5 48% 53 3 W BT 5 fF B % ik Vol. 48No. 3
202643 H Journal of Electronics & Information Technology Mar. 2026
A& RN F S FENR BIEHETR AYE b Im A o+ & REFIUN 75 0%

EFHY wetgt”  FFEY a0 2% FET AT kg™

O morh kK FHIZLLREAGHALHRELERE H%  210003)
DB ARERSE &4 HF 210029)

& 2 BN KRR RORE B T TR AR MR e . ek BE TR RA R . AR, BUA BT
T e R E AR B SEAASC R LR AR 5 R A R ) i B SR IOl LIRS T 7l S5 b e, PR 7 0 o4
BTN 2 AE R RE 7o BERS O DR, 2008 HH — b T3R5 50 55 R TR BV HE B RO PR B FL IR A T A
H(REKG-MDP). i 5 & B 7 i & 5 B2 78 AR g 7 iR B, £ RFE M M AEAFEL
BEHEAR B S, FEBRMANTEBRIERE R Z RN W R S Wik, AT 22 i Bl i i vk 5 S p ik
W ZREFHBIIFR RASHR SR AR R RERAX, B R KA B AL 5 BB R R 2 AR 45 5
HERBAELS, 545 AR IS A B AR S 1T miBU R, A RCOR & 2 U AR RS B P iE LR R . HTMIMIC-
IVEIESE K SO AR, ISR el PRI b A I ACRE BBk 5 TRINAE 55 b W B AR T U T34, T AE At 5 R 22 97

AE RN RE A BT

KU ZIERR ST FoR%e]s By R B p s L

hESHES: TNI12.34
DOI: 10.11999/JEIT250798

1 3518

Wl PR fe — s W ARIH o, S5 a8 24
WERGEHE RN, AR, BRI RN
WA ZEAL 2 FEUR . B AL IS8 B R A8 i
TR, RASFEIRMIR IO, REEZ R
GLIFRAEMPE T (BB R NP PRk, 9 R
P B — S FOUI % [ PR S HG I R K T
W SueREEy, N TR RER A7 Ab 3 2 Y 5 A 3
i TP OCIOTT T R BB, C U RIR
W EE T A,

A R TN AR () TF R A T R R
UK Bt ToU AR B o B He I RCRE AT 8K THI I 22 777 T Bk
e o, AR A AR R M A4 T R R
TR R A . BT ERIL S (Electronic Health
Record, EHR) % 6L H5 8 o 1 SCA (409 72 il
R BUEERE (W AR AR ) RSO (WA 12
Wk ) S5 M EE, a7 LA AT = U S

IR F: 2025-08-26; BRI 2025-10-27; 45 HiR: 2025-11-04
SEEEE: #K%  guo@njupt.edu.cn

HEWH: FFRELSWEITERI(2023YFC3605800), ITIA RIS
A AR IERIE 706 TU(BK20202001), VLI W AL R 5 92 A1
Fr-RITH (SJCX 24 0285)

Foundation Items: The National Key Research Program of
China (2023YFC3605800), The Frontier Leading Technology Basic
Research Program of Jiangsu Province (BK20202001), The Post-
graduate Research & Practice Innovation Program of Jiangsu
Province (SJCX24 0285)

YHERFRIRAD: A

XEHE: 1009-5896(2026)03-0971-11
CSTR: 32379.14.JEIT250798

MFH. Kk, EHREIRSHE G, MELR,
FA R KB bR 00 55 BT SEARAEAERTAR
SOHR A A AR FREHER. R, WA
PN TR R 22 AL T B0 ok AR U R, &
BUR N R B FRBREA L. W5, BENAEETT
o AEBARIR S 2 MR AR B A OCHk . 1
m, FRB R (Body Mass Index, BMI) Fifl
B S0 R VA o0, B8 PRI 5 el ILAE 5% 31
BE, HEBRIRRKICEESES . XRPIB ] HIAH
IMZEREE. EHERT, WA WY
NSEARIEIA R IERERE, LR 2 R E R, N
2 AT 7 R 5 AR R R X A

BEXS R PhiR, ASCRH M TR
R P B FK O PR B G I AORE T ASE Y (Reep-
resentation learning-Enhanced Knowledge Graph
reasoning for Multiple Disease Prediction, REKG-
MDP) o HAZC BRI R R 25 MR B
B BRI B o EAUR A, R
THIE 2 PR M) 2R BOAE SOR B, SR THRE PR S LIt
RAERITMPERE . BAAT S, 0Tk S5

(1) 38 H B TR m 5 ) I B 7 AR B (Medical
Knowledge Graph, MKG)# #7775, fEEZEMGIAN
FEAEE KBBR8 3m 5 8
ZRNIE RRFIZWTRE, SSRGS RS 2R
TE, GEfR ST BRI S S R T R A R A HE R

(2)# ik RBAEBHLH], L3555 EXFR
RSFR MG AR R JA, AR RR B


http://radars.ie.ac.cn/CN/10.11999/JEIT250798
https://cstr.cn/32379.14.JEIT250798
mailto:guo@njupt.edu.cn

972 B 7 5 F

2 %

48 %

* 1 EFARERE e RERRRG

KA R fiERE

S]]

MR SR IR R, MIRAS BEXMKR, aBRRMIZS AFXMRR

RATFR B MRAS BIEHAR, T4 B AT 5 5
REMR (eSS, ESBURAR RN, WIIRAEEr (A, B), WAL (B, A)
gt NSRBI RFKR S5 AL, MR Er (A, B)Fr(B,C),

AT LAHEWT H 3 (A, C)

(WEPRAE, JL, EfR L)
(B, BMI, fERE)
(R, S8 BEIRIE)

— (BRI, WESRZ, S pE)
(B, B, FERERER)+
(B, LWk, FERERis)
—(EF, BA, EWR)

I AR B A b 0 R L S S TR AR ]
IS ATE SR, 32T T IRA RS R IARE

(3) BTt 2 kA = I HL ] 5 1 B X 2% A 45
A ROHERR R LR, 7F 4 RN R 8 ) I R R R A4 S
RO HART S E B, HRTE = JuH 0N 4 AL
H, A5G BB 4 IR A RU R H S B AT R R
S B PN R R AME B R R, 42Tt
T AR A

(4)FEMIMIC-IVHE 4 _EITRE SRR IAE, JfS
LR MEENT L, 5 AR W TR LR WE PR
HIERIETMAT S5 ERE R TEAE ik,

2 HAXIE

2.1 BIRRETNRE

HL#%$%% 2] (Machine Learning, ML) FIJR & 5 ]
(Deep Learning, DL)% N T8 fe B L Ge % M IETT
B v SRR, I N T8 e ) T
i £ A BEG) . AR ML T 15 2 AR R AE TRE TR
FE S W& SR N0 Hoas A 5 5 B 2k n) @ . 1 dn,
Zhang % NWEE SR A RFE B K i 3a AT (Fuzzy
K-nearest Neighbor, FKNN) 48 28 14 2 IR # ik 1
¥ ¥k (Deep Vein Thrombosis, DVT) Tl A= 8,
I 4 SR 73 M 5 R AR A [ KU R R AT 1A
DLW 35 R A AF/EDVT . Rahman® A\ PIF 4
TR 2 HAHANEAN L T 26 B b kil R HOR
iR RS Sl 2R T S | AN -4 1 e, R FH s VA R AL
TH BRI Boruta Bk AT RAIE I £, Gl I S8 1 %
I PRAFAE F 8 8 15 A 18V B I . Althobaiti
S NGB RS- L S HUR PR 4E R T HISE &, fem
B AF 0 5RO PR TS A Ve, [RIIESRAH T
¥ Bagging M Boosting £ N I8 B 21 J77%, LA
PTHERI MR S S . [FIRS, Ssulami%s NITER
FH VLL M K40 186 9 43 R 147 7o ) T, ) FH
BRI R AR BAT R o, AR AR R 7R
B 22 b oG M DA 73 2R B B 1R 0 S I S A9 DAAR i il
DERAYE o ) ML ZEAT 9205 Tl 0 ] DA Siz 3L B AN 9
T AR 2 A . SR, ML & TR Rk £

A RRME B B 2 3 BUR LS Ja PERFE 1 25 2R P S
HIHERR L o

BEEDLI A RE, BTt 2R 2 2 e
2 HENIRIGRAL,  LAREAFIE TREMA. e Vh 125
NIGREANTR] 73 95 5 R B U0 R EAT TR FE AR5 A4 A i
TR E T R AT AR . A NRI
XHYUERS F > AURFAE MRS, SIS TR A & Kl
RPRERE R, SEBLA SR, GhorbanidE A\
A B AR S AT Bt AT AU AR, e G
oy R A ZHBOERFEA . SR, BLSRTNE L E X
IR, ASBE T 2R T R B S m A ) R
ARIRAR, ME LU 22 R ACRE TIN5 3K o
2.2 ZRETUNRE

HREE BB TN, 22 s 1B 5 U B 75 45 i PR
ShrifioR, SHEEASNTZHT. ZhaodF NIRRT
P ot 222 o) 2 3 4718 428 L 28 il 2 95 e R 5% 9 95 i
W, FEEN T RS BE S INEE B UL KRS
A RIR P o 12200 TR P R P a3 ™ e AT B ) R
AVRFAE SR A R A T R R R, AN G R
BEAT AL, R T BRI AORE /). Pham%5 A1
SR FH I A7 2 TR0k LA W AN (] e -5 AR [R50 R A 52
PR LR R 2 1B R S, SEB0 22 R B 5 TN
BHAE SRR BER,  TEIRal S AN [R5 Z 1]
BT ARG R . QuiE AR T R EER )
W2 RSB 2 E T . Lufs N0 S FH EHR
HE A, et BT SURRIRsh A B2 3 U5,
HH 2 R B ATt 12 B3 1 IR R BB R A
R, BT AT — 2 W B T R S ST R
fogm . SR AR 7 BFEHRINE 2GS, £+
FERCHE AR R A B )

i TAR SIS I LR T B R R e . 451
a1, BB LA APV P A KRS P2 45 T4 2 g of B
BEAT AL SR LR IE 2, SR KR AZ A
LML, TP FRFIE 2 18] HOAA O 22, TN i 5
FARIGHRAEMR KA . Suns NUOF|F 3805 > 5K
WG B PPAS LA, 2 0 R P AT B AL AE Y
JrACHATHERE, MR T AT AR i R AR IR SR 11



31

FEF A RlE AR A SR RN VR PR U R AW JA T B O RORE T T i 973

AR R . (RIX ST VEE R R KR ERKER
R AR a7k R E R A, IR R R 2 (A
S ARV EBZ RS M . RoRae T — MR IR
o ZE LRTIR, A 2009 A A 9 B A AR
e RPEAE T RTRE, (HIAE 7 ok R A A E AR
AR B RIEAR, A DU HERE PRI K IR RORE
6] 52 2% i OB R kAR, AT PR 1 1 T i)
¥ B S I PRAN B

2.3 FRENLERANIREY

SR PR 1 3 1) i S A R HL 9 2R SR T
BT RIS O . FR B\ J7 7508
TR SRR S 2R i i B A ) 2SR, R
4D [ s 3 B e U PRt e g s A 4 R0, SE B ARR
PR HERR () B vy —. SRS SCHR(18)
PEH M TransEX ¢ R AN M Sk S 1) B 544 1 1)
BT, SR TR X R R SCHR[19]
BRI R HHR A BIANE 25 (8], 3T RIERE
R 3 DAFR 8 S 5 A 2H A 58505 SCHiR[20] 78 R 2L S5 i
B (Al P SRR RYG I C R, RERE I E vk I
A i)

KRG OH IEE— AR EE TSR R
If, HEITY RPN RRBUEIREZR, WK
PRy RAFFRS REELH AR R . U RN
A TC VR B e X e e, PR T 7R BT A
HEFE PR SRR . Rk, TR REE A £ b
K ZAE A B HHR B R RN 77k, DA A A R
5005 () R ST 2008 B, D 22 TR T 4 L B A
HEIE LRI

3 AR5
AR REK G-MD PAS R f) 8 AR HE 22 41 1511

Ve A han e N\ N Y SR L=i"
‘ ERAREE , 729 |

© | i L=1} i

O @ v @l @
CENCRO EE ® ®) |
O @7 e @ o

]
- - \ 1
i - I
Uh) -
SHEE N e,

Kl ‘ W; E@
T e i g
Y @ | loi®
. T ) | @ @

B, HEBETEREAREANME: §%, &£T
HERF# R EITE B WEMKG, HpH aRRE
L PR ISR AR A, RN AR UK R
FR, T 07 (8 0 3R7R 2 2] 7 2 SRR 56 &
Wb R AR, DA S SUCRHME M S it AR
Ja, 2 A B IHUILE = 0 A GO0 AR
HEW I E AR EBA R E SR EEN, 46
KIGHMERAET A AZMAEER, 5258 AE
NEFRIE AR IR B, T HEHRRA R &
THE B SEINOCERSREE,  H thbE IR S e I
RAE TR, SEIN 2 99 E A T
3.1 FIRELEME

BN TR S MIMIC-TV Y rh 5 4 R 5 +H 5%
M s, FR7E Rl M EMKG. BT 3k
BLUN T RS T AL AR SN o i I NSV (N 52 PR
B FRERGE ARSI HRBS
B PR B R fE — IR, W AE R
AVE IS BB S AR A R bR HRE A
KT AR, BRI AR 2 45 05 55 58
RIS L E M MEXTER. REER. BMIZ
BB FFAEEAT R 22 hR U 2 O T e s e ok
R RZF R N=J0H, m(EHID, Bf, =8
B LRI ) B O PRI, 1T RE B, O LA ) s A
Ja it 22 SCEk R SCSEARIEAT W Y, # AR IR EE
— ST R

WIPEISFT R, A FE R o0 0 P, 6 B -
PR R U P AN 4 SR R PR 3RS

(1) B - 3 s 78 22 999 i 0 73 T 37 53¢
T, fiflpe PRREE. de DERREIG. HH-
I BB Gpa = {(pytpa, d)}» Htpq = 10, F£H
B p RN, RKZ, tpa=0,

BEEHEERA

eV e .. e
EI:I:I]I:EI:DEEI:EI g
e R Ut
Y W | P
___________________________________ P
e, | NN N ] : Dy
""""""""" T o T
S
r i o i 2 H : pm
{E "H Cie) B EOfEES B B
egl) e(?) eoe eii:)

d
PRI EPE SRS

& 1 REKG-MDPA 444 &

Y https://physionet.org/, 1%EEAE i3 E E 57 TAERT 7o e i@ it



974 B 7 5 F

e
HE

i 48 %

| mmomes || wwe

e i

Sy oAb T itk

0

& )
) , [> HoE 2 | A 1T R
5 HhfE B i LI A

S | D | xm

|
i e
|
|

mrcamin [ zroam || ewiks

BRI IRENI

FR LA ENRIN T BT iR

2 KRR 2R

BB 2R FR E i JR BRI

I2t Py b Py

2N

d, d, d, d,

Bk 7] 27 2 HE (i
MR sem Bumeg TUE ) S

SRERELL xR

b Y23 bs Py

Ol @y
$ (e s
f HAIS
d, d, d, —d,

Bk Ly 27
SRR TR LR

B

e g S

ﬁ;%ﬁ G L
it V)

«—>

RSLES PRIRAIL N N R N
Y Y
SRR REERER XIRBEK
B 3 By U AR s 1

(2) A AR B & HEHRA S 4 78 AR
IR . HA, Goe = (E,R,T)s T ={(h,r,t)} %
NG PEEWITE =64, hite&, reR, H
i, ERFTAT RIMES, RIKRBRES S X
RN A HM K RRIES. B, pePe€
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:LeakyReLU(I’V‘(ég)—i-attle‘_(t Ty by, 2)-€)
+ W, (& (att, (

2) T4 P

tg? Ty tg’* 2)6(2)))

K 4 AR R BER AR



976 R

o

=]

2 %

48 %

eV R LA AL — LB BB FE SN
B, ") el FRIR, BN
3.4 SHRERFBTN

Gt RSB B G, A S
RC It T ONCE BT SN
BT SR R TR T ROREE. T A
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&, RABPRAKIAT IR R EL T )
> —lno(jp,d) —g(p,d))
(p,d,d")€EGpa
X, (pd) RIEFEAR, (pd)RAFEAR. HEH
p BB A IR R, R TOUI A5 2K R B L o 1R
o GEE R B TE IR R PR B Lo« 09 TN A2 2K bR
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Abstract:

Objective Diabetes mellitus and its complications are recognized as major global health challenges, causing
severe morbidity, high healthcare costs, and reduced quality of life. Accurate joint prediction of these conditions
is essential for early intervention but is hindered by data heterogeneity, sparsity, and complex inter-entity
relationships. To address these challenges, a Representation Learning Enhanced Knowledge Graph-based Multi-
Disease Prediction (REKG-MDP) model is proposed. Electronic Health Records (EHRs) are integrated with
supplementary medical knowledge to construct a comprehensive Medical Knowledge Graph (MKG), and higher-
order semantic reasoning combined with relation-aware representation learning is applied to capture complex
dependencies and improve predictive accuracy across multiple diabetes-related conditions.

Methods The REKG-MDP framework consists of three modules. First, an MKG is constructed by integrating
structured EHR data from the MIMIC-IV dataset with external disease knowledge. Patient-side features include
demographics, laboratory indices, and medical history, whereas disease-side attributes cover comorbidities,
susceptible populations, etiological factors, and diagnostic criteria. This integration mitigates data sparsity and
enriches semantic representation. Second, a relation-aware embedding module captures four relational patterns:
symmetric, antisymmetric, inverse, and compositional. These patterns are used to optimize entity and relation
embeddings for semantic reasoning. Third, a Hierarchical Attention-based Graph Convolutional Network (HA-
GCN) aggregates multi-hop neighborhood information. Dynamic attention weights capture both local and
global dependencies, and a bidirectional mechanism enhances the modeling of patient—disease interactions.
Results and Discussions Experiments demonstrate that REKG-MDP consistently outperforms four baselines:
two machine learning models (DCKD-RF and bSES-AC-RUN-FKNN) and two graph-based models (KGRec
and PyRec). Compared with the strongest baseline, REKG-MDP achieves average improvements in P, F1, and
NDCG of 19.39%, 19.67%, and 19.39% for single-disease prediction (n =1); 16.71%, 21.83%, and 23.53% for
n = 3; and 22.01%, 20.34%, and 20.88% for n =5 (Table 4). Ablation studies confirm the contribution of each
module. Removing relation-pattern modeling reduces performance metrics by approximately 12%, removing
hierarchical attention decreases them by 5~6%, and excluding disease-side knowledge produces the largest
decline of up to 20% (Fig. 5). Sensitivity analysis indicates that increasing the embedding dimension from 32 to
128 enhances performance by more than 11%, whereas excessive dimensionality (256) leads to over-smoothing
(Fig. 6). Adjusting the 8 parameter strengthens sample discrimination, improving P, F1, and NDCG by 9.28%,
27.9%, and 8.08%, respectively (Fig. 7).

Conclusions REKG-MDP integrates representation learning with knowledge graph reasoning to enable multi-
disease prediction. The main contributions are as follows: (1) integrating heterogeneous EHR data with disease
knowledge mitigates data sparsity and enhances semantic representation; (2) modeling diverse relational
patterns and applying hierarchical attention improves the capture of higher-order dependencies; and
(3) extensive experiments confirm the model’s superiority over state-of-the-art baselines, with ablation and
sensitivity analyses validating the contribution of each module. Remaining challenges include managing
extremely sparse data and ensuring generalization across broader populations. Future research will extend
REKG-MDP to model temporal disease progression and additional chronic conditions.

Key words: Joint prediction of multiple diseases; Representation learning; Medical Knowledge Graph (MKG);

Graph neural network; Attention mechanism
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