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Abstract

Late gadolinium enhancement (LGE) cardiac magnetic resonance (MR) imaging is the modality of choice to assess
myocardial infarction (MI) lesions. Nowadays MI volume quantification is not performed routinely in clinical practice.
Numerous deep learning (DL) methods have been developed to automate the segmentation of the myocardium and
infarct regions. However, most studies rely on relatively small datasets which typically undergo pre-processing steps to
standardize images and focus on a specific phase of myocardial infarction following reperfusion therapy. These limitations
have impeded the development of models that are generalizable across diverse conditions and thus suitable for routine
clinical use. To advance research and establish benchmarks in generalizable learning for myocardial infarct quantification,
this paper presents findings from the Myocardial Segmentation with Automated Infarct Quantification (MYOSAIQ)
challenge. The dataset set up for the challenge combines 439 CMR volumes from two multicenter clinical trials, with
representative data acquired in acute and chronic phases after acute MI. Data were acquired in 16 centers using MRI
scanners from three different vendors. Six teams participated until the end of the challenge, employing various baseline
models, data augmentation techniques, and confidence strategies. To enhance the significance of this study, we compare
the challengers’ results with those of fine-tuned foundation models. Our results indicate that well-designed UNet-based
techniques outperform fully automatic foundation models for LGE MR segmentation. While the best methods achieve
high-quality and stable delineations of the left ventricle and myocardium under various conditions, they remain improvable
in accurately segmenting infarct regions.
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1. Introduction strategy, combined with pre-processing steps to standardize
images, correct for motion artifacts between slices, and
ate Gadolinium Enhanced Cardiac Magnetic Resfcus on a speci ¢ phase of myocardial infarction. While
L nance Imaging is a critical tool in clinical practice fothese studies serve as proof-of-concept and demonstrate the
evaluating myocardial damage following myocardi@lotential and feasibility of extracting meaningful Ml features
infarction (MI). This imaging technique is the only on&rom LGE images under constrained conditions, none has
enabling the quanti cation of myocardial tissue with abyet been successfully translated into routine clinical practice
normal gadolinium contrast washout, thereby highlightingr scaled to larger, more realistic datasets. In particular,
areas of damaged myocardium. Accurately identifying thegigey have not been validated on multicenter, multi-vendor
hyper-enhanced regions allows for precise determinati@shorts comprising both acute and chronic cases, acquired
of lesion size post-MI, a key factor for diagnosis, progngsing a broader range of LGE techniques and imaging pro-
sis, and guiding therapeutic decisions (Ibanez et al., 2018)cols. It is therefore crucial to establish frameworks (i.e.
Moreover, the evolution of the size and features of thg@atabases and evaluation platform) that enable the study
damaged tissue during the various in ammatory phases ahd re nement of the generalization capacity of the best
the acute stage (within 8 days post-reperfusion) to the nakegmentation methods.
infarct scar at the chronic stage (at least 1 month after open-access datasets strongly drive research progress
percutaneous coronary intervention and tissue reperfusigfy) speci ¢ medical challenges. Earlier challenges (DE-MRI
are key informations for patient recovery and follow-up chagng MyoPS) on LGE segmentation have been conducted
acterization (Yellon et al., 1983; Ibanez et al., 2019). Thugp small datasets (45 patients) with images acquired un-
it is necessary to reliably estimate the lesion and infargkr the same conditions (Karim et al., 2016a; Li et al.,
size at various stages over time. Finally, during the acut®)23). The recent LGE CMR dataset from the Evalua-
phase, blood ow may not be adequately restored into SOMgyn of Myocardial Infarction from Delayed-Enhancement
regions of the myocardium despite successful reperfusigydiac MRI (EMIDEC) (Lalande et al., 2022) stands as
resulting in post-reperfusion no-re ow lesions also callgle most complete challenge and has been widely used to
microvascular obstruction (MVO). Measuring the size Gjyild and test the most advanced implementations of deep
these no-re ow lesions is also crucial for understanding thfaural networks for the segmentation of cardiac structures
progression of myocardial injury over time (Ibanez et ajn L GE CMRI. The top performing techniques (Lalande
2019), but it also poses new challenges for segmentatigha|,, 2022) rely on a cascaded two-stage framework based
(Bulluck et al., 2016). on convolutional neural networks (CNN), where the left
While quanti cation is clinically valuable and necessaryentricle and the myocardium are rst segmented, followed
it is rarely performed in routine practice. This is mainlpy the delineation of the MI lesion and the MVO (Lecesne
due to the di culty of accurately segmenting MVO and in-et al., 2023). The obtained results show high segmentation
farct regions on LGE images. Indeed, contrast kinetics asgores for the left ventricle and the myocardium with en-
imaging physics lead to blurred, time-dependent boundarieguraging but improvable scores for Ml lesions. However,
that are highly susceptible to artifacts, particularly at thehe EMIDEC dataset collected in a single center contains
infarct core{border zone interface. Moreover, the small sizgnly 100 patients with unstaged lesions, and using the same
of these structures relative to the current image resolutiohGE imaging technique. A pre-processing procedure was
further ampli es relative segmentation errors. In practicelso applied to compensate for the motion artifacts between
the annotation process typically requires substantial mafen-contiguous 2D slices.
ual input from clinicians to ensure accurate and consistent In this context, the MYOcardial Segmentation with Au-
delineation of myocardial and lesion boundaries acrosstalinated Infarct Quanti cation (MYOSAIQ) challenge was
image slices. As a result, automating this tedious artoposed and organized as part of the Functional Imaging
time-consuming task has become an active area of reseamhg Modeling of the Heart (FIMH) conference in 2023
driven by recent advances in magnetic resonance (MR) i(endorsed by the MICCAI society), and was extended to a
age segmentation (Chen et al., 2020). Indeed, the advent s€cond phase in 2024. This challenge was set up to evaluate
the deep learning paradigm has motivated the developmeaitd compare the performance of automatic DL methods for
of several neural network-based techniques to improve lagaantifying myocardial LGE lesions observed after ischemia
gadolinium enhancement (LGE) cardiac MR segmentatiaand reperfusion, at di erent phases of the longitudinal evo-
(Lalande et al., 2022). However, most of these techniqudstion of the disease. MR data were acquired during the
have been trained and evaluated on relatively small datasetsute phase and at delayed or chronic phases. Acute phase
(150 patients), with cardiac imaging samples collectegfers to 4-8 days post-MI and reperfusion therapy, where
from a single clinical center. These studies typically rely ayadolinium contrast distributes over the reperfusion lesion,
a unique 2D multi-slice, multi-breathhold LGE acquisitiomighlighting an area mixing oedema, apoptotic or already
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necrotic tissue while also revealing MVO lesions as hypoThese patients underwent treatment via two di erent
enhanced areas. Delayed or chronic phases refer to 1 montiprocedures: i) Percutaneous Coronary Intervention (PCI)
and 12 months post-MI and reperfusion, where the gadolin-with immediate stenting, or ii) the Minimalist Immediate
ium contrast aggregates in the resulting nal necrosis. Each Mechanical Intervention approach Belle et al. (2016).
data was annotated from a consistent contouring standard

operating procedure described in section 2.2. Ml_: 187 (155 for.training, _32 for testing,. using a random
In this context, the main contributions of this collabo- SPIit) patients with LGE images acquired at 1 month
rative paper are: post-PCI and reperfusion (HIBISCUS-STEMI cohort).

1. We release a new fully annotated dataset comprisingM12: 129 (105 for training, 24 for testing, using a random

. : L m
4. We conduct a comprehensive analysis considering multi-

439 LGE MR images speci cally designed for myocardial SPlit) patients with LGE images captured at 12 months
infarct quanti cation. The value of this dataset lies in its POst-PCl and reperfusion (HIBISCUS-STEMI cohort).
heterogeneity including the main LGE variants imaging

techniques, acquired in 16 centers with 3 MR vendors,1-1 The MIMI cohort

without any pre-processing steps, and obtained either ifhe MIMI cohort (ClinicalTrials.gov Identi er: NCT01360242)
the acute phase or at later chronic time points. is derived from a multicenter randomized trial involving over

We present the results from six distinct teams that pai® CENters, designed to compare immediate stenting with
ticipated in the MYOSAIQ challenge, each employin64{48'hour delayed stenting in patients undergoing per-

various baseline models, data augmentation techniqu&gr;"’meouS coronary intervention*(Bglle etal, 2016). The
and con dence strategies. MR protocol included T1, T2, T2*, Cine, and 3D/2D LGE

scans. The MIMI cohort consists of patients admitted to

. We compare the challengers' results with those of fouRrench hospitals with ST-segment elevation myocardial in-

dation models for LGE MR images based on the weftirction (STEMI) within less than 12 hours of symptom
known SAM architecture (Kirillov et al., 2023). Theseonset. These patients were randomized into two groups:
foundation models were speci cally designed to addregamediate stenting § = 65) or delayed stenting i = 58)

the generalization problem, yet their performance h&sllowing the restoration of Thrombolysis In Myocardial
not been comprehensively compared to state-of-the-aftfarction (TIMI) grade 3 ow via thrombus aspiration. Pa-
methods for myocardial infarction quanti cation. Whiletients in the delayed stenting group underwent a second
these models are semi-automatic and require initializeeronary angiography for stent implantation, with a median
tion|which may introduce bias into the analysis|jwe delay of 36 hours (interquartile range: 29{46 hours) after
found it worthwhile to include this comparison to betterandomization. The primary endpoint evaluated was MVO,
contextualize the potential of such approaches. expressed as a percentage of left ventricular myocardial
ass, assessed using cardiac magnetic resonance imaging
: . . ; erformed 5 days after the initial procedure (interquartile
ple aspects, including overall segmentation quality, the " .
; : ; . range: 4-6 days). Although a trend towards lower microvas-
impact of time following reperfusion therapy, the com-

. . cular obstruction was observed in the immediate stentin
parison between CNN and foundation models, and the g

6 ectiveness of con dence strategies group compared to the delayed stenting group&8% ver-
gles. sus 3.96%P = 0:051), this trend became signi cant after

adjusting for the area at riskF = 0:049) (Belle et al.,

2. Challenge framework 2016).
2.1 The MYOSAIQ data collection

2.1.2 The HIBISCUS-STEMI cohort

The complete dataset includes 439 LGE examinations from

two distinct multicenter clinical cohorts, designed to quan-
tify Ml lesions across di erent phases of disease progressi

These phases encompass assessments conducted 4{8 6%)% it
[D8] post-MI at the acute phase (MIMI cohort) and at center, with suspected acute STEMI between 2016 and

The HIBISCUS-STEMI cohort ClinicalTrials.gov Identi er:
Ialg:T03070496) consists of consecutive patients admitted
the University Hospital of Lyon (HCL), a tertiary referral

month [M1] and 12 months [M12] post-MI and reperfusior?()lg' A totgl of 300 patients were included, all of them
(HIBISCUS cohort). Consequently, the dataset is divide’i’fo\”d‘:“d written informed consent. STEMI was de ned

into three subgroups corresponding to these phases:

~

according to the European Society of Cardiology guidelines,
based on the presence of clinical symptoms (chest pain)
D8: 123 patients (98 for training, 25 for testing, usingassociated with ST elevatior 2 mm in two contiguous

a random split) with LGE images depicting acute myeads on a standard 12-lead electrocardiogram, along with
ocardial infarction within 8 days post-MI (MIMI cohort).a signi cant elevation in troponin-I levels. All patients un-
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derwent coronary angiography upon admission, followed
by reperfusion via primary percutaneous coronary interven-
tion. A complete myocardial enzyme release assessment
was performed for all patients, who also underwent LGE
cardiac MR imaging 1 month and 12 months after the acute
myocardial infarction. All individual clinical, treatment, and
outcome data were prospectively stored. Adverse clinical
events were recorded during follow-up visits scheduled at 1
month, 1 year, and 2 years after the hospitalization. The
MIMI and HIBISCUS-STEMI cohort were both approved
by institutions's Review Board and Ethics Committee.

2.1.3 LGE imaging protocols

For LGE imaging in cardiac MR, the imaging protocols tyg-igure 1. Reference segmentation and regions of interest:
ically rely on inversion-recovery (IR) prepared T1-weightddft ventricular cavity (red), myocardium (green), myocar-
sequences, usually performed 10 minutes after the intdial infarction (magenta) and microvascular obstruction
venous administration of gadolinium chelate. When th@ellow).

sequence settings are optimized, a ve-fold di erence in

intensity can be achieved between viable and nonviable

myocardium (Amado et al., 2004). The recommendegurrently recommended in the literature guided the experts
and most commonly used sequences were established4dlsresults were always systematically supervised and cor-
follows: (i) two-dimensional (2D) IR-prepared segmenteEFCted if needed during the expert annotation process. Four
gradient-echo (GRE) with magnitude and phase-sensiti%ain regions were considered: the left ventricle (LV) cav-
inversion recovery (PSIR) reconstruction, and (ii) the thredd: the left ventricle myocardium (MYO), the myocardial
dimensional (SD) |R_prepared Segmented GRE with magi*ﬂfarction (Ml) and the microvascular obstruction (MVO)
tude reconstruction (Viallon et al., 2011a). The 2D-PSIF@S presented in Figure 1. As such, the MYO corresponds
sequence is acquired over multiple breath-holds, which mi&/the entire myocardium, including both the healthy tis-
be inconsistent in some patients (e.g., due to varying lur@j'€ and the regions a ected by both Ml and MVO when
volume), whereas the 3D-IR-GRE sequence is acquired oRegsent. Particular attention was given to the delineation of
a single, but longer, breathold. When feasible in patientg@ch structure, especially at the base and apex, where the
the latter also results in a higher contrast-to-noise rati§ontours are prone to variations among experts (Bernard
(CNR) between the gadolinium enhanced lesion and the n6t-al., 2018). To generate consistent annotations for the
mal myocardium, being the most performant sequence fg#s€arch community, we chose to apply the standard oper-
LGE quanti cation (Viallon et al., 2011b). The MYOSAIQ ating procedures that were already used by the EMIDEC
dataset included 13% and 87% of 2D-PSIR and 3D-IR-GFRgballenge, which rely on the following constraints:
sequences, respectively. The sequence type information is _ _ _

not disclosed to participants to encourage the generalization The LV cavity must be completely covered, including the
of the deployed methods. All LGE cardiac MR images werePapillary muscles,

acquired in DICOM format using 1.5 Tesla whole-body clin- ) ) )
ical multivendors MRI scanners. An in-house software wasM! refers to tissue death (infarction) of the heart muscle,
then used to transform the images into the NIfTI format 2"d must be located inside the myocardium,

(3D images), representing the nal les delivered to the

challenge participants. MVO is characterized as hypo-enhanced regions, appear-

ing as black areas surrounded by a bright rim within
the myocardium. During the contouring of this struc-
ture, black signals caused by noise or artifacts should be
Every LGE cardiac MR image was manually annotated us-excluded.

ing the 3D Slicer software. An expert with over 20 years

of experience in cardiac radiology and MRI performed the The reference-labeled segmentations were stored in the
annotations for the entire dataset. To enable the evaluatioNIfTI format with the following labels:background = Q

of inter-observer variability, a second expert with 10 years b¥ cavity = 1, healthy myocardium = 2MI = 3, and MVO
experience independently annotated the test set. The semi4.

automatic Full Width at Half Maximum (FWHM) approach

2.2 Data annotation procedure

661



Territory | D8 M1 M12

Clinical metrics

Transmurality LAD |40 16 |27 15 |25 16
(Extent of a lesion across) (%) | LCX (29 09 |17 09 |12 08
the thickness of the muscle) RCA |24 10 (17 09 |12 08

LAD (34 11|29 13|24 14
Endocardial Surface (%) LCX |33 08 (22 12 |19 11
Length RCA |31 09|18 09 |16 08

LAD (34 12|18 11|17 12
Lesion Volume (mL) LCX |30 10|13 08 |12 08
RCA |23 14 |11 07 |11 06

LAD |33 10 |19 10 |18 09
Lesion Size (%) LCX |25 07 |14 07 |11 06
RCA |27 08 |14 09 |12 07

Table 1. Descriptors of the myocardial infarction lesion
categorized by territory and time post reperfusion therapy.
The endocardial surface length and the lesion size are pIEo—

vided in proportion of the whole endocardial length and the 94re 2: Infarct location of the LAD, LCX and R.CA Infarcts
myocardial area, respectively after 8 days, 1 month and 1 year post reperfusion (average

across the subjects in each subgroup).

2.3 Image-based clinically relevant descriptors

To describe the properties of the MYOSAIQ dataset, Table 1
presents the key descriptors of myocardial infarct lesions
derived from expert annotations. These descriptors are
categorized based on the a ected myocardial territory|left
anterior descending (LAD), left circum ex artery (LCX),
and right coronary artery (RCA)|as well as the time points
following reperfusion therapy (day 8 [D8], month 1 [M1],
and month 12 [M12]). The extent of myocardial damage is
expressed as a proportion of the total myocardium or the
total endocardial surface area. In addition, Figure 2 provides
an overview of the mean infarct location for each a ected
myocardial territory and time point. For each subgroup,
the corresponding Bull's Eye display was computed using

the method described in (Duchateau et al., 2023). Figure 3: Distribution of the in-plane resolution and slice

Finally, Figure 3 illustrates the distributions of the inthickness for the training and test datasets across the three
plane resolution and slice thickness for the three expegkperimental con gurations (D8, M1, and M12).
mental con gurations (D8, M1, and M12), separately for
the training and test datasets. As shown in the gure, the _
spatial resolution distributions remain highly comparable® Evaluation platiorm

across all con gurations. The in-plane resolution is consig§-codalab environment (Pavao et al., 2023) was deployed
tently distributed between approximately 1.3 and 1.9 Mg the evaluation platform for the segmentation challenge,
while the slice thickness is centered around 5 mm in bogﬁering a robust and transparent system for managing and
the training and test datasets. These observations indicafgsessing participants' submissions. The leaderboard al-
that the spatial sampling characteristics are well matchegwed participants to monitor their progress and benchmark
between the training and test datasets, thereby limitingheir results against others in real-time during both the
potential di erences related to voxel spacing. training and testing phases. During the training phase (4
months), participants could evaluate their segmentations us-
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ing the training dataset and corresponding reference masks,V n, and 0 otherwise. Thus, if a participant was able to
providing an opportunity for learning and experimentingstimate a volume along with its con dence value for a given
with the platform. No restriction was imposed on the numstructure, it is straightforward to compute the associated
ber of submissions during this phase, enabling extensatanulative distribution under the Gaussian assumption,
re nement of methods. In contrast, the testing phase (vhere the volume and con dence values are treated as the
month) limited participants to a maximum of ve submis-nean and standard deviation of the distribution. However,
sions on the testing dataset, with no access to the referenparticipants may provide distributions that do not follow
masks, ensuring a fair and competitive environment. Thee Gaussian pattern, based on their own strategy. If a
scoring code used on the online platform was released to @dirticipant did not provide any CRPS value, the cumulative
participants two months prior to the competition's launchdistributions associated with each estimated volume were
The source code, developed in Python, was publishedaatomatically calculated and corresponded to Heaviside step
a public repository to ensure transparency and providéunctions centered on the volumes computed automatically
participants with su cient time to familiarize themselvesfrom the segmentation estimates.
with the evaluation criteria and metrics. This platform is  Finally, if a participant's MVO prediction was missing for
now accessible and will remain active and maintained agjiven patient, no value was assigned to the corresponding
long as the data remains relevant for clinical research. geometric and clinical metrics. Consequently, these cases
complementary set of metrics was employed to evaluate there excluded from the average values reported in the results
quality of the automatically segmented masks in comparis@ection table. However, to ensure fairness, we also provide
to the ground truth, as detailed below: the number of missed cases for each method to assess their
sensitivity.
2.4.1 Geometrical metrics

The standard Dice, the maximum Hausdor surface distancé#-3 Leaderboard

(HD) and Average Symmetric Surface Distance (ASSDY |eaderboard was computed during the rst phase of the
were used to compute geometrical scores for the four labglfallenge. Two separate overall rankings were established
i.e. the LV cavity, the full myocardium, the MI and thepased on (i) geometric metrics (Dice, ASSD, HD) and (ii)
MVO. All these metrics were computed from the 3D masksjinical metrics (CC, MAE, LOA, CRPS). For each ranking,
a score was computed by summing the ranks obtained by
2.4.2 Quality control metrics each method across all metrics and cardiac structures (LV,

We also implemented four indices to assess the quality M¥ O, MI), where ranks ranged from 1 (best) to N (worst),
the estimation of the myocardial infarction lesion metricgVith N denoting the number of participants. MVO was not
namely the correlation (CC), the mean absolute distandgcluded in the ranking computation, as the methods do
(MAE), the limits of agreement (LOA) and the continuousnot segment the same number of patients. A dedicated
ranked probability score (CRPS) inspired by a Kaggle chapalysis of MVO segmentation performance was, however,
lenge Gneiting and Raftery (2007). While the rst threeconducted and discussed separately during the FIMH 2023.
metrics assess the accuracy of the extracted volumes, the

CRPS evaluates the quality of the models' con dence in

their predictions. In practice, each participant was asked5 Backbones architectures

t(? cglcu'late the volumes and the cqmulatlve probabllltx” teams employed UNet-inspired backbone architectures,
distribution for each of the four cardiac structures. The

CRPS th ted 1 h struct ol ‘including nnUNet (P1), 3D and 2D UNet variants (P2 and
was then computed for each structure as 1olloWS-pgy - yNet++ (P5), xLSTM-UNet (P4), and MedNeXt

1 N 59 5 (P3). This diversity resulted in a broad spectrum of model
CRPS = 500N Ply n 1 v ,.g : (1) complexities, ranging from 1.4 million parameters (P4) to
m=1 n=0 50.3 million parameters (P5) per base model. STM-UNet

whereP is the predicted cumulative distributior is a features a UNet-based structure enhanced with a parallel

value ranging from 0 to 599 (we assume that the estimate%ross'w'ndow module to cgpture Iong-range dependencies
volumes do not exceed 599 mL, which is consistent WigﬁeCk etal., 2024), along with a cross—atten'qon tran_sformer
human physiology, even in the presence of pathologie% ’ck to compute novel feature representations using cross-

N denotes the number of patients in the dataset undéartenélIon rrrl]echar(;lsms. Tehgm P3 |mplemen|tec;0az?tnodel
evaluation, Vi, is the reference volume (in mL) for patient2@S€d on the MedNeXt architecture (Roy et al., )- To
m and 1,y g is the indicator function, which equals 1 ifimprove performance, each convolutional block was modi-

ed with separable convolutional kernels and inverted bot-
1. https://github.com/creatis-myriad/myosaig-challenge tleneck layers, drawing inspiration from the design principles
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Table 2: Summary of the main characteristics of the submitted techniques, including backbone architectures, dat
augmentation strategies, and con dence estimation approaches. Abbreviations: Rotations (R), Flipping (F), Scaling (S
Deformations (D), Gaussian Noise (GN), Brightness (B), Gamma correction (G). Methods shown in blue correspond t
publicly available implementations and provide direct hyperlinks to the associated code repositories.

Data augmentation

Method a?;ﬁ{(ggﬂree Blgrgrggge?fs Spatial augmentationj Intensity augmentationj Synthesis Cgtrr]atggg)(/:e
R F S D GN B G

P1 nnUNet 16.A1M | X X X X X X 3D GAN Logit calibration

P2 Cascaded 3D UNet 26 M | X X X X No Ensemble with 5 models
P3 MedNeXt 56 M X X X X X X X No Ensemble with 5 models
P4 XLSTM-UNet 1.4 M X X X X X X X No No

P5 Cascaded UNet++ 50.3 M | X X No Ensemble with 8 models
P6 Cascaded 2D nnUNet 74M | X X X X X No Ensemble with 10 models

of ConvNeXt (Liu et al., 2022). These modi cations aimpadded cropping, and Z-score normalization. For synthetic
to maintain rich semantic information across the networklata generation, the training labels were deformed using
Team P5 used thdJNet++ (Zhou et al., 2020) architec- both rigid and non-rigid transformations.
ture with eight di erent backbones based on the widely
available VGG, ResNet, and DenseNet methods. The eight; con dence strategy
segmentation predictions were fused for each class using a
STAPLE algorithm (War eld et al., 2004), and the resulting Five teams developed strategies to enhance the con dence
probability maps were entered into a multi-class continuou8 their clinical metric estimates. Team P1 calibrated their
min-cut algorithm to generate the nal segmentation withPnU-Net model output using a temperature scaling pro-
ve classes dimensions. cedure (Guo et al.,, 2017) to generate probabilities that
Three teams (P2, P5, P6) employed a cascaded strate@?tter re ect true values. These probabilities were then
where the rst stage was used to detect the LV and th&/Sed to compute a volume-wise probability function and
full myocardium. This result was then concatenated witHS cumulative density function, which served to calculate
the original image to create the input data given to théhe€ CRPS metrics 1. Teams P2, P3, P5, and P6 employed
second stage which focused on the segmentation and tgerent ensemble strategies. Teams P2 and P3 trained
separation between healthy and damaged myocardial tissiy€, Models and averaged their outputs to produce the nal
In the case of D8 dataset, a third stage was employed fdass predictions for each image. Similarly, team P5 trained
separate between Ml and MVO. Teams P2 and P5 trainedight models but replaced the averaging step with a merg-
their cascaded models in an end-to-end manner, wherddg Procedure based on the STAPLE algorithm (War eld
P6 trained each base UNet separately. Note that for the$d @l-, 2004). Team P6 trained ten models to compute the
methods, the total number of parameters corresponds f€an and standard deviation maps for each class and image.

the values presented in Table 2, multiplied by the numbdi€se maps were then used to de ne Gaussian distributions
of levels involved in the cascade strategy. of the estimated volumes, which were employed to calculate
the CRPS metrics.

2.6 Data augmentation

- . . 2.8 Foundation models
All participants in the challenge employed various data

augmentation techniques to enhance their models. Twihe application of foundation models for medical image
main categories of data augmentations were considersggmentation has seen a rapid expansion in recent years,
(1) spatial transformations, which increase the sample sizieiven by the advent of the SAM model developed for natu-
by applying rotations, ips, scaling, or deformations to theal image processing (Kirillov et al., 2023). These methods
original images; and (2) intensity-based techniques, whiene semi-automatic and require initialization using prompts
preserve the spatial con guration of anatomical structuresuch as bounding boxes, points, masks, or text. MedSAM
while altering their visual appearance. Team P1 employ¢lla et al., 2024) is one of the most advanced model for
a 3D GAN-based data augmentation strategy to train theimedical image segmentation. It was developed on a large-
nnUNet model using a combination of original and sysecale medical image dataset with 1.6 M image-mask pairs,
thetic data. In particular, a 3D-UNet generator and acovering 10 imaging modalities. This large-scale dataset
PatchGAN discriminator were employed to train the GAMIlows MedSAM to learn a rich representation of medical im-
model. Each sample was preprocessed through resamplaggs, capturing a broad spectrum of anatomies and lesions
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across di erent modalities. The dataset has been creatdny the bootstrap analysis reported in Table 4, where the
by collating images from publicly available medical imagerrow 95% con dence intervals indicate that the reported
segmentation datasets, which were obtained from variopgrformance estimates are stable with respect to variations
sources across the internet. MedSAM was built upon thie the test cohort. Interestingly, segmentation performance
SAM model by ne-tuning the bounding box prompting anddecreases across the LV, MYO, and MI structures, re ecting
the decoder, resulting in a 91M parameter model. In thiacreasing task complexity. This is evidenced by the average
context of LGE-MRI, we recently introduced mcMedSAM, ®ice scores of @27, 0832, and 0668, respectively, and
model designed to segment multiple cardiac structures frooorresponding HD values of3, 9.6, and 195 mm. This

a single bounding box centered on the left ventricle (Goujatend is also observed in the clinical scores, with average
et al., 2025). This model extends the original MedSAMorrelation values of @77, 0937, and 0890. Regarding
framework by incorporating structure-speci c tokens and1VO, the results indicate that these structures are generally
a hierarchical end-to-end architecture speci cally tailoredetected when present in the image and rarely misidenti ed
for multi-class segmentation. We also demonstrated thathen absent, demonstrating a well-balanced performance
achieving competitive performance relative to state-of-th@across methods. However, due to the diuse nature of
art models such asnU-Netrequires the bounding box toMVO, its segmentation remains challenging, as re ected
be positioned with high spatial accuracy (within 3 mm iy the average Dice score of@D6 and HD score of 18

the x and y axes) (Goujat et al., 2025). In this studynm. Figures 4 and 5 illustrate two representative examples
we removed the bounding-box prompt entirely to evaluatef the evaluated methods. The rst example corresponds
mcMedSAM in a fully automated setting. We froze theéo a typical case where all three methods (P2, P5, and
encoder parameters inherited from the MedSAM architebtedSAM Auto) closely match the expert annotation. The
ture and ne-tuned the decoder on the MYOSAIQ trainingsecond example illustrates a more challenging case, high-
dataset without data augmentation, enabling a fair compatighting complementary failure modes. While P2 and P5
ison with other automatic segmentation methods. We refdend to confuse microvascular obstruction with infarction
to this con guration asmcMedSAM-auto For complete- and miss the expert-annotated infarcted region, MedSAM
ness, and to support the discussion, we also report resultsto successfully di erentiates both pathological structures
for the original MedSAM model, whose decoder was néut exhibits less accurate localization. It is worth noting
tuned on the training dataset without data augmentatiorthat no speci ¢ preprocessing tailored to the characteristics
to better adapt to LGE images. This semi-automatic vepf LGE images, nor explicit post-processing steps, were
sion, referred to adedSAM-f-semiwas initialized|during consistently implemented across participants. Therefore, no
both training and inference|with bounding boxes generconclusion can be drawn from this challenge regarding the
ated from the reference masks and randomly perturbgubtential impact or necessity of such pre- or post-processing
along the horizontal and vertical axes by uniform shifts aftrategies.

up to 1 mm on each side.

3.2 Foundation models' results

3. Results Tables 3 and 5 report the performance of the two foundation

) ] models evaluated in this study. The results show that the
The quality of the results obtained by each method wagy aytomatic model achieves competitive performance

compared with the inter-observer variability on the testing,.1ha | v slightly lower performance for the MYO, and

dataset (denoted as Inter-obs in Tables 3 and 5). clearly inferior performance for the Ml and MVO when
compared with the CNN-based models. In contrast, the
3.1 MYOSAIQ challenge results semi-automatic model obtains high scores for the di erent

structures, with geometric accuracy metrics such as a HD

Table 3 and 5 display the geometric and clinical SCOreR e of 4.8 mm for the LV. 7.4 mm for the MYO. 8.4 mm
obtained by all the participants (P1 to P6) and the founfor the Ml and 5.2 mm for the MVO, which are the lowest

dhation models (meMEdSAM'aUtO to rr:]clll\/ledSAM—semir)] OMmong all the models tested. Although these results are
the test dataset of the MYOSAIQ chaflenge. F'romt ©Sf uenced by the initialization procedure, they highlight
tables, we observe that the di erent participants method§h_e critical role of the bounding box in such models and

produced very similar scores, vyhatever the bat_:kpone ar?ﬂﬂ'antify the performance improvements brought by its use.
tecture and the data augmentation strategy. This is further

supported by the statistical analysis of the geometrical me§-
rics, which con rms comparable performance levels. Paired
t-tests were performed after verifying the normality of thé-igure 6 presents boxplots of Dice and HD scores for each
paired dierences. These ndings are further supportegarticipant based on the time elapsed since reperfusion

3 E ect of time elapsed since reperfusion therapy

665



Table 3: Mean and standard deviations of the geometrical metrics (Dice, ASSD and HD) for the participants P1-P6 anc
the foundation models (mcMedSAM and MedSAM-f) on the MYOSAIQ challenge test set. Bold face numbers are
the best results for the automatic methods in each column and blue numbers indicate results that are not statisticall
signi cantly di erent from the best result in each column (paired t-test; 0:05). TP represents the number of times a
MVO structure was present in an image and correctly detected. TN represents the number of times a method correct
identi ed that no MVO structure is present in an image. Given that the methods do not segment the same numbe
of patients for MVO, we decided not to provide a ranking for this structure. Inter-obs corresponds to the inter-exper
variability computed from two di erent experts on the same testing dataset.

LV MYO Mi MVO
Method

Dice ASSD HD Dice ASSD HD Dice ASSD HD Dice ASSD HD ™ ™
(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)

P1 0.928 0.5 72 0840 04 9.0 0.669 1.0 19.8 0537 1.2 19.5 10/10 15/15
0.031 0.2 2.4 0.036 0.2 2.8 0.177 1.7 14.4  0.190 1.0 14.6

P2 0933 04 6.8 0840 04 9.0 0.700 1.0 16.8 0.681 0.7 14.4 910  15/15
0.029 0.2 2.1 0.038 0.1 3.0 0.145 1.7 13.2 0.119 0.4 4.7

P3 0.930 0.5 7.7 0.841 0.4 9.9 0.688 1.0 17.3 0.648 0.8 14.1 8/10 15/15
0.034 0.4 5.8 0.041 0.2 6.1 0.168 1.3 12.4  0.140 0.4 5.0

P4 0926 0.5 73 0827 04 95 0660 1.0 195 0.647 0.7 13.5 8/10  15/15
0.031 0.2 2.4 0.043 0.1 3.3 0.159 15 135  0.126 0.3 5.0

P5 0.914 0.6 7.9 0.806 0.4 10.6 0.628 1.2 23.9 0.552 1.0 16.2 910  15/15
0.034 0.3 3.2 0.043 0.2 3.4 0.170 1.8 149  0.186 0.5 34

P6 0.931 0.4 6.7 0.839 0.4 9.6 0.661 1.0 19.7 0.568 1.1 19.6 7110 15/15
0.030 0.2 2.2 0.038 0.1 3.8 0.150 1.3 13.2  0.145 0.6 10.3

mcMedSAM 0.927 0.4 77 0794 04 10.1 0544 1.3 27.8 0328 1.9 26.8 10/10 15/15
auto 0.027 0.1 1.9 0.041 0.1 3.4 0.167 1.2 12,7  0.133 1.1 13.4

mcMedSAM 0.965 0.2 48 0.890 0.2 74 0740 04 84 069 04 5.2 { {
semi 0.007 0.0 1.6 0.028 0.1 3.0 0.079 0.2 5.0 0.088 0.1 1.1
0.954 0.3 57 0902 0.2 75 0906 0.2 9.2 0937 0.1 2.0

Inter-obs { {
0.041 0.3 45 0.083 0.2 5.2 0.100 0.3 10.7  0.088 0.1 2.1

therapy (day 8, month 1, and month 12). This gure showsscores for each structure, suggesting that the choice of strat-
that Dice scores remain stable over time for LV and MY@gy has little impact on con dence estimation in the clinical
across all participants. A performance drop is observeuktrics. Interestingly, these results are comparable to those
for the MI region at D8 compared to M1 and M12, bothof team P4, for which no speci c con dence estimation
in terms of median values and standard deviations. Simirategy was applied in their clinical metrics. This indicates
larly, HD scores for LV and MYO remain consistent acrosbat while ensemble strategies may improve segmentation
participants. However, Ml results show greater variabilitaccuracy, they are not particularly e ective in capturing un-
while teams P1, P2, and P3 maintain stable HD scores oveertainty. In contrast, team P1 employed a more advanced
time, teams P4, P5, and P6 exhibit a slight performancprobabilistic framework based on a temperature-scaling pro-
decline at M1 and M12. These results indicate the overaledure. Their approach proved highly e ective, achieving
stability of the DL methods for the segmentation of LV andCRPS scores 3 to 7 times lower than those of other partici-
MYO structures over time and the increased complexity gtants. This demonstrates both the feasibility and the value
D8 of the segmentation of the MI region, likely due to theof developing methods that are not only accurate but also
presence of the MVO structures, which complicate infaratapable of providing reliable con dence estimates.

zone detection.

3.4 Con dence in the clinical scores

Con dence strategies can be evaluated through the analysis
of the CRPS score (see Table 5). The ensemble-based meth-

o . Discussion and Conclusion
ods (teams P2, P3, P5, and P6) produced similar CRP
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Table 4: Bootstrap analysis of the segmentation performance on the MYOSAIQ challenge test set. For each participal
(P1{P6) and automatic version of the foundation model (mcMedSAM), the Dice, ASSD, and HD metrics are reported
as bootstrap mean, standard deviation, and 95% con dence interval (Cl), estimated from 5,000 bootstrap resamples «
the test subjects. Con dence intervals are reported as [fxdr, Clupper]-

Lv MYO MI MVO
Method . ASSD  HD . ASSD  HD . ASSD  HD . ASSD  HD
Dice Dice Dice Dice

(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
p1 0.928; 0.004 0.5; 0.0 7.2; 0.3 0.840; 0.004 0.4;0.0 9.0;0.3 0.669;0.02 1.0;0.2 19.8;1.6 0.538;0.063 1.2; 0.3 19.6;4.6
[0.921,0.935] [0.4,0] [6.7,7.7] [0.832,0848] [0.3,0] [8.4,9.6] [0.627,0.706] [0.7,0] [16.8, 23.2] [0.404,0.652] [0.7,0] [12.3, 29.5]
P 0.933; 0.003 0.4; 0.0 6.8; 0.2 0.840; 0.004 0.4; 0.0 9.0; 0.3 0.700; 0.016 1.0; 0.2 16.9;1.5 0.681;0.039 0.7;0.1 14.4;15
[0.926,0.939] [0.4,0] [6.4,7.3] [0.831,0848] [03,0] [8.4,9.7] [0.668,0.73] [0.7,0] [14.1,19.9] [0.601, 0.756] [0.5,0] [11.6, 17.6]
P3 0.930; 0.004 0.5; 0.0 7.7;0.7 0.841; 0.005 0.4;0.0 9.9;0.7 0.688;0.019 1.0;0.2 17.3;1.4 0.647;0.05 0.8;0.2 14.1;1.8
[0.922,0.937] [0.4,0] [6.7,9.2] [0.832,0.85] [0.3,0] [8.7,11.4] [0.648,0.723] [0.7,0] [14.7,20.2] [0.545 0.741] [0.5,0] [10.9, 17.8]
pa 0.926; 0.003 0.5; 0.0 7.3; 0.3 0.827;0.005 0.4; 0.0 9.5;0.4 0.659;0.018 1.0; 0.2 19.5;1.5 0.647;0.045 0.7;0.1 13.5;1.8
[0.919,0.933] [0.4,0] [6.8 7.8] [0.8180.836] [0.4,0] [8.8 10.3] [0.623 0.693] [0.7,0] [16.6,22.7] [0.555 0.73] [0.5,0] [9.9, 17.0]
P5 0.914; 0.004 0.6; 0.0 7.9; 0.4 0.806; 0.005 0.4; 0.0 10.6; 0.4 0.627;0.019 1.2;0.2 23.9;1.7 0.553;0.062 1.0;0.2 16.2;1.1
[0.906,0.921] [05,0] [7.3,86] [0.797,0816] [0.4,0] [9.9,11.4] [0.59,0.663] [0.9,0] [20.7,27.2] [0.431,0.674] [0.7,0] [14.0, 18.3]
P6 0.931; 0.003 0.4; 0.0 6.7; 0.2 0.839; 0.004 0.4;0.0 9.6;0.4 0.661;0.017 1.0;0.1 19.7;1.5 0.568;0.054 1.1;0.2 19.7;3.9

[0.924,0.938] [0.4,0] [6.2 7.2] [0.83,0.847] [0.3,0] [8.8 10.4] [0.626,0.694] [0.7,0] [16.9,22.7] [0.462, 067] [0.7,0] [12.9, 27.7]
mcMedSAM 0.927; 0.003 0.4; 0.0 7.7;0.2 0.794; 0.005 0.4; 0.0 10.1; 0.4 0.543;0.019 1.3;0.1 27.8;1.4 0.328;0.042 1.9;0.3 26.8;4.2

auto [0.921,0.933] [0.4,0] [7.2,81] [0.784,0.802] [04,0] [9.4,10.9] [0.505 0.579] [1.1,0] [25.1,30.5] [0.247,0.411] [1.3,0] [19.1, 35.3]
4.1 How far are we from solving the LGE MRI and MVO, with MI and MVO being the most challenging
segmentation problem ? due to their lower contrast and higher variability. Regarding

clinical indices, the results show that the best-performing
The results indicate that convolution-based approaches yieitethods are competitive with experts for estimating LV and
comparable geometric scores, which are often not statiskifYO volumes, although improvements are still needed for
cally di erent, regardless of the backbone architecture dvil and MVO. These results clearly highlight the need for
data augmentation strategy. Moreover, these methods pdwther improvements in the quality of segmentation for the
formed similarly independent on when reperfusion therapyi and MVO regions. In this regard, the computed inter-
was performed, with some di erences for the MI regiombserver values can serve as benchmarks for the community
Although these observations require validation on largé strive towards in future developments.
cohorts, our results suggest that UNet-inspired backbone
architectures may reach a performance plateau when relying \\/here do foundation models stand 2
solely on image data. While results obtained on the LV are
competitive, it appears that the same level of accuracy Is this study, we compared the methods developed by the
still di cult to obtain for the MYO, MI and MVO struc- challenge participants with state-of-the-art foundation mod-
tures. It is therefore important to assess the performanads. The fully automatic mcMedSAM model provided ac-
of these methods relative to inter-observer variability, whicburate LV segmentations but did not yield improvements
motivated us to obtain manual annotations from a seconfbr the other structures relative to CNN-based approaches.
expert for the 81 LGE images in the testing dataset. Thedghis outcome is likely due to the limited presence of LGE
additional annotations allow assessing inter-observer viviR images|and thus the absence of MI, and MVO la-
ability which further enhances the comprehensiveness of thisls|in the pre-training datasets used for the foundation
study. The inter-observer variability measured on the teshodels. Moreover, the inherent exibility of transformer-
(Inter-obs) dataset is reported in the last two rows of Tablebased architectures makes them less e ective than CNNs
3 and 5. Unsurprisingly, it appears that the MYO and Mivhen ne-tuned on relatively small datasets such as MYO-
are regions that are more di cult to annotate than the LV, SAIQ. In contrast, the high performance achieved by the
with a HD score of 5.7, 7.5 and 9.2 mm, respectively. Isemi-automatic ne-tuned model suggests that MedSAM's
terms of segmentation, the comparison between the partiencoder captures generic and transferable features. This
ipants' scores and inter-observer variability suggests thahables e cient adaptation of the decoder (2 million pa-
LV delineation has reached high levels of performance wameters), resulting in performance levels comparable to
der controlled conditions, although challenges related iater-observer variability across both geometric and clinical
variability and generalization across clinical settings remaimetrics. While these ndings highlight the potential of foun-
However, varying levels of di culty persist for MYO, MI,dation models to overcome some of the limitations of con-
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Table 5: Clinical scores (CC, MAE, LOA, CRPS, see details in section 2.4.2) for the participants P1-P6 and th
foundation models (mcMedSAM and MedSAM-f) on the MYOSAIQ challenge test set. Bold face humbers indicate
the best results for the automatic methods in each column. Given that the methods do not segment the same numb
of patients for MVO, we decided not to provide a ranking for this structure. Inter-obs corresponds to the inter-exper
variability computed from two di erent experts on the same testing dataset.

LV MYO MI MVO
Method MAE LOA MAE LOA MAE LOA MAE LOA

CC ) my CRPS cC N oy CRPS cc N o) CRPS cc it N CRPS
P1 0.969 82 238 0002 0967 86 245 0004 0882 3.4 121 0001 0972 27 65 0.000
P2 0980 67 180 0011 0946 112 311 0018 0892 34 123 0005 0989 11 3.0 0.03
P3 0978 7.4 196 0012 0924 131 381 0022 0888 32 117 0006 0990 2.6 4.9 0.006
P4 0977 75 204 0012 0918 123 382 0021 0868 3.3 12.6 0006 0.997 14 2.9 0.004
P5 0976 81 199 0014 0923 17.5 525 0030 0902 35 116 0007 0970 25 56 0.006
P6 0980 68 187 0011 0945 121 339 0020 0909 3.1 100 0004 0919 42 102 0.004

MCMedSAM 977 73 101 0012 0927 128 386 0022 0821 42 153 0008 0569 37 92 0.007

auto

MedSAM-f

semi

Inter-obs 0980 6.1 182 0.010 0969 100 270 0.018 0970 15 6.4 0.004 0963 1.0 5.0 0.002

0.999 24 6 0.003 0.993 3.7 122 0006 09 26 87 0.005 0984 2 6.9 0.003

volutional architectures in LGE cardiac segmentation, they4 Can we trust automatic estimation of lesion size
also reveal the strong dependence of the semi-automatic post-Ml ?
model on bounding-box initialization, underscoring a critical

challenge for progressing toward competitive fully automatigccurate quanti cation of myocardial and lesion volumes
solutions. following myocardial infarction is essential for computing
lesion size, expressed as the percentage of infarcted my-
ocardium relative to the total left ventricular myocardial
volume. This metric plays a critical role in diagnosis, prog-
nosis, and therapeutic decision-making. Analysis of Tables
3 and 5 reveals that the methods developed by participants
The temperature-scaling strategy developed by P1 cleaffis|ded relatively consistent results across both geomet-
outperformed ensemble-based approaches for uncertaily and clinical metrics. Consequently, paired t-tests were
estimation, as re ected by substantially lower CRPS SCOrgserformed between the MYO and MI volumes estimated
This superiority can be attributed to both the nature ofpy each participant and the expert reference values. To
the uncertainty in this task and the properties of the CRP@ajn further insight into these results, Figure 7 displays
metric. Ensemble methods mainly capture epistemic Uifre distributions of the estimated volumes, as well as the
certainty arising from model variability; however, in thigorresponding errors compared to reference values, for both
challenge, most participants trained similar architectures oQyo and MI volumes across participants. Four teams (P1,
the same small and relatively homogeneous dataset, leadipg p4, and P6) produced MYO and MI volume estimates
to limited ensemble diversity and consequently weak upith p-values greater than:05, indicating no statistically
certainty signals. In contrast, temperature scaling directlyignj cant di erence from the expert annotations. Team P2
improves probability calibration without a ecting segmenggnsistently overestimated the MI volume, despite achieving
tation accuracy. Since CRPS rewards both calibration aqu geometric scores. Conversely, P5 systematically under-
sharpness, improvements in probability calibration resystimated both MYO and MI volumes. These systematic
in more reliable con dence estimates and, consequentjéyiations likely account for the failure of the statistical
lower CRPS values. Furthermore, the task is dominatqgsts. These ndings underscore the limitations of relying
by aleatoric uncertainty associated with ambiguous tissug|ely on geometric metrics, which capture only part of the
boundaries (e.g., Ml vs. MVO), for which calibration-baseg|injcal relevance. Although additional validation on larger
methods appear to be more e ective than ensemble dignd more heterogeneous cohorts is required, the results
agreement. indicate that appropriately designed deep learning methods
have the potential to produce post-Ml lesion size estimates

4.3 Why did temperature scaling outperform
ensemble-based uncertainty estimation?
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