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Multilabel chest X-ray disease classification based on

a dense squeeze-and-excitation network

Zhang Zhirui, Li Qiang, Guan Xin
School of Microelectronics, Tianjin University, Tianjin 300072, China

Abstract: Objective The task of classification of chest diseases is an important part in the field of medical image process-
ing. lts purpose is to assist professional doctors to make accurate diagnosis and treatment through a computer automatic rec-
ognition system, which has important significance and role in clinical medicine. Medical image technologies play an impor-
tant role in the recognition of chest diseases. They can provide doctors with clear internal textural and structural informa-
tion. X-ray is a common and economical method for the diagnosis of various chest diseases. However, the main challenges
in chest disease classification are that the location and size of the focus area of various diseases are different on X-ray films
and the texture performance is diverse. The imbalance of sample data categories increases the task difficulty. Visual fatigue
and other problems caused by long-term work, even for trained professional doctors, missed diagnosis, and misdiagnosis are
also inevitable. Therefore, determining how to classify chest diseases automatically and accurately has become a popular
topic in the field of medical image processing. At present, researchers mainly use the deep learning method to train a conv-

olutional neural network to identify chest diseases automatically, but the overall recognition accuracy is inadequately high.
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Supported by ; National Natural Science Foundation of China(61471263) ;Tianjin Municipal Natural Science Foundation(16JCZDJC31100)
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Most methods cannot utilize the information on the feature channel. In view of the abovementioned challenges and the
necessity to improve the recognition accuracy of current algorithms, this paper proposes a multilabel classification algorithm
for chest diseases based on a dense squeeze-and-excitation network by using the deep learning method. Method First, to
utilize the information on the channel of the feature map, we add a squeeze-and-excitation module to DenseNet densely as
the high-attention module of the feature channel; hence, the network can fully consider the feature information of each dis-
ease. In the process of network propagation, the network can enhance the transmission of useful information for the correct
judgment of disease types and inhibit the transmission of useless information. Second, given that the parameters on the con-
volution kernel skeleton, i. e. , the central cross position, are important and the ordinary square convolution kernel is ran-
dom at the time of initialization, the ordinary square convolution kernel may be optimized in a direction that is not to
strengthen the skeleton parameters. We use an asymmetric convolution block to replace the ordinary square convolution ker-
nel, highlight the role of the parameters on the central cross position of the convolution kernel, and improve the feature
extraction capability of the entire network. Lastly, considering that each disease sample data in the data set is relatively dif-
ferent and the learning difficulty also differs, this paper adopts the focal loss function to increase the loss weight of difficult-
to-identify diseases and reduce the loss weight of easy-to-identify diseases. The network will pay more attention to the learn-
ing of the difficult-to-identify samples by using the focal loss function to improve the learning capability of the network for
the types of difficult-to-identify diseases, improve the overall recognition accuracy of the network for chest diseases, and
reduce the accuracy differences. Result We conduct experiments on the large multilabel dataset ChestX-rayl4, which was
published by National Institutes of Health (NIH) . The experimental results show that the average recognition accuracy of
the proposed algorithm for 14 chest diseases is higher than that of three existing classic and advanced algorithms, and the
average area under ROC curve (AUC) value is 0. 802. Meanwhile, the recognition accuracy of this algorithm is improved
to some extent for some difficult-to-identify chest diseases. In accordance with the gradient-weighted class activation map-
ping algorithm, we can generate the heat map of the focus area and visualize the focus area of the chest disease classification
algorithm model in the process of disease diagnosis. Comparison demonstrates that the positioning of the focus area in the
hot map is basically consistent with the marking frame given by professional doctors. This finding proves the validity of the
model, provides a visual explanation for disease diagnosis, and helps gain the trust of professional doctors for auxiliary diag-
nosis. Conclusion In this paper, a multilabel classification algorithm based on a dense squeeze-and-excitation network is
proposed for the recognition and classification of chest diseases. The experimental results show that our model is superior to
several state-of-the-art approaches, with a higher average AUC value and stronger ability to diagnose some diseases that are
difficult to identify. Our model is suitable for the classification of diseases and the recognition of chest X-ray images.

Key words: chest X-ray; multi-label classification; densely connected network ; disease diagnosis; medical image process-

ing
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Fig.1 The network architecture of chest disease diagnosis
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&1 DSENet-121 [& 45
Table 1 DSENet-121 network structure

= Hirth RF DSENet-121

L 12 x 112 7xT B, BKR2
Wit S6x56  3x3 kML, BN 2
Wik, 4o x2
DSE H(1) 56 x 56 { 1x1 %8 }x6
3x3 ACB
56 x56 1 x1 #HfH
AR g 1
VX283 x3 TEAIL, HK K2
Wik, 4 x2
DSE #(2) 28 x28 { 1x1 %R }x12
3 x3ACB
28 x28 1 x1 £HFH
AR (2) : 1
14 x 14 3x3 FEutl, KN 2
Wik, i x2
DSE #:(3) 14 x 14 { 1 x1 %8 }x24
3 x3ACB
14 x 14 1 x1#fH
AR (3) g B
7x7 3x3 T, HK N2
Wik, e x2
DSE #e(4) 7x7 { 1x1 %8 }x16
3 x3ACB

7 x7 RS, Ko 2
14 4 %1

nRZE 1x1

L1 FEEENFEMNE
1.1.1 %A E M2 DenseNet-121

DenseNet & i1 Huang %5 A (2017 ) 2 H p—Fp
B CNN 2544 78 H bR R0 iy SR HEAT 55 o, HorkRE
I T Y SRS AR B . A0 A

ST AT J2 Z 1) ) LK BT I A 2 Y B i 4
YER Y RTIE A B ZEA R 2 Z AR B T ek
MR B, Qi 2 Frs, 22— HA S DMEZ v, |
Vxy xs MANEER H, O H,  H, | H,
LRSI L8 e, DenseNet J2 Hi 221X FF 1) 25 4 M 2%
B (dense block ) 14 I JZ (transiton layer ) 214 1M Ji%,
B, — LIRS EEEMSA L x (L+1)24
R

55 g X

Xy \ X3

0

K2 —A45 ZRRaE g s (Huang 2F,2017)
Fig.2 A five-layer dense connection block (Huang et al. , 2017)

ResNet 238 o 1 5 1> 5% 25 e i) — 26 2 5 i
T P14 375 J2 30 o %o I3 T G 2 2 1 1A R o <2 0 e i
4% (skip connection) , T S5 M 25 75 Hij [] 12 475 Hf
AW LB AR AE . 1 DenseNet W25 44 55— J2
ST A BT A JR TR I ( channel ) 4E B AH % J5 1F
K —JZ A 520 48 1 R . DenseNet
REAEZ 80 AT 530 AR B A 1) W] B5f 3875 B ResNet
LS R PERE , RIHAR SCR T DenseNet A1 2k Al 94
BT LA ) T

AR B DenseNet-121 W 2& Hy 4 S ASa] R/
{18 5 B2 IO 28 H 2 o, L v g1 285 4 T 4 ey AN TR] A
G RRITA N, B SRR T s —1 1 x1 &
TR —A~ 3 x 3 5 A DL BORH I A ik 05— 4k 4k 2N
ReLU B9 bR B, % 4 W 45 B 22 8] (1) 2 A o 8 )2,
HAE R X FRAE B 34T T R A, DenseNet-121 41
T3 R,
L 1.2 S

SE BiH/EH T iE R HE i E 3 P, U =
uyuy o u g | G TR 4 %) 2230 18 R 1
BLEHEE R SE W, o H GBIl €, X =
Xo | NFHIEE U 23 55 S A )5 i

[-;Cl ,iz [
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I IMBURHIE R EE R RS € o DL g2 AR
FEEI R
zZ _F__S
v F, I — [T X
IxIxC 1x1xC
: |
W W
C C

K3 BRI b s 2 4]

Fig.3 Schematic diagram of squeeze-and-excitation module

e, SR B X CmEHE R U #hA7 4
JR 243tk ( global average pool) , %% H x W x C {4
EE U %A1 x 1 x C iy Z

2 =F(u) = -5 ¥ Sulij) (D

AP, (e = 1,2,,C) WHHEE Ut ¢ i
BEEFE, 2, (c = 1,2,+,C) WIkE Z 55 ¢ B
(E T kB IERRAE , [ Z 428 TR 1 4
R FLAE I S AR U AOmiss C .
FOUR, SRR A LA 2 R B i i Z 2
SEWIAS 4 PRI Ak (3 2 ST M R B 8
HiREW, W, 5 1 x 1 x C [kt S B
S = F (Z,W) = o(g(Z,W)) =
o(W,6(W,Z)) (2)
S, o S Sigmoid O FREL, 6 4 ReLU S BR%E,
W, e ROC RAREFIMBEL, W, ¢ RO R4 i
MBE W Hy W, R W, BRI T
Fo (o) WAL g, 2o W4 ge, i S s T
KRR
S5 AR B 5 () Bt S AT (T A
L LRI 1 x 1 x C I S 19 € MR
Fs(e = 1,2,-,0) %t CBBFEE U #7558
SE AL ARSI E R X 1
X, = Fo(u.s,) = su, (3)
R, X (co= 1,2,-,0) S IAUSHER X 5 o i
A REAEPEL, B F L, (u,ys,) AR F s, 5548
iF P, AEBELESE 1A TR %, o 7%
F BRSSP X 456380 38 i R R, 1)
SRRE £ TSR I , 76 ) 26 PR 38 A T 135 . T
I AL
1. 1.3 RRAEIHE & i A e
5 4 FEHE I 2% DenseNet #1 S [7] 4 L5622 ]

BT LA AN A 4 (a) B, AF 48 Wu (2019)
Bt 118 0 245 25 ), 7 SCAE 9 5 1 12 R 4% DenseNet-
121w DL — 7 £ 2 e 1) O SO BF TR SR B B
AR BT ) 45 25 K DSENet 41181 4 (b) s, &
BN R it 5 — {4k B ReLU 3£ 78 ReLU 3%

conv+pool

conv+pool

BN+Rel.U+conv |—

—-| BN+RelL.U+conv

BN+RelL.U+conv [*

(a) DenseNet

(b) DSENet

P4 A R 205 R S B Tl 1 245 45 4 ]
Fig.4 Structure of DenseNet and DSENet
( (a)DenseNet; (b) DSENet)

ST AT M 2% DenseNet B H24% 1 i BT A 45
FRATCAE 380 38 2k B A 3 J5 /O S A0 R T i i AR
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Bl Z 5 BRI YRS R IT A T B T
FRAEA TE e B AR DR e 2 2T 2% RS
FEH G X SEEMGRIE BN [ 8 3 9 B R, A
TR B 12 W e A B 2Rk, e dE A FAE 5.
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1.2 JEXIFRERBR

X FR A R 54 S AR 58 7 TG R A o
AT PG B, R E S fros, i
F ACB 2548, &l 5 (a) Fos IIZREIFAT#E4T 3 x3 |
1x3 F13 x 1 HH K8 3 B0 s & e e 15
B, H I AER AN S (b) Frsds 3 x 3,
1 x3 F13 x 1 HBRZEA N 1 DHEBEETS
PR 25, &1 5 (a) (b) AP 7 2045 21 10 4
AR S5 1 . ACB BB % DG it 45 F I 45 &5 44 L)
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Fig.5 Schematic diagram of asymmetric convolution block

( (a) during training; (b) during testing)

PR3 x3 BRI 9 NS EE R
FEAHE , 7E P e ag A B RIS RS2 FAY S A4
SRR L, WA 4 DSSEGE RN, il
I ERAENIG LR ERELAY, R Il B T30 E
A AR B 2L S B Ty AR AL o I R R AEXTFR
R A SR E EERN RIS E 28 ik
g R E 28 S EPE R .

AR R DSENet-121 P48 25 # vh A5 K
18 3 x3 RGBT 1 DGR EITH
a1 ZERBERNE 3 x3 HERZ, T M
28T N E A B 22 S B, 5 4% 1) R AE
PEHCHE J7 , A 30K DSENet-121 [ 2% 4544 v fl A 1Y)
3 x 3 i eGP AR ACB,

1.3 HERREEY

X F ChestX-ray14 %54k 4 b (9 i 7 B4, A SC
A A R — 5K ) e BB R — > 14 4E Y 1) S AE N
P& (B ESUE) iz IE Ay = [y, 0] L3
N = 14 f0FE 14 B, (0= 1,2,-,14) [
fHh 1 80,1 FERBHEBAN  Fhgp 0 AFREE
KRGS PR o [RIET, POZ% 1Y) 14 AN B R T &
fl—A~ 14 def B, By = [5,,0,,.0,] , H
yi (i =1,2,-- 14) R HIWTES @ P B 1)
MERAE (BPFUINME ) o Z 5098 N A AEIL SR AT 55 h
HBR 70 38 SN 5% 2% oR BT BAL B A e 1Y) 5
il

L, =-yIny, - (1 —y)In(1 - y,) (4)
X,y WESHE, y, ATE

{HJZ , 7E ChestX-rayl4 ¥4l 45 o, FAAE B0 A1
iy 1) 1, HESLBR R AR D, AN T N 4% 48 IR 1
FISCHUE B IR ZAEAR T R B 2R 15 B,
MEVIZE s AN [R1B 0 i B A S A AR T, S 8eE T 1)

XMEZFEREAIA] o BT DAL IR, A ST 2R 28 1, o)k
FHEE SR R (Lin 45,2020 ) 355 43 g 1) 43
RAE L,
Ly =-a(l -y)’ylogy, -
(1 =)y (1 -y)log(1 -7,) (5)
A, a =0.5 8 =2 HBESE,HF 14 FPEHEIY
FARABL RT3 hy P 28 3 AR B 0 2K
FH UL, 3 D0 45 2 AR 4R 460 2 R BICR] R g o g
(A IRAEL , (A5 ME UM B e L — R IAN R, &)
U e LA — A3 /N AR, 38 3 I 2% 2 ) A% 4
A5 ) 6% B0 S 3 X LA TR I B P S A 2 2T, L
TR BRI 43 S He ) 5 ) X 8 A

2 SRIGFITTIE

2.1 HEMLESIIGSHEIZE

S5 eh 58 [ 1 37 T AE BF5E Bt ( National In-
stitutes of Health, NTH) ( Wang 45,2017 ) 3B -/ T
AR Z2 b5 % 50 dI 4R ChestX-ray14 , 2 84 5 & H
HIA TR S R B M &R X 4ot R S 46, & 7
30 805 MY 112 120 5K X Ze il 5 (9 i AL 1T, e
RGN 1024 x1 024 1425, 2% 60 361 3§
B8 A J (no finding ) i i R, Kicdfa 46 v 10 45 0
FHGER PR T — > A —Fh s 2 Fh i LR 14 Fh i
FRBR PR o B2 T AN [R) 0 A K 70 A 1 0
WNE 6 FIR , DB RS AR AR B D, il =<
Jifi ¢ 2T 4EAC S, T BRI SE RN AR A £
FEARCE 22 S R S 30 T NGy 80 A1, 250
FATS5 A RAR K. Wil 7 (a) (b) B 4L & 5 51
AR T BR 4 S D IEDT K (cardiomegaly ) 1 2
(\pneumonia ) F) i 1 I 18T ( 76) AR AE AR R (F)
Horp B AR BRI R AR T HE 2 A SRR B 7 A Y
F el 5 A 45 L R b DX T HE 500 4 22 1k, £
PR th A 984 5Kkl Fr Bl 45 3 1 AR HE£ i , Tk 5
8 T , A SCARTE AN T %5 o
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Jili’< (hernia)
HfE34 S (pleural thickening)
2T4ifk.(fibrosis)

Jili ifi(emphysema)

7K (edema)

filiSZ7% (consolidation)

227
3385
1 686
2516
2303
4667

S (pneum othorax ) 5302
Jili % (pneumonia) 1431

Jili%k i (nodule) 6331
iR (mass) 5782

&1 (infilration) 19 894

B (effusion) 13317
OMIEY K (cardiomegaly) = 2 776
filifssk (atelectasis) 11559
0 20 000 40 000

6 ChestX-rayl4 $da AR A A0 Kokt 4o A Pl

Fig. 6 Distribution of different diseases in ChestX-rayl4 dataset

P

(a) CHES R (b) fifi &

K7 ChestX-rayl4 $dladE s IR 1
JEIEL () S EEA bR (F)
Fig.7 Original pictures (left) and doctor’ s annotation pictures
(right) of two diseases in ChestX-rayl4 dataset

( (a) cardiomegaly ; (b) pneumonia )
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K, R FES R RAF TRV R, BN 192,
2.2 HHETFMIERR

N T WL A DA 4 12 W PR RE RN
D555 A SR AT LU, AN SOR FH A2 10 A
fiIE gl 2k (receiver operating characteristics, ROC ) 3¢ 3£
PUBE R AR 10RO BE 1, IR Rzl T )
M FH (area under ROC curve, AUC){H#fTE =T
FLLEL. ROC Hh €8 LI BT A AR AR 1 73 28 25 R AE AT
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FIEIEBZR (true positive rate, TPR) Jy i I AL bRt

Frilizz o FPR FoR BT UREA R 23 28 B0 IE 451
RER, TPR /R BT IEAEAS P 0 2 AR BE I 1 4
IEBIRIRER, BRI

FpP

FPR = b1 (6)
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TPR = 05 T pN 7)

K, FPRIEW], TN R EGAG], TPy HIEH,
FN Jyffifil, ROC fhZHiid T FLRHPE (DA ds ) Fil
B BRAPE (R A bR ) Z [R] BT, el o, il 2 s g i /e
EAf, BRI AUC (B BOR (BB T 1, WS 3 26
PEREAT
2.3 Z£R545H

SROC i Ziiti%: T A SCHIEAE ChestX-rayl4
BARER BT 14 Fppi i 3SR B, i 2B R0 T 42
A RTEE AR PR R AT

1.0

0.8

= Atelectasis (AUC:0.80)
—— Cardiomegaly (AUC:0.79)
~—— Effusion (AUC:0.88)
—— Infiltration (AUC:0.78)
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~—— Nodule (AUC:0.86)
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Fig.8 ROC curves and AUC results on ChestX-rayl4 dataset
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(Wang 4%, 2017; Yao %%, 2018; Ma %%, 2019) 7£
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W, AR SCO7 AT 14 B (R il MR 2 (10 2 (B
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Table 2 Comparison of multi-label classification methods of different chest diseases on ChestX-rayl4 dataset

WiReS
Wang 2 A (2017) Yao % A (2018) Ma % A (2019) &
i A8k (atelectasis ) 0.700 3 0.733 0.762 7 0.785 0
D IEY K (cardiomegaly) 0.810 0 0. 865 0.883 5 0.876 6
U375  effusion ) 0.758 5 0. 806 0.8159 0.862 8
% 1 (infiltration ) 0.661 4 0.673 0.678 6 0.673 0
ik (mass ) 0.693 3 0.718 0.801 2 0. 804 0
%4 (nodule) 0. 668 7 0.777 0.729 3 0.729 9
Jiti 4 ( pneumonia ) 0.658 0 0. 684 0.709 7 0.742 3
5} ( pneumothorax) 0.799 3 0. 805 0.837 7 0.842 6
fiti5272% ( consolidation ) 0.703 2 0.711 0.744 3 0.784 6
KM (edema) 0.805 2 0. 806 0.841 4 0.872 7
i< i ( emphysema ) 0.833 0 0.842 0.883 6 0.858 0
LF AL (fibrosis ) 0.7859 0.743 0.800 7 0.775 4
258 J&Z ( pleural Thickening) 0.683 5 0.724 0.753 6 0.756 3
i<, (hernia) 0.8717 0.775 0.876 3 0.864 5
- ( mean) 0.745 1 0.761 0.794 1 0.802 0

T L AR OR A T R L As

dr, il ASEK A AUC {24 0. 785 0, % Ma 45 A (2019)
TEERTE T 2% AR A AUC {EIAH] 0. 862 8, %%
Ma 25 A (2019) J5 k48T T 4% o X T HAEA ™
FIARELE X DGR E R B8 A e i 52748 A
KM, ARSI A Ma 28 N (2019) J5 54 1% ~ 4%
A4 TF, HOAUC {E 43 51 & 0.842 6.0.784 6.
0.872 7, F34h, TE s kb DX IORH X 45708 1Y 5 i 4 i
BRI R R VS 92 e b, AR SO 1A 1Y
AUC {E 43 75& 0. 804 0.0.729 9.0.756 3, 5hi&H
TEAHZEA KRS A ST o 6T B AR R S %
OB QT R PR, AR ST 3528 Yao 25 A\ (2018)
JPEWARTE T 3% ,AUC {HIKE] 1 0. 742 3 4£TH4K
Ko LRI, A SCH Ik RE B o7~ XERUA PR
TR IR AE , HLE AT, AR 3005 35 360 B ¥ 53 9
P SF- 2 AUC {5 A — & $2 71, B R JE kg
B
2.4 HRASS SO

N T PR AR TR A AR B s 2R (9 R, AR SC
F£ ChestX-rayl4 %ifide EIEAT TIHASESE . KA SC
SEA N SE AT 73 AT T BB SE BB BB ER
AEXS PR (ACB) 1M 2R 538 05 T2 6 BV R B

FE P BRER (FL) TR FH 00638 SUR 43 2% R B A
J 2B SE #id B[R i) R A3 38 7 T8 B U DL R —
TCAE SR 2 sRER 1) FE AR A 3L 4 4 S, A5 4
ANBEHLNT I ER A (1) 4328 AUC (B 5 A4 SO AL i 47
XFE, W 3 FiR .

H & 3 LU Y, i 2 E SE A 7Y | 348 st
SR, A SO R SRR 34 AUC (H T T 4%
ILAES S SR R, 1 AR
SRS | B B SE B e, A5 TR [ F- 34 AUC {H i
0.802 0 F[£%0.794 0,iiEMH SE fBRAYHfE AL H2 T

PR E 15 B R IRAE F1 o HUR B AR SCREAY (1Y

ACB B4 03558 J7 T 6 B 5, BRI I SF- 2 AUC
B TFRET 0.55% , UL ACB X 1438 [ 4% 1) 45 AF
PEHRE A — AR . a2 ot sc U
P BRIl £ s B 2% pR BT, #8578 1) SF- B AUC
fHFFEZ 0.798 9, T REA B ., {H o g 22 B £5 45
W R B TR TR PR RE B A sk bl AN, B
Fi SE 5 #R AUC B T B i 2, (HA L T 0
LA [P35 AUC {H 0. 792 2, sl it hAs, A
SCR I 3 AP sl 21 7 X6 T A 7 M e 4 T S
B o
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R3 HMIEERILL

Table 3 Comparison of ablation results

e

FEAER AL R SE Hik FER ACB FBR FL AR S A
Jili 38K (atelectasis ) 0.771 1 0.773 9 0.782 0 0.777 8 0.785 0
OMIEY K ( cardiomegaly ) 0.868 0 0.8770 0.884 6 0.877 3 0.876 6
T ( effusion) 0.872 1 0. 858 4 0. 866 5 0. 868 8 0.862 8
%1 (infiltration ) 0.670 4 0. 666 4 0. 678 2 0.673 3 0.673 0
Jifi Bk ( mass ) 0.797 2 0.798 1 0. 805 8 0.809 2 0. 804 0
ifi 454 (nodule) 0.712 9 0.715 5 0.717 1 0.7222 0.729 9
Jifi % ( pneumonia ) 0.724 7 0.718 6 0.718 5 0.724 8 0.742 3
5] ( pneumothorax ) 0.8329 0.8379 0.849 9 0.837 0 0.842 6
Jifi 512725 ( consolidation ) 0.783 0 0.781 2 0.788 8 0.782 6 0.784 6
K Jift (edema ) 0.872 1 0.872°5 0. 867 2 0.867 0 0.872 7
i< it ( emphysema ) 0.8527 0. 843 4 0.849 0 0.844 8 0.858 0
21 Y4EAk (fibrosis) 0.764 4 0.763 7 0.755 1 0.752 7 0.775 4
it 518 J52 ( pleural thickening) 0.755 8 0.756 3 0.761 4 0.767 2 0.756 3
i<, ( hernia) 0.834 0 0.8529 0.827 2 0. 883 4 0.864 5
SE-4 (mean) 0.792 2 0.794 0 0.796 5 0.798 9 0.802 0

T L AR A T R LA

2.5 SERIRRY R A X AT AL ZE (L

TEXS B 3 2R REHEAT R HE 0 A B SRl |-, A
SO BT T e Moo 8 3 B BE AR
W 5} ( gradient-weighted class activation mapping,
Grad-CAM) A= B 1 55 W B i kb Do S 481, T
LA A AR I 245 2 ) T T T 4k 4 g ke X
T 5 Ml B AR i T R BR TERE RS I 7 AR A AL
DXAR T R A7 %8 b DL S TE 2 AR 36 A HERf 7 o Grad-

(b) LS

(e) Jirth

() Wil 5

¥

CAM S35 REAE I ot N AT 2 000, o Ak P A
AR B B ISP 21 DA TG A= A T TR I RE % 19 4%
PN TR R X ORI A o A SCEA L s 2o
B R G — N EPUZ M S B R, B9 JBR T 8
g i) B AR AR TE B (Z5) AR (1) SR IET P
T L BB S A 32 DI, HL AR B 5 AR A
VEMEEI A TR 2R, 228K, ol ikt XA
KRB CUIPEO (b) D HEY K VIO (o) BUKSF ) it

(c) BN

(2) i (h) iy

K19 8 i i i kb DX (P (A7) 55 ol BRAE AL XA 18T (72) A b

Fig.9 Comparison of the heat map (right) of the focus area of eight kinds of chest diseases with the

annotation image (left) of the focus area of professional doctors( (a) atelectasis; (b) cardiomegaly ;

() effusion; (d) infiltration ; (e) mass; () nodule ; (g) pneumonia; ( h) pneumothorax )
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), PR BT E L Bk DR REAR 4 W) 5 5 AR
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W25 I R W B 7 R k. EE N AL
1) b S 5% 4% W 45, e b DL A T7 SUIAL SE
FEPLIE B DSENet, 3§ 58 1 Ak 18 18 19 £ 5 R 1k BE
J752) SR FHAR XS B BR R, A6 AN 38 T 42 2 fi] 355
SAH A [R) EF AR T 9 268 0 S RE 5 3 ) SR T AR KU 5K 6
BT 9 205 X AN [ 5 O U050 2 5, 3 i T B R)
MERBIBAGI T RE ST o 7E ChestX-rayl4 %fladk I
(SR 45 AR, A ST 3 368 Wi 00 J P 0 0 8
i, LTRSS R gt — 2D e T R A A Rk . Tl
5 AT 28 SR e R Y 05 156 HE R B, AR S5
TEAURAARTE IS BE = B3 MER B Fh 2 1Y
WU RE 1B

F T S 58 i R ) B s SR AR A SO R, H—
S L R RE ] i 6 55 22 b il S 1 , 50 ] 1 5%
F oy SRR AR SCTT % 38 R 2% 1 I T s 22 (1]
AR o ANRPRERRAS 2Z 18] B AH SR RS Rl A 31
P 268 119272~ F (AT D00 260 M i 2 ~J F 0 8] 1) A
KRB M R — RS . ARG 2 AR AR X AR 25 ]
AR 5 R AT AR, AAR 4 0 18] 1) 56 R g — 2P
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