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Prostate cancer is a high-risk with a high incidence and is a disease that occurs only in men. Accurate
diagnosis of cancer is necessary as the incidence of cancer patients is increasing. Prostate cancer is
also a disease that is difficult to predict progress, so it is necessary to predict in advance through prognosis.
Therefore, in this paper, grade classification is attempted based on texture feature extraction. There are
two main methods of classification: Uses One-way Analysis of Variance (ANOVA) to determine whether
texture features are significant values, compares them with all texture features and then uses only one
classification i.e. Benign versus. The second method consisted of more detailed classifications without
using ANOVA for better analysis between different grades. Results of both these methods are compared
and analyzed through the machine learning models such as Support Vector Machine and K-Nearest
Neighbor. The accuracy of Benign versus Grade 4&5 using the second method with the best results

was 90.0 percentage.

Key words: Prostate Cancer, Texture Feature, Support Vector Machine, K-Nearest Neighbor.

.M E (1], AL v=eA F Az &3 & A%
Aolow geA gle wak ohel 20169 27} o
ARG S G Aol BAs= FAPFTS TE BA w21 20160l A= LAy E o 3R]
olm, ¥ Eo] & AAPTY HoE dHA Utk = AP E(20159) 219k 25429 of vl&) 22%9F 9180
% Corresponding Author : Heung-Kook Choi, Address: (E-mail : deekshithadp96@gmail.com)
(50834) 197, Inje-to, Inje University, Gimhae, Gyeong- (E-mail : subratajee.dream@gmail.com)

nam, Republic of Korea, TEL : +82-10-6733-3437, FAX
: +82-, E-mail : cschk@inje.ac.kr
Receipt date : July 19, 2019, Approval date : Aug. 6, 2019
' Dept of Digital Anti-Aging Healthcare, u-AHRC, Inje
University
(E-mail : chgmlrla0917@naver,com)
(E-mail : tmsmsor777@naver.com)
" Dept of Computer Engineering, u-AHRC, Inje University
(E-mail : gusrbs82@gmail.com)
(E-mail : nuwanmadusanka@hotmail.com)

3 This research was supported by the Ministry of Trade,
Industry and Energy(MOTIE), KOREA, through the
Education Program for Creative and Industrial Convert—
gence (Grant Number N0000717).

¥ This research was financially supported by the
Ministry of Trade Industry, and Energy (MOTIE), Korea,
under the “Regional Specialized Industry Development
Program (R&D), P0002072)” supervised by the Korea
Institute for Advancement of Technology (KIAT).



Hd 129 689, o 109 9112D§>°i 19} 26389
(5.8%)7} &7} f& Ao FE HEEQI, o] T APA
&2 20159 vl SRS W, 7&%3 A X1 40
2 go] dAslE o HAUFHAG2] HE &
yebrt 183t A2 [QYstHA dAgAete] 1
Eo] VI Ao & Kol 1 ol APALY
71 F83% 99 A Yol = F2 60U o] & =
Qo Al APAo] wo] MAYsLr] wj ot} kATt
50t o)t dA AT gl wsta glTH3].
wEbd AP 723 AErt a3 w4 A
o]

o2 A Fa dom, ofof ek APt A
gk ko] B3 Aotk &, AYPALL 53
7] ol & e & Pl E Holr] W gFE
ol Aol st Aol Basith

APALe] B/ Bl 29 ZE o] Al
A% 284 4(Gleason Score)7} F2 AMEE T
nom, TEFEx2 Y w3 et ALy 540l wet
+@ 5H(Grade) 1778 &5 5.2 UAA A4 &
7 12 53 A =2 7};(]“1 Il AYg MEZE
O|ZAAHJAT, 5F 5 TFE MY B FHo)
H, FEg ol ‘31011]74] HoH4]. £ =7
= 75@—.]'1 XJ‘:J'

ok A= &3] A7) 13

< A A VAR E S
ddol A 2 ska Abolo A
3 5'&74]% 45 H 5AZ BHe ALE-git)
ZAA ®Ho) A Haralicke] A A$F Gray-Level Co-
occurrence Matrix(GLCM)S AH&3te HAZEA
(Texture Feature) & F&3 &

!
2 AYALe 55 EFE A6 &

Hatst Fps 9ot B2 =M

M q al

= =

= 833

i
on
AT

o |
(=]

AL

Table 1. The first research materials of prostate image
data set (Benign vs Malignant)

Benign vs Malignant Benign Malignant
Training 240 240
Testing 60 60
Total 300 300
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Table 2. The second research materials of prostate image data set

Grade Benign vs Malignant Classification of rest grades
Data set Benign Grade 3 Grade 4&5 Benign Grade 3 Grade 4&5
Training 320 160 160 160 160
Testing 80 40 40 40 40
Total 400 200 200 200 200
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Fig. 1. Flowchart used for two methods.

Fig. 2. The representative used images (a) Benign, (b) Grade 3, (c) Grade 4, and (d) Grade 5.
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Table 3. Description of 12 texture features
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Features Description
Equivalence between pixels, indicating that the value of the matrix is uniform if the
Energy L.
value is high.
A measure of uniformity in the brightness value, the more iterative the pattern, the
Entropy .
smaller is the value.
. Indicates the characteristic value of the variables change for more than one value, i.e.
Correlation . -
measure of linear dependence on the image.
The difference between the largest and the smallest pixels in adjacent pixel is measured,
Contrast . .
and a smaller value indicates a smooth image.
. To measure the smoothness of texture. It is affected by the value located diagonally
Homogeneity . .
in the matrix.
. A measure of heterogeneity of the image, indicating the change in image brightness
Variance .
of the pixel.
Measure the relationship between the average sum of the pixel values, the occurrence
Sum Mean of a pair with a lower intensity value, and the occurrence of a pair with a higher strength
value.
Inertia Contrast of intensity between pixels and adjacent pixels, i.e. homogeneity.
Cluster Shade Mea;ures the asymmetricity of the matrix, and if the cluster shade value is higher,
the image is more asymmetry.
Cluster Tendency Indicates the number of clusters that can classify the gray level in the image.
Max Probability The degree of occurrence of the most prominent pair of adjacent contrast values.
Inverse Variance Standardize the difference between the strength values of adjacent pixels.
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Table 4, The results of One—way Analysis of Variance for texture features,

Sum of Squares DF Mean Square F-value Sig.
Between Groups 0.017 1 0.017
Energy — 9.665 = 0.002
Within Groups 1.026 598 0.002
Between Groups 1.324 1 1.324
Entropy — 70.963 < 0.001
Within Groups 11.159 598 0.019
) Between Groups 0.341 1 0.341
Correlation — 108.200 < 0.001
Within Groups 1.884 598 0.003
Between Groups 8.469 1 8.469
Contrast — 80.069 < 0.001
Within Groups 63.251 598 0.106
. Between Groups 0.001 1 0.001
Homogeneity — 10.293 = 0.001
Within Groups 0.040 598 0.000
) Between Groups 446.454 1 446.454
Variance — 97.992 < 0.001
Within Groups 2724.515 598 4.556
Between Groups 2971 1 2.971
Sum Mean — 7.408 = 0.007
Within Groups 239.791 598 0.401
. Between Groups 8.469 1 8.469
Inertia — 80.069 < 0.001
Within Groups 63.251 598 0.106
Between Groups 443513.278 1 443513.278
Cluster Shade — 112.893 < 0.001
Within Groups 2349315.671 598 3928.622
Bet G 150438289.7 1 150438289.7
Cluster CLWeen ot 125210 | < 0.001
Tendency Within Groups 718490008.8 598 1201488.309
i Between Groups 0.022 1 0.022
Maximum e = 2433 | = 0119
Probability Within Groups 5474 598 0.009
Between Groups 0.002 1 0.002
Inverse we P 0613 | = 0434
Variance Within Groups 1.882 598 0.003
Sig. = Significant Probability; DF = Degree of freedom.
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3. Diagram of Support Vector Machine,
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Table 5. First method’s confusion matrix result of Benign vs Malignant (using 12 texture features) using SVM and

kNN
Support Vector Machine k-Nearest Neighbor
Benign vs B ]
(12 texture features) Predicted Predicted
Benign Malignant Benign Malignant
Benign 49 11 51 9
Actual -
Malignant 11 49 18 42
Result[%] 81.6 775
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Table 6. First method’s confusion matrix result of Benign vs Malignant (using 10 texture features) using SVM and

KNN
Beni Al Support Vector Machine k-Nearest Neighbor
Benign Malignant Benign Malignant
Benign 50 10 48 12
Actual -
Malignant 9 51 13 47
Result[%] 84.1 79.1

WAt A WA A B vs otHo R BRE A9 A¥r Utk wele) sba X 2@ At
sdgom, AeH 54 g oAl sl AT A UL A KNS A8dtel P4 vs 5 32 R
I SVMe A37F kNN AR 52 A5S P o A& 70.0%ATE 1 99 R
Hgom g 2L o HALE B ASE 10 M= SVMo] kNNETH B u2 235 Bl A&
Ml BEZE AHEAS W 84.1%%1 AL AT A & F de Aol E, EFPES BA &
AN F WA B2 F5Y BFE AFHew T A%l o= F ASdd A A & A U
Ure 78 ARsdth E5PEE vek A3 skom, o] A¥dEL vz gres S & 5 Urk
+ Table 7%€ 109 YeIAY. 55 &7 T 44 B =R AE A% (Accuracy), W= (Sensi-
vs 57 4&6Z EFE 39S W, 00%ZE M A tivity), £°] = (Specificity) 2 A#9] AZL 352

Table 7. Second method’s confusion matrix result of Benign vs Malignant using SVM and kNN

Support Vector Machine k-Nearest Neighbor
Benign vs Malignant Predicted Predicted
Benign Malignant Benign Malignant
Benign 68 12 64 16
Actual -
Malignant 14 66 19 61
Result[%] 83.7 78.1

Table 8. Second method’s confusion matrix result of Benign vs Grade 3 using SVM and kNN

Support Vector Machine k-Nearest Neighbor
Benign vs Grade 3 Predicted Predicted
Benign Grade 3 Benign Grade 3
Benign 31 9 29 11
Actual
Grade 3 10 30 13 27
Result[%] 76.2 70.0

Table 9. Second method’s confusion matrix result of Benign vs Grade 4&5 using SVM and kNN

Support Vector Machine k-Nearest Neighbor
Benign vs Grade 4&5 Predicted Predicted
Benign Grade 4&5 Benign Grade 4&5
Benign 39 1 34 6
Actual
Grade 4&5 7 33 8 32

Result[%] 90.0 825
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Table 10, Second method’s confusion matrix result of Grade 3 vs Grade 4&5 using SVM and kNN

Support Vector Machine k-Nearest Neighbor
Grade 3 vs Grade 4&5 Predicted Predicted
Grade 3 Grade 4&5 Grade 3 Grade 4&5
Grade 3 32 8 31 9
Actual
Grade 4&5 4 36 4 36
Result[%] 85.0 83.7
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Table 11, Result and comparison of classification using SVM and kNN

Reference Classification Validity SVM(%) KNN(%)
Beni Al Accuracy 81.6 775
o s N nant Sensitivity 816 739
Proposed Specificity 81.6 82.3
Method Ben Mo Accuracy 84.1 79.1
o T e ;%Efg) Sensitivity 84.7 786
Specificity 83.6 79.6
Accuracy 83.7 78.1
Benign vs Malignant Sensitivity 82.9 77.1
Specificity 84.6 79.2
Accuracy 76.2 70.0
Benign vs Grade 3 Sensitivity 75.6 69.0
. Specificity 76.9 71.0
C. Kim [28]
Accuracy 90.0 825
Benign vs Grade 4&5 Sensitivity 84.7 80.9
Specificity 97.0 84.2
Accuracy 85.0 83.7
Grade 3 vs Grade 4&5 Sensitivity 88.8 88.5
Specificity 81.8 80.0
Accuracy 83.5 -
Benign vs All grades Sensitivity 90.8 -
G. Nir Specificity 755 -
Accuracy 73.8 -
Grade 3 vs Grade 4&5 Sensitivity 69.3 -
Specificity 81.6 -
S. Doyle Grade 3 vs Grade 4 Accuracy 76.9 -
) Benign vs Grade 3 Sensitivity 86.3 -
S. Naik
Benign vs Grade 4 Specificity 929 -
go o] AT oA E dHE S B3t T5 = [ 2] Ministry of Health and Welfare, http://www.
¥, 57 3 57 4 5 OE B3 BFd =2 mohw.go.kr/react/al/sal0301vw.jsp?  PAR_
T UAES & ot & FHES %0]7] fste] o] MENU_ID=04&MENU_ID=0403&page=
)z £ 3t 59 AAHE] FAPe] Y& AR 1&CONT_SEQ=347155 (accessed July 7, 2019).
gt B A7 BAH 5 AFHeE § [3] C.A. Salinas, A. Tsodikov, LH. Miriam, and
& Ao EFshs del 535& £ oz KA. Cooney, “Prostate Cancer in Young Men:
g e g Aotk An Important Clinical Entity,” Nature Reviews,
Urology, Vol. 11, No. 6, pp. 317-323, 2014.
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