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Fig.1 a. An example of a raw DDSM mammogram with a radiologist labeled ground truth (red
curve). b. Enlargement of the ground-truth region.
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Fig.2 The block diagram of the used computer-aided diagnosis pipeline. The silding window is
first sliding on diagnostic image to extract bags, and then a set of features are extracted from each
candidate inside a bag, and an instance is formed by the resultant feature vector. The bag is then
classified into MCC or Normal by a multiple instance classifier.
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Fig.3 Flow chart of our proposed algorithm for computer aided detection of MCCs in digitized mammograms.
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Fig.4 An enhanced and extracted breast region after denoising and downsampling
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Fig.5 a. Result after high-pass filtering a candidate region, and b. the generated candidates within
a sliding window (the instances within a bag).
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Table 1 The features used to describe a region

index ISR
1 Area(number of pixels)
2 Mean Intensity
3 Eccentricity
4 Major Axis length
5 Degree
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Table 2 The AUCs of different algorithms.

A7 BHZ THEAR (AUC)

Iterated APR 0.5313
DD 0.7580
EM-DD 0.7435
Citation-KNN 0.5861
MI-SVM 0.6448
mi-SVM 0.5599
Inst-KI-SVM 0.8775
Bag-KI-SVM 0.8618

FEIXEeE AT 20 RE RIS 2 45 REUAME, BUGRIGHHLIEER 20 A EALF
80 M ELAE N UIZRER , Fol T AL IR AR o AR 2 ksl 45 5L & 48 b A B (sensitivity),
FESPE (specificity) ATHIZE FTHIFH (Area Under Curve, AUC). HBUBM: AR F 4 20 il i it
TR
TP

sensitivity =
TP+FN

TN

specificity =
TN+FP

Horb TP FR HFHMEREAR, FP RRBBHEREAS, TN R BIIMEREAR, FN R EIIEREA,
AUC FR1E%2FH1/FHE (receiver operating characteristic, ROC) HhZk R iAE .

6 ffiid 3T 7 R 11 bag-KI-SVM Al inst-KI-SVM #5111 ROC 2k, 45
RERW R 715/ DDSM £ 4 FE EELAS 7B S M ER E . 2R B % 2] FE MILL
(Multiple-Instance Learning Library)&— N IR 278015 2] Bk THRA[12]. FATE MILL
JiE HR 22 BLERHE SRV [R] KI-SVM BLEREAT bR, SO0 &5 R W3k 2 LU 7. Z R0 22 2] 5 i
Iterated APR. DD. EM-DD. Citation-KNN. MI-SVM. mi-SVM. Inst-KI-SVM #1 Bag-KI-SVM
[ il 28 AR 2> B4 0.5313. 0.7580. 0.7435. 0.5861. 0.6448. 0.5599. 0.8775 £ 0.8618.
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Fig.6 The ROC curves of Bag-KI-SVM and Inst-KI-SVM with %€ e = %87 gnq

AUC g = 086176 “respectively.
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Fig.7 The ROC curves of the Iterated APR, DD, EM-DD, Citation-KNN, and MI-SVM
algorithms (with the AUC listed in Table 2).
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