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1   |   INTRODUCTION

Epilepsy surgery is an established and effective 
treatment for patients with drug-resistant focal epilepsy1 
caused by structural etiologies, for which computational 

techniques may help to optimize resection strategies. 
Complete resection of the epileptogenic zone is 
necessary for achieving postoperative seizure freedom.2,3 
However, the resection extent must be balanced with 
limiting the removal of functional tissue to minimize 
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Abstract
Objective: Quantitative assessment of extent of tissue resection following epilepsy 
surgery requires accurate delineation of the resection cavity on postoperative 
magnetic resonance imaging (MRI). Current methods for resection cavity masking 
are time-consuming and labor-intensive, and existing automated approaches 
exhibit variable segmentation accuracy, particularly on extratemporal resections. 
We developed MELD-PostOp, a deep learning tool trained and evaluated on a 
large, heterogeneous cohort to automatically segment resection cavities.
Methods: The study included 1.5- and 3T postoperative three-dimensional T1-
weighted MRI images from the Multicentre Epilepsy Lesion Detection (MELD) 
project (nsubjects = 969, 27 centers) and from the EPISURG dataset (n = 133). The 
cohort included children and adults, alongside a range of resection locations, 
pathologies, and MRI characteristics. Resection cavities were individually 
segmented in 285 subjects and used to train an nnU-Net prototype model. The 
prototype model was used to generate an additional 680 resection masks, which 
were subsequently quality-controlled, edited, and combined with the original 285 
to train the final MELD-PostOp model (n = 965). A Stratified Test Cohort (n = 50) 
and Independent Test Cohort (n = 87) were withheld for model evaluation. 
Performance was evaluated using Dice similarity coefficient (DSC), 95th percentile 
Hausdorff distance (HD95), number of predicted clusters, and inference runtime, 
and compared against established tools (Epic-CHOP, ResectVol, and RESSEG).
Results: MELD-PostOp achieved a median DSC of .85 and HD95 of 3.61 on 
the combined test cohort, outperforming Epic-CHOP (DSC .69, HD95 9.67), 
ResectVol (DSC .66, HD95 15.05), and RESSEG (DSC .43, HD95 32.67), with 
significant improvements seen in both temporal and especially extratemporal 
resections. The model detected 98.5% (135/137) of resection cavities. MELD-
PostOp runtime was 17 s per MRI, compared to 612 s (ResectVol), 3205 s (Epic-
CHOP), and 4 s (RESSEG). MELD-PostOp performance remained high across 
clinical and imaging subgroups (median DSC > .8).
Significance: MELD-PostOp is an open-source research tool that provides an 
accurate, efficient, and generalizable solution for postoperative resection cavity 
segmentation using only postoperative MRI scans.

K E Y W O R D S

artificial intelligence, epilepsy surgery, focal epilepsy, MRI, segmentation

 15281167, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/epi.70450 by C

ochrane C
hile, W

iley O
nline L

ibrary on [19/08/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://orcid.org/0000-0002-7931-2327
https://orcid.org/0000-0003-2272-5005
https://orcid.org/0000-0002-3978-7424
mailto:jieun.seo.22@ucl.ac.uk


      |  3SEO et al.

neurocognitive consequences.4 For magnetic resonance 
imaging (MRI)-visible lesions, postoperative MRI plays 
a key role in assessing resection extent and analyzing 
its association with postsurgical seizure freedom and 
neurocognitive outcomes. In patients undergoing a 
reoperation due to seizure recurrence, approximately 
60% of cases were attributed to incomplete resection 
of the epileptogenic zone, often resulting from lesion 
mislocalization, residual epileptogenic tissue, or 
surgical limitations imposed by proximity to eloquent 
cortex.5 However, the evaluation of resection extent 
frequently relies on qualitative rather than quantitative 
assessments, that is, radiologists visually assess whether 
the lesion has been completely resected.5 Such visual 
assessments are subject to interrater variability, are 
dependent on reader expertise, and are usually binary 
(complete vs. incomplete), limiting the ability to assess 
whether the proportion of the structural lesion resected 
or resection of specific regions of the epileptogenic zone 
are important in determining postoperative outcomes. 
Accurate delineation of the resection cavity is essential 
for research into understanding and improving surgical 
outcomes.

Quantitative masks of resection extent can be gener-
ated from postoperative MRI scans with manual, semi-
automated, and fully automated approaches.6–9 Manual 
masking by experts remains the gold standard but is time-
consuming and varies between raters.10 Semiautomated 
methods accelerate this process by using computational 
algorithms to propagate user-generated segmentation 
prompts into three-dimensional (3D) masks. These are 
then manually reviewed and updated.6,7 Although faster, 
even semiautomated segmentation of images limits the 
capacity to scale analysis to large cohorts with hundreds 
or thousands of subjects and is still subject to interrater 
variability.

Several studies have proposed automated approaches 
for resection cavity segmentation following epilepsy sur-
gery.8,9,11–12 These approaches mainly fall into two cate-
gories. The first involves coregistration of preoperative 
and postoperative scans, followed by voxel-wise sub-
traction or intensity difference mapping.8,9 Epic-CHOP 
and ResectVol are two open-source examples of this ap-
proach that are both built on the Statistical Parametric 
Mapping (SPM) toolbox. The second category encom-
passes deep learning (DL) methods, typically based on 
convolutional neural network (CNN) architectures,13 
trained to segment the resection cavity using real or syn-
thetic examples of postoperative scans with correspond-
ing ground-truth labels. RESSEG is one example of a 
DL approach trained using the open EPISURG dataset. 
EPISURG is an adult cohort of primarily temporal-lobe 
resections.11,14–15

A number of limitations hamper the utility of both 
SPM-based and DL methods. SPM-based methods require 
accurate coregistration and tissue segmentation of pre- 
and postoperative images. This multistage process is time-
consuming and introduces potential sources of error. DL 
methods on the other hand are dependent on large sample 
sizes, which must accurately capture the true heterogene-
ity of the target population to generalize to independent 
external validation cohorts. For resection cavity masking, 
DL methods have, to date, only been trained on data from 
one or two centers. In empirical validation, existing SPM 
methods outperformed DL approaches. However, both 
methods failed to detect the resection on 12%–16% and 
54%–56% of cases, respectively. Notably, all methods per-
formed less well on extratemporal lesions, failing in 15%–
30% (SPM-based) and 85% (DL-based) of cases.16 These 
limitations highlight the need for a robust, generalizable 
segmentation framework capable of accurately delineat-
ing resection cavities using only postoperative MRI data.

To address this, we collected a large, heterogeneous 
multicenter dataset of postoperative 3D T1-weighted 
(T1w; 1.5 T or 3 T) MRI images from pediatric and adult 
patients with a range of epilepsy pathologies distributed 
across the brain. We introduce a scalable annotation strat-
egy, combining manual labeling and pseudolabeling to 
define the resection cavities. We trained an nnU-Net, a self-
configuring model that selects the optimal architecture 
and hyperparameters and has demonstrated state-of-the-
art performance across a range of biomedical segmenta-
tion tasks.17 We evaluated our model, MELD-PostOp, on 
two withheld test cohorts and compared performance 
to existing approaches, Epic-CHOP9, ResectVol,8 and 
RESSEG.11,14–15 MELD-PostOp, a robust and generalizable 
model for segmentation of resection cavities on postoper-
ative T1w scans, is provided open-source for independent 
validation and research into optimizing surgical outcomes.

Key points

•	 MELD-PostOp achieves high segmentation 
accuracy (DSC > .8), with consistently high-
quality segmentations across age groups, sex, 
image resolutions, and resection locations.

•	 The model was trained on 965 annotated 
T1-weighted postoperative scans from sites 
worldwide, supporting its generalization across 
diverse clinical and imaging settings.

•	 The model automatically segments resection 
cavities from a postoperative T1 MRI scan in 
17 s, a 36–188× faster runtime than existing 
SPM-based tools.
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2   |   MATERIALS AND METHODS

2.1  |  Study population

2.1.1  |  Datasets and inclusion criteria

This study used anonymized MRI data collected as part of 
the Multicentre Epilepsy Lesion Detection (MELD) Focal 
Epilepsies project (https://​meldp​roject.​github.​io/​), which 
has Health Research Authority approval (IRAS: 301863), 
and the open-source EPISURG dataset. The MELD Focal 
Epilepsies dataset (v1.0, January 2025), collated from 
February 2022 to January 2025, includes 1090 participants 
with postoperative MRI scans from 27 epilepsy centers. 
Each participating center obtained local ethical approval 
to retrieve, anonymize, and share retrospective, routinely 
acquired clinical imaging data and clinical variables with the 
central MELD research team. Patients were included if they 
underwent lesionectomy or lobectomy for focal epilepsy 
and had a postoperative 3D T1w brain MRI scan. Excluded 
patients included those who had undergone disconnection 
procedures, laser ablation, or thermocoagulation.

Clinical variables included age, sex, pathology, surgical 
procedure and time from surgery to postoperative MRI. 
Age at surgery or age at preoperative scan, dependent on 
data availability, was classified as pediatric (<18 years) or 
adult (≥18 years). Pathologies were defined by postopera-
tive histopathology or MRI diagnosis, dependent on data 
availability. These were grouped as (1) malformation of 
cortical development (MCD), including focal cortical dys-
plasia (FCD), periventricular nodular heterotopia, polymi-
crogyria, and mild malformation of cortical development 
with oligodendroglial hyperplasia and epilepsy; (2) cav-
ernoma; (3) hippocampal sclerosis (HS); (4) low-grade 
epilepsy-associated tumor (LEAT); (5) dual pathology; (6) 
other; or (7) unknown. Dual pathology referred to cases in 
which more than one distinct pathological lesion was iden-
tified. “Other” pathologies included cortical gliosis, hypo-
thalamic hamartoma, and normal MRI findings without a 
specific histopathological diagnosis. “Unknown” indicated 
cases where pathological information was unavailable or 
not specified in the anonymized clinical data received. 
Time from surgery to postoperative MRI was calculated 
based on the difference between year of surgery and year of 
postoperative scan. This was grouped into four groups: (1) 
surgery and postoperative scan occurring within the same 
calendar year, (2) postoperative scan performed in the year 
following surgery, (3) postoperative scan performed more 
than 2 years after surgery, and (4) unknown. The unknown 
category included cases in which year of surgery or year of 
postoperative scan were unavailable.

In addition, the open-source EPISURG dataset 
(n = 430),14,15 a clinical dataset of postoperative T1w MRI 

scans of adult epilepsy patients who underwent resective 
surgery, was incorporated. Available clinical variables in-
cluded the surgical procedure and operated hemisphere. 
EPISURG patients were included if they had a 3D T1w post-
operative scan with corresponding resection cavity masks.

2.1.2  |  Cohort creation

A total of 1102 patients met the inclusion criteria: 969 
patients from the MELD Focal Epilepsies dataset and 
133 patients from the EPISURG dataset. These patients 
were organized into four cohorts: (1) Prototype Cohort 
(n = 285), (2) MELD-PostOp Train Cohort (n = 965, 
including the Prototype Cohort), (3) Stratified Test 
Cohort (STC; n = 50), and (4) Independent Test Cohort 
(ITC; n = 87; Figure 2C). Figure 1 includes an overview 
of cohorts and how they were used to train and test the 
MELD-PostOp model.

Prototype Cohort
To train the model, a fully quality-controlled set of re-
section cavity masks for all 965 patients in the MELD-
PostOp Train Cohort needed to be created. To accelerate 
the manual process, a subset Prototype Cohort was 
semiautomatically segmented in a two-stage process 
(n = 285). First, nnInteractive was used via the napari 
graphical user interface. This semiautomated tool uses a 
pretrained network to refine users' prompts to generate 
an initial delineation of resection cavities.7,18 The masks 
were visually quality controlled and manually refined 
when necessary using ITK-SNAP.6 Manual resection 
cavity masks for all 285 scans were generated by mem-
bers of the team (n = 152, J.Se., R.P., B.H., E.N.) or down-
loaded as part of the EPISURG dataset (n = 133). Second, 
all resection cavity masks underwent subsequent visual 
quality control (QC) and, where necessary, correction 
by a single rater (J.Se.) prior to incorporation into the 
Prototype Cohort (Figure  1). No harmonization proce-
dures were applied. These labeled images were used to 
train the Prototype nnU-Net model (see Section 2.2 for 
nnU-Net).

MELD-PostOp Train Cohort
The MELD-PostOp Train Cohort combines subjects in 
the Prototype Train Cohort (n = 285) with the remaining 
MELD Focal Epilepsies patients (n = 680). To generate 
labels for these 680 scans, the Prototype model was used 
to automatically predict resection cavities. Multiview 
QC images were reviewed for all 680 predicted cavities 
(Supplementary Figures S1 and S2).

Cases that failed QC (n = 86) were manually refined 
using ITK-SNAP. The approved and manually edited 
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      |  5SEO et al.

segmentations were combined with the Prototype Train 
Cohort to form the MELD-PostOp Train Cohort (n = 965). 
This MELD-PostOp Train Cohort was used to train the 
final MELD-PostOp model.

Stratified Test Cohort
To test differences in performance across clinical and 
demographic factors, 50 subjects from the full MELD 
Focal Epilepsies cohort were assigned to an STC that was 
withheld from all training and optimization experiments. 
Subjects were randomly selected, stratifying by site, age, 
and pathology.

Independent Test Cohort
To evaluate MELD-PostOp performance on data from 
an unseen scanner, two MELD Focal Epilepsies sites 
were withheld as the ITC (total n = 87). Sites were chosen 
because they were large (n = 53; n = 34) with a range of 
pathologies and ages.

Ground-truth segmentation masks for all subjects in both 
test cohorts were created with the same semiautomated seg-
mentation workflow used for the Prototype Cohort.

Interrater variability in segmentation of resection 
cavities
To evaluate interrater variability in ground truth seg-
mentation itself, 10 scans were randomly selected from 
the MELD sites used in the Prototype Cohort. Three 
independent raters including J.Se. performed segmen-
tation under two conditions: segmentation using ITK-
SNAP only and using nnInteractive only. Resection 
cavity masks generated by J.Se. using ITK-SNAP were 
part of ground truth masks. Interrater and intermethod 
agreement was quantified using the Dice similarity coef-
ficient (DSC).

2.2  |  nnU-Net resection cavity models

The Prototype and MELD-PostOp models were trained 
using the nnU-Net framework with the 3D full-
resolution configuration, with postoperative T1w 3D 
MRI scan as input, and resection cavity masks as the 
target segmentation. Fivefold cross-validation was per-
formed, with 80% of the data allocated for training and 
20% for validation in each model. Folds were randomly 
stratified to maintain balanced label representation 
across the training and validation sets. The final model 
was an ensemble averaging predictions from the five 
models. All hyperparameters were automatically se-
lected by nnU-Net, except the number of epochs, which 
was increased to 2000.

2.3  |  Other automated 
segmentation tools

Three automated epilepsy surgery resection tools, Epic-
CHOP,9 ResectVol,8 and RESSEG,11,14–15 were selected 
as leading existing methods.16 Epic-CHOP and ResectVol 
run within SPM12.19 Briefly, they automatically predict 
the resection cavity by coregistering the preoperative and 
postoperative scans and computing voxelwise differences. 
RESSEG runs on 3D U-Net CNN, directly predicting resec-
tion cavity on postoperative scans. Methods are detailed in 
the original papers.8,9,11,14–15

Source code for each tool was downloaded from the 
following:

•	 Epic-CHOP: https://​github.​com/​iBrai​n-​Lab/​EPIC-​CHOP
•	 ResectVol: https://​www.​lniun​icamp.​com/​resec​tvol
•	 RESSEG: https://​github.​com/​fepeg​ar/​resseg

2.4  |  Evaluation of automated 
segmentation tools on test cohorts

MELD-PostOp, Epic-CHOP, ResectVol, and RESSEG 
were evaluated on the STC and ITC. Resection cavity 
masks were automatically segmented by each model. 
Evaluation metrics included the following: DSC and 
95th percentile Hausdorff distance (HD95) between the 
ground truth mask and each automatically segmented 
mask, the number of predicted clusters, and model 
runtime.

DSC captures overall agreement between ground 
truth and predicted masks and was computed as: 
DSC =

2(G∩P)

G+P
, where G is the binary ground truth mask, 

and P is the binary automatically segmented masks. 
One limitation of DSC is that it tends to be lower for 
smaller objects. HD95 captures the distance between 
the boundaries of the objects and was computed as 
HD95 =max

(

percentile95(D(G→ P)), percentile95(D(P → G))
)

 , 
where D is the shortest distance from the surface of one 
mask to the surface of the other. Model performance 
was summarized using the median DSC and HD95 with 
associated interquartile ranges (IQRs). The Wilcoxon 
signed-rank test was applied to compare the median 
DSC between models. Also calculated were the propor-
tions of cases with DSC > 0, that is, sensitivity of the 
model to detect a resection cavity, and DSC > .5, which 
represents the proportion of cases with a meaningful 
overlap.16

Clusters were defined as contiguous connected voxels, 
categorized as true positive (TP) if there was overlap with 
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the ground truth mask and false positives (FP) if not. The 
median number of FP clusters per image with IQR is re-
ported. Positive predictive value (PPV) was calculated as 
PPV =

TP

TP+FP
.

Mean runtime per image was measured by recording 
the runtime in seconds for each model applied to the same 
set of 10 postoperative images and calculating the mean 
and SD.

2.5  |  Subgroup analysis of model 
performance

Performance in the test cohorts (n = 137) was stratified 
by age group, sex, histopathology, resection lobe, sur-
gical side, postoperative MRI field strength, isotropic 
image resolution, and time from surgery to postopera-
tive MRI. Due to sample size limitations, for subgroups 
with more than two categories, the category with the 
highest median DSC was compared against all remain-
ing categories (e.g., temporal vs. extratemporal) using 
Mann–Whitney U-tests. Unknown categories were ex-
cluded from analysis. The relationship between DSC 
and resection volume was analyzed using Spearman 
rank correlation test.

Group-stratified performance of MELD-PostOp was 
also quantified combining the predictions on validation 

cohorts (i.e., cross-validation predictions) with predic-
tions on the test cohorts using pairwise t-tests. Bonferroni 
adjustment was used to correct p-values for multiple sub-
group comparisons and were considered statistically sig-
nificant if padjusted < .05.

To group scan acquisitions, MRI scans were consid-
ered isotropic if the resolution in all three dimensions was 
within ±.1, else anisotropic.

Postoperative images and their corresponding ground 
truth masks were nonlinearly registered to MNI-ICBM152 
space (Figure  2D).20,21 Overlap with lobes from the 
Cerebrum Atlas (CerebrA)22 and the resection cavity 
masks was computed. The lobar label with the highest 
DSC was used to define the resection lobe and hemi-
sphere. Cavities not overlapping a cortical lobe (e.g., hy-
pothalamic hamartoma) were grouped into the “other” 
category. SynthSeg-derived segmentations were used to 
QC coregistrations. Initial registrations were computed 
using ANTsPy.23 For those with mean DSC < .5, registra-
tions were recomputed with EasyReg.24,25

2.6  |  Code and model availability

All code for model design, development, and statistical 
analyses alongside the MELD-PostOp model is available 
at the MELDProject Github.

F I G U R E  1   MELD-PostOp overview. The Prototype Cohort (n = 285) was used to train the prototype model. The prototype model was 
applied to an inference cohort (n = 680). All predictions underwent visual quality control (QC). Failed cases were manually refined using 
nnInteractive and ITK-SNAP. The masks that passed QC and manually edited masks were combined with the Prototype Cohort to form the 
MELD-PostOp Train Cohort (n = 965), which was used to train the final MELD-PostOp model. Model performance was evaluated on the test 
cohorts. MELD-PostOp performance was compared against Epic-CHOP, ResectVol, and RESSEG. DSC, Dice similarity coefficient. **p < .01, 
***p < .001.
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      |  7SEO et al.

3   |   RESULTS

3.1  |  Study population

3.1.1  |  Patient characteristics

A total of 969 patients from 27 MELD sites and 133 
patients from the EPISURG dataset were included in 
the study (total n = 1102). Demographic and clinical 
characteristics of the cohort are illustrated in Figure 2 
and summarized in Table  1. The entire cohort com-
prised 45.0% pediatric and 54.7% adult patients, with 
45.7% males and 42.2% females. Histopathological 
diagnoses were heterogeneous, with MCD being the 
most prevalent pathological group (38.2%), followed by 
LEAT (17.6%) and HS (17.2%). The temporal lobe was 
the most frequently resected (57.4%), followed by the 
frontal lobe (27.6%; Figure 2D). Resections were evenly 
distributed between left (51.5%) and right (48.5%) hemi-
spheres. The majority of postoperative MRI scans were 
acquired at 3 T (76.7%) and were of isotropic resolution 
(72.6%). The majority of scans were obtained within the 

first postoperative year (median = 0 years [IQR = 0–1], 
range = 0–15 years).

3.2  |  Overall model performance

Model performance on the STC and ITC across four mod-
els (MELD-PostOp, Epic-CHOP, ResectVol, and RESSEG) 
is summarized in Table  2 and illustrated in Figure  3. 
MELD-PostOp achieved a median DSC of .85 across 
the two cohorts, significantly higher than Epic-CHOP, 
ResectVol, and RESSEG (p < .001), and comparable to in-
terrater and intermethod agreement (median DSC ≥ .82; 
Tables S4 and S5). There was a meaningful overlap (DSC 
> .5) in 93.4% of patients.

MELD-PostOp successfully identified all resection 
cavities (DSC > 0) in the STC (100% sensitivity) and 
85 of 87 resection cavities in the ITC (97.7% sensitivity). 
The two cases MELD-PostOp failed to segment were in the 
smallest 6.6% by volume of resections (1.03 and 2.28 cm3). 
In comparison, Epic-CHOP failed to segment a resection 
cavity in 16, ResectVol in 21, and RESSEG in 62 cases.

F I G U R E  2   Visualization of patient characteristics in the study population. (A) Age distribution and classification of patients into 
pediatric (<18 years) and adult (≥18 years) groups. (B) Geographical distribution of contributing sites, with each color indicating the number 
of participating sites from a country. A total of 28 sites (MELD sites and EPISURG) across 17 countries contributed. (C) Cohort composition. 
Prototype Cohort (n = 285) included patients from three Multicentre Epilepsy Lesion Detection (MELD) sites and the EPISURG dataset. 
MELD-PostOp Train Cohort (n = 965) incorporated Prototype Cohort and additional patients from 25 MELD sites. Randomly selected 
patients from 25 MELD sites formed the Stratified Test Cohort (n = 50), and two MELD sites served as the Independent Test Cohort (n = 53, 
n = 34). (D) Volumetric density map of manually segmented resection cavity masks in Montreal Neurological Institute space, demonstrating 
widespread coverage with the highest overlap density, that is, the most frequently operated locations, in the temporal and left frontal lobes. 
A, anterior; L, left; P, posterior; R, right.
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8  |      SEO et al.

MELD-PostOp had a significantly higher 
PPV  (.93, p < .001) compared to Epic-CHOP (PPV = .17), 
ResectVol (PPV = .24), and RESSEG (PPV = .55), with 

FP predictions in only 6% across both test cohorts. 
Additionally, MELD-PostOp had a median HD95 of 3.61, 
significantly lower than Epic-CHOP (9.67), ResectVol 
(15.05), and RESSEG (32.67; p < .001).

Runtime analysis showed MELD-PostOp had a 
mean processing time of 17 s per image (SD = 5 s), com-
pared to 612 s (i.e., 10 min; SD = 160 s) for ResectVol and 
3205 s (i.e., 53 min; SD = 876 s) for Epic-CHOP (p < .001). 
RESSEG had the shortest mean processing time of 4 s per 
image (SD = 1 s).

Model outputs are visualized for a number of exam-
ple cases (Figure  3A). The first three patients underwent 
temporal lobe resections for different temporal etiologies 
(LEAT, FCD, and HS). All models successfully segmented 
the temporal lobe resection cavities. However, MELD-
PostOp achieved higher DSC values exceeding .94 com-
pared to less than .88 for Epic-CHOP and ResectVol. The 
fourth to sixth examples represent patients with nontem-
poral resections due to underlying MCD and FCD. MELD-
PostOp accurately segmented these resection cavities, 
reaching DSCs of .79, .94, and .77, respectively. In contrast, 
Epic-CHOP failed to produce a segmentation for example 4, 
and ResectVol failed on example 5. RESSEG failed to pro-
duce a segmentation for example 6 and exhibited ventric-
ular oversegmentation in example 5. The last example 
represents one of the two failure cases of MELD-PostOp, 
involving a small temporal lobe resection.

3.3  |  Subgroup analysis of model 
performance

Comparing model performance in subgroups (Tables  3 
and S3), MELD-PostOp achieved significantly higher seg-
mentation performance in both temporal and extratempo-
ral resections compared with Epic-CHOP, ResectVol, and 
RESSEG. Across all four models, DSC was significantly 
higher in temporal than in extratemporal cases. MELD-
PostOp exhibited the smallest reduction in performance 
between temporal and extratemporal resections (median 
DSC difference = .07) compared to Epic-CHOP, ResectVol, 
and RESSEG (median DSC difference = .13, .18, and .73, 
respectively). MELD-PostOp also exhibited higher DSC 
on HS than other pathologies. A significant positive corre-
lation was observed in the combined test cohort between 
the volume of the ground truth resection masks and the 
DSC (r = .56, corrected p < .001), meaning that larger re-
sections had better automated delineation of the cavity. 
It is worth noting that the DSC is biased against smaller 
masks, where a single voxel error will have a greater im-
pact. Nevertheless, across the smallest 10% of cavities, the 
median DSC was still .87 (IQR = .54–.94). Furthermore, 
no significant correlation was observed between the 

T A B L E  1   Clinical and imaging characteristics of the study 
population (n = 1102).

Characteristic
Number of 
patients Percentage

Age

Pediatric 496 45.0

Adult 603 54.7

Unknown 3 .3

Sex

Male 504 45.7

Female 465 42.2

Unknown 133 12.1

Pathology

MCD 421 38.2

HS 190 17.2

LEAT 194 17.6

Cavernoma 48 4.4

Dual pathology 83 7.5

Other 23 2.1

Unknown 143 13.0

Location of resection

Temporal 633 57.4

Frontal 304 27.6

Occipital 39 3.5

Parietal 112 10.2

Insular 9 .8

Other 5 .5

Surgical side

Left 567 51.5

Right 535 48.5

MRI field strength

3 T 845 76.7

1.5 T 124 11.3

Unknown 133 12.1

Isotropy

Isotropic 800 72.6

Anisotropic 302 27.4

Time from surgery to postoperative scan

Same year 332 30.1

Following year 201 18.2

≥2 years 133 12.1

Unknown 436 39.6

Abbreviations: HS, hippocampal sclerosis; LEAT, low-grade epilepsy-
associated tumor; MCD, malformation of cortical development; MRI, 
magnetic resonance imaging.
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      |  9SEO et al.

volume of ground truth cavities and the HD95 metric. 
MELD-PostOp achieved a consistent median HD95 < 4.1 
and showed no significant difference between subgroups. 
Separate subgroup analyses for STC and ITC are presented 
in Tables S6 and S7.

Analysis of the combined test cohort was underpow-
ered to identify significant associations in certain stratified 
analyses (Table  S8). Therefore, performance breakdown 
was additionally conducted on the entire cohort, com-
bining validation predictions and the test cohorts, as 
presented in Tables  S9 and S10. MELD-PostOp model 
achieved a consistent median DSC > .80 across all sub-
groups except Other Resection (DSC = .61). Median DSCs 
were comparable between pediatric and adult patients, 
and between males and females, with no statistically sig-
nificant differences (corrected p > .05). Performance var-
ied by pathology, with the highest median DSC observed 
in HS (DSC = .98) significantly better than for MCD, LEAT, 
cavernoma, and unknown cases (corrected p < .05–.001). 
Median DSC remained high across all resection locations, 
with the temporal lobe achieving the highest performance 
(DSC = .96), followed by the frontal (DSC = .93) and occip-
ital lobes (DSC = .93). Temporal lobe resection showed sig-
nificantly higher DSC than frontal and parietal resection 
(corrected p < .05). No significant difference was observed 
between isotropic and anisotropic scans or in time from 
surgery to postoperative scan.

3.4  |  Interrater and intermethod 
variability in segmentation of resection 
cavities

Interrater and intermethod agreement for segmentation 
variability was quantified using the DSC. Across raters, 
median DSC values were consistently ≥ .82. Intermethod 
agreement between two expert-guided segmentation meth-
ods (ITK-SNAP and nnInteractive) demonstrated median 
DSC > .82 for all three raters. A mixed effect linear regres-
sion model showed no significant rater effect (Rater 1 vs. 
Rater 3: β = .002, p = .895; Rater 2 vs. Rater 3: β = −.021, 
p = .167). Against the MELD-PostOp predictions, ITK-
SNAP-delineated cavities had slightly higher DSC values 
than for nnInteractive (β = −.028, p = .022; Tables S4 and S5, 
Figure S11). MELD-PostOp scores on the test cohorts are 
therefore not likely to be inflated by the use of nnInteractive.

Within the Prototype Cohort, two datasets, MELD 
(n = 152) and EPISURG (n = 133), were included. To assess 
potential systematic differences between the two sources, 
model performance was compared across datasets. 
Median DSCs were .88 and .90 for MELD and EPISURG, 
respectively, representing a small but statistically signifi-
cant difference (p < .02; Figure S4).T
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4   |   DISCUSSION

We present MELD-PostOp, an automated, deep learning-
based research tool designed to enable fast and accurate 
resection cavity segmentation from postoperative MRI 
scans in epilepsy patients. MELD-PostOp significantly 
outperformed two state-of-the-art automated resection 
cavity masking tools on independent test cohorts, with 

increased segmentation accuracy, fewer failures, and 
faster evaluation. MELD-PostOp was trained and tested 
on a large and heterogeneous international multicenter 
dataset, and overall performance remained high across 
MRI acquisition parameters and demographics, although 
some variability was observed between subgroups. Median 
DSC for MELD-PostOp was .85, consistent with interrater 
agreement scores, suggesting that the model approached 

F I G U R E  3   (A) Raw postoperative T1-weighted (T1w) magnetic resonance imaging scans, ground truth manual resection masks, and 
automated segmentation from Epic-CHOP, ResectVol, RESSEG, and MELD-PostOp models. The number displayed beneath each predicted 
mask indicates the Dice similarity coefficient (DSC) and the 95th percentile Hausdorff distance (HD95) relative to the manual mask. (B, C) Box 
and scatter plots of DSC (B) and HD95 (C) across models in the combined test cohort (n = 137). MELD-PostOp achieved a significantly higher 
median DSC and lower HD95 than Epic-CHOP, ResectVol, and RESSEG (p < .001). F, female; FCD, focal cortical dysplasia; HS, hippocampal 
sclerosis; LEAT, low-grade epilepsy-associated tumor; M, male; MCD, malformations of cortical development. **p < .01, ***p < .001.
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the upper limit of achievable agreement given inherent 
variability in expert manual segmentation. MELD-PostOp 
is a robust, open-source tool that can be used by the field 
to pursue a range of research questions that aim to un-
derstand neuroimaging predictors of seizure freedom and 
neurocognitive outcomes to ultimately help improve epi-
lepsy surgery outcomes.

4.1  |  Heterogeneous multicenter data for 
model development and evaluation

MELD-PostOp has been trained and tested on >1000 
postoperative MRI scans from epilepsy centers world-
wide. Using a combined test cohort of 137 patients, our 
MELD-PostOp model significantly outperformed cur-
rent leading methods, which rely on registration and in-
tensity comparisons with the preoperative MRI scan.8,9 
Methods reliant on differences in intensity between 
scans exhibit a number of limitations. First, other preop-
erative to postoperative brain changes, such as changes 
in ventricle size and postoperative brain shift, may lead 
to intensity changes and result in inaccurate segmenta-
tion of nonresected areas. An example of this is in the 
segmentation of Patient 5's postoperative resection cav-
ity by Epic-CHOP (Figure 3). Second, these algorithms 
depend on tissue segmentation differences, and misseg-
mentation of preoperative lesional tissue, for example, 
due to cystic changes being misattributed as cerebrospi-
nal fluid, can ultimately lead to undersegmentation of 
the resection cavity. Third, any misregistration of the 
postoperative MRI to the preoperative MRI will impact 
the subsequent segmentation. This is a particular chal-
lenge in patients with large resections or young chil-
dren, where there may be significant brain growth and 
development between the pre- and postoperative MRI. 
Although these SPM-based intensity models have pre-
viously been shown to outperform DL approaches on 
smaller datasets,16 the MELD Focal Epilepsies large 
dataset size and diverse resection locations, combined 
with the state-of-the-art nnUNet architecture, likely 
underpin the significantly improved performance, par-
ticularly on extratemporal resections. The inclusion of 
pediatric cohorts is particularly valuable, as these pa-
tients often present with different imaging characteris-
tics, lesion locations, and histologies from adults. With 
the increasing move toward earlier surgery, quantitative 
postoperative analyses of these cohorts with respect to 
surgical seizure freedom and neurocognitive outcomes 
are essential. Moreover, multicenter datasets enable 
the capture of rarer pathologies and diverse imaging 
sequences within the training set, thereby enhancing 
model robustness and generalizability.

4.2  |  Accelerating costly labeling of large 
datasets through pseudolabeling

A major challenge in developing robust segmentation 
models is the need for large, accurately annotated data-
sets, which are costly and time-consuming to produce 
and require expertise. In this study, we adopted a pseu-
dolabeling strategy to mitigate this challenge. A proto-
type model was initially trained on 285 MRI scans with 
manually annotated masks, and its predictions were 
quality-controlled and then used to generate labels for 
an additional 680 scans. This iterative approach substan-
tially reduced the annotation burden while enabling the 
creation of a large training set. Such strategies demon-
strate how pseudolabeling can be used in neuroimaging 
research to accelerate dataset expansion and improve 
model performance without proportionally increasing 
expert labeling effort.

4.3  |  Open science

By making MELD-PostOp openly available, we aim to 
provide the community with a robust tool for postopera-
tive cavity segmentation that can be readily integrated 
into research workflows. Open-source availability not 
only facilitates independent replication but also enables 
benchmarking against existing models, fostering quanti-
tative comparison. Automated and reliable postoperative 
resection cavity tools combined with large multicenter 
datasets have the potential to enable big data analysis of 
neurosurgical outcomes in epilepsy. MELD-PostOp pro-
vides a fast, feasible solution for automated masking of 
large datasets.

4.4  |  Enabling quantitative analysis of 
postsurgical outcomes

The ability to rapidly, reliably segment large numbers 
of postsurgical resection cavities could prove invaluable 
for advancing our understanding of predictors of surgi-
cal outcomes. Evidence from recent studies highlights 
several promising neuroimaging predictors of seizure 
freedom that need further validation and exploration. 
For instance, within FCD type II lesions, ultra-high-
resolution 7 T imaging revealed a “black line sign,” com-
plete resection of which was predictive of postoperative 
seizure freedom.26 Other studies have demonstrated that 
disconnection of thalamocortical white matter tracts in 
frontal lobe lesions27 or diffusion-derived gray and white 
matter abnormalities in temporal lobe epilepsy28 were 
associated with improved seizure freedom. Resection of 
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the temporal piriform cortex in patients with temporal 
lobe epilepsy, and particularly in HS, has been linked to 
increased rates of seizure freedom in both adults29,30 and 
children.31 Beyond seizure outcomes, Spyrantis et al. ex-
plored the relationship between the extent of resection 
and psychobehavioral outcomes in temporal lobe epi-
lepsy. They found that volume of resection was signifi-
cantly correlated with divided attention, quality of life, 
and depressive symptoms, whereas sparing of mesial 
temporal lobe structures for neocortical lesions was as-
sociated with fewer depressive symptoms and improved 
quality of life.4 Collectively, these studies indicate that 
our understanding of which lesional features and ana-
tomical structures require resection to reliably achieve 
seizure freedom remains incomplete. Furthering our 
understanding could lead to more individualized target-
ing of procedures that reduce the risk of adverse neuro-
cognitive outcomes. Comprehensive analysis of surgical 
procedures, pre and post-surgical imaging and postsur-
gical outcomes in large cohorts will be a key to under-
standing this complexity,32–35 for which accurate and 
robust automated computational tools such as MELD-
PostOp are essential.

4.5  |  Limitations

This study has a number of limitations. First, MELD-
PostOp has been trained and tested on only patients 
who underwent resective surgical procedures, specifi-
cally lesionectomies, and lobectomies and not inter-
ventions such as laser interstitial thermal therapy or 
disconnection surgeries.36,37 Independent datasets and 
models will be required to segment the area of ablated 
or disconnected tissue. Second, MELD-PostOp has not 
been evaluated on intraoperative MRI data or MRI data 
from the initial postoperative period, where inflam-
mation, bleeding, and swelling may impact its perfor-
mance. Use on such scans will require careful validation 
and likely model retraining on representative data. 
Third, contrast status was unavailable for most MRI 
scans (Table S11). Consequently, the dataset may have 
included a mixture of pre- and postcontrast T1w images, 
and the impact of contrast enhancement on segmenta-
tion performance could not be assessed. In addition, 
information on whether scans were obtained following 
an initial surgery or a reoperation was not available in 
the dataset. Reoperation cases may present more com-
plex radiological cases, which could further impact both 
ground truth delineation and automated segmentation 
performance. Fourth, Epic-CHOP and ResectVol were 
designed to define preoperative tissue resected, rather 

than resection cavities, which could contribute to lower 
DSCs. However, the significantly reduced failure rate 
(DSC > 0) in MELD-PostOp compared to all other mod-
els indicates there is also a considerable underlying 
performance gap. Finally, although MELD-PostOp was 
evaluated on two independent test sites, both belong to 
the MELD consortium. As a result, truly independent 
external validation by researchers outside the consor-
tium has not yet been performed. To facilitate external 
validation, we have made the code publicly available.

5   |   CONCLUSIONS

MELD-PostOp is an automated research tool for seg-
menting resection cavities from postoperative MRI 
scans in epilepsy patients. It has improved performance 
and rapid inference time compared to existing models. 
The model's robustness to heterogeneous and unseen 
data, combined with its minimal input requirements, 
underscores its suitability for research applications. 
MELD-PostOp is provided as a fully automated and 
open-source pipeline to enable external validation as 
well as large-scale quantitative analysis of postopera-
tive imaging.
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