]. The aim of this review is to provide a structured
overview of the methodological stages involved in developing machine ledrasagl clinical
prediction modeldrom data preparation to model validatiand to discuss the principal
challenges that must be addressed before implementation in routine clinical practice.

2. Data Preparation and Preprocessing

Data preparation represents the cornerstone of predictive modelling; algorithms cannot
compensate for poor data quality, and prepssing frequently consumes the largest share of
analytical effort [1].

Clinical datasets commonly contain missing values arising from incomplete documentation,
laboratory failures, patient dropout, and inconsistent data colle@mmpletecase analyses

may substantially reduce statistical power and introduce bias, particularly when data are not
missing completely at random [1,2]. The assumed missingness mechanism should therefore be
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stated explicitly, and principled approaches sashmultiple imputation by chained equations
are generally preferred to singlalue substitution [10].

Outlier detection is another important step. Because extreme observations may represent either
measurement errors or clinically meaningful variationglier management should combine
statistical criteria with clinical reasoning; the indiscriminate removal of extreme values can
discard genuinely informative phenotypes [1]. Data normalization and standardization are often
required, as several algorithrasch as support vector machines and neural neté@oaks
sensitive to differences in variable scale, whereas categorical variables must be transformed
using appropriate encoding schemes [5].

Class imbalance is a further recurrent challenge. Adverse outceuods as mortality,
recurrence, and rare complications often constitute minority classes, and conventional
algorithms tend to favor the majority class, yielding misleading accuracy [5]. Resampling
strategiesmost notably the synthetic minority oveamplingtechniquetogether with cost
sensitive learning and balanced ensembles can partially mitigate this problem [11]. Crucially,
resampling must be confined to the training partition to avoid contaminating the evaluation set.

Sample size is frequently overlaak An insufficient number of events per candidate predictor
promotes overfitting and unstable estimates; formal sasipée calculation tailored to
prediction models is therefore recommended at the design stage [9]. Finally, every
preprocessing stemputation, scaling, and resampluspould be fitted exclusively within the
training data. When such operations are applied to the full dataset before partitioning,
information from the test set leaks into the model and inflates apparent performance [1,7].

3. Feature Engineering and Variable Selection

Healthcare datasets increasingly exhibit high dimensionality, with hundreds or thousands of
candidate predictors derived from laboratory measurements, imaging features, genomic
information, and electronic healthcagrds [3,4].

Feature engineering transforms raw variables into informative predictors that improve
performance and facilitate clinical interpretation, for example through composite indices,
interaction terms, transformation of skewed variables, and dwrmaaf meaningful
representations from complex data [2]. Variable selection is equally important, because an
excessive number of predictors increases computational burden and elevates the risk of
overfitting, particularly when the number of predictors apghes the number of events [1,9].

The principal families of feature selection methods are summarized in Table 1.

Table 1. Main categories of feature selection methods used in clinical prediction modelling.

Category Representative methods Key characteristic
Evaluate variables independently g

Correlation analysis, mutual information,

Filter L N the algorithm; fast but ignore featur
univariate statistical tests ; :
interactions.
Recursive feature elimination, sequential Repeatedly train theodel on
Wrapper » 5€4 different subsets; accurate but

selection

computationally expensive.
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Perform selection during model
training; balance performance and
computational cost.

Regularization approaches such as the Hastlute shrinkage and selection operator (LASSO)
shrink coefficients toward zero and perform selection during fitting, which is particularly useful
in high-dimensional settings [12]. Regardless of the family chosen, feature selection must be
nested withm the validation procedure; performing selection on the full dataset before
partitioning introduces information leakage and produces optimistic estimates [1,7].

LASSO regression, treleased variable

Embedded .
importance

4. Machine Learning Algorithms in Clinical Prediction

Several machine learning algorithms hdeen applied successfully in healthcare, each with
distinct strengths and limitations [5,6]; their principal properties are compared in Table 2.
Logistic regression remains an important benchmark because it produces interpretable
coefficients and odds ras at modest computational cost, although its additive and linear
assumptions may inadequately represent complex biology [1,2].

Random forests construct numerous decision trees and aggregate their predictions, capturing
nortlinear associations and interacts while remaining robust to overfitting [13]. Support
vector machines identify optimal separating hyperplanes and perform well idimghsional

settings such as imaging and omics [5]. Gradient boosting algoritiuhsling XGBoost,
LightGBM, and CatBostsequentially build models that minimize the residual errors of
previous iterations and consistently achieve stéithe-art accuracy on tabular biomedical data

[14]. Artificial neural networks and deep learning architectures are increasingly irdluent
particularly for image and signal analysis, but their complexity limits interpretability and
demands larger samples [15,4].

Table 2. Overview of commonly used machine learning algorithms in clinical prediction.

Algorithm Strengths Limitations Typical use

Logistic Interpretable; odds ratios; low Assumes linearity/additivity; Benchmark; risk
i X limited for complex

regression computational cost scores

interactions

Tabular clinical

Random forest

Captures notinearity and
interactions; robust toverfitting

Lower interpretability; can be
memory intensive

data

Support vector

Effective in highdimensional

Sensitive to scaling;
kernel/parameter tuning

Imaging; omics

machine spaces needed
Gradient

boosting .

(XGBoost, Stateof-the-art accuracy on Many hyperparameters; Most structured
LightGBM, tabular data tuning required prediction tasks
CatBoost)

Neural networks /
deep learning

Learns complex representations

from raw data

Needs large samples; limiteg

interpretability

Medicalimaging;
signals

No single algorithm universally outperforms all others; for structured tabular data in particular,
careful regression modelling often matches more complex learners [7]. Model selection should
therefore be guided by study objectives, sampgharacteristics, data structure, and
interpretability requirements [5].

5. Model Performance Evaluation
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Evaluation should extend well beyond simple discrimination metrics [1,16]. The area under the
receiver operating characteristic curve (AUROC) is tlstfrequently reported indicator, yet
high discrimination alone does not guarantee clinical usefulness [16].

Sensitivity and specificity quantify diagnostic performance at a chosen threshold, whereas
precision and the F4core are especially informativerfimbalanced data. The Matthews
correlation coefficient provides a balanced singlenber summary because it incorporates all

four cells of the confusion matrix. Calibratitime agreement between predicted and observed
risk-is an equally critical and fregntly neglected dimension: a poorly calibrated model can be
misleading and even harmful despite excellent discrimination [16]. Decision curve analysis
complements these measures by quantifying the net clinical benefit of a model across a range
of decisionthresholds [17]. The principal metrics are summarized in Table 3.

Table 3. Key performance metrics for evaluating clinical prediction models.

Metric What it captures Particularly useful when
Ability to rank cases above narases Comparing overall
AUROC LT SO -
(discrimination) discriminative ability
Sensitivity / . e . . A clinical decision threshold is
. Correct identification of positives / negatives | ..
Specificity fixed

Precision / Ftscore

Positive predictive value and its balance with
recall

Outcomeclasses are imbalance

Matthews correlation
coefficient

Balanced summary of the full confusion matr

A single robust score is needed
for imbalance

Calibration (Brier Agreement between predicted and observed| Predicted probabilities guide

score, ECE) risk decisions
Demsu_)n curve Net clinical benefit across thresholds ASSGSS'”Q realorld clinical
analysis utility

6. Model Validation

Validation is among the most important methodological stages and the principal safeguard
againstoveroptimistic reporting [1,7]. Internal validation evaluates reproducibility within the
development dataset and commonly employs -oaid validation, kfold crossvalidation,
repeated crosgalidation, bootstrapping, and nested creakdation [1,2].

Nested croswvalidation deserves particular emphasis because it performs hyperparameter
tuning and feature selection in an inner loop while estimating generalization performance in an
outer loop, thereby preventing information leakage and reducing optingsnjl. External
validation remains the gold standard for assessing transportability and clinical applicability,
ideally in populations that differ geographically, temporally, or institutionally from the
development data [18,19]. Unfortunately, externadlidation remains substantially
underutilized, and many reported models have never been tested beyond their development
sample [8,7]. The main strategies are contrasted in Table 4.

Table 4. Internal and external validation strategies.
Strategy Description

Hold-out

Principal advantage / caveat
Simple but high variance with
small samples

Efficient use of data; choice of
k matters

Single train/test split

Data split into k folds, each used once for

k-fold crossvalidation )
testing
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Repeated CV k-fold CV repeated with different partitions | MOre stable estimates; higher
computational cost
. Resampling with replacement to estimate Good for small datasets;
Bootstrapping - S
optimism corrects optimism
Leakayefree performance
Nested CV Inner loop for tuning, outer loop for evaluatiol estimate; computationally
expensive
I . . , Gold standard for
External validation Evaluation on an independent population transportability: often missing

7. Discussion

Machine learning has transformed clinical prediction modellinggbling the analysis of
increasingly complex healthcare datasets [3,4]. Nevertheless, methodological rigor remains
essential for translating models into practice. Recurrent problems identified in the literature
include inadequate handling of missing daitasufficient sample size, feature selection
performed outside validation frameworks, neglect of calibration, scarce external validation, and
incomplete reporting [7,8,19]. These pitfalls and corresponding safeguards are summarized in
Table 5.

Table 5. Cotmon methodological pitfalls in machine learnibgsed prediction studies and recommended
safeguards.

Pitfall Consequence Recommended safeguard

Imputation/scaling before | Information leakage; optimistic Fit all preprocessing inside training

data splitting estimates folds

Feature selection on the Inflated discrimination Nest selection within crosslidation

full dataset

Too few events per Overfitting; unstable models A priori samplesize calculation

predictor

Reporting only AUROC Hidden miscalibration Report. calibration and decision cury
analysis

No external validation Unknown transportability Ind_epepdent, temporal, or geograph
validation

. i Follow TRIPOD+AI and assess bias
Incomplete reporting Non-reproducibility

with PROBAST
The development of explainable artificial intelligence offers promising opportunities to

improve transparency and clinician acceptance. Magabstic methods such as SHapley
Additive exPlanations (SHAP) [20] and Local Interpretable Medgiostic Explana&ins
(LIME) [21] illuminate prediction mechanisms at both the global and individatént level

and may strengthen trust in artificial intelligence systems; such interpretability is increasingly
regarded as a prerequisite rather than an optional adthtmimical deployment [4].

Future work should prioritize reproducibility, multicenter collaboration, prospective external
validation, and adherence to contemporary reporting and appraisal standards. The TRIPOD+AI
reporting guideline and the PROBAST Hekbias tool extend established frameworks to the
specific risks of machine learning and provide practical checklists for authors, reviewers, and
editors [22,19].

8. Conclusions

Machine learningbased clinical prediction models have enormous potentiaigmoive disease
diagnosis, prognosis, and personalized treatment planning [5,6,4]. However, successful clinical
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implementation requires far more than high predictive performance. Robust data preprocessing,
adequate sample size, appropriate feature engngggurevention of information leakage,
rigorous validation, calibration assessment, transparent reporting, and explainable artificial
intelligence collectively determine model reliability and clinical utility [1,16,7].

The integration of biostatistical piples with machine learning techniques will be
fundamental for ensuring that artificial intelligence systems become trustworthy, reproducible,
and clinically meaningful tools capable of supporting evidérased healthcare [2,22].
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Abstract

Data leakagethe inadvertent use of information that would not legitimately be available at the
moment of predictionis one of the most common and consequential methodological flaws in
healthbased machine learning (ML). Leaked information produces -aptéenistic
performance during development that collapses on independent data, undermining
reproducibility and clinical trust. This paper reviews the statistical principles underlying data
leakage, presents a taxonomy of the leakage mechanisms most retevadimical and
biomedical ML, and provides practical, stdmestage recommendations for prevention,
detection, and transparent reporting. A narrative synthesis of methodological literature,
reporting guidelines, and influential applied studies was coaduattegrating perspectives

from biostatistics and clinical artificial intelligence. Leakage in health ML arises chiefly from
target or label leakage, preprocessing and feaiextion performed before data partitioning,
resampling applied to the whatlataset, modedelection and duplicateecord contamination,
norrindependent observations such as reewosst rather than subjeatise splitting, and
temporal lookahead. Key safeguards include anchoring the prediction task to the information
available atdecision time, splitting before any datependent step, patielevel grouped
partitioning, fitting the entire pipeline inside cresaidation folds, nested crosslidation for

tuning and selection, dgduplication, and external or temporal validationod¥l leakage is
preventable through disciplined data handling and transparent reporting. Treating leakage
prevention as a core design requirement, rather than a post hoc check, is essential for reliable
and clinically meaningful health ML.

Keywords: Data leakage; machine learning; clinical prediction models; cwadislation;
reproducibility; model validation.

37


mailto:seyma.yasar@inonu.edu.tr
mailto:hilal.yagin@gmail.com

TRAKYAT 8TERNATI ONAL CONFERENCE ON APPLI ED SCIE
Jul y120 P2BORI6RNE
ISBN NOR7/-8 2:6 7 B51L

1. Introduction

Machine learning (ML) has been adopted rapidly across clinical and biomedical research,
driven by the growth of electronic healdtords, imaging, and highroughput laboratory data

[1,2]. Yet a recurring observation is that impressive performance reported during model
development frequently fails to reproduce when the model is applied to genuinely independent
data. A leading causef this gap is data leakagdhe introduction of information about the
prediction target that would not legitimately be available at the time a prediction must be made

[3].

Leakage is not a niche concern. A crdgciplinary survey identified leakage apervasive

failure mode, documenting at least 294 affected papers across seventeen scientific fields and,
in several cases, dramatically owtimistic conclusions [4]. In medicine specifically,
systematic reviews of imagifgased models for COVH29 foundthat none of the examined
models were of demonstrable clinical use, with leakatpted design flaws among the most
common problems [5,6]. Furthermore, when leakage is properly controlled, the apparent
advantage of complex ML over walkeveloped regressn for structured clinical data often
disappears, indicating that some reported gains reflect methodology rather than genuine
predictive signal [7].

Because clinical decisions may ultimately rest on these models, leakage is not merely a
statistical inconveience but a patierstafety and reproducibility issue. The aim of this paper is

to articulate the statistical principles that define leakage, to provide a taxonomy of the leakage
mechanisms most relevant to health ML, and to offer concrete, -lsyagfage
recommendations for prevention, detection, and reporting.

2. What Is Data Leakage? A Statistical Perspective

Formally, leakage is the unintentional introduction of predictive information about the target
through the data collection, aggregation, or prepgargprocessnformation that should not be
available to a deployed model [3]. The trivial case is using the outcome itself, or a direct proxy
of it, as a predictor; in practice leakage is usually subtle and indirect, which is precisely what
makes it dangeus [3].

The statistical principle violated is the independence between the development process and the
data used to estimate generalization performance. A trustworthy estimate requires a strict
separation between what the model learns from and whatvelsated ona i |peraerdni ct 0
separation in which every quantity estimated from data (imputation parameters, scaling
constants, selected features, tuned hyperparameters, decision thresholds) is derived only from
the training portion [3,8]. When this saption is breached, the test set no longer represents
unseen data, and the resulting performance estimate is biased -upwandlation closely

related to the broader phenomenon of optimism in model development [8,9].

3. A Taxonomy of Data Leakage in Heléh Machine Learning

Leakage manifests through several distinct mechanisms. Table 1 summarizes the principal
types encountered in clinical and biomedical studies, together with representative examples and
the corresponding primary safeguard.

Table 1 Principal types of data leakage in heditsed machine learning.
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Type

Mechanism

Example in health ML

Primary safeguard

Target (label)
leakage

A predictor encodes the
outcome or a postutcome
event

Using a treatment ordered aft
diagnosis, or @ostevent
laboratory value, to predict
that diagnosis

Anchor features to th
decision time point

Preprocessing
leakage

Imputation/scaling fitted on
the full dataset

Mean/variance or imputation
model learned from train+test
together

Fit all preprocessing
inside training folds

Feature-selection
leakage

Variables chosen using the
whole dataset

Ranking features by
association with the outcome
before splitting

Nest selection within
crossvalidation

Resampling
leakage

Class balancing applied
beforesplitting

SMOTE/oversampling
performed on the entire datas

Resample only within
the training fold

Model-selection
leakage

Tuning or model choice
informed by the test set

Reporting the best of many
configurations evaluated on
the test set

Use nested cres
validation

Duplicate /
contamination

Same or neaidentical
records in train and test

Multiple images of one
patient, or dataset overlap
across public sources

De-duplicate; verify
data provenance

Group / non-
independence

Recordwise instead of
subjectwise splitting

Several measurements per
patient split across train and
test

Patientlevel
(grouped) partitioning

Temporal leakage

Future information used to

predict the past

Including data recorded after
the prediction time, or

outcomedependent timing

Respect chronologicg

order; temporal split

Several of these deserve emphasis in the health context. Preprocessing leakage is common

because

mputat.

on
imputaion model such as multiple imputation by chained equations on the combined data lets
test information influence training [10]. Resampling leakage is similarly frequent: applying the
synthetic minority ovesampling technique before partitioning createsttstic points that
bridge train and test [11]. Group leakage is especially insidious in imaging and signal data,
where multiple records per patient allow a model to recognize the individual rather than the

and scal i

ng

f eel I

disease; subjeatise (leaveonesubjectout) cros-validation rather than recondise splitting
is required to approximate the real clinical-gsse [12,6]. Finally, duplicate and contamination

problems identical images or patients appearing in both partitions, or overlap between
assembled public datis were among the dominant flaws in pandesra imaging models

[5,4].

4. Statistical Consequences of Leakage

The hallmark consequence of leakage is optimism bias: development performance that
overstates true generalization [3]. The magnitude can be &rgd is amplified in the small,

k e

high-dimensional datasets typical of biomarker and pilot studies, where even ordifwddy k

crossvalidation yields strongly biased estimates while nested -m@g$ation remains

approximately unbiased [13].

Beyond inflaed discrimination, leakage distorts the entire evaluation. Reported calibration may
appear excellent on contaminated data yet fail on real cases, and decision thresholds tuned under
leakage do not transfeso a model may seem clinically useful while afigrno genuine net

benefit [14]. The diagnostic signature is a marked drop in performance from internal to external
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validation, a pattern repeatedly observed when leak#geted models are tested on
independent populations [15,5].

5. Detecting and Diagnsing Leakage

Leakage often announces itself through warning signs that should prompt scrutiny rather than
celebration. Table 2 lists common signals and their likely causes [3].

Table 2.Warning signs suggestive of data leakage and their likely causes.

Warning sign Likely underlying cause

Implausibly high performance (e.g., near Target leakage or tréaitest contamination
perfect AUROC) on a difficult task
A large drop in performance from internal to | Leakage duringlevelopment; nomepresentative split
external validation
An identifier -like or administrative variable A proxy that encodes site, batch, or outcome
among the top features
Performance that worsens when switching to | Group/nonindependence leakage
subject-wise splitting

Performance that falls after isolating Preprocessing or resampling leakage
preprocessing inside folds
Accuracy that increases as sample size Optimistic validation in small samples

decreases across studies

Practical diagnostic steps include inspecting thetnmbluential predictors for outcome proxies

or site/batch identifiers, comparing recawise with subjectvise validation, reunning the
analysis with the full pipeline confined to training folds, and, whenever feasible, evaluating on
a temporally or gegraphically distinct dataset [12,5].

6. Practical Recommendations for Prevention

Most leakage is preventable by disciplined data handling. The single most important principle
is to split first and let nothing dattependent precede the split. Figuredépicts the
recommended leakadeee workflow; Table 3 then provides a stdgestage checklist, and
Table 4 contrasts leaky and leakdge placement of common preprocessing steps.
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1. Define the prediction task
Use only information available at the decision time
(exclude the outcome and post-outcome proxies)

2. Split the data FIRST: patient-level (grouped) train / test split

Nothing data-dependent may precede the split

v

3. Single pipeline fitted INSIDE training folds only
(nested cross-validation)

Imputation — fit on the training fold (e.g. MICE)

v

Scaling / encoding — parameters from the training fold

Class balancing (SMOTE) — training fold only Outer loop

-+ leakage-free
performance
estimate

Feature selection — within each fold

Hyperparameter tuning — inner loop

e - St Setkept untouched untistepd

CE
(oo e
()
4
—
v

4. Single final evaluation on the
held-out test set (used once)

5. External / temporal validation
on an independent population

6. Transparent reporting (TRIPOD+Al),
risk-of-bias appraisal (PROBAST), share code

ED SCI

Figure 1. Recommended leakadeee workflow for healtfbased machine learning, from task
definition through patienlevel splitting and a fully nested pipeline to external validation and

transparent reporting.

Table 3.Stageby-stage checklist for preventing daéakage.

Stage

Recommended practice

Task definition

Specify the prediction time point and include only information available then;
exclude posbutcome variables.

Data partitioning

Split before any datdependent operation; use patiétel (grouped) sjtting
when multiple records per patient exist.

Preprocessing

Encapsulate imputation, scaling, and encoding in a pipeline fitted only on the
training fold.

Class balancing

Apply resampling (e.g., SMOTE) inside the training fold only, never before
splitting.

Feature selection &
tuning

Nest selection and hyperparameter tuning within evadislation; reserve a held
out set for a single final evaluation.

De-duplication

Remove duplicate/neatuplicate records and verify provenance and overlap of
combined datasets.
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I Estimate generalization with nested cruafidation; confirm with external or
Validation S
temporal validation.
Reportin Report per TRIPOD+AI and appraise risk of bias with PROBAST; share code
P 9 enable reproduction.

Adequate samplsize should be planned a priori, since small samples both inflate optimism
and make leakage harder to detect [16,13]. Where data are grouped-\siggquartitioning

is essential to mirror the clinical usase [12]. The entire analytical pipelinenputation,
scaling, balancing, selection, and tunisgould be fitted exclusively within training folds and
only then applied to heldut data, with nested cresalidation providing a leakagfeee
estimate of performance [8,13].

Table 4. Leaky versus leakagfeee placement of common preprocessing steps relative to the
train/test split.

Step Leaky (incorrect) Leakagefree (correct)
. Impute using statistics from the wholg Fit the imputation model on training
Imputation .
dataset data; apply to test

Compute on training data; transform

Scaling / normalization | Compute mean/SD over train + test .
test with the same parameters

Feature selection Select features on the full dataset Select within each training fold
Resampling (SMOTE) | Balance classdsefore splitting Balance only the training fold
. Choose the operating threshold on th{ Choose on training/validation; evaluat
Threshold selection
test set once on test

External validation in an independent, ideally temporallgesrgraphically distinct, population
remains the strongest defense and the gold standard for assessing transportability [17,18].
Transparent reporting completes the safeguard: structured guidance such as TRIPOD+AI,
together with riskof-bias appraisal usindROBAST, makes leakage easier for authors,
reviewers, and readers to detect [19,18].

7. Discussion

The evidence indicates that leakage is systemic rather than incidental, recurring across
disciplines and persisting partly because incentives reward heapkrformance over
methodological caution [4,5]. In medical imaging in particular, repeated reviews have traced
overoptimistic results to a small set of avoidable design errors, several of which are leakage
variants [6]. A constructive implication is thedntrolling leakage often matters more than the
choice of algorithm: once leakage is removed, careful regression frequently matches more
complex learners on structured clinical data [7].

Mitigation is therefore as much cultural as technical-9pecifying the prediction task, sharing

code and data dictionaries, and adopting contemporary reporting and appraisal standards
collectively reduce both the occurrence and the undetected persistence of leakage [4,19,18].
Treating leakage prevention as a designirequent embedded from task definition through
validation rather than a final audit is the most reliable safeguard.

8. Conclusions

Data leakage is among the most common and damaging methodological failures o dmssdth
machine learning, producing oveptimistic estimates that do not survive contact with
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independent data [3,8]. The good news is that most leakage is preventable: anchoring features
to the decision time, splitting before any ddependent step, partitioning at the patient level,
confining the whole pipeline to training folds, validating with nested cra@dslation and on
external data, and reporting transparently together neutralize the principal mechanisms.

When these principles are observed, machine learning can fulfil its considerailise for
diagnosis, prognosis, and individualized care [1,2,20]. The integration of sound biostatistical
practice with modern MLand adherence to standards such as TRIPO®-+##ll be decisive

in producing prediction models that are trustworthy, repridieicand clinically meaningful
[9,19].
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ABSTRACT

Differentiated thyroid cancer (DTC) generally has a favorable prognosis but carries a variable
risk of recurrence that is praggsively refined by information acquired at different points along
the patient's clinical course. This study aimed to layer recurrence prediction along this clinical
timeline and to quantify the incremental value of each information layer using explainable
machine learning. The publicly available Differentiated Thyroid Cancer Recurrence dataset (n
= 383; recurrence rate 28.2%) was used, and predictors were grouped into three layers along
the clinical timeline: Layer 1 (preoperative/demographic), Layer atf¥gpogical features and
TNM/ATA staging), and Layer 3 (+ATA response to therapy). For each layer, logistic
regression, LASSO, random forest, XGBoost, and a Hdisils support vector machine were
trained with repeated (5x5) stratified crasdidation, ad performance was assessed by AUC,
sensitivity, specificity, Fiscore, balanced accuracy, and Brier score, while variable
contributions were interpreted with SHAP. Predictive performance increased consistently
across layers: the best AUC was 0.871 (LAS®BQ)ayer 1, 0.935 (XGBoost) in Layer 2, and
0.990 (XGBoost) in Layer 3, with the Layer 3 model achieving 91.6% sensitivity, 97.1%
specificity, an F1 of 0.920, a balanced accuracy of 0.944, and good calibration (Brier = 0.032).
ATA response to therapy way far the most influential predictor, followed by age, ATA risk
group, nodal status, and physical examination findings. Overall, DTC recurrence can be
predicted with clinically useful accuracy even from preoperative information, approaching
nearperfect dscrimination as pathological staging and especially treatment response are added;
however, because treatment response is a proximal indicator measured duringugfollow
(structural incomplete response is almost definitionally close to recurrence), thesthigh
performance should be interpreted as a -datgen validation of ATA dynamic risk
stratification, while the genuine clinical value lies in the earlier layers.

Keywords: Differentiated thyroid cancer; recurrence; machine learning; explainable artificial
intelligence; SHAP; dynamic risk stratification.
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1. INTRODUCTION

Thyroid cancer is the most common endocrine malignancy, and its incidence has increased
markedly in recent years, largely owing to the widespread use of imaging [1]. The majority of
casesare differentiated thyroid cancer (DTC; papillary and follicular subtypes), which arises
from follicular epithelial cells. Although DTC generally has an excellent prognosis with low
diseasespecific mortality, recurrence after initial treatment occurs olirdcally important

subset of patients and constitutes one of the central problems of management [2]. Accurate
stratification of recurrence risk is essential for individualizing decisions such as the degree of
thyrotropin suppression, the need for radtoee iodine therapy, and the intensity of follap

2].

The 2015 American Thyroid Association (ATA) guidelines recommend that recurrence risk be
regarded not as a static, etme estimate but as a dynamic, iterative process that begins in the
peridiagrostic period and continues through final follayw [2]. In this framework, patients

are first stratified by clinicopathological features and TNM staging, and are then reclassified
according to their response to initial therapy (excellent, indeterminatddical incomplete,

or structural incomplete response) [3]. This respdrased reassessment has been shown to
predict final disease status better than baseline staging alone [3].

Machine learning methods are increasingly applied to predict DTC recerr&rgubstantial

portion of these studies rely on the Differentiated Thyroid Cancer Recurrence dataset compiled
and publicly released by Borzooei and Tarokhian [4]. The original study that introduced this
dataset compared different combinations of the AifR score and clinicopathological features

and reported that their joint use achieved the best performance [5]. Nevertheless, many studies
in the literature combine all variables (including treatment response) in a single model and
report high accuracy, ithout sufficiently disentangling that these variables are obtained at
different points along the clinical timelinand therefore contribute differently to prediction.

The aim of this study is to layer DTC recurrence prediction along the clinical tinaglthéo
transparently quantify the value added by each information layer: (i) preoperative/demographic
information only, (ii) the addition of pathological features and staging, and (iii) the addition of
ATA response to therapy. Five algorithms were conghamith repeated stratified cross
validation, and the models were rendered interpretable with SHAP. This design answers the
guestion Aat which decision point, and with
critically evaluates the nature of thigih performance driven by treatment response.

2. MATERIALS AND METHODS
2.1. Dataset

We used the publicly available Differentiated Thyroid Cancer Recurrence dataset from the UCI
Machine Learning Repository [4]. The dataset comprises 16 prediat@bles capturing
demographic, clinicopathological, and treatregponse information for 383 DTC patients,
together with a binary recurrence outcome (Recurred: yes/no). Because the data are fully
anonymized and publicly available, no additional ethjmsroval was required [4]. The dataset
contains no missing values.

2.2. Layering of Variables Along the Clinical Timeline

46



TRAKYAT 8TERNATI ONAL CONFERENCE ON APPLI ED SCIE
Jul y120 P2BORI6RNE
ISBN NOR7/-8 2:6 7 B51L

The distinctive design of this study is the grouping of predictors into three layers according to
when they become available in thetipat's clinical course (the layer of each variable is
indicated in Table 1):

Layer 1: Preoperative/demographic: age, gender, smoking, smoking history, history of
radiotherapy, thyroid function, physical examination, and adenopathy (8 variables).

Layer 2: Pathology and staging: Layer 1 variables plus pathology subtype, focality, ATA risk
group, and the TNM staging components (T, N, M) together with overall stage (15 variables).

Layer 3: Treatment response: Layer 2 variables plus ATA response to thera@lldpi /
indeterminate / biochemical incomplete / structural incomplete) (16 variables). This variable is
a dynamic indicator obtained during follewp [3].

2.3. Preprocessing and Encoding

Ordinal variables (ATA risk: Low < Intermediate < High; T, N, Mjeoall stage; treatment
response) were ordinally encoded according to their natural clinical order. Nominal variables
(gender, smoking, history of radiotherapy, thyroid function, physical examination, adenopathy,
pathology, focality) were onbkot encodedand the single continuous variable (age) was
standardized. To prevent data leakage, all encoding and scaling parameters were learned
exclusively from the training data within each creatidation fold.

2.4. Machine Learning Models and Cros$/alidation

Five classification algorithms were trained for each layer: logistic regressiepenalized

LASSO logistic regression [7], random forest (RF) [6], XGBoost [9], and a rad&as support

vector machine (SVM) [8]. To account for class imbalance (28.2% erwe), balanced class
weights were used for RF and SVM, and a scale_pos_weight equal to the negative/positive ratio
was used for XGBoost [11]. Because the sample is relatively small (n = 383), instead of a single
traini test split we applied repeated stiiatl crossvalidation (5 folds x 5 repeats), and
performance metrics are reported as the mean + standard deviation across the 25 folds. The
classification threshold was fixed at 0.50 for all models. Analyses were performed in Python
(scikit-learn, xgboostshap).

2.5. Model Evaluation and Explainability

Models were evaluated for discrimination using the area under the ROC curve (AUC); for
thresholdbased performance using sensitivity, specificity, precisiorsdéte, and balanced
accuracy; and for probaliy calibration using the Brier score [12]. Because missing a positive
case is costly in a recurrensereening context, sensitivity and balanced accuracy were treated
as priority metrics. For interpretability, SHAP (Shapley Additive exPlanations) valees w
computed on the best model of the highest layer (Layer 3) to quantify the mean contribution of
each variable to the recurrence prediction [10].

2.6. Statistical Analysis

Age, the only continuous variable, was summarized as median [interquartile eme]
compared between recurrence groups with the NMafiitney U test. Categorical variables
were summarized by frequency and recurrence rate, and their associations with recurrence were
assessed with the ebquare or Fisher exact test. The Benjariiachbeg procedure was used
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to control the false discovery rate across multiple comparisons. Statistical significance was set
at p <0.05.

3. RESULTS
3.1. Descriptive Characteristics and Comparison of Recurrence Groups

Of the 383 patients in the study sample@ 1P8.2%) developed recurrence and 275 (71.8%)

did not. The mean age was 40.9 + 15.1 years (median 8B31R%ange 1582), and patients

who recurred were significantly older (median 44 vs. 36; p < 0.001). Among categorical
variables, ATA response to tlagry, ATA risk group, nodal status (N), adenopathy, tumor (T),

and overall stage showed the strongest associations with recurrence (all p < 0.001). The ATA
response to therapy was particularly striking: the recurrence rate was only 0.5% for an excellent
regponse but reached 97.8% for a structural incomplete response. Similarly, the recurrence rate
by ATA risk group was 4.8% for Low, 62.7% for Intermediate, and 100% for High. The group
comparison for selected variables is presented in Table 1.

Table 1.Samplecharacteristics and comparison of selected variables by recurrence group (n =
383)

No
Variable (layer) Overall recurrence Recurrence (n=108) p
(n=275)
Age, median [IQR] (L1) 37[2951] | 36[2846] 44 [3262] <0.001
Male gender, recurrence rate (L1 o] o] 59.2% (M) / 21.2% (F) <0.001
Smoking (+), recurrence rate (L1 o] o] 67.3% vs 22.5% <0.001
History of radiotherapy (+) (L1) o] o] 85.7% vs 27.1% 0.002
None 10.8% / positive 62
Adenopathy (L1) o} o} 100% <0.001
'(ALE? risk: Low/Intermediate/High 5 5 4.8% | 62.7% / 100% <0.001
Nodal status NO/N1a/N1b (L2) 0 o) 10.1%/45.5% / 76.3% <0.001
Distant metastasis M1 (L2) 0 d 100% vs 24.7% (MO) <0.001
Focality: Multifocal (L2) 0 d 51.5% vs 15.4% (uni) <0.001
Excell ent
ATA response to therapy (L3) o} o] Structural incomplete <0.001
97.8%

L1/L2/L3: the layer to which the variable belongs. Rates indicate the percentage of recurrence within the
corresponding level. p values are from the Mafthitney U test (age)r chisquare/Fisher exact test (categorical),
after BenjamiriiHochberg correction.

3.2. Layered Model Performance

Predictive performance increased consistently and substantially as clinical information layers
were added. Even Layer 1, usipgeoperative variables only, achieved clinically useful
discrimination (best AUC = 0.871; LASSO). With the addition of pathological features and
staging, the best AUC in Layer 2 rose to 0.935 (XGBoost), and with the addition of treatment
response, the beAtUC in Layer 3 reached 0.990 (XGBoost). The best Layer 3 model achieved
91.6% sensitivity, 97.1% specificity, an F1 of 0.920, and a balanced accuracy of 0.944, together
with a low Brier score (0.032), indicating both strong discrimination and good ¢@&librahe
performance of all layers and models is given in Table 2, the AUC comparison in Figure 1, and
the ROC curves by layer in Figure 2. Pooledaiufold (OOF) AUC values from-5old cross
validation were 0.865 for Layer 1, 0.927 for Layer 2, an@Dfr Layer 3. The best Layer 3
model correctly identified 100 of the 108 recurrence cases and produced only 8 false positives.
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Table 2 Test performance (repeated 5x5 crealdation) for the three layers and five models.

Layer Model AUC (£SD) Sens. | Spec. F1 Bal. acc. Brier
Layer 1 LASSO 0.871 (0.049) | 0.686 0.913 0.717 0.800 0.114
(preop) XGBoost 0.865 (0.041) | 0.722 | 0.843 | 0.680 0.782 0.139

Logistic Reg. 0.863 (0.051) | 0.674 | 0.911 0.707 0.792 0.118
Random Forest 0.861 (0.029) | 0.629 0.889 0.656 0.759 0.134
SVM (RBF) 0.856 (0.044) | 0.675 | 0.911 | 0.707 0.793 0.127
Layer 2 XGBoost 0.935 (0.024) | 0.820 0.898 0.789 0.859 0.093
(+pathology/ | LASSO 0.935(0.026) | 0.788 | 0.922 | 0.793 0.855 0.085
staging) Logistic Reg. 0.931(0.024) | 0.779 | 0.927 | 0.792 0.853 0.086
Random Forest 0.931(0.024) | 0.740 | 0.927 | 0.767 0.833 0.090
SVM (RBF) 0.918 (0.025) | 0.746 | 0.923 | 0.768 0.834 0.100
Layer 3 XGBoost 0.990 (0.010) | 0.916 0.971 0.920 0.944 0.032
(+response) | Random Forest 0.987 (0.012) | 0.894 | 0.984 | 0.924 0.939 0.037
LASSO 0.985 (0.010) | 0.911 0.979 0.927 0.945 0.035
SVM (RBF) 0.981 (0.013) | 0.902 0.967 0.908 0.934 0.043
Logistic Reg. 0.980 (0.014) | 0.911 0.973 0.920 0.942 0.037

Values are means across the 25 folds (xstandewdtion for AUC). The highest AUC within each layer is in

bold. Sens.: sensitivity; Spec.: specificity; Bal. acc.: balanced accuracy. Threshold = 0.50.

AUC by Layer and Model
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Figure 1. AUC values by layer and model (mean of repeated 5x5-uvadgkation).
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ROC Curves by Layer (5-fold out-of-fold)
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Figure 2. ROC cuves for the best model of each layeif@¢tl outof-fold predictions)

3.3. SHAP Feature Importance and Interpretability

ED SCI

The SHAP values computed on the best Layer 3 model (XGBoost) clarify the source of its high
performance (Figure 3). ATA response to #ris by far the most dominant predictor, well
beyond all other variables. It is followed, in order, by age, ATA risk group, nodal status (N),
and physical examination findings (multinodular goiter). Gender, tumor (T) stage, overall stage,
and pathologyubtype (Hurthle cell) also contribute meaningfully to the model. This pattern is
consistent both with the clinical logic of ATA dynamic risk stratification and with established
prognostic factors such as age, nodal spread, and risk group [2].

SHAP Feature Importance — Layer 3 (XGBoost

Response

Age

Risk

N

Physical Examination_Multinodular goiter
Gender_F

T

Stage

Pathology_Hurthel cell

Physical Examination_Single nodular goiter-left
Focality_Multi-Focal

Adenopathy_Left

1 2 3 4
Mean |SHAP value|
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Figure 3. SHAP-based feature importance for the Layer 3 (XGBoost) model (mean |SHAP
value|)

4. DISCUSSION

In this study, DTC recurrence prediction was layered along the clinical timeline, and the value
added by each information layer was quantified withpl&xable machine learning. The most

striking finding is that predictive performance follows a consistent gradient across layers: AUC

a 0.87 with preoperative information, a 0.94
0.99 with the addition ofréatment response. This gradient quantitatively reflects the nature of

the clinical decisiormaking process.

The most clinically valuable result lies in the of@rerlooked Layer 1. The fact that recurrence

can be predicted wit hpremperatiela@d demographi®infoBnyation s i n g
shows that highiisk patients can be reasonably identified even before surgery and treatment
response data are available. This is a practical opportunity to personalize preoperative
counseling, surgical planningnd followup intensity at an early stage. Adding pathology and

staging (Layer 2) substantially strengthens this prediction and provides a more precise
postoperative risk estimate.

In contrast, the negrerfect performance of Layer 3 should be interpretgd caution. ATA

response to therapy is not, like the other variables, a baseline risk factor; it is a proximal and
dynamic indicator determined during follewp according to the response to initial therapy [3].

Indeed, in our descriptive analysis, 97.8¥%opatients with a structural incomplete response
experiencedrecurrencen  al most definitional proximity.
therefore be read not as dnear | y-divenwvaldatioe nce p
of the concepof ATA dynamic risk stratification [2] [3]. The dominance of treatment response

in the SHAP analysis directly supports this interpretation. Accordingly, the genuine added value

of the model should be sought in the earlier layers, before treatment spanailable.

Our findings are consistent with, yet methodologically distinct from, the original study that
introduced this dataset. Whereas Borzooei et al. [5] organized their feature sets around the ATA

risk score (without risk, risk only, all featujesve layered the variables along the clinical

ti meline. This design directly answers the
accuracy, is prediction possible?06 and i sol ¢
treatment response. Thectors highlighted by SHARage, ATA risk group, nodal spread, and

staging overlap with wellknown prognostic markers in DTC [2], supporting the clinical

validity of the model.

Strengths of the study include the novel layered design based on thd thnétime, the use

of repeated stratified crosmlidation appropriate for a small sample, the reporting of
calibration (Brier score), the handling of class imbalance through weighting, and transparent
interpretability with SHAP. Limitations should alse bonsidered: the dataset is singémter

and relatively small (n = 383); no independent external validation set was used; the
classification threshold was fixed at 0.50 and should be tuned to the desired sdnsitivity
specificity tradeoff in clinical use.Moreover, because the dataset does not includettme
recurrence, timelependent (survival) modeling was not possible. Future work should pursue
external validation across centers, threshold optimization, survival analyses accounting for time

51



TRAKYAT 8TERNATI ONAL CONFERENCE ON APPLI ED SCIE
Jul y120 P2BORI6RNE
ISBN NOR7/-8 2:6 7 B51L

to recurrewe, and translation into a clinical decisisumpport tool with individualevel SHAP
explanations.

5. CONCLUSION

In differentiated thyroid cancer, recurrence can be predicted with clinically useful accuracy
(AUC & 0.87) even f r oapprgachiagonpaeerfegttdiscringnatiomas o r ma t
pat hol ogi cal staging (a 0.94) and especially
because treatment respongiee variable yielding the highest performance a proximal

indicator measured during folleup, this result should be interpreted as a validation of ATA
dynamic risk stratification. The genuine clinical opportunity lies in the strong prediction
obtained in the earlier layers, before treatment response is available. Supported by explainable
machne learning, this layered approach provides a transparent framework that can help
personalize recurrengesk assessment according to the relevant clinical decision points.
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MEMORY ALLOYS
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ABSTRACT

Functionally graded materials (FGM) are innovative engineering materials that stand out with
their properties that change throughout their structures. Gradual transitions inst@npo
reduce thermal and mechanical stresses caused by sudden interfaces, increasing the durability
and life of the material. Such materials can exhibit superior performance against different
environmental conditions while maintaining their structuralegnity. Thanks to these
properties, interest in FGMs is increasing in applications requiringtenng structural strength

and functional stability. FGMs offer reliable solutions in htgbh fields such as aerospace,
defense, automotive and biomedical.eyhattract attention with their ability to maintain
structural integrity in environments where high temperatures, wear and mechanical stress are
seen.

This study examines how shape memory alloys (SMA) can be designed with a functional
grading approach. Gdad SMA structures (FGMA) can exhibit different transformation
temperatures, mechanical responses and energy behaviors in different regions. This makes them
suitable for multifunctional systems. This diversity enables the material to respond differently

to service conditions in different regions. In the study, the composition and microstructure
changes depending on the position, especially in-NéBed alloys, were discussed. It was
evaluated how the transformation temperatures, hysteresis width agg paeameters were
affected. It was emphasized how the desired transformation characteristicS MA&ystems

can be directed through material design.

In line with the studies in the literature, general trends related to transformation temperatures,
microstructural properties and functional performance were evaluated. In addition, current
research trends for more precise control of transformation behaviors were also mentioned. The
evaluations made reveal the potential o-&MA systems in engineering apgations. Thus,

the basic variables that should be considered in material design for multifunctional structures
were emphasized. In this respect, the study aims to contribute to the understanding of
functionally graded shape memory alloys and their evialuain advanced engineering
applications. The information presented can also form the basis for future experimental and
computational studies.

Keywords: Functional grading, Shape memory alloys (SMA), Material design, NiTi alloys.
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OZET

Fonksiyonel olarak elr ecel endi ri | mi K mal zemel er ( FGM)
°czellikleriyle °ne -éeékan yenilik-i m¢hendi s
ge-i kKl er, ani araye¢zlerin neden ol duju term
dayaneéekl°airé&ngneéarvweer makt adeéer . Bu t¢r mal zemel
farkl é& -evresel kokull ara karkeée ¢stegn perf ol
s¢reli yapésal dayaném ve fonksiyonetlk karar/
il gi gi derek artmaktader. FGM' | er ; uzay, S @
teknol oj i gerektiren alanlarda ge¢venilir -9z
zorl anmanén g°o°r ¢l degj ¢ ortaml ar ddkkay gelerdes a l b ¢t
Bu -al ékma, Kekil hafezal é al akémlareéen (SMA]
tasarl anabil ecejini el e al énmaktSavwlAgr,. faerkec
b°l gel erde far kl é d°n¢Keém s ércarkjl ié k |daarvér,a n &
g°sterebil mektedir. Bu da onlaré -ok ikl evl
-exki tlilik, mal zemenin farklé b°l gel erde hi:
m¢e mke¢egn kél maktader . caleermmaka ml azalal bk Il @ K NimT
konuma bajl é deji ki mi el e al éenméxteér . D°ng¢ K,
parametrelerinin nasél -SMAi kestemi edenhdel esd
karakteristijemé ny oMauyzleamen atsaéslary° nl endi ri | ebi
Literatg¢grde yer alan -al ékmalar dojrultusund
i Kl evsel performansl a il kki L genel ej il
davr anédkalhaar em&sansas kekil de kontrol ¢ne y°neld]
dejinilmicktir. Yapéel a8MA distéméerinine nndihendml&k | e r

uygul amal aréndaki potansiyelini ortaya koyma
tasaréekmaneaatdiekhmasé gereken temel dejikkenle
yapélacak deneysel ve hesaplamal é -al éxkmal ar
Anahtar Kelimeler: Fonksi yonel derecel endir me, kekil h
tasar éme, Ni Ti al akémlar.
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MULTI -CRITERIA SELECTION OF ANIMAL -BASED NATURAL FIBER
MATERIALS USING AN INTEGRATED GINI -COPRAS-MOORA -MARCOS
FRAMEWORK

Asst. Prof. Dr., Adem Avcu
Hasan Kalyoncu University,
adem.avcu@hku.edu4000060001-99815311

ABSTRACT

Systematic material selection is regarded as an alternative to the use of reinforcement in
composite materials, due to the multidimensional t@ftie involved among conflicting
mechanical and physical performance criteria. This study proposed an irdegtdtiecriteria
decisionmaking (MCDM) approach to evaluate and rank six natural animal &ibnasnely,

wool, silk, alpaca, camel hair, cashmere, and yak &vbalsed on four essential design criteria:

The following parameters are to be measured: densitgjléestrength, elastic modulus and
elongation at failure. In order to establish a ethigen evaluation process, the Gini coefficient
based weighting method (Gini weights) was deployed in order to calculate the relative
importance of each criterion. Th&ecution of three MCDM techniques operating under distinct
mathematical structures was subsequently undertaken. The aforementioned techniques
comprised Complex Proportional Assessment (COPRAS), {@lliective Optimization on

the basis of Ratio AnalysisMOORA), and Measurement of Alternatives and Ranking
according to Compromise Solution (MARCOS). The execution of these techniques was
undertaken in a Python environment, with the objective of determining alternative preference
scores and final rankings. Ap&arman rank correlation analysis was also conducted to
statistically measure the consistency and directional alignment among the applied ranking
models. The MCDM ranking results demonstrated that Silk attained the highest rank across all
three methods duto its high tensile strength and stiffness. Concurrently, the correlation
analysis confirmed a high degree of consensus among the deployed MCDM frameworks. This
study indicates that combining Gibased weights with compromise ranking methods can
providea stable and mathematically viable decissmpport framework for higperformance
bio-material design and selection.

Keywords: Material Selection, Natural Fibers, MCDM, Gini Weights, COPRAS, MOORA,
MARCOS.
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B! T! NLEk KK BIORRAGM®IRA-MARCOS CERCE V E S K
KULLANILARAK HAYVANSAL BAZLI BDOUAEMEKERKNKN ¢OK
KRKTERLK SEG¢KMK

Dr . ¥Jr. lyesi, Adem Avcu
Hasan Kalyoncu Universitesi,
adem.avcu@hku.edu4000060001-99815311

OZET

Sistemati k mal zeme se-i mieyrfoelmiawisi [kiri mek &arei k
boyutlu °d¢gnl ekmel er nedeniyle kompozi't ma |
ol arak kabul edi |l mektedir. Bu - al ékma, al t é
kakmir ve yak yé&m¢kr idt®errti ne ngelr e adseajrer | endi rr
bir -ok kriterl:i karar verme (MCDM) vyakl akén
yojunluk, -ekme dayanémée, elastik mod¢l ve Kk
s¢reci a&l uktuwrmher bir kriterin g°receli ©°ne
dayalée ajeéerl éeklandérma y°ntemi (Gini ajerl ek
yapeéel ar altenda -al ékan ¢ - MCDM toe komusg i ni n
tekni kl er ; Kar makék Oranteéelée Dejerlendirme (
Optimi zasyon ( MOORA) v e Uzl ak ma ¢t°z¢megne

Séralanmasé (MARCOS) tekniklerini i Htercihmekt ed
puanl aréné ve ni hai séral amal aré belirl emek
Uygul anan séralama modell eri araséndaki tuta
i -in Spearman séra kor el teylioKarar ¥errad (MGDM) de vy a
séralama sonu-1arée, i pejin y ¢ ksek - ekme da
tamaménda en y¢ksek séralamayeé el de ettijin
analizi, kull anél an MCDMeecedeewelrerfii kama sbénr
dojrul améexkteéer . Bu -al ek ma, Gi ni tabanl e a
birlektirilmesinin, yé¢ksek performansl e biy
matematiksel olarak uygulanabilir bir karar déste- er - evesi sajl ayabil ec
Anahtar Kelimeler: Mal z e me Se-i mi, Doj al Lifler, ¢ KKV

MOORA, MARCOS.
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A COMPARATIVE MCDM APPROACH FOR PLANT -BASED FIBER SELECTION
IN COMPOSITE MATERIALS UNDER OBJEC TIVE CRITERIA WEIGHTS

Asst. Prof. Dr., Adem Avcu
Hasan Kalyoncu University,
adem.avcu@hku.edu400000001-99815311

ABSTRACT

The paradigm of sustainable engineering necessitates a meticulous assessment of bio
composites, where identifying the optimal organic reinforcement involves balancing competing
geometric and mechanical attributes. The present research proposes a colnpréhdatis
Criteria DecisioAMaking (MCDM) framework designed to assess and rank five significant
natural plant fibred specifically banana, nettle, ramie, bamboo, and Kendfising four

critical design parameters: The following parameters are to be radasiensity, tensile
strength, elastic modulus and elongation at break. In order to guaranteedaisataand
impartial evaluation, the relative importance weights of each design criterion are calculated
objectively by means of the CRITIC (Criteria Imporce Through Intercriteria Correlation)
technique. In this study, three distinct MCDM methodologies are utilised, each characterised
by a unique mathematical framework. These methodologies, namely Technique for Order of
Preference by Similarity to Ideabition (TOPSIS), VIKOR (ViseKriterijumska Optimizacija

| Kompromisno Resenje), and Preference Ranking Organization Method for Enrichment
Evaluations Il (PROMETHEE II), are implemented within a Python programming environment
to facilitate the calculationfalternative preference ratings and the subsequent establishment
of final rankings. In addition, a Spearman rank correlation coefficient analysis is conducted to
statistically evaluate the alignment and structural consistency across the implemented decisi
models. The resulting study serves as a decsimport tool, enabling engineers to
systematically select the most appropriate naturaintaterials while eliminating personal
subjectivity.

Keywords: : Material Selection, Plant Fibers, MCDM, CRITIC Med, TOPSIS, VIKOR,
PROMETHEE II.
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BKTKK BAZLI LKF SE¢KMK K¢KN KARKILAKTI RMAL
KARAR VERME (¢KKV) YAKLAKI Ml
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OZET

S¢rder el ebilir m¢hend-kemphzi tplagraidn gmas € z

dejerlendiril mesini gerektirir; bu s¢re-te e
birbiriyle -elikenlg&bmeini kengemehmasknpPzelt
ésérgan ot u, rami, bambu ve kenaf ol mak ¢zer
dayanéemée, elastisite mod¢l ¢ ve kopma uzamasé
dejerl endiarlearyame kapsaml é bir ¢ ok Kriterl:

sunmaktadeéer . Veriye dayal é ve tarafséz bir
kriterinin g°receli °nem ajeérl éeklaré, CRITIC
tekinikull anél arak nesnel bir Kekil de hesapl
mat emati ksel bir yapéya sahip ¢ - farkl é ¢ k
Benzerlije G°re Tercih Séral amasé Tekni i
Optimizacija IKompr omi sno Resenje) ve Zenginlexktiri
Séralama Organizasyon Y°ntemi 1 (PROMETHEE
alternatif tercih puanl ar énén hesapl anmaseé
kol ayl akteymak Pgmaaon programlama ortaménda

karar model |l er arasendaki uyumu ve yapeéesal

Spearman séra korelasyon katsayésé ainmilsel g
oznel i ji ortadan kal dér ér kmareemelgrirsistenthtikir er i n
Kekil de se-melerine olanak tanéyan bir karar

Anahtar Kelimeler: Malzeme Secimi, Bitkisel Lifler, CKKV, CRITIC Yontemi, TOPSIS,
VIKOR, PROMETHEE |II.
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ABSTRACT

In recent years, phase change materials (PCMs) haveviidely integrated into solar air
heaters to upgrade thermal energy storage and raise the operating period of the system. The goal
of this study is to enhance the thermal performance of a solar air heater equipped with a PCM
unit. Accordingly, the flow chanel of a singldlow solar air heater equipped with a PCM unit

was modified to improve its overall performance. To enhance the thermal performance of the
system, obstacles were added to the absorber plate of the solar air heater. Moreover, porous
baffleswere integrated into the PCM section to promote faster melting of the phase change
material. The numerical simulations of the obstariaanced PCNhtegrated solar air heater

were performed using ANSYS Fluent. In addition to the modified solar air hedtter
obstacles, a solar heater without obstacles in the air channel was also analyzed and compared
with the modified system. According to the results, the integration of obstacles into the
absorbing surface increased the air residence time within thecHhannel and upgraded the
thermal performance of the solar air heater. The proposed solar air heater exhibited superior
thermal performance compared with the conventional configuration in terms of outlet
temperature and useful energy gain.

Keywords: Solar air heater; PCM unit; Obstacles; Numerical simulation
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1. INTRODUCTION

The increasing demand for sustainable energy technologies has accelerated the development of
thermal energy storage (TES) systems integrated with renewable eapbgations [1].

Among renewable resources, solar energy is one of the most promising alternatives; however,
its intermittent nature restricts continuous energy utilization. Integrating TES systems into solar
thermal applications offers an effective sautby storing surplus thermal energy during time

of high solar irradiance and releasing it when solar radiation decreases or becomes unavailable
[2]. Depending on the storage mechanism, TES technologies are generally classified into
sensible, latent, therochemical, and hybrid storage systems [3].

Latent heat storage based on PCMs has attracted considerable attention due of its high energy
storage density and nearly constant temperature during the charging and discharging processes
[4]. In comparison to sesible thermal storage, PGhased systems can store larger amounts of
thermal energy within a smaller space, making them particularly attractive for compact thermal
systems. In addition, PCMs are capable of repeatedly absorbing and releasing latent thermal
energy during melting and solidification without significant degradation in thermal
performance [%]. Owing to these advantages, P@slsed TES technologies have been
extensively employed in building energy management, heat recovery, hot water systems, an
air-conditioning systems [7].

Numerous researches have demonstrated the effectiveness elbdEM thermal storage in
various engineering applications. Rulevskis
for space cooling applications and repdrt reduction of up to 9.5 °C in indoor temperature.
Wang et al. [9] performed a techreoonomic assessment of a saasisted electric heating
system and concluded that the selected PCM exhibited excellent thermal stability together with
high heat storge capability. Nie et al. [10] reported that integrating PCM inte@nditioning
systems significantly stabilized the outflow air temperature in the charging and discharging
procedure, thereby improving thermal comfort. Liang et al. [11] examined thacingb
geometric parameters on the efficiency of a RP@aded cold thermal storage section and
reported higher energy usage efficiency with reduced energy consumption. Similarly,
Wonorahardjo et al. [12] experimentally demonstrated that Ra€disted passiveooling
systems effectively improved indoor temperature regulation under tropical climatic conditions.

Recently, the integration of PCMs into solar air heaters (SAHs) has emerged as an effective
approach to overcome the intermittent nature of solar e@&djo prolong the useful operating
period of the collectors. ElI Khadraoui et al. [13] empirically investigated pléae SAH
incorporating PCM and concluded that thermal energy storage significantly enhanced drying
performance, particularly during peds of low solar radiation. Vengadesan et al. [14]
introduced multifunctional PCM tubes into a SAH system and reported higher useful heat gain
despite the accompanying increase in pressure drop. Luo et al. [15] desigoableflow

solar collector witHPCMHfilled evacuated tubes and demonstrated a remarkable improvement
in thermal yield. Salih et al. [16] experimentally analyzed a PaSkisted doublpass collector

and showed that increasing the airflow rate delayed PCM melting while reducing the melting
temperature. Algaed [17] evaluated the behavior of a faGsisted SAH under the climatic
conditions of Riyadh and reported increased outlet air temperatures during the late operating
hours. Brahma et al. [18] compared different PCM materials and iddmpdieaffin wax as the

most suitable option in terms of thermal efficiency. Bo et al. [19] enhanced the performance of
a PCMassisted collector by integrating a fan, resulting in higher airflow and an average outlet
temperature increase of approximately @. °More recently, Balakrishnan et al. [20]
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incorporated PCM into rectangular fins, while GaneshKumar et al. [21] combinedfif€M
tubes with nanoparticles and acdrrugated absorber, achieving considerable improvements in
both PCM melting characterist and overall collector performance.

Although numerous researches have focused on increasing the thermal efficiency -of PCM
integrated SAHs through absorber modifications, fin geometries, or PCM enhancement
techniques, limited attention has been given mproving the airflow characteristics by
employing guiding obstacles while simultaneously enhancing heat transfer inside the PCM
storage unit. Therefore, the combined influence of guiding obstacles in the air channel and
porous fins within the PCM containkas not yet been comprehensively investigated.

Accordingly, the present study numerically investigates the thermal effectiveness of a single
pass SAH equipped with a PCM storage unit by incorporating guiding obstacles over the
absorbing surface and perded fins inside the PCM unit. A conventional P@skisted
collector without obstacles is also analyzed under identical operating conditions for
comparison. The effects of the proposed modification on airflow characteristics, temperature
distribution, PCM melting behavior, outlet air temperature, and useful heat gain are
comprehensively evaluated using transient CFD simulations.

2. CFD ANALYSIS

Computational fluid dynamics (CFD) has become an effective approach for analyzing airflow,
heat transfer, andéhmal energy storage in SAHs, enabling detailed investigation of the impact
of solar irradiation and PCM integration on system performance. The geometric models of the
two investigated SAHs were developed using the Deligdeler module of ANSYS. Figure

1 shows geometry of the analyzed SAH equipped with a pcm unit. Figure 2 illustrates placement
of the guiding obstacles in the flow channel and porous fins in the PCM unit. It should be stated
that two identical SAHs were analyzed in the current work andrtlyedifference between two
SAHs is guiding obstacles in the flow channel of the collector. The main goal of adding PCM
unit is improving usage time period of the SAH. Perforated fins were incorporated into the PCM
section beneath the absorber surface nbaece heat exchange during the charging and
discharging procedure. In addition, integrating guiding obstacles can importantly moderate
fluid flow in the system and consequently raise the overall performance of the SAH. The
geometry of the designed SAHsnsists of an air domain, an aluminum absorbing surface,
obstacles in the air channel, porous fins beneath the absorbing surface, a transparent glass cover,
and a PCMirilled unit for heat energy storage.

Following the development of theomputational models, the mesh structures were created
using the ANSYS Meshing module. Since the mesh directly affects the accuracy, convergence,
and computational efficiency of CFD simulations, an appropriate mesh configuration was
established for all ahaed cases. The mesh structure of the SAH with obstacles is presented
in Figure 3. Figure 3 (a) illustrates the mesh distribution within the air channel and PCM unit,
while Figure 3 (b) shows the absorbing surface with the guiding obstacles in the dometh

and the porous fins integrated into the PCM unit. To accurately capture the heat transfer among
the absorbing surface, guiding obstacles, and the flowing fluid, local grid refinement was
applied at the corresponding interfaces. Moreover, local nedistement was preferred to the
absorber plate, guiding obstacles, and porous fins to accurately resolve the heat transfer
phenomena and ensure reliable numerical results. The computational domains of the PCM
equipped SAHs with and without obstacles comesisdf 17,963,160 and 12,639,593 mesh
elements, respectively.
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solar
radiation

\ PCM
air channel  container

air inlet

Figure 1. Geometry of the SAH equipped with a pcm unit

4

porous fins

Figure 2. Placement of guiding obstacles in the flow channel and porous fins in the PCM unit

(b)

(a)

Figure 3. Mesh view of th&sAH with obstacles in the flow channel; a) A view of air channel and
PCM unit, b) Absorber plate with guiding obstacles in flow channel and porous fins inside PCM unit

63



TRAKYAT 8TERNATI ONAL CONFERENCE ON APPLI ED SCIE
Jul y120 P2BORI6RNE
ISBN NOR7/-8 2:6 7 B51L

The numerical model was established by defining the ambient heat loss throughetimrcoll
surfaces, the inlet air conditions (temperature and flow rate), and thal¢peadent solar
irradiance as the principal boundary conditions. Transient numerical simulations were
performed for two PCMequipped SAHSs, with and without obstacles, abastant flow rate of

0.011 kg/s. A single flow rate was selected becauaesientthermal analyses require
considerable computational time and resources. To simulate the effect of solar irradiation, a
predefined sun vector was imposed on the transpalasg gover of the SAH. The transient
solar irradiance was defined using experimentally measured data recordeematuBd
intervals, as reported in the previous study [22]. The convective heat transfer coefficient at the
collector walls was specified basen the methodology presented by Tuncer et al. [22]. The
transparent glass cover located on the upper surface of the SAHs was modeled with a
transmissivity of 0.92, while the absorbing surface was assigned an absorptivity of 0.95,
representing the optic@roperties of commercially available collector materials. To provide
heat energy storage, a section filled with paraffin wax was incorporated into thepsisgle
SAH, and its performance was evaluated for different design configurations.

Paraffin wax wasselected as the PCM material because of its favorable thermophysical
properties. As an organic PCM, it offers stable latent heat storage, negligible phase separation,
and good thermal reliability, making it a suitable candidate for repeated thermagdg&in

25]. In addition, its relatively low melting temperature makes paraffin particularly suitable for
low-temperature TES purposes, including SAHs. The selected PCM was RUBITHERM RT42,
which has a melting temperature range o#38°C and a latent hedisage capacity of 165
kJ.kgl. The PCM has densities of 0.88-kg? in the solid phase and 0.76-kgs in the liquid

phase, a specific heat capacity ok2kg'.K?, and a conductivity of 0.2V.m1.K* in both

phases.

Once the computational mesh Hagkn established, the numerical investigations were done in
ANSYS Fluent, where the governing equations, physical models, material properties, and
boundary conditions were incorporated into the computational model. The CFD modeling was
performed by prefeimg a transient pressubmsed solver to accurately predict the flow and
heat transfer behavior within the PGuipped SAHSs.

The standard - model was preferred to resolve the turbulent airflow inside the solar air
collector, following the approach aoked in previous investigations of comparable systems
[26]. Air was considered as the working fluid, and its thermophysical properties were assumed
to remain constant during the simulations. The incident solar radiation was applied by
specifying the sun wor according to the orientation of the analyzed SAHs. Convergence
criteria of 102 were specified for the continuity, momentui®, and- equations, while the
energy equation was convergedl@®®. During the solution process, the pressure\aiocity

fields were iteratively determined by solving the coupled continuity and momentum equations.

The conservation of mass is governed by the following continuity balance [27]:
— n18"w Y (1)

Together with the continuitgquation, the momentum conservation balance was solved to
determine the flow field and are expressed as follows [27]:

—"® ng’ab ny n8f "m ® (2)
here,” "®represents the gravitational body for@gdenotes any additional body forceésis

pressure, andl is the viscous stress tensor.
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The turbulenkinetic energy 1) is governed by the following transport equatidi]:

— Dz - — ¢ — — 3)

In the standard - turbulence model, theansportformula for the turbulent dissipation rate
(-) is expressed b2 7]:

- - (‘j 6_ 6 n o - ‘ o (4)

The turbulence length scalé Y was calculated using tliellowing expression:
T

- — (5)
The turbulent viscosity () is expressed by the following relationship:
CTeONMQ 6 — (6)

The energy conservation equation employeddtermine the temperature distribution within
the fluid domain is given below [22]:

"H 6— 0— O— EEQRTY . @)

wheree is the volumetric energy source (or sink) term ands the specific heat capacity of
the maerial.

To accurately reproduce the transient operating conditions,-d@pendent boundary
conditions were implemented in themericalmodel. The incident solar irradiance and inlet

air temperature were specified as functions of time using experimemeafgured data,
enabling the simulations to capture the daily variations in environmental conditions. The time
dependent profiles of solar radiation and surrounding temperature used as transient boundary
conditions in the numerical model are presented gurdei 4, based on the experimental
measurements reported by Tuncer et al. [22]. To accurately predict radiative heat exchange
among the collector faces, the Surfage&urface (S2S) radiation model was adopted in the
numerical modeling.
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Figure 4. Temporal variations of radiation and ambient temperature
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3. FINDINGS AND DISCUSSION

Figure 5 presents the liquid phase distribution within the PCM unit for the SAHs with and
without guiding obstacles at the same operating time obktacleassisted collector exhibits a
higher liquid fraction, indicating a faster melting process. This improvement is attributed to the
upgraded convective heat transfer resulting from the disturbance of the airflow and the
increased air residence timathin the SAH. Consequently, more heat energy is transferred
from the absorbing plate to the PCM, leading to accelerated melting and more effective
utilization of the thermal storage section. Figure 6 compares the air temperature distribution
inside the SAIs with and without guiding obstacles. In the conventional collector, the
temperature field exhibits a relatively smooth distribution along the air channel, whereas the
introduction of guiding obstacles significantly alters the thermal field. The obstadesct

the airflow and promote stronger mixing, leading to repeated disruption of the thermal boundary
layer over the absorber surface. Consequently, the air absorbs more thermal energy while
flowing through the collector, resulting in enhanced conveckieat transfer and improved
thermal performance. The local temperature variations observed around the obstacles further
indicate intensified heat exchange among the absorbing face and the flowing air.

Figure 7 compares the temperature distribution dveraibbsorbing surface for both collector
configurations. The absorber plate with guiding obstacles exhibits more pronounced local
temperature variations than the conventional design. This behavior is attributed to the repeated
interaction between the airflo and the obstacles, which enhances local convection by
disrupting the thermal boundary layer. As a result, heat is extracted more effectively from the
absorbing surface and transferred to the flowing fluid, leading to improved thermal
performance. Furtharore, the nofuniform temperature contour confirms the intensified heat
exchange occurring around the obstacle locations.

Figure 8 compares the outflow air temperature of the SAHs with and without guiding obstacles
throughout the day. The obstaalssisteccollector consistently delivers a higher outflow air
temperature than the conventional configuration. The temperature difference becomes more
pronounced during periods of high solar irradiance, indicating that the enhanced heat transfer
provided by the gding obstacles is more effective under increased thermal loading. This
improvement can be attributed to the intensified air mixing and the prolonged residence time
within the flow channel, which increase the amount of heat transferred from the absorbing
surface to the flowing air. As the solar irradiance decreases during the late afternoon, the
temperature difference between the two configurations gradually diminishes. Figure 9 presents
the change in the useful heat gain for the SAHs with and withoutngummdstacles. The
obstacleassisted collector achieves higher useful heat gain throughout most of the operating
period, with the greatest improvement observed around midday when the solar irradiance
reaches its maximum. The enhanced performance resuttstifi® increased convective heat
transfer among the absorbing surface and the airflow due to the disturbance of the thermal
boundary layer and the prolonged air residence duration within the SAH. As the available solar
energy decreases during the late aften, the useful heat gain of both configurations gradually
declines, reducing the difference between the two systems.
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(a)

0.000e+000 (a)

0.000e+000 (h)

Figure 5. Liquid phase distribution in the thermal storage unit; a) Without guiding obstacles, b) With
guidingobstacles

Figure 6. Temperature contour in the air channel of the SAH; a) Without guiding obstacles, b) With
guiding obstacles
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Figure 7. Temperature contour on the absorber of the SAH; a) Without guiding obstacles, b) With
guiding obstacles
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Figure 8. Outflow temperature in the SAHs with and without obstacles
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Figure 9. Thermal energy gained in the SAHs with and without obstacles

4. CONCLUSIONS

In the current work, the thermal performance of a siigle SAH integrated with a PCM
storage unit was numerically investigated. To increase the heat transfer characteristics of the
collector, guiding obstacles were installed over the absorber plate, while porous fins were
incorporated into the PCM container to enhategmal energy storage. The performance of

the designed configuration was compared with that of a traditional 83Mted solar air heater
under identical transient working conditions. The numerical results demonstrated that the
addition of guiding obstdes significantly modified the airflow characteristics inside the
collector by raising the air residence time and promoting stronger convective heat transfer
among the absorber plate and the working fluid. Consequently, a larger amount of thermal
energy vas transferred to both the airflow and the PCM storage unit. The liquid fraction
distributions revealed that the proposed configuration accelerated the melting procedure of the
PCM compared with the conventional collector, indicating more effective titlizaf the

latent heat storage unit. Furthermore, the temperature contours showed that the airflow
disturbances generated by the guiding obstacles enhanced heat exchange throughout the
collector, resulting in improved thermal energy distribution. The gseg@ collector
consistently achieved higher outlet air temperatures and greater useful heat gain throughout the
operating period. The improvement became more pronounced during periods of high solar
irradiance, confirming that the modified airflow path emted the thermal utilization of the
available solar energy. Overall, the combination of guiding obstacles and porous fins offers a
practical and effective approach for improving the thermal performance ofd3Gisted solar

air heaters. Future studies mi@mgus on optimizing the geometry, dimensions, spacing, and
arrangement of the guiding obstacles and porous fins, as well as experimentally validating the
proposed design under different climatic and operating conditions.
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OZET

Bu -al ékmada yedi -exit atéek kajeéeden farkl e
ve mekani k dejikimlerin glPrtsamamkamer | amesgk I
geri d°n¢ke¢gm s¢gre-lerine ujramadan dojada ne
-%z¢nme akamal ar éneé periyodik ol ar ak go°rse
ol ukmaktadeéer . tcal ekxkmanée, i | babkklmsgiydhheéeg&adg
baskéeséez), kuke kajétlarée ve ambal aj kajetl a
kajetlaréndan olukan bir grup farkle kull ane
kampus icerisinde btk deneme -al ékmalaré i-in ayrélan
toprajeéenda yaklakéek 10 c¢cm derinlijinde a-¢éel
bl ¢m¢gnde gazete kajédée, kuke dergi kaj ede,

mukavva ve kartonda olukan yedi farkleée te¢grdeki

yedi litre °1-¢lerinde keffaf sakseéelara bir

yedi adet kaj et °rnefji il el drpytakll mxkwetkérb.i r
periyotlarda ©°zenli olarak topraktan -ékarel
ajéerl ek deji ki mleri, kal enl ék deji ki mler. v
i mkanl ar dahil i ndeékdm] elrilteenrdaitr¢irlemi kca h we r e¢nagli
kalan kajétlarén dejikimlerinin zaman i -er.|
pl anl améxkteér . At ek kajetlar toprak alteéenda

toprak kimlol mamalkt aeéde.

Anahtar Kelimeler: At ek Kaj ét, Toprakta ¢°z¢nme, S¢r e,

Investigation of the Degradation Processes of Different Paper Types under Soil Burial
ABSTRACT

This study aimed to visualize the physical and mechanical changes exhibgeden different

types of waste paper after being buried in soil for varying periods. It periodically documented
the decomposition stages of eofdlife paper materials under natural soil conditions in order to
determine how long these waste papers reqto degrade without undergoing recycling
processes. The study consisted of two main sections. In the first section, newspapers, printed
and unprinted office papers, coated papers, packaging papers (kraft paper), toilet paper,
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cardboard, and corrugatedard, representing papers with different applications, were cut into
Ab6-sized samples and buried at a depth of approximately 10 cm in brown forest soil located
within the campus area designated for plant experimental studies. In the second section, seven
different paper types, namely newspaper, coated magazine paper, packaging paper, printed
office paper, toilet paper, corrugated board, and cardboard, were placed in transparent pots with
a capacity of approximately seven liters and identical dimensionsarhgles were arranged

in alternating layers consisting of one layer of paper and one layer of soil, with sufficient soil

to completely cover each paper sample. Each pot contained seven paper samples prepared using
this layering method. The buried sample®rev carefully removed from the soil at
approximately onaveek intervals, cleaned, and subjected to analysis. Within the limitations
imposed by the condition of the recovered paper samples, changes in weight, thickness, and
bursting strength were evaluatéithe study aimed to contribute to the existing literature by
providing data on the temporal physical and mechanical changes of paper materials buried in
Brown forest soil conditions. The findings indicate that, even when buried in soil, waste paper
decompses within a relatively short period and therefore does not cause persistent soll
pollution..

Keywords: Waste Paper; Soil Burial; Degradation Time; Paper Strength
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-al ekmamézda bir ay sonunda hi-bir kajeéet ©°r
saksélarda yakl akék ayne °I-¢lerde ve «kxekild
kajéet °rneji grzetromialRraleze&kk kknaeki |l de) °rnek
hazérl anméxkt ér . Kaj étlar hava kokull arénén d
saksélardan nazi k-d& ée+rekharkalrmék, alfjeévd eklrau<fu
dejlermr i i-in de Bursa Teknik | niversitesi Oor

Boluminde yer alan laboratuvarlarda patlama testleri TAPPI T 403 am st andar déna
ol arak test edil mixktir.

Materyal ve Metod

2.1. Materyal

Kull anél acak ol an kOj ét terl eri -al ékma
kesilip A6 boyutuna getirildi. Her tr icin 10 adet 6rnek kesildi. Kesilen érneklerin hassas terazi
il e ajeéerl eklaré al éende. Her teckriel ©°1zded e nk okdel kai
kadar kesilen kajét °rnekleri g°r¢nmektedir.

kekil 1 k ek

kekil 4 | 5 keki
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kekil 8

G°rsellerde séraséyla karton, mukavva, baské
ambal aj kajede, tuval aténk ajagmhémé dersgierk d jma ke
belirtilen g°rsel kartonun ters y¢zeyidir k
a-éklanméexteéer .

Al1dden Al106a kadar A4 kajeéde i-in belirlenen
BAl16den BAl1l0O6éba kadar Baskeéelé A4 kajedeée i-in
DKX@&n DK106a kadar Dergi kajede i-in belirle
TK16den TK106a kadar Tuvalet kajédé i-in bel
SK16den SK106a kadar Sare kajeéet i-in belirle
K166den K106a kadar Karton i-in belirlenen ko
GK16den GK106a kadar Gadete kajédée i-in beli
M16den M106a kadar Mukavva kajeéede i-in belir
AK16den AKl106a kadar Ambal aj kajede i-in bel
Tuvalet kO©jédé i-in °rnek aléenérken kesi kl:i
yapélan -alékmalarragmpdidbmkronel at ekl ahmeé rk
2.2. Metod
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¢al @ékmanén il k basamajé ol arak Bursa Teknik
bul unan Or mancél ék Ar akt ér ma Mer kezi 6nde p
aréndéer él arak temizlendi. ¢aléeékmaya 9 farkl e
Ha zaénran °rnekl er | aboratuvardan al énép g°mgr
konumlar belirlendi. Her t¢rden 5 adet ©°rnek
art arda g°m¢gl dg. Derinlikler:i yng K Idag g &k yed |
i karet =-ubuklaré ile i karetlenmixktir. Topl ar
konul an kajeéetlarén g°rselleri kekil 126de g°
kekil 12. Far kl e Gr u@nakk!| eKraij étl arén To
SONUC¢LAR VE DEjERLENDKRME
Daha ©°nce ixkaret -ubukl are ile belirlenen t

rastl anmadé. Kkaretli olan tg

Literatirde belirtilen yak a k 2k 52 ay s¢resine -al ékmamézda
i -erisinde kék kartlarénén da etkisiyle to
kajét i-in a-élan t¢m kajét -ukurl arénén d

m al anl ar da a-

k ekli3dl. Kajétlarén Toprak Altéenda ¢°z¢ni
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Topraj a g°m¢l en °rnekl erin bul unamamaséneéen
g°m¢l ecek ©r nASlhdyaeundalner grdpricin a0radeedrnek kesildi.

kekil 146de bulunan ayné °zellikteki 7 adet
farkle t¢grdeki kajéetlar, saksélara toprak |
toprak birla] €t °rneji ol acak durumda sérayla kapa
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kekil 14. Kajét ¥rneklerinin Saksel
Koj ét °rnekl eri 7 katl é ve ¢st ¢ste olacak b
7 adet °rnek bulunmaktaydé. Y¢gzeyden i1 k ©°rr
derine dojru inilerek °rnekléerinnoemanmi ahd:i
yapél mékter
¢al @ékmanén Bexinci Ademé (23.03.2026)
KI'k katén topraktan -ékarteéelma ikl emi yapéel
ajérl ekl aré tartelde, 103 AILjb6drel édk | saaraét dkaa | tda
edi | mi ktir Sonu-1 ar tam kuru ajerl ekl ara ¢
dejerl eri akajedaki gibidir. KIk grup kajeéet!l
duruml ar & keki |add& gébtatilnektedire ki | 3506 e Kk
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2026)
Kki nci grup kojeéet ©°rneklerinin sakseé i-erisi
yak hal deki aj eArCléakel adr és ataatr tked Ideg k t1laOn3 s onr a
tartélarak not edi I mi ktir. Sonu-lar tam kur
kajetlarén toprakta -ékarélma ve topraktan -

kadar g&terilmektedir.
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keki | 44

¢al @ékmanén Yedinci Adéemé (07.04.2026)

i -é¢nceg grup kojét °rneklerinin saksé i-erisi
yak hal deki aj érl éklarktamrséhda, kapod KA&bde
tartélarak not edil miktir. Sonu-1lar tam kur
kajetlarén toprakta -ékaréelma ve topraktan -
kada
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kekil 51

Seki zin

¢ grup k ©] et 0
roi h
t

kekil 53

ci A

deki

ED SCI

demé (13.04.2026)

rnekl erinin sakse i -
ajérl eklaré tartéel
|l arak not edi |l mi ktir So
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