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Abstract:

Breast cancer is one of the most common diseases in women worldwide.
Many studies have been conducted to predict the prognosis of breast cancer.
However, most of these analyses were predominantly performed using basic
statistical methods. There for, this study aims to use machine learning tech-
niques to build high accuracy and sensitivity models for detecting malignan-
cy of breast cancer based on many variables in order to be able to intervene
quickly in the patient's treatment protocol to reduce mortality as much as
possible.

We utilized a dataset from Kaggle after processing and visualizing it. The
final dataset consisted of 569 samples, 21 inputs, and one output (malignant
tumor and benign tumor).

Our study showed that all machine learning algorithms achieved perfect ac-
curac greater than 99% according to the first approach (testing set= 25%),
where the decision tree, logistic regression, and random forest ranked first
with an accuracy of 100%, followed by the rest of the algorithms at 99.3%.
We also found that the accuracy decreased slightly in many algorithms ac-
cording to the second approach (testing set= 40%) to reach 99.56%. Moreo-
ver, when optimizing hyperparameters, the accuracy of the SVM increased
from 99.56% to 100%. The performance of this classifier can be described
as balanced.

In conclusion. this study underscores the importance of selecting appropriate
classification algorithms for predicting breast cancer patient outcomes.
These findings contribute to the field of breast cancer prognosis and provide
insights for improving personalized treatment strategies.
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Al Al il paia e Cud g) dan a9 3999 (o ARl gy Jgda 15 Jod

diagnosis N Mean Std. Deviation sig
radius_mean B 357 12.14652 1.780512 .000
M 212 17.46283 3.203971
texture_mean B 357 17.9148 3.99512 .000
M 212 21.6049 3.77947
perimeter_mean B 357 78.0754 11.80744 .000
M 212 115.3654 21.85465
area_mean B 357 462.790 134.2871 .000
M 212 978.376 367.9380
smoothness_mean B 357 .0924776 .01344608 .000
M 212 1028985 01260824
compactness_mean B 357 .0800846 .03374995 .000
M 212 1451878 05398750
concavity_mean B 357 .04605762  .043442151 .000

M 212 .16077472  .075019328
concave points_mean B 357 .02571741  .015908778 .000
M 212 .08799000 = .034373909
symmetry_mean B 357 .174186 .0248068 .000
M 212 .192909 .0276381
fractal_dimension_mean B 357 0628674 00674734 760
M 212 .0626801 .00757332
radius_se B 357 .284082 1125696 .000
M 212 .609083 .3450386
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area_worst B 357 558.899 163.6014 .000
M 212 1422.286 597.9677
smoothness_worst B 357 .1249595 .02001347 .000
M 212 .1448452 .02186983
compactness_worst B 357 1826725 .09217998 .000
M 212 3748241 .17037198
concavity_worst B 357 16623772 = .140367741 .000
M 212 45060557  .181506723
concave points_worst B 357 .07444434  .035797374 .000
M 212 18223731 = .046307790
symmetry_worst B 357 270246 .0417448 .000
M 212 .323468 0746850
fractal_dimension_worst B 357 .0794421 .01380405 .000
M 212 .0915300 .02155289

Al sl mw 2.4

alidal) -l ld Google Colab e deall &5 SlasV) Cavasill (o lgiV) aa
(J_.J.A; £I99

Clyiall aegis oY) Alayall Pl alles & Cun duad)y dande @3 Gyl ges il
Bagike a (5] Auad) 8 (S Al cAaanY)

Pl dapdenl) alasia) 5 Auhall due A 5askiall andll 48 jal

df.iloc[:,:].isna () .sum()
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sns.heatmap (df.iloc[:,1:8].corr(),annot=True)

radius_mean -

-08

texture_mean .3 -0.023 .24 .2 0.071

smoothness_mean

compactness_mean

concave points_mean -

symmetry_mean 0.071

fractal_dimension_mean

texture_mean

=
o
il
£
El
2
e

smoothness_mean
compactness_mean
concave points_mean
symmetry_mean
fractal_dimension_mean -

g yaall @) gaiall Heatmap 14 (<&
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)
from sklearn.model selection import train test split

X train,X test, y train,y test=
train test split(X,y,test size=0.25, random state= 0)

100 Gladanl) aladinb Wa) el aan dabiaall Chiaill Gl jled aladiul g
from sklearn.linear model import LogisticRegression
from sklearn.svm import SVC

from sklearn.tree import DecisionTreeRegressor
from sklearn.ensemble import RandomForestClassifier
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from sklearn.neighbors import KNeighborsClassifier

AN Aol aladialy LAl ddshias alasiul ey lsal) elal i 3 o]
cm = confusion matrix(y test, y pred2)
print (cm)
accuracy score(y test,y pred)

:(Testing set= 0. 25) J ¥ peal) @il .1.2.4

Cus Cud gl s apgll OIS Lag Slee IS8 50 e AR G i) s paen i
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o bl (a0 Ajad eyl cliahl sass ) oesalll &5 M Gle 0 il lsall
.48yl

O Y (205 (10 «7) Eblsdall ALY dejla 8 (Max_depth) sadll Gee juis S
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ol 3 %100 484l caaly oda Lialyy g ¢ HladY) Gac
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20 OlS s 3 %99.3 cialy Gl 883 o Loy e Sladl 4uehlsa ) kil sie
JieY) a2 ) Jseash) s Gy Bae dalaall o8 s & «(n_neighbors= 7,15) ;)
S ol e Als 8 %100

Y eial) s Ciiuall) cilia) lod 48316 Jgan

Accuracy

Test=0.25
L ogistic regression %100
Support vector machine %99.3
Decision tree %100
max_depth=7 %100
Random forest | max_depth=10 %100
max_depth= 20 %100
n_neighbors= 5 %100
KNN n_neighbors=7 %99 .3
n_neighbors= 15 %99.3

Lall) il Glighas ) 8292l oy deadieal) Caieaill il jled elal & €T gaaill
Ciiaill culi RF 5 (LOG (DT due)lsdn Laldll Glill ddghins G Jasgl .8aaly IS0
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94

:(Testing set = 0.40) AUl mgiall milii 2.2.4
%100 cuis Wiv %99.56 N daail cilia) Jsall o waall 6 Cania J<a 8ol cuaias)
A2 Jsall A mdage 2 S @il lsad) 43 (sl

Ll lsadl &a s o AN gially J3Y) gedall co AR 112 Jsaa

Accuracy Accuracy
Test=0.25 Test=0.40
Logistic regression %4100 %100
Support vector machine 2499 3 99.56%
Decision tree %4100 %100
max_depth=7 %4100 %100
Random forest | max_depth= 10 %4100 %100
max_depth= 20 2,100 %100
n_neighbors=5 %4100 99.56%
KNN n_neighbors=7 9499 3 99.56%
n_neighbors= 15 2499 3 99.56%

Lo siallh KNN ) lsa caald Sl 5hlal) adll sxe o Jasgl ol cligioan ) 53521l
el ALyl A A8l (mleAs) e (Sag 13 Jeas SOEN VW 8 Lewds
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(i 38y Jadl 32as {'C': 10, 'gamma’; 0.0, 'kernel’: 'rbf'} Ll el pahld) G asg
.%100

AL Ll 5l alals @il ) cupall clily desess Jisady kernal function ase)
Bale L) Sen s eledll Glu) iy & SV Caicad Bpulal) dakll Tha Juadll
1ol Jalea g0 gamma Wl audanll 58l ¢ e L orbf (radial basis functions)
-(rbf

Karg %100 N %99.56 3o SVM iy caaiiiy) Lty %100 J sl LOG 382 iy
Sl Jsand) Fiy . ciadll 13 elol 5510 Dl adsia 138 cCplsially Caad) 138 el Cruay
SVM diay)lss 383 s julas e o

SVM 4iaj lsd 483 andli 115 Jgan

classification report

precision recall f1-score support
Malignant 1.00 1.00 1.00 80
benign 1.00 1.00 1.00 148
accuracy 1.00 228
macro avg 1.00 1.00 1.00 228
weighted avg 1.00 1.00 1.00 228
tdale AdA 3.4
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