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o M; is the functional module node i belongs to. Functional modules are detected by using
Louvain algorithm.
o We adopt the InfoNCE as the contrastive loss function to update representations.
d Functional Module-aware Self-attention: \We define trainable exponential kernels on functional
module-aware node representations:
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BioBGT encodes the small-world architecture of brain graphs
the

Table: Results of BiIoBGT and its variants

learned 4 Biological Plausibility in Node Importance Encoding

to enhance the biological

representations:

“* Node importance encoding: Capturing node importance in
the information propagation across brain graphs.

* Functional module encoding: Preserving the functional
segregation and integration characteristics of brain graphs

In the learned representations.
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Therefore, for node i, the node representation fed to FFN is: x; = ®(x;) + FM-Attn(i).
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Table: Statistic information of three datasets.

) align better with the division of functional modules.

Functional module Extracto Of the NEﬂ: curve. —104— . . ‘ | —L oo
’, ———————————————————————————————— :—--_-T ————————— N 1 0 10 20 Nod 30 40 49
‘OO @% I R e N S—— TUNN— . Results and Analys|s Fig: The NE and NEff values of 50 randomly selected
‘\ ——-\\/V '\ \\‘\‘ ) X \ .
/ ’,’\ samples ’,’ P ., \\samples Method | u [ u ngm u u
gjﬁ e y S — . U Model Comparison acc A | acc  aic | ac__ ac 1 Biological Plausibility in Functional Module-Aware
e NN\ \29 ] - :
Functional G 5O e \We compare BioBGT with other state-of- ML Methods SVM 53.56:2.73 54.662340 [49.01£1.70 49.05:£1.94(322942.63 49.88+3.10 ! Self-Attention
modules FM- Attn(.) - _ . _ Random Forest 58.96:+£2.77 59.4942.38 |51.144+3.08 51.414+3.23[49.03+1.27 58.18+2.31 |
1 = LT o relb Rl =
"""""""""" ﬁ-““““““““““/ A | the-art baselines on graph classification SAN 51.09+2.00 51.224221 |49.80:£1.97 50.2042.34 |34.44:+4.61 4923+2.67 | m | T ]
____________________________________________ Functional ! Graph Trans. 50.7622.07 51.49+1.15 |50.20£0.50 48.20-£0.16 |40.2844.17 52.31+2.04 | Vis s vis| T A G -
f Node importance ! Module-Aware : tasks across three datasets. Graphormer  61.60-£0.90 58.64 £1.50 | 58.404+0.68 57.61+0.72 |35.644£2.17 48.19+£12.69 | b Senidiem (4101 i W
ernxd M ) encoding Self-Attention | Graph SAT-PE  60.00+2.73 59.68+2.60 |60.60+3.11 59.14+4.56 39.96+1.51 48.174657 |  Au vt {220 R =
v t T ! Dataset  Group Number No. ROI Transformer SAT+PE 64444345 64214340 |58.76+4.88 69.29+5.48 [41.51+4.01 42.13+5.74 | o e e —
v —.@Aﬁ f f . Models BRAINNETTF 70.80+2.70 79.36-3.43 |68.24-£2.24 78.38+3.43[47.3943.11 55.724+7.13 | cc ' g e
H— I NC 190 90 Polynormer  64.7842.34 63.614+2.43 |57.03+0.96 56.424+1.56 |41.85+2.12 54.344+4.37 | ' | e E“m:g;ig ‘ f
Brain n [Linear] [Linear] Linear ! ADNI MCI 170 90 Gradformer 68.94-:3.18 67.831+4.66 |61.56+4.13 61.75+4.29 |46.54+2.72 53.884+2.37 | EC - IO ,,
graph':> 4 _ _ | AD 47 90 GTSP 61.704+3.81 61.414+2.90 |61.3743.59 60.43+3.47|47.274+3.81 53.59+3.26 ! \ [ =+
| : NC 230 190 GAT 55.38+3.18 54.97+3.28 [53.5142.54 53.414+2.48 |34.99+47.43 51.73+£6.66 | g SRRt ESIRR0R ik wel 1L I Rul LI
, , Node . ADHD-200 iy 229 190 Graoh Neura] ~ BTAiMGNN 5576120 58.00:+£0.49 |51.34+1.17 5427+066|4333+4.08 50214297 | 338 & ¥ * 2908 W =
o Entanglement , ! N BrainGB  68.20+7.81 74.64+10.10|65.1243.90 70.3243.66 |44.343.90 62.24+4.68 | _
@) sey T ) N / , ABIDE NC 493 200 MCST-GCN  59.06:2.69 59.05+389 |54.22+2.40 55.18+£2.35 4844312 62.25:£2.93 | (a) Graphormer (b) SAT (c) BioBGT
e : NE(i) = |8(Gi) - @) Transformer Layer i GroupBNA  69.87+3.02 71.16+4.53 | 63.144+2.65 71.30+3.81 |46.72+1.33 50.85+8.10 P - -
\_.___Dode perturbation _______ 7Y 717 L / y | Autism 516 200 P . Fig: The average attention score of BioBGT (on ADHD-200
| ur ode 10 . . . . N . . . o o » .
Our Model BioBGT  71.06:0.08 71.64+1.14 |74.00+2.01 73.33:+2.37|52.08+2.08 6233598 |
|
|
|
. |

Fig: Overall framework of BioBGT.

Table: Model comparison Results.
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