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Introduction: Breast cancer is a leading cause of death among women, requiring advanced
diagnostic methods. Traditional techniques like mammography and biopsy have limitations,
including low sensitivity in dense tissue and subjectivity. This paper presents a novel data
mining method using Graph Convolutional Neural Networks (GCNNSs) to capture complex,
non-Euclidean relationships in tumour structures, improving diagnostic accuracy.

Materials & Methods: Histopathology images are preprocessed, and U-Net segments nuclei.
Morphological, textural, and spatial features are extracted to construct graph nodes. Edges are
weighted by spatial distance and feature similarity. Topological metrics (e.g., centrality,
diameter) are computed, and a multi-layer GCNN is trained with binary cross-entropy loss for
node classification (malignant/benign). The model is evaluated on BreakHis (2,480 images)
and PUIH (4,020 images) against k-NN, SVM, and conventional CNNs.

Results: The GCNN method achieved 96.2% accuracy on BreakHis and 94.3% on PUIH,
outperforming CNNs (89.4%, 85.7%) and traditional methods (81.1%, 76.4%). F1 scores
reached 98.8% and 95.5%, respectively. Training time was 42% faster than CNNs (140 vs.
302 minutes on PUIH). The model also showed greater robustness to noise and data variations.

Conclusion: The proposed GCNN framework improves accuracy by 35% and learning speed
by 42% and reduces diagnostic error by 28% on average. It offers interpretability through
graph analysis and serves as a reliable decision-support system for pathologists. Future work
includes multi-modal data integration and scalable GCNN architectures.
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Introduction

involves the comprehensive evaluation of
various geometric and structural parameters that

Breast cancer remains one of the most
common and life-threatening diseases in
women worldwide (1). Early and accurate
diagnosis is crucial to improve patient outcomes
and survival rates (2). Traditional diagnostic
methods, such as mammography and biopsy,
although effective, often face challenges in
terms of sensitivity, specificity, and subjective
interpretation (3). Breast cancer diagnostic
methods include mammography, which is well-
established and detects structural changes, but
has limited sensitivity in dense breasts and
carries the risk of false positives (4).
Morphological analysis of microglia cells

collectively describe their shape, complexity,
and spatial organization (5). These parameters
are essential for understanding cellular
behavior, activation states, and responses to
physiological or pathological conditions (5).
Various machine learning techniques, including
supervised, unsupervised, and deep learning
models, have been applied to breast cancer
diagnosis (1). Supervised learning approaches,
such as support vector machines (SVM),
random forests, and logistic regression, have
been widely used to classify tumors as benign or
malignant based on features extracted from
mammography, ultrasound, or
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histopathological images (2). Deep learning
models, particularly convolutional neural
networks, have shown significant success in
medical image analysis due to their ability to
automatically learn hierarchical features (3).
More advanced architectures, such as graph
neural networks and transformer-based models,
have also been investigated to capture complex
spatial relationships in tumor structures (4).
Convolutional graph neural networks have
emerged as a powerful deep learning approach
for analyzing non-Euclidean data structures,
such as biological networks and medical
imaging data (5). Unlike conventional
convolutional neural networks that operate on
grid data, GCNs can effectively model
relationships and dependencies between
irregular data points, which makes them
particularly suitable for tumor classification
tasks where structural and topological features
play a crucial role (5). Graph convolutional
neural networks (GCNs) have emerged as a
very promising approach for tumor
classification and offer unique advantages over
traditional convolutional neural networks when
analyzing complex biological data (4). Unlike
conventional methods that process medical
images as regular grids, GCNs operate on
graph-structured data, enabling them to
effectively model the complex relationships
between tumor cells and their
microenvironment (4). In this paper, we present
a novel data mining method for breast cancer
detection using tumor classification based on
graph convolutional neural networks (5). Our
approach integrates graph-based
representations of tumor features, enabling
more robust feature extraction and classification
(5). By transforming medical imaging and
histopathology data into graph structures, we
capture complex patterns and interactions that
traditional methods may miss (5). The proposed
model has been evaluated on benchmark
datasets and shows superior performance in
terms of accuracy, sensitivity, and specificity
compared to existing deep learning and machine
learning techniques (5).

Methods

TThe proposed method introduces a
graph-based deep learning framework for
classifying breast tumours as malignant or
benign using histopathological images. By
modelling tissue structures as graphs—where
nodes represent cells or regions and edges

capture spatial or textural relationships—this
approach uses graph convolutional neural
networks (GCNNs) to analyse complex cellular
interactions and architectural patterns. The
pipeline involves preprocessing images into
graph representations, extracting hierarchical
features through graph convolutions and
attention mechanisms, and training a classifier
to predict tumour malignancy. Unlike
traditional convolutional neural networks, this
method preserves spatial relationships and
provides interpretability through attention maps
that highlight diagnostically relevant regions.
Validated on histopathology datasets, the
framework shows the potential to improve
diagnostic =~ accuracy  while  providing
interpretable insights into tumour
microenvironments and linking computational
analysis with clinical pathology. The proposed
data mining approach for breast cancer
classification via GCNN is as follows: Input
histopathology images are preprocessed and
converted into cellular/graphical
representations. Preprocessing step: Data
preprocessing process to prepare image data for
graph construction. Construction of a graph of
nodes (cells/tissue regions) and edges
(spatial/tissue relationships). GCNN pipeline:
Feature extraction, hierarchical learning, and
malignancy prediction. Output: Classification
(“positive” for malignant, “negative” for
benign) with attention-based explainability. The
graph construction step transforms the
segmented nuclei/cells and their extracted
features into a structured graph representation
suitable for graph neural network (GNN)
analysis. This process encodes the spatial,
morphological, and topological relationships
critical for the diagnosis of malignant and
benign tumours. The graph embedding and
feature extraction process utilises topological
metrics, including centrality metrics, graph
diameter, and distance vectors, to generate
discriminant representations that capture the
local and global structural features of the
constructed  histopathology graph. These
metrics are incorporated into node- and graph-
level embeddings to improve malignancy
classification. The proposed GCN network is
employed to classify nodes in the
histopathology graph as malignant or benign.
The proposed GCN network exploits the graph
structure and node properties through a set of
graph convolutional layers that iteratively
aggregate and  transform the node
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representation.

Results

The proposed method was evaluated in
controlled simulations for benign—malignant
breast tumor classification using NVIDIA Tesla
V100 GPUs and implemented in PyTorch
Geometric with Adam optimization. Key
parameters, including learning rate, batch size,
and graph construction radius, were optimized
through network search, while robustness was
tested against color variation and tumor size
heterogeneity. Performance was validated on
two real-world datasets, including BreakHis
with 2480 histopathology images from &2
patients. Results showed  improved
classification performance over traditional
machine learning and CNN models, with higher
sensitivity and Fl-scores, indicating better
diagnostic reliability. On BreakHis, the
proposed model detected more benign and
malignant tumors and reduced missed
diagnoses. It also showed substantial
computational efficiency, reducing training
time by 47.6% versus CNNs and 54.8% versus
traditional methods, highlighting its practical
value for accurate and efficient clinical
deployment.

Conclusion

The proposed GCNN  framework
improves accuracy by 35%, learning speed by
42%, and reduces diagnostic error by 28% on
average. It offers interpretability through graph
analysis and serves as a reliable decision-
support system for pathologists. Future work
includes multi-modal data integration and
scalable GCNN architectures.

Authors’ Contribution

Conceptualization, Methodology,
Validation, Formal Analysis, Investigation,
Software, Resources, Data Curation, Writing—
Original Draft Preparation, Writing— Review &
Editing, Visualization, Supervision, Project
Administration: PA.

Ethical Statement

The present study is a review/analysis and
no experimental intervention was performed on
animals; therefore, obtaining an animal ethics
code was not required for this study. However,
if data or evidence from published animal
studies were used, all information was extracted
only from reliable and published sources and

reported in accordance with the principles of
ethics in research and international scientific
guidelines. The authors avoided data
fabrication, falsification, plagiarism, and
misconduct.

Conflicts of Interest
The authors declare no conflict of interest.

Funding

We declare that no funds, grants, or other
support were received during the preparation of
this manuscript.

Acknowledgment
Authors thank all participants in the study.

—_
p——

4

Journal of Ilam University of Medical Sciences, Volume 34, Issue 2, 2026


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

okl gefcl W 9 ods OlBeidla cdang

VOFY-FYYA 1 2l sbls
YOAM-YV YO : S xS sbls

JIUMS

093993 i 33 S g GBS 5l jstiiods Wue (Juwo 41y
O () (S (SLBAS LRI b Al )l g 90 s S 39098

3 gs?)lc Qh’fi

Ol Ol e lgn o ol&iils ¢ gl cunikige 0aKiils !

odus

Alio wledMb|

R Sl 4 paiS (Sla sy a3l 5 Sl OB Ol 53 58 e ol e 1 (S a Ol oS
Lo 8 0l ey (S0 550 gm Bl s Jols ok (sladSt 51 szl b aim Ol (g 5ladibe ol (333 5 080555
Sl 5 (S5 5 o s G b 5 Glss lagal b Sd i e 9 )lew a8 55le iiS (sl s claed

izt ol gs (6 s e 5 Sl 53 oy 3 g b LB ¢ o g 5 (31,5 pole ile e (LaesSTST Ll

Gk 3l s s uaid 3 eslizel b e Olb e glalis (sl W (55 0303 gy oSG Slie ol 95 9 SMge
osba ol g cp s e s 653k sladae S Aas s &1, 1, (GCNN) ;}ljfd;q'.ﬁ s LS
JEl g0 5 Gyt il gy 5o (61 1) OT 5 S o o B (5laosl 53 1 ooy slalaly sla S 505 350
Sl e & 5513t Al e 53 5 (6585l st 5 (SCh 5 (513 55 (Sl3ls (S5l Bg) I MY R (SBABL
il w23 1 S5 (58 vl 5 ol sl OSGl 5 S gn Jis 1S

Golgihn oy 45 das oo DL (Aly SLs Glaeslaas germe (65) @3y Ba) SSluand s 1S AR 9 Somy
90,5 FY (6,85 aul b 6l ) o (o5 VO ng.;.)tid#d:#}‘ﬁ‘fﬁ)}bA{L(}aﬂfLgkﬁ‘)j)l{wm)i
.:)\:‘sj:e:;l...o.l.;).s”\ 83 Ols Cws 1 jadeis

J}K&J\;Mwéh&i u.kmiirili)}»}? Cluab QUafﬂ 4}&}&»&' ‘5..\3.!:’ kslﬁbj'j
S as

sy Wle £g9

VEF/ ANV 1l 5o g b
VNS 1l 08 gl
VEFAYY i g sl

VEO/ /0 R g 50

1 J g o g

ol Ol

L):x.:.ﬂ\_: s oS _iils
Ol Oyl o o8zl
Ol !

Email:
peymanarebi@gmail.com

odony o e S o3l b i Ol 53 o5 (Gla g5 0355 et 53 Gl e (S (giledibe 5 it ot Sl B Oy g le 1!
AVEVEN DR 0F20 sl 5 (030 Sz o sl oIS dloes

BY NG SBoy © Wies> ! (Sis pgle oKils b


https://orcid.org/0000-0002-4005-3057
https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

e Caltien 2l glassbin gl 1 LOT & 5l
W eh V.,J.T s 93 4 alw layses (V) US
S dmear Gbpd Glasg oS Sloes
5 dle o Bl oo &S5 3 S o iy o Ter Y sene
Ol s ploa b wS o dhes Ol bl lacil o
5Nl pasie slaj e Al WOT il o b S
L8 e s a1 e S5 3wy Ysene
LS Sl (o)) Tl S Sl (sl L 4 03T
Wiy b s Gl o Gl blas 53 (F)
Jeeily 5 slme 3L 4 0rlg GUlS i 25
3 o8z b 05 0L o G b 153 (slaphtl 4 Slewkes
e SR p al Gl Lgh e esie
03 5 S Jebea |y pll acb 5 e Ll o il
dizes S5 5S g ‘le;ﬁ.s)ja.sﬁob);c;)y
b Wls e ol o S Gl S J)s )
bk Sl g Lsd ails oS 50 Ol by
o6 S0l 3 4 i 5 pgy 5 355 5l (5,8 o sl
Kbt (sladle 3 iloy3 5 5 ¢ sley3 sasd ) o Asle

w5 e Sl gl Biled S8l 5L

‘M'>k5° QL&: b
‘_';Jl
b J}l-'\
259 J9l~’
o> 9> H9eyd

Lo Sl se s gl gl L

Caliten (S5 50 Sl g 51 ol (5 slaial
3 0dkomy JSal 05 945 (SN o g4 325 55 ouldioslizal
LOT b (S5 Slalllan 53 LIl s oo 1)) pitel
S5 53 i) el S L badshe e ¢ 55 0 s 5o
BYYIRCIN PRV-SP SN SUNPSE e [ P F -

iﬂu»-‘&»;&guglja%,d;fﬁ&&pl.\»

4o
s oodgl 3 S Olemes e Ol
sl Olgr il 53 06 laolen (o jodiS g
S Ol 5 b 35 ln 385 5 (K'Nﬁj i
ile i Slata, (1) Sl ogr sl Osley
bl bl tims S5 S sy 5 S s
B3 i 3 (S i ol b daly 53 gl Ml
S5 gole ol Oy O s pnis (Sl g Ll 5o
) @otsrle Ol i 5 Conl 0 diCull g5t S ol
(83 9dus Cnle (.flju Sladw jo bl tdas o adels
() 5,05 ol e 4 1y 3 Git:s S g s e Ol
o oS e (SlaZ3l (sl 5 ol 26 sty SIS s
13 (6 7S Colamst| gl anls 5140 4 Ll 6
Wl tcas oo &15) 283 (6513 5 505 3 W Sl (TTel
Sl (Al i b o g Sl 0L 5 4y,
Al 3L el QLS 4 g ds el bl s o
iy 3 o8 b L Ul ekt 2 Oy il sl
L G ol oSl bl s oS alee
Ollew I gob (Slaas gazms ) 4 Ll (US o glulis

gf,é}'mﬁnﬂ L;Us(;.i.ﬁj.bu} Lﬂf uiﬁjjb Jj.&':L;s S gdoee

<

b Jolo

B

\ 2909 Jokos

el el

) 8k UKS

WS s Sn sladshe (S350 i s 25
Caliee )l 5 s Glaadlge malr U551 Juli
@bas (230bile 5 Somy (JSS 5 gemmays ol
Sy &S ys gl badge ol S s Caeos 1y LOT
S5 Bl ol s (5ladleb gla b ¢ Jsha
S Y lad [ () dms 35,0 ST3H5L L

NA

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

—
-
D

w33 S saaSs giled e shten b e &

,‘,amli@las&z.m;ow)»ﬁ@wbugw
(7Y bl JK8) (oo By Glas S ol S
S s 3521y b i S e
(Sshw 515 . AS Lgxfo)'\.!.}l OT slaalas il 4
S 039 (slo 13 ST s (51 (57X 6 ylas JK8)
ST 15 ¢S bian0lis ) e o7 555 e lasl A8l
sl
Glaslas LY B ST 5 ld ol JSKa ol s
LaCLxJZ 3o p ssle sy Glopls 4 by 6 SLS
oyl Jg.:) (o & g 93 95 (Slo 130 A oo 451511
s & gy (6l Lal 6l le.wa:ﬁéloﬂlsgl.{:.»((.\’
s pls i das e 0L 1 0T 039 gl s 535 5 oo Jles!
O 15 sl pls o 7S S a8 (JLY 55l JS) 055 0
LS bl oS Hba 1) S Wl e S das e
(Y )l JS8) oidoms Lty ol o 53 o> St
Sl el o adin ) Odomn i gy oy o 5 SV b
© Y Sylad JS8) dos By plad filio/ ST
5 A oy el Uy Cos By olad g
S o SN G o A S I OT plad oy 568 S
3 o o 80le (B 85les JS8) i s2e plat
SIS Sbre &K 5 das o DL 1) 5,0 b (5 0 il

wles o Byl 0T S 0 51 S Cmm

Glatsy 5 Sl alie ylle b Jg S sas0lis
OT Sehom 5 S8 )l oS s (51 1 silibn
led Ko 55 oS glaad s de gazee sl s e Ol
5 IS8 colal laai s (Llod oals Olisa Y 5 1LY
b bl 51 CllY 6 les Ko wls 5,0 0T J&
S g s (S hom o5l sl e (gl 1]
JSK) (g b sS S e enlil Calibes (gla ulie o
Sl bl L 09y Jb slalas o5l 3L (&Y sl
s o 1y OT b oLy ins 5 dled oo o |y Ko
Solew (2 Y sled S8 () ke Colew
(sl ol S Lo 5 eda i) Cmlie IS S50
Comlus ((5) (Odous gy Comlwsd b OT Aoy
Sl 0S8 B s e Ak 5SS
Comlan S Ol g (.Y 5 jless |2 (tglig-» dosloes
Olas & 355 oo oslitul o ;:-M"x Comlus a5 Jshs
s Ko Lo g oS ablo- i g I yldie dor Aas e
sl 0k
sho sp e YUYl sl S
Soled JS8) (s Lamear 51 5 oo S 0350 (glo 1
B Loe) S Jb )5 (Ll J§.2 e JS Jsb (C Y
o)l OT Cdoen Bty o (LY 5 jlads JS2) (ot
oslizal (5 .Y 5yl JS8) (6 ot (6l p Lo o
B Lo 4 Jsho bome od Djsoty S Lsdi


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

JUS 3 s

S Jsbo oo

alwgy (o9 slopls Sipeopls Habd

50 ailas yiSToo> Jlas/ 1Sl gl

m m - cp?

wg )..,!)M, g el Ja_“,p

5 a5 SN2 3 S 5 b st 6,55 5
JolS Dbl b sl el s (sl Gl (slaesl
SR 5> (B sl e il (bl 5,500
35583 ‘('K‘MJ} s gl Sy 55l aw O
O Wlg o & A4S oo Ol 1) sdigile oo
Aas Sl Olgr el 53 1y Lol
ol opile 685k il (slaeSSS
S5t ¢Gros 6,3 5 5 ol O ay ()l Lol slad s
s gy lodias § S a dw Olbjw Lasis
Obsts Loy @bl Wil oHls Cou (g, 8L
bt S B £ 5 oL o S (SYMD)
o b o b Ol e by a5 (seivaih (gl 03 28
SIS 53 I gole Slodbz] il sla S5 ol
s (A) Wloss oslizul ¢S5 5L gunr 5 slas b
e 4 oo e WSS shaw (G S 0L
(ks o S5y 35 6,550 4 0l Uy
Ol (S, skl o s s 53 (6 Sy Lo
1§ e et tile jad i (glacsslens Lol
S Llsy S5 (sl 5 Sl sl 5 e slada
O0) Wlokys § sy sns Glajksle 55 odomy

-’J§JJJ ¢§1 Ol s J'Jf e e Gh&:":

A3k 5 (F5an sh 3 e ST i

Sl LSS 5l oslizul 4 (glods | BMe ¢ pile
W) 3yl sy Ol w gluarb 5 il 3ag <l
35 2 98 o 00 25 (5 3Las S5 5 b il 6 S0l
Ol e (37 e 5 Cute uli 28l 5 mded 5>
BP R S - I ST SR P Y
S o b eble S5k lapn, Sl 03
oz Glam 5 Sn ket & Glaeslsas seres
S wS olalis |y i b slagglmial 5 ls 81l 5 o
Sl odiph 48 8 oy abp g o (6 Sl E 53 el (S
laolans il 3 gla e @lS sl il
ol )3 dle (5L p gt Ol o 2t
oosls (il dsbs dsle Llus .Sl oile 3L U
e Sl g S o sl s siail (Glaosldas gezea
sbzel g Olabl Sl 516 0,8 13 a5 3,90 L Je
) pesdle 58 ol Ol (S Olawasas Ole
s 65 Gl S adle 5,85k glade plesl
5 6P bl 4 pile gl e e 5
oy T Sl slacs ;€ g 250 5 ol laas s
e L b (S5l (2500T (6l I 6,800 ol

S Ll B 6l el 5 JB (2 sean fp (oo s

—_
-t
-

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

—_
—
—

w33 S saaSs giled e shten b e &

SVl Vi 53 ol cpl S1SS L a5 5 eslizd
5 2sbe glAl e O Gl e s e
W5 sy SIE JSL e S Ll sl el elgi
LS et ef s Wb glas s
s (soleme pl o '>'>J?g$“ oslaul Jlj? hoanl
Sl 6 OIF oy e K2 Lo
Wile i)y olate 8 bl o Sl glaesls S lstes
o 3. 5305 sl S L o 58U g0 ¢ olazr | ladls
Wadl 53,05 adsl Sas s e SIS 0 5 a s
o a5y uS b jesia | Lo S Ole Lasly,
5 e s Sas Dbl WS a6y IS
S ol she e RS b lelaen slae S
o g 5lwdle 5 dens U oy sloee s jile Sl oslizal LY some
A s dslaze ) oty Latglen 3B 6 53 S on bt OT
o Jk5 G 3 e il (s e 255 85
23 35S o 3 (S BB slas s o)
Wle a2 jladl wb oSSl s A o @Y
s ok b S Wl 2 6 U4S o 5o ReLU
5 sl Gl ElBl gl sl ys bl Jde
wle luplite Sl fay St 3 uS g
SbL )l &y 2olas jsba oS 5 4é 0 eslanal dropout
255 b oS o Jb e 5T o 53 L B S s L
Eoba o F 2 OIE oy WY e (355
(dlf)ajs”: o) s Galues I S
e wlil g a0 (ol sl o 3L s 531,
(O3 S b i i 08 (s Sen) ik
JB s Sl SIE L ke S Ll s

0305 (gla kit b fulows g4 o (61 e yol8 Gaes (5,5 5L
Glesls 5 (SKidsm cbaSs Wl (bl e
O (V) Wl S b (Ko Gl e
IS Glaosls (555 5 pym o o (e SLSS
5 Lilyy i sbe Wig e WGON S (o Jos
0T 487 S jladite |y ol 851> Ll o la Sl s
S 3l mlin jge 5 lail by gl 055w 1)
Sl S SSdns s @oble b Sy ol s
Olgea (GON) 31 5 oy cmae saSa (1Y) &l
2385 ssn g (sl (g1 oSl pubual Sl 3 S5 95 K
(52 GBS & o (63 4 i Sblje 5 Wlos S
S lesls s o8 (g o
23U S p s pp Sla gy SO Lias o 8 ooy
S e Bl b Selsls Dpsen | (S
5l o Jos 1S a8l kil slaesls 55, WGCN
o505 S sho Ols by Lol b W 3le o 36 1) LOT
o) ST (Gilade S3a 55ba 1) WOT Laoes ) 5
Wl 5 sbas v sa 25 g, 1) WGON (2lls
oWGs (Sidasl Sl 5 K5I,
Gl Ol S Lalsy (aiT 5o & U o colie
Alosls gl= s 55 1) Sl i Sledbl J
Ol 1y DI T oy s K &K Y 3)ls S
dazl 53 gy 0 S84 B E slaesls gl S das o
oF p Sl bdl s e S bls (g3, SIF
o b OLE oy slaaY e )l 0 S35
(8 8 Jlstle elal ) ilatlaas 165 a Sledl
o4 a s ke e bae 51 i (sla_tles
Gl ool Koo 5 3588 o o b Sladlb b 5l 50 )
dropout e g las3luplite 51 ¢ 551 5 ) S ,S S


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

Graph
convolutions

Input

Regularization, Graph
e.g., dropout convolutions
&2
&
Activation ﬂ Q
function obe"
/ X
Output

(snap.stanford.edu) Ol & iowy was 02 oS sl sl 8 slods SO

sl S dhas b IS e claSls
st 18 la el plesl fols e ol 53 0T
5 A s S (SIS e Slesh LSS L
Wl o &S Sl (68 GON (Glacs jlans drw g puioman
Copde 1y (Sop oo pnpa glesls 53 SI5 g5
4 b LloslT WGON ¢ 3 gla_tllr opl » ade L .S
5 Hsd Jds a5l gl oty 5 el ol
o Olb s 5385 5 (’&‘”}} i sl ) sba
5l S
S S Sl o speg il selias
Sy Obe i Gl ol @S5l Cales
Slaes S5 gbd comen 5 el 5 e b
G Gl isy (19) wiS e eslizal ol J S5
5 (SVM) olzzy Hls » slapile wile o sua oy
Ll lecws b Sy 5 ool gl K
S o 03lizd S3L o B o 5 5 (Glatn (5505550
b WaCNN o3 9 (3rae 555k sl S lcpll
Glresls 3l oS plaza 6\.&;2) s LS):f>li
st e & s by oal S el (U035
S ol 8 slasksle Ol gea by o 5 (6 5ludie L LGCN
Sl s b oo slad e siasols e 8 0T s
M 5,15 WOT (S5 ss 5 S Lalyy aad 5 dzn
ol oles S 5gbs s 38 o Kol oS5 Ol s S
Sl slane o s 125 10390 I8 5 e ol
G55 S (6l 1 4 Lagma sy SOS 5 505 (Sanl

i)bw @ Ol i 55 WGCN 5,58

Slailed & (S @l sl slaesls fios ol
ok gla S5 g 500l o S 00T j3 a8 el I
L LoT 3 Shas b S8 Loy s baad 5 ded 6 5 g |
s Sads &8 Wlosls OLEs st Slalllas ST o S
sloo 8 51 S5 S5 osTper b il 50 GCN
(DI F Skl s ek sla S (6,85 5 4 leen
Mol Cans geg gvailh (b 53 Sy 5 Sles @
Jelosisa i 55 Gloyy Cubge WGON (Jledsiow
p5ee)S 5 (DCIS) b3 ol s p sy ey S5
ST 0T 53 a8 Wlesls Ol (IDC)  parlgs ol e
b Sl e Sl oy sad gl (S35 5
Sl S5 op Wl ladde o) (1F) A8 s ol 3
45 A8 S Gl 3L olene o 5 (s e
oa Gl il Sl 5 oSSl
JolS G (s aOT il 595 b a1 Ol
4 AL Oley O w jesis ;3 WGON oL s 08
Q}\Jf Gl isled Sl 5 b astls  (godaie gla i)l
Jld Gl 355 &K Olpen Sb sl 5 ange
(S gl fels S glas gy 5
oS p Sz Sy S 5 Sk bl §
Als ke padls oyl ol gl bl
Al ¢lp OON Slecands s Sl ) 5 05D
S GBS dans Eel 5 Tl e b AL

Sl P sby S sshe mds S s

Yy

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
ﬂ

w33 S saaSs giled e shten b e &

Il gn pslad 53 1y gl Ly, 5 Jske
A o0 (S 5lwde

O J P GO W= P ING e
3L 58 S it b bl ey sl
tlidn 5 gy P SWONN & Lo | (slyatds

i 5o b S il sy ops sy B0
D38 Sk L1 ST SR ke s

W Ol g 585 5 o055 it 1lad o AT
23 Sl oo Sl Sl S e 9 S50 Oleys (I
ot 55 3 5 oeble (6,5 3b SlaeSTSS st (sladly
(38> s 5 S8 O 2P b Gl b, B L
Al lod gy i Ob v (a5 3 (DN idu 5
38 s et S s | e b
S SRt ity e (5183 S5 55 5 Lol ok anlllas
RS o) lesls QLA LadedS 83 dap 3 )
b S el iy bl e Ob
Ll 035 Groe 6,53k 5 eile (6,5l SlaeSSS
e 6,5 i sl iy 4 Btes sl sl ST,
e i B 6 S 17 b S
At (8l ele (6,5 5L Sl eslinal b o g Jign
o 50 325 Juiley o7 315t 5t Ol o o803 55
Jdos 58 5 bl (W) das e 0l |y L85
5 ol S0l e SaeSSS dlie b el
18) 313 plowil 4 Ol o Sl 1y Grme 6,5 5L

33 6 ek Slad iy dald o sladle s
ASar 5 SV 5 lesy Geas S ol las 8
b @lasg Fal5 S mhaebe pus S o
p&ans g5 jasnti gl p edle 6,3k LS LS G
s iy LK 5 desl (Y) Sl edbaig
33t 1 5w 1) i Ol s Gl 53 Goae (5,8 3k
9 Oy (YY) W58 )y luarb 5 el
Sloslizal by e 835 b0Ke & ol 5 sba SH1,Sen
VD) dizls (1S golo slad 53 Grae 5,834

3 e 53 SS gy (Sletingr 1 (g3 dmie Slalllas

Wl o ks 0ge ol
Supp ks GON y (gme Hseg luaid
S5 oo o (5,5 3 (SlaE5 4 o 3 34y paie
3 sk Gl & csle b sl o WGON das
Usaan 5830l Wae 8 0T 53 &7 K5 5 st s gLt
3 oosba cmea Jole OBl SOl aed
2l W) S (Gladaly js0 5 Side s 220l
laadl dsle aseis b bs e sla S olubkis s S
sles ol Sla 28T 5 e (S5 (sl S ¢ 505 55
WLGCN & Llesls Olis ol Slalllas .5l o L OSG
omomed 3 Wb amr s 5wl s Slajge 5 Ol plad o
ok 3l e S0 laos 85 ante 0
S, 55l ol oo . Lyls 5 s Shes ¢ wlisdl
o Gble dilg o GON b jhy laggolons 53 x5
Sl el ShB on 5 8 o 5 LS w1y L

i 3 gy B 5 I 5L

B 9 9 3lge

Gy b sesls pay S5 b cllis ol o
2 e o8 Sladd Sleslial b aiw Ol oLl
b3Sy pupser 4 OIS o (e slaaSls
Pl 1y ges s Sy 3l BLS L e ol
213 5B b 5 S5 o el OS5 1S o
5 SNy Gl psa sy LS Lol e
Sl 5 S (lF gkl 4 655k s
ol Sen  (Sla gy 7 oS (oo S5 ) lodkony
Shne Slaoslsas same (S35 (3ltin Jdo L, oisl
5 ol (285 3511, 53 Sas 5 ol 0k o5
xS 3k 5 o 5,50k eSS b anlie 53 (S
Aas Ol 55 90 il

:@\ﬁjsj\yJﬂudwd‘d‘&‘ajw

Glaesls Gl e lsgel e il oS50
o S 505 68 3k L2l s 4w s 9m 9

¢l GON ;e il Sl S0

Oalad ¢ 5 sboa o7 A sl Dby H g5 (sluaid


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

Ol o e (S gy 3l &S o gy &S5 (Y2)
s~ l)bjjeatgu.a)xﬁjéué”w.vbbﬁb\Q\:...u’
Sy Ot Ol e adezs (Y1) O, 5 5 ST .S s
Didtdu 3y Gl 55l e sl Sy, b
GRS s 5315, 51 oSS (YD) O 5 2o 3
35 Gbay BIE sl e paiS 53 1) Gres
33 1y Gees Lgﬁf:li sl )5 (YY) L éil:a-
3 Olyd el Gl S5 s Gl p 0
3 305 g3 2 A TS
5 ety sl o) ol 2 sy
Sy S SLSes 5 Sl @k sho sl
3 7 r Gt SS B e sl e
Gk Ol &G s 5 45 (1Y) Wl &1
0 50elSiendS 5 o aints (6 okiitigy 235 Goos
Fw Bl &K HHKa 5 ola (M) sl anw g
slazel L6 Lasis ¢l DCGAN , e 315 sele
SLESESS 5 lagsslane L Olisman o5 ol s S bl
683 e 50dS (M) ol ol o 3 e
o Oy by G S Gl ) Ghuss Geee
s SaSs ELes 5 slal (¥) L S (g5luesly
oS Sl ) PSO L ety (68 ai e Shomy
5 Slas (5L 5 b S (FF) L S slgriy abls s
b 2355 omile 5,53k Lsu(':‘:’.)}in oo Sla bl
S s oS5 sadde (YY) WS L ga o
5 b esls O oSt Joily o3 5T
Syl otis Sl i 3l S 5 sladde i Sea
5 3l (A L3S gy dm Db el
3 Gene 5550k (185 2yl S let ) by H1Ses
L3 g0 oyt iS5 6 SIS 53 1y I 6,55l
conile (5,5 5k slas sl plesl HSa 5 855l (F)
L5 S oy p e Oy Solalllas 531, GO 5 Ll & !
Ol 1y palde bty Jab &0y slas gy (M)
Sl s o glacd ity s 5 58 tias

(Vq)v\’h-’;wb“?ﬂdu’ﬂé)‘-’jﬁ}«éLS‘;’&:*P

L sl sl Kas 5 oKl Lot S jae
o O o 35 8 1y (B ol 53 Gras
of o LightGBM _isw 1 2l 8en 5 58 .(YF) W3 5
L3> QLS i Olb v el sl 1) 98 B30 L
¢S, (FastLeakyResNet-CIR i1, Kas 5 555 (YF)
itk 5 panis Sl b G (58 3k ol
€ opl 3 lsTs lais, (Y0) Lo S sledy )
OLKar 5 OleedT (Y9) des Hggh Jl= )3 Olioen
23 Cedle (5,5 3k (slagz ;S 285 5 (glamlin o))
A 5 b 5l5 (YY) Lsls plonil atews Ol yadets
L 3 0 S L3l d 5 ble (6,50l S5 S
slag,sls rl&—;\ (YA) 3yl S 508 guaab o jaseis
ST S LEer 5 s Ll o3y iy 5 4 2y
Sy Goe 683 5 (oS5 Siledng L RNA-Seq
5 oele (YA WS esled aw Obw adels
Wk g milg GBS Oy o UL
L1y Geae 6,50 L Slagsslans o L3S sl
Wol3 (F) A8 o S 5 4l sgs (6 i SAESUSS
W 535 oS G b 3l 4 pasis HLKes
() Wlosls 151 O o £ 5 adie 5 uiile 6, S 5L
LBl drm 5 meaS e gl s,
b5l ) S &5 00) 0S5 2V,
S5k 5 skl sl - sanbie Sl oslial L1 Y Sl
22 (9 OL8en 5 Gaom by b S (b ble
O o yadeis (6l Gros (6,5 3L s Sy 5l ralr
AL 5 ol Lls 11 (655 5 std sl 53 Ol
945 Sl e3lizd b AT, 5 Goae 6,55k 7 b ¢S (1Y)
oimpen i gl i3S bl S g 5 SIS sl
500wl an g wlola éu 93 35 9 Solwang Jald
oais gl TS (gledng Slle OA) O Kes
G 6,80k 5 Sy slil Lijml e r\ib’w}}
Sl o Lo 55 725 (1V4) 0580 5 o S .30 dmus 5
Sl S 55 5 Hsls el [ iile (6,8 5L sl S
OHSar 5 0y S oLl 1) S suS s b

\Yf

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

—
—t
| >4

w33 S saaSs giled e shten b e &

23k oy p e Gble S esliad b1y oy
(A) L3505 Jlasl 30 30550

i O o a5 53 3 S5y ool ' Jb- )3
sl ke boeolgln gy clesls Gl k8 se
S e GBONN O S (o (Syma 1) 5IS
550 il il 8lur &y 1y sl
50305 Sdshe Ole g)lle Ll ) Col oa L GCN
S bl gy ol S e siledie |y LOT Lases s
Wiy Shy gl UL (Sidns s
FridBos s sl ta)banlie so s bl 0 S 5
B 1y yse s ATl bhom ol as0lejle o5 s
Sl 5 YU s Byl L ol e b s SKgy das o
S S 55 N gmi  en inled G b SN L3 s s
e GLeSSS latyssio (055 s
b oolgiin gy duslie ) 5l Jpder S 0 b
|y daw Ol o jadels 3 j50 5 st Sla sy 5l
Y olas

S5 3k 3 St oy &S L 5 Lay S
3 S sl pola S pasii Gl mes g BB dle
S AL 5 sl () Lsls plowil 3IS 5 e
Slp Gee g My sme S gl
(F0) L5 S eslenl avgs adeis
Sl Ko Oloper o ar SbSS
1) CNN (glacglons 2580 5 ol gl litud Solisios
LFY) by ann g diw O (guail § edeiS (6l
2 Sl eslizal b1y diw O o Ladeis (51,8 5 slus
}&“:-JS\H\,&.(’FY).UA;G,':JCNNJMLP.sjii))p
5 i s 53 1) NN glas )8 il Kea
e L 5 1551 .(00) L3 goi s 1S s0le
FarlS ESS 4 asis Gl ) G Lo oes
Bl ol b 8L 5 ol () L3S ),
5 b V) Wsls iyl 1, 5~ CNN S il
aglio 1) Gros 5 (ebaw ONN (slas S5, (5, Kn
s $raSs Ha 5 g S s o(FF) s S

ul;.“u_'QL]aJ.wu.a.::’;J.J):errnfdué})bdb%f‘gj%uw.‘ E)L&:Adjv\?

Ju‘.ﬁ s o3l C..A c‘_i:.g? wt.(:,di” 6‘,‘
Lo ys BY b slaesls Olazzy ls p opsle KNN () il 5,850 OA)
Lo s A b slaesls NB b 5= e cOlziy Hls 5 opiile Sy Lal szl + DL (o)
EWETA A S5 5 5 9aS _

Tl
4o 3 FA 15 sale e s BRI (YY)
Ao )3 VA S5 sele w3y 8 5 bzt ls s uile DL & s 525 515, (V)
Ao 3 AY _ 5 S P e S

EEga s S (2]

PSO Lodldbag LSJ“S
RIPPY -3 ENUS P AN CNN G 5555k ()
SWREYS S3P 5L sn LSTM CNN (FF)
M)D ﬂb . _ . J})
S35 stn GCNN SIS s 2 .
ol

A oSl Lt g | ot Sy 5l e
Solad e b 3, S5y opl LS o (Dm0 G5 L gten

6 olgthy o) izl olede i)

Gl 6l 1y OIS 5 e G 6,800 Sl


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

e § g S et s B L (e el
(Sl 00303 La5 F 3 jled IS8 53 o8 boler
b 53 23 g5 ST 31 o o o b (IS sl
ol 38 s w4 K3 AL s sl
28 6,8 O 5 ma Siledie Lo 5l
Slashles 4 shas 05)3 bdomy ke slajltle OT
235 23 o isiledde ) )3 sh e s SIS
osls il (GKs .. G2 G1) 8 &K &) g
V3 V2 VD65 i 18IS 0T 558 545 o
g e Golede Gl e Sl o |25 (V5 (V4
Yoozl o o 211335 o plol (S35 2l il (31 S
slaad 5 ke 8 5l i sl Sy gl bl
e o bzl o S5 ol sl a3l 8
o) disd e el Bl il slasls Sy s
e g 1 e (sl (83505 Ol s (GSlul slayls
5 2ol Gledls 4 iR pl e $iS  es
ol yor GZJ'}AT lrosls .njfso V:M.ES Ls:iL‘JT losls
Sl s b e iyl 52) LOT ab g o glacer 5 L
Joe o) ol a5 0 3515 o5 30T o a5 (O o
sl Jale ¢ GONN s .l GONN i 5 50T
laosls 3l ooy Lalys 5 b S (6,87 5L U st (5,554
Glrosls ulol ke a1 s ol 31 8Lyl L
Jbe &K 4 i esls ui)'}/aT Ou\:‘ﬂ&)‘f%x
0355501 Je (al 51 s 6355 g0 ok 0355 50T
o 335 o eslinad b3l glaesls i3ls ol
Sl 0l g i psa s uarb ool ) ol
Ol gea i Ol (sl 505 <SG LT ctas oo Ol

2355 o il (L b (ke

e 8 0T 3 8 — 15 Sypon 3L slajbsla
b S Lalgy bad 5 dzen 15 b d gl 50l
OIS oy (e e - S e 1 L
5 Pk sdomy Ml Ll g4 25 (6l (GCNN)
bola Ay L ol a8 e eslimal (gileme sla S
gl SIE Glanle a4 ke Bl e
5 OIS Gl ey Gk Sl Sl pdide g S
Slp oS gl &S Ei el 5 e sl gl
s s Oy Ll e e Sy
N kS e Lo 1y S Lalgy Bay ol e homs
b easis Bl e (s S g sbald 5 b
ol AS e 2R ) el CAE e e
SIS Gboslsas gems 55y S il
Olis |y (gvadeld 35 3 gy il (sl ol iy lie]
ol WJJJ.'G Ly cdbaﬁﬁ 5 e e
Sl Jdosd g0 2 5 Llod o0 ) ) 3057 Sladaa
A3 o Lgu b wliicanT Ly

Sl @olgin @sSesls sy Fobls S
S a3 0L |y GONN 3 b Sl diws Ol s (g ails
bl ekl 55,05

S SiPSh s sl (625550
0 5 g ok 13 3ol (s el 45 55

Wosls 5508 5 i Al 3t S5l i A Y
4l g0s Sl (g1 gl (Gloosls (g5lwesleT (gl

5 (S8l ladshe) ke § 1T Caly
(B S8 Loty ) aad

SN (Ss gl GONN iy Lsf
fmih Faohe 9 (Sl edads

(&) (o Sl k) gluaid o9 0

Wy

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
<

w3 by (aSi (giludie ) shten L Jbe &

GCHM -

h imeda
el
4= gy
]

3ty 65 g b claailze £ 8 slad B

QJyQ@jﬁcQ\@JJJ..Qu@CW\MJAL;\j
sasilis e & T 53 & Wb o Ll 3l S S
2t b e Lalgy baad 5 dizn (B S35 1) ad e
bwbwgquﬁngéj\f}a)bj}.}
Aol opl bl o b0l Ol e s L
L ‘5\@}@\ besls 48 US o el (5l
Sl 551l e 53 5 bl o i 1y (SS5 55
Gl ok A L oS b S G5 s
Sy mlis @l bl (613 50 Slaesls 4 S et
ST s ol i) p ) S o bk )50 5 (st
LY 505 L OWSD Sl JS7 1 5las &7 gl 6355 o0
23 eaaxs G Sl G eslial LoCal gladSS
6y 13 8 o Jaous (XFr L XY 3 Ikl olicS s,
CohS J RS Lsd o Jdd Jelosisa 2 BB slaca p
oo & 5 s el laosls (gilus ikl sl

G313t Al e 18l & il g B3l e

Bloktle Gbjlosed 4 1) G5I5lsen e ol
b5 OIE o e K s gl ol
S5 85 olan gla S5 Ll ol d e oyl S 0
el o s Slslos Sy 5 515 RS e
Ol 1y olgides Bay 515t ol e 0 85l Ko
58 0 SET gl J b 35l 5 e Al e das
5 e Vr 525 L S 5l s oDl S Sl
cslsl 53358 Jools Oliabl S 516 L3 8 e 51l
Sl S el Joli & 33 o plonil iS58
03 e 5 sl ST Gl 5 5 S i Sl
L 25 e g/ ot (Gismcadl oy o jo 55 Lol 3 5
bl & U-Net tsle Gooe (5,8 50 gladte 5l eslizul |
bl b ol Bl S o e e
S S s gl il 5 Ll sen Jor dlaj e (5l )l gon
(Sl lacil (olus wile) (Bl 5 (S50,


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

S Jos 0§ sla S35 lsea
o b OIS e ol s A
Lilgy) baad 5 (oddgduankss (slad gu/laazas) bae &
Wl y3 5 bled o obul (5 glacals b K
O F e e LB e gla e Lo 55 1 aosls
Lo 8 Olbe SbLs 1 oy gloms o ile LS o 230k S
(Shs il S S s B,
df bl e S8 L ke Gl S
S5 5 G sla S Lok il B3l
Iy g2505 edlm(ne5 5 AS 0 e |y adnls Sl
Golws bl Cws ol GCNN J:br.?)a\.lkﬁ sy
Szl bl (5L s ol glaosls 5 Lilei s
2 Yk (b s o Ly Sl a5 stiail
b 35 531 (w2 S LIS a5 b i S
9 Gluasks S8y ajluel Glajlae 5 das o

LS o b Al e a3 1, I E ;S’J&

o0
2> & P CwiS D
ros

» L =
Face ®
-
Y

Jelol s

LIS

A % £ ! '-“ ¥ )" Q L
25“‘ =3 ;‘& > ¢
W Y )

oSl > &) Sl by sl Sy s5bedle s
Wle (S5 adly 03, om sl ST e
SOkl gl o5 S35 Sk L S
Sy 5 Batd oy Ao 0 )5 Lol 9 & 50
Wl Gras (6,5 3L sladie Jl eslimal b 1y il J b
by g eSS L YU &és (gl Hover-Net
Sl 5T 85 5 A kT slagzy ; SN sle 5 nls”
S o S (S5 g Nslime (lad g 4 Fosl 3l e
sbul ) Gloti e )  slacSule a0 oyl
U oS o Sl 1 5 i S (ol & L oo
Gl O ng Ol b b ol i 51 e
Slhee G b 51 e (s5lslgen ¢SS 5 0510 (sla s
S oslizal b Sl gen laain oSS 5 (S350
Olojes blai o Aol adjhy (g5laltr eSS
(S5Ipo SB S os daxl oS b S

Ly o ) il e a5l eI ks 5 3L sla S

3 FProw P 295

15 i e 0 8 e KB

S5 b bad s i ad g S 5t en &K L Y game o £
6£w@\fwcgu6>J|>@bgpMﬁ\
B O O O L VR 05 P | WO |
(5 les JK2)v_iEVV={v_1v_2,..v_N}

LQT)DK@‘Mﬁjﬁ}J‘Jﬁ&LGfﬁ
2550504 (S5 e Tl (55 slad sas0lid
23}:&‘5» aslw

v;x; € R%dX € RN*4

X =[x,%xp,...,xy]"

cbdd/lbans BIF ol A

S5 41y LT jledip| sl S S s 5 ekiighyaaks

s b o (5l i Bl I 2l

(e Lalg, Wl opl S e b5 (GNN) I

Sl s s et 6l Sl (K395 5 5 S350
.U\J_Lgsdkg).l?.\f\)r?'u;};,r_,'.u’

(SIPF r sl Hlosei p (e flo o

3 €S ps i Olgea lewy e S

sas0ls OT 53 oS Wsd o oy, il Jasee

A ol 8 5l 50830l NN 5 o 5 JolS” i gas

YA

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

—
=
ry

w33 S saaSs giled e shten b e &

x; € Ry,

Pl 6 b S ) 55bs (65 5L s
Sl S5y WSSl b o 45 wle pibr

o5 Al pdly Sl e 5oy (S5 e e

)lzﬂwd\ﬁﬂ}ddugjuclﬁlxil}ﬂB;M‘p

$SSys slaystsE 5 5 e T~ vl ) ediila
S o ey Glaan 5 58 Sdoy & VLA L
25 Coset S s Shs Al oS

A“f-TLS" Cewddy

morph _morph
xOTPR Y OTPR — [ 4

i i rea

Uy UIY Gf,ef 0

I 5 5 55T, ok s S

o3l 5l 5 kS Sles Gl Sl gl s 5

— S 5lad 4503 94 &S LS g0 03l OT s S

solas G Shy el el Sl

SN 1, 45 o5 uShs (M) 5T,
S e

§talnx§taln I= Rd\~ e

xl 2

. 0D
xistaln = ODH, ODE’OD—:I-E
E

sy 0D = —log\+(I1/10)I€ 5T y3 8

S g 5 o St g s 5 o
S SSdns ke S Shs sl
3035 St phd Aol Gl Slaze G b
Sl 230l 8 Klas (Klo 208 50 SO
G S5y S o IEAS Wl S 1y e

s s OS5 Dot |y (K5 g 5 A SIS

Y. Area
"Perimeter"™’

wps JoSe sl Jler & Shs sl
Sk S3905m 3l S plate Glaia ol 0 S 550

Gl N L et b Shs (SSdsose
O3 Glopls colus Jals wlul S8 glo & 5
K
Eccentricity, Z Zy

k=.

a5 (4,0 6555 laysksS 0T s o
Al L&J}’mr:; 6‘_}3 ;f

2

S5 UL S ps s S B g S
lsbne b (lsls 5 ke) Il &5 0 o (slao LT
ozl 5 (351 5 ol 1) &SIsls pgs &5 0 3L
S8 o 5 S laej g 53 pubiadr 56 Sl
A o gild e
x{* w07 Gr g
Sopon s S w55 S S s S
S S

xfe* € R4

tex _

x;%* = [y, o], Contrast, Energy] @ Gro
5 aSIla sl i e bl ws Kkl


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

Lis 1) Sidem e b e ys 5 S
@.C,.w\ LBBJ\ sdasOlas 9 "\‘..L‘”gs‘
dsb 53 w3 A 5 el lae 8 s 51
Godib oS S sls 5l eslizal L 1 S csle
B S o plesl OIS Sidps b b1y sl
Gy ss ol Olabl (S5 dsm labae (g5luli
Jsb 03 e s 5 el laaas 4 oo & 4 o
Syl gay ol gl gduad & 3l el § Sl
)‘ 4.L>-JA d’i‘ v.:f_‘.u@ oalazal  XiXi JAK ;k}
23 ek ST oS35 5L sla R S 5 138
Dyt Gload g s 00 S 59 AL 5

Q‘w‘ov\&ﬂ}»_).eﬁ)

spatial _ . spatial
X; pi = (i y)llpi—cll'x;
E Rd\"
spatial __ . Y )
X; = |pullpi —cll AR
i

JEN;
J& 5 e elmise 0 = (X Y)CN;
Solaer 5 5305

B Lgd n Juae on 4 dalaze Slalidd 15 )

s S5 X 5
x; = ximorph@xitex@xistain@xispatial € Rd
oo 1y (golal MMzl Sllas opl 0T 3 &

Label(v;) = {Malignant if lxi — tmatignanel| < [|xi = #Benignl|

Benign

Tmax
feture __

v REANE

plesl 1) bjbas ol (oS5 Spslme o Sle

Xl'.Xj

S
A
Ajj = aeisjpatml +(\— a)wi};eture
ol tassd 9 sl Jlasl s dsla sl L
2 3 Skl Dyslme 0 aad 57 US (0 e b
Siledde sl ol o wSata |y (53 Shoe Zalis
Loy V osled JS5 sl ogr Sl sa5 Gladamars)
An3 p O g5 (sla S5 Sl oozl L bno 8 s
a=[0,1]

spatial _ feture
ae;; + (1 -a)w;

otherwise

s 2l g5 JE }{‘f Hciass T 23S

Ssbae Lalsy M e, (sl laad e peme
22 S Aol gl Sl eslinal bao S Ol (S35 )52
Joe Srsslatsn s 1 op 5 S5 Slae 55,
bl (e Ssp sl sl ok b (S
5y o sl oo S llaus Olie gl Aol ol

Epi = (xi, yi)
e's'patial — {\ if”pi — pj” < Tmax
ij .
- otherwise
Sl (rog Sea 0 ol 3) plad BT 0T s o

Ll é\j o u_lxﬂ 6[&;}}\# JA\&? ZJ_}Az-.A 6)\...»").1.4
o 5eS ol g a5 b el o S5 cals 03 5

g o P09 S g slayls,

s S S s 5l estinal b lae § Ol daly LS5 3. 8 skod JCH

=
*

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=

w33 S saaSs giled e shten b e &

D(G) = max d(v;, vj)

v, VjEV
Ll s Aol d (v, V)
Sl (arly iy e 4 Bl s bl S
Glaaw o JSul ol s o 0l s 3l 55685
3 g g0 L5 31 S b

Ay Klas Los (gl ol glajls
2l b0 80T ladlol oy job S akols ls & 0 5
S po 3y a0 &

v;d; € RN

d; = [d(v;,v1),d(v;, v2), ..., d(vy, vy)]

loms) 53) AS o b ) mnd 90 555 sl oSl ¢ o)
sl S 5 Ll FIS Jols e S glae S
(s o OLES 1) (abiial (gl 2 28 s

Jole 8 il sliaw Glg Shs b,
Ll D31 S Sl eksi |l sla S5 5

X = (X1,X3,X3,X4, Xs5)

GON 550 iigalgity 1,5 oy s 53
S5HFmr IS 53 e 8 suaib (sl (s3lria
B s 05 a5 f b e Olgen
G bl g e Sns sl F kil gslgiy GCN
S U5 o olial I oy baaY Sl (glas sazes
Asled o fd 5 e | bao S sled ()| S5 &) 50

g S 5 D) sen ¥ LDl 0 56

‘QT )J 4§

G = (V,E)X € RNxd

HUD = g(AHOW®), 7O
=X
S o
liﬂ BE) L&ajf‘a?;ﬁ'mju H(l) € RNXd(l)
el
odidl 5 Soysbrs e A =D TTAD Y

A=A+ o7 5 & Col 55 Slaail b Ok

Sla il W g (sl cahols slals 5 ol 8 las

5 e ol gla T 5548 5 5 000 slodiS plaze

S o S |y ol (65 5L s IS (6l e

plesl 1S 5 08 mlaw slagilebr 3 e

lbe Aiidy 3 g [ ool suadb B Ls o
S IS le o dioslizal (g jlulr

G=(V,E)

Slastas o 8 (3l sy oS e slasbas
ool b ol 71 e 8 (S5 5 Coenl S
€S o sy S o 2 s Saer 3545,
T o sty 5 D) o 53 S e

Vi

Cdeg (v;) = %

b slao & ol Kolaen N((DV; T j5 8
ok 5 2S5 ysn g g Bles0LE el Ko Yl o
sl

AT o Gty 5 Oy gots Slin &y S e

05t (Vi)
Cdeg (v;) = Z —
s#tev; Ost

555 6loo T Ol s s IS o ol S 00T p3 8

L Lol S5 SB e 5 Sl O lOgt (vi)vi

2508 SRS Gl Gl slae § el ol S o hsles
J)Lw@ o |)

AT o Cday 5 oy gt Sy S 0059 505

Ceig (v) = %ZjeN(i) Ceig (vi)

J= el 85 ol Olseaohig oy Ly S e
b E ST e 8 e Joame slae 5l 35
Sl o il 1y eSS lnbie il 5 ST o plulis

Olye o b Gler ke gl OIS s
Gk R 53 pee LS 5 5 SYsb
AS o ) EUS su 5 ST,

D(G)G


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

S gl

w0y oo b ER 5 W, € Ra®
Az bl g uail

ool b i SVl s P € RN
p =[]y .@lafjas\j

Cbm&,;TQuboxu,Jsu,.@whal
0313 55T oAb IS e slae B dor 53 (2305

T Sty 5 Doy so ) 055 o0

N

Wl (6 L y3 s a5 L3 C.?INB'A

JB 055 sl SSWW € RAOxaltH
sl 55 5aT

bl 53) ol o5 8 (g5ledleb b S O()
(RelLU

Sl 08 Sl (et sl ol
e elS” BY K 1 oolgriy GON &Y oy 5T
1 e 0303 ) 58 S 5eKe b s lab

H(L)
P=0HYw, + b,

1
L= [vilogp; + (1 —y;) log(1 — p;)]

Nl

& 5 e 53 1S 15 5 (61 (R UKS FY dail)
PyTorch Geometric i eslizwl b Jube -y 38 e
Adam jladg b 5 sileesly (ol S Sllee (5l (PYG)
b b c‘_;jg_.lplﬁ 5 Olebsl (gl i esls 5jseT
domjl oolas ladnl b aen (gl |y (FY) bsla
0235 A3y daasls obmlr 5 05 &gl (a0l
EF Bl N e Al glaadse (GHluend
gl 5 (CLS AT s 8310 o/ V=70 01) (6,8l
L polie L (s S YeoVe) OIF sl
Pl s Caslie S8 e bl ediolil
3 (K 55 b ) edssilea) S Ol
Y a oy Sl ) g s S Seal
T U:H_L»J'T(@.»,uéy/b
o g Sy S S o Sl
Ozl mdly (Glis solsae gezen 93 ¢ ABly (SLis (slaesls
i 3 e &G BreakHis 631346 sazme . Lloss &
Y rss b Sl npad YA Lli psas
P oS 55 b slan AY 1S Sl (S FFoxVe )
Sl e VY 5 s S s PFF fld
S ol isled eslsas gazes cpl Wl a.\.;:L;”TC.?.

3)lge &S Gysba s &l 1) Haeg Sy S s

(e ) i) S e 0T 2 S
S OlS e e ShB EIE ly el (e )
DSy e Sy et L 5 sl 55l
S oS Sl Sl slaed 510 8 05 5 w5 6,
la i bl e sla s hy 955 o3litl gz 5
3 L 53 GON QU5 55 seon &5 54
05915 0T (gl b S35 6,80k o 03 OIS
Sk 58050 20T 52 (5 S grur b5 61
S cdken bl e padis Ja 1S3k olens 0a
yi € {1\ } s
oS SAB L Sl oS Sl )
5 bl (68 Guuaib 5 Aas o L K550
AROSL (S5 h 5l s Slaslsse 3 ) A

oy Sadl
Gl Sy i Sy 29 b
OT 5 Shos b s o551 0] 287 (g5l Jasl 12 s
@ e F AL e 4 A lay ey gl o
W 28 Slbe L350 & (g la il 05 S
NVIDIA Tesla V100 S35 (slaodijls ; 4 jgome

Yy

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
1

w33 S saaSs giled e shten b e &

ol shtea A8 o b 1l 1, O PUTH
38 es 1 (g al s Bl 5 (ool e (6 oy s
Attention ) 4> 5 (slaaiad [iags ol )5 we g 8 55l
o Lo sl (6 2y D50y 5 2l el (Maps
2 OIF o e Kb S dias e Ol baaid
3lao 8 oS 5 3L Sl (g oS (6,8 e il
i s s st S A AL
sk o515 ol 15 Bkes Jobe oSl 0T 31 ST
bk solone oSl 5 s (il (slaj e VL
S p Lo a5 S 5 O g ) o
OLES 53515 gl shman 3 2 50 &5 5 s L S 58
(2alas ‘_;Lnjii\ 2 A g dde S das s
s 5505 uail (1 1y s lsline sla S5
Iy oo 5 Shes g545 a5 (gbaaids 151 ¢l ol tslas oo
slosl Sl il s hB (o358 O s
@25 5 ke b b leiy ol Gk e
46 gozes sla S5 heee Yokt g S e L

a0l ) (A8l lis laesls

0537 5 askd ssns p5oTs b S 50T ol ot o
e Jold oty 3)lge S Jmps iphi e Vs
e300 5 35S 50 o) GV g o) (ST
oS Jslaze 55 e o BreakHis .65 8 0 5,04
Slp o2 8 gou (535 (K505 Slo s Sl
J}'&LS‘ ol ‘_;L.«Ibu wuw—\' Lgl.usd.\.a Glf-))‘
SM@@‘J&%&TcQTé‘YbC}.&)LJﬂ)M
Ol ylos 3l L;.php.‘b-\ Slas sazee PUIH (slaoslsas gazes
VIAXAYE) gms oo ols oSG olSils Ml
A 2550 1OV Juls 8 el jlay YIS (S
PS5 B s L PUIH Cwl (s 550 YFAY
buoge Gl plad 53 S Hp5 oxrlg Glacssd
OVFFF) YL ol Sy 5 (rog Ko Y0/Y8) 56555
Candy Lile b (glaoslal b b ol o el 0l uSiae
g5 g0 ploze J S50 sves 8 5 5| » ER'PRHER2
28 SHuaib C8 iy (6l laeslaas sazms 93
)M b L;Ji.\.w\ﬁBreakHls el szquCN

Woslsas gazes ol ‘5&;}1) AP dgu\D

;v—f'xf“}"'# gw--’v# Radius | Textur| Perimeter| Area | Concavit)y Compactnes
BreakHis SFF VETY 1V/44 Y /FA YYY/A Yooy ViR CYYVE
PUIH 10Y4 YF4) \AL VE/vE YO/ - 1YY/ /\4A AFYA.

s ResNet-o Lus b slas i1, NESY
&5
NS LB 5 sliaie glawlie 51 Olabl ) sates
Slwesly OB o cp g o Sl g5 5 3l ) Ol
o2l 23 ONN s 5w pedile (6,800 e (claduta
&Sl S i) 93 258 o g 5 4o ) sbay anlllas
Gl Shs bols Sl glo Sy ) (g opile
S5 sr b 5 LT 5 (Bl (S5
el (63555 Ol 5o b S 55l e 5 gl Al
oslizal Olaziy 5o, cpdile 5 baluas oy 76SKs 5 k-l

3 gy plo b oolgiin Ss) dwlis ) shtes

sl b s Ol adeld &n) 53 paw e o)
G385 ysba oolgiy ) Lledd Sbl ) ge 5 g uakl
S50k Jals e iy gl B, 5l s 53 L anlis 5o
CNN isydla a5l (SO 5 (V) b5l s il
e 90 SR ey (YY) s 8 OBl Al ol
Aok Gl Gty sy el il 6,8l
Godids Wil locwns gl S5 5 » ok-NN) ot luas
Glan S8 laokiS o 5 kil Aol ;e
Mg sba ONN o ne sl Sog) 3 (S



https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

Fi kel 31 a8 ol e e 4 63l 0iSTol 108 DS
A aamﬂ‘}é
AS e )5 Jolbes s 5 5 s Ol Fy e
30k aS das s &l Jue s Shas 316 5585 oLyl s
V.Ajg':\fca;.e@l;} &OT}JJ&E&L&M
315 Sl (liyls g g5 BB sladaly O3 it @Lﬁ
dslon Sl 13 5 283 &S gl ke O 5o Fi Sl

P

Precision X Recall

1F — =2X
score Precision + Recall

G 5 D) gty (e Sla s o dad Oloe )3 (2815

:"j‘i‘g‘
TP
FP+TP

S ly St 35090 3 (68 (55T5L lme

Precision =

b el ol (Wl plulids i y3as
TP

FN +TP

|y ol 6,8 3L a5 Slas ¥ & jles J g

5355 CNN 5 (ML) ol 5,850 2w gl isy b

PUIH 5 BreakHis :uS o awlis oslsas gazes

Recall =

5 (ACC) s 1) Wl sle sdiioslizad b5 (slajlne
sy BreakHis islsas seme ol (FD) Fi sl
35 2 5l gl ol Fioslasl 5 ds op Y0 & oolgiiny
ssba &S a fae 2 ONN 5 le (6,850 2w b
5 Sles golgii iy PUIH 33lsas games (gl calinn
CNN 5 cpble 6,55k (w sla b, b amlin 5315 5

Sless 5 031348 sazme Oles CNN Juke (g1 ilotss &
o S5 8550 ol b alie 35l 0
Solars Ll ol Szl gl gl B EYE G woN
«(Pooling) oo sba¥ i )55 a¥ae JlCNN
5 Sl Joaze NS slaa¥ 5 e jledle oy
S s 310 o5, S5k § 5 e b5 gl (slaadl e
S Lol ‘,.:la.J Sl Sa ludg s sl slae o
2 SSy ol 2ph Jole (San s Soe 0 g
S U8 o s el Sladis g b T claesls
Sy s ONN oslgiiy B9, Olbe sddanslin mls
sl e 5 4Vale oz uile 6,80

93 3l e3litel b i 5 g0 5 gzl Juto 5 Shas
b bl @ S 5o SR Slaal 5 S8 guST s
G35 ygbas —Las &yl Je S sl
A byl

SNl e (gla s i IS L ys >

4 oo Sh il Sk sal Lo D) g0ty 5 LS (8

g o dewloen a4 gl Jf R
TP+TN
Accuracy = FPEXFN

Wy e saasols TP o s &

830l TN (o gluliss s ysa b s s)
S e Sloss) (Ml e
Sl ses) O s suas0lis FP (ous slulis
5 (Wl guyarl ooy Ol poas elndlay 7 st 5
S ards slayge ) OIS gla e ol FN
Shae C35 oS s (ol (Wl y Cows 3 Jde Lo g

R Il 350 g0 53 Ll 5 e crs o 11y 5 Shas JS

adde ple b awlie js (oolgiiy ngfsb_ Je oL @L:S Yokl Jou>

s 1)
lboé'éd‘:,.o.‘gu AS’L.’.JJ‘ ‘_g\.&)l.;” u’;,wa u:,:.Lp sz:f;li CNN ol :." ‘}:}J
ACC +/AQ¥ /A5

e

VEO sl 5/ o3l (S o phe oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
&

w3 by (aSi (giludie ) shten L Jbe &

Py F, FIAFY </4YY */AM
9 BEgoxe
yodldde goxo
501848 gocxo ACC JVEE L ADY . QFY
PUIH F, vy e oy

nl 5l (655Tob 5 35 Ol g sl sl 5L
o LOT 55 &8 (Saj lagasis @l b due
zaa Sl O3 e i = OIS glacie
AS e polazel L6

o

PUIH Dataset

2500

mmm ProposedMethod
. CNN
mmm Traditional ML

2000

-
w
=]
=

#TumorType

Benign Malignant
Datasets

#TumorType

Eb s e Ol A Solas S8 &, biles

5 JB b algiy iy Sl OT sSTOl

ety Yo i s 1y il > S

FY Sloal siloings b (S35 o) il 850 (laeSCSS
A

BreakHis Dataset

mmm ProposedMethod
1200 | =N CNN
= Traditional ML

1000 4

800

600 4

400 4

200

Benign Malignant
Datasets

ujj)xupww);égwﬁé;:qd»:;szB;MJQ

Slayse g sl 53l bl o gw iy CNN 5
0 SV Gl (onlgiiny oy bawg odd 2o i
) s e OlE =l (..ruuy 3yl g0 s
b gl S el s e by e 4 l5
Ans oo SRl ) a3l e jeseis & AL Waesls
ol Oleabl B ol 05V (6 2y oo 94 525 1l
23 68 3 b laste 3 (AU VL slel oS 550

A Bosldas gaze

o Shgmpts SR T oLl dol

eble (65 5b ool gy dam 5 oS 5 o h
PUIH , BreakHis (slaoslsas games (51,5 1) CNN 5 s
sy BreakHis (glaoslsac sozms 53 s o OLES
b 0pe9 \TAD 5 o5 S5 se5 7YY (oolgtiny
ONN 5 (g e (6,80 S| iy 7 45 o0
Gl Sgy PUIH  (glaoslsas sozma (ol .ol

oele 6,83b b aslis )3 1) (6 ke Loy ge uomen

b bss plo baslin 53 Golginy 55 03 ot 5 o o s5 Sluse s Slsl 28 Boleds Jour

Jw b 9)
Bodlddegosme | edkdiu e 55 £ e eile (5,8 5L CNN | ssledy S

L f10 oY FYY

. o

BreakHis

= AYY aAd YYAD
L DA AR \Fas

==

PUIH

e 14A0 YY54 YA



https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

oyt ) B i msds 2 VL S ) b cdas
ey a3 Slas 3315 55 = 555 Sl gl 31
b 6538 S S iy Yt VL Glapsbs A4S
Sl cu e b e o 0B 1) Jde 5 das o 4l
S pas Sl onsn 4Bl pl das el 6 5583
i gl Wil e s Sl OT o 8 Ko
laayja (bl Lol b o Bl g sl e
S al P sy GBS (S Slrlons

Wl 033 Jos 55 Slas Olos Jsls p jlines

2585 T3bs 56 b)) palsT ol 5 e

aadllas ool 3 (3lgig 6,8 3k ke s sy (635,
258 T3y 4w 3 1, F ()Y Skl (ACC) s
Sloslazal LOVOYEXY L FA g VZ e x Y YF FPexVe ) Calidee
55 &, Se3lul PUH 5 BreakHis s3l545 game 5
Sz s 53 1y solgdn Jhy 3, Shes 8 55l s
& QVOFPXY L FA VXV YF (PP XV ) Calides s o
&l A4S o b5, PUIH 5 BreakHis (slaeslsas sazes
AV lar 525 LFY jlasl 5 3 BreakHis 831545 sazee

Ol 1) gliw Ligy PUIH 83ls4e gezen ol 0 354

2505 polal Calides LSUC)J)): Golgin sy 8.0 Syled Jou>

bl dde sl jlae
oslsas gozes RIS T3PS bl bl @3l S
ACC + /400
F5uxY s

F1 AYAl
ACC + /404

BreakHis VZex V¥
Fl +/AAY
ACC AYA

\OY'ExY FA
Fl CJAM
ACC «/AYY

£5 XV

F1 L/AF)
ACC C/AVF

PUIH V& x|+ YE
Fl </AFY
ACC CJAFY

V\OYZxYFA
Fl +/480

opldsh o i g o)ls 3L (A, FI/F 28
L;;l@;;;:idm)b)&j@yd)wﬁuu:@&w@t}
sl byl o edesls Olis &8s (gLl se Lis end b
SR a1y (6 Katier Sllus 1) (LS
Slsp 53 Jhe lls a Olg e 1y Siisel Ol
b 595 s pslal Sl el (6)losed slailes
Sy s1aaSs 65, S GWONN & o iy oS
8 Sl Gl S35 (S i sla g5 b oS e

LSU‘-E-:’“)-’ R L,’_':'L‘.nbu o e J‘)\QWG.LS&

35T Ole Sl lin Lows g 125 4 6 )led S

ar g BB Gllse S das o Ol |y Cilibee gladie 5
3:‘:49}@.?;» BE] ASU’.a )&,&T B) 6:% U:}) u’_.:“)lf
IS 4285 VFr 30, 3 seT (g3lgiin Jobe BreakHis
M)Db?/A}hCNN)“jéfd Ao )3 FV/7 &S el o0
o ol e eile (6,85l slas Sy, e
QTPSJJ&?)}:PUIHS;wa)JanL&J&i
Gy adds Yo L oawslie 5> 42ds YFO 4 (oolgiiny Ju

Sl sy sy 4is FIA 5 (o3 WA 2alS) lCNN

s

VEO sl 5/ e3) (S o phe oSl alons


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
<

w3 by (aSi (giludie ) shten L Jbe &

o) Al o cmlie (Lgd a arlge OT b adly Lo
3 S s Pl (5183 5 b ol o (5550 0 Sl 51
Jomoly &S5 Ol gsas |y (olgiin due (sl oliosls Olis
b1y Slobes 035 Jos 5 das o 5 cnlie b

S n dolaze et Olebsl B

Q%Mﬁrﬁjdbsﬂwraaf@\wj)\ b
03 b Ok yd g e diea Gl el al
Ly Aas Ol i daeslsas gazes calizes (glao Il
5 AT gy S5 S0 55 4 o ($3lgtley (Slame
looslsas gomma glp 1) OT 5 Sl i plis

L;USJJ;JKJJ y)ngg)j g_g’:‘fl Lg)\:,;,l}«aﬁ

mmm ProposedMethod
400 1 mem onn

B Traditional ML

300 -

200

TrainingTime(MIN)

1001

BreakHis

PUIH

Datasets

Calzes ladde 55 50T Ol (Sl Be Julo W& 8 5lols JSCo

ngjdm:&de:wJ&lQ)yq%fé@\
denlows 42T glaosls (59, OT :jgla.p 9 e slesls

T Sty 5 Doy 50 s )2 55 o0

Accuracy;,ss = Accuracy

jdwc@,m@ow\, 5 LB oIl ls ses
L& 5 Slae &3l (PUIH 5 BreakHis (slaoslsac sames
SO Cds il 2alS ol s e Ol |y (65U
(blis 53 .l Laosls Gla S5 L iS5 Sl
LOT i Cawluo ss0lis & dias oo O 1 5 5V
Sl (S Gl ea Glresls 3 YN 4
3 S g Jos ik o e e 650k Sl
3 B V) & a0l 1y 3 Shes 288 oy i
ol Koo 5 ol s gla S35 4 LOT ()

clean

5 Slas &l 3150 (Accuracy Loss) Cés <o o
Sl L5 L g e p&n 1) Jo &S sbvaile

S o (6,5 03I (dials i b oo gme ¢ 9 L)

- Accuracyperturbed

Of Y. Y
9y Ja s [Accuracy] clean
G\q-}ci 09k slresls
Cov Jde ss [Accuracy] perturbed
Sl gasl 5
(ol gladie )3 is [2al Glaw e Jdoo
Lols 5o WOT Caglie 5)bys 1) e la i
a3 o Ol S e
B T Heipagd 1 bl S
S St Gl i & das o OLES |y Caltes sla 2,

ﬁﬁd)%éﬁ)}.-lﬁb@43‘)‘;)-&6(&&&‘3)\”5


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

ASTE o S 55 (S 4 (SB35 53 oS
S ke Ll 5 )5 1) sl S35 Alg 0 45T LHls
Olsea 1y o3l o plSoual Cuje opl ST Lai>
A Gl leesly (gl S gl gl S
Sy oY Caeal 1 Oliadsl CULB (OT 53 8 s 0

Sl

S et 25l 53 oy sl S IS 851l
S dnsp O L lamlie b ol A
Ar 3l 6V bl Glase e golers
o594 15 O 5 das o 1)1 8y sLis b sla 2l
2 b s Slee AT j3 8 Ko slas )8 ol
AS ol (ol & s g% Slroslsas gazes

2 e Jdegn 2 Gl e OS e el aaidly

mmm ProposedMethod
101 mem CnN
= Traditional ML

8
6 4
4 4
2
0 -

accuracy loss(%)

BreakHis

i

Datasets

Calisen la 2y 5o 35 2als o Y e B leds SO

o s gileesly 5 o1 GONN il eslizal b 1S
L;psuuéuj;uﬁu,m@gww@,uu
23 Oljen osba 1) s 3L (sl Solene ob
5 At B3 ;s 9 S Js (6,8 el Al p
Sl 5 et bl bl BB Jde pasd B
OLPUIH s BreakHis 815551548 gaes 95 555 o025
S (6 3 Shas 5 ylsbnn ) shas o3lgidy g, o 5l
ONN ; e sladte 5 (i 0pble 6 55b sl 4
834 il 5 (63lgiy GONN Juke ¢ jaivine ) sbas syl
S e b amlie 53 5 bl s Loy O T uuazb
S35 53 Lo 3 YO Jslae glas s J,(I\:»J}Jaa.: Py
35 Ao )3 YA 5 6,55k Al s e 3 Ao ys FY (Juke
Ay Ol b Silee padeii Osls Caws I ralS
583 Ol s sl 51 Sl SYLFL Ll fioman
Gl 2als 5 b glas )8 (gl ST Sl (555Tab

Sop posdhe Dl Hla) o Glos s Caenl Sl adels

(S 5 domid § v
2 25 63801 gl S callie 5
3 o855 pasis gl OIS oy e el
Sl s Ol oy 5 o S5 Gl e g (S
Cayssloe 5 ade s b (oolgtiy 580y, b
o e GBS 5 pile 6, Sl g S,
2 e Sl 4 1) K55l e Glaesls ¢
5 S (S Il 5 uS e s IS
ol bl gr 3o s o bt [ e (S5 55
13 (Slodkom (55l (sla S el OSGT (S35
5 0y 3l e s g S 555 ) Sl 33 8 35k 0
Jol palem A L S salgin ol 3 pd o
TA e G sl Bl
(S 5 5T o Bl (S s S
S 55 i 5 S5 F sl

VEO sl 5 /el (S e oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

=
oD

w33 S saaSs giled e shten b e &

@olgri Oyl i sl Olis 55T Ole) o (s
CotS L by Sl AT 5 Gl B
3 BONN & o a8 jael Ol et
DS 35 o gy 3G (g 2003 3 w sla s
e e s Sas 35 4 (63505 b5 SRIH S 5l
Sl Glady ja 4w 5 o Sls ol pl iz 8 0005 o0
(§ gazeyd L b glalse js Jee Ol
OIS sn 3l o s o OLES 2y ol il
Ol Ll g o 315 shomy gmas caSs 3l oslizal 5
Ol o o83 55 i 53 slazel 6 5 423508 5151 S
ly st S8y Lid 5,0, ol 235 eslitul 4
4 el O (g3l 3 a8 chns o 2ol 31
Blg e Lo S Conal 3 OIE Jesle Los 3 b
o 535 (612 (65 et Oy s &5 O 0
Gl S g Ol o ciasn opl dlsl 45 A8 Jas
(12 3) ke sbaesls plool L (o]
Sblre dawg (U OBl 5 g5 slaesls
23 &y Ol lesly 5 Sms s 6 GENN
A Bl F p s e pl 3 ST s |y (Bl (I el
e LolSaws 4 (g5l ol Jes JW! 45 age
Ol 4 Slase Olsley Sl )3 gl 35 5 indi g2 (S5
S | s
8o o515

o 53 e ol & S e pOed O i 5
2, 5 g 5 i
Jb ol

IS o 5 Jo Soles O Sl s

la 5 Sl eslizal L b o ploil s Ol Sl b Sl o

WLl 0 plondl O iy 5 g


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

References

1.

10.

11.

12.

Wen X, Guo X, Wang S, Lu Z, Zhang Y. Breast
cancer diagnosis: A systematic review. Biocybern
Biomed Eng.  2024; 44:119-48.  doi:
10.1016/j.bbe.2024.01.002.

Priya CV L, VG B, BR V, Ramachandran S. Deep
learning approaches for breast cancer detection in
histopathology images: A review. Cancer
Biomark. 2024; 40:1-25. doi: 10.3233/CBM-
230251.

Saroglu HE, et al. Machine learning, IoT and 5G
technologies for breast cancer studies: A review.
Alex Eng J. 2024; 89:210-23. doi:
10.1016/j.a¢j.2024.01.043.

Ciobotaru A, Corches C, Gota D, Miclea L. Deep
Learning and Federated Learning in Breast Cancer
Screening and Diagnosis: A Systematic Review.
IEEE  Access. 2025;13: 76322-51. doi:
10.1109/ACCESS.2025.3560211.

Gurmessa D kaba, Jimma W. Explainable machine
learning for breast cancer diagnosis from
mammography and ultrasound images: a
systematic review. BMJ Health Care Inform.
2024;31: e100954. doi: 10.1136/bmjhci-2023-
100954.

Arebi P, Fatemi A, Ramezani R. Event stream
controllability on event-based complex networks.
Expert Syst Appl. 2023; 213:118886. doi:
10.1016/j.eswa.2022.118886.

Fernandez-Arjona M del M, Grondona JM,
Granados-Duran P, Fernandez-Llebrez P, Lopez-
Avalos MD. Microglia morphological
categorization in a rat model of
neuroinflammation by hierarchical cluster and
principal components analysis. Front Cell
Neurosci. 2017, 11:235. doi:
10.3389/fncel.2017.00235.

Jha S, Khalf MF, et al. Convolutional neural
networks for breast cancer detection using regions
of interest from infrared images. TJTHEST. 2023;
1:52-61. doi: 10.59785/tjhest. v1i2.25.

Li H, Tian Z, Li X, Arebi P. Identifying effective
nodes in term of the influence maximization on the
social IoT networks using deep learning-based
node embedding. Computing. 2025;107: 1-34.doi:
10.1007/s00607-024-01376-w.

Kwessi E, Edwards LJ. Artificial neural networks
with a signed-rank objective function and
applications. Commun Stat Simul Comput. 2022;
51:3363-88.
doi:10.1080/03610918.2020.1714659

Collier ZK, Leite WL, Zhang H. Estimating
propensity scores using neural networks and
traditional methods: a comparative simulation
study. Commun Stat Simul Comput. 2023;52:
4545-60.doi: 10.1080/03610918.2021.1963455.
Chowdhury RI, Hasan MT, Huda S, Sneddon G.
Regressive class models for machine learning
algorithms to predict trajectories of repeated
multinomial outcomes: an application to the

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

activity of daily living of elderly data. Commun
Stat Simul Comput. 2025; 54:2110-31. doi:
10.1080/03610918.2024.2311774.

Deng W, Deng J, Arebi P. Detection of Effective
Devices in Information Dissemination on the
Complex Social Internet of Things Networks
Based on Device Centrality Measures.
Complexity.  2025;  2025:2919169.  doi:
10.1155/cplx/2919169.

Abunasser BS, Daud SM, Zaqout I, Abu-Naser
SS. Convolution neural network for breast cancer
detection and classification-final results. J Theor
Appl Inf Technol. 2023; 101:315-29. doi:
10.31557/APJCP.2023.24.2.531.

Abdelrahman L, Al Ghamdi M, Collado-Mesa F,
Abdel-Mottaleb M.  Convolutional neural
networks for breast cancer detection in
mammography: A survey. Comput Biol Med.
2021; 131:104248. doi:
10.1016/j.compbiomed.2021.104248.

Ahmad W, Wang B, Chen S. Learning to rank
influential nodes in complex networks via
convolutional neural networks. Appl Intell. 2024;
54:3260-78. doi: 10.1007/s10489-024-05336-x
Lou Y, He Y, Wang L, Chen G. Predicting

network controllability robustness: A
convolutional neural network approach. IEEE
Trans Cybern. 2020;52: 4052-63. doi:

10.1109/TCYB.2020.3013251.

Tanveer H, Faheem M, Khan AH, Adam MA. Al-
Powered Diagnosis: A Machine Learning
Approach to Early Detection of Breast Cancer.
LJEIR. 2025; 13:153-66.

Fatima A, et al. Analyzing breast cancer detection
using machine learning & deep learning
techniques. JCBI. 2024; 7.doi: 0.56979/702/2024.
Wekalao J. Enhanced terahertz graphene
metasurface biosensor for early breast cancer
detection with machine learning optimization
based on locally weighted linear regression.
Plasmonics. 2026; 21:349-61. doi:
10.1007/s11468-025-02905-9.

Ahmad J, Akram S, Jaffar A, Ali Z, Bhatti SM,
Ahmad A, et al. Deep learning empowered breast
cancer diagnosis: Advancements in detection and
classification. PLoS One. 2024;19: €0304757. doi:
10.1371/journal.pone.0304757.

Rahman MM, et al. Breast cancer detection and
localizing the mass area using deep learning. Big
Data Cogn Comput. 2024; 8:80. doi:
10.3390/bdcc8070080.

Wang L. Mammography with deep learning for
breast cancer detection. Front Oncol. 2024
14:1281922. doi: 10.3389/fonc.2024.1281922.
Kanber BM, Al Smadi A, Noaman NF, Liu B, Gou
S, Alsmadi MK. Lightgbm: A leading force in
breast cancer diagnosis through machine learning
and image processing. IEEE Access. 2024;
12:39811-32. doi:
10.1109/ACCESS.2024.3375755.

—
-t
*

VEO sl 5 /el (S e oSl alone


https://sjimu.medilam.ac.ir/article-1-8855-fa.html

[ Downloaded from sjimu.medilam.ac.ir on 2026-09-23 ]

_,
=
=

w33 S saaSs giled e shten b e &

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Zeng R, et al. FastLeakyResNet-CIR: A novel
deep learning framework for breast cancer
detection and classification. IEEE Access.
2024;12: 70825-70832. doi:
10.1109/ACCESS.2024.3401729.

Mahmood T, Saba T, Rehman A, Alamri FS.
Harnessing the power of radiomics and deep
learning for improved breast cancer diagnosis with
multiparametric breast mammography. Expert
Syst  Appl. 2024; 249:123747. doi:
10.1016/j.eswa.2024.123747.

Al-Imran M, et al. Evaluating Machine Learning
Algorithms for Breast Cancer Detection: A Study
on Accuracy and Predictive Performance. TAJET.
2024; 6:22-33. doi:
10.37547/tajet/Volume06Issue09-04.

Kavitha N, Madhumathy P, Prasad RM,
Chandrappa DN. Machine learning technique for
breast cancer detection and classification. Mach
Learn Comput Sci Eng. 2025; 1:16. doi:
10.1007/s44379-025-00018-y.

Yaqoob A, Verma NK, Aziz RM, Shah MA.
RNA-Seq analysis for breast cancer detection: a
study on paired tissue samples using hybrid
optimization and deep learning techniques. J
Cancer Res Clin Oncol. 2024; 150:455. doi:
10.1007/s00432-024-05968-z.

Jabeen K, et al. An intelligent healthcare
framework for breast cancer diagnosis based on
the information fusion of novel deep learning
architectures and improved  optimization
algorithm. Eng Appl Artif Intell. 2024;
137:109152. doi:
10.1016/j.engappai.2024.109152.

Zaylaa AJ, Kourtian S. Advancing breast cancer
diagnosis through breast mass images, machine
learning, and regression models. Sensors. 2024;
24:2312. doi: 10.3390/s24072312.

Guo D, et al. A multimodal breast cancer diagnosis
method based on Knowledge-Augmented Deep
Learning. Biomed Signal Process Control. 2024;
90: 105843. doi: 10.1016/j.bspc.2023.105843.
Teoh JR, Hasikin K, Lai KW, Wu X, Li C.
Enhancing early breast cancer diagnosis through
automated microcalcification detection using an
optimized ensemble deep learning framework.
Peer J Comput Sci. 2024;10: ¢2082. doi:
10.7717/peerj-cs.2082.

Shah D, Ullah Khan MA, Abrar M. Reliable
Breast Cancer Diagnosis with Deep Learning:
DCGAN-Driven Mammogram Synthesis and
Validity Assessment. Appl. Comput Intell Soft
Comput. 2024; 2024:1122109. doi:
10.1155/2024/1122109.

Kebede SR, et al. Dual view deep learning for
enhanced breast cancer screening using
mammography. Sci Rep. 2024; 14:3839. doi:
10.1038/s41598-023-50797-8.

Yadav AR, Kumar VN. PSO-optimized fractional
order CNNs for enhanced breast cancer detection.
Results  Eng.  2025;  26:104559.  doi:
10.1016/j.rineng.2025.104559.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Kumar R, Chaudhry M, Patel HK, Prakash N,
Dogra A, Kumar S. An analysis of ensemble
machine learning algorithms for breast cancer
detection: Performance and Generalization," 2024
11th International Conference on Computing for
Sustainable Global Development (INDIACom),
New Delhi, India, 2024, pp. 366-370, doi:
10.23919/INDIACom61295.2024.10498618.
Zarif S, Abdulkader H, Elaraby I, Alharbi A,
Elkilani WS, Ptawiak P. Using hybrid pre-trained
models for breast cancer detection. PLoS One.
2024;19: €0296912. doi:
10.1371/journal.pone.0296912.

Carriero A, Groenhoff L, Vologina E, Basile P,
Albera M. Deep learning in breast cancer imaging:
State of the art and recent advancements in early
2024. Diagnostics. 2024; 14:848. doi:
10.3390/diagnostics14080848.

Priyadarshni V, Sharma SK, Rahmani MKI,
Kaushik B, Almajalid R. Machine Learning
Techniques Using Deep Instinctive Encoder-
Based Feature Extraction for Optimized Breast
Cancer Detection. Comput Mater Contin. 2024;78.
doi: 10.32604/cmc.2024.044963.

Abunasser BS, Al-Hiealy MRJ, Zaqout IS, Abu-
Naser SS. Convolution neural network for breast
cancer detection and classification using deep
learning. Asian Pac J Cancer Prev. 2023; 24:531-
44. doi: 10.31557/APJCP.2023.24.2.531.

Desai M, Shah M. An anatomization on breast
cancer detection and diagnosis employing multi-
layer perceptron neural network (MLP) and
Convolutional neural network (CNN). Clin
eHealth. 2021, 4:1-11. doi:
10.1016/j.ceh.2020.11.002.

Oza P, Sharma P, Patel S, Kumar P. Deep
convolutional neural networks for computer-aided
breast cancer diagnostic: a survey. Neural Comput
Appl. 2022; 34:1815-36. doi: 10.1007/s00521-
021-06804-y

Das HS, Das A, Neog A, Mallik S, Bora K, Zhao
Z. Breast cancer detection: Shallow convolutional
neural network against deep convolutional neural
networks-based approach. Front Genet. 2023;
13:1097207. doi: 10.3389/fgene.2022.1097207.
Naz A, Khan H, Din IU, Ali A, Husain M. An
Efficient Optimization System for Early Breast
Cancer Diagnosis based on Internet of Medical
Things and Deep Learning. Eng Technol Appl Sci
Res. 2024; 14:15957-62. doi:
10.48084/etasr.8080.

Sahu A, Das PK, Meher S. An efficient deep
learning scheme to detect breast cancer using
mammogram and ultrasound breast images.
Biomed Signal Process Control. 2024; 87:105377.
doi: 10.1016/j.bspc.2023.105377.

Qureshi SA, et al. Breast Cancer Detection using
Mammography: Image Processing to Deep
Learning. IEEE Access 2025;13: 60776-801. doi:
10.1109/ACCESS.2024.3523745.


https://sjimu.medilam.ac.ir/article-1-8855-fa.html
http://www.tcpdf.org

