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Sem| Suprlsed Slamese Neork for Identlfyl Bad
Data in Medical Imaging Datasets
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Proposed Method
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(i) Training the Siamese Network | (i) Testing
1D Feature Vector i
256 units I Feature Vectors of Reference Set
Reference MRIs l
N=20 :
Pretrained AlexNet . Test Set
; N=739
% Euclidean i
5 Distance ' hean
& | Pretrained AlexNet Euclidean
i Distance
Pretrained AlexNet
(iii) Mid-Slice of Cases with Largest MED | (iv) Additional Bad Data Examples
MED = 2.8 ’ MED = 2.3 ‘ MED = 1.53 MED = 1.53 MED = 1.32
Rank 5 i Example A Example B

Class => Bad data

Siamese network, MED => 1.2
Siamese network,
classification => Bad data
Isolation Forest, classification
=> Not bad data

____Rank3

Class => Bad data
Siamese network, MED =>
0.98

Siamese network,
classification => Bad data
Isolation Forest,
classification => Bad data




Model Performance

o IHSHE ()FEUSH) , -HS()&+). D) -#/$%.)01* 2U($-+)3Mh.-+*$) , $.4$S+)
HSESHS+*$) 6 T8

BB (LY (*3+HAB>4+>+1(5C ABCDC EAAF DCF
DL+ +  (E+4(1* ABDAG HEF CGF
Advantages

o VU8 )< FH(, Yo *-/ 01"
o J+05145.5%" (O(58+%(&0-S046(* . (70-+(+0402
o 89 289" (*1:6(0(.-0"4* L(* . (H%(4-05151) (+O40(HHOA(, -Y8S™ = * (/ Wtt*+" (-9 = §-%1
o USRS COTUSLY (5 K"t G108 R LR (<A ("L 5", U85 U
4" #1592 %"2

\ =7 V_f
oci
ML i S
Labs Ireland For what's



