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Near-term breast cancer risk prediction based on bilateral breast image segmented with "shared"
threshold method

ZHANG Hongjun, YAN Shiju
School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Objective To improve the accuracy of near-term breast cancer risk prediction by segmenting the bilateral breast
image dense region with "shared" threshold method, and predicting whether women have breast cancers based on decision
tree classification algorithm. Methods The full-field digital mammography images of Craniocaudal position obtained from
185 women were selected in this study. After the whole gray distribution of bilateral breast image was calculated and
bilateral breast image dense region was segmented with "shared" threshold segmentation method, the asymmetric features
and maximum features were extracted from breast region and dense region, separately. Two weak decision tree classifiers
were built based on two types of features, and then were combined into a strong classifier. Leave-one-case-out method was
used to validate the performance of near-term breast cancer risk prediction. Results The number of extracted features with
the area under the curve (AUC) larger than 0.6 was 7 for "shared" threshold method, and 2 for single threshold method.
With strong classifier, "shared" threshold method achieved an AUC of 0.970 1+£0.014 8 and a prediction accuracy of
95.68% ; the single threshold method achieved an AUC of 0.982 4+0.008 9 and a prediction accuracy of 93.51% .
Conclusion Using "shared" threshold to segment bilateral breast image dense region is more advantageous to extract image
features with high predictive power from dense region. Using strong classifier can significantly improve the accuracy of
near-term breast cancer risk prediction.
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FFDM: Full-field digital mammography; LADTree: Logistic alternating decision tree
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Fig.1 Flow diagram of near—term breast cancer risk prediction
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Tab.1 Image features with area under the curve (AUC) larger than 0.6

Single threshold

"Shared" threshold method-based features

Parameter method-based features
F86 F112 F90 F3 F86 F4 F89 F_105 F 4
Region of interest Dense Dense Dense Entire Dense Entire Dense Dense Entire

Feature class

0.620 9+ 0.603 8+ 0.639 6+ 0.626 8+
0.040 7 0.0412 0.040 3 0.040 5

AUC

Asymmetric Asymmetric ~ Asymmetric Asymmetric Asymmetric Asymmetric Asymmetric Maximum Maximum

0.624 6+ 0.620 1+ 0.605 8+ 0.619 3+ 0.606 0+
0.040 6 0.040 8 0.0411 0.040 9 0.0411

W2 Win , RS 2848, LT LA B ik
FITAS ) 5 R AUC=0.679 4+0.040 1, 5& T~ BAoph (5] {1 1
FIFAS (R R AUC=0.593 4+0.041 1, XF T PR Jy
PR UL, R 55 2SS A AL G Y R oy 2 A A TR
B 3 = T A 55 00 25w Re . &2 1813 4)
3] 2 R IR R FH 5 0 R A 5 40 2R T A
ROC [hZext LA,

3PN, 85 R AL A B D5 A AR 1 T
DUPKS B S 2 5 T T 55 40 28 2 D TROIIORG B . R FH
Gy AN, TSR B E Ik B A 000 o B R R
95.68% (177/185) , HURR & 4 98.88% (88/89) , H¢ 5 J&
492.71%(89/96) o FET A [ (LT i A5 A T 0 A
0 93.51%(173/185) , LR 4 91.01%(81/89) , ¥
SR} 95.83%(92/96)
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Tab.2 Comparison of AUC obtained with two threshold methods

Weak classifier based on
AUC asymmetric feature and

maximum feature

Weak classifier based ~ Weak classifier based .
. . Strong classifier
on asymmetric feature  on maximum feature

AUC obtained with single threshold method 0.593 4+0.041 1

AUC obtained with "shared" threshold method 0.571 3+0.041 4

0.590 3+0.041 2 0.553 0+0.041 8 0.982 4+0.008 9

0.541 9+0.041 7 0.679 4+0.040 1 0.970 1+0.014 8
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b: ROC curve obtained with ""shared" threshold method
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Fig.2 Comparison of receiver operating characteristic (ROC) curve obtained with two threshold methods using weak classifier
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methods using strong classifier
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Tab.3 Comparison of prediction accuracy, sensitivity, specificity (%)

Single threshold method "Shared" threshold method

Classification method

Accuracy Sensitivity ~ Specificity Accuracy Sensitivity Specificity
Weak classifier based on asymmetric feature
. 54.59 69.66 40.63 54.59 60.67 48.96
and maximum feature
Weak classifier based on asymmetric feature 55.14 70.79 40.63 56.76 65.17 48.96
Weak classifier based on maximum feature 55.14 62.92 47.92 59.46 30.34 86.46
Strong classifier 93.51 91.01 95.83 95.68 98.88 92.71
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