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a b s t r a c t 

Background and Objective: Patients with migraine show an increased presence of white matter hyperin- 

tensities (WMHs), especially deep WMHs. Segmentation of small, deep WMHs is a critical issue in man- 

aging migraine care. Here, we aim to develop a novel approach to segmenting deep WMHs using deep 

neural networks based on the U-Net. 

Methods: 148 non-elderly subjects with migraine were recruited for this study. Our model consists of two 

networks: the first identifies potential deep WMH candidates, and the second reduces the false positives 

within the candidates. The first network for initial segmentation includes four down-sampling layers and 

four up-sampling layers to sort the candidates. The second network for false positive reduction uses a 

smaller field-of-view and depth than the first network to increase utilization of local information. 

Results: Our proposed model segments deep WMHs with a high true positive rate of 0.88, a low false 

discovery rate of 0.13, and F 1 score of 0.88 tested with ten-fold cross-validation. Our model was automatic 

and performed better than existing models based on conventional machine learning. 

Conclusion: We developed a novel segmentation framework tailored for deep WMHs using U-Net. Our 

algorithm is open-access to promote future research in quantifying deep WMHs and might contribute to 

the effective management of WMHs in migraineurs. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Migraine is one of the primary headache disorders, affecting

0% of the worldwide population. It is associated with nausea

nd vomiting, and conspicuous sensory, motor, and mood distur-

ances [1] . Patients with migraine often show an increased pres-

nce of white matter hyperintensities (WMHs) [2,3] . WMHs appear

n T2-weighted and fluid-attenuated inversion recovery (FLAIR)

agnetic resonance (MR) images [4] . WMHs are further classi-

ed into periventricular and deep WMHs, and both types show

istinct risk factors and clinical implications [5] . Studies have re-

orted that periventricular WMHs are associated with a decline in

ognitive function and cerebral blood flow, and deep WMHs are of

ypoxic/ischemic origin linked with a higher incidence of migraine

6–9] . These suggest the potential use of WMHs as biomarkers to

mprove therapy planning in migraine patients. In this study, we
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ocus on analytical tools to quantify deep WMHs related to mi-

raine. 

Quantifying deep WMHs involves performing segmentation us-

ng MR images. The current gold standard is manual segmentation,

hich is time-consuming and subject to bias. There are several

xisting automatic segmentation algorithms for WMHs, includ-

ng deep WMHs [10–12] . Griffanti et al. designed an automatic

MH quantification algorithm, but its performance was inade-

uate for small and deep WMHs, which are commonly found in

oung adults. Hulsey et al. used a simple intensity-based thresh-

lding technique for WMH segmentation, but it was not effective

or WMHs with low contrast, leading to high false negatives (FNs).

ecently, Park et al. designed a fully automated deep WMH de-

ection pipeline using traditional machine learning approaches and

eep learning-inspired features. The algorithm performed well on

etecting deep WMHs, but it required prior knowledge for the pre-

rocessing steps to obtain the white matter (WM) mask. 

The deep neural network (DNN), a method of deep learn-

ng, is a disruptive technology that improves on traditional ma-

hine learning approaches. Deep learning approaches can learn

https://doi.org/10.1016/j.cmpb.2019.105065
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cmpb
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2019.105065&domain=pdf
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Fig. 1. Flowchart of the proposed model. 
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complex hierarchical information relevant to segmentation tasks,

and they have achieved great success in many segmentation tasks

for various medical imaging modalities [13–15] . Deep learning ap-

proaches can work in an end-to-end fashion (i.e., from raw input

to desired output). Thus, they may not require elaborate prepro-

cessing steps to refine the input data [16,17] . There are no deep

learning-based approaches specifically for deep WMHs to the best

of our knowledge, but there are deep learning studies dealing with

large periventricular WMHs. A convolutional neural network (CNN)

model was applied to segment WMHs using the spatial informa-

tion of WMH locations [18] . This study used prior knowledge of

WMH locations, but they did not fully consider neighborhood vox-

els, as they adopted one voxel per patch. This may cause bias in

the segmentation results. Li et al. applied a U-Net based network

with the ensemble approach but the performance of segment-

ing small and deep WMHs was low due to insufficient validation

[19] . 

Motivated by recent successes in deep learning, we propose a

new U-Net-based segmentation approach for deep WMHs in this

study. We designed two U-Net-based DNN models: one for initial

segmentation, and the other for false positive reduction. Our con-

tributions were as follows. Deep WMHs have been segmented us-

ing conventional machine learning approaches and they have not

performed well because deep WMHs are small and difficult to dis-

tinguish from artifacts. We propose a deep learning segmentation

approach for deep WMHs to improve the conventional machine

learning approaches. Our approach is specific to migraine brain as

it was trained using data from the migraine brain. 

2. Materials and methods 

The overall flow of the proposed approach is given in Fig. 1 .

There are two U-net-based network models. The first network

model identifies potential WMH candidates, and the second net-

work model reduces the false positives (FPs) within the candidates.
.1. Participants and imaging data 

This study was approved by the Institutional Review Board

IRB) of Samsung Medical Center. Written consent was waived

y the IRB. The magnetic resonance imaging (MRI) data of pa-

ients diagnosed with migraine at the Samsung Medical Center

eadache clinic between 2015 and 2017 were used in this study.

wo headache specialists (MJL and C-SC) made the diagnosis of

igraine according to the International Classification of Headache

isorders-3rd edition beta version (ICHD-3 beta) [20] . We included

atients with migraine without aura, migraine with typical aura,

nd chronic migraine. We considered 233 non-elderly patients

ged younger than 66 who voluntarily underwent brain MRI dur-

ng the study period. 67 subjects whose MRI data included heavy

otion-related artifacts were excluded as the artifacts made it dif-

cult to define WMHs. 18 subjects without deep WMHs were ex-

luded. Finally, 148 subjects were enrolled in the study. 

The T1-weighted and FLAIR MRI scans were acquired using a 3

esla MR scanner (Achieva, Philips Medical Systems, Best, Nether-

ands). The T1-weighted MRI scans were acquired with the follow-

ng imaging parameters: repetition time (TR) = 9.9 ms; echo time

TE) = 4.6 ms; field of view (FOV) = 240 × 240 mm 

2 ; acquisition ma-

rix = 480 × 480 pixels; and slice thickness = 1 mm with 360 slices.

he FLAIR data were obtained using the following imaging pa-

ameters: TR = 11,0 0 0 ms; TE = 125 ms; inversion time = 2800 ms;

OV = 240 × 240 mm 

2 ; acquisition matrix = 512 × 512 pixels; and

lice thickness = 2 mm with 80 slices. 

.2. Manual annotation of WMHs 

The manual annotation of the deep WMHs was performed in-

ividually by two specialists (MJL with 9 years of experience in

linical neurology and JC with 11 years of experience in neurora-

iology) on 2D slices of the FLAIR image. Note that the manual

nnotation is the current gold standard for deep WMHs. The intra-

lass correlation coefficient between the two raters was 0.994 (95%
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Fig. 2. Detailed structures of the two proposed network models. (a) Initial segmentation model and (b) FP reduction model. 
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onfidence interval between 0.968 and 0.999) for the number of

MHs for each subject. The annotation of the first specialist was

sed as the ground truth. Detailed methods for defining manual

nnotations can be found in the literature [12] . In brief, a deep

MH was defined as a round- or oval-shaped FLAIR hyperinten-

ity of variable size in the U-fiber or subcortical WM, which could

e discrete or confluent, and showed T1 iso or hypo-intensity [21] .

.3. Preprocessing 

The MRI data were preprocessed using the following tools: AFNI

nd FSL [22,23] . The T1-weighted and FLAIR data were reoriented

n the right-posterior-inferior direction. The T1-weighted data were

egistered onto the FLAIR data using a rigid body transformation.

he registration accuracy and further details are given in supple-

entary material. [24,25] The effect of magnetic field inhomo-

eneity for both the T1-weighted and FLAIR data was corrected.

e also removed the skull from the MRI data. The preprocessing

teps were the standard steps commonly performed in MRI imag-

ng studies. Our preprocessing for MRI data was rather minimal

ompared to the one that requires elaborate WM masks [12] . 

.4. Background of the U-net network 

The U-net network is based on a CNN that includes compress-

ng and expanding components [26] . The compressing component

epeatedly applies convolutional layers followed by activation lay-

rs and pooling layers to encode the input data as latent variables.
he expanding component restores the original dimension of the

nput data by up-sampling the latent variables. Each up-sampling

ayer is concatenated with the corresponding level in the down-

ampling layer. Activation layers also follow the up-sampling lay-

rs. The final prediction layer is reached after a 1 × 1 convolutional

ayer is applied. 

.5. Proposed network for initial segmentation 

Our proposed network for initial segmentation is based on the

-net and consists of four down-sampling layers and four up-

ampling layers ( Fig. 2 ). The input channel accommodates two im-

ges; T1-weighted and FLAIR images. Each down-sampling layer

ncludes a 3 × 3 convolutional layer, a rectified linear unit (ReLU)

ctivation layer, and a batch normalization layer. Each layer in the

ompressing stage uses 256, 256, 512, 1024, and 1024 kernels. Each

ayer in the expanding stage uses 1024, 512, 256, and 256 ker-

els, and is followed by the ReLU activation layer. After the activa-

ion layer, the layer of each expanding stage is concatenated with

he one from the matching compressing stage (i.e., yellow box in

ig. 2 ), which leads to a two-fold increase in the number of chan-

els. The final classification layer is obtained by applying a 1 × 1

ernel to the last layer of the expanding stage, and then applying

he softmax function. 

The input to the network is the 2D slice of the 3D MRI data. We

id not consider using all the 3D data as input because the deep

MHs are defined on a single slice due to the large gap between

lices. We maintained an equal ratio of slices with WMHs to those
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Table 1 

Detailed network parameters of the two proposed network models. 

Architecture Parameter Value 

Initial segmentation Batch size 4 

Kernel size (conv.) 3 × 3 

Activation function (conv.) ReLU 

Classification layer ReLU + soft-max 

Cost function Cross-entropy 

Optimizer AdadeltaOptimizer 

Learning rate 0.5 (reduced by 0.9 every 25 epochs) 

False positive reduction Batch size 64 

Kernel size (conv.) 3 × 3 

Activation function (conv.) ReLU 

Classification layer ReLU + soft-max 

Cost function Cross-entropy 

Optimizer AdadeltaOptimizer 

Learning rate 0.5 (reduced by 0.9 every 25 epochs) 

Conv.: convolutional layer. 
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without WMHs in the training. Multiple slices per patient might be

selected during this step. The AdadeltaOptimizer was used as the

training optimizer [27] . The initial reading rate was set to 0.5 and

was reduced to 0.9 times the original rate every 25 epochs. A total

of 250 epochs were used, and cross-entropy was used as the cost

function. The detailed network parameters are listed in Table 1 . 

2.6. Proposed network for false positive reduction 

The first network produced the potential WMH candidates, and

we further refined the initial segmentation results by reducing

the FPs. Our proposed network for FP reduction is also based on

the U-net and consists of two down-sampling layers and two up-

sampling layers. Each down-sampling layer includes a 3 × 3 convo-

lutional layer, a ReLU activation layer, and a batch normalization

layer. Each layer in the compressing stage uses 128, 256, and 512

kernels. Each layer in the expanding stage uses 256 and 128 ker-

nels, and is followed by the ReLU activation layer. After the activa-

tion layer, the layer of each expanding stage concatenates with the

one from the matched compressing stage (i.e., yellow box in Fig. 2 ),

which leads to a two-fold increase in the number of channels. The

final classification layer is obtained by applying a 1 × 1 kernel to

the last layer of the expanding stage and then applying the soft-

max function. The proposed network for FP reduction is shown in

Fig. 2 . 

The input to the second network is the 2D patch of size

128 × 128 of the 3D MRI data, with an equal ratio of patches

with WMH candidates and patches without WMH candidates for

the training. The AdadeltaOptimizer was used as the training opti-

mizer. The initial reading rate was set to 0.5 and was reduced by

0.9 times the original rate every 25 epochs. A total of 750 epochs

were used, and cross-entropy was used as the cost function. The

detailed network parameters are listed in Table 1 . 

2.7. Cluster refinement of WMH 

The output of the FP reduction network was refined by the size

of the detected WMH clusters. The effective diameter of a clus-

ter was computed as the cubic root of the volume of the cluster

multiplied by 3/ π . Clusters whose effective diameter was less than

2.4 mm were removed because small WMH clusters were consid-

ered insignificant for migraine studies [9] . 

2.8. Evaluation 

Ten-fold cross-validation was used. All data were randomly di-

vided into ten equally sized groups. Nine groups were used as a

training set and the remaining group was used as a test set. The
rocedure was repeated ten times, leaving a different group out

ach time. The quality of segmentation was measured by compar-

ng the segmented deep WMH clusters with the manual annota-

ions. The number of true positives (TPs), FPs, and FNs were calcu-

ated. If the detected cluster showed spatial overlap with the man-

al annotation, it was deemed a success considering the small size

f deep WMHs. The true positive rate [TPR = TP / (TP + FN)], the

alse discovery rate [FDR = FP / (TP + FP)], and the F 1 score [F1 = 2

((1 - FDR) ∗ TPR) / ((1 - FDR) + TPR)] were obtained. Each leave-

ut test iteration led to one set of performance measures, and thus

e reported the averaged TPR, FDR, and F 1 score over ten leave-out

terations. 

.9. Comparison with other methods 

We compared our approach with two DNN models employ-

ng different network structures. The two compared DNN models

lso employed a two-stage approach with initial segmentation and

P reduction networks. The first comparison DNN, referred to as

L-COMP1, adopted a U-net based architecture with two down-

ampling and two up-sampling layers for the initial segmentation.

he DL-COMP1 network is similar to ours, with lower model ca-

acity. The second comparison DNN, referred to as DL-COMP2, was

ased on a simple CNN model containing two convolutional lay-

rs and no max-pooling layers for the initial segmentation. The

L-COMP2 was adopted to see if the well-known CNNs were ade-

uate for segmenting deep WMHs. The FP reduction network was

ept the same as our proposed approach for both comparison DNN

odels. The detailed network parameters for the two compared

NN models are listed in Table 2 . 

Three openly accessible non-deep learning software algo-

ithms, DEep White matter hyperintensity Segmentation frame-

ork (DEWS), Brain Intensity AbNormality Classification Algo-

ithm (BIANCA), and Lesion-TOADS of MIPAV software, were com-

ared with our approach [12,28,29] . DEWS is a recent algorithm

edicated to segmenting deep WMHs. It detected deep WMHs

ased on intensity and size information. An exquisite WM mask

as constructed, and deep learning-inspired features related to

ize and texture were used for the FP reduction. BIANCA is a

onventional machine learning algorithm for large periventricu-

ar WMH segmentation using supervised learning. It uses a k-

earest neighbor algorithm with intensity values and spatial lo-

ations as features and produces a probability map of WMHs.

he final output was obtained after thresholding and binarizing

he probability map. Lesion-TOADS is also used for large periven-

ricular WMH segmentation and it uses a manually annotated

tlas combined with a fuzzy classification algorithm. The algo-

ithm reduced the FP based on the structural distances from
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Table 2 

Detailed network parameters of the two DNN comparison models. 

Model Parameter Value 

DL-COMP1 Base architecture U-Net 

Batch size 8 

Kernel size (conv.) 3 × 3 

Activation function (conv.) ReLU 

Classification layer ReLU + soft-max 

Cost function Cross-entropy 

Optimizer AdadeltaOptimizer 

Learning rate 0.5 (reduced by 0.9 every 25 epochs) 

DL-COMP2 Base architecture CNNs 

Batch size 8 

Kernel size (conv.) 3 × 3 

Activation function (conv.) ReLU 

Classification layer ReLU + soft-max 

Cost function Cross-entropy 

Optimizer AdadeltaOptimizer 

Learning rate 0.5 (reduced by 0.9 every 25 epochs) 

Table 3 

Demographics of the enrolled subjects. 

Clinical information Subjects ( n = 148) 

Mean age (SD) 44.4 (12.40) 

Females 82 

Migraine (with aura) 13 

Migraine (without aura) 88 

Migraine (chronic) 30 

Headache days (monthly) 10 
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Table 4 

Comparison of results of the proposed network 

with other approaches. 

TPR FDR F 1 score 

Proposed model 0.87 0.10 0.88 

DL-COMP1 0.47 0.04 0.63 

DL-COMP2 0.00 0.00 0.00 

DEWS 0.80 0.04 0.87 

BIANCA 0.02 0.98 0.02 

Lesion-TOADS 0.76 0.98 0.04 
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he border of gray matter and the ventricles to obtain the final

utput. 

.10. Computational environments 

Our approach and the comparison DNN models were trained on

our NVIDIA Titan XP GPUs with 12 GB GDDR5 RAM using cuda 8.0

nd cuDNN 6.0 with TensorFlow 1.12.0 library based on the Python

.7.12 environment [30,31] . Statistical analysis was performed using

ATLAB 2017b [32] . 

. Results 

.1. Demographics of the subjects 

Detailed demographic information of the enrolled subjects can

e found in the literature [12] ; this is summarized in Table 3 . 

.2. Detection results for deep WMH clusters 

The mean TPR, FDR, and F 1 score over the ten leave-out iter-

tions from the initial segmentation network were 0.88, 0.13, and

.87, respectively. The mean TPR, FDR, and F 1 score measured after

he FP reduction network were 0.87, 0.10, and 0.88, respectively.

oth results were measured after applying the same cluster re-

nement algorithm. Fig. 3 shows the representative outputs of two

etworks and corresponding manual annotations. 

We also measured how our approach performed with respect to

he size of the WMHs. In general, larger WMHs were easy to seg-

ent, and smaller WMHs were difficult to segment. We applied

ifferent threshold levels from 0 mm to 3.6 mm for effective diam-

ter to the output of the proposed model. We then measured the

PR and FDR of our algorithm to segment WMHs that were larger

han the threshold. Fig. 4 shows the plot of the TPR and FDR with

espect to the various WMH diameters. The TPR monotonically in-
reased while FDR decreased as the effective diameter increased

 Fig. 4 ). 

.3. Comparison with other approaches 

Our approach was compared with five approaches: two DNN

odels and three approaches based on conventional machine

earning. The DL-COMP1 model showed a mean TPR of 0.47, a

ean FDR of 0.04, and a F 1 score of 0.63. No WMHs were detected

ith the DL-COMP2 model. The DEWS had a mean TPR of 0.80, a

ean FDR of 0.04, and a F 1 score of 0.87. The BIANCA had a mean

PR of 0.02, a mean FDR of 0.98, and a F 1 score of 0.02. The Lesion-

OADS showed a mean TPR of 0.76, a mean FDR of 0.98, and a F 1 
core of 0.04. The results of a representative comparison are shown

n Fig. 5 and Table 4 . 

.4. Code availability 

The code used to implement our approach and limited

nonymized imaging data are available from a software sharing

latform ( https://github.com/jisu-hong/deepwmh ). 

. Discussion 

Most of the existing segmentation algorithms for WMHs fo-

us on large periventricular WMHs and do not focus specifically

n deep WMHs. These algorithms did not perform well when ap-

lied to deep WMHs. This is because deep WMHs have distinct

haracteristics compared with periventricular WMHs. Thus, a dedi-

ated segmentation algorithm is necessary to manage deep WMHs,

hich are small, discrete, and difficult to distinguish from MR ar-

ifacts. 

We proposed a two-stage approach for deep WMH segmenta-

ion using DNNs. Our approach required fewer preprocessing steps

nd did not use any prior information. The first network for initial

egmentation captured the global features by using slice-wise data.

https://github.com/jisu-hong/deepwmh
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Fig. 3. Comparison between the initial output and the FP reduced output for a representative case. The columns are FLAIR image, manual annotation, initial segmentation 

results, and the results of FP reduction (from left to right). The red clusters are the TP WMH clusters, and the green clusters are the FP clusters. The rows are different axial 

slices for the representative cases. 

Fig. 4. TPR and FDR of the proposed network models with respect to the different WMH cluster size threshold. 
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The second model for FP reduction used patch-wise data to focus

on local characteristics. To the best of our knowledge, our study is

the first one to leverage recent advances in deep learning to per-

form deep WMH segmentation. 

Many studies have successfully adopted the U-net for vari-

ous segmentation tasks [33–35] . However, the U-net uses multiple

down-sampling layers during encoding, which can cause the loss

of local detailed information. Our FP reduction model tackled this

problem by using a downsized FOV. The layers after the four max-
ooling processes in the initial segmentation model and those af-

er the two max-pooling processes in the FP reduction model both

ave a size of 32 × 32. Both hidden layers have the same matrix

ize, but the initial segmentation model has four max-pooling lay-

rs of raw data, which results in a compression ratio of 1:256,

hile those from the FP reduction model achieve a compression

atio of 1:16. This difference allows the FP reduction model to fo-

us on detailed information and effectively reduces errors inherited

rom the initial segmentation model. We tried to combine the two
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Fig. 5. Segmentation results for a representative case with our proposed model and comparison models. The rows represent FLAIR image, manual annotations, results of our 

proposed model, and other comparison models (from top to bottom). The columns in the first two rows are different axial slices for the representative case. The columns in 

rows 3 to 8 have segmentation results along with the difference image between manual annotation and various approaches. The red clusters are the TP WMH clusters, the 

green clusters are the FP clusters, and the yellow clusters are errors between manual annotation and various approaches. 
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etworks into one large network, but it led to worse performance

han having two separate networks. One possible reason could be

hat the FP reduction network focuses on patches with potential

Ps, while the combined network would focus on the whole data

nd hence would be less sensitive to FPs. 

Our approach was compared with existing methods. The TPR

eflects the portion of detected WMHs from all WMHs, and the

DR reflects the portion of wrong detections among predicted

MHs. BIANCA had a very low mean TPR of 0.02 due to the low

verall detection capability, and most of the detected objects were

dentified as FPs, which resulted in a mean FDR of 0.98. Lesion-

OADS detected many clusters, but they were mainly periventricu-

ar WMHs and artifacts. This caused both the TPR and FDR of the

pproach to be high (a mean TPR of 0.76, a mean FDR of 0.98, and

 F 1 score of 0.04). DEWS had a mean TPR of 0.80, a mean FDR
f 0.04, and a F 1 score of 0.87. It had worse TPR and better FDR

han our model. The algorithm performed well but required many

reprocessing steps driven by prior knowledge to compute the

M masks. Such preprocessing steps require manual tuning of the

arameters, and thus the algorithm’s generalizability to datasets

ther than the ones tested could be troublesome. In contrast, our

roposed model included minimal preprocessing steps and suf-

ered less in this regard. In the case of DL-COMP1, both the TPR

nd FDR were lower than those of the proposed model (a mean

PR of 0.47, a mean FDR of 0.04, and a F 1 score of 0.63). These

esults imply that the overall detection was low, but the detected

esions were actual deep WMHs. It might also imply that reduc-

ng the model capacity of our approach could lead to decreased

erformance. We also compared the results of our proposed net-

ork with a similar model that had 6 down-sampling layers in its
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initial segmentation network. Using more layers did not improve

the overall performance (a mean TPR of 0.59, a mean FPR of 0.02,

and a F 1 score of 0.74). This might imply that our choice of the

number of down-sampling layers was appropriate and extra com-

plexity could be harmful for segmenting deep WMHs. In the case

of DL-COMP2, no clusters were detected. This might imply that

simple CNNs are not suitable for segmentation tasks, as many ear-

lier studies have shown [36–38] . The proposed model was able to

detect deep WMHs well with high TPR and low FDR, as shown in

Fig. 5 . 

We additionally explored the use of different parameters for

the FP reduction model. The proposed FP reduction model used

an input patch of 128 × 128. We explored whether using a smaller

input patch of 16 × 16 could improve segmentation performance.

Other parameters of the FP reduction model were fixed, and the

initial segmentation model was the same. The segmentation per-

formance had a mean TPR of 0.67 and a mean FDR of 0.07. The

FDR decreased, but the TPR decreased as well compared with the

proposed model. This indicated that deep WMH clusters were rea-

sonably detected, but the details of the segmented regions were of

lesser quality than with the proposed model. This indicated that

using a smaller FOV for FP reduction results in a trade-off between

TPR and FDR. 

We measured how our approach performed with respect to

the size of the WMHs. We applied different threshold levels from

0 mm to 3.6 mm for effective diameter to the results. The TPR in-

creased while FDR decreased as the effective diameter increased

( Fig. 4 ). At threshold level above 2.5 mm, the FDR values of the ini-

tial segmentation network were not different from those of using

two networks. One possible reason could be that the deep WMHs

are likely to be small and the initial WMH clusters from the initial

segmentation network tend to be small clusters as well ( Fig. 3 ).

The FP reduction network removed the FPs from these candidates.

For threshold levels equivalent to small clusters, the WMH clusters

are more likely to contain FPs compared to large clusters. The FP

reduction network could be more effective for smaller clusters as

there is more chance of FPs present. 

For evaluation, we adopted the cluster-wise overlap rather than

the dice score as the performance index. If the size of the de-

tected object is small, the dice score is highly sensitive to small

differences. In this study, we used multi-channel input data that

included the FLAIR image and registered T1-weighted image onto

the FLAIR image. The image registration procedure contained small

errors of misalignment, which made the dice score unstable, al-

though the manual inspection of the segmentation seemed accept-

able. Thus, we adopted the cluster-wise overlap as the performance

index to reduce the instability, which allowed some movement of

pixels between the detected and the ground truth WMH clusters. 

Our proposed model showed good performance for TPR, but

the FDR was not ideal. This is partly because the deep WMHs are

difficult to distinguish from the MR artifacts. Some deep WMHs

share similar appearance profile compared to artifacts caused by

magnetic field susceptibility and blood flow, and thus distinguish-

ing between the two could be difficult [39] . Magnetic field sus-

ceptibility causes artifacts near the amygdaloidal nucleus and an-

terior temporal pole and blood flow near the sinuses and main

artery are known to cause hyper-intense clusters that look similar

to WMHs. In those cases, expert annotation is performed consider-

ing the neighborhood information. 

The imaging data we used were obtained from a routine clin-

ical setting, and thus the image quality could have been compro-

mised to allow efficient image acquisition. Our imaging data and

the associated MR artifacts reflect what is common in clinical prac-

tice, and future improvements of image quality might improve the

performance of our proposed model. We used manually annotated

labels as the ground truth within the supervised learning frame-
ork. The manual annotations may suffer from intra- and inter-

bserver variability, which negatively affects segmentation perfor-

ance. Another source of variability is the potential misalignment

ntroduced during the image registration procedure between T1

nd FLAIR data. We used the U-Net to segment deep WMHs. Many

romising deep learning techniques are being developed and using

hem might improve the segmentation of deep WMHs. This is left

or future work. 

. Conclusions 

Discrete and small-sized deep WMHs are difficult to segment

sing the current automatic approaches. Our proposed method

everaged DNN to segment deep WMHs well and may contribute

o the effective management of WMHs in migraineurs. 
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