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Abstract
Brain network analysis technology reveals the organizational
mechanism and information processing mode by construct-
ing the structural connection network between brain regions.
It has achieved satisfactory results in brain disease predic-
tion tasks, promoting the progress of neuroscience. In recent
years, graph transformer has become the most mainstream
method for brain analysis with its powerful feature extrac-
tion ability and attention mechanism. However, these meth-
ods face two challenges, i.e., lack of interpretability, and ne-
glect of semantic associations among brain regions. To solve
these problems, we proposed a large language model (LLM)-
driven causal knowledge brain network transformer frame-
work, termed BrainCKT, which is plug-and-play, and can
adapt to most of the existing mainstream graph transformer-
based methods. Specifically, we constructed a brain region
causal graph and used its adjacency matrix to guide the learn-
ing process of the self-attention mechanism. In addition, we
constructed a brain science knowledge graph and encoded
it through a pre-trained model to enhance the original brain
region features. Finally, we integrated BrainCKT into four
mainstream graph transformer baselines for verification. Ex-
perimental results on two brain imaging datasets proved the
effectiveness of BrainCKT.

Introduction
The brain is the most vital organ of the human body, which
serves as the central hub for orchestrating life activities
(Genon et al. 2018). Therefore, analyzing the function of
the brain has become an important goal of human develop-
ment. In practice, fully analyzing the brain can help people
effectively predict neurological diseases and human physical
signs (Luo et al. 2024; Guan et al. 2025; Liu et al. 2024). For
example, Figure 1 illustrates that fluctuations in the blood
oxygen level-dependent (BOLD) signal of the hippocampus
can reveal the progression of Alzheimer’s disease. Although
modern medicine has anatomically divided the brain into
various regions, each of which has been extensively stud-
ied, most existing approaches only focus on a few regions
with a high technique cost (Su et al. 2021; Hu et al. 2024;
Feng et al. 2025).

As a relational data structure, graphs are able to model
complex relationships in the human world. In recent years,
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Figure 1: Illustration of the significance and application
value of brain network analysis. Specifically, there are
significant differences in blood level signals in the hip-
pocampus region between healthy people and patients with
Alzheimer’s disease.

modeling the brain as a graph structure and leveraging deep
learning techniques to extract neural signal features has
achieved promising results in various brain analysis tasks
(Mohammadi and Karwowski 2024). In such models, nodes
represent brain regions of interest (ROIs), and edges denote
the functional connectivity strength between them. Such
graph-based modeling strategy is known as brain network
analysis, which has garnered significant attention.

The emergence of transformer models in the field of graph
representation learning has led to remarkable progress in
brain network analysis tasks. For instance, BrainNETTF
(Kan et al. 2022b) utilized efficient attention weights to
learns pairwise connection strengths. Furthermore, Brain-
NETTF proposed an Orthonormal Clustering Readout op-
eration, generating cluster-aware and informative graph em-
beddings. ALTER (Yu et al. 2024) solves the long-distance
path dependency in brain networks and proposes a long-
distance-aware brain network transformer framework. How-
ever, these methods still face two critical challenges: (1) Ne-
glect of semantic associations among ROIs, and (2) Lack
of interpretability. Specifically, for challenge (1), current
methods typically rely solely on BOLD signals and con-
structed graph structures for analysis, emphasizing statis-
tical connectivity while failing to integrate the functional
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roles of brain regions with disease-related semantics. For
example, although the prefrontal cortex and hippocampus
are clinically recognized as highly associated with the diag-
nosis of Alzheimer’s disease, early-stage functional impair-
ments in the prefrontal cortex may not manifest as signifi-
cant changes in cerebral blood flow, resulting in low statis-
tical correlation based on fMRI-derived BOLD signals. For
challenge (2), the black-box nature of transformers makes it
difficult to align model predictions with biological knowl-
edge or known cognitive functions of brain regions. These
limitations hinder the further advancement of transformer-
based models in brain network analysis.

To address the aforementioned challenges, we propose a
large language model (LLM) driven causal knowledge brain
Transformer framework, termed BrainCKT. Specifically, to
solve challenge (1), we construct a neuroscience knowledge
graph based on existing literature and open-access medical
databases to enrich the semantic context of brain network
analysis. To solve challenge (2), we use the relations be-
tween brain region entities in the knowledge graph to con-
struct a brain causal graph based on the structural equation
model (SEM) to guide the masked attention learning process
in the Transformer framework, thereby improving the inter-
pretability of the model. To our best knowledge, we are the
first to utilize causal knowledge for interpretable research in
brain network analysis. It is worth noting that our proposed
method is plug-and-play and interpretable, which can be in-
tegrated seamlessly into most of existing graph transformer-
based brain network analysis model and provide effective
evidence for brain network analysis. To demonstrate the ef-
fectiveness and robustness of the BrainCKT, we conduct
comprehensive experiments on two brain network analysis
datasets. In summary, our key contributions are as follows:

• We propose a plug-and-play LLM-driven causal knowl-
edge transformer framework for brain network analy-
sis, providing sufficient semantic information and inter-
pretability for existing transformer-based approaches.

• We propose a causal knowledge-driven brain augmen-
tation mechanism. Specifically, we construct a neuro-
science knowledge graph that supplies comprehensive
semantic relationships to brain network analysis.

• We integrate BrainCKT into existing Transformer-based
brain network models and conduct extensive experi-
ments, which demonstrate the superiority and robustness
of our method.

Related Work
Graph Neural Network-based Models Graph neural net-
work (GNN)-based brain network analysis methods aim to
leverage the message-passing capabilities of GNNs to learn
global representations of brain regions. Within this frame-
work, brain network analysis is formulated as a graph-level
classification task. For example, BrainGNN (Li et al. 2021)
introduces novel region-of-interest (ROI)-aware graph con-
volutional layers that achieve interpretable disease predic-
tion. BN-GNN (Zhao et al. 2022) employs a deep reinforce-
ment learning framework to search for the optimal GNN

architecture tailored to each individual brain network, en-
abling personalized brain network analysis. IBGNN (Cui
et al. 2022b) presents an interpretable framework for analyz-
ing disease-specific regions of interest and significant con-
nections. Overall, these methods have achieved promising
results in brain network analysis tasks. However, the inher-
ent over-smoothing issue in GNNs poses challenges in cap-
turing such long-range dependencies, thereby limiting the
further advancement of these methods.

Graph Transformer-based Models Compared to tradi-
tional Graph Neural Network (GNN) architectures (Meng
et al. 2023), the Graph Transformer represents a more ad-
vanced graph learning paradigm with enhanced expressive
power. For instance, BrainNETTF (Kan et al. 2022b) uti-
lizes connectivity profiles as node features, providing natural
and low-cost positional information for brain graphs. Fur-
thermore, BrainNETTF learns pairwise connection strengths
between regions of interest (ROIs) and assigns effective at-
tention weights across individuals. GBT (Peng et al. 2024)
presents a simple yet effective geometry-guided brain Trans-
former that approximates the learning of the most relevant
and representative graph representations using an attention-
weighted matrix module. ALTER (Yu et al. 2024) proposes
an innovative long-range perception strategy capable of ex-
plicitly capturing long-distance dependencies between brain
ROIs. However, existing transformer-based methods tok-
enize graphs as input, resulting in the loss of structural in-
formation. Moreover, the inherent black-box nature of trans-
former models limits interpretability, posing a key challenge
for brain network analysis.

Interpretable Brain Network Analysis Models The in-
terpretability of predictions from brain network analysis
methods is crucial for identifying and localizing biomark-
ers that cause diseases. Currently, a variety of interpretable
brain network analysis methods have been proposed, includ-
ing BrainGNN (Li et al. 2021), IBGNN (Cui et al. 2022b),
and BPI-GNN (Zheng et al. 2024). However, these meth-
ods are all designed based on the GNN architecture, and the
interpretability of Transformer-based brain network analy-
sis methods has not been fully studied, leaving us a gap
to fill. In this paper, we attempt to provide sufficient trace-
able guidance for the model’s predictions by constructing a
brain causal graph and a knowledge graph. To the best of
our knowledge, we are the first to propose an interpretable
Transformer-based brain network analysis method.

Methodology
The proposed BrainCKT consists of 3 main components, in-
cluding knowledge-driven brain augmentation, SEM-based
causal graph construction, and causal-aware transformer.
First, we constructed a brain knowledge graph based on
open-source databases and LLMs, providing sufficient se-
mantic information for raw brain features. After that, we
constructed a simple brain causal graph based on a structural
equation model (SEM). Finally, we used the adjacency ma-
trix of the causal graph to guide transformer attention learn-
ing, providing sufficient interpretability for the model.
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Figure 2: Illustration of the framework of the proposed BrainCKT. Our model consists of three module, i.e., knowledge-driven
brain augmentation module, SEM-based causal graph construction module, and causal aware transformer.

Preliminaries
In this paper, we proposed a novel plug-and-play framework
for transformer-based brain network analysis task, with the
goal of effectively identifying neurological disorders. The
problem is formulated as a graph-level classification task.
Let X = {X1,X2, ...,Xi}ni=1 represent a collection of
fMRI time-series data, where each Xi ∈ RT×O. Here, T
indicates the number ofobservationservations, and O refers
to the count of brain voxels. The associated set of ground
truth labels is denoted by Y = {y1, y2, ..., yn}. For each
matrix Xi, a row vector xt ∈ RV captures the voxel-level
fMRI signals at the specific time point t. To construct the
brain graph, a standard brain atlas is employed, resulting in a
graph G = (V,E), where the node set V = {v1, v2, ..., vN}
consists of N brain regions. The edges E ⊆ V × V reflect
inter-regional relationships that may be derived from either
anatomical structures or functional connectivity. Each edge
is assigned a weight wij , which quantifies the interaction
strength between regions i and j, typically estimated using
statistical correlations or structural metrics.

Knowledge-Driven Brain Augmentation
Knowledge-driven brain augmentation module aims to pro-
vide features containing rich semantic information for brain
region nodes. Specifically, we first construct a brain knowl-
edge graph over LLMs based on open sourced neuralscience
database and related papers. Subsequently, the constructed
brain knowledge graph is encoded using a pre-trained

knowledge graph embedding (KGE) model to obtain knowl-
edge representation. Finally, the features of the brain region
are fused with the original physiological signal features.

Brain Knowledge Graph Construction To provide
richer semantic information for brain network analysis, we
constructed a human brain knowledge graph that integrates
entities and relations relevant to brain disease prediction
from the fields of neuroscience and clinical medicine. The
resulting knowledge graph comprises 237 entities and 23 re-
lations, amounting to a total of 5056 triples. Figure 3 illus-
trates the construction process of the human brain knowl-
edge graph. Specifically, we first collected textual descrip-
tions of brain regions, neural functions, and brain-related
diseases from existing literature databases such as Google
Scholar and PubMed, as well as from open-access neuro-
science and clinical medical databases, including BrainBase
and the Disease Ontology. Subsequently, we employed a
large language model (Roumeliotis and Tselikas 2023) to
extract triples from these texts. The prompt of triplet extrac-
tion is shown in Appendix.

Finally, we remove similar entities by calculating the se-
mantic similarity matrix between entities over a similarity
function s(·):

S =
N∑
i=1

N∑
j=1

s(ei, ej), i ̸= j, (1)

where S denotes the entity semantic similarity matrix, ei
and ej represent entities in the knowledge graph. Due to
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Figure 3: Illustration of the brain knowledge graph construction process.

the differences in data types and features in literature and
databases, the definition of relations in the knowledge graph
is manual. We define a total of 23 relations, including direct
relations, indirect relations, affiliation relations, and synergy
relations. These relations mainly describe the association be-
tween brain regions and neural functions, and the relation-
ship between neural diseases and brain regions.

Knowledge Encoding and Fusion To further exploit the
semantic relations in the knowledge graph, we use a pre-
trained knowledge graph embedding (KGE) model to en-
code entities and relations into a vector space as follows:

XE,XR = KGE(G), (2)

where XE ∈ RN×d and XR ∈ Rm×d represent the
learned embeddings of entities and relations, respectively.
Here, G stands for the constructed knowledge graph, N is the
total number of entities involved, and m denotes the number
of distinct types of relations.

After that, we retrieve features corresponding to brain
region entities from the knowledge graph feature matrix.
These features are then fused with the original node features
Xn obtained from the brain network data. The final feature
XF is obtained through the concatenation operation:

XF = Xn ⊕Xe, (3)

where Xe represents the embedding vector corresponding to
a specific brain region entity and ⊕ represents the concate-
nation operator applied along the feature dimension. Note
that our approach is robust to the choice of fusion technique.
In this paper, we choose the concatenation operation for fea-
ture fusion due to its simplicity and effectiveness.

SEM-based Causal Graph Construction
The objective of the causal graph construction module is to
generate a sparse directed acyclic graph (DAG) G = (V,E)
based on brain region features. In this graph, each node
vi ∈ V represents a region of interest (ROI), and each di-
rected edge eij ∈ E indicates a presumed causal influence
from region i to region j. The graph is constructed entirely

offline and remains fixed during the model training phase.
To discover causal structure, we adopt an offline algorithm
based on linear structural equation modeling (SEM), aiming
to estimate an interpretable and sparse causal network from
observational data.

We begin by evaluating potential causal influence be-
tween each pair of brain regions. Specifically, for each can-
didate edge eij , a local linear SEM is fitted as

Xj = βijXi + ηj , (4)

where ηj denotes a Gaussian noise term. Statistical tests
(e.g., based on partial correlation analysis) are used to as-
sess the significance of βij , resulting in a set of directed
edges with associated scores or p-values. These form a pool
of candidate directed connections across all region pairs.

Next, we select a subset of high-confidence edges from
this candidate pool to construct the final graph. Acyclicity
principle is strictly enforced throughout the edge selection
process. Edges are added incrementally according to their
scores, and the process terminates once no further statisti-
cally significant edges can be incorporated without violating
the DAG constraint. The generated causal graph ĜSEM is a
sparse DAG that captures plausible directional relationships
among brain regions.

Finally, given the fixed structure ĜSEM, we perform global
SEM parameter estimation via multivariate linear regression
for each node. For node j, the model takes the form:

Xj =
∑

i∈Pa(j)

BijXi + εj , (5)

where Pa(j) denotes the set of parent nodes of j, and Bij are
the regression coefficients. The full coefficient matrix B is
obtained by fitting these models in parallel. To produce the
final unweighted graph, we binarize the entries of B using a
threshold δ: if |Bij | < δ, we set Aij = 0; otherwise, Aij =
1. The resulting adjacency matrix A encodes a binary DAG
that serves as the final causal graph used in our framework.
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Dataset: ABIDE Dataset: OSFModel Type Methods
ACC AUC SEN SPE ACC AUC SEN SPE

Learnable Network

BrainGNN 59.42 62.13 47.72 70.71 45.22 51.79 55.10 44.35
BrainGB 63.64 69.71 64.05 61.31 46.70 49.38 52.71 49.32

BrainNetCNN 67.80 74.98 64.32 71.04 46.70 49.38 52.71 49.32
FBNETGNN 68.01 75.67 65.71 62.94 46.70 49.38 52.71 49.32

Graph Transformer

Graphormer 63.57 60.84 78.72 36.72 55.00 58.88 43.33 52.51
TC-BrainTF 69.70 77.71 69.12 70.15 61.11 62.08 45.34 67.85
BrainNETTF 71.00 80.20 72.50 69.30 60.00 62.59 66.67 55.56

BrainNETTF+ours 75.00 81.25 76.60 73.59 62.21 68.52 44.44 83.33
Com-BrainTF 72.50 79.60 80.10 65.70 63.33 75.00 71.80 68.13

Com-BrainTF+ours 78.00 83.11 81.81 73.33 62.79 76.55 75.32 67.78
GBT 72.00 81.00 88.00 56.00 60.71 77.80 58.86 73.33

GBT+ours 73.16 81.47 73.47 60.78 66.67 80.00 62.50 75.00
ALTER 82.80 77.00 77.40 76.60 66.67 74.55 81.80 55.15

ALTER+ours 83.87 79.00 78.51 79.31 73.33 81.48 62.50 60.00

Table 1: Performance comparison of our proposed model with latest unsupervised, supervised and semi-supervised baseline
models on three brain network analysis datasets.

Causal-aware Brain Transformer
We use the constructed causal graph to guide the learning
process of the graph transformer. Specifically, we integrate
A ∈ {0, 1}N×N into a graph transformer by using it as a
hard mask in the self-attention layers. Let X ∈ RN×d be the
node feature matrix at some layer. For each of H heads we
form queries, keys, and values by learned projections:

Q(h) = XW(h)
Q , (6)

K(h) = XW(h)
K , (7)

V (h) = XW(h)
V , (8)

where WQ,WK,WV ∈ Rd×dk , dk = d/H . In standard
multi-head attention this is followed by scaled dot-product
and softmax. Here we modify it by adding the adjacency-
based mask M. Formally, we define a mask matrix:

Mij =

{
0, if Aij = 1,

−∞, if Aij = 0.
(9)

Then each head computes attention weights only over
neighbors. For head h, compute the unnormalized logits

L(h) =
Q(h)K(h)⊤

√
dk

+ M, (10)

where Mij is as above. Applying the softmax yields

α
(h)
ij =

exp
(
L
(h)
ij

)∑
j′ exp

(
L
(h)
ij′

) . (11)

Since Mij = −∞ for Aij = 0, we have α
(h)
ij = 0 when-

ever eij /∈ E, i.e., each node attends only to its causally con-
nected neighbors. The output of head h is Z(h) = α(h)V (h),

a weighted sum of value vectors over neighbors. Finally, all
heads are concatenated and linearly transformed:

MHA(X) = [Z(1); . . . ;Z(H)]WO. (12)

Finally, we use an efficient readout function to derive the
whole brain map representation, and also train an additional
classifier for downstream tasks:

Y = Softmax(MLP (Readout(ZG))). (13)

It should be noted that our method can be applied to a va-
riety of readout functions. In this paper, we adopt clustering-
based pooling as the readout function.

Experiments
In this section, we first introduce the experimental setup,
including the dataset, compared baselines, and implemen-
tation details. After that, we demonstrate the effectiveness
of the proposed BrainCKT through sufficient experiments,
including superiority analysis, ablation study, and inter-
pretability analysis.

Experiment Settings
Used Datasets In this paper, we employ two brain net-
work analysis datasets of varying sizes to assess the perfor-
mance of our proposed model: the Autism Brain Imaging
Data Exchange (ABIDE) dataset (Craddock et al. 2013) and
the Theory of Mind task dataset available on the Open Sci-
ence Framework (OSF) (Richardson et al. 2018).

Compared Baselines In this paper, we select two types
of models as comparison baselines, including learnable net-
works and graph transformer models. Specifically, learn-
able networks include 4 comparison baselines, including
BrainGNN (Li et al. 2021), BrainGB (Cui et al. 2022a),
BrainNetCNN (Kawahara et al. 2017), and FBNETGNN
(Kan et al. 2022a). Graph transformer models include
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Components Dataset: ABIDE Dataset: OSFModels w. KG w. Causal ACC AUC SEN SPE ACC AUC SEN SPE

ALTER+ours

82.8 77.00 77.4 76.6 66.67 74.55 81.8 55.15
! 83.15 77.63 78.36 78.42 71.21 80.84 82.29 53.37

! 83.33 77.82 78.05 77.96 72.14 79.36 60.75 58.88
! ! 83.87 79 78.51 79.31 73.33 81.48 62.5 60

BrainNETTF+ours

71 80.2 72.5 69.3 60 62.59 66.67 55.56
! 73.52 81.17 75.17 71.25 61.87 66.54 65.32 71.18

! 74.15 80.36 74.96 72.33 61.85 65.32 67.87 59.6
! ! 75 81.25 76.6 73.59 62.21 68.52 64.44 73.33

Table 2: Ablation study of two main components of BrainCKT, including knowledge graph enhancement mechanism and the
causal-aware attention learning module.

Dataset Method
Metrics

ACC AUC SEN SPE

ABIDE
BrainCKT w. TransE 80.45 75.67 72.81 74.04

BrainCKT w. CompGCN 83.87 79.00 78.51 79.31
BrainCKT w. RGCN 83.30 77.85 77.21 78.14

OSF
BrainCKT w. TransE 70.81 76.38 59.32 56.15

BrainCKT w. CompGCN 73.33 81.48 62.50 60.00
BrainCKT w. RGCN 73.91 81.02 60.50 61.33

Table 3: Ablation study on adaptability of the KGE models.

6 baseline models, Graphormer (Ying et al. 2021), TC-
BrainTF (Yang et al. 2024), BrainNETTF (Kan et al. 2022b),
ComBrainTF (Bannadabhavi et al. 2023), GBT (Peng et al.
2024), and ALTER (Yu et al. 2024). Details of all compari-
son baseline models are introduced in the Appendix.

Implementation Details All experiments for the proposed
model were implemented using the PyTorch framework on
a single NVIDIA GeForce RTX 3090Ti GPU. For brain re-
gion segmentation, the Craddock 200 atlas (comprising 200
regions) was applied to the ABIDE dataset, while the AAL
atlas (116 regions) was used for the OSF datasets. A pre-
trained CompGCN served as the knowledge graph encoder.
For hyper-parameters in our model, we utilizes 4 attention
heads. Across all datasets, we partition the training, vali-
dation, and test sets in a 70:10:20 ratio. During training,
the Adam optimizer is used in conjunction with the Cosine
Learning Rate (CosLR) scheduler, both initialized with a
learning rate and weight decay of 1e-4. The training process
uses a batch size of 16 over 200 epochs.

Superiority Analysis
To demonstrate the superiority of BrainCKT, we integrated
BrainCKT into several state-of-the-art baselines and con-
ducted extensive comparative experiments on two pub-
lic brain imaging datasets. We divided the baselines into
two categories according to their technical types, includ-
ing learnable networks and Graph Transformer methods.
The results shown in Table 1 show that BrainCKT has
achieved satisfactory performance improvements. Specifi-
cally, after integrating BrainCKT into BrainNETTF, Com-
BrainTF, GBT, and ALTER, the ACC on the ABIDE dataset

Dataset Method
Metrics

ACC AUC SEN SPE

ABIDE
BrainCKT w. Prompt1 83.87 79.00 78.51 79.31
BrainCKT w. Prompt2 83.45 77.91 78.32 78.85
BrainCKT w. Prompt3 83.87 79.41 75.38 79.01

OSF
BrainCKT w. Prompt1 73.33 81.48 62.50 60.00
BrainCKT w. Prompt2 71.20 80.83 60.00 59.33
BrainCKT w. Prompt3 73.67 81.48 63.17 61.30

Table 4: Ablation study on adaptability of the LLM prompts.

increased by 5.63%, 7.59%, 1.61%, and 1.29%, respec-
tively. On the OSF dataset, the AUC of the model after in-
tegrating BrainCT increased by 9.46%, 2.07%, 2.82%, and
9.30%, respectively. Compared with the Learnable Network
method, the Graph Transformer-based method achieved bet-
ter performance. Experimental results show that our pro-
posed BrainCKT is able to facilitate various downstream
tasks of brain network analysis.

Ablation Study
To demonstrate the effectiveness of the BrainCKT compo-
nent, we conducted extensive ablation experiments. Firstly,
we integrated BrainCKT into ALTER and BrainNETTF, and
explored the impact of the knowledge augmentation module
and the causal augmentation module on model performance
through four experimental settings. After that, we utilize dif-
ferent KGE models to pretrain the constructed KG. Finally,
various LLM prompts are explored to show the robustness
of the triplet extraction process.

Effectiveness of Causal and Knowledge Modules We in-
tegrated BrainCKT into ALTER and BrainNETTF, and ex-
plored the impact of the knowledge augmentation module
and the causal augmentation module on model performance
through four experimental settings. w.KG and w.causal indi-
cates that the model is augmented by the knowledge graph
and the causal graph, respectively. Table 2 shows the effec-
tiveness of the above two modules. The experimental results
show that both the knowledge graph and the causal graph
bring performance improvement. For example, the knowl-
edge augmentation module improves the AUC of the AL-
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Figure 4: Interpreting the relevant significant ROIs of different groups of individuals in the two datasets. The color bar ranges
from 0 to 1.0. Bright yellow indicates a high score and dark red indicates a low score.

TER on the ABIDE and OSF datasets by 0.63% and 8.44%,
respectively. The causal augmentation mechanism improves
the AUC of the ALTER on the ABIDE and OSF datasets
by 0.82% and 6.45%, respectively. For BrainNETTF, the
knowledge augmentation module improves the AUC of the
two datasets by 1.21% and 6.31%, respectively.

Influences of Different KGE Models In order to explore
the impact of different pretrained KGE models on the per-
formance of BrainCKT, we conducted experiments on two
datasets using different KGE models based on the ALTER
model. Specifically, we selected TransE (Wang et al. 2014),
CompGCN (Vashishth et al. 2019) and RGCN (Schlichtkrull
et al. 2018) as knowledge graph encoders. The experimental
results in Table 3 show that compared with the traditional
KGE model TransE, the graph neural network-based meth-
ods CompGCN and RGCN achieved better performance
on both datasets, demonstrating the importance of struc-
tural information for knowledge graph encoding. In addi-
tion, CompGCN and RGCN achieved comparable perfor-
mance, demonstrating the robustness of BrainCKT to the
selection of KG encoders.

Influences of Different LLM Prompts In our proposed
BrainCKT, the construction process of the knowledge graph
relies on a large language model and prompts. Therefore, we
designed three different triple extraction prompts to explore
their impact on model performance (prompt1-prompt3).
Specifically, the three prompts we designed have similar se-
mantics and consistent input and output formats. The differ-
ence lies in the question pattern. Due to space limitations,
the detailed information of the three prompts is shown in the
appendix. The experimental results in Table 4 show that the
model performance is the same after using the three prompts
to build the knowledge graph. It should be noted that the per-
formance of the method using prompt2 is reduced to a small
extent. This is because prompt2 defines stricter rules, which
makes the triples higher quality, but also actively sacrifices
some recall rate. In general, the experimental results confirm
the adaptability of the proposed method to different prompts.

Interpretability Analysis
In this section, we discuss the interpretability of our method
through visualization analysis. In BrainCKT, the adjacency

matrix of the causal graph is designed to guide the training
process of self-attention mechanism. Therefore, we map the
attention weight matrix into the brain voxel space and visu-
alize the activation states of brain regions through brain anal-
ysis tools. Figure 4 shows the activation states of our method
under different labels on two datasets. Specifically, for the
ABIDE dataset, we select ASD patients (Figure 4.(d)) and
healthy subjects (Figure 4.(c)) as samples, while for the OSF
dataset, we select middle-aged (Figure 4.(a)) and elderly
(Figure 4.(b)) as control subjects. The visualization results
show that BrainCKT can accurately locate key brain regions
related to tasks. For example, compared with healthy sam-
ples (Figure 4.(c)), the BOLD signals of the prefrontal cor-
tex, amygdala and superior temporal sulcus of ASD patients
(Figure 4.(d)) are weakened. These brain regions are highly
related to social interaction and cognitive control. The re-
sults of the visualization analysis show that our method pro-
vides interpretable evidence for the results while improving
the performance of brain network analysis.

Conclusion
In this paper, we proposed a novel graph transformer-based
brain network analysis model, which is plug-and-play and
provides additional semantic knowledge for brain network
analysis by constructing a knowledge graph. Furthermore,
we construct a brain causal graph and guide the learning of
the transformer attention mechanism through its adjacency
matrix. Finally, we integrated BrainCKT into four main-
stream graph transformer baselines for verification. Exper-
imental results on two brain imaging datasets demonstrated
that BrainCKT provides an interpretable solution for various
downstream tasks of brain network analysis.
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