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“The physician should not treat the disease but 
the patient who is suffering from it.” 

Avicenna (980–1037)



https://www.forbes.com/sites/bernardmarr/2023/10/03/the-10-biggest-trends-revolutionizing-healthcare-in-2024/; https://www.statista.com/statistics  

2AI revolutionizing healthcare & medicine Generative AI market size worldwide

https://www.forbes.com/sites/bernardmarr/2023/10/03/the-10-biggest-trends-revolutionizing-healthcare-in-2024/
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Generate multidimensional 
brains

Three trends in the AI-powered healthcare revolution

Generative 
learning

Generate population brain 
templates

Federate to generate the 
future of the brain

Federated 
learning

Federate heterogeneous 
diagnostic tasks

Holistic 
learning Insights into the future of an inclusive and holistic AI in medicine



Geerligs L, Rubinov M, Henson RN. State and trait components of functional connectivity: individual differences vary with mental state. Journal of Neuroscience. 2015 Oct 14;35(41):13949-61.
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Generative 
learning

Generate multidimensional 
brains



Thickness-based morphological 
brain network (0 month)
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Regions of interest Regions of interest

Functional brain network of a normal 
control (75 years)

A mechanistic understanding of the human connectome is not only important for understanding normal 
brain function, but will also help tackle the even more complex pathological brain.

Thickness-based morphological 
brain network (3 months)

Functional brain network of an MCI 
patient (75 years)

Generative 
learning

Generate multidimensional 
brains

FROM THE CRADLE TO THE GRAVE
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Every brain network needs an image

Mind the medical imaging gap!

Estimates of the number of MRI units per million inhabitants. The map was produced by the International 
Atomic Energy Agency (Vienna, Austria).1

1Hricak, Hedvig, et al. "Medical imaging and nuclear medicine: a Lancet Oncology Commission." The Lancet Oncology 22.4 (2021): e136-e172.



Can we diagnose early and better with minimal 
resources (limited data) and at lower costs?

• Costly to acquire
• Inaccessible in many 

countries
• High quality

• Affordable to 
acquire

• Accessible
• Low—middle quality

“data” “no-data”



Pioneering and developing 70+ predictive/generative learning works in network neuroscience (2019-2023) 

time

domain

resolution

T1-w MRIMorphological 
Brain Network



Single graph prediction

Multigraph prediction

…

Graph super-resolution Disease fingerprint prediction

Disease classification

DS

NC

Brain graph evolution trajectory to 
predict

Brain graph evolution prediction

DS: disordered subjects HS: healthy subjects

Brain graph
at baseline t0

Source graph

Target graph n

Target graph 1

Source graph

Connectional brain template

Low-resolution graph Super-resolved graph Brain graph Biomarker

View1 View2 View n… … … …

Labels

Brain graphs

Brain graph at t2

Brain graph at t3 Brain graph at t4

: mapping function

: mapping function for time-dependent
prediction task

Brain graph

Connectional biomarker

Brain connectivity Graph representation

Graph integration

time

domain

resolution

Target graph

Predictive intelligence 
dimensions



Review paper published in IEEE TPAMI in 2022
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GitHub link: https://github.com/basiralab/GNNs-in-Network-Neuroscience 

Graph neural networks in network neuroscience

Bessadok, A., Mahjoub, M.A. and Rekik, I., 2022. Graph neural networks in network neuroscience. IEEE Transactions on Pattern Analysis and Machine Intelligence.

https://github.com/basiralab/GNNs-in-Network-Neuroscience


20 GitHub code video 
demo (since 2020)

Reproducible, inclusive and open science

https://github.com/basiralab 

65+ GitHub codes

https://github.com/basiralab


50+ oral paper presentations 

Reproducible, inclusive and open science



Cross-resolution prediction

Cross-domain Cross-timeCross-resolution

Generate HR Brain Graphs 
from LR Brain Graphs, 

using GNN Models

High Resolution (HR) 
Brain Graph

HR Connectivity 
Matrix

Shen parcellated

268

26
8

Low Resolution (LR) 
Brain Graph

LR Connectivity Matrix

`
`

`

`

Dosenbach
parcellated

160

16
0



Proposed  IMANGraphNet Method ResultsProblem statement

How to predict inter-modality non-
isomorphic brain graphs from a base graph ? 

Dataset evaluation
SLIM1 dataset: 150 functional connectomes (160 x 160)

150 morphological connectomes (35 x 35)
Prediction results using different evaluation metrics

…

…

… …
Real

Fake

Non-isomorphic generator
Discriminator

…

Graph aligner network

A- Inter-modality domain aligner

KL divergence

B- Non-isomorphic inter-modality graph GAN

Target data 
distributionGraph 

convolution layer Dropout
Batch 

normalization

KL divergence

Epochs
Probalilities

…

Isomorphic

graphs

Conventional Proposed

Source domain Target domain

Non-aligned source to target 
isomorphic intra-modality domains

Predicted target domain

Source domain Target domain

Non-isomorphic inter-modality 
domain alignment

Aligned source to target non-
isomorphic inter-modality 

domains

Predicted target
domain

Data prediction
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Epochs
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Source data 
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This work is accepted at IPMI 2021 and selected for an oral presentation.
GitHub code: https://github.com/basiralab/IMANGraphNet 

Non-isomorphic Inter-modality Graph Alignment and Synthesis 
for Holistic Brain Mapping 

Islem Mhiri , Ahmed Nebli               , Mohamed Ali Mahjoub             and Islem Rekik



Non-isomorphic Inter-modality Graph Alignment and Synthesis 
for Holistic Brain Mapping 

Islem Mhiri , Ahmed Nebli               , Mohamed Ali Mahjoub             and Islem Rekik

Bar plots ResultsProblem statement

This work is accepted at IPMI 2021 and selected for an oral presentation.
GitHub code: https://github.com/basiralab/IMANGraphNet 

How to predict inter-modality non-
isomorphic brain graphs from a base graph ? 

Dataset evaluation
SLIM1 dataset: 150 functional connectomes (160 x 160)

150 morphological connectomes (35 x 35)
Prediction results using different evaluation metrics

Clinical inspection
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Connectional brain template

View1 View2 View n

… … …

Graph integration

Generative 
learning

Generate population brain 
templates



Problem statement

Integrating a population of multi-view brain networks to estimate a 
connectional brain template (CBT)

Multi-view
Integration

…
Subject 1 Subject 2 Subject N-1 Subject N

Fingerprint of the 
population

CBT

Generative 
learning

Generate population brain 
templates



CBTs are powerful tools for group comparison studies and discovering 
the integral signature of an anomaly.

Healthy population subjects

Healthy CBT Disordered CBT

Graph node

Variable connectivity

Shared connectivity

Discriminative 
connection

…
Subject 1 Subject 2 Subject N

Why CBTs are powerful?
Generative 

learning
Generate population brain 

templates



Well-centered è Occupies the center of a 
population

Well-centered 
CBT

Subject 1

Subject 2

Subject N - 1

Subject N

Discriminative è Captures the unique 
and common traits of a population

Population samples

Common 
traits

Integration

Discriminative
CBT

What is a good CBT?
Generative 

learning
Generate population brain 

templates



Deep Graph Normalizer: A Geometric Deep Learning
Approach for Estimating Connectional Brain Templates

Mustafa Burak Gürbüz and             Islem Rekik

1Dhifallah, S., Rekik, I. ,“Estimation of connectional brain templates using selective multiview network normalization. Medical Image Analysis” 59 (2019)
* AD-LMCI:  Alzheimer's Diseases & Late Mild Cognitive Impairment  * * NC-ASD:  Normal Control  & Autism Spectrum Disorder   * * * MKL: Multiple Kernel Learning is a supervised features selection 
method.

Proposed DGN solution ResultsProblem statement

This work is accepted at the MICCAI 2020 conference (early accept), Lima, Peru.
Gürbüz, M. B., & Rekik, I. (2021). MGN-Net: A multi-view graph normalizer for integrating heterogeneous biological network populations. Medical Image Analysis.

 GitHub code: https://github.com/basiralab/DGN 

How can we integrate a set of 
multi-view graph population 
to estimate a connectional 

brain template (CBT)?

Node embedding learning CBT generation

CBT refinement after training Subject Normalization Loss 
(SNL)

Frobenius distance between the
  CBT and randomly selected subjects

Datasets

AD-LMCI * 77 subjects with 4 different views

NC-ASD * * 310 subject with 6 different views

Centeredness evaluation
Frobenius distance between views of testing 

subjects and estimated CBT

Discriminativeness evaluation

The overlap rate between features selected by 
an MKL* * * feature selection and CBT 

comparison

DGN more reproducible in discriminability 
than netNorm1 across 4 classification tasks

DGN outperforms netNorm1 
across 40 comparison

Generative Connectomics



Comparison methods and results 
(Discriminativeness)

We spot the top 5 most discriminative brain regions where a type-A CBT largely differs from 
a type-B CBT. 



ASD/NC dataset 
Region of Interest Effect on brain

Insula cortex (left hem.) Abnormalities in emotional and affective 
functions (Yamada et al., 2016 )

Superior temporal sulcus (left hem.) Social perception impairment 
(Pelphrey et al., 2009)

Frontal pole (right hem.) Atypical right dominant face asymmetry 
(Hammond et al., 2008)

Yamada, T., et al. "Altered functional organization within the insular cortex in adult males with high- functioning autism spectrum disorder: evidence from connectivity-based parcellation." 
Molecular Autism 7 (2016)
Pelphrey, K., Carter, E.,  "Brain mechanisms for social perception lessons from autism and typical development" Annals of the New York Academy of Sciences 1145 (2009)
Hammond, P., et al., "Face-brain asymmetry in autism spectrum disorders.” Molecular psychiatry 13 (2008)

Discovery of most discriminative brain regions for 
ASD and NC



AD/LMCI dataset 
Region of Interest Effect on brain

Temporal pole (left hem.) Pathological changes in temporal pole 
(Arnold et al., 1994)

Entorhinal cortex (right hem.) Greater atrophy in the right entorhinal 
cortex in AD  patients (Zhou et al., 2015)

Arnold, S.E., Hyman, B.T., Van Hoesen, G.W.,  "Neuropathologic Changes of the Temporal Pole in Alzheimer’s Disease and Pick’s Disease." Archives of Neurology 51 (1994)
Zhou, M.,  et al., "Entorhinal cortex: A good biomarker of mild cognitive impairment and mild Alzheimer’s disease." Reviews in the neurosciences 27 (2015)

Discovery of most discriminative brain regions for 
AD and LMCI



Comparative survey of multigraph integration 
methods for holistic brain connectivity mapping

Chaari, N., Akdağ, H.C. and Rekik, I., 2023. Comparative survey of multigraph integration methods for holistic brain connectivity mapping. Medical Image Analysis.

Nada Chaari



Comparison
Methods

Graph
centredness

Graph-derived
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Integration
behaviour

test

Frobenious distance

Hamming distance 

Jaccard distance 

Overlap of top 
discriminative ROIs

Modularity

Global efficiency

Local efficiency
Participation 
coefficient

Hubness 
behaviour

test

Betweeness 
centrality PageRank

Eigenvector 
centrality Katz centrality

Information 
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https://github.com/basiralab/survey-multigraph-integration-methods 

https://github.com/basiralab/survey-multigraph-integration-methods


Generate multidimensional 
brains

Three trends in the AI-powered healthcare revolution

Generative 
learning

Generate connectional 
brain templates

Federate to generate the 
future of the brain

Federated 
learning



Cross-time generation & 
federation

Cross-resolutionCross-domain Cross-time



Yes, with federated learning! 
è A decentralized framework for training global models without sharing local datasets, ensuring 
privacy and security.

Server

!
!"#

$
"!#%&#

!

Hospital 1 Hospital 2 Hospital 3 Hospital k

FedAvg

Federated 
learning Can we learn better together without sharing our data?

McMahan, Brendan, et al. "Communication-efficient learning of deep networks from decentralized data." Artificial intelligence and statistics. PMLR, 2017.



https://www.ndm.ox.ac.uk/news/new-system-protects-patient-data-through-federated-learning  — https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00226-1/fulltext 
 

Federated 
learning

Full-stack federated learning Low-cost and privacy-preserving

https://www.ndm.ox.ac.uk/news/new-system-protects-patient-data-through-federated-learning
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00226-1/fulltext


Federated 
learning

Full-stack federated learning

https://www.ndm.ox.ac.uk/news/new-system-protects-patient-data-through-federated-learning  — https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00226-1/fulltext 
 

https://www.ndm.ox.ac.uk/news/new-system-protects-patient-data-through-federated-learning
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00226-1/fulltext


Federated Time-dependent GNN Learning from Brain Connectivity
Data with Missing Timepoints
Zeynep Gurler             , and Islem Rekik

Proposed 4D-FED-GNN+ ResultsProblem statement

How to predict its evolution trajectory over time
in a federated manner?

 
L Limitation  è  Absence of federated models
for time-dependent graph evolution prediction

 

time

Baseline brain graph

Brain graph evolution
trajectory to predict

Dataset
• We used 113 subjects from the OASIS-2

longitudinal dataset.
• Each subject was scanned on two or more 

visits, separated by at least one year.
• We used 5-fold CV for evaluation.
• In each run: 1 fold for testing and remaining

4 each allocated to a local hospital.

Comparison
a) 4D-GNN: the vanilla method where hospitals 
train their local data without federation.
b) 4D-FED-GNN: single federation strategy 
based on GNN layer-wise weight aggregation.

1Tekin, A., et al. ‘’Recurrent brain graph mapper for predicting time-dependent brain graph evaluation trajectory.’’ Domain Adaptation and Representation Transfer, and Affordable Healthcare and AI for Resource Diverse Global Health (2021)
2Marcus, D.S., et al. , Fotenos, A.F., Csernansky, J.G., Morris, J.C., Buckner, R.L.: Open Access series of imaging studies: longitudinal MRI data in nondemented and demented older adults. Journal of cognitive neuroscience

This work is part of my research project at BASIRA lab: https://basira-lab.com 
This work is accepted at the “PRedictive Intelligence in MEdicine|” (PRIME) MICCAI 2022 workshop and the journal of IEEE TMI 2022.

GitHub code: https://github.com/basiralab/4D-FED-GNN 

Cross-resolutionCross-domain Cross-time

https://basira-lab.com/
https://github.com/basiralab/4D-FED-GNN


Federated Time-dependent GNN Learning from Brain Connectivity
Data with Missing Timepoints
Zeynep Gurler             , and Islem Rekik

ResultsProblem statement

How to predict its evolution trajectory over time
in a federated manner?

 
L Limitation  è  Absence of federated models
for time-dependent graph evolution prediction

 

time

Baseline brain graph

Brain graph evolution
trajectory to predict

Dataset
• We used 113 subjects from the OASIS-2

longitudinal dataset.
• Each subject was scanned on two or more 

visits, separated by at least one year.
• We used 5-fold CV for evaluation.
• In each run: 1 fold for testing and remaining

4 each allocated to a local hospital.

Comparison
a) 4D-GNN: the vanilla method where hospitals 
train their local data without federation.
b) 4D-FED-GNN: single federation strategy 
based on GNN layer-wise weight aggregation.

1Tekin, A., et al. ‘’Recurrent brain graph mapper for predicting time-dependent brain graph evaluation trajectory.’’ Domain Adaptation and Representation Transfer, and Affordable Healthcare and AI for Resource Diverse Global Health (2021)
2Marcus, D.S., et al. , Fotenos, A.F., Csernansky, J.G., Morris, J.C., Buckner, R.L.: Open Access series of imaging studies: longitudinal MRI data in nondemented and demented older adults. Journal of cognitive neuroscience

This work is part of my research project at BASIRA lab: https://basira-lab.com 
This work is accepted at the “PRedictive Intelligence in MEdicine|” (PRIME) MICCAI 2022 workshop and the journal of IEEE TMI 2022.

GitHub code: https://github.com/basiralab/4D-FED-GNN 

Cross-domain Cross-time

Bar plots

Cross-resolution

https://basira-lab.com/
https://github.com/basiralab/4D-FED-GNN
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Federate heterogeneous 
diagnostic tasks



39

Atefe Hassani

Federated 
learning

Federate heterogeneous 
diagnostic tasks

UniFed: A Universal Federation of a Mixture of Highly 
Heterogeneous Medical Image Classification Tasks

Hospital 1 Hospital 3 Hospital k

df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

Hospital 2

same dataset types = same learning task (i.e., disease)

https://github.com/basiralab/UniFed
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Atefe Hassani

Federated 
learning

Federate heterogeneous 
diagnostic tasks

UniFed: A Universal Federation of a Mixture of Highly 
Heterogeneous Medical Image Classification Tasks

Hospital 1 Hospital 2 Hospital 3 Hospital k

different dataset types = different learning tasks (i.e., diseases)

df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks
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Proposed UniFed learning architecture

Initial  cl ient training

df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed


42

Atefe Hassani

Federated 
learning

Federate heterogeneous 
diagnostic tasks

Proposed UniFed learning architecture

Hospital (cl ient) ordering
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This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks

Proposed UniFed learning architecture

Sequential cl ient training + dynamic update
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This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed


44

Atefe Hassani

Federated 
learning

Federate heterogeneous 
diagnostic tasks

Proposed UniFed learning architecture

Server-side training
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This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks

Proposed UniFed learning architecture

Server-side learning and global model update
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This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks

Proposed UniFed learning architecture

Universal federated learning
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df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks

Benchmarking varying models and federation paradigms

Table 1. Comparison of model performance (%) in strongly and moderately Non-IID settings.

UniFed outperforms 
existing federation 

methods

df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed
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Federated 
learning

Federate heterogeneous 
diagnostic tasks

Benchmarking varying models and federation paradigms

The computation overhead on MedMNIST dataset with strongly Non-IID setting and the 
communication overhead (local epoch for each hospital × number of hospitals × iteration). The 
computation overhead shows the total training time in minutes.

UniFed is more 
affordable to train

df
This work is accepted at the MICCAI MLMI 2024 conference (poster presentation), Marrakesh, Morocco.

 GitHub code: https://github.com/basiralab/UniFed 

https://github.com/basiralab/UniFed


https://github.com/basiralab/UniFed  

https://github.com/basiralab/UniFed


Generate multidimensional 
brains

Three trends in the AI-powered healthcare revolution

Generative 
learning

Generate connectional 
brain templates

Federate to generate the 
future of the brain

Federated 
learning

Federate heterogeneous 
diagnostic tasks

Holistic 
learning Insights into the future of an inclusive and holistic AI in medicine



[Mental Health]

"The imagination is the intermediary between 
the bodily organs and the soul."

[Holistic Healing]

"The physician should not treat the disease but 
the patient who is suffering from it."
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https://www.the-tls.co.uk/regular-features/footnotes-to-plato/avicenna-leading-sage-footnotes-plato 

Let us not forget in this age of AI
Holistic 
learning

A Persian polymath whose work in medicine, Islamic philosophy, and 
science laid foundational principles that influenced medical practice for 

centuries. 
His visionary insights are particularly noted in The Canon of Medicine, 
which became a standard text in medical schools across Europe and 

the world for hundreds of years. 

Avicenna
Ibn Sina (980–1037),

https://www.the-tls.co.uk/regular-features/footnotes-to-plato/avicenna-leading-sage-footnotes-plato


https://library.oapen.org/handle/20.500.12657/53806 

A History of Population Health: the rise & fall  of diseasesHolistic 
learning

https://library.oapen.org/handle/20.500.12657/53806


https://library.oapen.org/handle/20.500.12657/53806 

A History of Population Health: the rise & fall  of diseasesHolistic 
learning

We need a more holistic 
approach.

Are we asking the right 
questions and looking at the 

right data?

https://library.oapen.org/handle/20.500.12657/53806


Volume of data/information created, captured, copied, and consumed 
worldwide from 2010 to 2020, with forecasts from 2021 to 2025 ( in 

zettabytes = 10² ¹  bytes)
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https://www.statista.com/statistics/871513/worldwide-data-created/ ; https://arxiv.org/pdf/2310.00795 

How much is it  costing us to acquire, store and maintain data?Holistic 
learning

Generative AI needs data, but how much?

https://www.statista.com/statistics/871513/worldwide-data-created/
https://arxiv.org/pdf/2310.00795
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How much environmental pollution do AI models generate?Holistic 

learning

CO₂ equivalent emissions by AI models 2024 in tonnes
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https://www.statista.com/statistics/871513/worldwide-data-created/ ; Source: Stanford UniversityID 1465353

https://www.statista.com/statistics/871513/worldwide-data-created/
http://www.statista.com/statistics/1465353/total-co2-emission-of-ai-models/




WRAP UP

Generative 
learning

Federated 
learning

Holistic 
learning

Generative learning Federated learning

• promote low-cost and privacy-
preserving learning from data

• increase AI fairness by learning 
from diverse datasets

• learn better together and without 
data

• improve disease diagnosis/prognosis
• generate costly medical data from 

low-cost
• enable the forecasting of 

health/disease evolution (individual, 
population)

Gen-AI, at which cost?
How to enable a more holistic learning and 

healing of diseases?

The main trends

The other side to rethink

Holistic learning



“The requisites of knowledge: a quick mind, zeal for learning, humility, foreign 
land, a professor’s inspiration, and a life of long span.” 

Juwaini of Nishapur (d.1085)

Brain And SIgnal Research & Analysis 
Lab

www.basira-lab.com  https://basira-lab.com/

Generative 
learning

Federated 
learning

Holistic 
learning

http://www.basira-lab.com/

