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Abstract
Received: 20/6/2022 Breast cancer is the most common type of cancer affecting women
Accepted.: 22/9/2022 worldwide. Despite the extensive use of mammography as the gold standard

for cancer detection and locating, biomarkers based on blood analyzes have
@@@@ become a promising tool to classify, diagnose, and predict the presence of all

types of cancers and malignancies, especially breast cancer. Lots of machine

learning algorithms have been implemented and improved to use bio-
Universi . samples in breast cancer diagnosis and detection. In this paper, a new

niversity- Syria, The L .

authors retain the copyright method for _breast cancer detection is pr_oposed based on replacing the raw
under a CC BY- NC-SA values of biomarkers with new normalized features based on the average
healthy and cancer values. These features express normalized values that
indicate ratio between sample/biomarker and the average healthy and
cancerous values of the same biomarker respectively. These new features
will be used as input to the feedforward neural network. Coimbra Database
has been used because of its importance and reliability in many research
papers. The test results show a final classification accuracy of 91.7% and a
sensitivity of 92.3%. The proposed method shows the ability to give a

classification accuracy of more than 85% if the neural network is trained on
50% of the data only.

Copyright: Damascus

Keywords: Breast cancer; feedforward neural networks; biomarkers.

9 2



@sbiall a3 i e

Liguanl) @l ga Lgaal) clpdisall Ayl agdl aladialy o) ol CiES

Laball s ladiml jady Las 401 il oL
((Li etal., 2020, 2767) 4; suilly i) U pud

(e Silesana () ple (K Ayl iyl s
i (glma iy Jasasy (s e (15 5 il
alas gl AUl 038 Jaad Aaglually Al puad) Al
) Jseasll 3ycius 4als (ML) Machine learning 43Y)
plasiuly 4 sl Glajpall (adl (e slhaall (g5l
el s e A atiadl Laball je 4l il i)
e Aauly Aegana (8 Loasty g A olas cilsa Al
Cariaaly cdomuhll lalll Aallea Jha cdulall calanbail)
o at vl ity Wl GLEST ey Akl e all
aainy o 0Say I VLl aal sl 4yl el i)
-(Rozen et al., 2021, 1774-1783) ML lg2s

A la s Lalall Coimbra bl de gana jiiad
Ll Gile ganse aal G saaly AN il UCH pdise (1o
A3y BC Gilis)y (apiin b aaill Lasiul <Yl
G el e gointy el oV s3T5 V) 2l
Jie andl clie Jlat e 4 alal Aygall cly dsall
leptin ¢l resistin (iwisylls Glucose )s—Sslall
.(Patricio et al., 2018, 1-8) (Al cldise L

Ol s iy i€l 5yed Y Ayl 3Ll
V) 4 sie o il el e alae Yl gl
4,lally support  vector machines (SVM)  aclall
forests (RF) A s al)
<logistic regression (LR) sl

Jlaasyls crandom
Ol
Osiall) sty ((KNN) K-nearest neighbors <ydY!
aaail multivariate analysis <l yriall daeia Jalaill sale
Ol GRS et A Bas e sl e OIS Dyaal
sensitivity drubaal) sl by Catail) Cilajda i Sy o

accuracy A— 32l specificity e 5l

-

Aaddal)
glsd 531 (BC) Breast cancer aill olayws axy
s callall elail s 8o Ll G A il
glsil 3 (BC) sl lhayw maaal <2018 ple
Asind) Al e 715 g bl (g2l 3)ed ity
.(Azamjah et al., 2019, 2015-2018) (U pully ddasi yall
Gl e ladl) il wSLEN AN e a2l e
O cdzxBge agaaiy Glayll (e o dSH o jlmaS
Sysoall Hlee S Al (il eledll yypaill aladiiud
Lebovic et ) slull e Tyha aleny (DB (o0
O 2aa) o e pel e .(al., 2021, 260-261
e Alayiay e ledll ol Cuaadia) 25l Sl )
Sy (5l 8 oyl 2 Gl G5
2SN Aakaily ) Jabaty gdall Jlail) ol ok sy
Gldsall asgia Ao Juanll (il Jawl ¢ o lilaiaY)
o sl LSl anyy Al cilandly Aypnl
sally Alall Caas 8 aelas o (€ Al L) s
Gy 8 Lay A5l o) o¥ls il y ol 053] asen 2525
-(Oloomi et al., 2020, 6) (sll (jUaym
U ot Al @lipall Gams Gluhall e aaell Goaa
Akl e SSIA ela i o3 Ak e SIS
i features chlewsS Craddiuly clygs Cilpise Ll e
sl chdisall L Aadudl Ay cail Glaye Ala o
L daln ye Glew oo a0l Jllas e 5o dindl)
sarnilly glay ol GLES) 8 Lealadind (1 Say ul ol
O sstioans) Qi eglayaad) Adage (s g 4] (Besdl)
cancer antigen (sl aaiis costeopontin (OPN)
aliall oy e il Al jis 5 .CAL5-3 5 CAL25
COAY] Lpnaall Allally aal) 6 dalia ) 4y 50al)y Ayl
s Slandl e agpall by Leiy €80 3 3l
903



@sbiall a3 i e

Liguanl) @l ga Lgaal) clpdisall Ayl agdl aladialy o) ol CiES

Ao A%al Cuyats Al Al il A geaal) AK0EN
ipte it lie Gar iy sl 5e S Al Uil

Agally kY

A gaall apdigall alily .1

sl oy Snall Ay ot A find) 4800 o2 a b
UCI a5« (= Coimbra Dataset <ulilyll sac 5y 4alal)
el o pns GLES) Gpsad] (O] ¢ LiipsialS Lxala)
s2a L) e pana (gsint L Gaand) alaill Culyds Hlasinly
Lie 64 5elaal pala il due 52) e 116 e
.(Patricio et al., 2018, 1-8) (il layu ayl
oy (A Sline) Slams gnd (e Sl (5<5
el el L 28 Gl sy b Lagdl o fidiae
SsSslall (L) sanll 1 oa Uil de sanal
i z3sad cInsulin (MU/ML) ol sasl) ((mg/dL)
«(HOMA) homeostatic model
Adiponectin - Jaall oSss cleptin (ng/mL) ¢l
MCP-  «Resistin (ng/mL) (i—asiay «(ug/mL)
(1) dsand) & mase s LS 1(pg/dL)

S andl (g)lamal) Galailly lasgie il PlA e
35ms Ll iy (1) Jand) Al padly Aol Clial) o
Tasssiall Aualig Aol )y Al i) oy I
Glaad) 30 LS 3aly) (& 4ple aldie V) oSy UL ¢ L)
L grmal) AN Aasiuly g2l laya (RIS ady b
Vel sl cld

Glucose

assessment Y|

e senas 3l Led . (Dlamini et al., 2020, 2300-2302)
Resistin axaius ) SVM 73l el «Coimbra <y
i S Joadl 2100 anlly ¢ 35S shaly o) ABS 550s
(/88 ) //82) Aoy (/190 Y 785) ) Ao sl
area under the curve (AUC)  isiall caal dadlgll ddkaialls
-(Patricio et al., 2018, 1-8) (0.91 «0.87)
o=a 2018 ale Zixuan Chen 5 Yixuan Li o4
ISy ally RF «SVM e A1 alai] diliae iy lsa
bl (e A RF of baags (LR 5 digeaaal)
il Ao gane ae 4aladi Y zigai Joail b a0l
¢ S aaiial L (Li et al., 2018, 212-214) Coimbra
A gpanll Gl 485k 2019 sle 003wy Silva
@l glayw 2 il fuzzy neural networks dulocall
62% Al ddy J slagis Coimbra e alaeWl
Silvaetal., 2019, 479-) 78.3% (jlajyw i€ dapuluas
fuzzy — dleaall Jhall sm i Hadil o5 LaaY (481
Juagis Coimbra <lily canail decision tree (FDT)
78.3% douluns 70.68% Al ddy ) oyl
-(Idris et al., 2021, 11-13)
Gl Bagan Ayl 1) ) ddiadl 4yl o3 Congs
Aaie Y Agsal) ldlall e 5L g2l GUayu e
el Al il Jlagiad e adial saa dngie e
e 4a diee Normalized 4 suie Gl 358 giall il

s

uﬁdu‘;\_ﬁaﬁwaﬁu&&w\o&)ﬁi\:\;
il yudly daplial) andll Jassgia () A JSV Ao S amyg
DAL 5l el o3a aladil S cledi Lal

8)dgiall cilimlly Coimbra cliby sacB A §3gial) 4gall cipdigal) (1) Joaad)

%ﬁl-h,- R (LA i) 3—“:‘-‘*-“5‘ Glial) .
(@t i) £ Bausia)| (whoa il + bagsy)| G 294

56.67 + 13.38 58.07 + 18.77 Age (years)

26.98 + 4.58 28.31 £5.37 BMI (kg/m2)
105.56 + 26.34 88.23 £ 10.09 Glucose (mg/dL)
12.51+£12.22 6.93 +4.81 Insulin (LU/mL)

94



L;JUAJ\ P A ¢S

Liganl) il pa Lygad) clpdipall Ao 4@l aladialy o8 olajw CiES

il J) el i) Al clial) .
(@t i) £ Baousia)| (whoa cibad + hagsy)| G 2984
3.62+ 455 1.55 + 1.20 HOMA
26.59 + 19.06 26.63 +19.14 Leptin (ng/mL)
10.06 + 6.14 10.32 +7.55 Adiponectin
(Hg/mL)
17.25 + 12.53 11.61+11.33  |Resistin (ng/mL)
563.01 + 380.98 499.73 +289.41 | (pg/dL) MCP-1

Average {BC_Biomarker " 4l ,udl <¥iall
18 A Clilull de gans debia sale! 2w " (N)}
g s 52350 daws (o Ao S Cun o
LAY hagias Gl ) LAl Lugia )
G Jsn gt e L) aay (JUIL cAlla o)
s LS Gyl Gy ) e de JS )8

(1) JSal 8 maase

ghAt 4 dagial) Aagial) hbia (1) Jeil
Lgaall clpipall Lyasal) ail (e Lppaail ailiadl
Gl o ) gl iy gl AS,E0 A0S Lyl 350
Al
L guanl) AS,30 .3
8y giall Dbl A 2 aad (e o LW aay
el LAl Ayl iy Sally d_alal
) (ans 18) 33oal cilandl sy sl yudly
heall Tl ) Essall il Casni e e
waa o glayudly sl e ISV (g e S
Glend) oo e Jraall i ciaill f3a b
Al alasi by glay s ol b (B2 asl)
feedforward (FNN) dselel 2,355 3 43 sl

QIS (e g 53 A FNN 45 .neural network

waibadll zAiuly alibyl) dallaa .2
PO

el alaatuly aleiall il alaes 8
Ol yas i3S ol Jullad e sadinal) dgsall
dig el V) 3 e sl eVl sadl)
oy 00y ¢ o LaS ol DLal) il olassi
Lokl VLAY Gy leall el a8l (ol
«(Rasool et al., 2022, 3211-3213) sl
aleiy e lilaV) ¢ KA il s (e gaall ()3
e Gt A8y e Jsamall gliia Y AN
Al (e Al oyl LY A sy lldg
Laaaiuaall el 45 Al 8 Laliy coloadlls
cliall 48 ) dalayl

56 s Axassay A3k dudyy DA (g0
Ayl Ay ol Gy colandl A gaaall oyl
Ae JS Had (o Apl) pasid (Sey 4 Lyl s
Al Ay olls agluad) a8 (e S Jaiagia
el axy o Badine dps Bagia Glews clgds
OUayalls aaldl s sin (e JS (e alad) 40l
SISl e ol 5 Jas lyad Jigi ally dew JS)
Aigeaal) IS Lali elibaY)

Gl sa el by 1 ajiad) 4 ayhll 4
Glus ey dygpa lline 9 (g3 Al Coimbra
Biomarker (n) dew JS apdl Slaal) Jas il
(bl 5026 & gounll Hi5al o3 s n Eus)
" Average {H_Biomarker (n)}" el c¥lall

95



L;JUAJ\ P A ¢S

Liganl) il pa Lygad) clpdipall Ao 4@l aladialy o8 olajw CiES

A8 aall skl 2ae :(TP) True  Positive
+(BC) Uyl 2525 e JS5 (A5 momaa ISy

ddadl sl 2xe :(FP) False  Positive
Ll 45 (BC) oy Ll o e s J<i
.(H)

d8iiadll @bl 22 :(TN) True Negative
33 pte o Jad a (H) el Ll e
Lolayd)

ddiadll Glilyll sae :(FN) False Negative
+(BC) Aty a5 (H) dades il e

Addlially gilidl)

Lnglall 285 35 (ayay o gfin candll 108 4
3acld aladd wl ol oy o BST A yidal)
Lingiall padlis Cua (Coimbra dgsall il
ZhAL (2) el e )3 (1) Al clshaally
san e A JS lial) mend oleal) Tassgidl)
(3) coUaradly Cladlls aludl G Juadia J<ys
aaill Tanssie ) dams IS 8853l Ciligall o s
LendMiall JUllys Lensds daall 2ilda )y Al
aaa e AT i e Bl Lgle S
) Olaw 9 e FNN 4805 o PRESVON g BN |
i il padlics Canaill 59 Tk (4) ¢ 18
(FNNS) A sele) 4300 <l i pamnl) clSil
Coimbra Clue (385 Lew)aig 3y giall Glawd) 2a
Al o)) api ) ALYl ccabaalls aalud) )
e djad) e Sliad) (e 22e e

a2 i st A 18 Lol sl o 2y
(bl (e %80) due 92 Lo Aiguanll 405
Aalaally Aol Al Gy (AL JS 00 255750
(bl s %20) e 24 arads 2w
(FNN) 480l s dplee 240 2ay . lad) LS
s e (3) B Tl 583 a1 (385

el e led) Ll Lo Wle L de llacaVl digaanl)
OsSE LA ianll LAY e calaudall 300 xte 4805
clihll g 2aey (Jlay) 4k (3e FNN 480
Laudani et al., 2015, 1-) z))A) Ay cddaal)
A2z s FNN g amal) 480 20 Ly a5 (4
Jaal) dsda AUl clialsall 38 MATLAB
3aalysade (gotiad xyall ddda ade 18 (gotan
hidden layer aall skl aas o(cladaly)
Glaa a3 G (ligrae 6 () (g5a (HLS)
(1) Asleall (o disall 4hall N Ciligrcal) 222

:(Huang et al., 865-873) s
N =
V043 x m+ 0.1n? + 2.54m + 0.77n + 0.35 + 0.51
1)
Bl 2xe n g cdalaadl ae e m dus

;‘Ji}” ;\_4_15 LH‘; Chy_ae ) %\ "«“ a :‘Ar

sac ((10°) cas—eyall SLgall Performance
pladinly il 4l citerations 2000 <))yl
Gdlal) el pp s il L)
Scaled Cganiall
AHsY) ard Eay sty a5 6 531 backpropagation
o siall Bl el Ayl Ly Lyl
DY) D il Gle G Byiie s alasiiu

conjugate  gradient

I b L 5 e
£ Gunlia 4
A8y Pla e Al sl A8y st oS
sensitivity 4uuluall caccuracy (AC) papdoidl)
popilsl) aladiuly aglus S35 ¢(SE)
Sensitivity = L (2

TP+ FN
TP+TN

Accuracy =
TP+TN + FP + FN

©)

96



Lﬁjl.h.“ P A ¢S

Liganl) il pa Lygad) clpdipall Ao 4@l aladialy o8 olajw CiES

JSE yeday L Apaall clial) (i) 4yl
Ll s 383 elae) o dyisuaal) 40 5,08 (4)
sl Jla 8 85% dvws slati dlle Cana
) A Cyelaly capynll Culinll e Lais 500%
s sb LS %88 cuyslas dunluas 482 77/39

.(4) Ja 4

Accuracy Sensitivity

100

95 w05 912 92 g5 923

%20 88.1
86 go

85

Performance (%)

80

75
58/58 77/39 87/29 92/24
Training/Testing samples

A sl o L Gigian) duluayg 433 (4) Joil
LRIy G pil) e e Adlide cuad aladdiuly FNN
3 ALl Sla ) &l jaye Pl s
alaai Ll g2l ey CadS 3% Jea ALl
((2) Jsaall 1Y) ades clgaly Aygal) ol gl
Apyhall 205 o gl A AN m s oSy
J—an i Ay nlallg 480 0w 45 yiaal)
aaly lgs 48y e (Idris et al., 2021, 11-13)
8 Al dmgiall plasinly Jilad) 8 <70.697
) Aaalialls 91.7% ) AEal el iay Liiag
dee b Ul e 80% alaaiuly  92.3%
Sl Jal ey L EaY) ddee 420% 5 oyl
Jsaall seda dguiall ilawd) alasind 3.l e
@by Caial Jla 3 dpulually 43200 (3,3 (2)

ULl 2w sl FNN 4S5 alaat sl Coimbra
«Raw features lash cilaws 9 (g9ia3 Al oLA)
L aluns %79.3 (A (gslad A8y oy gl o

P75 S ssles

Asiias (385 capll @l (ase o clgally (@ikl)
il eagi Eua Confusion matrix b)Y
e bl canailly (Actual  class) pus—all
JSE) & mage 8 LS (Predicted class) FNN
S BCs aladl cre (0) Sl H 3y s Can (2)
Gl il el Al ) Alall e i (1)

%96.1 sl Asusis %93.5 Ailes Cagiuss 462

37 2 94.9%
- }
::. H(0) 40.2% 2.2% 5.1%
?.' 4 49 92 5%
1ol a3 | s3ax | s
90.2% 96.1% 93.5%
9.8% 3.9% 6.5%
H(0) BC(1)
Actual

e JNA Al ciliall LYY Abgheas (2) JSi
FNN Al
o Ll g laal) clise i PIA (e
st lisall 3g] At mall A0 ) it A
o gl gyl oS Al 91.7%
(3) U 8 pase 5 LS %92.3

10 1 90.9%

\ T MO e | e 9.1%
Fa=

E 1 12 92.3%

b Ll e 50.0% 7.7%

30,9% 92.3% 91.7%

9.1% 7.7% 8.3%

H (0} BC(1)

Actual

ASpd Ja) e Aaildl) il ) Adghuas (3) Jsa)
Jswa dpaall & LAdY) cliel FNN
sae Ll Jla 8 mgiall 30 S o Jaf e
dlase (A& S gaad el Ally Slid) e S8
Gl dlee LSS a8 g gall Cillinall Capial
e Dbl dae 3abyh diseasd) ASUAL L,

9437



Lﬁjl.h.“ P A ¢S

Liganl) il pa Lygad) clpdipall Ao 4@l aladialy o8 olajw CiES

.Coimbra cilily &e gana; Ailaiall ) (anyg Ao el Ayl ¢ $18) Guplia 43jla (2) Jsaal

foalua Jabdl| 48y L PPN sl
46.54 %|  %85.72 SVM|(Poorani et al., 2019, 2106-2109)
78% 62% fuzzy neural networks|(Silva et al., 2019, 479-481)
46.54 % 85.72% KNN|(Hasdyna et al., 2020, 5)
78.3%| 70.69 % fuzzy decision tree (FDT)|(Idris et al., 2021, 11-13)
75% 79.3% Raw features and FNN Al Eagl)
92.3% 91.7%| Normalized features and FNN Aall Eagl)
Al Gady 91.7% doiled Cariad 483 &yl dal

Ll ) o gaa 13.92.3% ) gl
bl Lealastind ey Coimbra sac @ 8 335a 5all
L Lginling LgiBa H5lati sl FNN 4505 as
Lualle shaiall cila ¥ sl ae 40l .80%
acl aldie b (il laj CalS puat (ady Lad
el V) (183 @iy Coimbra sl
Sy G (38 A gital) A8yl ¢ yelal (Al
3 Gilaws alade) ) dgay @lldg o i) 48y 8
ard e ugie e o den el 3 jnasynd el
Ao 1 8 Ayl dasluad) ilisal

385 (el daala e Jgee Dl e 2y gal)
.(501100020595) Jssill )

sl alaainly ) Ll ALAS) ae moal
Clyizall (M asiasd) Glayad) (e il A1) e
& Al labal) b Taelss Laga Ylae 2yl
Oe il sa o Ayl ~ )8 a0 cCaalll 1aa
ALl sl Jlag e a il a8 Gl
Bagaa Glew 5y sl Glally Agsall il G54l
A ad e Cland) 02 juai Cus lghe da i,
e S A JS aays )8 o N s
A (gl yligall dpillapudls dagludl il Jaisie
A<l DS saal) el e Hlasi i
30 LS Ayas Lewy s daaleYl A3al) <l A saanll
o i e A0 5y Clie ey L)
LAY =il .Coimbra clily 3ae 8 alass
References gall)

1. Azamjah N., Soltan-Zadeh Y., Zayeri, F. (2019). Global trend of breast cancer
mortality rate: a 25-year study. Asian Pacific journal of cancer prevention: APJCP, 20(7),

pp.2015-2018.

2. Lebovic, G.S., Hollingsworth, A. and Feig, S.A., 2010. Risk assessment, screening
and prevention of breast cancer: A look at cost-effectiveness. The breast, 19(4), pp.260-261.

3.  Oloomi M., Moazzezy N., Bouzari S. (2020). Comparing blood versus tissue-based
biomarkers expression in breast cancer patients. Heliyon, 6(4), pp.6.

4. LiJ., Guan X., Fan Z., Ching L.M., Li Y., Wang X., Cao W.M., Liu D.X. (2020). Non-
invasive biomarkers for early detection of breast cancer. Cancers, 12(10), pp.2767.

5.  Rozen R., Weihs D. (2021). Machine-Learning Provides Patient-Specific Prediction

of Metastatic Risk Based on Innovative, Mechanobiology Assay. Annals of Biomedical

Engineering, 49(7), pp.1774-1783.

6. Patricio M., Pereira J., Crisdstomo J., Matafome P., Gomes M., Seica R., Caramelo F.
(2018). Using Resistin, glucose, age and BMI to predict the presence of breast cancer. BMC

cancer, 18(1), pp.1-8.

7. Dlamini Z., Francies F.Z., Hull R. Marima R. (2020). Artificial intelligence (Al) and
big data in_cancer and precision _oncology. Computational and Structural Biotechnology

Journal, 18, pp.2300-2302.

98



@sball a8l e L puand) L) aa Ay gaad) cfpiipall Lpacdl) adl) aladialy a8 ol p CiiiS

8. Li Y., Chen Z. (2018). Performance evaluation of machine learning methods for
breast cancer prediction. Appl Comput Math, 7(4), pp.212-214.

9. Silva Aradjo V.J., Guimardes A.J., de Campos Souza P.V., Rezende T.S., Araljo V.S.
(2019). Using resistin, glucose, age and BMI and pruning fuzzy neural network for the
construction of expert systems in the prediction of breast cancer. Machine Learning and
Knowledge Extraction, 1(1), pp.479-481.

10. Idris N.F., Ismail M.A. (2021). Breast cancer disease classification using fuzzy-1D3
algorithm with FUZZYDBD method: automatic fuzzy database definition. PeerJ Computer
Science, 7, pp. 11-13.

11. Rasool A., Bunterngchit C., Tiejian L., Islam M.R., Qu Q., Jiang Q. (2022). Improved
Machine Learning-Based Predictive Models for Breast Cancer Diagnosis. International
journal of environmental research and public health, 19(6), pp.3211.

12. Laudani A., Lozito G.M., Riganti Fulginei F., Salvini A. (2015). On training efficiency
and computational costs of a feed forward neural network: a review. Computational
intelligence and neuroscience, 2015(13), pp.1-4.

13. Huang M.L., Hung Y.H., Chen W.Y. (2010). Neural network classifier with entropy
based feature selection on breast cancer diagnosis. J Med Syst, 34:pp. 865-73.

14. Poorani S., Balasubramanie P. (2019). Deep neural network classifier in breast
cancer_prediction. International Journal of Engineering and Advanced Technology, 9(1),
pp.2106-2109.

15. Hasdyna N., Sianipar B., Zamzami E.M. (2020). Improving the performance of K-
nearest neighbor algorithm by reducing the attributes of dataset using gain ratio. Journal
of Physics: Conference Series, 1566(1), pp. 5.

939



