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Synopsis
Paramagnetic rim lesions (PRL) in multiple sclerosis are chronic in�ammatory lesions depicted in susceptibility-based MRI where high PRL lesion
burden has been associated with a more aggressive disease course. As their visual detection is subjective and time-consuming, a convolutional
neural network (RimNet) has recently been developed and applied to 3T susceptibility contrast MR images. In this work, we evaluate a unimodal
RimNet architecture based on either the MP2RAGE uniform contrast or the concurrently obtained T1 map at both 3T and 7T. Results show that
prediction improves considerably at 7T, suggesting that 7T MP2RAGE might be helpful for automatically identifying PRL.

INTRODUCTION
Paramagnetic rim lesions (PRLs) in multiple sclerosis (MS) patients are chronic active lesions characterized by an accumulation of iron
microglia/microphages at their edges . Recent studies have shown an association between a higher PRL burden and a more aggressive disease
course . However, PRL detection is challenging and usually performed visually on 3T or 7T susceptibility-based MR images . Recently, we described
an automated method for assessing PRLs at 3T (RimNet) . RimNet is based on a convolutional neural network and takes as input 3D patches
centered on candidate lesions. Its best model leverages a combination of 3D T2*-weighted segmented echo-planar imaging (segEPI) magnitude and
phase images , achieving a lesion-wise sensitivity and speci�city of 71% and 95%, respectively, in a cohort of 124 MS patients. In this study, we
developed a unimodal RimNet architecture based on either the magnetization prepared 2 rapid acquisition gradient echoes (MP2RAGE)  uniform
images (UNI) or T1-map series. Its performance was evaluated in a cross-validation procedure on 76 cases imaged at 3T and, in a separate testing
set, on 20 cases imaged at 7T.

METHODS
We retrospectively analyzed MRI data from 96 MS cases imaged at two university hospitals. Dataset-1 consisted of 76 cases (55 relapsing-remitting
(RRMS) and 21 progressive MS (PMS), 49 female/27 male, mean age 41±14 years, age range [25-76] years, median EDSS 2.5, EDSS range [1.5-4.0])
imaged at 3T MRI (MAGNETOM Prisma, Siemens Healthcare, Erlangen, Germany) using a 64-channel head coil. The protocol included MP2RAGE and
3D T2*-weighted segEPI, and the acquisition parameters are summarized in Table 1. Dataset-2 included 20 cases (13 RRMS/7 PMS, 15 female/5
male, mean age 44±11 years, age range [25-66] years, median EDSS 2.5, EDSS range [0-7.5]) scanned on a prototype 7T system (Siemens Healthcare,
Erlangen, Germany) using a 32-channel head coil. The protocol, presented in Table 1, included MP2RAGE and T2*-weighted dual-echo gradient echo
(GRE). In Dataset-1, MS lesions were automatically segmented  and PRL manually annotated by two experts, who reached consensus in a joint
session. An automated method optimized for 7T MP2RAGE  was employed for segmenting MS lesions in Dataset-2, where a single expert visually
identi�ed PRL. Overall, Dataset-1 had a total of 2809 rim- lesions and 313 PRL, whereas Dataset-2 had 2308 rim- lesions and 212 PRL. MP2RAGE
images were a�nely registered to the T2* segEPI space using SimpleElastix . Histogram matching  was performed between 3T and 7T images for
both UNI and T1 map, considering only the voxels inside the skull, in order to mitigate the intensity value di�erences. A unimodal RimNet
architecture (see Figure 2 for more details), implemented as described in the original work, was trained �rst with the MP2RAGE uniform image (UNI)
and then with the T1-map images from Dataset-1 in a four-fold nested cross-validation procedure. Inference was performed on both Dataset-1 and
Dataset-2; for the former, an ensemble of the four trained classi�ers was used. The areas under the ROC and PR curve (AUC), as well as the lesion-
wise confusion matrices, were computed for performance evaluation.

RESULTS
The ROC and PR curves, together with their relative AUC, are reported in Figure 3 for all four contrasts tested. The two models applied to 7T
MP2RAGE UNI and T1-maps achieved the best results, with a PR AUC of 0.56 and 0.53, respectively. They clearly outperformed the 3T UNI and T1
map models, which reached AUC of 0.44 and 0.41. In Figure 4, we present the lesion-wise confusion matrices of the four models. By setting a false
positive rate of 0.05, as in the original RimNet paper , the top-performing model based on 7T UNI images achieved a sensitivity of 55%, speci�city of
95%, positive predictive value of 50%, and negative predictive value of 96%.

DISCUSSION
In this work, we explored the ability of a unimodal RimNet architecture based on either MP2RAGE uniform images or T1 maps to automatically
assess PRL, at both 3T and 7T. Results show that, at both magnetic �eld strengths, MP2RAGE has some PRL detection capability, and that the UNI
images slightly outperform the T1 maps. Moreover, even though RimNet was trained exclusively on 3T images, all evaluation metrics considerably
improved for both images when tested at 7T. The best model, represented by the 7T MP2RAGE UNI, reached a PR AUC of 0.56, which is comparable
to the AUC of 0.54 reported in the original RimNet paper for the unimodal T2*-w magnitude image at 3T, but still worse than the AUC for the phase
image. This con�rms, as we previously suggested , that morphometric features such as size, shape, and signal intensity, all well depicted by
MP2RAGE, are relevant in the classi�cation of PRLs.

CONCLUSION
Our contribution is two-fold. First, we show that the UNI and T1-map images of the MP2RAGE sequence acquired at 3T have some PRL prediction
capability. Second, we observe that they considerably improve RimNet’s performance at 7T, suggesting that the MP2RAGE might be a suitable
sequence for PRL assessment at 7T. Future work will explore integrating the MP2RAGE with the T2*-weighted magnitude and phase images, as well
as the quantitative susceptibility mapping.
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Figures

Figure 1: Examples of PRL and rim- lesions in di�erent contrasts. First row: from left to right, 3T T2*-w segEPI phase image, 3T MP2RAGE UNI, and T1
map. Second row: 7T T2*-w dual-echo GRE phase image, 7T MP2RAGE UNI, and T1 map.

Table 1: Parameters of the MRI acquisition protocols.

Figure 2: Scheme of the RimNet unimodal architecture trained with the MP2RAGE UNI and T1-map images.
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Figure 3: ROC and PR curves obtained for the testing datasets. Abbreviations: ROC, receiver operating characteristic; PR, precision-recall; mp2uni,
MP2RAGE UNI; mp2map, MP2RAGE T1 map. 3T refers to the images of dataset-1 and 7T to those of dataset-2.

Figure 4: Lesion-wise confusion matrices obtained for 3T and 7T UNI and T1-map images.
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