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Automatic detection of Multiple Sclerosis cortical
lesions based on 3D-FLAIR and MP2RAGE
sequences
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Synopsis
Multiple Sclerosis cortical lesions are not readily visible in conventional MRI, but they are clinically highly relevant and have been recently
included in the MS diagnostic criteria. However, advanced MRI sequences such as the MP2RAGE are needed in order to identify them visually. In
this work, we propose an automatic method based on a convolutional neural network to automatically detect cortical lesions. In a cohort of 84
patients with FLAIR and MP2RAGE acquisitions our framework achieves a 77% cortical lesion detection rate with a 26% lesion-wise false
positive rate.

Introduction
Multiple Sclerosis (MS) patients present lesions in both the white and gray matter of the central nervous system. The automated detection of cortical lesions
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4
(CLs) in the brain is a challenging task that, contrarily to white matter lesions (WMLs), has not been largely explored yet
. CLs are not readily visible in
conventional magnetic resonance imaging (MRI) such as magnetization-prepared rapid gradient-echo (MP-RAGE) or FLuid Attenuated Inversion Recovery
5
(FLAIR) at 3T. Advanced sequences such as Magnetization-Prepared 2 Rapid Acquisitions Gradient Echo (MP2RAGE) provide a better contrast to visually
6
identify them5. The count and volume of CLs are highly clinically relevant and were recently included in the diagnostic criteria for MS . In this work, we
present a fully convolutional neural network (CNN) for the detection of MS brain WMLs and especially CLs, using FLAIR, and MP2RAGE contrasts.
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Differently from previous works
, we evaluate the reported detection framework on a dataset of unprecedented size using image contrasts that are today
available on many clinical scanners.

Materials and Methods
We include MRI data from 84 patients acquired in two hospitals. Dataset (1) consists of 36 patients from Lausanne University Hospital (20 female / 16 male,
mean age 34±10 years, age range [20-60] years, mean EDSS 1.5±0.3) in the early stage of MS. Subjects were scanned at 3T (MAGNETOM Trio, Siemens
Healthcare, Erlangen, Germany) using a 32-channel head coil. The protocol included 3D FLAIR (TR/TE/TI=5000/394/1800ms), and MP2RAGE
(TR/TI1/TI2=5000/700/2500 ms) contrasts (resolution=1.0x1.0x1.2 mm3). Dataset (2) consists of 48 patients from University Hospital Basel (32 female / 16
male, mean age 47±13 years, age range [26-73] years, mean EDSS 3.5±2.0). Subjects were scanned at 3T (MAGNETOM Prisma Siemens Healthcare,
Erlangen, Germany) using a 64-channel head coil. This protocol included FLAIR (TR/TE/TI=5000/386/1800 ms), and MP2RAGE
(TR/TI1/TI2=5000/700/2500 ms) contrasts (resolution=1.0x1.0x1.0 mm3). Each dataset had experts’ manual reference annotations of MS lesions (WMLs
and different types of cortical lesions) that we used as ground truth for training and testing. Overall the experts found a total of 3416 WMLs and 772 CLs
(662 of type I and 110 of type II). An example of the two contrasts and the corresponding reference annotation of a CL is shown in Figure 1.
7
Pre-processing steps included rigid registration of FLAIR images to MP2RAGE space using ELASTIX and N4 intensity normalization . To automatically
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segment MS lesions, we propose a CNN based on the 3D U-Net architecture . Differently from the original 3D U-Net, our architecture (Figure 2) had only
two resolution levels in order to prevent overfitting. The window input size was (76,76,76) and the output (60,60,60). Moreover, we implemented a sampling
scheme which allows a balanced training for all structures of interest, regardless of their size. Data augmentation such as rotations, and flipping was
applied, again to prevent overfitting. The network was trained to minimize the cross-entropy loss with a batch size of 2 using Adam as optimizer. Training
was performed mixing dataset (1) and (2), and we evaluated our approach in a 5-fold cross-validation fashion considering the detection rate (DR) per lesion
9
type, lesion-wise false positive rate, Dice coefficient (DSC), and volume difference (VD). The code has been implemented in NiftyNet running on top of
10
Tensorflow .

Results
The proposed method achieves a median CL detection rate of 77%, a median WML detection rate of 74%, lesion-wise false positive rate of 26%, DSC of
54%, and VD of 43%. Boxplots of the detection rate for the different types of lesions are shown in Figure 3. The number of samples in the boxplot of CLs is
lower since CLs were not identified in some of the patients in our cohort. As expected, detection rate of CLs is higher for bigger lesions (Figure 4). Figure 5
shows examples of manual and automated segmentation of CLs.

Discussion and Conclusion
In this work, we explored the capability of deep-learning-based techniques for the automated detection of different types of MS lesions (WMLs and CLs)
using conventional and advanced MRI sequences at 3T (FLAIR, MP2RAGE) of 84 MS patients. To the best of our knowledge, this is the largest cohort
considered for automated detection of cortical lesions. Our method achieved a high detection rate for all types of MS lesions (73%), and for CLs (77%) with
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a relatively low lesion-wise false positive rate (26%). These results are similar to those obtained in previous studies
aiming at CL segmentation.
However, these studies considered smaller datasets and included additional non-standard imaging contrasts such as double inversion recovery (DIR). Our
approach is based only on two sequences, which facilitates the translation into clinical practice. A limitation of our work are the results in terms of
segmentation, since our CNN achieves a relatively low DSC of 54% and a VD of 43%. Future studies will therefore aim at improving the lesion delineation
as well as focusing on achieving a higher detection rate of very small CLs.
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Figures

On the right: single slice of an MR image with the two contrasts used in this work. On the left: example of a cortical lesion.

Proposed network architecture. The architecture follows the principle of the U-Net, but has only one polling and corresponding up-convolutional layer.

Boxplots of the detection rate for white matter lesions, cortical lesions, and combined lesion types.

Detection rate of cortical lesions binned by lesion size.

Examples of cortical lesions correctly detected by the CNN.
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