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Abstract ; Medication recommendation aims to provide accurate, safe,and personalized medication combinations based on the medical

information in patients’ electronic medical records. However, existing medication recommendation methods face problems such as low
computational efficiency, insufficient utilization of patient visit similarity , and inadequate control of drug-drug interactions, which affect

the application of the model in practical clinical environments. Therefore, this article proposes a lightweight medication recommenda-

mechanism, the rationality of recommendations can be improved. In addition, applying graph contrastive learning methods to enhance
good balance between efficiency and performance.
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tion algorithm that combines dual dynamic decision-making mechanisms with graph contrastive learning. By designing a lightweight
architecture to reduce computational costs,and utilizing patient visit similarity information to construct a dual dynamic decision-making

medication graph interaction can improve the safety of recommended medications. Experiments on publicly available datasets have
health records ; lightweight

shown that the model achieves better recommendation performance than the baseline on different evaluation metrics, and achieves a
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Fig.1 Mesli model structure diagram
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2y Fl A 58R , R BI7ERER MG [ R 2 5]
KB T EG BT, N RS B A IR TR RE.

4)PRAUC: R/ #E 4 -3 [ i 28 T 59 H . PRAUC
RS, FERTERE R 54 [ 3R 2 8 5 T4 R BT

5)Avg. # of Drugs : I8 B IHET L THEHHYHE.
BB TGRS YA S ERYE. BN BERAY
WA S AL, TTREA B TR A LB Y R, AT
RHAYT T 4.

FEASCH , #% Jaccard \F1 #1 PRAUC Gt — P AR AER P4 77
fhiT8tn , DDI ZRAUAEPE Al 2 2t i EEIRAR, Avg. # of Drugs
TEREME R SN S 1815,

4.5 HEEEEXIEXE

R2BARTIABLERA Mesli i RRILENZR. 8

XS 2 B SER S RIATLT, TR AT 45

1)LR 1 ECC fE & THLE 2 I R 7k, R
HECR MR . REIT 5B, BNRAFER R K
DDI #. RETAIN H 4 PSR A T 259 %, (B R 18
DDI [AIfH , 245 RAF R B R Y DDIL R BB MARIEHE#
SRR

#2 MEEEXTHLER
Table 2 Performance comparison results
A JaccardT DDI| F11 PRAUCT Avg. # of Drugs
LR 0.4920 0.0823 0.6498 0.7561 16. 6037
ECC 0.4856 0.0817 0.6438 0.7590 16.2578
RETAIN 0.4869 0.0862 0.6461 0.7627 18.8076
LEAP 0.4523 0.0771 0.6141 0.6555 18.3138
DMNC 0.4560 0.0785 0.6186 0.6739 20. 0000
GAMENet 0.4973 0.0860 0.6521 0.7656 27.4692
Safedrug 0.5115 0.0635 0.6683 0.7669 21.0145
COGNet 0.5200 0.0852 0.6735 0.6812 24.5278
MoleRec 0.5301 0.0725 0.6817 0.7735 21.0736
DAI-Net 0.5291 0.0793 0.6812 0.7683 22. 1663
Mesli 0.5402 0.0695 0.6902 0.7822 21.3462

2) %t LEAP 1 DMNC, R B TR 77k, (2
BRI E, XRWERTLXOANAYEET EFER
FRYE.

3) 5RBIERIAA L, GAMENet BT FI i T RE MK
G s, BN B MR T R . (B AN B S 2
Yy 20 0 R BE AR [ A, 5 FCFE #2f] DDI 275 I A 2 —
U HEZS [H]. SafeDrug ¥ 254 3T 45145 | A5 R T
HERPEIF BERER T DDI 2. AR, %77 i3 TE T# k
DDI [ 5, R BB 7E #E 8 ¥ F1 DDI 2 2 [ 52 BB 4F 19 4.
COGNet | F—F 254 70 00 Fn SR AL L, 78 ¥ o0 1 07 T BUAG:
TBEMHD. HEkT 55 DDI KA T B, S T HA®
R E AR BES). MoleRec ¥ 25150 T T 45145 18
HREFRIURRER , R R ER RN E 2R B
ROR. SR, BT 5 R BE IR0 HUH R 258 A O Z TR Y 2k
R, PR R WA BEE)SZ PR DAL-Net Fll i AE IR 71 254 2 []
REfR S IATHYIHERE SR FR M T 37 B . {27 DDI
ERMLERRIZE T BT ENR, XRE TREZGYHE
FE B AR FVER 17 T 7 ).

AR T REBRE, Mesli 7EZ5 Y AT RN L &4
TR E T H AR P EE. Mesli & 55X EHR [&#1 DDI &%
BB ERETT X, BR T HHEERE A RELN YR
fiE. HK ¥y EHR &5 DDI E iy 2 AL RAEZ R, IR A
BN L2 5k, IR B R K2t B, 4 e mR LB
FEREREAY T ROBETOT T ET BEAMERNES)
BRI, WA RS T BB S R IR A
28, LN S 25 oy
4.6 HREIS ML RE

T HRIE Mesli B BRI, A SOT R THEB R 244
XTELSER. T AT HE, AR I AR — 3. R 3
HR S0 45 SR 2R B - Meesli % B0 H) A X 452 {EK A i IR 2 )
Fett.

LEAP #1 DMNC R FFr5l#f# X B E R, B
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LT Y B IR RS 1) & % . RETAIN R FIXU RNN 2544, 78
BRAERETERARLT. AW, B SESRBOTEMER
R, X AT B R MU S i 25 ) HE 2 9 75 R . GAMENet 5| A ]
WRICICESRF R E BRROER, BEW N TEA M
A& ZBE. SafeDrug R A& T 244 4 F 43 E REHSHE
FEX D B TR F RS AE AT AR B B , S B0 45
FIEFH FEBHE. COGNet R T Transformer 25 #4 i) 4R 15
- R 4 B B W S WA & 0 Y
W B EHRERE 2 SRR S SRR, R TR

R3 ERHEWLER

Table 3 Comparison results of complexity

B ZHE  VHEFE(s) /R EEEFE(s)
LEAP 433 286 263. 61 25.67
DMNC 521 866 3155.44 418.70
RETAIN 285 489 22.49 4.34
GAMENet 444 209 85.56 10.39
SafeDrug 388 798 151.22 9.03
COGNet 1357 560 169. 83 127.13
MoleRec 507 060 333.61 25.05
DAI-Net 398 115 216.53 12.82
Mesli 301 948 91.68 9.47

BN AR PR MoleRec B R R IEAY T TEMER
HKHR R, B TRAERNIES AR, BN THE
FF44. DAI-Net SR IR 44 HWUE DA IR BE 1 £ 2 GNN 4w
SER TP TR, I 5 3 55 3 A X AR AR, M DAY R %
RRZRIE T B AT R, ML Z T, Mesli 258 8 5 5
PR R N E SRR ILH, R E, BE T Y
BUBL I #2503 3. 9 L A LightGCN fy i R b3t
EHR [E#1 DDI B #4745 , K08 PR 5 & 24 B 7 n s il
4. FInS, S BB LR S RS YR 2 A 1R, LR,
LA 2 IR 3 ML LR T 4. Mesli Zef (R 45 &1 88
HIFE BE RSBSOS R E &, B3R HE
REZBEHRTHEEABERES.
4.7 HRUXE
AR SCE AL TH R SC IS 0 Mesli H AR E RIFTE S 47 A 30

IHIE.
D) BRI E SN AR RHLHIAE Mesli-1, 75 KM &
.

2) BRR A ERAE Meshi-2  fR R H A B AR,

3) B EXT HhE S #%E Mesli-3 (R FFH AL BB AL,

4) [F B BRI E Sh A5 PSR AL -5 B X HL 2 ST 7% Mesli-
4, R EAMSE B AR

HERXR A4 PRERERE RS, BRI U TSR

B8, HLL T Mesli, Mesli-1 ZEER M EZ &M HS B
ETR RARBHEEENAERF A RAEELEREX
EE. ETREMAUETE NN ESDDRBHHERSGHEE
W R, A BT3B 7E 0 25 WM B AR, R,
Mesli-2 (45 R B/ , Mesli REE R G RRG , & THE TR
TR, 4EA% EHR B DDI B fE R RHUE RN TRE
WHERFAE—ER N, KR SRR 2 Z B X R
M7 AR Rl R, Mesli-3 ZEBB RN L2 S ik e, 7E1

FREW T EAAE TR, R ER L2 S e RE R X 4325
WHEHTBRETREBER, AU TREAZENLGYHE
K. )5 Mesli4 L5 R B, 78 Mesli-1 [ ERE 1%
BREIXS L2 3 5, R4k s T FE, BAHET Mesli, AT

#4 HEELE
Table 4 Ablation experiment
A Jaccard? DDI) F1t PRAUC?T Avg. # of Drugs

Mesli-1 0.5173 0.0731 0.6785 0.7603 22.6309
Mesli-2 0.5381 0.0712 0.6890 0.7731 21.1339
Mesli-3 0.5386 0.0743 0.6895 0.7782 21.6673
Mesli4 0.5164 0.0747 0.6773 0.7594 22.8933
Mesli 0.5402 0.0695 0.6902 0.7822 21.3462
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Fig.2 Embedded dimensional analysis
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Fig.3 Results of different convolution layers in LightGCN
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