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Abstract: By retrieving patient data from multiple modalities such as images and text, physicians can analyze the
patient’s disease progression more comprehensively and deeply, thereby making more precise clinical diagnoses
and treatments. Given the rapid growth of medical data and the challenges of low storage requirements and effi-
cient retrieval, hashing methods have gradually become a popular paradigm in the field of cross-modal patient re-

trieval. However, existing cross-modal hashing methods still have deficiencies in utilizing the multi-label infor-
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mation of patient diagnostic categories and achieving collaborative modeling between modalities. Therefore, we
propose a method named graph enhanced hashing with cross-modal attention (GEHCA), which is used for
cross-modal patient retrieval. Firstly, a graph information enhanced label encoder is designed, which constructs a
label graph using the co-occurrence relationships of diagnostic category labels and effectively extracts multi-label
embedding representations of patients through a graph convolutional network. Secondly, to alleviate the sparsity
of the multi-label matrix and enrich the semantic information of the fused representations, the model introduces a
cross-modal attention fusion mechanism between image, text, and multi-label embeddings. Finally, to effectively
integrate the multi-label co-occurrence relationships and semantic information of diagnostic categories into the
hash codes of patient image and text data, and further enhance the discriminative power of the hash codes, a si-
milarity loss function that utilizes intra-modal and inter-modal associations is designed. Experiments on the
MIMIC-CXR dataset of chest X-ray images and diagnostic reports demonstrate that, compared with three classic-
al cross-modal hashing methods and four advanced deep cross-modal hashing methods, GEHCA exhibits perfor-
mance advantages under various hash code lengths. On the task of retrieving diagnostic reports using X-ray im-
ages, the proposed model achieves mean average precision improvements of 2.98%, 1.21%, 0.63%, and 0.53%
compared to the second-best method, at hash code lengths of 16, 32, 64, and 128 bits, respectively. On the task of
retrieving X-ray images using diagnostic reports, the proposed model achieves mean average precision improve-
ments 0f 0.91%, 0.75%, 1.03%, and 0.57% compared to the second-best method at the above 4 hash code lengths.

Key words: cross-modal patient retrieval; deep hashing; graph neural networks; patient representation learning
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a* i at AR IR G SRS A RAENR] . 3
AL ZHRE AR B BRE B E R, o &
INTCR YA, © FIRXLAHNN .

SAliEd E SR AZRAE

I l RIS IE

sz [ QAR
(IITTTT]

aTL

LA SCAHRATRAE I T

K3 BERSTER R as i

Sl i BB 2 AR5 . SUR S ZhR%E 2 ] )
PSR B AR S RN

aXL _ <hiXaZi>
1
[0<[ tal, (4)
all — <hiT=Zi>
1
Il

o, ||, Fer i ity 2080 mvA EHR S SORI
HRARAE, RS i 1 25 B A RIE T Bl
h- =z +a~h* +a'“h! (5)

B, AT 2 B A RN 2 A S8 B T 2R
HE = () e RN RIS (4) (5), AEbgAaL

i=1
kb 78 2R S ik AR SUE B, Rl 2 hn 2 0 e
BT SR B A R
2.6 BIREEFFE KK
NS 2.1 15 Frads , X 45 BEAS M 7 2 i B B SR
REAERTF X (1) MRS, B,
LA 4 SR At TR ERUSR B/ IMELRTE =X, RIAT
15 2 B BES I A i BRI R, AR
L,(B",B")=-Inp(s|B",B")=

~In Y’ p(sij |bi*,b]7)=

S;j€S

D p(ln(1+exp(<b;‘,b].‘>))—sij(b{‘,b}‘)) (6)

SijeS
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e/ AR R pR B, BIVRT ARG OR AR 2491 [ AL 1
PERESAGIG A G b o SR, PR T AR A A e i ik
R MRS R (2) 7E9E o (HA MR IR
Zh 0, 5l RN R iR BEIE R R, f
WAGRERLRI R, Dz L fh ) ROHE A B 422 5K % o
BNk — ) 1, R FH— i B Ay i FH P e R SR i ——
SRR B S A A ik AR AR H AR
ARG BT, Kl (6) BN

Lh ( H *’ H *) —
SZé:S @y (ln(1+exp(<hf,h}ﬂ>))—sij <hi*,h>;>)o
S, oy =(S1/,)° (18 /so)) ™ T
BLFNASHE RL S5 ) %o B i AN (AR 240 S, =
{Sij €S:s; =l} 1S, :{Sij €S:s; :0} 1 9 2 7R A
LS % A A5 AR AR AL S R 4

BA RIS Wibs 2 04 S8 38 S0 v, RIS £5 4 5
AR, A p g BA T UM . i T S B4 B s
PARVERA, Bt — RS AR R kgL, H T
12 W 22 bR 2 ] Y S B G IC i SUAR 8 b 7 31 1]
B SURBESE A gt b . HOHEARh

Linter-modal =

L, (HX HT)+L, (HX HY)+ L, (T, HY),
T IZ AR PR, 22 BRI AR 25 (bR 25 8
SERAR BT LA A% 328 3] 1R85 SCA Y 0 A 4 i 11
Gl FErp, ST ES B E A R RRAOR , £
W Ay B 15 B B o A B S B AL, e
AR AT UG B RS, [ 255 RS SOR R
A Z[E] Y ORI % R, RERSaE— 2Dl D RS SR
R 2Z 18 8 5 JBa e , 384 90 s A G % 1) 4 01 BE o IEA7B
P T [ ASE A 5 1 45 S 91 T Py A ALt 1 45 38 £
R, RIEARSGRGIA T — AL Y AE B 3 2K bR

Lintra-modal = Lh(HX»HX)+ Lh(HTaHT)JF

L, (HY,HY),

N T I SR R AR HT A AL A A A i
Bf 77 2R AR B , ZEA0 2 RS0 b 7 ik 1 D) 2
pammion =3 RS-0 T b7} . 2, GBRCA

i=1
BEAY (AR R H AR R AT LLRR
min - L=L e modal 7@ Lintra-modal + B Lquantization (7)

Ox,0r,6,

Horp, o Bl B 3R 45 151 R IR ) 9 2 80

T (7) 2y, PR Y il S Hon] L
M 2o VR S 1) A AL A AR /N R Ak
FrilAl, PR . SCARBE KA A0S 4 2 i1 T2 RE A
Vi 31 3 1) 77 AR5 1T 2 o

3 SEWMRLGRSM

3.1 HURSHRFITRALIE
ARSCELH RS MIMIC-CXR $ds 42 V2 TF
fFEPERE o ZEREE— D KRBT HES X
AR B e, WSSk T fR DU L 6,30 L Phs R g7
O 2011—2016 4F 227 827 44 R BT AT 2
FERARVORE, A5 377 110 5K B X L AR A,
WA, B2 A A —A B SCRIE R 2=12
Wil o BRI S 14 DME2WitRZ, il
iRk ( Atelectasis ), O HEAEK ( Cardiomegaly ).
filisZZs ( Consolidation ). ffiZK/f ( Edema ). >4k
F& ¥ K ( Enlarged Cardiomediastinum ). & Pt
( Fracture ). fili#y%4: ( Lung Lesion ). ffiTBH%
(Lung Opacity ). f@#H¢ (No Finding ). M BUR
( Pleural Effusion ). HAbJifg EORE IR ( Pleural Other ).
ifi% ( Pneumonia ). S ( Pneumothorax ) A%iHh
4% ® (Support Devices ). X FHEABH LM, 5%
FREXT N B2 W an 2L A B, WIFRic >k 1, BIdEN
i 0, JCERENRIC -1, £ 4 Bl
MIMIC-CXR %4 45 1 B 451
X MIMIC-CXR B R i1 T AL B, A4 LR
HERFEESE (RIARZE 1) B, L&
FEAES IR 257 I 1) 528 ( B HAB BA PR 12 W
TEATS B S R AR 0 Ry f R Y S 151) )5 (B8 45 S48 ) 1 )
X CAnERBESCBTCIE 0] X SERfg, WA B
T X OGHUR o B2, PEHR 73 837 ASLHIY X 't
WAL FZ Wi TS0 0 Al . A2 Wi & # R AK
PR R B 617 ANRNC 5y &, A
ST N ) Z2 R M RN — A 14 EZ I 6=
FEMR B BE, S HESCHR2,11], BEALEEEL 762 452
BIVE A AE, HAy 73 075 DNEEB FTER R G, 18
IR B, WA R PP BEHLIZEHE 14000 SEHBIAE R
YA, FHEHMERL 1 000 P LFIVE R EUELE
3.2 ZLWRE
3.2.1 VMR
KRS Y ( mean average precision,
MAP ) 15 B E BB R R NI 845 . X236 q
A, HR R &5 3 19 F- YK 2 ( average precision,
AP) A H
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FINAL REPORT
HISTORY: Subarachnoid hemorrhage.

FINDINGS: In comparison with the study of
___ the endotracheal tube remains in good
position while the side port of the nasogastric
8l tube remains above the esopha-gogastric

@Y | junction and should be pushed forward

§| several centimeters.

Again th lobe pred i
Again there is upper predominant

emphysema with pulmonary fbrosis that FELER |
| predominantly affects the lower hmgs. No

]| cvidence of acute focal pneumonia % HJJ

HH

850001598

FINAL REPORT
INDICATION: Hypotension, altered mental
status.

COMPARISON: Chest radiograph, __, ___

FINDINGS: Frontal chestradiograph was

provided for review, The cardiomediastinal

and hdar contours are stable. Again seenis a

small left plewral effusion, much decreased

compared to the most recent prior study.

There is no right plewral effusion. There s i)
no pneumothorax. There has been overall

improvement in the bibaslar and right apical *El i&
opacities since the most recent prior study. A N
tracheostomy tube is agam noted n.

acceptable position. There has been interval

removal of left internal jugular central

wvenous catheter. Again seen is a venous

central ine terminating near the infenior

cavoatrial junction. Contrastis seenin the

stomach.

§52105600

IMPRESSION: Overall improvement with
small residual left pleural effusion.

FINAL REPORT
EXAMINATION: CHEST (PORTABLE
AP)CHEST (PORTABLE AP)i

INDICATION: ___ year old woman with
acute SOB // Acute SOB

COMPARISON: Chest radiographs since N
__ mostrecently i L‘HEHE

IMPRESSION: Mid interstital edemaitis | G, Jfili
worse, in the left hmg. Moderate
cardiomegaly chronic. Pleural effusions K $53999282
small if any. No pneumothorax. N
g fs A

W

qi1
Forlr, N FOR e R R P A o HISERG 5
LA R R | KR b 5] I
S ISR SRt SRR R B 5 5 2 i
Sl E SRR ARR, A —
Sy Bz, MK ERTRM. D4 M i
AP 2R, AHSRPH, T 5]

18
MAP =—>"AP, .
q=1
Hrp, Q Rl s, MAP {Hl, F£IN
KR PERE AL .

3.2.2  XFHETT RSB

S, R 7 PR AR B B RS A A TT
DA AN T, AL 3 M i 1 S S S I
TR 4 B Stk i TR B S AR A MG A T

(1) CCAMl, —F Jo Wi S M5 W 75 ik
LA BT RS SCARBEAS T U AR SR MR R IE 2
] A A DG, A LA 1 SCUC FC A 1 I i )

(2) SCMP. FIFHFRZAE B, EAARE 2 4
A 1] $5z R DG A R $R T 2 20 B A RE 2 1 S 1
Ui E i/

(3) SePH™: SR FHARE 3 Aii (1 5 2XAE HAH )
FESE RS, [RlRf B /ME Kullback-Leibler #UE, Xt 4%
RS BE A 8 — B ) ki g

(4) DCMH™: 1 5451 [ia] (1) Je X6 AR 7 Ay W
BAF R B IE 2 2] 56 A St A e AR 31—
A ity 3] ity P HE 2 v AT 1 26

(5) SSAH": i [ WiB 2% 20X B A BB
M, R 2R SRS B 2= 2 i A R K, 4R S
I W B FL A A B 1) 0 A i i

(6) DSIBH!"': Y5y )28 AL b e =
PRI, > SRS TR ITURTE S, HER &1
A E 5 7 o

(7) DMCAH™: FIFHERE L, X 45HES
R AR R A TR, JF I SRR Bk
S 278 N e 2 (i) SFe SR EURH L 14 W A G

Bk CCA 4k, Vi bErdk¥E + g s s g
AT A 5 R FL i b SCHR 47 S 4
FEI. HAFILH, GEHCA FIE ) % g i
K CNN-F ZEYIZREE R X JEnis EHREUY 4 096
HeHFME, [FIEEVE N CCA. SCM Fl SePH iX 3 Fiife
4207 1 BUS RS I IR LR FRAIE . 78 GEHCA 1yl it
B, IR R/NEE N 128, R Adam L7
PEFTARAL , 2% 20 SR S8R 8 R 107 02 7)
o, B AR R I R A o =1, d Ak 1 3
FHp =001, HPiIEALE, L, GEHCA
BRI 25 1) B K epoch PR 100, Jf-R A H45
WS, MO EBN 10 4 epoch, BIZEIRIELE I,
SRR A 451 2K RS IE 7E 74 2E 10 4> epoch WIRA
TRE, RIS

g, BGEERS A T ET scikit-
learn T EAuU2szpl, VR BEASLAS M 75 0 Bk ¥R H
PyTorch**1S2 B 5 i FH i) IR 55 #5845 %, Intel (R ) Xeon
(R) Gold 5218R@ 2.10 GHz CPU, 251 GB N#§
F1 NVIDIA GeForce RTX 3090 .,
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3.3 XfhEsEIe
£ MIMIC-CXR #¥a4E I, X X eniigig
LW (RPN X—T) S2WHRE R X g
(fAIFR R T—>X) X 2 BES, 8 Fiikn) MAP 45
FREEIRMZE 5 Fn, Hb, Fra8Eh 5 kil
SZEGRSEIAME s B2 SCHR[2,9,11,14], PAT gk 4
BWEN 16,3264 F1 128 fii, AT LIFH : (1) 7E X—>T
B4, S5 kM L, GEHCA 4t KN
16.32 .64 F1 128 {ii i, MAP 154343 542 55 2.98% .
1.21%.0.63%711 0.53%; 5 HoAth J5 B A e , SSAHM

DSIBH""Hl GEHCA 3 5 0 i APk RE i34, H.
TE Gt A BRI AT A By (R e B, D PR ik 2y ik
PI it T AR5 g it 4 K BEER 2 bR 2 v 1 i SURRAIE
IR RN AE LR, FE TWRARBEER. (2) 7
T-X L5+, HTARSZE XS W& AR I AL
P A XS R, 8 AT IE Y MAP 135378 EDUL L
Z SN, {H GEHCA 15320 A BRI R PERE
S, GEHCA 7£ 16, 32, 64 #1128
P EET , MAP 184370 34T+ 0.91%. 0.75% .
1.03%F01 0.57%.

+£5 £ MIMIC-CXR #i2& £ 8 #7558 MAP B4R Xttt

. X-T T-X

ik 16 iz 32 fif 64 i 128 fif 16 iz 32 fif 64 i 128 fif
CCAl'Y 0.519 4 0.5175 0.516 4 0.516 1 0.523 2 0.520 4 0.517 8 0.5155
scMmi! 0.5153 0.518 5 0.5154 0.519 1 0.514 8 0.5179 0.5179 0.5157
SePH!*! 0.5256 0.518 2 0.529 7 0.5328 0.513 7 0.525 5 0.523 7 0.521'5
DCMH"! 0.5258 0.549 5 0.559 0 0.5813 05171 05174 0.523 7 0.524 1
SSAH! 0.588 0 0.578 7 0.579 9 0.590 5 0.5180 0.526 6 0.526 6 0.529 7
DSIBH!! 0.652 0 0.668 3 0.666 8 0.663 2 0.524 0 0.5322 0.534 6 0.539 4
DMCAH? 0.5557 0.557 6 0.559 0 0.578 3 0.526 7 0.528 8 0.5313 0.529 7
GEHCA 0.6714 0.676 4 0.6710 0.666 7 0.5315 0.536 2 0.540 1 0.542 5

T MR EUE, TRIZFRAWMHE.

h T PR 2R 5 45 R b GEHCA FE R RE AL 3 1)
Gtk , SR Wilcoxon IS 56 PNt 12455 Y
S HA 7 FhxFH O EERY 5 R BEPLSZ IS R T X
o, R 2 RO B RS I A p (E/N T 0.05, WA
EAT B EEREZE R . 7 MIMIC-CXR 4L iy 2
MRS, 4 A giS KT, P GEHCA 1
okt BT pEXT LI 6 B, LA,
X—T 5, UK EN 64 ALl 128 fLl,
GEHCA 5 DSIBH" {1k fE 22 520048 1 3 5 oAl
MF, S5HAWEA L, GEHCA HAbY) i
HIHERE S

£ MIMIC-CXR #4845 I, GEHCA 52 Hiuf%
Gis PRSI A 7k CCA | RN DCMH J5 i
S A ESARAS R REE R AT HLEEFI W Z 7 Fras . Al LA
F 5T —AN S Wk it S 5 R s R A 2 )
S, X—TAESH, CCA WIRT 5 MRS Rb s
34 S S A FE G, DCMHY A 2 SR AR,
M GEHCA BYHT 5 Mg 45 R 43 -5 A i) SE 441
KXo TE T>XAE4 %, CCA YR 5 MR L R
A2 A 5ERLHRHRK, DCMH HA 14K
AHC, 1M GEHCA A K 3R 45 5 34 5 4 1) S AH 5
ST ZE R LN 5 CCA il DCMHPM 1, GEHCA

=6 7E MIMIC-CXR #i#E% £ GEHCA 5 7 #1735 MAP 84 Wilcoxon #XF1& 58 p {EXTEE

. X-T T-X

ik 16 {1 32 1 64 i 128 i 16 3 32 1 64 fii 128 i
CCAl'Y 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
scMmi! 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
SePH*! 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
DCMH" 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
SSAH!'Y 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
DSIBH! 0.0159 0.0159 0.8413 0.547 6 0.007 9 0.007 9 0.007 9 0.007 9
DMCAH? 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9 0.007 9
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&7 & MIMIC-CXR #iEEE £ 3 M5 ERAT 5 MERSKHRLE R
{15 Al I 5 MEREGR
A]:::llmim N Compared to prier There isnow ?xﬁm e Borderline size of
L8 ey P s misimally e cerdlee o
pectoral o . increased. No .
pacemakerinsit ‘more pulmonary severity. A small evidenceof derate refro-candiac
ccAl® Nopneumonia. edema leftpleural... pneumonia ... atelectasis. ..
MR i K i ARSI L AR O
Wi [T K. A7
There isa large No chenge Masgive cardio- They might poter- ... which Ikely
right pleural comperedto the megaly with retro- tially reflact im- cepresents @
effusion, which m‘;‘;““‘:{‘;‘l““ L cardiac and right proving pulmo: combimtionof
chscures theright b basileratelectasic. nury edem, but leual fluld, can-
X=T DCMH®! | beartborder... pueumothorax... No lerger pleural... attention ... 30'idation, end....
Mol B =y ARk O ERE . K BT Hﬂ%é&fﬂ@f}‘ﬁ\
IR 5 RIS - BB -
Moderateright Likely small left Mild pulmongry ...pleval effusion Stable right-sided
y 54 Y end small left and rij leural edema has i - leural effusion.
M‘ W pleurel effusions eﬂizsiil::ltmo- ved. B{hsi::m i;:dmd ;m ;':mwp:‘:m
‘unchanged. Pre- cardiac i ot - cardio-pulmonary
GEHCA vious ... is un-changed. small effusions... ﬂxm process... ’
2 ST 13 O 7 N N 1] 50 A7 S 7 0 N 17 | N 1 5 S 1 S A
K. MERW . WREE WERW. - W, BM. - B, IERR
ccaAl® | 4 ' .
o ¢ 2 O BN CHERE RIS R GOMEACC . B BRSO OREREK
HISTORY: 7-wlr-c:‘::v;:£::‘rqm-swvkwilv'hwmﬂdwm j(‘ M M‘ W‘
i ooy, b rpes, s ey =
STUDY: Portable AP semi-upnight chest radiograph.
COMPARISON: Muliple chest radiographs from _ through __ F #
ToX ‘r:m‘:cas There has been interval removal of the endogastrc ube. The DCMH[Q] * ey
|m;mm"[uupwsv;. rnm.r\gz_:f‘ar‘m@er\i;wnn( ‘ _— . b . 1
e MR, Mg, LWERRK GHEY BAHK . WK B K BB
pal MR - Eis B MR L -+
bethbese Thria o o
A . e n
& ) 4
GEHCA 1

AN K |

A | B AR
i

M fE AR . B

I ] 502 SN 1779 N 0] 552
LB R E W HE

T TRILRFRRREER D5 AN E S 2B RbRE .

REAG 2 2 AG B (e B 25 0, A Bh T o0 B2 A R iR
HRMETHEMENSE
34 HRRSLIE

£ MIMIC-CXR #4448 L1 Al 5250, 5ok
GEHCA iR H 1) 3 ~45 /& GEHCA-G 1 GEHCA-A
il GEHCA-B XIS RYERE S . Hrr,
GEHCA-G /R R BR B SR A AR A, 38 526 b 25 4
a2 ZERGFUZ B8N & R b 2T 8o
FC K529 ; GEHCA-A Fon LRSS R I
PR, ¥k (5) P ht B FRE GRiDER Y
it z; ; GEHCA-B f8[RIFHRSBR LA I 2 A3y AR
o g b, BEE 16 A 128 VR KA 75 b K EE
AR, THASCIRZE R E 4 PR, 1 XoT
155w, Uit K B N 16 57 F1 128 2, 5 GEHCA
HIH, GEHCA-G 1) MAP 35070 % F R 1.50%H1

K/
n

0.45%, GEHCA-A ) MAP 134343 %] F [ 2.60%F0
0.58%, GEHCA-B (1) MAP 134343 %] F [ 3.64%F0
2.16%, T T-X {E:5%5H, 5 GEHCA #lt, A
A BERT, GEHCA-G 9 MAP 184373 % F %
0.41%F1 0.11%, GEHCA-A ] MAP 154343 %I T F&
0.15%701 0.28%, GEHCA-B [} MAP 154343 %I F F%
0.66%F1 0.31%. THEISLIRA KK, 238 12Witn
Z IO B, 5 ABSBUSEE LS £
PR&s iR ARAE TS A5 B Ei T eb 7w, 394 Bh T4
THEEEIPERE . 4R 0RAE X—T RS T, Y46 %L
BAKAET, GEHCA-A 1 GEHCA-B fEA St s
A A A B R 51 ), 76 BEARAE A 5 1 [ B
35 B

TERUESE MIMIC-CXR |, 5K N 16 fif



5 2 3]

JBR— ML, R T 1) AR IR A ARG 2R 114 T S ey 7 P 45 A Y 399

B, DA IESR SEBAE A A T S 8O B SE 0, 5
HR(T)FESE o F g IR R YERE A0,
ZERE 5 Fin. WTUEH, M e BWEYEMN 0.01
WK F] 1B, GEHCA 7E 2 BUSBIS K RAE 5 LY
MAP 1535504 Frdi i, MY o (HH 10 B, BIARIPE

mm GEHCA mm GEHCA-G

0.670 - ws GEHCA-A mm GEHCA-B
0.665
0.660
0.655
0.650
0.645
164 128f%
W F dAS K
a. X—T

AETFURHE T /% 7€ B {E°M 0.000 1~0.1 i ,GEHCA
PEREAS AL IR BE RN, B =0.01 IF ) MAP 1550
FHABBE AL, 0 g B 0.1 5, BEAP:GE )

B R, 28 b, %E 3.2 TRnk, AScscsdixk
Fa=1, =001,
0.545 - mm GEHCA = GEHCA-G

mm GEHCA-A mm GEHCA-B

0.540

0.535

MAP

0.530

0.525

0.520

16431 128131
LigE TN
b. T-X

Kl 4 7 MIMIC-CXR a4 174 RS2 g6 45 2R

0.68 -
0.64 |
g 0.60 | e XT
- T—-X
0.56 |
o2l T~
1 2

lga
a.a

0.68 F
0.64 |
gam- e XT
—— T—-X
0.56 |
052 |
4 3 2 -1 1
Igp
b. B

K5 Al o {HM B EXT MAP 1373 B0

4 £ &

AL —Ff GEHCA BRI, I T A K5

B WH S SOR IR B BES R 2 BR TR IEIR
éﬁﬂ%ﬁﬁizl&ﬁﬁ%%%ﬁﬁﬁﬁ B RAR R I
e pS Ak, Bt T 1R S 56 i hn 25 2
a‘% T R2 B m AR 2 i L IO A5 R R A Z b5
BEARARAL T 5 O T 2l 2 b 285 1 B0 i 1 )
A, GBI . SOR 5 ZARBRARAL 6] 14 552
ERPLS, G HABAS A REIE, 5 245

B AP TE SUE B BT T — MRS SR A ]
AHEE A AU pRER, H 22 hR 2 ik A R AE 1 3
BT FNE UM B AL 8 2 R 2F AR A2 W 45 19
W A i > SRR v, SR A A 0 1 0, $
R S BUSKT R M RE . AE MIMIC-CXR 44
LT R TN, E2AREMGET,
GEHCA PE BB R RAT 55 F B AR,
FEE— L IAE T R S AT S 2 Wi
W XHZ AR BE A DIk . (02, GEHCA Fifl
HA—E W R R, X TR 56 F 2 2 R T =
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