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Roadmap : highlights from Marseille’s delegates

* Insights from abstracts semantic analysis

* Methodological advances — acquisitions

* Large datasets : some example of results and caveats
* Tools and sharing

* Other trends



Quantitative abstracts exploration n=3240
* https://abstractatlas.brainkb.org/ohbm2026/

Modeling and Analysis Methods 1598 1443
Clinical Conditions 923 Diffusion MRI 632
Imaging Acquisitions Methods 554 Recording 438

372
Neuroanatomy 364
347 PET 144

Topics
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Quantitative abstracts exploration n=3240

Study Type

Resting state

Task-activation

1345
1206
961

Population

Healthy subjects

2177
1475
210

Field Strength

3.0T

2481
510
264
246
20
11

7

Processing Packages

1853
1206
1186
947
414
Brain Voyager 33
Analyze 28
LONI Pipeline 8



A representative study

Il * Associating resting state
. fMRI data to clinical
scores with machine-
learning algorithms and

multiple datasets for
validation




* Methodological advances — acquisitions



Undersampling x8 Parallel imaging 4x2

Benchmarking in vivo thalamic nuclei imaging

Comparison of 10 different anatomical 7T MRI contrasts

Ground truth atlases

In vivo histology with 11.7T imaging

Lunch Symposium sponsored
by Siemens Healthineers

*Emeline Robot, University of
Bordeaux:

Development in quantitative MRI for
clinical research in neuro-imaging at
3T

*Roy Haast, Aix-Marseille
University:

Advancing (clinical) insights
through imaging of complex brain
structures at /T

*Franck Mauconduit, CEA-
Neurospin & Paris Saclay
University:

Exploring the human brain and
fostering collaboration with
MAGNETOM Iseult 11.7T MR
scanner



Resting state fMRIat11.7 T




Multi-echo MRI

OHBM 2026 Educational Course
Practical Multi-echo fMRI:
Underlying principles, challenges, potential, and applications

Organizers: Daniel Handwerker, Eneko Urufiuela, Sarah Goodale

Topic

pts

Dan Handwerker (+ Sarah Goodale): Introduction to multi-echo fMRI and tedana

Mélanie Garcia: Multi-echo fMRI data quality control

Javier Gonzalez-Castillo: Now that | have multi-echo data, what else can | do with it?

Discussion and Q&A: Best practices for collecting and validating multi-echo fMRI data

Break

\pplications

Eric Pierre: Multi-echo fMRI in a large clinical study — insights from the Australian
Epilepsy Project

Eui-Jin Jung: Enhancing predictive modeling using multi-echo fMRI in pain

Lunch break with informal Q&A for the final 20 minutes of the break

Julia Moser: Multi-echo fMRI in developmental neuroimaging

Discussion and Q&A: Advice & challenges for using multi-echo fMRI in clinical studies

Kathryn Lamar-Bruno: Benefits and challenges of Echo Planar Time-Resolved
Imaging (EPTI) for multi-echo fMRI

Nathan Spreng + Prantik Kundu: Subcortical connectivity at 3T & 7T with ME fMRI

Break

Logan Dowdle: The higher the field, the faster it falls — challenges and opportunities
of multi-echo fMRI at 7T

Enala llrmiAnala: le aanarativa Al tha navt ctan in muilti_arhn MBI Aannicina?
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* b200-dfMRI & b1000-dfMRI:
* T2 & diffusion-weighted
* BOLD proxy

* ADC-fMRI
* Diffusion-weighted

* T2"BOLD-fMRI

fMRI resting state on

fetus: use Frame

Displacement to find

sequences of "not-
moving-to-much"
volumes

Pipeline Development and Exploratory Visual Network Anal

an Wang, Kelly J. Hier

Department of Psychology & Center for Cognitive and Brain Sciences, The

Introduction
+ Fetal neuroimaging presents substantial methodological
challenges, including:
+ high motion, interference from surrounding maternal
tissues', variable imaging orientations, low signal-to-

noise ratio
* Here, we systematically evaluate multiple
prep i ies to optimize pipeline for fetal
resting-state fMRI (rsfMRI).

* The utility of this pipeline is demonstrated through
exploratory analyses of fetal visual network

Anna Quatrale, Huiyu Yang, Elizabeth Sponseller, R

organization. J

Research Questions

* Which preprocessing strategies maximize data quality and
biological validity in fetal resting-state fMRI?

Methods
Participants
N =30, mean GA = 33.79 (weeks),
Female = 14 (46.67%)
T2 anatomical Scan

2D slices acquired in one of three ori
(sagittal, axial and coronal): TR = 1.4 s ,TE=0.1s, slice
thickness =2mm.

Resting state fMRI

Multi-echo rsfMRI runs: multiband 4x accelerated EPT
sequence: TR =2000 ms (160 total TRs), TE = 13 ms, 29.22ms,
45.42ms, 61.64ms, voxel resolution = 3.2mm"3. 15-21 minutes
collected per subject.

Preprocessing fetal resting-state data

Step 1: Split timeseries into low-motion segments; Step 2:
Preprocess eachggment; Step 3: Concatenate segments; Step 4:
Evaluate efficacy of preprocessing by probing the biological
validity of visual system connectivity in the fetal brain prior to

external visual experience

L

ptimized Prep rocessing Pipelinﬁ
~ Ravachonmion |

achael F. Holt, Maged Costantine, Zeynep M

Brain Masking ;
Two trained indept
| P graders evaluated 1
i ) i Friedman test revei
Adultvs Fetal surmounding brain tissue g Q @ sllgn;(t)i’c:n:t gfg;;'incwei
2 :L Q E= signed-rank tests shoy
B4 oE smart mask outperformi
3 the original mask (W =
L (,004) and the low-m
Original  Low-motion Segment mask (w — 8, p= 0.0

e
R
Before Tedsna  ICA
TEDANA denoised data had significantly higher tSNR and lower DVARS than
hand labeled ICA denoising data (Wilcoxon signed-rank tests, all p < 0.001).

TEDANA FC Matrix Hand Labeled ICA FC Matrix

Lowscors Highscors Lowscors Hgnscore

 Before Tedena  ICA

Non-visual ROIs

S
2

Vi

Compare within-visual connectivity to visual-
other, expecting stronger within vs between
network FC.
TEDANA-denoised outperformed ICA denoising.
for all 25 visual regions (only significant for 6;
(29) range: -2.79 to -2.24, all p < 0.05).
e

Significant Visual Regions

Registration

[ ight flip; reorientation js necessary
B

xploratory Visual Network Analysis

ROI-based functional connectivi ey

. sy o
(Ec?umalysls 0f 25 fetal visual 3

~ cortical regions and 107 cortical and
subcortical regions.

o‘("“‘“{ Wwithin visual network
ectiy  stronger (1(29) -



White Matter Analysis in fMR
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Large datasets : some example of results and caveats

DO YOU HAVE
RESEARCH
QUESTIONS?



Breadth vs Depth
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from many subjects from man i
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Hours of fMRI data per subject

Current Opinion in Behavioral Sciences

Nasarelis,Allen, Kay 2021

Brainchart v

@ Sex-matched controls Trained on
W N huge numbers

of brain scans

v/

Capture
individual
differences

Marguand et al, 2016; Rutherford et al, 2022;
Bethichem et al, 2022 Mansour, et al. 202S. And more

Detailed mapping of functions
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THE COURTOIS PROJECT

Deep sampling (precision h=soNmops B

’.)l.lgm Université f'“'\

2. Dep:
University of Montreal, Montréal, Canada
e de Montréal

scanning

* Individual Brain Charting (IBC)
Midnight Scanning Club
Bold5000 Project

Natural Scenes Dataset

* Visual Cognition dataset (7T)

* Naturalistic perception (with motion
corrected eye tracking, cf Park 2026)

* Emofilm (Geneva)
* THINGS dataset

e Courtois-Neuromod




Advantages and caveats common to both

approaches

e Stronger statistical inferences

e Characterisation of inter or
intra individual variability

* Test specific factors, eg SES
(papier Mareck Nature)

 Multimodal inferences: link to
gene expression,
neurotransmitters,
mitochondria, etc

* Foster tools development

* Representativity of

participants (eg ( Bethlehem

Nature paper only 4% of
individuals from East Asia;
overtrained participants in deep

sampling datasets)

* Representativity of
researchers : concentration
in a few labs or countries




* Tools and sharing

DO YOU HAVE
RESEARCH
QUESTIONS?
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€he New QJork Times

Genetic Data From Over 20,000
U.S. Children Misused for ‘Race

Science’

The National Institutes of Health failed to protect brain scans that
an international group of fringe researchers used to argue for the
intellectual superiority of white people.

X

Brain Sizes by Race and Ethnicity in a Sample of American 10-Year-Olds

B White
Black
Hispanic

Account v

Go to next post directly from here!

»
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@cremieuxre...

That MRI study got me thinking: How big
are the brain size gaps?

I looked and all | found was that there
were some pretty large gaps - 0.99,
0.54, 0.36 d - but | want the numbers.

So here: brain size by race in more than
7000 nationally-representative ten-
year-olds from 2017.

6:11 AM - Mar 28, 2023 - 118.4K Views

Q30 Mno Qr1 [J30a 2,

Relevantv View quotes >

‘ Post your reply

ﬁ_ Cré.. & @cremi... - Mar 28,2023 ---
___ s,




Plateforms with data more or less
processed

* Lifespan Brain Chart
* PNC

e Centile Bioscience

.
area f ea,

area_surfs=area_surfs,
metric_out=str(output_file_path),

f
)

o Implemented in Python
o Parallelization ~

RESULTS




of neuroanatomical aa
for multi-view rendering.




e Other trends
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= \ MRI Space Mission: A Stepwise Paediatric MRI Training |
; ol CP
R: A Unified MRI Processing Framework i e i et T s cmldrenr
for Baby Brain Mapping .

o0, Phos

e, : iy
St A, e i, Khoi Minh Hageb, P T Yap

BabyS2R robustly handles variations in signal intensity and adapts to

ynamic morphe changes during infancy
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. . . e i ) ‘ ; Iclzllgfg% An Automatic Pipeline for Sulcal Feature Extraction in Fetal Surface
brain imaging ey LONDON | S=mmmresrmsesr e =

entre for the Developing Brain, School of Biomedical Engineering a London, Lonc

Background

Malformations of cortical development (MCD) reflect  disrupted
neurodevelopment and impact cognition.

“Folding develops rapidly in late gestation, and deviations from
normative patterns may act as biomarkers of atypical development.

:Human brain shape varies significantly making it very difficult to
know what is ‘normal’ for any given individual

Fundi

Surface-based analyses enable more accurate sulcal localization and and Gyrloncuriature

extraction of morphometric features (i.e. sulcal depth and length, Gls, ool

Figure 1),
+Here, we present an automated surface-based framework for sulcal y

fundus extraction and feature analysis in fetal cortical surface MRI, with : it
representative fetal and neonatal examples used to illustrate different oot =
workflow steps

“+Automatic extraction of sulcal features. Figure 1

“#Extension to automatic extraction of gyral features. Figure 2 R)
ere we only report findings of sulcal analysis for the major

sulci, mclumng Central Sulcus, Parieto-Occipital Fissure, Medial
Parietal Fissure, Posterior Cingulate Sulcus and Superior Temporal
Sulets, respeciively (Figure o)

Figure 2. Extension of the automated pipeline for gyri featurt

eytoarchitectur g i d

Continuity and discontinuity in
infant brain development:
Dense longitudinal awake fMRI
in the first year of life




Advances in multispecies combpariso

Spatial lranscriptornics

Digital Brain Zoo

g £y Cammon spaca

Brain

hiips://opsn.win.ox.ec.uk/DigitalBrainBank/e/




White matter BOLD

0421 WhiFuN: A toolbox to map the White Matter
Functional Networks of the Human Brain
Pratik Jain'?, Paul Zukowski', Andrew Micheal®, Xin Di!, Bharat Biswal!

'New Jersey Institute of technology, Newark, New Jersey, United States. Rutgers, Newar]
New Jersey, United States. *Duke University, Durham, North Carolina, United States.



Individual-specific modelling of wave
propagation along the cortical geometry

Marko A. Ruslim?, Aurina Arnatkevicitté?, James C. Pang

> Individual cortical surfaces and resting-state fMRI from

cortex as travelling waves. >1000 HCP participants [2].

> Recent neural field theory (NFT) models
suggest that cortical geometry strongly
shapes large-scale wave dynamics [1].

| > However, most studies rely on group- 02N e

| averaged cortical surfaces, which may B v ¢${t)

> Neural wave propagation simulated on individual cortical
surfaces Via equation eIOW. ;. ersic spatl propagation  spatte
length scale

| YZor: "y ot
obscure individual differences in wave

o | temponal Laplace-Bellami
propagation. damping rate oporalor

> Here, we use NFT-based wave models >~ Spontaneous dynami
on individual cortical surfaces to
determine whether individual geometr
influences spontaneous and evoked
ave propagation.




Al and LLM in analyses

Agents will always lie: agentic Alas a

reproducibility threat in neuroimaging

Rudolph Pienaar':2, Andrea Gondova2, Andre van der Kouwe32, Patricia E. Grant'2

TBoston Children's Hospital - 2Harvard Medical Schoc

SO

ston

Childrens = S i
Hospital il Mass General Brigham

THE PROBLEM

THE EXPERIMENT

THE EXPLOSION

Modern Al is not magic — it is
mathematics. A network's forward
pass is deterministic, but generation
runs that map in reverse, and a
compressive map has no unique
inverse. The only way back is to
sample from a probability
distribution, so probability is intrinsic
10 every token an LLM emits

= Neuroimaging is pivoting to agentic
Al— LLMs that autonomously chain
tools, pick parameters, and report
results 24

® Orchestration s a problem of depth:
each step is a probabilistic branch, and errors compound along the
workflow graph
® The danger isn't crashes — it's silent failure: wrong output reported as
success, entering downstream analyses undetected.2
SEARLE'S CHINESE ROOM!
The agent emits valid AP calls with no semantic grounding — like

Searle's room shuffling symbols without understanding. Confidence is
not correctness.

PIP

Clinical truth and reproducibility must live in a

deterministic execution runtime that is

e model

Scan for data,
code & figures.

THE EVIDENCE

We grounded the argumen

live ChRIS / CUBE in
an LLM agent to run FreeSurfer recon-al

FEY_LUKE — twelve agent-controlled API calls and nine decision
points before any computation — then mapping th
space from a live crawl.

1,110 MPRAGE candidates at scan-selection — with no
AccessionNumber, the agent gues

no_fail=true masks a non-zero FreeSurfer exit code - silent
success

pl-fshack had zero prior runs here — no successful history to
imitate.

How often does it lie?

The ChELL shell collapses APl mechanics from 12 steps to 5 and auto-
handles feed creation & previous._id plumbing. But the dangerous
decisions — which scan, which arguments — survive intact. Reducing
syntax is not reducing reproducibility risk.

What those rates mean across a real 10-run study

THE SOLUTION

THF PAYOFF

ytoarchitectonic Maps in BigBrai

Kimberley Lothmann®-3, Christian Schiffer’?, Timo Dickscheid®2, Katrin Amunts®?
1 |nstitute of Neuroscience and Medicine (INM-1), Research Centre Julich, Julich, Germany
2 Helmholtz Al, Research Centre Jilich, Julich, Germany
3 Cécile and Oskar Vogt Institute for Brain Research, University Hospital Dusseldorf, Dusseldorf, Germany

© As part of the Julich Brain Atlas*, the BigBrain dataset® provides an ultra-high-resolution 3D model of the human brain at the cytoarchitectonic level
o Tomake detailed cortical and subcortical area maps available for interactive exploration in siibra-explorer, these areas must first be reconstructed in 3D
© Combining manual expert delineation with Al-based inference enables consistent, high-fidelity 3D cytoarchitectonic mapping across the whole brain

Identification of Areas
Cytoarchitectonic areas annotated on every
10th — 15th histological section using ATLaSUI®

Al Reconstruction
The CytoNet deep learning model
infers areal continuity and laminar
transitions between sections —

avoiding geometric interpolation

Computation
Training and large-scale
inference performed on
JURECA-DC (Jiilich
Supercomputing Centre)

Quality Control
Expert review priorto3D |
reconstruction and £

integration into the
BigBrain framework

Output

All available Julich Brain Atlas
V3.1 areas reconstructed. Surface
refinement for visualization is
ongoing.

LATERAL VIEW SUBCORTICAL VIEW SUPERIOR VIEW |

© We reconstructed 167 cortical areas in BigBrain space at cellular resol

B ks ik s ml s , completing the currently available cortical coverage of the Julich Brain Atlas.
Supimgsrs e coherent microscopic 3D reference framework that preserves

SdoDs and laminar
e WQ PRings will be available via EBRAINS Knowledge Graph on siibra toolsuite

are currently mapping more Big
P e pping IgBrain areas that will be available next year!
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