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Classification for early diagnosis for breast cancer base on
Neural Network
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RUSICell) Dreast cancer is the sccond most female cancer patient in the entire female cancer patient,
and has emerged as the highest contributor to female cancer deaths. If breast cancer id detected early,
the cure rate is 92 percent. However, if early detection fails, breast cancer has a very high rate of
metastasis. The transition from cancer to cancer has become more successful as cancer progresses. Early
diagnosis of cancer is an important factor in improving quality of life. Examples of breast cancer include
Mammograph, ultrasound, and Momotome. Mommography is not only painful for the examiner, but also
for easy access to breast cancer exam inations. In this paper, breast cancer diagnosis data mammograph
data was used. In addition, the Neural Network were classified for early diagnosis of breast cancer early
using NEWFM. After learning of data using NEWFM, the accuracy of the breast cancer data classification
was 84.4391%.
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[Fig. 11 A Breast cancer diagnostics Algorithm Using
NEWFM

2. NEWFM(Neural network with
weighted fuzzy membership
function)
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[Fig. 2] Weighted Fuzzy Membership Function of Fuzzy set
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[Fig. 3] The sum of the bounding function of the
weighted function for class classification
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[Fig. 4] Classification of Age
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[Fig. 5] Classification of Shape
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[Fig. 6] Classification of Density
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<Table 1> BI-RADS mammography classification[11]

[-RADS category Definition Risk of malignancy Recommended follow-up
0 Incomplete assessment N/A Further workup
1 Negative study N/A Repeat mammogram in 1y
2 Benign N/A Repeat mammogram in 1y
3 Probably benign <% Repeat mammogram in 6 month
4 Suspicious 20% Biopsy should be considered
5 Highly suggestive of malignancy AN% Appropriate action should be taken
6 Know biopsy—proven malignancy N/A Appropriate action should be taken
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3. Data

NEWFM= o]§sto] ¢t s 537 3]
AREE dlolHe i 9 B 2 dlojEiwo]
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(CAD:computer assisted diagnostic)2 BI-RADSE 7]
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1. BI-RADS assessment : 1 to 5 (ordinal)

2. AGE: patient’'s age in years( integer)

3. Shape : round =1, oval=2, lobular=3, irregular=4

4. Margin : circumscribed = 1, microlobulated =
obscured = 3, ill-defined = 4, speculated = 5

5. Density : high=1, iso=2, low=3, fat-contatining=4(ordinal)

6. Severity : benign=0, malignant=1(binominal)

<Table 2>+ BI-RADS #r1#jy Fg~ 57
YeRd ZAo)tH13,14,15].
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<Table 2> Test Accuracy Indicator

Disease

Test Disease(Positive) Disease(Negative)

Positive i - FP »
(True Positive) (False Positive)

Negative FN . N )
(False Negative) (True Negative)

TOTAL (TP+FN) (FP+TN)

Negative)= 4%

A3} 7.%0] TP(True Posmve)b kol
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AL &
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TP
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