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Previous studies have indicated that white matter hyperintensities (WMH), the main radiological feature
of small vessel disease, may evolve (i.e., shrink, grow) or stay stable over a period of time. Predicting
these changes are challenging because it involves some unknown clinical risk factors that leads to a non-
deterministic prediction task. In this study, we propose a deep learning model to predict the evolution of
WMH from baseline to follow-up (i.e., 1-year later), namely “Disease Evolution Predictor” (DEP) model,
which can be adjusted to become a non-deterministic model. The DEP model receives a baseline image
as input and produces a map called “Disease Evolution Map” (DEM), which represents the evolution of
WMH from baseline to follow-up. Two DEP models are proposed, namely DEP-UResNet and DEP-GAN,
which are representatives of the supervised (i.e., need expert-generated manual labels to generate the
output) and unsupervised (i.e., do not require manual labels produced by experts) deep learning algo-
rithms respectively. To simulate the non-deterministic and unknown parameters involved in WMH evo-
lution, we modulate a Gaussian noise array to the DEP model as auxiliary input. This forces the DEP
model to imitate a wider spectrum of alternatives in the prediction results. The alternatives of using
other types of auxiliary input instead, such as baseline WMH and stroke lesion loads are also proposed
and tested. Based on our experiments, the fully supervised machine learning scheme DEP-UResNet regu-
larly performed better than the DEP-GAN which works in principle without using any expert-generated
label (i.e., unsupervised). However, a semi-supervised DEP-GAN model, which uses probability maps pro-
duced by a supervised segmentation method in the learning process, yielded similar performances to the
DEP-UResNet and performed best in the clinical evaluation. Furthermore, an ablation study showed that
an auxiliary input, especially the Gaussian noise, improved the performance of DEP models compared
to DEP models that lacked the auxiliary input regardless of the model’s architecture. To the best of our
knowledge, this is the first extensive study on modelling WMH evolution using deep learning algorithms,
which deals with the non-deterministic nature of WMH evolution.

© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license. (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

spaces, are the main neuroradiological features of cerebral small
vessel disease (SVD) (Wardlaw et al, 2013). WMH can be ob-

White matter hyperintensities (WMH), together with lacunar
ischaemic strokes, lacunes, cerebral microbleeds, and perivascular
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served in T2-weighted and T2-fluid attenuated inversion recovery
(T2-FLAIR) brain magnetic resonance images (MRI), sharing similar
neuroradiological characteristics as the lacunar ischaemic infarcts
and enlarged perivascular spaces (del C. Valdés Hernandez et al.,
2013). Clinically, WMH have been associated with stroke, age-
ing, and dementia progression (Prins and Scheltens, 2015; Ward-
law et al., 2017a). Recent studies have shown that WMH may de-
crease (i.e., shrink/regress), stay unchanged (i.e., stable), or increase
(i.e., grow/progress) over a period of time (Ramirez et al., 2016).
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Variations in the WMH burden over time have been associated
with patients’ comorbidities and clinical outcome (Chappell et al.,
2017; Wardlaw et al., 2017b). In this study, we refer to theses
changes as “evolution of WMH".

Predicting the evolution of WMH is challenging because the
rate and direction of WMH evolution varies considerably across
studies (Schmidt et al., 2016; van Leijsen et al., 2017a; 2017b) and
several risk factors, either commonly or not fully known, could be
involved in their progression (Wardlaw et al., 2017b). For example,
some risk factors and predictors that have been commonly associ-
ated with WMH progression are baseline WMH volume (Schmidt
et al,, 2003; Sachdev et al., 2007; van Dijk et al., 2008; Wardlaw
et al., 2017b; Chappell et al., 2017), blood pressure or hyperten-
sion (Veldink et al., 1998; Schmidt et al., 2002b; van Dijk et al.,
2008; Godin et al, 2011; Verhaaren et al., 2013), age (van Dijk
et al., 2008), current smoking status (Power C et al., 2015), previous
stroke and diabetes (Gouw et al., 2008; Wardlaw et al., 2017b), and
genetic properties (Schmidt et al., 2002a; 2011; Godin et al., 2009;
Luo et al.,, 2017). Surrounding regions of WMH that may appear
like normal appearing white matter (NAWM) with less structural
integrity, usually called the “penumbra of WMH” (Maillard et al.,
2011), have also been reported as having a high risk of becom-
ing WMH over time (Maillard et al., 2014; Pasi et al., 2016). On
the other hand, regression of WMH volume has been reported
in several radiological observations on MRI, such as after cerebral
infraction (Moriya et al., 2009), strokes (Durand-Birchenall et al.,
2012; Cho et al, 2015; Wardlaw et al., 2017b), improved hep-
atic encephalopathy (Minguez et al., 2007), lower blood pressure
(Wardlaw et al., 2017b), liver transplantation (Rovira Cafellas et al.,
2007), and carotid artery stenting (Yamada et al., 2010). While a
recent study suggested that areas of shrinking WMH were actually
still damaged (Jiaerken et al., 2018), a more recent study showed
that WMH regression did not accompany brain atrophy and sug-
gested that WMH regression follows a relatively benign clinical
course (van Leijsen et al., 2019).

In this study, we propose an end-to-end training model for au-
tomatically predicting and spatially estimating the dynamic evo-
lution of WMH from baseline to the following time point using
deep neural networks called “Disease Evolution Predictor” (DEP)
model (discussed in Section 2.2). The DEP model produces a map
named “Disease Evolution Map” (DEM) which characterises each
WMH or brain tissue voxel as progressing, regressing, or stable
WMH (discussed in Section 2.1). For this study we have cho-
sen deep neural networks due to their exceptional performance
on WMH segmentation (Rachmadi et al., 2017; Li et al., 2018;
Kuijf et al., 2019). We use a Generative Adversarial Network (GAN)
(Goodfellow et al., 2014) and the U-Residual Network (UResNet)
(Guerrero et al., 2018) as base architectures for the DEP model.
These architectures represent the state-of-the-art deep neural net-
work models. In other words, GANs do not need expert-annotated
manual labels in the learning process as they learn the regularities
within the input data to estimate the unknown patterns without
the need of pre-existing labels (i.e., unsupervised), whilst UResNet
adjusts each layer’s weights by recurrently optimising its response
in a regularisation process that needs a model expert-annotated
label to compare against (i.e., supervised).

This study differs from previous studies on predictive modelling
in the fact that we are interested in predicting the evolution of
specific neuroradiological MRI features (i.e., WMH in T2-FLAIR), not
the progression of a disease as a whole and/or its effect. For ex-
ample, previous studies have proposed methods for predicting the
progression from mild cognitive impairment to Alzheimer’s dis-
ease (Spasov et al., 2019; Korolev et al., 2016; Hinrichs et al., 2011)
and progression of cognitive decline in Alzheimer’s disease patients
(Choi et al., 2018). These studies have used multiple kernel learn-
ing classification approaches, which can incorporate non-imaging

inputs to increase specificity in the classification, leading to relative
accurate prediction of transitional stages or classes. However, it is
unclear whether such approaches can cope with voxel-based pre-
diction amidst the ill-posed boundary conditions that distinguish
normal from abnormal tissue (i.e., WMH) in diseases that have a
wide range of structural abnormalities of different degrees coexist-
ing simultaneously, like the case of small vessel disease as previ-
ously mentioned.

Our proposed DEP model generates three outcomes: 1) predic-
tion of WMH volumetric changes (i.e., either progressing or re-
gressing), 2) estimation of WMH spatial changes, and 3) spatial
distribution of white matter evolution at the voxel-level precision.
Thus, using the DEP model, clinicians can estimate the size, extent,
and location of WMH in time to study their progression/regression
in relation to clinical health and disease indicators, for ultimately
design more effective therapeutic interventions (Rachmadi et al.,
2019). Results and evaluations can be seen in Section 4.

To the best of our knowledge, this is the first extensive study on
modelling the dynamic change and evolution of WMH, especially
using deep learning algorithms. Some relevant studies which use
non-deep learning algorithms for predicting other types of brain
lesions have been previously proposed. For example, a study that
modelled ischemic stroke lesion dynamics using longitudinal meta-
morphosis (Rekik et al., 2014) and a study that modelled low-grade
gliomas using tumor growth parameters estimation (Rekik et al.,
2013). Most of these studies use mathematical models that con-
sider a limited number of clusters with well-defined boundaries,
which is not the case of the WMH (Rekik et al., 2012; Elazab
et al., 2018). However, some recent relevant studies have proposed
the use of deep neural networks for estimating the brain tumor
growth’s parameters (Ezhov et al., 2019) with emphasis in the dy-
namic of glioma growth (Petersen et al., 2019). The difference be-
tween our study and these recent studies is that our proposed DEP
model allows modulating non-image information using auxiliary
input (discussed in Section 2.3).

This is an extensive study which expands our previous work
in MICCAI 2019 (Rachmadi et al., 2019) where the first study on
probabilistic prediction method for WMH evolution was proposed.
The main contributions of this study, not addressed in our previous
work are as follows.

1. We propose and evaluate the use of three different in-
put modalities for the DEM: 1) irregularity map (IM)
(Rachmadi et al., 2019), 2) probability map (PM) gener-
ated from a supervised deep learning WMH segmentation
method, and 3) binary WMH label (LBL) generated by an ex-
pert or highly trained analyst.

2. We performed an ablation study of using different GAN ar-
chitectures for DEP-GAN model, namely 1) Wasserstein GAN
with gradient penalty (WGAN-GP), 2) visual attribution GAN
(VA-GAN), 3) DEP-GAN with 1 critic (DEP-GAN-1C), and 4)
DEP-GAN with 2 critics (DEP-GAN-2C).

3. We investigated three different levels of human supervision
in predicting WMH evolution: 1) supervised DEP-UResNet
using expert-generated manual labels, 2) unsupervised DEP-
GAN using IM produced by an unsupervised segmentation
method of LOTS-IM (Rachmadi et al., 2019), and 3) semi-
supervised DEP-GAN using PM produced by a supervised
segmentation method of UResNet.

4. We performed an ablation study of four different types of
auxiliary input for DEP model: 1) no auxiliary input, 2) base-
line WMH load, 3) baseline WMH and stroke lesions (SL)
loads, and 4) Gaussian noise.

5. We performed clinical plausibility analysis of the application
of each DEP model in predicting WMH volumetric changes
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Fig. 1. “Disease evolution map” (DEM) (right) is produced by subtracting baseline images (middle) from follow-up image (left). In DEM produced by irregularity map (IM)
(first row) and probability map (PM) (second row), bright yellow pixels represent positive values (i.e., progression) while dark blue pixels represent negative values (i.e.,
regression). On the other hand, DEM produced by binary WMH label (LBL) (third row) has three foreground labels which represent progression or “Grow” (green), regression
or “Shrink” (red), and “Stable” (blue). We named this special DEM as three-class DEM label (LBL-DEM). (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)

accounting for risk factors of WMH evolution using analysis
of covariance (ANCOVA).

2. Proposed methods
2.1. Disease Evolution Map (DEM)

To produce a standard representation of WMH evolution, a sim-
ple subtraction operation between two irregularity maps from two
time points (i.e., baseline assessment from follow-up assessment)
named “Disease Evolution Map” (DEM) was proposed in our previ-
ous work (Rachmadi et al., 2019). In the present study, we evaluate
the use of three different modalities in the subtraction operation:
irregularity map (i.e. as per Rachmadi et al., 2019), probability map,
and binary WMH label.

Irregularity map (IM) is a map/image that describes the “irreg-
ularity” level of each voxel with respect to the normal brain tis-
sue using real values between 0 and 1 (Rachmadi et al., 2018b).
The IM is unique as it retains some of the original MRI tex-
tures (e.g., from the T2-FLAIR image intensities), including gradi-
ents of WMH. IM is also independent from a human rater or train-
ing data, as it is produced using an unsupervised method (i.e.,
LOTS-IM) (Rachmadi et al., 2020). Furthermore, previous studies
have shown that IM can also be used for WMH segmentation
(Rachmadi et al., 2018b), data augmentation of supervised WMH
segmentation (Jeong et al., 2019), and simulation of WMH progres-
sion and regression (Rachmadi et al.,, 2018c). DEM resulted from
the subtraction of two IMs has values ranging from -1 to 1 (first
row of Fig. 1). Note how both regression and progression (i.e. blue
for negative values and red for positive values) are well repre-
sented at the voxel level precision on the DEM obtained from IMs.

Probability map (PM) in the present study refers to the WMH
segmentation output from a supervised machine learning method.
Similar to IM, PM has real values between 0 and 1 which describe
the probability for each voxel of being WMH. However, PM differs
from IM in the fact that PM only has WMH gradients on the bor-
ders of WMH (note that the centres of (big) WMH clusters mostly
have probability of 1). Thus, the DEM produced from the subtrac-
tion of two PMs also has values ranging from -1 to 1 represent-
ing regression and progression respectively, but these are usually
located on the WMH clusters’ borders and/or representing small
WMH. On the other hand, the rest of DEM'’s regions (i.e., the cen-
ters of big WMH and non-WMH regions) have value of 0 (see the
second row of Fig. 1).

Lastly, binary WMH label (LBL) refers to the WMH label pro-
duced by an expert’s manual segmentation, which is often consid-
ered as gold standard (Valdés Hernandez et al., 2015). DEM from
LBL can be produced by subtracting the baseline LBL from the
follow-up LBL, and each voxel of the resulted image is then la-
belled as either “Shrink” if it has value below zero, “Grow” if it has
value above zero, or “Stable” if it has value of zero. We refer this
DEM as three-class DEM label (LBL-DEM), and its depiction can be
seen in the bottom-right of Fig. 1.

2.2. Disease Evolution Predictor (DEP) model using deep neural
networks

In this study, two Disease Evolution Predictor (DEP) models are
proposed and evaluated: 1) DEP model based on generative ad-
versarial networks (DEP-GAN) (Rachmadi et al., 2019) and 2) DEP
model based on UResNet (DEP-UResNet). The differences between
DEP-GAN and DEP-UResNet are input/output modalities and level
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of human supervision involved in the training. For input/output
modalities, DEP-GAN uses either IM or PM for both input and out-
put modalities to represent WMH whereas DEP-UResNet uses T2-
FLAIR and expert generated three-class DEM label (LBL-DEM) for
input and output respectively. In terms of the level of human su-
pervision, DEP-GAN using IM is categorised as unsupervised be-
cause the input modality (i.e.,, IM) is produced by an unsuper-
vised method (i.e.,, LOTS-IM), DEP-GAN using PM is categorised
as semi-supervised because the PM is produced by a supervised
deep learning algorithm (i.e., UResNet, see Section 3.2), and DEP-
UResNet is categorised as fully supervised as it simply learns DEM
labels from expert-generated LBL-DEM.

2.2.1. DEP Generative Adversarial Network (DEP-GAN)

DEP Generative Adversarial Network (DEP-GAN)
(Rachmadi et al.,, 2019) is based on a GAN, a well established
deep neural network model commonly used to generate fake
natural images (Goodfellow et al., 2014). Thus, in this study,
DEP-GAN is mainly proposed to predict the evolution of WMH
when there are no longitudinal WMH labels available. DEP-GAN is
based on a visual attribution GAN (VA-GAN), originally proposed
to detect atrophy in T2-weighted MRI of Alzheimer’s disease
(Baumgartner et al., 2017). DEP-GAN consists of a generator
based on a U-Residual Network (UResNet) (Guerrero et al., 2018)
and two separate convolutional networks used as discriminators
(hereinafter will be referred as critics) which are based on the
VA-GAN’s critics (Baumgartner et al, 2017). The schematic of
DEP-GAN can be seen in Fig. 2.

Let Xg be the baseline (year-0) image and x; be the follow-up
(year-1) image. Then, the “real” DEM (y) can be produced by a sim-
ple subtraction (y = X; — Xp). To generate the “fake” DEM (y’), i.e.
without x4, a generator function (M(x)) is used: y’ = M(Xg). Thus, a
“fake” follow-up image (x;) can be produced by xj = Xo +y'. Once
M(x) is well/fully trained, the “fake” follow-up (x}) and the “real”
follow-up (X1) should be indistinguishable by a critic function D(x),
while “fake” DEM (y’) and “real” DEM (y) should be also indistin-
guishable by another critic function C(x). Full schematic of DEP-
GAN’s architecture (i.e., its generator and critics) can be seen in
Fig. 3.

The DEP-GAN’s UResNet-based generator (M(x)) has two parts,
an encoder which encodes the input image information to a la-
tent representation and a decoder which decodes back image in-
formation from the latent representation. The baseline IM/PM (Xg)
is feed-forwarded to this generator to generate a “fake” DEM (y’).
There is also an auxiliary input modulated into the generator us-
ing a FiLM layer (Perez et al., 2018) inside the residual block (Res-
Block) to deal with non-deterministic factors of WMH evolution.
This auxiliary input and its modulation will be fully discussed in
Section 2.3. The architecture of the DEP-GAN’s generator is de-
picted in the upper side of Fig. 3 (with “A”, “B”, and “E” anno-
tations for UResNet-based generator of M(x), auxiliary input, and
residual block (ResBlock) respectively).

Unlike VA-GAN that uses only one critic (i.e., only D(x))
(Baumgartner et al., 2017), DEP-GAN uses two critics (i.e., D(x) and
((x)) to enforce anatomically realistic modifications to the follow-
up images (Baumgartner et al., 2017) and encode realistic plausibil-
ity in the modifier (i.e., DEM) (Rachmadi et al., 2019). Anatomically
realistic modifications to the follow-up images can be achieved by
optimising the critic D(x) and the anatomically realistic plausibil-
ity of the modifier can be achieved by optimising the critic C(x). In
other words, we argue that an anatomically realistic DEM is essen-
tial to produce anatomically realistic (fake) follow-up images. The
architecture of the DEP-GAN’s critics and their connection to the
generator are depicted in the lower side of Fig. 3 (with “C” and
“D” annotations for critic C(x) and D(x) respectively).

R
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Fig. 2. Schematic of the proposed DEP-GAN with 2 discriminators (critics). M(x) is
a generator which generates “fake” disease evolution map (DEM) while C(x) and
D(x) are critics to enforce anatomically realistic modifications to the follow-up im-
ages and encode realistically plausible DEMs. The flows of “fake” images are shown
by the dashed lines. DEP-GAN can take either irregularity map (IM) or probabil-
ity map (PM) as input. DEP-GAN also has an auxiliary input to deal with the non-
deterministic factors in WMH evolution (see Section 2.3 for full explanation).

The DEP-GAN’s optimisation process is the same as the opti-
misation of VA-GAN, where the optimisation processes of Wasser-
stein GAN (WGAN-GP) using a gradient penalty factor of 10 is used
(Gulrajani et al., 2017). The optimisation of M(x) is given by the fol-
lowing function

M* = arg min max Lic (M, D)
M DeD

+ arg min max Leitic (M, C) + Lyeg (M) (1)
M CeC
where
['critic (M, D) = Ex1 ~P; [D(xl )]
— Exyro [D(Xo + M(X0))], (2)

Leritic(M, C) = Exgx,~po.p; [C(X1 — Xo)]
—Exy~r, [C(M(X0))]. (3)

Ereg(M) = )Ll MAE(X;, Xl)
+A2(1 — DSC(x7,X1))
+ AsMSE(vol(x7), vol (X1)), (4)

Xo is the baseline image that has an underlying distribution Py,
X; is the follow-up image that has an underlying distribution Py,
M(xo) represents the “fake” DEM, X; = Xg +M(Xo) is the “fake”
follow-up image, D and C are the critics (i.e. a set of 1-Lipschitz
functions (Baumgartner et al., 2017; Gulrajani et al., 2017)), and
MAE and MSE are mean absolute error and mean squared error
(i.e.,, L1 and L2 losses) respectively. The optimisation is performed
by updating the parameters of the generator and critics alternately,
where (each) critic is updated 5 times per generator update. Also,
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Fig. 3. Architecture of DEP-GAN, which consists of one generator (upper side, “A”) and two critics (lower side, “C” and “D"). Note how the proposed auxiliary input is
feed-forwarded to convolutional layers (yellow, “B”) and then modulated to the generator using FiLM layer (green) inside residual block (ResBlock) (light blue, “E”). Please
see Fig. 2 for connections between each part and Section 2.3 for full explanation about auxiliary input. On the other hand, DEP-UResNet is based on DEP-GAN's generator,
including its auxiliary input, with modification of the last non-linear activation function (i.e., use softmax for segmentation instead of tanh). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

in the first 25 iterations and every 100 iterations, the critics are
updated 100 times per generator update (Baumgartner et al., 2017;
Gulrajani et al., 2017).

In summary, to optimise the generator (M(x)), we need to op-
timise Eq. (1), which optimises both critics (D(x) and C(x)) using
Egs. (2) and (3) respectively based on WGAN-GP’s optimisation
process (Gulrajani et al., 2017), and use the regularisation function
described in Eq. (4). Each term in the Eq. (4) simply says:

1. Intensities of “fake” follow-up images (x}) have to be similar
to the “real” follow-up images (x;) based on MAE (i.e., L1
loss).

2. The WMH segmentation estimated from x} has to be spa-
tially similar to the WMH segmentation estimated from x4
based on the Dice similarity coefficient (DSC) (see Eq. (6)).

3. The WMH volume (in ml) estimated from X} has to be sim-
ilar to the WMH volume estimated from x; based on MSE
(i.e., L2 loss).

The WMH segmentation of x; and x; is estimated by either
thresholding IM values (i.e., irregularity values) to be above 0.178
(Rachmadi et al., 2020) or PM values (i.e., probability values) to be
above 0.5. Furthermore, each term in Eq. (4) is weighted by A4, A5,
and A3 which equals to 100 (Baumgartner et al., 2017), 1, and 100
respectively.

Compared to the other GAN architectures reviewed in
Yi et al. (2019) and Kazeminia et al. (2018), DEP-GAN is closely re-
lated to conditional GAN (Mirza and Osindero, 2014) with WGAN-
GP’s training scheme (Gulrajani et al., 2017), both of which are the
basis of the VA-GAN. The use of two discriminator/critics is also
not unheard of as some relevant studies have proposed similar idea
(Lanfredi et al., 2019). In regards to the application of GAN, DEP-
GAN is closer to cross modality transformation than segmentation
because the DEP-GANs generator transforms the input of IM/PM
into a different modality of DEM. The uniqueness of DEP-GAN com-

pared to other GAN architectures is the use of auxiliary input for
modulating non-image information, especially the use of Gaussian
noise for simulating the non-deterministic nature of WMH evolu-
tion (see Section 2.3). While modulating different modalities into
deep neural networks is not entirely new, this study shows that
the proposed auxiliary input improves the performance on predict-
ing the evolution of WMH (see Section 4.2).

2.2.2. DEP U-Residual Network (DEP-UResNet)

In the case of WMH binary labels (LBL) for both time points
(i.e., baseline and follow-up in longitudinal data set) are available,
a simple supervised deep neural network method can be used to
automatically estimate WMH evolution. As previously described in
Section 2.1, DEM produced from LBL (i.e., three-class DEM label
(LBL-DEM)) consists of 3 foreground labels (i.e.,, “Grow” (green),
“Shrink” (red), and “Stable” (blue)) and 1 background label (black).
An example of LBL-DEM can be seen in the bottom-right figure of
Fig. 1.

In this study, the DEP-GAN’s generator is detached from the
critics and modified into DEP U-Residual Network (DEP-UResNet)
by changing the last non-linear activation layer of tanh (i.e., for re-
gression) to softmax (i.e., for multi-label segmentation). Thus, the
DEP-UResNet’s schematic is similar to the DEP-GAN’s generator,
which can be seen in Fig. 3 (with “A”, “B”, and “E” annotations).
DEP-UResNet uses T2-FLAIR as input and LBL-DEM as target out-
put. Note that this configuration makes all DEP models have simi-
lar generator networks based on UResNet. Furthermore, the auxil-
iary input proposed in this study can be also applied to the DEP-
UResNet.

2.3. Auxiliary input in DEP model

The biggest challenge in modelling the evolution of WMH is
mainly the amount of factors involved in WMH evolution. In our



6 M.E. Rachmadi, M.d.C. Valdés-Herndndez and S. Makin et al./Medical Image Analysis 63 (2020) 101712

previous work, we proposed an auxiliary input module which
modulates random noises from normal (Gaussian) distribution
to every layer of the DEP-GAN’s generator to simulate the un-
known/missing factors (i.e., non-image features) involved in WMH
evolution and the non-deterministic property of WMH evolution
(Rachmadi et al,, 2019). To modulate the auxiliary input to ev-
ery layer of the DEP-GAN'’s generator we used Feature-wise Linear
Modulation (FILM) layer (Perez et al., 2018). The FiLM layer is de-
picted as the green block inside the residual block (ResBlock) in
Fig. 3 (annotated as “E”). In the FiLM layer, ¥, and B;; modulate
feature maps Fy;, where subscript m refers to mt feature map, via
the following affine transformation

FiLM (Fn|Ym, Bm) = VinFm + Bm. (5)

where y;, and B, for each ResBlock in each layer are automatically
determined by convolutional layers (depicted as yellow blocks in
Fig. 3 with “B” annotation). Note that the proposed auxiliary input
module can be easily applied to any deep neural network model.
Thus, we applied the auxiliary input module to the two DEP mod-
els proposed in the present study: DEP-GAN and DEP-UResNet.

In this study, we performed an ablation study of auxiliary in-
put modalities for DEP model by using: 1) no auxiliary input, 2)
baseline WMH volume, 3) both baseline WMH and SL volumes,
and 4) Gaussian noise. The WMH and SL volumes were obtained
from WMH and SL labels/masks (see Section 3.1). Whereas, an ar-
ray of 32 random noises which follow Gaussian distribution (Gaus-
sian noise) of z~ A'(0,1) was used as per our previous work
(Rachmadi et al., 2019). It is worth to mention that changing the
auxiliary input modality from WMH and SL loads to Gaussian noise
changes the nature of the DEP model from deterministic to non-
deterministic (i.e., probabilistic).

3. Data and experiments
3.1. Subjects and data

We used MRI data from stroke patients (n = 152) enrolled in a
study of stroke mechanisms from which full recruitment and as-
sessments have been published (Wardlaw et al., 2017b). Written
informed consent was obtained from all patients on protocols ap-
proved by the Lothian Ethics of Medical Research Committee (REC
09/81101/54) and NHS Lothian R+D Office (2009/W/NEU/14), on
the 29th of October 2009. In the clinical study that provided the
data, patients were imaged at three time points (i.e., first time
(baseline) 1-4 weeks after presenting to the clinic with stroke
symptoms, at approximately 3 months, and a year after (follow-
up)). All images were acquired at a GE 1.5T MRI scanner following
the same imaging protocol (Valdés Hernandez et al., 2015). Ground
truth segmentations were performed using a multi-spectral semi-
automatic method (Valdés Hernandez et al., 2015) only from base-
line and 1-year follow-up scan visits in the image space of the T1-
weighted scan of the second visit, in n = 152 (out of 264) patients.
T2-weighted, FLAIR, gradient echo, and T1-weighted structural im-
ages at baseline and 1-year scan visits were rigidly and linearly
aligned using FSL-FLIRT (Jenkinson et al., 2002). The resulted res-
olution of the images is 256 x 256 x 42 with slice thickness of
0.9375 x 0.9375 x 4 mm. We used data from all patients who
had the three scan visits and ground truth generated as per above.
Hence, our sample consists on MRI data (i.e.,, s =n x 2 = 304 MRI
scans) for baseline and 1-year follow-up data. Out of all patients,
there are 70 of them that have stroke subtype lacunar (46%) with
median small vessel disease (SVD) score of 1. Other demographics
and clinical characteristics of the patients that provided data for
this study can be seen in Table 1.

The primary study that provided the data used a semi-
automatic multi-spectral method to produce several brain masks

Table 1

Demographics and clinical characteristics of the samples used in this study
(n=152). SVD and PV stand for small vessel disease and periventricular re-
spectively.

Diabetes (n, (%)) 18 (12)
Vascular risk Hypertension (n, (%)) 114 (75)
factors Hypercholesterolaemia (n, (%)) 86 (57)
Recent or present smoker (n, (%)) 96 (64)
Relevant SVD Presence of at least 1 microbleed (n, (%)) 26 (17)
imaging Presence of a previous lacune (n, (%)) 37 (24)
markers SVD score (median [IQR]) 1[0 2]
PV WMH Fazekas score (median [IQR]) 1[12]
Deep WMH Fazekas score (median [IQR]) 1 [1 2]

including intracranial volume (ICV), cerebrospinal fluid (CSF),
stroke lesions (SL), and WMH, all which were visually checked
and manually edited by an expert (Valdés Hernandez et al., 2015).
The image processing protocol followed to generate these masks
is fully explained in (Valdés Hernandez et al., 2015). Extracranial
tissues, SL, and skull were removed from the baseline and follow-
up T2-FLAIR images using the SL and ICV binary masks from pre-
vious analyses (Chappell et al., 2017; Wardlaw et al., 2017b). Fur-
thermore, binary WMH labels produced for the primary study that
provided the data (Valdés Hernandez et al., 2015) were used as the
gold standard (i.e. ground truth) for evaluating the DEP models. As
per these labels, 98 and 54 out of the 152 subjects have increasing
and decreasing volume of WMH respectively.

As previously explained, IM and PM are needed for DEP-GAN.
We used LOTS-IM with 128 target patches (Rachmadi et al., 2020)
to generate IM from each MRI data. To generate PM, we trained a
2D UResNet (Guerrero et al., 2018) with gold standard WMH and
SL masks for WMH and SL segmentation. For this training, we used
all subjects in our data set and a 4-fold cross validation training
scheme. See Section 3.2 to see how the 4-fold cross validation is
done for this study. Furthermore, note that this UResNet is dif-
ferent from the DEP-UResNet, which is the newly proposed model
in this study. Notice that we affix “DEP” key-word to any model’s
name used for prediction and delineation of WMH evolution.

3.2. Experiment setup

For the present study, we opted to use 2D architectures for all
our networks rather than 3D ones because the number of data
available in this study is limited (i.e. only 152 subjects). VA-GAN
(i.e., the GAN scheme used as basis for DEP-GAN) used roughly
4000 subjects for training its 3D network architecture, yet there
was still an evidence of over-fitting (Baumgartner et al., 2017). The
2D version of VA-GAN has been previously tested on synthetic data
(Baumgartner et al., 2017).

To train DEP models (i.e., DEP-GAN and DEP-UResNet) and also
UResNet (i.e., for generating PM), 4-fold cross validation was per-
formed. Note that cross validation was not used in the previous
study that introduced DEP-GAN (Rachmadi et al., 2019). In each
fold, out of 304 MRI data (152 subjects x 2 scans), 228 MRI data
(114 subjects x 2 scans) were used for training and 76 MRI data
(38 subjects x 2 scans) were used for testing. Note that DEP mod-
els are subject-specific models, so pairwise MRI scans (i.e., base-
line and follow-up) are needed and necessary for both training
and testing. Out of all slices from the training set in each fold (i.e.,
114 pairwise MRI scans), 20% of them were randomly selected for
validation. Furthermore, we omitted slices without any brain tis-
sues. Thus, around 4000 slices were used in the training process
in each fold. For further regularisation, we performed geometrical
data augmentations (i.e., flip and rotation) and used dropout layers
inside the ResBlock (see Fig. 3 “E”). Values of IM/PM did not need
to be normalised as these are between 0 and 1. Finally, each DEP
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model was trained for 200 epochs (i.e., 200 generator updates for
DEP-GAN).

In this study, we first performed an ablation study using differ-
ent GAN architectures for DEP model, which are based on WGAN-
GP, VA-GAN, DEP-GAN with 1 critic (DEP-GAN-1C), and DEP-GAN
with 2 critics (DEP-GAN-2C). This ablation study is intended to see
the impact of the number of critics, the location of the critic(s),
and the additional losses proposed in this study. WGAN-GP only
generates DEM and has one critic for DEM (C(x)). VA-GAN and
DEP-GAN-1C generate both: DEM and the follow-up image, but
only have one critic for generating the follow-up image (D(x)).
The difference between VA-GAN and DEP-GAN-1C is that DEP-
GAN-1C has additional losses for optimisation in the training (see
Section 2.2.1). Lastly, DEP-GAN-2C has two critics (C(x) and D(x))
and additional losses for the training. In this ablation study, all
methods used IM and PM as main input modality and did not use
any auxiliary input.

Furthermore, we also performed an ablation study using differ-
ent types of auxiliary input and studied their effects to the DEP
models (i.e., DEP-UResNet, DEP-GAN-2C using IM, and DEP-GAN-
2C using PM). Note that we used DEP-GAN-2C for the rest of the
study. The procedure of using auxiliary input depends on the in-
put modality and training/testing process. If SL and WMH vol-
umes were used as auxiliary input, these (i.e., not the volumes
per slice, but the volume per subject) were feed-forwarded to-
gether with one MRI slice. Thus, all slices from one subject used
the same number of WMH and stroke lesion volumes. Note that
WMH and SL loads for the whole data set (i.e., all subjects) were
first normalised to zero mean unit variance before their use in
training/testing.

If Gaussian noise were used as auxiliary input, an array of Gaus-
sian noise was feed-forwarded together with an MRI slice in the
training process as follows: 10 different sets of Gaussian noise
were first generated and only the “best” set (i.e., the set that
yielded the lowest M* loss (Eq. (1))) was used to update the DEP
model’s parameters. Note that this approach is similar to and in-
spired by Min-of-N loss in 3D object reconstruction (Fan et al.,
2017) and variety loss in Social GAN (Gupta et al.,, 2018). In the
testing process, 10 different sets of Gaussian noise were generated
and the average performance was calculated. Furthermore, in the
evaluation, the “best” prediction of WMH evolution based on Dice
similarity coefficient (DSC) was also reported.

3.3. Evaluation measurements

In this study, we used the following tests to assess the perfor-
mance of DEP models:

1. Prediction error of WMH volumetric change (i.e., whether
WMH volume in a subject will increase or decrease).

2. Volumetric agreement between ground truth and predicted
WMH volumes of the follow-up assessment using Bland-
Altman plot (Bland and Altman, 1986).

3. Volumetric correlation between ground truth and predicted
WMH volumes of the follow-up assessment.

4. Spatial agreement of the automatic map of WMH evolution
in a patient (i.e. after binarisation) using Dice similarity co-
efficient (DSC) (Dice, 1945).

5. Clinical plausibility test between the outcome of DEP mod-
els in relation with baseline WMH load and clinical risk fac-
tors of WMH evolution suggested in clinical studies.

Prediction error is a simple measurement to assess how good
a DEP model can predict the WMH evolution in the future follow-
up assessment (i.e., increasing or decreasing). On the other hand,
volumetric agreement using Bland-Altman plot presents the mean
volumetric difference and upper/lower limit of agreements (i.e.,

mean =+ 196 x standard deviation) between ground truth and
predicted WMH volumes of the follow-up assessment. We also
calculated the Volumetric correlation between ground truth and
follow-up predicted WMH volumes, complementary to the Bland-
Altman plot. Whereas, for evaluating the spatial agreement be-
tween ground truth and automatic delineation results, we used the
Dice similarity coefficient (DSC). Higher DSC means better perfor-
mance, and it can be computed as follow:
2 x TP

DSC_FP+2xTP+FN (6)
where TP is true positive, FP is false positive and FN is false nega-
tive.

In addition, we performed clinical plausibility test which eval-
uate the outcome of DEP models in relation with the baseline
WMH load and clinical risk factors of WMH change and evolution
suggested in clinical studies. For this, analyses of covariance (AN-
COVA) were performed as follows:

1. The WMH volume at follow-up, predicted from each of the
schemes evaluated was used as outcome (dependent) vari-
able.

2. The baseline WMH volume was the independent variable or
predictor.

3. After running Belsley collinearity diagnostic tests, the co-
variates in the models were: 1) type of stroke (i.e. lacunar
or cortical), 2) basal ganglia perivascular spaces (BG PVS)
score, 3) presence/absence of diabetes, 4) presence/absence
of hypertension, 5) recent or current smoker status (yes/no),
6) volume of the index stroke lesion (abbreviated as “in-

dex SL”), and 7) volume of old stroke lesions (abbreviated

as “Old SL”).

The outcome from an ANCOVA model using the baseline and
follow-up WMH volumes of the gold-standard expert-delineated
binary masks was used as reference to compare the outcome of the
ANCOVA models that used the volumes generated by thresholding
the input and output of the DEP models. All volumetric measure-
ments involved in the ANCOVA models were previously adjusted
by patient’s head size. Therefore, all ANCOVA models used the per-
centage of these volumetric measurements in ICV rather than the
raw volumes.

4. Results and discussions
4.1. Ablation study of different GAN architectures for DEP model

In this ablation study, we used different GAN architectures for
our DEP model to evaluate the impact of the number of critics,
location of critic(s), and additional losses. See the third paragraph
of Section 3.2 for full explanation of the experiments.

4.1.1. Spatial agreement (DSC) and qualitative (visual) analyses

Based on Table 2 (columns 8-13), we can see that DEP-GAN-
2C produced better spatial agreement (i.e., higher DSC score) than
WGAN-GP, VA-GAN, and DEP-GAN-1C, especially for changing and
growing WMH. Qualitative (visual) assessment of generated DEM
depicted in Fig. 4 also shows that DEP-GAN-2C produced more de-
tailed DEM than the other methods, especially when compared to
VA-GAN. These results show that DEP-GAN-1C and DEP-GAN-2C
are more responsive to the changes of WMH and better in pre-
dicting the changes of WMH than VA-GAN. Furthermore, we also
can see from both Table 2 and Fig. 4 that the use of PM produced
better spatial agreement than IM, regardless of the GAN architec-
ture.
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Table 2

Results from ablation study of different GAN architectures for DEP models. We calculated the prediction error of WMH change, volumetric agreement of WMH volume, and
spatial agreement of WMH evolution, compared to the gold standard expert-delineated WMH masks (i.e., three-class DEM labels). “DSC” stands for similarity coefficient,
“Vol.” stands for volumetric, “LoA” stands for limit of agreement, and “G” and “S” stand for percentage of subjects correctly predicted as having growing and shrinking
WMH by DEP models. The best value for each learning approaches and evaluation measurements is written in bold.

Irregularity  Grow (G) Shrink (S) Avg. [%] Vol. Bias [ml]  Lower Upper Entire Change Stable Shrink Grow Avg. ((St+
Map [%] [%] ((G+S)/2)  mean(std) LoA [ml] LoA [ml]] WMH © (St) (Sr) (Gr) Sr+Gr)/3)
WGAN-GP  85.71 40.74 63.23 —59.11 35.70 0.3179 0.0809 0.3294 0.0595 0.0325 0.1405
-11.70(24.12)
VA-GAN 65.31 62.96 64.13 2.52(16.43) -29.69  34.72 0.3361 0.0789 0.3506 0.0356 0.0361 0.1408
DEP-GAN-  65.31 68.52 66.91 3.88(15.93) -27.33 35.10 0.3343 0.0583 0.3711 0.0388 0.0265 0.1454
1C
DEP-GAN-  61.22 72.22 66.72 5.54(15.98) -25.79  36.87 0.3204 0.0946 0.3684 0.0238 0.0445 0.1456
2C
Probability ~ Grow (G) Shrink (S)  Avg. [%] Vol. Bias [ml]  Lower Upper Entire Change Stable Shrink Grow Avg.((St+
Map [%] [%] ((G+S)/2) mean(std) LoA [ml] LoA [ml]] WMH (©) (St) (Sr) (Gr) Sr+Gr)/3)
WGAN-GP  55.10 79.63 67.37 4.19(8.28) -12.05 20.42 0.6139 0.2082 0.5906 0.1494 0.0899 0.2766
VA-GAN 42.86 94.44 68.65 5.78(8.13) -10.15  21.70 0.6070 0.1946 0.5952 0.1584 0.0641 0.2726
DEP-GAN-  59.18 85.19 72.18 3.66(7.64) -11.32 18.63 0.6116 0.1711 0.6012 0.1186 0.0800 0.2666
1C
DEP-GAN-  69.30 75.93 72.66 2.48(8.47) -14.13 19.08 0.6083 0.2246 0.5812 0.1515 0.1105 0.2811
2C
Table 3
Volumetric correlation analysis in ablation study of GAN architectures for DEP model. The best value for each correlation measurement is
written in bold.
Irregularity Map WGAN-GP VA-GAN DEP-GAN-1C DEP-GAN-2C
R? 0.1394 0.5644 0.5999 0.6068
Trend y = 0.3354x + 6.5866 y = 0.4056x + 2.7858 y = 0.4225x + 2.3714 y = 0.4159x + 2.0128
Probability Map WGAN-GP VA-GAN DEP-GAN-1C DEP-GAN-2C
R? 0.8735 0.8813 0.8916 0.8659
Trend y =0.8525x — 0.1265 y=0.8289x — 0.3792 y=0.8799x — 0.1667 y = 0.898x + 0.0258
- - e
<
| ‘ | J v
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REAL DEM WGAN-GP VA-GAN DEP-GAN-1C DEP-GAN-2C <
(a) Disease evolution maps (DEMs) using irregularity map (IM).
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(b) Disease evolution maps (DEMs) using probability map (PM).

Fig. 4. Examples of real DEM and generated DEMs produced by different GAN architectures for DEP model. From left to right: real DEM and generated DEMs produced by
WGAN-GP, VA-GAN, DEP-GAN with 1 critic (DEP-GAN-1C), and DEP-GAN with 2 critics (DEP-GAN-2C) respectively.

4.1.2. Volumetric agreement (bland-Altman) and correlation analyses

From Table 3, we can see that the volume of WMH predicted
by DEP-GAN-1C and DEP-GAN-2C correlated better with the vol-
ume of the ground truth than the volume of WMH predicted using
WGAN-GP and VA-GAN. However, as per the volumetric agreement
(Bland-Altman) analysis, the performance of DEP-GAN-1C and DEP-
GAN-2C depended on the working domain, IM or PM (see columns
5-7 of Table 2). If PM was used, DEP-GAN-1C and DEP-GAN-2C
performed better than the other methods. On the other hand, VA-
GAN achieved the best volumetric agreement when IM was used.

However, VA-GAN’s good performance in the volumetric agreement
analysis did not translate to good spatial agreement as previously
described in Section 4.1.1.

Based on the Bland-Altman and correlation plots depicted in
Fig. 5, we can see that PM is better than IM for representing the
volumetric change of WMH where the correlation between ground
truth and predicted WMH volumes when PM was used is higher
than when IM was used, regardless of the GAN architecture. Fur-
thermore, Bland-Altman plots show evidence of increasing discrep-
ancy and variability between ground truth and predicted volumes
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(b) GAN architectures for DEP model using probability map (PM).

Fig. 5. Volumetric agreement (in ml) and correlation (in ICV %) analyses between ground truth (GT) and predicted volume of WMH (Pred) produced by WGAN-GP, VA-GAN,
DEP-GAN-1C, and DEP-GAN-2C using (a) IM and (b) PM using Bland-Altman and correlation plots.

with increasing volume of WMH when IM was used. These dis-
crepancy and variability are less prominent when PM was used.

4.1.3. Prediction error analysis and discussion

From Table 2 (columns 2-4), we can see that most GAN-based
DEP models could correctly predict the progression/regression of
WMH volume, as they performed better than a random guess sys-
tem ( > 50%). Furthermore, we can conclude that DEP-GAN-2C per-
formed generally better for predicting the evolution of WMH due

to additional losses and two critics in the architecture. There is also
evidence that PM is better for representing the evolution of WMH
than IM when GAN-based deep learning methods are used.

4.2. Ablation study of auxiliary input in DEP models

In this ablation study, we used different types (modalities) of
auxiliary input to see how they affect the performance of DEP
models for predicting the evolution of WMH. Please read the
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Table 4

Results from ablation study of auxiliary input in DEP models. Prediction error of WMH change, volumetric agreement of WMH volume, and spatial agreement of WMH
evolution were calculated to the gold standard expert-delineated WMH masks (i.e., three-class DEM labels). “DSC” stands for similarity coefficient, “Vol.” stands for volu-
metric, “LoA” stands for limit of agreement, and “G” and “S” stand for percentage of subjects correctly predicted as having growing and shrinking WMH by DEP models.
The best value for each machine learning approaches and evaluation measurements is written in bold. Furthermore, the best value of all learning approaches for each

evaluation measurements is underlined and written in bold.

DEP-UResNet Grow Shrink (S)  Avg. [%] Vol. Bias [ml] Lower LoA Upper LoA Entire Change  Stable Shrink Grow Avg. ((Sr+
(G)[%] [%] ((G+S)/2)  mean(std) [ml] [ml] WMH © (St) (Sr) (Gr) Gr+St)/3)

No Auxiliary 70.41 72.22 71.32 1.16(7.31) -13.17 15.48 0.6091 0.2234  0.6332 0.1551 0.1128 0.3004
+WMH 73.47 77.78 75.62 1.59(7.85) -13.80 16.97 0.6005 0.2532 0.6188 0.1688 0.1409 0.3095
+WMH+Stroke  79.59 75.93 77.76 0.81(8.14) -15.14 16.76 0.6080 0.2565 0.6311 0.1688 0.1415 0.3138
+Gaussian 81.63 59.26 70.45 -0.58(7.99) —16.24 15.09 0.6135 0.2629 0.6230 0.1717  0.1477 0.3141
(mean)
+Gaussian 81.63 57.41 69.52 -0.79(7.96) —16.40 14.81 0.6162 0.2686 0.6280 0.1787 0.1409 0.3159
(best)
DEP-GAN-2C &  Grow Shrink (S)  Avg. [%] Vol. Bias [ml] Lower LoA Upper LoA Entire Change Stable Shrink Grow Avg. ((Sr+
M (G) [%#] [%] ((G+S)[2)  mean(std) [ml] [ml] WMH (©) (St) (Sr) (Gr) Gr+St)/3)
No Auxiliary 61.22 72.22 66.72 5.58(15.98) —25.79 36.87 0.3204 0.0946 0.3684 0.0238 0.0445 0.1456
+WMH 75.51 53.70 64.61 —1.18(19.71) —39.80 37.45 0.3249 0.0901 0.3551 0.0580 0.0458 0.1530
+WMH+Stroke  71.43 64.81 68.12 0.92(19.91) -38.11 39.95 0.3291 0.0922 0.3476 0.0590 0.0468 0.1511
+Gaussian 61.22 70.37 65.80 4.59(14.99) -24.79 33.98 0.3359 0.2252 0.3768  0.0485 0.0361 0.1538
(mean)
+Gaussian 72.45 64.81 68.83 0.44(15.37)  -29.67 30.56 0.3429 0.1053 03795 0.0619  0.0633 0.1682
(best)
DEP-GAN-2C &  Grow Shrink (S)  Avg. [%] Vol. Bias [ml] Lower LoA Upper LoA Entire Change  Stable Shrink  Grow Avg.
PM (G) [%]  [%] ((G+S)/2)  mean(std) [ml] [ml] WMH (©) (St) (Sr) (Gr) ((Sr+Gr+St)/3)
No Auxiliary 69.39 75.93 72.66 2.48(8.47) -14.13 19.08 0.6083 0.2246 0.5812 0.1515 0.1105 0.2811
+WMH 68.37 70.37 69.37 1.70(8.24) -14.45 17.84 0.6125 0.2295 0.6006 0.1467 0.1267 0.2913
+WMH+Stroke  66.33 75.93 71.13 2.69(9.14) -15.22 20.60 0.6098 0.2229 0.5943 0.1581 0.1091 0.2872
+Gaussian 58.16 79.63 68.90 2.91(8.81) -14.36 20.18 0.6107 0.1801 0.6245 0.1216  0.0868 0.2776
(mean)
+Gaussian 65.31 88.89 77.10 3.63(7.85) -11.75 19.02 0.6155 0.2415 0.6044 0.1834 0.1265 0.3048
(best)

fourth and fifth paragraphs of Section 3.2 for full explanation of Table 5

the experiments.

4.2.1. Volumetric agreement (Bland-Altman) and correlation analyses

From Table 4 (columns 5-7), DEP-UResNet using Gaussian noise
(+Gaussian (mean)) produced the best estimation of WMH volu-
metric changes. Also, almost all DEP-UResNet models with auxil-
iary input performed better in volumetric agreement analysis than
ones without auxiliary input. Only DEP-UResNet with WMH per-
formed slightly lower than DEP-UResNet without auxiliary input.
This shows the importance of auxiliary input for predicting the
evolution of WMH using deep neural networks.

On the other hand, from all DEP models, DEP-GAN-2C using IM
produced the worst standard deviation (std) and (lower and up-
per) limits of agreement (LoA) in the volumetric agreement anal-
ysis, regardless of the modalities of auxiliary input. This is an-
other indication that IM is not adequate for predicting the evo-
lution of WMH. Interestingly, DEP-GAN-2C using PM, which seem-
ingly had better (lower and upper) LoA than the DEP-GAN-2C us-
ing IM, had some of the worst mean of volumetric bias. This in-
dicates that there is a bias towards regression (i.e., shrinking of
WMH) when DEP-GAN-2C using PM was used for predicting the
evolution of WMH. Furthermore, the correlations between ground
truth and predicted volumes of WMH for DEP-UResNet and DEP-
GAN-2C using PM were much higher than the ones produced by
DEP-GAN-2C using IM, especially when auxiliary input is incorpo-
rated (see Table 5). All Bland-Altman and correlation plots can be
found in the Appendix A.

4.2.2. Spatial agreement (DSC) analysis

On the automatic delineation of WMH change’s boundaries in
the follow-up year, DEP-UResNet using Gaussian noise produced
the best performances for the entire WMH and the average of
stable, shrinking, and growing WMH clusters (in Table 4 columns

Volumetric correlation analysis of DEP models with different types/modalities
of auxiliary input in ablation study of auxiliary input.

DEP-UResNet R? Trend

No Aucxiliary 0.9031 y =0.9781x — 0.1397
+WMH 0.8893 y = 1.0113x - 0.2435
+WMH+Stroke 0.8939 y =0.984x — 0.2768
+Gaussian (mean) 0.8855 y=0.9772x + 0.2841
+Gaussian (best) 0.8869 y =0.9821x + 0.3073
DEP-GAN-2C & IM R? Trend

No Auxiliary 0.6068 y =0.4159x + 2.0128
+WMH 0.3293 y =0.3539x + 3.9732
+WMH+Stroke 0.3129 y =0.3817x + 3.275
+Gaussian (mean) 0.6461 y = 0.4684x + 1.9418
+Gaussian (best) 0.6037 y = 0.4724x + 2.9103
DEP-GAN-2C & PM R? Trend

No Auxiliary 0.8659 y = 0.898x +0.0258
+WMH 0.8755 y = 0.9541x — 0.1169
+WMH+Stroke 0.8916 y = 0.9102x — 0.0987
+Gaussian (mean) 0.8541 y=0.9228x - 0.23
+Gaussian (best) 0.8836 y =0.8972x — 0.2629

8-13). Furthermore, it also outperformed the rest of the mod-
els on changing, shrinking, and growing WMH clusters. Compared
to the “vanilla” DEP-UResNet with No Auxiliary, paired two-sided
Wilcoxon signed rank tests yielded p-values of 0.1563, 0.0425,
0.0625, 0.0313, 0.0313, and 0.0425 for the entire WMH, chang-
ing WMH, stable WMH, shrinking WMH, growing WMH, and aver-
age respectively. These results clearly show the advantage of per-
forming fully human supervised learning and modulating Gaussian
noise as auxiliary input for predicting the evolution of WMH. It is
also worth mentioning that its performance is even better when
the “best” Gaussian noise is used for evaluation.
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(c) Distributions of DSC scores from DEP-GAN-2C using PM models.

Fig. 6. Distributions of DSC scores from all evaluated DEP models in auxiliary input ablation study. These distributions correspond to the Table 4, columns 8-13.

From the results in Table 4, DEP-GAN-2C using PM had close
performance to the DEP-UResNet in all performed analyses, espe-
cially in the spatial agreement analysis (columns 8-13). To give a
better visualisation of the spread of the performances, we plot-
ted the distributions of DSC scores for all WMH categories us-
ing box-plots (Fig. 6). Performances of DEP-GAN-2C using PM and
DEP-UResNet on delineating different WMH clusters were simi-
lar in the distribution of DSC scores. Based on paired two-sided
Wilcoxon signed rank tests, there was no significant difference
between the performances of DEP-GAN-2C using PM and DEP-
UResNet in all WMH clusters, especially when the same auxiliary
input was used, with p-value > 0.17. In contrast, the differences of
DSC scores in all WMH clusters produced by DEP-GAN-2C using IM
and DEP-UResNet were significantly different from each other with
p-value < 0.0012.

4.2.3. Qualitative (visual) analysis

It is worth to mention first that the growing and shrinking re-
gions of WMH are considerably smaller than those unchanged (sta-
ble) as depicted in Fig. 8. Furthermore, it is very difficult to discern
the borders between growing and shrinking regions when stroke
lesions coalesce with WMH despite stroke lesions being removed
from the analysis as previously explained. Nevertheless, inaccura-
cies while determining the borders between coalescent WMH and

stroke lesions and the small size of the volume changes in each
WMH cluster (Rachmadi et al., 2018a) might have influenced in the
low DSC values obtained in the regions that experienced change as
seen in Table 4. Furthermore, it is also worth to note that most
regions of WMH are stable, and DEP-UResNet and DEP-GAN-2C us-
ing PM did not have any problem on segmenting these regions as
depicted in Figs. 8 and 9.

Based on the qualitative (visual) assessment of the DEM pro-
duced by DEP-GAN-2C using IM/PM depicted in Fig. 7, auxiliary
input improved the quality of the generated DEMs where they
had more correct details than the ones generated without using
auxiliary input. However, good details of the generated DEM from
IM/PM did not necessarily translate to good three-class DEM label
(i.e., three labels of growing, shrinking, and stable WMH) as de-
picted in Fig. 9. Some reasons that might have caused this are; 1)
the generated DEM from IM/PM is result of a regression process
from the baseline IM/PM using DEP-GAN and 2) the three-class
DEM label itself is generated from the resulted regression, where
WMH is defined by having irregularity/probability values greater
than or equal to 0.178 for IM and 0.5 for PM (Rachmadi et al.,
2020). Note that regression of the whole brain using IM/PM is
harder than direct segmentation of three regions of WMH (i.e., sta-
ble, shrinking, and growing WMH). Furthermore, small changes in
IM/PM did not necessarily change the state of voxel from WMH
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Fig. 7. Qualitative (visual) assessment of DEM produced by DEP-GAN-2C using irregularity map (IM) and DEP-GAN-2C using probability map (PM) with different
types/modalities of auxiliary input. The corresponding T2-FLAIR (input data) can be seen in Fig. 9.
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Fig. 8. Qualitative (visual) assessment of DEM label produced by DEP-UResNet with different types/modalities of auxiliary input. The corresponding T2-FLAIR (input data)

can be seen in Fig. 9.

to non-WMH or vice versa. These are the challenges of performing
prediction of WMH evolution using DEP-GAN-2 and IM/PM instead
of DEP-UResNet.

4.2.4. (linical plausibility analysis

From Table 6, we can see that the use of expert-delineated bi-
nary WMH masks and WMH maps obtained from thresholding IM
or PM (see from second to fourth rows), all produced the same
ANCOVA model’s results; none of the covariates of the model had
an effect in the 1-year WMH volume change, yielding almost iden-
tical numerical results in the first two decimal places. Therefore,
the use of LOTS-IM and UResNet, generators of the IM and PM re-
spectively, for producing WMH maps in clinical studies of mild to
moderate stroke seems plausible.

As discussed in Section 1, baseline WMH volume has been
recognised the main predictor of WMH change over time (Chappell
et al., 2017; Wardlaw et al., 2017b), although the existence of previ-
ous stroke lesions (SL) and hypertension have been acknowledged
as contributed factors. However, from the results of the ANCOVA
models (Table 6), none of the DEP models that used these (i.e
WMH and/or SL volumes) as auxiliary inputs showed similar per-
formance (i.e. in terms of strength and significance in the effect
of all the covariates in the WMH change) as the reference WMH
maps. The only DEP model that shows promise in reflecting the ef-
fect of the clinical factors selected as covariates in WMH progres-
sion was the DEP-GAN-2C that used as input the PM of baseline
WMH and Gaussian noise (i.e. written in bold and underlined in
the left hand side column of Table 6).
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Fig. 9. Qualitative (visual) assessment of DEM and its corresponding DEM label produced by DEP-GAN-2C using irregularity map (IM) and DEP-GAN-2c using probability
map (PM) respectively, with different types/modalities of auxiliary input. The corresponding golden standard of DEM label can be seen in Fig. 8.

Table 6

Results from the ANCOVA models that investigate the effect of several clinical variables (i.e. stroke subtype, stroke-related imaging markers and vascular risk factors) in
the WMH volume change from baseline to one year after. The first column at the left hand side refers to the models/methods used to obtain the follow-up WMH volume
used in the ANCOVA models as outcome variable. The rest of the columns show the coefficient estimates B and the significance level given by the p-value (i.e. B(p)), for

each covariate included in the models.

Reference (binary mask)  Stroke lacunar BG PVS scores Diabetes (y/n)

Hypertension (y/n)

Smoker (y/n)

Index SL (% in ICV)

old SL (% in ICV)

Expert-delineated —0.04(0.65) 0.07(0.25) —0.10(0.48)
Thresholded IM —0.04(0.66) 0.08(0.19) —0.12(0.44)
Thresholded PM —0.04(0.66) 0.08(0.19) —0.12(0.44)

~0.05(0.66) ~0.07(0.42)  —0.03(0.46) 0.13(0.15)
—0.04(0.71) -0.09(0.38)  —0.03(0.43) 0.14(0.14)
~0.04(0.71) -0.09(0.38)  —0.03(0.43) 0.14(0.14)

DEP-UResNet Stroke lacunar ~ BG PVS scores Diabetes (y/n)

Hypertension (y/n)

Smoker (y/n)

Index SL (% in ICV)

0ld SL (% in ICV)

No Auxiliary —0.12(0.11) 0.10(0.03) —0.06(0.57) 0.03(0.73) —0.08(0.29) —0.04(0.14) 0.30( < 0.001)
+WMH —0.10(0.13) 0.11(0.006) 0.04(0.65) 0.01(0.87) —0.05(0.38) —0.04(0.13) 0.20( < 0.001)
+WMH+Stroke —0.07(0.29) 0.06(0.14) 0.07(0.48) —0.02(0.75) —0.10(0.15) —0.05(0.10) 0.32( < 0.001)
+Gaussian (mean) —0.09(0.26) 0.11(0.04) 0.06(0.61) 0.02(0.81) —-0.10(0.21) —0.06(0.08) 0.36( < 0.001)
DEP-GAN-2C & IM Stroke lacunar ~ BG PVS scores  Diabetes (y/n)  Hypertension (y/n)  Smoker (y/n)  Index SL (% in ICV)  OId SL (% in ICV)
No Auxiliary 0.03(0.68) —0.03(0.58) —0.07(0.54) 0.0006(0.99) —0.08(0.33) —0.11(0.001) 0.25(0.001)
+WMH 0.22(0.09) 0.08(0.36) —0.004(0.98) 0.12(0.40) —0.08(0.54) —0.06(0.25) 0.32(0.01)
+WMH+Stroke —0.11(0.45) —0.08(0.40) 0.03(0.88) 0.10(0.53) 0.11(0.47) —0.02(0.77) 0.34(0.02)
+Gaussian (mean) —0.02(0.86) —0.07(0.24) —0.06(0.69) —0.05(0.62) —0.07(0.43) —0.14(0.0004) 0.20(0.03)
DEP-GAN-2C & PM Stroke lacunar ~ BG PVS scores  Diabetes (y/n)  Hypertension (y/n)  Smoker (y/n)  Index SL (% in ICV)  Old SL (% in ICV)
No Auxiliary —0.10(0.24) 0.14(0.009) 0.10(0.45) 0.04(0.67) —0.03(0.70) —0.05(0.18) 0.18(0.03)
+WMH —0.03(0.72) 0.09(0.09) —0.14(0.31) —0.04(0.68) —0.06(0.46) —0.04(0.30) 0.19(0.03)
+WMH+Stroke —0.10(0.28) 0.17(0.006) 0.10(0.50) 0.10(0.36) —0.02(0.81) —0.08(0.05) 0.24(0.01)
+Gaussian (mean) —0.09(0.25) 0.10(0.04) 0.02(0.87) —0.0001(0.99) —0.08(0.27) —0.04(0.17) 0.14(0.05)

Some factors might have adversely influenced the performance
of these predictive models. First, all deep-learning schemes require
a very large amount of balanced (e.g. in terms of the appearance,
frequency and location of the feature of interest, i.e. WMH in this
case) data, generally not available. The lack of data available im-
posed the use of 2D model configurations, which generated un-
balance in the training: for example, not all axial slices have the

same probability of WMH occurrence, also WMH are known to be
less frequent in temporal lobes and temporal poles are a common
site of artefacts affecting the IM and PM, error that might prop-
agate or even be accentuated when these modalities are used as
inputs. Second, the combination of hypertension, age and the ex-
tent, type, lapse of time since occurrence and location of the stroke
might be influential on the WMH evolution, therefore rather than a
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Table 7

Results from ablation study of the DEP-GAN-2C's regularisation terms tested using PM (see Eq. (4)). We calculated the prediction error of WMH change, volumetric
agreement of WMH volume, and spatial agreement of WMH evolution, compared to the gold standard expert-delineated WMH masks (i.e., three-class DEM labels). “DSC”
stands for similarity coefficient, “Int.” stands for intensity,“Vol.” stands for volumetric, “LoA” stands for limit of agreement, and “G” and “S” stand for percentage of subjects
correctly predicted as having growing and shrinking WMH by DEP models. The best value for each learning approaches and evaluation measurements is written in bold.

DEP-GAN-2C (PM) Grow Shrink  Avg. [%] Vol. Bias [ml] Lower Upper Entire  Change Stable  Shrink  Grow Avg. ((St+
A (Int) Ay (DSC) X3 (Vol) (G)[%] (S)[%] ((G+S)[2) mean(std) LoA [ml] LoA [ml]] WMH © (St) (Sr) (Gr) Sr+Gr)/3)
0 0 0 64.29 85.19 74.74 3.03(7.65) -11.9684 18.0372 0.6131 0.1667 0.6178 0.1045 0.0813 0.2679
0 0 100 65.31 79.63 72.47 2.28(8.16) —-13.7197 18.2747 0.6132 0.1749 0.6166 0.1009 0.0909 0.2695
0 1 0 50.00 83.33 66.67 4.32(8.18) -11.7181 20.3473 0.6093 0.1919 0.6063 0.1366 0.0706 0.2712
100 0 0 57.14 8333 70.24 3.79(7.83) -11.5525 19.1234 0.6075 0.1827 0.6143 0.1312 0.0741 0.2732
0 1 100 67.35 75.93 71.64 2.37(8.50) —-14.2904 19.0237 0.6101 0.1889 0.6177 0.1203 0.0922 0.2767
100 1 0 58.16 77.78 67.97 2.23(8.85) —-15.1197 19.5748 0.6096 0.1912 0.6079 0.1209 0.0925 0.2738
100 0 100 57.14 88.89 73.02 4.51(8.15) -11.4546 204778 0.6078 0.1993 0.5996 0.1446 0.0760 0.2734
100 1 100 56.12 81.48 68.80 3.46(8.26) —-12.7218 19.6500 0.6107 0.1801 0.6245 0.1216 0.0868 0.2776

single value, the incorporation of a model that combines these fac-
tors would be beneficial. However, such model is still to be devel-
oped also due to lack of data available. Third, the tissue proper-
ties have not been considered. A model to reflect the brain tissue
properties in combination with vascular and inflammatory risk fac-
tors is still to be developed. Lastly, the deep-learning models as we
know them, although promising, are reproductive, not creative. The
development of more advanced inference systems is paramount
before these schemes can be used in clinical practice.

4.2.5. Prediction error analysis and discussion

From Table 4 (columns 2-4), we can see that all DEP models
tested in this ablation study could correctly predict the progres-
sion/regression of WMH volume better than a random guess sys-
tem ( > 50%). Furthermore, DEP models with auxiliary input, ei-
ther Gaussian noise or known risk factors of WMH evolution (i.e.,
WMH and SL loads), produced better performances in most cases
and evaluation analyses than the DEP models without any auxiliary
input. These results show the importance of auxiliary input, espe-
cially Gaussian noise which simulates the non-deterministic nature
of WMH evolution.

Based on our careful examinations, the Gaussian noise can
change the predictions on individual subjects, but not drastically in
every subject. In fact, the most probable prediction result of DEP
models can be determined by the help of Gaussian noise auxil-
iary input. For example, subjects with high numbers of progres-
sion/regression prediction (i.e., predicted as such in more than 6
tests out of 10) can be considered of having higher probability of
WMH progression/regression respectively. It is also worth mention-
ing that any outlier in prediction can be generalised by averaging
all possible outputs for the final prediction. Thus, we can sample
more than 10 times in the testing to get a better final prediction
result. This generalisation cannot be done without using Gaussian
noise as auxiliary input.

Furthermore, it is clear now that PM is better for representing
the evolution of WMH than IM when DEP-GAN is used, especially
if ones would like to have good volumetric agreement and correla-
tion, spatial agreement, and clinical plausibility of the WMH evo-
lution. This is mostly due to false positives represented as changes
observed in some cortical regions of the DEP model using IM due
to brain atrophy and imaging artefacts.

4.3. Ablation study of the DEP-GAN’s regularisation terms

In this study, we proposed three regularisation terms for DEP-
GAN (i.e., intensity, DSC, and volume) instead of one term (i.e.,
only intensity) like in the VA-GAN. Table 7 shows prediction results
where the weights of each term are set to 0 to investigate how
each of these three terms affect the prediction results. Note that A4
is the weight for intensity loss, A, is the weight for DSC loss, and

A3 is the weight for volumetric loss (see Eq. (4)). We performed
this ablation study using DEP-GAN-2C using PM. From this ablation
study, the use of more terms in the regularisation had a positive
impact in the prediction results. It is expected because multiple
terms forced the DEP-GAN’s generator to generalise and perform
well on all important measurements used in the evaluation of the
prediction of WMH evolution, i.e., intensities in the regression of
PM’s values, WMH segmentation correctness in DSC, and volumet-
ric prediction of WMH. However, it is worth mentioning that the
improvements were limited and still could be improved in the fu-
ture.

5. Conclusion and future work

In this study, we proposed a training scheme to predict the
evolution of WMH using deep learning algorithms, namely Dis-
ease Evolution Predictor (DEP) model. We also proposed, evalu-
ated, and studied different configurations of DEP models (i.e., with
no human supervision or unsupervised (DEP-GAN using irregular-
ity map), partial human supervision or semi-supervised (DEP-GAN
using probability map), and full human supervision or fully su-
pervised (DEP-UResNet) and different types of auxiliary input (i.e.,
Gaussian noise, WMH load, and WMH and stroke lesion loads)
for prediction of WMH evolution. DEP models are more suitable
for the problem of predicting WMH evolution than other models
developed for predicting disease or stroke lesion evolution (Rekik
et al,, 2012; 2014) mainly because of two reasons: 1) DEP models
use auxiliary input for modulating both image data (i.e., MRI) and
non-image data (i.e., other risk factors) in different levels of con-
volutional layers and 2) DEP models can be configured to become
probabilistic models and follow the nature of the prediction prob-
lem. To the best of our knowledge, this is the first extensive study
on modelling WMH evolution using deep learning algorithms.

Based on the two ablation analyses done as part of the present
study, DEP-GAN with 2 critics (DEP-GAN-2C) performed better than
WGAN-GP, VA-GAN, and DEP-GAN using 1 critic (DEP-GAN-1C). We
would like to emphasise the importance of the two critics in our
proposed DEP-GAN model. While it is possible to perform direct
regression of DEM values and not using GAN (as we have “paired”
baseline and follow-up images), our previous experiments indicate
that the direct regression using deep neural networks without crit-
ics did not work properly for our task and its performance was
worse than our proposed DEP-GAN model. We observed that the
changes of IM/PM values from baseline to follow-up (i.e., the DEM
values), in addition to their subtlety, are small or very small, re-
sulting in very sparse data. This causes the deep neural network
(i.e., the generator) to struggle, failing to learn anything useful
from the training data when regressing IM/PM values. Thus, it pro-
duced only zeros to all voxels in the testing stage despite the mean
squared error (MSE) value being very low and close to zero in
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the training. This is a strong indication of strong overfitting when
no discriminators/critics are used, i.e. with coefficients equal zero
or close to zero, the terms in the regression model also become
zero, and the fitness expressed in the MSE rather than reflecting a
true model fit expresses the fitness of a model that barely has any
meaningful terms. By using two critics, the generator has to learn
not only the regression of DEM values but also the “context” of
the DEM while performing realistic modifications to the follow-up
images.

Furthermore, Gaussian noise successfully improved all DEP
models in almost all evaluation measurements when it was used
as auxiliary input, probably because it compensates for the spar-
sity of the input data. At the same time, it shows that there are in-
deed some unknown factors that influence the evolution of WMH.
These unknown factors make the problem of predicting/delineating
WMH evolution non-deterministic, and Gaussian noise were pro-
posed to simulate this scenario. The intuition behind this approach
is that Gaussian noise fills in the missing (unavailable) risks fac-
tors or their combination, which could influence the evolution of
WMH. Note that it is very challenging to collect and compile all
risk factors of WMH evolution in a longitudinal study.

From our experiments, on average, DEP-UResNet (i.e., a fully su-
pervised scheme) yielded the best results in almost every evalua-
tion measurement. However, it is worth to mention that it did not
perform well in the clinical plausibility test. DEP-GAN-2C using PM
yielded similar average performance to the DEP-UResNet’s perfor-
mance and yielded the best results out of all schemes in the clini-
cal plausibility test. Moreover, results from DEP-UResNet and DEP-
GAN-2C using PM were not statistically different to each other on
delineating the WMH clusters.

If we consider the results, time, and resources spent in
this study, then DEP-GAN-2C using PM showed the biggest and
strongest potential of all DEP models. Not only did it perform sim-
ilarly to the DEP-UResNet but it did not need manual WMH la-
bels in baseline and follow-up scans for training. The PM needed
as input for this model can be efficiently produced by any super-
vised deep/machine learning model. Moreover, the development of
automatic WMH segmentation for producing better PM could be
done separately and independent from the development of the DEP
model. If a better PM model is available in the future, then the
model can be retrained using the newly produced PM for better
performance. Also, DEP-GAN-2C using PM could be used for other
(neuro-degenerative) pathologies, as long as a set of PM from these
other pathologies is produced and used to (re-)train the model.

There are several shortcomings anticipated from the results of
this study. Firstly, manual WMH labels of two MRI scans (i.e.,
baseline and follow-up scans) are necessary for training the DEP-
UResNet. In many scenarios, this is not practical and efficient
in terms of time and resources. Secondly, the DEP-GAN-2C us-
ing IM is computationally very demanding as it involves regress-
ing IM values across the whole brain tissue. This resulted in low
performances in almost all evaluation measurements. Thirdly, the
schemes’ performances depend on the accuracy of the quality of
input. For example, the PM generated in this study are slightly bi-
ased towards overestimating the WMH in the optical radiation and
underestimating WMH in the frontal lobe. This could be caused by
the absence of correcting the FLAIR images for b1 magnetic field
inhomogeneities. However, a previous study on small vessel dis-
ease images demonstrated this procedure might affect the results
underestimating the subtle white matter abnormalities character-
istics of this disease, and recommends this procedure to be used
in T1- and T2-weighted structural images but not in FLAIR images
for WMH segmentation tasks (Hernandez et al., 2016). Hence, the
biggest challenge of using DEP-GAN-2C using PM is its highly de-
pendency on the quality of initial PM. Fourthly, volumetric agree-
ment analyses suggest that there are still large differences in ab-

solute volume and in change estimates produced by the proposed
DEP models. While this study is intended as a “proof-of-principle”
study to advance the field of white matter -and ultimately brain
health- prediction, it is worth to mention that better reliability in
the WMH assessment is necessary so as DEP models can be used
in clinical practice. Furthermore, better understanding of what DEP
models extract to estimate WMH evolution would be very useful in
clinical practice. Lastly, the limitation of using (Gaussian) random
noise in DEP models is the fact that we do not really know which
set of Gaussian random noise should be used to generate the best
result for each subject. Note that, in this study, all DEP models that
used Gaussian noise as auxiliary input were tested 10 times to cal-
culate the mean and the “best” set of Gaussian noise which pro-
duced the best automatic delineation of WMH evolution overall. In
conclusion, DEP models suffer similar problems and limitations to
any machine learning based medical image analysis methods.

The DEP models proposed in this study open up several possi-
ble future avenues to further improve their performances. Firstly,
multi-channel (e.g., PM and T2-FLAIR) input could be used instead
of single channel input. In this study, we only used single channel
to draw a fair comparison between DEP-UResNet which uses T2-
FLAIR and DEP-GAN which uses either IM or PM. Secondly, 3D ar-
chitecture of DEP-GAN could be employed when more subjects are
accessible in the future. 3D deep neural networks have been re-
ported to have better performances than the 2D ones, but they are
more difficult to train (Cicek et al., 2016; Baumgartner et al., 2017).
Thirdly, enhanced learning techniques such as transfer learning and
advance data augmentation can be applied in future studies to im-
prove the performance of DEP models. Fourthly, Gaussian noise
and known risk factors (e.g.,, WMH and SL loads) could be mod-
ulated together instead of modulating them separately in differ-
ent models. By modulating them together, the DEP model would
be influenced by both known (available) risk factors and unknown
(missing) factors represented by Gaussian noise. Lastly, different
random noise distribution could be used for auxiliary input. Note
that each risk factor of WMH evolution (e.g., WMH load, age, and
blood pressure) could have different data distribution, not only
Gaussian distribution with zero mean and unit variance. If a spe-
cific data distribution (i.e., the same or similar to the real risk fac-
tor’s data distribution) could be used for a specific risk factor, then
the real data could replace the random noise if available in the
testing.
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Appendix A. Volumetric agreement and correlation graphs
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Fig. Al. Volumetric agreement analysis (in ml) between ground truth (GT) and predicted volume of WMH with different types/modalities of auxiliary input (Pred) using
Bland-Altman plot which correspond to data presented in Table 4. Solid lines correspond to “Vol. Bias” while dashed lines correspond to either “Lower LoA” or “Upper LoA”
of the same table. “LoA” stands for limit of agreement.
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Fig. A2. Correlation plots between manual WMH volume produced by the expert (GT) and predicted WMH volume by various DEP models with different types/modalities
of auxiliary input (Pred). WMH volume is in the percentage of intracranial volume (ICV) to remove any potential bias associated with head size.

Supplementary material

Supplementary material associated with this article can be
found, in the online version, at doi:10.1016/j.media.2020.101712.

References

Baumgartner, C.F,, Koch, L.M., Tezcan, K.C., Ang, J.X., Konukoglu, E., 2017. Visual fea-
ture attribution using wasserstein gans. Proc IEEE Comput Soc Conf Comput Vis

Pattern Recognit.

Bigolin Lanfredi, R., Schroeder, J.D., Vachet, C., Tasdizen, T., 2019. Adversarial Re-
gression Training for Visualizing the Progression of Chronic Obstructive Pul-
monary Disease with Chest X-Rays. In: Shen, D., et al. (Eds.). Lecture Notes
in Computer Science, Medical Image Computing and Computer Assisted Inter-
vention - MICCAI 2019. MICCAI 2019, vol. 11769. Springer, Cham doi:10.1007/
978-3-030-32226-7_76.

Bland, J.M., Altman, D., 1986. Statistical methods for assessing agreement between
two methods of clinical measurement. The Lancet 327 (8476), 307-310.

del C. Valdés Hernandez, M., Piper, RJ., Wang, X., Deary, L]., Wardlaw, J.M., 2013. To-
wards the automatic computational assessment of enlarged perivascular spaces
on brain magnetic resonance images: a systematic review. . Magn. Reson. Imag-
ing 38 (4), 774-785.


https://doi.org/10.1016/j.media.2020.101712
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0001
https://doi.org/10.1007/978-3-030-32226-7_76
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0002
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0002
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0002
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0003

18 M.E. Rachmadi, M.d.C. Valdés-Herndndez and S. Makin et al./Medical Image Analysis 63 (2020) 101712

Chappell, EM.,, Hernandez, M.d.C.V., Makin, S.D., Shuler, K., Sakka, E., Dennis, M.S.,
Armitage, P.A., Maniega, S.M., Wardlaw, J.M., 2017. Sample size considerations
for trials using cerebral white matter hyperintensity progression as an interme-
diate outcome at 1 year after mild stroke: results of a prospective cohort study.
Trials 18 (1), 78.

Cho, A-H., Kim, H.-R,, Kim, W.,, Yang, D.W., 2015. White matter hyperintensity in
ischemic stroke patients: it may regress over time. ]. Stroke 17 (1), 60. doi:10.
5853/j0s.2015.17.1.60.

Choi, H., Jin, K.H., Initiative, A.D.N., et al., 2018. Predicting cognitive decline with
deep learning of brain metabolism and amyloid imaging. Behav. Brain Res. 344,
103-109.

Cicek, 0., Abdulkadir, A., Lienkamp, S.S. Brox, T., Ronneberger, O., 2016. 3D U-
Net: Learning Dense Volumetric Segmentation from Sparse Annotation. In:
Qurselin, S., Joskowicz, L., Sabuncu, M., Unal, G., Wells, W. (Eds.). Lecture Notes
in Computer Science, Medical Image Computing and Computer-Assisted Inter-
vention - MICCAI 2016. MICCAI 2016, vol. 9901. Springer, Cham doi:10.1007/
978-3-319-46723-8_49.

Dice, L.R., 1945. Measures of the amount of ecologic association between species.
Ecology 26 (3), 297-302.

van Dijk, EJ., Prins, N.D., Vrooman, H.A., Hofman, A., Koudstaal, PJ., Breteler, M.M.B.,
2008. Progression of cerebral small vessel disease in relation to risk factors
and cognitive consequences: rotterdam scan study. Stroke 39 (10), 2712-2719.
doi:10.1161/STROKEAHA.107.513176.

Durand-Birchenall, J., Leclercq, C., Daouk, J., Monet, P, Godefroy, O., Bugni-
court, J.-M., 2012. Attenuation of brain white matter lesions after lacunar stroke.
Int. J. Prev. Med. 3 (2), 134-138.

Elazab, A., Abdulazeem, Y.M., Anter, A.M., Hu, Q., Wang, T., Lei, B., 2018. Macroscopic
cerebral tumor growth modeling from medical images: a review. IEEE Access 6,
30663-30679.

Ezhov, I, Lipkova, ], Shit, S., Kofler, F, Collomb, N. Lemasson, B., Barbier, E.,
Menze, B., 2019. Neural Parameters Estimation for Brain Tumor Growth Model-
ing. In: Shen, D., et al. (Eds.). Lecture Notes in Computer Science, Medical Image
Computing and Computer Assisted Intervention - MICCAI 2019. MICCAI 2019,
vol. 11765. Springer, Cham doi:10.1007/978-3-030-32245-8_87.

Fan, H., Su, H., Guibas, LJ., 2017. A point set generation network for 3D object re-
construction from a single image. In: Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 605-613.

Godin, 0., Tzourio, C., Maillard, P., Alpérovitch, A., Mazoyer, B., Dufouil, C., 2009.
Apolipoprotein E genotype is related to progression of white matter lesion load.
Stroke 40 (10), 3186-3190.

Godin, O., Tzourio, C., Maillard, P, Mazoyer, B., Dufouil, C., 2011. Antihyperten-
sive treatment and change in blood pressure are associated with the progres-
sion of white matter lesion volumes. Circulation 123 (3), 266-273. doi:10.1161/
CIRCULATIONAHA.110.961052.

Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S.,
Courville, A., Bengio, Y., 2014. Generative adversarial nets. In: Advances in neu-
ral information processing systems, pp. 2672-2680.

Gouw, A.A, van der Flier, W.M., Fazekas, F, van Straaten, E.C,, Pantoni, L., Pog-
gesi, A., Inzitari, D., Erkinjuntti, T., Wahlund, L.O., Waldemar, G., Schmidt, R,
Scheltens, P., Barkhof, F, 2008. Progression of white matter hyperintensities
and incidence of new lacunes over a 3-Year period. Stroke 39 (5), 1414-1420.
doi:10.1161/strokeaha.107.498535.

Guerrero, R., Qin, C., Oktay, O., Bowles, C., Chen, L., Joules, R., Wolz, R., Valdés-H-
ernandez, M.d.C., Dickie, D., Wardlaw, J., et al., 2018. White matter hyperinten-
sity and stroke lesion segmentation and differentiation using convolutional neu-
ral networks. Neurolmage: Clinical 17, 918-934.

Gulrajani, I., Ahmed, F, Arjovsky, M., Dumoulin, V., Courville, A.C., 2017. Improved
training of wasserstein gans. In: Advances in Neural Information Processing Sys-
tems, pp. 5767-5777.

Gupta, A., Johnson, ]., Fei-Fei, L., Savarese, S., Alahi, A. 2018. Social gan: So-
cially acceptable trajectories with generative adversarial networks. In: Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pp. 2255-2264.

Hernandez, M.d.C.V., Gonzdlez-Castro, V., Ghandour, D.T., Wang, X., Doubal, F., Man-
iega, S.M., Armitage, P.A., Wardlaw, J.M., 2016. On the computational assess-
ment of white matter hyperintensity progression: difficulties in method selec-
tion and bias field correction performance on images with significant white
matter pathology. Neuroradiology 58 (5), 475-485.

Hinrichs, C., Singh, V., Xu, G., Johnson, S.C., Initiative, A.D.N., et al., 2011. Predictive
markers for ad in a multi-modality framework: an analysis of mci progression
in the adni population. Neuroimage 55 (2), 574-589.

Jenkinson, M., Bannister, P., Brady, M., Smith, S., 2002. Improved optimization for
the robust and accurate linear registration and motion correction of brain im-
ages. Neuroimage 17 (2), 825-841.

Jeong, Y., Rachmadi, M.F, Valdés Hernindez, M.D.C., Komura, T., 2019. Dilated
saliency u-net for white matter hyperintensities segmentation using irregularity
age map. Front. Aging Neurosci. 11, 150.

Jiaerken, Y., Luo, X,, Yu, X., Huang, P, Xu, X., Zhang, M., 2018. Microstructural and
metabolic changes in the longitudinal progression of white matter hyperinten-
sities. 10.1177/0271678X18761438.

Kazeminia, S., Baur, C., Kuijper, A., van Ginneken, B., Navab, N., Albarqouni, S.,
Mukhopadhyay, A., 2018. Gans for medical image analysis. arXiv:1809.06222.
Korolev, 1.0., Symonds, L.L., Bozoki, A.C., Initiative, A.D.N,, et al., 2016. Predicting pro-

gression from mild cognitive impairment to alzheimer’s dementia using clinical,

mri, and plasma biomarkers via probabilistic pattern classification. PLoS ONE 11
(2).

Kuijf, HJ., Biesbroek, .M., de Bresser, J., Heinen, R., Andermatt, S., Bento, M.,
Berseth, M., Belyaev, M., Cardoso, M.]., Casamitjana, A., et al., 2019. Standard-
ized assessment of automatic segmentation of white matter hyperintensities;
results of the wmh segmentation challenge. IEEE Trans. Med. Imag..

van Leijsen, E.M., Bergkamp, M.I, van Uden, LW, Cooijmans, S., Ghafoorian, M.,
van der Holst, H.M., Norris, D.G., Kessels, R.P, Platel, B., Tuladhar, A.M., de
Leeuw, EE., 2019. Cognitive consequences of regression of cerebral small ves-
sel disease. Eur. Stroke J. 4 (1), 85-89. doi:10.1177/2396987318820790.

van Leijsen, E.M., de Leeuw, F-E., Tuladhar, A.M., 2017. Disease progression and re-
gression in sporadic small vessel disease insights from neuroimaging. Clin. Sci.
131 (12), 1191-1206. doi:10.1042/cs20160384.

van Leijsen, E.M.,, van Uden, LW., Ghafoorian, M., Bergkamp, M., Lohner, V., Kooi-
jmans, E.C, Van Der Holst, H.M., Tuladhar, A.M., Norris, D.G., van Dijk, E]J.,
Rutten-Jacobs, L.C., Platel, B., Klijn, C]J., De Leeuw, EE., 2017. Nonlinear tempo-
ral dynamics of cerebral small vessel disease. Neurology 89 (15), 1569-1577.
doi:10.1212/WNL.0000000000004490.

Li, H., Jiang, G., Zhang, ], Wang, R., Wang, Z., Zheng, W.-S., Menze, B., 2018. Fully
convolutional network ensembles for white matter hyperintensities segmenta-
tion in mr images. Neurolmage 183, 650-665.

Luo, X,, Jiaerken, Y., Yu, X,, Huang, P, Qiu, T, Jia, Y., Li, K., Xu, X., Shen, Z., Guan, X,
Zhou, J., Zhang, M., 2017. Associations between APOE genotype and cerebral
small-vessel disease: a longitudinal study. Oncotarget 8 (27), 44477-44489.
doi:10.18632/oncotarget.17724.

Maillard, P, Fletcher, E., Harvey, D., Carmichael, O., Reed, B., Mungas, D., Decarli, C.,
2011. White matter hyperintensity penumbra. Stroke 42 (7), 1917-1922. doi:10.
1161/STROKEAHA.110.609768.

Maillard, P, Fletcher, E., Lockhart, S.N., Roach, A.E., Reed, B., Mungas, D., Decarli, C.,
Carmichael, O.T., 2014. White matter hyperintensities and their penumbra lie
along a continuum of injury in the aging brain. Stroke 45 (6), 1721-1726. doi: 10.
1161/STROKEAHA.113.004084.

Minguez, B., Rovira, A., Alonso, ]., Cérdoba, J., 2007. Decrease in the volume of white
matter lesions with improvement of hepatic encephalopathy. Am. J. Neuroradiol.
28 (8), 1499-1500. doi:10.3174/ajnr.A0611.

Mirza, M., Osindero, S. 2014. Conditional generative adversarial nets.
arXiv:1411.1784.

Moriya, Y., Kozaki, K., Nagai, K., Toba, K., 2009. Attenuation of brain white matter
hyperintensities after cerebral infarction. Am. J. Neuroradiol. 30 (3), 3174. doi:10.
3174/ajnr.A1340.

Pasi, M., Van Uden, LW, Tuladhar, AM., De Leeuw, FE., Pantoni, L., 2016. White
matter microstructural damage on diffusion tensor imaging in cerebral small
vessel disease: clinical consequences. Stroke 47 (6), 1679-1684. doi:10.1161/
STROKEAHA.115.012065.

Perez, E., Strub, F, De Vries, H., Dumoulin, V., Courville, A., 2018. Film: Visual rea-
soning with a general conditioning layer. In: Thirty-Second AAAI Conference on
Artificial Intelligence.

Petersen, ]., Jager, P.F, Isensee, F, Kohl, S.A., Neuberger, U., Wick, W., Debus, ]., Hei-
land, S., Bendszus, M., Kickingereder, P, et al., 2019. Deep Probabilistic Modeling
of Glioma Growth. In: Shen, D., et al. (Eds.). Lecture Notes in Computer Science,
Medical Image Computing and Computer Assisted Intervention - MICCAI 2019.
MICCAI 2019, vol. 11765. Springer, Cham.

Power C, M., Deal A, ], Sharrett Richey, A. Jack Jr, C.R, Knopman, D., Mosley
H, T, Gottesman F, R., 2015. Smoking and white matter hyperintensity pro-
gression: the ARIC-MRI study.. Neurology 84 (8), 841-848. doi:10.1212/WNL.
0000000000001283.

Prins, N.D., Scheltens, P, 2015. White matter hyperintensities, cognitive impair-
ment and dementia: an update.. Nat. Rev. Neurol. 11 (3), 157-165. doi:10.1038/
nrneurol.2015.10.

Rachmadi, M., Valdés-Herndndez, M., Agan, M., Komura, T., 2017. Deep learning vs.
conventional machine learning: pilot study of wmh segmentation in brain mri
with absence or mild vascular pathology. J. Imaging 3 (4), 66.

Rachmadi, M.E, del C. Valdés-Hernandez, M., Makin, S., Wardlaw, .M., Komura, T,
2019. Predicting the Evolution of White Matter Hyperintensities in Brain MRI
Using Generative Adversarial Networks and Irregularity Map. In: Shen, D., et al.
(Eds.). Lecture Notes in Computer Science, Medical Image Computing and Com-
puter Assisted Intervention - MICCAI 2019. MICCAI 2019, vol. 11766. Springer,
Cham doi:10.1007/978-3-030-32248-9_17.

Rachmadi, M.F, Valdés-Hernandez, M.d.C., Agan, M.L.E, Di Perri, C., Komura, T, Ini-
tiative, A.D.N,, et al., 2018. Segmentation of white matter hyperintensities using
convolutional neural networks with global spatial information in routine clinical
brain mri with none or mild vascular pathology. Comput. Med. Imag. Graphic.
66, 28-43.

Rachmadi, M.F,, Valdés-Herniandez, M.C., Komura, T., 2018. Automatic Irregular Tex-
ture Detection in Brain MRI Without Human Supervision. In: Frangi, A., Schn-
abel, ]., Davatzikos, C., Alberola-Lépez, C., Fichtinger, G. (Eds.). Lecture Notes
in Computer Science, Medical Image Computing and Computer Assisted Inter-
vention - MICCAI 2018. MICCAI 2018, vol. 11072. Springer, Cham doi:10.1007/
978-3-030-00931-1_58.

Rachmadi, M.F,, Valdés-Hernindez, M.d.C., Komura, T., 2018. Transfer learning for
task adaptation of brain lesion assessment and prediction of brain abnormalities
progression/regression using irregularity age map in brain MRL In: International
Workshop on PRedictive Intelligence In MEdicine. Springer, pp. 85-93.


http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0004
https://doi.org/10.5853/jos.2015.17.1.60
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0006
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0006
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0006
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0006
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0006
https://doi.org/10.1007/978-3-319-46723-8_49
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0008
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0008
https://doi.org/10.1161/STROKEAHA.107.513176
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0010
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0011
https://doi.org/10.1007/978-3-030-32245-8_87
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0013
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0013
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0013
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0013
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0014
https://doi.org/10.1161/CIRCULATIONAHA.110.961052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0016
https://doi.org/10.1161/strokeaha.107.498535
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0018
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0019
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0020
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0021
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0022
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0023
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0023
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0023
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0023
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0023
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0024
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0024
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0024
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0024
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0024
https://doi.org/10.1177/0271678X18761438
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0025
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0026
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0027
https://doi.org/10.1177/2396987318820790
https://doi.org/10.1042/cs20160384
https://doi.org/10.1212/WNL.0000000000004490
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0032
https://doi.org/10.18632/oncotarget.17724
https://doi.org/10.1161/STROKEAHA.110.609768
https://doi.org/10.1161/STROKEAHA.113.004084
https://doi.org/10.3174/ajnr.A0611
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0037
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0037
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0037
https://doi.org/10.3174/ajnr.A1340
https://doi.org/10.1161/STROKEAHA.115.012065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0040
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0041
https://doi.org/10.1212/WNL.0000000000001283
https://doi.org/10.1038/nrneurol.2015.10
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0044
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0044
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0044
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0044
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0044
https://doi.org/10.1007/978-3-030-32248-9_17
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0046
https://doi.org/10.1007/978-3-030-00931-1_58
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0048
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0048
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0048
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0048

M.E. Rachmadi, M.d.C. Valdés-Herndndez and S. Makin et al./Medical Image Analysis 63 (2020) 101712 19

Rachmadi, M.F, Valdés-Hernandez, M.d.C,, Li, H., Guerrero, R., Meijboom, R., Wise-
man, S., Waldman, A., Zhang, ]., Rueckert, D., Wardlaw, ]., et al., 2020. Lim-
ited one-time sampling irregularity map (lots-im) for a utomatic unsupervised
assessment of white matter hyperintensities and multiple sclerosis lesions in
structural brain magnetic resonance images. Comput. Med. Imag. Graphic. 79,
101685.

Ramirez, J.,, McNeely, A.A., Berezuk, C., Gao, F, Black, S.E., 2016. Dynamic progres-
sion of white matter hyperintensities in Alzheimer’s disease and normal aging:
results from the sunnybrook dementia study. Front. Aging Neurosci. 8 (MAR),
1-9. doi:10.3389/fnagi.2016.00062.

Rekik, 1., Allassonniére, S., Carpenter, T.K., Wardlaw, J.M., 2012. Medical image analy-
sis methods in mr/ct-imaged acute-subacute ischemic stroke lesion: segmenta-
tion, prediction and insights into dynamic evolution simulation models. a criti-
cal appraisal. Neurolmage: Clinical 1 (1), 164-178.

Rekik, I, Allassonniére, S., Carpenter, T.K., Wardlaw, .M., 2014. Using longitudi-
nal metamorphosis to examine ischemic stroke lesion dynamics on perfu-
sion-weighted images and in relation to final outcome on t2-w images. Neu-
rolmage: Clinical 5, 332-340.

Rekik, 1., Allassonniére, S., Clatz, O., Geremia, E., Stretton, E., Delingette, H., Ay-
ache, N., 2013. Tumor growth parameters estimation and source localization
from a unique time point: application to low-grade gliomas. Comput. Vision Im-
age Understanding 117 (3), 238-249.

Rovira Caiiellas, A., Minguez, B., Aymerich, EX, Jacas, C., Huerga, E., Cérdoba, ],
Alonso, J., 2007. Decreased white matter lesion volume and improved cognitive
function after liver transplantation. Hepatology 46 (5), 1485-1490. doi:10.1002/
hep.21911.

Sachdev, P, Wen, W., Chen, X., Brodaty, H., 2007. Progression of white matter hy-
perintensities in elderly individuals over 3 years. Neurology 68 (3), 214-222.
doi:10.1212/01.wnl.0000251302.55202.73.

Schmidt, H., Zeginigg, M., Wiltgen, M., Freudenberger, P., Petrovic, K., Cava-
lieri, M., Gider, P, Enzinger, C., Fornage, M., Debette, S., Rotter, J.I, Ikram, M.A.,
Launer, LJ., Schmidt, R., 2011. Genetic variants of the NOTCH3 gene in the el-
derly and magnetic resonance imaging correlates of age-related cerebral small
vessel disease. Brain 134 (11), 3384-3397. doi:10.1093/brain/awr252.

Schmidt, R., Enzinger, C., Ropele, S., Schmidt, H., Fazekas, F., 2003. Progression of
cerebral white matter lesions: 6-Year results of the austrian stroke prevention
study. Lancet 361 (9374), 2046-2048. doi:10.1016/S0140-6736(03)13616-1.

Schmidt, R., Fazekas, F., Enzinger, C., Ropele, S., Kapeller, P., Schmidt, H., 2002. Risk
Factors and Progression of Small Vessel Disease-related Cerebral Abnormalities.
In: Ageing and Dementia Current and Future Concepts. Springer, pp. 47-52.

Schmidt, R., Schmidt, H., Kapeller, P, Lechner, A., Fazekas, F., 2002. Evolution of
white matter lesions. Cerebrovascular Diseases 13 (SUPPL. 2), 16-20. doi:10.
1159/000049145.

Schmidt, R, Seiler, S., Loitfelder, M. 2016. Longitudinal change of small-vessel
disease-related brain abnormalities. ]. Cerebral Blood Flow Metabol. 36 (1), 26—
39. doi:10.1038/jcbfm.2015.72.

Spasov, S., Passamonti, L., Duggento, A., Lio, P, Toschi, N., Initiative, A.D.N., et al.,
2019. A parameter-efficient deep learning approach to predict conversion from
mild cognitive impairment to alzheimer’s disease. Neuroimage 189, 276-287.

Valdés Hernandez, M.d.C., Armitage, PA., Thrippleton, M,J., Chappell, F, Sande-
man, E., Mufioz Maniega, S., Shuler, K., Wardlaw, ].M., 2015. Rationale, design
and methodology of the image analysis protocol for studies of patients with
cerebral small vessel disease and mild stroke. Brain Behav. 5 (12), e00415.

Veldink, J.H., Scheltens, P., Jonker, C., Launer, LJ., 1998. Progression of cerebral white
matter hyperintensities on MRI is related to diastolic blood pressure. Neurology
51 (1), 319-320. doi:10.1212/WNL.51.1.319.

Verhaaren, B.FJ., Vernooij M.W., De Boer, R, Hofman, A., Niessen, W,J., Van Der
Lugt, A, lkram, MA, EJ, V.B, W, V.M, Renske, d.B., Albert, H, ], N.W,
Aad, v.d.L, Arfan, L.M., 2013. High blood pressure and cerebral white matter
lesion progression in the general population. Hypertension 61 (6), 1354-1359.
doi:10.1161/HYPERTENSIONAHA.111.00430.

Wardlaw, J.M., Chappell, EM., Herndndez, M.d.C.V., Makin, S.D., Staals, J., Shuler, K.,
Thrippleton, M., Armitage, P.A., Mufioz-Maniega, S., Heye, AK,, et al, 2017.
White matter hyperintensity reduction and outcomes after minor stroke. Neu-
rology 89 (10), 1003-1010.

Wardlaw, J.M., Chappell, EM., Valdés Hernindez, M.D.C., Makin, S.D., Staals, J.,
Shuler, K, Thrippleton, MJ., Armitage, PA., Munz-Maniega, S. Heye, AK,
Sakka, E., Dennis, M.S., 2017. White matter hyperintensity reduction and out-
comes after minor stroke. Neurology 89 (10), 1003-1010. doi:10.1212/WNL.
0000000000004328.

Wardlaw, .M., Smith, E.E., Biessels, GJ., Cordonnier, C., Fazekas, F, Frayne, R,
Lindley, RI, O'Brien, J.T., Barkhof, F,, Benavente, O.R., Black, S.E., Brayne, C.,
Breteler, M., Chabriat, H., Decarli, C., de Leeuw, E.-E., Doubal, E, Duering, M.,
Fox, N.C,, Greenberg, S., Hachinski, V., Kilimann, I., Mok, V., Oostenbrugge, R.v.,
Pantoni, L., Speck, O., Stephan, B.C.M., Teipel, S., Viswanathan, A., Werring, D.,
Chen, C., Smith, C, van Buchem, M., Norrving, B., Gorelick, P.B., Dichgans, M.,
STandards for Reportlng Vascular changes on nEuroimaging (STRIVE v1), 2013.
Neuroimaging standards for research into small vessel disease and its con-
tribution to ageing and neurodegeneration.. Lancet Neurol. 12 (8), 822-838.
doi:10.1016/S1474-4422(13)70124-8.

Yamada, K., Sakai, K., Owada, K., Mineura, K., Nishimura, T., 2010. Cerebral white
matter lesions may be partially reversible in patients with carotid artery steno-
sis. Am. J. Neuroradiol. 31 (7), 1350-1352. doi:10.3174/ajnr.A1873.

Yi, X., Walia, E., Babyn, P., 2019. Generative adversarial network in medical imaging:
areview. Med. Image Anal. 101552.


http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0049
https://doi.org/10.3389/fnagi.2016.00062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0051
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0051
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0051
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0051
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0051
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0052
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0053
https://doi.org/10.1002/hep.21911
https://doi.org/10.1212/01.wnl.0000251302.55202.73
https://doi.org/10.1093/brain/awr252
https://doi.org/10.1016/S0140-6736(03)13616-1
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0058
https://doi.org/10.1159/000049145
https://doi.org/10.1038/jcbfm.2015.72
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0061
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0062
https://doi.org/10.1212/WNL.51.1.319
https://doi.org/10.1161/HYPERTENSIONAHA.111.00430
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0065
https://doi.org/10.1212/WNL.0000000000004328
https://doi.org/10.1016/S1474-4422(13)70124-8
https://doi.org/10.3174/ajnr.A1873
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0069
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0069
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0069
http://refhub.elsevier.com/S1361-8415(20)30076-1/sbref0069

	Automatic spatial estimation of white matter hyperintensities evolution in brain MRI using disease evolution predictor deep neural networks
	1 Introduction
	2 Proposed methods
	2.1 Disease Evolution Map (DEM)
	2.2 Disease Evolution Predictor (DEP) model using deep neural networks
	2.2.1 DEP Generative Adversarial Network (DEP-GAN)
	2.2.2 DEP U-Residual Network (DEP-UResNet)

	2.3 Auxiliary input in DEP model

	3 Data and experiments
	3.1 Subjects and data
	3.2 Experiment setup
	3.3 Evaluation measurements

	4 Results and discussions
	4.1 Ablation study of different GAN architectures for DEP model
	4.1.1 Spatial agreement (DSC) and qualitative (visual) analyses
	4.1.2 Volumetric agreement (bland-Altman) and correlation analyses
	4.1.3 Prediction error analysis and discussion

	4.2 Ablation study of auxiliary input in DEP models
	4.2.1 Volumetric agreement (Bland-Altman) and correlation analyses
	4.2.2 Spatial agreement (DSC) analysis
	4.2.3 Qualitative (visual) analysis
	4.2.4 Clinical plausibility analysis
	4.2.5 Prediction error analysis and discussion

	4.3 Ablation study of the DEP-GAN’s regularisation terms

	5 Conclusion and future work
	CRediT authorship contribution statement
	Acknowledgements
	Appendix A Volumetric agreement and correlation graphs
	Supplementary material
	References


