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‘Using Machine Learning: Neural Networks and
Support Vector Machine in Estimating the
Condition of Lung Cancer Patients

Fatima Shallaf*

Abstract

The aim of this research is to build machine learning models using neural networks and
Support Vector Machine (SVM), and compare the results of both types in terms of
accuracy in estimating and predicting a person's condition (1-affected, 2-predisposed, 3-
healthy) for lung cancer. The independent variables were values of (uric acid, potassium,
sodium, arginine). Data were collected from Al-Biruni Hospital in Damascus and Al-Baath
University Teaching Hospital. Data was gathered from 86 individuals distributed as
follows: 50 affected patients from Al-Biruni Hospital in Damascus, 16 predisposed
individuals (all smokers) from Al-Baath University Hospital, and 20 healthy individuals
from Al-Baath University Hospital.

Initially, an SVM model was built, and the data was divided into two parts: 29 values for
training and 57 values for testing, chosen randomly. The accuracy of the test data was
100%, and the accuracy of the training data was 86%. The model was then applied to all
the data, achieving an overall accuracy of 95.34%, confirming the effectiveness of the
SVM in early detection of the patient's condition.

Neural network models were also built, and through simulation, it was found that the best
model was: NN(2,2), where the data was split into 80% for training and 20% for testing.
The network'’s accuracy for the training data was 100%, and for the test data, it was 94%,
with an overall accuracy of 98%. In comparison with the SVM model, it was found that
neural networks outperform in classifying the patient's condition, and thus, their use in
diagnosing this type of disease is recommended

Keywords: Neural Networks, Prediction, Modeling, Machine Learning,
Support Vector Machine (SVM), Training Data, Test Data.

*Teacher, Dept. of Mathematical Statistics, Faculty of Science, Homs University.
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30 1 5 142.1 5.05 22.9
43 1 2.9 144 4.64 12.4
45 1 5.1 138.2 4.5 18
49 1 3.7 142 4,93 16.3
51 2 4.1 138 4.2 204
52 2 3.8 136.2 4.4 55.1
55 2 5.1 152 4.3 47.9
57 2 3.3 150.1 5.3 29.7
58 2 5.2 139 4.1 31.4
59 2 4.1 148.2 5.1 28.2
60 2 3.3 136 4.8 33.1
61 2 5.8 145.4 4.1 21
62 2 4.1 132.7 3.9 44.7
63 2 6 139 4.6 27.5
65 2 2.9 142.5 4.8 37.1
66 2 3.8 137.6 4.6 21.9
67 3 54 137.1 4.81 68.3
77 3 3.1 136.6 5 82.9
82 3 4.8 139.1 3.64 76.8
86 3 3.7 142.2 3.84 84

A UL 40 57 culs jlaay) bl Wl
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asall Anta LY LAY lily (2) Jssad

wa el b y Uricacid Na K Arginine

1 1 3.6 127.5 4.85 1.2
2 1 3.2 137.9 4.18 9.3
4 1 4 142.5 4.18 5.7
5 1 54 136.5 4.46 11.5
7 1 6.3 137.6 4.08 1

8 1 4.4 139.2 4.15 1.3
9 1 4.6 139.6 4.09 9.7
10 1 53 132.8 4.9 4.3
11 1 3.7 132.8 4.93 5.9
12 1 5.6 140.7 4.78 16.8
13 1 2.1 136.9 3.96 9.1
15 1 4 1345 3.74 9.7
17 1 3.8 140.2 5.38 4.2
18 1 4.7 135.3 4.72 17.4
21 1 6.1 139.3 6.37 27.4
22 1 6.2 138.6 6.65 9.7
23 1 4 137.5 5.36 2.7
24 1 4.9 134.4 7.7 8
27 1 3.3 138 4.25 2
29 1 3 1394 4.4 3.9
31 1 3 139.6 5.03 14.2
32 1 3.7 133.2 5.3 3.7
33 1 4.1 134.6 4.34 17.4
34 1 4.3 132.4 5.13 14.1
35 1 3.1 133.1 4.9 9.1
36 1 4.2 132.8 4.22 12
37 1 5 131 5.1 14.6
38 1 3.4 134.7 4.36 8.6
39 1 2.7 140.1 4.82 7
40 1 5.3 139.2 5.1 10.5
41 1 5 135.6 5 11.3
42 1 3.6 132.2 5.22 16
44 1 6 132.6 5.12 9.3
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46 1 6.1 142.1 4.92 13.3
47 1 2.6 139.1 5.02 10.1
48 1 4.8 134.2 5.44 20

50 1 2.8 140.1 5.13 9.1
53 2 3.4 142.7 4.3 50

54 2 4.6 151 4.7 27.6
56 2 4.6 148.6 4.8 32

64 2 5.2 156 5.2 28

68 3 6.9 139.5 3.9 75

69 3 3.4 140.1 5.02 102.1
70 3 3.9 143 3.99 88

71 3 5.1 142.2 4.16 113
72 3 4.2 144.1 4.08 90.6
73 3 6.5 141 4.9 103
74 3 5 138.1 3.78 84.2
75 3 3.9 140.2 3.6 110
76 3 4.6 139 4.25 130.5
78 3 5.3 144.7 4.82 98

79 3 4 139.5 3.84 114.7
80 3 2.8 142.6 4.16 132
81 3 4.1 143 4.55 94.7
83 3 5.1 143.7 5.08 108.2
84 3 6.2 140 4.76 120.5
85 3 4.2 138.2 4.46 116

Sl 3saill (o il oy 55 % Vv e ) LEAY) by b sanl) A6 il
S e zasaill adai aayy %AT,Y) Capaill cilily d8s il Lay Gulaill
%40,ve ddall culS bl
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L) a glal) Al

MG Akl 2

YoYeale ) amll £V alaall

) Jglaall LS cappill clily i <l

1 2 3 Uasl Ao
13 0 0 0
4 8 0 4/29
0 0 4 0
S Uadll s 0.137931

LAY iy it culs
1 2 3 Uadl A
v 0 0 0
0 0
0 0 R 0
S sl A 0

rlild) JS) A glgal) bl
1 2 3 Uasll dns
o 0 0 0
4 Y 0 4/86
0 0 Y. 0
S Tl s 0.046512
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S IS gyl Alla e CaiSI 3 acall 4 401 Allad X5 1ag

HAgaant) LAY gaaat Ll

P oh zigal damdl Of sSlall (A e W (pais Aisae S 73l ¢y
iy %Y+ Lodl audy 80% (i and ) lild) andi 5 Cus NN(2,2)

100% <oyl bl Aawally 303l 383 cilS acal) daiie 3901 3 Auhall (sl

JSl A0 Jia (ays 98% ale < 8l cuilS, 99 ¢ HLaal) cilillg

: Al

Arginine

Error: 0.0029557 Steps: 14296

bl Ao dyjaall dguanl) A8 Jsa (7) Jeid)
puanll GIGAL 558 @la o 223 SVM acall daie 401 £ 3508 ae 43l
coaba) e gl 138 G b lgaladind b satis (el Ala Cipias b
sl
Caaly aeal) daaie A1 Aasinly 450 oy ol 5 A8y e llas —)

%4
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