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Functional magnetic 

resonance imaging (fMRI)
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How fMRI Aids in Brain Disorder Diagnosis

• Each brain region’s activity is recorded as a time 

series.

• Statistical or machine learning methods compare 

connectivity patterns between healthy and diseased 

brains.

• Goal: find biomarkers, reproducible patterns that 

indicate specific disorders.

• Used in studies of:

• Autism Spectrum Disorder (ASD)

• Depression

• Alzheimer’s Disease

• Stroke and recovery
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Limitations of Current fMRI-GNN Approaches

1. Explainability

• GNNs often act like “black 

boxes.”

• Clinicians need to know which 

brain connections drive the 

diagnosis (biological 

interpretability).

2. Generalizability

• fMRI data vary across 

hospitals (different scanners, 

populations, noise).

• A model trained on one site 

often fails on another (domain 

shift problem).
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Explainability-Generalizable Graph Neural Network (XG-GNN)

• Designed for fMRI-based diagnosis across multiple sites.

• Combines:

• Explainable learning → finds biologically meaningful brain connections.

• Domain generalization → works across hospitals without retraining.

• Achieved through:

• A meta-learning framework (learning to generalize).

• Explainability-generalizable regularizations (Lsp & Lcons) that enforce 

sparsity and cross-site consistency.
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Explainability-Generalizable Graph Neural Network (XG-GNN)
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What the model does overall:

The goal is to diagnose brain disorders (e.g. autism) from fMRI data recorded at multiple hospitals (domains).

Each subject’s fMRI gives you:

• 𝑛= number of brain regions of interest (ROIs)

• 𝑇= timepoints per region

So each person’s fMRI data looks like a matrix

𝑋 ∈ ℝ𝑛×𝑇

Each row = the BOLD signal (activity over time) of one region.

The model must:

1.Build a functional brain graph — which regions are connected.

2.Use that graph to predict diagnosis (ASD vs. typical).

3.Keep the learned explanations consistent across hospitals.
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Arquitecture



19

MHSA-Based Graph Learner → Building the Brain Graph

1️⃣ Input: 𝑋 ∈ ℝ𝑛×𝑇 : fMRI BOLD signals (n = ROIs, T = timepoints).

2️⃣ Temporal feature extraction: Three Conv1D + BN1D + ReLU layers capture temporal patterns per ROI:

𝐹𝑖 = BN1d𝑖 Conv1d𝑖 𝑋 = BN1d𝑖 𝑋𝑊𝑖 + 𝑏𝑖
Output 𝐹𝑖 ∈ ℝ𝑛×ℎ𝑖

3️⃣ Pooling & projection: Channel-wise max-pool → 2 linear + softmax → ROI embeddings

𝑓 ∈ ℝ𝑛×ℎ

4️⃣ Multi-Head Self-Attention (MHSA): Learns cross-region dependencies:

𝑄 = 𝑊𝑞𝑓 + 𝑏𝑞 , 𝐾 = 𝑊𝑘𝑓 + 𝑏𝑘 , 𝑉 = 𝑊𝑣𝑓 + 𝑏𝑣

MHSA 𝑄 𝐾 𝑉 = softmax ⁣
𝑄𝐾𝑇

𝑑𝑘
𝑉

Each region attends to all others; multi-heads capture diverse interactions.

5️⃣ Connectivity matrix: Merge heads → embedding 𝐴 ∈ ℝ𝑛×𝑚 ;define

𝑀 = 𝐴𝐴𝑇

➡️ Output: nonlinear, subject-specific functional brain network 𝑀 used by the GCN-based Diagnoser for classification.
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GCN-Based Diagnoser → Classifying Brain Graphs

1️⃣ Input graph G = (V, E,M) 

𝑉: brain regions (nodes)

𝑀 ∈ ℝ𝑛×𝑛 :connectivity matrix learned previously

Initial node features 𝑔0 :cross-ROI Pearson correlation coefficients

2️⃣ Network structure: Three GCN blocks, each composed of:

Graph Convolution → Batch Normalization (BN) → LeakyReLU

3️⃣ Node feature update rule

For block i (with parameters 𝑈𝑖)(

𝑔𝑖 = BN GCN 𝑀 𝑔𝑖−1 = BN ReLU 𝑀𝑔𝑖−1𝑈𝑖
Where:

𝑔𝑖−1 ∈ ℝ𝑛×𝑟𝑖−1 :input node features

𝑔𝑖 ∈ ℝ𝑛×𝑟𝑖 :updated features

𝑀𝑔𝑖−1𝑈𝑖 :propagates information across connected regions.

4️⃣ Output layer

Flatten node-level features → graph-level representation

Feed into linear projection layers → final diagnostic outcome (e.g., ASD / TD)
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Explainability-Generalizable Meta-Learning:
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1) Explainability-Generalizable (XG) Regularization:

1️⃣ Sparsity of Inter-Group FC Differences (Lsp)

• Functional abnormalities in early disorders (e.g., ASD) are usually localized, not widespread.

• Enforce sparsity in FC differences between patients and controls.

• For each site 𝐷𝑘:

Δ𝐷𝑘 =∣ 𝑀𝐷𝑘
+ −𝑀𝐷𝑘

− ∣∈ ℝ𝑛×𝑛

𝐿𝑠𝑝 =−∥෍

𝑘

Δ𝐷𝑘 logΔ𝐷𝑘 ∥2

2️⃣ Cross-Site Consistency of FC Differences (Lcons)

• True disorder-related FC differences should be stable across centers.

• Encourage inter-site agreement of group-wise patterns:

𝐿𝑐𝑜𝑛𝑠 = −෍

𝑖,𝑗

∥
∣ Δ𝐷𝑖 ⁣ ⋅ ⁣Δ𝐷𝑗 ∣

∣ Δ𝐷𝑖 ∣ ∣ Δ𝐷𝑗 ∣
∥2

• →Promotes domain-agnostic, center-independent explanations.

Combined effect:

𝐿𝑚𝑒𝑡𝑎 = 𝐿𝑐𝑒 + 𝛼𝐿𝑠𝑝 + 𝛽𝐿𝑐𝑜𝑛𝑠

Together, 𝐿𝑠𝑝 +𝐿𝑐𝑜𝑛𝑠 form the XG regularization, ensuring the learned biomarkers are sparse, 

consistent, and generalizable across fMRI sites.
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2) Bi-Level Meta-Learning Algorithm: 

1️⃣ Setup

Multi-site dataset: 𝑆 = 𝐷1 𝐷2 . . . 𝐷𝐾 )each𝐷𝑘 =one fMRI center).

Simulate unseen domains during training to enhance stability of learned explanation factors.

2️⃣ Inner Loop – Classification training

Randomly select subset 𝑆𝑖𝑛𝑛𝑒𝑟 ⊂ 𝑆.

Train model with cross-entropy loss 𝐿𝑐𝑒for diagnosis (ASD vs TD).

𝜃′ = 𝜃 − 𝛾∇𝜃𝐿𝑐𝑒 𝑆𝑖𝑛𝑛𝑒𝑟

3️⃣ Outer Loop – Meta-generalization update

Use remaining centers 𝑆𝑜𝑢𝑡𝑒𝑟.

Update model with meta-loss combining accuracy and explainability terms:

𝐿𝑚𝑒𝑡𝑎 = 𝐿𝑐𝑒 + 𝛼𝐿𝑠𝑝 + 𝛽𝐿𝑐𝑜𝑛𝑠
𝜃 = 𝜃 − 𝛾∇𝜃′𝐿𝑚𝑒𝑡𝑎 𝑆𝑜𝑢𝑡𝑒𝑟

4️⃣ Outcome

• Inner loop: learns diagnostic performance on known domains.

• Outer loop: enforces cross-domain generalization and stable explanation factors via XG regularization.

• Mimics “training on some sites, testing on unseen ones” within each iteration.
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Experiments

Dataset:

• ABIDE (Autism Brain Imaging Data Exchange)

• Resting-state fMRI from 16 international centers

• 416 ASD and 418 TD (Typical Development) participants

• Preprocessing:

• Brain parcellation using CC200 atlas (200 ROIs)

• Averaged BOLD signals within each ROI → input to model
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Conclusions

• They proposed an explainability-generalizable Graph Neural Network (XG-GNN) for domain 

generalization of brain disorder diagnosis across multi-center fMRI data.

• A meta-learning framework integrating specialized regularizations was developed to learn task-oriented 

brain networks that capture center-agnostic explanation factors, enhancing discriminative graph 

representation learning and diagnostic outcomes.

• Experimental results on the ABIDE dataset verified the effectiveness of the proposed XG-GNN in terms of 

both diagnostic accuracy and explainability.
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Summary

Strengths

• Unified explainability & generalization: First GNN 

(XG-GNN) to jointly address both for fMRI diagnosis.

• Meta-learning with XG regularization: Improves

robustness to unseen centers.

• Nonlinear graph learning: MHSA module captures 

richer brain connectivity than linear FCs.

• Strong performance: Outperforms baselines on ABIDE 

(ACC ≈ 70.7%, AUC ≈ 76.3%).

• Neuroscientific validity: Highlights limbic-system 

patterns consistent with ASD findings.

Weaknesses

• Single dataset (ABIDE): Limited cross-disorder

validation.

• Training overhead: Bi-level meta-learning adds

complexity.

• Qualitative explainability: No quantitative or clinical

validation.

• Residual domain bias: fMRI preprocessing differences

may still affect generalization.

• Group-level focus: Limited subject-specific temporal 

insight.
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Why a new model for EEG seizure analysis?

• Clinical need

• Epilepsy affects ~50M people; timely seizure detection is critical for interventions 

(RNS/DBS, alerts).

• Experts still spend hours–days manually reviewing EEG

• Limits of current deep models (CNN/RNN/GNN/Transformers)

• Slow inference (e.g., gated RNNs, deep stacks, attention over long contexts).

• Large memory footprint (hundreds of K to millions of params) — impractical for 

edge/implantable devices.

• Often tuned for long windows → poorer responsiveness for real-time detection.

• Many treat EEG as Euclidean images, ignoring electrode geometry and brain-network 

structure.



34

Why a new model for EEG seizure analysis?

Requirements for implantable devices:

• Very low latency to trigger therapy quickly.

• Tiny model size and memory use to fit tight 

hardware/power budgets.

• Stable accuracy across clip lengths for 

robust real-time operation.
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REST (Residual State Updates)

• A graph-based recurrent model for fast, efficient EEG seizure analysis, capturing both 

spatial (electrode relations) and temporal (signal evolution) dynamics without heavy recurrent 

gates.

• Traditional RNNs and LSTMs model time-varying EEG well but rely on complex gating 

mechanisms, making them slow and memory-heavy.

• REST simplifies this by using residual state updates, the model keeps a running internal state 

and adds only small, graph-based corrections at each time step.
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Seizure Detection & Classification Problem

Input:

From EEG clip

𝑋 ∈ ℝ𝑇×𝑀×𝑁

𝑇 :time points | 𝑁: electrodes | 𝑀: features per node

Output label 𝑦:

• Detection: binary → seizure (1) / non-seizure (0)

• Classification: multiclass → 𝑦 ∈ 0 1 2 3 4 ) five seizure types)

Goal:

Train model 𝑓𝜃 𝑋 to detect or classify seizures from spatio-temporal EEG graphs 

efficiently for real-time inference.
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EEG Graph Construction

EEG data → graph 𝐺 = 𝑉 𝐸 𝐴

𝑉 :nodes = EEG electrodes

𝐸: edges = spatial or functional connections

𝐴: adjacency matrix encoding connection strengths

• Electrodes are positioned using the standard 10–20 EEG 

montage.

• Adjacency matrix 𝐴 built from pairwise distances

between électrodes. 𝐴 is static

• Node features at each time step come from preprocessed

EEG signals (e.g., spectral or temporal features).
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REST Update Cell - Residual State Update
Model temporal evolution of EEG signals without gated RNN units (LSTM/GRU), keeping computation light and avoiding

vanishing gradients.

1️⃣ State mapping Input EEG clip at time t: 𝑋𝑡 ∈ ℝ𝑀×𝑁 Previous state: 𝑆𝑡−1 ∈ ℝ𝑄×𝑁

Linear mapping to latent space:

𝐻𝑡 = 𝑊𝑋𝑡 + 𝑈𝑆𝑡−1

where 𝑊 ∈ ℝ𝑄×𝑀 ,𝑈 ∈ ℝ𝑄×𝑄.

2️⃣ Residual state mechanism: Inspired by residual networks (He et al., 2016):

𝑆𝑡 = 𝐻𝑡 + 𝛿𝑆𝑡

The residual term 𝛿𝑆𝑡incrementally refines 𝐻𝑡 ,preserving past information while allowing efficient updates.

3️⃣ Spatial refinement via Graph Convolution

𝛿𝑆𝑡captures spatial EEG dynamics using a simple graph convolution (Morris et al., 2019):

𝑂𝑡 : 𝑖 = 𝜎 ⁣ Θ1𝐻𝑡 : 𝑖 + Θ2 ⁣⁣෍
𝑗≠𝑖

𝑎𝑖𝑗 𝐻𝑡 : 𝑗 ⁣

or compactly

𝛿𝑆𝑡 = 𝐺Θ 𝐻𝑡
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Binary Random Mask

During each state update, only a random subset of feature points are activated:

𝑆𝑡 = 𝐻𝑡 + 𝛿𝑆𝑡 ⊙𝐵

where

• ⊙: element-wise (Hadamard) product

• 𝐵 ∈ ℝ𝑄×𝑁 :binary mask, with

𝐵𝑖𝑗 ∼ Bernoulli 𝑝

 →𝐵𝑖𝑗 = 1with probability 𝑝, else 0

Effect:

• Randomly skips parts of 𝛿𝑆𝑡 ,reducing computations.

• Prevents overfitting by forcing the model to rely on multiple pathways.

• Accelerates inference since zero-masked updates are ignored.

• Maintains stability under noisy or missing EEG electrodes.

Standard dropout is only used during training; REST needs speed and regularization during inference too.
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Multiple Update Mechanism

REST solution:

Perform multiple residual updates at each time step using shared parameters:

𝐻𝑡
𝑖
= 𝑊𝑋𝑡 + 𝑈𝑆𝑡

𝑖

𝑆𝑡
𝑖+1

= 𝐻𝑡
𝑖
+ 𝛿𝑆𝑡

𝑖
⊙𝐵

where

• 𝑖: current residual update iteration

• 𝛿𝑆𝑡
𝑖
= 𝐺Θ 𝐻𝑡

𝑖
 : graph convolution update

• 𝐵: binary random mask (selective node activation)

Mechanism:

• The same weights (W, U, Θ) are reused for all updates.

• The binary mask B ensures different parts of the state are refined at each iteration.

• After I updates, the final state 𝑆𝑡
𝐼

becomes the initial state for the next time step:

𝑆𝑡+1
0

= 𝑆𝑡
𝐼

• Deeper RNNs improve performance by extracting richer features.

• But stacking layers → high memory & parameter cost (extra weights, gates, and states).

Benefits:

• Mimics stacked RNN depth without 

extra memory or parameters.

• Improves temporal representation, 

stability, and performance.

• Maintains real-time efficiency.
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Experimental Setup: Data & Implementation

Datasets

• TUSZ (Temple University Seizure Corpus): 5545 EEG files, 5 seizure types.

• CHB-MIT: 24 pediatric patients, 192 seizures.

• Tasks: Seizure detection (binary) & Seizure classification (five classes).

Preprocessing

• EEG recordings converted into graphs:

• Nodes: electrodes

• Edges: spatial distances between electrodes (10–20 layout).

• Signals segmented into time clips 𝑋 ∈ ℝ𝑇×𝑀×𝑁.

Implementation

• Framework: PyTorch

• Hardware: NVIDIA RTX 3060 GPU

• Training setup: Adam optimizer, early stopping, batch size tuned per dataset.
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Experimental Setup: Data & Implementation
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Experimental Setup: Baselines

Datasets

• TUSZ (Temple University Seizure Corpus): 5545 EEG files, 5 seizure types.

• CHB-MIT: 24 pediatric patients, 192 seizures.

• Tasks: Seizure detection (binary) & Seizure classification (five classes).

Preprocessing

• EEG recordings converted into graphs:

• Nodes: electrodes

• Edges: spatial distances between electrodes (10–20 layout).

• Signals segmented into time clips 𝑋 ∈ ℝ𝑇×𝑀×𝑁.

Implementation

• Framework: PyTorch

• Hardware: NVIDIA RTX 3060 GPU

• Training setup: Adam optimizer, early stopping, batch size tuned per dataset.
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Results
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Conclusions

• Accuracy

• REST outperforms all baselines on CHB-MIT and matches or exceeds DCRNN/Transformer on 

TUSZ (esp. 6–8 s clips).

• Multiple random updates improve stability and consistency across clip lengths.

• Model size & efficiency

• 14× smaller than the smallest model; 38× fewer parameters than DCRNN w/ SS, 697× fewer

than CNN-LSTM.

• Maintains high AUROC (83.6 %) and strong F1-score with a compact graph-based design.

• Speed

• Fastest inference: 1.29 ms (20× faster than DCRNN w/ SS, 3× faster than LSTM).

• < 2 % accuracy loss while achieving real-time performance.

• Only model with AUROC > 90 % on CHB-MIT and best results for short 4 s clips.
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Summary

Strengths

• Novel architecture: Introduces REST, a graph-based

residual state update mechanism combining GNN and 

RNN principles without expensive gating.

• High efficiency: 9× faster inference (≈ 1.29 ms), 14×

smaller (≈ 37 KB) than smallest prior models.

• Maintains accuracy: Comparable or superior AUROC 

and F1 to large models.

• Strong generalization: Performs well on two datasets

(TUSZ, CHB-MIT) across multiple clip lengths (4–14 s).

• Hardware relevance: Designed for real-time, low-power 

neurostimulation and seizure-alert devices.

Weaknesses

• Limited scope: Focused only on epilepsy (EEG), no 

tests on other disorders or modalities.

• Evaluation gaps: Mostly quantitative, lacks clinical 

validation or interpretability analysis.

• Deployment untested: Claims low-power suitability but 

no on-device benchmarks or energy results.

• Potential over-simplification: Fixed EEG graph and 

residual updates might miss dynamic spatial changes.

• Comparative bias: Baselines vary in preprocessing and 

tuning.


