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Fig.1 Flowchart of traditional model and emerging model framework

The fMRI of the resting state is segmented by automated anatomical labeling (AAL)

atlas to generate a functional connection matrix. The

traditional addiction diagnosis model is to extract features from the data through a two-stage training strategy, and then classify the features through

a shallow classification model. For modern addiction models with built-in interpretable networks (e.g. TI-GNN), the functional connection matrix

is transformed into a graph that is input to TI-GNN for diagnosis. In addition,

TI-GNN can detect potential biomarkers that influence addiction.
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Table 1 Basic statistics for the dataset

Smoking Control
Dataset
group group
Number 55 55
Age range 16-23 16-23
Age (mean#std) 19.69+1.99  20.11+1.97  0.56
Education years (meantstd) — 14.53+0.75 14.21+0.81  0.18
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B JCiE )77 C-GNN M e, 76 ACC. F1 4340
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A HHAE ACC IR B = I [FIRT, F1 380 MCC B &
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Table 2 Comparison of classification results of different

models in the smoking addiction dataset

Method ACC F1 score MCC
SVM-rbf 0.64 0.50 0.21
SVM-linear 0.55 0.44 0.10
NB 0.82 0.67 0.62

RF 0.73 0.75 0.61
GBDT 0.64 0.64 0.28
LASSO 0.73 0.67 0.48
GCN 0.64 0.50 0.26
GAT 0.73 0.73 0.46
GIN 0.73 0.67 0.45
BrainGNN 0.82 0.83 0.69
DIR-GNN 0.82 0.80 0.63
CI-GNN 0.73 0.78 0.56
TI-GNN 0.91 0.91 0.83

Notes: The best results are shown in bold.
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Table 3 Comparison with different brain functional con-

nectivity network construction methods

Method ACC F1 score MCC

Pearson’ s correlation (PC) 0.91 0.91 0.83
Sparse representation  (SR) 0.91 0.89 0.83

Coherence 0.82 0.80 0.63

Phase locking value (PLV) 0.82 0.83 0.69

Notes: The best results are shown in bold.

PERERORZMR . SCHRL R, WA e s S 7 e
Kb Ams (F4) MEARDPLE ] GAT (K5)
ARSI IR et

Table 4 Comparison of classification performance using

different pooling methods

Method ACC F1 score MCC
TI-GNN (sum) 0.73 0.77 0.56
TI-GNN (ave) 0.64 0.60 0.27
TI-GNN (max) 0.91 0.91 0.83

Notes: The best results are shown in bold.

Table 5 The effect of different basic classifiers on classifi-

cation performance

Method ACC F1 score MCC
TI-GNN (GCN) 0.82 0.83 0.69
TI-GNN (GIND 0.82 0.80 0.63
TI-GNN (GAT) 0.91 0.91 0.83

Notes: The best results are shown in bold.
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Fig. 9 Interpretive analysis on a dataset of smoking addiction

The brain network can be divided into: visual network (VN), somatomotor network (SMN), dorsal attention network (DAN),

ventral

attention network (VAN), limbic network (LIN), = frontoparietal network (FPN), default mode network (DMN), cerebellum (CBL)

and subcortical network (SBN) .
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Fig. 10 Salient brain regions identified according to attention scores.
The brain network can be divided into: visual network (VN), somatomotor network (SMN), dorsal attention network (DAN), ventral
attention network (VAN), limbic network (LIN), frontoparietal network (FPN), default mode network (DMN), cerebellum (CBL)

and subcortical network (SBN) .

Table 6 TOP 30 Brain regions with the highest attention scores

Region No. Brain Region Affiliated Functional Region No. Brain Region Affiliated Functional
Subnetwork Subnetwork

11 Frontal Inf Oper L FPN 2 Precentral R SMN

3 Frontal Sup L DMN 7 Frontal Mid L DMN

4 Frontal Sup R FPN 8 Frontal Mid R FPN

12 Frontal Inf Oper R DAN 21 Olfactory_L LIN

29 Insula L VAN 22 Olfactory R LIN

30 Insula_ R VAN 23 Frontal Sup Medial L DMN

72 Caudate R SBN 24 Frontal Sup Medial R FPN

71 Caudate L SBN 26 Frontal Mid_Orb_R LIN

77 Thalamus_L SBN 25 Frontal_Mid Orb_L LIN
41 Amygdala L SBN 38 Hippocampus_R SBN

60 Parietal Sup R DAN 37 Hippocampus_L SBN

59 Parietal Sup L DAN 31 Cingulum_Ant L DMN

5 Frontal Sup Orb L LIN 32 Cingulum_Ant R SBN

6 Frontal Sup Orb R FPN 42 Amygdala R SBN

1 Precentral L SMN 91 Cerebelum_Crusl L CBL
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Abstract Objective Tobacco-related diseases remain one of the leading preventable public health challenges
worldwide and are among the primary causes of premature death. In recent years, accumulating evidence has
supported the classification of nicotine addiction as a chronic brain disease, profoundly affecting both brain
structure and function. Despite the urgency, effective diagnostic methods for smoking addiction remain lacking,
posing significant challenges for early intervention and treatment. To address this issue and gain deeper insights
into the neural mechanisms underlying nicotine dependence, this study proposes a novel graph neural network
framework, termed TI-GNN. This model leverages functional magnetic resonance imaging (fMRI) data to
identify complex and subtle abnormalities in brain connectivity patterns associated with smoking addiction.

Methods The study utilizes fMRI data to construct functional connectivity matrices that represent interaction
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patterns among brain regions. These matrices are interpreted as graphs, where brain regions are nodes and the
strength of functional connectivity between them serves as edges. The proposed TI-GNN model integrates a
Transformer module to effectively capture global interactions across the entire brain network, enabling a
comprehensive understanding of high-level connectivity patterns. Additionally, a spatial attention mechanism is
employed to selectively focus on informative inter-regional connections while filtering out irrelevant or noisy
features. This design enhances the model's ability to learn meaningful neural representations crucial for
classification tasks. A key innovation of TI-GNN lies in its built-in causal interpretation module, which aims to
infer directional and potentially causal relationships among brain regions. This not only improves predictive
performance but also enhances model interpretability—an essential attribute for clinical applications. The
identification of causal links provides valuable insights into the neuropathological basis of addiction and
contributes to the development of biologically plausible and trustworthy diagnostic tools. Results Experimental
results demonstrate that the TI-GNN model achieves superior classification performance on the smoking addiction
dataset, outperforming several state-of-the-art baseline models. Specifically, TI-GNN attains an accuracy of 0.91,
an Fl-score of 0.91, and a Matthews correlation coefficient (MCC) of 0.83, indicating strong robustness and
reliability. Beyond performance metrics, TI-GNN identifies critical abnormal connectivity patterns in several
brain regions implicated in addiction. Notably, it highlights dysregulations in the amygdala and the anterior
cingulate cortex, consistent with prior clinical and neuroimaging findings. These regions are well known for their
roles in emotional regulation, reward processing, and impulse control—functions that are frequently disrupted in
nicotine dependence. Conclusion The TI-GNN framework offers a powerful and interpretable tool for the
objective diagnosis of smoking addiction. By integrating advanced graph learning techniques with causal
inference capabilities, the model not only achieves high diagnostic accuracy but also elucidates the
neurobiological underpinnings of addiction. The identification of specific abnormal brain networks and their
causal interactions deepens our understanding of addiction pathophysiology and lays the groundwork for

developing targeted intervention strategies and personalized treatment approaches in the future.

Key words spatial attention, transformer, graph neural network, functional magnetic resonance imaging,
classification, adolescent, smoking addiction
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