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Table 1: ADHD-200 fil ABIDE #fiidk ERUTERBELEL . FrA SR ITHE N 10 P SURUER-FI9(E + brifEde. R80PI pl =444

RAHH HF— . B M ES mEleRBER.
itk TR I 6RIA 2 3 AT-200 (VEEHE 2 3R ) [15] 5y (ASD)[16]
ACC SEN SPE AUC ACC SEN SPE AUC
(%) (%) (%) (%) (%) (%) (%) (%)

M CNN Yy Jiik

VGG16 (ICLR’15)[17] 64.6+3.8 59.7+5.3 70.3+3.1 65.043.1 71.343.2  73.044.2 69.14+3.9 71.04+2.9
ResNet-50 (CVPR’16)[18] 68.543.4 57.744.8 78.1+3.6 67.9+3.0 722429 68.043.3 75.6+2.6 T71.8+2.1
BrainNetCNN (Neuro’'17)[7]  68.043.3 65.848.3 70.4+5.3 68.1+4.9 67.3+2.6 63.3+£9.4 70.548.7 66.946.4
MMAFN (DLCV’25)[19] 77.642.1 752427 735421 77.442.3 80.4+1.6 79.2424 775421 80.1+1.4
KA R )i ik

BNT (NeurIPS’22)[] 72.842.9 70.94+4.3 73.943.6 72.442.8 75.941.6 72.945.3 69.846.6 71.3+4.2
MCPATS (JBHI’24)20] 74.043.3  64.3+4.7 80.4+2.9 72.3+3.8 76.042.6 73.243.6 787429 76.0+2.3
GBT (MICCAI’24)[21] 70.443.6 68.14+4.3 71.54+3.9 69.842.9 78.046.6  79.549.5 77.3+4.0 78.445.2
RTGMFF (arXiv’'25)[22] 80.7£2.5 79.54£3.0 81.3+2.8 80.4+2.1 86.4+1.9 84.5+2.7 87.542.3 86.0+1.8
K GNN W J5ik

BrainGNN (MIA’21)[9] 64.7+3.8 67.943.5 62.7+4.1 65.3+2.7 69.3+3.9 66.843.3 727434 69.842.4
BrainGB (TMI’22)[23] 65.842.6 61.3+4.9 70.3+£3.8 65.8£3.1 63.242.0 63.848.1 60.1+6.9 62.04+5.3
A-GCL (MIA’23)[24] 77.8+4.4 764447 T79.4+5.3 T7.9+3.5 82.942.1 824426 83.7+1.9 83.1+1.6
KMGCN (MIA’25)[25] 75.242.6 72.843.9 77.0+£2.6 74.243.9 84.7+1.3 83.6+1.7 81.3+14 82.4+1.1
MM-GTUNets (TMI'25) 81.7+1.6 78.8+29 81.1+1.9 88.7+l.5 83.1+1.7 84.6+2.1 82.3+1.6 87.4+1.5
[26]

M-HGCN (Fefi 100 1) 83.6+1.3 80.84+2.7 85.841.6 90.7+1.2 88.3+1.1 87.1+1.2 89.7+0.9 91.440.7
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Jitk
ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%) AUC (%)
w/o Hyperbolic Geometry 78.5+2.1 75.1+3.5 80.3+2.8 84.1+1.9 82.1+1.8 83.2+2.5 80.5+2.1 85.3+t1.5
w/o Fréchet Mean Readout 82.0+1.5 78.91+2.9 84.1+1.9 88.5+1.4 85.9+1.3 87.5+1.8 83.1+£1.2 89.8+1.0
w/o Lorentzian Attention 81.3£1.8 78.24+3.1 83.5+£2.2 87.9£1.6 85.2+1.5 86.9+2.0 82.8+1.4 89.1£1.2
w/o Signed Aggregation 80.2+1.9 76.943.3 82.84+2.5 86.5+1.8 84.5+1.6 85.14+2.2 83.7+1.3 88.24+1.3
Iji-HGCN (&A1) 83.6+1.3 80.8+2.7 85.8+1.6 90.7£1.2 87.3+1.1 89.641.2 84.3+0.9 91.44+0.7
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