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Abstract

Introduction: Breast cancer is the most common malignancy among women and the
second leading cause of cancer mortality. Gene expression analysis using microarray data
reveals molecular patterns associated with disease progression, aiding in diagnosis and
treatment. However, the high dimensionality of such data poses significant challenges for
machine learning methods.

Materials and Methods: This study presents a hybrid feature selection method that
combines filter, wrapper, and deep learning approaches with the Giza Pyramids
Construction algorithm (FWGPC) to manage high-dimensional microarray data. The
approach enhances classification accuracy and identifies key genes linked to breast
cancer.

Results: Experimental results demonstrate that the proposed method achieves
classification accuracies of 99.96% and 96.1% on the BC-TCGA and GSE datasets,
respectively. It outperforms many classification approaches in identifying new cases of
breast cancer.

Conclusion: This study applies the FWGPC algorithm, which combines filter and
wrapper approaches, for feature selection in breast cancer microarray data. The best
outcomes are evaluated through deep learning, and classification accuracy is assessed.
The approach enables key gene identification and improves classification performance.
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Introduction

Breast cancer is one of the most common
malignancies among women, and early
diagnosis can significantly improve survival
rates (1). Feature selection, by removing noisy
and redundant data, enhances the accuracy of
machine learning models and reduces
computational complexity (2). A hybrid
approach that combines filter and wrapper
methods leverages the advantages of both
strategies,  thereby = enhancing  model
performance (3). This study aims to develop a
deep learning-based model with hybrid feature
selection to identify key genes and provide an
accurate tool for breast cancer diagnosis and
classification (4).

Materials & Methods

This study proposes a novel hybrid feature
selection framework based on the FWGPC
algorithm, combining filter- and wrapper-based
approaches. The initial solution population is
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evaluated using distinct fitness functions, and a
competitive mechanism selects the best-
performing solutions. Convolutional Neural
Networks (CNNs) are employed to assess
classification accuracy, and the optimal
solution guides the generation of new
populations to accelerate convergence. The
method is validated on two breast cancer-
related datasets, demonstrating improved
accuracy, efficiency, and stability compared to
existing classification techniques.

Results

The proposed hybrid method for breast cancer
detection was evaluated on BC-TCGA and
GSE DNA microarray datasets (Table 1).
Results showed that the algorithm’s accuracy
steadily improved over iterations (Figure 1),
with feature selection guided by the FWGPC
algorithm selecting the most relevant genes for
deep learning, enhancing classification quality
and prediction of new samples (Table 2).

Table 1: Statistical information related to the datasets

Dataset Number of | Number of Number of Rate of normal Number of Rate of cancer
instances genes normal instances instances cancer instances instances
BC-
TCGA 590 17,814 61 0.1034 529 0.8966
GSE 200 10,000 100 0.5 100 0.5
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Figure 1: Comparison of the accuracy of filter-based and wrapper-based feature selection approaches
based on deep learning (a) BC-TCA (b) GSE

Figure 2 shows that the proposed algorithm
steadily converges toward the optimal set of
genes. The fitness value stabilizes after
approximately 100 iterations, indicating that
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further iterations do not significantly improve
accuracy or reduce error, which highlights the
method’s efficiency and stability.
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Figure 2: Comparison of the accuracy of filter-based and wrapper-based feature selection approaches
based on deep learning (a) BC-TCA (b) GSE

The proposed method combines CNNs with KNN, Naive Bayes, Decision Trees, and Logistic
Regression, utilizing genes selected by the GPC algorithm. This multi-method approach improves
accuracy in predicting new samples, with selected genes serving as key features for classification
(Figure 3).

s
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Figure 3: Convolutional neural network training process on the dataset (a) BC-TCA (b) GSE

The proposed method’s performance was significantly improved prediction metrics for
evaluated using a confusion matrix and four breast cancer samples. Average results are
metrics: accuracy, sensitivity, specificity, and shown in Figure 4 and Table 2, highlighting
Fl-score. ~Combining GPC-based gene the effectiveness of precise gene selection with
selection with CNN, KNN, Decision Tree, the GPC algorithm.

Naive Bayes, and Logistic Regression

Evaluation of classification methods in
BC-TCGA
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Figure 4: Bar chart comparing the average evaluation criteria for classification methods on the dataset
(a) BC-TCA (b) GSE
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Table 2. Comparison of average values of evaluation criteria for classification methods on datasets

Dataset Classifier | Accuracy | Recall | Precision F-measure
CNN 0.9996 0.9792 0.9936 0.9854
KNN 0.9851 0.9466 0.9423 0.9437
BC-TCGA DT 0.9692 0.8788 0.8717 0.8737
NB 0.9735 0.9164 0.8946 0.9045
LR 0.9853 0.9378 0.9473 0.9408
CNN 0.9610 0.9110 0.9555 0.9262
KNN 0.7073 0.7073 0.8686 0.7806
GSE DT 0.8481 0.8481 0.8966 0.8564
NB 0.7134 0.7134 0.8698 0.7813
LR 0.8293 0.8293 0.8885 0.8470
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Discussion

This study proposes a hybrid feature selection
and deep learning approach for breast cancer
diagnosis, combining filter and wrapper
methods optimized via the FWGPC algorithm.
CNNs are then used to extract complex patterns
and reduce noise, resulting in significantly
improved prediction accuracy compared to
traditional classifiers.

The proposed method in this study for
predicting breast cancer patients employs a
hybrid feature selection technique based on
filter and wrapper approaches, optimized using
the FWGPC algorithm. Key features are
extracted from the data and subsequently
analyzed using a deep learning model based on
CNNs for final prediction (5).

This approach improves accuracy, recall, and
Area Under the Curve compared to traditional
methods and previous models, enabling the

References

1. Zhai J, Newton J, Copnell B. Posttraumatic
growth experiences and its contextual
factors in women with breast cancer: An
integrative review. Health Care for Women
International. 2019;40(5):554-80.
doi:10.1080/07399332.2019.1578360.

2 Salehiniya H, Haghighat S, Parsaecian M,
Majdzadeh R, Mansournia M, Nedjat S.
Iranian breast cancer risk assessment study
(IRBCRAS): a case control study protocol.
WCRJ. 2018; 5:1-5. doi:

10.32113/werj 20183 1016.
3 Brunet J, Sabiston CM, Burke S. Surviving

breast cancer: women's experiences with
their changed bodies. Body image.
2013;10(3):344-51.
doi:10.1016/j.bodyim.2013.02.002.

18(3):112-137

identification of more optimal feature
combinations (5). However, high
computational complexity, the need for
balanced datasets, and the limited extent of
algorithm evaluation represent some of the
challenges. Compared to prior studies, the
combined use of deep learning and hybrid
feature selection provides superior performance
in predicting patients and identifying relevant
genes (5).

Conclusion

This study presents a hybrid FWGPC-CNN
approach that enhances breast cancer prediction
accuracy, identifies key genes for personalized
treatment, and offers potential as a clinical
decision-support tool, while highlighting the
need for further evaluation on real-world
datasets.

4. Kunikata H, Yoshinaga N, Nakajima K.

Effect of cognitive behavioral group therapy
for recovery of self-esteem on community-
living individuals with mental illness: Non-
randomized controlled trial. Psychiatry Clin
Neurosci. 2016;70(10):457-68. doi:
10.1111/pen.12418.

5. Kazemzadeh J, Rabeipour S, Rajabzadeh H.

Investigating the status of sexual self-
esteem and Its related factors in breast
cancer survivors. Nursing and Midwifery
Journal. 2022;20(1):85-93.

6. Izadi-Ajirlo A, Bahmani B, Ghanbari-

Motlagh A. Effectiveness of cognitive
behavioral group intervention on body
image improving and increasing self-esteem
in women with breast cancer after
mastectomy. Archives of Rehabilitation.
2013;13(4):72-83.


http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

Breast Cancer Prediction Approach Based ...

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7 ]

7. Shahsavari H, Matory P, Zare Z, Taleghani

F, Kaji MA. Effect of self-care education on
the quality of life in patients with breast
cancer. Journal of education and health
promotion. 2015;4(1):70.

doi:10.4103/2277-9531.171782

. Al Darweesh H, Hadi MA, Al Madani R, Al

Mahsen Z. Reviving Nurses’ Role as Health
Educators; Breast Cancer in a Developing
Country. 2016;01(01):001-5.

. Imani E, Khodami A, Jamhiry R,

HoseiniTeshnizi S. Comparison the effect of
self-care training program in two methods of
multi-media education and tele-nursing on
social isolation in patients with COVID-19
in Bandar Abbas. Medical Journal of Tabriz
University of  Medical Sciences.
2023;45(4):337-52. doi:

10.34172/mj.2023.037.

10.Yang S, Jiang Q, Li H. The role of

telenursing in the management of diabetes:
a systematic review and meta-analysis.
Public Health Nursing. 2019;36(4):575-86.

doi:10.1111/phn.12603.

11.Mahinfar K, Sadooghiasl A, Kazemnejad A.

The effect of self-care program on quality of
life of women with Breast Cancer having
mastectomy. Iranian Journal of Nursing
Research. 2021;16(2):11-22.

12.Ghanbari E, Yektatalab S, Mehrabi M.

Effects of psychoeducational interventions
using mobile apps and mobile-based online
group discussions on anxiety and self-
esteem in women with breast cancer:
randomized controlled trial. JMIR mHealth
and uHealth. 2021;9(5):¢19262.

doi:10.2196/19262.

13.Hosseini h, loripoor m, roeintan F. The
effect of palliative-care education on quality
of life of women with breast cancer. Iranian
Journal of Cancer Care. 2022;1(2):31-8.
doi:10.1186/s12904-023-01245-x.

14.Ahmadi babadi s, Sadeghmoghadam L,
Delshad Noghabi A. Comparing the
effectiveness of telenursing with in-person
follow up on the feeling of loneliness among
the elderly in community health centers in
Ahvaz in 2017. Journal of Gerontology.
2017;2(3):58-65.

15. Barbosa Ide A, Silva KC, Silva VA, Silva
MJ. The communication process in
Telenursing: integrative review. Rev Bras
Enferm. 2016;69(4):765-72. doi:
10.1590/0034-7167.20166904211.

18(3):112-137


https://doi.org/10.2196/19262
http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7]

gty Al
b 431795500 slaosts ulul p1 Sl G g St 955995
G5 Syl g (o ¥ O L 3 0oLkt

Toyd obwl plicl T ldds auze B Sgall Jgke aoguaze

zS axly (ol oljT olSislo egian (oga 0aSisld gunalS 09,5 ¢ Loliwl’
C)S J.’>‘5 ‘LS")L“‘ Q‘)i oKiils )les cj; s)lg.bl.'l.wr

o>

Sl 005 53 Gl s 51 (G2 a9 S ye Sde g 9 by (Sl (Gl b oo
by (39 05 Ol (o2 w000 &5 Gl S8 ladsbe S8 BB 2S5 Lloas
ag),T5 S ool 5l onliciasl b 5 0o o 81,) (6 Lons S s 5,13, 0,L 0 (giads),| eS|
Sgue 9 P80 LAl 4 aS oS olulis |, S5 el el aily o laa=e DNA
Slr ) Slodazey slagilly 4l)ls e slaosls (YL 2 (Jl ol b S oo S5 il
Gly Sy Bl gy 5l (JSie onl 88, sl 0l ol pen 4 riile (65:50L lap 55l
a0 (malS 3y Bsle ey «cdo Jiali8l 5 ogdle a5 59l o colaiul aosls olul ialS

Lol dpbo oy 550 (gaadl g ani (0 g

loosls 5o iy by b ladye slaps QL) Bas (@i (nl )0 iewy @ G495
9 8O g Sl aited by Gl 5l Sloaumn Jlaws Sledlbl sol> a5 conl slal)Tg e
Sl gy 99 oS i AT Cowl o oolaiwl o085 9,80, SO Sl deesls pl sanasds SIS
S5 amt 555k 5 FWGPC) sbanaiz ojer olyol el o5 1, Bl 5 2L S

25
BC-TCGA) alizrs slaosls dcgomme (59, » (o5, (xl 45 923 o0 L 0,28 gl assl
g, 5l ol 5l g e0ysl ooy 1) LR 4 A9/3% L pl 85 S5 4 (GSE

S5l (6 ke 0, Sles g by waz Gladigel Lais o K0 gunadd

bl 2 (S 1095 g0 il 09,5 93 43 GPC o2y 555 adgl Cumazr 0509 (50 16 S A
i Bl g, e sl @l el (6,500 9 kS Ghg,y p e el &6
O Ot Al o Cale 50 9 WS o0 2l P ol olulp 1) 053 sl Shs
el 1) led oniy cganail C85 wyp b Gros 650k Sadiee S n i 90

Syl Gl by o slaosls ganaals o 1) Cds 1y gy &5 WS

S50k w0z pl el Cdus 1 oS Sy ol )Ty Ko (sloosls o yliny o o ilo 519 s

VY

".0124.1.30
Oy Ol sy
VEENACY): VY- AYY

VEYATY sl 6
VECEIBNY by gyl

i ghamno oy 93
Khalilian@kiau.ac.ir

VA IY-YY


mailto:sha_haghighat@yahoo.com
http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7 ]

Pl gy Fol o)l 5l Jie 1) Lo sl S
acgazme gly (hiloy YL ey Jdo @ g aiS o
sl by, (Jlie 4o Dy s el S,p closls
Ol (6,50L Joo 0, Sles bl 5 1y o S5g Sl
;w Jdo a Ll wasjls (6 5V 8 g 00,5 bl
2 bl 5l s xSo e ln e Sple) o Sl
4 055 o0 8 oolitul Sy90 (25 5 380, (s 9
Iy Lools pox g ol sl S 0,5 yild b lawyl
=9 o..\..;w ‘_ngo.)‘o )o .[\Y].\JSGA 6)L~‘4-‘-PH
@lap; Bix b (oS 5 Sy bl dady])l Soo wiils
L owdle Sl sladoe <85 gt 5 Lo
S5 piolael BB paseid gls &)l 4 g ools o33l
Divlas

5 Ry waseid nl G dxwgl (e ol 5l Bas
wloliss jo leyo o5 (o5 a4 SaS gl 38
Ol Gl & e Ghlow sumadil 5 plinoy;
09y ey ooy Saory 4 daxg Lol
Lo oolS slag; ailaiadon u35 L Lo ooleriny
o Ty Sn DAl gy o olos 5 5 o
Geos 5y50b 5 e died 08 0uliS Su i e
FLon (oyp b o walym 08 Jow (nl oS oo 3l
b oy Ol b o oI55 slagSdl olo (55
Slge F3B 9 Jrpw gt 4 g 008 glulid
G Wl oo 9,59, opl ol Ho ke S S S
&l oad gl casis g FalaBT Sleys Slegeas S
SN) LS 5 olayd @l ogege )0 g odd ymie ol Lo
A5 ] (5 50 i lag)]

R My 9 Ol

M hlows Samion 5 @lS dlins Coonl 45 azgi b
O aey ol yo ol liase ol oy @
.Jj‘oo;

dcgerme | alie Las e 419 ,See slaosls [VF] o
00lidly 90 (sloaigas s el sdel Cawdy calises ools
Bi> Taglie alfuz Sl ST 5l eolanal L
Ll d»jerJﬁojy—ch‘ .\49.».1640

2 Robust Multi-array Average

dodso

ol 5o mls ol 51 (S TBO) by b
Mics Bl ol 55 1 55 by sekes 4Ly 4 Canl 565
8 Hloyd jeim ( Kby lacd b 9929 b g uiS e
d,dé E) ‘bli..ﬁés) YRS S [Ya\]w‘ AW uBL» QT LS‘)"
SEF P e w0 ) B uls Wilg e s5len 0!
s 5095 o gy Bl sla Lo jo ams ol
Ol ol il Gl (Sop G)loppgal
SgeaS ol CoptsS wiile oo o Lol cilaily dnugs
\) Lmui’.»j) u;‘ R ng)LA,t.g u.:‘ ‘5:‘.) L;.\m 9 oalo
0557 55 e s piny 5 S [Pl 08,5 sgamme
as cM.;LM_ll)T”iﬂ.o 3l eolaiwl g o5 ole (g,9ld (ST
4 g WS pald | o5 ol pljee (owyn O
L Lolales oo oS (6 5lowm b das po (slagSl Sl
Jols 9 YU sl sl shyls ayl)Tg Sn (slaosls ( Jl
Ailgs oo 45" atiwd (55,55 9 g byl sla Sy
Sl 1) solSesls g il (6 pFol sla iy, <ds
osls Jdow Sauzes il el o ll> ) oo
OMie b 1) egran yhed slan oKl g ould
ol g gilwag 4 5ls as WSS o axlgo s lwle
LVl sile o 59,0 1y Lo o slo S

ool g eile oS0k slaJoe ds ven sl
5! (S sleools  Jlow o @wau ‘;m
L ooy, o5l g oo oolazwl é,s ol sla g,
8 Gl g g 00,5 glml ) (ilen b Loy
o S, a4 kua Sy obal [Awses o b Jow
drwy el asly ‘“‘555“ S5 s )low wa..) Jelge
Rl Bas 05h o 15 S S5e (ley g asid sla b,
a5 Cul ola Shs acgerme o 3 SasS L wnl
Las 1, Jow S8 (guudS Sledbsl yols caws 51 e
Lewly cpl o [a]aes (2ol 1) e las g 03,5
Joe b Sigd oo Bd> g 9 Sy9rops SRy
69 St 9 les g w5 Jos el )l 5 Sy Slgn
3 ol 3,50, 9o Dy Tasl awsls o sosls
2 e g il S oy, Jeld (S ol
(s kel sl lone 5l ooliiul by il slaybs, ol GBS

! Breast Cancer

ol ! i $Ls slos sode alma | o y50d 5 Jgin anguano

VA(F): Y-YY


http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7 ]

A

VA(Y): Y- YY

o goold bl g vy by (S P 9,599,

SOk gy o5 s plajl (siluange [1F] o
A b ol gonail (S Sl 6l (25,5
WS e (5,50

G50l 5 L3 alossl gilodings oS 5 5L VE] o,
o L 48 WS o ooliciasl Fiyg il gl oS
Foo Sl Shs acseze 4 g 2lSen sl
sl Comoz el b g3l (g, (Jl crl Lo
S ol e ol 5 Bl 5 2ld i yano 90 4,
SherSone b ol )0 g ool plxil 1) (6 paslraiz
Jeslo plaes oo pll 1) oles GLeilcaos (5 050k
2 s Bpo Jile 5l Sy lalo janiz (oS
S o Jae PSO

Bas Lz aSB gexius Nl S vl s
oy 4 (eSS sloygilpl b &S wiS' o0 A1) (oS 5
s Gl Goa b oy ablie g alfgs e
S S5t gt ek ol el o @) o5 Sl
Loy aliln; @lacsls I Sledlbl slag; bl
5 oo olul polde ases o wls 35 e YU ol
w3 e Ligl3dl 1) BLESST glacolis

L ddaans a5l gomins 0,8l S Dyl s
by bl s bl sl ol LlSS sl gl
b Sy las Slass| L 5l ) cnl ol i) I 4
W S peal b (ganail al> o 50 Lol wul (558
Py hlie ;3 0 Gres 6Tk A (556 (Sl
@drbogs ol 5 Gaoe 6750k 5l 6 S0 e b s3leiiny
Dy a9 WS (o0 el ) (S QL C8
D20 oo il ganas b

S S 5 ol sanainl 0S5, o VAL o
eole (580l s LSS AT cl oul
Sl Gl gy (Saad g o S o oolai]
Sy preal SE 50 anadl o (Fhs 6
Grid Search CV 5 ¢zl 4 5Ls poe 5 (60 s
WS oo oolatnl Bes yiSlas il L8 (g5leaige sy

aile SedlS cpiile 650l slacslaSs 51 VAL o
e yel,b (g5lwaigs sl Grid Search g puoas <550
Lo pdy el Joo 4 i a5 Col ool oolaul

P e by, ol Dgd oo S50 olaudas

2 Laplacian Score-Convolutional Neural Network

plxl 1) Ao gmeas 5 Wools (g5l Jlo 5 wogllacls
3 eolawl b lays bl cgiluJley 5l e oo o
plsl is sladegorme p (e Sy DLl a5l
SVM 4 KNN  Jolis oS 55 aldind o 055 o0
7£) 308 s (INBCY) jlas 5 (slagyj sanails sl
oS o5 6 Sl b amaias ol g oo Jles! (TNBC
w5 S e gozd [, SVM s KNN suarss Jlozs!
oled Ho a0 oo a1l (ST slaasnaiis 4 Sl (5 i
W85 MCC ygzmar ol jlire (bl golpiny Jow
29de0 b)) olekeF g s y9loly
sloesls (31 ey 2 ol 35 a5 IVF] e g 0
3esliwl g Dy ladises Bi> L lalls S
Gasgozme b (Shy cliil 5 giluley SSS
5 KNN sloosains oS5 piomed Cowl pis
ot 83 s 1y ey sxSsl, LSVM
S ot b ooliions Lbg, e lie 55 ol o0 ooliciul
553k 5 (FWGPC) bamazy SLalS5 52, 50| 5, |
Bl g il olSaus g0 511, (Fhe Sl 0l )8 (aes
L1l Shs Gurte 9 95 o0 o Oloyed Sjpon
by 2l bl 9 e 99 Ol <) So SS
Ghgy a0 S (o0 OBl Geee laasid
o gleosls ganadl o 1) oYL L8y (golpiiny
2 Baee U39, ol a5 > s wms o L) (£33/37 1)
2,10 4SS lassaiws ool oS 5 g el alS
Sy (e (oS 5 Bree 550k Joe o VO] o
Sle LSCNND) by Jusgsls e
ol 428,518 ooliisl 3,50 b pus (clrosls (sl
&l (LS-CNN) azslisgugs CNN oo S5 51 [V0] o
ol oolaiwl b s slrools 5l s S5g 45045 7l 5l
2l e la Ty Sl D)8 A
s o Geoe 650k 3 5 eoleidy b, S
g oS oSy adpiny (Shy SBSIL ) o L
lad s lesen L5slS ol FWGPC LS5 oy ,55)
sopdle ooleiin (g eonlplis A5 oo ooliiul b S5g
sl Ty ol &jad oz sl lsls 500
Joe a4 Cad 0,Slos ogupe el a5 o4l 5o 1) A
29550 ONN ;e 6,0

! triple negative breast cancer


http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7 ]

589 Caedl a5 J> 0 o)l (6 s o ,Sles aosls
sl 438518 (o) 2 990 5 gl

lacyy slows o ,05 2ol sl 18 50,055 51 V] o
b s g od ool sl b bisls oyl o
u.us) U"‘ CL’>)§| S 00 wuLa)] I GEON 6[.9&...'4....».)
Ll sl Jigo s g 03,28 la g glnl Sl
SBEl e 55 Gle U6y 3,505, b soleriey )
SFES @l (gres 6L b 2l 2l 5 S
SLl CleS p (st S5 Geiared 9 S 0 )|
.»))‘O uéfs

elold gl (L8 Sledbl a0 w0 by, ‘[YY])>
Sty Gy gl b baye aibinee slag
G 4y somatic gz gleosls (ojls s Jols as 548 o
gy 5l Glegeme (50,5 b @Bl g e
o3l leslanal 5 g Slold bl Al g
S ol sl (5m gl b glal> e S5y Sl
St o lp Gig Sl oL bl 9 e e
ol rdiges Jolas pac

bl oo,S il g asl i sleosls 51 IYYT o
S Silwante b glalope (Shs bl 5 Sl
Sl b ols slacys g i a5 Cowl ool oolaswl
@ ol i hoy (blie p3 ls S a5 (LS
wlad o wiedgr gy Loy o)l GL._‘B SleMb!
wlaosls 511, 5 la Sy (330 2bj)l 5 LSy
J“fgo C‘job.w‘ oo).'i_mf

w3l b oS XGBoost 3l wel )5 Jaw J[¥Y] o
lols gl ol oals giluaigy Aol o
Lo Ol bl 2 Ol Sslislis slojgegs (S
YL Sl (gl o (o yloel LS oal ol
asaiws Ko a Cad |y < JAY il cove ) coluw
S509m 5l 48,5 pLJICNN oo G allie cpl e jo05ls
ole ooy loslaiul b iy b js jauzeis (gl y
45\)‘ (TCGA3) 9 qu)...u oals oli'l; )‘ 0 oj.blo 35
S ool by ondl aiges VYrA old a8 was o
sl (EOSAY) Yol (siludige o2 o255

3 cancer genome atlas
4 Ebola Optimization Search Algorithm

Ghgy Sl 50 @l S eds 5 gluesla
@lad o (oS5 gl 5 oSl cds  eolpiiny
ol sy e8> S 3110 e 35 ete Lo S
Oy e 5 (S0l a5 Ll o ls (g 3Vl o Sles
Ak Al (6 Sl (e g

5 Boruta i Sy obxul iy, g0 V] o
Soudib ¢ (SVM') Obetin b ile  LASSO
Sy 14285 15 aallln 50 (LR?) K (505,
asdlas cpl ;0 GEO Oy 5l ol ol s 00y acgoxe
IO PR WY P

bS5 lsieas LASSO 4 Boruta 51 VAl s
Olpeds St (50,5, 9 SVM 5 (S Sl
Coxlr 50 oSl sl ead eolaiul assaiwe
D, 9> CBY g 39 o pll yudile (65T 0L SIS
L olyon FWGPC 2580l 3olS &j03 5 Gillasil Ll
S Sy Mg oe iy Sy 0 G 50
S ol 5L 2B 5 00, gl 1 g osmmn
b s (S s Vb olul b sleosls (gl o554
S VYWA 5 lis olb e a0 s Jlow VOV V-] o
S )58l 09,5 a5l g w8, F 18 sy 0 90 plls
5 bShy gl 5 bl Gln oetle xSl
oy wlehats b ganaib o0 )68l VY uien
) Sl g 0y3lgie CBo b o o o ,Sloe b ol ool
D9 bl (G

P2 MR POCTI 3 I PSSO P PPSOINS I | 3 I
oads oolatuwl (g3lw Jow sl y G)LJ sl S5e 5 oeile
Loy Dlediay (o255 5 ol 9,505, o a5 Col
L Sy Bl gloante 2 Pl 55505 355 (Jlo gl
sy Spbs el LIS slapmaysSl 1 osliz
bools sla Sy Sl )3 ogadar (solerin
GoYb ool 9 Cds (s 5 Sob 9 FWGPC SWs
call anils by jauseis jo

o 5 o5 obl gl eyl Sy AN s
a5l S g I8 e 095 Sl aS el oals &Sl b s
o Rl L e ol 45 0 e ooliil wdil
@bl Gl gamadil (o 1) Joo o i oy Slass

dcgarme oolod 0 K50 Jow s b awslic j0 40,5

! Support Vector Machine
2 Logistic Regression

ol ! i $Ls slos sode alma | o y50d 5 Jgin anguano

VA(F): Y-YY


http://dx.doi.org/10.61882/ijbd.18.3.7
https://ijbd.ir/article-1-1154-fa.html

[ Downloaded from ijbd.ir on 2026-02-22 ]

[ DOI: 10.61882/ijbd.18.3.7 ]

'Y

o gosld bl g glivwy by (Fowfom 9,599,

Sozins 1,k 3l el )b odas L XGBoost 1 YY] Jos
e py Sl b (93 S8 5 S e ool aSid
XGBoost asle (50 slapi ;55! Ll .oyl o ol 3 YU
Ly et S5 5l 0lge (S p j0 Vb Ze s 0929 b
oleiiay by, s S3gace o Sy Jelss 5 ooz
PB e S5 5l 6 FGmee (o p g Slal> peain LSl L
SVl Sl <8 wll g 5 blae sla Shg gl
R

ol (oS5 Sy Sl wax Ozl S AYF]
ad b got Q}cﬂ 5 mRMRY) S Plas-bls )| 2Slas
ot slr &5 sl i @lbs Gln )
5,5l el a5 el ond slgiing by ol s
b5, ly 5 sl ENAH 3 APOBEC3B MAPKI
x50k slapi oSl 5l o Sl (nl (s Sl
sl 0 00l 43 gy ale

ol sl a3,b g3t g0l g MRMR 5,505, [YF] o
ORL 4 oS el BS54 Bl 5 le SOl
31 obey ol 4z 51008 oo SeeS e (el sl SOl
9 830 silwdsa Sl Lol el (698 () i LS
@ S BN G 9 Gros 650k b Gl
18 s Foml ahaw 5o e3liday )

e Sz 580 ol & dpaz by, S VO 5o
osts &Ll o5 el (gl (SCACSA) 5555 5 wginasS
5 SVM wiile Gy pmo cyadlo g 5ol (gloosazos b o5
Ly po 00ls degazae Sy 5l ooliasl b o] o Slae 5 05 o
el oud il 9 (L)l Qi Gl p 4

Slp dax bg, olgear [Yo] jo SCACSA i ,6Sl
ol 0als S 3 SVM L a5 ais) Sy F5g bl
Gxok 5 Sy Sl Silse e 95 5l &5 oleriy
il Wb wpge o gl 9wl Gy Geee
o o Sanl (g loaSd hawgs wnl g glal> ez
sl AL ol Joe ol 5 ol 28s (Jds
D9 50

oxd zrhae gy, 5l S o colae g Ll ) Jouzr o
03,51 iy Ol oo 4 Mo o (a9 B85 5l
el 00

S Sl o w0dd oy p b )5 el
Gl (255 Sy Sl 0,80, Sl sy ldlae
LS o anw o, ST el 03,5 ooliasl Gl — 2L,
Shzm GBS 0 e 1) A l—”;“-’ sl Sy
alS b ol b oS Ol oSl glagss Sl
Jeoxd 5l 6pFsle & Wlgie Lol la Sy ol
2 2ales 50 5« Sy bl glagsy, » Blol (Soaz
Sobn Slr el 550 gunail slaby, s,
Ivelas S5 ol o o) los

p9d Lidu 40 ol oad adilojle pj b 4 dlas aelol
Saaidly pow (i3u ;0 ol dalyS ow)n s, 9 Slge
2 S el i 0 b sl (e el b,
WS ey (RS 50 A walyS o goleiia by, 990
b aalss ol llie ol (6,5

Oy s W9y colro g blze 1) Jouo

Table 1: Advantages and disadvantages of previous methods

Ref. Method

Advantages

Disadvantages

[14]

Multiple Mean Technique

Control quality, remove noise,

normalize data

May require large and complex

processing for large datasets

[15]

LS-CNN

Deep learning capability and

feature extraction

Requires large datasets and long

processing times

! minimum Redundancy-Maximum Relevance
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Ref. Method Advantages Disadvantages
[16] Particle Swarm Optimization Improved feature selection and May not converge to the best
categorization solution
[17] Multi-objective Optimization |Increased complexity with the use High complexity and requires
of operators precise parameter tuning
[18] Decision Tree Ensemble Interpretability using decision May require precise parameter
Methods trees tuning
[19] Boruta and LASSO Methods Optimal feature selection and May be unreliable in some cases
weight reduction
[20] Adaptive Algorithms High diversity in feature selection| Automatic configurations may
and algorithms reduce usability
[21] Framework Identifying the best model in Complex interactions between
reducing overfitting models may lead to overfitting
[22] Gender Recognition Processing all aspects using Requires accurate and extensive
algorithms datasets
[23] XGBoost Model High AREA UNDER THE May require longer prediction times
CURVE compared to other
algorithms
[24] mRMR and t-test Ensemble | Identifying optimal features using [ May affect selection accuracy under
statistical techniques noisy data
[25] SCASCA Improved feature selection and | Complex method may require prior
SVM performance knowledge
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Figure 1: Architecture of the proposed method
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deep learning (a) BC-TCA (b) GSE
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Figure 3: Comparison of accuracy of filter-based and wrapper-based feature selection approaches based on
deep learning (a) BC-TCA (b) GSE
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Table 3: Confusion matrix parameters for different classification methods on datasets

Dataset Classifier TP FP TN FN

BC-TCGA CNN 25 0 140 12
KNN 15 10 105 47
DT 14 11 138 14
NB 16 9 138 14
LR 5 20 140 12

GSE CNN 31 0 20 9
KNN 26 5 4 25
DT 28 3 18 11
NB 26 5 8 21
LR 19 12 18 11

Accuracy of classification methods in
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GSE
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Figure 5: Comparison of the accuracy of the proposed method with classification algorithms on the datasets (a) BC-TCA
(b) GSE
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Table 4: Comparison of average values of evaluation criteria for classification methods on datasets

Dataset Classifier | Accuracy | Recall | Precision | F-measure
CNN 0.9996 0.9792 | 0.9936 0.9854
KNN 0.9851 0.9466 | 0.9423 0.9437

BC-TCGA | DT 0.9692 0.8788 | 0.8717 0.8737
NB 0.9735 0.9164 | 0.8946 0.9045
LR 0.9853 0.9378 | 0.9473 0.9408
CNN 0.9610 0.9110 | 0.9555 0.9262
KNN 0.7073 0.7073 | 0.8686 0.7806

GSE DT 0.8481 0.8481 | 0.8966 0.8564
NB 0.7134 0.7134 | 0.8698 0.7813
LR 0.8293 0.8293 | 0.8885 0.8470
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Figure 10: Comparison of the proposed method with previous methods in terms of accuracy criteria on the BC-

TCGA dataset.
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Figure 11: Comparison of the proposed method with previous methods in terms of accuracy criteria on the

GSE dataset.
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