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Abstract. Brain connectome provides a comprehensive map of neural
connections within the brain, which is fundamental to understanding
brain function and dysfunction. Recently, transformer-based methods
have significantly advanced the analysis of brain connectome. However,
these methods mainly rely on learning node-level representations, over-
looking the critical role of brain connectivity (edge) to elucidate the
mechanism of brain disorders, which limits their interpretability. Be-
sides, the brain connectome exhibits a modular and hierarchical topol-
ogy, while traditional Euclidean-based methods struggle to model these
hierarchical structures without high distortion, limiting their represen-
tational capacity. To address these limitations, we propose BrainHTF,
a novel hyperbolic manifold-based Transformer framework tailored for
learning causal graph representation of brain connectome. Specifically,
we first introduce a mask generator to disentangle the brain connectome
into causal and bias subgraphs. Then, a hyperbolic transformer is utilized
to learn their respective disentangled representations in hyperbolic space.
Finally, causal intervention is conducted on representations for discover-
ing invariant causal patterns for prediction. Experimental results on the
ABIDE and ADNI datasets demonstrate that our BrainHTF consistently
outperforms several state-of-the-art methods in brain disease detection
while also identifying interpretable biomarkers. The code is available at
https://github.com/MYzzZ123/BrainHTF.

Keywords: Brain Connectome - Hyperbolic Transformer - Brain Dis-
ease - Representation Learning.

1 Introduction

Brain connectome has intrigued neuroscientists for its potential to elucidate in-
tricate organizations of human brain and underlying mechanisms of neurological
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disorders [9/12]. At the macro-scale, the brain connectome is modeled as a brain
network or graph, where nodes represent regions-of-interest (ROIs) and edges
represent connections between them. Functional magnetic resonance imaging
(fMRI), a noninvasive neuroimaging modality, measures neural activity through
blood-oxygen-level-dependent (BOLD) signals. Functional connectivity (FC) is
derived by quantifying statistical dependencies between pairs of BOLD signals.
Numerous studies have demonstrated that individuals with autism spectrum dis-
order (ASD) and Alzheimer’s disease (AD) exhibit abnormal FC patterns [5/I5].
FC-based analysis of brain connectome has been one of the key approaches to
decipher underlying mechanisms of brain diseases.

Nowadays, Transformer-based models have led to significant advances in
learning representation of the brain connectome. For instance, Brain Network
Transformer (BrainNetTF) [10] utilizes a transformer encoder with an orthonor-
mal clustering readout layer to learn graph representation of connectome for
brain disease detection. Long-range Brain Graph Transformer (ALTER) [17]
captures long-range dependencies between ROI pairs via biased random walk
and adaptively integrates them with short-range dependencies, facilitating an
integrated understanding of communication across the whole brain. However,
existing Transformer-based methods primarily focus on learning node-level rep-
resentations, neglecting the critical contribution of brain connectivity (edge) to
understanding the mechanisms underlying brain disorders [7]. Besides, most ex-
isting methods are confined to learn representations within Euclidean geometry,
which struggles to model the modular and hierarchical network structure within
brain connectome due to inherent spatial constraints, resulting in limited repre-
sentational capacity.

To address these issues, we propose BrainHTF, a novel hyperbolic manifold-
based Transformer framework tailored for learning causal graph representation
of brain connectome. Specifically, given a brain graph, we propose to split it
into causal and bias subgraphs via a subgraph generator. Then, a hyperbolic
transformer is employed to effectively learn their respective disentangled graph
representations based on hyperbolic geometry, which models the hierarchical
structure of brain connectome with high fidelity. Finally, causal intervention is
conducted on representations to discover invariant causal patterns for prediction.
We conduct extensive experiments on two public fMRI datasets (i.e., ABIDE and
ADNI), with experimental results demonstrating that BrainHTF not only out-
performs state-of-the-art methods in brain disease classification tasks, but also
hold promise in identifying interpretable biomarkers. The major contributions
of this work are summarized as follows:

1) We propose a novel framework, called BrainHTF, which learns causal graph
representation of brain connectome based on hyperbolic geometry for brain
disease detection.

2) We design a hyperbolic transformer that embeds the brain’s hierarchical
topology into Poincaré ball hyperbolid to mitigate Euclidean representa-
tional limitations. To the best of our knowledge, this is the first work to
introduce a hyperbolic transformer for brain connectome analysis.
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Fig. 1. The overall framework of the proposed BrainHTF.

3) Extensive experiments on two widely-used fMRI datasets demonstrate that
our BrainHTF outperforms all baseline methods for brain disease detection,
while holds potential in identifying interpretable biomarkers.

2 Preliminaries

Notations. In this paper, R"™ and B represents the n-dimensional Euclidean
space and the n-dimensional Poincaré ball model with negative curvature —c,
respectively. @ denotes the Mobius addition, and log(+) and exp(-) denote the log-
arithmic and exponential maps, respectively. G = {G1,Ga, -+ , G} € RIXNXN
denotes a batch of brain graphs, where I and N denotes the number of subjects
and ROIs, respectively.

Hyperbolic Geometry. Hyperbolic geometry is a smooth Riemannian mani-
fold with constant negative curvature [I6]. Several isometric models have been
proposed to represent hyperbolic space [I]. In this paper, we select the Poincaré
ball model as the geometric foundation of this study. The Poincaré ball model
(B, g7) of an n-dimensional hyperbolic space is defined as:

B! ={xecR":c|x||* <1,¢> 0}, (1)

with constant negative curvature —c and the hyperbolic metric g7.
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Hyperbolic Linear Transformation. Let W be a weight matrix in the tan-
gent space, we can define hyperbolic linear transformation as:

Linears(x) = (W ®. x) . b, (2)

where W ®, x = exp§(W logg(x)), b is the bias term in the hyperbolic space.
Hyperbolic Layer Normalization. Let LNg(-) be the layer norm in the Eu-
clidean space, we can define hyperbolic layer normalization as:

LNp(x) = expg (LNg(logg(x))). (3)

3 Method

3.1 Causal Subgraph Generator

Given a batch of brain graphs G = {G1,Gq, - ,G} € RI*N*N " we design
a mask generator to split each brain graph into causal and bias subgraphs.
Specifically, given a brain graph G, where g; and g; represent the feature of
node ¢ and j, we first use a Multi-layer Perceptron (MLP) followed by a sigmoid
function to obtain the edge importance matrix D € RV XV, where D;; indicates
the importance of edge (4, 7):

D;; = o(MLP(gi |l g;)) (4)

where || is the concatenation operator, and o(-) is the sigmoid function. Then,
we select the edges with highest importance to construct the binarized causal
mask MY € {0,1}V*V while the remaining edges to derive the binarized bias
mask M* € {0, 1}V*V:

M =1(Top, (D)), M?®=1-MC, (5)

where 1 € RV*¥ denotes the all-one matrix. The indicator function I(-) returns
1 if the condition is satisfied, 0 otherwise. Toppc(-) selects the top-K edges with
K =p.x N x N, and p.% is a hyperparameter (e.g., 40%). With these binarized
masks, we can filter G as below:

G=GoMY G =GoM?, (6)
where ® denotes the element-wise product. G¢ and G° € RY*¥ represent the
causal and bias subgraph features, respectively.

3.2 Learning Disentangled Graph Representations

To model the intrinsic hierarchical structure of the brain connectome, we propose
a hyperbolic Transformer that learns disentangled graph representations of G¢
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and G* based on hyperbolic geometry. Concretely, given G, the full process of
the [-th layer in our transformer encoder is formulated as:

— I,h 1,h I,h
QL KV Vi — HIZLh ), (WQ W5 W ) ) (7)

logg (Q"") logg (K"") T (8)
g

c c A
O"" = expg (8" logg(VH")), Of = (Hh:lolyh) . Wo, (9)

Sh? = softmax

H =LNs(O'e.H™!), H' =FFNzH')o.H, (10)

where O = exp§(G), H is the number of heads, ! is the layer index, S!

is the attention score, and Wgh, WZI’(h, Wi}h, and Wlo are learnable manifold

parameter matrices. dégh is the first dimension of le’(h. FFNp(+) denotes the feed-
forward network, consisting of two hyperbolic linear layers. Finally, the output
of hyperbolic transformer encoder is projected to the tangent space, followed by
flattening into a vector as the final representation.

Following the above encoding process, we learn disentangled representations
of the causal and bias subgraphs and make predictions via classifiers:

Z€ = gzsC’(G"C)v yg = fC(ZC)7 z° = QS(GS% yg} = fS(ZS)a (11)

where Z¢ and Z° are the representations of the causal and bias subgraphs.
@c(+) and Pg(-) are the causal and bias transformer encoders. y& and yg, are the
predictions of the causal classifier f(-) and the bias classifier fg(-), respectively.

3.3 Loss Function

The causal subgraph is derived to capture causal representation, so we assign its
representation to the ground-truth label yg. Thus, we define the classification
loss as:

1
£cls = 15 Z y(—l_;, IOg (yg) (12)
‘g| Geg

The bias subgraph aims to approach the spurious patterns that do not con-

tribute to the classification. Hence, we enforce its prediction to follow a uniform
distribution over all categories and define the uniform classification loss as:

1
91 Geg

where KL(+) is the KL divergence, and yynir denotes the uniform distribution.
To capture invariant causal patterns from brain graphs, we conduct inter-
ventions on bias representations. Specifically, we first randomly permute Z° in a
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batch and obtain Z%* = Z¢||Z° ,, where Z5' represents randomly permuted bias
vectors of Z°. With the generated interventions, we define the following loss:

Y& = fais(Z), (14)
1 .
Lais=— > y&log (y&°), (15)
191 &6

where y&*® is the prediction produced by the classifier fu;s(-).

Finally, the objective function is defined as the weighted sum of the losses:
L= Ecls + )\l‘cuni + )\2£di57 (16>

where A\; and Ay are parameters to regulate the contribution of disentanglement
and causal intervention, respectively.

4 Experiments

4.1 Experimental Settings

Datasets and Preprocessing. We evaluate our method on two public fMRI
datasets: (1) Autism Brain Imaging Data Exchange (ABIDE) [4], which contains
571 ASD patients and 531 NCs. (2) Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) [8], which contains 99 AD patients and 154 NCs. Both datasets
were preprocessed following the standard pipeline. Incomplete scan images were
excluded from our study to ensure data quality.

Baselines. To evaluate the effectiveness of our method, we compare Brain-
HTF with three types of baselines: (1) GNN-based methods: BrainUSL [18] and
BrainIB [19]. (2) Transformer-based methods: BrainNetTF [I0] and ALTER [I7].
(3) Hyperbolic manifold-based methods: HGCN [2] and H2H-GCN [3].
Metrics. We adopt a five-fold cross-validation to assess the performance of
different methods. Four metrics are used for performance evaluation: accuracy
(ACQ), sensitivity (SEN), specificity (SPE), and area under the receiver oper-
ating characteristic curve (AUC), respectively.

Implementation Details. BrianHTF is implemented based on Pytorch and
trained on an NVIDIA GeForce RTX 4090 GPU. In the hyperbolic transformer
encoder, the number of attention heads and layers are both set to 2, and the
curvature is set to 3. All classifier are based on MLP. The parameters A; and Ao
in Eq. are both set to 0.1. During the training process, the RiemannianAdam
optimizer is used with a learning rate of le-5 and a weight decay of le-5. The
batch size is 8 and the epoch is 100.

4.2 Results Analysis

Table [I] reports the results of all methods in ASD vs. NC and AD vs. NC clas-
sification tasks. Several key observations can be drawn from this table. First,
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Transformer-based methods consistently outperforms GNN-based methods (i.e.,
BrainUSL and BrainIB) on ABIDE and ADNI datasets. For example, Brain-
NetTF achieves the ACC values of 64.69% and 85.74% in ASD vs. NC and
AD vs. NC classification tasks, which is significantly higher than 61.24% and
81.84% yielded by BrainIB. Second, hyperbolic manifold-based methods gener-
ally achieve performance comparable to GNN-based methods, but remain infe-
rior to Transformer-based methods. This is likely because these manifold-based
methods are not specifically designed for brain connectome analysis, making
it difficult to learn rich representations for prediction. Finally, our BrainHTF
achieves the optimal performance across both datasets. In particular, Brain-
HTF reaches the average ACC and AUC of 80.72% and 84.46%, yielding gains
of 3.26% and 1.63%, respectively, over the suboptimal ALTER at 77.46% and
82.83%. These notable improvements can be attributed two key contributions:
1) Tailored mask generator equipped with causal intervention can effectively
extract causal connectivity patterns associated with ASD/AD from brain con-
nectome; 2) Modeling hierarchical topology of brain connectome in hyperbolic
space enables learning rich representations for prediction.

Table 1. Experimental results of different methods on ABIDE and ADNI datasets.

Dataset| Method | ACC(%)*t SEN(%)*t SPE(%)1 AUC(%) 1
BrainUSL [18] | 64.10+4.69 72.8948.72 54.46+7.98 69.10£5.29

BrainIB [19] 61.24+3.72 66.29+9.31 55.69+3.77 64.5943.65
BrainNetTF [10] | 64.69+2.78 65.90+£7.37 63.35+£6.48 70.34+3.92

ABIDE ALTER [I7] 67.16£2.72 70.81+4.28 63.15+1.80 71.81+£3.26
HGCN [2] 62.82+2.88 68.91+£12.64 56.14+£12.71 68.1843.05

H2H-GCN [3] 64.10+2.78 66.44+10.70 61.46+12.68 70.59+4.61
BrainHTF 71.30+2.76 74.58+4.88 67.72+4.73 74.03+3.96

BrainUSL [18] | 81.03+5.09 74.74+5.50 85.12+5.92  89.43+3.52

BrainIB [19] 81.84+3.76 76.89+£11.97 85.1248.52  87.26+5.60
BrainNetTF [10] | 85.744+3.53 81.79+6.86 88.34+£5.20 92.174+3.65

ADNI ALTER [1I7] 87.76+5.48 82.89+10.23 90.95+6.24 93.84+2.48
HGCN [2] 79.44+2.75 64.584+9.22 88.9945.59 84.82+4.22

H2H-GCN [3] 79.844+7.37 78.89+11.48 80.47£7.51 88.1445.47
BrainHTF 90.13+2.15 83.8913.27 94.19+3.76 94.89+2.42

4.3 Ablation Study

To evaluate the effectiveness of key components, we compare our BrainHTF
with their variants: (1) "w/o Hg" that replaces our hyperbolic transformer with
a standard transformer, (2) "w/o Mp" that removes the causal mask generator
for disentanglement, and (3) "w/o Cz" that removes the causal intervention.
As reported in Table "w/o Hg" shows a significant performance drop,
showing the potential of hyperbolic geometry in modeling hierarchical brain con-
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Table 2. Ablation studies of different components on ABIDE and ADNI datasets.

Dataset | Method | ACC(%) 1 SEN(%)1 SPE(%)t AUC(%) 1

w/o Hg 66.17£2.20  69.68+4.08 62.33+4.05 71.38+3.16
w/o Mp 65.58+£2.55  69.30+5.13  61.49+£1.77  71.24£3.61

ABIDE w/o Cz 65.28+2.03  68.16+4.33  62.124+2.98  71.17£2.09
BrainHTF | 71.30+2.76 74.58+4.88 67.724+4.73 74.03+3.96

w/o Hp 87.76£3.77  81.89+8.02  91.5943.26  93.93£2.22

ADNI w/o Mp 88.93+2.93 85.791+6.06 90.95+4.71 95.134+2.31

w/o Cz 87.36£1.93  82.89+4.96  90.30£4.05  94.45+3.03
BrainHTF | 90.13+£2.15 83.89+3.27 94.1943.76 94.89+2.42

g ’5, 1AL (<1071 : & |A(x107Y)

(a) ASD vs. NC (b) AD vs. NC

Fig. 2. Visualization of the causal connectivity patterns and the perturbation analysis.

nectome. "w/o Mp" consistently degrades the performance. This demonstrates

the effectiveness of disentangling causal patterns from brain network for predic-
tion. "w/o Cz" shows the largest performance degradation on both datasets,
which implies that causal intervention is beneficial for discovering causal pat-
terns for brain disease detection. Notably, our BrainHTF achieves the overall
best performance compare with their variants, proving that discovering causal
patterns and modeling them in hyperbolic space is helpful for improving model’s
diagnostic performance.

4.4 Visualization Analysis

We investigated the identified causal connectivity patterns associated with ASD
and AD classification. Specifically, we calculated the average values of causal
connectivity in the edge importance matrix D in Eq. across all folds, which
served as the contribution of causal connectivities to ASD and AD identification.
Besides, we conduct perturbations on selected ROIs among causal connectivities
to investigate the association between the ROIs and disease. These results were
presented in Fig. [2| From Fig. 2| (a), we can observe that the detected regions
such as left middle orbital frontal gyrus (ORBmid.L), left dorsolateral superior
frontal gyrus (SFGdor.L), and left insula (INS.L) play crucial role in ASD iden-
tification, consistent with previous studies [6I11T4]. As shown in Fig. 2| (b), left
hippocampus (HIP.L) was identified, which was recognized as one of the most
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affected areas in AD identification [I3]. As illustrated in Fig.|2| (a) and (b) (right
part), perturbations on causal connectivity lead to notable changes in prediction
(e.g., |Al = 20.7x 107! and |A| ~ 27.7 x 107! for ORBmid.L and HIP.L in ASD
and AD classification, respectively), validating that our BrainHTF is capable of
identifying key biomarkers for brain disease detection.

5 Conclusion

In this study, we propose BrainHTF, a novel Hyperbolic manifold-based Trans-
former framework tailored for learning causal graph representation of brain con-
nectome. In BrainHTF, given a brain graph, we first utilize a mask generator to
disentangle it into causal and bias subgraphs. Then, they are mapped to hyper-
bolic space for disentangled representations learning with hyperbolic transform-
ers. Finally, causal intervention is conducted on bias representations to discover
invariant causal patterns for prediction. Experimental results on the ABIDE
and ADNI datasets demonstrate the superiority of BrainHTF in brain disorders
detection and its ability of identifying interpretable biomarkers.
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