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EVALUATION OF SOME AGRONOMIC TRAITS OF MAIZE HYBRID
COMBINATIONS

Prof. Dr. Faruk Toklu**, Dr. Petek Toklu?2
1 CukurovaUniversity, Faculty of Agriculture, Department of Field Crops, Adana, Turkiye
E-mail: fapet@cu.edu.tr

2 Cukurova University, Faculty of Agriculture, Department of Field Crops, Adana, Turkiye
E-mail: petektoklu@hotmail.com

Abstract

This study aimed to elwzate the agronomic performance of maize hybrid combinations
under Cukurova ecological conditions. Fifteen grain maize hybrid combinations and two
commercial cultivars used as controls were grown during the 2025 maize growing season at the
Research and Afipation Area of the Department of Field Crops, Faculty of Agriculture,
Cukurova University. The experiment was conducted in a randomized complete block design
with three replications.

The evaluated traits included ear weight, ear length, ear diametdrenafmows per ear,
number of kernels per row, number of kernels per ear, kernel weight per ear, and grain yield.
Significant differences were observed among hybrid combinations for all investigated traits.
The D1 x D15 and D14 x D15 hybrids showed supezar weight, while the D14 x D15 hybrid
exhibited the highest values for ear length and ear diameter. The control cultivars D6980 and
P1921 recorded higher number of rows per ear compared to the hybrid combinations. The D14
x D15 hybrid was prominent foumber of kernels per row and per ear, whereas D1 x D15 and
D14 x D15 hybrids had higher kernel weight per ear. In terms of grain yield, the D17 x D9 and
D14 x D15 hybrids outperformed the other combinations.
Overall, the results indicate that certain higttombinations, particularly D14 x D15, have high
yield potenti al and could be promising cand
maize breeding programs.

Keywords: maize, hybrid combinations, agronomic traits, grain yield
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ASMA (Vitis viniferaL . ) 6 DA SALKSKLKK ASKT VE POTASYU
UYGULAMALARI NIN TOPLAM PROTEKN VE FLAVONOKD
ETKKLERK

Zir. MUh. Mehmet ARI
Van Y¢zeéncy¢ Yreehmelan@tarienormman.gog-thtips://orcid.org0003-0007

1351144X
Prof . Dr . Nur han KESKKN
Van Y¢gzencyeg Yeél | ni v e htpg:/foreicsorg/ 000D@0SA332H0468 vy u . e d L
Do-. Dr. Kbrahim Sel-uk KURU

Batman Universitesi, iselcukkuru@gmail.cemttps://orcid.org/000@001-61793081

OZET

Bu - al &k m¥ins&iniferaLma ccy, . Hor oz Yite wvirifer&L . ( rcevn.k I kii)r
(beyaz) ¢zé¢m -exitlerinde salisilik asit ve
flavonoid birikimiozr i ne et ki |l erini belirl emektir. Dene
kokull arénda ger-eklexktirilmi k ve uygul amal a

hafta sonra ve 45 g¢n sonra ol mak ¢zere ¢- |

¢al ékmada kontrol, sal i sil ik 2%Gi2000 pBAve 500
kombine uygul amal arén et ki si dejerl endiril mi
i -eriJi hem -exit, hem de awbambeadiaéyte:;ad
(p<0.05) . Benzer kekilde flavonoid i-erifji é
°neml i bulunmuktur (p<0.05). Buna karkeén - eck
icin de istatistik olarak 6nemli buuma mé Kkt ér . Bu dur um, uygul &
-ekitlerinde benzer biyokimyasal yanét model
ve KkSiQz uygul amal ar eénén, flavonoid birikimini

sajl adej e be@lui-d laen miakdtéi r g e -Seon uygul amal ar én_

cretimini tekvi k eder ek, bi yoki myasal kalite
bajcéel ékta -evre dostu Dbiyostim¢gl ant uygul a
dejenliémdii |l ecejine ikKaret etmektedir.

Anahtar Kelimeler: Vitis viniferaL . , biyostim¢gl ant , sili kon, t a
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EFFECTS OF SALICYLIC ACID AND POTASSIUM SILICATE APPLICATIONS ON
TOTAL PROTEIN AND FLAVONOID CONTENT IN GRAPEVINEVitis viniferalL.)

ABSTRACT

The aim of this study is to determine the effects of salicylic acid and potassium silicate
applications on total protein and flavonoid accumulatioxitis viniferaL. cv." Hor oz Kar as
(colored) andVitis viniferaL. cv.'k i ' (white) grape varieties. The experiment was carried out

under vineyard conditions in Batman (Kozluk) province, and the applications were applied
three times as sprays: at the beginning of berry set, two weeks after berry set, and 45 days after
berryset. The study evaluated effect of control, salicylic acid (SA; 500 ppm), potassium silicate
(K2SiOs; 2000 ppm), and combined applications. According to the findings, total protein
content was affected statistically significant by both variety and agplic&ctors (p<0.05).

Similarly, the effect of variety and application on flavonoid content was also found significant
(p<0.05). However, the fAvariety I applicatio
for both variables. This situation indites that the applications produced a similar biochemical
response pattern in different grape varieties. In general, it was determined that SZAS#hd K
applications increased flavonoid accumulation and improved protein content. The results show
that theaforementioned applications can positively affect biochemical quality by promoting
secondary metabolite production in grapevines, and indicate that environmentally friendly
biostimulant applications in viticulture can be considered within the scope diyegiathancing

strategies.
Keywords: Vitis viniferalL., biostimulant, silicon, berry development, phenolic compounds

1. GKRKKk
Asma VitisviniferaL . ) d¢nya genelinde ekonomi k dej e
bitkisi ol up, meyve kalitesi b¢e¢yek °I1 -¢de i

Uzumde bulunan proteinler ve flavonoidler, hem bitkinin fizyolojik stireclerinde hem de meyve

kali t e s i ve insan sajl éje a-éséndan dejerlidi
sayesinde bitkinin stres kokull aréna karkeée
ezZ¢é¢m ve Karap kalitesini belial mygldiad @mel fe
Son yéellarda s¢rder el ebilir tar ém uy gu
d¢zenleyicileri ve biyostimglantlarén kull an
( SA) bitkilerde stres t ol er anokselanésavinma ér an,

3
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mekani zmal ar éné tekvik eden °nendl.i Yoaipréel aint
-al ekxmal ar da, déksal SA uygul amal arénén asm
parametrelerini 3@t érdeéejeée bildirilmicktir
Benzer kekilde, silisyum uygul amal aré da
artermakta ve kalite ©°zelliklerini iyil ekt
antioksidan aktivite ve pigment igerikleri tzerinde olumlu etkilerolt ur duj u, ©°zel | i |
verim ve kaliteyi d9].t eAyregd ea,orK ayiaO k onyngi kIt a

toplam fenolik bilexkik ve ant s Buwunla birhktemi kt ar
SA ve K Si O 06¢n bi eimdekbiyekimyasalgparbnaetrehen $zérindekn ¢
etkilerine i1likkin -aléxkmalar sénérl eder.

Bu -al eékma SA ve K Si O uygul amal aréeneér
uygul andéjénda ¢zé¢gm tanesinde toplam protei

belirlemey ama-| amaktadér .

2. MATERYAL VE YONTEM

2.1. Materyal

¢al ékma, 2025 yélée vejetasyon d°neminde E
cretici bajéenda ye¢reéetel megkt or . Bitkisel mat e
yakéndaki Hemkz i Kawvaes&i(fre (sinonimleri: Ma z
czéeém -exkitleri kull anél mékt ér .

Omcalar 3.5 I 2.0 m dikim araléjé ve mes
yeéeksekl i czerinden -ift koll u k cistemoile si st
yetiktirilmiktir. Araktérma s¢i ¢resince t¢gm -e
ol arak ger-eklexktirilmik, sulama ikl emler:. i

Deneme kapsaménda, SA i -in 500 mpm vV e
konsantrasyonlarénda hazérlanan -°zeltil er;

hafta sonra ve tane tutumundan 45 guin sonra olmak tzere toplam U¢ kez yapraktan puskirtme

y°ntemiyl e uygul anméexkt ér [ 7] . Uy akukbptameaa ©° n C ¢
etkinlijini artéermak amaceéeyla -°2zeltilere %
grubundaki omcal ara ise yalnézca su p¢skert g

Hasat =zamanée, el refraktometresi il e yapeé
cozinirkururadde ( S¢KM) dej eri Horoz Karaseé -exidi
ul aktéejénda hasat ger-eklexktirilmicktir.
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2.2. YOntem
221Ekstraksi ybbenrr ilkilremgze¢em -exki di nde, hasa
y°ntemiyle salkémlarén omuz késémlaréndan 3,

ol mak ¢zere salkém bakéna toplam 6 tane al én

hafta sireyle kwrt ul mukt ur . Kurutma i kKl emini taki ben
haline getirilmiktir.
Toz haline getirilen taneler, etanol i -er

Maserasyon sonrasénda ekstraktzliadmiWhatmae nNa
faz rotary evapor at °r Eldeeadlenéekstegdn doplamzflaviorioild Kk t & r

tayininde kull anél mak ¢zere 1000 €dg9. mL konsa

2.2.2 Toplam ¢ozunebilir protein ve toplamflavoow i d 1 - er i Jinin belir

lz¢e¢m tanelerinin toplam -°z¢nebilir prote
belirlenmiktir [10]. Toz haline getirilen ta
homoj enize edil mi kt i rl (w\w polivimijpipidonz(RVP)y OMmMi k | e mi
Na EDTA, 10 mM KCI, 1 mM MgClI ve 2 mM DTT i
kull anél arak ger-eklexktirilmiktir. El de edi |

rpmode 20 dakika sgteyle Ssantriiffg] 1 edielmm
s¢pernatanttan 20 OL alénarak ¢zerine 480 O

edi |l mi ktir. Reaksiyon karékéemé vorteks yard:é
ortamda 20 dakikainkibay ona bér akél méktéer. Knk¢gbasyon sy
dejer|l-¥rs , sp&ktrof otometre kull anél arak 595
-%z¢nebilir protein miktaré, bovin serum alwb
yvarde méyl a hesapl anmék ve sonu-lar mg g T kuru

Toplam flavonoid miktarénén belirlenmesin
kull anél mékteéer [11]. Hazéerl anan stokplam® zel t i
hacim 4.8 mLOye tamamlanmécxkt ér . Kar ékéma 10
daki ka sonra ise 100 OL %10 (w/v) al ¢minyum

ejrinin olukturul masé amac éy luarsetingdzdtilereicink on s ar

de uygul anméxkt ér . Reaksiyon karéekeéml ar é 40
i nk¢g¢basyon sonunda absorbans dejerl eri 415
Ol - ¢l m¢ekt g, Topl am f | av o sinderdeldenadilen kalibrasyon k u e r s
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denkl emi kull anél arak hesapl anméx pgQ@Es/mgonu- | a
ekstreol ar ak i fade edil mi ktir

23 Kstatisti k Anali z

¢al kK ma, .- tekerr¢rl ¢ ve herbltoekkl earrrés rddeen e

desenine gere 60 as ma czerinde ger -ekl ekt

tanémlayéeceée istatistikler; Ortal ama, Standar
edi |l mi ktir. Bu ©°zel |l i kIl erada Fek yonligViaryaps apatizt al a m
yapél mékter. Varyans anali zini taki ben farkl
test.i kull anél mékter. Hesapl amal ar da i stati
hesaplamalar icin SPSS (ver: 21) istatisaklpbet pr ogr amé Kkul |l anél mexkt

3. BULGULAR VE TARTI k MA

¥zelli kler i-in -exit ve uygulamaya g°r e
sonu-|laré Tablo 16de verilmiktir
Tablo 1. ¥zellikler i-in -ekxit ve wuygulamaya g°re tan
kire Hor oz Kar as
Uygulama

Mean SEM | Min. | Max. Mean |SEM| Min. | Max. p

Kontrol |0.476 c 0.010| 0.467 | 0.486|0.632c |0.008| 0.624 | 0.639|0.006

SA 0.523 b 0.010| 0.513| 0.533|0.681 ab |0.018| 0.663| 0.699|0.018

Toplam
Protein K2SiOs 0.503 bc | 0.006 | 0.497 | 0.509 |0.652 bc |0.005| 0.647 | 0.657|0.016

(mg g

iAsToa 0559a | 0.008| 0551|0567 |0.712a |0.001] 0.711| 0.713 (%%
2

p 0.01 0.018

Kontrol 11.324 b | 0.405|10.919|11.730{17.946 b |0.81117.135/18.757/0.003

Toplam SA 14.027 a | 0.676 | 13.351| 14.703|22.541 a |0.270|22.27022.811/ 0.015

Flavonoid o cis ™ 112541 ab| 0.270 | 12.270| 12.811] 20.514 ab | 0.946| 19.568 21.459 0.003
(Mg QEs/mg

ekstre)
+ .
§A8i03 14.162 a | 0.270 | 13.892| 14.432| 23.216 a |0.946|22.270| 24.162 0.012
2:
p 0.028 0.030
Her ©°zell ik i-1in adyamé -seitiun doa tfad rakmad ahraér fair asé far k ©
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Tablo 16de g°r¢ld¢jeé¢ ¢zere kire -exidind
KxSiGcuygul amasénda (0.559 mg g T TA) g°zl emle
KxSiOGe( 0. 503 mg g 1T TA) uygul amal are takip etr
Kekil deSIiOslBYAg !l &masé en y¢i¢ksek protein u-erifj.i
SA (0.681 mgSiOg( O. 6T5A2 mge oK T TA) wuygul amal ar é
SA + KSiOzk ombi nasyonunun protein i-erijini anl
(p<0.05).

kire -exkidinde, toplam f | sggWBsimyekdtre)ive SAr i j i
+KSiOs(14. 162 Og QEs/ mg ekstre) uygul amal aré Kk
g°re anlamleé bir arnSiBky g@lsamasn Kti2. F94k00¢d 5Q
kontrol grubuna gore daha yuksek olmakla birliktes t at i st i k ol ar ak ar
yarat mamécxkt ér . Horoz Karaseé -exkidinds#Os de SA
(23.216 Og QEs/ mg ekstre) uygul amal aré en 'y
grubuna (17.946 Og QHsarnkg éd kesktlraer) gdPsSiOee r am Ikd
uygul amasé (20.514 Og QEs/ mg ekstre) bu -exi

4. TARTI KMA VE SONUC¢

4. 1. Toplam Protein K-erifji i zerine Et kil
Salisilik asit, ©zelplrioklee nstsreends ezepki Iver
°neml i °]l -¢de d¢zenleyen bir bitki hor monu
proteinaz inhibit°rlerinin sentezini engel

diizenleyebilir ve stresle ilgili protein baimini etkileyebilir [12]. Literatirde, SA
uygul amal aréenén bitkilerde strese bajlé prot
bildirilmektedir [13]. Bu -al ékmadaSloire ve
uygul amal arepratge?nl amtéerén SA'nén bu rol ¢yl
bitkilerde silisyum birikimini sajlayarak h
biyoti k/ abiyotik streslere kar k=S5i0:0 gpmotein di r e n -
sentezini ve azot metabolizmasénée iyilexktire
[ 15]. Bu 458 bamdlak Kakéna veya SA ile kombi
artermasé, silisyumun bitKklumetlibloérnizylaes éa &

4 . 2. Fl avanoid K-eriiji lzerine Etkiler

FIl avanoidler, bitkilerde antioksidan °zel

patojen saldéreélarée ve oksidatif streps gi bi
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SAdnéen fenilalanin amonyak |l i yaz ( PAL) gi bi
enzimler.i aktive ettiiji bilinmektedir [17].
bil exki kl erin stabilitesini ajrit ermwadak r ialnmii otk
¥zelli kle Horoz kSGlkecmbi-rasyomdeu®SAenr K¢ iksek
sajl amaseé, bu i ki bilekijin sinerjistik bir
gé-lendirdiJini de¢kendegr mektedir .

4. 3. ¢isikit EtKk

Horoz Karasé -exidinin hem kontrol gr ubu

-ekidine g°re daha y¢ksek protein ve flavan:

farkl el ékl arén biyoki myasal bi |l exaidkélrer itherbiir
-exidin de uygul amal ara benzer kKkekil de yaneéet
faydal e ol abilecejini g°stermektedir.

Sonu- ol arak, hSIC:' (i &zl temesande tdplam progein Ke toplam
flavanoid rmadeakeéki hi aftdé@junu or tSO¢film k oy mu
birlikte uygul anmasé, her 1 ki ¢zém -exkidinde
s°®z konusu uygul amal arén asmanén meyvesi & Z ¢
pot ansiyeline sahip oldujunu g°stermektedir.
c¢z¢é¢m kalitesi, verim ve farkl é stres kokull a
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OZET

Su kaynaklaré yakam i-in temAR|Afralan® kedl at &
ikl im dejikiklijJi te¢gkenmesi gibi sebeplerle
araséeBdadébajl é& ol arak géda ge¢venl i konusu
az i Kl em g°rm¢gk sebze[34dByyv egléedracl atr &@lne pt aaret nf

korunmasénda ve mikrobiyolojik a-éeédan g¢venl
uygul anmaktader .

Bu -aléeéxkmada end¢gstriyel alanda kull anél an Kk
givenlibiralternat f ol arak kul |l &né&li anesmut che $ofBEilci ydYy e
°l - ekl i i Kl etmel ere ek ol arak daha kg¢- ¢k h ¢
tasarém uygunluju g°z ©°n¢gnde bul u[e]darswalr @rma k
ana aksamlar ée; yékama tanké ve UV dezenfeks
yardémceée aksamlar ile desteklenmektedir. K K

hesaplamalarda 10 Litre hacminde ve 3.5 kg sebze kapasitesine sal@kbayna t ank é v e
Litre su kapasitesine sahip UV dezenfeksi)
dezenfeksiyon tankl arénén ayré tutul maséndak
sajl amak, yékama esnaséndaé@®ing @leemd ratskioni
arttéermaktér. Yapél an analiz sonucunda bel:
yeterlilikleri karkeél adéje gor¢gl megkt ¢gr .

Mi kroorgani zmal ar én il naktivasyonunda kull an
temizlemge alternatif bir yontemdif9) Bunun vyané séra UV €éxkeéej én
sebzenin y¢zey perézl el ¢] ¢ gibi faktorl er t e
artter mak vV e sénerl|l ayeécé faktorl erirner et ki s
gel i Kkt 34]i | mi ktir.

Y¢e¢ksek enerjisi ve ké&sa&kkgléega kydy w en edea miry lee
inaktivasyonunda oldukca etkilid®] UV & k é k kl orl a dezenfekte

11
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ber ak mangkilpAdaré. zamapqulaamasdééejué i -in géeda kal
sebep ol MBgljakt ader .

Sebze meyve dezenfeksiyonunda kull anél an y?°
suyun ger.i kul | anC nsé nsét esnaljelraimma s°én ipllea ndva ol d
Bucal ékmada st desteenkileik sWYyon tankénén i deal

gel i ktiril mesi hedefl enmi ktir.

Anahtar Kelimeler: UV Temi z|1 eme, Akeéxkkanlar Mekaniiji,

DESIGN AND DEVELOPMENT OF A WATER -BASED UV-C DISINFECTION
SYSTEM

Water resources are of paramount importance as a fundamental factor for life. [1,2] Water
conservation is one of the key issues of our time, driven by factors such as increasing
urbanisation and climate change. Consequently, food safety has come te tlaedodemand

has risen for fruit and vegetables that have undergone as little processing as possible. [3,4]
Non-thermal methods are employed to preserve the freshness of these foods and ensure their
microbiological safety.

In this study, a watebased UVYC system has been designed as a safer alternative to cleaning
methods such as chlorine and thermal treatment used in industrial settings. [5] The design and
analysis were completed taking into account the feasibility of achieving adequate cleaning in
smalker volumes, as well as design suitability, in addition to lsage facilities. [6] The

main components of the design consist of two parts: a washing tank and a UV disinfection
tank, supported by auxiliary components. Taking occupational safety and heaitininto

account, calculations were performed to design a washing tank with a volume of 10 litres and
a vegetable capacity of 3.5 kg, and a UV disinfection tank with a water capacity of 1.5 litres.
The primary reasons for keeping the washing and UMféistion tanks separate are to ensure

the reusability of the water, to minimise the shading effect during washing, and to increase the
penetration depth of the UV light. Analysis has shown that the system designed with these
specified dimensions meets tlegjuired performance criteria.

UV light, used for the inactivation of microorganisms, is an alternative method to thermal
methods and chlorirkased disinfection.[9] Furthermore, factors such as the penetration
depth of UV light and the surface roughnegsegetables influence the disinfection process.
Waterassisted systems have been developed to improve disinfection quality and reduce the
impact of limiting factors.[3,4]

Due to its high energy and short wavelength-OVight is highly effective in inaovating
mould and harmful microorganisms.[9] Unlike chloripa@sed disinfection methods, UV light
leaves no residues.[8,10,11] Furthermore, as it does not apply heat, it does not cause
deterioration in food quality.[8,11]

It is clear that UVC systems arat the forefront among the methods used for fruit and
vegetable disinfection, owing to the absence of residue risk and their ability to facilitate water
reuse. This study has investigated the ideal design of a-stgiported UVC disinfection

tank and aned to develop it.

12
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1. GKRKK

El ektromanyati k radyasyon enerjisinin bir t
|l kék yelpazesinde g°r¢negr eéxkéek UV ékektan
kesa dal ga boyunr2a0 Osnanh iaprtail ré.] éuUAUOreakueanh ELkOI HY € 2 |

yakén ol arak gruplandéereél maktader. Y¢gksek
ol an UV éexkeéek, spor formlu mikroorgani zmal a
etmektedir252 6 Onm ar al ékl ar é UV etkleijinnigrerem sy gla:
ol duju belirlenmickktir. DNA taraféndan en e

belirl RBM14t i r .

Uygul ama suyunun fazla bulanék ol masé UV &«
ékéek temel Pr¢eaigmpgembennek gl an sul arda kul |l
Unite 6ncesinde hassas partikll tutma kabiliyetine sahip tortu filtrelerinden gecirilerek

bul anékl él éjéenéen gideril mesi Kartteéer. Buntu
engellemesini 0@ me kt i r . Sistem i-inde b¢gyeéek parti
temasénée engelleyebilir ve verimli -al ekxma

i -inde darbe al maséné ©°nlemek amacéyl a kuv
i -inde &&iave bal ¢gi@Blakt adeéer .
'retici firmanén ©°nerdiji saat ve sg¢grede L

ol ar ak, periyodik ol ar ak kuvars cam t emi z

temi zIlijin yapélmadeéejée durumkcakda el ggmldan éyn,

temasé sénérl anacaktér UV | ambanén dékénd
roi

UV ékénéné suya ge-.i rse UV ékeéenée dezenfe
yéksek kalifllede ol mal edér .
Kirli suyun dezenfekte edimesnde UV ékéjén gedaya wuzakl e

°nemlidir. UV dezenfeksiyon tankéndaki ki
tutul male ve UV ékeéja [lil]deal hezda temas et:t
6Joud e/ iV doz unulhl5PDle zeini iereiviohdg gerekli iU dozu

akajeda verilen fdiim¢gll e hesaplanmaktadeéer :

UVdozu Udz = UVa ﬁ@'ﬁgm[i\’\bd@q) TemasO i Okadiye]

UV tankeéneéen hacmi ile UV reakt®©°rg¢ birbiri
-al ékabil mesi i -in U¥Xapdagutaeniini mum WUOcih
Tasar émda UV reakt®r¢gn ve sistemin i - h a c

Ortalama temas suresini, hesaplayabilmek icin UV reaktérin hacminin suyun debisine
boluinmesi gerekmektedir. Sistemin iginde akan suyebisi ne kadar fazlaysa UV

ci hazéenen dotxtd d¢i¢kmektedir .

Bu -al ékmanén amacé dojrultusunda, UV éexkeék
yapabil ecek bir sistemin k¢-¢k °1-ekli t as:

13
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2. Y¥NTEM VE ANALKZ

Yontem
Beyeéek °1 -ekli I Kl et mel er de kull anél an uv de
tasarémé ve anali zi iczerine -aléekél mekter. S
I -1 n Al SI 304 pas [13ksakkorozyoh dirgnei, kenea ki lyraipet iam.i |
géda sanayisinde kullanéma wuygun ol masé gib
edil miktir. ¢izelge 1 ve ¢izelge 206de AI SI 3
Cizelge1lOda Sécakl éjéndaki® Mekani k ¥zellikler.i

Oda Sécakl éjendaki Mekani k ¥z
Kalite 304 (1.4301) X5CrNi18.0
Kopma mukavemeti 5151 720 MPa
Akma mukavemeti (%0,2) 210 MPa (min)
Sertlik, Rockwell (HB) 201
Cizelge20da Sécakl éjéndak® Fiziksel ¥zellikleri

Oda Sécakl éejendaki Fizi ksel ¥

¥z ke¢tlesi (¥zgel afj € 8000 kg/ni
Eri me Sécakl éejé 1450 Co
Elastisite Moduli 193 GPa
El ektriksel Di ren- Mi|0,072*10°q m

|l sé Ge-irgenlifji 17,2 W/m*K

Sistemde silindirik I evha i1-erisine yeékama

hareket. sepet aracelejeyla ger-eklextirild

sebzenin t¢m y¢gzeyine su temas elhdmédunansajl a

pirin- boru bajlanté elemané ile kirli su po

Kekil de aktarél maktadeéer. Suyun UV tankeéna

sajlayar ak EKEéj éen ul akamayaelalj @mekarian!| elkV bte

dezenfekte ikl emi g°ren su, pompal ar il e ye

sajlanmaktadér . Uuv | amba, temi zIl eme tankeéena

bir dezenfeksiyon sajlanmaktadeéer.

Yékama t atnaknék év ehadcvVi ml eri ve temel ye¢kleri ¢i

Cizelgpe3Yékama tanké ve UV tankeée hacimleri ve temel
Yékama Tankeé UV Tanke

Hacim 10 Litre su ve 3,5 kg sebze kapasitesi 1,5 Litre su kapasitesi

Yk 134,4N 15N

14
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Sistemeuygul anacak temel yé¢k su sebze ajérl éje
akajJ édaki form¢gl ile hesaplanméxt éer.
F=mxg

F: Kuvvet(N)
m: Kitle (kg)
g: Yercekimi ivmesi (9,81 m/s?)

Sol i dWorks uygul anomalswek tiureu ICuDK tmord.el QLD i-i zi m
1, G°rsel 2, G°rsel 306te verilmicktir.

R45,00
R167,00
R145,00

©31,00

—

R15.,50

Y

205,00

e

E

R7.50 |

15,00

Gorsell.Yékama Tanké TeknGorkel2 ReVsiTneimi z| eme Tanké Telk

Gorsel3.T¢m Si stem Mont aj é

15
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2. SONU¢LAR VE DEJERLENDKRME
21STATKK ANALKZ

CONFERENCE ON APPLED SCI

Tanké analiz edebilmek i-in toplam y¢k he:
czerinden yapél mékter. Hesapl anan y¢k et ki
sabitlenmi ktir. Sistem de ince mesh ol uxkt
durumda iIiken tankta olukacak stres i(von 1
hesaplanmék ve rapor ol ukturul muktur.
211 YI KAMA TANK STATKK ANALKZK
Yékama tanké hacmi 10 Litre su, 3.5 Kg geée
yapéldéktan sonra tasaréma etki eden kuvve
analizy apél arak kontrol edil micktir.
Sabitl eme noktal aré ve y ¢ keén uygul andéj é
Fi kst¢grl erde veril mi ktir.
Fikstiir ad1 Fikstir Resmi Fikstir Detaylarn
. Tip: Sabit
Sabitlenmis-1 S 2 Ssometil
Sonugc Kuvyetleri
ﬁﬂ%ﬁ&ﬂlﬂ X Y rd m
Tepki kuvveti(N) -0,212902 134,401 -0,211729 134,402
Tepki Momenti(N.m) 0 0 0 0
Yiik ad1 Resim Yiikle Yiik Detaylan
3 b Tip: Normal
kuvyet
Kuvvet-1 uysula
Deger: 134,4N
Gorsel 4.YUkler ve Fikstirler
Yéekama tanké mesh bilgileri ¢verzel gqgekdidt e ve mesh
CizelgedY e kama Tankéndaki Mesh Bil gi si
Mesh Bilgisi
Mesh Tipi Kat é& Mesh
Kull anél an Meshleyici|lKarékék ejrilik taban
Yeksek Kaliteld Me s h | 16 Noktalar
Maksimum Eleman Boyutu 21,2198 mm
Minimum Eleman Boyutu 1,06099 mm

16
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Mesh Kalitesi Yuksek
Toplam D¢j é¢m 88849
Toplam Elemanlar 49246
Maksi mum En Boy Or aneg 6041,1
En-Boy Or ané 3 Ol an 61,5
En-Boy Or ané 10 OIl an|12,7
kekl i Bozul muk EIl emanO

Si
Ve

stem anal i z
G°r sel 86d

Gorsel5.Temi zl e Tanké Mesh Kal.i
i sonucu el de edilen stres,
e verilmiktir.

17
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Ad Tip Min -
Stres1 VON: von Mises Stresi 7,400e+00N/m"2 2,819e+05N/m"2
Dugtim: 29327 Diigim: 46948
ven Mises N/ 2)
.zs;y..as
. 2255e005
.::aw::ﬂ
. B850 01
A
Su tanki-Static 1-Stres-Stres1
Gorsel6.Yékama Tankénén Statik Anali zi
Ad Tip Min :
Yer degistirme1 URES: Sonuc Yer Degistirmesi. 0,000e+00mm 4,353e-04mm
Dligim: 8393 Dugiim: 11364
.wwu
=
Su tanki-Static 1-Yer degistirme-Yer degistirme1
Gorsel7.Yeékama Tankéenén Stati k Analizindeki
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Ad Tip Min :
Gerinim1 ESTRN: Esdeser Gerilme 9,447e-11 8,503e-07
Eleman: 45907 Eleman: 27019

ESTRN
850307

l 165307
€007
595307

L 50007
A0

- ST

L 255007

UNte-7
£512e-00
44711

Su tanki-Static 1-Gerinim-Gerinim1

Gorsel8Yékama Tankénén Statik Anali zindeki (

212 UV DEZENFEKSKYON TANK STATKK ANALKZ

UV dezenf eklsacgmin l,a5hnkBitre su kapasiteld] t
yapéldéktan sonra tasaréma etKki eden Kkuvvet
analiz yapélarak kontrol edil mixktir.

Sabitleme noktalaré ve WGeksreluwYduleand&jléery .
veril mi ktir.

19
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Fikstiir ady Fikstiir Resmi Fikstiir Detaylan
Obieler: 4y
Tip: Sabit
Sabitlenmis-1 GeQmstll
sonug Kuvyetleri
Bilesenler X Y z Sonug
Tepki kuyveti(N) 0,106196 14,9984 -0,256873 15,001
Tepki Momenti(N.m) 0 0 0 0
Yiik ad1 Resim Yiikle Yiik Detaylan
- Objeler: 2 yiizler
Tip: Normal
kuvyet
Kuvvet-1 uygula
Deger: 15N
Gorsel 9.YUkler ve Fiksturler
UV dezenfeksiyon tankée mesh bilgiler:i ¢i zel ge 56
Cizelge5UV Tankéndaki Mesh Bil gi si
Mesh Bilgisi
Mesh Tipi Kat é Mesh
Kull anél an Meshleyici|lKarékék ejrilik taban
Yéksek Kaliteld Me s h | 16 Noktalar
Maksimum Eleman Boyutu 7,53571 mm
Minimum Eleman Boyutu 0,956709 mm
Mesh Kalitesi Yiksek
Toplam D¢j ém 42331
Toplam Elemanlar 22076
Maksi mum En Boy Or an € 308,87
En-Boy Or ané ° 3 Ol an 27,2
En-Boy Or ané 10 Ol an|365
kekl i Bozul muk EIl emanO
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Madel ads: UV Tanki
Etat ad: Static 1(-Varsayilan-)
Grafik tipi: Mesh Kalite1

Sistem analizi sonucu elde edilen stresgyerj | Kt i r me
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Gorsel 10.UV Tank Mesh Kalitesi

vV e

CONFERENCE ON APPLED SCI

gerinim dejerleri

G°rsel 12 ve G°rsel 1306de verilmiktir
Ad Tip Min :
Stres1 VON: von Mises Stresi 1,272e+02N/m"2 5,270e+04N/m"2
Dugim: 29147 Diigiim: 123
luw-m
s

UV Tanki-Static 1-Stres-Stres1

1,064 404
5384 «03
1272402

& Ak mukrvemeti: 2,065 +08

Gorsel11.UV Tankéneén

St at
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Ad Tip Min g
Yer degistirme1 URES: Sonuc Yer Degistirmesi 0,000e+00mm 4,205e-05mm
Diigiim: 124 Diigiim: 2416

LRES (o)
4108
l 2 7We-5
- AIheds

- 29835

L 250005
pALE-

L e

L 162005

241%e-06
420506
1,000-30

A
UV Tanki-Static 1-Yer degistirme-Yer degistirme1
Gorsel 12UV Tankénéen Statik Analizindeki Yer LC
Ad Tip Min Maks.
Gerinim1 ESTRN: Esdeger Gerilme 1,112e-09 1,836e-07
Eleman: 14596 Eleman: 1260

BTN
1.806e-07
W..
. 1AT-T
. T2
L 110607

R1%6e-08
741008

. 550600
176008
1,906e-08

111209

UV Tanki-Static 1-Gerinim-Gerinim1

Gorsel133UV Tankénén Statik Anali zindeki Ger |
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22AKI k ANALKZK
221 YI KAMA TANK AKIk ANALKZK

Si st eme Solidworks Flow Simulation uygul ama
bul unan sebzelerin tamaméyl a temi zIl enebi |l
kull anél méktér. Sistemimizin yer el bl gel er
yapélabil mektedi-5.s ®8nui yg zareal &ji sarncank i0 zaman
Akékkangun aldné tanémlanméxkter. D°nen b°l ge

tanémladéktan sonra ortalama mesh ateéel mékt éi
verilmiktir

Gorsell4dYékama Tankénén Akék Analizindeki
D°nen késmei vei sthemgesanéemladéktan sonra Kkes:¢
sistem -al éktérél mekter KIl'k durumdaki ve s

16. 6de veril miktir

0

0.6667 -~
:

14877364
14613681

Gorsel 1I5Ak ék Anal i zi ndelGirselklb.Ak &ra nAryal iDair rudne H i Son S
3. GENEL DEJERLENDKRME VE SONU¢LAR
¢cojunlukl a be¢gyek ©1 - ekiCisistemtelinedaha &licik baywdlarda u | | a

tasarémeée ve ana¢gerzinympeé mean édej iSktriesme son
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detayl & incelenmiktir. AI SI 304 mal zemeden i
yé¢kler alténda dayaném g°9stererek sistemin b
Dénmehark et i nin si steme zarar vermeden ger-ekle

dezenfeksiyon iklemini daha verimli ger-ekle
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¥JRENME G! ¢L!J! OLAN ¥JRENCKLERDE DOJA T
UYGULAMALARI N VE GEVKEME TEKNKKLERKNKN DUYG
VE BENSAXGI SI NATETKKSK

Dog. Dr. BAHANUR MALAK AKGUN
Ardahan | niversitesi Sajl ek Bilimlerdi F

bahanurmalakakgun@ardahan.edu@RCID ID: 0000:00013-71510145
Do - . Dr . ADEVKYE AYDI N

Necmettin Erbakan | niversitesi Hemki r
adeviye86@gmail.comORCID ID: 0006000319295139

Ar K. Ger . LALE RUMEYSA TORAMAN

Ardahanhi ver si tesi Sajl ék Bilimleri Fakygld
rumeysalaletoraman@ardahan.edu@RCID ID: 0000:000222703175

Ar K. Gor . Dr . ZEYNEP YI LMAZ

Ardahan | niversitesi Sajl ek Bilimleri F
zeynepyildirim@ardahan.edu-tORCID ID: 0000:00028926:5464

OZET

¥Trenme gé¢-1 ¢j¢ (¥G) olan °jJrencilerde doj a
duygu d¢gzenl emeyetke shenlni k ncaygdsmesa ama-1| a
°czel ejitim ve rehabilitasyon merXeyaweranas
g°n¢ll ¢, projeye kateél maya engel bir hastal é
Ontestsontest,konr ol grupsuz deneysel de§2Ekm202Bul | ané
tari hl eri arasénda her hafta bir oturum (40
ot ur um) ol mak iczer e toplam seki z oturum K¢

°] r Emredntessont est i -in Kikisel Bil gi For mu, ¢ o
¥ -eji ve ¢Cocuk ve Ergenlerde Duygu D¢zenl e
ortalamasé 11, 12KN0,886dir. Katéeléemceéelareéen %
ortanca -ocuktur. Kat el émcélaréen %726sinin
birey bulunmadej e, °Jrencilerin %206sinin 5
!Bu -alTgxhwaye Bilimsel ve Teknolojik Araxktérma Kurun
t ar afyaritidea4an0 08 ¥z el Gereksinimli Bireylere Y°nelik Kaj

Progr amé&/ddoreemindBl®25 B16 0 pr ojdee sntuenka raad sméa yial ehak kazanmékt é
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%3 60sénén Rehberl ik vV e Arakt ér ma nMeirkkteizri.6 n
¥Jrencilerin benl i k saygél ar e bakl angé- p u:
sonrasénda benlik saygélarénén (34,80N2,24)
programén °jJrencilerin yeni ddyanOmdtesf 18;rMedyand i r me
son test: 25) , bastérma puanéné iIise azaltt
belirl enmicktir. ¢tal ekmada doja temell: uygu
°Jrencilerin duygu d¢zenhegmeére antgetdeftéerd
dé¢zenl emel er i gel i ken ve benlik sayésé arta
uyuml ar @énén artacajeée déekenel mektedir . Bunur

uygul amal ar én ve [Jeamegi énerégmekteglik ni k|l er i ni n e

Anahtar Kelimeler: ¥J renme G¢-1 ¢] dygDobpmalTamel Gev Keme
Duygu D¢zenl emgé] reenrclii k Saygeéeseé
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THE EFFECTS OF NATURE-BASED INTERVENTIONS AND RELAXATION
TECHNIQUES ON EMOTION REGULATION AND SELF-ESTEEM IN STUDENTS
WITH LEARNING DISABILITIES 2

Assoc. Prof. Dr. BAHANUR MALAK AKGUN

Ardahan University, Faculty of Health Sciences, Department of Nursing,
bahanurmalakakgun@ardahan.edu@RCID ID: 0000:0001%-71510145

Assoc. Prof . Dr. ADEVKYE AYDI N

Necmettin Erbakan University Faculty of Nursing,
adeviye86@gmail.comORCID ID: 0006000319295139

Res. Asst.LALE RUMEYSA TORAMAN

ArdahanUniversity, Faculty of Health Sciences, Department of Nursing,
rumeysalaletoraman@ardahan.edu@RCID ID: 0000:000222703175

Res. Asst. Dr. ZEYNEP YILMAZ

Ardahan University, Faculty of Health Sciences, Department of Nursing,
zeynepyildirim@ardahan.edu:tORCID ID: 000000028926:5464

ABSTRACT

This study aimed to examine the effects of nahased interventions and relaxation techniques

on emotion regulation and salfteem in students with learning disabilities (LD). The study
was conducted with 25 voluntary students agédd 2¢ears who hadgen diagnosed with LD,
applied to special education and rehabilitation centers in Ardahan, and had no health conditions
preventing participation. A singigroup prete$tposttest experimental design without a control
group was employed. The intervention veasried out between September 6 and October 25,
2025, consisting of eight weekly sessions, each including twaidQte sessions separated by

a 20minute snack break. Data were collected using the Personal Information Form, the
Rosenberg Selesteem Scaldor Children, and the Emotion Regulati@uestionnairefor

Children and Adolescents as pretests and posttests. The mean age of the students was
11.12+0.88 years. Of the participants, 72% were male, 40% had two siblings, and 48% were
middle children. It wa determined that 72% of the participants did not have a family member
with special needs or requiring care, 20% were attending the 5th and 7th grades, and 36% had

2 This study was supported by the Scientific and TechnoloBieals e ar ch Counci | of Tg¢rkiye
the 4008 Inclusive Science and Social Practices Support Programme for Individuals with Special Needs,
implemented by the Directorate of Science and Society, during the 2025/3 call period (Project No. 125B160).
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been registered at the Guidance and Research Center for one year. The baselsteese!f

score of the students was 17.64+2.91, which significantly increased to 34.80+£2.24 after the
intervention. The program was found to incre
pretest: 13; median posttest: 25) while decreasing suppression goeeian pretest: 17;

median posttest: 8). The findings indicate that nabased interventions and relaxation
techniques improve emotion regulation and enhanceestdem in students with learning
disabilities. Improved emotion regulation and increasdidesteem are expected to contribute
positively to studentsd psychosoci al adj ust
recommended that natubased interventions and relaxation techniques be integrated into
educational curricula.

Keywords: Leaming Disability, NatureBased Interventions, Relaxation Technigques, Emotion
Regulation, SelEsteem, Student
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HEMODKYALKZ HASTALARI NDA KLA¢ G! VENLKJIK VI
KULLANI MI NDA HEMKKRENKN ROL'!

Prof. Dr. Mehtap KAVURMACI 1!

Atatiirk University Faculty of Nursing, Department of Internal Medicine Nursing Erzurum

Tarkiye
mehtap.kavurmaci@atauni.edu.tr
ORCID: 00000001-70624845

GI LBEYAZ % EM¢

Atat¢rk 'n vers tes , Sajlék B | mler En
Erzurum/ T¢rk ye

gul beyaz.cemc2l1@ogr.ataun .edu.t

ORCI D:-00@B%D 1X

¥ZET

Kron k b°brek hastaleéejé (KBH), artan preval ¢
hal k sajl é&jé sorunudur. Son d°nem b°brek ye
hastrégln yakam s¢res n uzateérken, -oklu | a -
amaceé,; hemod yal z hastalar énda l a- g¢venl
kull aném davranékl|l aréndak enkdse Ikhle mkl e@ren we reo
bek yélén | teratg¢re¢ €eéxkéj]énda ncel emekt r.
pol far mas yé¢ke alténda ol duj unu, ancak ha
d¢zeyler n n genel ol ar m&k tdesdk ¢rk. oG ¢dnucj euln u- agl®
°neml b r késméneéen (%96, 5) l a-1 ar é yanl
al ékkanl ekl arénéen d¢kegk ol duju (%21,1) ve I
b I g al madekl are. (8@8abmebelrenbhEeEnklktrens ve
oranl ar é |l a-l arén toks s te r sk n arteéere
tedav bakaréséné dojrudan etk | emekted r. B
haseéal ayranl ék saklama ve kullaném al éekkanl &
d nam kler ne g°re uygulayan ve mult d s pl

profesyonellerd r. KIl a - gevenl J hemr wvel eark €
farmakol o] k okuryazarl|l eéjénén arteéereéel maséna
bajl eder .

Anahtar Kkdmonklyyal =z, Akéelceée Kla- Kull anémeée,
G¢venl |00, Hemk r el k Bakeéemeé.
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THE ROLE OF NMRGBIEGATINON SAFETY AND RATI ONAL
I N HEMODI ALYSI S PATI ENTS

ABSTRACT

Chron ¢ k dney d sease (CKD) s a global pub
and h gh comorb d ty burdewstaldgemoednal palgs.ecaa

pat ent surv val but necess tates compl ex me
the r sk factors that threaten med cat on

behav or s, and the role of asedesn In tperoanour
past f ve years. The ev dence nd cates tha
polypharmacy | oad, wh | e the r knowledge reg
|l ow. Recent stud &s prreowealt tomatofa patgrenft scar
mproperl vy, have | ow adherence to read ng d
nf ormat on from nurses regard ng med cat on
prote n bsedtmge rnecikeaf drug tox ¢ ty, and
d rectly affect treatment outcomes. Il n th s
adm n strat on but al so n correct mg gpats"en
pr nc ple adapted to d alys s dynam cs, and
mult d sc pl nary team. Ensur ng med cat on

nursesd6 pharmacol og cal | tteracty adcuwcdatheom. a
KeywomHesmod alys s, Rat onal Drug Use, Med c

Safety, Nurs ng Care

1. GKRKEk

Kron k b°brek hastalejée (KBH), 21. yé¢zyéel da
oranl aré y¢ksekyegzea] hédk $€ nemé ml & n k ve ek
kron k hastaleklardan b r d r. Gl obal Bur de
yayénladéejée en g¢ncel rapora g°re, 1990 yel e
sayeéeseée, t20mRa3r egyyellaé 788 m | yona ul akmékteéer. Yal
g b yé¢ksek b r d¢egzeyde b I'd r | mes , kron K
kaybe |l e sénérl e ol maktan °te,em kalhaest aleé k
olukturduju mult morb d te s¢rec n n b r yan
akamaséenda temel tedayv ol arak wuygul anan he
°neml b r rol ¢stl enset alkbkabersadpreeac ndee et vyl
b r farmakol oj k y¢kle karké karkéya beéer akma
L teratg¢rde pol farmas ; genell kl e g¢nde be
da hemod yal =z hastalaré -nnkbstdwndamt ést bs
Oost ng ve ark. (2024) t ar afnand an KaBpHe | haans t ¢
pol far mas preval ansénén %806 n czer nde o
hastal arénda g°r ¢l d¢j ¢ na orrubawmd ak opyaria kft aardma s
sayéséndak - batéertHBlde] ek; ml ba-, d¢kme o sk
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uyumsuzluk g b c dd kompl kasyonl ara nede:t
ol arak el e al¢ernenma ke derrt. anmAyr%zal | kl e renal

|l a-1l arén farmakok net k °9zel |l kl er n ., met a
toks s te r sk n kr t k d¢zeyde arteéreéerken
sénasaekaybéna yol a-arak, doz ayarl amal ar énd
KIl a - géevenl g Z nc r n n en zayef hal kasé
Kul | anéme ( AKK) , hastal ar én k| n Hta cyesq -
gereks n mler n karkéelayacak dojru dozda,

kull anmasé ol arak tanémlaneér; ancak prat Kk
Uysal 6én (2023) -al ékxkmasé, hastsal alregn K%M6 N5
yojun ol duju buzdol abé kapajéenda sakl ayar ak
Buna ek ol arak, hastalarén %56, 16 n n " | er
%21, 16 n n kull andéjé kumadeneée pbespekepgmiRrRE
Kbrah mojlu (2022) se hastalaréen %586 n n e
| a- bul undurduj unu, bu durumun hem ekonom
a-éséndan c¢ dd b krt ulr@dlulf ushalj Ir@jp® rd amMmemxu éa l.

Bu karmakék tabl oda, sajl ek s stem l e has
Ancak mevcut ver | er, hemk reler n bu kr t
et mekted r. Yurtseverk veée elnkf tr ed er2 h2 AKK T 1l k
2024 yellarée araséndak ver | er ékeéjéenda nc
oranéyla "yanl ék zamanda |l a- uygul ama" ol du
konusundamk Fgden Bl ma oranénén %6, 6 (Uysal,
kal masé, hemk rel Kk bakéménda ej t mc vV e

kull anél amadéjéené kanéetl amaktadér

Bu derl emen n amaceé,; hemogoyalf az mhast glegkr @
akeéel ce |l a- kull anéeméendak b | g ve davr aneék
gereken kr t k roller n géencel ve kanéeta da
2. HEMODKYALKZ HASTALAIRI DA C AKI¥INET K MK, G, VE
RKSKLERK VE HEMKKRENKN ROL|;

2.1. Hemod yal =zde Akélcé Kla- Kullanémée ve
D¢nya Sajl ék ¥rgete (DS¥), akéel ce l a- kul |l a
°czel l kl er ne uygun s¢lrac éboydimjcrau vco zedna, d ¢ykeetl
edeb | meler " olarak tanémlamaktadéer. Ancak
re-ete uyumunun -o0ok ©°tes nde, d nam k ve -g0

et mekted r.

Son d°nem b°prepopetameybnunda l a- ge¢venl
hassas yet ve artméxkx tedayv yékenegn kes kt ]
kaybeyla b rlI kte renal kl rens n azal mase
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metodb tl er n v¢gcutta b r kmes ne (ak¢gmgl asyo

terap®°t k araléja sah p l a-1 arda, standart
artermaktadér. Ayréca ¢rem k ort anséerr bpelsaz ma &
fraks yonunu arteér mase, | acén kanda °ng°r ¢l
Dol ayéséyla hemod yal zde "akéelce yakl akeéem";
b°brek fonks yonuna (GFRnavdddywhl zabel tteen)
ol arak ayarl andejée, hemk re g°zet m nde kes
2. 2. K n k R sk Al anl are: Pol far mas Y ¢ K¢
Hemod yal z hastalaréndak ensb¢eyngk ve saklker o
taraféendan yapélan s stemat k derl emede, kr
pol far mas preval ansénén %8006 n ¢zer nde ol
hemod yal =z hastalaré ol dupst alaprodd abemkekeéeat
karékeékl ejé yaratarak tedav ye uyumu zorl akt
etk I exk mler ne yol a-arak kil n k r sk °nerm
Tedayv bakaréséné dojrudan é&euzlkmaemyamabder .d
mol ek¢l er ajéerl ejéna ve suda -°z¢nerl ¢] éne
seanstan sonra alénmaséné gerekt reb | r. Z
neden d r; °rnej n d ymmlpertamse$ , akéean sk
membr anl aréndan s¢z¢l erek tedav n n yeters z
Kl em sérasénda kan baséncéneéen an d¢ Kmes
tet kleyeb | r. guDamlmneay ez ammhaénéelna-doyy u pl an

hastal arénda farmakoterap n n ayrélmaz b r b

2. 3. Hasta Davraneéexkl!l ar é: B | g Eks kI ] v e
K n k ortamda mevcut olan f zyolojl & viea-d a
y°net m al exkanl éklaréeyla b rlexkxt jJ nde tab
-al exmaseé, hemod vyal z hastal ar é@énén akel ce
yeters z oldujunu ve evde dydal kaaegmaktugdad .amd
gere:

T Sojuk Z nc r Khl al : Hastal arén %96, 506 |,
en yojun ol duju buzdol abé kapajénda yanl é
etk nl J n y t rmes ne neden ol maktadér.

T Yanllka®@a: Hastal arén %646¢,, oda seécakl éj
gereks z yere buzdolabéna koyarak nem den
yapésénén dej Kk m ne yol a-maktadeéer.

T B | n-s z Kullanéem: Hastalarént%2¥,elo I
%56, 106 " ler de |l azém olur" d¢gkegnces yl e

Bu ver | ere ek ol arak Bayram ve Kbrah moj | i
kull anél mamék veya yarém kal mék arteéek l a- b
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veathal & dozda | a- kull aném r sk n arteéerar e
a-éséndan ©°neml b r r sk alané ol uktur makt
re-etes z l a-1 ara veya b tk sel n¢grbgentléenrcesly
géevenl y°net m n zorl akt érmaktader .

2. 4. Hemk r el k Rol ¢: Kl n k Sorumluluk ve Y
Hemod yal =z c¢nh teler nde hemk r e, kar makék
araseéendak en kr t Hapto?tT8sgohelbd FkeBu"noh,
yol , zaman, e] t m, kayet, yaneét) d yal z

farmakok net k dej «kkenler n akt f b - mde

hemk r el k uygul ammal aeéddagkean roller nde <c

-ekmekted r.

T Uygul ama Hatalaré (Zamanlama Kr z ): Yurt
ve 2201204 yeéell aréné kapsayan gen K -al é@ékmac¢
en sa@Pkéeyé hata %57 oranéeyla "yanl é&k zaman
hemk reler n |l a-1 arén farmakok net k ©°ze
|l a- uygul ama saatler n y°net mekte yeter
-al ek madrag | eire mx |l a- etk | ek mler konusu
bel rt Im kt r.

T E] t mdek Yeters zl k (Klet Kk m Kopukl uj
hastayla en sék ve en uzun s¢re temas ede
b | g kaynaj é ol arak hemk rey terc h etnm
Uy s al (2023), hastalar én la- b | g s -
eczacéya bakvurdujunu; buna karkél ék hemk
sev nges kal dejéné belgel emekted r.

3. SONU¢ VE ¥NERKLER

Hemod yal z hastalareée; azal mék renal fonks 'y
y°net m zorlu y¢ksek pol far mas yé¢ke ned
grubundadcémodArnwadk z hastal ar énda l a- geé¢venl
dojru re-eten n yazélmaseéeyla sajlanamaz. Me
sakl adejéené, hemk reler n se ki n k wygul am
roll er n etk n kull anamadékl ar éne ( %6, 6) S
bel rtt jJ g b , yapeéelandérél mék hemk r el k
r skl er m n m ze etmen n emoxktlkjlun Yol ddunml
terc h dej |, hasta ge¢venl J n o on segrdereéel eb
Bu dojrultuda, hemod vyal z ¢n teler nde | a
g¢é¢-lend r I mes ne y°nrell nk katk arj:é d ak °ner Il er

T Far makol o] k Okurdemeart ejpberns whwr eB&kel mas enl e
d yal =zab | te, doz ayarl amal aré ve dojru
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arteéermak amaceéeyla, Yurtsever ve T ft Kk (2
g dceerke per yod k h zmet - e] t mler zor
T "Kl a- Danéxkmanl éejé" Rol ¢ngn Yapélandeéer él o
uygul ayécé dej |, hastanéen farmakol o] k s
konuml andér énl maljé;r magtlaelkarpgd of esyonel |l er
danékab | ece]j b r l et kK m k°pr¢se¢e kurul
T Ev K- S¢r e-Haert al aDeme tevid e k | a- sakl ame
y°net m$efjl ékteyeul amal ar & v ewd aplhaemlké re\
tarafeéendan d¢zenl olarak tak p ed | mel d
araseéendak gévenl k boklujunu azaltacakt é
T B¢egt egnceygl ve Mult d s pl ner Yakl|l akeém: KIl a
-er s nde dej Isjoslyadt aleysdle&knlsarsd@d eém eve n
t¢em sajl ék profesyoneller n n K b rl J n
y°net | mel d r.
Sonu- ol ar ak; | a- géevenl g vV e akel ce [
tamamlayan ke y%netematger ekt ren kavraml ar dé
farmakol o] Kk okuryazarl|l é]J énén Ve k1l n Kk I
kel teregnegn temel b Il eken d r. Hemk r el k r ol

y°net majl ayacak hem de hasta odakl é& bakeém
yékseltecekt r.
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HEMK KRELKK ¥JRENCKLERKNKN TIBBK CKHAZ KLt
YARALANMALARI NI ¥NLEMEYE Y¥NELKK BKLGK D! |
TUTUMLARI ARASI NDAKK KLKkKK

AN EXAMINATION OF THE RELATIONSHIP BETWEEN NURSI NG STUDEN
KNOWLEDGE LEVELS AND ATTITUDES TOWARD THE PREVENTION OF
MEDICAL DEVICE TRELATED PRESSURE INJURIES

Hemkire, k] KRAN KOC¢
Ege | niversitesi Sajl ek Bilimleri Enstite¢se,
Kzmir kehir Hastanesi
sukrankcakk@gmail.cof®RCID: 000900087469 7089
Dogent, ESMA¥ Zk AKER
Ege | niversitesi Hemkireli k Fakg¢ltesi, Cer
esma.ozsaker@ege.eduy.06000000248781841

OZET

Girik veTAmdaz il ikkildi basén- yaral anmal ar €
sék g°r¢len ve b¢gyek °1 -¢de °nl enebilir kom
gevenld i sorunudur . Tané, tedavi ve izl em
yar al anmal arén gelikme riskini arteéermaktader
hemkireler kritik bir role sahiptir. Bu nede
tutumlarénén belirlenmesi ©°nemktiawdm&kkt'gdem.c
TCKBYOnin °nlenmesine y°nelik bilgi d¢zeyl er
araséndaki i kKki yi incel emektir.

Yontem: Tanémlayécée ve ilikkiseR026pERI pil@mankhpnr
D° ne mi Bygledendar &ir chiversitenin hemkir el
arakter maya kat el mayé kabul eden 140 dor
ger-eklexkxtirilmiktir. Ar akt ér ma verileri; K
Yar al anmaséveBiTQKB YA y-eeJKIl i kkin Tutum Anket.i
y°nt emi il e toplanméxkteéer. Verilerin anali zi
istatistikler, parametriKk vV e nonparametriKk
Ksitatti ks el anl aml el ék d¢zeyl p < 0.05 ol ar ak
Bulgular: Ar akt ér maya katélan ©°jJrencilerin %77, 9
belirlenmiktir. ¥Jrencilerin TCKBY bilgi o1 -
dizeylerininortad ¢, zeyde ol duju saptanméxkteer . Al t boy
kavram ve evrelendir me, en y¢ksek puanéen is
belirl enmiktir. TCKBYOye y°neli k tutum anke
bulunmufuencilerin %79, 36¢néen ol umsuz, %1 6 ,
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tutuma sahip olduju belirlenmickktir. Ayr éca
konusunda kendilerini yeterli g°rme dhirzeyl er
i kki ol duju saptanméexter. Bununla birlikt
y°’nl ¢ zayeéef bir 111 kki bulunmuktur (p < 0.05
Sonu¢c:Ar akt érma bul gul ar é, hemkireli k °jJrencil
orta d¢zeyde ol dujunu ve °Jrencilerin b¢ye¢k
ol umsuz tutuma sahip ol dujunu g°st erznaeykétfedi r
d¢zeyde Dbir i KK ol duju belirlenmiktir.

TCKBYOnin °nlenmesine y°nelik bilgi, farkénd
ejitim i-eriklerinin g¢-lendirilmesi gerekti
Anahtar Kelimeler: Hemki rel i k °jJrencileri, Tébbi ci haz

ve kontrol, Bilgi, Tutum

ABSTRACT

Introduction and Aim: Medical devicérelated pressure injuries (MDRPIs) are an important

patient safety issue frequently enotered in healthcare settings and are largely preventable
complications. The widespread use of medical devices in diagnostic, therapeutic, and
monitoring processes increases the risk of developing these injuries. Nurses play a critical role
inthepreventon and early identification of MDRPI s.
knowledge and attitudes regarding this issue is important. This study aimed to determine
nursing studentsd knowledge | evels and attd.i
examine the relationship between these two variables.

Methods: This descriptive and correlational study was conducted during the spring semester
of the 20252026 academic year with 139 fowgkar nursing students studying in the nursing
department of ainiversity who agreed to participate in the study. The research data were
collected through faeto-face interviews using three instruments: a Personal Information Form,
the Medical DeviceRelated Pressure Injury Knowledge Scale, and the Attitude Quesitien
Toward MDRPIs. Data were analyzed using the SPSS 27.0 statistical package program.
Descriptive statistics, parametric and nonparametric tests, and correlation analyses were
performed. Statistical significance was accepted as p < 0.05.

Results: It was determined that 77.9% of the participating students were female and 22.1%
were male. The mean total score of the MDRPI Knowledge Scale was 12.42 + 3.62, indicating
a moderate level of knowledge. When the subdimensions were examined, the lowest score was
obtained in the concept and staging dimension, whereas the highest score was found in the care
and dressing dimension. The mean total score of the Attitude Questionnaire Toward MDRPIs
was 22.21 + 7.89. It was found that 79.3% of the students had negétiveeat 16.4% had

neutral attitudes, and 4.3% had positive attitudes. In addition, a weak positive relationship was
found b et we e rperceived doenpetescé in sletelrnfining the risk of MDRPI
development and their knowledge scores. However, a megadive relationship was identified
between knowledge levels and attitude scores (p < 0.05).
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Conclusion: The findings of the study indicate that nursing students have a moderate level of
knowledge regarding medical deviicelated pressure injuries (MDRPBNd that the majority

of students have negative attitudes toward the prevention of MDRPIs. In addition, a weak
relationship was identified between knowledge levels and attitudes. These results suggest the
need to strengthen educational content aimeth@taving knowledge, awareness, and clinical
skills related to the prevention of MDRPIs within nursing education programs.

Keywords: Nursing students, medical devioglated pressure injuries, prevention and control,
knowledge, attitude

1. GKRKK

Tébbi cihazlarla ilikkili basén- yaral anmal al
hasta g¢é¢venlijini tehdit eden ve bakém kalite
yaral anmal ar, hastal am@ep ga@rkramhkaltanedgienkadtgk
sajl ek hizmeti maliyetlerinin artmaséna neden
ekonomi k boyutl areyla TCKBY6ler, hem hastal ar

brbck éem y¢ke¢g ol ukturmaktadér (Aydén Kahraman ve
TCKBYO6!l er, deri ve altta yatan dokul arén teéebb
kesme kuvvetlerine maruz kal masé sonucunda g

kil anel an t¢gm tébbi cihazl ar, kull anéem s¢resi
basén- yaralanmasé ri ski takémaktadér (Erbay
a-éséendan klasi k basékteya+a@j amléemldlaa K amikk leil é-
temas ettiji cilt ve mukozal y¢zeylerde ortay
Cihaz ile cilt arasénda nem ve ésé& birikimini
azal tmakt aeédbi Ayhéacdaaréen sézdérmazléek sajl a
kemi k1 i -ékénteéelar dékenda al éexkél madéek anaton
Cihaz sabitlemede kull anél an banetj] evd ehay&xkl an
zorl aktérmasé da basén- yarasé gelikme riskin
2010).

Literatg¢rde, TCKBYOl erin hastane kaynakl é& bas
ve t¢m basénlowywrau ak apeayabidd di Ji bildiril mekt e
2025). Teéebbi ci haza gereksinim duyan hastal ar
hastalara g°re 2,4 kat daha y¢ksekl loilkdlug uy dojed
bakem ve palyatif bakem ¢niteleri gi bi tébb

yaral anmal arén daha sék g°re¢ldej ¢ vurgul anmak
Yojun bakéem hastalarénda yapéians,aPdemalvard:

Braden °1 -ejJi puané, y¢ksek SOFA ve APACHE 11
vazokonstri kt®°r tedavisi, cerrahi girikim, pr
aspirasyon kakKBYepgel kkméanémki AIC artéran bacxl
Buna karkél ek, hemoglobin ve serum alb¢gmin dyg:z

daha d¢kegk ol duju bildirilmiktir ( Gfaktorlibie ar k.
yapéya sahip oldujunu ve sistematik risk defje
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TCKBYOl erin °nl enmesi ve erken tanéel anmaseénde
dojru yerlexktiril mesi, diggzlkhilihastadl are§rere¢rida
hemkirelik girikimlerinin uygulanmaseé, TCKBY
al makt adeér (Kurtg?©z vV e ar k. , 2024) . Hemki r e
yaral anfral anemeénne y°nelik bilgi ve tutuml ar
°nemlidir. ¥zelli kle son sénef °fJrencilerini
kat el malaré ve mezuniyet sonrasé phu&ohuaky onel

bil gi ve tutumlareéen bakém kalitesi czerindeki
bajl amda, hemkirelik son sénéf ©°Jrencilerinirt
y°neli k bil gi d¢epsegkerili kkiniunumhaekEemmasie,

kaneéet a dayal é hemkirel ik bakéménén g¢-1 endi
geliktirilmesine katké sajlayacak °nemli bir

Ar akt émsma So

1. Hemkirelik °Jrencilerinin tébbi cihaz il
d¢ezeyl eri naseéel deéer ?

2. Hemkireli k ©°Jrencilerinin teébbi ci haz Pl
tutumlaré naseéel der ?

3. He mkijrreelnicki | erinin teéebbi cihaz 11 ixkkild@i b a
d¢ezeyl eri il e tutumlare arasénda ilikki wvar
2. GEREC-YONTEM

Tanémlayécé ve ilikkisel nitelikte olan bu a3
ger ekl i eti k kurul ve kur u2n 26z nBjniitni na | ¥ nrneatsié
Bahar yaréyélenda y¢ret el de. mMdekb&umanen . e
°Jrencil er (N=186) ol ukturdu. ¥rneklem byg¢y
kull anél arak %95 g¢ven aral éjé ve %5 hata p
di kkate al énarak en az 139akkélkalyiel iurl akren enalsae
kull anél dé ve toplam 140 °jJrenciye ulaxkeél de.
Arakt érmaya Dahi l Ol ma Kriterleri:;
-Hemkireli k |isans prograména kayétl é ol mak
-Hemkireli k son sénéf ©°Jrencisi ol mak
-Araktérmaya g°n¢gll ¢ ol mak

Arakt ér maya kauvwel d@lyiel kediull me dlemi t er |l eri ni k-
°Jrencisinden y¢z yeé¢ze go°réikme yont emi il e v
Arakt érmanén Dejikkenleri;

Bajéemlé Dejikken: Hemkirelik °Jrencilerinin
ve tcébhtmiz il ikkili basén- yaralanmal aréna il
Bajémséz Dejikken: Hemkirelik °jJrencilerinin
tébbi cihaz ilikkili basén- yhamaéarlkhiani( HDK&
ve kendilerini yeterli gérme dizeyleridir.

Veri Topl ama Ara-1| ar é
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Arakteéerma verileri, Ki Ki sel Bil gi Formu, Teéb
Tébbi Cihaz KIlikkil:@ Basén-ygrayyagnmabar grmeK
il e toplanacakteéer.

Ki ki sel BAl gt &romanwé t ar af éndan | iterate¢r do
Y¢ ksel vV e ar k. , 202 3; Erzincanl e vV e ar k. ,
ol ukturul an bujfenmdaehemknr ghkk,°cinsiyeti,
durumu ve klinik deneyimlerini i -eren topl am
Tébbi Cihaz KIikkil:@ B a¥slé-ne-k Ytaorpall aamtm maes e 8li tl
maddeden olukmaktle@di] Ahdeboyutl ar ince
AFaktor 1: Kavram ve evrelendirme (Madde 1 v
AFaktor 2: Ri sk dejerlendirme (Madde 3, 4 ve
AFaktor 3: Tébbi cihazéen se-imi ve uygunl uj
AFaktor 4: Bakém ve pansuman 2fMadde 13, 14,
AFaktor 5: Cilt dejerlendirme (Madde 19, 20,
¥l -¢m aracé ¢-1¢ l'ikert tiptedir. Madde 1, 2
olup bu maddel er dojru= 0, bil mi yor ukelan 0O ve
3, 4, 6 , 7, 9, 11, 13, 14, 15, 17, 20, 2 3,
ol arak puanl anmaktadeéer.

¥| -ekten al énabilecek en d¢kegk puan 0 ve en
°Jrencilerinin TCEBVYOyae w?PhebjkEnbi bgstedymekt
Tébbi Cihaz KIlikkil:@ Basén- aTréah bain mail lma £ZInar
basén- ¢l serine i1 likkin tutum anket.i (TCBB
-alekxel mék veuFanarakdi Kngdkei doprdil versiyo
Tébbi cihazlara bajlé basén- ¢l serine ilikki
cihazla il gili basén- ¢l seri °nl eme vie Tébbi
alt boyuttan olukmaktadéer. Tébbi cihazla ilg
7., sorular oluktururken, Teébhbi cihazla il gi
11., sorular ol uk mukptuuarn.| aAnnnkaekit,a d5e'rl.i Likert'
¥l -ejin orijinal versiyonunda i -erik ge-erli
t¢em anket i se CVR dejeri 0,89 ol arak saptanm
edilebilir d¢zeyde bbilrdiir-i Itmutkarilrél ek, r ko =t e ruiy
i-erik ge-erlilik indeksi 0,9, Cronbach Al ph
Ankette alénan puanl ar mini mum 11 puan, ma
Anketten al érheemky gled ek ipudare,bbi ara-|lareén ne:

daha olumlu tutuma sahip oldukl|l aréné g°ster|
puanl arée kategol2bbe aedbsEdipjuiamd er0 fod duanms utza rtauf

tutumve4-55 puan ise hemkirelerin teéebbi ci hazl a
olumlu tutumu baskéya karké olumlu bir tutur
2025)

Verilerin Analizi:
Toplanan veriler SPSS 2z7.&diplrnoigkrtainrté. KkTud n éamléd
frekans, yé¢zde, ortal ama, standart sapma, me

~

edi | mi ktir. Veril erin nor mal daj él éma uy g u
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dejerlendirilmicktilrar eékhkdia ogiroupma k a rdkag led ktme r gna
¥rneklem t testi, sajl anméeyorsa Mann Whit ne
karkeél akt @ér mal arénda i se nor mal dajéelem dur
uygul anméxkter . A nrundandh 8onférram gogtde dektiuile den andlim
yapél mekteéer
3. BULGULAR
Arakt érmaya dahil edil en kat élMaxm@lS8Bb)alupé n vy acx
%77, 96u kadén, %22, 106i erkektir. Kateél emcél a
Yaral anmasé'nén (TCKBY) °nl enmelsdeéenjee ,y °%len ,i kb
ulusal /ulusl ararase rehberl erden haberdar
kat él emcéel arén %46, 40 TCKBYOyYyi ©°nl emeye y°n
ol an bir hastaya bakéem ver diafkenrbu dururea y8adlik , 4 6 ¢
tané koydujunu belirtmiktir. En sék konul an
¢izel ge 1. Kat el eémceél arén Teébbi Ci haz KIikKKki
Cihaz KIlikkild@ Baseén-t wmrAdlkewtma |l RRu &mlaa rKd i kK k i

Olgekler X+SS M (Min - Max) ¢ar pé Basék CronbachAlpha
TCKBYBY¥
Kavram ve Evrelendirme 0,66 + 0,56 1,0 (0-2) 0,101 -0,717 0,661
Ri sk Dejerlendir me 1,70 £ 0,65 2,0 (0-3) -1,169 1,256 0,712
Téebbi CihabgguBkuj mi 384+147 4,0 (0-7) -0,399 0,241 0,605
Bakém ve Pansuman 515+1,75 6,0 (0-8) -1,254 1,553 0,633
Cilt Dejerlendir me 1,07 £0,64 1,0 (0-4) 1,922 7,032 0,730
TCKBYBY Toplam 12,42 +3,62 13,0 (0- 20) -1,194 2,083 0,842
TCBBUTA
Tébbi Cihazla KIlgili 13,14 + 4,20 13,0 (6- 30) 1,106 1,892 0,796
Tébbi Cihazla KIlgili 9,08 £ 4,15 8,0 (5- 25) 1,507 2,699 0,876
TCBBUTA Toplam 22,21 +7,89 21,0 (11- 55) 1,386 2,278 0,904

n %

TCBBUTA'ya Gore Tutum Diizeyleri

Olumsuz Tutum (11 25) 111 79,3

Tarafséz-4Dutum (26 23 16,4

Olumlu Tutum (41- 55) 6 4,3

TCKBYB¥: Tébbi Ci haz KIi kkil:i Basén- Yaral anmasé Bi
Yaral anmal aréna KIlikkin Tutum Anket]i

Kat él emcélarén TCKBY Bilgi ¥I|-eji (-20QuBY B¥)
arasé) olarak belirlenmiktir. Alt boyutlar i

Ri sk Dejerl endirbiie Qilharz0 N®e 6B5mMi, (T&ph84N1, 47)
(5,15N1,75) ve Cilt Dejerlendirme (1, 07K0, 6

Ci haz KIlixkkil:@ Basén- Yaralanmal aréna KIikKkki
7,89 ol duj uer i-nairnp élk,13e8k6 dvee] baséekl ek dejerinir
d¢zeyl eri incelendijinde katél emceéel arén %79,

ve %4, 36¢negn olumlu tutum d¢gzeyine sahip ol d

Korel asyon analriezi ksadred-€lmxréedrma ég® TCKBY ri sk
uygul amal ar é& ger - ekyleaketrilrinha kk can uysed mdrak ii 1%z T
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arasénda pozitif y°nlg¢ zayeéef bir il ikki bul
hast a tstaggke-sa&, aTCKBY °nl eme tutum puanl-ar é@énén
0, 367; p < 0,05) saptanméxkter. Kar Kél akt ér me
czelli klere g°re yapélan karkeéel akt éemagel ar da;
y°neli k girikimde bulunanlarén, tané koyanl a
°l - ejJi toplam puanl ar é, bu deneyi mi ol mayan

yé¢ksek bul unmuXxdtuer I(ipl<iOk 0AIl) gyeigha: yKeetnedril ib ibluglia
puanl aré (14,5), yetersiz bulanlara (12,0) g

Kadeénl ar én cilt dejerl endir me al t boyut pu
saptanméxteér (p=0,018KBXbyni Rnlugmey ia maloa rl dax
faktorl erin; bil gi eksi kIl i7ji (%47, 1), K1 i ni
(%23, 6) ol duju belirlenmiktir. Kateéel émcél ar é
konusunda ejitekedral maye talep etm

¢izel ge 2. Kat el émcél arén Tébbi Cihaz KIi«kki
Cihaz KIlikkild@ Basén- Yaral anmal ar éna Kl i kki

TCBBUTA

Téebbi Cih Tebbiihazl a

TCKBYB¥ Basen- ! Baséen- Y T(_:I_E%g;A
Onleme Bakéme P
r p r p r p
Kavram ve Evrelendirme -0,259 0,002* -0,241 0,004* -0,266 0,001*

Ri sk Dejerlendir -0,232 0,006* -0,260 0,002* -0,259 0,002*
Tébbi Cihazén Se -0153 0,072 -0,186 0,028* -0,180 0,033*
Bakém ve Pansuma -0,194 0,022* -0,241 0,004* -0,214 0,011*
Cilt Dejerlendir -0074 0,383 -0,081 0,343 -0,089 0,293

TCKBYBY¥ Topl am -0,229 0,006+  -0,272  0,001*  -0,258  0,002*

TCKBYBY¥: Tébbi CiYmazl Ehimekil iBiBgséenl -eji, TCBB| TA:
Yaral anmal aréna Klikkin Tutum Anketi, Korelasyon Anal
Yapélan korelasyon analizi sonucunda, kat el é
Bil gi ¥1 -eJi (TCEBYRB¥)Y toyluampweanl aré ile T
toplam ve alt boyut puanl aré arasénda negat.
saptanméexktér (p< 0, 05). ¥zelli kle bilgi d¢ z e
toplam ve TCBBUTAtoplam;r=-0, 258) g°r ¢l mektedir. Bu kakeéer
zaman olumlu tutum gelikimine yansémadeéj] éné
fakto°rl erin olabilecejini de¢kendegr mektedir .

4. SONU¢ VE ¥NERKLER

Ar aktbeulngaul ar e, hemkirelik ©°Jrencilerinin T
d¢zeyde ol dujunu ve °jJrencilerin b¢gyeéek -o07 U
ol umsuz tutuma sahip oldujunu g°stermektedi
dej ermeenalianl arénda bil gi eksi kliklerinin da
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birlikte °Jrencilerin klinik deneyim ve °z vy
saptanméexktér. Ayréca °jJrencilegianibilyinld¢ze
i kki bul unduju belirl enmik ol up, b u dur
a-eéklanamayacajéné d¢kegndegr mektedir .

Arakt érmadan el de edilen bulgular dojrultusu

-Hemkireli k °Jrencilerinin TCHKERYOaret éy mad&kl iakm:
yapélandéeréel mék ejitim programlarénén hemkir

-Ejitim i-eriklerinin ©°zellikle TCKBY kavr ar
dejerl endirmesi, Klini k rehbgrilrexiiml kol | koar
guclendirilmesi,

¥Jrencilerin TCKBYO6nin ©°nlenmesine y°nelik

onerilmektedir.
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CERRAHK HASTALARIN SAJLI K OKURYAZARLIJI KLE
HAZI R OLUK DURUMU KRKBKKDAKK

THE RELATIONSHIP BETWEEN HEALTH LITERACY AND READINESS FOR
HOSPITAL DISCHARGE IN SURGICAL PATIENTS

Hemkire, HAMKDE YASEMKN YAKAR

Ege | niversitesi Sajl ek Bilimlerd.i Enstite¢se,
hamide_yasemin@hotmail.con®009-000623750738
Do-ent, ESMA ¥ZKAKER
Ege | niversitesi Hemkireli k Fakg¢ltesi, Cer 1

esma.ozsaker@ege.edu.0000000248781841

OZET

Girik/®anal-ek okuryazarl ej é, bireylerin sajl e
bilgileri karar sureclerinde etkin bicimde kullanma becerisini ifade ederken; taburcu olmaya
hazéer ol uk, hastanén evde s¢grdereé¢el edcak Jbake
yansétmaktadeéer . Cerrahi girikim ge-iren hast
bakar éesé, kompli kasyonl arén ©°nl enmesi ve yel
kritik °nem takémaktadér. | B akakyarzmal erer

taburcu ol maya hazeéer oluk durumlaré araseéenda

Yontem: Tanéml ayecé ve kesitsel «kkupaneki20B6 &ana
arasénda bir ¢niver s iewvigndehtabgdulakrsi@erinde olan vegdahil e | ¢
edi | me kriterlerine uygun 113 hast a il e y
geliktirilen Hasta Tanéteceée Bil gi Formu, Saj
Ol ma Hasta ¥zdeaj @rllee nyd¢izr nye; zFeorgm r ¢ Kk me y°nt emi
El de edilen veriler, tanémlayéceée istatistikl

Bulgular: Ar akt ér maya kateélan hastalarén yak ort al

kadén, 8678evI idir. Sajl ék Okuryazarl éejée ¥I| -

Taburcu Ol maya Hazeéer Ol ma ¥I| -eJ i topl am pua

Taburcu ol maya hazér ol ma d¢zeyinin hastalar

%159 6 unda orta ve %17, 76si nde d¢ K¢k ol duju

okuryazarl éjé ile taburcu ol maya hazeér ol ma
k

anlamle bir i1ilikki saptanmexkteéer (p<0,05).
Sonu¢cBu - al ékmadaremsrsahli ékaskaltyazarl ejée d¢ze
ol ma d¢zeyinin ise y¢gksek ol duju belirl enmit

taburcu ol maya hazeér ol ma d¢zeyinin de artteée
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Anahtar Kelimeler: He mk i r e | iSka,] | Gekr rCkhuir,y azar | éj &, Tabur

ABSTRACT

Introduction/Aim:

Health | iteracy refers to individualsé abi
related information in decisiemaking processes, whereas readiness for discharge reflects the
extent to which patients feel prepared to continue their care at home. For patients undergoing
surgical procedures, both factors are critically important for the success of treatment, prevention
of complications, and reduction of hospital readmissionss $hidy aimed to determine the
relationship between health literacy levels and readiness for hospital discharge among surgical
patients.

Method:

This descriptive and cros®ctional study was conducted with 113 patients who met the
inclusion criteria and ere in the discharge process at the general surgery clinic of a university
hospital between December 2025 and February 2026. Data were collected througtideee
interviews using the Patient Information Form developed by the researchers, the Health
Literacy Scale, and the Readiness for Hospital Discharge Badilent SeHAssessment Form.

The obtained data were analyzed using descriptive statistics and correlation analysis.

Results:

The mean age of the patients participating in the study was 56.96Ea. Of the patients,
56.6% were female and 78.8% were married. The mean total score of the Health Literacy Scale
was 102.53+8.65, while the mean total score of the Readiness for Hospital Discharge Scale was
8.18+1.46. It was determined that the levieteadiness for discharge was very high in 31% of

the patients, high in 35.4%, moderate in 15.9%, and low in 17.7%. A positive and statistically
significant relationship was found between
readiness for dspital discharge (p<0.05).

Conclusion:

In this study, it was determined that the health literacy level of surgical patients was good and
their readiness for discharge was high. Additionally, as the level of health literacy increased,
the level of readinesfor discharge also increased.

Keywords: Nursing, Surgery, Health Literacy, Discharge

48



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

1. GKRKK

Sajl ék okuryazarl éej é, bireylerin sajlék durumn
ilbgili bil gilerdi edi nbmel,gianelramas,ajdeékdral einldgirln
bi-imde kullanma becerisini i fade etmektedir
okumay azma becerilerinin °tesinde; sajlék hizme
karar verme sureclerine aktéik € | ém yeter |l il ijJini de i -ermektec
Sajl ék okuryazarl éej e, il a- prospekte¢gsl erini |
randevu bilgilerini takip etmekten wuygun safjl
beceriyelpaesi gerektirir. Ayreéca bireylerin yakadEé¢
fark edebil mesi, bu tehditlere karké ©°nlem al
dejerl endirebil mesi de sajl ek tedirk(beeey wez ar | €] &

Kadéeojlu, 2014).

Sajl ek okuryazarl éj é, bireylerin sajl ek dav
°nl enmesi ve y°netimini dojrudan etkileyen ©°n
Yetersiz sajl érkéeém kwarylazrarl &ljlegnéamé,- laaj |l ek si
ve hizmetlerden etkin yararlanamama gibi sorunlara neden olabilir. Bununla birlikte, taburculuk

sonrasé bakémda eksiklikler ve yeniden hastar
yetersiz aj | ék okuryazar FGgwae Wolf,2007).1 1 k ki I i dir (Paas
Taburculuk; hastanén hastanede al déjé tedavi

bakka bir sajlék kurulukunda s¢r dWeissVeecek bak
ark., 2007). Taburculuja hazér oluk ise, HfAhas:
bil gi d¢zeyi, baka -ékma beceri si ve bekl ent
Keklinde tanémlanmaktadér BWekssramMalkabheéyvaa:
iyil ekmeyi dej il ; hastanén evde bakém s¢reci
kaynakl aréna erikimini ve bilgiye dayaleé kara
Literatg¢rde, taburculuk sojmuaud, dhrmsmcad ayanra
hazérl anmadan taburcu edil mesinden kaynakl|l and
bir taburculuk planlamasé, hastaneye yeniden
artérmaktadeéer )(Ja¥czkel v e khekcereQbbP hastalar a
iyilekme d°nemindeki komplikasyonlarén °nl enm
uygul amal aréenén s¢grder ¢l mesi a-eéséndan kritil
nedenle,has@alr én t aburcul uk ©°ncesi hazér oluk d¢zeyl
ve bakémén s¢rekliliji a-éséndan °nem arz etm
Cerrahi girikim ge-iren bireyler i-in sajleék
cerrahi 6ncesi bilgilendr me , hastane s¢recinde tedaviye u
talimatl aréné anl ama, komplikasyon belirtiler]
y°net me a-éséndan belirleyici faktorl erdir.

yond i | mesi , hasta ge¢venlijini dojrudan dest ekl
sajl ek okuryazarléeje d¢zeyinin belirl enmesi
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artérmakt a, sajl ek hizmetl erimiummhaltadési nau
araktérmanén amacé, cerrahi hastal arén sajl ek
ol uk durumlarée araséndaki 11l ikkiyi belirl emek
Araxktérma Sorusu

1. Cerrahi hastal arén sajl ék okuryazarl éj é
2. Cerrahihastl ar én taburcu ol maya hazér ol uk durun
3. Cerrahi hastalarén sosyodemografik °zellli
hazér ol uk durumu bakéméndan fark var méder ?
4 . Sajl ek okuryazarl é] & i |seé ntdaab uanclua nollémabyiar
medeér ?

2. GEREG-YONTEM

Tanéml ayeécé, kesitsel ti-ptubatol 26820 ut ariaklt €nr |
chiversitesi hastanesinin genel cerrahi ki
Ar al2@2k ub a't 2026 tari hl eri arasenda bir ¢ n
kl'iniklerinde tedavi g°rmekte ol an hastalar
amacéna wuygun ol arak sajléek okuryazarl eje d
aaséndaki i KKki yi belirlemeye y°nelik kore
programé ile hesaplanméxkxtér. Yapélan hesapl a
geven degzeyi (U = 0.05) ve %80 nimumsmeklgn c ¢ (1
beyekl ¢7 ¢ 84 ki Ki ol arak belirlenmixktir. Kst
duruml aréené kar Kkél amak alnba coérya naé rPd an eakrl teénr &slaay!
az 97 <cerrahi hasta il e ayaxgtgImae slil 3p |haansltaa
tamaml anméxkt ér .

Arakt érmada yer alan hastalarén dahil edi | me
-Ar akt érmaya katél maya g°n¢gll ¢ ol mak,

-18 yak ve ¢zeri yetikkin ol mak,

-Hastanede en az 24 saat yaték s¢resi bul unme

-Genel cerrahservisinden taburcu edilme sirecinde olmak,
Arakt ér manéen bajkKeamled éedmecjéil kakreeml eSraij:l ék Okurya

ol maya hazér ol ma °1 -eji puan ortalamal areée b
Arakt érmanén bajémséeandédeajéembsenl a@riji KReakeeérin
yake, cinsiyeti, ejitim dur umu, medeni dur ui
gel ir dur umu, hastanede yaték s¢resi, evde
durumu, daha once hastaneyenyat d ur u mu , daha °nce ameliyat
ilgi | bil gileri en sék aldéjé kaynak ol uktu
Veri toplama ara-1|are

Araktéermanén verileri oki ki sel bil gi form

uo,
hazéer ol ma Wastme FTodenuér lken |l anél arak y¢gz y¢z

topl anacakteéer .

Taneéet écé Bil i akREaecmrmacé taraf éndan veril eri
dojrultusunda hazérl anan bu form sosyawamdemogr
ejitim durumu gi bi kat €l émcéeyée tanémlamak i -
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Sajl ek Okuryaarrdmegen ¥tlaregfiendan 20XBUQ@el i kKt

Heal th Literacy in Europe) formu To®kaeél arBarku z
sadelextirilmk ve form dilimize sajl ék oku
-evril mi ktir. (Sorensen ve ark. 201 3; To- i
gevenior i 2017 yélénda Ayl aeBayeki Temelk i ve
Bayék Temel, 2017) .

T¢e¢m sajl ék kurulukl arénda sajl ék hizmet. al n
tanél amasé s¢recinde sajl ék okuryazarl éj é d
Olcek toplam 25 madde e d°rt alt ©°I| -ekten olukmaktader .
5. maddel er) ve bu alt ©°|l-ekten en d¢kek 5, e
madde (61 2. maddel er) i -ermektedir ve bu alt ©°1-.
puan 350t i r . Dej er Bi - me/ Dej er | en-d80. Maddelera | t °
ol ukmaktadeér v e b u al t °] -ekten al énacak (
Uygul ama/ Kul | anma al-25. ratddelerjicermekedirvechy alt Gigektehe ( 2
en ¢k, k5 puan, en y¢ksek 25 puan al énacaktér .
puan 12506¢tir. ¥l -ek maddel eri katél emcel ar
cekiyorum, 3: Biraz zorluk cekiyorum, 2: Cok zorluk cekiyorum, 1: Yapam&kyaca
durumdayém/ hi - yetenejim yok/ ol anakseéez" S
maddel eri olumlu yapédadér, ters madde bul un
°] -ejin standart sapmasé 0. 9% wetaslaty é9la-rek (4
alfa) 0.90 ile 0,94 arasénda dejikmektedir (
Cronbach Alfa dejeri .92 saptanmék olup alt
dej i kti]i belirl eamiatri il eAltopbayutfll acr&nppar
géevenirli k katsayeéelarénén .74 ile 91 arasén
(p<. 01) bul unmuxktur . (Aras ve Bayék Temel ,
durumunun yetersiz,sorunru ve zayéf ol dujunu, y¢ksek puan
g°stermektedir. Al énacak puan artteéek-a birey
ark. 2013b).

Taburcu ol maya hazér ol ma °I| -TajbiurlrastOd mazx ae ]
Ol ma ¥1|-eji o hastalarén hastaneden taburcu
dejerl endirmektedir. Bu °1 -ek Weissuwd ar kac
boyuttan olukmaktadeéer: ¥I| -ejin boyutlareée has
et me beceri si ve hast aneéln0 baerkalleéneénn ddaeksit ebjiird i
veril mektedir. Ortal amal alr@&@mérm tidbeurlcOu aorlansagy
d¢zeyde hazér ol dujunu, 8 ile 8,9 araseénda

arasénda ol masé orta d¢zeyde hazeér ol dujunu,
gostermektedir (Weiss ve ark. 20140.F mun Tg¢r k- e ge-erl i k gé¢gvenir
taraf endan Ktagysat veet narkkadak!| arée °1| -e]

i n Cronl
belirlemiktir (Kaya ve ark. 2018).
Araktéerma verileriBunadegkeél emadanribigibesleei :edi |
ortaméenda Statistical Package for the Soci a
edi | di . Arakt érmadan el de edilen wverilerin
standart sapma) il e normail. dR¢Eeeimandiygme | s
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parametrikveyanep ar amet ri k testl er uygulandé. Karkeéel
ol arak anlamlé kabul edildi. ¥I|-ekler araseéen
3. BULGULAR

Ar akt ér naand ah aysetralaalr én; yak ortalamasénén 56,
%4 3, 40 ¢ n¢nN I k°Jretim, mezunu ol duj u, %78, 8
saptanméext eéer . Hastal arén hastanede ortal ama
%5 4, 06énén 5 g¢n ve ¢gzeri, %46, 06sénén 5 gg¢n
bakéemeyl a il gil enen bir yakeéneé ol anl ar é&n |
-al ekxanl aréndan, %23, 96unun i nternetvesosyal
arkadakl aréndan, %10, 606sénén televizyondan v
bilgi aldéjé belirlenmiktir. Hastalarén %99,
il gili bilgi wveril diijnl,ansaakjtlaé kzloar lia ngma id uvreurn
%58, 46 ¢ n¢n zorl anmadeéej é, %36, 30¢n¢nN bazen
bul unmuxktur. Hastal ar én %61, 16i nin kroni k

hastanede yaték °yKkye¢séninnc ebualmeen dujau, g%7-1,r7doi s

Cizelge 1 Hastalarén Sajl ék Okuryazarl éjé ¥I| -eji Vo
Puanl ar é

XSS M (Min - Max) tar peéek Baseéekl

Sajl ék Okuryazar/l

Bilgiye Erikim 21,20+ 4,29 23,0 (5-25) -1,282 1,635
Bilgiyi Anlama 27,56 + 6,24 28,0 (12- 35) -0,731 -0,214
Dejer Bi-me |/ Dej 3265+6,53 33,0(15 40) -0,657 -0,352
Uygulama / Kullanma 21,12+ 3,45 22,0 (12-25) -0,661 -0,326
SOYO Toplam 102,53 + 18,65 104,0 (51- 125) -0,812 0,063
Taburcu Ol maya Ha

Ki ki sel Durum 7,77 +1,89 8,0 (1- 10) -1,139 1,574
Bilgi 8,40+1,72 9,0 (2- 10) -1,291 1,637
Baka ¢ékma Yetene 7,85+1,94 8,0 (1- 10) -0,851 0,506
Beklenen Destek 8,71+1,75 9,0 (3-10) -1,467 1,426
TOHOO Toplam 8,18 + 1,46 8,5 (4- 10) -1,019 0,556
Taburcu Ol maya Ha n %

tok Y¢iksek D¢zl 35 31,0
Y¢ksek Degzey-89pze 40 35,4
Orta D¢zey -HAzér 18 15,9
D¢kek D¢eDéwkHE xg0) 20 17,7

SOY¥: Sajl ék Okuryatabuéege &I maeya, HIOHO¥OIl ma ¥I| -

Hastal arén Sajl ék Okuryazarl eje ¥I|-eji ve T
¢izelge 16de verilmiktir. SOY¥ alt boyutlar
ol arak tespit edilmiktir. TOHO¥ 8§ilplécamié ndan
saptanméxktér . Hastalarén sajl ék okuryazarl é
d¢zeyinin i se y¢ksek ol duju bulunmuxktur
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Taburcu ol maya hazér ol ma durumunun hastal ar

y ¢ ksek d¢zeyde, or%lab, gmeyde vV e %17, 76si ni
belirl enmicktir

Hastal arén yaxklaré ile Sajl ék Okwuryazarl éj é
d¢zey i li kki tespit edilmiktir (p<O0, 0%).i Has

z
t op
Cin
yakénén varléje ve sajlek durumugi vdrilemed avi si
dur
r
a
S
I

N

|l am puanl aré arasénda negatif y°nl ¢ zayeéf
siyet, ejitim dur umu, medeni dur um, hast

umuna g°re SOY¥ alt boyutlaré ve toplam p

fark bul unmamécxkt eéer (p>0, 05) . kehirde yakay
puanl arénén kasabada yakayan mhamsakalluar a pgOr &
Hastal ar én SOY ¥ ortal ama puaneéeé gel iri dur v
belirl enmiktir. Sajl ékl a Flhgi i veril en bi |
puanl arénén daha y¢ksek olduju tespit edil mi
Cinsiyet ejitim, medeni durum ve gelir durumu a-
anlaml e fark bulunmamexkteéer (p>0, 05) . Yakade]
evde bakéméeyla ilgilenen yakéneé buanlamakiasé, s
zorl anma durumuna g°re TOHO¥ toplam puaneé a
saptanméexktér (p<0, 05).
Hastalarén klinik ©°zelliklerine g°re SOY¥ ve
sonu-|lara g°r e®zendstkdleariére kgl°irrei kSajl ek Okur
Ol maya Hazér Ol ma ¥I| -ejJi puanl aré araseénda a
¢izelge 2. Hastal arén Sajl ek Okuryazarl éjée ¥I -
Puanl aré Araséndaki KI'i Kki
Taburcu Ol maya Hazér Ol ma ¥I| -e
Kikisel Bilgi Bfe“tae n¢ eé]ki Beklenen Destek TOHOO Toplam
r P r P r P r P r P

Sajl ék Okurya:
Bilgiye Eriki 0116 0,219 0,383 <0,001** 0,263 0,005* 0,360 <0,001** 0,345 <0,001**

Bilgiyi Anlama 0,129 0,174 0,423 <0,001** 0,288 0,002* 0,258 0,006* 0,338 <0,001**
Dejer Bi-me / 0114 0,231 0,429 <0,001** 0,284 0,002* 0,294 0,002* 0,345 <0,001**
Uygulama / Kullanma 0,174 0,065 0,391 <0,001** 0,459 <0,001** 0,304 0,001* 0,414 <0,001**
SOYO Toplam 0,142 0,134 0,452 <0,001* 0,341  <0,001** 0,328 <0,001** 0,390 <0,001**
SOY¥: Sajl ek Okuryaz@amabajeu ¥Dlmhya HOHO¥: Ol ma

Korelasyon, *p<0,05, **p<0,001

Sajbkeuryazarl ejée ile taburcu ol maya ibhmazeéer o
d¢zeyde ve istatistiksel ol arak anlamleée il
ol ma °1l -eji kikisel durum alt ab@aw@etnu ai laen | saarl

bul unmamécxkt ér
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4. SONU¢ VE ¥NERKLER

Bu -al ékmada, cerrahi hastal arén sajl ek okul
d¢zeyi Il se y¢ksek ol arak bulunmuxktur . Hast al
vetabu cul uja hazér ol ma durumunun d¢Kt ] ¢ gor ¢
d¢zeyi arttek-a taburcu ol maya hazér ol ma dg¢

Araxktérma bul gul arée dojrultusunda;
- Cerrahi Kl iniklergdgapébhbukenl haspabhat amasae
d¢zeylerinin dejerlendiril mesi,
burcul u ejitiminin hastanén sajl ék
kili taburculuk planlamasénén sajl an
zeyi aglwekkha sl gildi bil gileri anl amak
l unmayan hastalarén daha yakéndan de

-

k
b i
a

oomd

a (0]
t a
: t
u Sste
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OZET

Adiot opsi, °l ¢m nedeninin ve °l ¢m mekani zmaseé
ol up, bu s¢re-te -0k sayéda makroskopi k, mi
birlikte dejerlendiril mesi ger ek me kitiecdl i r . Ot
ol arak el e al énmasé, adl i s¢recin sajl ekl e
boyutlu yapeé, otopsi s¢recinde sistemati k de
karar destekleyici y°nterktedrr e ol an i htiyaceée
Son yéllarda sajl ék ve adl:i bilimler alanénd
be¢yeék haci ml i vV e kar makék veril erin anal i
dejerl endirme s¢re-lerinin yapelmamaltr &d énas e .
otopsilerde bu sistemlerin; postmortem g°
makroskopi k ve mikroskopi k bulgularén birliKk
batincul bicimde analiz edilmesi ve raporlama sirecinin det@ngatik olarak yurutilmesi

gi bi alanlarda destekleyici bir rol ¢stleneb
Bu bildiride, adl i otopsilerde yapay zek© di
alanl ar e, sahadaki uygul aneallear al éonlnaéskét €y a n sY
uygul amal ar énén, ot opsi s¢recinde kar ar Vel
dejerl endirmesini destekl eyen ve dejerl endi
al énmaseé gerektijini hat ¢éain&t ami Yacedég mc@nghP i
yakl akémeéen, °czellikle kar makék ol gul ar da

yeéer et el mesine, bul gul arén birlikte yorumlanm
katke sajlayabil ecefji déekenegl mektedir.

Sonucd ar ak, yapay zek© destekl: sistemlerin a
bi-i mde entegre edil mesi, uzman sorumlul uj
s¢re-lerinin desteklenmesine y°nelik rt amaml a
Anahtar Keli meler: Adli otopsi, yapay zekOo,
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DKYABETKK HASTALARDA CRP/ ALB} MKN ORANI NI N P
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Ozet

Diyabetes mellitus, yalnézca glukoz metaboli
infl amasyon, endot el di sf onk s i gripensistemikebir ar t meée
hastal ékt ér . Bu inflamatuvar zemin, diyabeti
mi krovask¢l er ve makrovaskg¢l er kompl i kasyon
biridir. Bu nedenl e infllaemasyadnume sgy¢ v emisltiarl e
anl akéel masénda °nemli bir yer tutmaktadeéer.
Creaktif protein (CRP), akut faz yanétéeneéen
bireylerde seéklékla subklinik i nfl amesyonu
besl enme durumunu dejil, ayné zamanda infl an
fizyolojik rezerv hakkénda da °nemli bilgile
inflamasyon varl|l éjénda d¢zeyinin azal maséna
CRPv alb¢gminin birlikte dejerlendirilmesiyle
Kiddet il e organizmanén bu s¢rece karkeée ya
parametre ol arak °ne -ékmakt ad é ratuvarBkiiviteyr an, d
daha dengeli ve anlamlé bi-imde ortaya koyab
Yé¢ ksek CRP/ al bumi n orane; kot ¢ met abol i k
kardiyovask¢ler risk y¢k¢e ve genel kKl inik keé
yukseklj i veya albe¢gmin degkekl ¢ ¢ sénérl @ yorum
tabloyu daha dojru bi-imde yansétmaktader.
Bu y°n¢yle CRP/albumin orane, diyabetin inf
ongorulmesinde pratik, kolay uygulanabilir vekdg k mal i yet | i bir bivyo
dejerl endirmeye entegr e edi | mesi |, hast a roi
belirlenmesinde destekleyici bir rol tstlenebilir.

Anahtar Kelimeler: Di yabetes mel |l i tus, CRP/ alkmokni n or a

hast al ék
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THE RELATKONSHKP BETWEEN POLYPHARMACY AND
DEPARTMENT VKSKTS KN OUTPATKENTS

Abstract

Polypharmacy has become an increasingly common clinical issue, particularly among patients
with multiple chronic conditionsattending internal medicine outpatient clinics. As life
expectancy rises and comorbidity burden increases, many individuals requitertongse of
several medications simultaneously. While appropriate pharmacological treatment is essential
for disease autrol, the growing number of prescribed drugs also introduces significant clinical
challenges.

The use of multiple medications increases the risk ofidhug interactions, adverse drug
reactions, and reduced treatment adherence:rélgead physiologicathanges, especially
alterations in renal and hepatic function, further amplify the clinical consequences of
polypharmacy. As a result, patients may develop acute symptoms that often lead to unplanned
emergency department visits.

Common clinical scenariosinking polypharmacy to emergency admissions include
hypoglycemia, hypotension, syncope, electrolyte disturbances, gastrointestinal complaints, and
central nervous systémelated side effects. Many of these presentations are not caused by
disease progressiatself but rather by medicatienelated problems. In this context, emergency
department utilization may reflect the cumulative pharmacological burden rather than acute
pathology alone.

In outpatient populations, the increasing number of medicationstshotibe interpreted solely

as an indicator of disease severity but also as a marker of clinical vulnerability. Polypharmacy
may signal reduced physiological reserve and increased susceptibility to destabilizing events,
even in seemingly stable patients.

From a broader clinical perspective, frequent emergency department visits among patients with
polypharmacy represent a significant burden on healthcare systems and highlight gaps in
continuity of care. Regular medication review, structured drug recormijatand
individualized treatment strategies are essential components of safe outpatient management.

In conclusion, the relationship between polypharmacy and emergency department visit
frequency underscores the importance of rational prescribing practdressing
polypharmacy through careful evaluation of treatment necessity and ongoing reassessment may
play a key role in improving patient safety, reducing preventable emergency admissions, and
enhancing the quality of chronic disease management.

Keywords:Polypharmacy, emergency department visits, outpatient care, medication safety,
multimorbidity
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ANTIBACTERIAL PROSTHETIC FINGERNAIL
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SakarydJniversity, Faculty of Science and Arts, Department of Chemistry, 54187, Serdivan,
Sakarya, Turkiyeyolgun@sakarya.edu.tr0000-0001-71049926

ABSTRACT

This study aimed tgrepare and characterize a novel and-¢mst antibacterial prosthetic
fingernail. Firstly, hydroxyapatite powder was coated with nano silver. Nexprdsthetic
fingernail material and nano silver coatediroxyapatite powder (nano AgAP) were mixed

and shaped. Finally, the determination of antibacterial activity of the antibacterial prosthetic
fingernail was carried out by using plate counting metigminstEscherichia colATCC 8739

and Staphylococcus aureSTCC 6538.Nano AgHAP powder and antibacterial prosthetic
fingernail were characterized. According to the results of @ES analysis of the nano Ag

HAP powder were found to be 0.25% Athe TEM analysis of the nano AHAP powder
showed that the size of the nano silver particles on the hydroxyapatite powder was
approximately 30 nmTrhe antibacterial prosthetic nail exhibited 100% antibacterial activity
against bothE. coli and S. aureuslt is important for hygiene that fingernails do not host
microorganismsTherefore, it is probable that this antibacterial prosthetic fingernail will attract
the attention of the cosmetics industry.

Key Words: Antibacterial, Nano silver, Prosthetic Fingernail
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OZET

Girik v@TiAme-r:val. kal bin elektriksel aktivi
bu intervalin ila-lar veya geneti k fakt°rler
yol acabilmektedir. Kardiyak ve kardiyakl may an pek - ok I inia - S én
uzatabil mekte ve bu ila-1lar araseéndaki et ki
-al ékma, Kardiyol oj i i nitesi 6nde yatan hast
il a-1ar-r araséendaki et ki | ek i rgllierisk faktoriermie val an
dejerl endirmeyi ama-1lamaktader.

GerecveYontemlerBu - al ékmada, Trakya | niversitesi K
1 Temmuz 2024 tarihleri arasénda yatarak ted
kul |l anélméu zvaet-iefQa&- idtaki | exi ml er i g ®emografk d° n ¢ k
°czell i kl er, il a- bilgileri, | aboratuvar sonu
kayeéetl ar é czerinden eri kil di . QT inadme&r v al i
Terap®°ti k Kimyasal sénéflandérma sistemi vV e
seéenéf | anidretrerl wWel. i Rz ated &ké |ielka-ml er i Drugs. con
Lexicomp ver. tabanl ar &s Kiles¢l halinler R aarsyydn 4.d.27 er | «
yazéel émé kull anélarak ger-eklexktirildi
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Bulgular: Dej erl endirilen 1051 hastanén %87, 60s6ér
kull anémé, %45 ,Q30 quredhdi dicee iedsnk pal Z&ambalpeazol %47,8

il e en sék kull anel aha QtTa li anrt éerr v%4dr 4v, a8iGei anudzea @(ATE
tespit edilirkenQT uzatid@é ieN&+il ekéemiileri yak, hipok:
intervaldi uzamasé i -in g¢-1 ¢ baj@Tmsuézza tréicsek ifl
ila- etkhybBeri Ml870yidiene2®t kfi dheed é@nteti ug.a - Et k if I
giren en s ék il a- -0 ft furosemid+pantopt
farmakodinami k tipte ve %75,1 orta ciddiyet:t
sayeéeseée, Qil az amrié evedrelkéaj-&é il e en g¢-1 ¢ baj éms.
Sonu¢g:Kardi yol oj i cnhitesinde yatan hastal ar én
kull anél maktaydée ve QaklLastéagarcihebeé&ti pnot Eh
y ack, el ek Kkl al@Tt vubzoaztiudkcheu ieltadiT| e mit mr @ @il | Uuzameé

artéerde. QT inter Qal uzaditdeaice ielildkat-i Byacl kngn i a ratrétk
guclu etkendi.Kardiyoloji Unitelerinde QT intervalini uzatan ilacglarla tedavi plamn é r k e n

kapsamlée bir risk dejerlendirmesi yapél mal e
Anahtar kelimeler: QT i nterval. uzatecéeQT |l azhtilagc e kal d
et kil ekimler:i
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ABSTRACT

Background and Aim: The QT interval is a critical parameter reflecting the electrical activity

of the heart; prolongation of this interval due to drugs or genetic factors can lead to life
threatening ventricular arrhythmiddany classes otardiac and nowgardiac drugs may
prolong the QT interval, and interactions between these drugs may increase the risk of adverse
effects.This study aims to evaluate the prevalence, characteristics, and related risk factors of
QT intervatprolonging drug se and the interactions between these drugs in patients
hospitalized in a cardiology unit.

Material and Methods: In this study, QT intervagbrolonging drug use an@T-prolonging
drugdrug interactionsvere retrospectively analyzed in 1,051 patients treatettie Trakya
University Cardiology Unit between January 1, 2024, and July 1, Ztographic
characteristics, medications, laboratory results, and electrocardiography data were accessed via
digital hospital record€QT-prolonging drugs were classifiedccording to the WHO
Anatomical Therapeutic Chemical classification system and torsades de pointes risk categories
QT-interval prolonging druglrug interactions were evaluated using the Drugs.com, Epocrates,
Medscape, and Lexicomp databasatistical aalyses were performed using R version 4.4.2
software.
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Results: At least one Qprolonging drug was used in 87.6% of the 1,051 patients evaluated,
and at least on®@T-prolonging drugdrug interactiorwas detected in 45.3%antoprazole was

the most frequdty used QT intervaprolonging drug at 47.8%Vhile QT interval
prolongation was detected in 44.8% of the patients, the preserig€ oitervatprolonging
drug-drug interactionsadvanced age, hypokalemia, and hypocalcemia were identified as strong
indepeandent risk factors for QT prolongatiofhe total number o@T-prolonging drugdrug
interactionswvas 1.187, involving 291 different drug paifh©ie most frequent interacting drug
pairwasfurosemide+pantoprazole (15.0%)f the interactions, 77.8% were phreacodynamic

and 75.1% were of moderate severiifie total number of QT intervgrolonging agents was

the strongest independent variable associated with the prese@depoblonging drugdrug
interactions

Conclusion: QT intervalprolonging drugs are used in 87.6% of patients hospitalized in the
cardiology unit, and potential Q@rolonging drugdrug interactionsare present in nearly
half. Advanced age, electrolyte imbalances, and QT intga@bnging drugdrug interacons
increase the risk of QT interval prolongatidime increase in the total number of QT interval
prolonging drugs used was the strongest factor increasing the likelihood-pfol@hging
drugdrug interactions. In cardiology units, a comprehensive rsdessment should be
performed and potential adverse effects monitored when planning treatment with QT
prolonging drugs.

Keywords: QT intervalprolonging drugs, cardiology unit, @drolonging drugdrug
interactions.
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HVENFEKSKYONU KLE YAKAYAN BKREYLERDE SKEKLK

Uzm. Dr. Muhammed Furkan KURKCU

Gazi l'niversitesi Teép FaKugkintkeksu@griad.dom i Mi kK r
Orcid: 0000:000277505002

OZET

Amagc: Sifiliz, Treponema pallidumb akt er i si ni n neden ol duju ¢

enfeksiyondur ve insan imm¢gn yetmezlik virgs
go°r ¢l mektedir. Bu -al é@&kmanén amacé, Ankaradd
HI V enf eks i yaoynaun ibier e wlaxr d e sifiliz koentf

dejerl endirmektir.

Gerec ve Yontem:Bu retrospektif FAla@&kemada02Dcoabr 2012

Ankara Etlik kehir Hastanesi 6ne takip ve te
al neek si filiz koenfeksiyonu kK¢phesiyle seru
Treponema pallidum g M/ 1 gG anti korl arée test edil en bi

sonu-|larée retrospektif ol ar ak dseRPBR,rDiamm di r i |
Neudorf, Avusturya) v&reponemapalliduh g M/ | gG anti kor |l ar énén sap

i mmunoassay (Elecsys Syphilis, Roche Diagnos
edi | di . Her i ki testi nsiywmuplardkikdbuledidd uj u ol gul a
Bulgular: HI' 'V enf eksiyonu tanésé alméek toplam 28:
Treponema pallidumh g M/ 1 gG test!l eri analiz edil di. Ha s
kaden (%11,6) idi. Ei@dde k kadiem | ai&d)n ¢cyaéely &dléa(r
bulundu (p < 0,001). Sifiliz enfeksiyonu t
Erkekl erde bu oran %6, 0 (15/251), kadéenl ar c

enf eksi yoibW emks gk udédngdraldi.(Busa 3U0;(%8,2; 6/73), >50

(%5,2; 4/77)ve I 0 ( %4, 3 ; 3/ 70) yak gruplaré izl edi
4750 vyakKk grubunda saptanérken (%9, 4; 6/ 64) ,
0, 138). Kadéen ShGsyakawveéen ¢zamam@&e ol duju i -1
dejerl endirme yapél amadeé.

Sonu¢cBu - al ékmada, HI'V enfeksiyonu il e yakayan
%6,7 olarak bulunduH1 V pozitif bireyler gi@®déreijsikt igmluei
arttéeréel masé ve tarama testlerinin s¢grder gl om

Anahtar Kelimeler: HIV enfeksiyonu, RPRTreponema pallidunigM/IgG, koenfeksiyon
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SYPHILIS COINFECTION AMONG PEOPLE LIVING WITH HIV
ABSTRACT

Objective: Syphilis is a sexually transmitted infection causedl'bgponema pallidunand is
frequently observed among individuals living with human immunodeficiency virus (HIV)
infection. This study aimed to evaluate the seroprevalence of syphilifection among
individuals living with HIV who were followed up at a tertiary care hospital in Ankara, Turkiye.

Materials and Methods: In this retrospective study, individuals who were diagnosed with HIV
infection and tested for suspected syphilis coinfection betwearada@024 and December
2024 at Ankara Etlik City Hospital were included. Serum samples were analyzed
retrospectively. A manual syphilis antigen test (Syphilis RPR, Dialab, Neudorf, Austria) and a
commercial enzyme immunoassay for detecting Treponema yalligM/IgG antibodies
(Elecsys Syphilis, Roche Diagnostics, Mannheim, Germany) were used. Cases with positive
results in both tests were considered as syphilis infection.

Results:RPR and Treponema pallidum IgM/IgG tests were analyzed in serum samples from
total of 284 patients diagnosed with HIV infection. Of these, 251 (88.4%) were male and 33
(11.6%) were female. The median age was 39 year§{)%or males and 69 years (%8}) for
females (p < 0.001).

Syphilis infection was detected in 6.7% (19/28&4)all patients. The prevalence was 6.0%
(15/251) in males and 12.1% (4/33) in females (p = 0.165). The highest rate of syphilis infection

was observed in the #30-year age group (9.4%; 6/64), followed by thé 81 (8.2%; 6/73),

>50 (5.2%; 4/77), and 130 (4.3%; 3/70) age groups (p = 0.603). Among males, the highest
prevalence was also in thei&D-year age group (9.4%; 6/64), while no cases were detected in
those aged >50 years (p = 0.138). As all fem
andysis by age was not possible.

Conclusion:In this study, the prevalence of syphilisiofection among individuals living with
HIV was found to be 6.7%&nhancing awarenesaising education and maintaining screening
programs among risk groups, such as Hhsitive individuals, are of great imparice.

Keywords: HIV infection, RPR,Treponema pallidunigM/IgG, cc-infection
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CKLT KANSERKNDEN KORUNMA

Prof. Dr. Mehtap KAVURMACI 1
Atatirk University Faculty of Nursing, Department of Internal Medicine Nursing Erzurum
Tarkiye
mehtap.kavurmaci@atauni.edu.tr
ORCID: 00060001-70624845

OZET

Cilt kanseri, ©°zellikle g¢nexkin ultraviyole

enyaygén kanser te¢grlerinden biridir. Cilt kar
tarzé aleéexkanléeklaré son derece °nemlidir.

fakt°orl ¢ (SPF) g¢nek kremleri k ul¢lnaenkmagk®, z | ugzj u,
t ak mak, kendi kendine der. muayenes.i y apmak

yojun ol duju saatlerde dojrudan g¢nekKke maru
onlemler, cilt kanseri riskini 6nemli 6lgide azaltmakta ve genelcils aj | €] énén kor
katkée sajlamaktadeér.
Anahtar Kelimeler: Ci | t Kanser i

, UV | kénl ar é, Kendi Ke

(o]

Abstract:

Skin cancer is one of the most common types of cancer, primarily developing as a result of
prolonged exposure to the sunlsraviolet (UV) rays. Lifestyle habits adopted early in life

play a crucial role in its prevention. Recommended protective measures include using high sun
protection factor (SPF) sunscreens, wearing-slegved clothing, hats, and sunglasses, and
perfoming regular selskin examinations. Avoiding direct sun exposure during peak UV
hours is particularly important. These precautions significantly reduce the risk of skin cancer

and contribute to maintaining overall skin health.

Keywords: Skin Cancer, Ultviolet (UV) Rays, SelSkin Examination
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1. GKRKKk

Kanser, v¢cut hegcrelerinin kontrols¢gz bi -
ve kan veya |l enf yolu aracéléjeyla uzak organ
genelindetink anser t¢rl eri arasénda cilt kanserl eri
Cilt kanserl eri vecudun herhangi bir b°l gesi
boyun, g°jJ ¢s, koll ar ve ell er giebidag¢an eske ké k é
gorilmektedir (2).

Cilt kanserleri i-inde en agresif seyreden
ol duk-a y¢ksektir., MM i nsidansénén en Yy ksek
K¢resel Kanser G°zlemevg®nend{(GiLO®BQEAN) i ndei |
binlerce kiKkKi mal i gn mel anom nedeniyle yakamé
MM insidansénda artéek g°zlenmekte olup, bil di:

tanésé konul maktader (5).

Melanon déké deri kanserleri (MDDK) ise t¢gm ci
ol ukturmakta ve g°r ¢l me sékléejé malign mel ano
Bu grubun b¢gyeée¢k -ojunlujunu bazal hagrecr el i kar
(SHK) ol ukit9ur maktadér (6

Tanéda geci kme durumunda cilt kanserl er

olabilmektedir. Ozellikle MM; beyin, kalp, meme ve gastrointestinal sistem gibi uzak organlara

metastaz yapabilen agresif bir kanser taridur (10,11)eBdenl e ci |t kanser |l eri
ve d¢zenli taki p, morbidite ve mortalitenin
gé¢nekin zararl é etkileri, korunma y°ntemler.i
kanserlerinin onlenmesindéket | i bir hal k sajl é&jé& yakl akéméeder

2. CKLT KANSERKNDEN KORUNMA

Cilt kanserlerinin dnlenmesinde en etkili yontemlerden biri ultraviyole radyasyonuna
maruziyetin azaltél masédeéer. ¥zellikle g¢nek €
s¢resemliang@mél masé °nemi9. bir koruyucu yakl ai

Cilt kanserlerinin erken donemde tespit edilebilmesi icin bireylerin deri tzerinde

olukabil ecek «k¢pheldi |l ezyonl ar , anor mal benl ¢

67



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

gerekmektedir. Bu nedenlej i ti m programlar énda akaj éedaki
Onerilmektedir:
- Yaz aylaréenda g¢nek € Kkléon |10alr ésnacant |eenr iy od ruans éor

¢
m¢e mk¢n ol dujunca g¢nek alténda kal maktan Kk
é
e

- A-ék alanda -al ékan bhigégtermg?igedapkal ur
koruyucu giysiler kullanmal edér .

- Yéz, omuz, ense ve boyun gibi g¢neke daha
koruyucu ¢reéegnlerl e korunmal edeér .

- G¢nek €ékéjeéna karké hassas ol a&rn akenakol ay g
amaceéyla g¢nekte uzun s¢re kal malarée °nerii

- G¢gneke -ékmadan °nce en az SPF 30 koruma f
kull anél mal édér. Bulutlu g¢nlerde dahi UV
ul akabil diji 1 -i nhnplgdireemelidiror uyucu kul |l aneémé

- Kullanélan g¢nek koruyucu ¢reénlerin hem UV

sajl ayan geni k spektrumlu ¢re¢gnler ol maséna

- G¢gnek kremi, g¢neiRrd dakm&kaand negakluygg@k ahinal
durumlarda guicinde tekrar edilmelidir.

- G¢nekten korunmada en basit ve etkili yo°ont
dokunmuk kumaxkl| ardan yapél mék, v¢cudu °rte
kenarl|l & kapka kull anémée da etkili bir koru

- Gzl eri UV ékénlarénén zararl el1C&kgderinde
filtreleyen g¢nek gzl ¢gkleri tercih edil me

- Alté aydan b¢yé¢k bebekler i -in uygun gé¢nexk
k¢-¢k bebekl er i sekouryugnuma lgeidyesri.l erl e g¢next

- ¢ocukl ara erken yaklardan itibaren g¢nexkte

(121 16).
3. KENDK KENDKNE DERK MUAYENESK ( KKDM)

Deri kanserlerinin erken dénemde saptanabilmesi igin bireylerin diizenli olarak kendi

kendine deri muayenesi KKD M) yapmal ar é °neri |l mektedir. K
olukabil ecek boyut, renk, «kKkekil veya séneéer de
KKDMo6nne naydda bir d¢gzenl i ol arak yapél maseée

viicuttaki tim deri ve mukaet ylzeyler dikkatle incelenmelidir. Ozellikle benlerde veya cilt
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|l ezyonl arénda ortaya -ékan yeni ol ukuml ar y
bildirilmelidir (17 21).

Muayenenin aydénléek bir ortamda yapél maseé
bulundurul masé ©°neril mektedir Bu materyaller
tabure, tarak, sa- kurutma maki2®esi, cetvel,

- Bir veya i ki ayna yardéemé il e weanerl. ayd
dudakl ar, ajéz i-i ve kulaklaré i-erecek
- Kul ak arkal arénén incel enmesi i -in boy ay
- Giysilerinizin tamaménée -ékardeéktaedoy sonr a

aynasé °n¢gnde inceleyiniz.

- Kadén hastalarén her i ki meme alteé ve mem
incel eme yapmal aré gereklidir

- Boy aynasé °n¢gnde koll arénezé yukaré kald

gevdeni zin ssa&mlvag ésnel dyaan nkeéel eyini z.

- G°vde arka kesmée, ense, omuzlar, kal-a ve
muayenes.i i -in boy aynasé ve el aynaseéene

- Kafa derisini incelerken deri y¢zeyindeki
kal maséna i ziBw vbe‘rligienyeimeilnicdeilrer ken tar ak
yardémeée ile sa-larénéezé aralayabilirsiniz

- Koll arénezée dirsekleriniz seviyesinde keér
ve ar ka keés éknnceteyinizné tam ol ar a

- Her i1 ki elinizi; avu- i-1leri, el par mak a
kontrol etmeyi unutmayeénéz.

- Bir sandalyeye oturarak, ayaklaréenéze tab

°n/ ¢st kéeséeml ari@neeyinize genit al b°l geni z

- Her i1 ki ayak tabanenez, topuklar ve ayak

i ncel emey.i unut mayeéneéz Gerekirse bu b°lg

kull anénéz.
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THE EFFECT OF TOGETHER SUPPLEMENTATION OF BORON AND VITAMIN
D ON SERUM INSULIN AND THYROID HORMONES IN RATS
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ABSTRACT

Background: Vitamin D (Vit D) deficiency is suggested to be a risk factor for several thyroid
disorders, including autoimmune thyroid diseases thgitbid cancer in humans. Boron (B)
supplementation has been shown to increase serum Vit D levels in animals and humans with
Vit D deficiency. The purpose of this study was to demonstrate the effects of oral B and Vit D
supplementation, separately and tbge, on blood thyroid hormone and insulin levels in rats.
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Methods: A total of 28 male Wistar albino rats weighted g body weight were
randomly and equally divided into the following four groups: 1st; Control, 2nd; boron (B) = 20
mg/kg boric acid, &1; vitamin D (Vit D) = 0.025 mg/kg vitamin D, 4th; B+Vit D = 20 mg/kg
boric acid + 0.025 mg/kg Vit D groups. During the @y experimental period, all treatments
were administered orally via gavage. The blood samples in rats of all groups were callected
310st day and obtained the serum samples by
thyroxine (fT4), thyroid stimulating hormone (TSH), Total triiodothyronine (TT3), total
thyroxine (TT4) and insulin concentrations in the serum samples were eshdlyzELISA
assay.

Results: Analysis of thyroid hormone profile and insulin homeostasis revealed no statistically
significant difference in fT3 and TT4 levels between the groups (p>0.05). However, T4
concentrations were significantly lower in the B, Vit &hd combined (B+Vit D) treatment
groups compared to the control group (p<0.05). Total TT3 levels showed a significant increase
only in the Vit D group compared to the control group (p<0.05), while the increase in the B and
combined treatment groups didtnreach a statistically significant level. TSH levels were
significantly suppressed in the Vit D and B+Vit D groups compared to the control group
(p<0.05), while B alone had no significant effect on TSH. While no direct effect of Vit D
administration onnsulin levels was detected, B supplementation decreased serum insulin
concentration in rats compared to the combined group (p<0.05).

Conclusion: Combined supplementation of B and Vit D has positive effects on thyroid function
and increases serum insuleveéls decreased by only boron supplementation in healthy rats.
Keywords: Bor, Vitamin D, Insulin, TSH, T3, T4, Rat

1. | NTRODUCTI ON

The thyroid gland is the primary endocrine gland that produces and secretes triiodothyronine
(T3) and thyroxine (T4)hormones, which have significant effects on human growth,
development, and metabolism. Synthesized in thyroid follicle cells, thyroid hormones are
essential for normal development, growth, neural differentiation, and metabolic regulation. The
thyroid gland anterior pituitary gland, and hypothalamus form-sedfulating circuits called

the hypothalamigituitary-thyroid axis. Synthesis of T4 and T3 hormones in the thyroid gland
occurs through stimulation by thyrotropieleasing hormone (TRH) secreted fraime
hypothalamus, which in turn stimulates thyrgiimulating hormone (TSH) secreted from the
anterior pituitary gland. TRH, TSH, and T4 work synchronously to maintain proper feedback
mechanisms and homeostasis. The effects of thyroid hormones includdainiag
thermogenic and metabolic homeostasis, reducing body weight, and influencing muscle
function (Taylor et al., 2013). Therefore, decreased blood levels of thyroid hormones negatively
affect the wellbeing and quality of life of both humans and arlgnBiet is a crucial element

of a holistic approach to the treatment of patients with thyroid disorders, and a diet providing
all necessary macronutrients and micronutrients can also reduce the risk of developing diet
related diseases (Mikulska et al.22). Trace elements are reported to be essential for normal
thyroid metabolism and the physiological functions of thyroid tissue (Frohlich and Wahl, 2019).
Indeed, it has been shown that blood thyroid hormone levels are affected by nutritional factors
suchas iodine, selenium, and iron (Hu et al., 2017).

The effect of vitamin D on thyroid gland function is still not fully understood. However, studies
in thyroid patients have observed low blood vitamin D levels (Safari et al, 2025). It is suggested
that thee is a relationship between genetic disorders related to vitamin D metabolism and an
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increased risk of autoi mmune thyroid diseas

importance of vitamin D in the context of proper thyroid gland function anddrahtalance.

The presence of vitamin D receptors in most tissues and cells in the human and animal body
has led to the idea that vitamin D may also affect thyroid function (Rayman, 2019). Indeed, it
has been shown that vitamin D supplementation admiagster 12 weeks in hypothyroid
patients improved serum TSH and calcium concentrations compared to placebo, but did not
alter serum T3, T4, ALP, PTH, and albumin levels (Talaei et al, 2018). Beyond its classic role
in maintaining calcium homeostasis and édwalth, vitamin D is a steroid hormone essential

for various physiological processes in many different organs (Lips, 2006). Since diet is the
primary source of new calcium intake, vitamin D's central role in maintaining calcium
homeostasis lies in enhang calcium absorption from the gut (Maretzke et al, 2020).
Furthermore, it has been noted that vitamin D significantly increases serum calcium and
phosphorus concentrations, while hypercalcemia suppresses TSH and thyretiegsing
hormone (TRH) produmn (Sowers et al, 1980). Vitamin D deficiency is suggested to be a risk
factor for several thyroid disorders, including autoimmune thyroid diseases and thyroid cancer

in humans (Babil Leko et al, 2023), and t
protective prognostic factor against the development of thyroid diseases (Pakosinski et al,
2025).

Previous studies have suggested that a link between boron and vitamin D in combating vitamin
D deficiency and extending its hdife (Naghii et al., 2011). Bron supplementation has been
shown to increase serum vitamin D levels in animals (Dupre et al., 1994, Hunt et al., 1994) and
humans (Miljkovic et al., 2009, Naghii et al., 2011) with vitamin D deficiency. Although the
veterinary industry has long recogeizthe importance of boron in animal nutrition and its
relationship with other minerals and vitamins in poultry and pigs (Kabu and Akosman, 2013),
the role of boron supplementation in addressing vitamin D deficiency caused by chronic
diseases and drug use humans and animals has received less attention. It has also been
suggested that boron may have an effect on thyroid hormone production (Kan and Kugukkurt,
2022). Indeed, a previous study on frog larvae (Fort et al., 2002) observed that T3 levels in
larvae developing in a loWsoron environment reached a 2dd higher level with sufficient

boron supplementation. The effects of boron supplementation with vitamin D on blood thyroid
hormones have not been investigated until now. Therefore, in this stedgffdtts of oral

boron and vitamin D supplementation, separately and together, on blood thyroid hormone and
insulin levels in rats were investigated.

2. MATERI ALS AND METHODS
21Ani mal Materi al

All procedures applied to the animals during the study were daruktin accordance with the

rules determined by the Afyon Kocatepe University Local Ethics Committee for Experimental
Animals and with the ethical committee approval dated 03. 02. 2026 and numbered 30. The
care and housing of the animals were providetdeaAfyon Kocatepe University Experimental
Animals Application and Research Center. A total of 28 male Wistar albino rats, weighing 200
250 g and aged 126 weeks, obtained from the same center, were used as animal material in
the study. The rats were dilgd into four groups of 7 animals each using a random sampling
method. The groups were planned as follows: The control group was given isotonic saline
orally. The Boron (B) group was given boric acid orally at a dose of 20 mg/kg. The Vitamin D

(vitD)group was given Vitamin D orally at a dose

+ Vitamin D (B+Vit D) group, 20 mg/ kg bori
were administered orally. The animals were housed under standard laboratory ce2iitn
2 °C temperature, 55 £ 5% humidity, -bdur light/12hour dark cycle) throughout the
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experiment. Standard rat feed and drinking water were provided ad libitum. All treatments were
administered via oral gavage during thedzy experiment.
22Ex pertiathelPhase

At the end of the 3@ay trial period, within 24 hours following the last administration, blood
was collected from rats using intracardiac methods under Ketamine (87 mg/kg, i.p.) and
Xylazine (13 mg/kg, i.p.) anesthesia tea®esthetize the anats. The collected blood samples
were transferred to serum biochemistry tubes and centrifuged at 3500 rpm for 15 minutes to
separate the serum. In the obtained serum samples, the levels of free triiodothyronine (fT3),
free thyroxine (fT4), thyroigstimulaing hormone (TSH), total triiodothyronine (TT3), total
thyroxine (TT4), and insulin were determined using commercial ELISA kits. ELISA analyses
(TSH; Sunlong product code: SLO684RA, FE® Sunlong product code: SL0296RA, T3;
Sunlong product code: SLO712R-T4 Sunlong product code: SL0O295Ra, T4; Sunlong product
code: SLO689Ra, insulin Sunlong product code: SL0373Ra) were performed according to the
manufacturer's instructions, the ELISA kit procedure, and the device (Thermo multiscan go).
23St ati stsiicsal Analy

Statistical analyses were performed using SPSS version 27.0 (SPSS Inc., Chicago, IL, USA).
Graphical representations were created using GraphPad Prism version 9.05 (GraphPad
Software, San Diego, CA, USA). Data were expressed as mean + standard ExpriBe
normality of the data distribution was assessed using the Sh@pikotest, and the
homogeneity of variance was assessed using the Levene tesua@ramnalysis of variance
(ANOVA) was applied for multiple group comparisons if the parametriagsimptions were

met. Duncan's multiple comparison (pbsic) test was used to determine differences between
groups. In all analyses, a p < 0.05 value was considered statistically significant.

3. RESULTS

In this study, thyroid hormone parameters were evatljaand the results are presented in
Figures 13. When free triiodothyronine (fT3) levels were examined, it was determined that
there was no statistically significant difference between the Control, boron (B), vitamin D (Vit
D), and boron + vitamin D (B+W¥ D) groups (p>0.05). This result indicates that the applied
boron and/or vitamin D supplements did not have a significant effect on serum fT3 levels under
the experimental conditions. When free thyroxine (fT4) levels were evaluated, a statistically
significant difference was found between the groups (p <0.05). It was determined that the fT4
levels of the Control group were significantly higher compared to the B, Vit D, and B+Vit D
groups. It was noted that fT4 levels showed a similar decreasing trehthrea experimental
groups compared to the Control group. However, no statistically significant difference was
observed between the B, Vit D, and B+Vit D groups (p>0.05). These results suggest that the
administered supplements may have a suppressiwt effdree T4 levels, although this effect
does not appear to be reflected in free T3 levels.
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Figure 1. Effects of boron (B) and vitamin D (Vit D) supplementation on thyroid hormone
levels in rats. (a) Free triiodothyronine (fT3) levels. (b) Free thyroxine (fT4) levels. Data are
presented as mean £ SEM (n = 7 per group). Different letters (a, b indicadé@catty
significant differences among groups as determined bywaye ANOVA followed by
Duncan-ateg @ s 0.05).

The results regarding total thyroid hormone levels in the study are presented in Figure 2. When
total triiodothyronine (TT3) levs were evaluated, a statistically significant difference was
determined among the groups (p<0.05). The Vit D group showed significantly higher TT3
levels compared to the Control group. While TT3 levels showed an increasing trend in the B
and B+Vit D grous compared to the Control group, this increase was not statistically
significant (p>0.05). When total thyroxine (TT4) levels were examined, no statistically
significant difference was found among the groups (p>0.05). It was observed that TT4 levels
showeda similar distribution in all groups, and the administered boron and/or vitamin D
supplements did not have a significant effect on total thyroxine levels.
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Figure 2. Effects of boron (B) and vitamin D (Vit D) supplementation on total thyroid hormone
levels in rats. (a) Total triiodothyronine (TT3) levels. (b) Total thyroxine (TT4) levels. Data are
expressed as mean + SEM (n = 7 per group). Different letters (a, b) indicate statistically
significant differences among groups as determined bywaye ANOVA followed by
Duncan-ateg @ s 0.05).

The findings regarding serum thyrestimulating hormone (TSH) and insulin levels are shown

in Figure 3. Statistical analysis revealed a significant difference in TSH levels among the groups
(p < 0.05). The Condl group showed higher TSH levels, particularly compared to the Vit D
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and B+Vit D groups. In the B group, TSH levels showed a tendency to decrease compared to
the Control group, but this decrease was not statistically significant in all comparisons (p >
0.05). In the Vit. D and B+Vit D groups, TSH levels were lower compared to the Control group
(p < 0.05). Overall, vitamin D, whether administered alone or in combination with boron, had
a decreasing effect on serum TSH levels.

a) 2.0 b)1_5_
1.5+ =
TEI 5 1.0
> E
£1.04 c
I 5
2 20.5-

0.5 =

0.0- 0.0-

Control B Vit D B+Vit D Control B Vit D B+Vit D

Figure 3. Effects of boron (B) and vitamin D (Vit D) supplementation on serum thyroid
stimulating hormone (TSH) and insulin levels in rats. Data are presented as mean £ SEM (n =

7 per group). Different letters (a, b) indicate statistically significant differemoes@ groups

as determinedbyorgeay ANOVA f ol | owe-doctesg(p DUOB)c ands post

4. DI SCUSSI ON

In healthy rats, supplementation with boron, vitamin D, and boron + vitamin D for 4 weeks
showed that vit D alone and B+vit D supplementation decreased blood TSH levels. This result
may suggest that considering that TSH is a supportive factor for thédtigyeiad, the reduced

effect of vitamin D and the vitamin B+D supplementation on serum TSH concentration in this
study could have a protective effect on thyroid volume. Vitamin D alone supplementation
increased T3 levels. The treatments were found to @serserum fT4 levels. These results
were consistent with reports that vitamin D supplementation significantly reduced TSH levels
in hypothyroid patients, but had no significant effect on T4 or T3 concentrations (Talaei et al,
2018). These data suggest ttiedre may be a significant relationship between blood levels of
vitamin D and thyroid hormones. Indeed, a significant positive correlation has been reported
between serum vitamin D levels and thyroid hormones, and a significant negative correlation
with TSH levels (Mackawy et al, 2013). This may be because both vitamin D and thyroid
hormone bind to similar receptors called steroid hormone receptors. Indeed, vitamin D has been
shown to modulate pituitary TSH secretion by binding to specific binding saeg{&l, 1980).

Smith et al (1989) found that vitamin D administration significantly suppressed basal TSH
secretion.

In euthyroid adults, a relationship has been shown between vitamin D levels and sensitivity to
thyroid hormones (Zhou et al, 2023). Durintbe transition from euthyroid to overt
hypothyroidism, previously normal TSH levels may increase while free thyroid hormone (FT3
and FT4) levels may decrease (Mikulska et al, 2022). Therefore, it is suggested that the ratio of
free T3 (fT3) to free T4 (fF) is a potential indicator of disease severity in thyroid diseases
(Pakosinski et al, 2025). In this study, while no effect was observed on fT3 levels, all treatments
decreased fT4 levels. This result may suggest to increased effectiveness of bordanaind vi

D supplementation through changes in periphe
thyroid hormones. These data suggest that boron and vitamin D supplementation may be
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beneficial in increasing the fT3/fT4 ratio, which is used as a peripheyedid hormone
sensitivity index in thyroid diseases (Zhou et al, 2023). Indeed, a decrease in the fT3/fT4 ratio
has been reported to indicate decreased peripheral sensitivity to thyroid hormones (Zhou et al,
2023).

Boron supplementation not only improvel®od and tissue vitamin D levels (Eryavuz et al,
2026) but can also help prevent vitamin D deficiency and contribute to the preparation of an
effective balanced diet, particularly for improving the quality of life of patients with thyroid
disorders. Thistudy found that boron supplementation did not affect serum TSH levels. This
result differed from a report that serum TSH levels decreased in healthy women given-a boron
rich diet (more than 10 mg boron per day) for one month (Kuru et al, 2019) but nestent

with a report that oral administration of 10 mg/kg boron to rats did not affect serum TSH levels
(Kan and Kucukkurt, 2022). A significant 25% decrease in TSH levels was observed at the end
of one month with a borerich diet. Kan and Kucukkurt (22) found that in rats given 10
mg/kg boron, serum fT3 levels increased, fT4 levels showed no significant change, and the
fT3/fT4 ratio increased. However, in the same study (Kan and Kucukkurt, 2022), it was
observed that supplying the same level of baocexperimentally hypothyroid rats did not lead

to a significant change in serum fT3 and fT4 levels. In this study, we found that boron
supplementation did not affect serum fT3 levels but decreased fT4 levels and increased the
fT3/fT4 ratio. These data spprt previous reports suggesting that boron supplementation may
have an effect on thyroid hormone levels (Nielsen and Penland, 1999, Armstrong et al., 2001,
|l brahim et al., 2019). In a recent standy ( Pa
difference was found in serum T3, T4, and TSH levels in patients with Hashimoto's thyroiditis,
caused by the attack of thyroid gland cells by immune system cells, compared to healthy
controls. However, serumiBlevels were observed to be significantiigher in Hashimoto's
thyroiditis patients compared to healthy con
are needed to fully elucidate the effects of boron supplementation on thyroid hormones in
thyroid disorders. It is important for patisnwith thyroid disorders to consume sufficient
amounts of vitamins and minerals that play a significant role in the treatment process, support
pharmacological treatment, and affect thyroid function (Mikulska et al, 2022). The data from
this study suggeshat boron may also be an important micronutrient for thyroid patients.

The study observed that supplementing boron with vitamin D did not have an additional effect
on thyroid hormones compared to supplementing them separately. However, further
investigaton is needed to determine the effects of supplementing boron with vitamin D on
thyroid hormones in patients with thyroid disorders leading to vitamin D deficiency. Previous
studies (Kuru et al., 2019) observed a decrease in serum insulin levels in wonaehidg

boron diet. Considering the report that boron supplementation increased hyperglycemia in
experimentally diabetic rats (Alacabey et al., 2023), it can be assumed that boron
supplementation lowering insulin blood levels in this study played aisigmifrole in causing
hyperglycemia in diabetic rats. In the present study, it was observed that together supplementing
boron with vitamin D reversed the decrease in serum insulin levels caused by boron. This result
suggests that supplementation of boronthwitamin D may be effective in preventing
hyperglycemia observed in experimentally diabetic rats (Alacabey et al., 2023).

5. CONCLUSI ON

According to our research, this study is the first to evaluate the positive effects of combined
supplementation of bomand vitamin D on thyroid function in healthy rats. However, it

remains unclear whether combined supplementation of boron and vitamin D in patients with
thyroid disorders will provide concrete clinical benefits, such as improvement in blood thyroid
hormores or longterm thyroid function. Therefore, new studies are needed to determine the
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effects of combined use of boron and vitamin D on the thyroid gland and hormones in patients
with thyroid disorders.
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Abstract:

Cationic liposomes are crucial nanocarriers for targeted drug and nucleic acid delivery. Sterol
components play a critical role in determining membrane stability, permeability, and payload
release. While cholesterol is the gold standard, phytosterolasistiymasterol possess unique
structural featurés including an extra double bond and a bulky ethyl side éh#mat can
uniguely modulate membrane biophysics. This preliminary study aims to investigate the self
assembly formation kinetics and structuralndsnics of DOTAP/DOPHbased cationic
liposomes across a systematic cholestirsitigmasterol concentration gradient usimgilico
modeling. Coars&rained Molecular Dynamics (G8D) simulations were conducted using

the GROMACS software with the Martird.2 force field. Five distinct formulations were
constructed, maintaining fixed molar ratios of the cationic lipid DOTAP (50%), the fusogenic
helper lipid DOPE (38.5%), and the steric stabilizer DS (1.5%). The remaining 10%

total sterol fraction wasystematically titrated from pure cholesterol to pure stigmasterol (10:0,
7.5:2.5, 5:5, 2.5:7.5, and 0:10). For each system, 400 lipids were randomly dispersed in a
15x15x15 nm solvated cubic box, and production runs were executed for 500 ns to observe
spmtaneous vesicle formation. Trajectory analyses visually and mathematically revealed that
all mixedlipid formulations successfully seétssembled into stable, closed spherical liposomes
within the 200240 ns timeframe. Subsequent biophysical charactemzatincluding Radius

of Gyration Rg), Solvent Accessible Surface Area (SASA), and mass density profiles,
validated the structural integrity of the vesicles. Furthermore, Mean Square Displacement
(MSD) calculations and bilayer thickness measurementgdteti that higher stigmasterol
concentrations significantly increased lateral diffusion and altered lipid packindgufimg the

overall membrane fluidity. In conclusion, this computational modeling confirms that
stigmasterol titration serves as an efifex thermodynamic tool to modulate the biophysical
properties of cationic liposomes, providing a robust rational design framework for optimizing
advanced nanocarriers prior to in vitro payload encapsulation.
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Abstract

Objective: Missing data in clinical databases lead to bias in predictive models and a subsequent
loss of diagnostic power. This benchmarking study aims to compare the capacities of simple
and multivariate imputation techniques to preserve diagnostic accuracy beddrssing at
Random (MAR) mechanism.

Methods: A synthetic clinical cohort (n=1000) reflecting biological correlations between age,
BMI, and HbAlc was generated. MAR deficiency, conditioned on BMI levels, was injected
into the HbAlc variable. Mean Imputaiti, kNearest Neighbors {KIN, k=5), and Multivariate
Imputation by Chained Equations (MI&&andom Forest) were evaluated. Performance was
measured using RMSE and the AARDC values of a logistic regression model (HbAlc >5.7).

A stress test was conductadross increasing missingness rates from 10% to 70% to assess
robustness.

Results: At a 30% missingness rate;NWN outperformed both MICE (RMSE: 0.4067, AUC:
0.9053) and Mean Imputation (AUC: 0.8944) by achieving the lowest error (RMSE: 0.3828)
and the higest diagnostic accuracy (AUC: 0.9130). A critical breakdown threshold was
identified at 40% in the stress test. Beyond a 50% missingness rate, the MICE algorithm
experienced a dramatic collapse in performance, falling even below the Mean Imputation
method

Conclusion: k-NN provides the most stable imputation strategy up to a 40% MAR threshold
by preserving local phenotypic similarities in clinical data. While iterative models like MICE
carry the risk of "learning from noise" under high data sparsity, Megnutation induces
significant attenuation bias in clinical diagnostic models.
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Keywords: Missing Data, Imputation, MICE, -kKIN, Clinical Informatics, Biostatistics,
Predictive Modeling.
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performance of the ahgor amhimd o nutahn zgolcame
Standard reference, a synthet ¢ cohort of N:
cl n cal and demograph ¢ character st c¢s of
Survey (NHANES) data structure.

The b olog cal correlat ons between the p
Gl ycated Hemoglob n (HbAlc) parameters were
d str but ons and | near equat ons, mdthkee n
med cal |l terature:

Age D stPRPatbuentonages were drawn from a no
55 and a standard dev at on of 12.

Age~N(%5, 12

B MI D stiMobutefdrect the var at ons n bas
ag ng, the BMI val uelewasndcons tfruincctte donas an a
BMI = 22 + 0.1 *Age + N(5, 4
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HbAlc (Target Variable): HbAlc, an indicator of glucose metabolism, was
formulated to mairatin a strong positive correlation with both age and obesity (BMI). To
represent clinical measurement noise, an error tepsi(on) was integrated into the model:

HbAlc = 3.5 + 0. 00* BMI + 0.01* Age +

In this context, the clinical noise was definedBas~ N (90., 0. 4

2.2. S mulat on of the M ss ng At Random

I n th s study, the M ss ng At Random ( MA
frequently encountered m ss ng data scenar

MARRssumpt on, the probab | ty of an observat
t can be expla ned by other fully observed

Il n our cl n cal scenar o, t was hypot he:c
exh b t | ower compl ance w th | aboratory tes!
collect on. Accord ngly, the probab | ty of

was calcul ated to be d remdixoynmad ozerdt Bd alv atl
P(M 9s =fgmBMi(BMI )) Ffm(m@BEMIBIMI]) *Target Raf

ut | z ng th s probab | ty funct on, stru
was njected nt 80 thhltoe d ditea Pats edt nae raatad ysf s.

2.13mputat on Al gor t hms

To est mate the m ss ng HbAlc values and ¢

approaches, rang ng from s mple to compl ex,
Mean | mputat on (EBaacshel m nses Megt htbbdALc v al ue wa
a thmet ¢ mean of the observed HbAlc value:
research, th s method art f ¢ ally conRrstr ct
bound (basel ne) reference n our study.

k-Near est N eNN)h blom s wlrfek s s an algor thm c¢c ap

m ss ng observat ons us ng nf ormat on from
Eucl dean d stance was ut | zed as the d ste
was setht®o hwetShod mputes the m ss ng cell w
pat ents exh b t ng the most s m | ar age and
Mult wvar ate | mputat on bAn Chaernaetd VvEq usata to nss
|l everages mult ple cond t onal d str but ons
noin near relat onsh ps nNher elmasedn Randiont ako

Regressor was employed as t he croevee netsto vneartfo r
the number of trees was conf gured to 10 (n_
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the cha né&wh eghuadopemate on the @dtrhencmax emum
number of terat ons was capped at 20 ( max _

2. 4.edP ct ve Model ng and Evaluat on Metr

The success of the m ss ng dat a mputat o
b ostat st <cal d mens ons:

| mputat onTWecdeacwnt on between the actual
values ass gned by the algor thms was measur
metr ¢c. The error was <calculated exclus vely

Cl n cell MMordf or mance (Doa@msae®etssc tWeel dmptayc)t:
met hods on ult mate d agnost ¢ dec s ons,

"Pred abetes/ D abetes"” (Pos t ve Class = 1)
cr ttehrerae,by formul at ng a b nary <c¢class f ~cat
Log st ¢ Regress on models (max_ ter=1000) w

model s was quant f ed v a the ArearVed-¢é¢AUChe
ROC) metr c.

2. 5. Met hodol og <cal Stress Test (Sens t v

To determ ne the robustness and breakdowr
spars ty, a comprehens ve stress test was de
1% m ss ngness rate was ncrementally ncr ea
70 %, respect vely). At each NKRKOEmeet f or mand
of tNINe kKMI CE, and Mean | mputat on methods wer

3. Resul ts

3. 1. Basel ne Character st ¢s and S mul at

I n the s mul ated synthet ¢ cl n cal cohor
and mean BMI were calculated as 55.0 (SD = 1
t hgegol d standard dataset (complete data), the
0.5) . Upon apply ng the M ss ng At Random (1
obese nd v duals w th a BMI gr eatbesrertvhaatn 03n0s
n the basel ne scenar o were masked to cons

3. 2. |l mputat on Accuracy (RMSE Evalwuat on

At the 30% m ss ngness rate w th n the da
observed when t he hd sscyrnetphaentc ce sv abl eutewse e nmptut e
by the algor thms and the actual | aboratory
Root Mean Square Error (RMSE) metr c.
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The analys s revealbhasddiNhlail gtolme tthéimeghkmwe Bd
error w th an RMSE of 0.3828, thereby ach ev
truth. The MICE (Random Forest) method, wh c
second w th an RMSE of O0.M6&d.| mputanhtoasmet |
the h ghest error w th an RMSE of 0.4312, de
mputat on accuracy (F gure 1).

Mean (RMSE: 0.431) k-NN (RMSE: 0.383) MICE (RMSE: 0.407)
| / | . g . i.l-“’l;/:l . | 1,//
= 5.5 , 5.5 4 % !-_;-‘;?"’.":: y A W 55 ,’/
uzfg 0 ‘mblﬂ[ﬂ?ﬂ{l’lm.'m(ﬂ\ll‘i E . .'jg:’f{ :‘:i; ows" % ,,’ S

4.5 5.0 Re;j 6.0 6.5 4.5 5.0 RE;.S 6.0 6.5 4.5 5.0 Re;.S 6.0 6.5

F guBealter plots |l l ustrat ng the accur a
k-NN, MInN@E) compared to the actual HbAlc val
m ss ngness rate. The red dashed -NN nde srpelpayess
the most compact cluster ng around th3) . deal

3. 3. agnost ¢ Val d ty &®OL)Pred ct ve P

The results of the b nary <cl ass cat on
Regress on model s, constructed to evaluate t
cl nccal ohesupport systems, are summar zed

Tabl €l dss f cat on-ROLCHT orfmamge sst( AURegr es
30% MAR M ss ngness Rate

Dataset ( |l mput at Mo d el Per

Met hod (AUC)
Compl € Gol d St an 0.9991
Dat a M ss ng)
| mputed I k-N N | mpu 0.9130
(k=5)
| mputed [ MI CE (R 0.9053
Forest)
| mputed [ Mean | mput 0.89414
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At a 30% m s-NNngaoksesvedtegadabtghesttent ol
of 0.9130 (®O5BL), HD.BM2f cantly outperform i
95% C1i0.0®.1871 The per f arNmamodeR¥ aOpa rbrea weede na tk
m SS ngness rates butt hhee caprer snotrye ex coeneodiend etd
threshol d.

Wh | e t he mod el tra ned on t hepegdledt st
d scr m nat ve power (0.9991), a natur al dec
mputat on of mesessg dat a heNewenptar allNve an.
emerged as the most effect ve approach for |
ab I ty, y el d ng an AUC score of 0.9130.
comprom seld ttyheofr et heabcl n cal model, reduc

3.4. Sens t v ty Analys s and Breakdown T

The "Stress Test" analys s, where n the n
from 10% to 70%Wobosttiveadsiade the al gor t hms
revealed the stat st cal breakdown threshol d

k-NN Robu#&tness: the ent re m79%) ndNdas gopedt hmn
cons stently generated h gphrov AN Scobest héa
met hod.

The 40% TMWhedloltch.e performance | oss across
I near trajectory between m sSsS ngness rates
m ss ng data r at en oesxtc ece dpeodw ed4r0O %,f tahlel dmoadge | s
col |l aplsendarondegradat on).

The MICE Paeradbxthe most str k ng f nd ngs el
al gor thm at h gh m ss ngness ratésthé&vhb %t
threshold, the AUC perfoboamedcd®d €E meé hmaclhk ufh
decl ne, fal/l ng even below that of the s mp
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Impact of Missing Data Rates on Model Performance (MAR Scenario)

L0000 e e e e e e e e e e e e e e e

0.975 4

o o o
[ie] W [te]
=] ] )
=] w =)

Model Performance (AUC)
g
-]
v

0.850 A
—8— Mean Imputation

k-NN Imputation
0.825 { —*— MICE (Random Forest)
——- Gold Sstandard (Ideal)

T T T T T T T
10% 20% 30% 40% 50% 60% 70%
Missing Data Rate (%)

F guCempar son of mput at on meathesis( h@¥%okas
under a M ss ng At Ramkom (rMAR)essmdrsarn he. ATI
(AUC) for pred ct ng the cl n cal out come. R
perfor mance w th -NN% | mpaud antggepens sijeammroakst r at e s
robustness and ma nta ns h gher d agnost ¢

| mputat on (blue), part cularly between the

4 . D scuss on

Th s s -breuslead meanchmadé&mogstsnt aitdeyd htatse dr am
m ss ng data management on d agnost ¢ model
mechan sm. The most str k -NNg afl gnodr ntgh no,f whh ec |
| ocal ne ghborduwtoge rrfed ramhe d ndihhp seRggbdomalFoae
terat ve machl®arme olssatmeng@gnmodel m ss ngness

Al t hough numerous stud es n the | terat:
| mputat on methods, ntltd o tcwdt bormcrmayn & tfrfyer
k-NN can be expla ned by tH6é) Pahamentersatsuwrcd

B MI crelatreeairoon | oc al subgroups on b owheoor ker s
are most s m |l ar to each other-NNnsukbeefshtul
preserved th s | ocal b ol og cal S gnature an

One of the most s gn f cant <condtrurbast so ntst
"MI CE Paradox" observed beyond the 40% m ss
exceeded 50 %, the performance of the MICE a
even below that of the s mple un var ate Mea
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Th s phenomenon s d rectly related to |
probl ems n mach8nbdll CeEauh hgzebeohw ned equa
d str but ons among var ables. When more the
the Ramdesom FEest mator cannot access suff c¢c e
Consequently, the algor thm beg ns to model
(halluc nat ng), therebycovarvarece bftyrt iectswat

Our f nd ngs have quant tat vely proven h

met hod, wh <ch s st Il w dely wused n med ca
dec s on support systems. ,EvMeamtl mp uwteate olm ¢
constr cted the var ance of the dataset and
power (up to a 10% decrease n AUC) .

Il n cl n cal pract cé¢9)tWhesn drheatme s satntge rHb
h g9hsk nd v duals (obese and el derly) are
underest mates the true r sk of these nd v

errors bgdcabsetng or d abet ¢ pat ents to be
rate) .

The stress test (F gure 2) brought to | g
for the cl n cal rel ab | ty oferdlolr mamget dto.
were tolerablgerantdm omtdrfferences were pron
m SS ngness, al |l mbdaekar edpgradatedna( hogar
fundament al rul e of thumbochenr svadndf rdam at Is cs e
f the m ss ngness rate n a var able exce
mputat on methods w Il not suff ce to salva

from d agnost cnewddhsaoemepbpgeschsng more re

The supeftNNorobtsyeraowfedk n th s study al so de
current b o nformat c¢s | terature. Spec f c
(2025), a BiNomtputtraapwmerd met hod was ut | zed fo
n Al zhe-BH®)' snouAl model s, and th s method w
n complet ng sparse phNMboatsyepd ca pdpartoaa.c hB yw hoepnt
h ghmeaosal genet ¢ data (SNP) w th phenotyyg
correlat on coef-f0.®&9¢gnt sn (pPrCA @t5&9F cogn t

corroborate that, much | keNNDRnaltder stthund ye xbhy
perfmance that s compet t ve w th, and even
compl ex terat ve met hods n preserv ng phe
(BMI, Agdq,10HbDAls)supports -hdoeecotmmput dthaadn dm
be cons dered a "gol d standard" approach,

b olog cal/ genet ¢ correlat ons are dom nant

The robust per f oiNma nuwre cetxund yo dle dgnbsy tkheor
"Mult wvar ateNd ngphutcart MenmarmyarnmMNd Cha ned Equat
Pansar et al . Pansar et al . pos t that n

90



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

|l everag ng thestspag aff tcheardatar and opt m z
through mach ne |l earn ng models m n m zes th
h gher stNa\Nb clonipyarcefd k o MI CE n our f nd ngs
rel atpsomaeNhnghbors) w th n the feature space &

than str ctly parametr ¢ model s n br dg ng
Part cularly n contexts where cl|l smchalasparmha
Ag-BMHHbAlc tr ad)bhasned ghmputhaotodon corresponds
accuracy demonstrated by Pansar(1l.2t al . for

Recent f nd ngs n the | terature ncreas
MI CE approach when appl ed to cl n cal dat as

FuzzyoK Match ng Value (FXNIM)k ememitoed 4 b agnad
reported that th s approach s gn f cantly o
datasets such as I mmunotherapy and Cryothera
when coupled w th robustkNNbas® df |ergs cl ykel H:
RMSE and h gher <c¢lass f cat on accuracy (82.
the sucdMssverf MICE at m ss ngness rates of

assert on by Al madt oanls. :derntveldl fgem sesn | ar

n preserv ng cl n cal dat a ntegr ty and mo
Ml CE1.2)

Strengths and L m tat ons

The pr mary strength of our study | es
performance not mer el y rt hcrso ugrhMShEa)t, h ebnuatt rcaatlh €
val d {RYCjAWDat reflects the ¢l n cal cont e
(Stress Test).

Nevertheless, our study S subject to cer
exclus veRymeohahesMA The behav or of the al
(M ss ng Not At Random) mechan sms, where th
test result tself (e.g., pat ents w th exce

to anx ety).

Secondly, the analyses were executed base
AgBMHHbAlc tr ad). The theoret cal advantages
pronounced whed mempd erdalt odpdarsaglttlyp calorddtex it

Il n al gnment w th prev ous | teratur e, t
these algor t hms -Wos |dg Dmulat acnednt emr hRyebarl d s c
m SS ngness mechan sms coex st.

5. Concl us on
I n ¢l arch] mese ng data management S no
rat her, t s a c¢r t <cal met hodol og cal dec
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pat ent safety of the d agnost ¢ or progno
guant tat vely demonstrated that w th n cl r
convent onal Mean | mputat on method constr
(AUC) to stat st cally hazardous | emetds, and

When compar ng-bmaschd nanplugaartn dhfhg al goor t hms
wh c¢ch preserves | ocal p h ednoouttyppe rcf osr rme dl atrh et ce
terat ve MICE (Random Forest) modeln cearerg
b omarker correlat ons.

In | ght of these f nd ngs, our fundamen
researchers and b ostat st ¢ ans s as follo
cl n cal dat aset dbabeldomus ® %y ane aNgNe bcoaenh thoed s
safely employed to ma nta n d agnost c nt e
threshol d, even the most advanced terat ve
generat nbpalstimae mdt cans. G ven th s | evel 0
abandon algor thm ¢ data recovery efforts ai
var able from the model or prospect vely col
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SURVIVAL ANALYSIS IN THE SHADOW OF OVERFITTING: DISCRIMINATION
PERFORMANCES OF COX REGRESSION AND RANDOM SURVIVAL FORESTS
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002l &% 5 8
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ABSTRACT

Objective: The superiority of machine learning algorithms over tabular clinical data in cancer
survival analysis remains a subject of ongoing debate. This study aims to compare the
traditional Cox Proportional Hazards model with the machine leatmasgd Random Suval

Forests (RSF) method in predicting the survival times of breast cancer patients using clinical
characteristics, while also investigating the overfitting tendencies eba®sd algorithms.

Material and Methods: An openaccess breast cancer dataskirived from the SEER
database, was retrospectively analyzed. Demographic data, tumor stage, and receptor status
(n=4024) were examined. The dataset was partitioned into 70% training and 30% testing sets.
Cox Regression and RSF models were developedhairdliscrimination power was evaluated

on the test data using the Concordance Inderd€x). Hyperparameter optimization (pruning)

was applied to the RSF model to mitigate overfitting.

Results: The RSF model developed with default parameters exhibiteditting, with a G

index of 0.817 on the training data compared to 0.703 on the test data. Following
hyperparameter optimization, the RSF model's test performance improved to 0.707, while its
training performance decreased to 0.780, thereby enhancirg geseeralizability. In contrast,

the traditional Cox Regression model demonstrated more stable predictive power, achieving the
highest performance on the test datar(@ex: 0.715). In both models, tumor size, the number

of positive regional lymph nodesnd age were identified as the most critical prognostic factors.

Conclusion: In low-dimensional structured clinical data, machine learning algorithms do not
provide a significant advantage over traditional statistical methods. Due to its higher test
perfomance and the clinical interpretability it offers (Hazard Ratios), the Cox model remains
the gold standard for such datasets.

Keywords: survival analysis,cox proportional hazards model, random survival
forests,overfitting
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1. INTRODUCTION

Breast cancer renres the most prevalent malignancy among women worldwide and stands as
one of the leading causes of canedated mortality. Determining the prognosis of the disease
and establishing effective treatment planning depend on the accurate analysis efjpatiénot

demographic and clinicopathological variablesl ) Sur v v al anal ys s S
b ostat st <cal met hod used n med cal resear
of an event of ntrerregrs2t}e such as death or re

Fodecades, the Cox Proport onal Hazards n
met hod n cl n cal pract ce for determ n ng
mod el of fers cl n ¢ ans a h gh | even tole tr

ndependent effects of var ables v a Hazard
n captur ng-lcommlrex edrad mwnfEh) ps among var a

Il n recent ylenatresl,| Agretncfe camd Mach ne Learn
ga ned s gn f cant tract on n med cal resea
have emerged as a robust alternat ve n suryv
mo d e |-l nmoena r nteract ons between var abl es.

ML n-d hmghs dsathdasa magdsnhur parsses dJgrhael sCo x
structured (tabular) data conta n nlgatce ass cC
current(#4)terature

Th s study a ms to compare the perfor manct
al gor t hms us ng a structured oncology dat.
"overf ttfnguenobbyeencountered n ML model s
hyperparameter opt m zat on on the general z

2. MATERIALS AND METHODS
2.1. Dataset

This study utilized an opeaccess breast cancer survival dataset based enSHER
(Surveillance, Epidemiology, and End Results) program. The dataset comprises records of 4024
patients evaluated according to the 6th edition staging system. It includes variables such as age,
race, marital status, tumor size, T and N stages, est(&f®) and progesterone (PR) receptor
status, the number of examined and positive regional lymph nodes, along with survival duration
(months) and mortality status. Since the data were obtained from an anonymizedogsen
source, ethical committee appabwas not required.

2.2. Data Preprocessing

Categorical variables (e.g.;Stage, Grade, Receptor Status) were transformed using the One
Hot Encoding method prior to model inclusion. The dependent variable (target) was formatted
into astructured array containing time and event status (survival months, event), as necessitated

95



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

by machine learninggased survival analysis. To objectively evaluate the model's performance
on unseen data, the dataset was randomly partitioned into a 70%gtrshi(n=2816) and a
30% test set (n=1208).

2.3. Implemented Models

T Cox Proportional Hazards Model: A multivariate Cox regression model was
constructed using low e v e | Ri dge regul arizati on ( U=
multicollinearity issues.

T Random Suwival Forests (RSF):As an ensemble trdgased learning method, RSF
was employed to predict survival times via hazard functions. Initially, the model was
trained using default parameters; subsequently, hyperparameter optimization (tuning)
was performed tprevent overfitting. Within the scope of optimization, constraints were
applied to the maximum tree depth (max_depth=6), the minimum number of samples
for a split (min_samples_split=40), and the minimum number of patients in a leaf node

(min_samples_leaf-D.

2.4. Model Evaluation

The discrimination power of the models was calculated separately for the training and test sets
using Harrell 60s -iGdex) meiricd ahe ermutatiord Feature(Ir@portance
algorithm was utilized to determine the sigeaihce levels of factors within the RSF model's
predictions. All analyses were conducted in the Python (v3.11) programming language using
thescikitsurvivalandscikit-learn libraries.

3. RESULTS
The model performance metrics obtained as a resthiedtudy are summarized in Table 1.

Table 1.Performance Comparison of Traditional Cox Regression and Machine Learning (RSF)
Models in Training and Test Sets

Mo d el | mpl ermr Tr a Tes Tra 1
Type dAl gor th g Scor(e€ Scor(e€ gTest Gay
ndex) ndex)(Overf
Tr ad Cox 0.75 0. 7 0. 03"
abBtat st Proport o 5
Hazar dMod
(Cox PH)
Ma c h RSF 0.81 0.7 0.11!
Learn ng (Defaul't 3

Parameét er
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Ma c h RSF 0.78 0.7 0.07:
Learn ng (Opt /Mune 8
* *

Traditional Model Performance: The Cox Proportional Hazards model achievediadex

of 0.752 on the training data and 0.715 on the unseen test data. The minimal discrepancy
between the training and test scores indicates that the model avoided data memorization and
possessehigh generalizability.

RSF and Overfitting: The initial RSF model, developed with default parameters, attained a
high predictive success on the training setr(@x: 0.817); however, its performance dropped
significantly to 0.703 on the test set. Thibstantial decline is a clear indication of overfitting,
where the model memorizes noise within the training data rather than learning generalizable
patterns.

Optimized RSF: Following hyperparameter optimization, the overfitting gap in the tuned RSF
model was narrowed. While the training score adjusted to 0.780, the tes® sgbieh
represents the model's true predictive p@nmecreased to 0.707.

Univariate Survival Analysis (Kaplan-Meier): The univariate survival probabilities of
patients based on specific clinical characteristics were evaluated usingKép&mranalysis.
Upon examining the survival curve plotted according to Estrogen Receptor (ERP status
significant prognostic factonithe study cohodt it was observed that patients with fpRsitive
status exhibited significantly higher overall survival probabilities and median survival times
compared to ERiegative patients (Figure 1). This finding confirms the clinical validity of the
dataset and its alignment with established oncological expectations.

Kaplan-Meier Survival Curve by Estrogen Receptor Status

1.0 A

0.9 1

0.8 4

Survival Probability

0.6 1
— Estrogen Receptor: Positive
Estrogen Receptor: Negative

[IJ ZIO 4I0 6‘0 éﬂ 1(I)O
Time (Months)
Figure 1. KaplanMeier survival curves of patients according to Estrogen Receptor (ER) status.
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Clinical Explainability and Feature Importance in Machine Learning

To elucidate the prediion mechanism of the machine learning model (explainability) and
identify the most critical clinical factors, a Permutation Feature Importance analysis was
conducted using the optimized RSF model. The analysis revealed that the top three prognostic
factars contributing most significantly to the model's discriminative powean@@x) were: the
number of positive regional lymph nodes, patient age, and the number of regional lymph nodes
examined, respectively (Figure 2). These major variables, which ekhlibélignment with

clinical oncology practice, were followed by tumor size (mm) and tumor differentiation grade.

The fact that the RSF model prioritizes the number of positive dodgsesenting direct
metastatic burdénhand patient age as continuous Vialés at the top of its decisianaking
hierarchy, rather than standard categorical staging parameters (T and N Stage), confirms that
the algorithm exhibits a transparent predictive profile highly consistent with biological
expectations.

Random Survival Forests - Top 10 Prognostic Factors

Positive Regional Nodes

Progesterone Receptor (+)

Age

6th Stage=IIIC

N Stage (N3)
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T T T T : T T
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Permutation Importance Score {Decrease in C-index)

Figure 2. Permutéion importance scores of the top 10 prognostic factors affecting overall
survival according to the Random Survival Forests (RSF) model.

b
0.0000

4. DISCUSSION

The intense interest in the field of medical artificial intelligence often brings with it the
misconceptn that more complex models will inherently yield superior results. This study
demonstrates that in survival analyses based on structured clinical data, machine learning
algorithms struggle to surp@snd in some cases, fall behingvell-constructed traditinal
biostatistical models.

The most noteworthy finding of our study is that despite rigorous optimization procedures, the

maximum performance achieved by the RSF model on the test detde(C 0.707) remained
inferior to that of thenultivariate traditional Cox regression-{(@ex: 0.715). Comprehensive
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literature reviews, such as those conducted by Christodoulou et al. (2019), further emphasize
that machine learning fails to provide a clinically significant advantage over logptéssson

or Cox models when dealing with structured, {0imensional clinicaldata 5) The f act t
the effects of cl n copatholog cal wvar abl es
add t ve and | near characwky thecGoxemadadal n
robustly w th n t(l)s spec f ¢ arch tecture

Further more, our study h ghl ghts t-he sub
based al gor t hms n cl n cal dat a. Il n the ab
h gh per f-ordmanc>es ®Btlg mwead; however, th s res
appl ed to the test data. Report dmrg fsequesngs
met hodol og cal flaw n medndalr mmael nedel aearl
cl n coanl sduepcp osrt syst ems.

Dec s -loansdad eael gor thms are nherently pror
dat a. Recent stud es n the | terature (e.d
constra n ng tree compl exndtyl e(@av.ees.),-dtrthhveeunig th m
approach s c¢cr t cal for ach ev ng the opt m
hyperparameter opt m zat on appl ed to the R
requ rement aner alnhzaabc els ttyheofgetnf & ) model on |

Current stud es n the | teratureComd cat
and RSF models may vary depend ng on the ¢
subgroup. For nstance, a recent mult center
more complex subgroup, suc-he sapsoinms e ym esotaadntuv b
chemotherapy (NAC), the RSBAdmrdeD. 80B)educpas
Cox regr-emsadgexxn [.CAH3es) .stlammtNAAC of | es, -t he pr

covar ate ntlermecar ol so laongd Icoaglsb ateredtea a |l g ms @ h
prov de a d st nct adya&8ntage n such spec f

However, as observed n ohasesd udiycolwog hc a
cohédwhsch are not f I tered by speaac df ao attroenatc
and patholdgheal mpaat md var ables on suryv
conf rms that for gener al popul at on scree
trad t onal Cox model rema nts rae freorbeunscte, peox |
f nd ngs suggest that Al models should not b
but rather should be ut | zed "select vely"

dat aset .

The rol es otf str acddalt modd!| sstvaer sus mach ne

surv val analys s are currently a subject of
not always y eld the best performance n str
w tkBcent methodol og cal stud es. A study by
d scr m nat- neegapabeny cob@par ng Cox regres
m slead ng, as the strengths and eweakue s ofd

99



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

data. Accord ng to Graf et al., wh |l e the Co
assumpt on S v ol ated, t he RSF model exce
nteract ons among var abl esanHowedett, vehef|
standard oncol og cal var ables wused n our

expla n why trad t- mdaX: Ch.X7 IrSe)grewstsp emf o(rOne
mode-d n@d€x: 0.70809pn the test dat a

The fact that trad t onal Cox regress on
model (0.715 wvs. 0. 708) showgud ssrongopant
surv val analys s. For example, a comprehens
al. (2011) found that n a structured datase
(€ndex: ~0.717) par ftdirame d hsl nRdSéx infotd@e)d 7 1( 20

The common ntersect on of these stud es,
decades, s that the var awlcenemrsowndhadd cdy nma
datmneta surpass the stab |I ty of trad t onal
et al ., t he most s gn f <cant I m tat on of
contemporary cl n cal pract ce, bpnaeanelr @d yc aoln
pred ct ve scores, but on the causal ty beh
prov ded by the Cox model offer phys ¢ ans a
ma nta n ng a major anplrexcalrchdv ®arcttaige @V e RS

F nally, the concept of expla nab | ty
Al 't hough RSF prov des Var able I mportance r a
Cox model prov de c¢cl| amdc aaxrns owmatbh ef amfmomatd

5. CONCLUSI ON

I n structured oncolog cal data cons st nq
compl ex mach ne | earn ng met hods ( RSF) do
compared to the clHazsarasl mdadx [Pr oifher t ndhrealent
and the |l ack of transmmakemgy promceeke Mmedel'l s
box problem) rema n s gn f cant d sadvantage
Trad t oerpglre<L®xon, w th ts h gh pred ct ve
nterpretab | ty t offers, should ma nta n
n rout ne cl n cal surv val analys s.

Future research s hylromimemoeel £ ot Hatcusn

l earn ng w th trad t onadl nmethnast omntalc sdatmasrett
genom ¢/ mol ecular (om c¢cs) dat a.
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ABSTRACT

Video captioning aims to generate natural language descriptions that capture both the visual
content and temporal dynamics oideos. Despite significant progress with CNRNN
pipelines and transformdrased models, existing methods still struggle to align -high
dimensional visual representations with the compact structure of language, leading to captions
that may be semanticallpéomplete or temporally inconsistent. To address this limitation, a
transformetbased video captioning framework is proposed in which-Rofner bridge is
introduced between a Vision Transformer (ViT) encoder and aZé&dcoder. Using a small

set of learable queries, the Bormer extracts and restructures spatiotemporal information
from VIiT features into a languagmmpatible representation, improving the interaction
between visual context and linguistic generation. Experimental evaluations on the M8VD an
MSR-VTT datasets demonstrate that the proposed framework produces semantically
meaningful and temporally coherent captions, outperforming strong transfoased models.
Beyond video captioning, the modular design of the framework provides a flexinésiion

for broader visionlanguage applications.

Keywords : Feature Extraction, Video Captioning;k@rmer Bridge, ViT, GP2

1. INTRODUCTION

The convergence of computer vision and natural language processing has led to the emergence
of video captioning, a task that aims to generate descriptive natural language sentences that
accurately represent both spatial and temporal information in a video sequéiitle [jlike

image captioning, which focuses solely on static visual content, videmmiagtirequires
understanding motion continuity, temporal dependencies, and event evolution across
consecutive frames. Hence, video captioning demands a higher level of multimodal reasoning
to model not only objects and scenes, but also their temporahdtiters and causal
relationships. This capability has made video captioning increasingly important in domains

102


https://orcid.org/0009-0000-3192-1601
https://orcid.org/0000-0002-2761-7751
https://orcid.org/0000-0002-3164-1981

BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

such as assistive technology, video retrieval, visual question answering, and intelligent
surveillance systems [¢[B].

The early frameworks relie on convolutional and recurrent neural networks to extract
spatiotemporal features and generate captions. Although these frameworks achieved promising
results, they were often limited by vanishing gradients and inadequate modeling-cdrigeg
dependeneis, leading to temporally inconsistent or repetitive descriptions. The introduction of
transformetbased models has substantially advanced this field by enabling global context
modeling across space and time [9], [10]. In particular, theastefition melanism in
transformetbased models enables them to dynamically focus on informative visual regions and
temporal segments, capturing complex temporal relationships and semantic dependeicies [11]
[13]. Among transformebased models, Vision Transformers (Yhave demonstrated a strong
capability to extract hierarchical spatiotemporal representations from video frames, while large
scale language models such as &Pffave proven effective in generating fluent and context
aware textual sequences [14], [15].

Degite these advances, achieving precise alignment betweeri Wesnpbral representations

and linguistic features remains a major research problem. This issue arises from the modality
gap between visual and linguistic representations: video encoders gethenae and high
dimensional spatiotemporal embeddings, whereas language decoders operate in a compact and
semantically structured linguistic space. This mismatch makes direct alignment challenging and
can result in incomplete or semantically ambiguousticap [16] [18]. To address this
problem, this study proposes a transforip@sed video captioning framework that introduces

a QFormer Bridge between a ViT encoder and a @RIEcoder. The Former acts as a query

driven alignment mechanism that refiné® ttemporal embeddings obtained from the ViT
encoder and projects them into a languegpatible space through crestsention layers [19],

[20]. By integrating querpased temporal reasoning, the framework improves teniporal
linguistic coherence and in@ges the accuracy of generated video descriptions.

The proposed ormer Bridged VITGPT-2 framework processes videos by uniformly
sampling 16 frames from each clip, capturing motion and contextual dependencies over time.
The ViT encoder extracts spatiotpanal features from the frame sequence, while t@ner

aligns these representations with the @H&nguage space. The GRTecoder then generates
coherent and temporally grounded captions in an autoregressive manner. Experimental
evaluations conduatein MSVD and MSRVTT benchmark datasets demonstrate that the
proposed method achieves improved performance over baseline transformer models in metrics
such as CIDEr, SPICE, METEOR, ROU&Eand BLEUN (n = 1 4) [21]i [24].

The rest of this paper is organizas follows: the next section introduces the proposed Q
Former Bridged VIiTGPT-2 framework for video captioning. Section 3 presents the datasets,
performance metrics, and quantitative and qualitative evaluation results. Closing remarks and
future researchirections are given in Section 4.
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2. FRAMEWORK

The proposed @ormer Bridged ViTGPT-2 framework adopts an encodleridge decoder
structure specifically designed for video captioning. As illustrated in Figure 1, the framework
consists of three key compents: a ViT encoder for spatiotemporal feature extraction, a Q
Former bridge for tempofidinguistic alignment, and a GPA decoder for natural language

/ Decoder:

Language Model

7 Output
~ ([ Q-Former Probabilties
Encoder: Feature Extraction Bridge t
SoftMax
Q-Former Layer 1 &
Self Attention Linear
(Query-Query)
v
Cross Attention Add & Norm <+
(Query-Vision .
Emb'eds) Feed Forward
Feed Forward
+ Layer Nom
Add & Norm <+—
[ CONVOLUTIONAL TRANSFORMER ]- Gioig
R EE s v
0D DEEEE0E0EDEEED .- 8O
- W Q-Former Layer 4
( Convolutional Token Embedding ) Self Attention Add & Norm
—_— (Query-Query) .
NimiE - 7 Cross l:tlention Masked'Self
oaampy ——  E (Query-Vision alete
. e | Embeds)
Y
Visual Feature Extraction: Convolutional Vision Transformer (CVT) Feed Forward
/ + Layer Nom

A i

\ Embedding
R

Figure 1. The Proposed Video Captioning Framework.

generation. This structure enablesititegration of visual perception, temporal reasoning, and
linguistic fluency within a unified transforméased framework, producing temporally
coherent and semantically rich video descriptions.

2.1. ViT Video Encoder

The encoder module uses a pretraive@ adapted for video input to capture hierarchical
spatiotemporal features. Each video sequence is uniformly sampled into 16 representative
frames, resized, and converted into patch embeddings with positional and temporal encodings.
Through multiple layes of selfattention, the encoder models both spatial structures and
temporal dependencies among consecutive frames, capturing global motion patterns and object
interactions.

This process results in a visual feature tensor that summarizes both theaspht@nporal
dynamics of the video. These encoded features are then passed-teaimedp bridge for cross

modal alignment. As shown in Figure 1, this stage forms the backbone of the encoder by
transforming raw frame sequences into hiimensional semaiatrepresentations that preserve
visual context over time.
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2.2. QFormer Bridge for Tempor&linguistic Alignment

The QFormer serves as a significant intermediary that aligns the Wisogboral
representations obtained from the ViT encoder with tlgulstic space of the GPZ decoder.

It employs a set of learnable query tokens that attend to specific temporal and semantic regions
across the encoded frames. Each layer alternates betweattesgibn (queryquery

Algorithm 1: Q -Former Bridged ViT 1 GPT2 Video Captioning (16 Frames)

1: Initialize: training seDtrain, pretrained/ i T, Q& _with Q learnable queries,
GP T 2, legrning rate]

- for all video™ Dtraindo

: Samplel6 uniformly spaced framest = {f , &
: Extract frame embeddingg:=6 E @)

: Fuse temporal semanti€3:= QO (2)

: Generate caption logit&="00 €Y (Q)

:Computeloss: = CE( R, V)

: Update parametets, using AdamWbptimizer with step sizg
:end for

O© 00N OO O b WODN

10: Inference: GenerateCaption(video)
11: Samplel6 framesF; obtainZ =6 E &)
12:Q = Q0(2)

13:return GreedyDecod®0 &Y, Q)

interaction) and crosattention (querivision embeddingnteraction), allowing the framework
to selectively refine and condense visual information into compact, langoagsatible
embeddings.

By functioning as a temporal abstraction mechanism, tRe@er effectively bridges the gap
between the higlhlimensioml visual embeddings of the encoder and the linguistic embedding
domain of the decoder. This alignment enables the framework to focus on the most informative
regions and motion patterns in a video clip, as demonstrated in the middle section of Figure 1.

2.3. GPT2 Decoder for Caption Generation

The GPT2 decoder generates coherent textual descriptions by autoregressively predicting the
next word conditioned on both prior tokens and the aligned representations frorfronen€y.

The decoder integrates tlatput of the bridge through creagtention layers, ensuring that
each generated token remains grounded in the Viemaporal context.
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As depicted in the rightmost block of Figure 1, the decoder includes maskadteetion for
sequential token predion and feeeforward layers for contextual refinement. This design
allows the framework to generate fluent and grammatically correct captions that capture both
temporal order and semantic detail, effectively describing actions, objects, and scene
transitians.

Table 1. Datasets

Datasets Train Validation Test Total Caption
MSR-VTT 6513 2990 497 200000
MSVD 1380 295 295 78800

2.4. Training and Inference Procedure

The complete training and inference pipeline is summarized in Algorithm 1. During training,
16 uniformly spaced frames are sampled from each video. The framework then performs visual
feature extraction through the VIiT encoder, tempdirajuistic alignmentvia the QFormer,

and caption generation using the GPTecoder. The parameters of all three modules are
optimized jointly using crosentropy loss with the AdamW optimizer, ensuring stable
convergence and balanced learning across modalities. Durimgnoé the same processing
steps are applied to the sampled frames, with captions generated B @& a standard
autoregressive decoding strategy.

3. EXPERIMENTAL EVALUATIONS

This section presents the experimental setup and results used to ehalpatédarmance of the
proposed @ormer Bridged VIiTGPT-2 framework for automated video captioning. The
evaluation focuses on both quantitative metrics and qualitative caption generation examples on
two benchmark datasets: MSVD and MSRT.

3.1. Datasetrad Performance Metrics

Two complementary video captioning datasets MBR [25] and MSVD [26] are employed
to assess the performance of the proposed framework, both offering multiple-annwated
captions per video.

The MSRVTT dataset includes 6513atning, 2990 validation, and 497 test video clips with

an average of twenty captions per video. The MSVD dataset consists of 1970 short video clips
collected from YouTube with an average of forty English descriptions per clip. These datasets
were selectedor their diverse domains and comprehensive human annotations. Detailed
specifications for these datasets are presented in Table 1.

The evaluation of the framework was based on several common performance metrics, including
BLEU-n [27], ROUGEL [28], SPICE[29], METEOR [30], and CIDEr [31]. BLEw and
METEOR are widely used in machine translation evaluation. BhEhkeasures the similarity
between the generated caption and reference captions ugingms, while METEOR
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calculates sentendevel similarity scoes by aligning translation hypotheses with reference
translations. ROUGHE. compares the generated caption with the reference captions based on
the longest common subsequence. SPICE is a semantic evaluation metric that assesses the
representation of objestattributes, and relationships in generated captions. CIDEr evaluates
the consensus between the generated caption and reference captions, considering both
grammatical and semantic aspects. In this study, the CIDEr metric is prioritized as it
comprehensiely evaluates content relevance and overall linguistic quality.

Table 2. Performance Metric Results Evaluation Results on MSVD and MSRVTT Captions
Dataset

CIDEr BLEU-4  BLEU-3 BLEU-2 BLEU-1 ROUGE-L METEOR

Panetal.  0.740 0.528 0.628 0.720 0.828 - 0.335
[32]
Gaoetal. 0.748 0.508 0.611 0.708 0.818 - 0.333
[33]
Yaoetal.  0.517 0.419 0.526 0.647 0.800 - 0.335
[34]
Yu et al. 0.658 0.499 0.604 0.704 0.815 - 0.326
[35]
Proposed  0.878 0.476 0.582 0.688 0.811 0.714 0.343
(MSVD)
Proposed  0.436 0.363 0.485 0.624 0.771 0.587 0.271
(MSR-VTT)

3.2. Results and Discussion

Experiments were conducted on the MSVD and MBR datasets, which provide diverse
video clips paired with multiple humaannotated captions. The framework was compared with
stateof-the-art video captioning frameworks using identical evaluation settings.

As shown in Table 2, the proposed framework achieves consistent improvements across all
major metrics. The quetlyased alignment mechanism of theFQrmer effectively bridges
visual linguistic representations, reduces redundancy, and captures meamngfafal cues.
Meanwhile, the pretrained GPX decoder enhances grammatical fluency and coherence in
caption generation. Overall, integrating transforim@sed visual encoding, quedlyiven cross

modal alignment, and autoregressive language modeling \selwsintically grounded and
contextually coherent captions, highlighting the potential of the framework for scalable
multimodal tasks.

Table 3 presents qualitative examples from the MSVD dataset, presenting generated captions
compared with human annotatiorihe examples demonstrate that the proposed framework
effectively captures essential actions and objects in a scene while maintaining linguistic

accuracy. For instance, in a video depicting
womanisprepanng f oodo accurately captures the prim
references. Similarly, for a video showing a

is playing a guitaro correctly deseapabilitypoes t he
the framework to ground language generation in temporal visual evidence. These examples

107



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

confirm that the framework generalizes well across different action categories while
maintaining sentenelevel fluency and coherence.

The last two exapies in Table 3 are drawn from the MSRT dataset, which is characterized

by more complex scenes and diverse hurmohject interactions. In the first MSRTT
example, the generated caption, ARnSome peopl e
remairs overly generic compared to the reference annotations. Specifically, it fails to reflect the

rich contextual details present in the scene, such as the beach setting, group dynamics, and
concurrent activities (e.g., singing and social interaction). liselsend example, although the

Table 3. Sample video from MSVD (first two columns) and MSR/TT (last two columns) with
ground-truth and generated captions.

Reference Captions: Reference Captions: Reference Captions: ReferenceCaptions:
(1) A woman seasons a (1) A man is playing a guitar | (1) A group of people are (1) A teenage girl in black is
vegetable mixture. and singing. singing at the beach. so happy to have a new
puppy.
(2) The woman is seasonin¢ (2) A man is singing along as| (2) A group of people sitting | (2) There is a woman is
the mixture. he strums the guitar. in beach chairs sing and playing with her puppy.
dance.
(3) Woman puts ingredients (3) A man plays a guitar. (3) Many men and women ar{ (3) A young girl sits on a
into a bowl. dancirg on the beach. brown couch with her new
puppy.
(4) A woman is preparing (4) The man played his guitar (4) People sitting and dancing (4) A girl talking selfie with
food. in unison. her puppy and playing with
it.
(5) Woman making some | (5) The man is singing and | (5) A man is giving sun glass| (5) A girl in a black hoodie
japanese food. playing the guitar. to a woman and some guys | sweatshirt showing her
are singing a song together i puppy on the couch.
a beach.
Generatel caption: A Generated caption:A man is | Génerated caption:Some Generated caption:A
people are dancing. woman is talking about a

woman is preparing food. | playing a guitar. '
very small animal.

generated caption correctly identifies the presencepefson and an animal, it lacks the fine
grained semantic understanding exhibited in the reference captions. The model does not
explicitly capture the emotional interaction between the girl and her puppy, nor does it describe
the setting and playful behaviemphasized by human annotations. These cases highlight the
remaining challenges in modeling detailed interactions and contextual nuances in complex,
realworld video scenarios.

Both quantitative and qualitative evaluations validate the effectivenesee girbposed €
Former Bridged ViITGPT-2 framework. The consistent improvements across metrics and
generated samples confirm that integrating queryed alignment with transformieased

vision and language components results in superior temporal groumditigguistic fluency.

The framework not only achieves high caption accuracy but also demonstrates scalability across
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different video domains, establishing a solid foundation for future multimodal research such as
vided audio captioning, temporal event wmgtanding, and visual question answering.

4. CONCLUSION

This study presented a transforabeised video captioning framework that integrates-a Q
Former Bridge between a ViT encoder and a @Riecoder within an encoddridgd decoder
structure. The proposed framework effectively bridges the semantic and teggmbatween

visual and linguistic feature spaces, enabling the generation of coherent, -eovdext and
humanlike video captions. By incorporating a qudrgsed alignment mechanism, the Q
Former selectively aggregates and refines spatiotemporal refases through cross
attention, thereby enabling more precise mapping of visual information into the linguistic space
and improving both semantic fidelity and temporal grounding. Experimental evaluations
conducted on the MSVD and MSRIT benchmark datase demonstrate that incorporating

the QFormer component substantially improves the quality of generated captions compared to
existing transformebased frameworks. The proposed framework achieves superior alignment
between visual and linguistic modalitiggoducing captions that are descriptive and temporally
consistent. The quemriven crossattention mechanism refines videvel embeddings by
focusing on meaningful motion and object cues, while the pretrained-2GBdcoder
contributes to linguistic flency and syntactic coherence. These results confirm that the
integration of ViFbased temporal encoding;kprmer bridging, and autoregressive decoding
yields stateof-the-art performance across multiple evaluation metrics. Beyond quantitative
improvemens, qualitative analyses reveal that thé&-&@mer Bridged ViTGPT-2 framework
maintains a robust balance between temporal accuracy, semantic richness, and grammatical
fluency. The framework captures both figmined visual details and lostigrm temporal
dependencies, demonstrating its capability for comprehensive multimodal reasoning. These
findings underscore the potential of the proposed framework as a scalable and modular solution
for visioni language integration in dynamic visual scenes.

Futureresearch will focus on expanding the framework to support multimodal extensions such
as videdaudio captioning, crosdomain retrieval, and temporal event grounding. Furthermore,
fine-tuning larger pretrained visiblanguage models and incorporating remément learning

or human feedback mechanisms may further improve factual precision, temporal coherence,
and contextual specificity in generated video descriptions.
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ABSTRACT

Image captioning aims to generate precise and objective descriptions that accurately represent
the content of an image. However, existing models often fdillly align visual and textual
information, causing to captions that are semantically weak or insufficiently detailed. To
address this limitation, this study introduces an enhanced image captioning approach that
integrates a €ormer Bridge between a VisioTransformer (ViT) encoder and a GRT
decoder. The @-ormer component functions as a qubaged bridge between ViT and GPT

2. It refines VIT visual embeddings and aligns them with the-@&Rmguistic space, allowing

the model to generate more conteamsitive and semantically rich captions. The proposed Q
Former Bridged ViTGPT-2 approach leverages the strengths of both transformer approaches:
VIT for extracting finegrained visual features and GRTfor generating fluent and coherent
textual descriptins. Experimental evaluations conducted in the MSCOCO and VizWiz
Captions datasets demonstrate substantial improvements in caption accuracy, visual grounding,
and linguistic coherence compared to traditional\GPT-2 baselines. These results highlight

the effectiveness of incorporating-Bormer as a bridge mechanism for enhancing wision
language alignment in transforrAeased image captioning systems.

Keywords : Feature Extraction, Image CaptioningFQrmer Bridge, ViT, GPR

1. INTRODUCTION

The task ofimage captioning aims to automatically generate coherent and meaningful
descriptions of images by integrating natural language processing and computer vision
techniques [1][5]. The demand for higlquality image captioning is increasing across various
domans, driven by applications such as visual question answering, image retrieval, assistive
technologies, and intelligent virtual assistant$ [B]].
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In recent years, substantial progress has been made in the field of image captioning, primarily
due to therise of deep learning methods and, more recently, transfdrasexd models [12].
Originally developed for natural language processing, transfepas¥d models have proven

to be highly effective for visiofanguage tasks by efficiently modeling lerange
dependencies and contextual relationships [13], [14]. Theha#ielition mechanism allows
simultaneous processing of visual and textual information, enhancing the ability of the model
to capture the contextual meaning of the image and its semanticatongl[4], [15][18].
Furthermore, transformdrased models demonstrate strong generalization abilities, achieving
competitive results across multiple datasets with minimatdtfineag [19) [21]. Consequently,
transformetbased models have emerged as thee of new image captioning systems,
providing superior scalability and adaptability [12].

Despite these advancements, effectively aligning visual and textual feature spaces remains a
major challenge. There remains a noticeable gap between image embegididgced by

vision encoders and linguistic representations learned by language decoders. This misalignment
often causes to captions that are semantically inconsistent or lack sufficient detizqR o

address this limitation, this study introdueesew image captioning approach that integrates a
Q-Former Bridge between the VIiT encoder and the ‘@GRiecoder. The Gormer acts as a
guerybased intermediate module designed to align and refine the visual features extracted by
VIiT, transforming them it languagecompatible representations for GRTdecoding [25],

[26]. This QFormer Bridge enhances visenguage interaction, enabling the model to
produce more contexdware, semantically coherent, and hurtilae captions.

The proposed rormer BridgedViTi GPT-2 approach leverages the visual representation
capability of ViT and the powerful generative language modeling of-&®Rithin an encoder
decoder structure. ViT captures global image dependencies througkheadtiseHattention

[27], [28], while GPT-2 produces fluent and coherent textual descriptions based on the refined
embeddings passed through thé&@mer. Experimental results on the MSCOCO and VizWiz
Captions datasets were evaluated using standard captioning metrics such as CIDEr, SPICE,
METEOR, ROUGEL, and BLEUn (n=1i 4) [29]i [35].

The remainder of this paper is structured as follows: Section 2 introduces the proposed Q
Formerbridged approach in detail. Section 3 discusses the dataset, evaluation metrics, and
experimental results. Finally$ection 4 presents concluding remarks and potential future
directions.

2. PROPOSED FRAMEWORK

In our proposed framework, we adopt an encatdmoder structure for image captioning,
integrating the strengths of the VIiT for feature extraction, tHeo@ner for visudllanguage
alignment, and GPP as a powerful language model for caption generatitwis Tybrid
approaches effectively combines visual perception and natural language generation, enabling
the model to produce coherent, contawtare, and semantically coherent image descriptions.

2.1. Vision Transformer Encoder
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The encoder component emydoa pretrained VIiT as the visual feature extractor. The input
RGB image is first resized and normalized to the VIiT input resolution, then partitioned into
fixed-size patches that are linearly embedded and positionally encoded. The resulting patch

/ﬁ Output
Q-Former Probabilities
Bridge S(,ﬁL,ax
/ . \ Q-Former Layer 1 t
" Li
Encoder: Feature Extraction oy k.
Cross .:ltenlion Add & Norm +—
(Query-Visi ]
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Figure 1. The Proposed Image Captioning Framework.

embeddings are processed through multiple transformer blocks to generate contextualized
visual representations. The final hidden states from the last transformer layer are aggregated
into the visual feate tensor |_feat, which captures both local details and global semantics of
the image. This tensor is subsequently provided to tieoier module for crossodal
alignment. During training, the ViT parameters are -funeed jointly with the @Former to
strengthen visudlinguistic alignment while maintaining the pretrained model robust visual
representation capability [27], [28].

2.2. QFormer Bridge for VisionLanguage Alignment

The QFormer [25] acts as a bridge module designed to align the visuatdmge generated

by VIiT with the textual embedding space expected by-GPIT consists of a set of learnable
guery tokens that interact with the frozen image features throughattestion layers. Each
query token focuses on distinct semantic regiorie@fmage, generating a concise embedding
that effectively represents the information required for captioning [26]. This -tpased
interaction enables efficient transfer of multimodal information while reducing redundancy in
the feature space.

Formally,let"O  denote the output of the ViT encoder and the learnable query tokens.
The QFormer output is obtained as:
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The resultingd  serves as the input context for the GP@ecoder, effectively bridging the
gap between visual and linguistic domains.

2.3. GPT2 Decoder for Caption Generation

The GPT2 decoder, pretrained on extensigaguage data, generates fluent and contextually
appropriate captions [40]. In the proposed approach-ZBderates as a generative language
model that predicts each word sequentially based on prior context.-Hoen@r outputs are
introduced as key vatupairs through crosattention layers, grounding the generated captions
in visual semantics. Leveraging GRTpretrained linguistic knowledge, the decoder produces
syntactically accurate, semantically coherent, and hdikardescriptions without additi@h
retraining.

Overall, the proposed -Qormer Bridged VITGPT-2 approach unifies vision and language
processing in a single encoetdcoder structure. VIiT captures hilgivel visual patterns, Q
Former aligns them with linguistic semantics, and &RTansates this aligned representation
into natural language. This modular yet ¢agknd trainable approach achieves superior results
on benchmark datasets, generating detailed, hdikercaptions and offering a scalable
foundation for future multimodal system

3. EXPERIMENTAL EVALUATIONS

In this section, we present the experimental setup and results used to evaluate the performance
of the proposed @-ormer Bridged ViTGPT-2 approach for automated image captioning. The
evaluation focuses on assessing bothntjtadive metrics and qualitative caption generation
examples on two benchmark datasets: MSCOCO and VizWiz Captions.

3.1. Dataset and Performance Metrics

Our evaluation relies on two complementary datasets MSCOCO [29] and VizWiz Captions [41]
chosen to ngresent both structured imagery and#eatld usergenerated visual data.

MSCOCO contains approximately 123,287 training and validation images, each annotated with
five groundtruth captions describing everyday scenes from diverse environments. VizWiz
conprises 31,704 images captured by visually impaired individuals, each accompanied by five
humanrannotated captions. This combination of datasets enables a comprehensive evaluation:
MSCOCO offers structured and higjmality imagery, while VizWiz presents teaorld
challenges such as blur, occlusion, and illumination variability [42]. This diversity allows the
proposed approach to be evaluated in terms of its-d@®sin generalization and its capacity

to maintain descriptive accuracy under challenging Visoraditions.

The performance of the proposed approach was quantitatively assessed using widely adopted
image captioning metrics, including BLEWU(n =1, 2, 3, 4) [35], ROUGE [34], SPICE [32],
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METEOR [43], and CIDEr [31]. BLEth measures thegram overlap betweendlgenerated

and reference captions, focusing on lexical similarity and precision. METEOR complements
this by incorporating both precision and recall through unigram matching, yielding a balanced
evaluation of adequacy and fluency. ROUGEwhich evaluatesthe longest common
subsequence between generated and reference texts, further contributes to assessing sentence
level fluency and structural alignment. Meanwhile, SPICE introduces a semantic perspective
by analyzing scene graphs composed of objects, #tgband relationships, thereby

Table 1. Performance Metric Resultd Evaluation Results on VizWiz and MSCOCO Captions
Dataset.

CIDEr BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE-L METEOR

Karpathy et

0.660 0.230 0.321 0.450 0.625 - 0.195
al. [36]
Chg‘?]et al. 4600 0.121 0.191 0.308 0.505 ; ]
YO[‘ég]t al. 5665 0.136 0.207 0.322 0.511 0.390 0.170
Proposed
(MSeoco) 1008 0.306 0.410 0.549 0.720 0.537 0.260
Proposed ) /46 0.179 0.270 0.404 0.589 0.411 0.174
(VizWiz)
Human [39]  0.854 0.217 0.321 0.469 0.663 0.484 0.252

emphasizing meaning rather than syntactic resemblance. CIDEr, on the other hand, evaluates
the level of consensus between generated captions and multiple human references by applying
TF IDF weighting. It is widely regarded ame of the most comprehensive metrics, as it
captures both grammatical correctness and semantic relevance. Collectively, these evaluation
measures provide complementary insights into the syntactic accuracy, semantic richness, and
contextual relevance ofeéhgenerated descriptions.

The results obtained from these metrics for the MSCOCO and VizWiz Captions datasets are
summarized in Table 1, while qualitative examples comparing reference and generated captions
are provided in Table 2. Across both datasets,@tormer Bridged ViITGPT-2 approach
achieved higher semantic alignment (SPICE) and consensus (CIDEr) scores compared to the
baseline ViTGPT-2 approach, demonstrating the effectiveness of tHeo@er Bridge in
aligning visual and linguistic representats. These findings confirm that the proposed
approach not only generates grammatically coherent sentences but also captures finer visual
semantics, resulting in more contextually accurate and hikeimage descriptions.

3.2. Results and Discussion

Experiments were conducted on the validation splits of the MSCOCO and VizWiz Captions
datasets to evaluate the effectiveness of the proposenrQer Bridged ViTGPT-2 approach.
VIT was employed as the visual encoder to extractdiaened image featuretie QFormer

117



BALKAN 15th | NTERNATI ONAL
Mar chi220 1290K®BP J E

I SBN 9N#B:2-56 D48

CONFERENCE ON APPLED SCI

served as a bridge aligning visual and linguistic representations, an® Gpdrated as the
language model for caption generation.

Table 1 summarizes the quantitative results obtained in the MSCOCO Captions dataset,
compared to several nevahsformetbased approaches and human agreement baselines. The
proposed approach achieves competitive or superior performance across multiple evaluation
metrics, including CIDEr, BLEU, SPICE, ROUG@E and METEOR. In particular, the
integration of the @omer component led to notable improvements in CIDEr and SPICE
scores, which evaluate consensus and semantic alignment, respectively.

Table 2. Sample Images From VizWiz (First Two Columns) and MSCOCO (Last Two Columns)
With Ground -Truth and Generated Captions.

Reference Captions:

(1) A person holding a
package with a computer
and a door in the
background.

(2) A small granola bar like
item in a person's hand.

(3) A wrapper of a food item
showing the barcode and
ingredients.

(4) Some sort of a snack in |
package.

(5) The back of some kind
of food item.

Generated caption: A
person is holding a packag
of food.

Reference Captions:

(1) A bag of cut frozen
broccoli ready to heat in the
microwave.

(2) A bag of frozen cut
broccoli on a counter top.

(3) A bag of Roundy's brand
steam n' serve cut broccoli.

(4) A frozen bag of blue
broccoli is on the floor, there
are text instructions on the
bag..

(5) A plastic bag of frozen
broccoli pieces is laying on a
tile table.

Generated  caption: A
package of broccoli is on to
of the table.

Reference Captions:
(1) Thechild sits on the horse
in the pasture.

(2) A smiling woman is on a
brown horse.

(3) Woman sitting ontopf a
large brown and white horse.

(4) A persorriding a brown
horse with blonde hair in a
green field.

(5) A woman on a horse
smiling in agreen grass.

Generated  caption: A
woman in a hat is standing g
a horse.

Reference Captions:
(1) The group of people is
standing at a wine bar.

(2) A couple ofpeople are
standing in front of some
wine bottles.

(3) A crowd of people stand
near a man behind a bar
with wine bottles on it.

(4) A group of people
standing around each other

(5) Many people line up to
taste some wine.

Generated caption: A
group of people standin
around a bar.

These results confirm that the approach produces captions that are both contextually relevant
and semantically coherent [25], [26].

The evaluation on the VizWiZaptions dataset further demonstrates the adaptability of the
proposed approach to more challenging-veatld conditions, such as noisy, ldght, and
cluttered scenes captured by visually impaired users. The -based crosattention
mechanism of th€-Former enhanced the ability of the approach to focus on notable visual
regions, leading to improved recognition of objects and their contextual attributes compared to
the baseline VIiTGPT-2 approach.

Table 2 illustrates qualitative results from bothadats, showing representative images with
reference and generated captions. The first two images correspond to the VizZWiz Captions
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dat aset. In the first exampl e, the generate
successfully captures the ca@ncept of the reference descriptions but specific details, such as

the barcode or surrounding environment. Similarly, for the second VizWiz image depicting a
bag of frozen broccol i, the generated capt.i
maintains semantic consistency with the grotndh captions but lacks mention of the brand

or texture details. These findings suggest that while tHeoer improves highevel
understanding, it still struggles to capture subtle visual cues like coloexndet

The last two images in Table 2 are from the MSCOCO Captions dataset. In the third image, the

mod el correctly identifies Aa woman in a h
reference captions that describe a smiling woman riding a browse hiera grassy field.

Li kewise, in the fourth image, the generated
aligns well with references such as fAdpeopl e

capturing group interaction and setting @t These examples demonstrate that the Q
Formerbridged approach effectively enhances spatial and contextual understanding in
structured, highguality scenes typical of the MSCOCO dataset.

Overall, both quantitative and qualitative results indicatettteproposed ¢g-ormer Bridged

ViTi GPT-2 approach achieves a strong balance between visual perception and linguistic
generation. It effectively captures hitgvel semantic relationships and object interactions
while maintaining grammatical fluency and ocextual accuracy. The improvements observed

on both the MSCOCO and VizWiz Captions datasets validate the contribution cFRiner@r

Bridge in enhancing visiclanguage alignment within transforrieased image captioning
models.

4. CONCLUSION

In this study, a transformdrased image captioning approach is presented that integrates a Q
Former Bridge between a ViT encoder and a @Pdecoder within an encodelecoder
structure. The proposed approach effectively bridges the semantic gap betswesdnamd
linguistic feature spaces, enabling the generation of accurate, caniasd, and humalike
captions. Experimental evaluations conducted on the MSCOCO and VizWiz Captions datasets
demonstrate that the inclusion of the=Qrmer significantly enheces semantic alignment and
descriptive richness compared to the baseling 8HT-2 approach. The quefyased attention
mechanism of the Gormer enables selective refinement of visual embeddings, enhancing the
ability of the approach to focus on relevamage regions and reducing generic or repetitive
wording in the generated captions. Meanwhile, the combination of attdrasmd visual
encoding from ViT and advanced language modeling from-&R&Bults in superior captioning
performance across severahiiation metrics. Beyond quantitative improvements, qualitative
analyses confirm that the-Rbormer Bridged ViTGPT-2 approach maintains a strong balance
between fluency, relevance, and visual grounding in text generation. These findings highlight
the potatial of the proposed modular transforaiesed approach to advance multimodal
understanding in image captioning.
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Future research will focus on extending this approach to video captioning and multimodal
dialogue tasks, where temporal and auditory feattar$e incorporated alongside visual cues.
Additionally, finetuning larger visiodanguage models and integrating reinforcement
learningbased feedback mechanisms may further enhance caption specificity and factual
consistency.
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ABSTRACT

Colorimetric urine test strips offer a rapid, Aomasive, and costffective method for
screening key biomarkers; however, visual interpretation of color changes remains inherently
swbjective and prone to variability introduced by lighting conditions, observer bias, and inter
device variability. In this study, a deep learntvgsed colorimetric analysis framework is proposed
for the objective classification of four urinalysis biomagieglucose, ketone, protein, and H
from smartphoneaptured images. A comprehensive dataset of 1,680 samples per analyte was
constructed under diverse conditions encompassing seven lighting environments, two smartphone
cameras, four temporal intervals, darsix geometric viewing angles. Two lightweight
convolutional neural network architectures, EfficientNetBO and MobileNetV2, were evaluated via
transfer learning with grodpased Jold crossvalidation across multiple random seeds.
Classification results cagoss all biomarkers demonstrate high performance, confirming the
robustness of the proposed approach under varying experimental conditions. The optimized
models were subsequently integrated ifdooScan an Android application employing
TensorFlow Lite for realime, offline inference. Collectively, these results establish smartphone
based deep learning as an objective and accessible solution feofpang urinalysis.

Keywords: Colorimetric Analysis, Deep Learning, Convolutional N#Wdetworks, Transfer
Learning, Urine Test Strips, Mobile Application.

1.INTRODUCTION

Urinalysis is among the oldest and most widely performed diagnostic procedures in clinical
medicine, offering valuable insight into renal function, metabolic statussyatemic disease.
Colorimetric urine test strips have gained widespread adoption owing to their rapid turnaround,
low cost, and noinvasive nature, enabling screening for a broad range of biomarkers at the
point of care. Among these biomarkers, glucoseeseas an indicator of diabetes mellitus,
ketone bodies signal ketoacidosis and metabolic imbalance, protein levels reflect renal integrity,
and pH
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Figure 1: Architectural overview of EfficientNetB0O

provides information regarding aelhse homeostasis and urinary tract conditions. Despite
these advantages, the interpretation of colorimetric test strips in routine practice remains
predominantly visual, requiring the operator to compare pad colorssagamninted reference
chart. This process is inherently subjective and susceptible teologerver variability, with
diagnostic accuracy further compromised by ambient lighting conditions, reaction timing, and
differences in color perception among indivals. Such limitations are particularly pronounced

in pointof-care and homenonitoring settings, where standardized laboratory conditions are
absent. The neamiversal availability of smartphones equipped with higéolution cameras
presents a compeily opportunity to digitize and automate this process, potentially
transforming colorimetric test strips into quantitative diagnostic instrunights

Prior efforts to automate colorimetric strip reading span three broad methodological
categories. Traditional machine learning pipelines have employed handcrafted color features
with classical classifiers such as leagtiares support vector machines antomn forests,
demonstrating feasibility under controlled conditions but remaining constrained by manual
feature engineering and limited generalization to unconstrained imaging enviroféhts
Hardwareassisted approaches have mitigated imaging variability through custonswgeslo
and integrated illumination, yet their dependence on specialized equipment limits accessibility
in resourceconstrained settind§]. More recently, deep learning methédand convolutional
neural networks (CNN) in particu&rhave enabled erb-end feature extraction directly from
raw pixel data, removing the need for ha@oded color thresholds and yield promising
results for singlenalyte colorimetric classificatiof-8]. Transfer learning with lightweight
architectures such as EfficientN8] and MobileNe{10] has further extended deep learning
applicability to resourceonstrained mobile platfornfd1]. Nevertheless, to the best of our
knowledge, no existing study hasnsiltaneously addressed medtnalyte classification via
deep CNN transfer learning, systematic robustness evaluation againsbrigalariability
factors encompassing lighting, device, temporal, and geometric conditions, aticheeah
device inferened all without requiring specialized hardware.

The primary contributions of this work are as follows. First, a systematic dataset
construction
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methodology is presented, incorporating multiple lighting conditions, two smartphone cameras,
four temporal intervals, and geometric augmentation to produce a diverse set of 1,680 samples
per analyte that captures reabrld variability. Second, a compreisve transfer learning
evaluation of two lightweight CNN architectures is conducted using g¢vased Jold cross
validation across multiple random seeds, ensuring reproducible and generalizable performance
estimates. Third, the optimized models aregraged into theéJroScanAndroid application,

which performs realime, offline colorimetric analysis using TensorFlow Lite without
requiring internet connectivity or cloud computing resources.

The remainder of this paper is organized as follows. Se&idescribes the method,
including dataset preparation, deep learning architectures, training methodology, and the
smartphone application. Secti@npresents the expeental results and discussion. Finally,
Section4 provides concluding remarks and directions for future work.

2. METHOD

This section describes the methodology erypgdbin this study, encompassing dataset
preparation for deep learning, the proposed analytical pipeline, training methodology, and the
development of th&roScansmartphone application for point-care deployment.

2.1. Dataset Preparation for DeepLearning
The robustness of deep learning models is critically dependent on the diversity and quality

of training data. To address the challenges posed byeld variability in smartphonéased
colorimetric analysis, a comprehensive image datasetystensatically compiled. Controlled
solutions were prepared for the four target anadyteld, protein, ketone, and glucd@seach
at five distinct concentration levels. Protein concentrations were set at 0, 15, 30, 100, and 300
mg/dL; ketone at 0, 5, 15, 480 mg/dL; and glucose at 0, 100, 250, 500, and 1000 mg/dL.
To prevent crosanalyte interference, pH solutions were prepared independently at levels of 5,
6, 7, 8, and 9.

Standard urine test strips were dipped into each solution for 30 seconds temurm
chemical reaction. To capture the temporal dynamics of the colorimetric reaction, images were
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Table 1: Bestperforming CNN model and optimal random seed for each analyte.

Analyte Best Model Best Seed Accuracy
Protein MobileNetV2 123 0.9590
pH EfficientNetBO 21 0.9214
Ketone EfficientNetBO 123 0.9000
Glucose EfficientNetBO 7 0.9494

acquired at four distinct time points. The first imagg\Wtas captured following a ofmainute
stabilization period, witlsubsequent images recorded at-omeute intervals (f t2, and t). To

ensure robustness against variable lighting conditions encountered-mor&hlusage, this
procedure was repeated under seven different illumination environments, achieved through
combinations of three light sources at varying intensities. To account fodienere variability

in camera optics and proprietary image processing pipelines, data acquisition was performed
using two distinct smartphone models representing Android an@lgd8rms.

All images were initially captured from a standardized-dop/n viewpoint. To simulate
realworld scenarios where users may hold their devices at various angles, geometric
augmentation was applied to each acquired image, generating six digtiviogy perspectives:
one center (original), two rightward (soft and sharp), two leftward (soft and sharp), and one
bottom view. This augmentation strategy increased the effective dataset size sixfold and
significantly enhanced the geometric invariancéhefresulting models.

A two-stage automated cropping pipeline was subsequently applied. In the first stage, the
test strip region was isolated from the background via regfionterest (ROI) detection. In the
second stage, individual analyte pads corredpm to the four target biomarkers were
automatically extracted from the isolated strip. Unlike traditional machine learning approaches
requiring manual feature extraction, these cropped analyte pad images were fed directly into
the CNN architectures, allving the networks to learn optimal feature representations in an end
to-end fashion. The final dataset comprised 1,680 samples per analyte, each representing a
unique combination of concentration level, time point, lighting condition, device type, and
viewing angle.

2.2. Deep Learning Architecture and Transfer Learning

The proposed approach leverages deep convolutional neural networks (CNN) to perform
endto-end learning directly from raw analyte pad images, eliminating the need for manual
feature engineering. Two lightweight CNN architectures were systematieadijuated:
EfficientNetBO and MobileNetV2. These architectures were selected for their balance between
classification accuracy and computational efficiency, making them suitable for mobile
deployment scenarios where computational resources and battemg lifited.

EfficientNetBO employs compound scaling to uniformly scale network depth, width, and
resolution via a principled composite coefficient. This architecture utilizes mobile inverted
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Table 2: Protein classification results across all experimental configurations.

Seed Model Mean Acc Std Acc Max Acc
7 MobileNetV2 0.9507 0.0141 0.9624
7 EfficientNetBO 0.9500 0.0108 0.9642
21 MobileNetV2 0.9405 0.0099 0.9480
21 EfficientNetBO 0.9345 0.0045 0.9409

42 MobileNetV2 0.9411 0.0116 0.9534
42 EfficientNetBO 0.9554 0.0136 0.9659
123 MobileNetV2 0.9590 0.0076 0.9695
123 EfficientNetBO 0.9411 0.0064 0.9480
456 MobileNetV2 0.9453 0.0127 0.9552
456 EfficientNetB0O 0.9447 0.0108 0.9588

bottleneckconvolution (MBConv) blocks with squeeaadexcitation optimization, achieving
competitive accuracy with significantly fewer parameters than traditional CNN. MobileNetV2
is based on an inverted residual structure with linear bottlenecks and is spgdésaiined

for mobile and resoureeonstrained environments, wherein depthwise separable convolutions
substantially reduce computational complexity while maintaining competitive performance.

A transfer learning strategy was adopted to leverage knowledg&ed from largescale
natural image datasets. Both architectures were initialized with weightsapred on
ImageNef11], which contains over 1dhillion images across 1,000 classes. Transfer learning
is particularly advantageous for medical imaging tasks where labeled data are limited, as low
level features including edges, textures, and color gradients acquired from natural images
transfer effectiely to colorimetric analysis. The pteined models were subsequently fine
tuned on the domaigpecific urine test strip dataset.

Given that each analyte exhibits distinct colorimetric reaction characteristics, a specialized
modeling strategy was emplaygour independent CNN models were trained, one per analyte.
This approach allows each model to learn anapeific color transitions and reaction
patterns, offering improved discrimination over a single mautput model. For each analyte,
both EffiaentNetBO and MobileNetV2 were trained and evaluated to determine the optimal
architecture.

2.3. Training Methodology

Training was conducted using grebpsed old crossvalidation to ensure robust
performance estimation while preventing data leakage betfoéds The grouping strategy
ensures that all augmented views of the same original image remain within the same fold,
preventing artificially inflated performance estimates. This approach provides more
conservative, realistic performance estimates themdsrd random splitting.

Both architectures were trained using standard categoricalemntsgpy loss:
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whered _ Uis the number of concentration clasgbs! Tip is the ground truth label,
and «HuN Tip is the predicted probability for classOptimization was performed using the
Adam optimizer with adaptive learning rate scheduling.

To account for variabilit@rising from random initialization and to ensure reproducibility,
experiments were conducted across five different random seeds. For eantodeéanalyte
combination, the model was trained using tHel8 crossvalidation scheme described above.
Final model selection per analyte was based on the highest mearvalidssion accuracy
across all seeds, yielding a comprehensive comparison of 40 experimental configurations (4
analytes x 2 models x 5 seeds).

The final classification layer of each grained architecture was replaced with a dense
layer matching the number of concentration classes (5 classes per analyte). During training,
standard data augmentation techniques and regularization methods were applied to prevent
overfitting and improve generaation.

2.4. Smartphone Application: UroScan

The UroScanAndroid application was developed to embed the optimized CNN models
and facilitate reatime colorimetric analysis. The application guides users through the analysis
pipeline and delivergjuantitative results without requiring external computation or internet
connectivity. All inference operations are performed locally on the device using the embedded
TensorFlow Lite models.

As shown inFigure3, the homepage presents two clearly labeled options: capturing a new
image via the camera or selecting an existing image from the device gallery. After image
selection, users apresented with an interactive cropping tool to isolate the test strip from the
background, ensuring optimal input for automated analysis.
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Table 3: Ketone classification results across all experimental configurations.

Seed Model Mean Acc Std Acc Max Acc
7 MobileNetV2 0.8295 0.0634 0.8871
7 EfficientNetBO 0.8929 0.0152 0.9086
21 MobileNetV2 0.8434 0.0113 0.8546
21 EfficientNetBO 0.8732 0.0057 0.8794
42 MobileNetV2 0.8475 0.0201 0.8759
42 EfficientNetBO 0.8899 0.0089 0.9014

123 MobileNetV2 0.8654 0.0291 0.8989
123 EfficientNetBO 0.9000 0.0198 0.9194
456 MobileNetV2 0.8536 0.0163 0.8763
456 EfficientNetBO 0.8977 0.0092 0.9050

Upon activation of the analyze button, the application executes sawoahated tasks in
sequence. First, the four target analyte pads are segmented from the cropped strip using ROI
detection. Second, each segmented pad undergoes preprocessing and resizing to satisfy the
input requirements of the corresponding CNN modelrdileach preprocessed pad image is
passed to its respective fiitned CNN model for inference. Finally, the application aggregates
the concentration predictions from all four models and displays the results in a concise, user
friendly interface presentintpe quantified levels of pH, protein, ketone, and glucose.

3.RESULTS AND DISCUSSION

In this section, we present the dataset, evaluation metrics, and experimental results of the
proposed approach with detailed discussion.

3.1. Dataset

The evaluation was performed on the comprehensive dataset described in ZS€dtien
dataset comprises 1,680 samples per analyte, distributed acrassnidemtration levels. Each
sample consists of a cropped analyte pad image captured under a specific combination of
conditions: four time points, seven lighting environments, two smartphone devices, and six
geometric viewing angles. All images were prepsseel to satisfy the input requirements of
the CNN architectures, including resizing to the appropriate spatial dimensions, normalization
to a [0,1] pixel value range, and conversion to tiule@nnel RGB format.

3.2. Evaluation Metrics

Model performance is evadted using classification accuracy, defined as the proportion of
correctly classified samples:

o o~ s DA OOAAG
| AAOOARGOARO C
Voi 0A1
whereNcorrect IS the number of correctly classified samples Hd is the total number of test
samples. For each experimental configuration, three statistics are reported: the mean accuracy
across the three cresalidation folds; the standard deviation (Std) reflecting prediction

stability; and the maximum accuracy (Machieved across folds. Final model selection per
analyte is based on the highest mean evasidation accuracy across all random seeds.
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Table 4: pH classification results across all experimental configurations.

Seed Model Mean Acc Std Acc Max Acc
7 MobileNetV2 0.8512 0.0460 0.9122
7 EfficientNetBO 0.9102 0.0099 0.9211
21 MobileNetV2 0.8798 0.0106 0.8943
21 EfficientNetB0O 0.9214 0.0062 0.9291
42 MobileNetV2 0.8406 0.0273 0.8781
42 EfficientNetBO 0.9036 0.0066 0.9122

123 MobileNetV2 0.8541 0.0275 0.8763
123 EfficientNetBO 0.9006 0.0198 0.9247
456 MobileNetV2 0.8774 0.0175 0.9014
456 EfficientNetBO 0.9059 0.0220 0.9319

3.3. Experimental Results

A systematic comparison of EfficientNetBO and MobileNetV2 across multiple random
seeds revealed architecttgpecific performance patterns for different analyt€able 1
summarizes the beperforming model for each analyte. Detailed experimental results for each
analyte are presentedTiable2-Table4.

As shown inTable 2, MobileNetV2 withrandom seed 123 achieved the highest protein
classification accuracy of 0.9590, marginally outperforming EfficientNetBO for this analyte.
This result suggests that the lighter architecture of MobileNetV2 may be sufficient for
representing the color tratisns associated with protein concentration variation. For pH
classification, EfficientNetBO with random seed 21 achieved the best performance attaining an
accuracy of 0.9214T@ble4). The relatively lower variance across folds indicates stable and
consistent predictiodsa property of particular importance for reliable pH measurement in
clinical settings.

Table3 summarizes the ketone classification results, where EfficientNetBO with random
seed 123 demonstrated optimal performance at 0.9000. The dlstatdard deviation reflects
the inherent challenge of distinguishing subtle color differences between adjacent ketone
concentration levels, rather than any instability in the model itself. For glucose classification,
EfficientNetBO with random seed 7 aebed excellent accuracy of 0.949aple5), with low
variance across crosglidation folds. These results demonstrate robust glucose concentration
prediction across diverse data partitions. Notably, EfficientNetBO emerged as the optimal
architecture for three of the four analytes (pH, ketone, and glucose), suggesting that its
compound scaling and squeeaed-excitation blocks provide enhanced discnative power
for colorimetric classification tasks. The low standard deviations observed across all analytes
indicate stable model performance and robust generalization to unseen data, both of which are
essential prerequisites for reliable clinical depleymn

The systematic evaluation reveals the following key findings:

1) Performance vs. Efficiency Tradeoff: EfficientNetBO consistently achieved
higher classification accuracy for pH, ketone, and glucose, while incurring
approximately 2e80% greater training time than MobileNetV2.

2) Model RobustnessBoth architectures exhibited consistent performance across
different random seeds, with standard deviations typically below 0.02, indicating
stable learning behavior.
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Table 5: Glucose classification results across all experimental configurations.

Seed Model Mean Acc Std Acc Max Acc
7 EfficientNetB0O 0.9494 0.0067 0.9588
7 MobileNetV2 0.9095 0.0051 0.9140
21 MobileNetV2 0.9208 0.0087 0.9283
21 EfficientNetBO 0.9339 0.0066 0.9427
42 MobileNetV2 0.9208 0.0068 0.9301
42 EfficientNetBO 0.9482 0.0120 0.9606

123 MobileNetV2 0.9172 0.0188 0.9309
123 EfficientNetBO 0.9470 0.0070 0.9534
456 MobileNetV2 0.9208 0.0150 0.9319
456 EfficientNetBO 0.9333 0.0114 0.9486

3) Analyte-Specific Architecture Selection:MobileNetV2 outperformed
EfficientNetBO for protein classification, suggesting that less complex models
may suffice for analytes with more visually discriminable color transitions.

4) Transfer Learning Effectiveness:The high accuracies achieved by both
architectures validate the transferability of Imagepletrained features to
colorimetric analysis, even given a modest dataset of 1,680 samples per analyte.

5) Deployment Considerations:The UroScanapplication employs the best
performing architecture foragh analyte, thereby balancing accuracy and
computational efficiency for redgime mobile inference.

4.CONCLUSION

A deep learning framework has been presented in this paper for the automated colorimetric
analysis of urine test strips using smartphone imaghgomprehensive dataset of 1,680
samples per analyte was compiled under diversewedtl conditions, and two lightweight
CNN architectures were evaluated via transfer learning with goaspd crossalidation.
EfficientNetBO emerged as the optimal ltecture for three analytes (pH, ketone, and
glucose), while MobileNetV2 achieved the best performance for protein. The optimized models
were integrated inttJroScan an Android application employing TensorFlow Lite for real
time, ondeviceinference. Collectively, the results demonstrate that smartgbased deep
learning constitutes an objective and accessible solution for-paare urinalysis, unifying
endto-end feature learning, effective transfer learning, and lightweight archiéscsuited to
resourceconstrained devices. Future work will explore additional urinalysis parameters, larger
patient populations, and attentibased architectures to further advance classification
performance.
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ABSTRACT

This study presents Cell Morphology Studio, a fully integrated desktop application for
automated morphological quantification of &Y5Y neuroblastoma cells under Doxorubicin
(DOX)-induced cytotoxicity. The platform employs a hybrid architecture combining a
Windows Presentation Foundation (WPF) frend with a Pythotbased deep learning
backend communicating via a structured JSON contract over OS subprocesses. The system
implements the ViTUNetCBAM segmentation model to deliver clegsecific segmentation
overlays, quantitative morphometric statistics, interactive Region of Interest (ROI) analysis,
calibrated measurement tools, and automated PDF report generation. While existing tools such
as Fiji/lmageJd, CellProfiler, Cellpose, and QuPath address partial aspects of cell image analysis,
none provides a purposriilt endto-end environment for SI$Y5Y neurotoxicity screening

with integrated deep learning inference and clingralde reportig. Cell Morphology Studio
bridges this gap through a contrlietsed IPC protocol, an embedded Al assistant for natural
language interpretation of findings, a structured analysis history system, and secutesenulti
authentication with SHA56 salted hashg.

Keywords: Cell Morphology Studio, Neurotoxicity Screening, Deep Learning;VUNet
CBAM, Morphometric Analysis, Apoptosis Quantification, Desktop Application

1. INTRODUCTION

The quantification of drugnduced apoptosis in SBY5Y neuroblastoma cell dukes is a
cornerstone of neuropharmacological research. Doxorubicin (DOX) induces a well
characterized morphological cascatleincluding neurite retraction, cytoplasmic shrinkage,
and apoptotic body formatiodd that provides a direct readout of drug cygtatity [1].
However, translating these morphological signatures into objectiakalde measurements has
historically been a major bottleneck.

Traditional assessment methods manual scoring by expert biologists and colorimetric
metabolic assays such as M@ Tsuffer from critical limitations: inteobserver variability, low
throughput and inability to capture populatidavel morphological heterogeneiff]. While
deep learning models have achieved sbtétthe-art performane in biomedical image
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segmentation, their laboratory adoption is severely constrained by the absence of accessible,
integrated software environmerf8.

Cell Morphology Studio

etk ey

B

Figure4: Cell Morphology Studio initial onboarding interface. The central deagldrop panel invites

the user to upload a microscopy image, while the left column shows the pipeline control panel in its
initial 'Waiting' state.

Several established tools have attempted to address these limitations. Fiji/imageJ established
the paradigm of extensible, plugimsed microscopy analyqd#]. CellProfileradvanced this

with pipelinebased batch processing for morphological feature extra&joHastik provides

an interactive machine learning interface for pixel classification, but its generalist approach
limits performance on complex apoptotic state discrimingépnCellpose offers a powerful
generalist segmentation engine but is not designed for-oladts semantic segmentation of
apoptotic substatdg]. Commercial platforms including QuPath are optimized for tisuel
pathology rather than liveell neurotoxicity screeningg]. Collectively, thes tools leave a
critical gap: none provides a purpdsélt, endto-end environment for S¥3Y5Y neurotoxicity
screening integrating specialized deep learning inference with cloniade reporting in a
locally deployed, multuser desktop setting.

This paer addresses this gap by presenting Cell Morphology Studio, implementing the ViT
UNet-CBAM hybrid segmentation architecture within a completeterend analysis platform.

The principal contributions are: (i) a complete desktop software architectureatmgd/VPF
front-end with a Python deep learning backend through a coittaaetd IPC design; (ii) an
endto-end workflow covering image loading, inference, quantitative visualization- ROI
targeted analysis, interactive measurement, and automated PDFE geperation; (iii) an
embedded conversational Al assistant for natural language interpretation of morphological
metrics; (iv) a structured analysis history system with thumbnail caching andadge
filtering; and (v) a secure multiser authenticatiosystem with SHA256 salted hashing.

2. APPLICATION AND SYSTEM DESIGN
2.1. System Architecture and Design Principles

Cell Morphology Studio is built on three core architectural principles: (1) separation of
concerns between the user interface and compoétanalysis layers; (2) contraoased
communication to enable independent evolution of each layer; and (3plauking
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asynchronous design to maintain interface responsiveness duriagitonigg inference tasks.
The platform targets .NET 9.0 with Winds Presentation Foundation (WPF) for the frent
and Python 3.x for the deep learning backend.

Cell Morphology Sample loaded

Figure5: Cell Morphology Studio main dashboard after image loading. The-twkenn layout shows
the pipeline control pandlleft), the microscopy image viewer in the Original tab (center), and the
analysis plots panel (right). The pipeline status reads 'Ready'.

2.2. InterProcess Communication Protocol

Communication between the WPF frartd and the Python analysis backend is established
through operating system subprocesses. Analysis commands are dispatched using a configured
ProcessStartinfo structure with redirected standard I/O streams. The standardtream

carries reatime progress events encoded as PROGRESS:json tokens, where each JSON
payload contains percentage completion, status text, and optional substage identifiers. The
standard output stream carries the structured result JSON uponetiompl containing
timestamp, input filename, statistical summaries, and file paths to all generated output artifacts.

2.3. Authentication and MuHUser Management

The application implements a secure, lightweight authentication system suitable for shared
academic and medical laboratory environments. Passwords are hashed usiBgeSkith a
randomly generated salt via RandomNumberGenerator, providing protection against
precomputed table attacks. A Guest mode provides access to core analysis functithality w
account creation, facilitating quick access for demonstration and training purposes.

2.4. Image Acquisition and Analysis Pipeline

The main application window follows a threelumn layout: the left column contains pipeline
status indicators and prary control elements; the central column presents the-tablimage
viewer; and the right column displays numerical metrics and visualization charts. The system
accepts PNG, JPG, TIFF, and BMP formats. Upon initiating analysis, the WPFeffiibnt
dispatctes a subprocess command to the Python backend executing théNeICBAM
inference pipeline. Redime progress events stream back and are rendered via the Busy
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Overlay layer. Upon completion, the Overlay tab renders the-thase segmentation mask as
asemtitransparent color overlay. Key metri@stotal cell count, class percentages, mean area,
and coefficient of variatio® are displayed in the Key Metrics bar. The right panel presents
four analysis plots: KDE, box plot, CDF, and size category digioibu

(@) (b)

i
1]
i
|
|
(e
’
i

(©) (d)
Figure 6: () Realtime analysis view with the Busy Overlay active ('PredlidAnalysis in progress'),
(b) Interactive Measurement Tool with a calibrated 206.4 um line (20x objectiven@ixel). Scale
bar: 50 um, (c)Completed segmentation results: Overlay tab with etapesific mask, Key Metrics bar
reporting 353 total cells, affected ratio 43.2%, mean area 10,176 px2, CV 80.0%, (d) ROI Selection
interface with a rectangular region 282x851 px) defined over a dense cell cluster.

2.5. Interactive Spatial Analysis Tools

The platform provides two complementary tools for spatially targeted investigation. The
measurement module provides calibrated distance measurememscr@scopy images,
mapping pixel coordinates to physical micrometer values based on selected objective
magnification. Statistical summarization (mean, min, max, standard deviation) is computed
automatically, and results can be exported as CSV files. The®@ponent enables users to
focus the segmentation pipeline on a specific spatial subset by interactively defining a
rectangular boundary on the image canvas. Quick Select templates (512x512, 1024x1024,
Center 50%, Full Image) support standardized wowkdland enable localized quantification

of spatially heterogeneous cultures.

2.6. Label Editor

The Label Editor allows researchers to manually refine segmentation masks produced by the
model. Pixellevel operations employ unsafe memory access through AlheatdBlocks,
enabling direct bitmap manipulation without performance penalties. The painting tool provides
classbased annotation with adjustable brush sizes. An undo mechanism implemented as a
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bounded stack maintains the previous twenty mask states,ingnablersal of editing
operations without rnference.

2.7. Embedded Al Assistant

The embedded conversational Al assistant receives the complete numerical output of the
segmentation pipeling@ cell counts, class distributions, area statistics, and moretnic

O Al Assistant

Hello!
I can help you understand your cell analysis results.
Ask me anything about your data!

Can you explain the analysis results in detail?

Based on the provided analysis results, I'll break down
the key findings and offer insights into the cell
morphology analysis.

**Cell Counts:**

The total cell count is 353, indicating a relatively high
number of cells present in the image. However, the
absence of healthy cells (0) suggests that all cells are
affected or irrelevant in this context. This is a critical
finding, as it implies a potential issue with the cell
population or the sample preparation process.

**Class Distribution (pixels):**

The class distribution provides a pixel-based
representation of the image, which helps to understand
the proportion of each class. In this case:

- Background: 56.7% - This is a relatively high
percentage, indicating that a significant portion of the
image is occupied by background pixels. This could be
due to various reasons, such as uneven staining,
excessive hemoglobin, or poor sample handling.

- Healthy: 0.0% - As mentioned earlier, there are no
healthy cells present in the image.

- Affected: 43.3% - This percentage indicates that
approximately 43.3% of the image is occupied by
affected cells. This could be indicative of apoptosis or
other cellular stress responses.

- Irrelevant: 0.0% - This suggests that there are no
irrelevant cells present in the image.

**Cell Area Statistics:**

The cell area statistics provide valuable information
about the size and distribution of the affected cells.

- Mean Area: 10175.68 px? - This is the average area of
the affected cells, indicating that they are relatively
large.

- Median Area: 8487.0 px? - The median area is slightly
lower than the mean, suggesting that there might be a
few large cells that are skewing the mean value.

- Std Deviation: 8141.96 px? - The standard deviation is
relatively high, indicating a significant variability in cell
size.

- CV% (Coefficient of Variation): 80.0% - The CV% is a
measure of the relative variability, which is quite high in
this case. This suggests that the affected cells exhibit a
wide range of sizes.

- Min Area: 151.0 px? - The minimum area is relatively
small, indicating that there are some smaller cells
present in the image.

- Max Area: 44594.0 px? - The maximum area is quite
large, suggesting that there are some very large cells in
the image.

**Interpretation:**
Based on the analysis results, it appears that the

affected cells are relatively large and exhibit a wide
range of sizes. The high mean area and standard

Explain Results Summary Clear Chat
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Figure 7: Embedded Al Assistant panel providing structured natlaiaguage interpretation of
segmentation output (353 cells, 43.3% Affected, Mean Area: 10,175 px2, CV: 80%)aQigok
buttons (Explain Results, Summary, Clear Chat) support common query patterns.

indicesd and interprets these in natural language in response to user queries. The assistant
provides structured explanations covering class distribution percentages, astass(atean,
median, standard deviation, CV), and experimental recommendations. This module
substantially lowers the expertise barrier for result interpretation, making the platform suitable
for multi-disciplinary research environments.

CELL MORPHOLOGY LABORATORY Report 10 Utk 2260116-153541 . i = i il
Date: 16 January 2026, 1535 Standard Deviation 01420 e Size variailty

CELL MORPHOLOGY ANALYSIS REPORT Cosficnt of Vartion %0 % Normai

Minimum Area 1510 pm? Smafest e

W SAMPLE INFORMA' Maximum Area 44590 m? Largest cell
AN,

TION
Sample D ‘Aralyss Date Anayss Time Status

20280116-1535 2026-01-16 18:35:41 SUCCESS

‘ input ipg
W EXECUTIVE SUMMARY

TOTAL CELLS HEALTHY AFFECTED

353 0 353

Analyzed 0.0%

1 CLINICAL ASSESSMENT: ELEVATED

Elevated apopto Getected. Cirical comelation s Figre 1: Soqentaon oveia showing colclasificaon: Gron: Heathy, Red: AecediApopt

W DETAILED ANALYSIS RESULTS Statistical Distribution Analysis

Cell Classification Results
ount ercentage  Reference Ran
Healthy Cells 0 00% >60% 4 Below Range

pdeciad Cate Upopkotcy e Lo b i (Cell Aves Distibution (KDE) Cell Avea Boxplat Sze Category Disrioution

IrelevantDeris 0 00% <25% < Within Range

W CLINICAL INTERPRETATION

Total Analyzed 383 100% - -

Morphological Statistics

Mean Cell Avea 10,1757 ot Average cell size

(a) (b)
Figure 8: Automated PDF report output. (a) Executive Summary page with cell count, class distribution
percentages, reference range flags, and clinical assessment banner. (b) Visual Analysis page with
segmentation overlay, morphologl statistics table, and statistical visualization charts.

3. RESULTS AND EVALUATION
3.1. Automated PDF Report Generation

The reporting module compiles all analysis results into a structured, reproducible PDF
document organized in threections. The Executive Summary presents total cell count, class
distribution percentages with reference ranges and assessment flags (Below/Within/Above
Range), and a colaroded clinical assessment banner. The Visual Analysis section includes the
segmentaon overlay image, morphological statistics table, and statistical visualization charts
(KDE, box plot, size category distribution). The Clinical Interpretation section contains Al
generated textual analysis of morphological findings with experimentahreendations. The
report header includes complete metadatReport ID, analysis timestamp, and input filename

0 ensuring full traceability.

3.2. History Management and Configuration
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The application maintains a structured analysis history database. Bamngsecord contains

a unique identifier, input filename, processing timestamp, quantitative results, and references
to all generated visual assets. A thumbnail generation routine caches scaled overlay images to
accelerate history browsing. The historymager supports search by filename substring and
daterange filtering, facilitating organization of large experimental datasets. A configurable
settings layer allows users to adjust visual parameters (brightness, contrast, saturation,
sharpness) and analyai thresholds (model confidence level, minimum cell area filter). The
application supports light and dark display themes and language localization between Turkish
and English.

......

:l‘l .:;

Figure 9: Targeted ROI analysis outputh& pipeline has rexecuted exclusively within the selected
region (Total Cells: 45, Affected: 46.4%). Segmentation overlay and all analysis plots reflect only the
ROI subset, enabling localized quantification of spatially heterogeneous apoptotic distisbut

3.3. Discussion

Cell Morphology Studio demonstrates that deep learhased cell analysis can be successfully
translated from research prototypes into practical laboratory tools. Accessibility is addressed
through the dragnddrop onboarding workflow, guest authentication mode, bilingual
interface, and the embedded Al assistant. Interpretability is supported throughesemarent
segmentation overlays, histogram galleries, angeéerated contextualized natul@hguage
explanaibns. For expert users, the Label Editor provides a critical safety valve for correction
of systematic model errors withoutirderence.

Reproducibility is addressed through the analysis history system, complete PDF report
metadata traceability, and therntractbased IPC architecture ensuring future segmentation
backend updates can be deployed without modifying the-&dit Despite these strengths,
several limitations remain: the current deployment requires local Python and .NET runtime
installations; he Al assistant depends on backend API availability; and the platform is currently
validated specifically for S¥5Y5Y brightfield microscopy.
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4. GENERAL EVALUATION AND CONCLUSIONS

This paper has presented Cell Morphology Studio, a puipatte desktop application
implementing deep learniFgased morphological segmentation of-SM5Y neuroblastoma

cells within a complete entb-end laboratory workflow. The platform integrates th& WiNet-

CBAM segmentation architecture with an accessible user interface, interactive analysis tools,
Al-driven result interpretation, and automated clingrade PDF reporting.

The platform successfully bridges the gap between deep learning inferenaeusine
laboratory practice, enabling objective, reproducible, and interpretablethrmighput
neurotoxicity screening. Key software engineering contributions include a celnaised IPC
protocol, reatime PROGRESS:json reporting, SHA6 salted multuser authentication, and
structured analysis history management. Planned extensions encompass containerized cross
platform deployment, active learning integration for iterative model refinement from expert
corrections, and extension to fluorescence miapg@nd 3D spheroid cultures.
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ABSTRACT

The morphological quantification of SEY5Y neuroblastoma cells under Doxorubicin (DOX)
treatment remains a critical challenge in neuroblastoma research. This study proposes a hybrid
deep learning architecture, designated -UNet-CBAM, capable of performing accurate
segmentation across three classes: Healthy, Affected (Apoptotic), and Background (Residual).
The proposed model features a dpath encoder consisting of a ViT branch for global context
extraction and a CNN branch for thescale local feature encoding, integrated via
Convolutional Block Attention Modules (CBAM). The model was trained and evaluated on a
manually annotated private dataset prepared through a custom preprocessing pipeline
comprising eleven transformation kesques, validated using PSNR and SSIM metrics.
Experimental results demonstrate that the -UNlettCBAM architecture achieves a mean
IntersectioroverUnion (mloU) of 0.843, outperforming the standardNet (0.820) and
SegNet (0.780) baseline models. Timgprovement is most pronounced in the critical Affected
class (+0.12 loU), confirming that the hybrid approach effectively captures both global
apoptotic context and fine neurite boundary details.

Keywords: SH-SY5Y Neuroblastoma; Morphological Segmentatibeep Learning; Vision
Transformer; CBAM; UNet; Doxorubicin Cytotoxicity.

1. INTRODUCTION

Neuroblastoma is the most common extracranial solid tumor of infancy and accounts for a
disproportionately large share of pediatric casredated deaths. Doxoruliic (DOX), an
anthracycline antibiotic, remains one of the cornerstone components gidkigieuroblastoma
therapy. Its therapeutic efficacy, however, is substantially limited by-digsendent toxicity
profiles encompassing cardiotoxicity and significar@urotoxicity, leading to lorterm
cognitive impairment in pediatric patienfd]. This renders the precise and objective
guantification of drugnduced cytotoxsity one of the primary focal points of oncological
pharmacology.

The SHSY5Y human neuroblastoma cell line is recognized as theggaidiard in vitro model

for investigating chemotherapgduced neuronal damage. These cells are of unique relevance
owing to their capacity to differentiate into a newlide phenotype, extending long and
delicate neuritic processgd, [3]. DOX inhibits Topoisomerase Il through intercalation into
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Figure 10: Molecular mechanisms of Doxorubicin (DOXduced cytotoxicity in SIBY5Y
neuroblastoma cells. DOX intercalates into DNA and inhibits Topoisomerase I, caosiblgstrand

breaks. Concurrent reactive oxygen species (ROS) generation via the quinone redox cycle triggers
mitochondrial dysfunction and oxidative stress. These molecular events collectively initiate apoptosis,
which manifests morphologically as neariretraction, somatic shrinkage, and apoptotic body
formation.

DNA base pairs and triggers doulsigand breaks. Concurrently, the quinone redox cycle
generates Reactive Oxygen Species (ROS), leading to mitochondrial dysfunction. These
molecular events initiate a morphological cascade: initial neurite retractionticshrankage,
nuclear condensation, and ultimately the formation of apoptotic bodies are obg8rved
Despite morphological indicators of apoptosis, quantifying these changes remains a significant
challenge. Conventional colorimetric assays (such as MTT) measure metabolic activity but
cannot resolve populatidevel heterogeneity or morphological phermty differenced5].

These limitations necessitate the development of objective and scalable automated
computational tools.

Deep learning, pacularly CNNbased models such asNeét, has transformed biomedical
image segmentatide]. However, existing architecture exhibits three fundamental limitations.
First, CNNs rely on fixed receptive fields, amd high-density cultures tNet frequently
conflates distant apoptotic clusters into a single segmentation region. Second, attention
mechanisms in standard networks such as Attentiddetneglect channetise feature
discrimination, causing fine neuritgtructures to be discarded as noise during downsampling
[7]. Third, generapurpose models remain insufficient for resolving the subtle phenotypic
changes that distinguish Healthy from Affected cié]s[9].

To address these limitations, VIINet-CBAM is proposed, a hybrid architecture integrating a
Vision Transfomer (VIiT) for global context extraction with a CNN encoder for msitile
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spatial precision[10], [11]. The architecture is supported by a preprocessing pipeline
comprising eleven transformations evaluated within a tbless segmentation framework and
validated using PSNR and SSIM metrics.

2. EXPERIMENTAL STUDIES
2.1. Related Work

Automated cell segmentation has advanced rapidly since the emergence of fully convolutional
networks. The tNet architecture established the encedieroder paradigm with gki
connections as the dominant framework for biomedical segmeni{étiodNet++ introduced

dense nested skip connectighg], while AttentionU-Net incorporated soft attention gates to
suppress irrelevant feature activations during encdding

Dosovitskiy et al. demonstrated that ViT models can achieve competitive performance on
image recognition tasf40]. TransUNetwas among the first works to integrate ViT intoa U
Netlike framework for medical image segmentatid3]. SwinUNet enabled hierarchical
feature extraction at multiple scales using Swin Transforidgis CellVIiT applied VIT to
nucleus detection in histological tissue, demonstrating the potential of Transfoasent
architectureq15]. The CBAM module introduced lightweight channebaspatial attention
mechanismg11]; TransAttUNet demonstrated that combining these attention modules with
Transformer sefattention yields consistent gaifis].

Despite these advances, no study has jointly addressed the complementary limitations of CNNs
and ViTs in neublastoma morphological segmentation in the context of chemotherapy
induced apoptosis. This gap constitutes the primary motivation of the proposedNéiT

CBAM architecture.

2.2. Dataset Acquisition and Preparation

SH-SY5Y cells (ATCC CRLE2266) were cultted in DMEM (high glucose; Gibco, USA)
supplemented with 10% hemiactivated FBS and 1% PenicilBtreptomycin in a humidified
incubator at 37AC and 5% C ottom $Bwedll platesatbr e s e e
10) x 103 cells/well in 200 pL ecoplete medium per well and allowed 24 hours for attachment.

The experiment was performed with three treatment groups (Control, 0.5 pM DOX, 2 puM
DOX) at three time points (6, 24, 48 hours) with three biological replicateg§®ach

SH-SY5Y cells were imaged at the end of each treatment period using a Zeiss Axioskop Upright
Fluorescence Microscope under brightfield and pleasgrast illumination wh a 20x
objective. Images were acquired in CZlI format and exported as PNG files following
standardized intensity and gamma adjustments. Fifteeroventapping fields per well were
imaged for each experimental condition, yielding 45 images per treatmeptand time point.

2.3. Preprocessing Pipeline

An eleventransformation preprocessing pipeline was developed using Python and OpenCV to
maximize morphological information while controlling for imaging artifacts. The
transformations comprise: CLAHE (Lalolor space, clipLimit = 2, tile = 8x8) for local
contrast enhancement; Gamma Correction (92 =
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Laplacian Gentle filter (313, blend = 0.3) f
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Figure 2: Eleven preprocessed variants of a representatiwS®b¥ brightfield microscopy image
generated by the proposed preprocessing pipeline. (a) Original imagBijlélbgral Edge Transform,

(c) Canny Edge Overlay, (d) CLAHE (Lab color space), (e) Difference of Gaussians (DoG), (f) FFT
Low-Pass Filter, (g) Gabor Filter Bank, (h) Gamma Correctign T1®@o, (i) Gama Dizeltme

[ 1@, (j) Laplacian Gentle Filter, (k) MorpHogical TopHat Transform, (I) Unsharp Masking.
Each transformation addresses a distinct imaging artifact or morphological feature: contrast
enhancement (c, g, h), edge and boundary definition (a, b, i, k), freqden@in filtering (e), texture
characteization (f), and apoptotic body highlighting (d, j).

Di fference of Gaussians (0 = 1, G = 3) for me
2 scales) for directional texture; Morphological fidat Transform (9x9, gain = 0.35) for
apoptotic body contrast; Bil attEpateEdg&) Tfan
reduction; and FFT LovPass Fi |l ter (G & 0. O #requencynoisg r ows ,
removal.
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Each transformation was validated using PSNR and SSIM metrics, with results summarized in
Table 1. The Sharpening transformation achitthe highest PSNR (45.65 dB, SSIM = 0.9977)
with minimal morphological distortion, while the Laplacian filter provided the greatest contrast
enhancement (PSNR = 25.11 dB, SSIM = 0.8067).

Table6: PSNR and SSIM evaluation of eley@eprocessing transformations relative to the original
SHSY5Y brightfield image. Unsharp Masking achieves the highest structural fidelity (PSNR=45.65 dB,
SSIM=0.9977); the Laplacian Gentle Filter produces the greatest contrast deviation (PSNR=25.11 dB,
SSIM=0.8067).

Transformation PSNR (dB) SSIM

CLAHE (Lab*) 19.59 0.8729
Gamma Correction (09 31.78 0.9985
Gamma Correction (9 32.33 0.9987
Laplacian Gentle 25.11 0.8067
Sharpening (U = 0.25 45.65 0.9977
Canny Overlay 27.97 0.9857
Difference of Gaussians (DoG) 35.17 0.9857
Gabor Filter Bank 20.20 0.9848
Top-Hat Transform 33.83 0.9898
Bilateral Kenar 42.25 0.9821
FFT Low-Pass Filter 34.45 0.9839

2.4. Proposed VilUNet-CBAM Architecture

The VIiT-UNetCBAM model is built upon a symmetric encodbycoder framework
augmented with two parallel data processing streams: a convolutional encoder for local feature
encoding and a ViT module for global context extracf&jn[10].

Convolutional Encoder Path: The CNN branch consists of four ConvBlocks with 3x3 kernels
(feature map channels: 64, 128, 256, 512). Each ConvBlock incorporates Batch Normalization,
ReLU activation, and Max Pooling. CBAM is applieal each ConvBlock; channel attention
precisely localizes apoptotic tissue cues, while spatial attention localizes neurite boundaries.
VIT Global Context Path: The VIT branch partitions the input image into fseel 16x16
patches and projects each patolo a sequential vector representation. Mo#ad seH
attention across all patches establishes-lamge semantic dependencies, enabling the model

to understand the global compositional context of the cell cluster. Feature representations from
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Transfomer layers 4, 8, and 12 are projected to the spatial domain and concatenated to form
the Global Bridge representation. CBAM Fusion and Decoder: The fused feature map is refined
by CBAM. The decoder comprises symmetric upsampling blocks with skip conrgction
auxiliary outputs are generated at 64x64 and 128x128 pixel resolutions to providscalelti
supervision.

TRANSFORMER ENCODER

EE':'* +éﬂéﬂﬁg9?ﬂ%++%3

B | N e o G

Linear Pro;ectnon of Flattened Patches

—_—

=

: Ceanlock ' Coanlock l l CoanIock Conv Block ]
115 230 512 Skip Connections

Figure 3: Architectural overview of the proposed \UINet CBAM model for fouclass morphological
segmentation of SI3Y5Y neuroblastoma cellBhe dualpath encoder combines a ViT branch (upper

path) extracting global context via muliead seHattention over 16x16 patches, with a CNN branch
(lower path) encoding mutscale local features through CBAMigmented ConvBlocks with 64, 128,

256, andb12 channels. VIT representations from layers 4, 8, and 12 are aggregated in a Global Bridge
and fused with the deepest CNN feature map. The decoder reconstructs segmentation masks through
symmetric upsampling blocks (64, 128, 256 channels), accompawieskifp connections from
corresponding encoder stages and auxiliary outputs at 64x64 and 128x128 resolution fescaldti
supervision.

CBAM Fusion and Decoder: The fused feature map is refined by CBAM. The decoder
comprises symmetric upsampling blockshwskip connections; auxiliary outputs are generated
at 64x64 and 128x128 pixel resolutions to provide rugiile supervision.

3. RESULTS AND EVALUATION

Segmentation performance is evaluated using five complementary nié#|cg18]. loU
rigorously measures the spatial overlap between predicted and gratmdhasks, while the

Dice Score provides a single value balancing precision and recall. Precision measures the
proportion of corret predictions among predicted positives; Recall measures the true positive
detection rate. High Recall for the Affected class is critically important in pharmacological
screening.
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Table 2 presents the pelass evaluation of ViTUNetCBAM on the heldout test set. The
Background class achieved a Dice of 0.974 and loU of 0.950; the Healthy class reached a Dice
of 0.936 and loU of 0.880. The Affected class, constituting the most challenging segmentation
target due to cell shrinkage and overlapping clustetgeved a Dice of 0.895 and IoU of 0.810,

with Recall = 0.900 and Precision = 0.890. The Irrelevant class reached a Dice of 0.844 and
loU of 0.730.

Table7: Per-class segmentation performance of UNet CBAM on the helaut test st. The Affected

(apoptotic) class represents the most challenging target, yet ach@&eT@p p, 1Y 'Q @ ¢ audd 7T 7T
(recall) andu i 'Q w Qi Ti@éwprecision).

Metric Back(g(])r)ound Healthy (1) Affected (2) Irrelevant (3)
Dice 0.974 0.936 0.895 0.844
loU 0.950 0.880 0.810 0.730
Precision 0.970 0.932 0.890 0.835
Recall 0.978 0.940 0.900 0.853
F1 Score 0.974 0.936 0.895 0.844

Table 3 presents the mloU comparison of \UINetCBAM against the CNMbased UNet and
SegNet baselines across all classes.-WNetCBAM achieves the highest mloU at 0.843,
outperforming UNet (0.820) and SegNet (0.780). The advantage is most pronounced in the
Affected class: ViTUNetCBAM attains an & of 0.810, representing gains of +0.120 over
U-Net and +0.210 over SegNet. These gains confirm that the hybrid transtmmeution
design better captures lomgnge contextual relationships among fragmented apoptotic
structures.

The baseline tNet (mloU = 0.820), which relies solely on convolutions, excels at encoding
local structural features but lacks the leagge receptive field required to model global
context. This limitation is directly reflected in its lower performance on the Affected ks (

= 0.690), where apoptotic cells appear in dense and ambiguous clusters. Tretllealcoder
simultaneously processes midtiale local texture features through a CNN branch and
establishes global patch relationships via a ViT branch. The CBAM m&guiéons as an
adaptive gate: channel attention identifies diagnostically relevant feature maps, while spatial
attention localizes these features to cell boundaries. This design enables the simultaneous
achievement of high Recall (0.900) and high Dic84b) for the Affected class.

The preprocessing pipeline also makes meaningful contributions. The Morphologiddbi op
Transform enhances the contrast of small apoptotic bodies, the Gabor filter bank accentuates
neurite boundary textures, and the bilatedde transform suppresses background noise while
preserving membrane edges. The study has several limitations: tigattuatchitecture incurs

higher computational co$i9], generalization to other neurotoxic agents has not yet been
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validated, and extension to thrdienensional spheroid cultures represents an important
direction for future researdB0], [21].

4. GENERAL DISCUSSION AND CONCLUSIONS

This study has presented ViONet-CBAM, a hybrid segmentation architecture designed to
meet the distinctive morphological analysis requirements of D®3ted SHSYS5Y
neuroblastoma cultures. The core motivation is the inability of existing architectures to address
Table8: Per-class and mean loU (mloU) comparison of UINet CBAM against the tNet and SegNet

baselines. ViTUNetCBAM achieves the highest mloU (0.843) while producing the largest margin on
the Affected class (+0.120 overNEkt, +0.210 over SegNet).

Background Healthy Affected Irrelevant

Model () (1) @) 3) mloU
ngu;;NEI'CBAM 0.950 0.880 0.810 0.730 0.843
U-Net 0.940 0.830 0.690 0.670 0.820
SegNet (CNN) 0.930 0.810 0.600 0.590 0.780

the complementary limitations of CNNs and pure Vision Transformers: CNNs lack the long
range receptive field needed to distinguish dense apoptotic clusters, while ViTs cannot retain
the pixellevel spatial resolution necessary for delineating fine neulnttendaries. The
proposed duagbath encoder processes images simultaneously through a ViT branch for global
patch relationships and a CNN branch for msittale local texture, with adaptive fusion via
CBAM. This design represents a principled response & Hiological complexity of
chemotherapynduced apoptosis, as both the global arrangement of cell clusters and the fine
structural detail of individual cells carry diagnostic significance.

Empirically, ViT-UNet-CBAM achieves an mloU of 0.843, surpassinglet by 4.3 points and
SegNet by 6.3 points. Particularly noteworthy are the model's loU of 0.810 (+0.120-over U
Net) and Recall of 0.900 for the clinically critical Affected (Apoptotic) class. High recall is
especially important in pharmacological scregnsontexts where missing apoptotic cells
carries a higher cost than false positives. The simultaneously high Precision (0.890)
demonstrates that the architecture does not achieve high recall at the expense of specificity.

The elevertransformation preprossing pipeline constitutes a secondary yet meaningful
contribution. Taken together, these contributions establish an objective, scalable, and
reproducible basis for quantifying drilgduced cytotoxicity in neuronal cell lines. Future
research directions atude lightweight alternatives (knowledge distillation or efficient
transformer variants), generalization to additional neurotoxic agents, and extension-to three
dimensional spheroid cultures.
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ABSTRACT

Reliable electrochemical quantification of dopamine (DA) is challenging when interfering
species produce overlapping voltammetric responses in differential pulse voltammetry (DPV)
measurements. In particular, hydroquinone (HQ) generates oxidation shyatadéstort the
apparent DA peak through nonlinear interactions, limiting the effectiveness of conventional
peakbased analysis. This work presents a deep learning (DL) framework for DA
concentration estimation directly from voltammetric signals. The egboapproach
combines Fouriebased signal modeling, interpolatidniven synthetic data generation, and
Gaussian peak reconstruction to create a dense dataset of physically consistent voltammetric
responses, wherein each reconstructed signal is formedulbyming Gaussian peak
contributions along with a baseline offset. A comprehensive experimental evaluation across
diverse model families demonstrates that hybrid convolutioealirrent architectures
achieve the highest prediction accuracy by capturing lboti peak morphology and global
signal dependencies. These results demonstrate the potential of DL for robust DA
guantification in complex electrochemical sensing environments.

Keywords: Nonlinear Peak Deconvolution, Dopamine Detection, Deep Learning,
Electrochemical Sensing

1.1 NTRODUCTI ON

Electrochemical voltammetry provides a powerful analytical tool for probing radtve
species in chemical and biological environments. In particular, differential pulse
voltammetry (DPV) enables highly sensitive detection of electroactive molecules by
enhancing faradaic current responses while suppressing capacitive background contributions
[1]. These characteristics have made DPV widely used in electrochemical sensing
applications, including the detection of biologically important neurotransmitters. Dopamine
(DA, 3,4dihydroxyphenethylamine) is widely recognized as an essential neurotransmitter
the mammalian brain, where it plays a central role in modulating motor behavior, reward
mechanisms, learning processes, and higher cognitive funf2iof3]. Impaired regulation
of dopaminergic neurotransmission has been implicated in a range of neurological and
psychiatric disorder s, including Parkinsond
[4], [5]. Consequetty, developing reliable techniques for DA quantification has become an
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important objective in both biomedical research and clinical diagn¢6}ids].

Accurate voltammetric determination of DA in real samples is often hindered by
coexisting electroactive interferemighose oxidation potentials lie close to that of DA.
Common compounds including ascorbic acid, uric acid, and hydroquinone (HQ, 1,4
dihydroxybenzene) generate voltammetric peaks in similar potential regions, resulting in
substantial signal overldp], [9]. Among these interferents, HQ is a particularly significant
source of interference, as its electrochemical actibduces voltammetric responses that
closely coincide with those of DA oxidati¢hO], [11].

Experimental studies reported in the literature indicate that the coexistence of multiple
electroactive species in voltammetric measurements often leads to signal interactions that are
not explainable through simple lineaegk superposition. In complex electrochemical
environments, overlapping redox processes may induce distortions in the recorded
voltammetric responses, including peak potential shifts, peak broadening, and nonlinear
variations in current intensitjl 2], [13]. The® effects arise from coupled electrochemical
behavior and the proximity of oxidation potentials among the involved analytes, which
renders the interpretation of individual signals more difficult and diminishes analytical
selectivity [14]. Consequently, conventional peak analysis and calibration strategies that
assume additive and independent sigmgitributions often become unreliable for accurate
guantification in mixed systems.

To overcome these limitations, computational dahteen approaches have gained
increasing attention for the analysis of voltammetric signals. Machine learning methods offe
powerful tools for capturing complex and often nonlinear relationships between
electrochemical signal patterns and analyte concentrations, which can improve analytical
performance in multicomponent sensing environments where overlapping redox responses
are presenfl5], [16]. Previous studies have demonstrated that machine learning algorithms
can support voltammetric signal analysis through tasks such as pattern recognition, peak
separation, and quantitative predict[@@]. Nevertheless, many of these approaches rely on
manually designed signal fea#sr a dependence that may constrain the ability of models to
utilize the full informational content present in raw electrochemical measurements.

In this study, a deep learningased (DL) framework is developed for the quantification
of DA from DPV signalsUnlike conventional approaches that rely on manually engineered
signal descriptors, the proposed framework operates directly on reconstructed voltammetric
sequences, enabling neural networks to learn relevant signal representations in an
autonomous mannefhe training dataset combines experimentally acquired measurements
with synthetically generated signals obtained through Fehased signal modeling and
Gaussian peak reconstruction. This hybrid dataset generation strategy enables dense
sampling of theconcentration space while preserving physically meaningful characteristics
of the electrochemical peaks.

The remainder of this paper is organized as follows. Section 2 describes the proposed
methodology, including experimental data acquisition, Folmdsed signal modeling,
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synthetic data generation, raw signal reconstruction, and the DL models used for
concentration estimation. Section 3 presents the dataset construction, evaluation metrics,

Mixed DPYV Signal
(V)

Concentration Pair
(p1, p2)

DA-only
Reference Data

Deep Learning Framework for Dopamine Quantification

Peak Detection
Prominence-based
findpeaks

Extract (p, o, h)
for each dominant peak

Output: (p1,61,h1),
(pz,02,hz)
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2D Interpolation
in Fourier Coefficent
Space

Peak-Parameter
Augmentation
O[s] — OA[s] + t(OB]s] —
OA[s])
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Figure 11. Overview of theproposed framework for DA quantification from DPV signals. The
pipeline consists of Fourierbased signal modeling, peak parameter extraction, synthetic data
generation through parameter interpolation, Gaussiarbased signal reconstruction, longormat
dataset assembly, and Dkbased concentration estimation at the final stage.

and experimental results. Finally, Section 4 summarizes the main findings and outlines
directions for future work.

2 . METHOD

Figure 11 illustrates the overall workflow of the proposed framework, from signal
modeling and synthetic data generation to -sigwnal reconstruction ral DL-based
concentration estimation.

2.1.ExperimentaData Acquisition and Preprocessing

DPV measurementwere performedto recordthe electrochemicatesponsesf DA in
the presencef HQ usingscreerprintedcarbonelectrodesn a phosphatéufferedsaline
electrolyte All voltammogramsvereobtainedunderidenticalexperimental conditions
within afixed potentialwindowandsampledalongthe potentialaxisto generateurrent
potentialpairs 60 . Priorto analysistherawvoltammogramsverepreprocessetb reduce
noiseandbaselinevariationswhile preservinganalytedependent pea&haracteristicsThe
signalswere then aligned onto a commonpotential grid to ensureconsistencyacrossall
measurements.

2.2.FourierBased Signal Modeling and Peak Parameter Extraction

Each voltammetricsignal was represented using a Fourier series to capture the
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nonlinear peak morphology of the eleetrchemical response. This representation
provides a smooth approximation of the measured clipeténtial curve and enables
consistent peak characteripat across different concentration conditions.

Algorithm 1: Fourier8 fitting and twepeak parameter extraction

Input: 60
Output: (t ,A ,E)and ,A ,E)
60 NDOADPAOA#BHOASAOA
A EBO) El OGERONIOA OA Al EUA
6N ET ODBGRA®R H N A
ohh N £ET ADARE O A @A HAAE O
if 0 1 then

, NAOCIH)AN ) , NN p
t A,EFf ,A,E N . AR AR AR AR AR A,
HUEl p1E HI

EN, Nt N6 ENEN) E

CSEEATIFAGEIADT OOER CAOOT ENl AT RAIADAODT T Al

EGHE AGBEAI

AN —
n

Sort detected peaks by decreasing heght
Assign the highest peak to index 1 and the second to index 2

Given a voltammetric signabh) , the current response was approximated using an
eighthrorder Fourier model:

m A AATBxg A OEHEx @ p

The model parameters were estimated using robust nonlineasdgases fitting with
bisquare weighting to reduce the influence of noise and outliers. The resulting Fourier
function was then evaluated on a dense potential grid to obtain a smooth retomsti
the voltammetric signal. Following this reconstruction, peak detection was performed on the
reconstructed curreipotential curve using a prominenbased peak search to identify the
dominant oxidation responses.

For eachdetectedpeak,threechaacteristicparametersvere extractedthe peakcenter
potential u, the peak amplitudeh, and the peak widtB. The peak center potentialand
amplitudeh correspond to the voltage and current values at the detectedopatikn. The
peakwidth parameterl was estimatedirom the full width at half maximum (FWHM) as
follows:

&7 ( -
—— C

g1 1 ¢

A
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When multiple peaks were detected, the two peaks with the largest prominence values
were retained to capture the dominant oxidation responses of the mixéttDgignal. The
detected peaks were subsequently ordered by decreasing amplitude so that thpdaghes
was assigned to index 1 and the second highest peak to index 2. The complete extraction
procedure, including Fourier fitting, peak detection, and parameter estimation, is summarized
in Algorithm 1.

2.3.SyntheticData Generatiorand SignalReconstruction

Syntheticsignalsweregeneratedrom the extractedpeakparameterso obtaina denser
sampling of the DATHQ concentration spacdnterpolation was performed in the peak
parameter space ({1, h) across neighboring concentration conditions. Additional parameter
sets were then generated by introducing controlled perturbations in the peak parameters for
identical concentration pairslhese parameterswere subsequentlyusedto reconstruct
synthetic voltammetric signals. The generatedsamples preserve the physical peak
morphology while increasing dataset diversity, thereby enhancing the robustness of the
subsequent deep learningpdels.

Once the synthetic parameter sets were established, they were converted into full
current potential signals prior to model training, as the DL models operate directly on
voltammetric signals rather than on manually engineered features. For each parameter se
the voltammetric current was reconstructed using a Gaussian peak model:

C6mKE A E o

The reconstructed signal was obtained by summing the contributions of the detected
peaks together with a baseline offset.

When availableadditional baseline peaks were also incorporated:
Y6 1 E£EGEG PhFE,  CeNn MK fE T

The current was evaluated on a fixed potential grid containing N = 112 uniformly spaced
points within the measurement window. Each reconstructed signal was thegpfesented
as a sequence of sampled current values along the potential axis. For dataset generation, the
reconstructed current vector was written in kdagnat representation. For each signal, N
rows were produced containing the sample identifier, méxtamcentrationse(fD ), the
potential index t, and the corresponding voltagerent pair ¢ f) ). This procedure converts

the peak parameter representation into a dataset suitable for sedpaseceDL models. The
complete reconstruction and dataset generation process is summadAigpatithm 2.

2.4.Deep Learning Models

The reconstructed voltammetric sequences were used as inputs to DL models for DA
concentration estimation. Each sample consists of a -feqggth current sequence
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representinghe voltammetric response of a specificibfQ mixture. In addition to the raw
signal, a small set of statistical descriptors was extracted to provide complementary
information about the overall signal distribution and peak characteristics. A diverse set of

Algorithm 2: Long-format dataset generation by Gaussian reconstruction on a fixed V grid
Input: | AOQOAMA IxA GE 1 Oipiedi A£AORGER ME ATIADOET T Al
t K FE R KK FE
Output: 1 T 1T &l OKARBx EOF x@A | EEIBAD hd6 N
1) Build fixed potential grid
6N 1 ET OPABAR h ppcg
2) Decide whether to include base peaks
if FORCE_INCLUDE_BASIK setthen
ET Al O AAFORCEAINCLUDE_BASE
else
ET Al OAAHewki€diéCheck()
3) Streamwrite long rows
Initialize outputfl N n

THU I HBITHEE T do
2AABP NEREI ® EBT ODERA
AT 1 O6ET OA
(a) Reconstruct current vector
)6 N
if offset isfinite then
Y6 N )6 1T EEOAOD
Add peakl if valid:
Y6 N )6 CeIip M FE
Add peak? if valid:
Y6 N)Y6 C6n M FE
if includeBase = Tru¢hen
Add base peak if valid:
Y6 N)Y6 Ccen MK FE
Add base peaR if valid:
Y6 N)6 Cen M FE
Replace NaN/Inf in I(V) with O
(b) Write N rows
forO mto. pdo
Append (sample_id ED b i®6 h ) tofl
Savefl as CSV

Gaussian model:

C6MME A~ Ehenforcek 4
HeuristicCheck(' ) (base peaks are physical?)
ReturnTrue if:
(i) basecolumnsexist, and
(i) baseamplitudeis oftennonzeroand
(i) basecenterarenotidenticalduplicatef maincenterdor mostrows
Else returrfalse

neural network architectures was evaluated to explore different representation learning
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strategies for voltammetric signal analysis and interpretation. Convolutional neural networks
(CNNs) were used to capture local peak morphology and-soge signal atterns.
Recurrent architectures, including bidirectional gated recurrent unit (GRU) and long short
term memory (LSTM) networks, were employed to model sequential dependencies along the
potential axis. Dilated convolutional models, such as Wavebistd arhitectures, were also

Table 9. Representative rows from the reconstructed londormat voltammetric dataset, where

each row corresponds to a single potential sample associated with a given DAIQ
concentration pair.

Example of Long-Format Voltammetric Dataset

sample_id T (M) T (M) t V (V) I (A)
T ¢ @t L Bt 1! T T PH O p 1T
Tt ¢ &t v Bl p T WT @ PROW P T
T G &t L B q ™ YW & ¢ pT
T ¢ @ L B o ™ Yoy ¢cqhwpT
T g @t L Br T ™ X YT o mpT
T ¢ @t L Bt v T8 XOT 1® Y pTr
8 8 8 8 8 8
8 8 8 8 8 8
8 8 8 8 8 8
T ¢ @t L B ppp T nmnmn Ydtv p

investigated to capture longnge signal relationships without the use of recurrent layers. In
addition, residual and squeéegcitation enhanced CNN variants were incorporated to
improve feature propagation and charwede feature weighting. In severatchitectures,

the HQ concentration paramefrwas incorporated through featusése linear modulation
(FiLM), allowing the networks to adapt their internal feature representations according to the
interfering species concentration. Finally, ensemblegiies were evaluated by combining

the predictions of multiple models. These ensembles aggregate complementary
representations learned by different architectural families and thereby yield more stable DA
concentration estimation outcomes.

3.EXPERI MENTALWAEVAN

3.1.Dataset Construction

The dataset used for DL experiments follows the same experimental acquisition protocol
and synthetic data generation proceddescribedin the previoussections.However, the
representatiorused for model training differs from that of the featurébased machine
learning approach. Instead of constructing explicit geeded feature vectors, the DL models
operate directly on reconstructed voltammetric signals in the potexntisgnt domain.

3.1.1.Real Electrochemicdbata
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All experimental measurements were obtained using DPV under identical
electrochemical conditiongl]. Voltammetricresponses were systematically recorded for
multiple DA and HQ concentration combinations. DA concentrations were set to 25, 50, 100,
250, and 500 pM. For each DA level, HQ concentrations were varied independentlg over
comparable range, resulting in 24xed DAI HQ measurements. In addition, a separate DA
only dataset consisting of five measurements at the same DA concentration levels was
acquired to provide reference signals in the absence of HQ interfexféeas.

3.1.2.Interpolation and Synthetic DaGeneration

Synthetic signals were generated to extend the coverage of tHH@A
concentration space beyond the experimentally measured combinations. Each voltammetric
signal was first represented using the Fourier8 model described in Section 2.2. @ominan
peak parameters (i, h) were then extracted from the reconstructed signals. Synthetic
samples were produced by performing fimensional interpolation in the peak parameter
space across the DA amtlQ concentration axes. Additional signal instanceswenerated
for identical concentration pairs by introducing controlled perturbations in the peak
parameters. These parameters were subsequently used to reconstruct synthetic voltammetric
signals while preserving physically consistent peak morphologydhoui.

3.1.3.Raw Signal Reconstruction for Deep Learning

In contrast to the featwteased machine learning framework, the DL models operate
directly on reconstructed voltammetric waveforms. The synthetic signals generated from
peak parameters were therefore converted back to the patemtraht domain prior to
model training. For each concentration par, @ ), the signal was evaluated on a fixed
potential grid spanning T@I® 6 with 112 uniformly spaced points. This procedure
produces a consistent sequence of voltageent samples representing the falitammetric
response of each mixture. The dataset is stored inftongat form, where each row
corresponds to a single potential sample associated with a given mixture concentration. An
excerpt of the dataset structure is showTale 9. These sequences are used directly as
inputs to the DL models during training.

3.2.EvaluationMetrics

Model performance was evaluated using two commgression metrics: mean absolute
error (MAE) and root mean square er(BMSE). Thesemetricsmeasurdhe discrepancy
betweerthepredictedDA concentratiotd and the corresponding groutrith valueU over
. test samples.

The mean absolute errordsfined as:

MA E

P9 uss 0

The root mean square error is defined as:
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RMSE

Table 10. Performance comparison of deep learning architectures for dopamine
concentration estimation. Models are groupedaccording to their architectural families, with
accuracy reported in terms of RMSE and MAE.

Deep Learning Model Benchmark Results

Family Model RMSE MAE
MLP_RawsSignal 57.884 41.638
MLP MLP_Baseline 78.022 57.663
MLP_FeatureOnly 56.822 47.672
CNN_Original 60.663 45,743
FastCNN 56.429 44.857
ImprovedCNN_SE 54.399 37.414
CNN ResidualCNN_SE 59.303 45,220
AttentionCNN 61.225 44,721
DenseNet 57.390 40.476
InceptionLite 59.629 43.128
FastInception 57.256 46.433
BiLSTM 63.441 46.215
RNN
GRU_Attn 53.368 36.976
) CNN_LSTM v2 64.131 47.458
Hybrid _ _
CNN_BIiGRU_FiLM 31.270 19.602
WaveNet 57.780 40.470
. FastWaveNet 49.580 34.289
Dilated CNN o
FastWaveNet Optimized 32.750 24.495
WaveNetSE_FiLM 49.420 39.900
StrongResidual 51.804 38.513
FastResidual 51.669 39.216
ResNet
PreActResNetlD FiLM 45.269 35.314
ResNetlD _SE_FiLM 47.402 33.940
Transformer TransformerLite 51.864 36.415
MeanEnsemble 47.117 33.473
Ensemble
BestModelEnsemble 52.971 41.361
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HybridModelEnsemble 43.143 34.787
EnsembleFeatures 62.751 44.698

MAE reflects the average absolute prediction error, while RMSE penalizes larger
deviations more strongly due to the squared error term. Together, these metrics provide
complementary information about model accuracy and overall robustness.

3.3.Results and Discussion

The predictiveperformanceof the investigatedDL modelsis summarizedn Table 10.
The architecturesare groupedaccording to their design families to facilitate comparison
between different representation learning strategies. Model accuracy is reported using RMSE
and MAE, where lower values indicate more accurate DA concentration estimation
outcomes. The multilayer perceptron (MLP) models serve as baseline architectures. Because
these networks process the input as a flat feature vector, they eaphoitly exploitthe
sequentiastructureof voltammetricsignals. Consequentlyall MLP variantsproducehigher
prediction errors compared with most sequelnased alternatives. CNNs demonstrate
improved performance by learning local peak morpholdiggctly from the voltammetric
current sequence Several CNN variants were evaluated,including ImprovedCNN_SE,
DenseNet, and Inceptidmased models, which consistently reduce the prediction error
relative to the MLP baseline models. Recurrent architectures were alsigatezsto model
sequential dependencies along the potential axis. While the BILSTM mieldisrelatively
higher errors, the attentionbased GRU_Attn model shows noticeable improvement,
indicatingthatattention mechanismselp the networkfocus on informative regionsof the
electrochemicalsignal profile. The best overall performance is achieved by hybrid
architectures that combine convolutional and recurrent components. In particular, the
CNN_BIGRU_FiLM modelobtainsthe lowest prediction error with an RMSE of 31.27
and an MAE of 19.60. In this architecture, convolutional layers capture local peak
structures, while the bidirectional GRU models sequential dependencies across the full signal
sequence. The FiLM mechanism additionally incorporates Qedhcentration parameter
p2, enabling the network to adapt its internal representations according to the interfering
species concentration. Dilated convolutional models based on WaveNet also achieve
competitive predictive performance. The FastWaveNet_Optimized configuration produces
an RMSE of 32.75, demonstrating that dilated convolutions can effectively capture long
range signal relationships without recurrent layers. Residual CNN architectures provide
stable but moderateimprovements,while the lightweight transformermodel achiees
reasonablaccuracyputremaindess effective than the best hybrid and dilated convolutional
configurations. Finally, ensemble strategies were evaluated by combining predictions from
multiple constituent models. Although some ensemble configuratiaukipe competitive
results, none surpass t@NN_BIGRU_FiLM architecturein terms of overall accuracy.
Overall,theresultsindicatethatarchitecturesapableof jointly capturing local voltammetric
peak morphology and broader sequence dependencies provide the most accurate DA
concentration estimation outcomes.
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4 . CONCLUSI ON

This study presents a Bhased framework for DA quantification from DPV signals
recorded in the presence of HQ as an interfering species. Unlike conventional machine
learning approaches that rely on manually engineered features, the proposed metha operate
directly on reconstructed voltammetric sequences, allowing neural networks to learn in an
autonomous manner informative representations of the electrochemical response. The
framework combines Fouridrased signal modeling, interpolatidniven syntheticdata
generation, and Gaussian peak reconstruction to generate physically consistent voltammetric
signals over a dense concentration space. A comprehensive experimental evaluation across
multiple neural network architectures demonstrates that models capadietly capturing
local peak morphology and sequential signal dependencies achieve the most accurate
concentration predictions, with the CNN_BIGRU_FiLM architecture providing the best
overall predictive performance. These results demonstrate that @elsnvained on raw
voltammetric signals can effectively recover analyte concentration information even under
nonlinear interference conditions and complex signal distortions. Future work will extend the
proposed framework to more complex electrochemidatures, including threeomponent
systems, and explore the development of a-based interface to enable interactive signal
analysis and practical deployment of the proposed methodology.
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ABSTRACT

Dopamine (DA) quantification in biological samples is central to neuroscience research and
clinical electroanalysis. Differential pulse voltammetry (DPV) offers a sensitive detection
method, but overlapping oxidation peaks from ascorbic acid (AA) and uric acid (UA)
complicate direct DA quantification from mixture signals. This paper proposes-stage
machine learning pipeline comprising a gradient boosting regression stage for pure DA
voltammogram reconstruction from mixture signals, followed by a gradient boosting
classification stage for concentration prediction. To address limited expésinsata, a
Fourierseries representation combined with thdéeensional concentratiespace
interpolation is used to augment 22 experimental measurements into 1,314 synthetic mixture
samples. The begierforming pipeline configuration achieves 89.73%-tmend classification
accuracy across four evaluated model pairs, without requiring prior knowledge of individual
component concentrations, demonstrating the viability of-dat@n deconvolution for
automated electroanalytical quantification.

Keywords: Dopamine Detection, Peak Deconvolution, Differential Pulse Voltammetry,
Machine Learning, Gradient Boosting, Fourier Series, Data Augmentation

1. INTRODUCTION

Dopamine (DA) is a neurotransmitter involved in motor control, reward processing, and
cognitvef uncti on. Abnor mal DA | evels are associ a:
and attention deficit hyperactivity disordér2], making accurate DA quantification important
for both clinical diagnostics and neuroscience research.

Differential pulse voltammetry (DPV) is widely used for electrochemical detection due to its
high sensitivity, fast respse, and low cog8,4]. However, in biological samples DA coexists
with ascorbic acid (AA) and uric acid (UA), whose oxidation potentialslapevith that of

DA [5]. This overlap makeselective quantification from raw voltammograms diffid6lt
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Chemometric methods such as partial least squares regression and principal component analysis
[7] have been applieto this problem, but they typically assume linear sigr@icentration
relationships and require careful feature engineering. Deconvolution techrf@@gsan
separate overlapping peaks, yet they often rely on prior knowledge of system parameters.
Machine learning provides a dadaven alternativg10], but many existing approaches either
require known mixture concentrations during inference or are limited by small datasets.

This papeproposes a twgtage machine learning pipeline that predicts DA concentration from

a mixture DPV signal without using concentration inputs. In Siage regression model
estimates the pure DA signal from the mixture voltammogram (peak deconvolutioi@gé2 S

a classifier maps the estimated DA signal to a concentration class. To overcome the limited
number of experimental measurements, each signal is represented {amnbdic Fourier
series, and new training samples are generated by interpolatingrremefficients across the
threedimensional concentration space.

The main contributions are as follows: diGradient Boosting regression model that achieves
R?=0.923 for DA signal extraction using only the raw voltammograma (fpurierbased
augrentation scheme that produces 1,314 synthetic mixtures from 22 experimental
measurements, (iig comparison of four model combinations showing that regression quality
is the dominant factor in ertd-end accuracy, and (i@n error analysis indicating th&0% of
misclassifications fall within one concentration step |(R5.

2. METHOD

2.1. Pipeline Overview

The pipeline takes a raw mixture DWasinpubl t amm
and produces a predicted DA concentration in uM. In thedtegge, a regression model maps

the 129point mixture signal to a 128oint pure DA signal estimate. In the second stage, a
classifier assigns this estimate to one of 19 concentration class&8@pd/ in 25 uM steps).
Concentration values are not usedirgout features at any point, so the pipeline is applicable

when only the measured voltammogram is available.

2.2. Data Collection

The dataset consists of 22 mixture DPV voltammograms containing AA, DA, and UA at
concentrations ranging from 8800uM (AA), 50 500uM (DA), and 50 250puM (UA). Each
mixture signal comprises 129 potent@rrent pairs. In addition, five reference
voltammograms of pure DA solutions were measured at 25, 50, 100, 250, aphl 568ch

containing 128 potentiaturrent parsovea sl i ghtly di fferent pot er
0.398V).
Table 11. Stage 1 regression performance
Model R? RMSE (x10 §
Gradient Boosting 0.923 2.00
Random Forest 0.901 2.65
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2.3. Fourier Series Representation
Each DPV signal is fitted with a darmonic Fourier serigd1]
Mo ® B OATO o ® OEd o (1)
wherex is the potential normalized to [0] andy is the fundamental frequency. Together with
ao andy, the coefficientsy, € , asoandby, € , bioyield 22 Fourier parameters. Four additional

normalization constantsxdin, Xmax Ymean Ystd are stored for reconstruction, giving 26
parameters per signal. The fitting achieRés 0.999 for all measured voltammograms.

2.4. DataAugmentation

For the mixture signals, a thredmensional linear interpolatdd2] (LinearNDInterpolator)
maps concentration triplet€4a, Cpa, Cua) to Fourier parameters. Sampling this interpolator
on a regular grid with 25M spacing produces 1,314 valid synthetic mixture signals, covering
approximately 60% of the fudjrid (limited by the convex hull of the original 22 measurements).
For the pure DA reference signals, afimensional interpolation with extrapolation generates
20 signals at 25M steps across 2500uM, corresponding to 19 distinct concentration levels.

2.5. Stage 1: Regression

The regression stage maps a-p2t mixture signal to a 128oint DA signal estimate. Two
ensemble models are compared. Gradient BoogtiB§) (GB) uses 100 estimators with
maximum depttb and learning rat@.1; each tree corrects the residual errors of the preceding
ensemble. Random Forefi4] (RF) uses 100 trees with maximum depth trained
independently on bootstrapped subsets and averaged at prediction titmairiiing set consists

of 1,051 mixturéDA signal pairs (80% of 1,314), with the remaining 263 held out for testing.
All DA concentration classes are represented in both splits.

2.6. Stage 2: Classification

The classification stage maps a J&8nt DA sigral to one of 19 concentration classes. The
same two model families are evaluated: GB (100 estimators, 8efghrning rat®.1, log
loss) and RF (100 trees, def@®, Gini criterion). Both classifiers are trained on gretnuth
pure DA signals augmentedth 2% Gaussian noigad5], yielding 50 samples per class (950

total). The noise augmentation is intended to improve robustness to the imperfect signal

estimates produced by Statyeuring inference.

Table 12. Stage 2 classification accuracy oground-truth DA signals

Model Accuracy (%) Test samples
Gradient Boosting 100.0 190
Random Forest 88.5 190

3. EXPERIMENTAL RESULTS

All experiments were implemented in Pyth®d3 using scikdearn[16], NumPy[17], and

SciPy[12]. The augmented dataset comprises 1,314 mixture signals split 80/20 for regression
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training and testing, and 950 DA classification samples similalilyisip 760 training and 190

test samples. Performance is measure®@and RMSE for regression, classification accuracy
on groundtruth DA signals for the standalone classifier, and overall accuracy on all 1,314
mixtures for the endlo-end pipeline.

3.1 Stage 1 Results

Table 11 compares the two regression models. Gradient Boosting achRie$.923,
outperforming Random Fored®(= 0.901). The difference corresponds to a 22% reduction in
resi dual R, asugestimgcthat thé deduential eromrrection strategy of boosting is
better suited to this task than the averaging strategy of Random Forest.

3.2. Stage 2 Results

Table 12reports classification accuracy on grottnath DA signals, isolating the classifier from
regression errors. Gradient Boosting achieves 100% accuracy on the 190 test samples, while
Random Forest reaches 88.5%. This indicates that mapping a clean DAc&oahcentration

class is relatively straightforward; the main difficulty lies in obtaining an accurate DA estimate

in Stagel. 3.3. Eneto-End Performance

Table 13 repors the endo-end accuracy for all four regressiatassification combinations
evaluated on al/l 1,314 mixture sampl es. T h e
accuracy at 89.73%, with two patterns standing out. First, the choice of regression madel has
much larger effect than the choice of classifier: replacing GB regression with RF regression
drops accuracy by approximately 14 percentage points regardless of the classifier, whereas
replacing the GB classifier with RF changes accuracy by at mos¢rcdpage points. Second,

the classifier difference is small when regr
and negligible when it is low (0.08 pg with
deconvolution quality is the primary tieneck.

3.4. Error Analysis

Il n the best pipeline (GB + GB), 135 of 1,314
these errors are orstep deviations (26M), with a mean absolute error of 3Ju¥l and a

median of 25.(uM among the misclassifiecsples. Errors are concentrated in mixtures with

low AA concentration (5QuM) combined with high DA

Table 13. End-to-end pipeline accuracy (1,314 mixtures)

Regression + Classification Accuracy (%) Correct / Total
GB + GB 89.73 1,179/1,314
GB + RF 88.36 1,161/1,314
RF + GB 75.65 994 /1,314
RF + RF 75.57 993/1,314
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and UA, likely because a smaller AA peak provides less spectral separation between the DA
and UA contributions. For A®100uM, accuracytypically exceeds 91%.

3.5. Computational Cost

The full pipeline trains in under two minutes on a standard laptop, with the Gradient Boosting
regressor accounting for approximately ten seconds. After training, a single prediction takes
less than temilliseconds.

4. CONCLUSION

This paper presented a t8tage machine learning pipeline for dopamine concentration
prediction from mixture DPV signals. The pipeline estimates the pure DA signal via gradient
boosting regressionRf = 0.923) and classifies ¢hconcentration using a second Gradient
Boosting model, achieving 89.73% ettdend accuracy on 1,314 augmented mixture samples
without requiring prior knowledge of mixture composition. A comparison of four model
combinations showed that regression quabtyhe dominant factor in overall performance.
Most misclassifications (80%) deviate by only one concentration stepM25and errors
concentrate in mixtures with low AA concentration.

The current approach has several limitations. The concentratioa (@@¢00 M) is narrow
relative to physiological conditions, and the augmented dataset relies on interpolation within
the convex hull of 22 experimental measurements. Robustness to electrode fouling, pH
variations, and additional interferents has not eerluated. Future work will address these
limitations and explore deep learning architectures for improved signal deconvolution.
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ABSTRACT

Differential pulse voltammetry (DPV) enables sensitive electrochemical detection of dopamine
(DA); however, ceexisting interferents such as ascorbic acid (AA) and uric acid (UA) produce
overlapping peaks that compromise accuratntification. This study presents a systematic
evaluation of a twestage deep learning pipeliveomprising a regression stage for signal
deconvolution followed by a classification stage for concentration predicapplied to
ternary DA/AA/UA mixtures. Thity-six model combinations (six regression and six
classification architectures) are benchmarked on 1,314 synthetic DPV mixture samples. For
signal deconvolution, convolutionakecurrent hybrid networks achieve the highest accuracy
(R?=0.9839), outperformig gradient boosting baselinefR?£0.9230). For endbo-end
concentration prediction, a hybrid pipeline pairing deep learning regression with ensemble
classification achieves the best overall accuracy (89.88%), outperforming both pure deep
learning (87.52%pand pure machine learning (89.73%) configurations. Analysis reveals that
deconvolution quality is the dominant performance bottleneck across all pipelines, and that
hybrid architectures combining deep feature extraction with classical ensemble clas$#iers

the most robust solution for automated electroanalytical quantification.

Keywords: Deep Learning, Neural Networks, Electrochemical Sensors, Signal Deconvolution,
Dopamine Detection, Voltammetry, Hybrid Machine Learning

1. INTRODUCTION

Dopamine (DA,3,4-dihydroxyphenethylamine) is a catecholamine neurotransmitter involved

in motor control, rewardnotivated behavior, and cognitive functi¢h]. Its dysregulation
underlies neurol ogical and psychiatric disor
and addictior[2]. Accurate quantifiation of DA in biological samples is therefore important

for both neuroscience research and clinical diagnostics. Electrochemical techniques, especially
differential pulse voltammetry (DPV), are widely used for DA detection because they are
sensitive, fastand compatible with miniaturized sens@g]. In practice, biological fluids also

contain electroactive species that ox&lat similar potentials, most notably ascorbic acid (AA,
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vitamin C) and uric acid (UA). These interferents are typically present at concentratidns 100
1000 times higher than D|&]. As a result, the recorded voltammograms often include strongly
overlapping peaks, which makes direct quantification from peak heigirea unreliablgs].

The fundamental challenge in mixed voltammetric analysis can be formulated as a signal
deconvolution problem. Letix(V) ¥ " represent the measured current response as a function
of applied potentiaV/, which can be approximated as:

« ® Q!!h$!'h5!INw & (1)
where [AA], [DA], [UA] are analyte concentrationf;) denotes the (generally ndinear)
el ectrochemical response, and U captures mea

recover the dopamine contributioppa(V) and then estimate [DA] from the mixture
measurementymix(V). Traditional strategies (e.g., standard addition, electrode surface
modification, and classical chemometrics) can struggle when peaks overlap strongly. Machine
learning has shown promise for voltantrieeanalysig 7], but many approaches still depend on
handcrafted features and may miss subtle patterns in raw electrochemical signals. Deep neural
networks can learn features directly fromwr data and approximate complex dmear
mappings[8]. Convolutional neural networks (CNNs) extract local patterns using learnable
filters [9], recurrent models such as long skierm menory (LSTM) networks capture
dependencies in sequendd®], and Trasformers use seHttention to model longange
interactions without recurren¢&l]. Combining cavolutional and recurrent components often
yields strong performance in tirseries problemgl2].

This work provides a systematic evaluation of deep learning architecturemgamine
guantification in multicomponent electrochemical mixtures. Our main contributions are:

1. We evaluate 36 combinations of six regression models (four deep learning, two machine
learning) and six classification models across 1,314 test samples.

2.We show that convolutiondlSTM hybrid networks achieve 6.6% higher regression
performanceR?=0.9839 vs 0.9230) than gradient boosting for signal deconvolution.

3.We find that optimal endb-end performance (89.88%) is obtained through hybrid
pipelines combining deep learning regression with ensemble classification, rather than
pure deep learning or machine learning approaches.

4. We identify signal deconvolution quality as the primary performance bottleneck, with
regressionR? correlating morestrongly with eneto-end accuracy than classification
metrics.

5. We observe architecturask specificity: CNNLSTM networks excel at regression but
underperform at classification, while Transformer architectures show the opposite
pattern.

2. RELATED WORK

Electrochemical dopamine detection has been widely studied using voltammetric techniques
such as cyclic voltammetry (CV), differential pulse voltammetry (DPV), and square wave
voltammetry (SWV)4,13]. To improve selectivity, many studies modify the electrode surface

171



BALKAN 15th | NTERNATI ONAL CONFERENCE ON APPLED SCI
Mar chi220 1290K®BP J E
| SBN ONMB:2-56 D48

(e.g., with conducting polymers, metalnogarticles, or carbon nanomaterials) to promote
electrocatalysis and/or suppress interfering spgti#&d 5] Although effective in many cases,
these strategies often require careful tuning and can suffer from limited reproducibility across
electrodes and experimerfis].

Classical chemometric methods for resolving overlapping peaks include partial least squares
(PLS) regression, principal componaegression (PCR), and multivariate curve resolution
(MCR) [17]. These approaches can work well when overlap is moderate, but their performance
typically degrades for strongly mixed DA/AA/UA signals. Nimear models(e.g., early
artificial neural networks) have also been investigafgd]; however, comprehensive
comparisons across modern deep learning architectures are still limited.

Recent work has applied machine learning models such as support vector machines (SVM),
random forest$19], and gradient boostin20] to electrochemical datas€fg,16]. In many

cases, the input to these models is a set of-beafted features (e.g., peak position, heigh
area, and width). While this can produce good results, feature engineering requires domain
expertise and may overlook information present in the full signal. In addition, much of the
literature emphasizes classification (binary/ternary) rather thamadstg concentrations
guantitatively.

Deep learning has also been applied successfully in related spectroscopic areas, including
Raman spectroscogl], mass spectrometf2], and neainfrared spectroscod23]. CNNs

can learn informative representations directly from raw spé@iP4], and LSTMs[10] and
Transformerq11] can model sequential structure in ths®ries measurements. In contrast,
deep learning for voltammetric signal deconvolution has been explored less, and this work aims
to help close that gap.

3. METHODOLOGY
3.1. Dataset Composition and Preparation

3.1.1. Experimental Data Acquisition

The dataset comprises differential pulse voltammetry measurements of synthetic ternary
mixtures containing ascorbic acid, dopamine, and uric acid. Individual component signals were
recorded using a standard thsdectrode cell configuration with a glassgrbon working
electrodg14], Ag/AgCIl reference electrode, and platinum wire counter electrode spphte

buffer saline (PBS, pH.4) [6]. Differential pulse voltammograms were acquired with the
following parameters: pulse amplitude ®¥, pulse width 50ns, scan rate 2@V/s, potential
range 1TW[M4B to 0.5

Pure dopamine standards were measured at five concentrations (25, 50, 100, 250u8f)d 500
Twenty-two mixture samples were prepared with varying AA, DA, and UA concentrations in
the rangeb0i 500uM. Interpolation in Fourier parameter space (Sec8dn3) subsequently
expanded these measurements to 19 DA concentration leveE) (@M in 25 uM steps) and
1,314 synthetic mixtures.
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3.1.2. Signal Representation

Each voltammogram is represedtas a discrete signal vector. Mixture sigmals®  2°span
129 potential poi Y whiledure DAsighafos? 0%fspand28 Paingk 9 7
from 1 0. 30/0This dimeBsior@l9d&ference arises from the different potential
windows equired for optimal signal acquisition in mixture versus shaglalyte
measurements.

3.1.3. Data Augmentation

To address the limited availability of experimental measurements, we employ Fourier series
interpolation for systematic data augmentation. Eattammmogram is fitted to a I@armonic
Fourier serie§25]:

l® & B O0ATiQoow O OEQO » (2)
wherex represents normalized potentialis the fundanental frequency, and &, ak, bk}} k=1°
are fitted coefficients. Signals are normalized to zero mean and unit variance prior to fitting to
ensure numerical stability. This representation achieRés 0.999 for all measured
voltammograms. Interpolation is performed in parameter space using LinearNDInterpolator
[26] for mixture signals (3D interpolation across AA, DA, UA concentration space) and cubic
spline interpolation for pure DA signals (1D interpolation across DA concentration). This

procedure generates 1,314 synthetic mixture samples with corresponding puga&é\a 19
concentration levels (3600 uM, excluding 25uM due to absence in mixture dataset).

For classification model training, we apply Gaussian noise augmentation to pure DA signals
[27], generating 50 noisy replicates per concentration class:

« « s g ¢t , )
w h e 1, denofes the standard deviation of the original signal. This yields 950 total samples (19
classes x 50 samples/class) for classification training and evaluation.
3.2. TwaeStage Analytical Pipeline

Our approach decomposes the analytical task into two sequential stages. In the first stage (signal
regression), a model learns a mapping*2°Y  128that recovers the pure DA signal from a
mixture voltammogrammx ¥ 12°

) Qe P 4)
w h e repredents model parameters optimized via mean squared error (MSE) minimization:
fl -B « « (5)

In the second stage (concentration classification), a model maps a DAysignal 128 (either
ground truth or regressiepredicted) to one of 19 concentration classes:

U Q¢ np (6)
w h e Rk is optimized via crossntropy loss:
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fl -B 1 THQd '@ MP 7)

Forendtorend evaluation, we &g(m)iandaepdtalashificaidna g e s
accuracy on heldut mixture samples.

3.3. Deep Learning Architectures

We evaluate four neural network architectures for both regression and classification tasks. All
models receive input signals normalized to zeean and unit standard deviation viacore
transformation.

3.3.1. 1D Convolutional Network (CNN1D)

The CNN1D architecture employs three convolutional blocks for hierarchical feature
extraction:

i 2A, 5611 Op&#lQ vhi ¢
i 2A, 811 0pdg NMQ vhi ¢ (8)
i 2A, 811 0pdgd N vhi ¢

where Convlbdenotes 1D convolution withoutput channels, kernel sikeand strides. The
feature maps are flattened and passed through fully connected layers:

» $01 P AA, 5 &l ACPAIT (9)
For regression, t heWzHRotcassificatibnaa sefimaxgayes autpatse s R

class probabilitiesp(c|x) = Softmax(\-z).

3.3.2. Bidirectional LSTM (BIiLSTM)

The BILSTM architecture processes the input sequence in both forward and backward
directions:

l ,34-oﬁl|
I | 34-enf (10)

1 Inl

where [-;-] denotes concatenation. We employ two stacked BiLSajers with hidden
dimension 128, followed by fully connected layers with dropps0(3) for regularization. The
final hidden state is used for prediction.
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Table 14. Regression Performance Comparison

Model R? RMSE (x10 § MAE (x10 §
CNN-LSTM Hybrid 0.9839 0.863 0.347
BiLSTM 0.9837 0.915 0.381
CNN1D 0.9724 1.156 0.489
Transformer 0.9531 1.574 0.654
Gradient Boosting 0.9230 2.000 |
Random Forest 0.9010 2.650 T

3.3.3. CNNLSTM Hybrid

The hybrid architectureombines convolutional feature extraction with recurrent temporal
modeling:
i #1171 0pgi1 1 Opé
| "E 34]
This architecture leverages CNNs for local feature extraction and LSTMs for capturing long
range dependencies in tfeature sequence.

(11)

3.3.4. Transformer

The Transformer model employs mthead seHattention without recurrence:
A A ~ PO 2o ~ L.
I OOAT @l 1 Ol /EOﬂF—_AQ( (12)

whereQ, K, V are query, key, and value matrices derived from input embeddings via learned
projections. Our implementation uses 4 attention heads, embedding dimension 256, 4 encoder
layers, and feedforward dimension 1024. Positional encoding is added to input embéalding
incorporate sequence order information.

3.4. Machine Learning Baselines

We compare the deep learning architectures against two ensemble learning methods. Random
Forest (RF]19] trains 100 indpendent decision trees (maximum depth 20, minimum samples
per leaf 2, Gini criterion) on bootstrapped subsets and averages their predictions. Gradient
Boosting (GB)[20] builds 100 trees sequentially, with each tree correcting the residual errors

of the preceding ensemble (learning rate 0.1, maximum depth 5;stpases losgor
regression, logoss for classification). Both methods operate on the raw signal vectors without
explicit feature engineering.

3.5. Training Procedure

All deep learning models are optimized with Adf8] using an initial learning rate of 0.001
(0.0005 for Transformers), reduced by a factor of 0.5 when tigatian loss plateaus for 10
consecutive epochs. Regularization consists of drofg@)t(p =0.21 0.4 depending on the
l ayer ), weilOgiand eatlystapping with patience of 20 epochs.
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Table 15. Classification Accuracy on Ground Truth DA Signals

Model Accuracy (%) Test Samples
Transformer 100.0 190
Gradient Boosting 100.0 190
BILSTM 94.7 190
Random Forest 88.5 190
CNN1D 87.9 190
CNN-LSTM Hybrid 71.1 190

Models are trained for up to 100 epochs with batch size 32 on an 80/20 stratifikte $tesplit.
Input signals are-gcore normalized using statistics computed from the training set. All random
seeds aréxed for reproducibility.

3.5. Training Procedure

All deep learning models are optimized with Ad§28] using an initial learning rate of 0.001
(0.0005 for Tansformers), reduced by a factor of 0.5 when the validation loss plateaus for 10
consecutive epochs. Regularization consists of drof@]jt(p =0.2'0.4 depenithg on the

l ayer ), wel0Oghnd eadyeswm@ping with patience of 20 epochs. Models are trained
for up to 100 epochs with batch size 32 on an 80/20 stratified teairsplit. Input signals are
z-score normalized using statistics computed fthentraining set. All random seeds are fixed

for reproducibility.

3.6. Evaluation Metrics

Regression performance is measured by the coefficient of determinBipnrqot mean
squared error (RMSE), and mean absolute error (MAE). Classification perfarisassessed
by accuracy, precision, recall, and-§dore. We report classifier accuracy both on ground truth
DA signals (to isolate the classifier from regression errors) and etoert mixture samples
(to capture error propagation through both stages

4. EXPERIMENTAL RESULTS

4.1. Regression Performance: Mixture to DA Signal Deconvolution

Table 11 presents regression metrics for all evaluated models. Deep learning architectures
demonstrate superior performance compared to machine learning baselines, with the CNN
LSTM Hybrid achieving thdiighest coefficient of determinatioR%0.9839).

The CNN LSTM hybrid achieves a 6.6% highBf than the best machine learning baseline
(gradient boosting), which corresponds to a 57% reduction in unexplained variance. A likely
reason is that the model caapture both local signal patterns (via CNN layers) and lenger
range dependencies (via LSTM layers) directly from the raw voltammograms, without manual
feature design.
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Table 16. DL Regression + ML Classification

Regression + Classification Accuracy (%) Correct/Total
CNN-LSTM + Random Forest 89.88 1181/1314
CNN-LSTM + Gradient Boosting 89.42 1175/1314
BILSTM + Random Forest 86.91 1142/1314
BIiLSTM + Gradient Boosting 86.07 1131/1314
CNN1D + GradienBoosting 81.96 1077/1314
CNN1D + Random Forest 81.74 1074/1314
Transformer + Gradient Boosting 72.45 952/1314
Transformer + Random Forest 71.61 941/1314

Table 17. ML Regression + ML Classification

Regression + Acc. (%) Correct/Total
Classification
GB + GB 89.73 1179/1314
GB + RF 88.36 1161/1314
RF + GB 75.65 994/1314
RF + RF 75.57 993/1314

The Transformer achieves perfect classification on ground truth signals (Se2jidt yields

the weakestegression performanc®%0.9531). This indicates that, under the available data
size, seHattention may be more effective for sequence classification than for denseyiseint
signal regression.

4.2. Classification Performance: DA SignalQoncentration

Tablel2reports classification accuracy evaluated on ground truth pure DA signals (i.e., without
using regression outputs). This isolates tlaasgifier performance from regression errors. Both

the Transformer model and the gradient boosting classifier achieve perfect classification (100%
accuracy) on pure DA signals. This suggests that, once the DA component is isolated, mapping
the signal to aancentration class is relatively straightforward. In contrast, the iCISNM

hybrid performs poorly as a classifier (71.1%) despite its strong regression performance,
pointing to an architecturéask mismatch that is discussed in Sec&on

4.3. Endto-EndPerformance: Comprehensive Model Combination Analysis

We evaluated all 36 combinations obtained by pairing six regression models with six
classification modelsTable13i Table19 summarize the entb-end results by model family.

The best endo-end accuracy89.88%) is obtained by combining deep learning regression
(CNNi LSTM) with machine learning classification (random forest), exceeding the best pure
DL pipeline (87.52%) by 2.36 percentage points and slightly surpassing the best pure ML
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pipeline (89.73%). Wtably, the top eight combinations all employ deep learning for regression,
confirming that deconvolution accuracy is the primary bottleneck.

Table 20 summarizes the beperforming combination within each of the four category types.

Table 18. DL Regression + DL Classification (Pure DL)

Regression + Classification Accuracy (%) Correct/Total
CNN-LSTM + Transformer 87.52 1150/1314
CNN-LSTM + BILSTM 86.91 1142/1314
BIiLSTM + Transformer 85.01 1117/1314
CNN1D + Transformer 79.98 1051/1314
BILSTM + BILSTM 79.15 1040/1314
CNN-LSTM + CNN1D 78.46 1031/1314
BILSTM + CNN1D 74.66 981/1314
CNN1D + BILSTM 74.51 979/1314
CNN1D + CNN1D 72.91 958/1314
Transformer + BiLSTM 67.73 890/1314
Transformer + Transformer 66.44 873/1314
Transformer + CNN1D 65.68 863/1314
CNN-LSTM + CNN-LSTM 58.52 769/1314
BiLSTM + CNN-LSTM 57.69 758/1314
CNN1D + CNNLSTM 52.13 685/1314
Transformer + CNNLSTM 47.11 619/1314

Table 19. ML Regression + DL Classification

Regression + Accuracy (%) Correct/Total
Classification
GB + Transformer 87.29 1147/1314
GB + BILSTM 86.15 1132/1314
RF + Transformer 74.81 983/1314
RF + BiLSTM 72.53 953/1314
GB + CNN1D 68.72 903/1314
RF + CNN1D 63.70 837/1314
GB + CNNLSTM 54.72 719/1314
RF + CNNLSTM 49.77 654/1314
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The best endlo-end accuracy89.88%) is obtained by combining deep learning regression
(CNNi LSTM) with machine learning classification (random forest), exceeding the best pure
DL pipeline (87.52%) by 2.36 percentage points and slightly surpassing the best pure ML
pipeline (89.73%). WNtably, the top eight combinations all employ deep learning for regression,
confirming that deconvolution accuracy is the primary bottleneck.

Table 20. Optimal Performance by Category

Category Best Model Accuracy (%)
DL Reg + MLClass CNN-LSTM + RF 89.88
ML Reg + ML Class GB + GB 89.73
DL Reg + DL Class CNN-LSTM + 87.52
Transformer
ML Reg + DL Class GB + Transformer 87.29

A clear architectuiigask mismatch emerges from the results: the ONIN'M hybrid yields

the best regressio(R% = 0.9839) but performs poorly as a classifier (best-terghd with

CNNi LSTM classifier: 58.52%), whereas the Transformer achieves perfect classification
(100%) but relatively weak regressioR?£0.9531). Furthermore, pure DL combinations
underperform hybrid pipelines despite perfect classification on ground truth signals
(Transformer: 100%), suggesting that ensemble classifiers are more robust to imperfect
regression outputs than neural classifiers in this setting.

4.4. ErrorAnalysis

In the besperforming pipeline (CNNLSTM + RF, 89.88%), 133 of the 1,314 test samples are
misclassified. Approximately 80% of these errors are siagp deviations (x2fM), with a

mean absolute concentration error of 38 and a maximum of 25 uM (fewer than 5% of
errors). Misclassifications are concentrated in mixtures with low AA concentratiquM}p0
combined with high DA and UA, where the reduced spectral separation between analyte peaks
makes deconvolution more difficukigure12 presents a muHlpanel visualization comparing
machine learning and deep learning performance across regression, classification;teand end
end metrics.

5. DISCUSSION

5.1. Why Hybrid DLi ML Outperforms Pure Approaches

Deep learning achieves superior regresg8a@.9839 vs 0.9230, +6.6%), likely because CNN
layers extract local peak shape features while LSTM layers capture how the signal evolves
across potentiagnabling more accurate powise reconstruction. However, the best-¢nd

end system (89.88%) combines DL regression with ML classification, outperforming pure DL
(87.52%). This likely reflects a trditest mismatch: classifiers are trained on clean (gtou
truth) DA signals but must operate on imperfect regression outputs at test time. Ensemble
methods (random forest and gradient boosting) appear more tolerant to this shift than neural
classifiers, especially with limited classification data (950 samplds® architectuidask
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mismatch is also clear: CNINSTM achievesR?=0.9839 for regression but only 71.1%
classification accuracy, whereas the Transformer shows the reversd&¥eh®%31 and 100%
classification). This suggests that architectures-sugtiéd for dense reconstruction are not
necessarily optimal for discrete classification when data are limited.
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Figure 12. Comparative performance analysis of machine learning and deep learning approaches
across (a)regression R2, (b) classification accuracy on ground truth, (c) average performance by
model type, and (d) best models per category. Deep learning demonstrates clear superiority in
regression tasks while machine learning maintains competitive overall penfimance through
robust classification

Regression quality remains the primary bottleneck, as improving deconvolution is more
impactful than further tuning classification: all tefght systems use deep learning regression.

5.2. Limitations and Future Work

Our synthetic dataset (1,314 samples generated via Fourier interpolation) may not capture all
electrochemical neotinearities. In addition, we only consider DA/AA/UA mixtures, whereas
biological samples may contain additional interferents. Future work shaliddte the pipeline

on larger experimental datasets, investigate transfer learning for-datealregimes, and
incorporate uncertainty quantification for practical use.

6. WEB APPLICATION

To make the pipeline accessible to researchers without mactan@nkp expertise, we
developed a web application that implements all 36 model combinations evaluated in this study.
The application is publicly available at peakdeconvolution.com.

The system uses a Next.js frontend with a Firebase Cloud Functions ba&ker@ltrained
models (12 PyTorch and 4 scik#tarn) are deployed as serverless functions, achieving response
times of 2 4 seconds for deep learning models andsadwond latency for the machine learning
baselines. Users can select from the 22 experitmntaure presetsKigurel3), upload custom
voltammetric data in CSV formaFigure 14), or specify concentrations manually to generate
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synthetic inputs. Regression and classification models can be selected indepeRagumty (

15), allowing users to explore any of the 36 combinations and compare their outputs. The
interface displays the predicted DA concentration, error metrics (when the true concentration is
known), and interactivplots of both the input mixture signal and the extracted DA signal
(Figurel6).

Select Mixture

Figure 13. Preset mixture selectioninterface with 22 experimental samples organized into five
difficulty categories. Each card displays the constituent AA, DA, and UA concentrations

® Custom Signal Upload

B

Click to upload CSV

Figure 14. Custom signal upload interface supporting CSV/TXT files. Uploaded signalare
automatically interpolated to 129 points to match model input requirements

@ Model Selection
Gradient Boosting Random Forest
CNN-10 BILSTM
CNN-LSTM Hybrid Transformer

ResNet-10

Gradient Boosting Random Forest

CNN-10 BILSTM

CNN-LSTM Hybrid Transformer

@ Current: CNN-LSTM H

Figure 15. Model selection interface with separate panels for regression and classification
architectures. The example shows the optimal configuratio (CNN-LSTM Hybrid regression +
Random Forest classification)
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Figure 16. Results panel showing predicted DA concentration, error metrics, input mixture
composition, and interactive voltammograms of the mixture signal and extracteDA signal

7. CONCLUSION

This study benchmarked 36 model combinations for automated dopamine quantification from
ternary DPV mixtures. The CNNLSTM hybrid provided the best signal deconvolution
(R?=0.9839), and the highest etmend accuracy89.88%) was achieved by combining this
deep learning regressor with a random forest classifier. Regression quality proved to be the
primary performance bottleneck, and the results indicate that matching the model architecture
to each pipeline stage is neceffective than applying a single paradigm throughout.

Based on these findings, we recommend CNBI'M regression paired with random forest
classification for practical deployment, as implemented in our web application at
peakdeconvolution.com.
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ABSTRACT

Simultaneous electrochemical detection of dopamine (DA) and hydroquinone (HQ) via
differential pulse voltammetry (DPV) is challenging due to overlapping oxidation peaks that
compromise selective quantification. This study addresses the problem through thre
complementary approaches. First, a residual convolutional neural network trained on synthetic
voltammograms with realistic analyte response interactions achi®vwe6.987 for DA and

R? = 0.951 for HQ concentration prediction. Second, feabased clasification using support
vector machines on experimental data yields validation accuracies of 83.3% for DA and 72.7%
for HQ, with the lower HQ accuracy reflecting greater ambiguity near its oxidation potential.
Third, a transfer learning framework trainssemble regressors on ChNMigmented synthetic
voltammograms and evaluates on real experimental measurements, acRfevid®5 for

both compounds. The proposed methods perform consistently inith@@BM range, with a
moderate accuracy reduction at |88, demonstrating the viability of datdriven peak
deconvolution for selective binary mixture electroanalysis.

Keywords: Dopamine, Hydroquinone, Peak Deconvolution, Differential Pulse Voltammetry,
Machine Learning, Transfer Learning, Support Vector Maedi

1. INTRODUCTION

Voltammetric techniques are essential for the detection of electroactive substances in complex
samples. The electrochemical techniques utilized in this study involve measuring the current in
relation to the applied voltage, which prodadistinct peaks that are indicative of the oxidation

or reduction reactions of particular analytes. The position and height of these peaks provide
both qualitative and quantitative information about the substances present in a[$dhple

Dopamine is an important neurotransmitter in the J@&inwhile hydroquinone is widely used

in industrial and pharmaceutical applications and has been identified as an environmental
contaminant in aquatic systerndg. Electrochemical detection is possible for both substances,
although their oxidation peaks occur around the similar potential. Theyefectrochemical
detection of dopamine and hydroquinone is challenging since their oxidation peaks overlap
[5,6].
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Traditional approaches rely on curve fitting techniques, such as Gaussian or Lorentzian models,
to separate overlapping peaks. These methods require prior assumptions about peak shapes,
baseline functionsand the number of underlying components. When peaks overlap severely,
manual deconvolution becomes unreliable and subjective. Machine learning provides an
alternative by learning patterns directly from experimental data without assuming specific
parametic forms|[7]. This study investigated peak deconvolution using two strategies. First,
synthetic voltammograms were generated that include realistic effects like competitive
adsorption and peashifts. This provided enough data to train deep neural networks and test
whether they could learn to separate the peaks. Second, red{DAixtures were measured

at five concentrations (25, 50, 100, 250, and [#8X) using screeiprinted carbon electrodes.
Features were extracted from these measurements and used to train classifiers. The goal was to
determine if machine learning could automate peak deconvolution without manual curve fitting

[8].
2. EXPERIMENTAL SETUP

2.1. Materials and Electrod&eparation

We used analyticajrade dopamine hydrochloride and hydroquinone dissolved iMO0.1
phosphatéuffered saline (PBS, pi.4). Screesprinted carbon electrodes (SPCEs) with
Ag/AgCl reference were modified by dra@asting carbon ink to improve odunctivity [9]. The
modified electrodes were dried at room temperature before use. Stock solutio$ ylere
prepared and diluted to working concentrations of 25, 50, 100, 250, andVb0Both
individual compounds and all possible mixture combinations were measured at these
concentrations. This gave us 24 mixture samples plus individual reference measurement

2.2. Voltammetric Measurements

DPV measurements we V¢ +@p.&/rusing a poemiostatontratted by0 . 6
NOVA software. Each concentration was measured in triplicate. The raw voltammograms
showed the expected overlapping peaks around/ G& DA and slightly lower for HQ,
confirming the deconvolution challenge we aimed to addFegsre12 presents representative

DPV measurements from our BAQ mixture experiments. The overlapping nature of the
electrochemical peaks is evident, particularly i@ gotential region around 0.3V where

both compounds oxidize. These experimental observations motivated our machine learning
approach, as traditional peéiking methods would struggle with such severely overlapped
signals.

3. METHODS
3.1. Synthetic @taset Generation

Overfitting would make it difficult to train a deep neural network with just 24 experimental
examples. Therefore, we used mathematical peak models to create a synthetic dataset of 100
mixture voltammograms.
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Figure 17. Experimental DPV voltammograms of DAHQ mixtures at different concentration
combinations, demonstrating the overlapping peak challenge

The goal was to apply nonlinear effects found in aatledtrochemistry to better reflect real
electrochemical conditions.

3.1.1. Peak Shape Modeling

Individual voltammetricpeaks were generated using mathematical models. For dopamine, a
Gaussian function was used:

0 O otAob— (1)
whereAis the peak amplitud&€,i s t he peak potential, and 0 i
hydroquinone, an Expongally Modified Gaussian (EMG) function was employed to capture
asymmetric peak shapes:

O O o0t-Agbc¢ _, cO AO/EAW— (2)
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where € is the peak center, & is the exponen
error function.
3.1.2. Nonlinear Interaction Effects

The synthetic signals were not generated by simple linear addition. Four nonlinear effects were
modeled to make the synthetic data more representative of real electrochemical interactions.

First, competitive adsorption was modeled using Michadlisnten kinetics with competitive
inhibition:

o i i (3)

whereVmaxandKm are MichaelisMenten parameters alGho, Kpa are competitive agbrption
constants. Second, peak positions shift in the presence of the other compound:
Oy Oy | t6 h Ojf Oy | t6 (4)
w h e r=é).018V is the shift parameter. Third, peak widths increase in mixtures:
; s, tp 1160 5)

w h e r=d.2%is the broadening parameter.

¢

” ” t p T t 6

Fourth, a catalytic interaction term captures electrochemical -tatblsdetween the two
analytes:
~ . f

0 Qi .t. (6)

wherekinter = 0.06. The final mixture signal is the sum of the individual contributions and the
interaction term:

O O ‘O O (7)

Together, these effects ensure that the mixture signal differs from the simpleisaiid@al
signals, ensuring that the mixture signal cannot be separated by simple linear superposition.

3.2. Neural Network Regression on Synthetic Data

As a baseline, 18 haratafted features (peak positions, heights, widths, areas, and regional
statistcs) were extracted from each synthetic voltammogram and used to train a feedforward
neural network with two hidden layers. This model achieRed 0.96 for DA andR? = 0.81

for HQ on the test set (20 samples), with mean errors of approxima&y. 5

To avoid manual feature extraction, a residual convolutional neural network (REED &)

was trained directly on the raw 10f0int voltammograms. Residual connections enabled
training of a deeper architecture, yieldiRg= 0.987 for DA andR? = 0.951 for HQ. Training
converged after 141 epochs with early stopping (approximately 47 seconds). The ResNet
outperformed the featuteased model for both compounds, with an improvement of 17
percentage points for HQ, suggesting that the convolutional fdggture patterns in the raw
signal that handrafted features do not represent.
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3.3. Feature Engineering for Experimental Data

For the real experimental data, the problem was formulated as classification rather than
regression: given a mixtumltammogram, assign each component to one of five concentration
levels (25, 50, 100, 250, and 5@M). An initial feature set of 38 descriptors (basic statistics,
peak characteristics, and regional analysis) was evaluated using the MATLAB Classification
Learner. The resulting HQ classification accuracy of 59% indicated that these features did not
capture sufficient information to separate the overlapping peaks. The feature set was therefore
expanded to 113 descriptors by incorporating percelnéiged stadtics (Q25, Q75, IQR), a

third peak in the analysis, peak widths measured at full, half, and quarter height, eight narrow
potential windows instead of three, gradibased features (first and second derivatives), and
shape descriptors (RMS, crest factdmis finergrained representation provided more detail
about how the peaks overlap and interact.

4. RESULTS AND DISCUSSION

4.1. Classification Performance

For dopamine, a cubic SVIA12] achieved 83.3% validation accuracy using all 113 features.
The 500uM class was identified correctly in all cases, while lower concentratioribitexh

minor errors, mostly between adjacent levels. Reducing the feature set to 30 via feature
selection preserved the same 83.3% accuracy, indicating that a large proportion of the original
113 features were redundant. For hydroquinone, classificatauegrmore difficult. Linear
discriminant analysis reached 63.6% accuracy with the full feature set. Feature selection to 50
descriptors improved accuracy to 72.7%, suggesting that the full set contained noisy features
that degraded generalization. High centrations (250 and 5QM) were classified nearly
perfectly for both compounds. The main difficulty was apu®g particularly for HQ, where

all samples were misclassified as higher concentrations. At this level the peaks are small relative
to the noisdloor, with 100% false negative rate for HQ at @4, while higher concentrations
achieve 75100% true positive rate.

4.2. Analysis and Interpretation

DA is easier to classify than HQ (83% vs. 73% accuracy), likely because DA produces larger
and sharper @&ks with a higher signdb-noise ratio. The HQ response may also be more
susceptible to surface fouling effects in mixtures.

Feature design had a substantial impact on performance. For HQ, accuracy increased from 59%
(38 features) to 64% (113 features)daiurther to 73% after feature selection. The most
informative descriptors were the eighindow regional analysis and peak widths measured at
multiple heights, which captured subtle shape differences that the initial feature set did not
represent.

The poa performance at 26M remains a limitation. At this concentration, the signal
amplitude is comparable to instrumental noise, making reliable classification difficult. More
sensitive electrode materials or ensemble methods designed footmentration rgmes may

help address this in future work.
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For the experimental dataset (24 samples), feditased classifiers outperformed the neural
network models, which require larger training sets to generalize effectively. Fbateg
models also offer greatenterpretability, since the contribution of individual features can be
inspected, and lower computational cost at inference.

5. TRANSFER LEARNING VIA ML -GENERATED SYNTHETIC DATA

5.1. Motivation and Approach

The featurebased classification approach desalile Sectior8 achieved 83.3% accuracy for

DA and 72.7% for HQ. However, this required extensive manual feature engineering (113
features) and was limited by the small dataset size (24 mixture samples). We reasoned that a
datadriven approach could elimitea manual feature design and potentially improve
performance if sufficient training data were available.

To overcome this data scarcity, a tatage transfer learning framework was develdi&q

In the first stage, a machine learning model is trained on the 24 real mixture signals to learn the
relationship between individu®lA and HQ signals and their mixture, and this model is then
used to generate 1000 synthetic mixture voltammograms with known concentrations. In the
second stage, regression models are trained on the synthetic samples to predict DA and HQ
concentrations &m mixture signals and validated on the original 24 real measurements.

5.2. ML-Based Synthetic Data Generation

We formulated synthetic data generation as a regression problem. For each voltage point in a
mixture voltammogram, we predict the current based o

0 ® Q0 whO whd hd ho (8)
wheref is a machine learning modéba andlng are the individual component currents at the
target concentrations, af@ba, Cro are the concentrations.

Among the regression algorithms evaluated, gradient boo$fidl) achievel the best
performanceR? = 0.985 on Sfold crossvalidation), trained on 5,232 data points (24 mixtures
x 218 voltage points).

Using this model, 1000 synthetic mixture voltammograms were generated by sampling DA and
HQ concentrations uniformly from R500uM, obtaining individual reference signals via
linear interpolation from experimental data, and predicting the mixture catreath voltage

point. No artificial noise was added to preserve signal quality.

Table 21. Performance of ML regression models on 24 real DAIQ mixtures. All models were
trained on 800 synthetic samples

Model DA MAE (uM) DAR2  HQ MAE (uM) HQ R2
Random Forest 274 0.957 30.7 0.951
Gradient Boosting 59.0 0.891 28.8 0.973
Neural Network 42.3 0.946 61.0 0.880
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The resulting synthetic dataset covers the concentration space continuously, unlike the real
dataset, which contairmly five discrete levels.

5.3. Regression Models for Peak Deconvolution

Three regression models were trained on 800 synthetic samples, validated on 200 synthetic
samples, and tested on all 24 real measurements. Each model predicts DA and HQ
concentrationssimultaneously from the raw 1z2int voltammogram. A random forest
regressor[15] (200 trees, maximum depth 20) provddéhe most balanced performance
(trainingR? = 0.998, validatiorR? = 0.994). A gradient boosting regresgb4] (200 estimators,
learning rate 0.05), wrapped with MultiOutputRegmas for joint DA/HQ prediction,
performed best for HQ. A multilayer perceptron with three hidden layersi 128864
neurons), Adam optimiz¢t6], ReLU activation, and early stopping after 500 iterations served

as the neural network baseline. All models were implemented in-kEakit[17] and used z

score normalization on input features.

5.4. Results on Real Data

Tablellsummarizes the performance of all three models on the 24 real mixture measurements.
The Random Forest model achieved the best overall performancéR{witd.95 for both
compoundsFigure 13 shows scatter plots of predicted vs. true concentrations for all three
models. The Random Forest predictions cluster tightly around the ideal diagonal line, with only
minor deviations at the lowest concentration |(Rf).

5.5. Comparison with Featuased Classification

The transfer learning approach offers several advantages over the-beetedeclassification

method described in Secti@n It provides continuous concentration estimaés=(0.957 for

DA) rather than discrete class labels (83.3% accuracy), operates directly on the 4@oeint27
voltammograms without requiring 113 haadhfted features, and benefits from training on

1000 synthetic samples instead of 24 real measurement&ldvioained entirely on synthetic

data achieved?? > 0.95 on real measurements, confirming the quality of thegétherated

data. The main limitation shared by both approaches is poor performancgMt 2Bhough

the regression models provide quantitatve c er t ai nt y e saM) tha allews ( MAE
assessment of prediction confidence.
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Figure 18. Predicted vs. true concentrations for DA (left) and HQ (right) using three regression
models. Random Forest (top) shows the best agment with ideal predictions (dashed line)

5.6. Discussion

The results indicate that machine learning models can learn the nonlinear relationship between
individual DA and HQ signals and their mixtures. The gradient boosting m@tiel(.985)
captured corpetitive adsorption, peak shifts, and other electrochemical interactions without
explicit mathematical modeling of these effects. The success of the transfer learning
approach training on synthetic data and testing on real measureénentggyests that the ML
generated voltammograms reproduce the relevant statistical properties of real data. This
strategy may be valuable for electrochemical systems where large labeled datasets are difficult
or expensive to obtain. Future work could extend the framework tor loamcentrations
(<25uM) by incorporating noise models, or to more complex radthponent mixtures
beyond binary DAHQ systems.

6. CONCLUSION

This study demonstrated that machine learning can separate overlapping DA and HQ peaks in
differential pulse voltammetry through two complementary approaches. Fbakeé
classification with support vector machines achieved 83% accuracy for DA and 78%Q fo

on experimental data. A transfer learning framework, in which ensemble regressors were
trained on MLgenerated synthetic voltammograms and validated on real measurements,
achieved?? > 0.95 for both compounds without manual feature engineering. Pptioaches
perform reliably in the 2%500uM concentration range, with reduced accuracy at the lowest
tested level (25M).
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ABSTRACT

Automated radiology report generation from thdemensional chest computed tomography
volumes requires models capable odpturing longrange spatial dependencies while
preserving anatomical context. Recent studies explore volumetric report generation with large
architectures, yet there is limited analysis of how decoder design influences joint disease
classification and rept generation under a shared encoder representation. This study
investigates a framework that combines a patrtially frozen state space model encoder with
multiple decoders for chest CT analysis. The framework incorporatesi digaase aware
feature fusion organgroup token shuffling, and graded diagnostic text prompts to guide
diseaseconditioned report generation, together with disegmeific heatmaps for visual
attribution. A controlled comparison of decoder configurations under identical encoohgyssett
highlights differences between diagnostic prediction and report generation performance. The
findings support modular encoddecoder designs based on state space model representations
for efficient and anatomically informed CT report generation.

Keywords: Medical report generation, 3D computed tomography, state space models, multi
task learning, decoder benchmark, explainable Al.

5.INTRODUCTION

Computed tomography (CT) remains a significant imaging modality in clinical practice,
contributing to a steady increase in the volume of data that requires interpretation by
radiologists. A single chest CT examination consists of numerous slices covering multiple
anatomical regions, often containing severalegsting abnormalities. Thisncreasing
workload, combined with a relatively limited expansion of the radiologist workforce, has
introduced challenges related to reporting efficiency and considten@s a result, automade
systems that can assist in generating preliminary reports and highlighting clinically relevant
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findings have gained significant attention.

Recent developments in deep learning and wvikioguage modeling have enabled automated
analysis of 3D medical inggs with promising performance. Early approaches such as CT2Rep
[2] utilized transformebased decoders with relational memory to generate reports from
volumetric data. Subsequent studies hay@aged diseasaware mechanisms and anatomical
guidance to improve clinical relevance. For example;lRiaMA [3] incorporated disease
conditioned attention, while CGGRAPH [4] introduced hierarchical anatomical
representations. Regidocused approaches, including MedRegi®h [5] and Reg2R{36],
emphasized localized feature extraction to improve interpretability. More recent frameworks
such as 3BCT-GPT[7] and CFAGRG [8] have further advanced report generation quality by
integrating large language models.

In parallel, visioalanguage foundation models have expanded the scope of medical image
understanding. Models such as Mefliri], RadFM[12], and MedVista3(J10] demonstrate

strong capabilities acros®tction, classification, and report generation tasks. Despite these
advances, their high computational requirements limit practical deployment in many clinical
settings. This has increased interest in more efficient architectures that can balance pegforma
and resource usage. Another approach involves state space models (SSMs), which provide an
alternative to transformdrased architectures. The Mamba framewd# introduces linear
complexty while maintaining the ability to model lonrgnge dependencies. Variants such as
SegMamba[16] and UMamba [17] have demonstrade effectiveness in medical image
segmentation. Building on these developments, thélavba architecture enables
simultaneous organ segmentation and disease detection within a unified framework, offering
structured visual representations that can be leedrdgr downstream tasks. Despite the
progress in automated CT report generation, several limitations remain. Many existing
approaches rely on largeeale models with high computational demands, making them less
suitable for routine clinical deployment. &udition, explicit connections between generated
text and corresponding spatial evidence in the input volume are often limited, which affects
interpretability. Furthermore, the influence of decoder design anttgneng strategies on
multi-task performace has not been systematically examined under controlled conditions.

This study introduces a muliask framework for 3D chest CT analysis that combines a partially
frozen Y-Mamba encoder with lightweight, interchangeable decoders for disease clasaificatio
and report generation. The proposed approach integrates organ and disease representations
through a dedicated fusion mechanism and incorporates diagnostic text conditioning to improve
generation quality. In addition, a controlled experimental setup sSgymied to analyze the
impact of different decoder architectures under a shared encoder configuration. Through this
design, the study aims to provide a resowaffigient and clinically relevant solution for
automated CT report generation while offeringighss into architectural choices for future
research.

The remainder of this paper is organized as follows. Section 2 describes the proposed
framework. Section 3 presents experimental setup and results. Section 4 discusses findings and
theirimplications. Section 5 provides concluding remarks.
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Figure19: Overview of the framework

6. METHOD
The framework processes a 3D CT volume through drpmeed Y-Mamba encoder to extract

multi-scale visual features, organ segmentation masks, and disease anomaly maps. These
representations are fused via the Orfasease Aware Fusion (ODAF) module intspatially

aware sequence that serves as eattention context for a trainable decoder. A Diseasare

Attention (DAA) head performs muitabel classification, whose outputs condition report
generation through diagnostic text prompts. The decoder ajesethe medical report
autoregressively with crosgtention to the fused visual features. The complete pipeline is
illustrated inFigure19.

6.1. Y-Mamba Encoder
The proposed framework uses a-peened Y-Mamba encoder with a-ghaped hierarchical

structure designed for joint organ segmentation and disease detection from 3D chest CT data.
The encoder is based on the Mamba state space fiéilehd processes volumetric features
efficiently while capturing longange dependencies. The architecture includes asfage
backbone composed of Gated Spatial Convolution (GSC) blocks and Mamba layers. Multi
sale feature representations are extracted from input volumes of size (1, 64, 128, 128), with
progressively increasing channel dimensions. Two parallel decoder branches generate organ
segmentation masks and disease anomaly maps, while a compact bottgnes&ntation is
obtained at the deepest level. The encoder is initially kept frozen to preservetitsre
representations. At later stages of training, selective unfreezing is applied teleighdayers

and the diseaseslated decoder branch ngia reduced learning rate, while earlier layers remain
fixed. This strategy allows adaptation of hilglvel features without disrupting lelgvel spatial
information. Due to numerical stability requirements, the encoder operates in full precision
during training, while the remaining components use mixed precision.
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Figure20: Detailed data flow of the ODAF module

6.2. Organ-Disease Aware Fusion and Orgat@roup Shuffle
The ODAF module transforms encoder features into a decuotepatible sequence through
six steps, illustrated iRigure20.

Multi -scale feature fusion/An FPN-style module combines features from encoder staiges 2
via adaptive average pooling to the deepest spatial resolution, concatenation, and 1x1x1
convolution with residual connection.

Spatial flattening and positional embedding:The fused features are reshaped to a sequence,
and learnable positional embeddings are added to preserve spatial information.

Organ-aware weighting: Organ masks are downsampled via adaptive average pooling to
match the fused spatial resolution. For egzdtial positioni, the organ importance weight is
computed as:

o 31 £OI-Bg o " (1)
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