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Abstract

An important step in the analysis of magnetic resonance imaging (MRI) data for neuroimag-
ing is the automated segmentation of white matter hyperintensities (WMHSs). Fluid Attenu-
ated Inversion Recovery (FLAIR-weighted) is an MRI contrast that is particularly useful to
visualize and quantify WMHSs, a hallmark of cerebral small vessel disease and Alzheimer’s
disease (AD). In order to achieve high spatial resolution in each of the three voxel dimen-
sions, clinical MRI protocols are evolving to a three-dimensional (3D) FLAIR-weighted
acquisition. The current study details the deployment of deep learning tools to enable auto-
mated WMH segmentation and characterization from 3D FLAIR-weighted images acquired
as part of a national AD imaging initiative. Based on data from the ongoing Norwegian Dis-
ease Dementia Initiation (DDI) multicenter study, two 3D models—one off-the-shelf from the
NVIDIA nnU-Net framework and the other internally developed—were trained, validated,
and tested. A third cutting-edge Deep Bayesian network model (HyperMapp3r) was imple-
mented without any de-novo tuning to serve as a comparison architecture. The 2.5D in-
house developed and 3D nnU-Net models were trained and validated in-house across five
national collection sites among 441 participants from the DDI study, of whom 194 were men
and whose average age was (64.91 +/- 9.32) years. Both an external dataset with 29 cases
from a global collaborator and a held-out subset of the internal data from the 441 participants
were used to test all three models. These test sets were evaluated independently. The
ground truth human-in-the-loop segmentation was compared against five established WMH
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performance metrics. The 3D nnU-Net had the highest performance out of the three tested
networks, outperforming both the internally developed 2.5D model and the SOTA Deep
Bayesian network with an average dice similarity coefficient score of 0.76 +/- 0.16. Our find-
ings demonstrate that WMH segmentation models can achieve high performance when
trained exclusively on FLAIR input volumes that are 3D volumetric acquisitions. Single
image input models are desirable for ease of deployment, as reflected in the current embed-
ded clinical research project. The 3D nnU-Net had the highest performance, which suggests
a way forward for our need to automate WMH segmentation while also evaluating perfor-
mance metrics during on-going data collection and model retraining.

Introduction

Alzheimer’s disease (AD) is the most common type of dementia and is characterized by the
deposition of neurotoxic amyloid plaques in the cerebral cortex [1]. Amyloid plaques can be
identified using (amyloid) Positron Emission Tomography (PET) or by measuring the concen-
tration of amyloid-P species in cerebrospinal fluid. Cerebrovascular small vessel disease (SVD)
is an independent driver of dementia and the co-pathologies seen between AD and SVD [2].
Subcortical white matter hyperintensities (WMHs) of presumed vascular origin on
T2-weighted MRI are an established surrogate marker for SVD [3], but WMHs are also con-
sidered a core feature of AD [4].

Quantifying WMH lesion load through segmentation on MRI is relevant to the characteri-
zation of AD and vascular cognitive impairment. However, this introduces a large workload in
a neuroradiology service, and therefore, robust and automated segmentation software tools are
desirable [5].

Deep learning has demonstrated clinical value across a wide range of imaging applications
[6], including lesion segmentation in MRI. A recent report combined 2D T2-weighted fluid-
attenuated inversion recovery (FLAIR-weighted) and 3D T1-weighted images to yield good
WMH segmentation performance, arguably a state-of-the-art (SOTA) solution [7]. Other deep
learning-based WMH segmentation publications trained the models using either fully or partly
open-source datasets, for example, in the Medical Image Computing and Computer-assisted
Intervention (MICCAI) WMH segmentation challenge [8] and model comparison study [9].
Open-source data ensures that results can be readily compared. However, it remains to be seen
whether new data sources, such as those from other MRI systems and sites, will degrade per-
formance. The MICCAI WMH segmentation challenge has dramatically increased research
interest and collaboration, and there is a need to extend this work, i.e., build on the work that
included 170 participants, five different scanners, three different vendors, and three hospitals
in the Netherlands and Singapore. This previous effort relied on 3D T1-weighted and 2D
multi-slice FLAIR image acquisitions.

There is broad interest in automated WMH detection and quantification tools. Legacy
FLAIR data have been collected using 2D multi-slice sequences that yield high signal-to-noise
ratio images at the expense of through-plane spatial resolution. Whereas, a 3D and isotropic
voxel resolution FLAIR sequence is increasingly the norm. The current study aligns with an
ongoing Norwegian nationwide effort aimed at the early detection of AD [10]. Due to the large
number of participants, it is not feasible to manually segment WMH; this is compounded by
the fact that a 3D FLAIR has roughly three times as many slices as a 2D FLAIR, which increases
annotation time. Prior WMH research demonstrates the feasibility of segmentation based on
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3D FLAIR images [11, 12]; there is a need to extend this research with fast and automated
methods of which deep learning based approaches are highly relevant and enable large sample
size cohorts. Therefore the primary objective of this work is to examine deep learning solutions
that can yield robust segmentations across field strength and site.

The current study investigates three convolutional neural network (CNN) architectures
that are applied to 3D-acquired FLAIR images. Two trained networks—one of which was cre-
ated internally—were trained de-novo. Models were trained solely on 3D FLAIR-weighted
data from the multicenter Norwegian cohort. Performance was compared against a recently
published model, a Deep Bayesian network model (Hypermapp3r) [13], which has the distinc-
tion of requiring a FLAIR and a T1-weighted image when this model is run in inference mode.
Training a neural network that uses both FLAIR and T1-weighted inputs offers some advan-
tages, such as a higher signal-to-noise ratio and more information per participant. There are
disadvantages too; notably, image alignment and ease of implementation. Furthermore, a sin-
gle image input framework is conducive to large batches of MRI data. We hypothesized that
the two in-house trained models that used 3D FLAIR-weighted images will achieve high
WMH segmentation performance using widely accepted performance metrics for internal and
external data sources.

Materials and methods

In this section, we show the data statistics, information, and splits. We also show the methods
used, such as pre-processing, networks, and prediction methods.

Participants

The longitudinal Norwegian Disease Dementia Initiation (DDI) multicenter study, which
enrolled 441 adult participants (194 men), had a mean age of (64.91 +/- 9.32) years at the time
of enrollment. The DDI study includes five national sites with MRI performed on six different
scanners from three different vendors. Details of the study population included are reported
previously [14]. In short, individuals who reported cognitive concerns or as assessed by next of
kin were recruited mainly by advertisement, from memory clinics, or from a previous study.
Exclusion criteria were brain trauma or disorder, stroke, previous dementia diagnosis, severe
psychiatric disease, a severe somatic disease that might influence cognitive functions, intellec-
tual disability, or developmental disorders. Age-matched controls were recruited from adver-
tisements or were patients admitted to the hospital for orthopedic surgery. We also included a
second cohort of 29 adults that were scanned at a single site in the Czech Republic to serve as
an external test set. All participants provided written consent, and the study has been approved
by the regional ethics committee (REK SO 2013/150).

MRI data

3D FLAIR-weighted MR images were acquired at 1.5 T or 3 T. Relevant pulse sequence param-
eters are provided in Table 1. Table 2 provides the breakdown of data splitting. The intra-scan-
ner mean intensity distribution is shown in Fig 1, which shows some differences between
scanner types.

WMH distribution

The median and the interquartile range (IQR) of the total WMH volume per participant were
2.85 mL (1.25-58.2) mL, with a total range of (0.11-78.26) mL. The distribution of total WMH
in the internal test data had a median and IQR of 3.35 mL (1.14, 5.0) mL and a total range of
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Table 1. Dataset information for the internal dataset.

Institution Model Software Field Repetition Time Echo Time Flip Angle Resolution (x,y,z)
Strength (msec) (msec) (deg) (mm)
Scanner 1 Avanto syngo_MR_B19 1.5 1700 2.42 15 (1.2,1.05,1.05)
Scanner 2 Avanto syngo_MR_B19 1.5 1700 2.42 15 (1.2, 1.04, [1.0,1.04])
Scanner 3 Avanto syngo_MR_B19 1.5 1700 2.42 15 (1.2, 1.05, 1.05)
Scanner 4 Avanto syngo_MR_B19 1.5 1180 4.36 15 (1.0, 1.0, 1.0)
Scanner 5 Ingenia [5.1.7,5.3.0.3] 3.0 [4.47,4.91] [2.218,2.431] |8 ([1.0,1.2], 1.2, 1)
Scanner 6 Prisma syngo_MR_E11 3.0 2200 1.47 8 (1.0, 1.0, 1.0)
Scanner 7 Skyra syngo_MR_E11 3.0 2300.0 2.98 9 (1.2, 1.0, 1.0)
Scanner 8 Prisma syngo_MR_E11 3.0 2200 1.47 8 (1.0, 1.0, 1.0)
Scanner 8 Ingenia [5.1.7,5.1.7.2] 3.0 [4.48,4.92] [2.225,2.45] 8 ({1.0, 1.2], 1.0, 1.0)
Scanner 9 Skyra syngo_MR_D113C 3.0 2300 2.98 9 (1.2, 1.0, 1.0)
Scanner 10 Achieva [3.2.1,3.2.1.1] 3.0 [6.36, 6.72] [3.02, 3.14] 8 ({1.0, 1.2], 1.0, [1.0,
1.01])
Scanner 11 Ingenia [5.1.2,5.1.7,5.1.7.2] L5 [7.47,7.90] [3.40, 3.68] 8 (1.0, 1.0, 1.0)
Scanner 12 Optima [DV25.0_R01_1451.a. 15 [11.24, 11.38] [5.0, 5.05] 10 (1.2, [1.0, 1.04], [1.0,
MR450w DV25.1_R03_1802.a] 1.04])
Scanner 13 Skyra [syngo_MR_D113C, 3.0 2300 [2.97,2.98] 9 (1.2, [1.0, 1.01], 1.0,
syngo_MR_E11] 1.01])
External Prisma syngo_MR_E11 3.0 2200 1.47 8 (1.0, 1.0, 1.0)
Scanner 1

https:/doi.org/10.1371/journal.pone.0285683.t001

(0.15, 22.90) mL. The distribution for the total WMH in the external test data had a median
and IQR of 0.986 mL (0.611, 2.652) mL and a total range of (0.123, 21.252) mL.

Data annotation

Ground truth WMH annotations were generated as previously described. In brief, initial seg-
mentation estimates were obtained using Gaussian mixture modeling [14, 15]. These auto-
mated segmentations were subsequently visually reviewed and approved by a domain expert
neurologist (LP). For a subset of the cases, multiple iterations of the Gaussian mixture model
were needed to exclude false positives, and a consensus review with a second neurologist (PS)
was performed for cases with uncertain ground truth.

Network architectures

The two prototype networks were 2.5D- and 3D nnU-Net models trained on the Norwegian
cohort’s 3D FLAIR-weighted data. The former is a model developed in-house and referred to
as 2.5D to denote the role that neighboring slices/views contribute to the training and

Table 2. Splitting of MRI cases for training, validation, and testing across the different MR systems. The Avanto and Optima MR450 are 1.5 Tesla systems, and the
remaining 3 Tesla systems.

Data split Skyra Prisma Ingenia Optima MR450w Achieva Avanto
Training n = 300 28 11 155 62 31 13
Validation n = 75 6 2 37 14 12

Test (Internal) n = 66 9 4 27 14 6

Test (External) n = 29 - 29 - - - -

https://doi.org/10.1371/journal.pone.0285683.t002
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Fig 1. Intensity distribution of the data. The z-standardized intensity distributions for the foreground values across all participants for the
different scanners included in the study for the internal training, validation, and test datasets.

https://doi.org/10.1371/journal.pone.0285683.9001

inference [16]. The latter is the nnU-Net which has shown promising results for many differ-
ent medical image segmentation problems [17]. A third model was also considered in this
study; the Deep Bayesian networks (we will call this Deep Bayesian going forward), also called
the Hypermapp3r model, which has recently been described and was considered a state-of-
the-art WMH segmentation tool. Here, the Deep Bayesian was implemented “off the shelf”
and was previously trained on two image inputs (i.e., 3D T1- and 2D FLAIR-weighted images),
and no de-novo network training was performed for the current study.

2.5D U-Net. We used a 256x256 U-Net architecture [18] with encoding feature map sizes
of (32, 64, 256, 512). Each convolution block used the Mish activation function [19]. The
upsampling in the decoding layers consisted of transposed convolutions [20]. Using a
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2.5-dimensional U-Net configuration, three adjacent 3D FLAIR-weighted slices were used as
input on separate channels, with a prediction being made on the center channel. This model
had a total of 7.8 M parameter estimates and was developed in Pytorch [21]. Code can be
found in [22].

3D nnU-Net. A 3D DynUNet from the Medical Open Network for Artificial Intelligence
(MONAI) python library [23] was used as implemented in the 3D nnU-Net NVIDIA NGC cat-
alog [24] V. 21.11.0, where “nn” stands for “no new” to denote a widely used and standardized
U-Net implementation. We used default parameters for this model. The encoding feature map
sizes were: (32, 64, 128, 256, 320, 320). This model had a total of 31.2 M parameter estimates
and was developed in Pytorch.

Reference model: Deep Bayesian model (HyperMapp3r). This comparison model is
described as a Deep Bayesian using a 3D CNN based on the U-Net structure with Monte-
Carlo(MC) dropout at each encoding layer; the dropout layers allow for confidence intervals
to be estimates of uncertainty along with the predicted segmentation. The MC drop out a per-
centage of the layers for every inference making the model non-deterministic we are able to
find a variance estimate of the prediction. The encoding feature map sizes were (16, 32, 64,
128, 256) and had a total of 515 K parameters (MC drop out). This model was developed in
Keras [25, 26].

Data pre-processing

Data was converted from Digital Imaging and Communications in Medicine (DICOM) to
Neuroimaging Informatics Technology Initiative (NIfT1I) files using Mcverter [27] and inten-
sity bias-corrected using the N4 algorithm [28, 29]. Lesions below five voxels in diameter were
considered to represent noise and were removed from the dataset [30] using the diameter_o-
pening morphology function from scikit-image [31]. To reduce some of the noise, all intensity
values in the FLAIR images that were less than zero were set to zero.

2.5D U-Net. Intensity values above zero were used for z-standardization. Then, 1/12 of
the outermost slices from each plane were removed to decrease the amount of empty/non-
informative slices used during training.

3D nnU-Net. The standard 3D nnU-Net preprocessing framework was used, which
included z-normalization of intensity values above zero and resampling to an isotropic resolu-
tion of 1 mm®.

Deep Bayesian. The pre-processing steps described in the Deep Bayesian model included
N4 bias correction, skull-stripping for separating the brain from non-brain tissues [32], and z-
normalization of the segmented brain volumes.

Post-processing. The models’ probability outputs were thresholded at 0.5 to produce
binary segmentation masks.

Training & validation

In this section we summarize the main points of the training and validation for the different
models used in our experiments.

2.5D U-Net. The loss and evaluation metrics were calculated by first finding the loss and
scores in a mini-batch, which consisted of 8x3 individual slices selected from all three orthogo-
nal planes of the MRI volumes from four randomly sampled scan volumes. We applied the
same augmentation scheme as used in the 2017 MICCAI WMH Challenge-winning model
[33]. The mini-batch array was flattened along the slice axis, and a slightly modified version of
the Tversky focal loss function [34] was used, as specified in Eq 4.12 in [16].
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Following the recommendations in [34], we used y = 3. In the same paper, a = 0.70 and 8 =
0.30 was used with the aim of improving convergence by minimizing false negative predic-
tions, but in our case we chose values o = 0.85 and f§ = 0.15 to further minimize false negatives,
based on pilot data in our previous work [16]. Finally, we set Q = 1 to avoid zero division in
the absence of WMH.

During validation, the model weights were saved when the validation data had the highest
F, score, defined by the generalized F score given in Eq 4.5 in [16].

The parameter values for the F score were set to Q = 1 to avoid division by zero and = 2
(not to be confused with the Tversky f parameter) to match the objective of the Tversky focal
loss of optimizing for fewer false negatives.

After all the mini-batches for the epoch were completed, the result was set as the average
over all the mini-batch step results. The F, scores were only calculated for the validation set.
During the evaluation, the weights were saved at the maximum F,. The model was trained for
43 epochs and then stopped manually since the validation metric was found to plateau and
remain stable for >9 epochs.

The initial learning rate was 1 = 0.0001. A learning rate scheduler reduced the learning rate
by a factor of 0.2 every five plateau epochs. The learning rate was reduced if the validation loss
did not decrease for five epochs. A mini-batch size of 8x3 random slices was used, with eight
slices taken from three orientations of the volume.

We use an Adam optimizer [35] with the following parameters: betas = (0.9,0.999)
eps = le~® and weight decay = 0. The MONALI function “set determinism” with seed 0 and
“None” as additional settings, was used for reproducibility. All of these parameter values were
selected based on previous work from cited papers because grid search was too computation-
ally expensive.

Prediction during inference with simultaneous truth and performance level estima-
tion. Simultaneous truth and performance level estimation (STAPLE) is an algorithm that
was originally developed to estimate a single maximum likelihood segmentation from multiple
independent segmentations of the same object [36]. For the 2.5D U-Net model, one prediction
was made for each of the three orthogonal planes. Then, the STAPLE method was used during
inference to obtain a single maximum likelihood segmentation from individual segmentations
inferred from three orthogonal planes.

3D nnU-Net. The 3D nnU-Net model was trained and validated on the same data as the
in-house 2.5D U-Net model. Patch sizes of (128,128,128) were used during training and infer-
ence. Foreground class oversampling, mirroring, zooming, Gaussian noise, Gaussian blur,
brightness, and contrast were all used as augmentation techniques. The optimizer used was
Adam, and the loss function was the average of DSC and cross-entropy losses.

The framework also used Automatic Mixed Precision (AMP) which greatly increased speed
[37]. For testing, the model used test time augmentation (TTA), which has been shown to
improve results [38].

The weights with the highest DSC score on the validation data were saved and, after finish-
ing training, used for the test data evaluation. This highly optimized model was able to train
for 600 iterations before it was forced to stop when the validation score did not increase after
100 iterations.

Deep Bayesian (Hypermapp3r) comparison model. We ran this comparison model
exclusively on the test datasets and used "out of the box’ pre-trained weights. The model was
trained using an augmentation scheme that consisted of four transformations: flipping along
the horizontal axis; random rotation by an angle o+90 along the y and z axes; and the addition
of Rician noise generated by applying the magnitude operation to images with added complex
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noise, where each channel of the noise is independently sampled from a Gaussian distribution
with random o = (0.001, 0.2) and changing image intensity by y = (0.1, 0.5).

Since this model requires a brain mask, the test data was segmented using the HD-BET seg-
mentation tool [39]. We then inferred our data using the Deep Bayesian model. We used the
batch command for their software “seg_wmh” with the paths for FLAIR-weighted images,
T1-weighted images, and a brain mask. This model used two input channels—FLAIR-
weighted and T1-weighted—compared to the in-house trained models, which only used one
FLAIR-weighted image input. During inference, the model generated twenty predictions per
participant to develop an uncertainty map of the segmentation. For this reason the full predic-
tion time took longer than the other models.

Test metrics

We used the following metrics on the test datasets, chosen to align with the results from the
MICCAI WMH challenge:

o Dice similarity coefficient (DSC) [40].

 Hausdorff distance [41] (HD95, modified, 95th percentile in mm). For this metric, smaller
values represent better performance.

« Average volume difference (AVD, in percentage). For this metric, smaller values represent
better performance.

« Recall for individual lesions [42]
 Fl-score for individual lesions [43]

The implementation of these metrics was found on the MICCAI WMH Challenge website.

The metrics used in some examples are true positive (TP) which is the overlap between
annotated data and prediction. False positives (FP) are where there are predictions but no
annotation, and false negatives (FN) are where there are no predictions but there is
annotation.

Test statistics

Since the performance metrics in the test dataset, in general, were not found to be normally
distributed using the Shapiro-Wilk test, we used non-parametric test statistics. Friedman’s
related samples from Analysis of Variance (ANOVA) by Ranks were used to test the null
hypothesis that the distribution of each test metric across subjects was the same for all three
models, whereas the alternative hypothesis was that they were not the same. An additional
pair-wise comparison was performed between the models. Statistical analyses were performed
in SPSS V.28.0 (IBM SPSS Statistics). The significance level was set to p = .05.

Results

In this section, we show the segmentation results of the models.

Segmentation results

The results for the validation data for the two in-house trained models are shown in Fig 2.

Both models’ performances were lesion size-dependent, with better performance for 3D
nnU-Net in the larger lesions, as shown in Fig 3. The 2.5D model is shown to be more sensitive
as the recall is generally higher, but with lower precision compared to the nnU-Net model.
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Fig 2. Validation data results. Performance results in the validation data. ns: p < = 1.00e+00, *: 1.00e-02 < p < =
5.00e-02, **: 1.00e-03 < p < = 1.00e-02, ***: 1.00e-04 < p < = 1.00e-03,"***: p < = 1.00e-04.

https://doi.org/10.1371/journal.pone.0285683.9002

Test data segmentation results: All three models. The 3D nnU-Net model performed
the best for all metrics except Recall on the internal dataset and h95 in the external dataset (see
Figs 4 and 5).

For the internal test set, average (+/- std.dev) DSC scores were 0.68 (+/- 0.17), 0.76 (+/-
0.16), and 0.61 (+/- 0.23) for the 2.5D U-Net, 3D nnU-Net, and Deep Bayesian models,
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Fig 3. Lesion size results from validation data. Recall and precision scores for 2.5D U-Net versus 3D nnU-Net, grouped according to lesion size for the

validation data.

https://doi.org/10.1371/journal.pone.0285683.9g003

respectively. The corresponding DSC scores for the external test set were 0.55 (+/- 0.20), 0.67
(+/- 0.16), and 0.54 (+/- 0.17).

Overall, there were significant differences in model performance for all metrics and both
test sets (Related-Samples Friedman’s Two-Way Analysis of Variance by Ranks, p < 0.001).
The 3D nnU-Net was found to have the best performance for most of the metrics compared to
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Fig 4. Internal test data results. Performance results in the internal test data. ns: p < = 1.00e+00, *: 1.00e-02 < p < =
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https://doi.org/10.1371/journal.pone.0285683.9004

the 2.5D and Deep Bayesian models. Figs 6 and 7 show the recall and precision as functions of
lesion size for the internal and external test datasets, respectively. As expected, the perfor-
mances are trending upward as the lesion sizes increase.

Fig 8 shows sample cases of segmentation performance for all three models for three differ-
ent participants in the internal test set. Here, the yellow color denotes over-segmentation, the
red color denotes under-segmentation, and the green color denotes correct segmentation.

Large lesions appear to be detected with a high level of ground truth overlap. There seems
to be more uncertainty, especially for the 2.5D and Deep Bayesian where the lesions are more
smudged out.

Fig 9 shows the example segmentation from three different participants in the external test
dataset for the three different models.
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Fig 5. External test data results. Performance results in the external test dataset. ns: p < = 1.00e+00, *: 1.00e-02 < p <
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Discussion

In the present study, we evaluated the performance of 2.5D and 3D nnU-Net CNN models for
their ability to segment WMH based on volumetrically acquired FLAIR-weighted MRI
sequences across a range of older adult participants and in the context of a multi-center pre-
dementia imaging initiative. We compared these architectures against a recently published
SOTA Deep Bayesian model. The present study is novel because it involved a large sample of
participants from a national multi-center pre-dementia case-control study in which near-iso-
tropic 3D FLAIR-weighted images were acquired and domain experts carefully reviewed seg-
mentations to establish a reliable ground truth.

The ground truth as previously mentioned in the method section was developed by using
an established method that can be rerun if the domain expert was not satisfied. This method is
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Fig 6. Internal test data results. Lesion recall and lesion precision scores for 2.5D U-Net, 3D nnU-Net and Deep Bayesian, grouped according to lesion size for
the internal test data.

https://doi.org/10.1371/journal.pone.0285683.9g006

not as good as if the annotation were made by hand, but generating this many examples manu-
ally is not feasible in practice. In these experiments we avoided comparing to non deep-learn-
ing methods as our aim is to get a model in production with supervision and iterate upon the
model with new data and update based on new feedback in a production setting. Most deep
learning approaches seem promising as seen in the WMH challenge, hence we chose models
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Fig 7. External test data results. Lesion recall and lesion scores for 2.5D U-Net, 3D nnU-Net and Deep Bayesian, grouped according to lesion size for the
external test data.

https://doi.org/10.1371/journal.pone.0285683.g007

for comparison that are somewhat unique. The 2.5D -model had promising results in the
authors master thesis and covers an example from the 2D models while the Deep Bayesian
model covers data from both out of sample T1 and FLAIR with interesting prediction outputs
such as probability maps. The ability to get a good probability map for the prediction can be
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Fig 8. Internal test data results. Predictions based on internal test data overlaid on FLAIR for three participants. The
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zoomed-in view of an area of interest. The last columns show the segmentation results for the three different models.
Green shows true positive voxels, red shows false negatives, and yellow shows false positives.

https://doi.org/10.1371/journal.pone.0285683.g008

important for interpretation. This could be added to the 3D nnU-Net by either having an
ensemble or adding MC dropout layers to the model.

In larger, previously reported research projects such as the MICCAI segmentation chal-
lenge, 2D FLAIR-weighted together with 3D T1 were used as data. The Deep Bayesian model
used as an external test model in our research was trained on combined imaging features from
3D T1- and 2D FLAIR-weighted images by the original authors. This model was tested to see if
the “out of the box” solution could be a better solution and to compare if adding T1 would
improve the results dramatically.

The two in-house trained models in our study were exclusively using 3D FLAIR-weighted
images. From a clinical perspective, it is appealing to produce an automated WMH

PLOS ONE | https://doi.org/10.1371/journal.pone.0285683  August 24, 2023 15/21


https://doi.org/10.1371/journal.pone.0285683.g008
https://doi.org/10.1371/journal.pone.0285683

PLOS ONE Segmenting white matter hyperintensities on isotropic three-dimensional Fluid Attenuated Inversion Recovery

Zoomed in Prediction 2.5D Prediction 3D nn-UNet Prediction Deep Bayesia
aw

18
| il y

g - - ey

.

Prediction 2.5D Prediction 3D nn-UNet Prediction Deep Bayesia

¥ ¥

Prediction 2.5D Prediction 3D nn-UNet

Fig 9. External test data results. Predictions based on external test data overlaid on FLAIR for three participants. The
first column shows three slices from each orientation for three different participants. The second column shows a
zoomed-in view of an area of interest. The last columns show the segmentation results for the three different models.
Green shows true positive voxels, red shows false negatives, and yellow shows false positives.
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segmentation using only one MRI sequence, obviating the need for new quality control and/or
co-registration of multiple image inputs while also reducing complexity and barriers to adop-
tion in a clinical setting.

The 2.5D and 3D U-Net models performed favorably in comparison with the reference
SOTA Deep Bayesian model, if DSC score is concerned. Overall, the in-house-trained 3D
nnU-Net model had the best performance across all of the test metrics. As expected, the per-
formance of all three models was strongly dependent on lesion size, with a rapid drop in per-
formance for individual lesion volumes of less than 0.2 mL.

The reason for the low recall and F; scores in the smallest lesions is the severe penalty for
just misclassifying a few voxels. Detecting tiny lesions is of interest and potentially clinically
meaningful. Further work will aim to increase the number of cases with small lesions across
multiple scanner types. The 2.5D model seems to detect the smaller lesions better, with an
average recall of ~0.63, at the cost of precision, at ~0.25 for the smallest lesions.

Interestingly, the reference model’s performance was inferior for all metrics in our test data
compared to the previously published test results from the Deep Bayesian model. A DSC of 0.61
(+/- 0.23), compared to the previously reported value of 0.893 (+/- 0.08). It must be declared
that no new training was given to the reference model. However, these performance differences
highlight the need for broad and diverse deep learning models [44]. It is also worth mentioning
that the in-house trained models had in excess of 7 M parameters, whereas the Deep Bayesian
model only has 515 K parameters (MC dropout). One might expect that models with more
parameters should be able to learn more subtle image features, but this could also make them
more susceptible to overfitting. Several sources could have contributed to differences in perfor-
mances for the models, i.e. data inputs, image processing steps, and architecture. Therefore, it is
important to note differences in performance on a relative but not an absolute scale.

It would be interesting to increase the number of parameters in the Deep Bayesian, given its
good performance in its current form. The Deep Bayesian also generates an uncertainty map that
can be very useful for further analysis. As previously stated, an ensemble of the in-house trained
models could be attempted in the future to obtain similar uncertainty maps and reduce variance.

We also observed a ~12% drop in DSC on the external test data. Although the data sets
were acquired with a similar 3D FLAIR-weighted protocol, there were some clear differences
in the intra-scanner distributions, as shown in the first figure. The external test dataset only
contained images from a single Prisma scanner, while the training data only included 11 cases
from Prisma. The lack of training cases from this scanner type may explain the reduced model
performance for the external dataset. Another possibility is that the distribution for the total
WMH volume in the external test data had a median and IQR of 0.986 mL (0.611, 2.652) mL
and a total range of (0.123, 21.252) mL, which was lower than the internal test data with a
median and IQR of 3.35 mL (1.14, 5.0) mL and a total range of (0.15, 22.90) mL. Since the
external dataset had a smaller median WMH volume, the lower scores could have been caused
by the recall/precision being generally worse for the smaller lesions.

Although the intensity distributions for the different scanner types are mostly overlapping,
we could apply an adaptive histogram normalization method as part of the pre-processing pro-
cedure [45] to make the distributions the same shape for all scanners or apply a brain extrac-
tion algorithm to remove non-brain tissue from the analysis [46]. This was not performed in
our study as we wanted to avoid excessive pre-processing requirements.

Limitations

First, although the in-house trained models were trained and validated on a large dataset
(n = 375 participants across five national sites and six scanner types), the test sets of n = 66
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(internal) and n = 29 (external) were modestly sized. Ultimately, these sample sizes reflect a
degree of pragmatism to train, evaluate, and deploy models while recognizing the bottleneck
of performing 470 ground truth segmentations.

Second, the in-house trained models were only trained on FLAIR-weighted data, whereas
the reference model was trained on a combination of FLAIR-weighted and T1-weighted data.
Our results do, however, suggest that T1-weighted images may not be needed for WMH seg-
mentation. More explicit work on this is warranted. An issue with a direct comparison of the
two in-house trained models is that they have different post-processing methods for predic-
tions. The 2.5D model uses STAPLE on predictions from all three orientations, while the 3D
nnU-Net uses test-time augmentation. The idea behind this is that we wanted to see what the
best configurations from previous literature for the models would result in without the need
for extensive parameter searches.

Third, the test and validation data sets were not annotated manually from scratch. Rather,
annotations were based on segmentation using an established non-CNN-based algorithm,
which was then reviewed and approved by one or two domain experts for the final ground
truth. Given the large amount of data in the 3D series (> 200 2D slices per 3D FLAIR volume),
fully manual annotation of the complete test dataset was not feasible in our current setup.

Finally, the models investigated have not yet been used prospectively, so it remains to be
determined whether these CNN tools can be used across a wide range of patients. This will be
the important final step in investigating clinical utility and whether this is a robust tool for
widespread national use in ongoing national AD MRI studies.

There are certain considerations that have to be taken into account when comparing the in-
house-trained models with the reference model. Making a direct comparison between the in-
house and external models is not fair as they are not trained on the same cohort. The reason
for including an external model is to check the difference between off-the-shelf trained models
and in-house trained models in an effort to see the generalizability of SOT A-level models. The
orientation of the training data can also affect the models in a way that, if it isn’t considered,
can lead to poor performance in testing. There is also a difference in the pre-processing and
post-processing methods between the models.

Conclusions

Using 3D FLAIR-weighted images acquired at both 1.5T and 3T, automated and reliable
WMH segmentation was achieved. Our findings indicate that models relying on single 3D-
acquired FLAIR image inputs produced WMH segmentation masks that were comparable and
slightly better than a SOTA approach that used pairs of MR images. This research helps to sup-
port efforts towards large scale WMH assessments, particularly for our national Norwegian
clinical research initiative. The 3D nnU-Net had the highest performance scores; thus, we will
continue to test it on new data and automate the segmentation of WMH in our ongoing AD-
related research projects.

Author Contributions

Conceptualization: Martin Soria Revang.

Data curation: Martin Soria Revang, Per Selnes.
Formal analysis: Martin Soria Revang, Carole Sudre.
Funding acquisition: Tormod Fladby.

Investigation: Martin Soria Revang.

PLOS ONE | https://doi.org/10.1371/journal.pone.0285683  August 24, 2023 18/21


https://doi.org/10.1371/journal.pone.0285683

PLOS ONE

Segmenting white matter hyperintensities on isotropic three-dimensional Fluid Attenuated Inversion Recovery

Methodology: Martin Soria Revang, Tormod Fladby.

Project administration: Martin Soria Revang, Tormod Fladby.

Software: Martin Soria Revang, Carole Sudre.

Supervision: Martin Soria Rgvang.

Validation: Martin Soria Revang.

Visualization: Martin Soria Revang.

Writing - review & editing: Per Selnes, Bradley J. MacIntosh, Inge Rasmus Groote, Lene

Péalhaugen, Carole Sudre, Tormod Fladby, Atle Bjgrnerud.

References

1.

10.

11.

12.

13.

14.

Jack CR Jr, Knopman DS, Jagust WJ, Petersen RC, Weiner MW, Aisen PS, et al. Tracking pathophysi-
ological processes in Alzheimer’s disease: an updated hypothetical model of dynamic biomarkers. Lan-
cet Neurol. 2013; 12: 207-216. https://doi.org/10.1016/S1474-4422(12)70291-0 PMID: 23332364

Valenti R. Cerebral Small Vessel Disease and Cerebral Amyloid Angiopathy: Neuroimaging Markers,
Cognitive Features and Rehabilitative Issues. 2017.

Wardlaw JM, Smith EE, Biessels GJ, Cordonnier C, Fazekas F, Frayne R, et al. Neuroimaging stan-
dards for research into small vessel disease and its contribution to ageing and neurodegeneration. Lan-
cet Neurol. 2013; 12: 822-838. https://doi.org/10.1016/S1474-4422(13)70124-8 PMID: 23867200

Lee S, Vigar F, Zimmerman ME, Narkhede A, Tosto G, Benzinger TLS, et al. White matter hyperintensi-
ties are a core feature of Alzheimer’s disease: Evidence from the dominantly inherited Alzheimer net-
work. Ann Neurol. 2016; 79: 929-939. https://doi.org/10.1002/ana.24647 PMID: 27016429

Debette S, Markus HS. The clinical importance of white matter hyperintensities on brain magnetic reso-
nance imaging: systematic review and meta-analysis. BMJ. 2010; 341: ¢3666. https://doi.org/10.1136/
bmj.c3666 PMID: 20660506

Liu X, Faes L, Kale AU, Wagner SK, Fu DJ, Bruynseels A, et al. A comparison of deep learning perfor-
mance against health-care professionals in detecting diseases from medical imaging: a systematic
review and meta-analysis. Lancet Digit Health. 2019; 1: e271-e297. https://doi.org/10.1016/S2589-
7500(19)30123-2 PMID: 33323251

Li X, Zhao'Y, Jiang J, Cheng J, Zhu W, Wu Z, et al. White matter hyperintensities segmentation using
an ensemble of neural networks. Hum Brain Mapp. 2022; 43: 929-939. https://doi.org/10.1002/hbm.
25695 PMID: 34704337

Kuijf HJ, Casamitjana A, Collins DL, Dadar M, Georgiou A, Ghafoorian M, et al. Standardized Assess-
ment of Automatic Segmentation of White Matter Hyperintensities and Results of the WMH Segmenta-
tion Challenge. IEEE Trans Med Imaging. 2019; 38: 2556—2568. https://doi.org/10.1109/TMI.2019.
2905770 PMID: 30908194

Guerrero R, Qin C, Oktay O, Bowles C, Chen L, Joules R, et al. White matter hyperintensity and stroke
lesion segmentation and differentiation using convolutional neural networks. Neuroimage Clin. 2018;
17:918-934. https://doi.org/10.1016/j.nicl.2017.12.022 PMID: 29527496

Fladby T, Palhaugen L, Selnes P, Waterloo K, Brathen G, Hessen E, et al. Detecting At-Risk Alzhei-
mer’s Disease Cases. J Alzheimers Dis. 2017; 60: 97—105. https://doi.org/10.3233/JAD-170231 PMID:
28826181

Zhong Y, Utriainen D, Wang Y, Kang Y, Haacke EM. Automated White Matter Hyperintensity Detection
in Multiple Sclerosis Using 3D T2 FLAIR. Int J Biomed Imaging. 2014; 2014: 239123. https://doi.org/10.
1155/2014/239123 PMID: 25136355

Simoées R, Ménninghoff C, Dlugaj M, Weimar C, Wanke |, van Cappellen van Walsum A-, et al. Auto-
matic segmentation of cerebral white matter hyperintensities using only 3D FLAIR images. Magn
Reson Imaging. 2013; 31: 1182-1189. https://doi.org/10.1016/j.mri.2012.12.004 PMID: 23684961

Mojiri Forooshani P, Biparva M, Ntiri EE, Ramirez J, Boone L, Holmes MF, et al. Deep Bayesian net-
works for uncertainty estimation and adversarial resistance of white matter hyperintensity segmenta-
tion. Hum Brain Mapp. 2022; 43: 2089-2108. https://doi.org/10.1002/hbm.25784 PMID: 35088930

Palhaugen L, Sudre CH, Tecelao S, Nakling A, Aimdahl IS, Kalheim LF, et al. Brain amyloid and vascu-
lar risk are related to distinct white matter hyperintensity patterns. J Cereb Blood Flow Metab. 2021; 41:
1162—1174. https://doi.org/10.1177/0271678X20957604 PMID: 32955960

PLOS ONE | https://doi.org/10.1371/journal.pone.0285683  August 24, 2023 19/21


https://doi.org/10.1016/S1474-4422%2812%2970291-0
http://www.ncbi.nlm.nih.gov/pubmed/23332364
https://doi.org/10.1016/S1474-4422%2813%2970124-8
http://www.ncbi.nlm.nih.gov/pubmed/23867200
https://doi.org/10.1002/ana.24647
http://www.ncbi.nlm.nih.gov/pubmed/27016429
https://doi.org/10.1136/bmj.c3666
https://doi.org/10.1136/bmj.c3666
http://www.ncbi.nlm.nih.gov/pubmed/20660506
https://doi.org/10.1016/S2589-7500%2819%2930123-2
https://doi.org/10.1016/S2589-7500%2819%2930123-2
http://www.ncbi.nlm.nih.gov/pubmed/33323251
https://doi.org/10.1002/hbm.25695
https://doi.org/10.1002/hbm.25695
http://www.ncbi.nlm.nih.gov/pubmed/34704337
https://doi.org/10.1109/TMI.2019.2905770
https://doi.org/10.1109/TMI.2019.2905770
http://www.ncbi.nlm.nih.gov/pubmed/30908194
https://doi.org/10.1016/j.nicl.2017.12.022
http://www.ncbi.nlm.nih.gov/pubmed/29527496
https://doi.org/10.3233/JAD-170231
http://www.ncbi.nlm.nih.gov/pubmed/28826181
https://doi.org/10.1155/2014/239123
https://doi.org/10.1155/2014/239123
http://www.ncbi.nlm.nih.gov/pubmed/25136355
https://doi.org/10.1016/j.mri.2012.12.004
http://www.ncbi.nlm.nih.gov/pubmed/23684961
https://doi.org/10.1002/hbm.25784
http://www.ncbi.nlm.nih.gov/pubmed/35088930
https://doi.org/10.1177/0271678X20957604
http://www.ncbi.nlm.nih.gov/pubmed/32955960
https://doi.org/10.1371/journal.pone.0285683

PLOS ONE Segmenting white matter hyperintensities on isotropic three-dimensional Fluid Attenuated Inversion Recovery

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Cardoso MJ, Modat M, Wolz R, Melbourne A, Cash D, Rueckert D, et al. Geodesic Information Flows:
Spatially-Variant Graphs and Their Application to Segmentation and Fusion. IEEE Trans Med Imaging.
2015; 34: 1976-1988. https://doi.org/10.1109/TMI.2015.2418298 PMID: 25879909

Revang MS. Deep learning-based segmentation of white matter hyperintensities in magnetic resonance
images: An early marker for development of Alzheimer’s disease. 2021. Available: https://www.duo.uio.
no/handle/10852/87460

Isensee F, Jaeger PF, Kohl SAA, Petersen J, Maier-Hein KH. nnU-Net: a self-configuring method for
deep learning-based biomedical image segmentation. Nat Methods. 2021; 18: 203—211. https://doi.org/
10.1038/s41592-020-01008-z PMID: 33288961

Ronneberger O, Fischer P, Brox T. U-Net: Convolutional Networks for Biomedical Image Segmentation.
Medical Image Computing and Computer-Assisted Intervention—-MICCAI 2015. Springer International
Publishing; 2015. pp. 234-241.

Misra D. Mish: A Self Regularized Non-Monotonic Activation Function. arXiv [cs.LG]. 2019. Available:
http://arxiv.org/abs/1908.08681

Zeiler MD, Krishnan D, Taylor GW, Fergus R. Deconvolutional networks. 2010 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition. 2010. pp. 2528-2535.

Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, et al. PyTorch: An Imperative Style,
High-Performance Deep Learning Library. In: Wallach H, Larochelle H, Beygelzimer A, d\textquotesin-
gle Alché-Buc F, Fox E, Garnett R, editors. Advances in Neural Information Processing Systems 32.
Curran Associates, Inc.; 2019. pp. 8024-8035.

Regvang MS. WMH_segmentation. Github; Available: https://github.com/MartinRovang/WMH_
segmentation

MONAI Consortium. MONAI: Medical Open Network for Al. 2022. https://doi.org/10.5281/zenodo.
6639453

NnU-Net for PyTorch. In: NVIDIA NGC Catalog [Internet]. [cited 12 Oct 2022]. Available: https://catalog.
ngc.nvidia.com/orgs/nvidia/resources/nnunet_for_pytorch

Keras: the Python deep learning API. [cited 12 Oct 2022]. Available: https://keras.io/

Abadi M, Barham P, Chen J, Chen Z, Davis A, Dean J, et al. TensorFlow: A system for large-scale
machine learning. arXiv [cs.DC]. 2016. Available: http://arxiv.org/abs/1605.08695

MRIConvert and mcverter—LCNI. [cited 1 Nov 2022]. Available: https://Icni.uoregon.edu/downloads/
mriconvert/mriconvert-and-mcverter

Tustison NJ, Avants BB, Cook PA, Zheng Y, Egan A, Yushkevich PA, et al. N4ITK: improved N3 bias
correction. IEEE Trans Med Imaging. 2010; 29: 1310-1320. https://doi.org/10.1109/TMI.2010.2046908
PMID: 20378467

Avants BB, Tustison N, Johnson H. Advanced Normalization Tools (ANTS). [cited 1 Nov 2022]. Avail-
able: https://scicomp.ethz.ch/public/manual/ants/2.x/ants2.pdf

Wahlund LO, Barkhof F, Fazekas F, Bronge L, Augustin M, Sjégren M, et al. A new rating scale for age-
related white matter changes applicable to MRI and CT. Stroke. 2001; 32: 1318—-1322. https://doi.org/
10.1161/01.str.32.6.1318 PMID: 11387493

Van der Walt S, Schonberger JL, Nunez-Iglesias J, Boulogne F, Warner JD, Yager N, et al. scikit-
image: image processing in Python. Peerd. 2014; 2: e453. https://doi.org/10.7717/peer|.453 PMID:
25024921

Goubran M, Ntiri EE, Akhavein H, Holmes M, Nestor S, Ramirez J, et al. Hippocampal segmentation for
brains with extensive atrophy using three-dimensional convolutional neural networks. Hum Brain Mapp.
2020; 41: 291-308. https://doi.org/10.1002/hbm.24811 PMID: 31609046

LiH, Jiang G, Zhang J, Wang R, Wang Z, Zheng W-S, et al. Fully convolutional network ensembles for
white matter hyperintensities segmentation in MR images. Neuroimage. 2018; 183: 650-665. https://
doi.org/10.1016/j.neuroimage.2018.07.005 PMID: 30125711

Abraham N, Khan NM. A Novel Focal Tversky loss function with improved Attention U-Net for lesion
segmentation. arXiv [cs.CV]. 2018. Available: http://arxiv.org/abs/1810.07842

Kingma DP, Ba J. Adam: A Method for Stochastic Optimization. arXiv [cs.LG]. 2014. Available: http://
arxiv.org/abs/1412.6980

Warfield SK, Zou KH, Wells WM. Simultaneous truth and performance level estimation (STAPLE): an
algorithm for the validation of image segmentation. IEEE Trans Med Imaging. 2004; 23: 903-921.
https://doi.org/10.1109/TMI.2004.828354 PMID: 15250643

Abstract. [cited 17 Nov 2022]. Available: https://docs.nvidia.com/deeplearning/performance/mixed-
precision-training/index.html

PLOS ONE | https://doi.org/10.1371/journal.pone.0285683  August 24, 2023 20/21


https://doi.org/10.1109/TMI.2015.2418298
http://www.ncbi.nlm.nih.gov/pubmed/25879909
https://www.duo.uio.no/handle/10852/87460
https://www.duo.uio.no/handle/10852/87460
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1038/s41592-020-01008-z
http://www.ncbi.nlm.nih.gov/pubmed/33288961
http://arxiv.org/abs/1908.08681
https://github.com/MartinRovang/WMH_segmentation
https://github.com/MartinRovang/WMH_segmentation
https://doi.org/10.5281/zenodo.6639453
https://doi.org/10.5281/zenodo.6639453
https://catalog.ngc.nvidia.com/orgs/nvidia/resources/nnunet_for_pytorch
https://catalog.ngc.nvidia.com/orgs/nvidia/resources/nnunet_for_pytorch
https://keras.io/
http://arxiv.org/abs/1605.08695
https://lcni.uoregon.edu/downloads/mriconvert/mriconvert-and-mcverter
https://lcni.uoregon.edu/downloads/mriconvert/mriconvert-and-mcverter
https://doi.org/10.1109/TMI.2010.2046908
http://www.ncbi.nlm.nih.gov/pubmed/20378467
https://scicomp.ethz.ch/public/manual/ants/2.x/ants2.pdf
https://doi.org/10.1161/01.str.32.6.1318
https://doi.org/10.1161/01.str.32.6.1318
http://www.ncbi.nlm.nih.gov/pubmed/11387493
https://doi.org/10.7717/peerj.453
http://www.ncbi.nlm.nih.gov/pubmed/25024921
https://doi.org/10.1002/hbm.24811
http://www.ncbi.nlm.nih.gov/pubmed/31609046
https://doi.org/10.1016/j.neuroimage.2018.07.005
https://doi.org/10.1016/j.neuroimage.2018.07.005
http://www.ncbi.nlm.nih.gov/pubmed/30125711
http://arxiv.org/abs/1810.07842
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
https://doi.org/10.1109/TMI.2004.828354
http://www.ncbi.nlm.nih.gov/pubmed/15250643
https://docs.nvidia.com/deeplearning/performance/mixed-precision-training/index.html
https://docs.nvidia.com/deeplearning/performance/mixed-precision-training/index.html
https://doi.org/10.1371/journal.pone.0285683

PLOS ONE Segmenting white matter hyperintensities on isotropic three-dimensional Fluid Attenuated Inversion Recovery

38.

39.

40.

41.
42,

43.

44,

45.

46.

Simonyan K, Zisserman A. Very Deep Convolutional Networks for Large-Scale Image Recognition.
arXiv [cs.CV]. 2014. Available: http://arxiv.org/abs/1409.1556

Isensee F, Schell M, Pflueger |, Brugnara G, Bonekamp D, Neuberger U, et al. Automated brain extrac-
tion of multisequence MRI using artificial neural networks. Hum Brain Mapp. 2019; 40: 4952—-4964.
https://doi.org/10.1002/hbm.24750 PMID: 31403237

Sgrensen TJ. A method of establishing groups of equal amplitude in plant sociology based on similarity
of species content and its application to analyses of the vegetation on Danish commons. Kabenhavn: |
kommission hos E. Munksgaard; 1948.

Tyrrell Rockafellar R, Wets RJB. Variational Analysis. Springer Berlin Heidelberg.

Ceragioli F. System modeling and optimization: Proceedings of the 22nd ifip Tc7 conference, July 18—
22, 2005, Turin, ltaly. Ceragioli F, Dontchev A, Furuta H, Marti K, Pandolfi L, editors. New York, NY:
Springer; 2006. https://doi.org/10.1007/0-387-33006-2

Taha AA, Hanbury A. Metrics for evaluating 3D medical image segmentation: analysis, selection, and
tool. BMC Med Imaging. 2015; 15: 29. https://doi.org/10.1186/s12880-015-0068-x PMID: 26263899

D’Amour A, Heller K, Moldovan D, Adlam B, Alipanahi B, Beutel A, et al. Underspecification Presents
Challenges for Credibility in Modern Machine Learning. arXiv [cs.LG]. 2020. Available: http:/arxiv.org/
abs/2011.03395

Sun X, ShiL, LuoY, Yang W, Li H, Liang P, et al. Histogram-based normalization technique on human
brain magnetic resonance images from different acquisitions. Biomed Eng Online. 2015; 14: 73. https://
doi.org/10.1186/512938-015-0064-y PMID: 26215471

de Oliveira M, Piacenti-Silva M, da Rocha FCG, Santos JM, Cardoso JDS, Lisboa-Filho PN. Lesion Vol-
ume Quantification Using Two Convolutional Neural Networks in MRIs of Multiple Sclerosis Patients.
Diagnostics (Basel). 2022;12. https://doi.org/10.3390/diagnostics 12020230 PMID: 35204321

PLOS ONE | https://doi.org/10.1371/journal.pone.0285683  August 24, 2023 21/21


http://arxiv.org/abs/1409.1556
https://doi.org/10.1002/hbm.24750
http://www.ncbi.nlm.nih.gov/pubmed/31403237
https://doi.org/10.1007/0-387-33006-2
https://doi.org/10.1186/s12880-015-0068-x
http://www.ncbi.nlm.nih.gov/pubmed/26263899
http://arxiv.org/abs/2011.03395
http://arxiv.org/abs/2011.03395
https://doi.org/10.1186/s12938-015-0064-y
https://doi.org/10.1186/s12938-015-0064-y
http://www.ncbi.nlm.nih.gov/pubmed/26215471
https://doi.org/10.3390/diagnostics12020230
http://www.ncbi.nlm.nih.gov/pubmed/35204321
https://doi.org/10.1371/journal.pone.0285683

