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Similarity Patient Retrieval of Multimodal Clinical Data Based on Deep Hashing
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Abstract: With the widespread adoption of electronic health record (EHR), retrieving similar cases has become a critical
task in supporting clinical decision-making, such as in auxiliary diagnosis and treatment planning. However, EHR data is
characterized by high dimensionality, heterogeneity, and large volume. To effectively integrate multimodal clinical data
and achieve efficient retrieval, this study proposes a multimodal clinical data retrieval model for similar cases based on
deep hashing—MCDF. This model employs different methods for feature extraction tailored to the characteristics of
various modalities, utilizing multi-layer perceptron (MLP) for structured text data, BloBERT for unstructured text data,
and BioMedCLIP for image data, followed by feature fusion through a self-attention mechanism. A triplet loss function
guides the model to directly generate hash codes that effectively represent the samples, enabling rapid comparisons for
sample retrieval. This not only enhances retrieval accuracy but also significantly improves efficiency. Using the publicly
available MIMIC-III dataset, the MCDF model is evaluated against traditional hashing methods (such as spectral hashing)
and advanced hashing methods (such as deep hashing network) using mean normalized discounted cumulative gain
(MNDCG) and mean average precision (MAP) metrics for evaluation. Experimental results demonstrate that the MCDF

model outperforms all baseline models, validating the superiority of the proposed approach.
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M, FHA e

d(x;, xp) +a < d(x;,x,) 8)

Horb, d(xi, xp) RORFEAR x FIFEA x, Z A )RR S, o il
PR 28, T I RE A FAURE AR X6 2 T it in ¢ )
FEESLIR. AT LA, S A BRI Loss 7] AFRR 3K (9):

L= i [max (d(xi,x,,) —d(xj,xp) + a, 0)] Q)
i=1
WOREREA 5 IE SR A 2 (A BE B 2 KT o, WAL
R RAE BRHCR L Loss 13008 0. 70 (9) /& 7T By 1,
BT 1Y 25 B0 AT DT A A4 1) S5 ) A% 43 S0V AR 52
T EEEFEIAT AL, B3 AN G A% 8% T LS i £ g BB
&5 MCDF Il Zid A2 1 Dy AR s 1 pioss.
1% 1. MCDF & RIZR 7%

BN TR X (G SOAR B X, RSO EE X, CT
RER X°).
f i A RHE R H.

L WAL WSS H0p; S a; HERADN,; 215 s AHEIESE
B; HETIERIRE iter = 1,

2. BRI U Tier=| 35 |: H AR epoch=1.

3. repeat

4. for iter=1,2, +**, Titer do

5. St HCE B bk — A

6. i 3)-3 (6) AT EHFE A 7 H;

7. @ (9) 1 Loss;

8. MR AL R R AR B T R A R op;
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9. end for

10. until Y5 8k;

11 3@ (7) 3RBEATE B;
12. 3% 8] B fl@p;

B ERE X, GRS S5 M e A E e X, ARgh A
AEHE X, CT BGEE X°, FIFH R (3)-30 (5) #4T4F
fESE A IS 2 (6) BATHRHIERL A, B @ =0 (9) 11
5 Loss, F-A8 A R M) A& 7R 505 5 00 B R B B0 R BT
W ZH, HRISL R, FIH R (7) S5 0R A B I
AP Op.

3 SEEr A
3.1 HiEE

TEATT 1, 1 Se A S B v PG B A 4, SRS A
M B E (BLHETH AL e Ao L atEe ) FIPEA 48 AR,
B J %ot S 45 BEEAT 3 AR R MIMIC-TITP® g — A
A TTHUR e, A7 6 R B DU DA B 31 L i PR g7 H ol
(Beth Israel deaconess medical center) 54 W49 J5
(ICU) 3511 EHR (4. @it 2 4SS FE brxt MIMIC-
T Hlfs PEEAT IR A, TR BR 18070 SR 29, fe 2%

fREE T 592 ] EHR #U4E1E ALIHFEA. HT MIMIC-
TIT £50H 42 A I e, D 1 T B s TR) R A A= a0 52
Wi, 36 6 B IR S BB VR N — AN REAR, DA R SRS
KOs (I 1] 25 R 5 24 b EHR FEAS 0 & SCAR Bl
TG H i, 75 HH FAR B B, AHE I PR 2 AR R B K
(R OB AT AL B XoF T 25 ) A SCAS HUH AT DL A 3
AT RAE RGBSR S 1 A0 0, AR HE R (R dE Ao
IR E) TR /NS AL, I AT I3 — A Ab
HR, DAY BRAS (7] 5 40 5 A5 L F 52 . &5 440 1 SO AR Bidfs A
PRI, B e K BOUAR P, 25 R R IR S A R4 1A,
WA T B /NS, 518 H BioBERT T2k
4317 2% 4 Ho 4k N token. CT EIM&E#E W A Bio-
MedCLIP #2154 H R % 5 224%224, LUi&
e AR A N K. BE AR 3L 19 Az WibraE, FIH
Mkt 77 O X L2 Wi dh AT gm i, 1530 19 4EFR2E )
. ESER UL BT G, MR AR I 2 RS RIE
FRAELERER/NINER 1 B,

A SO KR AR I 80101 B LA BE B4 I 2
£ IUFSE R, JEK I 2R 4L R0 30 0E 4 P O RE AR
B IR R R B 5.

R 1 BAREFEMELS

HORE 9l N% B WREW) GRICOE FANRSE  CTEB  shs
MIMIC-III 592 474 59 59 11 256 224x224 19
R 0
3.2 SEREETHE MNDCG@n =~ > DCG@n (11
\ B} IDCG
321 VbR i @n

FEVEAL AR L) BB R R A 5 I, AR SR FH AN FE
R RAL S T iz A VR 645 5 — A4 40 Rt
#i¥3J{A (mean normalized discounted cumulative gain,
MNDCG)P? J S48 7 #4 ¥ £ (mean average precision,
MAP)™,

MNDCG & —MH JOFAl 2 AR 2 I F 45,
XTER R g, B n MERPISEGIR) DCG 73 H0E L:
" ARs(g.i) _
bcG@n :; 120g(1 n i;
Horb, Rs(q )R B g 5B i Z 18 AR PRS2,
A (1) RSB S T B8 A PPk e 2R RO, A
A DCG (ideal discounted cumulative gain, IDCG) fE
RE—ALEF X DCG AT IH— AL EE, AT 15 2] )H—
th DCG (NDCG). il i T+ 5HMAREE T A NDCG
HIFIME, R &15 3] MNDCG. XML FE AT PAREIR A:

(10)

Horp, QR MNAEFE AN B E. MNDCG@n I HUH 5. 1H]
-1, 10, BB AR R e AR, S R A 22

YIME VPR (mean average precision, MAP) 5&—
B2 TR R R D7 R E R TR b, B R R P IR
¥ (average precision, AP) FIIAME. XF T 252 &l g, it
HHT n MR AP 3B A X

1 N - Nra(q)@i
AP =— Rd(q,i)————
(g)@n NRd(q)@n;( (4.~ )

Horp, Rd(q,i) €{0, 1} /2 — AN AH M 0 W7 ok B, A S il
A8 S BT FEAR B, SR F B8 R Bs 18 SR A 78 Rd(q, 1) . TR 5K
Blif A i g L EE A — NS W s R, SHE R %1%
PRIRE A, RN I 95 2 AR 5 1), JEIRME Rd(q, 1)
=1; M RA(g,i) = 0. Nra(q)@i 7R BT i M 2 45 5,
52 ) g AL SE B K . RUTF NDCG, 5Ty
ez (13) Fiow, BRI MAP 5y Bk m AR R GE AT k.

(12)

7
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MAP = lZQ:AP(q;) (13)
Q4
322 VbR

ALK A MCDF 5 JUR B4 7 50047 T LU,
FLrb A — oA 5 1 S Ay J7 V20 24 40 5 PR IR B S A
D, T A X BT v R HAR R S

SH (spectral hashing)** j& —Ffi 3% T & #E iR
TREOR TG B S A5 7 V5. e IR S U A R E
TE I B, F38 T A8 dth 45 A v A B340 Bl S g I 4
(1) R G A B, MY S K15 R R

KSH (kernel supervised hashing)™*'/ & —Fh 3t 4%
BRI M B G A 2, R R G A B 2 ) ) AR S I
B PR B 2 1] PR 5 Pk 51 5 R B0 AR RS HE R TR G A B
FERE KSH R, A 1 = 745 7] 5 2R 25 (Gaussian
radial basis function, RBF) 1F % p& 1.

SDH (supervised discrete hashing)”" & — Fh B B s
A7, FoE bR A s A T 2R 2 SR RO A i
SDH ¢ N E s WL st 2158 % s 2500 — b ) v A b %
() R, A ST B A i A 48 2R S R AR R A ST
R, W BN S5 =1, BTS2 Hp=1x107 LK
B KIEA R H =5,

HN (HashNet)?'V & —AN 2 4 (IR A 7 HEZE, B
108 I 3% 82 TR 4 ARG 28 A S48 P A AL 8 v 2 =)
RS A g, ELORIE AR e St 72 SEIS A
FTT B IE R Sigmoid BREUGT W HIE S Ha® BN
0.1/K, Ferht K R A A

DHN (deep hashing network)"" & — AN B 4 75 HE
2, E RS RS ) IS S A A T M RHIE R, JEA 2
EMHELIRE. LR T HEMETT S E RN 0.001.

DPSH (deep pairwise supervised hashing) ** & —F#
F T MBS B AN RS O 25 34 (1R B2 2 S) e A J7 V.
I R KA O AR 25 B BAIR SR 2 ST FE AR I RRE R
A AR A . SEBH, FIE N 2 H e B N 0.1.

IDHN (instance-dependent hashing network)®* & —
T 2y 20 b A SISl e 2R VU PR IR B I A M 4R . % HE 42
X G5 1 BEARABLRE Rl BROARALEE . He AR LA F T
AT SUIG AV K R B BRI FH T 38 77 R ZE R R AL
FERE ARSI, 290 % W BN S/K, 3477 R 40 R
RBPEENO0.VK, EHKZE 0 BN 0.1, Hrh
K RIS A i B

8

7 8 B S v Ik R L 2 TV AE I SR BT A 4R
B R BT SCARI, AT, ¥ 225 FH MCDF
T TR FAT RAE SR O Pf 4, 19 B RHE ) B AR N
Hofth 35 465 T B0% N . 7E MCDF #8d ofr it 8 1 K
/Ny 32, 2 2] ER 1 B4, BUE N SE-4 1335 R
FERE A, AR IGTEAE 45 R, K0 (9) H RISk
BN 0.6. 8 TR IE, FTA AR T BT R
Ws”, H S H patience BN 25, 3 HINZGIREA #
i 400 UK. BT A ALK SE AL T PyTorch HESE. RGAE
Ubuntu 18.04 LTS #1E &% LLHL, ] Intel(R)
Xeon(R) CPU E5-2650 v4@2.20 GHz b ¥ 2571 128
GB W77, fit & NVIDIA Corporation GV100 GPU. fiif5
SIITE % R G AT,
33 ZIWER

N T AT LS A MCDF M T HAth 7 i
BB AE MIMIC-IIT #0954 b PERE 22 =, AR ket
T 4 FPASF K B (G A T AT S8R, 4 R 324 64
128 #1256 fir. 7ESEEG H, A AR R 25 SR AT 10 /N5
it E NDCG@10 F1 AP@10, SR J5 % 4E b i i
%l NDCG@10 Fl AP@10 45 i3k 4T Rk A HF 1,
RAASE] MNDCG@10 I MAP@10 T F5. 9 1 Bk 52
SRS EE M, R Wilcoxon BRAI L, 14
SRS S5 R AT SRR AT, N T AR AP, F R
1) FLAth 75y SRS 2R w55 P 1) 5 7 R AL B VS AN A
5] FL#0 o3 I BB RRS, th e Gt — R A S 4t 1
VR R FRACLEE 75 10 AT S 6. e, 45T IDHN J5 711
MUREPE, AN 206 FARCLE PP 7 V28 AT T .
3.3.1 MCDF £ MNDCG F&hrH it g b

%2 5K 3 BRI MNDCG@10 F& b5 5256 25
FeH, ASCHR L AR MCDF 764 RS K T AT 3
T B AR F5 Fa bR o AR R T 3.64% 6.34%- 5.48% Fll
4.92%. SIRFEWS A TR L, 45 G 75 7 1 R
IR 55, 3K F2 A PR TR BE 2 2] A Y LR R AR 4 U T
fRIBE K RE /7. 75 BRI E, DPSH % 5 22 7] fE
EH T AL PPAL B (AR £k

NT VG R Gt 5= S, A Wilcoxon
FRFAS 35 0 2% 58 4 0 FAE MR AR B NDCG@10 {3k
TR, FH LA MCDF 1R ¥z 7%, 24 p E/h T 0.05
B, AR TR SR g RAPE R B R, N T ik
I i fE R SR IR 45 R, 4 p {H/N T 1.08E-5 B, G —44
A 1.08E-5.
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2 1£ MIMIC-TIT $i3E4E E MNDCG@10 5 MAP@10 SE56 45 R

. — MNDCG@10 MAP@10
3] 1Y
AR 32 bit 64 bit 128 bit 256 bit 32 bit 64 bit 128 bit 256 bit
SH 0.4886 0.4885 0.4959 0.4969 0.7642 0.7745 0.7732 0.7812
SDH 0.4003 0.3997 0.4092 0.4111 0.7354 0.7682 0.7903 0.7823
KSH 0.5332 0.5237 0.5339 0.5421 0.7877 0.7872 0.7893 0.7902
HN 0.5522 0.5523 0.5598 0.5671 0.7742 0.7745 0.7856 0.7866
DHN 0.5230 0.5145 0.5237 0.5412 0.8056 0.8032 0.8099 0.8196
DPSH 0.3330 0.3400 0.3230 0.3572 0.8003 0.8023 0.8059 0.8113
IDHN 0.4556 0.5480 0.4667 0.4621 0.7832 0.7866 0.7891 0.7883
MCDF (Ours) 0.5723 0.5872 0.5903 0.5950 0.8102 0.8123 0.8128 0.8203
0.65
mm SH
0.60 - s SDH
mm KSH
055} == HN
=) mwm DHN
= = DPSH
S 0s0r w IDHN
&} mm MCDF (Ours)
% 0.45 |
0.40 |
035
0.30
32 bit 64 bit 128 bit 256 bit
(a) NFRJTELEAR bt FIMNDCG@10%35y
0.84 | = SH
m== SDH
082 r 0.8196 0.8203 — KSH
= HN
= DHN
o 080F == DPSH
® == IDHN
% 078+ m== MCDF (Ours)
S 0.
=
0.76 |
0.74 |
0.72

32 bit 64 bit
(b) RE T FEAEAFDbit R FIMAP@10735y

128 bit 256 bit

Kl 3 MAP@I10 A1 MNDCG@10 SZit &5 AR A

AFERSK TR p (W 3, WERIFTAH p HIH/
T 0.05. 454 NDCG@10 % 7, 7] A5 H 4516 MCDF
FEVERE E AR T HA 37 40 T
3.3.2 MCDF 7E MAP fatr it RE HL

2 5E 3 BRT KT MAP@I0 [HSEIRss R, A
LI MCDF J7iE7E T A 15K R R I $E T, R5 52
256 S, MAP {HiA %] T 0.8203. T MNDCG@10
fabr$e Tt 4%—5%, MCDF #ARE MAP@10 fa b5 F-F
BILIRTE 1%, X vl e /e AT (12) HrAH ALRE ) WA
BELT- AR AR AN ASAHAL W FhE T8, 2% T VF 2 AR5 AE
B, I PR 7 MCDF #5284 (1) MAP $abri& Tt [FIFEH,

AW B Wilcoxon F RIS 56 5F 2% 5 4 X 7 72 I
£ F1 AP@10 347 T th#%, I LA MCDF fE A5l 77
% AR R 3 R, p [HIB/N T 0.05, #E—PRAET
MCDF #E8Y [r)ff bk .

4 Ve

FEART AR, B S v Rl s 56 B0 A SC AT TR A
AL, RS 382X (9) TS H06 MCDF (#1540,
4.1 HFLSCIG

N T BAIE MCDF A58 rp A8 5L 14 25 1, AR SC %
BT B R AR TR R B TR A i

9
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& —RASFH T EHR 1) 2S5, ik
TGN EEAT R R . A 2 ER I

HEATRAC R &, B 00 1 RN RS E BB
FREIIRILRES.

o>

#£3 IETIGEER MAP Al NDCG 147 Wilcoxon FRANKG I K] p MH S5 F /R (UL MCDF Rzl /7i2%)

SR . MNDCG@10 __ : : _MAP@I0 .

32 bit 64 bit 128 bit 256 bit 32 bit 64 bit 128 bit 256 bit

SH 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5
SDH 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5
KSH 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5
HN 1.08E-5 2.16E-5 4.38E-5 1.08E-5 1.08E-5 1.08E-5 1.30E-5 1.08E-5
DHN 1.08E-5 1.08E-5 1.08E-5 5.79E-5 1.08E-5 1.08E-5 1.90E-5 1.08E-5
DPSH 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.08E-5
IDHN 1.08E-5 1.08E-5 1.08E-5 1.08E-5 1.73E-5 1.50E-5 1.33E-5 1.60E-5

ALK WA 4K MCDF-1 5 MCDF-11 & JE i
# MCDF #47 7 tb#. MCDF-1 MIB& T CT Ef§4b 5
BiHt (BioMedCLIP), HARMIHARFEAAL, LIGIE 2 4
B B0 ZtE. MCDF-TT WS 5 T £ Sk = 1ML
BB, AN AR ENRE, DI 2 kix
R AINUHEATRRAE A& 1 R0k

S S5 R ANR 4 Fron. 5 5E BRAAE L, MCDF-1
Al MCDF-I1 75 A [F R BE | 35 26 00 He 1k e T B (B 750E
EIF/E, MCDF-I 7 3 MR R I %=, £ MAP@10
Fan b, A LT AN FRe A B Y TR A 2R P38 T B 24
16%. X 7873 Ui B 1 22 RS R IR X6 W A B A i ) o 22
YEF. 7EXF MCDF-11 [ VEAS A & B0, A FH 8 38 4 i 42
JE AT R AR Al A 5 SUBL A M RE G BT R B X — B
E T 22 Sy B WL AR R Bl A A A R
42 BBEH

3 (9) a2 I G RL 4 2K bR 0 I S 4, H

0.58

0.56 |

0.54 |

0.52

MNDCG@10

0.50

0.48 |-

0.46

02 03 04 05 06 07 08
B Ko
(a) BB HaXt MNDCG@10F 51

FRHIREAR 5 IE R AR Z ) B B 2 2 I B/ ME. 3%
B3 K] @ AR BN PR B Y S B, B b LA
AT AR — 5 3 B A [ M . A SCA 1 B AR R 1
RS (MCDF-256 bit) #4717 4 B, RATE HoAh Ly 2
R B R A R AR SCHR[ 121 A LR, e 1)
WA E ] 0.2, HLL0.1 N KLH T o5 & M
e br 2 1A AR AL B (B 4). IR 4 Fpm] DL b i 0 52
F), afF 0.6 Z HIIH KRG, 0.7 LG ITFHE T M, Rk
aBEN0.6.

%4 fF MIMIC-II | #)7H mbs2 56 25 B R

WA TR bR Tk 32bit  64bit 128 bit 256 bit
MCDF-I  0.4905 0.5073 0.5146 0.5178
MNDCG@10 MCDF-II  0.5662 0.5688 0.5724 0.5835
MCDF  0.5723 0.5872 0.5903 0.5905
MCDF-I  0.6754 0.6687 0.6764 0.6814
MAP@10 MCDF-II  0.8110 0.8040 0.7911 0.8011
MCDF  0.8125 0.8103 0.8128 0.8203
0.82 F s s P e et
0.80 } //
0.78 -
- i
5 076 //
R
S 074
0.72
0.70 /
0.68 -

05 06 07 08
HZHa
(b) BB H R MAP@ 101 541

0.2 0.3 0.4

Kl 4 #ZHa 590 MNDCG@10 Rl MAP@10 B4 £k 45 it &l

5 sigHRE
AICHEH T MCDF B2 8, FFAH U0 4] A 2R

10

MCDF i 3 AR A5 ABEERAT 1Al & 4 e 241 .
AR TR MR AR AS (R4S A K His (0 5 1k, o 2 A0 SO B
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P FESE R STAR K AN AR E R 23 0 48 22 )
Ml (multi-layer perceptron, MLP) #:% . BioBERT.
BioMedCLIP #EATHFAEFEIN, s V& HLHI LR
HATRHIERL A B2, R = ok sk s] S8 B
PR RRE W A BURGEAEAS 1 e A . R R A A )
WA AT R R, MU TR R HER T, i 218
TH TR AL AT EERSE MIMIC-TT E#E4T 7
2 FRORE EE SR AV fib SR 56, LAVE A MCDF A5 84 7E AH AL
T RS B AT 55 TR R SUR, S8 45 SR EGIE T MCDF (141
. AL TAEAEE — 2 R fR 1%, R4 EHR HE &
KEZBEEE (WK S AEkE. CTE
B, BT 300 4R /N FIB AR FASE 1 B o, (A T
SCARHHE AR . BLAh, A SO AR Bk R 2
(R, T A 25 RE s Hh 2 5 (R IR PP PR DR 2 0 EL S
LAY $5) 138 HUOME A5 AH DG 1) 7738, R 7% 18 5 Ath 4k o 32k
ZARAR BRI EUER. FEARSR I LA b, K 7850 F
M@ Rl sk (EHR) H 0 2B HURE, JR456 7% 8
AEAEHI PP e 2R TV 2 KA S B AL AN
AU R I T LR € 3 B 8 ) R ) RAOR, 3B TR
I I AR R AT Tl S5, LS B v A A R

SE
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