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Attention Blocks Improve White Matter
Hyperintensity Semantic Segmentation using U-Nets
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Abstract—White matter hyperintensities (WMHs) are a
common finding on magnetic resonance (MR) images in older
individuals, appearing as high-signal intensity regions on
fluid-attenuated inversion recovery (FLAIR) imaging. People
with high WMH volume are at increased risk for dementia and
stroke, controlling for vascular risk factors, but WMH burden
is not reliably assessed in clinical practice. Manual segmentation
of WMHs is accepted as the gold standard (or ground truth),
however, it is a laborious and time-consuming method. Newer
machine learning (ML)-based approaches are being proposed as
alternatives to manual segmentation. Among these approaches,
U-Net convolutional neural networks have demonstrated good
WMH segmentation performance. However, even state-of-the-art
ML models sometimes fail to correctly identify WMHs and
their boundaries with sufficient accuracy. Attention blocks have
emerged as a potential solution for improving the performance
of U-Net models by enhancing the ability of the model to focus
on relevant features in the data. We investigated the effectiveness
of attention blocks in U-Net models for WMH segmentation
compared to three other models (U-Net++, U-Net3+, and a
standard U-Net). Attention blocks significantly improved the
F -measure score for WMH segmentation (0.811 vs 0.789 for
next best model, p = 0.04) in a diverse brain imaging dataset.
This study demonstrates that attention blocks enhance U-Net
models used for WMH identification and classification.
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Kauê Tartarotti Nepomuceno Duarte, A. S. Sidhu, D. G. Gobbi, C. R.
McCreary, F. Saad, E. E. Smith, and R. Frayne are with the Radiology
and Clinical Neurosciences, Hotchkiss Brain Institute, University of Calgary;
and the Seaman Family MR Centre and Calgary Image Processing and
Analysis Centre, Foothills Medical Centre, Calgary, Alberta, Canada (e-mails:
kaue.unicamp2011@gmail.com, sidhuas@ucalgary.ca, dgobbi@ucalgary.ca,
crmcreary@ucalgary.ca, feryal.saad@ucalgary.ca, eesmith@ucalgary.ca, and
rfrayne@ucalgary.ca).

M. C. Barros, and M. A. G. Carvalho are with the School of Tech-
nology, University of Campinas, Limeira, São Paulo, Brazil (e-mails:
murilo.barros.sn@gmail.com, and magic@unicamp.br).

R. Camicioli is with the Department of Medicine (Neurology), Neuro-
science and Mental Health Institute, University of Alberta, Edmonton, Alberta,
Canada (e-mail: rcamicio@ualberta.ca).

I. INTRODUCTION

WHITE matter hyperintensities (WMHs) are radiologi-
cally defined regions of increased signal intensity ob-

served on T2-weighted or fluid-attenuated inversion recovery
(FLAIR) magnetic resonance (MR) imaging [1]. The number
of WMHs, and their location and volume, reflect a combina-
tion of factors, such as age and the presence of active disease
processes (e.g., neurodegeneration, inflammation or demyeli-
nation). WMHs commonly develop in older individuals (>65
years) [2] and, at least initially, are asymptomatic. The exact
cause of WMHs is not fully understood, though it is seen as
likely multi-factorial. Factors that have been implicated in their
development include age-related changes in blood vessels and
chronic conditions, such as hypertension, diabetes, smoking,
and cardiovascular disease [3]. Other potentially contributing
factors include genetic susceptibility, inflammation, and the
presence of other small vessel diseases [4], [5]. Studies have
shown an association between the prevalence of WMH and ex-
tent of cognitive loss, dementia [6] or other neurodegenerative
disorders [7], [8]. An increased WMH burden in the frontal,
parietal, and periventricular brain regions is typical in elders.

The widely accepted ground truth for quantifying WMHs
in clinical-research studies is manual segmentation of lesions
on FLAIR images. However, this step is time-consuming and
costly, because it requires highly trained specialists. Manual
segmentation suffers from high inter-rater variation. Machine
learning (ML)-based techniques hold much promise for over-
coming these issues and potentially may provide low cost, fast
and accurate WMH segmentation while eliminating inter-rater
variation. [9] Deep learning-based techniques have advanced
the field of WMH segmentation [10], in part, because of
the increasing availability of higher quality, annotated data
for model training. In particular, a variation of convolutional
neural networks (CNN), known as the U-Net [11], has been
shown to be effective in segmenting WMH [12]. Nevertheless,
segmenting WMHs using U-Net models remains a challenging
task as the total WMH burden is often < 0.05% of the
entire brain volume and due to the difficulties encountered
in correctly identifying WMH lesions and their boundaries.

Attention blocks are a newer technique that were proposed
to emphasize important image features, while suppressing
irrelevant ones [13], [14]. They may present a viable solution
to the current challenges of WMH segmentation. Attention
blocks in U-Nets employ additional convolutional layers and
implement spatial/channel-wise attention mechanisms. The
spatial attention module calculates attention weights for each
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spatial location in the feature maps, enabling a more focused
processing of specific regions of interest. In this study, we
use attention blocks and implement, train, and evaluate a 2D
U-Net attention model for segmenting WMHs. We expect to
observe an increase in the accuracy compared to traditional
U-Net models. The principle novelty of this work is the
strategic integration of attention blocks into VGG16-based U-
Nets to not only enhance segmentation of subtle WMH, but
also to improve boundary delineation across diverse imaging
protocols and disease stages.

Our goal is to explore the role of attention blocks in order to
identify U-Net variants that improve WMH segmentation. Sec-
tion II reviews the existing work on attention blocks and WMH
segmentation. In Section III, we describe our methodology,
expanding on the important details required to build and test
our models. Section IV summarizes our results, and Section V
discusses these findings and their broader implications. Finally,
in Section VI we conclude this work and suggest areas for
future study. Our major contributions are 1) identifying an
improved U-Net variant for WMH segmentation, 2) assessing
generalizability of this variant by testing on several datasets
obtained with different acquisition protocols, acquired on
multiple scanners located at different sites, and 3) establishing
the benefit of attention blocks for segmenting WMHs.

II. LITERATURE REVIEW

Variants of U-Net models [12] have demonstrated much
success in identifying and segmenting WHMs including in
a generalized, clinical setting. Heinen et al. [15], for exam-
ple, performed automated WMH segmentation in a multi-
centre study using five different methods. They found that
the kNN-TTP method had the best performance within and
across sites and scanner vendors. However, they stressed the
need for further improvements before applying the model
in a clinical setting. This effort highlights a critical gap in
generalizability that provides motivation for using attention
mechanisms. Focusing on routine WMH segmentation, Zhu et
al. [16] proposed the 2D VB-Net model, along with dedicated
labeling protocols, for accurate segmentation of WMH and
other intracranial lesions in large datasets obtained from a
diverse population and acquired on multiple scanners. While
effective for 2D imaging (with relatively thicker slices), their
reliance on 2D models limit spatial integration across slices – a
challenge we address here by combining 2D orientations. Liu
et al. [17] proposed a U-Net model to identify and segment
WMH in patients with acute ischemic lesions and showed
that U-Net models outperformed other methods. Indeed, their
focus on acute lesions can potentially diminish identification
of chronic WMHs or those due to other neurodegenerative
etiologies.

Segmenting WMHs is a challenging task because the lesions
can vary in size, be irregularly shaped and occur in both
deep white matter and periventricular areas. To address these
issues, Sundaresan et al. [18] introduced TrUE-Net, a 2.5D U-
Net segmentation method that averages the lesion probability
map (outcome of the individual 2D U-Net models) over three
processing orientations (axial, coronal, sagittal). This approach

was evaluated using five MR datasets, including Alzheimer’s
disease and vascular disease data, along with training data
obtained from MR and MR-PET examinations [18]. They
demonstrated positive validations with the external data, sug-
gesting the effectiveness of TrUE-NET across diverse datasets.
2D multi-orientation averaging (2.5D) has the advantage of
being less complex and computational resource demanding
than 3D volumes to process while preserving important spatial
information.

Traditional U-Nets, however, can lack spatial specificity in
deep layers because they focus on feature extraction. Attention
U-Nets reduce this problem. Their application is becoming
more prevalent because of their improved generalization ca-
pabilities for segmentation tasks. Attention blocks combine
strong spatial resolution and feature characteristics through the
implementation of skip connections. The capacity to general-
ize is essential as MR images are commonly acquired with
different acquisition parameters from different sites, scanner
vendors, and imaging techniques. Our work tests robustness by
evaluating our results over heterogeneous cohorts and scanner
vendors.

The application in medical image processing of attention
blocks in ML models is expanding and several U-Net vari-
ants have been recently developed. Using another variant,
Park et al. [19] combined a U-Net model with multi-scale
foreground highlighting. Classification was performed based
on three parameters: 1) WMH volume, 2) clinical variables
(age, cardiovascular risk, education, gender, ApoE4 genotype,
and race), and 3) the interaction between WMH volume and
clinical variables. Their model exhibited high detection rates
for small clusters and near WMH borders but was limited by
the detection of only some WMH voxels. This result shows the
need for architectures like ours that achieve voxel-level pre-
cision without non-imaging data. Other WMH segmentation
methods include diverse architectural and training innovations.
Lee et al. [20], for example, introduced AQUA, a 2D U-
Net enhanced with bottleneck modules across encoder-decoder
blocks to improve small lesion sensitivity. The sysu media
approach [21] employed an ensemble of three U-Net-like
networks with distinct initializations, augmented by slice-
based false-positive suppression. The nlp logix method [21]
implemented a multi-scale network trained across ten folds,
averaging predictions from top checkpoints, while cian [21]
utilized 3D MD-GRU with deformable patch augmentation to
address spatial heterogeneity.

In other previous work [22], [23], the WMH segmentation
was performed using different architectures and styles. How-
ever, the need to improve aspects such as the detection of
WMH burden boundaries was still required to be implemented.
Our work differs from these studies in the following aspects: 1)
It explores the role of attention blocks in WMH segmentation
tasks. 2) It evaluates the role of this approach over a range of
subjects, raging from cognitively normal (or intact) through
to those with dementia. 3) It compares distinct U-Net model
variants, including one incorporating attention blocks, for
WMH segmentation.
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III. MATERIALS AND METHODS

A. Dataset and Participant Demographics

Three local datasets (N = 260) and three publicly available,
free-access datasets provided specifically for WMH segmen-
tation training with manual ground truth labels (N = 60)
were utilized in this work. These data were acquired on five
scanner models from three scanner vendors and were located
at five centres. Both the local and public datasets were used
in training, validation, and testing steps. Details regarding
the acquisition of each dataset are provided in [22]. Table
S1 (see Supplementary Material) summarizes the number of
individuals by scanner model and site, sex, age, and disease
class for each dataset.

Local Datasets. The Calgary Normative Study (CNS) is
an ongoing longitudinal MR study focused on quantitative
imaging and analysis techniques in aging [24]. The CNS
includes images from cognitively normal (CN) individuals
residing in the community that were acquired on Scanner A
(3 T Discovery MR750, General Electric (GE) Healthcare,
Waukesha, WI). In total, we included 94 individuals from this
study, divided into younger and older cohorts (CNS1: N = 74
all ≤ 35 years and CNS2: N = 20 all ≥ 40 years).

The Functional Assessment of Vascular Reactivity I (FAVR-
I) study [25] contributed N = 71 participants and was a
single-center observational study aimed at investigating the
relationship between cerebral blood flow and cognitive status
by disease class (CN; mild cognitive impairment, MCI; and
Alzheimer’s disease, AD). Participants had a neuropsycholog-
ical assessment and were examined by a physician specialist
in dementia. MCI and AD were diagnosed using consensus
clinical criteria. [26] The FAVR-I data were also acquired
using Scanner A.

FAVR-II, an extension of FAVR-I, is an ongoing two-center
study from which we have data for N = 95 participants [27].
In FAVR-II, data were acquired from two scanners: Scanner
A (N = 65, 68.4%) and Scanner B (N = 30, 31.6%; 3 T
Siemens Prisma; Siemens Healthineers, Erlangen, Germany),
located at a second site. For both studies, CN individuals with
no history of central nervous system diseases were recruited
by community advertising. The same criteria for MCI and AD
were used in FAVR-II as in FAVR-I.

The local datasets were segmented using a semi-automated
seed-based approach to create initial WMH masks (Cerebra-
Lesion Extractor [28] for CNS and FAVR-II, and Quantamo
[29] for FAVR-I). The initial WMH masks were reviewed
and manually edited (as needed) to produce final ground truth
WMH masks. Each voxel in the mask was marked as either
True (containing WMH) or False (not containing WMH).

Public Datasets. We also included data from three public,
free-access datasets (provided as part of the WMH Segmen-
tation Challenge [21]). Specifically, we utilized the challenge
training data from three additional sites: 1) Amsterdam (AMS,
N = 20) – data acquired on Scanner C (3 T GE Signa HDxt),
2) Utrecht (N = 20) – data acquired on Scanner D (3 T Philips
Achieva; Philips Healthcare, Eindhoven, the Netherlands), and
3) Singapore (SIN, N = 20) – data acquired on Scanner E (3

T Siemens Trio Tim). Ground truth segmentation masks were
provided for the AMS, SIN, and Utrecht datasets [21].

B. Data Preparation
To improve the quality of the FLAIR scans, we applied

the N4 bias-field correction [30]–[32] technique to reduce
variations in intensity caused by inhomogeneity of the scanner.
In general, all 2D FLAIR volumes were of size 256 × 256
with varying depth. To standardize the data volume size, we
added zero-valued (i.e., blank) images to achieve dimensions
of 256× 256× 64. Each image volume was then divided into
sixteen equal-sized patches (dimensions: 64 × 64 × 64). To
address class imbalance, we followed the approach of [33]
and used only patches that contained at least one labelled
True WMH voxel in the training, validation, and test steps.
Most data volumes were normalized by mapping the 0th and
98th percentile of the image intensity to [0.0, 1.0]. The AMS
and SIN data exhibited an image contrast suggesting that fat
suppression was used when acquiring the FLAIR images. For
both of these datasets we used the 0th and 100th percentile
(i.e., min-max normalization).

C. Attention and Other U-Net Models
Adding attention blocks to a 2D U-Net model introduced

specialized skip connections that combine high-resolution spa-
tial information from the encoding layers with knowledge
obtained from features extracted in the deeper decoding layers
[34]. We included the attention blocks in our VGG16 feature
extractor [35] before each max-pooling layer (refer to Figure
S1). We chose this architecture based on previous studies
that confirmed the benefits of VGG16 for effective WMH
segmentation. [22], [23]

We also implemented three other U-Net variants (Tradi-
tional U-Net, [12] U-Net++, [36] U-Net 3+ [37]) and evalu-
ated them against our Attention U-Net model. The expected
strengths of the Attention U-Net and three other models were:

1) Attention U-Net. Enhancement to the traditional U-
Net architecture by incorporating attention mechanisms
(blocks) [34] that selectively combine high spatial res-
olution with high feature information. Attention blocks
improve the ability of the model to capture fine details
at boundaries and therefore more accurately segment
WMHs.

2) Traditional U-Net [12]. Has an encoder-decoder struc-
ture with skip connections.

3) U-Net++ [36]. Builds on the traditional U-Net model
by introducing a nested architecture that consists of
multiple U-Net modules, capturing both local and global
contextual cues for improved segmentation performance
and better object boundary detection.

4) U-Net 3+ [37]. Extends the U-Net++ model by integrat-
ing residual learning and densely connected pathways.
Residual connections decrease optimization challenges,
while dense connections facilitate information flow,
leading to stronger feature representations and superior
segmentation performance.

Figure S1 illustrates the VGG16-based architecture for each
of the four models.
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D. Model Training

Our models were trained for a maximum of 600 epochs
at a learning rate of l0 = 5 × 10−4. To ensure consistent
activation, we employed a sigmoid-shaped activation function
and dichotomized the output at 0.5. For each of the four
implementations (Figure S1), three separate 2D U-Net models
were trained using images derived by extracting data from
the volume along the x (axial), y (coronal), and z (sagittal)
directions.

Loss Function. We employed a loss function that balanced
the impact of the Dice loss (DL) and the binary focal loss
(FL). The DL is a commonly utilized loss function in the
medical field. We chose this function because of the unequal
number of True and False WMH mask elements:

DL =
(1 + β2) · TP

(1 + β2) · FP + β2 · FN + FP
(1)

where the β is the balance coefficient, and TP , FP , and FN
represent the true positive, false positive, and false negative
voxels, respectively. The binary focal loss (FL) further ad-
dresses class imbalance by adjusting the cross-entropy crite-
rion:

FL =−GTα(1− PT )γ log(PT )

− (1−GT )αPT γ log(1− PT )
(2)

where GT refers to the ground truth and PT corresponds
to the predicted truth. The hyperparameters α = 0.25 and
γ = 2.0 are values that were fine-tuned through a calibration
process.

Performance Metrics. Because the number of WMH and
non-WMH voxels were unequal, accuracy was not an appro-
priate performance metric due to the disproportionately high
number of true negative (TN ) counts. Instead, F -measure,
intersection-over-union (IoU), and Hausdorff distance were
employed to assess model effectiveness. F -measure (F) is a
widely used performance metric in image segmentation

F = 2× P ×R

P +R
(3)

that represents the harmonic mean of precision (P ) and recall
(R):

P =
TP

TP + FP
and R =

TP

TP + FN
.

IoU compares the predicted outcome to the ground truth, as
follows:

IoU =
TP

FP + TP + FN
. (4)

During training, the model with the highest IoU metric was
saved as the best model.

The Hausdorff distance measures the distance between
predicted and ground truth WMH boundaries. Given that each
boundary is defined by two sets of points, A and B, the
Hausdorff distance is:

dH(x, y) = max{dAB , dBA}
= max{max

a∈A
{{min

b∈B
{d(a, b)}},max

b∈B
{

min
a∈A

{d(a, b)}}} (5)

where a and b represent the elements of the sets A and B,
respectively. The distance d(a, b) is measured by the Euclidean
distance between elements a and b. The 95th percentile value
of the Hausdorff distance distribution (dH95) was used as the
performance metric. Higher F -measure and IoU and lower
dH95 values indicate better performance.

Hardware Platform. A computational cluster consisting
of four nodes, each equipped with two Tesla V100-PCIE-
16GB GPUs and a total memory capacity of 754 GBytes was
used. Training of each brain projection, aligned with other U-
Net variants for comparison, were conducted in parallel and
independently, resulting in a significant reduction in the overall
training time. The models were developed using Python 3.6
(Jupyter Notebook) and subsequently converted into Python
scripts to facilitate execution on the cluster. The complete
source code and the Keras-based models can be freely ac-
cessed at https://github.com/KaueTND/WMH CNS.

E. Statistical Analysis

Five-fold cross-validation was used to evaluate the variabil-
ity of our results. To assess generalizability across folds, we
repeated this validation ten times. Details of the dataset divi-
sion are provided in Section S2 of the Supplementary Material
(Table S2 and Figure S2). We report mean and standard
deviation summary statistics. Separate one-way analysis of
variance (ANOVA) tests by U-Net variant, disease class and
scanner were used to determine the statistical significant of
differences in IoU, F -measure and dH95. ANOVA tests were
followed by post hoc two-sample t-tests with pooled variance
(as appropriate). As we were interested only in a limited
comparison of the Attention U-Net model against each of
the three other models, only three pairwise comparisons were
made with level of significance being appropriately adjusted
for this number of multiple comparisons using the Holm-
Bonferroni method. The level of statistical significance was
set at α = 0.05.

IV. RESULTS

Fig. 1 shows example WMH segmentation masks obtained
from each of the four U-Net variants by disease class. Both
true and predicted lesion volume increased with worsening
disease class (Table S3). The majority of voxels in each disease
class were correctly classified by the four variants. FN voxels
were more common than FP voxels (Table S5) indicating that
the models tended to underestimate the true lesion. Overall,
the Attention U-Net had the smallest error compared to the
ground truth manual WMH segmentation than the other U-Net
variants. Table I provides a comparison between our method
and several published approaches, evaluated on the public
dataset using the F-measure and Recall metrics. We report
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Fig. 1. Example segmentation results for each U-Net model at each disease
stage (CI = cognitively normal, 74 year old female; MCI = mild cognitive
impairment, 83 year old female; AD = Alzheimer’s disease, 72 year old male).
Results were obtained using a 2.5D implementation using the VGG16 feature
extractor. Total ground truth and Attention U-Net predicted normalized WMH
volume for these single images were CI: 0.27% vs 0.26% , MCI: 2.02% vs
2.06%, and AD: 3.35% vs 3.39%, respectively. Table S3 summarizes the
ground truth-predicted nWMH averaged over all subjects by disease class.

the 10-times repeated 5-fold cross-validation, grouped by local
and public dataset, in Table S8.

Introducing attention blocks before each pooling layer im-
proved the F -measure compared to the other three U-Net
variants evaluated (Fig. 2a). The U-Net++ model had the low-
est F -measure scores, while the U-Net 3+ model performed
second best in most individuals. These results when analyzed
by image orientation, showed that sagittal extracted images
performed better than axial or coronal images. However, the
combined 2.5D model had the best F -measure score (Table
S6). The F-measure Precision-Recall curve of both public
and local datasets (Figure S5) showed the optimal F-measure
score across different Precision and Recall thresholds. Similar

TABLE I
COMPARISON OF PERFORMANCE BETWEEN ATTENTION U-NET AND
EXISTING APPROACHES, EVALUATED ON THE PUBLIC DATASET [21]

Methods F-Measure Recall
Attention U-Net (ours) 0.82± 0.10 0.80± 0.11

PGS [19] 0.79 0.82
AQUA [20] 0.82± 0.02 0.75± 0.03

sysu media [21] 0.76± 0.03 0.84± 0.02
cian [21] 0.70± 0.02 0.83± 0.01

nlp logix [21] 0.78± 0.02 0.73± 0.03

performance patterns were found for IoU (Figure S3a and
Table S7). The dH95 values were lowest for the Attention
U-Net, followed by traditional U-Net and U-Net 3+ models
(Figure S4a and Table S4). Notably, the U-Net++ model
showed larger dH95 values with greater variability compared
to other models.

Statistically significant differences in F -measure across the
U-Net variants were found (One-way ANOVA: F3,1276 =
[61.38], p < 0.001). Post-hoc t-tests confirmed that F -measure
was significantly larger for the Attention U-Net compared
to the three other U-Net variants (U-Net, pcorr < 0.001;
U-Net++, pcorr < 0.001; and U-Net 3+, pcorr < 0.001).
Similar statistically significant differences in IoU were found
(F3,1276 = [73.09], p < 0.001). The mean IoU score was
significantly higher in the Attention U-Net model compared
to the other three models: U-Net (pcorr < 0.001), U-Net++
(pcorr < 0.001), and U-Net 3+ (pcorr < 0.001). Statistically
significant differences in mean dH95 were also observed
(F3,1276 = [27.79], p < 0.001). Significant differences in dH95

were only found between Attention U-Net and U-Net++ (t-
test, pcorr < 0.001).

Fig. 2b shows F -measure values vs disease stage. F -
measure, on average, increased with increasing disease severity
for the majority of the U-Net variants. Attention U-Net models
showed the best performance across all disease stages. The
other U-Net variants were found to perform better in late dis-
ease stages. Similar findings by disease stage were found for
IoU (Fig. S3b) and dH95 (Fig. S4b). No statistical differences
were found by disease stage for F -measure (F2,122 = [0.841],
p = 0.434), IoU (F2,122 = [1.355], p = 0.262), and dH95,
(F2,122 = [0.471], p = 0.625).

Figs. 2c, S3c, and S4c show F -measure, IoU, and dH95 by
scanner type, respectively. Significant differences in mean F -
measure (F4,284 = [5.44], p < 0.001), IoU score (F4,284 =
[5.586], p < 0.001) and dH95 (F4,284 = [4.276], p = 0.002)
were found across Scanners A-E. Holm-Bonferroni corrected
pairwise t-test analysis found that the mean differences in all
three metrics were localized between Scanner D and the other
four scanners (pcorr ≤ 0.020, IoU: pcorr ≤ 0.015, and dH95:
pcorr ≤ 0.044).

Fig. 3 summarizes graphically our main findings when using
the Attention model and F -measure. Individuals with larger
WMH burdens typically have more advanced disease class
(MCI or AD). Within the CN, increasingly larger WMH lesion
volumes were observed with older age. Larger WMH volumes
had higher F -measure, suggesting that the Attention model
performed better with larger disease burden.

V. DISCUSSION

Segmenting WMHs is a challenging task for several reasons
including differences in the location of the WMH, their
variable volume and irregular shape. Deep learning techniques
have been proposed to overcome these problems and have
sought to provide a more uniform and generalized response.
In this study, we analyzed different U-Net variants including
one that employed attention blocks [34] and demonstrated an
effect on WMH segmentation performance.
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Fig. 2. Box plot of F -measure score across U-Net model by (a) input image orientation (Axi = axial, Cor = coronal, Sag = sagittal) and combined 2.5D
model, (b) disease stage (CN = cognitively normal, MCI = mild cognitive impairment, AD = Alzheimer’s disease), and (c) scanner (A-E, see description in
text). Outliers have been suppressed to aid visualization.

Attention blocks allow combination of rich spatial features
from the encoding part of the model and rich features from
the decoding part of the model [34]. The traditional U-Net
model performs a localized detection, but poorly delineates
the boundaries of the WMHs [34], resulting in FP voxels
(Fig. 1). Adding attention blocks to U-Net models reduced
the false positive fraction (FPF) (Table S5) and improved the
F -measure score (Fig. 2a and Table S6). The Attention U-
Net model also performed significantly better with respect to
IoU score (Fig. S3a, Table S7) and dH95 (Fig. S4a, Table

S4).Generalization of deep learning model is a crucial aspect
that evaluates the suitability for processing unseen data.
Model developers need to consider robustness of the WMH
prediction to other factors including disease stage (e.g., CN vs
MCI vs AD), the WMH size and location, and scanner and
protocol used to acquire the FLAIR images.

In our analysis of the models by extracted image (axial,
coronal, or sagittal), we noted a performance improvement
for sagittal relative to the axial or coronal images across U-
Net variations. However, it is important to recognize that this
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Fig. 3. Evaluation of F -measure score for the Attention U-Net model in 260 individual subjects over age grouped by disease stage: (a) CN = cognitively
normal (148 individuals), (b) MCI = mild cognitive impairment (55 individuals), and (c) AD = Alzheimer’s disease (37 individuals). Size of the filled circle
in the plots reflects rank of the normalized WMH volume (i.e., percentage of the inter-cranial volume). Plotted are data from the local datasets described in
Table S1.

increase is perhaps explained by the increase in the number
of sagittal slices compared to the two other orientations [18].
We adopted the best performing 2.5D model that combined the
results from each of the three orthogonal projections. The 2.5D
model performed better than the individual projection model
(F -measure score, Fig. 2a). For this reason, we primarily
evaluated our models using the 2.5D model.

Our results also found that the Attention U-Net model
performance did not vary with disease class (e.g., F -measure
score, Fig. 2b). Other U-Net variants showed greater change
in F -measure score when segmenting WMH in CN compared
to MCI or AD subjects. These other models tended to perform
better with increasing WMH burden, suggesting that their
generalizability in healthy populations might be compromised.

While our results suggested that U-Net variants can achieve
robustness to scanner differences when trained on sufficiently
diverse multi-scanner datasets, this claim is not without
caveats. For instance, Scanner D (contributing only 20/320,
6.3% of training data, Table S1) exhibited poorer performance
across all models compared to other scanners (Figs. 2c, S3c,
and S4c; Tables S6, S7, and S4). We expect that increasing
the number of scanners and the number of example images
per scanner dataset would lead to more consistent performance
across different scanners/acquisition protocols. We found in-
creased F-measure and Recall values when comparing our
method with other published approaches (Table I), suggesting
better performance for the attention block variant.

The main limitations of this study include the relatively
small cohort size (n = 320 individuals) for training and
validation, which may restrict the ability of the model to
generalize to broader populations. Additionally, while our
evaluation included multi-scanner data, the performance across
distinct clinical imaging contexts (e.g., WMHs due to multiple
sclerosis vs due to stroke vs due to neurodegeneration, as stud-
ied here) remains poorly explored. Such differences in lesion
characteristics and acquisition protocols across pathologies
represent a common trade-off in artificial intelligence solutions
in medical imaging and often require targeted validation in fu-

ture applications. Another limitation was the reduced number
of publicly available datasets with manually annotated ground
truth data, despite the relative abundance of FLAIR scans.

VI. CONCLUSIONS

Attention blocks in U-Net models play a crucial role in
improving the segmentation of WMH in FLAIR images by
extracting additional information from the images to enhance
the detection process. We showed that an Attention U-Net
segmentation approach had statistically significant better per-
formance (F -measure, pcorr < 0.001) compared to the other
tested models. Similar findings were found with IoU metric
(pcorr < 0.001). The comparison across U-Net variants
showed that attention blocks reliably enhance the identification
and segmentation of WMH by reducing FPF and FNF (Table
S4). This improvement is likely due to the more precise
delineation of WMH boundaries, where most FP and FN errors
occur. These experiments demonstrated the advantages of
incorporating attention mechanisms in improving identification
and segmentation. The F-measure, IoU, and dH95 performance
metrics of the Attention U-Net model were not influenced by
disease class (Figs. 2b, 3, S3b, and S4b), in contrast to the
results obtained from other U-Net variants.

Scanner differences (and the associated variations in acqui-
sition protocol) were found to significantly affect performance
with one scanner (Scanner D) performing worse than the other
four scanners across all three performance measures (Figs.
2c, S3c, and S4c). This finding underscores a key challenge
in deep learning-based WMH segmentation: Training models
benefit from access to diverse datasets in order to seek both
robustness and generalizability and, thus, potentially increase
the likelihood of accurate segmentation on unseen data.

It is also important to recognize that WMH segmentation
provides a complementary addition to other clinical infor-
mation. Knowing the location and temporal progression of
WMHs, for instance, can help form a more comprehensive
understanding. Our future objective in utilizing Attention
Block U-Net models is to harness their potential as a predictive
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tool for conditions like AD, vascular dementia, and related
neurodegenerative disorders. To achieve this goal, future work
is need to expand dataset diversity, specifically including use
of a range of scanners and acquisition protocols.
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SUPPLEMENTARY MATERIAL

Supplementary material is provided to support the method-
ology and findings of the main manuscript. The supplementary
figures provide detailed specifications of the architecture and
summarize additional results of the IoU and dH95 metrics.
Supplementary tables support the interpretation of the figures
in the main paper, as well as summarizing individual demo-
graphics including by fold.

VII. SUPPLEMENTARY METHODOLOGY

Tabular data are reported by disease level (cognitively nor-
mal = CN, mild cognitive impairment = MCI and Alzheimer’s
disease = AD) and for the public dataset. Results shown in the
Supplementary material are calculated over voxels containing
brain tissue. Normalized WMH (nMWH) values report the
fraction of the intracranial (or brain) volume. Provided are the
mean ± standard deviation value calculated across each each
subject.

To ensure robustness and generalizability, we adopted a
stratified five-fold cross-validation across ten independent tri-
als (see details in main paper). For each trial, the dataset was
partitioned into 70% training, 10% validation, and 20% testing,
preserving the distribution of scanners (Scanner A-E), disease
classes (CN/MCI/AD), and cohorts (local/public) in all splits.
This stratification strategy attempted to mitigate biases arising
from imbalanced representation (e.g., scanner type or vendor,
disease stage, or dataset).

VIII. SUPPLEMENTARY RESULTS

Fig. 4 summarizes the four implemented U-Net architectures
(Attention U-Net, Traditional U-Net, U-Net++, and U-Net3+)
used in this work.

Table II describes the CN, MCI and AD cohorts within
the local dataset (n = 260) as well as within the public
dataset group (n = 60). The pooled data (n = 320) in
each supplementary table includes both the local dataset and
the public dataset subjects. Note: Sex, age and disease class
(CN/MCI/AD) information was not provided for the public
datasets.

Table III summarizes the number of individuals allocated to
training, validation, and testing from each dataset. Participants
were permutated across folds while maintaining the stratified
proportions, ensuring that all models were evaluated on dis-
tinct subsets of the data in each trial. Fig. 5 visualizes the age
distributions across the data splits and demonstrates consistent
stratification patterns throughout the cross-validation process.

Table IV summarizes the ground truth nWMH volumes and
the nWMH values measured by the four U-Net variants. Table
VI summarizes the average false negative (FNF), false positive
(FPF) and true positive (TPF) fractions by disease level and
U-Net model variant.

Table VII summarizes the F-measure measurements by
disease level and in the public and pooled data for each U-
Net variant. Fig. 6 and Table VIII similarly summarize the
IoU measurements. Fig. 7 and Table V summarize the dH95

metrics.
Table IX reports the average F-measure for each trial.
Fig. 8 presents the F-measure Precision-Recall plots for the

public and private datasets.

TABLE II
PUBLIC AND PRIVATE DATASET DEMOGRAPHICS

Dataset N Scanner Sex Age Subject Breakdown
[Ref] (see text) (years) (CI-MCI-AD)

Local Dataset
CNS1 74 A Male (50.%) 31.6± 4.5

Female (50.0%) 31.7± 4.4 (74-0-0)
All (100.0%) 31.6± 4.4

CNS2 20 A Male (55.0%) 44.0± 17.0
Female (45.0%) 43.2± 16.6 (20-0-0)

All (100.0%) 43.7± 17.3
FAVR-I 71 A Male (52.1%) 70.9± 7.7

Female (47.9%) 68.4± 9.0 (24-29-18)
All (100.0%) 69.7± 8.3

FAVR-II 65 A Male (57.1%) 70.3± 6.4
30 B Female (42.9%) 71.0± 7.5 (50-26-19)
95 All (100.0%) 70.7± 6.9

Total 260 Male (53.5%) 57.4± 7.0
Female (46.5%) 57.0± 7.7 (148-55-37)

All (100.0%) 57.2± 7.3
Public Dataset

AMS 20 C N/A∗ N/A∗ N/A∗

SIN 20 D N/A∗ N/A∗ N/A∗

Utrecht 20 E N/A∗ N/A∗ N/A∗

Total 60

Reported are count (percentage) or mean ± standard deviation.
∗Distribution of disease class, sex and age was not reported for the AMS,
SIN and Utrecht datasets, though no significant differences by site for age

(p = 0.45) or sex (p = 0.87) were reported. AD = Alzheimer’s disease, CN
= cognitively intact, CNS = Calgary Normative Study, FAVR = Functional
Assessment of Vascular Reactivity. MCI = mild cognitive impairment, N/A

= Not available.
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Fig. 4. Architecture of individual U-Net variations used in this work.
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Fig. 5. Age distribution across cross-validation splits for local datasets. The grid of plots shows ten independent trials (rows) and five cross-validation folds
(columns). For each fold, the test set corresponds to the held-out fold (20% of data), while the training (70%) and validation (10%) sets were derived from
the remaining data. Boxplots show the distribution of participant ages within each split (colors indicate training (blue), validation (orange), and test (green)
sets). Public dataset ages are omitted as the age data were not available.
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Fig. 6. Box plot of IoU score across U-Net variant, by (a) input image orientation (Axi = axial, Cor = coronal, Sag = sagittal) and combined 2.5D model, (b)
disease stage (CN = cognitively intact, MCI = mild cognitive impairment, AD = Alzheimer’s disease), and (c) scanner (A-E, see description in main paper).
Outliers have been suppressed to aid visualization.
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Fig. 7. Box plot of Hausdorff 95% percentile distance (dH95) across U-Net variant, by (a) input image orientation (Axi = axial, Cor = coronal, Sag = sagittal)
and combined 2.5D model, (b) disease stage (CN = cognitively intact, MCI = mild cognitive impairment, AD = Alzheimer’s disease), and (c) scanner (A-E,
see description in main paper). Outliers have been suppressed to aid visualization.
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TABLE III
DATASET DIVISION FOR STRATIFIED FIVE-FOLD CROSS-VALIDATION.

VALUES REPRESENT THE NUMBER OF SUBJECTS PER SPLIT.
(TRAIN-70%,VALIDATION-10%,TEST-20%)

Dataset N Train/Val/Test
CNS (local) 94 66/9/19

FAVR-I (local) 71 50/7/14
FAVR-II (local) 95 67/9/19
AMS (public) 20 14/2/4

Utrecht (public) 20 14/2/4
SIN (public) 20 14/2/4

Total 320 225/31/64

TABLE IV
NORMALIZED WMH VOLUME (NWMH) (MEAN ± STANDARD

DEVIATION) BY DISEASE LEVEL FOR THE GROUND TRUTH AND
OBTAINED BY EACH U-NET VARIANT. ALSO SHOWN ARE RESULTS OF

PUBLIC DATASET AND POOLED RESULTS

Ground Truth Attention U-Net
Level (%) (%)
CN 0.35 ± 0.37 0.32 ± 0.34

MCI 0.59 ± 0.74 0.56 ± 0.72
AD 0.58 ± 0.70 0.56 ± 0.68

Public 1.16 ± 1.13 1.04 ± 0.97
Pooled 0.67 ± 0.84 0.61 ± 0.75

Traditional U-Net U-Net++
Level (%) (%)
CN 0.31 ± 0.33 0.24 ± 0.26

MCI 0.56 ± 0.72 0.47 ± 0.63
AD 0.55 ± 0.68 0.48 ± 0.62

Public 1.03 ± 0.95 0.87 ± 0.83
Pooled 0.61 ± 0.75 0.51 ± 0.65

U-Net3+
Level (%) (%)
CN 0.31 ± 0.33

MCI 0.56 ± 0.72
AD 0.55 ± 0.68

Public 1.02 ± 0.94
Pooled 0.61 ± 0.74

TABLE V
AVERAGE HAUSDORFF 95% DISTANCE (dH95 , MEAN ± STANDARD
DEVIATION) BY DISEASE LEVEL FOR EACH U-NET VARIANT. ALSO
SHOWN ARE RESULTS OF PUBLIC DATASET AND POOLED RESULTS

Attention U-Net U-Net U-Net++ U-Net 3+
Level (mm) (mm) (mm) (mm)
CN 4.6 ± 4.2 6.2 ± 10.5 16.4 ± 13.9 6.7 ± 9.6

MCI 4.4 ± 5.2 4.7 ± 3.2 13.8 ± 9.3 5.6 ± 6.3
AD 3.3 ± 1.6 3.9 ± 2.1 13.6 ± 12.3 4.0 ± 2.1

Public 13.7 ± 12.2 15.0 ± 15.2 32.1 ± 19.9 15.6 ± 15.8
Pooled 6.9 ± 8.4 7.9 ± 11.0 20.4 ± 17.8 8.5 ± 11.3

0.0 0.2 0.4 0.6 0.8 1.0
Recall

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ec

is
io

n Attention U-Net
U-Net++
U-Net 3+
U-Net
Best Threshold
F-Measure = 0.86
F-Measure = 0.76
F-Measure = 0.85
F-Measure = 0.85

(a)

0.0 0.2 0.4 0.6 0.8 1.0
Recall

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ec

is
io

n Attention U-Net
U-Net++
U-Net 3+
U-Net
Best Threshold
F-Measure = 0.91
F-Measure = 0.79
F-Measure = 0.89
F-Measure = 0.89

(b)
Fig. 8. Precision-Recall curve by U-Net variant for (a) public and (b) private
datasets.

TABLE VI
AVERAGE FALSE NEGATIVE (FNF), FALSE POSITIVE (FPF) AND TRUE

POSITIVE (TPF) FRACTIONS (MEAN ± STANDARD DEVIATION) BY
DISEASE LEVEL FOR EACH U-NET VARIANT. ALSO SHOWN ARE RESULTS

OF PUBLIC DATASET AND POOLED RESULTS. NOTE: THE DATASET IS
IMBALANCED AND IN ALL CASES THE TRUE NEGATIVE FRACTION (TNF)

EXCEEDS 98%

Attention U-Net
FNF FPF TPF

Level (%) (%) (%)
CN 0.05 ± 0.05 0.03 ± 0.03 0.30 ± 0.33
MCI 0.05 ± 0.05 0.04 ± 0.04 0.54 ± 0.70
AD 0.05 ± 0.05 0.04 ± 0.03 0.53 ± 0.66

Public 0.21 ± 0.28 0.11 ± 0.12 0.95 ± 0.92
Pooled 0.09 ± 0.17 0.06 ± 0.08 0.57 ± 0.72

Traditional U-Net
FNF FPF TPF

Level (%) (%) (%)
CN 0.05 ± 0.06 0.04 ± 0.04 0.29 ± 0.32
MCI 0.06 ± 0.06 0.05 ± 0.05 0.53 ± 0.69
AD 0.06 ± 0.06 0.05 ± 0.04 0.52 ± 0.65

Public 0.21 ± 0.27 0.12 ± 0.13 0.95 ± 0.92
Pooled 0.10 ± 0.17 0.07 ± 0.08 0.57 ± 0.71

U-Net++
FNF FPF TPF

Level (%) (%) (%)
Normal 0.12 ± 0.14 0.05 ± 0.04 0.23 ± 0.25

MCI 0.15 ± 0.18 0.07 ± 0.07 0.43 ± 0.59
AD 0.14 ± 0.14 0.07 ± 0.06 0.44 ± 0.57

Public 0.37 ± 0.42 0.15 ± 0.15 0.80 ± 0.79
Pooled 0.20 ± 0.27 0.08 ± 0.10 0.47 ± 0.61

U-Net3+
FNF FPF TPF

Level (%) (%) (%)
Normal 0.05 ± 0.06 0.04 ± 0.04 0.29 ± 0.32

MCI 0.06 ± 0.06 0.06 ± 0.06 0.53 ± 0.69
AD 0.06 ± 0.06 0.05 ± 0.05 0.52 ± 0.65

Public 0.21 ± 0.28 0.12 ± 0.12 0.94 ± 0.91
Pooled 0.10 ± 0.17 0.07 ± 0.08 0.57 ± 0.71
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TABLE VII
AVERAGE F-MEASURE (MEAN ± STANDARD DEVIATION) BY DISEASE LEVEL FOR EACH U-NET VARIANT. ALSO SHOWN ARE RESULTS OF PUBLIC

DATASET AND POOLED RESULTS

Attention U-Net U-Net
Level 2D Axial 2D Coronal 2D Sagittal 2.5D 2D Axial 2D Coronal 2D Sagittal 2.5D

CI 0.76 ± 0.07 0.83 ± 0.06 0.88 ± 0.05 0.87 ± 0.04 0.75 ± 0.07 0.82 ± 0.06 0.85 ± 0.05 0.85 ± 0.05
MCI 0.79 ± 0.09 0.85 ± 0.09 0.89 ± 0.07 0.88 ± 0.08 0.77 ± 0.10 0.83 ± 0.09 0.87 ± 0.06 0.87 ± 0.09
AD 0.79 ± 0.06 0.87 ± 0.04 0.90 ± 0.04 0.90 ± 0.03 0.79 ± 0.06 0.86 ± 0.05 0.88 ± 0.04 0.89 ± 0.04

Public 0.78 ± 0.11 0.78 ± 0.11 0.81 ± 0.12 0.82 ± 0.10 0.77 ± 0.11 0.78 ± 0.11 0.81 ± 0.11 0.82 ± 0.10
Pooled 0.78 ± 0.09 0.83 ± 0.09 0.86 ± 0.08 0.87 ± 0.08 0.77 ± 0.09 0.82 ± 0.09 0.85 ± 0.08 0.85 ± 0.08

U-Net++ U-Net3+
Level 2D Axial 2D Coronal 2D Sagittal 2.5D 2D Axial 2D Coronal 2D Sagittal 2.5D
CN 0.62 ± 0.08 0.67 ± 0.08 0.72 ± 0.08 0.71 ± 0.09 0.73 ± 0.08 0.81 ± 0.06 0.85 ± 0.04 0.85 ± 0.05
MCI 0.65 ± 0.09 0.70 ± 0.09 0.76 ± 0.07 0.75 ± 0.09 0.76 ± 0.09 0.83 ± 0.09 0.86 ± 0.07 0.86 ± 0.08
AD 0.67 ± 0.08 0.72 ± 0.06 0.77 ± 0.06 0.78 ± 0.06 0.77 ± 0.07 0.85 ± 0.04 0.88 ± 0.04 0.88 ± 0.04

Public 0.68 ± 0.10 0.67 ± 0.11 0.71 ± 0.12 0.72 ± 0.11 0.76 ± 0.12 0.77 ± 0.11 0.80 ± 0.11 0.82 ± 0.09
Pooled 0.65 ± 0.09 0.68 ± 0.09 0.73 ± 0.09 0.73 ± 0.10 0.75 ± 0.09 0.81 ± 0.09 0.84 ± 0.08 0.85 ± 0.07

TABLE VIII
AVERAGE IOU (MEAN ± STANDARD DEVIATION) BY DISEASE LEVEL FOR EACH U-NET VARIANT. ALSO SHOWN ARE RESULTS OF PUBLIC DATASET

AND POOLED RESULTS

Attention U-Net U-Net
Level 2D Axial 2D Coronal 2D Sagittal 2.5D 2D Axial 2D Coronal 2D Sagittal 2.5D
CN 0.62 ± 0.09 0.72 ± 0.08 0.78 ± 0.07 0.78 ± 0.07 0.60 ± 0.09 0.69 ± 0.09 0.74 ± 0.07 0.75 ± 0.07
MCI 0.66 ± 0.12 0.75 ± 0.12 0.81 ± 0.10 0.80 ± 0.11 0.64 ± 0.12 0.73 ± 0.12 0.77 ± 0.09 0.77 ± 0.11
AD 0.66 ± 0.09 0.78 ± 0.06 0.82 ± 0.06 0.82 ± 0.06 0.65 ± 0.08 0.75 ± 0.07 0.78 ± 0.06 0.80 ± 0.06

Public 0.65 ± 0.14 0.65 ± 0.14 0.70 ± 0.15 0.71 ± 0.13 0.64 ± 0.14 0.65 ± 0.14 0.69 ± 0.15 0.70 ± 0.13
Pooled 0.64 ± 0.11 0.72 ± 0.12 0.77 ± 0.11 0.77 ± 0.11 0.63 ± 0.11 0.70 ± 0.11 0.74 ± 0.11 0.75 ± 0.10

U-Net++ U-Net3+
Level 2D Axial 2D Coronal 2D Sagittal 2.5D 2D Axial 2D Coronal 2D Sagittal 2.5D
CN 0.45 ± 0.09 0.51 ± 0.09 0.57 ± 0.09 0.56 ± 0.10 0.58 ± 0.09 0.68 ± 0.08 0.74 ± 0.07 0.74 ± 0.07
MCI 0.48 ± 0.10 0.54 ± 0.11 0.61 ± 0.09 0.61 ± 0.11 0.62 ± 0.11 0.71 ± 0.12 0.77 ± 0.09 0.76 ± 0.11
AD 0.51 ± 0.09 0.57 ± 0.07 0.63 ± 0.08 0.64 ± 0.08 0.63 ± 0.09 0.74 ± 0.07 0.78 ± 0.07 0.79 ± 0.06

Public 0.52 ± 0.11 0.51 ± 0.12 0.56 ± 0.14 0.57 ± 0.13 0.63 ± 0.14 0.64 ± 0.14 0.69 ± 0.15 0.70 ± 0.13
Pooled 0.49 ± 0.10 0.53 ± 0.10 0.59 ± 0.11 0.59 ± 0.11 0.61 ± 0.11 0.69 ± 0.11 0.74 ± 0.11 0.74 ± 0.10

TABLE IX
AVERAGE CLASSIFICATION F-MEASURE (%, MEAN ± STANDARD DEVIATION) FOR EACH OF TEN TRIALS OBTAINED USING TEN-TIMES REPEATED

FIVE-FOLD CROSS-VALIDATION

Local Public
Trial Attention U-Net U-Net U-Net++ U-Net3+ Attention U-Net U-Net U-Net++ U-Net3+

1 0.84± 0.11 0.84± 0.11 0.78± 0.11 0.84± 0.11 0.83± 0.09 0.83± 0.09 0.76± 0.09 0.83± 0.09
2 0.83± 0.12 0.83± 0.12 0.76± 0.12 0.83± 0.13 0.82± 0.10 0.82± 0.10 0.75± 0.10 0.82± 0.11
3 0.84± 0.11 0.83± 0.11 0.77± 0.10 0.83± 0.11 0.82± 0.09 0.82± 0.09 0.74± 0.09 0.82± 0.09
4 0.85± 0.10 0.84± 0.11 0.78± 0.10 0.84± 0.11 0.83± 0.09 0.83± 0.09 0.76± 0.08 0.83± 0.09
5 0.82± 0.09 0.81± 0.09 0.74± 0.08 0.81± 0.09 0.80± 0.07 0.80± 0.07 0.73± 0.06 0.80± 0.08
6 0.83± 0.09 0.82± 0.09 0.75± 0.08 0.82± 0.09 0.81± 0.07 0.81± 0.07 0.74± 0.07 0.81± 0.07
7 0.81± 0.11 0.79± 0.11 0.70± 0.09 0.78± 0.11 0.80± 0.11 0.79± 0.10 0.70± 0.10 0.79± 0.10
8 0.83± 0.08 0.82± 0.09 0.75± 0.08 0.82± 0.09 0.81± 0.07 0.81± 0.07 0.74± 0.07 0.82± 0.07
9 0.84± 0.08 0.83± 0.09 0.76± 0.08 0.83± 0.09 0.83± 0.07 0.82± 0.07 0.75± 0.07 0.83± 0.07

10 0.84± 0.09 0.83± 0.09 0.76± 0.08 0.83± 0.09 0.83± 0.07 0.83± 0.06 0.75± 0.07 0.83± 0.07
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