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Introduction
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(a) Hubs play essential roles 

in information propagation 

across the brain graph.

(b) Functional modules in the brain. Darker 

colors indicate stronger correlations 

between ROIs.
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Network Entanglement-based Node Importance Encoding 
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Method Experiment

• Brain graphs exhibit small-world architecture accompanied 

by the presence of (1) hubs and (2) functional modules.

• Current methods lack tailored design for small-world brain 

graphs, leading to lacking sufficient biological plausibility 

for the learned brain graph representations. 

 

Fig: Small-world architecture of brain graphs

Network Entanglement (NE)-based Node Importance Encoding 

Fig: Overall framework of BioBGT.
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Proposal and Contribution
BioBGT encodes the small-world architecture of brain graphs 

to enhance the biological plausibility of the learned 

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.

❑ Node importance degree calculation (NE value): 

o 𝑆(𝐺) and 𝑆(𝐺𝑖) are the density matrix-based spectral entropy of 𝐺 and 𝐺𝑖, 𝐺𝑖 is the 𝑖-control 

graph obtained after the perturbation of node 𝑖.
❑ Node representation with node importance encoded: 

o 𝐱𝑖 is the original representation of node 𝑖.
o 𝐱𝒩ℰ(𝑖) is the learnable embedding vector specified by 𝒩ℰ 𝑖 .

o Φ(∙) denotes our node importance encoding. 

❑ Community contrastive strategy-based functional module extractor: We design a functional 

module extractor 𝜓(∙) to obtain the updated functional module-aware representation:

o 𝐡𝑖  is the functional module-aware representation of node 𝑖.
o ℳ𝑖 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.

❑ Functional Module-aware Self-attention: We define trainable exponential kernels on functional 

module-aware node representations:

Therefore, for node 𝑖, the node representation fed to FFN is: 
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Results and Analysis

Table: Model comparison Results.

❑Model Comparison

• We compare BioBGT with other state-of-

the-art baselines on graph classification 

tasks across three datasets.

 

 

Table: Statistic information of three datasets.

Results and Analysis (cont.)

❑ Ablation Studies 

❑ Comparative analysis of node importance measurement 

Table: Results of BioBGT and its variants

❑ Biological Plausibility in Node Importance Encoding

Fig: The NE and NEff values of 50 randomly selected 

nodes from a sample in the ABIDE dataset.

• We compare the NE values 

of each node with their node 

efficiency (NEff) values to 

evaluate the validity of NE.

• The changing trend of the NE 

curve aligns closely with that 

of the NEff curve.

 

 

Fig: Performance of BioBGT and its altered models. 

❑ Biological Plausibility in Functional Module-Aware 

Self-Attention 

Fig: The average attention score of BioBGT (on ADHD-200 

) align better with the division of functional modules. 
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