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Graph representations for
biology and medicine
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Functional magnetic
resonance imaging (fMRI)

Structural MRI scan Functional MRI scan

Structural magnetic resonance imaging (MRI) Functional magnetic resonance imaging
is a non-invasive technique for examining the (fMRI) is a non-invasive technique for
anatomy and pathology of the brain, examining brain activity.
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BOLD (blood oxygen-level dependent) signal
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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.

Healthy Subjects
(Right Hand)

« 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).

14
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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.

15
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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 € ]RTLXT

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
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MHSA-Based Graph Learner - Building the Brain Graph

(1) Input: X € R™ T : fMRI BOLD signals (n = ROlIs, T = timepoints).
(2) Temporal feature extraction: Three Conv1D + BN1D + RelLU layers capture temporal patterns per ROI:

F; = BN1d;(Conv1d;(X)) = BN1d;(XW; + b;)
Output F; € R™*

(3] Pooling & projection: Channel-wise max-pool — 2 linear + softmax — ROl embeddings
f E Rn)(h

(4] Multi-Head Self-Attention (MHSA): Learns cross-region dependencies:
Q=W,f +by, K=Wif+by, V=W,f+b,

K
MHSA(Q’ K> V) = softmax .. |4

26

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

(5) Connectivity matrix: Merge heads — embedding A € R™™ :define
M = AAT

Output: nonlinear, subject-specific functional brain network M used by the GCN-based Diagnoser for classification.

19
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GCN-Based Diagnoser - Classifying Brain Graphs

(1) Input graph G = (V, E,M)
V' brain regions (nodes)
M € R™™ :connectivity matrix learned previously
Initial node features g :cross-ROI Pearson correlation coefficients

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

Graph Convolution — Batch Normalization (BN) — LeakyReLU

(3) Node feature update rule
For block i (with parameters U; )(
gi = BN(GCN(M’ gi—l)) = BN(RGLU(Mgl_lUl))
Where:
Ji—1 € R™Ti-1 :input node features
gi € R™"i :updated features
M g;_1U; :propagates information across connected regions.

(&) Output layer
Flatten node-level features — graph-level representation
Feed into linear projection layers — final diagnostic outcome (e.g., ASD / TD)

20
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Generalization of explainability
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1) Explainability-Generalizable (XG) Regularization:

(1] 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 Dy:
Ap, =| M7, — Mp, 1€ R™"

Lsp :—” ZADR logADk ”2
k

(2] 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

I AD ey ..!.AD]. I
Leons = ZIIIAD T

* —Promotes domain-agnostic, center-lndependent explanations.

Combined effect:
Limeta = Lee + aLsp + BLcons

Together, Ly, +L.ons 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:

(1] Setup
Multi-site dataset: S = {D;’ D’ ... Dg })each D}, =one fMRI center).

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

(2) Inner Loop - Classification training
Randomly select subset S50 € S.
Train model with cross-entropy loss L ., for diagnosis (ASD vs TD).

6'=0-— YVoLce(Sinner)

(3] Outer Loop — Meta-generalization update

Use remaining centers S, ter-
Update model with meta-loss combining accuracy and explainability terms:

Lmeta - Lce + aLSp + ﬁLCOTlS
0 =0-— VVQ’Lmeta(Souter)

(4] Outcome
* Innerloop: 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.

23
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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 ROls)
* Averaged BOLD signals within each ROl — input to model

24
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Table 1: Diagnostic results (mean+std) for different competing methods on the

three target domains from the ABIDE dataset.

25

Method ACC(%) AUC(%) F1 Score(%)
BrainnetCNN |9 65.35 + 2.20 70.87 £ 1.62 62.04 + 1.54
IBGNN |[2] 65.26 + 1.61 72.88 + 2.41 62.01 + 2.93
Coral[l7] 65.46 + 2.22 70.75 + 1.99 64.97 + 4.31
GenM [12] 62.98 + 4.79 69.40 + 6.51 57.22 4 9.31
DuMeta] 13 68.78 + 5.02 73.41 +2.78 69.44 + 5.33
XG-GNN (ours)  70.66 +1.07  76.32+0.55  69.78 & 3.82

Table 2: Ablation studies regarding each key component of our XG-GNN.
Ablation experiment | Baseline |w/o XG W/0 Leons W/0 Lgp | XG-GNN (ours)
ACC(%) 64.66 68.80 69.97 69.04 70.66
AUC(%) 70.27 75.57 77.47 75.94 76.32
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Fig. 2: Explanation results on ABIDE dataset.



EPFL 27

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.

28

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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REST: Efficient and Accelerated EEG Seizure Analysis
through Residual State Updates

2
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Frequency Speed Mental state Electroencephalography (EEG) recording
band (Hz)

Delta 1-4 Deep sleep

Theta 4-8 Drowsy

Alpha 8-12 Relaxed N\/\ W
Beta 12-30 Focused

a0 il

1 second

Slow

‘i/
Fast
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EEG amplitude according the channel
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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.

33
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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.



Table 1. Comparison of seizure detection and classification meth-
cPrL ods. A) Capturing the non-Euclidean geometry of EEG signals. B)
Capturing the temporal behavior of EEG signals. C) Evaluated for
both short and long-term seizure detection. D) Runtime efficient

E) Memory efficient.

Method A B C D E
SeizureNet (Asifetal.,2020) | X v X X X
Transformer (Yan et al., | X ¢ v X X
2022a)

EEG-CGS (Ho & Arman- | ¢ ¢ X X X
tard, 2023)

GGN (Lietal., 2022) v vV vV X X
LSTM  (Hochretter & | X v X X X

Schmidhuber, 1997)
CNN-LSTM [1] (Ahmedt- | X ¢ X X X
Aristizabal et al., 2020)

CNN-LSTM [2] (Thodoroff | X ¢ X X X
et al., 2016)

DCRNN (Tang et al., 2021) | ¢ ¢ v X X
REST (Ours) vV VvV VvV Vv V
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REST: Efficient and Accelerated EEG Seizure Analysis through Residual State Updates

h) Detection
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Figure 1. (a) EEG electrodes placement based on the 10/20 standard and its constructed distanced based EEG graph. Self edges are
not shown for better visualization. (b) The REST framework, where raw EEG signals undergo preprocessing and are structured as a
graph before feeding as input to the model. Following multiple (or single) updates, the model provides the detection or classification

result. (c¢) Single update mechanism of the proposed model. Dense represents the fully connected layer and GConv is the graph
convolution. See our web page for more visual results at https://arshiaafzal. github.io/REST/.
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Seizure Detection & Classification Problem

Input:
From EEG clip
X e RTXMXN

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

Output label y:

* Detection: binary — seizure (1) / non-seizure (0)
« Classification: multiclass — y € {0-1-23 4}) five seizure types)

Goal:
Train model fy (X)to detect or classify seizures from spatio-temporal EEG graphs
efficiently for real-time inference.

38
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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).

'“Edge Weight

39
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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.

(1) State mapping Input EEG clip at time t: X, € RM*VN Previous state: S,_; € R¢*N

Linear mapping to latent space:
H, = WX, +US,_,
where W € R¥*M [y € RO*C,
(2) Residual state mechanism: Inspired by residual networks (He et al., 2016):
S, = H, + 85,

The residual term §S;incrementally refines H; ,preserving past information while allowing efficient updates.

(3] Spatial refinement via Graph Convolution
dS;captures spatial EEG dynamics using a simple graph convolution (Morris et al., 2019):

or compactly
6S; = Go(Hy)

40
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Binary Random Mask

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

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

St=Ht+6St®B

where

©: element-wise (Hadamard) product
B € RY*N :binary mask, with

B;j ~ Bernoulli(p)

—B;; = 1with probability p, else 0

Effect:

Randomly skips parts of §S; ,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.

41
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Multiple Update Mechanism

» Deeper RNNs improve performance by extracting richer features.

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

REST solution:

Perform multiple residual updates at each time step using shared parameters:
HY =wx, + Us?
S,f”l) = HY + 55,5‘) OB

Benefits:
Mimics stacked RNN depth without

where
* [: current residual update iteration

. 55(0 Go (H( )) graph convolution update

extra memory or parameters.

Improves temporal representation,

* B: binary random mask (selective node activation) stability, and performance.

Maintains real-time efficiency.
Mechanism:

 The same weights (W, U, ©O) are reused for all updates.
« The binary mask B ensures different parts of the state are refined at each iteration.

» After | updates, the final state S(I) becomes the initial state for the next time step:

() _ oD
St+1 St
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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

44

Table 2. Summary of TUSZ v.2.0.0 Train and Evaluation sets used in this study. Columns represent (from left to right): 1) total number
of EEG files 2) total Number of patients 3) total number of generalized non-specific (GN) 4) tonic-clonic (TC) 5) absence (AB) 6) focal
(FN), and 7) complex parietal (CP) seizure types in train and evaluation sets.

EEG-Files Patients Seizure Type Numbers (Seizure Type Sessions)

(% Seizures) | (% Seizures) | GN | TC | AB | EN | CP
Train 4664(5.34%) | 579(36%) 335(152) 30(11) 50(15) 1516(496) | 279(132)
Evaluation 881(5.82%) | 43(79%) 185(54) ‘ 57(8) ‘ 50(1) ‘ 240(98) 108(32)

Table 3. Summary of CHB-MIT Train and Evaluation sets used in

this study.

Patients | Seizures | Recording (hours)
Train 18 154 732
Evaluation 3 19 91
Test 3 19 02.5
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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.

45
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Results

Table 4. Summary of models for seizure detection on the TUSZ dataset. AUROC of different models is represented along with their
memory demands and inference times.

Seizure Detection AUROC (%) Model Efficiency
Model 4-s 0-S 8-5 10-s 12-s [4-s Size(MB) #Param  Inference(ms)
LSTM 755203 761100780 1203 70432000 7794000 7424200 | 2.147 536K 3.254
GRU 7612002 7882003 73220 01 7352000 801017792004 | 1.61 402K 2.12
ResNet- Tg.liﬂ_{]g 80.1:&{3,2 75.G:|:n].[|7 T4.3:|:1]_[].«_1 78.8:53,1 SU.Dig_ﬂg 27.6 6.9M 6.78
LSTM
ResNet- SO.Qﬂ._DS 76.5:&@,12 75-9:I:E].[H5 T?}.Giﬂ_gg 7?.4:53,15 78.2;|:D.DT 27.6 6.9M 6.78
Dilation-
LSTM
CNN-LSTM | 81.3201 7852005 7642001 7542005 75.0520174.02003 | 22.8  6M 5.624
DCRNN 7072001 8212002 80-120 01 8002006 825201 80.122004] 0.884 126K 9.670
DCRNN 83.02008 S1.8+0 05827201 8212003 956102 840200, | 1319 330K 23.25
w/SS
Transformer 83.Uig_{]2 82.1:&{].[;3 gg.gigﬂg‘ 85.5:&{]_{]'; Sﬁ.ﬂi{p_{u SS.I:H}_[E 0.80 120.3K 2.5
REST(DSJ TEI.Sj:qj_g 87.0:&{3.1}3 72.2:|:;j‘[|7 T4.1:|:.|j_1 ITO-Gj:D.Dd TU.D:H]_{M 0.037 8.4K 0.615
REST s, 7942003 8111001 81.020.08 81.8 4002 80.1504 78.1:04 | 0.037 84K  0.710
REST(RM} 82.4iﬂ_{];1 82.2 +0.05 SZ.T:HH 83.8ig_2 83.4:|:[|,1]g 82.Uig_1 0.037 8.4K 1.292
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Results
__________________ *+ Table 6. Classification Performance, model size and parameter
85 * """"""" } count for different models under the clip length of 10-s.
broessiss : ______ RRREEE IECET Lt A Model Fl-Score  Size(MB)  Parameter(#)
g0l b - e B | LSTM 0.39 2.021 S12K
S R | e GRU 0.44 1.92 553K
S S e i ...... o P B ResNet- 0.58 30.3 7.5M
S5 o e T LSTM
< S ResNet- 0.50 30.3 75M
P LSTM-
70 Dilation
~+$-- LSTM =4+ RESTam GRU =+ Resnet-LSTM
fo LSTM-CNN  ~4- Transformer  --}-- DCRNN w/SS  --}-- Resnet-Dilation-LSTM CNN-LSTM 0.47 23.9 amM
654 — : : o> - - DCRNN 0.54 0.506 126K
Clip Length (s) DCRNN w/SS  0.62 1.40 332K
Transformer 0.54 0.25 53K
Figure 2. AUROC comparison among various models for seizure gggims) gg; ggg:: ggﬁ
: . . (RS) . . X
detection across different clip lengths on TUSZ dataset. A flatter REST o 0.60 0.034 8 6K

line indicates more consistent performance, with error bars repre-
senting variation across five random seeds. Higher values on the
y-axis correspond to increased accuracy. REST®wm) 1s shown as
bold green line to emphasise its stability.
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Figure 3. Performance comparison in seizure analysis across mod-
els on TUSZ dataset: a) Seizure detection AUROC vs. Model
size. b) Seizure classification weighted F1-score vs. model size. ¢}
Seizure detection AUROC vs. inference. d) Seizure classification
weighted Fl-score vs. inference. The s represents the accuracy on
evaluation set for different train/validation splits and *s represent
the mean accuracy across different train/validation splits.
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Results

Table 5. Summary of models for seizure detection on the CHB-MIT dataset. AUROC of different models is represented along with their
memory demands and inference times.

Seizure Detection AUROC (%) Model Efficiency

Model 4-5 6-53 8-3 10-s [2-5 Size(MB) #Param Inference(ms)
LSTM 85.5;|:D.2 84.1j;D.4 81.Uj::]_2 ?5.2:|:Dﬂ3 TS-E‘:I:U-UB 269] 627K 3.56
GRU 76. 1:|:'|:|'.3 78.8:|:[]_Dg 73.2:|:[]_4 ?3-'5:I:D.ﬂ1 80. ]_j:[]_g 1.92 553K 242
ResNet-LSTM T7.6402 8211014 799403 76.8404 81l44p17| 29.1 7.2M 6.84
ResNet- ?B.Qig_gg Tg.gj:g_l 82-3:|:D.4 7?.6:53‘4 81.2i0.1 29.1 1.2M 6.84
Dilation-LSTM

CNN-LSTM 86.2104 8491099 8041004 80.3510.06 776103 | 7.6M 30.23 6.432
DCRNN 887203 80.01002 868005 888103 S65:03 | 0591 147K 9.80
Transformer 80.1402 8234106 82.2+0.04 8554001 86+0.17 0.25 52.4K 6.00
REST ps) 801205 885008 90120, 8632003 878205 | 0.037 93K 1.314
REST(RM} 96.7102 9231004 914201 89.2.04 9161003 | 0.037 9.3K 1.314
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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
* 14x smaller than the smallest model; 38x fewer parameters than DCRNN w/ SS, 697x 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 (20x faster than DCRNN w/ SS, 3x 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: 9x faster inference (= 1.29 ms), 14x
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.
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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.



