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Drug Recommendation Based on Graph-Enhanced Attention Integrating
Clinical Features of Patients
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[ Abstract] By deeply mining medication data and clinical features of patients from electronic medical records, this
study leverages deep learning models to predict. drug combinations. This study aims to enhance the accuracy and
safety of medication recommendations in clinical disease management and proposes a graph-enhanced attention drug
recommendation model that integrates the clinical features of patients to enrich patient representations. This model
uses Graph Neural Network (GNN) to capture drug combination and Drug-Drug Interaction (DDI) knowledge.
Through a two-stage attention” mechanism, the model generates novel patient representations that combine
historical medication information with DDI knowledge. Finally, a multi-label learning approach is employed for
drug recommendation. Experiments on the MIMIC-III public dataset demonstrate that the proposed model achieves
a Jaccard similarity, Precise-Recall Area Under the Curve (PR-AUC), F1 value, and DDI rate of 0.517 2,
0.766 1, 0.673 1, and 0.070 3, respectively. Compared to recent state-of-the-art drug recommendation models,
the proposed model reduces the DDI rate by at least 0.004 7, and it improves Jaccard similarity, PR-AUC, and F1
value by 0.004 5,0.006 1 and 0.012 1 or more, respectively. Comparative experiments on real-world datasets
further validate the model's performance. The model outperforms recent state-of-the-art drug recommendation
models with a Jaccard similarity, PR-AUC, F1 value, and DDI rate of 0.450 2, 0.702 3, 0.612 8, and 0.085 7,
respectively. These experimental results indicate that the proposed model exhibits superior performance and clinical
applicability, providing significant value in assisting physicians in developing more scientifically effective medication
plans.

[Key words]) electronic medical record; clinical features; drug recommendation; Graph Neural Network (GNN);
two-stage attention mechanism; patient characteristics embedded representation
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Fig.2 A framework for a drug recommendation model based on graph-enhanced attention incorporating clinical features of patients
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FEAHES s 2D L T, FR5 b A BE 15k

BEEL N FoRAE b B S8 R A EROR

PR 2589, 259 % Gn, wm ) J& T DDI &l vy i 2
E o - WIZRBA 2506} 2 [RIAFAEAH EAE

3.4 HR5WR
3.4.1  PEREHCEFN TS
ARSCRERY 5527 3. 2 719 e B R L P K 4R
O AT R S B, S5 R AN 3. 3R 4 TR
i R B LD
R 3 FETMREIFRHERIS L 45 R (MIMIC-1II ##7)
Table 3 Comparison results of evaluation indicators of

different forecasting models (MIMIC-III data)

gk Jaccard PR-AUC F1 DDI %
Nearest 0.3911 0. 380 5 0. 546 5 0.089 1
LR 0. 407 5 0.671 6 0. 565 8 0.088 1
LEAP 0.438 2 0.630 1 0.601 2 0.083 3
RETAIN 0.478 4 0.662 0 0.639 0 0.081 9
DMNC 0.484 3 0. 685 6 0.593 4 0.088 1
GAMENet 0.490 8 0. 690 4 0. 657 9 0.079 5
MedSim 0.510 8 0.729 1 0. 660 5 0.076 1
COGNet 0.512 6 0.753 9 0. 660 9 0.083 2
PERMIER 0.512 7 0. 760 0 0.661 0 0.0750
ours 0.517 2 0.766 1 0.673 1 0.070 3

x4 AEFMEB NSRS L &R (FABHTE)
Table 4~ Comparison results of evaluation indicators of

different forecasting models (private data)

ik Jaccard PR-AUC F1 DDI #
Nearest 0.365 1 0.601 3 0.518 2 0.119 8
LR 0.385 6 0.621 6 0. 530 4 0.101 2
LEAP 0.394 2 0.633 0 0.513 2 0.098 4
RETAIN 0.402 1 0.651 0 0.553 6 0.091 6
DMNC 0.410 2 0.652 9 0.565 9 0.093 5
GAMENet 0.420 8 0.670 3 0.575 1 0.090 3
MedSim 0.437 5 0.692 7 0.590 8 0. 089 6
COGNet 0.438 6 0.693 9 0.594 9 0.098 2
PERMIER 0.439 7 0.695 3 0.601 1 0.089 0
ours 0. 450 2 0.702 3 0.612 8 0.085 7

M 3(MIMIC-TIT £ 4 v] LA H A5 T HoAls
Xof U ASE A, A SR 45 TS bR #R A I G R O, 2
Jaccard 38 %% F1 {H. PR-AUC F1 DDI % 43 5] ik 2]
0.517 2.0. 766 1.0. 673 1 1 0. 070 3, E.{&k i,
7772 Nearest Fl LR 7EFT A % HABTAY rb 52 9 441K
[ Jaccard FEELAIE =5 1 DDI K (B LEAP B4,
Ji R ] e AR R SR AT B 2 ) A R B g s
A BT 2O ER A Bl W TR TIE
=5 2 T AR ST SR LEAP AR B AIC T3
F 4\ 1 9% 8 A9 RETARN, DMNC, GAMENet,
MedSim . COGNet, PERMIER 2 i [ 4 78, I 52 T 8
AR AR B b e A AE B B, R B Leap,
RETARN . DMNC, COGNet 25 #5 5 #1775 25 5% 25 1
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AT LU s WA ROPE Lo AR OB L3858 T
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Fig.3 Comparative results of evaluation indicators under different self-attention coding layers
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FHZEIH 5% oA 2 W et i fe b R 4 EHT . A
fife Ja AN ZZRLGNR 2 1) No-Labevents 678 Z5FR 525
TR A g AE R e HH2 W2 R A TR G R P G
% &5 2) No-DDI 3Rk s 8 A DDI & & [i]
= 2RAERST;3) No-self-attention Z6 /8 kiRl B
RIS A Dy s v SR 2 B ke, AU

SASICICA B . TR SE IR A SE RNk 5 Fr
e SEEREREW] AR SRR ARG T R 24 Wy #f
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TR 13 : No-Labevents /b 7 88 F il IRARAE AR A
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e WA I 19 R AL X R A Py sk 25 4 B 2 s
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R TFEs UL 545 19 DDI Al LA R0 N4 2 ]
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Table 5 Analysis of ablation experiment results(MIMIC-1II data)

T Jaccard  PR-AUC F1 DDI %
No-Labevents 0.500 1 0.754 7 0.657 3 0.076 3
No-DDI 0.516 3 0.761 2 0.6715 0.078 7
No-self-attention 0. 502 3 0.753 8 0.652 9 0.073 2
ours 0.517 2 0.766 1 0.673 1 0.070 3

3.5 fHEBICEESH

R T W25 AR SCR AR A e N e et
M MIMIC-TIT £ dis 4 ik 8 7 — B E IR =
B 3 5 k1200 sk, 43 Bl AR SO AL LEAP,
RETAIN,DMNC,GAMENet AR #3554~ B 3% 1 77
9 D13 54l LI 245 W 20 A O 5 LS Y B Ui 2 O
FEXF oM X FL & SR AN 6 LR TR o, < OE

R 6 TRBICHEESH(E 1REIL)

Table 6 Case match analysis (first visit)

LW R WAL
(14):B01A, A12C, Jo1C, DO6A, NO2A, NO1A, CO7A, A02B, N02B, A06A, C03C, CI0A,
o551 Wtz B
MO1A, NO5B
EHI(9) . BO1A, A12C, N02A, CO7A, A02B, N02B, A06A, C03C, C10A;
LEAP FE5(11) . A10A, BO5SC, AO7A, Al12B, C01B. J0o1D, RO3A, RO1A. CO1A, CO5A, C03D;
#% (5):J01C, DO6A, NO1A, MO1A, NO5B
EH(10):BO1A, A12C, J01C, NO2A, CO7A, A12B, N02B, A06A, C03C, C10A;
L I R L A RETAIN FEIR(2): AO1A, BO5C;
J & M0 LS L FE I % (4. DO6A, NO1A, MO1A, NO5B
PO J1 338 BRIH P E#1(9) :BO1A, A12C, NO2A, CO7A, A02B, N02B, A06A, C03C, C10A;
LU SE GAMENet  45i2(6):A01A, B05C, A12A, AOTA, A12B, RO3A;

7R (5):J01C, DO6A, NO1A, MO1A, NO5B

TEHRG(10):BO1A, A12C, NO2A, CO7A, A02B, NO2B, A06A, C03C, C10A, MO1A;
ours R (5): AOTA, BOSC, Al12A, Al2B, D04A;
il (4):J01C, DO6A, NO1A, NO5B
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HAERE T AOTA UGB PR YL 24) , o2 5 IE #4457
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BB, wER IS TR BEY 2 Yotient . i

TREUHR AN A DR 2 3] T SE iy DDLU
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Table 7 Case match analysis (second visit)

Wi g ol FELI0 AR YR
552 Yot — (20):C07A, Al2C, BO1A. NO7A, A10A, A12A, NO2A, NO5C, MO1A, A02B, N02B, AOLA,
Wikiz RS
A06A, B05C, NO1A, C02D, CO1E, N05B, C10A, Al12B
EH(13): Co7A, Al2C, NO7A, AL0A, Al2A, NO2A, A02B, N02B, A01A, A06A, Bo5C,
NO1A, C10As
LEAP
FERL(7) . BOLA, C01C, A07A, C03C, CO1B, C01D, AO3F;
I (7) . BOIA S N05C, MO1A, C02D, CO1E, NO5B, Al2B
ER(12) CO7TA, A12C, BO1A, AI2A, N02A, A02B, N02B, A01A, A06A, B05C, CI0A,
Se b T T A Al12B;
3 3h ik 0 L e I RETAIN Y ,
VL 7 538, H b 5 FR(D:C03C;
KO LG T IR B I (8) : NO7A, A10A, N05C, MOIA, NO1A, C02D, CO1E, NO5B
Jok 5 FE B Ak B TH P ER (17): CO7TA, A12C, BO1A, NO7A. Al0A, Al2A, NO02A, NO5C, A02B, N02B, AO01A,
L AT %€ AO06A, B0o5C, NO1A, C02D;y C10A, Al2B;
GAMENet

A5(7).C01C, AO7A, C03C, A02A, CO1B, CO1D, AO3F;
33 (3) : MO1A, CO1E: NO5B

1ERG (17) . CO7A, Al2C, BO1A, NO7A, AL0A, Al2A, NO2A, N05C, A02B, N02B, A01A,

A06A, B05C, NO1A, C02D, C10A, Al2B;

ours

A5 (2),C01C, C03C;

I (3) : MO1A, CO1E, NO5B
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