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Abstract

Introduction: Rapid and accurate diagnosis of brain tumors significantly improves treatment
planning and survival rates. However, the manual review of multi-modal magnetic resonance
images is often slow and prone to errors due to lesion heterogeneity, similarity to healthy tissue,
and large data volumes. This study presents an automated framework that incorporates a
lightweight feed-forward neural network with an intrinsic attention mechanism and
quantum-behaved particle swarm optimization (QPSO). The aim of this study is to improve the
speed and accuracy of tumor identification while maintaining interpretability in clinical
environments with limited resources.

Method: Multimodal MRI images (T1, Tlce, T2, and FLAIR) were sourced from reputable
databases, including the Brain Tumor Segmentation Challenge (BraTS) and The Cancer Imaging
Archive (TCIA). The images underwent preprocessing, which included intensity normalization
(Z-score), noise reduction using Gaussian and median filters, and correction of intensity
inhomogeneity. Statistical, textural, and frequency-based features were extracted and reduced to
300 principal components using Principal Component Analysis (PCA). Feature weighting was
performed using a document relevance-inspired method. The proposed model, a five-layer
feedforward neural network (FNN) with a ReLU activation function and an internal attention
mechanism, was optimized using QPSO. Heatmaps were generated to enhance result
interpretability.

Results: The proposed model achieved an accuracy of 99.6 %, sensitivity of 99.4 %, and
specificity of 99.7 %, outperforming reference convolutional networks (97.1 %) and U-Net
architectures (96.2 %). The mean prediction time per image was less than 0.5 seconds, facilitating
real-time clinical use. Heatmaps produced by the attention layer, effectively highlighted abnormal
regions and enhanced interpretability. These metrics were consistently replicated across multiple
random splits, and qualitative evaluations by imaging specialists confirmed the absence of
specificity loss and the clinical relevance of the findings.

Conclusion: A feedforward network equipped with intrinsic attention and optimized with QPSO
demonstrated near-perfect accuracy and sub-second inference for brain tumor diagnosis on
multi-modal MRI. Its high performance on standard GPUs, combined with the generation of
intuitive heatmaps, positions this framework as a practical decision-support tool, particularly in
centers lacking advanced infrastructure. Future evaluations will focus on multi-center data and
deployment on edge devices to strengthen clinical adoption and regulatory compliance.

Keywords: Brain Tumor Detection, Feedforward Neural Network, Attention Mechanism,
Medical Image Segmentation

© 2025 The Author(s); Published by Kerman University of Medical Sciences. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cite

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 ht


http://crossmark.crossref.org/dialog/?doi=10.34172/jhbmi.2025.11&domain=pdf&date_stamp=2025-06-21
https://dx.doi.org/10.34172/jhbmi.2025.11
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos r

doi: 10.34172/jhbmi.2025.11

oS S, psle olKls ¢ Kby Silosil Clidos 9 5o

®

CrossMark

395 o (wos dSo 3| 03l b (S 3 pglad 40 (g 30 S 59093 Julxi g ousuid

ogles o L, 31 4 F pledt slaps 551 b ovding
"0) g Ao T sl Olosy OLLS ‘*‘@Lf;lf Aan

Ol €Ol o (Dl o (S35 ke 01815 (Zatdw DA (55518 05,5 )l sbid €3 penlS” 1530 05 (5175 )

Ot Ol S eile S al dagd ol (5 5ualS” pmnilign olid IS (g somtils Y

Ol 60l o Ol o (K5 p ke 0aS30 ¢ (K 058 Glsbiod o oo 5 ) 0903 348 Saadei (33 ¥

048

oo Ll eand e 5 (g ySada sgbar |y iy 5 oloyd> iy 4l wsie 9eg8 33 5 @y LRSS Tdedie
5 45 bosls (Vb oo 5 ol cdl 4 calid anls SSeal Jdsa (egin (publie 2055 pslal (wd
9 S92 ey pille b S sl (oras &Sl | JSiie 9398 Comjle SO g ol ol piilas
Lis g jg05 ololid €83 5 Cepw Ll in S o 41y (QPSO) Lostlss @l plodjl (s luding:

Cal ilio Cudgase (gl Sloyd (slalasce ;5 (653 uunds

50 s905 ehiptabas il ke piixo ulio 5 (FLAIR T2 Tlce T1) Laagsis MRI ol 1,5 s,
il Jloy b pglai .50 (¢ )9l>,5 (The Cancer Imaging Archive) ;b (g yldp poas gui)l ¢ (BraTS)
5 Bl )bl (o Sty wad il te @b Keal Mol g (6l 5 wsf) g Bl (slayild
sy b \a Sy o30gp Al 0I5 aifhe Yo 4 (PCA) Lol cslaaifie o L 5 gl ol
9> 4295 pilSe 5 o Y gy byt e (s 4Sud ol Jas 8 plonil slil (riwcenl | 48 Splel]

DA Aer gols puds (gl Syl (slaadds b g QPSO L &S 5y

2y SbeoilS oladSus 5 il cand ZAVY (S 5 AAA/Y Cawlus JAYE b5 4 (oolpiiny Jdo tlaai8l
392 a5l +/0 3| oS yguad i i (loj pSOle (usliS pu ety |y (£38/Y) U-Net (oo gloxo o (£AV/Y)
51051y ol b 63 5 ol 5y (S0 S o iy Sl il ol 3 sl sl 5
5 S8 LSSl )S%e (Balai slastismads 3 loadld (ol )5 Cusli ) (Gl padd 5 d903 dlaz p (3:5

25 b1y sl (2l bl g (Shy G0 pas g pgad plaasio (A5 b))

bl g Jol & S35 (85 candlyy QPSO L osiaige 9 (59)3 4295 & joome g ey 45 16 35 4
s olyon ikl SLGPU (g5, Yl 3,8kas 251 palyd (azgaiz MRI (9 s50 s9085 Gt sl 4l 25
il a8 Slhe )3 ohgt e SrSmeal luidy il @l ol ol wsdsrd Gl bads Wy
Dby Bl anlgs 5 je5 a) (laolSios > il 5 (55 pesin slaodls y oat] (o)) S oo Sy ety

25 Cag e S5 il

S iyl vl s pudlSs 53 ey (e 45 (S50 pgeg8 pand 12031905

Wi el
Wl adsluw

VYT el
VY (5l
VR clasy L]

siuno Olivs o7
Sl alas

Ly

mostafa.kashani@sirums.ac.ir

ol ihas SIS 2L/
Ao Bein (bls il
Site slygess hlod 5 pasts
4 3l ol b (b3 glas )3
L odddigy  jedpln  (omas
Sbo)ls, sl a3 sl slagn 65Ul
el Slo gl Ao . sogilsS
VANY DFF Sy Can g

£¥

T0 Journal of Health and Biomedical Informatics 2025; 12(1): 64-78



https://dx.doi.org/10.34172/jhbmi.2025.11
http://crossmark.crossref.org/dialog/?doi=10.34172/jhbmi.2025.11&domain=pdf&date_stamp=2025-06-21
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

@
i, fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

dolo

B335 5 BByt parsull & Wgy oo Jled 4 (S35 po (mas i SYMS] (op So)bley o o fodny dleril 520 slaygeys
agrse ($pneas sylpl e > [V o) phle el 5 SRl g (ol (s IS oy Cadga )3 ol b gl
Gy Uy ppealgpne o oMb sjlulul leca (Magnetic Resonance Imaging)  wblize wais (6l g
g9 MRI buwg suiuds slaodhy pudae woe (Jbocpll [Y] 5,5 o )8 oolatwl 3j50 (gjr0 slojgess Lol o (olwlis
Olaasie sl |y polas cpl Julod g pnds 01,8 o (ano (slaylislos b Clols (S (50l canlid g bajgegs (So55lg9)90
V] 25l e (Slasl slallad dsituns 9 1S CBg lgdd (55ol923),

(Deep Learning) suws 5,550 LB o op9a (Artificial Intelligence) cguas (oo (sld g, dawgs cpudl dad )
s loms colbo ol )3 [F] cusl oaygl oald (S 00 1 (3:55 5 395 Lasets ladiblo 2k (gl ]) g sl b
Feed-Forward ) s i ac sass (Convolutional Neural Networks)  igslS uac slaass ol
Copiunw )l g < o1& > (69 i (Recurrent Neural Networks) iS55l sls Jso ¢ (Neural Networks
b b Ko 8 slayges a4 ol Cawlus ulas Slacodgizne b jen 39350 (sl Jdo o pl 3955L O] Wloo)S ] s Jdow
1] s 930095 03,55 oz 2 9 sy So03l> &4 Sl 5 p29:08 CieS Clasdl g & Cond S pairl paseiial (slaj e

b o))San 5 Zhang wiges (cly sl ond plonil paets sloailols L i) 5 o il ol 5 adé (gl go0xte lalllas
acgome ;3 |y yaegi (gabdalad by GliS (et ls i p el MRI robai 5l (6550500 5 GBeos dlowad slaaSil 05 K
51 =S 5 H-DenseUNet (¢ jlaxo 41,1 b o), g Zhou a5 Jbs )5 [V] 3l <85, /A 3905 40 BRATS 2015 ol
Cond 4 (639095 sodgs (gl ZAVY g S el VASIY old oo wSile CT slapzes (9, U-Net jtsbls 5 151,20 Jlas]
JA] a5y dge |y (saashas slagi oSl b o 85 (5 )bliae yobay Klgs 0 PET 3 CT MRI @ledbl oS 5 45 wsbs
Py dop QY B oy 4Y b olyen BfficientNet-v2 (sylose jl (535050 b o) Sen 9 Chen a8 ol 3 bl
DT alon Hlod 4 oas 155 €85 VL addlas ol (555 oloj b oS Wilen,S ol (g0 sl ygoqs Lawieids

POl s )3 g2y Madgr (b Jde (6 pred 5 6yl 83 e sl (kg8 JB (sLad (lmen dacd il 2920l
&l sl (s 6350k abpby slay) Gl L &S wmd o ) g5 slojseg sl YAy 5 dlly ol S
Slalojke cel nl e Gl Shy [NV ] cwl oad b (ogilsS silodisny Glapt oSl 5 iadon sla Shy
250lsS Slyd plasjl gilwdingy p ol oS 4 el )b palais o Self-Attention das ¢ plSe b olyon o3 iy (cmas 4SS
{(Quantum-behaved Particle Swarm Optimization)

5 35S 35 ya3 lmodls I ols (sla it (g5, 5 45 AB3 o |y Sl ol oo (ElndSs 4y S 5yl dvgi psilSe Sy b —
LSl C8 (ke (g lulid LU uS 0 S8 Jdo J..;‘)B ol iles C])D’:.’;.wl 6399 SleMbl b 5l galS sl S5
PYTams 0 Gl s9095 &2 SgSitio (23 2 Jo 35 505 (U195 3509) ol 1 oalisul s ialial

lad ( egulsS (silwde L &S Particle Swarm Optimization oo oS! & iy a5ws olgicds QPSO 5l (55000 -
DIF] 25000 (6l 8lecus @l g (Bly slalas §5 (6 pdpuass d9u0 (gl Jdo yubadi 5 00l Lisl58l clacSusS 5l eolaw] —
9i3)90 (SR )P pp9al 0jo> 1 wiee Sty I (S lsiedr (Sire sbyyger L) pards bl shand )3 9, cpl
5 Groe S oy la e B 485 ym o it cslabsy ) lisie (6la,Segy [N0] ol 8,5 5 liins

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 Y


http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

@
FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos

doi: 10.34172/jhbmi.2025.11
oS S, psle olKls ¢ Kby Silosil Clidos 9 5o

D

Active Contour ) Jls sla Jse g (Region Growing) asb ws, (Thresholding) 6,158 ailiwl sl g5 (o515 giiw
G Olss dygeg (YU (6)ldle a5 b agalae o (b pl Lol o ol 265 1 awlio 3, Sas ((Son (53 g
EM3Lie 4 JL g 391 ol yo €83 peSaitin il b I b, ol 5,5kas (50 i cBEBl ysis g pslas IS 3355 MRI JUSes
Ot 513 cwdle yelai by oS (S pole )3 ol (6350k 3 0)8 B b D] aiils s pielyly walass gl (Sl
uasis sl (Bayesian Networks) oy 50 slasis g (Random Forest) éslas S (Support Vector Machine)
JSS 8l wile gwd Ojgods oddzliinl sla She i el b Jas pl [VA] w85 518 eolasl 3)5e (330 (sl ygeq
Vo] wus 20V ey & oliwd & 3890 SVM )65l eslawwl b o) Se g Pereira ¢ Jlo olgicds .39 aad o i
b Sie bl )3 (awsie Gylhe 4 il Sianly bl iy 118 (slaodls 4y L5 5 1090 S Sluolors Yo 5l Jio o) ax 31
G Sis xSl bl e ol Y] 5,8 sbmyl (S5 psbad il iyt 5 Liasabis (CNNS) sggils uas
U- s olaggylons [V7] 2,8 Bl (IS 1) (wd Sy il @ jls g 0392 s |y pb (g pgeas sloosls 5l a5 (2135
leMbl by de0 sl DenseNet 4 [Yo] oLal,5 cdl o0 sas Lisli8l ol ResNet YF] 58> sauaaad ¢l Net
slojlisbio >, BRAF (yigs cipmsg sl lo (o L MRI (s gl slo Sy oS 5 5 (s iy jby el o (s
oA loxes CNN by Jao (b ol b V8] S o i +/AY ROC isvie o o g /AS <83 b bogidle (s jae
Syt > sel slaodls 4 Coul (a0 g azd olren o le L Jgesert Sl b e slojye «S2sS o jsegs
oaeis gladilols jl gui> Jud ol gl Jae slacydgize p ade sluly ;o [YV] aisl aush s ogllas 3 )Slas &y (oliwd
ORI Bl b Jue ol [YA] Slasbhangs 6yl 8 (gilodige slapiysl 5 Goos 650k slodde oS5 1 S0y b
JUsl J5gy xS S b e 9 Yang wiges plgicasibad (shb 5o b aralse 13 o)lul sl ks £y jials «wdo
JY] Ll Cawd o y> B/AF B> 4 logalS (gaan )3 ;5 «8ylete MRI y5las (59, o GOOgLENEL (g)lone wulaiss; 5 50500
(S padd Lg]c\il.ol.w ¢(PSO) Q\)S ral>b)’| d)’L»dx;ﬁ.ed W.b””i]l 9 ResNet-50 c\Sm: d.,.n.l.» L Ol)l.io.m 9 Kadhim ‘)igg Lg]:\x]Ua.o »
& s 55 Ub)IIS cp e [7+] 3905 (5)l3S 1y ZANAD €8> 5 2338 Sl (5o y905 MRI gl saindilo gl
Sl Vo] a0 pd 0gilsS (gilwdigy p e (oS 5 sla e | edlinl b (gire (laygeq Lasis > ZAA/DA céd
O3S 5 (e 0353wy (sloodld 4 Gl (Ko oS slaygesi O B Cl yomen (slodigd ), SO Plue g B glad gl
S b g sbogle g ©jgps AKS (pl wlsle Bl odes o il plyisa Gles Jho gmlS (6l s
dlasbe (bles Glaloin ) 4yt Lol lagjludin g s BB Broe 6350k bl )oSl ciadon (Shy gl
)5 pledl 5> )8 1 e Shag ool it jlgisl ey (gloaidly § Slaiod bl cadllas ol )5 04855 dr 1 (glo S
ol 355035 5 Bz ey 5 IS sled V S 33,5 sbyl Jde ol drssi gl pSinins el 4lcSy b S e K g 00

Amd o ot |y anlllas

LTy
sloodly acgazme I MRI pglas (g9, 5l (300 sloygo95 arsuis (sl (3483 g Jhadgn phuw G (Db jolateds mgh ol )

23,5 0olil (iludingy 9 Bros 65k Ayl SLSESS 5 Sl prine )1 pgad
sl ) colSly 5l a8 canl 2l ©leMbl o (FLAIR T2, Tlce, T1) g>gii> MRI las ol sy sl cgloosls

XY X"

v Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 ]

‘B oen o lals oIS omas dSwi b (g3R0 j9097 pansld

38 )18z b > 9li> MRI by Jols acgomme ol :BraTS(Brain Tumor Segmentation Challenge) -

ool 41354 Jao big0] (ol Ao )lidl S ygods g a3l oo YEA ol ol il e3latnl 5)50 pglias sluss .Cawl y9095 (Slg3

g logiwModS b g ye (spaal g bl ¢ og5f SleMbl Jols ools oL opl ;TCGA(The Cancer Genome Atlas) -Y
A8l sire b yges ol

>)lukesl MRI glaosly Jols oy Si5 polad egee o35 opl [TCIA(The Cancer Imaging Archive) -Y
! Oliiss sl DICOM

ol pod & Soosg s 9 Suogs) S5 5elg5l gt (slaodld Jolis ac gazmo ol IVYGAP(Ivy Glioblastoma Atlas Project) -¥
Wl abldrwgr pSbly oKy )3 aS” Couwl MRI ylas

Mo i3l o pgundy oS gl (cloduasiio (Bis 5 imgd M| Jsol Culey by 5 Cld 5 g Woodls olos
(530l (Slp AV s 4y ool (o (gl 51 el joliaiods 128,811 oolital 3,50 Jdo (g0l 5 (oekas el (b0l
03,5 Gl (y90] (Sl 7N g (s ylizel gl 700

s 5 3,505, 9 el 50, 5 IS ylagld 1) S

[EY-H EWRV Fpepge.]
Do oo Ly 4B 5 Gyaody &S A pbsl Z-SCOTe gy 3l eolitel b palad i (g3l Jlo s Il (53155 i dl> o 4o

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 A


http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 ]

FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos
doi: 10.34172/jhbmi.2025.11
Olo)S (Sbip pole oSl ¢ Sy Silo gl lisios 55 o

I

oo g (o5 Sloyild jl g Bl gl wblige slhne Bl O g gl IS Ssd 0Sike W e lol s jlaie X o > oS
Sy YOFXYDS 3 ll Sl &y ygles soles Lyor 3,5 Mol N4 2 o8I 51 (6000 b ok iSonls g 45 odlizal
0k ptls (bily e Jleisl b S plosl olidy) g elidie i (ulSall (i b ooy (I3l T8 g Wb (6 S wigesl

Blign Al b5 Y S 53 005 Byt 9 o5 o 3] aigad auld] 3l lj3l lodiges 55 9

Raw Data

T2-flair
09310y i 3 axs g JaB (39,9 polai 3l (gldiged i UK

9 b S gl 5w

2 (slagSl i 5 10 £alS jgind; (PCA) Lol (slaailyn Lo s 15l Joa 3,555 93 b o g ¢l

GLCM 5, ian 8ly sloSis {53035 semssl suSibia) sl slaSizg a5 tllan il 59 35 (sibuesly aosl

i e olal U (il e 45 5 il (DWT) Sl ool b uslS 8 5 (8 sl S 51550 Sirm sl 5)

5yiie pdlde 555 5l 6050y LPCA gy 05 o0 03> Lials” Lol adlie Yoo &y jlopy PCA jloslitwl b s LS 0 3]

oS 9 3 o Coanl s ity g 205 el i (Sizg Yo dbosls il 730 ais L b 43 Ll (SVD)

100,5 dule 5 Jge s 3l oolil b o] 59 g ol o3l Liled ()b &oygods (Siug pa b odliiwl TE-IDF s
TF-IDF(¢,d ) = TF(¢,d ) xlog (LJ

DF(t)

ol 3 dggt Sig ol &S cunl s pglai sl DE(1) g polas JS s N o3y ot 539 ol TE(t,d) of jo 8

iy 4 e 4D byl sl adsl slagyjy olsied lie

Jso AL

OW iy & Jgp ©jgods g s & 48 (2Ll ol &Y i b (FNN) )53 iy (uae 4 Soal » (ooleti J2a

WgeSw mU 3l (903 aY 0 s ReLU &b 5l Sle slaas¥ )5 a5 (siloJled (gl 85055,5 sl YY 4 £F AYA Y05

T4 Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

@
‘ g, fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

Do p o 58505 dene Capx 23S edlawl </F F 5 L Dropout SusS e iile e 5l oS el jslaieds S (6515 p0 00
Plg 4]y Jao dag by slogis W b p3ilSe ol b s Jus ) Self-Attention g 5l ar g p5lSe G ugad w4
9 Wy Grad-CAM S b jl aa g 5yl (slodids ¢ Jdo Slosonnd pounds jolalods .o 35 pale j9005 D929 4y S gSiiio

Al o A Mo BB Y G o Syl add opl l glaiges ad oo

Input Image

Attention Map

Detected: Tumor Present
Confidence: 99.6%

]_ Upload Image H View Report \

‘ Export Heatmap ‘

Grad-CAM | Jols 5,1, sWadds I slaiges ¥ S
Jae (g jlwdingg
gy glasens win sl ol s o3lizel (QPSO) Laglss iy planl ojluodisny wiaysl 1o () 5 B> zalidl (ol
Gan al md e Ll |y bzl clas 5 okl comiun culld ¢ osdlsS (olayksy Jlasl b 45 cawl SewdS PSO
25 Goygpods Bia &b p,8 00 iy (Specificity) S g (Sensitivity) cuwlus (Accuracy) cés jl Sy &)

Fitness = & - Accuracy + £ - Sensitivity + y - Specificity

.\wubt;o J-\A u...Jb Jﬁ)lf Cood | U»L.u] 2 o.\.\;’;[,@” dlﬁu)g 'Y: iy 9 B: <Y 0=/ L)—l Jo S

Jae (¥ 3900

Lg 0,90 Y. »9 AW du.‘?)f).‘aa 2 of o0 4...]9] d).j.)l.’ C)J W) 'nl?u' VY awwd b)lJal 9 (epOCh) 0,92 Yoo )‘ odlazwl L, JJA U")?‘J
$9) Je ot 5 Obigel b odlitl Loy Sloyje (sl ae slazell L Adam oz )80l jlcdl (ials oY o ps
el g Jdo S logas ) Jods o b Lials Slewlxe ol b s 15| Graphics Processing Unit )l 58lcces
Wloddd 03> yisles diugy

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 Ve


http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos

doi: 10.34172/jhbmi.2025.11
ey Sz pole oSl ¢ S5 3 Seilo il i 50

S50 39095 (i (6l (63w S0 (S0 )S 1Y Jgun

adlge slado
19O (et 45ud (6 lons (FYSEAYADIYYOF)
Sl &b (293 ) 2890S (Sl saerY) o
(Dropout) _sslas s ¢ -I¥
S lodinge w5 QPSO
QPSO (slaazs, sluss o-
QPSO (sla,l S5 slass Voo
s b Shy g Camlas (28l S 5
S5k iy ]
adgl nSb 25 of e
(Epoch) ;0! (clmo,gs sluss Yoo
(Batch Size) 4w oyl vy
a5 p il Self-Attention
o bzl ) K=o | ablite  >e)lzel

o i Mo LB ¥ S5 )5 aSd ) Bj9e] Bg) loges

Training vs Validation Accuracy

120

100
80 -f

60

Accuracy (%)

40

===Training Accuracy

20

= \/alidation Accuracy

Epoch

73
81
89
97

Epoch ;» ;5 Jao yije0] wigy Jlages 1€ JSui

§uiy Jo (25

Omoman 258,5 )118 o3kl 5,90 AUC §F1 jlae (Precision) cpusle cés ¢ 5o el «28> sla jad s ¢ obj)l as o 4
& b gblite (xiu)liel (Jho maods Cubls (ialdl polaiads bl Joo Slles oS yp ly moin 9 Obisel Olos
2 Jie el oo inlS (sl aleiy s, S8 2,8las s sl clsisas ol xSlee 5 45 plol (Bl (g
Sy pSssS Jlo S .cd,y L84 (Model Distillation) Jie julasi SusS ogase (5l 58lccus pbo b ol slalase
2 Jte gla g ooled ylos bain slio 3,Skes d ! yloj g ojll LimlS b canslys g 8,5 5b 1 ol Jse il a0l il
13 S (I p0 e Alolis ol 51 il Alets il oo b 505 1) (glosbs (SdlS Lyly b olyan > csloaciis LI

Al go odalin B O J&&)béﬁbdalwaswdbq\f &..»lmﬁ)]u.lfd);wkj.\p &‘%5)596-\9.@? sl sl
\a) Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

0 fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

Brain Tumor Diagnostic Model Architecture

[ Training Configuration é’_ﬁlJ @ Interpretability

Adam Optimizer Grad-CAM Heatmaps
Learning Rate Decay - - Graphical User Interface
Preprocessing E [ Feature Extraction
) iJ UIFF
Z-score Normalization DWT Feature Extraction

Noise Removal PCA Dimensionality Reduction

N4 Bias Correction A ; TF-IDF Feature Weighting

Data Augmentation Brain Tumor
Diagnostic
Model &? Neural Network Architecture ]
Optimization a0 ;
Hidden Layers
QPSO Algorithm Self-Attention Mechanism
Fitness Function Dropout Layers

[@)] input

O 2,5k 090 g omas 4l slaaY I IS (Silod g 10 JSUS

=W

(Accuracy) cé> alexjl 3,8des S (slajlne ) jboline dgupy oimdLis (ooliin Jdo (gilwodly ;| odelunsa mls
5 Jsi> ;0 a5 joblen Cusl Bres (6,:50L Jgliie slasjlere b auslis ,> (Specificity) S5y 5 (Sensitivity) cowlus
2 298158 (Sludingg 9 4295 pilSa bolyon (FNN) o3 i (gvas a8y (e (oS 5 Jo 09800 oalin 3,Slee laged
ol 03y € 4y |y gl 5V sl osles

(7av/y) ResNet50 wile zuly cla oo <83 5l pYL Lwgele @ ygods a5 cunl ZAA/F Jolre pols adllas Jio aysuis cdd
2l sl gy 65, b gy 1 oS cuidly Jae (gl joniz (b5l (86 e 1y 290 ol il (Z95/Y)U-Net
o p3lSe b J 553 (sgu 1 g o3ge) Wy Gint Sy sl TF-IDF L b Shy (5 g 9 PCA 5 (s 0
ly Cute d)lge el ) age (a3 & Cowles Jlaile il 03)5 Colin jomeysegi g e (Bl ]y 4SS S e
lodiges olulis ) Jie YU oy Sl pol ol el 48,8 iy gy sl 31 7R L e ) ces] (35290 (6l y5059)
$lap 38 I eslitul g2, Transformer Juo cuslie o asbie mb CutS b pglai b (550 bulpd )3 (> j5095 (il
Sie bl 3o axe BB oylbl oli Limgh cpl Jho b dwslie p3 a8 wmd e &l 1) ZAV/Y Cuwlus ol 4o
ol LAY S 4 3890 (dlaiin Jde 13 0)L3l (jgeg5 g g pie) e d)lge puso LS e 4 &S (Specificity)
b @ ol 2 OO cute (s Fi g 3y 1) Mine 5 Wl pglad oy pled SUlg oo Jae a5 aad e ol sae oyl ool
@ e Slgice jeeg gy Cunpdl pacsiis Sl sl Gla (b Gladp)l5 3 ohsd (Shy cnl Cwl gml (eguone
Tos5% lad Jlges 1 33 U-Net 5 CNN L aglio )3 adllas ol Jio (55 993 (02185 slaglopd b (5)9p0 08 slostale]]
adllas oyl (oS5 Jde 4 Cand ($cuns 3,Slas ZAYIA Cuwlus o 7AF/0 cés L CNN Lbas a0l sla g ylone ] jasuio
(popen Cal S yale drgi lapiilSe 88 5 5 elinl S SRy xSk ) e nl Ul pas ggoge (ol cle )l
ol ballgy gl 3 p3¥ e pdydllanl 436 Ll s (558 Jxe sa Shg glynl 3 42)ST U-Net p (aie sl Juse
Sl SaadE sl 0208 Blod Juo 2k )3 5 sy 5516 (5ol 2)Shes US55 bl o o STy (e (oS d
03,5 olwlis oYL B by b e cdl 4 bgsye (o ol B e a8 S0l i ()b 3)l90 ;> Grad-CAM I Jols
e o3zl osly 381y Jao g & (Gl SholS slatel S izg (ol 55 Blod 395 (6 s 3 505 42 ol 5

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 \al


http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 ]

FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos
doi: 10.34172/jhbmi.2025.11
OlosS' (Kb pole olSitily ( (Kb Siilagl Clidos 50

2 Bl i o5 e S opml3lsS 9 00 S Sl o3itl o> 4y oy ol 55 51 leieo ot | o 3
3 iwodly ¢l 1y adlas opl Jae o Sy cpl b (alS Jae JS By a8 o] o ol ials a4l +/0 j jzeS ) diges
o1plosl (S 5 (oS clo o gacre 13 S5loisn uslio Jax 1B ©lisger Ao grio oS (sl b (il s slolaeo
bl jiel)ly (gjlwaie ilaipo Sl (gjae y9og8 (arsidl de))d powye Sligilore & Coms |y (lpidiy oo Sliee (2K
3 e S329 zlyl alsye ;3 TE-IDF g PCA wilglgs a5 5 oo 55,05 culin (ol Self-Attention ;l eslizl QPSO
2 P38 dedop pasuii ailels g sly (b g e @l oul Wbl 2l 3o )3 Jho 6 BYS ek
oo 980 oaaline £ S5 )3 o pboplean b wal)d 5 ST )y (i Gloyw Aol (SSj 6oy ngal slaoje il
CNN siile pogusyo slacsslons & G (st 2Mos (g 5 Comlis 8 Jold (93 )Sloe laadls (olod )3 (ooloiiuy

Amd o ioles zadgds |y b Jde e BMR] 5 Ay g ¢ )loges ol .cunl 03> &8Iyl Transformer ¢ ResNet [U-Net

Performance Comparison of Models
100

M Accuracy (%) M Sensitivity (%) m Specificity (%)

Percentage (%)

Proposed Model CNN U-Net ResNet50 Transformer
Models

E 30 39095 audeiid 1 B e d,Sdos dulio T IS

Jabs dbul 4 38 (eolpiiun Jdo a8 3l ylis 5 (A JSS) F1 jlel oy o S99 Camlis (Y JS5) s (sla yadls p o9
ol GO el o i ialS 5 Cude slrdise puote AUl

Precision (%) Comparison
100
M Precision (%)
98
S
= 96
.2
@8
E 94
-
92
90 T T T T
Proposed Model CNN U-Net ResNet50 Transformer
Model
LJdo (gt it B ey o Y UG
\al Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

‘ i, fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

F1 Score (%) Comparison
100
M F1 Score (%)

98
L 96
et
o
@ 94
Lo
[T

) .

90 \

Proposed Model U-Net ResNet50 Transformer
Model

LJso F1 Lol duy o A S5

S it (228 JB (b glasely bl g g ol g9 slad £ oS (S el (ol laojg 53 0hg4 ¢ Jolsd o]
O Jols pae wles,S edliwl 4 g5 p30lSe yads ResNet L CNN slagylore a8 polie Sldllas )3 .l cuonl pls
b ke duslie yiomed 233,85 0 (asuls ) 5wl osleiel 4 e 9 0ad F1-Score ialS cog0 Recall 4 Precision
e o 505 328 b5 5] S5 e 4505 (sl bl i 3 QPSO) i slizl o 183 n ol (g csla gy
by et o gjlodings glyt SeuwdlS PSO 1S oylSen  Zhang adlias 5 Jlie (slys sl Slisiog 3o dy G
SxSopo cddlllas pl )3 blis )3 39 0033,5 (5,155 74510 394> > oles €8 g 5ol CSlpeds ol Kem F 5 s oalitl i
5 8 Gl (o 4 o 15 oS dingy oS S )3 IS Ll crge QPSO 3 ogilsS gt (515
sudn g ol 1 YL (el pnnds (ol o e (sblze 5 (SO oS sladyglind [ 5 el o3g b £ ialS
Grad-3l s So s b (Jo nl )3 Ll il 039 ke il (e S5 0)l900 @Syl (Bras 36530 p (e S ERGR
Jdo ol (6pSmaonal 2 &S 1) poual phe (Sly a5 L pald Sl slbacs g Kl Self-Attention ¢ ;55 s CAM
slaailels 4 slosel & l5 & o jolgdly 5 (Sj lp ofgdr bl (pl WIS oo Jialed & (gpar ©)gods wilodgy e
sl sblje 515500 (S 03,8 (b slalaes )3 syl By Slodiee) Sl oo 9 3)15 (Vb o (355 )l (parits
o1 ol clisSay oolaiin il ul (S 50 598 i slbojes plu 4 o JlES] b o s pdcbllas] o
590056 b c@dlgyd el Lls 55 1, PET b 31,5 g0lo yglias CCT Scan ylas ¢ pguas (slaodld ylo (6lp sume ol cubls &5
09 eslen leld Gln sl e 5l gl (it dls e Bk 5 &Sl kel sloaY (Fine-Tuning)
dallas lacudgize (S LU g BB sladyglied 3930l 3,5 (550 500 SO L;mel L 8 slaglow sy oyl
gl b ol sl clagl (3 canl (S0 o jyin 015485 54 MRI (sloosls o £55 o le Yol 2298 0,01 3
Sy b ol gileangs 0 awlie 3,S0ee QPSO )5Sl s> o Aol sl awals Sales bjgel clmodls ;> baygess 0k
o3l ()8 Lol an ST eolasyd il dn 5 BB 55155 wolie diojls ol S b gilwodly By 50 g ceaw¥ ] Sloj (S
DICOM  HL7 (gl il b it uakss & 5l HIS wilols b ki lons PACS (glayptas 1 o sl bl ok olobo
ol 2280 gl o B8 s e e sl 5 VU 85 s ColB ccsrie ol deguine (58,5 5 L3
02938 9 b silwding b Cunl (Gjae y9e5 gt lp (WL (Sgian Ghor slrabls dwg Cua )3 e (6 addllan
2 Ke3y15 5l S 4 g Jae cpl G5 gl ladilebs b oS 5 b sjgalrgs (Jal 6500 i lacobl

D9 J1d ¢ panastie d9:aS Ly 3blie 1 03194 ¢ Sloyd ST,

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 ve


http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos
doi: 10.34172/jhbmi.2025.11
oy (S pole olKuiils (K53 Sslo,ois] Clising S 50

L

& 5 42 g oy
Sho el (Gres 6x5 S5 il axSope b e lajges By Lasts (ly lly waly Ko tmeg cnl
2 e 2309 (PCA) (Lol slailhn b (550 b sesdleiciy oo a3 1) QPSO s s (gl 5 455
sla e ) 5l (63,Shae 15 3550 QPSO wipysS b sl s 5 €53 p3ln b s i (soae 45s TE-IDF
LYVAY] s &l Jglaie
38des (b)) lopadls (ooles ) (olouday Jdo (F-A JS5) 05 oamliie (6 pSeons (i5u (Slamaliie (glaylages )3 oS g8 o
YL ,Slee F1 Ll ¢ (Precision) yuisle cds (Specificity) S5 (Sensitivity) cowlus (Accuracy) cés ke |
Accuracy " bges > opsa [¥¥] cuwl awisl Transformer 4 ResNet50 {U-Net NN (claJie 4 Cous
oS oly Gedy jhe g a5 i bJde plo | gbline jgods JAR/E B L oolgrin Jie 'Comparison
5 Bk rlel) (S5 Sy @l ) aSore b ptmeh ol oty sy gsee o [YO] el sl 1) MRI
oo Self-Attention g8 iy was 485 K 59y QPSO (g5luaigs 5 TE-IDF 25 9 PCA skl ials (8,8
VOolumetric ps 59y 4 Cams (5500 2hlS Blg5 oo a8 3l L5 LAY (S99 22T Comlus AA/F s & ol
JAa/¥ cés 9 Dicex «/AV-+/AA | ), Ken 4 Rastogi Lwg snsel) D Replicator Neural Network ¥ sCNN
XS oo St YL (6 ponads bl g 4l +/0 1 1268 sy loj bolyed ol ol [¥Y] 3L 4zl segmentation=
I¥5] sl 3900 golio b 3150 55 il slas,)8 (el las g clio (ghiy 5 adllan ol oo, S
p ol (el 1y i ol ecglye (B3I 9 sekals I ookl b Jue (giluaige dawlga Ll ploj (ol (Sllas late
b owizred [YV] Conl 03,8 oolawl BB ¢ yansiie (5950 4 dgdote owyiwd b (Sloyd 3S1he )0 alesjl ¢ aBly b slalosxe
5 00 Jutwd plaasiis ¢l Jao @ls jouis Grad-CAM b )l sloads 2y ol g (gpm o )8 laly (gilwoslyy
ol 1B oo e sl gl [YA] Cosl 0003,5 o0l (Ll (6 S mrenad )3 s (Slo 29 alas ool Sl
Sbppyai K05 laoje g laglbyw elgl plo @ Lol (nl maess sl |y ol 4 S 0 ST I g plo @ Cons Je
A dedgn (S paseid sbefsn lp @ Wilewe o s Ol |y bt S [YR] 35luiee Jlsen (S35
05155 6L e b oS 5 (Self-Supervised Learning) (¢ ,55b 3¢5 ¢ Jsl (6350 sile oS L1y o] 5 8,5
S 5 &S ol L adllae ol o)LL y5 b axwgs ¥V] (Artificial Intelligence) cguae (oo 505 S L o [Fr] jwo
pre @l & Slg oo (Jho el g (o)oSl (Gilodinge (D 0k (Bres x5k LSS | edan 5 38
opls o i de b 53 35 6L el 5 5ol ol il S i ] Sl oy 300 Bl 5 o 39
R 5 oy 380 Gl et oAl B 0 egan Ghon 3l a0 (530 lapl ol ol il il
Cusld
L gjloaire 5 (Self-Attention) (s> axsi el (FNN) j55 iy (rae a8l ) gpSone b oiosi cnl oloiiy Joo
By b Jdo opl o &) MRI pglas jl (g500 (sbdyge55 (asnis 1> dws p (63,5des (QPSO) egilsS” clyd plodjl o )6
S s (£851Y) U-Net 4 (aV/V) 0-ResNet aile pguye sloJdo & cos ARV Shg 9 LAY Cowlus /3178
5 0B (Slin (HU p rg pjilSe 5505 Lol yon TF-IDF (23)j5 s PCA L (055 o (Shg el 138> (b niin
3905 Ml |y bt sl 3480 ololks Grad-CAM 5l slaaiiss .cal 03,8 Cugii |y Jdo 6y poundds
wblo culie gitonS 381y 3 (b Gop)l5 i |y comle cul (e ilworpid I Jol sl /0 1 oS snte olej
3929 b ol 03ls Gl Jae (o (5))) @l (Vb (gl pmads 9 (S 6) 905 srojor bl 4 presd Cubl .l
sl G slo g 103l QPSO lowlomo (S 5 )36 sloygogs (S0 BBL S

Yo Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

0 fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

‘j”b).\é 9 ’s-\v-’ 3

2 Ol (S-S pole 0uSiily diadjl sl )an 1) 395 dlloos ol 5 (1935 ilpe dlewgipty dlie ] St s
0 glie dbaodl> ‘5)913).? 2 0aSiiily cpl (SMl g 8 ole slacud )bl o400 )b o Il cied ik cpl gl l a]y8
sl 03905 W) Limgh ele Blual Givs )3 (6550 i o ol lacslop) el g anss

&8l o,
2155 gy (i b pole o Jlo ailia Loyl g Limgly ol cslyal b byl )3 23S e ple] S s

S Colos
sl 015 plosl 990SIRTE o )lass simgfs 2ok B 15 5 by (S5 psle 0aSiils o culos b adllas )

G s
o)losd b ((Sbjy Camj slostingly > GHE! diraS ol g (g2 31 g oSS llasMo JolS ole) L ting3y ol ccmizzan
o) 013pl5] olons o Lo g ST colisy o Sileye Jpuol coley b laodls § oslizs

‘)lfm' "93 G:\S)w rv-e‘-M)
b oimgs (il pos) S e iwl cuip pl 4 (B g <8 lie piaw CRedIT 5kl sandils jolol

‘Lm&b)’] LS‘)?' ‘PSO/QPSOLSL&»W;’%)@\ 9 (s el Lg)’L»obL,; MRI )1’.9L“"3 u*’)b)’uw L)«A)LM Ol@o) ubb D¢

M ol 5y yllas ¢ Sl (gboodly a5 umb Jgkus y805 5 ddyds b pbl 1) yie ele— 28 (il 9 2ol (g5lw)yguas
4 Ao g Llod S Ml.} g ollgs 1y dlie Sl aonud Baiin g oled g () lhasud Sbi obi)l g (Salen o yiagh
i S gty ply ) ele 2557l

References

[1]. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D, Cavenee WK, et al. The 2016 World
Health Organization Classification of Tumors of the Central Nervous System: a summary. Acta Neuropathol
2016;131(6):803-20. doi: 10.1007/s00401-016-1545-1

[2]. Menze BH, Jakab A, Bauer S, Kalpathy-Cramer J, Farahani K, Kirby J, et al. The Multimodal Brain Tumor Image
Segmentation Benchmark (BRATS). IEEE Trans Med Imaging 2015;34(10):1993-2024.
doi: 10.1109/TMI1.2014.2377694

[3]. Bakas S, Reyes M, Jakab A, Bauer S, Rempfler M, Crimi A, et al. Identifying the Best Machine Learning Algorithms
for Brain Tumor Segmentation, Progression Assessment, and Overall Survival Prediction in the BRATS Challenge. arXiv
preprint arXiv:1811.02629. 2018. https://doi.org/10.48550/arXiv.1811.02629

[4]. LiuJ,PanY, Li M, Chen Z, Tang L, Lu C, et al. Applications of deep learning to MRI images: A survey. Big Data
Min Anal 2018;1(1):1-18. doi: 10.26599/BDMA.2018.9020001

[5]. Wang G, Li W, Ourselin S, Vercauteren T. Automatic Brain Tumor Segmentation using Cascaded Anisotropic
Convolutional Neural Networks. In: Crimi A, Bakas S, Kuijf H, Menze B, Reyes M, editors. Brainlesion: Glioma,
Multiple Sclerosis, Stroke and Traumatic Brain Injuries. Cham: Springer; 2018. p. 178-90. doi: 10.1007/978-3-319-
75238-9 16s

[6]. Pereira S, Pinto A, Alves V, Silva CA. Brain Tumor Segmentation using Convolutional Neural Networks in MRI
Images. IEEE Transactions on Medical Imaging 2016;35(5):1240-51. doi: 10.1109/TM1.2016.2538465

[7]. Zhang Y, Yang L, Chen J, Fredericksen M, Hughes DP, Chen DZ. Deep Adversarial Networks for Biomedical Image
Segmentation Utilizing Unannotated Images. In: Descoteaux M, Maier-Hein L, Franz A, Jannin P, Collins DL, Duchesne

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 \a


https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1109/TMI.2014.2377694
https://doi.org/10.1109/TMI.2016.2538465
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

@
FEVA Lo OFF ool o)lash qomdjles 0,00 (oS 3 Coannd § § CooVow S o 5851 alos t
doi: 10.34172/jhbmi.2025.11
oy (S pole olKuiils (K53 Sslo,ois] Clising S 50

S, editors. Medical Image Computing and Computer Assisted Intervention — MICCAI 2017. Cham: Springer; 2017. p.
408-16.

[8]. Li X, Chen H, Qi X, Dou Q, Fu CW, Heng PA. H-DenseUNet: Hybrid Densely Connected UNet for Liver and Tumor
Segmentation from CT Volumes. IEEE Transactions on Medical Imaging 2018;37(12):2663-74.
doi: 10.1109/TM1.2018.2845918

[9]. Zhou T, Ruan S, Canu S. A review: Deep learning for medical image segmentation using multi-modality fusion.
Array 2019;3-4:100004. https://doi.org/10.1016/j.array.2019.100004

[10]. Chen H, Qin Z, Ding Y, Tian L, Qin Z. Brain Tumor Segmentation with Deep Convolutional Symmetric Neural
Network. Neurocomputing 2020;392:305-13. https://doi.org/10.1016/j.neucom.2019.01.111

[11]. Tabassum M, Suman AA, Suero Molina E, Pan E, Di leva A, Liu S. Radiomics and machine learning in brain tumors
and their habitat: a systematic review. Cancers 2023;15(15):3845. doi: 10.3390/cancers15153845

[12]. Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. NIPS'l7: Proceedings of the 31st
International Conference on Neural Information Processing Systems; 2017 Dec 4-6; Long Beach, CA, USA: Curran
Associates Inc; 2017. p. 5998-6008.

[13]. Sun J, Feng B, Xu W. Particle swarm optimization with particles having quantum behavior. Proceedings of the 2004
Congress on Evolutionary Computation IEEE Cat. No.04TH8753; 2004 Jun19-23; Portland, OR, USA: IEEE; 2004. p.
325-31. doi: 10.1109/CEC.2004.1330875

[14]. Cheng J, Huang W, Cao S, Yang R, Yang W, Yun Z, et al. Enhanced Performance of Brain Tumor Classification
via Tumor Region Augmentation and Partition. PLoS One 2015;10(10):e0140381. doi: 10.1371/journal.pone.0140381
[15]. Kumar A, Jha AK, Agarwal JP, Yadav M, Badhe S, Sahay A, et al. Machine-learning-based radiomics for classifying
glioma grade from magnetic resonance images of the brain. J Pers Med 2023;13(6):920. doi: 10.3390/jpm13060920.
[16]. Litjens G, Kooi T, Bejnordi BE, Setio AA, Ciompi F, Ghafoorian M, et al. A survey on deep learning in medical
image analysis. Med Image Anal 2017:42:60-88. doi: 10.1016/j.media.2017.07.005

[17]. Goodfellow I, Bengio Y, Courville A. Deep Learning. Cambridge, MA: MIT Press; 2016.

[18]. Kennedy J, Eberhart R. Particle Swarm Optimization. In: Proceedings of ICNN'95 - International Conference on
Neural Networks; 1995 Nov -Dec 1-27; Perth, WA, Australia: IEEE; 1995. p. 1942-8. doi: 10.1109/ICNN.1995.488968
[19]. Akkus Z, Galimzianova A, Hoogi A, Rubin DL, Erickson BJ. Deep Learning for Brain MRI Segmentation: State of
the Art and Future Directions. J Digit Imaging 2017;30(4):449-59. doi: 10.1007/s10278-017-9983-4

[20]. Pereira S, Pinto A, Alves V, Silva CA. Brain Tumor Segmentation using Convolutional Neural Networks in MRI
Images. IEEE Transactions on Medical Imaging 2016;35(5):1240-51. doi: 10.1109/TM1.2016.2538465

[21]. Wang S, Zhang Y, Dong Z, Du S, Ji G, Yan J, et al. Feed-forward neural network optimized by hybridization of
PSO and ABC for abnormal brain detection. International Journal of Imaging Systems and Technology 2015;25(2):153-
64. https://doi.org/10.1002/ima.22132

[22]. Havaei M, Davy A, Warde-Farley D, Biard A, Courville A, Bengio Y, et al. Brain tumor segmentation with Deep
Neural Networks. Med Image Anal 2017:35:18-31. doi: 10.1016/j.media.2016.05.004

[23]. Amin J, Sharif M, Yasmin M, Fernandes SL. Big data analysis for brain tumor detection: Deep CNNs based
approach. Future Generation Computer Systems 2018;70:581-93. doi:10.1016/j.future.2018.04.065

[24]. Ronneberger O, Fischer P, Brox T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In: Navab
N, Hornegger J, Wells WM, Frangi AF. Medical Image Computing and Computer-Assisted Intervention — MICCAI 2015.
Cham: Springer; 2015. p. 234-41. https://doi.org/10.48550/arXiv.1505.04597

[25]. He K, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recognition. IEEE Conference on Computer
Vision and Pattern Recognition (CVPR); 2016 Jun 27-30; Las Vegas, NV, USA: IEEE; 2016. p. 770-8.
doi: 10.1109/CVPR.2016.90

[26]. MeiBiner AK, Gutsche R, Galldiks N, Kocher M, Jiinger ST, Eich ML, et al. Radiomics for the noninvasive prediction
of the BRAF mutation status in patients with melanoma brain metastases. Neuro-Oncology 2022;24(8):1331-40.
https://doi.org/10.1093/neuonc/noab294

[27]. Kaifi R. A Review of Recent Advances in Brain Tumor Diagnosis Based on Al-Based Classification. Diagnostics
(Basel) 2023;13(18):3007. doi: 10.3390/diagnostics13183007.

28]. Isensee F, Jaeger PF, Kohl SAA, Petersen J, Maier-Hein KH. nnU-Net: a self-configuring method for deep learning-
based biomedical image segmentation. Nat Methods 2021;18(2):203-11. doi: 10.1038/s41592-020-01008-z

[29]. Yang Y, Yan LF, Zhang X, Han Y, Nan HY, Hu YC, et al. Glioma Grading on Conventional MR Images: A Deep
Learning Study with Transfer Learning. Front Neurosci 2018;12:804. doi: 10.3389/fnins.2018.00804

[30]. Kadhim YA, Guzel MS, Mishra A. A Novel Hybrid Machine Learning-Based System Using Deep Learning
Techniques and Meta-Heuristic Algorithms for Various Medical Datatypes Classification. Diagnostics (Basel)
2024;14(14):1469. doi: 10.3390/diagnostics14141469.

[31]. Rastogi D, Johri P, Donelli M, Kadry S, Khan AA, Espa G, et al. Deep learning-integrated MRI brain tumor analysis:
feature extraction, segmentation, and Survival Prediction using Replicator and volumetric networks. Sci Rep
2025;15(1):1437. doi: 10.1038/s41598-024-84386-0

vy Journal of Health and Biomedical Informatics 2025; 12(1): 64-78


https://dx.doi.org/10.34172/jhbmi.2025.11
https://doi.org/10.1109/TMI.2018.2845918
https://doi.org/10.1016/j.array.2019.100004
https://doi.org/10.1016/j.neucom.2019.01.111
https://doi.org/10.3390/cancers15153845
https://doi.org/10.1109/CEC.2004.1330875
https://doi.org/10.1371/journal.pone.0140381
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.1109/ICNN.1995.488968
https://doi.org/10.1007/s10278-017-9983-4
https://doi.org/10.1109/TMI.2016.2538465
https://doi.org/10.1002/ima.22132
https://doi.org/10.1016/j.media.2016.05.004
http://dx.doi.org/10.1016/j.future.2018.04.065
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1093/neuonc/noab294
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.3389/fnins.2018.00804
https://doi.org/10.1038/s41598-024-84386-0
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html

[ Downloaded from jhbmi.ir on 2025-09-28 ]

[ DOI: 10.34172/jhbmi.2025.11 |

0 fKen 5 Lol (09195 (mas aSul b (530 j5098 (sl

[32]. Dorfner FJ, Patel JB, Kalpathy-Cramer J, Gerstner ER, Bridge CP. A review of deep learning for brain tumor
analysis in MRI. NPJ Precision Oncology 2025;9(1):2. doi:10.1038/541698-024-00789-2.

[33]. Fallahi S, Taghadosi M. Quantum-behaved particle swarm optimization based on solitons. Scientific Reports
2022;12:13977. doi:10.1038/s41598-022-18351-0.

[34]. Isensee F, Jaeger PF, Kohl SAA, Petersen J, Maier-Hein KH. nnU-Net: a self-configuring method for deep learning—
based biomedical image segmentation. Nat Methods 2021;18(2):203-11. doi: 10.1038/s41592-020-01008-z

[35]. Shamshad F, Khan S, Zamir SW, Khan MH, Hayat M, Khan FS, Fu H. Transformers in medical imaging: A survey.
Med Image Anal 2023:88:102802. doi: 10.1016/j.media.2023.102802

[36]. Chen H, Gomez C, Huang CM, Unberath M. Explainable medical imaging Al needs human-centered design. NPJ
Digit Med 2022;5(1):156. doi: 10.1038/s41746-022-00699-2

[37]. Qi X, Wu Z, Zou W, Ren M, Gao Y, Sun M, et al. Exploring generalizable distillation for efficient medical image
segmentation. IEEE Journal of  Biomedical and Health Informatics 2024;28(7):4170-83.
doi: 10.1109/JBHI.2024.3385098

[38]. van der Velden BH, Kuijf HJ, Gilhuijs KG, Viergever MA. Explainable artificial intelligence (XAI) in deep
learning—based medical image analysis. Med Image Anal 2022:79:102470. doi: 10.1016/j.media.2022.102470

[39]. Huang SC, Pareek A, Jensen M, Lungren MP, Yeung S, Chaudhari AS. Self-supervised learning for medical image
classification: A systematic review. NPJ Digit Med 2023;6(1):74. doi: 10.1038/s41746-023-00811-0

[40]. Tanno R, Barrett DG, Sellergren A, Ghaisas S, Dathathri S, See A, Welbl J, Lau C, Tu T, Azizi S, Singhal K.
Collaboration between clinicians and vision—language models in radiology report generation. Nat Med 2025;31(2):599-
608. doi: 10.1038/541591-024-03302-1

[41]. Jiang S, Bukhari SM, Krishnan A, Bera K, Sharma A, Caovan D, et al. Deployment of artificial intelligence in
radiology: Strategies for success. AJR Am J Roentgenol 2025;224(2):¢2431898. doi: 10.2214/AJR.24.31898

Journal of Health and Biomedical Informatics 2025; 12(1): 64-78 YA


https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1016/j.media.2023.102802
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1109/JBHI.2024.3385098
https://doi.org/10.1016/j.media.2022.102470
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41591-024-03302-1
https://doi.org/10.2214/ajr.24.31898
http://dx.doi.org/10.34172/jhbmi.2025.11
http://jhbmi.ir/article-1-922-fa.html
http://www.tcpdf.org

