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Multi-Centre Epilepsy Lesion Detection

Goal: Improving the presurgical planning of patients with drug-resistant focal epilepsy

o Surgery not offered

*'12‘:.'j % ....................... >
f

sEEG PET scan

l

. T Not seizure free
Invasive investigations

~70%
Drug-resistant
focal epilepsy

Seizure freedom

epilepsy surgery

Can Al help us detect subtle lesions?



“MRI-negative” Epilepsy - “Missed” lesion

mFCD

B Gliosis
HS
Hamartia+gliosis

Hm Other

95 MRI negative

Adapted from Wang et al., 2013 Mod Path

§i| Children

87 MRI negative

Eriksson et al., 2023 Epilepsia

mFCD

® Non-specific
HS
LEAT

® Non-LEAT

m Vascular

m Normal tissue



Focal cortical dysplasia (FCD)

Tl

Malformation of cortical development

Subtle imaging features:
e Abnormal cortical thickness
Blurring of the grey-white matter boundary
FLAIR/T2-weighted intensity changes
Abnormal folding pattern
Hemispheric asymmetry

i ?
Where is the FCD? O
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Join at menticom | use code 8459 7868




A public benchmark for human performance in the detection of FCD

Detection (%)

Pinpointing (%) oV, 0.0 Standard, 0.7 Adjusted, 0.22

Rater group
{(werall
Layperson 29 [23, 34] 33 (27, 38] 2 [0, 4] 27 [22, 33]
Non-expert 48 [46, 51] 54 [52, 56] 3[2,4] 45 [42, 47]
74 [70, 79] g [6,12] 6% [63, 73]

Expert 68 |63, 72|

Lennart Walger. (2025). Epilepsia Open. 10.1002/epi4.70028.



Al can detect subtle focal cortical dysplasia (FCD) on MRI - MELD MLP

Graph Neural network for a more confident detection of FCD - MELD Graph
Translation into clinical practice

Going further - a deep learning model for the detection of multiple epilepsy lesions



e Al can detect subtle focal cortical dysplasia (FCD) on MRI - MELD MLP



Al tools with multi-centre validation

MAP
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Al requires BIG DATA

MELD FCD dataset : & &
e 22 epilepsy surgery centres % %
e 1015 participants: "/5_ " %, " e
o 618 patients with epilepsy due to FCD S 9 - TR
o 397 controls = ® ¥ < e
e Paediatric & Adult & vt " Té
e 1.5T and 3T MRI “‘;fzf &
&z

Surface based features

>




Surface-based features extraction

FreeSurfer cortical

reconstruction Surface based features

ik

Sl

Surface based lesion
Lesion mask
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FCDs are non-uniformly distributed across the cortex

Number of
lesions

Wagstyl et al., Epilepsia, 2020




Automated lesion detection - Per Vertex “MLP”

A Site level data
processing

Feature extract:on ‘6
/ Registration
P to template

surface

Lesion masking

Dr Hannah Spitzer

Spitzer, Ripart et al.,

Brain 2022



Automated lesion detection - Per Vertex “MLP”

B Multicentre harmonization
pre ComBat
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Dr Hannah Spitzer

Spitzer, Ripart et al., Brain 2022



Automated lesion detection - Per Vertex “MLP”

C Normalisation
Intrasubject
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Spitzer, Ripart et al., Brain 2022



Can you find the lesion: MRI

Patient 00:

18 year old male with
focal epilepsy.

Drug resistant epilepsy
MRI

Q1. How confident are you about the lesion location?
1. Absolutely no idea - | can't see a lesion

2. Everything looks a bit abnormal
3. One or two areas look suspicious
4. | think | know where it is

5. | am very confident | know where the lesion is

Join at menticom | use code 8459 7868

FLAIR - Slice 58




Can you find the lesion: Raw surface features

Q2. How confident are you about the lesion location?

1. Absolutely no idea

2. Everything looks a bit abnormal
3. One or two areas look suspicious
4. 1think | know where it is

5. | am very confident

Cortical thickness
3.45

1.72

0.0
Grey-white matter
contrast

30.35

15.18

Join at menticom | use code 8459 7868 0.0

Grey FLAIR
161.8

1135.79

109.79



Adjusting for normal patterns

Control mean cortical thickness




Can you find the lesion: Normalised surface features

Q3. How confident are you about the lesion location?

Cortical thickness

H 1.42
H-O.O

-1.42
Grey-white matter

contrast
1.58

1.Absolutely no idea

2.Everything looks a bit abnormal
3.0ne or two areas look suspicious
4.1 think | know where itis

5.1 am very confident

0.0

-1.58

Grey FLAIR
1.58

Join at menticom | use code 8459 7868

0.0

-1.58




D Cohort creation
Train cohort
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Automated lesion detection - Per Vertex “MLP”

Test cohort
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site cohorts

""é'i{é
Q.
.:.'( .

O Patient
O Control

Spitzer, Ripart et al

., Brain 2022



Automated lesion detection - Per Vertex “MLP”

D Cohort creation
Train cohort
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Test cohort
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Automated lesion detection - Per Vertex “MLP”

_ . < I 8orderzone
N 4 Y, {®

o " _ Lesion mask
i% N Predicted
N lesion

On the test dataset

2 false positives

w &g\ Wi
&

e T Sensitivity 67% (n=260) per patient on

Ve \ Specificity 54% (n=193 average

& %(:' () peciiclly 54% (n=183) (up to 121)
e

4'1') \ \’\' / j} )
: %< i//u On the whole dataset
-

S, 5 - o Detection in MRI negative: 63% (n=178)
&2 & 2
N . . [ /,
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Spitzer, Ripart et al., Brain 2022



False Positives are an outstanding challenge for all FCD detection algorithms

Subject 1

Gior 023
PPV  0.85
@lcs E

4

TPR 0,06
“ PPV 0.78

(DICE 0.11

4

-
¥ .
.

- - TPR 0.26
PPV 043

4

DICE 0.33

Subject 2

Prediction
Overlap
Ground Truth

True Positive _
Rate (TPR) ~

Positive
Predictive
Value (PPV)

TPR  0.66 ;:

PPV 0.16 |

pce 023 )

PPV 0,02 |

r{&; L | |
TPR 003 |

\und

Plce 0.02

Spitzer, Ripart et al., BRAIN 2022

David et al., Epilepsia 2021

Gill et al., Neurology 2021

Walger et al., Epilepsia 2023




e Graph Neural network for a more confident detection of FCD

23



Automated lesion detection - MELD Graph

A Site level data
processing

@@

Feature extraction

Lesion masking

D Cohort creation
Train cohort
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Spitzer et al., MICCAI 2023
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Parenthesis:

Convolutional Neural Network for image segmentation

Input
image

Convolution 3 x 3

/e
. Output
segmentation

7
l' Convolution 3 x 3 - RelU
|

...» Skip connection

Max pool 2x2

Up convolution 2x2

Example of the U-Net



A Graph Convolutional U-Net for surface segmentation

S 0
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We created meshes at different resolutions based on icosahedral icoshpheres S i

Advantage:

- Symmetrical
- Easy to resample to different resolutions

Credit Hannah Spitzer



A Graph Convolutional U-Net for surface segmentation

lesion segmentation

Up & Down sampling

Spiral convolution

Credit Hannah Spitzer



A Graph Convolutional U-Net for surface segmentation

y
4
( Ny SRR bl lesion segmentation
> 3;\‘ S‘- 10242 x 6 SR —— e e e e et ey g >
- - v 4
, S 2562 x § -
. + .
input features S? (849 50 408 i i & v s s a
+ 4
2 162 x 128-
S A v
S X 256 -

Neural network components

spiral convolution

softmax for segmentation & distance

fully connected layer + softmax for
hemisphere classification




A Graph Convolutional U-Net for surface segmentation

Sl . | lesion segmentation

) 5 10242 X 64 = = = = === = == mm o m o m m o
p . S v ), . - K
S 2562 X 64= === === ===~ mmmmemmmm———————— - b
- + ‘u
input features S° B4 5 128esis s s 3 0
\* ; ‘e i o
162 x 128 - -+ i ' =
S aeX 10~ . distance regression
S X 25¢ i

Neural network components

spiral convolution

softmax for segmentation & distance

fully connected layer + softmax for
hemisphere classification




A Graph Convolutional U-Net for surface segmentation

40962 X 32 ~====mcmcocccccccccccmccccecccccccaccocoo——- > |

S*RNE, JREE lesion segmentation
5 [y R S U — I — >
7 S v $ " - | R
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y . 4 -
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S° {0eX 120~ . distance regression
S —— i .
42 x 256 , lesiopgl/ Neural network components
hemisphere '
. e | ooy
classification \
spiral convolution ), Y
e e

softmax for segmentation & distance

fully connected layer + softmax for
hemisphere classification




A Graph Convolutional U-Net for surface segmentation

> Sy L . H lesion segmentation
oo 5 BRI 58 Ay o o s e o m s s v e s N ]
s h | - . N
o $2562 X 64 === ======-mmmmmemeaa B 0
- ' ‘-
input features s? N ey - i ‘ i
S? 1162 x 128~ - i distance regression
S'EEE—— i
Augmentations 42 x 256 ’ %;nal Neural network components
i intensity augmentations - ,h" "
emisphere
i = . . e
brightness p=0 classification \
contrast p-(1) spiral convolution N
gamma p= Q
e e

noise p=0
\ P

spatial augmentations

flipping p=0 H softmax for segmentation & distance
spinning p=1

warping p=0

fully connected layer + softmax for
hemisphere classification




A Graph Convolutional U-Net for surface segmentation

Table 1. Experiments

Experiment Name Description

MLP [10] vertex-wise multilayer perceptron
GC-nnU-Net graph-based adaptation of nnU-Net
GC-nnU-Net+c adding classification loss

GC-nnU-Net+d adding distance loss

GC-nnU-Net+dc adding distance loss and classification loss

Table 2. Comparison of models on the test dataset.

Experiment AUC (+ /- std) Sensitivity Specificity Run time (min)

MLP [10] 0.64 (n.a.) 67% 49% n.a.

GC-nnU-Net 0.68™ (4-/- 0.004)|67% 64% 396.1
GC-nnU-Net+c |0.74" (4/- 0.008) 167% 66% 373.9
GC-nnU-Net-+d [T T 00T167% 15% 426.9
GC-nnU-Net+dd0.74" (+/- 0.005) |67% I 1% 564.9

tModel performance significantly improved compared to MLP.
Model performance significantly worse compared to GC-nnU-Net+4-dc.
p . p

Spitzer et al., MICCAI 2023



Comparison of MELD MLP and MELD Graph

MELD MLP MELD graph 12 1 ..
1 c 10 ‘ 1.0+
/ / ks E_) 6 | s .u_.:' 0.6- L
O ® [ = a
o O i £ 044 0
€ » >
2 z LI=——-341 & 0.2
o JI--— S——— .L.._
/ / MELD MLP MELD Graph MELD MLP MELD Graph
3 f , .-
. c MELD MLP MELD Graph
[0} 5 "
(fyr \@ & » . .. Sensitivity 67% 72%
5 2, Specificity ~ 54% 60%
& q . PPV 39% 69%
4 O O . .
. E i | = e Detection in
r > = MRI negative 63% 65%
MELD MLP MELD Graph Ripart et al., JAMA Neurology 2025



e Translation into clinical practice

34



Integrating the model into an end-to-end pipeline

/ End-to-end pipeline \

Preprocessing  Postprocessing

(;lnnlcal Modelinputs Model outputs Interpre_tabte_
K inputs outputs /
Originél NIfTI Surface-based  MELD trained Per-vertex Prediction o:{ original NIfTI
MRIvolumes features model prediction

volume + interpretable reports

= I
L

salouales

35



Can you find the lesion: back to the example

Cortical thickness

H 1.42
QO.O
-1.42

Grey-white matter
contrast

' 1.58

0.0

-1.58
Grey FLAIR

! 1.58

0.0

-

-1.58




Can you find the lesion: Interpretable report

A

1 High confidence prediction (93%) Confidence score

A

Spatial saliencies

M predicted cluster most salient vertices



Calibration

Per cluster confidence (ECE: 0.10)

o8

06

Frequency of TPs

02

oo !,! H e N =-m B
00 02 04 06 o8
Confidence

Confidence scores = average of prediction scores for each vertex in the predicted lesion

of confidence scores

—— False Positives
15 Fue Positives
nq
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10 \
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Can you find the lesion: Interpretable report

&SN Harmonised
B R Normalised
B Asymmeltry

e
g,

Grey-white contrast | _q
Cortical thickness | E
E 1

wan

= el Feature saliencies

Intrinsic Curvature |

Mean curvature | __Ié_
£

WM FLAIR (1mm) —ft

A

bR L
Saliency

-
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1
S 4

GM FLAIR (50%) |

}
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Z score



Can you find the lesion: Interpretable report

Q4. How confident are you about the lesion location?

1. Absolutely no idea

2. Everything looks a bit abnormal

3. One or two areas look suspicious

4. 1 think | know where it is

5. | am very confident

A B o e Cc
1 High confidence prediction (93%) Y :

Saliency

Mean curvature

K
WM FLAIR (1mem) B |
A5
GM FLAIR (50%) _‘
Z score



Translation into clinical practice

1. Neuroradiology 2. Neurosurgery 3. Global training

Disclaimer: MELD Graph is not a regulated medical device




Translation into clinical practice: GOSH radiologists

Patient MELD FCD algorithm
@, 8 year old girl Surface-based view Lesion feature report
Referred to specialist ‘
epilepsy surgery center Coovniiie et | —
Drug resistant epilepsy o >
- : MRI 5 ® G
/ MRI negative \ ,/ features mwmsecinsirn — - o 2
— — 20
4 N Sow b 8
P \ Axial MRI view £ '3
v NR .__..‘,—
: ) Dr Felice D’Arco
Feature
abnormality
Focal abnormality (red)
detected by MELD algorithm _
and confirmed by radiologist. Dr Kish Mankad
Algorithm identified lesion from:

grey-white blurring,
increased cortical thickness
and folding abnormalities

Original FLAIR MRI
\ No lesion detected /

Pastore et al.,
Neuroradiology 2024



Translation into clinical practice: GOSH neurosurgery

M.A.S.T

MELD as an Adjuct for
SEEG Trajectories

@ Dr Aswin Chari
O-'
..

(a#) Dr Martin Tisdall

ll"\f;;,a,
\

\\ \f “
Chari et al., DMCN 2023




Translation into clinical practice: global training

ﬁo YouTube Tutorials —

github.com/MEL DProject (‘a.e-'_’xf"’“g MELD PrOJect
4 ".ﬁ:‘i [‘(L-, @MELDproject 28 subsc

, ‘g
*fv « More about this channel ...more

— ) " r‘!(l?'ﬁ.‘,?
- \:. *‘..:_‘w‘ S
E Documented on Readthedocs x \_ T —— Y,

Open source on GitHub

«

- Wokshops ILNE @ epicare
##% MELD Graph /
"W rua dooamentation
MELD Ceap® d n videon
A Dataset B Training c Testing
Input features  Prediction vs
B 48 P . Ground truth
SRS TS &
S v & Y Munnla-,m MFLD
S o u/e:o erh(/ Parceptron Graph
4’ (/ R - i 3 :
i ==
Mocroois™ = -
]D‘m{]] “& ol | Next one:

23 centres =
o |- Bl € e ILAE School on Neuroimaging,
Confidence = 83% K May 2026, Potsdam /



http://github.com/MELDProject

MELD: cases from around the world
s : X




MELD: cases from around the world

20 seizures per day, MRI negative.

MELD cluster concordant with video telemetry
Thermocoagulated following sEEG ‘ - S erp )
Child seizure free for a month after : ' v
A focal resection is planned. SR W
Bristol Royal Hospital for Children, UK &

Dr Marcus Likeman /
¢ )




cases from around the world

10yr old male. Up to 70 seizures/day. 7x MRI negative. MELD confirmed by
neuroradiologist. Mediclinic Constantiaberg, South Africa. Dr James Butler




MELD: cases from around the world

14 y old girl.

x3 MRI negative

MELD + PET: R frontal BOSD

Resective surgery - FCDIIA, seizure free off meds 6m
The Royal Children's Hospital, Melbourne

Dr Emma Macdonald-Laurs, Dr Aaron Warren o /

‘g

Macdonald-Laurs et al., Epilepsia 2025



MELD: cases from around the world

4 y old, EEG - unclear, Non-localising
semiology: spasm, lip smacking

MRI negative

MELD cluster confirmed by Dr Felice D’Arco
- “| National Children’s Medical Center,

5 - | Tashkent, Uzbekistan " .
Prof Furkat Samadov d




MELD: cases from around the world
e R




Wider research impact

Dr Cornelius Kronlage

Can we use ultra-high field MRI for
automated detection of focal epilepsy

lesions ?

of 4 L5
MELD-graph prediction on 0.8 mm 9.4T MP

2RAGE

Collaborations:

University of Tiibingen (Martin, Hagberg,
Scheffler)

University of Bonn (Ruber)

KCL (O’Muircheartaigh, Leary)

UCL (Piper, D’'Arco)

University of Cambridge (Rodgers, Cope)



e (Going further - a deep learning model for the detection of multiple epilepsy lesions

52



“MRI-negative” Epilepsy - “Missed” lesion

mFCD

B Gliosis
HS
Hamartia+gliosis

Hm Other

95 MRI negative

Adapted from Wang et al., 2013 Mod Path

L N |
' w'n‘ Children

87 MRI negative

Eriksson et al., 2023 Epilepsia

mFCD

® Non-specific
HS
LEAT

® Non-LEAT

m Vascular

m Normal tissue



MELD Focal Epilepsies dataset

39 centres - 3909 subjects
Over 2500 patients and 1300 controls
Large age range (0.1 - 69 years)

Multiple focal epilepsy pathologies

Patients
n=2573

Controls
n=1336

) :.\1 >



Hippocampal
Sclerosis
(HS)

Focal Cortical
Dysplasia
(FCD)

Long-Term
Epilepsy
Associated ¥
Tumors (LEAT)

Focal epilepsies lesion location

Cavernoma
(CAV)

Polymicrogyria
(PMG)

Hypothalamic
Hamartoma
(HH)

Periventricular
Nodular
Heterotopia
(PNH)




MELD Find: Focal-epilepsy Imaging Network Detection

MELD Focal Epilepsy dataset Label mask preparation nnU-Net Model

18 Epllepsy centres worldwide ) J,ZTT
I
(-

(- g

80%

1181 Patients with focal epilepsy training | |
1009 Controls

BY 30 T1w MR scans (1.5T and 3T)
Manual lesion masks | L) 20%

.\L /

— -

testing -

Ripart et al., MIDL 2024



MELD Find: Focal-epilepsy Imaging Network Detection

17 y.o. male with FCD 44 y.o. male with CAV 19 y.o. female with PMG

' 73% sensitivity
10 y.o. male with HS 7 y.0 male with HH 9 y.0. male with DNET 90% specificity

4 y.0. male with GG 6 y.0. male with bilateral PNH
ground truth lesion mask

prediction

M overlap

Ripart et al., MIDL 2024



Lesion Detection

o ' Surgery not offered
—_ 903 ....................... >
f

sEEG PE Nscan

. T Worse outcom
Invasive mvestlgatl&ns /

~70%
—

Drug-resistant
focal epilepsy

v

epilepsy surgery Seizure freedom

MRI positive



= Earlier referral

= &
'® faster diagnosis

Drug-resistant
focal epilepsy

@'ﬁ' detection

Multi-Centre Epilep‘sg Lesion Detection

Vision: A better chance of seizure freedom for all

Help plan
@ Automated Intracranial EEG

[ & @
[ o

f
sEEG
—_—

epilepsy surgery Seizure freedom

MRI positive
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