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 A B S T R A C T

Accurate lesion-level segmentation on MRI is critical for multiple sclerosis (MS) diagnosis, prognosis, and 
disease monitoring. However, current evaluation practices largely rely on semantic segmentation post-
processed with connected components (CC), which cannot separate confluent lesions (aggregates of confluent 
lesion units, CLUs) due to reliance on spatial connectivity. To address this misalignment with clinical needs, 
we introduce formal definitions of CLUs and associated CLU-aware detection metrics, and include them in an 
exhaustive instance segmentation evaluation framework. Within this framework, we systematically evaluate CC 
and post-processing-based Automated Confluent Splitting (ACLS), the only existing methods for lesion instance 
segmentation in MS. Our analysis reveals that CC consistently underestimates CLU counts, while ACLS tends to 
oversplit lesions, leading to overestimated lesion counts and reduced precision. To overcome these limitations, 
we propose ConfLUNet, the first end-to-end instance segmentation framework for MS lesions. ConfLUNet jointly 
optimizes lesion detection and delineation from a single FLAIR image. Trained on 50 patients, ConfLUNet 
significantly outperforms CC and ACLS on the held-out test set (n = 13) in instance segmentation (Panoptic 
Quality: 42.0% vs. 37.5%/36.8%; p = 0.017/0.005) and lesion detection (F1: 67.3% vs. 61.6%/59.9%; p =
0.028/0.013). For CLU detection, ConfLUNet achieves the highest 𝑡𝑒𝑥𝑡𝐹1CLU (81.5%), improving recall over 
CC (+12.5%, p = 0.015) and precision over ACLS (+31.2%, p = 0.003). By combining rigorous definitions, 
new CLU-aware metrics, a reproducible evaluation framework, and the first dedicated end-to-end model, this 
work lays the foundation for lesion instance segmentation in MS.
1. Introduction

Multiple sclerosis (MS) is a chronic immune-mediated disease and 
a leading cause of non-traumatic neurological disability in young 
adults [1]. MS is characterized by the presence of demyelinated lesions 
in the central nervous system, mainly located in the white matter 
(WM) and visible on conventional magnetic resonance imaging (MRI). 
Both the total lesion count and the lesion load (volume) play crucial 
roles in the diagnosis [2], prognosis [3], and monitoring [4–6] of MS. 
Recently, advanced lesion-level MRI biomarkers, such as the presence 
of paramagnetic rim or the central vein sign, are being incorporated in 
clinical guidelines as they enhance diagnostic accuracy [7,8], improve 
prognostic assessments [9], and/or uncover underlying pathological 
mechanisms [10]. Automated analyses of these biomarkers necessitate 
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precise localization and delineation of individual lesions [11–16], 
which are generally achieved through lesion instance segmentation 
masks. Compared to semantic masks (Fig.  1b) which classify voxels 
as lesion/non-lesion, lesion instance segmentation masks (Fig.  1c) also 
associate each lesion voxel with a unique lesion identifier (id).

Naturally, manually annotating 3D lesion instance segmentation 
masks is even more laborious than creating their semantic counter-
parts, particularly in cases with many confluent lesions—aggregates 
of pathologically distinct focal areas of inflammation, arising from the 
confluence of spatially and usually temporally separated foci of blood–
brain barrier disruption, demyelination and axonal damage. [17,18] 
(Fig.  1f). To facilitate understanding, we further define the distinct 
lesions constituting each confluent lesion as confluent lesion units (CLU). 
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Fig. 1. Illustration of key concepts formalized in this study. (a) Axial FLAIR image; (b–c) Reference semantic and instance segmentations; (d–e) SAMSEG’s predicted semantic 
segmentation and corresponding instance segmentation obtained by applying connected components (CC); (f) Close-up of a confluent lesion; (g–h) Reference semantic and instance 
segmentations of (f); red arrows indicate distinct confluent lesion units (CLUs); (i–j) SAMSEG predictions for (f); CC merges multiple CLUs into a single instance; (k) Close-up 
of an extended confluent lesion; (l–m) Reference semantic and instance segmentations of (k); blue arrows indicate extended CLUs (CLU+), defined as lesions whose connectivity 
becomes apparent only after semantic mask dilation; (n–o) SAMSEG predictions for (k); CC again merges multiple CLU+ into a single instance.
Confluent lesions may comprise anywhere from two to dozens of CLUs. 
These particularities of CLUs render their identification extremely dif-
ficult — if not impossible, particularly in late-stage patients (Fig. A.10) 
—, especially when using only cross-sectional images. Indeed, regular 
longitudinal scans with adequate resolution could theoretically help 
separate spatially confluent lesions based on their temporal appearance, 
but the frequent acquisition of such scans is very expensive, particu-
larly given that those lesions can form rapidly within the timeframe 
of weeks, especially in patients with high disease activity [19]. This 
requirement conflicts with the typical clinical practice of scanning 
patients only once or twice a year. Although advanced MRI sequences 
(e.g. EPI, QSM) used to detect paramagnetic rims or perivenular lesions 
can support lesion instance identification, their high acquisition cost 
and limited clinical adoption constrain their practical utility.

Despite the increasing interest in lesion-level biomarkers, the vast 
majority of existing automated approaches for MS lesion instance seg-
mentation do not directly tackle the problem of confluent lesions. 
Instead, most rely on semantic segmentation followed by connected 
component (CC) analysis, a simple post-processing step that identi-
fies each connected voxel region in the semantic mask as a sepa-
rate lesion (Fig.  1d–e). While effective for disconnected lesions, this 
approach struggles to distinguish CLUs, as their typical spatial con-
nectivity causes CC to consider them as a single instance (Fig.  1e, j, 
and o), leading to inaccurate lesion counts. To our knowledge, only 
one alternative, we term Automated Confluent Lesion Splitting (ACLS), 
attempts to directly address the challenge of lesion splitting [14,20]. 
However, ACLS, which also operates as a post-processing step on top 
of semantic segmentation, has not been rigorously validated in the con-
text of instance segmentation. End-to-end instance segmentation could 
better address CLUs by jointly optimizing detection and segmentation 
but, to our knowledge, no such methods have yet been proposed.

In parallel, current evaluation strategies often prioritize semantic 
segmentation metrics, such as the Dice Score Coefficient, which do not 
fully capture the complexity of instance-level delineation, particularly 
in the presence of confluent lesions. Our review of recent literature 
(Appendix E) shows that although 53.5% of studies since 2014 (61 
out of 114) also report lesion detection metrics, nearly all rely on CC 
2 
to generate both predicted and reference lesion instances, thus im-
plicitly ignoring CLUs. This results in a misalignment between current 
evaluation frameworks and clinical needs for accurate counting and 
lesion-level delineation. Notably, no prior work has rigorously eval-
uated methods in a true instance segmentation framework, nor have 
metrics been developed to specifically assess CLU detection accuracy.

This study makes three primary contributions: (i) we introduce 
the first end-to-end framework for MS lesion instance segmentation, 
extending our previous ConfLUNet framework [21], to jointly optimize 
lesion detection and delineation in the presence of CLUs; (ii) we pro-
pose an evaluation framework tailored to instance segmentation in MS, 
including new metrics grounded in formal definitions of confluent le-
sions and CLUs; and (iii) we conduct the first systematic comparison of 
existing approaches (CC and ACLS) within this framework, and further 
demonstrate that ConfLUNet achieves superior instance segmentation 
performance and promising results regarding CLU detection.

2. Problem formulation and related works

Building on earlier clinical descriptions, we now provide formal 
definitions to support the technical formulation of the problem.

Let 𝐼 ∶ 𝛺 → R represent a 3D image, where 𝛺 = {(𝑥, 𝑦, 𝑧) ∈
N3

|𝑥 < 𝑤, 𝑦 < ℎ, 𝑧 < 𝑑} is the voxel image domain. Semantic 
segmentation masks 𝑺 classify each voxel in an image (Fig.  1b), 
in our case, delineating lesion tissue, but do not distinguish between 
individual lesions (i.e., 𝑺 ∶ 𝛺 → {0, 1}). Instance segmentation 
masks account for this by extending the semantic mask and assigning 
a unique identifier to each lesion instance (Figs.  1b and d). Formally, 
an instance segmentation mask 𝑴 ∶ 𝛺 → {0, 1,… , 𝐾} assigns to each 
voxel a label, where positive values indicate lesion instances. The set 
of lesion instances is defined as  = {𝐿1, 𝐿2,… , 𝐿𝐾}, where each 𝐿𝑘 =
{(𝑥, 𝑦, 𝑧) ∈ 𝛺|𝑴(𝑥, 𝑦, 𝑧) = 𝑘}, is the set of voxel coordinates belonging 
to the 𝑘th lesion. In medical image analysis, the most common method 
to create an instance segmentation mask from a semantic segmentation 
mask is via CC analysis (Fig.  1e, Section 2.1). Given a 𝑺, CC analysis 
identifies disjoint connected regions. Let  = {𝐵1, 𝐵2,… , 𝐵𝐽 } represent 
the set of connected components (‘‘blobs’’) in 𝑺, where each 𝐵 ⊂ 𝛺
𝑗
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Table 1
Summary of mathematical formulations. IoU stands for Intersection over Union.
 Concept Mathematical definition  

 CC-based Instance Segmentation 𝑀CC(x, y, z) =
{

𝑗 if∃𝐵𝑗 ∈  such that (𝑥, 𝑦, 𝑧) ∈ 𝐵𝑗

0 otherwise.
(1) 

 Confluent Lesions 𝐶 = {𝐵𝑗 ∈  ∣ ∃𝐿𝑖 , 𝐿𝑘 ∈ , 𝑖 ≠ 𝑘,  such that IoU(𝐿𝑖 , 𝐵𝑗 ) > 0

 and IoU(𝐿𝑘 , 𝐵𝑗 ) > 0}.
(2) 

 Confluent Lesion Units (CLUs) 𝐶𝐿𝑈 = {𝑘 ∈  ∣ ∃𝐵𝑗 ∈ 𝐶 such that IoU(𝐿𝑘 , 𝐵𝑗 ) > 0}

= {𝑘 ∈  ∣ ∃𝐵𝑗 ∈   such that 0 < IoU(𝐿𝑘 , 𝐵𝑗 ) < 1}.
(3) 

 Extended CLUs (CLU+)

𝐶𝐿𝑈+ = {𝐿𝑖 ∈  ∣ ∃𝐵𝑗 ∈ 𝐶+ such that IoU(𝐿𝑖 , 𝐵𝑗 ) ≠ 0}

= {𝐿𝑖 ∈  ∣ ∃𝐵𝑗 ∈ + , ∃𝐿𝑘 ∈ , 𝐿𝑘 ≠ 𝐿𝑖

such that IoU(𝐿𝑖 , 𝐵𝑗 ) ≠ 0

and IoU(𝐿𝑘 , 𝐵𝑗 ) ≠ 0}.

(4) 
is the set of voxel coordinates belonging to the 𝑗th component. The 
instance segmentation mask 𝑴𝐂𝐂 obtained by applying CC on 𝑺 is 
defined in Table  1 (Eq. 1). Throughout this work, 𝑴𝐂𝐂 is always 
computed with the most conservative structure (6-connectivity).
Confluent lesions and confluent lesion units. Using 𝑀𝐶𝐶 and , we define
confluent lesions as connected components from 𝑀CC that overlap 
with at least two reference lesion instances from the set  (Fig.  1g). 
Formally, the set of confluent lesions 𝐶 ⊂  is defined by Eq. 1 (Table 
1). Thus, a connected component 𝐵𝑗 is confluent if at least two lesions 
𝐿𝑖, 𝐿𝑘 from  partially overlap with 𝐵𝑗 . The individual lesions within a 
confluent lesion are referred to as confluent lesion units (CLUs) (Fig. 
1h). Formally, the set of CLUs 𝐶𝐿𝑈 ⊂  is defined by Eq. 1 (Table  1). 
Thus, each CLU 𝐿𝑖 is a distinct lesion instance that overlaps at most 
partially with a connected component 𝐵𝑗 .

Extended definition of confluent lesions. The standard definition of con-
fluent lesions (Eq. 1) may prove overly conservative in practice due 
to two key factors. First, MS lesions on T2-weighted (T2w) images 
are often surrounded by non-specific hyper-intensities that are difficult 
to distinguish — even for trained radiologists — and are frequently 
included in segmentation masks. As a result, automated methods tend 
to produce larger connected regions than those seen in reference an-
notations, especially when trained on masks that do not separate these 
effects (e.g., SAMSEG in Fig.  1d). Second, manual delineation variabil-
ity and partial volume effects can fragment visually confluent lesions 
in the reference masks.

To address these limitations and better reflect clinical confluence, 
we extend the definition of confluent lesions via morphological dila-
tion. We first obtain 𝑆+ by applying a single-iteration binary dilation 
to the semantic segmentation mask 𝑆, then extract the set of dilated 
connected components + via connected component analysis. Substi-
tuting 𝐵 with 𝐵+ in Eq. 1 yields 𝐶+, the set of extended confluent 
lesions—dilated components containing multiple lesion instances (Fig. 
1l). From 𝐶+, we define the set of extended CLUs 𝐶𝐿𝑈+ as all lesion 
instances that share a dilated component with at least one other lesion 
(Eq. 1, Table  1). For readability, we refer to 𝐶𝐿𝑈+ as CLU+ throughout 
the manuscript.

2.1. Related works on MS lesion instance segmentation

Instance segmentation methods have been widely investigated in 
computer vision applied to natural images, with extensive reviews 
highlighting the strengths and limitations of different approaches [22,
23]. These methods are commonly categorized as either bottom-up 
(e.g. Panoptic DeepLab [24]) or top-down (e.g. Mask-RCNN [25]). 
While end-to-end instance segmentation is common in biomedical 
imaging (e.g., for nuclei and glands [26]), radiological imaging typi-
cally relies on CC analysis for instance identification and downstream 
analysis [27,28]. Here, we review CC and ACLS, the only two methods 
proposed for this task in MS.
3 
Connected components (CC) analysis (Fig.  1e) identifies lesion in-
stances by grouping adjacent voxels based on a predefined connectivity 
structure (e.g., 6-, 18-, or 26-connectivity in 3D). While effective for 
separating spatially disconnected lesions, CC cannot distinguish multi-
ple CLUs within confluent lesions—typically detecting only the instance 
with the largest overlap and missing the rest. Our previous work [29] 
showed that even with ideal segmentation, using CC reduces lesion 
detection sensitivity by 9.3

Automated confluent lesion splitting (ACLS), the only method specif-
ically designed to address confluent lesions in MS, was introduced as 
part of a pipeline for detecting paramagnetic rim lesions [14]. ACLS 
operates in two steps and requires a lesion probability map 𝑆𝑝, typically 
generated by a semantic segmentation tool. First, lesion centers are 
detected; then, each lesion voxel in the binary mask 𝑆 (obtained 
by thresholding 𝑆𝑝) is assigned to the nearest center, producing an 
instance map 𝑀 . The key innovation lies in the center detection step, 
originally proposed by Dworkin et al. [20] to handle lesion counting in 
presence of confluent regions. It hypothesizes that voxel probabilities 
peak at the lesion center — where blood–brain barrier breakdown 
begins — and decrease outward, reflecting radial inflammatory spread. 
Center voxels are identified as local maxima with negative Hessian 
eigenvalues in all three spatial directions, then clustered via CC. In the 
second step, each voxel in 𝑆 is assigned to its nearest detected center 
using a nearest-neighbor approach. Despite its innovative approach, 
ACLS has some limitations. First, its core assumption — that lesion 
voxel probabilities peak at the center and decrease peripherally — 
remains unproven. Second, the method does not consider lesion size 
during clustering. As illustrated in Fig. C.11, this can lead to incorrect 
assignments when a small lesion is confluent with a larger one, causing 
voxels from the larger lesion to be incorrectly attributed to the smaller 
due to proximity. Finally, ACLS has not been formally validated for 
lesion instance segmentation. This component was not the primary 
focus of the original study and has not been evaluated independently. 
Still, in our previous work [29], we compared ACLS to CC on a private 
dataset and found that it achieved higher lesion detection sensitivity 
(+19.1% on average across segmentation tools).

3. Proposed framework

ConfLUNet is a 3D instance segmentation framework for MS le-
sions in MRI, integrating strengths from two established architectures: 
nnUNet [27] and Panoptic DeepLab [24]. It builds upon nnUNet’s ro-
bust, self-configuring 3D U-Net backbone — including components like 
data fingerprinting, automatic parameter tuning, and data
augmentation — while incorporating key ideas from Panoptic DeepLab 
for instance-aware representation learning. ConfLUNet’s pipeline is 
described in Fig.  2. Additionally, its source code is open, available on 
GitHub,2 and containerized using Docker.3

2 https://github.com/maxencewynen/ConfLUNet/
3 https://hub.docker.com/repository/docker/petermcgor/conflunet

https://github.com/maxencewynen/ConfLUNet/
https://hub.docker.com/repository/docker/petermcgor/conflunet
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Fig. 2. Illustration of ConfLUNet pipeline. 3D FLAIR patches (a) are provided as input to the ConfLUNet network (b), which simultaneously predicts a semantic probability map, 
a lesion center heatmap, and an offset vector map (c). For each voxel, the offset vector indicates the direction and distance to the center of the lesion to which it belongs (d). 
After applying a sliding window inference strategy, the outputs are post-processed (e) to generate the final instance segmentation map (f). This post-processing involves binarizing 
the semantic probability map using a fixed threshold, filtering the center heatmap to identify discrete lesion centers, and assigning each predicted lesion voxel to the center that 
lies the closest to their initial position shifted by their predicted offset vector (e).
3.1. Architecture

The resulting architecture (Fig.  2b) follows a standard encoder–
decoder U-Net design with skip connections and three output heads: 
one for semantic segmentation, one for lesion center detection, and one 
for predicting offset vectors from voxels positions to their correspond-
ing centers. These additions enable ConfLUNet to capture both the 
extent and the instance structure of confluent MS lesions. ConfLUNet’s 
three heads are as follows:

1. Semantic Segmentation: This head, inherited from nnUNet, 
outputs a two-channel semantic map (background/lesion). The 
loss 𝐿seg combines focal loss and Dice loss: 𝐿seg = 𝐿focal +
𝛾𝐿dice, where 𝐿focal mitigates class imbalance by focusing on 
hard voxels, and 𝐿dice measures overlap with reference. We use 
𝛾 = 0.5, following prior work [30].

2. Center Prediction: This head outputs a heatmap where each 
voxel represents the probability of being a lesion center. The 
reference is a binary mask of lesion centers of mass  =
𝑘 = (𝑥

𝑘 ,
𝑦
𝑘 ,

𝑧
𝑘); |; 𝑘 ∈ , convolved with a 3D Gaussian (𝜎 =

2 voxels). The loss 𝐿center is the mean squared error between 
predicted and reference heatmaps.

3. Offset Prediction: This head predicts 3D offset vectors from 
each voxel’s position to the center of its lesion instance (Fig. 
2c,d). During training, reference offsets are computed as the 
difference between each lesion voxel’s coordinates (𝑥, 𝑦, 𝑧) and 
its corresponding lesion center:

(𝑥, 𝑦, 𝑧) =

{

(𝑥
𝑘 − 𝑥,𝑦

𝑘 − 𝑦,𝑧
𝑘 − 𝑧) if (𝑥, 𝑦, 𝑧) ∈ 𝑘,

(0, 0, 0) otherwise,

The offset loss 𝐿offsets is computed using the L1 norm.

The final instance segmentation mask is obtained by combining se-
mantic, center, and offset outputs during post-processing (Section 3.3).

3.2. Training

ConfLUNet is trained using 5-fold cross-validation, with ensemble 
predictions applied at inference. The total loss combines semantic 
segmentation (𝐿seg), center prediction (𝐿center), and offset prediction 
(𝐿offsets) losses:
𝐿 = 𝐿 + 𝛼 ⋅ 𝐿 + 𝛽 ⋅ 𝐿 .
total seg center offsets

4 
To balance magnitudes, we set 𝛼 = 100 and 𝛽 = 1. Optimization is 
performed with Adam [31], using a constant learning rate of 0.002 and 
weight decay of 3× 10−5. The final model is trained for 15,000 epochs, 
while hyperparameter tuning is conducted over 2500 epochs.

We adapt nnUNet’s patch sampling by disabling subject replacement 
and enforcing a 50% probability of sampling patches containing lesion 
voxels. Validation is performed every 25 epochs via full inference on 
the validation set, using panoptic quality (Section 4.2) as the epoch 
selection metric.

3.3. Inference

The full inference process is shown in Fig.  2e. A sliding window with 
50% overlap and Gaussian importance weighting aggregates the three 
output patches (segmentation, center and offset maps). The semantic 
segmentation mask 𝑆̂ is obtained by thresholding the softmax output 𝑆̂𝑝
at 0.5. Lesion voxel clustering then starts by detecting predicted lesion 
centers 𝐶̂ = {̂𝑘 ∶ (𝑥𝑘, 𝑦𝑘, 𝑧𝑘)} via max pooling and filtering of the center 
heatmap.

An embedding space is created by adding each voxel’s predicted 
offset vector ̂(𝑥, 𝑦, 𝑧) to its spatial coordinates. Each lesion voxel is 
then assigned to the nearest predicted center in this space. Specifically, 
the instance id 𝑐(𝑥, 𝑦, 𝑧) of a voxel is the ID of the closest predicted 
center after applying the offset, expressed as:

̂(𝑥, 𝑦, 𝑧) = argmin
𝑘

‖

‖

‖

̂𝑘 −
(

(𝑥, 𝑦, 𝑧) + ̂(𝑥, 𝑦, 𝑧)
)

‖

‖

‖

2
,

where ̂𝑘 denotes the coordinates of the 𝑘th predicted center. Finally, 
following the clinical definition of an MS lesion [32], predicted in-
stances smaller than 3 mm along any axis or under 14 mm3 in volume 
are removed.

4. Evaluation framework

4.1. Materials

4.1.1. Dataset and image acquisition details
This study used a private retrospective cohort of 65 patients re-

cruited between January 2021 and April 2023 at the Saint-Luc Uni-
versity Hospital, Brussels Belgium. Following qualitative evaluation 
by clinical experts, two patients were excluded due to extreme le-
sion confluency, rendering their confluent lesions indiscernible. The 
remaining 63 patients (40 female) were diagnosed with MS per the 
2017 McDonald criteria [2], including 45 with relapsing-remitting 
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Fig. 3. Histograms of lesion and CLU(+) distributions in the dataset.
(RRMS), 11 secondary progressive (SPMS), and 7 primary progressive 
(PPMS) forms. The cohort’s mean (median, [range]) age is 42.4 ± 12.1 
(42.0, [21.5–67.3]) years old, EDSS 2.7 ± 2.0 (2.0, [0–7]), and disease 
duration 7.4 ± 8.0 years (5.9, [0–33.3]).

The study explores cross-sectional MRI acquisitions conducted at 
3T whole-body MR scanner. The protocol (detailed in Appendix B) in-
cluded 3D Fluid Attenuated Inversion Recovery (FLAIR), 3D
Magnetization-Prepared Rapid Gradient Echo (MPRAGE) and 3D Echo 
Planar Imaging (EPI). FLAIR images were registered to the EPI mag-
nitude images (0.66 × 0.66 × 0.7 mm) for another study, and MPRAGE 
was aligned to FLAIR. All registrations used ANTS rigid registration 
(v2.5.0) [33]. Brain masks were generated with Synthstrip [34] on 
FLAIR images and applied to all registered scans. Data management 
and registration were performed using the BIDS Managing and Analysis 
Tool (BMAT) [35].

4.1.2. Manual segmentation
Manual instance segmentation was performed by a trained neurobi-

ologist (A.S., 1.5 years’ experience) and reviewed by an experienced 
neurologist (P.M., > 10 years). Annotations were based on FLAIR 
images, with MPRAGE and EPI phase images consulted for challeng-
ing confluent lesions. Only clearly inflammatory WM lesions ≥3 mm 
in diameter [32] were included, excluding infratentorial and cortical 
lesions. All annotations and visualizations were done using ITK-Snap 
(v3.8.0) [36].

The dataset included 973 lesions, averaging 15.4 per subject (me-
dian: 11; range: 1–94; standard deviation: 13.8). Total lesion vol-
ume averaged 2048.8 mm3 per subject (median: 1431.7 mm3; range: 
33.0–14368.0 mm3; standard deviation: 2603.7 mm3). According to 
Section 2 definitions, 32 patients had at least two CLUs and 41 had at 
least two CLU+. On average, each subject had 3.2 CLUs and 4.5 CLU+, 
totaling 199 and 285 across the cohort. These distributions are shown 
in Fig.  3.

4.2. Evaluation metrics

To better reflect clinical relevance, we evaluate MS lesion instance 
segmentation using established instance segmentation metrics. For 
completeness, we also report semantic segmentation and detection 
metrics, following the Metrics Reloaded framework [37]. In addition, 
we introduce three custom metrics specifically designed to assess CLU 
detection. All metrics are computed per subject and averaged across 
the cohort.
Lesion matching strategy. To compute instance-level metrics, we es-
tablish a one-to-one correspondence between predicted and reference 
lesions (Fig.  4). Our strategy ensures: (i) each reference lesion is 
matched to the predicted lesion with the highest overlap (if IoU ≥
𝜆 ∈ ]0, 1]); (ii) each predicted lesion is matched similarly to its best-
overlapping reference; and (iii) only mutually consistent (bidirectional) 
matches are retained. Formally, we define a matching function 𝜙𝜆 ∶
5 
𝐿1 → 𝐿2 ∪ ∅ that assigns to each instance in 𝐿1 its best match in 𝐿2 if 
the maximum IoU exceeds 𝜆, or ∅ otherwise: 

𝜙𝜆(𝑙1) =

⎧

⎪

⎨

⎪

⎩

argmax
𝑙2∈𝐿2

IoU(𝑙1, 𝑙2) if IoU(𝑙1, 𝑙2) ≥ 𝜆

∅ otherwise
(5)

While a 0.5 IoU threshold is common in 2D image tasks [24], we use 
𝜆 = 0.1 to accommodate the variability in 3D lesion size and shape [37].

We define  as the set of mutually matched pairs between predicted 
instances ̂ and reference instances :
 =

{

(𝑖, 𝑗)|𝑗 = 𝜙𝜆(𝑖), 𝑖 = 𝜙𝜆(𝑗), 𝑖 ∈ ̂, 𝑗 ∈ 
}

A pair (𝑖, 𝑗) is included in  only if 𝑖 is the best match for 𝑗 and vice 
versa. This strict 1:1 matching avoids cases where a single prediction 
covers multiple reference lesions, or a reference lesion is split across 
multiple predictions (Fig.  4a).
Detection and semantic segmentation accuracy. From  , we derive the 
true positive (TP), false negative (FN), and false positives (FP) sets. 
Then, we compute overall lesion-wise Precision, Recall, and F1 score.

Additionally, we assess the semantic segmentation performance 
using classical Dice score coefficient (DSC) and normalized DSC (nDSC) 
[38] which reduces the DSC bias due to patients with different lesion 
loads.

Instance segmentation assessment. Panoptic Quality (PQ), our primary 
instance segmentation metric, combines Segmentation Quality (SQ) and 
Recognition Quality (RQ) [24] as PQ = SQ × RQ, where: 

SQ =

∑

(𝑖,𝑗)∈
IoU(𝑖, 𝑗)

|TP| ; RQ =
|TP|

|TP| + 1
2 |FP| +

1
2 |FN|

. (6)

To evaluate CLU detection, we define the set of matched pairs CLU
between predicted lesions and reference CLU instances:
CLU =

{

(𝑖, 𝑗)|𝑗 = 𝜙𝜆(𝑖), 𝑖 = 𝜙𝜆(𝑗), 𝑖 ∈ ̂, 𝑗 ∈ CLU
}

where CLU is the set of CLU reference instances (Table  1). Then (Fig. 
4b):

• TPCLU = CLU: matched reference CLU considered correctly 
detected;

• FNCLU = {𝑗 ∈ CLU|∄𝑖 ∈ ̂, (𝑖, 𝑗) ∈ CLU}: reference CLU with no 
matching prediction;

• FPCLU = {𝑖 ∈ ̂|∃𝑗 ∈ , 𝑗 = 𝜙𝜆(𝑖) ∧ 𝑖 ≠ 𝜙𝜆(𝑗)}: predicted lesions 
that match to a reference lesion (𝑗 = 𝜙𝜆(𝑖)) but are not the best 
match for that reference lesion (𝑖 ≠ 𝜙𝜆(𝑗))

These sets are used to compute CLU-wise precision (PrecisionCLU
sensitive to over-splitting), recall (RecallCLU, sensitive to under-
splitting) and the corresponding F1 score (F1CLU). Boundary conditions 
are handled as follows: if no confluent lesions are present in the refer-
ence annotations, RecallCLU = 1 by definition. Similarly, PrecisionCLU =
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Fig. 4. Examples of the mutually consistent lesion matching strategy and of CLU (= TPCLU), FPCLU, and FNCLU.
1 when both true and false positive CLU detections are absent (TPCLU =
FPCLU = 0), reflecting that no incorrect predictions were made.

The same logic and evaluation procedure apply to CLU+ lesions, as 
defined in Eq. 1 (Table  1), with the corresponding metrics denoted as 
PrecisionCLU+, RecallCLU+, and F1CLU+.

4.3. Experimental setting

Experiment 1: Instance segmentation with CC and ACLS. This experi-
ment formally evaluated the instance segmentation performance of CC 
and ACLS using 3D FLAIR images from all 63 patients (Section 4.1). 
Probabilistic semantic segmentation masks (𝑆𝑝) were generated using 
three established tools: (i) LST-LPA, a logistic regression model in 
SPM [39]; (ii) FLAMeS, a nnUNet model pretrained for MS lesion seg-
mentation [40,41]; and (iii) SAMSEG [42], a probabilistic atlas-based 
tool.

All outputs were binarized at 0.5 and post-processed into instance 
masks using either CC or ACLS. CC used a 6-connectivity structure to 
avoid over-merging, while ACLS employed 26-connectivity for lesion 
center detection, which yielded better results. Finally, small predicted 
lesions were discarded based on earlier described strategy. This yielded 
six instance segmentation maps per patient, which were evaluated 
using the metrics described in Section 4.2.
Experiments 2 and 3: Validating ConfLUNet. To evaluate ConfLUNet, 
the dataset was split into training (n = 50) and test (n = 13) sets, 
ensuring balanced distribution of patients with confluent lesions. A 
baseline model, matching ConfLUNet’s architecture but excluding the 
center and offset heads, was trained with only the segmentation loss. 
Training followed nnUNet’s pipeline [27], including a ‘‘Poly’’ learn-
ing rate scheduler (initial rate 0.01), patch sampling strategy, and 
15,000 training epochs. Validation was performed every 25 epochs, 
computing PQ on the validation set. To compare ConfLUNet with CC 
and ACLS fairly, the baseline model’s outputs were post-processed 
using both CC and ACLS under the same conditions as in Experiment 
1. The best-performing epoch was selected based on PQ, ensuring 
consistency across methods. Experiment 2 reports results from 5-fold 
cross-validation on the training set for ConfLUNet, U-Net+CC, and 
U-Net+ACLS, while Experiment 3 evaluates the final models on the 
held-out test set.

4.4. Statistical analyses

Statistical analyses were conducted at the patient level using
Python’s SciPy library [43]. We used the Wilcoxon signed-rank test 
for paired method comparisons (with Holm–Bonferroni correction for 
multiple comparisons provided in supplementary materials). Bland–
Altman plots were used to assess the agreement between predicted and 
reference lesion, CLU, and CLU+ counts. Spearman’s rank correlation 
coefficient quantified relationships between means and differences. 
Statistical significance was set at 𝑝 < 0.05.
6 
5. Results

5.1. Evaluating CC and ACLS for lesion instance segmentation

Our first experiment, which compared the performance of CC and 
ACLS when applied to outputs from LST-LPA, SAMSEG, and FLAMeS, 
revealed distinct behavioral patterns between the two methods (Fig.  5). 
ACLS achieved slightly higher instance segmentation performance than 
CC (PQ: +1.6% on average), with significant differences for SAMSEG 
and FLAMeS, but not for LST-LPA. It also outperformed CC in semantic 
segmentation metrics, with modest yet significant improvements in DSC 
(+1.0%) and nDSC (+0.2%), and a notably higher recall (+17.7% on av-
erage). In contrast, CC yielded significantly higher precision (+11.5%), 
but no significant differences were observed in overall lesion detection 
(F1). For CLU detection, CC consistently achieved significantly higher 
precision (+22.5%), while ACLS showed superior recall (+20.7%). 
These trends persisted when using the CLU+ definition. Although no 
significant difference was found in F1CLU, the use of ACLS instead of 
CC led to significantly higher F1CLU+ scores (+8.2% on average). Nearly 
all findings were consistent across all three segmentation tools. Inter-
estingly, limiting the analysis to patients with confluent lesions resulted 
in a substantial drop in CC’s CLU recall (LST-LPA: 70.0%→41.0%; 
SAMSEG: 64.4%→29.8%; FLAMeS: 66.8%→34.7%), whereas ACLS ex-
perienced a more moderate decrease (89.8%→80.0%; 84.1%→68.7%; 
89.2%→78.8%).

Bland–Altman plots (Fig.  6) for overall lesion count exhibit no 
clear trend across segmentation tools when using CC. In contrast, 
ACLS systematically overestimates lesion count, with this overestima-
tion increasing alongside the average of predicted and reference counts. 
However, ACLS provides more accurate estimates for CLU and CLU+ 
counts, as indicated by lower mean absolute differences and narrower 
95% limits of agreement. Conversely, CC consistently underestimates 
these counts, with the difference between predicted and reference CLU 
count decreasing as their average increases.

5.2. Cross-validation

The results of the 5-fold CV analysis (Table  2) revealed that Con-
fLUNet outperformed both CC and ACLS in instance segmentation 
(+2.3% and +2.8%, resp.) and overall lesion detection (F1 +1.4% 
and +2.1%). On the other hand, semantic segmentation-based ap-
proaches showed higher DSC (+2.4%/2.3% for CC/ACLS) and nDSC 
(+2.7%/+2.1% for CC/ACLS). CC and ACLS demonstrated comparable 
performance in terms of PQ, DSC, and F1, with their main difference 
lying in the balance between recall and precision: ACLS favors recall, 
while CC prioritizes precision, following the trend found in Experiment 
1 (Section 5.1). ConfLUNet achieves a higher F1 score by striking a 
compromise between the two, attaining greater recall than CC (though 
lower than ACLS) and higher precision than ACLS (though lower than 
CC).

Regarding CLU detection (Table  3), ConfLUNet achieved the highest 
F1CLU score, with improvements of +4.1% and +15.2% compared to 
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Table 2
Results of the 5-fold cross-validation comparison between ConfLUNet and 3D U-Net semantic segmentation baseline model + Connected Components (CC) or Automated Confluent 
Lesion Splitting (ACLS) as post-processing. Variations across folds are indicated. Column groups separated by dashed lines represent the three task evaluations: instance segmentation, 
semantic segmentation and detection. PQ: Panoptic Quality, DSC: Dice Score, nDSC: normalized dice score.
 Method PQ (%) DSC (%) nDSC (%) F1 (%) Recall (%) Precision (%) 
 3D U-Net + CC 47.9 ± 4.6 70.7 ± 2.9 77.5 ± 1.5 74.9 ± 4.4 72.3 ± 7.5 81.9 ± 3.7  
 3D U-Net + ACLS 47.4 ± 3.2 70.6 ± 2.8 76.9 ± 1.7 74.2 ± 3.1 79.0 ± 4.2 72.6 ± 3.9  
 ConfLUNet (ours) 50.2 ± 3.0 68.3 ± 3.2 74.8 ± 3.9 76.3 ± 3.7 75.6 ± 9.1 80.2 ± 3.3  
Table 3
Confluent lesion unit (CLU) detection performance resulting from the 5-fold cross-validation comparison between ConfLUNet and 3D U-Net semantic segmentation baseline model 
+ Connected Components (CC) or Automated Confluent Lesion Splitting (ACLS) as post-processing. Variations across folds are indicated.
 Method F1CLU (%) RecallCLU (%) PrecisionCLU (%) F1CLU+ (%) RecallCLU+ (%) PrecisionCLU+ (%) 
 3D U-Net + CC 79.9 ± 5.3 72.0 ± 6.5 97.7 ± 3.9 78.4 ± 5.8 69.3 ± 7.4 99.8 ± 0.4  
 3D U-Net + ACLS 68.8 ± 9.3 88.1 ± 2.9 70.1 ± 9.9 74.6 ± 8.3 86.8 ± 3.9 75.9 ± 8.1  
 ConfLUNet (ours) 84.0 ± 5.3 80.0 ± 8.2 92.8 ± 4.8 82.9 ± 2.8 77.1 ± 6.2 95.5 ± 4.5  
Fig. 5. Box plots of the patient-wise metrics obtained for the three lesion segmentation 
tools, to which we applied either CC or ACLS. P-values are computed with the 
Wilcoxon signed rank test. ACLS: Automated Confluent Lesion Splitting; CC: Connected 
Components; DSC: Dice Score Coefficient; nDSC: normalized Dice Score Coefficient; 
CLU: Confluent Lesion Unit; CLU+: Extended definition of Confluent Lesion Units 
(Eq. 1).

CC and ACLS, respectively, reflecting a strong balance between pre-
cision and recall. CC exhibited the highest Precision but the lowest 
Recall, while ACLS showed the highest Recall and the lowest Precision. 
These trends persisted upon further examination of CLU+ (eq. 1). All 
three methods showed moderate gains in precision and slight declines 
in recall, with corresponding changes in F1CLU+: ConfLUNet and CC 
experienced slight decreases (−1.1% and −1.5%, respectively), while 
ACLS improved (+6.2%). Notably, CC achieved near-perfect precision 
(99.8%) under the CLU+ definition.

5.3. Performance on held-out test set

Similar to nnUNet, we performed ensemble inference on the inde-
pendent test set — including 13 patients — using the models trained 
on each fold. Among these patients, seven presented at least two CLUs, 
yielding a total of 41 CLUs (range: 0–24 per patient), and ten had at 
7 
least two CLU+, totaling 66 (range: 0–26 per patient). Table  4 and 
Fig.  7 highlight ConfLUNet’s improved performance across instance 
segmentation and general lesion detection metrics on the held-out test 
set. ConfLUNet significantly outperformed both CC and ACLS in PQ 
(resp. +4.5%, 𝑝 = 0.017 and +5.2%, 𝑝 = 0.005) and F1 score (resp. 
+4.5%, 𝑝 = 0.028 and +5.2%, 𝑝 = 0.013). We found no significant 
difference in semantic segmentation metrics across methods. In terms 
of detection, ConfLUNet achieved the highest Recall, reaching a signif-
icant difference only against CC (𝑝 = 0.015), and the highest Precision, 
reaching a significant difference only against ACLS (𝑝 = 0.003). Notably, 
all methods exhibited a general decrease in performance on the test set 
compared to the 5-fold CV results (Section 5.2).

Regarding confluent lesions (Table  5, Fig.  7), ConfLUNet achieved 
the highest F1CLU score, surpassing CC by 1.7% and ACLS by 18.1%, 
though without statistical significance. Compared to CC, it showed sig-
nificantly higher recall (+12.5%, 𝑝 = 0.015) and slightly lower precision 
(−8.1%, not significant). Against ACLS, ConfLUNet achieved signifi-
cantly higher precision (+31.2%, 𝑝 = 0.003), with a non-significant drop 
in recall (−10.0%). Under the extended CLU+ definition (Eq. 1), Con-
fLUNet improved its own F1CLU by 7.2%, while CC declined (−1.6%) 
and ACLS gained 6.2%. The improvement over CC was significant (𝑝 =
0.046), but not over ACLS (𝑝 = 0.08). ConfLUNet also showed signif-
icantly higher recall than CC (+16.1%, 𝑝 = 0.015), and significantly 
higher precision than ACLS (+29.7%, 𝑝 = 0.011), with no significant 
difference in precision compared to CC. Overall, ConfLUNet achieves a 
more robust balance between precision and recall, particularly under 
the clinically motivated CLU+ definition.

When computing metrics across all lesions in the test set — rather 
than averaging patient-wise — to obtain a global view of CLU detection 
performance (Table  6), the gap between ConfLUNet and CC widens 
for both F1CLU (+25.6%) and F1CLU+ (+22.0%). Interestingly, CC’s 
recall drops strikingly to 41.5% for CLU and 50.0% for CLU+, whereas 
all metrics are relatively similar to their patient-wise equivalent for 
ConfLUNet and ACLS. This lesion-wise analysis is valuable, as it gives 
more weight to patients with a higher number of confluent lesions—
typically those with longer disease duration and/or more aggressive 
progression, for whom accurately separating these confluent lesions is 
clinically most relevant.

Finally, Bland–Altman plots (Fig.  8) reveal similar trends as de-
scribed in Section 5.1, with CC underestimating CLU count and ACLS 
overestimating overall lesion count. ConfLUNet, however, exhibited a 
larger bias compared to CC (resp. 4.5 and 3.3), but smaller compared 
to ACLS (10.8), and weaker trends compared to both CC and ACLS, 
suggesting greater consistency across lesion load levels. ConfLUNet’s 
errors in estimating CLU counts were less systematically affected by 
the reference CLU count, as indicated by the lower coefficient of 
determination. Illustrative examples of predictions from ConfLUNet, CC 
and ACLS on the test set are shown in Fig.  9.
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Fig. 6. Bland–Altman plots for predicted and reference lesion/CLU/CLU+ counts using masks from the lesion segmentation tool LST, with either (a) CC or (b) ACLS post-processing. 
CLU: Confluent Lesion Unit; CLU+: Extended definition of CLUs.
Table 4
Performance on the test set (average and standard deviation) of ConfLUNet and 3D U-Net semantic segmentation baseline model + Connected Components (CC) or Automated 
Confluent Lesion Splitting (ACLS) as post-processing. Column groups separated by dashed lines represent the three task evaluations: instance segmentation, semantic segmentation 
and detection. PQ: Panoptic Quality, DSC: Dice Score, nDSC: normalized dice score, DiC: Absolute Different in Count.
 Method PQ (%) DSC (%) nDSC (%) F1 (%) Recall (%) Precision (%) DiC ↘  
 3D U-Net + CC 37.5 ± 11.9 69.0 ± 10.3 72.7 ± 10.7 61.6 ± 13.2 69.2 ± 17.5 57.2 ± 12.9 4.7 ± 3.3  
 3D U-Net + ACLS 36.8 ± 12.1 69.5 ± 11.1 73.2 ± 11.6 59.9 ± 14.5 78.4 ± 21.7 50.4 ± 13.8 11.4 ± 12.7 
 ConfLUNet (ours) 42.0 ± 10.2 69.0 ± 9.7 73.6 ± 9.7 67.3 ± 11.2 78.8 ± 13.0 60.2 ± 13.6 5.1 ± 3.3  
Table 5
Performance (average and standard deviation across patients) of confluent lesion unit (CLU) and extended confluent lesions (CLU+) (Eq. 1) detection on the test set. Comparison 
between ConfLUNet and 3D U-Net semantic segmentation baseline model + Connected Components (CC) or Automated Confluent Lesion Splitting (ACLS) as post-processing. 
 Method F1CLU (%) RecallCLU (%) PrecisionCLU (%) F1CLU+ (%) RecallCLU+ (%) PrecisionCLU+ (%) 
 3D U-Net + CC 79.8 ± 19.3 70.8 ± 27.4 100.0 ± 0.0 78.2 ± 17.6 67.9 ± 24.7 100.0 ± 0.0  
 3D U-Net + ACLS 63.4 ± 39.2 93.3 ± 15.3 60.7 ± 40.4 71.5 ± 33.4 87.4 ± 27.0 68.0 ± 35.0  
 ConfLUNet (ours) 81.5 ± 27.0 83.3 ± 20.7 91.9 ± 26.6 88.9 ± 11.0 84.0 ± 17.6 97.7 ± 6.7  
8 
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Fig. 7. Box plots of the patient-wise general metrics obtained for the three models. The p-values are computed with the Wilcoxon signed rank test. ACLS: Automated Confluent 
Lesion Splitting; CC: Connected Components; DSC: Dice Score Coefficient; nDSC: normalized Dice Score Coefficient; CLU: Confluent Lesion Unit; CLU+: Extended definition of 
Confluent Lesion Units (Eq. 1).
Table 6
Lesion-wise performance of confluent lesion unit (CLU) and extended confluent lesions (CLU+) (Eq. 1)) detection on the test set. Comparison between ConfLUNet and 3D U-Net 
semantic segmentation baseline model + Connected Components (CC) or Automated Confluent Lesion Splitting (ACLS) as post-processing. 
 Method F1CLU (%) RecallCLU (%) PrecisionCLU (%) F1CLU+ (%) RecallCLU+ (%) PrecisionCLU+ (%) 
 3D U-Net + CC 58.6 41.5 100.0 66.7 50.0 100.0  
 3D U-Net + ACLS 76.8 92.7 65.5 82.2 90.9 75.0  
 ConfLUNet (ours) 84.2 78.1 91.4 88.7 83.3 94.8  
Fig. 8. Bland–Altman plot for predicted and reference lesion/CLU/CLU+ counts. Comparison between ConfLUNet and 3D U-Net semantic segmentation baseline model + Connected 
Components (CC) or Automated Confluent Lesion Splitting (ACLS) as post-processing. CLU: Confluent Lesion Unit; CLU+: Extended definition of CLUs.
9 
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Fig. 9. Illustrative examples of predictions made by connected components (CC), automated confluent splitting (ACLS) and ConfLUNet on the test set.
6. Discussion

Call for an evaluation framework adapted to lesion instance segmenta-
tion in MS. Despite the current need for lesion-level delineation in 
MS, both for clinical [2,3] and technical [15,16,44–46] applications, 
current evaluation practices remain poorly aligned with the goals of 
instance segmentation. Most reported detection metrics are derived 
from semantic masks processed with CC, which lack the granularity 
needed to assess individual lesions within confluent regions. Although 
confluent lesions have been clinically described [17,18], no prior work 
has formally defined them or the distinct units they contain, mak-
ing their systematic evaluation particularly difficult. To address these 
limitations, our work introduces formal definitions and proposes CLU-
aware metrics grounded in mathematical definitions. By incorporating 
these metrics alongside instance segmentation metrics, the proposed 
framework moves toward evaluation practices that are more consistent 
with clinical and technical needs. In parallel, progress in developing 
new instance segmentation methods is also hindered by the lack of 
public benchmarks. This is likely related to the complexity and time 
required for manual segmentation, which can be infeasible in advanced 
disease stages or when image quality is insufficient. To drive progress 
in this area, the community must prioritize the development of reliable 
public benchmarks and adopt evaluation protocols that reflect the 
clinical and technical demands of instance-level lesion analysis.
CC underestimates CLU count and lacks sensitivity. The results from Ex-
periments 1, 2 and 3 demonstrate that frequently adopted CC strategy 
systematically underestimates CLU counts, particularly in cases with 
higher amounts of confluent lesions. This limitation stems from CC’s 
inherent inability to distinguish spatially connected and/or overlapping 
lesions, as it can only detect CLUs when lesions are perfectly separated. 
Whether this spatial separation is correctly done to this purpose is 
heavily dependent on the predicted lesion semantic segmentation mask. 
To illustrate this difficulty, none of the three semantic segmentation 
tools (LST-LPA, SAMSEG, FLAMeS) evaluated in this study produced 
adequately disconnected instances, as evidenced by CC’s CLU recall 
dropping below 50% across all tools — yielding RecallCLU scores of 
41.2%, 30.6%, and 36.2% for LST-LPA, SAMSEG, and FLAMeS, respec-
tively — when restricted to patients with confluent lesions. While CC 
10 
achieved extraordinarily high precision in CLU and CLU+ detection 
across all experiments, this largely reflects its conservative nature, 
which limits oversplitting and aligns well with how these metrics penal-
ize false positives. Experiment 3 further confirms that these results hold 
true even when the model was trained on qualitatively conservative 
annotations. Altogether, these findings suggest that CC, despite its 
widespread use in current methods and evaluation frameworks (Suppl. 
Appendix E), is ill-suited for accurate lesion instance segmentation 
in the presence of confluent lesions and should be reconsidered as a 
default post-processing choice.
ACLS overestimates lesion count and oversplits lesions. Originally de-
signed to split confluent lesions, our study systematically evaluate 
ACLS within an instance segmentation framework for the first time, 
with a particular focus on CLU detection—addressing the original 
method’s limitation of only considering global lesion counts. ACLS 
consistently and significantly outperforms CC in instance segmentation 
(PQ: +1.6%) and shows markedly higher recall for both overall le-
sion detection (+17.7%) and CLU-wise detection (RecallCLU: +20.7%; 
RecallCLU+: +25.8%). However, this increased sensitivity comes at a 
cost: ACLS systematically overestimates total lesion counts (bias: 73.3, 
Fig.  6) and exhibits low precision across all segmentation tools (47.5%, 
50.4%, and 53.9% for LST-LPA, SAMSEG, and FLAMeS, respectively), 
with approximately half of the predicted lesions being false positives. 
These findings, corroborated by visual inspection, suggest that ACLS 
frequently oversplits lesions. This behavior and its excessive sensitivity 
exhibited provides evidence against ACLS’s original assumption, stating 
local maxima in probability maps correspond to true lesion centers. 
Interestingly, results from Experiment 1 show virtually the same effects 
in applying ACLS to either LST-LPA, SAMSEG or FLAMeS, which in-
dicates that ACLS can be applied regardless to segmentation methods 
with different methodological roots.

This study could not replicate the performances reported in Dworkin 
et al. [20], especially regarding the correlation between predicted and 
reference lesion count. Methodological choices might explain these dif-
ferences, such as chosen connectivity structure or probability
threshold—more conservative in Dworkin et al.’s study (0.3), provoking 
CC to create larger connected regions and thus underperform.
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ConfLUNet represents a balanced precision–recall alternative. The pro-
posed ConfLUNet is the first end-to-end framework for instance segmen-
tation of MS lesions with a particular focus on improving detection of 
CLUs. Our results indicate that ConfLUNet achieves significantly higher 
instance segmentation performance than both CC and ACLS (resp. 
+4.5% and +5.2% on the test set). Compared to CC, which favors Pre-
cision, and ACLS, which prioritizes Recall, ConfLUNet achieves a more 
balanced lesion-wise and CLU-wise detection performance, combining 
excellent precision with high sensitivity (F1: +5.7%/+7.4%; F1𝐶𝐿𝑈 : 
+1.7%/+18.1%; F1𝐶𝐿𝑈+: +10.7%/+17.4%). As further indicated by 
Fig.  8, ConfLUNet mitigates both CC’s undercounting bias and ACLS’s 
oversplitting tendency.
Limitations and future work. Several limitations should be noted. Our 
evaluation used a relatively small single-center dataset with limited 
cases with confluent lesions (35/63), potentially affecting statistical 
power and generalizability. Furthermore, among these cases, the max-
imum number of CLU per confluent lesion was lower (≤ 4) than 
the dozens reported by Dworkin and colleagues [20]. Future valida-
tion should assess performance on cases with higher confluent lesion 
loads, though we suspect annotation complexity — and thus annota-
tion noise — to increase with CLU density. Finally, the single-rater 
annotations may introduce bias, and the method’s performance on 
multi-contrast or out-of-domain data remains untested. Despite these 
limitations, this work remains valuable by being the first to formally 
assess the shortcomings of existing methods for confluent lesion detec-
tion and by offering a comparative evaluation of established approaches 
(Connected Components and ACLS) against a novel strategy (Con-
fLUNet). Moreover, we believe that ConfLUNet constitutes a pioneering 
step toward end-to-end instance segmentation of MS lesions, thereby 
addressing confluent lesions, and lays the groundwork for broader 
adoption and future development in this domain. Future work includes 
annotating larger multi-centric datasets to extend our analysis and as-
sess generalizability of all investigated methods, and the incorporation 
of test-time training to enhance ConfLUNet’s generalizability [47].

7. Conclusion

Current evaluation practices for MS lesion segmentation remain 
misaligned with clinical needs, particularly in their inability to assess 
individual lesions within confluent regions. To address this gap, we 
introduced a formal framework for evaluating lesion instance segmen-
tation, and proposed new CLU-aware metrics to assess their detection, 
grounded in precise definitions of confluent lesions and their con-
stituent units (CLUs). While existing methods like CC and ACLS exhibit 
opposite failure modes — merging versus oversplitting — our end-to-
end approach, ConfLUNet, jointly optimizes detection and delineation, 
providing a promising direction for more accurate and clinically mean-
ingful lesion-level analysis in MS. Further validation on larger and more 
heterogeneous multi-centric cohorts is warranted.
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