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Abstract: Medication stocking recommendation, which proactively provides medication suggestions by
forecasting disease evolution, is critical for optimizing preventive healthcare inventory management. To address
challenges such as the long-tail distribution of medical codes in electronic health records (EHRs), insufficient
multi-source relational mining, and the lack of inter-task coordination mechanisms, it is essential to enhance

representation learning capabilities under complex medical associations. This paper proposed a multi-relational
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enhanced medication stocking recommendation method based on hyperbolic graph contrastive learning (HGCL.-
MR). The method first integrated diagnosis ontologies, medication ontologies, and clinical statistical patterns
to construct a heterogeneous multi-source prior knowledge graph for representing complex medical associations.
On this basis, a dual-view hyperbolic graph contrastive learning mechanism was designed, which utilized the
Poincaré ball model to align ontological knowledge with statistical features in a unified hyperbolic space. By
leveraging the negative curvature properties of hyperbolic space, the model precisely captured the hierarchical
structure of medical codes and enhanced the representation capability for long-tail nodes. To explicitly model
inter-task interaction logic, a learnable association matrix with soft constraints was introduced to achieve
collaborative optimization between disease prediction and medication recommendation through cross-task
knowledge transfer and prior guidance. Finally, a hierarchical multi-task decoding architecture was adopted,
utilizing a sequential learning network to capture dynamic patient disease evolution and performing cross-space
mapping from disease prediction vectors to the medication recommendation space via the association matrix.
Experimental results on the MIMIC-III dataset demonstrated that HGCL.-MR improved Jaccard scores by
approximately 3.5% and 3. 6% in the two respective tasks, and increased F1 scores by about 1. 9% and 1.8%.
Ablation studies validated the gains of hyperbolic geometric representation in alleviating label imbalance. The
model achieved balanced performance when the weight parameters were set to Az =0. 2 and A, =0. 2. The
proposed HGCL-MR can alleviate modeling difficulties caused by medical data sparsity and improve prediction
performance by explicitly characterizing task associations, thereby providing robust technical support for
intelligent medical decision-making.

Key words: hyperbolic graph contrastive learning; medication stocking recommendation; disease predic-
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Fig.1 Schematic diagram of hyperbolic graph contrastive learning enhanced medication stocking recommendation method
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Tab. 2 Performance comparison between HGCL-MR and baseline models
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i Y5 TR PR

Jaccard PR-AUC Recall F1 Jaccard PR-AUC Recall Fl

RETAIN 0.3330 0.551 0 0.5617 0.4831 — — — —

Dipole 0.293 8 0.584 0 0.3716 0.430 8 — — — —

Med-BERT 0.3315 0.547 9 0.5717 0.4811 — — — —
LEAP — — — — 0.329 6 0.523 6 0.507 0 0.485 6
G-BERT — — — — 0.3539 0.591 4 0.492 5 0.5177
KAMPNet — — — — 0.367 1 0.595 3 0.5719 0.536 4
LSTM, 0.368 2 0.609 3 0.5155 0.520 5 0.386 8 0.618 6 0.568 8 0.546 6
LSTM, . 0.343 6 0.589 9 0.486 2 0.494 0 0.3849 0.607 1 0.557 0 0.543 7
RAHM 0.368 9 0.6121 0.5355 0.521 3 0.3886 0.610 4 0.584 1 0.548 1
HGCL-MR 0.3819 0.622 1 0.542 5 0.5313 0.402 6 0.6214 0.591 3 0.558 2




CEVEE 227 1)

FET XU X 27 I HE SR Bt & 25 R D vk . 1SS 381

5550, HGCL-MR [RIRE B R T
S PERE. 5 LEAP. G-BERT il KAMPNet
A H , HGCL-MR 7E Jaccard |- f42 TH 8 2 23 90
22.2% ., 13.9% #19.7%, 7£ PR-AUC L W& J+
W 3 ) A 18.6% . 5.1% M1 4. 6%, 7E Recall |-
B T B 43R 16. 6% . 20. 0% F13.5% o

HoAR MR, fE F1fstr I, HGCL-MR A
H L KAMPNet 54 4. 0% 427, 30E 73
FEZARA R 22 T it S wERe . BT
FLA8hRA 43 ] 5 R A i Uk, i P T R A L Al
JER 2K RBFEAS, i HGCL-MR £ 25 ¥ 4
P RES A A B2 M R SE HOC R, JFA R
G 2 AN 15 4 ) A

TEZAT 5% IHES T, HGCL-MR #K SR 2 1
o5 o 7R BOAE 55 v, AHEF LSTM,. 5
LSTM,. , HGCL-MR 4 Jill £ Jaccard #& 7+ T
3.7% 5 11.1%, 7E PR-AUC 42+ 7 2.1% 5
5.4%, 7€ Recall $27+ 17 5.3% 511.5%, fEF14%

T 2.1% 57.5% . fE5PHEREAE S, HGCL-
MR 78 DU 5 b b [ AE 4 4o, Hid, 78 Recall
FRERT B G LSTM, 4271 4. 0%, A1
o LSTM,. #8 FF 6.1%) o X #8645 J 55 jF T
HGCL-MR 7E filt 5 % 9% 5 259015 807 i L3,
FLUBETH B2 T 78 43 b 425 4 5 4T 55 A v A DG R 1k
AT dub 2 B T SROORG B 592 kg
4.2.2 JHRSZEE AT

M 3T e, WBSR TINS5 E , o6
i) HGCL-MR 1F Jaccard . PR-AUC . Recall f1 F1 |
G3MAR THAR AR A 55 AR FH A D L A7 > 1Y
HGCL-H #f Ht , HGCL-MR 7E Jaccard | 427+ T
2.8%, TEPR-AUC &7+ 7 1. 6%, 7E Recall -2
FT70.9%, FEF1 LT T 2.3% . Fith, 72254
HeA# 51, HGCL-MR At HGCL., £ Jaccard |
T T 3.9%, 1E Recall BH#ETF T 2.4%, FEF1 L3R
FHT2.0%, cEegh B, BUh LT RoR MBS
X ZR AR A L B R SRR B MR

3 FETRIOR L R0 IH Rl S a6

Tab.3 Ablation experiments on critical model components
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WIRrS P TN i
Jaccard PR-AUC Recall F1 Jaccard PR-AUC Recall F1
HGCL 0.3715 0.612 5 0.538 1 0.5197 0.387 5 0.6138 0.577 6 0.547 1
HGCL 0.372 2 0.613 3 0.543 3 0.524 4 0.3837 0.609 7 0.572 8 0.542 8
HGCL ¢ 0.365 3 0.606 8 0.5319 0.5136 0.3753 0.604 4 0.560 9 0.534 1
HGCL-MR 0.3819 0.622 1 0.542 5 0.531 3 0.402 6 0.621 4 0.591 3 0.558 2
S5REZEHEIRGY X ZEHER HGCL (A1 4.2.3  ZFESCIRHEsn A B2 4t i AT 3G 1
It , HGCL-MR 7E %% B0 1) Jaccard 5 F1 |53 )5 Wi

BRI T 2.6% 5 1.3%; fEZ4WHEFEAT 5 L,
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HGCL o (BEA T TR 36 BRI 45t AN 25 JE R
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Tab.4 Performance of existing models using multi-source prior-enhanced medical code embedding
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(el PR T 2yt

Jaccard PR-AUC Recall F1 Jaccard PR-AUC Recall F1

RETAIN 0.345 0.561 0.568 7 0.4931 — — — —

Dipole 0.3058 0.594 0.378 6 0.440 8 — — — —

Med-BERT 0.3435 0.557 9 0.578 7 0.4911 — — — —
LEAP — — — — 0.3416 0.5336 0.514 0.4956
G-BERT — — — 0.3659 0.601 4 0.499 5 0.5277
KAMPNet — — — 0.379 1 0.605 3 0.578 9 0.546 4
LSTM;, 0.380 2 0.619 3 0.522'5 0.530 5 0.398 8 0.628 6 0.5758 0.556 6
LSTM,, 0.355 6 0.599 9 0.493 2 0.504 0.396 9 0.617 1 0.564 0.553 7
RAHM 0.379 5 0.6177 0.551 3 0.528 6 0.3957 0.620 3 0.590 4 0.555 1
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