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Abstract

Graph Neural Networks (GNNs) have been widely
used in diverse brain network analysis tasks based
on preprocessed functional magnetic resonance
imaging (fMRI) data. However, their performances
are constrained due to high feature sparsity and
inherent limitations of domain knowledge within
uni-modal neurographs. Meanwhile, large lan-
guage models (LLMs) have demonstrated power-
ful representation capabilities. Combining LLMs
with GNNs presents a promising direction for brain
network analysis. While LLMs and MLLMs have
emerged in neuroscience, integration of LLMs with
graph-based data remains unexplored. In this
work, we deal with these issues by incorporat-
ing LLM’s powerful representation and generaliza-
tion capabilities. Considering great cost for di-
rectly tuning LLMs, we instead function LLM as
enhancer to boost GNN’s performance on down-
stream tasks. Our method, namely BLEG, can
be divided into three stages. We firstly prompt
LLM to get augmented texts for fMRI graph data,
then we design a “LLM-LM” instruction tuning
method to get enhanced textual representations at
a relatively lower cost. GNN is trained together
for coarsened alignment. Finally we finetune an
adapter after GNN for given downstream tasks.
Alignment loss between LM and GNN logits is de-
signed to further enhance GNN’s representation.
Extensive experiments on different datasets con-
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Figure 1. A illustration of our method. GNN-based
methods have limited performance. LLM methods re-
quire great training cost. Our method aims to enhance
GNN’s performance with much less training cost.

firmed BLEG’s superiority. Code can be available
at https://github.com/KamonRiderDR/BLEG.

1. Introduction
Brain network analysis holds significant impor-
tance for investigating intrinsic mechanisms of hu-
man brains and diagnosing neurological diseases.
Deep learning-based methods have emerged as the
predominant approach for brain network analysis,
demonstrating superior performance for different
tasks (gender classification [35], major depressive
disorder diagnosis [6], autism spectrum disorder di-
agnosis [13], etc). Among these approaches, graph
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neural networks (GNNs) have achieved remarkable
success [10, 17, 36]. By operating message pass-
ing mechanism on fMRI-derived brain networks,
GNN can effectively exploit their intrinsic topo-
logical features [3, 26]. Current GNN approaches
mainly focus on two directions: (a) designing pow-
erful modules to capture finer features (DTN [42],
A-GCL [46], BrainNPT [15], etc). (b) enhancing
model interpretability (BrainGNN [20], IBGNN
[5], ContrastPool [41], etc).

Despite their success, performances of these
methods are constrained by inherent limitations in
brain graph data. Limited sample size [45] and
sparse feature for preprocessed neurograph hin-
der further capability for data-driven deep learning
methods [39, 43]. Meanwhile, brain network data
are inherently confined to certain neuroimaging
data, which lacks domain knowledge that is not ex-
plicitly encoded in imaging data. These features are
further sparsified by preprocessing pipeline, lead-
ing to certain information loss; both factors jointly
constrain GNN-based brain network analysis. In
short, These inherent data limitations together pose
challenges for more accurate GNN-based brain net-
work analysis.

Meanwhile, the emergence of large language
models (LLMs) has achieved remarkable success
in Natural Language Processing (NLP) domain, for
their exceptional representation reasoning and gen-
eralization capabilities [1, 9]. Existing LLM meth-
ods for neuroscience and brain network analysis
mainly directly utilize LLMs’ capabilities for dif-
ferent tasks which focus on single text modality
(e.g. BioGPT [25], BioBERT [18]). They ei-
ther employ multimodal language models for data
from different modalities to help diagnosis [2, 29],
including medical images (e.g. MedBLIP [2],
LLaVA-Med [19]), electrophysiological recordings
(e.g. BrainBERT [37]) and structured clinical data
[16, 48]. However, cases are more complex when
dealing with graph data, which contains both node
and structure features. Currently, exploration of
LLM applications into graph-based brain network
analysis remains unexplored, and a combination of
LLMs and brain GNNs deserves further research.

Hence, in this paper, we pioneer the integration

of LLMs with GNN-based neuroscience tasks. In-
stead of using LLM as a decoder, we regard LLM
as an enhancer, hoping to utilize its embeddings to
enhance GNN’s representation learning (shown in
Fig. 1). However, directly tuning for LLM is costly.
Thus, we design a novel framework which real-
izes Language-Enhanced Graph Neural Network
for Brain Network Analysis (BLEG). Our BLEG
can be divided into three stages: (1) We prompt
LLM to generate augmented text description data
for input graph. Each brain graph is prompted as
text format. (2) We tune a smaller LM based on the
text-graph dataset from previous stage. GNN en-
coder is also trained for coarse alignment. (3) We
conduct supervised fine-tuning on GNN for differ-
ent downstream tasks. Logits from tuned LM is
utilized for fine-grained alignment.

Besides, we provide a theoretical analysis to
demonstrate effectiveness of BLEG. By using LLM
and LM as an enhancer, GNN can learn bet-
ter representation beneficial for given downstream
tasks. Extensive experiments on various real-world
datasets to illustrate BLEG’s superior performance
on different tasks (ASD diagnosis, MDD diagnosis,
etc). To the best of our knowledge, this is the first
attempt to improve GNN brain networks’ perfor-
mance by exploring LLM methods. Notably, here
only fMRI data is used while our BLEG is data-
agnostic and model-agnostic, and we believe that
it provides new insight for both research and real-
scene applications.

2. Related Works
GNN-based Brain network analysis. Graph
neural networks (GNNs) follow message pass-
ing mechanism which aggregates its neighborhood
nodes before updating the value of its node feature
(GCN [17], GAT [36], GraphSAGE [10]). GNN-
based methods in neuroscience can be mainly di-
vided into two categories: (a) Designing mod-
ules to capture deeper features within brain graphs
[34, 42]. A-GCL employs adversarial module to
enhance GNN’s performance [46]. BrainNPT uses
transformer as backbone to capture long-range fea-
tures [15]. (b) Enhancing model interpretabil-
ity. BrainGNN is a classical interpretable brain
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Figure 2. The overall framework of BLEG. (1) We prompt LLM to generate augmented text data for input graph. (2) A
smaller LM is trained through instruction tuning based on generated textual data. GNN is trained together for coarsened
alignment. (3) GNN tuning for certain tasks. Logit from LM is utilized to boost GNN’s representations.

graph neural network [20]. IBGNN employs GNN
backbone and generator for explanation [5]. Con-
trastPool is a differentiable graph pooling method
which can realize explainable classification.

LLM methods in neuroscience. Based on pre-
trained LMs (GPT, BERT), methods like BioGPT
[25], BioBERT [18] train a medical language
model from medical datasets like Pubmed. Mean-
while, the advent of multimodal LLMs (MLLMs)
can utilze information from other modalities to
capture complementary features. LLaVA-Med re-
alizes a large Language-and-Vision assistant for
biomedicine [19]. MMGPL [29] designs graph
prompt for fMRI images for better text-image fu-
sion. Other methods consider using more modal-
ities (video [31], structured clinical data [48])
and new model architectures (Mixture-of-Experts,
MoE) for scalability [16].

3. Methodology
In this section, we will discuss more details of
BLEG. As is shown in Fig. 2, BLEG can be di-
vided into three stages: (a) We firstly conduct aug-
mented text-graph dataset by prompting LLM for
every fMRI brain graph. (b) Then we finetune a
smaller LM based on the conducted dataset through
instruction tuning. We also train a GNN model
for coarse-grained text-graph alignment. And fi-
nally (c) we perform supervised fine-tuning for
given downstream task on pretrained GNN. We add
a trainable adapter while keeping GNN weights
frozen. Alignment loss is designed between GNN
and LM logits for fine-grained alignment.

3.1. Notations
Brain graph datasets are preprocessed from func-
tional magnetic resonance imaging (fMRI, also
write as FC). Pipeline for Data preprocessing is
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shown in Fig. 2. AAL template is employed for
FC data, and finally we denote brain network as
Gi = {Xi, Ai,Vi, Ei}, where nodes Vi represents
different brain regions in the brain while edges Ei
represents the connectivity between two brain re-
gions. Xi denotes node features for each region
and Ai denotes adjacency matrix. The dataset can
be written as D = {Gi, yi}Ni=1, where yi ∈ {0, 1}
which stands for different tasks (gender classifica-
tion, MDD diagnosis, ASD diagnosis, etc). In gen-
eral, Brain network analysis can be seen as a graph
classification task:

F(Gi) = GNN(Gi)→ ŷi (1)

F can be any deep learning method and we
hope to learn an optimal function to predict y.
Here we use GNN as our F(·), whose message
passing function can be written as Eq. 2, where
hl
i is the representation for node vi in l-th layer,

AGG(·) stands for the aggregation of its neighbor-
hood nodes Ni, and UPDATE(·) means the update
operation of hi.

hl+1
i = UPDATE(hl

i, AGG({hl
j |j ∈ Ni})) (2)

3.2. LLM-enhanced text data generation
The core idea of this stage is to leverage LLM’s ca-
pability for downstream GNN. However, for neu-
roscience, text data is limited where data forms as
graph. Meanwhile, regular manual process for cre-
ating such text data for each brain network is time-
consuming and requires too much human labor.
Thus, we propose to fully utilize existing LLMs
to generate augmented textual information for each
brain network graph.
Prompt design. Compared to other graphs like so-
cial networks, fMRI-based FC graphs have more
medical meanings, where each node stands for spe-
cific brain regions while edge weights represent
connection strengths between two brain regions.
Thus, we design a prompt suited for input graph
Gi. Formally, for given Gi, our designed prompt
consists of three parts: description PD

i , graph data
(PG

i ) and query (PQ
i ). PD

i depicts basic medi-
cal information from given brain network, includ-
ing which dataset it belongs to, preprocess tem-
plate, names of each brain region in neuroscience

and possible downstream tasks. Design for prompts
of input graph is challenging which may consider
topological information during graph-text transfor-
mation [32, 47]. Unlike other graph learning tasks,
brain networks have more concrete medical mean-
ings, where Eij stands for connection strength be-
tween region i and region j. On the other hand,
brain graph is sparser compared to other graph
data, with a limited number of edges. Thus, for
its structure prompt, we consider modifying graph
as “Node[i]-x-Node[j]” format for each Eij , where
x means its connection strength. For node feature,
we consider its mean value (Xd → X1). Struc-
ture prompt and feature prompt together make PG

i .
For query PQ

i , we require LLM output json format
data containing analysis, key features and conclu-
sion for input FC graph.

These different prompts together make our
prompt: (PD

i ,PG
i ,PQ

i ) → Pi, which is used as
LLM’s input. Here we select Deepseek-v3 [21] as
our LLM API. For each Gi, we feed corresponding
Pi into LLM and get response (Ti):

Ti = LLM(Pi) (3)

Data verification and refinement. For each brain
network Gi, we get its LLM-enhanced text data.
To further improve quality of LLM generation,
we utilize LLM (QwQ-32B [33]) for judgment
and refinement. Quality of Ti is measured and
scored from different dimensions (professional ex-
pressions, content relevance, generation repetition).
Ti with lower scores are then refined by LLM. Re-
maining generations are corrected via professional
medical experts. Here that we don’t focus on de-
sign of data verification process, which can be left
as future work. Finally, we curate a high-quality
text-enhanced graph dataset: D′

i ← (Gi, Ti).

3.3. Graph-text aligned instruction tuning
Directly training for LLM is extremely challeng-
ing, which requires great expense for training.
Meanwhile, some LLMs like GPT4, Deepseek-v3
only provides generated text, while in some cases
LLM embeddings are necessary. Here, we choose
to tune a smaller language model (LM) instead of
directly tuning LLM [12]. For enhanced graph-text
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data-pair (Gi, Ti), we feed them into LM for tuning.
However, there exists certain modality gap between
graph and text representations on high-dimensional
manifold space. Encouraged by LLaVA [22], we
use GNN’s embeddings and textual embeddings to-
gether as LM’s input. As is shown in Fig. 2,
we keep both GNN encoder and LM trainable to
achieve coarsened alignment between graph and
text embeddings.

Hi = LM(XG
i ,XT

i ) = LM(fϕ(Gi),XT
i ) (4)

For tuning method for GNN and LM, here we
use instruction tuning. LM generates answers
(XA) for given graph data (XG) and question (XQ).
Questions are queries requiring LM to make de-
tailed description on given brain network. The an-
swers are from the augmented text generated by
LLM from previous stage, Generally, the input em-
beddings from Eq. 4 can be written as follows:

Xi = concat(fϕ(Gi),XQ
i ,XA

i ) (5)

LM instruction tuning is trained through auto-
regressive loss, and we only compute loss func-
tion and optimize models based on answer tokens,
which can be formatted as Eq. 6:

p(XA|XG ,XQ) =

L∏
i=1

pθ(x
i|XG ,XQ,<i,XA,<i)

(6)
Through graph-text aligned LM instruction tuning,

we can obtain textual representations for given brain
graph at a much smaller training cost.

3.4. LM-aided finetuning for GNN
The final stage of BLEG is LM-aided supervised finetun-
ing for different downstream tasks. LM logit is utilized to
assist downstream GNN for better representation. To be
specific, we save weights of GNN encoder and LM after
instruction tuning and keep them frozen in this stage. As
is shown in Fig. 2, we add a trainable adapter after frozen
GNN, which is a two-layer FFN (denote as gφ) for im-
plementation. The embeddings of graph embeddings can
be formatted as:

Zi = fϕ ◦ gφ(Gi) (7)

For Zi ∈ RN×d, we use READOUT(·) function to
get graph-level logits (ZG

i ). The READOUT function in-
corporates residual connection along with batch normal-
ization (Eq. 8).

ZG
i = READOUT(Norm(Zi + XG

i )) (8)
Finally ZG

i is fed into a trainable classification head
for prediction, with cross-entropy loss used for model op-
timization (LCE).

To further enhance GNN’s ability to capture text-
augmented representation, we introduce an auxiliary
alignment loss (Lalign) between text (ZT

i ) and graph
logits (ZG

i ). ZT
i is obtained through tuned LM, the in-

put is the same format as Eq. 4, where XQ
i is about give

the prediction result of the input brain network. We add a
cls token at the end of each input sequence whose out-
put logit is used as ZT

i for fine-grained graph-text align-
ment. For implementation of Lalign, we use MSE(·) for
alignment at high manifold dimension (Eq. 9).

Lalign =
1

N

N∑
i=1

∥∥∥∥∥ ZG
i∥∥ZG
i

∥∥
2

− ZT
i∥∥ZT
i

∥∥
2

∥∥∥∥∥
2

2

(9)

The overall loss function is composed of LCE and
Lalign, weighted by coefficient α ∈ (0, 1):

L = LCE + α · Lalign (10)

4. Theoretical Analysis
The main idea of theoretical analysis is that through LLM
and LM as enhancer, the performance of GNN will be
improved for given downstream tasks as its representa-
tions contains augmented text information which is use-
ful for downstream classification.

Theorem 4.1 (Complementary Representations from
LM for GNN) We define representation from original
GNN (XG) and fine-tuned LM (XT ), LM-distilled GNN
representation is denoted as XG′

. Downstream label rep-
resentation is denoted as Y. Given above assumptions, we
have:

∥∥∥I(XG′
;Y )− I(XG ,XT ;Y )

∥∥∥ ≤ C ·ϵ, where C is

a constant and ϵ > 0. Thus for I(XG′
;Y ) and I(XG ;Y ),

I(XG′
;Y ) > I(XG ;Y ).

Theorem. 4.1 shows that through BLEG, GNN can
capture complementary information from LM, which en-
hances its capability for downstream tasks.

5. Experiments
5.1. Experimental settings
Datasets. Our experiments were performed on four
public real-world brain network datasets: Autism Brain
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Table 1. Comparison results on public datasets. We run 10 times for each model and record the corresponding average
acc ± std (%). The best results are marked bold, and second best underline.

Methods HCP ADHD MDD ABIDE
ACC SEN ACC SEN ACC SEN ACC SEN

GCN 64.03 ± 1.21 55.51 ± 2.88 66.74 ± 1.47 31.83 ± 2.33 62.38 ± 0.37 70.88 ± 1.94 69.14 ± 0.84 64.07 ± 2.20

GAT 65.72 ± 0.67 60.91 ± 3.26 66.56 ± 0.30 32.31 ± 1.56 63.05 ± 0.35 69.30 ± 2.16 68.79 ± 0.74 63.83 ± 3.23

GraphSAGE 66.87 ± 0.32 61.32 ± 2.71 67.80 ± 0.37 31.52 ± 2.54 63.29 ± 0.27 69.48 ± 1.53 70.74 ± 0.89 65.52 ± 2.81

GraphTrans 67.46 ± 0.55 62.71 ± 3.17 67.00 ± 0.37 31.85 ± 2.54 63.37 ± 0.27 68.31 ± 1.93 68.41 ± 1.20 62.79 ± 2.75

BrainGNN 66.46 ± 2.12 62.92 ± 2.45 67.16 ± 2.01 32.75 ± 3.31 63.25 ± 1.06 68.91 ± 2.76 70.03 ± 1.69 62.80 ± 4.19

IBGNN 64.72 ± 1.04 55.98 ± 4.01 65.59 ± 0.49 30.84 ± 2.92 63.07 ± 0.29 68.38 ± 2.47 66.02 ± 1.18 61.31 ± 3.61

BrainNPT 67.78 ± 1.53 60.67 ± 1.34 67.84 ± 2.11 32.18 ± 2.19 63.81 ± 0.77 69.55 ± 3.07 68.80 ± 1.10 59.52 ± 3.05

THFCN 67.29 ± 1.74 59.82 ± 2.84 66.73 ± 1.40 33.01 ± 3.69 62.41 ± 0.67 66.59 ± 2.17 66.93 ± 1.29 62.37 ± 2.27

ContrastPool 68.10 ± 1.74 63.59 ± 1.21 65.10 ± 0.82 35.92 ± 4.21 64.05 ± 0.47 66.22 ± 3.68 69.89 ± 0.88 66.71 ± 2.79

TAPE 69.32 ± 1.41 63.80 ± 2.93 67.41 ± 1.06 36.59 ± 2.11 64.12 ± 0.82 68.50 ± 2.79 70.43 ± 0.95 66.64 ± 2.95

OFA 71.00 ± 0.82 63.04 ± 2.42 68.22 ± 0.70 39.72 ± 1.94 62.97 ± 1.21 68.55 ± 2.40 69.72 ± 1.48 65.93 ± 3.11

BLEG (Ours) 71.21 ± 0.91 68.27 ± 3.39 69.41 ± 0.53 41.11 ± 2.10 65.63 ± 0.48 71.12 ± 2.97 72.21 ± 0.80 67.16 ± 2.30

∆ GCN 7.18 ↑ 12.76 ↑ 2.67 ↑ 9.28 ↑ 3.25 ↑ 0.24 ↑ 3.07 ↑ 3.09 ↑

Table 2. Comparison results on private dataset. We run 10 times for each model and record the corresponding average
acc ± std (%). The best results are marked bold, and second best underline.

Methods GCN GraphTrans BrainGNN BrainNPT ContrastPool BLEG (medium) BLEG (large) Qwen3-8B

ACC 71.79 ± 1.07 70.50 ± 0.73 71.06 ± 1.05 70.25 ± 1.55 71.11 ± 0.73 75.38 ± 0.63 75.21 ± 1.01 75.82 ± 0.77

SEN 85.70 ± 2.46 86.07 ± 1.84 84.00 ± 1.81 83.00 ± 1.59 86.85 ± 1.94 87.03 ± 0.89 86.77 ± 1.27 87.03 ± 1.58

SPE 50.60 ± 5.41 50.92 ± 3.03 48.77 ± 2.12 49.21 ± 3.30 52.55 ± 3.91 58.31 ± 2.72 58.50 ± 1.93 58.81 ± 2.00

F1 78.50 ± 0.67 78.43 ± 0.49 77.18 ± 1.92 77.27 ± 0.74 78.43 ± 0.49 79.35 ± 1.66 80.78 ± 1.72 79.81 ± 1.58

AUC 68.15 ± 1.71 65.70 ± 1.16 66.39 ± 0.61 67.53 ± 1.03 68.70 ± 1.16 70.77 ± 1.16 70.78 ± 1.24 69.43 ± 2.03

Imaging Data Exchange (ABIDE, 618 subjects) [7], Hu-
man Connectsome Project (HCP, 1039 subjects) [35],
Attention Deficit Hyperactivity Disorder (ADHD, 938
subjects) [4] and Rest-meta-MDD (MDD, 2165 subjects)
dataset. We also use one private dataset zhongdaxinxi-
ang (short as ZDXX, 520 subjects), which is collected
from Zhongda Hospital of Southeast University, the Sec-
ond Affiliated Hospital of Xinxiang Medical University
and Hangzhou Hospital. Due to data privacy concerns,
in first and second stage, we only use public datasets for
text generation and LM instruction tuning.
Baselines. We select nine representative baselines for
comparison, which can mainly be divided into two types:
(a) GNNs based methods, including GCN [17], GAT
[36], GraphSAGE [10] and GraphTrans [40]. (b) Brain
Network based methods, including classical methods
(BrainGNN [20] and IBGNN [5]) and latest brain net-
work methods (BrainNPT [15], THFCN [34] and Con-
trastPool [41]). (c) LLM-GNN methods: TAPE [12]
and OFA [23]. Code implementations of all methods are
taken from their original papers.
Experimental settings. For LLM, we select Deepseek-
v3 to generate augmented text data. We select BioGPT-

base as our instruction tuning LM, whose parameter is
347M in total. For GNN encoder. We choose a 3-layer
GCN. Our model is implemented in PYG and trained on
RTX Titans with 24GB memory. For instruction tun-
ing, we tune our LM and GNN on four public datasets
whose number of total sample is 4760 and tuning epoch
is from 3 to 5. For supervised fine-tuning, the total train-
ing epoch is 150 with 50 as early stopping.

We evaluate models’ performance on five metrics: ac-
curacy (ACC), sensitivity (SEN), specificity (SPE), f1
score (F1) and ROC-AUC (AUC), where higher value
means better performance. We record ACC and SEN
for public datasets, while all five metrics on zhongdax-
inxiang. For evaluation on all the methods, we use 10-
fold cross validation on ten random runs and record mean
value and standard deviation.

5.2. Comparison results
Comparison results on public datasets. Comparison
results on public four datasets are presented in Tab. 1.
The results show that our BLEG outperforms all other
methods on all the datasets. Compared to GCN which
also works as our backbone, the maximum improvement
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of ACC can be 7.18 ↑ on HCP dataset. It also exceeds
SOTA brain network analysis method (ContrastPool) at
3.11 ↑ on ACC.
Comparison results on private dataset. Comparison
results on private dataset zhongdaxinxiang are presented
in Tab. 2. Here we select two additional LMs with larger
parameters for tuning: BioGPT-1.5B and Qwen3-8B. We
employ Low-Rank Adaptation (LoRA) during training
[14]. BLEG also achieves best results on all evaluation
metrics, although we did not use it for augmented-text
generation and instruction tuning. Its maximum accuracy
improvement over vanilla GCN reaches 4.03 ↑.

5.3. Few-shot experiment results
LLMs have shown remarkable performance in few-shot
learning settings. Thus, to further illustrate capability of
BLEG, we construct few-shot splitting of datasets and
test BLEG’s performance in few-shot cases.

We first set a train ratio to gradually decrease num-
ber of training samples for given dataset. As is shown
in Fig. 4, we set training ratio from 10% to 70%. We
set a fixed validation size (10%) and the rest data is for
test. Results from Fig. 4 show that compared to other
methods (GNN-based BrainGNN and transformer-based
BrainNPT), BLEG can always show a leading advantage.

We also conduct k-shot experiments on BLEG. For
given dataset, we randomly select k samples from each
label as training set (k ∈ {1, 2, 5}). For testing set,
we select 50, 100 and rest data (LD) for each label re-
spectively. As is shown in Tab. 3, BLEG outperforms
other methods under extreme few-shot cases. The results
demonstrate BLEG’s superiority under few-shot scenes.

5.4. Ablation studies & Sensitivity analyses
We conduct ablation studies to analyze whether each sub-
module of BLEG works. We directly train our GCN on
downstream tasks to verify effectiveness of Lalign. We
also test performance for vanilla BioGPT to verify if in-
struction tuning stage works. The results in Fig. 4 (f)
shows that w/o align loss, accuracy of BLEG will wit-
ness a great decrease. Meanwhile, Lalign on BioGPT
w/o tuning will also influence model’s performance.

For sensitivity analyses, we record BLEG’s accuracy
under different align loss coefficient (α ∈ [0.2, 0.7]) and
plot following figures (Fig. 4 (a) - (b)). The results
demonstrate that the optimal value of α for achieving
highest accuracy varies across different datasets. On the
other hand, despite variations in different α, BLEG con-
sistently outperforms other methods (BrainGNN, Brain-
NPT) in most cases, further demonstrating the effective-

Table 3. k-shot few-shot experiments. We run ten times
and record average accuracy.

Methods
Ntest

k HCP zhongdaxinxiang
1 2 5 1 2 5

BrainGNN
50 55.00 57.00 56.30 52.00 49.00 53.00

100 51.00 54.50 57.00 52.00 48.50 50.00
LD 47.88 48.75 50.81 45.56 55.62 53.43

BrainNPT
50 57.00 56.00 59.00 53.00 52.50 54.50

100 56.00 52.50 55.50 52.40 51.00 50.00
LD 56.41 56.40 57.46 48.76 55.63 55.13

BLEG
50 61.00 59.00 60.30 58.00 58.50 60.00

100 58.50 57.50 59.00 54.50 54.00 56.00
LD 56.81 56.64 57.53 52.23 56.01 56.52

ness of LM-aided representation enhancement.
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Figure 4. Few shot results on different ratios.

5.5. Empirical studies
We conduct biomarker visualization of brain regions
for empirical studies. We average embeddings after
GNN encoder for all samples and statistically analyze
and visualize the top 10 brain regions. The results are
shown in Fig. 3. Visualizations for top 10 regions in
ABIDE dataset are: Precuneus (L), Precuneus (R), Infe-
rior parietal, but supramarginal and angular gyri, which
are consistent with findings in [27], Superior frontal
gyrus and medial orbital which show additional abnor-
malities between HC and ASD patients [38], Amyg-
dala (L) and Amygdala (R) whose atypical activation
can occur between patients [28], Heschl gyrus which is
positively related to ASD symptoms [44], Anterior cin-
gulate, paracingulate gyri and Parahippocampal gyrus,
which are consistent with studies in [11]. For ZDXX
dataset, brain regions like Posterior cingulate gyrus, Pre-
cuneus, Anterior cingulate and paracingulate gyri which
are among top-10 values indicate their relations to ex-
cessive fluctuations of FC in DMN-related regions [24].
Other top-10 regions are consistent with prior findings
regarding identification of salient brain regions [8, 30].

5.6. Text generation for LM
Here we mainly utilize LLM as enhancer which func-
tions in embedding level. Yet we also select Qwen3-8B
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Figure 3. (a)–(b) k-shot experiments on different datasets. (c) Ablation studies on different datasets. (d) Biomarker
visualizations on ABIDE, (e) ADHD and (f) zhongdaxinxiang datasets.

Qwen3-8B (with tuning)
analysis: The fMRI graph analysis based on AAL template reveals a globally hyperconnected network with uniform 
edge weights (1.0). The findings demonstrate: 
1) Prefrontal dominance (bilateral superior frontal gyrus, medial prefrontal); 
2) Limbic hyperactivity (amygdala); 
3) Default mode network overconnectivity (posterior cingulate, precuneus)
key_features: 

["Prefrontal hyperconnectivity (AAL 0/1: bilateral superior frontal, AAL 10: medial prefrontal)",
"Limbic dysregulation (AAL 32/33: bilateral amygdala, AAL 56: left hippocampus)",
"DMN overintegration (AAL 10: medial prefrontal, AAL 16: posterior cingulate, AAL 28: precuneus)"],

conclusion: The network profile supports MDD diagnosis with three key biomarkers: 1) Global hyperconnectivity 
with loss of network modularity, 2) Prefronto-limbic circuit dysregulation, and 3) DMN overintegration. These 
findings correlate with core depressive symptoms while suggesting potential treatment targets.
prediction: MDD
certainty: 3-high

Qwen3 8B (w/o tuning)
analysis: The brain connectivity patterns show some features that have been loosely associated with depression in 
previous research, but could also occur in other conditions or even healthy individuals. The connections appear 
particularly strong in areas related to emotion processing and self-referential thinking.
key_features:

["Increased connections in frontal brain regions",
"Stronger links between emotional processing areas",
"Changes in the brain's default network",],

conclusion: While these connectivity patterns resemble some findings seen in depression studies, they are not 
unique to depression and could have multiple explanations. The results should be considered alongside other clinical 
information rather than as definitive evidence of any particular condition.
predcition: MDD
certainty: 1-low

Figure 5. Text generation for ZDXX dataset from LM.

for tuning which has great capability of instruction fol-
lowing. The aim is to explore possibility of interpretable
brain network analysis. As is shown in Fig. 5, compared
to vanilla Qwen, tuned LLM can generate more profes-
sional analysis on unseen private data, with more con-
fidence for brain disease diagnosis judgment (MDD). It
suggests a promising future of BLEG for further explain-

able and generalizable brain network analysis. Modern
LM have the ability to capture deeper domain-specific
knowledge from public datasets which can lead to better
performance on private dataset.

6. Conclusion
In this work, we propose BLEG, a novel method that
functions LLM as a powerful enhancer to boost GNN’s
performance in brain network analysis. Instead of di-
rectly training LLMs, we adopt a LLM-LM paradigm
to leverage enhanced textual representations more effi-
ciently. LM-aided SFT further enhances GNN’s capabil-
ity for downstream tasks. Extensive experiments on five
datasets demonstrate effectiveness of BLEG, including
different few-shot experiments which confirmed BLEG’s
great generalization. Our BLEG is a first attempt to lever-
age LLM with GNN-based brain network analysis and
we think it can provide new insight for both research and
real-world medical diagnose applications.
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