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Classifier Accur Eiro TP FP F MCC

acy T Rate Rate Score

(%) rate

(%)

Decision 77 23 0.83 0.24 0.62 0.50
tree
Adaboost 78 22 0.92 0.25 0.60 0.53
Random 82 18 0.88 0.20 0.70 0.65
forest
SVM 76 23 0.91 0.26 0.56 0.50
Logistic 77 23 0.90 0.26 0.57 0.50
DCNN 84 16 0.92 0.11 0.77 0.66
Neural 81 18 0.72 0.15 0.76 0.62
Netwok
Naive 72 27 0.63 0.22 0.62 0.40
Bayes

8 REFIEBATIMEF R TLZHERE (2018)

\

I FE[10]75 18 F RS — il 28 A AE AR I R A A, R A s e I im R R A3, [
I 325 FE AR TBUR A ok B 1 BE B AN B B 1) =

I TEHE T 00N % e

(1 SAMARHAFHEIRMEMEE (CNND X X S HHTEWR S W A AR, Hik
BARY], M HKEBEE LB X 6 A I ZR R R 1548 H e e e th R AR A 2L

(2) 1EH T SEbRlm PRI B2 Wr 2 /T, e ZR6IE S A IE &R B2 B 2 G 38 A Ak

M =AML R Be SR, FF A E — B Be R 48 TP N ZR TR B 22 SRR R Ay 4 ) 51 5
EANEREEE RS

BHRE

2 [H [ 57 PAERF R BRI 0 (NIHD, 112,120 K ET£E 08, Sk E 30,805 4 B3, ()
B>l 1992 4F % 2015 4F.

PEZS I EERE (MSH), 42,396 5K IR A, SR E 12,904 42 B, BsFIA] S o 2009 4E & 2016

&,
EEE 2y K BE P FMNLZ (IU), 3,807 3kl H, kH 3,683 L&, WIRIEEAGE.
XL B2 R AERS Y (SD) N 46.9 % (16.6), 63.2 % (16.5) F149.6 ¥ (17), 4y
W~ 43.5%, 44.8%F157.3%.

6/8


http://www.lynchpin.com.cn/

., _
melnﬁ;E IGFE(E EHAE « NTE AL http://www.lynchpin.com.cn 2020.03

CNN
% FH¥] CNN £13% ResNet-5 1 DenseNet-121., CNN [ B F T T AL B A1 7
AR

PyTorch 0.2.0 #11 torchvision H T2l Z%. 1 DenseNet-121 &5#4, 1£ R 461z F
m—A8U%)zE (n=15).

FEXS il R A2 W RUBEAT 1 I ZRIF AN [R] il 28 5 AR b AT il R 2 W PR e VA Ja, BNk T
CNN M Xt A EFMEERE 248, VAR X )6 F 2 75 a] LB A I B4 B A5 B . Rk
H A =ANEBE 2R G210 S 2 R ok =) — AMEEAY, 128 ] DL M 34545 7€ SR 2 i) =
BERGE. N T EREAIHR B IX — S, XFTF MSH (B hBERD) SRR A, d3E— iR E
B BRAS AL (Bl s, 2R RA5 T S M .

&t

FERrZ =K ERE A, BiR e CNN BN ERCRAE TAMERCR . AR & K
A BB RS R HEAT DI 2R, R0 T I B8 A R i R I O VERE, B4 T X AN

IPERE. CNN AR H 5 B 48 22 57 oK L mT e U VR 35 1) = e AN ) — = B s =
A

0
os
o7
b
o8 9
o3

Fig 2. CNN to predict hospital system detects both general and specific image features. (A) We obtained activation heatmaps from our trained model and averaged
over a sample of images to reveal which subregions tended to contribute to a hospital system classification decision. Many different subregions strongly predicted the
correct hospital system, with especially strong contributions from image corners. (B-C) On individual images, which have been normalized to highlight only the most
influential regions and not all those that contributed to a positive classification, we note that the CNN has learned to detect a metal token that radiology technicians place
on the patient in the corner of the image field of view at the time they capture the image. When these strong features are correlated with disease prevalence, models can
leverage them to indirectly predict disease. CNN, convolutional neural network.

https://doi.org/10.1371/journal.pmed.1002683.g002
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