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1. INTRODUCTION

Multiple Sclerosis (MS) is a prevalent chronic autoimmune disorder affecting millions worldwide. It is character-
ized by focal lesions in the central nervous system, notably in the brain white and gray matter, along with the
spinal cord. Magnetic Resonance Imaging (MRI) has emerged as a crucial tool for diagnosing1 and predicting
disease progression2 in MS patients. The current MRI criteria, however, still lack specificity.3 To overcome these
limitations, novel biomarkers have been explored through recent advancements in MR technology and clinical
research studies.4 In particular, the investigation of Paramagnetic Rim Lesions (PRL) holds promise to assist
both in diagnosing MS and in monitoring disease progression over time.5 PRL (Figure 1) are chronic-active
lesions characterized by a rim of iron-laden (pro-)inflammatory cells around their core in susceptibility-weighted
imaging (SWI). Importantly, white matter (WM) lesions have the potential to merge, resulting in the formation
of ”confluent lesions” (Figure 1 II). This merging phenomenon makes it hard to accurately count lesions for
prognostic purposes. In this context, the visualization of rims through SWI facilitates the differentiation of
confluent lesions, enabling a more precise determination of lesion count and the associated clinical implications.
These attributes set PRL apart as a potential unique marker for MS diagnosis/prognosis, differentiating them
from other WM lesions.

The manual assessment of PRL is laborious, susceptible to substantial annotation bias6 and prone to high
inter-rater variability.7 Hence, the development of an automatic assessment method holds vital importance.
Given the novelty of the biomarker and the task complexity, only three methods897 aiming to detect PRL have
been published to date. These methods follow a two-stage process: the first involves either manual or automatic
lesion delineation based on a precomputed lesion segmentation, referred to as lesion-splitting, followed by the
classification and labelling of lesions employing common machine learning approaches. However, the lesion-
splitting step encounters two main challenges:10 the potential for non-PRL imaging manifestations to mimic
PRLs in common clinical sequences (Figure 1), and the presence of confluent lesions making their isolation a
challenging task. This is particularly relevant, as PRL often constitute confluent lesions due to their smouldering
and expanding nature through the WM tissue,7 thereby intensifying the intricacies of detection.

To address these challenges, our work introduces the first approach to direct PRL segmentation as a tool to
highlight potential regions containing PRL, thus removing the need of lesion splitting. By adopting this novel
strategy, we aim to overcome the complexities posed by confluent lesions and demonstrate the potential utility of
a straightforward PRL segmentation as well as their challenges. While our study’s results are preliminary, they
provide valuable insights and lay the foundation for future research in this unexplored area. Emphasizing the
significance of developing an automatic PRL segmentation method, our work holds the potential to significantly
enhance MS diagnosis and monitoring. The insights gained could offer clinicians new information that directly
impacts patient care and treatment development.
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Figure 1: Comparative examples from the test set of ground truth segmentation and FLAIR+Phase model
predictions for Paramagnetic Rim Lesions (PRL). FLAIR (A) and T2*-EPI Phase (B) images are shown. Visual
Confidence Levels (CL) range from 1 (non-PRL) to 5 (PRL). Examples I-VI depict False Positives, VII a False
Negative, and VIII-X True Positives. Yellow arrows indicate the presence of a rim.

2. MATERIALS

This study enrolled 47 subjects (26 female, 21 male), aged 40±12.7. The distribution of MS clinical subtypes was
as follows: Relapsing-Remitting MS (RRMS) - 32, Secondary Progressive MS (SPMS) - 11, Primary Progressive
MS (PPMS) - 3, and Radiologically Isolated Syndrome (RIS) - 1. The inclusion criteria for subject selection
mandated that all participants had at least one PRL visible on their MRI scans.

All subjects underwent MRI scanning at Saint-Luc University Hospital in Brussels, Belgium using a 3T Signa
Premier General Electrics MRI scanner. The MRI protocol included the acquisition of three key 3D sequences:
Fluid-Attenuated Inversion Recovery (FLAIR, 1mm3), Magnetization-Prepared Rapid Acquisition Gradient Echo
(MPRAGE, 1mm3), and T2*-weighted Echo Planar Imaging (T2*-EPI, 0.667mm3) magnitude and unwrapped
phase which will hereafter be referred as Magnitude and Phase respectively.

To establish ground truth labels for the PRL, a consensus annotation was obtained from two experts, P.M.
and A.S., using all images at their disposal. The experts provided visual confidence levels for each lesion using
a Likert scale ranging from 1 to 5. A confidence level of 1 indicated absolute certainty that the lesion was not a
PRL, while a confidence level of 5 indicated absolute certainty that the lesion was a PRL (see Figure 1). Only
lesions with a confidence level of 4 or higher were considered as PRL for the study. Moreover, only deep WM
lesions were included in the dataset, while cortical and infratentorial lesions, as well as glioses, vascular damage,
and tumefactive lesions, were excluded.

3. METHODS

3.1 Preprocessing

All images underwent masking and cropping using the brain mask provided by FSL-Brain Extraction Tool .11

As highlighted in the literature on CNN-based lesion segmentation studies,12 there is potential benefit in
utilizing an attention mechanism by supplying models exclusively with the region of interest. In our case, this
attention mechanism is directed towards the healthy or damaged WM parenchyma. Therefore, we conduct
experiments employing two distinct preprocessing strategies:

1. Applying a pre-computed WM lesion mask, generated with Samseg13 and subsequently dilated to encom-
pass lesion borders. This mechanism emphasizes the attention to areas surrounding the lesions.



2. Applying a WM mask computed by FreeSurfer ,14 lesion-filled with the dilated lesion segmentation from
Samseg .13 This aims to drive the network to exclusively focus on WM while retaining pertinent lesion
information.

3.2 Model Architecture and Training

For our analysis, we employed a 3D-UNet architecture15 with a binary output, distinguishing between PRL
segmentation and background. To ensure the appropriateness of this baseline model, we conducted a preliminary
benchmark on our dataset using the nnUNet16 framework. The consistent results align with existing literature,
confirming that the 3D-UNet architecture is a fitting initial model. To establish a standardized training approach,
we adopted the WM lesion segmentation ad-hoc baseline from the MS Shift Challenge 2.0.17 Moreover, since this
study marks a pioneering effort in PRL segmentation, it is of vital importance to assess the capabilities of the
various available MRI sequences, as well as their combined information, to instruct the model in distinguishing
the biomarker of interest from the rest of the parenchyma.

To this aim, the model was trained with one modality as input for every available modality. In addition, to
leverage the complementary information from different modalities, we strategically concatenated select modalities
at the network input. Specifically, we combined relevant modalities after discussion with experts, including 1)
FLAIR+Phase, 2) FLAIR+MPRAGE, and 3) FLAIR+Phase+MPRAGE. Regarding training details, all model
variations were trained using a learning rate of 1e-4 for 300 epochs, employing a cosine annealing learning rate
scheduler to optimize convergence. The training loss consisted of a weighted combination of dice loss18 and focal
loss.19 For evaluation, we randomly divided the 47 subjects into three sets: 28 subjects for training (282 PRL),
9 subjects for validation (46 PRL), and 10 subjects for testing (56 PRL).

3.3 Evaluation Metrics

Given the sparse nature of PRL, we have chosen to evaluate our study through the lens of instance segmentation.
While our work involves semantic segmentation, using metrics aligned with that approach could potentially yield
misleading interpretations. These metrics often lack precision and are not well-suited for our medical context, a
fact underscored by the existing literature.20 To overcome this challenge, we have embraced the recommendations
of the Metrics Reloaded framework for assessing sparse lesions. This methodology involves isolating the regions
detected by our model through the application of the full connected components algorithm. Subsequently, we
compare these isolated regions with our reference using boundary Intersection over Union21 (IOU) criteria at a
10% threshold, facilitated by a greedy matching assignment.

For the sake of clarity, our summarized results encompass the Dice score (prior to instance segmentation), the
F1 score to evaluate the model’s PRL detection capability, and the Dice Similarity Coefficient per True Positive
(DSC/TP) for accurately segmenting true positives (TPs). These detection metrics are presented as subject-level
averages.

4. RESULTS

Results shown in Table 1 revealed several key observations concerning the performance of different models in the
detection and segmentation of PRL.

Firstly regarding models trained without undergoing any application of a mask, models trained on a single
modality generally exhibited worse performance than those using multiple modalities, both for detection (avg F1
of 0.221 v. 0.336) and for segmentation tasks (avg. Dice of 0.152 v. 0.367). Notably, the FLAIR-based models
showed relatively better segmentation performance compared to other single-modality approaches (avg. Dice of
0.369 v. 0.09). The magnitude-based models, however, displayed promising detection scores (F1=0.375) even
though they had a low segmentation score. Interestingly, the FLAIR+Phase model emerged as the most successful
single-modality approach in the absence of preprocessing (F1=0.456, Dice=0.377), aligning with previous findings
from RimNet.7

Secondly, the application of a WMmask to the images tended to have a negative impact on overall results (avg.
F1 diff.=-0.092; avg. Dice diff.=-0.71), whereas applying a lesion mask showed general improvements in detection
(avg. F1 diff.=+0.115) and segmentation metrics (avg. Dice diff.=+0.017). The application of a lesion mask on



any input that included the FLAIR, however, tended to worsen the results (avg. Dice diff.= -0.094), suggesting
that the FLAIR alone could potentially be sufficient to capture lesion localization accurately. Additionally, for
segmentation metrics, models that utilized FLAIR as an input demonstrated the highest performance (avg. Dice
0.297 v. 0.140). This aligns with the fact that FLAIR sequences are particularly adept at highlighting lesions,
and that annotators primarily relied on this modality to adjust their delineations.

Two models, FLAIR+Phase and (FLAIR+MPRAGE)*Lesion Mask, outperform the others in terms of the
trade-off between detection and segmentation, both achieving a F1 score of 0.456, the highest among almost all
models, and a Dice score of 0.377, better than all other models. Since the FLAIR+Phase model yielded a better
DSC/TP, we applied this model to the test set and obtained a F1 score of 0.443, a Dice score of 0.191,
and a DSC/TP of 0.68. A comparison of this model’s prediction against the ground truth is shown on Figure
1.

5. DISCUSSION

The evaluation of various models and preprocessing strategies provided valuable insights into the challenges
and potential solutions for automating PRL detection and segmentation. Firstly, we observed that models
trained with a single modality as input generally exhibited suboptimal performance, with only FLAIR and
Magnitude demonstrating relatively better results in detection. The low segmentation scores for magnitude-
based models however contrast with those of FLAIR-based models. This can either be explained by the fact that
this modality does not bring sufficient spatial information for accurate lesion delineation, or because experts used
the FLAIR as their main image to provide a ground thruth. To mitigate the influence of FLAIR on annotations
and to enhance the model’s emphasis on Phase-presented rims, a compelling approach could involve training
the network with expert annotations that were established using T2*-EPI as a reference, rather than FLAIR.
Such a strategy could avoid registration errors that might lead to incomplete rim presence in the ground truth
segmentation. Nevertheless, these observations highlight that the FLAIR sequence remains useful for capturing
PRL characteristics, even though the rim is not visible in this modality. Moreover, the addition of the Phase
and/or MPRAGE modalities to the FLAIR input showed improvements in the detection task, suggesting that
these modalities provide complementary information that enhances the network’s ability to discriminate PRL
from non-PRL and background. The application of hard attention mechanisms, involving the use of a WM mask,
did not significantly benefit the detection task. However, when the model utilized the Phase as an input, the
application of a dilated lesion mask led to a substantial improvement in performance. This finding indicates that
models based on the Phase image benefit from additional information about the lesion’s location, which is in
line with previous work7 as well as with the experts’ annotation workflow.

In contrast, the results confirm that the task of segmenting PRL is challenging, as none of the tested models
surpassed the Dice Score of 0.46 on the validation set obtained from perfectly segmenting all lesions, regardless
of whether they were PRL or not. This highlights the need for better methods to help the network discriminate
between PRL and non-PRL lesions. Furthermore, our results indicate that the detection approach based on
aggregating by connected components may not be the most suitable method, and future research could explore
direct instance segmentation or object detection for improved results. Notably, this study showcases the difficulty
of the PRL segmentation task, even when compared to other MRI biomarkers in MS such as WM lesions, cortical
lesions, or lesions presenting the central vein sign. Several factors contribute to this challenge, including the
relatively small dataset size, the imperfections in annotations, registration errors, and MRI artifacts. Moreover,
the faint appearance of the PRL rim in a lot of cases (see Figure 1 VII and VIII) further complicates the task.

In conclusion, our study represents a pioneering effort in directly segmenting PRL without relying on lesion
splitting. While the results are preliminary, they confirm on the potential of leveraging the FLAIR and Phase
sequences for accurate PRL detection and lay the foundation for future research in this unexplored area. By
identifying the strengths and limitations of different modalities and preprocessing strategies, our work contributes
to the ongoing exploration of novel imaging biomarkers and automated detection methods in the field of MS
lesion analysis. As the discovery of PRL is relatively recent and not yet acquired in routine clinical practice, the
dataset size and associated challenges contribute to the difficulty of this segmentation task. Nevertheless, the
insights gained from our study offer valuable directions for future research and hold the potential to significantly
impact MS diagnosis, prognosis, and patient care.



Input modalities Mask F1 Dice score DSC/TP
FLAIR 0,248 0.377 0.559 ±0.29
FLAIR Lesion 0,346 0.273 0.556 ±0.29
FLAIR WM 0.219 0.279 0.484 ±0.24
Phase ∼ 0 0.002 -
Phase Lesion 0,5 0.264 0.443 ±0.26
Phase WM 0,061 0.009 0.214 ±0.18

MPRAGE 0,221 0.104 0.385 ±0.22
MPRAGE Lesion 0,360 0.289 0.403 ±0.26
MPRAGE WM 0,127 0.08 0.26 ±0.28
Magnitude 0,375 0.166 0.461 ±0.2
Magnitude Lesion 0,434 0.216 0.361 ±0.25
Magnitude WM 0,115 0.138 0.371 ±0.31

FLAIR + Phase 0,456 0.377 0.558 ±0.29
FLAIR + Phase Lesion 0.297 0.148 0.433 ±0.27
FLAIR + Phase WM 0,347 0.316 0.552 ±0.3

FLAIR + MPRAGE 0,219 0.356 0.553 ±0.27
FLAIR + MPRAGE Lesion 0,456 0.377 0.524 ±0.28
FLAIR + MPRAGE WM 0,234 0.197 0.384 ±0.25

FLAIR + Phase + MPRAGE 0,334 0.367 0.552 ±0.26
FLAIR + Phase + MPRAGE Lesion 0,271 0.304 0.479 ±0.27
FLAIR + Phase + MPRAGE WM 0,107 0.2 0.501 ±0.29

Table 1: Overview of the detection (F1 score) and segmentation (Dice coefficient) metrics for all trained models
on the validation set. The mask column indicates whether a mask has been applied as a preprocessing step or
not, and if so which one (Lesion = Lesion mask, WM = White matter mask). Best scores for each metric are
highlighted in bold. (”DSC/TP”: Average Dice score per True Positive).
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