9545 B35 3 W TR [ AR Vol45 No3
20264F 5 H Journal of South-Central Minzu University (Natural Science Edition) May 2026

ETEAXNILZESIRERE AD 57 KM%
PR WA

(tPEg R A T AR, 501 430074)

H OE EME WA R RO B RIS W U TR S R (2RO A EA AN R Y I B, TR
TE 5 WRREAS 2 0 X LAV B A5 90  (B) A P DG 3R L S A A0 S UE AR . O T AR G — R A, 2 T AR I 4%
GFGCN-SP, B B — R S B 4t oy 22 IR B AL 8, DA o5 IR 09 0 i 5 I B 0 AR T 5 LAKE L 2= 2T WL, AR
TS IR B 2R AR IR 7 3] B 7E ADNLEIR AR b AT 09 — 20 43 255238 (AD-CN  \MCI-CN F EMCI-LMCI) {7
PR Tk T A IR AR LA 38 /0 i 2203 A B T 92.64% .86.85% .79.04% , B ik T T2 7 vk A ]
IR BRI U 45 A Ak

KEBIE BRI BRIE ; Z Kl Rt G s Al s X kb 2i )

FESES TP391.4 XEERERRE A XEHS 1672-4321(2026)03-0364-09

doi: 10.20056/j.cnki.ZNMDZK.20250857

The graph fusion AD classification network based on

joint contrastive learning
HU Zijun, XIE Qinlan”
(College of Biomedical Engineering, South-Central Minzu University, Wuhan 430074, China)

Abstract Graph neural networks have achieved remarkable progress in the early diagnosis of Alzheimer’s disease (AD).
However, most existing methods suffer from low-quality graph construction, making it difficult to accurately model the
topological relationships between nodes under noisy samples condition, which in turn affects classification performance. To
address this issue, a classification network named GFGCN-SP is proposed. Instead of relying on the single graph
construction strategy, GFGCN-SP employs the multi-graph fusion approach to enhance the quality of the graph structure.
Additionally, a contrastive learning mechanism is introduced to guide graph pooling, enabling effective hierarchical
representation learning. Extensive experiments conducted on the ADNI dataset across three classification tasks (AD-CN,
MCI-CN, and EMCI-LMCI) demonstrate that the proposed method significantly outperforms existing state-of-the-art
baselines, achieving average classification accuracies of 92.64%, 86.85%, and 79.04%, respectively, thereby validating
its effectiveness in early-stage AD identification.
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Tab. 6  Ablation experiment results %
1% Method ~ACC SEN SPE PRE F1 AUC

GFGCN-SP 92.64 93.61 91.71 91.82 92.38 92.66
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78.29 76.32 80.38 80.82 77.59 78.35
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Fig. 3 Performance comparison of different modules ablation

experiments across three classification tasks
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